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Highlights
Theories of decision making often
implicitly or otherwise assume that
people’s behavior is based on a highly
specific repertoire of representations of
the environment.

Such accounts rarely explain how the
aspects of the environment the repre-
sentations designate as important are
specified by people.
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A persistent metaphor in decision-making research casts people as intuitive
statisticians. Popular explanations based on this metaphor assume that the
way in which people represent the environment is specified and fixed a priori.
A major flaw in this account is that it is not clear how people know what aspects
of an environment are important, how to interpret those aspects, and how to
make decisions based on them. We suggest a theoretical reorientation away
from assuming people’s representations towards a focus on explaining how peo-
ple themselves specify what is important to represent. This perspective casts
decision makers as intuitive scientists able to flexibly construct, modify, and re-
place the representations of the decision problems they face.
We suggest that such specification
requires people to be capable of
detecting and correcting any potential
errors in their representations.

We describe problems resulting from the
lack of consideration of this aspect of
cognition in theories of decision making
and discuss potential solutions and
future directions.
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Mismatches of Scientists’ Expectations and People’s Behavior
People’s interpretation of and responses to experiments are often not what scientists expect
them to be. People identify patterns in randomly generated environments [1–4], detect non-
existent associations between unrelated events [5–7], and seek non-relevant information to
guide their decisions [8–10]. Experimental findings demonstrating such discrepancies between
scientists’ expectations and people’s behavior are numerous – how can such mismatches be
resolved?

Multiple lines of enquiry in decision-making research have attempted to answer this question. A
prominent one of these can be roughly characterized as based on rational mathematical models
such as expected utility and probability theory [11–16]. Such theories suggest that mismatches
are the results of systematic and unsystematic errors in the application of these models. A tradi-
tionally different line of research, based on a more explicit consideration of people’s cognitive and
natural environmental constraints, follows from the bounded rationality approach [17–21]. Under
this view, mismatches result from people’s use of heuristics: these tools can sometimes be too
crude, people sometimes misapply, or are just unaware of how to use them correctly. Although
these research traditions are often considered to be distinct and to imply qualitatively different
ways in which mismatches can emerge, we will argue that both of them are based on the meta-
phor that people are intuitive statisticians (see Glossary). Human choice, in this sense, reduces
to the application of statistical models to environments.

Advantageous decision making depends on the accuracy of people’s (mental) representations
[22] of how their environment behaves. The difficulty of developing representations of this sort is
known as the correspondence problem [23–25]. In the current paper we argue that the
fundamental flaw in theories that rely on the intuitive statistician metaphor is that the correspon-
dence problem is solved in advance by the researcher. Drawing on the research of related fields
[26–29], we outline a more fitting metaphor: one that casts people as intuitive scientists. In this
view, people act like scientists to understand and control the environment not just by applying,
but also by attempting to improve their representations. By considering how people themselves
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Glossary
Benchmark: a fixed statistical model of
the environment that an idealized version
of a person could apply to maximize
potential gains. It is typically constructed
either in line with the best representation
the experimenter could think of, or in line
with the best representation the
experimenter thought the participant
could think of.
Correspondence problem: the
difficulty of generating representations
that map accurately onto the
environment. The problem is always
present for decision making under
uncertainty (and thus virtually in all real-
life circumstances).
Flexible error correction: processes
aimed at the detection and elimination of
potential errors in any aspect of
representations. Necessarily has to
imply the ability to generate new
representations, including ways to
modify existing representations.
Intuitive scientist: a metaphor that
considers people capable of flexibly
improving their representations, besides
applying them. It entails capacity for
detecting and correcting errors in any
aspect of their representations.
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address the correspondence problem – that is, how they specify what to consider important in an
environment, how to interpret those aspects, and how to use them in their decisions – this
metaphor can help in providing a unified explanation for (i) the mismatches of people’s expected
and observed behaviors, (ii) people’s capability to flexibly represent decision environments, and
(iii) people’s capability to improve their representations. Additionally, we will consider the conse-
quences of this view for theories of rational choice and its implications for future experimental
work on decision making.

