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Abstract

How good are people’s statistical intuitions? Recent research has highlighted that sequential experience of statistical informa-
tion improves adults’ statistical intuitions relative to situations where this information is described. Yet little is known about
whether this is also the case for children’s statistical intuitions. In a study with 100 children (8—11 years old) and 100 adults
(19-35 years old), we found that sequentially experiencing statistical information improved both adults’ and children’s infer-
ences in two paradigmatic reasoning problems: conjunction and Bayesian reasoning problems. Moreover, adults’ statistical
competencies when they learned statistical information through description were surpassed by children’s inferences when
they learned through experience. We conclude that experience of statistical information plays a key role in shaping children’s
reasoning under uncertainty—a conclusion that has important implications for education policy.
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Accurate statistical intuitions are crucial for coping with
the demands of an uncertain world. How do people make
statistical inferences, and how good are their statistical intui-
tions? Recent research has highlighted that feedback, learn-
ing opportunities, and firsthand experience with statistical
information elicit different judgments and decisions than do
symbolic descriptions of this information. In risky choice,
for instance, people make systematically different choices in
description-based monetary gambles than they do when they
learn about outcomes and their relative frequencies from
experience (for reviews of this description—experience gap,
see Hertwig & Erev, 2009; Rakow & Newell, 2010; for a
meta-analysis, see Wulff et al., 2018). Description—experi-
ence gaps have also been demonstrated in categorization
(Nelson et al., 2010), social interaction in strategic games
(Martin et al., 2014), decisions under ambiguity (Dutt et al.,
2014; Giiney & Newell, 2015), causal reasoning (Rehder &
Waldmann, 2017), intertemporal choice (Dai et al., 2019),
and, importantly, statistical intuitions (Lejarraga & Hertwig,
2021; Schulze & Hertwig, 2021).
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Increasing the level of experiential involvement is thought
to improve people’s statistical intuitions (e.g., Schulze &
Hertwig, 2021). In this context, it is helpful to understand
description and experience not as dichotomous but as spread
across a continuum (e.g., Rakow & Newell, 2010; Schulze &
Hertwig, 2021). Accordingly, described frequency formats
that reflect part of the underlying original experience (i.e., a
series of events) have been shown to improve several types
of inferences, including Bayesian inferences (Gigerenzer
& Hoffrage, 1995; McDowell & Jacobs, 2017) and infer-
ences about conjunctive events (Fiedler, 1988; Hertwig &
Gigerenzer, 1999; Tversky & Kahneman, 1983). Moreover,
Hogarth and Soyer (2011) showed that offering individuals
the opportunity to directly experience simulated outcomes of
probabilistic processes in otherwise description-based infer-
ence tasks (e.g., conjunction problems, Bayesian problems,
the Monty Hall problem) improved the inferences of both
naive and statistically versed individuals. Furthermore, Arm-
strong and Spaniol (2017) found that Bayesian inferences
made on the basis of experience resulted in more accurate
estimates of posterior probabilities than when a described
format was used (see also Wegier & Shaffer, 2017).

Although previous work has garnered much insight into
how experience shapes adults’ statistical intuitions, little is
known about the link between children’s statistical intui-
tions and the sequential experience of statistical information.
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Previous research has mainly focused on children’s reason-
ing in either description-based or experience-based situ-
ations. In this article, we directly compare children’s and
adults’ statistical reasoning in paradigmatic inference prob-
lems—conjunction problems and Bayesian problems—in
description-based and experience-based formats.

Children’s statistical inferences
in description and experience

Conjunction and Bayesian problems are paradigmatic rea-
soning problems that have been studied with children and
that, in described formats, even adults tend to fail (e.g., Gig-
erenzer & Hoffrage, 1995; Tversky & Kahneman, 1983). In
classic conjunction problems, a stereotypical description of
a hypothetical person and their interests or characteristics
is provided, and participants judge the likelihood of attrib-
utes that either fit or do not fit the described stereotype as
well as the conjunction of attributes (e.g., Davidson, 1995;
Tversky & Kahneman, 1983). Participants tend to judge the
conjunction of stereotypical and nonstereotypical attributes
as more probable than nonstereotypical attributes, thus vio-
lating the conjunction rule—a judgment often referred to
as the conjunction fallacy. When 9-year-olds were famil-
iar with the stereotype invoked by a problem, comparable
rates of conjunction-rule violations were found in both
children and adults (Morsanyi et al., 2017). Although the
role of experience in children’s reasoning about conjunctive
probabilities has not yet been investigated, a closely related
statistical competency—the ability to solve class inclusion
problems—suggests that experience plays an important role.
Class inclusion problems, like conjunction problems, require
that inclusion relationships be considered (Reyna, 1991) and
are readily solved by children of a certain age (see, e.g.,
Winer, 1980). Importantly, the two types of problems differ
in representation format: Class inclusion problems typically
present information about frequencies in analogical pictorial
formats, whereas description-based conjunction problems
rely on probability formats that do not “leak” numerosity
information.

Bayesian reasoning requires individuals to update their
beliefs about uncertain events in light of new data—a key
competence within the rational choice framework. In a typi-
cal description-based problem, participants provide an exact
Bayesian posterior probability based on relevant statistics
presented as conditional probabilities (e.g., Gigerenzer
& Hoffrage, 1995). Solving such problems is a challeng-
ing task; no children aged 9-12 years (Zhu & Gigerenzer,
2006), and an estimated 4% of adults (McDowell & Jacobs,
2017) correctly solved this type of problem. However,
when the statistical information was presented in a natural
frequency format—thus retaining more of the underlying

experience—adults’ Bayesian inferences improved consid-
erably (Gigerenzer & Hoftrage, 1995; McDowell & Jacobs,
2017), and 12-year-olds’ inferences were comparable to
those of adults in a conditional probability format (Zhu &
Gigerenzer, 2006; but see Pighin et al., 2017). Using non-
numeric icon array representations of natural frequencies,
Gigerenzer et al. (2021) showed that children as young as 7
years old have accurate Bayesian intuitions: Second-graders
solved 22% to 32% of all Bayesian problems; fourth-graders
solved 50% to 60%. Finally, Girotto and Gonzalez (2008)
tested children’s ability to qualitatively update predictions
based on new evidence, without needing to provide an exact
posterior probability. They found that from the age of 5,
children accurately revised their predictions consistent with
the normative Bayesian standard when they were given new
information about a drawn sample verbally.

Although this previous developmental work on Bayesian
reasoning involves features that reflect some of the under-
lying experience, natural frequencies and icon arrays are
nevertheless descriptive formats. Experience goes beyond
the presentation of summed frequencies, static pictorial rep-
resentations, or verbal descriptions of samples: It typically
involves interaction with the environment to understand its
statistical structure—for instance, by sampling informa-
tion sequentially (Hertwig et al., 2018; Schulze & Hertwig,
2021). Several studies have investigated the benefits of
experiential sampling for adults’ ability to solve statistical
inference problems (e.g., Armstrong & Spaniol, 2017; Hoga-
rth & Soyer, 2011; Wegier & Shaffer, 2017) and to make
choices that satisfy Bayes’s theorem (Domurat et al., 2015),
but no developmental work directly investigates the effect
of sequential sampling.

