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Abstract

Quality of decisions based on the decision-theoretic ap-
proach depends on the quality of the underlying mod-
els. Construction of these models is outside of the
realm of both probability theory and decision theory
and is usually very laborious. Aiding model building
in computer systems can significantly reduce the model
construction time while increasing model quality and
can contribute to a wider applicability of decision the-
ory in decision support systems.
We propose an approach to computer-aided model con-
struction that builds on the concept of causal mech-
anisms. Causal mechanisms are local interactions
among domain variables that are usually fairly well un-
derstood and model independent, hence can be reused
in different models. Their algebraic descriptions are
known as structural equations. A model composed of
causal mechanisms is causal and intuitive for human
users. It also supports predictions of the effect of ex-
ternal interventions (decisions). We discuss issues re-
lated to storage and maintenance of causal mechanisms
and interactive model building, including treatment of
reversible causal mechanisms.

Introduction
There has been a growing interest among AI researchers
in probabilistic and decision-theoretic approaches to de-
cision support under uncertainty. This interest has been
spurred by both theoretical developments in graphi-
cal models and by numerous successful practical ap-
plications. Quality of decisions based on the decision-
theoretic approach to decision making is determined by
the quality of the underlying models. Model construc-
tion is outside the realm of both probability theory and
decision theory and is usually very laborious. In addi-
tion, there is no formal criterion for deciding whether a
model is good. Model building is essentially an art in
which human intuition and creativity play an important
role. A popular criterion for success in model building
is whether a model is "requisite," i.e., whether it con-
tains everythingthat is essential for solving the problem
and whether any new insights about the problem will
emerge by elaborating on it (Clemen 1996). A para-
phrase on Einstein’s quote (originally applied to scien-
tific theories) "a model should be as simple as possible
but not simpler" illustrates to a degree the subjective

notion of what a good model is and how much of model
building process is formalized. While obtaining model
parameters, i.e., prior and conditional probability dis-
tributions, has received much attention in behavioral
decision theory literature (see von Winterfeldt and Ed-
wards (1988) for a review) and in artificial intelligence
(Druzdzel & van der Gaag 1995), relatively little work
has been done on composing model structure. At the
same time, there are strong indications that the quality
of advice coming from decision-theoretic models is more
sensitive to the model structure than to the precision
of its numerical parameters (Pradhan et al. 1996).

Most previous approaches to aiding model building
took the path of automatic model construction by a
computer program. Wellman et al. (1992) stress the
need to combine previous domain knowledge with prob-
lem description and observed information. They pro-
pose aiding model building by automated generation of
decision models from a knowledge-base guided by the
problem description and observed information. The is-
sues of knowledge representation, model elaboration,
and control of construction are dealt with autonomously
by the generating program. Breese (1992) proposed 
way to represent and build decision models based on
logical knowledge base approach. Facts, rules, alter-
native outcomes, probabilistic relationships, and infor-
mational dependencies are in his approach encoded in
knowledge base as Horn clauses. The system starts to
build the model when query is posed and completes the
model building when query is answered. The building
process is similar to theorem proving. Egar and Musen
(1994) use graph grammar as the building blocks for
model construction. Their knowledge base includes a
graph grammar as rewriting rule and a classification
tree to encode abstract symbols used in productions.
The system starts with a host graph, such as a value
node, and keep applying the graph grammar to build
up the model until there is no grammar applicable to
current model. When there is more than one applica-
ble grammar rule, the user is prompted to choose which
one to apply. The direction of causality in the graph
grammar approach is fixed by prototypical classes of re-
lations. These prototypical classes of relations make it
difficult to construct elaborate multi-level deep models,
as each level would have to be defined as a prototypical
class.
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While we acknowledge that it may be possible in the
future to build powerful computer systems that will
model human creativity, sense for relevance, and sim-
plicity, we believe that these tasks are and will long be
performed better by humans. Therefore, model build-
ing, a task that relies on all these capacities, is best
implemented as an interactive process. In this paper,
we propose an interactive approach to building decision
models that is based on the concept of causal mecha-
nisms. Causal mechanisms, which are local interactions
among domain variables, are building blocks that deter-
mine the causal structure of a model. As they encode
our understanding of local interactions and are fairly
model independent, they can be easily reused in vari-
ous models. When the algebraic form of the interaction
is known, causal mechanisms are captured by so called
structural equations. As shown by Druzdzel and Si-
mon (1993), conditional probability tables can be also
viewed in causal models as descriptions of causal mech-
anisms. We assist users by identifying a set of mech-
anisms related to current model and let them choose
from among them. In our knowledge-base, we en-
code mathematical relationships among the variables
and, wherever known, the direction of causal influence
among the variables. The mechanism-based view of
model building is unique in the sense that it assists in
building models that contain reversible causal mecha-
nisms, i.e., mechanisms that work in several directions,
depending on which of their variables are being manip-
ulated at any given point. Building causal models is
important for two reasons. Firstly, causal models are
intuitive for human users to understand. Secondly, they
allow for predicting the effect of external interventions,
such as decisions.

