
IN COMPLEX AND UNCERTAIN ENVIRONMENTS
DECISION MODELING AND BEHAVIOR



Managing Editor 
Panos M. Pardalos (University of Florida)  

Editor—Combinatorial Optimization 
Ding-Zhu Du (University of Texas at Dallas) 

Advisory Board 
J. Birge (University of Chicago) 
C.A. Floudas (Princeton University) 
F. Giannessi (University of Pisa) 
H.D. Sherali (Virginia Polytechnic and State University) 
T. Terlaky (McMaster University) 
Y. Ye (Stanford University) 

Aims and Scope 
Optimization has been expanding in all directions at an astonishing rate 
during the last few decades. New algorithmic and theoretical techniques have 
been developed, the diffusion into other disciplines has proceeded at a rapid 
pace, and our knowledge of all aspects of the field has grown even more 
profound. At the same time, one of the most striking trends in optimization is 
the constantly increasing emphasis on the interdisciplinary nature of the 
field. Optimization has been a basic tool in all areas of applied mathematics, 
engineering, medicine, economics and other sciences. 

The series Optimization and Its Applications publishes undergraduate 
and graduate textbooks, monographs and state-of-the-art expository works 
that focus on algorithms for solving optimization problems and also study 
applications involving such problems. Some of the topics covered include 
nonlinear optimization (convex and nonconvex), network flow problems, 
stochastic optimization, optimal control, discrete optimization, multi-
objective programming, description of software packages, approximation 
techniques and heuristic approaches. 

Springer Optimization and Its Applications 

VOLUME 21



123

Edited By

IN COMPLEX AND UNCERTAIN ENVIRONMENTS

TAMAR KUGLER
University of Arizona, Tucson, AZ

J. COLE SMITH

TERRY CONNOLLY

YOUNG-JUN SON

University of Florida, Florida, FL

University of Arizona, Tucson, AZ

University of Arizona, Tucson, AZ

DECISION MODELING AND BEHAVIOR



All rights reserved. This work may not be translated or copied in whole or in part without the written 
permission of the publisher (Springer Science+Business Media, LLC, 233 Spring Street, New York, 

connection with any form of information storage and retrieval, electronic adaptation, computer 
software, or by similar or dissimilar methodology now know or hereafter developed is forbidden. 

not identified as such, is not to be taken as an expression of opinion as to whether or not they are 
subject to proprietary rights. 

springer.com  

The use in this publication of trade names, trademarks, service marks and similar terms, even if they are 

Managing Editor:
Panos M. Pardalos Ding-Zhu Du 
Department of Industrial

University of Florida 
Gainesville, FL 32611

@pardalos@cao.ise.ufl.edu

Department of Computer Science

University of Texas at Dallas
R
dzdu@utdallas.edu

and Systems Engineering 

Richardson, TX 75083

NY 10013, USA), except for brief excerpts in connection with reviews or scholarly analysis. Use in 

Tamar Kugler

on AZ 85721

J. Cole Smith

Terry Connolly

Young-Jun Son

Mathematics Subject Classification (2000): 91A30, 91B16, 91A35, 62Cxx, 91B06, 90B50, 91A80,
91E10, 91E40, 68T05, 91E45

Library of Congress Control Number:  2008926556

Printed on acid-free paper 

 Editors

ISSN:  1931-6828
ISBN:  978-0-387-77130-4 
DOI: 10.1007/978-0-387-77131-1 

 and Engineering 

©  2008 Springer Science+Business Media, LLC  

Editor/ Combinatorial Optimization.

University of Arizona
Management and Organizations

Tucs
tkugler@eller.arizona.edu

University of Arizona
Eller College of Management
1130 E. Helen St. 
Tucson AZ 85721 
430Z McClelland Hall
connelly@u.arizona.edu

University of Florida
Dept. Industrial & Systems Engineering
303 Weil Hall P.O. Box 116595
Gainesville FL 32611-6595
j.cole.smith@gmail.com

University of  Arizona
College of Engineering
Dept. Systems & Industrial Engineering
1127 E. James E. Rogers Way
 P.O. Box 210020
 Tucson AZ 85721-0020
 son@sie.arizona.edu

 

    Eller College

e-ISBN:  978-0-387-7713 -  1 1



To our spouses and families, who patiently tolerated the
inevitable demands that the preparation of this book made on

time that was rightfully theirs.



Contents

Preface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

Part I Integrating Decision Analysis and Behavioral Models

Improving and Measuring the Effectiveness of Decision
Analysis: Linking Decision Analysis and Behavioral Decision
Research
Robert T. Clemen . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

Reducing Perceptual and Cognitive Challenges in Making
Decisions with Models
Jenna L. Marquard and Stephen M. Robinson . . . . . . . . . . . . . . . . . . . . . . . 33

Agricultural Decision Making in the Argentine Pampas:
Modeling the Interaction between Uncertain and Complex
Environments and Heterogeneous and Complex Decision
Makers
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Preface

On February 27 and 28 of 2006, the University of Arizona held a workshop
entitled, “Decision Modeling and Behavior in Uncertain and Complex Envi-
ronments,” sponsored by the Air Force Office of Scientific Research under a
Multidisciplinary University Research Initiative (MURI) grant. The purpose
of the workshop was to assemble preeminent researchers studying problems
at the interface of behavioral and cognitive science, decision analysis, and
operations research. This book is a compilation of 14 chapters based on the
presentations given during the workshop. These contributions are grouped into
four general areas, which describe in some detail the challenges in conducting
novel research in this field.

Part One is concerned with the need for integrating decision analysis and
behavioral models. Robert T. Clemen discusses how the fields of behavioral re-
search and decision analysis have diverged over time, and makes a compelling
case to establish new links between the disciplines. He recommends leveraging
lessons learned from behavioral studies within prescriptive decision analysis
studies and evaluating the practical impact of those prescriptive techniques
in helping decision makers achieve their objectives.

Jenna L. Marquard and Stephen M. Robinson address eleven common
“traps” that face decision model analysts and users. An understanding of
these traps leads to an understanding of modeling features that either help
or hurt the decision-making process. The authors link theory and practice
by examining a set of case studies across a diverse array of model scenarios,
and provide a checklist of recommendations for analysts confronted by these
eleven traps.

Guillermo Podestá, Elke U. Weber, Carlos Laciana, Federico Bert, and
David Letson present a promising illustration of the use of behavioral analysis
in prescriptive modeling. The application under consideration is agricultural
production in the Argentine pampas region. At issue is the allocation of land
for different crops in the region, where the goals to be maximized by the
farmers are modeled by expected utility and prospect theories. The authors
demonstrate that the optimal actions for landowners and tenants can differ
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significantly according to the objective being modeled and the parameters
used for the objective.

