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Many attempts have been made to provide automated assistance for planning
problems. Such research In artificial intelligence (Al) has largely concentrated on
solving two kinds of planning problema: State space search Is used to solve problems
for which there is certainty about the consequences of action and for which the
planning goals can be met completely. Skelstal plan refinement is used to solve
problems for which there exist expliclt guidelines for the construction of plans.
However, many planning problems are characterized by a lack of explicit plan
construction guidelines, goals that are difficult to satisfy completely, and actions whose
consequences cannot be predicted with certainty. A cancer chemotherapy planning
problem ls used to llustrate the limitations of thesa two artificial Intelligence
techniques, and a new approach Is proposed which explicitly represents the uncertainty
and tradeoffs inherent In many planning problems.

Introduction

The generic planning process Involves determining an appropriate course of action that
conforms as well as possible to a set of expliclt goals. Fig. 1 illustrates the typlcal structure of
artificlal Intelligence planning programs. The planner typically has some representation of the
current state of the world, and the desired state or goal state of the world. The planner Is
provided with a set of possible actions or plan operators that can be carried out, together with
the domain knowledge needed to selsct operators -and predict their effects. Planning strategles
may be used to ald the search for an appropriate action. Ultimately, the planner provides a set of
operators which, when carrled out, will transform the Initial state into the goal state.

In the sections that follow, we have Identifled two Al approaches to planning: state space
search and skeletal plan refinement. The analysis highlights the assumptions made by these
tachniques for planning under uncertainty, and indicates the need for a new architecture. The
approach that has emerged from our current work to data ‘is then outlined.
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Figwe 1: Tha generic architecture of a typical artificlal Intelligence planning system.

Al Planning Using State Space Search

State space search systems typlcally represent both the Initlal state and the goal state as
predicate calculus assertions (1).  Plan operators are represented in terms of: {a) thelr
preconditions (indlcating which assertions must be true of any state to which an operator can
apply) and (b) their effects (indicating which assertions must be added to or deleted from a state
each time an operator Is applied).

In this model, the planner searches through the space of all possible states using plan
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operators to move between states. A variety of planning strategles are used to ald the search
for a path leading from the initial state to the goal state. For example, means-ends analysls (2)
recommends those operators which will most reduce the difference between the stats under
consideration and a state which satisfies the goal. More advanced planners have used strategles
that deal with the problem of Interacting goals and plan operators. NOAH (3) uses a critic to
repair incorrect or inconsistent plans for block stacking problems. Stefik's MOLGEN (4) uses
constraints and a least commitment approach to help avoid overcommitting to a particular plan In
the domain of molecular genetics experiment design. All these planners provide a sequence of
operators designed to satisfy the goal.

State space search planners are effective In finding innovative orders of operators to satisty
planning goals. However, systems of this kind make a number of assumptions;

(a) the effects of plan operators must be stated explicitly and with certainty; .

(b) the goals of the planning problem must be stated explicitly and with certainty;

(c) the goals must be stated in such a way that they can be completely satisfied
(i.e., unresolvable tradeoffs must not occur between the parts of the goal).

Thess assumptions limit the applicability of such planning techniques In many areas.

Consequently, most planning systems of this type have solved simple block stacking problems or
robot movement problems.

Al Planning by Refining Skeletal Plans

For many planning problems, the plan operators can be grouped Into classes which can
apply at specific points In the problem solving process. This sequence of classes s called a
skeletal plan. Domain knowledge and strateglc knowledge are used to refine the operators in the
skeletal plan to ones which are appropriate for the problem at hand. Some planning programs
which rely on this skeletal plan refinement approach are: a parallel effort to Stefik's molecular
genetics experiment planner (also called MOLGEN) developed by Friedland (5), VM, which assists
with the management of mechanical ventllation of post-surgical patients (8), ONCOCIN, which
assists physiclans with the management of chemotherapy of cancer patient's {7), and ATTENDING
which critiques physicians’ anesthetic management plans (8). Bacause a skeletal plan is provided
to these systems in advance, they construct plans which have a consistent overall structure. For
example, ONCOCIN Is not concemned with when In the plan sequence to give drug therapy, but
rather which of a number of possible varlations of drug therapy should be given. Similarly,
ATTENDING Is not concerned with when In the plan sequence to induce anesthesia in a patient,
but rather with choosing the most appropriate induction method from the ones which are avallable.