Intuitive Statisticians and the Correspondence Problem
Perhaps best embodied in Peterson and Beach’s metaphor [30], the idea that people are
intuitive statisticians has had a lasting influence on theories of decision making. This metaphor
unites rational and bounded rational research traditions through the (often implicit) assumption
that, to address the correspondence problem, people rely on a fixed repertoire of possible
representations of potential environments, which encapsulate all of the important aspects of
those environments (Box 1). The assumed repertoire of representations is routinely based on a
rational or bounded rational benchmark, which is essentially the researcher’s own solution to
the correspondence problem. Such representations can be likened to statistical models,
because, in many applications of statistical models, what the variables refer to and how they
are related to each other are highly specific and fixed a priori.

The major problem with this view is that defining what is important in any environment is not trivial
[31–35]. For example, variables in statistical models need to refer to regularities in the environment,
and there are an infinite number of ways a model can refer to these. Generating such connections
between statistical models and the environment always requires a chain of reasoning; it needs to
Intuitive statistician: a metaphor that
(at least implicitly) considers people’s
representations highly specific, and their
choice as the inflexible application of
these representations.
Representation: mental abstractions
of external environments that are
isomorphic to those environments in
certain ways. They also allow for the
simulation of counterfactuals, which can
aid people in making advantageous
decisions.

Box 1. Benchmark-Based Solutions to the Correspondence Problem

Intuitive statistician theories base the way in which people represent the environment on researchers’ benchmark solutions
to the correspondence problem. Explanations of people’s choices in now-classic base-rate neglect tasks [84,85] provide
a good example of such theorizing. In the paradigmatic task, participants were asked to assess the probability of a person
belonging to a particular group: they were given a personality description of a hypothetical person (consisting of
e.g., ‘married’, ‘conservative’, and ‘hobbies include mathematical puzzles’), and information about the base rate of group
membership (e.g., 70 lawyers, 30 engineers) in the particular population from which the individual was sampled.

When solving the correspondence problem for the task, researchers often focus on the information they intended the
participant to find important. In the rational tradition, a common starting point is to construct a ‘rational’ benchmark
representation of the task based on this information. A typical representation would be to introduce the base rate information into
a Bayesian equation alongwith a form of biasing influence. For example, an explanation in the Heuristics and Biases tradition [14]
would assume that people designate the base rates as important, but their use of the simplifying representativeness heuristic
makes them assign more weight to the particular group of which the personality description is representative. Note that such
a benchmark provides a fixed specification of the aspects of the task the researcher wanted the participant to find interesting
(the base rates and the personality descriptions), while ignoring every other aspect of the physical environment.

Although theories in the bounded rational tradition would start by specifying a more detailed benchmark that takes
people’s cognitive and environmental constraints into account, they take a similar approach in specifying what people find
interesting. For example, in the fast-and-frugal heuristics approach [19], the benchmark would include assumptions of what kind
of information format is easier for people to process – in this case that the base-rate information is easier to process in a frequency
format than in a probability format [86]. Note that this is still a fixed formulation of the decision environment: the designated
aspects of interest are now extended by the format of the presented information, but they are still highly specific.

These examples demonstrate that, although exactly what is designated as important (and the basis for that choice) differs
between research traditions, they are alike in that they make this choice for people. That is, how the environment is
represented by the participant is introduced as a fixed set of assumptions based on either the researcher’s own solution
to the correspondence problem or on the researcher’s idea of how the participant solved the correspondence problem.
Such specifications ignore the multitude of alternative ways in which the same environment can be represented
[31,32,35,85] (see Figure 1 in main text).
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be carefully considered which environmental regularities are to be expressed in variables and error
distributions, and how. Importantly, for any type of representation, these considerations need to be
addressed by the person; yet, the way people would attempt to solve these problems is often en-
tirely ignored in intuitive statistician models of decision making.

The problem is reflected clearly in people’s capability to represent the same environment in
infinitely many potential ways [31]. An example of the potential multiplicity of representations
that people can have of a repeated-choice gambling experiment is depicted in Figure 1
(Figure 1, Key Figure). Even such simple experimental environments can be represented across
infinitely many different dimensions: for example, in terms of long-run frequencies of the
outcomes (Figure 1B); in terms of the temporal structure of the outcomes (Figure 1C); or even
in terms of the computer software that generates them (Figure 1D). Some of these representa-
tions may be more accessible to the participants than others (e.g., given their background
knowledge, their level of interest, etc.), yet people’s capability to represent the environment in
these (and an infinite number of more) fundamentally different ways is evident. This capability is
not explained in intuitive statistician theories of decision making – instead a collection of potential
representations is introduced as a priori assumptions.

