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We use mathematical modeling in decision analysis to help

A

us obtain a "better'" profit lottery than we can assess directly.

The concept of the authenticity of probabilities is introduced to

A

define the measure of 'goodness" of the profit lottery. The role
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of modeling is to simplify our assessment task through the

f' decomposition of the profit lottery. However, budgetary constraints

force us to make approximations in the modeling process and thereby
cause us to misstate the profit lottery. The models used in a
decision analysis should be regarded as subjective expressious of
our uncertainty rather chan as objective descriptions of the
real-world.

A methodology is presented that quantitatively relates the
modeling approximations made in a decision analysis to the results

of the analysis.
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INTRODUCTION

To the Wizard and to the Clairvoyant, decision mairing is a
simple matter. The omnipotent Wizard has the power to change
anything in the world to suit his own taste. To him, there is no
such thing as a decision problem; he merely causes to happen what-
ever he wishes. The omniscient Clairvoyant, although lacking the
Wizard's power to change events, possesses the power to foretell
the future perfectly. To him, there is no uncertainty in decision
making; he merely chooses the course of action whose consequences
he most desires.

By contrast, we lowly mortals cannot pretend to possess the
Wizard's or the Clairvoyant's powers in decision making. But
there is a superbeing whom we do try to emulate -~ the Elicitor.
The Elicitor can neither change nor foretell events and he is
therefore uncertain about the future. However, he possesses the
special ability to fully and accurately express his uncertainty in
the form of probability statements. In a decision problem, the
Elicitor assesses his probabilities on the future consequernices of
the alternative courses of action and, using his utility Zunction,
calculates the expected utility for each alternative. He then
chooses the course of action having the highast expected utility.
He 1s not assured that his decision will lead to the most desired
outcome, but he is confident that his actions are wholly

1




consistent with his preferences and with his uncertain under-
standing of the future.

In decision analysis, seeking to imitate the Elicitor, we
likewise make probability statements about the future consequences
of our actions and calculate the resulting expected utility for
each alternative. But we uafortunately do not possess the
Flicitor's ability to directly assess probabilities that fully
and accurately express our uncertainty. Recognizing this, we use
modeling to help us obtain the requisite probability statements.

Modeling is the source of most of our dissatisfaction with
the results of particular decision analyses. While we do not con-
test the validity of decision theory, we often complain that the
models used in a decision analysis are "too simplistic" or "not
realistic enocugh" or "not believable'" and we therefore regard the
results of the decision analysis with doubting eyes.

How should we deal with our dissatisfaction about modeling in
decision analysis? What do we mean by "goodness'" in a model and
can we quantify it? Can we, for instance, define an index of
"realism" or of "credibility" on models? How should we choose
among alternative models? For example, can we use the notion of a
probability-space of models? And how should we decide when to do

more modeling? For instance, could we use the concept of the value

‘g of perfect modeling as an analogue to the value of perfect

information?
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In this dissertation, I offer a way to think about modeling
in decision analysis so that we can deal with our dissatisfactions
meaningfully. Chap!:er 1 provides a philosophical perspective on
the role of modeling in decision analysis. Chapter 2 presents a
methodology with which we can quantify our dissatisfaction about
the modeling in a decision analysis and relate it to the results
of the analysis. Chapter 3 1s an example illustrating the use of
the methodology and Chapter 4 is an extension of the methodology

to stochastic models.
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CHAPTER 1

A PERSPECTIVE ON MODELING IN DECISION ANALYSIS

1.1 Introduction

In theory, we do not need to use mathematical modeling to
perform decision analysis. An:lytically, a decision problem is
defined by two variables: a decision variable d

s represent-~

ing the alternative courses of action open to us, and an outcome

variable v , representing the relevant consequences of our

actions. In decision analysis [7,6] s We need only assess for
each value of d the conditional probability distribution on v
given d , {v|d,s} , called the profit lottery and state our

risk preference vy specifying a utility function on v » u(v).

Then, we can calculate the expected utility of each profit

lottery:
Y4 = fv {v]ld,s} u(v)
and identify that value d* of the decision variable correspond~
ing to the profit lottery with the highest expected utility (i.e.,
the most preferred profit lottery). The optimal alternative is
the one specified by d*.

Although superfluous in theory, modeling is nevertheless

indispensible to decision analysis in practice. 1In theory, we

assume that we can directly assess the profit lottery, but in

4




practice, we are unable to do so satisfactorily. Consequently,
we turn to modeling to help us obtain the profit lottery.

