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General Introduction

This thesis concerns the learning processes in rule-based category-learning tasks.

Learning, as a broad topic in developmental psychology, has enjoyed periods of

intense interest (notably 60’s and 70’s of the past century), and periods of relative

quiet. At present, the interest appears to be on the rise, perhaps in response to

the calls of Cantor and Spiker (1983) and Siegler (2000) to return to the field

of children’s learning. Certainly, the past decades have seen a wealth of pub-

lished studies on the topic of category learning, albeit mainly in adults. In many

of these studies, the participants are presented with one or more instances of

different categories. The interest focuses on the participants’ ability to assign

stimuli to given categories, to choose the stimulus of the correct category, or to

generalize to new, previously unseen, categories. In addition to being of interest

in fundamental research, category learning features in neuropsychological assess-

ment (as witnessed, for instance, by the prominent role of the Wisconsin Card

Sorting Test; Heaton, Chelune, Talley, Kay, & Curtis, 1993).

Recent articles have addressed the cognitive processes underlying learning in

different category learning paradigms. Ashby, Alfonso-Reese, Turken, and Wal-

dron (1998), Kéri (2003), and M. A. Erickson and Kruschke (1998) have argued

in favor of the existence of multiple systems underlying category learning (see

Nosofsky and Johansen (2000) for a single-system account). On the basis of

the behavioral results obtained in various categorization paradigms, and of the

results of neuropsychological (imaging and lesion) studies, Ashby et al. (1998)

posited the existence of two neurologically separated and competing systems of

category-learning: a verbal system and an implicit system. The verbal system is

based on explicit reasoning, and is thought to depend heavily on frontal and tem-

poral language areas. The implicit system is based on associative or procedural

learning, and is located in the striatum. Both systems are assumed to operate

in parallel within an individual. However, one system may dominate the other

depending on the individual, the task, and the environment. For example, the

verbal system is thought to dominate the implicit system in healthy adults on

rule-based category-learning tasks, in which the optimal rule is easy to verbalize
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(e.g., ”red stimuli belong to category A, blue stimuli belong to category B”).

Ashby et al. (1998) assume that the verbal system is less efficient in children,

because it relies on the prefrontal cortex, which is not yet fully developed in

children (e.g., Diamond & Goldman-Rakic, 1989; Diamond, 2002; Casey, Totten-

ham, Liston, & Durston, 2005). Children’s performance on rule-based category-

learning tasks, in which the rules are easily verbalized, is therefore expected to

suffer. It is unclear, however, whether children use their less efficient verbal sys-

tem, or their implicit system to learn these tasks. This can be investigated, as

the two systems give rise to distinct behavioral data. Implicit learning is ex-

pected to produce an incremental improvement in performance, as it is based

on associative or procedural learning. In contrast, learning through the verbal,

explicit reasoning system occurs suddenly, i.e., at the instance the optimal rule

is recognized. If the inadequate rules and the optimal rule differ sufficiently with

respect to their categorization accuracies, learning is apparent in a sudden in-

crease in performance. In this thesis, we investigated the learning processes on a

rule-based category-learning task in young children and adults with the specific

aim of determining whether young children learn incrementally or abruptly, and

when children’s learning approximates adult’s learning. To this end we adopt the

appropriate methodology of finite mixture modeling (McLachlan & Peel, 2000;

see below).

The idea of qualitatively different learning mechanisms has a long tradition

in developmental psychology. It has been advanced to explain the substantial

increase from early childhood to early adulthood in the speed of learning on a

simple rule-based learning task (discrimination learning task; see Box 1 for an

example). Specifically, according to Kendler’s (1979; see also Kendler, H. H. &

Kendler, 1962) levels of functioning theory, a developmental progression takes

place between two qualitatively different modes of learning, a slow mode and a

rational mode. These two modes of learning resemble Ashby’s implicit and verbal

systems. The slow mode is supposed to be associative, incremental, generally

relatively slow, and to be based on gradual strengthening of stimulus-response

associations. The rational mode is supposed to originate in hypothesis testing

resulting in sudden learning after only a few trials. The probability that a child’s

learning is due to the rational mode is thought to increase gradually with age.

Kendler’s (1979) theory was judged to be innovative and promising from

the developmental perspective (Spiker & Cantor, 1983). It combines two dom-

inant theories of discrimination learning, i.e., associative learning theory and

hypothesis-testing theory, which were the two opposing views in the continuity-
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Box 1: Rule-based learning task

The figure on the right shows two

trials of the discrimination learn-

ing task, i.e., a rule-based category-

learning task, which was used in

this thesis.

