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Do subjects, in probability revision experiments, generally neglect base rates due to the use of a 
representativeness heuristic, or does the use of base rates depend on what we call the internal 
problem representation? In Experiment 1, we used Kahneman and Tversky's (1973) engineer- 
lawyer problem, where random sampling of descriptions is crucial to the internal representation 
of the problem as one in probability revision. If random sampling was performed and observed 
by the subjects themselves, then their judgments conformed more to Bayesian theory than to the 
representativeness hypothesis. If random sampling was only verbally asserted, judgments followed 
the representativeness heuristic. In Experiment 2 we used the soccer problem, which has the 
same formal structure but which the subjects' every day experience already represents as a 
probability revision problem. With this change in content, subjects' judgments were indistinguish- 
able from Bayesian performance. We conclude that by manipulating presentation and content, 
one can elicit either base rate neglect or base rate use, as well as points in between. This result 
suggests that representativeness is neither an all-purpose mental strategy nor even a tendency, 
but rather a function of the content and the presentation of crucial information. 

From its origins circa 1660 until the mid-nineteenth cen- 
tury, probability theory was closely identified with rational 
thinking. In Laplace's famous phrase, probability theory was 
believed to be "only common sense reduced to calculus" 
(Laplace, 1814/1951, p. 196). For the classical probabilists, 
their calculus codified the intuitions of  an elite of  reasonable 
men in the face of  uncertainty. And if these reasonable 
intuitions deviated from the laws of  probability theory, it was 
the latter that were cast into doubt. Such discrepancies ac- 
tually influenced the way in which probability theory devel- 
oped mathematically (Daston, 1980). In the early decades of  
the nineteenth century, probability theory shifted from being 
a description of  the intuitions of  rational individuals to one 
of  the behavior of  the irrational masses (Porter, 1986). But in 
the 1960s and 1970s experimental psychology reestablished 
the link between probability theory and rationai thinking 
under uncertainty. 

However, the new alliance differed from the old in two 
important respects. First, it was now probability theory, rather 
than intuitive judgments, that was the normative standard. 
Although probabilists have from time to time doubted 
whether the additivity law holds in all cases (Shafer, 1978), 
and although there is evidence that different statistical ap- 
proaches suggest different answers to the same problem (Birn- 
baum, 1983), psychologists have generally assumed that sta- 
tistics spoke with one voice--a necessary assumption for the 
new normative approach. Second, the link between probabil- 
ity theory and human thinking has become the subject of  

This research was supported by Grant 179 005 85 from the 
University of Constance and an Akademie Stipendium from the 
Volkswagen Foundation to the first author. We thank Peter Sedlmeier 
for his assistance in data analysis. 

Correspondence concerning this article should be addressed to 
Gerd Gigerenzer, Fachgruppe Psychologie, University of Constance, 
Postfach 5560, 7750 Konstanz, West Germany. 

513 

experimental research. First, by using urn-and-bails problems 
(e.g., Edwards, 1968; Phillips & Edwards, 1966) and then 
more realistic problems (e.g., Kahneman, Slovic, & Tversky, 
1982), psychologists concluded from these experiments that 
human judgments, even those of  experts (Tversky & Kahne- 
man, 1971), deviate considerably from probabilistic rules like 
Bayes's theorem. Seen from the new normative perspective, 
such deviations seemed to indicate widespread irrationality in 
human thinking under uncertainty. 

Here we are concerned with the empirical discrepancy 
rather than the implications of  the normative viewpoint, and 
we shall discuss such discrepancies in the context of  Bayesian- 
type problems of  probability revision. We want to distinguish 
at the outset between base rate neglect and base rate fallacy. 
Base rate neglect is a descriptive term that carries no impli- 
cation as to whether base rates should be used in a given case. 
Base rate fallacy, on the other hand, is a normative term that 
asserts not only that base rates were neglected but also that 
they should not have been. We shall report two experiments 
that try to reduce base rate neglect to null, in order to learn 
about the nature and the causes of  that phenomenon. We 
shall not deal here with the base rate fallacy, because the latter 
hinges on the additional claim that the problem posed to the 
subjects has only one answer. Such a claim is, at best, contro- 
versiai, and competing statistical schools have since time 
immemorial offered competing answers to the same "reai- 
word"  problems (Gigerenzer & Murray, 1987). We shall use 
here the term base rate neglect to denote the phenomenon 
that subjects do not use the base rates specified in a problem 
when making probability revisions, whether these base rates 
are considered to be "normative" or not. 

The central question has become when and why base rates 
are neglected, rather than whether they are. Originally, base 
rate neglect was explained by a representativeness heuristic, 
conceived as a general, ail-purpose heuristic for probability 
revision problems and beyond, even "in the evaluation of  
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uncertainty in essentially unique situations where no 'correct' 
answer is available" (Kahneman & Tversky, 1972, pi 451). 
Meanwhile, conditions have been identified that seem to 
encourage the use of base rates, and although the effect of the 
conditions is often reported as weak, this has led to specula- 
tions about additional or alternative explanations. The first is 
the conjecture that base rates are used to the degree they are 
perceived to be "causally" relevant (Ajzen, 1977; Tversky & 
Kahneman, 1982), a conjecture recently modified by the 
assertion that only causally nonredundant base rates are used 
(Locksley & Stangor, 1984). The second conjecture is that 
base rates are neglected insofar as they are remote, pallid and 
abstract, as opposed to the vividness, salience, and concrete- 
ness of individuating information (Nisbett & Borgida, 1975; 
Nisbett & Ross, 1980). The third conjecture is that properties 
of the task--called "informational factors" by Ginosar and 
Trope (1980) and "procedural variables" by Tversky and 
Kahneman (1982)--influence the degree of base rate neglect. 

We shall assume as a working hypothesis that the use of 
base rates is largely determined by the subjects' internal 
problem representation rather than by a general representa- 
tiveness heuristic (or, equivalently, by general conservatism). 
Whether a problem is represented as a Bayesian-type proba- 
bility revision problem depends on (a) the presentation of 
information (i.e., the above-mentioned task properties) and 
on (b) the previous experience with the content (not the 
structure) of the problem. It seems that there are only few 
inferences in everyday life that are experienced as simple 
Bayesian-type inference problems, where known base rates 
are revised, given new information. For instance, i f  one meets 
at the dean's birthday party a 50-year-old man and is asked 
to guess his profession, it is not a good strategy to start with 
the base rates of males in all professions in this country, 
because one must assume that this person has not been 
randomly drawn from the population to which the base rates 
refer. In Experiment 1 we shall use Kahneman and Tversky's 
(1973) profession problem, but let the subjects themselves do 
the random sampling of descriptions and thereby generate an 
internal representation of Kahneman and Tversky's problem 
as a probability revision problem. In Experiment 2, we shall 
use one of the rare examples in which a simple, everyday 
problem should already be internally represented as a Baye- 
sian-type probability revision problem. If our working hy- 
pothesis holds, then base rate neglect should be reduced, or 
even disappear, in such cases. 