Our ideal in decision analysis is not to construct the
perfect model, but rather to obtain the authentic profit lottery --
the one that accurately expresses our uncertainty about the future.
(See Figure 1.1 for a conceptual "roadmap".) We do not have the
Elicitor's ability to assess the authentic profit lottery directly,
80 we employ the modeling strategy, which would yield the authentic
profit lottery if successfully executed. However, budgetary con-
straints force us to make approximations in the modeling process;
consequently, the profit lottery that we obtain through modeling is
not the authentic profit lottery. The modeling approximations,

then, are the sole source of our dissatisfaction.

1.2 Aatheutic Probabilities

We use modeling in decision analysis because we do not believe
that the directly assessed profit lottery is gcod enough.

But what 18 "goodness" in a profit lottery? The profit lottery,
as a subjective probability statement [},5,16] » 18 the quantified
expression of our beliefs about the likelihood uf occurrence of real-
world events beyond our immediate perception. A good probability
statement is simply one that accurately and fully expresses our
beliefs. To denote a good probability statement, I use the term
"authentic", which the dictionary defines =s "worthy of acceptance

and belief."”
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Authenticity 1s not the s'me as trueness. The only test of
goodness of a probability statement is whether or not we believe

it, not whether it is true or false. 1Indeed, it is not even

meaningful to speak of a probability statement as being true or
false.

Compare, for example, the two statements: "It will rain
tomorrow." and "The Probability of rain tomorrow is 3/4." The
first statement is an assertion about the real-world and is elther
true or false. We can determine its goodness (i.e., its trueness)
by observing the world (tomorrow). The second statement, on the
other hand, does not describe the real-world, but instead
éxpresses our uncertainty about the world. It makes no sense to
say that it is true or false, but only that it ig authentic or
inauthentic. We cannot ascertain its goodness (1.e., its authenti-
city) by appealing to the real-world, but rather only to our beliefs.

The authenticity of a probability statement depends on our
state of information. A probability statement that we accept as
authentic based on one set of information may become inauthentic
when we receive additional information. For example, if we observe

rainclouds gathering overhead, our authentic probability for rain

tomorrow may change.

But how do we obtain authentic probabilities? Clearly, the

authentic probability for .ui event must reflect all of the informa-

IS VL, - Ty L S

tion we possess relevant to that event. Therefore, to essess the

7
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authentic probability, we must review our entire state of
information pertaining to the event and Judge the likelihood of
its occurrence on the basis of that information.

This is a formidable task for almost any event. Siace we
believe that the world is highly interdependent, our state of
information 1z an extensive and complicated web of knowledge.
Hence, we must retrieve, organize and Process a large amount of
information to assess an authentic probability.

Consider, for example, the probability that the winner of
the 1980 U.S. Presidential election is a member of the Republican
Party. To assess the authentic probability for this event, we
must consider every set of circumstances that might lead to its
ouzsurrence. We must review our knowledge of historical trends,
of the current state of the Republican Party and of the intentions
and qualifications of potential candidates. We must relate the
futhentic probability to our uncertainty about intervening events,
such as the outcome o7 the 197¢ election and the possibility of
war cr depression before 1980.

We encounter two major difficulties in trying to assess the
authentic probability. First, we find that the task of consider-
ing everything that might affect the outcome of the event is
seemingly endless. And second, we find it virtually impossible
to perform the requisite processing of the information without

external computational assistance.

8




|
E

R

Let us Imagine the existence of a person, called the
Probabilist, who is capable of performing upon re‘jjuest any
calculation using the rules of probability calculus (e.g., Bayes'
Theorem, expansion, change of variable). Tnen, we can state the
following operational definition of authenticity: The authentic
probability for en event is the one we would obtain if we could
spend an unlimited amount of time in introspection and if we had
available the services of the Probabilist.

It should be readily apparent that the authentic probability
is, in most cases, an unattainable ideal. Even after lengthy
introspection, we can almost always think of something relevant that
we have not yet considered. And, of course, we do not possess the

computational capabilities of the Probabilist.

1.3 Operative Probabilities

Since we cannot obtain authentic probabilities, we must use the
probabilities that are based on only partial comsideration of our
state of infarmation. These probabilities I call "operative".

