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Information Search in Judgment Tasks: A
Regression Model and Some Preliminary Findings
TERRY CONNOLLY AND NAVEED GILANI

Georgia Institute of Technology
Previous studies of predecisional information search have predominantly
drawn on Bayesian models for normative guidance. An analogous model for
the continuous-variable case, in which the judge m a y purchase one or more
items of costly b u t imperfect information to guide a decision in w h i c h errors
are also costly, is presented. Results are reported for two e x p e r i m e n t s using a
task b a s e d on this model. The findings indicate that information acquisition
and use are influenced by several normatively irrelevant task characteristics as
well as by appropriate normative factors and that departures from optimality
m a y be quite large. Implications for further research are suggested.

The topic of predecisional information search in judgmental decision
making has been of interest to a number of investigators for both theoretical and practical reasons. From a theoretical orientation, investigators
such as Payne (1976) and Payne, Braunstein, and Carroll (1978) have
studied information search as a means of illuminating underlying cognitive
processes in decision making. Other investigators, more interested in applications, have focused on such issues as physicians' acquisition of diagnostic tests (e.g., Elstein, Shulman, & Sprafka, 1978); military commanders' acquisition of intelligence reports (e.g., Levine, Samet, & Brahlek,
1975); managers' acquisition of information provided by management information systems (e.g., Cardozo, Ross, & Rudelius, 1972); and consumers' acquisition of product-related information (e.g., Jacoby, 1977).
The focus of these studies is on tasks in which the individual (a) makes
decisions of some consequence (i.e., payoffs for correct and incorrect
decisions differ); (b) acquires imperfectly predictive information that is
costly (in money, effort, or delay); and (c) decides the amount of information to be acquired before choosing. In such tasks the individual faces a
complex tradeoff between information costs and error penalties, with
judgmental skill as a crucial linking process: Skilled judges may be able to
make accurate predictions on little information, while those less skilled
may require more information to reach the same level of accuracy.
Valuable c o m m e n t s on earlier drafts o f this paper were provided by M. B a z e r m a n , E. J.
Conlon, H. J. Einhorn, R. M. Hogarth, G. Wolf, and two a n o n y m o u s reviewers. Financial
support was provided, in part, u n d e r Grant 78-NI-AX-003 from the National Institute of L a w
E n f o r c e m e n t and Criminal Justice.
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As the earlier examples suggest, tasks involving a balancing of the costs
and benefits of imperfectly predictive information are common in professional work. Similar examples may be readily identified in a variety of
personal decision-making contexts: increased information gathering prior
to making a purchase, seeing a show, taking a job, or choosing a spouse
offers the uncertain promise of an improved final decision but with the
certainty of increased information-acquisition cost. The ubiquity of these
decisions suggests that individuals may acquire some intuition as to the
balancing act involved. The complexity of the task suggests that such
intuitions may depart substantially from optimal strategies.
The primary purpose of the present research is to examine human performance in tasks involving both information acquisition and information
use. We exclude from present consideration tasks such as those requiring
direct search for a specific hidden target (e.g., Edwards & Slovic, 1965;
Rapoport, 1969; Rapoport, Lissitz, & McAllister, 1972) or optional stopping in a series of offers (e.g., Rapoport & Tversky, 1970; Brickman,
1972; Corbin, Olson, & Abbondanza, 1975), since such tasks emphasize
only information-acquisition strategies. Similarly excluded are tasks in
which information load is directly manipulated by the experimenter (e.g.,
Nystedt & Magnusson, 1972; Dorris, Sadosky, & Connolly, 1977), since
such tasks emphasize only information use. Our interest here is in tasks in
which both information acquisition and information use are under the
control of the individual.
Most empirical studies of information acquisition in decision-making
tasks have been based on simple Bayesian models, in which the subject's
task is to decide which of two or more processes is generating the data
which (s)he purchases. For example, the experimenter selects one of two
bookbags containing different mixes of colored poker chips, and the subject purchases a sample of the contents of the bag before betting which of
the two bags was selected. Optimal strategies in such tasks are a complex
function of sample cost and diagnosticity, prior probabilities, and payoff
for correctness of the final decision. Different optimal strategies are required when sample size must be specified in advance ("fixed stopping")
and when sequential sampling is permitted ("optional stopping"). Formal
