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Multiple Learning Modes in the Development

of Performance on a Rule-Based

Category-Learning Task

Behavioral and neuropsychological data suggest that multiple systems are in-

volved in category-learning. In this chapter, the existence and the development

of multiple modes of learning of a rule-based category structure was examined,

and features of different learning processes were identified. Data were obtained in

a cross-sectional study by Raijmakers et al. (2001), in which participants aged 4

to 20 years carried out a rule-based category-learning task. Learning models were

employed to investigate the development of the learning processes in the sample.

The results support the hypothesis of two distinct learning modes, rather than a

single general mode of learning with a continuum of appearances. One mode rep-

resents sudden rational learning by means of hypothesis testing. In the second,

slow learning mode, learning also occurs suddenly as opposed to incrementally.

The probability of rational learning increases with age, and seems to be related

to dimension preference in the younger age groups. However, the finding of dis-

tinct learning modes does not necessarily imply that distinct learning systems

are involved. Implications for the interpretation and clinical use of tasks with a

category-learning component, such as the Wisconsin Card Sorting Test (Heaton

et al., 1993), are discussed.

3.1 Introduction

The existence of distinct modes of category-learning is posited in several theories

(e.g., Ashby et al., 1998; Kéri, 2003). Ashby et al. (1998) reviewed findings of

different categorization learning paradigms, and the extensive evidence of neu-

ropsychological (imaging and lesion) studies. They posited the existence of two

neurologically separated and competing systems of category-learning: a verbal

system and an implicit, i.e., procedural learning based system. The verbal system

depends heavily on frontal and temporal language areas, whereas a key structure
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in the implicit system is the striatum. Both systems are assumed to operate in

parallel within an individual. Depending on the individual, the task, and the en-

vironment, one system may dominate the other. For example, the verbal system

is predicted to dominate the implicit system in normal adults on learning tasks,

in which the optimal rule is easy to verbalize. Ashby et al. (1998) assume that

the verbal system is less efficient in children, as its rule switching component

relies on the prefrontal cortex which is not yet fully developed (e.g., Diamond

& Goldman-Rakic, 1989). They therefore predict that children’s performance is

impaired on rule-based category-learning tasks, in which the rules are easily ver-

balized. In general, implicit learning is considered as incremental, as it is thought

to reflect associative learning, while rational learning often is sudden, i.e., occurs

when the correct rule is found. Potential exceptions are discussed below.

The learning or identification of categories is an important component of

complex, widely used tasks, such as the Wisconsin Card Sorting Test (WCST;

Heaton et al., 1993), and Nelson’s modified version of the WCST (Nelson, 1976).

On the WCST, participants have to sort cards according to simple sorting rules

(e.g., match on color). The correct sorting rules are unknown to the participants,

and have to be inferred from feedback on the correctness of each sort. After 10

correct sorts, the sorting rule is changed, unbeknown to the participants. The

verbal system is thought to dominate on the WCST.

As predicted by Ashby et al. (1998), frontal patient groups and children have

difficulties in performing the WCST (Ashby et al., 1998; Heaton et al., 1993;

Chelune & Baer, 1986). Chelune and Baer (1986) compared the WCST perfor-

mance (Categories Achieved, Perseverative Errors, Failures to Maintain Set) of

children aged 6 to 12 years to adult norms. They found significant improvements

in performance with respect to the variables Categories Achieved and Persever-

ative Errors. While the performance of 6-year-olds was similar to that of adult

focal-frontal patients, children older than 10 years performed at adult levels.

Chelune and Baer (1986) concluded that focal-frontal lesions in children after

the age of 10 years should have a similar effect on WCST performance as in

adults with focal-frontal lesions. Correspondence between mean growth curves

of the three WCST variables and known stages and spurts of neural growth in

the brain was found. Several studies have confirmed the impressive gains in the

performance on the WCST between age 6 to 12 years (Levin, Culhane, Hart-

mann, Evankovich, & Mattson, 1991; Rosselli & Ardila, 1993; Shu, Tien, Lung,

& Chang, 2000).

However, Chelune and Baer (1986) noted that it is unclear whether children
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and adults use the same cognitive strategies on the WCST, and whether the

WCST is equally sensitive to frontal-lobe lesions in children and in adults. In the

case of the application of distinct strategies on the task, norms and mean growth

curves have to be interpreted with caution. These curves may suggest gradual

development in performance, while individual change could actually be saltatory

(i.e., jump from exclusively applying one strategy to exclusively applying another

strategy), or involve a gradual change in the tendency to use either strategy. The

same reasoning applies if different learning systems (e.g., implicit and verbal) are

recruited.

Distinct modes of learning have been observed on other instances of rule-

based category-learning tasks, namely, the simple discrimination learning task

(e.g., Kendler, 1979). On such a task, participants choose one of two stimuli

on each trial. The stimuli differ on two binary valued dimensions, e.g., shape

and brightness. One of the dimensions, say shape, is relevant with respect to

reinforcement contingencies. One value of the relevant dimension, say triangle,

is reinforced positively, while the other value, say square, is reinforced negatively

on all trials. The other dimension, say brightness, is irrelevant, i.e., choices based

on a given value of this irrelevant dimension lead to a correct choice in 50% of

the trials. Participants are considered to have mastered the task, when they have

satisfied a given learning criterion. The number of trials and the number of errors

to criterion have both been considered as measures of learning efficiency.

Kendler (1979) theorized that the consistent finding of a substantial increase

in efficiency of learning a simple discrimination between early childhood and

young adulthood is attributable to a transition between two qualitatively differ-

ent modes of learning. One mode (henceforth: slow mode) is supposed to be

associative, incremental, generally relatively slow, and to be based on gradual

strengthening of stimulus-response associations. The other mode (henceforth:

rational mode) is supposed to be cognitive, saltatory, to take generally only a

few trials to criterium, and to originate in hypothesis testing. The slow mode is

thought to rely on nonselective encoding of stimulus features, while the rational

mode involves selective encoding of stimulus features. The probability that a

given child will learn with the more sophisticated, rational mode is thought to

increase gradually with age.

Kendler (1979) presented some evidence in support of the existence of two

learning modes. The relative ease of transfer learning in so-called discrimination

shift learning paradigms, in which reinforcement contingencies are changed after

the participant has mastered the initial discrimination was different in young chil-



46 Chapter 3

dren as opposed to older children and adults. Kendler (1979) related the observed

pattern in transfer performance to the two modes of learning. Notwithstanding

the clear-cut pattern of discrimination shift behavior presented by Kendler (1979),

Esposito (1975) suggested in his review of discrimination shift learning experi-

ments that the relative ease of the various shifts varies considerably from study

to study and depends on the set of conditions. He concluded that the hypothesis

of two qualitatively different modes of learning does not seem warranted, based

on the results of shift behavior.

