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Abstract This situation is typical in the early stages of an
innovation process. Modern innovation processes are

This paper describes a new algorithm for the typically modelled on a stage-gate format [1]. ACle
evaluation of alternatives by a group of decision 9ate, the projects are selected which will be penisin
makers according to multiple criteria. The algorittis ~ the next stage. Typically, little information iszakable
motivated by the need to quickly evaluate a large @t the outset, and evaluations are based solely on
number of ideas in the early stages of an innowatio intuition and experience.
process, when little or no information about thedd Often, a large number of ideas are input into the
is available. The algorithm is based on a Markomioph ~ Process, and the number of decision criteria may al
model which is derived from pairwise comparisons of be relatively large. The goal of the early stagethe
ideas. The steady-state solution of this Markovircha innovation process is to select the best ideagép kn
yields a ranking vector for the alternatives. The the innovation process; at the first gate, this imeyup
algorithm is similar to the "PageRank" method ubgd  to 10% of the total number of ideas.

Google. The new algorithm does not require absolute ~ The design goals for our algorithm were
values and allows assignment of weights both to the ¢ that it make use of pairwise comparisons

decision makers and to the evaluation criteria. (rather than ordinal values),
» that it have a simple mathematical structure, in
1. Introduction order to be attractive to practitioners,
« that it allow a simple computer interface
We consider the problem of a group of decision requiring no ngorithmic expertise in order to
makers who have to select one or more alternatives be used effectively,
which best fulfil a given set of decision criterile are + that it be able to account for differences in
especially interested in the case which is chariset experience or knowledge between the decision
by the following attributes: makers.
« Little or no information is available about the - that it allow evaluation results of different
alternatives; the decision makers base their decision makers and criteria to be selected and
evaluations on intuition or guesswork. aggregated,

« The decision makers may give inconsistent » that it be amenable to sensitivity analysis.
evaluations, both with respect to their own
evaluations and with respect to each other. 2. Background

» It may be desirable to assign different degrees
of importance to the decision makers and the 2.1 Multi-criteria decision making
decision criteria.

* It may be acceptable to trade accuracy for  Multi-criteria decision making (MCDM) is a
complexity, i.e. to accept a larger number of discipline aimed at supporting decision makers at®
winning alternatives than were specified, if this faced with the evaluation of many alternatives with

can be achieved at reduced cost. respect to several criteria [2], [3], [4]. Deperglian
« A large number of alternatives and/or which type of result is needed, many different MCDM
evaluation criteria may be involved. methods are available. Thirty available methods are

discussed, for example, in [5].



In multi-person decision making (MPDM), more

our method also performs an eigenvalue computation

than one person is involved in the decision making on a matrix representing the results of the indigid
process. Because most MCDM methods assume onlycomparisons. However, in contrast to both methods,
one decision maker, strategies for mapping severalours does not provide for differing weights in the

opinions onto a single result are needed [6],[&]],

In the approach described in this paper, the detisi
makers perform independent partial evaluations khic
are subsequently combined to obtain an overalbket
evaluations, which form the basis of the ranking
computation.

2.2. The AHP and WISDOM methods

Given the applications we are interested in, the tw
most appropriate MCDM methods for comparison
purposes are AHP and WISDOM [9].

The Analytic Hierarchy Process (AHP) [10] is
based on a hierarchy of evaluation criteria, angsus
paired comparisons of alternatives with respethése
criteria. Gradations in the comparisons are expukss
using numerical values. The ranking of the altéveat

is obtained from an eigenvalue computation on a

suitably aggregated matrix.

Known drawbacks of the AHP method are the need

to deal with inconsistent sets of evaluations, ltrge

number of pairwise comparisons needed, a complex

mathematical model which is intransparent to ther us

and questionable rankings resulting from innocuous
individual comparisons. The incomplete AHP method

tries to use a smaller number of pairwise compagso
without compromising the result [11]

The Weightless Incremental Selection and Ordering

Method (WISDOM) [12] is also based on paired
comparisons with gradations. However, in this ctse,
gradations are qualitative, rather than quantigativhe
evaluation criteria are also weighted using paiewis

comparisons. An algebra for computations on these

qualitative relations is then developed for whiah a
iterative method is used to compute a ranking.