models of such tasks have been developed by Wald (1947), Raiffa and
Schlaifer (1961), and Edwards (1965).
Detailed reviews of the empirical literature on information search have
been presented by Peterson and Beach (1967), Hershman and Levine
(1970), Rapoport and Wallsten (1972), Slovic, Fischoff, and Lichtenstein
(1977), and Einhorn and Hogarth (1981) and need not be duplicated here.
Major findings include the following.
1. Partial sensitivity. Subjects generally respond in normatively appropriate ways to variations in task characteristics, but the magnitude of such
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response is typically less than is normatively justified. For example, Pitz
(1968) found subjects only partially responsive to variations in information diagnosticity and cost in a simulated bookbag and poker-chip task;
Wendt (1969), using a Marschak bidding procedure in a one-sample Bayesian task, found the amount bid to be related to payoff, diagnosticity, and
prior probabilities, but insufficiently so to be optimal; and Snapper and
Peterson (1971) found subjects partially sensitive to variations in information quality but, again, less than would be normatively justified. An exception is reported by Green, Halpert, and Minas (1964), who found no
effect of varying size of payoff for correct inferences (though, normatively, larger payoffs justify greater investment in information). However,
subsequent evidence supports Peterson and Beach's (1967) early conclusion that, in information-purchasing tasks, "variables that would influence the behavior of statistical man also influence subjects' behavior, but
to a smaller degree" (1967, p. 38).
2. Inappropriate sensitivity. In addition to insufficient sensitivity to
normatively relevant task variables, subjects are also sensitive to a range
of normatively irrevelant task characteristics. For example, several investigators (Sanders & ter Linden, 1967; Fried & Peterson, 1969; Pitz,
Reinhold, & Geller, 1969; Pitz & Geller, 1970) found that subjects in
Bayesian optional stopping tasks appear to accept smaller stopping odds
as sample size increases, continuing to sample after encountering a highly
informative sample early in the sequence, but stopping with less informative samples later in the sequence (thus showing sensitivity to information
order, though this is normatively irrelevant). Levine et al. (1975) found
that subjects purchased more information when more was available,
though availability was not normatively relevant. Snapper and Peterson
(1971) report purchasing behaviors markedly sensitive to normatively irrelevant changes in payoff structure and experimental procedure.
3. Substantial losses. As noted below, information-purchase tasks
often have a "fiat maximum" characteristic, with quite wide departures
from optimal purchase leading to only minor increases in net loss (or
reductions in net gain). However, several studies suggest that subjects'
departures from optimality are often large enough to reduce overall
payoffs substantially. Pitz (1968) and Pitz and Barrett (1969) report subjects reducing their net monetary gain by more than one-third by purchasing nonoptimally. Kleiter and Wimmer (1974) found very large and
costly departures from optimality in a rather complex multistage betting
game. Departures from optimality, then, cannot be dismissed on the basis
of a simple lack of incentive for optimal play. Such departures appear in
play for real money, as well as play for points or chips, and are large
enough to reduce monetary gain substantially.
4. Learning. Relatively few studies have examined subjects' ability to
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improve their information-purchasing strategies in repeated play. Those
that have (e.g., Lanzetta & Kanareff, 1962; Pitz, 1969; Wallsten, 1968)
found learning to be slow or nonexistent, even after quite extensive repetitions (5 blocks of 20 trials each, spaced over 3 days, in Wallsten, 1968).
5. Over- and underpurchase. A number of authors (Ackoff, 1967;
Raiffa, 1968; Streufert, Suedfeld, & Driver, 1965; Driver & Mock, 1975;
Connolly, 1977a) have suggested that departures from optimality will tend
to be in the direction of overacquisition of information. This suggestion is
clearly not supported in the laboratory studies of information purchasing,
where both over- and underpurchase are commonly reported. For example, Pitz (1969) and Pitz and Barrett (1969) report significant underpurchase, while Hershman and Levine (1970) and Levine et al. (1975) report
significant overpurchase. The direction, as well as the extent, of departures from optimal information purchase appears to be a function of task
characteristics.
6. Individual differences. Though primarily focused on task effects,
many of the studies cited thus far have noted substantial between-subject
differences (e.g., Wallsten, 1968; Pruitt, 1961; Hershman & Levine, 1970;
Green et al., 1964). The focus on individual differences in information
search and other decisional behaviors has emerged as a somewhat distinct
research tradition and will not be further pursued here. (For reviews, see
Schroeder, Driver, & Streufert, 1967; MacCrimmon & Taylor, 1976.)
A REGRESSION MODEL OF INFORMATION SEARCH

