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Abstract — People’s expectations for success can affect their use of information sources
in a variety of ways, including their willingness to search at all, their satisfaction (or frus-
tration) with the success that they encounter, and their confidence in the completeness
of their search for specific items. An earlier study using a pencil-and-paper format found
people to be overconfident in their ability to locate various items in two entry-level menus
to The Statistical Abstract of the United States. In addition, their performance was con-
siderably better with a broad menu, comprised of the 33 chapters in the Abstract, than
with a narrow one, comprised of 8 superordinate categories. The present study trans-
ferred this task to a computer-interactive format. Surprisingly, neither the transfer itself
nor the introduction of performance feedback affected the realism of subjects’ expec-
tations. A review of the two studies, involving 481 subjects in all, in the context of the
general psychological literature on confidence assessment, provides some suggestions
regarding the design of interfaces for computerized data bases.

As computers permeate the home and workplace, the cognitive skills needed to use them
become increasingly important. Some of those skills are relatively novel, such as developing
mental models of how diverse system components interact when following complex for-
malized procedures (e.g. [1-3]). Others are refinements of everyday tasks, such as the need
to think in precise Boolean terms to query computerized data bases (e.g. [4-6]). For still
others, the tasks remain the same, but the skills need to be exercised in a new substantive
domain, such as learning the names of objects and procedures that have been labeled by
someone from a different subculture (e.g. [7-9]).

One familiar skill that needs to be exercised regularly with computerized systems is
evaluating the chances that a procedure will be successful. On the basis of such expecta-
tions, users can determine whether to continue with the procedure, whether to ask for help,
how much to invest in the effort, and how to plan for possible failures. As Bookstein [10]
notes in the specific context of computerized data bases, “Uncertainty and incompleteness
[are] intrinsic to both indexing and retrieval” (p. 122). Without a realistic assessment of
uncertainties, users may overestimate their chances of success, leading to unwise investment
of resources, premature frustration with systems that have failed to fulfill promises that
they never made, uncritical acceptance of incomplete or erroneous system products, and
inadequate attention to the sort of premonitors of failure that could be exploited to improve
subsequent usage. Underestimating one’s chances of success can lead to complementary
difficulties.

Cognitive psychology has devoted considerable attention to the determinants and ap-
propriateness of people’s expectations [11-15]. This research typically finds that people have
no difficulty expressing their confidence in succeeding at a task in quantitative terms (e.g.,
odds, probabilities), that people tend to be more knowledgeable when they are more con-
fident, but that their absolute level of confidence is not a reliable indicator of their abso-
lute level of knowledge.

Figure 1 shows one very common pattern of results. As confidence (indicated by
judged probability of success) increases, so does knowledge. However, the rate of change
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Fig. 1. Calibration of first choices for coarse partition and fine partition subjects. (Source: [24].)

is too slow; within an experimental group, a Iarge increase in confidence is accompanied
by a rather modest increase in knowledge. Where this “calibration curve” (as it is commonly
labeled) falls depends primarily on the overall difficulty of the task. The “coarse” group
in Figure 1 had a 44% success rate (on a task described immediately below), while the “fine”
group had a 62% success rate. The latter group’s curve lay above the former and showed
much better performance, in the sense that the expected percentage of successes (as inferred
from the probabilities) was much closer to the observed percentage. Indeed, the only sig-
nificant discrepancy between success and expectations was at the (right-hand) extreme,
where near-100% confidence met success only 80% of the time. In contrast, the coarse
group’s performance was almost unrelated to its performance, showing overconfidence over
most of the range (in the sense that subjects expected to be successful more often than they
were).

The particular results in Figure 1 came from individuals estimating the probability that
they had identified the location of various items of information in the Statistical Abstract
of the United States. They are strikingly similar to results observed with a variety of other
tasks having similar difficulty levels. It appears as though people exercise the cognitive skills
involved in confidence assessment similarly in information retrieval as elsewhere.

