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Abstract

Learning causal relations provides the knowledge that allows us to make accurate predictions and to make more
effective interventions. Some of these predictions may have a high value for survival, providing us with a body of
knowledge that maximizes context adaptation. This is why researchers have tried to understand how people learn
about the causal structures in their environment. In this article, we outline some of the most recent advances in
the understanding of causal learning, and specifically of the causal learning biases that often affect our decision-

making.

Keywords: Causal learning, causal illusion, cognitive bias.

lllusions of causality and contingency learning

Inferring causality is not an easy task as it is not directly observable. Instead, we need to infer it
indirectly by using some cues or principles, the most relevant ones being priority, contiguity, and
contingency (Hume, 1748). Priority refers to the fact that causes proceed their consequences, while
contiguity implies that causes and consequences are often close in time and space. Lastly, contingency
refers to cause-effect covariation, that is, causes typically covary with their effects in such a way that
the presence of a cause changes the probability of its alleged effect. Thus, in some cases, the presence
of the cause increases the probability of the effect (generative causes) and, in other cases, the cause

reduces the probability of finding an effect (preventive cause).

Let us illustrate the contingency principle with an example. Imagine that you are trying to find out
whether a new drug is able to reduce the symptoms of a disease (e.g., headaches). Therefore, you
arrange a set of testing trials to study this relationship. For the sake of simplicity, imagine that any other
relevant variables such as presence of other diseases, additional treatments or lifestyle changes are
also controlled, and that the only factor varying from one test to another is using or not using the target

drug. On these circumstances, there are four possible situations (see Figure 1, panel A): You use the
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drug and feel better (type a event), you use the drug and do not feel better (type b event), you do not

use the drug and feel better (type c event), or you neither use the drug nor feel better (type d event).

A - Contingency table

B - Null contingency

Remission No remission Remission No remission
(Outcome) (No outcome) (Outcome) (No outcome)
Drug Drug
(Cause) a b (Cause) 3 3
No drug No drug
(No cause) ¢ d (No cause) 3 3

C- Negative contingency

D - positive contingency

Remission No remission Remission No remission
(Outcome) (No outcome) (Outcome) (No outcome)
Drug Drug
(Cause) 0 6 (Cause) 6 0
No drug No drug
(No cause) 6 0 (No cause) 0 6

Figure 1. Some examples of contingency Tables. A. Contingency table containing the four types of events that can
be found when combining one potential cause (drug) and one outcome (healing): a, b, ¢, and d. B. Example of cell
frequencies showing a null contingency. C. Example of cell frequencies showing a negative contingency. D.
Example of cell frequencies showing a positive contingency.

Note that all four types of events contribute to an accurate estimation of the covariation between drug
(the potential cause, C) and healing (the alleged outcome, O): if the drug is actually effective against
the disease, we will expect that the probability of feeling better after using the drug will be higher than
the probability of feeling better after not using the drug. This difference may be computed following

Equation 1 (Ap index; Allan, 1980):

4p = P0|C) — P(O|~C) = [a/(a + b)] — [¢/(c + d)] (1)

When the contingency index Ap equals zero (null contingency), the probability of feeling better after
using the drug equals the probability of feeling better after not using the drug, that is, using the drug
does not make any difference. When the difference between the two probabilities is lower than zero
(negative contingency), the probability of feeling better after using the drug is lower than the

probability of feeling better after not using the drug, that is, using the drug prevents the healing, so it
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is actually counterproductive (the lower the value of Ap index, the stronger the effect). Finally, when
the difference is higher than zero (positive contingency), the probability of feeling better if using the
drug is higher than the probability of feeling better if not using the drug, that is, using the drug
contributes to health improvement (the higher the value of Ap index, the stronger the contribution).

Figure 1 (panels B, Cand D) shows an example of null, negative, and positive contingencies respectively.

People are quite good at estimating these covariations that can be used to inform causal learning
(Shanks & Dickinson, 1988; Wasserman, 1990), but as we will detail next, when certain conditions are
met, biases in covariation estimation may arise (Blanco & Matute, 2015; Chow et al., 2019; Double et

al., 2020; Hannah & Beneteau, 2009; Moreno-Fernandez et al., 2017).

Following our previous example, let us illustrate what a bias is in this context and which conditions may
contribute to its appearance. Imagine that you conduct a test of the drug effectiveness on a sample of

100 patients who suffer from the disease, and find the results depicted in Figure 2, panel A.

A

B

Remission No remission Remission No remission
(Outcome) (No outcome) (Outcome) (No outcome)
Drug Drug
(Cause) 40 10 (Cause) 60 15
No drug No drug
(No cause) 40 10 (No cause) 20 5

Figure 1. Two examples of cell frequencies in null contingencies. A. Outcome-density effect (most trials show an
outcome occurrence). B. Cause- and Outcome-density effects combined (most trials show a co-occurrence of both
cause and outcome).

Following Equation 1, in this example Ap equals zero, which means that we have no reason to believe
that the medicine affects the headache remission rate: it holds at 0.8 regardless of whether the
medicine has been used or not. However, this is an example of a situation in which people usually
overestimate the relation between the medicine and the recovery. That is, when observing a pattern
like this, people usually believe that the medicine is working although the data do not support this

conclusion.
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The critical feature to bear in mind is that, in this particular example, the expected outcome (being
healed) occurs at a high rate. From the table in Figure 2 we can compute the probability of the outcome
occurrence, p(0), which in this case equals 0.8, a high value. We know from previous research that a
high outcome occurrence probability biases the judgments. Moreover, this type of situation is not
atypical: acute headaches, for example, are frequently episodic, lasting for some hours before
remitting. Therefore, remissions are frequent. Likewise, the data in this example show a high rate of
remissions that could be spontaneous, that is, remissions not attributable to the medicine. Of course,
itis possible that something else is causing those remissions, but the relevant part here is that the data

clearly show that remissions do not depend on the use of the medicine (Blanco & Matute, 2020).

