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It is claimed that people are unable (or unwilling) to incorporate prior probabilities into posterior assessments,
such as their estimation of the likelihood of a person with characteristics typical of an engineer actually being an
engineer given that they are drawn from a sample including a very small number of engineers.
This paper shows that base rates are incorporated in classiﬁcations (Experiment 1) and, moreover, that base
rates also aﬀect unrelated judgments, such as how well a provided description of a person ﬁts a stereotypical
engineer (Experiment 2). Finally, Experiment 3 shows that individuals who make both types of assessments –
though using base rates to the same extent in the former judgments – are able to decrease the extent to which
they incorporate base rates in the latter judgments.

1. Introduction
Consider the following problem:
One thousand people were tested in a study. Participants were a mixture
of engineers and lawyers. Jack is a randomly chosen participant in this
study. Jack is 36 years old. He is not married and is somewhat introverted.
He likes to spend his free time reading science ﬁction and writing computer
programs. How likely is Jack to be an engineer?
The most plausible way to answer such a question it is to use one's
knowledge about the characteristics of engineers and lawyers and to
apply these stereotypes in classifying Jack as a member of one of these
groups. Such classiﬁcations are probabilistic in nature, and usually
noted p(engineer). Such an expression of probabilistic knowledge is
simpliﬁed however, as every probability estimate is conditioned on a
population (Caves, 1990). For example, people think about how likely
Jack is to be an engineer given that he has particular characteristics
(Gavanski & Hui, 1992). Thus, the probabilistic statement can be more
accurately expressed as p(classiﬁcation | population), i.e., p(engineer | people having these particular characteristics). The better that the
description of Jack ﬁts the stereotype of an engineer, the more likely
one is to assume that Jack is an engineer. This is termed the
representativeness heuristic (Kahneman & Tversky, 1972, 1973).
What is the “stereotype” on which the assessment is conditioned? By
and large, the stereotype can be understood as the likelihood of a
person having particular characteristics given that they are an example
of a group, i.e., p(characteristics | engineer). In the engineer-lawyer
problem a particular set of features, such as being an introvert with an
interest in sci-ﬁ, is highly probable given that the person described is
drawn from a population of engineers, and thus ﬁts the stereotype well.

Judgments based on stereotypes and classiﬁcations seem to be inversely
based on the same data. Moreover, people make use of stereotypes
when asked to make classiﬁcations, but when asked about a stereotype
they might use a particular example to construct it. In short, people
think of a stereotypical engineer by recalling the characteristics of a
person they are highly familiar with, and they classify a new person as
an engineer if they ﬁt this stereotype. The two probability assessments,
namely p(characteristics |classiﬁcation) and p(classiﬁcation| characteristics) are inherently confounded. For example, people in Europe and
the USA, where there have recently been terrorist attacks by Islamic
extremists, might be unable to distinguish the conditional probability of
a person being a terrorist given that they are a Muslim: p(classiﬁcation |characteristics), and the probability of being a Muslim given that
one is a terrorist: p(characteristics | classiﬁcation). However, these
probabilities are quite diﬀerent, which can easily be illustrated by
substituting “male” for “Muslim”. Most terrorists are male while very
few males are terrorists.
Researchers have been interested in how such classiﬁcations of a
person as belonging to a particular class can take into account prior
probabilities, with a base rate coming from a particular sample rather
than from a sample of convenience. People are expected to use
information provided by an experimenter, i.e., the introductory sentence in the engineer-lawyer problem is as follows: One thousand people
were tested in a study. Participants were 5 engineers and 995 lawyers. Here,
people are required to estimate p(engineer | sample). Doing so should
lead them to respond that it is more likely that Jack is a lawyer (De
Neys & Feremans, 2013; Pennycook & Thompson, 2016). The reasoning
behind this is that - considering the overwhelming number of lawyers, it
is more likely that a person is a non-stereotypical lawyer than a
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comes from a sample underrepresented among engineers: p(engineer |characteristics, sample). So, for example, if, given a description,
one thinks that the probability of a person being an engineer is 80%,2
the probability estimate would be only slightly aﬀected by the new base
rate (i.e., 5/1000) rather than being an average of the two probabilities.
The reason for this is that people update their probabilistic beliefs too
slowly given new evidence (Oaksford & Chater, 2009), even when their
prior beliefs are based merely on guessing (Krueger & Clement, 1994).
Thus, in base rate neglect tasks the new evidence (the base rate in
the relevant sample) would be included in an internal model of the
external world (stereotype) using a particular weight from a previous
model and a weight for the new evidence. As in Bayesian statistical
inference, where evidence updates a priori beliefs, individuals will
update their a priori probability assessments in the light of a new piece
of evidence (Dienes, 2011; Gigerenzer & Hoﬀrage, 1995). Alternatively,
the updated beliefs might be a result of cognitive algebra (Anderson,
1974).3 Here, stronger evidence would aﬀect probability assessments to
a greater degree than weaker evidence. Consistently automatic processing of base rates sometimes fails, for example, where a base rate is not
extreme (e.g., 300/700) rather than being a typically extreme ratio
(e.g., 5/995), see Pennycook, Fugelsang, and Koehler (2012). Also, the
more related the sample base rate, or the less diagnostic the individuating source of information, the greater the reliance on base rates (BarHillel, 1980; Koehler, 1996).
To summarize this introduction, research has consided three
possibilities with respect to base rates: (1) people ignore base rates;
(2) people have probability-driven intuitions which are low in salience;
(3) people update their a priori beliefs in the light of new evidence, with
diﬀerent weights being assigned to diﬀerent sources of information. The
predictions of these models were investigated in the following three
experiments.