The difference between the two groups’ tasks was the set of possibilities within which
they were to locate 11 information items, such as “The percentage of physicians who are
women” and “The average age of U.S. ships.” The “fine” partition group received the 33
chapters appearing in the Abstract’s Table of Contents. The “coarse” partition group
received 8 superordinate categories (of our own creation) without being told the chapters
contained in each. The two partitions were used to explore a recurrent issue in the design
of data-base systems with hierarchical informational structures, the tradeoff between
breadth and depth in presenting entry-level menus. In some cases, the design is dictated
by technical constraints, as when a computer screen or response selection device can accom-
modate only a limited number of alternatives. In others, the designer can weigh the addi-
tional information provided by a finer, broader partition against the compactness of a
coarser partition [16].
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The research literature shows a mixture of results in experiments with artificially con-
structed data bases of modest size presented on interactive computer systems, with apparent
superiority accruing to finer partitions [17-20]. The results in Figure 1 extended that pat-
tern of results to a richer, natural data base (i.e. the Abstract). Moreover, they also showed
that the finer partition improved performance for both subjects’ ability to identify the loca-
tion of items and the realism of their expectations. These were called the transparency and
metatransparency of the system, respectively.

The specific task faced by subjects in the study of Figure 1 was to identify the three
most likely places to find each item, in order of likelihood, and then to distribute 100%
of probability over the three options and the complementary “All Other Chapters [Cate-
gories].” Figure 2 depicts calibration for the second and third choices of the fine partition
group in two different ways. The curves with closed circles in the lower left-hand corner
show the actual probability judgments, which were necessarily lower for the (less likely)
second choice than for the first, and lower for the third than for the second. Subjects’
expectations were about as realistic here as with the first choices. The curves with the open
circles are the result of examining how subjects allocated the probability remaining after
expressing their confidence in preceding choices. For example, if a subject’s probability dis-
tribution over the four alternatives was (.60, .30, .05, .05), then the implicit conditional
probability for the second choice is .75 (= .30/(1.0 — .60)), and for the third it is .50.
Looked at this way (called the sequential choice perspective), subjects’ performance appears
much poorer than with the other, simultaneous choice perspective. They were, it seems,
roughly attuned to the level of success in those subsequent choices, but not to the details
of how confident to be.

In point of fact, however, these subjects performed a simultaneous choice task. A sep-
arate study attempted to simulate a sequential search more closely by asking subjects to
(a) pick a first choice, (b) assign a probability to it, (c) pick a second choice, imagining that
the first was wrong, (d) assign a (conditional) probability to that choice, and (e) condition-
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Fig. 2. Calibration of simultaneous probabilities (closed circles) and of sequential probabilities
obtained by conditionalizing simultaneous probabilities for second and third choices (open circles).
Fine partition subjects. (Source: [24].)
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ally pick and evaluate a third choice. This manipulation had no effect on subjects’ ability
to pick correct locations. Surprisingly, however, these subjects were much more confident
in their first choices, leading to considerable overconfidence, and to rather less confidence
in their second and third choices. Apparently, focusing on the first choice without simul-
taneously considering alternatives made it seem particularly likely and the subsequently con-
sidered choices seem particularly unlikely. The recommendation implied by these results,
encouraging searchers to consider several alternatives prior to beginning their search, fits
well with existing psychological results [21, 22].!

The implications of these results for searching computerized data bases is limited by
the pencil-and-paper format of the task. That limitation might seem especially severe for
the supplementary study of sequential search in which subjects simply imagined having been
wrong with previous choices prior to picking subsequent ones. Imagination is a plausible
mechanism for producing a set of choices that will then be examined in batch processing.
However, it would seem to be quite different from actually receiving negative feedback.
The present study explores these issues by repeating the previous tasks in a computerized
format. Specifically, it replicates directly the simultaneous search and sequential search
tasks, and adds a new version of the sequential task in which subjects receive feedback on
their choices, and proceed to subsequent choices only when their previous ones are wrong.

In one of the few direct comparisons of pencil-and-paper versus online presentation
of questions, Newsted [23] found little difference in responses or reported satisfaction with
the two formats, beyond what might be attributed to possible self-selection biases in sub-
jects’ choice of response mode. Newsted’s task involved answering survey-type attitude
questions (with the results indicating that a computer might offer a cost-effective way to
collect data in a readily analyzed form). It did not involve cognitive skills that were pecu-
liar to computers, beyond the need to manage simple procedures and whatever reticence
might be evoked by the setting.

