JOURNAL REVIEW

The Utilization of Expert Opinion

in Decision-Making

This is a review of the state-of-the-art of rational and primarily quantita-
tive approaches to the utilization of expert opinion in the inexact sciences,

among which the engineering sciences must be included. Of primary concern
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is the decision-maker’s utilization of one or more experts, and the criteria

and scoring rules used to evaluate their performance. Also reviewed are
certain game-theoretic strategies used by experts to maximize their own
goal satisfaction. With this review, it is hoped that chemical engineers, when
acting as decision-makers, will be able to utilize expert opinion more effec-
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tively and will better understand the function of experts when it is necessary

for them to adopt such roles themselves.

SCOPE

In many decision-making situations, the use of experts
plays a vital role in the process. The reasons are not hard
to find. The decision-maker, for example, may himself have
very little knowledge of the pertinent subject matter;
alternatively, he may lack the analytical capacity to eval-
uate the problems before him. In the inexact sciences (for
example, sociology, psychology, economics, systems analy-
sis, meteorology, engineering, and the environmental sci-
ences in general), the vagueness of certain background
knowledge, which nonetheless may be significant or even
predominantly important, is typical, as is the uncertainty
as to the evidential weight to be accorded the various kinds
of available information. As Helmer and Rescher (1959)
suggest, “Hence the great importance which must be at-
tached to experts and to expertise in these fields. For the
expert has at his ready disposal a large store of (mostly
inarticulated) background knowledge and a refined sensi-
tivity to its relevance, through the intuitive application of
which he is often able to produce trustworthy personal
probabilities, regarding hypotheses in his area of expert-
ness.

As an example of the use of experts in an environmental
engineering context, a study undertaken to develop a plan
for the management of solid wastes in a typical urban-
agricultural region of California might be cited (Fresno
Region Solid Waste Management Study, 1969). Experts
were used to identify the environmental effects of solid
waste and the conditions under which solid waste was
likely to occur in the study area. In another phase of this

project, experts in the engineering and environmental
health fields provided value judgments as to the relative
contribution to possible undesirable effects of a given
waste under a given condition. They also quantitatively
scored the relative importance of the various undesirable
effects in terms of the type of area or subregion in which
they occurred and determined the relative contribution to
the generation of undesirable effects by solid waste as
compared to other contributors, In short, the use of experts
comprised a major portion of this study. This, however,
is typical of complex problems in the environmental and
engineering sciences, problems in which a great deal of
uncertainty is encountered.

Some of the important questions addressed in this re-
view are: What criteria can be established to evaluate
experts? Do we obtain better results from experts if they
themselves combine the various judgmental components
that enter into an overall or global judgment, or if these
components are combined in some mechanical fashion to
form the global judgment? If the latter is the case, what
models can be suggested to combine the components? If
more than one expert is utilized, how may we go about
achieving a consensus? Are some techniques for achieving
consensus superior to others? When experts are required
to produce judgmental probability distributions, as op-
posed to a single deterministic estimate, what modifica-
tions of our techniques must be made? This review criti-
cally explores the progress made to date in attempts to
answer these questions.

CONCLUSIONS AND SIGNIFICANCE

Section I discusses two criteria for evaluating experts:
reliability and accuracy. The realities of implementing
such criteria, however, are such that one cannot claim
absolute or objective validity for their use when past ex-
perience is meager or lacking.
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The combination problem (Section II) deals with how
the individual components of an expert’s judgment are
combined to form an overall or global judgment. The evi-
dence suggests that mechanical combination (for example,
the utilization of a model whose parameters are fitted by
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regression analysis) is superior to combination by the ex-
pert. Several combining models are discussed: linear, con-
junctive, and disjunctive. Although it is not possible a
priori to state which is superior in a given case, enough
is known about what each model attempts to do to enable
the decision-maker to make a selection on the basis of the
objectives of the problem under consideration. The deci-
sion-maker may, however, encounter psychological prob-
lems in using the inputs of experts in a mechanical or
actuarial nature in that experts usually like to be a part of
the overall decision or judgment and may resent being
used in this fashion,

Two basic approaches to achieving a consensus when
two or more experts are used are mathematical and behav-
ioral. The former is discussed in Section III, the latter in
Section IV. A number of weighting schemes are available
for achieving a consensus using a mathematical approach.
In general, the evidence indicates that a true consensus
(that is, one based upon components rather than global
judgments) is superior to a simple averaging of the global
judgments of the individual experts. Since some experts
may be more accurate with regard to certain components
than others, superior results may be achieved by differen-
tially weighting experts according to those components
they estimate best.

Traditional behavioral approaches (for example, meet-
ing as a group, conducting discussion, and ultimately
arriving at a group consensus) have been plagued with
undesirable psychological factors and game-theoretic
strategies dysfunctional in arriving at a valid consensus.
One remedy is the Delphi approach, a form of feedback
and reassessment technique that avoids these undesirable
features. The Delphi technique is cumbersome, however,
and difficult to implement when quantitative statements
are required from the experts. Behavioral approaches do
lead to the consideration of factors which might otherwise

be ignored and also reduce the spread or variance of the
experts’ judgments when quantitative estimates are re-
quired.