Exper iment  1: Engineer-Lawyer  Problem 

One of the classical demonstrations of base rate neglect is 
the engineer-lawyer problem (Kahneman & Tversky, 1973). 
Subjects were told that a panel of psychologists had written 
personality descriptions of 30 engineers and 70 lawyers and 
that five descriptions had been chosen randomly from them. 
For each description, the subjects had to assess the probability 
that the person described was an engineer. A second group of 
subjects was given the same descriptions but with inverted 
base ratesmthat is, 70 engineers and 30 lawyers. 

The authors concluded that base rates were largely ignored 
because mean judgments were only 5% higher (on the prob- 

ability scale) in the group with a higher base rate for engineers. 
This base rate neglect was explained by postulating a general 
heuristic called representativeness. According to the repre- 
sentativeness hypothesis, people judge the posterior probabil- 
ity solely by the similarity between the description and their 
stereotype of an engineer. A major support for the represent- 
ativeness heuristic seemed to be the fact that the median 
probability judgments for the description of "Dick" were the 
same (.50) in both base rate groups, although this description 
was constructed to be completely uninformative. Subsequent 
studies (Ginosar &Trope ,  1980; Wells & Harvey, 1978; 
Zukier & Pepitone, 1984), however, found that the degree of 
base rate neglect for the uninformative description depended 
on the presentation of information and the instructions. 

Random sampling of a description from a population (for 
which the base rates are characteristic) is an essential condition 
for the use of the base rates specified. If the descriptions were 
not sampled randomly, these base rates were irrelevant. In all 
studies quoted above, subjects were verbally assured that all 
descriptions had been randomly sampled, although these were 
in fact deliberately constructed to match the American ster- 
eotype of an engineer or a lawyer, or to be undiagnostic with 
respect to both. The general question is whether verbal asser- 
tions of random sampling are sufficient to direct attention to 
this crucial information and to activate a corresponding prob- 
lem representation. In the context of the engineer-lawyer 
problem, the additional question emerges of whether a verbal 
assertion of random sampling is effective if it is not true: 
There might be cues indicating the latter to the subjects--for 
instance, the extremely stereotyped descriptions. If the sub- 
jects were suspicious, they might be better off to ignore the 
specified base rates, but we do not know, because the subjects 
were not asked. 

In this experiment we wanted to see what happens if the 
subjects actually observed the random sampling process. Ex- 
periment 1 consisted of (a) a straightforward replication of 
the engineer-lawyer study of Kahneman and Tversky (1973), 
using a verbal assertion of random sampling, and (b) a mod- 
ification with visually observable random sampling. Witness- 
ing the sampling process, we expected, would focus attention 
on the base rates and induce a problem representation where 
base rates are a relevant part. We expected base rate neglect 
to disappear. 

Method 

Subjects 

Subjects were 97 male and female students at the University of 
Constance who were paid for participating in the experiment. Subjects 
were tested individually in the visual observation condition and in 
small groups in the verbal assertion condition. Subjects had no 
knowledge about studies on base rate neglect. 

Materials 

Six personality descriptions were used. From a sample of real 
descriptions of engineers and lawyers provided by their close friends, 
four were selected. In addition, two hypothetical descriptions from 
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Kahneman and Tversky (1973) were used. These included the de- 
scription of Jack, an American stereotype of an engineer, and of 
Dick, the so-called uninformative description. The real descriptions 
contained one of an engineer and three of a lawyer. All real descrip- 
tions were of about the same length as the description of Jack. One 
of the real descriptions follows: 

Thomas O. is 30 years old and single. He seems a bit quiet, but 
in social situations is sure of himself and personable. He is 
reliable. Success is not the most important thing in life for him. 
He is interested in local politics, and is involved in environmental 
issues. His hobby is jogging. 

In the verbal assertion condition, subjects were given the 
descriptions and the instruction in a questionnaire. In the 
visual observation condition, small sheets of  paper were used 
which had on one side a description and on the other side a 
capital letter, either E for engineer, or L for lawyer. 

Design and Procedure 

This was a 2 x 2 between-subjects design with base rate of engineers 
(30% vs. 70%) and reality of sampling process (verbally asserted vs. 
visually observed) as the independent variables. Subjects were ran- 
domly assigned to the four conditions. The dependent variable was 
the rated posterior probability that the described person was an 
engineer. 

The two verbal assertion groups are a straightforward replication 
of Kahneman and Tversky's (1973) engineer-lawyer experiment. The 
original cover story given to our subjects is repeated for convenience 
here: 

A panel of psychologists have interviewed and administered 
personality tests to 30 engineers and 70 lawyers, all successful in 
their respective fields. On the basis of this information, thumbnail 
descriptions of the 30 engineers and 70 lawyers have been written. 
You will find on your forms six descriptions, chosen at random 
from the 100 available descriptions. For each description, please 
indicate your probability that the person described is an engineer, 
on a scale from 0 to 100. The same task has been performed by 
a panel of experts, who were highly accurate in assigning proba- 
bilities to the various descriptions. You will be paid a bonus to 
the extent that your estimates come close to those of the expert 
panel. 

These instructions were given to a group of  24 subjects (low 
base rate/questionnaire group); a second group of  24 subjects 
(high base rate/questionnaire group) was given identical in- 
structions except that they were told that there were 70 
engineers and 30 lawyers. After the cover story, all subjects 
received the same six descriptions, and they estimated for 
each the probability that the described person was an engineer. 

The order of  presentation of  the six descriptions was system- 
atically varied to control for ordering effects; that is, in each 
group each description was given to 4 subjects as their first 
description to judge. Following the six descriptions, all sub- 
jects encountered the null description: "Suppose now that you 
are given no information whatsoever about a person chosen 
at random from the sample. The probability that this man is 
one of  the 30 engineers in the sample of  100 is __ %." In the 
two visual observation groups (Ns = 24 and 25) the same 
procedure was followed except that the randomness of  sam- 
piing was made visually observable. The subject was shown 

10 sheets of paper, 3 of  them (or 7, depending on the base 
rate condition) marked with an E for engineer and 7 (3) 
marked with an L for lawyer. The subject could not read the 
description on the other side. Then the experimenter folded 
the sheets so that neither the identification letters nor the 
description could be read, threw them into an empty urn, and 
shook them. The subject drew one description randomly from 
the urn and gave it to the experimenter, who unfolded it in a 
way that the subject now could read the description but not 
the identification. After having observed the random drawing 
from an urn, the subject judged the probability that the person 
described was an engineer. 

Each subject made six drawings, each from a different urn. 
The way to ensure that all subjects judged all six descriptions 
(and to avoid repeated drawings of  the same description) was 
to have in each urn the same description on every sheet. This 
was completely unnoticeable by the subjects, because there 
was only one drawing from each of  the six urns. 

After the experiment, all subjects were given a short ques- 
tionnaire, in which they were asked the following questions: 
(a) How did you arrive at your probability judgments? Try to 
describe this process as precisely as possible. (b) When (under 
what condition) did you consider the base rates of  engineers 
and lawyers? 

