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Abstract
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Much research in both perceptual inference and cognitive inference has focused on how well
human performance fares against what is considered the most optimal or rational thing to do. The
verdict, however, differs between the fields. In cognitive inference tasks, people are generally
considered to be poor at probabilistic reasoning and prone to irrational biases. In stark contrast
to this, human performance on perceptual inference tasks has often been found to be close to
that of an optimal agent. This dichotomy is sometimes referred to as the perception-cognition
gap. A common explanation of the gap is that perception and cognition operate on different
architectures. However, this explanation is problematic, because it is not only the findings that
differ between the fields but also the experimental practices and the very definition of rationality.
In this thesis I identify five factors on which studies in the two fields deviate from each other:
1) the criterion of rationality/optimality, 2) the complexity of the normative integration rule,
3) implicit or explicit reasoning with probabilities, 4) the origin of the sources of uncertainty,
5) the level at which data are analysed (group vs. single subject). The thesis investigates in
three studies to what extent each factor contributes to the gap, by using a combination of
experimentation and modelling as main tools, applied to a selection of classical perception
and cognition tasks. The findings show that some of the discrepancies between cognition and
perception can be explained by the different practices regarding experimental designs and
theoretical assumptions. Therefore, part of the gap can be closed by recognizing that cognition
is not as irrational as is sometimes claimed and perception not as optimal. However, the findings
also suggest that there is a real difference in how humans integrate information in perception
and cognition. In the perceptual tasks, participants generally seemed to use more sophisticated
integration methods. Moreover, individual differences in strategy selection were substantially
smaller in perceptual tasks than in cognitive ones, which suggests that performance on cognitive
tasks is more sensitive to the idiosyncrasies of the person. Overall, the results of this thesis
suggest that the perception-cognition gap is real and related to different information-processing
mechanisms, particularly concerning how information is integrated, in these two systems.
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Introduction 

If you happen to be a human being, you are likely to find yourself often having 
to make judgments and estimations in situations where the available infor-
mation is uncertain and ambiguous. You might be asking questions such as: 
“How likely is it that I’m actually sick if my test result is positive?”, “How 
likely is it that the information presented by this news station is factually 
true?”, “What’s the probability that the prosecuted person is guilty given the 
statement from that witness?”, “Is the building actually on fire or is it just a 
fire drill?”.  

If you happen to be a researcher in cognitive psychology, however, chances 
are that you often find yourself asking questions about how people reason 
about these types of questions. In fact, scientists have tried to describe how 
people make judgments and decisions based on uncertain information since at 
least the 17th century. Already from the beginning, one facet of the judgment 
and decision-making process that received much attention was regarding 
whether people are particularly good or particularly bad at this type of reason-
ing. With the advent of probability theory – the formal mathematical language 
of uncertainty – there was a benchmark that could be used to compare all judg-
ments and decisions against: the best possible behaviour by a perfectly rational 
agent. Although the validity of this strategy has been questioned (Juslin et al., 
2009), probability theory still provides the normative standard against which 
judgments and decisions often are measured. This is especially true in the field 
of economic decision making.  

Although it is a question still up for discussion, there is now a general 
agreement that people usually perform poorly when tasked with reasoning 
about probabilities and uncertainty. In the closely related research field of sen-
sory processing, the conclusions have not been the same. Similarly to the ques-
tions posed above, the sensory system constantly needs to respond to situa-
tions where the incoming information is highly uncertain and corrupted by 
noise. Therefore, noisy information from different sensory inputs needs to be 
integrated to form a single percept. For example, when deciding if the person 
approaching you on the street is your friend, your visual system will (implic-
itly) perform an integration of multiple facial and other bodily features into a 
single percept. When it comes to sensory cue integration, the common finding 
is opposite the one in cognition; the perceptual system generally seems to be 
well-equipped at handling uncertainty and people have been shown to perform 
very well when making inferences based on uncertain information. 
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The discrepancy between cognition and perception, where low-level deci-
sions seem to be close to optimal and high-level decisions appear sub-optimal, 
is sometimes referred to as the “perception-cognition gap” (Jarvstad, 2012). A 
clear example of this gap is people’s inability to maximize the expected gain 
when choosing between lotteries (Allais, 1979; Kahneman & Tversky, 1979) 
whereas people make close to optimal choices on a corresponding perceptuo-
motor or perceptual task (Navalpakkam et al., 2009; Trommershäuser et al., 
2006; Whiteley & Sahani, 2008). In this thesis, I will explore these opposing 
views of rational behaviour within perception and cognition. 
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Background 

Information Processing in Perception and Cognition 
In the following sections, I will briefly review the findings from cognitive 
inference studies and perceptual inference studies and I will describe how they 
diverge. But first I will start with the question: Why shouldn’t they? The per-
ceptual system is evolutionarily older than the system of high-level cognition. 
One possibility is therefore that humans are better at perceptual tasks simply 
since we, as a species, have had more time being shaped by the environment 
in this case. While this is a possibility, it is near impossible to prove and does 
not provide much new insight into the mechanisms underlying these two sys-
tems and how those mechanisms differ from each other.  

Even though the tasks that the perceptual and cognitive systems encounter 
may seem different at face value, the basic structure of the tasks can be de-
scribed in a similar way. Indeed, some frameworks have been developed to 
describe judgments and decisions in both research fields using the same model 
(Hammond, 1955; Hammond & Stewart, 2001). The challenge for both the 
cognitive and the perceptual system can be described in terms of the integra-
tion of different sources of information. In the perceptual case, these sources 
are the sensory inputs that are combined to form a percept. In the cognitive 
case, the information sources depend on the judgment to be made.  

The metaphor of the mind as an information processing machine has been 
popular since the cognitive revolution in the 1950s (Miller, 2003). But if the 
brain is an information processor with a rather homogenous architecture, why 
is information processed more efficiently in tasks that we typically call per-
ceptual as compared to cognitive ones? 

In the following sections, I will start with a discussion of the conceptual 
confusion that is associated with concepts such as rational, optimal and Bayes-
ian, and how the definition of these terms differs in perception and cognition. 
Thereafter follows a description of how the view of rationality in both percep-
tion and cognition has changed over the years and continues to be a matter of 
discussion in both fields. Finally, I will review how rationality/optimality has 
been studied and evaluated in different ways in the two fields. 
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Optimal, Rational and Bayesian: All One and the Same? 
Before continuing, a discussion of the nomenclature surrounding the subject 
of rationality in judgment and decision-making is in order. To start with, as 
will be clear from the following section about rationality in cognition, the 
meaning of rationality is not clear cut. Does rational behaviour mean follow-
ing the rules of probability theory? Should rationality be formulated in terms 
of the cognitive capacities and the environment of the decision-maker? Most 
researchers in cognitive psychology nowadays would probably agree that ra-
tionality must, at least, be evaluated dependent on the goals and resources of 
the agent and the cost of the behaviour, although they will most likely disagree 
on the specifics of which those goals, resources and costs are. The most basic 
distinction in rationality is arguably between “correspondence” with external 
criteria versus “coherence” between (internal) beliefs. In the context of judg-
ment and decision making, coherence means having beliefs that are logically 
consistent and thereby do not break any axioms of logic and probability the-
ory. This way one avoids being a victim of a so-called “Dutch book” or being 
made into a money pump. Defining rationality in terms of correspondence is 
instead focused on how well judgments and decisions correspond to an objec-
tive value, with the idea that what ultimately matters for survival and rational 
adaptation to the world is correspondence with the true states. 

In addition to being a difficult to define concept, rationality is mainly used 
in the context of cognitive judgments and very seldom in relation to perceptual 
judgments. As already alluded to by the headings “Rationality in Cognition” 
and “Optimality in Perception”, one large difference between the fields of 
cognition and perception is that behaviour that follows the normative standard 
(whatever that norm may be) in general is referred to as rational in cognitive 
studies and optimal in perceptual studies. Just as “rationality” often isn’t dis-
cussed in perception, “optimality” is usually not used in cognition. It is there-
fore not always evident if these two terms are used in a similar way and could 
be considered interchangeable or if there is a real conceptual difference.  

In perception, the optimal strategy is generally defined as the strategy that 
minimizes expected cost given the constraints (Landy et al., 2012; Rahnev & 
Denison, 2018). Usually, the only constraint that is considered is the effect of 
sensory noise. An optimal observer is in other words an observer who per-
forms as well as possible given the level of sensory noise that affects their 
stimulus encoding. This version of optimality is sometimes referred to as rel-
ative optimality in contrast to absolute optimality where even sensory noise is 
considered a suboptimality (Ma, 2012). The cost to be minimized is usually 
framed in terms of the error between the observer’s response and the correct 
answer, measured as for example the proportion of wrong responses (in binary 
tasks) or the root mean squared error (in continuous estimation tasks). In other 
words, the typical objective is to maximize accuracy. In this case, optimization 
becomes a correspondence criterion. 
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Suggestions have also been made to differentiate between local and global 
optimality (Rahnev & Denison, 2018). Global optimality is defined as “the 
view that behaviour can be fully predicted by optimality considerations alone 
after taking into account our environment and evolutionary history, which to-
gether determine our goals and the constraints on our behaviour” (Rahnev & 
Denison, 2018, p. 47). Local optimality, it is argued, is what is tested in all 
empirical studies since they test optimality as defined in the context of a spe-
cific model. To go from claims of local optimality based on a particular model 
to global optimality would require that the model can capture all of the goals 
and constraints of decision making. Therefore, according to this view, making 
claims of global optimality is not feasible in practice. 

The last concept to discuss is Bayesian. Bayesian models have been used 
extensively both in cognition and perception, and provide, in short, a frame-
work for describing how a person can make the best possible inference about 
the state of the world based on uncertain information they receive and their 
prior preconceptions regarding which world states are most likely a priori. In 
other words, Bayesian inference involves inferring the state of the world by 
combining prior experiences with the observations and computing a posterior 
distribution. With the development and popularization of Bayesian models, 
the term Bayesian has more and more become synonymous with being per-
fectly rational or optimal in the context of behaviour. However, the perfor-
mance of a Bayesian decision maker depends on the information that is avail-
able to them. To an external observer, such as an experimenter in a cognition 
lab, even a Bayesian decision maker can appear suboptimal in at least two 
different ways (Ma, 2012). To start with, a participant in an experiment can 
enter the experiment with preconceptions about the stimulus statistics and 
might use their priors based on previous experience instead of only consider-
ing the stimulus given in the task. If the stimulus statistics do not match the 
ones that the participant has encountered in the natural world, their responses 
might not match up with the ones predicted by the experimenter’s Bayesian 
model. An example of a situation where the participant’s previous experience 
affects their behaviour in an experimental task is cue-combination studies. 
Here, the participant is tasked with combining two slightly discrepant stimuli 
into one percept. The stimuli can for example be a visual cue and an auditive 
cue presented at slightly different locations but assumed to originate from a 
single object. The participant is then asked to determine where the object is 
located. The technically “correct” answer is to point out the two different lo-
cations of the stimuli. Our prior experience, however, tells us that if we see a 
sudden movement simultaneously as we hear a sound, it is likely that they 
come from the same source. In this case, there are probably very few people 
who would call this behaviour suboptimal but one can imagine other cases 
where people bring preconceptions into the experimental task leading to un-
predicted effects. If participants have priors from previous experience that af-
fect the way they interpret the stimulus, but the researchers evaluate the 



 16 

participants based on the actual stimulus values, it will lead to the conclusion 
that the participants did not use a Bayesian strategy.  

Another source of seemingly suboptimal Bayesian inference arises when 
the true distributions are unavailable to the decision-maker or at least difficult 
to learn. One then has to rely on approximations of the prior or likelihood but 
is still able to combine these to compute a posterior. Note that, in both of these 
cases of Bayesian behaviour, people still make their judgments by using the 
information that is available to them and computing a posterior distribution. 
The information they base their inference on just might not be the same as 
assumed by the experimenter. Depending on whether one takes the perspec-
tive of the decision-maker or the experimenter, the inferences can be consid-
ered both optimal or suboptimal. From the point of view of the decision-
maker, they are using the information that is available to them in the best way 
possible, but from the experimenter’s perspective, they will seem suboptimal. 
This distinction is important in studies where the Bayesian strategy assumes 
that people have access to, and use, the information that is given to them.    