When the decision-maker requires judgmental probabil-
ity distributions from two or more experts, a consensus
can be obtained under certain circumstances by the ap-
plication of Bayes’ Theorem (Section V). The advantage
to this approach is that the consensus distribution so ob-
tained has smaller uncertainty and is generally unimodal
in nature. The procedure is applicable, however, only
when the requirements of Bayes’ Theorem are congruent
with the true judgments of the experts. Since the sort of
probability distributions accommodated by the Bayes’
Theorem approach are extremely flexible in shape and
form, the method should have broad applicability. Several
scoring rules for obliging the expert to reveal his true
judgments are discussed. The selection of such a rule,
however, is not only a matter of the mathematical theory
involved, but of communication between the expert and
the decision maker as well.

Section VI briefly considers the question of how many
experts should be used in important problems requiring
consensus. For mathematical approaches, little improve-
ment is noted when more than 5 experts are utilized. In
behavioral approaches, the optimal group size is between
8 and 12. More research needs to be done in this area,
however.

The final technical Section (VII) deals with the expert’s
use of the decision maker, having particular relevance to
game theoretic strategies that may be used by engineering
consulting firms. It can be shown that there are strategies
that can be used by the expert to maximize his goal
achievement, expressed in the form of the probability that
his publically stated advice will be accepted by the deci-
sion maker.

I. CRITERIA FOR EVALUATING EXPERTS

What constitutes an expert is an important question.
The first criterion is the obvious one of knowledge, but
this alone is not sufficient for he must be able to bring that
knowledge to bear effectively on the problem. The simplest
way in which to score an expert’s performance is in terms
of reliability, which may be defined as the relative fre-
quency of cases in which, when confronted with several
alternatives, he ascribed to the eventually best alternative
a greater preference than to the others. In the area of
decision-making in general, the decisions themselves in-
evitably turn on the question of future developments since
present actions are almost invariably conceived with a
view to future results. Hence, experts are often sought for
their predictive ability. Reliability in this sense, then, is
the relative frequency in which the expert ascribed to the
actual event a greater probability than to the other events.

The reliability criterion, however, may be misleading
for at times even laymen may attain high reliability. If
about 809% of the days in a particular area experience
good weather, and if one always predicts a fine day, then
one will have an excellent reliability without being an ex-

ert in the meteorological sense. What is important is
relative reliability, not absolute reliability, where relative
reliability is defined (crudely) as reliability as compared
to that of the average person. (Even this may not be suf-
ficient, for the average layman may not be aware that 809%
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of the days are fair. Yet, an informed layman would still
not be regarded as an expert. Thus, the definition of rela-
tive reliability might better include a comparison with the
average person having some degree of general background
in the required specialization.) A more subtle measure of
expert performance is the degree of accuracy of his pre-
dictions. This is the correlation between the expert’s prob-
abilities and what is actually observed. For example, if an
expert ascribes a probability of 70% to an event under
certain circumstances, then under the given circumstances
the event should occur 70% of the time. Accuracy, in this
sense, does not guarantee reliability. Consider two experts,
A and B, who are asked to make a prediction about each
of 100 cases. Both ascribe a probability of 609 (that the
prediction is right) to each of their 100 estimates. Suppose
that 809 of A’s estimates and 1009 of B’s estimates are
correct. Then A is perfectly accurate since exactly 609, of
the cases he predicted and to which he assigned a proba-
bility of 609% were correct.. He is, however, only 609
reliable. B, on the other hand, is perfectly reliable but only
60% accurate. Although accuracy does not guarantee re-
liability, the real mark of the expert may be the combina-
tion of accuracy with reliability. The realities of imple-
menting rules such as this one, however, are brought to us
nicely by Savage (1971):

“No rule of this sort can claim absolute or objective
validity. For example, actual past experience with the
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experts may be extensive, moderate, meager, or ab-
solutely lacking. When past experience is extensive. . .
the rule often has much to recommend it; when direct
past experience with the experts is meager, the rule
is silly; and when such experience is altogether lack-
ing, the rule results in a tie and is therefore empty.
Actually, if you have little or no past experience with
the experts, you will have to ponder them in terus of
whatever information it was that brought you to re-
gard them as promising in the first place: this well
finder is regarded by the whole neighborhood as in-
fallible with the hazel fork; that one is a professor of
geology and the author of an important treatise on
subsurface hydrology but has never before tried to
help anyone locate a well. In such a context, the
subjective aspect of your decision is thrown into
prominence, but no matter how much direct past ex-
perience you may have with the experts, the ultimate
subjectivity of your choice among them never disap-
pears, though its effects may become less agoniz-
ing....

Finally it ought not to go unsaid that experts have often
been wrong in the past. Thomas A. Edison, writing in
1889, said: “There is no plea which will justify the use of
high-tension and alternating currents, either in a scientific
or a commercial sense.” In a speech in the U.S. Senate,
Senator Morris Sheppard, author of the 18th Amendment
(Prohibition) commented: “There is as much chance of
repealing the 18th Amendment as there is for a humming-
bird to fly to the planet Mars with the Washington Monu-
ment tied to its tail.” Hegel published his proof that there
could be no more than seven planets just a week before
the discovery of the eighth. In 1964, a panel of the Na-
tional Academy of Sciences on Weather and Climate
Modification called rainmaking by cloudseeding astrology.
In 1966, the same panel had to admit that there was
something to rainmaking after all. It took 20 years from
the invention of cloudseeding in 1948 for a consensus to
be reached among scientists that “it works!” In the interim,
most of the advances that took place in the field occurred
in spite of expert opinion.