Results and Discussion 

Results are summarized in Table 1. The first two columns 
show the mean probabilities in the verbal assertion group that 
the person described was an engineer, given a base rate of  
30% and 70% engineers, respectively. All means were larger 
in the 70% condition, and the overall difference, averaged 
across all six descriptions, was 9.8% on the probability scale. 
For comparison, Kahneman and Tversky (1973) reported an 
overall difference of 5%, which, although significant, they 
considered small enough to justify the conclusion that base 
rates were largely neglected. Columns 3 and 4 show how far 
the observed means deviate from what base rate neglect and 
Bayesian performance predict, respectively. If  subjects judged 
the probabilities by a representativeness heuristic, then base 
rates should be neglected, and the difference between the 
means in the two base rate conditions (columns 1 and 2) 
should be zero. Column 3 contains the differences between 
columns 1 and 2 and shows the deviations of actual judgments 
from base rate neglect. In deriving the predictions in column 
4, we followed Wells and Harvey (1978), who have shown 
that earlier calculations of  Bayesian predictions for the present 
design were suboptimal. Predictions for Bayesian perform- 
ance were derived in the following way. For each subject in 
the 70% base rate group we predicted, by using Bayes's 
theorem, how this subject would have responded in the 30% 
base rate group. This means that from the distribution of the 
actual judgments (p) in one base rate group we predicted the 
corresponding distribution of  judgments (/3) in the other 
group. The mean of  all/) scores in each base rate group could 
thus be compared with the obtained mean in the other base 
rate group. Column 4 shows the difference between the ob- 
tained means in the 30% group and the predicted means for 
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Table 1 
Mean Judgments o f  the Probability That the Person Described Is an Engineer (in %) and Deviations From Predictions 

RS verbal RS visual 

Means Dev. from pred. Means Dev. from pred. 

Description 30% 70% BRN a Bayesian b 30% 70% BRN a Bayesian b 

Thomas 45.8 62.5 16.7 16.7 46.0 69.0 23.0 6.6 
Peter 44.9 60.6 15.7 15.8 39.2 64.8 25.6 6.5 
Heinz 34.0 36.3 2.3 19.9 31.4 45.8 14.4 10.6 
Jack 71.4 81.3 9.9 16.1 64.4 79.5 15.1 7.8 
Klaus 24.9 37.9 13.0 11.4 26.4 34.5 8.1 15.5 
Uninformative r 60.0 61.2 1.2 30.3 55.6 73.4 17.8 13.8 
Null 28.0 68.8 40.8 -3.8 28.6 69.9 41.3 - 1.4 
Average (sans null) 46.8 56.6 9.8 18.4 43.9 61.2 17.3 10.1 

Note. RS verbal = random sampling verbally asserted; RS visual = random sampling visually observed; BRN = base rate neglect; dev. from 
pred. - deviation from prediction. 
a Entries are differences between the means in the 70% and 30% base rate conditions. 
b Entries are differences between means (base rate 30%) and Bayesian predictions derived from the distribution of judgments in the 70% base 
rate group (see text). 
c Dick. 

the 30% condition based on the 70% group.' The average 
difference between observed and predicted means is 18.4. (We 
also calculated the predictions for the 70% group on the basis 
of  the obtained probability judgments in the 30% group, 
which gave similar results under all conditions). To summa- 
rize, in the replication condition with real descriptions, we 
find less base rate neglect: The effect of  base rates is roughly 
twice as large as in Kahneman and Tversky's original study. 
However, the average deviation of  observed means from 
Bayesian performance is still almost twice as large as from 
base rate neglect. 

This descriptive analysis is supported by statistical analysis. 
For  five of  the descriptions, observed means deviate signifi- 
cantly from Bayesian performance, five ts(46) > 2.3, five ps 
< .025; in two cases they also deviate significantly from base 
rate neglect. 

Columns 5 to 8 show the results when random sampling 
could be performed and observed by the subjects themselves. 
Let us take the personality description of  Thomas as an 
example. When random sampling was only verbally asserted, 
mean judgments were exactly between the predictions of  the 
representativeness hypothesis (base rate neglect) and Bayesian 
performance. When random sampling of  descriptions could 
be observed, the deviation from the representativeness hy- 
pothesis increased to 23.0 points (on the probability scale). 
The deviation from Bayesian performance decreased to 6.6 
points, which is a nonsignificant deviation. For all six descrip- 
tions, the deviation from base rate neglect increased on the 
average from 9.8 to 17.3, and the deviation from Bayesian 
performance decreased from 18.4 to 10.1. This shows that 
when random sampling could be visually observed, mean 
probability judgments were closer to Bayesian predictions 
than to the predictions of the representativeness hypothesis. 
If  one imagines subjects' mean judgments as a point on a 
cont inuum between both predictions, with base rate neglect 
as zero and Bayesian performance as 1, the degree of base 
rate use can be expressed numerically. We define an index b 
of  base rate use as follows: 

deviation from base rate neglect 
b = (1) 

deviation from base rate neglect 
+ deviation from Bayesian performance 

On this scale, the degree of  base rate use is b = .35 in the 
verbal assertion condition and .63 in the visual observation 
condition. 

Again, statistical analysis supported these descriptive re- 
suits. The number of  significant deviations from Bayesian 
performance decreased to one in the visual observation con- 
dition, and, similarly, the overall deviation from base rate 
neglect was significantly increased in the visual observation 
group, t(5) = 2.56, p < .05. 

The  Uninformat ive  Descript ion 

An interesting fact in Kahneman and Tversky's original 
study was that the median probability judgments of  Dick's 
being an engineer were the same (.50) in both base rate groups, 
although the description was constructed to be completely 

In formal terms, the predictions for Bayesian performance were 
derived as follows. From a subject's judgment/970(LlD ) that the person 
is an engineer, given the description D and the 70% base rate, we 
calculated/)30(EID) (which is what that subject would have responded, 
given D and the 30% base rate, assuming Bayesian performance) by 
using the following equations: 

P7o( EID ) / (1-PTo( E1D ) ) = L 0.7/0.3, (1) 
~3o(k3D)/1-~3o(1~D) = L 0.3/0.7, (2) 

where L is the likelihood ratio (see Equations 2 and 3 below), and 
0.7 and 0.3 are the base rates. Dividing Equation 1 by Equation 2 
cancels out L, and/)3o(E]D) can be calculated as a function of  P7o(LqD). 
The comparison of the mean of the predicted values/33o(EID) with 
the mean of the observed values p3o(ElD) avoids a fundamental flaw 
which would result from the simpler method of comparing the means 
of the observed values in both base rate groups: Even if subjects in 
both groups conformed to Bayes' theorem, their means usually would 
not, because Bayes' theorem predicts a curvilinear relation between 
both groups (see Wells & Harvey, 1978). 
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uninformative. In a subsequent study, however, Wells and 
Harvey (1978) found a substantial mean difference (.54 and 
.36). Ginosar and Trope (1980), who variedbase rates and 
diagnostic information between subjects (i.e., gave only one 
description and base rate to each subject), found an even 
larger difference. In the verbal assertion condition, we could 
replicate the original finding of  Kahneman and Tversky: 
Mean ratings of  Dick were practically the same in both base 
rate groups. However, when the random sampling process 
was made visually observable, the difference increased from 
1.2 to 17.8 (see Table 1), and base rate neglect vanished. 
Judgments were even closer to the Bayesian prediction, de- 
viating significantly from the representativeness hypothesis. 
As measured by b, base rate use increased from .004 to .56. 