WISDOM shares many of the positive attributes of
AHP. However, it also has several advantages over

AHP. The first is the use of qualitative expression
rather than numerical ones for

explicitly detect evaluation inconsistencies. Itgim
disadvantage — as with AHP — is the lack of a rétur
extension to multi-user applications.

Weber [9].

Our method is similar to both AHP and WISDOM,
in that it is also based on pairwise comparisonthef
alternatives with respect to different criteria ahdt it

subsequently computes a ranking vector. Like AHP,

the pairwise
comparisons and the computations. It is also able t

One such
extension, named TeamWISDOM, was presented by

pairwise comparisons (although this extension would
be easy to accommodate), and its overall strudture
simpler.

2.3. Markov chains

Discrete-time Markov chains (DTMCs) are well-
researched mathematical models with many
applications in Science and Engineering. A DTMC is
described by a stochastic matixand a probability
vector =. The steady-state solution of the DTMC
contains the probabilities of each of the systeatest
and is given by the solution of the linear systefn o
equations
nP=n (1)

Markov chains are drawn as directed, annotated
graphs, where the nodes represent the states and th
arcs the possible state transitions. The weights
associated with the arcs describe the one-step
probabilities for each state transition. A stateser of
states of a Markov chain is called absorbing, if it
contains only incoming arcs.

3. Themod€

Our basic premise is that that evaluation judgement
made by the participants are not absolutes based on
guantitative information, but are subject to unaieity.

For this reason, we represent them in our model by
probabilities and interpret the resulting ranking a
vector of probabilities.

Our method is similar to the PageRank algorithm
[13], which is used to estimate the relative impoce
of hyperlinked documents. The most well-known
application of the PageRank algorithm is Googlss u
of it to compute the ranking of search resultsha t
Internet. This ranking is also a vector of prohitiba.

3.1. Basic evaluation step

The atomic evaluation step in the method is for
participantpy to state that Alternativa,, is superior to
Alternative a,, with respect to Criteriom,. This we
will denote as follows:

p(d):a, >a, 2



Each evaluation is assigned a weight between 0 und The matrix Pg,, cannot be used to compute the

1 and mapped to a coefficient of a stochastic maisi
described in Section 3.2. This results in a disctiehe

ranking vector directly, since it may contain alixog
states, which would absorb all the probability. sbdve

Markov chain, whose steady-state solution vector this problem, we define a stochastic mati, each

represents a ranking of the alternatives.

coefficient of which has the valueM/and define the

matrix P as
3.2. Mathematical description
P=01-¢) (7)

eval

Povar + € Py
We denote the participants in the decision process
by px with k = 1...K and the decision criteria lay, with

| = 1..L. The alternatives to be evaluated are denoted">'"9 & parametes with 0 < ¢ << 1. The matrixP is

stochastic and irreducible, and therefore defines a

by a;, withm=1..M.
We define a matrix4 of dimensionKxL whose
coefficientsay satisfy 0< g < 1 and

k=K

L
a, =1
1=1

@)

k=

kY

These coefficients are used to assign weightseo th
evaluations made by the participants.
coefficient g,y contains information about the level of
expertise of participarg with respect to Criteriod, as
well as the degree of importance of Criterdhnwhere
larger values imply greater importance.