Il. THE COMBINATION PROBLEM

Most decision-making in the inexact sciences involves
finding the utility of a multidimensional stimulus, that is,
the decision-maker’s task is to consider a number of inputs
(components) and to weight or combine them in some
fashion in order to arrive at an overall value or global
judgment. The question arises, “Do we obtain better results
from experts if the experts themselves combine the judg-
mental components they have developed to form a global
judgment or the judgmental components are combined by
the decision-maker in some mechanical or actuarial fash-
ion?” The experimental evidence strongly suggests that the
mechanical or actuarial mode of combination is superior
to the expert or clinical mode of combination. A number

of studies could be cited, but a recent one by Einhorn
(1972) illustrates most of the major points to be made
here.

The study dealt with the diagnosis of Hodgkin’s disease
(a form of cancer of the lymph system) by three highly
trained pathologists. The basic problem involved predict-
ing the survival time (in months) of 193 patients suffering
from this disease. The sample information for each patient
consisted of a biopsy slide taken when the patient was ad-
mitted to the hospital. All of the patients had died, but
the pathologists had no knowledge of this or of the patients
other than the biopsy slides. The pathologists, for each
slide, were required (independently) to give their judg-
ment as to the relative amount of nine histological charac-
teristics that they saw in each of the slides (the experts
themselves picked out the histological characteristics that
they thought were important and formed the scales on
which each of the signs was measured.) In addition, they
also had to make an overall or global judgment as to the
severity of the disease, again in terms of a rating scale the
pathologists had agreed upon.

The correlations of the global judgments to actual sur-
vival time are shown in the first column of Table 1. The
correlations are essentially random as none reach statistical
significance using « = 0.1. (The low correlations in Table
1 reflect the difficulty inherent in such diagnoses, the fact
that the patients received different kinds of treatments, and
that the patients may have died from other causes.)

The most often used models to describe a multidimen-
sional utility function have been the linear, conjunctive,
disjunctive, and lexicographic models (Einhorn, 1970).
The linear model assumes that a global judgment is a
linear combination of the individual inputs. The conjunc-
tive model requires minimum scores on each of the input
variables. It is a multiple cutoff procedure rather than the
linear compensatory procedure exemplified by the linear
model. With the conjunctive model, an input stimulus will
produce a high global score only if all of the values for
each input are high. A low score on only one input variable
or component produces a low overall score. (If, for exam-
ple, the input variables represented resistances to contact-
ing various fatal diseases, a low score on even one of them
would still mean that the patient dies.) In the disjunctive
madel, a high score on at least one input variable produces
a high global judgment score. In other words, the global
judgment is based on the most favorable input. (In select-
ing players for a football team, for example, we might want
someone who can kick or run or pass with a great deal of
skill. Using this model, the judgment or scoring of a player
would be based upon his best ability regardless of his
other attributes.) In the lexicographic model, the input
variables are first ordered on importance and a decision
made on the basis of the most important variable. One
proceeds to the next ordered variable only if there is a tie
on the preceding variable. Unfortunately, this model can-
not be given explicit mathematical representation and will
not be considered further here. A brief but more formal
discussion of the linear, conjunctive, and disjunctive

TABLE 1. CorRELATIONs ( B?) oF CoMPONENTS AND/OR GLOBAL JUDGMENT WiTH SURVIVAL TIME

Global judgment Components alone
Judge Alone Linear Conjunctive
1 0.000 0.143 0.166
2 0.012 0.066 0.060
3 0.019 0.091 0.098
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Components and global judgment

Disjunctive Linear Conjunctive  Disjunctive
0.185 0.149 0.167 0.193
0.088 0.112 0.084 0.126
0.111 0.125 0.128 0.145
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models is provided in the Appendix.

The linear, conjunctive, and disjunctive models were
next used to examine the relationship between survival
time and the nine individual judgmental components. The
constants of these models were fitted by least squares, and
the resulting coefficients of determination (R?) computed.
These are shown in the middle section of Table 1. Re-
gardless of the model used, the component approach was
clearly superior to the global judgment approach in that
much larger correlations were obtained for all judges. Al-
though there was not much difference among the models,
the disjunctive model provided the best fit. Adding the
global judgment as an extra input variable to the compo-
nent models did not appreciably improve the correlations
for judges 1 and 3, although there was significant improve-
ment for judge 2. In any event, even when the global
judgment was combined with the components, the dis-
junctive model remained superior for all judges.

A number of reasons have been advanced to explain
why, in general, from studies of this sort global judgments
are inferior to mechanical or actuarial combination:

1. The expert may be leaving out important components.

2. The expert may be weighting the components in
nonoptimal ways.

3. The expert may be using a rule or model for com-
bining the components to arrive at a global judgment that
differs from the optimal combining rule to predict the
criterion of interest.

With regard to the last, we have noted that, in the

relationship between survival time and the components,
the optimal combining model was the disjunctive. A simi-
lar procedure was used to relate the components to the
global judgment, the results being shown in Table 2.
In this case, the conjunctive model provided the highest
correlation with the global judgment. Clearly, the judges
were using a model for arriving at their global judgments
which was not optimal with regard to the point in using
experts’in the first place, that is, predicting patient survival
time.