Besides considering the shift behavior, Kendler (1979) examined the distribu-

tion of the number of errors to criterion. The remainder distribution of errors,

after subtracting the number of errors predicted by a model of hypothesis testing,

provided a good fit to a normal density, which was taken as additional evidence of

incremental learning in the slow learning mode. However, this methodology was

insufficient to arrive at strong conclusions. Raijmakers et al. (2001) found strong

support for the existence of two modes of learning using the more appropriate

statistical technique of finite mixture modeling of the distribution of the number

of errors on the first 16 trials of all participants, who learned the correct category

in two experiments of simple discrimination learning. They found a component

of rational learners, best described by a model of hypothesis testing, and a com-

ponent of slow learners, whose responses did not show any improvement during

the first 16 trials. Though the existence of two modes was established, the precise

nature of the two underlying learning processes was not addressed in detail.

Employing a similar task, Block et al. (1973) found evidence for the existence

of a slow and a rapid learning mode in a developmental sample. The number

of errors to criterion was fitted better by a mixture model consisting of two

hypothesis-testing components with different learning rates (see, e.g., Batchelder

et al., 1966) than by a hypothesis-testing model with only one learning rate within

each age group. The proportion of the rapid learning component was higher in

the 11- to 12-year-olds than in the 7- to 8 year-olds. In spite of this converging

evidence for the existence of categorically different modes of learning, the results

regarding the question whether the slow learning process is based on associative

learning and thus incremental, or based on hypothesis-testing and occurs abrupt

are conflicting.

The identification of the processes that underlie the two modes of learning

is one aim of the present study. The approach we took here is an analysis of

the sequential behavioral data using the statistical technique of latent mixture
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Markov modeling as implemented in the R-package depmix (Visser, 2005).1 This

approach allows an identification of the number and the nature of underlying

learning processes in the sequences of responses during the whole learning process.

The existence of distinct modes of learning may suggest, but does not imply the

involvement of different neurological systems, such as the implicit and the verbal

system in the theory of Ashby et al. (1998). Neuropsychological and neuro-

imaging data is needed to make further inferences about the implementation of

different learning modes.

The main questions are (1) whether the analysis of the sequential data con-

firms the existence of different modes of learning during development, as con-

cluded on the basis of previous analyses of the distribution of errors, or whether

the present analysis suggests a gradual increase with age in learning efficiency,

(2) how the development of learning a rule-based category structure proceeds,

and (3) what can be concluded about the nature of the underlying learning pro-

cess(es). The nature of the process underlying learning in the slow learners is of

particular interest, as it may shed light on the question whether learning in this

group is incremental or abrupt. Incremental learning is predicted by the theory of

Kendler (1979), by neural network modeling accounts of adult and child discrim-

ination (shift) learning (Sirois & Shultz, 1998), and, more generally, by models of

implicit learning (Reber, 1993). If the slow learners employ an inefficient hypoth-

esis testing process, e.g., inefficient hypothesis generation or inefficient feedback

processing, then one would expect to observe sudden learning, when the correct

hypothesis is found.

The finding of behaviorally distinct modes of learning on a rule-based

category-learning task, such as the simple discrimination learning task, has im-

plications for the interpretation of WCST performance in children, as it would

suggest the existence of qualitatively distinct modes of performing on the WCST.

Recently, the validity of several WCST scores was questioned by Barceló and

Knight (2002), because of possible confounds of functional and dys-functional

processes. They stressed the need of considering cognitive processes that are

involved in WCST performance, when defining performance scores. Based on

neurocognitive models of working memory, Barceló and Knight (2002) derived a

more refined and more sensitive scoring method, distinguishing non-perseverative

errors in random, i.e., distraction errors, and efficient errors, which are necessary

in the rule search process. In the present study, the need of process analyses is

1R and the contributed package depmix may be downloaded freely at http://www.r-

project.org.
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addressed by modeling the learning process(es) in rule-based category-learning.

With this approach, we can identify different learning processes. In addition, we

can distinguish different phases within each learning process.

3.2 Method

3.2.1 Participants

The learning task was administered to 250 children from a regular primary school

in the Netherlands, and to 26 university students. The children received a small

present for their participation, and the students received course credit. Informed

consent was obtained. Exclusion criteria and the number of participants in the

four age groups (4-6, 7-9, 10-13, 20 years) are given below.

3.2.2 Task and procedure

A computerized version of a two-choice discrimination learning task was em-

ployed, in which a rule-based category structure is learned. The stimuli differed

on two binary-valued dimensions: brightness (black or white) and shape (trian-

gle or square). Participants were assigned randomly to two conditions. In one

condition, brightness was the relevant dimension, and either black or white was

correct. In the other condition, shape was the relevant dimension, and either

triangle or square was correct. In both conditions, the other dimension was irrel-

evant, i.e., it was not associated with reinforcement contingencies. Stimuli were

presented in pairs of two on a computer screen. Participants had to learn to re-

spond to the stimulus that contains the reinforced feature, i.e., the correct value

on the relevant dimension. Only the four pairings which differed on both dimen-

sions were presented. The stimulus pairs were randomized in groups of eight.

The participants were instructed to choose either the left or the right stimulus

by pressing pre-assigned keys of a keyboard. Immediately following a response,

reinforcement appeared below the chosen stimulus as either a cross (negative) or

a smile (positive), and remained on the screen for 2000 ms. Then, the screen

went blank, and the following trial started. Participants were instructed to make

as many correct choices as possible. The task continued until the maximum of

48 trials was reached, but was terminated earlier if the participant answered 9

correct out of 10 consecutive trials. We refer to this criterion henceforth as the

learning criterion. Participants’ responses, including the response times, were

recorded on each trial. Before the task started, participants were instructed dur-
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ing training trials, which involved different stimuli and stimulus dimensions. The

stimulus dimensions were not mentioned explicitly.

3.2.3 Statistical approach

We investigated learning on the present task by fitting several mathematical learn-

ing models, which are based on different assumptions on number and properties

of the underlying learning processes to the sequences of responses. All learn-

ing models were formulated as latent (i.e., accommodating measurement error)

Markov models, or, if two or more modes of learning are modeled simultaneously,

as mixtures of latent Markov models (Langeheine, 1994; van de Pol & Langeheine,

1990; Wickens, 1982a). The different assumptions about the learning processes

and related models are described in the next section. 2

3.2.4 Learning models

Millward and Wickens (1974) categorize theories of concept-identification learn-

ing in two classes, based on the type of learning, which is assumed to take place:

associational theories, and hypothesis testing theories. In the former theories

gradual increase in strength between the relevant cue and the correct response

is assumed, while in the latter theories it is assumed that the participant learns

suddenly when the correct classification rule is discovered. We use hypothesis

testing theory to model the rational learning strategy, and explore which of the

two types of learning models, i.e., associational/incremental or sudden learning,

best describes the slow learning strategy. Figure 4.1 shows graphical representa-

tions of all learning models and their interrelations.

Rational learning

A classical model of hypothesis testing is the concept-identification model (CI;

Bower & Trabasso, 1964). We employed a latent version of this model with a

small modification by Kendler (1979) for the rational learning strategy. Accord-

ing to the CI model, an individual learns a rule-based category structure in a

simple discrimination learning task by testing simple hypotheses, e.g., “black is

correct”, or “triangle is correct”, until the correct hypothesis is found. Hypothe-

ses are selected by randomly choosing a hypothesis from the subset of all possible

2Mathematical details of the models and technical information on the model fitting proce-

dure are provided in Visser, Schmittmann, and Raijmakers (2007).
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hypotheses, and applying this hypothesis until an error is committed. Following

an error, the participant chooses randomly a hypothesis from the subset of all

hypotheses that predict the occurrence of the last error. Once a participant has

identified the correct hypothesis, he or she will continue to apply this hypothesis,

as negative reinforcement fails to occur.

