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probabilistic informmation which must be cambined. We studied a simple
cascaded inference task in which one individual has information about
the diagnosticity of an event and the other has information about the
i probability that the event has occurred (reliability information). Our
main purpose was to compare two people working together with an indi-
vidual combining both types of information, and to assess the relative
impact of reliability and diagnosticity. Both nomothetic and idiographic
| analyses of the responses indicated that diagnosticity has a greater
impact than reliability on judged responses. This effect was not mediated
by subject sex, nor by whether the information was integrated by an
~§ individual working alcne or by two people, each given either diagnosticity
; ' or reliability. Naming either the ''reliability" person or the "diag-
nosticity'" person as responsible for the group response did not alter
the findings appreciably. Our results are consistent with the bulk of
the subjective inference/prediction literature that suggests that subjects
) over-emphasize the impact of diagnostic information by not taking full
account of other relevant information, such as imperfect correlation in
prediction problems, and base-rate information in Bayesian inference.
4

-~

P

L,
PSR YV Y Ry I TR

ANV,

;.
3.




"N 10 e

il FY
U 1

S g

Ll
e g

22 e e

.
MICROCOPY RESOLUTION TEST ¢ tdk?

Mo




219860V O




ettt . ol

P R

“—7" _FINAL RESEARCH REPORT.'SSRI 81-4 ~ ]
‘- /  STRUCTURING AND JUDGMENT IN DECISION TECHNOLOGY ,
,/ o | '
by

" . “Ward |Edwards{ Richard S. /John;ﬁ‘a Detlof V. /Winterfeldt

Defense Advance §ggzg§ﬁ?rojects Agency

Prime Contract|MDA903-80-C-0194( ", .
Under Subcontract from

Decisions and Designs, Incorporated

,/ ///‘, 1  January, 1981

/ ‘y‘

e

APPROVED FOR PUBLIC RELRASR
DISTRIBUTION UNLINITED

Social Science Research Institute
University of Southern California
Los Angeles, California 90007

(213) 743-6955




results; these can be found in the self-contained technical reports. In-
stead, we briefly review the studies and results, focusing on interpre-
tation. Our current research has led to many new and exciting ideas, and
we will use this report as a means of explicating them.

) II. Computer vs. Analyst

Increasingly, applyers of decision analysis are turning to camputers to
supplement the role of the decision analyst. For the most part, the state
of the art in decision software is at a level of data storage, display, and

| computation as an aid to a sophisticated user. Undoubtably, these develop-
ments are useful, and we see no serious intellectual issue to be raised con-
cerning this supplementary role of computers in decision analysis. But the

?_ i next generation of decision software will surely be designed to perform a

f ! larger range of analyst functions.

Our focus is on identifying potential problems challenging the comput-

L erization of decision analysis, and assessing the extent to which these
problems can be overcome. Two problems seem particularly salient to us. |

! First, much of what goes on in decision analysis, especially during structuring,
is more accurately described as "art'" than as ''science'. To what extent can {

this often ill-defined art be transformed into software? Secondly, past
consumers of decision analysis have expressed satisfaction with both the

{
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process and the conclusions of analyses. To what extent is this satisfaction
a function of the formal methods and procedures embodied in decision theory
and the technology of decision analysis, and to what extent do other factors

e

f such as personal interaction and the establishment of a rapport account for
client approval?
To answer these questions, John, v. Winterfeldt, and Edwards (see
i Technical Report No. 81-1, for a more complete description) examined the
quality and user acceptance of simple MAU analysis performed by an analyst
vs. a stand alone computer package, called MAUD (for Multi Attribute Utility
Decomposition; see Humphreys and Wisudha, 1980; Hunphreys and McFadden,

s 1980). Unlike other packages from DARPA that we could obtain and look at,
MAUD "was designed to work in direct interaction with the decision maker,
without a decision analyst, counselor, or other 'expert' as intermediary
(Humphreys and McFadden, 1980)."

Given a predetermined set of alternatives (at least 4 and not more than 8),
MAUD guides the decision maker through a highly structured series of
interactions resulting in aggregate alternative values and an implied ordering
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scale (rather than 9 points), and weights were obtained by direct

ratio estimation of "importance''. Most sessions, both analyst and
MAUD, lasted.between 1 and 2 hours,

Although subjects overwhelmingly yielded more favorable reports for
the analyst session than for the MAUD session, subjects' agreement with and
acceptance of the analyst and MAUD results (implied ordering and most pre-
ferred alternative) did not differ. Specifically, subjects indicated a
desire to use the analyst rather than MAUD in future decisions and con-

) fidence that the analyst rather than MAUD 'found" the best alternative

. by a ratio of 8 to 1. Most subjects thought that the analyst session was
-2 more helpful (5 to 1), more comfortable (4 to 1), and more effective in
i»\i discovering new aspects of the problem (3 to 1) than the MAUD session.
o ) Yet, only a slim majority (54%) chose the analyst ratings over the MAUD

ratings. Furthermore, only small differences were found between analyst
and MAUD ratings with respect to the number of order reversals (Kendall

: Tau) with direct holistic ratings by the subject. Likewise, MAUD and

¢ ) analyst ratings did not differ substantially in the number of times they

é matched the most preferred alternatives. In short, although subjects

S reported liking analyst sessions better than MAUD sessions, no differences
!

emerged in subjects' acceptance of resulting evaluations. These results

' were not substantially mediated by session order, problem type, analyst,
or subject sex and race.

Two analysts tended to differ systematically in subjects' approval of

their sessions and subjects' acceptance of the final ratings, as well as
in the number of attributes generated. The median number of attributes
elicited was greater for analyst sessions (7.5) than for MAUD sessions

4 (5.9); however, one analyst averaged 10 attributes per session, while another
averaged only a little over 5. The 1l0-attribute analyst was rated higher
than the other four analysts in terms of subjects' impressions of the sessions,
but received the lowest amount of acceptance of the resulting alternative
orderings. The five-attribute analyst, however, received the lowest sub-
jective ratings of all, but achieved the greatest degree of acceptance of

' final alternative orderings. Our findings seem to indicate that subjects
feel better taken care of when more attributes are included in the analysis,
but that subjects' holistic ratings are better accounted for by analyses
with smaller rather than larger numbers of attributes. Of course, it is

’ easy to overinterpret these results, and replication is certainly required.
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SUMMARY

This report summarizes 15 months of research on the technology of
inference and decision, including topics such as: the quality and user
acceptance of decision analysis performed by computer vs. analyst; the
effect of hierarchical vs. nonhierarchical structures on MAU importance
weights and ratings; and the relative impacts of group structure, source
reliability, and datum diagnosticity on hierarchical inference judgments.
The purpose of this report is to summarize findings and explain how they
integrate into an overall program of research on decision technology.