Were the Fischhoff and MacGregor [24] results (partially depicted in Figs. 1 and 2)
to be replicated in the online format, then we would have evidence that these complex cog-
nitive skills are not affected by the change of venue. Previous studies have found confi-
dence assessment to be remarkably insensitive to experimental manipulations [25], with the
same response pattern emerging despite diverse attempts to change it (e.g., by increasing
the stakes involved, using odds rather than probabilities, providing lengthy lectures on the
meaning of probabilities). Indeed, the basic pattern of Figure 1 (moderate sensitivity to the
extent of one’s knowledge, emerging as an overall tendency toward overconfidence) is so
refractory to manipulations that it has been somewhat difficult to discern the psychologi-
cal processes underlying confidence assessment (i.e., in the absence of contrasting patterns
of results which emerge in different conditions).2

One manipulation that has made a difference [27] is providing intensive feedback
about the adequacy of one’s confidence assessments, in the form of calibration curves and
performance statistics, accompanied by discussion of their meaning. A single round of such
feedback produced a moderate improvement in calibration with moderate generalization
to confidence assessment tasks using other response modes. Feedback on the correctness
of location selection in information search could have a similar salutary effect by provid-
ing some indication of the appropriateness of selections and the associated confidence
assessments. On the other hand, each bit of feedback is a fairly weak indicator. Since per-
fect performance is not expected with an uncertain system, it is hard to say, for example,
that one is overconfident when a selection is wrong despite being 75% certain that it was
right. Some (i.e., 25%) of one’s 75% certain selections should be wrong (otherwise they
should be 100% certain selections); why not this one? Over a set of selections, however,
knowledge and confidence should be in line. It is this long-run perspective that is expressed

'Koriat, Lichtenstein, and Fischhoff [21] found that calibration could be improved by requiring subjects to
list explicitly reasons why their favored choice might be right or wrong. Slovic and Fischhoff {22] reduced peo-
ple’s exaggerated belief that they would have been able to predict past events, had they been asked, by having
them explicitly make the case for how events might have developed otherwise.

2For a somewhat exotic replication, see Henrion and Fischhoff [26].
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by the calibration curve, which is deemed perfect if one is right XX % of the time when
one is XX % certain of being right. Case-by-case feedback might achieve the same effect
as pooled feedback [as in 27] or even enhance it by delivering its message repeatedly. Or,
it could have no cumulative impact, with subjects failing to learn anything from the weak
message that it provides.

It is possible to raise similarly conflicting hypotheses about the impact of the move
to computers alone on performance. It might improve calibration by imposing a more for-
mal and unfamiliar setting, thereby increasing self-reflection. Or, it might degrade calibra-
tion by instilling unjustified expectations regarding system performance or by introducing
new sources of error (or success) about which users have little insight or sensitivity (e.g.
[28]).

Whatever users’ calibration turns out to be, having a quantitative assessment of it
should provide some guidance in predicting and improving system design. Users’ expec-
tations from a system should affect their readiness to use it at all and their willingness to
persist in the face of adversity. The appropriateness of those expectations should affect their
frustration and satisfaction with the system. Ideally, a system should both generate and
justify high expectations. Although most design attention seems devoted to increasing suc-
cess rates, helping users to better understand a system’s capabilities might make a signifi-
cant contribution to how effectively they use it. Such help might come through improved
technical design, online feedback, or training and instruction.

METHOD

Design

For each of 11 general knowledge items, subjects first selected the most promising loca-
tions in the Statistical Abstract of the United States and then assessed the probability (from
.00 to 1.00) that each selection was correct. For roughly half of the subjects, the set of pos-
sible locations consisted of the 33 chapters appearing in the Abstract’s Table of Contents;
for the remainder, the set consisted of 8 superordinate categories that we created. These
correspond, respectively, to the fine and coarse partitions of Figures 1 and 2. Full listings
of items, chapters, and categories appear in Fischhoff and MacGregor [24].

Category and chapter subjects were divided roughly equally across three experimen-
tal conditions: Simultaneous search, wherein subjects chose three possible locations in order
of decreasing likelihood and then divided 1.00 of probability across them and “All Other
Categories [Chapters].” Sequential search, wherein subjects chose three locations in turn,
each time assessing the (conditional) probability that it contained the sought item, under
the assumption that they had yet to find the correct location. These subjects received no
feedback, but only imagined that they had failed previously when considering their second
and third choices. Feedback, wherein subjects made their choices sequentially, but pro-
ceeded only if told that their previous selection was incorrect.

All responses were collected online in a computer-interactive format. There were thus
six cells in this 3 x 2 factorial design, which crossed three experimental conditions with two
sets of possible locations. In addition, the present simultaneous and sequential search con-
ditions are directly comparable to those conditions in Fischhoff and MacGregor [24], where
a paper-and-pencil format was used.

