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ticipant agrees, on reflection, that a judgment was nonnor-
mative or irrational, we can regard it as driven by intuition” 
(p. 298). The problem with this criterion is that it can also 
be fulfilled if behavior is driven by the truth evaluation 
of propositions. A person might initially fail to take into 
account a certain argument when evaluating the truth of a 
proposition and act according to the incorrect outcome of 
the truth evaluation process. That person might afterward 
realize that the initial truth evaluation was incorrect, but 
this would not change the fact that behavior was based on 
the truth evaluation of a proposition. This argument also 
clarifies that propositional models of associative learning 
are not incompatible with the existence of learning effects 
that seem to defy a rational explanation (see Karazinov & 
Boakes, 2007, and Le Pelley et al., 2005, for examples). 
The fact that learning is based on reasoning does not mean 
that people always reason in a normatively correct manner 
and always take into account all relevant information. This 
insight does not render propositional models unfalsifi-
able. If the irrational learning effect is due to normatively 
incorrect reasoning, the effect should change when par-
ticipants are encouraged to reason in a normatively correct 
manner (see Le Pelley et al., 2005, for a result that seems 
to defy this prediction). In sum, it is not the case that only 
association formation models can account for learning ef-
fects that seem irrational.

What about learning effects that a participant cannot 
justify at all, be it in a rational or irrational manner?7 Do 
these effects fall beyond the scope of propositional mod-
els? There are reasons to suggest that they do not. Behav-
ior might be based on the truth evaluation of a proposition, 
even if people cannot explain why they reached a certain 
conclusion regarding the truth of a proposition. It seems 
reasonable to assume that people often generate and eval-
uate the truth of propositions on the basis of hunches that 
they cannot justify. Even in those cases, learning crucially 
depends on the generation and evaluation of propositions. 
A propositional view on learning and behavior is compat-
ible with the idea that different kinds of arguments are 
taken into account when propositions are being generated 
and evaluated: Arguments that can be made explicit and 
those that cannot be (Gawronski & Bodenhausen, 2006). 
In fact, modern theories of reasoning do make the dis-
tinction between an implicit (also called System 1) and 
an explicit (also called System 2) type of reasoning (e.g., 
J. Evans, 2003). Both types of reasoning might be based 
on different processes. However, a dual-process model 
of reasoning does not imply a dual-process model of as-
sociative learning. One can maintain the hypothesis that 
learning always depends on the generation and evaluation 
of propositions, even if one accepts the idea that the gen-
eration and evaluation of propositions might be based on 
either implicit or explicit forms of reasoning.

The idea that the generation and evaluation of proposi-
tions can be based on different types of reasoning does 
lead to the question of how these types of reasoning dif-
fer. Assume that implicit reasoning, in part, depends on 
association formation processes. In that case, association 
formation would play a role in associative learning, albeit 
by influencing the generation and evaluation of propo-

and association formation models go beyond the func-
tional level, in that they incorporate assumptions about the 
psychological processes by which a certain input is trans-
lated into a certain behavior. However, from a functional 
point of view (e.g., Baum, 1994; James, 1907/1974), one 
could argue that the only merit of algorithmic models is to 
organize and increase knowledge at the functional level. A 
functionalist wants to know what determines behavior, not 
how it is determined. For a functionalist, it therefore does 
not matter whether association formation models might 
at one time be capable of explaining how elements like 
prior knowledge or instructions influence learning effects; 
what is important is that propositional models are at the 
moment the most interesting ones, because they lead to 
a wealth of new functional knowledge. Hence, proposi-
tional models should be explored. The success of future 
association formation models will be determined not by 
whether they can explain the same functional knowledge 
as propositional models do, but by whether they generate 
new valid functional knowledge. In the next section, I will 
consider the unique insights that association formation 
models might offer.

What Is the Unique Contribution of Association 
Formation Models to Our Understanding  
of Associative Learning?

Association formation models can account for as-
sociative learning effects that are beyond the scope 
of propositional models. As mentioned earlier, even 
some proponents of association formation models doubt 
whether the latter would be able to account for the same 
results as propositional models would. Shanks (2007, 
pp. 297–298), for instance, recently argued that

It is important to realize that when arguing for a 
contribution of associative processes, supporters of 
this approach have never denied that rational causal 
thinking takes place. Of course, this would be ab-
surd. . . . Rather, the question is whether all causal 
thought is of this form, or whether instead there 
might be a separate type of thinking (associative) 
when people make intuitive judgments under condi-
tions of less reflection.