stereotypical engineer.
Research shows that people systematically fail to condition their
probability estimates on provided base rates, thus displaying so called
base rate neglect (Christensen-Szalanski & Bushyhead, 1981). Authors
in the heuristics and biases tradition claim that social stereotypes are a
vivid and easy to understand source of information and are therefore
processed eﬀortlessly, using so called Type 1 processes
(Evans & Stanovich, 2013). In contrast, probability is an abstract
concept and requires eﬀort to understand, with so called Type 2
processes being used. This diﬀerence in diﬃculty of processing results
in a preference for stereotypes over base rates (Barbey & Sloman, 2007).
Such claims have been systematically challenged over the years,
since some data suggest that base rates are more likely incorporated in
probabilistic judgments if an estimate conditioned on a sample which is
relevant (Koehler, 1996; Laming, 2007). Some researchers have gone
further, showing that this incorporation is eﬀortless and intuitive
(Pennycook & Thompson, 2012). For example, Pennycook, Trippas,
Handley, and Thompson (2014) asked people to consider a set of base
rate problems and either rely on (a) their beliefs or (b) statistics. Results
showed that base rates aﬀected posterior probability estimates under
both instructions, suggesting that the processing of base rates has an
intuitive character which does not require conscious deliberation (and
therefore is a Type 1 rather than a Type 2 process), and interacts or
competes with other intuitions for ultimate control over behaviour.
Despite being available without eﬀort, the salience of probabilistic
intuitions of this type is low, and therefore they usually lose out in an
internal conﬂict with stronger and more vivid intuitions such as beliefs
or stereotypes (De Neys, 2014; De Neys & Białek, 2017; Pennycook,
Fugelsang, & Koehler, 2015).
To sum-up this line of research, two sources of information compete
over ultimate judgments (stereotypes and base rates). These diﬀer in
salience, but are claimed to be intuitive. The degree to which base rates
have a major impact on judgments depends on many factors, such as
their format of presentation (Gigerenzer & Hoﬀrage, 1995) sample
representativeness (Obrecht & Chesney, 2013) and whether people are
prompted to reﬂect (Obrecht & Chesney, 2016).
Such models describing base rate usage compare two probabilistic
judgments: p(classiﬁcation) and stereotype-ﬁt, but neglect the fact that
each probability is already conditioned on a particular sample. More
speciﬁcally, a classiﬁcation already has a base rate on which it is
conditioned, although this base rate is subjectively selected by a person
at the time the classiﬁcation has to be made.
In the heuristics and biases tradition researchers require participants to use the abstract base rates they are presented with (e.g., the
numbers of engineers and lawyers in a sample) and to draw conclusions
based uniquely on these base rates. In other words, people should assess
the probability of Jack being an engineer given that he is drawn from a
particular, non-representative sample: p(engineer | sample in the experiment). Experiments show, however, that people condition their assessments on another more speciﬁc sample, i.e., p(engineer | sample with
particular characteristics). Thus, base rate neglect does not reﬂect an
inability to process probabilistic information, but an inability to
substitute an experience-based base-rate with a newly presented baserate.1 Thus, such substitution is diﬃcult for people, as is ignoring one's
own beliefs when tracking logical validity in reasoning (Newstead,
Pollard, Evans, & Allen, 1992; Trippas, Thompson, & Handley, 2016).
Given this diﬃculty, the best a person can do is to combine the two
sources of information to form one joint basis on which to condition
their assessment. For example, a decision maker can evaluate how
likely Jack is to be an engineer given his characteristics and that he

