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List of abbreviations
•

AGL: Artificial Grammar Learning task.

•

FOP: First order predicative sequences. In these sequences, the elements can be
predicted by the previous item.

•

IC: Ice-Cream task.

•

IL: Implicit Learning.

•

MTL: Mediotemporal lobe.

•

PD: Parkinson’s disease.

•

PDH: Procedural Deficit Hypothesis.

•

PDP: Process Dissociation Procedure.

•

RSI: Response-Stimulus-Interval.

•

RT: Reaction-time.

•

SL: Statistical Learning.

•

SLI: Specific Language Impairment.

•

SOP: Second order predicative sequences. Sequences where elements may be
predicted from the previous two items.

•

SRT: Serial Reaction-Time task.

•

TD: Typically developing.

•

TP: Transitional probability. The probability with which one element follows another
in a sequence.

•

WP: Weather Prediction task.

Introduction

Some of our memories are factual, well defined and easy to recall consciously, but we
also all have memories that are different. Each of us has different bits of knowledge that are
difficult to verbalize. We may not even be aware of some of this knowledge. The former,
factual type belongs to our explicit or declarative type of knowledge; the latter bits of
acquired information are implicit or procedural. These are mostly complex, process-like (nonfactual) representations, and are usually categorized as skills in the psychological literature.
These skills form the background for a great range of our everyday behaviour in the motor
(Willingham, 1998), cognitive (Knowlton, Mangels, & Squire, 1996) and social (Lieberman,
2000) domains. Skills do not only share a number of characteristics in the underlying
representations, but also in the way they are acquired. This way of acquisition is generally
referred to as implicit learning. Implicit learning (IL) is the incidental acquisition of complex
information, where neither the process of learning, nor the acquired information can be
consciously accessed. Since skills are related to a number of events in our everyday life, the
way they are acquired is central from the perspective of behaviour acquisition, behaviour
planning and behaviour modification.
This type of learning is usually contrasted with explicit learning. Explicit learning
refers to the conscious access of the acquired information, that is, learning may still be
incidental, the representation may be recollected (Graf & Schacter, 1985). This distinction is
usually treated along with the declarative-procedural distinction, where declarative
representations are factual and easily verbalizable, while procedural representations are
process-like and difficult to define (Squire, Knowlton, & Musen, 1993). In relation to the
learning process, the former ones are rapidly acquired, while the latter are learned slowly,
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gradually (Henke, 2010). The declarative-procedural distinction is based on the nature of
representation, and the representational differences lead to differences in conscious access.
That is, declarative representations are factual, hence they are easily verbalizable, hence they
can be accessed, whereas procedural representations are process-like, which is difficult to
define, leading to the inability to be consciously accessed. In this case, recollection is just a
side-effect of representational differences. Despite the differences (see e.g. Berry & Dienes,
1993), a major line of research, including studies of the WP, SRT and AGL tasks, identifies
the two distinctions as mapping directly onto each other. Although we are not entirely
convinced in the identification of the two distinctions, due to the tradition in these studies, and
to the fact that the dissertation does not focus on the nature of these distinctions, we treat the
notions of ‘implicit’ and ‘procedural’ as synonyms, just like the expressions ‘explicit’ and
‘declarative’. By the end of Study 4, however, it became clear that the distinctions should be
subject to research for the better understanding of representational versus access differences.
The topic of the dissertation is implicit/procedural learning. We inquire into the nature
of the learning process by looking at how different stimulus types, configurations and
presentation designs (stimulus dependence) affect learning and whether there are differences
of learning across different populations (children versus adults, language impaired versus
typically developing) in Probabilistic Categorization and Sequence Learning. Four studies are
presented in the dissertation. The first study is a neuropsychological study testing children
with Specific Language Impairment (Kemény & Lukács, 2010). The focus of the study is
whether children with delayed linguistic abilities show decreased performance in implicit
learning, using a probabilistic category learning task, the Weather Prediction (WP) task. The
second and third experiments study the role of stimulus information. The central question of
these studies is whether different domains of stimuli and different structures in stimuli affect
learning performance on implicit learning tasks. The studies employ different implicit
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learning paradigms. The second study uses the WP task for testing the effect of two variables
on learning: Combination and Transparency. Combination refers to the mode of stimulus
presentation, whether different predictive elements appear as features of a single image, or as
separate images. Transparency refers to the link between cues and outcomes: if a link between
the stimulus and outcome is transparent, the association is motivated (e.g. they are in a partwhole or a causal relationship in the natural world), if it is non-transparent, there is only a
statistical association established by presentation in the experiment (Kemény & Lukács,
2009). The third study uses the Serial Reaction-Time (SRT) task. The focus of the study is
whether learning on the SRT task is based on perceptual (stimulus) or motor (response)
information, and to identify how each component may contribute to learning (Kemény &
Lukács, 2011). The fourth study focuses on the implicit versus explicit nature of the WP task:
whether self-reports by healthy adults are in line with any one of the previous hypotheses
considering the WP task as partially implicit or fully explicit (Kemény & Lukács, 2012).
The following introduction covers four general issues. First, we introduce and
compare three traditional implicit learning tasks based on previous neuropsychological and
neuroimaging results. The three traditional implicit learning tasks are the Weather Prediction
task, the Serial Reaction-Time task and the Artificial Grammar Learning task (AGL). As the
studies of the dissertation employ both the WP and SRT tasks, it is important to see the
similarities and differences between the tasks. Neuropsychological and neuroimaging results
are complemented with results and theories relating implicit/procedural learning and
language. These issues are important as Study 1 tests implicit/procedural learning in Specific
Language Impairment using the WP task.
The second major section of the introduction compares the existing literature on the
effects caused by different stimulus sets on the traditional implicit learning paradigms. These
issues involve modality and domain dependence, as well as differences between stimulus
3

structures. As the past literature of the three tasks is concerned with diverse topics, these
topics will be covered in the “Domain and modality independence in Probabilistic
Categorization, Artificial Grammar Learning and the Serial Reaction-time task” section
(Section 3). Studies 2 and 3 are connected to this section. In Study 2, we tested four different
versions of the WP task. The question in focus was whether different stimulus-stimulus (the
way stimuli are presented in stimulus combinations) and stimulus-outcome (the way a
stimulus is connected to an outcome) relations affect learning differently. In Study 3 we
employed the SRT task, and our question was whether learning on the SRT task takes place in
the perceptual (learning sequence of stimuli) or response (learning sequences of responses)
domains, and whether the different domains affect each other.
The third major section covers previous data on the development of implicit learning.
Despite the fact that there are three different theories in connection with the development of
implicit learning, data on the issue is sparse. These studies are usually comparing the learning
performance of adults and children or younger and older adults but lack systematicity. As
Studies 1 and 2 reported children’s data, these data are compared in order to have a clearer
picture on how probabilistic categorization performance – measured on the WP task –
changes with time in primary school age.
The focus of the fourth major section of the introduction is the implicit versus explicit
nature of the three tasks. All three tasks were designed to show that clinical populations with a
severe declarative deficit are able to demonstrate unconscious learning. Behavioural results
show, however, that healthy participants are in fact at least partially aware of what they learn
during these traditionally implicit paradigms. There are two sources of data: participants are
either prompted directly about their conscious access to their knowledge, or modifications are
used to selectively impair or clash conscious and unconscious functioning. Behavioural
studies on the implicit versus explicit nature of the three tasks will be reviewed in Section 4.
4

As self-insight measures are missing from the WP literature, Study 4 adapts a subjective selfreport method from AGL studies to test explicit access to the acquired knowledge in
probabilistic category learning (Dienes & Scott, 2005).

1.Implicit/Procedural learning in the light of
neuropsychology and neuroscience
1.1. Paradigms of implicit learning
As introduced in the above outline, the dissertation focuses on testing learning effects
in two tasks: the Weather Prediction task and the Serial Reaction-Time task. The WP task is a
forced-choice, non-sequential probabilistic category learning task (Knowlton, Squire, &
Gluck, 1994). In the task participants face one, two or three out of four different cues, and
have to predict whether there would be rain or sunshine. Participants receive no other
instructions, but feedback is provided after each decision. Participants are not aware of the
fact that each cue has a pre-set value. This pre-set value is the probability with which the
given cue is associated with the outputs (sunshine and rain). In the early phases of the task
participants’ performance is comparable to chance level, while they are expected to reach as
high as 80% performance by the fourth block of 50 items (Gluck, Shohamy, & Myers, 2002).
Participants may rely on different strategies in solving the task; three different types of
these were identified: the Singleton strategy, the One-cue strategies and the Multi-cue strategy
(Gluck et al., 2002). Participants using the Singleton strategy respond consistently if there is a
single cue appearing alone. In all other cases – when there are two or three cues appearing
simultaneously – their response is random. This strategy is sub-optimal: it leads to a very low,
but above chance performance. One-cue strategy users focus on one of the cues, and if that
5

specific cue is present, they respond consistently, but in the absence of that specific cue their
response is random. As there are four different cues, there may be four different One-cue
strategies. All four of these strategies are sub-optimal. In both the Singleton and One-cue
strategies, participants only focus on one cue at the time. This similarity clusters these
response patterns into the same group. The last strategy is the optimal strategy. Multi-cue
strategy users use all cues for making prediction. The predictive values are combined, and the
decision is based on the mean value. Note that these response patterns were identified as
implicit strategies: that is they are identified using a mathematical model, and were found not
to correlate with self-reports (Gluck et al., 2002)
The SRT task is a computerized sequence learning task (Nissen & Bullemer, 1987)
where participants see four different locations, and a target stimulus appears in one of the
locations. The goal of the participants is to press the button that corresponds to the given
location as quickly as possible. No other instructions are given. Unknown to the participants,
the appearance of the target stimulus is not random, but follows a usually 12 element long
sequence. As time passes, participants’ reaction times decrease. After a long training period,
the appearance of the target stimulus becomes random; this causes an increase in reaction
times. The RT decrease observed in the training blocks is usually considered a complex
training effect that is caused by sequence learning as well as a general motor learning and
getting used to the task in general (Howard & Howard, 1989). On the other hand, the RT
increase from the sequence to the random block is most likely to be due to sequence specific
knowledge (Nissen & Bullemer, 1987). The sequences used in the SRT task may be
deterministic (Meulemans, Van der Linden, & Perruchet, 1998) or probabilistic (Deroost,
Zeeuws, & Soetens, 2006). The distribution of pattern elements may also differ: there are
studies in which each button-press is a member of the sequence (Destrebecqz & Cleeremans,
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2001), or pattern elements may be separated by one (Howard & Howard, 1997) or two
randomly appearing stimuli (Bennett, Howard, & Howard, 2007).
Though our studies presented below do not employ the Artificial Grammar Learning
task, it is useful to introduce this paradigm too, as it is also a very frequently used IL task.
And also due to task similarities: a number of hypotheses and methods developed in the AGL
literature are relevant to the topic of the dissertation. Based on these similarities, in Study 4,
we rely on a method originating in the AGL literature and use it in the WP task.
The AGL task is a task for learning mini grammars. It is mostly considered a typical
non-motor probabilistic sequence learning task, and is mostly referred to as a statistical
learning task. For a short training period, participants face different strings of letters (Reber,
1967), syllables (Saffran, Aslin, & Newport, 1996), words (Saffran, 2002), tones (Saffran,
Johnson, Aslin, & Newport, 1999) or spatial configurations (Fiser & Aslin, 2002). Unknown
to the participants, the different elements do not appear randomly. The sequences observed
follow the rules of a finite-state grammar (Reber, 1967), or a small set of rules (Saffran,
2002). After the training task, participants are informed that there was an underlying structure
in the task, and that their role in the following forced-choice test-phase would be to compare
pairs of strings and decide which one of the two strings is more similar to the earlier
sequences. While participants are not aware of the set of rules, their performance – due to the
training – is significantly above chance.
From certain aspects, the three tasks seem to be very different: the AGL and SRT tasks
focus on the acquisition of sequential information, while the WP task lacks a sequential
structure. The AGL and the WP tasks focus on the extraction of statistical information,
whereas in the case of the SRT task, some versions use deterministic, others use probabilistic
sequences. Also, the WP and SRT tasks are similar in that both test performance online,
throughout learning, while in the AGL task, performance is measured with an offline test7

phase. According to our knowledge, there is only one study examining the relationship
between the three tasks (Aczél & Gönci, 2005). This specific study found no correlation
between performances on the three tasks. We are also currently working on a lifespan
developmental study using all three of the task on a sample of 480 participants in 10 different
age-groups. Yet unpublished results of our study also show no correlation between the three
tasks (Lukács & Kemény, 2012).
There are, however, also a number of similarities between the three tasks. These
similarities include vulnerability of performance in similar clinical populations, reliance on
similar anatomical structures as evidenced by data from imaging studies, and reliance on
implicit versus explicit processes shown by behavioural studies. These similarities as well as
the differences will be explored in detail in the following sections: first, we discuss
neuropsychological and imaging results using the three tasks in sections 1.2 and 1.3. As there
are several lines of research in the literature that propose a close connection between IL and
language (Friederici, Steinhauer, & Pfeifer, 2002; Gomez & Gerken, 2000; Ullman &
Pierpont, 2005), we are also going to look into the nature of that relationship by reviewing
existing results in 1.4, and devoting a study to testing whether the impairment of language is
associated with impairment of IL.
In Section 3, we focus on how stimuli of different modalities, domains or stimulus
structures affect learning on the three tasks. This section reports numerous differences in the
main stream of research among the tasks. Then in Section 4, looking into the implicit versus
explicit nature of the three tasks, we will again see more similarities than differences between
them.
For all three tasks, a number of modifications and different versions have been
developed during the years of research to test more specific questions. As here we are
interested in the general structure and properties of the tasks, in these introductory chapters
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we will mainly focus on the original versions of the tasks (this means that in the case of the
SRT task we will focus on learning deterministic sequences, while in the case of the AGL
task, learning a finite-state grammar). We will only introduce data from other versions where
the argument requires us to do so.
1.2. Neuropsychological results
The three different traditional implicit paradigms were designed to show that patients
with a severe declarative deficit show a learning trajectory comparable to healthy controls.
Patients with amnesia can be characterised with a loss of memory functions where conscious
recollection is required. These patients are impaired on explicit memory functions, while
implicit memory functions are intact (Knowlton, Mangels et al., 1996), which leads to the
assumption that if amnesic patients show decreased performance on a given task, then that
specific task requires explicit memory functions. At the same time, if amnesic patients show
normal performance on the given task, it is a sign that only implicit functions are required.
Whereas amnesic patients show impaired explicit learning, patients with Parkinson’s
disease (PD) can be characterised with impaired implicit learning (Knowlton, Mangels et al.,
1996). If Parkinson’s patients are impaired on a specific task, that task is assumed to rely on
implicit processes, while if patients show intact performance, the task is purely explicit. Note
that studies testing implicit versus explicit learning in amnesia and Parkinson’s syndrome
usually assume dual memory systems: one for the implicit and one for the explicit memory
functions (see below and Frensch & Rünger, 2003). In the following section we review
evidence from neuropsychological studies. These studies are introduced task by task, first
focusing on patients with a declarative deficit (amnesia or Alzheimer’s disease), then on
patients having procedural impairments (Parkinson’s patients).
As most experiments of the current dissertation deal with the Weather Prediction task,
more emphasis will be given to this particular paradigm. Knowlton, Squire and Gluck (1994)
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used three tasks with identical structure but different stimulus sets to compare patients with
amnesia and age- and education-matched healthy participants. Results showed that on the
early stages of the task the two groups’ performance did not differ from each other, and both
groups performed above chance. Later in the task healthy participants showed higher
performance, while both groups still performed above chance.
As mentioned above, patients with amnesia are often contrasted with Parkinson’s
patients. PD patients show a deficit on the WP task already in the early phases, and their
performance hardly rises above chance level even later (Knowlton, Mangels et al., 1996).
Also, patients with amnesia are unable to answer debriefing questions like ‘How many cues
could have appeared on the screen simultaneously?’, while PD patients can answer these
questions easily (Knowlton, Mangels et al., 1996). Since patients with a procedural deficit
(PD patients) show impairment in the early phases of the task, and patients with declarative
deficit (amnesic patients) show difficulties in the later phases of the task, solving the WP task
is concluded to rely on the procedural system in the early stages, and the declarative system in
the later phases (Knowlton, Mangels et al., 1996).
As described above, another line of research tapped into qualitative differences in the
process of learning or categorization throughout the WP task by analysing strategy use (Gluck
et al., 2002). Papers cited above only used performance measures to show that patients with
amnesia and PD show different types of impairments on the WP task. These studies were
replicated later in order to see whether different clinical groups differ from healthy control
participants in the way they solve the task. Results showed that while Parkinson’s patients
were unable to develop a strategy in which they consider all cues (Shohamy, Myers, Onlaor,
& Gluck, 2004), whereas hypoxic patients (with hippocampal malfunctions) were unable to
develop strategies at all (Hopkins, Myers, Shohamy, Grossman, & Gluck, 2004). These
results again suggest a mixed model of implicit and explicit functioning, though in this case
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the difference is not time based, but strategy-based. These studies confirm the hypothesis of
Gluck et al. (2002), who suggested that strategies where participants are required to focus on
only one cue (One-cue and Singleton strategies) are easy to verbalize, hence they require
explicit processes. On the other hand, multi-cue strategy, that requires the combination of
cues is difficult to verbalize, and is expected to be implicit.
In sum, neuropsychological results of the WP task are contradictory. This is not
unique though. The same applies to the Serial Reaction-Time task. Early results showed that
people with Alzheimer’s disease (Knopman & Nissen, 1987), patients with amnesia of several
origins (Reber & Squire, 1994), and patients with amnesia due to Korsakoff’s Syndrome
(Nissen, Willingham, & Hartman, 1989) perform normally on the SRT task. Results also
showed that Korsakoff’s patients were even able to retain the sequence for a week. However,
neither clinical groups showed any explicit awareness (Hartman, Knopman, & Nissen, 1989).
These results have been questioned later. The hypothesis of Curran (1997) was that the
previously observed intact learning is due to sequence characteristics: clinical patients with
severe declarative malfunction are able to learn a sequence if the adjacent sequential elements
can be predicted (first order predicative sequence, FOP), but not in the case of second order
predicative sequences (SOP). A FOP sequence used by Curran (1997) was A-B-A-D-B-C-DC-A-D-B-C, where each letter signifies one of the locations. In this sequence, all elementtypes have a frequent antecedent (adjacent in 67%), an infrequent antecedent (adjacent in
33%), and a non-antecedent (never adjacent). In the case of second order predicative
sequences (SOP), sequential elements are predicted from the preceding two elements. In a
sequence like A-B-A-D-B-C-D-A-C-B-D-C (Curran, 1997), all location combinations appear
with the same frequency. However, a given combination is always followed by the same
location: A-B combination is always followed by another A element. Testing amnesic patients
showed that the RT difference between random and sequence blocks was comparable between
11