To fill this gap, we evaluated the role of sampling experi-
ence in improving children’s statistical reasoning, by pitting
children’s and adults’ inferences in experience-based con-
junction and Bayesian problems against their description-
based reasoning. To compare text-based descriptions of
statistical information to the sequential experience thereof,
we focused on children aged 8 to 11 years, as they were
able to read description-based problems. This age range
is comparable to those in previous developmental studies
investigating children’s ability to reason in accordance with
Bayes’s theorem and the conjunction rule (e.g., Davidson,
1995; Gigerenzer et al., 2021; Morsanyi et al., 2017; Zhu
& Gigerenzer, 2006). Moreover, to connect with seminal
work on the role of experience in improving adults’ statisti-
cal intuitions, we followed the approach taken by Hogarth
and Soyer (2011), in which sampling experience is added
to a summary description. This setup allowed us to explore
whether experience can help children overcome the non-
transparency of equivalent descriptions.

How will sampling experience affect children’s statisti-
cal reasoning compared to description? Recent research on
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the development of statistical intuitions in infancy suggests
a beneficial effect of experience for children’s inferences
and has shown that babies possess a remarkable ability to
draw accurate statistical inferences from finite samples (for
a review, see Denison & Xu, 2019). For example, infants
infer the properties of populations from a randomly drawn
sample (Xu & Garcia, 2008), integrate physical informa-
tion about objects when making statistical inferences (Téglas
et al., 2007), and take into account attributes of sampling
agents (Xu & Denison, 2009). Comparable statistical infer-
ence abilities have been found in humans’ closest relatives,
great apes, and even in birds (e.g., Bastos & Taylor, 2020;
Eckert et al., 2018; Rakoczy et al., 2014). Because infants
and nonhuman animals can neither produce nor process
symbolic descriptions of the world, their statistical intuitions
have been studied in paradigms that involve experiencing
statistical information. In a recent review, we showed that
the distinction between described and experienced statisti-
cal information is crucial to understanding seemingly puz-
zling differences in infants’ and adults’ abilities to reason
statistically (Schulze & Hertwig, 2021). The experimental
paradigms used with infants, animals, and adults also differ
in other ways (for a summary of further, complementary fac-
tors that may play a role, see Schulze & Hertwig, 2021), but
the description—experience distinction is a thread running
through research on statistical intuitions and its surprisingly
incongruent results and conclusions (see also Lejarraga &
Hertwig, 2021). We now turn to an experiment that aims to
bridge research on the development of statistical intuitions
in early childhood with research on the role of experience in
improving adults’ statistical intuitions.

Experiment: Description and experience
across development

We presented children and adults with two types of reason-
ing problems—conjunction problems and Bayesian prob-
lems—in either an experience-based or a description-based
format. Various experimental paradigms have been used to
study children’s ability to make accurate Bayesian inferences
(e.g., Gigerenzer et al., 2021; Girotto & Gonzalez, 2008;
Pighin et al., 2017; Zhu & Gigerenzer, 2006) and their incli-
nation to violate the conjunction rule (e.g., Davidson, 1995;
Morsanyi et al., 2017; Morsanyi & Handley, 2008). With
the exception of Zhu and Gigerenzer (2006), who compared
children’s Bayesian inferences in a natural frequency and a
conditional probability format, the experimental procedures
of these prior studies did not vary the degree of experiential
involvement. To identify conjunction and Bayesian problems
best suited for both children and adults, we conducted a pilot
study in which we tested conjunction and Bayesian problems
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in a frequency format paired with icon arrays; Appendix 1
summarizes method and results.

Method
Participants

We recruited 100 children (ages 8-11 years, mean age 9.43
years, 50 female) and 100 adults (ages 19-35 years, mean
age 26.16 years, 57 female) via the subject pool of the Max
Planck Institute for Human Development and at the Natu-
ral History Museum in Berlin, Germany. A power analy-
sis, based on the effect sizes reported in studies examin-
ing related forms of experiential involvement (e.g., natural
frequency formats; McDowell & Jacobs, 2017), informed
sample size prior to recruitment (using G*Power software;
Faul et al., 2007). Fifty participants in each age group were
assigned to each of two between-subjects conditions: a
description-based probabilities format and an experience-
based sampling format.! Participants received a perfor-
mance-based payment (earning €1 for each correct infer-
ence), and an additional flat fee (children and parents who
traveled to the Max Planck Institute for Human Development
received €10; all others received €5). The experiment was
reviewed and approved by the institutional review board of
the Max Planck Institute for Human Development and par-
ticipants gave informed consent prior to taking part in the
study.

Materials

The experiment was administered as a series of paper-and-
pencil questions. Participants made a total of four inferences
on two conjunction problems and two Bayesian problems
(the order of which was counterbalanced across partici-
pants). The conjunction problems were based on child-
friendly versions of the Linda problem (adapted from Mor-
sanyi et al., 2017; Morsanyi & Handley, 2008); the Bayesian
problems were child-friendly versions adapted from Zhu
and Gigerenzer (2006). Appendix 2 lists all inference prob-
lems used in their description-based and experience-based
formats.

In the description-based problems, participants ranked
hypotheses according to their probability of being true
in the conjunction problems (see Tversky & Kahneman,
1983) and provided posterior probability estimates in the

! For children, assignment aimed to ensure a balanced age and gen-
der distribution across conditions; for adults, assignment was contin-
gent on the availability of an experimenter to conduct the sampling
procedure.
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Fig. 1 Illustration of a sampling cards and b sampling procedure used in the experience-based conditions of the experiment. The parent of the
depicted participant gave written consent for the photo to be published in this article

Bayesian problems (e.g., Gigerenzer & Hoffrage, 1995;
see Appendix 2). In the experiential format, participants
experienced sequential sampling of all elements featured
in the problem (see, e.g., Armstrong & Spaniol, 2017), then
provided a response in a frequency format (see Appendix
2; e.g., Gigerenzer & Hoffrage, 1995; Hertwig & Gigeren-
zer, 1999). The sampling procedure is illustrated in Fig. 1
and was carried out with four sets of 9 X 6-cm custom-
made playing cards, one for each problem (see Vallée-Tou-
rangeau et al., 2015). The number of cards in each problem
matched the frequencies stated in the scenario. We imple-
mented this card-based sampling procedure (rather than a
computerized form of simulated experience; e.g., Hogarth
& Soyer, 2011) to make the task appealing for children,
reduce memory load (the entire sample remained avail-
able), and allow participants to directly engage with the
information (e.g., handling and sorting the cards).