As the above review suggests, Bayesian models have predominantly
provided the normative guidance for information-search studies, raising
the possibility that the findings may be of limited generalizability. That is,
a normative model such as that of Edwards (1965) serves to define the
optimal (loss-minimizing or gain-maximizing) strategy for buying and
using discrete data bearing on a discrete decision as to the nature of the
data generating process. Actual subject behavior in bookbag and pokerchip tasks can then be compared to this optimal strategy with a view to
identifying any stable human suboptimalities and perhaps elucidating
their causes. Inferences so drawn are constrained by the normative
model, however, and thus by the experimental task investigated. Following the suggestion of Slovic and Lichtenstein (1971) that parallel research
thrusts should consider both Bayesian and regression approaches, a simple normative model based on the regression (or continuous-variable)
treatment of the lens model is proposed here.
Consider the simple task structure represented in Fig. 1, in which a set
of equivocal cues X~ reflects the value of an underlying or distal variable
Ye, normally distributed with mean zero and variance o-~. Each cue consists of the sum of Ye and an error term ei, independently and normally
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FIG. 1. Relationshipbetween cues (XO and distal variable (Y~).X~ = Ye + e~; Ye ~ N(O, o~),
el ~ N(O, o-~), Y~and ei all independent.
distributed with mean zero and variance 0-~. The task thus defined is a
multiple-cue-probability-learning (MCLP) task with intercorrelated cues
(Hammond, McClelland, & Mumpower, 1980).
The subject's task is to form, on each trial, an estimate Ys of Ye over a
series of n trials. Suppose that an information charge cij is made if the
subject acquires the ith cue on t h e j t h trial, and that a penalty charge P~ is
made on each trial, proportional to the square of the estimation error
penalty charge P~ = d(Yej - ys~)2
where d is a constant expressed in the same units as c~j. Then, over n
trials, the subject's total cost is given by
total cost =

[d(Y~j - y~)2 + ~ c~ju~j]
J=l

(1)

i=1

where uij = 1 if the ith cue is acquired on t h e j t h trial, and is 0 otherwise.
We have shown elsewhere (Connolly, 1977b) that, for the class o f linear
response strategies
k

i=l,

Ysj = ~ b,X~,

2,...,k

i=1

appropriate to the linear cue-distal variable relationships in Fig. 1, L, the
expectation of (Ye - y~)2, is minimized by setting b~ equal to b*, where
b* = o-~ 1 +
0"2

i=1

2 2
0-i/0-y

(2)

(That is, L is minimized by weighting each cue in inverse proportion to its
error variance and discounting the weighted average.) These optimal
weights b* yield a minimal value of L given by
L m i n = 0-2

1+

2 z
o'J0-,j

l'

(3)

i=1

Equations (1)-(3) define the subject's optimal strategy for a given task
specification. For all available subsets of cues, optimal weights b* given
by Eq. (2) will yield a minimal expected loss Lmin given by Eq. (3), and
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thus the minimum expected penalty charge P~. The information charge for
each subset is directly given by the task parameter c~j. Overall optimality
is achieved by acquiring, and optimally using, that subset of available
cues that minimizes total cost given by Eq. (1).
For example, suppose that o-~ = o-2 = 100 (so that all cues are equally
valid: Px~ye = 1 / ~ = .707), and d = 1.0, c~j constant over all cues and
trials. Then, by Eq. (3), expected penalty cost will be given by 100/(k + 1)
for optimal use of any k cues, at an information cost ofkc~j per trial. Total
cost curves for this case are shown in Fig. 2 for a range of values of c~.
For c~j > 50, no information should be purchased. For 50 > c~j > 16.7, one
cue should be purchased, for 16.7 > c~j > 8.3, two cues, and so on. For c~j
= 0 (i.e., free information), all available cues should be used.
It should be n o t e d that, as with other information-search models
(Wendt, 1969; Rapoport & Wallsten, 1972, p. 169), these total cost curves
show rather flat minima, particularly for small values ofc~ (or large values
ofnopt, the optimal n u m b e r of cues to acquire). Table 1 shows the increase
in expected total cost resulting from over- or underpurchase by one cue
for cues of various validities and cost parameters set for nopt = 1, 2, or 3
(again using the equal cue validity, equal cue cost example). As can be
seen, sensitivity to purchasing errors declines with cue validity and with
increasing values of nopt. P r o c e d u r e s for sharpening these total cost
minima (e.g., by using positively accelerated cue-cost functions) are
available and will be explored in the empirical portion of this paper.
It may be worthwhile at this point to review an example of real-world
decision making which the above model is intended to represent, albeit in
a highly simplified manner. Leblebici and Salancik (1981) examined the
decision processes of a group of bank loan officers estimating r e p a y m e n t
probabilities for personal loan applicants. Part of the information on
which this estimate was based was drawn from normal loan application
forms, and the officers had the option of requesting additional information
on a particular applicant if they felt it necessary. In terms of the model
presented above, the loan officers' task might be represented as forming
an estimate (Y~) of each applicant's true repayment probability (Ye) on the
basis of a set of imperfectly predictive cues (X0. The size of the cue set is
partially under the officer's discretion. The decision as to what information to seek in a particular case is presumably guided by some assessment
of the relative costs of information (e.g., charges for credit references,
embarassment to the applicant, possibility of lost business by delay, all
represented in the model by the single monetary charge c~) and of decision error (centrally the direct cost of defaulted loans and the opportunity
cost of foregone loan possibilities, all represented in the model by the
penalty charge Pj). Certainly, a n u m b e r of oversimplifications appear in
the mapping from the real decision process to the model. The latter,