Flexibility in Intuitive Statistician Theories
Substituting the explanation of how people would solve the correspondence problem with the
researcher’s own specific solution grants a large degree of flexibility to intuitive statistician theo-
ries. This is evidenced by how such theories are advanced to explain mismatches. In particular,
whenever mismatches arise between what is expected on the basis of the researcher’s bench-
mark solution (Figure 1 and Box 1) and the participants’ observed behavior, the fixed benchmark
(and therefore people’s assumed representation) is simply updated to remain consistent with the
experimenter’s changed understanding of the environment. This form of flexible theory change
sidesteps how people address the correspondence problem.

The flexibility of this theory-change regime can be seen in that people can always be assumed to
weight variables differently [13,36,37], in that their choices can always be subject to
various different sources of noise [15,38,39], or in the possibility of adding a new heuristic to
people’s toolbox that designate different aspects of the environment as important [19,40–42].
Any of these and similar ad hoc assumptions can be freely deployed to salvage the central
assumption that the participant’s representation is largely similar to that of the researcher, and
to easily explain away any mismatch between expected and observed behavior.

Moreover, the possibility of such ad hoc assumptions allows researchers to assume arbitrary
complexity and specificity of the knowledge captured in the representations. This can range
from the assumption of people having almost perfect knowledge of and behaving almost fully in
accordance with probability theory [15], to them deciding only on a whim [43]. What knowledge
is assumed to be captured in the representations can then give rise to conflicting interpretations
of the same observations: people’s behavior can be considered irrational [14,44], rational [45,46],
or boundedly rational [17,47–49].

Although on the surface rational and bounded rational approaches appear different, they both
exploit the same type of flexibility resulting from a reliance on fixed benchmark solutions to the
correspondence problem. That is, instead of explaining how people might solve the correspon-
dence problem, these theories start at the point where the experimenter has already declared
that problem solved. In addition, the researcher’s ability to perpetually update their benchmark
solutions in the face of conflicting observations limits the usefulness of experimental testing. If
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Key Figure

Possible Representations of Repeated-Choice Tasks
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Figure 1. Illustration of possible representations of a simple decision-making task. The left-side panel (A) depicts a simple
repeated-choice task [37,82]. Participants make choices between two options in a sequence of trials to collect points that
are converted to monetary payoffs at the end of the experiment. The outcomes of the left option are risky (randomly
generated: 10 points with p = 0.5, 0 points otherwise), right option is safe (3 points with p = 1). Participants observe outcomes
of chosen and non-chosen options (history of choices and observations on previous four trials are shown; chosen options
highlighted). The right-side panel depicts possible representations of the experimental environment, their applications, and the
related research traditions. (B) Example of a rational representation: expected value, E, of options calculated based on the rolling
average of the outcome values for each choice option. Informed by the probabilistic outcome generation process of the
experimental design. (C) Example of a bounded rational representation: expected value of options based on a sequence heuristic
that tracks the temporal pattern of the outcomes. Informed by the structure of many natural environments [1,83]. (D) Example of
a representation relying on background knowledge of the experimental environment: expected value of options based on
observing the preprogrammed sequence of outcomes in the source code of the experiment. Although this representation
includes background knowledge regarding computer programs and psychology experiments (not conventionally considered in
theories of people’s representations), it is possible to represent the environment this way. The multiplicity of possible ways to
represent the same environment illustrates the need to consider people’s capability to create them in theories of decision making.

Trends in Cognitive Sciences
the explanation based on the currently assumed representation does not fit what people did, the
addition of a biasing influence or changing what is treated as important can always make it fit.

Where Do Statistical Representations Come From?
The explanations for where statistical representations can come from, although not completely
ignored, are not well developed. Researchers rarely explain the sources in more depth than
Trends in Cognitive Sciences, December 2020, Vol. 24, No. 12 1011
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alluding to the potential developmental, learning-based, and evolutionary origins of the
representations. Perhaps the most well-articulated of these explanations is the evolutionary
one which assumes that statistical representations evolved through natural selection [50].
Such selection processes are assumed to be responsible for the generation of models that
specify what the important parts of the environment are, and how those parts are to be
interpreted and used to guide choices.