Likewise, McLaren et al. (1994) “agree there exist two 
qualitatively different types of learning” (p. 315) that are 
based on “an associative system which cumulates infor-
mation about contingencies between events and a cogni-
tive system with beliefs and reasons for those beliefs” 
(p. 327). These authors are thus arguing for a dual-process 
model of associative learning, in which both proposi-
tional and association formation processes play a role. 
A dual-process model, however, makes sense only if one 
can specify what aspects of associative learning can be 
explained strictly on the basis of association formation 
processes. In the following paragraphs, I will consider a 
number of possibilities.

As can be inferred from the quote printed above, Shanks 
(2007) argued that association formation processes drive 
changes in behavior emitted intuitively—that is, “under 
conditions of less reflection.” He specified that “if a par-
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carefully. For instance, it should be clear that not only 
verbal but also nonverbal responses can be modulated 
by propositional processes. It is well known that physi-
ological responses, such as skin conductance, rely heav-
ily on propositional knowledge (e.g., Lovibond, 2003). 
Also, neurobiological responses, such as dopamine re-
lease, are probably susceptible to propositional beliefs 
(e.g., conscious beliefs about causes of reward). One 
also cannot simply assume that so-called implicit mea-
sures of associations in memory are impervious to the 
impact of propositional beliefs (e.g., De Houwer, 2006). 
Finally, if one could show that a certain response can-
not be influenced by propositional processes, and if one 
could change this response as the result of relations in the 
environment, this would contradict propositional models 
but would not necessarily support association formation 
models. Evidence against one account does not necessar-
ily provide evidence for another account. It might well be 
that processes other than association formation underlie 
those associative learning effects (e.g., the automatic ac-
tivation of episodic memory traces).

Whereas the nonverbal nature of a response does not 
necessarily exclude a contribution of propositional pro-
cesses, one could argue that associative learning effects in 
animals cannot be due to propositional processes, simply 
because animals are incapable of generating and evaluat-
ing propositions about relations in the world. This argu-
ment is not problematic for propositional models, if these 
models were applied only to humans, but it might be pre-
mature to exclude animal learning from the scope of prop-
ositional models. There are indications that at least some 
animals are capable of representing knowledge about rela-
tions in the world in a propositional manner. For instance, 
using a design similar to that of Waldmann and Hagmayer 
(2005), Blaisdell, Sawa, Leising, and Waldmann (2006) 
showed that rats are sensitive to the distinction between 
intervention and observation. This strongly supports the 
hypothesis that rats represent the causal nature of relations 
in the world (see also Testa, 1974). Likewise, the data of 
Beckers, Miller, De Houwer, and Urushihara (2006) sug-
gest that blocking effects in rats are moderated by infor-
mation about the additive effect of cues. Again, this makes 
sense from the perspective that rats take into account not 
only the strength of relations but also their structure (e.g., 
whether a relation is causal). Recent research has also 
shown that animals possess often astonishing cognitive 
capabilities (e.g., Clayton & Dickinson, 1998). As Lovi-
bond (2004) pointed out, given the evolutionary signifi-
cance of associative learning, it seems likely that animals 
will use all the cognitive abilities that they have available 
in order to detect and respond to regularities in the envi-
ronment. Although there might be qualitative differences 
in cognitive capacities between different types of animals, 
it seems reasonable to assume that at least some animals 
are capable of representing the world in such a way that 
they do not only code that events are related but also 
how events are related. If this assumption is reasonable, 
it is also reasonable to examine empirically the extent to 
which associative learning in animals might be based on 
the generation and evaluation of propositions. This ap-

sitions. Although it is difficult to refute the possibility 
that association formation processes influence learning 
in this manner, it is important to point out that such is 
not necessarily the case; a reasonable alternative is that 
implicit reasoning depends on the automatic activation of 
memory traces. Research on implicit memory has dem-
onstrated that memories can be activated automatically, in 
the sense of unconsciously, efficiently, quickly, and inde-
pendently of proximal goals (e.g., Richardson-Klavehn, 
Lee, Joubran, & Bjork, 1994). The automatic storage and 
retrieval of memory traces does not necessarily rely on 
the formation of abstract associations between representa-
tions in memory. An alternative view is that each experi-
enced event is stored in a separate memory trace (called 
instances or episodes) that can subsequently be activated 
automatically as a function of the similarity between the 
past and present situation (e.g., Hintzman, 1986; Medin & 
Schaffer, 1978; Nosofsky & Palmeri, 1997). In this way, 
the processes involved in perception and memory are suf-
ficient to account for unjustifiable intuitions about the 
truth of propositions.

