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CHAPTERR 1. 

INTRODUCTION N 

Thiss thesis is about inductive learning. More particularly, it is about the difficulties 

associatedd with inductive learning. Research has shown that the (educational) gain of 

inductivee learning is not as high (see for an overview De Jong & Van Joolingen, 1998) 

ass initially claimed (Bruner, Goodnow, & Austin, 1956). The first question addressed 

inn this thesis concerns this topic: "Why is inductive learning less effective than claimed?" 

Too answer this question, the related question: "How to measure the quality of the inductive 

learninglearning process?" wil l also be addressed. This is necessary as inductive learning is dif-

ficultficult  both for the "learners", the people submerged in inductive learning, as for the 

researcherss studying inductive learning. For example, there is no generally approved 

variablee that measures the quality of the inductive learning process. 

Thee structure of this chapter is as follows. First, inductive learning is defined. Hereto, 

induction,, as the process that is the basis of inductive learning, is contrasted to de-

duction,, and inductive learning is contrasted to scientific discovery learning. Second, 

fivefive reasons to study inductive learning as identified by Klahr and Simon (1999) are 

discussed,, and related to the studies reported in this thesis. Finally, the four Chapters 

thatt each discuss a different aspect of inductive learning are introduced and discussed. 

INDUCTIV EE L E A R N I N G 

Inn their influential book on induction, Holland, Holyoak, Nisbett, and Thagard 

(1986)) define induction as "all inferential processes that take place in the face of 

uncertainty""  (Holland et al., 1986, p.1). In other words, induction is concerned with 

inferringg knowledge from an incomplete set of observations. The most typical way to 

inferr knowledge is by inducing rules that hold for a complete domain, that is, also for 

thee parts of the domain that are not direcdy observed. As the resulting knowledge is 

basedd on incomplete information, it is inherently uncertain because the not observed 
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partss of the total set of observations might falsify the inferred knowledge. 

Thiss contrasts induction with deduction where the learner formulates regularities 

observedd in a (complete) set of data. Deduction does not produce knowledge that is 

semanticallyy new. It does not go beyond the observations. In constrast, induction, in 

thee words1 of Johnson-Laird (1993) is: "any process of thought yielding a conclusion 

thatt increases the semantic information [that was available] in its initial observations 

orr premises" (Johnson-Laird, 1993, p.60). 

Anotherr issue related to induction is how these observations are constructed. In 

mostt induction related tasks the learner has to engage in the discovery process with-

outt explicit guidance, i.e., the learner has reponsabilitv for the construction of the 

dataa set (Anderson, 1995). 

Withh the emphasis on the self-directed nature of inductive learning and the focus on 

inducingg new rules for yet unobserved data, inducdve learning is closely related to 

scientificc discovery. Often, these two terms are used interchangeably. Whereas the 

termss induction and inductive learning are often referred to in the context of con-

trastingg induction with deduction (but see also Poletiek, 2001), scientific discovery is 

thee term most often used when this task is studied for understanding the underlying 

processes.. The "scientific" part of this term implicitly emphasizes the importance 

off  constructing and testing hypotheses (cf. the empirical cycle of De Groot, 1969, 

thee often cited methodology underlying scientific discovery). In contrast, the term 

inductionn refers to the focus on gathering knowledge based on an evidence-driven 

insteadd of hypothesis-driven process. As discussed in later Chapters, learners in the 

taskss studied in this thesis seem to be less focused on central hypotheses. Therefore, 

inn the remainder of this thesis, the term inductive learning will be preferred over sci-

entificc discovery. However, regardless of the name, the central issue is: Why study 

inductivee discovery learning? 

W H YY S T U DY I N D U C T I V E D I S C O V E RY L E A R N I N G? 

Inn an overview paper by Klahr and Simon (1999), five reasons for studying scientific 

discoveryy or inductive learning are identified: 

1.. Human Value By studying scientific discovery we might better understand the 

Secc Manktelow (1999) for an extensive overview of different views on induction 
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mechanismss of "scientific thinking [that] has enhanced our ability to under-

stand,, predict, and control the natural forces that shape our world" (p.524). 

Thiss in itself is claimed by Klahr and Simon to be a viable reason to study 

scientificc discovery processes. 

