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Decision-theoretic refinement planning is a new technique for finding optimal courses
of action. The authors sought to determine whether this technique could identify optimal
strategies for medical diagnosis and therapy. An existing model of acute deep venous
thrombosis of the lower extremities was encoded for analysis by the decision-theoretic
refinement planning system (ories). The encoding represented 6,206 possible plans.
The orips planner used artificial intelligence techniques to eliminate 5,150 plans (63%)
from consideration without examining them explicitly. The oris System identified the
five strategies that minimized cost and mortality. The authors conclude that decision-
theoretic planning is useful for examining large medical-decision problems. Key words:
decision-theoretic refinement planning; diagnosis; treatment; oriPs; acute deep venous
thrombosis; artificial intelligence. (Med Decis Making 1996;16:315-325)

To solve complex problems, decision analysts often
must evaluate numerous potential strategies by con-
structing decision trees by hand. This manual pro-
cess has several drawbacks. First, because con-
structing the trees is labor-intensive, analysts may
limit the number of strategies to be explored and
incorrectly may exclude potentially useful strate-
gies.? Second; decision trees for large problems
may be complex, and manual construction of com-
plex decision trees is prone to error. Third, decision
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trees have a very low degree of modularity, making
them difficult to alter. This is a serious drawback
since models are typically developed in an iterative
fashion.

The decision-theoretic refinement planning sys-
tem (DRIPS) automates the process of decision-tree
construction and evaluation. The system provides a
modular representation and uses abstraction tech-
niques to efficiently explore a large number of pos-
sible strategies.® It finds the strategy or strategies
that maximize the expected value of a user-defined
utility function or a set of outcome attributes. With
these capabilities, orirs provides a mechanism to
identify optimal strategies involving diagnosis and
treatment. To study the applicability of this tech-
nigue to medical decision making, we applied ories
to data from a published analysis of management of
acute lower-extremity deep venous thrombosis
(DVT), in which 24 strategies (out of a space of 6,206
possible strategiesl were evaluated.4 To evaluate the
efficiency of the technique, we compared its perfor-
mance on this problem with that of a standard
branch-and-bound decision-tree algorithm.

In this article, we first describe the model of DVT
that serves as a domain in which to demonstrate our
technique. We then describe the ories planner, and
provide details of the action representation, the ab-
straction techniques, and the planning algorithm.
We finish by presenting the results of the analysis of
the DVT domain produced by orirsand comparing
the performance of orirs with that of conventional
decision trees.
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Acute Deep Venous Thrombosis

To evaluate the applicability of bri Ps to medical
decision making, we constructed a model for diag-
nosis and treatment of acute deep venous throm-
bosis of the lower extremities. Appropriate manage-
ment of patients with suspected DVT remains an
important and complex clinical problem. The clini-
cal findings of DVT do not permit diagnosis with
certainty.>® Unchecked, lower-extremity DVT can
progress to pulmonary embolism (PE), a condition
that entails significant morbidity and mortality. An-
ticoagulation therapy for DVT is expensive and car-
ries the risk of severe hemorrhage. Even diagnostic
procedures such as venography entail risks such as
contrast reaction and iatrogenic DVT. The objective
of applying decision analysis to this problem is to
determine the optimal strategies for testing and
treating a patient suspected of having DVT.

Our model was based on data from an article that
compared 24 different management strategies.* We
chose this article because it contained explicit prob-
ability and cost data, and because we hoped to show
the advantage of our technique over the manual
construction of decision trees. To encompass all of
the strategies described in the original model, our
model incorporated up to four tests, with a maxi-
mum of three seven-day waiting periods between
tests. The test procedures included contrast venog-
raphy (Veno) and two noninvasive tests (NITs): im-
pedance plethysmography (IPG) and real-time ultra-
sonography (RUS). Treatment, which consisted
solely of anticoagulation therapy, included uncon-
ditional actions (e.g., Treat all) and conditional ac-
tions (e.g., Treat if thigh DVT seen on venography).*
Although the term “thigh DVT” is not defined in the
reference model, we take it to mean thrombosis of
the superficial femoral vein, deep femoral vein, and/
or common femoral vein.