Part Two of this book examines innovations in behavioral model analysis;
particularly with respect to mathematical analyses of models. Neil Bearden
and Terry Connolly consider a decision maker who is restricted to analyzing
sequential decision problems via “satisficing,” which is a type of threshold-
based decision making that many humans employ in complex scenarios. The
chapter indicates that humans who exhibit satisficing behavior in the best
possible manner can often perform well in the sense that their decisions are
near-optimal. This result is in contradiction to the faulty conventional wisdom
that satisficing decision makers are inherently significantly suboptimal.

Decision makers are also known to exhibit nonintuitive behavior regarding
the transitivity of preference among options. Michel Regenwetter and Clintin
P. Davis-Stober examine complex mathematical models that better explain
the transitivity (and intransitivity) of preferences. The authors pay partic-
ular attention to resolving the difficulties encountered by examining logical
transitivity axioms by experimental choice data.

Ling Rothrock and Jing Yin summarize an analysis of Brunswik’s lens
model for compensatory and noncompensatory decision-making behaviors.
The authors discuss a traditional lens model for compensatory behaviors and
a rule-based variation for noncompensatory decision making.

The classical prisoners’ dilemma and battle of sexes games receive a new
analysis from a game theoretical/simulation perspective. Jijun Zhao, Ferenc
Szidarovszky, and Miklos N. Szilagyi examine the influence of multiple agents
acting according to various profiles in these games, taking into account media
influences. Their agent-based simulation approach leads to insights regarding
the impact of individual agent personality on overall societal behavior under
these games.

Part Three of this volume offers new innovations in descriptive behav-
ior models. David H. Krantz, Nicole Peterson, Poonam Arora, Kerry Milch,
and Ben Orlove observe that contemporary models that do not account for
the presence of “social goals” cannot accurately model certain observed be-
havioral phenomena. The authors establish the importance of social goals as
an element of rational decision making. The authors identify environmental
decision-making problems as a key application in which social goals are a sig-
nificant decision component, an assertion further supported by the Podestá
et al. study developed in Part One.

Manel Baucells and Rakesh K. Sarin examine the behavioral character-
istics that explain why more money does not in practice reliably buy more
happiness. The authors assert that “projection bias,” which is the tendency of
people to project into the future their current reference levels, causes people
to overestimate the value of additional money and misallocate their budgets.

Biases are also identified by Eric D. Smith, Massimo Piatelli-Palmarini,
and A. Terry Bahill, as a primary reason why people tend to reject trade-
off studies. The authors demonstrate that tradeoff studies are susceptible to
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human cognitive biases and provide examples of biases that produce vari-
ability in decisions made via tradeoff studies. Similar to the purpose of the
Marquard and Robinson paper in Part One, a knowledge of these biases per-
mits decision makers to improve their understanding of, and confidence in,
tradeoff studies.

Part Four of the text focuses on experimental studies in behavioral re-
search. David V. Budescu and Sara Templin examine how humans assess vague
prospects having mixed outcomes; that is, prospects having vague probabili-
ties and a risky outcome that could result in either a gain or a loss (as opposed
to traditional studies that have only varying levels of losses). Prior research
in this area yielded a generalization of prospect theory (PT) for options with
vaguely specified attributes, and the current chapter reinforces these findings
regarding subjects’ tendencies to seek vagueness in the domain of gains but
avoid vagueness in the domain of losses.

Robert L. Goldstone, Michael E. Roberts, Winter Mason, and Todd
Gureckis present a study of collective search behavior from a complex sys-
tems perspective. Their chapter describes an interactive experiment in which
subjects perform real-time collective search in order to achieve a certain goal.
The authors report two different experiments: one a physical resource search-
ing problem, and the other an abstract search problem concerning the dissem-
ination of innovations in social networks. The chapter then explores the group
behavior characteristics observed in these experiments in order to provide a
foundation for future collective search task analysis.

Amnon Rapoport, Tamar Kugler, Subhasish Dugar, and Eyran J. Gisches
examine group behavior arising in traffic networks. It is well known in the
routing literature that selfish routing (each agent choosing its own best path)
results in longer travel times than centralized routing. The Braess paradox
demonstrates that the suboptimality of selfish routing can be observed by
adding a zero-delay link to a network, which exploits agents’ selfish behaviors
to actually increase average travel times. This chapter demonstrates conclu-
sively by laboratory experiments that the Braess paradox is indeed a real
phenomenon, even on relatively simple networks.

Finally, as the last chapters of this book move from simple decisions to
complex decisions, John Saalweachter and Zygmunt Pizlo examine human
decision-making models in solving the traveling salesman problem, which
belongs to the most difficult class of combinatorial optimization problems.
Although the traveling salesman problem is usually studied on a two-dimen-
sional Euclidean surface, the problem becomes even more difficult when obsta-
cles prohibiting some straight-line directions are added to the problem. The
authors show that in their experiments, subjects continue to perform well
in solving the traveling salesman problem in the presence of simple obstacles.
However, when complex obstacles were present, not only did the subjects’ per-
formance decline, but the complexity of their mental mechanisms increased.

The compilation of these chapters provides a basis for understanding sev-
eral state-of-the-art research avenues in the field of descriptive and prescriptive
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decision making. Our hope is that the book inspires further interdisciplinary
research in these areas, and illustrates the benefit of studies that tie together
concepts from the diverse fields represented by the contributions of this book.

Tucson, AZ and Gainesville, FL Tamar Kugler
January 2008 J. Cole Smith

Terry Connolly
Young-Jun Son



Part I

Integrating Decision Analysis and Behavioral
Models



Improving and Measuring the Effectiveness of
Decision Analysis: Linking Decision Analysis
and Behavioral Decision Research

Robert T. Clemen

Fuqua School of Business, Duke University, Durham, NC 27708-1208, USA
clemen@duke.edu

Summary. Although behavioral research and decision analysis began with a close
connection, that connection appears to have diminished over time. This chapter
discusses how to re-establish the connection between the disciplines in two distinct
ways. First, theoretical and empirical results in behavioral research in many cases
provide a basis for crafting improved prescriptive decision analysis methods. Several
productive applications of behavioral results to decision analysis are reviewed, and
suggestions are made for additional areas in which behavioral results can be brought
to bear on decision analysis methods in precise ways. Pursuing behaviorally based
improvements in prescriptive techniques will go a long way toward re-establishing
the link between the two fields.

