UCLA-ENG-REP-7666
JUNE 1976

UNIVERSITY OF CALIFORNIA

Los Angeles

An Interactive Program for
Conversational Elicitation of
Decision Structures
A dissertation submitted in partial satisfaction of

the requirements for the degree of Doctor of Philosophy

in Engineering

by

Antonio Leal

1976



The dissertation of Antonio Leal is approved.

"Norman C. Dalkey

Edward C. Carterette

— ~— ~ )y

AL
Joseph A.~Goguen Jr.

£

(S
Judea Peart”

Committee Chairman

University of California, Los Angeles

1976

i



To my wife,

Mary F. Leal



TABLE OF CONTENTS

I. INTRODUCTION

I1. NODE EXPANSION ORDER

ITI. GAINING INFORMATION THROUGH EXPERIMENTATION
IV. THE ELICITATION PROCEDURE

V. SAMPLE INTERVIEW SESSION

VI. PROGRAM DESCRIPTION

VII. CONCLUSIONS

REFERENCES

APPENDIX. PROGRAM CODE LISTING

iv -

32
53
70
82

100

108

110



Figure
Figure

Figure

Figure'

Figure
Figure
Figure
Figure
Figure
Figure
Figure
Figure
Figure
Figure

.Figure
Figure
Figure

Figure

Figure

~nN

N NN
O 00 N O O B

w W
W N

LIST OF FIGURES

J Breadth-First Expansion Order
.2 Depth-First Expansion Order

.3 Analog between Heuristic Search on Game

Trees and Decision Tree Elicitation
Basic Sensitivity Differential
An Event Tree
Collapsed Event Tree
Partitioned Decision Tree
Distribution Graph

o spread

—

Experimentation Structure
Imbedded Experiment
Duplication of Tree Structure

Transition to Experiment Node

.5 Collapsed Event Node

.6 Event Node Rollback Functjon with

Probability Vectors

.7 Decision Node Rollback Function with

a Value Vector

.8 Event Node Rollback Function with

a Value Vector

.9 Rollback Function for Experiment Nodes

.10 Two Intersecting Experiments

12
13

16
18
20
22
24
29
31
33
37
38
A
42

44

45

46

48
49



Figure
Figure
Figure
Figure
Figure

Figure

Figure 6

Figure
Figure
Figure
Figure

Figure

()]
.
[AS]

[S2 BENEN & 2 B ~ S )

w N

NN O O

ay

.
—_—

S~ W

Expanded Experiment Structure 50
‘Eiicitation Procedure , 54
Elicitation Procedure Flowchart 67
The Basic Decision Structure | 71
The Full Decision Tree 80
The Condensed Decision Structure 81
Program Organization ' 83
Internal Node Structure | 86
Internal Arc Structure 88
Node and Arc Super-Structures 90
Interpretation of an Event Node 103

Order-Independent, Non-Duplicative Event Node 105

vi



ACKNOWLEDGMENTS

First and foremost, I would 1ike to thank my advisor
and committee chairman, Dr. Judea Pearl, of the Engineering Systems
Department for his supervision, guidance, and instruction. His
keen insight and sharp criticisms were invaluable. I am most
grateful for his patience and understanding. I would also like to
thank the members of the graduate committee for their helpful
comments, suggestions, and approval: Dr. Norman C. Dalkey, Engineering
Systems Department; Dr. Edward C. Carterette, Psychology Department;
Dr. Joseph A. Goguen, Computer Science Department; and Dr. James S.
Dyer, Graduate School of Management.

I extend my gratitude to Ward Edwards, Social Sciences
Research Institute, University of Sbuthern California, Los Angeles,
for spending his time in discussions with me. I would Tike to
thank Dr. Gerald Shure, Dr. Ralph Meeker, and Dr. Miles Rogers of
the Center for Computer-Based Behavioral Studies (CCBS) for their.
support on the PDP-10 computer system and to Craig M. Rogers for
his help WTfh my programming problems. Finally, a special thanks
to Dr. Robert Young of the Advanced Research Projects Agency (ARPA)
for his interest and computational support. This research was

funded in part by'the National Science Foundation Grant GJ-42732.

vii



VITA

December 9, 1942--Born, Chicago, I1linois

1965--B.A., University of I11inois

1966--M.S., University of I1linois

1966-1969--Project Manager, Computer Sciences Corporation,
Washington, D.C.