Note that the subset of hypotheses also includes hypotheses that were rejected

on trials preceding the last trial. Dehaene and Changeux (1991) analyzed and

modeled hypothesis selection strategies on the WCST. The hypothesis selection

strategy adopted in the CI model corresponds to the reasoning without mem-

ory strategy in the Dehaene and Changeux (1991) classification. This strategy

occupies a position between the the most simple hypothesis testing strategy of re-

jecting only the hypothesis the participant was applying when an error occurred,

and the optimal strategy, in which a participant consistently reduces the subset

of hypotheses by all hypotheses that could predict all previous errors and by all

hypotheses that are incongruent with all previous correct trials.

We chose the CI model as a model of intermediately efficient hypothesis test-

ing, because (a) it was shown to fit the distribution of errors reasonably well

(Raijmakers et al., 2001; Kendler, 1979; Block et al., 1973), and (b) the main

objective of this study is to discriminate between rational and slow learners and

between different kinds of slow learning, but not between different kinds of ratio-

nal learning.

The upper left panel of Figure 4.1 shows a graphical representation of the CI

model. The CI model consists of the following three states, depicted as circles

in the figure: (1) a learned state L, in which a participant applies the correct

hypothesis, and two pre-solution states, E and C, in which a participant applies

an incorrect hypothesis and chooses either the incorrect stimulus (E), or the cor-

rect stimulus (C). The probability of switching from state C to the learned state

equals zero, because it is assumed that a participant only switches hypotheses

after committing an error. Participants switch from state E to the learned state

L with probability 𝛼, which is called the learning parameter. Since two of the

four (or six hypotheses, if a participant considers location as additional dimen-

sion) hypotheses remain after an error, the probability of choosing the correct

hypothesis equals 𝛼 = 1/2 (or 𝛼 = 1/3) under the assumption that all hypothe-

ses are equally likely. We therefore expected 𝛼 to lie between 1/2 and 1/3. As

the learning parameter 𝛼 is the same for all rational learners, no individual dif-

ferences in learning ability are postulated. Nevertheless, the model predicts great

individual differences in performance (Batchelder et al., 1966). The remaining
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Figure 3.1: Learning models. Circles depict states (L: Learned, P: Pre-solution,

E: Error, C: Correct, G: Guessing, I: Incremental); line arrows represent tran-

sitions between states. Block arrows show inter-relations between learning

models.
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incorrect hypotheses lead to an error response with a probability of 1/2, as the

wrong hypothesis in the relevant dimension (e.g., black, while white is correct)

is always excluded. Once a participant has chosen the correct hypothesis, i.e.,

is in state L, he or she will stay in state L. Participants start with the correct

hypothesis with a probability of 𝛼/2, and start in state E with probability 1/2,

as half of the hypotheses result in an error response.

In the classical version of the CI model, participants in the learned state L

are assumed to respond correctly on all trials. This assumption is probably not

tenable as participants, especially children, might press the wrong button by

mistake, even though they know the correct choice. For the same reason, we

set 9 correct out of 10 consecutive trials as the learning criterion during task

administration. In the present latent version of the CI model, the probability

of committing an error in the learned state was estimated. We expected this

probability to lie between zero (this would be the case if all participants satisfy

the learning criterion with 9 consecutive correct responses, i.e., no mistakes in

the learned state at all) and 0.1 (the probability of an error in the criterion run).

Slow learning

The slow learning strategy was modeled with an incremental learning model,

and with a model of sudden learning. As an incremental learning model, in

which learning consists of a gradual increase in the strength between the correct

value of the relevant dimension and the correct response, we used a one-state

Markov model, in which the probability of a correct response increases gradually

with trial-number. The lower left panel of Figure 4.1 depicts the incremental

model (I). It consists of a single state I, in which the probability of an error

response decreases with increasing trial-number. This is accomplished by letting

a function of the trial-number act as a covariate on the probability of an error

response (Vermunt et al., 1999). Different functions of the trial-number were

employed. First we considered a linear decrease in the probability of an error

response, second a logarithmic decrease in the probability of an error, third a

sigmoid decrease in the probability of an error, and fourth we assumed a decrease

in the probability of an error, as given by a function of the single-operator linear

learning model (Estes, 1950) with varying learning parameters 𝛼 in the range

from 0.001 to 0.15.3 The probability of an error on the first trial is fixed to

3This method was used instead of maximum likelihood estimation of the parameters due

to non-linear constraints in the model.
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𝜖0 = 0.5. One parameter is estimated, which is the coefficient of the covariate

𝛽. For the purpose of fitting the incremental learning model, we imputed data,

such that the sequences of all cases consisted of 48 trials. This was necessary,

because the observed sequences were cut off after the learning criterion, and this

fact results in incorrect estimates. We simulated data with a probability of an

error 𝜖𝑠 = 0.03. This probability might be interpreted either as observation

probability in the learned state, or as asymptotic probability of an error response

in an incremental learning model. The fit indices of models based on this data-

set were compared only to the fit indices of the other models based on the same

data-set.

As a model of sudden learning, we employed the all-or-none model (AN;

Wickens, 1982a), as depicted in the upper right panel of Figure 4.1. In the

AN model it is assumed that all participants start in a pre-solution state (P),

in which they respond at chance level (here the probability of an error equals

1/2), and remain in this state until they switch to a learned state (L), in which

they respond at perfect or near-perfect level. The probability of switching from

P to L, called the learning parameter 𝛼, is stationary, i.e., the same over all tri-

als. Hence, the probability of remaining in state P equals 1-𝛼 at each trial. The

learning parameter in the AN model is expected to be much smaller than in the

CI model, as the AN model is used to model the slow learning process. As in

the CI model, the probability of remaining in the learned state L equals 1, i.e.,

once it is entered, it cannot be left (the learned state is absorbing). As in the CI

model, the probability 𝜖 of making a mistake in state L is estimated. We assume

that younger children are more prone to making motor mistakes. As we expect a

higher proportion of younger children to learn slowly, the probability of an error

in the learned state is expected to be somewhat larger in the AN model, than in

the CI model. However, in case the slow learners have set maintenance problems,

we expect a considerably higher probability of making an error in the learned

state in the AN model than in the CI model (e.g., Crone, Ridderinkhof, et al.,

2004).

All-or-none learning may result from hypothesis sampling, or from mnemonic

strategy sampling with replacement (Restle, 1965). The AN model corresponds

to the random strategy, i.e., sampling with replacement upon an error, in the clas-

sification of Dehaene and Changeux (1991). According to this view, all simple

uni-dimensional hypotheses are available to the participant from the first trial

on, and all hypotheses are equally probable during the entire learning period.

The number of hypotheses then determines the probability of learning. This in-
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terpretation may be seen as an inefficient way of hypothesis testing, as following

an error, the just falsified hypothesis may be resampled immediately. Alter-

ative interpretations of the AN model as a model of inefficient rational learning

are related to inefficient hypothesis generation, inefficient switching between hy-

potheses, or inefficient feedback processing. These interpretations are discussed

below.