Other studies, particularly those of Sawyer (1966) and
Meehl (1954), confirm the suggestion that a mechanical
or actuarial mode of combination is superior to expert
combination. The implication for the decision-maker who
uses experts is clear. However, there may be certain psy-
chological problems in using experts in this manner. Ex-
perts usually like to be a part of the overall decision or
judgment and may resent being used solely as inputs to
a mechanical model.

I1l. THE CONSENSUS PROBLEM:
MATHEMATICAL APPROACHES

A problem may be important enough to justify consult-
ing more than one expert. A new problem then arises in
such cases—how is the best joint use of these various
expert judgments to be made? One set of approaches is to
combine the individual global judgments by means of
some sort of weighted average, for example,

1. Equal weights: In this case the decision-maker has
no reason to think that there is much difference in ability
among the experts, so he is willing to assign equal weights.

2. Weights based upon previous performance: This
method may be subjective or objective, depending upon
the quantity and quality of the hard data obtained from
prior experience with the use of the experts.

3. Weights proportional to a self-rating: Have each ex-
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TaBLE 2, CoRReLATION (R2) or COMPONENTS WITH
GLOBAL JUDGMENT

Judge Linear Conjunctive Disjunctive
1 0.113 0.200 0.181
2 0.000 0.005 0.005
3 0.109 0.198 0.076

TABLE 3. CORRELATION ( R2) wiTH SURVIVAL TIME,
NoNCcONSENSUS AND CONSENSUS APPROACHES

Judge 1 0.193
Judge 2 0.126
Judge 3 0.145
Consensus, equal weights 0.204
Consensus, best performance 0.314

pert rate himself on a scale from 1 to M where M is the
highest rating and 1 the lowest. Then assign a weight to
each expert proportional to his self-rating, where the con-
stant of proportionality is such that the weights sum to
one (this constant is obviously the reciprocal of the sum
of the self-ratings). The rationale behind this rule is that
although a person may be an expert in a given field, his
expertise may vary from topic to topic within the field.

Techniques that focus solely on global judgments do
not, however, develop a consensus in the sense intended
here. The term is reserved for those processes that involve
the combination or, in some cases, modification of the com-
ponents as seen by the experts individually.

Suppose there are two components to an estimate, and
that experts A and B have rated these (6, 2) and (4, 4),
respectively, Further assume that the components are to
be combined according to the disjunctive model Y = (10
— X;) (7 — X;). The experts’ global judgments then are
20 = (10 — 6) (7 — 2) and 18 = (10 — 4) (7 — 4), re-
spectively. If we weight these global judgments equally,
the weighted average global judgment is 19. On the other
hand, if we weight the experts component judgments
equally, the weighted ratings are (5, 3), resulting in a
consensus of 20 = (10 — 5) (7 — 3).

The question arises, then, which is superior—weighting
the <xperts on a component or global judgment basis? The
evidence seems to indicate the former. Again, although
many studies could be cited, Einhorn’s 1972 study is il-
lustrative. Table 3 compares the correlations, with survival
time, of the optimal combining models for each of the
three judges separately (these are taken from the “Com-
ponents 4+ Global Judgment, disjunctive” column of Table
1) with two consensus models. The “Consensus equal
weights” model is based upon the average judgment of
the three pathologists, component by component, except
where they widely disagreed (in such cases, the doctors
met in a group to discuss their differences and came to
some agreement. Thus it is in the main, but not strictly,
an equal weights model.) This consensus is superior to
even the best of the doctors, and therefore clearly superior
to any sort of average of the global judgments.

The last model in Table 3, “Consensus, best perform-
ance,” considers that each judge may only be an expert
in a subset of the judgmental components. For example,
some engineers may be better at assessing cost informa-
tion, while others may be better at assessing process yields.
Therefore, one can view the terms in a combining model
two-dimensionally, that is, input judgments and judges,
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and thus arrive at many new variables. If there are m
components (variables) and n judges, one can redefine mn
new input variables and fit the model accordingly. The
procedure used for the “Consensus, best performance”
model was as follows. The 10 X 3 = 30 ratings (9 com-
ponents + global, 3 experts) served as inputs for linear,
conjunctive, and disjunctive models. A stepwise regression
program was used to estimate the parameters of the mod-
els, using survival time as the criterion variable. The pro-
gram was halted at the 10th step so that all of the models
in Table 3 would have the same number of terms. The
optimal model was the disjunctive, and it is quite superior
to the others in Table 3. Clearly, there is differential
validity among the experts with respect to the individual
components. Thus, in some cases, the decision-maker may
wish to use different weightings for his experts according
to the component under consideration.

IV. THE CONSENSUS PROBLEM:
BEHAVIORAL APPROACHES

Two techniques for dealing with the consensus problem
may be described as behavioral in nature (Winkler, 1968).
The first, termed “Group Reassessment,” involves both
psychological factors and game-theoretic strategies. In
brief, the experts meet as a group and discuss the matter,
ultimately arriving at a group consensus. In general, indi-
viduals tend to shift their views after group discussion in
the direction of greater risk-taking. Psychological aspects
involved include specious persuasion by the member with
the greatest supposed authority or even merely the loudest
voice, the unwillingness to abandon publicly expressed
opinions, and the bandwagon effect of majority opinion.