the clinical and control groups if FOP sequences were used, while there was a significant
sequence learning advantage of the control group in the SOP condition (Curran, 1997).
The same controversy applies to Parkinson’s disease. A number of studies revealed a
severe impairment of learning on the SRT task (Siegert, Taylor, Weatherall, & Abernethy,
2006). The observed impairment may be different though from publication to publication.
Jackson and colleagues (1995) found that PD patients show no learning at all: their reaction
times for the random block does not differ from the surrounding sequence blocks. Other
studies found a different pattern though. Ferraro, Balota and Connor (1993) compared nondemented PD patients to healthy elderly adults (as well as two other clinical groups), and
found that while the reaction times in general hardly differed in the two groups, the PD group
showed a significantly lower RT increase on the appearance of the random block. This
suggest that while the practice effect did appear, sequence-specific learning was smaller in
PD. Similar results were observed by Pascual-Leone et al (1993). Westwater et al (1998)
tested whether decay in Parkinson’s patients may be due to peripheral motor problems.
Instead of a button press, participants were expected to verbally respond to the location of the
stimulus. Results showed that PD participants had higher average reaction times as well as a
reduced sequence learning effect. Note that similarly to Ferraro et al (1993) and PascualLeone et al (1993), also this study found a sequence-specific RT increase from the sequential
to the random block. On the other hand, Smith, Siegert and McDowall (2001) also used a
verbal SRT task. They found that although non-demented Parkinsons’s patients are
significantly slower than age-matched controls, their sequence-specific RT increase was
comparable to healthy controls. In general, results are mixed. PD patients seem to be impaired
on the SRT task, but results are not convincing whether this impairment is response specific
(showing higher motor or verbal RTs) or sequence specific.
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In Artificial Grammar Learning, the first paper to study AGL performance in amnesia
(Knowlton, Ramus, & Squire, 1992) found that patients with amnesia performed similarly to
healthy control participants on the AGL task, while when the task was to base classification
on explicit knowledge of exemplars, performance significantly differed between the two
groups – in favour of the control group. Results also showed that the recognition of the
previously used sequences was also impaired in amnesia. These results were also confirmed
by a later study (Knowlton & Squire, 1996). Three experiments are reported in Knowlton and
Squire (1996). In Experiment 1, patients with amnesia were found to perform comparable to
healthy control participants, while Experiment 2 showed a deficit of the clinical group for
declarative learning of chunks. Experiment 3 tested whether either group was able to transfer
knowledge from learning with one set of stimuli to a test phase with another set of letters.
Results showed that both groups were able to transfer abstract knowledge, and the level of
transfer was comparable between the two groups. It is also important though, that
performance on the transfer condition was significantly lower than performance of the same
letter set. Studies of Alzheimer’s disease (Reber, Martinez, & Weintraub, 2003) found the
same phenomenon: patients showed intact artificial grammar learning and impaired
recognition performance compared to age and education matched healthy controls. These
results show that the acquisition of abstract information takes place in both amnesia and
healthy functioning.
Channon et al (2002) also examined the performance of patients with amnesia as well
as the role of abstraction in AGL. In their design, there were high and low familiarity
sequences. High familiarity sequences were composed of bi- and trigrams that appeared in a
number of times during the training phase, while bi- and trigrams that made up low familiarity
sequences were infrequent. Results revealed that both groups showed a significantly higher
performance on the high familiarity elements. This result suggests that neither clinical nor
13

control participants were able to abstract the knowledge during the training. Also, in general,
patients with amnesia showed a significantly lower performance on the AGL task. The
authors suggest that these may be due to previous studies being too weak to detect group
differences, i.e. control for familiarity was the element that made a difference.
As reviewed above, studies using the WP and SRT tasks mostly found an implicit
learning impairment in Parkinson’s disease. This is not the case however in Artificial
Grammar Learning. Meulemans, Peigneux & Van der Linden (1998) compared the
performance of PD patients and age-, sex- and education-matched healthy controls. Results
showed that the performance of the two groups did not differ from each other significantly for
the first presentation. Another study, that was already introduced at the SRT section, showed
that PD patients show intact performance on both the SRT and the AGL tasks (Smith et al.,
2001). These results were further confirmed by Witt, Nühsman and Deuschl (2002). In
general, papers showing that PD patients are not impaired on the AGL task, also suggest that
artificial grammar learning does not rely on the striatum (Peigneux, Meulemans, Van der
Linden, Salmon, & Petit, 1999).
There is also neuropsychological evidence showing that PD patients do in fact show a
reduced performance on the AGL task. Smith and McDowall (2006) employed a feedbackbased AGL task. In the task there was no training session: participants had to decide whether
presented sequences were grammatical or ungrammatical. They received feedback after each
decision. Results showed that PD patients showed a decreased performance, especially in the
early phases of the task. As the as authors suggest, the decreased learning of PD patients may
be due to the fact that learning relied on feedback. These results are in concert with a previous
study suggesting that PD patients are impaired on feedback based learning (Shohamy, 2004).
In sum, neuropsychological results show that both patients with amnesia and PD patients
show preserved artificial grammar learning.
14

Neuropsychological studies on the three traditional implicit tasks show that patients
with amnesia or Alzheimer’s disease mostly show preserved performance. This intactness
however seems to be reliant only on specific settings. Results from patients with amnesia and
Alzheimer’s disease suggests that these tasks do not rely on hippocampus dependent
explicit/declarative processes (Knowlton et al., 1994). PD patients on the other hand show
diverging results. A severe deficit is seen in the case of the WP and SRT tasks, PD patients’
performance on the AGL task however seems to be intact. These studies suggest that while all
tasks are non-declarative, they might rely on different brain circuitry (Skosnik et al., 2002).
This will be further examined in the following section, covering neuroimaging studies.
1.3. Imaging results
Positing the existence of two distinct memory systems, and having different clinical
populations being selectively impaired on a given memory system suggest that these systems
should not only dissociate behaviourally, but their neural bases may also be different. In
general, patients with amnesia are mostly associated with hippocampal malfunctions
(Knowlton & Squire, 1993). The implicit/procedural memory system on the other hand seems
to rely on a more widespread network of brain areas. These areas include the basal ganglia,
the cerebellum, Broca’s area, the fronto-striatal pathways, and areas of movement, action
planning and motor execution (Ullman & Pierpont, 2005). In general, tasks eliciting
hippocampal activation are usually considered an explicit/declarative task, while the lack of
hippocampus activation suggests implicitness/proceduralness (Poldrack et al., 2001; Poldrack
& Foerde, 2008; Poldrack, Prabhakaran, Seger, & Gabrieli, 1999).
The WP task being partially implicit has been underpinned by imaging results. In a set
of fMRI experiment Poldrack et al (2001; 1999) found that the mediotemporal lobe (MTL) is
active in the beginning of the task, but rapidly becomes deactivated. The striatum on the other
hand is not active in the beginning, but rapidly becomes activated. Combining these data with
15

