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A MODEL OF THE CONJUNCTION FALLACY

In a recentarticle, Tversky & Kahneman (1983) present convincing evidence that
people often violate the conjunction rule of probability theory when assessing the
joint probability of two events. This rule says that,

& p(A &B) < min[ p(A), p(B)] (1)

._ + Tversky & Kahneman show that both sophisticated and naive people, in many

- different substantive problems, often judge the conjunction of gent.s to be larger
[ o
than one of its components (hereafter called a "single violation*). Furthermore, for

some problems, people judge the conjunction as larger than both of its components (a
' “double violation®). -
Ageame!

The purpose of this aote is to propose a quantitative model of how people judge the

probability of conjunctive events. The advantage of the model is that it makes specific
predictions as to when conjunction fallacies of different types will or will not occur.
Moreojgx_'. the model is naturally extended to deal with conjunctive explanations for
events (Leddo, Abeison, & Gross, 1984; Locksley & Stangor, 1984). Jee
To begin, Tversky & Kahneman (1983) distinguish between two paradigms in
discussing conjunction fallacies. I consider each in turn. The first is concerned with
the case in which one has some causal model (M) of the situation. a basic target event
B, which is unrepresentative of M, and an added event A, which is highly
representative of M. For exampley. consider the personality sketch of Linda, who is
described as very bright, majoring in philosophy, and is an activist in various social
issues. When considering the probability that Linda is a bank teller (B), the job of
bank teller is unrepresentative of her personality. On the other hand, in judging
whether she isa feminist (A). that event seems highly representative. When subjects

are asked to order the probabilities that Linda is a feminist, 2 bank teller.ora




feminist bank teller, the conjunction is seen as more likely than bank teller although
fess likely than feminist.

To analyze problems of this type, the following notation is introduced: fet,

A =the judged probability of event A given mode{ M;

Z = the judged probability of event B given modef M;

J = the judged probability of the conjunction of A and B given

model M.

The modeling task consists of meeting three criteria. The first is to find a rule that
will allow for: (1) /< min( 4, B); (2) B<J< 4.and,(3) B <4< /. Second, the model
should have some plausible psychological rationale. Third, the model should lead to
specific predictions as to the conditions that will lead w (1), (2), or (3). As Tversky and
Kahneman point out, the first criterion is not met by several rules commonty used in
modeling judgment. For example, consider a weighted averaging rule with weights
applied to 4 and & Such a rule will not be able to handle conditions (1) and (3) since
a weighted average must fall at or between the two components. Similarly, an additive
rule cannot yield conditions (1) aad (2); a product rule cannot give (2) aad (3), and so
on.

The model I propose is consistent with a weighted averaging process of 8 special
type. In particular, consider a weighted geometric average, which has been found to
provide a good account of judgments in a variety of tasks(e.g.. Hélson. 1964). In
terms of the judged conjunction and its components, the weighted geometric mean is
given by.

S22 (25620 ()

Note that equation (2) is quite flexible and can, with the appropriste choice of values
for # and 5, give results consistent with conditions (1), (2), and (3). However, there
are two other reasons for considering such a model seriously. First, equation (2) is the

model proposed by Einhora (1970) to approximate a conjunctive rule for combining
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muftiattribute information. Note that (2) implies the following: if either of

the components is judged to be impossible, the conjunction is impossible; if the two
components are certain, the conjunction is certain; if the two components are
ualikiey, the conjunction is very unlikely; if there is a discrepancy between the
probabilities of the components, the more likety component is "hurt” more in the
conjunction. Second, note that equation (2) is similar to the product rule for
independent probabilities; i.e., p(A&B) = p(A) p(B). Thus, if people a.nchored' on the

product of A and B and adjusted for perceived dependence, equation (2) would provide

a reasonable account of their responses. Although the above reasons make (2)a
suitable candidate model, it suffers from being too general; i.e., it can accomodate
# almost any result after the fact, but it does not lead to specific predictions.