As a matter of notation, we can represent our incomplete
consideration of the state of information 4 as C(4). Then, our

authentic and operative probabilities for event E are:

{E|4} = p, Authentic probability

{E|C(é)} =~ P, Operative probability

e T .
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It 1s useful here to distinguish between two “inds of
uncertainty. The first kind, called primary uncertainty, is the
uncertainty due solely to the finiteness of our state of informa-
tion and is expressed by authentic probabilities. The second
kind, called secondary uuncertainty, is the additional uncertainty
due to the incomolete consideration of our state of informatlon.
Whereas primary uncertainty can be resolved only by recelving more
information, secondary uncertainty can be resolved by further
introspection and calculation.

Conceptually, we can represent our secondary uncertainty as
a conditional probability distriiution on the authentic probability

ylven partial consideration of our state of information:
{p,|c(8)}
Then, the mean of this distribution is the operative probability:

p, ={p,[c())

and the variance vaa|C(A)) is a measure of how much secondary
uncertainty remains to be resolved and thus how "close" the opera-
tive probability is to the authentic probability.

As we spend more time ir introspection and calculation, we
reduce the amount of secondary uncertainty and thereby make the

operative probability converge to the authentic probability.

10
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For example, the operative probability of a Republican

1 victory in the 1980 election that we asrign after only a moment's
| thought is “far" from the authentic probability; that is, since

§ much secondary uncertainty remains, the opera:ive probability may

change significantly with further introspection and calculation.

On the other hand, the operative probability that we assign to
getting a head on the next flip of a coin is very "close" to the
authentic probability because 1ittle secondary uncertainty remains

and further cons!deration of our state of information is unlikely

E to markedly change the operative probability; in this case, we

can say that the operative probability is virtually authentic.

But what difference does it make how "close'" the uperative
probability %s to the authentic probability? If we must act with-
out further consideration of our state of informution, then it
makes no difference how ''close' the operative probability is to the

; authentic probability. However, 1f we are able to further consider
our state of information before acting, then the "farther" the i

operative probability is from the authentic probability, the é

1

;

greater the value of doing some more introspection and calculation.

Yor example, suppose that we are offered a cholce between a
sure $60 and a lottery ylelding $100 if a specified event occurs

j and nothing otherwise; the event may be either a Republican victory

11
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in the 1980 electicit or a head on the next flip of a uoin.

Suppoce further that our nperative probahility P, of a 1980
Republican victery is ldentical to our operative probability q,
of a head on the vext flip of the coin, but that P, is "far"

from the authentic pro”ability while 9, is virtually authentic:

1 0 <P, <1

o lce)} =

0 ctherwise
{g lc)} = &q, - %)

Then, if we are prohioited from doing further introspection or
calculation, it does not matter which event is used in the loctery;
in either case, the expected value of the lottery 18 $50 and our
decision i1s to choose the sure $60. However, if we are permitted
the opportunity to introspect and calculate before choosing, it does
matter which event is used in the lottery. If the lottery depends
on the coin flip, no amount of introspection or calculation wiil
change the expected value of the lottery, so we would always take
the sure $60. In this case, further introspection and calculation
has no value. On the other hand, it does have value if the lottery
depends on the 1980 election. 1In this case, further introspection
and calcnlation may reveal that the authentic probability is such

12
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that we would choose the lottery instead of the sure $60
(pa >.6). The expe-ted value cf the decision glven complete

introspection and calculation is:

e [l le@) e,
pa
- (Ceca. + [ ! 100p 4
J Pa Py Py
0 .6
= 36 + 32
= $68

Therefore, the expected value of complete intruspection and
calculation (i.e., the value of obtainir» the authentic probability)
is $68 -~ $6n = $8.

The value of further consideration of cur stace of information
is analogous to the value of recelving additional information. In
both cases, the value depends on how much uncertainty remaias to be

resolved and on how much is at stake in the decision.

1.4 The Modeling Strategy

In decision analysis, then, we want the authentic profit
lottery -~ the one and only probability distribution that accurately

expresses our beliefs about the future consequences of our actions.

13
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But in most decision situations, our state of information about
the decision environment is much too complicated for our simple
human minds to consider completely.

For example, suppose that our decisir is whether or not to
manufacture and market a new product. We might be able to identify
scores of factors that affect the outcome of our decision, including
the behavicr of our competitors, the general economic conditions,
the effectiveness of our advertising, the costs of raw materials,
the efficiency of the manufacturing process and the regulatory
behavior of the government. The authentic profit lottery must
express our uncertain understanding of how each of these factors
affects our profit and how each will behave in the future.