neuropsychological findings, Poldrack et al (1999) suggest that early in the task participants
acquire task-related declarative information, but as solving the task does not require
declarative functioning, striatal activation emerges. This hypothesis is in line with the data
that patients with amnesia learn the associations between cues and outcomes, but do not
acquire non-predictive task specific information, as revealed by the debriefing questions
(Knowlton, Squire et al., 1996). Gluck et al (2002) on the other hand interprets these results in
a way that the initial MTL activation signifies declarative functioning in connection with the
use of the singleton or one-cue strategies, while the later MTL deactivation and striatal
activation is the sign of procedural functioning underlying multi-cue usage.
In another experiment Foerde, Knowlton and Poldrack (2006) found that performance
on the WP task was correlated with MTL activity, but if a demanding declarative secondary
task was introduced, the level of striatal activation predicted WP categorization performance.
These results support the competitive memory systems approach, suggesting that the
declarative system is only employed if resources are available, but if resources are not
available, the procedural system is in use. These are further confirmed by the fact that dual
task setting did not interfere with performance, however declarative knowledge measured on
debriefing questions were significantly lower than in the single task setting (Foerde et al.,
2006). Later behavioural results confirmed these results, showing that learning takes place in
dual task conditions, but performance is significantly lower (Foerde, Poldrack, & Knowlton,
2007).
Previous SRT studies have also confirmed the dual-memory systems approach (Squire
et al., 1993). PET results showed that an implicit sequence learning condition, where
participants were naïve to the appearing sequence elicited right premotor, striatal and thalamic
activation. Different areas were activated by the explicit condition, where participants were
informed of the presence of the repeating sequence. The explicit condition elicited activation
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in the visual and language areas. The results are interpreted as signs of conscious learning
strategies (Rauch et al., 1995). Later fMRI studies confirmed these results: both younger and
older adults showed bilateral parietal, frontal, supplementary motor, cerebellar and basal
gangliar activation for implicit sequence learning in the SRT task (Daselaar, Rombouts,
Veltman, Raaijmakers, & Jonker, 2003). Neuroimaging studies were integrated in the
competitive dual memory systems framework (Poldrack et al., 2001) by showing striatal
activation for implicit and MTL activation for explicit sequence learning. Results also showed
that there was a negative correlation between striatal and MTL activation, especially for
younger adult participants (Dennis & Cabeza, 2011).
Previous imaging results showed that striatal and MTL activation contrasts implicit
and explicit learning. There are other results though suggesting a more complex account.
Following the line of research introduced by Curran (1997), Schendan and colleagues
(Schendan, Searl, Melrose, & Stern, 2003) compared implicit and explicit sequence learning
on second-order predicative sequences. Results showed that the instructions concerning the
presence of the repeating sequence made no difference: MTL activation was recorded in both
cases. This is in line with Curran’s (1997) results, suggesting that MTL activity may be
required for higher order predictions. Results also showed that the MTL activation is present
regardless of the conscious awareness of sequence knowledge (Schendan et al., 2003).
So far, imaging data of the WP and SRT tasks showed that these tasks at least partially
rely on both the striatal system and the MTL. Striatal and MTL activations are in negative
correlation, which is interpreted as competition between the two distinct memory systems
(Poldrack et al., 2001). As reviewed above, there were neuropsychological differences
observed between the AGL and the other two tasks. These differences appear in neuroimaging
studies too.
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Using the AGL task, Seger et al (Seger, Prabhakaran, Poldrack, & Gabrieli, 2000)
found that grammaticality judgements were accompanied by the suppression of the precuneus,
and activation of the left frontal, left occipital and left parietal areas, whereas recognition
activated right frontal and medial occipital areas and the precuneus. These results again are in
concert with the multiple memory systems approach (Poldrack et al., 2001). Others results
also confirmed the competitive nature of declarative and non-declarative memory systems.
Similarly to Channon et al (2002), Lieberman and colleagues (Lieberman, Chang, Chiao,
Bookheimer, & Knowlton, 2004) incorporated chunk strength into the AGL task.
Neuroimaging confirmed that activation with rule-adherence was associated with activation in
the right caudate, whereas the processing of chunk strengths elicited MTL activation. There
was also a strong negative correlation between MTL and right caudate activation (Lieberman
et al., 2004).
Others on the other hand suggested that widespread increases in occipital, posterior
temporal, parietal and prefrontal cortices during grammaticality judgement reflect cognitive
demands (Skosnik et al., 2002). Contrasting grammatical and non-grammatical sequences
showed that greater left superior occipital and right fusiform gyrus activation was found for
grammatical sentences. Also, correct categorization elicited greater activity in the left superior
occipital cortex and the left angular gyrus. The comparison of grammaticality versus
recognition showed increased left angular gyrus activation in the former. These results
suggest that processing grammatical sentences show more similarities with word-form
processing and mental calculation than with other non-declarative tasks. The authors suggest
that these results might indicate a separate non-declarative mechanism for AGL, relying on
left superior occipital and inferior parietal cortices (Skosnik et al., 2002).
In sum, neuroimaging results seem to be in line with the dual memory systems
approach. For all three tasks there is a negative correlation in MTL and striatal activation.
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However, the comparison of results using the WP and the SRT tasks seem to show that the
AGL relies on somewhat different neural structures. These data are in concert with
neuropsychological studies: while the intact performance of patients with amnesia indicates
independence from MTL activity, differences in PD performance shows that the striatal
system is differentially activated by the different tasks. Neuroimaging results confirmed this
hypothesis.
1.4. Implicit/procedural learning and language
As mentioned in the introduction, there is a great body of evidence indicating that
language and implicit learning are related to each other. Evidence in favour of this approach
comes from two sources. One is the Procedural/Declarative theory of language (Ullman et al.,
1997) suggesting that different aspects of language rely on different memory systems. The
other is the literature on AGL and statistical learning arguing that this type of learning is one
of the basic learning mechanisms in the acquisition of several aspects of language. As it is
discussed below, the former issue is closely related to the above reviewed neuropsychological
and imaging studies suggesting the dual nature of human memory.
Ullman’s approach takes the traditional view of language depending on the two major
functions of the mental lexicon and the mental grammar (Ullman, 2004). The mental lexicon
is a place for storing words, their meaning, their phonological forms, the way these forms can
be modified, and all kinds of idiosyncratic information. Elements of the lexicon are suggested
to be “memorized”, one by one, through learning. Grammar on the other hand is composed of
rules and regularities that define how different lexical elements may be combined, how
hierarchical relations can be coded within language.
The fact that elements of the mental lexicon are factual bits of information, while
elements of the grammar are procedures dragged attention to the similarities between the
lexicon-grammar and declarative-procedural memory distinctions. This was further confirmed
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by neuropsychological studies. Patients with Alzheimer’s disease, Parkinson’s disease,
anterior aphasia (agrammatism) and posterior aphasia (word finding deficits) faced an
inflection task of regular and irregular verbs (Ullman et al., 1997). Regular past tense forms
are suggested to be generated by grammatical regulations, whereas irregular past tense forms
are thought to be retrieved from the lexicon. Results showed that patients with declarative
deficits (Alzheimer’s patients and patients with posterior aphasia) produced more errors in
finding the irregular forms, whereas grammatical (anterior aphasia) and procedural deficits
(PD patients) lead to difficulties in generating regular past tense form.
This theory in general suggests that grammar relies on the procedural memory, while
the lexicon depends on the declarative system. This theory was also generalized to Specific
Language Impairment (SLI), a developmental deficit that can be characterized as a specific
impairment of linguistic abilities with intact memory, intelligence and lack of auditory or
neurological impairments (Bishop, 1992; Leonard, 1997). The procedural-declarative
framework of language suggest that the impairment in SLI is not confined to the linguistic
domain: according to Ullman and Pierpont’s (2005) Procedural Deficit Hypothesis, language
impairment is a result of deficits in the procedural system.
As indicated above, numerous researchers consider language acquisition a form of
implicit statistical learning, and, accordingly, implicit learning paradigms have extensively
been used to model the acquisition of mother tongue. In all cases, a small, non-existing
language is invented and taught to participants. Gomez and Gerken (2000) categorized these
studies into four different categories. These categories differ from each other in the amount of
abstraction required for the task.
The first level requiring the least abstraction is the segmentation of word-like elements
(Aslin, Saffran, & Newport, 1999; Saffran et al., 1996). This is a preferential looking
paradigm designed for testing infants. Similarly to the original artificial grammar learning
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task, participants (infants in the present case) face a training and a test session. In the training
session, there is a continuous stream of auditorily presented syllables. There is no pause
between the stimuli. The only structure in the task is the probability with which one element
may follow another (Transitional Probability – TP). In the original experiment there were two
TPs: 0.33 and 1. That is, a given syllable could either be followed by one specific syllable, or
by three different syllables. This way, there were trisyllabic pseudowords made up by CV
syllables, and the coherence of syllables was only indicated by TPs. In the test phase
participants faced a pair of trisyllabic pseudowords: both TPs were 1 in one of the words,
while one of the TPs was 0.33 in the other. Looking times towards the source of stimuli were
measured. The question was whether infants were able to differentiate trisyllabic words (with
both TPs = 1) and word fragments (one of the TPs = 0.33). Results showed that children
already at 8 month of age were able to differentiate between stimuli based on TPs. This
paradigm is mostly referred to as Statistical Learning (SL). Studies of SL are further discussed
in the light of modality and domain issues in Section .
The second level in abstraction is the acquisition of word-sequence information
(Gomez & Gerken, 2000). This includes learning long distance dependencies (Friederici,
Bahlmann, Heim, Schubotz, & Anwander, 2006) as well as the acquisition of finite-state
grammars (Reber, 1967). Long distance dependencies are mostly examined using context free
grammars. Context free grammars are models of centre embedding where a pair of stimuli is
embedded between elements of another pair. This leads to a structure like A1A2B2B1, where
the pairing is shown by the indices. The question is whether participants are able to abstract
and learn the underlying structure of the grammars. Some of these data have already been
introduced above.
The third level is the generalisation of relations. Studies of this aspect usually employ
simple rules like ABA (Marcus, Vijayan, Rao, & Vishton, 1999). Similarly to the SL
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paradigm, infants are familiarized to the rule. Later, infants are tested whether their ruleknowledge is transferrable to other sets of stimuli. That is, infants face ABA and ABB type
sequences, and looking times reveal whether they are able to differentiate the two structures.
Results show that infants at the age of 7 months are able to categorize the different sequences
(Marcus et al., 1999). The difference from the second level is that infants do not only have to
abstract the information, but also transfer it to stimulus sets they have not met before.
The fourth level of abstraction taps on the abstract usage of syntactic categories
(Gomez & Gerken, 2000). Studies using this approach usually employ more complex
grammars than the finite state grammar used in the AGL task. Friederici, Steinhauer and
Pfeifer (2002) trained participants on a game that required the mastery of complex language
that included syntactical rules as well as semantic coding of objects. Results showed that after
an up-to 6 hour long training, syntactic anomalies elicited similar event-related potentials for
the newly learned artificial language as in their mother tongue.
This section showed that research on implicit learning and language are linked in two
different ways. On the one hand, there is evidence that the grammatical domain of linguistic
abilities uses the same networks as the procedural system, and there is also an overlap in the
mental lexicon and the declarative memory. On the other hand, different artificial grammar
learning methods are used to model language acquisition, with the presumption that artificial
languages are acquired in the same way as natural languages. We cited electrophysiological
studies supporting this hypothesis. Evidence supports the link between the linguistic and
procedural networks. The link between the procedural system (and implicit learning) and
language predicts that the decrement in grammatical abilities is associated with impairments
in procedural learning. Study 1 taps into this issue. Focusing on the Procedural Deficit
Hypothesis, we tested children with SLI and age-matched controls on the Weather Prediction
task, and found a severe procedural learning deficit in the former.
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2.Developmental changes in IL
Despite the fact that previous systematic developmental studies are sparse, three
theories emerged in connection with the development of implicit learning. The first theory
originates from Reber (1993), and puts the development of implicit learning into an
evolutionary perspective. Reber’s view relies on the assumption that the procedural memory
system is both phylogenetically and ontogenetically older than the declarative memory system
(Squire, 1986). In this framework, the fact that children acquire a large amount of information
easily within the first few years of life can only be explained in terms of the invariability and
age-independence of procedural learning functions. That is, children learn procedurally
because that is the only way they can acquire information, and since all children gather a great
amount of knowledge, procedural learning is suggested to be invariant (Reber, 1993). This
approach predicts a constant learning trajectory in implicit learning.
There are empirical studies confirming this hypothesis. Meulemans, Van der Linden
and Perruchet (1998) compared the performance of six- and ten-year-old children to that of
young adults (between 18-27 years of age). Results showed that despite the differences in agerelated reaction-time baseline, sequence-dependent RT differences were comparable among
the three groups. The lack of age-related sequence learning effect was also confirmed by an
analysis in which a transformed [(RandomRT - SequenceRT)/(RandomRT + SequenceRT)]
ratio was used to minimize the impact of RT baseline differences. Results of accuracy also
indicated the lack of age-effects in sequence learning.
Not all studies suggest age independence. Thomas and Nelson (2001) compared the
performance of four-, seven- and ten-year-old children, and found that age-differences only
affected the baseline RTs and explicit knowledge of the task. Thomas and Nelson (2001)
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however also note that there might be some age-related differences, as 4-year-olds showed a
somewhat lower sequence learning effect than the other two groups. A similar phenomenon
was observed in a study with Artificial Grammar Learning by Witt and Vinter (2012). In the
study, 120 children between 5 and 8 years of age were compared in four age-groups. Results
showed that performance was similar between ages 5 to 7, whereas 8-year-old children
showed a more complex profile, with more sensitivity to grammatical rules. This observation
again suggests that implicit learning is not age-dependent. In a third study, Thomas et al
(2004) compared the performance of adults (23-33 years) and children (7-11 years) on the
SRT task. Using Z-transformed RT data, a significantly lower sequence-specific RT
difference was observed for children than for adults, while both adult and children
participants were reported to have no explicit awareness of the sequence. Another study using
artificial grammar learning found the same pattern of age-related differences (van den Bos &
Poletiek, 2006). These four studies suggest that implicit learning is indeed age-dependent, and
the older children get, the better they perform in implicit learning tasks. Note that the reported
studies only report performance of children and adults, and not that of older adults. The
reason for the selective introduction is that the studies presented in the dissertation only report
data from children and young adults.
So far we reviewed two alternatives: age-independence and age-related increase in
learning performance. A third possibility is the critical period hypothesis. According to
common knowledge, there are skills that should be learned in early ages otherwise there is no
chance for the proper control of the given skills. There is ample evidence that in the case of
second language acquisition (Johnson & Newport, 1989) or playing a musical instruments
(Watanabe, Savion-Lemieux, & Penhune, 2007) the earlier one starts learning, the better
performance can reach. These results suggest that the procedural system is more sensitive in
early ages than later. Janacsek, Fiser and Németh (2012) made a systematic analysis of data
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by 9 different age-groups from 4 to 85 years of age. They used the Alternating SRT task,
which is a second order predicative version of the original task where every second element of
the sequence is deterministic, while the elements in between appear randomly (Howard &
Howard, 1997). Using raw RTs showed that the gap between sequence and random RTs are
highest in children, somewhat lower in younger adults, and lowest in older adults (Janacsek et
al., 2012). Interestingly, a different pattern emerged using z-transformed RT data. These
results seemed to indicate that when baseline RTs are controlled, younger adults show
significantly higher learning performance than both children and older adults. In sum, results
are not clear, but Janacsek and colleagues conclude that children show better sequence
learning than younger adults do, who in turn do better than older adults.
Three different theories emerged, all predicting different learning trajectories during
childhood. The constancy hypothesis (Reber, 1993) suggests that implicit learning is ageindependent, predicting the same level of performance for adults and children. The
improvement hypothesis (Fletcher, Maybery, & Bennett, 2000) predicts better learning for
adults than for children, while the reverse is predicted by the critical period hypothesis
(Janacsek et al., 2012). Note that only studies using the SRT and AGL tasks were reviewed in
this section. The reason for this is that apart from our studies (Study 1 and 2), only adults or
clinical population were tested using the WP task. The only exception is by Kéri,
Szlobodnyik, Benedek, Janka and Gádoros (2002), who used the WP task for testing children
with Tourette syndrome and age-matched TD children, but they did not include an adult group
for comparison. In Study 1, which focuses on the comparison of children with SLI and
typically developing children, the data of the two groups is also compared to adults. Study 2
on the other hand reports and compares data from typically developing children and adults in
four different conditions.
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3.Domain and modality independence in
Probabilistic Categorization, Artificial
Grammar Learning and the Serial Reactiontime task
Strong claims of modality- and domain independence in implicit memory mostly
revolve around the acquired knowledge, i.e. abstractness vs. modality specificity of the
representations that result from learning, not the learning process itself. A number of papers
suggest that domain- and modality independence could only be investigated with experiments
using transfer (Altmann, Dienes, & Goode, 1995), and claim that the acquired information
may be abstract enough to be transferred from one set of stimuli or responses to another set.
At the same time implicit and procedural information are sometimes considered to be
inflexible and superficial enough not to be transferrable (Cleeremans, Destrebecqz, & Boyer,
1998). Even in these cases, the lack of transfer does not entail that the learning mechanism
itself is specific to a given domain or modality. Another way of defining modality and domain
independence is to assume the same effectiveness of the given learning mechanism with
stimuli across different modalities and domains. The debate over the abstractness vs. modality
and stimulus specificity of learning is most clearly present in the artificial grammar learning
literature, and papers cited below mostly suggest or reject modality or domain independence
based on experiments that compare structurally equivalent tasks that employ different sets of
stimuli.
Previous studies of domain and modality dependence mostly employed the original
Artificial Grammar Learning or the Statistical Learning task. Studies using the SL task
showed that infants are able to learn transitional probabilities in a different domain, i.e. if
nonverbal auditory stimuli are used in the same task (Aslin et al., 1999; Saffran et al., 1999).
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Modality independence was also tested with a similar paradigm, and infants were able to
acquire spatial dependencies based on statistical information in a visual task as well (Fiser &
Aslin, 2002). To conclude, statistical learning proved to be a domain general and modality
independent learning mechanism.
Others suggest that when the task is to acquire deterministic rules, learning might not
be domain-independent. As explained above (Section 1.4), 7-months infants were shown to be
able to transfer simple rules, like ABA from one set of stimuli to another (Marcus et al.,
1999). Later results suggested that this kind of rule abstraction may be restricted to the
linguistic domain, since infants showed no learning if visually presented geometric shapes
were used instead of auditory verbal stimuli (Marcus, Johnson, Fernandes, & Slemmer, 2004).
However as critiques have pointed out (Saffran, Pollak, Seibel, & Shkolnik, 2007), this effect
is not necessarily due to the domain dependence of rule learning, but is probably just an
artefact that reflects infants’ categorical perception abilities, i.e. infants are unable to
categorize geometric shapes as belonging to the same category. If stimuli are designed in the
way that infants categorize each stimulus as a member of the same category, rule learning
appears. Results are in concert with this hypothesis: infants are able to learn and generalize
rules if stimuli consisted of visually presented pictures of different dogs (see Quinn, Eimas, &
Rosenkrantz, 1993 for details of categorization; see Saffran et al., 2007 for more details on
visual rule learning). All in all, results show that rule learning – just like statistical learning –
is a domain and modality independent learning mechanism.
Altmann, Dienes and Goode (1995) examined intermodal knowledge transfer in the
original Artificial Grammar Learning task. In the training phase, participants faced sequences
of tones with different pitch or different letters (Experiments 1 and 2), sequences of spoken
syllables (Experiment 3) or arbitrary graphical symbols (Experiment 4). Testing of grammar
knowledge was done using the same grammar, but stimuli from another modality: letter or
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tone sequences in Experiments 1 and 2, arbitrary graphical symbols in Experiment 3 and
written syllables in Experiment 4. Results show that in all four experiments, participants were
able to transfer their grammar knowledge from training to test modality. This provides strong
evidence that Artificial Grammar Learning is not bound to any modalities.
Conway and Christiansen (2005; 2006) on the other hand, review and extend the
evidence for modality constraints on the mechanism of artificial grammar learning. They
found both qualitative and quantitative differences in learning in the tactile versus visual
versus auditory domains, showing that for sequential information, auditory learning is more
effective than learning in either the visual or the tactile domain. Also, auditory learning was
most sensitive to chunk information at the end of items, while initial chunk information was
more important in tactile learning. The authors argue that modality-constrained statistical
learning reflects “general processing differences that exist among the various statistical
learning subsystems, with the auditory system excelling at encoding statistical relations
among temporal elements and the visual system specializing primarily in computing spatial
relationships” (Conway and Christiansen 2005, p. 37.).
The focus of studies examining domain and modality dependence in the Serial
Reaction Time task is somewhat different. The SRT task has mostly been used with visual
stimuli: an asterisk or any other target stimulus appearing on different target locations. A
number of studies however found implicit sequence learning effects with different sound
(Buchner, Steffens, Erdfelder, & Rothkegel, 1997; Buchner, Steffens, & Rothkegel, 1998;
Schmidtke & Heuer, 1997; Zhuang et al., 1998), but there are also other studies showing no
sequence specific learning with sounds (Perruchet, Bigand, & Benoit-Gonin, 1997). In Riedel
and Burton (2006) participants faced a Serial Reaction-Time task where the four target stimuli
were four auditorily presented colour names pronounced by four different speakers. For half
of the participants, the task was to press different buttons according to the speaker’s identity,
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whereas the target dimension was the colour names for the other group of participants. Results
showed that sequence specific decrease was only observed in both groups if the target
dimension became random. That is, participants’ RTs in the colour condition only increased if
the colour sequence became random, the random organization of the speakers did not affect
reaction times. These results show a special case domain dependence. In AGL and SL studies,
the notion of domain specificity explores whether the extraction of transitional probabilities is
strictly confined to verbal stimuli as it is a form of language acquisition. In the current case,
domain dependence means that there are learning differences based on whether the specific
domain in which the sequence appears is the target domain (the domain that defines the
response) or an unattended domain. While Riedel and Burton (2006) found that learning in the
SRT task is only possible in the target domain, there are other studies showing the reverse.
Mayr (1996) showed that in the visual modality, participants are able to learn both attended
and unattended domains. In his experiments, participants faced a visual SRT task where the
two domains were stimulus location (where did the target appear) and stimulus identity (what
exactly appeared). Results showed that randomizing either the target or the unattended
domain resulted in an increase in RTs.
Differentiating target and unattended domains leads to the question of what exactly is
being learnt during the Serial Reaction-Time task. There are three competing theories. On the
one hand, learning might be based on effector-specific motor movements (Deroost et al.,
2006). In such a case specific effectors, specific “organs” study the sequence. This may be
interpreted as a sequence of specific muscle movements or the sequence of movements by
larger units like fingers. The second possibility is that participants learn an effector-free
movement sequence: the sequence of responses (Willingham, Wells, Farrell, & Stemwedel,
2000). In this case, participants learn to predict the next expected response. The third
possibility is learning a perceptual sequence (Remillard, 2003). This would suggest that
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participants learn to predict the next percept they will receive. As it will be further discussed
in Study 3, researchers are likely to suggest the exclusivity of one of the learning domains
(Remillard, 2003; Willingham, 1999; Willingham et al., 2000), but there are results
suggesting that the different learning domains may interact with each other (Deroost &
Soetens, 2006a, , 2006b; Deroost et al., 2006; Nattkemper & Prinz, 1997; Nemeth, Hallgato,
Janacsek, Sandor, & Londe, 2009). In Study 3 we will examine the link between perceptual
and response learning, and whether the two learning domains are in fact dissociated.
The question of modality and domain specificity has not been raised in the literature
concerning the Weather Prediction task, and even hypothesis driven modifications of the task
are hard to find. While the first published experiment (Knowlton et al., 1994) already used
three different tasks with the same structure, stimuli of the different tasks were presented
visually, one of them being verbal while the other two non-verbal. Unfortunately, data from
the different tasks were not statistically compared, however, some differences appeared.
These differences are further discussed in Study 2.
There is only one previously documented hypothesis-driven modification to the WP
task. As Parkinson’s patients are impaired on shifting attention between different stimuli
(Owen et al., 1993) a possible interpretation of impaired categorization performance measured
by the WP task was that this impairment is due to the fact that in the case of cuecombinations, PD patients are unable to shift their attention between the simultaneously
appearing cues. This may explain the decay in categorization. In a study, Shohamy, Onlaor,
Myers and Gluck (2001) employed a modification to the WP task in which the predictive cues
did not appear as separate images, but as features of a single item. That is, instead of showing
1, 2 or 3 out of four different cards simultaneously, participants were shown a toy that may
have a moustache, a bow-tie, a pair of glasses or a hat. These four features were the different
cues that were in a probabilistic relationship with the possible outcomes. The possible
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outcomes were not sunshine and rain, but participants had to decide whether these toys ask for
chocolate or vanilla flavoured ice-creams. In this Ice-Cream (IC) task, PD participants
showed a chance-level performance, suggesting that they really are impaired on probabilistic
categorization, and the reduced performance is not due to problems with attention shifting
(Shohamy et al., 2001). While PD patients are impaired on both the WP and the IC task,
healthy participants show an uneven performance on the two tasks, with better learning on the
WP task. Our Study 2 raises the question whether this decreased performance is due to the
combination of cues into a single image, or due to differences in the story-line: in the WP task
it is quite clear already from the beginning that different geometric shapes have nothing to do
with weather, on the other hand it seems to be plausible that different people prefer different
ice-creams (IC task). Even if we acknowledge that ice-cream preference is probably not
correlated with the outfit of the customers, there is still a seemingly natural link between cues
and outcomes in the IC task. An even more natural link is observed in the Medical Diagnosis
task (Gluck & Bower, 1988; Knowlton et al., 1994), another version of the WP. In this task,
participants face one, two or three out of four different symptoms, and their role is to
categorize people with the given symptoms with one out of two diagnoses. In this case, the
link between cues and outcomes (that is: symptoms and syndromes) is completely transparent.
Unfortunately, neither these results were statistically compared with WP or IC results. This
stimulus-outcome transparency – along with the holistic versus cue-based presentation – is
also examined by Study 2.
Although the majority of neuropsychological and imaging results seem to show
converging trends in the three traditional implicit learning tasks, this is not the case with
research on modality-, domain- and stimulus dependence. In AGL and SL, studies of modality
and domain specificity focus on whether learning appears in one or the other modality or
domain, and whether a structure that has been acquired in one modality or domain can be
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transferred to another. In the case of the SRT, the notion of domain mostly focused on the
domain of learning, that is whether participants learn a sequence of stimuli, a sequence of
responses or a sequence of individual movements. The same question arises in target versus
unattended domains: can pure perceptual sequence learning appear if another response
domain is present (Mayr, 1996; Riedel & Burton, 2006). The WP literature lacks experimental
psychological studies focusing on the effect of different stimulus sets on performance, except
for the comparison of the Ice-Cream and Weather Prediction tasks (Shohamy et al., 2001).
This theoretical line parallels that of the SRT task. In the SRT task, learnability is defined as
the sequence being present in one or the other domain in the SRT task. The major question of
the WP task is whether cues and outcomes appear in the same stimulus and same domain, or
in different stimuli and domains.
As the notion of domain differs in the three tasks, it elicits different lines of research.
In the case of the WP task the major question is whether cue-cue and cue-outcome domains
affect learning. While previous literature did not study this question, collapsing previously
reported data suggests that it may have an important role in probabilistic categorization. Study
2 tests whether the mode of stimulus presentation and the transparency between cues and
outcomes affects learning performance on the WP task. On the other hand, the question of
domains in the SRT task has been subject to intensive research. It is quite clear that there are
different domains (stimulus, response, effector) in which learning can appear, it is unclear
whether these domains are treated as independent of each other, or whether different
structures may interact. These questions are in the focus of Study 3.
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4.Implicit versus explicit knowledge in the IL
paradigms
The traditional approach to implicit/procedural learning states that a task can be
considered a procedural task if patients with severe declarative impairment show intact
learning on that task. Two questions arise on this ground that might cast doubt on the validity
of this approach. The first is whether healthy participants use the same learning strategies as
patients with amnesia. It might be the case that a task is solved by patients with amnesia, but
healthy participants use explicit/declarative strategies, as these strategies are available for
them. This phenomenon is well explained by the competing memory systems approach
(Poldrack et al., 2001), and has been confirmed by earlier imaging results (Foerde et al.,
2006). Difference in the reliance on either of the memory systems may as well lead to better
learning performance by healthy participants. The second question is a general question of
experimental psychological studies in connection with the traditional implicit learning tasks:
are they solved in an implicit or explicit way by healthy participants. Two major approaches
are employed throughout the literature. The implicit versus explicit nature of the task can be
directly examined by the collection of subjective self-insight measures. The other possibility
is to employ modifications to the tasks that are expected to selectively impair implicit or
explicit learning. The rationale for both methods is provided, and then highlights of research
using the WP, SRT and AGL tasks are summarized. Previous literature is reviewed task by
task.
Subjective data may come from two different sources: knowledge of the structure and
knowledge of the decision. Structural knowledge is the (present or absent) knowledge of the
underlying structure of the task the participant is exposed to (Dienes & Scott, 2005).
Structural knowledge may be implicit or explicit. Implicit structural information is when one
33