Restle (1965) has shown that it is technically possible to obtain all-or-none

data (i.e., observe sudden learning within one trial) under certain assumptions

from models of gradual learning based for example on continuous strengthening

of associations. However, the additional assumptions that have to be included

for this purpose in the models of gradual learning, e.g., resetting the model at

its initial values whenever an error occurs, seem undesirable. Ashby et al. (1998)

also suggest that implicit learning could appear sudden, i.e., occur within a few

trials, when the categories are widely separated. Therefore, the AN model with

a low learning parameter may be interpreted as a model of inefficient rational

learning, but also as a model of implicit learning. This is discussed below.

The AN model reduces to a guessing model (G), when the learning parameter

is fixed to zero. According to the guessing model, depicted in the lower right

panel of Figure 4.1, participants respond at chance level on all trials. It is a

model of no learning, and therefore expected to fit the slow learning component

worse than the AN or the I model. However, a third component of participants

that are guessing may be modeled with the G model.

3.2.5 Relations between models

Although the models mentioned above are supposed to implement qualitative

different learning processes, technically the models are closely related (see Figure

4.1). The CI model of rational learning reduces to the AN model if the two pre-

solution states are collapsed, such that learning may occur after a correct response

with the same probability as after an error response. The AN model reduces to

a model of guessing if the probability of learning, i.e., the learning parameter 𝛼,

is fixed to zero. The incremental model also reduces to the guessing model if the

parameter 𝛽 is fixed to zero. In this case the probability of committing an error

is constant over trials, and equals the probability of an error at the first trial,

𝜖0 = 0.5.
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3.2.6 Mixtures of learning models

We investigated the existence of distinct learning strategies in the sample by

fitting mixtures of two or more components.4 One component accounts for the

responses of the rational learners, and one component for those of the slow learn-

ers. In fitting mixtures of learning models to the data, the model parameters

of each component model are estimated. Additionally, the mixing proportions

are estimated. These are the relative proportions of participants which belong to

each component in the population.

The question whether the increase in learning efficiency is due to a gradual

increase in efficiency of a single learning mode, or due to the existence of distinct

learning modes and an increasing tendency of learning with the more efficient

mode, is addressed by comparing the model-fit indices associated with the fol-

lowing two types of models of development.

3.2.7 Type I development: Change in efficiency of a single mode

of learning

If efficiency in learning a rule-based category structure increases gradually with

age, one would expect to find a single learning model, in which the probability

of learning, i.e., the learning parameter increases with age. This hypothesis

was studied in the AN model and in the CI model by introducing the following

two alternative extensions: (a) age is included as a covariate on the learning

parameter (models are referred to as ANcovlp and CIcovlp, respectively), and (b)

the learning parameter is estimated separately in each age group in multi-group

models (referred to as AN4glp and CI4glp, respectively). In the former models,

the learning parameter increases linearly with age, while in the latter models the

learning parameter may display non-linear and non-monotonic changes.

3.2.8 Type II development: Change in tendency of learning in

distinct learning modes

We fitted multi-group mixtures of learning models in which the mixing propor-

tions were estimated separately in (a) each age group (models CI-AN4g), and (b)

in each Age × Condition group (model CI-AN8g). The remaining parameters

were constrained to be equal in the different groups.

4A mixture of Markov models may be viewed as a single Markov model, in which the

transition probabilities between states of different components are fixed to zero.
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3.2.9 Summary of models

Summarizing, the questions concerning number and nature of the learning pro-

cess are operationalized as a comparison of different models as follows. If two

different modes of learning are involved as opposed to a single mode with a grad-

ual change in efficiency, then a mixture model consisting of two components will

fit the data better than a one-component model, where learning parameters are

allowed to vary with age. If the probability of rational learning increases with

age, then a multi-group mixture model in which the mixing proportions are es-

timated for each age group will fit the data better than a model in which the

mixing proportion is independent of age.

3.2.10 Model comparison and selection

Hypotheses concerning particular values of parameters, e.g., whether the obser-

vation probability in the presolution state P of the AN model equals 1/2, can

be tested by means of the log-likelihood difference test (e.g., Wickens, 1982a,

p.141 ff). The restricted model in which parameter(s) of interest are constrained

or fixed to hypothesized values is nested within the unrestricted, more general

model in which these parameters are estimated freely. The null-hypothesis is

that the models fit equally well. The statistic 2Δ𝑙𝑜𝑔𝐿 = 2(𝑙𝑜𝑔(𝐿𝑔) − 𝑙𝑜𝑔(𝐿𝑟))

where 𝑙𝑜𝑔(𝐿𝑟) is the log-likelihood value of the restricted model and 𝑙𝑜𝑔(𝐿𝑔) is

the log-likelihood value of the more general model, is 𝜒2 distributed with the dif-

ference in number of estimated parameters as degrees of freedom (Azzalini, 1996).

If the test is significant, the null-hypothesis of equal model fit is rejected, and

the more general model is preferred. Otherwise, the more parsimonious model is

chosen. In contrast, hypotheses relating to the number of components in a mix-

ture model cannot be tested in this manner (McLachlan & Peel, 2000). In this

case, we rely on two commonly used information criteria, AIC and BIC (Schwarz,

1978; Burnham & Anderson, 2002), which penalize lack of parsimony differently:

𝐴𝐼𝐶 = −2𝑙𝑜𝑔(𝐿) + 2𝑛𝑝, and 𝐵𝐼𝐶 = −2𝑙𝑜𝑔(𝐿) + 𝑙𝑜𝑔(𝑁𝑂)𝑛𝑝, where NO is the

number of observations and np the number of free parameters. Relatively lower

AIC (BIC) indicates a better fit.

3.3 Results

Forty-six participants who responded in less than 150 ms more than twice were

excluded. This resulted in a total of 230 participants (122 females). In these

participants, trials with a response time faster than 150 ms were regarded as

occasional errors and recoded as missing. Table 3.1 shows the range, and the

number of participants per age group in each condition.
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Eighty-four participants did not satisfy the learning criterion of 9 out of the

10 trials correct. This result is predicted by learning models for slow learning, but

might also occur due to a large number of mistakes attributable to pressing the

wrong key in younger children, as mentioned before. With the present approach,

the sequential data of the participants that did not reach the learning criterion

might reveal some improvement over time in the sense of a gradual increase of

the probability correct. 5 Table 3.1 shows the proportions of participants that

did reach the learning criterion in each Age × Condition group.

Table 3.1: Number of participants per age group in each condition.

Age group Age (yrs) Shape Brightness Total

1 4-6 34 (0.62) 34 (0.76) 68 (0.69)

2 7-9 39 (0.56) 45 (0.96) 84 (0.77)

3 10-13 23 (0.86) 29 (0.93) 52 (0.90)

4 20 11 (1.00) 15 (1.00) 26 (1.00)

107 (0.69) 123 (0.92) 230 (0.80)
Between brackets the proportion of participants who reached

criterion in each Age × Condition group.

