Model-based decision
processes for agenda
building and project funding

Eeva Vilkkumaa

Aalto University DOCTORAL
DISSERTATIONS
|



Aalto University publication series
DOCTORAL DISSERTATIONS 64/2014

Model-based decision processes for
agenda building and project funding

Eeva Vilkkumaa

Doctoral dissertation for the degree of Doctor of Science in
Technology to be presented with due permission of the School of
Science for public examination and debate in Auditorium M1 at Aalto
University School of Science (Otakaari 1, 02150 Espoo, Finland) on
June 5, 2014 at 12 noon.

Aalto University

School of Science

Department of Mathematics and Systems Analysis
Systems Analysis Laboratory



Supervising professor
Professor Ahti Salo, Aalto University School of Science

Thesis advisors
Professor Ahti Salo, Aalto University School of Science
Dr. Juuso Liesi6, Aalto University School of Science

Preliminary examiners
Professor Walter Gutjahr, University of Vienna, Austria
Professor Jason Merrick, Virginia Commonwealth University, USA

Opponent
Professor Jeffrey M. Keisler, University of Massachusetts Boston,
USA

Aalto University publication series
DOCTORAL DISSERTATIONS 64/2014

© Eeva Vilkkumaa

ISBN 978-952-60-5677-7

ISBN 978-952-60-5678-4 (pdf)

ISSN-L 1799-4934

ISSN 1799-4934 (printed)

ISSN 1799-4942 (pdf)
http://urn.fi/URN:ISBN:978-952-60-5678-4

. . %O\CEEO%
Unigrafia Oy W 3
Helsinki 2014 / ///

w

i 441
Finland Printed matter

697



A' Aalto University Abstract

] Aalto University, P.O. Box 11000, FI-00076 Aalto www.aalto.fi

Author
Eeva Vilkkumaa

Name of the doctoral dissertation
Model-based decision processes for agenda building and project funding

Publisher School of Science

Unit Department of Mathematics and Systems Analysis
Series Aalto University publication series DOCTORAL DISSERTATIONS 64/2014

Field of research Systems and operations research

Manuscript submitted 10 March 2014 Date of the defence 5 June 2014
Permission to publish granted (date) 30 April 2014 Language English
[ Monograph X Article dissertation (summary + original articles)
Abstract

Essentially all organizations need to recognize relevant future developments in their
operational environment as a backdrop for building strategic priorities which are typically
implemented by choosing corresponding actions (such as R&D projects). These interlinked
processes — most notably horizon scanning, strategic priority-setting and project selection —
can all be framed as decision problems in which a subset or portfolio of alternatives is to be
selected subject to limited resources and other relevant constraints. They can therefore be
approached with methods of portfolio decision analysis (PDA) in order to maximize the value
that the selected portfolio can be expected to yield and also to improve the transparency and
quality of decision processes.

This Dissertation develops PDA methods to support the above decision processes, particularly
in contexts where there are significant uncertainties. These methods capture uncertainties
through set inclusion of feasible parameters and probability distributions. The methods
accommodate the possibly conflicting preferences of multiple decision-makers, and they help
identify portfolios that are resilient across a range of scenarios about the future. They also help
mitigate so-called post-decision disappointment, which results from the fact that those
projects whose values have been overestimated are more likely to be selected.

The methods in this Dissertation can also be used to develop optimal project funding policies
which maximize the average value of the selected project portfolio or the number of those
projects whose values are exceptionally high. They also guide the reduction of uncertainties by
indicating about which projects it is optimal to acquire additional value estimates such that the
resulting increase in the value of the portfolio exceeds the costs of acquiring such estimates.

Keywords Portfolio decision analysis, project selection, multi-attribute value theory, group
decision making, incomplete information, robustness, scenarios, Bayesian
modeling, value of information

ISBN (printed) 978-952-60-5677-7 ISBN (pdf) 978-952-60-5678-4

ISSN-L 1799-4934 ISSN (printed) 1799-4934 ISSN (pdf) 1799-4942
Location of publisher Helsinki Location of printing Helsinki Year 2014

Pages 154 urn http://urn.fi/URN:ISBN:978-952-60-5678-4







A’, Aalto-yliopisto Tiivistelma

Aalto-yliopisto, PL 11000, 00076 Aalto www.aalto.fi

Tekija

Eeva Vilkkumaa

Vaitoskirjan nimi

Malliperusteisia padtosprosesseja agendan rakentamiseen ja hankerahoitukseen

Julkaisija Perustieteiden korkeakoulu

Yksikk6é Matematiikan ja systeemianalyysin laitos
Sarja Aalto University publication series DOCTORAL DISSERTATIONS 64/2014
Tutkimusala Systeemi- ja operaatiotutkimus

Kasikirjoituksen pvm 10.03.2014 Vaitospaiva 05.06.2014
Julkaisuluvan myontamispaiva 30.04.2014 Kieli Englanti
[ Monografia X Yhdistelmaviitdskirja (yhteenveto-osa + erillisartikkelit)
Tiivistelma

Organisaatiot pyrkiviat ennakoimaan toimintaympaéristonsa olennaisia kehityskulkuja ja
linjaamaan naiden pohjalta strategisia prioriteetteja, joita tyypillisesti toteutetaan vastaavilla
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1 Introduction

Essentially all organizations pursue their goals by selecting and implementing courses of
action that consume resources (Golabi et al. 1981, Stummer and Heidenberger 2003, Ewing et
al. 2006, Kleinmuntz 2007, Phillips and Bana e Costa 2007). For instance, public research
funding agencies define focal areas towards which funding is directed to promote scientific,
economic, and social advancement. Companies evaluate and select R&D projects in the
hope of increasing revenues and gaining a larger market share. Processes such as these
can be framed as decision problems in which the decision-maker (DM) selects an agenda or
portfolio of actions (referred to as projects in what follows), subject to the availability of

scarce resources and other relevant constraints.

Regardless of the decision context, the impacts of the selected projects are typically un-
certain (e.g., Grushka-Cockayne et al. 2008, Lindstedt et al. 2008). Moreover, these impacts
may need to be evaluated with regard to multiple criteria. The key stakeholders in the
decision-making process may have different, even conflicting preferences about the relative
importance of these criteria, and about the desirability of the performance of the projects
on these criteria (Salo 1995, Rios and Rios Insua 2008). Furthermore, the projects are of-
ten interdependent, whereby it may not suffice to analyze them separately, but rather as

portfolios, whose number increases exponentially with the number of alternative projects.