The problem with such explanations lies in their rigidness: evolutionary processes can only
produce highly specialized behavioral adaptations, and, therefore, they can only explain highly
specialized aspects of human behavior. For instance, deciding which apartment to buy or rent
(a frequent scenario in decision-making experiments) does not closely resemble any ancient
evolutionary environment where a particular heuristic – say the take-the-best strategy [51,52] –
could have evolved. Yet, such rigid strategies can only be used in contexts similar to the original
evolutionary environment. If people can use such heuristics in novel environments, there needs to
be an additional explanation for how they can flexibly recognize the similarities between the
original evolutionary environment and the current decision.

More generally, people’s apparent representational flexibility remains unexplained in the solely
model-application accounts of decision making. The rapid progress we can observe in our every-
day life, for instance developments in science or engineering, can only be achieved by a cognitive
(and an accompanying cultural) system that allows the improvement of its representations of the
environment. Of course, the system that solves this problem had to evolve through evolution. Yet
it is not a far-fetched thought that natural selection would favor a cognitive system that is capable
of flexibly improving its representations of the environment, instead of one that uses a bag of static
tricks for that purpose.

Intuitive Scientists and the Correspondence Problem
A potential way to better integrate the correspondence problem into theories of decision making,
following on the research tradition of other fields of psychology (e.g., categorization and developmen-
tal psychology [26–29]), is to replace the intuitive statistician with the more apt metaphor of intuitive
scientists. In our view, the benefit of this metaphor lies in providing a framework in which flexible
error correction can occur – a necessary prerequisite for people’s capability to address the corre-
spondence problem. People are intuitive scientists in the sense that they are able to address the cor-
respondence problem by attempting to identify and eliminate errors in any aspect of their
representations. This is to say that, in contrast with certain variants of the intuitive scientist
approach, we take this metaphor to be about people’s capability to address the correspondence
problem, and not about any particular approach of science (e.g., experimentation or the use of
mathematical-statistical models).

Flexibility in error correction is important, because the possibility of errors in any aspect of repre-
sentations is ever-present [53,54]. This entails a broader view of error than intuitive statistician
theories allow. While intuitive statistician theories provide ways in which errors can be detected,
potential errors are defined relatively narrowly in advance. One example of this is the way in
which different fixed representations specify potential errors in gambling scenarios. These errors
are only specified with respect to the aspect of the environment deemed important: for example,
the errors that a sequence tracking heuristic (Figure 1C) would recognize are only related to the
temporal structure of the outcomes (e.g., whether the sequence is longer or shorter). The prob-
lem is that there is nothing within such fixed representations of the task that would recognize
potential errors outside of the representations. The representation can however contain infinitely
many errors that cannot be defined in advance, such as the lack of including relevant knowledge in
1012 Trends in Cognitive Sciences, December 2020, Vol. 24, No. 12
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the task representation (e.g., knowledge of the experimenter’s intentions), or the lack of con-
sidering a more useful level of approximation (e.g., the level of the computer software that
the experiment was implemented in). That none of these errors could be handled from within
a fixed representation is a general problem that pervades all statistical representations
(Box 1), and it highlights the importance of the flexibility of error-correction processes.

Because the potential for errors is infinite, they cannot be specified a priori, which necessitates
processes that continually attempt to identify and eliminate errors [53,54]. First, there needs to
be processes aimed at identifying errors in existing representations, for example, by comparing
environmental feedback to expectations [55,56] or by assessing representations by other criteria
[57]. Second, there needs to be processes aimed at correcting those errors, for example,
by generating new representations (e.g., through modifying parts of existing representations).
The point of these processes is not to guarantee that a ‘correct’ representation will be achieved
or even that some errors will be corrected. But rather that their continual nature enables
representations to vary and thus to potentially become more accurate – more accurate in the
sense that they encapsulate aspects of the particular environment more adequately than com-
peting representations for the particular problem at hand [17].