Procedure

Subjects participated in this experiment as the first in a series of unrelated experiments
involving either computer-interactive or pencil-and-paper tasks, all having to do with judg-
ment and decision making. The task was entirely self-administered and self-paced. A series
of text screens introduced the task and gave instructions for responding. Subjects read the
screens at their own pace, progressing to subsequent screens by pressing a designated key.
An experimenter was on hand to answer technical questions about the procedure (but not
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about the meaning of the items or contents of the Abstract). The task was sufficiently
straightforward (and the computer implementation sufficiently accomplished) that there
were relatively few questions of any sort. The computers were all IBM Standard PCs. Four
were arranged around a large conference table so that several subjects could perform the
task at once, but without being able to observe one another’s work.

Subjects

A total of 261 individuals were recruited by an advertisement for paid subjects who
were native speakers of English, appearing in the University of Oregon student paper. They
were divided fairly evenly between men and women. In previous experience with subjects
recruited in this manner where we have collected demographic data, the mean age of the
males has been 24 and the females 21. Approximately two-thirds are students, with most
of the remainder somehow involved in the university community. Although by no means
representative of all U.S. adults, these individuals are not unlike the sorts of individuals
who the developers of data bases in general and of the Abstract in particular would hope
to be able to serve.

These subjects were assigned randomly to the six experimental conditions. In the anal-
yses that follow, we will add selected results from the 220 subjects who completed Fisch-
hoff and MacGregor’s pencil-and-paper tasks. They were recruited in a similar manner.

Data analysis

Within each group, subjects’ probability assessments were grouped into 12 ranges: 0,
.01-.09, .10-.19, .20-.29,.. ., .90-.99, 1.00. Where this grouping left less than 20 responses
in a range, adjacent categories were merged so as to produce more stable estimates of the
percentage of correct responses associated with each probability (which was represented
by the mean of all the probability responses in a range), and of the summary statistics
described below.

A common way to characterize the performance associated with probability assess-
ments is the Brier Score [29], which is used routinely by the U.S. National Weather Ser-
vice to evaluate probability of precipitation forecasts [30].3 It distinguishes three kinds of
performance: Knowledge, how much one knows; Resolution, one’s ability to discriminate
different degrees of knowledge; Calibration, one’s ability to assign appropriate levels of
absolute confidence to different degrees of knowledge. Fuller expositions of these scores
can be found in Fischhoff and MacGregor [24] and sources cited therein. Some alterna-
tive summary statistics are offered in [32] and [33].*

According to the computational scheme of the Brier score, the more one knows, the
lower one’s Knowledge score. Because this score is a direct function of the percentage
of correct responses, it will not be used here, in deference to percentage correct, which is
more readily interpreted. The better feeling that one has for when one knows more and
when one knows less, the greater is one’s Resolution score. It is, in effect, the variance
of the percentages of correct responses associated with different probabilities, weighted by
the number of responses involved. The more appropriate one’s expressions of confidence,
the lower one’s Calibration score. It is, in effect, the mean squared difference between the
calibration curve and identity line, weighted by the number of responses involved. The Brier
score equals the sum of the Knowledge and Calibration scores minus the Resolution score,
so that lower values indicate better overall performance. In practice, it is most heavily influ-
enced by the Knowledge score, and will not be used here.

3These forecasters’ performance is excellent [30,31], perhaps because they have ideal conditions for learn-
ing: a clear criterion, prompt feedback, and an incentive system that rewards them for candor.

T T
4The formal expression of the Brier score is=c(1—c¢) + (1/N) Z n(r,~c)?—(1/N) E n(c,~c)2.
=1 =1
In this expression, ¢ represents the overall proportion of correct answers. N is the total number of answers in the
test set. T is the number of different probability values used by the respondent. Each #n, represents the number of
times a particular response was used. ¢, is the proportion of correct answers among all answers assigned probabil-
ity r,.
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Table 1. Transparency (percentage of correct selections)