Procedure

Participants were tested individually. Adults in the descrip-
tion-based condition completed the task by themselves; for
children and in the experiential adult condition, the experi-
menter was present during the experiment. All participants
were informed that they would be presented with a series of
puzzles and that they could earn additional money for cor-
rect responses. In the conditions in which the experimenter
was present, participants sat at a table with the experimenter
at an adjacent side, facing the participant (see Fig. 1b). The
experimenter read each problem aloud, encouraging partici-
pants to read along, ask questions if they had any, and take
as much time as needed to solve each problem to the best
of their ability.

The sampling procedure started with the experimenter
placing a deck of cards on the table and revealing four
cards that showed all possible outcomes in the scenario
(see Fig. 1a). The experimenter then returned the four
cards to the deck, shuffled all the cards, and drew cards one
by one, placing each on the table in front of the participant
and verbalizing the information shown (or engaging the
participant to do so). The cards were positioned in groups
of each of the four possible outcomes in a predetermined
order to facilitate understanding. In the Bayesian prob-
lems, the cards were placed in the order of the information
listed in the scenario (see Appendix 2). In the conjunc-
tion problems, cards showing the conjunctive event were
placed between cards showing the stereotypical and non-
stereotypical constituents (see Fig. 1b).

Data analysis

All data are available via the Open Science Framework and can be
accessed at https://osf.io/ajb3v/. In addition to conventional meth-
ods of null-hypothesis significance testing, we conducted Bayesian
statistical analyses, based on Bayesian contingency analyses using
independent multinomial sampling (Jamil et al., 2017). For these
analyses, we report Bayes factors, denoted as BF |, that quantify
the strength of evidence in favor of the alternative hypothesis,
where BF, > 1 indicates support for the alternative hypothesis and
BF,, < 1 indicates support for the null hypothesis. Conventionally,
a BF, between 3 and 20 (0.33-0.05) is interpreted as indicating
positive evidence for the alternative (null) hypothesis, 20 to 150
(0.05-0.0067) as strong evidence, and greater than 150 (<0.0067)
as very strong evidence (Kass & Raftery, 1995). All Bayes factors
were estimated in JASP (Version 0.16; JASP Team, 2021).
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Fig.2 Proportion of a responses consistent with the conjunction rule
and b correct Bayesian responses for children and adults in experi-
ence-based and description-based reasoning conditions. Dashed lines

Results

Figure 2a shows the proportion of responses consistent with the
conjunction rule (i.e., the probability/frequency of both constitu-
ents is higher than, or equal to, that of the conjunctive event; see
Fiedler, 1988) given by children and adults in description-based
and experience-based representation formats, respectively. The
large majority of adults (97%) and children (87%) judged the
stereotypical constituents to be most probable/frequent on both
conjunction problems, indicating a general familiarity with the
invoked stereotypes.? Figure 2b shows the proportion of correct
Bayesian responses given by children and adults in each repre-
sentation format. We used a strict outcome criterion to evaluate
responses and counted only those as correct that numerically
exactly matched the solution prescribed by Bayes’s theorem
(rounded to the nearest integer; see Zhu & Gigerenzer, 2006).
When the information was conveyed in a description-
based probability format, overall, adults correctly solved
18% of the Bayesian problems and gave rule-consistent
responses for 48% of the conjunction problems. Children
solved fewer problems in accordance with the statistical rule:
3% of the Bayesian problems and 19% of the conjunction
problems.® When they sequentially experienced the statistical

2 Exclusion from the analyses of participants who failed to identify
the stereotypical constituent as most likely/frequent on one or both of
the conjunction problems (three adults, 13 children) did not change
any of the reported conclusions.

3 Based on previous findings (see Zhu & Gigerenzer, 2006), we did
not expect children aged 8-11 years to be able to estimate Bayesian
posterior probabilities in the description-based task format. To our
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compare children’s statistical inferences in experience with adults’
inferences in description and show a description—experience (D-E)
gap across age groups (see Discussion)

information, both adults’ and children’s inferences improved
considerably: Overall, adults solved 79% of Bayesian prob-
lems and 95% of conjunction problems; children solved 53%
and 84%, respectively.

To quantify the associations between participants’ statisti-
cal intuitions and the level of experiential involvement, we
analyzed participants’ number of correct Bayesian responses
and responses consistent with the conjunction rule for each
age group and type of reasoning problem separately, as
shown in Table 1. Striking description—experience gaps
emerged for both age groups and both types of reasoning
problems. In fact, across age groups, the odds of not violat-
ing the conjunction rule on any problem were 12.59 times
higher in experience than in description; the odds of cor-
rectly solving all Bayesian problems were 32.33 times higher
in experience than in description.

Discussion

Even the youngest learners regularly face uncertain conse-
quences and statistical information. How do children learn to
deal with an uncertain world and what role does experience

Footnote 3 (continued)

surprise, three children answered the first Bayesian problem correctly
(see Table 1). Further inspection of their data indicated that two of
these children had answered both Bayesian problems by inverting
the false-alarm rates (responding 60% and 47% to the first and sec-
ond problems, respectively; see Appendix Table 3). Three adults also
showed this response pattern. Excluding these five participants from
the analyses did not change any of the reported conclusions.
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Table 1 Number of children’s and adults’ correct Bayesian responses and responses consistent with the conjunction rule, and statistical evalua-

tion of the associated description—experience gaps

Age group Experiential involve- Number of correct/rule-consistent Description—experience gap
Reasoning problem ment responses
0/2 12 2/2 7 p BF
Children (8-11 years)
Conjunction problem Description 34 13 3 60.28 <.001 5.61x10'
Experience 0 16 34
Bayesian problem Description 47 3 0 46.49 <.001 8.53x10°
Experience 14 19 17
Adults (19-35 years)
Conjunction problem Description 22 8 20 32.31 <.001 8.10x10°
Experience 0 5 45
Bayesian problem Description 35 12 3 49.68 <.001 9.68x10'°
Experience 4 13 33

Note. For all chi-square tests df = 2. BF, denotes Bayes factors that quantify the strength of evidence in favor of the alternative hypothesis (BF,
> 1 indicates support for the alternative hypothesis; BF, < 1 indicates support for the null hypothesis). Bayes factors were estimated under the
assumption that rows were sampled as independent multinomials with their total fixed (see Jamil et al., 2017)

play in guiding their statistical intuitions? We found that
sequential experience—as opposed to text-based descrip-
tions—of statistical information improved both children’s
and adults’ reasoning in key inference problems. Moreover,
experiencing statistical information boosted children’s and
adults’ inferences to a similar extent. Indeed, although adults
outperformed children in both description and experience,
children’s experience-based inferences were superior to
adults’ inferences in description. This result mirrors research
on the “natural frequency facilitation effect” in Bayesian
reasoning, showing that 12-year-olds’ inferences in a natural
frequency format matched those of adults in a conditional
probability format (Zhu & Gigerenzer, 2006).