In much of the previous literature, the exact definitions of key concepts 
such as rational and optimal are often not included in the papers. It can there-
fore be difficult to compare the claims that are made. To avoid adding to this 
conceptual confusion, in the descriptions of the studies in this thesis I specify 
which terms are used in each paper and what is meant by them (see section 
Empirical Work). 

Rationality in Cognition 
Probability Theory as the Gold Standard 
The story of the rationality of the human mind has made some twists and turns 
during its history. The earliest attempts at providing frameworks of how peo-
ple should act were based on the notion that human behaviour should follow 
the rules of probability theory. Expected Utility Theory (Bernoulli, 
1738/1954) was one of the earliest formalized normative theories of decision-
making. The basic premise of this theory was that people should, and do, act 
in a way that maximizes the expected utility of an outcome. By maximizing 
the utility instead of the objective value, as had been assumed by previous 
theories, Bernoulli took into account that different individuals can assign dif-
ferent subjective value to the same outcome. Later formulations of Expected 
utility Theory is defined by a set of axioms based on probability theory and 
logic (Morgenstern & von Neumann, 1953). If a person acts in accordance 
with these axioms, their choices will be logically coherent and they will be-
have as if they maximize the expected utility. 
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Heuristics and Biases 
In the mid-1900s, evidence started to amass showing that human decisions do 
not follow the axioms of probability theory, and the Expected Utility Theory 
appeared to be a poor description of human behaviour. Around this time, Si-
mon (1955) introduced the concept of bounded rationality. This view of ra-
tionality took into account the constraints and limitations of the human mind 
as well as the structure of the environment. According to Simon, the natural 
environment is often too complex and the human mind too bounded by its 
cognitive limitations for the basic assumptions of Expected Utility Theory to 
be met. For example, a person needs to have close to perfect knowledge of all 
possible alternatives and their outcomes to be able to make a rational choice, 
which in many real-life environments would not be possible. Simon, therefore, 
concluded that the maximization of expected utility was an overly ambitious 
goal for the human mind and he instead introduced the concept of satisficing. 
This is a decision-making strategy that, instead of finding and picking the al-
ternative with the best possible outcome, picks an alternative with a good-
enough outcome. Consider for example the task of buying an apartment. To 
pick the best possible option, one would have to go to all available apartments 
in the area and gather all available information before making a decision. A 
satisficing strategy would instead be to visit one apartment at a time and stop 
the search once a good-enough apartment has been found. This view of the 
human mind being limited by cognitive constraints and dependent on simple 
heuristics, rather than complicated strategies, later became the basis for the 
Heuristics and Biases research program (Kahneman & Tversky, 1973; 
Tversky & Kahneman, 1974). This research program further explored these 
ideas and identified a number of the heuristics that people supposedly use. 
Some of the most well-known are the “representativeness heuristic”, and the 
“availability heuristic” (Kahneman & Frederick, 2002). What sets heuristics 
apart from probabilistic decision strategies is that they are computationally 
simple and often require much less information to render a decision. However, 
this comes at the cost of sometimes leading to biases or cognitive fallacies. 
Indeed, there is numerous evidence for biases and cognitive fallacies in human 
decision making. People have for example been shown to rely too heavily on 
an initial piece of information during subsequent judgments, “anchoring bias”  
(Tversky & Kahneman, 1974), overestimate the predictability of past events, 
“hindsight bias” (Fischhoff, 2007), and ignore general information regarding 
the prior probability of an event in favour of more specific information, “the 
base-rate fallacy” (Casscells et al., 1978). Although the existence of biases 
and cognitive fallacies is a central prediction of heuristic-based decision mak-
ing, alternative explanations are possible. I will discuss this further in Study 
III in this thesis, in connection to the base-rate fallacy. 
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Biased but Well-Adapted 
As a reaction to the rather pessimistic view of human behaviour as being lim-
ited and subject to biases, a new way of viewing rationality emerged. This 
view developed from Simon’s bounded rationality (1955), but instead of fo-
cusing on how the human mind is limited, it went one step further and argued 
for a re-evaluation of the concept of rationality, ecological rationality. This 
new way of defining rationality was based on three assumptions: 1) decision 
strategies are adapted to work well in particular environments and the ration-
ality of a strategy can therefore not be evaluated outside of that environment, 
2) simple heuristics can in some environments lead to better performance than 
more complex strategies, 3) humans are well adapted to the kind of tasks and 
environments that they often encounter (Gigerenzer & Todd, 2012). In con-
trast to the ideas of expected utility and heuristics and biases, what is consid-
ered rational here is the matter of correspondence rather than coherence. Com-
pared to the classical interpretation of rationality, ecological rationality is 
evaluated by the successful performance of an agent rather than their behav-
iour being consistent according to rules of logic. From the concept of ecolog-
ical rationality sprung the Adaptive Toolbox research program (Gigerenzer & 
Todd, 1999; Sloman et al., 2003). Just as in the Heuristics and Biases program, 
people are assumed to rely on a toolbox of heuristics rather than complex de-
cision rules, and use little to no integration of information. Contrary to Heu-
ristics and Biases, the reliance on heuristics is assumed to be due to them being 
“fast-and-frugal”, that is, well-adapted to the kind of situations that humans 
often are in, and not an inevitable consequence of having a limited mind. 
Many of the cognitive fallacies that had previously been observed are claimed 
to be due to people not being able to use the heuristics as intended. The exper-
imental tasks had either been different from the kind of tasks that people usu-
ally encounter or alternatively, the type of information available in the tasks 
was not in the same kind of format that people had access to in real life 
(Gigerenzer & Hoffrage, 1995). 

The research program has identified many heuristics that are claimed to be 
part of the toolbox, such as take-the-best (Gigerenzer & Goldstein, 2011) and 
the recognition heuristic (Goldstein & Gigerenzer, 2002) to name only two. 
The complete set of heuristics that are available to us is however not specified 
by the theory, neither is there an exact description of how people choose which 
heuristic to use in a specific task. People are however assumed to adaptively 
shift between different heuristics depending on the task structure.  

Proponents of the Adaptive Toolbox appreciate that although people’s abil-
ities are limited, we might still be well-adapted to the situations we face in our 
everyday life. They are however not the only ones with this stance. Many of 
the studies reviewed so far have evaluated people’s performance on tasks in-
volving making choices between probabilistic prospects, for example choos-
ing between two lotteries with different chances of winning and different 
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rewards. In the large literature on multiple-cue learning, the task is instead to 
infer a criterion value based on a set of cues. The task can for example be to 
evaluate job applicants based on a set of skills. For every job applicant one 
has to compute a single score. Feedback is often given in a probabilistic man-
ner, meaning that on some trials the feedback will not reflect the actual per-
formance. Similarly to the adaptive toolbox, what is considered rational here 
is correspondence with external criteria. People’s performance is therefore 
evaluated in terms of how well their judgments correspond to the correct cri-
terion value, which is decided by the experimenter.  

Conclusions from these studies are that people seldom use all available 
cues in their decisions and for the cues they do use, they often integrate them 
in a linear fashion by computing a weighted average (Brehmer, 1994; Juslin 
et al., 2008, 2011). Although linear models are not necessarily good approxi-
mations of the correct decision rule, in some environments they have been 
found to outperform the normative strategy, both in multiple-cue tasks 
(Dawes, 1979) but also for probability judgments (Sundh & Juslin, 2018). In 
noisy real-life environments a model that produces less variability by being 
less susceptible to the noise will in many cases be a better option. The linear 
model is also robust in the sense that even if an individual uses suboptimal 
weights, their performance will be almost as accurate (Brehmer, 1994). The 
advocates of linear models argue that although people are not necessarily fol-
lowing the rules of probability theory, they are in actuality better off using 
simpler computations that are robust in noisy real-life environments. 

The Probabilistic Mind and the Bayesian Brain 
After many years of research programs examining ways in which people break 
the rules of probability theory, there has been a resurgence of the classical idea 
that humans act in accordance with the rules of probability theory or, more 
specifically, Bayes’ rule (Oaksford & Chater, 1994). This rule is a fundamen-
tal theorem in probability theory that describes how one transforms prior prob-
abilities and inverse probabilities (likelihoods) into posterior probabilities. As 
we will later see, the idea that human behaviour corresponds to Bayes’ optimal 
solutions has received much support in perceptual studies, but similar claims 
have also been made in cognition (Chater et al., 2010; Griffiths et al., 2008). 
The basic argument for this view is that one of the most fundamental problems 
for the cognitive system is how to handle uncertainty. Everything from sen-
sory inputs to the consequences of our actions is uncertain. At the same time, 
in most everyday cases humans cope with this uncertainty reasonably well. 
From a mathematical point of view, probability theory is the right way to deal 
with uncertainty (Chater & Oaksford, 2012) and it is therefore reasonable, the 
authors claim, to use probabilistic models to describe human behaviour.  

The existence of the cognitive biases and fallacies that previous studies 
have found can, according to this view, be explained in two different ways. 
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Firstly, probabilistic models may mainly be useful for describing more low-
level cognitive processes such as motor-control and vision and less applicable 
for explaining how people reason explicitly about chance (Chater & Oaksford, 
2012). This would mean that probabilistic models and heuristic strategies co-
exist in human cognition but at different levels of processing. Alternatively, it 
has been proposed that essentially all human cognition can be explained using 
probabilistic mechanisms, without the need to postulate heuristic-based mech-
anisms. In this view, biases and fallacies are the consequence of approximat-
ing the probabilistic computations via a sampling process (Sanborn & Chater, 
2016; Zhu et al., 2020). This model, the Bayesian Sampler, approximates 
probabilistic inference by drawing samples from a probability distribution in-
stead of computing the posterior using explicit symbolic calculation. Sam-
pling models of this kind have successfully been used to approximate complex 
probability distributions in cases where the analytical solution is unattainable, 
such as in Bayesian machine learning (Craiu & Rosenthal, 2014) and artificial 
intelligence (Frey et al., 1997). Since this model only approximates the prob-
abilistic inference, it will sometimes lead to cognitive biases. As the sample 
size tends to infinity, the approximation converges to the true probabilities. 
For the limited sample sizes that, realistically, are involved in human reason-
ing, biases arise. 

If humans have a probabilistic mind, this means that the brain must encode 
and represent uncertainty. Numerous studies over the last two decades have 
provided evidence that it does. This goes against the classical assumption that 
neural activity only encodes a single value, such as the motion direction or 
orientation of an object, and instead encodes functions of latent variables 
(Pouget et al., 2013). Different hypotheses for how the brain might do this 
have been proposed (for reviews see e.g. Bach & Dolan, 2012; Pouget et al., 
2013; Vilares & Kording, 2011). 

The probabilistic perspective described so far is based on the premise that 
people treat probabilities in a Bayesian manner. An alternative to Bayesian 
probabilistic models is models that are based on a frequentist definition of 
probabilities. The difference between these two perspectives is how probabil-
ities are interpreted. According to a frequentist view, saying that it is a 50% 
chance of a coin coming up heads means that if the coin flip is repeated an 
infinite number of times, then the proportion of “heads” will tend towards 
50%. This probability only depends on the coin (assuming the coin flipper is 
unbiased) and is completely independent by any beliefs held by an observer 
of the coin flip. The Bayesian interpretation of probabilities focuses instead 
on the subjective experience of probabilities and probabilities are viewed as 
degrees of belief. Two people can therefore have different subjective degrees 
of belief regarding the same event. Perhaps one person’s experience is that 
coins are usually slightly biased and more often come up tails. The proponents 
of Bayesian probabilistic models claim that the Bayesian interpretation of 
probabilities is more useful since in many practical applications the frequentist 
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view becomes irrelevant (Chater & Oaksford, 2012). Very few events that we 
encounter will be repeated an infinite amount of times and most of the time 
we do not have access to any objectively true probabilities of events. We can, 
however, construct subjective degrees of belief regarding most events we can 
think of. 

There are probabilistic models that use a frequentist interpretation of prob-
abilities and one such model is the Probability Theory plus Noise model 
(Costello & Watts, 2014, 2016). This model is similar to the Bayesian sampler 
but where the Bayesian sampler draws samples from a probability distribution, 
the Probability theory plus Noise model samples outcomes from memory and 
then counts the proportions of the outcomes.  

