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Abstract

We survey techniques and current research on the task of dynam-
ically constructing decision models from expressive knowledge bases.

1 Decision Models and Decision Support Sys-

tems

Normative theories of decision making provide an appealing starting point for
the design of decision support systems (DSSs). By definition, a normative
theory attempts to prescribe the ideal performance of some activity. For
systems that produce decisions, a normative theory of decision making defines
a behavioral standard of evaluation, and supplies an analytical framework for
characterizing performance.

Although DSSs need not produce decisions directly, they are often de-
signed to supply recommendations or hypothetical decisions for specified sit-
uations. As a foundation for modeling and computing such decisions, devel-
opers of DSSs have often turned to normative theories. Among the variety
of analytical theories from statistics and operations research that have found
application in DSSs, the most widespread normative approach to decision-
making per se is Bayesian decision theory.

The central elements of Bayesian decision theory are:

1. a set of available acts,

2. a set of possible outcomes of acts,
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3. a conditional probability distribution specifying the probability of each
possible outcome given each available act, and

4. a preference order ranking the possible outcome distributions according
to desirability.

The decision task in this basic setup is to select an act from those available.
Given the fundamental axioms of decision theory (properties of the prefer-
ence order and probability),1 there exists a real-valued utility function over
outcomes such that the preferred act is that maximizing expected utility. In
other words, the preference order over distributions can be represented by a
function of outcomes alone. The utility of an uncertain act’s result is sim-
ply the average utility of its possible outcomes, weighted by their respective
probabilities given the act.

The most straightforward way to apply this theory in a DSS is to con-
struct a representation of the decision situation directly in terms of these
basic elements. Such a representation, called a decision model , includes spe-
cific constructs denoting acts, outcomes, probability distributions, and utility
functions. The DSS determines a decision or recommendation by evaluating

the model: calculating the expected utility corresponding to each alternative
act and choosing the greatest value.

Following the emergence of Bayesian decision theory and the advent of
computers, researchers have developed a substantial methodology—called
decision analysis—concerning the assessment, evaluation, and analysis of
decision models. Techniques from decision analysis have refined the basic
elements of decision theory, facilitating the specification and evaluation of
decision models. For example, decision trees [16] provide additional struc-
ture on the decision situation by factoring the act and outcome spaces into
sequences of more primitive actions and events. Similarly, research on the
form of utility functions and their properties [9] has enhanced the basic toolkit
of the decision modeler.

The relatively recent development of graphical probabilistic dependency
models has dramatically increased interest in decision modeling, particularly
within the artificial intelligence and uncertain reasoning communities. Like

1For the classic exposition, see Savage [17]. Recent discussions have also appeared in
this journal [5, 11].
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decision trees, probabilistic networks2 express outcomes in terms of combi-
nations of primitive events. In addition, the graphical structure of these
models captures the dependency structure among the events [15], enabling
the modeler to exploit conditional independence to reduce specification and
computation. Because the representation can express a broad class of de-
pendency structures, the modeler need not impose unrealistic system-wide
independence assumptions just to achieve a hope of tractability.

Example?

Decision analysts faced with a particular, one-shot decision problem at-
tempt to build a model corresponding to the given problem. An ideal,
custom-crafted model would reflect all and only the factors relevant to the
problem at hand, and faithfully describe the situation in these terms. On
evaluating such a model, the analyst can offer recommendations to the deci-
sion maker based on the model’s decision-theoretic implications.

However, this approach to decision modeling is not directly applicable to
decision support, where the system must consult on a range of situations.
Because a particular, completely specified decision model represents the in-
formation relevant to a unique decision situation, its implications are strictly
limited to that situation. Therefore, a system designed to evaluate a partic-
ular decision model would be useful only to users facing identical decision
situations, and hence would be worthwhile only for the commonest or most
important of decisions.

An obvious extension—embodied by virtually all DSSs based on decision
models—is to parameterize the model to cover a family of related decision
situations. Figure 1 depicts the schematic architecture of a DSS based on
a parameterized decision model. In this architecture, the user describes a
particular situation in terms of the parametric interface, and the system
evaluates the decision model with those parameters to reach its decision or
recommendation. Including externally specified parameters in the model ef-
fectively amortizes the costs of constructing the decision model and DSS over
many users and uses. For example, this strategy has been adopted by mod-
elers of the Intellipath company,3 who have constructed large probabilistic

2Variants of these formalisms are variously called Bayesian networks, belief networks,
influence diagrams, or go by other similar names [13, 14, 18]. For further discussion of the
evolution of these and other decision-analytic concepts in artificial intelligence, see Horvitz
et al. [8].

3Proper name? Reference?
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Figure 1: A DSS based on a parameterized decision model.

network models for diagnosis in several subspecialties of surgical pathology.
The parameterized model approach can succeed if the family of decision sit-
uations covered by the model applies to a sufficiently large and stable popu-
lation of subjects. However, if the nature of a consultation varies from case
to case due to structural differences in the decision situation or nonparamet-
ric variations in individuals’ preferences, then a fixed, parameterized model
approach will not suffice.

When the range of decision situations to be supported by the system can-
not be described by a manageable set of parameters, the DSS must provide
facilities to customize the structure of the model. Many systems provide such
facilities in the form of an interactive modeling environment. These software
tools4 allow modelers or even end users to specify model elements such as
probability distributions, utility functions, and decision alternatives. They
typically include convenient interfaces for describing and examining these
elements, as well as for evaluating and analyzing the decision-theoretic con-
sequences of partial or provisional models. Of course, these environments are
also quite useful for the designers of DSSs based on parameterized models,
of the sort displayed in Figure 1.