On each trial, two stimuli are shown, which differ on two dimensions. In the

present case the stimuli differ in color (two values: ”white” and ”black”) and

in shape (two values: ”triangle” and ”square”). Participants choose one of

the two stimuli and receive feedback. An easily verbalizable, uni-dimensional

rule (i.e., ”triangle”, ”square”, ”black”, or ”white”) determines which stimulus

choice is correct. So, one dimension, let us say color, is relevant. One value

of the relevant dimension is correct (let us say ”black”), while the other value

(”white”) is incorrect on all trials. The shape dimension is irrelevant. This

implies that a rule based on a value of the shape dimension leads to a correct

choice in 50% of the trials.

Participants receive positive or negative feedback on each trial, and are consid-

ered to have mastered the task, if they satisfy a predefined learning criterion,

e.g., at least 9 correct responses on 10 consecutive trials. The number of trials

and the number of errors to criterion have both featured as measures of learning

efficiency.

An extension of the task are discrimination shift tasks, in which the correct rule

shifts (changes) as soon as the participant satisfied the learning criterion. The

participant is then required to learn the new rule from feedback. These shift

tasks include the reversal, the nonreversal, the intradimensional, the extradi-

mensional, and the optional shift task. These differ in the type of rule shift,

and in whether the same, or new stimuli and dimensions are used in the shift

phase. In this thesis, we employed the discrimination reversal shift task, in which

the reinforcement contingencies are reversed unbeknown to the participant and

without disruption of the task.
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noncontinuity controversy in the animal and adult learning literature (see Box 2

for a brief sketch). In contrast to Kendler’s (1979) theory, alternative theories

of the development of discrimination learning were based on either associative

learning theory or cognitive hypothesis-testing theory. Specifically, these theo-

ries comprise an associationistic theory (Spiker & Cantor, 1979), a perceptual

differentiation theory (Tighe, Tighe, Waterhouse, & Vasta, 1970), an attention

theory (Zeaman & House, 1979), and developmental hypothesis-testing theory

(e.g., Phillips & Levine, 1975, Gholson & Schuepfer, 1979). Studies from the

hypothesis-theory perspective revealed relevant results: Children’s discrimina-

tion learning performance can be improved through various forms of training,

even some young children can make use of hypotheses, and their use of hypothe-

ses is often less efficient and strategic than observed in older children or adults

(Spiker & Cantor, 1983). However, the fact that some young children can use hy-

potheses and may show sudden learning under facilitating circumstances does not

disprove Kendler’s (1979) hypothesis of qualitatively different modes of discrim-

ination learning. Testing Kendler’s theory of two qualitatively different learning

modes directly is not straightforward.

Indirect evidence was sought using the so-called discrimination shift learning

paradigm, in which reinforcement contingencies are changed after the partici-

pant has mastered the initial discrimination, upon which the new rule has to be

learned. The relative ease of learning the new rule after different types of rein-

forcement shifts is interpreted in the light of different predictions of the learning

modes. For instance, in a reversal shift task, the new rule perfectly reverses the

reinforcement contingencies, i.e., all choices that were previously correct, become

incorrect and vice versa. In contrast, in a non-reversal shift task, the new rule

merely renders half of the previously correct choices incorrect. The reasoning is

as follows: Given a hypothesis-testing strategy, both shifts do not differ in diffi-

culty. However, given associative learning, the non-reversal shift should be easier

than the reversal shift, because only half of the of the stimulus-response asso-

ciations has to be relearned, while the other half remains unchanged. Esposito

(1975) reviewed discrimination shift learning experiments, and observed that the

relative ease of the various shift tasks varied considerably from study to study,

depending on the specific condition. He concluded that there is no real need for a

theory with two qualitatively different modes of learning. In addition, discrimina-

tion shift learning paradigms received methodological criticism (Slamecka, 1968;

Esposito, 1975). According to Kendler (1979), the relative ease of learning after

different types of shifts did support the existence of the two modes. As additional
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support, Kendler (1979) examined the distribution of the number of errors during

the learning process. 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 too weak to

justify strong conclusions.