If these intuitions are taken into account during the gen-
eration and evaluation of propositions, irrational behavior 
could emerge. In addition to errors in explicit reasoning, 
implicit reasoning is thus a second source of irrational be-
havior in propositional models of learning. A crucial test 
for propositional models, therefore, is not whether learn-
ing experiences can have irrational effects on behavior, 
but whether a relation in the world can influence behavior 
even if the organism did not at some point in time repre-
sent the relation in a propositional form.8 The qualifica-
tion “at some point in time” was added because once a 
relation has been represented in a propositional format, 
it can be stored as such in memory and can be activated 
automatically. In such cases, having experienced a relation 
can influence behavior, even when a proposition about the 
relation is not entertained. This could explain how CSs can 
produce a conditioned response even if they are presented 
subliminally when the CS–US relation was previously de-
tected consciously (Flykt, Esteves, & Öhman, 2007). The 
automatic activation of memory traces containing previ-
ously entertained propositions could also lead to feelings 
of ambivalence when activated old beliefs contradict cur-
rent beliefs. Finally, note that an instance-based view of 
memory is compatible with the fact that new learning does 
not imply unlearning of old information (Bouton, 1993).

The idea that irrational and unjustifiable changes in 
behavior can be due only to association formation pro-
cesses is built on the incorrect argument that the gen-
eration and evaluation of propositions can produce only 
rational and justifiable behaviors. A different criterion for 
excluding an impact of propositional processes is whether 
the behavior itself can be influenced by propositional 
processes. If a particular behavior cannot be affected by 
propositional beliefs, it follows that associatively induced 
changes in this behavior cannot be due to the generation 
and evaluation of propositions. Although this argument is 
valid, it can be used only if there are sound arguments for 
the claim that a particular behavior cannot be influenced 
by propositional processes. This needs to be examined 
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There is also a second reason why information about 
associative learning in neurologically unsophisticated 
animals does not necessarily inform us about the pro-
cesses underlying associative learning in humans and 
other neurologically more sophisticated animals. Differ-
ent animals have evolved in different ways. Each animal 
needs to detect and respond to regularities in the environ-
ment, but different species probably use different pro-
cesses to meet this challenge (Lovibond, 2004). If asso-
ciative learning effects in humans depended on the same 
simple neurological changes as do associative learning 
effects in simple organisms, the question of why human 
brains have become so complex would arise. One could 
argue that an old evolutionary learning process, such as 
that observed in aplysia, has been supplemented by other 
learning processes during evolution but still operates in 
humans today. Such a hypothesis is, however, impossible 
to refute, absent criteria to specify when such a process 
would operate and influence human behavior. As was 
discussed earlier in this section, neither the irrational nor 
the nonverbal nature of the behavior seems to be a good 
criterion.

In sum, it is not clear whether there are associative 
learning effects that can be explained only on the basis 
of association formation models. Irrational learning ef-
fects can be the result of propositional processes. Learn-
ing in some nonhuman species of animals could rely on 
the generation and evaluation of propositions. Learning in 
neurologically unsophisticated organisms, or neurological 
effects of relations between events, might not be medi-
ated by any psychological process, and thus falls beyond 
the scope of both propositional models and association 
formation models.

Only association formation models provide for-
malized (and thus precise) accounts of associative 
learning. Even if one agreed that association formation 
models do not explain more than can be explained on the 
basis of propositional models alone, one could still stick 
to association formation models, because they provide 
a more elegant explanation of associative learning ef-
fects. For many psychologists, “elegant” primarily means 
“using a simple mathematical formula.” Elegance could 
be operationalized as the ratio between the number of 
findings that the model can explain and correctly predict, 
on one hand, and the number of parameters needed to be 
postulated in order to explain and predict those findings, 
on the other. The advantage of mathematical models is 
that it can be clarified in detail how the model accounts 
for known results and why it leads to certain predictions. 
Many association formation models have indeed been 
formulated in mathematical terms. Some, like the well-
known Rescorla–Wagner (1972) model, are very elegant 
in that, on the basis of a very simple model containing 
only a few parameters, they can explain many findings. 
Nevertheless, two arguments can be made against the idea 
that association formation models should be preferred to 
propositional models because they can be formalized 
mathematically. (1) The precision of formalized associa-
tion formation models is to a large extent an illusion; and 

proach could lead to many important new insights, just 
as the propositional approach led to many new insights in 
human associative learning.