The quality and transparency of such complex project portfolio selection decisions can
be improved by methods of portfolio decision analysis. Indeed, formal methods to support
such decisions have been developed since the 1950s (Mottley and Newton 1959) and, at
present, there is a rich variety of such methods (see Kleinmuntz 2007 or Salo et al. 2011
for an overview). Advances in optimization models and increased computational power
have made it possible to solve large mixed integer optimization problems that account for
multiple resources, project interactions, and multiple time periods (Lockett and Gear 1975,
Heidenberger 1996). Also, methods of multicriteria decision analysis (MCDA) have been
developed for situations in which projects are evaluated on multiple criteria (Golabi et al.
1981, Ewing et al. 2006, Liesi6é et al. 2007, Kleinmuntz 2007, Phillips and Bana e Costa
2007).

Uncertainty about the projects’ impacts can be captured in different ways. For instance,
some MCDA methods use set inclusion of feasible parameters to model uncertainty about
the relative importance weights of the evaluation criteria and the projects’ performances on
these criteria (Salo 1995, Kim and Ahn 1999, Liesi6 et al. 2007, 2008). Such models can



be particularly useful in group decision settings, in which the group members may find it
difficult to agree on precise weight and performance estimates. Also, scenario-based models
have been presented to support project portfolio selection decisions in situations where the
uncertainty about the projects’ impacts is best captured by a set of alternative futures, called
scenarios (Poland 1999, Gustafsson and Salo 2005, Toppila et al. 2011, Liesi6 and Salo 2012).

From the perspective of modeling uncertainties, earlier methods for project portfolio
selection are not entirely aligned with decision support needs. First, most group decision
support methodologies based on MCDA — even those that accommodate incomplete infor-
mation about criterion weights and the projects’ criterion-specific performances — either (i)
assume that the group can agree on a joint preference model, or (ii) consider the group mem-
bers’ preference models separately. In the first case, the group members may be less inclined
to commit themselves to the decision recommendation if they feel that it is based on a forced
consensus, whereas in the second case it may be difficult to identify compromise solutions
on which the group could agree. Second, most scenario-based portfolio models assume that
either (i) precise estimates can be obtained for the scenario probabilities, or (ii) the selected
projects have no impact on these probabilities. The elicitation of precise probability esti-
mates may be difficult or even impossible, and failing to account for the impacts that the

selected projects have on the scenario probabilities may lead to suboptimal decisions.

Finally, the use of Bayesian analysis for modeling uncertainties has received hardly any
attention in the context of project portfolio selection. Bayesian models, which help synthesize
the prior belief about the projects’ values with uncertain estimates about these values, have
a long tradition in financial portfolio selection (Winkler and Barry 1975, Aguilar and West
2000, Polson and Tew 2000, Brandt et al. 2005, Soyer and Tanyeri 2006) and simulation
modeling (Chick 1997, Cheng 1999, Merrick et al. 2005, Poropudas and Virtanen 2011).
Moreover, the application of Bayesian methods to the selection of a single decision alternative
has given important insights (Harrison and March 1984, Smith and Winkler 2006), suggesting

that this thinking approach can be useful in portfolio selection problems as well.

1.1 Objectives and scope

This Dissertation develops methods for managing uncertainty in agenda building and project
portfolio selection. These methods capture uncertainties about the model parameters
through (i) set inclusion or (ii) probability distributions. In particular, this Dissertation
discusses the following research themes, which are linked to Papers [I]-[V] as shown in Ta-
ble 1:



RT1: The accommodation of the possibly conflicting views of multiple stakeholders about

both the outcomes of the selected projects and the desirability of these outcomes,

RT2: The development of recommendations for project portfolios that are resilient towards
wide variations in the future operational environment and help the DM steer the course

towards the desirable future,

RT3: Ways to synthesize the prior belief about the projects’ values with uncertain estimates

about these values,

RT4: Optimal division of the total resources between project funding and costs of obtaining

more accurate value estimates for the projects,

RT5: Optimal policies for project funding, evaluation, and abandonment, when the aim is to
ensure that good projects are funded on the one hand, and to enable a rapid reaction

to new emerging opportunities on the other hand.

Table 1: Scope of Papers [I]-[V].

[ 1] [ v [V
RT1| X X
RT2 X
RT3 X X
RT4 X X
RT5 X

1.2 Research methods and dissertation structure

Mathematical models are central in portfolio decision analysis. The modeling approaches
in Papers [I] and [II] are multiattribute value theory (MAVT; Keeney and Raiffa 1976,
von Winterfedt and Edwards 1986, French 1986, Belton and Stewart 2001), MCDA and,
in particular, Robust Portfolio Modeling (RPM; Liesio et al. 2007, 2008). Paper [III] uses
decision trees to model uncertainties about the projects’ impacts (see, e.g., Clemen 1996), and
the Conditional Value-at-Risk measure to model risk preferences (Rockafellar and Uryasev
2000). Moreover, Papers [I]-[III] use set inclusion to accommodate incomplete information
about the model parameters (e.g., Kirkwood and Sarin 1985, Hazen 1986, White et al. 1981)
and multi-objective zero-one linear programming (MOZOLP; see Kiziltan and Yucaoglu

1983) to compute the non-dominated portfolios.



Papers [IV]| and [V] use Bayesian analysis to model uncertainties about the projects’
values (see, e.g., Gelman et al. 2004 for an overview). Moreover, information value the-
ory (Howard 1966) and statistical decision theory (Raiffa and Schlaifer 2000) are used to
analyze the value of acquiring additional value estimates for the projects. Paper [V] formu-
lates two-stage stochastic programming problems (Shapiro et al. 2009), which are solved by

numerical simulation.

The rest of this summary article is structured as follows. Section 2 discusses the the-
oretical foundations of the main topics in this Dissertation. Section 3 presents the key
contributions of Papers [I]-[V]. Section 4 summarizes the implications of these contributions

and suggests avenues for future research.

2 Theoretical Foundations

Salo et al. (2011) define portfolio decision analysis as ‘a body of theory, methods, and practice
which seeks to help DMs make informed multiple selections from a discrete set of alternatives
through mathematical modeling that accounts for relevant constraints, preferences, and un-
certainties’. Early examples in this field include the work of Mottley and Newton (1959) in
the context of selecting projects for industrial research, and that of Friend and Jessop (1969)
in the context of coordinating planning decisions within local government. Over the years,
methods of portfolio decision analysis have been applied in various decision-making contexts,
including the selection of a portfolio of solar energy projects (Golabi et al. 1981), capital al-
location in healthcare organizations (Kleinmuntz and Kleinmuntz 1999), the development of
strategic plans for air traffic management (Grushka-Cockayne et al. 2008), and the dynamic
adjustment of resources among project classes in a research and innovation center (Gutjahr
2011).

