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Abstract

We propose an approach to knowledge-based decision-model construction. The domain knowledge

is represented in the form of multilevel in¯uence diagrams. At each level, a regular in¯uence diagram

representing a decision model may be generated and the in¯uence diagrams between the levels are

related through a series of operations. We de®ned eight such operations and show that these are

su�cient at the structural level to construct any target in¯uence diagram in any practical situation.

We provide a series of examples drawn from di�erent domains on the use of multilevel in¯uence

diagrams for model construction. We also propose suggestions on providing users with guidance

that can direct the model-construction procedure towards the best target model.

1 Introduction

In recent years there has been a growing interest among researchers in the arti®cial intelligence and

uncertain reasoning communities in automated probabilistic reasoning and decision modelling. One

approach, known as the knowledge-based model construction (KBMC) method, encodes general

knowledge about the domain in an expressive language and dynamically constructs a decision

model for each particular situation or problem instance (Breese et al., 1994; Wellman et al., 1992).

Core issues in KBMC include knowledge representation, triggering and elaboration, control of

construction and knowledge-base development.

Graphical decision-modelling formalisms such as in¯uence diagrams (Howard & Matheson,

1981) are often used for the target decision model representation in KBMC systems since they can

describe probabilistic relationships as well as support the inference process. In¯uence diagrams

(IDs) are graphical representations of decision problems. They were ®rst de®ned by Howard and his

colleagues more than twenty years ago (Howard & Matheson, 1981; Miller et al., 1978; Owen,

1978). An in¯uence diagram is a directed acyclic graph with four types of node. These are chance

nodes (oval), decision nodes (rectangle), value nodes (diamond) and deterministic nodes (double

oval), representing random quantities, decisions, utilities and deterministic quantities, respectively.

The directed arcs in an in¯uence diagram represent relations between the nodes connected. An arc

ending at a chance node represents probabilistic relevance. An arc into a decision node represents

information availability at the point of decision. An arc between two decision nodes represents the

chronological order of the decisions. An arc into the value node indicates preferences over possible

outcomes. Figure 1 shows an example of a in¯uence diagram representing the ``bring umbrella''

problem. The problem is to decide whether or not to take an umbrella along to work. The weather is

uncertain and the decision-maker is concerned with its outcome and the decision taken. Weather

forecast information is available to the decision-maker and this information is dependent on the

actual weather.

Many knowledge representation schemes have been developed for use with KBMC systems.



These include ®rst-order predicate logic (Breese, 1992; Goldman & Charniak, 1990; Holtzman,

1989), similarity networks (Heckerman, 1991), ¯uid multilevel representation (Leong 1991;

Wellman 1988), and probabilistic concept networks (Poh & Fehling, 1993, Poh et al., 1994). All

these methods can facilitate the dynamic construction of probabilistic and decision models.

Methods for model construction may be query-driven, decision-driven, value-driven or data-

driven (Breese et al., 1994; Wellman et al., 1992).

In this paper we will ®rst review a number of existing KBMC systems and then introduce a

decision-modelling and construction system based on the concept of multilevel in¯uence diagrams.

We extend the standard in¯uence diagram representation (Howard & Matheson, 1981) to a

multilevel structure in order to facilitate decision-model construction at multiple levels of abstrac-

tion. We have developed formal relations between in¯uence diagrams that exist at di�erent levels of

abstraction. These relations are represented by a set of multilevel in¯uence diagram operations that

enable one to transform an in¯uence diagram at one level to another level of abstraction while

preserving all probabilistic relevance information. By using an appropriate set of operations, a non-

domain expert user can use multilevel in¯uence diagrams to construct a target decision model,

according to his or her speci®cations, with a domain knowledge base.

Multilevel in¯uence diagrams serve the roles of both decision-model representation and knowl-

edge representation. This uni®cation of the target model language and knowledge-base language

increases the e�ciency of model-construction processes. Our work complements a number of

previous works on model-construction techniques as well as some ongoing works. These include

those of Holtzman (1989), Breese (1992), Goldman and Charniak (1990), Heckerman (1991),

Wellman (1988), Egar and Musen (1993), Provan (1994), Poh et al. (1994), Yuan (1993) and

Mahoney and Laskey (1998).

This paper is organized as follows: in the next section, we give a review of some related work. In

Section 3 we de®ne the operations for multilevel in¯uence diagrams, specify conditions for

soundness and show their su�ciency. In Section 4 we provide an algorithm for performing KBMC

using multilevel in¯uence diagrams. In Section 5 we describe an implementation of our system. In

Section 6 we describe some real-world applications of our system. Finally, in Section 7, we conclude

by discussing possible extensions or enhancements to the system.

2 Related work

In this section, we present a review of four existing representative KBMC systems that have been

reported in the literature. We will provide a brief description of how the systems work and mention

their contributions to research in this area.

2.1 RACHEL: An Intelligent Decision System for Infertile Couples (Holtzman, 1989)

RACHEL was a system developed for the application of intelligent decision systems in a medical

domain. It was designed to aid infertile couples and their physicians in selecting a medical treatment.

In RACHEL, there are three types of knowledge base. The ®rst type is concerned with developing a

value model. The second type aims to indirectly assess the value node by using medical knowledge.

Figure 1 An in¯uence diagram representing the ``umbrella problem''
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The third type embodies the knowledge about the decision-analytic process. To construct models

for individual patients, three steps are necessary. First, the system generates alternatives through a

user±system dialogue. Next, the system develops a model of the individual patient's preferences.