We next define stochastic matricBg to represent
the evaluations made by participgmptwith respect to
decision Criteriord,. Each matrixPy, is constructed by
first setting

(Pkl )ml,mZ = 5”‘1 +1
0

if p(d):a,>a,
(4)

otherwise

where dy; is the number of non-zero entries in thi-
th row of matrix Py. Finally, the main diagonal
coefficients are set to satisfy

m2=L
(Pkl )ml,ml =1- ;1( Pkl )ml,mz
m2¢_ml

®)

Each matrix P, is stochastic. The following
weighted sum of th@y, yields a stochastic matriReyq
which represents the complete set of evaluationallby
decision makers with respect to all criteria:

k=K

Ziakl R

k=11=1

eval —

(6)

Thus the

Markov chain with no absorbing states.
3.3 Theevaluation algorithm

The evaluation algorithm for computing a ranking

vector is given by a sequence of five steps:
1. Choose the values.

2. Choose a value far.
3. Enter all participants’ comparisons
coefficients into the appropriate matridg
ComputeP according to Equation (7).
Solve Equation (1) to obtairm

as

P

5.

After termination of the algorithm, the rank of
Alternative a,, is determined by the corresponding
value 77, in the probability vectorrz whereby larger
values represent higher ranks.

The numbeil of pairwise evaluations is given by

KILIM [(M -1)
2

T (8

when every participant makes every possible pagwis
comparison with respect to every criteridhmay be
prohibitively large whenM is large. In practice, we
hope that a reliable ranking vector can be achieved
with a smaller number of comparisons.

We currently have no heuristic for determining a
suitable value fore. Since the only role of is to
prevent the matrixP from becoming reducible, we
assume that it is sufficient to seto an arbitrary very
small number. Experiments suggest that the inflaenc
of £ on the computed ranking is negligible.

The PageRank model interprets the surfing
behaviour of a user in the Internet as a randonk,wal
converting the hyperlinks between documents into
probabilities. This corresponds to the pairwise
comparisons in our case. The possibility of disectl
entering a URL into the browser corresponds to the
matrix Pg; in our model.



5. Example experiment
4. Example mode
In this section we demonstrate that our algorithm
As a simple example we consider a small decisioncreates a ranking of the alternatives for different
problem consisting of three alternatives, thre¢edd criteria and different decision makers.
and three decision makers. The solution vector for the example model is
The weighting matrixd, is given by
771 = (nal’ naZ’ na3) = (0-23, 054| 0-22) (12)
0125 01 01

4,=/0125 01 0075
025 005 0.075

We are interested in the development of the ranking
vector as the evaluations are submitted. To olitdan
result, we compute the matfixand solve the resulting
Markov chain after each comparison has been made.
is made,The development of the probabilities is shown in
Figure 2. The initial probabilities are set to:

)

We assume the full set of 27 comparisons
yielding the following nine matrice3,:

[05 05 0 03 03 03 (03 03 03 = (033, 0.33, 0.33) (13)
P,=|0 1 0} R,=|0 05 05} R,=|0 1 O
|03 03 03] 0 0 1 0 05 05
probability
(1 0 0] [1 0 0] [03 03 03] 07 3
P,=|05 05 0| P,=|05 05 0| P,={0 1 0]} 06 4
03 03 03 03 03 03 0 05 05 P N )
= - = - L - 05 4 » ’r" ‘-
I e
[03 03 03] [03 03 03] (05 0 05] WYV N
P,={0 1 0} P,=|0 1 0] P,=/03 03 03| 0‘3-\//-‘ LoD WV
0 05 05 0 05 05 o 0 1] - \k\\w\/’“"“
10
(10) 1T+ > step
. ) . 0 3 6 9 12 15 18 21 24 27
After choosinge = 0.1, we obtain the following
. . . i ——al --e--a2 a3
evaluation matriXP from Equation (7):
Figure 2: Probability values after each
050 026 024 gure y
comparison
P=1016 074 010 (11)
In the subsequent steps, the probabilities change
014 035 051 d P P g

rapidly. After comparison 12, a clear tendency
becomes apparent, which enables the final ranlong t
be predicted safely. However, this is not necdgsar
true in all cases, and a method is needed to determ
0.5, ey an ordering for the evaluations which produces the
final ranking as quickly as possible.