2.1 Multicriteria decision analysis in group decision support

From the 1990s onwards there has been an expansion of MCDA approaches to portfolio
problems (e.g., Heidenberger and Stummer 1999, Phillips and Bana e Costa 2007, Stummer et
al. 2009). Most of these approaches utilize multi-attribute value theory (MAVT; Keeney
and Raiffa 1976) to model the DM’s preferences about the projects. Under reasonable

assumptions, these preferences can be captured with an additive value function in which



(1) the projects’ criterion-specific performances are mapped to scores v;; using the (possibly
non-linear) criterion-specific value function, and (ii) the overall value of project z; is the
weighted sum V(z;) = Y, wv;; of its criterion-specific scores (Keeney and Raiffa 1976).
Here, the weights w; reflect the relative importance of the criteria, i.e., the value gained from
changing the criterion-specific performance of a project from the worst performance level to
the best. The overall value of portfolio p can, then, be modeled as the sum of the projects’
values included in it (Golabi et al. 1981, Golabi 1987)

Vip) = Z Zwﬂh‘j- (1)

Tj€p i=1

Keeney and Kirkwood (1975) show that, under reasonable assumptions, additive
value functions can also be used to aggregate individual preference models Vj(z;)
> 2 wikvij, k= 1,...,K of K DMs into cardinal group representations V(z;) =
> ok Ik D WikVijk, Where gi is the group weight of the k-th DM or group member. Using

this representation, the overall value of portfolio p for the group becomes

V) =YD 06> wirvigp (2)

z;€p k i

The group weights g, in the above representation reflect the relative importance of the
group members’ preferences in determining the value of a portfolio. The assessment of such
weights calls for interpersonal comparisons of value, which raises nontrivial questions about
how or by whom such comparisons can be made (Keeney and Kirkwood 1975). To avoid
making such comparisons, the entire range of the group members’ possibly different views
and preferences can be captured by methods that accommodate incomplete information
about the weights w; and scores v;; in value representation (1) (White et al. 1981, Hazen
1986). Such methods have, indeed, proven useful in group decision settings (Salo 1995, Kim
and Ahn 1999, Climaco and Dias 2006, Mateos et al. 2006, Salo and Hamélainen 2010).

The RPM methodology, for instance, models uncertainty about the weights w; and scores
v;; in value representation (1) through sets of feasible parameters such that these sets (i)
include the ‘true’ values and (ii) are consistent with the DMs’ preferences and beliefs about
the projects’ outcomes (Liesio et al. 2007, 2008). For instance, rather than assessing precisely
how much more important criterion 1 is than criterion 2, the DMs may simply agree that
criterion 1 is more important than criterion 2. Similarly, scores may be assessed as intervals

instead of precise numbers, allowing subjective statements such as ‘the societal impact of this



project has a score between 70 and 90°, or ‘the net present value of this project is between
200 and 240 thousand euros’. Although such statements do not generally result in a single
‘best’ portfolio, they can be used to generate robust recommendations about which projects

should be selected or discarded, and which ones should be subject to closer analysis.

MCDA methods that admit incomplete information about weights and scores have been
applied to a variety of group decision processes, such as screening of innovation ideas (Kon-
nola et al. 2007), participatory budget elaboration (Rios and Rios Insua 2008), and develop-
ment of air traffic management plans (Grushka-Cockayne et al. 2008). These applications,
however, assume either that there is a joint value representation all group members agree
on, or that the DMs are able to provide complete preference information. Such assumptions
can be problematic in decision settings where the DMs have uncertain but yet conflicting

preferences about the relative importance of the evaluation criteria.

2.2 Scenario models for project portfolio selection

In some decision contexts, uncertainty about the projects’ impacts is best described by a
set of alternative futures, called scenarios (Meristo 1989, Mobasheri et al. 1989, Bunn and
Salo 1993, Schoemaker 1995, Peterson et al. 2003). This is particularly the case when the
projects’ impacts are influenced by exogenous uncertainties through depending, for instance,
on whether a major legislative change takes place or not. By drawing attention to uncertain-
ties, scenarios can help select project portfolios that perform relatively well across alternative
futures (Wilson 2000).

A conventional approach to scenario-based project portfolio selection is to assess the prob-
ability of the scenarios, to evaluate the impacts of the projects in each scenario, and, finally,
to select the project portfolio that has the highest expected performance (e.g., Poland 1999).
It may, however, be difficult to obtain precise estimates for the scenario probabilities due to
psychological biases associated with subjective probability estimation, for instance (Tversky
and Kahneman 1974, Hogarth and Makridakis 1981, Goodwin and Wright 2001). Therefore,
methods have been developed to generate decision recommendations in settings where the in-
formation about these probabilities is incomplete (Walley 1991, Moskowitz et al. 1993). Liesio
and Salo (2012), for instance, use set inclusion to model uncertainty about the scenario prob-
abilities. For instance, rather than saying that the probability of a major legislative change
is exactly 65%, the DM may state that this change is more likely to happen than not (i.e.,
has a probability higher than 50%).



Just like the incomplete weights and scores in the MCDA framework, incomplete scenario
probabilities may not result in a single best portfolio. Nevertheless, dominance relations can
be used to identify portfolios that are not outperformed by any other portfolio for any
feasible scenario probabilities. However, although such decision recommendations are robust
across the scenarios, they do not account for the influence that the selected projects may
have on scenario probabilities and, in particular, on the probability of reaching the more
desirable scenarios (Schoemaker 1995, Peterson et al. 2003, Robinson 2003, Porter et al.
2004). Failing to account for the possibility of influencing these probabilities may, therefore,

lead to suboptimal decisions.

2.3 Bayesian models in decision analysis

Besides set inclusion, uncertainty about the decision parameters can be modeled through
probability distributions. Such models can benefit from Bayesian analysis, where prior belief
about the projects’ values is updated according to the evaluation information (e.g., Gelman et
al. 2004). Bayesian modeling of uncertainties has received hardly any attention in portfolio
decision analytical methodologies. Yet, the application of Bayesian methods to the selection
of a single decision alternative has made it possible to increase the expected value of the
selected alternative (Bielza et al. 1999) and to uncover and mitigate the problem of post-
decision disappointment (Brown 1974, Harrison and March 1984, Smith and Winkler 2006),

suggesting that this approach can be useful in portfolio selection problems as well.