In following sections we first present the results of the single-group learning

models, i.e., the models that do not include age differences. Then we present the

results of the development models, and finally, the parameter estimates of the

best-fitting model.

3.3.1 Single-group learning models

Table 3.3 shows the results of the models in the original data set. Judged by AIC

and BIC, the single component models (first section of Table 3.3) fit less well

than the two - and three-component models (second section in Table 3.3).

5Note, that the fit indices of the models point out the same model as best-fitting if only

the participants, who reach the learning criterion, are included in the analysis.
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Table 3.3: Results of models in the original data set (NO=5099). Log-likelihood

(log(L)), number of parameters (np), information criteria (AIC & BIC), and log-

likelihood difference test where appropriate.

model log(L) np AIC BIC Δ𝑙𝑜𝑔𝐿 df 𝑝 restricted general

CI -3132.577 2 6269.15 6282.23

AN -3133.026 2 6270.05 6283.13

G -3496.234 0 6992.47 6992.47

CI-AN -3072.004 5 6154.01 6186.69

CI-AN𝑎 -3071.490 6 6154.98 6194.20 0.51 1 0.31 CI-AN CI-AN𝑎

CI-AN𝑏 -3071.904 6 6155.81 6195.03 0.10 1 0.65 CI-AN CI-AN𝑏

CI-AN𝑐 -3070.914 6 6153.83 6193.05 1.09 1 0.14 CI-AN CI-AN𝑐

CI-AN𝑑 -3071.649 6 6155.30 6194.52 0.36 1 0.40 CI-AN CI-AN𝑑

CI-G -3083.761 3 6173.52 6193.13

CI-AN-G -3071.998 6 6156.00 6195.22

CI4glp -3090.952 5 6191.90 6224.59 41.63 3 0.00 CI CI4glp

CIcovlp -3098.78 3 6203.56 6223.17 33.80 1 0.00 CI CIcovlp

AN4glp -3091.19 5 6192.38 6225.06 41.84 3 0.00 AN AN4glp

ANcovlp -3099.101 3 6204.20 6223.81 33.93 1 0.00 AN ANcovlp

CI-AN4g′ -3049.175 7 6112.35 6158.11

CI-AN8g′′ -3040.366 10 6100.73 6166.10 8.81 3 0.00 CI-AN4g′ CI-AN8g′′

Models which are preferred in the log-likelihood difference tests are printed bold. Number of ′

denotes the number of fixed mixing proportions.

A mixture model with a concept-identification and an all-or-none component

(CI-AN) fits better than a mixture with a CI and a guessing component (CI-

G). Adding a third guessing component to the CI-AN model (model CI-AN-G)

results in a relatively poor model fit. The upper section of Table 3.5 shows the

results of fitting the CI-AN model and a mixture with a CI and an incremental

component (model CI-I) to the imputed data set. AIC and BIC indicate that

model CI-AN provides a better relative fit to the data. We therefore proceed

with model CI-AN.

The best-fitting model CI-AN was further examined in the original data set.

In order to test whether the following four constraints are reasonable, we compare

the fit of model CI-AN to the fit of models, in which these constraints are relaxed

one at a time: (a) constraint between the learning parameter and the initial

probability of starting in the learned state, (b) the equality constraint on the
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Table 3.5: Results of models in the imputed data set (NO=11040). Log-

likelihood (log(L)), number of parameters (np), and fit indices (AIC & BIC).

model log(L) np AIC BIC

CI-AN -3825.629 5 7661.26 7697.80

CI-I -3836.333 5 7682.67 7719.21

CI-AN8g′′ -3794.975 10 7609.95 7683.04

CI-I8g′′ -3816.332 10 7652.66 7725.76
Number of ′ denotes the number of fixed mixing proportions. The results of the best-fitting
CI-I mixture models are shown. In both models (CI-I and CI-I8g′′), the probability of a correct
choice increases linearly with trial-number. Models with a sigmoid or logarithmic increase, or
with an increase based on the single-operator-model in the incremental component all fitted
less well.

transition probability from the E to the E and C state, (c) fixing the initial

probability of E to 1/2, and (d) fixing the probability of an error in the E of the

AN component to 1/2 (constraints relaxed in models CI-AN 𝑎, CI-AN 𝑏, CI-AN

𝑐, and CI-AN 𝑑 respectively). The log-likelihood difference test indicates that all

four constraints are tenable.

3.3.2 Models of development

The lower panels of Table 3.3 show the results of the following models of de-

velopment as described above: Models of type I development, which describe

change in efficiency of a single mode of learning, and therefore consist of one

learning model with varying learning parameter, i.e., ANcovlp, CIcovlp, AN4glp,

and CI4glp; and models of type II development which describe change in the

tendency of learning in distinct learning modes, and are specified as multi-group

mixture models with varying mixing proportions, i.e., CI-AN4g, and CI-AN8g.

The models of type I development fit less well than the models of type II devel-

opment, as judged by AIC and BIC. Even the single-group mixture model CI-AN

from the previous section, which does not take age into account, provides a better

fit to the data than the type I development models.

In the multi-group models CI-AN4g and CI-AN8g, the proportion of the CI

component was estimated on the boundary, 1, in age group 4. Therefore, this

parameter was fixed to 1, and the resulting models, CI-AN4g′, and CI-AN8g′′

are reported. Model CI-AN4g′, in which the mixing proportions are estimated

separately in the four age groups fits better than the one-group CI-AN model, but

less well than model CI-AN8g′′, in which the mixing proportions are estimated in

each Age × Condition group separately. The lower panel of Table 3.5 shows
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the results of fitting the CI-AN8g′′ model and a mixture in with a concept-

identification and the best-fitting incremental component (model CI-I8g′′) to the

imputed data set. Model CI-AN8g′′ provides a better fit to the data.

If individual incremental learning curves show a high variability, a model that

includes the mean learning curve without accommodating this potential variabil-

ity may not fit the data well. As an additional, more sensitive test of incremental

learning, we carried out stationarity tests for Markov models over the first and

second half of the learning sequences of each participant prior to learning criterion

(Suppes & Atkinson, 1960). This was done in both groups of a posteriori classified

participants. The Null-hypothesis of equal transition probabilities in the first and

second half of the pre-solution learning sequence could not be rejected in neither

of the group in neither row of the transition matrix (all-or-none group: first row

𝜒2 = 2514.91, 𝑑𝑓 = 2779, 𝑝 > .99, second row 𝜒2 = 885.34, 𝑑𝑓 = 2779, 𝑝 > .99,

Concept-identification group: first row 𝜒2 = 130.03, 𝑑𝑓 = 155, 𝑝 = 0.93, second

row 𝜒2 = 60.75, 𝑑𝑓 = 155, 𝑝 > .99). Specifically, the probability of an error given

an error did not differ significantly in the first and second half of the experi-

ment. Constant error-given-error probabilities cannot be explained by the linear

operator model as a basic model of incremental learning (Batchelder, 1975).

In sum, the 8-group mixture model CI-AN8g′′ consisting of a CI and an AN

component provides the best fit to the data.