2. Experiment 1
Given the above line of reasoning, it is to be expected that people
make a particular probability assessment based on their beliefs, which
they subsequently update to make particular classiﬁcations. For instance, people classify Jack as an engineer based on their belief about
how representative an introvert sci-ﬁ fan is as an example of an
engineer. However, instead of this, in the base rate neglect tradition,
people would be expected to use the base rate provided by the
experimenter (e.g., 5 engineers and 995 lawyers), thus classifying
Jack as a member of the more frequently represented group in the
sample (i.e., lawyers). I speculated that individuals do not neglect the
new evidence provided in instructions, but they consider the two base
rates jointly. Consistent with this, I expected peoples' probability
assessments to be updated bidirectionally according to the new
evidence provided by the base rate in a sample (as shown previously
by many resarchers, among them Bar-Hillel (1980); Fischhoﬀ and BarHillel (1984); Pennycook et al. (2014). Compared to the use of assumed
a priori probabilities with no base rate information provided, a high
base rate would be expected to increase, and a low base rate to
decrease, the estimated probability of a case being an example of a
particular group. The positive veriﬁcation of this hypothesis would
disprove Model 1 (the complete base rate neglect hypothesis), but could
not distinguish between Models 2 and 3.

2
A plausible estimation, given that in pilot studies with similar material the
description ﬁtted a particular stereotype, with a rating of 8 points on a 1–10 scale, (De
Neys & Glumicic, 2008).
3
A discussion of the nature of the updating of beliefs is beyond the scope of this paper,
as there are several – Bayesian and non-Bayesian – models that are under investigation
(Douven & Schupbach, 2015a, 2015b; Douven & Wenmackers, 2015).

1

There is an issue with problems where no previous base rate is available, such as the
proportions of blue and green cabs in an unknown abstract city, as used in the well know
cab problem of Gigerenzer and Hoﬀrage (1995). Research suggests, that in such cases
people use a 50–50 base rate instead (Einhorn & Hogarth, 1985; Fischhoﬀ & De Bruin,
1999).
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Table 1
Average probabilities assigned to classiﬁcations based on stereotypes, depending on the base rate assigned.
Stereotype

Low base rate

No information

High base rate

ANOVA, F(2, 99)

Engineer
Tattoo
Fireman
Doctor
Pilot

52.8
49.8
40.2
47.9
37.2

68.9
70.5
57.4
55.7
64.6

83.8
84.2
81.9
90.1
70.7

12.073,
13.490,
17.176,
18.657,
12.269,

(4.6)
(5.0)
(4.9)
(5.1)
(4.8)

(4.8)
(5.2)
(4.3)
(4.4)
(5.8)

(3.9)
(4.3)
(5.1)
(5.3)
(5.6)

p
p
p
p
p

<
<
<
<
<

0.001,
0.001,
0.001,
0.001,
0.001,

ηp2 = 0.209
ηp2 = 0.214
ηp2 = 0.258
ηp2 = 0.274
ηp2 = 0.199

Data in cells are means (and SDs).

