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FOREWORD

Some knowledge of the background to this study mey perhaps increase
the reader's understanding of the following report. When I was
doing my compulsory military service with the Swedish Air Staff in
1969, I was given the task of constructing a model for evaluating
the capability of the combat units of the Swedish Air Force and of
developing a method for estimating the necessary components of such

a model.

The problem of evaluating a combat unit is one of multiple criteria,
as it 1s not possible to measure the capability of a unit using a
single figure. Several criteria have to be applied. TFor example,

a strike squadron may be described by the status of its pilots and
its materials, using criteria such as the pilots' ability to navigate,
to land, to use bombs or missiles, etc. The need for a model of this
kind arose after the introduction of the Planning, Programming, and
Budgeting System (PPBS) and, at the time, few methods for handling

multi-criteris evaluation problems were available.

The criterion most generally used in selecting a method 1is the
accuracy or precision of the method concerned. But when I was
developing a method to solve this particular problem, I realized

that decision-makers actually consider many other aspects when they
select a method. For instance, they may consider the ease of under-—
standing, the number and complexity of the necessary computations,
the user's confidence in the result, etc. As these aspects have
generally been neglected, I felt that it could be interesting to
examine some multiple-criteria methods, paying particular attention
to attributes of this kind. And this in fact became one of the major

aims of the present study.

The study was suggested by Professor Paulsson Frenckner as a natural
way of following up my earlier thesis for the degree of civilekonom.
I spent a year at the University of California at Berkeley, where

I received valuable advice from Professor Nils Hakansson.

When I returned from the US, Professor Bertil Nédslund became my

advisor. He actively influenced the aims and the design of the



project. His good advice and constructive criticism have been

very valuable and I am extremely grateful for his support.
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like to thank all my colleagues at the research division of the
Economic Research Institute at the Stockholm School of Economics,
for the time they have generously spent reading and discussing

various parts of this study.

I further want to thank Professor Erik Ruist and Mr Leif Collén,
with whom I have had many rewarding discussions about statistical

nethods.

I have had the advantage of discussing this project with members
of the faculty of the European Institute for Advanced Studies in
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CHAPTER 1

INTRODUCTION

In this chapter I will describe the background and motives of the
following study of multiple-criteria models for decision-meking.
The existence of multiple criteria in business firms and non-profit
organizations is noted in Section 1.1. 1In Section 1.2, I explain
why the present study has been restricted to a single type of
decision problem - what are known as ex—post evaluations; in
Section 1.3, I investigate some of the arguments for and against
the use of models in solving this kind of problem. Finally, in

Section 1.4, I will describe the plan of the report.

1.1 MULTIPLICITY OF CRITERIA

Discussion about the number of goals or criteria that are or should
be considered by managers has been going on for a long time. The
debate was at its most intense during the 1950's and at the be-
ginning of the 1960's, although much was also said both before and
after this period. The discussion has embraced business firms as
well as non-profit organizations and agenciesi it has concerned all
levels of organizations and all types of problems; it has evolved
from descriptive and normative theories, or from empirical studies.
In a study such as this it is not possible — nor is it my purpose —
‘to review the vast literature on this subject. My aim is briefly
to review some works in order to indicate the general nature of the
multiple~criteria problem. The reader is referred to works such as
White (1960), McGuire (196L4), and Johnsen (1968) for a more complete

survey of the discussion.

Neoclassical economic theory assumed that the business firm has

only one goal, profit, and that the firm tries to maximize this
goal. This assumption about the goal of the firm has been opposed
by many writers on various counts. From the theoretical point of
view the assumption has been attacked as not providing an accurate
description of managers' behavior, and as providing a poor base for

normative theories.

2—Avhandling Bertil Tell



One of the most noted alternatives was put forward by Baumol (1959),
and this consisted of a minor extension of the goal of the neo-—
classical theory. Instead of assuming that business firms maximize
their profit, Baumol assumed that they maximize sales subject to a
profit constraint. He supported this assumption by his observations
of managers who preferred talking about changes in sales or market
share to discussing their firm's profits. Another reason for
managers wishing to maximize sales rather than the profit could

be that attributes such as salary, status, prestige, etc., were

associated with sales rather than profit.

Other writers, for example McKean (1958), and Hitch and McKean
(1961), have accepted the traditional goal of economic theory.

They argue, however, that we are unable to express the outcomes

of an action in terms of this ultimate goal, whether it be the
satisfaction of an individual, the profits of a firm or the military
worth of the military establishment. Instead we have to insert

" proximate criteria" to capture the attributes of the actions. Frenck-
ner (1953) has suggested a number of such criteria and Wilhelm (1975)
has argued that their use follows from the fact that managers have
incomplete information about their own actions. Field (1969)
motivates the criteria by applying systems theory, and Miller and
Starr (1960 and 1967) by referring to psychological theories about

individual decision-making.

Modern portfolio theory provides another example of the explicit
consideration of several criteria. In the theories of Markowitz
(1952) and Sharpe (1964) it is assumed that investors look not only
at the expected profit of the shares and bonds that might be bought,
but also at their risks. This assumption has influenced modern
investment theory which explicitly uses these two attributes to
characterize potential investment alternatives (Hillier, 1963; Hertz,

196L4).

The behavioral school represented by Simon (1957), March and Simon
(1958), Cyert and March (1963) and others, has tried to describe how
decisions are made. Among other things they state that only indivi-

duals can have goals; organizations cannot. Thus, the goals of the



organization will be the goals of its participants, and these
goals are shaped in the course of a bargaining process which
involves side payments in many forms. This means that there

will be several goals, that the goals will change as new members
enter the organization or as old members leave it, and that the
number and the importance of the goals will change as the problems
of the orgenization change. Starr (1974) discusses how more and
more participants have gained "power" in organizations, and have
thus come to influence its goals. He mentions this as a reason

for managers to extend their list of objectives.

Turning to the empirical evidence we find that several empirical
studies show managers taking a number of criteria into consider-
ation when they make their decisions. Ahlberg (1972) studied
decision-making in four large Swedish companies and found that

they all considered more goals than profit alone.

Other examples can be found. Johnsen (1968), for instance, inter-
viewed the founders and managers of 21 Danish firms and discovered
that most of them quoted more than one goal for their firms' activ-
ities. Blau (1956) reported that several criteria were used to
measure the efficiency of employment offices; Keeney (1973) used
six criteria for describing the alternatives considered by the
Mexican government when selecting a new airport for Mexico City;
and Wallenius (1975) used four criteria to help a Belgian company

select an optimal production plan.

Another empirical confirmation of the existence of several goals

in business firms is given by Druckner (195L4). Druckner, who had
several years experience of managing business firms, lists eight
areas where the firm has to maintain objectives. These are: market
standing, innovation, productivity, physical and financial re-
sources, profitability, manager performance and development, worker
performance and attitude, public responsibility. He argues that
one reason for not following a single objective is that to do so

would make the company bankrupt.

The fact that several criteria are used to evaluate business firms



in socialist economies is quite natural, as profit is not accepted
as a measure of effectiveness. Granick (1954) gives a long list
of criteria that have been used in interfirm competitions in the
Soviet Union. Examples are: production of finished goods in the
planned assortment, planned mastery of new types of products, ful-
filment of labor productivity tasks, lowering of the unit cost,
and the increase in the number of worker suggestions for improve-

ments in work methods and conditions.

In future it will become more important for business firms in the
Western economies to pay explicit attention to criteria such as
these. Many of them are already used in the evaluation of public
agencies (see Caro, 1971, for a summary). With the expansion of
the public sector in areas such as social security, health and wel-
fare, employment security, etc. we will come to accept a wider

use of multiple-performance measures to control the efficiency of

public spending.

Finally, a few words should be said about one type of goal that

will not be discussed in this study, namely the managers' personal
goals. Empirical studies of managers' behavior have revealed that
these people often pay attention to several personal goals as well as
or instead of the official goals of the firm. See, for instance,
Baumol (1959) and Dean (1956). Williamson (196L4) showed that
managers investigated the effect that certain proposed alternatives

would have on theilr personal goals such as status, prestige, in-

fluence, etc.

We conclude from this brief review of empirical studies of managers'
behavior  that managers do use several criteria to evaluate pro-
posed alternatives or to evaluate the efficlency of an action, a
firm, or an agency. Many theoretical works - descriptive and norm—

ative - have also accepted that firms or managers have several goals.

1.2 DECISION-MAKING

In the previous section we looked at the goals of the organization
and found that many theoretical works assume the manager to have
several goals and that this assumption has been verified in empiric-

al research. We will now look at the influence of several goals on



the decision-meaking process.

We assume in this study that the decision—maker already has a set
of measurable criteria and that his problem is only to rank the

set of alternatives characterized by these pre-determined criteria.
Ideas about how to select criteria can be found in, for example,
Miller (1966) and Raiffa (1969). Soelberg (1967) and Hill (197L),
.among others, point out, however, that the decision-maker is often

unable to specify his criteria a priori.

This study has been restricted to individual decision-making. Group
decision-making involves many factors that, at our present level of
knowledge, are very difficult to study, e.g. the effects of power,
threats, bluffs, and double-crosses (Rapoport, 1960). Nor can
studies of group decision-making get round the problems of inter-
personal utility comparisons. The reader who is interested in
differences between individual and group decision-making is re-—

ferred, for instance, to Marquis (1968) and Rose (197k).

Decision-making consists of the clarifying of goals, the generation
of alternatives, the search for information, the evaluation of
alternatives, the selection of the optimal alternative, implement-—
ation, and control (MacCrimmon, 1968; Green and Wind, 1973). These
elements are not clear-cut processes performed in sequence. In-
stead some processes may be skipped, some may coincide, some are
repeated, etc. Information is fed backwards and forwards, making
interactions between the processes a natural part of any decision-

making activity (MacCrimmon, 1974).

My aim here is to help the decision-maker to evaluate items or
alternetives that are characterized by several criteria. These
evaluations are made on at least two occasions during the decision-
making process. The first evaluation is made prior to the selection
of the best alternative or alternatives. Much has been written about
these multiple—criteria evaluations. See for instance MacCrimmon
(1973). The evaluations made during the implementation and control
stages have not aroused much attention, however, except in budgetary
literature. MacCrimmon (1968, p.2) writes that "although the pro-

cess of decision-making centers around the element of choice, it



should include all the activities leading up to the final choice,

plus a post—choice stage of .implementation and control."

Because of the lack of work on ex—-post evaluations, I decided

to restrict my study to this kind of problem. These evaluations

are characterized, in comparison with pre-choice evaluations, by

certainty in the outcomes and a smaller number of alternatives to

be evaluated. These characteristics will be discussed later on.

1.2.1 Ex-post evaluations

The use of ex-post evaluations changes as the implementation of an
alternative proceeds. Before the completion of the selected alter-
native the manager is interested in evaluating the alternative be-
ing implemented, to see that production follows the plan or that

it is corrected in the light of new information (Heiser, 1959;
Diggory, 1963). These evaluations are generally conducted at the
end of every month, every quarter or at some other interval used

in the budgets or production plans.

When the alternative has been completed there is generally a final
evaluation. This follow-up evaluation or post-completion audit

has four main purposes according to Pflomm (1963, p. 80),

"l. To verify the resulting savings or profit
2. To reveal reasons for project failure
3. To check on soundness of various managers' proposals

L, To aid in assessing future capital expenditure proposals.”

If only one criterion is used in the follow-up evaluation, it is
quite simple to compare the outcome with the original plan or budget
to see whether or not this has been fulfilled. But if multiple
criteria are being applied, then these ex-post evaluations become
even more important, since without them it will be impossible to
Judge whether the different outcomes represent a better (or worse)

result than expected in the plan or the budget (Ridgeway, 1956).

Post-choice evaluations not only enable the manager to control the

implementation of the selected alternative by changing the production



or the production plan; they also provide him with information to
restart the decision-making process. If the implementation leads

to unfavorable results, he may want to restudy some rejected
alternatives or to generate some new alternatives. This is the
feed-back role of the control process. The ex-post evaluation

will also generate feed-forward information that will make the
generation, evaluation, and selection of alternatives more effective

in future.

Thus. even if - unlike pre—choice evaluations - the purpose of the
ex-post evaluations is not primarily decision-meking, these evaluations
will affect future decision-meking either by generating new alteratives

and/or by changing one or several of the processes that are involved in

the decision-making activity.

1.2.2 Differences between pre—choice and ex-post evaluations

There are some important differences between the evaluation made
before the choice of the best alternative or alternatives and the
evaluation made during the implementation and control stages. We
will discuss only two differences here - the uncertainty in the

outcomes and the number of alternatives to be evaluated.

At the time of the pre—choice evaluation there is uncertainty in

the outcomes on most of the criteria used to characterize the
alternatives. A model for use in this evaluation will have to con-
sider this uncertainty explicitly. Hardly any field studies

have been reported in which the models used formally consider both
the multiplicity of the criteria and the uncertainty of the outcomes.
Instead the uncertainty is introduced independently into the solu-
tion to a multiple-criteria problem solved under assumed certainty

(cf. Huber, 197L4).

As time passes and the selected alternative is implemented the un-—
certainty is reduced. Depending on the way the problem is formulated,
there comes a time when no uncertainty remains in the outcomes of

the implemented alternative, except for measurement errors. We will

limit ourselves here to this evaluation problem.



An example may help to clarify this point. A company has approved
an investment plan specifying not only what buildings are to be
erected and what machinery bought over a three-year period, but
also how far these activities should have progressed by the end
of each year. The evaluation made at the end of the first year

is without uncertainty, as the company can determine exactly how
far construction has progressed and what machines have been bought.
This is the kind of multiple—criteria evaluation we will be in-—
vestigating in the present study. Had the company instead been
interested in the possibility of fulfilling the three-year plan,
there would have been an evaluation problem with uncertainty. But

we will not discuss this here.

All pre-choice activities are concerned with finding the optimal
alternative from a feasible set. This set may be finite or in-
finite. Examples of problems with finite sets are an airline's
selection of a new aircraft for intercontinental routes (there are
about ten possible aircraft to choose from), or a company's choice
of a new computer or new type-writers. The infinite problem is
more a problem of design than of choice (MacCrimmon, 197L4). It
may involve finding an optimal product mix or an optimal mix of

financial alternatives.

Ex-post evaluations are always finite. Each alternative implemented
has to be evaluated and compared with other implemented alternatives,
or with some standard or budgetary value. To help the decision-maker
perform these evaluations we must form a model of his preferences,
such that an idex will be associated with every evaluated alternative.
The utility function is such a model. It is an assumed preference
ordering of all possible combinations of the criteria that are con-
sidered by the decision-maker and 1t is assumed to be an adequate
basis for describing any decision-maker's value-structure. We can
never know with any certainty the exact process used by the decision-
maker and thus we cannot know the correct form of the utility function.
All we can do 1s to compare alternative models to determine which one
predicts the decision-maker's evaluations best, i.e. which has the

highest precision.



1.3 ADVANTAGES AND DISADVANTAGES OF EVALUATION MODELS

Ex-post evaluations of actions characterized by many criteria can
be made by a human evaluator or by a machine. In the latter case
we will have to build a model of the evaluator's preferences, but
in many situations it may be advantageous to develop a model even
though the evaluations are performed by a human being. We will

now investigate some of the advantages and disadvantages of using

such a model.

The first aspect to investigate is the gquality of the evaluations:
will their accuracy be greater if a model is used rather than a

human evaluator?

Miller (1956) analyzed a serie of experiments and found that they
indicated severe limitations on man's ability to handle several
conceptual units at a time. Other experiments have shown that an
increase in the number of criteria to be considered simultaneously
generally results in a marked rise in the number of errors (Archer,
Bourne, and Brown, 1955) and of decision time (Hayes, 1962). Several
other experiments reveal that subjects exposed to objects character-
ized by several criteria tend to rely too heavily on a few of them
only (Meehl, 1954) or that they collapse the criteria into one

"good versus bad" criterion (Osgood, Suci, and Tannenbaum, 1957;

and DeSoto, 1961). Other studies indicate that people pay attention
to different subsets of criteria on different occasions (Shepard,
1964). There even seems to be a tendency among subjects to be aware
of the way they limit the information they receive (Hoffman, 1960).
Further examples of man's difficulty in handling multiple criteria
are given by Yntema and Torgerson (1961), Shepard (1964), Einhorn (1972),
Dawes and Corrigan (19TL4), Nystedt (1975) and others.

It seems evident that man finds great difficulty in handling
multiple—criteria data. The problem shows similarities with
Ackoff's critique of Management Information Systems (MIS),
which he accuses of producing too much data and thus of making
it diffiecult for the manager to find the relevant information

(Ackoff, 1967).

Meehl (1954) and Sawyer (1966) have examined a great many attempts
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to model decision—makers' preferences. They found an apparent
superiority for mechanical models over the decision-makers' evalu-
ations. in most of these comparisons man and model have received
the same information. As it has to be quantitative, we can only
conclude that models have been shown to be superior to man when

the data is codable (Dawes and Corrigan, 197h).

The psychological experiments discussed here indicate that man's
ability to handle multiple-criteria information is limited. Hence
the introduction of evaluation models should improve the quality

of the evaluations.

An evaluation model is seldom intended to be a substitute for
humans (Keeney and Raiffa, 1972). Rather, the models should help
us to make better and faster evaluations (Yntema and Torgerson,
1961; Einhorn, 1972). However, there are many ways in which models

can be a complement to man. One is to let the manager evaluate the o

Ject first, and then to let the model do the same. If they come up
with different values for an object, the reasons for the difference
should be analyzed. If they agree, then the manager's result has
been confirmed. WNéslund (1975) used this approach when applying
formal evaluation methods to a strategic planning problem. The
same approach has been used by the Swedish Air Force, as will be

illustrated later.

Apart from accuracy, another important aspect to examine is the cost.
Before we can turn over the evaluations to a machine, we will have
to construct a model of the evaluator's preferences. The construe-
tion costs will depend on the complexity of the chosen model and

the effectiveness of the estimation method used for determining the

parameters and functions of the model.

When we come to use the model we will face another cost — the cost
per evaluation. It will generally be much lower for the model than
for the evaluator (Yntema and Torgerson, 1961). This implies that
if the model is used for one evaluation only, €.g&. the evaluation

of sites for a new airport, it will be more important to consider
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the construction costs than to estimate the costs of using the
model. In such situations the cost-advantage of a model will not
be so greét. If, on the other hand, many evaluations are to be
made - many objects on one occasion or a few objects on repeated
occasions — it will be much more important to consider the cost-
advantages of the model. The introduction of an evaluation model
will*reduce costs, as it will then be possible for the evaluations
to bé made by less experienced personnel or by a machine, and the

manager will be free to perform other more important tasks.

The use of a model over a long time period mzkes it important to
investigate another cost—element besides the two discussed above,
namely the cost of maintenance. Here we include the costs for
adding new and dropping old criteria, re—estimating parameters and
functions due to changes in the preferences of the evaluator, etc.
The cost of maintenance will reduce the advantage of using models,

particularly for problems in turbulent environments.

One of the main reasons for using models is, of course, the in—
crease in speed that they allow. This is obvious, if we have many
objects to be evaluated on a single occasion. If the objects are
to be evaluated on repeated occasions, the use of a model will not
only increase the speed; it will also become possible to include

an evaluation model in a computerized system, e.g. a Management
Information System (MIS), or a budgetary system. The more frequent
use of computers and electronic calculators at all levels in
organizations makes time-saving even easier to achieve (cf. ¥Yntema

and Torgerson, 1961).

It is often a great advantage just to carry out the structuring of

the problem that is necessary for the construction of a model. This
work will not only clarify the problem for the evaluator, but will
also help him to understand better which criteria are important to
the evaluation and how important they are. This benefit from the
use of an evaluation model is discussed by Miller (1970), Keeney

and Raiffa (1972), and Keeney (1975) and has been experienced by

the present author during the construction of multiple-criteria
evaluation models for the Swedish Air Force. The officers taking

part in the modeling reported that the work had made them consider
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aspects they had previously ignored, or had made them change the

values they assigned to some of the criteria.

Similar effects have been noted elsewhere (e.g. Robichek and Myers,
1965). Ackoff, for example, goes so far as to say that "the
principal value of planning does not lie in the plans that it
produces but in the process of producing them" (Ackoff, 1970, p. 15).
Eilon (1972) criticizes Ackoff's view of planning and says that
there are other perhaps even more effective ways in which managers
can acquire the knowledge that comes to them in the process of pro-
ducing plans. But the conclusion is clear. The construction of a

multiple-criteria model produces positive "spill-over" effects

through the learning of the participants. These effects should not

be neglected, particularly as there are often more people taking

part in the modeling than there are people making the evaluations.

Hoffman (1968) and Keeney (1975) indicate that other learning effects

may be generated by an evaluation model. They mention the value of
making the criteria and weights explicitly known. The less ex-—
perienced members of the organization may then learn from the

model which criteria are important and how important they are. This
may be valuable to them in other similar situations, where the model
is perhaps not available or applicable. But Ridgeway (1956) is
afraid that the behavioral and motivational consequence of multiple-
criteria evaluation models are not properly understood, and he has

called for more research in this field.

Another type of effect produced by an explicit model is the ability
to bring its assumptions and preferences into an open discussion.

In Sweden the Swedish Motor Vehicle Inspection Authority (SMVIA),

which makes a yearly inspection of all cars that are more than two
years old, and the Police, who makes random inspections of cars on
the roads, use two different models (Vi Bildgare, 1975). This
means that a car that has passed the SMVIA inspection may not pass
an inspection made by the Police. But as two explicit models exist,
it should be easy for these agencies to come together and agree on

a new model.
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The use of a multiple-criteria model will make the preferences of

the evaluator explicitly known, and this will make it possible to
delegate the evaluating job to lower levels in the organization,

to less experienced people, or even to a machine. This will not

only reduce costs, as we discussed above, but will also increase

the possibility of decentralizing the decision-meking in the
organization. The advantages and disadvantages of a decentralized
organization have been widely discussed in organizational literature,

but certain aspects will be mentioned here.

The multiple—-criteria model reveals to the divisions the pre-
ferences of the headquarters.l) Several studies have shown that
different levels or groups in an organization often have different
preferences (Grayson, 1960; Swalm, 1966; Hammond, 1967). The intro-
duction of an evaluation model will help the divisions to evaluate

objects or actions in greater conformity with headquarters by
removing the divisions' subjective judgement (Turban and Metersky,

1971). Thus the model will motivate the divisions to achieve a better
performance by making it possible for them to decide which criteria

to improve (Ridgeway, 1956).

The delegation of authority to the divisions will reduce the amount

of information that has to be transmitted between the divisions and
the headquerters. The divisions can make the evaluations and de-
cisions and control the implementation of the selected action. Only
extreme values have to be sent to the headquarters. This is part

of the idea of Management by Exception. This approach has been
used in the Swedish Air Force, where the squadron leaders report
between five and nine utility indices to the Air Staff. The Air
Staff asks for more information, i.e. the input data to the models,
only if extremely poor or extremely good utility indices are re-
ported. This is in line with Ackoff's notion of the limited value

of too much information.

Unfortunately we lose a lot of the detailed information and know—

ledge that exists in the divisions as a result of using this model.

1) Here we talk about "headquarters" and "divisions", but the
two terms represent all superior-subordinate relationships.
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However, it is very easy to arrange for some feed-back of this
knowledge. In the Swedish Air Force, where the combat units are
evaluated by a multiple-criteria model, the following procedure
haes been implemented to preclude any loss of information. The
squadron leaders, who make the evaluation of their squadrous,
are ordered to send to the Air Staff not only the result of the
_evaluation made by the model but also their subjective evaluations.
Any big difference between the two evaluations will be analyzed
by the Alr Staff as it might indicate that the model should be
revised. Further indications of necessary changes in the model
are obtained by the suggestions that the squadron leaders are

supposed to report on these occasions.

A multiple-criteria model can also be used for budgeting or planning

simulations. The decision-maker determines the outcome of the
criteria for alternative resource allocations. The evaluation
model is then used to determine a utility index associated with

each alternative.

On the occasion of a sudden one—year cut in the resources allocated

to the Swedish Air Force, the Air Staff used their multiple-criteria
models to determine the best allocation of the money. The alter-
natives were two, Either a reduction should be made in the alloca-
tion to the strike squadrons only; or it should apply to all sguadrons.
It was easy to determine how these reductions would affect the pilots'
ability to use their aircraft. These values were then inserted into
the evaluation models to give the utility indices of the squadrons,

and thus the utility values of the two budget alternatives.

We have discussed various aspects of the problem of whether man or
model should perform the evaluations. In many situations a number
of these effects - and even combination effects - will appear.
The examples from the Swedish Air Force show that a great many
different advantages often follow the introduction of a multiple-

criteria model.
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1.4 PLAN OF THE BOOK

After this short introduction to multiple-criteria decision-making,
I will review in Chapter 2 some of the models that have been
suggested for solving multiple-criteria evaluation problems and
some of the methods that have been used for estimating the para-
meters and functions necessary to these models. We will see that
more information is needed about several of these methods and
models, particularly about aspects other than accuracy, and we will

make it our aim to investigate them.

In Chapter 3 the estimation methods to be examined are selected and
presented in greater detail. Chapter U4 is devoted to the real-

life problem on which these methods will be tested, and in Chapters

5 to 8 I present the results. In Chapter 5 I analyze the consistency
of the participants' evaluations, and in Chapters 6 and 7 the pre-
cision of the models, using one direct and one indirect technique.

T discuss some other aspects of the models in Chapter 8, for example
ease of use, the decision-maker's confidence in the results, and

time requirements.

The effect of errors in the weights and utility functions on the
selection of a utility model is studied in Chapter 9. In the last

chapter I summarize the study and discuss future research.
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CHAPTER 2

In Section 1.1 we saw that multiple-criteria problems have been re-—
cognized for quite some time. But although interest in formal
methods for handling these problems is relatively recent, there is
already an extensive amount of literature on the subject. Reviews
focusing on different aspects have been made by e.g. Johnsen (1968),
MacCrimmon (1968 and 1973), Roy (1971), Slovic and Lichtenstein
(1971), Baston (1973), Green and Wind (1973), and Wallenius (1975).

In this study we will concentrate on multiple-criteria methods suit-
able to our evaluation problem, i.e. explicit models of the decision-~
maker's preferences and techniques for estimating the parameters,
functions etc. used in these models. We will first look at some
models that have been used in other studies (Section 2.1) and then
turn to some suggested estimation methods (Section 2.2). At the

end of the chapter I will present the purpose of the present study
(Section 2.3).

2.1 MULTIPLE-CRITERTA EVALUATION MODELS

2.1.1 A presentation of some models

Many types of multiple-criteria evaluation models have been pre-
sented in management literature. It i1s natural to distinguish
between models that simply group the evaluated objects, and models
that associate a utility index with every evaluated object. As this
second group of models is the most common we will review it in more

detail. However, we can start by looking at some classifying models.

In one sense the classifying models are the simplest models.
MacCrimmon (1973) discussed the use of such models for decision-
making. For ex-post evaluations only the conjunctive and dis-

Junctive models will be useful.

The classifying models require the evaluator to set one standard for
every criterion. The multiple-criteria object is then compared, criterion

by criterion, with the specified standards. The conjunctive model

3—Avhandling Bertili Tell
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classifies the object as acceptable only if it is above standard

according to all criteria, otherwise it is unacceptable. The

conjunctive model represents Simon's notion of "satisficing"
(Simon, 1957). Mathematically we can write it
= i . > X, d
U(xl,xz,x3, xn) 1 if X > % for all i,

1 = 1,233,00.50 (2-1)

0 otherwise
where U is the utility associated with an object characterized by
the criterion-values xl,xe,XB,...,x . The symbol ii is used for

n
the standard value of the i-th criterion.

The disjunctive model is mathematically isomorphic with the con-

junctive (Coombs, 1964). It labels an object as acceptable if
only one of the criteria exceeds the standard. The mathematical

form of the model is

U(xl,x 2X_se.0,%x ) =1 if x. > x, for at least one i,
n i i

2°73
i=1,2,3,...,n (2-2)
0 otherwise
These methods are very easy to use. The only problem is to determine

the standards Ei.

The conjunctive model is used in many different contexts. The
Swedish Air Force uses the model to classify strike sgquadrons into
A and B squadrons and the Swedish Motor Vehicle Inspection Authority

uses a conjunctive model to classify cars at the annual inspections.

The models which we will look at next will associate a utility in-

dex with every object that is evaluated.

Probably the most common model is the linear model
n
X )= I a.x. (2-3)

X yeen
2’732 n . 171

U(x. ,x
1 1=1

where xi is a measure of the extent to which the evaluated object
possesses the i-th criterion, and a; is a parameter expressing the

relative importance of this criterion.
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To give some examples of the use of the linear model we can mention
Nadler, Huber, and Sahney (1967), who evaluated the quality of the
patient care provided in various medical wards, Dawes (1971), who
predicted the success of the candidates in a Ph.D. program, and
Terry (1963), who suggested using the linear model for the selec-—
tion of new products. Moore and Baker (1969), and Souder (1972)

used it for the selection of R&D projects.

The linear model (2-3) has been criticized on various grounds.
MacCrimmon {1968) points out the many risks of a misunderstanding
of the implications of the compensations implied by this model.
Hoffman (1968) criticizes the model because it does not provide a
good description of the evaluator's Jjudgemental process, and he
suggests some methods for anelyzing the data to discover nonlinear,
configural components. Green (1968) claims that the linearity is
a function of the analysis rather than an inherent property of the
data, while Dawes and Corrigan (1973) declare that the descriptive
success of the additive model is largely an accidental property of

the model.

Hoffman (1968) believes that additive models or additive models with
interaction terms will be more useful than the linear model, as they
represent configural components of the data better. The additive
model is written

U(Xl’x2’x3""xn = ;s (%

and the additive model with interaction terms

n n n
U(xl,xz,...,xn) = .El aiui(xi) + iEl jii aijui(xi)uj(xj) +
- N (2-5)
Foaee. + a123..‘nul(xl)u2(x2) e un(xn)

The us is some algebraic function of X that is generally inter-
preted as the unidimensional utility function of the criterion 1i.
These models have been used by Keeney to solve many problems in-
cluding & blood-bank inventory control problem (1972) and the

location of the new airport for Mexico City (Keeney, 1973, and
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de Neufville and Keeney, 1972), and to operationalize the goals of
a firm (1975). The additive model has also been used by Miller
(1970). Kort (1968) applied the additive model with interaction
terms to a Juridical problem, but found very few significant inter-
action terms. In these problems continous ui—functions have been
used. Step-wise linear utility functions have been used by the

present author in evaluation models for the Swedish Air Force.

Many other models have been suggested as providing a better re-—
flection of the cognitive process of the decision-maker. Einhorn
(1970) took the conjunctive and the disjunctive models of Coombs
and Kao (1955) and translated them into a continuous mathematical

form.

The conjunctive model is often referred to as the minimum model,
since the object must show a certain minimum level on all criteria.
The value of an object is thus mainly determined by the criterion
with the lowest score, and no compensation is possible as it is in

the additive model.

Coombs and Kao (1955) take an example from Bennett to illustrate a
use of the model. A student is taking a history test in French.

He must know enough French to understand the questions. But he also
has to know some history, because even great ability in French will
not help him to answer the history questions. If, on the other hand,
the student has considerable knowledge of history, this will not
help him to understand the questions if he does not know enough
French. To know some French and some history is better than having

specialized knowledge in one of the subjects.