3.3.3 Discussion of model CI-AN8g′′

The parameter estimates of the best-fitting model CI-AN8g′′ are shown in Figure

3.2. This model comprises two components: a CI component and an AN com-

ponent. The CI component represents the rational learning process. In the CI

model, the learning parameter is estimated at 0.495 , which falls in the expected

range of 0.5 (consistent with four hypotheses) to 0.33 (consistent with six hy-

potheses). The bootstrapped 95% confidence interval of the learning parameter

ranges from 0.411 to 0.618. The probability of an error in the learned state L

is estimated at 0.035 (95% confidence interval 0.017 to 0.055), which again falls

within the expected range for this parameter of zero (this would be the case if

all participants satisfy the learning criterion in 9 consecutive correct responses)

and 0.1 (the probability of an error in the criterion run).

The AN component represents the slow learning process. In the AN com-

ponent, the learning parameter is estimated as 0.019 (95% confidence interval

0.013 to 0.026), and is, as expected, much smaller than the learning parameter
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Figure 3.2: Parameter estimates.

of the CI model. The probability of an error in the learned state L is estimated

at 0.062 (95% confidence interval 0.022 to 0.112), which again lies within the ex-

pected range for this parameter of zero and 0.1, and does not deviate significantly

(𝜒 = 0.772, 𝑑𝑓 = 1, 𝑝 = 0.38)6 from the probability of an error in the learned state

L of the CI component.

The proportions of the two components depend on age and on relevant dimen-

sion. Figure 3.3 shows the estimated values along with 95% confidence intervals

of the proportions of the CI component in each age group for the two relevant

dimensions brightness and shape. Overall, the proportion of the CI component,

i.e., in the rational learners, increases with age. In the younger age groups, the

proportion of rational learners is higher in the brightness condition than in the

shape condition. In age groups 3 and 4 (11-13, 20 years old, respectively), the pro-

portion of rational learners in the shape condition does not deviate significantly

from the proportion in the brightness condition (𝜒 = 0.248, 𝑑𝑓 = 1, 𝑝 = 0.62)7.

Participants were classified in CI and AN learners, based on the highest a

posteriori probability of the two modes of learning. Additionally, for each partic-

6This probability was obtained from a log-likelihood difference test of model CI-AN8g′′,

and the same model but now with equality constraint on the error probabilities. The other

parameter estimates do not change considerably.
7This probability was obtained from a log-likelihood difference test of model CI-AN8g′′,

and the same model but now with equality constraint on the mixing proportions in age group

3. The other parameter estimates do not change considerably.
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Figure 3.3: Development of rational learning. Points represent the proportion

of rational learners in each age group; vertical lines depict 95% confidence

intervals.

ipant, the trial of learning, i.e., the trial with the highest a posteriori probability

of switching to the learned state, was calculated.8 With this information, the

sequential data of the participants in each group of learners (AN or CI) can be

aligned at the trial of learning in order to examine the proportion of errors before

and after learning occurs. The backward learning curves in Figure 3.4 show for

the CI learners (upper panel) and for the AN learners (lower panel) the propor-

tion of errors in blocks of 4 trials averaged over participants, when the sequential

data is aligned according to the trial of learning. The mean proportion of er-

rors before learning occurs fluctuates around .5, as expected. After learning, the

proportion of errors is low in both learner groups.

3.4 Discussion

3.4.1 Summary

The analysis of the sequential data on the present rule-based category-learning

task extends the evidence that Block et al. (1973), Kendler (1979), and

Raijmakers et al. (2001) found in support of the hypothesis of the existence of two

distinct modes of learning. A mixture model that accommodates two learning

8These calculations were carried out in depmix, which uses the algorithm described in

Rabiner (1989).
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resent the proportion of errors in blocks of four trials, averaged over par-

ticipants. Vertical lines depict the standard deviation. Blocks are aligned at

the trial of learning, which is indicated by a vertical dotted line.
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modes fits the data relatively better than models of only one mode of learning,

even when the learning parameter in the latter models varies with age. The fast,

rational learning mode is best described by a concept-identification (CI) model

with an expected probability of learning given an initial set of four hypotheses,

and with a small probability of a mistake in the learned state. Learning in this

mode may be interpreted as a hypothesis-testing process. In the slow learners,

sudden learning from one trial to the next is observed, as opposed to incremen-

tal learning. This mode is best described by an all-or-none (AN) model with a

small probability of learning, and a small probability of a mistake in the learned

state. With the present approach, different phases in the learning processes in

both modes of learning were established. As to the classification of errors by

Barceló and Knight (2002), both efficient and random errors may occur in the

first phase of the learning processes, i.e., the pre-solution states of both modes.

In the second phase of the learning processes, the learned state, only occasional

random errors are expected. Perseverative errors may occur in the pre-solution

states.

The finding of sudden learning in both modes is inconsistent with predictions

based on the theory of Kendler (1979), based on neural network models, such

as the cascade correlation model of Sirois and Shultz (1998), and predictions

based on models of implicit learning, as described by Reber (1993). Possible

interpretations of the slow learning process are discussed in Section 3.4.2. The

probability of the rational learning mode increases with age, and is greater in

the brightness condition than in the shape condition in the younger children.

A possible explanation of this difference in conditions is based on dimension

preferences, and is discussed in Section 3.4.2.

The present finding of two distinct modes of learning a rule-based category-

structure as opposed to a single mode of learning with increasing efficiency sug-

gests that qualitatively different modes of responding might also underlie the

performance on the WCST. Further research should investigate whether qualita-

tively different forms of responding are present in the performance on the WCST

in normal and in clinical samples. This question is of equal scientific and practical

importance, given the widespread clinical use of the WCST.

Norms in the form of mean scores and standard deviations per age group

are based on the assumption that scores are distributed normally, and that a

higher score is related to a higher underlying ability. However, in the presence

of different strategies, mean and standard deviation are not very informative.

For instance, the distribution of the number of perseverative errors would be a
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mixture distribution of the distribution of the number of perseverative errors in

one mode of responding, and the number of perseverative errors in the other mode

of responding. If the relation between underlying ability and observed score is

not the same within each strategy, the observed score may no longer be related

to the underlying ability, if not conditioned on the strategy. Furthermore, the

mean and standard deviation of such a mixture distribution depends not only

on the means and standard deviation of the component distributions, but also

on the mixing proportions, i.e., the proportion of participants in the population

using either strategy.

3.4.2 Interpretation of the learning processes

In the following sections the learning processes in the rational and in the slow

learners are discussed.

Rational learning

The rational learning mode was modeled by a concept-identification model, and

can be interpreted as being based on a hypothesis testing process. The proportion

of rational learners increases with age. In the oldest age group, all participants

learn rationally. According to the neuropsychological theory of Ashby et al.

(1998), which is based on a large body of studies in adults, this rational learning

process is likely to take place in the verbal system (Ashby et al., 1998).