How are these different results to be reconciled? We suggest 
that another variable of  information presentation--order of  
descriptions--may be considered as an explanation. If  a sub- 
ject encounters a stereotypical description first, this may draw 
attention to the particular features such as the person's hob- 
bies and his character traits, and may induce a problem 
representation that continues to focus attention to such indi- 
viduating features in the following descriptions. That problem 
representations and strategies which were adopted in the first 
task tend to be stable in subsequent similar tasks is reflected 
in concepts such as "constraint" (Gebundenheit), "functional 
value" of units of  information and "set" (Ach, 1905; Duncker, 
1935/1945). We assume that such a set (to focus attention on 
political opinions, hobbies, etc. and to ignore base rates) can 
be generated by stereotypical descriptions unless the relevance 
of  base rates is emphasized by visual observation. 

None of  the studies using the engineer-lawyer problem 
(Ginosar & Trope, 1980; Kahneman & Tversky, 1973; Wells 
& Harvey, 1978; Zukier & Pepitone, 1984) have analyzed the 
effect of  the position of  the uninformative description. We, 
too, have not designed our study as a test for order effects but 
have systematically varied the order; thus we could perform 
at least a post hoc analysis. I f  order is a crucial variable that 
accounts for the contradicting results in the literature, then 
we must predict that (a) in the verbal assertion condition, 
base rates are used if the uninformative description is encoun- 
tered first but not if encountered on the second or a later 
position, and (b) in the visual observation condition, this 
interaction between position and base rate group should dis- 
appear, because attention was already directed to base rates 
by visualization. An investigation of  the judgments of Dick 
showed exactly this triple interaction (see Figure 1), although 
it was not significant, F(1, 89) = 3.02, p = .086. The latter is 
probably due to the small power of  this post hoc triple- 
interaction test, because we have only 4 individuals in each 
of  the four conditions where Dick was presented as the first 
description. We may therefore tentatively propose that the 
order of presentation is a crucial variable for the evaluation 
of undiagnostic information. This could provide an explana- 
tion for the apparently contradictory results in the literature. 
If  we are right, then given that order was not analyzed in all 
studies quoted above, the number of descriptions presented 
to the same individual is the crucial variable. The more 
diagnostic descriptions were used in addition to the undi- 
agnostic one, the less frequent the undiagnostic description 
was the first one presented and the more base rate neglect 
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Figure 1. Order effects when random sampling is not observable. 
(Straight lines and dashed lines represent visual observation and 
verbal assertion conditions, respectively. Open and fdled circles rep- 
resent 70% and 30% base rate conditions, respectively). 

should result for the undiagnostic information, averaged 
across positions. Kahneman and Tversky (1973) presented 
five descriptions, and therefore (assuming they varied the 
order systematically) the undiagnostic information occurred 
at the first position in only 20% of the cases, which predicts 
relatively small deviations from base rate neglect. We used six 
descriptions and obtained the same result. Ginosar and Trope 
(1980), however, presented only one description to each sub- 
ject, which predicts no base rate neglect, because the undi- 
agnostic information was always in the first position. In fact, 
they found a difference between base rate groOps almost as 
large as in Figure 1 for the corresponding condition, namely, 
first position and verbal assertion group. Wells and Harvey 
(1978) and Zukier and Pepitone (1984) used one diagnostic 
description (Jack) in addition to the undiagnostic one. The 
latter report that they systematically varied" the order of  the 
two descriptions presented to each subject, but neither of the 
two studies analyzed the order effect. Assuming that in both 
studies order was varied systematically, the undiagnostic de- 
scription was given first to 50% of the subjects. Thus we 
should expect a degree of  base rate use that is between that of  
Kahneman and Tversky's study and Ginosar and Trope's, 
with 20% and 100% first positions, respectively. In fact, Wells 
and Harvey found a substantial mean difference, as reported 
above, which is smaller than that found in Ginosar and 
Trope's study. Zukier and Pepitone's finding is not directly 
numerically comparable, because they used only one base 
rate (.3) for all subjects. However, their finding that probabil- 
ity judgments for the uninformative description being an 
engineer ranged between .31 and .47 also shows that there is 
no base rate neglect if only two descriptions were used and 
results are averaged across positions. 

The Effect of  Less Stereotypical Descriptions 

One question that remains is why our replication of  Kahne- 
man and Tversky's (1973) study on the engineer-lawyer 
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problem, using the same questionnaire method, provided an 
effect of  base rates that was about twice as large as in the 
original study. The two reasons we see for this can be reduced 
to a single explanation. First, the real descriptions used in our 
study were less stereotypical than the artificially constructed 
ones in Kahneman and Tversky's study. Second, in Germany 
the stereotype of an engineer is closer to that of  a lawyer than 
in America. Both have in common the fact that less extreme 
probability judgments result. As can be seen from Table 1, 
the average probability judgments of  being an engineer did 
not exceed .82 and did not go below .24 (in both base rate 
groups). From the corresponding figure in Kahneman and 
Tversky (1973), we see that three of  their four diagnostic 
descriptions result in median probabilities far beyond these 
figures. The point is that base rate neglect and Bayesian 
performance can be least differentiated for extreme probabil- 
ity judgments (see, e.g., Figure 1 in Kahneman & Tversky, 
1973). If  judged probabilities are 0 or 1, then both predictions 
coincide. That is, with extremely stereotypical descriptions, 
one cannot expect deviations from the base rate neglect curve 
as great as with less stereotypical descriptions. A numerical 
example may illustrate the size of  this effect (values are chosen 
to represent the typical Bayesian posteriors in Kahneman 
and Tversky's original study and in our replication, respec- 
tively): Assume that for less stereotyped descriptions the sub- 
jective likelihoods are p(descriptionlengineer) = .7 and 
p(descriptionllawyer) = .4. For a base rate with 70% engi- 
neers, we calculate p(engineerl description) = .803, whereas 
with 30% engineers we get p(engineerldescription) = .429. 
Now assume we had used an extremely stereotypical de- 
scription with p(description I engineer) = .95 and 
p(description I lawyer) = .03. For base rates of  70% and 30% 
engineers, we calculate p(engineerl description) as .987 and 
.931, respectively. Thus, the effect (i.e., the difference between 
the two base rate conditions) that can be found if subjects 
showed Bayesian performance is .374 on the probability scale 
for the less stereotyped descriptions, but only .056 for the 
stereotyped descriptions. Therefore, (a) natural descriptions, 
being less stereotyped, provide a more sensitive test whether 
subjects use base rates or not, and (b) Kahneman and Tver- 
sky's finding of an average base rate effect that is only half of  
that found in our replication can be fully explained by their 
use of  stereotypical rather than natural descriptions. 