that the probability assessments of participants in Experiment 1 were
expressed as the conditional probability of Jack being an engineer given
his characteristics and given that he was drawn from a particular
sample: p(engineer│characteristics, sample). Thus, the newly presented
base rate was not neglected but incorporated into the population on
which the probability was conditioned, although to an insuﬃcient
degree to change the categorical decision. Speciﬁcally, Jack, described
as being an introvert sci-ﬁ fan, was still classiﬁed as an engineer rather
than a lawyer, but he was more likely to be classiﬁed an engineer in a
sample where there were many engineers (the estimated probability
was about 85%), and only slightly more likely to be so classiﬁed in a
sample in which there were far more lawyers (the estimated probability
was just above 50%). The likelihood of him being classiﬁed as an
engineer when there was no information about the particular sample
from which he was drawn was about 70%, suggesting that this estimate
served as a basis for the assessments made in the experimental
conditions. Thus, when classifying Jack as a member of a particular
group participants used information from the two sources available, but
gave priority to the stereotype-based information.
The nature of the above integration of information is as yet
unknown. Recent work suggests that usage of base rates is automatic
in nature, and is therefore beyond an individual's control. Here,
“beyond control” means that: (1) such information is automatically
processed where only base rates related to a problem are considered
(see Bar-Hillel, 1980), and; (2) individuals are aware only of the
outcome of this intuitive process. Following this reasoning, if both base
rates and social information are processed intuitively they should
inﬂuence each other but if only base rates related to stereotypes are
intuitive, while incorporating base rates for samples is eﬀortful, the
inﬂuence should be unidirectional. Simply put, reﬂective processing of
base rates should aﬀect the probability that Jack is assessed as being an
engineer given the sample he is drawn from, but should not aﬀect
irrelevant probability assessments, e.g., the degree to which the
description of Jack ﬁts the stereotype of an engineer: p(characteristics | classiﬁcation). Experiment 1 showed that intuitive processing of base
rates aﬀected assessments of how likely a person described was to be an
engineer, thus, individuals provided probabilities such as p(classiﬁcation |characteristics, sample). But a question remains as to whether base
rates can aﬀect stereotype ﬁt ratings: the conditional probability of a
person having particular characteristics given that they are an engineer,
i.e., p(characteristics│stereotypical engineer).

2.1. Participants
Participants were recruited using the Amazon mTurk platform. Of
106 participants, 55 were female and the mean age was 37 years
(SD = 11.6, range = 18–76). They were paid for their eﬀorts and
debriefed afterwards.
2.2. Materials and procedure
Participants solved ﬁve base rate problems from (Pennycook et al.,
2014), who adapted these from the work of De Neys and Glumicic
(2008). These problems were similar to the lawyer-engineer problem
presented in the Introduction. In addition to stating the characteristics
of a particular person, some problems provided information about the
sample from which the person was randomly selected (the base rate
conditions), while other problems did not provide such information
(the control condition). Where the base rate was provided, the sample
contained either a large or a small number of individuals ﬁtting a
stereotype (3 vs. 997 in a sample of 1000; high or low base rate
conditions respectively). For each participant the nature of each trial
(which of the three conditions) was randomly determined. Thus, there
were 3 × 3 × 3 × 3 × 3 = 243 combinations of possible sets of
problems. Because of this design, analyses were performed within
problems and not within participants. Regardless of the nature of the
problem, participants always responded to the question: How likely is it
that X is a Y, e.g., How likely is it that Jack is an engineer?
A control item testing participants' attention was also included. Here
people were required to respond “I read the instructions” to a question
regarding their hobby.
2.3. Data reduction
Four participants who failed the attention test (they provided their
hobby instead of inserting the required statement “I read the instructions”) were removed from the database prior to analysis.
2.4. Results
Average probability estimates of a person being identiﬁed as an
example of a group are presented in Table 1, from which it can be seen
that base rates were incorporated into probability assessments. Moreover, the eﬀect size of this inﬂuence can be considered quite large for a
psychological experiment (ηp2 ranged from 0.199 to 0.274). Thus, it
was conﬁrmed that base rates inﬂuenced probabilistic judgments.