To make (2) predictive, some theory is needed to specify what affects the weights, &
and 5. In accord with the explanation of the conjuaction fallacy given by Tversky
and Kahneman (1983), assume that the weights reflect the representativeness of the

events vis-a-vis the model M. It is important to note that although 4 and 5 are

themselves influenced by representativeness, they are also affected by other factors.
Indeed, Tversky and Kahneman (1982, p.89) have stated that, "...probability judgments
are highly sensitive to representativeness although they are not completely
dominated by it.” Furthermore, since probable events are usvally more
representative than less probable events (Tversky & Kahneman, 1982), the weights
should be related to 4 and & In particular, if an increase in probability generally
results in an increase in representativeness, more probable components should
receive larger weights (reflecting greater representativeness). Since the weights
enter equation (2) exponentially, £ and 4 must decrease with increases in 4 and 2
To capture this, the weights can be written as,

2=1-4;and, 5=1-5 (3)
The full model can be obtained by substituting (3) into (2);

J- 40-4) 51-8) (4)




Equation (4) has no free parameters and is meant to capture the most general
aspects of the conjunction fallacy. Nevertheless, it has several interesting

implications. In order to see these more clearly, consider Table 1, which shows /asa

function of 4 and 57 (where 4> 5) for valuesof 0 to 1 in intervalsof .1.

Examination of Table 1 shows the following: (1) 61% of the entries in the table show
viciations of the conjunction rule (40/66). Of these, 11% are double violations aad the
remainder are single violations. Hence. if subjects make judgments of 4 and 5 that
are uniformly distributed over the interval 0 to 1, and combine these judgments
according to equation (4). 60% of the responses would violate the conjunction rule.
Moreover, single violations would be much more likely than double violations; (2) In
the type of problem considered above (denoted the M-A paradigm by Tversky aad
Kahneman, 1983), 4 is high and 7 is low to moderate. In this situation. single
violations are very likely but double violations are not. However, as one of the
components becomes very unrepresentative (i.e., 5 decreases), the violations
decrease. Indeed. Tversky and Kahneman report that conjunction errors do not occur
when the constituents are highly incompatible. In our terms, this means that A4 is
high and 7 is very low (e.g.. how likely is Linda a feminist and a Republican ?). Note
that in the extreme case when 5 is judged to be impossible, the conjunction is always
impossible regardless of the value of 4:(3) When both of the constituents are
unlikely, the model predicts no conjunction errors of either type (e.g. how likely is
Linds & bank teller and a Republican ?); (4) Double violations are most likely when
both components are highly probable and of comparable strength (e.g.. how likely is

Linda a feminist and a Demacrat ?).

It is important to stress that the above results should not be generalized to all

situations in which conjunctive events are judged. In particular, Tversky and




Table 1
Conjunctive Probability as a Function of Its Components
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Kahpeman (1983) discuss a second structure (denoted the A - B paradigm) in which
two events are seen to be directly related in a causal or correlated way, without direct
reference to some underlying model M. For example, in 2 health survey of adult
males, Mr. F is chosen at random; how likely has he had one or more heart attacks,
versus how likely has he had one or more heart attack and he is over 55 years old
(Tversky & Kahneman, 1983). Problems of this type characterize many important
situations involving planning, forecasting, and the like.
To examine the A-B paradigm, let,
A = the judged probability of a potential cause or
coatributing factor;

B =the judged probability of some presumed effect/event;

J =the judged probability of events A and B.
In the interests of parsimony, I assume the same combining rule as before;i.c.,
equation (4). However, the weighting of A and B is assumed to reflect the degree to
which event A is judged to be predictive of effect B. Since predictive judgments are
strongly influenced by the representativeness heuristic (e.g., Kahneman & Tversky,
1973), the weighting process follows the same logic used to develop equation (2).
However, if events A and B are weighted by the strength of the relation between
them, a single weight applied to both components should suffice. Hence, the judged

probability of the conjunction of A and B can be written as,

J=(A-B)® (220) (5)

As before, the size of & should decrease as the judged strength of the relaﬁdn between

events A and B increases. To capture this, let.

Z - the judged probability of effect B given cause A;ie. the
predictability of the effect from the presumed cause.

.................................
.......................................
............................................................
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The weighta can now be defined as,

s=1-2 6)

The full mode! can thea be written as,
J =(A-B)1-2 7)

The implications of (7) are best seen in reference to Table 2, which shows J asa

function of A-B and Z for valuesof 0 to 1 in incrementsof .1.