Optimality in Perception 
The purpose of the sensory system is to provide a unified percept of the world. 
This task is made difficult by different sources of uncertainty that affects the 
process at all levels; on a neural level, noise is introduced already at the first 
stages of sensory processing when light energy is transduced to electric signals 
in the retina (Faisal et al., 2008). Even if neural noise was negligible, there is 
an infinite number of 3-dimensional world states that are consistent with any 
2-dimensional retinal image of the world. Perception is therefore an inverse 
problem and the true state of the 3-dimensional world must be inferred from 
the noisy sensory input (Helmholtz, 1866). Luckily, the world is not only 
noisy but also highly structured. The sensory system can use previous 
knowledge about this structure to make inferences about what is actually out 
there in the world. Over 150 years ago, Helmholtz (1866) famously proposed 
that perception is unconscious inference, a view which is still widely shared 
(but for different perspectives see: Michaels & Carello, 1981; Ramachandran, 
1990). This inference is often framed in terms of probabilistic inference, with 
Signal Detection Theory as the main mathematical framework to study this 
type of inference (Green & Swets, 1966; Tanner & Swets, 1954). It is a theory 
of how the sensory system makes inferences based on the idea that observers 
make optimal decisions based on uncertain information. The most common 
formulation is restricted to binary decisions and situations where all infor-
mation is equally reliable. Due to their limitation to simpler tasks it can be 
argued that a more useful approach is the more general Bayesian framework 
that easily can also accommodate more complex, and naturalistic, situations 
where probabilistic reasoning is required (Ma, 2012). With the emerging use 
of Bayesian approaches in computer vision, there was a growing interest in 
adopting the same framework to model human vision and perception in gen-
eral (Knill et al., 1996). A Bayesian framework provides a normative model 
for how an observer should make inferences about the world by combining 
prior knowledge with sensory data. 
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Bayesian Observers  
Bayesian models of perception are based on Bayesian decision theory (Berger, 
2013) and postulate that the observer makes decisions based on posterior dis-
tributions over the variable(s) of interest. The first step in modelling a Bayes-
ian observer is to define the generative process, that is, the statistical relation-
ship between the stimulus, the sensory measurement of the stimulus (i.e. the 
observations), and all intermediate variables. This is in other words a model 
of the environment that generated the sensory input and of the observer that 
encoded the input. Bayesian theories of perception assume that humans learn 
these models through experience. The true stimulus, s, is unknown to the ob-
server and they only have access to the sensory data, d, since their perception 
of s is affected by noise. Therefore, what the observer wants to infer is how 
likely a particular stimulus configuration is given the sensory data, ( | )p s d , 
i.e. the posterior probability distribution of s. What the observer is assumed to 
know, however, is how likely the sensory data is given the stimulus configu-
ration, ( | )p d s . They are in other words assumed to know how much sensory 
noise that corrupts the sensory input. The second step in modelling a Bayesian 
observer is to apply probability theory to compute the posterior probability 
distribution over the world state by "inverting" the generative model. This is 
done by following Bayes’ rule (Equation 1). Thereby inferring the state of the 
world based on the observations. If the goal is to maximize accuracy, the ob-
server shall then pick the world state with the highest posterior probability (i.e. 
maximum-a-posteriori, MAP, estimation). The prior distributions ( )p s  and 

( )p d  in Equation 1 specify which values of s and d are more likely to occur.  
 

 
( | ) ( )

( | )
( )

p d s p s
p s d

p d


  (1) 

 
Bayesian models have been very successful in perceptual cue-combination 
studies. In these types of tasks, the observer has to combine the information 
from two or more cues to make a single estimation. For example, combining 
a visual and an auditory cue to localize an object or combine two visual cues 
to estimate the depth of an object. Cues are often only imperfectly related to 
the environment, as was noted by Brunswik (Hammond & Stewart, 2001), and 
sensory measurements are subjected to noise. By combining multiple cues, the 
observer can improve their estimate of the environmental property in question. 
In the simplest case, if the goal is assumed to be maximizing accuracy and the 
sensory noise is Gaussian, the optimal strategy reduces to computing a 
weighted average of the two cues where the weights depend on how reliable 
the cues are (Landy et al., 2012). The reliability of a sensory cue refers to the 
reliability with which it is encoded by the brain. In other words, a cue that is 
encoded with a high signal-to-noise ratio will give rise to less variable per-
cepts. If this noise is Gaussian, the reliability is proportional to the inverse of 
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the standard deviation of the Gaussian distribution. Cue-combination studies 
have found that people do combine cues in an optimal way, for example inte-
grating a visual and haptic cue to estimate the height of an object (Ernst & 
Banks, 2002), a visual and proprioceptive (van Beers et al., 1999) or auditory 
(Alais & Burr, 2004) cue to estimate object location, and two visual cues to 
estimate object depth (Jacobs, 1999; Landy et al., 1995) or object slant (Hillis 
et al., 2004).  

Since the optimal decision rule in these tasks is a weighted average model, 
it does not necessarily provide evidence for humans being Bayesian observers. 
More recent studies have, however, extended these findings to include more 
complex tasks using more cues and non-linear optimal decision rules, includ-
ing visual search (Ma et al., 2011; Mazyar et al., 2012; Navalpakkam et al., 
2009; Palmer et al., 2000; Vincent et al., 2009), categorization (Shen & Ma, 
2016), change detection (Keshvari et al., 2012), change localization (van den 
Berg, Shin, et al., 2012), and sameness discrimination (van den Berg, Vogel, 
et al., 2012) tasks. Just as in the cue combination tasks, the optimal observer 
computes a posterior distribution based on sensory evidence and prior 
knowledge. An important difference with cue combination is that in these lat-
ter tasks the posterior is over a discrete number of abstract world states (for 
example, “target present” vs. “target-absent” in visual search), whose compu-
tation involves non-linear calculations, as opposed to computing a simple 
weighted average.  

Suboptimalities in Perception 
Although it has often been argued that perception is approximately optimal, 
particularly in the context of the perception-cognition gap, this is still a some-
what controversial claim. For many of the successful examples listed above, 
other studies have used similar tasks and found evidence for suboptimal be-
haviour instead (for a review see Rahnev & Denison, 2018). The claim of op-
timality in perception has therefore been questioned and one common critique 
is that it is based on overly flexible optimal models that lack any explanatory 
power (Bowers & Davis, 2012; Jones & Love, 2011; Rahnev & Denison, 
2018). Critics have also questioned the value of making optimality claims at 
all and argued that an over-emphasis on optimality has led to an underreport-
ing of findings of suboptimality (Rahnev & Denison, 2018; Rosas & 
Wichmann, 2012). It has also been argued that ideal-observer models that are 
only perturbed by sensory noise are unrealistic descriptions of the human mind 
since neural computations are also inherently noisy (Beck et al., 2012; 
Drugowitsch et al., 2016; Faisal et al., 2008). 

As a response to this later development, it has been investigated why subop-
timalities in perception occur. One perspective is that the suboptimalities arise 
as a result of the perceptual system being well adapted to its natural environ-
ment but sometimes fail when given less ecologically valid tasks. As described 
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in the section about cognitive inference, this argument has repeatedly been 
made in these studies as well (Dawes, 1979; Gigerenzer & Hoffrage, 1995; 
Todd & Gigerenzer, 2007). For example, it has been shown that using “robust 
averaging” (down-weighting cues that are considered outliers), instead of 
weighting all cues based on their reliabilities, is related to better performance 
of human participants and simulated participants with noisy computations (Li 
et al., 2017).  

Differences and Commonalities in the Study of Rational 
Models in Cognition and Perception 
Sources of Uncertainty 
A general inference process that can describe both perceptual and cognitive 
tasks is illustrated in Figure 1. To the left are a number of stimuli si, which are 
integrated according to some kind of rule to compute a decision variable, d. 
The rule can for example be to compute a weighted average, to use one of the 
stimuli and discard the rest, or to do something completely different. This de-
cision variable is then mapped to a response, R. One factor that differs between 
perceptual inference and cognitive inference is what type of noise that affects 
the process (Herce Castañón et al., 2019). In perception, the stimulus is cor-
rupted by sensory noise originating in the nervous system during the encoding 
of the stimulus (Faisal et al., 2008) denoted σe in the figure. In perceptual ex-
periments the experimenter can manipulate this uncertainty by, for example, 
varying the contrast of a visual stimulus. A lower contrast stimulus will lower 
the signal-to-noise ratio of the encoded stimulus and result in a less certain 
neural representation of this stimulus (for example, the orientation of a low-
contrast stimulus is typically encoded with larger error than the orientation of 
a high-contrast stimulus). In cognitive tasks, the stimulus is often clearly per-
ceptible and not subject to any encoding noise (for example, it is unlikely that 
a participant misreads a sentence like “the win chance of the following lottery 
is 70%”). In cognitive tasks, decision errors are therefore unlikely to result 
from encoding noise. Instead, errors seem to be caused in the integration pro-
cess, for example, due to using a wrong integration rule or evaluating a rule 
approximately rather than exactly. This can be modelled as ‘decision noise’, 
indicated with σd in the figure. This kind of noise can for example be manip-
ulated by changing how consistent different pieces of information are. For ex-
ample, choosing an apartment is easier if one of the apartments is better than 
all the others in every aspect. Even though these two sources of uncertainty 
both give rise to noise in the judgment process, the effect this noise has on the 
behaviour could potentially be quite different. It has been hypothesized that 
people are sensitive to the early (sensory) noise but not to the late (decision) 
noise (Herce Castañón et al., 2019). One possible explanation for this 
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difference is that people are well equipped to handle internal, implicit esti-
mates of uncertainty but not reason with explicitly stated probability infor-
mation (Jarvstad et al., 2013; Maloney et al., 2012).  

An additional source of uncertainty can come from the environment itself, 
for example if the stimulus is ambiguous and can be interpreted in different 
ways. This type of uncertainty can be referred to as external while uncertainty 
due to sensory noise or decision noise is internal since it arises within the 
individual. In a cognitive task, experimenters often manipulate the external 
uncertainty by for example using probabilistic feedback in a multiple-cue 
learning task. This kind of uncertainty is usually not introduced in perceptual 
tasks (but see Baldassi & Verghese, 2002; Drugowitsch et al., 2016; Mazyar 
et al., 2013; Qamar et al., 2013). 

Lastly, the performance on both perceptual and cognitive tasks can be af-
fected by an imperfect mapping between the decision variable and the re-
sponse, indicated with σr in the figure.  

 
Figure 1. Schematic overview of an example of a general inference process. All 
noise that affects the process is assumed to be Gaussian for illustration purposes. σ is 
the standard deviation of the different noise distributions. To the left are three inputs 
(s1, s2, s3) that are mapped to a decision variable, d, according to an inference rule. If 
encoding noise, σe, is present, the computation is performed on the decision maker’s 
noisy observations of s instead. Decision noise, σd, due to e.g. imperfect neural com-
putations can corrupt the integration process. Finally, the decision variable is 
mapped to a response, R, possibly corrupted by response noise, σr.  

Experimental Design 
One possible explanation for the existence of “the gap” is that rather than it 
being due to differences in the systems governing judgments in cognition and 
perception, the difference lies in how rationality/optimality has been studied 
in the two fields (Jarvstad, 2012). Even though there is some overlap, much 
of the research in perception versus cognition is done by different people and 
the research traditions have therefore developed independently of each other 
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in many respects. The way in which experiments are designed is one way in 
which they differ.  

In perception (or more generally: psychophysical) research the common 
practice is to have a relatively small number of participants (typically fewer 
than 20) perform repeated, often hundreds or even thousands, of decisions. An 
advantage with this kind of design is that it provides a rich dataset from every 
participant which allows for the use of cognitive modelling at the level of sin-
gle participants. In cognition it is much more common to test a large number 
of participants with few decisions per participant. “One-shot” designs with a 
single decision per subject are actually not uncommon in this field, especially 
in many of the earlier studies that showed evidence for biases in cognition (see 
e.g. Bar-Hillel, 1980; Casscells et al., 1978; Kahneman & Tversky, 1973; 
Tversky & Kahneman, 1981). One advantage that the one-shot decision ap-
proach has over using multiple trials is that it ensures that a person does not 
simply react to an attribute of the stimulus being varied between trials and 
appearing more rational than they are (Fischhoff et al., 1979). However, a ma-
jor disadvantage is that this approach often forces the researcher to analyse 
data at the group level, with no guarantee that the group average is representa-
tive for any of the individuals. 