It has been repeatedly reported that in situations where the outcome (e.g., being healed) appears at a
high rate, i.e., p(O) is high, as in the previous example, people tend to overestimate the strength of the
causal relation. This effect is known as outcome-density effect (Alloy & Abramson, 1979; Buehner et
al., 2003; White, 2004). Additionally, increasing the probability of the cause, p(C), makes a similar effect
(cue-density effect; Barberia et al., 2020; Matute et al., 2011; Vadillo et al., 2011). Overestimations are

typically stronger when both p(C) and p(O) are high (as shown in Figure 2, panel B; Blanco et al., 2013).

Cue and outcome-density effects are two examples of how people often overestimate causality despite
data showing a null contingency that points to an absence of causality. This overestimation is often
called illusion of causality or causal illusion, and it refers, in general, to any situation in which people
believe that a causal relationship exists in the absence of contingency data that supports such

conclusion (i.e., typically, a null contingency).

As we will explain below, these illusions may have a wide range of consequences, some of them could
be considered as an advantage, while others may pose a risk (Blanco, 2017). For example, it has been
argued that this type of illusions can be positive for self-esteem, as they make us believe, even if
mistakenly, that important outcomes are not completely subject to chance. On the other hand, there
are other occasions where causal illusions may underlie wrong beliefs that support risky behaviors. A
common example is using a bogus treatment with dangerous side effects instead of scientifically proven

medical treatments.

Given the practical implications of causal illusions on real life and the consequences that may derive
from them, some researchers have tried to describe the mechanisms underlying these illusions: Why
do people overestimate causal relations? On a later section we will revise some of the most relevant

perspectives in the field and the advances made on this topic in recent years. Nevertheless, the first
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step to build a comprehensive theory is to have a comprehensive set of data, and to get those data we
need to develop methods that allow us to get thorough and high-quality information about the

conditions and factors that contribute to the development of causal illusions.

Measuring causal illusions. Methodological Advances

There are two main methodological procedures traditionally used to assess causal learning from
contingency information. These are the Passive and the Active procedures. In both cases, participants
are exposed to a series of trials in which a cue may or may not occur, and a given outcome may or may
not follow, thus showing a sequence of the four trial types. Then, it is their task to infer whether there
is a causal relationship between the two events. The main difference between the two procedures is
whether the participant’s behavior or an external event plays the role of the cue (potential cause).
Below, we describe these two main procedures, along with some of the methodological variations that
have been proposed in the literature, and some of the effects that choosing one or the other method

may have on the results of the experiment.

Passive procedure

In the passive procedure, the potential cause is an external event. For instance, in a popular
methodological procedure, participants are shown a series of medical records of fictitious patients, one
per trial. The fictitious patients may or may not have taken a given medical treatment (potential cause),
and then they may report feeling better (outcome) or not. That is, a pair of external events that do not
depend on the participant’s behavior, such as watching records of patients taking a pill and reporting
feeling better, can co-occur or not during a series of trials. The task of the participants is to infer to what
degree the relationship between those two external events is causal. The cover stories may also differ
from the medical story we just described. They may use, for example, meals that cause allergic reactions
(Aitken et al., 2000; Hannah et al., 2009), fertilizers that cause plants’ growing (Katagiri et al., 2007;
Moreno-Fernandez et al.,, 2017), political parties and economical outcomes (Blanco et al., 2018),
chemical substances and alien mutations (Blanco & Matute, 2019), teaching strategies and academic
achievement (Double et al., 2020), and many other instances of potential causes and outcomes that

may be present or absent in each trial (see Matute et al., 2015, 2019, for reviews).

As we described earlier, there are four possible combinations of the presence and absence of the
potential cause and outcome in each trial, which result in four different types of trials. Thus, researchers
can control the objective contingency between the two events by manipulating the number of trials of

each type.
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The null contingency paradigm is the standard experimental procedure for investigating the causal
illusion because the goal is to study the factors that affect the development of a causal illusion when
the actual causal relationship is zero. Therefore, when asked at the end of the sequence of trials about
the degree of causality between the two events in these experiments, participants should provide a
causal judgment of zero or close to zero. However, they often give a higher value, overestimating the
causal relationship between the two events. Thus, they show an illusion, or bias, of causality (see

Matute et al., 2015, 2019, for reviews).

Active procedure

The other standard procedure is the active procedure. Like in the passive procedure, when the research
purpose is to study the illusion of causality, the contingency between the potential cause and the
outcome will be set to be zero, that is, the outcome is programmed to occur with the same probability
in the presence and in the absence of the potential cause. In this procedure, however, the potential
cause is the behavior of the participant. Thus, even though the task of the participant is still to infer
whether there is a causal relationship between the potential cause and the outcome, in the active
procedure the participant is the one who actively decides in which trials will the potential cause be
present or absent. As we will see below, this is a very important difference with respect to the passive

procedure.