Contrary to popular opinion, group decisions are riskier
than individual decisions, that is, individuals tend to shift
their decision preferences after group discussion in the
direction of greater risk-taking. Studies have shown that
the risk-taking individual who is disproportionately influ-
ential in a group situation is extraverted, has a high need
for achievement, and is tolerant of ambiguity; his theoreti-
cal, economic, and political interests are high, as are his
interpersonal relations (Rim, 1966). Game-theoretic as-
pects must be considered also, for example, an expert may
intentionally falsify his stated views in an attempt to in-
fluence the others. This is discussed in additional detail,
from another point of view, in Section VII of this review.
The major advantage to Group Reassessment is that it
may lead to the consideration of factors which might
otherwise be ignored.

As has been mentioned, the outcome of the Group Re-
assessment method is apt to be a compromise among di-
vergent views, arrived at all too often under the undue
influence of certain psychological factors. One way to re-
duce these effects is to allow the experts to discuss the
situation without arriving at a group decision or consensus.
This leads us, however, to the second of the behavioral
methods of arriving at a consensus, namely, Feedback and
Reassessment techniques. Here each expert, separately,
reconsiders his assessments after being presented with
some feedback regarding all of the experts. This process
of feedback and reassessment can be carried out repeat-
edly.

An interesting version of the Feedback and Reassess-
ment method is the Delphi technique (Helmer, 1967).
In its simplest form, it eliminates committee activity al-
together and replaces it with a carefully designed program
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of sequential individual interrogations (usually best con-
ducted by questionnaires) interspersed with information
and opinion feedback. The principles involved in this pro-
cedure are illustrated by the following example.

Each member of an engineering review panel was asked
to examine a number of newly-submitted proposals and
to rate them according to a pre-established scale. The ini-
tial responses consisted of these ratings. A follow-up ques-
tionnaire fed back to the panel members included a
summary of the distribution of these ratings in the form
of the median for each proposal and—as an indication of
the spread of opinions—the interquartile range (that is,
the interval containing the middle 50% of the responses).
Each panel member was then asked to reconsider his pre-
vious ratings and revise them if he desired. If his new
response lay outside the interquartile range for a particu-
lar proposal, he was asked to state his reason for thinking
that the rating should be that much lower, or higher, than
the majority judgment of the group. (In actual experience,
placing the onus of justifying relatively extreme ratings
on respondents has the effect of causing those without
strong convictions to move their estimates closer to the
median, while those who feel they have a good argument
for a “deviationist” opinion tend to retain their original
estimate and defend it.)

In the next round, responses (now spread over a smaller
interval) were again summarized, and the panel members
were given a concise summary of reasons presented in
support of extreme positions. They were then asked to re-
vise their second-round responses, taking the proffered
reasons into consideration and giving them whatever
weight they thought was justified. A panel member whose
answer still remained outside the interquartile range was
required to state why he was unpersuaded by the oppos-
ing argument. In a fourth and final round these criticisms
of the reasons previously offered were resubmitted to the
panel members, and they were given a last chance to re-
vise their ratings. The median of these final ratings was
then to be taken as representing the nearest thing to a
group consensus. (Note: The Delphi procedure causes the
interquartile range to shrink considerably, presumably in-
fluenced by convincing arguments. In those rarer cases
where no convergence toward a relatively narrow interval
of values takes place, opinions tend to polarize around
several distinct values, so that several schools of thought
regarding a particular issue seem to emerge. In any event,
the Delphi technique serves the purpose of crystallizing
the reasoning process that might help lead to one or sev-
eral positions on an issue, and thus helps to clarify the
issue even in the absence of a group consensus.)

It will be noted that the Delphi technique as used in
this example was fairly simple to implement and to ad-
minister. Four questionnaires and three summaries were
used as follows:

1. Questionnaire I — Initial Response

2. Summary A — Means and Interquartile Range
(M &1IR)

3. Questionnaire II — Reconsideration and Statement
of Reasons

4. Summary B —M & IR plus Summary of Rea-
sons

5. Questionnaire III — Reconsideration and Reactions
to Opposing Reasons

—M & IR plus Summary of Reac-
tions to Opposing Reasons

7. Questionnaire IV — Final Response

6. Summary C

Since the questionnaires and summaries in this example
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TaBLE 4. DELPHI METHOD—FEEDBACK AND ITERATION

Results of original questionnaire

Question 25th 50th 75th
no. percentile (median) percentile
1 150 5,000 1,000,000
2 3 50 240
3 100 982 10,000
4 10 200 500
5 80 500 1,000
6 50 200 700
7 200 1,000 6,000
8 1,000 5,000 25,000
9 400,000 800,000 1,000,000
10 1,000 5,000 10,000

¢ More accurate.
Same,
t Liess accurate.

were brief and concise, and the former easily filled out,
considerable panel participant time was saved.