1969-1973--Associate Research Scientist, System Development
Corporation, Santa Monica, California

1975-Present--Senior Scientist, Perceptronics, Inc., Woodland

Hills, California

viii



ABSTRACT OF THE DISSERTATION

An Interactive Program for
Conversational Elicitation

of Decision Structures

by

Antonio Leal
Doctor of Philosophy in Engineering
University of California, Los Angeles, 1976

Professor Judea Pearl, Chairman

An interactive computer program has been designed and
implemented that elicits a decision tree from a decision maker in an
English-Tike conversational mode. It emulatés a decision analyst who
guides the decision maker in structﬁring and .organizing his knowledge
about a particular problem domain. The objectives of the research
are: (1) to provide the decision analysis industry with a practical
automated tool for eliciting decision structures where manual
elicitation techniques are either infeasible or uneconomical,

(2) to cast the decision analyst's behavior iinto a formal framework
in order to examine the principles governing the elicitation
procedure and gain a deeper understanding of the analysis process

itself, and (3) to provide experimental psychologists with an
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automated research tool for coding subjects' perception of problem
situations into a standard and formal representation.

Thé approach centers on the realization that the dynamic
process of decision tree elicitation is almost identical to conducting
a heuristic search on game trees. Heuristic search techniques, when
applied to tree elicitation, permit real-time rollback and sensitivity
analysis as the tree is being formulated. Thus, it is possible to
concentrate effort on expanding those parts of the tree which are
crucial for the resolution of the solution plan. The program requires
the decision maker to provide provisional values at each intermediate
stage in the tree construction, that estimate the promise of future
opportunities open to him from that stage. These provisional values
then serve a role identical to a heuristic evaluation function in
selecting the next node (scenario) to be explored in more detail.

The program is completely domain independent. That is, it
assumes no prior knowiedge specific to any problem environment.
Through interaction with a prescribed sequence of queries, the
decision maker is able to supply information on the structuring of
his particular decision predicament. For examﬁ]e, the decision maker
may supply information about the various decision alternatives
representing possible future opportunities; outcomes of uncertain
events along with 1ikelihood relations among them, and immediate
costs, if any. In addition, he is permitted to make a mental
"experiment" that, when actually performed at a later time, will
shafpen the 1ikelihood estimates of future events. The final result
of the computer interview is a complete "solution plan" that

recommends an action for all anticipated contingencies.



I. INTRODUCTION

Decision analysts are often called upon to assist in the
solution of planning problems ranging over a large variety of domains.
In such circumstances, the decision analysts usuai]y possess less
specific knowledge about the problem domain than their customers and
their contributions are confined primarily to formalization of the
problem and optimization of the solution. While optimization is usually
performed on electronic computers, formalization has invariably been
accomplished manually, using lengthy interviews with persons intimately
familiar with the problem domain.

This dissertation describes an attempt to automate the
formalization phase using an interactive computer system that guides
the decision maker through a structured English-like dialog and
constructs a decision tree from his responses. The objectives of this
work are three-fold: (1) to provide the decision analysis industry [1,2]
with a practicé1 automated tool for eliciting decision trees in cases
where manual elicitation techniques are either infeasible or uneconomical,
(2) to cast the decision analyst's behavior into a formal framework in
order to examine the principles governing the elicitation procedure and
gain a deeper insight into the analysis procéss itself, and (3) to
provide experimental psychologists with an automated research tool for
encoding subjects' perception of problem situations into a standard and
formal representation. |

The absence of an established formal procedure of eliciting
decision trees is not difficult to understand; Tree construction is the

first step in the decision-making endeavor: the formal representation



of informal concepts [3]. Since the informal concepts reside in the
decision maker's perception of the problem environment, the trans]ation
process consists of discussions and intérviews as well as attempts to
educate him as to the type of information he is to supply. It often
requires a special insight and ingenuity on the part of the analyst to
direct the conversation and phrase the queries in a way that will yield
both informative and reliable information.

From a practical viewpoint, the major drawback of manual
interviews is their Tength and cost. Since real-time analysis of decision
trees is beyond the limitation of human computational capability, it
invariably happens that many hours of interviews are spent on eliciting
portions of the decision tree that do not have decisive bearing on the
problem at hand. This fact can only be discovered at a later stage,
when the problem structure is formalized and when a sensitivity
analysis has been conducted on a computer. During the interview itself,
however, it is impossible for the analyst to process the entire
information obtained by him up to that point and to select the optimum
course for conducting his future inquires. For example, in eliciting
utilities it is a common practice to extract indifference curves among
several value attributes. Often the decision analyst is forced to
~elicit these curves over a wide range of atfributes only to find out
later that eliciting preferences among a few selected points would
have been sufficient to determine the entire problem [u4]. Similar
situations occur in the process of eliciting conditional probabilities
and  in the expansion of very complex trees. Thus, our inability to
perform real-time analysis of the information at hand forces us to waste

~ precious time on inconsequential, detailed queries.