It has to be acknowledged that associative learning can 
be observed in species of animals that most likely do not 
engage in propositional processing. With neurologically 
unsophisticated species such as aplysia (a kind of snail), 
the entire neural circuitry involved in certain associa-
tive learning effects has been discovered, showing that 
changes in behavior are due to the formation and strength-
ening of dendrites between certain neurons (e.g., Krasne 
& Glanzman, 1995). It is indeed unlikely that these learn-
ing effects are due to propositional processes. However, 
they do not necessarily inform us about the psychological 
processes involved in associative learning effects in hu-
mans and other species of animals. A first point to note is 
that, just like propositional models, modern formulations 
of association formation models are algorithmic theories 
of learning; that is, they are concerned with the psycho-
logical processes that translate certain patterns of input 
(experiences) into certain patterns of output (behavior). 
More specifically, association formation models postu-
late that associatively induced changes in behavior occur 
because associations are formed between representations 
in memory. Association formation models do not provide 
an explanation at the implementational level—that is, at 
the level of neurophysiological or neurobiological pro-
cesses. Neurons are not representations. Dendrites are not 
associations through which activation can spread. To put 
it differently, just like propositional models, association 
formation models are software, not hardware. Hence, both 
types of models operate at the same level of explanation.

Although there is a certain analogy between psycho-
logical concepts such as representations, associations, and 
activation, and neurological concepts such as neurons, 
dendrites, and neurotransmitters, there is no one-to-one 
mapping between these concepts. Neurophysiological and 
neurobiological data can certainly provide inspiration for, 
and constrain, algorithmic theories about the psychologi-
cal processes involved in associative learning effects, but 
algorithmic theories operate at a different level of expla-
nation. Just as the functional and algorithmic levels of ex-
planation need to be distinguished because any particular 
functional (input–output) relation can be explained on the 
basis of different algorithmic theories, the algorithmic and 
implementational levels need to be distinguished, because 
different algorithmic theories could provide an explana-
tion for the function of a particular neurological structure 
or process. Therefore, observing the formation of den-
drites between neurons as the result of the pairing of stim-
uli cannot be seen as the ultimate proof for the validity of 
association formation models. In fact, one can argue that 
associative learning effects not mediated by psychologi-
cal processes and representations fall beyond the scope 
of both propositional models and association formation 
models. The formation of dendrites is such an effect; it 
can be explained at the implementational, neurological 
level, without referring to the algorithmic (processes) or 
functional (behavior) level.
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associative learning is based on the formation of associa-
tions in memory.

Propositional models are compatible not only with 
many of the traditional mathematical models of associa-
tive learning but also with the more recent Bayesian ap-
proach of human cognition (see Chater, Tenenbaum, & 
Yuille, 2006, for an introduction). In fact, Bayesian mod-
els provide a formalization of some of the core ideas in 
propositional models. First of all, Bayes nets offer a way to 
represent propositions in a formal manner. Bayes nets can 
be seen as mental models of the world that specify how 
events are causally related. Hence, they represent not only 
the fact that events are related (i.e., strength) but also how 
they are related (i.e., structure)—more specifically, which 
events are causes of which other events. The structure of a 
Bayes net is determined not only by experience. In fact, it 
is explicitly acknowledged that experiencing the presence 
and absence of events is, as such, a poor indicator of the 
structure of relations (e.g., Pearl, 2000). Rather, beliefs 
about the structure of Bayes nets are assumed to be de-
termined primarily by other factors, such as instructions, 
prior knowledge, and intervention (see Lagnado et al., 
2007). Second, the inferences that underlie beliefs about 
the structure of relations in the world can be formalized 
using Bayesian inference rules. Hence, the combination of 
Bayes nets and Bayesian inference offers a way to formal-
ize the manner in which certain propositions are repre-
sented, generated, and evaluated.

Although the Bayesian approach already has many 
strengths (e.g., the representation of degrees of belief), at 
present it does not capture all aspects of a propositional ap-
proach. Most importantly, it does not capture the idea that 
propositional processes are nonautomatic. In fact, it does 
not offer any realistic perspective on the processes that 
humans actually use to generate or evaluate propositions. 
Bayesian inferences are computationally so complex and 
demanding that it is impossible that humans actually use 
them. Although researchers are working to resolve these 
problems (e.g., Tenenbaum, Kemp, & Shafto, 2007), it 
remains useful to continue to entertain less formalized 
propositional models, such as causal model theory (e.g., 
Waldmann, 2000).