The continuous conjunctive model is written

n
U(xl,xz,...,xn) = 1 wi(x.)"’ (2-6)

Moore and Baker (1969) have tried out this conjunctive or multi-
plicative model on the selection of R&D projects. They compared
this model with a linear model (2-3) and with some other models.

Goldberg (1971) tested the multiplicative model together with several
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other models on representing the judgemental process made by
clinical psychologists, and Einhorn (1971) tested this model on
two problems. Mertz and Doherty (197L) have used the conjunctive
model to predict college success. In all these studies the u. -
functions have been assumed to be linear. Huber (1968), however,
useq some nonlinear functions in studying the cost-effectiveness

of a transportation system for moving military cargo.
The minimum model

U(x X ) = m?n ui(xi) (2-7)

3X 3K se e s
1°72°73 n :

can be considered a special case of the conjunctive model. It

has been used by the present author in subsystems of models

evaluating the capability of combat units.

Using a minimum model in subsystems of a greater model is a similar
although more general way of handling the multiple-criteria problem,
compared with maximizing the utility of one criterion subject to

constraints on the other criteria.

Einhorn (1970) has called the disjunctive model a maximum evaluation

model, since an object is evaluated on its best criterion more or

less regardless of the values of the other criteria. The standard

.example of this model is the selection of football players for a
team whose coach wants someone who can kick or run or pass with con-

siderable skill.
Einhorn formulates this model as
n
1 1
U(xl,XE,...,x )= 1T (———) (2-8)
Wwhere Ci > max (xi). This model has been tested in some com~

parative studies by Einhorn (1971), Goldberg (1971), and Mertz
and Doherty (197L4).

The conjunctive and disjunctive models pay great attention to the
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criterion with the lowest or the highest value respectively.
Thus these models assign a higher utility index to an object
with small differences in its criteria than to an object with

large differences. Distance models belong to a similar class.

They use the deviation from an ideal value instead of the
criterion value. These models also favor objects with small
differences between the deviations over obJects with large

differences.

In the process of selecting an advertizing agency for a company,
Faston (1965 and 1966) used six criteria to describe the agencies.

He then used a multiple-criteria model as

5o 2!
U(xl,x2,x3,...,xn) =\J/'Z ai(ci - xi) (2-9)

to evaluate the firms. In this example the ideal point, c;» was

equal to the maximum value of each criterion, that is 1.

These are the most common models, but two more models will be pre-

sented here, namely the exponential model

n a.x.
Uy 5%y %5000k ) = Ie T (2-10)
1=1
and the logarithmic model
n
U(xl,x2,x3,...,xn) = izl a; log X, (2-11)

Goldberg (1971) has tested these two together with some other models,
and Thurstone (1931), motivated by some psychological postulates,
used the logarithmic model in an attempt to map indifference curves

between bundles of commodities.

2.1.2 Comparative studies

During the last few years some comparative studies of multiple-—
criteria methods have been made. They have all used regression

analysis to estimate the models, and in all cases the ui—functions
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have been linear.

The linear model (2-3) has proved an excellent model in many

situations. Even when there have been interactions or nonlinear
relationships the model has produced very accurate evaluations.l)
This implies that the interactions account for a very small part
of the total variance, and that most of the variance may be ex-—

plained by the main effects (Yntema and Torgerson, 1961).

Ashton (1974), using six dichotomized criteria to describe the
strength of internal payroll control, found that the percentage
of the variance explained by the six main effects was 80.2 % on
an average, while the 15 two-factor interaction terms accounted
on an average for only 6.4 % of the variance. Ashton found that,
on an average, the least important main effect explained six times
as much variance as the most important interaction term. Other
studies have come to similar conclusions regarding the relative
importance of the main effect and the interaction terms. Thus,
for example, Hoffman, Slovic, and Rorer (1968) report that about
90 % of the variance is attributable to the main effects, and in
studies by Slovic (1969) and Slovic, Fleissner, and Bauman (1972)

even smaller interaction effects than Ashton's have been reported.

Einhorn (1971) tested the disjunctive, the conjunctive, and the
linear models (2-8, 2-6, and 2-3) on two different problems, one
concerning job preference and the other concerning the selection

among applicants to a graduate school of psychology.

Einhorn did not choose his data at random; he chose it to show
differences between the tested models if such differences existed.
In the job preference study he found that the conjunctive model

was superior to the linear model for a majority of the judges, while

the disjunctive model had very low predictive power.

1) The precision of a model is generally defined as the conformity
with either the subjects' evaluations or real data. Precisi
of models will be discussed further in Section 3.7.1.
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In the graduate selection study the disjunctive model represented
the data much more satisfactorily. But many Judges were still
represented better by a non-linear model than by a linear model,
although the difference was not as striking as in the job—preference

study.

Einhorn also varied the number of criteria in an attempt to study

the effect of model-selection as a function of the number of criteria.
He found that the precision of all models decreased, but not that the
preferences for any models changed significantly. But as he

did not carry out any test—retest studies, the reduction in precision
could equally well be due to a lower degree of precision on the part

of the judges.

Goldberg (1971) compared five models, namely the linear (2-3), the
conjunctive (2-6), the disjunctive (2-8), the exponential (2-10),
and the logarithmic (2-11). He found that for 25 out of 29 judges
evaluating 861 MMPI-profiles, the linear model was the best.l)
For the other four judges the logarithmic model proved slightly

better. The other three models performed inadequately. Nystedt

and Magnusson (1975) tested some linear models, the conjunctive

model, and the disjunctive model on three different problems and

found the linear models outperforming the other models very distinctly.

Schwartz, Vertinsky, Ziemba, and Bernstein (1975) also found the

linear model outperforming the conjunctive and the disjunctive models.

Mertz and Doherty (1974) were interested in studying what effect
variations in the correlation between the criteria had on the precision
of some models. They used two criteria only, and their subjects

were nine experienced high-school guidance counsellors. Among the
models tested were the linear model, the linear model with inter-—
action terms, the conjunctive model, and the disjunctive model. They
found that although the linear model explained a major part of the
variance for all subjects within all conditions, seven of the nine
subjects were markedly nonlinear when the criteria were highly
correlated. But neither the conjunctive nor the disjunctive models

provided a good fit with the data. Mertz and Doherty also found that

1) MMPT = Minnesota Multiphasic Personality Inventory,
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although the coefficient of the interaction term was high, the
term had hardly any effect on the variance. For example, for
one subject the interaction model accounted for less variance
than the linear model, although the subject had a relatively

hyperbolic response pattern.

The conclusion of the experiments seems to be that the linear
model will generally fit the data very well, even if the data
shows interactions or nonlinear relationships. The conjunctive
and the disjunctive models appear to be inferior to the linear
model, but this superiority seems to be less when the criteria

are highly correlated.

The additive model and the additive model with interaction terms
have not been tested in any comparative study, but from a theoretical

standpoint they seem promising.

2.2 ESTIMATION METHODS

There are a great many different estimation techniques. Huber
(1974 ) makes a distinction between multiple—criteria models that

are estimated with the help of direct estimation technigues and

those for which indirect technigues are used. A similar distinction

is made by MacCrimmon (1973). Other approaches that may be used

are interactive programming methods, multidimensional scaling,

various mapping techniques, etc.

An indirect method derives the decision-maker's preferences from
his past choices or, if no such data is available, from evaluated
objects. When a direct method is being used, the decision-maker is

asked to express his preferences for the criteria.

Combinations of the-two approaches are possible, e.g. a direct
technique can be used to establish the unidimensional utility func-
tions and an indirect to find the weights, or vice versa. Not being
able to study all methods we decided to examine the two contrasting
estimation methods - direct and indirect — and thus leave these
hybrid methods for others to investigate. (For an example of a
hybrid model see Huber, Daneshgar, and Ford, 1971.)
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We are interested here in the indirect and direct methods, and
these will be reviewed in Sectioms 2.2.1 and 2.2.2. In Section
2.2.3 I will briefly present some other possible techniques for

estimating the evaluator's compound utility function.

2.2.1 Indirect estimation technigues

Indi?ect methods for estimating multiple-criteria models involve
the use of techniques such as regression analysis, discriminant
analysis, or the analysis of variance (ANOVA). Here we will
describe briefly the principles of regression analysis. The reader
who is interested in further details is referred to Draper and
Smith (1966), for example. As regards discriminant analysis the
interested reader is recommended to study Cooley and Lohnes {(1971),
for instance, while Scheffé (1959), among others, provides a de-

scription of ANOVA.

The distinctive feature of the indirect methods is that they require

data about the criteria and the utility index (the dependent variable),
and that they infer the decision-maker's preferences from this data.

The necessary data is obtained from past evaluations (choices) made

by the decision-maker. If no data, or too little, is available, the
necessary material may be produced by letting the decision-maker evaluate

some hypothetical objects.

A simple linear regression model of the decision-maker's preferences

may be written

U(x) = b'x + € = U(x) + ¢ (2-12)
where x is a (column) vector of measurable criteria and b is a
(column) vector of the parameters expressing the decision-maker's
preferences for the various criteria. U(x) is the utility index
assigned by the decision-maker to an object characterized by the
criterion vector x. € is an error term accounting for the differ-—
ence between the assigned value U(x) and the utility index produced

by the regression model, U(x).

The regression model (2-12) is linear. Without any difficulty the

regression approach can be applied to models involving nonlinear but
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. . . . 2
continuous transformations of the criteria, e.g. ui(xi) = X.
i

although these transformations are not very usual. If, however,

>

these transformations involve any parameters or if the decision~
maker requires any non-continuous function of the criteria, he will

have to estimate this function by a direct method.

If any qualitative criterion is used it will have to be quantified
before we can use  regression analysis to estimate our model. For
this purpose a direct method has to be used to estimate the necessary
transformation (utility) function of each qualitative criterion

(Fishburn, 19674 MacCrimmon, 1968).

The most common way of determining the coefficients of the model

is to use the method of least-squares. According to this method the
coefficients are determined in such a way as to minimize the sum of

the squares of the error terms. We then require the expected value

of the error terms to be zero and the error terms to be independent

of each other. We also demand that the variance of the error terms

is independent of the values of the criteria and that it is constant.

The great disadvantage of this technique is its demand for data.
This generates two problems - have we any historical data and

have we enough data?

If historical data is available, the indirect technique is very easy
to use. But this is not generally the case. At best we have data
on the criteria, but lack information about the value of the utility
index, i.e. the dependent variable (Meehl, 1954; Einhorn, 197L;
Goldberg, 1971; Ashton, 1974). In most situations, however, we lack
historical data altogether. This was the case when I was construct-
ing evaluation models for the Swedish Air Force, although the
squadrons had been operating for several years. Building models

for new problems, for evaluating a new airport, for example, in fact

renders the collection of historical data impossible.

If there is no available data on the criteria, we will have to con-
struct a set of values instead. DBesides being a very time-consuming
job, the creation of hypothetical data always involves a risk. How

can we prove that the data (and combinations of data) would have been
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generated by the problem we are studying?

In the absence of historical data for the dependent variable, we
have to present the decision-maker with a great many objects to
evaluate. These objects may be described in terms of historical
or hypothetical data. The number of cbjects to be evaluated will
depend on the precision required in the estimates, but the work

will generally be very time-consuming.

The second problem in using the indirect approach, apart from the
possible lack of historical data, is the quantity of data - whether

historical or fictitious.

Here it should be noted that there is a permanent conflict between
the complexity of the model, i.e. the number of criteria and inter-
action terms, and the precision of the estimates. The more com-
lex the model, the more observations will be needed in order to
keep the precision at a specified level. As the number of observ-
ations is generally fixed, perhaps because we have a limited amount
of historical data or a maximum amount of time to be devoted to the
construction of data, we have to accept a drop in precision if we

increase the complexity of the model.

But if we have historical data, there is the problem of its age.
The more data we use, the greater the precision of the estimates.
But more data also means (some) older data. We then run the risk
that the preferences, or the constellations in the data, will have
changed over this longer period of time implying that our increase

in precision may be spurious.

However, the indirect approach has been widely used in medicine
and clinical psychology, for example. Einhorn (1971), Goldberg

(1968, 1971), and others have used regression analysis in constructing

models to diagnose illnesses with the help of several symptoms. Ein-
horn (1971) used regression analysis in estimating a conjunctive,

a disjunctive, and a linear model (2-6, 2-8, and 2-3), in two
situations. One concerned a job preference problem and the other

concerned the choice among applicants to a graduate school of
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psychology. Goldberg (1971) estimated these three models and a
logarithmic and an exponential model (2-11 and 2~10) with the
help of regression analysis. The model was used to diagnose

psychiatric illnesses.

Ashton (197k) estimated a linear model with interaction terms,
using ANOVA. The problem was to determine the need for an ex-
ternal auditing of the payroll system of a firm. ANOVA has also
been used by Slovic, Fleissner, and Bauman (1972), for example, in
modeling stockbrokers' decision-making. Boggess (1967) has used

discriminant analysis to estimate a model that would classify con-—

sumer credit applications into those with a high and those with a
low risk of default, respectively, based on several personal

characteristics of the borrowers.

For an extensive review of the indirect approach, see Slovic and

Lichtenstein (1971).

2.2.2 Direct estimation techniques

In Section 2.2.1 we found that the indirect method of making
evaluation models is often very time-consuming, since we generally
lack information about the dependent variable (also see Hoepfl and
Huber, 1970). This is one reason for the growing interest in

management science for direct estimation methods.

In the case of direct techniques, an axiomatic system is taken as

a base (Humphreys, 1975), and the specified model is produced if

and only if the assumptions are fulfilled. Thus an important part
of these methods consists of validating the assumptions, and this is

done by putting some questions about them directly to the decision-maker.

The main feature of this approach, however, is the assessment of
the parameters of the compound utility function. This is also done
by means of direct questions regarding the decision-maker's pre-—
ferences for the various criteria. Here there is no need for

historical data.

The decision—maker will generally also have to assess some function

for each criterion. This function may be regarded as a unidimensional
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utility function or simply as a transformation.

A review of methods for assessing parameters and utility functions
can be found in Fishburn (1967). Estimation techniques based on
the direct approach have been developed by Keeney (1969), Miller
(1970), Stanley (197L4), the present author and others. Some of
these will be presented in greater detail in the next chapter.
Several applications have been reported by Keeney. They have been
concerned with various problems, e.g. the selection of a location
for the new airport of Mexico City (1973), and blood bank inventory
control (1972). I have applied a direct method to the construction
of models that will enable the Swedish Air Force to evaluate its

squadrons.

2.2.3 Other estimation techniques

The methods presented in this section may be used for determining
compound utility functions. But the methods are very restricted
in their utilization and will produce the compound utility functions
only as a secondary product. For the sake of completeness, however,

they should be mentioned briefly.

One of the oldest techniques for determining a decision-maker's utility
function has been mapping. Thurstone used this approach as early

as 1931, when he studied indifference curves between some everyday
commodities. An indifference curve is the locus of all commodity
combinations that gives the consumer a certain utility, i.e. just

a special way of illustrating a compound utility function. The problems
to which mapping techniques have been applied all concern consumer
goods, but the method can, of course, be used to establish indifference

maps of any criteria.

Thurstone began by deriving five psychological postulates, of which

)

. . . 1 .
Fechner's logarithmic law was the most important. The subject was

1) Wallis and Friedman (1942) state that Thurstone did not in
fact use Fechner's law as a postulate but as a conclusion
from his experimental dataj; he tried many different psychological
postulates but found none that fitted the data as well as Fechner's.
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then asked to express her preference between a bundle of hats and
shoes and’ a reference bundle that consisted of some hats and shoes.
The question was repeated for other bundles, so that it was possible
to derive a region where the reference bundle was preferred and
another region where the other bundles consisting of various com-—
bingtions of hats and shoes were preferred, With the help of his
postulates and some statistical technique, Thurstone fitted an in-~
difference curve between the two regions and through the reference
point. By repeating this procedure for other reference bundles he

derived four different indifference curves.

Rousseas and Hart (1951) used a slightly different method to determine
indifference curves for eggs and bacon. They asked their subjects to
rank three different combinations of eggs and strips of bacon. As
Rousseas and Hart thought it would put too much strain on one sub-
ject to rank several triplets, they asked each of 67 subjects to

make one such ranking. Assuming homogenity of tastes and a saturation
point at 2.5 eggs and 2.5 strips of bacon, they derived slope vectors
with the help of the second and third choices and saturation vectors
by comparing the first choice with the second and third choices.

These vectors were then used to draw the indifference curves.

The last of the mapping techniques that we will discuss here is the
one used by MacCrimmon and Toda (1969). They also took everyday
commodities such as ballpoint pens and money, and French pastries and
money in two experiments. Thelr approach is very similar to the re-

vealed-preference technique suggested by Samuelsson (19LT7).

MacCrimmon and Toda assume that for the two commodities considered,

1)

more is preferred to less. If the subject is then given one com-

modity bundle, PO, we know that all bundles to the right of and above

this combination are preferred to P, and can be ruled out, i.e. the

0
indifference curve will not pass through this region (cf. Figure 2.1).

1) MacCrimmon and Toda use this assumption to reduce the space
of combinations. A slightly different approach is used if
the assumption holds only for one commodity.
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Next the subject is given a bundle, Pl, in the space that is not
ruled out. If the subject prefers Pl to PO we know that all com-—

modity bundles to the right of and above P, are preferred to PO

1
and can be ruled out. If, on the other hand, the subject prefers
PO to the other bundle, say P2’ we can rule out all combinations

to the left of and below this bundle P2'

Choosing more bundles and comparing them with the reference bundle

P, the admissible region of the indifference curve P, will be

02 0

successively narrowed until the curve can be drawn.

» Commodity 1

Figure 2. 1. Illustration of MacCrimmon and Toda's mapping approach.

Although Thurstone studied three commodities -~ hats, shoes, and
overcoats — he derived indifference curves for only two commodities
(criteria) at a time. His technique is not suitable to problems
involving more than two criteria, because the number of comparisons
would be overwhelming. Even in the two-criteria case the subjJect

had to make 256 comparisons for each indifference curve.

Rousseas and Hart's and MacCrimmon and Toda's approaches are more
restrictive as they use graphical displays of the indifference curves.

Consequently their techniques are not to be recommended when there
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are more than two criteria. MacCrimmon and Siu (1974) have,
however, built the MacCrimmon and Toda (1969) method into an
interactive computer program that is not too difficult to use
when there are more than two criteria. Tests on several two-
criteria problems indicate that the MacCrimmon-Siu method gives
indifference curves that predict the decision-maker's choices

better than those resulting from the MacCrimmon-Toda method.

Interactive techniques are a group of methods that have attracted

a good deal of attention during the last few years. Their ad-
vocates point out that it may not always be possible to determine
the decision-maker's utility function in isolation, or that it
may be unnecessarily complicated for the problem at hand. These
methods have been developed chiefly for multiple-criteria

design problems, but most of them can give the marginal rates of
substitution between the criteria at the optimum. These marginal
rates of substitution can be converted to weights that may be

used in a linear model.

For reviews of interactive methods, see Naslund (197L4) and Wallenius

(1975).

Multidimensional scaling (see Green and Wind, 1973, or Green and

Carmone, 1970, for example) is a technique for generating a multi-
dimensional representation of alternatives based on the similarities

or dissimilarities between them as perceived by the decision-maker. The
object as well as the decision-maker's ideal are represented by points
in this space and the distance (measured by a Euclidean or other

measure) from the ideal point can be used to rank the alternatives.

This technique has been frequently applied in marketing (Green and
Wind, 1973) but there are some examples of other applications. Klahr
(1969), for example, compares this technique with two additive models

for a graduate admission problem.

2.3 PURPOSE OF THIS STUDY

We are primarily interested here in two aspects of the multiple-

criteria evaluation problem. The first of these concerns the models

4—Avhandling Bertil Tell



used to help the decision-maker solve such problems and the second
concerns methods of estimating the parameters and functions that

are a necessary part of the models.

In recent years the direct estimation approach has been the subject
of considerable attention and some new technigues have been pre-
sented in management literature. Not many applications or implement-
ations have been reported nor, as far as I know, has any evaluation
been made of these methods or the models they produce. 1 therefore
felt it would be valuable to examine these models and methods a
little more closely.l)
The most usual criterion to apply when evaluating models has been
their precision or accuracy. Our discussion in Section 1.3 showed
that several other aspects of models and methods also call for con-
sideration (see also Ackoff, 1962, and Sevdn, 19T4). In a few
studies these aspects have received some attention, for example
from Dyer, Farrell, and Bradley (1973) in choosing an estimation
method for a school problem, and from Moore and Baker (1969) and
Souder (1972) who used several criteria in the evaluation of some
multiple—criteria models for R&D project selection. Thus we will
not only examine the precision of the direct models and methods
investigated but will also study some other attributes such as con-—

venience in use, believed precision, time requirements, etc.

In this study I will also analyze the accuracy of some indirect
models. Comparative studies of the latter type of models have been
made in the case of medical, psychological, and behavioral problems
(see Section 2.1.2), but not so often of economic problems. It will
therefore be interesting to see whether the results of the earlier

studies will hold in such cases as well.

1) From now on I use the terms direct or indirect model for
models estimated by a direct or an indirect method. Similarly,
I will refer to a model estimated by A's method as A's model.
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But my study of indirect models has in fact another purpose as

well: to provide material for a general comparison of indirect

and direct models. As far as I know, no study of this kind has

vet been made, and such a study will of course be able to show

us differences not only in models but also in estimation techniques.l)
The multiple~criteria methods and models will be examined and com-
pared in a complex real-life evaluation problem. The problem in-
volves several sub-problems in which varying numbers of criteria
have to be considered (see Chapter h). Thus we will be able to
see how our conclusions about precision will depend upon the
complexity of the problem. This is a question that has been
discussed in connection with indirect models (Einhorn, 1971;
Goldberg, 1971}, but we will be studying it in connection with

both direct and indirect models.

Without otherwise anticipating the question of how we selected our
methods (Section 3.1.1), I can mention that two of the direct
methods we tested were taken from the literature and two were
developed in the organization in which they were to be tested.

This gave me a chance to examine another aspect of multiple-criteria
models, namely whether there are any differences between methods
that have been useful in developing theory and those that have been

more oriented towards practice.

In Chapter 6 we will analyze various aspects of the precision of the

direct models and methods and in Chapter T we will examine the

1) After we had made our experiment we learned about two other
studies where comparisons had been made between direct and
indirect models (Summers, Taliaferro, and Fletcher, 1970;
Nystedt and Magnusson, 1975). This does not make our purpose
uninteresting as these studies have utilized more primitive
direct methods than we will use and in any case they came up
with contradictory results. Summers et al. (1970) found the
indirect models superior, while Nystedt and Magnusson (1975)
found the direct models to have a precision as good as or
better than the indirect models.
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accuracy of our selected indirect models and compare them with the
direct models. In Chapter 8 we will analyze many other and important
aspects of the direct methods and models. The relation between
precision and the complexity of the problem is the focus of interest
in Chapters 6 and 7, while differences between "theoretical" and

"practical" methods will be examined in all these three chapters.
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CHAPTER 3

THE_METHODS_AND_MODELS_TESTED

e e

In Chapter 2 I briefly presented some multiple-criteria evaluation
methods and models. In this chapter I will first select the five
metﬂods to be used in our test (Section 3.1) and present them in
greater detail in the following sections (3.2-3.6). I will con-
clude this chapter by presenting the hypotheses to be tested in

our experiment and the results we can expect (Section 3.7).

To illustrate the methods chosen it seemed more fruitful to use

the real-life problem on which they would be tested than to takea
fictitious example. This problem concerned the evaluation of the
capability of sguadrons. A sguadron is characterized by a number
of measurable criteria. These criteria express such attributes as
the pilots' ability to use bombs (measured, for example, by
interception-technigue-test 1, ITT1), missiles (ITT2), and guns
(ITT3). The number of pilots in a squadron to fulfill the reguire-
ments of an ITT varies between the maximum number of pilots in a
squadron, which is the same for all squadrons of a specified type,
and zero. The problem is to determine the capability of a squadron,
given only the outcomes of the interception-technigue-tests, that
in our example. In Chapter 4 I will

is the values X X5 and X

1’ 3
present this problem in detail.

3.1 SELECTION OF METHODS AND MODELS

I decided to examine four direct-estimation technigues only. I con-
sidered this the maximum number of methods that a subject could

test before tiring of the experiment, or getting the methods mixed
up in the comparisons. The Air Staff, who made this whole experiment
possible, wanted me to test two methods developed in the defense
sector. These methods had been developed to meet an urgent need for
multiple—criteria models on the introduction of the new Planning,
Programming and Budgeting System (PPBS). They were geared to exist—
ing organizational demands and the problems of the use situation.

On the other hand, the theoretical basis of these methods was more
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restricted than that of the two direct methods I was to select from

the literature.

One of the methods from the defense sector estimated purely additive
models and the other estimated additive models with interaction
terms. I wanted to select two direct methods from the literature
that would contrast with these two "practical" methods, so that it
would be possible to compare not only "practical" and "theoretical"
methods but also additive models and additive models with interaction
terms. I also wanted the methods to have been used, since this im~
plied that they were in fact possible to use in practice. One
method developed by Keeney (1969) and another by Miller (published

as a Ph.D. dissertation in 1966 and as a book in 1970) fulfilled

my criteria and were selected as the two "theoretical" methods.

One of my goals, as I explained in Section 2.3, was to use one in-
direct technique so that I could contrast it with the direct
methods. I chose regression analysis as being the indirect technique
most similar, in terms of output data etc, to the direct methods I

am investigating, as well as being one of the methods most frequent-

ly used.

It is more difficult to select which models to estimate with the
help of regression analysis. In the most extensive comparative
study of multiple~criteria models estimated by regression analysis
that has yet been made, Goldberg tested five models: the linear,

the conjunctive, the disjunctive, the logarithmic, and the exponential
(Goldberg, 1971). The first three of these have also been tested by
Einhorn (1971). But as the conjunctive model transforms both the
criteria and the utility index, Goldberg wanted to investigate the
effect of transforming either only the criteria (logarithmic) or
only the utility index (exponential).l) He did not carry out the
same check on the disjunctive model, as it had shown very poor
results in Einhorn's test. I decided to test all five of these

models.

1) My use of the term criterion as a synonym for independent
variable should not be confused with the fairly common use of
the terms criterion and predictor variables for the dependent
and independent variables in regression analysis.




As two of the models estimated by the direct technique were additive
models with interaction terms, I decided to add a linear model with
interaction terms to the models to be estimated by regression ana-

lysis. This became the sixth model in our test.

3.2 REGRESSION ANALYSIS

Regression analysis is one of the methods most frequently used for
estimating the decision-makers' preferences. It was described in

Section 2.2.1.

The six models to be estimated by regression analysis were selected
in Section 3.1 and are presented in Table 3,1, where I list the con-
ceptual formulas used When presenting the models in Chapter 2. 1In
Table 3.1 I also present the computing formulas. These differ from
the former for two reasons: first, because some models are easier
to estimate after transformation of the variables, e.g. taking the
logarithms of the variables of the conjunctive model; secondly,
because of my real-life problem some restrictions on the parameters
have to be added to the conceptual formulas. These restrictions,
which will be discussed below, are incorporated in the computing

formulas.

We know that all parameters of this problem, except those of the
interaction terms, must be non-negative, since in the case of all
our criteria more is preferred to less. Further, we require the
utility index to assume a zero valus when all criteria are at their
minimum level (zero), and to assume a value of one when all criteria

1)

are at their maximum level (one). Taking these restrictions into
account, we can now transform the conceptual models into the com—
putational models presented in Table 3.1. For example, in the case
of the linear models the restrictions imply that there will be nc
intercept and that the sum of the parameters will be one, whereas

the restrictions will leave the conjunctive model unaffected.

1) Before carrying out the regressions, we have transformed the
criteria from a scale from zero to (approximately) 15 to a
scale from zero to one. This has been done to facilitate
comparisons of the parameters in models estimated by the direct
and models estimated by the indirect techniques.
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Computational formula

(Fy. 0.0 Conceptual formula
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Table 3-1

The six models estimated by regression analysis (X is a vector of the criteria),

0n
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The requirements of our models make it impossible for us
to use standard programs for regression analysis. Instead we
employ a program for intercept—free regressions developed at the

Stockholm School of Economics.

In carrying out the regressions, we will often find that we get
negative regression coefficients. If this happens, we exclude

the particular criterion from the model of the subject concerned,
i.e. we set the parameter of this criterion at zero, and re-estimate
the regression coefficients. We will continue to do this until non-

negative regression coefficients only are obtained.

3.3 KEENEY'S METHOD

As was mentioned in Section 2.2.3, it 1s very difficult to derive
a person's utility function by varying more than two criteria at
a time. As 1t is relatively simple to assess unidimensional utility
functions, Keeney (1969) derives the assumptions necessary for re-
writing the compound utility functions as

U0k ko) = £l () () ug() s su (x )] (371)
Now the decision-maker only has to determine the n unidimensional
utility functions ui(xi) and the compound utility function f. If
the assumptions are met, this function will be very simple and the
decision-maker will in fact only have to assess scaling factors or

weights for the criteria.

3.3.1 Model and assumptions

The two basic assumptions in Keeney's approach are called preference

1)

independence and utility independence.’ The preference independence
concerns the ordinal preferences between the criteria only, while the
utility independence concerns the decision-maker's cardinal prefer-

ences.

In order to deal with the independence assumptions, we will have to

introduce some notations. Let X = Xl X X2 X X3 X o.. X% Xn be the set

1) Raiffa (1969) calls them weak conditional utility independence
and strong conditional utility independence, respectively.
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of all possible outcomes X = (Xl’XZ’X3""’Xn) and let Xij =
= Xi X Xj be a subset of X. Designate the complement to the sub-
set Xij by XEE’ and let xij and XIE be members of these sets.

We can now say that Xij is preferentially independent of XIE if

(xi,x.,ng) is preferred to (xi,xj,x;g) for all values of X xj,

J
v ' . . . > [] y
x!s Xj’ and XIE. This implies that u(xi,xj,ng) u(xi,xj,ng)
for all values of X xj, xi, xj, and Xt This also means that

the ranking of pairs of values of the criteria (Xij) must be
identical for all XEE' Thus it wild be meaningful to talk about
substitution rates or trade-offs between Xi and Xj without dis-

cussing the value of XEE.

While preference independence refers to pairs of criteria, the
utility independence deals with one criterion at a time. A criterion
Xi is said to be utility independent of the other criteria XI if the
decision-maker's preferences among lotteries involving only X5

with xr remaining fixed, do not depend on the value of Xz,

Note that the independence relationships are directional. Thus,

for example, we can have Xij preferentially independent of XIE while
XIE is not preferentially independent of Xij' And we can have Xij
preferentially independent but not utility independent of XIE’ but

the converse cannot be true (Raiffa, 1969).

Keeney proves that if Xij is preferentially independent of XEE for
all i and j, and if X.l is utility independent of XE for all i, then

the compound utility function may be written

n n
U(X, 35X 23X 3ee.,Xx ) = T a.uw(x.)+K £ I a.a.u(x)u.(x.)+
1°72°73 n o1 L1001 i=1 j>i 1731717373 (3-8)
-1
+ ...+ K" 88,8, - anul(xl)ug(xg) . un(xn)

where u is a utility function over the i-th criterion scaled from
zero to one, a, are weights and XK is a scaling factor deduced from
the 8,18 50 as to make the compound utility function assume values

in the interval zero to one.
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Wnen Za, = 1 then K = 0 and the compound utility function may be

simplified to

U(Xlsx23X3>--',xn) = .Z alul(xl) (3-9)

i.e. to an additive form.