is not aware of the knowledge; still the presence of the knowledge is apparent from
performance. A piece of explicit structural knowledge is when a participant reports some
knowledge on how a cue and an outcome is associated (WP task), or how fragments of button
presses follow each other (SRT task).
Neither implicit nor explicit structural knowledge is necessarily correct. In a number
of cases, decisions are affected by biases. Koehler et al (1995) reported an experiment in
which participants had to decide whether the person accused of murder was guilty or
innocent. The evidence included a match of DNA sampled from blood found under the nail of
the victim, and the blood of the defendant. Two conditions were used. One of the groups
received information that there is a chance for random DNA match, and the chance is 1 in
1 000 000 000. At the same time, the probability of a human error to appear during the
laboratory tests is 1 in 1000 cases. The other group was only informed that the aggregate
probability of error is 1 in 1000. Note that in both cases the probabilities match, as the higher
value defines the chance for an error. Results though showed that participants are more likely
to present a guilty verdict in the first case (where the random match probability is provided).
The guilty verdicts in this group were almost twice as frequent as in the second group.
Presenting probabilities with higher numbers seem to lead to stronger decisions.
Explicit structural knowledge may also be incorrect. The most extreme case is having
a strategy when there is no structure in the task to be solved. Such a case is the lottery. While
winning numbers are drawn randomly, people still have strategies or favourite numbers that
they use in trying to guess them. Similarly, still in lottery, when a number is not drawn for a
long time, people may think it is becoming more and more likely for that number to be
redrawn. The chance for the given number to be drawn is the same though as for any other
numbers. This phenomenon is known as the gambler’s fallacy (Ayton & Fischer, 2004).
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These examples show that structural knowledge is a piece of information a decision
may be made on. This information may be implicit or explicit, and may be correct or
incorrect. The same possibilities may apply to self-insight too. Self-insight may characterise
the decision process, whether the decision process is accessed consciously (Lagnado, Newell,
Kahan, & Shanks, 2006). Similarly to structural knowledge, people may have or not have
self-insight into their decisions. Also this self-insight may be correct or incorrect. An incorrect
explicit decision is when one states to make a decision based on previous experience; while
lacking previous experiences. This may include events like false memories: after listening to a
list of words in a given category people are more likely to falsely report that some withincategory words were on the list they have previously heard (Roediger & Mcdermott, 1995).
An incorrect implicit decision is when participants report guessing while they in fact decide
based on some other knowledge. This is what allegedly happens in implicit learning: the
presence of structural knowledge with the lack of self-insight.
Self-insight measures are difficult to collect though, as introspection is not generally
considered a reliable research method. The other line of research relies on the general
assumption that specific events selectively impair implicit versus explicit processes.
According to categorization literature, executive functioning has a positive relationship with
explicit categorization, while there is no link with implicit categorization (Maddox & Filoteo,
2001). It has also been documented that an attention demanding secondary task impairs
explicit but not implicit category (Waldron & Ashby, 2001; Zeithamova & Maddox, 2007) as
well as sequence learning (Jimenez & Vazquez, 2005). Experimental psychological results are
introduced below along with studies using self-insight. This is especially important in the case
of the WP task, where direct measurements of self-insight have not yet been reported. Study 4
is an attempt at filling that gap.
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4.1. The WP task
The experimental results published in connection with the implicit versus explicit
nature of the WP task are sparse. These papers questioned the implicitness of the task based
on two grounds: Lagnado et al. (2006) tested structural knowledge both blockwise and
itemwise, while Newell et al. (2007) and Price (2009) used dual-task paradigms and also
applied different modifications to the WP task.
Lagnado et al (2006) report two experiments. In their first experiment, participants
provided cue-strengths after each block of 50 trials. Results showed that for the strong cues,
the reported predictive values were near the pre-set value already at the beginning of the task,
while the probabilities of the weaker cards were learned only later (probability ratings).
Participants also reported that as time passed, they relied more on the stronger cues than on
the weaker ones (cue-usage ratings). These results were replicated by trial-by-trial data
collection in Experiment 2 (Lagnado et al., 2006).
As explained earlier, dual-task paradigms are employed to selectively impair
declarative functioning. Along with the previously introduced studies (Foerde et al., 2006;
Foerde et al., 2007, see Section 1.3), this method was applied by Newell et al. (2007). Results
showed that a concurrent numerical stroop task decreased WP categorization performance
(Experiment 1 of Newell et al, 2007). In Experiment 2, Newell et al used the same trial-bytrial reports employed by Lagnado et al. (2006) for both a declarative (observational) and a
procedural (feedback) version of the task. The procedural version of the task was the original
WP task, while in the declarative version, participants faced cues and outcomes
simultaneously, and were instructed to learn stimulus-outcome associations.
Results showed that participants of the observer and feedback groups showed a similar
performance, and also their cue-ratings were very similar. In term of cue-reliance, both groups
reported that they rely on strong cues more than weak cues very early (Block 6 in the
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observation and Block 9 in the feedback task, with 5 trials in each block). Newell et al.
suggest that this small difference should not be interpreted as evidence for separate systems
underlying the different tasks, instead that both tasks rely on the same system, with the
observation task being somewhat easier. In sum, neither Lagnado et al. (2006), nor Newell et
al. (2007) suggest that learning on any form of the WP task is implicit.
Note that both the Lagnado et al. (2006) and the Newell et al. (2007) studies focused
on the perception and recollection of cue-outcome contingencies, a task that was in part
correctly solved by amnesic patients (Reber, Knowlton, & Squire, 1996, see above). On the
other hand these papers also criticized analyses of strategy use of the WP literature (Gluck et
al., 2002), and suggested that the low number of multi-cue strategy-use in the earlier studies
was due to the fact that multi-cue strategy is defined as a maximization of the probability of
correct responses. In the Gluck et al. (2002) study, participants were considered multi-cue
strategy users if they responded according to the mean predictive values of the presented cues.
That is, if a cue combination leads to sunshine in 75% of all cases, multi-cue users are
expected to answer sunshine in all cases. Instead of the maximization, Lagnado et al. (2006)
suggested a probability match, i.e. if a cue-combination leads to 75% sunshine, participants
are expected to answer sunshine in 75% of the cases, and rain in the remaining 25%. Lagnado
et al. (2006) found that 65% of participants used this multi-match strategy already in the first
block, i.e. they were already able to integrate probability information from different cues. At
the same time, Lagnado et al. reports that “The observed interaction between card type and
block suggests that participants learned about strong cards (and discriminated between them)
sooner than they did for weak cards” (page 166, Lagnado et al, 2006). In the same
experiment, in a blocked cue-usage rating measure, participants of the same study reported
that from Block 2, they found the strong cues being more important than the weak cues.
Summing up the results by Lagnado et al. (2006), we find that in the early blocks, participants
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learn the probabilities of strong cues, rely similarly on both cue-strengths, and use a multi-cue
strategy. In the later blocks, they show knowledge of cue-strengths for all cues, they report to
rely more on the stronger cues, and still use a multi-cue strategy. This discrepancy between
strategy use and self-report might suggest that, contrary to the interpretation of Lagnado et al.
(2006) there may be a dissociation between explicit evaluation and performance itself
(Jacoby, 1991).
Price (2009) employed two experiments to selectively disrupt implicit (Experiment 1)
or explicit (Experiment 2) learning. In Experiment 1, a delay was introduced between cues
and feedbacks. This was expected to decrease implicit categorization performance, but leave
explicit categorization intact (Maddox, Ashby, & Bohil, 2003; Maddox & Ing, 2005). In
Experiment 2, a short, one-item memory-scanning task was administered either immediately
after feedback, or somewhat later, leaving time for feedback processing. This manipulation
was expected to selectively impair explicit hypothesis testing, but not implicit categorization
(Maddox, Ashby, Ing, & Pickering, 2004). Results showed that delayed feedback had no
effect on learning in the WP task, while the feedback-processing disruption caused a serious
decrease in categorization performance. In line with Lagnado et al. (2006) and Newell et al.
(2007) this result suggests that the WP task relies on explicit processes. In sum, these results
contradict neuropsychological and neuroimaging results, and suggest that the WP task is
purely explicit, at least when it is solved by healthy young adult participants.
4.2. The SRT task
Similarly to the controversy concerning the WP task, there is a long standing debate
whether learning on the Serial Reaction Time task can be considered fully implicit. In one of
the early SRT experiments, Willingham et al (1989) explored the role of conscious awareness
on learning. In Experiment 1, participants faced four blocks of 100 trials. After the fourth
block, participants were asked 1) whether they noticed something, and 2) whether they
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noticed a repeating pattern throughout the experiment, and if so, then they were asked to
replicate the pattern. Results showed that, out of the 60, 12 participants reported no
knowledge of the sequence, 7 participants reported knowledge on the presence of the
sequence, but were unable to provide any fragments of it. 29 participants reported the
presence of the sequence, and were able to provide 4-9 element long fragments, while the
remaining 12 participants were able to replicate the 10 element long sequence. Results
showed that overall RTs of the no-knowledge and some-knowledge groups did not differ from
each other significantly, while RTs of participants with full explicit knowledge were
significantly lower than the other two groups on blocks 3 and 4 (with 100 trials in each
block). This experiment suggests that two thirds of the participants of an SRT study acquire at
least partial explicit sequence specific knowledge.
Others point out that these values may even be higher. Willingham and colleagues
(1989) used a free recall task for measuring conscious awareness: participants had to provide
the sequence by their own. However, other results show that the free recall method is
insensitive (Shanks & St. John, 1994). Another method is cued recall, in which participants
are shown a fragment of the sequence, and their task is to predict the next button press.
Results show that even participants who are categorized as unaware based on the free recall
method may perform well above chance on the cued recall task (cf. Jackson & Jackson,
1995). This suggests that even more than two thirds of SRT task solvers may acquire some
explicit sequence knowledge. A problem with the cued recall task though that in a number of
cases, participants may respond above chance based on gut feeling (Destrebecqz &
Cleeremans, 2001). In such a case their response is contaminated by implicit knowledge (Neal
& Hesketh, 1997).
According to Destrebecqz and Cleeremans (2001), the major problem is the
assumption of process-purity: tasks are generally considered to rely purely on one system or
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the other. The process dissociation procedure (Jacoby, 1991) takes into account both the
automatic and intentional processes during memory retrieval. The PDP suggests the usage of
two experimental paradigms in memory retrieval studies: inclusion and exclusion. The
inclusion paradigm is the retrieval of the elements to be remembered, while the exclusion
paradigm is generation with the avoidance of the target elements. Representations of the
inclusion paradigm are facilitated by both automatic and intentional processes. In such a case,
both automatic and intentional processes point to the same direction: that is, the activation of
the given representation. On the other hand, in the case of the exclusion paradigm, the two
processes interfere. Automatic processes facilitate, intentional processes inhibit the retrieval
of the given representation. Application of the PDP to sequence learning (Destrebecqz &
Cleeremans, 2001) would suggest that both automatic and intentional processes work together
in both free and cued-recall. On the other hand, if participants are required to provide a
sequence of button presses that do not overlap the previous repeating pattern, implicit
knowledge may still facilitate the reproduction of the pattern, while intentional processes
inhibit it. The greater the overlap between inclusion and exclusion paradigms, the less likely
that explicit processes have much contribution to retrieval. Great overlap means that the
activation of implicit knowledge is present, but participants have difficulties with the
intentional inhibition of response structure.
In the SRT study of Destrebecqz and Cleeremans (2001), two conditions were
employed: a condition where there was no Response-Stimulus-Interval (RSI), and a condition
where the RSI was 250 milliseconds. Results showed that both groups performed above
chance on the inclusion test, while the groups only marginally differed from each other.
Earlier studies on this data would suggest that both groups show explicit sequence knowledge.
The exclusion paradigm showed a different picture though: participants of the RSI group were
able to exclude sequence fragments during the generation task, whereas no-RSI participants
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continued to generate chunks of the previously learned sequence, indicating no control over
the expression of sequential knowledge.
In a recognition task, participants faced triplets that were either part of the previously
learned sequence, or not (Destrebecqz & Cleeremans, 2001). Note that as second order
predicative sequences were used, all target-pairs were part of the sequence, that is, only the
third element defined the fragment as part of the repeating pattern or not. Results indicated
that participants of the RSI condition could differentiate well between the two types of
fragments, whereas the confidence reports of the no-RSI participants were comparable for the
two types. This confirms results of the exclusion criterion, that is, RSI participants have more
conscious control over sequential knowledge, while mostly implicit processes underlie
learning in the no-RSI condition.
Results of previous studies concerning the explicit versus implicit nature of the SRT
task are mixed. It seems to be clear however that participants are very likely to acquire some
kind of explicit sequence knowledge. This however may differ by procedure (Destrebecqz &
Cleeremans, 2001), as well as motivation and task-difficulty (Fu, Fu, & Dienes, 2008). The
most important aspect of the above introduced studies is that the SRT task cannot be
discussed in the framework of process purity. Similarly to the WP task, the SRT task cannot
be considered a purely implicit task. This assumption is in concert with the reviewed
neuropsychological and imaging results.
4.3. The AGL task
The implicit nature of the AGL task has also been questioned by a number of studies.
In three experiments Perruchet and Pacteau (1990) showed that declarative training on
bigrams results in the same classification performance as procedural training on strings
generated by an artificial grammar. They also reported that participants showed a very low,
but above chance hit rate if valid bigrams appeared on a wrong position. Experiment 3 of
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Perruchet and Pacteau (1990) showed that performance on the AGL task is sufficiently
explained by explicit knowledge of bigrams. During the test phase, participants were asked to
decide whether they recognize the fragments being shown. Participants of the intentional and
incidental conditions gave similar ratings: recognition scores were significantly higher for
grammatical than for ungrammatical letter pairs in both groups. The recognition scores by
type hardly differed between the two groups.
A study by Higham, Vokey and Pritchard (2000) adapted the PDP (Jacoby, 1991) to
Artificial Grammar Learning. In two experiments, participants had to memorize strings
generated by two different grammars. In Experiment 1, in the exclusion task, participants
were asked to classify strings conforming to only one of the grammars as correct, while in the
inclusion condition, they had to categorize a string as correct if it conformed either of the
grammars. Results showed that strings conforming to the to-be-excluded grammar were more
likely to be accepted by inclusion than exclusion participants. This effect was somewhat
decreased if there was a response time limitation. These results show that grammaticality
judgements can be controlled if there is no time pressure. Another analysis showed that – in
the exclusion condition – the acceptance of the to-be-excluded grammar strings was
significantly higher than that of the non-grammatical strings. This effect argues for the
presence of automatic processing. These results were reproduced in Experiment 2, which also
showed that differences due to controlled processes disappeared after a 12-day delay period,
while automatic processes were not affected. That is, grammatical knowledge of both
grammars was still present after 12 days, whereas the earlier exclusion of one of the
grammars did not affect performance (Higham et al., 2000).
Dienes and Scott (2005) combined the AGL task with self-reports of conscious
awareness. After a training phase, participants were asked to classify new strings as
grammatical or ungrammatical. After each decision, participants were asked to report the
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basis of their judgement. They could report that they had relied on guessing, intuition, preexisting knowledge, rules or memory. Due to lack of such responses, the category of preexisting knowledge was dropped. At the same time, guess and intuition, and rule and memory
knowledge were clustered into implicit (former two) and explicit (latter two) categories due to
theoretical and empirical (similarity in the number of responses) considerations. Results
showed that there was a greater proportion of implicit than explicit answers. Results also
showed that participants were more likely to give a correct classification when attributing
explicit processes to the judgement. At the same time, implicit attribution also led to above
chance performance. In Experiment 2, Dienes and Scott (2005) compared participants on
instruction and attention. One group of participants were asked to memorize sequences during
the training phase, while the others were asked to search for rules. Participants were also
divided based on attentional load: half of the participants could devote full attention to the
task, while the other half had to generate random numbers in time with an electronic
metronome. Results revealed that neither of the manipulations had any effect. Again, these
results suggest that both implicit and explicit processes take place during artificial grammar
learning. In sum, behavioural studies showed that the AGL task may not be considered a
completely implicit task. These results are again in line with the presumptions of the Process
Dissociation Procedure (Destrebecqz & Cleeremans, 2001; Jacoby, 1991), suggesting that
tasks should not be considered process-pure.
To conclude, behavioural data are mixed. Results of the SRT (Destrebecqz &
Cleeremans, 2001) and AGL (Dienes & Scott, 2005) tasks show that both tasks rely on both
memory systems. The WP literature lacks direct examination of self-insight as well as the
application of PDP. Experimental psychological results however suggest that the task mainly
relies on explicit processes (Lagnado et al., 2006; Newell et al., 2007; Price, 2009).The
dissimilarity of the results of the three paradigms might be twofold. One possibility is that the
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WP task is in fact different from the other two, and healthy adults in fact use
explicit/declarative strategies while solving the task. The other possibility is that this
inequality is simply due to the differences in methodology: the advanced methods of
examining the implicit nature of the SRT and AGL tasks have not yet been applied to the WP
task. As a first step to bridge the methodological gap between the WP and the other traditional
implicit learning paradigms in this regard, in Study 4 we applied a subjective self-report
method of the AGL task, adapted from Dienes and Scott (2005).

5.Synopsis of the presented studies and theses
As explained above, four studies are included in the dissertation. Three out of the four
use the WP task, while the fourth study employs the SRT task. Study 1 is a
neuropsychological study that applies the WP task to children with Specific Language
Impairment. The rationale of the study is to test whether SLI is also associated with
procedural learning deficits, as suggested by the Procedural Deficit Hypothesis (Ullman &
Pierpont, 2005). Performance of children with SLI is compared to typically developing
children and adults, this way we also acquired data on the development of probabilistic
categorization measured by the WP task. Study 2 tests whether different inner structures of
stimuli and stimulus-outcome relations affect learning performance, or whether learning is
identical regardless of the set of stimuli. Transparent and Arbitrary stimulus-outcome
associations are used. Also cue-combinations are provided either as standalone images
presented simultaneously, or as different features of the same image. Here we also present
data from children and adults. Study 3 also tests the effect of different stimulus sets from
different domains, but the employed implicit learning paradigm is the Serial Reaction-Time
task. The central focus of the study is (1) whether response sequences are acquired in the
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absence of one-to-one stimulus-response correlation, (2) whether unattended stimulus
sequences are acquired, and (3) whether learning of response sequences are affected by
unattended systematicity in stimulus appearance. Study 4 tests explicit awareness on the WP
task using subjective self-insight measures, and comparing those to measures provided by a
control group with no predictive structure in the task.