Action Representation

The standard method of representing strategies
and computing their outcomes in clinical decision
analysis is to use decision trees.’ Since explicitly cre-
ating the trees is labor-intensive, researchers in clin-
ical decision analysis have come up with a number
of representation schemes that help compactly spec-
ify large decision trees.” One such scheme is the
subtree representation.” When specifying a decision
tree, the repetitive tree fragments are replaced with
pointers to a common subtree. Another represen-
tation scheme that is used in the same manner as
the subtree representation but is more expressive is
the Boolean node representation.” A Boolean node
(or rather a Boolean tree) is a tree representing a
conditional statement that describes under which
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conditions which tree fragment is to be used. Figure
1, a.l-a.3, shows examples of subtrees and Boolean
trees. The introduction of Boolean trees and sub-
trees significantly simplifies the representation of
decision trees.

Extensive research in artificial intelligence on
modeling actions under uncertainty has produced a
representation similar to Boolean trees that we call
the STRIPS-style probabilistic action model,” which
compactly represents strategies (thus decision
trees), yet is semantically clear and modular. Vari-
ants of this representation are the underlying rep-
resentations of many current artificial intelligence
planning systems.10:11

To represent strategies using the STRIPS-style prob-
abilistic action model, we first identify the set of all
actions that can be performed by the decision
maker. There will be a subset of this action set that
is the smallest set in the sense that any action that
the decision maker can perform can be constructed
in a simple way from the actions in the set using
conditional statements. We call the actions in this
smallest set the basic actions and the remaining ac-
tions the composite actions. For example, in the DVT
domain the eight basic actions are: IPG, RUS, ve-
nography, no test, treatment, no treatment, wait be-
tween tests, and no wait between tests; a composite
action is “if venography shows thigh DVT then treat;
otherwise do not treat.”

Next, we depict the changes produced after taking
a basic action with a Boolean tree. In this Boolean
tree each condition (logical expressionl on each
branch is associated with a simple decision tree that
models the changes produced when the basic action
is executed and the condition is true. Each simple
decision tree is two levels deep, with a single chance
node as the root, and a number of branches stem-
ming from this node and ending with leaf nodes;
each leaf node contains variable assignments spec-
ifying what happens after taking the action. For ex-
ample, figure 1.b shows the Boolean tree of the basic
action IPGY; the simple decision tree associated
with the first branch states that when IPG is per-
formed and thigh DVT is present (thigh-dvt = 1),
then with a chance of 0.95 the test result is positive
(IPGResult : = +) and cost is increased by $120 (cost
:= cost + 1201; with a chance of 0.05 the test result
is negative (IPGResult := -!and cost is increased by
$120. The Boolean tree of RUS is identical to that of
IPG but the test has higher specificity and higher
cost.

We then construct Boolean trees that describe the
composite actions using the Boolean trees of the ba-
sic actions. In the DVT domain, composite actions
are used to describe situations where a certain basic
action is performed only when certain conditions
are true. For example, we might want to perform
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FiGure 1.

a, a decision tree represented as a sequence of three Boolean trees. The Boolean tree shown in part {a.1)is also a subtree.

NIT is shorthand for “noninvasive tests” and an expression such as NITResult = -+ is shorthand for the expression (IPGResult = +)
or (RUSResult = +). The symbol < is used to indicate the switch of a Boolean node. The symbol } indicates all branches to which a
subtree must be appended in order to create the complete decision tree. b-d, samples of action descriptions. The notation “cost :=

cost + x” indicates that the variable cost is incremented by x dollars.

the action RUS only when IPGResult is negative. We
can represent this with the composite action RUS if
NIT- shown in figure Ic. Notice the similarity be-
tween this Boolean tree and the Boolean tree in fig-
ure la.2. Figure Id shows the Boolean tree for Treat
if NIT+, which represents the case where patients

are treated if at least one test result is positive. No-
tice also the similarity between this Boolean tree and
the Boolean tree of figure la.3. For the rest of the
paper, the Boolean tree of a basic or composite ac-.
tion will be called its action description.