For the most part, the state of the art in decision software is at
a level of data storage, display, and camputation as an aid to a sophis-
ticated user. Almost certainly, the next generation of decision software 1
will be designed to perform a larger range of analyst functions., We
have focused on identifying potential problems challenging the camputer-
ization of decision analysis, and on assessing the extent to which these
problems can be overcome. Two questions are particularly salient:

First, to what extent can the often ill-defined art of structuring be
transformed into software; and secondly, to what extent is past consumers'
satisfaction with decision analysis a function of the formal methods and
procedures of the theory and rationale of decision theory, and to what {
degree do other factors such as personal interaction and the establishment
of a rapport account for client approval? We compared multiattribute utility
analyses of personal decision problems of undergraduates performed by a
human analyst vs. those performed by a '"stand-alone" software package, d
Multi Attribute Utility Decomposition (MAUD). Although subjects over-
whelmingly yielded more favorable reports for the analyst session than

for the MAUD session, subjects' agreement with and acceptance of the
analyst and MAUD results (implied ordering and most perferred alternative)
did not differ. We did find that subjects feel better taken care of when
more attributes are included in the analysis, but that subjects' holistic
ratings are better accounted for by analyses with smaller rather than
larger numbers of attributes. We found that MAUD is not as '"'stand-alone'

as its developers have advertised. In particular, our subjects needed

at least some instruction in the attribute elicitation phase of the program.

iv




Overall, our subjects became quite involved in both MAUD and analyst
sessions. Subjective ratings of both sessions were greatly skewed toward
the high end. Subjects were highly motivated, and their responses seemed
more thoughtful and considered than is often the case for thought experiments
with hypothetical scenarios, typical of laboratory experiments with college
subjects.

Unfortunately, it is somewhat difficult to interpret subjects' acceptance
of the resulting ordering of an analysis within this paradigm. Low acceptance
could mean that the analysis has totally gone awry, or it could be indicative

. of a deeper, more valid evaluation than the subject is capable of in his/her
holistic ratings. Regardless of the interpretation, it is important that
analyst and MAUD orderings did not differ in terms of subject acceptance.

o Of course, our findings cannot be interpreted in a vacuum. Proper
consideration should be given to the subject population, problem types,
analyst experience and method (SMART), and the particular MAUA software we
employed (MAUD). In particular, we should comment on the peculiarities of
the MAUD program. We found that MAUD is not as '"'stand alone' as its developers
have advertised. In particular, our subjects needed at least some instruction
in the attribute elicitation phase of the program. Typical mistakes included:
repetition of attributes (up to 15 times); including more than one attribute
in a given attribute definition; and thinking about other attributes when
specifying the ''ideal point' and/or scale values on an attribute. MAUD
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should give the subject more information concerning attribute elicitation,

; as the "difference questions'' are simply too abstract and nondirective.

- We alsp found that very few subjects are able to answer the brlts weighting

; question properly. In particular, most exhibit a sort of risk aversion, in

. which they only equate the sure thing to the gamble when the gamble odds

favor the more favorable outcome. Of course, this response strategy will render

the weights almost totally meaningless, since they will be solely dependent

upon the order (essentially random in MAUD) in which the two varying attributes

: are presented. In short, the risk aversion problem with brlts may result

1 in random weights in MAUD. To circumvent this, we intervened at the point

| when the subject begins the brlts portion of the program, and attempted to
explain the brlts question in terms of "importance' of the two varying
attributes. In particular, indifference between the sure thing and the

) gamble for odds of 1:1 was equated to attributes of equal importance. Odds
of greater and less than 1:1 were also explained in terms of the relative
importance of the attributes.
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We also found that most subjects are unable to answer the brlts weighting
ques tion properly; uninstructed responses exhibit a sort of risk aversion
that renders the weights virtually meaningless. Overall, subjects were
highly motivated, and their responses seemed more thoughtful and con-
sidered than is often the case for thought experiments with hypothetical
scenarios, typical of laboratory experiments with college subjects.

Hierarchical MAU structuring (and weighting) is a particularly
attractive approach to building value trees when the number of attributes
is large; partly because it reduces the number of necessary judgments,
and partly because it avoids weighting questions in which only remotely
related attributes need to be compared. But there are several potential
problems: for example, respondents may add to an upper level value
meaning not captured by its lower branches; ranges of alternatives, which
can often be made explicit in specific attributes, become more vague at
higher levels, perhaps distorting range dependent importance weights;
furthermore, it is not clear whether numbers elicited hierarchically and
non-hierarchically are consistent--if not, which should we trust more?
We studied subjects' weighting and rating judgments for both hierarchical
and non-hierarchical value trees relevant to evaluation of alternatives
for electricity production., Hierarchical weights were found to be more
variable than non-hierarchical weights, essentially replicating a result
reported in 1973. We also found that subjects are often inconsistent
in their attribute ratings across different levels of the value hierarchy.
Random error, value lability, and misunderstanding of higher level attri-
butes are all possible explanations for this result. Finally, we found
that subjects' weight sets did not differ to any great extent as a function
of their preferred alternatives; rather, location measures were the primary
detemminant of preference orderings. Policy decision making, at least in
some highly charged arenas, may be more a matter of one's perception of how
well each strategy will accomplish the stated goals, and not one sensitive
to the tradeoffs among different goals.

Many important and interesting probabilistic information processing
tasks are essentially hierarchical or cascaded in formal structure, and
involve situations in which different people have different types of




It is important to note that all interventions into the MAUD sessions
(both for attribute elicitation and brlts questions) were kept short and
detached from the flow of the interaction between MAUD and the subject.
Information and instructions were given only for clarifying those points
necessary for the MAUD assessments. In short, all extra-MAUD interaction
within the MAUD session was kept as unobtrusive as possible.

Results concerning quality of attribute sets (in terms of completeness,
value independence, etc.) are included in the full technical report.

1I1. Hierarchical vs. nonhierarchical
MAU structures
Complex evaluation problems can usually be aided by the construction

of a value tree which organizes general values, intermediate objectives, and
final value relevant attributes in a hierarchy. MAU models can then be
built in two ways:

1) By ignoring the hierarchical structure and performing the

weighting and rating tasks on lowest attributes (twigs) only;

2) By weighting branches at each level of the tree under a given

node and computing final attribute weights by multiplying down
the tree.