To connect with existing work on the role of experience
in improving adults’ statistical intuitions (e.g., Armstrong
& Spaniol, 2017; Hogarth & Soyer, 2011; Wegier & Shaf-
fer, 2017), we compared text-based descriptions of statisti-
cal information to the sequential experience thereof. Par-
ticipants therefore had to be of at least elementary school
age in order to read and understand the description-based
problems. However, we would expect the beneficial effects
of experience to be demonstrable for younger age groups as
well. One important direction for future research is to com-
pare younger children’s statistical intuitions in experience
with age-appropriate descriptive formats. The remarkable
inference abilities that have recently been demonstrated in
preverbal infants and nonhuman animals (Denison & Xu,
2019; Rakoczy et al., 2014) support the idea that experiential
formats are conducive to appropriate statistical inferences for

even the youngest learners. We (Schulze & Hertwig, 2021)
recently argued that the description—experience dimension
is key to resolving the striking discrepancy between research
suggesting that babies are born intuitive statisticians and
research deeming adults’ statistical inferences to be in con-
flict with even “the simplest and the most basic qualitative
law of probability” (Tversky & Kahneman, 1983, p. 293).
In studies, infants must experience the statistical texture of
the experimental microworld; in contrast, studies with older
children and adults typically feature description-based and
symbolic problem representations. This systematic and prev-
alent difference may contribute to the paradoxical impres-
sion of infant competence and adult failure in statistical
inferences (Schulze & Hertwig, 2021). Had we contrasted
adults’ statistical inferences in description with children’s
inferences in experience in the present study (see dashed
lines in Fig. 2), we would have concluded that children
outperformed adults on two paradigmatic reasoning skills.
Rather than indicating a developmental reversal, however,
this result can be attributed to experimental protocol.
What might be the mechanisms underlying the benefi-
cial effect of experience for children’s and adults’ statisti-
cal inferences? Several mechanisms have been suggested
by which experience can facilitate appropriate statistical
inferences, including by reducing computational difficulty,
allowing for incremental learning, and enabling reliance
on internal states as a source of information (e.g., Schulze
& Hertwig, 2021). In our study, sampling experience may
have improved children’s and adults’ inferences by easing
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computational demands. In conjunction problems, the
sequential exposure to conjunctive events illustrated their
numerosity, thus likely disambiguating the mathematical
context and the applicability of the conjunction rule (see
Hertwig & Gigerenzer, 1999). In Bayesian problems, the
sequential experience of observations relieved participants
of the need to process and operate on conditional probabili-
ties or Arabic numerals and allowed them to make accurate
inferences based on their ability to count and combine rel-
evant observations (cf. Gigerenzer et al., 2021)—an ability
typically emergent at preschool age (Gelman & Gallistel,
1978). Nonnumeric static icon array formats have been
argued to render Bayesian inferences computationally sim-
pler via a similar mechanism and have been shown to elicit
Bayesian intuitions in second-graders and fourth-graders
(Gigerenzer et al., 2021), as well as to improve adults’
Bayesian reasoning (e.g., Brase, 2009). Future research
should compare the effects of static pictorial or summed
frequency formats to the effects of sequential experience.

Although experience improved children’s and adults’
inferences to a similar extent and potentially via a similar
process, the cognitive mechanisms underlying their sta-
tistical reasoning may nevertheless be different (see, e.g.,
Carey, 2009; Reyna & Brainerd, 1995). Moreover, expe-
rience-based and description-based notions of probabil-
ity may follow distinct developmental trajectories. Thus,
another important question for future research is how cog-
nitive mechanisms engaged by description and experience
develop (see also Schulze & Hertwig, 2021). Experiential
formats can require costly information acquisition that taxes
working memory; these demands may contribute to age-
related differences in decision making (Rakow & Rahim,
2010). In the Iowa gambling task, for instance, reducing
memory demands on children aged 7-11 years by giving
them descriptive information about choice options before
they directly experienced outcomes considerably improved
their performance (van Duijvenvoorde et al., 2012). Here,
we reduced memory load by implementing a card-based
sampling procedure in which the entire sample remained
available throughout (see Vallée-Tourangeau et al., 2015)
and providing additional summary statistics to participants
(see Hogarth & Soyer, 2011).

The ability to deal with described probability formats
also appears to change significantly during development.
For instance, 5-7 year old children do not systematically
consider differences in expected value in risky choice when
asked to choose between options with stated outcomes and
probabilities, whereas children aged 8—11 years begin to
approach the performance of adults (Levin et al., 2007).
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Such age-related differences in choice under known risk
have been attributed to differences in working memory, sug-
gesting that the ability to deal with described probabilities in
making decisions is contingent on the maturation of cogni-
tive control processes (Kray et al., 2021). More generally,
understanding and executing described proportional calcula-
tions of probability appears to be a difficult skill for children
to learn (Bryant & Nunes, 2012) and may require formal
instruction. Fischbein and Gazit (1984) devised a teaching
program for children aged 10-13 years on basic concepts
of probability, including how to calculate the probabilities
of simple and compound events. They found that children’s
ability to understand these concepts and use them in a writ-
ten test increased sharply with age.

In sum, experience is a key factor in determining the accu-
racy of both children’s and adults’ statistical intuitions. In high-
lighting the significant role of experience in shaping children’s
inferences under uncertainty, this work has important implica-
tions for education policy. The description—experience distinc-
tion in risky choice has already fed into policy, for example, in
the areas of risk communication, economic market design, and
safe workplace practices (e.g., Erev & Roth, 2014; Hertwig &
Waulft, 2021; Yechiam et al., 2006). It can also be harnessed to
enrich formal education (Schulze et al., 2021) and, ultimately,
may help determine how early experience-based strategies for
dealing with uncertain information can support more formal
views of probability taught in school.

Appendix 1: Pilot study

To identify conjunction and Bayesian problems suited to
both children and adults, we conducted a pilot study for
which we recruited 10 children (age 8—11 years, mean age
9.20 years, four female) and 10 adults (age 21-37 years,
mean age 28.10 years, four female) via the subject pool
of the Max Planck Institute for Human Development. In
this pilot study, we included inference problems that had
previously been used with children in our target age range
and that elicited large numbers of adequate inferences.
For Bayesian reasoning, we adapted the natural frequency
format of the five problems by Zhu and Gigerenzer (2006)
that yielded at least 30% accuracy in a sample of adult
participants (see Pighin et al., 2017). For reasoning about
conjunctive probabilities, we adapted three problems
involving social stereotypes (as in the paradigmatic Linda
problem; for nonsocial conjunction problems used with
children, see, e.g., Chiesi et al., 2008; Fisk & Slattery,
2005) with which children of our target age range would
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Table 2 Summary of inference problems used in the pilot study
Inference problem Original study Scenario name Proportion of rule-consistent/correct

responses

Children Adults Mean
Conjunction problem Morsanyi and Handley (2008) Sarah 0.90 1.00 0.95%
Conjunction problem Morsanyi et al. (2017) Tom 0.60 1.00 0.80%*
Conjunction problem Davidson (1995) Mrs. Hill 0.30 1.00 0.65
Bayesian problem Zhu and Gigerenzer (2006) Red cards 0.50 0.90 0.70*
Bayesian problem Zhu and Gigerenzer (2006) Gloves 0.50 0.60 0.55%
Bayesian problem Zhu and Gigerenzer (2006) University students 0.30 0.70 0.50
Bayesian problem Zhu and Gigerenzer (2006) Headaches 0.30 0.70 0.50
Bayesian problem Zhu and Gigerenzer (2006) Red noses 0.10 0.80 0.45

Note. * Inference problems selected for the main study

likely be familiar.* Appendix Table 2 lists all inference
problems used in the pilot study with their sources.