Finally, the system assesses the necessary probabilities. Model evaluation is carried out by the

system's in¯uence diagram processing system which can construct, evaluate and analyse in¯uence

diagrams. By computing the maximum expected utility, the system yields a recommended decision,

an optimal treatment choice and the certainty equivalent. RACHEL was implemented in LISP and

there is an online explanation mode to help users understand the operation of the system. The

inference engine was designed to perform depth-®rst backward reasoning. To build the model, the

system uses standard ®rst-order pre®x±predicate calculus-style interactive queries. It permits user

input of special data structures such as the range of possible outcomes and probability distributions

for variables that are directly assessed.

The advantages of RACHEL are its ability to report the status of its reasoning and its ability to

perform expected value-of-information computation (Howard, 1966; 1967) and other sensitivity

analyses. It has also been found to be e�ective for a particular class of decision problem, namely the

construction of special models for couples with di�erent infertility problems, and providing

recommendations for the problems.

A major limitation of RACHEL is its restriction to building decision models with only a single

decision node and no predecessors. It also requires the users to be familiar with ®rst-order pre®x±

predicate calculus as well as with the basic concepts of decision analysis. It is also di�cult to correct

erroneous data entry. Finally, it does little to help the user appraise the decision model.

2.2 ALTERID (Breese, 1987)

ALTERID is an experimental prototype running on LISP workstations. The aim of ALTERID is to

provide the user with an environment for both constructing and developing a decision-domain

knowledge base and using the knowledge base to answer logical, possible outcome, probabilistic and

decision-theoretic queries. The system has three modules, namely the knowledge base, the inference

engine and the interaction environment. The system's knowledge-base language is based on ®rst-

order predicate calculus. The knowledge-base structure comprises propositions and in¯uences

which are well-formed logical, probabilistic and informational in¯uences. The inference engine of

ALTERID uses and manipulates sentences in the knowledge-base language. Methods of reasoning

include logical inference, probabilistic inference, alternative outcome inference, and decision-

theoretic inference. The system's target model representation is an in¯uence diagram and the

dynamic model-construction approach can be classi®ed as query-driven. The system has an implicit

control structure guiding the search for models based on the principle of minimising uncertain

representations. A single query could generate several probabilistic or decision-theoretic models

that are consistent with a decision-domain knowledge base.

A major feature of ALTERID is its graceful integration of probabilistic reasoning with logical

deterministic inference. Furthermore, the expressiveness of the language it uses does not impose

assumptions of conditional independence on the probabilistic representation. Another advantage of

ALTERID is the availability of its knowledge base to the user for making changes. The system also

provides explanation and heuristic search for the construction and solution of models. As a domain-

independent tool, it can support di�erent classes of decision problems by constructing the

appropriate knowledge bases. Finally, ALTERID is capable of constructing multiple models for

the same phenomena thus enabling the system to investigate the outcomes and results of di�erent

models within the same system environment.

A limitation of ALTERID is the possibility that the multiple models it is capable of generating

from a query may be inconsistent. Also, by allowing the user to freely modify the knowledge base,

there is a danger that the knowledge base may become inconsistent. Another limitation is that it is

not suitable for building autonomous agents for decision-making under uncertainty as it can only

respond to a given query. Finally, ALTERID cannot deal with continuous variables.
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2.3 PATHFINDER and similarity networks (Heckerman, 1991)

PATHFINDER is a normative expert system developed to assist surgical pathologists with the

diagnosis of lymph-node disease. It uses the hypothetical-deductive approach to make di�erential

diagnosis, and has the capability to recommend the most cost-e�ective tests using the concept of

expected value of information from decision analysis. The most recent version of PATHFINDER

was constructed using similarity networks. Similarity networks are tools for the capture and

representation of probabilistic knowledge in single-hypothesis diagnosis problems. Similarity

networks have provided an e�cient approach for the construction of normative expert systems in

domains of larger scope and greater complexity than those previously thought to be amenable to the

decision-theoretic approach.

Similarity networks comprise a similarity graph and a set of knowledge maps. The similarity

graph is used to indicate pairs of possible diagnoses or hypotheses that are considered by the domain

expert to have some similarity. The knowledge maps are special and small-sized in¯uence diagrams

where the impact of only two possible diagnoses are considered and modelled in the diagram. These

knowledge maps represent the expert domain knowledge about the problem when the problem is

narrowed down to only two possibilities at a time. To construct the decision-theoretic single-

hypothesis diagnosis model, the knowledge maps from the similarity networks are graphically

combined.

An advantage of the similarity network is that it makes the construction of very large and

complex systems practical. For the single-disease case, it can provide cost-e�ective recommenda-

tions. It can also be used for inference, explanation and utility assessment. Finally, it is a useful

heuristic tool in knowledge acquisition. A limitation of the similarity network is that it can only be

used to build a system for the diagnosis of a single disease.

2.4 SUDO PLANNER (Wellman, 1988)

This system was developed to employ decision-theoretic principles to formulate trade-o�s in

domains characterized by partially satis®able goals and actions with uncertain e�ects. SUDO

PLANNER formulates trade-o�s for a medical decision problem by proving decision-theoretically

that certain classes of plan are dominant based on qualitative relations in the domain. SUDO

PLANNER consists of two discrete elements. One is a dominance-proving architecture for planning

with partially satis®able goals, which is used to characterize the space of admissible plans. The other

is an e�ective representation formalism for the e�ects of actions and the desirability of outcomes.

The latter is called a qualitative probabilistic network (QPN) which was specially designed to

support the knowledge required for trade-o� formulation. QPNs serve as the knowledge-base

representation language for SUDO PLANNER. An algorithm is available for the construction of

target decision models from a knowledge base which describes the e�ects of actions and relations

among the events at multiple levels of abstraction. The target model representation is also a QPN.