In the following sections, we explore what are in our opinion the most intriguing immediate
consequences of this metaphor. This includes both an examination of generally underappreci-
ated implications of the framework across different fields, as well as a discussion of how existing
research based on this metaphor could inform and inspire theoretical and experimental work in
decision-making research.

Rationality without Fixed Benchmarks
An important general implication of the specific intuitive scientist view we advocate is the
elimination of fixed benchmarks for rationality. The conventional way of assessing rationality
based on comparing people’s behavior to fixed benchmarks is too myopic, because there is
always a possibility of discovering a different but more useful representation of the environment,
and therefore a better benchmark solution to some problem can be provided [35,58–61]. That is,
the same way as there is no fixed method that scientists could use to apply, generate, and
improve their theories, there is no fixed way in which people should do the same in everyday life.

Rational behavior, in this view, is taking the course of action that the most adequate representa-
tion for the particular decision environment dictates in line with whatever one’s goal is (applying
the representation), while actively facilitating the detection and correction of errors in those
representations (enabling improvement of the representation). Existing fixed benchmarks for
rational behaviors could not be considered rational under this framework, because they do not
include mechanisms for detecting and correcting errors in any aspect of people’s representations.

A related consequence of this view is that, if we accept the ever-present possibility of
representational error, motivational factors may need to take on essential roles in explanations
of rational behavior (Box 2). This is because changes in the cost of error correction for unforeseen
problems or in light of new discoveries cannot be calculated in advance, and thus a purely
cost–benefit analysis of rational behavior becomes inadequate. To resolve this problem, future
theories of rationality may need to take alternative sources of motivation into account.

An Explanation for Mismatches
The intuitive scientist metaphor can also help resolving the puzzling mismatches between
people’s expected and observed behavior: they may well stem from different solutions to the
Trends in Cognitive Sciences, December 2020, Vol. 24, No. 12 1013



Box 2. Motivation and Cost of Thinking

Differentiating between error-correction and application processes with respect to environmental representations in
decision making can lead to two qualitatively different ways to think about motivation and costs of thinking. Specifically,
the view that all cognitive processes are governed by cost–benefit analyses [48,87] needs to be revisited. This is because
a cost–benefit analysis only makes sensewhen an existing representation is being applied in a known environment. In such
cases, the computational steps a person needs to take can be calculated based on the task at hand, the length of the pro-
cess can be estimated, and the sources of possible errors can be known and be minimized in advance. Consequently, a
cost can be calculated, and monetary incentives can be used to improve performance. This is the case in many ‘robotic’
tasks, such as alternated pressing of two keyboard buttons [88].

However, under uncertainty, there is no blueprint that a person can use to generate representations. In such cases, the
outcome of the process is in-principle unknowable [89], and thus the cost of the process cannot be calculated in advance.
Moreover, there are no guarantees that the error-correction processes lead to better solutions than the existing problematic
solution. Explaining that people still attempt to generate representations under such circumstances therefore necessarily
needs to shed light on how goal directedness can be coupled with forms of non-monetary motivation, such as intrinsic
motivation or curiosity [90–92]. Such factors are necessary, at least in addition to standard monetary incentives, to explain
why people engage in error-correction processes.

Overall, however, it is not clear whether there is any ‘pure application’ problemwhen it comes to people and the real world –
arguably everything can be construed as learning and deciding under uncertainty. Even in simple repeated-choice exper-
iments, people tend to generate and improve different candidate hypotheses [93]. If representational error-correction and
application processes can be separated, it would be interesting to see how people can suppress intrinsic motivation or
curiosity to behave more like a (present-day) computer.
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correspondence problem. Differences in background knowledge (even when coupled with highly
detailed experimental instructions) can easily lead to different solutions. Such differences can
make it difficult for participants to infer that an environment is randomly generated; or that there
exists no connection between events that at some point appeared related; or that information
presented in an experiment might really be uninformative. In fact, it is possible that participants
solved the correspondence problem differently even when they appear to behave in the way
the experimenter expects, because substantially different representations can lead to the same
observed behavior [62–64]. Thus, the fact that nothing necessitates that participants think
about the experiment in similar terms as the researchers do needs to be taken more seriously
into account in experimental investigations (Box 3).
Box 3. Studying Representations and Their Generation

The fact that people continually have to address the correspondence problem – and thus can have substantially different rep-
resentations of the environment from the experimenter and from each other – presents a problem for the experimental study
of decision making. This results from the change in what we should expect to be invariant features of human cognition:
instead of expecting invariant representations of the environment, invariance should be expected in the processes that allow
the generation and evaluation of representations. Measurements and manipulations in experimental studies should
target factors that contribute to these processes.