Both ONCOCIN and ATTENDING represent thelr skeletal plans as a constant hlerarchical
structure. In ONCOCIN, this has been called the recommendation hlerarchy (9); In ATTENDING, It
has been called the physiclan approach tree (10). Both these systems use additional domain
knowledge to refine the plan steps at each point in the recommendation hierarchy. For example,
the rules shown In Fig. 2 are used In ONCOCIN to refine generic planning steps such as “order
tests” and “give drugs” to more specific actions.

IF: The chemotherapy that the patient is expected to receive on the
next visit is HD-MTX

THEN: Recommend that the Serum Creatinine test should be done On Next
Visit STAT

IF: 1) The patient has recetved chemotherapy, and
; The measure of neurologic toxicity is 1
THEN: The dose of Vincristine to be given {is 50 percent of the
100% dose.
Figwe 2: = Paraphrased versions of two rules used by ONCOCIN in deciding which
actions to perform when planning cancer therapy. The first rule s used to determine which
test to order. The second Is used to decide on precise dose attenuations.

Skeletal planning Is useful when expert guldelines for selecting plan operators. can be
readily expressed and Innovative plan orderings need not be generated (6). Planning systems
that use this methodology assume that an explicit plan order can be specified in advance and
that, accordingly, planning goals remain relatively constant between problems.

Because a skeletal plan Is refined according to the characteristics of specific planning
situations, this technique only ylelds a solution when the system bulider can anticipate the
characteristics of most planning problems which are likely to occur. Therefore, it I8 not feasible
for this kind of planning system to provide planning solutions for every possible situgtion In a
complex domaln; this would Involve speclfying knowledge about how to respond to an
extraordinary number of specific planning situations.

93



Overcoming limitations of Al planning techniques

The Difficulties in Planning with Uncertainty snd Tradeoffs

ONCOCIN (7) Is a skeletal planning system that encodes the knowledge contalned In cancer
treatment protocols together with experts' Interpretations of those protocols. This knowledge is
encoded in rules which link specific treatment situations to treatment options. Published studies
have shown that ONCOCIN offers advice which is comparable to the treatment offered by that at
a university oncology clinic (11). The data suggest that the program already has the knowledge
to provide useful assistance for many patients with complex oncologlc problems. However,
ONCOCIN (and the protocol that describes a specific experimental treatment regimen) cannot
possibly anticipate all potential problems with therapy, nor can It list guldelines for all appropriate
responses. ONCOCIN accordingly refers patients who are not covered by the protoco! guldelines
to the study chairman, who then recommends therapy using his or her knowledge about the
physiology of the human body and the diseass process, together with strategles for oncology
chemotherapy and the goals for the patient and the clinical study.

We wanted ONCOCIN to be able to provide planning assistance even for those cases which
might otherwise be referred to the study chalrman. This led us to consider either enhancing our
existing skeletal planning methodology or using state space search to augment ONCOCIN's
advisory capabilities. However, we discoverad that the assumptions made by state space search
cannot be met for our problem and that explicit skeletal planning guidelines were Impractical to
devige for such a wide range of possible planning situations,

We set out to design a computer program, called ONYX, that could handle these more

difficult planning problems. Fig. 3 shows the design of ONYX, viewed as an analogy to the
general planning process outlined in Fig. 1.
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Figws 3: The structure of ONYX when considered within the framework of previous
Al planning systems.

The Initial state In this new planning problem Is the patient's state at the time of therapy.
Unfortunately, the description of that state s partially dependent on (a) the tempora! trends of the

patient's response to previous therapy, and (b) variables which are not directly measurable. For
example, relative numbers of various precursor cells in the patient's bone marrow may be crucial
to an assessment of the patient state,

but It is not practical to examine the marrow each time
therapy Is given. These conslderations imply that substantial uncertainty about the current state
of the patient must remain at the time therapy is planned.