Now we can represent a strategy with a sequence
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of (basic or compositel actions. For example, the
strategy represented with the Boolean trees in fig-
ures la.l-a.3 can be represented by the sequence
of actions IPG, RUS if NIT-, Treat if NIT+. We refer
to a sequence of actions representing a strategy as
a plan. Evaluating a plan, i.e., computing the plan’s
outcomes, is the process of constructing the com-
plete decision tree corresponding to the plan and
using the constructed tree to compute the out-
comes.

In summary, we model the set of possible actions
among which the decision maker can choose with
a set of action descriptions, specifying the effects of
each action. Each strategy being considered is rep-
resented with a sequence of action descriptions and
is called a plan. Computing the outcomes of a strat-
egy amounts to using the descriptions of the actions
in the plan representing the strategy to construct a
decision tree and using the constructed tree to com-
pute the outcomes.

Notice that the method we have outlined for cre-
ating the basic and composite action descriptions
encourages modularity of description. The action
descriptions are created outside the context of their
use in any particular decision tree and are then
composed in sequence to create descriptions of de-
cision trees representing the various possible strat-
egies.

The ores Planner

In the rrs planner, a decision-theoretic planning
problem is described in terms of a set of action de-
scriptions, using the STRIPS-style probabilistic action
model, a set of prior probabilities, and one or more
utility functions or outcome attributes. The goal of
orps IS to find the optimal plan or set of plans.

When using a single utility function, oxes identi-
fies the plan that maximizes expected utility. When
using multiple utility functions or outcome attri-
butes, s identifies the set of plans undominated
with respect to the functions or attributes. In mul-
tiattribute utility theory this set is called the efficient
frontier.? In all but the simplest of domains, analysis
of each possible plan by exhaustive enumeration
would be computationally prohibitive. brRPS pro-
vides a method for abstracting probabilistic actions;
it can reason with these abstractions in such a way
that suboptimal classes of plans can be eliminated
without explicitly examining all plans in those
classes.

Action Abstraction

The rres planner uses a technique that is called
inter-action abstraction®® to search efficiently through
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the space of possible plans. Inter-action abstraction
groups together a set of analogous actions and char-
acterizes the set by the features common to all the
actions. We then can plan with the abstract action
and infer properties of a plan involving any of its
instances. Formally, an inter-action abstraction of a
set of actions {a',&°... a") is an action that rep-
resents the disjunction of the actions in the set. The
actions in the set are called the instantiations of the
abstract action and are considered to be alternative
ways of realizing the abstract action.

To create an inter-action abstraction of a set of
action descriptions {a', a%...a"} we group the
branches (or paths) of the action descriptions into
disjoint sets such that each set contains at most one
branch from each action description. For each set
s that contains fewer than n branches, add n —|s|
branches, each with the effect of one of the
branches already in the set and with condition False
and probability zero. The effect of an abstract
branch is any sentence entailed by each of the ef-
fects of the branches in the set. The condition is the
disjunction of the conditions on the branches in the
set. The probability is specified as a range: the min-
imum of the probabilities of the branches in the set
and the maximum of the probabilities of the
branches in the set.

In figure 2 the action NIT Inoninvasive test) is an
abstraction of the actions IPG and RUS. The de-
scription of NIT is produced by grouping topologi-
cally corresponding branches. For example, the
third branch of IPG is grouped with the third
branch of RUS. The effect of the resulting abstract
branch can be any expression that encompasses the
effects of the abstracted branches. The two tests
have the same effect on NITResult but different
costs, so the cost of the abstract effect is represented
by a range that includes the two costs. The two
branches also differ in the probabilities of the ef-
fects, so we must specify with what probability the
abstract effect is realized. If IPG is chosen as the
instantiation, it is realized with probability 0.90, and
if RUS is chosen, it is realized with probability 0.98.
Thus, the effect is realized with a probability in the
range 10.90 0.981. For these two actions the condi-
tions on the grouped branches are identical, so the
abstract branch is labeled with that condition. In
general, grouped branches need not have the same
condition.