One avenue is to manipulate experimental environments across the different ways in which they can be explained. The
causal structure is just one example [80,94] – even within the context of such experiments, there seem to exist many other
factors that people could consider, such as the simplicity and breadth of explanations [57]. Another avenue is to examine
what people find important in an environment and how they try to identify and understand those aspects: investigating how
people guide their own learning and how they ask questions about environments appear to be good starting points
[73,95,96]. Experiments focusing on these questions can illuminate how people determine whether they should generate
new or improve their existing explanations, or what they should explain to begin with.

Relatedly, researchers need to improve the sensitivity of their measurements of people’s representations. The use of intro-
spective methods can aid us in this goal by the virtue of people’s privileged access to their own representations about the
world [64,97]. Although misusing such techniques in weak psychological theorizing led to an underutilization of this method,
such general disdain is undeservedwhen themethod is used appropriately. Eliciting diagnostic verbal reports with respect to
how people solve tasks [98–100], or what they think of certain features of real or experimental environments [5,93,101] can,
and already has, contributed to our understanding of the underlying psychology. These practices can help to constrain
researchers’ explanation of participants’ representations, and they can also serve as sensitive manipulation checks.
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This pervasive possibility of diverging representations renders the predominant experimental
approach of documenting specific behavioral patterns or their deviations from rational or
bounded rational benchmarks necessarily limited (e.g., research questions taking the form of
‘Which of these benchmarks describes people’s behavior best?’ or ‘Do people behave (in)con-
sistently with this benchmark?’). If, as we argued, people’s behavior is largely determined by
their best available representations, measuring the way in which they spontaneously respond
to certain tasks does not need to reveal important aspects of human psychology. People’s
best available representations may well depend on contemporary cultural factors – for example,
on the current state of cultural background knowledge, such as scientific theories, technological
advances, or mathematical methods – rather than onmeaningful psychological factors [65]. With-
out an explanation that takes the correspondence problem into account, simply documenting the
matches or mismatches between scientists’ and (lay)people’s representations is unlikely to lead to
a deeper understanding of human choice.

Representations as Explanations?
What is the nature of representations if they are not statistical models? As we have argued, rep-
resentations need to contain flexible ways to detect and correct errors. We speculate that expla-
nations [54,66] – statements of different complexity and specificity answering why and how
questions – could be naturally suitable for this purpose. There are two major ways in which
regarding representations as explanations can help improve decision-making research.

First, explanations naturally embody the flexibility needed for representation generation because of
their compositional structure [67–69], (Box 4). Assuming such a structure for representations
allows for the specification of processes that can generate new representations from existing
ones: for example, by defining the rules by which changes can be effected in existing
representations.
Box 4. Origin and Structure of Representations

An important direction for future research and theorizing is to provide a clear explanation of where representations come
from. We expect that the idea that representations are built from primitive units of representations and rules by which they
can be combined [67] will play an important role. Such compositional explanations [68,69] often posit some building
blocks and rules that are inborn, but both of which can be ‘upgraded’ throughout development and even in adulthood.
In such explanations, representational flexibility is an emergent feature of algorithms that run operations on primitive infor-
mation processing units, in contrast with highly specific representations where flexibility has to be assumed.

Although compositionality is necessary for the kind of representational flexibility we argued people are capable of, it is not
sufficient in itself. Even when statistical models take such form [68], their usefulness still depends on a priori determination
of important aspects of the environment (e.g., ‘observable’ and ‘hidden’ variables). Yet, in many cases this cannot be done
in advance (e.g., when there is no agreement on what ‘hidden’ variables to look for in the first place), (see Figure 1 in main
text). Instead, the explanations need to incorporate how important aspects are selected and can be overwritten.