Clearly, we would be hard pressed to process all of this

information mentally. Consequently, the profit lottery that we

assess directly 1s very "Zar" from the authentic profit lottery and

the value of resolving our secondary uncertainty is high.
Recognizing this, we turn to modeling to halp us resolve our
secondary uncertainty. In essence, the modeling strategy 1s one of
divide-and~conquer; in modeling, we decompose the profit lottery
into smaller pieces that our simple minds can handle comfortably.
Then, we rely on external means of calculation to reassemble the

Pleces to obtain the profit lottery.
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The modeling strategy is as follows:

1. Identify a set of real-world factors on which profit

is btelieved to depend, representing them as state variables,

denoted by the vector s.

2. Encode our uncertain understanding of the dependence

relationsii!y between profit v and the decision and state
variables d and s as a conditional Probability distribution
{vld,g,é} .

3. Encod2 our uncertainty about the future behavior of the

stite variables as a probability distribution {glé} )
4. Using external means of calculation, determine the

profit lottery via the expansion equation:

{vld,s} = f{vld,g,é}{glé}
8

Note that the modeling strategy does not relieve us of the
necessity to assess probabilities. Rather, it merely substitutes
for the direct assessment of the profit lottery the assessment of
Probabilities on the state variables and on the dependence relation-

ship.

The key to success of the modeling strategy, then, is select-

ing a set of state variables such that we can handle the resulting

assessment task satisfactorily.

15
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If we can assess virtually authentic probabilities on the
state variables and on the dependence relationship, then the
modeling strategy would yield the authertic profit lottery,

since the expansion equation 1s tautologically true.

1.5 The Abridged Modeling Strategy

Unfortunately, we can seldom fully execute the modeling
strategy because we are limited by economic constraints on the
decision analysis itself. If a decision analysis is to be worth-
while, its cost must be small relative to the resources allocated
in the decision. Therefore, in any decision analysis, we must
strictly limit the time and effort devoted to cbtaining the
profit lottery.

Full execution of the modeling strategy, by contrast, would

require much time and effort. Generally, the assessment of

st o

virtually authentic probability distributions on the state variables

and on the dependence relationship would be very time~-consuming.

Furthermore, because we cannot analytically perform integration

over an arbitrary continuous function, as required by the strategy,

we would need to perform the integration numerically, which would

also be exceedingly expensive.

16
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Recognizing that we are unable to fully execute the model-
ing strategy within the budgetary constraints, we abbreviate it.
The abridged modeling Strategy is as follows:

1. 1Identify a set of real-world factors on which
profit is believed to depend, representing them as state
variables, denoted by the vector 8.

2. Identify a deterministic function g that
approximates the dependence rerationship between profit

v and the decision and state variables d and s

v = g(d,s)
The function g 1s commonly called the "model".
3. Approximately encode our uncertainty about the
future behavior of the state variables as a discrete

probability function p(s).

4. Using external means of computation, calculate

the profit lottery via the expansion equation:

tvd,8} =] 6(v - g(d,s)) p(s)
S

The abbreviation of the modeling strategy results in the
familiar decision tree representation of the decision problem.

[}3] (See Figure 1.2) The discrete steps of the state variables

are represented as "branches" at the chance nodes of the tree and

the profit assigned to each "tip" of the tree is given by the

deterministic function:

v = g(d,s)
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Figure 1.2: Decision Tree Representation
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The degree to which we Must restrict the number of state
variables and the level of discretization of their distributions
depends, of course, on the budgetary constraints of the particular
decision analysis. Usually, the restriction is quite sSevere
because the size of the decision tree grows geometrically with the
number of variables and with the number of discrete steps in the
distributions. More specifically, if we have N state variables
and if we discretize the i-th state variable into m, steps, the
number of tips k 1in the decision tree for each decision alterna-

tive is given by:

For each of the k tips, we must evaluate the function v = g(d,s)
to determine the Profit associated with that tip and we must multiply
together N probabilities to find the probability corresponding to
that value of profit.