The second way to reconnect behavioral research and decision analysis involves
the development of new empirical methods for evaluating the effectiveness of pre-
scriptive techniques. New techniques, including behaviorally based ones such as those
proposed above, will undoubtedly be subjected to validation studies as part of the
development process. However, validation studies typically focus on specific aspects
of the decision-making process and do not answer a more fundamental question.
Are the proposed methods effective in helping people achieve their objectives? More
generally, if we use decision analysis techniques, will we do a better job of getting
what we want over the long run than we would if we used some other decision-
making method? In order to answer these questions, we must develop methods that
will allow us to measure the effectiveness of decision-making methods. In our frame-
work, we identify two types of effectiveness. We begin with the idea that individuals
typically make choices based on their own preferences and often before all uncer-
tainties are resolved. A decision-making method is said to be weakly effective if it
leads to choices that can be shown to be preferred (in a way that we make precise)
before consequences are experienced. In contrast, when the decision maker actually
experiences his or her consequences, the question is whether decision analysis helps
individuals do a better job of achieving their objectives in the long run. A decision-
making method that does so is called strongly effective. We propose some methods for
measuring effectiveness, discuss potential research paradigms, and suggest possible
research projects. The chapter concludes with a discussion of the beneficial interplay
between research on specific prescriptive methods and effectiveness studies.
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1 Introduction

Decision analysts are quick to point out the distinction between decision
process and decision outcome, and that even the best decision process can
be derailed by an unlucky outcome (e.g., [8,11,57]). So why should we use
decision analysis (DA) techniques? Typical answers include “gaining insight”
and “being coherent,” but the best reason to use DA would be that doing so
would more likely get us what we want. Are there any results indicating that
this is the case? If an individual or group uses DA, will they be more likely
to get what they want? In the long run, are users of DA healthier, wealthier,
safer, or in general more satisfied with the consequences of their decisions?

Certainly DA can show an individual how to be coherent in making in-
ferences and choices. That is, adherence to DA principles can promise that
your decisions will not be self-contradictory and that the inferences you make
will be consistent with the laws of probability. Thus, DA tells us what one
should do on the basis of logical argument. However, behavioral decision re-
search (BDR) has shown that people do not always make coherent decisions
and internally consistent inferences (e.g., [28,36,38]).

DA and BDR began with rather close ties, with BDR topics arising largely
from questions associated with the appropriateness of subjective expected util-
ity as a descriptive model of human behavior. As such, much of the early BDR
literature looked at empirical questions about how well people could judge
probabilities and the inconsistencies in preference judgments and decisions.
In the late 1960s and early 1970s, it was not uncommon to see experiments
that evaluated DA methods for assessing subjective probabilities or utilities.
However, in reviewing the two literatures over the past 25 years, one comes
away with the sense that BDR and DA have taken somewhat different paths.
BDR has increasingly focused on psychological processes with less emphasis
on helping to improve DA’s prescriptive techniques. On the other hand, al-
though DA learned many important lessons from the early BDR work, much
of current practice ignores recent developments in BDR and still relies on
methods developed in the 1970s and early 1980s. For example, probability
assessment in practice still follows principles laid out by Spetzler and Staël
Von Holstein [67] (e.g., see [39,49,50]).

In very general terms, DA helps decision makers address their decisions
in careful and deliberate ways. Thus, dual-process theories from psychology,
especially Sloman [63] and Kahneman [34], can provide a useful framework.
Many of the behavioral phenomena studies in BDR can be explained as re-
sulting from an intuitive or nonconscious process, which Kahneman [34] calls
System I. DA can be characterized as avoiding System I’s distortions and bi-
ases by careful and conscious deliberation (System II). Put simply, DA works
to get decision makers past System I and into System II.

This chapter has two goals. To begin, we take the position that current
best practices in DA are not always successful in avoiding cognitive biases that
arise from System I, and that a reasonable strategy is to find specific ways to



Effectiveness of Decision Analysis 5

counteract such biases. Thus, our first goal is to show how researchers can use
recently developed psychological models from BDR to develop improved and
prescriptive methods for DA. Our proposal goes beyond general statements
about how awareness of behavioral biases can help decision makers avoid pit-
falls. Instead, an appeal is made to take BDR results and models directly into
the DA domain and to develop precise prescriptive methods that, according
to the proposed theory, should improve judgment and/or decision making in
a specific and systematic way. In Section 2 we briefly review research on prob-
ability and preference assessment, highlighting several recent examples that
have used BDR results as a basis for new DA methods.

Suppose that we are indeed able to develop new prescriptive methods. How
will we know if they work? Although it may be possible to demonstrate in the
lab that a method reduces a particular behavioral effect or bias, the question
remains whether the method, applied in real decision settings, will genuinely
be of value to decision makers. Put another way, the question is whether
specific, BDR-based prescriptive methods will be more effective than current
DA practice or unaided intuitive judgment in getting a decision maker what
he or she wants. Thus, our second goal in the chapter is to describe research
paradigms that could be used to measure the effectiveness of DA methods.
Studies of effectiveness may complement the development of prescriptive DA
methods by highlighting important behavioral questions about why various
methods perform as they do, and behavioral research can in turn suggest
specific ways to improve decision analysis.

In evaluating DA and other decision-making techniques, the basic research
questions are, “Is XYZ decision-making technique effective in getting people
what they want? How does XYZ compare with ABC in terms of effectiveness?”
Answering such questions is somewhat problematic. One cannot, for example,
compare two different alternatives that an individual might have chosen in
a particular decision situation; one person can follow only one path in the
decision tree, and it is impossible to compare what actually happens with
what might have happened under different circumstances.

Measuring the effectiveness of decision-making techniques is a research
problem fraught with challenges. For some of these challenges, satisfactory
approaches are easily identified, but responding to others will require creative
new methods. Nevertheless, comparative studies can be performed using read-
ily available approaches, and we describe some ways researchers can carry out
such studies.

The remainder of this chapter is organized as follows. The next section
delves into the relationship between BDR and DA, with particular attention
to existing examples of a productive relationship and suggestions for other
areas that could yield important improvements in DA methodology. Our re-
view is selective and meant to highlight particular streams of research. In
the following two sections, we turn to the chapter’s second goal of measuring
the effectiveness of DA methods; we define the concepts of strong and weak
effectiveness and describe in some detail a variety of possible studies and a
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general research agenda. The final section concludes with a discussion of the
potential benefits that BDR and DA can gain from the development of specific
prescriptive methods and studies of effectiveness.

2 Using BDR to Improve Prescriptive DA Methods

DA methodology derives from the subjective expected utility paradigm, with
a strong focus on subjective judgment of probabilities and assessment of per-
sonal preferences. Much of BDR has likewise focused on these issues. There
are, of course, many aspects of decision making that fall outside the scope
of subjective expected utility, such as generating alternatives, identifying ob-
jectives to consider, or identifying and modeling relevant risks [24]. DA has
developed methods for dealing with these and other aspects of decision mak-
ing, and BDR has studied some of them. For our purposes in this chapter,
however, we focus on subjective assessment of probabilities and modeling and
assessment associated with value and utility functions.