---------------------------------------

First, note that the conjunctive probability increases with both A-B aand Z. However,
when either event is impossible (i.e., A‘B = 0), the conjunction is always zero; when
Z =0, the conjunction is equal to its product, which implies that A and Bare
independent. Second, when the product is seen as certain, the conjunction is certain
for all values of Z. Third, to show when the conjunction rule will be violated, it is
necessary to examine the individual components of the product and compare them to
the values in Table 2. This can be done most simply by first imagining that A = B.For -
example, consider the row in which A‘B =~ 4andthus, A =63 and B = .63. Note that
when Z - 3, the conjunctive probability is .63. When Z > 3, the conjunctive
probability is greater than either of the components and he‘nce, double violations
should occur in these cases. On the other hand, when Z < 3, the conjunctive
probabilities are less than either component and hence, no violations should occur.
This example illustrates the following general resuit: when A = B, double violations

-2 will occur when Z> S, and no violations when Z < 5. Now consider the situation when
A and B are discrepant. e.g.. A= 8and B - 5. We can see from Table 2 that the

conjunctive probability will result in single violations when Z is approximately

between .3 and 8. When Z is at or greater than 8. double violations are expected;
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Table 2

Conjunctive Probability as a Function of A'B and 2

i 2 3 4 5 6 7 8 9

0 0 0 0 0 0 0 0 0

13 16 20 25 .32 40 50 .63 .79
23 28 32 38 45 53 62 .72 .85
34 38 43 49 55 62 70 .79 .89
44 48 53 58 63 69 .76 83 .91
54 57 62 66 .71 76 81 .87 .93
63 66 70 74 .77 82 86 .90 .95
73 75 78 81 84 .87 90 93 .96
82 .84 86 87 89 91 94 96 98
91 92 93 94 95 96 97 98 .99
1 1 1 1 1 1 11
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when Z is less than .3, no violations are predicted. As A and B get further apart (e.g.,
A -1, B - 4), double violations disappear but single violations increase. The general
principle to be gleaned from this is the following: as A and B become more
discfepa.nt, it takes a larger Z 1o get double violations. However, it takes a smaller Z to
get single violations. Indeed, if one component is 1, single violations are guaranteed
if Z>0. The above also implies that adherence to the conjunction rule is most likely
when Z is small and A and B are equal.

The above results contrast with those found in the M-A paradigm discussed earlier.
For example, in that paradigm, low 4and 5 lead to few single violations and no double
violations; in the A-B paradigm, double violations are much more frequent.
Furthermore, they can occur when both components are either likely or unlikely.
Indeed, evidence for double violations when both events are seen as either likely or
unlikely is reported by Yates and Carison (1985). Hence, from a practical viewpoint,
the A-B paradigm is of special concern since its structure results in particularly
large errors, and, such errors are likely to occur in significant judgmental activities

such as diagnosis, forecasting, and planning.

Extensions: Conjunctive Explanations

: The model shown in equation (5) can be naturally extended to situatioas in which
‘. conjunctive explanations are used to explain the occurrence (or non- occurrence) of
}

some event B. This case has been recently studied by Leddo, Abelson, and Gross (1984).

; ? They found both single and double violations as well as a triple violation, i.e., the

. conjunction of three explanations was judged higher than all three components.
However, they also found that adding explanations did not always lead to increases in
the conjunctive probability. Thus, it is necessary to preseat a model which delineates
the conditions under which more explanations are judged to be better, equal to, or

worse than, fewer explanations.




To discuss the above formally, let B be the event to be explained and denote El
and E2 as two explanations. Let,

E1 = the judged probability of E1 given B;

E2 =the judged probability of E2 given B.

J12 = the judged probability that E1 and E2 are among the
factors that caused B.

Following equation (3), J12 can be writtten as,

J12 < (E1- E2)X (8)

As before, some way of defining @ is needed. Consider that the @ parameter reflects
the degree to which E1 and E2 are judged to be predictive or representative of B. Let

J(Bl E1 & E2) denote this judgment. The weight for the conjunctive event can then
be defined as,

a-1- J(BlEl1 &E2) )

Note that greater predictability or representativeness of B due to E1 and E2 resultsina

smaller value of @ and hence a greater weight for the E1 EZ product.

