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(U)™.he purpose of this report is to review the operator’s -
decision-making characteristics as a first step in developing decision aids
f for the air-to-ground combat environment. Both formal and empirical
models of decision-making are discussed. Four components of -
decision-making: information selection, probability estimation, worth
assessment, and action selection are identified. Empirical results from
laboratory and real-world studies are used 0 characterize operator
performapce for each of these components of decision-making.
| he results indicate that the operator is best characterized in
| terms of empirical, rather than normative, models of decision-making. In
particular, models based on heuristic processes seem to best characterize
operator performance. Heuristic processes are rules used by the operator
which simplify the decision situation and result in predictable errors.
Such rules are used because of the operator’s processing limitations and
not necessarily because of his irrationality. Decision-aiding is suggested as
one way to overcome these limitations and improve operator
performance.
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INTRODUCTION

During combat, the fighter/attack aircrew is faced with a dynamic,
complex, and highly stressful environment. Even in noncombat missions,
the increasing complexity of avionic systems puts a high informational
load on their operators. The use of decision aids is a possible way to
reduce the operator's cognitive load while improving overall systems
performance. Presently, however, no overall structure exists to analyze
the aircrew's decision environment and to pinpoint possible areas where
decision aids might be useful,

This report is a review of the literature on human decision~making
with a focus on possible applications for decision-aiding on Navy attack
aircraft. The purpose of the report is to isolate general decision-making
characteristics of the operator for future comparison with decision
situations identified as important for naval attack missions. The
operator's decision-making characteristics can then be compared to ideal
solutions generated by mathematical decision models. The difference
between operator performance and ideal performance will form one basis for
developing criteria for interfacing the operator with decision-aiding
devices.

Figure 1 shows how this report will be combined with information
from other sources in order to develop these criteria. Basically, the
criteria will be based on three considerations: (1) how the operator
performs, (2) what he does, and (3) what aids are, or will be, available.
The latter two considerations are subjects of ongoing research,

OVERVIEW OF OPERATOR DECISION-MAKING CHARACTERISTICS

A number of excellent reviews of human decision-making have been
published recently (Nickerson and Feehrer, 1975; Slovic and Lichenstein,
1971; Slovic, Fischhoff, and Lichtenstein, 1977). The purpose of the
present review is not to supplant these reviews, but rather to outline
the human operator's decision-making characteristics (ODC) in order to
generate a detailed scheme of decision-making tasks. The scheme and
review of ODC will complement each other, since togetker they will
characterize both different decision tasks and the operator's performance
at these tasks,
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FIGURE 1. Development of Criteria for Decision-Aiding
in Fighter/Attack Aircraft.

Figure 2 depicts a simplified model of probabilistic decision-making.
It shows four stages of human decision-making: (1) information selection,
(2) probability estimation, (3) worth assessment, and (4) action selec~
tion. The first stage consists of generating hypotheses concerning states
of the world and selectively choosing data (d1...dj...dn) in the environ-
ment to test the hypotheses. Stage two involves probability estimation
of different states of the world based on the data [P(Hkldi)...P(Hnldi)].
Stage three involves generating possible outcomes (¢1...¢n) and evaluating
their worth (¢; < ¢j < vee < ¢y). The final stage is the consideration
of alternative actions in light of the information from stages two and
three.

An example may make the theoretical issues involved in decision-
making more concrete. An attack pilot must decide whether to launch a
migsile at a ship for which he has only a noisy image on his CRT scope.

His first task is to decide how much information to collect before
deciding whether to launch the missile or not. Too much information will
result in putting himself in danger of being shot down and too little
might result in his making the wrong decision. The operator's information’
selection characteristics will be discussed as an iterative process
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(c.f., the feedback loop in Figure 2), since the operator must know his
state of uncertainty and the consequences of his possible actions before
he can decide how much information to select. However, it is also the
logical first step in decision-making since all the other stages require
sufficient information in order to make even preliminary estimates,

After gathering information, the pilot can begin to form hypotheses
about what he is viewing on his display. Based on both the data (dj)
and his prior experience, the pilot generates likely hypotheses. ;
In our example, the imagery of the ship outline on his scope, especially :
the two faint superstructures, suggests an enemy destroyer or a friendly
combatant (Hf or He). There is also a slight possibility that the image ]
is a friendly hospital ship (Hp). Given the data (dj) and anything else
the operator knows about the situation, the probability estimation tasks
consist of quantifying the operator's subjective level of uncertainty
concerning each of the hypotheses ([i.e., P(Heldj); P(Hc{dj) or P(thdj)].

However, his final decision depends not only on his subjective
probability estimates, but alsv on his estimate of the consequences of
his actions. The third stage of decision-making involves assessing the
consequences of possible outcomes and is referred to as "worth assessment,”
In our example, the pilot must evaluate the poussible vutcumes of sinking
or not sinking the ship imaged on his CRT. For example, the benefits of
sinking an enemy ship [i.e,, $o] might not balance the risk of sinking
a friendly hospital [¢y] or combat {¢c} ship. The consequences of not
sinking these ships must also be considered [e.g., dp = ¢¢ ~ ®e). The
discussion of worth assessment will ~oncentrate on techniques for eval-
uating consequences and the performance characteristics of the operator
using these techniques.

The final stage of decision-making consists of generating decision
rules to select the best course of action using both the previously
estimated probability and worth information. For example, because
sinking a friendly may be much worse than to miss sinking an enemy ship,
the operator may have a 90% criterion in order to launch the missile.

I[f he is 90% sure that it is an enemy ship, he launches the missile;
otherwise, he continues to track the ship., Thus the output in Figure 2
is a result of both the consequences of the action and the operator's
state of subjective uncertainty as well as the particular decision rule
he chooses,

This example will be used throughout the paper to introduce the dif-
ferent stages of decision-making. It would be misleading to assume that
the example captures the difficulties inherent in real-world decision-
making. In particular, the complexities associated with structuring the
decision situation are, for the most part, unexplored. This is because
little research has been done concerning how the operator structures his
decision environment (e.g., deciding what options are realistic, what
outcomes are possible.,..). Rather, the purpose of the example is to
illustrate the issues relating to abstract decision models with an easily
understood, concrete example,
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The four-stage model of decision-making (Figure 2) will be the
general framework for discussing features of various decision tasks
and for characterizing the operator's performance., The functions in
the boxes from Figure 2 can be interpreted in two ways. One, they can
be normative functions following well-defined mathematical rules to
optimize the expected outcome. Two, they can be descriptive functions
characterizing what the operator actually does. Both interpretations
are important in order to optimize performance in decision-making
situations when a human operator is involved.

Figure 2 itself is too simplified, since i: describes a static ?
decision situation and most decisions are made in dynamic environments j
(cf. Rapaport, 1975). However, it does describe the main components of
the decision-making process and seems to catch the essence of other
decision-making models (Nickerson and Feehrer, 1973) while serving as
a convenient framework for this report,

Probability estimation will be discussed first since this seems to
be a necessary first step in decision-making for uncertain situations,
Information selection will be discussed last since it involves concepts
which will be developed in discussing other stages of decision-making.

v TS /-

PROBABILITY ESTIMATION

OVERVIEW

Figure 3 illustrates the general framework of the probability esti-
! mation task. The operator must structure the problem by enumerating
} possible real-world states that are referred to as hypotheses (H)...Hg...Hy).
His task is to express his degree of uncertainty regarding each Hig, based
} on its prior probability distribution (P(Hk)) and its relationship to
i incoming data (dl...dj). The quantification of the operator's subjective
degree of uncertainty is his probability estimate.

e b i PP e s Ml gl St e e e

For the example, the pilot would have two sources of information:
(1) his subjective uncertainty concerning the image on the screen, and
(2) a preflight intelligence briefing which indicated there was a 75%
probability of an enemy ship being in the area and a 20X probability that
a friendly destroyer might be in the area. The briefing also reported a
remote possibility that a friendly hospital ship straved off course and
was in the area. The pilot's estimation task is to quantify the proba-
bilities for each of the possible hypotheses.
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Untortunately, there ate scmantic and philosophic dittevences ot

opinlon concerning the definftion ot probabil iy, Preseoatly, theie ae

two wain definttions: (1) the subjective (v personal) detinition and
{2) the trequency (ov oblective) definttion (tivel, 1970 Leey 197D,
The subjective detinition (deFinetti, 1970; Savage, 1954 states that
probability iz the degrec of uncertainty exprexsed behaviovally which
followxs certain mathemat teal axiows (eope, the quantities sum to 1,

dre not negative, cte), The freguency detinttion uses the same axioms
but detines probability as the eapected distribution tor epeated
sutcomes ot the events betng assigned probabilities,  The ain problen
with the tiest Jdetinition (s that the probabuility ot an ¢ ot can ditte
trom voperator to operator, wheteas the second detinition is net vich
cnough to altow probability estimates (hoa great auaber ot cases (e.n.,
probability ot a Russian attack tomorvow) (Fdwards, Liodman aad Savage,
190 3; Savage, 1953,
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FIGURE 3, Outline of Probability Estimation Task,

the problem becomes even murhter because the operator's probaby bt
eatimates Jdo not necessarily tollow the axioms that detine probabilaty
and theretore ate not subjective probabilities,  In this repmt, the
term subjective probability will be azsumed to veptesent tdeal opetator
pettomance and mav or may net describe actual operator pertormance,
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NORMATIVE MODELS OF obC

Bayes Theorem

The traditional approach for investigating the operator's proba-
bility estimation characteristics was to compare his performance to
'ideal' mathematical models such as Bayes Theorem (Equation 1)
(Peterson and Beach, 1967)

P(H) P(dj|uk)

Pulfd)) = et e

3 (1) P(djlui)
i=1

where

P(H(dj) = probability of hypothesis k given datum j
’ (i.e., posterior probability)

P(H)) prior probability of hypothesis k

P(di]Hk) = probability of sampling datum j given
n . hypothesis k is true

2:(H1) P(djlﬂi) probability of the data summed over all the
i=1 possible hypotheses (¥ P(”i) = 1)

Most traditional research involves binomial data, and it is convenient
to compare the relative probability of two hypotheses (e.g., Hg and Hy)
as an odds ratio,

P(Hj;dj) . P(H ) P(dj(Hk)

= . ., or
PO Td,) © PR © PG [H))

N -0

k-1
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where

52 = pousterior odds of hypotheses k to 1
k-1

S) = prior odds
o

LK = likelihood ratio

Equation 3 shows the multiplicative effect of sampling n samples of
conditionally independent data

n
Q=01 (3)
k=1 o 1

The revision of probability estimates as more data are sampled is
referred to as Bayesian updating.

If we posit that the pilot in our example is a Bayesian estimator,
his first task is to estimate his subjective probability of the partic-
ular image on his display, given the three hypotheses [e.g., P(djlﬂf)
= .80; P(deHf) = .19; P(dj|Hh) = .01]. At this point, the operator
may narrow his hypotheses to either a friendly or enemy ship, since the
hospital hypothesis seems extremely unlikely. The Bayesian operator
combines these estimates with the intelligence information [P(Hg) = .75;
P(He) = .20] in order to compute the odds of the ship being enemy
using Equation 2,

Two points should be made concerning the above computation., (1) The
operator state of uncertainty is high and thus his decision must rest
mostly on the expected consequences of his actions. (2) His prior odds
and likelihood information seem to cancel each other out. The latter
point is important, since evidence will be introduced later which suggests
that the operator tends to ignore the implications of prior odds.

At first glance, it seems a bit silly to argue that the operator
uses Bayes theorem in a combat environment. However, this does serve
as a useful first approximation model of the operator's probability
estimation performance. By comparing the Bayesian estimate to the
operator's actual estimate, it should be possible to see how well this
model predicts operator performance. The initial research in this area

10
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concluded that the operator was a good, if imperfect, '"Bayesian" estimator
(Peterson and Beach, 1967). It seemed as if the operator was estimating
using something very like Bayes theorem, but due to his processing
limitations was underestimating probability,

In order to understand this research, a sort of "generic'" experimental
paradigm is discussed next. Most of the research reviewed in this section
{on normative models) used experimental paradigms very similar to the
example to be presented, and one of the limitations to the research is the
possible "artificiality" of these paradigms. The example will also help
to illustrate the mechanics of the Bayesian updating task since the norma-
tive solution is Equation 3,

There are two urns (H] and H2) from which the data (dj) can be
drawn, Urn 1 has 70% red balls (dy) and 30% blue balls (dp); the data
proportions are the opposite for Urn 2., The experimenter chooses one
urn at random (prior probability = .5) and draws 12 balls, one at a
time, from the urn (replacing each ball before drawing another).

Given the fact that eight red balls and four blue balls were drawn,
the subjects mist estimate the probability (or odds) that the balls
came from Urn 1. The subjects' estimated odds are almost always too
conservative (i.e., they tend to underestimate the odds) for this type
of task wherein the Bayesian solution (Equation 3) yields odds of 30 to 1
favoring hypothesis 1.

8 o o3 4
Q _ (.5 . (.7°0.3) _ (9.7) - 30

1-2 © (9 (0.74 0.38) 0.3

Figure 4 shows a conservative operator's probability estimates
compared to the optimal solution and an excessive operator. The con-
servative operator underestimates the impact of data, whereas the
excessive operator overvalues their impact. Notice that the more
extreme the actual probabilities (abscissa), the more hypothetical
operators deviate from the normative model. 1In general, it was found
that the more diagnostic the data (i.e., the degree to which the data
imply a particular hypothesis) the more subjects deviated from the
Bayesian model (Peterson and Beach, 1967; Slovic and Lichenstein, 1971).

The almost universal finding of conservatism when using paradigms
similar to our example was taken as evidence that the normative approach
is fruitful. The operator apparently used some Bayesian method to
update his probability estimates, but underestimated their magnitude.

A correction for the slope values in Figure 4 should result in a con-
servative operator computing optimal solutions. Most of the normative
research attempted to find the reason for suboptimal performance.

11
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1 1

|
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FIGURE 4,

60 7 80 90 100
NORMATIVE PROBABILITY (EQUATION 1), P(H, |d;)

Hypothetical Characteristics of Operator in

Bayesian Updating Task.
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Empirical Results

The two main hypotheses for suboptimal performance were misper-
ception and misaggregation. Misperception refers to the tendency of
the operator to misperceive the properties of the underlying probability
distribution. Peterson, Ducharme and Edwards (1968) found that subjects
generated probability distributions that were too flat. If the proba-
bility estimates from these flat distributions were used with Equation 3,
their subjects' likelihood ratios could be predicted.

Misaggregation refers to the inability of the operator to aggregate
probability estimates optimally over a number of updating trials as
implied by Equation 3. Ducharme and Peterson (1968) found that subjects'
egtimates of P(dj|Hk) for a single trial were nearly optimal but they
could not properly aggregate the estimates over a number of trials,
Apparently operators both misaggregate and misperceive the import of
data in the updating task (Peterson and Beach, 1967; Slovic and
Lichtenstein, 1971),

Besides misperceiving and misaggregating, the operator has other
suboptimal estimation characteristics., Operators have a bias against
giving extreme probability responses (Ducharme, 1970). Also, equal
likelithood ratios (LK) are not interpreted as equal (e.g., 0.50/0,25 ¢
0.04/0,02; Beach, 1968).