This procedure has been used in studies of causal judgments since the late seventies by, for example,
Allan & Jenkins (1983), Alloy & Abramson (1979), Shanks & Dickinson (1988), and Wasserman (1990).
These researchers were interested in studying how people associate their own behavior to its
consequences, as well as in how people may overestimate the relationship between their behavior and
its consequences, showing an illusion of control. It has also been used in research on information
seeking strategies, particularly sampling biases, which can also lead to an illusion of control. The illusion
of control is a particular type of the illusion of causality, in which the potential cause is the behavior of
the participant, so that people believe that their own behavior is controlling uncontrollable events in

their environment.

Thus, the active procedure is generally preferred over the passive procedure when studying causal
illusions in which the potential cause is the behavior of the participant. However, the passive procedure
has advantages, as it allows for more rigorous experimental control over the number of trials of each
type, and therefore, over the objective contingency experienced by the participants. Indeed, when
using the active procedure, we should be aware that, because the participant is free to decide when to

introduce the potential cause (action), we are losing experimental control and surrendering one degree
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of freedom to the participant (Gibbon et al., 1974). For instance, if the outcome is programmed to occur
with identical probability in trials where the participant introduces the action and in trials in which the
action is absent, the relationship between the two events should be zero. However, participants wishing
to obtain a desired event tend to behave with a high probability of responding, p(R), that is, they tend
to introduce the cause in a high number of trials (Matute, 1996). This behavior exposes them mainly to
trials where the outcome occurs in the presence of their behavior (i.e., type a and type b trials).
Moreover, as we previously mentioned, conditions that favor the illusion of causality involve a high
outcome probability. Thus, if experimental participants introduce the cause with high frequency, there
will be many coincidences, that is, this will cause participants to become exposed mainly to type a trials
(i.e., both cue and outcome are present). This can easily lead to an illusion of control (or, more generally,
to an illusion of causality) that would be reflected on their causal judgment (Blanco et al., 2011; Hannah
& Beneteau, 2009). This so-called p(R) effect is a type of cue-density effect that occurs when the
potential cause is the participants’ behavior, and it has been reported in many experiments that use
the active procedure as a way to mimic those real-life cases where participants try to obtain desired

outcomes.

Variations of the active procedure

Many experiments aim to investigate whether people are in principle capable to detect a null
contingency between their action and the outcome at least under neutral conditions. In these cases,
researchers are exploring ways to reduce the probability of responding in the active procedure to make
it more neutral and more similar to the passive procedure, in which the experimenter can program the
cause to occur with a 50% probability. Thus, in these experiments, participants are not instructed to
obtain the outcome, but to learn the degree of causal relationship between their behavior and the
outcome. The goal is to equalize the exposure to what happens when participants respond versus when

they do not respond, so that they receive less biased information.

A possible strategy is simply instructing participants to introduce the potential cause in approximately
50% of the trials so that they can learn both what happens when they act and when they do not act
(Shanks & Dickinson, 1987; Wasserman, 1990). This instruction helps them to behave in a less biased
way, and to become exposed to a more complete contingency information. When these instructions
are used, judgments tend to be more analytic and less biased than when participants are simply trying
to obtain a desired outcome under more naturalistic instructions (Matute, 1996). Nonetheless, the
participants still have some degree of control over the actual probability of the cause, so researchers

have looked for additional ways to minimize this potential problem.
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One approach is a more actively guided procedure in which researchers not only instruct participants
on how much to respond, but also when exactly to respond. In this way, researchers can ensure not
only that the actual contingency corresponds exactly with the one that has been programmed, but also
that the same contingency is maintained through the experimental session (Hannah & Beneteau, 2009).
This variation of the active procedure induces judgments that are more similar to those of the passive
procedure, and less biased than when participants respond in the active procedure with a high

probability of responding.

Additionally, there are many other variables that have also been shown to affect the probability of
responding, and therefore, the illusion of causality as well. Introducing any of these variables in
experiments using the active procedure will almost certainly modify the participants’ behavior, and
therefore the information that they are exposed to, and hence their illusion of causality. For instance,
telling participants that the drug has severe (vs. no) side effects, makes them reduce their probability

of responding (Blanco et al., 2014).

Variations in the presentation of the Outcome

Some researchers have sensibly argued that outcomes in real life are not an all-or-none event. Indeed,
outcomes are often continuous and graded, as when, for example, people feel slightly better or
perfectly recovered after having followed a medical treatment. Thus, experiments have also been
conducted using continuous outcomes, which gives a greater ecological validity to the experimental
designs (e.g., Chow et al.,, 2019; Double et al., 2020). Moreover, it has also been noted that the
successive learning trials in causal learning experiments are usually compressed over a very short period
of time (e.g., 30 minutes), whereas in real life learning trials may occur over much extended periods.
Current researchers are also using experimental manipulations that are more realistic and involve
learning trials over long periods of time (e.g., one trial per day over a 24-days period; Willett & Rottman,

2021).

Another important aspect of outcomes in real life is that they are not always as straightforward as they
are in the laboratory experiments, and their occurrence may often be ambiguous. For instance, in a
study by Blanco et al. (2020), the outcome (pictures of —fictitious- samples of human tissue) needed to
be classified as positive or negative for a certain (fictitious) disease. The stimuli were programmed to
be darker or lighter by varying the number of dark pixels in the picture. Positive cases were defined as
those showing a greater proportion of “darker” cells (or lighter, depending on the counterbalancing
condition), which were determined by varying the number of pixels of each color. Some stimuli were

easy to classify (e.g., those having a 20/80 proportion of dark to light pixels were very easy), whereas
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others were difficult (e.g., those showing a 40/60 and 60/40 proportion). That is, many instances of
tissues where relatively ambiguous, in order to mimic the more complex and noisy conditions that
people may face in real life. The results indicate that those people who more often interpreted the
ambiguous stimuli as outcome occurrences were the ones who showed stronger illusions, thus
suggesting that subjective interpretation of ambiguous information matters. A related line of research
(Chow et al., 2019) investigated outcomes that were continuous (e.g., varying in magnitude from 0 to
100) rather than binary (e.g., present / absent), which is often a more realistic setting, and replicated

the outcome-density bias in these conditions.