The hierarchical weighting model .can, furthermore, be coupled with
ratings of options on different levels of the tree to examine the internal
consistency of MAU models and judgments at various levels of aggregation.

Hierarchical weighting is especially attractive when the number of
attributes is very large; partly because it reduces the mumber of necessary
judgments, and partly because it avoids weighting questions in which only
remotely related attributes need to be compared. But there are also problems;
for example, respondents may add to an upper level value meaning not
captured by its lower branches; ranges of alternatives, which can often
be made explicit in specific attributes, become more vague at higher levels,
perhaps distorting range dependent importance weights; furthemmore, it is
not clear whether numbers elicited hierarchically and nonhierarchically
are consistant -- if not, which mmbers should we trust more?

To answer same of these questions Stillwell, v. Winterfeldt, and
Edwards (Technical Report No. 81-2) performed an experiment in which 37
undergraduate students evaluated three scenarios for electricity production
(coal vs. muclear vs. geothermal coupled with strict conservation measures).
MAU ratings and weights were elicited for 13 attributes, which a previous
study had found relevant for this evaluation.
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probabilistic informmation which must be cambined. We studied a simple
cascaded inference task in which one individual has information about
the diagnosticity of an event and the other has information about the
i probability that the event has occurred (reliability information). Our
main purpose was to compare two people working together with an indi-
vidual combining both types of information, and to assess the relative
impact of reliability and diagnosticity. Both nomothetic and idiographic
| analyses of the responses indicated that diagnosticity has a greater
impact than reliability on judged responses. This effect was not mediated
by subject sex, nor by whether the information was integrated by an
~§ individual working alcne or by two people, each given either diagnosticity
; ' or reliability. Naming either the ''reliability" person or the "diag-
nosticity'" person as responsible for the group response did not alter
the findings appreciably. Our results are consistent with the bulk of
the subjective inference/prediction literature that suggests that subjects
) over-emphasize the impact of diagnostic information by not taking full
account of other relevant information, such as imperfect correlation in
prediction problems, and base-rate information in Bayesian inference.
4
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These same attributes were then arranged in a hierarchical fashion, and
subjects judged importance on each of three levels of the hierarchy.

Upper levels are simply combinations of lower level attribute sets. Final
weight for a lower level attribute (twig) is computed by multiplying weights
that include that twig at each of the three levels of the hierarchy.
Hierarchical weights were found to be more variable than nonhierarchical
weights;. this finding essentially replicates a result reported by Sayeki
and Vesper in 1973.

From the standpoint of structuring, a more interesting result followed
from subjects' attribute ratings of alternatives (location measures) at
each level of the hierarchy. Surprisingly, subjects are often inconsistent in
their ratings. For example, coal may be rated higher than nuclear on an
upper level attribute, while nuclear is rated higher than coal on all of the
sub-attributes making up that attribute. Three explanations seem plausible.
First, subjects may simply err in expressing their values, A second
possibility is that our subjects' values are extremely labile; between
the time subjects were asked to rate options at the lower and higher levels,
their values changed. The third explanation is that subjects imbue higher
level attributes with a richer meaning than the structure below that attribute
warrants, creating a sort of "super dimension" of undelineated aspects.
Further research is warranted on this topic, as a case can be made for all
three interpretations.

Finally, we found that subjects' weight sets did not differ to any
great extent as a functionof their preferred alternatives, e.g., subjects
favoring the muclear option assigned weights which were similar to those
preferring coal. All groups gave the highest weight to the health/safety/
envirorment factor. Instead of weights, location measures were the primary
determinant of preference orderings among the three alternatives. This
suggests that preferences are not determined by the extent to which one is
willing to trade off one attribute for another, as has ofter been asserted.
Contrarily, it appears from these data that one's perception of the alter-
natives' standing on the various attributes determines preference (or
vice versa). Weights seem to play little role. Brickman, Shaver, and
Archibald (1969) reported much the same finding in an attitude study of
various foreign policies of the United States towards the Vietnam conflict.
In a study on attitudes towards nuclear power, Otway, Maurer, and Thomas
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I. Introduction
This final report summarizes work by the Social Science Research
Institute, University of Southern California supported by the Advanced
Research Projects Agency of the Department of Defense under prime contract
MDA903-80-C-0194, under subcontract from Decisions and Designs, Inc. The
research conducted during this contract period from November 1, 1979 to
January 31, 1981, under the direction of Professor Ward Edwards, the
Principle Investigator, grew out of a program of research supported by
ARPA for the study of the technology of inference and decision. Edwards
(1973, 1975), Edwards and Seaver (1976), Edwards, John and Stillwell
(1977, 1979), and Edwards and Stillwell (1980) summarize previous research.
Our past research was concerned with the simplification of decision
analysis, and, specifically, with developing and validating simple tech-
niques for multiattribute utility analysis (MAUA). Both our laboratory
and real world validation studies demonstrated that very simple rating
and ranking methods perform just as well as more complicated techniques.
These validaticn studies, combined with earlier sensitivity analysis, led
us to conclude that within a given structure the precise methods of
eliciting numbers matter little. Varyifhg problem settings and structure
could, of course, have strong effects on elicited numbers and results of
the analysis.
The research summarized in this proposal examined such variations
in problem setting and structure. Specifically, we performed three
experiments on the following topics:
(1) the quality and user acceptance of decision anal;sis
performed by computer vs. analyst;
(2) the effect of hierarchical vs. nonhierarchical structures
on MAU importance weights and ratings;
(3) the relative impacts of group structure, source re-
liability, and datum diagnosticity on hierarchical
probabilisitic inference judgments.
Our research on these issues and problems is reported in three technical
reports which are now being prepared.
The purpose of this report is to summarize our findings and to explain
how they integrate into an overall program of research on decision tech-
nology. Thus, we do not report detailed descriptions of procedures and




1 result is not encouraging for those who view attribute ratings of al-
ternatives as a task for ''technicians' who should know the "facts', and
importance weighting as the primary function of the decision maker charged
with the value laden task of trading off one deserving goal for another.
Policy decision making, at least in arenas as highly charged as nuclear
power and Vietnam, may be more a matter of one's perception of how well
each strategy will accomplish the stated goals, and not one sensitive

to the tradeoffs among different goals.