Categories Chapters
Choices 1 2 3 1 2 3
Pencil and Paper®
Simultaneous
Conditional 43.7 37.9 34.6 61.6 39.5 33.8
Cumulative 43.7 65.1 77.2 61.6 76.1 82.4
Sequential
Conditional 41.3 32.8 339 59.7 323 29.1
Cumulative 41.3 60.6 73.8 59.7 72.7 80.6
Computer Interactive
Simultaneous
Conditional 42.3 30.9 33.0 62.6 41.7 41.0
Cumulative 42.3 57.9 63.3 62.6 76.2 80.6
Sequential
Conditional 41.6 37.8 37.5 58.3 40.1 34.7
Cumulative 41.6 63.6 77.3 58.3 75.0 83.7
Sequential With Feedback
Conditional 43.2 35.7 37.8 58.5 43.8 39.5
Cumulative 432 63.4 77.3 58.5 76.6 85.8
2Results from [24].
RESULTS

Transparency

Table 1 shows the percentage of correct responses associated with first, second, and
third choices for Fischhoff and MacGregor’s [24] four pencil-and-paper groups (receiving
categories or chapters in simultaneous or sequential mode) and the present six groups. The
“conditional” rows refer to the percentages of subjects selecting the correct choice among
those who had yet to choose correctly.

“Cumulative” refers to the percentage of subjects who had chosen the correct loca-
tion by the end of that round. From both perspectives, the system was similarly transpar-
ent to subjects in all groups receiving the same set of locations. The ranges of conditional
percentages correct were 4,.3% and 2.2% for the first choices of the category and chapter
conditions, respectively. They were 4.8% and 11.9% (i.e., somewhat more variable) for
the third choices, where fewer responses were involved (given the high percentage of cases
where subjects had already chosen correctly). The categories are, therefore, much more dif-
ficult to use, although by the third choice the cumulative percentages correct are relatively
close (presumably due, in part, to the limited number of categories).

It is of mild substantive interest that putting questions on a computer did not improve
this aspect of performance. Although the more involved computer setting might evoke
greater attention, it does not do so in a way that helps subjects locate these items. Even
the feedback condition, which might be expected to tell subjects something about how they
were interpreting and misinterpreting the system, had no effect. One possible reason is that
the items and data base were too heterogeneous to reveal much internal structure with only
3 choices for each of 11 items.’

Methodologically, however, the similarity is quite important, given the dependence of
calibration on task difficulty [12]. The similar difficulty of the tasks allows direct compar-
isons across conditions within the category and chapter groups.

SNor was there any tendency for feedback subjects to get higher percentages correct (relative to no-feedback
sequential-search subjects in the computer-interactive format) on the latter items in the set, at which point they
might have been able to glean some cumulative lesson from the feedback. If anything, the opposite was true, with
a rank correlation of —0.25 between degree of “improvement” with the feedback and ordinal position.

IPM 23:5-C
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Fig. 3. Calibration of simultaneous probabilities (closed circles) and of sequential probabilities
obtained by sequentializing simultaneous probabilities for second and third choices (open circles).
Subjects using chapters in computer-interactive mode.

Metatransparency

Simultaneous search. Figure 3 presents the calibration curves for the simultaneous-
search computer-interactive subjects that are directly comparable to the pencil-and-paper
results in Figure 2. Visual comparison shows considerable similarities. The curves reflect-
ing actual responses (closed circles) for all three choices slope upward and lie relatively
close to the identity line; overall, there is a tendency toward overconfidence in first choices.
Conditionalizing the probabilities assigned to second and third choices (open circles)
shows, as before, a less attractive picture, with little relationship between Confidence and
Knowledge.$

Calibration curves for responses to the category tasks were equally similar here (not
shown) and in the pencil-and-paper tasks (the first choice curve of which appears in Fig. 1).
The calibration curves for both the actual and conditionalized responses were quite flat,
showing little sensitivity to the extent of subjects’ knowledge. Overall, there was again a
substantial tendency toward overconfidence, except for the actual probabilities assigned
to third choices (where there was very little probability “left” to be overconfident with, given
the overconfidence in the preceding choices).

Thus, none of the factors that might have made a difference in the shift from pencil-
and-paper to computer-interactive mode did so regarding calibration, any more than it did
with regard to transparency. This consistency is reflected in the statistical summaries of

SAs mentioned in the introduction, the conditionalizing procedure looks at the percentage of the “remain-
ing” probability that is allocated to a particular choice. Formally, the conditionalized probability for choice i is

P,-/ (1 - E P,) , where j=1,...,i—1 and P; equals the actual probability assigned to choice j in a simul-
J

taneous search mode.
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Table 2. Summary on performance statistics for simultaneous search:
paper and pencil vs. computer interactive