The following adaptations were made to the original
problems. The five Bayesian problems were modified to use
first-person phrasing; to feature numerical information that
could be sampled swiftly (i.e., total population sizes smaller
than or equal to 40) but that preserved similar base rates,
hit rates, and false-alarm rates (see Hafenbridl & Hoffrage,
2015); and to include icon arrays that graphically displayed
the numerical information. The three conjunction problems
were modified to a frequency format (e.g., Hertwig & Gig-
erenzer, 1999) and included explicit frequency information
about a subset of the total population to which the prob-
lem referred (e.g., participants were asked to imagine 100
children who fitted a particular stereotype but received fre-
quency information about 20 randomly selected children;
see also Morsanyi et al., 2017). We also included icon arrays
that pictorially summarized the information. We relied on
icon arrays rather than a sampling procedure in the pilot
study to be able to test more scenarios within a given time

4 Additionally, we checked children’s familiarity with the stereotypes
by verbally asking them to judge which of two hypotheses was more
likely to be true, a stereotypical or a less stereotypical constituent
hypothesis. In all but two cases, children identified the stereotypical
hypotheses as more likely to be true.

frame without overtaxing children’s attention span. Under
the assumption that description and experience represent
concepts spread across a continuum (e.g., Rakow & New-
ell, 2010; Schulze & Hertwig, 2021), we understand natu-
ral frequencies and icon arrays as descriptive formats that
reflect part of the underlying original experience (see, e.g.,
Gigerenzer & Hoffrage, 1995).

In sum, participants in the pilot study made a total of
eight inferences (five Bayesian and three conjunction prob-
lems), earning €0.50 for each correct inference and an
additional flat fee for their participation. Appendix Table 2
summarizes the proportion of correct Bayesian responses
and responses consistent with the conjunction rule for each
problem, separately for adults and children. For the Bayesian
problems, we used a strict outcome criterion, counting only
those responses as correct that numerically exactly matched
the Bayesian solution (rounded to the nearest integer; see
Zhu & Gigerenzer, 2006).

Appendix 2: Reasoning problems used
in the experiment
Appendix Table 3 summarizes all conjunction and Bayesian

problems used in the experiment in both their description-
based and experience-based formats.
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Table 3 Child-friendly conjunction problems and Bayesian problems in both administration formats: Description-based (probability) and experi-

ence-based (sampling)

Description-based format

Experience-based format

Conjunction Problem 1

Tim lives in a house with a large garden. His favorite school subject
is playtime. He has many friends, and he loves sport. He collects
soccer stickers.

Mark the following statements with numbers 1 to 3 according to how
likely they are to be true. Mark the statement which is the most
likely to be true with 1, and the one which is the least likely to be
true with 3.

Tim plays soccer. [P]

Tim plays an instrument. [LP]

Tim plays soccer and an instrument. [C]

Conjunction Problem 2

Sarah is 12. She is very talkative and sociable. She goes to drama
classes, and she learns to play the guitar. She wants to be a pop
singer or an actress.

Mark the following statements with numbers 1 to 3 according to how
likely they are to be true. Mark the statement which is the most
likely to be true with 1, and the one which is the least likely to be
true with 3.

Sarah collects CDs. [P]

Sarah likes to cook. [LP]

Sarah likes to cook and collects CDs. [C]

Tim lives in a house with a large garden. His favorite school subject is
playtime. He has many friends, and he loves sport. He collects soccer
stickers.

Imagine 100 boys who are like Tim and who signed up for a summer
camp. You can now meet some of these boys, who were picked at
random for an assignment. Each card shows one randomly selected
boy. The card also shows you what the boy likes to do. Some boys
play soccer, others play an instrument, some play both, and some play
neither.

————— sampling phase -----

You have now seen that out of every 20 boys who are like Tim, 12 play
soccer, 3 play an instrument, and 2 play both soccer and an instru-
ment. You can look at the cards for as long as you like. You can also
rearrange them to understand the information as well as possible.
When you are ready, imagine you meet a group of 100 boys who are
like Tim. In other words, they live in houses with a large garden, their
favorite school subject is playtime, they have many friends, they love
sport, and they collect soccer stickers. What do you think:

How many of the 100 boys play soccer? __ of 100

How many of the 100 boys play an instrument? __ of 100

How many of the 100 boys play soccer and an instrument? __ of 100

Sarah is 12. She is very talkative and sociable. She goes to drama
classes, and she learns to play the guitar. She wants to be a pop singer
or an actress.

Imagine 100 girls who are like Sarah and who signed up for a summer
camp. You can now meet some of these girls, who were picked at ran-
dom for an assignment. Each card shows one randomly selected girl.
The card also shows you what the girl likes to do. Some girls collect
CDs, others like to cook, some do both, and some do neither.

————— sampling phase -----

You have now seen that out of every 20 girls who are like Sarah, 8
collect CDs, 2 like to cook, and 1 likes to cook and collects CDs. You
can look at the cards for as long as you like. You can also rearrange
them to understand the information as well as possible. When you are
ready, imagine you meet a group of 100 girls who are like Sarah. In
other words, they are very talkative and sociable, they go to drama
classes and learn to play the guitar, and they want to be a pop singer or
an actress. What do you think:

How many of the 100 girls collect CDs? __ of 100

How many of the 100 girls like to cook? __ of 100

How many of the 100 girls like to cook and collect CDs? __ of 100
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Table 3 (continued)

Description-based format

Experience-based format

Bayesian Problem 1

During a cold winter, the probability that people in a town hurt their
hands by the cold is 40%. If a person has hurt their hands, the prob-
ability that they wear gloves outside is 90%. If the person has healthy
hands, the probability that they wear gloves is 40%. Imagine you
meet a person from the town who wears gloves.

What is the probability that the person has hurt their hands? [60%]

Bayesian Problem 2

A group of children is playing a card game. Those children who get a
playing card with a picture of a cat on the front win a piece of candy.
The probability that a playing card has a cat picture on the front is
25%. If a playing card has a cat picture on the front, the probability
that it has a red back is 40%. If the playing card does not have a cat
picture on the front, the probability that it has a red back is 53%.
Imagine you draw a red playing card.

What is the probability that it will have a cat picture on the front?
[20%]

During a cold winter, some people in a town hurt their hands by the
cold and others did not. Of the people who have hurt their hands,
some wear gloves outside. Of the people with healthy hands, some
also wear gloves. You can now meet some people from this town.

Each card shows one of 25 people who were picked at random. The card
also shows you whether this person has hurt their hands or has healthy
hands, and whether the person wears gloves or not.