A direct man-machine interface could provide three distinct
advantages. First would be the capability of real-time sensitivity
analysis, which in turn could be used to guide the growth of the
decision tree in only the most promising directions. Detai}ed queries
could be reserved, then, for those branches of the tree which, on the
basis of the information obtained thus far, seem most cruciél to the
main decision-related gqa]s.

The second advantage of direct man-machine elicitation would
be the ease of updating the system with new knowledge. It is expensive
(if not impractical) in many situations to solicit the assistance of
a decision analyst each time the decision maker gains a new piece of
knowledge. A conversational system, on the other hand, could provide
an intimate mediumthat could be updated quickly even by the non-technical
planner.

The third advantage would 1lie in the feasibility of incor-
porating real-time Delphi methods for_aggregating the opinions of
several experts [5]. Decision structures e)icited from other members
of the team could be interrogated at will and displayed during the
elicitation process to help an expert enrich.of revise his previoué
structure. Disagreement could be detected, isolated, and brought up
for further team discussion.

The art of directing a tree-eliciting dialog is governed
by two conflicting goals. On one hand, the analyst attempts to bring
to bear the most complete knowledge that the decision maker may possess
relevant to his current problem. On the other hand, he desires to do so

with the Teast number of queries. Cutting:down on the number of queries



could only be accomplished at the expense of reducing the reliability of
the information obtained. The analyst could, of course, limit the
queries to holistic, global judgments, avoiding the painstaking
detailed queries or he may terminate the tree prematurely, ask for
value judgments on the terminal nodes, and begin the optimization
phase. Such schemes, however, would defy the very purpose of decision
analysis.

| Decision analysis is founded on the paradigm that people
possess reliable procedures for detecting, storing, and retrieving
fragments of knowledge, but possess much less reliable procedures for
aggregating these fragments into a global inference. If it were not for
this deficiency, there would be no purpose served by analysis. It
would then be sufficient to ask the decision maker, "Which alternative
action seems most valuable to you?" and when he responds, advise him,
"Do it!" The fact that the analyst refrains from asking direct value
judgments on actions but prefers to construct them mechanically from
judgments on events, circumstances, and surmises, reflects the analyst's
hope that mechanically constructed judgments, u;ing Bayes' rollback
p%ocedures [6] are more faithful to the decision maker's experience
.than direct holistic -judgments: internally processed by him [71].
v Thqs, by asking more detailed questions and expanding thé depth of the
decision tree, the analyst expects to obtain a refinement of less
accurate judgments that could not otherwise be obtained at an earlier
stagg. It is this tradeoff between the cost of each query and its
contribution to the overall judgment accuracy that underlies the style

that analysts select in conducting their dialogs.



This tradeoff bears a striking similarity to that which governs
tree expansions in Artificial Intelligence procedures. Game playing,
robot planning, and theorem proving programs [8] all seek to obtain
close-to-optimal solutions without exhaustively séarching through
the underlying problem trees. In these applications, tree pruning is
achieved via the use of a heuristic function: a simple rule, externally
provided by the analyst or programmer, that computes a crude estimate
of the value (strength or promise) of any tree node in reaching the
goal. In the game of chess, for example, such a rule may prescribe the
way in which the various aspects of any board configuration (i.e.
material advantage, mobility, number of threatened pieces, etc.)
should be combined to give a rough estimate of the overall strength of
that position, The true value of each configuration (i.e. "win",
"draw", or "lose") cannot, of course, be détermined exactly unless the
game tree is expanded exhaustively out to its terminal positions and
a mini-max ro]]back procedure is applied [9]; Since such a search is
utterly impractical, the strength of each position is determined by its
rollback value after the heuristic evaluation fpnction is assigned to
tﬁe terminal nodes of a truncated tree. The strength could, of course,
be determined by direct application of the héuristic function to the
position in question. However, such evaluation would be far less
reliable than one obtained by rollback over several levels of
look-ahead. Thus, the purpose of tree expansibn is, as in the case of
decision trees, to obtain a more reliable estimate of a node's value.
The value produced by the heuristic function méy thus be considered
to consist of the "true" value plus an error factor or noise that is

reduced by tree expansion.



The availability of a heuristic evaluation function is one of
the advantages that heuristic search has compared to decision tree
expansion. The function is available at each node during expansion to
estimate its relative potential for achieving the search objective. Thus,
not only is this measure used to evaluate the tip nodes before rollback,
but it also determines the order of node expansion. Heuristic search
procedures select for expansion that node which, on the basis of the
provisidna] evaluation function, seems most likely to separate the
top contending plans. Using this technique, substantial savings in
node expansion have been achieved, even with very crude heuristic
functions.