Slow learning

The various incremental learning component models that were employed for the

slow learning component fitted the data poorly compared to the AN component

model. The finding of sudden, as opposed to incremental, learning in the slow

learners is at odds with the theory of Kendler (1979), who assumes incremental,

associative learning in younger children. Interestingly, also in human infants

and, recently in a re-analysis of several conditioning experiments in animals,

evidence of sudden learning was found, while incremental associative learning

was expected.
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Coldren and Colombo (1994) found evidence of sudden discrimination learning

in nine-month-old infants in a series of experiments. Backward learning curves

were discontinuous, with pre-solution responses on chance level, and a steep drop

of the error-probabilities at the trial of learning. In addition, superiority of trans-

fer in reversal and intradimensional shift conditions were consistent with adult

data. Coldren and Colombo (1994) concluded that infants may test hypotheses,

though not mediated verbally, in solving the discrimination learning task. Asso-

ciative learning in preschoolers, as posited in the theory of Kendler (1979), was

interpreted as a regression to a less efficient type of learning, due to a transition

from a non-verbal to a verbal dimension processing system. Once the new, verbal

system is mastered, hypothesis testing strategies are resumed. So, the age-related

pattern can be summarized as beginning with non-verbal hypothesis testing in

infants, associative learning during the transition from non-verbal to verbal sys-

tem in younger children, and verbally based hypothesis testing in older children

and adults.

Gallistel, Fairhurst, and Balsam (2004) re-analyzed data from different basic

learning paradigms in animals (pigeons, rats, rabbits, and mice). They concluded

that the gradually increasing learning curve, which is reliably found in animal

learning paradigms, is an artifact of group averaging. 9 The individual learning

curves showed a step-like increase from the untrained to the well trained level of

responding. Their results suggest that even in simple conditioning experiments in

animals, learning occurs within a few, say , e.g., less than 10, trials. Gallistel et al.

(2004) concluded that the basic assumptions of conditioning theory are not com-

pletely tenable. This might imply that (a) association formation is step-like, (b)

performance factors prevent observing the gradual increase in the behavior itself,

or (c) learning is not associative. Gallistel et al. (2004) discussed an information-

processing view as an alternative to associative learning theory. This approach is

similar to the decision bound theory of implicit learning posited by Ashby et al.

(1998). When implicit learning is assumed to be based on decision-bound the-

ory, learning in the implicit system can appear suddenly, i.e., within a few trials,

when category-bounds are widely separated, because in this case fine-tuning of

the decision-bound is not necessary (Ashby et al., 1998; Ell & Ashby, 2004).

The finding of sudden learning in conditioning experiments in animals, and

9NB: Here, performance is averaged at each trial or block of trials across participants

without aligning the sequences at a given learning criterion. If learning sequences are aligned

prior to averaging, as is done in calculating backward learning curves, this criticism does not

apply.
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the present finding of sudden learning in the slow learning children, challenges the

interpretation of the age-related pattern in discrimination learning, as proposed

by Coldren and Colombo (1994). In sum, sudden learning has been observed in

infants, in young and older children, and in adults. Furthermore, the results of

discrimination shift learning paradigms do not support the hypothesis of incre-

mental learning in younger children and rational learning in older children and

adults (Esposito, 1975). Nevertheless, we found evidence in support of two dis-

tinct modes of learning. The presence of these two modes suggests one of the

following options with regard to the neurological implementation of learning: dis-

continuity in the development of one system, or the involvement of two different

learning systems. If two different learning systems are involved, i.e., an implicit

and a verbal system, the present finding of sudden learning in the slow learners

would parallel the results of Gallistel et al. (2004), and the same implications for

conditioning theory apply here. If, in contrast, the two modes of learning rep-

resent discontinuous development in one system, the slow learners employ some

kind of inefficient rational learning. Interpretations of the AN model as inefficient

rational learning are discussed in the following.

Set maintenance problems, resulting in a higher number of random errors,

(e.g., Crone, Ridderinkhof, et al., 2004; Barceló & Knight, 2002) do not seem to

be the cause of the observed inefficiency, because the probability of an error in the

learned state of the AN component is relatively small, and does not deviate signif-

icantly from the probability of an error in the learned state of the CI component.

If the slow learners were impaired in set-maintenance, one would expect a con-

siderably higher probability. However, the difference in the learning parameters

of the AN and CI model is large. As mentioned above, the AN model with a low

learning parameter has several interpretations as a model of inefficient rational

learning. Here, we consider inefficient hypothesis testing, hypothesis generation,

hypothesis switching, and feedback processing.

The interpretation of the AN model as inefficient hypothesis testing in terms

of the random strategy as described by Dehaene and Changeux (1991), seems

highly unlikely given equal selection probabilities of the hypotheses. With a

learning parameter of 0.02, as estimated in the slow learning component, the

number of hypotheses would be about 25, which is unexpectedly high.10 The

10The probability of selecting the correct hypothesis out of a number of h hypotheses after

committing an error equals 1/ℎ. The probability of committing an error in the presolution

state equals 1/2. Therefore, the learning parameter equals 𝛼 = 1/(2 ∗ ℎ), hence the number

of hypotheses ℎ = 1/(2 ∗ 𝛼). This results in about 25 hypotheses, given an estimated learning
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number of hypotheses may be considerably smaller if the assumption of equal

selection probabilities is dropped, or if resampling does not occur after each

error, i.e., in the case of inefficient feedback processing, which has been shown to

improve with age (Crone, Jennings, & van der Molen, 2004).

Dimension preferences, related to different saliency of stimulus dimensions or

attentional bias, could lead to unequal selection probabilities of the hypotheses,

and have been proposed earlier as a possible cause of differences in discrimina-

tion learning and shift behavior (Block et al., 1973; Esposito, 1975, see Zeaman

& House, 1979 for an attention theory of discrimination learning). The presence

of dimension preferences could also explain the observed interaction between age

and relevant dimension. A prior preference for the relevant dimension may sim-

plify the search for the correct solution of the learning problem. Note that the

resulting increase in learning efficiency is categorical. That is, if the relevant di-

mension is the preferred dimension, the learning process may become as efficient

as rational learning in young children. Facilitated learning of a rule-based cat-

egory structure of relevant preferred dimensions has been reported before (e.g.,

Mitler & Harris, 1969). As an alternative view, Block et al. (1973) proposed that

participants with strong dimensional preferences may learn more slowly than par-

ticipants with no dimensional preferences. The validity of dimension preference

tests has been questioned, since dimension preferences have been shown to be

readily induced in children (age range 5.5−6.2 years ) by a single initial trial of a

dimension preference tests (Medin, 1973; see also Esposito, 1975). This suggests

that dimension preferences or an attentional set may be induced during the first

trials of the discrimination learning task, in addition to the possibility that a pri-

ori dimension preference influenced performance. Note that participants receive

positive feedback in 50% of the trials, when an irrelevant dimension hypothesis

is employed.

Participants may interpret feedback as pertaining to the actual hypothesis a

participant is testing, or as pertaining to the choice they just made. In the case

of positive feedback, these two interpretations of feedback would lead to differ-

ent conclusions. In the first interpretation, the hypothesis is seen as confirmed,

whereas in the second interpretation, the hypothesis is seen as not yet falsified.

In this way, conditional reasoning ability (see e.g., Rijmen & De Boeck, 2003)

may influence the interpretation of feedback. In the case of negative feedback,

the consequence would be to resample a new hypothesis in both interpretations.

parameter 𝛼 = 0.02.
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However, as participants in the first interpretation see a hypothesis as confirmed

when presented with positive feedback, negative feedback may be interpreted as

an indicator of a rule change. Participants, who employ the first interpretation,

may have gotten stuck in the dimension, to which they attended initially, and

switched back and forth between the values on this dimension, assuming that the

correct rule changes frequently. Dimensional preference may also be related to

attentional control, and to access to the dimensional structure.