Summary and Conclusions

In the present article, I have tried to explain why it is 
important to consider models of associative learning that 
do not rely on the idea of association formation, what 
propositional models entail and why they provide a good 
alternative for association formation models, and whether 
there are still reasons to retain the idea that association 
formation is a process underlying associative learning ef-
fects. I argued that associative learning should be regarded 
as an effect; that is, a change in behavior attributed to rela-
tions in the world. There is no a priori reason to assume 
that associative learning effects can be produced only by 
the formation of associations in memory. One should be 
free to consider any possible theoretical explanation of 
associative learning effects. A possible alternative expla-

(2) propositional as well as association formation models 
can be formalized. I will elaborate on these arguments in 
the next paragraphs.

With regard to the first point, it is correct that math-
ematically formalized models can provide an explicit ac-
count for particular findings. The problem is, however, that 
each explanation depends on a host of hidden assumptions 
regarding the meaning and value of the parameters in the 
model and the conditions under which the value of param-
eters changes. Often, one and the same model can explain 
opposite results, depending on the value of a particular set 
of parameters. This becomes even more problematic if pa-
rameters are added to the model in order to accommodate 
results that could not be explained by the original model. 
In such cases, it is often not clear whether the revised 
model can explain all the findings that the original model 
could. Because of this flexibility, association formation 
models lose their precision and become difficult to refute. 
This is especially true when different variants of different 
association formation models are used to explain different 
findings. The class of association formation models as a 
whole allows for no precision at all, because almost every 
possible result can be explained by some version of some 
model. Even if one takes seriously one particular explana-
tion of a particular finding, it is not always clear what the 
explanation actually means. In order to have more than 
a mathematical explanation of behavior, it is necessary 
to relate the parameters in a mathematical model to psy-
chological constructs (e.g., knowledge, processes). When 
this is not made explicit, the model loses precision. Even 
if the psychological meaning of parameter values is made 
clear, sometimes one is forced to accept parameter values 
that seem incompatible with the proposed psychological 
meaning of the parameter (e.g., negative salience; see Van 
Hamme & Wasserman, 1994). In sum, formalized asso-
ciation formation models are often not as precise as they 
seem to be.

Second, the propositional approach to associative learn-
ing can, in principle, also be formalized. First of all, it is 
important to realize that existing mathematical models of 
associative learning are not necessarily incompatible with 
a propositional approach (Lovibond, 2003, 2004). Math-
ematical formulas as such specify only which inputs will 
lead to which outputs. They do not incorporate assump-
tions about how knowledge is represented and processed. 
Hence, in terms of Marr’s (1982) levels of explanation, 
mathematical models operate at the functional rather than 
at the algorithmic level. It is only when mathematical 
models are assumed to describe the formation of associa-
tions in memory that they become algorithmic. If this as-
sumption is dropped, mathematical models of learning be-
come perfectly compatible with a propositional approach, 
because both operate at a different level of explanation. 
One could even argue that mathematical formulas, such as 
the Rescorla–Wagner (1972) learning rule, capture the op-
erating principles of propositional processes (Lovibond, 
2003). Hence, researchers who do not want to give up the 
(apparent) precision of mathematical models can continue 
to use these models, even if they abandon the idea that 
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hampers theoretical progress regarding our understanding 
of associative learning effects and is difficult to recon-
cile with a substantial part of the relevant empirical data. 
Rather than assuming the operation of association forma-
tion processes by default, researchers should try to care-
fully justify why association formation would underlie a 
particular associative learning effect. Detailed criteria are 
needed that can be used to determine when association 
formation processes drive associative learning effects. 
The validity of these criteria of course needs to be sup-
ported by sound arguments and empirical data. Without 
such criteria, the association formation approach has little 
value, because there is no way to specify what the added 
value of this approach is. As such, I hope that the present 
article will provide an impetus for the development not 
only of propositional models but also of association for-
mation models. Such developments will serve the ultimate 
goal of understanding associative learning effects.
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definition of learning as a psychological process that can but does not 
necessarily influence behavior. It is true that relations in the world can 
be learned in a latent manner, in the sense that they do not have an im-
mediate impact on behavior. From a functional perspective, however, if 
a certain relation does not produce any change in behavior under any 
set of conditions, there is no reason to reject the null hypothesis that 
the relation has not been learned. Hence, from a functional perspective, 
behavioral change is the ultimate criterion to determine whether learn-
ing has taken place. (Note that I use a broad definition of behavior that 
includes physiological and neurological responses.)