The SUDO PLANNER approach to model formulation is abstract, robust and modular. It is

capable of dealing with the uncertain e�ects of actions and unpredictable goals by combining the

methodologies of classical AI planning and decision theory. Finally, SUDO PLANNER can

e�ectively exploit knowledge at multiple levels of abstraction.

SUDO PLANNER su�ers from the following limitations: ®rst, it assumes that the current

strategy is optimal given the current knowledge, and the planning process must be grounded in

situation changes. Next, its plan-constraint language has limited expressive power. In particular, its

representations for plan classes, actions and events are entirely atemporal. Finally, its inference

mechanisms may mismatch our intuitive notion of trade-o�.

3 Multilevel in¯uence diagram representation

One of the most di�cult aspects of KBMC in decision-analytic terms is composing a diagram of
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relevant relations from a set of domain concepts (Egar &Musen, 1993). It is therefore essential that

the representation scheme for the domain knowledge be su�ciently expressive for the domain and,

at the same time, it must be capable of supporting the construction of di�erent classes of decision

model. Multilevel in¯uence diagrams have been developed to satisfy both of these requirements.

The multilevel in¯uence diagram approach extends the standard in¯uence diagram scheme so as

to enable a KBMC system to represent a decision situation using di�erent in¯uence diagrams at

di�erent levels of abstraction. In multilevel in¯uence diagrams each level of representation

corresponds to a standard in¯uence diagram and the diagrams at various levels are linked via a set

of operators.

In multilevel in¯uence diagrams, the in¯uence diagram at the highest-detailed level includes every

possible detail about the domain. We shall refer to this highest-detailed level in¯uence diagram as

the global in¯uence diagram for the domain. As we move down from the highest-detailed level to a

lower level, each level consists of a valid in¯uence diagram that can be generated to describe the

domain in more abstract terms. We shall refer to the most abstract model as the top-level in¯uence

diagram. By using multilevel in¯uence diagrams, we can selectively construct a target decision model

of our choice. The relations between the various levels in multilevel in¯uence diagrams are

characterized by a set of operations which we shall de®ne in the following subsections.

3.1 Operations for multilevel in¯uence diagrams

3.1.1 The extend and retract operations

We shall ®rst consider the operation extend and its inverse, retract. As illustrated in Figure 2, the

extend operation takes a chance node C and adds a set of direct predecessor nodes to it, thereby

extending the in¯uence diagram to a more re®ned level. The inverse operation retract, on the other

hand, takes a chance nodeCwith direct predecessors and removes all of them, thereby retracting the

in¯uence diagram to a more abstract level.

In general, given a chance node C without any predecessor node, the extend operation may be

applied in more than one way since any number of predecessors can be added to C. Let p(C)
represent the set of all potentially possible direct predecessors C. The extend operation can expand

the in¯uence diagram based on any non-empty subset of p(C). For example, if C has three

potentially possible predecessors, i.e. p(C)= {X1, X2, X3}, then there are seven possible ways in

which the extend operation can be carried out. The actual set of nodes to be added depends on the

actual situation faced by the decision-maker. This feature of allowing the user to freely extend the

model in di�erent ways and directions to satisfy a wide range of di�erent requirements and

situations provides a high degree of ¯exibility for the model-construction process. An idea similar to

the extend operation was brie¯y outlined in Provan (1991). We provided here a more detailed

description and application of the operation, and also de®ned the inverse operation, retract, which

will allow the user to move between levels of abstraction in both directions during the model-

construction process.

3.1.2 The re®ne and abstract operations

The next two operations, re®ne and abstract, are similar to those used in concept re®nement and

generalization in model construction using probabilistic conceptual network (Poh & Fehling, 1993;

Figure 2 The extend and retract operations
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Poh et al., 1994), PE-subnet (Lehner et al., 1994), state-space abstraction (Liu & Wellman, 1995;

Wellman and Liu, 1994) and belief network re®nement and coarsening (Chang & Fung, 1990).

These operators are designed to change the precision or detail of some chance nodes. As shown in

Figure 3, the re®ne operation replaces a chance node C by a set of re®ned chance nodes C1, C2, . . .

Cn. We assume that after the operation, all the re®ned chance nodes have same outcome set j(C) as
C. They also have, as direct predecessors, all the previous direct predecessors of C, and have, as

direct successors, all the previous direct successors ofC. The inverse operation abstract, on the other

hand, takes a set of chance nodes C1, C2, . . . Cn, with same outcome set as well as common direct

predecessors and successors, and replaces them with an integrated or abstract chance node C. After

the operation, the integrated chance node C has the same outcome set as C1, C2, . . . Cn. It also has,

as direct predecessors, all the common direct predecessors of the chance nodes being abstracted, and

has, as direct successors, all the common direct successors of the set of chance nodes being

abstracted.

As in the case of the extend operation, the re®ne operation can be performed ¯exibly in many

di�erent ways. Let F(C) represent the set of possible re®ned chance nodes for C. It is possible to

apply the re®ne operation based on any non-empty subset of F(C). Since the integrated node C is an

abstraction of the sub-nodes C1, . . . Cn, we can specify the relationships between the probability

distribution for C and those for C1, C2, . . . Cn depending on the domain. Our re®ne operation is

similar to those used in state-space abstraction/re®nement formalisms (Chang & Fung, 1990;

Wellman et al., 1994) and node generation/speci®cation formalisms (Lehner et al., 1994; Poh et al.,

1994). In those works, the probability distribution for the more abstract or aggregated concept is

often a weighted sum of the probabilities of the elementary concepts it constitutes.

