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MODELLING MCDA GROUPPREFERENCES FORPUBLIC HUMAN

RESOURCEMANAGEMENT

Evaluating the Quality of Education at The Department of Information
Technology, The University of Turku (Finland)

Abstract

Modern managerial decision making problems are discrete and multicriteria by na-
ture, and involve several decision makers (DMs). One of the key questions in this
type of problems is how the preferences of the DMs can be modelled. Usually the
DMs are not sure of their preferences or will not tell them to the analyst, because
they are not able to express their preferences directly. In these type of situations the
decision support system should allow modelling of ignorance. Another key question
is related to the treatment of conflicting preferences.

Stochastic Multicriteria Acceptability Analysis (SMAA) is a family of methods to
aid DMs in discrete decision aiding problems. Dempster-Shafer theory of evidence
(DST) allows modelling of ignorance by using belief functions. In this paper we
show how the preferences of multiple DMs or other stakeholders can be modelled
and combined using DST, and how this information can then be encoded as interval
constraints for sets of weights in SMAA. We address both of the key questions: how
to model ignorance and how to resolve conflicting preferences. Thus, the theoretical
part of this work extends the SMAA methodology.

Our contribution has a wide range of practical applications. We present a real-world
case study of human resource management in the public sector. It consists of eval-
uating the quality of education in the University of Turku, Finland. We analyze the
performance of 10 courses in terms of 6 criteria, based on client satisfaction: we
take into account the collective preferences elicited froma group of 58 students by
applying the proposed method.

Keywords: Stochastic Multicriteria Acceptability Analysis (SMAA); Multiple Crite-

ria Decision Aiding (MCDA); Dempster-Shafer theory (DST); Preference Modelling;

Group Decision Making; Human Resource Management
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1 Introduction

In modern managerial decisions, there exists a large amountof decision making situations, which
are discrete (they comprise a finite set of alternatives) andmulticriteria by nature. Situations of
this type include choosing, ranking, and sorting problem statements or problematics (see Figueira
et al., 2005, which provides also a wide selection of important methodologies to attack the different
problem statements).

Thechoosing problem consists of selecting one alternative or a small set of alternatives as the
“preferred ones”, e.g. choosing a site for a landfill or harbour. In ranking problems each alternative
needs to be attributed a position.Sorting problems differ from the ranking ones in that they include
pre-defined categories (for example, “good”, “medium”, “bad”), in which alternatives need to be
assigned to. Also the way the alternatives are compared is different for the other two problem
statements (see Figueira et al., 2005, Ch. 4).

Managerial Multiple Criteria Decision Aiding (MCDA) problems include many practical ques-
tions which have been addressed widely in the literature. One of the most difficult questions is
how the preferences of Decision Makers (DMs) or other stakeholders should be modelled? The
difficulty inherent in sharing subjective views of the worldhas been acknowledged in science since
dualism was introduced by Des Cartes (1641). The fact that MCDA methods are in general sup-
ported by mathematical models makes the problem even harder; DMs might find it too difficult to
understand the method for preference elicitation.

Usually the preference information in MCDA problems is modelled by determining a weight
for each criterion and other preference parameters (thresholds, catogory profiles, ...). Stochastic
Multicriteria Acceptability Analysis (SMAA) is a family ofdecision support methods to aid DMs
in discrete decision making problems with multiple DMs or other stakeholders. SMAA is a quite
recent MCDA methodology, but it has had a tremendous impact for dealing with complex real-
world decision making situations since 1998. SMAA methodology is based on inverse weight
space analysis, which meansexploring the weight space in order to describe the weights that

would make each alternative the most preferred one, of that would give a certain rank for a specific

alternative. Thus SMAA is suitable for dealing with ranking problem statements, but instead of a
ranking, SMAA producesrank profiles, which are probabilities for alternatives to obtain different
ranks.

Classical ranking methods have an input consisting of criteria measurements (evaluation ma-
trix) and preference parameters. The output is a ranking of the alternatives according to their
comprehensive utility values or scores (as in MAUT based methods), or according to some spe-
cific procedure designed to build the ranking (as in ELECTRE III). The classic methods have a
drawback of requiring preference parameters. Sometimes the DMs can not provide any preference
information. It might also be possible, that the DMs do not want to reveal their preferences, for
example, in a political decision making of a city council. Inthis type of situations an inverse
approach seems more suitable.

The inverse ranking approach mitigates the drawbacks of theclassical approach. Input in
inverse problems is the same as with classical ones, with parameters having imprecise values:
criteria measurements might be uncertain and/or the DMs’ preference structures might contain
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ignorance. In this paper ignorance means lack of information, while uncertainty means that the
values are imprecise, but the underlying probability distribution is assumed to be known. Output
of the inverse approach is a characterization of the problem, for example, a share of the parameter
values (weights) which grant an alternative a certain rank.The inverse approach removes the need
for the DMs to provide more preference information than theyfeel comfortable with, and thus it
is very suitable for MCDA problems.

Instead of giving direct answers to the decision making problem, the SMAA methods analyze
and characterize the problem, leaving the final decision forDMs to make. The main results of the
analysis arerank acceptability indices, central weight vectors andconfidence factors for different
alternatives. The rank acceptability indices describe thevariety of different preferences resulting
in a certain rank for an alternative, the central weight vectors represent the typical preferences
favouring each alternative, and the confidence factors measure whether the criteria measurements
are sufficiently accurate for making an informed decision.

On the birth and development of SMAA methodology and other related methods. The
weight space analysis, which forms the basis of SMAA methodology, was initially developed
based on the work by Bana e Costa (1986, 1988). It is applicable to all MCDA methods where
weights have to be provided.

In the original SMAA method by Lahdelma et al. (1998) the weight space analysis is per-
formed based on an additive utility or value function and stochastic criteria measurements. The
SMAA-2 method (Lahdelma and Salminen, 2001) generalized the analysis to a general utility or
value function, to include various kinds of preference information and to consider holistically all
ranks. The SMAA-3 method (Lahdelma and Salminen, 2002) applies ELECTRE III type pseud-
ocriteria in the analysis. Another extension with ELECTRE III weight space analysis can be found
in (Tervonen et al., 2004a). The SMAA-O method (Lahdelma et al., 2003) extends SMAA-2 for
treating mixed ordinal and cardinal criteria in a comparable manner. The SMAA-A method mod-
els the preferences using reference points and achievementscalarizing functions (Lahdelma et al.,
2004a). SMAA-D applies, instead of a value function, the efficiency score of Data Envelopment
Analysis (DEA) (Lahdelma and Salminen, 2004).