The illustration given above describes the basic essen-
tials of the Delphi technique. There are refinements, of
course, such as the introduction of weighted opinions, but
the potentialities are clear. A recent demonstration of the
Delphi method described the results of a series of graduate-
engineering classroom exercises in formulating group judg-
ments for which the correct answers were known (Doyon
et al., 1971). The group was charged with answering ten
questions as follows:

1. What was the number of telephones (in thousands)
in Asia in 19677

2, How many million barrels of beer were produced in
the U.S. in 19667

3. How many millions of dollars were expended for
public elem#ntary and secondary education in the U.S. in
19677

4. What was the total U.S. Budget income in 1968 (in
billions of dollars)?

5. How many thousand new private housing units were
started in the U.S. in 19697

6. In 1967 what was the average number of pounds of
milk consumption per person in the U.S.?

7. What was the total motor fuel consumption in mil-
lions of gallons in 1967 in N. Y. State?

8. What was the total number of deaths from falls in
the U.S. in 19677

9. How many elementary and secondary school teachers
were there in the U.S. in 19677

10. How many radio and TV broadcast stations were

operating in the U.S. in 1967?
Table 4 summarizes the results after only one round (that
is, one questionnaire and feedback), indicating that not
only did the accuracy of the estimates improve, but that
the variance within the estimates decreased.

The principal drawback of the Delphi technique would
appear that it is cumbersome (English, 1968). Obviously,
time must elapse while questionnaires are prepared, re-
sponses gathered, reconsiderations made, and summaries
prepared. Some thought has been given, however, to com-
puterizing the process. The U.S. Navy has utilized an
electronic device that permits the anonymity of the experts
but not their reasons. At the Rand Corporation, a system
of personal electric typewriters connected through an on-
line computer has been used to eliminate both question-
naires and middlemen. However, other deficiencies remain.
Leading by those conducting the Delphi processing may
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Results of first iteration

25th 50th 75th Correct
percentile {(median) percentile answer
500 3,000 10,000 21,578
20 7+ 240 110

500 5,000% 8,000 31,511
100 200 300 165

100 500 640 1,490
52 200 500 286
500 1,000 5,000 5,057
1,000 8,000 10,000 19,800
800,000 1,000,000 1,000,000 1,854,700
2,500 - 5,000 6,000 6,253

influence the results. Also, it is difficult to summarize or
condense qualitative statements, or indeed even to define
an interquartile range or variance for such material.

Winkler (1972) describes an experiment in which re-
spondents were asked questions about which they were
expected to have some knowledge (the questions covered
such topics as sporting events, weather, and stock prices)
but about which there was some uncertainty, obtaining
consensus using equal weights, self-rating weighted aver-
age, feedback and reassessment, and group reassessment
methods. The differences among these experts were re-
duced after applying group reassessment and feedback/
reassessment, with smaller differences noted for the former.
The consensus obtained by either behavioral reassessment
method differed much more from either of the mathemati-
cal averaging methods than did the two averaging methods
from one another, supporting the general conclusion of
this and other studies that consensus is not affected as
much by the choice of weighting schemes as by the choice
of methods.

V. JUDGMENTAL PROBABILITY

Estimates involve uncertainty, and rather than settling
for a single input number, the decision-maker may require
the expert to produce a judgmental probability distribution
that reflects this uncertainty. If so, then yet another way
to combine the experts’ input is by means of natural-
conjugate distributions. The concept is rooted in Bayes’
Theorem which, under certain conditions, suggests that
an expert’s judgment can be thought of as being equivalent
to sample information from the data-generating process of
interest. The natural-conjugate approach has been devel-
oped in an attempt to simplify Bayesian analysis, and al-
though the mathematical development of Bayes’ Theorem
and natural conjugates cannot be described here (see
Hadley, 1967), a few results can be presented.

For example, if the experts’ judgmental probability dis-
tributions can be considered to be normal with means m;
and variances v; (the subscript i signifying a particular
expert), and if these individual normal distributions are
weighted and combined via Bayes’ Theorem, the consensus
would be a normal distribution with mean m =3 (wm;/
0;) /2 (w;/v;) and variance v = 1/8(wi/v;), where w;
is the weight applied to the ith expert. As another exam-
ple, if the experts’ judgmental probability distributions
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were beta with parameters 7; and n;, the consensus would
also be beta with parameters r = Zw;r; and n = Jwin;. In
the latter case, the consensus consists simply of expert-by-
expert addition of the two parameters.

In utilizing the natural-conjugate method, although
there is no theoretical restriction on the sum of the weights,
if the judgments of k experts are completely independent
in the sense that their judgments are based upon inde-
pendent sets of information (such as independent sam-
ples), then it seems reasonable to set each weight equal to
one so that the sum of the weights equals k. On the other
hand, if the judgments of the experts are based on exactly
the same information (such as the same sample) the sum
reasonably should equal one. This suggests placing a lower
bound on the sum of the weights of one, and an upper
bound on k.

Suppose, for example, that expert A considers that his
uncertainty of the market price for a future commodity
is adequately described by a normal distribution with

mean m; = $2 and standard deviation \/v; = $1, and that
expert B feels his uncertainty is best reflected by a normal
distribution with mean me = $3 and standard deviation

V2 = $2. We will assume that the experts’ opinions are
based upon strictly independent information so that wy +
wy = 2, and that we consider each opinion to be equally
important, that is, w; = w;. Thus, w; = wy, = 1. Using
the results described above, the consensus distribution
would be normal with mean m = (2/1 4+ 3/4)/(1 + 1/4)

= $2.2 and standard deviation \/vo = /1/(1/1 + 1/4)
= $2.8.