We will assume that for each Ci2F(C), there exists a number wi (0�wi� 1) that signi®es the

relative importance or likelihood of the sub-node Ci with respect to C such that

p�CjA� �
X

Ci2F�C�
wip�CijA�; �1�

where
P

i wi � 1. If only a subset of F(C) is chosen, then the set of chosen weights can be re-

normalised. It should be noted that in the re®ne and abstract operations, each of the sub-nodes plays

a di�erent role in relation to the integrated node. If we let the relative weights indicate their

respective contributions to the integrated node, then it is reasonable to approximate the probability

of the integrated node by considering it as the weighted sum of the probabilities of the sub-nodes.

Since the integrated node and the sub-nodes refer to the same distinction, we will assume that the

integrated node and the sub-nodes have the same in¯uence on their successor nodes, i.e.

p(B |C)= p(B |Ci), V i=1, 2, . . . n (2)

We will show later in this section that such conditions are essential for maintaining the soundness of

the operation.

3.1.3 The deterministic-extend and deterministic-retract operations

The ®fth and sixth operations, deterministic-extend and deterministic-retract, are very useful for

concept re®nement and structure re®nement. In particular, they improve the expressiveness of

multilevel in¯uence diagrams. As illustrated in Figure 4, the deterministic-extend operation takes a

Figure 3 The re®ne and abstract operations
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chance node C, converts it into a deterministic node and adds a set of direct predecessors to it. The

corresponding inverse operation deterministic-retract, on the other hand, takes a deterministic node

with direct predecessors, converts it into a chance node and removes all its previous direct

predecessors.

The di�erence between the deterministic-extend operation and the regular extend operation is

that the operand node becomes deterministic after deterministic-extend whereas for the regular

extend, the operand node remains probabilistic. Since a deterministic node is a special kind of

chance node, the deterministic-extend and deterministic-retract operations are merely special cases

of the extend and retract operation respectively.

3.1.4 The extend-function and retract-function operations

The ®nal two operations are mainly used to extend or simplify the number of factors that a�ect a

deterministic node. As shown in Figure 5, the extend-function, operation takes a deterministic node

T and adds to it additional direct predecessors. The corresponding inverse operation retract-

function, on the other hand, takes a deterministic node and removes one or more of its direct

predecessors. In the example shown in Figure 5, node T is a function of C1 andC2 before the extend-

function operation. After the operation, T becomes a function of C1, C2 and C3. Conversely, the

retract-function operation removes C3 from the function T.

3.2 The soundness of the operations

The eight operations de®ned in the previous subsections basically perform model transformations.

An important issue in model transformations is the validity of such operations. In general, the

validity of any model-construction procedure depends on the soundness of its construction

operations (Poh & Horvitz, 1993). Heckerman and Horvitz (1991) suggested that the soundness of

a construction process should be characterized by the preservation of the joint-probability

distribution of the variables involved across the process.

In multilevel in¯uence diagrams, letM1 andM2 represent the in¯uence diagrams before and after

a construction operation, respectively, and let XM1
and XM2

denote the sets of chance nodes in M1

and M2 respectively. In general, an operation changes only certain part of a diagram while

preserving the other part. Hence XM1
\XM2

=1. We will use the convention whereby probability

distributions that are based on general domain knowledge are denoted by p( ), i.e. without any

subscript, and probability distributions in a derived in¯uence diagram Mi be denoted by pi( ), i.e.

Figure 4 The deterministic-extend and deterministic-retract operations

Figure 5 The extend-function and retract-function operations
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with a subscript i. We describe an operation which transforms an in¯uence diagram M1 to another

in¯uence diagram M2 as sound if, and only if,

p1(XM1
\XM2

)= p2(XM1
\XM2

). (3)

We shall now consider the conditions under which our eight operations are sound.

3.2.1 The soundness of the extend and retract operations

Consider a general extend operation on a chance nodeC in a generic in¯uence diagramM1 as shown

in Figure 6 where regions enclosed by dotted lines denote clusters or sets of nodes. Let XJ(p(C)
represent the set of possible direct predecessors to be included by the operation, and let M2 be the

resulting in¯uence diagram. We shall show that if

p1�C� �
X
XJ

p2�XJ�p2�CjXJ� �4�

then the extend operation is sound.

As shown in Figure 6, let R denote the set of chance nodes in in¯uence diagramM1 that excludes

C. In M1, the joint probability distribution is p1(C,R) whereas in M2, the joint probability

distribution is p2(C,R). For the extend operation to be sound, we just need to show that

p1(C,R)= p2(C,R). In M1, we can write p1(C,R)= p1(R |C) p1(C). However, in M2, since XJ is

conditionally independent of R given C, and suppose that Equation (4) holds, we have

p2�C;R� �
X
XJ

p2�XJ�p2�CjXJ�p2�RjC�

� p2�RjC�
X
XJ

p2�XJ�p2�CjXJ�

� p1�RjC�p1�C�
� p1�C;R�:

Hence Equation (4) provides the condition under which the extend operation is sound. It can also be

shown that the same condition applies for the soundness of the retract operation which transforms

M2 to M1.

3.2.2 The soundness of the re®ne and abstract operations

We consider next the re®ne and abstract operations. Figure 7 shows the application of the re®ne

operation on an integrated chance node C in a general in¯uence diagram M1 where A is the set of

common predecessors of C, and B is the set of common successors of C. The resulting in¯uence

Figure 6 Execution of the extend operation on node C in a general in¯uence diagram

Figure 7 Execution of re®ne operation on node C in a general in¯uence diagram
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diagram isM2. We shall show that if the re®ne operation replaces the chance nodeC inM1 with a set

of re®ned nodes CJ ( F(C) to derive M2 such that

p�CjA� �
X
Ci2CJ

wip�CijA�; �5�

w0i �
wiX

Ci2CJ

wi

; and �6�

p(B |C)= p(B |Ci) VCi2CJ, (7)

then the re®ne operation is sound.