Furthermore, fallacious dependencies are seen to exist among
independent events which cause operators to underestimate aggregated
probabilities (Brickman and Picrce, 1972; Kahneman and Tversky, 1972).
For example, Brickman and Pierce (1972) told their subjects the P(dj[Hk)
for a single trial in an experiment similar to the Urn example. The
subjects were told the color of balls drawn from Urn k for the past n
trials and told to estimate the probability of a particular color ball
being drawn on trial n + 1, If subjects were told that the preceding
four balls were the same color, they underestimated P(dj|Hk) on trial
five, because they assumed that drawing five balls of the same color
was extremely unlikely, This tendency is well known in betting as
"gambler's fallacy" (Lee, 1971).

Winkler and Murphy (1973) suggest that conservatism may be an
artifact of the experimental paradigms used. These paradigms are
highly artificial, whereas data in the real world are noisy and redun-
dant (i.e., not independent), making it naturally nondiagnostic, It
subjects treated data (non-noisy and independent) in these experiments
like real-world data, they would be labeled conservative.

13
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The manner in which probability estimates are made influences the
subject's degree of conservatism. Stated probability estimates were
more conservative than were probabilities inferred from overt acts
(Godden, 1976). Since subjective probabilities technically are
measured in terms of overt acts (such as betting, vxplicit preferences,
etc.) the suboptimal characteristics may be partially an artifact of
response mode (deFinetti, 1970).

Thus, there seems to be some doubt as to whether conservatism {s
the result of ODC or simply uf the artiftcial paradigms used., Recent
research, using both real-world data and different research paradigms,
has found that operators tend to be excessive {n as many situatfons as
those in which they tend to be conservative (Fischbhoff{, Sitovic, and
Lichtenstein, 1977; Lichtenstein, Fischhotf, and Phillips, 1977; Pit:,
1975; Schaeffer, 1977; Slovic, 1972; Slovic, Fischhoff, and Lichtenstein,
1977). These later findings undermine the whole concept of the human
operator being a suboptimal Bayesian performer. To quote Kahneman aud
Tversky (1972), che operator, "in his evaluation of evidence, is apparently
not a conservative Bayesian; he is not Bayeslan at atl."

There has been a general shift in approach since 1972 trom modeling
the operator as Bayesian to attempting to find appropriate descriptive
models for the ODC (Slovie, Fischhoft, and Lichtenstein, 1977),

DESCRIPT1IVE MODELS QF 0ODC

Operator Bias and Heurfstic Techniques

Most descriptive models imply that the human operator uses heuristic
(i.e., simplifying) assumptions to generate probability estimates. A
heuristic i{s a rule that simplifies computation, but does not always
result in the correct conclusion, 1t may replace formal models (such
as Equations 1, 2, and 3) and lead to predictable ervors (biases),
Different heuristics are used for different tasks. Tversky and
Kahneman (1975) (also Kahneman and Tversky, 1972; Kahneman and Tversky,
1973) have tdentified the tollowing threc heuristics:

1. Representativeness: The use of salient properties of the
parent population such as proportions, modal responses, etc., to predict
sample outcomes, This heurtstic involves the following biases:
fgnoring the implications of prior odds, sample size, randomness, and
unreliability, and overweighting other features of the hypothetical
population. This type of heuristic is almost deterministic, Some
examples are the belief that long-haired students are radical, and
that good law students necessarily become successful lawvers., Observed
proportions with a small sample size are held to be as valid as same
proportions with larger sample slze,

14




NWC TP 6124

2. Availability: The generation of frequency distributions by
recalling examples of the relevant events, This heuristic involves
biases associated with memory search, For example, vivid possibilities
are judged more probable than less vivid ones,

3. Adjustment and Anchoring: A point in the distribution is used
as a start and the distribution is adjusted to this anchor. Bias for
this heuristic is related to the context of the availahle information,
If subjects are given extreme information, their distribution will
be adjusted to this information differently than if they are given
median characteristics of the distribution. For example, subjects
will counstruct different city population distributions if they are
told that 95% of the cities in Brazil have a population under 25,000
than {f they are told that the median city in Brazil has 5,000 people,

Slovic (1972) found that a subject's probability estimates depend
on such factors as response compatibility and concreteness of the
stimulus situation. The basic import of heuristic models is that the
operator's strategy is more holistic than analytical. The operator
will attempt to use any available information to improvise a simple
strategy in order to make estimates.

A good example comes from research done by Marks and Clarkson
(1972, 1973). For the Urn example given in the previous section, it
can be shown that, since P(dg|H}) = 1 - P(dg|H2), Equation 3 can be
rewritten as:

Q - P (4)

-k o

where

r = number of red balls

b = number of blue balls

Although it gimplifies computation, this relationship is not obvious.
It implies that the posterior odds would be the same for samples of
four red and one blue ball as for 54 red and 51 blue balls. This
apparently is counter-intuitive, because performance of subjects in
Marks and Clarkson's experiments (1972, 1973) was best predicted by
Equation 5,

Q-QF ()
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Although Equation 5 has no bas{a {n probability theory, 402 of the
subjects reported using it, Thoese subjects were using a sfmple strategy
that takea advantage of representative information to estimate proba-
bittties,

Statistics s a ditticult and not always tatultive discipline,
Tvergsky and Kahunemann (1975) point out that the intuition of cven
those researchers with years of experience in making statistical
inferences often runs counter to nomative presceriptions, 1t s not
surprising, therefore, that the operator's intuition is often at odds
with normat fve madels,

Empirical Rescarch

Most research dealing with operator biases and heuristies toead to
concentrate on what psvchological strateglies the subject actually emplovs
rather than to poslit some suboptimal Bayvesian process, Hayes theorvem
{s a yardatick rather than a model of human pertormance tor this type
af approach,

Baves theorem states that odds pgenerated trom the data must be
welghted by the prior odds in order to compute the present probability,
A good deal of vescarch {ndicates that subjects ignore prior odds tor a
number ot different experimental pavadigms (Bar-Hitlel, 1975; Lyon and
Stovice, 19765 Nisbett and Borgida, 1975; Tversky and Kahmeman, 19727),

The operator does not always understand how base rates (i.o,, priot
odds) attect probability estimates.  For example, subjects were told
that the base rate tor cabs {un a vity was 850 blue and 1% green,  their
task was to assess the probabi tity that a witness who could tell blue
from green cabs 8017 of the time actually saw a preen cab,  Fow subjects
considered the eftect of the ditferent base trequency tor blue and green
ciabr resulting tun a modal response ot 80% (which is the witness® hit rvated
whereas the Bavesfan solution was 413, Changes in the base rate, cover
atory or hit rate tafled to change these tindiungs (Lvon and Slovie, 1977),

Tversky and Kahuneman (1977) arvgue that the operator fgnores basce
rate data when other data such as hit rate are scen to cause the phenomena
being estimated, Thus, the subtects tn Lvon and Slovic's experiment
thought that the witnesses! hit rate was the cause of reporting the
correct cab color and telt the relative trequency of the cabs was
unimportant, Mava Barv-Hillel (1977 changed the stovy ot the cabs so
that hit rate was replaced by a random process (althiough in Bavestan
terms the solutfon was the same), o this case, boecause theve was ae
causal link between hit rate and the subject's report, many of the
subjects constdered base rate when making their estimates,  The operator
fnterprots the validity of dittferent data souvrces {n terms of thedn
pavchological significance rather in terms of thelr normat {ve or Bavestan
stgntftcance. (Bar=Nillel, 1977; Tversky and Kahnewman, 1977),
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The operator is also intfluenced by knowing the vutcome when he
assesses what his prior praobabilities would have been, This is a tairly
general phenomenon influencing both the operator's probability estimates
and his memory of these estimates (Fischhoff, 1975, 1977). This “knew
it all along" attitude causes the operator to underestinate his previous
uncertainty once the true state of the world is revealed to him,
Furthermore, the operator tends to be excessively contident concerning
his knowledge of the world. Pitz (1975) tfound his subjects' coufidence
limits far too narrow when judging the populations of different citices,
Fischhoff, Slovic and Lichtenstein (1977), using general knowledge
questions, found their subjects' odds estimates to be extremely excessive,
Lichtenstein and Fischhoff (1977) found their subjects were only wmoder-
ately overconfident, but degree of overconfidence was not significantly
decreased by comparing expert and non-expert subjects.

Shanteau (1972) using "functional measurement” techniques found
evidence that lis subjects were using an additive averaging rule and
not the multiplicative Bayesian rule when updating thedir probability
estimates. Eils, Scaver and Edwards (1977) found that allowing the
subjects to update using a logarithmic response scale caused their
subjects estimation performance to improve, Since Bavesian updating i=s
additive on a logarithmic scale, this further suggests that some non-
optimal additive averaging rule may be used as a heuristic for the
updating task.

The rescarch, taken together, belies the usetulness of assuming the
operator {s a Bayesian probability estimator, Rather, 0ODC scoems to be
task-specitic, If the operator is asked to construct contidence limits
on information about which he knows little, the limits will be excessive
(Fischhoff, Slovic, and Lichtenstein, 1977; Lichtenstein, Fischhott, and
Phillips, 1977; Pitz, 1975). However, tor tasks in which he must update
probability information, the operator will usually be conservative
(Peterson and Beach, 1967). The tasks rveviewed so far involved cither
updat ing odds as new information is received or estimating the probability
of an event on the basis of what the operator knows, The next sections
itnvolve more complex tasks and the tinal section reviews what we know
about operator performance in real-world tasks,
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COMPLEX ESTIMATION TASKS

Multistage Decisions

Multistage inferences involve data states that are removed from the
hypotheses by one or more stages. The operator knows the relationship
of a data set (dl...dj...dn) to the hypothesis set (i.e., P(dlek) is g
known). The operator also knows the relationship of a second data :
source (rl...rg...rp) to the data set [e.g., if barometer 1 indicates
30 (ry), the probability that the atmospheric pressure is actually 30 ’
is 0.97 (1.e., P(dllrl)]. The operator's task is to infer the posterior
odds of Hk, if he is given rj. The optimal solution is given by Equation 6.

i 2 P(r ) P(d, [H,)

kel 2 P(r [H)) P(d; [H,)

(6)

where P(rj) and P(dj[Hk) are conditionally independent (Schum and
Pfeiffer, 1973).

Some examples of multistage inference problems are: attempting
to compute the probability of real-world states (H...Hk...Hp) if
sengsor reports (ri...ri...rp) are unreliable indicators of data states
(d1...dj...dy), reports from spies with differing credibilities, or a
composite probability from witnesses who saw a crime.

Equation 7 is useful for multistage inference concerning two possible
data states if only a general indication of the reliability (W) of the
data source is known (Snapper and Fryback, 1971).

P(d |H, ) + u
2 - P(d Hk) ravi
k=1 310 +

Q (7)

(o]

where y = and is undefined when W = .5,

2W-1
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Since neither equation is particularly intuitive, it is not
surprising that subjects use heuristics in this task (Gettys, Kelly,
and Peterson, 1973; Johnson et al, 1973; Snapper and Fryback, 1971).
The "as-if" heuristic involves ignoring the probabilities of the initial
data source (ri) after choosing the most probable source. For example,
a spy reports that enemy ships are leaving the port; this datum would
be used to assess the probability of attack. The probability that the
enemy ships did not leave port (i.e., spy is lying) is not considered.
The operator acts "as-if" the report is perfectly reliable. This,
of course, makes the estimates excessive.

For the "best guess' heuristic (Equation 8), the operator considers
only the most probable report and weights the posterior odds with the
reliability of this report (W;).

Q = X
S - §2 8

Equation 8 seems to predict operator performance best for a variety of
; multistage scenarios (Gettys, Kelly, and Peterson, 1973; Johnson et al,
1973; Snapper and Fryback, 1971).

There is evidence that the operator treats nonstationary probability
situations like a multistage inference task. In nonstationary situations,
the probability of a datum, given an hypothesis, is variable. For
example, the probability that enemy ships leaving port implies an attack
can change with a change in political climate. Operators apparently can
use information that the underlying probability distribution is subject
to change in the same manner as they use other multistage information
(Chinnis and Peterson, 1968; 1970).
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Conditional Non~Independence

Equation 3 implies that the data being sampled are conditionally
independent, i.e., P(dj, dz|HK) = P(d] |Hk) P(d2|Hk). In the real world,
some data are redundant [P(d} N d2) > Pd] Pdy], and some are particularly
informative [P(d); N d) < Pd) Pdp].

Lichtenstein (1972) found Equation 3 to be a robust predictor of
disease type even when the data had considerable conditional non-
independence. Since the type of non-independence was not discussed in
detail, it is difficult to generalize these results to other situations.

Edwards (Beach, 1975; Domas and Peterson, 1972) suggests using a
decision-aiding system he named PIP: the operator makes estimates of
P(djlﬂk) and computers update these estimates using Equation 3. In
general, this improves the efficiency of the updating task (Domas and
Peterson, 1972; Schaefer, 1972). However, when the data presented to
their subjects were redundant, Domas and Peterson (1972) found that PIP
was less accurate than the posterior odds aggregated by their subjects.
This supports the contention (Winkler and Murphy, 1973) that conservatism
for the updating task may reflect the operator's experience with real-
world data which are often redundant. There is evidence that the oper-
ators do take redundancy into account as well as make allowances for data
which they feel are particularly informative (Wyer, 1970). However,
considering the numbe: of biases subjects show in the updating task, it
seems unlikely that their estimates are more realistic than Bayesian
ones. More information is needed on exactly how operators aggregate
non-independent data. It seems probable that they use a simple heuristic
rather than ctiempt to compute the often complex dependencies that can
exist among data sources.

A simple optimal solution is given by Zlotnick (1968). He suggests
combining different data sources into bundles which are themselves
conditionally independent. Then, the operator (or a computer) can
aggregate over bundles using Equation 3.

Probabilistic Model Generation

In many complex situations, the operator can use incoming data to
predict the general trend of future events by constructing a model of
his environment. The question addressed in this section is how well the
operator can generate predictive models if the data are related to the
general trend only probabilistically. The optimal strategy in such
cases would be the least-square solution used in regression analysis.

For a medical dlagnosis task, subjects were able to learn both
linear and quadratic trends to a certain extent, but they did better at

20




[P

NWC TP 6124

predicting linear trends (Brehmer and Quarstrom, 1970). Not surprisingly,
the less variability in the incoming data, the better subjects were able
to predict trends (Brehmer, Kuylenstierna, and Jergren, 1974), However,
they were very poor at learning quadratic trends. They were even worse

at using the trends they learned when they had to predict the correct
solution, Again, quadratic trends were even more ditficult to predict
than were linear trends,

The reason tor the latter results are related to some findings by
Hammond (1972)., There are two stages to conceptual development: acquisi-
tion of the concept, and cognitive control or output. For example, ovne
might understand that a series of numbers increases quadratically and
still do a poor job in generating the sequence. Hammond was able to
demonstrate that cognitive control was more difficult than concept
acquisition for a number of task situations. Also, Hammond, Stewart,
Brehmer, and Steinmann (1975) found that subjects with the same basic
cognitive model were in conflict because of their lack of output control.