The construction of abstract actions takes some
effort on the part of the user. Rather than specifying
tight abstractions of actions, the user is free to spec-
ify trivial abstractions. But the presence of informa-
tive abstractions, such as NIT, greatly improves the
efficiency of the planner. We have developed tools
to facilitate the specification of basic actions and the
construction of abstract actions. An action-descrip-
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Ficure 2. Abstraction of the basic actions IPG (a) and RUS (b) into noninvasive test NIT (c).

tion editor provides action templates that are easily
filled in by the user. It provides syntax checking of
the completed action descriptions and some consis-
tency checking, e.g., to ensure that probabilities sum
to one. Two abstraction tools partially automate the
process of creating abstract actions.” An inter-ac-
tion abstraction tool generates abstract action de-
scriptions given a specification of which actions to
combine and how to group their branches. A com-
position tool generates a decomposable action given
a sequence of actions to compose.'® The abstraction
tools virtually eliminate the possibility of introducing
errors in the process of constructing abstractions,
since abstracting actions in the ways permitted by
the tools is always correct.

The Abstraction/Decomposition Network

prips searches through a space of plans struc-
tured into an abstraction/decomposition network. An
abstract action has one or more sub-actions, which
themselves may be abstractions or basic actions. A
decomposable action has one or more sub-plans
that all must be executed in sequence. The network
for the DVT domain is shown in figure 3.

The most abstract action, Manage DVT, is an ab-
straction of six actions: No Tests and Treat, Veno
Tests, NIT Tests, Two Tests, Three Tests, Four
Tests. The number of tests represents the length of
the longest allowed sequence of tests. Each of these
actions further decomposes into a sequence of ac-
tions. For example, NIT Tests decomposes into NIT,

Treat NIT. We assume, as in the original model, that
no testing will be performed after the decision to
treat is made. NIT can be instantiated as IPG or
RUS. Our model for management of suspected DVT
encompassed 6,206 concrete plans; for example, one
complete plan (an instance of the Two Tests action)
is “IPG, Wait 7d if NIT-, Veno if NIT-, Treat if NIT
+ or Veno Thigh+,” which means perform IPG, if
the IPG is negative wait seven days and then perform
venography, treat if IPG or venography shows thigh
DVT.

The prirs Algorithm

prirs finds optimal plans by building abstract
plans, comparing them, and refining only those that
might yield optimal plans. Unlike “generative” plan-
ning schemes that build plans by adding actions,'®"
prips performs “refinement” planning. It begins
with a set of abstract plans, and subsequently refines
the plans from more general to more specific. Since
evaluating abstract plans results in inferring proba-
bility intervals and attribute ranges, evaluating plans
with respect to a single utility function assigns an
expected utility interval to the abstract plan, which
includes the expected utilities of all possible in-
stances of that abstract plan. An abstract plan can
be eliminated if the upper bound of its expected util-
ity interval is lower than the lower bound of the ex-
pected utility interval for another plan. In the case
of multiple utility functions, this property must apply
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Manage DVT
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-l [
Dom't Wait ~ Wait 7d  Wait 7d if NIT- PG if LIT- &S if NIT

Ficure 3.  Abstraction/decomposition network. Abstraction relations are show-n with dashed lines and decomposition relations are
shown with solid lines. Actions shown in bold have decompositions or abstractions that are displayed elsewhere in the figure. Due to
space limitations, the subnetwork for the Four Tests sequence is not shown.

to all pairs of utility intervals. Eliminating an abstract the plans by instantiating some of their actions. This
plan amounts to eliminating all its possible in- causes the expectgd utility intervals to narrow. If
stances. When the planner has some abstract plans some of the new intervals do not overlap, more

with overlapping expected utility intervals, it refines plans can be eliminated and the planner can then
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refine those remaining one step further.

Given an abstraction/decomposition network,
rps evaluates plans at the abstract level, eliminates
suboptimal plans, and refines remaining candidate
plans further until only optimal plans remain. The
algorithm works as follows.

1. Create a plan consisting of the single top-level
action and put it into the set plans.

2. Until there is no abstract plan left in plans,

* Choose an abstract plan P. Refine P by re-
placing an abstract action in P with all its
instantiations, yielding a set of subplans {P,,
P., ..., P.}. For each instantiation that has
a decomposition, replace it with the se-
quence of actions into which it can be de-

composed.