Other methods applying the inverse approach have also been published. Charnetski (1973)
and Charnetski and Soland (1978) introduced the comparative hypervolume criterion which is
restricted to deterministic criteria measurements and an additive utility function. Rietveld (1980)
and Rietveld and Ouwersloot (1992) presented similar methods for problems with ordinal criteria
and ordinal preference information. A method similar to SMAA-A has been studied by Durbach
(2004). SMAA differs from all other inverse methodologies in that it allows criteria measurements
and preference information of arbitrary forms.

On the applicability of SMAA in managerial decisions. SMAA methods are applicable in
many real-life managerial decision making situations for anumber of reasons:

• The inverse weight space approach is suitable for many groupdecision making problems,
where the DMs are unable or unwilling to provide preference information, or it is difficult
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to reach consensus over the preferences. In such cases SMAA can be used to provide de-
scriptive information about the acceptability of different alternatives, and this can help the
DMs to identify commonly suitable compromise solutions.

• SMAA supports a very general and flexible way to model different kinds of uncertain, im-
precise, or inaccurate information (imperfect knowledge)(for discussion on these defini-
tions, see e.g. Roy, 1989) through stochastic distributions.

• The SMAA computations can be implemented very efficiently through numerical methods
(Lahdelma et al., 2004b), making it possible to use the method in many different decision
making contexts, including interactive decision processes.

As a consequence, SMAA methods have been successfully applied in a number of real-life man-
agerial decision making situations mainly in Finland:

1. The first SMAA application was the Helsinki Harbour Environmental Impact Assessment
(EIA) procedure (Hokkanen et al., 1999). In this application, 25 alternatives were evaluated
on the basis of 11 criteria. The original SMAA method (Lahdelma et al., 1998) with a linear
value function was applied to the problem. The uncertain criteria measurements and their
dependencies were modelled through a joint probability distribution.

2. The EIA procedure for Kirkkonummi general plan (Hokkanenet al., 1998) considered the
implementation order of the confirmed plan. In this application, 7 alternatives were eval-
uated in terms of 8 criteria. The SMAA-3 method was applied tothe problem, and this
involved using an ELECTRE III like double threshold model with indifference and prefer-
ence thresholds.

3. The next SMAA application was the Toukolanranta technology competition for cleaning
polluted soil in Helsinki (Hokkanen et al., 2000). The competition consisted of two phases.
In the first phase three candidates were chosen based on submitted tenders. In the second
phase, the finalists performed a test-cleaning of a small area and the winner received the
contract for cleaning the entire area. The SMAA-2 method (Lahdelma and Salminen, 2001)
was used in the first phase of this competition, where 9 alternatives were evaluated on the
basis of 5 criteria. The SMAA-2 method was developed in conjunction with this application,
because it was necessary to consider also other ranks than the first one.

4. A location problem of a waste treatment facility in South-Eastern Finland was studied by
Lahdelma et al. (2002). In this application, 4 alternativeswere evaluated on the basis of
17 criteria. The interesting property of this application was that only ordinal measurements
for the criteria were available. The SMAA-O method (Lahdelma et al., 2003) for treating
ordinal criteria was developed in conjunction with this application.

5. A locating problem was also addressed by Lahdelma and Salminen (2003), where the
SMAA-O method was used to evaluate sites for processing and storing the by-products of a
multi-fuel power plant in Pietarsaari. In this application, 4 alternative sites were evaluated
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on the basis of 11 criteria. The novelty of this application was that ordinal scale interval
constraints were specified. These constraints set bounds for cardinal values generated by a
simulation of ordinal to cardinal mapping.

6. The next application was choosing a reparation method fora landfill (Lahdelma et al., 2001).
In this application, 7 alternatives were evaluated on the basis of 13 criteria. SMAA-O was
applied on mixed ordinal and cardinal data; 7 criteria were measured on ordinal scales and
6 on cardinal ones. This was the first real-life SMAA application where partial preference
information was used. Preference information was collected by asking the DMs to rank the
criteria according to their importance.

7. In (Lahdelma and Salminen, 2005) SMAA-2 was applied in a strategic decision making
problem for an electricity retailer operating on the liberalized energy market. The char-
acteristic feature of this problem was that it is inherentlycontinuous. The problem was
discretized by choosing different value combinations of continuous decision variables. The
discrete alternatives were then quantified by using a stochastic simulation model that was
also able to determine the dependencies between the different criteria measurements. This
application was later re-analyzed by using the SMAA-2 method with a multivariate Gaus-
sian distribution for criteria measurements (Lahdelma et al., 2005).

8. The SMAA-O method has also been applied for re-analysing aforest ecosystem manage-
ment problem (Kangas et al., 2003b). In this application, 10alternatives were evaluated
on the basis of 5 criteria. Different possible ranks for the criteria were applied in order to
understand their effects on the results.

9. Another re-analysis application in the forestry area (Kangas et al., 2003a) considered the
influence of the correlation between the measurement errorsacross different criteria and
across different alternatives. In this application, 20 alternatives were evaluated on the basis
of 5 criteria.

Modelling preferences of multiple DMs. In many real-world complex managerial decision
making problems the preferences of multiple decision makers (DMs) need to be taken into ac-
count. As an example of multiple DMs are company shareholders or a city council. If DMs have
conflicting preferences, several possible approaches are available, including solving the conflicts
or modelling the collective preference structure where theconflicts are still present. The inter-
active conflict resolution approach (negotiation analysis) has been extensively studied (see e.g.
Raiffa et al., 2002). In this paper we introduce a method for modelling the conflicts in SMAA.

The SMAA methodology allows modelling of preference information in form of probability
distributions, but in practice the preference informationis given in simplified form, for example, as
intervals for weights or ranking of criteria. When there aremultiple DMs, the preference informa-
tion must be aggregated before it can be used in SMAA computations. The aggregation method
may have a great impact on the results of the SMAA analysis. Itis crucial that the preference
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information from a large set of DMs can be elicited efficiently and aggregated in a consistent and
theoretically sound way.

To our knowledge, prior to this work there has been no method for modelling preferences
of multiple DMs in SMAA methodology, which would take into account ignorance in the DMs’
preferences structures. Nor has there been any research on combining preferences in the context
of preference modelling in SMAA. A theoretically sound method for preference combination is
extremely important in a decision making context, where thestakeholders are different from the
actual DMs. The actual DMs might be consultants or a managerial board, while the stakeholders
could be company shareholders. In this context an iterativeprocess for refining the preferences of
stakeholders is not practical, especially if the number of stakeholders is large.