In contrast, in manual decision tree elicitation, the analyst
usually structures the entire tree (to some comfortable depth) before
values are placed on the tip nodes. Drawing an analogy with heuristic
search techniques, it seems that decision tree analysis could be
enhanced considerably if values were available on nodes as the tree is
being expanded. What would such values represent? They would be no
different than values placed at the tip nodes qf the completed tree:
eétimates of the relative utility of the outcomes. This utility
represents a'mehtal estimate of the rollback value of a complete
theoretica]’tree emanating from that particular node on.'It can,
as before, be regarded as the final expected value with errors due to
deficiencies in mental aggregation procedures. Nevertheless, if the
decision maker is requested to provide values for nodes as they are

being expanded, the information can be used to determine a node



expansion order. As the tree expands, these provisional values become
more “"refined", that is, closer to the true (mechanically processed)
value.

The major objective of the elicitation program discussed
here is the construction of the decision tree. While many other
computer systems focus on the elicitation of utilities and proba-
bilities [10], these aspects are not emphasized here. The decision
maker is assumed to be able to provide value and likelihood estimates
in numerical form, eliminating the need for construction from a
sequence of binary choice queries. More sophisticated techniques for
utility and probability elicitation could be incorporated into the
program once the elicitation skeleton is developed.

The first portion of this dissertation deals with the
fundamental concepts incorporated into the”elicitation program. The
latter portion describes the operational program itself. Section II
describes heurfstic search in more detail than discussed thus far
and relates it to the node expansion algorithm imposed by real-time
sensitivity analysis. In section III, the oppdftunity to gain
ihformation through experimentation is discussed and the method by
which this opportunity is made available to the decision maker. The
majn elicitation procedure, as experienced by the decision maker
using the program, is described in section IV along with typical-
queries. Section V demonstrates the operatioh of the program using
a typical dialog with a decision maker facing a hypothetical problem
situation. The internal structure and organizétion of the actual

program is illustrated in section VI with a description of major



routines and their relation to the entire system. Section VII
summarizes major conclusions of the research including a discussion
of the advantages and deficiencies discovered during the development.

A complete program code listing is supplied in the Appendix.



II. NODE EXPANSION ORDER

Traditional decision tree elicitation techniques require
the decision maker to formulate decision a]ternafives and expected
events as a first step toward tree construction. Only after the tree
structure has been tentatively solidified, is the decision maker
expected to place probabilities on event outcomes and values on
projected future situations. Probabilities are placed at each internal
event node and values are placed at each terminal ("tip") node of the
tree. Each tip node represents a projected future situation (scenario)
that is uniquely determined by the path from the initial decision
(root) node to the tip of the tree. The decision maker must evaluate
each individual path and place a numeric value on it in terms of a
previously selected utility scale. After é]] values and probabilities
have been determined, a computational (rollback) analysis determines
which of the initial decision alternatives is the most favorable for
the decision maker to take.

The current research emulates an “éutomated decision
(analyst“ who, aside from recommending optimal action plans, éTso
constructs the decision tree itself. It calls for a rational
procedure to govern the growth of the decision tree. The adopted
approach to such a procedure rests on the hypothesis that expanding
the decision tree during an elicitation interview is equivalent to
conducting a heuristic search in a complex problem tree. As an

example of problem solution by search, consider the task of finding



the shortest route between two cities, say Los Angeles and Houston.
In this domain, the search "tree" is a representation of possible
routes from Los Angeles to Houston and a "node" represents a highway
junction. A search procedure would investigate each route, one at a
time, in an attempt to locate the optimal path. It is, essentially,
problem solution by exhaustive enumeration. The final result is an
optimal solution path that recommends a course of action at each
node. In this case, the result would be a 1ist of "directions" which
specify a highway to follow at each junction.

The game of chess provides another example of a problem
which can be attacked by search techniques. In this case, however,
it is not a solution path that is required, but a solution pZan.

Each node in the search tree represents a different chess board
configuration. The nodes are connected by the legal moves of the

game. That is, the transition from one node (board position) to
another in the search tree is governed by the possible chess moves
that the player can make at that time. Since the moves of the opponent
are unknown, a solution plan must recommend an optimal move regardless
of his actions. Such a plan is an optimal "subtree" contained in the
original tree of all possible moves.

The search procedure itself begins at the initial situation,
called the "root" node, and generates possible successor nodes
according to the characteristics of the specific problem domain.