This result, coupled with the finding that attribute ratings of
alternatives are highly inconsistent, is disconcerting. In effect, this
study suggests that the structure and labels of attributes may, to a great
extent, determine the final preference ordering of the analysis,

IV. Group structure, datum diagnosticity,
and source reliability in hierarchical inference

ey
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Many important and interesting probabilistic information processing

) tasks are essentially hierarchical or cascaded in formal structure, and
involve situations in which different people have different types of prob-
abilistic information which must be combined. Griffin and Edwards (for

. a more complete description see Technical Report No. 81-3) studied a simple

"y cascaded inference task in which one individual has information about the

1 diagnosticity of an event and the other has information about the probability

that the event has occurred (reliability information). The main purpose of

this experiment was to compare two people working together when combining

such information with an individual with both types of information, and to

assess the relative impact of reliability and diagnosticity in both situations.

4 In the symmetric, two hypothesis case, reliability and diagnosticity

should be equally important in determining the aggregate odds:

s
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L= (L Ly + /0 * Ly, @

T where L is the aggregate odds, Lr is the reliability likelihood ratio, and
Ly is the diagnosticity likelihood ratio. Thus, diagnostic information at
) odds of 10 to 1, that has only a 2 to 1 chance in favor of being true, should
S be equally as convincing as diagnostic information at odds of 2 to 1, that
ko has a 10 to 1 chance in favor of being true.
' Undergraduates (31 two-person groups and10 individuals working alone) were
) presented with a scenario in which a judgment had to be made about the
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results; these can be found in the self-contained technical reports. In-
stead, we briefly review the studies and results, focusing on interpre-
tation. Our current research has led to many new and exciting ideas, and
we will use this report as a means of explicating them.

) II. Computer vs. Analyst

Increasingly, applyers of decision analysis are turning to camputers to
supplement the role of the decision analyst. For the most part, the state
of the art in decision software is at a level of data storage, display, and

| computation as an aid to a sophisticated user. Undoubtably, these develop-
ments are useful, and we see no serious intellectual issue to be raised con-
cerning this supplementary role of computers in decision analysis. But the

?_ i next generation of decision software will surely be designed to perform a

f ! larger range of analyst functions.

Our focus is on identifying potential problems challenging the comput-

L erization of decision analysis, and assessing the extent to which these
problems can be overcome. Two problems seem particularly salient to us. |

! First, much of what goes on in decision analysis, especially during structuring,
is more accurately described as "art'" than as ''science'. To what extent can {

this often ill-defined art be transformed into software? Secondly, past
consumers of decision analysis have expressed satisfaction with both the

{
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process and the conclusions of analyses. To what extent is this satisfaction
a function of the formal methods and procedures embodied in decision theory
and the technology of decision analysis, and to what extent do other factors

e

f such as personal interaction and the establishment of a rapport account for
client approval?
To answer these questions, John, v. Winterfeldt, and Edwards (see
i Technical Report No. 81-1, for a more complete description) examined the
quality and user acceptance of simple MAU analysis performed by an analyst
vs. a stand alone computer package, called MAUD (for Multi Attribute Utility
Decomposition; see Humphreys and Wisudha, 1980; Hunphreys and McFadden,

s 1980). Unlike other packages from DARPA that we could obtain and look at,
MAUD "was designed to work in direct interaction with the decision maker,
without a decision analyst, counselor, or other 'expert' as intermediary
(Humphreys and McFadden, 1980)."

Given a predetermined set of alternatives (at least 4 and not more than 8),
MAUD guides the decision maker through a highly structured series of
interactions resulting in aggregate alternative values and an implied ordering
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likelihood that a job applicant will be successful, assuming that he or
she is hired. The diagnosticity information was a test result with
known validity; the reliability information was the odds that an |
unreliable tester actually reported the true versus a random test result. '
Subjects were asked to give odds based on 12 different L q° L r pairs; they
were told that a monetary payoff of up to $5.00 would be given contingent
on their performance. Both namothetic and idiographic analyses of the
responses indicated that diagnosticity has a greater impact than reli- }f
ability on judged responses. This effect was not mediated by subject

sex, nor by whether the information was integrated by an individual working
alone or by two people, each given either diagnosticity or reliablity.
Furthermore, naming either the "reliability' person or the "diagnosticity"
person as "responsible' for the group response did not alter the findings

appreciably.

Substantively, this experiment has replicated a robust finding in the
subjective inference/prediction literature. Kahneman and Tversky (1973,

1979) and others have demonstrated that subjects predicting a criterion
score (e.g., GPA) from a predictor score (e.g., SAT score) tend to ignore

the fact that the two are not perfectly correlated. They treat all pre-
dictors as though they were equally valid, avoiding optimal modification

of the predictor score by regressing it toward the mean. In effect, subjects
ignore certain information about the worth or credibility of extreme
diagnostic information, just as our subjects devalued the explicit information
about diagnosticity conveyed in the reliability probability.

This finding is also consistent with the so-called 'base-rate fallacy"
(Kahneman and Tversky, 1973; Lyon and Slovic, 1976). According to Bayes'
Theorem, a prior of 2 to 1 coupled with diagnostic information of 100 to 1
should be as compelling as a prior of 100 to 1 and diagnostic information
of 2 to 1. Many studies have shown that the base-rate information
will not be weighed into the posterior odds judgments to the appropriate
extent (see Nisbett and Ross, 1980, for a review). In all three of these :
examples, subjects over-emphasized the impact of diagnostic information by i
not taking full account of other information: imperfect correlation in the
prediction problem, base-rate information in the Bayesian inference problem,
and reliability of the diagnositc information in the hierarchical inference

problem.
It is important to note the critical role of stimulus presentation on these

types of experiments. The present study conveyed the reliability and diag-
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of the alternative set. MAUD developes a set of attributes by asking for

descriptions of how the various alternatives differ. Single attribute value
functions are elicited by placing each alternative on a nine point rating
scale, determining an ideal point, and normalizing under an assumption of
piece-wise linearity. Finally, importance weights are assessed under an
additivity assumption via the basic reference lottery tickets (brlts) pro-
cedure (Keeney and Raiffa, 1976). The final aggregate values resulting
fraom a MAUD analysis are a hybrid of riskless rating scale single attribute
values and risky brlts importance weights.

Thirty-five undergraduates of sixty-seven interviewed (52% selection
ratio) volunteered to undergo MAUA with both an analyst and MAUD for a
choice dilemma that (1) was personally important and relevant, (2) involved
four or more viable alternatives, and (3) required information that was
readily accessible. The experiment is unique in that the multiattribute
evaluation problems were generated by the subjects, and not by the ex-
perimenter as a thought experiment on a hypothetical scenario. Problems
included choosing among majors (11), colleges to which to transfer (9),
places to live (6), careers (4), travel plans (2), automobiles (1), sports
activities (1), and strategies for handling a roommate difficulty (1).

After problems and alternative sets were discussed and agreed on with
the experimenter (not an analyst), subjects were assigned to either the
MAUD-first or analyst-first condition, and underwent the first analysis.