* Compute the expected utility of all the sub-
plans.

* Remove P from plans and add {P,, P,,
B N

* Eliminate suboptimal plans in plans.
3. Return plans as the set of optimal plans.

Since DRI Ps eliminates only plans that it can prove
are suboptimal and if run to completion it explores
the entire space of possible plans, it is guaranteed
to find the optimal plans.

Table 1 e« Prior and Conditional Probability Estimates*

Thigh DVT
Prior probability 0.30
Progression to PE if untreated 0.50
Progression to PE if treated 0.10
Calf DVT
Prior probability 0.10
Progression to thigh DVT in 7 days if untreated 0.20
Progression to thigh DVT in 14 days if untreated 0.25
Progression to thigh DVT if treated 0

Pulmonary embolism (PE)
Proportion occurring within 7 days of identified

thigh DVT _ 0.50
Proportion occurring within 14 days of identified
thigh DVT 0.60
Fatality rate 0.10
Anticoagulation
Bleeding episode 0.10
Proportion of bleeding episodes that are major 0.50
Proportion of major bleeding events that are fatal 0.05
Venography
Venography-induced thigh DVT 0.01

Fatal contrast reaction 0.0001

*DVT = deep venous thrombosis; PE = pulmonary embolism.
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Table 2 ¢ Characteristics of Tests Used in the Model*
Sensitivity  Specificity

Thigh DVT
Venography 0.96 0.96
Impedance plethysmography
(IPG) 0.95 0.90
Real-time ultrasonography
(BUS) 0.95 0.96
Calf DVT
Venography 0.90 0.95

*DVT = deep venous thrombosis.

Table 3 o Cost Estimates for Tests, Treatment, and
Complications

Tests
Venography $450
Impedance plethysmography (IPG) 120
Real-time ultrasonography (RUS) 300
Treatment
Anticoagulation (7 days of intravenous
hepal rin, 3 months of warfarin) 5,000
Complications
Minor hemorrhage 1,500
Major hemorrhage 5,000
Nonfatal pulmonary embolism 10,000
Death (due to pulmonary embolism, hemor-
rhage, or contrast reaction) 30,000

Analysis of the DVT Domain

We encoded the DVT domain using data from
Hillner et al.“ The prior probabilities, as well as the
probabilistic effects of all the basic actions, are
shown in tables 1 and 2. The abstraction/decom-
position network representing a space of 6,206 pos-
sible strategies is shown in figure 3.

Rather than use a single utility function, we eval-
uated plans according to two factors: the number of
deaths per 1,000 patients and the average cost per
patient, as in the reference study. The cost was de-
fined as the sum of the costs of tests and treatment
and the costs associated with the state of the patient
at the end of the plan. The cost values used are
shown in table 3.

Given this problem description, o=es enumerated
the efficient frontier by eliminating all plans that
were dominated by some other plan along both eval-
uation factors. For the baseline case where cost of
fatality was set at $30,000, the probability of thigh
DVT at 0.3 and the probability of calf DVT at 0.1,
orps enumerated the efficient frontier consisting of
five plans after evaluating less than 1,000 plans,
yielding a pruning rate of 83%. The plans in the ef-
ficient frontier are shown in table 4, listed in order
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Table 4 e Best Clinical Strategies in Baseline Analysis*

MEDICAL DECISION MAKING

Additional Cost

Deaths per Average Cost per Each Additional
Strategy 1,000 Patients per Patient, $ Life Saved, $

No test, treat none 15.9 1,905 -
Perform IPG, don't wait,

perform venography if IPG was positive,

treat if venography showed thigh DVT 5.47 2,359 43,700
Perform IPG, don't wait,

perform venography if IPG was positive,

treat if venography showed thigh or calf DVT 5.36 2,400 473,000
Perform RUS, treat if RUS showed thigh DVT 5.20 2,444 243,000
Perform RUS, don't wait,

perform venography if RUS was negative,

treat if RUS showed thigh DVT or venography 4.50 3,276 1,610,000

showed thigh or calf DVT

*DVT = deep venous thrombosis; IPG = impedance plethysmography; RUS = real-time ultrasonography.

of decreasing total deaths per 1,000 patients.