In the cities example, this corresponds to locating each highway

junction Teading out from Los Angeles. In chess, each possible move
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from the current position is considered. Once this generation is
accomplished, the node is said to have been "expanded". By repeated
expansion, longer and longer paths are generated and the search tree
is '"grown". |

Although the expansion rules follow straight-forwardly from
the problem environment, the order of expansion remains to be defined.
That is, there are no intrihsic rules that select the next node to be
expanded. Two well-known tree search procedures are available that
search the nodes in a uniform or "blind" manner. They are "breadth-
first" and "depth-first" expansion [8]. Uniform node expansion
algorithms generate an expansion order that is independent of any
information about the relationship between the candidate nodes and
the solution. Breadth-first expansion grows the tree on equal-depth
contours (see Figure 2.1). A1l nodes in the outer-most layer are
expanded before any node in deeper layers. This insures that all
paths from thé root have equal length. In fhe context of decision
tree elicitation, for instance, a breadth-first expansion order means
that each scenario has an equal level of ref{pement. Thus, tree
'growth will, in general, follow an orderly progression in time and
the decision maker will not be forced to make predictions in a
widely varying time domain. The disadvantage is, of coufse, that he
is forced to elaborate non-crucial scenarios.

The second uniform expansion a1gofithm is "depth-first"
(see Figure 2.2). Each path is explored to its logical conclusion
(or to a prespecified depth bound) and then felated paths are

generated in an overall left-to-right pattérn. In the context of

-1



Figure 2.1. Breadth-First Expansion Order



Figure 2.2. Depth-First Expénsion Order
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decision analysis, the decision maker would be asked to follow a
scenario to its conclusion, however, precious time could, again,

be wasted in exploring scenarios that have low impact on discovering
the solution.

In contrast to the uniform expansion algorithms described
above, heuristic search techniques attempt to use information about
the relationship between candidate nodes and the solution. Such
informétion is in the form of a "heuristic function" which is a rule
for estimating the difficulty of reaching the solution from any
given node. In the cities example, a heuristic may be the direct air
distance from any highway junction to Houston (if known). In chess,
a heuristic would estimate the difficulty of achieving a checkmate
from any given game configuration. The numeric value of the heuristic
has the effect of ordering the candidate nodes as to their promise
in finding a solution. That node with the most promise can be
selected as the next to expand.

A "perfect heuristic"* should produce a value of 1 for all
nodes in the optimal solution plan and a value of O for all other
-nodes. In this case, there would be no "search" since a perfect
strategy would exist for accomplishing the objective. In real-world
situations, however, we must usually be satisfied with a less-than-

perfect heuristic function and a finite-horizon search tree. This

* A "perfect heuristic' is somewhat of a contradiction in terms, since
the connotation of the word "heuristic" is a "rule of thumb" that

comes from human intuition.
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will cause some nodes to be expanded that do not 1ie in the optimal
solution plan because the heuristic function will provide a non-
optimal ordering of the candidate tip nodes.

Figure 2.3 compares heuristic search with decision tree
expansion. The method used to direct the interview requires the
decision maker to estimate provisional values that represent oppor-
tunities open to him by anticipated action/event combinations.

The provisional values are used in the same way as the
heuristic function in tree searching. The difference is that the
heuristic function is initially supplied by the analyst or programmer
and must be defined over the entire problem domain, while the
provisional values are supplied by the decision maker during the
elicitation interview. As a consequence,’node expans1ons follow the
decision maker's perception of event relationships in the environment
rather than following predefined transition rules. These values can,
as in the case'of heuristic search, be consfdered to be the "true"
values with error due to "noise". The amount of error is dependent
on the size of the tree and the decision makef's ability to provide
éorrect information. Since the decision maker's predictive ability
remains relatively constant, the amount of error is more directly
related to the size of the tree. |

The order of expansion algorithm should be consistent with
the overall objective of the decision ana]yéfs. Thus, the primary
interest is not, as might be expected, to expand the most valuable

(highest utility) path discovered, but rather, to expand that node
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H(S)

[] First player's turn [] Decision node
to move

(:) Second player's turn (:) Event node

to move
HEURISTIC SEARCH ON GAME TREES DECISION TREE ELICITATION
e Object is to find the path (plan) with the e Object is to find the path (plan) with the
highest heuristic value H(S) with the highest utility U(S) with the minimum
minimum number of node expansions. number of questions.
o Complete tree unavailable explicitly. e Complete tree unknown to the analyst.
(Implicitly contained in game rules.) (Resides in the decision maker's knowledge.)
o Expansion follows state transition rules. o Expansion follows the decision maker's
(Legal moves.) perception of event/action relationships.
¢ Heuristic function provided by analyst. ® Provisional values provided by decision maker.
e Heuristic function guides search. o Provisional values determine next question.
e Mini-max rollback. ‘ e Expecti-max rollback.

¢ Terminal nodes determined by rules(win/loss) e Terminal nodes determined by decision maker.

Figure 2.3. Analog between Heuristic Search on Game Trees and Decision Tree Elicitation



which is most likely to change the currently best initial decision.
If this particu]ar node is not part of the subtree leading outward
from the currently highest initial branch, then its value must be
ineremented enough to bring the value of the iniiia] branch leading
to that node up until it equals the value of the highest branch.
Thus, the sensitivity measure consists of estimating the amount of
change (differential) in a given provisional node value necessary
to cause @ change in the currently best initial .decision.