2.1 Probability Assessment

Early Work

Early work on subjective probability judgments by Kahneman and Tversky
and others (see [36]) emphasized how heuristic judgment processes can lead to
biases. This work was important for the development of standard DA proce-
dures for eliciting subjective probabilities [67]. For example, the anchor-and-
adjust heuristic in particular has played an important role in DA, because
overconfidence is one of the most persistent biases that decision analysts face.
For the assessment of probability distributions for continuous variables, Spet-
zler and Staël Von Holstein advocated pushing experts to reason about sce-
narios that could lead to extreme events and to adjust their probabilities after
such reasoning.

Much of the early behavioral work on probability judgments focused on
calibration of subjective probabilities (see [41]), demonstrating the extent to
which subjective probability judgments did not match the objective frequency
of occurrence of corresponding events. Some efforts were made to find ways
to improve calibration. For example, Staël Von Holstein [68,69] and Schaefer
and Borcherding [60] reported that short and simple training procedures could
improve the calibration of assessed probabilities, although their results did not
show an overwhelming improvement in performance. Fischhoff [17] discussed
debiasing techniques intended to improve the quality of subjective probability
assessments.

More recently, specific lines of inquiry have yielded results that are impor-
tant for DA; we mention two here. The first is from the work of Gigerenzer
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and colleagues [26,27] and includes asking the expert questions that are “eco-
logically consistent” with those typically encountered in his or her domain of
expertise and framing assessment questions in terms of relative frequencies.
Both can substantially improve calibration, but neither is a panacea. By their
very nature, risk assessments often require experts to go beyond their day-to-
day experience (e.g., “What is the probability of a failure of a newly redesigned
system in a nuclear reactor?”). Also, not all assessment tasks can be readily
reframed in frequency terms. Consider the nuclear reactor question. Given an
entirely new system design, how would the analyst describe an equivalence
class for which the expert could make a relative-frequency judgment?

The second is the literature on decomposition of probability judgments,
the process of breaking down an assessment into smaller and presumably more
manageable judgment tasks, making these simpler judgments, and then re-
combining them using the laws of probability to obtain the overall probability
desired. For example, Hora et al. [31] showed that decomposition can improve
assessment performance, and Clemen et al. [10] found similar results in the
context of aggregating expert judgments. Morgan and Henrion [50] reviewed
the empirical support for decomposition in probability judgment.

Recent Directions: Underlying Processes

More recent BDR work on probability judgment has turned to understanding
the processes underlying observed biases. One example is the notion of dual
processing systems. For example, Sloman [63] makes the case for associative
and rule-based reasoning systems and their impact on judgments of uncer-
tainty. Kahneman and Frederick [35] and Kahneman [34] propose “System
I,” the quick, intuitive processing system, and “System II,” the deliberative
reasoning system. They argue that when an individual makes a probabilistic
judgment, the process begins in System I, which is subject to a variety of
nonconscious effects, one of which is the substitution of features of an object
for the characteristic being judged. For example, when asked for a probability
judgment, an individual may use availability, representativeness, or affect as
substitutes for genuine (and more deliberative) judgments of likelihood.

Another example that emphasizes psychological process is the affect
heuristic (e.g., [65]), whereby an individual makes judgments based on his
affective response to the stimulus. The affect heuristic applies to both proba-
bility and preference judgments; Slovic et al. discuss the underpinnings of this
heuristic, including how it ties into the fundamental workings of memory and
emotion.

A third example is support theory [58,72], which provides a theoretical
framework for understanding the psychological process by which an individ-
ual generates probability statements. An important feature of support theory
is the support function, a modeling construct that represents how an individ-
ual summarizes the recruited evidence in favor of a hypothesis (a particular
description of a possible event). The notation s(A) is used to represent the
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support for hypothesis A; that is, it represents the individual’s evaluation re-
garding the strength of evidence in favor of A. According to support theory,
s(A) is not description invariant ; different descriptions of the same event do
not necessarily carry the same support. For example, suppose A is “precipita-
tion tomorrow,” which can be decomposed into “rain or frozen precipitation
tomorrow.” Although the two descriptions are meant to designate the same
event, support theory contends that s(precipitation tomorrow) may not be
equal to s(rain or frozen precipitation tomorrow). In fact, support theory typ-
ically assumes that describing an event A as a union of disjoint events (A1

or A2) increases support and the sum of the support for disjoint events is
typically larger than the support of the union of those events. In symbols,

s(A) ≤ s(A1 or A2) ≤ s(A1) + s(A2) .

In turn, differences in support due to different descriptions can lead to different
stated probabilities for the same event A, depending on how A is described.
Fox and Tversky [23] argue that this process is separate from and prior to
the decision-making stage when an individual must make a decision under
uncertainty.

More recently, Fox and his colleagues [21,22,62] show that judgments of
probabilities are subject to a bias they call partition dependence. For exam-
ple, when experimental participants were asked to assess the probability that
the NASDAQ stock index would close in particular intervals, the assessed
probabilities depended strongly on the specific intervals that were specified.
Fox and colleagues argue that partition dependence stems from a heuristic
in which the individual begins with a default prior probability distribution
that assigns equal likelihood to each element in the state space; they dub
this default distribution the ignorance prior. Because individuals tend not to
adjust the ignorance prior sufficiently to account for their information, the
result is that judged probabilities can depend strongly on how the state space
is partitioned in the first place.

In their conclusion, Fox and Clemen [21] connect the idea of partition
dependence and the ignorance prior to standard DA practices in probability
assessment. They argue that probability assessment occurs in three separate
stages, and that different biases are likely to operate in different stages. In
particular, they argue that standard DA practice is well suited to reducing
biases that occur in the first and second stages (interpretation of categories
and assessment of support). For example, working with experts to define and
elaborate the interpretation of each event to be judged can reduce effects due
to ambiguity, and in the assessment of support the analyst can encourage an
expert to fully articulate her reasoning to reduce the effects such as availability
or representativeness. However, biases in the third stage, mapping of support
into stated probabilities, include the tendency to anchor on the ignorance
prior. Fox and Clemen argue that this bias may resist correction because it
is not particularly amenable to conscious reflection. They suggest a number
of ways in which the analyst can work with the expert to minimize partition
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dependence, including the use of multiple partitions for use in the assessment
process.

Fox and Clemen [21] make an explicit connection between their behavioral
results and DA practice, however, Clemen and Ulu [13] take this connection
one step further. Building on the idea of partition dependence, they construct
a model of the probability judgment process that is consistent with a number
of known properties of subjective probabilities, including partition dependence
as well as binary complementarity and subadditivity (e.g., [72]). In addition,
they show that their model is consistent with interior additivity, a property
observed by Wu and Gonzalez [78]. In one of their experiments, they observed
that they could calculate the revealed or “indirect” probability of event A
as P ′(A) = P (A ∪ B) − P (B) for a variety of specifications of the auxiliary
event B, and their various calculations of P ′(A) tended to be highly consis-
tent. Furthermore, an individual’s direct assessment of P (A) tended to differ
substantially from the indirect probabilities P ′(A).