336

CONNOLLY AND GILANI

50 ~ 3

ook

c,
16.7

!

12.5

0

6.7
s.o

D_
x

W

20

0.0

o

;
Number of Cues Used

FIG. 2. E x p e c t e d total cost v s n u m b e r and cost o f c u e s used. (@ = 100; d = 1.0; all c u e s
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however, does appear to capture several important aspects of the loan
officer's task.

An Exploratory Study
The results are reported here of two experiments aimed at a preliminary
assessment of human performance in tasks such as those modeled in the
previous section. The intent of these studies was to explore human
abilities to detect and utilize optimal information-purchase strategies in
such tasks and to investigate the sensitivity of these abilities to variations

TABLE 1
PERCENTAGE INCREASE IN EXPECTED TOTAL COST BY PURCHASE ERRORS OF + 1 CUE AS A
FUNCTION OF TASK PARAMETERS (ALL CUES EQUALLY VALID AND EQUAL COST)
noot

ply=.894

~v=.816

p~y=.707

p~v=.577

1
2
3

55.2
11.7
5.2

36.4
9.8
4.3

20.0
7.1
3.7

9.1
4.3
2.6
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in task characteristics. The basic format is a between-subjects design in
which cost and penalty parameters are set to produce optimal purchases
nopt of one, two, or three cues per trial. In Experiment I, these optimal
purchase conditions were crossed with a manipulation of cue-cost function (linear vs positively accelerated) in a negative-sum game with a
maximum of 4 cues available. In Experiment II, the second factor was
number of cues available (4 or 8) in a positive-sum game. Comparison
of the first conditions in the two experiments allows evaluation of the
effect of positive vs negative net payoffs. Such an effect is implied by
prospect theory (Kahneman & Tversky, 1979), described under Discussion, but not by the normative model presented here.

Task
Subjects were instructed that they had just taken a job as an analyst for
an imaginary company, Game Predictions Incorporated (GPI), whose
business consisted of selling predictions of football game results to
clients. To assist in making these predictions the subject could, on any
trial, purchase assessments from one or more "football experts" on retainer to GPI. Subjects were told that GPI paid cash rebates to its clients
when its predictions differed from actual game results. An error rebate
chart was provided showing rebate as a function of prediction errors in
both graphical and tabular form. Expert fees embodied the information
charge c~j in the model, while error rebates embodied the penalty charge P~.

Apparatus
Information was displayed to subjects by a simple mechanical device in
which " e x p e r t assessments" and game results, written on a paper roll,
appeared behind a series of windows, each with a hinged opaque cover.
The covered windows were labeled " E x p e r t 1," " E x p e r t 2," and so on.
An offset window at the right of the display was labeled " G a m e Result."
Expert assessments and game results were expressed as "point spreads,"
the margin of points by which the first team was predicted to win or lose
or actually won or lost.

Procedure
Subjects were run individually. They first read over a detailed set of
instructions explaining the nature of the task, and the apparatus was
demonstrated by the experimenter for three demonstration games. It was
then explained that the experiment would consist of two phases. The first
would consist of 30 practice games, drawn from games played during the
previous football season, to allow subjects to learn the procedure and
assess the value of the " e x p e r t s . " On these practice games, all available
experts provided free assessments. The subject made a prediction for
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each game, was shown the actual result, and computed the error rebate
that would have been charged. The subject recorded predictions, results,
and error rebates on a numbered answer sheet.
The second phase of the experiment involved prediction of 30 "real
games." The subject was provided with a supply of game money, from
which expert fees and error rebates were to be paid. On each of these
games, (s)he indicated to the experimenter which " e x p e r t s " (s)he wished
to purchase by circling the appropriate numbers on the answer sheet and
paying the appropriate fee. The experimenter then opened the shutters
covering these " e xpe r t assessments," and the subject recorded his or her
prediction for that game. The experimenter then opened the "game resuit" window, computed with the subject what rebate (if any) would have
to be paid, and collected this amount from the subject. All windows were
then closed and the paper roll wound on to the next game. After completing all 60 trials, the subject responded to a brief postexperimental questionnaire, was debriefed, and released. Each session lasted approximately 1 hr.