----- sampling phase -----

You have now seen that 10 out of every 25 people hurt their hands
by the cold. Of the 10 people who hurt their hands, 9 wear gloves
outside. Of the remaining 15 people with healthy hands, 6 also wear
gloves. You can look at the cards for as long as you like. You can also
rearrange them to understand the information as well as possible.
When you are ready, imagine you meet a group of people from the
town who wear gloves.

How many of them hurt their hands? ___ out of ___. [9 out of 15]

A group of children is playing a card game. Those children who get a
playing card with a picture of a cat on the front win a piece of candy.
Some playing cards have a cat picture on the front and others have no
cat picture. Of the playing cards with a cat picture, some have a red
back. Of the playing cards without a cat picture, some also have a red
back. You can now look at some playing cards.

Each card shows one of 20 playing cards that were picked at random.
The card also shows you whether this playing card has a cat picture on
the front or not, and whether the playing card has a red back or not.

----- sampling phase -----

You have now seen that 5 out of every 20 playing cards have a cat
picture on the front. Of these 5 playing cards with a cat picture, 2 have
a red back. Of the remaining 15 playing cards without a cat picture,

8 have a red back. You can look at the cards for as long as you like.
You can also rearrange them to understand the information as well as
possible. When you are ready, imagine you draw several red playing
cards.

How many of them have a cat picture on the front? ___outof ___.[2
out of 10]

Note. In the conjunction problems, participants in both conditions judged three hypotheses: a probable constituent (P), a less probable constitu-
ent (LP), and the conjoined hypothesis (C). For the Bayesian problems, correct answers are shown in square brackets

Acknowledgements We are grateful to Azzurra Ruggeri and Rahel
Schaake for supporting data collection, and we thank Deb Ain for edi-
torial assistance.

Funding Open Access funding enabled and organized by Projekt
DEAL.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Armstrong, B., & Spaniol, J. (2017). Experienced probabilities increase
understanding of diagnostic test results in younger and older
adults. Medical Decision Making, 37(6), 670-679. https://doi.
org/10.1177/0272989X17691954

Bastos, A. P. M., & Taylor, A. H. (2020). Kea show three signatures of
domain-general statistical inference. Nature Communications, 11,
Article 828. https://doi.org/10.1038/s41467-020-14695-1

Brase, G. L. (2009). Pictorial representations in statistical reasoning.
Applied Cognitive Psychology, 23(3), 369-381. https://doi.org/
10.1002/acp.1460

Bryant, P., & Nunes, T. (2012). Children’s understanding of probabil-
ity: A literature review. Nuffield Foundation.

Carey, S. (2009). The origin of concepts. Oxford University Press.
https://doi.org/10.1093/acprof:0s0/9780195367638.001.0001

Chiesi, F., Gronchi, G., & Primi, C. (2008). Age-trend-related dif-
ferences in tasks involving conjunctive probabilistic reasoning.

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1177/0272989X17691954
https://doi.org/10.1177/0272989X17691954
https://doi.org/10.1038/s41467-020-14695-1
https://doi.org/10.1002/acp.1460
https://doi.org/10.1002/acp.1460
https://doi.org/10.1093/acprof:oso/9780195367638.001.0001

2312

Psychonomic Bulletin & Review (2022) 29:2302-2313

Canadian Journal of Experimental Psychology, 62(3), 188-191.
https://doi.org/10.1037/1196-1961.62.3.188

Dai, J., Pachur, T., Pleskac, T. J., & Hertwig, R. (2019). What the future
holds and when: A description—experience gap in intertemporal
choice. Psychological Science, 30(8), 1218-1233. https://doi.org/
10.1177/0956797619858969

Davidson, D. (1995). The representativeness heuristic and the conjunc-
tion fallacy effect in children’s decision making. Merrill-Palmer
Quarterly, 41(3), 328-346.

Denison, S., & Xu, F. (2019). Infant statisticians: The origins of rea-
soning under uncertainty. Perspectives on Psychological Science,
14(4), 499-5009. https://doi.org/10.1177/1745691619847201

Domurat, A., Kowalczuk, O., Idzikowska, K., Borzymowska, Z., &
Nowak-Przygodzka, M. (2015). Bayesian probability estimates are
not necessary to make choices satisfying Bayes’ rule in elemen-
tary situations. Frontiers in Psychology, 6, Article 1194. https://
doi.org/10.3389/fpsyg.2015.01194

Dutt, V., Arl6-Costa, H., Helzner, J., & Gonzalez, C. (2014). The
description—experience gap in risky and ambiguous gambles.
Journal of Behavioral Decision Making, 27(4), 316-327. https://
doi.org/10.1002/bdm.1808

Eckert, J., Rakoczy, H., Call, J., Herrmann, E., & Hanus, D. (2018).
Chimpanzees consider humans’ psychological states when draw-
ing statistical inferences. Current Biology, 28(12), 1959-1963.
https://doi.org/10.1016/j.cub.2018.04.077

Erev, I., & Roth, A. E. (2014). Maximization, learning, and economic
behavior. Proceedings of the National Academy of Sciences,
111(Supplement 3), 10818-10825. https://doi.org/10.1073/pnas.
1402846111

Faul, F., Erdfelder, E., Lang, A.-G., & Buchner, A. (2007). G¥Power
3: A flexible statistical power analysis program for the social,
behavioral, and biomedical sciences. Behavior Research Methods,
39(2), 175-191. https://doi.org/10.3758/bf03193146

Fiedler, K. (1988). The dependence of the conjunction fallacy on sub-
tle linguistic factors. Psychological Research, 50(2), 123—-129.
https://doi.org/10.1007/BF00309212

Fischbein, E., & Gazit, A. (1984). Does the teaching of probability
improve probabilistic intuitions? Educational Studies in Math-
ematics, 15(1), 1-24. https://doi.org/10.1007/BF00380436

Fisk, J. E., & Slattery, R. (2005). Reasoning about conjunctive proba-
bilistic concepts in childhood. Canadian Journal of Experimental
Psychology, 59(3), 168—178. https://doi.org/10.1037/h0087472

Gelman, R., & Gallistel, C. R. (1978). The child’s understanding of
number. Harvard University Press.