Methodological issues concerning single versus multiple system theories of

learning as those posited by Kendler and Ashby received attention in the re-

cent literature. Ashby and Ell (2002) discussed the important questions of what

constitutes a separate system, and which methodologies are most suited to distin-

guish between single and multiple system theories. Ashby and Ell (2002), arguing

that no single criterion can be sufficient, proposed a hierarchy of criteria, in the

mathematical, psychological, and neurobiological domains. The mathematical

criterion of two systems being separate is that their respective mathematical rep-

resentations or models not be equivalent, and that the models not be nested (i.e.,

each model gives rise to at least some unique prediction). In the psychological

domain, the criterion of distinct systems is that different psychological processes

are required to complete the task. In the neurobiological domain, the criterion of

distinct systems is that they are mediated by separate neural structures. Ashby

and Ell (2002) discuss several methodologies for testing between single and mul-

tiple systems, such as the fixed-point property of binary mixtures, the method of

double and single dissociations, and the mapping of hypothesized systems onto

known neural structures. However, these methods generally require a sample rep-

resentative of one homogeneous population, or samples representative of multiple

homogeneous populations. This is no trivial requirement in the context of devel-

opmental psychology. Specifically, according to Kendler (1979), each sample in

the appropriate age range is heterogeneous, i.e., will include both incrementally

learning children and hypothesis-testing children. Within age group heterogene-

ity has also been suggested in recent neuropsychological developmental studies on

feedback processing, where heterogeneity may be attributable to the use of dif-

ferent cognitive strategies (van Duijvenvoorde, Zanolie, Rombouts, Raijmakers,

& Crone, 2008; Crone, Ridderinkhof, Worm, Somsen, & van der Molen, 2004).

What is needed is a method that can accommodate explicitly the expected

within age group heterogeneity. Finite mixture modeling (McLachlan & Peel,

2000) presents a class of latent variable models that can do just this. A latent

variable model is a statistical model that relates a set of observed variables, so-

called manifest variables or indicators, to a set of unobserved, or latent variables.
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Box 2: Continuity-noncontinuity controversy

In the 1920s, while studying the acquisition of a brightness discrimination in

rats, Lashley (1929) noticed, that the rats showed systematic response patterns,

which were inconsistent with the gradual improvement expected on the basis of

the then dominant (associationistic) conditioning theory. In the light of this ob-

servation, Krechevsky (1932), proposed that rats solve discrimination problems

by trying various solutions. This noncontinuity view was heavily criticized by

researchers adhering to the associationistic view of learning. They argued that

the observed response patterns were merely a by-product of learning, i.e., due to

earlier conditioned responses (Spence, 1940). According to the associationistic

view, practice and feedback gradually change the stimulus-response associa-

tions. This controversy also arose in human (adult) discrimination learning,

where hypothesis-testing theory, entailing that various hypotheses are tested in

solving a problem, eventually met with broad acceptance. The controversy gave

rise to an enormous amount of empirical and theoretical work. This included

the reversal shift paradigm, in which reinforcement contingencies are reversed

after learning, in order to test between continuity and noncontinuity theory.

The blank trial paradigm was also developed, in which patterns of consistent

responding in blocks of non-feedback trials were used to infer hypothesis-testing

strategies in adults (Levine, 1967).

Mathematical models of learning were developed and elaborated, and impres-

sive theoretical advances were made (see Greeno & Bjork, 1973 for a review).

This work included the single operator linear model, which is an incremental

learning model (Estes, 1950), and the all-or-none model, which is a discontinu-

ous model (Bush & Mosteller, 1955). Much of the work was done in the fields of

discrimination learning, and of paired-associate learning. Random effects, mix-

ture, multi-level models, and hybrid models, which include both continuous and

discontinuous learning, were developed (Batchelder, 1975; Batchelder, Bjork,

& Yellott, 1966; Batchelder, 1971; Norman, 1964b, 1964a). Restle (1965) dis-

cussed the relation between characteristics of the observed learning process and

several learning theories (e.g., stimulus sampling theory (Estes, 1950)) in the

context of paired associate learning. Methods to distinguish between incremen-

tal and all-or-none learning were developed (Batchelder, 1975). The question of

discontinuous or continuous paired-associate learning was also studied in young

children. This work suggested that young children also engaged in all-or-none

learning of individual items on paired-associate lists (Brainerd & Howe, 1978,

1980).
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It is generally assumed that the observed responses on the indicators are uncor-

related after controlling for (or conditioning on) the latent variable, i.e., that the

indicators are locally independent given the latent variable. This property is in

many cases necessary to identify the latent variables. In addition, it is desirable

if one wishes to interpret the responses on the indicators as being explained or

caused by an individual’s position on the latent variable(s), as is common in

psychometrics (see Borsboom, Mellenbergh, & van Heerden, 2003 for alternative

interpretations). The distribution of the latent and manifest variables (continu-

ous or discrete) gives rise to a taxonomy of models, which is conveyed in Table

1.1.