Subjects
All subjects were engineering students at the Georgia Institute of
Technology. All were volunteers and received neither payment nor
course credit for their participation.

Task Parameters
A simple computer program was used to generate the " g a m e s . " Values
of Ye, the actual game point spread, were drawn from a normal distribution, mean 0, variance 225 (so that roughly two-thirds of the games were
decided by margins of 15 points or less--an apparently plausible range).
Error terms for each " e x p e r t " were drawn from a normal distribution
with mean 0 and variance 86.5, to give a theoretical cue-to-true-score
correlation of .85. Each was scaled by a factor of .85 to equate variance of
expert assessments and true scores. Cue sets were selected from several
runs of the computer program so as to yield sample correlations within
each block of 30 games of .85 -+ .04 for each cue. (It should be noted that
this procedure ensures high cue intercorrelations, theoretically equal to
.852 or .722.)

Design
Experiment I. A maximum of four " exper t assessments" were available
to the subject. In Condition 1, a charge of $10 was made for each expert
consulted on each trial, and the constant d in the error penalty formula
was selected so as to make nopt, the optimal number of experts to purchase, equal to 1, 2, or 3. In Condition 2, a charge of $10 was made for the
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first expert consulted, $20 for the second, and so on, to produce a positively accelerated cue-cost function of $10 for one cue, $30 for two, $60
for three, $100 for four. (The rising cost was explained to the subjects as
being due to administrative expenses.) Penalty costs were again set so as
to make nopt equal to 1, 2, or 3 experts, yielding a 2 (Cost Function) x 3
(Optimal Purchase) factorial design. Ten subjects served in each condition, for a total of 60 subjects.
Experiment II. The second experiment again compared three levels of
optimal purchase (nopt equal to 1, 2, or 3 cues per trial), with a fixed
charge of $10 per expert per game. It differed from the first condition of
Experiment I in two respects. First, the error penalty function was adjusted by adding a constant fee of $100, earned by GPI for each prediction, from which the error rebate was subtracted. (The sum of $100 was
chosen in light of results from Experiment I so as to ensure that even
relatively poor players would not lose money overall, thus converting a
loss-minimizing game into an equivalent gain-maximizing one, without
changing optimal strategies.) The second modification was to contrast
different levels of maximum available information, navai]. A second display device with eight, rather than four, "expert assessment" windows
was used in one condition, allowing a 2 (Number of Cues Available) x 3
(Optimal Purchase) factorial design. Again, l0 subjects served in each
condition, for a total of 60 subjects.

Results
1. Information purchase. For each subject the mean number of cues
purchased per trial was computed separately for the first 15 and the last 15
trials of the experimental block, to allow investigation of possible learning
effects as well as of the primary manipulations. Mean purchases per trial
across experimental conditions are shown in Fig. 3. The results suggest a
general tendency to overpurchase when nopt = 1 (markedly so in Experiment II) and to underpurchase when nopt = 3. Comparison of the solid
(Trials 1-15) and broken lines (Trials 16-30) suggests that some learning
may have occurred, with later purchasing strategies closer to optimality
than earlier ones.
A 2 (Cost Function) x 3 (Optimality Condition) x 2 (Repeated Measures: Trials 1-15 vs 16-30) ANOVA on mean cue purchase for Experiment I shows a significant main effect for optimality condition (F = 25.5,
p ~< .001), but no main effect for cost function (F = .14, ns) and no
significant interaction effect (F = .50, ns). The learning main effect is
significant (F = 4.23, p ~< .05), as is the Learning x Optimality Condition
interaction (F = 10.81, p ~< .001). A similar analysis for Experiment II,
with cue availability as the first factor, shows a significant main effect for
this factor (F = 9.43, p ~< .01), but none for optimality condition, and no
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FIG. 3. Actual vs optimal information purchase. (a) Experiment I (negative-sum game, 4
cues available): *--% Linear cost function, Trials 1-15; *----*, linear cost function, Trials
16-30; O - - O , rising cost function, Trials 1-15; O----O, rising cost function, Trials 16-30.
(b) Experiment II (positive-sum game, linear cost function): *--% 4 Cues available, Trials
1-15; *---% 4 cues available, Trials 16-30; O - - O , 8 cues available, Trials 1-15; O----O, 8
cues available, Trials 16-30.