The Bayesian framework also facilitates the analysis of value of information. In particular,
the framework helps study how much the acquisition of additional value estimates for some
projects is expected to increase the value of the selected portfolio prior to actually acquiring
these estimates (Howard 1966, Raiffa and Schlaifer 2000). Such analysis helps organize the
evaluation process cost-efficiently in that additional estimates are acquired only for those
projects for which the increase in the value of the selected portfolio can be expected to offset

the costs of acquiring the estimates.

Delquié (2008) shows that under quite general assumptions, the value of information in
choosing between two alternatives is highest when the DM is indifferent between the two,
and lower when there is strong initial preference for choosing one alternative over another.
In the context of choosing one of many alternatives with normal prior and likelihood distri-
butions, Frazier and Powell (2010) conclude that it pays off to obtain additional estimates

about a subset of alternatives only, and that this subset is smaller when the estimation



accuracy is better. In portfolio decision analysis, the value of information has been studied
primarily through simulation studies (Keisler 2004, 2009).

3 Contributions of the papers

Table 2 summarizes the contributions of papers [I]-[V]. Specifically, Paper [I] extends the
RPM methodology to account for the possibly conflicting views of multiple DMs. In paper
[IT], the RPM methodology is used in a foresight project to synthesize the assessments of
multiple experts about emerging policy issues. Paper [III] develops a scenario-based portfolio
model that accounts for incomplete and project-dependent scenario probability information.
Paper [IV] develops a Bayesian framework for modeling uncertainties in project portfolio
selection problems. Extending this framework to a multi-period setting, paper [V] studies

optimal policies for funding so-called breakthrough technology projects.

Specifically, the group model presented in Paper [I] uses value representation (2) — i.e.,
V(p) = ij e >k 9k > ; Wirvij, — such that the information about the criterion weights w;y
and value scores v;j, can be incomplete. No precise group weights g, need to be specified
either; instead, it is possible to introduce statements such as ‘the weight of DM 1 is larger
than that of DM 2’ without stating exactly how much larger it is. Importantly, no information
about the relative importance of the group members is needed. Decision recommendations
that reflect the full range of the group members’ viewpoints may foster stronger commitment
to the implementation of the decision. Often, however, a consensus can be reached over
assigning a minimum weight to each group member, and the group model presented in

Paper [I] supports the transparent modeling of such constraints.

Because of the incompletely defined value scores v, criterion weights w and group weights
g, no single portfolio usually maximizes the overall value for the group within the feasibility
constraints. Instead, decision recommendations are based on the concept of dominance. In
particular, portfolio p is said to dominate portfolio p’, if the value of p is higher than or
equal to that of p’ for all feasible values of (v, w, ¢), and strictly higher for some combination
of them. It would be irrational for the group to choose portfolio p’, because portfolio p is
certain to be at least as valuable and possibly more valuable. Thus, the analysis makes it
possible to recommend non-dominated portfolios, i.e., those that are not dominated by any
other feasible portfolio (RT1).

Based on the computation of non-dominated portfolios, the projects can be categorized

into three groups: core projects are included in all, exterior projects in none and borderline
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Table 2:

Contributions of the papers

Paper Research objectives Methodology / Approach Main results

[ Extend the RPM RPM methodology and Methodology to identify
methodology to group multi-objective zero-one jointly non-dominated
decision settings linear programming project portfolios and

project-specific points of
agreement / disagree-
ment

[II] | Validate the viability of Case  study: RPM RPM methodology is
the RPM methodology methodology applied to useful in highlighting
in foresight processes supporting a foresight those issues that merit

project by the Bureau attention from different

for European Policy perspectives (relevance,

Advisors different  views, rare
events)

[III] | Develop a scenario- Decision trees and multi- Methodology to gener-
based project portfolio objective zero-one linear ate decision recommen-
selection model that programming dations for resilient and
accounts for incomplete proactive project portfo-
and project-dependent lios
information about sce-
nario probabilities

[[V] | Develop a Bayesian Bayesian analysis, infor- Bayesian modeling helps
framework for modeling mation value theory / increase portfolio value,
uncertainties in project statistical decision the- mitigate  post-decision
portfolio selection prob- ory disappointment, and
lems obtain additional infor-

mation  cost-efficiently

[V] | Develop a multi-period Bayesian analysis, sto- One should experiment

project portfolio selec-
tion model to study op-
timal policies for funding
breakthrough technology
projects

chastic ~ programming,

numerical simulation

by starting a large
number of  projects
but commit resources

only to those projects
which, based on exper-

imentation, have the
potential to result in
breakthroughs



projects in some but not all non-dominated portfolios. Core projects should thus be selected
because they are supported by the whole group for any feasible choice of decision parameters.
Likewise, exterior projects should be discarded. Further discussion and efforts towards ob-
taining additional score information should be focused on the remaining borderline projects,
because narrower score intervals on core or exterior projects do not reduce the set of non-
dominated portfolios. To support the selection of the final portfolio, an acceptability index is
developed to help analyze how the non-dominated portfolios resulting from the group model

perform in terms of the group members’ own value models.

Paper [II] presents a foresight exercise carried out by the Joint Research Centre - Institute
for Prospective Studies (JRC-IPTS) for the Bureau of European Policy Advisors. The aim
of this exercise was to identify future trends and disruptive events that could have major
implications on EU policy-making by 2025. For this purpose, 129 forward-looking reports
were analyzed by JRC-IPTS experts to identify emerging policy issues. These issues (381 in
total) were then assessed on a 1-7 Likert scale in an online survey by 270 external experts
with regard to three criteria: (i) relevance to EU policy-making, (ii) novelty in comparison

with earlier policy debates, and (iii) probability of occurence by 2025.

The expert assessments were synthesized using the RPM framework (RT1). In particular,
the sets of non-dominated issue portfolios were computed for (i) mean-oriented analysis,
(ii) variance-oriented analysis, and (iii) rare event -oriented analysis. In the mean-oriented
analysis, the aim was to identify those issues which most of the respondents found relevant,
novel, and probable. Thus, the criterion-specific scores for the issues were obtained by taking
the means of the respondents’ assessments. In the variance-oriented analysis, the aim was
to identify those issues on which the respondents had different views. For this purpose,
the scores were defined by the variances of the respondents’ assessments. The rare event
-oriented analysis was carried out to identify those issues that the respondents considered
improbable but still novel and relevant. Here, the scores of the issues on relevance and novelty
were obtained as in the mean-oriented analysis, but those issues with the lowest probability
assessment 1 received the highest probability score 7 and vice versa, i.e., Probability score =

8 - average of the probability assessments.