This experiment shows that the algorithm described
enables the evaluation of alternatives by different
decision makers with respect to different critefiae
vector obtained represents a ranking of the altee®sm
Assigned weights allow the modelling of different
degrees of importance both of the criteria and the
! decision makers.

1

which is also shown graphically in Figure 1.

Figure 1: Markov chain for example model



6. Summary and outlook [3] J. Hokkanen, "Aiding Public Environmental Deois
Making by Multicriteria Analysis"Report 72 University of

This paper describes a new algorithm for multi- Jyvaskyla, 1997.

person multi-criteria decision making based on a [4] V. Belton, and T. J. Stewaultiple Criteria Decision

Markf)v Cha_in model. W?t_h one_ exceptio_n, the Analysis Kluwer Academic Publishers, Boston, Dordrecht,
algorithm fulfils all the specified design goalsrided London, 2002.0

from application in evaluating ideas in the eatbgges

of an innovation process. The exception conceras th [5] A. Guitouni, J.-M. Martel, and P. Vincke, "A &nework

convergence of the ranking vector as individual to Choose a Discrete Multicriterion Aggregation dedure”,

evaluations are input_ The a|gorithm thus promims Defence Research Establishment Valcatier (DREWS

be useful, at least in this application area. ) . )
The advantages we believe our approach possesse?] O. Meixner, and R. Haassomputergestlizie Entschei-

. . . . . ungsfindung: Expert Choice und AHP: innovative Wer

include S|mpI|_c.|ty of usage and in the mathematical zeuge zur Lésung komplexer Problemvéirtschaftsverlag

model, the ability to represent levels of competeat Carl Ueberreuter, 2002.

the decision makers with respect to the variousiai,

the tolerance of inconsistencies and the abilitymix [7] R. VetscheraEntscheidungsunterstiitzende Systeme fiir

and match" different combinations of evaluations. Gruppen: Ein ruckopplungsorientierter AnsatPhysica-
An alternative to pre-assigning weights to the Verlag, Heidelberg, 1991.

evaluation criteria would be to subject these te th . . )

same pairwise comparisons as the alternatives. ihis [8] F- Eisenfuhr, and M. WebeRationales Entscheide@th

the approach used both by AHP and WISDOM. In this Edition, Springer-Verlag, Berlin, Heidelberg, 1994.

case, the relative importance of the criteria wduida [9] A. Weber, Mehrkriterielle Verfahren zur Selektion und

group decision, instead of a predefined quantityisT Bewertung von Ideen in Group Support SysterMasters
approach could be applied analogously to the Thesis, Computer Science Department, University of
participants' coefficients. Magdeburg, 2007.

In future research we want to minimise the number
of evaluations needed to obtain an accurate ranking[10] T. Saaty,The Analytic Hierarchy Proc&sMcGraw-
result. This means finding heuristics for orderthg ~Hill. New York, 1980.

comparisons. One approach may be to compute the[11] L. Caklovic, R. Piskac, and V. Sedgmnprovement of

sens!t|V|t¥ of the ranking vector with .respect tack AHP methodMathematical Communications, Supplement 1;
possible judgement. Then, the algorithm can prompt ;3 51 5901

the decision makers to input the judgement that is
expected to have the strongest positive effecthen t [12] K. van Overveld, WISDOM: A Weightless Incremental
ranking vector. Selection, Decision and Ordering Methpd Lecture

Further work will also include developing a method document from the Eindhoven University of Technglog
for enforcing irreducibility which retains sparsitghe http://www.idemployee.id.tue.nl/g.w.m.rauterbergfieenote
implementation of comparisons of the form "much s/ID-tools/wisdom_manual.pdf (25.05.2008), 2003.
better than", comparing the results with those iobth . .
from other methods, determining the intersubjettivi Ll3] S. Brin, and L. Page, "The anatomy of a lssgale

. L ypertextual Web search enginBtoceedings of the Seventh

of the computed rankmg among the deC|S|on_ makers, jiernational World Wide Web Conferend®9s.
and studying the behaviour of the method using data
from real-life problems.
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