The implications of (8) and (9) can be seen by referring back to Table 2. In this
case, let J stand for J12 and Z for J(B] E1 & E2). Since the conjunctive probability
(J12) increases with Z (holding the product constant), the addition of an explanation
that increases the predictability of B also increases the likelihood of single and

double violations. Other results regarding the effect of discrepancies between El and

E2 are the same as those discussed in connection with the A-B paradigm. However, a

crucial issue specific to the explanation paradigm remains. In particular, when does
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the addition of further explanations increase, decrease, or leave unchanged, the
probability of the original expianation (or conjunction of explanations) ?

To answer this question, cunsider the following example: imagine that E1 is7
and a weak explanation, say E2 = 2, isadded. The product is now .14. Clearly, the issue
of whether the conjunctive explanation is larger or smaller than its componeants
depends on J(Bl| E1 & E2). If the addition of E2 increases J(B] E1 & E2) over
J(B] E1).i.c., it makes B more representative of both explanations, the conjunctive
probability will violate the conjunction rule. However, if E2 adds little or decreases
the predictability/representativeness of B, the reduction of E1 by E2 (due to
multiplication), can lead to conjunctive probabilities that conform to the conjunction
rule. Hence, the adding of explanations results .in 8 basic conflict (cf. Coombs &
Avrunin, 1977). On the one hand, more explanations weaken the product and lower
the conjunction; on the other hand, more reasons generally lead to greater
predictability/representativeness of B, thereby increasing the weight for the
conjunction. A similar argument, in terms of covariation, is given by Einhorn &
Hogarth (in press). They argue that while the sufficiency of an explanation is
increased by adding more reasons, its necessity decreases. Thus, if sufficiency and
necessity affect judgments of the plausibility of an explanation, adding reasons
induces a conflict. In the present approach, if several explanations are virtually
sufficient for Y, the addition of further explanations would have the effect of
lowering the product (and possibly lowering representativeness as well), thereby
decreasing the conjunctive probability (see, Leddo, et al., 1984). The implication is
that double, triple, quadruple, etc., violations will occur if additional explanations
increase J(B] E1 & E2 & ....) at a faster rate than the product decreases. However, at
some point, the product will be so low that an increase in J(B} E1 & E2 & ...) will
result in no change in the conjunction. Beyond this point, more reasons will be seen

as worse than less.

............

.........
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Locksiey and Stangor (1984) have showa that conjunction fallacies occur more
often when the event to be explained has a low rather than a high base rate. For
example, consider an explanation of why someone committed suicide. Since thisisa
rare event, it could be argued that many reasons are needed to explain its
occurrence; that is, a “sufficient” explanation for rare events generally requires
multiple reasons. On the other hand, a highly probable event requires a less complex
explanation since any one of a2 number of reasons can produce the event. In order to

account for the effects of base rates on the judged probability of conjunctive

explanations, the ratesof change in E1-E2 and @ must depend of the size of the base
rate. In particular, for rare events, the adding of reasons increases J(B] E1 & E2) at
a faster rate than the reduction of the product E1-E2. This not only results in more
violations of the conjunction rule, it also implies that a complex explanation fora
rare event will generally be judged as more likely than a2 simpler one, up to a point.
Indeed, the conjunctive probability is single-peaked with the naumber of reasons but
the peak occurs for larger aumbers 'of reasoans. For more probable eveats,

J(BI E1 & E2) increases at a slower rate than for rare events, while E1-E2 decreases
st a faster rate. Thus, for probable eveats, there will be fewer conjunction errors aad,

it will take fewer reasons for a complex explanation to be judged as less likely than a

simpler one.
CONCLUSION

A simple quantitative model of the conjunction fallacy has been presented that
specifies the conditions under which violations of the conjunction rule will or will
aot occur. The mode! captures the general effects found in the empirical work

presented by Tversky & Kahneman (1983); and, it is consistent with an interpretation

of the fallacy as resulting from the use of the representativeness heuristic.
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Furthermore, an extension of the model delimits the conditions under which
conjunctive explanations are more, less, or equalty likely than their constituents.
Since the model is simple, general, and predictive, the conjunction of these attributes

makes it a (highly ?) plausible mode! of thé phenomenon.
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Washington, D. C. 20350