5.1. Thesis 1: Probabilistic categorization measured by the Weather Prediction task
is impaired in Specific Language Impairment
Study 1 tests the Procedural Deficit Hypothesis of Specific Language Impairment
(Ullman & Pierpont, 2005). If children with SLI have a procedural learning deficit, then it
should be manifest in their performance on a non-linguistic procedural learning task like the
WP task. According to the PDH, children with SLI are expected to perform similarly to adults
with Parkinson’s syndrome: they are expected to show chance-level performance (Knowlton,
Mangels et al., 1996). 16 children with SLI (mean age: 11;3, Sd: 1;3), 16 age-matched
typically developing children and 16 adults (mean age: 20;5, Sd: 1;7) completed a version of
the WP task that was modified to be suitable for testing children. Results showed that children
with SLI performed significantly worse than typically developing children. Also, children
with SLI only performed above chance level in Block 3. Strategy use was also compared.
Results showed that only one third of the clinical group was able to develop any strategies,
and the developed strategy was one of the singe strategies. At the same time, the majority of
TD children used one of the single strategies, and one third managed to develop the multi-cue
strategy. There were only two TD children not showing any signs of strategy use throughout
the task. These results show that there is a procedural deficit in Specific Language
Impairment. This is in line with the theories suggesting that language is related to procedural
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learning, and the underlying procedural deficit might explain a number of symptoms observed
in SLI – in concert with the Procedural Deficit Hypothesis (Ullman & Pierpont, 2005).

5.2. Thesis 2: Performance on the WP task improves with age
In both Study 1 and Study 2, we tested children on the Weather Prediction task. Our
hypothesis was that probabilistic categorization is age-dependent, and performance on the WP
task improves with age. Results showed that while in Study 1, a typically developing control
group of 11;3 years mean age showed a numerically lower performance than young adults, the
performance of the two groups did not differ from each other statistically. In Study 2
however, four groups of 8;6-8;9 year old children (SDs: 0;3-0;6) showed significantly lower
performance than young adults of 20;9-21;6 years of age (SDs: 1;3-1;11). Also, children
showed more single strategy usage, while the majority of adults relied on multi-cue strategy.
These studies suggest a slow development with age, which is in concert with the improvement
hypothesis of developmental changes in IL (e.g. Fletcher et al.. 2000).

5.3. Thesis 3: Cue-based cue presentation enhances categorization performance in
the WP task
Study 2 tested whether the structure of cue presentation accounts for the differences
observed between the Weather Prediction task and the Ice-Cream task (Hopkins et al., 2004;
Shohamy et al., 2004; Shohamy et al., 2001). We compared versions of the WP task in which
cues either appeared as standalone images (Cue-based conditions), or as features of one
combined image (Holistic conditions). Based on previous studies we hypothesized that Cuebased presentation would lead to better performance than if cues are presented as features of
the same image. Also, based on previous literature, cue presentation was hypothesized to
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lower the chance of multi-cue strategy usage. Results showed that performance on the Cuebased conditions were significantly higher than in the case of the Holistic conditions. Results
on strategy use revealed that Holistic versus Cue-based stimulus presentation does not affect
strategy use. These results suggest that in fact, the holistic presentation of cues lead to a
significantly lower level in performance, but not in strategy use.

5.4. Thesis 4: Transparency between cues and outcomes enhances categorization in
the early stages of the task
Our major question in connection with the IC task was whether the WP and IC tasks
are in fact only differ in the holistic versus cue-based nature of cue-presentation. In Study 2
we also tested whether a transparent link between cues and outcomes affects performance. In
the Transparent conditions cues were fragments of a line-drawing, whereas feedback revealed
the complete line-drawing; showing why exactly the cues led to the specific outcome. We
hypothesized that cue-outcome transparency would enhance early learning performance, as it
serves as an anchor point. However, we also expected that this advantage turns into a
disadvantage, as observed by earlier studies of Shohamy et al (2001; 2004). Results showed
that in the early blocks transparency between cues and outcomes enhances categorization
performance; while in the later phases performance was higher for the Arbitrary conditions,
where the only link between cues and outcomes was the statistical association provided by
feedbacks. Analysing strategy use revealed that participants of the Arbitrary conditions are
more likely to develop a multi-cue strategy during the task, whereas participants of the
Transparent conditions use the single strategies. These results suggest that cue-outcome
transparency enhances participants to learn single-cue-outcome associations, however these
associations seem to be stronger, and more difficult to modify. This way, participants become
unable to combine cues.
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5.5. Thesis 5: Response learning is present in the SRT task even in the absence of
one-to-one stimulus-response mapping
Study 3 employed the SRT task, and focused on whether response and perceptual
sequential structures are acquired in the absence of the other. In the Response condition of
Study 3, participants faced a six block SRT task with no one-to-one mapping of stimuli and
responses. Participants faced pictures of four categories. The pictures were those of mammals,
furniture, fruits or tools. Participants had to respond with a button press in accordance with
the category of the stimulus. Within each category, the specific pictures appeared randomly.
Our hypothesis was that response sequence learning takes place even in the absence of a
perceptual sequence. Results confirmed our hypothesis, as participants showed a significant
sequence specific increase in reaction times.

5.6. Thesis 6: Response-independent perceptual learning does not appear on a short,
6 block SRT task
We showed that response sequence learning may take place in the absence of a
correlating stimulus sequence. The question of the Stimulus location condition of Study 3 was
whether an unattended stimulus-location sequence can be acquired. In the Stimulus location
condition of Study 3, participants faced a 6-block SRT task in which they had to respond to
categories of pictures. There were ten pictures within each category, and both appearances of
within and between category elements were random. Stimuli could appear in the four corners
of the screen. There was a 12-element-long sequence in the location of the stimuli, while
participants had to respond to the identity of the stimuli. Our hypothesis was that an
unattended perceptual sequence will not affect reaction times (Riedel & Burton, 2006).
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Results showed that the removal of the stimulus location sequence caused no RT increase.
Results confirm earlier studies (Riedel & Burton, 2006) showing that pure perceptual learning
does not take place in the SRT task if the perceptual sequence is not in the response domain.

5.7. Thesis 7: Probabilistic perceptual information impairs response sequence
learning
The Response and Stimulus location conditions of Study 3 confirmed that response
sequences may be learnt without a one-to-one mapping between stimuli and responses, and
that the unattended stimulus location sequence is not subject to learning – at least in such a
six-block setting of the SRT task. Some earlier studies suggested that effector-, response- and
perceptual types of learning may not necessarily be independent of each other, but might
interact (Deroost et al., 2006; Nattkemper & Prinz, 1997). In the Extra condition of Study 3
we tested whether the stimulus domain has any effect on learning the response sequence.
Participants faced a response sequence identical to that of the Response condition. The
appearance of the stimuli however varied in a probabilistic way: each category had a high
frequency location (appearing at this location in 55% of all cases), and three low frequency
locations (appearing at these locations in 15-15% of all cases). Results showed that learning
both the response sequence and the location frequency was reduced in this simultaneous
condition. This suggests that while pure perceptual learning did not appear in the unattended
domain (Stimulus location condition), a probabilistic structure in the perceptual domain had a
detrimental effect on response sequence learning and vice versa. This is in concert with earlier
results suggesting that the different learning domains are in interaction (Deroost et al., 2006;
Nattkemper & Prinz, 1997).
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5.8. Thesis 8: Explicit knowledge plays an important role in learning the WP task
In Study 4, we investigated whether participants consider their own decisions explicit
or implicit. Item-by-item subjective self-insight measures were collected: participants were
prompted after each decision to characterize the basis of their response: Guessing, Intuition, ‘I
think I knew the answer’, Memory or Rule-knowledge. As introspection is not necessarily a
reliable measure, especially in implicit learning (Frensch & Rünger, 2003), responses of
participants in the Experimental condition (facing the original WP task) was compared to
those of a Control condition. The Control condition lacked a predictive structure: cues and
outcomes were paired randomly. Results showed that Experimental participants responded
with significantly more explicit answers than the Control condition. Also, for both groups,
implicit performance was at chance level, and the two groups only differed in explicit
performance: chance level for Control participants, while a performance almost reaching 90%
in the Experimental condition. Examining strategy use, participants using single strategies
gave less explicit answers than multi-cue users, but they showed the same level of
performance on both implicit and explicit decision. These results contradict both the implicitfirst (Knowlton, Mangels et al., 1996) and strategy hypotheses (Gluck et al., 2002), and are in
line with the explicit theory (Lagnado et al., 2006).
These results, suggesting that learning on the WP task is explicit, require integration
with previous results, as there is a discrepancy with Thesis 1. Thesis 1 states that
implicit/procedural learning measured on the WP task is impaired in SLI, while Thesis 8
states that the WP task is explicit in adults. There are four possible resolutions to this
controversy. On the one hand, it is a possible that learning on the WP task is implicit in
children, and explicit in adults. Potential support for this hypothesis comes from previous
studies showing that learning on the SRT task elicits subcortical activation in children and
cortical activation in adults (Thomas et al., 2004). Other studies using the SRT task provided
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how many participants were able to develop explicit knowledge during the learning process,
but did not compare the numbers directly across age-groups. Looking at these data across
studies, we see that the rate of younger children and the rate of older children developing
conscious access are very similar (50% in 10-year-olds, 37% in 7-year-olds Thomas &
Nelson, 2001). This argues against the claim that children rely more on implicit learning,
while adults are more prone to use explicit strategies. Clearly, more research is needed to
disentangle the contribution of implicit/explicit knowledge to performance on these tasks.
The other possibility is that learning on the WP task is explicit in children as well. In
this case, the impaired WP performance in SLI requires an alternative explanation. First, there
is evidence that declarative memory is also impaired in SLI (Gathercole & Baddeley, 1990),
which might account for the impaired declarative WP performance. Previous results also
revealed severe executive deficits in SLI (Henry, Messer, & Nash, 2012). As clinical studies
confirmed the relationship between the SRT task and executive functions (Jackson et al.,
1995), the executive deficit might contribute to deficient learning on the WP task. A last
possibility considers the nature of the deficit in SLI. Hsu and Bishop (2010) contrasts
procedural and statistical learning deficits, and suggests that the two hypotheses are not
identical. According to their view, statistical learning is the acquisition of general statistical
information, regardless of the declarative versus procedural nature of the task. That is,
statistical learning deficit may be apparent in both declarative and procedural tasks that
require the extraction of statistical information. Here again, more research is needed to
conclude the origins of the probabilistic categorization impairment observed in SLI.
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6.Study 1: Impaired procedural learning in
language impairment: Results from
probabilistic categorization
Kemény, F., & Lukács, Á. (2010). Impaired procedural learning in language impairment:
Results from probabilistic categorization. Journal of Clinical and Experimental
Neuropsychology, 32(3), 249-258.
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Time Task. Journal of General Psychology, 138, 110-126.

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

9.Study 4: Self insight in Probabilistic Category
Learning
Kemény, F., & Lukács, Á. (in press). Self-insight in Probabilistic Category Learning, Journal
of General Psychology.
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Abstract
The Weather Prediction (WP) task is one of the most extensively used Probabilistic
Category Learning tasks. Although it has been usually treated as an implicit task, its implicit
nature has been questioned with focus on the structural knowledge of the acquired
information. The goal of the current studies is to test if participants acquire explicit
knowledge on the WP task. Experiment 1 addresses this question directly with the help of a
subjective measure on self-insight in two groups: an experimental group facing the WP task,
and a control group with a task lacking predictive structure. Participants in the experimental
group produced more explicit reports than the control group, and only on trials with explicit
knowledge was their performance higher. Experiment 2 provided further evidence against the
implicitness of the task by showing that decreasing stimulus presentation times extends the
learning process, but does not result in more implicit processes.

Keywords: probabilistic category learning, multiple-cue learning, self-insight, implicit versus
explicit learning
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Self-insight in Probabilistic Category Learning
Forecasting the weather is not an easy task – especially for lay people: a number of
different factors may be considered. There are several cues that may help us in proper
prediction, or may make our prediction more difficult. These cues include brightness, clouds,
wind, the colours that appear, the humidity we feel, even the smell of the air, or maybe the
pain in our back and a number of other cues. Still, people can differentiate between dark
cloudy days, and may more or less properly predict whether it will be raining. If one is asked
how they managed to make a proper prediction, they may come up with some kind of
explanation highlighting one or another cue, or might simply just say they worked from
intuition.
The Weather Prediction (WP) task models such inferences based on multiple cue
probability learning – but in fact has nothing to do with real weather. It is designed for proper
control on a set of cues that are included: there are four cues, each of them predicting a
specific outcome with a given probability, and the outcome is to be predicted based on the
cues that appear. Participants are shown 1, 2 or 3 out of four possible cues, then they are
prompted to decide whether, based on the cues, there would be rain or sunshine. The cues of
the WP task are arbitrary cues that are not linked to the weather in real life: usually tarot cards
(Gluck, Shohamy, & Myers, 2002), pictures (Knowlton, Squire, & Gluck, 1994), geometric
shapes (Keri, Szlobodnyik, Benedek, Janka, & Gadoros, 2002), or fragments of line-drawings
(Kemény & Lukács, 2009). The link between cues and outcomes is based on their statistical
associations. The statistical association is based on feedback provided throughout the task.
Each cue has a different predictive value: there are usually two strong cues, one predicting
each outcome with a high association rate, and two weak cues, one predicting each outcome
with a low association rate. As participants in the beginning have basically no idea on what
they have to do, they guess. After each answer the proper response is revealed: following the
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decision they are shown for example that the appearance of a triangle and a rhombus in fact
led to rainy weather. Participants usually face four blocks of 50 items. Performance on Block
1 is generally only slightly above chance level, whereas in Block 4 it could reach even 80%
(Knowlton, Mangels, & Squire, 1996).

The implicit/procedural versus explicit/declarative aspects of the WP task
The WP task was first used in the framework of the explicit/declarative vs.
implicit/procedural distinction, with clinical groups being impaired on one or the other
memory systems. Results from amnesic patients revealed that during the early phases of the
task their performance is identical to healthy control participants’, whereas healthy
participants have a significant advantage on the later phases (Knowlton et al., 1994).
Parkinson’s patients show a deficit on the WP task already in the early phases, and their
performance hardly rises above chance level even later (Knowlton, Mangels et al., 1996).
Also, amnesic patients were shown to be unable to answer debriefing questions about the task,
whereas Parkinson’s patients were able to give correct answers to questions like ‘How many
cues could have appeared on the screen simultaneously?’ (Knowlton, Mangels et al., 1996).
Since patients with a procedural deficit (PD patients) show impairment in the early phases of
the task, and patients with declarative deficit (amnesic patients) show a deficit in the later
phases of the task, solving the WP task is concluded to rely on the procedural system in the
early stages, and the declarative system in the later phases (Knowlton, Mangels et al., 1996).
This was further confirmed by an imaging study showing that there is a rapid MTL
deactivation in the beginning of the task suggesting the lack of MTL activation, hence a lack
of declarative functioning (Poldrack, Prabhakaran, Seger, & Gabrieli, 1999).
Later studies, instead of measuring the overall categorization performance, focused
mainly on the way participants solve the task. Three basic strategies were identified initially
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(Gluck et al., 2002). The One-cue strategy is a sub-optimal strategy when participants focus
on one cue. If the cue in focus is present, participants give a consistent answer, while in the
absence of the cue their response is random. The Singleton strategy is also a sub-optimal
strategy. Singleton strategy users only give consistent answers if one cue is present at a time.
In the case of cue-combinations they respond randomly. The third strategy, called Multi-cue
strategy, is the optimal strategy. Multi-cue strategy users focus on all cues that are present at
the same time, and they respond according to the combined predictive values of the cues. That
is if cue 1 and 3 are present at the same time, the prediction is made based on the average
predictive value of the two cues: (85,7% + 30%) / 2 = 57,85%. If the combined value is above
50%, the expected result is SUN, while if it is below 50%, the expected result is RAIN. Note
that the first two strategies may be grouped together as they require focus on only one cue at
the time (Single strategies), whereas the Multi-cue strategy requires focus on several cues
simultaneously.
Gluck and colleagues (2002) also showed that these strategies are implicit in the sense
that participants’ self-report on strategy use do not match their real performance. They also
showed that strategy use throughout the task changes. In the earlier phases participants are
more likely to use one of the Single strategies (One-cue or Singleton), while in the later
phases more and more participants manage to develop a Multi-cue strategy. Based on two
assumptions, Gluck and colleagues (2002) hypothesize that Single strategies rely on the
declarative system, whereas multi-cue strategy relies on the procedural system. On the one
hand, single strategies are easy to verbalize, hence it is most likely that participants will be
aware of their strategy use. At the same time it is difficult to verbalize multi-cue usage, hence
it is thought to be implicit. On the other hand, imaging data show that the earlier hypothesized
MTL deactivation might not in fact be significant, suggesting that there is MTL activation in
the earlier phases of the task (Poldrack et al., 2001).
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Strategy use was also tested in clinical populations. Results showed that Parkinson’s
patients (Shohamy, Myers, Onlaor, & Gluck, 2004) were unable to switch to Multi-cue
strategy, whereas hypoxic patients (with hippocampal malfunctions, Hopkins, Myers,
Shohamy, Grossman, & Gluck, 2004) were unable to develop any strategies. These results are
in concert with the hypothesis that the declarative versus procedural nature of solving the WP
task differs by strategy use.
Either due to a priori definition – and comorbidity with declarative deficits –
(Knowlton et al., 1994; Knowlton, Squire et al., 1996; Hopkins et al., 2004), or due to
dissociation with verbal reports (Gluck et al., 2002), early studies suggested that the WP task
is at least partially implicit. On the other hand the implicit nature of the WP task has been
questioned by a number of papers – on three grounds. In a meta-analysis Zaki (2005)
suggested that amnesic patients do in fact show deficits on categorization. Lagnado, Newell,
Kahan and Shanks (2006) tested structural knowledge both blockwise and itemwise and found
that participants are able to report each cue-strength and differentiate between cues based on
their importance already in the early phases. Newell, Lagnado and Shanks (2007) and Price
(2009) used dual-task paradigms, and found that concurrent tasks that are expected to reduce
implicit performance do not affect learning, whereas concurrent tasks that are expected to
reduce explicit hypothesis testing caused a serious decay in categorization performance. As
the latter three studies used the WP task, we will discuss them in detail in the following
section.
In their first experiment, Lagnado et al. (2006) asked participants to provide the
experienced predictive values of each cue, and to report the subjective importance of a
specific cue in the predictions. Results showed that – similarly to suggestions by Rescorla and
Wagner (1972) – participants were able to report the predictive values of stronger cues
already in the first block of 50 trials, whereas predictive values of weaker cues were only
102

accessible later (probability ratings). Subjective measures also showed that as the task
progressed, participants reported that they relied more on stronger cues (cue-usage ratings).
Trial-by-trial subjective reports in Experiment 2 showed the same results: participants first
learned to use stronger card, and from Block 2 they rated the stronger cards more important
(page 171 & Figure 11 of Lagnado et al., 2006).
Newell et al. (2007) used a dual task design, and found that performance on the
Weather Prediction task decreased due to the presence of a concurrent numerical stroop task,
suggesting that the task is declarative. In Experiment 2, Newell et al. used the same trial-bytrial reports employed by Lagnado et al. (2006) for both a declarative (observational) and a
procedural (feedback) version of the task. The procedural version was identical to the one
introduced earlier, whereas in the declarative version, participants were shown cues and
outcomes simultaneously, and were instructed to memorize the associations1. Results showed
that participants of the observer and feedback groups showed a similar performance, and also
their cue-ratings were very similar. In term of cue-reliance, both groups reported that they rely
on strong cues more than weak cues very early (Block 6 in the observation and Block 9 in the
feedback task, with 5 trials in each block). Newell et al. suggest that this rather small
difference should not be interpreted as evidence for separate systems underlying the different
tasks, but rather that both tasks rely on the same system, with the observation task being
somewhat easier. In sum, neither Lagnado et al. (2006), nor Newell et al. (2007) suggest that
learning on any form of the WP task is implicit. Note that both the Lagnado et al. (2006) and
the Newell et al. (2007) studies focused on the perception and recollection of cue-outcome