2.. (Non-)Mythology Although reports of scientific discovery are often sur-

roundedd with mythological explanations (from an apple that falls from a tree 

too the rising of the level of water in a bath), Klahr and Simon claim that "nor-

mal""  cognitive processes are at the basis of most scientific discoveries. One of 

thee aims of studying scientific discovery learning is to demystify the processes 

involved. . 

3.. Pressing the limit s Inherent to the nature of discoveries, most discoveries are 

relatedd to examining the limits of the then-known theory of the domain un-

derr study. However, they are also taking place at the limits of the discoverer's 

knowledgee and/or reasoning capacities. Nevertheless, Klahr and Simon claim 

thatt the methods used to arrive at new discoveries are not fundamentally dif-

ferentt from everyday thinking. 

4.. Relation to Development Research has shown that although children's discov-

eryy behavior is not as sophisticated as adults' behavior, children do show be-

haviorr that supports the notion of the "child-as-scientist": actively engaging 

inn a quest for explanations. As this behavior is not formally taught to young 

children,, studying development in general and the development of discovery 

processess could yield more information about the underpinnings of scientific 

discovery.. Moreover, when more is known about the nature and use of scien-

tifi cc discover}7, applying this knowledge in educational settings could improve 

learningg effectiveness. 

5.. Computational Support for  Scientific Discovery By identifying the important 

processess of scientific discovery, computer programs can be designed on the 

basiss of these processes to aid human scientific discovery. However, most of 

thee current approaches in this field are mainly based on mathematical meth-

odss (e.g., inspecting deviations from correlational patterns) instead of methods 

basedd on knowledge about the human discovery processes. By learning more 

aboutt the human discovery processes and implementing this new knowledge, 
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thee supporting computer programs might become even more helpful discovery 

assistants. . 

Off  these five reasons, the research reported in this thesis is mainly concerned with the 

reasonss 2, 3 and 4 \ As claimed by Klahr and Simon and reflected in their second and 

thirdd reason, the assumption underlying the research in this thesis is that scientific 

discoveryy can be considered a relatively "normal" process, or at least one that can be 

carriedd out by humans that are not professionally trained researchers. This topic will 

bee the main focus of Chapters 3, 4 and 5. Chapter 2 focusses on the development-

relatedd issue. Based on detailed empirical developmental data, this chapter gives an 

in-depthh explanation for the development from imperfect knowledge to a final set of 

relationss that accurately describes the given domain. 

STUDIESS REPORTED IN THIS THESIS 

I nn most of the studies discussed in this thesis, inductive learning is studied in con-

trolledd laboratory experiments. In such a laboratory setting, university students or 

youngerr children are presented with a (computer) simulation of a particular domain. 

Byy means of self-directed experimentation, they have to induce the rules underlying 

thee domain. 

Inn Chapter 2 we analyse development on the balance scale as inductive learning. In 

particularr we give an explanation for well-established phenomena in development on 

thiss task. This model does not involve active experimentation because few experi-

mentall  studies include this form of learning. Instead, empircal data is used that was 

gatheredd by presenting different age groups with a set of experimenter-controlled ex-

periments.. In contrast to the classic method of analyzing the inductive learning pro-

cessess by correlating overt behavior phenomena with the outcomes of the learning 

process,, Chapter 2 describes a computational model of the same task as presented 

too the learners. Based on an analysis of the differences observed between the age 

groups,, and the transitions from each level of performance to a next, a computational 

modell  was constructed that accounts for the important aspects of performance. By 

analyzingg this model, for example, through the identification of the mechanisms nec-

Thee first of these reasons is a relative or subjective criterion, that is, what intrigues one researcher, has no impact 

att all on another. The fifth reason is purely practical, As this thesis is involved with explaining discoven' learning, the 

applicationn of knowledge about the discovery process is outside the scope of this thesis. 
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essaryy to account for observed behavior, inferences can be made about the the under-

lyingg processes in human learners. We will argue that the typical phases observed in 

children'ss behavior can be explained by assuming a simple problem-solving strategy 

andd a gradual increase in available resources and knowledge. 