One could, of course, dispense with Bayes’ Theorem and
the natural conjugate approach, and simply compute a
weighted average of the individual distributions (where
sw; = 1). There are two main differences, however, be-
tween a weighted average of judgmental probability distri-
butions and the natural conjugate method. First, the
weighted average method produces a combined distribu-
tion which is more spread out. In this method, the tighter
distribution does not, regardless of the choice of weights,
automatically receive the most weight as it does in the
natura] conjugate approach. Second, the weighted average
approach tends to produce multimodal combinations, even
if the individual distributions are unimodal. The larger
the difference between means and the tighter the indi-
vidual distributions, the more likely is it that a bimodal
distribution will result. The natural conjugate approach,
on the other hand, in general produces unimodal distri-
butions. It is, of course, a valid approach only if the prob-
ability distributions that truly express the judgments of
the experts are, in fact, natural conjugates. However, many
natural conjugate distributions are extremely flexible in
form and shape, depending upon the selection of the pa-
rameters of the distribution (for example, the gamma and
beta distributions), or occur so often in actual situations
(for example, the normal distribution), that one would
expect the technique to be applicable in a good many
cases.

Noted earlier in this review were the problems encoun-
tered in establishing criteria for the evaluation of experts
in the deterministic or nonstochastic case. With regard to
scoring rules for probability assessments, there are many
which seem reasonable but which turn out not to be upon
further investigation. Consider a discrete probability dis-
tribution where py, ps ..., pn are the true probabilities
for the n values of the random variable, and r(, ro, ..., 1,
are the expert’s assessed probabilities. Let the subscript h
refer to the interval in which the random variable is actu-
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ally observed. An intuitively reasonable scoring rule is to
let S = ry,. It turns out, however, that the expert can maxi-
mize his expected score by setting one of his r; equal to
one, that is, the r; equal to the highest p;, and the other r;
equal to zero. Suppose in a dichotomous situation, p; =
0.6 and p, = 0.4. By setting r; = 1 and r; = 0, the ex-
pert’s expected score is 1.0 (0.8) + 0.0 (0.4) = 0.60,
whereas if he had stated what he actually believed (and
assuming the expert is perfectly accurate), he would have
stated r; = 0.6 and r, = 0.4, producing a score of 0.6 (.6)
+ 04 (4) = 0.52.

What is needed, then, is a scoring rule which will oblige
the expert to reveal his true judgments. It can be shown
{Winkler, 1967) that three rules that do this are:

(a) Quadratic scoring rule

O=2nm— z": 2,

i=1

(b) Spherical gain scoring rule

( n Yo
S=r / L S s
i=1
(¢) Logarithmic loss scoring rule

L = In .

The logarithmic rule clearly is the only scoring rule de-
pending solely on the probability assigned to the event
which actually occurs. It can be shown, therefore, to be
the only scoring rule which may be used to keep the expert
honest and to evaluate the expert (Winkler, 1969). The
selection of an optimal scoring rule is not all cut-and-dried,
however. Some scoring rules work better for some experts
than for others in the sense that the rule helps them to
become better assessors. People do not generally, for exam-
ple, behave as Baysians, even if it is in their interest to do
so. Further, the expert must understand the particular
scoring rule employed, and the rule itself should encourage
the expert to work hardest at what the decision-maker
wants to know. The selection of a scoring rule, therefore,
is a matter of communication, subject to experimentation.
An interesting study that compares several weighting
schemes with the Bayesian method for the combination of
probability distributions, involves the personal assessments
of the outcome of football games (Winkler, 1971). The
results are shown in Table 5.
The first three lines of data are not consensus scores, but
are included for comparison purposes. The first two scor-
ing rules, Quadratic and Spherical, show all of the con-

TasLE 5. ResurLts oF HyroTHETICAL BETS FOR 1967

NFL GamEs
Scoring Rules
Weighting Method Quadratic Spherical Logarithmic

Average of all subjects® 57.3 041 —2.07
Worst of all subjects 53.9 0.35 —2.80
Best of all subject 59.9 0.45 —1.18
Equal weights 59.6 0.44 —1.70
Weights from self-ratings 59.6 0.44 —1.70
Weights based upon past

performance®* 59.4 0.44 —1.67
Bayesian method 53.1 0.39 —~1.50

¢ The number of subjects was 10.
2% Data from 1966 games.
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TABLE 6. Avc. QuabraTic CONSENSUS SCORES FOR 1967
NFL GawMes as A FuncTioN oF Size oF GRouP
CoMPRISING THE CONSENSUS

No. of individuals Equal weights Self-rating weights
1 57.3 57.3
2 58.6 58.5
3 59.0 58.9
4 59.2 59.2
5 59.3 59.3
6 59.6 59.6
7 59.5 59.5
8 59.5 59.5
9 59.5 58.6

10 59.6 59.6

sensus methods, with the exception of the Baysian method,
to be superior to the average of all subjects, and to match
closely the performance of the best of all subjects. There
was little difference among the first three consensus sys-
tems. Thus, a simple weighted average outperformed most
of the individuals comprising the consensus. For the log-
arithmic scoring rule, the Bayesian method performed best,
but this is not surprising since it is the only rule consistent
with the use of the Bayesian model used to evaluate ex-
perts. In any event, the point to be made here is that,
unless the decision-maker feels very confident that he can
identify in advance the few experts who will “beat the
consensus” in any given situation, he will be better off
using a consensus.