For example, in Figure 2.4, a partial tree is shown with
initial decision branches by b2, and bj. Branch b, is shown with an
expanded event node that has two outcomes A and B. Assume that from
a previous rollback calculation, the values of the three decision
branches are 5, 3, and 2 respectively. Thus, by represents the
currently most promising decision. To ca]éu]ate the sensitivity
differential of node A, the following question is posed, "How much
should the vaiue of node A (currently 5) be raised so that the value
of the initial branch leading to node A (i.e. by) will equal the
currently highest branch (i.e. b])?" Branch by, must obviously be
‘incremented by at least 2, but node A iS‘Ohly»contributing 20%
of its value to it. Node A must be raised to a total higher than
15 in order to cause b, to exceed b]. Thus, the sensitivity dif-
ferential of node A is 10. Similarly, B must be raised to 5
(assuming no other changes) in order to cauée by to increase by 2.
Since A must be raised more than B, the value of A is said to be

more "robust" than that of B. The formula for the sensitivity

17



Figure 2.4. Basic Sensitivity Differential
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differential is straight-forward. It can be shown for any node n, that
if the path leading to n contains only event nodes, the sensitivity

differential S(n) is:

where Ab, is the difference between the currently highest initial
decision branch b ., and that decision branch b, which leads to node n,
and wP, is the product of all the probabilities along the path from b,
to n. Nodes in the subtree Teading out from bp, . itself are simply
compared to the second highest initial branch value to see how much

they would affect b, if they were Zowered. A somewhat more elaborate

X
computational procedure (described below) is required to calculate S(n)
across a path containing both decision and event nodes.

The proof of equation (1) is as follows. Consider, tem-
porarily, a décision tree consisting -solely. of event nodes except
the root which is a decision node. Figure 2.5 is an example of such
a tree. Let d be the root decision node and let n be an arbitrary
tip node with a provisional value of V(n). Let e, be that event node
which is a successor to d and leads to thé subtree containing n.
Let e, be the event node successor to d with the maximum rollback
value. Every non-initial branch in the tree must have an associated
probability ofoccurrence. Let P(en,n) = P(eﬁ),..,P(n) be the
sequence of probabilities from node e, to node n along the entire

path.

.19
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Now, if the subtree following e, is collapsed to a single
level, the number of branches will equal the number of tip nodes in
the original subtree. That is, every path in the original subtree
will be represented by a single branch in the collapsed tree. If
the probabilities of the branches are assigned to reflect the product
nP(e,,n) for each tip node, as shown in Figure 2.6, the expected
value V(e,) will not be altered. The value V(en) may be expressed

as follows:
(2) V(e,) = nP(ey,n)V(n) +k

where k is the expected value of all branches extending outward from
e, except n. Equation (2) simply represents the expected value of
node e, with the single term for node n written separately and

the rest expressed as a constant k. Now let V‘(n) be a new value for
node n such that V'(n) = V(n), and sdch that as a result of assigning

V'(n) to n, the value of e, is raised to equal V(e ..,). Thus,

max

(3) V(e = nP(en,n)V'(nf + k

max)

The sensitivity differential of node n is defined to be the dif-
ference between V'(n) and V(n). From equation (2) and (3), the

difference is given by:

21



N [
€ma .
(emax)
[ ]
° ¢ 7P(e,,n)
° e TF\€p,
. . V(n)
V(d) . Vie,)
H
e
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V(epax) -k V(en)-k

wP(e,,n)  wP(ep.n)

(4) v (n)-V(N)

Consequently, from equation (1) we have:

V(epay)-V(ep)

wP(en,n)

(5) S(n) =

For notational convenience, this may be written:

(6) S(n) = —

It now remains to show how decision nodes between e, and
n affect the sensitivity differential measure. Figure 2.7 shows a
decision tree partitioned into mutuaf]y exclusive subtrees such
that each subtree has a decision node at its root and contains
nothing but event nodes. The sensitivity differential of each tip-
node may be calculated relative to its owWn root decision nodé
inside each partitioned subtree. To connect the subtrees, simply
consider the value of each subtree as the value of a tip node for
the immediately preceeding subtree. That is, every decision node
(except the initial one) is seen both as the root of its own subtree

and as a tip node of the predecessor subtree.

23



Figure 2.7.