When, on the other hand, Zai # 1 then XK # 0 and the compound
utility function will be additive with interaction terms as in
(3-8). This 1s a special case of the additive model with inter-
action terms presented in Chapter 2 as it requires only n para-
meters to be estimated and not 2°-1 as the model (2-5). Because
of these special properties it is possible to rewrite Keeney's

model in a multiplicative form,

n
KeU(x) 3%, 5%50 005, ) + 1 = i-]-Il [Keaju (x,) + 1] (3-10)

3.3.2 Estimation of the compound utility function

The estimation of the compound utility function consists of three
separate parts: (1) the verification of the assumptions, (2) the
estimation of the unidimensional utility functions, and (3) the
estimation of the parameters or weights by which the utilities of
the criteria will be amalgamated into one figure. This partition

of the estimation process will be made for all the direct methods.

3.3.2.1 Verifying the assumptions

Before estimating the compound utility function we have to verify
the two basic assumptions. As we use the utility function for ex~
post control, we do not have to assess any probability distributions

over the outcomes of the various criteria.

Let us, as an example, check whether ITT1 (xl) and ITT2 (XE) are
preferentially independent of the other attributes, in this case
only ITT3 (x3). We will ask the decision-maker to consider two
squadrons of which one has two pilots who have succeeded in doing
ITT1 and 14 pilots who have managed to do ITT2, while the other

squadron has xl(that is to be determined) and three pilots, respectively,
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who have successfully passed ITT1 and ITT2. The number of pilots
who managed ITT3 successfully was the same in both sguadrons and
remained at a high level, say 13%. The decision-maker is asked to

determine % such that he is indifferent between the two squadrons.

Assume he answers "12 pilots". The question will now be repeated

for other levels of x3, i.e. the number of pilots able to manage

ITT3. If our decision—maker assigns "about" the same value to X

for any value of x3, we conclude that Xy and X, are preferentially

independent of Xy This procedure should be followed with all

pairwise combinations of the criteria.

The next verification concerns the utility independence assumption.
Let us find out whether ITT1 (xl) 1s utility independent of the

other criteria, x5 i.e. ITT2 (x2) and ITT3 (XB). Once again we
ask the evaluator to consider two hypothetical squadrons. One has

Xy pilots who can use the interception technigue tested by ITT1,

while in the other squadron there is a 50-50 lottery between 0O or

1), 2)

15 pilots who are able to perform this interception technique.
The two squadrons both have 15 pilots who are able to use the inter-
ception techniques tested by ITT2 and ITT3. The evaluator answers

"nine". The question is repeated for other values of x, and g

If the evaluator puts the value nine at X for all combinations of

X, and x_, then we may say that ITT1l is utility independent of the

2 3°
other criteria.

This procedure should be followed for all criteria.

1) Assume here and throughout this study that the maximum number
of pilots in a squadron is 15. The real number varies with
the type of squadron.

2) This type of lottery gquestions becomes cumbersome to interprez,
since skill is not an ability that changes drastically frecm
one day to another. Traveling time, number of accidents, stc.
may be due to external events and may vary very much, Thus

giving some sense to the gquestion.

By using the formulation "being able to" we indicate
low values may be due to external factors and nct =
decrease in the pilots' abilities. These factors ma
functions in the aircraft or in the weapons, disabil
among the crews, bad weather, etc.

(‘
o o
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3.3.2.2 Estimating the unidimensional utility functions

If we have found all criteria preferentially as well as utility
independent of the others, we may assess the unidimensional utility
functions of the various criteria. The technique used by Keeney

is the standard lottery technique discussed by Raiffa (1968) and
Schlaifer (1969), for example. We will illustrate this technique

for our multiple—criteria model.

In our experiment the maximum and minimum values of the criteria
are known and need not be determined. They are 15 and 0 for all
criteria as they all deal with the pilots' ability to use their

planes. Thus we know that, for example,
* . .
u, = ui(lB) = 1 and PER ui(O) =0 for all i, i =1,2,...,n.

We now present our evaluator with a 50-50 lottery as follows. Con-
sider two hypothetical squadrons. One has % pilots who can use

the interception technique tested by ITT1, while in the other there

is a 50-50 chance of either 0 or 15 pilots being able to apply this
technique. How many pilots (xl) do you require in the first squadron,
to be indifferent between these two squadrons? Suppose the evaluator

1)

answers "mine pilots".

We can now determine the certainty equivalent as

u1(9) = .SOul(lB) + .50ul(0) = .50

By asking more questions we can determine more values of uy (xl). If
we plot these values in a diagram, i1t is often possible after five or
six questions to draw a smooth curve through the points representing

the decision-maker's utility function for this criterion.

Using the same procedure we can determine utility functions for all

the other criteria.

1) Note that this question 1s in fact the same as the one used for
verifying utility independence except for the omission of the
other criteria.
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3.3.2.3 Estimating the parameters

Finally we 'will determine the weights. OSeveral methods for doing
this have been presented (Keeney, 1969; Raiffa, 1969), but for

this experiment we decided to apply the technique used by Keeney
(1973) in determining the compound utility function for the location

of a ,new airport for the Mexico City metropolitan area.

A lottery technique is also used here. The evaluator has to choose
between two squadrons. All pilots of the first squadron can use

the interception techniques tested by ITT1l, but none of them can
apply the interception techniques tested by ITT2 and ITT3. All the
pilots in the second squadron can use all the interception techniques,
but the probability of this happening is only pq- With a probability
of l—pl, none of thi)pilots will be able to apply any of the inter-
ception techniques. The decision—maker is asked to specify the
probability P> such that he will be indifferent between the two

squadrons.

This question is repeated for the other criteria.

It is easy to show that the parameter a, in equation (3-9) or (3-10)

1
must equal P, (see e.g. Keeney, 1973).

If Zai = 1, then we have fully determined our utility function which
will be the same as (3-9). However, if Zai # 1, then we need to
determine the scaling constant K. This is a simple mathematical task

that does not involve the decision~maker.

Insert the values of the weights a; into equation (3-10) and evaluate

* *

* * . * * * _
for ul( xl) = u2( x2) = ... = un( xn) = 1 for which U( X5 X5 x3,..., xn) =
= 1. We will get

U * * * n - *

Ko U( Xy Xppeees xn) +1= 1 I_K-aiui( xi) + 1] (3-11)
i=1
and
n
K+1= I (Ka, +1) (3-12)
. i
1=1

1) In the first squadron there may be malfunctions in the weapons or
in parts of the aircraft (e.g. the sight) used for the interception
techniques tested by ITT2 or ITT3. The second squadron will be
"grounded" because all the aircraft, all the weapons, the run—
ways etg. will be out of order.
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which is an equation with only one unknown variable. Keeney (1969)

has shown that K > 0 if Zai < 1 and that -1 < K < 0 if Zai > 1.

3.3.3 Some comments

Keeney's method has at least two disadvantages when it comes to
implementation. One is the lottery guestion per se and the other

concerns the chosen outcomes of such a lottery.

My experience of using the lottery approach in courses in business
administration is that people - in this case business students - find
it hard to grasp the lottery question. Similar distrust of the
approach has been expressed by Becker and McClintock (1967). When
Keeney uses the same type of question for finding the parameters as
well as the unidimensional utility functions of multiple-criteria
problems, it seems likely that the users will find it even harder

to understand and answer the lottery questions. Their belief in

the evaluations made by this model will probably be negatively

affected by the questions themselves.

The outcomes of the lotteries often involve at least one of the most
or the least preferred outcomes. From a mathematical standpoint

this is justified, since a line between two points will be estimated
with less uncertainty if the two points are far apart than if they
are close together. But in practice it will be necessary to consider
the psychological aspects of the approach as well. Will these very
extreme outcomes have any meaning for the decision-maker? Wouldn't
we get better estimates if we chose values in a region where the
decision-maker is more familiar with the outcomes? This problem

has been touched upon by Schlaifer (1969).

3.4 MILLER'S METHOD

3.4.1 Model and assumptions

Miller (1970) starts his analysis by stating that the decision-maker
wants the alternatives or objects that he evaluates to have high ratings
in the positive and low in the negative attributes. These attributes,

often very general statements of desirability, are called objectives. This
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means that, for example, a fighter squadron may be described by the
objectives interception capability at VMC, interception capability
at IMC, interception capability in a Jjammed environment, and ability
to accomplish other missions.l)
These objectives are very general and therefore a more detailed
specification of them is necessary. This 1s provided by a process

of successive subdivision of the objectives into lower-level criteria.
Very often even these lower-—level criteria have to be decomposed

into further lower-level criteria. This process continues until the
decision-maker finds that an adequate specification of the objectives

has been obtained.

Then the decision-maker determines a physical performance measure at
each lowest—level criterion of the pyramidal criterion-structure.

He has thereby connected his inner-mind criteria, describing what he
wants to have, with the physical world and the measurable attributes
of the objects to be evaluated. Thus the overall objectives have
been broken down intc a hierarchical structure of successively more
specific criteria, until measurable performance measures have been

reached.

To illustrate the decomposition of the objectives we can look at the
objective "interception capability at VMC" in our fighter squadron.
It may be broken down into, let us say, high altitude, medium alti-
tude, and low altitude interception technigue, since the selection
of an interception method depends among other things on the altitude.
In this case the Air Force did not find it necessary to specify the
criteria further, because there were three tests - ITT1 to ITT3 -
that were accepted as adequate measures. Thus the ITT:s provide our

physical performance measure.

Miller demands that the criteria be utility (worth) independent and

the trade-offs between them to be constant. This implies the use of an

additive model written as

1) VMC stands for Visual Meteorological Conditions and IMC for
Instrument Meteorological Conditions.
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We will now look at Miller's method for estimating the weights and

the unidimensional utility functions.

3.4.2 Estimation of the compound utility function

3.4.2.1 Verifying the assumptions

Before estimating the compound utility function we will have to check
for utility independence. This check is performed pairwise with all
combinations of criteria belonging to the same set. For each palr
the decision-maker is asked if his willingness to accept reduced
satisfaction on either subcriterion in return for incressed satis-—
faction on the other is influenced by the degree of satisfacticn al-
ready obtaired on each. If his willingness is not affected the two

criteria are considered utility independent.

3.4.2.2 Estimating the unidimensional utility functions

The purpose of the unidimensional utility function is to specify a
relationship between each one of the lowest-level criteria and its
associated performance measure. In formulating the unidimensional
utility functions, the decision-maker is asked to consider only one

criterion at a time.

A utility of zero is assigned to the logical lower boundary and a
utility of one to the logical upper boundary. If no logical bounds
can be found, a utility of one or zero is given to the indefinite
value (s) of the performance measure scale. Miller adds that an
unbounded performance scale can often be bounded by redefining the
performance measure, e.g. from the number of spectators at the
Yankee Stadium to the number of seated spectators at the Yankee

Stadium (Miller, 1970, p. 66).

Once the upper and lower value of the criterion and the performance
measure have been established, the decision-maker is asked some

questions that will reveal the shape of his utility function for this
criterion. He is asked to give the level of performance that he considers

ten percent successful in satisfying the related lowest-level.

5—Avhandling Bertil Tell
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criterion. The question is repeated for 20, 30, 40, 50, 60, 70,
80, and 90 percent fulfillment of the criterion.

These eleven combinations of percentage fulfilment of the criterion
and the given levels of the performance measure are plotted in a
graph, and a smooth curve is drawn as close to these points as
possible. Miller also discusses some ways of assessing mathematic-—
al functions for the given data if a graphical form is unsuitable.
For our experiment we chose the first of his suggestions, the
"approximated scoring function" which is produced by linear inter-

polation between the points given above.
This procedure is followed for all lowest-level criteria.

3.L.2.3 Estimating the parameters

The weight-setting procedure is divided into two successive stages. In
the first the decision-maker is asked to give his weight to each cri-
terion in a set of criteria in the hierarchical structure; in the second
he adjusts his weights to compensate for imperfections in the per-—

formance measures.

The first step in determining the weights is to rank the criteria

from the most important to the least important in the set. Starting
at the top of the list, the decision-maker then compares the criteria
pairwise down the list. At each comparison the decision-maker assigns
a weight of one to the first criterion of the pair and a weight lower
than one (equal to one if the criteria are of equal importance) to

the other, expressing the importance of the second relative to the
first. Thus the decision-maker is asked to reveal his marginal

rates of substitution between the criteria down his ranked list.

To find the weights of the criteria, some numerical computations have
to be performed. The weight of the most important criterion was set
at one. The weight of the second most important criterion is egual
to the welght 1t was given in the process described above. The weight

of the third (fourth, fifth, etc.) criterion on the list is egqual to
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the product of the weight it was given in the process described
above and the weight of the criterion immediately above in

the ranked list (second, third, fourth, etc.). If we want the
weights to add up to one, we simply have to normalize them by

dividing by their sum.

The procedure described here is repeated for all branch points

in the hierarchical tree.

The first step in determining the weights of the compound utility
function was concerned with the determination of the relative im-
portance of the criteria. But our input data is expressed in
physical performance measures which are more or less perfect
measures of the lowest-level criteria. Miller introduces an ex-—

plicit mechanism for the handling of these imperfections.

The decision-maker is asked to consider the relationship between
each lowest—level criterion and its associated physical performance
measure. To this relationship he is to assign a value character-
izing the interpretative ability of the physical performance measure.
A value of one hundred percent indicates a perfect interpretation

of the performance measure, while a zero value means that the per-
formance measure bears no relation at all to its lowest-level
criterion. Values in between indicate a less than perfect relation-

ship.

After multiplying each of these quality measures by their correspond-—
ing weights and normalizing the weights, we will obtain the final

welghts for use in our additive model.

3.4.3  Some comments

At first glance it might seem valuable to be able to adjust the weights
in accordance to the interpretative quality of the performance measures.

But a closer analysis reveals some negative effects.

Miller claims that large differences in relative interpretative
quality can seriously distort a decision. It cannot be right, he

argues, that one important criterion which is heavily weighted and
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measured by a very poor performance measure should overwhelm one
or several other less important criteria which are easily inter-

preted by high—quality performance measures.

Two criticisms of Miller's procedure can be made. First, it is likely
to be very difficult for a decision-maker to assign weights to broad
and vague criteria which are not well specified. Miller must agree
with this, as he suggests the decomposition of the broad objectives
into better specified criteria. But the lowest~level criteria are
still not connected with any performance measures and are, in that
sense, still vague. Thus, asking the decision-maker to reveal his
weights for these vague criteria means that he will try to find some
performance measures associated with these criteria in order to

grasp the problem. He will choose some performance measures either
implicitly or by using those determined in the process of structuring
the problem, depending on the order of the different steps. The
decision-maker will use these performance measures instead of the
criteria when assigning his weights and so he implicitly incorporates

the interpretative quality already when he assesses the weights.

The other difficulty in Miller's approach is that if one of the
criteria is easy to measure while the others are measured with less
perfect instruments, the adjustment of the weights may convert the
multiple-criteria problem into a unicriterion problem. This will
happen very often, since the cost criterion is one that is often con-
sidered and it is easy to measure. This means that in fact we lose

the whole point of using many criteria.

Another object of criticism is Miller's pairwise estimating procedure.
The weights generated by palrwise comparisons may be quite different
from those resulting from a comparison of all the criteria at once,
because the decision-maker may lose the overall perspective. A com-—
parative study by Eckenrode (1965) indicates that there are no differ-
ences in the weights generated by paired comparisons and five other
estimation techniques while one recent study by Thiriez and Houri
(1975) supports our hypothesis of differences in weights due to differ-

ences in estimation methods.
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The pairwise approach may also lead to incorrect estimates of the
parameters, as it is greatly affected by the decision-maker's
preferences for "simple" numbers such as 1/3, 1/L4, 1/5, etc. Thus
the decision-maker in fact uses a very crude measuring device as
he chooses between 1/3 and 1/L, for example, without considering
intermediate values such as 4/13, 2/7, 3/11, etc. The decimal
system produces similar errors, as the decision-maker tends to use

"simple" numbers that are multiples of 0.05, 0.1, or 0.25.

3.5 TELL'S METHOD

This method was developed at the Swedish Air Force for evaluating
Air Force combat units, primarily squadrons. Evaluation models
for the main types of squadrons have been constructed with this

method, and these models have now been in use for about four years.

3.5.1 Model and assumptions

We assume the evaluator's utility function to be separable into a
sum of the utilities of the various criteria. As several studies
have suggested (e.g. Yntema and Torgerson, 1961), the main effects
very often have accounted for most of the variance. Thus a model
that uses main effects only would give us a fairly high precision
while being very easy to estimate and use. Emphasizing these latter
aspects of multiple~criteria models we decided to use an additive
model,
n
U o Tgaeenny) = E ey () (3-14)

The model assumes the criteria to be utility independent.

3.5.2 Estimation of the compound utility function

3.5.2.1 Verifying the assumptions

The aim of the unidimensional utility functions is to transform
values of the performance scale into utility indices. If the
criteria are found to be utility independent, the shape of the uni-
dimensional utility functions can be determined one at a time and

quite independently of one other.
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The procedure for checking utility independence has been to determine
each unidimensional utility function by the procedure presented be-
low while assuming the other criteria to take on some specified
values. We have here tried to use a set of values that are very
likely so as to facilitate the estimation. Having estimated all the
unidimensional utility functions we reestimated them once or twice
depending on the time available but used other and less likely sets
of values of the criteria. If the estimated utility functions of

a criterion were similar we concluded that this criterion was utility

independent of the other.

3.5.2.2 Estimating the unidimensional utility functions

The first step in establishing these utility functions is to determine
for each criterion one value on the performance scale that is higher
than the highest expected performance value and one value that is
lower than the lowest expected performance value. These two per-
formance values are given the utility indices one and zero, respect-—

ively.

The next task is to determine the shape of the utility function
between these two extreme values. This is done by asking the decision-
maker to determine a value on the performance scale that gives him a

50 percent utility of the maximum utility value. This gquestion is
repeated for utility levels of 90, 75, 60, L0, and 20 percent of the
maximum utility value. The distribution of utility indices around

50 percent is not symmetric as very few combat units have values

that low.

For easy handling by the computer we define the unidimensional ubtility

function by linear approximation between the points given above.

3.5.2.3 Estimating the parameters

The value of an object depends on the situation in which it is be-
ing evaluated. Most objects are consumed in several time periods,
or have effects that last for several periods and that should be con-
sidered when the object is being evaluated. But as a good deal of the

effects, and probably much of the consumption, are going to occur
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in the future, we cannot be certain at the time of evaluation of
the states of nature that will prevail at these later times. Thus,
to be able to assign any weights, the decision-maker will have to
consider all possible states of nature, their likelihood, and the
values he will assign to the criteria at these different states.
The other methods do not explicitly take this intoc account. In
this method we will explicitly discuss and evaluate the states of
nature, their likelihood, and the evaluation problem at the various

states of nature.

Let us illustrate the method in our fictitious example from the
Air Force. Assume that the criteria used to describe a fighter
squadron are the pilots' (the squadron's) ability to use guns, IR-
missiles or radar-guided missiles. We further assume that there
are three reliable tests of the pilots' capability - one for each
criterion. We finally assume that the model of the compound utility
function is additive and scaled in such a way that if all pilots
know how to use their weapons we will give the squadron a utility
index of one, and if no pilot knows any of the interception
techniques we will give the squadron a utility index of zero. We
have determined the unidimensional utility functions using

the method presented in Section 3.5.2.2, and our only remaining
problem is to determine the weights of our model. When this has

been done, we can evaluate the capability of any squadron.

Our first step in determining the weights of the three criteria
will be to determine states of nature that are suitable to the
multiple-criteria problem. For a fighter squadron it was found
suitable to let different types of enemy aircraft represent the
states of nature, e.g. strike, bomber, transport, fighter, and

other aircraft. These states are exhaustive as well as exclusive.
As the states characterize future events, we cannot know which one
or which ones that will occur. We can, however, attach probabilities
to the various states expressing our attitudes to their occurrence.
Pactors influencing the probabilities of the various states are, for
example, the type of war in which Sweden 1s expected to be involved

and the varying number of aircraft of the different types that the
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enemy has at his disposal and may use. This is shown in Table 3.2.

States of nature

Strike Bomber Transport| Fighter | Other aircraft

Probability of
occurrence 0.5 0.1 0.2 0.1 0.1

Table 3.2. Probability of the different states of nature, P(S.).
Fictitious data. J

Having specified the states of nature, it is now possible to determine
the utility of each of the criteria or interception techniques, given
the state of nature. We are interested not in the absolute utility
values but only in the relative utility values. Thus 1t 1s possible
to assign an arbitrary value, let us say one, to one of the elements
and to express all other utilities in relation to this value. The

utility values are presented in Table 3.3.

States of nature

Criteria Strike Bomber Transport| Fighter | Other aircraft
Guns 0.8 1.2 0.6 0.6 0.5
IR-missiles 1.0 1.7 0.4 0.8 0.5

Radar-guilded
missiles 1.0 2.0 0.4 0.7 0.5

Table 3.3. The utility of the criteria at different states of nature,
U(Ci’sj)' Fictitious data.

In assigning these utilities we have implicitly taken certain aspects
into consideration. In a more complete model, several of these aspects

may be made explicit. Here we list some of them.
(a) The utility of a destroyed enemy aircraft will not be a constant,
but will vary with the type of aircraft-

(b) The probability of success in destroying an aircraft with the

various interception techniques.
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{(c) The probability of not being shot down by the enemy aircraft
while attacking it,

(d) The time (or place) for destruction of the enemy aircraft.
(It is better to destroy the alrcraft before it has accomplish-
ed its mission than after, and even better to shoot it down

outside Swedish territory.)

(e) The opportunity cost of using an expensive weapon (e.g. a
missile) against an aircraft that could have been destroyed

more cheaply (e.g. by guns).

Had it not been for aspects like (b) - (e), the columns of the utility
matrix would have been identical, i.e. there would have been no

differences between the criteria, only between the states of nature.

From Table 3.3 we can see which weapon is the most effective weapon
against various aircraft. We find in this example that the use of
IR-missiles is the best interception technique when the enemy air-
craft is a fighter. But there are many reasons why the best inter-
ception technique, i.e. the one giving the highest utility, will

not always be used against one type of enemy aircraft. One 1is

that the enemy aircraft may have countermeasures at its disposal,

or may use tactics that will render the use of the best interception
technique impossible. Other reasons might consist of technical re-
strictions in the aircraft, the equipment, or the weaponsj or
standard armaments may make the use of certain techniques more like-
ly; or uncertainty at the take—off of the enemy aircraft (the type
of aircraft, its countermeasures, its tactics, etc.) may call for

a flexible strategy — that is, an interception technique that will

work in most states of nature, etc.

This uncertainty in the pilot's selection of an interception technique
against specified types of enemy aircraft will be considered explicit-
ly in our model. This will be done by determining the probabilities
of the events concerned. Table 3.4 contains the conditional pro-
babilities of using the various criteria, given the different states

of nature.
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We must assume that each state of nature 1s decomposable into as

many exhaustive and exclusive sets as there are criteria, and that

every set 1s associated with one and only one criterion.

This

means that the 10-percent strike aircraft, against which we will

use guns, will not be intercepted by either of the other two

methods if the pilot has not mastered the guns.

states of nature, P(Ciisj). Fictitious data.

States of nature
Criteria Strike Bomber Transport | Fighter | Other aircraft
Guns 0.1 . 0.8 0.3 0.6
IR-missiles 0.6 0.2 0.1 0.6 0.1
Radar—-guided
missiles 0.3 0.8 0.1 0.1 0.3
Table 3.L4. Probabilities of using the criteria, given the different

Given this information, we can compute the expected utilities of

the criteria or the interception techniques as

fe

where

J
P(Sj)

P(CiISj)
U(Ci,Sj)

efu(c,)]

Using our illustrative example

obtain the data presented in Table 3.5.

J

m
P
=1

P(Ci|Sj) . P(Sj) . U(Ci,Sj)

state of nature Jj, J = 1,2,...,0

criterion i, i =

probability of state of nature j; Table 3.2

1,2,...,0

{3-15)

probability of using criterion i, given state of

nature j; Table 3. L

utility from using criterion i, given state of

nature Jj; Table 3.3

expected utility of criterion 1i; Table 3.5

where we have m =

5 and n = 3, we




States of nature

Criteria Strike | Bomber ' Trznsport | Fighter | Other Expected | Expected
aircraft | utility utility
(normalized)

Guns 0.0k0 | 0.000 | 0.096 0.036 0.030 0.202 0.215
IR-missiles | 0.300 | 0.034 | 0.008 0.048 0.005 0.395 0.k22
Radar-guided

missiles 0.150 | 0.160 | 0.008 0.007 0.015 0.340 0.363

Table 3.5. Conditional and unconditional expected utilities of

the criteria. Fictitious data.

Under the assumptions made above, the normalized expected utilities
will fulfil the requirements of weights in our additive model. In
determining them we have considered all possible future events -
their likelihood, and the value of the criteria, given different

states of nature.

3.5.2.4 Simplifying the estimation of the parameters

It would be very cumbersome to make all the estimations required

by the method in this form. Often, however, it is possible to
introduce simplifications to reduce the estimation requirements sub-
stantially. In the present case - in connection with the fighter

squadron evaluation problem - we will look at two alternatives.

The differences in utilities between different criteria for a given
state of nature in Table 3.3 will be accounted for, among other
things, by differences in the probabilities of hitting the enemy air-
craft and differences in the probabilities of being shot down by the
enemy aircraft. If these effects are very small, or if they are
contradictory, the rows of Table 3.3 will be equal. This implies
that the utility of a destroyed aircraft will be independent of the

selected interception technique.

The value of a destroyed enemy aircraft does not depend only on the
type of aircraft but also on the specific situation in which it is

destroyed. This implies that a destroyed bomber - which can carry
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three times the bomb-locad of a strike aircraft - is not always
three times as valuable as a strike aircraft that has been shot
down. If the bomber is heading for a landing strip and the target
of the strike aircraft is an important radar station, the latter

alrcraft may even be rated more valuable than the bomber.

This means that it is not enough to specify the types of enemy
aircraft as our states of nature. For every type of alrcraft we
will alsoc have to consider all possible situations where an air-
craft that has been shot down will be assigned a different value
than it would have been allotted in the "standard" situation. But
as more states of nature have to be defined, the number of extra

estimations to be made increases exponentially.

Adding more states of nature often makes it possible to introduce

a simplification that greatly reduces the number of estimations.

The new states are often characterized by very high utility values,

as they would otherwise have been included in the "standard" situation.
An example of such a new state may be bombers carrying H-bombs. The
probability of their occurrence, on the other hand, is very low. For
the great majority of states, however, both the probabilities and the

consequences are more modest.

In situations like the one above, it 1s reasonable to assume the
product of the utility and the probability of a state of nature to
be equal for all states. This means that

P(Sj) . U(Ci,Sj) =k for all j and i (3-16)

Inserting this in our formula for the expected utility (3-15) it will

give us
E@(ciﬂ =k

where m 1s the number of states of nature.

m
z P(cilsj) (3-17)
j=1

Qur estimation problem has now been greatly simplified. We now only
have to estimate the conditional probabilities of using the various
criteria at all states of nature. In estimating these probabilities

we will often gain little by using a detailed description of the
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states of naturej; thus a reduction in the number of states can take
place before the probabilities have been estimated. This will re-

duce the estimation problem even further.

There are two more Jjustifications for making this simplification.
First, it will not be easy to estimate the utility and the probability
of the very unlikely events that are explicitly introduced when the
number of states is increased (cf. Raiffa, 1968; Schlaifer, 1969).
Further, we will probably find that the relative size of the estima-—
tion errors increases as the states of nature become more and less
distinct. This suggests that in many cases the simplification may

provide more than a mere crude approximation.

An alternative way of simplifying the estimations is to say that all
targets that we try to destroy are equally valuable. This assumption
is motivated by the difficulty in estimating the utility values in
any reliable way. The approach bears great similarities to the
principle of insufficient reason that is often used when a decision-
maker finds it impossible to assign probabilities to states of nature

(Fabrycky and Thuesen, 197h4).

By this simplification the columns of the utility matrix (Table 3.3)
will be made equal. As we had already equalized the rows, the utility

matrix will now be an identity matrix, i.e.
U(Ci,Sj) =k for all j and i (3-18)

Inserting this in our formula for the expected utility (3-15) we

now obtain

Blucy)] = = P(cylsy) -+ B(s;) - k= P(C;) -k (3-19)

1

W

J=1

From equation (3-19) we can see that our estimation problem has now
been reduced to finding the probabilities of using the criteria or
interception techniques. This is the approach that has been used
by the Air Staff, as it was considered that the assumptions of this

model were fulfilled.
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3.5.3 Some comments

The essence of this approach is not the finding of the estimates
necessary for our multiple-criteria model, but the ability to help
the expert to consider various aspects of his problem (cf. Section
1.3). These aspects include not only the utility and probabilities
quantified in the model, but also the underlying assumptions about,
for example, hitting probabilities, etc. In some cases simplifica-
tions can be introduced to give us equation (3-17) or (3-19); the
necessary estimates are then very few. In other situations it may
be appropriate to use the basic model (3-15) and perhaps even ex-—

plicitly include aspects such as hitting probabilities etec.

The most restrictive assumption in the application of Tell's method
is the one requiring the criteria to be exhaustive and exclusive.
Before formulating the problem fully in the next chapter, we can
mention already here that this assumption will be fulfilled for goals

1l - 5 for fighter squadrons, but not for the sixth goal.

Another restriction of Tell's method is themany estimates that have

to be made if neither of the two simplified versions is used. Further
studies will reveal how likely it is that the assumptions of these
versions will be fulfilled in other problems, thus showing us how

applicable the method is to other non-military problems.

The approach used in Tell's method should be attractive to the decision-
maker, as it makes him explicitly discuss and evaluate the states of
nature, their likelihood, and the evaluation problem at the various

states of nature.

3.6 THE CONSULTANTS' METHOD

A group of consultants contracted by the Materiel Administration of
the Armed Forces to "develop methods for evaluation of the readiness
of the material" (Tre Konsulter AB, 1972, p.3) proposed the fifth of
our methods. Their method has only been used to evaluate the readi-
ness of the materials of artillery and anti-aircraft artillery
battalions. The consultants argue that their method can also be used

for evaluating the capability of combat units.
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3.6.1 Model and assumptions

The consultants started with an approach somewhat similar to Tell's

but, finding it too extensive, they decided to use a simpler method.

The consultants presented the additive, the conjunctive, and the
disjunctive models (2-4, 2-6, and 2-8), but found them too restrict—
ive for the problem they were to model. Instead they chose an

additive model with interaction terms (2-5).
There was no discussion of independence.

3.6.2 Estimation of the compound utility function

3.6.2.1 Verifying the assumptions

The estimation technique developed by the consultants is actually

a hybrid method;  the unidimensional utility functions are estimated
by a direct method and the weights by a special type of indirect
technique. For the sake of simplicity we will still refer to it as

a direct method.

As the method is not a direct method there are no assumptions to

verify.

3.6.2.2 Estimating the unidimensional utility functions

In their papers (Tre Konsulter AB, 1972 a and bj Fdrsvarets Materiel-
verk 1974 a and b) the consultants do not say how the unidimensional
utility functions are to be estimated; but they implicitly assume

that these functions exist.