Dempster-Shafer theory of evidence (DST) is a generalization of Bayesian theory of proba-
bilities that allows representation of ignorance in the probability assignments (Shafer, 1976). In
DST, it is also possible to combine the probability assignments in a theoretically sound way. Mul-
tiple alternative methods have been introduced for combining the probability assignments (see e.g.
Shafer, 1976; Yager, 1987). For these reasons, DST is very suitable for modelling and aggregating
the preferences of multiple DMs. In this paper we show how theDST can be used to model and
aggregate the preferences of multiple DMs, and how the aggregated preference information can
be applied in SMAA models.

Case study. In the case study we have a ranking problem of 10 university courses which were
taught at the Department of Information Technology of the University of Turku, Finland. The
students who participated in the courses have been filling evaluation forms, and using these we
defined Gaussian distributed criteria measurements for thecourses. The preference information
was elicited by asking 58 students to prioritize the 6 criteria used in evaluating the courses by
filling a form. These preference statements were transformed and aggregated by applying the
method introduced in this paper. With the criteria measurements and the collective preference
information, we performed SMAA analysis to rank the qualityof education between the courses.

The results of the case study were studied in collaboration with the persons being in charge of
education at the department. The comments from the DMs provide client’s insight to the method.
Particularly, the DMs considered the method (1) to give valuable support for course planning and
development, (2) to be robust and reliable because no exact weights need to be provided, and (3)
to be useful because it can explicitly represent uncertain,imprecise and lacking information both
in criteria measurements and in preferences.

Main contributions and outline of this paper. The contributions provided by this paper are
both theoretical and practical. As a theoretical advance, we present a new method for modelling
and aggregating the preferences of multiple DMs. We also present how the preferences can be
applied for SMAA models. From the practical point of view, wepresent a case study where the
new method is applied. The case study brings novelty also to the variety of SMAA applications:
as far as we know, the SMAA methodology has never before been applied for human resource
management.

5



This paper is organized as follows: We describe the outline of the new methodology in Section
2. The SMAA approach is introduced in Section 3. The Dempster-Shafer theory of evidence is
briefly reviewed in Section 4. In Section 5, we present the framework for applying DST for pref-
erence modelling in SMAA. In Section 6 we present and analyzea small car ranking problem for
illustrative purposes. Section 7 contains a case study of a real-world problem of course evaluation.
We end this paper with conclusions and avenues for future research in Section 8.

2 Outline of the improved SMAA methodology

The methodology presented in this paper is for modelling preferences of multiple DMs in SMAA.
The preferences of a single DM are modelled by using belief functions as defined by DST. The
approach consists of several phases, which we will briefly describe next.

1. Transform the preferences of each DM into a belief function (bpa). This can be accom-
plished, for example, using the method presented by Tervonen et al. (2004b).

2. Combine the belief functions using the Yager’s rule of combination. This results in a single
belief function incorporating the preferences of all DMs.

3. Calculate characteristic belief and plausibility values from the combined belief function.

4. Transform the intervals provided by the charasteristic values [belief, plausibility] to con-
straints for sets of weights (the preferences are modelled in SMAA using interval constraints
for weights).

5. Apply SMAA, with input consisting of criteria measurements and preference information
(interval constraints for weights). The output are certainindicators (confidence factors, ac-
ceptability indices, and central weight vectors) characterizing the decision making problem.

The complete process is presented in Figure 1.
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Figure 1: The procedure of using DST for preference modelling in SMAA.
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3 The SMAA-2 approach

The SMAA-2 method (Lahdelma and Salminen, 2001) has been developed for discrete stochastic
MCDA problems with multiple DMs. SMAA-2 applies inverse weight space analysis to describe
for each alternative what kind of preferences make it the most preferred one, or place it on any
particular position in the ranking.

3.1 Elementary notation

The following notation is used in this paper:

• {x1,x2, . . . ,xm} is the set of alternatives.

• G = {g1,g2, . . . ,gn} is the set or family of criteria.

• w = (w1,w2, . . . ,wn) is a vector of weights. The weights are represented by a weight distri-
bution with joint density functionfW (w) in the feasible weight spaceW .

• ξi j are stochastic variables representing imperfect knowledge of criteria measurements.
They have a joint density functionfX(ξ) in the spaceX ⊆ Rm×n.

• u(xi,w) is the real-valued utility or value function representing the DMs preference struc-
ture. The value function maps the different alternatives toreal values by using the weight
vectorw.

3.2 The weight space

The weight space can be defined according to needs, but typically, the weights are non-negative
and normalized, that is; the weight space is ann−1 dimensional simplex inn dimensional space:

W =

{

w ∈ Rn : w ≥ 0 and
n

∑
j=1

w j = 1

}

. (1)

Total lack of preference information is represented in ’Bayesian’ spirit by a uniform weight dis-
tribution inW , that is, fW (w) = 1/vol(W ). It should be noticed here, that we use weights in the
meaning of scale factors; the weights rescale the value or utility functions in such a way, that the
full swing in the scaled function indicates the importance of the criterion (see Belton and Stewart,
2002, Section 5.4).

3.3 The value function

The value function is used to map the stochastic criteria andweight distributions into value dis-
tributionsu(ξi,w). Based on the value distributions, the rank of each alternative is defined as an
integer from the best rank (= 1) to the worst rank (= m) by means of a ranking function

rank(i,ξ,w) = 1+
m

∑
k=1

ρ(u(ξk,w) > u(ξi,w)), (2)
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whereρ(true) = 1 andρ( f alse) = 0. SMAA-2 is then based on analysing the stochastic sets of
favourable rank weights

W r
i (ξ) = {w ∈W : rank(i,ξ,w) = r}. (3)

Any weight w ∈ W r
i (ξ) results in such values for different alternatives, that alternativexi obtains

rankr.

3.4 Descriptive measures provided by SMAA-2

Three types of descriptive measures are obtained as outputsfrom a SMAA-2 analysis: (1) rank
acceptability indices, (2) central weight vectors, and (3)confidence factors.

1. Therank acceptability index (br
i ) measures the variety of different preferences that grant al-

ternativexi rankr. It is the share of all feasible weights that make the alternative acceptable
for a particular rank, and it is most conveniently expressedpercentage-wise. The rank ac-
ceptability indexbr

i is computed numerically as a multidimensional integral over the criteria
distributions and the favourable rank weights as

br
i =

Z

ξ∈X
fX(ξ)

Z

w∈W r
i (ξ)

fW (w)dwdξ. (4)

The most acceptable (best) alternatives are those with highacceptabilities for the best ranks.
Evidently, the rank acceptability indices are in the range [0,1], where 0 indicates that the
alternative will never obtain a given rank and 1 indicates that it will obtain the given rank
always with any choice of weights.