First, we note that if Equations (5) to (7) are all satis®ed, then

p�A;B;C� � p�BjC�p�CjA�p�A�
� p�BjC�

X
Ci2CJ

w0ip�CijA�p�A�

�
X
Ci2CJ

w0ip�BjCi�p�CijA�p�A�

Hence

p�A;B;C� �
X
Ci2CJ

w0ip�A;B;Ci� �8�

Next, we observe that the set of common variables across the transformation is B, and that

p1�B� �
X
A;C

p1�A;C;B�. From Equation (8) it follows that

p1�B� �
X
A;C

X
Ci2CJ

w0ip2�A;Ci;B�

�
X
Ci2CJ

w0i
X
A;Ci

p2�A;Ci;B�

�
X
Ci2CJ

w0i
X
A;Ci

X
F�C�nCi

p2�A;Ci;F�C�nCi;B�

�
X
Ci2CJ

w0i
X

A;F�C�
p2�A;F�C�;B�

�
X

A;C1;C2; ...Cn

p2�A;C1;C2; . . .Cn;B�

� p2�B�
where

X
i

w0i � 1.

The same result is also applicable for the soundness of the abstract operation which transforms

M2 to M1.

3.2.3 The soundness of the deterministic-extend and deterministic-retract operations

We now consider the conditions under which the deterministic-extend and deterministic-retract

operations are sound. Figure 8 shows an application of the of deterministic-extend operation on

nodeC in a general in¯uence diagramM1, whereR is the set of successors for C and p(C) is the set of
direct predecessors added to C. The resulting diagram is M2. We shall show that if

p1�C� � p2�f �p�C��� �9�
then the deterministic-extend and deterministic-retract operations are sound.

In Figure 8, letR denote the set of chance nodes inM1 that excludeC and let p(C) represent the set
of all potentially possible direct predecessors for C. The set of common variables across the

transformation is {C}|R. In diagramM1, p1(C,R)= p1(C) p1(R |C). In diagramM2, we introduce

a function f(p(C)) for C and convert it to a deterministic node. If we view C as a special chance node,

Decision-model construction 241



then its probability is p2(C)= p2(f(p(C))). But since p(C) is conditionally independent of R given C,

it follows that if Equation (9) is satis®ed then

p2�C;R� � p2�C�p2�RjC�
� p2�f�p�C���p1�RjC�
� p1�C�p1�RjC�
� p1�C;R�:

The same result is also applicable for the case of deterministic-retract, which transforms M2 to M1.

3.2.4 The soundness of the extend-function and retract-function operations

Finally, we consider the soundness of the extend-function and retract-function operations. Figure 9

shows an application of the extend-function operation on deterministic node T in a general in¯uence

diagram M1. Let R be the set of successors of T, and CJ be the set of predecessor nodes of T in M1.

Suppose that after the operation, the set of nodes CI is added as additional predecessors to T, where

CI\CJ=f and CI|CJ= p(T), resulting in diagram M2. We shall now show that this operation

is sound if the added set of nodes CJ is conditionally independent of R given CI.

We note from Figure 9 that the set of common variables in M1 and M2 which are a�ected by

the operation is R| {T}. In diagram M1, p1�T;R� � p1�R�p1�RjT� � p1�RjT�
X
T

p1�R;T�.

Since T � f�CJ�, it follows that p1�T;R� � p1�RjT�
X
CJ

p1�R;CJ� � p�RjT�
X
CJ

p�R;CJ�.

In diagramM2, p2�T;R� � p2�R�p2�RjT� � p2�RjT�
X
T

p2�R;T�:
Since T= f(CI, CJ), CI\CJ=f, and CI|CJ= p(T), it follows that

p2�T;R� � p2�RjT�
X
CICJ

p1�R;CI;CJ�

� p2�RjT�
X
CI

X
CJ

p2�R;CI;CJ�

� p�RjT�
X
CI

X
CJ

p�R;CI;CJ�

� p�RjT�
X
CI

X
CJ

p�CI;CJ�p�RjCI;CJ�:

Figure 8 Execution of deterministic-extend operation on node C in a general in¯uence diagram

Figure 9 Execution of extend-function operation on node C in a general in¯uence diagram
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Since R is conditionally independent of CI given CJ , it follows that

p2�T;R� � p�RjT�
X
CI

X
CJ

p�CI;CJ�p�RjCJ�

� p�RjT�
X
CJ

p�CJ�p�RjCJ�

� p�RjT�
X
CJ

p�R;CJ�:

Hence p1(T,R)= p2(T,R) and the extend-function operation is sound. It is also obvious that the

retract-function operation is sound under the same conditions.

3.3 The multilevel structure

Given any problem domain, the multilevel in¯uence diagrams representation induces a set of

possible target in¯uence diagrams that can be constructed. The use of multilevel in¯uence diagrams

as the knowledge-representation scheme for KBMC systems o�ers an expressive and concise way of

representing any general domain knowledge. At the same time, it provides multilevel abstractions

that help users manage the complexities of the modelling process. Furthermore, multilevel in¯uence

diagrams combine the formalism of classical in¯uence diagrams with hierarchical modelling

techniques, thereby allowing the construction of the decision model at the right level of detail, an

important feature essential for real-world decision-making under time and resource constraints.

Given a problem domain, we may construct a multilevel in¯uence diagram as our knowledge base

through the operations we have de®ned. When faced with a particular problem instance, we can

build a speci®c decision model at the most appropriate level of abstraction with all relevant factors.

We have developed an algorithm for performing this task in real time with possible extension to

time-critical conditions. In Section 6, we provide some real examples to illustrate how multilevel

in¯uence diagrams can be used in knowledge-based model construction.