significant interaction between the two. Again, there is a significant main
effect for learning (F = 4.75, p ~< .05), and significant interactions between learning and cue availability (F = 9.44, p ~< .01), and learning and
optimality condition (F = 5.01, p < .01). Finally, contrasting Conditions
1 and 3 (negative vs positive payoff) shows a significant main effect for
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this factor (F = 5.47, p ~< .05), as well as confirming the significant main
effect o f optimality condition (F = 14.37, p ~< .001), significant learning
(F = 7.16, p ~< .01), and the significant Learning x Optimality Condition interaction (F = 9.83, p ~< .001).
F o r three of the four experimental conditions, then, actual purchasing
behavior is at least partially reflective o f optimal purchasing strategy and
tends to b e c o m e more so in later trials than in early ones. At the same
time, substantial deviations from optimality persist, generally in the direction o f overpurchase when few cues are optimal and of underpurchase
when many cues are justified. No effect was detected of the manipulation
of cue-cost functions in Experiment I. Both cue availability and sign of
p a y o f f substantially affect purchasing behavior, though neither is normatively relevant. Finally, departures from optimality may be quite large, as
seen in both conditions of Experiment II when nopt was set at 1.
2. Information use. As noted earlier, optimal play requires both optimal purchase of information and optimal use of the information purchased. An indication of efficiency of information use is shown in Fig. 4,
in which mean squared error of prediction (MSE) is plotted for all trials on
which any subject purchased 1, 2 . . . . , cues. (Means above 5 cues are not
plotted, since only seven 6-cue purchases, no 7-cue purchases, and one
8-cue purchase were made.) As the Fig. 4 suggests, most subjects reduced
their MSE as they acquired more information, though MSE was generally
a little larger than optimal information use would generate. The exception,
as in the previous analyses, is for Condition 4 (positive payoff, 8 cues
available), where 4-cue purchases were associated with substantially
larger prediction errors than were similar purchases in other conditions.
As an index of efficiency o f information use (EIU), the ratio of actual to
optimal MSE was c o m p u t e d for each individual on each trial, conditional
on the n u m b e r o f cues actually purchased. Cell means for EIU for each o f
four experimental conditions are shown in Fig. 5, again separating Trials
1 - 1 5 from 16-30. For Conditions 1, 2, and 3 there appears to be marked
improvement in this index with experience, but for Condition 4 the index
increases with experience in the hopt = 2 and (especially) the nopt = 3 cells.
Analyses of variance 2 x 3 x 2 (R) paralleling those reported above
showed a significant main effect for learning in Experiment I (F = 17.94,p
~< .0001) and in the contrast between Conditions 1 and 3 ( F = 16.97, p ~<
.0001), with no other significant main effects or interactions in either case.
The analysis for Experiment II, however, showed a significant main effect
for availability (F = 7.69, p ~< .01), with p o o r e r scores (higher values of
the index) in the 8-cue condition. Learning showed no significant main
effect, but significant interactions between learning and availability (F =
11.15, p ~<. 005), between learning and optimality condition (F = 7.89, p ~<
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.001); and a significant Learning x Availability x Optimality C o n d i t i o n
interaction (F = 5.52, p ~< .01).
F o r C o n d i t i o n s 1, 2, and 3, then, e f f i c i e n c y o f i n f o r m a t i o n u s e (as
m e a s u r e d by the E I U index) i m p r o v e d significantly w i t h e x p e r i e n c e , regardless o f o p t i m a l i t y c o n d i t i o n , c u e c o s t function, or payoff. C o n d i t i o n 4
w a s , again, a n o m a l o u s , w i t h p o o r e r i n f o r m a t i o n utilization than in the
e q u i v a l e n t 4-cue-available c o n d i t i o n , and n e g a t i v e learning in the nopt = 2
and nopt = 3 cells.
3. C u e a s s e s s m e n t a n d c u e p u r c h a s e . T h e p o s t e x p e r i m e n t a l q u e s t i o n naire a s k e d subjects to rate the a c c u r a c y o f e a c h e x p e r t on a 5-point scale
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FIG. 5. Efficiency of information u s e (EIU) index vs optimal information p u r c h a s e . (a)
E x p e r i m e n t I (negative-sum game, 4 cues available): x - - x , Linear cost function, Trials
1 - 1 5 ; x .... x , linear cost function, TriMs 1 6 - 3 0 ; O - - O , rising cost function, TriMs 1 - 1 5 ;
O----Q, rising cost function, Trials 1 6 - 3 0 . (b) E x p e r i m e n t II (positive-sum g a m e , linear cost
function): x - - × , 4 Cues available, TriMs 1 - 1 5 ; x .... × , 4 cues available, Trials 1 6 - 3 0 ;
O - - O , 8 cues available, Trials 1 - 1 5 ; O----O, 8 cues available, Trials 1 6 - 3 0 .
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anchored at 1 ("Very Inaccurate") and 5 ("Very Accurate"). Despite the
equal validity of the experts, subjects perceived them as of widely different accuracy: The mean difference between subjects' highest and lowest
ratings was 1.9 in Experiment I and 2.2 in Experiment II. Further, these
perceptions of differential accuracy were strongly associated with purchasing behavior in the experimental block. In Experiment I, the mean
correlation between the rating of an expert and the number of times that
expert was purchased was .47 (N = 60, p < .01), while for Experiment II
the mean correlation was .51 (N = 60,p < .01). These correlations are not
merely reflecting a general tendency for a subject who buys heavily to rate
experts highly, and vice versa. The mean correlation between ratings of
one expert and purchases of another was - . 14 (N = 60, ns) in Experiment
I and - . 0 2 (N = 60, ns) in Experiment II. That is, despite the statistical
equivalence of the various experts, subjects formed strong perceptions of
their differential validity and shaped their purchasing strategies accordingly, buying more of the experts they considered highly reliable.
Three comments are relevant here. First, there is good evidence (e.g.,
Nisbett & Ross, 1980, Ch. 5) that judgments of bivariate correlation are
widely inaccurate, even when relevant data are presented in convenient
summary form (as they were not in the present case). Second, the statistical equivalence of the cues presented in these experiments is subject to
sampling variability, so that the relationships actually seen by the subjects
were certainly not precisely equal. Finally, subjects in the second block of
30 trials saw only the cues they purchased and purchased mainly the cues
they thought relatively more predictive. The second part of the experiment thus presented very little data challenging a subject's belief that a
particular cue was of high (or low) validity. It is not surprising then that
subjects were generally unable to detect the pattern of equally valid cues.