In each of the three analyses (mean-, variance-, and rare event -oriented), ordinal infor-
mation about the relative importance of the three evaluation criteria was used to generate
the sets of non-dominated portfolios consisting of the top ten policy issues. Information
about those issues which were included in more than 50% of the non-dominated portfolios in
at least one of the three analyses were presented to the participants of a two-day workshop,

the purpose of which was to prepare proposals for cross-cutting challenges that combined at
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least three of such issues. In this way, the RPM analysis helped focus on the most pertinent
issues based on which the workshop participants formulated cross-cutting challenges and,
moreover, developed visions as to how the EU could respond to these challenges through

policy making.

Paper [III] develops a scenario-based model to generate decision recommendations for
project portfolios when (i) the information about scenario probabilities is incomplete, and
(ii) the selected projects may affect these probabilities (RT2). Technically, the incomplete
probability information is modeled by bounding the set of feasible probabilities through
constraints that may depend on which projects are selected. Decision recommendations are
then based on dominance relations between the portfolios. The recommended portfolios are
(i) resilient across the range of future scenarios in light of the incomplete scenario probability
information, and (ii) proactive in that they help steer the course towards the desired scenario
by influencing these probabilities. As in RPM, these recommended portfolios help prioritize
the individual projects by dividing them into three categories: (i) core projects that should

be selected, (ii) exterior projects that should not be selected, and (iii) borderline projects.

Paper [IV] develops a Bayesian model framework to tackle with uncertainties attached to
the estimation of the projects’ values (RT3). Due to estimation uncertainties, it is difficult
to identify the truly best projects, whereby the selected portfolio is typically suboptimal.
Furthermore, it can be shown that the value of the selected portfolio is systematically over-
estimated, causing the DM to experience post-decision disappointment (Harrison and March
1984, Smith and Winkler 2006). The phenomenon underlying post-decision disappointment
is, in short, that the more the value of a project has been overestimated, the more probable it
is that this project will be selected. Thus, even if the value estimates are unbiased a priori,
the optimization-based selection process implies that the estimates for the recommended

projects are likely to be higher than the actual values of these projects.

The model framework in Paper [IV] helps alleviate problems of suboptimality and
post-decision disappointment by explicitly modeling the underlying uncertainties through
Bayesian methods (Gelman et al. 2004). That is, by associating a prior probability distri-
bution with the projects’ true values and a conditional distribution with the estimates, a
posterior distribution for the true values given the observed estimates can be obtained by
using Bayes’ rule. With the help of the posterior distribution, the decision problem can
be formulated as that of maximizing the expected portfolio value given the projects’ value
estimates, instead of maximizing the estimated portfolio value. This approach is shown to
increase the expected portfolio value and to eliminate the expected post-decision disappoint-

ment.
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The posterior distribution can also be used to compute the probability P; of project
1 being included in the truly optimal portfolio. This probability can serve as a measure
for analyzing the performance of individual projects with respect to the portfolio. Such a
project performance measure can be more suitable in portfolio selection than, for instance,
the benefit-to-cost ratio, because it takes into account factors such as the project’s cost

relative to the budget or interdependencies with other projects.

Finally, the Bayesian model framework provides tools for analyzing the value of additional
project evaluations. Because the evaluation process can be expensive and time-consuming,
the DM should re-evaluate only those projects about which the additional information can
be expected to lead to a higher portfolio value that offsets the cost of the re-evaluation. With
the help of the Bayesian model framework, the expected value of re-evaluating any subset
of projects can be computed explicitly. As a rule of thumb, it pays off to obtain additional
evaluations of only those projects that can be re-evaluated relatively accurately and that

have particularly uncertain initial value estimates close to the selection threshold (RT4).

Building on the Bayesian uncertainty model of Paper [IV], Paper [V] develops a multi-
period project selection model to study optimal funding policies for promoting so-called
breakthrough technology projects that offer exceptionally high value to society. In particu-
lar, the model helps examine how to optimally allocate resources between (i) committing to
completing some technology projects based on initial project evaluation and (ii) experiment-
ing by starting a large number of projects about which additional information is obtained

through interim evaluations before deciding which projects will be completed.

In the model, new project proposals become available in each period. Out of these pro-
posals, the DM grants full funding to some projects and conditional funding to others based
on an initial evaluation. Those projects that obtain conditional funding are re-evaluated
after some time at a cost and, based on the more accurate value information, some of these
projects can be abandoned to release resources for new opportunities. In each period, there
is a fixed budget to be allocated to project funding and evaluation costs. The funding pol-
tcy is determined by how many projects are launched, re-evaluated and abandoned in each

period, and by the number of periods the projects are funded prior to re-evaluation.

The model is used to determine the optimal static funding policy that would, on av-
erage, yield (i) the highest expected portfolio value or (ii) the highest number of funded
breakthrough technology projects over time. Technically, the optimal funding policies for
these two objectives are determined by solving two-stage stochastic optimization problems

with discrete decision variables. Because no analytical solutions can be derived for these
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problems, guidelines for optimal funding policies are obtained by numerical simulation.

The numerical results suggest that in order to promote breakthrough technologies, more
resources should be allocated to experimentation; in particular, one should first launch a large
number of projects, re-evaluate most projects after some time and, based on the resulting
information, abandon a high proportion of on-going projects (RT4). The more uncertain the
initial estimates, the longer one should wait before abandoning projects (RT5). This policy
differs from the optimal policy for maximizing the expected portfolio value, which is to fully
commit to those projects that appear to be the best based on the initial evaluation. These
differences are important in that a policy which serves to maximize the expected portfolio

value may fail to promote breakthrough technologies, and vice versa.

4 Discussion

4.1 Theoretical and practical implications

This Dissertation develops new models to capture uncertainties in project portfolio selection.
Papers [I] and [III] extend the RPM methodology which, in addition to the case study pre-
sented in Paper [II], has been used in several applications: screening innovation ideas for the
Finnish Ministry of Trade and Industry (Konnola et al. 2007), supporting the development
of research agendas for the Finnish Forestry Industry (Brummer et al. 2008), and optimiz-
ing bridge maintenance programs for the Finnish Road Administration (Mild 2006). The
Bayesian modeling framework studied in Papers [IV] and [V], on the other hand, represents

a novel approach to modeling uncertainties in portfolio decision analysis.