AA similar approach is taken in Chapter 3. On the basis of a rational analysis of a 

discoveryy task presented to college students and based on an analysis of their behav-

ior,, a family of computational models is constructed that is based on the influential 

Scientificc Discovery as Dual Search theory (Klahr & Dunbar, 1988). By comparing 

thee differences between models and the match of these models with data of cer-

tainn learners, the relative importance of different aspects of the inductive learning 

processs is assessed. This comparison shows that learners use appropriate discovery 

techniquess and that scope of effects discovered is largely dependent on the learner's 

priorr knowledge and assumptions. 

Inn both Chapter 2 and 3, the assumptions underlying computational models are 

testedd by comparing the behavior of the models with empirical data. A method-

ologicallyy inspired stance is taken in Chapter 4. To construct a psychologically plau-

siblee computational model of an inductive learning task, detailed information has to 

bee available about the underlying process and knowledge that guides performance. 

However,, as in almost all psychology domains, these processes and knowledge are 

nott readily available for observation. Therefore, particular aspects of overt behavior 

havee been used as measures for assessing which mechanisms underly inductive learn-

ing.. At the same time, measures such as the number of unique learning-instances 

createdd by a learner have been used to assess the quality of a learner's inductive learn-

ingg skills. However, the computational modeling effort and task analysis presented 

inn Chapter 3 shows that such measures are not necessarily indicative of the quality of 

thee underlying processes. Chapter 4 proposes a measure that is based on an analy-

siss of the subprocesses involved in inductive learning. It is argued that this measure 

betterr reflects the quality of the inductive learning process than existing measures. 

Analyzingg the behavior of a learner is directly related to the ease of categorizing the 

learner'ss behavior. In the tasks presented in Chapter 2, 3 and 4, as in most other 

publishedd inductive learning tasks, this poses no problem as each action of a learner 

resultss in a new and distinct configuration of the experiment setting. However, in 

taskss that resemble real-life discovery situations, the values of variables are often 
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expressedd on a continuous scale and modified in a continuous fashion - and there-

foree they are not as readily compared. Chapter 5 focuses on such a more complex 

task,, Optics. As the important variables defining this task are indeed expressed on 

aa continuous scale, one has to devise a method to analyze the continuous behavior. 

Chapterr 5 introduces a qualitative reasoning model to analyze this type of discovery 

settings.. We argue that the learners' behavior can be characterized as being based on 

simplee strategies that are mediated by both prior knowledge and the saliency of the 

discrepanciess between prior knowledge and observed behavior. This characterization 

alsoo explains why learners often conduct insuffient experiments. 

Althoughh all chapters address both questions that were put forward at the start of 

thiss introduction, Chapter 3 and 5 are mainly concerned with the question "What 

causess inductive learning to be difficult?" and Chapter 4 focuses on the methodolog-

icall  issue of how to measure inductive learning. In Chapter 5, both questions are 

interwoven,, as the methodological aspects discussed in that Chapter clearly show the 

complexityy of inductive learning that would otherwise not be easy to pinpoint. 

Inn the final Chapter of this thesis, the different approaches in the Chapters 2 to 5 

aree summarized and interpreted in terms of a general theory of inductive learning. 

Ass put forward in the above discussed "(Non-)Mythology" and "Pressing the lim-

its""  reasons, the research presented in this thesis does support the claim that there is 

nothingg special about inductive learning. Even the large differences between learn-

erss found in some of the tasks reported in this thesis can be easily explained with 

down-to-earthh arguments; as these differences are largely due to differences in the 

learners'' assumptions associated with the discovery task - not necessarily with good 

orr bad discovery behavior. Moreover, the research reported in this thesis suggest 

aa refinement of the claim as put forward in the influential SDDS accounts (Klahr 

&&  Dunbar, 1988) that inductive/discovery learning is mainly driven by hypotheses. 

Thatt is, instead of playing a central role, hypotheses seem to play a relative minor role 

comparedd to the major role of experiment construction and interpretation. 



CHAPTERR 2. 