Clemen and Ulu [13] present empirical evidence in support of their model.
More importantly for our purposes, they show that indirect probabilities, after
being normalized to sum to one across the state space, are not biased by
the ignorance prior (according to their model) and hence should not display
partition dependence. Their empirical results, although preliminary, support
this contention. Thus, Clemen and Ulu suggest that decision analysts can use
normalized indirect probabilities as a way to counteract partition dependence.

Although early empirical BDR work was able to provide good general
guidance to decision analysts, Clemen and Ulu’s work shows that it is possible
to build on psychological theory to develop a precise prescriptive procedure for
DA. Whether the use of normalized indirect probabilities genuinely improves
on standard practice will no doubt be the subject of future empirical studies.

2.2 Understanding and Assessing Preferences

Assessing Utility Functions for Risky Choices

Much of the work on preferences under risk has focused on the extent to which
expressed preferences for lotteries are internally consistent, as exemplified by
the Allais paradox [1,2] or Tversky and Kahneman’s [70] work on framing.
An especially relevant early example is the phenomenon of preference reversal
as described by Lichtenstein and Slovic [42]. Stated preferences may reverse
depending on response mode (choosing between two risky alternatives ver-
sus specifying a value, typically a probability that makes the two alternatives
equally preferable). The result is robust, having been demonstrated in many
different domains and different forms. This result was then and continues to
be important for DA practice, because it shows that preference elicitation
methods that are equivalent under subjective expected utility do not neces-
sarily yield consistent responses. Ordóñez et al. [53] reviewed the preference



10 Robert T. Clemen

reversal literature and also studied whether preference reversals can be re-
duced by “debiasing” [17]. Having subjects perform the two assessment tasks
simultaneously yielded little improvement but providing financial incentives
for consistency, however, did reduce the reversal rate. Moreover, their results
are consistent with the notion that the simultaneous judgment tasks, in the
presence of adequate financial incentives, can lead to a merging of the prefer-
ence patterns displayed in the different tasks.

Hershey et al. [30] discussed biases induced by different preference-elici-
tation approaches in spite of their formal equivalence. One such bias is the
certainty effect [70], whereby individuals tend to overweight certain or nearly
certain outcomes. Understanding the certainty effect is important for DA, be-
cause standard methods for assessing utility functions under risk use reference
lotteries that compare a risky lottery to a sure outcome. In order to account
for the certainty effect, McCord and de Neufville [48] propose an assessment
method in which the individual compares two lotteries. Wakker and Deneffe
[76] took this idea one step further with their tradeoff method, in which the in-
dividual compares two 2-outcome lotteries at a time, each involving the same
probabilities of winning and losing. The individual’s task is to specify one of
the four outcomes (xi) so that she is indifferent between the two lotteries. The
assessed value is then used to construct the next pair of lotteries, the assessed
value (xi+1) from which leads to the next lottery, and so on. Given the way
in which the lotteries are constructed, it is possible to show that the assessed
values x1, . . . , xn are equally spaced in terms of their utility values. Moreover,
the tradeoff method works for assessing utility functions under uncertainty or
for assessing value functions in nonexpected utility models.

Wakker and Deneffe’s [76] tradeoff method is a good example of a spe-
cific DA method that was developed to account for a particular behavioral
phenomenon. Another example comes from Bleichrodt et al. [6], who, like
Clemen and Ulu [13], develop a prescriptive method on the basis of a specific
behavioral model. Bleichrodt et al. argue that utility assessments are system-
atically biased in terms of loss aversion and probability weighting as specified
by prospect theory [37,71] regardless of the particular assessment method
used. They further show how to use the prospect theory model to remove the
bias. Doing so, of course, requires estimating the model parameters. Although
ideally one would estimate parameters for the particular individual making
the assessment, the authors find that even using the aggregate estimates from
Tversky and Kahneman [71] can improve consistency across different utility
assessment methods.

Assessing Multiattribute Preferences

Although many different biases have been identified in the DR literature on
multiattribute assessment, we focus here on two key issues: the scale compat-
ibility and attribute splitting effects.

Slovic et al. [66] define the scale compatibility effect as a bias that oc-
curs when an attribute’s weight is enhanced because the scale on which that
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attribute is measured is compatible with (or easily commensurable with) the
scale of the response mode. For example, suppose a decision maker must
judge weights for several attributes, some of which are naturally represented
by dollars (e.g., profits, cost, or taxes) and some that are not (e.g., lives lost
or environmental damage). A typical assessment method requires the decision
maker to “price out” the various alternatives, or to identify an amount of each
attribute that is consistent with a particular dollar value. Such an approach
is relatively common, for example, in contingent valuation methods. However,
due to the scale compatibility effect, those attributes that are already in dol-
lar terms or can be easily converted to dollars will tend to be overweighted,
whereas those that are not readily represented in dollar terms will tend to
be underweighted. Tversky et al. [74] proposed scale compatibility as a key
explanation of preference reversals.

If the scale compatibility effect stems from choosing a particular attribute
to be the numeraire in judging weights, then a reasonable approach is not to
identify a single attribute. This is the approach taken by Delquié [14], who pro-
poses bidimensional matching as a prescriptive assessment method. Instead of
changing only one attribute in order to identify a preferentially equivalent op-
tion, Delquié suggest changing two attributes at once. The two attributes are
varied in a systematic way until indifference is found. Delquié’s experiments
show that this approach does reduce the scale compatibility effect.

Anderson and Hobbs [3] take a different approach. They develop a model
in which the scale compatibility effect is represented by a bias parameter in the
model. Using Bayesian statistical methods, they show that one can use a set of
tradeoff assessments to derive a posterior distribution for the bias parameter
and for the individual’s weights. Thus, Anderson and Hobbs’s approach is
similar to that of Clemen and Ulu [13] and Bleichrodt et al. [6] in processing
an individual’s judgments ex post in order to adjust for anticipated biases.

Another behavioral issue in assessing multiattribute weights is the at-
tribute splitting effect [77]. The attribute splitting effect has to do with how
attributes are structured in a hierarchy. For example, consider the two hier-
archies shown in Figure 1. The task would be to assess global weights wA,
wB , and wC for attributes A, B, and C, respectively. In the left-hand panel,
the decision maker would judge these three weights directly. In the right-hand
panel, the assessment is broken down. The decision maker judges the local
weights vA and vA′ for A and A′ separately from the local weights vB and
vC for B and C. Combining the local weights to obtain the global weights, we
have wA? = vA, wB? = vA′vB , and wC? = vA′vC . The problem arises from
the fact that wA? obtained using the two-level hierarchy tends to be greater
than wA obtained from the one-level hierarchy. The attribute splitting effect is
especially problematic for decision analysts, because any value hierarchy with
more than two attributes can be represented in multiple ways (and hence may
lead to different weights), and there is no canonical representation.