Brehmer (1974) gives evidence which indicates that the operator
uses a linear trend model as a first hypothesis. Only after negative
results does the uvperator begin to entertain non-linear relationships
to predict future trends. !f a subject is trained to recognicze non-
linear trends, he is able to switch to linear situations rapidly.
However, the reverse is not true, (Hammond et al, 1975.) This suggests
that the operator normally entertains a very gimplified model of the
world. This model may be functional, simply b cause simple linear trends
do a good job of predicting manyv tvpes of complex trends, if there is
a monotonic relationship among the predictor and criterion variables
(i.e., X and Y).

There are a number of biases reported for probabilistic learning
situations (Lee, 1971), The most prevalent is gambler's fallacy which
has been reported previously. Another common bias is referred to as
"probability matching." This bias involves events |ejeec€joeseep]
occurring with specified probabilities {py...pjee.ppls In the typical
experimental paradigm, subjects must guess the next ey for each trial
for a large number of independent trials (they are usually told the
correct ¢y after each trial). The optimal strategy is to guess the
single event with the largest probability for every trial. However,
subjects usually guess every ej with the same approximate relative
frequency as its relative probability (i.e., match frequency of guessing
ey to pi).

Most of the research reviewed indicates that the ability of the
operator to predict future eveuts based on uncertain cues is poor,
However, Hammond et al (1975) reviewed research in which the subjects
were quite good at making these types of predictions., This suggests
that more research is necessary to find what task parameters are
{mportant determinants of the operator's ability to predict future trends.
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REAL-WORLD TASKS

The purpose of the previous three sections was to characterize the
operator in complex tasks which have some real-world validity. This
section will report operator performance characteristics observed in
actual real-world (non-laboratory) tasks.

Scoring Rules and Calibration

An important prerequisite for surveying real-world performance is
to have some quantitative criteria for judging estimators. Two general
approaches have been used to assess probability estimators.

1. Proper scoring rules are computational procedures which yield
the maximum value to estimates that match observed frequency distribu-
tions. Linear payoff schemes (reward linearly related to number of
correct outcomes) are not proper scoring rules. 1ln this case, the
operator can maximize his score by assigning 1.0 to the most probable
category (Murphy and Winkler, 1971). Scoring rules using logarithmic,
quadratic, and spherical functions have been shown to be proper (Murphy
and Winkler, 1970). Although all these rules yield maximal values when
predicted frequency matches observed frequency, some proper rules were
more sensitive tu incorrect estimates than others (Murphy and Winkler,
1971; Brown and shuford, 1973). 1n particular, Hoffman and Peterson
(1972) found a quadratic rule to have only minimal impact as feedback,
presumably because it was insensitive to estimates that were not
radically different from the correct estimate.

2., Another way to measure the operator's calibration (i.e., how
close his estimates are to observed estimates) is to plot observed
frequency of events against the operator's estimates (Lichtenstein,
Fischhoff, and Phillips, 1977). This has the advantage of showing the
direction as well as magnitude of operator errors (cf., Figure 2). As
a convention, in this report calibration will refer to plotted data and
scoring rules will be understood to refer to any of the proper scoring
rules.

Operator Performance

Winkler and Murphy (1973) point out that probability estimation
skill in the real world involves (l) substantive understanding of the
events being predicted, and (2) normative understanding of the under-
lying probability structure. In other words, the estimator must know
the dynamics of the real-world situation before he can relate them to
a probability structure,
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Weather forecasters must combine information of frequency trends
with detailed knowledge of meteorological phenomena in order to predict
probabilities. In general, they seem to do a good job (Lichtenstein,
Fischhoff, and Phillips, 1977; Winkler and Murphy, 1973). 1In one
experiment, their scoring rule values were often better than that of
a Bayesian solution, because they understood some of the dependencies
among the data whereas the Bayesian solution wrongly assumed conditional
independence (Equation 3). Some forecasters seemed to "hedge" their
results. Hedging involves using subjective scoring criteria (improper
ones) which weight some mistakes as more disastrous than others (e.g.,
a farmer who does nct prepare for frost is worse off than one who
prepared for frost which did not happen) (Murphy and Winkler, 1971).

Forecasters were both accurate and consistent when they constructed
credible intervals of maximum and minimum temperatures (i.e., the maximum
would fall between x] and x2 50% of the time). However, when they were
told the interval and told to assess the probability, their estimates
were excessive, In another experiment, they assessed area probabilities
(e.g., probability of rain in San Francisco) and point probabilities
(e.g., probability it will rain at station M within San Francisco).

Their results indicated some statistical oddities. In some cases, point
probabilities were larger than area probabilities [P(A U B) < P(B)]. Also,
some forecasters use different definitions of events, making it difficult
to interpret probability estimates because their meanings are variable
(Murphy and Winkler, 1975).

PEATMOS is a computer aid which aggregates information and makes
probability estimates for weather forecasting. Murphy and Winkler
(1975) found that forecasters were not influenced by knowing the
prediction made by this computer aid. Neither PEATMOS nor the fore-
casters showed a clear edge in estimation performance.

Forecasting is an ideal estimation situation since forecasters are
not under great time pressure and they are professionals whose daily job
involves probability estimation. Thus, they are not as likely as other
estimators to resort to heuristics. However, even their performance
shows some evidence of statistical biases.

Lichtenstein, Fischhoff, and Phillips (1977) surveyed human perform—
ance in a variety of different tasks and realistic situations, and con-
cluded that the human operator was poorly calibrated. The operator was
more likely to be excessive than conservative, but he showed both types
of errors,

The human operator performs relatively well at tasks that involve
"configural judgments' (Anderson, 1972). The operator is apparently
able to see a pattern underlying a profusion of interrelated cues
Medical diagnosis involves these types of judgments. However, generally
computers are no worse than doctors at diagnosing diseases {(Beach, 1975).
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Stacl von Holstein (1972) examined stock market predictions by
stockbrokers, bankers, statisticlans, c¢te., and found them to be
overconfident (excessive) in their estimation, 1In fact, only 3 of the
72 subjects did better than would be expected by predictions based solely
on the past frequency counts of the events being assessed.  However, the
congensus opinion (f.ce., the weipghted average of the best subject's
predictiong) did do better than predictions based on past frequency counts,

In a simulated military command situation, computer-aggregatoed
l’(d,lllk) values were superlor to operator aggregation,  lere again, the
thoroughly trained operator did relatively well compared to the computer,
It was only when the incoming data were degraded that computer aggrega-
tion was clearly superior to the human operator (Schum, Goldstein, and
Southard, 1966).

In summary, in some complex situations where time constraints arce
minimal and the operator has substantial knowledge of the area, his
estimations can be characterized as fair to good (Beach, 1975 Winkler
and Murphy, 1971). There also arce a number of realistic tasks and
concomitant situations (time constratnts, stress, cete.) in which the
operator can be characterized as alwost a "non-estimator,”" i.c., his
cstimates not only are poorly calibrated, but also do not follow
normat ive prescriptions (Kahneman and Tversky, 1972a,b; Lichtenstein,
Fischhoff, and Slovie, 1977).

HELP IN ESTIMATING:  AIDING AND TRAINING

Over twenty yoars ago, Simon introduced the concept of bounded
rationality. Miuny tormal decision models assume a rational
decision-maker with unlimited processing capabilities., Simon argued
that these models were unrealistic, since constraints on human compu-
tatfonal, processing, and memory abilities made human decisions
fncompatible with normative predictions. However, if these constraints
were understood and corrected for, then normative models could predict
human performance. In other words, the human operator is rational
within the bounds of these constra.nts,

In terms of the biases which the operator evinces in probability
estimations, there are two possible ways to improve operator perform-
ance: (1) the operator can be tralned, and (2) the operator can be
alded,

Schaffer (1970) assessed the estimated probability distributions
of subjects who had just finished a course in clementary statistics
cat the university level.  The subjects were given feedback after cach
session and presumably understood the technical issues involved.
However, training only ifmproved thelr probability distribution
cslimat tons to a marglual extent, Also, the subjects' likelthood
cstimates (for Equation 2) became worse during tratning and their
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posterior odds estimates remained at the same, rather poor level of
performance. 1t seems that feedback which {fuformed the subject that
his distributions were excessive caused him to be too conservative

in his likelihood estimates., The effect of teedback scems to be
complex, making the estimation training of operators a diftficult task,

However, Lichtenstein and Fischhott (1978) trained subjects using
a variety of feedback indexes including scoring rules, hit rate, and
personal {uterviews, and found substantial improvement in their
subjects' calibration., Siuce almost all the effect took place between
the first and second session, this suggests that even a minfwmal amount
of training can be helpful for at least some estimation tasks.

On the other hand, some of the blases seem particularly resistant
to training (Fischhoff, 1975, 1977; Lyon and Slovic, 19Y76; Tversky and
Kahneman, 1977) and in these cases alding the operator {s necessary.
One of the first alds developed was the PIP ald wentioned previously.
This aid cowputes posterior odds by aggregating likcelihoods estimated
by the operator, When there is a reasonable amount of independence
among the estimations, this aid improves performance (Beach, 1975%;
Domas and Peterson, 1972; Schaffer, 1976). Althouph this ald extends
the computational abilities of the operator, it leaves most ot his
biases uuncorrected.

Recently, Slovic (1978) has rveviewed a number of aiding techniques
and general procedures for correcting biases, Kahneman and Tversky
(1978a) introduced specific mathematical functions ifu order to correct
a number of the blases they discovered in their earlier papers. Since
these functions need few parametric inputs, they could be computerized
and used as tactical afds (for sivuatiouns where fmmediate decisions are
unnecessary). More complex corrective functions have been suggested
by Lindley, Tversky and Browa (1977). These functions are corrective
procedures for probability distributions elicited from the operator
which depart from probability axioms (e.g., probability of all possible
events do not sum to oue),

The three studies cited above represent a cont fnuum from least to
most sophisticated aiding procedures: (1) mostly insight (Slovie, 1978),
(2) silmple corrective functions (Kahueman and Tversky, 1978a), (3) complex
functions (Lindley, Tversky and Brown, 1977). The usefulness of these
procedures depends on both the particular situation and the training
level of the operator., One past problem with decision aids (s that oper-
ators, particularly those in leadership positions, are not apt to usce them
if they do not understand the output from the atd (Stnatko, 1977). Thus
: simply understanding the biases (i.c¢., tusfght) {s the uecessary tirst
step. Next, speciffc corrective procedures can be explained to the
operator. If the operator understands the necessity and the mechanies
of these procedures, they are more apt to use a preprogrammed aid which
does the actual computatfon. Complex procedures such as those sugpested
by Lindley et al (1977) are probably more uscful in situatlons where
profeasional decisfon analysts are involved in the decisfon-making chain,
Alding and training are complementary processes, since the usefulness of
an aid Is some function of how well {t relates to the training level of
the operator.
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SUMMARY ANDY OUTLINE

Tabic 1 s an attempt to outline the ODC {n terms of varf{ous types
ot decision tasks operatoras perform when making probability estimates,
The first two colums describe the charactevistics of the paradipms
ured to study these taska., Column 3 states the underlying model the
operator should use for optimal solutions., Colums 4-7 characterize
the operator's performance tor these tasks, The most {mportant sources
tor this characterfizatfon are given in Column 8.

"Fvent probability eatimation (inexperienced)" refers to the
operator 's ability to estimate efther probability distributions or odds
that particular events will occur, 1t differs trom the updating task
becaure the operator may have Little knowledge of either the probability
structure ot the events or the data which signal the events' vccurreance,
This task more clozely approximates operator performance in situations
fn which he simplyv does not know the fmportant parameters of the situa-
tion and vet must estimate the probability of an eveut occurring. For
example, he might have to estimate the probability that voute A is
safer than route B the f{vrst time he tlies in a hostile zone when there
has been little advance futelligence,

n the other hand, "event probability estimat {on (expert)" retfers
to sftuatfons where the operator underastands hoth the underlying dvnamics
ot the mftuat fon and {1 somewhat tamiliar with the probability structure,
The operator is assumed to be an expert at combining evidence with past
frequency counts, The time stress {8 minimal, 1t differs from the
updat ing task because the geenario {8 more realistic and the operator
{s well trained, thus understanding the pussible dependencies which can
exist among real world data. "Event probability est {mat fons (expert)”
are more likely to be made during mizsfion planning than in miggaion
execution, Obviously the two tvper of event probabilfty estimations
represent two extremes on a cont fnuum rather than two discrete tasks,
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WORTH ASSESSMENT

OVERVIEW

Besides assessing the probability of an event's occurrence, the
operator must assess the worth of particular outcomes., This assessment
should be independent of probability estimation, The first step in the
assessment process is to generate a list of possible outcomes. OQutcomes
[¢1...¢j...¢n] are results of actions and are characterized by an u
dimensional vector [ajj...8)jk...a]ly] with each dimension representing
a facet of the outcome's worth (Figure 5).

ACTIONS Poss! EI_._E_R_E&_) L_T_S_’ OUTCOMES
ACTION) — o — — — — e e By T ey gy 8y
ACTION | —m e e e e e s e - O, ey ey
ACTION | = = wom oo s iy s e - ey ey ey
ACTION M s e s s e ot e o - Oy Ok mn)

FIGURE 5. Structure of the Worth
Assessment Task.

Formally, worth assessment is the evaluation of each outcome based
on one or more dimensions of worth, The worth assessment process
involves different scaling techniques which imply different measurement
models. Worth assessment might be a complex, time-consuming process or
a "snap Judgment,”" The purpose of this section is to examine the formal
properties of the process and to characterize operator performance.

The underlying assumption for all worth assessment is that the
operator has a particular preference structure and a value for each
outcome can be generated to repreaent it., Generating a value is far
from trivial,

The pilot, in our example, must assesa the consequences associated
with sinking (or not sinking) the ship. Obviously, it is not an easy
task, He must know what dimensions to consider and the ramifications
of each outcome for these dimensions. These ramifications may have
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complex second- or third-order reverberations (Slovic, 1979), so the
pilot's evaluations may tend to be vague.

Table 2 represents an example

of possible dimensions and their evaluations for each outcome.
. as presently scaled these assessments are too ill-defined to base deci-
Rather, they raise a number of questions.

However,

First of all, how

What is moderate compared to high danger? Is
there a trade-off between danger and military advantage?

TABLE 2. Worth Values for Sinking or Not Sinking
Ship Imaged on Display.
OQutcomes
Worth dimensions Enemy ship Friendly ship
Sink Not sink Sink Not sink

A. Danger level to pilot High Moderate | None None
B. General military situation | Improved | Same Worsen | None
C. Damage cost to ship S1M ¢ -$2M @
D. Change in fuel level -30 gal |9 -30 gal | @

the mission.

functions.
be discussed.
will be examined,

The formal procedures designed to answer these and related issues

are reviewed in this section.