Other variants

There are several other procedural variations, which also affect the results in these experiments. As an
example, the frequency with which the participants’ judgments are requested is also a critical
methodological aspect that needs to be considered. Causal judgments are usually assessed using a
continuous scale (e.g., from 0 to 100, or from -100 to +100), and they are usually assessed once at the
end of the experiment, However, they can also be assessed every few trials, or even after every single
trial. It has been shown that participants emitting their judgments in a Global (i.e., end of training)
mode, tend to integrate the information received throughout the experiment. For instance, participants
receiving information that suggests a positive causal relationship during the first (or last) part of an
experiment, and the opposite information during the other half of the experiment, will tend to integrate
both contradictory pieces of information and their final, global judgment, will tend to be of an
intermediate value. However, those receiving that type of contradictory information but requested to
emit their judgments at the end of each trial (or at the end of every block of a few trials), will be more
influenced by the particular value of the information that they have just received in the most recent
trials. If the information in the first half of the experiment suggests that there is a positive causal
relationship, and the last part of the experiment suggests just the opposite, then the participants’ trial-
by-trial judgments will be initially higher and then lower, reflecting the most recent information
received before each judgment. Their global (end-of-training) judgments, however, will tend to
integrate both pieces of information (Collins & Shanks, 2002; Catena et al., 1998; Matute et al., 2002).
Several explanations have been proposed as to why end-of-training and trial-by-trial judgments should

behave differently. Indeed, it has been suggested that people tend to update their beliefs from the last

1 Studies asking participants to emit their judgments using a continuous scale at the end of training (i.e., global
mode), may often add predictive yes/no responses during the individual trails (e.g., “will the outcome occur in this
trial? y/n”) in order to maintain the participants attention through the task. In this case, it should be noted that
those yes/no responses are not judgments and are used for different purposes and assessed differently. That is,
they do not inform us about the effect of the frequency of judgments.
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trial in which they emitted a judgment (Catena et al., 1998), and that the frequency of judgments could
work as a contextual cue that frames the subset of data that should be considered when making a
judgment (Vadillo et al., 2004). In any case, it seems that asking participants to judge causation (or
contingency or other variable) repeatedly during the experiment creates the expectation that their
judgments should change, and/or that they should be making their judgments based on a smaller

subset of what they have experienced.

Another procedural variable that strongly influences causal judgments is the wording of the test
question that is used to assess the participants’ judgments. Differential results can be observed
depending on whether the question is worded in terms of causality or prediction, or even whether it is
worded in the cause-effect direction (i.e., predictive), or in the effect-cause (diagnostic) direction
(Crocker, 1982; Don & Livesey, 2018; Matute et al., 1996; Vadillo & Matute, 2007) These test-question
effects are well known in the causal learning literature and some of them have also been explored —

and confirmed- in the area of causal illusions that we are discussing herein.

One more variable that may affect the results is the use of preventive causes instead of generative
causes. The examples we discussed above include causes that potentially generate their effects (which
implies a positive contingency). But causes can also have preventive relationships with their potential
effects (which implies a negative contingency). For instance, taking a certain pill may terminate or even
prevent a headache. To our knowledge, although there are few studies directly comparing the illusions
in generative vs. preventive scenarios, some suggest that the effects that we have described above are
similar regardless of the contingency sign (Blanco & Matute, 2015, Matute & Blanco, 2014), while others
indicate that there could be differences (e.g., Aeschleman, 2003; Bloom et al, 2007). This calls for the

need of further experiments that test this possibility systematically.

3. Explaining causal illusions. Theoretical advances

In general, the advances in the methods and applications of the illusion of causality have not been
matched by a parallel improvement in the theories that are used to understand it, at least in recent
years. Thus, we continue to use the traditional theoretical approaches that have worked relatively well.
However, some recent findings suggest that our theories need to be further improved to account for
new data. In this section, we will first review the dominant theories proposed to understand the illusion

of causality, and then refer to new findings that challenge these theories.
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Current accounts for the illusion of causality.

Traditionally, the illusion of causality has been understood from the causal learning framework and,
consequently, the theories that have been used to explain the bias come from this field. These theories
can be divided into two big families that propose different approaches to causal learning: rule-based

theories, and associative theories (Perales & Shanks, 2007; Pinefio & Miller, 2007).

Rule-based theories describe how people combine pieces of information, with the aim of producing a
numerical estimation of the contingency that corresponds to the participant’s judgment in a
contingency learning task. The primitives that these rules combine to produce an estimation are,
typically, the frequencies of the four types of trials that can be observed in this type of task and have
been described earlier. Generally, rule-based theories make no specific claims about the psychological
mechanisms involved in the computation, but often merely describe what the expected rational output

is.