In a report on multiple-criteria evaluation models, a committee of
the Department of Defense discussed the method developed by the con-
sultants very fully. However, their report does not throw much
light on the estimation procedure. An example (PPBG, 197k, p.99)
illustrating a two-criteria evaluation problem gives the impression
that the utility functions should be linear, but otherwise nothing

is said about them.
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The consultants claim™’ that they wrote nothing about the
estimation of the utility functions of the criteria; they usual-

ly assumed them to be linear, but if there was any doubt they

asked the decision-maker for his utility function. The consult-
ants then presented the decision—-maker with a value for one
criterion and asked him to reveal the utility index of this wvalue.
The value was then plotted on a diagram. The question was repeated

for several values of the criterion until a smooth curve could be

drawn through the points in a diagram.

The consultants do not tell us how to determine the performance
values associated with the utility indices 1 and zero. In the
evaluation of combat units this is no problem, as these criteria

values are given and known.

This is the only one of the four direct methods that asks the decision-
maker to reveal his utility index for a value of the criterion.

All the other methods ask the decision-maker to indicate a value

for the criterion that corresponds to a certain utility index. The
reason for the inverse procedure is that the consultants want the
decision-maker to answer by utility indices when estimating the
parameters of the compound utility function as well as the uni-

dimensional utility functions.

3.6.2.3 Estimating the parameters

The method for determining the compound utility function is, as we
have mentioned, an indirect technigue, as the decision-maker does
not give the weights of the model but evaluates some alternatives
from which the weights are derived. It differs from the indirect
methods presented in Section 2.2.1 as the number of alternatives is
the lowest possible for determining the utility function and by not

using statistical technigques for computing the parameters.

The alternatives to be evaluated are all the corners of a polygonal

spanned by the n criteria. We will scale the compound utility function

1) Telephone-conversation with Mr. Reveman, February 197L.
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so that
* * * *
U( Xl, XE’ X35' L) Xn) =1 (3_20)
and
U(*Xl,*Xz,*XB,...,*xn) =0 (3-21)

*
where Xi and *Xi are the most and the least preferred values,

respectively, of the i-th criterion. The decision-maker is asked
to reveal his preferences, i.e. to give his utility index, for
(2"

mutations of the criteria when each criterion assumes the values

* . . .
x or _x only. Inserting the utility indices in the compound utility

- 2) more alternatives. These alternatives consist of all per-—

function (2-5) we will get n equations with n unknowns. Solving this

system of equations we will get the parameters of the model.

Let us illustrate the procedure by a three-criteria object. The

compound utility function (2-5) will here look like

U(x )=ao+au(xl)+au(x2)+au(x)+

11 22 3373

ahul(xl)uE(X2) + a5ul(xl)u3(x3) +

a6u2(x2)u3(x3) + aYul(xl)u2(x2)u3(x3) (3-22)

12%ps%g

+

+

We scale the compound utility function so as to fulfil (3-20) and
(3-21) and assume that there are unidimensional utility functions.
The decision-maker is presented with six alternatives to evaluate.
These alternatives are presented as numbers 2 to 7 in Table 3.6.

The estimates given by the decision-maker are also shown in this
table, as well as the two scaling restrictions (numbers 1

and 8). The column to the far right of the table shows the equations
that we get by inserting the values of the criteria and the estimated
utility index into formula (3-22). Solving these equations, we get

the parameters shown in Table 3.7.

The first parameter, ao, will always be zero. The n next para-
meters, representing the main effects, will be non-negative. The
coefficients of the interaction terms may be positive as well as
negative. If all these later coefficients reach zero, the model will

be purely additive.

6—Avhandling Bertil Tell
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: Estimated
No. ul(xl) u2(x2) u3(x3) utilities | Equations to solve the parameters
1 0 0 0 0.00 = a
o)
2 1 0 0 0.20 0.20 = al
3 0 1 0 0.20 0.20 = 32
b 0 0 1 0.10 0.10 = a3
. .35 = +
5 1 1 0 0.35 0.35 al + a2 a.)4
61 1 0 1 0.30 0.30 = a, + ay + ag
. .60 = a_ +
7] 0 1 1 0.60 0.60 8, *ag+ ag
. = + + +
81 1 1 1 1.00 ap *a, *agtoey + ag +oag t a7
Table 3.6. Example of evaluated alternatives for determining the
parameters of the compound utility function.
Coefficient ao al a2 a3 ah a5 a6 a7
Value 0.00 0.20 0.20 0.10 -0.05 0.00 0.30 0.25
Table 3.7. Parameters from the example in Table T.6.

3.6.3 Some comments

A1l the methods make use of extreme values in determining the uni-

dimensional utility functions, but only Keeney and the consultants

use extreme values in finding the parameters of the compound utility

function. This means that we make the same objection to this method

as we made in the case of Keeney's. Will the decision—maker be able

to make any reliable estimates of objects such as Nos. 2 to T in Table

3:67 Could we not present intermediate combinations of performance

values? It seems likely that the decision-maker will find it almost

as difficult to answer the questions posed by this method, as they
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would if Keeney's method were used. We could also expect them to
feel little confidence in the precision of this model, but their
understanding of the questions asked in the consultants' method

would probably be somewhat greater.

The consultants' model requires many estimates. For a problem of

n criteria we will need to determine the value of (2© - 2) para—
‘meters. To accomplish this the consultants have to ask the decision-
maker to evaluate (2n - 2) alternatives. It is easy to see that as

n grows the job performed by the decision-maker will grow exponent-
ially. This was one reason why a committee of the Department of
Defense, whose task was to examine evaluation models, was doubt-—

ful about using the consultants' model when the numbe:r of criteria

exceeded four (PPBG, 1974).

The consultants' method for estimating the unidimensional utility
functions is the only one of our four methods that asks the decision-—
maker to give utility indices that corresponds to particular values
of the criterion. This should be one of the advantages of this

method when the criterion can assume only very few values.

3.7 HYPOTHESES AND EXPECTED RESULTS

In the various comments following the presentation of the selected
methods some hypotheses have been put forward. Some of these will

be tested in the course of our experiment, while others will be left
to future research into utility methods. In this section I will look
at the attributes that will be used in evaluating our multiple-
criteria models and our estimation methods. We will also discuss

the results that we can expect. The hypotheses and expected results

are summarized in Table 3-9.

Two of our four direct methods were developed in the defense sector,
while two were chosen from the literature of the subject. The
methods can also be classified according to their flexibility. By

a flexible method we mean one that can estimate pure additive models
as well as additive models with interaction terms, while non-flexible

methods are those which can only estimate pure additive models. As
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we selected our methods to represent both types of estimation
methods, we can classify them as in Table 3.8. We will refer

to this classification when we forecast the outcome of our ex-

periment.

| ? The adaptation of the method

i to the investigated problem
great : small

? Flexibility great Consultants Keeney

; of the method small Tell Miller

Table 3.8. Classification of the selected methods.

3.7.1 Precision of a model

One important aspect to examine - and probably the most common - is
the precision or the accuracy of various multiple-criteria models.
In this section we will discuss ways of measuring the precision of

multiple-criteria models and what result we can expect of our models.

Qur real-life problem concerns the determination of the utility
functions of the Air Staff for use in evaluating its squadrons. For
our experiment we used a group of officers, each of whom estimated

this function individually.

The subjects of our experiment were all members of the organization
concerned and we assumed, in the spirit of the theory of teams (Marschak
and Radner, 1972), that they all contributed to an agreed organization-
al objective - a strong Air Force.l) Thus, differences of opinion will
not depend on differences in preferences between the subjects but will
be explained by factors such as differences in mood, differences in

the aspects or alternatives that come to the mind of the subject when
he states his values, and so on {(cf. for example Block and Marschak,
1960sand Luce and Suppes, 1965,regarding random utility models and
Shepard, 196k4;for psychological support for this approach). This does

not imply that we will produce only one model. We will determine the

1) In Chapter 5 we will examine the validity of this assumption by
studying similarities in our subjects' evaluations of identical
squadrons.
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models individually for esch cubject and then compare the character-
istics of these models ty computing averages, variances, and mean
square errors over all subjects. This approach shows similarity

with the approach used in experimental psychology as well as that
used in correlational psychology (Wiggins, 1973), and it also re-—
sembles what has been suggested by, for example, Churchman and Ackoff
(195L4) and Miller (1970) with regard tc the determination of the

utility function of an organization.

Multiple-criteria models are often validated by comparing the pre-
dictions of the model with real data. Meehl (1954) refers to a

study by Sarbin, in which some models for predicting academic success
wvere tested. The predictions of the models were compared with actual
data. Einhorn (1972) also used real data to compare the ability of
some models to forecast the survival time for patients suffering from

Hodgkin's disease.

In many cases, however, -~ for instance in the case of %

problem — it is not possible to measure the dependent

the utility index. No real data of the capability of

are or will be available, and so it becomes necessary tc Iind =z

way of validating the models.

In Section 1.3, we stated that a model could be either a substizuts
for or a complement to the evaluator. In both cases it seems rneturel
to consider the model that produces the evaluations that are closest
to those made by the evaluator as the best model. Such a criterion
has been used by, for instance, Einhorn (1971), Goldberg (1971), end
Mertz and Doherty (1974). This means that we need the evaluator to
meke some intuitive evaluations of some squadrons. We then let the
models evaluate the squadrons as well, so that we can see the cocn-
cordance between the different evaluations. In psychological research
this concordance has generally been measured by correlation cceffi-~
cients (Dawes, 1973), but our approach makes it possible to use cther

statistical measures as well.

The intuitive evaluations necessary to validate the direct models

will also be used to derive multiple~criteria models by the indirect
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method. To avoid validating the indirect models on the same data
as was used to estimate them, we split the intuitive evaluations
into two groups and applied regression analysis to one group in
constructing our models. We then determined the precision of these
models in the same way as in the case of our direct models, except

that we used data from the second group only.

Now that we have discussed how to measure the precision of the

models in this study, we can .proceed to a forecast of the results.

We can expect the models estimated by the flexible technique to show
greater precision than the others, as they can portray a greater
variety of utility functions. We will probably also find that the
"practical" methods developed for this type of problem are not as

good as their "theorectical" counterparts. We expect the precision of
the indirect models to be even greater, as other studies have shown
that subjects do not use the weights that they say they do (Hoffman,
1960).

3.7.2 Other attributes

As we have already pointed out several times, it is seldom satis-
factory to select a method or a model on a basis of its precision
only. Several other attributes of the methods and models have to
be considered as well and the interest in such attributes has in-
creased during recent years (cf. Section 2.3). Aubin and Naslund
(1972) and Naslund (1974) have argued for experiments to determine
how multiple-criteria methods can be rated according to attributes
other than precision. Feinberg (1972), Dyer (1973), and Wallenius
(1975) have studied some such attributes in evaluating interactive
multiple-criteria methods. Vertinsky and Wong (1975) have done
the same with regard to the von Neumann-Morgenstern method (used
by Keeney as described in Section 3.3) and the MacCrimmon-Toda

method for obtaining unidimensional utility functions.

We will specify here some attributes other than precision which appear
to us to be important and which we willexamine in our experiment.

At the same time we will say something about the results we anticipate.
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The users' impression of the methods and models is more difficult

to predict than the precision. Before we specify our attributes

in greater detall, we can make some general comments on the

methods. On one hand, it might be expected that the methods developed
in the defense sector would be given higher rankings, as they were
developed internally and should be better adapted to the organization
and its problem. On the other hand, though, we might expect the
Tlexible methods to be given less favorable rankings, as they will

always be more complicated.

We made a distinction between using the methods and using the models,
and we will begin by presenting the attributes used to evaluate the
methods. The ease of using the methods was assessed according to

how easy it was to understand what to do, and how easy it was then to do

it. We expected it to be difficult to understand and to answer the
lottery questions used in Keeney's approach. Miller's method would
probably be easier in both respects, but more complicated to under-

stand than to follow. The questions asked in Tell's method should be
very easy to grasp but not so easy to answer, since it might be difficult
to estimate the probabilities. The consultants' method would be very
easy to understand but more difficult to follow, because of the extreme

values assigned to the criteria.

The decision-maker's belief in the precision of the models is a very

important aspect. A decision-maker may prefer using a simple model
that he understands to a more realistic but also more complicated
model. At first we might expect the decision-maker to believe the
same as we did above, as none of the models is very complicated.
But as the two flexible methods are more difficult to use, we could

exXpect some halo-effects to lower the rankings of these models.

If we distinguish between ease of understanding and ease of following

the instructions in the models, then the additive model will be the
winner. Keeney's interactive model ought to be easier than the con-

sultants', at least if we are handling a great many criteria.

Finally we will look at the amount of time required by the methods

and the models. The time needed to use the model will produce the
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same rankings as the ease with which they can be used, because

none of the models involves any difficult procedures. Thus we

can expect these attributes to overlap considerably. At the

use of the methods I expect the consultants' method to be the most
time~consuming technique, because of the large number of parameters
to estimate. The two additive methods will be the least time-
consuming since they are easy to use, while Keeney's method will

lie somewhere between these two groups.

In Table 3.9 we present the attributes we have used to evaluate

the direct models and estimation methods, and the expected results.

Attribute Ranking of methods/modelsT
Precision C K M T
Believed precision T M C K

During construction

Ease of understanding

the questions (cT) M K
Ease of answering

the questions (MT) (CK)
Time requirement (MT) K o
In use

Ease of understanding

the instructions (MT) K C
Ease of performing

the instructions (MT) K C
Time requirement (MT)

+ The methods/models are ranked with the best to
the left. Methods/models in parantheses are expected
to be equal. C stands for the consultants', K for
Keeney's, M for Miller's, and T for Tell's method/model.

Table 2.9 Expected results of the experiment.
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THE_EXPERIMENT

In this chapter I will present the multiple-criteria problem used
for the real-life study of some evaluation models and methods and

the design of the experiment.

In the previous chapter I mentioned that our problem was taken
from the defense sector. Before motivating the selection of this
problem - which I will do in Section 4.2 -~ I will make a brief
presentation of the Planning, Programming, and Budgeting System
(PPBS) in the Swedish defense sector (Section L4.1). In Sections
4.3 and 4.4 I will give a more detailed presentation of the chosen
multiple-criteria problem. Finally I will describe the design of

the experiment in Sections 4.5 to L4.7T.

L1 A BRIEF PRESENTATION OF THE PPBS

In 1968 and 1969 two special groups in the Swedish Department of
Defense published several reports concerning the design of a new
Planning, Programming, and Budgeting System (PPBS) for the Swedish
defense sector (SOU 1968:1, 1960:24 and 1969:25). Parts of the suggested
system had been tested before publication of the reports and the tests
continued up to July 1, 1972, when the PPBS was put into general
operation. At that time some parts of the system — mainly the methods
for evaluating the production and the status of the combat units -

still needed to be tested and analyzed.

The essence of the PPBS is that costs should be related to results,

at all levels of the organization and for all types of decisions. Thus
the PPBS directs attention away from any detaliled breakdown according
to input categories (various types of materials or salaries, for in-
stance), and towards program goals. In the PPBS there are only a

few appropriations per program and about 70O appropriations altogether
for the defense sector as a whole compared with about 300 in the old

system.
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The change in the system of appropriations is one of the altera-
tions that are necessary to allow for comparisons between out-—
put and input. Another important change is the stress placed on

1)

negotiations between higher and lower agencies to achieve a
balance in tasks and resources at all levels in the defense sector.
These negotiations continue until the two agencies agree that the
tasks and resources now balence. The contrasts resulting from

the negotiations provide the basis on which budgets are designed
in the agencies. These budgets are aggregated to form the program

budget for the defense sector which is presented to the Riksdag.

To control the implementation of the program budget and the budgets
of the agencies, a cost-accounting system has been introduced to
follow up the resources agreed in the contracts and approved in
the appropriations. But a system is also needed to check the ful-
filment of the contracted tasks. This system for measuring tasks

or performance must contain information on:

(a) the state of the total stock of combat units, i.e. their

quantity and quality,

(b) the state of the production facilities, e.g. barracks, simulators,

training areas, and runways, and

(¢) the fulfilment of the ahnual contracts at all levels, e.g. the
quantity and quality of material produced, pilots trained, and

officers examined.

The performance-measuring system has many uses — first of all, in

budgetary control, where the Alr Force uses data from the system to

2)

determine the capability of all its combat units.

1) The term agency includes here any military unit that draws up
its own budget. Thus wings and regiments are included in the
term in the present context.

2) The examples are taken from the first of the three purposes
of the system.
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Another use is in the planning of mobilization for war. The

war-time tasks of every combat unit will be changed (replanned)
as their actuasl capability changes, and data from the performance-

measuring system will provide the basis for this planning.

But changes in the capability of a combat unit do not necessarily
imply a change in war-time duties. It may be considered easier,
cheaper, or in some way better to allocate more resources to &
unit, thereby increasing its capability to a level necessary for
the fulfilment of its original war-time tasks. This means that
information from the performance-measuring system will be used

for decision-making concerning, for instance, the next year's

production, or the products themselves (i.e. the combat units), or

about changes in the production facilities.

Although the information from the performance-measuring system
concerns historic events or objects, this data will be used for
various kinds of decision-making, e.g. which combat units to

improve or which goals should have priority, and the information

will be used at different levels in the organization. The highest
levels will use the data for decisions such as those mentioned

above. Lower levels will use the performance-measures in planning
the training of their pilots and officers, in planning which materials

to improve or which courses to provide.

In obtaining data for all these three uses of the performance-
measuring system, we are faced with multiple-criteria problems.

It is impossible, for example, to find any single measurable in-
dicator of the quality of a combat unit, a runway, or the officers

examined from a course.

h.2 SELECTION OF PROBLEM

My first concern was the type of problem to use for the experiment.

1)

Many studies have used hypothetical problems but I wanted a real-

1) As examples we can mention Thurstone (1931) and MacCrimmon
and Toda (1969), both described in Section 2.2.3, Dyer (1973)
who had students evaluate hypothetical cars, and Wallenius
(1975) who had students and managers solve a management
problem for a fictitious company.
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life problem for several reasons. One is that the subjects are
better motivated by a real-life problem and will be likely to
give more consideration to their answers. Another reason is the
chance of getting general information about the implementation
of the methods examined, and a third advantage is the greater

gengrality of the findings.

In the defense sector I found many problems showing several of

these advantages. Thus any of these problems would have yielded
at least as reliable results as any problems outside this sector.
And it would still be possible to generalize my results to other
problems outside the defense sector. I will now mention some of

the advantages of the particular problem I chose.

For the purpose of the experiment I decided to select one problem
from one of the three uses of the performance-measuring system pre-
sented in Section L.1. I chose the problem of evaluating the
capability of combat units, as hardly any work had yet been done on
the other two types of evaluations that have to be included in a

complete performance-measuring system.

At the time of the experiment a particular multiple-criteria evaluation
method (i.e. Tell's method, see Section 3.5) had already been in use
for constructing models for four types of squadrons and one type of
ground-to-air missile company. These models had also been in use

for some years. To be able to use a previously structured problem

for the experiment was a great advantage. It meant that when the
subjects were evaluating the tested estimation methods and multiple-
criteria models, they could concentrate on them without being dis-

tracted by the presentation of the problem.

Of the combat units for which multiple-criteria evaluation models
existed, I decided to concentrate on two types only, namely fighter

and reconnaissance squadrons, as these would yield the most subjects.
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The approach used by the Air Force in structuring the problem had
another advantage as well. The problem was structured hierarchically,
and this gave me the opportunity to evaluate the methods and models

of several different problems simultaneously. The complexity of the

problems also varied providing another dimension of the methods and
models that was interesting to examine. One of the greatest ad-
vantéges of this defense problem was, however, that it gave me more
subjects than I would have been able to find in most other problems.
Business firms generally only have four or five people with enough
knowledge of any single problem to be included in a test like this
one. In the Air Force there are at least a hundred officers who
know enough about how a combat unit should be evaluated to make

them suitable as potential participants in an experiment of this kind.

Having looked at all the advantages of the selected problem we can now
consider why this problem is not as unique to the military sphere as
may first appear. The chosen problem concerns the evaluation of the
capability of combat units, but it could just as well have concerned
the capability of a hospital, a computer department, or the R&D-
department of a business firm. The capability figures that our models
will produce will be used together with cost estimates etc., as was
mentioned in the last section, for various types of decision-making.
And these decisions are not specific in any way to the military sector.
This problem can therefore be considered as one of very many similar

multiple—criteria evaluation problems.
We will now present the chosen evaluation problem in greater detail.

L.3 WAYS OF MEASURING THE CAPABILITY OF COMBAT UNITS

When a new type of combat unit is being established, several goals
for this type of unit have to be determined. This is done by studying
the military threat to Sweden and the resources available for this
type of combat unit. These resources may be monetary or non-monetary,

e.g. the possibility of using available materials, buildings, etc.

The goals are fairly well specified. For example, the goal for the
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interception capability at VMC for a fighter squadron is described
by defining the number of missions of various types that a squadron
should be able to perform each day. Having established and speci-
fied the goals, the necessary resources for achieving them are

then determined. The resources may be the number of various kinds
of persomnnel, the quantity and quality of materials, buildings,
fortifications, etc. All this information - the well specified
tasks and the resources allotted — is presented in the document

TOEM (from the Swedish for tactical-organizational-economic goal).

The evaluation problem arises because the combat unit seldom re-
ceives all the resources it needs according to the TOEM. There
can be many reasons for this: external reasons such as price in-
creases, recruiting problems, training difficulties due to bad
weather, etc., or internal reasons such as the inefficient use of
the resources allocated to training. As units generally get less
resources than planned, they are also capable of doing less than
was planned according to the TOEM. The problem is to determine
how far these shortcomings affect the various goals and the total

capability of the combat unit.

The traditional way of measuring the capability of a combat unit is
by inspections. In the Swedish Air Force inspections are made by
the Commander~in-Chief of the Air Force and by the different regional
commanders. In the case of the combat units the inspections made by
the Commander—in-Chief of the Air Force are neither very frequent -
every wing is inspected approximately every third or fourth year -

nor very thorough.

The regional commanders' inspections of the squadrons and the air
defense control systems are more frequent — about once or twice a
year. Their inspections of combat units other than squadrons are
less frequent and occur on an average every fourth to sixth year.
Their inspections are more detailed than those of the Commander-in-

Chief of the Air Force.
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The PPBS requires evaluations of the combat units at least once
a year, if the main purpose of the PPBS - the balancing of re-

sources and tasks - is to be fulfilled. However, it would have
been too costly to increase the inspection-capacity to meet the
requirements of the PPBS. Another reason for not extending the
inspection system is that the combat units evaluated at the in-
spections are not identical with the units about which the PPBS

requires information.

Thus the Department of Defense decided that multiple-criteria
evaluation models should be developed instead. These models were
to support the performance-measuring system with data. The quality
of the data was to be checked by the inspections. The models were

also to be used for budget—-simulations.

L.h STRUCTURING THE EVALUATION PROBLEM

We will describe the problem of evaluating a fighter squadron in
greater depth, while the problem of the reconnaissance squadron
will be treated very briefly at the end of this section, as these

two problems are very similar.

As mentioned above, the TOEM-document contained information on the
goals of a fighter squadron. TFour of the more important goals were
used in the experiment, and these are listed in Table 4.1. The Air
Staff is interested in knowing the status of all its squadrons ex—
pressed in terms of these goals. This means that one multiple-
criteria model has to be made for each goal, and each model uses

a set of measurable indicators as inputs.

Interception capability at VMC day
Interception capability at VMC night and/or IMC
Interception capability when countermeasures are used

Other tactical assignments (e.g. fighter sweep, fighter attack)
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As indicators the Air Staff decided to use existing tests of the
pilots' abilities. Let us call these ITT, i.e. interception-
technique tests. One test may be the interception of a fast high-
flying aircraft, while another may be directed towards a fast and
very low—flying strike aircraft against which only IR-missiles can
be used, etc. The tests are standardized so that the problems and
situations facing the pilots should be as similar as possible from
one occasion to another. The Air Staff requires all pilots to
undergo the tests at least once a year. There are also tests for

other aspects, e.g. to check instrument flying ability.

Some measurable 1indicators or tests, however, will concern all

four goals, for example tests of the pilots' ability to take-off,
land, navigate, etc. The Air Staff found it better to determine
first the value of each of the four goals, without taking this group
of indicators into consideration. There were many reasons for this:
for instance that the pilots generally ranked very high on these
common indicators which were basic elements in all flying and the
subject of frequent training, and that a separate report on some

goals would make it easier to find any weaknesses in them.

The Department of Defense and the Riksdag, however, were not interested
in detailsj they wanted one overall measure describing the capability
of each squadron. For this purpose we needed another multiple-
criteria model, using the goals of the TOEM as its attributes. This
means that our evaluation problem assumes a hierarchical structure,

as can be seen in Figure kL.l.

To the right in Figure 4.1, x  indicates the measureable indicators
or criteria. The six multiplé—criteria problems or goals to be
evaluated are marked Ui(x), i=1,2,3,4,5,6. x is a vector of the
measurable criteria used for evaluating this goal. Thus our six
evaluation problems for the fighter squadron may be written as in

Table 4.2.
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U (x) = Ul(xl,xg)

U (x) = U2(x3,xu)
U_(x) = U3(x5,x6,x7)
Uh(x) = Uh(x8’x9’xlo’xll)

Us(x) = US(Ul(x), Ug(x),U3

U6(X) = U6(U5(X) ’x12’x13 ’xl']-l—" . )

(x) U, (x))

Table 4.2  The six multiple-criteria problems of a fighter
squadron used in the experiment,

The multiple-criteria evaluation problems are ordered in increasing
order of complexity. Complexity is defined here as the number of

measurable performance criteria included in the evaluation model.

As we mentioned above, the Air Staff is primarily interested in the

utility indices Ul(x) to U_(x), while the Department of Defense is

pJ

more interested in U6(x).

The evaluation problem for the reconnaissance squadron was structured
very similarly. As there were fewer tests (reconnaissance-technique

test, RIT) and goals, the hierarchical structure was simpler. See

Figure L.2.
RTT1 ¥,
RTT2 v,
Ul(Y) RTT3 y3
RTTL vy,
RTTS ve

e
RTT6

6
—
! U
A B
i take~off y7
landing g
navigation ¥g
Figure hL.2 Evaluation structure of reconnalssance squadron. Branch-

tips to the right are measurable performance criteria,
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L.5 PARTICIPANTS

Having decided the real-life problem on which to test my methods
and models, my next task concerned the selection of participants.
At first I considered using senior officers, as they would pre-
sumably have the greatest experience and the best overall view of
the goals of the combat units of the Air Force. But the dis-
advantage would have been that these officers are few and are
probably too busy to take part in an experiment. It would also
have restricted the experiment solely to interviews, and this I did
not want. I then considered the experienced squadron leaders who
were presently studying at the Royal Staff College of the Armed
Forces. They had all been sgquadron leaders for several years at
least and held the rank of major. As squadron leaders they should
be fully aware of the goals of a squadron and of their importance.
This meant that in one respect at least they were more experienced
than the senior officers, although they lacked something of the

latters' overall view.

Other experiments have shown that experience does not greatly

affect the way information is used. Hoffman (1968) found no differ-—
ence between the use made by trainees and the use made by experienced
clinicians of information about the patients. And there is less
difference in experience between the senior officers and the squadron

leaders than there was in Hoffman's experiment.

Thus, as my test subjects I selected students and teachers at the
Royal Staff College of the Armed Forces. For the preliminary test
conducted a few weeks before the main test, I used some officers
from the Air Staff and some teachers and students at the Alr Force
Squadron Leader School. These students had a few years less ex—
perience than their colleagues at the Royal Staff College of the

Armed Forces.

The subjects were motivated by knowing that the results of the ex—

periment would be presented to the Air Staff and the Department of



Defense and would be used by them in choosing the evaluation
method to be used in the defense sector. They also fully accepted
the structuring of the problem, knowing that it had been made by
the Air Staff and approved by all squadrons a short time before

the experiment.

4.6 DESIGN OF THE STUDY

The study was divided into three separate experiments conducted

at about 1lk-day intervals. In the first experiment the subjects

were asked to make intuitive evaluations of certain squadrons. I

used this information to derive some models according to the in-
direct approach. I also took it as the "true" value with which

the precision of all models was compared. In the second experiment,

to find their parameters and utility functions, the subjects used

the four direct methods that I primarily wanted to test. Using

this information T constructed the models. The subjects also
answered some questionnaires about their preferences for the methods.

In the third experiment the participants used the models to evaluate

certain squadrons, and they answered various questionnaires about

their preferences for the models.

The Royal Staff College of the Armed Forces and the Air Force Squadron
Leader School were both kind enough to reserve five hours of scheduled
classes for the experiments. I decided to allocate one hour to the

first and two hours to each of the other two experiments.

When methods are described in the literature, it is often stated

that evaluation models should be constructed in the course of dis-
cussions with experts on the multiple~criteria problem. In a com—
parative study of methods this approach is unsuitable for several
reasons. For one thing, there is a comsiderable risk of the research-
er's preferences for certain methods influencing the subjects and,
thus, the results. This approach is also much more time-consuming.
The interviews alone would have required about a month in the present

case.
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I chose to present the methods in written form as well as the
questions that the methods posed to reveal the subjects' pre-
ferences. In this way it was possible to reduce and control

the influence of the researcher.l) In any case the recommend-
ation in the literature is directed more towards the process

of structuring the problem rather than towards the determination
of the parameters and functions of the chosen model. Secondly,
this change could be expected to affect all methods equally.
Thus, conclusions about differences between the methods and
their models should not be affected by the chosen design of the

experiment.

As was mentioned in Section 4.2, I decided to study both fighter
and reconnaissance squadrons. In many situations the number of
people involved in constructing models for reconnaissance squadrons
is too small to produce any significant results. But as the
structures of the two evaluation problems are very similar in many
respects, it is often possible to pool the data and thus increase

the number of observations.

Many methods require the criteria to be (preferentially and utility)
independent. Having chosen the written form for the experiment I

found it unsuitable to let the subjects check these assumptions,

as 1t would have been difficult to decide whether they abandoned

a method because the assumptions were unfulfilled, because they found
the method difficult, or just because they disliked it. Instead I ask-
ed officers at the Air Staff verify the assumptions. The omission

of this part will only affect the estimates of the time required,

which will be slightly underestimated, as the deleted questions were

identical with those remaining.

As T pointed out in Section 2.3, I wanted to study the precision
of the models and the time used to estimate these models. As the
precision as well as the time depends on the number of questions

that are asked the decision-maker, I had to fix that number. In order

1) As one of the methods had been developed by the author for the
Air Staff, 1t was considered extremely important to control
any influences in favor of the author's method. The written
form was considered the best solution.
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not to favor any method I decided for each method to pose only
the minimum number of questions. Thus I excluded any extra
questions that might be used to check the consistency in the data
given by the decsion-maker or to provide more reliable estimates
of his preferences. This requirement of an equal amount of input
data to all models that are to be compared has also been used by
Moore and Baker (1969) in a study of scoring models for R&D project

selections.

Each experiment was conducted in a large classroom. I began every
session with a short introduction, presenting the purpose of the
experiment, the reasons for the study, its implications for the

work of the participants, etc. The participants were then asked

to work individually with their material until they had finished

it, except in the first experiment when a fixed time 1imit had

to be set. Participants were free to ask any questions that occurred

to them.