The group decision support model developed in Paper [I] is the first to accommodate in-
complete information about criterion weights, the projects’ criterion-specific performances,
and the group members’ relative importance weights. This model offers several benefits.
First, the points of agreement and disagreement are explicitly revealed, so that negotiation
efforts can be focused on the most pertinent issues. Second, the developed performance
measures provide systematic tools for analyzing the acceptability of the recommended port-
folios and the projects included in them from the points of view of both the group and
the group members. Finally, the methodology helps generate compromise solutions outside
the group members’ individually preferred portfolios, thus possibly alleviating the ‘zero-sum

game’ nature of the negotiation process.
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In Paper [II], RPM is used in a novel way to support the identification of emerging EU
policy issues in a foresight exercise. One might argue against the use of an additive value
model in this setting, for instance because one of the criteria on which the issues are evaluated
is ‘probability’. From a practical point of view, however, the aim of the RPM analysis in
this exercise was not to support the selection of an issue portfolio but, rather, to screen out
those issues out of many that were seen as most interesting from different perspectives. With
a large number of issues, such screening processes may benefit from the use of quantitative
methodologies such as RPM. At best, such methodologies complement other, qualitative
approaches used for generating issues for the foresight exercise and synthesizing the results

of the quantitative analysis (Kénnold et al. 2007, Brummer et al. 2008).

The scenario model developed in Paper [III] is the first to accommodate both incom-
plete and project-dependent information about scenario probabilities. This model generates
project-specific recommendations even with fairly loose constraints on scenario probabilities,
which is likely to increase trust in these recommendations among DMs who find it difficult to
provide precise probability estimates. The focus of the model on both resilience and proac-
tivity resonates well with many practical applications. For instance, the current approaches
to addressing risks of climate change are (i) adaption, i.e., building resilience towards changes
in the climate conditions, and (ii) mitigation, i.e., taking proactive measures to reduce net
CO4 emissions (Hamin and Gurran 2009, Moss et al. 2010).

Paper [IV] proposes a novel approach for modeling uncertainties in portfolio decision
analysis. While providing computational tools for developing an optimal project evaluation
and selection process, it also gives important qualitative insights into portfolio selection
problems. First, because the value estimates are uncertain, the DM should expect to be
disappointed in the value of the selected portfolio. Second, the more uncertain the value
estimates, the more they should be adjusted towards average project values to increase the
value of the selected portfolio and to yield more realistic expectations about this value.
Finally, it often suffices to re-evaluate only a small subset of the projects on condition that
these are appropriately selected. Because the available time and monetary resources for

project evaluation are often limited, this result is of considerable practical interest.

Paper [V] is the first to develop an analytic model to support the shaping of funding
policies for promoting breakthrough technologies. This model serves to highlight that break-
through technologies can be best fostered by (i) experimenting by initiating a large number of
technology projects, and (ii) committing resources only to those projects that, based on the
experimentation, seem to have the potential to result in breakthroughs. The model makes

explicit the important trade-off between allocating scarce resources to experimentation on
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the one hand, and completing projects on the other hand. Making such trade-offs is crucial
in practical applications, such as public funding of breakthrough research: empirical findings
suggest that high impact research is connected with long-term funding (Bourke and Butler
1999, Heinze 2008) but, on the other hand, committing resources for a long period of time
to some projects increases the risk of failing to fund some other projects that could have
resulted in breakthroughs (Melin and Danell 2006, Kanniainen 2011).

4.2 Avenues for future research

This Dissertation opens up several avenues for future research. First, empirical case studies
are needed to test the methodological developments of Papers [I], [I1I] and [IV]. For instance,
it would be interesting to apply the Bayesian methodology of Paper [IV] to adjusting the
cost estimates of public works projects, whose realized costs are typically much higher than
estimated (28% on average; Flyvbjerg et al. 2002). To do this, methods are needed to
estimate the prior and likelihood distributions based on (i) the estimated costs of all project

candidates, but (ii) the realized costs of only those projects that have been implemented.

Second, behavioral studies could be carried out to examine how subjects allocate resources
between project funding and the acquisition of additional value information without recourse
to formal decision support methods. In particular, it would be interesting to examine whether
and to what extent these resource allocation strategies differ from the optimal strategies
suggested by Papers [IV] and [V]. These kinds of studies benefit from simulation software
tools, such as the one presented by Ylilammi (2014). Such simulation tools could also be
useful in demonstrating the effects of estimation uncertainties in project portfolio selection,

including post-decision disappointment.

Finally, several methodological extensions could be introduced. For instance, the sce-
nario model developed in Paper [III] could be integrated with a game-theoretic framework
to support project portfolio selection when both the projects’ impacts and the scenario prob-
abilities are possibly affected by the projects selected by other DMs. This model could also
be extended to support multi-period portfolio selection processes in which the DM has the
opportunity to revisit the initial selection decision in a later period. Also, the analysis of
the value of information in Paper [IV] could be extended to a multicriteria setting. Fur-
thermore, by developing a different kind of modeling approach, the policy guidelines for
promoting breakthrough technologies in Paper [V] could be supported by analytic results.

15



References

Aguilar, O., M. West. 2000. Bayesian dynamic factor models and portfolio allocation. Journal of
Business €& Economics 18 338-357.

Belton, V., T. Stewart. 2001. Multiple Criteria Decision Analysis: An Integrated Approach, Kluwer
Academic Publishing, Dordrecht.

Bielza, C., P. Miiller, D. Rios Insua. 1999. Decision analysis by augmented probability simulation.
Management Science 45 995-1007.

Bourke, P.; L. Butler. 1999. The efficacy of different modes of funding research: perspectives from
Australian data on the biological sciences. Research Policy 28 489-499.

Brandt, M., A. Goyal, P. Santa-Clara, J. Stroud. 2005. A simulation approach to dynamic portfolio
choice with an application to learning about return predictability. Review of Financial Studies

18 831-873.

Brown, K. 1974. A note on the apparent bias of net revenue estimates for capital investment projects.
Journal of Finance 29 1215-1216.

Brummer, V., T. Kénnola, A. Salo. 2008. Foresight with ERA-NETSs: experiences from the prepa-
ration of an international research program. Technological Forecasting € Social Change 75
483-495.

Bunn, D.W.; A. Salo. 1993. Forecasting with scenarios. Furopean Journal of Operational Research
68 291-303.

Cheng, R. 1999. Regression metanodeling in simulation using Bayesian methods. In: P. Farring-
ton, H. Nembhard, D. Sturrock, G. Evans (eds.) Proceedings of the 81st Winter Simulation
Conference, Association for Computing Machinery, New York, 330-335.