Mr. John Davis

Combat Control Systems Department
Code 35

Naval Underwater Systems Center
Newport, RI 02840

Human Factors Department

Code N-71

Naval Training Equipment Center
Orlando, FL 32813

Mr. Norm Beck

Combat Control Systems Department
Code 35

Naval Underwater Systems Center
Newport, RI 02840

Human Factors Engineering
Code 441

Naval Ocean Systems Center
San Diego, CA 92152

Dr. Gary Poock

Operations Research Department
Naval Postgraduate School
Monterey, CA 93940

Dean of Research Adminiétration
Naval Postgraduate School
Monterey, CA 93940

Mr. H. Talkington

Engineering & Computer Science
Code 09

Naval Ocean Systems Center

San Diego, CA 92152
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Mr. Paul Heckman
Naval Ocean Systems Center
San Diego, CA 92152

Dr. Ross Pepper

Naval Ocean Systems Center
Hawaii Laboratory

P. 0. Box 997

Kailua, HI 96734

Dr. A, L, Slafkosky
Scientific Advisor

Commandant of the Marine Corps
Code RD-1

Washington, D. C. 20380

Dr. L. Chmura

Computer Sciences & Systems
Code 7592

Naval Research Laboratory
Washington, D.C. 20375-5000

Dr. Michael Letsky

Office of the Chief of Naval
Operations (OP-01B7)

Washington, D.C. 20350

Professor Douglas E. Hunter
Defense Intelligence College
Washington, D.C. 20374

CDR C. Hutchins

Code 55

Naval Postgraduate School
Monterey, CA 93940

Human Factors Technology Administration
Office of Naval Technology

Code MAT 0722

800 North Quincy Street

Arlington, VA 22217-5000

CDR Tom Jones

Naval Air Systems Command
Human Factors Programs
NAVAIR 330J

Washington, D.C. 20361
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Commander

Naval Air Systems Command
Crew Station Design
NAVAIR 5313

Washington, D. C, 2036l

Mr. Philip Andrews

Naval Sea Systems Command
NAVSEA 61R

Washington, D. C. 20362

Commander

Naval Electronics Systems Command
Human Factors Engineering Branch
Code 81323

Washington, D. C. 20360

Aircrew Systems Branch

Systems Engineering Test
Directorate

U.S. Naval Test Center

Patuxent River, MD 20670

Mr. Milon Essoglou

Naval Facilities Engineering
Command

R&D Plans and Programs

Code 03T

Hoffman Building II

Alexandria, VA 22332

CAPT Robert Biersner

Naval Biodynamics Laboratory
Michoud Station

Box 29407

New Orleans, LA 70189

Dr. Arthur Bachrach

Behavioral Sciences Department
Naval Medical Research Institute
Bethesda, MD

Dr. George Moeller

Human Factors Engineering Branch
Naval Submarine Base

Submarine Medical Research Lab.
Groton, CT 06340
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Naval Aerospace Medical Research Lab
Pensacola, FL 32508
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Naval Health Research Center
San Diego, CA 92152

Dr. Jerry Tobias

Auditory Research Branch
Submarine Medical Research Lab
Naval Submarine Base

Groton, CT 06340

Dr. Robert Blanchard

Code 17

Navy Personnel Research and
Development Center

San Diego, CA 92152-6800

LCDR T. Singer

Human Factors Engineering Division
Naval Air Development Center
Warminster, PA 18974

Mr. Stephen Merriman

Human Factors Engineering Division
Naval Air Development Center
Warminster, PA 18974

LT. Dennis McBride

Human Factors Branch
Pacific Missle Test Center
Point Mugu, CA 93042

Dr. Kenneth L. Davis
Code 414

Office of Naval Research
800 North Quincy Street
Arlington, VA 22217-5000

LCDR R. Carter
Office of Chief on Naval Operations
(OP-01B)

Washington, D.C. 20350
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Dean of the Academic Departments
U. S. Naval Academy
Annapolis, MD 21402

CDR W. Moroney

Naval Air Development Center
Code 602

Warminster, PA 18974

Human Factor Engineering Branch
Naval Ship Research and Development
Center, Annapolis Division
Annapolis, MD 21402

Dr. Harry Crisp

Code N 51

Combat Systems Department
Naval Surface Weapons Center
Dahlgren, VA 22448

Mr. John Quirk

Naval Coastal Systems Laboratory
Code 712

Panama City, FL 32401

Human Factors Branch
Code 3152

Naval Weapons Center
China Lake, CA 93555

Dr. Charles Holland

Office of Naval Research Branch Offjice
London

Box 39

EPO New York 09510

Dr. Rabinder N. Madan
Code 414

Office of Naval Research
800 North Quincy Street
Arlington, VA 22217-5000

Dr. Eugene E. Glove

ONR Detachment
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Pasadena, CA 91106-2485
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Dr. David Mizell