Thus, one of the more straightforward contingency rules is the abovementioned AP (Allan, 1980) (see
Equation 1), which just expresses the correlation between a potential cause and an outcome. However,
this rule can only account for accurate contingency detection, as it cannot produce the type of biased
estimations that we see in the empirical literature. Therefore, some have proposed a weighted version
of the rule which incorporates a free parameter for each type of trial (i.e., wa, wb, wc, and wd)
(Wasserman et al., 1990). By including these parameters, the rule tries to model the idea of different
trial types having different weights or levels of importance when judging causality. This makes the rule
flexible enough to account for both accurate contingency detection (i.e. when all weights are similar)
and biased contingency detection (i.e., when some of the trial types outweigh the others). Specifically,
if type a trials (i.e., those which contain both the cause and the outcome) are given relatively higher
weight in the computation, then the rule predicts systematic overestimations of contingency and,
hence, a illusion of causality. This proposal is somewhat consistent with empirical evidence that
suggests that, when judging causality, type a trials are paid more attention to, or given more
importance, than type d trials. This in principle would result in a illusion of causality, particularly when
type a trials are very frequent (Mandel & Vartanian, 2009; Wasserman et al., 1990). A similar cell-
weighting idea is used in some variants of the weighted AP rule, such as the Evidence Integration model

(Busemeyer, 1991).

In general, rule-based theories were designed to model accurate contingency/causality detection, and
therefore they are not well suited to capture biases. It is true that when these models incorporate

weights or other mechanisms, they can indeed predict systematic deviations from true contingency,
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such as the outcome-density or the cause-density effects. However, they do it at the cost of becoming
too flexible (for instance, the weighted version of AP adds four free parameters to the model), and thus

being potentially able to predict one result as well as its opposite.

Since these models are strongly focused on contingency estimation, other models have been developed
to better capture causal inferences (which arguably go beyond mere contingency). A remarkable
example is Power PC (Cheng, 1997), which attempts to model some invariant properties of causality
that subjects can use to estimate causal power. Causal power is a psychological construct that
represents the perceived ability of a cause to produce an effect, and unlike AP, it includes certain
psychological assumptions about causality. For instance, the model distinguishes between causes and
“enabling conditions”, so that an event that has high correlation with the outcome can be considered
irrelevant from the causal power viewpoint. Thus, the presence of oxygen is necessary for a fire to start
(enabling condition), but we usually think that a poorly put out cigarette is a more likely cause of fire
than oxygen, even though its correlation with fires is small. This means that, in addition to mere
contingency between causes and effects, people need to build a causal model that incorporates prior
beliefs and knowledge. This is a feature that makes this model somewhat different from other rule-
based theories, as it incorporates psychological elements. Power PC still serves to produce mostly
accurate causality estimations, although it can be used to predict certain biases: In particular, given a
fixed value of AP, Power PC can produce different values of causal power depending on the base-rate
of the effect, P(O|~C), thus predicting the outcome-density effect (Buehner et al., 2003). However, the
model cannot directly account for outcome-density biases in null contingency settings (unless it is

assumed that null contingencies are never perceived as exactly zero).

Similar to Power PC, other theories have proposed to incorporate psychological constrains to model
causal learning, in particular in the form of probabilistic dependences and prior beliefs as understood
in the Bayesian framework. Thus, the Causal Support theory (Griffiths & Tenembaum 2005) compares
two competing causal models: one that includes the target causal link and one that does not include it.
The participant then uses the observed data to decide which of the two models is more likely. However,
to make this judgment, previous knowledge and beliefs must be incorporated as a prior distribution, in
a Bayesian update process. Although Causal Support is also designed to produce rational, accurate
judgments of causality, it can be used to understand certain biases. Specifically, according to this theory,
prior beliefs can affect the causal inference in different ways, for instance, by making one causal model
much more likely than the other, by favoring strong causes (those that are more likely to produce the
effect) over weak causes, or by assuming the presence of hidden causes in the background (Lu et al.,

2008). This reliance on priors endows the theory with enough flexibility to account for different types
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of performance (either biased or realistic) depending on details of the scenario. For example, two
people could differ on their a priori beliefs about the plausibility of a causal link, one being prone to
believe that masks work to prevent virus outbreaks, while the other being skeptical. Even when facing
the same covariational information, there could be strong differences in their conclusions due to their

different priors concerning the probability of the hypothesis that masks work.

Associative theories, on the other hand focus on modeling a learning mechanism that describes how
information is acquired, rather than describing how the pieces of information must be combined to
produce rational answers. These theories propose that contingency estimation (and thus perception of
causality) is based on a process of strengthening and weakening of the association between the mental
representations of the cause and the outcome. This association results from the exposure to
occurrences and co-occurrences of the two events. Thus, perhaps one of the most celebrated
associative theories, the Rescorla-Wagner model (Rescorla & Wagner, 1972), is able to capture the
actual contingency between cause and outcome by updating the strength of the association on a trial-

by-trial basis (Equation 2):

Ve =Vioa +aBf (A — EViy) (2)

That is, the associative strength (V) is updated as a function of the discrepancy between the actual
outcome that was observed in the current trial (A) and the sum of the associative strengths of all
potential causes that are present at that moment. The impact of this discrepancy on the update process
is weighted by means of two learning rate parameters, a and 8, which correspond to the salience (or

the “ability to produce learning”) of the cause and the outcome, respectively.