The remainder of this paper is structured as follows.
We first give an overview of structural equation mod-
els, causal mechanisms, and how these support changes
in structure. Subsequently, we discuss the process of
interactive model construction, including issues related
to storage and retrieval of causal mechanisms. We then
present an example of interaction with our system. Fi-
nally, we discuss the implications of our approach and
outline the future directions for our work.

Structural Equation Models, Causal
Mechanisms, Causal Graphs, and

Changes in Structure
Pieces of the real world that can reasonably be studied
in isolation from the rest of the world, are often called
systems. We will use the term models to denote ab-
stractions of such systems used in science or everyday
thinking. One way of representing models is by sets of
simultaneous equations, where each equation describes
a functional relation among a subset of the model’s vari-
ables. Such models are usually self-contained in the
sense that they have as many equations as they have
variables and, by virtue of the fact that they describe
an existing system, have at least one solution and at

most a denumerably infinite set of solutions. For each
natural system, there are many ways of capturing the
dependencies among its variables. There is one form,
however, that is specially attractive because of its rela-
tion to the causal structure of the system. It is a form
in which each equation is structural, in the sense of de-
scribing a conceptually distinct, single mechanism ac-
tive in the system. An example of a structural equation
might be f = ma, where f stands for a force active in
the system, m for the mass of a system component, and
a the acceleration of that component. Another equation
might be p = C1 - C2d, where p stands for the price of
a good, d stands for the demand for that good, and C1
and C2 are constants.

The concept of a structural equation is not mathe-
matical, but semantic. Consequently, there is no formal
way of determining whether an equation is structural
or not. Structural equations are defined in terms of the
mechanism that they describe. The notion of a mech-
anism can be operationalized by providing a procedure
for determining whether the mechanism is present and
active or not. Sometimes a mechanism is visible and
tangible. One can, for example, expose the clutch of
a car and even touch the plates by which the car’s en-
gine is coupled with the wheels. One can even provide
a graphic demonstration of the role of this mechanism
by starting the engine and depressing the clutch pedal.
Often, especially in systems studied in social sciences,
a mechanism is not as transparent. Instead, one often
has other clues or well-developed and empirically tested
theories of interactions in the system that are based on
elementary laws like "no action at a distance" or "no
action without communication" (Simon 1977, page 52).
Structural equations may be formed entirely on the ba-
sis of a theory or consist of principles derived from ob-
servations, knowledge of legal and institutional rules
restricting the system (such as tax schedules, prices, or
pollution controls), technological knowledge, physical,
chemical, or social laws. They may, alternatively, be
formed on a dual basis: a theory supported by system-
atically collected data for the relevant variables. Struc-
tural equations are syntactically indistinguishable from
other equations, but semantically they are different and
unique.

A variable is considered exogenous to a system if its
value is determined outside the system, either because
we can control its value externally (e.g., the amount
of taxes in a macro-economic model) or because we
believe that this variable is controlled externally (like
the weather in a system describing crop yields, market
prices, etc.). Equations specifying the values of exoge-
nous variables form a special subclass in an structural
equations model. An equation belonging to this sub-
class usually sets the value of a system’s variable to a
constant, expressing the fact that the value of that vari-
able is determined outside the modeled system, hence,
the variable is exogenous to the system.