ONR Detachment

1030 Green Street
Pasadena, CA 91106-2485

Dr. Glen Allgaier

Artificial Intelligence Branch

Code 444

Naval Electronics Ocean System Center
San Diego, CA 92152

Dr. Steve Sacks

Naval Electronics Systems Command
Code 61R

Washington, D.C. 20363-5100

Dr. Sherman Gee

Command and Control Technology, (MAT 0721)
Office of Naval Technology,

800 North Quincy Street

Arlington, VA 22217-5000

Dr. Robert A. Fleming

Human Factors Support Group

Naval Personnel Research & Development Ctr.
1411 South Fern Street

Arlington, VA 22202

Dr. Dick Kelly
Human Factors Division, Code 17
Naval Personnel Research & Development

Center
San Diego, CA 92152-6800

Department of the Army

Dr. Edgar M. Johnson
Technical Director

U.S. Army Research Institute
Alexandria, VA 22333-5600

Technical Director
U.S. Army Human Engineering Laboratory
Aberdeen Proving Ground, MD 21005

Director, Organizations and Systems
Research Laboratory

U.S. Army Research Institute

5001 Eisenhower Avenue

Alexandria, VA 22333-5600
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Dr. Robert M. Sasmor
Director, Basic Research
Army Research Institute
5001 Eisenhower Avenue
Alexandria, VA 22333-5600

Department of the Air Force

Dr. Kenneth R. Boff
AF AMRL/HE
Wright-Patterson AFB, OH 45433

Dr. A. Fregly

U. S. Air Force Office of
Scientific Research

Life Science Directorate, NL

Bolling Air Force Base

Washington, D.C. 20332-6448

Mr. Charles Bates, Director
Human Engineering Division
USAF AMRL/HES

Wright-Patterson AFB, OH 45433

Dr. Earl Alluisi

Chief Scientist

AFHRL/CCN

Brooks Air Force Base, TX 78235

Dr. R. K. Dismukes

Associate Director for Life
Sciences

AFSOR

Bolling AFB

Washington, D.C. 20032-6448
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Dr. A. D. Baddeley

Director, Applied Psychology
Unit

Medical Research Council

15 Chaucer Road

Cambridge, CB2 2EF England

Dr. Kenneth Gardner
Applied Psychology Unit
Admiralty Marine Tech. Estab.
Teddington, Middlesex
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Other Government Agencies

Dr. M. C. Montemerlo
Information Sciences &
Human Factors Code RC
NASA HQS

Washington, D.C. 20546

Dr. Alan Leshner

Deputy Division Director
Division of Behavioral and
Neural Sciences

National Science Foundation
1800 G. Street, N.W,
Washington, D.C. 20550

Defense Technical Information
Center

Cameron Station, Bldg. 5

Alexandria, VA 22314 (12 copies)

Dr. Clinton Kelly

Defense Advanced Research
Projects Agency

1400 Wilson Blvd.

Arlington, VA 22209
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Dr. Harry Snyder

Dept. of Industrial Engineering
Virginia Polytechnic Institute
and State University
Blacksburg, VA 24061

Dr. Amos Tversky

Dept. of Psychology
Stanford University
Stanford, CA 94305

Dr. Amos Freedy
Perceptronics, Inc.

6271 Variel Avenue
Woodland Hills, CA 91364

Dr. Jesse Orlansky

Institute for Defense Analyses
1801 N, Beauregard Street
Alexandria, VA 22311

........

Dr. J. 0. Chinnis, Jr.

Decision Science Consortium,
Inc.