One feature of the Rescorla-Wagner model is that it can predict both accurate and biased contingency
estimations, at least under some combinations of parameter values (see simulations for different
scenarios in Blanco & Matute, 2015; Matute et al., 2019). For example, when many type a trials are
presented, the model predicts an initial overestimation of the contingency that is interpreted as an
outcome-density bias. However, these predictions are pre-asymptotic, which means that the model can
only produce biases at the beginning of the training stage, and subsequently converges on the right
value of contingency (according to the AP rule) as more information is acquired (Danks, 2003; Matute

et al., 2019). This prediction has been fulfilled in some studies (Murphy et al., 2011, although this task
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was not causally framed as it was an illusory correlation experiment), but more recent experiments that
aim to provide a systematic test for it have failed to find supporting evidence. For example, Barberia
etal., (2019) used a very long training procedure and were unable to document the progressive
reduction in the bias that associative models predict (see also Blanco, Vadillo & Matute, 2011). Using a
different strategy, Moreno-Fernandez et al. (2021) found no effect of training length on the illusion of
causality. Thus, a clear prediction derived from associative theory (i.e., that contingency
overestimations are fleeting and disappear as more information is provided) seems not well

documented in the empirical studies.

Additionally, to fully account for results such as outcome- and cause-density biases that persist after a
moderate amount of training, the Rescorla-Wagner model requires certain combinations of parameter
values (i.e., typically, higher salience for cause-present trials than for cause-absent trials). In fact, one
can mirror the same results that the weighted AP rule and related models produce by combining
different values for the four learning rate parameter values (i.e., for the presence and the absence of
both cause and outcome). This means that the two approaches (the associative one and the rule-based
one) end up becoming almost identical explanations for the illusion of causality, only differing in the
mechanism: whereas weighted rule-based models propose that certain pieces of information are given
more importance than others, associative models assume that certain stimuli, or combinations of
stimuli, produce more learning. Thus, although we have two promising theoretical accounts for the
illusion of causality, none of them seems clearly better endowed than the other to understand the
phenomenon. Moreover, as we will review next, the accumulation of evidence that additional factors
might play a role in the bias beg for the incorporation of additional mechanisms or more complex

models.

Findings that are hard to fit by current models.

Although contingency detection remains the primary focus in most research investigating causality bias
(and, hence, the contingency learning task is still the most widely used procedure), recent experiments
have shifted their interest towards examining different processes that can reveal differences between
individuals as between scenarios or situations. For example, (Blanco et al., 2018) presented the same
null contingency to a group of participants with varying ideological self-positions, ranging from extreme
left to extreme right. They also manipulated the causal scenario so that, in one condition, the null
contingency corresponded to a left-wing party proposing measures to improve economic indicators,
whereas in another condition the corresponding party was of the opposite ideology (right-wing). The
results indicated that, despite observing identical contingency information, the description of the party

as left- or right-wing affected the illusion of causality selectively: it was more pronounced when the
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conclusions aligned with the participant’s ideology (i.e., right-wing party condition for participants who
self-position themselves on the political right, and left-wing party condition for participants who self-
identify with the political left). This result suggests that, in addition to the processing of contingency
information that both rule-based and associative theories propose, there must be room for additional
factors to play a role. Specifically, motivational factors (e.g., trying to fit the observed contingency into
a previous cosmovision, set of beliefs, or expectations) could be important to explain differences in
causal judgment between individuals and across situations (Vicente et al., 2023). This implies a shift
from theories that only consider bottom-up mechanisms to detect covariation or capture statistical
regularities (as is the case of associative theories and most rule-based theories, such as AP) to more
nuanced and complete theories that also incorporate top-down mechanisms as well, which perhaps

interact with other processes in complex ways.

In fact, it is possible for current theories to incorporate ways to account for motivational or top-down
factors. In particular, AP and similar theories can make use of cell weighting, which is a very flexible
mechanism, to explain this type of effects. One only needs to assume that cell weights are sensitive to
previous beliefs, attitudes or expectations (e.g., type a trials are given more importance when they fit
in the participant’s expectations than when they do not), so that the contingency that is then estimated
includes a bias. Similarly, associative theories can use the equivalent mechanism of assuming that the
learning rate parameters vary with previous beliefs, with the identical result of weighting the cells in a
flexible way. In addition, some associative theories already incorporate response rules (Denniston,
Savastano, & Miller, 2001; Pinefio, 2007) that allow further flexibility in the observed behavior. These
response rules would, on the other hand, imply that at least some factors affecting the illusion of
causality do so by means of performance effects, rather than only through encoding or learning effects
(Allan et al., 2008). Finally, both Power PC and, more clearly, Causal Support naturally incorporate the
influence of prior beliefs, expectations, and knowledge. For example, Power PC assumes certain
knowledge of the world to correctly classify the stimuli as potential causes (e.g., cigarette) or enabling
conditions (e.g., oxygen); and Causal Support can handle the effect of knowledge and expectations as
prior distributions of different forms. In sum, although top-down mechanisms are not explicitly present
in most traditional theories used to explain the illusion of causality, there are mechanisms to include

this type of influence that should be explored in future research.

Another type of result that may challenge current theories comes from research on certain learning
phenomena such as the learned predictiveness effect and the outcome predictability effect (Beesley &
Le Pelley, 2010; Liu et al., 2020; Livesey & McLaren, 2007). Participants learn more rapidly about a novel

causal relationship when it involves either cues that have been consistently paired with an outcome, or
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outcomes that were previously learnt as predictable. These effects were initially considered variants of
the same phenomenon, although they are probably independent (Thorwart et al., 2017), and together
they suggest that, whatever the formalization we choose to indicate different levels of importance for
each piece of information (i.e., via learning rate parameters, as in associative theories, or via cell
weights, as in the weighted AP and related theories), the importance could change during a learning
session to respond to previous learning, expectations, or knowledge (Griffiths, Livesey, et al., 2019;
Griffiths & Thorwart, 2017). So far, neither type of theory incorporate such sensitivity in the cell
weighting/associability mechanism, but it is a logical path of improvement. In this regard, Causal
Support may already account for these phenomena via the inclusion of different sets of prior beliefs
that are generated by previous training experiences, although the possibility has not been directly

addressed.