3.4 The su�ciency of the operations

In this subsection, we examine the su�ciency of the eight operations under the multilevel in¯uence

diagram formalism from the structural point of view. We show that these eight operations are

su�cient to construct a target in¯uence diagram at the structural level for any practical domain. Let

M0 represent the top-level in¯uence diagram,MG the global in¯uence diagram,Mi an intermediate-

level in¯uence diagram at some level i, and C the set of all possible chance nodes in the domain.

We say that a node X2C is reachable if, and only if, X is included in a decision model which is

generated by a ®nite sequence of operations performed on M0. At the model level, we say that a

decision modelMi is constructible if, and only if,Mi is the outcome of a ®nite sequence of operations

performed onM0. Finally, we describe a set of operations as structurally su�cient if, and only if, all

the potential target decision models Mi are constructible. We shall ®rst show that every node X 2 C

is reachable by our set of eight operations and then show that the set of eight operations is

structurally su�cient.

First, we note that by de®nition any node included in M0 is reachable. Next, let Co represent the

node set ofM0 and let Co' represent the set C\Co. Then for VX2Co' , AY2Co' which is linked to X by a

path. M0 is the most abstract decision model which includes the value node, the decision nodes and

all the essential chance nodes used to describe a decision problem. So if any node, i.e. any factor, in

this domain plays a role in the decision situation, it should either have already been included in M0

or it will have in¯uence in some way on at least one node inM0, which is assured when we assess the

node set in the domain knowledge base. For example, consider a general in¯uence diagram in Figure

10 which includes all possible topological connectivities for an in¯uence diagram. Suppose that in

this case M0 comprises V0, D11, C12 and D21, then any other nodes will be connected with these

nodes in some way. Using the operations we have de®ned as indicated in the diagram, a node in the
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diagram is always related to another via some operation. Thus, starting from nodes in M0 we can

derive a ®nite sequence of operations to reach any other node not already included inM0. Since the

in¯uence diagram enumerates all kinds of nodes and relationships, we conclude that all nodes X2C

are reachable using the eight operations.

To show structural su�ciency, we let Ci represent the node set ofMi, and CG represent the node set

ofMG. Since each of Xi2Ci is reachable, we can always ®nd a ®nite sequence of operations to reach

each Xi. Suppose that Mi
* is the outcome decision model which includes all the nodes tracked by

these operations, then Mi
*)Mi. If we remove all the nodes not included in Mi via the

corresponding inverse operations then any potential target decision model Mi can be successfully

constructed. Hence the set of eight operations is structurally su�cient.

Based on the above analysis, we conclude that given any general in¯uence diagram which

represents a particular domain or problem, once we have assessed the top-level in¯uence diagram,

we can construct the multilevel in¯uence diagram structure between them using only the eight

operations. Subsequently, we may get a set of decision models at di�erent levels of abstraction or

details based on these operations.

4 Model construction using multilevel in¯uence diagrams

4.1 The domain knowledge base

The domain knowledge base required to support model construction using multilevel in¯uence

diagrams comprises the following components:

. A set of all the chance nodes C.

For each chance node C2C, let j(C) be the set of possible outcomes of C, O(C) be the set of

operations which are applicable to C, p(C) be the set of all the direct predecessors of C, p(C|p(C))
be the conditional probabilities of C given its predecessors, and Vx2 p(C), p(C|x) be the

conditional probability for C given x.

. A set of all the decision nodes D.

For each decision node D2D, let a(D) be the set of alternatives for D.

. A value node V in the form of a utility function.

. A set of directed arcs A( (C|D)6 (C|D| {V}) such that Vx2 (C|D) and

Vy2 (C|D| {V}), (x, y)2A if, and only if, there exists an arc from node x to node y.

Figure 10 An example general in¯uence diagram
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. A top-level in¯uence diagramM0.

M0 includes the decision nodes in D, an initial subset of chance nodes of C, and the value node V,

all of which are connected according to A.

4.2 The decision model construction algorithm

We propose a model-construction algorithm using multilevel in¯uence diagrams as shown in Figure

11. This algorithm is decision-driven according to the classi®cation of Wellman et al. (1992). The

algorithm provides an interactive tool for a user to explore and add relevant nodes in order to arrive

at a ®nal decision model. Starting with the top-level in¯uence diagram, which includes the decision

to be made, the user may select any node in the current in¯uence diagram to operate on. For any

selected node, the user is always guided by a list of operations that are applicable to that node. The

model is continuously updated during the modelling process until the user is satis®ed.

A unique feature of our model-construction approach compared with many others (for example

Breese, 1992; Goldman & Charniak, 1990; Holtzman, 1989) is that our knowledge-base representa-

tion and decision-model representation are based on the same formalism. This is similar to other

model-construction procedures, such as Mahoney and Laskey (1998), which involve ``picking out''

the appropriate pieces of components already in the knowledge base and ``assembling'' them to

form the situation-speci®c target model. This method of pick and assemble provides a highly ¯exible

and e�ective way of model construction.

5 System implementation

In this section we describe the implementation of the multilevel in¯uence diagrams (MLID)

modelling system.

Figure 11 An algorithm for interactive model construction
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5.1 System architecture

The architecture of our decision modelling system is shown in Figure 12. As seen from Figure 12, the

MLID modelling system works as a bridge connecting real decision problems with model-analysis

tools. A prototype of the system has been developed under the Microsoft Windows environment

using MS Visual C++. The system displays the decision model that is being constructed as an

in¯uence diagram in the main window. A user can select and operate on any node in the current

model by simply clicking on it, and a dialog toolbox listing all the valid operations associated with

that node will be displayed. The user can either select a valid operation or cancel his or her selection

and select another node. The user is always guided by the system throughout the entire modelling

session.