Subjects' Reported Strategies 

Subjects' reports revealed clear-cut individual differences 
in strategies. The five main strategies, classified by two inde- 
pendent observers, were the following: (a) base rates only-- 
that is, subjects reported that they considered only the base 
rate information as relevant; (b) qualitative Bayesian (revision 
type)--that is, subjects reported that they took the base rate 
as their starting point and revised it according to the impact 
of  the description, which is a strategy equivalent to Bayesian 
probability revision without specifying the quantitative rela- 
tionships; (c) qualitative Bayesian (integration type)--that is, 
subjects reported that they integrated both base rates and 
diagnostic information, but without the revision idea where 
base rates are considered first; (d) lexicographic representa- 
tiveness-that is, subjects reported that they evaluated the 
similarity between description and their mental images of  
engineers and lawyers first, and only if this did not differen- 
tiate enough did they also consider the base rates; and (e) 
representativeness heuristic--that is, subjects reported that 
they used the similarity between description and their mental 
images of  engineers and lawyers only, as postulated in Kahne- 
man and Tversky's representativeness heuristic. Representa- 
tiveness strategies differed in content; there were subjects who 
reported looking only at the character description, whereas 
others considered mainly political and social attitudes. 

Table 2 shows the percentage of subjects reporting each 
strategy and the mean probability ratings for individuals 
reporting different strategies. If  reported strategies were con- 
sistent with actual judgments, then the base rate effect (differ- 
ence between 30% and 70% group) should be largest for those 
subjects reporting to use base rates only (left side in Table 2) 
and should decrease from left to right in Table 2. In fact, 
individuals who report the base-rate-only strategy have mean 
values of  70.0 and 30.0, depending on the base rate group, 
and with increasing use of  the diagnostic information the 
values in the two base rate groups converge. Thus, the first 
result is that the reported strategies are well calibrated to the 
actual mean probability judgments. Second, individual differ- 
ences in reported strategies account for large differences in 
probability judgments between base rate groups, ranging from 
40% for base rate only to 5.7% and 8.4% for representative- 
ness. Finally, Table 2 shows that more individuals in the 

Table 2 
Subjects" Reported Strategies in the Engineer-Lawyer Problem 

Qualitative Bayesian Representativeness 

Statistic BR only Revision Integration Lexicographic Heuristic Unclassifiable 
Mean probability 

Base rate 70% 70.0 68.0 60.9 55.4 54.1 
Base rate 30% 30.0 35.6 43.7 49.7 45.7 

Percentage of individuals 
Verbal group (N = 48) 2.1 12.5 9.4 41.7 26.0 
Visual group (N = 49) 7.1 14.3 17.3 40.8 14.3 

8.3 
6.1 

Note. BR = base rates. Strategies were classified by two independent raters. Raters agreed in 78.4% of their classifications. With few exceptions, 
different classifications were restricted to those within the two qualitative Bayesian strategies or within the two representativeness strategies. 
Percentages reported are averaged across raters. 



PRESENTATION AND CONTENT: USE OF BASE RATES 519 

verbal assertion group report the use of  a representativeness 
heuristic than in the visual observation group. In both groups, 
however, the lexicographic representativeness strategy is the 
most frequent one reported. In other contexts, lexicographical 
models of  judgment have been proposed by Tversky (1969) 
and Montgomery (1977). The basic idea of  lexicographical 
judgment is that people choose between two (or more) alter- 
natives on the basis of  a single piece of  information, and only 
if this looks inconclusive do they consider a second kind of  
information. If  subjects judge this way, then the degree of  
stereotypicality of  the descriptions used is a crucial variable. 
In fact, this explains apparently contradictory results. For 
instance, the lexicographic strategy predicts that Kahneman 
and Tversky's (1973) subjects, who were given highly stereo- 
typical descriptions, would largely neglect base rates, whereas 
Ginosar and Trope's (1980) subjects, who were given incon- 
sistent descriptions, and our subjects, who were given real 
descriptions, would not, as was found. 

To conclude, we have shown that random sampling, an 
essential condition for the applicability of  Bayes's theorem (to 
the base rates specified), is a crucial informational variable 
for base rate use by our subjects. If  attention is directed to 
random sampling by the presentation of  information (e.g., 
visual observation), performance is closer to Bayes's theorem 
than to base rate neglect. 

Exper imen t  2: Soccer  P rob lem 

There are two features of  the engineer-lawyer problem that 
we shall single out for further investigation: subjects' familiar- 
ity with this type of  profession guessing and the issue of  
intraindividual variation of  base rates. First, our subjects were 
not familiar with guessing the profession of a person from a 
brief description and, in particular, not with interpreting such 
a problem in the sense of  a Bayesian-type probability revision 
problem. If  they did happen to guess professions in everyday 
life, then the target people were not randomly drawn from a 
population. For instance, there is a famous German TV 
program in which experts guess the profession of  a candidate, 
who answers only yes or no to their questions. Here, the main 
heuristic strategy is searching for further information, whereas 
base rates are not relevant, because the candidates were se- 
lected and not randomly drawn. In fact, the experts would 
perform badly if they started with the base rates of  professions 
and revised these according to Bayes's theorem; rather, they 
must anticipate the rarest professions. 

Second, base rate information was never varied intraindi- 
vidually, whereas descriptions were. In fact, almost all the 
experiments~from which base-rate neglect (or strong under- 
weighting) was concluded presented different diagnostic in- 
formation to each subject but varied the base rates only 
between subjects. Thus, every subject had different diagnostic 
information, but no one had different base rates. Of course, 
the engineer-lawyer problem is not suitable for varying both 
base rates and diagnostic informations to the subjects, because 
this would mean instructing the subject that there were, say, 
four populations of engineers and lawyers, with different 
proportions of  engineers, all interviewed and described by 

psychologists, and from each population some persons were 
randomly drawn, and so on; that would make the problem 
look very artificial, to say the least. 2 

To investigate the effect of  familiarity and intraindividual 
variation of  diagnostic information, we selected a problem 
where probability revision is familiar from everyday life and 
where varying base rates is as natural as varying diagnostic 
information: the soccer problem. 

Every week, millions of spectators watch the games of the 
German soccer "Bundesliga," in which the 18 best teams 
compete. Every week, the spectators' situation is similar to 
Bayesian probability revision. Before the game they have some 
expectation about the probability that Team A will win, based 
on the earlier performance of that team. During the game 
they get new diagnostic information--for example, that their 
favored team is two goals behind--and may revise their 
original probability in light of  this new information. Although 
spectators may not always specify the prior probabilities of  a 
win quantitatively, this everyday situation has a clear parallel 
to Bayesian probability revision. 

Varying base rates comes as naturally as varying diagnostic 
information, because the proportion of games won in a season 
varies from team to team and from year to year. We used a 
team's number of won games in a season as the base rate, and 
the halftime result as the diagnostic information. The subject's 
task was to estimate the probability that Team A won a game, 
randomly chosen from a season, given Team A's proportion 
of  wins at that season and the halftime result of  the game. 
Thus the subject's task had the same structure as in the 
engineer-lawyer problem: to revise a prior probability (pro- 
portion of wins) into a posterior probability in the light of  
diagnostic information (the halftime result). Four base rates 
and three classes of  halftime results (draw, one goal ahead 
[+1], and one goal behind [-1]) were used. 