The attribute splitting effect is similar to the ignorance prior effect dis-
cussed above [21,22,62]. A reasonable hypothesis might be that individuals



12 Robert T. Clemen

Fig. 1. Two value trees for assessing weights for attributes A, B, and C.

begin with equal weights for attributes at the same level in the hierarchy,
but then adjust insufficiently. Starting from this premise, Jacobi and Hobbs
[33] offer four possible models to account for attribute splitting. They test
their four models in the context of an electrical utility firm evaluating envi-
ronmental and economic attributes of alternative plans to expand generation
capacity. The model that performs the best is similar to Clemen and Ulu’s
[13] linear model of probability judgment: a weighted linear combination of a
default weight (equal for all attributes at the same level of the hierarchy) and
the decision-makers’ “true” weight performs the best by a variety of measures.
Thus, like Clemen and Ulu [13], Bleichrodt et al. [6], and Anderson and Hobbs
[3], Jacobi and Hobbs [33] take the approach of adjusting the decision-maker’s
judgments ex post to account for the attribute splitting bias.

Constructed Preferences, Emotions, and DA

Although ex post adjustment of assessed weights makes some sense as a way
to correct for the attribute splitting effect, it is not clear that this is the most
appropriate way to frame the problem. An alternative is to think about the
effect as a result of the individual’s process of constructing a response to the
assessment question or, more fundamentally, from constructing preferences
themselves in a situation where the issues, attributes, and tradeoffs are un-
familiar and poorly understood. In such a situation, clear preferences may
not be readily articulated and may require careful thinking. The problem, of
course, is that the way in which the assessment questions are asked can di-
rect that thinking in particular ways that may affect the eventual preference
judgments.

Other judgmental phenomena can be viewed in terms of constructed pref-
erences [54,64]. One particularly intriguing example is the role that emotions
play in decision making. We mentioned the affect heuristic [65] in the context
of probability judgment, but affect plays perhaps a larger role in preference
assessment. For example, Loewenstein et al. [43] characterize how individuals
respond emotionally to risky situations, and how such responses can have an
impact on both judgments and decisions, and Luce et al. [44] show that neg-
ative emotion can arise from thinking about tradeoffs in decisions, and that
the emotion can affect decisions. Hsee and Rottenstreich [32] show that when
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feelings predominate, judgments of value tend to reflect only the presence or
absence of a stimulus, whereas when deliberation predominates, judgments
reflect sensitivity to scope of the stimulus.

Exploring the interplay between emotions and decision making leads to
deep psychological issues. Although the literature in this area is vast, we offer
two examples that relate affect and cognitive functioning. First, in studying
self-regulation, Baumeister and his colleagues have found that self-regulation,
which includes suppressing one’s emotions, generally appears to consume some
of the brain’s executive resources [5,51] and can lead to reduced cognitive
functioning [61]. Second, Ashby et al. [4] observe that positive affect generally
improves cognitive functioning, and they offer a neurochemical explanation.
Positive affect is associated with increased levels of dopamine, which in turn
has been shown to be associated with various aspects of cognitive function,
including improved creative problem solving and cognitive flexibility. If such
effects are occurring at the general level of cognitive functioning, it seems
evident that emotions, positive or negative, and having to cope with those
emotions in a complex decision situation can have substantial impacts on an
individual’s ability to think deliberately about tradeoffs. By extension, in a
situation where preferences are not well articulated, emotions could have a
profound effect on preference construction.

Is it possible to develop prescriptive DA methods that respond to the
issues raised by the constructed-preference view? Although the idea of con-
structed preferences has been known to decision analysts for some time (e.g.,
[16,75]), no specific methodology has been proposed. If anything, the argu-
ment has become circular. For example, Gregory et al. [29] critique the contin-
gent valuation methodology, adopting a constructive-preferences view. As a
replacement for contingent valuation, they recommend multiattribute utility
analysis, a mainstay of DA methods, arguing that the decomposition approach
of multiattribute utility can help individuals think deliberately through com-
plex and unfamiliar tradeoffs. Likewise, Payne et al. [55] appeal to many DA
techniques, including multiattribute utility assessment, in describing a “build-
ing code” for constructed preferences. As we have seen above, however, even
standard DA methods can affect the way in which preferences are constructed
and expressed.

For the time being, finding good prescriptive ways to manage the con-
struction of preferences appears to put BDR and DA at an impasse. Before
continuing to an equally difficult topic, measuring the effectiveness of DA
methods, we look for hopeful signs. Both behavioral researchers and decision
analysts have a growing understanding of constructed preferences. That un-
derstanding is undoubtedly the first step. And if DA methods are viewed as
a basis for avoiding many of the pitfalls in constructed preferences, it may be
time for behavioral researchers and decision analysts to find productive ways
to collaborate on this problem.
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3 What Does “Effectiveness Mean?

3.1 Strong and Weak Effectiveness

The simple answer to the question, “What does effectiveness mean?” is that
DA and other decision-making techniques are effective to the extent that they
help us achieve what we want to achieve. Thus, we must measure the quality
of the consequences we get—in terms of what we want—as a function of the
decision-making method used. This perspective is consequentialist; that is, it
embodies the notion that the ultimate value of expending effort on decision
making is because doing so can help one to obtain preferred consequences [24].
In particular, a consequentialist perspective does not include any value that
might be obtained from the decision-making process itself.

In the spirit of Keeney [40], we assume that it is possible to identify a
decision-maker’s objectives at the time of a decision. Measuring effectiveness
then requires measuring achievement of these objectives. If a decision method
tends to lead to consequences that represent a high level of achievement of the
decision objectives, we say that the method is strongly effective. In contrast,
if a method tends to generate choices that informed judges generally view
as preferable at the time the action is taken, then we say that the method
is weakly effective. Although weak effectiveness may appear to be trivial (of
course the decision maker must prefer the chosen alternative!), it is not when
viewed more broadly. Showing weak effectiveness may be accomplished by
showing that alternatives chosen by decision makers using a particular tech-
nique are judged to be preferred, or even dominant, when compared to alter-
natives chosen by other methods. The judgment of alternatives is made ex
ante (i.e., in the context of making the decision before experiencing the conse-
quence) by an appropriate sample of individuals. We expand on this approach
below and make precise what we mean by “an appropriate sample of individ-
uals” and how we can use their judgments to measure weak effectiveness.