Generally, these procedures consist of
taking both the verbal and numerical values in Table 2 and converting
them to a common numerical scale which reflects their relative worth.
The actual value assigned to an outcome then depends on the measurement
model the worth assessor feels is appropriate to the situation., In
our particular situation, this process may scem too time-consuming to-
be of much value,

However, even in a time-constrained environment, the operator may

informally consider different dimensions of the worth assessment
situation and mentally make trade~offs among dimensions.
the increasingly sophisticated software capabilities in attack aircraft,
the actual worth functions could be programmed before the mission.
pilot could then enter values such as those in Table 2 assessing the
immediate tactical situation and the computer could tabulate outcome
values using the predetermined functions the pilot has generated before
How valid such a procedure would be depends on issues
discussed in the next section,

Also, with

The

The next section will be devoted to techniques for generating worth

29

Then, measurement models these techniques are based on will
Finally, the operator's worth assessment characteristics
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SCALING TECHNIQUES

Methods

Scaling is the process of assigning numbers to items (Coombs, Dawes,
and Tversky, 1971). Kneppreth et al (1974) haVe prepared an extensive,
nontechnical guide to scaling of worth, A summary of their data is
shown in Table 3. Techniques for scaling are listed below to give some
of the flavor of what the worth assessment process consists of.

Ranking Method: In this method ranks are assigned to outcomes or
an indication is made as to which of two outcomes is preferred. This
gives ordinal scale information.

Equivalence Method: Outcomes are rated as fixed categories such
as good, very good, etc. This technique also gives only ordinal
information,

TABLE 3. Comparison of Worth Assessment Methods.?

Techniques
Characteristics “RankTng fquivalence Direct Gamble Tndiflerence
methods grouping methods methods methods
Probabilities No No No Yes No
required
Response required Preterence Indifference Qualitative Indifference judgments indifference
judgments tadomeat s ruda g usually, but may be & sudaveat «
preterence judgment
Number of factor Two Qne Two/Three Three/fFour Two
levels considered
Continuous or Jdis- Biscrele only Discrete onty tither Either Cont inuous
crete factors
Output Relative worth | Approximate nu- | Numerical worth Numerical worth Ranking
mer ical worth
tase of use Very simple Very simple Hard to do tor Ted 1ous - Tedious
some peuple
Training of deci- Almost none Almost nune Moderate Extensive Little
sion maker
Reaction of deci- High accept- High accept - Often requires Sometimes trustrating Can be slow and
sion makers ability ability selling for taxing
acceptability
Speesd Very quich Very quick Monlerate Stow Slow
Data processing Very little Very little Usually none Moderate Can be extensive
Unique worth No No Yes Yes Yes
ass ignment
Accuracy High, if only a |High, it only a Moderste Accuracy is a tunction Possible wide
(Consistency) fow alternatives | few alternatives of patience, ranqe of indifference
indifference, and under- |area
standing of probabili-
tiey and risk properties
Skill and enxper- Little Little Moderate Nigh High
lence required
of analyst

* From Kneppreth et al., 1974,
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Direct Method: The levels of the dimensions are assigned numbers
or graphed by the assessor against worth values. These techuniques give
interval information,

Gamble Method: Probabilities are varied between two outcomes until
the assessor is indifferent. Alternately, worth levels are varied
between two outcomes differing in probability until the assessor is
indifferent. This technique gives interval information,

Indifference Methods: 1ndifference functions are graphed or
elicited between levels of two dimensions. This technique can give
interval information,

Keeney and Raiffa (1974) and Raiffa (1968) discuss gambling and
indifference methods which are more sophisticated than the methods
outlined by Kneppreth et al (1974). The main advantage to the more
sophisticated methods is they can be used to generate worth functions
of vectors with n dimensions rather than the few factors considered by
Kneppreth et al (1974). However, these methods are based on the same
basic elicitation procedures as the reviewed methods.

MacCrimmon (1968) reviewed a number of methods that consider the
values in a multidimensional vector without exhaustively considering
all dimensions tor ecach outcome, These are listed below,

Lexicographic: Dimensions are ranked in importance, A subset of
outcomes with high values on the most important dimension is chosen,
This subset is turther reduced by examining the next most important
dimension and so on until the desired outeome is chosen,

Satisficing: A subset of dimensions is chosen and, it these values
lead to a clear preference structure, the outcomes are ordered. However,
if evaluation diftereaces among outcomes do not surpass a critervial

level, additional worth dimensions are examined.

Maximin and Minimax: Here the tull set of dimvasions are considered,

but ualy the worst level among the dimensfons is used to rank the desira-
bility of the outcomes,

The relevance of these scaling techniques to operator performance
depends ou (1) practicality, () formal validity, and (3) psvchological
relevance. N

Practical ity and Scaling Techniques

One of the first practical problems tacing the operator is whether
to decompose an outcome into a multidimensional worth vector, In many
cases, {t may be tuo time-cousuming and complicated to scale each

i1
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dimension rather than simply assigning a value to each outcome. However,
in other cases, breaking down outcomes into their important dimensions
helps the operator structure the dynamics of the problem in his own mind.

A practical solution to this problem i{s demonstrated with a worth
assessment algorithm developed for group decision-making (Leal, Levin,
Aamon, and Weltman, 1978; Leal and Pearl, 1977). The algorithm allows
direct assessment of outcomes or decomposition, depending on the situation,

Outcomes are directly evaluated by cach judge. A computer sub-
routine examines the range of the values, performing a sensitivity
analysis, If the ditfferent judges' values lead to the same decision,
no further analysis is done, On the other hand, if the divergence of
opinion would lead to different decisions, each outcome is decomposed
into a multidimensional worth vector. The values of the dimension are
rated by each judge and discussed. This decompusition allows the
decision-makers to identify and possibly mollify areas of discord. The
amount of scaling done by the decisfon-maker is not pre-set, but rather
it is the minimum necessary to arrive at a consensus., Sensitivity
analysis is also possible tor individual worth assessments, if the
assessor gives ranges of worth and not a single value for cach outcome.

MacCrimmon (1968) suggests combining a number of scaling techniques
in order tu simplify complex assessment problems. For example, a com-
bination of lexicographic ordering and a minimax criterion could be used
to eliminate obviously poor choices, The A-7E pilot might wish to consider
20 potential targets. He can choose the most important dimension (e.g.,
his safety) and attempt to minimize the maximum loss by eliminating any
targets that have a good chance of shooting him down., For the remaining
subset of targets, he can consider other important dimensions betore
making decisions., The important point {s that these worth assessment
techniques are not mutually exclusive: the best technique for a partic-
ular situation depends on the parameters of the situation and the ingenuity
of the assessor.

Validity of Scaling Techniques

The validity of the scaling technique depends on (1) how the numbers
were generated and (2) the reasonableness of the underlving measurement
model. Considering the two-ship problem again should help in understanding
these two concepts. It will be assumed that dimensions are additive,

The assessment would consist of decomposing outcomes into a worth matrix
(such as Table 2) and using one of the scaling methods to assign weights
to various dimensions and numbers to various levels. Equation 9 could
then be used to compute the worth of the Kth outcome (e.p., sinking

ship B).
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wK-Z L (9)

where

Wx = value of the Kth outcome
bj = weighting constant for dimension i

DU = value for the jth level of dimensioun i pertinent to the Kth
outcome.

The validity of the worth assessment process depends both on the
numbers generated and on the appropriateness of Equation 9. The first
criterion (number generation) is a function of how well the numbers
represent the operator's value system. Ranking both the dimensions
and their weights vesults in losing interval information concerning the
relative importance of different dimensions. Direct scaling techniques
do not force the operator to make trade—oftfs. The assumption is that
the operator can generate a number which represents a valid approxima-
tion of the dimension's relative worth., Indifference and gambling
methods are more sophisticated. They gencrate interval information by
forcing the operator to make indifference judgments between worth vectors
by either changing values of dimensions or manipulating their respective
probabilities., Those methods more nearly capture the esseunce of an
additive model which is a trade-off function (Keeney and Raiffa, 1970,
Raiffa, 1968).

However, the advantage of using the more sophisticated methods may
be offset by their difficult and time-consuming nature., The choice of
which technique to use depends on operator training level, time con-
straints, and desired precision, as well as on the theoretical validiuy
of the technique (Kneppreth et al, 1974).

]

b

\

3

t

. The second criterion involves Equation 9, which is based on an

¢ additive conjoint measurement model. The properties of the model must

k be realistic in terms of the empirical worth assessment situation,

5 If the two-ship problem involved correlated dimensions or important

? interactions, an additive model could distort the true prefereance
structure of the operator, The axiomatic basis of measurcment models

and their behavioral consequences are discussed in the next section,

Psychological Relevance

The ability of the operator to use these scaling methods and the
processing load they impose on the operator determine their psvchological
relevance.
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Simply ranking dimensions or outcomes involves less cognitive
loading than does weighting dimensions or making paired comparisons.
Such a simple strategy is justified for many decision problems, since
empirical and analytical evidence indicates that more complicated
methods often result in the same decisions (Eckenrode, 1965; McClelland,
1978).

There are a number of ways to generate numbers for direct scaling
techniques (Galanter, 1965; Kneppreth et al, 1974). One of the most
controversial is the ratio method. A low level is chosen arbitrarily,
and other levels are assigned numbers in proportion to their respective
values to the low level. Some active researchers favor using this
method (Edwards, 1978), whereas Kneppreth et al (1974) argue that it
is psychologically difficult for the operator to assess worth in this
manner. Therefore, any scaling technique considered should be viewed
with some caution, A technique should be chosen that is tailored to
the individual operator by being simple and psychologically unequivocal
to him.

A related concern is whether the very use of formal scaling models
distorts the decision situation. It is possible that the values elicited
during such a procedure are unstable and represent a conciliatory attempt
by the operator to cooperate in the scaling process. This is particularly
possible when the values are elicited from the operator by a decision
analyist., The analyist's efforts to simplify the decision situation
may result in structuring the problem in a manner that is totally un-
representative of the situation as seen by the operator. One way to
circumvent this is to have the operator generate an informal, intuitive
analysis of the decision situation before any formal analysis is done.
Then, 1f the operator's informal model differs from the formal scaling
solution, the operator can rethink the problem and attempt to reconcile
these discordant assessments. Using this strategy, the operator is not
driven by the rigid formalism of some of the scaling techniques, but is
able to use his own intuitive judgement in order to help guide the worth
assessment process. In general, any scaling procedure that passively
elicits values from the operator, runs the risk of dictating rather
than discovering an underlying preference structure. (Fischoff, 1978;
Fischoff, Slovic and Lichtenstein, in press.) Fischoff (in press)
has recently compared worth assessment methods to clinical methods in
psychology. The analogy is apt since, when both methods use insight and
flexibility, the results are usually very useful. However, when the
analyist is wedded to formal doctrine and inflexible models in either
discipline, the resulting analysis often does more harm than good.

One purpose of decomposing outcomes into worth vectors is to reduce
the operator's cognitive load. Assessing outcomes involves mentally
integrating information over a number of dimensions and levels. Decom-
position allows the operator to assess worth in smaller, more manageable
chunks (Fischer, 1975; Miller, 1956).
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MEASUREMENT MODELS

Importance

Measurement procedures (such as Equation 9) imply that the numbers
being used have certain properties. The implicit properties underlying
the measurement procedures are its axioms (Krantz, Luce, Suppes, and
Tversky, 1971). A measurement model, then, is a collection of axioms
that allow specified numeric procedures to take place among events
defined by the model. Models are useful because they allow manipulation
and abstraction of real-world processes. Pearl (1977) points out that
worth assessment is related to specific neurological activities which
govern the operator's preference structure. Measurement models are
the framework in which these activities are assessed and assigned numbers,

The decision-making characteristics of the operator depend on how
well the particular worth assessment model he uses reflects his preference
structure. Part of the operator's task is circumscribed by the model's
axioms. If his performance is incompatible with some of the axioms,
then particular measurement procedures may be inappropriate.

Coombs, Dawes, and Tversky (1971) make the distinction between
"simple" and "existentinl" axioms. The former deal with the model's
specific assumptions, whereas the later involve conditions such as
“continuity" dealing with properties of number systems in general. The
present discussion will focus on "simple'" axioms which have important
behaviorial consequences; all necessary axioms for a particular model
will not be discussed.

A thorough discussion of measurement models is beyond the scope of
this paper. The focus of this section will be on (1) how realistic the
assumptions of the model are in relation to operator performance and
(2) the usefulness of procedures based on the model for the worth
assessment tasks. For a complete discussion of the mathematical and
logical foundations of these models, the reader {s referred to Coombs,
Dawes, and Tversky, 1971 and Krantz, Luce, Suppes, and Tversky, 1971,

Ordinal Preference Models

Ordinal preference models are the basis of scaling techniques that
measure the operator's preference structure on an ordinal scale,

The first axiom, A.l (connectivity), indicates that an ordinal

number can be assigned to any two outcomes (x or y) indicating preference
or indifference (Luce and Suppes, 1965).

X2y or yo2X2x (A
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This class of models also allows for the use of strict inequality
operators (>,<) where clear preference structures are evident. A second
axiom, A.2, requires that relations among outcomes be transitive,
Transitivity means that if x is preferred to y and y to z then x must
be preferred to z.

x>y and y >z then x>z (A.2)

Because of variability in human performance, A.l and A.2 are certain
to be violated in many real-life tasks., Tversky (1969) suggests that a
weak stochastic transitivity condition, A.3, is the limiting factor for
determining whether the assessment process is based on an ordinal
preference model.

{x,y} > 1/2 and [x,z] > 1/2 then [x,z] > 1/2 (A.3)

where [x,y] means x is preferred to y.

Axiom A.3 indicates that, if the operator examined three outcomes
a large number of times, his orderings would be transitive more than
half the time, Most experimental results support models that are
: based on at least weak stochastic transitivity (Luce and Suppes, 1965;
Tversky, 1969). However, for experiments with a large number of possible
outcomes, only about 25%, at tue most, of the relationships can be
intransitive. Thus these tests may be insensitive to some patterns of
intransitivity, because the patterns would show up in the data analysis
very rarely. Tversky (1969) examined situations where he suspected
intransitive relationships, and his results supported the hypothesis
that the human operator is intransitive under certain conditions.
I Table 4 illustrates a condition similar to those in which Tversky
found the operator to be systematically intransitive.

TABLE 4. Possible Intrausitive Relations Among
Ship-Destruction Preferences,

Worth dimensions
Ship Enemy ship Danger level
cost, SM to pilot
A 9 Low
B 10 Moderate
C 12 High
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The operator would choose to sink A rather than B, and B rather than
C, but C rather than A, The rationale of the operator is that cost is
the most important dimension, but that, unless the values in that dimen-
sion are at least $3M apart, the preference would be based on danger.
In such a case no rank ordering of the outcomes 1s possible; thus any
of the scaling techniques based on ordinal information are invalid.