Categories Chapters
1 2 3 1 2 3
Actual Responses
Paper and Pencil
Proportion Correct 437 237 155 616 .249 112
Mean Confidence .599 225 112 .676 .201 .093
Over/under Confidence 162 -.012 —.043 .060 ~.048 -.019
Calibration .056 .007 .005 .009 .005 .002
Resolution .003 .002 .000 024 .007 .003
Number of Responses 670 666 652 427 406 365
Computer Interactive
Proportion Correct .423 .204 .149 .626 247 177
Mean Confidence .690 .270 .145 735 .259 153
Over/under Confidence 267 .065 —-.004 .109 011 -.024
Calibration .097 012 .007 .024 .001 .004
Resolution .003 .001 .001 .017 .011 .001
Number of Responses 532 460 221 366 275 141
Simultaneous Converted to Sequential
Pencil and paper
Proportion Correct 437 379 346 .616 .395 .338
Mean Confidence .599 .569 .607 676 617 .728
Over/under Confidence 162 190 .261 .060 222 391
Calibration .056 .065 110 .009 .094 227
Resolution .003 .003 .001 .024 .001 000
Number of Responses 670 377 227 427 157 80
Computer Interactive
Proportion Correct 423 309 .330 .626 417 410
Mean Confidence .690 .796 .821 735 73 .905
Over/under Confidence 267 .487 .491 .109 .357 .495
Calibration .097 .298 .270 .024 177 277
Resolution .003 .011 .003 017 .004 .026
Number of Responses 532 269 88 366 120 39

Table 2 as well, the top half of which presents actual responses and the bottom half con-
ditionalized responses (with first-choice statistics being the same for each).

Looking at the actual responses, one sees a steady decline (across choices) in propor-
tion correct which is paralleled by an even steeper decline in confidence. The result is a shift
from substantial overconfidence on first choices to mild underconfidence with third choices,
as expressed in a change in the sign of the over/underconfidence statistic (which is equal
to the difference between mean confidence and proportion correct). With Calibration
scores, the smaller the better. Comparing the values for the pencil-and-paper tasks with
the curves in Figures 1 and 2 provides some indication of the meaning of these numerical
values. Thus, the score of .056 for the coarse cure in Figure 1 represents quite poor per-
formance. A score of .00 represents perfect performance. It is approached most closely by
the second and third choice curves with the chapters, as can be seen in Figures 2 and 3.
Calibration scores also improve with the second and third choices for the categories. How-
ever, this, like the reduction in the absolute value of the over/underconfidence score, largely
reflects the restricted range of probability responses.

The sequentialization of second and third choice probabilities shows a more dismal
picture. The flatness of these curves in Figures 2 and 3 is one sign of this insensitivity. Its
statistical reflection in the bottom half of Table 2 begins with similar proportions correct
(about .40) with both locations sets and search modes. It continues with conditionalized
probabilities of being correct (ranging from .569 to .905) that would lead one to expect
a much higher success rate. The conjunction leads to substantial overconfidence (ranging
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from .190 to .495) and very poor Calibration (from .065 to .298). From this perspective,
subjects approached their subsequent choices the way that they approached their initial
choice: they were reasonably certain of having gotten it right this time, an expectation that
was not matched by their actual success.

In all four cases (second and third choices for categories and chapters), performance
here was substantially worse with the computer. It is reflected in greater overconfidence
and higher Calibration scores. A significant contributor is the much smaller number of
responses involved in the computer-interactive results.” The numbers decline with each
successive choice, in large part because subjects who answered correctly on previous choices
no longer appear. A secondary reason is subjects who decline to give second and third
choices, indicating by their probabilities that they are certain that the item could not be
anywhere else. Given the similar cumulative percentages of correct choices (for the two
response formats within each location set), the discrepancy is almost entirely due to the
higher proportion of computer-interactive subjects behaving as though they had certainly
gotten it right already. In the absence of a corresponding improvement in actually having
gotten it right, the decreased number of choices erodes calibration in two ways. One is by
increasing the mean confidence in those final choices (to 1.0) and, hence, overconfidence.
The second is by increasing the variance in the proportions correct associated with differ-
ent probability responses, simply due to reduced sample size. Such variability tends to
increase Calibration scores.