3. Experiment 2
To test whether base rates aﬀect all probability assessments rather
than just classiﬁcation, the classical design of the base rate task was
modiﬁed to ask people to assess how well a particular description of a
person matched a social stereotype, rather than – as in other base rate
studies –asking them to assess the probability of a particular person
being an exemplar of a stereotype. In this modiﬁed base rate task
people were provided with redundant information about base rates
which was not required to assess a stereotype and which should have
been omitted from consideration. However, if the judgments are
confounded base rates should inﬂuence the process of assessing a

2.5. Discussion
People update their a priori base rates with new base rates, with
greater weight being assigned to the former than the latter.4 It seems
4
It would be expected that - compared to new evidence - less well-grounded a priori
base rates, such as those provided in the description of the experiment, would have lower
weightings, and well-grounded base rates, such as those based on social stereotypes,
would have higher weightings.
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related social stereotype. This prediction originates from previous
research where people had diﬃculty in diﬀerentiating between the
two inverse probabilities p(characteristics│classiﬁcation) and p(classiﬁcation| characteristics) – so called inverse fallacy (Domurat,
Kowalczuk, Idzikowska, Borzymowska, & Nowak-Przygodzka, 2015;
Villejoubert & Mandel, 2002). Thus, base rates can aﬀect both estimates. Speciﬁcally, low base rates should decrease the descriptionstereotype match and high base-rates should increase it.
3.1. Participants
Participants were recruited and paid via Amazon mTurk. Of 106
participants, 51 were female, and the mean age of participants was
25 years (range = 20–69, SD = 12.75).
3.2. Materials and procedure
A diﬀerent eight problems from the same source as those in
Experiment 1 were used. An example problem was as follows:
One thousand people were tested in a study. Kurt was a randomly chosen
participant in this study. Among the participants there were 3 who lived in a
condo and 997 who lived in a farmhouse. Kurt works on Wall Street and is
single. He works long hours and wears Armani suits to work. He likes
wearing sunglasses.
The most signiﬁcant change compared to studies carried out by
authors in the heuristics and biases tradition is that the question used in
previous studies was: What is the probability that Kurt lives in a condo?
This was changed to a question about stereotype assessment by asking:
“How well does the description of Kurt ﬁt the stereotype of a person living in
a condo?”, with the intention of obtaining a probability estimate of p
(characteristics│classiﬁcation). In such a formulation the base rate
information is superﬂuous, but, if its processing is automatic, being
triggered by detection of relevant information, it should be used when
solving the problem and aﬀect responses.
To test the prediction above, each participant was presented with
four items, two with high base rates and two with low base rates. The
order of presentation was randomized and items were counterbalanced
across individuals and conditions. People evaluated description-stereotype ﬁt using a 1–100 scale, labelled 1 - not at all and 100 - ﬁts perfectly.5

Fig. 1. Mean ﬁt ratings between stereotypes and characteristics of an individual,
depending on the base rate assigned. Bars represent 95% conﬁdence intervals.

because the estimates came from diﬀerent samples and were related
to diﬀerent problems, the comparison of the eﬀect sizes is not decisive.
Further investigation is required to see whether the base rates indeed
diﬀer in strength when aﬀecting judgments which they should aﬀect
(classiﬁcations) and which they should not aﬀect (stereotype ﬁt
assessments).
A question remains about the ability to control base rate processing.
It is unknown whether people need to make an eﬀort to combine
provided information with their prior beliefs, or whether the inﬂuence
is eﬀortless and uncontrolled as some would suggest (e.g., see the
previously cited work of Valerie Thompson and colleagues).
To answer this question we can look at the ability to resist impulsive
thoughts and to rely on eﬀortful Type 2 processes. Some people – those
with high cognitive reﬂection abilities as measured by the Cognitive
Reﬂection Test (CRT; Frederick, 2005) – are more able to control their
cognitive processes by overriding intuitive responses and incorporate
information obtained by reasoning. Therefore, if base rates are used
intuitively, they should aﬀect classiﬁcations with equal strength
regardless of the reﬂectivity of the decision maker (valid intuitions
will not be inhibited), but they should aﬀect stereotype ﬁt ratings only
for individuals scoring low on the CRT (invalid intuitions will be
inhibited by reﬂective individuals). However, if base rates require
reﬂection for them to be incorporated they should only aﬀect classiﬁcations made by reﬂective individuals and not aﬀect such people's
stereotype ﬁt ratings (only valid information will be incorporated by
reﬂective individuals); the impact of base rates would, however, be
equally weak in low reﬂective individuals, regardless of whether they
are relevant or not (base rates will not be incorporated).