Clearly, the amount of computation required to solve a decision
tree can easily become prohibitively large. For example, if we have
ten state variables and if each is discretized into five steps, our
decision tree will have nearly ten million tips for each decision
alternative. Solving this tree would tax the capabilities of almost

any computer and would incur an exceedingly high cost.
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Consequently, to meet the budgetary constraints, we
deliberately ignore our uncertainty about some of ti» state
variables in the interest of computational economy. We select
from the state variablcs only those very few that have the
greatest effect on profit, as revealed by sensitivity analysis,
and designate them as aleatory variables. [19,27] We assess the
probability distribution on each aleatory variable and discretize

it into only a few steps. We designate the remaining state

variables as non-aleatory and, disregarding our uncertainty about
them, fix each of them at a single representative value. In effect,
we discretize each non-aleatory variable into just one step instead
of into several. Typically, we have fewer than ten aleatory
variables and we rarely discretize a distribution into more thea
three steps.

The profit lottery that we obtain through the abridged modeling
strategy 1s not the authentic profit lottery. The profit lottery

from the abridged modeling strategy is:

{v|a,8} =] 6(v - g(d,8)) p(s)
8
From the full modeling strategy, the authentic profit lottery is:

{v|d,s} = I{vld,g,é} {s|s}
8
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The discrepancy between the modeled and authentic profit lotteries
is due solely to the two approximations made in the abridged
modeling strategy:

1. {v]d,s,s}

1]

S(v - g(d,s))

2. {s]s}

R

p(s)

I call the first the Dependence Approximation and the second the
Distribution Approximation. In Chaptar 2, I present a methodology
for estimat:ng the size of the discrepancy in the profit lotteries

caused by these two modeling approximations.

1.6 The Subjective Nature of the Model

In the abridged modeling strategy, we attribute all of our
uncertainty about profit to our uncertainty about the state variables

and none to uncertainty about the dependence relationship between

profit and the state variables.
This arrangement, although motivated by budgetary considerations,
1s also conceptually appealing because 1t mirrors the way in which we

visualize the world. According to our Western world~view, we believe 1

that phenomena do not occur spontaneously, but are caused or influ-

ot e

enced by other phenomena; hence, we "explain" the occurrence of a
phenomenon by establishing the occurrence of its antecedeats. Further-
more, we believe that the interactions among the phenomena are

goverened by permanent rules of relationship (i.e., natural "laws").
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It is the role of science to increase our understanding of the
world by discovering and codifying these rules of relationship
through the careful observation of the universe.

Applying this world-view to the decision situation, we
believe that a particular level cf profit does not simply happen,
but 1s caused by certain extraneous factors. We believe, then,
that there exists a set of state variables S that completely

determine profit through a fixed real-world relationship W :

v = W(a,S)

I call such a set of state variables "complete".

We believe that, 1f we could predict the future behavior of
the state variables S and if we knew W , we could then predict
profit exactly. We are thus led to idealize the modeling process.
In the idealizced modeling scheme, we determine W by examining
objective real-world data and encode our uncertainty about the
future behavior of the state variables as a probability distribution
{s|4}. Then, through the relationship W » this uncertainty about
the state variables translates directly into uncertainty about

profit, expressed as the profit lottery:

tv]d,8) = Lew - W(4,8)) {ss}

The abridged modeling strategy mimics this idealized modeling
scheme in that no uncertainty is attributed to the dependence relation-
ship between profit and the state variables. Rather, all uncertainty

22
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about profit is attributed solely to uncertainty about the state

3
4

variables s acting through the deterministic model g' %

v]d,8 = ] 6(v - 8(d,8)) ple)
8 :

But this arrangement is a misrepresentation of our beiiefs.
The modeling that we actually perform in a decision analysis falls
short of the idealized modeling scheme in two major respects. First,
the set of state variables & that we specify for use in the model-

ing strategy 1s generally not complete. Typically, in a complex

O

decision problem, although we can identify many different factors

that influence profit, we select as state variables only those few

that have the greatest effect on profit in order to restrict the
assessment and computational costs. Consequently, we believe that
profit depends not only on these specified state variables but on
other, unspecified, variables as well. Even if we knew the value of
each specified variable, we would remain uncertain to some extent
about profit because of the effects of the unspecified variables.

] Let us represent the unspecified variables as the vector Z.