The first rank acceptability indexb1
i is called theacceptability index ai. The acceptability

index is particularly interesting, because it is nonzero for stochastically efficient alternatives
(alternatives that are efficient with some values for the stochastic criteria measurements)
and zero for inefficient alternatives. The acceptability index not only identifies the efficient
alternatives, but also measures the strength of the efficiency considering simultaneously the
uncertainty in criteria measurements and the ignorance in DMs’ preferences.

2. Thecentral weight vector (wc
i ) is the expected centre of gravity (centroid) of the favourable

first rank weights of an alternative. The central weight vector represents the preferences of
a “typical” DM supporting this alternative. The central weights of different alternatives can
be presented to the DMs in order to help them understand how different weights correspond
to different choices with the assumed preference model. Thecentral weight vectorwc

i is
computed numerically as a multidimensional integral over the criteria distributions and the
favourable first rank weights using

wc
i =

Z

ξ∈X
fX (ξ)

Z

w∈W 1
i (ξ)

fW (w)wdwdξ/ai. (5)
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3. Theconfidence factor (pc
i ) is the probability for an alternative to obtain the first rankwhen

the central weight vector is chosen. The confidence factor iscomputed as a multidimen-
sional integral over the criteria distributions using

pc
i =

Z

ξ∈X :rank(i,ξ,wc
i )=1

fX(ξ)dξ. (6)

Confidence factors can similarly be calculated for any givenweight vectors. The confi-
dence factors measure whether the criteria measurements are accurate enough to discern the
efficient alternatives.

3.5 Additional theoretical issues

There are several different ways to handle partial preference information in SMAA methods
(Lahdelma and Salminen, 2001). To our best knowledge, priorto this work there have been no
methods, which allow DMs to express ignorance in their preference structures. The DST allows
modelling of ignorance, and in this article we will present anovel method for modelling preference
information in SMAA by applying DST. Using DST the information is aggregated, and modelled
in SMAA asL interval constraints for sums of the subsets of weights. Theconstraints are given as

cmin
` ≤ ∑

j∈C`

w j ≤ cmax
` , ∀` = 1, . . . ,L, (7)

whereC` is a set of criteria in constraint`. The weight space analysis of SMAA is then performed
in the restricted weight space

W ′ = {w ∈W |w satisfies (7)}. (8)

This means that the uniform weight distributionfW (w) is redefined as

fW (w) =

{

1/vol(W ′), if w ∈W ′,

0, otherwise.
(9)

Figure 2 illustrates the restricted weight space of a 3-criterion problem with a lower and an upper
bound forw1.

4 The Dempster-Shafer theory (DST) of evidence

The DST is an extension of the classical Bayesian theory of probabilities, and it allows modelling
of ignorance. But DST can also be used to represent other kindof information than probabilities.
For example, in this paper we apply DST to model and to aggregate preference structures.
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Figure 2: Feasible weight space of a 3-criterion problem with a lower and an upper bound forw1,
0.2≤ w1 ≤ 0.8.

4.1 The basis of the theory

In the classical Bayesian theory, the probabilities are considered to be objective. This fact stems
from the definition of probability: the relative frequency at which an event occurs with. This type
of definition does not allow modelling of ignorance, which isimportant especially when modelling
preferences of multiple DMs in the context of MCDA.

The DST extends the classical Bayesian theory of probabilities using belief functions. Instead
of assigning probabilities to propositions, the belief functions assign probability masses to subsets
of the propositions in theframe of discernment (denoted byΘ). The frame of discernment is the
set of all propositions.

4.2 An illustrative example

Let us illustrate this by an example. Consider a situation where we have to decide whether a
certain chemical substance is harmful to humans. Let:

• p1 denote the proposition “substance is harmful”,

• p2 denote the proposition “substance is not harmful”.
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Most people do not possess sufficient knowledge required foran informed judgment between
the proposition. According to Bayesian theory, in absence of knowledge a probability of 0.5 is
assigned to bothp1 andp2. If DST is applied, a probability of 0 is assigned to bothp1 andp2, and
1 to the setΘ representing ignorance. Now suppose we have a third alternative,

• p3 denoting the proposition “substance is slightly harmful for humans”.

With the modified frame of discernment the Bayesian probabilities would be

P(p1) = P(p2) = P(p3) = 0.33,

and the DST probabilities

P(p1) = P(p2) = P(p3) = 0, P(Θ) = 1.

The Bayesian probabilities thus strongly depend on the frame of discernment, and by looking at
the example it is evident that DST is more consistent in assignment of the probability masses.

Based on the previous example, it should also be noted, that when the Bayesian approach
is applied, knowledge and ignorance are indistinguishable. If DST is applied, ignorance can be
modelled, and in addition certain metrics can be used for calculating the total amount of ignorance
in the belief structure (see Shafer, 1976).

4.3 The basic probability assignment (bpa) functions

DST terminology defines abasic probability assignment (bpa) function as a belief function that
assigns probabilities that sum to unity to the propositionsand sets of propositions in the frame of
discernment. It is defined as

m : 2Θ 7→ [0,1],

m(∅) = 0,

∑
A⊆Θ

m(A) = 1,
(10)

where 2Θ is the powerset of the frame of discernment containing all subsets ofΘ (including∅ and
Θ). Thebpa’s are also calledpieces or bodies of evidence. If there are multiplebpa’s, they can be
combined using a combination rule. The Dempster’s rule of combination is (Shafer, 1976)

m(∅) =0,

m(A) =

∑
Ai∩B j=A

m1(Ai)m2(B j)

1−K
, if A 6= ∅,

(11)

where
K = ∑

Ai∩B j=∅

m1(Ai)m2(B j), and (12)

m1 andm2 are bpa’s,m is the combinedbpa, andA1, . . . ,Ak andB1, . . . ,Bl are their focal elements
(subsets), respectively.
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4.4 The weight of conflict and the Yager’s rule

Let us considerK denoting theweight of conflict, which measures the conflict between twobpa’s.
In the Dempster’s rule, the weight of conflict is used for normalizing, meaning that it is distributed
among all subsets of propositions. This approach has the downside of distributing the conflict,
without any particular reason, to all sets of propositions.In some situations the alternative Yager’s
rule of combination may be more suitable (Yager, 1987):

m(∅) =0,

m(A) = ∑
Ai∩B j=A

m1(Ai)m2(B j), if A 6= ∅,

m(Θ) =

(

∑
Ai∩B j=Θ

m1(Ai)m2(B j)

)

+ K.

(13)

By using Yager’s rule of combination, the weight of conflict is added to the set representing all
propositions (the frame of discernment), so the conflict is added to the ignorance represented in
the belief structure. We will use Yager’s rule when applyingDST for combining preferences in
SMAA. There are also other ways of allocating conflict, for example, registering it to the empty
set (Smets, 1990).