The second analysis, either MAUD or analyst, came approximately one week
after the first. Five different analysts were utilized, including two re-
search faculty, one seventh year graduate student, and two first year graduate
students. All subject-analyst assigmments were made at the convenience

of both parties. None of the analysts had more than cursory experience with
applying MAUA for personal decision problems, and the two first-year students
learned of MAU ideas only a few weeks before their involvement in the study.

Although details of procedure may have varied across analysts, all used
a version of MAUA much like the simple multiattribute rating technique
(SMART; Edwards, 1977). This differed from the MAUD analyses in that no
procedure, however vague, was specified for obtaining attributes. Analysts
used one or more of the following methods: (1) suggestion, (2) MAUD-1like
difference question, (3) asking "How is this particular alternative attr-
active?', (4) requiring the subject to find one aspect on which each alter-
native is attractive, (5) asking ''What dimensions/attributes do you want to
consider?'', and (6) asking '"What factors are relevant to the decision?"'
Also, single dimension values were assigned via a 100 point rating
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’ nosticity information in the form of contingency tables with appropriate
sumary statistics. (The cover story involved an unreliable report of
pass/fail on a test that was somewhat diagnostic of success/failure in
a job situation.) Past research on the base-rate fallacy has shown that

. priors will be utilized more when they are either causal to the event
hypotheses (Bar-Hillel, 1980; Tversky and Kahneman, 1980) or irmarted
to the éubject in a concrete, trial by trial manner (Manis, Dovalina,

Avis, and Cordoze, 1980) (See also Kassin, 1979). We can only speculate

; ’ that such manipulations would have had similar affects on the utilization of

= reliability information in our experiment. Although contingency tables

N are more concrete than a single sumary number, they are still relatively

1 abstract (c.f.,Manis, et al., 1980).

o ) Methodologically, this experiment points out two important contrasts in
the way judgment and decision researchers view their data: (1) nomothetic
vs. idiographic analysis and (2) no effect vs.optimal model null hypothesis
testing. (See Einhorn and Hogarth, 1981). Nomothetic analyses (exploring
response patterns of group mean responses) are required when a ''between

. subjects' design is used. However, when a 'within subjects' design is
employed, idiographic analysis (exploring typical response patterns of
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individual subject responses) is usually preferred, although either is
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appropriate. Both ways of looking at our data suggest that responses are
based on only slightly modified diagnostic information; however, only the
nomothetic gives an idea as to the specific heuristic strategy subjects
actually employ. Patterns of mean responses indicate that subjects' log
o responses are quite close to the product of log Ly and the reliability
, o probability. That is, subjects tend to use the reliability probability W
o to adjust the log diagnostic odds downward. This interpretation can be

distinguished from the alternative heuristic wherein subjects adjust the

diagnostic probability or the diagnostic likelihood ratio: with the re-

liability probability directly. Because these heuristic models are so

highly correlated with each other and also with the optimal (modified Bayes' 4
] . theorem), an idiographic analysis cannot distinguish among the four possi-
bilities.

One of the greatest sources of confusion in the judgment literature

(especially with regard to base-rates) is the difference between testing 1
the null hypothesis that an information manipulation (e.g. reliability)
had no effect, versus testing the optimal model hypothesis. The finding
in our study is the usual one, namely, that the manipulation (reliability)
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scale (rather than 9 points), and weights were obtained by direct

ratio estimation of "importance''. Most sessions, both analyst and
MAUD, lasted.between 1 and 2 hours,

Although subjects overwhelmingly yielded more favorable reports for
the analyst session than for the MAUD session, subjects' agreement with and
acceptance of the analyst and MAUD results (implied ordering and most pre-
ferred alternative) did not differ. Specifically, subjects indicated a
desire to use the analyst rather than MAUD in future decisions and con-

) fidence that the analyst rather than MAUD 'found" the best alternative

. by a ratio of 8 to 1. Most subjects thought that the analyst session was
-2 more helpful (5 to 1), more comfortable (4 to 1), and more effective in
i»\i discovering new aspects of the problem (3 to 1) than the MAUD session.
o ) Yet, only a slim majority (54%) chose the analyst ratings over the MAUD

ratings. Furthermore, only small differences were found between analyst
and MAUD ratings with respect to the number of order reversals (Kendall

: Tau) with direct holistic ratings by the subject. Likewise, MAUD and

¢ ) analyst ratings did not differ substantially in the number of times they

é matched the most preferred alternatives. In short, although subjects

S reported liking analyst sessions better than MAUD sessions, no differences
!

emerged in subjects' acceptance of resulting evaluations. These results

' were not substantially mediated by session order, problem type, analyst,
or subject sex and race.

Two analysts tended to differ systematically in subjects' approval of

their sessions and subjects' acceptance of the final ratings, as well as
in the number of attributes generated. The median number of attributes
elicited was greater for analyst sessions (7.5) than for MAUD sessions

4 (5.9); however, one analyst averaged 10 attributes per session, while another
averaged only a little over 5. The 1l0-attribute analyst was rated higher
than the other four analysts in terms of subjects' impressions of the sessions,
but received the lowest amount of acceptance of the resulting alternative
orderings. The five-attribute analyst, however, received the lowest sub-
jective ratings of all, but achieved the greatest degree of acceptance of

' final alternative orderings. Our findings seem to indicate that subjects
feel better taken care of when more attributes are included in the analysis,
but that subjects' holistic ratings are better accounted for by analyses
with smaller rather than larger numbers of attributes. Of course, it is

’ easy to overinterpret these results, and replication is certainly required.
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is used in some heuristic, non-optimal manner. Invariably, the very same
data (ours included) that could be used to reject the no effect hypothesis
can also be used to prove that the subject is not following the optimal
model. The reason is simple: subjects made some use of the manipulated
information (reliability), but not optimal use. This often results in
seemingly contradictory findings: reliability information had an effect

on responses (no effect rejected), yet subjects' responses were not even
ordinally consistent with the model, due to a neglect of reliability
information. Both of these statements are true of our study; unfortunately,
researchers sometimes choose to emphasize no effect rejections and ignore
optimal model rejections (and vice versa), in order to support a particular theo-
retical position. It makes more sense to look at the data both ways, and
attempt to discover the exact heuristic employed, if possible.
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Overall, our subjects became quite involved in both MAUD and analyst
sessions. Subjective ratings of both sessions were greatly skewed toward
the high end. Subjects were highly motivated, and their responses seemed
more thoughtful and considered than is often the case for thought experiments
with hypothetical scenarios, typical of laboratory experiments with college
subjects.