Some details, especially associated with only one of the three ex-
periments, will be found at the beginning of each of Chapters 5,
6, 7, and 8 where the outcomes of the experiments are presented.
Further information sbout the experiments, including the forms,

can be found in Tell (1974).

The number of participants varied somewhat from experiment to ex-
periment, because other assignments (such as flying or staff work)
had a higher priority. There were 30 participants in the first
experiment (24 representing fighter sqaudrons and 6 representing
reconnaissance squadrons), 27 in the second (21 and 6, respectively),
and 19 in the third (14 and 5, respectively). The values given in
the first experiment will, in some cases, be matched with the values
given by the same subjects in the second experiment. 25 subjects

(19 and 6, respectively) participated in both these experiments.

As the test material was only slightly changed after the preliminary
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test, I have included the results of the preliminary test in part

of the andlysis.

b7 PRIOR ACQUAINTANCE WITH THE METHODS

As one of the methods had been developed by the present author for
the Air Staff, it was considered to be extremely important that

any ‘influences in favor of the author's (or the Air Staff's) method
should be checked. The tendency among many subjects to give a high-
er rating to things with which they are familiar (in this case the
Air Staff's model), or with which they are ego-involved (the Air
Force), is known as the error of leniency (Guilford, 1954). To
diminish and check this tendency I chose, as mentioned above, written
forms instead of interviews. I alsco decided not to reveal the origin
of the methods to the participants. In the forms they received, I
used only the code-names A, B, C, and D. I also asked the subjects

about their prior acquaintance with the methods or the models.

It is very unlikely that any one of the participants had studied the
methods by Keeney or Miller. None of the participants from the

Royal Staff College of the Armed Forces or from the Air Force Squadron
Leader School had used any of the methods developed in the defense
sector. Of the two subjects from the Air Staff taking part in the
preliminary test, one had read articles about the two tested methods
developed in the defense sector. The other subject had used Tell's
method, but in quite different a setting. In subsequent interviews,
none of them claimed to have recognized the two methods from the
defense sector. Once again it must be stressed that nobody who took

part in the experiment knew which methods were being tested.

As regards the use of multiple-criteria models, a few participants
might have used the Air Force's (i.e. Tell's) model in evaluating
their squadrons. Their experience from these evaluations depended
on when they left their squadrons to attend the Staff College or the

Squadron Leader School. Nobody would have used any of the other models.
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To control any leniency effects at the third experiment, I did
three things. First, I did not tell the participants which

models were to be used. Secondly, I used code-names as in the
second experiment. Thirdly, I made sure that a quite different
presentation of the evaluation models was made and used completely

different forms than the subjects might have seen in the Air Force.

To check their acquaintance with the Air Force's (Tell's) model,
I asked the participants to mention any occasion on which they
had used the Air Force's model before. I also asked them to com-—

pare the Air Force's model with the models used in the experiment.

Several subjects left this question unanswered, probably because
they had not used the Air Force's model. (They had nothing with
which to compare the tested models.) Of the stbjects who did
answer the question, the great majority had no experience of the
Air Force's model, just as 1 had expected. Three subjects had had
some previous experience, and they all said that the additive
model used in the experiment (which is the Air Force's model) was

better than the Air Force's model!

Thus the risk that results may have been influenced by any prior

knowledge of some method or model can be ignored.



CHAPTER 5

THE_INTUITIVE_EVALUATION

In this chapter we will examine the first of the three experiments.
Since we are taking the intuitive utility indices as the values
with which the indices of the models should be compared, we will
have to check their consistency before going any Turther with our

analysis. The consistency checks will be described in this chapter.

5.1 PRESENTATION OF THE EXPERIMENT

For the intuitive evaluation we needed data on a number of squadrons.
During the two years preceding the experiment, all Swedish fighter
squadrons had been evaluated twice and all reconnalssance squadrons
once by a multiple—criteria evaluation model developed by the Air
Staff. This model employed the same criteria that I intended to

use in my experiment, plus some further criteria. But I was not

able to use this data, as it carried a high security rating, Instead
I decided to use it to generate simulated squadrons for the ex-
periment by applying the Monte Carlo technique. {The subjects were

told, however, that the data was real.)

Taeking the data available regarding the capability of all fighter
and reconnaissance squadrons, it was possible to form a distribution
function for each criterion. Unfortunately, there was no one—to-one
correspondence between the utility index used by the Air Force and
the criterion measure. The Air Force utility indexl) used only five
values, 1, 2, 3, 4, and 5, while the criterion, expressing the number
of pilots who fulfilled certain requirements, ranged from 0 to 15.2)

The input values for our experiment were to be expressed not in

the AF-utility scale but in criterion measures. The original data

1) Henceforth called the AF-utility index, to avoid confusing
this scale with others to be used later,

2) The maximum number of pilots varies between the types of
squadron, but in this report it will be fixed at 15 (a ficti-
tious value)-
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(expressed in criterion measures) was not available, so I had to
transform the AF-utility scale to the criterion scale by equal-
izing every AF-utility index with the maximum value of its cor-
responding interval on the criterion scale. Linear interpolations

were used in the intervals (cf. Figure 5.1).

Cunmulated
Relative

Frequency
A
1.00

0.50 -

»
1 2 T 3 T L 5 T 7AF-utility scale
0 1 2 3 4 5 6 7 8 91011 12 13 14 15 Criterion Scale

Figure 5.1 Example of a distribution function for one criterion,

In order to construct the squadrons, I had a computer generate

random numbers with a rectangular distribution from zero to one, and
then I  transformed these numbers by the distribution function for
every criterion until I had data about all criteria, i.e. I had
formed one squadron. I repeated this procedure until I had generated

32 squadrons.

Only one general check on the consistency of the generated data was
made. I refrained from making detailed checks on the individual
squadrons for two reasons. First, it would have been very difficult
to build a simulation model for generating squadrons without at
least somebody finding it inconsistent. Secondly, there were some
errors in the original data, perhaps due to misinterpretations or a
misunderstanding of the instructions for the Air Force evaluation

model; thus, as the subjects believed that they were receiving real
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historical data and that any errors emanated from this, I saw
no reason to make a careful check of the squadrons. I received
no comments on the data about the fighter squadrons, and only

very few on the reconnaissance squadrons.

The general check on the simulated squadrons consisted of com—
paring the real historical data and the generated data to see

how far they agreed. I computed the distribution functions for

all criteria and compared them with the original distribution
functions. Using the AF-utility scale I made 64 comparions for
fighter squadrons and L4 for reconnaissance squadrons. Only eight
differences for the fighter squadrons and five for the reconnaicssance
squadrons were greater than 0.10. The maximum difference was 0.25.
Thus I concluded that, on an average, the simulated squadrons were

not abnormal.

For each squadron the subjects were asked to estimate the capability
or the utility of each of the goals. There were six goals for fighter
and three for reconnaissance squadronsl) (ef. Figures L.1 and L4.2).

An example of the form used is given in Table 5.1.

The subjects were told to give their utility estimate in multiples
of 0.05, i.e. as 0, 0.05, 0.10, 0.15, 0.20, etc.z) Experiments
indicate that subjects rarely use a scale with greater precision
than that which I demanded of the participants here (Davidson and
Marschak, 1959; Sayeki and Vesper, 1973.) By restricting them to
one scale only, I knew that differences between participants would
not be due to differences in the length of the intervals used, i.e.
that one subject was using multiples of 0.10, perhaps, while another

used multiples of 0.01.

1) The subjects were in fact asked to estimate the utility of seven
and four goals respectively. The extra goals have not been used
in the other two experiments or in the analysis except at con-—
sistency checks.

2) In fact we used a scale from 0 to 100 in the experiment, thus
making the scale more similar to well-known percentages and in-
dex figures,
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/. FIGHTER SQUADRON J 35 F

Number of crews fulfilling the requirements on

Start /5
Landing /4
Instrument flying 1Y
Tactical flying at operational performance limits /¢
Formation flying g
Navigation /¢Z
1771 //
ITT2 10
1773 5
ITTY 5
ITT5 /Y
ITT6 /2
ITTT q
1178 7
ITT9 /3
Fighter sweep /Y

For the following missions consider only the actual fighting, i.e.
without paying any attention to the capability of the squadron in

starting, landing, navigating, etc.

Fighter defense, VMC day

Fighter defense, VMC night and/or IMC

Fighter defense, jammed environment

Other fighter missions (fighter attack, fighter sweep, etc.)

Fighter missions, total

Finally, consider the total effect of the sguadron. At this stage,

include the capability in starting, instrument flying, navigating, etc.

Total effect during VMC night and/or IMC

Total effect for all missions

Table 5.1 Form used to describe a squadron to be evaluated in the
first experiment. TFictitious data,
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In this first experiment I wanted to study the subjects' ability

to make the evaluations consistently. For this I used a test-
retest procedure which meant that some squadrons would be pre-
sented to the participants on two occasions to check whether evalu-
ations would be identical. It 1s usually recommended that the test
and the retest are made on several different occasions to minimize
memory effects. However, as I was studying preferences, there was
also a risk that if I checked on different occasions the subjects'
preferences might have changed between the first and the second
test. In any case, for several reasons, the risk of memory effects

seemed slight in this experiment.

All the information about the squadrons was expressed in numbers,
and quantitative data is more difficult to memorize than qualitative.
It is also easier to memorize unlikely and strange combinations of
data than to remember the more ordinary values that I was using.

Had I taken specially selected alternatives, as Einhorn (1971) does,
for example, then the memory effect would have been more significant.
It takes time for the subject to translate the given information

1)

into utility values. As at least two other squadrons intervened
between the first and the second appearance of any particular squadron,
it is highly unlikely that the subject would have recognized the
duplicate (which anyway carried a different squadron identification)

or that he would have remembered his answers. Finally, I should add
that the subjects were told not to look at the squadrons they had
already evaluated and I saw no sign of the subjects disobeying this
order cr even noticing the duplicates.2)
The 32 squadrons were divided into two groups with 16 squadrons in
each group. Four of the eight duplicates were chosen at random from

the first group and four were chosen from the second. Finally, the

1) The average time for evaluating all the goals of a fighter
squadron was 5.5 minutes and for a reconnaissance squadron
2.7 minutes.

2) At the preliminary test, by mistake, one subject was given a
duplicate squadron following directly on the original. His two
evaluations d4id not agree.
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order of each group was randomized for every subject, to cancel

out possible training and position effects.

The material was split into two parts, as it seemed unlikely that

any participant would evaluate all squadrons in the 60 minute

period available. As I wanted them to make as many evaluations

as possible I purposely gave them too many squadrons. For consist-—
ency checks it was necessary that several squadrons should be evaluated
twice and that different subjects should have several evaluated
squadrons in common. The chances of this happening would increase

if the 40 squadrons were divided into two sets.

Squadrons evaluated twice (original and duplicate) were represented

by their average for the purpose of the subsequent analysis.

5.2 RESULTS

If we want to use the intuitive values as the base with which to
compare all the models, we have to check their consistency. I used
a two-pronged approach to this question. First I tested the parti-
cipants' ability to give the same utility index for one squadron at
different times, thus examining the consistency of every subject
over time. Secondly, I studied the correlation between the utility
indices given by different subjects, thus examining the extent to

which the partieipants agreed in their evaluation of the squadrons.

5.2.1 Consistency over time

The analysis of intra-subject consistency was based on the duplicated
squadrons. Twenty subjects had evaluated at least one squadron twice.
Consistency is analyzed in several ways. The data is presented in

Tables 5.2 to 5.h.

In Table 5.2 I present four different measures of the agreement
between the subjects' evaluations of the duplicated squadrons. Only
those subjects who have evaluated at least one squadron twice are

included in the table.
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squadrons.

Fighter and reconnaissance sgquadrons.

Subject | Number ofIAverage !Square root |Number of Relative number of
No. squadrons#absolute'of the mean |different utility ([different utility
evaluated| error %square error |indices with a :indices with a
twice difference -difference
! > 1> 1> 1> > > 0> >
§ 0.05 oflogoTlsioTeoiofosiofloi0715 0.20
Fighter Squadrons
7 b 0.084  ‘o.110 20 1 16 8 2 71 1!58 29
8 3 0.050  0.070 13 i T 1 0 63 ;3 5
13 1 ¢.079 0.106 s oL .2 0 % T2 1580 29 1 ©
16 5 0.077  0.109 27 113, 6, 5 178 (3818 {15
21 in 0.095 0.128 23 115" 8: 3183 :5ski 29111
23 5 0.073 0.120 20 13 7 Loy 58 | 38 21 1 22
29 8 0.020  0.0kO 181 by 1. 037 8] 21 0
30 8 0.038  |0.058 28 | 1h 0 1 o |58 | 29 0
31 8 0.0L48 0.072 31 | 16 T, O 65|34} 15 0
32 8 0.031 0.094 8 T 5005 16 | 14 | 10 | 10
33 8 0.029 0.060 20 73 ? 2 | b1 | 1k 6 b
3k 8 0.02k 0.0k4L 22 3 1 g 146 6 2 g 2
35 8 0.035  10.056 8 8 21 1|s8|27] ul 2
36 8 0.029 0.047 25 6 1 |52 | 12 21 0
Average 0.051 0.080 i 57 30 ;12 5
|
Reconnaissance Sguadron
10 2 0.006 0.019 1 0 0 0 13 0 Q 0
15 7 0.029 0.043 14 2 0 Q| s0 7 o o
17 8 0.055 0.079 20 9 6 0] 62} 28| 19 0
2l 3 0.013 0.026 3 0 0 0| 25 0 0 0
25 L 0.053 0.076 11 3 3 0| 69 ) 19| 19 o
28 L 0.000 0.000 0 0 0 0 Q 0 Q 0
Average 0.026 0.068 37 9 6 0
Table 5.2 Agreement between the subjects' evaluations of the duplicated
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We assume here that, on an average, all errors arec of the same
magnitude and of the same importance to all six goals. This
assumption seems reasonable, as we have two effects pulling in
different directions: on the one hand it will probably be more
difficult to make consistent evaluations of the more complex

goals but, on the other, it will probably be easier to make correct
Judgments of the total effect of a squadron than of the different

goals.

I found the average absolute errorl) for fighter squadrons to be
0.051 and for reconnaissance squadrons 0.026. These errors must

be considered very small as the subjects were asked to use multiples
of 0.05 only in their evaluations of the combat units. This means
that we must accept an error of *0.025 in every evaluation, and a
difference between two evaluations of the same object of #0.05.

The mean square error, indicating the dispersion in the estimation

errors, is also very low.

Another way of checking the consistency is to count the number of
differences of various sizes. This is shown in the columns to
the right in Table 5.2. There we can see that "real" errors, i.e.
errors greater than +0.05, occurred in only 30 % and 9 % of the

evaluations, respectively. This must be considered a low figure.

One of the most common ways of analyzing agreement uses the cor-
relation between the utility indices given at the first and second
evaluation. The averaged correlation coefficients in the present
experiment are presented in Tables 5.3 and 5.4, where we see the
agreement between the evaluations of each of the six goals of the
fighter squadrons and of the three goals of the reconnaissance
squadrons. There are fewer observations than in Table 5.2, as some

subjects had evaluated too few squadrons.

1) The absolute error was used, since both positive and negative
differences were regarded as errors. Using the average error
would have resulted in these differences compensating each other.
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We have used a rank-order coefficient (Spearman) as well as the
product-moment coefficient (Pearson) of correlation, but they both
produce very similar results. The coefficients are high, as we
would expect after the analysis in Table 5.2. The coefficients

also tend to get lower as the complexity of the evaluated system
incgeases, although they are still high for the most complex system.
The ‘coefficients for the reconnaissance squadron are more uncertain,

due to the limited number of observations.

Correlation coefficient Goal No.

1 2 3 ) 5 6
Pearson's 0.95 0.91 0.92 O0.77T 0.75 0.74
Spearman's 0.91 0.86 0.88 0.68 0.67T 0.76

No. of observations, P/S 13/13 13/13 13/13 13/13 13/13 12/11

Table 5.3 The average correlation coefficient for the six goals of
a fighter squadron.

Correlation coefficient Goal No.

1 2 3
Pearson's 0.86 0.93 0.91
Spearman's 0.83 0.96 0.91
No. of evaluations, P/S 3/3 L/y 5/5

Table 5.4 The average correlation coefficient for the three goals of
a reconnaissance squadron.

The conclusion of the analysis of the intra-subject consistency is
that our participants can consistently evaluate the capability of
squadrons, although the agreement decreases as the system becomes

more complex.

8—avhandling Bertil Tell
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5.2.2 Consistency between subjects

The concordance between participants provides a very interesting
subject for analysis. It has generally been considered impossible
to compare the utility functions of individual people but some
researchers - e.g. Wallis and Friedman (1942) - have considered

it possible provided the background characteristics of the subjects
are similar. In our study the subjects had extremely similar
backgrounds: they had all been officers and squadron leaders for

a long time and had received the same education and training in

the Air Force, thus fulfilling Wallis and Friedman's requirement.

There 1s also another important distinction between classical
utility comparisons and the comparisons I have made here. The
participants in our study strive for the same goal, i.e. a strong
Air Force, and they thus form a team (Marschak, 1955; and Marschak
and Radner, 1972). They were asked to estimate the utility function
of the team, and the only comparison we make is between their

estimates. Thus we do not compare their personal utility functions.

The subjects received more squadrons to evaluate than I expected

them to manage in the time available. This circumstance, together
with the fact that the order was random, makes a multiple-correlation
study impossible without first selecting a subset of either squadrons
or participants. Instead I decided to compute the Kendall coefficient
of concordance (Conover, 1971) for the thirteen subjects having the
greatest number of evaluated fighter squadrons (16) in common. The
results are presented in Table 5.5. Increasing the number of subjects
and thus decreasing the number of evaluated squadrons in common makes

very little difference to the coefficient of concordance.

Kendall's coefficient Goal No.
of concordance 1 2 3 L 5 6

0.82 0.72 0.61 0.59 0.51

+ Only 12 subjects

Table 5.5 The Kendall coefficient of concordance for 13 subjects
who had evaluated 16 fighter squadrons
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We note that the coefficients of concordance are high except in
the case of the more complex systems, and that they become lower
as the complexity grows. The results support our assumption
about the participants' ability to express the utility of the Air

Force.

Two other ways of analyzing inter-—subject concordance, which

yield similar results, can be found in Tell (1975).

5.2.3 Conclusion

The conclusion of the analysis of the data from the first experiment
1s that there is a high degree of inter-subject as well as intra-
subject agreement in the evaluations. This means that every subject
assigns very much the same utility indices to the same squadron on
different occasions and that the evaluations of different subjects
tend to coincide. In both cases the concordance decreases as the

evaluated systems become more complex.

5.3 MEASUREMENT SCALES

In the analysis of the data generated by the experiments, the type
of measurement scale used will play an important role. It will be
important not only in testing hypotheses concerning the participants'
attitudes to the methods and modelsy it will also affect the con-
clusions we draw about the precision of the models. So far we have
been using statistical measures requiring at least ordinal scale
data as well as measures demanding, at the least, interval-scale

data.

The advantage of the latter type of scale is that it allows us to
use more powerful statistical measures and tests, for instance means
and tests of differences between means. However, it 1s 1lmpossible
to prove that a measurement scale is in fact of a certain type, for
instance of the interval type. Thus, by presenting different pieces

of evidence, I will try to show that, in the present case, we can
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assume the utility scale to be of the interval type without any

risk of reaching false conclusions.

Nunnally (1967) opposes the idea of "real” scales. He finds it
more appropriate to think of a measurement scale as an agreement
among scientists that a particular scaling of an attribute is a
"good" one. This means that the use of the scale will be the
crucial factor in determining the quality of the scaling.

Since neither correlations between scores of individuals

on different measures, nor mean differences between differ—

ently treated groupsl), are much affected by monotonic
transformations, the use of a "real" scale or of another scale
monotonically related to it, will usually make very little differ-

ence to the analysis.

Some statistical studies have indicated that the requirement re-
garding the use of interval-scale measurements and normally dis-—
tributed variables when using t-test or F-tests can be violated
without affecting the conclusions to any great extent (Abelson and
Tukey, 1959, 1963; Boneau, 19603 Baker, Hardyck, and Petrinovich,
1966). This means "that strong statistics such as the t-test are
more than adequate to cope with weak measurements" (Baker et al,
1966, p. 303). Other authors, e.g. Siegel (1956), and Stevens
(1968), are more critical. McKennel (1970) presents arguments that
have been brought forward in discussions in the field of psychology
and socliology regarding the use of interval-scale-requiring-measures

on ordinal scale data.

If we examine +the process of evaluating the capability

of squadrons, we will see that both the maximum as well as the
minimum capability are unique. The former, resulting in a utility

of one, requires all prescribed resources to be availablej; the latter,
giving a utility of zero, demands zero resources. This means, in

fact, that the requirements of a ratio scale are fulfilled, i.e. we

1) These are both measures which we will use.
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have a rational zero and the intervals are expressed as multiples

of the maximum-capability squadron.

This utility scale is intuitively attractive and easy to use,

since the upper and lower limits of the capability are fixed by
definition. It seems very plausible that the procedure which
generates data fulfills at least the requirements of producing
interval scale data. For example, one 0.70-util squadron should
produce the same effect, i.e. the same number of destroyed aircraft,
photo-missions, or the same gquantity of transported materials, as

one 0.30-util and one 0.40-util squadron.

Looking at other studies, we find the assumption about interval
scale properties of the utility function to be the dominating one

(Meehl, 195k4; Dawes, 1971; Einhorn, 1971; Goldberg, 1971; and others).

In some tests it is not only necessary that the subjects use, at the
least, interval-scale measurements, it is also necessary that they
use the same interval scale. Logically the participants will use
the same scale. Because of the nature of the data {(cf. the inter-
subject consistency check in Section 5.2.2), it is realistic

to assume that they do so.

Up to now we have been concerned mainly with the measurement scales
used by the participants when they are evaluating squadrons and
ansvering questions about the methods and models used. When it comes
to the scales used in the models, the determining factor will be the

scale of the utility function of the variables.

The indirect approach that I was testing, i.e. regression analysis,
assumes that the utility index given by the decision-maker as well as
that given by the model 1is a measurable criterion, i.e. it contains
at the least interval—scale information (Green and Carmone, 197k).
The direct methods lead to data on different scales. Keeney, using

the von Neumann-Morgenstern approach to finding utility functions,
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gets an interval scale (von Neuman and Morgenstern, 1947), Miller
(1970) spetks of a ratio scale, while the others say nothing. But
as I cannot find any differences between the utility functions
generated by the different methods (Section 6.2.2) T conclude that
they are all of the interval type. This justifies computing the

difference between the intuitive and the model values.

We will assume henceforth that all utility values arise from inter-
val scale measurements, since it seems that the procedures generating
the data meet the requirements. Moreover, if this assumption were
wrong, the statistical techniques we are employing are very resistant
to the type of errors we might introduce. Finally I should mention
that the indications of the data are very clear, regardless of the
measurement scales and statistical tests used. In some cases I

have tried several statistical tests with different assumptions, but
they all produce identical tendencies although the levels of signi-
ficance may vary somewhat. I conclude from this that the results

of this study are very invariant to the measurement scale used.
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CHAPTER 6

THE_PRECISION OF THE MODELS_ - DIRECT ESTIMATION

In this chapter I will first present the second experiment, in

which the subjects used the direct estimation methods (6.1). The
first part of the analysis deals with the methods: their efficiency
in estimating the parameters and the unidimensional utility functions
(6.2 and 6.3). I have included this analysis of the methods in the
present chapter, as any improvement in this respect will also im-
prove the precision of the models. The second part analyzes the
precision of the multiple-criteria models (6.4). Other aspects

of the models and methods such as the time required, the ease with
which they can be used, etc. will be discussed in Chapter 8. Section

6.5 consists of a summary of our findings.

6.1 PRESENTATION OF THE EXPERIMENT

In the second experiment each participant received a booklet divided
into four parts - one for each method. The order of the parts was
randomized to counteract possible training and position effects.

Each method was presented briefly, and followed by the questions
necessary for forming the compound utility function, i.e. for finding
the unidimensional utility functions of the criteria and the para-
meters. There were no extra questions for consistency checks, control
of independence etc. (cf. Section 4.6). The booklet had been critic-—
ally examined by several of my colleagues at the Stockholm School of
Economics. A preliminary test was carried out and this led to some

minor modifications.

6.2 ESTIMATION OF THE PARAMETERS

6.2.1 Consistency check of the consultants' method

In the consultants' method it is possible to check for the consistency
of the answers given by the subjects without putting any extra gquestioms.
This possibility is not discussed by the consultants. The parameters

of their model were derived by getting the subjects to evaluate of-p
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combinations of utility indices of the n criteria. For three
criteria a form similar to Table 6.1 was presented to the sub-
Jjects. (The order between the objects is not random in this

example. )

Object No. ul(x ) u2(x2) u3(x3) U(Xl,xz,x3)§
;
1

1 0 0 0 0 :

2 1 0 0

3 0 1 0

h o] o] 1

> 1 1 0

6 1 0 1

T 0 1 1

8 1 1 1 1.0

Table 6.1 Form used in the consultants' method to gather in-
formation about the parameters,

As more is preferred to less of all criteria, the compound utility
function should increase monotonically. This gives us an opportunity
for checking the consistency. In this example object number 5 should
have a utility greater than objects 2and 3 respectively. The utility
of object 6 should be greater than that of objects 2 and 4, etc.

As the compound utility is bound to be between zero and one, we have
no checking possibilities for two criteria. There are 6 possibilities
with three criteria, 36 with four, etc. The number of potential

checks grows exponentially as the number of criteria increases.

In this study the utility of each criterion increases monotonically,

but as the subjects were asked to give the compound utility indices

in multiples of 0.05, we will accept as a consistent answer that,

for example, object 5 is equal to or greater than objects 2 and 3 re-
spectively. This means that on account of imperfections in the measure-
ment, we require the compound utility function t0 be increasing in-

stead of non-decreasing.
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The results are presented in Table 6.2, from which we read
that the average numbers of inconsistencies are small. They
increase as the systems grow more complex and they tend to
grow exponentially. We must remember, however, that an incon-
sistency here is rather a serious error, which means that this

technique is less reliable for more complex systems.

Goal No.
Fighter squadron Reconnaissance squadron
1 2 3 L 5 6 1 2 3
Number of
criteria 2 12 3 in in 7 5 2 6
Average number
of inconsist~
encies per
subject - - 0.05 | 1.k0 ] 1.85|k0.50 | k.17 | - 3.66
Number of
subjects - - 19 20 20 1k 6 - 6

Table 6.2 Inconsistent answers from subjects when using the
consultants' method

6.2.2 A comparison of Keeney's, Miller's, and Tell's methods

Keeney's, Miller's, and Tell's methods have an equal number of para-

meters. The average parameter values cannot be compared in any

meaningful way, as they will be used in different compound utility

functions. Thelr variances are comparable, however, since these

express the concordance among the subjects about the value of every

parameter. The lower the variance, the better the method will be

for finding the parameter.

The standard deviations among the subjects for every parameter

estimated by the three methods are presented in Table 6.3. In Table

6.4 we can see how many subjects had used the various methods.
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Parameters
(fighter and
reconnaissance )

Standard deviations

Keeney's method

Miller's method Tell's method

O o1 O\ Fw N
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17.
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13.
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18.
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Table 6.3 The standard deviations of the estimates of the parameters
- fighter and reconnaissance sguadrons. (The order of the
parameters is not the same as in Figures 4.1 and L.2.)
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Keeney's method

Miller's method

Tell's method

|
|
|
|
|
’
i

Fighter sguadron 15, 1k or 10

Reconnaid ssance
squadron 6, 5, or 4

19’ 183 17’ 169
or 15

6 or s

18, 17, or 16

6 or 5

Table 6.4  Number of observations of the parameters.

We observe that the standard deviation for Keeney's method is much
higher than it is for the other two. If we rank the methods accord-
ing to the variance for every parameter, Keeney's method will re-—
ceive a sum of its ranks amounting to 94. Comparing this with the
maximum rank sum of 105, we see clearly that his method has a higher

variance than Miller's and Tell's methods.

If we compare the variances of Miller's and Tell's methods, we find
that those of Tell's are lower. The hypothesis of equal variances
in the estimates of parameters can be rejected at the 10 percent
level, whether we use the sign test or the Wilcoxon sign rank test

(Conover, 1971).

The conclusion 1s that Keeney's method shows very high variances in
the estimates of the parameters. Miller's and Tell's methods show
significantly lower variances, and of them Tell's method has sign-

ificantly the lowest.

6.3 SHAPE OF THE UTILITY FUNCTIONS

6.3.1 Consistency check of Keeney's method
Y. y

A printing error gave me a chance to check the consistency of Keeney's

method. Two questions (the first znd the last) for ui(xi) = 0.50 were

1) In this and other tables the number of observations will be
presented in this way. This means that we do not consider
it important to show which parameters (in this case) are
associated with 18 observations and which are associated with
17 observations. We consider only the magnitude to be important.
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included but the ui(xi) = 0.375 question was missed out for all
criteria. This loss hardly affects the rest of the analysis as

very few criteria had any x-value as low as this.

In Table 6.5 we see that a surprisingly large number of subjects
found this method difficult, as the number of incomsistencies

is large. In almost 40 percent of the utility functions the
subjects gave criteria values that differed by more than 10 per-—

cent. This must be considered a very high figure.

Difference in x-values
expressed as percent
of the maximum x-value 0 :0.01-0.10/0.11-0.20(0.21-0.30 [0.31-0.40 |> ¢0.ko
(note that the x-value
is an integer between
0 and appr. 15)

BUR———

Number of differences | 35.8 25.4 30.3 3.3 5.k 0
in percent of total

humber of estimated

utility functions by
Keeney's methodh

+ Number of utility functions: 330. Number of subjects: 23.

Table 6.5 Relative number of inconsistent answers, using Keeney's
method. Fighter and reconnaissance squadrons.

6.3.2 Comparing the utility functions of the four methods

All methods estimate unidimensional utility functions of the criteria.
Thus the experiment has given us four utility functions for every

criteria and subject.

Miller's utility function fulfills the requirements of a ratio scale.
Von Neumann and Morgenstern (1947) have shown that their lottery
technique satisfies the requirements for producing an interval scale,

and this technique is used in Keeney's method. The other two methods

1)

postulate nothing about their scales. If we cannot find any difference

1) As Miller's and Tell's methods for estimating the unidimensional
utility functions are almost identical, we will conclude that
Tell's method also generates utility functions with ratio scale
properties.
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between the functions, we can say that the simplest is to be pre-
ferred, as the methods generate utility functions of equal quality
(at least interval scale). We will examine our hypothesis of equal
utility functions by comparing all four of them. We will make a
pairwise comparison between the two methods with the weakest scales
(the consultants' and Tell's) and the one using a ratio scale.

Finally we will simultaneously compare all four methods.

To examine our hypothesis that there are no differences between the
utility functions generated by the different methods, we calculated

the biggest difference between the utility functions that we had
compared. This gave us one difference for every pair/group of

utility functions determined by every subject and every criteria.

As we are not interested in differences for single subjects or criteria,
we will regard the data as a sample from a universe of utility functions

determined by these methods.