Then g and z together constitute a complete set of state variables:

(8,2) = S

3 Assume for the moment that we know W » the real-world re"ationship

% between profit and this complete set of state variables, v = W(d,s,z).
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Then, our uncertainty about the dependence relationship between

profit v and the specified state variables s 1is:

2,5} {_Z_'_S_,A}

{vld,s,s} = f {v]d,s,
z

= j 6(v - W(d,s,z)) {z|s,s}
z

However, we generally do not possess sufficient real-world

data to determine W ; this 1s the second respect in which we

fall short of the idealized modeling scheme. Although we believe
that there does exist a fixed real-world relationship between

profit and the complete set of stute variables, we are not know-

ledgeable enough to say what it is.

Let Wi be one of several alternative relationships. Then,
letting {W |4} be the probability that W, 1is the actual

relationship, our uncertainty due to this insufficiency of data can

be represented as:

{VId,E_,_Z_,A} = J G(V - Wi(d,g_,z_)){wilé}
i

We see, then, that our uncertainty about the dependence rela-

tionship between profit v and the specified state variables 8

has two sources -- our uncertainty about the effects of the

unspecified variables 2z and our uncertainty about wi due to a

24
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lack of sufficient data:

{v]|d,s,8} = (G(v - W, (d,s,2)) (W, |4} {z]|s,s}
! ji i i

Clearly, we ignore both of these sources of uncertainty when
we assert in the abridged modeling strategy that profit is com-
pletely determined by the specified state variables s acting

through the model g

v = g(d,s)
That 1is, in making this assertion, we assume clzirvoyance both on

zZ given 8 and on Wi :

{z]|s,4} = 6(z - z;(8)) for some fixed z5(8)

and {Wilé} - (S(W1 - Wk) for some fixed W

Assuming this clairvoyance, we would have:

{v|d,s,4} = fz LG(V - W1<d’£'£)){w1|4} {zs,s}

[ Luv - Wy (d,8,2)) 8(W, = W) 8(z - z,(s))

‘2z

S(v - Wk(d,g.go(g)))
= o(v - g(d,s))
1 wiere g(d,g) = ¥, (dus,zo(8))
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But we do not possess such clalrvoyance; we are indeed
i uncertain about the dependence relationship between profit and
the specified state variables. Therefore, we should regard the

approximation made in the abridged modeling strategy:
{Vldyg_vb} = G(V - g(dvg))

as just that ~-- an approximation made for budgetary reasons.
Despite the similarity in appearances, we must not confuse the role
of the model g in the abridged modeling strategy with that of the
relationship W in the 1dealized modeling scheme. Unlike W , the
nmodel g does not represent a real-world relationship between
profit and the state variables, but is only a convenicat surrogate
for the probabilistic relationship that fully expresses our uncer-
tainty. The model g 18 not an objective description but rather a
subjective expression.

Several writers [14,17,26] have cuggested a probability-
space of models as a vehicle for expressing our uncertainty about the
dependence relationship. The use of a model space 1s attractive
because it allows us to employ Bayesian techniques to choose among
several alternative model forms in the face of real-world data.

If we use such a vehicle, we must be careful how we interpret
the probability assigned to each model in the space. As we have seen,
unless the specified set of state variables is complete, there can be

no "correct" model g that deterministically relates profit to the

state variables; therefore, it is meaningless to speak of the
probability that a particular model is the "correct' one or that
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it embodies the actual relationship.
However, there is a way that we can make a meaningful inter-
protation of the probability-space of models. Suppose that we are

uncertain about which of several relationships wy is the actual

R R o e W L - T
. peier
[

relationship between profit and the complete set of state variables

(E,oi) :

{v|d,s,z,4} =I 8(v - Wi(d,g,_z_){wi|4}
i

Then, we can write the conditional mean of v given d and 8 as:

(v]d,s,s) = I viv|d,s,s} I

- L’ ff5("‘wif“'?-’—z-)j{w1|°}{—z-|§-'°}

I {W IA} f v 8§(v - Wi(d,g_,g_)){£|§_,6}
i

v

{W |8} I W (d,;,_){z's,b}

)
L{w BERCD

where we have defined:

g(dys) = Lwi(d,g,i){ﬂg,b}

- <V'do§)wiob>
Thus, we can expand the conditional mean (vld,g,b) over a space of

models, where: the probability assigned to model g, is {W1|6}

the probabiliity that the actual relationship between profit and the
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complete set »f state variables is Wi , Wwhich we approximate

by 8y
Note that even if W, 1s the actual relationship between

profit and the complete set of state variables: v = Wi(d,g,g) ,

it is not true that g, 1s the actual relationship between profi<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>