Oncology experts use knowladge about the behavior and structure of the human body in the
planning process to help predict the possible consequences of plan steps. Although the structure
of the body Is relatively invariant between patients, there Is substantial varlabllity In how patlents
will behave In response to the same therapeutic Intervention. The uncertainty about the behavior
of the body implies that there must also be some uncertainty about the consequences of carrying
out certain plan operators. A dose of a given drug, for example, may have widely varying etfects
In patients. Furthermore the effects of the drug may occur with some delay, may be transient, or
may not be detectable with certainty.

leere are clear goals to be met In oncology therapy planning: "Kill the tumor cells", "Avoid
toxicity”. But these goals, uniike the goals In traditional planners, are not completely satistiable.
The planner must necessarily make tradeoffs between them. For example, the larger the drug

dose glven, the less that the tumor will grow (a good thing), but the more that the patient will

experlence toxicity (a bad thing).

Because of the uncertainty involved, any proposed set of operatora cannot be guarantsed to
transform the Initial state Into the goal state; Instead the set of operators should yield the
maximum expected attainment of goals.

it Is evident that planning problems of this kind do not meet the assumptions required by
the state space search and skeletal planning methodologles. The following statements summarize
the sallent features of this problem that distingulsh it from other planning problems:
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(a) explicit guldelines for plan selection are not avallable;
(b) there Is uncertainty about the consequences of action;
(c) planning goals cannot be satisfled completely;

(d) the initial state Is not known with certainty,

An_Architecture for Planning with Uncertainty and Tradeoffs

it has become clear to us with experimentation that In the ONCOCIN domain It la important
to represent explicitly the uncertainties about patients' responses to Interventions and the
tradeofts between planning goals. We also have found ourselves unexpectediy but (in retrospect)
Insvitably drawn to the possible use of established normative techniques, namely the declaion
theoretic approach for deciding among & group of alternative plans (12). This theory reduces the
Al planning problem to three subproblems: (I) to generate the group of alternate plana which
should be considered in the decision analysis, (i) to determine the probabilities of possible
outcomes if the competing potential plans were actually carried out, and (1) to represent the
utility of possible outcomes and adjust them for Individual patients.

The desire to exploit this new problem structure and ita concomitant advantagea for
declsion-making and explanation were strong motivations In the design of a new planning
approach. This new pianning architecture Is shown in Fig. 4
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Figwe 4: The three step process for planning under uncertainty In ONYX.
As shown in the figure, the planning process consists of three steps:

1. Plan generation. Using oncology treatment strategies, generate a small set of
reasonable plans by selecting combinations of treatment components appropriate for
the current patient state.

2. Plan prediction. Using knowledge about the structure and behavior of the human
body, together with probabilistic models of human physiology, predict (through
simulation) the future states of the patient after the execution of each proposed plan.

3. Plan ranking. Using decision analysis, rank the plans according to how well the
predictions for each plan meet the therapsutic goals for the patient. The highest
ranked plan can be selected for action.

Our experlence with each of these components has led to an understanding ot this model
for decision-making; we believe it will iead to a computer program which can provide Intelligent
assistance In planning with uncertainty. OQur current work on this problem Is embodied In ONYX,
the planning system designed to be called by ONCOCIN when a patient falla to meet the
evaluation criterla delineated in a formal protocol. ONYX has been Implemsented In prototype form
on a8 Xerox 1108 Lisp machine, and it explicitly adheres to the 3-step process outlined In Fig. 4.

Conclusion

Uncertainties and tradeoffs are pertinent in a wide variety of planning probiems Analogous to
those we are encountering In augmenting ONCOCIN's advisory capabliities. We were surprised to
find that Al techniques had substantial limitations when solving planning problems of this kind. We
believe that the essential features of the new architecture we have devised, In its attempt to
explicitly capture uncertainties and tradeotfs, will be a useful In a wide varlety of planning
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situations where automated assistance might not otherwiss be possible.

Computer programs which provide assistance with medical planning problems almost
inevitably require explicit representation of uncertainty. Probabillity theory, declsion analysis, and
simulation are established techniques which are effactive In solving problems under uncertainty,
However, these techniques only apply after the problem has been properly structured. We
belleve that Al techniques can be used to help structure problems for these normative techniques:
for example, by generating & set of alternative plans for decision analysis, providing the
probability of outcomes for decision analysls, talloring a mathematical simulation to correspond to
the known past characteristica of an Individual patient, or moditying a utility model based on
patient characteristics. The planning problems we are addressing indicate the continuing need to
combine established normative techniques with the symbolic reasoning and representation
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