Often, the core of a simultaneous structural equations
model of a natural system will contain fewer equations
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than variables, hence, forming a system that is underde-
termined. Only the choice of exogenous variables and
the subsequent addition of equations describing them
makes the system self-contained and solvable for the
remaining (endogenous) variables. Whether a variable
is exogenous or endogenous depends on the point of
view on the system that one is describing. The bound-
aries that one decides to put around the system and
one’s ability to manipulate the system’s elements are
crucial for which variables are exogenous and which are
endogenous in that system. A variable that is exoge-
nous in a simple system may become endogenous in a
larger system.

In a structural equation describing a mechanism M

L~(xl,x2,x3,. ..,x,~,E) = 
the presence of a variable xi means that the system’s el-
ement that is denoted by x~ directly participates in the
mechanism .h4. If a variable xj, in turn, does not ap-
pear in this equation, it means that xj does not directly
participate in .h4.

As shown by Simon (1953), a self-contained system 
equations exhibits asymmetries that can be represented
by a directed graph. If all equations in the system are
structural and all exogenous variables are exogenous
in the modeled system, this graph can be given causal
interpretation.

Structural equation models support prediction of ef-
fects of changes in structure, i.e., external manipula-
tions that intervene in the mechanisms captured by the
original system of equations. A change in structure is
modeled by replacing the equations that describe the
affected mechanisms. Those equations that correspond
to mechanisms that are unaffected by the intervention
remain unmodified.

Normally, the effect of external manipulation is lo-
cal and, when related back to the graph, amounts
to arc cutting (Spirtes, Glymour, & Scheines 1993;
Pearl 1995). When the model contains reversible causal
mechanisms, however, manipulation can have a dras-
tic effect on the graph. Even though variables that
participate in causal mechanisms with one another will
remain directly connected in the new causal graph (if
mechanisms were not affected by the intervention), the
direction of these connections may change. A simple
example is the power train in a typical car. Normally,
when we act on the engine, the engine puts the clutch
in motion, this moves the transmission, and this in turn
moves the wheels. But it is a good practice to use the
power train to slow a car when going down a steep hill
by putting the transmission in a low gear. The whole
causal structure is reversed in this situation: when we
act on the wheels, the wheels bring the transmission
in motion, this in turn moves the engine through the
clutch.

Interactive Model Construction
At some level of abstraction, model construction is re-
lated to manipulation. During model construction, the

user, a model builder, decides which variables in the
model will be exogenous and which endogenous. This
may have impact on the structure of the graph, simi-
larly to what happens in changes in structure. Introduc-
tion of new variables can also lead to structural changes
in the graph. A unique problem, however, is that de-
pending on the order in which causal mechanisms are
brought into the model, the model can be undercon-
strained in the sense of containing fewer equations than
variables. Causal ordering over an underconstrained
model is not defined. In fact, both underconstrained
models and structural changes leading to reversals of
arcs in causal graphs are difficult to formalize within the
framework of directed graphs. In this section, we will
present our view of model construction based on causal
mechanisms. We will sketch how our system encodes
domain knowledge, how it guides the interactive model
building process, and how it restructures the model in
the course of the interaction.

The domain knowledge in our system is encoded in
the form of structural equations. Structural equations
are algebraic specifications of causal mechanisms, i.e.,
local interactions among domain variables. For exam-
ple, school performance (P) may be related to time
spent on watching television (V). In this case, the
database of mechanisms will include a formula of the
form f(P, T) = O. From the point of view of model
structure, it is not important what form precisely the
function f assumes, but rather which variables it binds.
The database of mechanisms can also contain condi-
tional probability tables, such as those used in Bayesian
networks. While many of the mechanisms will be de-
scribed in one, perhaps their only, mode of operation,
some mechanisms are reversible in the sense of being
flexible as to the direction of causality that they imply.
The database needs to include information about possi-
ble reversibility of mechanisms. In addition, each vari-
able in the database should be characterized in terms
of its controllability (i.e., whether it can be potentially
a decision variable), and observability (i.e., whether its
value can be observed in the real world). The latter is
important in deciding whether adding this variable will
be of any benefit to the model.