Maximum Cumulative relative frequencies between methods
g;fiiiiggs The consultants' Tell's and | All four i
and Miller's Miller's . methods
0.00 8.3 9.5 ! 5.5
0.05 16.0 18.6 ] 11.7
0.10 3L.L LL.L i 16.3
0.15 50,1 71.0 I 35.8
0.20 9.4 8h. k4 | 53.8 E
0.25 82.4 89.1 i 63.5
0.30 1.7 92.7 CT1.7
0.35 95.3 93.5 D794
0.40 96.5 97.5 ; 87.4
0.k45 97.6 97.5 90.3
0.50 100.0 100.0 96.8
0.55 i98.5
0.60 ' 99.0
0.65 ! 100.0
0.70 |
0.75 i
Number of I
utility functions ! 169 i 275 | 307

Table 6.6 Cumulative relative frequencies of maximum differences
between utility functions estimated by various methods
over all subjects and criteria. Fighter squadrons.
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In Table 6.6 we can see the cumulative relative frequencies of the
maximum differences computed over all criteria and all subjects. We
can see that there are small differences between Miller's, the con-
sultants', and Tell's methods. In less than ten percent of all
utility functions, the maximum difference between the functions ex-
ceed 0.30 and the median difference will be less than 0.15. Naturally
the simultaneous test yields higher values but the median is still

low, and we can conclude that the methods, at least in this experiment,

seem to produce identical utility functions.

6.4 THE PRECISION OF THE MODELS

My criterion of a good model was that it should yield the utility
indices closest to those given by the evaluator. Thus I calculated
the difference between the utility index given by the subject at the
intuitive evaluation and the utility index generated by each of the
four models. These differences were calculated for each subject, for
all the squadrons he had evaluated and for all the goals. The differ-

)

ences were presented as in Figure 6.1l , and they formed the basis

for the rest of the analysis.

If we are to be able to compare the utility indices generated in
the first experiment with the indices produced by the models con-
structed at the second experiment, the subjects' preferences have
to be stable. This assumption will probably be fulfilled as any
military and technical changes likely to affect the officers' prefer-
ences would be negligible over a short period of time. There is also
evidence from other problems (Grayson, 1960; Goldberg, 1968) that
utility functions stay reasonably stable over falrly long periods

and here the pericd was only two weeks.

To analyze the precision I followed two different approaches. The

usual way is to calculate the correlation coefficient between the

1) From now on the models will often be designated C ( = con-
sultants), K (= Keeney), M (= Miller), and T (= Tell). The
intuitive evaluation will be marked by I.
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Subject No. 3

Subject No. 2

Subject No. 1
Squadron Goal No. 1 Goal No. 2
No. (c-1) (K-I) (M-1) (T-1) (c-1) (K-I) = -~ =~ -
I .10 .16 - .10 .14 .33 22 - - - -
6 - .10 .13 - .13 .03 37 .08 - - - -
7 ~- .02 .08 - .12 .02 17 19 - - - -
8 - .11 .09 -~ .15 - .11 .31 A7 - - - -
| | { i { I 1
i | | | | | |
\ ' / I { ' |
Average 0.063 0.080 -0.091 0.048 0.175 0.149 - - - -
| Variance |0.00363 0.00713 0.00312 0.00117 | 0.00951  0.01375 - - -
| Mean
square
error 0.00759 0.01357 0.01132 0.00348 | 0.04010 0.03593 - - -

Figure 6.1 Form used for analyzing the precision of the models,

intuitive utility indices and the utility indices of the model, and
to consider the model receiving the highest correlation coeffieients

as the best (Dawes, 1973).

But choosing a model is in fact similar to finding a good estimator

in statistics. 1In the latter case, criteria such as bias (i.e. the
amount of systematic error), variance, and mean square error are

common measures for expressing the precision of an estimator; generally
the estimator with the lowest mean square error 1s considered the best.
Here we lack the true value used to calculate the variance and the

mean square error but, as was indicated in Section 3.7.1, we will use
the decision-maker's intuitive value instead. Ackoff (1962) has argued

in favor of using these criteria when evaluating models,
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One reason for using two methods to analyze the precision of the
models is the insensitivity of the correlation coefficient to
systematic errors in the models. This is revealed by the "statist-
ical" approach. The correlation coefficient has also been critic-
ized for assigning higher values to incorrect models than to the

correct model (Birnbaum, 1973 and 197k).

6.4.1 Correlations

The average product-moment correlation ccefficients are presented
in Table 6.7. The correlations are calculated on real data from
the first and the second experiments. Rounding off the indiczs of
the models to multiples of 0.05, i.e. to the same precision as the
intuitive values, had no noticeable effect on the correlations. In
the computations I have included all subjects who had evaluated at

least three squadrons.

1

Model Goal Wo. !

1 2 3 4 5 l6
Consultants 0.67 |0.77 |0.64 ] 0.63 |0.49 [0.25
Keeney 0.73 0.67 0.57 0.62 | 0.39 !—
Miller 0.72 0.75 0.72 0.5L4 0.k1 i0.39
Tell 0.72 10.75 | 0.69 | 0.67 lo.uo 0.23

i

Table 6.7 Average product-moment correlation coefficients

for the four models. Fighter squadron.

One of our hypotheses concerned the difference in precision between
the a priori additive models and the flexible models. The latter
models may become either additive or additive with interaction terms,
depending on the decislon-maker's preferences. To simplify the con-

clusions about this hypothesis I have separated the two types of
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models by a dotted line. The flexible models will be found above
the line and the additive below it.

Another hypothesis concerned differences between "theoretically"

and "practically" developed methods. We will find the two "theoretical
models close to and on either side of the dotted line, while the two
"practical” models will be found as the first and the last model in

the tables.

In cases where, for some reason, there were too few observations to

yield any result, I have inserted a dash.

We see that the average correlation coefficients are fairly high;
approximately 0.70 for the first three goals, 0.6C for the fourth,
and lower for goals 5 and 6. For more complex goals the coefficients
are smaller. All models show very similar correlation coefficients,

except perhaps Keeney's where they are somewhat lower.

This methed of analyzing the coefficients by averages has been used
by, for example, Huber, Sahney, and Ford (1969). As the differences
between the correlation coefficients are neither very large nor
pointing in any specific direction, and as they are lower in the

case of more complex problems, I decided to analyze the correlations
by some other methods, to see whether these could shed any more light

on the precision of the different models.

Einhorn (1971) and Goldberg {1971) used the maximum correlation co-
efficient to determine the best model for every subject. Then they
used the number of times a model was considered the best as the
criterion of a good model. If we apply this to all the subjects who

had constructed all four models, we get the results of Table 6.8.

4

Keeney's model is now showing good results, while the other:z zsem
equally good but on a lower level. Most of the success 2 Xeeney

model is acquired at the first goal.

9 Avhandling Bertil Tell
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Model Goal No.

1 2 3 L 5 6 Total
Consultants 1 2.5 0 2 2 - T.5
Keeney 5 2 2 2 1 - 12
Miller 3 1 3 5 1 - 8.5
Tell 0 1.5 L 3.5 0 =

Table 6.8 Number of times a model has had the highest product-
moment correlation coefficient for the participants
who had constructed all four models. Fighter squadron.

Using the sum of the ranks as a criterion instead of the sum of the
times the models has the rank of one, gives us the results shown in
Table 6.9. Keeney's model is now found to be as good as the con-
sultants' and Tell's models. They all proved better than Miller's
model, which had a slightly higher sum of the ranks.

Model Goal No.

1 2 3 N 5 6 Total
Consultants 24h.5 |13 25 21 7 - 90.5
Keeney 18 17.5 |{2k.5 |18 12 - 90
Miller 22 18.5 {19.5 [26.5 |11 - 97.5
Tell 25.5 |21 21 1k.5 |10 - g2

Table 6.9 Sums of the ranks of the product—moment correlation
coefficients of the four models. Fighter squadron,

The conclusion of this analysis of the correlation coefficients
is that we can find no differences in precision between the models.
The correlation coefficients are fairly high, but they decrease as

the number of criteria increases.
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6.L.2 Bias

Assuming that all subjects used equal interval scales {cf. Section
5.3), I calculated the average bias over all squadrons and sub-—

jects. The results are presented in Table 6.10.

Model Goal No.

1 2 3 L 5 6
Consultants 0.035 0.057 | 0.039 |0.052 |0.056 |-0.061
Keeney 0.061 | 0.063 |0.11% |o.174 [o0.177 0.405
Miller 0.013 | 0.037 {0.015 |0.07T% |0.034 0.076
Tell 0.029 | 0.036 |[o0.012 |o0.047 |[0.0LO 0.105

Table 6.10 Average bias of the models for different goals.
Fighter squadron.

The average bias 1s positive, except for one element, indicating
too optimistic an evaluation by the models. We find that the simple
additive models (Miller and Tell) both do better than the consult-
ants' and Keeney's flexible models. Keeney's model shows much
greater bias for the more complex goals (3 to 6), where almost all
models contained interaction terms, than for the simple goals

1 and 2, where a majority of the models were purely additive.

It is also important to note that the bias is small. As the values
given at the intuitive evaluation were in multiples of 0.05, we will
have to consider an absolute bias less than 0.025 as no bias. From
Table 6.10 we can see that in 3 of 24 cases we had a bias as small
as this. In 9 of 24 cases the bias was absolutely smaller than 0.05
and in only 6 cases was it greater than 0.1. The bias seems to be
independent of the complexity of the evaluated system. At goal 6
the bias is noticeably higher than at the other goals, but this may

be due to the very small number of observations.



116

The average standard deviations indicate the inter-subject
differences in bias are small. The differences

between the models are also small, except for goal 6 (Table 6.11).
As the standard deviation of Keeney's model is no greater than

that of the other models, Keeney's model must have a blas constantly

higher than the others.

Model Goal No.

1 2 3 L 5 6
Consultants 0.043 [0.033 |0.040 |0.028 |0.031 |0.081
Keeney 0.047 |0.059 |0.029 |0.033 |0.037 | 0.542
Miller 0.054 | 0.027 |0.053 | 0.042 |0.037 |0.061
Tell 0.042 | 0.033 | 0.046 | 0.037 |O0.027 | 0.062

Table 6.11 The average standard deviation of the bias of the
models for different goals. Fighter squadron,

The conclusion is that the average blas is negligible. Keeney's
model, however, showed a bias much higher than that of the other

models.

6.4.3 Variance

To find a measure of the dispersion, I calculated the variance of

the four models for every subject and goal (cf. Figure 6.1). To

find out whether there were any differences in the variances generated
by the models, I used the Wilcoxon signed rank test (Conover, 1971).

I then had to assume that the subjects used identical interval scales.l

I tested the hypothesis for all pairs of models and for all goals.
The results are presented in Table 6.12, where I have used one matrix
for every goal. The result of the tests, i.e. the level of signific-

ance or the character N for a non-significant difference, is noted

1) Identical conclusions can in fact be drawn by using the sign test.
Then we only require that the subjects use interval scales but not
that they have to be identical (cf. Section 3.5).
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in the row with the largest signed sum of the ranks. Reading the

rows of the matrices, we can easily see which models are good

(empty rows) or poor {(a figure, or the character N), and by read-

ing the columns we learn how good the models are (from the levels

of significance).

So we see, for example, that at goal 3 the

conéultantg model was better (had a lower sum of the ranks which

implies lower variances) than Miller's model although the differ-

ence was not significant.

We also see that the consultants' model

was significantly outperformed by Keeney's and Tell's models.

C K M T C K M T C K M T
Consultants N N .20 .20
Keeney N N N
Miller 051 .25 N .20 N
Tell | N .10 } 251 .20 N N
i
Goal No. 1 Goal No. 2 Goal No. 3
C K M T C K M T C K M T
1 — T T T l
Consultants N N ‘ .25 N
Keeney N N N N N
______________ ‘/
Miller N (.25 .10 .25} N
Tell N N .15 N N N
Goal No. 4 Goal No. 5 Goal No. 6
Table 6.12 Pairwise tests of differences in variance between the

models.

Fighter squadron.
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The flexible models above the dotted line show more empty rows,
and thus smaller variances, than the additive models bhelow this
line. Sixteen comparisons, of which nine were significant, in-
dicated a lower variance for the flexible models. There seems

to be no difference between the "practically" and the "theoretic-—

ally" developed models.

Apart from this, the material seems too weak to permit any further
conclusions. There are no other evident tendencies, nor any high-

ly significant differences.

6.4b.4  Mean square error

It 1s intuitively clear that a good model has a small varlance.

It is perhaps not as evident that a large bias 1s also a problem.
But as the size and the sign of the bilas are unknown and will vary
from problem to problem, we will not be able to correct for the
bias by adding a constant. Thus we prefer a model with a small

bias and & small variance.

In statistics it is common to use the mean square error (MSE) as
the criterion of a good estimator. The MSE is the mean of the

sum of the squared deviations from the intuitive values and it
implies that the decision-maker has a quadratic utility function
around this value. The MSE can also be written as a sum of two of

our criteria, i.e. as

MSE = Variance + Bias2

A measure similar to the MSE has been used by Sayeki and Vesper

(1973) in a multiple—criteria study.

The MSE was computed for every model, subject, and goal (cf. Figure
6.1). Our hypothesis that there were no differences in MSE between
the models was subjected to a pairwise test, using the Wilcoxon
signed rank test (Conover, 1971). The assumptions etc. were the
same as those described in Section 6.4.3. The results can be seen

in Table 6.13.
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C K M T C K M T C K M T
Consultants N | N .15
Keeney .25 N .20 N N IN .20 .05 |.15
Miller N N N
Tell .05 N N
Goal No. 1 Goal No. 2 Goal No. 3
C K M T C K M T C K M T
\
Consultants N .20 N N
Keeney .01 .01 | .05 .005 .005 |.005 N N N
““““““““ [
Miller N .20 N N 10 !
Tell
Goal No. 4 Goal No. 5 Goal No. 6

Table 6.13 Pairwise tests of differences in MSE between the

models. Fighter squadron.

The number of significant differences has now increased. Keeney's
model did worse than all the other models; eleven out of eighteen
differences were significant. These poor results can be attributed
mainly to the large bias in Keeney's model. Tell's model did well.
It was better than Miller's model in five out of six cases, better
than the consultants' model in four out of six cases, and better
than Keeney's model. In seven of these comparisons the difference
was significant. The consultants' and Miller's models appeared to be

equally good.

The superiority of the flexible models has now vanished. Instead it

seems that the additive models are better than the flexible. Nineteen
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out of twenty~four ¢ uaparisons of these models favored the additive
model, and in nine of these nineteen comparisons a significant
difference was found. But it also seems that the "practical"
models have a smaller MSE than the "theoretical' models. Twenty
out of twenty-four comparisons indicated this, and of these as

many as eleven were found to be significant.

6.4.5 The precision of the models and the number of criteria

Einhorn (1971) put forward the hypothesis that the precision of
models would decrease with an increase in the number of criteria.
As Goldberg (1971) pointed out, it is not possible to test this
hypothesis without examining how consistently subjects can evaluate

multiple~criteria objects when the number of criteria grows.

To test Binhorn's hypothesis, I divided the correlation coefficients
expressing the precision of the models (Table 6.7) by the correlation
coefficients (Pearson's) showing the subject's ability to evaluate
the squadrons consistently (Table 5.3). The results can be found

in Table 6.1L. We can see that the normalized correlation co-
efficients are around the level 0.75 for all the goals 1 to L. These
multiple—criteria problems were described by two to four criteria.
For the more complex goals, 5 (with ten criteria) and 6 (with sixteen
criteria), the normalized correlation coefficients tend to fall.

Thus Einhorn's hypothesis seems to hold when the number of criteria

exceeds approximately eight.

Model Goal No.
1 |2 3 i 5 6
l

Consultants .71 .85 .70 .82 .65 .3k

Keeney 1T .Th .62 .81 .52 -
§ Miller .76 .82 .78 .70 .55 .53
: Tell I .76 .82 .75 .88 .53 .31
H L

Table 6.1k Average product-moment correlation coefficients
normalized with respect to correlation coefficients
from the test-retest. Fighter squadron.
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6.5 CONCLUSIONS

We have analyzed the correlations between the utility indices
produced by the subjects during the first experiment and those
generated by the models. We have also checked the bias, the

variance, and the mean square error of the models.

We have found the correlation coefficients to be rather high,
but no model showed any higher correlations than the others.
The size of the correlation coefficients diminished as the

number of criteria increased.

The bias was negligible for all models except Keeney's. The
variance of the flexible models seemed slightly lower than that
of the additive models. The mean square error indicated, how-—
ever, that the additive models were better than the flexible.
Keeney's model in particular showed poor results. Tell's model
seemed to be the best, and there was no difference between the

consultants' and Miller's models.

The low precision of Keeney's model may perhaps depend on weak-
nesses in the estimating method. The analysis revealed that this
model showed higher variances in the estimates of the parameters |
than both Tell's and Miller's methods. Also, the estimating

procedure used by Keeney's method to find the unidimensional utility

functions showed many inconsistencies.

The experiment also verified a hypothesis put forward by Einhorn
(1971) that the predictive power of models would decrease as the

number of criteria increased.
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CHAPTER 7

In this chapter we will analyze the precision of the six models
presented in Section 3.2 when they are estimated with the help

of an indirect technique. We will also compare these results

with those obtained in the previous chapter, in order to learn
something about the two estimation techniques. For this reason

the present analysis will follow the pattern laid down in Chapter 6,

to facilitate our comparisons.

T.1 PRESENTATION OF THE EXPERIMENT

The experiments generating the data analyzed in this chapter were

presented in Sections 4.5 to 4.7, 5.1, and 6.1.

Each subject's data from the first experiment was divided into

two subsamples of equal size and the standard double cross-—
validation procedure was employed. Thus the first subsample was
used to estimate the models by the regression technique, while

the second was used to validate the results. All the results

- correlation coefficients, variances, mean square errors,

etc. - are therefore computed on the second subsample only. Thus,
we expect these measures of the indirect models to be more uncertain
than those of the direct models, as the results of the latter are

calculated on a sample that is twice as large.

I decided not to estimate any models for goals 5 and 6 of the fighter
squadron problem (cf. Figure 4.1), because so many observations

would have been needed to achieve any degree of accuracy, that the
remaining observations would have been inadequate for the validation.
Comparisons with the direct models would also have been impossible,
as different hierarchical structures would have been used when

estimating these models.
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The linear model with interaction terms includes several more

terms than the others. According to the same arguments that

led to the exclusion of goals 5 and 6 in all the indirect models,

we can exclude goals 3 and 4 here. Another reason for not estimating
the linear model with interaction terms is that the reguirements put
forward in Section 3.2 make it almost impossible, in anything but an
ad hoc way, to make the regression coefficients of the non-interaction

terms assume values between zero and cne.

In Section 3.2 we specified some model requirements that had to be
obeyed. If these are fulfilled, then at least the variance and

the mean square error will be greater and the correlation coefficient
lower than would otherwise have been the case. This should be

remembered in any analysis of the outcomes.

It may be interesting to see how many regression coefficients had

to be set at zero according to our theory, and how the number varied
between the models. From Table 7.1 we can see that the disjunctive
model caused the most trouble. The linear models show surprisingly
high figures, while the conjunctive, logarithmic, and exponential

models show the lowest.

Goal No.
Model 1 2 3 L
Linear 1 2 5 18
Conjunctive 1 1 3 11
Disjunctive 8 8 8§ 23
Logarithmic 1 0 Y 9
Exponential 1 0 5 11
Pinear w%th +
interaction terms 0 3 - -

+ To this we will have to add two regression
coefficients that had to be set at one.

Table 7.1  Number of regression coefficients set at zero
for the six models. Fighter squadron.



Finally it should be mentioned that no time had been fixed for

how long the participants would spend on estimating the models.

Using the double cross-validation technique, we can set the time
required by the indirect method at 30 minutes., This length of time
cannot be compared with that of the direct methods. In Section 8.2.2

we will analyze the time requirements of the direct methods.

7.2 ANALYZING THE LINEAR MODELS

On an average the two linear models — one with and one without
interaction terms - performed equally well. Other studies (see
Section 2.1.2) have shown that the interaction terms account for
very little of the variance and that very few of these terms are

statistically significant.

An analysis of the regression coefficients reveals that only twelve
models out of thirty-five (or about 30 percent) contained one

1)

significant interaction term. Eight subjects out of eighteen

had at least one model with one significant interaction term, and
only four subjects obtained a significant interaction term for both
their models. Of the twelve models with a significant interaction
term, only seven showed a correlation coefficient that was higher

than that of the corresponding pure linear model.

In examining the precision of the models, I included all those with
interaction terms irrespective of the level of significance of the

terms.

7.3 CORRELATION

The average product-moment correlation coefficients for our six
models are presented in Table T7.2. The correlations are calculated
for every subject on the indices given by him in the first experiment
and on the indices produced by each of the models. The coefficients
are then averaged over all subjects. The correlations are calculated
exclusively on the part of the data that was not used for estimating

the models.

1) Significant at the 10 percent level.
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Goal No.

Model 1 2 3 L
Linear .76 .75 .56 .57
Conjunctive .70 .68 .56 .57
Disjunctive .55 .67 k2 .59
Logarithmic .71 .78 .59 .53
Exponential .72 .78 .5k .60
Linear with .75 .Th - -
interaction terms

Table 7.2 Average product-moment correlation coefficients
for the six models. Fighter squadron.

We can see that the average correlation coefficients are above
0.70 for most models in the case of the first two goals, and
somewhere between 0.50 and 0.60 for goals 3 and 4. Thus we con-
clude, as we did in the case of the direct models, that the cor-
relation coefficients become smaller as the number of criteria
increases. It is interesting to note that the difference between

the models tends to vanish as the number of criteria increases.

If we look at the various models, it is immediately obvious that
the disjunctive model scores worse than all the others. The two
linear models and the exponential model seem to have the highest

correlations, followed by the logarithmic and conjunctive.

Comparing the correlation coefficients of these models with those

of the direct models (Table 6.7), we find that all the direct models

- except Keeney's — show higher coefficients on an average than the
best indireet model. For the first goal the direct models perform
less well than the best indirect model, but for the more complex

goals the difference is striking. Keeney's model produces correlation
coefficients well above those of the disjunctive model (the worst

of the indirect models), and in parity with those of the conjunctive

and logarithmic models.
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The number of times that the different models achieve the highest
product-moment correlation coefficient can be seen in Table 7.3.
We read that, according to this criterion, the linear and ex-
ponential models would be preferred. The conjunctive and dis-
junctive models do not perform well. The linear model with inter-

action terms surprisingly rarely shows the highest correlation

coefficient.

Goal No.
Model 1 2 3 b Total
Linear 5 3 5 5 18
Conjunctive 1 1 1 2 5
Disjunctive 2 2 2 b 10
Logarithmic 5 2 6 2 15
Exponential 3 8 i 3 18
Linear with 1 2 - - -
interaction terms

Table 7.3 Number of times a model has had the highest product-
moment correlation coefficient. Fighter squadron.

Since the correlation coefficients of the models — except in the
case of the disjunctive model — lie very close together, the sum
of the ranks seems to provide a better criterion than the number
of times a model has the highest correlation coefficients. These
sums are shown in Table T..4. We must remember that a good model

is characterized here by low scores.

The linear model now receives the lowest score, followed by the
exponential and logarithmic models. The conjunctive, and even more
the disjunctive, models show very high rank sums. The linear model
with interaction terms appears to be as good as the linear models
for goals 1 and 2, but they are both surpassed by the exponential
model. These results agree with the conclusions we came to on a

basis of Table T7.2.
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Goal No.

Model 1 2 3 L
Linear L6 60 45 39
Conjunctive T2 65.5 51 45
Disjunctive 83 90 73 L9
Logarithmic 50 66 45 53
Exponential 49 Lh.s 56 Sk
Linear with 57 52 - -
interaction terms

Table [.h Sums of the ranks of the product-moment correlation
coefficients of the six models. Fighter squadrons.

7.4 BIAS

The average bias calculated over all squadrons and subjects can
be found in Table T7.5. Here we must assume that all subjects

use at least equal interval scales (ef. Section 5.3).

Goal No.

Model 1 2 3 L

Linear 0.034 0.023 0.030 0.009
Conjunctive ~0.009 0.013 0.01kL 0.009
Disjunctive -0.032 0.017 0.012 -0.017
Logarithmic 0.021 0.002 0.017 0.021
Exponential -0.0kk -0.022 -0.022 -0.038
i Linear with 0.000 0.010 - -
éinteraction terms

Table 7.5 Average bias of the models for different goals.

Fighter squadron.

The bias in the linear and the logarithmic models is positive,
while in the exponential model it is negative. The conjunctive

and disjunctive mcdels show a relatively small bias, sometimes
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positive and sometimes negative. The linear model with interaction
terms seems to have the least bias of all the models. The bias
here appears to be less than in the models estimated by the direct

techniques (cf. Table 6.10).

There are no tendencies towards an increase or decrease in bias as

the complexity of the problem grows.

Goal No.

Model 1 2 3 4
Linear 0.083  0.037 0.057T 0.051
Conjunctive 0.047  0.078 0.039 0.053
Disjunctive 0.061  0.063 0.045  0.067
Logarithmic 0.080 ©0.071L 0.042  0.037
Exponential 0.086 0.043 0.071 0.051
;inear with 0.038  0.065 - -
interaction terms

Table T.6 The average standard deviation of the bias of the
models for different goals. Fighter squadron.

The average standard deviation of the bias, however, seems to

be higher for the models estimated by the indirect method than for
those estimated by the direct techniques. This may be because of
the smallier number of observations used to calculate the standard
deviation for the indirect models {cf. Section T.1), but the de-

viations must still be considered low.

T.5 VARTANCE

For every subject and every goal we calculated the variance of the
six regression models (cf. Figure 6.1). To find out whether there
were any differences in variance between the models, I used a non-
parametric test — the sign test (Conover, 1971). This is a less

powerful test than the Wilcoxon signed rank test used in Chapter 6,

10~ Avhandling Bertil Tell
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but it means that we do not have to assume that the subjects use

ldentical interval scales.

We tested the hypothesis that there was no difference in the
variance between the models, for all pairs of models and all
goals. The results can be seen in Table 7.7, where there is

one matrix for every goal. The result of the tests, i.e. the
level of significance or the character W for a non-significant
difference, 1s noted in the row with the largest number of vari-
ances exceeding those of the paired model. Thus, the row of &
good model will bve empty, while the row of a poor model will con-—
tain a figure or the letter N. If the letter N is found in both
the row and the column of two models, then these models have an
equal number of greatest variances - an outcome that is rnore
likely to happen with the sign test than with the Wilcoxon signed
rank test. From a study of the columns we can learn from the

levels of significance how good the models are.

As we want not only to analyze the sixX regression models but &lso
to compare thése with the four models estimated by the various
direct techniques, we will find the matrices in Table 7.7 rather
big. However, we can partition every matrix into four submatrices
as shown by the heavy lines. The upper left matrix gives us in-—
formation about the direct models. It can be compared with the

matrix in Table 6.12, where a different test has been used.

The lower right matrix tells us about the six regression models.

The other two submatrices contain information about the comparisons
of the direct and indirect models. As we know that the row of a good
model will be empty, it is easy to see from these two submatrices
which of the direct and indirect models are the best. Thus if the
lower left submatrix is almost empty, then the indirect models nave

a lower variance; if the upper right submatrix is almost empty,

then the direct models have the lowest variance.
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The upper left matrices show more N:s than in Table 6.12, in-—
dicating that the variances of the compared models surpassed
each other on equal number of times. There are still no clear

tendencies in any particular direction.

The lower right matrices show that the two linear models have

a significantly lower variance than the other models. The ex-—
ponential model seems to come closest to the linear models,
followed by the conjunctive model. The disjunctive and the loga-

rithmic models were significantly outclassed by most of the others.

A comparison of the direct and indirect models shows the direct
models to have a smaller variance than the indirect models. The
result is seldom significant, but the large number of notations

in the lower left submatrices must be considered convincing. Only
in the case of the second goal do the two types of model seem to

have variances of roughly equal size.

7.6 MEAN SQUARE ERROR

The same analysis as in Section 6.4.4 has been carried out here,
except that we have now used the sign test (Conover, 1971). We

have tested indirect as well as direct models.

The hypothesis about equal MSE's in all models was tested pairwise,
using the sign test for all models and all goals. The results are
presented in Table 7.8. We discussed in Section 7.5 how these

matrices should be interpreted.

An analysis of the upper left submatrices, containing the results
of the tests of the directly estimated models, permits the same

conclusions as were drawn in Section 6.4.4.

Turning to the regression models, we find that the two linear models
still outclass all the other models, generally significantly. Their
superiority appears to increase with the increasing complexity of
the problems. This result agrees with the findings of earlier re-

search.
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As in the case of variance, we find here too that the disjunctive
and logarithmic models are the worst. The conjunctive and the ex-
ponential models turned out the same when we studied their vari-
ances, but the conjunctive model proves better according to the
MSE criterion: the conjunctive model showed the smallest bias of

all the models, while the exponential model had the highest.

Finally, comparing the two types of models, we find that the in-
direct models are significantly better than the direct. The reason
for this is the greater bias of the direct models. The indirect
models have their greatest bias in the case of goal 1, and there
the two types of models seem fairly equal. For the other goals
the direct models have a greater bias than the indirect, and so

the direct models show the greatest MSE.

Looking at the results in greater detail, we find that Keeney's
model is outclassed by the indirect models in almost all comparisons
and that the difference is generally highly significant. Of the
other three direct—estimated models, Tell's seems to be slightly
better than the others, as we would have expected in view of our

findings in Chapter 6.

To these findings, we should now add two points that were discussed
at the beginning of this chapter. First, the direct models were
validated on a sample that was twice as large as the sample used to
validate the indirect models. Second, the predictive power of the
indirect models would have been even higher if we had not imposed

s0 many restrictions on the regression coefficients.

7.7 CONCLUSIONS

The linear model was found to be the best and the disjunctive the
worst of the indirect models, irrespective of the criterion used
(except the bias). It is more difficult to draw any conclusions about

the precision of the conjunctive, exponential, and logarithmic models.
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Teking bias, variance, and mean square error as our criteria,

we found that they ranked in the order: conjunctive, exponential,
logarithmic. All the correlation criteria gave us the ranking:
exponential, logarithmic, conjunctive. We can sum this up by
saying that the linear model is the best and the disjunctive the
worst, while the conjunctive, exponential, and logarithmic models
lie betwee@ the other two and are indistinguishable. These results
agree with those of other studies, e.g. Goldberg (1971). We found
no difference between the precision of the pure linear model and

the linear model with interaction terms.

In this chapter we also compared direct and indirect models. The
indirect models, as expected, proved better than the direct models
when the mean square error was taken as the criterion. But in
terms of variance and correlation coefficients, the direct models

appeared to be better than the indirect.
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CHAPTER 8

The second and third experiments gave us information about some
other aspects of the methods and models. These experiments will
be presented briefly in Section 8.1. In the two following sections
we will examine the outcomes of the criteria used to evaluate the
methods and the models (8.2 and 8.3). 1In each section we will

differentiate between quantitative and qualitative aspects.

8.1 PRESENTATION OF THE EXPERIMENTS

The second experiment was presented in Section 6.1. There we

mentioned that the subjects received a booklet consisting of four
parts, one for each method, in random order. Immediately following
each part was a short questionnaire. Three guestions — concerning the
believed precision of the model the subject has just constructed,

the ease with which it could be understood, and the ease with which
the questions posed by the methods could be dealt with - were

answered with the help of a nine-grade scale of the Lickert type.