Chick, S. 1997. Bayesian analysis for simulation input and output. In: S. Andradottir, K. Healy,
D. Withers, B. Nelson (eds.) Proceedings of the 29th Winter Simulation Conference, IEEE
Computer Society, Washington DC, 326-333.

Clemen, R. 1996. Making Hard Decisions: An Introduction to Decision Analysis, 2nd ed., Duxbury
Press at Wadsworth Publishing Company. Belmont.

Climaco, J., L. Dias. 2006. An approach to support negotiation processes with imprecise information

multicriteria additive models. Group Decision and Negotiation 15 171-184.
Delquié, P. 2008. The value of information and intesity of preference. Decision Analysis 5 129-139.

Ewing Jr., P., W. Tarantino, G. Parnell. 2006. Use of decision analysis in the army base realignment
and closure (BRAC) 2005 military value analysis. Decision Analysis 3 33-49.

Flyvbjerg, B., M. Skamris Holm, S. Buhl. 2002. Underestimating costs in public works projects:

error or lie? Journal of the American Planning Association 68 279-295.

Frazier, P., W. Powell. 2010. Paradoxes in learning and the marginal value of information. Decision
Analysis 7 378-403.

16



French. S. 1986. Decision Theory — An Introduction to the Mathematics of Rationality, Ellis Horwood
Limited, Chichester.

Friend, J., W. Jessop. 1969. Local Government and Strategic Choice, Tavistock, London.

Gelman, A., J. Carlin, H. Stern, D. Rubin. 2004. Bayesian Data Analysis (2nd ed.), Chapman &
Hall, London.

Golabi, K. 1987. Selecting a group of dissimilar projects for funding. IEEE Transactions on Engi-
neering Management 34 138-145.

Golabi, K., C. Kirkwood, A. Sicherman. 1981. Selecting a portfolio of solar energy projects using
multiattribute preference theory. Management Science 27 174-189.

Goodwin, P., G. Wright. 2001. Enhancing strategy evaluation in scenario planning: a role for
decision analysis. Journal of Management Studies 38 1-16.

Grushka-Cockayne, Y., B. De Reyck, Z. Degraeve. 2008. An integrated decision-making approach
for improving European air traffic management. Management Science 54 1395-14009.

Gustafsson, J., A. Salo. 2005. Contingent portfolio programming for the management of risky
projects. Operations Research 53 946-956.

Gutjahr, W. 2011. Optimal dynamic portfolio selection for projects under a competence development
model. OR Spectrum 33 173-206.

Hamin, E., N. Gurran. 2009. Urban form and climate change: balancing adaptation and mitigation
in the US and Australia. Habitat International 33 238-245.

Harrison, J., J. March (1984). Decision making and post-decision surprises. Administrative Science
Quarterly 29 26-42.

Hazen, G. 1986. Partial information, dominance, and potential optimality in multiattribute utility
theory. Operations Research 34 296-310.

Heidenberger, K. 1996. Dynamic project selection and funding under risk: a decision tree based

MILP approach. Furopean Journal of Operational Research 95 284-298.

Heidenberger, K., C. Stummer. 1999. Research and development project selection and resource
allocation: a review of quantitative modeling approaches. International Journal of Management
Reviews 1 197-224.

Hogarth, R.H., S. Makridakis. 1981. Forecasting and planning: an evaluation. Management Science
27 115-138.

Heinze, T. 2008. How to support ground-breaking research: a comparison of funding schemes.
Science and Public Policy 35 302-318.

Howard, R. 1966. Information value theory. IEEE Transactions on Systems, Man, and Cybernetics
2 22-26.

Kanniainen, V. 2011. The tragedy of false rejections: should society subsidize R&D projects? (In
Finnish.) The Finninsh Economic Papers 24 461-473.

17



Keeney, R., C. Kirkwood. 1975. Group decision making using cardinal social welfare functions.
Management Science 22 430-437.

Keeney, R., H. Raiffa. 1976. Decisions with Multiple Objectives: Preferences and Value Trade-Offs,
John Wiley & Sons, New York.

Keisler, J. 2004. Value of information in portfolio decision analysis. Decision Analysis 1 177-189.

Keisler, J. 2009. The value of assessing weights in multi-criteria portfolio decision analysis. Journal
of Multi-Criteria Decision Analysis 15 111-123.

Kirkwood, C., R. Sarin. 1985. Ranking with partial information: a method and an application.
Operations Research 33 38-48.

Kim, S., B. Ahn. 1999. Interactive group decision making procedure under incomplete information.
FEuropean Journal of Operational Research 116 498-507.

Kiziltan, G., E. Yucaoglu. 1983. An algorithm for multiobjective zero-one linear programming.
Management Science 29 1444-1453.

Kleinmuntz, C., D. Kleinmuntz. 1999. Strategic approaches for allocating capital in healthcare
organizations. Healthcare Financial Management 53 52-58.

Kleinmuntz, D. 2007. Resource allocation decisions. In: W. Edwards, R. Miles, D. von Winterfeldt
(eds.) Advances in Decision Analysis, Cambridge University Press, New York.

Koénnold, T., V. Brummer, A. Salo. 2007. Diversity in foresight: insights from the fostering of
innovation ideas. Technological Forecasting and Social Change 74 608-626.

Liesio, J., P. Mild, A. Salo. 2007. Preference programming for robust portfolio modeling and project
selection. Furopean Journal of Operational Research 181 1488-1505.

Liesio, J., P. Mild, A. Salo. 2008. Robust portfolio modeling with incomplete cost information and
project interdependencies. Furopean Journal of Operational Research 190 679-695.

Liesio, J., A. Salo. 2012. Scenario-based portfolio selection of investment projects with incomplete
probability and utility information European Journal of Operational Research 217 162-172.

Lindstedt, M., J. Liesio, A. Salo. 2008. Participatory development of a strategic product portfolio in
a telecommunication company. International Journal of Technology Management 42 250-266.

Lockett, G., A. Gear. 1975. Multistage capital budgeting under uncertainty. Journal of Financial
and Quantitative Analysis 10 21-36.

Mateos, A., A. Jiménez, S. Rios-Insua. 2006. Monte Carlo simulation techniques for group decision
making with incomplete information. Furopean Journal of Operational Research 174 1842—

1864.

Melin, G., R. Danell. 2006. The top eight percent: development of approved and rejected applicants
for a prestigious grant in Sweden. Science and Public Policy 33 702-712.