Such an example is not contrived; there is other experimental
evidence to support the notion that values must be a certain critical
distance apart before clear preferences exist (Coombs, Dawes, and Tversky,
1971; Suppes and Walsh, 1959), Also, polling records show clear cases
of systematic and not just nonstochastic intransitivity (Lee, 1971),

This does not indicate that the operator is necessarily irrational,
only that worth assessment may involve heuristic rather than strictly
analytical processes. The operator with a limited processing capacity
may not be able to examine multidimensional worth vectors for each
outcome. Thus he may lexicographically search dimension by dimension,
eliminating outcomes with less than optimal values on important dimen-
sions., Tversky (1972 a, b) provides data to support such a model of
outcome preference, which he refers to as "Elimination by Aspect."
This method may not be ideal, since important information in the
multidimensional worth vector is ignored; however, it mav be efficient
considering the operator's processing limitations.

Ordinal preference models are the simplest measurement models for
worth assessment. However, even for this relatively simple case,
operator performance is not always commensurate with ordinal models.

In certain circumstances (Luce and Suppes, 1965; Tverskv, 1969),
heuristic assessment procedures might be employed by the operator which
violate transitivity assumptions. The main reason for this seems to be
the operator's processing Limitations rather than inherent irrationality.

Conjoint Measurement Models (Additive and Multiplicative)

Conjoint models are the basis of scaling techniques which meesure
the jolnt effect of two or more dimensions on the worth of an outcome.
These models presuppose an ordinal model, but involve additional assump-
tions resulting in interval information concerning worth. Decomposition
of an outcome into different additive dimensions is based on an additive
conjoint model, The following two definitions represent the simplest
additive model having two dimensions x and y, each having three levels:
a, b, ¢ and d, e, f, respectively (Coombs, Dawes, and Tversky, 1971).
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¢(ad) = h(a) + q(d) (D-1)
¢(ad) > ¢(be) 1f M(ad) > M(be) (D-2)

where

(x1y3) = vector containing the {th levels of x and y
$,h,q = functions defined on x and y

M(xq{y{) = measured worth of (xqyj)

The firat definition states that a vector is decomposable {unto two
additive functions representing levels of {ts important dimensions. The
gecond definition indicates that the decomposable function has the same
ordinal properties as the measured effect of the nondecomposed worth
vector.

Table 5 {llustrates these two detinitions. The levels (a, b, ¢
and a, ¢, f) of the two dimensfons (x = ship cost; y = danger to pilot)
are assigned numbers reflecting thelr relative worthe These values are
listed as murginal scale rates In the table, whereas the cell values
reflect thoeir measured joint etfect. These definftlions are satisticed
£f (1) the cell values are some additive function of the scaled values
of cost (x) and dinger (y), and (2) the value assigued an outcome is
commensurate with the operator rankings of these outcomes.  These detind-
tions imply two types of fndependence,

The first type of independence requires that the marvginal scale
values unfquely determine the measured conjoint effect.  This means
that the dimenstons do not have an futeractive etfect when combined,
The secound type of independence lmplies that different levels of the
dimenslons are separately realizable. This refers to conditions where
having a particular value on x does not determine the level of oy,

For example, this type of independence would be violated {f a value of
high danger precluded a value of low cost as a possible outcome.
(Krantz, Luce, Suppes, and Tversky, 1971)
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|
TABLE Y, Addit {ve Conjunint Bifects of
Levels of Dimensions x and v, *
o 77 - © Dimension v -
(danger level to pilot) ’
Level d ¢ t
e s st ,”- ~—~“' -r-'~~—~v~1-—-»—~-->~ e e e
Dimension x Marginal . :
scale 17 19 18
(shitp cost)
values
a 2 19 AR 1
b 0 17 19 I8
¢ -4 13 15 3o

* Scaled values ave some weighted tunct ious
ot the decomposed values generated during the
worth assessment process (see Keeav and Rattta,
1976) and cell entries arve a measuve of the joint
cftfect ot xg and v (Lies, M(x5 vi)).

Other necessary properties of this model fnclude solvability and
cancellation, Solvability assutves that ther: ave sufticient levels of
the dimensions to compute a solution, Cancellation, A.4, is an algebraic
result of the additive combinations ot certaiun levels and can be {nter-
preted as a special case ot transitivity,

1t M(ae) 2 M(bd) and

M(bf) > M(ce) then (A

s

M(af) 2 M(ed)

This velatfonship is not obvious and vesults trom the tact that, it
additivity holdg, then M(ae) > M(bd) and M(bt)Y > M(ee) can be decomposed
into additive functions and vearvanged {nto FEquat tons 10 and 10°,

hia) - qd) 2 w(b) - i) QL)

wibh) - p() 2 ) - ) (on
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This rearrangement indicates that bevgane ot transit vty the ol oy
is true:

h(a) - g(d) - 1) - () Ciuoed

Rearvanging this equation into its additive torm cloby iy a0 o
detinftions 1 (D=1 and 0 (D=0Y are trae, the tesuit of Aviep o ot
necessarily tollows,

h(a) + r(1)Y - 16 + qud) ity
MEat) o Meed) clav

The tact that this relationship s not ntuittive makes oxpet et al
tosts all the move crucial,  Coombs and Romorita’s (1998 wabiged ts
cvaluated the worth ol outeomes dittering on the dimension ot probability
and monetary pavott . Their subject's ordering of outoomes wias commen -
surate with the cancellation axiom in J9 ot W0 caxes,  Adams and Fagot
(1999) tound that most of theiv subjects (8070 rated job applicants in
accordance wich the cancettation asbom most ot the time (960, Wheroeas,
Fischer's (19/70) results were similar 1or ratings of job opportanit jes,

These studies suppest that cancellation is a reasonable condition
for at least the simple paradipms veviewed,  Because ot subject varia-
bility, these axioms are only an approximate description of operator
pertormance.  However, they still have proved to be pood predictors of
operators' decisions inoa nunber ol experimental paradigms (Fischer
1975, 1976).

There are some cases when the auderlving relationships amony worth
dimensions are simply not additive,  loportant intervactions (especially
noamonotonie ones) and the sitoat ion where worth becomes cero {t one
dimens fon is covo are examples of such cases (Haber, 19745 Wintert e ldt
and Fischery 1979, 1t can bhe shown that, i1 the values ot dimensions
are preferent{ally independent (see Keeney and Raitta, 19760) 0 0 walti-
plticative conjoint model can be used o evaluwate worth (Keeney and
Raftta, 1976 Keenev and Sicherman, 19/0) . Farthomore, exper imental
evidence suppests that additive models wav be too simple to medel the

operidtor's prefterence stracture in many worth evaluation situat ions
(Anderson, 1965, 19700 Anderson gnd Shantean, 19775 Grasser and
Aderson, 1974),




18

‘anTeA UOTIAITID Yl

YilM polRr[aal0d ATY3TY Sem [3poll 9yl UAYM UAAD 10113 SNOTAAS 0] Spera]

sassadoad [rRUOTINUNG Apnls 01 S[apow uorssaadar Jursn eyl papnyoucd pue

yoreasaxr [eorfojoyodsd jo seade Jo zoqunu B pakaaans (//6]) nesjuweys puw

uosiapuy ‘1apow I1eaur] aTdwuis B yiIm uorieTalloy y3dyry B moys 1118

Mg *ADTAWOD LTTRUOTINUNG AQ LPW aanIIMIIS 3dudlajaad FurAraapun ayy,

* (9961 ‘yarus pue iaddeiq) sTapow [ruUOTIIuUN] i3Ikl AATIOIPaad sae syapou

uoyssaafay (/61 ‘UTIISUBIYITTT pue OTAOS /76T ‘neajueys pue uosiapuy

2/61 ‘uosaapuy) saanpsooad TrRUOTIRIAAION Jo asn Jiepradoaddeuy

ur ST STY1 1BY) 1IN0 pajujod aAry Sa3aYIILISAL JUADAT “19AIMOY  * (T/61

‘UTAISUSIYOT] pur d1A0YS) sossadoad eiuswlpn{ uo yoaeesasa Lraed uy
sa1orT10od yraom sadpnl oyl vaniden o3 pasn alzom srapoll worssaagay

‘Blep 9yl WOl paA1Iap

$31 ] Sailenbs-1SBAT 9ar J03109A Y110M 9yl UT SUOTSUSWIP Ayl 10] s3ydiam

a4yl pue so0lwiado syl £q paIrIAUAR ST AWOOINO UE 10] aNTEA Ylaom ayl

*ased STyl Ul ‘saaualajead penjow s aoievgado syl uo paseq sjopolt (B9
-SI7P1S ASN 01 ST §89004d JUAWSSISSE YIIoM Yyl Tapow o) Aem 13yiouy

STIPOW TEDTISTIRIS

*SUOTSUIWIP OM1 UBY] 3J0W YITM S10303A 10 Xatdwod s3] awWooaq syapou
jurofuoy *sdem awWos Uy ‘suyl,  ‘suojjvulquos ajqrssod ayl jo 1asqns
T1ews ©® Lpuo Sururwexs Aq waopuadapur Lpreninu oae Yoyym suojsuawjp
8u131097198 JO SPoylIaW BILIIBUOWIP (9/6]) BIITRY puk Kaunsoy °‘Suoyjeuyquon
uorsuawip arqyssod [-u-,7 aaw azayl ydnoyite *osty (161 ‘AWsaaAl pue
‘saddng ‘aon ‘zjuwly) LaBss5anau 1a8uo0] ou ST uorivlecued Jo Kjaadoad
Ayl ‘oMl uvyl 123e8al ST (U) SUOTSUBWIP JO 13QUNU AYI UIYM SIBRD 204
*SUOTSUSWIP OM) HITM 10310aA YJaOM B PBWNSSE SBY UOISSNOSIP STYL

*(SL61 ‘spavmpy pue raduypaer) g/e1 ‘SPILMPF) UOTSIOAP oduwes

9yl 01 prA pTnoM sTapouw yjoq asnensaq Lrdwys sassasoad xapdwoo aaow jo

suotjewixoadde ajenbape aq 03 3aoad sTapow aArITppe ‘sawpl Auwvy Crapow

aaryedITdratnuw B Bursn jo L3yariorpaad peppe oyl pue STIpow AATIIPPE JO
L3101 17durs oyl usami1aq jjo-aperl v S] a9yl ‘SISATRUR [RUT] 9yl uj

‘Tapow vArIvORTdyITNU

® Bursn £q aBuwvyd LTqrIdoaidde 103 pajunodorr aduURIALA O Junouww

94l PIP UOTIBNITE UTRIIINUN 3] ur LU0 ‘IaDABMOH ‘sTapow jutofuod

AATITIPPR AQ ueryl SATIBITTATITIWN £q PAQTIOSAP 1931713q A1aM BUOTIWNTERAD

yliom ,83103(qns STy jo J{RY I10Qr SIS 1J10g U] *SIUAWOITAUD UfRIIAD
pue UIRIIOUN YJOq UT JUSWSEARSE {II0M PAIPNIS (9/6T1) IDYOSTY

%219 d1 IMN




NWC TP 6124

Fischer (1976) studied worth assessment in both uncertain and
certain environments. In both cases about half of his subjects' worth
evaluations were better described by multiplicative than by additive
conjoint models. However, only in the uncertain situation did the
amount of variance accounted for appreciably change by using a
multiplicative model.

In the final analysis, there is a trade-off between the simplicity
of additive models and the added predictivity of using a multiplicative
model. Many times, additive models prove to be adequate approximations
of more complex processes simply because both models would lead to the
same decision (Edwards, 1978; Gardiner and Edwards, 1975).

This discussion has assumed a worth vector with two dimensions.
For cases when the number of dimensions (n) is greater than two, the
property of cancellation is no longer necessary (Krantz, Luce, Suppes,
and Tversky, 1971). Also, although there are 20%-p-l1 possible dimension
combinations, Keeney and Raiffa (1976) demonstrate methods of selecting
dimensions which are mutually independent by examining only a small
subset of the possible combinations. Thus, in some ways, conjoint
models become less complex for vectors with more than two dimensions.

Statistical Models

Another way to model the worth assessment process is to use statis-
tical models based on the operator's actual preferences. In this case,
the worth value for an outcome is generated by the operator and the
weights for the dimensions in the worth vector are least-squares fits
derived from the data.

Regression models were used to capture the judges' worth policies
in early research on judgmental processes (Slovic and Lichtenstein,
1971). However, recent researchers have pointed out that this is an
inappropriate use of correlational procedures (Anderson, 1972;

Anderson and Shanteau, 1977; Slovic and Lichtenstein, 1971). Regression
models are predictive rather functional models (Drapper and Smith, 1966).
The underlying preference structure may be functionally complex, but
still show a high correlation with a simple linear model. Anderson

and Shanteau (1977) surveyed a number of areas of psychological research
and concluded that using regression models to study functional processes
leads to serious error even when the model was highly correlated with
the criterion value,
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On the other hand, the use of linear regression models to predict
worth judgments has proved to be very successful (Dawes and Corrigan,
1974; Goldberg, 1970). Bootstrapping is the use of a regression model
to predict decision rules based on operator performance. In general,
bootstrapping models perform better than the judges they model (Dawes
and Corrigan, 1974) because the variability reflecting lack of fit due
to a linear wodel is often less than the variability due to the judges'
inconsistencies (Goldberg, 1970).

Hamner and Carter (1975) used four regression models based on their
subjects' estimates to predict ideal production rules. These models
were linear combinations of different information sources such as sales
forecasts, current inventory, etc. All four models led to production
rules better than those chosen by the subjects whose data were used to
generate the rules, Thus the weights inferred from the subjects’
performance reflected a more stable indication of their worth vector
than did the decisions made by the subjects. Dawes and Corrigan (1974)
reviewed experiments in which bootstrap models of judges were more
efficient than the judges' decisions in almost all cases.

Perceptronics (1977) has recently developed a decision aid (ADDAM)
which incorporates features of bootstrapping models. The weights of the
worth vector change as a function of operator decisions and are updated
using an online computer program. Thus the operator has a computer
model of his worth vector which can be used to select optimal decisions,
Preliminary experimental evidence indicates that this aid improves
operator performince,

Even simpler than fitted regression models are models with unit
weights for each dimensfon. Dawes and Corrigan (1974) give evidence
that such models result in predictions that are almost as good as
least-square weights, provided there are no significant nonmonotonic
interactions. This would greatly simplify the operator's task, since
generating an additive model such as Equation 9 would consist of
simply normalizing the levels of each dimension and then summing.

However, McClelland (1978) provides analytical arguments which
show that unit weight models are most likely to be seriously erroneous
for nondominated outcomes. Nondominated outcomes are those for which
the operator must determine trade-off functions among dimensions in
order to choose the outcome with the largest worth., Since nondominated
outcomes are the most important for worth assessment, unit models would
seem to have limited usefulness except In situations where the weights
of the various dimensions .are unknown.