The results of our analysis differed significantly
from those of Hillner et al. First, our analysis deter-
mined a lower average cost per patient than the cost
shown for all strategies in the reference study. Anal-
ysis demonstrated that instead of showing calf DVT
progressing to PE through thigh DVT, as defined in
their model, the reference study implicitly modeled
calf DVT leading directly to PE with probability 0.5.*°
Second, two of the strategies considered to be
among the best clinical strategies by the reference
study did not appear in our efficient frontier. Both
of these strategies involved waiting between tests.
Third, our efficient frontier contained five strategies,
while the reference study lists only three best strat-
egies. For example, the reference study did not con-
sider such cost-effective strategies as “perform IPG,
don't wait, perform venography if IPG was negative,

treat if venography showed thigh DVT.” This can be
accounted for by the fact that the o rs System ex-
plored more than 6,000 strategies, while the refer-
ence study examined only 24 strategies considered
to be of clinical interest. Thus it may be advanta-
geous to use an automated planner to sift through
a large set of possible strategies rather than to use
clinical judgment to select a small subset to analyze.
The wes planner provides the computational effi-
ciency to make this feasible.

Analysis of Computational Efficiency

Since one of the primary goals in developing the
omps Planner was to exploit the technique of ab-
straction to gain computational efficiency, it is im-
portant to quantitatively evaluate the effectiveness of

14000
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FIGURE 4. Running times for DRIPS and a
branch-and-bound decision-tree-evalua-
tion algorithm for various costs of fatality.
Running times are measured in CPU sec-
onds on a DEC 5000/240.

500

Cost of fatality ($ thousands)
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the approach. Theoretical analysis shows that with
an appropriate abstraction hierarchy, the run-time
complexity of wes is exponentially better than that
of exhaustive enumeration.® While this indicates
great potential benefit, it does not provide a good
indication of how effective the system will be in
practice nor of how it compares with standard ap-
proaches. To provide such a measure, we used both
DRIPS and a branch-and-bound decision-tree-evalu-
ation algorithm to find the strategy with the lowest
average cost per patient over a range of cost func-
tions. We built software that used the basic action
descriptions to generate a decision tree representing
all possible plans and evaluated it using branch-and-
bound technique8 to find the optimal plan. Both
ompes and the decision-tree algorithm were imple-
mented in the CommonLisp programming lan-
guage, and analyses were run on the same machine.

Figure 4 shows the running times for ces and
for the decision-tree branch-and-bound algorithm
at values of cost of fatality ranging from $50,000 to
$500,000. wes outperformed the branch-and-
bound algorithm at all values. In the most extreme
case, the running time of wes was only 15% that of
the branch-and-bound algorithm. While the run-
ning time for orirs varied little as the cost of fatality
was changed, the running time for the branch-and-
bound algorithm was highly sensitive to the cost of
fatality and decreased considerably at a cost of fa-
tality of $500,000. This is due to the fact that at that
cost, plans that have a significant probability of fa-
tality look sufficiently bad to be pruned away early.

To examine how the efficiencies of the two ap-
proaches vary as a function of problem size, we ap-
plied each approach to four versions of the DVT do-
main of increasing size. The first contained only
plans including at most one test, for a total of 158
plans; the second contained plans with zero, one, or
two tests, for a total of 1,022 plans; the third domain
was the one mentioned above; and the fourth do-
main contained plans with up to five tests, for a total
of 37,310 plans. Figure 5 shows the running times
per plan for mes and the branch-and-bound algo-
rithm for each of the domains. The running time
per plan for the branch-and-bound algorithm in-
creases markedly (from 0.86 second per plan to 1.96
seconds per plan) as a function of problem size,
while the running time per plan for orirs actually
decreases (from 0.32 second per plan to 0.21 second
per plan). This means that the overall running time
for cmes increases more slowly than the domain
size increases and the overall running time for the
branch-and-bound algorithm increases more rap-
idly. Thus, orirs becomes even more efficient than
the branch-and-bound algorithm as the size of the
domain increases. The memory usage of ores al so
compares favorably with that of the branch-and-
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FIGURE 6. Memory consumption for ories and a branch-and-
bound decision-tree-evaluation algorithm for problems of in-
creasing size. Values represent the maximum numbers of world
states that need to be stored at one time by each algorithm.
Values were obtained on a DEC 5000/240 with cost of fatality set
at $50,000.

bound algorithm over this same suite of problems
(fig. 6). In the most extreme case, orirs Uses only
4.4% as much memory as the branch-and-bound al-
gorithm.