M O D E L I N GG DEVELOPMENTAL TRANSITIONS ON 
THEE BALANC E SCALE TASK 

Abstract t 

Periodss of relatively stable, rule-like behavior alternated with short 

transitionn periods characterize cognitive development on reasoning 

taskss Hke the balance scale task. Each transition gives rise to an 

improvementt in behavior, until a phase is reached in which per-

formancee is flawless or improvement is not worthwhile given the 

necessaryy extra effort. Several computational models have been de-

velopedd to capture the developmental phenomena associated with 

thee balance scale task. These models, which originate from dif-

ferentt computational traditions, explain the main phenomena of 

development.. Recently, empirical phenomena have been reported 

thatt these models cannot easily accommodate. We propose a com-

putationall  model that is implemented in ACT-R and that is based 

onn the evaluation of success of applied knowledge, combined with 

aa mechanism to construct new knowledge by searching for differ-

encess between the left- and right-hand sides of presented balance 

scalee problems. This model accounts for the main empirical phe-

nomenaa as well as for the recently reported empirical phenomena 

suchh as learning without feedback. 

Thiss chapter is published as Van Rijn, Van Someren, and Van der Maas (20(13) Modeling Developmental Transitions 

onn the Balance Scale Task, (.ogiiitire Science, 27(2), 227-257. 
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Cognitivee development in many domains is conceptualized as a progression through 

aa series of increasingly complex and increasingly accurate task-specific stable phases. 

Behaviorr on the balance scale task, a task that is related to proportional reason-

ing,, displays this type of developmental progression (Chlestos, De Lisi, Turner, & 

McGillicuddy-Dee Lisi, 1989; Jansen & Van der Maas, in press; Siegler, 1981). Periods 

off  relatively stable performance ("phases"), alternate with short periods of unstable 

performancee during which a new phase is attained. In a balance scale task, a child 

iss asked to predict the direction of movement of a balance scale. Pegs are situated 

att equal distances from each other and the fulcrum. Identical weights are placed on 

onee of the pegs at both sides of the fulcrum. The balance will tip to either side, or 

remainn in balance, depending on the number and the positions of the weights. This 

taskk is used to investigate the strategies that children employ in solving this task, the 

effectt of training on the children's behavior, and the transition from one strategy to 

thee next (e.g., see Siegler, 1976, 1981; Siegler & Chen, 1998). Siegler distinguished 

sixx types of balance scale items1, which he used to categorize behavior in terms of 

thee inferred strategies. The six types are divided into three simple types and three so-

calledd conflict-types. The simple item types are: (a) Balance items with equal numbers 

off  weights at each side and equidistant to the fulcrum; (b) Weight items with unequal 

numberss of weights at each side, equidistant from the fulcrum; and (c) Distance items 

withh an equal number of weights at each side, but at different distances from the 

fulcrum.. These item types are called simple item types as the weight and distance 

informationn do not conflict. The three conflict item types are characterized bv both 

differentt numbers of weights and different distances from the fulcrum. Moreover, 

thee answers based on each dimension conflict: if the weight dimension predicts the 

answerr to be "the balance scale tips to the left side", the distance predicts the oppo-

site.. Depending on the differences between the weights and distances, the scale tilts 

too the side with the largest number of weights or to the side where the distance to the 

fulcrumm is greatest. In (d) Conflict Weight items, the balance scale tilts to the side with 

thee larger number of weights. In (e) Conflict Distance items, the scale tilts to the side 

wheree the distance to the fulcrum is greater. In (f) Conflict Balance items; the effects 

off  the two dimensions compensate: the scale remains in balance. The behavior of 

childrenn on the balance scale task has been studied extensively by comparing their 

dr ivenn a five weights and five distances at each side balance scale, 68% of all possible items fall in these six items 

types,, see Table 2. The remaining items have more weights at the side with the larger distance, and are therefore less 

suitablee to categorize behavior. We wil l refer to these items as Weight/Distance items. 
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performancee on the different item types. These studies have established repeatedly a 

numberr of empirical phenomena which will be discussed in the next section. 

Identifyingg phenomena does not provide an account of the mechanisms underlying 

behavior.. As argued by many authors (e.g., Boden, 1979; Anderson, 1987; Siegler, 

1989),, one needs to understand the mechanisms that cause the changes in behavior 

too obtain a causal explanation of development. In attempts to explain these mecha-

nismss in the case of the balance scale task, several computational models have been 

proposed.. These models, which originate from different computational traditions, 

explainn the main phenomena of development. Recently, new empirical phenomena 

havee been reported which these models cannot easily accommodate. 