Table 1.1: Common latent variable models.

Latent

variables

continuous discrete

Manifest continuous Factor Analysis Latent Profile Analysis

variables discrete Latent Trait Analysis Latent Class Analysis

Latent Profile Analysis and Latent Class Analysis are classical finite mixture

models (Lazarsfeld & Henry, 1968), i.e., they incorporate a discrete latent vari-

able, be it nominal or ordinal. In Factor Analysis, and Latent Trait analysis,

a continuous latent variable is assumed. All four models in this taxonomy may

be interpreted as incorporating local independence. This assumption is however

not essential from a general modeling perspective, and can be relaxed where it

is not required for identification purposes (see e.g., see Uebersax, 1999; Hage-

naars, 1988, Dolan, Jansen, & van der Maas, 2004, Muthén, 2002, chapter 6).

This undermines the strict psychometric interpretation, but greatly increases the

flexibility of the models. For instance, permitting the manifest variables to be

correlated within the classes in the latent profile model, would result in an uncon-

strained multivariate (normal, perhaps) finite mixture model. Here conditioning

on the latent class does not guarantee uncorrelated responses. Subjecting the

responses within the classes to a factor model, would result in a mixture of factor

models (Muthén, 2008; McLachlan & Peel, 2000). These models, as the models

in Table 1.1, are special cases of more general latent variable frameworks (Dolan,

2009; Muthén, 2008), which also include hybrid models with a combination of

discrete and continuous latent and manifest variables.

Finite mixture modeling has been applied to accommodate heterogeneity in
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many areas of cognitive development. These applications include latent class

analyses (see Table 1.1) of the development of proportional reasoning (Jansen

& van der Maas, 1997), triad classification (Raijmakers, Jansen, & van der

Maas, 2004), or children’s knowledge of the physical characteristics of the earth

(Straatemeier, van der Maas, & Jansen, 2008). Latent class analysis has sev-

eral advantages compared to ad hoc classification methods (e.g., van der Maas

& Straatemeier, 2008). In Raijmakers, Dolan, and Molenaar (2001) and Block,

Erickson, and McHoes (1973), the method of finite mixture modeling was applied

to the distribution of the number of errors in the category learning process, and

supported the hypothesis of the existence of two modes of learning. The question

whether the slow learning process is incremental, or abrupt was not addressed in

these studies. This question is addressed in chapter 3.

In the applications of latent variable models mentioned above, the models are

static, i.e., each individual’s position on the latent variable(s) is fixed. In the

analysis of learning and development, an important extension concerns change

in the individual’s position on one or more latent variables over repeated mea-

surements. The change can be continuous or discrete, and it can occur over

consecutive trials within an experimental session, or over repeated measurements

separated by weeks, months, years. For instance, during a learning experiment,

stimulus-response associations might be strengthened gradually, resulting in grad-

ually increasing probabilities of a correct response, or a child may switch from a

state, in which an inadequate response rule is applied, to a state, in which the

optimal is executed. The latter process results in an abrupt, categorical change

in the probability of a correct response as a function of the child’s latent state.

As another example of abrupt transitions within one experimental session, a child

may use categorically different cognitive strategies of responding when faced with

different items (see Box 3 for an example; and chapter 6, application 2). On a

larger time scale, continuous change could for instance be present in a gradual

increase in reading speed or in learning efficiency. An example of discontinuous

change would be a sudden shift to using a more advanced cognitive strategy (see

chapters 4 and 6, application 1).

A broad class of models for categorical change on the latent level are discrete-

time discrete-state latent Markov models (Wickens, 1982a; Kemeny & Snell,

1976; Langeheine, 1994; Vermunt, Langeheine, & Böckenholt, 1999; van de Pol &

Langeheine, 1990; Collins & Wugalter, 1992; Thomas, Lohaus, & Kessler, 1999;

Dolan et al., 2004). A simple version can be conceived of as a latent class model

for repeated measurements, where switching between the latent classes, or states,
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Box 3: Conservation anticipation task

The figure below shows five trials of the conservation anticipation task, which

was used in chapter 6. On each trial, children indicated the predicted water

level of the amount of liquid in the left glass when the water is poured into the

right glass.

Item 1

Trial  1

Item 2

Trial  2

Item 3

Trial  3

Item 2

Trial  4

Item 1

Trial  5

Based on Piagetian theory, children are expected to respond according to one

of two distinct strategies. Simply aligning the water level at the same height

is typical of the pre-operational stage (henceforth: non-conserver strategy (N)).