The types of experimental tasks that are used also differ between the fields. 
In many perceptual inference studies, the hallmark of Bayes optimal inference 
is the ability to combine different sources of information based on how reliable 
they are. The decision rule still involves computing posterior probabilities but 
people are usually not required to explicitly state these probabilities. Instead, 
the posterior probabilities are often used to evaluate the most likely hypothesis 
out of two alternatives based on the data. For example, whether it is more 
likely that a target is present or absent in a stimulus display. Cognitive infer-
ence tasks, on the other hand, often involve making explicit statements of the 
posterior probabilities. Additionally, they often involve the problem of under-
standing “inverse probability”, that the probability of H given D is something 
completely different from the probability of D given H (and their link is indeed 
Bayes’ theorem). This confusion appears in peoples’ inability to understand 
the meaning of p-values (Greenland et al., 2016) and may contribute to base-
rate neglect in tasks that require transformation from priors and likelihoods to 
posterior probabilities. 

Evaluation of Performance 
In addition to using different kinds of tasks and experimental set ups, the way 
in which performance usually is evaluated differs between perception and cog-
nition. In perceptual decision making an observer is considered optimal if their 
performance is close to that of an ideal, typically Bayesian agent, that is, an 
agent that performs as well as possible given the level of sensory noise. To 
this end, cognitive modelling is often used to produce predictions that the 
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participants’ responses can be compared to. This is a correspondence criterion 
of rationality; it involves comparing the responses to an objective and inde-
pendent standard (the responses of an observer claimed to be optimal). In cog-
nition on the other hand, rational behaviour is often equated with behaviour 
that does not violate the axioms of probability theory. This is a coherence cri-
terion of rationality guaranteeing that, if the axioms are obeyed, the probabil-
ity judgments will be coherent. The seminal studies by Tversky and Kahne-
man that led to the Heuristics and biases program were all designed in this 
way. The experiments they used were often framed in terms of choices be-
tween prospects and rationality was evaluated in terms of coherence with the 
axioms of probability theory. While one can see why both types of criteria can 
seem like good ways of evaluating rationality it also becomes clear that a com-
parison between studies that have used different criteria risks leading to inac-
curate conclusions. For one, the criteria used in perceptual decision-making 
studies can result in people exhibiting different degrees of rationality and ra-
tionality becomes something that is measured on a spectrum. Whether a per-
son violates an axiom of probability theory is, on the other hand, a binary 
variable, especially if they only perform a single one-shot decision. This opens 
for yet another hypothesis about the perception gap: people may be generally 
better when evaluated by correspondence criteria than by coherence criteria. 
In other words, regardless of perception or cognition it could be that we are 
quite good at robustly approximating the true state of the world, but poor at 
maintaining coherence between beliefs. 

Summary 
Much research in both perceptual inference and cognitive inference has fo-
cused on how well human performance fares against what is considered the 
most optimal or rational thing to do. The verdict, however, differs between the 
fields. The general opinion in cognitive psychology, even though this is in no 
way fully resolved, is that people in general are poor at probabilistic reasoning 
(Gigerenzer & Todd, 1999; Juslin et al., 2009; Tversky & Kahneman, 1974). 
In perception the impression is the opposite; perceptual inference is generally 
considered to be close to that of an optimal agent (Ernst & Banks, 2002; Knill 
et al., 1996; Landy et al., 2012). This dichotomy is what is now referred to as 
the perception-cognition gap.  

It is however not only the results that differ between the fields but also the 
steps leading up to them. Both the experimental practices and the theoretical 
assumptions diverge. In this introduction, I have discussed five ways in which 
the studies in perceptual inference and cognitive inference deviate from each 
other:  
1. The criterion of optimality/rationality can be defined in terms of corre-

spondence or coherence. 
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2. The task can involve linear cue combination (typical in perception) or in-
verse inference of probabilities (typical in cognition). 

3. The task can involve either internal and implicit reasoning with probabil-
ities (typical in perception) or external and explicit reasoning (typical in 
cognition). 

4. The sources of noise that corrupt the judgments can originate before stim-
ulus encoding (typical in cognition) during stimulus encoding (typical in 
perception) or after stimulus encoding (typical in cognition). 

5. The data can consist of few participants with many trials each (typical in 
perception) or many participants with few trials each (typical in cogni-
tion). Which in turn affects the practice of modeling and analyzing the 
data at the level of individual participants (typical in perception) or at the 
level of the group (typical in cognition).  

One possibility is that the findings that seemingly show evidence for a well-
adapted perceptual system and a cognitive system riddled with limitations and 
biases, is due to differences in experimental methods and theoretical assump-
tions. Before resolving these differences, the existence of a perception-cogni-
tion gap must be considered hypothetical. 
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Aims 

The overarching aim of this thesis is to explore the origin of the opposing 
conclusions about the rationality of behaviour within perception and cogni-
tion, focusing on the differences in methodology and theoretical assumptions 
identified in the introduction.  

This was done through three studies that used a combination of experimen-
tation and modelling as main tools, using a selection of both classical percep-
tion and cognition tasks.  

The specific aims of each of these studies are as follows: 

In Study I, the aim was to evaluate the previously made claims about percep-
tual inference being optimal while also accommodating the critique concern-
ing overly flexible optimal models. Additionally, we examined the effects of 
external noise on the inference process and thereby making a standard visual 
perception task more similar to a high-level cognition task. Lastly, we inves-
tigated the validity of only allowing one source of noise, sensory noise, in the 
modelling of the judgment process as is the common method in visual infer-
ence studies.  

As explained in the Introduction, optimal behaviour in perceptual tasks often 
reduces to the adequate linear weighting of information, whereas rational be-
haviour in cognitive tasks often requires an explicit understanding of inverse 
probability and the multiplicative integration of priors and likelihoods. Per-
haps, people behave more “rationally” also in cognitive tasks, if we also here 
consider task structures where the Bayesian solution takes the form of linear 
additive weighting of information? The aim of Study II was to investigate this 
hypothesis.  

In Study III we further explored how the ways in which rationality is evaluated 
affects the conclusions being drawn. Here we used a classical task in cogni-
tion, the medical diagnosis task, but with methods more typical of research in 
perception, including a larger stimulus space and applying computational 
modelling to individual participant behaviour.   



 30 

Empirical work 

Methods 
Participants  
In all three studies, participants were recruited from the student population of 
Uppsala University and were compensated with either cinema vouchers, gift 
vouchers or course credits. In Studies II and III some of the participants were 
also recruited using the crowdsourcing services Accindi (Study II) and Ama-
zon’s Mechanical Turk (Study III). 

Data and Code Sharing 
The data and modeling code from Study I are available at https://osf.io/dkavj/, 
data from Study II at https://osf.io/kfhx3/, and data from Study III at 
https://osf.io/3vkad/. 

Statistical Analyses 
The inferential statistical analyses in all studies were conducted using the 
JASP software package (JASP Team, 2020). Bayes factors (BF) are reported 
in all studies and they are in some cases complemented by p-values. The ad-
vantage with Bayes factors is that they allow for direct comparison between 
different models/hypotheses. In particular, the Bayes factor allows quantify-
ing evidence both in favour and against a hypothesis, whereas p-values only 
can be used to reject a hypothesis. 

Cognitive Modeling 
Cognitive modeling is used in all studies to gain insight into the strategies 
behind the behaviour of the participants. This entails 1) Specifying a mathe-
matical description of every strategy one wants to test, 2) Finding the param-
eter values that best describe every participant for every model, 3) Comparing 
the relative goodness of fit for all included models, both at the level of indi-
viduals and the group level. 

In this thesis, the method used for fitting the models was maximum-likeli-
hood fitting. This means that the parameters for a given individual and model 
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are chosen such that they maximize the (log) likelihood (LLH) of the data 
given the parameters. In other words, picking the parameter values that make 
the participant’s responses in the experimental task most likely to have oc-
curred. Thereafter the models are compared based on their relative fit. An im-
portant point to make is that it is only the relative fit one compares and it is 
well and truly possible that the chosen model is merely the best alternative out 
of many poor ones. The absolute goodness of fit was evaluated in other ways, 
mainly by plotting the model predictions against the data or computing the 
explained variance. 

When comparing a set of models, it is important to consider the model flex-
ibility. The flexibility of a model affects its ability to fit the data; the more 
flexible it is, the easier it will be to fit any data with it. Even though this might 
seem like a positive thing, it brings a risk of overfitting and ending up with 
parameter values that do not have real meaning. Overfitting happens when a 
model does not only capture the trends in the data that it was designed to cap-
ture but also the random deviations from these trends (caused by, for example, 
response noise). This severely decreases the generalizability of the model 
since another dataset will be corrupted by slightly different noise and then the 
model will suddenly fit very poorly. There are different ways of avoiding 
over-fitting and one common method is to “penalize” the models based on 
how flexible they are. Flexibility is strongly related to how many free param-
eters a model has and the number of free parameters is therefore often used as 
a proxy for flexibility. Before the models are compared one can therefore cor-
rect the log-likelihood values by adding some “penalty points” based on the 
number of free parameters. One such method is to compute the Akaike Infor-
mation Criterion (AIC) (Akaike, 1974). It is computed as AIC = 2k-2LLH, 
where k is the number of free parameters. This is the main method used in 
Study I. Individual AICs are not easy to interpret so the common method is 
therefore to compare the relative goodness-of-fit between models by compu-
ting the difference in AIC points, ∆AIC. Usually, the AIC of the best fitting 
model is subtracted from all other models, such that the best model will have 
∆AIC = 0 and all other models ∆AIC > 0. One should be careful of making 
binary decisions, but as a rule of thumb models having ∆AIC > 10 have es-
sentially no support, in comparison to the best fitting model (Burnham & 
Anderson, 2004). 

Another way of avoiding over-fitting models is to use cross-validated log-
likelihood values. This method involves fitting the model on only part of the 
data and then computing the LLH based on the part of the data that was left 
out. This decreases the risk of fitting the model to random noise since the noise 
will differ between the two sets of data. This method was used in all three 
studies. Similarly to AICs, one can only interpret the relative difference be-
tween models. To this end, ∆LLH is computed and interpreted in the same 
way as AICs. 
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Even after using any of the methods described above, there is a risk that a 
model is flexible in ways that are not controlled for. Some models can be bet-
ter at mimicking the other models due to how it is formulated. One might 
therefore want to control that the models make distinct enough predictions. 
One method for doing this is to perform a model-recovery analysis (Palminteri 
et al., 2017). This consists of generating simulated data from all models and 
then fitting the models on the complete set of data. If the best fitting model for 
every data set is the model that generated it, one can conclude that the model 
comparison procedure one uses will be able to identify the correct models even 
for the experimental data. 
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Study I: Imperfect Bayesian Inference in Visual 
Perception 

 
Background 
The motivation for Study I was the ongoing debate in the field of perceptual 
inference where the leading view is that people perform optimally or near op-
timally in a range of perceptual tasks ranging from multi-modal cue combina-
tion to visual search and categorization. The optimality claims have however 
been contested with the argument that many of the optimal models lack ex-
planatory power due to them being too flexible (Bowers & Davis, 2012; Jones 
& Love, 2011; Rahnev & Denison, 2018). Using too flexible models means 
that there is a risk that even a suboptimal observer is described well by an 
optimal model. For example, the use of a freely fitted sensory-noise level or 
lapse rate can mask actual suboptimal behaviour by overestimating the level 
of sensory noise or the number of attentional lapses. This leads to confounding 
systematic suboptimalities with sensory noise. In addition to using flexible 
models, many previous studies have also not used cross-validation when fit-
ting the models to the data further increasing the risk of the models being 
overly flexible.  

The term optimal in this study refers to a Bayesian ideal observer model 
that describes an observer whose goal is to maximize accuracy and who inte-
grates all available information based on the reliability of every individual 
cue. The information is integrated according to Bayesian decision theory. The 
only source of noise in the judgment is the sensory noise and the observer is 
assumed to use the reward function that is given by the experimenter (1 point 
for a correct answer and 0 points for an incorrect answer). 