Does strong effectiveness imply weak effectiveness? It is certainly tempting
to answer in the affirmative; if a technique produces alternatives that in turn
lead to preferred consequences, would it not be the case that the decision
makers would have evaluated those alternatives as having greater expected
utility? Unfortunately, no compelling reason exists to believe this would be
the case. In fact, one can imagine that a prescriptive technique could mislead a
decision maker into thinking that the recommended alternative dominates all
others, although the consequence eventually obtained from the recommended
alternative would be inferior compared to the consequences from other alter-
natives. The issue here is not only the distinction between decision utility and
experience utility in a specific decision situation, but also the extent to which
a decision method itself can lead to a discrepancy between the two.
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3.2 Elements of Value

Saying that a technique is effective when it helps one to achieve his objec-
tives to a greater degree begs the question of what those objectives might be.
Keeney [40] describes the process of identifying one’s objectives for decision-
making purposes. Although we can legitimately expect different decision mak-
ers to have their own objectives in specific contexts, some basic classes of
objectives may be common to certain types of decision-making units. Table
1 lists some generic objectives that may be of interest to individuals, small
groups, corporations, or public-policy organizations. In what follows, we use
the term “decision maker” to refer to the decision-making unit, regardless of
whether that unit consists of one or more individuals.

The objectives in Table 1 are intended to be representative, not exhaustive.
These objectives describe typical reasons why the decision maker cares about
any decisions within its purview. For the individual, we might characterize the
objectives as “why we live.” In contrast, a small interest group’s objectives
can be said to represent “why we join” voluntarily with others in common
endeavors. The objectives of policy makers include notions of fairness, effi-
ciency, and the management of externalities; we might call these objectives
“why we govern,” and the corporation’s objectives could be described as “why
we engage in economic activity.”

Table 1 provides guidance as to what sort of objectives must be measured
in order to determine effectiveness. Although specific decision contexts may
have specific objectives, that objective is probably related to one of the ob-
jectives in Table 1. For example, maximize starting salary in the context of
an individual’s job search is related to a wealth objective. Knowing what to
measure to determine effectiveness is crucial; we want to be sure that we are
concerned with the extent to which the decision maker’s lot is improved, ac-
cording to his or her perspective, by using one specific decision method or
another.

Table 1. Typical objectives of different decision makers.

• Individual: Health, wealth, safety, wisdom, love, respect, prestige
• Small Interest Group: Impact on community, influence, social standing, cama-

raderie, goals specific to group’s mission
• Public Policy Maker: Efficient use or allocation of resources, productivity, envi-

ronmental quality, safety, health, fair decision processes and outcomes
• Corporation: Profit, market share, stock price (wealth), sales, lower costs, worker

satisfaction

Often, adequate measures can be found using standard DA techniques [40],
and measures for many of the objectives listed in Table 1 may be found in this
way. However, measuring achievement of some objectives may be straightfor-
ward whereas others are quite difficult. For example, measuring overall health
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of a group of constituents may be achieved using standard epidemiological
survey methods, likewise, wealth as measured in the relevant currency in prin-
ciple, although there is the typical problem of obtaining truthful responses to
questions about private matters. How does one measure wisdom, though, or
respect? For a small group, how does one measure its impact? In policy mak-
ing, fairness depends on perceptions of the distribution of outcomes as well
as the process which led to the allocation. Boiney [7] and Fishburn and Sarin
[18,19] provide decision-theoretic procedures for evaluating fairness of allo-
cations (including risky allocations) using the concept of envy among stake-
holders. Measuring fairness of process is somewhat more problematic, but not
impossible. For example, stakeholders who have a “voice” in a public-policy
decision often perceive the process to be fairer than those who have no voice
in the decision (e.g., [20]). Thus, one possibility for measuring process fairness
would be to measure the extent to which stakeholders are given a voice in
a decision (and the extent to which the stakeholders perceive themselves as
having a voice).

Aside from the objectives listed in Table 1, it is also possible for a decision
maker or organization to obtain value from the decision-making process itself.
For example, an individual may enjoy the process of discovering her values,
or may gain useful experience that can be applied to similar problems later.
In an organization, improved communication among workers and heightened
commitment to a path of action can result from decision making [12]. Although
we acknowledge the importance of value that derives from the process itself,
in this chapter we focus on consequence-oriented objectives such as those in
Table 1 rather than process-oriented objectives.

4 Measuring Effectiveness

Virtually no research has been done that compares DA with other decision-
making techniques in terms of strong effectiveness. Relatively little work has
been done to show weak effectiveness. As mentioned above, much of the early
work on behavioral decision was motivated by expected utility and implicitly
asked whether DA techniques that stem directly from expected utility theory
(e.g., probability and utility assessment) were weakly effective in the narrow
sense of being able to provide accurate models of a decision-maker’s prefer-
ences or beliefs about uncertainty. However, as argued by Frisch and Clemen
[24], many elements of decision making fall outside the expected utility para-
digm per se. For example, expected utility theory sheds little light on how to
identify one’s objectives or how to find new alternatives.

In this section, we have two goals. First, we describe some research par-
adigms that might be used to measure the effectiveness of DA and other
decision-making methods. Second, we give examples of specific effectiveness
studies.
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4.1 Measuring Strong Effectiveness

Longitudinal Studies

Studies of strong effectiveness must ultimately embrace the challenge of lon-
gitudinal studies. In most important decisions for individuals, small interest
groups, corporations, or public-policy decision makers, consequences are ex-
perienced over time. Thus, one obvious way to measure effectiveness is to
recruit participants, subject them to manipulations regarding the use of par-
ticular decision-making methods, and to track over time the extent to which
identified objectives are achieved.

Aside from the complicated logistics of tracking a group of mobile indi-
viduals over long time spans (and of maintaining long-term funding for doing
so), an important issue is identifying an appropriate decision situation and an
adequate sample of participants who face that situation. For example, con-
sider college graduates making decisions about careers. At a large school with
a strong alumni program, it may be possible to keep track of individuals who
have gone through a particular manipulation as part of making career choices.
In modeling multiattribute preferences for jobs or careers, for instance, their
judgments may be taken at face value or adjusted for scale compatibility ef-
fects as discussed above [3]. Another example might be upcoming retirees for
a large corporation; as employees approach retirement, it may be possible
to recruit some individuals as participants in a study that manipulates de-
cision techniques for retirement planning. In this case, one might study the
effectiveness of Bleichrodt et al.’s [6] approach for assessing risk-averse utility
functions, which are then used for making portfolio allocation decisions. A
third group might be entrepreneurs, segregated into subgroups according to
decision methods used. For entrepreneurs, appropriate objectives to measure
may include number of profitable ventures launched, capital attracted from
outside investors, or total return on investment over a specified period of time.
Here, one could imagine testing different methods for counteracting partition
dependence in the entrepreneurs’ probability judgments, using methods sug-
gested in Fox and Clemen [21] or Clemen and Ulu [13].