DISCUSSION
The broad thrust of these results is interestingly parallel to that of the
Bayesian studies reviewed earlier. Subjects are partially sensitive to the
normative considerations involved in striking a balance between cost of
information and cost of errors. Those presented with cheap information
and large error costs tended to buy more information than did those in the
reverse situation. Further, some degree of learning was achieved, both in
modifying purchasing strategies in the direction of optimal purchase and
in using the information purchased effectively in making predictions. That
is, subjects' information-purchasing behavior was shaped, to some extent, by appropriate normative factors and became somewhat more optimal with experience.
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Given the complexity of the task used here, it is perhaps surprising that
any learning was demonstrated. Numerous studies of MCPL tasks with
correlated cues and outcome feedback (e.g., Lindell & Stewart, 1974;
Schmitt & Dudycha, 1975) have shown slow learning of such tasks. The
present task is considerably more complex than these, in that the subject
must decide which and how many cues to purchase, as well as how they
are to be combined. Feedback is equivocal, in that a large error on a
particular trial might imply poor strategy in any or all of these three
respects, or merely the fact that occasional large errors are to be expected
in probabilistic tasks of this sort. (See Hogarth, 1981, for an illuminating
discussion of the equivocal role of feedback in learning of complex tasks.)
In this light, the development of strong beliefs in differential accuracy
of the cues might be seen as a useful heuristic strategy in that it provides
a guide as to which cues should be purchased, once the total has been
decided, and thus eliminates at least one complex element from the task.
In the present task such a heuristic, though erroneous, would not increase
costs, since the cues are of equal validity. In the more general case of
unequally valid cues, the suggested heuristic would lead to increased
loss unless perceptions of validity at least match the rank orderings of
actual validities. A similar mechanism is suggested by Mackinnon and
Wearing (1980) in discussing their finding of the value of normatively
inappropriate heuristics in dynamic problems.
An interpretation of the finding that more information was purchased in
a positive-payoff game than in one with negative payoff is offered by
Kahneman and Tversky's (1979) prospect theory. Prospect theory postulates a "reference level" outcome to which the individual assigns a value
of zero. Outcomes above this level are treated as gains, those below as
losses, and the individual is assumed to be risk-averse to the former,
risk-seeking to the latter (cf. Fishburn & Kochenberger, 1979; Laughhunn, Payne, & Crum, 1980). In the present task, increasing infomation
purchase can be seen as a risk-reducing strategy, in that the purchase of a
cue at known cost provides some insurance against the possibility of large
and unpredictable error penalties. Assuming a reference level of zero, the
subjects in Experiment I, facing a certain aggregate loss, would tend to
buy less information (i.e., be more risk-seeking) than those in Experiment
II who, offered a prospect of sizable gain, would buy more information to
protect their stake--a risk-averse strategy.
To the extent that the task used here reflects a reasonable simplification
of the practical information-purchase problems noted earlier in the paper,
the size of the observed departures from optimality gives grounds for
concern. Paralleling the earlier Bayesian literature, the present findings
suggest that information purchasing is markedly influenced by normatively irrelevent factors. More information was bought when the same
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task was presented in a gain-maximizing rather than a loss-minimizing
format, and more information was bought when more was available. Substantial departures from optimal purchase were found; and these departures can be in the direction of either over- or underpurchase, the former
predominating when few cues should be bought, the latter when larger
purchases are justified. The largest deviations from optimal purchase seen
in these data (Condition 4, when optimal purchase was set to one cue per
trial in a gain-maximizing game with eight cues available) suggest that
normative considerations may be overwhelmed by incidental task factors.
Though extrapolation from this limited data base is clearly hazardous,
the pattern of over- and underpurchase is intriguingly consistent with
observations of information acquisition and use in real organizational settings. Ackoff (1967), for example, suggests that managers typically suffer