Adjusting the water level to compensate for the different shapes of the vessels is

typical of the concrete operational stage (henceforth: conserver strategy (C)).

During the transition from the pre-operational stage to the concrete operational

stage children may switch between both strategies (e.g., van der Maas & Mole-

naar, 1992), possibly depending on the difference in width of the two glasses.

Although responses are based on two categorically distinct strategies, these

are measured on a continuous scale. In the figure below, the expected two-

component normal mixture distribution of the of the predicted line heights is

shown next to the corresponding item. One component represents the

Item 3 Expected bimodal
univariate distribution
responses

N

C

N

C

N responses. Its mean equals the water

level in the left glass. The second compo-

nent represents the C responses. Its mean

equals the correctly adjusted water level.

The N variance is smaller than the C vari-

ance, because carrying out an alignment

is assumed to be less prone to individual

variation than the estimation of a different

water level (Dolan et al., 2004; Dolan &

van der Maas, 1998).
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is possible from one measurement occasion to the next. The switching process

between the states is stochastic: it is governed by transition probabilities. In a

first-order Markov model, the transition probabilities (from timepoint t to t+1)

depend only on the current state (at timepoint t). Hybrid models, in which

continuous and categorical types of change are combined, have also been devel-

oped (e.g., Vermunt et al., 1999; Dolan, Schmittmann, Neale, & Lubke, 2005;

Hamaker, Grasman, & Kamphuis, accepted; Frühwirth-Schnatter, 2006, chapter

6).

In discrete-state latent Markov models, the modeled process is assumed to

be in one of a finite number of distinct states at each time point. Therefore,

these models can accommodate categorical differences (e.g., different strategies, or

different stages in a learning process) at each measurement occasion. In addition,

these models can accommodate categorical differences on a higher, process, level,

i.e., on the level of mutually exclusive trajectories through the different states.

An example of these so-called mixed Markov models is the mover-stayer model

of van de Pol and Langeheine (1990), in which a subgroup, or chain, of ’movers’

(who may switch between two different states) is distinguished from the chain

of ’stayers’ (who do not switch between the different states). This capacity of

Markov models is exploited in this thesis in several ways: to distinguish subgroups

with different consistency in strategy use (see Box 3, chapter 6), to distinguish

subgroups, that are characterized by different learning processes (chapters 2 - 5),

and to investigate the consistency in the application of these different learning

processes over two consecutive phases of a shift learning task (chapter 4).

The statistical method of latent Markov modeling is well suited to examine the

topic of this thesis: the differences in learning processes involved in rule-based

category-learning between early childhood and early adulthood. Ashby’s and

Kendler’s theory suggest the existence of qualitative inter-individual differences

in learning processes, i.e., differences in learning modes, and quantitative inter-

individual differences in learning processes, i.e., individual intra-trial differences

in learning given the one and the same learning process. An analysis of the trial-

by-trial behavioral data was performed with confirmatory and exploratory latent

Markov models in order to examine the number and the nature (e.g., incremental

or sudden) of learning processes in large developmental samples. This approach

is an elaboration of the mathematical learning models that were developed in

the 60’s and 70’s, yet adds latent variable techniques, and advanced model fitting

procedures that were developed more recently (Rabiner, 1989; Visser, 2005). The

methodological approach is described in detail in chapter 2.
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1.1 Overview of Chapters

In chapters 3, 4, and 5, the emphasis is on the substantive theory, while in

chapters 2, 6, and 7, the emphasis is on technical and methodological issues. The

main chapters (2-7) were written as separate papers, and therefore contain some

redundancy. Chapter 2 describes Markov learning models, and modeling issues.

In this chapter, the learning data are used mainly as an illustration. In chapter

3, a more detailed analysis of the learning data is presented, and results are

discussed in terms of the substantive theory. In chapter 4, the shift phase of the

learning data is analyzed, and the relation between initial learning mode and shift

learning mode is investigated. In chapter 5, a discrimination learning task with

an additional manipulation is employed, and the relation between initial learning

mode and two executive functions, working memory and attentional control is

examined. In chapter 6 an application of Markov models to different strategies in

conservation of a continuous quantity is reported. Chapter 7 is somewhat removed

from the previous chapters. It contains a discussion of model identification in

multinomial processing tree models, a class of models that includes among many

other models, discrete-state Markov models for finite sequences of error/success

trials. In chapter 8, we summarize the main results, and return to issues raised

in the introduction. Finally we discuss possibility for future research in the light

of the results.
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