Gigerenzer, G., & Hoffrage, U. (1995). How to improve Bayesian rea-
soning without instruction: Frequency formats. Psychological
Review, 102(4), 684-704. https://doi.org/10.1037/0033-295X.
102.4.684

Gigerenzer, G., Multmeier, J., Fohring, A., & Wegwarth, O. (2021).
Do children have Bayesian intuitions? Journal of Experimental
Psychology: General, 150(6), 1041-1070. https://doi.org/10.1037/
xge0000979

Girotto, V., & Gonzalez, M. (2008). Children’s understanding of pos-
terior probability. Cognition, 106(1), 325-344. https://doi.org/10.
1016/j.cognition.2007.02.005

Giiney, S., & Newell, B. R. (2015). Overcoming ambiguity aversion
through experience. Journal of Behavioral Decision Making,
28(2), 188-199. https://doi.org/10.1002/bdm.1840

Hafenbridl, S., & Hoffrage, U. (2015). Toward an ecological analy-
sis of Bayesian inferences: How task characteristics influence
responses. Frontiers in Psychology, 6, Article 939. https://doi.
org/10.3389/fpsyg.2015.00939

Hertwig, R., & Erev, I. (2009). The description—experience gap in risky
choice. Trends in Cognitive Sciences, 13(12), 517-523. https://doi.
org/10.1016/j.tics.2009.09.004

@ Springer

Hertwig, R., & Gigerenzer, G. (1999). The ‘conjunction fallacy’ revis-
ited: How intelligent inferences look like reasoning errors. Jour-
nal of Behavioral Decision Making, 12(4), 275-305. https://doi.
org/10.1002/(SICI)1099-0771(199912)12:4<275:: AID-BDM32
3>3.0.CO;2-M

Hertwig, R., Hogarth, R. M., & Lejarraga, T. (2018). Experience and
description: Exploring two paths to knowledge. Current Direc-
tions in Psychological Science, 27(2), 123—128. https://doi.org/
10.1177/0963721417740645

Hertwig, R., & Wulff, D. U. (2021). A description—experience frame-
work of the psychology of risk. Perspectives on Psychological
Science. Advance online publication. https://doi.org/10.1177/
17456916211026896

Hogarth, R. M., & Soyer, E. (2011). Sequentially simulated outcomes:
Kind experience versus nontransparent description. Journal of
Experimental Psychology: General, 140(3), 434—463. https://doi.
org/10.1037/a0023265

Jamil, T., Ly, A., Morey, R. D., Love, J., Marsman, M., & Wagenmak-
ers, E.-J. (2017). Default “Gunel and Dickey” Bayes factors for
contingency tables. Behavior Research Methods, 49, 638—652.
https://doi.org/10.3758/s13428-016-0739-8

JASP Team (2021). JASP (Version 0.16) [Computer software]. https://
jasp-stats.org

Kass, R. E., & Raftery, A. E. (1995). Bayes factors. Journal of the
American Statistical Association, 90(430), 773-795. https://doi.
org/10.1080/01621459.1995.10476572

Kray, J., Kreis, B. K., & Lorenz, C. (2021). Age differences in deci-
sion making under known risk: The role of working memory and
impulsivity. Developmental Psychology, 57(2), 241-252. https://
doi.org/10.1037/dev0001132

Lejarraga, T., & Hertwig, R. (2021). How experimental methods
shaped views on human competence and rationality. Psychologi-
cal Bulletin, 147(6), 535-564. https://doi.org/10.1037/bul0000324

Levin, I. P., Weller, J. A., Pederson, A. A., & Harshman, L. A. (2007).
Age-related differences in adaptive decision making: Sensitivity
to expected value in risky choice. Judgment and Decision Mak-
ing, 2(4), 225-233.

Martin, J. M., Gonzalez, C., Juvina, 1., & Lebiere, C. (2014). A
description—experience gap in social interactions: Information
about interdependence and its effects on cooperation. Journal of
Behavioral Decision Making, 27(4), 349-362. https://doi.org/10.
1002/bdm.1810

McDowell, M., & Jacobs, P. (2017). Meta-analysis of the effect of
natural frequencies on Bayesian reasoning. Psychological Bul-
letin, 143(12), 1273-1312. https://doi.org/10.1037/bul0000126

Morsanyi, K., Chiesi, F., Primi, C., & Sztics, D. (2017). The illusion of
replacement in research into the development of thinking biases:
The case of the conjunction fallacy. Journal of Cognitive Psy-
chology, 29(2), 240-257. https://doi.org/10.1080/20445911.2016.
1256294

Morsanyi, K., & Handley, S. J. (2008). How smart do you need to be
to get it wrong? The role of cognitive capacity in the development
of heuristic-based judgment. Journal of Experimental Child Psy-
chology, 99(1), 18-36. https://doi.org/10.1016/j.jecp.2007.08.003

Nelson, J. D., McKenzie, C. R. M., Cottrell, G. W., & Sejnowski, T.
J. (2010). Experience matters: Information acquisition optimizes
probability gain. Psychological Science, 21(7), 960-969. https://
doi.org/10.1177/0956797610372637

Pighin, S., Girotto, V., & Tentori, K. (2017). Children’s quantitative
Bayesian inferences from natural frequencies and number of
chances. Cognition, 168, 164-175. https://doi.org/10.1016/j.cogni
tion.2017.06.028

Rakoczy, H., Cliiver, A., Saucke, L., Stoffregen, N., Gribener, A.,
Migura, J., & Call, J. (2014). Apes are intuitive statisticians.
Cognition, 131(1), 60-68. https://doi.org/10.1016/j.cognition.
2013.12.011


https://doi.org/10.1037/1196-1961.62.3.188
https://doi.org/10.1177/0956797619858969
https://doi.org/10.1177/0956797619858969
https://doi.org/10.1177/1745691619847201
https://doi.org/10.3389/fpsyg.2015.01194
https://doi.org/10.3389/fpsyg.2015.01194
https://doi.org/10.1002/bdm.1808
https://doi.org/10.1002/bdm.1808
https://doi.org/10.1016/j.cub.2018.04.077
https://doi.org/10.1073/pnas.1402846111
https://doi.org/10.1073/pnas.1402846111
https://doi.org/10.3758/bf03193146
https://doi.org/10.1007/BF00309212
https://doi.org/10.1007/BF00380436
https://doi.org/10.1037/h0087472
https://doi.org/10.1037/0033-295X.102.4.684
https://doi.org/10.1037/0033-295X.102.4.684
https://doi.org/10.1037/xge0000979
https://doi.org/10.1037/xge0000979
https://doi.org/10.1016/j.cognition.2007.02.005
https://doi.org/10.1016/j.cognition.2007.02.005
https://doi.org/10.1002/bdm.1840
https://doi.org/10.3389/fpsyg.2015.00939
https://doi.org/10.3389/fpsyg.2015.00939
https://doi.org/10.1016/j.tics.2009.09.004
https://doi.org/10.1016/j.tics.2009.09.004
https://doi.org/10.1002/(SICI)1099-0771(199912)12:4<275::AID-BDM323>3.0.CO;2-M
https://doi.org/10.1002/(SICI)1099-0771(199912)12:4<275::AID-BDM323>3.0.CO;2-M
https://doi.org/10.1002/(SICI)1099-0771(199912)12:4<275::AID-BDM323>3.0.CO;2-M
https://doi.org/10.1177/0963721417740645
https://doi.org/10.1177/0963721417740645
https://doi.org/10.1177/17456916211026896
https://doi.org/10.1177/17456916211026896
https://doi.org/10.1037/a0023265
https://doi.org/10.1037/a0023265
https://doi.org/10.3758/s13428-016-0739-8
https://jasp-stats.org
https://jasp-stats.org
https://doi.org/10.1080/01621459.1995.10476572
https://doi.org/10.1080/01621459.1995.10476572
https://doi.org/10.1037/dev0001132
https://doi.org/10.1037/dev0001132
https://doi.org/10.1037/bul0000324
https://doi.org/10.1002/bdm.1810
https://doi.org/10.1002/bdm.1810
https://doi.org/10.1037/bul0000126
https://doi.org/10.1080/20445911.2016.1256294
https://doi.org/10.1080/20445911.2016.1256294
https://doi.org/10.1016/j.jecp.2007.08.003
https://doi.org/10.1177/0956797610372637
https://doi.org/10.1177/0956797610372637
https://doi.org/10.1016/j.cognition.2017.06.028
https://doi.org/10.1016/j.cognition.2017.06.028
https://doi.org/10.1016/j.cognition.2013.12.011
https://doi.org/10.1016/j.cognition.2013.12.011