4. Practical implications of causal illusions.

In the preceding sections, we have described what causal illusions are, how researchers measure them,
and the theoretical models that have been proposed to explain them. In the following section, we will

highlight some of the practical implications that arise from overestimating causality.

First, causal illusions have been linked to irrational beliefs such as paranormal or superstitious beliefs
(Blanco et al., 2011; van Elk, 2013; Griffiths, et al., 2019; Matute, 1995). Individuals may develop an
illusory link between their own behavior and desired consequences, such us protection from bad luck
or increasing chances of getting a desired outcome. This could induce and maintain superstitious
behaviors through action biases that promote high p(C), and therefore a cause density effect (Hannah
& Beneteau, 2009; Vadillo et al., 2011). When such effects are combined with a naturally high frequency
of the outcome, p(0), the overestimation of the effectiveness of actions to prevent or provoke that
outcome is facilitated (Allan & Jenkins, 1980; Blanco et al., 2011). For example, a football fan may wear
a lucky shirt while watching the match on TV to “ensure” his team wins (wearing the shirt on every
match means that the potential cause is presented with high probability). Although no causal relation
exists between wearing the lucky shirt and the team winning the match, the fan may develop a causal
illusion if the team wins a high proportion of their matches (i.e., a high density of the effect). That is,
the illusion is facilitated by a combination between a cause density effect and an outcome-density
effect. Although this is a mere example with no serious consequences, similar conditions with more
important implications may occur for instance when people believe that using a pseudomedicine can

be effective for treating a serious disease.
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Recent research has shown that, when estimating causal relations in laboratory settings, people that
score high in paranormal beliefs (including superstitious beliefs) display a biased sampling strategy
compatible with positive testing. That is, they look for information that eventually allows them to check
whether the effect is present when the potential cause is also present, but disregarding or diminishing
the interest on the probability of the effect in the absence of the cause (Blanco et al., 2015). As
previously mentioned, this biased strategy may promote density effects, thereby serving to either
generate such beliefs or perpetuate pre-existing ones (see Yarritu & Matute, 2015 for an example of
how previous beliefs may affect sampling strategy). Furthermore, such sampling biases may also
contribute to self-esteem by inducing an illusion of control that may maintain the bias. Thus, the illusion
of causality may enhance one’s perceived ability to positively influence events, contributing to self-
esteem. In line with this, research has demonstrated that individuals exhibiting high levels of depressive
symptomatology demonstrate a less biased sampling strategy and, therefore, greater accuracy in
establishing causal relationships compared to non-depressed counterparts (Alloy & Abramson, 1979;

Blanco et al., 2012).

Research on irrational beliefs, such as paranormal and superstitious ideas, has often used the active
procedures that we have described in previous sections, because they allow to investigate how people
behave. However, some studies have also revealed the potential effect of individual differences in
evidence weighting, and their role on these beliefs. For instance, Griffiths et al. (2019) showed that in
addition to the biased sampling strategy, people who are prone to superstitious beliefs also tend to
overweight those events that seem to confirm the relation between the potential cause and the alleged
consequence (confirmatory events) over events that disconfirm the relation. Similar results have been
found when exploring pseudoscientific beliefs using a passive procedure, for example Vicente, Blanco
& Matute (2023) have recently found a relation between pseudoscientific beliefs and information
weighting. In this research, pseudoscientific beliefs were related to the magnitude of causal illusions on
a passive task in which the outcome appeared with high frequency (outcome-density effect), a result
that is consistent with previous results reported by Torres et al. (2020). However, these results also
showed that the magnitude of that correlation depends on prior beliefs in such a way that the illusion
was stronger when information was compatible with prior beliefs than when it was not. Thus, the
illusory effect of an alternative medicine varied as a function of general confidence in alternative
therapies: those participants with high confidence in alternative medicine developed stronger illusions
toward a fictitious alternative product than those participants with a lower confidence in alternative

medicine (see also Blanco et al., 2018 for similar results on political appraisal).
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As illustrated in the preceding example, one context where pseudoscientific beliefs can have
repercussions is in the domain of health. Holding the belief that an ineffective treatment is efficacious
may lead to a wide range of harms, not only in terms of health outcomes (e.g., delaying the acceptance
of evidence-based treatments), but also in financial terms by increasing healthcare costs. Previous

research has focused on investigating factors that may contribute to the utilization of pseudomedicine.

The absence of side effects has also been identified as a potential factor that can influence individuals
to use alternative or unproven treatments because these treatments are perceived as safer and less
risky. However, a high frequency of use may result in the development of a cause density effect, leading
to causal illusions (Blanco et al., 2014). On the other hand, illnesses that tend to resolve naturally
without intervention may create an illusion of causality due to the high number of positive outcomes,

even if the treatment had no effect (Blanco & Matute, 2020).