3.3. Results
Descriptive statistics are presented in Fig. 1.
A one-way within-subjects ANOVA was used to test the impact of
base rates. A signiﬁcant eﬀect was obtained, F(1104) = 10.99;
ƞp2 = 0.096, p = 0.001, conﬁrming the impact of base rates on
evaluations of social stereotypes. Speciﬁcally, problems with high base
rates were associated with higher stereotype ﬁt ratings compared to
problems with low base rates.
3.4. Discussion
In contrast to classical research on base rates, base rates aﬀected
other related judgments such as stereotype ﬁt assessments (despite
these being superﬂuous here). It seems that individuals were unable to
distinguish between assessments which should take the same base rate
into account and assessments which should neglect this base rate. The
two types of judgments, p(characteristics│classiﬁcation) and p(classiﬁcation | characteristics), were aﬀected by sample base rates, but the
former eﬀect was around double the size of the latter. However,

4. Experiment 3
This experiment extended the ﬁndings of Experiments 1 and 2 by
comparing the use of base rates in a classical base rate task (probability
estimations given stereotypical descriptions and base rates) with their
use in a newly developed modiﬁed base rate task (description-stereotype ﬁt ratings given descriptions and base rates) while controlling for
participants' cognitive reﬂection abilities. Additionally, participants
were asked to declare whether or not they solved any of the CRT tasks
prior to this experiment.

5
Note that individuals were not directly asked about probabilities. Yet asking how well
a description ﬁts a stereotype tests the likelihood that a person has particular
characteristics given that they originate from a stereotypical sample. So, by providing
stereotype ﬁt ratings people assess how likely a person is to wear Armani suits and
sunglasses given that he is a stereotypical person living in a condo.
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Eight base rate tasks from Pennycook et al. (2014) were randomly
selected for the experiment. Of these eight problems, four were
presented in a classical manner (i.e., for the previously described
problem involving Kurt they were asked, how likely is Kurt to live in a
condo?) and four others were presented in modiﬁed versions by asking,
how well does the description of Jack ﬁt the stereotype of an engineer? Two
problems of each type had high and low base rates. All four items in
each group of questions were presented in randomized order and
counterbalanced for the type of base rate (low vs. high) assigned to a
particular problem.
All estimations were performed on a 1–100 scale, labelled 1 - not at
all and 100 - ﬁts perfectly (stereotype ﬁt rating) or 1 - improbable and 100
- certain (probability assessment). Finally, each individual took the CRT.
This measures willingness to override an initial response by reﬂecting
in three simple numerical tasks (Pennycook & Ross, 2016). As in
Experiment 1, a control item testing participants' attention was also
included. Here, again, individuals were required to respond “I read the
instructions” to a question regarding their hobby.

main eﬀect for base rate, F(1, 90) = 17.786, p < 0.001, ηp2 = 0.165,
which interacted with problem type, F(1, 90) = 6.078, p = 0.016,
ηp2 = 0.063. CRT score produced no signiﬁcant main eﬀect, F(1, 90)
= 1.198, p = 0.315, ηp2 = 0.038, but did interact with problem type, F
(1, 90) = 2.796, p = 0.045, ηp2 = 0.085. The three-way interaction
was non-signiﬁcant, F(1, 90) = 2.052, p = 0.112, ηp2 = 0.064.
Decomposition of the base rate by problem type interaction showed
greater use of base rates for classiﬁcations, F(1, 90) = 23.850,
p < 0.001, ηp2 = 0.209, than for stereotype ﬁt ratings, F(1, 90)
= 2.908, p = 0.092, ηp2 = 0.031.
The same data were analysed with Bayesian modelling using JASP
(Love et al., 2015), which compares all possible models by weighting
evidence for their support. Bayes Factor (B) can be understood as
weighted probability of compared models, e.g. B = 5 suggests that a
model of interest is ﬁve times better supported by evidence compared to
the alternative model, while B = 0.02 means that the alternative model
is ﬁve times better supported by the evidence (Dienes, 2014). The
analysis showed that inclusion of the base rate variable led to model
improvement (B > 50,000), and that the data were inconclusive for
inclusion of the base rate by task interaction (B = 1.024). This value
did not vary with subsequently collected data points, thus an additional
explanatory moderator is necessary, which was not included in this
experiment. Finally, the Bayesian analysis revealed that there was
substantial evidence against the inclusion of any other variables in the
analysis or their interactions, including the expected impact of CRT
scores (B < 0.3).