Thiss paper consists of three parts. We first describe the main empirical phenomena 

associatedd with development on the balance scale task. Second, we discuss existing 

computationall  models of the balance scale task. Finally, we present a computational 

modell  that does account for the major empirical phenomena and we discuss its ex-

planatoryy value. 

EMPIRICALL PHENOMENA AND CRITERIA 

Inn this section, we discuss the major empirical phenomena (EP) associated with the 

balancee scale task. On the basis of these phenomena, we formulate four sets of 

empiricall  criteria. Only if a computational model satisfies these four criteria, it can 

bee considered a model of the full range of behavior associated with the balance scale 

task. . 

E M P I R I C ALL P H E N O M E NA 

EP1::  Stable Phases and Transitions The behavior of children on the balance 

scalee task is often classified according to their inferred use of a small number of 

"Rules""  . The notion of Rule use is based on the observation of homogeneous 

behaviorr on balance scale items of a particular type. This "consistency crite-

rion""  (Reese, 1989) is often cited as evidence for rule use. Within the balance 

scalee domain, the consistency criterion is operationalized by Siegler's (1981) 

"Too ease presentation, the Rules empirically identified bv Siegler and others, see UP2, are written with a upper case 

"R" ,, whereas ACT-R production rules, to be introduced later, are written with a lower case "r" . A single Rule is always 

implementedd as a set of production rules. 
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rulee assessment methodology, losing this methodology, children's responses are 

comparedd with the responses implied by the various Rules. Their behavior is 

classifiedd according to the closest match between their responses and those as-

sociatedd with a given Rule. Jansen and Van der Maas (1997) improved the rule 

assessmentt methodology by applying latent class analysis. Latent class analysis3 

iss a statistical technique used to determine the number and kind of unobserv-

ablee classes of behavior which give rise to observed responses on balance scale 

items.. Using this technique, Jansen and Van der Maas (1997, in press) provided 

aa statistically sound foundation of Siegler's earlier results (1976, 1981). 

Thee overall picture that emerges from these studies is that children adopt pro-

gressivelyy more powerful Rules during development, which results in increas-

inglyy better performance. Between transitions, children display stable and con-

sistentt behavior on the balance scale task. During the transition from one Rule 

too the next, performance is more erratic as some items of a particular type are 

alreadyy answered correctly, whereas others are still answered according to the 

earlierr Rule yielding incorrect answers. The exact mechanism of transition may 

differr from Rule to Rule. 

EP2::  The Rules Siegler (1976,1981) has identified four Rules that characterize chil-

dren'ss behavior during different phases. These Rules are shown in Figure 3.1. 

Rulee I involves the following steps: consider the number of weights on each 

side:: if equal, predict that the balance scale wil l remain level, if unequal, pre-

dictt that the balance scale will tip to the side with greater weight. Like Rule I, 

Rulee II states that the scale will tip to the side with the greater number of 

weights.. However, if the weights are equal, the distance dimension is taken into 

account.. Rule II I states that both the weight and distance dimension are taken 

intoo account. If one side has greater weight and the other greater distance, the 

childd guesses. (Described as "muddle through" in Siegler, 1976.) Rule IV states 

thatt both dimensions are considered and if the dimensions conflict (as in the 

conflictt item types), the torque is computed by multiplication of the weights 

andd distances. Note that these Rules have multiple conditional responses, and 

33 Latent class models consist of classes that arc defined by response patterns associated with the item types. Latent 

classs models are fitted by determining the relative size of each of the classes (McCutcheon, 1987). Main advantages 

overr the standard rule assessment method are (a) statistical methods to evaluate the fit of the Rules to the data are 

available,, (b) it is not necessary (although possible) to specify the Rules a priori, so that new Rules can be detected, and 

(c)) different balance scale tests with different numbers of items can be compared. 
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aree therefore more complex than "standard" IF-THEN rules. 