Resolution, the final statistic in the table, measures the variance in proportions cor-
rect. The near-zero scores with the categories reflect the flatness of those curves. The larger
(hence, better) scores with the chapters reflect their upward slope. Resolution is relatively
small with third choices in simultaneous search despite the good calibration because pro-
portions correct vary over such a small range (even though those changes match the cor-
responding changes in confidence). There were no systematic differences between the
computer-interactive and pencil-and-paper versions in resolution.

Given the general similarity in performance patterns with the two response modes, we
lean toward interpreting the smaller number of second and third choices for computer-
interactive subjects as being more the cause than the effect of their great overconfidence
and inferior calibration. Specifically, we believe that subjects found it slightly more incon-
venient to register their responses with the computer than with pencil and paper. As a
result, they were more likely to save time by choosing just one or two locations. Dividing
their 1.00 of probability over fewer locations led to higher mean probability, greater over-
confidence, and poorer calibration. If this account is correct, then it is somewhat surpris-
ing that designing a seemingly simple interface should have such unintended consequences
and somewhat surprising that subjects’ feelings of confidence for their second and third
choices should be so easily disrupted. This interpretation seems in keeping with the picture
of indifferent performance revealed in the conditionalized responses. Although subjects’
task is to evaluate their chosen options simultaneously, they may do so, in part, by treat-
ing each subsequent choice like a new first choice.

Sequential search. The top third of Table 3 presents performance statistics for the
pencil-and-paper subjects asked to simulate an explicitly sequential search. As mentioned
before (and seen here), the heightened attention on the first choice increased the confidence
placed in it. Without a corresponding increase in knowledge, the result was greater over-
confidence and worse calibration, in comparison with the first choice in simultaneous
search. Apparently as a result, subjects had less confidence in their second choice and even
less in their third. The differences between these conditional probabilities and the condi-
tionalized probabilities in Table 2 are quite striking, with much better performance being
observed here. The tendency to give only one or two responses was not observed here

7Making this comparison requires normalizing the sample sizes in Table 2 to accommodate the different
numbers of subjects in each group. For the categories, subjects made second choices 56% of the time and third
choices 37% of the time for the pencil-and-paper task, while the corresponding percentages for computer-interacting
subjects were 51% and 17%. For the chapters, pencil-and-paper subjects made second and third choices, 37%
and 19% of the time, respectively; with computer-interactive subjects, the percentages were 33% and 9%.
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Table 3. Summary of performance statistics: sequential search

Categories Chapters
1 2 3 1 2 3
Paper and Pencil
Proportion Correct 413 328 .339 .597 323 .291
Mean Confidence 774 .519 334 .797 502 317
Over/under Confidence .361 191 —.005 .200 179 .027
Calibration .154 .084 .021 .050 .083 .033
Resolution .004 .003 .025 .023 .008 006
Number of Responses 649 381 254 546 220 148
Computer Interactive
No-feedback
Proportion Correct 416 378 375 .583 .401 347
Mean Confidence .780 575 .348 756 .526 410
Over/under Confidence 364 197 —.027 173 125 .063
Calibration 152 .055 .029 .035 .062 .048
Resolution .006 .007 .004 024 .006 .033
Number of Responses 462 270 168 472 197 118
Feedback
Proportion Correct 432 .357 .378 .585 .438 .395
Mean Confidence 671 .563 444 .743 .566 .457
Over/under Confidence .239 .206 .065 158 128 .062
Calibration 100 .061 .047 .044 .050 .027
Resolution .004 004 .018 .009 .002 .010
Number of Responses 528 300 193 492 203 114

because subjects were explicitly asked for three locations. Again, the superiority of chap-
ters over categories is maintained.

The summary statistics for the computer-interactive version of the sequential task (the
middle third of Table 3) look quite similar in all respects. Here, too, whatever factors might
have been thought to distinguish the computerized format had no overall effect on sub-
jects’ exercise of these cognitive skills. Some of the similarities can be seen in Figure 4,
which provides the (overconfident) calibration curves for the first choices with the two for-
mats. The change in procedure changed these responses relative to the simultaneous search
and those changes were faithfully recorded with both formats.

Feedback. The limited impact of the computer-interactive format on the responses
reported thus far might be attributed to its involving no change in the tasks, beyond put-
ting them on a computer. Providing feedback creates a new condition, and one well suited
to exploit the potential of computers. The bottom third of Table 3 presents performance
statistics for subjects receiving feedback. They are strikingly like the comparable statistics
for the no-feedback subjects immediately above. The one possibly notable difference is the
lower confidence (and, hence, reduced overconfidence and Calibration scores) for the first
choices of feedback subjects. However, the calibration curve is essentially flat (as reflected
in the small Resolution score) and in the absence of similar changes elsewhere, this seems
like random fluctuation.