Meristo, T. 1989. Not forecasts but multiple scenarios when coping with uncertainties in the com-

petitive environment. Furopean Journal of Operational Research 38 350-357.

18



Merrick, J., J. van Dorp, V. Dinesh. 2005. Assessing uncertainty in simulation based maritime risk
assessments. Risk Analysis 25 731-743.

Mild, P. 2006. Multi-objective optimization of bridge repair programmes — application of RPM
methodology (in Finnish). Finnish Road Administration Reports, 5/2006.

Mobasheri, F., L. Orren, F. Sioshansi. 1989. Scenario planning at Southern California Edison.
Interfaces 19 31-44.

Moskowitz, H., P. Preckel, A. Yang. 1993. Decision analysis with incomplete utility and probability
information. Operations Research 41 864-879.

Moss, R., J. Edmonds, K. Hibbard, M. Manning, S. Rose, D. van Vuuren, T. Carter, S. Emori, M.
Kainuma, T. Kram, G. Meehl, J. Mitchell, N. Nakicenovic, K. Riahi, S. Smith, R. Stouffer,
A. Thomson, J. Weyant, T. Willbanks (2010). The next generation of scenarios for climate
change research and assessment. Nature 463 747-756.

Mottley, C., R. Newton. 1959. The selection of projects for industrial research. Operations Research
7 740-751.

Phillips, L., C. Bana e Costa. 2007. Transparent prioritisation, budgeting and resource allocation
with multi-criteria decision analysis and decision conferencing. Annals of Operations Research
154 51-68.

Peterson, G.D., G.S. Cumming, S.R. Carpenter. 2003. Scenario planning: a tool for conservation in

an uncertain world. Conservation Biology 17 358-366.

Poland, W.B. 1999. Simple probabilistic evaluation of portfolio strategies. Interfaces 29 75-83.

Polson, N., B. Tew. 2000. Bayesian portfolio selection: an empirical analysis of the S&P 500 index.
Journal of Business & Economic Statistics 18 164-173.

Poropudas, J., K. Virtanen. 2011. Simulation metamodeling with dynamic Bayesian networks. Fu-
ropean Journal of Operational Research 214 644-655.

Porter, A., W.B. Ashton, G. Clar, J. Coates, K. Cuhls, A. Cunningham, K. Ducatel, P. van der
Duin, L. Georgehiou. T. Gordon, H. Linstone, V. Marcahu, G. Massari, I. Miles, M. Mogee, A.
Salo, F. Scapolo, R. Smits, W. Thissen. 2004. Technology futures analysis: Toward integration
of the field and new methods. Technological Forecasting & Social Change 71 287-303.

Raiffa, H., R. Schlaifer. 2000. Applied Statistical Decision Theory, Wiley Classics Library Edition,
John Wiley & Sons Inc., New York.

Rios, J., D. Rios Insua. 2008. A framework for participatory budget elaboration support. Journal
of the Operational Research Society 59 203-212.

Robinson, J. 2003. Future subjunctive: backcasting as social learning. Futures 35 839-856.

Rockafellar, R., S. Uryasev. 2000. Optimization of Conditional Value-at-Risk. The Journal of Risk
2 21-41.

Salo, A. 1995. Interactive decision aiding for group decision support. Furopean Journal of Opera-
tional Research 84 134-149.

19



Salo, A., R.P. Himaéldinen. 2010. Multicriteria decision analysis in group decision processes. In: D.
Kilgour, C. Eden (eds.) Handbook of Group Decision and Negotiation, Springer, New York.

Salo, A., J. Keisler and A. Morton. 2011. An invitation to portfolio decision analysis. In: A. Salo,
J. Keisler, A. Morton (eds.) Portfolio Decision Analysis: Improved Methods for Resource Al-
location, Springer, New York.

Schoemaker, P. 1995. Scenario planning: A tool for strategic thinking. Sloan Management Review
36 25-40.

Shapiro, A., D. Dentcheva, A. Ruszczyniski. 2009. Statistical inference. In: Lectures on Stochastic
Programming: Modeling and Theory, SIAM, Philadelphia.

Smith, J., R. Winkler. 2006. The optimizer’s curse: skepticism and postdecision surprise in decision
analysis. Management Science 52 311-322.

Soyer, R., K. Tanyeri. 2006. Bayesian portfolio selection with multi-variate random variance models.
FEuropean Journal of Operational Research 171 977-990.

Stummer, C., K. Heidenberger. 2003. Interactive R&D portfolio analysis with project interdependen-
cies and time profiles of multiple objectives. IEEE Transactions on Engineering Management
50 175-183.

Stummer, C., E. Kiesling, W. Gutjahr. 2009. A multicriteria decision support system for
competence-driven project portfolio selection. International Journal of Information Technology
& Decision Making 8 379-401.

Toppila, A., J. Liesio, A. Salo. 2011. A resource allocation model for R&D investments — a case
study in telecommunication standardization. In: A. Salo, J. Keisler, A. Morton (eds.) Portfolio
Decision Analysis: Improved Methods for Resource Allocation, Springer, New York.

Tversky, A., D. Kahneman. 1974. Judgement under uncertainty: heuristics and biases. Science 185
1124-1131.

Walley, P. 1991. Statistical Reasoning with Imprecise Probabilities, Chapman and Hall, New York.

White, C., A. Sage, W. Scherer. 1981. Decision support with partially identified parameters. Large
Scale Systems 3 177-189.

Wilson, I. 2000. From scenario thinking to strategic action. Technological Forecasting and Social
Change 65 23-29.

Winkler, R., C. Barry. 1975. A Bayesian model for portfolio selection and revision. The Journal of
Finance 30 179-192.

von Winterfeldt, D., W. Edwards. 1986. Decision Analysis and Behavioral Research, Cambridge
University Press, New York.

Ylilammi, K. 2014. A simulation tool for project portfolio selection. Independent research

project in applied mathematics, Aalto University, URL: http://sal.aalto.fi/publications/pdf-
files/eylil4.pdf.

20



Errata

Paper [II] contains the following errors:

The inequalities in section 3.3.2 should be ‘ws > wy > ws’.

The sentence following these inequalities should read ‘This analysis helped identify

issues that the respondents did not see similarly...".

The end of the second sentence in section 3.3.3. should read ‘... but v} was defined so
that the issues with the lowest occurence probabilities received the highest scores, i.e.,

Ug =8 — the average of the probability assessments’.

The inequalities in section 3.3.3. should be ‘w3 > wy; > wsy .
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