Partitioned Decision Tree
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In Figure 2.7, node dy is the initial decision node of the
entire tree and, of course, has as its value the maximum value of

its successors. That is,

(7) V(dy) = Ve,

The node d, plays two roles. It is the initial decision node of

its own subtree and a tip node to the dy subtree. Consider node m
located in the d, subtree with a provisional value of V(m). As '
shown before in equation (5), it is possible to calculate both

the sensitivity differential of node m with respect to do (denoted
S(m/dz) ) and the sensitivity differential of node d, with respect to

dy (denoted<S(d2/d1) ). For reference, these ére:

V(e'max)tv(em)

ﬂP(dz,m)

(8) S(m/dp) =

V(emax)‘v(edz)

(9) S(dp/dq) e,

The task now is to calculate S(m/dy): the sensitivity differential
of node m with respect to d].
This is done in a two-step process for the example in

Figure 2.7, beginning at d1 and working forward toward m. Thus,
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sensitivity calculations take place in a forward direction (from the
root to the tips) as opposed to rollback calculations which take place
in the reverse direction (from the tips to the root). The sensitivity
differential S(d2/d1) is the increment on V(dz) necessary to bring

V(edz) up equal to the value of V(e .. ). The new, higher value V'(d,)

max
needed for this is simply the old value plus the differential.

Now, the amount that V(m) needs to be raised to bring V(dz) up to

V'(dy) is given by:

V'(dz)-V(em)

av SR = —

That is, in computing the sensitivity differential of node m,

rather than raising V(e,) up to V(e' .,), it must be raised further

max
to V'(d,). The value V'(dz) will always be greater than or equal to

that of V(e'

max) since:

(12) V‘(dz) > V(dy) = V(e'max)
This two-step process leads to a generalized recursive

procedure for finding the sensitivity differential of any node in
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the tree with respect to the initial decision node:

( S(n) " for an event node n
P(n)

(13) s(r(n))

"

ﬁ

k S(n)+V(n)-V(r(n)) for a decision node n

where T'(n) is the successor of node n and P(n) is the probability
along the branch from n to r(n).

At first glance, the node with the lowest sensitivity
differential may appear to be crucial and should be chosen as the
next to expand. It may be argued, however, thét the factor which
determines the node to be selected for expansion is not the absolute

sensitivity differential S(n), but the relative sensitivity Sr(n):

| »
(14) Sp(n) = —

wherevov(n) is the anticipated variation in the provisional value
of node n which is likely to take place by further refinements.
ov(n) represents, therefore, the magnitude of the error present'in
the provisional value estimate V(n) and Sr(n) represents the
likelihood that this error would result in a change of plan. The

error ov(n) may depend on the magnitude of the value. For example,
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a node with a value of 10 is less Tikely to be raised to 15 by
refinement than a node with a value of 110 is to be raised to 115.
Equation (14) is based on the following noise model. Let
v be the provisional value of some tip node as reported during the
elicitation interview. Let v* be the "true" value that would result
if this node could be theoretically expanded completely. The difference
Av = | v¥-y| 1is the error due to "noise". Figure 2.8 shows these
quantities in the form of a probability distribution graph. The
value v* is not known. However, treating v* as a random variable,
we wish to find the probability that expanding a node with value v
will cause a change in the initial decision. Let v, be the required
value for a decision change, as calculated by sensitivity analysis.
Then, we wish to find P(v*>volv). To find this probability, some
distribution P(v*|v) must be assumed. We assume here that P(v*>v0jv)

is some monotonic increasing function of:

(15)

where c% is the variance of v*, which 1eéds to equation (14) as a
proper basis for node expansion.

| The value ov(n) cannot, of course, be computed exactly.
It can, however, be estimated either by asking the decision maker
directly to assess fhe reliability of his value judgment V(n), in
the. form of a utility interval, or by assuming a reasonable reli-

ability model in the form of a functional relationship o, (n) = f(V(n))
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connecting ov(n) to the magnitude of the value estimate V(n). The
distribution spread may depend on the value oF v in a manner shown
in Figure 2.9. In the current program version, a linear noise model
is assumed: ov(n) = a+bV(n) reflecting the fact that greater -
inaccuracies are anticipated in assessing scenarios involving
higher stakes. By comparing the provisional value V(n) with its
rollback value over many nodes, it is possible to collect statistics
on the-factors which determine the reliability of human assessments.
These could be incorporated to construct more refined models of
value reliability for use in subsequent runs.

Once o, (n) is determined, the value of the relative
sensitivity Sr(n) can be computed for all the tip nodes of the
partial tree under analysis. The one with the Towest value would
be selected for expansion. Needless to say, such analysis cannot be
performed during a manual interview, as it involves real-time

manipulation of the entire tree at hand.
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IIT. GAINING INFORMATION THROUGH EXPERIMENTATION

Among the more difficult estimates for the decision maker
to formulate are the probabilities associated with outcomes of
events [11]. Any chance to express and incorporate underlying causes
or related events in order to obtain more accurate probability
estimates should be exploited. The option to perform an "experiment"
that will yield information about the probabilities of a related
event provides such a chance. The option may be thought of as "buying
information" since there is usually an experimentation cost and part
of the analysis is to determine if the information is worth the cost.[12].v
The experiment may be performed by either an actual physical act (i.e.
call your stock broker) or by an internal act of recalling pertinent
information (i.e. analyze clues that lead to a certain belief).