Unfortunately, it is somewhat difficult to interpret subjects' acceptance
of the resulting ordering of an analysis within this paradigm. Low acceptance
could mean that the analysis has totally gone awry, or it could be indicative

. of a deeper, more valid evaluation than the subject is capable of in his/her
holistic ratings. Regardless of the interpretation, it is important that
analyst and MAUD orderings did not differ in terms of subject acceptance.

o Of course, our findings cannot be interpreted in a vacuum. Proper
consideration should be given to the subject population, problem types,
analyst experience and method (SMART), and the particular MAUA software we
employed (MAUD). In particular, we should comment on the peculiarities of
the MAUD program. We found that MAUD is not as '"'stand alone' as its developers
have advertised. In particular, our subjects needed at least some instruction
in the attribute elicitation phase of the program. Typical mistakes included:
repetition of attributes (up to 15 times); including more than one attribute
in a given attribute definition; and thinking about other attributes when
specifying the ''ideal point' and/or scale values on an attribute. MAUD

w-.«z.,‘ﬁv oL e
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should give the subject more information concerning attribute elicitation,

; as the "difference questions'' are simply too abstract and nondirective.

- We alsp found that very few subjects are able to answer the brlts weighting

; question properly. In particular, most exhibit a sort of risk aversion, in

. which they only equate the sure thing to the gamble when the gamble odds

favor the more favorable outcome. Of course, this response strategy will render

the weights almost totally meaningless, since they will be solely dependent

upon the order (essentially random in MAUD) in which the two varying attributes

: are presented. In short, the risk aversion problem with brlts may result

1 in random weights in MAUD. To circumvent this, we intervened at the point

| when the subject begins the brlts portion of the program, and attempted to
explain the brlts question in terms of "importance' of the two varying
attributes. In particular, indifference between the sure thing and the

) gamble for odds of 1:1 was equated to attributes of equal importance. Odds
of greater and less than 1:1 were also explained in terms of the relative
importance of the attributes.
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It is important to note that all interventions into the MAUD sessions
(both for attribute elicitation and brlts questions) were kept short and
detached from the flow of the interaction between MAUD and the subject.
Information and instructions were given only for clarifying those points
necessary for the MAUD assessments. In short, all extra-MAUD interaction
within the MAUD session was kept as unobtrusive as possible.

Results concerning quality of attribute sets (in terms of completeness,
value independence, etc.) are included in the full technical report.

1I1. Hierarchical vs. nonhierarchical
MAU structures
Complex evaluation problems can usually be aided by the construction

of a value tree which organizes general values, intermediate objectives, and
final value relevant attributes in a hierarchy. MAU models can then be
built in two ways:

1) By ignoring the hierarchical structure and performing the

weighting and rating tasks on lowest attributes (twigs) only;

2) By weighting branches at each level of the tree under a given

node and computing final attribute weights by multiplying down
the tree.

The hierarchical weighting model .can, furthermore, be coupled with
ratings of options on different levels of the tree to examine the internal
consistency of MAU models and judgments at various levels of aggregation.

Hierarchical weighting is especially attractive when the number of
attributes is very large; partly because it reduces the mumber of necessary
judgments, and partly because it avoids weighting questions in which only
remotely related attributes need to be compared. But there are also problems;
for example, respondents may add to an upper level value meaning not
captured by its lower branches; ranges of alternatives, which can often
be made explicit in specific attributes, become more vague at higher levels,
perhaps distorting range dependent importance weights; furthemmore, it is
not clear whether numbers elicited hierarchically and nonhierarchically
are consistant -- if not, which mmbers should we trust more?

To answer same of these questions Stillwell, v. Winterfeldt, and
Edwards (Technical Report No. 81-2) performed an experiment in which 37
undergraduate students evaluated three scenarios for electricity production
(coal vs. muclear vs. geothermal coupled with strict conservation measures).
MAU ratings and weights were elicited for 13 attributes, which a previous
study had found relevant for this evaluation.
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These same attributes were then arranged in a hierarchical fashion, and
subjects judged importance on each of three levels of the hierarchy.

Upper levels are simply combinations of lower level attribute sets. Final
weight for a lower level attribute (twig) is computed by multiplying weights
that include that twig at each of the three levels of the hierarchy.
Hierarchical weights were found to be more variable than nonhierarchical
weights;. this finding essentially replicates a result reported by Sayeki
and Vesper in 1973.

From the standpoint of structuring, a more interesting result followed
from subjects' attribute ratings of alternatives (location measures) at
each level of the hierarchy. Surprisingly, subjects are often inconsistent in
their ratings. For example, coal may be rated higher than nuclear on an
upper level attribute, while nuclear is rated higher than coal on all of the
sub-attributes making up that attribute. Three explanations seem plausible.
First, subjects may simply err in expressing their values, A second
possibility is that our subjects' values are extremely labile; between
the time subjects were asked to rate options at the lower and higher levels,
their values changed. The third explanation is that subjects imbue higher
level attributes with a richer meaning than the structure below that attribute
warrants, creating a sort of "super dimension" of undelineated aspects.
Further research is warranted on this topic, as a case can be made for all
three interpretations.

Finally, we found that subjects' weight sets did not differ to any
great extent as a functionof their preferred alternatives, e.g., subjects
favoring the muclear option assigned weights which were similar to those
preferring coal. All groups gave the highest weight to the health/safety/ -
envirorment factor. Instead of weights, location measures were the primary
determinant of preference orderings among the three alternatives. This
suggests that preferences are not determined by the extent to which one is
willing to trade off one attribute for another, as has ofter been asserted.
Contrarily, it appears from these data that one's perception of the alter-
natives' standing on the various attributes determines preference (or
vice versa). Weights seem to play little role. Brickman, Shaver, and
Archibald (1969) reported much the same finding in an attitude study of
various foreign policies of the United States towards the Vietnam conflict.
In a study on attitudes towards nuclear power, Otway, Maurer, and Thamas
(1978) also found that attitude differences between pro-nuclear groups
and anti-nuclear groups are largely due to beliefs, not to values. This
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1 result is not encouraging for those who view attribute ratings of al-
ternatives as a task for ''technicians' who should know the "facts', and
importance weighting as the primary function of the decision maker charged
with the value laden task of trading off one deserving goal for another.
Policy decision making, at least in arenas as highly charged as nuclear
power and Vietnam, may be more a matter of one's perception of how well
each strategy will accomplish the stated goals, and not one sensitive

to the tradeoffs among different goals.