Thee unsystematic behavior before Rule I is often described as Rule 0 or pre-

Rulee I. The first three Rules (Rule I-Rule III ) are comparable because they 

consistt of simple steps consisting only of comparisons. Rule IV includes an 

additionall  step that involves multiplication. Rule I is completely unidimen-

sional,, as only the weights are taken into account. Rule II is neither completely 

unidimensionall  nor multidimensional, as it can be applied by switching atten-

tiontion from one dimension to another. Only Rule II I and Rule IV require full 

multidimensionall  reasoning as both weight and distance values are considered 

simultaneouslyy (Siegler, 1996). The period in which a child uses a particular 

Rulee is referred to as a Phase (e.g., Rule I is used in Phase I). 

Afterr Siegler's initial study, these results have been replicated in numerous other 

studies.. Besides confirmation of the originally presented Rules, some new Rules 

weree proposed. However, a number of these Rules are hard to identify empir-

icallyy as these predict the same performance as other Rules (e.g., see Jansen & 

Vann der Maas, in press for a latent class based analysis and categorization of 

Ruless used bv children). An exception is the Addition Rule (Ferretti, Butter-

field,, Cah, & Kerkman, 1985; Normandeau, Larivee, Roulin, & Longeot, 1989). 

Thee Addition Rule states that the answer is based on the addition of weight and 

distancee values when presented with conflict items. 

Itt is sometimes doubted whether subjects classified as Rule IV use multiplica-

tionn rather than some other procedure, such as perceptual approximation or 

problem-answerr mappings. However, in studies in which the rule assessment 

classificationn is studied by asking for verbal explanations, most subjects clas-

sifiedd as Rule IV refer to multiplication in their explanations (Siegler, 1976, 

1981).. Another issue with regard to Rule IV is whether Rule IV can be learned 

withoutt explicit instruction which would have serious implications for balance 

scalee models. As advanced subjects new to the balance scale task regularly use 

Rulee IV to solve the problems, the Rule can be learned without explicit bal-

ancee scale task instruction. Of course, it is possible that they received explicit 

instructionn in related domains. But irrespective of how the Rule is learned, a 

significantt group of subjects master Rule IV, and so should complete balance 

scalee models do. 
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FigureFigure 3.1. Rules that categorize behavior as identified by Siegler (1981). 
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(a)) Maxwell convention (b) Delay convention 

'3 3 

Rulee 2 

Rule l l 
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Distancee Difference 

(c)) Sudden jump 
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FigureFigure 5.2. Three transition patterns, x-axis denotes the difference in distances left and right of the fulcrum, 

thee y-axis denotes the used Rule. Note that the actual distance difference values are not constrained, for 

example,, the Maxwell convention can also occur at distance difference four. 

EP3::  Transition Phenomena without Feedback In a recent study, Jansen and 

Vann der Maas (2001) describe phenomena associated with the transition from 

Rulee I to Rule II . Jansen and Van der Maas presented a sequence of distance 

itemss to Phase I children. The weights of the first item were situated on the 

firstfirst peg left from the fulcrum, and on the second peg right from the fulcrum. 

Duringg the first part of the sequence, the distance between the fulcrum and the 

weightss was increased by moving the weights on the right side one peg out-

wardd per presentation. During the second part of the sequence, which started 

oncee the weights had reached the most extreme peg, the distance was decreased 

againn by moving the weights back toward the fulcrum. This way, the difference 

betweenn the left and right distance values first increased and then decreased. 

Thee choice to manipulate distance was based on research that suggests that the 

availabilityavailability or encoding of the distance dimension influences performance on the 

balancee scale task (Siegler & Chen, 1998; Siegler, 1976, Exp.3). As in most 

balancee scale studies, the children were not given any feedback concerning their 

responses.. Of the 314 children tested (age range 6 to 10 years), 27% displayed 

behaviorr that was not consistent with Rule I over the sequence of difference 

distancee manipulations. Three interesting deviations from Rule I were found. 