Psychonomic Bulletin & Review (2022) 29:2302-2313

2313

Rakow, T., & Newell, B. R. (2010). Degrees of uncertainty: An over-
view and framework for future research on experience-based
choice. Journal of Behavioral Decision Making, 23(1), 1-14.
https://doi.org/10.1002/bdm.681

Rakow, T., & Rahim, S. B. (2010). Developmental insights into expe-
rience-based decision making. Journal of Behavioral Decision
Making, 23(1), 69-82. https://doi.org/10.1002/bdm.672

Rehder, B., & Waldmann, M. R. (2017). Failures of explaining away
and screening off in described versus experienced causal learning
scenarios. Memory & Cognition, 45(2), 245-260. https://doi.org/
10.3758/513421-016-0662-3

Reyna, V. F. (1991). Class inclusion, the conjunction fallacy, and
other cognitive illusions. Developmental Review, 11(4), 317-336.
https://doi.org/10.1016/0273-2297(91)90017-1

Reyna, V. F., & Brainerd, C. J. (1995). Fuzzy-trace theory: An interim
synthesis. Learning and Individual Differences, 7(1), 1-75.
https://doi.org/10.1016/1041-6080(95)90031-4

Schulze, C., & Hertwig, R. (2021). A description—experience gap in
statistical intuitions: Of smart babies, risk-savvy chimps, intui-
tive statisticians, and stupid grown-ups. Cognition, 210, Article
104580. https://doi.org/10.1016/j.cognition.2020.104580

Schulze, C., Hertwig, R., & Weyland, M. (2021). Wie Experimente
menschliche Rationalitit hervor- und wegzaubern [How experi-
ments can make human rationality appear and disappear]. Unter-
richt Wirtschaft + Politik, 11(3), 6-11.

Téglas, E., Girotto, V., Gonzalez, M., & Bonatti, L. L. (2007). Intui-
tions of probabilities shape expectations about the future at 12
months and beyond. Proceedings of the National Academy of
Sciences, 104(48), 19156-19159. https://doi.org/10.1073/pnas.
0700271104

Tversky, A., & Kahneman, D. (1983). Extensional versus intuitive
reasoning: The conjunction fallacy in probability judgment. Psy-
chological Review, 90(4), 293-315. https://doi.org/10.1037/0033-
295X.90.4.293

Vallée-Tourangeau, G., Abadie, M., & Vallée-Tourangeau, F. (2015).
Interactivity fosters Bayesian reasoning without instruction.
Journal of Experimental Psychology: General, 144(3), 581-603.
https://doi.org/10.1037/a0039161

van Duijvenvoorde, A. C. K., Jansen, B. R. J., Bredman, J. C., & Hui-
zenga, H. M. (2012). Age-related changes in decision making:
Comparing informed and noninformed situations. Developmental
Psychology, 48(1), 192-203. https://doi.org/10.1037/a0025601

Wegier, P., & Shaffer, V. A. (2017). Aiding risk information learn-
ing through simulated experience (ARISE): Using simulated
outcomes to improve understanding of conditional probabilities
in prenatal Down syndrome screening. Patient Education and
Counseling, 100(10), 1882—1889. https://doi.org/10.1016/j.pec.
2017.04.016

Winer, G. A. (1980). Class-inclusion reasoning in children: A review
of the empirical literature. Child Development, 51(2), 309-328.
https://doi.org/10.2307/1129264

Waulft, D. U., Mergenthaler-Canseco, M., & Hertwig, R. (2018). A
meta-analytic review of two modes of learning and the descrip-
tion—experience gap. Psychological Bulletin, 144(2), 140-176.
https://doi.org/10.1037/bul0000115

Xu, F., & Denison, S. (2009). Statistical inference and sensitivity to
sampling in 11-month-old infants. Cognition, 112(1), 97-104.
https://doi.org/10.1016/j.cognition.2009.04.006

Xu, F., & Garcia, V. (2008). Intuitive statistics by 8-month-old infants.
Proceedings of the National Academy of Sciences, 105(13), 5012—
5015. https://doi.org/10.1073/pnas.0704450105

Yechiam, E., Erev, 1., & Barron, G. (2006). The effect of experience
on using a safety device. Safety Science, 44(6), 515-522. https://
doi.org/10.1016/j.ss¢i.2005.11.006

Zhu, L., & Gigerenzer, G. (2006). Children can solve Bayesian prob-
lems: The role of representation in mental computation. Cogni-
tion, 98(3), 287-308. https://doi.org/10.1016/j.cognition.2004.
12.003

Open Practices Statement All data are available via the Open Science

Framework and can be accessed at https://osf.io/ajb3v/. All reasoning
problems used in the experiment are described in Appendix 2.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1002/bdm.681
https://doi.org/10.1002/bdm.672
https://doi.org/10.3758/s13421-016-0662-3
https://doi.org/10.3758/s13421-016-0662-3
https://doi.org/10.1016/0273-2297(91)90017-I
https://doi.org/10.1016/1041-6080(95)90031-4
https://doi.org/10.1016/j.cognition.2020.104580
https://doi.org/10.1073/pnas.0700271104
https://doi.org/10.1073/pnas.0700271104
https://doi.org/10.1037/0033-295X.90.4.293
https://doi.org/10.1037/0033-295X.90.4.293
https://doi.org/10.1037/a0039161
https://doi.org/10.1037/a0025601
https://doi.org/10.1016/j.pec.2017.04.016
https://doi.org/10.1016/j.pec.2017.04.016
https://doi.org/10.2307/1129264
https://doi.org/10.1037/bul0000115
https://doi.org/10.1016/j.cognition.2009.04.006
https://doi.org/10.1073/pnas.0704450105
https://doi.org/10.1016/j.ssci.2005.11.006
https://doi.org/10.1016/j.ssci.2005.11.006
https://doi.org/10.1016/j.cognition.2004.12.003
https://doi.org/10.1016/j.cognition.2004.12.003
https://osf.io/ajb3v/

	Experiencing statistical information improves children’s and adults’ inferences
	Abstract
	Children’s statistical inferences in description and experience
	Experiment: Description and experience across development
	Method
	Participants
	Materials
	Procedure
	Data analysis

	Results
	Discussion
	Acknowledgements 
	References