This result, coupled with the finding that attribute ratings of
alternatives are highly inconsistent, is disconcerting. In effect, this
study suggests that the structure and labels of attributes may, to a great
extent, determine the final preference ordering of the analysis,

IV. Group structure, datum diagnosticity,
and source reliability in hierarchical inference

ey
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Many important and interesting probabilistic information processing

) tasks are essentially hierarchical or cascaded in formal structure, and
involve situations in which different people have different types of prob-
abilistic information which must be combined. Griffin and Edwards (for

. a more complete description see Technical Report No. 81-3) studied a simple

"y cascaded inference task in which one individual has information about the

1 diagnosticity of an event and the other has information about the probability

that the event has occurred (reliability information). The main purpose of

this experiment was to compare two people working together when combining

such information with an individual with both types of information, and to

assess the relative impact of reliability and diagnosticity in both situations.

4 In the symmetric, two hypothesis case, reliability and diagnosticity

should be equally important in determining the aggregate odds:

s

eaidi

ey

L= (L Ly + /0 * Ly, @

T where L is the aggregate odds, Lr is the reliability likelihood ratio, and
Ly is the diagnosticity likelihood ratio. Thus, diagnostic information at
) odds of 10 to 1, that has only a 2 to 1 chance in favor of being true, should
S be equally as convincing as diagnostic information at odds of 2 to 1, that
ko has a 10 to 1 chance in favor of being true.
' Undergraduates (31 two-person groups and10 individuals working alone) were
) presented with a scenario in which a judgment had to be made about the
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For the most part, the state of the art in decision software is at a level
of data storage, display, and computation as an aid to a sonhisticated user.
Almost certainly, the next generation of decision software will be designed to
perform a larger range of analyst functions., We have focused on identifying
potential problems challenging the camputerization of decision analysis, and
on assessing the extent to which these problems can be overcome. Two questions
are particularly salient: First, to what extent can the often ill-defined art
of structuring be transformed into software; and secondly, to what extent is
past consumers’ satisfaction with decision analysis a function of the formmal
i methods and procedures of the theory and rationale of decision theory, and to 4
, . what degree do other factors such as personal interaction and the establishment
S of a rapport account for client approval? We campared multiattribute utility

~ analyses of personal decision problems of undergraduates nerformed by a human
analyst vs, those performmed by a 'stand-alone" software package, Multi Attributg
P Utility Decamposition (MAUD). Although subjects overwhelmingly yielded more
' : favorable reports for the andlyst session than for the MAUD session, subjects'
A agreement with & acceptance of the analyst and MAUD results (imnlied ordering

and most preferred alternative) did not differ. We did find that subjects

, feel better taken care of when more attributes are included in the analysis,

but that subjects' holistic ratings are better accounted for by analyses with
smaller rather than larger numbers of attributes. We found that MAUD is not

as "'stand-alone” as its develaners have advertised. In particular, our subjects
needed at least-some instruction in the attribute elicitation phase of the nro-
gram. We also found that most subjects are unable to answer the brlts weighting
question properly; uninstructed resnonses exhibit a sort of risk aversion that
renders the weights virtually meaningless. Overall, subjects were highly moti-
—- - yated, and their responses seemed more thoughtful and considered than is often
the case for thought experiments with hynothetical scenarios, tynical of labo-

ratory experiments with college subjects.

Hierarchical MAU structuring (and weighting) is a mnarticularly attractive
approach to building value trees when the number of -attributes is large; martly :
because it reduces the mumber of necessary judgments, and partly because it
{ 1 avoids weighting questions in which only remotely related attributes need to
be compared. But there are several potential problems: for examnle, resnond-
ents may add to an upper level value meaning not captured by its -lower branches;
ranges of alternatives, which can often be made exnlicit in specific attributes, d
i become more vague at higher levels, perhaps distorting range devmendent immor-
§ tance weights; furthemmore, it is not clear whether numbers elciited hierarch-
ically and non-hierarchically are consistent--if not, which should we trust
‘more? We studied subjects' weighting and rating judgments for both hierarchical
and non-hierarchical value trees relevant to evaluation of altemnatives for
electricity production. Hierarchical weights were found to be more variable
than non-hierarchical weights, essentially renlicating a result reported in
1973. We also found that subjects are often inconsistent in their attribute ;
ratings across different levels of the value hierarchy. Randam error, value
lability, and misunderstanding of higher level attributes are all possible
exnlanations for this result. Finally, we found that subjects' weight sets
did not differ to any great extent as a function of their preferred alternatives
< rather, location measures were the primary determinant of preference orderings.
' Policy decision making, at least in some highly charged arenas, may be more a
' matter of one's perception of how well each strategy will accomlish the stated
{ . goals, and not one sensitive to the tradeoffs among different goals.

Many important and interesting probabilistic information processing tasks
3 are essentially hierarchical or cascaded in formal structure, and involve situ-
v ations in which different people have different tynes of probabilistic

SECURITY CLASSIFICATION OF THIS PAGEMhen Dete Entered)




M L

FOVIPA SN L

likelihood that a job applicant will be successful, assuming that he or
she is hired. The diagnosticity information was a test result with
known validity; the reliability information was the odds that an
unreliable tester actually reported the true versus a random test result.
Subjects were asked to give odds based on 12 different L q° L r pairs; they
were told that a monetary payoff of up to $5.00 would be given contingent
on their performance. Both namothetic and idiographic analyses of the
responses indicated that diagnosticity has a greater impact than reli-
ability on judged responses. This effect was not mediated by subject
sex, nor by whether the information was integrated by an individual working
alone or by two people, each given either diagnosticity or reliablity.
Furthermore, naming either the "reliability' person or the "diagnosticity"
person as "responsible' for the group response did not alter the findings
appreciably.