4.5 On the notion of belief and plausibility

After all available pieces of evidence have been combined, DST allows characteristic values to be
calculated from the bpa’s. The two most important are beliefand plausibility. Belief in a set of
propositionsA measures the probability mass that is assigned toA or any subset ofA. It measures
the confidence we have inA, and is defined as

Bel(A) = ∑
B⊆A

m(B), for all A ⊆ Θ. (14)

Plausibility in a set of propositionsA measures the probability mass that is assigned to sets that
have common elements withA. It is the amount we fail to disbelieveA, and is defined as

Pls(A) = ∑
B∩A 6=∅

m(B), for all A ⊆ Θ. (15)

[Bel(A),Pls(A)] is thus the interval for the “true” probability ofA when ignorance is taken into
account. Ignorance is present not only in basic probabilityassignments toΘ, but also in those to
sets of multiple propositions. For example, assignment of probability 1.0 to a set of propositions
{p1, p2} means that either of the propositions is certainly true, butthere exists no information
about which one it is.
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5 DST for preference modelling in SMAA

The DST can be used to model preferences of multiple DMs by considering the preferences of
each DM as a body of evidence. This means that from the preferences of a DM, we have to form
a bpa representing her/his preferences and ignorance. In thisbpa, propositions will be the criteria
{g1, . . . ,gn}. After this, all bpa’s of different DMs are combined. From the combinedbpa we
calculate belief and plausibility values for all subsets ofweights. The aggregated preferences are
then represented as interval constraints [Bel, Pls] for thesums of subsets of weights.

Eliciting the preferences and transforming them intobpa’s can be accomplished in multiple
ways. The method presented by Tervonen et al. (2004b) uses a technique (inspired by Beynon
et al., 2000) to elicit the preferences and to transform themto bpa’s. This method is applied in the
case study of Section 7.

When applying DST for modelling preferences in SMAA, it may be preferable to apply the
Yager’s rule of combination (13), instead of the Dempster’srule (11). The idea of Yager’s rule
is to assume nothing about the nature of conflict. Yager’s rule adds the ignorance toΘ instead
of distributing it between all elements. Thus, in presence of conflict, Yager’s rule enlarges all
the intervals [Bel,Pls], while Dempster’s rule diminishesthem. Because SMAA is designed to
perform the analysis using all possible preferences, it is better to apply too wide intervals (and not
to assume anything extra) than too narrow ones (and assume that the conflict can be distributed
among all subsets). This makes Yager’s rule more suitable inconjunction with SMAA.

It must be noticed here, that the following links exist between the notations of DST and
MCDA:

• p j = g j, meaning that the MCDA criteria are on the role of DST propositions, and

• Θ = G, which means that the set of all criteria now replaces the setof all propositions.

6 An illustrative example

The following small example illustrates the use of DST for modelling preferences of multiple DMs
in SMAA.
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6.1 The initial data

The decision making problem consists of four cars{x1,x2,x3,x4} from which a group of four
equally important DMs{DM1, DM2, DM3, DM4} have to choose one. The cars are evaluated
based on four criteria:

• style (g1),

• price (g2),

• fuel consumption (g3), and

• comfort (g4).

The cardinal criteria measurements for the alternatives are presented in Table 1. The criteria
are Gaussian distributed with standard deviation 10% of themean value. Based on the criteria
measurements, choosing the car depends completely on the preferences of the DMs: If price is
preferred over all the remaining criteria, then alternative x2 should be chosen, etc. Without any
preference information an informed decision cannot be made.

Table 1: Criteria measurements for alternative cars (mean± standard deviation).

Alternative Style (g1) Price (g2) Fuel (g3) Comfort (g4)
x1 2±0.2 1±0.1 1±0.1 1±0.1
x2 1±0.1 2±0.2 1±0.1 1±0.1
x3 1±0.1 1±0.1 2±0.2 1±0.1
x4 1±0.1 1±0.1 1±0.1 2±0.2

6.2 Determining and combining the bpa’s

DST allows DMs to express their preferences by identifying individual criteria or sets of crite-
ria that they consider important with respect toG. There are different ways how the preference
statements can be elicited and transformed intobpa’s. In this example we have used the method
presented by Tervonen et al. (2004b) for eliciting the preferences of DMs and for transforming
them intobpa’s. We will not present the original preferences for brevity. After the transformation
the following fourbpa’s are obtained:

• m1(Style) = 0.63733,m1({Price,Fuel}) = 0.21244,m1(G) = 0.15022,

• m2(Fuel) = 0.83333,m2(G) = 0.16667,

• m3({Style,Price}) = 0.8, m3(G) = 0.2,

• m4({Style,Com f ort}) = 0.85714,m4(G) = 0.14286.
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For example, from thebpa m1 it can be seen, that DM1 gives a lot of weight to Style (0.63733), can
not make a distinction between Price and Fuel, but thinks they are both quite important (weight of
0.21244), and has some ignorance present in her/his decisions (m1(G) = 0.15022).

Combining the different DMs’bpa’s using the Yager’s rule of combination (13) results in a
bpa for the group of DMs. From thisbpa we can calculate the belief and plausibility values using
(14) and (15). Thebpa of the group and the calculated belief and plausibility values are presented
in Table 2.

Table 2: The combined bpa’s and the belief and plausibility values for the example.
C` m(C`) Bel(C`) Pls(C`)
Style 0.015 0.015 0.272
Price 0.416 0.416 0.976
Fuel 0.009 0.009 0.202
Comfort 0.000 0.000 0.496
Style, Price 0.064 0.494 0.991
Style, Fuel 0.000 0.024 0.282
Style, Comfort 0.000 0.015 0.575
Price, Fuel 0.001 0.425 0.985
Price, Comfort 0.303 0.718 0.976
Fuel, Comfort 0.000 0.009 0.506
Style, Price, Fuel 0.000 0.504 1.000
Style, Price, Comfort 0.000 0.797 0.991
Style, Fuel, Comfort 0.000 0.024 0.584
Price, Fuel, Comfort 0.000 0.728 0.985
G 0.193 1.000 1.000

6.3 The SMAA model and analysis

Next we define constraints for weights (as in (7)) using the obtained belief and plausibility values.
For each subset of weightsC`, we define lower and upper bounding constraints for their sumas
follows:

Bel(C`) ≤ ∑
w j∈C`

w j ≤ Pls(C`).

For example, the sum of weights for style, price and fuel criteria is constrainted within the range
[0.504, 1],

0.504≤ wstyle + wprice + w f uel ≤ 1.