We hypothesized that due to the flexibility of previous models, suboptimal 
behaviour had been masked by overestimated sensory noise levels. There are 
even studies claiming that suboptimal inference, due to computational errors, 
is the dominant source of behavioural variability and sensory noise only has a 
smaller impact (Beck et al., 2012; Drugowitsch et al., 2016). We therefore 
included models with computational (or late) noise. 

As well as allowing for noise due to computational imperfections, we in-
cluded another often-neglected source of uncertainty in perceptual inference: 
external uncertainty. The presence of external uncertainty in a task means that 
even an observer who has no sensory uncertainty will sometimes make mis-
takes, in other words, the task will be probabilistic. It has been suggested that 
people are able to perform well on perceptual tasks since people are not given 
external probability information as is common in higher-level cognition tasks 
(Jarvstad et al., 2013). The probabilistic aspect in a perceptual task is instead 
in the form of internal, implicit estimates of the sensory noise. By adding 
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external noise to our task, it makes the task more consistent with naturalistic 
conditions but also more similar to a probabilistic higher-level cognition task. 

Methods 
We used a target detection task where on every trial the observer had to detect 
whether a target was present in a display of four tilted ellipses (cues) (Figure 
2A). The distinguishing feature of the target ellipse was that it was tilted in a 
clockwise direction while the three distractor cues were tilted in a counter-
clockwise direction. The reliability of each cue was varied by manipulating 
the elongation of the ellipse; a more elongated ellipse lead to a more discern-
ible stimulus and less noisy representation of that stimulus. In addition to var-
ying the sensory signal-to-noise levels, we also manipulated external noise 
levels by drawing the orientations of the target and the distractors from two 
slightly overlapping Gaussian distributions (Figure 2B), instead of using fixed 
values. The amount of external uncertainty was communicated to the partici-
pants by showing them images of the orientations the target and the distractors 
could have.  

The optimal model was constrained by putting prior distributions on its pa-
rameters. These priors were obtained from a separate discrimination task 
where the participant only had to report whether a single ellipse was titled in 
a clockwise- or counter clockwise direction. Due to the simple nature of this 
task, the decision process should mainly be affected by sensory noise and not 
computational noise and the sensory noise estimates from this task could 
therefore be used to constrain the parameters in the main task.  

The model comparison results obtained from computing AIC values were 
confirmed using cross-validated loglikelihoods to further minimize the risk of 
over-fitting. In total, we fitted 14 models to the data. Four Bayesian models 
and 10 heuristic models. The optimal Bayesian observer was defined as the 
observer who reports “target present” when the posterior probability for target 
presence exceeds that of the posterior probability for target absence. The pos-
terior probabilities were computed using Bayesian decision theory. 

The heuristic models were all based on the same basic principle of compu-
ting a single value and comparing it to a (freely fitted) criterion. One example 
of such a model computes the deviation between every stimulus and the target. 
If this number is smaller than the criterion it reports “target present”. To dis-
tinguish between errors caused by using the wrong decision rule and being 
unable to correctly implement the decision rule, we included two versions of 
every model, one with and one without noise caused by computational imper-
fections (referred to as late noise). From simulations we saw that the effects 
of four different kinds of imperfections lead to similar, Gaussian, error distri-
butions and we therefore modelled computational imperfections by adding 
Gaussian noise to the decision variable and fitting the µ and the σ of the dis-
tribution as free parameters. We also included both optimal and suboptimal 
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Bayesian models. The Bayesian models of highest interest here are 1) Flaw-
less Bayesian (only affected by sensory noise and 2) Imperfect Bayesian (af-
fected by both sensory and late noise).  

 
Figure 2. A) Illustration of a trial in the visual search task. (B) Top: examples of tar-
get-present displays under the four different levels of external uncertainty. Bottom: 
distributions from which the stimuli in the example displays were drawn. In all four 
examples, the ellipse at the “north” location is a target and the other three are dis-
tractors. 

Results 
Model comparisons revealed that, at a group level, the Imperfect Bayesian 
model described the data best and we could reject all other models 
(ΔAIC≥19.6±4.0) (Figure 3). This model accounts well for the data as seen 
from the model fits in Figure 4A. We were however not only interested in 
which strategy our participants used but also how this strategy affected their 
performance. Therefore, we computed how much their performance differed 
from the predictions of the optimal model by computing the ratio between the 
sensitivity (d’) of the participant’s responses and the sensitivity of the predic-
tion by the optimal model. This ratio indicates how close to optimal perfor-
mance the participant was and we refer to it as an index of optimality. In Fig-
ure 4B one can see that even though the average performance decreases as a 
function of external uncertainty, the d’ ratio is constant over conditions. This 
means that the deviation from the optimal model was constant for different 
levels of external uncertainty. The average ratio was 0.808±0.037 amounting 
to 19.2±3.7% deviation from optimal performance. 

Similarly, we computed how much of the performance loss that was due to 
sensory noise by comparing the sensitivity of the participant with that of the 
predictions of the optimal model where we set the sensory noise to 0. We refer 
to this version of the d’ ratio as an index of absolute optimality since compared 
to the previous one, it does consider sensory noise to be a form of suboptimal-
ity. After computing both indices, we can compute how much of the total 
suboptimality loss was due to sensory noise versus computational 
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imperfections and we found that 73.0±5.1% of the performance loss could be 
attributed to the sensory noise and 27.0±5.1% to computational errors. 

 
Figure 3. Left: AIC-based model comparison at the level of single subjects. Each 
column is a subject and each row is a model. The best model for each subject is indi-
cated in dark blue (ΔAIC=0). Right: Subject-averaged AIC values relative to the 
overall best model. 

 
Figure 4. (A) False-alarm rates (red) and hit rates conditioned on whether the target 
had high reliability (blue) or low reliability (green). The subject data (markers) are 
well accounted for by the Imperfect Bayesian (curves). (B) In all four conditions, the 
empirical sensitivity values (d’) (black) are lower than the values predicted by the 
Flawless Bayesian model (red). The average ratio between the d’ values is 
0.808±0.037. 
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Conclusions 
We found no support for perfectly optimal performance in the visual target 
detection task. We also found no evidence for the use of any of the 10 heuris-
tic-based models we tested. The participants were instead best described by 
the Imperfect Bayesian model; a model that integrates information according 
to Bayesian decision theory but has imperfections in the implementation of 
those computations. Specifically, it describes an observer who recognizes that 
the evidence from different cues should be integrated and weighted by their 
reliability but is not able to perfectly perform this integration. The Imperfect 
Bayesian could be a promising middle ground between Bayesian and non-
Bayesian views in perceptual inference. It also shows that just because a be-
haviour is suboptimal, it does not necessarily mean that people use heuristic-
based inference. This should however only be the first step. To further explore 
what kind of computational errors people make, one would need to design an 
experiment in a way such that the different types of error give rise to different 
error distributions or have in any other way distinguishable effects on the par-
ticipants’ responses. 

Contrary to the studies where it was argued that the majority of the opti-
mality loss in visual inference is due to suboptimal inference (Beck et al., 
2012; Drugowitsch et al., 2016), we found the opposite. We estimated about 
27% of the performance loss to be caused by suboptimal inference due to com-
putational errors. This is however most likely task-dependent and the sensory 
noise levels were presumably higher in our task since we had shorter presen-
tation times. 

The addition of external noise did not affect the level of suboptimality. 
Thus, even though this constitutes externally given probability information, 
people were still able to take this uncertainty into account in their decisions. 
This finding goes against the idea that people perform better in perceptual 
tasks because they use internal, implicit estimates of probabilities instead of 
explicitly stated external probabilities. The external uncertainty was however 
not given as a numerical, symbolic probability but was communicated with 
the help of a graphical illustration.  
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Study II: Do People Spontaneously Engage in Precision 
Weighting in Cognitive Inference Tasks? 

 
Background 
One key difference between perceptual and cognitive tasks is the computa-
tional demands, which could potentially explain why people perform differ-
ently on these tasks. In simple perceptual cue-combination, the normative be-
haviour involves weighting and adding the information. Cognitive tasks, on 
the other hand, often require an explicit understanding of inverse inference 
and the multiplicative integration of explicitly stated priors and likelihoods. A 
common finding here is that people do not use all pieces of information and 
often ignore the priors leading to fallacies such as base-rate neglect (Casscells 
et al., 1978). It is thus a possibility that the true state of affairs is that people 
find it relatively easy to weight and add information, but find the latter tasks 
to be the challenging ones, regardless of the task being perceptual or cognitive. 
In that case, we should find that people find it quite easy to perform close to 
the norm also in a cognitive task, provided that the normative solution requires 
– or is well approximated by – weighting and adding. For example, when you 
update your previous belief about the average cost of an apartment upon re-
ceiving new information about the cost of a number of apartments.   

Methods 
Ninety-eight participants performed three tasks involving belief updating (see 
task descriptions in the following section). The normative solution to two of 
the tasks was to integrate the prior beliefs and the new data as a weighted 
average (Equations 2 and 3) where the weights depended on the sample sizes, 
nprior and ndata, of the two values (cf. the reliability-based precision weighting 
in Study I). In the first task the mean weight, µposterior, was estimated from the 
prior estimate of the mean, µprior, and the mean of the data sample, µdata. In the 
second task, the participants estimated the probability that a randomly drawn 
man was heavier than their initial estimate. This was estimated from the prior 
probability of this happening (0.5 by design) and the ratio given by the data 
sample, M/ndata. The third task required the participant to update their belief 
about a hypothesis by inverse inference from their assessment of the likeli-
hood of an observation, to the posterior probability of the hypothesis (Equa-
tion 4). In addition to the variables already mentioned, this also involved a 
measurement of the standard deviation of the prior estimate, σprior. At the be-
ginning of the experiment, all participants read a text briefly describing the 
meaning of a normally distributed variable and its mean. After that, they were 
asked to make their best estimate of the mean weight of Swedish adult males. 
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They were informed that they should make this estimate such that they con-
sidered it equally likely that the actual mean weight is higher or lower than 
their estimate. Thereafter followed 48 questions. On every trial, they received 
new information regarding body weights of Swedish adult males.  
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Task description in task 1 (all descriptions are translated from Swedish): 

Your best initial estimate of the average weight of Swedish adult males was 
[Initial estimate]. Now assume that we draw a random sample of [ndata] adult 
males from the population of all Swedish adult males and the mean weight in 
this sample is [Initial estimate x change]. What do you consider to be the most 
reasonable guess of the average weight among all Swedish men after having 
seen this sample? 

 
Task description in task 2: 

Your initial estimate of the average weight of Swedish adult males was made 
such that there is a 50% probability that a randomly drawn Swedish male is 
heavier than [Initial estimate]. Now assume that we draw a random sample of 
[ndata] adult males from the population of all Swedish adult males and [M] of 
these [ndata] men were heavier than [Initial estimate]. What do you consider to 
be the most reasonable guess of the probability that a randomly drawn Swedish 
male is heavier than [Initial estimate], after having seen this sample? 

 
Task description in task 3: 

Your initial estimate of the average weight of Swedish adult males was made 
such that there is a 50% probability that a randomly drawn Swedish male is 
heavier than [Initial estimate]. Now assume that we draw a random sample of 
[ndata] adult males from the population of all Swedish adult males and the mean 
weight in this sample is [Initial estimate x change]. What do you consider to 
be the most reasonable guess of the probability that the average weight of Swe-
dish adult males is actually higher than [Initial estimate], after having seen this 
sample? 
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Sixteen trials per task were created by crossing 4 levels of sample size (ndata = 
10, 40, 90, 160) and four levels of change (change = .90, .95, 1.05, 1.1) for 
task 1 and 3, or four levels of proportions (M/ndata = 0.3, 0.4, 0.6, 0.7) for task 
2. 

For all three tasks we fitted four different models: 1) the normative model: 
a person using the normative rule and integrating the new information given 
in the task with their prior estimate, 2) weighted average model: a person who 
appreciates the importance of basing their judgment on both their prior esti-
mate and the new data, but fails at accounting for the relative importance of 
the two pieces of information, 3) report prior estimate: a person who disre-
gards the new data and only report the prior estimate, 4) report new data: a 
person who disregards the prior estimate and only report the new data. Note 
that the first two models involve the integration of the prior and the data, while 
the latter two models perform no integration. Lastly, we added a random 
model as a control. This model simply produced random responses, drawn 
from the distribution of all participants’ responses, on every trial. 