Substantively, this experiment has replicated a robust finding in the
subjective inference/prediction literature. Kahneman and Tversky (1973,
1979) and others have demonstrated that subjects predicting a criterion
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’ nosticity information in the form of contingency tables with appropriate
sumary statistics. (The cover story involved an unreliable report of
pass/fail on a test that was somewhat diagnostic of success/failure in
a job situation.) Past research on the base-rate fallacy has shown that

. priors will be utilized more when they are either causal to the event
hypotheses (Bar-Hillel, 1980; Tversky and Kahneman, 1980) or irmarted
to the éubject in a concrete, trial by trial manner (Manis, Dovalina,

Avis, and Cordoze, 1980) (See also Kassin, 1979). We can only speculate

; ’ that such manipulations would have had similar affects on the utilization of

= reliability information in our experiment. Although contingency tables

N are more concrete than a single sumary number, they are still relatively

1 abstract (c.f.,Manis, et al., 1980).

o ) Methodologically, this experiment points out two important contrasts in
the way judgment and decision researchers view their data: (1) nomothetic
vs. idiographic analysis and (2) no effect vs.optimal model null hypothesis
testing. (See Einhorn and Hogarth, 1981). Nomothetic analyses (exploring
response patterns of group mean responses) are required when a ''between

. subjects' design is used. However, when a 'within subjects' design is
employed, idiographic analysis (exploring typical response patterns of
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individual subject responses) is usually preferred, although either is
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appropriate. Both ways of looking at our data suggest that responses are
based on only slightly modified diagnostic information; however, only the
nomothetic gives an idea as to the specific heuristic strategy subjects
actually employ. Patterns of mean responses indicate that subjects' log
o responses are quite close to the product of log Ly and the reliability
, o probability. That is, subjects tend to use the reliability probability W
o to adjust the log diagnostic odds downward. This interpretation can be

distinguished from the alternative heuristic wherein subjects adjust the

diagnostic probability or the diagnostic likelihood ratio: with the re-

liability probability directly. Because these heuristic models are so

highly correlated with each other and also with the optimal (modified Bayes' 4
] . theorem), an idiographic analysis cannot distinguish among the four possi-
bilities.

One of the greatest sources of confusion in the judgment literature

(especially with regard to base-rates) is the difference between testing 1
the null hypothesis that an information manipulation (e.g. reliability)
had no effect, versus testing the optimal model hypothesis. The finding
in our study is the usual one, namely, that the manipulation (reliability)

¢ 10
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is used in some heuristic, non-optimal manner. Invariably, the very same
data (ours included) that could be used to reject the no effect hypothesis
can also be used to prove that the subject is not following the optimal
model. The reason is simple: subjects made some use of the manipulated
information (reliability), but not optimal use. This often results in
seemingly contradictory findings: reliability information had an effect

on responses (no effect rejected), yet subjects' responses were not even
ordinally consistent with the model, due to a neglect of reliability
information. Both of these statements are true of our study; unfortunately,
researchers sometimes choose to emphasize no effect rejections and ignore
optimal model rejections (and vice versa), in order to support a particular theo-
retical position. It makes more sense to look at the data both ways, and
attempt to discover the exact heuristic employed, if possible.
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For the most part, the state of the art in decision software is at a level
of data storage, display, and computation as an aid to a sonhisticated user.
Almost certainly, the next generation of decision software will be designed to
perform a larger range of analyst functions., We have focused on identifying
potential problems challenging the camputerization of decision analysis, and
on assessing the extent to which these problems can be overcome. Two questions
are particularly salient: First, to what extent can the often ill-defined art
of structuring be transformed into software; and secondly, to what extent is
past consumers’ satisfaction with decision analysis a function of the formmal
i methods and procedures of the theory and rationale of decision theory, and to 4
, . what degree do other factors such as personal interaction and the establishment
S of a rapport account for client approval? We campared multiattribute utility

~ analyses of personal decision problems of undergraduates nerformed by a human
analyst vs, those performmed by a 'stand-alone" software package, Multi Attributg
P Utility Decamposition (MAUD). Although subjects overwhelmingly yielded more
' : favorable reports for the andlyst session than for the MAUD session, subjects'
A agreement with & acceptance of the analyst and MAUD results (imnlied ordering

and most preferred alternative) did not differ. We did find that subjects

, feel better taken care of when more attributes are included in the analysis,

but that subjects' holistic ratings are better accounted for by analyses with
smaller rather than larger numbers of attributes. We found that MAUD is not

as "'stand-alone” as its develaners have advertised. In particular, our subjects
needed at least-some instruction in the attribute elicitation phase of the nro-
gram. We also found that most subjects are unable to answer the brlts weighting
question properly; uninstructed resnonses exhibit a sort of risk aversion that
renders the weights virtually meaningless. Overall, subjects were highly moti-
—- - yated, and their responses seemed more thoughtful and considered than is often
the case for thought experiments with hynothetical scenarios, tynical of labo-

ratory experiments with college subjects.

Hierarchical MAU structuring (and weighting) is a mnarticularly attractive
approach to building value trees when the number of -attributes is large; martly :
because it reduces the mumber of necessary judgments, and partly because it
{ 1 avoids weighting questions in which only remotely related attributes need to
be compared. But there are several potential problems: for examnle, resnond-
ents may add to an upper level value meaning not captured by its -lower branches;
ranges of alternatives, which can often be made exnlicit in specific attributes, d
i become more vague at higher levels, perhaps distorting range devmendent immor-
§ tance weights; furthemmore, it is not clear whether numbers elciited hierarch-
ically and non-hierarchically are consistent--if not, which should we trust
‘more? We studied subjects' weighting and rating judgments for both hierarchical
and non-hierarchical value trees relevant to evaluation of altemnatives for
electricity production. Hierarchical weights were found to be more variable
than non-hierarchical weights, essentially renlicating a result reported in
1973. We also found that subjects are often inconsistent in their attribute ;
ratings across different levels of the value hierarchy. Randam error, value
lability, and misunderstanding of higher level attributes are all possible
exnlanations for this result. Finally, we found that subjects' weight sets
did not differ to any great extent as a function of their preferred alternatives
< rather, location measures were the primary determinant of preference orderings.
' Policy decision making, at least in some highly charged arenas, may be more a
' matter of one's perception of how well each strategy will accomlish the stated
{ . goals, and not one sensitive to the tradeoffs among different goals.

Many important and interesting probabilistic information processing tasks
3 are essentially hierarchical or cascaded in formal structure, and involve situ-
v ations in which different people have different tynes of probabilistic
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information which must be combined, We studied a sirmle cascaded inference
task in shich one individual has information about the diagnosticity of an
event and the other has information about the probability that the event has
occurred (reliability information). Our main purpose was to compare two

people working together with an individual combining both types of thfommation,.
and to assess the relative impmact of reliability and diagnosticity. Both
nomothetic and idiographic analyses of the resnonses indicated that diagnosticit1
has a greater impact than reliability om judged responses. This effect was not
mediated by subject sex, nor by whether the information was integrated by an
individual -working alone or by two neople, each given either diagnosticity or
reliability. Naming either the ''reliability' person or the ''diagnosticity"
person as responsible for the group response did not alter the findings appreci-
ably., Our results are consistent with the bulk of the subjective inference/
prediction literature that suggests that subjects over-emphasize the impact of
diagnostic information by not taking full account of other relevant infommation,
such as imperfect correlation in prediction problems, and base-rate information

in Bayesian inference.
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