Figure 2 shows the predictions of  three prominent hy- 
potheses: representativeness, base rates only, and Bayesian 
performance. First, the assumption of  a representativeness 
heuristic predicts that our subjects would judge the posterior 
probability of  win by the similarity between a'n event (halftime 
result) and a class (that of  won games). A halflime result of 
one goal ahead is more "similar" to the results that character- 
ize won games than is a draw at halftime. Similarly, a draw 
at halftime is more "similar" to the results characterizing won 
games than is a halftime result of  one goal behind. This 
hypothesis predicts parallel curves, that is, judgments that are 
independent of  the base rates (Figure 2a). Note that the 
distances between the + 1, draw, and - 1 curves, as well as the 
absolute levels, are not specified by the representativeness 
hypothesis. 

Second, what we call the base-rates-only hypothesis is an 
extreme version of conservatism (Edwards, 1968), and Figure 
2b shows the prediction when only base rates are used. 

2 Hell, Gigerenzer, and Bodenburg (1987) performed such an ex- 
periment but used only two populations of engineers and lawyers. 
They found that the difference between the conditions of inter- and 
intraindividual variation of base rates was practically zero. This result 
conforms well with that of Experiment 2, reported below. 



520 

P 

E . 6  
I 

O ./~ t- 
r 

".~ .2 

G. GIGERENZER, W. HELL, AND H. BLANK 

a b e 

Representotiveness Bose rotes only Boyesion 
heuristic 

.1 

drow 

-1 

7/34 

,1 ; L=3 /2  

J J J   row 

H I , l i , , , t I I I I [ 

76 1%  1%4 

B o s e  r o l e s  

Figure 2. Predictions for the soccer problem, assuming that (a) subjects use a representativeness 
heuristic, (b) subjects use base rates only (i.e., are extremely conservative), and (c) subjects use a Bayesian 
strategy. (Predictions for [c] depend on the likelihood ratio L; three values of L are given for illustration 
[see text]. Base rates specify the number of won games out of a total of 34 games played in a season). 

Third, Bayesian predictions can be derived from the odds 
version of  Bayes's theorem (using + 1 as an example): 

p (win l+ l )  = p(win) 
p(no winl+l)  p(no win) 

p(+ 1 I win) 
• p(+ 1 I no win)" 

What the subjects judge is p(win I + 1), that is, the probability 
that the game is one of  the won games, given the information 
about the halftime result; p(no win I+ 1) is the complement, 
and the base rates p(win) and p(no win) are specified. What 
is unknown is the likelihood ratio p(+ 1 Iwin)/p(+ 11 no win). 
This likelihood ratio determines the "distance" between the 
three curves. To illustrate possible Bayesian predictions to the 
soccer problem, we shall use two simplifying assumptions. 

First, we assume that our subjects consider a draw at 
halftime as an undiagnostic information. Therefore, the draw 
curve in Figure 2c is the base rate curve from Figure 2b. The 
second simplifying assumption is that the + 1 and - 1  curves 
are "symmetric" around the draw curve, that is, that the 
following two likelihood ratios are equal: 

p(+l lwin)  _- p ( - l l n o  win) 
L =  

p ( + l l n o  win) p(-11win) 

We illustrate in Figure 2c the Bayesian prediction of  the 
soccer problem for three simple likelihood ratios, L -- 3/1, 2/ 
I, and 3/2. 3 For instance, a ratio of  2/1 means that the 
subjects believe that the probability of  being one goal ahead 
in won games is twice as high as in games not won. 

This is the most simplified Bayesian model of  the soccer 
problem we can think of; for that reason we shall start with 
this model. If  subjects' judgments were Bayesian, however, 
with nonsymmetric likelihood ratios, we would have to turn 

to less restricted Bayesian models. An example would be the 
combination of  the L = 3/1 curve for one goal ahead and L 
= 2/1 curve for one goal behind (see Figure 2c). 

(2) In terms of  analysis of  variance, neglect of  base rates 
predicts that the halftime results should show the only signif- 
icant effect. Extreme conservatism predicts that only the main 
effect for base rates is significant, whereas all Bayesian models 
(including the simplified one) predict that both main effects 
and the interaction are significant (because the Bayesian lines 
are curved, not parallel, and diverge from left to right, as can 
be seen from Figure 2c). 

Recall that our working hypothesis was that the internal 
problem representation, rather than a general representative- 
ness heuristic, directs probability judgments. If  this is true, 
then the familiarity of  the soccer problem as a probability 
revision problem and the intraindividual variation of  base 
rates should generate a problem representation that nullifies 
base rate neglect. In order to control for the separate impacts 
of  familiarity and intraindividual base rate variation, we have 
performed two parallel experiments, using the soccer problem. 
In the first, base rates and diagnostic information were varied 

(3) in a within-subjects design; in the second, diagnostic infor- 
mation was varied in a within-subjects design, but base rates 
were varied between subjects, as in the engineer-lawyer study. 

3 As in Figure 2a and 2b, predictions are given in terms of 
p(win I halftime result) rather than in terms of odds, as in Equation 
2. The relation between the two formats is the following. If we rewrite 
Equation 2 as fll = tip L, with fll and tip as the posterior and prior 
odds, respectively, then p(winlhalftime result) = fir(1 + fl~). The 
reason why the Bayesian lines do not reconverge at the upper end of 
Figure 2c is that the range of base rates used is not as extreme on the 
upper end as it is on the lower. 
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Method 

Intraindividual Variation of Base Rates 

Subjects. Forty-eight male and female students were paid for 
participating in the experiment. Subjects were tested in group sessions. 

Design and procedure. All soccer problems were of the following 
type: 

In the 1978/79 season of the West-German Soccer "Bundesliga," 
Team A won 10 out of the 34 games. The other games were 
either drawn or lost. We have selected some of the games of that 
season randomly and checked their final results as well as their 
halftime results. For instance, on the 7th day of the season the 
halftime result was 2:1 in favor of Team A. What is your 
probability that this game belongs to those 10 games won out of 
34? 

The design was a 3 x 4 within-subjects design, with three classes 
of halftime results (+1; draw; -1) and four base rates (7, 10, 15, or 
19 games won out of 34). Draws included 0:0, 1:1, and 2:2, +1 
included 1:0 and 2:1; -1 included 0:1 and 1:2. Before encountering 
these 12 soccer problems, each subject was given four other soccer 
problems, which were not analyzed and which served to get the 
subjects acquainted with that type of problem. The order of the 12 
problems was randomly determined. 

After the subjects had completed the soccer problems, they were 
given a questionnaire with the same kind of questions as in the 
engineer-lawyer problem. The following question was added: "Over 
all, what was more important for you--the halftime results or the 
number of games won? Please try to express this in percentages!" 

Interindividual Variation of Base Rates 

Subjects. One hundred forty-four male and female students partic- 
ipated in group sessions. 

Design and procedure. The design and procedure were same as 
before, except that each individual received a set of three soccer 
problems (as opposed to 3 x 4), all with the same base rate but with 
three different halftime results. Thus, a quarter of the subjects received 
each base rate. 