1

Note that the method was introduced by Shohamy et al (2004). The basic difference is that Shohamy et al

considered the observational WP task a procedural method due to the fact that the link between cues and
outcomes are probabilistic, and showed that Parkinson’s patients are only impaired on the feedback-based WP
task, which is identical to the procedural WP task of Newell et al (2007).
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contingencies, a task that was in part correctly solved by amnesic patients (Reber, Knowlton,
& Squire, 1996).
Two experiments by Price (2009) tested whether manipulations designed to disrupt
implicit (Exp1) or explicit (Exp2) learning interferes with learning on the WP task. In Price’s
Experiment 1, the delay between cue and feedback was manipulated, as earlier studies
suggested that if the cue-feedback units are broken, implicit categorization declines, but
explicit hypothesis testing remains intact (Maddox, Ashby, & Bohil, 2003; Maddox & Ing,
2005). In Experiment 2, feedback processing was disrupted: a short, one-item memoryscanning task was administered either immediately (short feedback condition) or after 2500
msec (long feedback condition) following feedback presentation. This way there was either a
0 or 2500 msec window for feedback processing. Previous research on disrupted feedback
processing showed that it impairs explicit hypothesis testing, but does not affect implicit
categorization (Maddox, Ashby, Ing, & Pickering, 2004). Results showed that delayed
feedback had no effect on learning on the WP task, whereas feedback-processing disruption
caused a serious decrease in categorization performance. In line with Lagnado et al. (2006)
and Newell et al. (2007) this result suggests that the WP task relies on explicit processes.
In sum, there are three different hypotheses outlined in the earlier literature based on
the implicit versus explicit nature of the WP task. The implicit-first theory suggests that the
early stages of the WP task are implicit, while it becomes explicit in the later blocks
(Knowlton, Mangels et al., 1996; Knowlton et al., 1994). The strategy-theory suggests that
Single strategies are explicit, whereas Multi-cue strategy use is implicit (Gluck et al., 2002;
Meeter, Myers, Shohamy, Hopkins, & Gluck, 2006), while, based on experimental
psychological results, the explicit-theory suggest that the task is explicit (Lagnado et al.,
2006; Newell et al., 2007; Price, 2009)
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Structural knowledge versus Self-insight
So far, research has focused on structural knowledge (task knowledge), and its
conscious nature. Structural knowledge is basically the knowledge that leads to one answer or
another (Dienes & Scott, 2005). A piece of structural knowledge may be that in the presence
of Cue1 the weather will be sunshine. These bits of structural knowledge may be conscious or
unconscious. A piece of unconscious structural knowledge is when one is not aware of the
fact that Cue1 leads to sunshine, yet performance suggests that this knowledge lies behind
performance. On the other hand, structural knowledge is conscious when one provides
answers based on a piece of structural knowledge, and able to report it. Reporting how a
prediction relies on a cue is also a piece of structural knowledge. These two measures,
probability ratings (the perceived probability of a given cue or cue-combination, explained
earlier) and cue-usage ratings (the subjective reliance on the appearing cues) were measured
in papers by both Lagnado et al. (2006) and Newell et al. (2007).
Self-insight (Lagnado et al., 2006) on the other hand concerns the reported access to
the learnt information. According to Rosenthal (1986; 2005), a mental state may be conscious
if we are conscious of being in that mental state. If we have a (higher order) thought on the
mental state (Dienes & Scott, 2005), we do not only behave as if we had structural knowledge
(this would be the first-order representation), but we also report to have and use it. As there
have been previous studies on the structural knowledge of participants of the WP task, the
goal of the current paper is to test self-insight, to obtain subjective measures on how
participants made their decision, and to what extent are they aware of that given decision.
Participants of the WP task are asked to classify whether their decision was based on
GUESSING, INTUITION, whether they report ‘I think I know the answer’ (THINK answer), or
they suggest to rely on remembering (REMEMBER answer) or knowledge of the rule (RULE
answer). If the number of responses is higher in the first three categories that may indicate
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less explicit knowledge, while if participant report to rely on remembering or rule-knowledge
that may be an indicative of more explicit knowledge. Note, that Dienes and Scott (2005) also
used 5 categories, but instead of the ‘I think I know the answer’ their categories included a
‘pre-existing knowledge’. They did not report results on pre-existing knowledge, as there
were no answers within that category. We included the ‘I think I know the answer’ type of
response to make the transition smoother between the statements of ‘Intuition’ and ‘I
remember’ answers.
We present two experiments testing the implicitness of learning on the WP task by
measures of self-insight. Experiment 1 employed a modified version of the Weather
Prediction task, with more extreme predictive values (Kemény & Lukács 2010) together with
a control condition where stimulus-outcome associations were random. In both conditions, we
collected subjective data on self-insight after each decision. Experiment 2 was designed to test
whether prolonging the learning period (by using shorter presentation times) affect selfinsight.
As explained above, there are three competing theories of learning on the WP task.
The implicit-first theory (Knowlton et al., 1994; Knowlton, Squire et al., 1996), the strategytheory (Gluck et al., 2002; Meeter et al., 2006; Meeter, Radics, Myers, Gluck, & Hopkins,
2008) and the explicit theory (Lagnado et al., 2006; Newell et al., 2007; Price, 2009). The
implicit-first theory predicts that learning is implicit in the beginning, and becomes explicit
later. According to the implicit-first theory, participants of both conditions should provide
similar self-insight reports in the earlier phases of the task, while they should differ in later
phases. In terms of performance, the implicit-first theory predicts that in the early phases,
participants show higher performance with implicit self-report, whereas in the later phases
they show higher performance with explicit self-report.
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The strategy-theory predicts self-insight based on different strategies. It predicts single
strategy users to provide more explicit self-reports than multi-cue users. As single strategies
develop earlier in time than multi-cue strategy, strategy theory also predicts more explicit
self-reports to appear in the early phases of the task, than in the later phases.
In the distribution of answers, the explicit theory predicts a similar pattern than the
implicit-first theory: participants provide more implicit answers in the beginning than in the
later phases. However, the explicit theory predicts that participants’ performance goes above
chance only for those items where decision is associated with an explicit self-report. Our
experiments contrasts the three theories, and tests whether either of the predictions fit the data
observed.

Experiment 1
Method
Participants. Altogether 56 subjects (26 female and 30 male) participated in
Experiment 1. They were randomly assigned into either the Experimental or the Control
condition, with 29 participants in the former and 27 in the latter. The mean age of participants
of Experiment 1 was 21.44 years (SD = 1.68 years). All participants were recruited from the
Budapest University of Technology and Economics, and participated for credit points. All
participants provided a written informed consent, in accordance with the principles set out in
the Helsinki Declaration and the stipulations of the local Institutional Review Board.

Procedure. All participants completed a computerized version of the Weather
Prediction task. The task ran on E-prime 1.2 (Psychology Software Tools Inc., Pittsburgh,
PA). First, participants received their instructions:
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“Hi,

you will be the weather forecaster. You will see strange pictures, and your task will be to
decide whether it will be SUNSHINE or RAIN! Click the icon that corresponds to your
prediction.

After your choice the computer reveals what the weather really was. After that, please report
how sure you were in your judgement: you will see a line, and your task is to click to the point
that best characterizes your decision. We defined five points to help your decision.

Press any key to continue!”

In each item participants received 1, 2 or 3 out of four cues. Their goal was to predict
whether there will be sunshine or rain. The cues were a square (Cue1), a triangle (Cue2), a
pentagon (Cue3) and a rhombus (Cue4). A 640 X 480 display setting was used, the size of the
cues were identical, they were fit into a 120 X 120 square with a narrow white border. The
cues were always presented vertically 96 pixels from the top. If a cue appeared alone, it was
situated in the vertical centre line, in the case of two cues, the cues were on the two sides of
the vertical centre line, while if three cues were present, the central cue was located in the
centre line and the two other cues appeared on each side. The icons of the two outcomes were
also present: two slightly smaller icons (100 X 100) appearing below the cues, 255 pixels
from the top. The SUN icon was always on the left side, 219 pixels from the left edge,
whereas the RAIN icon appeared on the right, 423 pixels from the left edge of the screen. If
the participants predicted sunshine, they had to click on the SUN icon using a two-buttoned
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mouse, if their prediction was rain, they had to click on the RAIN icon. The cue (or cuecombination) was present until the participant responded, and until the feedback was present.
Immediately after response, a feedback was given: only the icon of the correct answer
remained on screen with the cues. The feedback only revealed the outcome; the participants’
choice did not appear on the screen. Note that as cues and outcomes have a probabilistic
relationship, outcomes are not necessarily the same as the expected correct answers. The
feedback was presented for 1500 msec along with the cue(s), then it disappeared.
After feedback a question appeared: ‘How sure were you in your judgement?’. Below
the question there was a continuous line with five statements above the line. The role of the
participants was to click on the line below one of the statements. The five statements were the
following (left to right): ‘I was guessing’, ‘Intuition’, ‘I think I knew it’, ‘I remembered the
answer’ and ‘I know the rule’ (Since participants were native speakers of Hungarian, both the
question and the five statements appeared in Hungarian). These are conventional, everyday
statements in Hungarian, so further instructions were not given. In general, Intuition seems to
be the most problematic one; however its Hungarian equivalent is "Megérzés", which literally
means a decision based on gut feeling without rational arguments. As soon as participants
clicked on the line, the question disappeared, and a new item (cue or cue-combination)
appeared for prediction.
There were two conditions. The two conditions – Experimental and Control – differed
on the predictive values of the cues. While in the case of the Experimental condition the cues
and outcomes had a predictive structure, the link between cues and outcomes was at chance
level in the Control condition. In the Experimental group, Cue1 (square) was associated with
sunshine in 85.7% of its appearances, Cue2 (triangle) led to sunshine in 70% of all its
appearances, Cue 3 (pentagon) led to rain in 70%, and Cue 4 (rhombus) was associated with
rain in 85.7% of its appearances. Note that in the case of the remaining appearances the cue
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led to the other outcome: rain for cues 1 & 2 and sunshine for cues 3 & 4. For both conditions
there were four blocks, and each block contained 50 predictions. At the same time, in the
control condition, in half of the appearances of each cue the outcome was sunshine, while for
the other half the outcome was rain. Table 1 shows the predictive values for each cues and
cue-combinations in both the Experimental and Control conditions. Note that the structure of
the task is identical to that used in Kemény and Lukács (2010), while the subjective
measurement is adapted from Dienes and Scott (2005).
Strategy analysis. To avoid repeated analyses on the same data, strategy use was
calculated for Block 2. Previous studies of strategy use suggest that strategies do not fluctuate,
but there are sudden, clear-cut changes (Shohamy, Myers, Kalanithi, & Gluck, 2008).
Strategy analysis though requires a wide window, which obviously causes difficulties in
finding the exact point of change. However, similarly to previous tasks, we used a whole
block of 50 trials to decide strategy use (Hopkins et al., 2004). There are altogether 6 different
strategies: the four one-cue strategies, the singleton strategy and the multi-cue strategy.
Strategy analysis is identical to previous studies (Gluck et al., 2002). Each of the six strategies
predicted the expected number of ‘sun’ answers for each pattern differently. The model score
for a strategy was computed as the sum of the squared difference between the number of
expected sun answers in the pattern and the number of sun answers the participants gave for
that specific cue or cue-combination. This score was divided by the sum of squares of the
number of presentation of each pattern. The computation of the model score is illustrated in
equation (1). A strategy was assigned if the model score was below 0.1 (criterion identical to
Gluck et al, 2002).

(1)
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Results
Data analysis. First the number of responses was compared by Block and by
Condition to see whether the distribution of self-insight reports were the same in the two
groups, and whether the difference changed by time. In the second analysis we compared
categorization performance by the accompanying self-insight report, by Block and by
Condition. This required participants to have data in all 2 x 5 cells (two blocks and five
different types of responses). There were however hardly any participants having all five
responses in both blocks. In fact, none of the experimental condition participants, and only 5
of the control participants had values in all 10 cells. This event is not completely unexpected
as Dienes and Scott (2005) found the same anomaly. They combined implicit and explicit
responses: implicit responses were the ones where participants report that they have no clear
representation on the source of their knowledge, whereas explicit responses were the ones
where the source of knowledge is identified. This clustered GUESS, INTUITION and THINK
answers into the implicit category, and REMEMBER and RULE answers into the explicit
category. These labels are hypothesis driven, but will be used throughout the Results section
to enhance clarity. 21 Experimental and 23 Control participants had data in all four cells. In
the following analyses, only data of these participants were included, except when indicated
otherwise.
Learning performance. Learning performance was analysed only on the
Experimental group with a repeated-measures ANOVA with Block (1 throught 4) as withinsubject design. There was a monotonic improvement in learning performance, revealed by a
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significant linear trend, F(1, 20) = 11.996, p < 0.01, η2p = 0.375. Figure 1 illustrates blockwise
performance of both the Experimental and Control conditions.

Comparing early and later blocks in terms of self-insight by Condition. Knowlton
et al. (1994, 1996) suggests that the early phase of the WP task is procedural and the later
phase is declarative, whereas Gluck et al. (2002) surmises the reverse. As the difference is
rooted in the implicit nature of the phases, we have decided to compare self-insight between
the Experimental and Control conditions by phases. Since there is no clear indication on the
identification of phases in previous literature, we have decided to compare the 1st and 4th
blocks of 50 items.
Self-insight measures were compared between the Experimental and the Control group
on both the early and later blocks. A 2 x 2 x 2 repeated-measures ANOVA was conducted
with Block (Early vs. Late) and Answer-type (Implicit vs. Explicit) as within-subject
variables, and Condition (Experimental vs. Control) as a between subject variable. Note, that
data for Block and Condition are invariant (there are 50 answers in each block, and 100
answers in each condition), so the main effect of Block and Condition, and the Block x
Condition interaction are not applicable.
The ANOVA revealed a significant Answer-type x Condition interaction, F(1, 42) =
16.267, p < 0.001, η2p = 0.279, and a significant Block x Answer-type interaction, F(1, 42) =
17.847, p < 0.001, η2p = 0.298. Neither the Answer-type main effect (p = 0.813), nor the
Block x Answer-type x Condition interaction (p = 0.140) was significant. Figure 2A shows
the number of Implicit and Explicit self-reports by Condition and by Block.
The Answer-type x Condition interaction reflects that the number of implicit selfreports decrease from Block 1 to Block 4, while the number of Explicit self-reports increase.
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This increase in Explicit self-reports is numerically the same as the decrease in the Implicit
self-reports, as the number of answers in each block is always 50.
To further explore the Answer-type x Condition interaction, separate paired-sample ttests were conducted for each Condition with Answer-type as within-subject variable. The ttests revealed that while for the Experimental condition the number of explicit answers were
significantly higher, t(20) = - 2.459, p < 0.05, Control participants provided more implicit
self-reports, t(22) = 3.307, p < 0.01.

Categorization performance associated with Self-insight type by Condition and
by Block. So far we tested how participants’ self-insight differs by answer-type in early vs.
later blocks. In the next step, self-insight and performance are directly mapped onto each
other. The following ANOVA was conducted on the average categorization performance that
was associated with a given category. A 2 x 2 x 2 repeated measures ANOVA was conducted
with Block (Early vs. Late) and Answer-type (Implicit vs. Explicit) as within-subject
variables and Condition (Experimental vs. Control) as a between subject variable. Results
revealed that performance associated with explicit-type answers was higher, confirmed by a
significant main effect of Answer-type, F(1, 42) = 49.304, p < 0.001, η2p = 0.540. A
significant main effect of Condition, F(1, 42) = 29.063, p < 0.001, η2p = 0.408, revealed that
the Experimental condition showed higher performance than the Control condition. There was
also a significant Answer-type x Condition interaction, F(1, 42) = 50.330, p < 0.001, η2p =
0.545. No other main effects or interactions were significant (all ps > 0.195).
To further explore the Answer-type x Condition interaction, data in the two blocks was
merged, and both performance with implicit answers and performance with explicit answers
were compared between the two conditions. A multivariate ANOVA was used with implicit
and explicit performance as dependent variables and Condition as between-subject variable.
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The MANOVA revealed that performance associated with explicit answers were significantly
higher in the Experimental condition, F(1, 42) = 64.892, p < 0.001, η2p = 0.607, while there
was no difference in performance associated with implicit answers, p = 0.517. Figure 3A
shows the average categorization performance by Answer-type and by Condition.