The interaction with the system starts with an initial
focus, which is normally, in the spirit of value-focused
thinking, the value variable. The user can also draw
several focus variables, for example decisions, observa-
tions, and whatever else she finds relevant or is con-
cerned with a-priori. For example, a user may feel
that there is something wrong with her current finan-
cial situation and decide to use the system to build a
model that will help her in finding out what she could
do. Immediately after starting the system, she may
open a financial knowledge base. She starts by draw-
ing a node on the screen that she names balance. She
subsequently clicks on the right mouse button~ which
prompts the system to display a list of those mecha-
nisms in the knowledge base that involve balance. The
user is able to view all mechanisms in the knowledge
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base that relate balance. She may choose, for example,
](balance, income, expenditures) and drag this mecha-
nism into the workspace. The newly inserted mecha-
nism is then integrated into the model and the current
structure of the model is shown graphically. Focusing
on a node and adding a mechanism that contains this
node amounts to finding a mechanism by which this
node can be accomplished or mechanisms that will be
useful in tying observations to it. The process of focus-
ing on a node, selecting a mechanism from those sug-
gested by the system, and integrating it into the model,
repeats iteratively until the user feels that the model is
requisite. The modeling process can be also aided by
adding larger building blocks such as self-contained sub-
models for a specific types of problems. These blocks
can be components of previously built models or stan-
dalone submodels constructed for the purpose of model
building. This is similar to Laskey and Mahoney’s
(1997) network fragments, an object-oriented knowl-
edge representation framework encoding asymmetric in-
dependence and canonical interactions among groups of
variables. In our framework it is close to the concept
of abstraction in the framework of structural equation
models, studied by Iwasaki and Simon (1994). The
decision concerning the level of granularity and when
to stop with the model building process is made by
the user. The system plays a passive role of an assis-
tant, suggesting mechanisms to choose from, prioritiz-
ing them according to the (possibly acquired or learned)
user preferences. The only constraint that the system
imposes is that the final model is self-contained and,
directly related to this condition, that all arcs in the
graph be oriented.

During the model construction process, it is impor-
tant to keep in mind the concepts of endogenouity and
exogenouity. Designating variables as exogenous or en-
dogenous helps in obtaining a self-contained system
and, ultimately, orienting all arcs in the model graph.
The final version of the model should be self-contained
in the sense of containing as many equations as vari-
ables. Every time the user adds a new mechanism to
the model, she can turn it into an overconstrained or
an underconstrained system. Informally, the first con-
dition happens when the model contains more equa-
tions than variables, and the second when the number
of variables is larger than the number of equations. We
allow the model to be underconstrained at any stage
of the model development, but enforce that the model
is not overconstrained. When the model becomes over-
constrained, the system pops up a list of mechanisms
that are currently in the model and asks the user to re-
lease one of them in order to change the system into a
self-contained or underconstrained system. An under-
constrained model cannot be drawn as a directed acyclic
graph, as the direction of causal interactions is not de-
termined until the model is self-contained. We have de-
veloped a graphical notation for underconstrained sys-
tems that we will present informally in the next section.

Example

We present a simple example that shows building a
model consisting of four variables included in the power
train system discussed previously: engine (E), clutch
(C), transmission (T), and wheels (W). All 
nisms in question will be reversible so that the reader
can become familiar with problems related to reversible
mechanisms.

Suppose that our domain base contains the following
mechanisms:

]I(E,C) = 
]2(C,T) = 
f3(T, W) = 

ft(E) = 
A(W) = 

The equations ]4 and ]5 denote the fact that it is pos-
sible to manipulate E and W directly. We will follow a
scenario in which the user builds a model of the power
train.

1. The user starts the system and chooses a database
that relates to cars.

.
She creates a node and labels it wheels. When she
right-clicks the node wheels, a list of mechanisms pops
up:

I
II(E,C) =0 
A(c, T) = 
f3 (T, W) = 
]4(E) = 
A(w) = 

When the database is large, the program can select
mechanisms to be shown to the user, for example only
those that involve wheels.