7700 Leesburg Pike

Suite 421

Falls Church, VA 22043

Dr. T. B. Sheridan

Dept. of Mechanical
Engineering

Massachusetts Institute of
Technology

Cambridge, MA 02139

Dr. Daniel Kahneman

The University of British
Department of Psychology
#154-2053 Main Mall
Vancouver, British Columbia
Canada V6T 1Y7

Dr. Stanley Deutsch
NAS-National Research Council
(COHF)

2101 Constitution Avenue, N.W.
Washington, D.C. 20418

Dr. Meredith P. Crawford
American Psychological
Association

Office of Educational Affairs
1200 17th Street N.W.
Washington, D.C. 20036

Dr. Deborah Boehm-Davis
Department of Psychology
George Mason University
4400 University Drive
Fairfax, VA 22030

Dr. Paul E. Lehner

PAR Technology Corp.
7926 Jones Branch Drive
Suite 170

McLean, VA 22102
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. Dr. Babur M. Pulat Dr. Stanley N. Roscoe
s Department of Industrial Engineering New Mexico State University
3 North Carolina A&T State University Box 5095
i Greensboro, NC 27411 Las Cruces, NM 88003
: Dr. Stanley N. Roscoe Mr. Joseph G. Whol
[ University of Colorado Alphatech, Inc.
Boulder, CO 80309 3 New England Executive Park
‘ Burlington, MA 10803
h Dr. James H. Howard, Jr. Dr. Marvin Cohen
; Department of Psychology Decision Science Consortium, Inc.
t Catholic University Suite 721
- Washington, D. C. 20064 7700 Leesburg Pike

Falls Church, VA 22043

Dr. William Howell

Department of Psychology Dr. William R, Utal
Rice University NOSC-Hawaii
Houston, TX 77001 Box 997
Kailua, HI 96734
Dr. Christopher Wickens
Department of Psychology Dr. William B. Rouse
University of Illinois School of Industrial and Systems i
Urbana, IL 61801 Engineering

Georgia Institute of Technology
Atlanta, GA 30332
Dr. Robert Wherry

Analytics, Inc. Ms. Denise Benel
2500 Maryland Road Essex Corporation
Willow Grove, PA 19090 333 N. Fairfax Street
Alexandria, VA 22314
Dr. Edward R. Jones
Chief, Human Factors Engineering Dr. Andrew P. Sage
McDonnell-Douglas Astronautics Co. Assoc, V. P. for Academic Affairs
St. Louis Division George Mason University
Box 516 4400 University Drive
St. Louis, MO 63166 Fairfax, VA 22030
Dr. Lola L. Lopes Dr. Michael Athans
Department of Psychology Massachusetts Inst. of Technology
University of Wisconsin Lab Information & Decision Systems

Madison, WI 53706 Cambridge, MA 01803
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Dr. Richard Pew

Bolt Beranek & Newman, Inc.
50 Moulton Street
Cambridge, MA 02238

Dr. Leonard Adelman
PAR Technology Corp.
Suite 170

7962 Jones Branch Drive
McLean, VA 22102

Dr. Douglas Towne

University of Southern California
Behavioral Technology Lab

1845 South Elena Avenue, Fourth Floor
Redondo Beach, CA 90277

Dr. James P. Jenkins
Nuclear Regulatory Commission
Washington, D.C. 205355

Dr. John Payne

Graduate School of Business
Administration

Duke University

Durham, NC 27706

Dr. Charles Gettys
Department of Psychology
University of Oklahomz
455 West Lindsey

Norman, OK 73069

Dr. Azad Madni
Perceptronics, Inc.

6271 Variel Avenue
Woodland Hills, CA 91364

Dr. Tomaso Poggio

Massachusetts Institute of Tech.
Center for Biological Information
Processing

Cambridge, MA 02139

Dr. Baruch Fischhoff
Perceptronics, Inc.

6271 Variel Avenue
Woodland Hills, CA 91367

Dr. Robert A. Hummel
New York University
Courant Inst. of Mathematical

Sciences
251 Mercer Street
New York, New York 10012

Dr. H. McI. Parsons
Essex Corporation

333 N. Fairfax Street
Alexandria, VA 22314

Dr. Paul Solvic
Decision Research
1201 Qak Street
Eugene, OR 97401

Dr. David Castanon
ALPHATECH, Inc.

111 Middlesex Turnpike
Burlington, MA 01803

Dr. E. Douglas Jensen
Carnegie-Mellon University
Computer Science Dept.
Pittsburgh, PA 15213

Dr. David Noble
Engineering Research Assoc.
8616 Westwood Center Drive
McLean, VA 22180

Dr. Bruce Hamill

The Johns Hopkins Univ.
Applied Physics Lab
Laurel, MD 20707

Dr. A. Ephremides
University of Maryland
Electrical Engineering Dept.
College Park, MD 20742
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