In the first two tasks, both the normative model and the weighted average 
model involved weighting and adding the prior and the data (which people as 
such should be much inclined to do). The difference is that in the normative 
model the weighting is appropriately informed by the sample sizes, imple-
menting precision weighting while in the weighted average model the weights 
(w) are constant for all trials. For all three tasks the prior sample size, nprior, 
was fitted as a free parameter in the normative model and the weight, w, was 
fitted as a free parameter in the weighted average model. 

In the third task, the weighted average model deviates from the normative 
model in yet another way. Besides using fixed weights that ignore sample size, 
it also uses the wrong integration rule (linear-additive integration rather than 
non-linear multiplicative integration). If people are naturally inclined to im-
plement more or less sophisticated weighting and adding of externally pro-
vided cues (here priors and data) but have difficulty with integrating externally 
provided cues by multiplication, people should find it easier to approximate 
the normative answer in the first two tasks.     

Results 
The cognitive modelling results revealed that the majority of the participants 
was well fitted by the normative model in task 1 (about 37%) (see Figure 5). 
A large proportion was nevertheless better described by the weighted average 
model (27%), the “report prior” (12%) or “report sample” (24%). The number 
of participants best described as normative decreased in both task 2 and task 
3 to approximately 15% (Figures 6 and 7). The best-fitted parameter estimates 
(Table 1) indicate that the participants best described by the weighted average 
model generally put more weight on the new sample in the first two tasks (w 
< 0.5), and shift towards putting more weight on the prior in task 3 (w > 0.5). 
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Due to the “report prior” model and “report new data” model both being spe-
cific cases of the weighted average, the weighted average model can in some 
cases be very close to the others in the model comparison. The model-fitting 
process however favoured the more parsimonious models so in any case where 
there was a tie between two models, the one with fewer free parameters won. 

Table 1. Mean and standard error of the maximum-likelihood estimates of parame-
ters nprior in the normative model and w in the weighted averaging model. These esti-
mates include only subjects for whom the respective model was selected as the best-
fitting model. 

 log nprior w 

Task 1 4.5 ± 0.4 0.435 ± 0.054 

Task 2 3.5 ± 0.4 0.318 ± 0.074 

Task 3 10.9 ± 0.7 0.639 ± 0.061 
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Figure 5. Results for Task 1. (A) Maximum-likelihood fits (curves) of the four mod-
els to the data (markers) of all subjects. Error bars and shaded areas represent 1 
s.e.m. (B) The same as panel A, but for each model including only the participants 
for whom the respective model was selected as the best-fitting model. (C) Model 
comparison results. In the individual results (left) the log-likelihoods are expressed 
relative to the log-likelihood of the winning model for each participant. The best 
model for each subject is indicated in dark blue (ΔLLH=0). In the group averages, 
the log-likelihoods are expressed relative to the overall best-fitting model (i.e., the 
weighted average model). 
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Figure 6. Results for Task 2. (A) Maximum-likelihood fits (curves) of the four mod-
els to the data (markers) of all subjects. Error bars and shaded areas represent 1 
s.e.m. (B) The same as panel A, but for each model including only the participants 
for whom the respective model was selected as the best-fitting model. (C) Model 
comparison results. In the individual results (left) the log-likelihoods are expressed 
relative to the log-likelihood of the winning model for each participant. The best 
model for each subject is indicated in dark blue (ΔLLH=0). In the group averages, 
the log-likelihoods are expressed relative to the overall best-fitting model (i.e., the 
weighted average model). 
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Figure 7. Results for Task 3. (A) Maximum-likelihood fits (curves) of the four mod-
els to the data (markers) of all subjects. One subject was best described by the ran-
dom model and is therefore not included in this plot. Error bars and shaded areas 
represent 1 s.e.m. (B) The same as panel A, but for each model including only the 
participants for whom the respective model was selected as the best-fitting model. 
(C) Model comparison results. In the individual results (left) the log-likelihoods are 
expressed relative to the log-likelihood of the winning model for each participant. 
The best model for each subject is indicated in dark blue (ΔLLH=0). In the group 
averages, the log-likelihoods are expressed relative to the overall best-fitting model 
(i.e., the weighted average model). 

Conclusions 
In Task 1, for about 64% of the participants, the judgments were affected by 
both the prior and the new data but the new data was not always used to the 
extent indicated by the sample size. When the task demands went from 
weighting and adding in the first task, to computing inverse inference in task 
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3, the number of people classified as “normative” decreased. The finding that 
fewer people were well described by the normative model in task 3, suggests 
that people on average were unable to perform the kind of multiplicative in-
verse-inference reasoning that was demanded. The majority of participants in-
stead seemed to use a linear integration rule and to compute a weighted aver-
age which is in line with previous findings (Brehmer, 1994; Juslin et al., 
2008). This suggests that people are better equipped to solve tasks where the 
normative integration rule is to compute a weighted average instead of a mul-
tiplicative integration involving reasoning about inverse inference. However, 
already for task 2, there were much fewer participants who were best de-
scribed by the normative model and only 35% of the participants were best 
described by the models that integrated both pieces of information compared 
to 64% in task 1. The normative rule in this task was to compute a weighted 
average just in task 1 but with the difference that the answer had to be given 
as a probability. It is therefore possible that it is not the inverse inference as 
such but rather the explicit reasoning about probabilities that proves difficult 
for some participants. This claim has been made in previous studies 
(Gigerenzer & Hoffrage, 1995). 

Already in task 1 there were clear individual differences. The majority of 
people in task 1 (~37%) were best fitted by the normative model but about a 
quarter of the participants were better described by the weighted average 
model. The remaining participants only reported the prior estimate or the new 
sample data. This suggests that a large part of the participants integrated both 
pieces of information to make their estimate and more than a third of the par-
ticipants did spontaneously engage in the kind of precision weighting that hu-
mans have been shown to use in many previous perceptual studies. About a 
quarter of the participants did however use a simpler integration rule and did 
not weight the information based on the precision. This suggests that there is 
a difference in how (at least some) humans integrate information in perception 
and cognition.  
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Study III: On the Generality and Cognitive Basis of 
Base-Rate Neglect 

 
Background 
In Study III we further explored how the ways in which rationality is evaluated 
affects the conclusions being drawn. Here we used a classical task in cognition 
research, namely the medical diagnosis task (also referred to as the mammogra-
phy problem). In this task, a person is given information regarding the preva-
lence of a disease. They also receive information about the hit rate (probability 
of getting a positive test if you have the disease) and false alarm rate (probability 
of getting a positive test if you do not have the disease) of a medical test. The 
task is to estimate the probability that a person who has received a positive test 
result actually has the disease. The normative response is given by Bayes’ rule. 
An often-replicated finding is that people overestimate the posterior probability 
of having the disease. The classical interpretation of this finding is that people 
neglect the base rate information and only base their judgment on the hit rate 
(Casscells et al., 1978). 

The classical finding of base rate neglect (BRN) is based on stimuli from 
one extreme corner of the stimulus space where the base rate (BR) is very low, 
hit rate (HR) is high and false alarm rate (FAR) is low. People violating axi-
oms of probability theory at extreme points of the stimulus space is not nec-
essarily indicative of human behaviour in general. The older studies finding 
BRN are generally based on one-shot decisions. There are studies that have 
used more trials and less extreme stimulus values, but to our knowledge, no 
previous study has systematically explored a wide stimulus range and used a 
cognitive modelling approach. Using cognitive modelling meant that we were 
not restricted to only evaluate the performance levels but could also investi-
gate which strategies people were likely to use. In Study I, we found evidence 
for Bayesian inference in perception that was not considered optimal in the 
classical sense. One of the aims of Study 3 was to examine whether the same 
kind of model may also serve as an explanation of deviations from the norma-
tive response in a classical cognitive decision-making task. 

In addition to using cognitive modelling and a larger stimulus range, we 
investigated the effects of different task formats. An explanation for why peo-
ple neglect BRs is that the human mind is not evolved to compute with prob-
abilities (Gigerenzer & Hoffrage, 1995). According to this view, people are 
able to perform Bayesian inference if they are provided with the “correct” type 
of information; the type of information that people have had access to during 
history and the brain consequently been adapted to use. It is argued that the 
“correct” type of information, in this case, is a natural frequency format. 
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Lastly, we explored how people’s performance and decision strategies 
would change if they had to base the inference on noisy estimates of BR, HR 
and FAR instead of explicitly stated symbolic numbers, thereby adding en-
coding noise to the task.  

Methods 
We used a 2x2 between-subject design with frequency format (natural fre-
quency vs. normalized frequency) and presentation format (symbolic vs. pic-
torial) as independent variables. On every trial, the participant received infor-
mation about the BR of a fictitious virus in a fictitious hospital. They were 
also informed about the HR and the FAR of a medical test designed to detect 
the existence of the virus. They were then asked to estimate the probability 
that a randomly chosen person from the hospital who had received a positive 
test result, actually had the virus. The response was given in percentages in all 
conditions. Forty-five trials were created by crossing five BRs (0.1, 0.3, 0.5, 
0.7, 0.9), three HRs (0.5, 0.7, 0.9), and three FARs (0.1, 0.3, 0.5). We also 
collected data on a task with a single trial with the same stimulus values as the 
classical formulation of the task, BR = 0.1%, HR = 100%, FAR = 5% using 
symbolic presentation, to verify that our paradigm was able to reproduce the 
original findings of BRN.  

The two symbolic tasks were formulated in a similar way as in previous 
studies. Below are example trials from the normalized format and the natural 
frequency format respectively, both translated from Swedish. 

“70% of people at this hospital have the virus. Among those who do have the 
virus, there is a 50% chance of getting a positive test result. Among those who 
don’t have the virus, there is a 30% chance of getting an incorrect positive 
result.” 

“70 out of 100 people at this hospital have the virus. Among the 70 persons 
who have the virus, 35 will be getting a positive test result. Among the 30 
persons who don’t have the virus, 9 will be getting an incorrect positive test 
result.” 

The pictorial tasks were constructed such that the task structure corresponded 
to the symbolic version but the BR, HR and FAR given in the task were rep-
resented using probability matrices instead of symbolic numbers (Figure 8). 
The participants in the pictorial condition also performed an extra task with 
200 trials after the main task. Here they were shown a single probability matrix 
and the task was to estimate the proportion of squares that had plus signs on 
them. This task was used to assess the level of noise in the participant’s esti-
mations in a similar way as the discrimination task in Study I, and we used 
this noise estimation to put a constraint on the model parameters in the main 
task. 
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Figure 8. Screenshots from one trial in the two pictorial tasks. A) Normalized fre-
quency format. B) Natural frequency format.  

We fitted three types of process models to the experimental data: two Bayesian 
integration models, a linear-additive integration model, and two heuristics-
based models. A Gaussian “decision” noise was added to all models. This 
noise is meant to capture limitations in the decision process due to neural 
noise. The first Bayesian model is simply Bayes’ rule with the added noise 
term (Equation 5). To differentiate this model from a completely noise-less 
Bayesian (cf. the flawless Bayesian in Study I) we refer to this model as the 
“Imperfect Bayesian”. The other Bayesian model, the “Skeptic Bayesian”, 
represents a Bayesian decision maker with prior beliefs about BR, HR, and 
FAR in the context of viruses and medical tests. Instead of fully trusting the 
information provided by the experimenter, the sceptic Bayesian combines that 
information with its own priors before applying the integration rule. 
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The linear additive model computes a weighted average of BR, HR and FAR 
(Equation 6). 
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 BR HR FARR w BR w HR w FAR      (6) 

 
The two heuristic-based models are based on a set of different heuristics that 
are picked based on the task. The set of heuristics used in this study comes 
from the self-reported strategies used in a similar study (Gigerenzer & 
Hoffrage, 1995). Since the exact strategy behind which heuristic should be 
picked on a particular trial is not specified, we used two different plausible 
strategies. The first model assumes that people use heuristics since they are 
good approximations of the correct answer. It therefore picks the best possible 
heuristic on every trial, that is, the heuristic that best approximates the answer 
given by Bayes’ theorem (see Equation 7 for the list of heuristics). We refer 
to this as the well-adapted Heuristic Toolbox model. 