Regression approaches extend the usefulness of using a worth vector

by allowing weights for various dimensions to be determined by operator
performance. The ultimate usefulness of these models depends on how
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well they predict worth assessment in novel situations. Unfortunately,
most of the models were tested on the data used to generate the model
(Hamner and Carter, 1975).

Other Measurement Models

A number of multidimensional measurement models have been developed
that depend on the concept of psychological distance (Coombs, Dawes,
and Tversky, 1971). The worth models posit ideal points in multi-
dimensional psychological space. Different metrics are used to measure
the distance of worth vectors to these ideal points. The closer the
vector to the ideal point, the greater the worth, Although scales
based on distance models have been used in many areas of psychological
research (Coombs, Dawes, and Tversky), quite a few of those scales
violated the axioms they were based on (Beals, Krantz, and Tversky, 1968).

There has not been too much use of distance models for worth assess-
ment, probably because these techniques have more theoretical than
practical appeal. Klahr (1969) measured different dimensions of college
admissions standards (e.g., college boards, I.Q., etc.) using the concept
of psychological n-dimensional space with ideal points. His results
predicted selections comparable with other scaling techniques, although
the simpler additive techniques were better at predicting judges'
decisions. Klahr argued that this approach still should be considered,
since the values for worth were based on subjective rather than nominal
metrics. Coombs (1958) was able to explain certain preferential incon-
sistencies by testing a model based on psychological distance.

Another approach to worth assessment is functional measurement
scaling. These methods involve monotonic transformation of nominal
scales to subjective scales and then testing various worth models
(multiplicative, additive, etc.) using an analysis of variance. The
main advantage to these methods is their dependence on operator behavior
rather than axioms positing ideal behavioral patterns (Anderson, 1970;
Anderson and Shanteau, 1970). Howevef;'functional measurement is more
of a means of scaling and testing various cohjoint measurement models
than a separate measurement model in its own right.

EXPERIMENTAL COMPARISONS OF OPERATOR AND TASK WORTH
ASSESSMENT CHARACTERISTICS

It is difficult to compare the various measurement procedures
empirically, because the criterion value is not objective. Also, better
performance for one procedure in a particular experimental paradigm does
not necessarily indicate better performance under different conditions,
Even comparing procedures' predicted results to actual decisions assumes
that the operator's decisions perfectly reflect his preference structure,
an assumption that most of the data contradict,
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However, with these rather strong reservations in mind, empirical
studies do indicate how well the human operator uses these procedures
under specified conditions. In general, empirical studies show that
decomposition procedures correlate well with both outcome ordering and
regression approaches to worth assessment (Fischer, 1975).

Hoepfl and Huber (1970) compared two additive procedures with
subjective levels of the dimensions being derived by their subjects.
The criterion value was a worth value assigned to outcomes. For the
first procedure, subjects directly scaled the weights for each dimension,
whereas for the second approach the weights were fitted using a least-
squares regression fit. The average correlation coefficient for the
first approach was 0.87 and for the second 0,91 (both were corrected for
bias). The important finding was that both models were able to predict
the criterion value fairly well. Since the regression appreoach is a
mathematical minimization of the residual sum of squares, it is not
surprising that it accounted for more of the variance than the scaling
procedure, To compare the two procedures adequately, the regression
model would have to have been compared to criterion values other than
those used to fit the model.

A tendency to give more uniform weights for all dimensions was
noted for the scaling procedure. This tendency has been noted in other
research on decomposition procedures and suggests that operators may be
conservative when scaling (Edwards, 1978; Fischer, 1975). It appears
as if the operator does not wish to assign weights with too high a
proportion of the total value to any one dimension when he decompeses
an outcome, whercas his actual decisions reflect heavy weighting of
some dimensions,

Huber and Daneshgar (1971) cvompared five worth assessment pro-
cedures and found some interesting interactions. Regression weights
were more reliable than decomposed scaling weights for experienced
subjects in predicting job ratings. However, the opposite was true for
inexperienced subjects, This suggests that decomposing job satisfaction
into different dimensions helps when the subject is inexperienced in
terms of the outcome, whereas experienced subjects are able to judge
outcomes (i.e,, jobs) directly more easily.

Another interesting find was that, in terms of ratings, a multi-
plicative model was better than an additive model, but, in terms of the
job actually taken, the additive model was a better predictor. It is
difticult to evaluate this because employment depends on more than just
wanting a job, but it does suggest that simpler models may be better
predictors for situations other than the one used to generate the model,

Humphreys and Humphreys (1975) compared psychological distance
models and factor analysis with two additive decomposition models (one
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with wunit weight and one with weights derived using a gamble-type pro-
cedure). The criterion value was how well subjects liked six films.
There were six dimensions in the worth vector. Additive decomposition
models were better predictors of tilm choice, with the scaled weights
being better than unit weights.

Satisficing reduces the cognitive load of the operator by reducing
the scope of the multidimensional worth vector. There is little experi-
mental evidence to suggest that subjects use this strategy. Sheridan,
Richards, and Slocum (1975) compared a satisficing approach with an
approach considering all dimensions of job worth, for nursing students'
job selections. Their subjects' data did not support a satisficing
approach to job selection. Ulander (1975) had his subjects choose
either stocks (monetary value) or books (subjective value), and tound
no evidence that satisficing procedures were used in the former case
and only limited evidence in the latter case.

Another way to reduce cognitive load is to choose outcomes with cer-
tain dimensionual values rather than trying to integrate (or decompose) all
the information in the worth vector., This would involve a lexicographic
approach which Tversky (1972 a and b) refers teo as "Elimination by
Aspect" (EBA). EBA has two important behavioral consequences: (1) an
outcome's worth changes as a function of the value of important dimen-
sions tor other outcomes, and (2) operators' cognitive loading 1is reduced,
Tversky (1972 a) tound support for the first hypothesis, suggesting that
his subjects used a lexicographic approach,

For the experimental situations reviewed, additive decomposition
was a relatively efficient means of assessing worth, The regression
approach is promising, but is rarely used to predict decisions in novel
situations. The use of satisficing and multidimensional "distance"
techniques received little sapport from this review, However, this
may be due more to lack of empirical research in this area than actual
shortcomings of these methods. Evidence, both logical and empirical
(Tversky, 1972 a and b), suggests that the operator uses lexicographic
methods of worth assessment in certain situations., The latter finding
suggests that, as in probability estimation, worth assessment may involve
heuristic rather than strictly analytical processing.

SUMMARY OF WORTH ASSESSMENT PROCEDURES

Table 6 extends the task characteristics outlined in Table 3 by
Kneppreth et al. The first column lists task characteristics. The
more important measurement procedures are listed across the top of the
table. Items A and C are self-explanatory. Item B is a rather rough
measure of the difficulty of eliciting worth values from the operator.
It 1s given as a range, since the difficulty varies, depending on
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the scaling procedure used, the number of outcomes, etc. For example,
additive decomposition may be easiler than outcome ordering it there
are a large number of outcomes and few dimensions, while the opposite
is true for few outcomes and many dimensions.

1f the characteristics listed in C and D are descriptive of a
particular procedure, an"X is entered in the appropriate cell. Since
not all the task performance characteristics are self-explanatory, a
brief explanation is necessary.

Analytical refers to the nature of the worth assessment procedure,
An analytical procedure breaks down an outcome into either a geometric
representation (distance measured) or a functional representation (addi-
tive or multiplicative) of its constituent worth dimensions. A holistic
task means the value of an outcome is judged without analyzing its
constituent parts. Some procedures such as lexicographic ordering and
satisficing are compromises between these two strategies. Information
lost refers to loss of worth information because the worth vector is
not completely analyzed,

Three levels of analysis of the worth values elicited from the
operator are required., This does not refer to the worth assessment
itself, but rather to ine analysis done of worth values after elicita-
tion. For example, a regression approach requires the operator only to
generate the criterion value, whereas rather sophisticated regression
analysis must be done to model the operator's worth vector. Thus there
are two issues concerning the difficulty of the worth assessment task:
(1) how easy is it to elicit a worth value from the operator, and (.2)
how much additional analysis is required after obtaining this value to
determine the worth function? Sophisticated analysis requires either an
expert in scaling (or statistical) techniques and/or a computer program.

Reduction in prucessing load indicates that the operator's processing
load is kept to a minimum for a particular assessment problem. For dit-
ficult problems with time constraints, such approaches should be con-
sidered; otherwise the worth assessment process might exceed the limited
processing capacity of the operator, Interpretation ditficulty means
that the worth function is difficult to understand because the tunctional
form of the underlying model is complex. Not widely used is self-
explanatory.

Table 6 indicates that none of the measurement procedures is superior
to the others. The parameters of the worth dassessment problem (such as
expertise of the assessor, number of outcomes, time constraint, desired
level of precision, etc,) determine the usefulness of the various pro-
cedures for a particular problem,
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ACTION SELECTION

OVERVIEW

Figure 6 is an overview of the action selection task. The operators’
actions (responses R} or R2) depend on probabilities P(H]_/dj...P(HN/dJ)
and outcome worth vectors (¢j...¢,). Thus, after processing incoming
data in terms of probability estimation and worth evaluations for possible
outcomes, this information must be integrated to choose an appropriate

action., This section will focus on optimal selection rules based on
utility theory.

,PlH,ldil ———e Plagy oo By

-
- ) ee——
", (E‘ gy L LY Plasy...0.,)
/ -~ - - ’"“k‘dl) D ‘t‘.k‘ "‘.k'\)
P -~
=~ Y
P PHId) ——————= (0 .t
~ - pm‘k’i) —l Pylayy ... 8y,
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e T = PHd) ——————— Gay. .8
Rt =
R LAY LI L ISR W
= PNy lay) = Ol .4y
(1) ACTIONS (2) PROBABILITIES FOR {3) WORTH VECTORS FOR
STATES OF THE WORLD OUTCOMES

FIGURE 6. Decision Tree Showing Action Selection
Task (R) or Rj).

Table 7 lists the probability and worth estimations the operator
has generated.

48




NWC TP 6124

TABLE 7. Utility and Uncertainty
Information for Action Selection,

State of the real world.

q

‘ . p
Action Friendly

Enemy

Sink U(SE) U(SF)

Not sink U(SE) U(SF)

The cell entries are utility (i.e., worth) functions measuring the
worth vectors relating to the following out comes sink when enemy (SE),
sink when friendly (SF), not sink enemy (SE) and not sink friendly SP).
Probabilities (p or q) of real-world states are listed over the columns,

I The operator's task is to find rules for action selection, based on the i
type of information listed in Table 7, which optimizes some decision

criterion,

This entails finding utility functions for outcomes when the
operator is unsure of what outcomes will result from his actions. In
one sense, this involves conjoint worth measurement with probability

being one dimension ol the worth vector. However, the development of
utility theory presupposes an uncertain environment which, in itself,
puts unique processing demands on the operator (Kahneman and Tversky,
1978; Slovic and Lichtenstein, 1968).

UTILITY THEORY
Axioms

Utility is a measure of the worth of an outcome in an uncertain
environment. For simplicity's sake, it will be assumed that we are
comparing two outcomes X and Y, with X having probability p and Y
having probability q of occurring., Six axioms are necessary to define
the measurement model underlving a utility scale (Coombs, Dawes and :
Tversky, 1971). They will be discussed very briefly with emphasis being t
given to those axioms which have significant behavioral consequences,

Utility theory involves bets of the form (X, p, Y) or (Y, q, X)
where q = 1-p. This states that X will occur with probability p and Y
with probability q (or l-p). LExpected utility is a measure of the worth
of such a bet. For example, how much money are you willing to pay for
rolling a die which pays off X with probability p and pays nothing Y
with probability q? The action selection problem can be thought of as
representing two bets. For action "sink," the bet _is of the form (SE, i
p, SF), whereas for action "not sink" the bet is (SE, p, SF). t
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The development of utility theory in terms of bets most likely has
its roots in the historical interest of probability theorist in gambling
situations. A U will suffix utility axioms. The first two axioms (Ul
and U2) require the elements of the bet to be possible and the preference
structure of the bets to be in accordance with an ordinal preference model.

U3 requires that the decision-maker be indifferent (~) between a
simple bet and a compound bet having the same expected outcome.

1f (X,p,Y) =B, then (B,q,Y) ~ (X,pq,Y) (U3)

A compound bet is a bet where the payoff is another bet, The
probability of the operator obtaining B (which itself is a bet) is q.
If he obtains B, he has probability p of obtaining X, thus the value
of the compound bet must equal a simple bet for which the operator
has a pq probability of obtaining X.

For example, X is $5U0 and Y is nothing. The operator should not
be concerned with the form of the bet; only its expected outcome. A
bet that requires two successes in a row in order to obtain $50 should
have the same utility as a bet which pays $50 for one success, if the
probability of a single success is V.50 in the first case and 0.25 in
the second case.

U4 indicates that the utility of two equally valued outcomes (X
and Y) should not be affected if they are both invelved in bets with
another alternative.

If X~Y, then (X,p,2) ~ (Y,p,2) (us)

U5 states that, if X is preferred to Y, then the value of any bet
involving them is less than X and greater than Y.

If X>Y then X > (X,p,Y) > Y (U5)

U6 insures that an outcome can be made to be indifferent to a bet
that involves a more preferred (X) and a less preferred outcome (Z) as
alternatives.

If X>Y>2, apcan be found for which

Y ~ (X,p,2) (ve)
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The utility function for the various outcomes can be derived Qrom
Ub., If X and Z are chosen so that X is the best outcome and Z s the
worst outcome, then the p values elicited for intermediate outcomes
would constitute a utility scale with X having a value of one and Z a
value of zero (cf., Keeney and Raifta, 1976; Raiffa, 1968).

In the terminology of gambling, actions with uncertain outcomes can
be thought of as a bet in the form (X, p, Y). A utility scale allows

the decision-miker to compute the expected utility of such a bet
(Equation 11).

E(R) = p UX) + q U(Y) 1)

where U(X) and U(Y) are utility functions defined on X and Y.
Tue optimal decision-maker chooses actions which maximize expected

utility. Thus the worth of actions in the problem presented in Table 7
can be expressed as:

E(S) = p U(SE) + q U(SF)
E(NS) = p U(SE) + q U(SF)

and the decision rule would be to choose the action with the higher
expected utility,

Other Decisjon Rules Based on Utility Theory

In many real-life tasks, the odds (or probabilities) concerning
possible states of the world change, but the utility values for different
outcomes remain fairly stable. In such an environment the operator may
wish to use a decision criterion based on odds. If the odds are above
a certain level action, A is selected (Rp); whereas odds below the
criterion favor the selection of action B(Rg). Such a criterion is
referred to as B (Green and Swets, 1966). The advantage of § is that
the operator can precompute (or computerize) utility functions and make
decisions based only on his subjective probabilities (odds) concerning
the changing state of the wnorld.