simultaneously from a shortage of decision-relevant information and an
overabundance of irrelevant information. Feldman and March (1981) similarly suggest that organizations overinvest in information generally, while
demanding additional information gathering when specific important decisions are in prospect. Both observations are consistent with the pattern of
information acquisition found in the present study: overacquisition for
decisions of small consequence, underinvestment for decisions of larger
consequence. A similar mechanism could account for the well-established
finding, noted earlier, that subjects in Bayesian optional stopping tasks
continue sampling after highly diagnostic samples appear early in a sequence. Though clearly speculative, the possibility that humans are characteristically biased toward modest information gathering, regardless of
decision consequence, appears to merit examination in further studies.
It should be emphasized that the experimental conditions in the present
study attempt to make as salient as possible the balancing act implied by
the normative model. Information costs and penalty charges were expressed in the same units; the amount of each was recorded by the subject
and paid in game money on each trial, and the experimental instructions
stressed the two cost factors and the objective of minimizing their total.
The use of equal-cost, equally valid cues, each scaled in the same units as
the response and true score, was intended to minimize the complexity of
the prediction task and allow major attention to be given to the cost vs
error balance.
Even with this deliberate emphasis on the information-purchase issue, a
reasonable approximation to optimality was achieved only by subjects in
Experiment I, where the limit on available cues appears to have been a
salient clue to appropriate strategy and where the direct loss (rather than
reduced gain) for prediction errors appears to have facilitated sharpening
purchasing strategy. When the modest additional complexities of a positive expected value and an enlarged cue set were included in Experiment
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II, deviations from optimal purchasing became quite large. The anomalous behavior of subjects in Condition 4 suggests that they may have
continued experimenting with alternative prediction strategies throughout
the experimental block, accumulating large prediction errors as they
did so.
Overall, the findings suggest that human skills in balancing the costs
and benefits of their information acquisition are seriously imperfect. In
addition to the evidence noted above, the lack of sensitivity to modest
manipulations in the shape of the cue-cost function and the strong (though
erroneous) belief in the differential validity of the cues suggest at best
modest insight into the requirements of the task.
Though extrapolation from these findings into nonlaboratory settings is
clearly hazardous, the present findings, together with those reviewed earlier, strongly suggest that serious nonoptimalities may be found outside
the laboratory. Extension of the present work into field settings thus
appears valuable. Within the laboratory setting, at least three lines of
development appear promising. First, we have converted the procedure
described here to a computer-interactive format, in the interests both of
facilitating data collection and of increasing mundane realism for computer-sophisticated subjects. Second, we wish to explore the effects of variations in data quality and cost on the present findings, since differential
validity and cost of information appear likely in real-world prediction
tasks. Finally, we plan to collect verbal protocols from subjects as they
work through the task, with the aim of exploring the subjects' cognitive
processes as well as their purchases and predictions (cf. Einhorn, Kleinmnntz, & Kleinmuntz, 1979).
CONCLUSION

The primary aim of this paper was to present a continuous-variable
analog of the Bayesian model of predecisional information search and to
report the results of two initial experiments using a task based on this
model. The results showed marked convergence with earlier findings from
studies in the Bayesian paradigm, particularly in their implication that
normative factors may be quite weak, and incidental task characteristics
quite strong, in shaping information acquisition. It was argued that
information-search phenomena are important in a range of real decisionmaking tasks and that the large departures from optimality observed both
here and in the earlier studies may thus have important practical implications. Several directions for further studies of these influences of task
characteristics on information acquisition and use were suggested.
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