.
When she moves the mouse over a mechanism, the
mechanism in question is highlighted and a little bal-
loon pops up that graphically shows the relations
among the variables in the equation.

]A(E,C) = 
]2(C,T) = 

[ f4(E) = 
[ A(w) = 

4. The user clicks and drags a selected mechanism (e.g.,
]a) to the workspace. In this stage, the partial model
presented in the working space is underconstrained.
We show it by drawing two overlapping circles. Since
the model is underconstrained, it is impossible to de-
termine the direction of an arc between the nodes T
and W.
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Ifl(E,C) = 
.f2(C,T) --- 0

5. The user drags mechanism f2 into the workspace.
Note that the model is still underconstrained. Graph-
ically, we show that there are two equations (C,T)
and (T,W) with the variable T common between the
two.

6. The user drags mechanism fl into the workspace.

i
f4E) = 
A(W) = 

Il

.
Now we will show how the user can restructure the
graph by choosing a different exogenous variable.
Suppose that the user accomplishes this by drag-
ging the mechanism f5 into the workspace. As the
model contains only four variables and five equations,
it is overconstrained. The system requires the user to
bring the system down to a self-contained or under-
constrained state by removing equations. It aids the
removal by adding question marks in front of each
mechanism that is a candidate for removal.

iw

7. The user drags mechanism fa into the workspace.
This makes the model self-contained and allows for
determining the casual ordering, which is shown in
the workspace by adding arcs among nodes. The
meaning of the structure of the model is "the engine
puts the clutch in motion, this moves the transmis-
sion, and this in turn moves the wheels."

9. The user chooses to release the mechanism f4. The
meaning of the structure of the model is "the wheel
brings the transmission in motion, this in turn moves
the engine through the clutch."
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Discussion
Support for building model structure seems to be one
of the best ways of improving the quality of decision-
theoretic models and the resulting quality of advice
based on these models. While existing approaches fo-
cus on automatic model building, our approach favors a
closely-coupled loop between the program and its user.
While a system can suggest potential model building di-
rections, we believe that human judgment with respect
to relevance, model size, completeness, and granular-
ity is more reliable than the system judgment. Users
have the flexibility for choosing model elements from
existing knowledge base but also for modifying these
as needed, manually adjusting the model to suit their
needs, and for deciding about possible extensions to the
database of mechanisms. Users also decide about the
level of granularity of the constructed model, a task that
is rather daunting for the automatic approaches. The
database of mechanisms can be best constructed with
a particular set of decision problems in mind. Mecha-
nisms can be obtained from textbook knowledge com-
bined with expert judgment. This limits the choice of
mechanisms at each step of model construction and,
effectively, make the interaction with the user more ef-
ficient. Mechanisms can be also learned from existing
models in the same domain. Finally, they can be added
to the database during the interaction with the user.

A valid question that one can raise in the context
of support for model building is whether it is possible
to make this task completely autonomous. We cau-
tiously answer in the affirmative, but qualify our answer
with limiting the domains in which the autonomous ap-
proach will work well to those that are well known and
well structured, in which it is clear at which level of
granularity the models should be built. This places se-
rious restrictions on the database, as it should ideally
cover one level of abstraction. If there is more than one
possible mechanism that can be chosen at each step, the
program must be able to choose which of them should
be taken. We doubt this is feasible outside a severely re-
stricted class of problems, although attempts to achieve

this goal are certainly needed and useful.
Our approach supports reversible causal mechanisms,

i.e., interactions among variables for which the causal
direction depends on how the mechanism is embedded
in the model, and which of its variables are manipulated
externally. We proposed a graphical representation of
underconstrained systems, that result from existence of
reversible causal mechanisms.

Our approach combines readily with the approach to
parameterizing the network, as described by Druzdzel
and van der Gaag (1995). In the latter, elicitation of nu-
merical parameters focuses on cliques, which in causal
graphs are always supersets of mechanisms. Numerical
information about the mechanisms can be easily stored
in our database along with the structural information.

We are currently building a prototype of the system
and hope to be able to demonstrate it and share our
initial experiences at the symposium.
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