DISCUSSION

On a priori ground, there seemed to be a variety of reasons why transferring the set
of information search tasks to the computer might have affected subjects’ performance on
these tasks, relative to their pencil-and-paper predecessors [24]. The shift could have
affected either the confidence with which subjects approached the task as a whole, or the
care with which they examined their knowledge regarding the location of particular items.
However, except for the reduced number of choices made on the simultaneous search, com-
puterization had no appreciable impact. Conceivably, it may have had a variety of effects
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Fig. 4. First choices for sequential search subjects using computer-interactive (open circles) or pencil-
and-paper (closed circles) format.

that cancelled one another in the aggregate. However, a more parsimonious account is sim-
ply that subjects approach this task with the same cognitive skills that they approach its
paper-and-pencil version.

To summarize: people are only somewhat sensitive to the extent of their own knowl-
edge, with the most common overall tendency being overconfidence. That overall tendency
depends upon the gap between how well people expect to do on a task as a whole (one
expression of which is their mean confidence) and how well they actually do (one expres-
sion of which is their percentage of correct responses). When a task is more difficult than
subjects expected, their relative insensitivity to how much they know leaves them with inap-
propriately high confidence. Although not observed here, complementary processes can
produce underconfidence with unexpectedly easy tasks. Within a task, the belief that they
can distinguish widely different states of knowledge leads people to assign disparate prob-
abilities to sets of items with quite similar percentages correct. Resolution scores, reflect-
ing the ability to make such discriminations, set a limit to the range of probabilities that
can be usefully offered. At the extreme, as with the flat “coarse” curve in Figure 1 (and
its vanishing Resolution score), subjects would be better off consistently giving their mean
confidence level than trying to distinguish levels of confidence. As represented by the cat-
egories, this data base has no metatransparency and not that much transparency, once one
considers how well subjects would have done just by guessing.

The consequences of miscalibration should depend on the decisions based on confi-
dence assessments. von Winterfeldt and Edwards [34] have shown that rational decision
makers (i.e., ones following the expected utility rule) facing continuous decision options
(e.g. invest $X) will not pay a very large price for even moderate inaccuracy. The price paid
for this protection is reduced ability to detect errors of estimation and, hence, to learn to
make better estimates. It is an empirical question how miscalibration of this magnitude will
affect people’s satisfaction (or frustration) with a data base, their approach to particular
search tasks, and the scrutiny they afford to search products.
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If having inappropriate expectations does exact a price, then several responses are pos-
sible. The simplest, if it works, is to tell users what to expect from a data base, prefera-
bly with some indication of how their performance is likely to vary with experience and
salient features of particular search tasks (e.g., success rates with author, title, and sub-
ject searches).® More ambitious, but perhaps more viable than presenting summary de-
scriptions, is designing the interface so that it conveys an appropriate overall impression
and encourages users to approach their task in an effective way.

The previous study [24] suggested one way of doing so, namely, having users nomi-
nate and evaluate several possible locations prior to beginning their search. The sequen-
tialized perspective on the probabilities assigned to the second and third choices suggests
that somewhat more attention might be directed at them. The increased tendency to be
satisfied with just one or two choices in the computer version of this task indicates the
importance of designing an interface that makes it seem easy and important to make those
latter choices. The heightened overconfidence in first choices with the sequentialized search
suggests discouraging a tendency to focus unduly on any favorite candidate (as in [21]).
The similarity of the feedback and nonfeedback conditions suggests that feedback needs
to be presented more effectively to be of any value (perhaps in the form of personalized
performance statistics, as used by [27]). The robustly inferior performance with the cate-
gories reinforces the widely recognized importance of developing comprehensible entry
menus [36-39].°

The similarity of these results to those observed in the most directly comparable studies
of confidence assessment suggests that results observed elsewhere regarding these cogni-
tive skills might be tentatively generalized to this context. It is an open, and important,
question whether similar results would be found with more involved and involving com-
puter-interactive systems. For example, are the operators of semi-automated process-control
industries [40] similarly miscalibrated in their estimates of how well they understand how
those systems are performing? One component of that study will be discovering the cues
that determine users’ overall confidence in a system as well as the cues that govern their
decisions to trust or override a system that they are monitoring.
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