We ran SMAA analysis using the criteria values presented in Table 1 and the preference in-
formation. The scale for all criteria was normalized so thatthe interval [0.5,2.5] becomes [0,1].
The SMAA was executed using 100000 Monte Carlo iterations. The confidence factors and the
rank acceptability indices are presented percentage-wisein Table 3, sorted by their (first rank)
acceptability index. The rank acceptability indices are also presented graphically in Figure 3.
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6.4 Comments on the results

From the results the effect of the preference information isevident. Alternativex2, which has a
larger value for the style criterion, has a large confidence factor and a high value for the accept-
ability index (b1). As the preferences of the DMs are already present in the model, x2 should
be recommended as the car to buy. In contrast, alternativesx1 andx3, which have largest values
for style and fuel criteria, respectively, obtain relatively small confidence factors and large ac-
ceptabilities for the worst rank (b4). As a consequence, neither of those should be recommended
if a compromise solution is sought. The combined preferences thus emphasize price more than
comfort, and comfort more than style or fuel consumption.

Figure 3: Rank acceptability indices for the alternatives (in %).

The central weight vectors are presented percentage-wise in Table 4. Because the weights are
limited by interval constraints, the central weights differ only by small amounts. Nevertheless, it
can be noticed that alternativex2 is preferred by DMs that value style, and alternativex4 by DMs
that value comfort. This is consistent with our knowledge that alternativex2 has high value for
style andx4 for comfort.
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Table 3: Confidence factors and rank acceptabilities for thealternatives (in %). The highest ac-
ceptability for each rank appear in boldface, and the lowestitalized.
Alt pc b1 b2 b3 b4

x2 57.97 55.11 20.15 13.08 11.66

x4 22.68 19.70 28.09 26.76 25.46
x1 13.90 13.25 26.27 30.03 30.46
x3 12.52 11.94 25.49 30.14 32.42

Table 4: Central weight vectors for the alternatives (in %).
Alt Style (g1) Price (g2) Fuel (g3) Comfort (g4)
x2 9.98 64.33 8.13 17.57
x4 9.99 57.72 7.85 24.44
x1 11.78 61.20 7.69 19.33
x3 9.75 61.82 9.43 19.00

7 Case study: Evaluating the quality of education at the University
of Turku

At the Department of Information Technology of the University of Turku, there has been a custom
of collecting course feedback since 2001. After each course, students fill a form in which they rate
different aspects of the course on a 5-point scale (1–5). Among the aspects rated are, for example,
the lecturing skills of the teacher and the quality of the course material.

The objective of this study is to analyze a selection of 10 courses taught during the years 2003
and 2004. A grouping of the courses is needed, because we wishto provide recommendations
for the staff of the department on how the quality of the education could be improved. The case
study applies the method presented earlier in this paper formodelling collective preferences of the
students. Also the criteria measurements are based on student evaluations. The courses are thus
ranked according tothe collective opinions of the “clients”.
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7.1 Study data

We have chosen to evaluate the following courses:

• x1 = Programming I (P1),

• x2 = Programming II (P2),

• x3 = Data Structures and Algorithms (DA),

• x4 = Databases (DB),

• x5 = Introduction to Computers (IC),

• x6 = Inauguration of Information Systems (IIS),

• x7 = Introduction to Computer Science I (ICS1),

• x8 = Introduction to Computer Science II (ICS2),

• x9 = Modelling of Information Systems II (MIS2), and

• x10 = Microprocessors (MP),

based on the following criteria:

• g1 = Lecturers Level of Expertise (LLE),

• g2 = Teaching Skills of Lecturer (LTS),

• g3 = Usefulness of Lecture Material (LMU),

• g4 = Demonstrators Level of Expertise (DLE),

• g5 = Teaching Skills of Demostrator (DTS), and

• g6 = Demonstrators Activity in Assuring Comprehension of Exercises (DAC).

The course criteria measurements are modelled as Gaussian distributed, with means and stan-
dard deviations calculated from the scores given by students in the evaluation forms. The criteria
measurements are presented in Table 5 together with the number of evaluations the values are
calculated from.
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Table 5: Criteria measurements and the number of evaluations they are calculated from (in paren-
thesis) for the case study (mean± standard deviation).
Course LLE (g1) LTS (g2) LMU (g3)
x1 (P1), 4.42±0.63 (106) 4.08±0.77 (106) 3.38±0.92 (106)
x2 (P2) 4.25±0.68 (96) 3.88±0.78 (96) 3.68±0.77 (96)
x3 (DA) 4.37±0.61 (76) 4.03±0.75 (76) 4.11±0.78 (76)
x4 (DB) 4.59±0.51 (17) 3.65±0.93 (17) 3.71±0.99 (17)
x5 (IC) 4.03±0.84 (36) 3.39±0.99 (36) 3.74±0.83 (34)
x6 (IIS) 4.41±0.59 (22) 3.45±1.06 (22) 2.95±1.02 (21)
x7 (ICS1) 3.90±0.78 (99) 3.04±0.91 (102) 3.67±0.90 (123)
x8 (ICS2) 3.95±0.60 (44) 2.82±0.83 (44) 3.69±0.83 (54)
x9 (MIS2) 4.26±0.54 (65) 3.89±0.63 (63) 3.47±0.87 (64)
x10 (MP) 3.81±0.60 (21) 2.86±0.99 (22) 3.36±0.95 (22)
Course DLE (g4) DTS (g5) DAC (g6)
x1 (P1) 3.92±0.84 (106) 3.44±1.05 (106) 3.49±0.97 (106)
x2 (P2) 4.14±0.59 (96) 3.82±0.71 (96) 3.72±0.71 (96)
x3 (DA) 4.32±0.62 (76) 4.16±0.63 (76) 4.07±0.74 (76)
x4 (DB) 4.41±0.51 (17) 3.94±0.66 (17) 3.88±0.78 (17)
x5 (IC) 4.33±0.53 (36) 4.14±0.69 (35) 3.63±0.84 (35)
x6 (IIS) 3.77±0.87 (22) 3.27±1.08 (22) 3.27±1.12 (22)
x7 (ICS1) 4.10±0.65 (129) 3.78±0.83 (130) 3.81±0.84 (129)
x8 (ICS2) 4.05±0.53 (60) 3.66±0.76 (58) 3.81±0.78 (58)
x9 (MIS2) 4.00±0.55 (66) 3.86±0.68 (66) 3.59±0.70 (66)
x10 (MP) 3.91±0.61 (22) 3.48±0.79 (23) 3.00±1.00 (23)