Although the specific capabilities of these tools vary, in all cases it is nec-

4Representative examples include Supertree, DPL, Ideal, Demos, RISK, Crystal Ball,
and Hugin, just to name a few. Some of these are primarily research tools, while others
have been distributed commercially.
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essary for the user to construct or modify the model manually, typically a
labor-intensive process requiring significant modeling expertise. Developers
of modeling environments have taken various approaches to reducing this
burden, providing incremental improvements in flexibility and convenience.
For example, Holtzman applied a rule-based approach to facilitate parameter
specification and selection of prespecified decision model fragments [7]. Oth-
ers have employed knowledge-based systems technology to perform peripheral
modeling functions, such as critiquing user-defined decision models [23], or
explaining their results [10]. However, the difficulties of building decision
models within current state-of-the-art modeling environments still tends to
restrict their use to highly trained modelers, and their application to pa-
rameterized families of decision situations or high-stakes one-shot decision
problems.

2 Decision Models and Knowledge Bases

The primary limitations of decision models stem from their presumption of an
initial formulation of the decision situation. As several observers have pointed
out (e.g., Fox [2]), a broad-based DSS must also support this formulation
task, including identifying the available options and relevant factors of the
situation. While in principle a decision model could include all conceivable
factors and options, in practice it is infeasible to craft decision models of wide
scope. The problem, in a nutshell, is that it is not possible within decision
models to express general relationships among concepts without enumerating
all the potential instances in advance. This pre-enumeration is impracticable
when the DSS faces a broad range of dynamic decision situations.

These limitations of decision models have led many to reject their use
in DSSs intended for highly flexible application. To improve flexibility and
decision-making scope, some advocate a knowledge-based approach, where
the DSS is built around a large collection of facts and relationships, encoded
in an expressive knowledge representation language. Some of the advantages
of knowledge bases (KBs) over models encoded in standard decision-modeling
languages are that the former typically permit more general relationships
(among types rather than instances), multiple levels of abstraction and pre-
cision, and general compositional operators for assembling complex concepts
from constituent parts. Although it still can be quite difficult to design large-
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scale KBs, these features facilitate scalability and incremental extension of
knowledge required for decision support.

Recognizing the relative deficiencies of decision models does not, however,
compel us to abandon the idea of applying normative decision theory to
decision support, nor even to give up the explicit use of decision models within
DSSs. The implication, rather, is that we should not design our DSS to start

with a decision model expected to cover the range of decision situations to be
addressed. Instead, we adopt the knowledge-based approach and express the
domain facts and relationships in a general-purpose knowledge representation
language. Then, when the DSS is faced with a particular decision situation, it
operates over the KB to dynamically construct a decision model customized
for the problem at hand.

Figure 2 depicts a schematic architecture for a DSS based on dynamic,
knowledge-based construction of decision models. In contrast to the param-
eterized decision-model approach (Figure 1), DSSs employing knowledge-
based model construction do not start with a prespecified structure having
the form of a decision model. Instead, the domain is defined by a KB of gen-
eral facts and relationships. When a particular decision situation is identified
through interaction with the user, the DSS synthesizes a decision model by
selecting and deriving concepts and relationships from the KB. The model
construction process is driven by the specific features of the case, along with
the overall organization of the KB. The DSS analyzes the decision model at
various stages in its development, both to offer recommendations to the user
and to direct further stages of model construction and refinement.

The foregoing discussion serves to motivate and define rather abstractly
the task of knowledge-based model construction in decision support sys-
tems. Designing and implementing dynamic model construction within any
decision-support environment presents numerous technical challenges and re-
search issues. Researchers in artificial intelligence have recently begun to
seriously explore these issues, developing a variety of approaches to decision
model construction. In the remainder of this paper, we review some of the
main ideas, techniques, and experiences resulting from this work.
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Figure 2: A DSS employing knowledge-based model construction.

3 Knowledge Representation for Decision Mod-

eling

One of the first issues to be faced in designing any knowledge-based DSS is
the choice of a knowledge representation language or set of representational
primitives. Using the KB as a source for decision model synthesis brings
additional constraints and utility criteria to the design problem. Foremost
among these is the requirement that the representation constructs have some
interpretation (preferably, a firm semantics) in terms of decision-theoretic
concepts such as probabilities and utilities. In addition, ontological support
for basic elements such as actions, outcomes, and information state is critical
for decision modeling. Hierarchical structure, terminological reasoning, uni-
fication, temporal primitives, and other standard features of knowledge rep-
resentation languages can also facilitate the task of knowledge-based model
construction.

The most direct way to ensure that the knowledge representation has
a solid decision-theoretic semantics is to choose a language that expresses
knowledge directly in terms of probabilities and utilities. For example, recent
work by Halpern [6], Bacchus [1], Haddawy [3], and others has produced
formal logics of probability that overcome the limitations of decision modeling
languages by providing for variables and quantification. The logics differ in
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their support for statistical, temporal, and default reasoning, but share the
ability to express general statements about the probabilities of propositions.
Other recent work has focused on utility and preference representation, in
particular on reconciling these decision-theoretic concepts with the common
AI notion of a goal [4, 22].

While these languages and formalizations may eventually form the basis
for general approaches to decision-model synthesis, work on knowledge-based
model construction to date has typically relied on knowledge representations
designed specifically for the task or adapted from off-the-shelf tools. In the
rest of this section, we examine some particular approaches to model con-
struction and the representational techniques they employ.

4 KBMC Issues and Techniques

5 Current Research in KBMC

6 Conclusion
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