2. Examples of such properties are the order and timing of the CS 
and US on a trial (e.g., forward vs. backward conditioning), the number 
of CS–US pairings, the contiguity between the CS and US, the strength 
of the statistical contingency between the presence of the CS and US, 
changes in the CS–US relations (e.g., extinction, US postexposure, CS 
preexposure, US preexposure, counterconditioning, US revaluation), 
whether a CS and US are paired directly or indirectly (i.e., sensory pre-
conditioning, higher order conditioning), whether information about 
the CS–US relation is presented through experience, observation, or 
instruction, interactions between different relations (e.g., blocking), and 
whether the degree of relation between the CS and US is signaled by 
another stimulus (i.e., occasion setting).

3. If organisms encoded all possible relations between events, a tre-
mendous burden would be imposed on the cognitive system and might 
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findings appear to be difficult to reconcile with a propositional account 
of evaluative conditioning. For instance, evaluative conditioning effects 
are sometimes unrelated to contingency awareness and goals to detect 
stimulus contingencies (e.g., Baeyens et al., 1990). However, there are 
also findings showing a close link between contingency awareness and 
evaluative conditioning (e.g., Pleyers, Corneille, Luminet, & Yzerbyt, 
2007). At present, it is therefore too early to determine whether (in some 
cases; see De Houwer, 2007) evaluative conditioning is based on non-
propositional processes.

8. Again, it should be pointed out that evidence against this hypoth-
esis should not necessarily be interpreted as evidence in support of an 
association formation account. For instance, the automatic activation of 
memory traces can probably influence behavior in a direct manner—that 
is, in a way not mediated by propositions. As a result, a stimulus similar 
to one aspect of a prior experience can result in the activation of the 
entire memory trace, including representations of other stimuli. If this 
leads to a change in behavior, it can be called an associative learning 
effect, because the change is due to a prior experience, or the memory 
thereof, in which two stimuli co-occurred. Such effects depend on bind-
ing processes necessary to create coherent perceptual experiences and 
memory traces (e.g., Meiser, Sattler, & Weisser, 2008). Although one 
could argue that these binding processes are associative in nature, their 
only function is to create coherent representations of specific events at 
a specific point in time. Association formation, on the other hand, is 
typically considered to capture regularities across many separate experi-
ences. Nevertheless, it would be interesting to examine whether associa-
tive learning can be based on memory activation only (and thus binding), 
under which conditions such effects can be observed, and how they differ 
from associative learning effects based on the generation and evaluations 
of propositions.
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lead to chaotic behavior (as in the case of schizophrenia; see Carson, Pe-
terson, & Higgins, 2003). This problem can be managed if propositional 
encoding needs to occur before a relation can be coded in memory and 
influence behavior.

4. What is considered to be output depends on the theoretical perspec-
tive. For instance, from the perspective of association formation models, 
one could argue that the output of the association formation process is 
an expectancy about the occurrence of future events. This perspective 
leads to the question of whether associative learning effects depend on 
expectancy awareness (Lovibond & Shanks, 2002)—that is, awareness 
of the expectancy that certain future events will occur.

5. The fact that the distal goal to predict significant events has a pro-
found impact on associative learning demonstrates that the process un-
derlying associative learning effects is not goal independent or purely 
stimulus driven.

6. These elements include not only observable aspects of the exter-
nal world but also internal, unobservable elements such as knowledge, 
goals, and dispositions. Internal elements can be assumed to modulate 
the relation between observable events. For instance, the likelihood that a 
particular relation in the world leads to a certain change in behavior (i.e., 
that a particular associative learning effect occurs) can depend on prior 
knowledge about the additive nature of causes or on the presence of the 
proximal goal to learn a relation. The assumptions about these internal 
elements remain functional in nature because they concern only what 
elements determine behavior, not how the elements determine behavior 
(e.g., how knowledge is represented or transformed). In terms of the 
distinction between procedure, effect, and theory that I discussed at the 
beginning of this article, the functional level of understanding is thus 
situated at the level of effect, whereas the algorithmic level of under-
standing is situated at the level of theory.

7. Evaluating stimuli as good or bad could be seen as a good example 
of an often intuitive and unjustifiable behavior. Studies on evaluative 
conditioning have shown that evaluations can be changed by pairing 
stimuli (see De Houwer, Thomas, & Baeyens, 2001, for a review). Some 