The implications that biased information seeking strategies, and together with the effect of prior beliefs,
entail for health outcomes are particularly relevant in today’s world. The Internet has emerged as a
significant source of health-related information, with web search engines being frequently used for
accessing information concerning diagnoses and treatments. In this context, not only previous beliefs
may guide and bias these searches, but also sampling strategies may be biased (Marcu et al., 2019)
facilitating the emergence of cue and outcome-density biases that eventually will contribute to
misinterpretation of the causal relation between events (see Moreno-Fernandez & Matute, 2020). For
example, a person who is concerned about COVID-19 may use the Internet to check information about
symptoms. This search is already biased as it is focused on a specific cause (COVID-19), and it will
provide mostly type a and b information. The presence of a common symptom for COVID-19 may induce
a causal bias if no information regarding the specificity of that symptom is collected. Thus, for example,
a common symptom for COVID 19 is fever, but fever is a very unspecific symptom associated with other

infectious diseases, that is, it is a non-specific symptom.

Although there has been a lot of focus on the impact of causal illusions on health and their link to
irrational beliefs, such as pseudoscientific beliefs, there has been a recent interest in exploring the
contribution of causal illusions on different domains, such as education. For example, the adoption of
instructional practices that lack a scientific basis could be problematic, as such strategies may replace
evidence-based interventions, leading to negative consequences for academic performance. Double
et al. (2020) conducted a series of six experiments to investigate the potential impact of causal illusions
on judgments regarding the effectiveness of novel teaching methods. Therefore, the authors adapted

the contingency learning paradigm to suit the educational context and requested participants to
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evaluate the efficacy of a novel instructional technique in a null contingency setting with a high effect
density, where there was a high probability of achieving excellent academic performance irrespective
of the teaching method employed. Their results consistently showed that causal illusions may emerge
in educational scenarios, thereby highlighting a plausible mechanism for explaining why educators may

overestimate the effectiveness of teaching methods lacking scientific support.

Finally, another goal of applied research on this topic is to design and test interventions aimed at
reducing or preventing the bias. We will mention three promising approaches: First, educational
interventions that aim to reduce information sampling biases seem to work fine to expose participants
to a more complete set of contingency information and, hence, to improve accuracy in their judgments.
These interventions have been tested on high school and college students (Barberia et al., 2013, 2019;
Martinez et al., 2023). A second approach is to provide the complete contingency table as a means to
refuting erroneous causal conclusions (MacFarlane et al., 2018). Finally, a third approach consists of
suggesting alternative causes for the outcome occurrences (Vadillo etal.,, 2013). These three
approaches show promise to reduce or prevent the type of causal biases we have described in this

article.

5. Challenges and future directions.

In this section, we will outline some future challenges that research on causal illusions will need to

address in the following years.

Probably one of the most challenging phenomena that humankind is facing nowadays is related to
misinformation dissemination. In the era of the Internet, exposure to fake or misleading information
has become a worldwide concern. The potential effects of misinformation on critical areas such as
healthcare, education or policymaking has raised the interest of the scientific community, and
psychological research has started to describe cognitive, social and affective processes involved in false
beliefs vulnerability (Ecker et al., 2022). However, few studies have focused on the role that causal
illusions may play in the development of such beliefs. Some exceptions include, for example, the study
conducted by Saltor et al. (2023) in which fake news discriminability was predicted by causal illusions
vulnerability suggesting that cognitive processes involved in causal illusion may also be playing a role in
fake news discriminability. Similarly, more research is needed to extent causal illusion research to other

relevant and related field such as science denial (see e.g., Sulik et al., 2020).
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Translational research on causal illusions has also experienced a considerable growth during the last
years. Understanding biased behaviors may be considered the very first step for developing
interventions that may positively contribute to reduce the negative effects associated to these biases
or to enhance their positive outcomes. We have already mentioned that basic research has been
extended to applied setting (Barberia et al., 2013; Martinez et al., 2023; Rodriguez-Ferreiro et al., 2021)
and educational programs aimed at promoting critical thinking has been developed. However, one of
the missing aspects of this research is related to the long-term effects of these interventions and their

potential generalization to related contexts.

In our opinion, one of the most promising avenues for future theoretical development is the
incorporation of explicit top-down processes into the causal learning, as a means to capture the
variability that human exhibit in this type of tasks. For example, we have noted above that prior beliefs
and expectancies seem to modulate the illusion of causality (e.g., Blanco et al. 2018: Vicente et al.,
2023) in a way that reminds of phenomena like motivated reasoning (Kunda, 1990), although these
beliefs are not explicitly incorporated into theories like Rescorla-Wagner. Furthermore, the active
version of the task that we have described above allows for investigating the potential effect of other
top-down influences such as the confirmation bias (i.e., selecting information that confirms, rather than

disconfirms, the current hypothesis) (see e.g., Moreno-Fernandez & Matute, 2020).

Finally, there are a number of potential methodological advances that could be considered in future
research. For example, although many studies use a unidirectional scale (i.e., from 0 to 100) to assess
the causal judgment, some previous (Neunaber & Wasserman, 1986) and recent (Ng, Lee, & Lovibond,
2023) experiments suggest that bidirectional scales should be generally preferred as they reduce the
bias under some conditions. Also, given the apparent influence of top-down factors and previous beliefs
that we commented above, researchers must reflect on the cover-story that is used to represent the
task, since it could play a role in the causal illusion (Fugelsang & Thompson, 2023). Another potential
methodological improvement relates to the current reliance on online samples for conducting
psychological research. Although the Internet has been proven a useful arena for recruiting big and
diverse samples, and some studies have been conducted to directly compare online and offline samples
in phenomena related to causal illusions (see e.g., Matute et al., 2007), some recent cases have pointed

|II

out the dangers in “professional” samples such as M-Turk, as they can compromise data quality (Sulik
et al, 2023). Hence, researchers should increase their quality control by including attention checks and

other measures that are not yet widely used in this literature.
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