The subjects measured the time required by each method.

Another questionnaire was presented to the subject after he had
used all four methods. It contained similar questions, but the
subject now had to rank the models. The fact that the questions
were asked twice made it possible to check the consistency of the

subjects' answers, and thus to increase our confidence in the results.

The purpose of the third experiment, carried out fourteen days after

the second, was to investigate the subjects' opinions of the models.
Three different types of models were tested. The participants re-
ceived a booklet consisting of three parts (models) in random order.

At the end of the bocklet was a questionnaire.
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To reduce any errors of leniency {Guilford, 1954) we labeled the

)

utility function derived from Miller's or Tell's methods, or

models A, I, and M.l The A-model uses an additive compound

possibly from Keeney's method if the parameters add up to one.2)

If the sum of the parameters 1s not one, Keeney's method will give
us a multiplicative model represented by the model M. The I-model
has an additive compound utility function with interaction terms,
but here all parameters are estimated separately by the consultants'

method.

The parameters of the models were fictitious, although reasonable,
and identical for all subJects. The subjects received the models
in random order and were asked to use them to evaluate three
different sguadrons. Questions similar to the ones used in the
second experiment were posed in a questionnaire at the end of the

booklet, and these were to be answered by ranking the models.

8.2 CRITERIA REGARDING THE CONSTRUCTION OF MULTIPLE-CRITERIA MODELS

8.2.1 Qualitative aspects

When all the methods had been used, the subject was asked some gquestions
whereby he was to rank the methods. These gquestions and the partici-

pants' answers are presented in Table 8.1.

First the subject was asked to make an overall evaluation of the methods.
He was free to choose and emphasize attributes as he saw fit. This
general question was asked first to prevent the subject from being in-

fluenced by the more specific guestions that followed.

Our null hypothesis that the ranking of the methods was random was

tested by Friedman's two-way analysis of variance (Conover, 1971).

1) In this presentation we use the mnemonical names A (for
additive), I (for additive with interaction terms), and 1 (for
multiplicative). During the experiment we labeled the

models K, L, and M respectively.

2) The chance of the parameters from the consultants' method giving
us an additive compound utility function is very small, and we
can therelore lgnore the possibility.
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Attribute (question) Level of significance Ranking of the methods
Fighter [Reconn. | Total Fighter Peconn. | Total
+ 4 ,
Considering all 1.0 © 5.0 0.1 TMCK MTCK | (TM) ¢ K

attributes, i.e. which : f
method the subject i |

wants the Air Force ! i
to use i :

5.0 25.0 1.0 TMCK (TM) CK

Believed precision
of the model

TMCK

Ease of understanding 0.5 25.0 0.1 TMCK §T mCcK
the questions posed

by the method

TMCK

{
Ease of finding the i 1.0 not i 0.1 TMC K iT MCK {TMCK
information required f |
by the method i i i

Number of observations i 1h or 6 or 5 |20 or '
(the lower number only 11 16 f
{ on the believed pre-— !
i cision)
L

Table 8.1 Level of significance and ranking of the methods based
on the ranking questions. Methods/models in parentheses
obtained the same sum of the ranks.

The left-hand columns in Table 8.1 give us the levels of significance.
In the right-hand columns the methods are ranked according to the
sums of their ranks. The "best” method is located to the left and

the "worst" to the right.

The low levels of significance for reconnaissance squadrons are pro-—
bably due to the small size of the sample. The question of the
believed confidence in the precision of the models alsc produced
iow levels of significance. This can probably be explained by the
subjects' inability to see at this stage what the models would look
like. As yet, they had conly answered the questions posed by the
methods, and they probably found 1t hard to see how their answvers
could form a model. This explanation seems to be confirmed by the
fact that fewer subjects answered this gquestion than answered the

others.,
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If we look at the sum of the ranks of the methods, we will find

that Tell's method is considered the best in eleven elements

and Keeney's the worst in all twelve elements of the table.

Miller's method seems to be preferred to the consultants' in all

elements. To find the difference between the methods that caused

the significant results, we must turn to a technique for making

multiple comparisons at a given level of significance.

The last three of the questions analyzed above were also asked in

direct connection with each method.

Here a nine—grade scale

was used, and the subject was asked to indicate his attitude by

a mark on a nine-grade

scale.

(to understand etc.) to very difficult.

The scale ranged from very easy

The hypothesis that the

methods are equal (have the same mean) was tested with the help

of a multivariate technique, namely the analysis of repeated

measurement (Morrison, 1967).

8.2.

The results are presented in Table

Attribute (question)

Level of

significance

Ranking according to averages

Fighter j{ Reconn. | Total Fighter | Reconn. Total
Believed precision 5.0 not 0.5 TMCEK|MT(CX) |TMCK
of the model e Nt
gEase of understanding 0.5 1.0 0.5 TCMKI|CTMEK T C M X
the questions posed NS e
by the method :
Ease of finding the 2.5 not 0.5 TCMEJCTMK TCMK |
information required e R Sl !
" by the method ;
Number of observations |16 or 6 or 5 22, 21 i
15 or 20 i
~__~ Significant difference at the 5 % level

\

.

Table 8.2 Significances
scale gquestions.

~--7 significant

*--" significant

difference at the 10 % level

difference at the 20 % level

the same sum of the ranks.

and ranking of the methods based on the
Methods/models in parentheses obtained
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In seven of the nine elements of the table, significant differ-—
ences were found. The resemblance with Table 8.1 is great. Both
show lower levels of significance for reconnaissance squadrons,

and for the question about the believed precision of the models.

If we look at the rankings of the methods according to their
averages, we find that in most of the elements Tell's method is
consifdered the best and Keeney's the worst. Of the other two
methods, the consultants' seems the easier to use but more con-
fidence is felt in Miller's. Thus, the results are very similar

to those derived from the ranking questions.

Our purpose in this analysis is to study which method or methods
might have caused the significant differences. We analyzed all
six pure contrasts of the type ui - uj = 0 for all questions and
all types of squadrons. The significant differences are marked

by arcs in the right—-hand columns in Table 8.2.

This analysis shows that Tell's and Keeney's methods generally
differ significantly. From the totals we can also see that the
consultants' and Miller's methods are clustered together half way
between Tell's and Keeney's, and that the order between them seems

random, i.e. they are very similar.

8.2.2 Quantitative aspects

The hypothesis that the methods require an equal amount of time
was tested with the help of an analysis of repeated measurement

(Morrison, 1967).

The time requirements for fighter and reconnaissance squadrons are
very different, as the fighter-evaluation problem is more complex.

There is thus no point in combining the data into a total.

Tell's method reguires less time than the others and Keeney's re-
quires the most - 16 and 32 minutes respectively for the fighter-—

squadron problem. The differences between these two methods and
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between Tell's and Miller's methods are the only significant pure

contrasts.

It is interesting to compare these time requirements with those

of the indirect methods.

To estimate all six methods by the in-

direct method we need at least 16 evaluated squadrons. As it

took 5.5 minutes on an average to evaluate one squadron, the in-

direct method will require about 90 minutes.

This should be

compared with the 32 minutes required by the most time-consuming

direct method.

Thus we conclude that the time requirement of the

direct methods is, as expected, much lower than that of the in-

direct methods.

S Attrivute Level of significance Ranking according to averages
Fighter Reconn. Fighter Reconn.
" Time requirement 0.5 1.0 ?\C MK TCMK
Number of observations 13
N\ significant difference at the 5 % level

\__~significant difference at the 10 % level

. . . . 1
8.3 Significance levels and ranking of time requirements.

Table

8.2.3

Some comments made by the participants

The subjects were asked to comment on the methods while they were

using

swers to our gquestions alone,

them. Their response will give us more insight than the an-

the following.

1)

The more remarkable tendencies are

As mentioned above the procedure for finding the utility
functions by the consultants' method was never used in the
The time for this method is thus under-—
estimated. A more correct ranking is T M C K for fighter
squadrons, as M and C were rather close but far away from
K, and this is the ranking that will be used in the summary.

preliminary test.
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The consultants' and Keeney's methods were criticized for posing
unrealistic or impossible questions by nine and ten subjects
respectively. It was said, for example, that the situation will
never occur in which all crews can take off but none can land.
The reason may be technical or educational (you always learn to
land before you learn to take off). More subtle examples were

pointed out by several subjects.

Several subjects asked us to explain Keeney's method during the
test (this accounted for five of seven gquestions asked in the
course of the experiment) and two participants noted on their forms
that they did not understand the technique.l)
Three subjects said it was easy to answer the questions in the con-—
sultants' methcd. It would be interesting to know whether this was
because this method evaluated extreme combinations (all or nothing),

or because the subjects found this type of evaluation easy to make.

One subject said he appreciated the ccefficients of Miller's method
by which it was possible to adjust for the interpretative gquality
of the performance measures. Some participants said they preferred
ranking and pairwise comparisons (Miller's method), while others

found it easier to use probabilities (Tell's method).

One subject indicated that Tell's method had a great advantage in
its probabilities. These should be presented to the squadron leaders,
he said, so they could be used to indicate priorities between various

elements in the crew-training.

8.2.4  Conclusions

The study shows very clear results. Tell's method received the

most positive ratings and Keeney's method the most negative on all

1) Colleagues at the Stockholm School of Economics had praised
the description of Keeney's method.

11—Avhandling Bertil Tell
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the attributes that were used to analyze the subjects' attitudes
to the methods. Miller's and the consultants' methods were
ranked in between these two extremes, and were generally indis-
tinguishable. Time requirements produced the same result as the

other criteria.

From the participants' spontaneous comments we were able to con-—
firnm cur belief that the consultants' and Keeney's methods involved
questions that were unrealistic and therefore very difficult or
impossible to answer. The experiment also confirmed our hypothesis

that Keeney's lottery technique is hard to explain.

8.3 CRITERJA REGARDING THE USE OF MULTIPLE-CRITERIA MODELS

8.3.1 Qualitative aspects

The hypothesis that the models were equal, i.e. that the subjects'
rankings were random, was tested by the Friedman two-way analysis

of variance (Conover, 1971). The results are presented in Table B8.h.

The low levels of significance seem to be due to few observations.

We note that the subjects, as in the second experiment, find it hard
to express any opinion on the believed precision. There were re-—

latively few answers to this gquestion.

The ranking shows a high level of agreement and the overall judgment

rated the additive model (A) very favorably.

The right-hand columns show us the rankings that may have produced
the models. We can see that these rankings are very similar to all
those presented earlier. Keeney's model, however, seems more appreciated

than his method.

8.3.2 Quantitative aspects

The time required by these models can be mathematically expressed
and was not measured. It takes more time to perform a division than
a multiplication, and both require more time than an addition or a
subtraction. This holds for calculations by man (with or without

the help of a machine) as well as by computer.
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Attrivute (question) Level of Ranking of Ranking of methods that
significance models by sums | may have generated the
of ranks tested models. Ranking

made by sums of ranks.
Fighter | Total | Fighter |Total | Fighter Total

Considering all 0.5 0.5 AMI AMI [ (MT)KC (MT)KC
attributes, 1i.e.
which model the
subject wants the
Air Force to use

1
Believed precision not not AIM AIM ' (MT)CK (M T) CK
of the model | h
Ease of understanding | 2.5 2.5 AMI AMI [ (MT)KC (MT)KC
the instructions of
the model i !
Ease of performing 0.5 2.5 AMI AMI (MT) KC '(MT) KC

the instructions
given by the model

ke

Number of 11 or 71 1k, 12
observations or 10

Table 8.4 Levels of significance and ranking by sums of
the ranks for the evaluation models. Models
in parentheses obtained the same sum of the ranks.

The time required for evaluating a goal by the three models can be

expressed as

TA =n-*u+n-°*m+ (n-1l)a (8-1)
TM =ne*u+n-°*m+n-°*s+ (n-l)m+s + 4=
=n-*u+ (ntl)s + (2n~1)m + d (8-2)

and assuming that there is at least one positive and negative

coefficient,

= . n . . - -
Ty=ncu+ I k *m+ (n-2)a+s (8-3)

1) The reconnaissance squadron model is not reported separately,
because of the very small number of observations (3 or 1).
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u = time required for finding the utility index of one criterion

m = time requiréd for multiplying two numbers

d = time required for dividing one number by another

a = time required for adding one number to anotherl)

s = time required for subtracting one number from another

Ti = total 4ime required for evaluating one goal using model i,
i=4A, I, M

n = number of criteria

For the I-model the time needed for calculations can be substant-
ially reduced if some coefficients are zero, but there will still
be a lot of multiplications to do and the number will grow ex-—

ponentially as the number of criteria increases.

It is easy to see that the A-model requires less time than the
M-model and that the M-model takes less time than the I-model.
The difference between the models will increase as more criteria

are used.

To i1llustrate these conclusions, I have expressed the calculation
time as a function of the number of criteria (see Figure 8.1).
However, I have excluded the term neu from all formulas, i.e. the

time it takes to find the utility indices of all n criteria, as

the size of this term is difficult to estimate. The relative
importance of this term will depend on whether man or machine

makes the calculations, but in both cases it would be small. The
relationship between the time required for an addition, a subtraction,
etc. 1s the same as the specified instruction times for the IBM

system 370 Model 158.

1) The formulas are correct for computers or adding machines.
For conventional addition on paper, the marginal time for
adding one number is smaller than the average time a.
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Computational
time

¥ 3

4

¥ Number of criteria

Figure 8.1 Computational time as a function of the number
of criteria.

8.3.3 Some comments made by the participants

The participants were asked to say whether they had used the
evaluation model developed by the Air Staff before. They were
also asked to compare this model with the three models tested

in the third experiment.

Several subjects did not answer this question, probably because
they had not used the Air Force model. (They had nothing with
which to compare the tested models.) Of the subjects who answered
the question, the great mejority had no experience of the Air
Force model, and those who had (three subjects) found the additive
{A) model (which is in fact the Air Force model) better than "the
Air Force model'™! This finding suggests that we can ignore any
risk of the results having been influenced by prior knowledge of

any method or model.
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8.3.4 Conclusions

The additive model, represented by Miller's and Tell's models,
received the best ranking on all attributes, followed by Keeney's
and the consultants' models. The analysis of the time require-—
ments led to the same ranking. These results agree with the

hypotheses put forward in Section 3.7.
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CHAPTER 9

THE EFFECT OF UNCERTAINTY ON THE SELECTION OF A UTILITY MODEL
UBING DIRECT ESTIMATION

In this chapter we will analyze the effect of uncertainty in the
estimated parameters and utility functions. It is implicitly
assumed that, using a direct estimation method, the decision-maker
can accurately state his preferences. In Section 9.1 we will

examine the assumption of regression analysis (an indirect technigue)
and in Section 9.2 we will look at some psychological studies of
men's ability to make judgments. In Section 9.3 I will present some
studies of other problems, in which the effect of random errors in
estimates has been analyzed. In Section 9.4 I will study what

effect uncertainty in the estimates may have on the selection of

a utility model using direct methods.

9.1 THE INDIRECT METHOD OF ESTIMATING UTILITY MODELS

In Section 2.2.1 we presented the regression technique for use in
estimating utility models. According to this technique we assume

one model to be correct. The parameters of this model are estimated
50 as to minimize the sum of the square of the differences between
the utility index given by the decision-maker and the index generated
by the model. This deviation is also called the random error of the
model, and it is generally assumed that it is attributable to the
dependent variable only, i.e. to the utility index, as it is usually

assumed that therc are no errors in the criteria.

The random error may have two sources: measurement errors, and
stochastic errors due to incomplete reproduction of the correct model
(Press, 1972; Wonnacott and Wonnacott, 1972). In our experiment the
subjects were given information on a specified number of criteria

for each squadron and were asked to evaluate the squadron on a basis

of this information only. Thus errors must be the result of the
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measurements (in a wide sense), because the model consists of as

many criteria as the declision-maker uses.

Thus we observe that the regression approach allows for measure-
ment errors in the dependent variable, i.e. it recognizes the
decision-maker's inability to evaluate the multiple-criteria

object quite correctly, something the direct approaches do not.

At this point we should look at a number of psychological studies
that bear witness to man's inability to handle complex sets of
data adequately, and which therefore show how important it is to
investigate what influence random errors in the values given by

a decision-maker can have on the selection of a model.

9.2 THE ESTIMATION PROCESS

It is a well-known psychological fact that people do not always
make the same choice, or assign the same rating to an object, if
they are placed in the same choice situation at different times.
This seems to hold even if the circumstances of the choice appear
to be absolutely indentical in all relevant respects, and if the
time elapsing between the two choices is very small (Davidson and
Marschak, 1959). It is this phenomenon that makes the use of test-—

retest procedures necessary in any study of human behavior.

In Section 1.3 we suggested that one reason for constructing evaluation
models was the limited ability of human beings to handle complex sets
of stimuli. For example, Whitmore and Cavadias (1974, p. 616) have
explicitly considered this when they evaluated their multiple-criteria
model as they assumed the evaluator's estimate to be "subject to in-
herent statistical error". But it is not only man's inability to

make these evaluations that gives rise to random errors. The pre-
ferences of the subjects for certain numbers (Edwards, 1954), or the
introduction of rounding off figures (Becker, DeGroot, and Marschak,

196k4) all make errors in the decision-maker's answers more likely.
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Few writers op multiple-criteria methods discuss this uncertainty
problem, but Churchman and Ackoff (1953) are aware of it, and
suggest that estimation methods should provide an estimate of the

accuracy of the judgments concerned.

These and other psychological studies show that all answers

given by man are subject to random errors. Aud the same naturally
applies ﬁo man's ability to give reliable weights and utility
functions as required by the direct approach we are discussing
here. There are, however, some other theories that ought to be
mentioned as they give some interesting information regarding our

estimation problem.

The theory of fuzzy sets (Bellman and Zadeh, 1970) has influenced
some theoretical work in which the decision-maker's inability to
correctly state his preferences is explicitly considered. For
example, Zeleny (1973) and Steuer (forthcoming) suggest programming
methods where the decision-maker 1s asked to specify interval cri-
terion weights only, since these writers feel it is too much to

expect the decision-meker to give point estimates.

Random utility models represent another theory that is applicable
to our problem. This theory argues that the alternatives or the
objects to be evaluated are so complex that one person can only
consider at any time a subset of the criteria characterizing the
alternatives. Thus the welghts expressed will have no fixed value
but will fluctuate according to the decision-maker's mood etc,
regardless of any change in his preferences (Block and Marschak,
1960; Luce and Suppes, 1965; and Becker and MeClintock, 1967).
Shepard (1964) provides psychological support for this model.

So far our discussion has concerned the (measurement) errors that
anyone may make. Although in this study we have restricted our-

selves to individual decision-making, 1t seems appropriate to say
something here about group estimates, as this is probably the type

of estimate most commonly used in real-life problems.
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When a group of people has to estimate a utility function or the
relative weights of different criteria for an organization, the
opinions they express will generally diverge somewhat. This may
depend on the sort of factors we have discussed above, but it

may also stem from the fact that different people represent
different functions in the organization and are therefore more
concerned with some criteria than with others (Souder, 1975).
Variations of this kind can often be reduced by the use, for
example, of the Delphi technique (Quade, 1968). Or the decision-
makers can be asked individually to estimate the weights etc., after
which the average of their judgements can be taken as the estimate
of the group as a whole (Churchman and Ackoff, 19533 Miller, 1970).
In both these cases the estimate of the group will be a random

variable.

All this suggests that it is realistic to consider all estimates
given by the decision-maker as random variables. Thus we write
the expressed utility index -.sxocilated with criterion i when it

takes on the value Xi as

= . + -1

ul(xl) ul(xl) € (9-1)
and the expressed weight of criterion 1 as

a. = a. + ¢ (9-2)

1 1 2
where ui(x.) and ai are the decision-maker's true values and =
1

and 62 are two error terms.
We will now look at scome few studies in which estimates have been
regarded as random variables.
9.3 STUDIES OF THE EFFECT CF ESTIMATICN ERRORS ON MODE!L, PERFCRMANCE

There are thus many grounds for believing that people make errors

when they are evaluating obJects or stating preferences. We can
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now look at what are, so far as I know, the only studies in which
the effects of estimation errors have been analyzed. These
studies are concerned with the effects of errors in the model,
and should be distinguished from studies of the effects of errors

in the data that describes the objects to be evaluated.

Dyer (1974) has made a mathematical analysis of the effect of
estimation errors (approximation errors and stochastic errors)
when estimating the gradient used in some interactive programming
methods. The motivation of the study was the results of some
experiments that showed that the subJects had some difficulty in
performing their task, "so that errors in these estimates should

be expected" (Dyer, 1974, p. 160).

In an attempt to provide curriculum-planning information for element-
ary school principals, Dyer et al.(1973) derived utility estimates
from which unidimensional utility functicns could be derived. As
they received many inconsistent answers, the authors found they

had either to consider these as errors or to define preference

and indifference in terms of probabilities of choice. The second

of these alternatives was simulated by introducing a stochastic

error term associated with the underlying utility function, i.e.

as in formula {(9-1).

Six differently shaped utility functions were simulated, assuming
the error term (gl) to Le normally distributed with a mean of zero.
The authors also examined changes in the shape of these functions
by letting the standard deviation assume three different values,

0.01, 0.05, and O.1.

Some studies of the effect of estimation errors have been made in
the field of portfolio theory. Most papers in which nean-variance
vortfolio models are discussed, disregard the problem of estimating
the parameters neecded for the model and simply take the parameters

as known. Kalymon (1071}, hecwever, has -tudied the =ffect of un-—
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certainty regarding the means, but he disregards the uncertainty
about the variances and covariances used in the model. Frank-
furter, Phillips, and Seagle (1971) have studied the simultaneous
effect of errors in the estimates of means, variances, and co-

variances of security returns.

Frankfurter et al.assume that the returns (R) on s securities

have a multivariate normal distribution

£(R) = £(R ,R,,. .. 5R ) (9-3)
with means
H o= (“1’“2”"’“5) (9-4)

and a variance—covariance matrix

¥ = 'oijl = . pijoioj . (9-5)
The vector

A= (A sy eady) (9-6)
indicates the portions of the portfolio that are invested in the
s different securities.
The mean (E) and the variance (V) of the portfolio are found by

E = U>\' (9-7)
and

V= AZN (9-8)

where X 1s the transpose of the row vector A.

The information available about security returns, whether it be
observed or subjective time series data, is used to estimate the

means (u) and the variance—covariance (I). But this information,
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according to Frankfurter et al.,constitutes only a sample of a
multidimensional process. Thus they regard the means and the
variance—-covariance of the security returns as random variables,
L and % respectively.l) Accordingly the mean and the variance

of the portfolios will be random variables,

E = ux (9-9)

and

= AN (9-10)

<
1

Assuming the return of the i-th security to be

R. = u, + €. (9-11)
where the error e, is normally distributed

e. € N(0 o?) (9-12)

i >Ui

the authors made a simulation of the mean-variance portfolio model.
They found that estimation errors in u and I can cause the analyst to
select substantially inferior portfolios in a great majority of
cases, and they conclude that "the impact of estimation error is

so strong that the usefulness of present mean-variance approaches

to portfolio selection is brought into question" (Frankfurter et

al.,1971, p. 1251).

Finally we cen mention a study by Lord (1962). Although this study
concerned measurement errors,it was conducted in a manner very
similar to ours and therefore deserves to be included in this re-—
view. Lord showed that when the errors in the criteria increased,
the appropriate conjunctive step function could very well be approxi-

mated by a linear function.

9.k THE EFFECT OF ESTIMATION ERRORS ON THE SELECTION OF A UTILITY
MODEL USING DIRECT ESTIMATION

We have seen in the previous sections that the estimates made by

decision-makers should be regarded as random variables. This assumption

1) The tilde is used to indicate a random variable,
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was made in the regression technique. Direct technigques do not
allow for errors in the estimates since they follow an axiomatic
approach. But even axiomatic models involve estimation and they
will therefore be affected by estimation errors. The question
will then arise: will our preference for simple additive models
be greater than our preference for more complex models, such as
an additive model with interaction terms, if all estimates are
considered as random variables? Will not the interaction terms
add variance, thus reducing the precision of the interaction
models? This is the problem we will be discussing in the present

chapter.

9.4.1 The problem

We can take the case of a two criteria problem, but this could

easily be extended to include more criteria.

1) 2)

Let the correct model be

(x) = (

a0y () + Uy (xy) + (1ma o)y G Juy(xg) (9-13)

with

0 < v (x)),0,(x,)50 50, <1

1) We will use Greek letters for all population data, while Roman
letters will be reserved for sample data or estimates.

™
~

Had we assumed the correct model to be additive, we would have
had no problem, since Keeney's method and the methods estimating
additive models would produce identical models.
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Estimatingl) this model by Keeney's method gives us an additive

model with interaction terms (UI(X)), called an interaction model,

u, (%, Ju(x,) =

U (x) a ul(x ) + a.u (xg) + (l—al-a2 1 (g us(x,

I 1 1 22

) - aiu (%), (x,) -

)+ uy(x)) Sl IR TP A

ayu (x)) + auy(x, 1 (e Jugy (g

1

- a2ul(xl)u2(x2) (9-1L)

Assuming that the decision-maker intuitively normalizes the
parameters when using a method that estimates additive models
only, or that he explicitly normalizes the parameters generated

by Keeney's method, we will get an additive mogdel (UA(X)) of the form

UA(X) = u, (x. ) + u.(x.) (9-15)
1

In both our models we will require

<
0 = ul(xl),u2(xg),a1,a2 <1
If the weights are regarded as random variables and if we assume
random errors in the unidimensional utility functions, then the
compound utility will also be a random variable. Choosing the
best model is now a more complicated problem and we must discuss

2)

the decision-rule to be used in comparing the two models.

9.4.2  Decision-rule

When we compare the two models (9-1L) and (9-15) it is evident that

the additive model is biased while the interaction model is not. I
believe, however, that the variance of the additive model is generally
smaller than that of the interaction model because of the smaller number
of terms in the additive model. In the twc-criteria problem the

interaction model has three stochastic terms more than the additive

1) In this chapter we pretend that the estimation methods are equally
effective. Thus all differences betwen the models are attributable
to the models only.

2) An interesting extension of this study would be to examine the

effect on the two types cof models if the correct model had
assumed some other form.
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model, and this number increases exponentially as the number of
criteria increases. These extra terms will contribute to the

total variance, as variances are additive.

Thus, choosing between the additive model (9-15) and the inter-
action model {9-1L) is not a simple matter, as we have to compare
bias with variance. The problem is similar to the general scientific
problem of choosing between validity and reliability. We can also
find such problems in portfolio theory, for example, where we have
to choose between the expected return and the risk (variance) of
investments (Robichek and Myers, 1965); and in statistics, where

we must choose between biased linear estimators and least square
estimators (no bias but a farily high variance) when the data is not
orthogonal (Marquardt, 1970). This problem, which is in fact a
multi-criterion problem, cannot be solved without introducing the
user's utility function for bias and variance in the output data of

the evaluation models.

Not having specified any user, I decide here to apply a gquadratic
utility function around the true value, which is the value

given by our correct model. This implies the use of the mean square
error (MSE) as our criterion. It is quite common to assume the
utility function to be quadraticl) (Chernoff, 1960; Hoerl and
Kennard, 19703 Andersson, 1972). Another reason for using the MSE
is its nice mathematical properties. Our decision-rule will now

be to choose the model with the smallest MSE.

The MSE can be decomposed into the sum of the variance and the square

of the bias, and for the additive model we will get
MSE(U ) = v(u,) + E(U, )7
A A A
and for the interaction model

MSE(UI) = V(UI) + E(UI)2 = V(UI)

1) To indicate that other utility functions may be relevant, I
refer again to the Air Force evaluation problem. There an
unsymmetric utility function may be better, as it may be con-
sidered a more serious error to over—estimate than to under-—
estimate the capability of the combat units.



as the interaction model is unbiased. This implies for our problem
that we will have to compare the MSE of the additive model with the
variance of the interaction model. We hypothesized above that the
variance of the additive model was the smallest. Following our
criterion, we can then say that the additive model will be preferred
if the square of its bias is smaller than the difference between the

variances.

9.4.3 An analytical approach

To solve the stated problem analytically, we will have to calculate
the expected value and the variance of the additive (9-15) and the
interaction models (9-14). The calculations for the interaction
model are fairly simple, although the expression of the variance
consists of more than 40 terms of the fourth order. To calculsie
the variance of the additive model is a more cumbersome nusinessz,

as we have to deal with ratios of random variables. Anotrer rrcotiem

terms of high orders, which renders it very difficult to make any

inferences. Because of these obstacles, I will turn to simulations.

To make it easier to understand some of the results of the simulaticr,
however, we can expand the variance of one of the models somewhat.

The variance of the interaction model will be

V(UI(X)) = V[ a u {x. )+ a,u

1914% () g (g duy () -

2
- alul(xl)ug(xg) - agul(xl)uz(xz)] =

(3-1£,
= Vlayuy () + {7 {Cauyle) + uy Gy ny) -
- alul(xl)uz(xg) - agul(xl)uz(x2)] + Cov} =

= Bla))? W (%)) + Bl (x,))3¥(a)) + V(u (x) ))¥(a,) +

where Cov stands for all the covariances and R stands for the ex-
pression in the big brackets. The expansion of the variance of a

product of two random variables is based on Goodman (1960).

12—Avhandling Bertil Tell
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We can see that the variance of the interaction model (and the
additive model, had we looked at it) depends on the expected value

1)

This will give us eight variables to

(

of the utility indices.

include in our study 2, 8,5 Uy xl), ug(xg), V(al), V(ag), V(ul(xl)),

and V(HZ(XE))'

9.4.4 A simulation approach

Having found it difficult to solve the problem analytically, we
turn to simulation. We regard the decision-maker's revealed utility
of each of the unidimensional criteria as well as his revealed
parameters as samples from normally distributed and independent

variables. We write them
a. = o, + € . for i = 1,2 (9-17)

and

uw.(x.) = v.(x.) + e . for all x; and i=1,2 (9-18)
with

2 2
ey € N(O,oa) and e ; € N(O,ou)

Thus we assume the variances to be egqual for all the parameters

(02 = y(a) = V(al) = V(ag)) and utility functions (Oi = v(u(x)) =
= V(ul(xl)) = V(uz(xg))) respectively. The variances of the para-

meters, on the other hand, may assume values different from those

of the functions.

To determine a suitable value of the standard deviations we turned
to our experimental study. It indicated that, in estimating the
parameters according to Miller's or Tell's methods, the dispersion

among the subjects resulted in a standard deviation of about 0.10.

1) Note that we do not treat the criterion x. as a random variable.
Thus our conclusions will hold only for fixed values x.. In
Section 9.4.7 we will regard X, as a random variable.
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The standard deviation was greater, 0.15 - 0.20, when the subjects
used Keeney's method (cf. Section 6.2.2). I have not from the
experimental data calculated any measure of the subjects' dispersion
when estimating the unidimensional utility functions. Dyer et al.
(1973) used the standard deviations 0.0l, 0.05, and 0.10 in their

simulations.

As a compromise I selected the standard deviation Q.10 as the normal
value for the parameters as well as for the utility funetions. To
check the sensitivity in the chosen value of the standard deviation,
I also made some simulations with standard deviations at 0.05 and
0.15. The lower of these is closer to the values used by Dyer et
al. (1973), and the higher appears to be a more accurate reflection

of the values obtained in our experiment.

I restricted the estimates to the range zero to one, 0 < ai,ui(x,) <1,
2 5=

for i =1, 2.