4.3. Data reduction

4.5. Discussion

Ten participants were excluded from analysis because they failed
the attention check (they provided their hobby instead of inserting the
required statement “I read the instructions”).

Once again it was shown that base rates aﬀect probabilistic
judgments. There is strong evidence that base rates aﬀect classiﬁcations
(Experiments 1 and 3), and less consistent evidence that base rates also
aﬀect stereotype ﬁt ratings (Experiment 2, p < 0.01, while in
Experiment 3, p < 0.10). The diﬀerence between the impact of base
rates on stereotype ﬁt ratings and classiﬁcations obtained in
Experiment 3 can be explained by people making subjective comparisons of the validity of base rates: some participants could have learned
during the experiment that base rates seem more relevant to one type of
task compared to the other, and therefore inhibited their incorporation
into stereotype ﬁt ratings. Yet, this ability to inhibit incorporation of
base rates was not due to cognitive reﬂection. Future research should
clarify this issue, e.g., by investigating the eﬀect of numeracy or
working memory on usage of base rates.

4.1. Participants
Participants were recruited and paid using the CrowdFlower platform. Of 104 participants, 34 were female and their mean age was
40 years (range = 16–77, SD = 13.46).
4.2. Materials and procedure

4.4. Results
The means of participants' probability estimations are presented in
Fig. 2. Because estimations were performed on diﬀerent scales (despite
all being expressed on a 1–100 scale) and made for four diﬀerent
problems, they were standardized to permit comparisons.
To test the hypothesis relating to the usage of base rates a 2 (base
rate: low vs. high; within-subjects) × 2 (problem type: probability vs.
stereotype; within-subjects) × 4 (CRT score; between-subjects) ANOVA
with Sidak correction was used. The analysis revealed a signiﬁcant

Fig. 2. Mean standardized classiﬁcations and stereotype ﬁt ratings obtained in Experiment 3. Bars represent 95% conﬁdence intervals.
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5. General discussion

since the match between how well a set of characteristics corresponds
to the stereotype of an engineer is unrelated to the number of engineers
in any sample. These reversed conditional probabilities are often
confounded and (because of this) related. It follows that people can
have diﬃculty in applying base rates to only the classiﬁcations and not
to the stereotype-ﬁt assessments.
The reported ﬁndings have a signiﬁcant impact on how we understand the human mind and sources of rationality. In the classical view,
people have diﬃculty with decision making under risk because they
lack the skill or cognitive resources to represent prior and posterior
probabilities in a valid way, and distort them in probability weighting
functions (Kahneman & Tversky, 1979). In this heuristics and biases
tradition people are described as cognitive misers who do not make an
eﬀort to process available information, but who prefer to rely on
simpler (but not always reliable) processing using heuristics. If, under
special conditions, people engage in deliberative processing, their
judgments are more valid (Barbey & Sloman, 2007). Contrary to what
has often been thought, the three experiments reported in this paper,
together with a long line of previous experiments, show that base rates
are not neglected, but, rather, they are insuﬃciently incorporated into
probabilistic judgments.
The nature of such incorporation is not easily understood as
cognitive reﬂection was shown not to moderate its usage, which
implied that both high and low reﬂective individuals incorporated base
rates into both types of judgments. The dual process theory describing
the intuition-reﬂection distinction does not constitute a straightforward
theoretical model which can explain base rate usage. Speciﬁcally, this
would predict that, when classifying, more reﬂective individuals would
incorporate base rates to a greater extent (Noori, 2016; Toplak,
West, & Stanovich, 2011). However, I found no such evidence in a task
in which people made two types of choice rather than just making
simple classiﬁcations based on descriptions. I will not go into deeper
discussion as to whether base rate neglect requires a dual-process model
explanation, but, considering that all probabilistic judgments are
conditioned, it is misleading for such models to classify conditional
probabilities as involving Type 2 processes. A more plausible theory
would assume that both base rates (from samples provided and from
samples of convenience) are available intuitively, and that their
appropriate integration requires eﬀort or cognitive control.
The task which required people to make two types of judgments
serendipitously produced an interesting and unexplained eﬀect.
Speciﬁcally, for this task the incorporation of base rates in stereotype
ﬁt ratings was suppressed compared to cases when such ratings were
provided independently. This shows that people can have some control
over applying base rates, with the eﬀect size associated with base rates'
impact on classiﬁcations remaining constant (ηp2 was approximately
0.20), but this impact being signiﬁcantly reduced when making
stereotype ﬁt ratings (ηp2 decreased from 0.09 to 0.03). So, people
can learn to use base rates or, more speciﬁcally, inhibit their incorporation if only people realise that they are sometimes superﬂuous.
Similarly, people can learn to overcome beliefs when assessing logical
validity during unsupervised learning in the context of performing twoalternative forced choice tasks involving syllogisms (Trippas,
Verde, & Handley, 2014). Thus, people can learn to control information
from vivid sources (such as beliefs), and it is therefore quite likely that
in certain conditions they can also learn to use base rates eﬃciently. In
turn, this ability can signiﬁcantly increase the accuracy of their
judgments.