Results and Discussion 

Variation of Base Rates Within Subjects 

Figure 3 (left side) presents the median probabilities of the 
game's being a win for the four base rates and three classes of 
diagnostic information. The medians reject both the base-rate 
neglect and the extreme conservatism hypotheses but can be 
fitted to the simplified Bayesian model, with a likelihood ratio 
of 2. Of course, a better fit to a Bayesian prediction could be 
obtained if we relaxed the strong symmetry assumption 
(Equation 3), which would allow increasing the values for the 
- 1 curve (without decreasing those for the + 1 curve). But we 
see no gain in this, because the simplified version already 
gives an excellent fit. 

An analysis of variance using the means shows the same 
result. The hypothesis that judgments in the four base rate 
groups stem from the same population is rejected, F(3, 141) 
= 108.5, p < .001; in addition, judgments vary significantly 
with the diagnostic information, F(2, 94) = 66.6, p < .001; 
finally, the interaction is also significant, F(6, 282) = 4.3, p < 
.001, as predicted by the Bayes rule. The size of effect can be 
seen from Figure 3; the maximum differences due to base 
rates and diagnostic information are .45 and .35 on the 
probability scale, respectively. This, as well as the good Baye- 
sian fit of the data, rules out both base rate neglect and 
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Figure 3. Median probability judgments using a within-subjects and a between-subjects design for 
variation of base rate information. (Data points are fitted by a simplistic Bayesian model with a 
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lines show those for one goal ahead [+1] and one goal behind [-1].) 
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conservatism, including all weak versions thereof, such as the 
claim that subjects "largely" ignore base rates. 

However, there is some danger from drawing conclusions 
from means o r  medians to the performance of  individual 
minds. For instance, if half of  our subjects were to use a 
representativeness heuristic and the others were extremely 
conservative, then means would produce curves similar to 
those in Figure 3. An inspection of  all individual data plots 
showed no sign of  such difference between subjects (there was 
only 1 subject who ignored the halftime results, but none 
ignored the base rates). A more formal test was performed by 
a conjoint measurement analysis ,of single cases (Falmagne, 
1985), which showed that 31% of our subjects satisfied the 
testable necessary conditions (independence, double cancel- 
lation) for an additive representation perfectly, and almost all 
others showed only a few unsystematic violations. Because 
Bayes's rule is a special case of  the additive conjoint model, 
this single case analysis supports that of  the medians and 
means. 

Variation of Base Rates Between Subjects 

Figure 3 (right side) shows that even when no varying base 
rate information is given to a subject, there is no base rate 
neglect in the soccer problem. The medians for the draw 
results coincide again in three cases exactly with the predic- 
tions, indicating that a draw is considered as undiagnostic 
information. The medians for one goal ahead can be fitted 
again by a likelihood ratio of  2, but the medians for one goal 
behind show a more pronounced deviation from the simpli- 
fied symmetry assumption. Here, judgments may be fitted by 
a likelihood ratio around 3/2 (see Figure 2c). It indicates that 
subjects believe that the probability of  being one goal ahead 
in won games is twice as high as in games not won but that 
the probability of  being one goal behind in games not won is 
only 1.5 times as high as in won games. They seem to consider 
the diagnostic impact of  a positive information (one goal 
ahead) to be greater than that of  a negative information, 
which mirrors the optimistic bias of  the stereotypical soccer 
fan: If  our team is ahead, we shall certainly win, if we are 
behind, we shall possibly win. 

Analysis of Subjects' Reports 

Reported strategies for the soccer problem (intraindividual 
variation condition) were qualitatively the same as  in the 
profession problem, but with a different distribution. Table 3 
shows that 77% of all subjects reported strategies relying on 
base rates, almost all of  them reporting qualitative Bayesian 
strategies. There is no single subject reporting a representa- 
tiveness heuristic. The comparison of  the frequencies in the 

Table 3 
Subjects' Reported Strategies 

first three strategies with the two representativeness strategies 
shows a significant dependency of  strategies on the familiarity 
of the problem (soccer vs. profession) with x2(1, N = 145) = 
28.0, p < .001. On the average, the reported weight given to 
base rates was greater (59.1%) than to the diagnostic infor- 
mation (40.9%). These reported weights correspond well with 
the actual maximum differences reported earlier, .45 and  .35 
on the probability scale. Subjects' reports are well calibrated 
to their probability judgments. 

External Validity 

Besides the question, When do people use the base rates 
specified in a problem?, another question arises: Do people's 
judgments correspond to reality? The present experiments 
allow a check on the external validity of  judgments, because 
we have used real descriptions in Experiment 1 and we can 
compare the results in Experiment 2 with the real facts in a 
soccer season. As mentioned above, the four real descriptions 
used in Experiment 1 were from three lawyers (Peter, Heinz, 
and Klaus) and one engineer (Thomas). If  subjects' probabil- 
ity judgments were externally valid, the mean probability 
judgments for Thomas (and Jack, the stereotypical descrip- 
tion) should be greater than for all others. Table 1 shows that 
this is the case in all four experimental groups. 

For the soccer problem we can perform a more quantita- 
tively elaborated validation. We analyzed the whole 1985/86 
season in the German Bundesliga including 306 games and 
calculated from this the actual likelihoods. Recall that our 
simplified Bayesian model assumed that subjects consider a 
draw as undiagnostic information and that subjects' judg- 
ments conformed to this simplifying assumption. The actual 
likelihoods, however, were p(drawlwin) = .278 and 
p(drawl no win) -- .387. This gives a likelihood ratio of  .718, 
which is smaller than that of  1.0--which corresponds to our 
subjects' judgments. This, means that our subjects overesti- 
mated the probability p(drawlwin) in relation to p(draw[ no 
win). In reality, the two properties are not equal; a draw at 
halftime occurs less frequently in won games than otherwise. 
This discrepancy can be seen from Figure 4, where solid lines 
show the Bayesian predictions based on the real likelihoods 
and dashed lines represent subjects' judgments, approximated 
by the simplified model from Figure 3. The figure also shows 
that the impact of  being one goal ahead or behind on the 
probability that a team will win the game is stronger than our 
subjects believed. The actual likelihoods p(+l lwin)  and 
p(+ 1 [no win) are .378 and.  123, respectively. This means that 
the likelihood ratio is 3.07 as opposed to 2.0, which was a 
good approximation to our subjects' judgments. Recall that 
the more the likelihood ratio deviates from 1, the more impact 
the diagnostic information has. The same underestimation 

Qualitative Bayesian Representativeness 

Task BR only Revision Integration Lexicographic Heuristic Unclassifiable 

Soccer problem 2.0 41.7 33.3 16.7 0.0 6.3 
Profession problem (average) 4.6 13.4 13.4 41.2 20.1 7.2 

Note. BR = base rates. 
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Figure 4. External validity of soccer judgments. (Solid lines are 
probabilities p[win I halftime result] derived from the actual games in 
a soccer season; dashed lines represent subjects median judgments 
[see Figure 3].) 