Figure 3.1 shows the structure of an experiment. It takes the
form of a two-branch decision node followed, on one of the branches, by
a single event node. The decision node represents the choice of
performing or not performing the experiment. If the experiment is to
bé performed, the event node represents the possible outcomes or
"observations". Each observation has an assqciated probability of
- occurrenceand the experimentation cost, if there is one, must be
incurred before the outcome is known.

Before a successful rollback procedure can take place, all

probabilities relevant to the experiment must be determined. They are:
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n :
A P(C.) the apriori event probabilities for the

j J

i outcomes C1,..,Cm,

A P(E1) the probabilities of the experimental

i=1

observations E.,...,E , and

n m 1 n

A A P(leEi) the observation-conditional probabilities
i=1  j=1

of the event outcomes.

The symbol A s used above as a short-hand notation with the

following definition:

The apriori event probabilities 381 P(Cj) are assumed to be ﬁnown.
However, the probabilities of the experimental observations A P(Ei)
are generally not known. The traditional method of obtaining1£;em is by
first determining the event-conditional probabilities ’? .2 P(Eilcj)
which are the reverse of the observational-conditionalaglob;511ities
mentioned above. The P(Ei) are then calculated using probability

summing:

m
£ P(E;| C;)P(Cs)
1 g1 I

=3
el
—
m
-
~
"
=3

1 i

and the observation-conditional probabilities are obtained by using
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Bayes' rule:

TR
A P(C.|E: =
1 3=1 A

n o P(E;[C5P(C)
A -

n
A

==

i i

As an example of this approach, consider the physician who
suspects, on the basis of breviously observed clinical signs, that a
patient has a specific disease. In order to refine his probability
estimation, further tests can be performed that will yield more
accurate information about the patient's condition. However, the tests
may not be entirely specific. to the suspected disease.

The physician may have difficulties estimating the observation-
conditional probabilities required, that is, the probability that the
patient has the disease given that the test results were positive, etc.
The reason is that his knowledge may not be organized in this fashion.
It is more 1fke1y to be organized around éause—and—effect relationships.
It is the disease that causes the positive test results and not the
other way around. Thus, the physician is mohe Tikely to be able to
estimate the event-conditional probabilities: the probability that
the test results will be positive given thét the patient has the
disease, etc. Because of this human tendency to organize knowledge
éround cause-and-effect relationships, 1t is more common to elicit
the required conditional probabi]itiesvin é "reverse" direction,
that is, the probability that a particular expériment outcome is

observed given that the event "is about to" occur.
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If, in fact, the observation-conditional probabilities are
easier to elicit than the event-conditional probabilities (as would be
the case in purely clinical situations where no disease model exists),
then the path probabilities P(Ei) and P(leEi) can be obtained directly
without resorting to Bayes' inversion formula, assuming, of course,
that in such situations, the observation probabilities were also
directly estimatible.

During the elicitation process, the opportunity for an
experiment will normally be discovered at the time probabilities
are being estimated for the outcomes to some particular event node.
Thus, the experimentation structure must be inserted into a previously
generated portion of the decision tree. Figure 3.2 shows the placement
of the experiment (indicated by a diamond-shaped node) relative to the
affected event node. The experiment must, of course, appear before the
event node in the tree but need not be immediately adjacent. It must
appear somewhere along the path from the initial root node to the
affected event node. This is because the experiment, after all, should
be used by the decision maker to change his actions in accordance with
ifs outcomes. There is thus a completely new set of probabilities on the
event node for each observational outcome of the experiment. These
~sets are required:. in addition to the apriori set of probabi]ities
given by the decision maker before the requirement for an experiment
arose.

. Figure 3.3 shows the traditional representation for an
imbedded experiment. Along one of the tree paths extending outward

from the primary decision node, the experimentation structure is
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encountered. There are n+l branches extending outward from the
structure viewed as a Who1e. One branch, E,, leads to the subtree
containing the event node with apriori probabilities P(Cy),...,P(Cy)
for m branches, where P(Cj) is the apriori probabi1ity that event
outcome Cj will occur. The other n branches of the experiment lead to

n duplicate subtrees, each identical except for the probabilities on
the event node. In place of the previously known apriori probabilities,
there are mn conditional probabilities P(leEi) for n observational
experiment results i=1,...,n and m event outcomes j=1,...,m.

Consider, now, the problem of tree duplication as described
above (Figure<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>