To derive such a rule, odds must be found for which the optimal
operator would be indifferent between R,; or R,. This would be true
when the expected utilities of the actlons are equal,
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E(Ra) = E(Rb)

or
P U(X) + q UCY) = p U(2) + qUW)
or
p/q = (UW) - U(Y))/WU(X) - u(z))
or

indifference ) or B = (U(W) - U(Y))/(U(X) - U(2)) (12)
a-b

Equation 12 indicates that such a criterion can be developed, if the
operator can generate the utility functions for possible outcomes.

Multi-Attribute Utility Theory (MAUT)

MAUT involves a conjoint worth measurement in an uncertain environ-
ment. The utility of an outcome is a function of the decomposed utility

vector with each dimension of utility being called an attribute. A
scaling technique based on U6 can be used to scale the multi-attribute
worth vector (see Kenney and Raiffa, 1976; Raiffa, 1971).

Like other conjoint models, the worth function (in this case a
utility function) is either a multiplicative or additive result of the
values for each of the attributes. The resultant function must be
commensurate with the utility axioms, and the utility function for
separate attributes must be independent of the levels of other
attributes (Keeney and Raiffa, 1976).

Different Criteria for Action Selection

Besides the maximum utility principle, there are a number of other
criteria on which action selection can be based (Coombs, Dawes and
Tversky, 1971).

Worth Selection: Only one outcome is considered possible for each
action; thus only the worth of an outcome is considered.

Minimax: Outcomes assessed in terms of possible losses. The
chosen action is that which results in the least undesirable outcome,

Maximin: Operator chooses the action for which the worst possible
outcome has the highest value,
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Maximax: Operator chooses the action for which the best outcome
has the highest value,

Equal Probability: Operator has insutficfent reason to assign
probabilities to outcomes; theretore, he assumes all outcomes have the
same probability.

All these methods can be criticized, because the long-run effect
ol using them would be a loss of utility (Lee, 1971). However, they all
hiave the advantage of being relatively easy to use, since the operator
does not have to estimate the probability. Some of these techniques
miy be especially usetful for screening actions with undesirable outcomes.

OPERATOR PERFORMANCE
Introduction

Action selection is the use of both probability and worth informa-
tion to select appropriate responses in terms of some decision criteria,
The expectancy principle (expected utility) is the optimal solution.
However, utility theory puts stringent constraints on the operator,

The tirst issue addressed will be how well the operator's performance
conforms to these constraints, Next, operator performance will be
compared to other formal models of action selection. Finally, models
based on the operator's information-processing abilities will be reviewed,

Pertormance in Terms of Utility Axioms
- —— e ———— e St AP —— -t et

Because it is easy to think of utility axioms in terms of bets,
most of the classfcal research on utility used a gambling paradigm to
test its axioms, An obvious inconsistency between operator pertformance
and utility theory involves the operator use of subjective probabilities;
whereas the expected utility principle (EU) assumes that the probabilities
ave objective. Edwards (1955) and Savage (1954) proposed that utility
theory be redefined to assume that utility axioms are based on subjective
probabilities. Action selection, then, is based on the operator's
attempt to maximize subjective expected utility (SEU) (Edwards, 1955).
However, a perspective theory of operator performance based on SEU is
at best a doubttul proposition.

Once of the tenets of utility theory {s path independence, This
basically means that the operator is not concerned with the individual
terms in Equation 11, only the result. This i{s partly a conscquence
of axtom U3. Experimental research indicates that compound bets are
evaluated differently than simple bets directly contradicting U3 (Slovic,
1964). However, this is probably due more to the operator misaggregating
probabilities than to any basic incompatibility of operator performance
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and utility axioms. A more problematical finding for the concept of
path independence is based on research done by Slovic and Tversky
(1974) . There are classical cases (developed by Allais and Ellgberg)
where the operator chooses actions (bets) that are incompatible with
the SEU principle, but are justifiable on rational grounds. One such
example is illustrated in Table 8. In Slovic and Tversky's experiment,
subjects were told to choose from gamble 1 or 2 in situation A and
gamble 3 or 4 in situation B, A majority of subjects chose gamble 1
and gamble 4. However, no matter what subjective probability and
utility function a subject uses, these choices are incompatible with
SEU (Raiffa, 1971). This can be demonstrated by assigning values to
end-points for these two scales; for 1.00 on the probability scale use
1.00 and for no money on the utility scale use zero. The symbols in
parentheses can then be used to generalize the results to any utility
or subjective probability function. According to SEU, preferring
gamble 1 is represented by the following inequality.

a > pe + qa
or

a(l-q) > pe

a(l-q) < pe

TABLE 8. Probabilities and Payoffs for Allais' Gambling
Situation With Utilities and Subjective
Probabilities in Parentheses.

Gamble Probability l (pi) Payoff, dollars W
Situation A

1 1.00 (1) 1 million (a)
2 .10 (p) 5 million (e)
.89 (q) 1 million (a)
.01 (r) Nothing (0)

Situation B

3 A1 (1~q) 1 million (a)
.89 (qQ) Nothing 0)
4 .10 P) 5 million (e)
.90 (1~p) Nothing 0)
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Since these preference structures are incompatible, most subjects
did not choose according to SEU, What makes this paradigm important is
that, even after explaining the reasoning behind the SEU interpretations,
most of Slovic and Tversky's subjects still preferred 1 to 2 and 4 to 3.
Thus, it can be argued that it is not the operator's lack of information
that is responsible for his choices, but the fact that he has different
criteria than SEU for action selection. Kahneman and Tversky (1978) use
similar examples to further demonstrate that the operator's preference
structure is not necessarily consistent with SEU.

Axiom U6 can be interpreted as stating that every bet has a certainty
equivalent (or cash equivalent). Thus for every bet of the form (X,p,Y)
there is some utility value (or perhaps money) which the operator would
consider equal to the bet. Becker, Groot and Marschak (1964) manipulated
the form of the bet in order to have a number of bets with the same cash
equivalent. The variation among their subject's cash equivalents, in
situations for which they should have been equal, demonstrated quite
nicely that the relationship between an uncertain situation and a
certainty equivalent is not apparent to most operators,

Axiom U4 implies that the context (i.e., values of other outcomes)
of the bet should not change the utility value of outcomes. However,
experimental evidence indicates that subjects consider the context of
the bet and not simply isolated utility functions when making choices
(Coombs, Dawes, and Tversky, 1971; Tversky, 1972a).

Equation 1l implies that the operator makes independent estimates
of probability aund utility in order to compute SEU (Savage, 1954).
However, Slovic (1966) gives evidence that the utility of an outcome
inf luences the operator's subjective probabilities., Some subjects
make optimistic probability estimates in light of a big payoff, whereas
others give pessimistic estimates. Thus not only do operators' perform-
ance characteristics run contrary to SEU, but also these characteristics
appear dependent on personality differences,

In general, operator performance differs from utility axioms in
many important aspects. Still it is possible that action selection
based on SEU, although theoretically deficient, is a good predictor of
operator performance. The next section will compare SEU to other
possible worth assessment models.

SEU as a Measurement Model

SEU theory states that operators attempt to maximize average (or
long run) worth (or utility) by using a selection model which weights
worth estimates with probability estimates. However, the operator wmay
view the selection task in terms of different processes than thos:
posited by utility theory. The simple bet paradigm can be represented
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by a vector with four terms (X,p,Y,q). SEU is one model of integrating
these terms to assess the worth of different bets (i.e., actions).
However, empirical results indicate that the operator considers more
features of the action selection problem than implied by the SEU model
and integrates the dimensions differently.

The variance, skewness, "gambling" situation itself and type of
response all influence the worth assessments of different actions
(Coombs and Pruitt, 1955; Lee, 1971; Royden and Walsh, 1959; Slovic,
1972; and Tversky, 1967). Thus the operator considers more than just
possible outcomes and their probabilities when choosing actions.
Furthermore, even the manner in which the operator uses the worth
vector to assess the value of particular actions differs from SEU
theory. Different operators focus on different dimensions of the
worth vector, depending on both personality differences and type of
response (Slovic and Lichtenstein, 1968). Apparently, the operator's
initial determination of worth is based on the dimension (e.g., payoff,
probability of loss, etc.) he feels is most important, Next, the
operator uses some method to integrate the other information in the
worth vector with the most important dimension in order to make a final
evaluation (Slovic and Lichtenstein, 1968). This suggests that no
formal measurement model could accurately describe the operator's
action selection process unless assumptions are made concerning the
operator's information-processing capabilities. Furthermore, the
operator is limited in his ability to resolve utility differences
among outcomes (Luce and Shipley, 1962; Suppes and Walsh, 1959).

It is not clear exactly what process the operator uses to integrate
the worth vector. The averaging process implied by SEU theory predicts
operator performance in at least an approximate sense (Anderson and
Shanteau, 1970; Tversky, 1967). However, the resulting value is subad-
ditive (i.e., pX + qY < SEU) (Shanteau, 1974).

In summary, a model that explains operator action selection must
consider the following: (1) other factors besides outcomes and proba-
bilities; (2) processing limitations of the operator; and (3) subadditive
averaging process. Models which focus on these issues will be summarized
in the next section,

Models of Operator Action Selection Performance

Models of human information processing identify three serial pro-
cessing stages: stimulus encoding, cognitive processing, and response
selection (Briggs and Swanson, 1969; Sternberg, 1969). Cognition
involves the structuring of encoded stimuli into meaningful categories,
whereas response selection involves translating these stimulus categories
into the chosen response. There seem to be two substages of cognition
involved in decision-making. The first stage involves a general
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categorization and evaluation of possible actions, whereas the second
stage is concerned with the formation of decision rules which result
in response selection (Slovic and Lichtenstein, 1968).

Kahneman and Tversky (1978) propose a model of decision-making

they refer to as '"prospect" theory. A "prospect" is the worth and

probability values associated with an action. After encoding these
_ values, the operator categorizes prospects using various processing
: strategies such as recoding, combining, and segregating different
: dimensions of the prospect. Next, an empirical function is used to
weigh probabilities (m(p)) with small probabilities being "over-valued,"
but most of the probability range is "under-valued" compared to risk-
less prospects. This process helps explain Allais' example. Since
1.00 would be over-valued in terms of the probability scale, such a
weighting function could result in the observed preferences of Slovic
and Tversky's subjects. Also, such a function would explain subadditivity.

The decision rule the operator uses for action selection is similar
to the expectancy principle, but it focuses on the operator's potential
change in fortune. In simple bet cases, when X > Y > 0 or X+~ Y ~ 0,
Equation 13 is used to determine the operator's evaluation of prospects.

VK =Y + 7(p) (X - Y) (13)

where Y is the minimum loss or gain and Vk is the worth of the kth action
(or prospect).

Y is the amount the operator gains or loses for certain, with the
second term of Equation 13 measuring the operator's potential change in
fortune depending on the result of the action. This model of decision-
making is used to explain empirical functions rather than to posit
ideal functions. It explains most of the observed discrepancies between
operator performance and SEU theory and serves as a useful approximation
of operator performance. It is not as elegant as SEU theory, since it
introduces both additional parameters (m(p)) and additional assumptions
concerning operator processing limitations, in order to explain empirical
results. Also, probability estimatfion and worth evaluation are not
specifically addressed by the model. However, the advantage of such a
model is that it attempts to describe decision-making in terms of operator
performance characteristics instead of ideal performance criteria which
may have little empirical validity.

Risk-averse functions are a good example of the difference between
a normative and empirical approach to model building. Most operators
show a tendency towards being risk-averse. That is, they would pay more
for a sure thing than for an equivalent bet with the same expected value.
Pratt (1964) and Keeney and Raiffa (1976) introduce a number of utility
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utility theory. However, Tversky and Kahneman (1978) point out that

most empirically derived risk functions are not commensurate with utility
theory. Their approach was to fit the model to the data rather than

vice versa.

‘ﬂ functions to describe risk-averse behavior which are commensurate with

Another model that has both normative and descriptive appeal 1is
the "EBA" model mentioned previously. The probability of choosing an
action 1is proportional to the lexicographic weights of different dimen-
sions in the worth vector. Empirically, the model is supported by the
tendency of the operator to focus on important dimensions rather than
to compute trade-off functions (Slovic and Lichtenstein, 1968; Tversky,
1972 a and b).

§
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SUMMARY

The maximum expected utility principle was shown to be the normative
criterion for action selection, Using this criterion, decision rules
were derived for outcomes, odds and multi-attribute decision problems,
Subjective expected utility (SEU) was examined as a possible descriptive
model of operator performance., Both because of serious violations of
axioms and processing limitations of the operator, empirically derived
models such as "prospect" theory were found to be superior to a model
based on >EU theory.

Table 9 summarizes the performance aspects of different action
selection models,

L ke e 11

58




~
~N
-4
O
7]
[ 3
|&]
g

“Y1JOM IZiw|Xew
JoU Op $A|INS UOISIDAG (Z)
“suolleniis
214132ds 01 padwi|
Alipriea |ed1a1dwl (()

‘L?pow

231e.3uab 01 pasn asoyd

Uyl IIYI0 SUCIIENIIS U}
pa1sa3 ua3q lou sey 3| (Z)

‘sJjwmesed 39y

$31s0d pue suoi3Iduns
-se Auew sayew jIpow (1)

"UOIIMWIO U
A31{19eq0sd pue yliom
Juelsodw! dsouby (Z)
‘YoM IZjwixew
Jou Op $3|nJ woisidag (i)

- |apow
Yim 21qriedwod 310U

uswI0y1d (3]s 1dw] (7)
s s03es3do uo

peo| Suissad0ad Aresy (|)

“SUDIleNnIyS
Auew Uy suoriduny 440
-apeal asn SIOp JOICId)

“uoiIdung

|@2132J09y3 Yl 1M

21q11edwodul uo!l
-ung xs{J |@34s10u] (4)
‘Aagarasppeans (f)

*312{dwodul J0313IA
Yyiiom pazisayzodhy (7)

*2138|eIIun

i@ 9n pue ‘gn ‘fn
Ajje1oeds3s ‘swoixy (1)

oN

pau 1 japun

pou | jopun

1w

A31[1qeqoud
aa131%2fqng

SuotIduny
Busaybram (7)
A3y 1aeqoud
ang19igns ()

A11f1q9eg04d
ar1123fgng

ToAsgon

pout japun

uo11d3uny
Aaggean

uoL3ouny

anjes
abesane

2ZIwixew 30U
Aew 4o Aey

s9),

yosens
21ydesd
—021%97

duNnI0;
vy sbueyd
$IZ 1y XeW
J01019d0
SIUNSSY

Aso0y)
A3gqe3n

Asomyy
19945044

Uo13133 |98
yaion
Arrq1qe
-qosd jenb)
XWXy
vije ey
xow Uiy

$yIeqgueig

UM IO 4d
IA13049d0 JO SUDIITIAIG

s01019do
30 peoy
6ui$8320.d
ua3Iybi1

UOI 1eN{PAD
{evossuduyp
~13(Mw 4O 3dAY

TR E LY
A3111qeqod
40 adA)

uoL1ouny
Yisom
40 8dAy ®

snjea
shesone
Z § g 0By

19pow
A | 10w s0y

*U0}30913g UOTIOV I0J 8OFI1STAIIVOEIRY) IOUPEIOJIdJ

‘6 219V




NWC TP 6124

INFORMAT1ION SELECTION

OVERVIEW

The iterative nature of information selection can be seen by
examining the feedback loop in Figure 2. Before selecting an action,
the operator has the option of sampling more data, depending on both
his own state of uncertainty and the cost of sampling. Cost is used
in a general sense indicating cost in terms of physical and temporal
constraints as well as monetary value.