5.2 Elicitation of knowledge bases

A major e�ort in building the system is the elicitation of the domain knowledge bases. For each

domain that is supported, a knowledge base with components speci®ed in subsection 4.1 is required.

The components needed comprise mainly (1) the set the uncertain variables, their outcomes and

their probabilistic relationships in the form of conditional probabilities; (2) the decision alternatives;

(3) the value model; and (4) the operators that are applicable. The elicitation process is largely

similar to that of building decision models using regular in¯uence diagrams. Hence regular tools for

building graphical decision models are applicable. These include techniques for structuring values

and objectives from value-focused thinking (Keeney, 1992), probability assessment protocols such

as the Stanford/SRI protocol (Spetzler & Stael von Holstein, 1972), the Wallsten/EPA protocol

(Wallsten & Whit®eld, 1980) and Morgan and Henrion's protocol (1990).

Based on our experience of eliciting the knowledge bases for the prototype system, we have found

the following procedures to be useful. Start the knowledge elicitation with the construction of an

in¯uence diagram that is su�ciently detailed. Very often such a model already exists as a result of a

previous one-o� decision analysis and it may have been constructed via direct elicitation from

experts, or through automated machine learning from data, or a combination of both. Next,

proceed to ask the experts if the any parts of model can be simpli®ed, such as via abstraction of some

of the nodes. If so, which sets of nodes can be abstracted and the applicable operations are

identi®ed. This can done recursively until the top-level in¯uence diagram is reached. Similarly, we

can also ask the experts if any parts of the in¯uence diagram may be re®ned and the applicable

operations are identi®ed. The process can be repeated until the global in¯uence diagram is reached.

During the elicitation process, the experts are also asked to provide the weightings for the abstract

and re®ne operations.

Figure 12 The MLID modelling system architecture
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5.3 An example model-construction session

The e�ectiveness of the MLID modelling system in performing knowledge-based model construc-

tion has been tested with di�erent problems drawn from di�erent domains. We provide here an

example of the modelling process performed by the MLID modelling system constructing an

investment decision model. The global in¯uence diagram for the investment decision problem is

shown in Figure 13 (Chen, 1996). This diagram represents the most detailed decision model we

could construct and it re¯ects the entire knowledge that we have on this ®nancial problem.

At the start of the modelling session, a window similar to that shown in Figure 14 will be

displayed. This is the top-level in¯uence diagram from the knowledge base. This model is the most

abstract decision model from the knowledge base and it has a structure of the basic risky problem

(Clemen, 1996), comprising a single decision node and a single uncertain node. We will show how a

Figure 13 The global in¯uence diagram for a stock market investment problem

Figure 14 Top-level in¯uence diagram for the stock market investment problem
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suite of in¯uence diagrams between the lowest and highest levels may be generated by the user as the

modelling process proceeds.

Suppose that we choose the ``investment'' node in the current model by clicking on it. An

operation dialog box will immediately appear to indicate all the available valid operations. Using

any of these operations, we can transform the current model to another one which may be either

more detailed or more abstract relative to the current model. In this particular case, we select the

EXTEND operation as shown in Figure 15. By choosing the EXTEND operation, we have the

intention to add direct predecessors for ``investment'' node so as to include more details into the

current model. For the ``investment'' node, the set of potential predecessors includes ``market

¯uctuation'' and ``investment environment''. In Figure 16, we show the selection of both nodes for

inclusion in the extended model. The result of the operation is the extended decision model as shown

in Figure 17. Note that two new nodes have been included in the model.

Figure 15 Choosing the extend operation for the ``investment'' node

Figure 16 User selects the nodes to be added
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We may continue to modify the diagram. Suppose that, after a while, we have reached the

decision model with eight nodes shown in Figure 18. Suppose that we now click on the ``general

economic indicators'' node, and then select the REFINE operation. Our intention here is to replace

the integrate node ``general economic indicators'' with a group of more re®ned nodes. A dialog box

shown in Figure 19 appears, to indicate to the user the set of available re®ned nodes that may be

selected. The available nodes are ``in¯ation'', ``interest rates'', ``industrial production'' and ``risk

premium''. As indicated in Figure 19, we choose ``interest rates'' and ``risk premium'' for inclusion,

and the new decision model is as shown in Figure 20. Compared with Figure 19, the new model in

Figure 20 represents the situation with more detailed knowledge and hence provides the user with a

more detailed representation of the decision situation. Finally, assuming that the user is satis®ed

with the model constructed, he or she can terminate the modelling process. The constructed model

Figure 17 The model after the extend operation

Figure 18 User chooses the re®ne operation for the ``general economic indicators'' node
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can now be saved and then submitted to any standard in¯uence diagram solver for the optimal

decision to be computed.

The above example has demonstrated the ease with which knowledge-based decision-model

construction may be accomplished using multilevel in¯uence diagrams. It has also shown how a

non-domain expert may use the system to construct situation-speci®c decision models. A user may

start from the most abstract level of the problem and, using the tools provided by the MLID

modelling system, navigate his or her way to a desired model. At any time, the user may also

``backtrack'' and take a di�erent model-construction path.

6 Real-world applications

In this section, we look at two more real-world examples to further illustrate the use of multilevel

Figure 19 User selects the re®ned nodes

Figure 20 The model after the re®ne operation
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in¯uence diagrams in knowledge-based decision-model construction. We start o� with a small

example problem from the medical domain before proceeding to a more complex example problem

from the energy planning domain.

6.1 A medical decision problem

The example medical problem we are presenting here di�ers from the example in the previous

section in that the current example now includes information arcs. Figure 21 shows the global

in¯uence diagram for the current medical problem (Lin, 1996).