Discussion

Decision-theoretic refinement planning, as em-
bodied in the ories planning system, may be very
useful for a wide variety of medical problems. The
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current investigation has shown its applicability to
problems of policy development, but the planner
also could be applied to the management of individ-
ual patients. Strengths of this approach include the
modularity of the action representation, and the
ability to efficiently explore a large set of possible
strategies. While the results of the empirical com-
parison of the performance of wes against that of
the branch-and-bound algorithm are not conclu-
sive, they suggest that ores can provide better per-
formance in domains where good abstractions are
available. Conclusive results await further empirical
testing on a variety of problems.

Wellman’s subo-pLanner System'® uses decision-
theoretic principles to eliminate classes of subopti-
mal plans in domains characterized by partially sat-
isfiable goals and actions with uncertain effects. It
eliminates only those classes of plans that it can
prove are dominated without resorting to reasoning
about tradeoffs. Planning knowledge is represented
in the form of qualitative probabilistic networks,
which encode qualitative constraints on the joint
probability distribution over a set of variables, as
well as the qualitative relations of those variables to
a value node. supo-rLanner does not produce plans,
but rather provides a set of constraints that the op-
timal plan must satisfy. Other recent work on deci-
sion-theoretic planning has included the probabilis-
tic least-commitment planner of Kushmerick et al.
and several Markov-process-based planners.®22

Uckun’s sav system?® uses abstraction/decompo-
sition networks for protocol-based treatment plan-
ning, plan execution, and execution monitoring. The
hierarchical representation of plans is used for con-
trolling execution. Although the hierarchy encodes
alternative plans, Uckun does not show how choices
are made when alternatives exist. The ssin System
does not include decision-theoretic measures of un-
certainty or plan quality.

The use of orirs Offers several practical advan-
tages. wres allows the model builder to provide
“modules” of information: the description of each
action can be highly compartmentalized. One can
easily alter a model’s underlying assumptions to
evaluate the effects on the outcome; in this way,
orps CAN perform sensitivity analysis of the model.
Additional testing and treatment actions can be
added easily to ories planning models. Furthermore,
applying orirs to a decision problem does not re-
quire the user to limit analysis to a small set of pos-
sible strategies. We view decision-theoretic refine-
ment planning as a technique that has wide
applicability to medical decision making.

The efficiency of our approach depends largely on
how domain regularities are exploited to build the
abstraction hierarchy. The applicability and the per-
formance of the planner would be improved if

MEDICAL DECISION MAKING

methods could be devised to automatically con-
struct effective abstraction hierarchies that mini-
mize information loss due to abstraction. Devising
such procedures has been shown to be possible for
a limited class of domains.?! In more complex do-
mains with more expressive utility functions, it is
much harder to define procedures to automatically
generate good abstraction hierarchies. We are cur-
rently working on this problem.

Other issues we are addressing include improving
system performance and expanding the class of
problems the system can address. The current orirs
software is written in the Common Lisp program-
ming language, and due to its developmental nature,
has not been optimized for run-time efficiency. The
prips System'’s algorithms are well suited for parallel
processing, and can be adapted easily to run effi-
ciently on a local- or wide-area network of general-
purpose workstation computers. The br ps algo-
rithm can currently solve planning problems
involving discrete decisions, but many decision
problems involve choosing levels of continuous
guantities as well, e.g., the quantity of a drug to ad-
minister. We are extending the action representa-
tion and algorithm to handle such continuous de-
cision variables.

The authors thank Maureen Good Finigan for helping run the
analyses of the domain model. The prirPs software is available
via www at ¢http://www.cs.uwm.edu/faculty/haddawy).
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