The internal dynamics of information selection are illustrated in
Figure 7. Information selection involves decisions concerning both
"how much" and "what type" of information to select (Nickerson and
Feehrer, 1974)., The latter process is designated as information
gathering (Box A in Figure 7). This involves a selection among various
information sources as a function of average information (Tj) and
cost of sampling (Cj) for each source. Formally, information is a
measure of the reduction in operator uncertainty after sampling a
datum (Equation 14) and average information is the expected informa-
tional value of data from a particular source before sampling.

Ij = -log p(djfﬂk) (14)

where Hy is the hypothesis reflecting the actual state of the world,

In terms of our example, information gathering would consist of
deciding which sensor devices to use and whether to get an updated
fntelligence report from an E-2 (tracker aircraft) or strike command.
Information in its technical sense would be measured in terms of the
increase in probability for the true hypothesis that each information
source would result in, Cost would depend on such factors as time to
retrieve information, danger involved in breaking radio silence, etc.

Since Equation 14 is simply a transformation of probability,
information can be interpreted in terms of Bayesian statistics
(Analytics, 1976; Savage, 1954). For example, diagnosticity, in
Bayesian terms, is simply the algebraic difference between the
informational value of the denominator and the informational value
of the numerator of the likelihood ratio. There are a number of
advantages in using information metric to measure operator performance.
The metric is independent of the type of data selected and experimental
paradigm used. Also, this metric has been used to measure human per-
formance for a wide variety of cognitive and motor tasks, allowing
operator performance in information selection to be compared to other
human performance results (Briggs, 1974; Fitta, 1954; Hicks, 1951),
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The second process involved in information selection is optional
stopping (Box B). The "fair cost" of sampling a data source is the
difference in value of selecting an action before and after sampling
(Wendt, 1969). The optional stopping task involves deciding whether
the "fair cost' of sampling the favored data source is more or less
than the actual cost of sampling. If it is more, then sampling takes
place, otherwise the operator stops sampling and selects the action
with the highest expected utility

The problem our exemplary pilot would have concerns his trade-off
between uncertainty reduction and danger to his aircraft. The closer he
gets to the ship (and thus the more information he samples) the more
likely the ship is to fire antiaircraft missiles at him. Also, of course,
the more likely he would be to identify the ship. The optional stopping
task consists of deciding when to stop gathering more information and
either launch the missile or stop flying toward the ship and continue
on his original flight plan.

Thus information selection involves both the first (A) and last
(B) thing an operator does before committing himself to a course of
action (i.e., (a) he must decide which data to sample, and (b) he
must decide when to stop sampling and start acting).

EMPIRICAL RESULTS

Overview

Most of the experimental paradigms reviewed were similar to those
used for the Bayesian updating tasks. The main difference consisted
in the dependent variables which are number of data sampled and their
informational value for the present task.

In general, subjects sample both too much and too little i..formation
depending on the experimental parameters (Nickerson and Feehrer, 1976).
When the information value of the data source is too low, too much
sampling takes place; whereas too little sampling takes place for
information sources with relatively high values (Nickerson and Feehrer,
1976; Snapper and Peterson, 1971). There seem to be individual dif-
ferences among operators, with some being overly cautious (want too
much information) and others too incautious (sample too little informa-
tion) (Edwards and Slovic, 1965). Also, there seems to be a nonoptimal
relationship between the amount of information sampled and the amount
available, Apparently, the operator is conservative. He does not want
to deplete his information source so he weights his estimate of the
"fair cost” of sampling as a function of the sample size available
(Levine, Samet and Brahlek, 197F; Pitz, 1968).




NWC TP 6124

TR

The operator is able to use estimates of prior odds, diagnosticity
and cogt to determine when optional stopping should take place, but his
actual criteria are not optimal (Wendt, 1969). The operator is able to
' learn how to be more efficient in an information gathering task, but
. - performance is still less than optimal after practice (Levine and Samet,
1973). Optional stopping seems to be more time-consuming than informa-
tion gathering (Levine and Samet, 1973).

An experiment by Pitz (1968) shows the relationship of operator
performance for optional stopping and Bayesian updating. His subjects
sampled a limited number of red and blue poker chips from two bags.

This was similar in design to the Urn problem in that the probability
of a sample being from a particular bag was a function of the difference

e

4 (d*) in the number of red and blue chips (the Urn example is reviewed
in the probability estimation section). If cost were held constant,

L the criterion for optional stopping should be based on d*, However,
subjects used a criterion more sensitive to the proportion of red and

blue data samples than to d*. This directly verifies the previously
reviewed results of Marks and Clarkson (1973) which indicated that
subjects estimated probability by proportion of different colored
chips and not by the Bayesian solution based on d*,

The point of the comparison is that the results should be the
same. The processing requirements for estimation of informational
value and probability are identical in many respects. Therefore,
when the other parameters of the situation are similar, we should
expect the operators decision-making characteristics to be similar
for these two tasks, This suggests that heuristics used for probability
estimation are most likely evinced by the operator in information
selection tasks also.

Time Constraints

It was mentioned previously that time constraints could be con-
sidered as & cost factor., Pachella and Pew (1968) give empirical
evidence that the operator uses both time and monetary cost criteria
for optional stopping in a choice reaction time task. One of the more
interesting findings concerning the operator decision to stop sampling
and start findings concerning the operator decision to stop sampling
and start responding is the so~called "speed-accuracy" trade-off (Fitts,
1955; Pew 1969). This trade-off implies that the operator is able to
, sample information at a constant rate, but chooses different "informa-

( tional" or "time" criteria depending on whether the task pays off for

5 speed or accuracy. Apparently, when the operator is told to "speed up,'
he samples information at the same rate, but samples for a shorter time
segment, The result of such a trade~off is that operator performance 1
will be more error-prone in circumstances where he speeds up because

he can only sample a given amount of information in a particular time
segment. In the most extreme case, when he is under great time pres-
sure, the operator may not sample information at all, but respond
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randomly (i.e., guess) (Swensson and Edwards, 1971; Yelloit, 1971).
If the "speed-accuracy operating characteristics" for particular
operators are known, then error rate can be predicted for a task that
has a temporal deadline attached to it (Pew, 1969).

Although the parameters of the "speed-accuracy” trade~off have
been investigated using different choice reaction time paradigms, the
real-world validity of such paradigms is suspect. Research needs to
be done to determine the "speed-accuracy operating characteristics"
for different operators using real-world scenarios when such factors
as work load, stress, and payoff schedules are varied concomitantly.

SUMMARY: INFORMATION SELECTION

Information selection depends on criterion based on both cost
evaluation (worth assessment) and uncertainty evaluation (probability
estimation). Therefore, the operator's information selection character-
istics depends on his decision—-making characteristics for the other
stages of decision-making. Heuristics and biases found in these stages
are also pertinent to information selection performance.

However, there are a number of performance characteristics specific
to information selection:

1. When there are a great number of information sources to choose
from, operator performance is degraded. There seem to be two reasons
for this: (a) the operator pays more than the fair cost for information,
and (b) too much information overloads the operator's processing capacity.

2. Too sparse informational sources resalts in degraded performance
for the opposite reason: (a) the operator will not pay for sources even
when their cost is less than the fair cost, and (b) the operator tends
to conserve sources rather than purchase needed information.

3. The operator can trade off the cost associated with time for
information depending on the cost parameters for each.
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ISSUES AND TENTATIVE CONCLUSIONS

OPERATOR AND TASK CHARACTERISTICS

This paper has reviewed operator and tasks performance character-
istics for four stages of decision-making: information selection,
probability estimation, worth assessment, and action selection. The
most important general finding is that the operator is best characterized
in terms of "bounded rationality" rather than in terms of normative or
optimal models. It is necessary to understand the opcrator's processing
limitations in order to understand how he performs as a decision-maker
in diverse environments,

The concept of "heuristics" borrowed from the discipline of
artificial intelligence (Simon, 1970) seems to be the most promisfug
description o{ operator decision-making performance. A heuristic i{s an
algorithm or rule which attempts to find satisfactory solutions without
analytically examining all possible solutions. Heuristic techniques
are used because of the processing limitations inherent in a particular
decision problem, It is an apt description of operator performance for
a variety of reasons:

1, Heuristic rules lead to solutions which are rational but not
necessarily optimal,

2, The reason a heuristic is used has to do with the limitations
of the processor,

3. Different heuristics are used for different tasks.
4. Heuristics lead to predictable errors,

The vperator is constrained both by his processing limitations and
his misunderstinding of normative processes. A number of biases and
performance characteristics have been outlined in this paper, and rather
than list these blases again, the following performance characteristics
seem to best summarize the results:

1. Operators are not "conservative'" or "excessive" estimators of
probability. Rather, their particular performance characteristics
depend on the parameters of the estimation tasks.

2. Operator blases are a result of adaptive rather than irrational
processes. They are an attempt to make gense of a noisy environment.
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3. Since some of these blases are predictable and fairly con-
sistent, it is possible to use corrective functions that result in
nearly optimal predictions,

4, Given sufficfent time, the operator is able to decompose
outcomes and develop trade-off functions which weigh the effects of a
number of different dimensions in ovder to compute the worth for an
outcome,

5. However, when the number of dimensions is large or time is
constrained, the operator chooses assessment techniques commensurate
with his processing limitations (c.g., lexicographic, satistficing...)

6. Action selection models which are based on empirical tunctions
such as Prospect theory are better predictors of performance than those
which posit mainly normative functions such as utility theory,

7. The operator performs best {n information selection tasks when
there {8 a moderate amount of information to select from. Too much or
too little information results in degraded performance,

IMPROVING PERFORMANCE THROUGH TRAINING AND AIDING

The paper has {dentiffed a number of operator performance defi-
clencies, Training and aiding are two possible ways to {mprove operator
performance.  Techuiques tor tmproving probability estimation and worth
evaluation (e.g., bootstrapping) performance have been discussed, this
section will discuss wmore global approaches to performance enhancement
in decision-making.

Saleh et al (1978) have developed a decisfon-mak{ng program {mboedded
in the anti-submarine warfare (ASW) context which trains the operator in
all aspects of dectsfon-making., The fmportant decisions the operator
must make in this enviromment are pinpointed and defined as generic
decisfon tasks (e.g., actfon sclection, probability estimation...).
Then, the operator is trained to use decision analvtic techuiques to
make decisfons for these ifmportant decisfon points from the ASW envivon-
ment. The premise of this experimental program is that the operator (=
being trained to use powerful decision analytic tools (decistion trees,
probability estimations,,.) while at the same time he {s trained to
solve specific deciston problems {n the ASW environment. Since this
project is still Lo {ts ecarly stages, it {8 too early to evaluate {ts

success,
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Crooks, Kuppin and Freedy (1977) have introduced the concept of
decision~aiding into the trainfng domain, They trained troubleshooters
fn fault-finding for electronic circuits, The atding device gave feced-
back and/or aiding during the task. Feedback consisted of telling the
sub ject what the expert would have done after the decision was made.
Whereas, afiding involved telling the subject what alternatives the
expert would have considered before the decision was made. A combina- J
tion of alding and feedback trained the operator in making less costly
decisions even in situations where no aiding or feedback was available,

-y

However, in general, training using decisifon analytic techniques
or aids is still in the exploratory stages. The advantage to such
training seems obvious, but it remains to be seen whether the results
live up to its promise, In a similar vein, a number of decision aids
are being developed to help the operator in operatfonal settings,
particularly in the command and control environment, Preliminary
results indicate that devices which result in action selection are
not as practical as devices which give the operator information to aid
him in making the choice, The former devices tell rather than inform
the operator, leaving him uncertain as to the logic of the chosen
decision.

Two examples of the "information" type device are an Emission
Control (ECOM) decision aid (Decision-Science, 1978) and a device to
aid in selecting optimal air strike routes (Integrated Science, 1978). ’
In both cases, the operator chooses different feasible alternatives,
sensor configurations in one case and air strike routes in the other,
and the aids display the important parameters for each choice and
compute their expected utility using criteria the operator is familiar
with., This allows the operator to explore different alternatives he has
generated himself and allows the computer to use its computational
power to enhance the operator's decision-making performance.

In summary, both aiding and training seem promising as a way to
enhance the operator decision-making skills. The apprvaches are
complementary, since aids can improve training and training is neces-
sary for the operator if he is to appreciate the advantages of aids.
Both approaches are still in the developmental stage. 1f they are to
prove useful, their purpose will be to enhance rather than to replace
the operator as a decision-maker,

RELATED ISSUES AND FUTURE TRENDS

Although hypothesis and outcome generation was discussed in this
report, very little was said conceming their performance characteristics,
This is not meant to suggest that these processes are unimportant, only
that not much is known concerning operator performance for these
processes. Preliminary evidence suggests that the operator considers
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far too few hypotheses (Gettys, Fisher, and Mehle, 1978) and outcones
when structuring the decision problem. The problem of structuring the
decision situation may prove to be the most important component of
decision-making and should prove to be a fertile ground for future
research (Saleh et al, 1978).

Most of the aiding and training programs mentioned have their impetus
from a new applied science referred to as "Decision Analysis." Decision
analysis '"merges the logical foundations of statistical decision theory
with the capabilities...developed in the fields of system analysis aund
operations research” (Matheson, 1969)., Its main impact has been on the
business community (Brown, Kahr, and Peterson, 1974), but the techniques
developed by decision analysts are widely applicable and have been used
in many military situations. The major drawback to decision analysis
is that it demands a high level of expertise and therefore a formal
decision analysis should be reserved for projects with a high potential
payoff. lowever, the technology of aiding and training decision-makers
will continue to benefit from the research results generated by this
discipline.

Artificial intelligence (AI) is another discipline which has a
potentially important impact on decision-making. Al involves problem
solving algorithms (i.e., techniques) for situations where the solution
demands complex logical decisions such as chess, geometric recognition,
etc. In other words, its domain is problems previously thought to be
solvable only through human intelligence.

One of the more applied uses of AL is knowledge engineering
(Figenbaum, 1978; Shortliffe and Buchanan, 1975). Basically, this is
the logical structuring of rules elicited from experts in a particular
field to model the experts' performance in some decision task. Computer
programs using knowledge based on algorithms have been successfully used
for disease diagnosis, chemical analysis, and in military situations to
predict the presence of possible hostile forces. Knowledge based
algorithms are currently being used for aiding in only a few military
situations. However, the potential applications for military problems
are great, especially with the rapidly increasing technology of both
computer hardware and software.
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