As before, we start out with the top-level in¯uence diagram for the problem as shown in Figure

22. At this highest level of abstraction, the doctor performing the modelling is only concerned with

two major uncertainties, namely ``complication of surgery'' and ``obstruction relieved''. We apply

Figure 21 The global in¯uence diagram for a medical decision problem

Figure 22 The top-level in¯uence diagram for the medical decision problem
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the extend operation twice, ®rst on the ``complication of surgery'' node and then on the

``obstruction relieved'' node, to obtain the in¯uence diagrams as shown in Figures 23 and 24

respectively. Finally, by applying the extend operation on the ``recurrence & spread'' node, the

global in¯uence diagram in Figure 21 is obtained.

In this example, information arcs were added, together with the appearance of new nodes in the

diagram. For instance, in the global in¯uence diagram, there is an information arc from the chance

node ``obstruction cause'' to the decision node ``doctor's decision''. During the construction

process, when ``obstruction cause'' was added into the model, we include the required ``no-forget''

information arcs automatically, thus preserving the state of information availability in the new

in¯uence diagram.

This example also illustrates the ability of the system to avoid node duplication. For instance,

when the extend operation was performed on the ``complication of surgery'' node, the ``tumor

Figure 23 A slightly more detailed-level in¯uence diagram for the medical decision problem

Figure 24 A more detailed-level in¯uence diagram for the medical decision problem
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stage'' node was generated. However, when the extend operation was subsequently performed on

the ``recurrence & spread'' node, the ``tumor stage'' node was generated again but it was already in

the target diagram and would not be duplicated; all that was needed was the addition of the

necessary arcs.

6.2 An electricity generation plant investment problem

We shall now show a larger example, which includes the use of deterministic-extend and extend-

function operations. The example will involve two decision nodes. This problem is based on the

electricity generation plant investment decision problem developed by Huang et al. (1995), whose

global in¯uence diagram is shown in Figure 25.

Figure 26 shows the top-level decision model where only a minimal number of major factors are

included. By applying the extend-function operation on the deterministic nodes ``pro®t'' and

Figure 25 The global in¯uence diagram for an electricity generation plant investment problem

Figure 26 The top-level in¯uence diagram for the energy generation investment problem
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``investor's investment'', we obtain the in¯uence diagram shown in Figure 27. Next, by applying the

deterministic-extend operation on the chance nodes ``revenue'', ``total cost'' and ``total investment'',

we obtain the in¯uence diagram shown in Figure 28. Finally, by applying the re®ne operation on the

chance node ``other e�ect factors'', we arrive at the global in¯uence diagram as shown in Figure 25.

7 Providing evaluation of model-construction operations

In the proposed model-construction algorithm, the user is free to choose any valid operation on any

node in the model being constructed. This has the advantage of providing the user with the greatest

¯exibility and freedom to go about building the required model. However, for large and complex

domains, the number of possible choices may be very large. In such situations, the user could bene®t

by being informed of the relative merit of each operation that can be chosen. Amajor bene®t of such

a scheme is that it will certainly help to reduce the time required to reach the desired model by a

Figure 27 A slightly more detailed-level in¯uence diagram for the energy generation investment problem

Figure 28 A more detailed-level in¯uence diagram for the energy investment problem
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signi®cant amount. It can also be used to explicitly consider the trade-o� between the potential

bene®ts of using more detailed or re®ned concepts and the additional computational costs that may

be incurred in the ®nal model-solution process. Such trade-o�s during the incremental model

construction process have been considered in many other model-construction approaches

(Goldman & Breese, 1992; Poh, et al., 1994).

A possible approach is to model a construction guidance system that will direct the user to a set of

the most promising expansions or contractions, based on the idea of expected value of re®nement

(EVR) developed in a related work (Poh & Horvitz, 1993). EVR is based on the idea of explicitly

comparing the trade-o� between a possible incremental model improvement step and the associated

improvement in solution quality, possibly taking into account the computational cost for the model

if it is signi®cant. In our system, whenever a node is selected by the user, the system can display a list

of the most promising and applicable operations, in order of EVR. The user can then pick one out of

the list for immediate execution or may, by default, always choose the operation with the maximum

EVR. By using this EVR computation facility, we can provide a very e�ective system that guides the

user to improve the target model in directions that lead to models that generate the highest-quality

recommendations. It should be noted that while we may provide guidance on the most promising

direction of model improvement in our system, the user is still very much in control of the process.

In an interactive system, such EVR-directed guidance can certainly shorten the time needed for

model construction, which is often the most signi®cant contributor to the total cost. Finally, it

should be noted that the incorporation of EVR into our system provides a promising way to realize

a fully automated intelligent model construction for autonomous agents.

8 Summary and conclusion

In this paper, we have introduced and de®ned the multilevel in¯uence diagram representation for

knowledge-based model construction. The formalism includes a series of operations that relate an

in¯uence diagram at one level to those at another level. Each in¯uence diagram that can be

generated represents a possible target model that a user may construct based on his or her

speci®cations and knowledge and on the situation at hand. We have also demonstrated that the

eight operations are su�cient at the structural level to construct any target in¯uence diagram in any

practical situation. We have also speci®ed conditions under which the operations are considered

sound.

We have developed a simple algorithm to facilitate the interactive construction of decision models

in real time. We have implemented the multilevel in¯uence diagram modelling system under the

Microsoft Windows environment and have tested it on a number of real-world problems. Our

experience has indicated that multilevel in¯uence diagrams representation is a promising way to

perform knowledge-based model construction. We have also discussed the possibility of adding a

facility that can provide the users with the value of each potential model-construction step so as to

guide the user towards the best target decision model. Finally, we are exploring the possibility of

applying and extending the system to support the construction of dynamic decision models for

medical applications such as the planning of follow-up actions for cancer patients at a local hospital.
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