The second version of a heuristic model is instead based on a lexicographic 
decision tree (Equation 7). The informativeness of the HR, BR and FAR (in 
that order) is evaluated sequentially and determines which specific heuristic 
that is picked. For example, if the HR is considered informative enough (dif-
ferent enough from 0.5) then the HR is given as the answer. The “different 
enough” was modelled as a free parameter, δ. 
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Results 
The two main questions of this study were (1) whether the fallacy of base rate 
neglect is a general effect or if it only concerns tasks in a limited part of the 
stimulus space, and (2) what does the subject-level cognitive modelling reveal 
about the underlying mechanism. The control task replicated the findings of 
BRN from previous studies with the modal response being “95%” (Figure 
9A). The results from the main experiment showed strong evidence for par-
ticipants on average responding to changes in BR, HR and FAR (Bayesian 
three-way repeated-measures ANOVA; BFinclusion was so large it exceeded the 
numerical precision of JASP for all main effects). To further explore BRN on 
an individual level, we computed the base rate sensitivity, SBR, for every par-
ticipant. SBR was computed as the slope of a linear fit to a participant’s re-
sponses divided by the slope of a linear fit to the Bayesian observer’s re-
sponses. If that person completely ignored the BR they would have SBR = 0. If 
SBR = 1 it meant they responded to a change in BR to the same extent as a 
Bayesian observer would (Figure 9E). In Figure 9F is the distribution of all 
participants’ SBR values plotted and it shows that they are spread over the full 
range of values but with two clusters around 0 and 1.  
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To investigate whether the natural frequency format was beneficial we per-
formed a Bayesian ANOVA which revealed strong evidence for an effect of task 
format (BFinclusion = 23.19). The mean absolute error (MAE) was smaller for the 
tasks with a natural frequency format (M = 18.02, SD = 12.34) compared to nor-
malized format (M = 23.20, SD = 10.20) (Figure 9B). There was anecdotal evidence 
against an effect of the presentation format (BFinclusion = 0.46), although there was a 
tendency towards the pictorial format being beneficial for performance. 

 
Figure 9. (A) Distribution of responses in the control experiment. (B) Subject-averaged 
response accuracy in the main experiment, split by condition. (C) Left: Subject-averaged 
responses binned by the correct response and split by condition. Right: Subject-averaged 
responses for each base rate, collapsed across hit rates and false alarm rates and split by 
condition. (D) Subject-averaged response accuracy for each base rate collapsed across hit 
rates and false alarm rates and split by condition.  (E) Left: an example of a participant 
whose average response was independent of the base rate; the base rate sensitivity, SBR, 
was computed as the ratio between the linear fit slopes. Right: an example of a partici-
pant who responded to the base rate almost equally strongly as the normative observer. 
(F) Distribution of sensitivity values across all subjects.  

To answer the second main question of this study, regarding the underlying 
mechanism, we fitted the five models to the data. The results from this cogni-
tive modelling also showed large individual differences, particularly in the 
two symbolic tasks (Figure 10). On average, the sceptic Bayesian provided 
the best fit for most participants. A considerable portion was still better de-
scribed by the linear additive, imperfect Bayes or lexicographic model.  
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Figure 10. Model comparison for, from the top: symbolic normalized format, sym-
bolic natural frequency format, pictorial normalized format, pictorial natural fre-
quency format Left: Cross-validated model log-likelihoods relative to the best 
model. The preferred model for each participant is indicated in blue and the worst 
models are indicated in yellow. For visualization purposes, participants were sorted 
in such a way that all participants on which a particular model was the preferred one 
would line up (blue areas). Right: Cross-validated model log-likelihoods relative to 
the Sceptic Bayesian model, averaged across all participants. Errors bars indicate 1 
s.e.m. 
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Conclusions 
The classical finding on the medical diagnosis task is that humans neglect the 
base rate. However, in this study we saw that the distribution over all partici-
pants’ sensitivity values (Figure 9F) makes it clear that there are large indi-
vidual differences concerning how much the BR was used. There are espe-
cially two large clusters around 0 and 1, suggesting that many participants 
either completely ignored BR or used them appropriately. The results from the 
control task (using the same stimulus values as the classical formulation) rep-
licated the original finding of BRN but here there were also large individual 
differences and even though the modal response indicated BRN, the majority 
of the responses were on the lower part of the scale (Figure 9A).  

The results from the model comparison supported mostly the sceptic 
Bayesian and linear additive integration but the only model that could be ruled 
out for all participants was the well-adapted heuristic toolbox model. This 
means that if people used heuristics, they did not use them in a way that ap-
proximates Bayes’ rule. An alternative interpretation would be that people 
might use a completely different set of heuristics. While possible, it seems 
unlikely since: 1) the set of heuristics that were included in this study came 
from self-reported strategies of participants performing an almost identical 
task in a study by Gigerenzer and Hoffrage (1995), 2) although the possible 
set of heuristics for this task can be large, the set of plausible ones is finite. 
The Adaptive Toolbox approach is built on the assumption that people use 
heuristics since they are reasonable simplifications.  

The natural frequency format was beneficial but provided only a slight in-
crease in performance. One explanation for why we found less of an impact 
of this format is that the participants in the present study had to give their 
response in the form of a probability expressed in percentages. It has been 
argued that for a natural frequency format to be beneficial, even the response 
has to be given in the form of a frequency, such as a ratio (“5 out of 100 peo-
ple”) (Cosmides & Tooby, 1996). By allowing the response to be given as a 
ratio, one removes the probabilistic aspect of the task and this is thus a con-
ceptually different question. If one wants to investigate people’s ability of 
probabilistic reasoning one must ask a probabilistic question. 

Surprisingly, there was no effect of pictorial format. This suggests that the 
participants were able to accommodate for the encoding noise and perform at 
a similar level as had they been presented with symbolic numbers instead.  

An important message from this study is the importance of analysing and 
presenting individual results. For example, due to the large individual differ-
ences in model fit, the group averages are misleading if the individual plots 
are not taken into account simultaneously. Similarly, from the results of the 
control task it was evident that even in the original formulation of the task, 
there were people who did not “fall victims” for BRN. In many of the older 
studies, the only presented results are the modal response or percentage of 
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correct responses. Only using the modal response as a measure of how much 
BRN there is in a data set might be an unfair measure in this task. To illustrate 
this, assume that 20% of the people in a sample perform no information inte-
gration at all and only report the likelihood (i.e. the HR), while the other 80% 
are doing some form of integration utilizing all information. The participants 
in the latter group are more likely to reach slightly different conclusions. Even 
if we assume that they would have used the exact same decision rule their 
responses would likely be subject to rounding errors. The participants in the 
first group, on the other hand, will have identical responses. By only reporting 
the mode, one risks only reflecting the responses by the first group and fail at 
describing the behaviour of the group with slightly varying answers. It is 
therefore possible that the impact of BRN has been overemphasized in the 
older literature. Similarly, if only the percentage of correct responses are re-
ported, one loses much of the information in much the same way. 
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General Discussion 

Summary and Conclusions 
The aim of this thesis was to explore factors that could explain the gap in 
behaviour between studies in perceptual and cognitive inference. In the intro-
duction of this thesis, five factors were identified that often are handled dif-
ferently in perceptual and cognitive studies. These were: 

 
1. The criterion of optimality/rationality can be defined in terms of corre-

spondence or coherence. (Mainly investigated in Study III) 
2. The task can involve linear cue combination (typical in perception) or in-

verse inference of probabilities (typical in cognition). (Investigated in 
Study I and II) 

3. The task can involve either internal and implicit reasoning with probabil-
ities (typical in perception) or external and explicit reasoning (typical in 
cognition). (Mainly investigated in Study I and Study III) 

4. The sources of noise that corrupt the judgments can originate before stim-
ulus encoding (typical in cognition) during stimulus encoding (typical in 
perception) or after stimulus encoding (typical in cognition). (Investigated 
in Study I and Study III) 

5. The data can consist of few participants with many trials each (typical in 
perception) or many participants with few trials each (typical in cogni-
tion). Which in turn affects the practice of modeling and analyzing the 
data at the level of individual participants (typical in perception) or at the 
level of the group (typical in cognition). (All studies used individual mod-
eling of data) 

The importance of these factors was examined and the findings are discussed 
below. 

Rather than only evaluating rational behaviour in terms of performance 
level or the violations of axioms, we used a cognitive modelling approach to 
get a broader picture of individual behaviours. While in all three studies there 
definitely were people who did not follow the normative rules, many partici-
pants seemingly did. In Study III we saw that a large proportion of the partic-
ipants did include the base rate in their judgments, both based on the estimated 
model parameters and from the model-free base rate sensitivity measure. Pre-
vious studies that have evaluated the level of rationality on this task have 
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mostly focused on the coherence criterion of rationality. They might have un-
derestimated human capabilities by overemphasizing axiom violations and not 
looking at how well the actual performance corresponded to the answer given 
by Bayes’ rule. Although there were clear deviations from the Bayesian solu-
tion, this can to some degree explain the perception-cognition gap.  

In simple perceptual cue-combination tasks, normative behaviour reduces 
to the adequate linear weighting of information. In Study II we explored 
whether people would be considered rational if this criterion was applied to a 
cognitive task. The results were partly in favour of this hypothesis as we found 
that just over a third of the participants were well described by the normative 
model when it involved computing a weighted average (task 1). In the task 
requiring inverse inference, on the other hand, only 15% were best described 
by the normative model. However, although the majority of participants in 
task 1 were best described by the normative model, about a quarter of them 
were better fitted by the weighted average model. So, while the majority of 
the participants did integrate both pieces of information in task 1, some of 
them did not take into account the relative importance of the information. It 
therefore seems that there is some validity to the theory that there is a “gap” 
since many studies have shown that people are near-optimal in the correspond-
ing perceptual task. 

In Study I, we examined the optimality claim in perception by using a task 
that has a more complex decision rule than the weighted average rule often 
used in simple cue-combination tasks. The normative answer was given by 
computing posterior distributions using Bayes’ rule and comparing the prob-
ability of “target present” versus “target-absent”. This involves using inverse 
inference to go from prior probabilities and the likelihood of the data. Here 
we found that even in perception, people sometimes struggle with implement-
ing this rule perfectly. This indicates that tasks involving inverse inference are 
difficult in general, even for the perceptual system. At the same time, we know 
that in our daily life inverse inference is likely to be a large part of all percep-
tion (at least if one agrees with Helmholtz (1866)). It is therefore likely that 
the deviations from perfectly optimal inference do not cost much in terms of 
accuracy in a real-life environment. 

To investigate whether the absence of external uncertainty in typical per-
ceptual decision-making tasks can explain part of the perception-cognition 
gap, we manipulated this kind of uncertainty in a perceptual task. This did, 
however, not make the participants’ performance deviate more from the opti-
mal model. This goes against the idea that humans are better at low-level judg-
ments since the probabilistic aspect in a perceptual task is only due to internal 
estimates of the sensory noise, and thus implicit in the observer’s own sensory 
system. One possibility is that humans are accustomed to uncertainty that fol-
lows a Gaussian distribution and can therefore incorporate this in the inference 
regardless if it originates within the brain or externally.  
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By adding decision noise as a factor in the models in Study I, we could 
show that previous claims of optimality in visual inference tasks might be ex-
aggerated since suboptimalities could be explained away as a higher sensory 
noise level. The criterion of optimal behaviour that has been used in some 
previous perception studies might therefore be more relaxed in comparison to 
cognitive inference studies. In cognitive studies, the criterion can in some 
cases instead have been too harsh. For example, by not allowing for any devi-
ations from Bayes’ rule in the medical diagnosis task, one disregards the pos-
sibility that people might use strategies that are correct but fail at implement-
ing them perfectly. Given that neural processes are inherently noisy (Faisal et 
al., 2008), it seems unlikely that any complex mental inference can be exe-
cuted perfectly every time. This again provides evidence towards it being 
“easier” for a human to be classified as being rational/optimal on a perceptual 
task compared to a cognitive one. 