Self-insight by Strategy use in Block 2. Knowlton et al. (1994, 1996) suggests that
the differentiation is strictly time-based, i.e. the task relies on the procedural system in the
early and the declarative system in the later blocks. On the other hand, Gluck et al. (2002)
suggested that relying on different memory systems is not based on the time passed during the
task, but strategy use. Gluck et al. proposed that singleton and one-cue strategy users rely on
the declarative system, whereas multi-cue users rely on the procedural system. To avoid
overlapping analyses of the same data, Block 2 strategy use was analysed. Only results of the
Experimental condition will be considered, since the control condition lacks a predictive
structure, hence all strategies yield random answers. Out of the 21 participants whose data
was analysed previously, 13 participants were using multi-cue strategy, 5 participants were
using one of the single strategies in Block 2. The remaining 3 participants did not use any
identifiable strategy, and hence were excluded from the present analysis.
A 2 x 2 repeated-measures ANOVA was conducted with Answer-type as withinsubject, and Strategy use as between-subject variable. Once again, the numbers in each
strategy are invariant; hence Strategy main effect is not applicable. The ANOVA revealed a
significant main effect of Answer-type, F(1, 16) = 21.792, p < 0.001, η2p = 0.577, and a
significant Answer-type x Strategy use interaction, F(1, 16) = 14.559, p < 0.01, η2p = 0.476.
Figure 4 shows the number of Implicit and Explicit answers by Strategy use.
To further analyse the interaction, the two group of strategy users were compared on
the number of Implicit answers provided (note that the number of Explicit answers were not
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analysed, as it equals 50 minus the number of Implicit answers). An independent samples Ttest revealed that single strategy users provided significantly more Implicit self-insight reports
than multi-cue users, t(16) = 3.816, p < 0.01.

Categorization performance associated with Self-insight type by Strategy use in Block 2.
A 2 x 2 repeated measures ANOVA was conducted with Answer-type (Implicit vs. Explicit)
as within-subject variable, and Strategy use (Single vs. Multi-cue strategy) as between subject
variable. The dependent variable was WP score; that is the percentage of answers that match
the predictive values of the cues (and not whether the participant’s answer matched the real
outcome). Performance of the Single strategy user group was 34.53% (SE = 5.82%) with
implicit self-report, while 88.85% (SE = 2.65%) with explicit self-report. The two values for
Multi-cue users were 51.99% (SE = 5.44%) for items without and 91.21% (SE = 1.98%) with
reported self-insight. Performance appeared to be higher when explicit self-report was
associated with the decision, as confirmed by a significant main effect of Answer-type, F(1,
14) = 69.872, p < 0.001, η2p = 0.833. Strategy use main effect and Answer-type x Strategy
use interaction were not significant (both ps > 0.242).

Discussion
Experiment 1 sought an answer to the question whether higher order knowledge on the
decisions develops in the Weather Prediction task, and whether judgements can be considered
explicit or implicit in this sense. Results in general show that self-insight on the Weather
Prediction task differs from that of a control task: participants of the Experimental conditions
gave less Implicit and more Explicit answers than the Control condition. A Block x Answertype interaction also showed that across trials, participants reported more reliance on
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memories and rule knowledge, even in the case of the Control condition. This change in
answer-type though did not differ by Condition.
First of all, our results show that both groups shifted towards more explicit responses
by the end of the task. This is not in line with proposals suggesting that the early blocks of the
task can be more explicit than the later blocks. However, these results on their own should be
handled with care, as also Control participants reported more explicit answers in the later
phases.
The presence of group and block differences even in the absence of an interaction
could be interpreted in two ways: learning on the task is strictly explicit, or the earlier blocks
of the task are implicit, and explicit knowledge emerges later. To test this hypothesis,
performance was mapped onto implicit versus explicit types of self-reports. Results showed
that the Experimental group achieved a higher performance, but this higher performance was
only due to items with explicit self-report. Items lacking self-insight lead to chance level
performance in both conditions. These results suggest that the higher numbers of explicit selfreports in the fourth block are an artefact of the learning task, and reflect a familiarity effect.
And there is no emergence in the explicit processes throughout learning: it is already explicit
from the early stages.
Gluck et al. (2002) suggest that reliance on the different systems may not be time
dependent, but rather depends on the strategy in use. This hypothesis was tested on Block 2
data. Results showed that multi-cue users report more self-insight than single strategy users.
Mapping performance and self-insight reports showed that multi-cue strategy users and single
strategy users did not differ from each other in average performance. At the same time, only
Explicit answers led to above chance performance. The combination of the two types of
analysis shows that better learning is achieved with explicit answers, and there are more
explicit answers in multi-cue strategy. This result suggests that both strategies rely on explicit
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processes, but Multi-cue strategy users provide numerically more explicit predictions. In
general, these results are not in line with the strategy hypothesis (Gluck et al, 2002), which
predicts more explicit decisions in the Single strategies.
In sum, results showed that learning on the WP task cannot be characterized as an
implicit process. In fact, analyses revealed that neither time-based, nor strategy-based
differences in task-specific awareness can be observed. This result is in line with earlier
experimental psychological studies of the WP task (Lagnado et al., 2006; Newell et al., 2007;
Price, 2009). Conclusions from the data should be handled with care however, as there was
hardly any improvement throughout the task. Participants in the Experimental condition
showed a 65.7% categorization performance already in the first block, and they reached an
average of 76.8% by Block 4. It might be the case that the early stage of learning is already
over within Block 1, and characteristics of later stages also appear already here. In
Experiment 2 we used a version of the WP task where stimulus presentation time was limited,
which we expected to make explicit availability more difficult. This way we expect learning
performance to be prolonged in time.

Experiment 2
The goal of Experiment 2 was to prolong the learning process, and test whether any
signs of implicit knowledge appear. We aimed to prolong learning on the WP task by
increasing task-difficulty: with the reduction of stimulus presentation time. The structure and
procedure of Experiment 2 is identical to that of Experiment 1 with the exception that
stimulus exposure is limited. Also, hypotheses were identical to those of Experiment 1,
according to the implicit-first hypothesis (Knowlton et al, 1994, 1996), learning should be
implicit in the early blocks of the task, according to the strategy-hypothesis (Gluck et al,
2002, Meeter et al, 2006, 2008), learning should be explicit under the use of single strategies,
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while implicit under the use of the multi-cue strategy, whereas according to the explicithypothesis (Lagnado et al, 2006, Newell et al, 2007), learning should be explicit. As it was
hypothesized in Experiment 1, we expect that learning in Block 1 will be closer to chance
level, than to Block 4 performance (which was not the case in Experiment 1).

Method
Participants. Altogether 52 subjects participated in the study (27 females and 25
males). Their mean age was 20.65 years (SD = 1.37 years). All participants were recruited
from the Budapest University of Technology and Economics, and participated for credit
points. All participants provided a written informed consent in accordance with the principles
of the Helsinki declaration and the stipulations of the Institutional Review Board. Both groups
included 26 randomly assigned participants (see below).

Procedure. The procedure was very similar to the WP task explained in Experiment 1,
except that participants saw the target cues for a limited time only. Stimulus presentation time
was 200 milliseconds per cue: that is 200 milliseconds if only one cue was present, 400
milliseconds in the case of a combination of two cues, and 600 milliseconds if there were
three cues present at the same time. While the time of exposure was proportional to the
number of cues, cue combinations – as in Experiment 1 – appeared simultaneously.
Just like in Experiment 1, there were two conditions, an Experimental and a Control
condition. In the case of the Experimental condition, the task had a predictive structure: Cue1
(square) lead to sunshine in 85,7% of its appearances, Cue2 (triangle) lead to sunshine in
70%, Cue3 (pentagon) lead to sunshine in 30%, while Cue4 (rhombus) was associated with
sunshine in 14.30% of its appearances. Cues of the Control condition had 50% predictive
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value, i.e. and equal chance to be associated with either outcomes, see Table 1. The procedure
was identical to the Procedure in Experiment 1 (see description thereof).

Strategy analysis. Strategy use was computed for Block 2, and strategy analysis was
identical to the method explained in Experiment 1.

Results
As in Experiment 1, some participants did not have a response in all four cells (Block
1 Implicit, Block 1 Explicit, Block 4 Implicit, and Block 4 Explicit): 24 Experimental and 24
Control condition participants had valid data. All data analyses were conducted on these
participants, except when indicated otherwise.

Learning performance. Learning performance was tested on the Experimental group
using a repeated-measures ANOVA with Block (1 through 4) as within-subject variable.
There was a monotonic increase in performance, confirmed by a significant linear trend, F(1,
23) = 57.784, p < 0.001, η2p = 0.715. Figure 1 illustrates categorization performance by
Experiment and by Condition.

Comparing early and later blocks in terms of self-insight by Condition. Blocks 1
and 4 were compared to test whether either the early or the later blocks of the task may be
considered as implicit based on self-insight reports. This analysis included data of both the
Experimental and Control conditions.
A 2 x 2 x 2 repeated-measures ANOVA was conducted with Block (Early vs. Late)
and Answer-type (Implicit vs. Explicit) as within-subject variables, and Condition
(Experimental vs. Control) as a between subject variable. Note, that data for Block and
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Condition are invariant (there are 50 answers in each block, and 100 answers in each
condition), so the main effects of Block and Condition, and the Block x Condition interaction
are not applicable.
The ANOVA revealed a significant Answer-type x Condition interaction, F(1, 46) =
6.078, p < 0.05, η2p = 0.117, a significant Block x Answer-type interaction, F(1, 46) = 41.962,
p < 0.001, η2p = 0.477, and a significant Block x Answer-type x Condition interaction, F(1,
46) = 6.505, p < 0.05, η2p = 0.124. Figure 2B illustrates the number of Implicit and Explicit
answers by Block and by Condition.
To further analyse the Block x Answer-type x Condition interaction, a separate 2 x 2
repeated measures ANOVA was conducted for each Block with Answer-type (Implicit vs.
Explicit) as within-subject variable and Condition (Experimental vs. Control) as between
subject variable. For Block1, the ANOVA revealed a significant main-effect of Answer-type,
F(1, 46) = 17.358, p < 0.001, η2p = 0.274. This shows that there were more Implicit than
Explicit answers in Block 1. The Answer-type x Condition interaction was not significant,
suggesting that in terms of the number of self-insight reports, the Experimental and Control
conditions did not differ from each other.
The ANOVA for Block 4 revealed that there were more Explicit answers, as
confirmed by a significant main-effect of Answer-type, F(1, 46) = 6.556, p < 0.05, η2p =
0.125, and there was also a significant Answer-type x Condition interaction, F(1, 46) = 9.494,
p < 0.01, η2p = 0.171. The interaction shows that in the Control condition the number of
Implicit and Explicit answers are comparable, as confirmed by a paired samples t-test, t(23) =
0.319, p = 0.752, while in the case of the Experimental condition, the number of Explicit
answers are significantly higher, t(23) = 4.872, p < 0.001.
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Categorization performance associated with Self-insight type by Condition and
by Block. A 2 x 2 x 2 repeated measures ANOVA was conducted with Block (Early vs. Late)
and Answer-type (Implicit vs. Explicit) as within-subject variables and Condition
(Experimental vs. Control) as between subject variable.
The ANOVA revealed that performance on Block 4 was significantly higher than
performance on Block 1, F(1, 46) = 7.447, p < 0.01, η2p = 0.139. Performance with selfinsight was higher than without self-insight, as it was revealed by a significant Answer-type
main effect, F(1, 44) = 101.869, p < 0.001, η2p = 0.689. Also, performance for the
Experimental condition was significantly higher than that of the Control condition, confirmed
by a significant main effect of Condition, F(1, 46) = 42.909, p < 0.001, η2p = 0.482.
Apart from the main effects there was a significant Answer-type x Condition
interaction, F(1, 46) = 85.758, p < 0.001, η2p = 0.651, and a significant Block x Conditions
interaction, F(1, 46) = 9.244, p < 0.01, η2p = 0.167. Block x Answer-type (p = 0.146) and
Block x Answer-type x Condition (p = 0.898) interactions were not significant. We do not
provide further analysis on the Block x Condition interaction, as it only touches upon
differences in categorization performance.
To further explore the Answer-type x Condition interaction, data in the two blocks was
merged, and both performance associated with implicit answers and performance associated
with explicit answers were compared between the two conditions. A MANOVA was
employed with implicit and explicit performance as dependent variables and Condition as
between-subject variable. Results revealed that performance associated with explicit answers
were significantly higher in the Experimental condition, F(1, 46) = 336.848, p < 0.001, η2p =
0.880, while performance associated with implicit answers did not differ by Condition, p =
0.399. Figure 3B illustrates performance associated with Implicit versus Explicit self-insight.
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Self-insight by Strategy use in Block 2. We tested whether participants using
different strategies report different levels of self-insight. Self-insight data and strategy use
data was only analysed in Block 2. Again, only participants with a developed single or multicue strategy were considered: 10 participants used one of the single strategies, and 12
participants used multi-cue strategy. The remaining 2 participants did not use any of the
strategies defined by Gluck et al. (2002).
A 2 x 2 repeated-measures ANOVA was conducted with Answer-type (Implicit vs.
Explicit) as within-subject, and Strategy use (Single vs. Multi-cue) as between-subject
variable. The numbers in each strategy are invariant, hence Strategy main effect is not
applicable. The ANOVA revealed a significant Answer-type x Strategy use interaction, F(1,
20) = 5.361, p < 0.05, η2p = 0.211. The main effect of Answer-type was not significant, p =
0.185. Figure 4 illustrates the number of responses in each category by Strategy use.

Categorization performance associated with Self-insight type by Strategy use in
Block 4. We also tested whether learning performance differs based on strategy use and selfinsight type. A 2 x 2 repeated measures ANOVA was conducted with Answer-type (Implicit
vs. Explicit) as within-subject variable, and Strategy use (Single vs. Multi-cue strategy) as
between subject variable. The dependent variable was WP performance. The WP performance
with explicit self-reports were 89.97% (SE = 3.20%) for Single and 95.14% (SE = 1.33%) for
Multi-cue strategy users. For items without reported self-insight, Single strategy users
achieved 44.20% (SE = 4.24%) accuracy, whereas Multi-cue users scored 50.45% (SE =
5.92%). Performance was higher in the case of explicit self-reports. This was confirmed by a
significant main effect of Answer-type, F(1, 20) = 127.261, p < 0.001, η2p = 0.864.
Performance of multi-cue strategy users and single strategy users were comparable (p =
0.191). And also the Answer-type x Strategy use interaction was not significant (p = 0.894)
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Discussion
Results showed that Experiment 2 achieved its aim: categorization performance in
Block 1 did get closer to chance level. Also, results showed that limiting stimulus presentation
did change self-insight reports in a number of ways. However in general, results seem to point
into the same direction as Experiment 1. Based on the number of answers in each self-report
category we may not conclude that the Experimental and Control conditions differed in Block
1. However, considering performance associated with the different Answer-types we see that
although the numbers are comparable, performance on the Explicit items are higher for the
Experimental condition. Performance associated with Implicit self-reports were also
comparable between the two Conditions. These results are again in line with the Explicit
theory (Lagnado et al., 2006), and do not confirm the Implicit-first theory (Knowlton,
Mangels et al., 1996).
Similarly to Experiment 1, multi-cue strategy users gave less Implicit and more
Explicit answers than users of the single strategies. In terms of performance, Explicit selfreport lead to higher performance. At the same time there were no differences by Condition,
and the interaction was not significant either. Combining the analyses suggests that multi-cue
strategy users give more Explicit answers that in turn leads to higher performance. This
suggests that both strategies lead to explicit decisions and lack implicit decisions, the only
difference is the more frequent usage of explicit decisions in Multi-cue strategy. The results
do not confirm the predictions of the Strategy hypothesis (Gluck et al., 2002).