7.2 Preference information

For eliciting the preference information, a group of 58 students filled a questionnaire rating the
criteria used in the study. The questionnaire listed all criteria, and students had to rate them on a
6-point scale (1–6). Half of the questionnaires had the firstand last three criteria in inverse order
(the 3 criteria concerning lecturer before the criteria concerning demostrator orvice-versa). Using
the answers, we defined 58 bpa’s using the method presented in(Tervonen et al., 2004b). We
combined these bpa’s using the Yager’s rule, which providedas a result a single bpa. This bpa
was then used to define lower- and upper bounds for sets of weights as in the illustrative example
presented in Section 6. The components of the bpa wherem(·)≥ 0.001 with corresponding weight
limits are presented in Table 6. The other components with smaller mass assignments are not
presented for brevity.
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Table 6: Components of the bpa of the case study with mass assignment≥ 0.001

A bpa Bel(A) = wmin Pls(A) = wmax

{LLE} 0.072 0.072 0.561
{LTS} 0.211 0.211 0.625
{LMU} 0.024 0.024 0.501
{DLE} 0.034 0.034 0.517
{DTS} 0.028 0.028 0.526
{DAC} 0.052 0.052 0.455
{LLE,DLE} 0.001 0.107 0.675
{LLE,DTS} 0.086 0.186 0.600
{LTS,DLE} 0.013 0.258 0.728
{LMU,DLE} 0.066 0.124 0.550
{LMU,DTS} 0.008 0.061 0.617
{DTS,DAC} 0.001 0.082 0.578
{LLE,LMU,DLE} 0.001 0.199 0.707
G 0.401 1.0 1.0

7.3 The SMAA model

The SMAA model was constructed with scaling of the value function by having 0-point at criterion
value 1.0, and 1-point at criterion value 5.0. The scaling has a large impact on the results and the
shape of the utility function should be accepted by the DMs. In this case study the scaling was
done according to the natural scale of the evaluations: minimum score for evaluating a criterion of
a course is 1, and the maximum 5.

We performed SMAA computations with 100000 Monte Carlo iterations. The confidence
factors and rank acceptability indices are presented percentage-wise in Table 7. The central weight
vectors are presented percentage-wise in Table 8. The rank acceptability indices are illustrated
graphically in Figure 4.

The strict weight intervals have a visible effect on the acceptability indices: the acceptability
indices (b1) are almost the same as confidence factors (pc). If the weights are deterministic, the
two will be equal.

The effect of very imprecise data has an influence on the results: the largest of the confidence
factors (for course DA) is only 17.81. The reason for this canbe found from the large standard
deviations of the criteria measurements. Nevertheless, the results of the SMAA analysis are useful
for making conclusions. The imprecision is an inherent attribute of the model, because we are
modelling opinions of a large group of heterogenous DMs. When inspecting the results, we should
bear in mind, that we have applied a model where ignorance andconflicting opinions are modelled
in the last phase (SMAA run) as imprecision. As the preference information was elicited from 58
students, and the criteria measurements modelled based on hundreds of course evaluation forms,
we should not expect results which are precise or easy to interpret.
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Table 7: Rank acceptability indices and confidence factors of the case study (in %), sorted in
descending order according to the confidence factors. The highest rank acceptability for each rank
appear in boldface and the lowest italized.

Course pc b1 b2 b3 b4 b5 b6 b7 b8 b9 b10

DA 17.8 17.82 15.82 13.94 12.3510.65 9.17 7.61 6.06 4.26 2.33

DB 14.2 14.23 13.21 12.33 11.51 10.51 9.99 9.07 8.05 6.57 4.54
P1 12.7 12.72 11.12 10.60 10.12 10.00 9.71 9.41 9.30 8.95 8.07
P2 11.1 11.10 11.80 11.96 11.67 11.23 10.66 9.96 8.96 7.44 5.22
IC 10.9 10.81 10.24 10.02 9.81 10.08 9.91 10.14 10.01 9.81 9.17
IIS 9.1 9.18 7.92 7.66 7.86 8.20 8.76 9.48 10.71 12.63 17.62
MIS2 8.1 8.13 10.53 11.92 12.3312.45 11.94 11.02 9.51 7.58 4.60
ICS1 7.6 7.33 8.10 8.43 8.95 9.28 10.02 10.59 11.53 12.40 13.37
ICS2 4.8 4.55 6.30 7.57 8.61 9.84 10.9312.20 13.26 13.86 12.88
MP 4.1 4.13 4.98 5.57 6.78 7.78 8.91 10.52 12.63 16.51 22.21

Table 8: Central weight vectors of the case study (in %). The alternatives are in same order as in
Table 7.
Course LLE LTS LMU DLE DTS DAC
DA 19.83 28.41 14.19 13.31 11.50 12.76
DB 20.14 28.36 14.01 13.44 11.38 12.68
P1 20.45 28.68 13.56 13.38 11.27 12.66
P2 20.09 28.49 13.89 13.42 11.40 12.71
IC 19.94 28.18 13.95 13.51 11.68 12.74
IIS 20.51 28.46 13.44 13.48 11.40 12.72
MIS2 19.96 28.55 14.13 13.17 11.59 12.60
ICS1 19.72 27.87 14.15 13.61 11.68 12.97
ICS2 19.59 27.89 14.53 13.27 11.62 13.10
MP 19.51 28.29 14.49 13.62 11.50 12.59

7.4 Results

From the results we can observe that courses can be splitted into three groups, which can be called
“good”, “small improvements needed”, and “large improvements needed”. By looking at Table
7, we can distinguish certain courses that obtain high acceptabilities for the best ranks, and low
acceptabilities for the worst ranks. DA, DB, P1, and P2 have relatively low acceptabilities for
the three worst ranks (b8 − b10), and high acceptabilities for the three best ranks (b1 − b3). The
confidence factors of these courses are also high compared tothe other courses. Thus, the first
conclusion drawn from the results is, that the majority of the students have an opinion that that
these courses are taught well. These courses are separated to the group “good”.

The next course in Table 7 (IC) has high acceptabilities for the five best ranks, but it also ob-
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Figure 4: The rank acceptability indices of the case study.

tained relatively high acceptabilities for the three worstranks. This course is separated to the group
“small improvements needed”. To this group we put also MIS2,because it obtained relatively low
acceptabilities for the best ranks. MIS2 is not separated tothe worst group (“large improvements
needed”), because it has quite low acceptabilities for the worst two ranks.

All of the courses left (IIS, ICS1, ICS2, MP) have reasonablyhigh acceptabilities for the worst
ranks, and thus we place them in the group “large improvements needed”. ICS2 and MP also have
very low confidence factors (under 5%), so even if the acceptability for the best rank would be
high, we should not place them into the best group. After the initial phase, we have 3 groups: The
(4) courses which do not need improvement, the (2) courses which need small improvements, and
the (4) courses which need a lot of improvements. The groups are presented in Table 9.