For an example of what we have in mind, consider Carey and Barner’s [102] explanation for how people’s representation
of integer concepts develops. In brief, they propose that efficient and flexible representation of integers need to implement
the concept of one-to-one correspondence (where number words refer to tallies of number sets), and the successor func-
tion (the concept of the next number). Children learn to associate number words with number sets early in development
(implementing one-to-one correspondence, which allows the representation of small integers), which is later succeeded
by an exact counting algorithm (implementing both concepts, which allows the representation of all integers).

There are several advantages of this kind of explanation: (i) it provides a clear explanation of the required concepts that
need to be implemented by the representation; (ii) it provides a plausible compositional implementation that allows these
concepts to flexibly emerge instead of having to be assumed; and (iii), importantly, in this general view of number
representations (where learned algorithms contribute to how people represent the concepts), improvement can readily
be integrated in the form of learning another algorithm. For instance, learning about or inventing different rules can actually
improve people’s representation of mathematical concepts – for example, extend their range of representations to rational
or real numbers.
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Outstanding Questions
How do people become and remain
motivated to execute error correction?
Can this be sufficiently explained solely
in terms of a cost–benefit analysis if
there is no way to calculate the benefits
(because the success of the correction
is not guaranteed)? If not, what kind of
motivation is required to engage error-
correction processes?

What are the developmental origins
and trajectories of the ability to flexibly
generate and improve representations?
What are the processes by which novel
forms of representations supersede
existing ones?

How pervasive is the problem that there
can always be a mismatch between
the researcher’s and the participant’s
representations? Can something still be
learned from comparing researchers’
(supposedly optimal) solutions and the
participants’ solutions for a certain task?
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Another reason in favor of regarding representations as explanations is that they allow error
detection and correction to be flexible. This is because, by intrinsically incorporating the aspects
of the environment that are relevant, they open up the possibility of identifying errors in any aspect
of them. By contrast, statistical models (evenwhen they consider the generation and evaluation of
representations, e.g., [70,71]), reduce the potential for error correction by introducing simplifying
assumptions and approximations. For example, defining representations in terms of probability
distributions reduces the potential for error correction, because themechanisms by which people
made those simplifications, why they chose to make those particular ones, and how they can
undo them are not specified. Explanations can go further and allow for such error correction
through arguments in many other aspects of representations including in their background
assumptions or in general expectations about the quality of explanations [57].

Regarding representations as explanations reveals that even making a simple choice based on a
single feature – say, between apartments based on the price – is more complicated than a statis-
tical representation of it would make it appear. Solutions to a problem such as this, although
seemingly determined by a simple proximal feature of the problem (‘howmuch does the apartment
cost’), are always dependent on extensive distal background knowledge. Such distal assumptions
can include, for instance, why one needs an apartment (‘to have a place where I am safe from
harm’), why price is an important feature (‘money is a scarce resource’), why price is the only
important feature (‘I cannot afford to spend enough to consider other features’), and so on. Solving
other decision-making problems similarly depends on having such complex proximal and distal
explanatory structures. Learning the causal structure of environments [72], learning in a self-
directed way [73], taking communicative intent into account in one’s decisions [74–77], or the
selective relevance and interpretation of environmental feedback [55,56] are all good examples
of how much decision making relies on explanatory structures that are more complex than what
a fixed representation of the proximal problem would suggest.

Extensive enquiry about the structure and function of explanations already exists [66,78], and we
know much about how they are evaluated [57], about the role they play in causal reasoning and
judgment [79,80], and about the constraints the limitations of cognitive systems place on how
people generate them [81], amongst many others. But there is a whole range of questions waiting
to be answered related to people’s ability to flexibly generate and improve their representations
(see Outstanding Questions). We hope and expect that answering such questions – and
especially the unifying role error-correction processes play in them – will bring us closer to a
more complete explanation of explanation.

Concluding Remarks
The difficulties associated with constructing accurate environmental representations – the corre-
spondence problem – receives undeservedly little attention in theories of human choice. The prevail-
ing approach is to introduce the researcher’s own representation of the decision environment into
the theories of people’s representations. This is problematic, because people’s representations
often differ from the researcher’s due to differences in their background knowledge, as well as
because people – similar to researchers – are capable of representing environments in multiple
different ways and of improving their representations. Focusing on how people address the
challenge associated with the correspondence problem via flexible detection and correction of
representational error can provide a fruitful avenue for future research.
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