General Discussion
Earlier studies of the role of implicit versus explicit processes in the Weather
Prediction task focused on structural knowledge: knowledge of the associations between cues
and outcomes. As it has been reviewed in the introduction, amnesic participants show learning
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on the WP task together with structural knowledge above chance (Reber et al., 1996). As
patients with severely impaired declarative system can report some kind of structural
knowledge, it is not clear how structural knowledge may be interpreted in terms of explicit
versus implicit processes. This way, we decided to focus on self-insight instead of structural
knowledge. Participants were exposed to the WP task, and were asked to characterize each of
their decisions, whether it was based on guessing, intuition, some unidentifiable knowledge
(‘I think I know the answer’), memories of earlier cue-outcome presentations or the
knowledge of the rule.
Experiment 1 showed that participants gave more implicit type answers in the Control
condition than in the Experimental condition. Performance was higher for the Experimental
condition, but only for items associated with an explicit self-report (Remember or Rule
answers). In general, learning was only associated with explicit answers. Strategy use was
also examined, and analysis of Experiment 1 found that more explicit answers are provided by
Multi-cue users than by Single strategy users. Implicit performance was near chance level,
and deviations from chance performance were only manifest in items with an explicit selfreport. In sum, the advantage in the overall performance of Multi-cue users is only associated
with a higher number of explicit decisions. Results of Experiment 1 were in line with the
Explicit theory (Lagnado et al., 2006), contradicting both the Implicit-first (Knowlton,
Mangels et al., 1996) and Strategy theories (Gluck et al., 2002). The Implicit-first hypothesis
differentiates between the early and later blocks of the task. In Experiment 1 however,
categorization performance on Block 1 was already nearer to performance on Block 4 than to
chance level. For this reason we tried to prolong the learning trajectory in a new design in
Experiment 2.
In Experiment 2, the WP task was made more difficult by a reduction of cuepresentation time. We expected, and found an extended learning trajectory: it took longer for
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participants to reach the maximum learning performance of Experiment 2. Prolonging the
learning process lowered performance on Block 1. In spite of this difference, Experiment 2
confirmed results of Experiment 1: participants did not show any evidence of implicit
learning, either time-based, or strategy-based. That is, just like Experiment 1, Experiment 2
did not provide any evidence in favour of either the implicit-first (Knowlton, Mangels et al.,
1996; Knowlton et al., 1994) or the strategy-theory (Gluck et al., 2002). Instead, learning
seemed to rely on explicit processes in both experiments, reflected in the fact that
performance associated with implicit self-reports was at chance level, while performance
associated with explicit self-reports was always above chance.
Several concerns should be addressed with the methodology of the current paper. A
major methodological issue is the reliability of introspection. There are numerous events
when participants are not aware of their performance. This is well explored by implicit
learning studies (Frensch, Lin, & Buchner, 1998). As we were interested in Higher Order
Thoughts (Rosenthal, 1986; 2005) on performance, it was necessary to use introspective
results. However, to minimise possible distortion caused by participants not being aware of
their performance, data was compared to a baseline. This way explicit performance was not
defined as an absolute criterion in the number of explicit answers, but as a deviation from
baseline, which was provided by a control group who completed a task without a predictive
structure. This does not solve the problem of introspection, but controls for it across the two
conditions: since both the experimental and the control conditions share the bias induced by
asking for introspective answers, any difference that we observe between the two conditions
is due to the experimental manipulation.
An interesting, closely related phenomenon is the lack of Block x Answer-type x
Condition interaction in both experiments, which suggests that there is a change in the
distribution of self-reports for participants in the control condition with random associations
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as well. A potential reason is that participants are trying to find the 'rule' in an experimental
setup regardless of whether there is one. In both conditions, they develop a strategy and might
end up with using a rule consciously, although in the control condition, this would never lead
to an increase in performance. Further research is required to clarify this point too.
A major methodological concern is about the time of self-report collection. For each
item the sequence of events was the following: cues appeared, then the participant’s response
was collected, after which feedback was given. The self-insight question only appeared after
the feedback. The reason for this design was to keep the cue and outcome units together, and
not to increase the time between cues and outcomes, as it is documented to interfere with
implicit categorization performance (Maddox & Ing, 2005). On the other hand, this could
modify the self-report behaviour of participants: participants might report guessing if their
prediction was incorrect, and might report rule-knowledge or memory use if the prediction
was correct. There are results arguing against this concern. Such a strategy would predict that
participants' performance without self-insight would be around 0 per cent, whereas
performance with self-insight would be at 100%. This is not the case, though: in both
experiments, performance without self-insight is around 40%, while performance with selfinsight is around 90%. This suggests that although there are more wrong than correct
predictions on items where no self-insight is reported, a relatively high percentage of correct
answers is also associated with a lack of self-insight. However, more research is required to
decide whether this methodological problem applies.

Conclusion
Altogether, our results are not in line with earlier hypotheses, suggesting either that
learning is implicit in the early stages of the Weather Predicition task (Knowlton, Mangels et
al., 1996; Knowlton et al., 1994), or that implicit and explicit systems are differentially
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employed by different strategies (Gluck et al., 2002). In general, results from two experiments
show that solving the WP task does not rely on implicit processes at all, and are compatible
with a single-systems approach to the WP task (Lovibond & Shanks, 2002; Lagnado et al.,
2006; Newell et al., 2007; Price, 2009).
Implicit hypotheses of the WP task are mainly based on neuropsychological evidence
(Hopkins et al., 2004; Keri et al., 2000; Keri et al., 2002; Knowlton et al., 1994; Knowlton,
Squire et al., 1996; Reber et al., 1996; Shohamy et al., 2004), proposing that learning is
implicit if participants with a severe declarative impairment are still able to show
improvement on the task. As reviewed above, similarly to our results, other papers (Lagnado
et al, 2006; Newell et al, 2007; Price; 2009) showed that healthy participants do not provide
evidence for the implicitness of learning on the WP task. The discrepancy here may have two
explanations. One possibility is that patients with amnesia are in fact impaired on
categorization tasks: a meta-analysis by Zaki (2005) found that in most studies comparing
patients with amnesia and healthy controls, the control groups show a numerical advantage.
The meta-analysis showed that patients with amnesia are impaired on categorization (Zaki,
2005). The other possibility is that patients with amnesia and healthy participants use different
strategies: patients with amnesia use their non-declarative system due to impairment in the
declarative system (Knowlton & Squire, 1993), whereas healthy participants do not have such
constraints. Healthy participants may use their declarative systems since it is available, which
might lead to better performance (eg. Reber, 1992; or Willingham, 1998). This may be
important in the case of the WP task, as participants are explicitly asked to try to infer the
outcome based on the presented stimuli. Further research on both neuropsychological patients
and different manipulations on the task in typical populations would be required to test how
learning of patients with amnesia and healthy participants really differ.
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Table 1. Types and occurrences of cues or cue-combinations per blocks of 50 trials in the two
conditions. The first column (Cues) shows which cues are present in a given combination: A
is cue1, B is cue2, C is cue3, D is cue4. Frequency is the number of appearances within a
block of 50 trials. The third and fourth columns provide the probability that the given cue or
combination leads to sunshine. The same structure applies for both Experiments 1 and 2.

Cues
A
B
C
D
AB
AC
BC
BD
CD
ABC
ABD
ACD
BCD

Frequenc
y
8
4
4
8
8
1
2
1
8
2
1
1
2

Experimental
condition
0,875
0,75
0,25
0,125
0,875
1
0,5
0
0,125
1
1
0
0

Control
condition
0,5
0,5
0,5
0,5
0,5
1
0,5
0
0,5
0,5
1
0
0,5
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Figure 1. Learning performance by Experiment and by Condition. Gray lines are for data in
Experiment 1, while black lines are for data in Experiment 2. Broken lines represent
Experimental conditions, while solid lines represent Control conditions. Error bars indicate
Standard Errors
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Figure 2. Number of answers in each category by Phase and by Condition in Exp 1 (A) and
Exp 2 (B). Error bars indicate Standard Errors
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Figure 3. Performance associated with the different Answer-types by Condition in Exp 1 (A)
and Exp 2 (B). Error bars indicate Standard Error of Mean.

Figure 4. The number of Implicit (darker gray) and Explicit (lighter gray) answers in Block 2
by Strategy use. Both Exp 1 (left) and Exp2 (right) data are presented. Error bars indicate
Standard Error of Mean.
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10.

General discussion
The dissertation presents four studies using the Weather Prediction task or the Serial

Reaction-Time task. The goal of these studies is two gain better insight into the process of
learning by examining IL from different aspects. Study 1 further extended the earlier findings
in the neuropsychological literature on IL, and related procedural learning to language use by
showing that probabilistic categorization using the WP task is affected in Specific Language
Impairment. Studies 1 and 2 reported data from both typically developing children and adults,
allowing for comparisons concerning the development of procedural learning. Study 2 and 3
tapped into the question whether procedural learning is affected by the systematic changes of
stimulus sets. Study 4 tested the role of self-insight in probabilistic categorization.
The goal of Study 1 was to test whether the pattern shown by children with SLI is in
concert with the Procedural Deficit Hypothesis (Ullman & Pierpont, 2005). As reviewed in
the introduction, the PDH suggests that SLI is not a language specific impairment, but is due
to more general deficits in the procedural system. As Parkinson’s syndrome can also be
characterized with a deficit in the procedural system, we hypothesized that children with SLI
show a similar performance to PD patients. Our results showed that children with SLI show a
near chance level performance, with the inability to develop any strategies. Results are in
partial accordance with earlier neuropsychological literature testing Parkinson’s disease.
Earlier studies of Parkinson’s patients showed that performance on the WP task is near chance
level (Knowlton, Mangels et al., 1996). Later studies highlighting the integrative role of basal
ganglia showed that PD patients are not able to switch to multi-cue strategy (Shohamy et al.,
2004). Considering a procedural deficit in SLI the former results are replicated, while the
latter are not. Developmental differences observed in Studies 1 and 2 may provide a sufficient
explanation to this incongruence.
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Both Studies 1 and 2 tested both typically developing children and adults. Data from
study 1 showed that while young adults’ performance has a numerical advantage over that of
TD children, there was no significant difference between the two groups. Considering strategy
use, adults were more likely to develop a multi-cue strategy, as 10 out of 16 participants used
this response pattern. TD children on the other hand mostly used one of the single strategies
with some multi-cue users and two no strategy users. While the mean age of TD children was
11;3 (Sd: 1;3) in Study 1, children participating in Study 2 were younger. In Study 2, year 2
primary-school students were tested. Their mean age was between 8;6 and 8;9 (with Sds: 0;3 0;6 in the four group of children). Results revealed a massive age-group effect in both
performance and strategy use, with adults showing higher performance and more multi-cue
usage, whereas children were more likely to use one of the single strategies. Compared to TD
children, children with SLI show a severe impairment on the WP task. This implies that the
decrement in WP performance is expected to manifest also in strategy use. That is, we should
not expect children with SLI to use one of the single strategies – which is what we see in
Parkinson’s syndrome (Shohamy et al., 2004) – as their peers who perform much better show
this pattern.
Taken together, Study 1 supports claims that IL and language learning are closely
associated. Earlier studies have already reported that Specific Language Impairment is not
necessarily specific to language, but may involve a number of different non-linguistic deficits
too. These deficits include motor control of oral and fine movements, hypothesis testing and
categorization, mental rotation, sequencing, word retrieval, phonological categorization,
simultaneous execution and executive functions (Leonard, 1997). The Procedural Deficit
Hypothesis on the other hand provides a direction to the co-occurring deficits, suggesting that
linguistic difficulties are the result of malfunctions in the procedural system (Ullman &
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Pierpont, 2005). Our results only confirm the co-occurrence of procedural and linguistic
deficits; we however provided no data on the direction of the relationship.
While there are ample studies on age-related changes on the SRT and AGL tasks, the
WP literature lacked studies testing children. Both studies 1 and 2 reported comparisons of
typically developing children and adults. As discussed above, a prolonged gradual change was
observed. Children at 8 years of age showed significantly lower performance than adults, and
also used less advanced strategies. At the same time children over the age of 11 did not differ
statistically from adults, but in the light of Study 2 data we can conclude that their numerical
disadvantage and more frequent single strategy usage is an intermediate step throughout
development. Our studies in general are in line with earlier studies suggesting a continuous
increase with development (Fletcher et al., 2000). A number of issues are open yet. Thomas et
al (2004) found that children between 7 and 11 perform significantly lower than adults due to
potential differences in fronto-striatal brain circuitry. In Study 1 we tested only slightly older
children. The question arises whether the maturation of the same fronto-striatal circuitry
should be critical in the WP task as identified by Thomas et al’s fMRI study. The question
also rises whether we find the same developmental trajectory as in the SRT task, or whether
there is an earlier peak in the developmental curve of the WP task. More systematic data
collection is required to answer these questions. Systematic data collection would also answer
a number of questions in connection with ageing, as previous studies are not conclusive on the
issue. There are results suggesting that sequence learning is impaired in older ages (Howard &
Howard, 1997) as well as data in favour of preserved skill learning (Gaillard, Destrebecqz,
Michiels, & Cleeremans, 2009).
The main focus of Study 2 was the modification of the inner structure of cues and the
link between cues and outcomes. Data confirmed that both Combination and Transparency
play an important role in probabilistic categorization. The novelty in this study is that contrary
138

to previous research it focused on the inner structure of stimuli and not on transfer over
domain- or modality borders. The advantage of Cue-based over Holistic presentation can be
explained by perceptual effects. If each cue is a separate image, it is easier to perceive and
utilize them. At the same time, the identification of holistically presented cues is more
difficult. This may be a peripheral effect causing a decrease in performance. However, testing
whether this effect is peripheral, or is at the heart of procedural learning requires more
research.
Transparency between cues and outcomes leads to better learning early in the task, but
this advantage turns into a disadvantage later on. The explanation to such phenomenon could
be that transparent associations are easy to verbalize, and may be acquired faster, but they
may not be subject to gradual change. A possible explanation is rooted in the implicit versus
explicit functioning throughout the task. It might be that easily verbalizable strategies are
explicit, whereas strategies that are difficult to verbalize are implicit. This is in concert with
hypotheses by Gluck and colleagues (2002). They however considered the declarative
strategies as the first step towards a later emerging procedural representation. Incorporating
task difficulty may change the picture though. It is possible that single strategies are only
declarative if the cue-outcome associations are easy to learn. In such a case though, the
declarative strategy does not lead to a more advanced procedural representation. It is also
important that declarative representations are not subject to gradual, feedback-based changes.
This explains why the early advantage turns into a disadvantage later. On the other hand, in
the case of difficult to learn cue-outcome associations, participants may develop a procedural
strategy in the beginning, and as soon as they have explicitly learned the cue-outcome
associations, they are already able to combine cues and outcomes. More research is required
to test the effect of conscious awareness on strategy use. As a first step, in Study 4 we adapted
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subjective self-insight measures of the Artificial Grammar Learning task (Dienes & Scott,
2005) to the WP task.
Easy strategies lead to quickly acquired representations that later become sub-optimal.
The same pattern is observed in Study 3, where we tested sequence learning in three different
conditions. Response sequences were shown to be learnable in the lack of one-to-one
mapping between motor and perceptual information, on the other hand, stimulus sequences
were not learnable if they were not in the attended, target domain. These results could have
suggested that learning on the SRT task is purely response-based, and perceptual information
has no effect on it. Another condition was added to test this possibility. A probabilistic
perceptual structure was added to the response sequence in the Extra condition. While
participants were responding with sequentially organized responses to categories, the pictures
locations varied in a systematic way. The location of the stimuli were random, but each
location had a high frequency category (55% of all appearances), and three low frequency
categories (15% each). This way the categorical identity of the given picture could be
predicted by its location. Again, there is a highly predictive complex structure (response
sequence), and a less predictive simple structure (location frequency). Results showed that the
location frequency is acquired, but the response sequence is not. That is, similarly to Study 2,
the less complex prediction is the one learned. It is also important that, similarly to Study 2,
the clash between two predictive structures cause a decrement even in the acquisition of the
less complex one: confirmed by the Frequency control condition, the location frequency effect
is higher if there is no response structure in the task. In sum, results of both studies suggest
that procedural learning is decreased in the case of multiple structures.
Study 2 suggested that there may be differences in the explicit versus implicit nature
of probabilistic categorization on the WP task. So far though, no direct measures of
explicitness have been developed to the task. In Study 4 we adapted the subjective self-report
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method of Dienes and Scott (2005). This method was originally designed for the Artificial
Grammar Learning task. During the WP task, after each decision, participants were prompted
to categorize the basis of their decision. They could report reliance on Guessing, Intuition, ‘I
think I know the answer’-type knowledge, Memory and Rule knowledge. The first three can
be clustered to the implicit whereas the last two to the explicit category. This is an
introspective measure, and using introspection is not considered completely reliable. The best
example is implicit learning, which is knowledge without conscious access to the knowledge.
For this reason we employed a control condition where participants faced the same task
including the prompt about the source of knowledge, but the cue-outcome associations were
random. This way there could not appear any form of learning in the task, which could serve
as a baseline for comparison.
Results showing no sign of implicit processes in Study 4 question the validity of Study
1. These issues may be explained in five different ways. On the one hand, even if healthy
participants rely on explicit strategies, learning could still be implicit in clinical groups. This
could be the explanation for earlier studies finding that patients with amnesia show
improvement on the task (Knowlton et al., 1994). The competing memory systems approach
suggests that if learning is explicit than there is no need for the activation of the implicit
system (Foerde et al, 2007, 2007). The explicit system is available in healthy adults, so they
use it, but patients with an impaired explicit learning system have to rely on implicit learning.
The second explanation is that it might be the case that the WP task is only explicit for adults,
and not for children. This way learning reported in Study 1 is implicit learning, and the deficit
of children is due to malfunctions in their procedural systems. More research is required for
this possibility too: especially on the self-insight of children. The third and fourth possibilities
are that the task is an explicit learning task even for children. In this case we need an
explanation why children with SLI show decreased learning. On the one hand they might be
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impaired in declarative functioning. Memory deficits have indeed been documented before
(Gathercole & Baddeley, 1990). On the other hand, decreased probabilistic categorization
may be due to decreased executive functions. The link between executive functions and
implicit learning have previously documented in Parkinson’s syndrome (Jackson et al., 1995).
On the other hand, children with SLI were also shown to be impaired on executive functions
(Henry et al., 2012). Evaluating the plausibility of the last two possibilities also require further
research. A last explanation concerns the methodology used by Study 4. Item-by-item selfinsight prompting might call up on a more explicit approach to the task. This leads to a
conclusion that highlights explicit processes in the task, while it is possible that, in the
absence of item-by-item self-reports, participants normally use implicit learning. More
research, maybe with blockwise self-report-collection is required for better explanations.
The four studies in the dissertation offer new insight in the nature of IL in several
important respects, especially for probabilistic category learning, where studies on different
learning effects are relatively few. Our results showed that probabilistic categorization using
the WP task is impaired in Specific Language Impairment (Study 1), separate cue presentation
is generally better than holistic presentation, and a transparent link between cues and
outcomes lead to better early and worse later performance (Study 2). Children’s data also
revealed that probabilistic categorization is subject to a slow improvement during
development (Studies 1 and 2). Self-insight data collected from young adults questioned the
presence of implicit processes in the WP task (Study 4). Results from the SRT task showed
that response sequences are acquired in the absence of a correlating perceptual sequence,
while unattended perceptual sequences are not acquired. At the same time, a simple
probabilistic perceptual structure has a detrimental effect on response sequence learning
(Study 3). Besides these new insights, the results also raise a great number of further
questions. A number of these are methodological: can we distinguish between pure-perceptual
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and unattended learning in the SRT (Study 3); can trial-by-trial prompting measure implicit
processes without an explicit contamination (Study 4). Another lot are theoretical: what is the
direction of the relationship between procedural learning and language (Study 1); are there
differences in the explicitness of strategy use if stimulus sets are varied (Study 2); can
learning processes be implicit if participants (including patient with amnesia) are able to
report some kind of structural knowledge (Study 4). These questions require further studies in
connection with both implicit learning and linguistic abilities.
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