One area that seems particularly apt for longitudinal studies is the medical
arena. What are needed are clinical trials of decision-making methods; patients
with the same condition and treatment options could be randomized into
different groups in which individual decisions would be made based on different
methods. The study would follow the progress of the patients and compare
their conditions after specified periods of time depending on the particular
condition being treated. The results would compare the effectiveness of the
different decision methods under investigation. Some related work has been
done. For example, Clancy et al. [9] and Protheroe et al. [56] showed that
using decision analysis can influence individual medical decisions (screening
or vaccinating for Hepatitis B in the former, treatment of atrial fibrillation
in the latter). However, in neither case were patients followed in order to
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track their health outcomes. Fryback and Thornbury [25] showed that the use
of decision analysis, even informally, can affect physicians’ diagnoses when
evaluating radiological evidence of renal lesions. Their results showed that the
DA-based diagnoses tended to be more accurate. The study was retrospective;
the physicians examined existing patient records for which the actual outcome
was known (but not to the physicians in the study). Thus, the use of DA should
improve the expected outcome for a renal lesion patient. A genuine clinical
trial as described above would be needed to confirm this conclusion.

Simulation Studies. The logistic difficulties of real-time longitudinal stud-
ies and clinical trials reduce their attractiveness as research methods. Simula-
tions may provide a suitable alternative. Corporate and industry simulations,
for example, are common fare in business curricula; similar games that would
be amenable to manipulations in decision-making techniques could provide a
testbed for the effectiveness of those techniques. Such games would have at
least two advantages: the time dimension is highly compressed, and the envi-
ronment (including in part the objectives of the participants) can be tightly
controlled. Games could be designed around individual decisions, corporate
strategy, or public policy; the main necessary ingredients are realistic deci-
sion situations and outcomes, along with appropriate incentives to engage the
participants in the exercise. An example might be a game that requires par-
ticipants to make a series of marketing strategy decisions for their simulated
“firms,” which interact as members of an industry. Different groups could use
specific techniques (e.g., a particular computer decision aid versus generic use
of DA modeling methods, including decision trees, Monte Carlo simulation,
and optimization). A control group having no specific training or decision-
making instructions would provide a benchmark. Each group’s results would
be measured in terms of the objectives specified in the game and could be
compared across groups.

4.2 Measuring Weak Effectiveness

Comparing Expected Values

In contrast to strong effectiveness, studies of weak effectiveness need not be
designed to track outcomes and consequences over time. The simplest ap-
proach, exemplified by Clemen and Kwit [12], is to compare the expected
values of alternatives that are analyzed in a series of decisions. Clemen and
Kwit make the comparison by calculating the difference between the expected
value of the chosen alternative and the average of the other expected values
for the other alternatives analyzed. If it is possible to document the strat-
egy that would have been taken without the analysis (sometimes called the
“momentum strategy”), then one can calculate the difference between the ex-
pected value of the chosen strategy and the expected value of the momentum
strategy.
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Regardless of the specific metric used, this approach requires substan-
tial record keeping in a consistent way over many decision-making projects.
Results that document positive value of the analysis indicate “bottom line”
value added, but do not necessarily document value obtained in other ways.
For example, if an organization has an objective of improving communica-
tion across functional areas, consistently using DA on projects that cut across
such areas may help achieve this objective by imposing a common language
for discussing decisions. However, such value is not likely to be documented
in the calculation of incremental expected value added by DA.

Panel Preferences

Because it is not always possible to capture all aspects of value in a bottom-line
analysis, we broaden the question to ask whether the alternatives generated by
a particular decision-making method are viewed as preferable. To operational-
ize this notion, we propose using a panel of judges. Because we are concerned
here with the notion of decision utility, it would be natural to have a panel
of judges (e.g., individuals sampled from the same population as the original
decision makers) express their preferences for those alternatives. These prefer-
ences could be based on holistic judgments, full-fledged preference models, or
something in between. Holistic judgments would appear to be unsatisfactory;
the decomposition approach of DA as well as other formal decision-making
methods challenges the view that holistic judgments adequately capture an
individual’s preferences. On the other hand, forcing an individual into a spe-
cific preference model requires selection of a particular structure and possibly
a particular modeling or assessment technique. Thus, it would appear that
some in-between approach is needed, one that requires the judge to make
relatively easy assessments regarding the candidate alternatives.

As one possible method, consider the problem of comparing multiattribute
alternatives. We can ask each member of a panel of judges to rate each alter-
native on a set of relevant attributes. With data of this nature, the researcher
can explore all of the dimensions of preference. The strongest result would be
to show that a particular decision-making technique tends to generate a high
proportion of dominant or efficient alternatives. A dominated alternative is
one for which another alternative can be found that improves on all of the
attributes. The set of nondominated alternatives is often called the efficient
frontier, because if one member of this set is chosen, it is not possible to switch
to another without reducing achievement of at least one objective. In order
to operationalize this approach, we need a way to measure an alternative’s
efficiency, its closeness to the efficient frontier.

Figure 2 presents an analytical example for measuring the relative effi-
ciency of a set of alternatives evaluated on two attributes. A decision maker
has identified two attributes, X and Y , that are important in evaluating the
alternatives and has in fact rated alternatives A, B, and C in terms of X and
Y using functions U(x) and V (y). From the graph it is clear that C is domi-
nated by A and that neither A nor B is dominated. Because A and B are both
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on the efficient frontier with respect to this particular set of alternatives, we
will set their efficiency measures EA and EB to 100%. We desire a measure
that yields a value of less than 100% for EC .

Assuming an additive value function, C lies on an indifference curve defined
by aU(x)+ (1− a)V (y) = t, where a and (1− a) can be thought of as weights
in a two-attribute additive utility function. Using the same a, the greatest
utility achievable is t?, represented by the line segment AB, parallel to the
indifference curve through C. Thus, we can define EC to be the ratio t/t?.
This is equivalent to calculating the ratio of the distance DC to the distance
DE in Figure 2.

Fig. 2. Measuring the relative efficiency of an alternative. Assuming an additive
utility function, alternative C lies on an indifference curve having utility t. A measure
of efficiency for C relative to the alternatives included in the evaluation set is EC =
t/t?. Using the same logic, the efficiency measures for A and B would each be 100%.

We can improve this measure of efficiency slightly. Note that we could have
used any of the line segments on the efficient frontier. Each one corresponds to
a different set of weights for the additive utility function. To make C appear in
the best light possible, we choose the efficient frontier segment that maximizes
the ratio t/t?. Mathematically, suppose we have a set A of alternatives, and
we wish to calculate the efficiency score Ei for alternative Ai ∈ A, where Ai

has attribute values xi for attribute X and yi for attribute Y . We define Ei

to be

Ei = max
a

[
aU(xi) + (1− a)V (yi)

supAj∈A [aU(xj) + (1− a)V (yj)]

]
.

For a particular a, the numerator inside the brackets calculates the utility t for
Ai, and the denominator finds the largest possible utility t? over all elements
of A. The maximization finds the values for a that maximize the ratio t/t?