occurs when a team is one goal behind. The real likelihood 
ratios are p ( -  1 I win) = .070 and p ( -  1 I no win) = .309. Thus, 
the likelihood ratio is .227, or expressed in its inverted form, 
as in Equation 3, the ratio is 4.41. Again, subjects did not 
revise the base rates enough, given the information that a 
team is one goal behind. Thus, although our subjects' judg- 
ments satisfied Bayesian performance, they strongly under- 
estimated the impact of all halftime results, including a draw. 
Measured against the real soccer results, our subjects were 
conservative (e.g., Edwards, 1968). There is another aspect 
where both our subjects and the simplified Bayesian model 
deviate from reality. Recall that the symmetry assumption 
(Equation 3) assumes that the likelihood ratio for being one 
goal ahead is the same as the (inverted) likelihood ratio for 
being one goal behind. In reality, however, the two corre- 
sponding ratios were 3.07 and 4.41. We have noticed earlier, 
that our subjects' judgments also deviated slightly from the 
- 1 curve (based on the symmetry assumption and a likelihood 
ratio of 2). This deviation was, however, in the opposite 
direction from the actual soccer games, where the diagnostic 
impact of being one goal behind is larger than that of being 
one goal ahead. Our subjects acted as if they believed that 
being one goal behind is less decisive than it actually is. 

To summarize, compared with the soccer reality, our sub- 
jects used the diagnostic information conservatively; in par- 
ticular, they seemed not to realize that a draw is not undi- 
agnostic information, and they showed a bias toward opti- 
mism in the case of a negative halftime result. Even good 
Bayesians can be wrong about reality; probability theory and 
rationality may indeed diverge at some points. 

General  Discussion 

We succeeded in reducing the base rate neglect phenome- 
non in the engineer'lawyer study by making the crucial 
condition of random sampling visually observable. This 

pushed the probability judgments more than halfway toward 
Bayesian performance. In the soccer problem, where we sim- 
ulated everyday estimates of the probability that a team would 
win a game, given a particular halftime result, subjects' judg- 
ments were indistinguishable from Bayesian performance. 
Although the formal structure of both problems was the same, 
the presentation of information and the content of the prob- 
lem strongly influenced both subjects' performance and their 
reported strategies. 

Results in both experiments imply that the original expla- 
nation, the representativeness heuristic, is inadequate. We 
conjecture that probability judgments in problems like those 
studied here are to be ~explained by the internal problem 
representation induced rather than by the exercise of a general 
heuristic. Whether a problem is internally represented as a 
probability revision problem, in which base rates are consid- 
ered as a relevant information, is dependent on the actual 
presentation of information and on the previous experience 
with the content. We have identified the visual observation 
of the random sampling process as a crucial variable of 
information presentation and the familiarity with a topic as 
one of probability revision in everyday life as a crucial variable 
of content. The representation of a problem may, in addition, 
be directed by knowledge about statistical rules such as Bayes's 
theorem, but this is not an important factor in the case of our 
subjects. Instead of searching for heuristics, understood as 
general, all-purpose rules which are independent of context 
and content, we suggest an analogy between perceptual judg- 
ment and probability judgment as a working hypothesis. The 
analogy concerns the investigation of variables that direct the 
problem representation, such as stimulus position, variation, 
repetition, temporal order, spatial order, and other contextual 
variables that define the presentation of information, direct 
attention, and influence perceptual judgment (e.g., Birnbaum, 
1982; Hell, 1987; Parducci, 1974). 

In Search of  a General Perspective 

Our working hypothesis was that base rate use is dependent 
on an internal problem representation. We consider this 
internal representation to be mediated by two factors, first, 
the presentation of information in the actual experiment, 
which directs the distribution of attention over the informa- 
tion available, and second, the previous experience with the 
content of the problem (Figure 5). We conjecture that base 
rate neglect is not a general property of the human mind and 
that the representativeness heuristic is not a general-purpose 
strategy in probability revision problems. If our hypothesis is 
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Figure 5. A schema of human probability revision as an alternative 
to the general cognitive heuristics view. 
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correct, then questionnaires and other methods of  displaying 
a problem are not mere neutral tools but are of essential 
theoretical relevance. For instance, because questionnaires 
cannot make crucial structural components such as random 
sampling visible and manipulable, they will generate a prob- 
lem representation different from the method used in our 
engineer-lawyer study. Verbal assertions alone cannot always 
replace visual experience. 

Duncker (1935/1945, p. 1) asked the question, "How does 
the solution arise from the problem situation?"; however, 
most recent experimenters, in effect, ask the question, "How 
does the solution arise from a general cognitive heuristic?" 
Duncker's emphasis, as well as that of  Ach (1905) and Messer 
(1906), was on the stimulus side, whereas more recent expla- 
nations seek general-purpose heuristics of the brain that are 
believed to operate more or less independently of  the presen- 
tation of  information as well as of  the content of  the problem. 
We suggest Figure 5 as a general perspective. Probability 
revision and base rate use is understood as dependent on 
external presentation of  information and internal content- 
dependent experience. What is the relation between this per- 
spective and the heuristics view? In order to answer, we must 
distinguish different versions of  the heuristics view. If, in 
probability revision problems, representativeness is consid- 
ered as a general, all-purpose heuristic where only structure, 
not content and presentation, counts (Gigerenzer & Murray, 
1987, chapter 5), then the present perspective, although gen- 
eral, contradicts it. Moreover, this perspective also differs 
from the weaker interpretation that people have a tendency 
to use a representativeness heuristic in probability revision 
problems, because, as we suggest, presentation and content 
largely determine whether a representativeness judgment is 
made or not. We consider a representativeness heuristic a 
special case, one elicited by factors that are irrelevant from 
the standpoint of  a purely structural theory. There is experi- 
mental evidence that probability judgments are influenced by 
the presentation of  information. Examples of  variables affect- 
ing probability judgments are (a) visual observation of  likeli- 
hoods and base rates (e.g., Christensen-Szalanski & Beach, 
1982); (b) visual observation of  random sampling (Experi- 
ment 1); (c) order of  presentation of  problems (e.g., Duncker, 
1935/1945; tentative evidence from Experiment 1); (d) repe- 
tition of  information (e.g., Gigerenzer, 1984); and (e) intrain- 
dividual variation of  information (Birnbaum & Mellers, 1983; 
tentative evidence from Fischhoff, Slovic, & Lichtenstein, 
1979). Furthermore, content-dependent experience has been 
shown to affect base rate use (e.g., Alker & Hermann, 1971; 
Evans, Brooks, & Pollard, 1985). 

We conjecture that given two problems with the same 
formal structure, the presentation of  information and the 
content are so crucial that base rate use can be produced in 
one case but representativeness strategies in the other. If  we 
are correct, then the apparently contradictory results found 
since the 1960s--from "conservatism" to "base rate neglect," 
the very antithesis of  "conservatism"--are what is to be 
expected in studies on probability revision unless the "tech- 
nical" modes of  information presentation and the "irrelevant" 
content of  the problems are controlled and incorporated into 
a theory of  judgment under uncertainty. 
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