VI. HOW MANY EXPERTS TO USE?

For the football scores study just described, all possible
combingtions of k assessors were considered and averaged
for each k, k = 1, ..., 10. (Therefore, k = 1 corresponds
to a simple average of the scores of the 10 individual asses-
sors, and k = 10 corresponds to the consensus of all 10
subjects.) The results are shown in Table 6 for both equal
weights and self-rating weights. (Only the average Quad-
ratic scores are shown, but the results for the Spherical and
Logarithmic scoring rules are similar.)

The scores rise rapidly as k is increased, and level off near
k = 5. In Delphi studies, on the other hand, it has been
found that the average group error drops rapidly as the
number in the Delphi group reaches eight to twelve, at
which time very little improvement it attained by increas-

ing the group size (Fusfeld et al., 1971).

Vil. THE STRATEGY OF ADVICE

Although this review primarily has been concerned with
the decision-maker’s use of experts, a word might be said
about the expert's use of decision-makers. This is espe-
cially relevant when the expert is in the role of an advisor
where we may assume that he desires to attain goals of his
own choosing. The expert, however, will not necessarily
come closest to his own goal by stating it and arguing for
it. If his advice is at all extreme from the decision-maker’s
point of view, he may find his recommendation written
off as unrealistic. The expert’s effectiveness and degree
of goal achievement will then be low or even zero. On
the other hand, if in order to sound realistic and maximize
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Fig. 1. Probability P that the expert’s advice will be accepted versus
announced goal F expressed as a fraction of the difference between
the decision-maker’s views and the expert’s true goal.

the probability of having his advice accepted the expert
shades his goal to the point of making it the same as that
of the decision-maker he serves, his degree of goal achieve-
ment, expressed as the difference between the decision-
maker’s views with and without the benefit of his advice
respectively, is also zero. In between, there is a maximum
expected goal achievement. To illustrate this point, let us
assume that the functional relationship between the prob-
ability of the expert’s advice being accepted and the pro-
portion by which he understates his true goal is linear.
Further assume that the only possibilities are (a) accept-
ance of the expert’s announced goal and (b) total rejec-
tion and that statement of the expert’s goal will reduce its
probability of acceptance to zero. This situation is shown
graphically in Figure 1. The equation of this function is

P=1-F.

The expected (average) goal achievement of the expert
is his announced goal (that is, advice) F, times the prob-
ability that this advice will be accepted. In other words,

FP =F(1 — F).

By elementary calculus, we maximize FP by taking the first
derivative of this function and setting it equal to zero, that
is,

d(FP)/dF =1 — 2F = 0.

Thus F = 1/2, that is, the expert will maximize his goal
achievement if he makes his announced goal equal to one-
half of the difference between his true goal and that of
the decision-maker he serves. Different maxima will result
if the expert, because of his greater or lesser powers of
persuasion, can assume the relation between goal an-
nouncement and probability of acceptance to be, for exam-
ple, concave or convex (Wallich, 1968). The implications
for engineering consulting firms and for those who utilize
such firms is that consultant might not always reveal his
true judgments, even if he is paid for doing so.
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Yill. SUMMARY

Our present knowledge of the best techniques and pro-
cedures for the selection, evaluation, and utilization of
experts is, admittedly, far from perfect, but important ad-
vances are being made. The role that experts play in com-
plex decision processes is a large and growing one, how-
ever, and we can expect that attempts will continue to be
made to use them even more effectively in the future.
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APPENDIX: A SUMMARY OF SOME COMBINATION
MODELS

A linear model may be represented by
n
U= 2 w;X; (1)
i=1

where U is the overall or global judgment represented in some
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quantitative form, and w; are the weights given to the indi-
vidual inputs X;. (The form of this model, as well as those
that follow, as it involves addition and multiplication, implies
that a cardinal scale is being employed.) Such a model, of
course, does not provide for interactions or nonlinear relation-
ships. Linear regression models containing terms such as X2
and X;X;, however, obviate this difficulty and have proved ex-
tremely effective in predicting actual global judgments from
component cues.

There are a number of functions that can be used to approxi-
mate the conjunctive model; the parabolic function is one of
the simplest:

U= Hl X, (2)

Clearly, a low value for any X; will produce a low value for U.

As in the case of the conjunctive model, a number of func-
tions approximately meet the disjunctive requirement but a
simple one is the hyperbolic function,

— A —w¢ 3
U Hl(a, X;) (3)

where the g; are some values greater than the maximum possi-
ble X; scores (to prevent the value of U from becoming in-
finite). A high value for any X; will produce a high value of U
in this model.

If the weights in the conjunctive and disjunctive models are
to be determined experimentally, a preliminary step can be to
take logarithms of both sides of the equations, namely,

In U= w; lnXi (4)

n
i=1
and

InU= — 2 w; In(a; — X;) (5)
i=1

and fit Equations (4) and (5) by ordinary linear regression
methods.
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