A lack of access to the dimensional structure of the stimuli may lead to a

failure to generate the relevant hypothesis, while a lack of response control or

attentional control may complicate or even prevent switching between hypothe-

ses and dimensions. Ridderinkhof, van der Molen, and Band (1997) reported

significant development in attentional control in 5 to 12 year old children, and no

significant age differences in access to dimensional structure on a selective atten-

tion task. They noted that the latter finding may depend on the dimensions used

(color and orientation), as other studies (Shepp & Barrett, 1991) reported differ-

ent results using the dimensions shape and size. It remains unclear whether access

to the dimensional structure differed with age in the present study. Raijmakers

et al. (2001) found that the number of participants who learn rationally can be

increased by facilitating access to the dimensional structure by having partici-

pants label the dimensions of the stimuli. However, even in this condition, some

participants persisted in learning in the slow learning mode.

On the discrimination learning task, participants have to learn, or discover,

and apply the correct rule. As mentioned above, this task involves subprocesses

of the WCST, as the WCST also includes rule shifts. In contrast, the dimensional

change card sort task (DCCS; Zelazo, Frye, & Rapus, 1996; Zelazo et al., 2003),

which requires participants to sort cards according to explicitly stated sorting

rules (shape and color), involves rule use and rule switching, but not rule learn-

ing. Research with the DCCS has shown a none-to-all increase in rule-switching

between the age of 2.5 − 4 years (Zelazo et al., 2003; Kirkham, Cruess, & Dia-

mond, 2003; Diamond, Carlson, & Beck, 2005). Perseveration in the first sorting

rule occurs frequently in the younger children, even after a single sorting trial

(Zelazo et al., 1996). Separating the dimensions, such that color is an attribute

of the background and shape is an attribute of the object, facilitated switching

between sorting dimensions (Diamond et al., 2005; but see Zelazo et al., 2003 for

the opposite view). The youngest participants in our experiment were 4 years

old. Although the results of Kirkham et al. (2003) suggest that they should be

able to switch between dimensions when they are explicitly told the correct rule,
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switching between dimensions when they are required to infer the correct rule

as in our experiment still could pose an insurmountable problem for them. The

results of Diamond et al. (2005) suggest that the proportion of rational learners

in the younger age groups could be increased by separating the dimensions in the

stimuli.

Perseveration in the previous sorting rule is also observed in young children’s

performance on the WCST (e.g., Chelune & Thompson, 1987). Efficient working

memory and inhibitory control are seen as important requirements of performance

on the DCCS (see Zelazo et al., 2003 for a discussion of executive function theories

of the DCCS) and the WCST (see, e.g., Crone, Ridderinkhof, et al., 2004). The

contributions of working memory and inhibitory control to performance on the

discrimination learning task may be identified in latent regression analyses similar

to the approach taken by Huizinga, Dolan, and van der Molen (2006).

The literature on discrimination learning in human adults provides experimen-

tal paradigms that can shed further light on the questions regarding the learning

process(es) in the slow learners. For instance, in the blank trial paradigm (Levine,

1967) series of trials without feedback are alternated with common discrimination

learning trials. This paradigm can reveal whether participants respond accord-

ing to simple hypotheses, and if this is the case, which hypotheses are employed.

Participants, who return to testing earlier discarded hypotheses, can be identified.

3.4.3 Conclusion and extensions

The question whether the behaviorally distinct learning modes of rational and

slow learning correspond to neurologically separated learning systems, as de-

scribed by Ashby et al. (1998), cannot be answered conclusively by the present

approach, as it focuses exclusively on behavioral data. Our expectations con-

cerning the neurological correlates of the two learning modes are based on the

present results of the behavioral data and on the neuropsychological theory of

category-learning in adults of Ashby et al. (1998; see also Ashby & Maddox, 2005;

Ashby & O’Brien, 2005).

The human brain has been shown to undergo extreme changes in both struc-

ture and functional organization throughout childhood, adolescence, and even

into young adulthood (Casey et al., 2005). These changes reflect progressive pro-

cesses, such as myelination, and also regressive processes, such as pruning and

the elimination of connections. Cross-sectional and longitudinal studies suggested

that brain regions whose activity is correlated to task performance become more
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focal with age, while brain regions whose activity is uncorrelated with task per-

formance decreases with age (Casey et al., 2005). Furthermore, different brain

regions may be engaged if children and adults perform the same task (Casey et

al., 2005). In the light of these dramatic changes during brain development, the

following conjectures concerning the neurological correlates of the two learning

modes, which are based on results in adults, are speculative. They can be tested

in neuro-imaging experiments, in which the participants are classified into the

two modes of learning.

The rational learning mode is expected to rely on the verbal system of

category-learning within the theory of Ashby et al. (1998). The verbal system

is an explicit, hypothesis-testing system that involves working memory and ex-

ecutive attention, and relies primarily on the anterior cingulate, the prefrontal

cortex, and the head of the caudate nucleus (Ashby & Maddox, 2005). More

specifically, the selection of hypotheses is thought to rely on cortical structures,

the anterior cingulate, and possibly on the prefrontal cortex, while a key struc-

ture in switching of hypotheses is the head of the caudate nucleus. In addition,

the involvement of working memory seems to imply the activation of lateral pre-

frontal cortex and the head of the caudate nucleus (Ashby & O’Brien, 2005).

These structures are expected to play an important role in the rational learning

mode.

As mentioned above, the slow learning mode may represent learning via the

implicit system, or, alternatively, as inefficient rational learning. If different

systems are indeed involved, the present results would support an information-

processing theory or decision bound theory of implicit learning as proposed by

Ashby et al. (1998) and Gallistel et al. (2004) in the slow learners. In this case,

involvement of the tail of the caudate nucleus is expected. The tail of the caudate

nucleus receives dopaminergic input from the substantia nigra, which seems to

relate to the processing of reward mediated feedback signals (Ashby & Maddox,

2005). Procedural memory might also be involved, which depends crucially on

the basal ganglia (Ashby & O’Brien, 2005). In a review of recent implicit learn-

ing literature, Forkstam and Petersson (2005) concluded that converging evidence

suggests that the basal ganglia play an important role in implicit learning, while

diverging results are found concerning the involvement of the medial temporal

lobes.

Alternatively, the slow learning mode might originate in inefficient rational

learning. In this case, the same brain regions are expected to be activated as

in the rational learning mode. Yet, if both learning modes rely on the same
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learning system, intuitively one would expect a gradual increase in efficiency, as

the neurological structures underlying the verbal learning system mature progres-

sively. How might distinct modes of learning, as observed in the present study

come forth from gradual maturation? A formal model that is capable of describ-

ing qualitative changes in a dependent variable (e.g., mode of learning) related

to gradual change in independent variables (e.g., brain maturation) is the cusp

model, which was translated into a psychological context by van der Maas and

Molenaar (1992).