Individual Differences 
Individual differences are often overlooked in cognition research and certainly 
in the study of cognitive biases (Berthet, 2021). That is to some degree true in 
perception research as well, but to a lesser extent due to the psychophysical 
tradition of collecting many trials per subject with relatively few subjects per 
study, which allows for individual subject modelling. The most consistent 
finding from all cognitive tasks used in this thesis was that there were large 
individual differences in the strategies that best described the participants. In 
the perceptual task in Study I we could see that the average best-fitting model 
also was the best-fitting model for almost all participants, whereas in the cog-
nitive tasks the results were very heterogeneous. 

Although group-level results might make cleaner and more appealing head-
lines, they provide a possibly overly simplistic view of human decision-mak-
ing. In Study III we found that the original findings of BRN were replicated 
in the control task. However, when looking at the whole distribution of re-
sponses instead of just the modal responses, the picture looked quite different. 
A large proportion of the participants gave responses somewhere between 0%-
50%. While still not being the correct answer, these participants clearly did 
not simply respond with the value given by the hit rate, as is often claimed. 
Furthermore, when using statistical analysis on average data one risks missing 
important patterns in the individual data. Given the potentially larger “news-
value” in reporting violations against rationality, it further increases the risk 
that individual differences get overlooked. This can lead to the exaggerated 
view that every human being is susceptible to every bias and cognitive fallacy. 
While exploring why these kinds of biases occur is still important, one misses 
part of the picture by not including the people who are not biased. A descrip-
tion of why people are susceptible to base-rate neglect is therefore incomplete 
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until it also describes why some people are not susceptible. In Study II we 
found a very similar pattern, although some participants seemed to perform 
normative integration, others did not.  

In all three studies presented in this thesis, the conclusions would have been 
substantially more limited – and in some cases even different – if data had 
been analysed only at the group level. Hence, the findings in this thesis high-
light the importance of subject-level analysis and taking individual differences 
seriously. I believe that this lesson is especially important for the field of cog-
nitive judgments and decision making, where this is often overlooked. 

Reconsidering Optimality in Perception 
In the study of perceptual inference, the general conclusion has been that hu-
man behaviour is close to optimal, meaning that humans are able to maximize 
their accuracy while being sensitive to their own sensory noise levels. In Study 
I, we found evidence for people not being perfectly optimal in the traditional 
sense of the word. We suspect that findings of apparent optimality in previous 
studies may sometimes have been too strong – they may have used too flexible 
models in which the sensory noise level was able to explain away variance 
that in reality was due to suboptimal inference. Nevertheless, Study I also re-
vealed that the participants still performed probabilistic computations since 
they were sensitive to the reliabilities of different stimuli and managed to use 
that in their decisions. By using a factorial modelling approach, we could dis-
tinguish between suboptimalities due to the decision being corrupted by noise 
and the observer using a fundamentally different decision rule. An important 
lesson from Study I is that people not acting according to the ideal Bayesian 
model designed by the experimenter does not necessarily mean that they are 
better described by a non-Bayesian heuristic. Similarly, any evidence against 
the use of heuristic decision models does not automatically mean evidence for 
optimality. In Study I, we found evidence for people using a Bayesian decision 
rule that was affected by decision noise. In other words, they used a Bayesian 
strategy but there were imperfections in their implementation of it. By further 
specifying where this noise originates from, one can start exploring why the 
suboptimalities occur.  

One possibility is that instead of implementing exact Bayesian inference, 
humans approximate Bayesian inference using a sampling procedure 
(Sanborn & Chater, 2016; Zhu et al., 2020). This solves the problem of perfect 
Bayesian inference being computationally intractable, and in a natural envi-
ronment the richness of the data is assumed to decrease the risk of the kind of 
biases that arise in experimental laboratory settings. In Study I, a version of a 
Bayesian sampling model outperformed the flawless Bayesian but did not per-
form better than the Imperfect Bayesian. This further strengthens the evidence 
that previous claims of optimality in visual inference are exaggerated. It also 
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suggests that a Bayesian sampling algorithm can explain some of the devia-
tions but not all.  

Another proposed explanation for why apparent suboptimalities in percep-
tion occur is that these deviations from “classical” optimality actually have a 
normative basis (Gardelle et al., 2011; Li et al., 2017), in which case one might 
argue that they are a feature rather than a bug of the system (Summerfield & 
Li, 2018). Effects that previously have been considered perceptual distortions, 
such as the oblique effect (Appelle, 1972), can be explained by efficient neural 
coding. In that framework, the maximal amount of resources is dedicated to 
the encoding of the kind of features that are most likely to occur in natural 
environments. Following this line of explanation, the deviations from optimal-
ity that we found in Study I might be a consequence of a well-adapted sensory 
system rather than the opposite. We estimated that the deviations from opti-
mality due to sensory noise accounted for about 73% of the performance loss. 
This means that even if the late noise could be extinguished, the majority of 
performance loss would still remain. The gain might therefore not be large 
enough to be worth the cost it would imply. 

Practical Implications 
Outside the world of cognitive psychology, the tasks used here might seem 
synthetic. Indeed, it is a common critique that the tasks used to study human 
behaviour in cognition labs are irrelevant for the real-life situations that people 
experience. However, while humans might not need to explicitly compute the 
posterior probability of their beliefs on a daily basis, this is not a completely 
unreasonable task to give to people, and there is still value in understanding 
how humans approach this kind of problems. If it is true that the human mind 
evolved using natural frequencies, the development of our modern society has 
at least increased the need for explicit reasoning and interpretation of proba-
bilities. The first study that used the medical diagnosis task used a sample of 
physicians and medical students with the express purpose of studying how 
physicians handled the increased demand of them having to comprehend and 
interpret “a rising flood tide of information” (Casscells et al., 1978, p. 1). This 
study was published in the late 70s; the importance of reasoning with proba-
bilities has not decreased. Understanding how individuals make judgments is 
especially of great importance in critical situations faced by, for example, sur-
geons, firefighters, pilots and politicians and can have great societal impact. 
Here it becomes imperative to take the individual differences in strategies into 
account. If we can predict what kind of errors a specific individual is likely to 
make in a particular situation, then we can give them tailored support for these 
situations. 
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Limitations 
In both Study II and III we added noise to the decision variable without spec-
ifying exactly what this noise entails. The source of this noise is assumed to 
originate within the brain and be caused by imperfections in the mental infer-
ence due to the limited precision of neural mechanisms (Faisal et al., 2008). 
In Study I, we saw that it can also capture suboptimalities due to having in-
correct assumptions about the task. To further distinguish between different 
sources of noise one would need to use experimental paradigms that can con-
strain the models in such ways that the different sources of noise have different 
effects on data. 

When using computational modelling one can never be certain that the best 
model has been found. As the common saying goes, all models are wrong but 
some are useful. One way in which they are useful is that they help rule out 
theories or even entire classes of theories. For example, even if we never can 
be certain that a participant that is well described by a particular model actu-
ally uses the decision strategy that is assumed by the model, we can still say 
something about the strategy they do use. As an example, it is unlikely that a 
participant that was well fitted by the imperfect Bayesian model in Study I in 
reality used a heuristic such as computing the minimum deviation from target. 
We can therefore conclude that the individual used some form of probabilistic 
computations that took the reliability of the stimulus into account. Since most 
(if not all) heuristic models that have been proposed for these types of tasks 
assume that stimulus reliabilities are ignored, all these heuristic models are 
falsified.  

In two of the studies, we used data that was collected online. One of them 
used Amazon’s Mechanical Turk that allows screening for participants that 
have proven themselves to be reliable participants on previous tasks. There is 
still the possibility that the lack of control might have led these participants to 
act differently than they would have in a lab. Studies have however shown 
that data collected online is of comparable, and sometimes even higher, qual-
ity than that collected in a lab. This is attributed to the online participants being 
intrinsically motivated to participate which might not be the case for the (stu-
dent) population that is studied in the lab (Chandler & Shapiro, 2016; Gosling 
& Mason, 2015). 

Future Directions 
If all models are wrong but some are useful, are optimal and rational models 
useful? From the studies reported here, it is evident that an optimal/rational 
model can be useful by providing an upper limit to performance. Bayesian 
models are in particular useful since they provide a pre-determined framework 
for deriving such a model instead of relying on ad-hoc, task-dependent 
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formulations. However, instead of focusing only on the binary question of 
whether human inference is optimal/rational or not, the discussion would ben-
efit from instead focusing on specifying what people actually do (Rahnev & 
Denison, 2018). For example, are people able to do precision weighting of 
different information sources? Do they integrate different sources at all? The 
Bayesian approach as a normative framework can be, and has been, useful. 
When specifying an optimal model based on principles of Bayesian decision 
theory, a number of assumptions are made about the environment. If the model 
describes a person well, it is a reasonable hypothesis that the person makes 
similar assumptions as well. If the optimal model provides a poor fit, the next 
step can be to examine which components of the model should be altered to 
explain the inference strategies people actually use. In both Study I and Study 
III we found evidence for Bayesian models that, from the point of view of an 
external observer, were suboptimal. In Study I this Bayesian was perturbed by 
random noise representing noise in the computations. In Study III the sceptic 
Bayesian represented a decision maker that instead of fully trusting the infor-
mation given in the experiment, combined that information with their own 
priors. When compared to the strictly normative Bayesian that was used in this 
task, the sceptic Bayesian participants would be classified as suboptimal. 
However, in a broader sense, in most cases in everyday life, basing your deci-
sions on prior experience in addition to new information is a reasonable thing 
to do; it is the Bayesian thing to do. By including these models, we could 
explore which components of the Bayesian solution that people are not taking 
into consideration, and which components they might use.  

To further explore the possibility that part of the “gap” is due to asking 
different questions in perception and cognition, it is important to explore 
whether an individual who manages to perform precision weighting in a per-
ceptual task also does so in a cognitive task. One could use both a typical 
perceptual cue-combination task and a corresponding cognitive task where the 
normative strategy is to compute a weighted average, as in Study II. By using 
a within-subjects design and taking a cognitive modelling approach, one could 
examine whether there is a shift in individuals’ inference strategies between 
the two tasks. In this way, one can simultaneously explore differences in strat-
egies both between individuals and within the same individual. To further ex-
plore intra-individual variance, it would also be of interest to study how a per-
son’s strategies might change during the course of the same task. 

Concluding Remarks 
Some of the discrepancies between behaviour in cognition and perception can 
be explained by the different practices regarding experimental designs and 
having different theoretical assumptions. From the studies in this thesis, it 
seems like part of the gap can be closed by recognizing that cognition is not 
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as irrational as is sometimes claimed and perception not as optimal. Although 
this would narrow the gap, it would most certainly not make it disappear. The 
work presented here suggests that there is a real difference in how humans 
integrate information in perception and cognition. In the perceptual tasks, they 
were able to do so based on how reliable the different sources of information 
were but in the cognitive tasks, a large part of the participants used less so-
phisticated ways of combining the information. Another factor that points to-
ward there being an actual gap is the fact that there was a considerable differ-
ence in how much individual variability there was. In the cognitive tasks, there 
was more variability in the performance and in what model that best described 
the individuals’ strategies. It therefore seems like the performance on cogni-
tive tasks is more sensitive to the idiosyncrasies of the person. Differences in 
other high-level cognitive abilities such as working memory and language 
might have a larger effect on the performance on a cognitive task while the 
perceptual system is less intertwined with other parts of the human mind. This 
relates to another age-old question within psychology and philosophy 
(Firestone & Scholl, 2015; Tacca, 2011; Teufel & Nanay, 2017): is perception 
affected by cognition, in the form of top-down processes, or not? 

By studying the perception-cognition gap, one does not only gain infor-
mation regarding whether humans behave rationally in the different tasks or 
not, but it also sheds light on the hidden assumptions within the different 
fields. These kinds of assumptions can often go unquestioned and it is not until 
they are put into perspective by an opposing view that one is forced to evaluate 
them. Whether or not these differences in assumptions are ultimately what lies 
behind the gap, being aware of which assumptions are made in a study is im-
perative when it comes to drawing general conclusions. After having taken 
stock of all assumptions connected to the study of rationality in human behav-
iour, it may become clear that the debate is not actually concerning whether 
people are rational or not, but rather how rationality should be defined. 
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