A series of three experiments showed how base rates are incorporated into probabilistic judgments. This is yet more evidence contradicting the idea of so called base rate neglect – a suggested ignorance of
abstract probabilistic information. My interpretation of the present data
is that people do not make probability estimates in void, i.e. the
expression p(classiﬁcation) is too abstract to be made. Instead people
condition their beliefs on particular base rates, and the nature of this
selection of the base rate was in fact investigated when studying base
rate neglect. Speciﬁcally, it has been shown that people condition their
judgments on samples of convenience rather than on uninformative
samples from whole society when making judgments. For example,
when facing the engineer-lawyer problem and asked to classify a person
to a group based on characteristics people use the conditional probability of a person being an engineer, given that the person is drawn
from a set of people with certain characteristics: p(classiﬁcation│characteristics). Thus, people internally answer a question “what's the
proportion of engineers in a sample of people who are introvert sci-ﬁ
enthusiast?”. It is obviously more likely that someone is an engineer if
they are drawn from a set of people who match the stereotype of an
engineer than if they are drawn at random from a whole society: p
(classiﬁcation│society). Consequently, people overestimate the likelihood of such person being an engineer, which is termed the
representativeness heuristic.
It has been suggested that people's use of such narrow conditioning
is incorrect (Koehler, 1996). Consider a problem described by
Pennycook and Thompson (2016), who point out that if a resident of
Toronto meets a tall, burly, hockey-stick wielding man wearing a
Toronto Maple Leafs jersey they should not think that he is a
professional hockey player. Why? Because Toronto has 2.5 million
residents but there are only 19 Maple Leafs hockey players. Thus, the
probability that a randomly encountered person is a professional
hockey player is far below 1 per mile, and therefore the person is
unlikely to be a team member.
This example seems completely counterintuitive. Imagine an extreme case where you meet a famous person, e.g., Justin Bieber. Since
the probability that a random person in Toronto is Bieber (assuming he
is in Toronto at the moment) is 19 times lower than in the hockey
example, after considering base rates you should be even more certain
that the person is not Bieber than the man with the hockey stick is not a
Maple Leafs player. How could you then ever think that a person is
Bieber, as the odds are always highly against a person being Bieber? To
overcome this paradox you could, however, think of how likely a
person is Bieber given he looks like Bieber. Conditioned on this base
rate the probability is not that low anymore. Similarly, you should think
of how many people are Toronto Maple Leafs players given they are
tall, burly, hockey-stick wielding man. I′d say with this assumption the
probability of the encountered person being a Maple Leaf team member
is higher than him not being one, and people who'd classify him this
way are not neglecting the base rates at all.
As I argue, complete reliance on base rates would lead to paradoxes.
Complete neglect of base rates would also be also irrational. Given that
you see a person who looks like Bieber, but he is now in Berlin and you
are currently in Toronto, you should consider not only the likelihood
that the person is Bieber given that he comes from a sample of look-alike people: p(classiﬁcation│characteristics), but also that he is most
likely to be still in Berlin, and therefore the chances of meeting him in
Toronto are quite low: p(classiﬁcation | characteristics, sample).
Yet, the signiﬁcant contribution of this paper is in showing that base
rates are incorporated not only into such classiﬁcations (as they should
be), but also into reversed probability assessments, such as how well a
characteristic ﬁts a stereotype: p(characteristics | classiﬁcation). The
incorporation of base rates is unnecessary in this type of judgment
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