The preference information was present in the SMAA model as interval contraints for weights,
and the effect of this is evident in the central weight vectors represented in Table 8. Usually (see,
e.g. Lahdelma and Salminen, 2001) the central weight vectors have larger deviation. Now most of
the central weights are within 1% for all criteria, because the feasible weight space has quite strict
contraints. The magnitudes of the central weights for different criteria give insight to the collective
preferences; the students seem to value lecturers level of expertise (LLE) and lecturer’s teaching
skills (LTS) more than the expertise or the teaching skills of the demonstrator. It might surprise
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Table 9: Initial grouping of the courses.

Group Courses
Good DA

DB
P1
P2

Small improvements needed IC
MIS2

Large improvements needed IIS
ICS1
ICS2
MP

some, that the usefulness of the lecture material is deemed more important than the demostrator’s
level of expertise.

7.5 Managerial Implications

For making recommendations for the staff of the department we need to identify the faults in the
evaluated courses. To do this for the courses in the group “small improvements needed”, we need
to find answer to the question: “why are courses IC and MIS2 graded worse than the ones in group
“good” by majority of students?”. The central weight vectors of the alternatives give answer to this
question: if the central weight for an alternative is high, then the alternative is performing better
with respect to that criteria than to the remaining ones. Because we had strict weight interval
constraints present in the model, we have to compare the central weights to the ones of the better
alternatives.

By looking at the central weights of IC, we can notice that it has a lower central weight for
LTS than any other course. By looking at the criteria measurements at Table 5, we can see that is
has lower mean (3.39) than any of the alternatives in the class “good”. Thus as a recommendation,
we think that the lecturer of IC should put more effort on her/his output during the lectures. For
MIS2, there is no single central weight which is larger than the others. The criteria measurements
of MIS2 are all thus lower than those of the courses in the group “good”. The recommendation
for the lecturer of the course MIS2 is thus based on the general preferences: it is most important
to improve the level of expertise and the teaching skills.

From the central weights of courses ICS1 and ICS2, we can see that they are performing very
bad with respect to criteria LTS. The recommendation for thelecturers of those courses is thus to
put more effort on the lectures.

The low central weight and criteria measurement of LMU for IIS lead us to recommend that
the lecturer should improve the lecture material distributed during that course. Also the means
of the criteria measurements for the criteria involving demostrator are quite low, so as a second
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recommendation the demonstrator should improve her/his performance on all areas.
The last course, MP, has low criterion measurements for all criteria, and we recommend the

lecturer and the demonstrator to think again how the course is taught. By looking at the criteria
scores, we can see that LTS and DAC have very low mean values. Thus the first improvements
should be that the lecturer improves her/his lecturing skills and the demonstrator spends more time
ensuring that all students have understood the solutions ofthe exercises.

7.6 Comments from the DMs

A team of four professors responsible for planning and developing the teaching in the field of
computer science participated in evaluating the method andthe results. First the DMs observed
that there are several possible sources for bias in both the original criteria data and in the preference
information. The people who answer the questionnaires are not an unbiased sample. Drop-outs
and those that do not participate in the lectures do not answer the questionnaires. One faction of
the non-participants may be the competent students, who cancomplete the courses by self-study.
The criteria evaluations may also reflect other things than they intend to measure. If the course
topic is difficult, the student has lacking motivation, or isagitated due to bad performance or other
reasons, the course may get worse evaluation. In contrast, ateacher with good social skills may
get overly good evaluations regardless of learning results(but learning is of course promoted by
a pleasant learning environment). All these factors resultin great uncertainty in the input data,
and should therefore be considered when making conclusionsbased on the results. Also, it is
not obvious if the currently applied criteria are the right ones, or if they should be modified or
complemented by additional criteria.

With the above factors in mind, it was considered strength ofthe method, that it can explicitly
represent the uncertain, imprecise, and lacking information, both in criteria measurements and in
preferences. In particular, it is impossible to objectively specify precise weights for the different
criteria. Therefore, it is very important that the method can handle vague preference statements.
In addition, the course evaluations and preference statements may typically contain some outliers
(answers that differ radically from the mainstream). Also such opinions must be respected. A
definite advantage of the proposed method is that it is able toconsider explicitly all information,
not just the average of different answers.

The classification of the alternatives into three categories may be too arbitrary in this case.
For example, the difference between the acceptability index of the fourth and fifth alternative was
only 0.14 percentage points, but still they were assigned different classes. The results indicate that
maybe only the best and the two last alternatives can be discerned from the remaining ones. In any
case, results like this should not be used to start immediatemanagerial actions, but as diagnostic,
to help identifying potential problems and best practices,and in finding ways to improve the
organization of courses.

It was concluded that the method can give valuable support for course planning and develop-
ment. That no precise weights are needed gives robustness and reliability to the method. However,
it is necessary to repeat the analysis to gain more experience. It is also important to ask the right
questions; it is not obvious that the current criteria are the ideal ones. Additional surveys with
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free-form answers could be used to better identify potential problems and to improve the set of
criteria. The analysis could also be made more in-depth by analyzing the correlation between the
survey answers and student profiles. However, such analysesmay be difficult to make, because
the survey answers are anonymous. Anonymity is important, because then the students are more
likely to express their true opinions.

8 Conclusions and avenues for future research

In this paper we have presented a novel method for handling preference information from multiple
DMs in SMAA. The method is based on collecting the DMs’ preferences as weights for subsets of
criteria, aggregating them using the Yager’s rule of combination and representing them as interval
constraints for sums of sets of weights in SMAA. We demonstrated the method using a small car-
selection problem, and presented a case study of universitycourse evaluation in which the method
was applied.

In the case study we evaluated the quality of education in theDepartment of Information Tech-
nology at the University of Turku, Finland. We used course feedback forms to establish stochastic
criteria measurements for the courses, and used questionnaires to elicit preference information
from a large group of students. The preference information was modelled and aggregated using
the method introduced in this paper. Based on the results of the analysis, a ranking of the courses
could be established, and for the courses with weak performance, improvements could be sug-
gested. The results of the case study were presented to the personnel in charge of education at
the department, and they considered the method to give valuable support for course planning and
development.

This work should not be a “dead-end”. On the contrary, it should be taken further and exploited
in other real-world applications of MCDA methods in managerial decisions. The future theoretical
work should address new methods for collecting preferencesfrom the DMs and for transforming
them into bpa’s. We hope that the results from the case study give rise in number to applications
of SMAA to public decision making.
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