If any ui(xi) fell outside this interval, I generated a complete
nevw set of ui(xi):s. This means that the normal distribution of
ui(xi) was truncated at zero and one. These truncated distributions
were of course only found when ui(xi) assumed values close to zero

or one. The same approach has been used by Dyer et al.(1973).

If any a; fell outside the permissible region, I decided to change

it to the end-value of the interval. This means that the normal
distribution was truncated, and that the entire truncated probability
was assigned to the end-value of the interval. This approach seemed
more appropriate for the parameters. These truncated functions,
however, seemed only to affect the results when a, and a, were both

1 2

around 0.20, and then only slightly. Such low values of oy and °,

were used only in one simulation.

The assumptions and the approach applied in this simulation can
perhaps be seen more clearly in Figure 9.1. In the first quadrant

the objects to be evaluated are represented by points. It is in
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this quadrant that we will draw the indifference curves (compound

utility function) when using for example regression analysis. The
second and fourth guadrants will contain the unidimensional utility
and x, respectively. Finally, in the

2 1
third quadrant, we illustrate the compound utility function derived

functions of the criteria x

by the direct methods by some indifference curves.

.B,Ny

ul(x

1)

Figure 9.1 Illustration of the problem with uncertainty in the
parameters and the unidimensional utility functions,
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In the second guadrant we have illustrated one unidimensional
utility function and indicated the dispersion around this line.
We have used the same assumption as in regression analysis, i.e.
that the error is normally distributed around the true line and
that the variance is constant and independent of the utility

index.

Finally we should note that there is uncertainty not only in the
second and fourth gquadrants but in the third quadrant as well.
There, the weights of the compound utility function are random

variables.

In Figure 9.1 we have illustrated an object A, described by the

two criteria X and X5 The criterion X, is transformed by the
utility function in the second quadrant to a unidimensional utility
index u2(x2), the value of which varies because of the uncertainty
in the utility function. This is illustrated by the many vertical
lines drawn from the utility function. The same holds for the
criterion Xy The compound utility index will vary not only because
the two unidimensional utility indices may assume different values,
but also because the indices will be weighted to a sum by varying
weights or models. This is illustrated by some indifference curves
in the third quadrant. All this uncertainty in the estimates im-
plies that point A may assume many utility indices. This is
illustrated by the circle marked A' in the third quadrant, con-
taining all the utility indices that may be assigned to the alter-

native A.

We do not want to make any more assumptions than necessary, and so
nothing will be assumed in this simulation about the form of the
unidimensional utility function. All we need are the assumptions
of the dispersion presented above. As is illustrated in the fourth
quadrant, the necessary distribution of the utility index may stem

from very different utility functions. This implies that at this
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moment the values of the criteris are uninteresting to our

present purpose, and will henceforth be omitted.

9.4.5 Method

The principle has been to keep yu V(a), and V(u) fixed

s Uy
for every simulation and to havelthe2program modify the @y and
ay from an initial set of values in order to trace the lines
where the MSE of the two models are quual. Thus every simulation
generates one area where the additive model was preferred according
to our criterion, and another area where the interaction model was

found superior.

We can now examine our simulation in greater detail. In Figure

9.2 the simulation program has been reproduced as a block diagram.

I began every simulation by initiating the values of Vys Vg V(a),
and V(u). The initial values of o and o, were generally set at

0.2 and 0.8 respectively. For several reasons there was generally
little point in investigating the more extreme combinations of o
and o,.. First of all the model would tend to become lexicographic

if thi parameters were too extreme. We would also encounter
problems with our truncated distributions, as it would be difficult
to see which distribution we had actually used. Also, the cost

of the simulations made it necessary to restrict the study to the
most interesting combinations only. Finally, in the experiment I
never in fact encountered any combinations of weights more extreme

than 0.2 and 0.8.

Next we generated the estimates, that is a 10 and u These

10 %20 ® 2
were checked against the requirements discussed above; if they did
not fulfil the requirements, new values were generated. The com-
pound utility index was then calculated with the help of the additive

model, UA’ and the interaction model, UI'

New estimates Were generated and utility indices calculated until
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Determine
V(a) ,V(u) sU]sU2

Determine initial
value of a; and aj

WA |

Generate a; and a,

Generate u and Uy

—

Compute U and U

omputed
200 models

Compute and print
MSE(U, )
A
and
MSE(U

)

Compare MSE

Change o) or aj

Compare

Continue a) and ap with

stopping
values

e 9.2 Block diagram illustrating the simulation.
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200 indices of each model had been obtained. I then calculated
the bias, the variance, and the MSE of each of the two models.

I compared the two MSE and, depending on the outcome of the com—
parisons, changed the value of either @, or a,_. To one of these,

1 2
0.02 was either added or subtracted, so that the line MSE(UA) =

= MSE(UI) was being followed as closely as possible. New
estimates were generated and utility indices calculated, and so
on. The simulation continued as long as 0.2 < 5%, < 0.8. In

some cases other stopping rules were used.

9.4.6  Results

We will first look at the deterministic solution. Figure 9.3
illustrates this case. If there is no uncertainty in the estimation
procedure, then the additive model will be preferred only when the
true model is additive, that is when oy and o, add up to one. This
line in Figure 9.3 represents all such combinations. This determin-

istic line will be drawn in all figures as a line of reference.

a
2
1.0 ~\\\\\
0.8 A “
N

\Deterministic line

0.6 AN
\\

o.b L \\\
0.2 \\

- : ! b —— g

0.2 0.4 0.6 0.81.0 t

Figure 9.3 The deterministic solution
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Let us now turn to the results of the simulations. To begin with,
we will keep the standard deviations at their normal level, which
was 0.10.

Figure 9.4 illustrates the case when Ul = u2 = 0.,90. The MBE of
the additive model is smaller than the variance (or MSE) of the
interaction model in the area between the two lines. This area
will be called the additive area. Thus, for combinations of o)

and ay, in this area, the additive model produces a smaller MSE than

the interaction model and is preferred according to our criterion.

0.8

0.6

- + ¥ t + ¥ o1
0.2 0.4% 0.6 0.8 1.0

Figure 9.4 The additive area for v, = v

1 = 0.90 and o, = 9, = 0.10.

2
We can see from Figure 9.4 that when the parameters add up to more
than one, we will use the interaction model only when the sum is
greater than 1.05. If the sum is smaller than one, we will also
have to consider the relationship between the parameters. If they
are equally important, we will prefer the additive model when the
sum of the parameters is as little as 0.38. When the parameters

differ in importance their sum - which is the criterion of when we
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should start using the additive model - has to increase as one of

the parameters becomes more important.

Let us now study how the additive area is affected by changes in

vy and Uy We will keep the standard deviations at the normal level

and we will keep v, = v, To complete Figure 9.5, the deterministic

2
line from Figure 9.3 and the additive area of v_ = = 0.90 from

1°” %
Figure 9.4 have been inserted.

0.2 0.4 0.6 0.8 1.0

Figure 9.5 The additive area for (ul,uz), (0.9,0.9), (0.8,0.8),
(0.65,0.65), (0.5,0.5), and (0.2,0.2) with o, = 0, = 0.10.

We note that the area where the additive representation is superior
becomes more symmetrical with the deterministic line as the means
of the utility indices approach 0.50. The additive area will be

0.85 < a < 1.1k when v, = v, = 0.50.

ta 17 Y%

1 2

When the means of the utility indices decrease from 0.50, the asymmetry
increases again. But the area of the additive model will now reflect
the areas for utility indices greater than 0.50. We also note that

the additive area seems to be symmetrical with the hSo—ray from the

point of origin for any value of the utility indices.
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Next we investigated the effect on the additive area of variations
in the means of the utility indices. This is illustrated in Figure
9.6. We fixed v, &t 0.90 and varied v,. The standard deviations

2
were still kept at their normal level.

&

0.2 0.4 0.6 0.8 1.0
Figure 9.6 The additive area for v, = 06.90 and v, = 0.90, 0.80,

0.65, 0.50, and 0.20 with 0y =9, = 0.10.

The most noticeable change is that the additive area is no longer
symmetrical with the h5o—ray from the point of origin. Instead

the lines separating the additive and the interaction areas seem
to be rays from the point o, = 1.0 and o, = 0.0. These lines now

1 2
seem to turn upwards towards the deterministic line very much later.

Comparing the additive areas of Figures 9.6 and 9.5, we note that
the additive areas above the deterministic line have become smaller,
while those below the line have become larger. Thus the additive
area seems to have moved towards the point of origin. The shift
seems to increase with the difference between the means of the

utility indices.

We examined the effect of various precision in the estimates by vary-

ing the standard deviations. For the parameters three different
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levels of the standard deviation have been used, 0.05, 0.10, and
0.15, i.e. one level above and one below our normal level. We
have simulated for three different combinations of the means of

the utility indices (Figures 9.7, 9.8, and 9.9).

a
2
1.0
0.8
0.6
0.k
0.2
a
1
0.2 0.4 0.6 0.8 1.0
Figure 9. The additive area for vy = 0.90 and u, = 0.80, with
o_ = 0.05, 0.10, and 0.15 and o = 0.10.
a
2
1.0 -
0.8
0.6
0.4 i 0.15
0.10
0.2 i 0.05
N N + ' al

0.2 0.4 0.6 0.8 1.0

Figure 9.8 The additive area for v = 0.65 and UE = 0.20 with

ca = 0.05, 0.10, and 0.15 and cu = 0.10.
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+ + —t
t

+ r + al
0.2 0.4 0.6 0.8 1.0

Figure 9.9 The additive area for vy = v, = 0.50 with

S, = 0.05, 0.10, and 0.15 and Gu = 0.10.

First we note that the additive area behave in the same way that we

have found in the previous simulations. We see that the additive area is
symmetric when the means of the utility indices are equal (Figure

9.9) and becomes more assymetric as the means of the utility in-—

dices differ from each other. The additive area also moves

towards the point of origin as the means of the utility indices

depart. All this confirms our findings from Figures 9.3 to 9.6,

but we also note that all these conclusions hold when we change

the precision of the estimates of the parameters. We also observe

that the additive area increases as the standard deviation gets

greater — a tendency that was expected.

Turning finally to changes in the standard deviation of the utility
indices, we find the results of these simulation in Figure 9.10.

The standard deviations of the parameters have been kept at the
normal level and the means of the utility indices were both retained
at 0.50, so that the results can be compared with those shown in

Figure 9.9.
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%5
1.0
0.8 -
AN
N
0.6 AN AN
N \\
\\\‘ N
0.4 N
N \ 0.05, 0.10
0.2 - A
. .

0.2 0.4 0.6 0.81.0

Figure 9.10 The additive area for vy = U, = 0.50 with o, = 0.10

2
and Ou = 0.05 and 0.10.
The simulations with the standard deviations at 0.05 and 0.10 pro-

duced no change at all in the additive area.

The simulations indicate that the area, i.e. the combinations of

the parameters a, and g, where the mean square error of the additive

model is Smallerlthan tiat of the interaction model, is fairly large.
The size and location of this area is affected by the size of the
means of the utility indices and the difference between them, as
well as by the size of the standard deviation of the parameters.
However, the area seems to be invariant to changes in the standard

deviation of the utility indices.

Thus the simulations suggest that when there are errors in the
estimates it 1s often better to choose a simple model (the additive)
than to try to estimate the correct model (the additive with inter-—
action terms). These results agree with the findings of Yntema and
Torgerson (1961), who found that the average correlation petween the
true scores and the values generated by a model decreased when the
interaction effects were added to the main effects, despite the

fact that the subjects in their experiment had in some way taken the

interactions into account when making their evaluations.
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Figures 9.4 to 9.10 illustrate the results of our simulations.
We kept the values of the utility indices fixed, and varied the
values of the parameters. By choosing a value for each of the
parameters, we can use our results to give us Figure 9.11. This
figure has been "turned upside down", as it represents the third

quadrant in Figure 9.1.

In Figure 9.11 the utility indices will be our variables. The
lines in the figure separate the area — to the left and below

the lines - where the additive model is preferred to the inter-
action model. The lines are approximate, as they are drawn solely
from the results of simulations represented by the dots. We can

1 5 = 0.55, the additive

area 1s smaller than the interaction area, while the opposite is

see that for the parameters o, = 0.30 and o

true for the parameters al = 0.30 and a2 =0.65.
8 6 L 2 .8 .6 o4 2
v, u2 :
-—my o= - = - -~ -~ \
:-. = o~ . 4.2 — -
N -~
~ \
\ \ N
- e T \
- - : N \ . R \ \
- =~ ~ 4 6 — ~ . l
. . \ | . N \
- ~ ) ‘ | \ i
- N\ ] \ ' i .8 '\.\’ ‘\ '\
S ! | N |
. o\\ e \ . '\ || * AN o‘ . .
30 .50 .55 .60 .65 b .30 .35 .ho BRIt
1

Figure 9.11 The additive area (below and to the left of the lines)
for different values of the parameters.

In {(a) we have o, = 0.30 and o, is varied

In (b) we have (al,aE) (0.30, 0.30), (0.35, 0.35),
(0.40, 0.40), (0.45, 0.45), and (0.475, 0.475).




For the parameter values o = 0.30 and ag = .70 1n Yigure %.1la

and for oy Ta, = 0.5 in Figure 9.11%t the =zdditive model will bLe

2
preferred for all values of Ul and 02, because the line zerparating
the additive area from the interaction area will coilncide with the

axes.

9.4.7 Which model will be chosen?

Figures 9.4 to 9.11 only showed the areas in which one mcdel was
preferred to another. But to be able to say which model is the

best, we have to know the distribution of the utility indices and
this distribution will vary from problem to problem. Knowing the
distribution of the utility indices, we can calculate the prcbability
of each model - the additive or the interaction - having

the greatest precision. This information can be used as the basis

on which to choose a model.

It is generally easier to estimate the distribution of the criteria
values and to transform it into a distribubion of the utility indices,
than to estimate the distribution of the utility indices direct.

This means that we will now have to incorporate the values of the

criteria, X and x., into the analysis.

23
As the final evaluation of the models is a practical problem, we
cannot make any general statements about the precision of the two
models. To show how this kind of analysis can be made, and to throw
a little light on the results of our simulations, we can carry out

two simple numerical examples.

9.4.7.1 Example 1

Let us assume that the two criteria are statistically independent,
and that the (marginal) probability density function of the first

criterion is

0<x <1 (9-19)
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and that of the second criterion is

This implies that the mean of the simultaneous function
f(xl,xe) = hxlx2
is ;l = 2/3 and ;2 = 2/3. These values are not unrealistic for

the Air Force problem examined in this study.

Let us further assume the two unidimensional utility functions

to be
_ .2/3
ul(Xl) =x'7 0x¢ ul(xl) <
and
_ /2
uolx,) = x50, 0 < (x,) <

It is now possible to determine the marginal density function of
the utility indices. These are found by inserting the formulae
(9-22) and (9-23) into (9-19) and (9-20) respectively, and trans-—
forming these functions so that they fulfil the requirements of

a density function. These functions will become

~

g, (ug (x))) = 30 (%))
and

£,(0,(x,)) = b, (x,)°

1.

The means of these density functions will be

U (xl) =3/% and o

1 (XZ) =

2

As the functions are independent, we can write the simultaneous

density function as

gblbi)web%))=l&ﬁ 1 UJX)

13— Avhandling Bertil Tell

u/5

(9-20)

(9-21)

(9-22)

(9-23)

(9-2L)

(9-25)

(9-26)



178

Let us now examine for some values of the parameters o, and g

which model is to be preferred, i.e. which one is mostllikely2
to produce the lowest MSE. To illustrate the procedure let us
take the parameter combinations shown in Figure 9.1la. To
simplify the calculations I have gpproximated the regions where

the additive model is preferred, as in Table 9.1.

The probability of the additive model having the lowest mean
square error, which can be seen in the right hand column in
Table 9.1 for some values of oy and oy is found by

P(MSE, < MSEI) =

V]

(9-27)

A

1 5 3
{ / lEul(Xl) ug(xg) v, v,

*
171 272

where the values of UI(xl) and u;(xg) can be found in the column

in the middle of Table 9.1.

iParameter values Additive model preferred Probgbility of the
‘ when u. (x, ) and v, (x.) additive model
! 1 Xl 22 .
having the lowest MSE
are greater than
gal o, UI(xl) and u;(xg)
{ 0.30 0.30 1 0.80 0.80 0.79
[0.30 0.50 0.65 0.65 0.95
:O.}O 0.55 0.50 0.50 ' 0.99
" 0.30 0.60 0.35 0.35 ' 1.00
0.30 0.65 0.10 0.10 1.00
0.30 0.70 0.00 0.00 : 1.00
|

Table 9.1 The probability of the additive model having the
lowest MSE for some different parameter values,

With the assumed density function, this gives probability values
that are very high and very insensitive to variations in at least

one of the parameter values.
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9.4.7.2 Example

Let us now choose another density function to illustrate how

a2 model can be selected in a practical situation. The function

used in Example 1 was not unrealistic for the Air Force evaluation
problem, but let us now take a less extreme function, e.g. the normal

distributfon.

Let us assume immediately that we have found the marginal density
functions of the utility indices to be normally distributed with
the means Jl(xl) = 0.5 and Jg(xg) = 0.5 and with standard de-
viations of 0.1, i.e.

Ul(xl) € N(0.5,0.01) (9-28)

U2(x2) € N(0.5,0.01) (9-29)

These functions correspond to the density functions {(9-24) and
(9-25) in our first example. The probability of the additive
model having the lowest mean square error is given in Table 9.2

for the same parameter values as in the previous example.

Parameter values Additive model preferred Probability of the
when v, (x.) and v, .(x.) additive model
L1 22 having the lowest MSE
are greater than
* *
ay a, ul(xl) and ug(xg)
0.30 0.30 0.80 0.80 0
0.30 0.50 0.65 0.65 0.02
0.30 0.55 0.50 0.50 0.4z
| 0.30 0.60 0.35 0.35 0.93
| 0.30 0.65 | 0.10 0.10 1.00
i 0.30 0.70 0.00 0.00 1.00

Table 9.2 The probability of the additive model having the
lowest MSE for some different parameter values,
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We find that the probabilities are much lower in this example.
This is due partly to the lower means of the marginal density
functions of the utility indices, and partly to the difference

in shape between the two simultaneous density functions.

9.4.7.3 Conclusions

We cannot definitely state which model is the best without speci-
fying, among other things, the probability of various combinations

of the utility indices. These probabilities will of course always

be specific to the particular problem concerned, but for any problem
the procedure outlined above can be used to evaluate the appropriate-
ness of the models available. This procedure was illustrated by

two simple numerical examples.

In the first example, we would have preferred the additive model for

; = 0.30 (fixed) and a, = 0.10 (varied),

if we had decided to select the model most likely to have the lowest

parameter values as small as o

MSE. In the second example, where we used a less extreme density
function, we would still prefer the additive model for many parameter

values (for values arocund o, = 0.30 and a, = 0.57). Had there been

1
no uncertainty, we would have chosen the additive model only when the
parameters added up to one, i1.e. when a) = 0.30 and a, = 0.70 in our

two examples.

Our general conclusion is that the additive model is preferred in
many more situations than had been expected, when there is uncertainty

in the estimates.

So far we have only looked at the case of a two-criteria problem,

but I expect the additive model to outclass the interaction model

even more clearly as the number of criteria increases. I base this

claim on the fact that the number of interaction terms contributing

to the variance of the interaction model will grow exponentially as

the number of criteria increases. It would be interesting to investigate
this hypothesis, while also trying to see how our belief in the super-
iority of the additive model is affected by other correct models, apart
from the one used in the present study. However, this could be a re-—

warding line for future inquiry.
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9.5 SUMMARY AND CONCLUZIOL

The traditional way of discovering a decizion-maker's preferences
for different criteria has been to use some indirect method, cuck
as regression analysis. During recent years, however, certain
direct methods have been receiving considerable attention. These
two approaches differ, among other things, in their treatment cof
uncertainty in the decision—-maker's estimates. Psychological
studies have shown that people's estimates of various thencmens

are affected by (random) errors, but the indirect methods are the

1)

only ones that explicitly take this into consideration. In thi
chapter we have studied the effect that these errors would have
on our selection of a utility model when a direct estimation method 5

is being used.

We assumed an additive model with interaction terms to be correct. ;
In the case of a two-criteria problem we then investigated which

of two models — one with and one without interaction terms - had

the highest precision, given the presence of random errors in the
decision-maker's estimates. We took the mean sgquare error as our

criterion of precision.

We found the analytical approach to be fruitless, and so we turned
to simulations. TFor given values of the criteria we found that in
many cases the simple additive model was superior to the additive
model with interaction terms. The superiority of the simple
additive model increased as the mean of either of the utility in-
dices began to deviate from 0.50, and decreased as the sum o{_the
two welghts began to deviate from one. Naturally the superiocrity
of this model also increased if the estimation error in the weights

increased.

It is only possible to consider the values of the criteria in
specific problems where the distribution of these criteria values
can be estimated. Two examples with different distributions were
analyzed and they indicated that the simple additive model would

be preferred in many more situations than had been expected, when
there was uncertainty in the estimates of the unidimensional utility

functions and the parameters.
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CHAPTER 10

10.1 SUMMARY

The aim of this study has been to analyze some suggested approaches
to the solution of multiple-criteria problems. The approaches that
have interested us here, involve the determination of a model of
the decision-maker's preferences and the use of this model to
evaluate different multiple-criteria objects or alternatives. To
estimate the components of the model we have to choose a sultable

method.

T decided to concentrate on direct methods, i1.e. methods that derive
the decision-maker's preferences from direct interrogation, since
these methods have been the object of considerable attention in
management literature during the last few years. Several reports
have appeared on the implementation of various direct methods, but
there have been no comparative studies. I therefore decided to
carry out an experiment to discover some of the characteristics of
different direct methods and to find out something about the models

they producc.

The dominating criterion for a "good" model or method is its pre-
cision, which is often defined as the degree of conformity with the
subJect's intuitive evaluation. I did not want to restrict myself
to this criterion alone, since several other attributes, such as
the decision-maker's confidence in the results or the ease with
which the models and methods can be used, are very important when
applying multiple~criteria methods. I therefore also investigated

aspects of this kind.

As one of the traditional approaches to the determination of a
decision-maker's preferences has been regression analysis, I decided

to include this in my study. Regression analysis is an indirect
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method, because it deduces preferences from the behavior of the
decision-makers. I used this method to estimate six commonly
used models, and then compared the precision of these models

with that of the tested direct models.

I decided to test the methods and their models on a real-life
economic problem. The introduction of the new Planning, Program-
ing, and Budgeting System in the Swedish Air Force called for
annual evaluations of the Air Force squadrons, and I chose this

as my problem in view of several desirable properties it possessed:
for instance the problem had already been structured by the Air
Staff in a way that gave me an opportunity to test the methods

and models on several different subproblems of varying complexity.
The Air Force problem also provided me with many subjects who
could take part in the experiment, thereby increasing my confidence
in the results. I do not consider this problem to be unigue to
the defense sector. It could just as well have concerned the

evaluation of a computer department, for example.

I selected four direct methods as the maximum number of methods

I could test. Two of these were chosen by the Air Staff. These
had been developed within the defense organization (one by a group
of consultants and one by Tell) but were unknown to the participants
in the experiment. The remaining methods (one by Keeney and one

by Miller) were chosen from the literature of the subject.

After analyzing the methods and their models, I deduced some hypo-
theses about the expected results of the experiment (Section 3.7).
These are shown on the left in Table 10.1, while the actual find-
ings of the study are noted on the right.

The first attribute to evaluate is the precision of the models.
Precision is defined as the degree of concordance between the util-
ity indices produced by the model and those given by the decision-—

meker. We found that the indirect models in the experiment had a
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Attribute Ranking of methods
Expected ., Results
Precision R C K M T RT (MC) K
Believed precision T M C K |
- during construction ''T M C K
~ in use P(M) ¢ K
During construction
| Ease of understanding (CT) M X ST (MC) K :
| the questions | )
| Ease of answering (MT) (CK) Lo (MC) K
i the questions ! f
' Time requirement (M) K ¢ i T M C K
in_use {
' Base of understanding (ML) K ¢ i (MT) X ¢
the instructions i
|
Ease of performing \ (MT) K C | (Mr) K C
the instructions ! i
Time requirement (MT) X C % (MT) K ¢
i J

(C = consultants', K = Keeney's, M = Miller's, R = regression,

and T = Tell's methods respectively.)

Table 10.1 A summary of expected and real outcomes on the
attributes used to evaluate the studied multiple-
criteria models and methods. The best outcomes to the left.

precision matching that of the direct models when we took the
correlation coefficients or the variance as our criterion.

Because the direct models exhibited greater bias, the indirect
models revealed greater precision than the direct models when

we took the mean square error as our criterion.

Of the six indirect models, the linear models proved to have the
greatest precision and the disjunctive model the least, irrespect-

ive of which criterion we used except in the case of the bias.
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The two linear models proved equally gocd. The conjunctive, ex-—
ponential, and logarithmic models lay in between the others and
could not be separated from one another., This is a result in

accordance with that of other studies.

Of the direct models, I had expected the two additive models
(Miller's and Tell's) to have a great appeal, although their
precision and the decision-makers' belief in their precision

could be expected to be lower that that of the two additive models
with interaction terms. However, the experiment revealed a un-
animous preference for pure additive models. Tell's method, which
had been developed in the organization but was unknown to the sub-
jects participating in the experiment, came out best or tied with
the other additive model (Miller's) on all criteria. Keeney's
method was the least preferred method, although his model was

found easier to use than that of the consultants.

If we take all the attributes into consideration, it seems clear
that pure additive models are preferred to more complex models
when they are derived by direct methods. Tt also seems evident
that the "practical” method is preferred to the "theoretical”
method in the class of pure additive models, and in the class of

additive models with interaction terms.

This experiment showed clearly that simple models - such as the
additive - had a higher precision than more complex models and
that these models and their estimation methods received high
rankings on all other attributes. However, we must bear in mind
that this was a static experiment where it was not possible to
study, for example, any effects of learning. It is not impossible
that a greater element of teaching or more experience of using the
methods or models over a longer period, may change the rankings

on some criteria.

The experiment also confirmed a hypothesis that has been discussed
in other studies, namely that an increase in the number of criteria

lowers the precision of the model.
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In Section 3.3.3 we put forward the hypothesis that the von
Neumann-Morgenstern lottery-technique is hard to understand

and to use. Our experiment seems to have generated a good

deal of material to support this hypothesis. We found (a) that
the method required substantially more time than the other methods.
This is also expressed by the subjects' attitudes as measured by
(b), the ease of understanding the questions posed by the method,
and by (c), the ease of answering these questions. The impression
that the method is difficult is reinforced by (d), the demand for
an explanation of this method during the experiment, (e), the
many negative comments given by the participants and (f), the

great variance in the outcomes of the lottery-technique.

The unexpectedly good results of the pure additive models requires
further investigation. One cause could be the existence of un-
certainty in the preferences expressed by the decison—makers.
Several psychological studies have shown that people's estimates
of various phenomena are affected by errors. The indirect methods
take explicit account of the uncertainty in the data provided by
the decision-maker and try to minimize its influence on the model,
while the direct methods do no take uncertainty in the estimates

into consideration.

I decided to investigate the effect that estimation errors would

have on the selection of a multiple-criteria model. I restricted

my study to a two-criteria problem, in which I assumed an additive
model with interaction terms to be the correct model. In an
estimation of this model, there would be errors in the unidimensional
utility functions and in the weights. Using a simulation approach,
we were able to study a pure additive model and an additive model
with interaction terms, to see which of them would achieve the

greatest precision. Precision was measured by the mean square error.

For given values of the criteria we found the Purely additive model

to be superior in many cases to the additive model with interaction
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terms. This superiority increased when the mean of the utility
indices began to deviate from 0.50, but it decreased when the
sum of the two criteria began to deviate from one, and when the
estimation error in the weights fell. When we incorporated the
values of the criteria into the analysis, we still found the
simple additive model to be preferred in more situations than

had been expected.

The results are only tentative, as we have analyzed only one
problem, i.e. one particular correct compound utility function
of only two criteria. The results of these simulations indicate
that in a great many situations where there are errors in the
estimates and where a more complex model than the pure additive
model would normally be chosen, a model with greater precision

would result if we chose the purely addi-ive model instead.

To sum up the experiment and the simulation study: both indicate
that simple models, such as the linear and the additive models,
seem to attract users and to be as accurate as the more complex

models.

10.2 FUTURE RESEARCH

In the area of multi-criteria evaluations much remains to be done.
During the last few years many new approaches and methods have
been presented to help decision-makers to solve multiple-criteria
problems. At present we know relatively little about how these
methods work, as the number of reported applications, experiments,
etc. is fairly low. In my opinion, this is the type of study that
is needed now, to increase our knowledge of existing mehtods and to

provide a basis for the development of new methods.

In the present experiment the comparison of direct and indirect methods
was not of primary importance. The indirect models were derived from

available data, and it was thus not possible to obtain ianformation
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about the decision-makers' attitudes to the two techniques. Tt would
be very interesting, however, to compare these two approaches in
more detail and particularly to focus on the difference between them.
Such a study could be designed so as to tell us something about

the trade-offs between, for example, precision (one of the advantages
of the indirect methods) and time-requirements (an advantage that

is claimed for the direct methods).

The present study also leaves some minor but very important issues
for future research. Thus all the comments made in connection with
the presentation of the four direct methods contain several test-
able hypotheses. For example, there was the question raised in
connection with Miller's method, as to whether paired comparisons
will produce weights different from those produced by methods where
the decision-maker maintains his overall view while assigning his weights;
and the question that appeared in the review of Keeney's method, as
to whether the use of non-extreme criteria values would produce
better estimates of unidimensional utility functions and weights
than Keeney's use of extreme values; and the question about the
significance of the two alternative simplifications introduced in

Tell's method.

It would be extremely valuable to broaden the perspective from
multiple~criteria control to include other decision-making situations
as well, and to test the direct and indirect approaches with inter-
active technigues, for example. Such a test would automatically
emphasize other criteria, besides the accuracy of the methods, since
they attack and solve the problems in such different ways. This
would provide a natural follow—up to the present study of direct and
indirect utility models and to the comparative studies of interactive

methods of Dyer (1973) and Wallenius (1975).

Many comparative studies of multiple-criteria methods have been made
as laboratory experiments, but in the present study I have based my
experiment on a real-life problem. The problem was taken from the Swedish
defense organization, and its connection with economic decisions was

that the utility indices generated were going to be used together with
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cost estimates and other information in the budgeting process.

A natural continuation would be to study methods in real-life
multiple-criteria problems in business firms, e.g. in sales-—
allocation problems, investment decisions, and production planning,
since such studies would be directed more towards the implementation

of multiple-criteria decision-making methods.

As regards the simulations, these appear to contain the seeds of
many big research projects. If human error in making estimates
is to be explicitly allowed for, then we must first of all find
out more about the kind of errors people tend to make, and how

these errors will affect the various types of model.

I personally intend to continue investigating what effect uncertainty
in the estimates has on the selection of a multiple-—criteria model,

and among the aspects I hope to study further are:

(a) what effect would various distributions of the criterion

values have on the conclusions?

(b) what effect would other estimation methods have on the con-

clusions?

(¢c) what effect would other correct models have on the conclusions?
(d) what effect would an increase in the number of criteria have

on the conclusions?
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