Inn these cases, children showed behavior in accordance with three transition 

patterns.. The diagrams in Figure 3.2 illustrates these patterns and the associ-

atedd responses. 
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Fourr percent of the children displayed a change from Rule I to Rule II behavior 

andd from Rule II to Rule I at exactly the same point in the sequence. This pat-

tern,, which is shown in Figure 3.2a, is consistent with the so-called "Maxwell 

convention""  (see Jansen & Van der Maas, 2001). Three percent of the children 

displayedd a switch at a different point in the sequence depending on whether 

thee difference in distances was increasing or decreasing. This pattern, which is 

shownn in Figure 3.2b, is consistent with the so-called "Delav convention". Nine 

percentt of the children displayed a sudden jump from Rule I to Rule II as the 

distancee difference was increased, but did not return to Rule I as the distance 

differencee was decreased. This so-called "sudden-jump" response pattern is 

shownn in Figure 3.2c. Besides these three groups, eleven percent of the children 

displayedd behavior that deviated from Rule I, but that was not classifiable. Re-

grettably,, such detailed information is not available for other transitions; Jansen 

andd Van der Maas (2001) only studied the transition from Rule I to Rule II . 

Notee that these results do not necessarily imply that manipulating the distance 

dimensionn is the only or even the most important wav to trigger transitions. 

However,, the results do show that transitions can be induced without feedback. 

Inn general, this behavior is comparable to learning without feedback which 

hass also been posited in areas as language learning (Pinker, 1984; Taatgen & 

Anderson,, 2002) and implicit learning (e.g., Cleeremans & McClelland, 1991). 

EP4::  Torque Difference Effect A similar but less specific effect is the "torque dif-

ferencee effect". This effect refers to the finding (Ferretti et al., 1985; Ferretti & 

Butterfield,, 1992) that within item types, items with a large difference in torque 

aree more likely to be answered in a manner consistent with a more advanced 

Rulee than items with a smaller torque difference. This suggests heterogeneous 

behaviorr within item types. Such heterogeneity7 challenges the notion of Rules 

andd the rule assessment method as proposed by Siegler. However, reanalysis 

off  the data (Jansen & Van der Maas, 1997) shows that the torque difference 

effectt only occurs with items with extreme torque differences. Therefore, it 

iss concluded that the children's behavior is homogeneous for moderate torque 

differencee levels and that a torque difference effect is limited to large torque 

differences. . 
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E M P I R I C ALL C R I T E R IA 

Ideally,, these behavioral phenomena should be reproduced by models of develop-

mentt on the balance scale. Therefore, we translate these phenomena into four sets 

off  empirical criteria for models of balance scale behavior. 

EC1.. Rule-like Behavior  The behavior of the model should be classifiable into 

Rules.. This classification can be conducted by latent class analysis or by in-

spectingg the models' implementation directly4. As different levels of rule-like 

behaviorr implies transitions, the model must explain transitions from one Rule 

too another. 

EC2.. Rule sets A complete model of balance scale behavior should include the four 

Ruless as identified by Siegler (1976), and the later identified Addition Rule (Nor-

mandeauu et al., 1989). The Rules should appear in a fixed order. 

EC3.. Transition Patterns without Feedback The model should explain how 

transitionss occur on series of items with increasing and decreasing distance dif-

ferencess in the absence of feedback. In particular, the model should give rise to the 

threee transition patterns as presented in Figure 3.2. This criterion applies to the 

transitionn from Rule I to Rule II as detailed results concerning the transitions 

betweenn the other Rules are not available. 

EC4.. Torque Difference Effect for  Large Torque Differences A model should 

reproducee the Torque Difference Effect for large torque differences but not 

forr small difference values. 

COMPUTATIONALL M O D E LS 

Severall  computational models have been proposed to explain development on the 

balancee scale. We discuss models of balance scale behavior based on production 

rules,, decision trees, and neural network models. Without entering into the discussion 

onn the psychological validity of these architectures, the models are discussed in terms 

off  the degree to which the empirical criteria are satisfied. 

4Somee models directly implement the Rules as specified in Figure 3.1. Classification by latent class analysis is 

superfluouss in this case. 
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Obviously,, the models should have access to some form of feedback. Without feed-

back,, none of the models would be able to show development through the phases. 

However,, in accordance with EC3, the models should be able to explain how local 

developmentall  transitions can take place without feedback. 

P R O D U C T I ONN R U L E M O D E L S 

Wee discuss two production rule models5. The first computational model of balance 

scalee behavior is Klahr and Siegler's (1978) production rule model. They showed that 

differentt sets of static production rules were able to capture the observed Rules. The 

modell  did not specify a transition mechanism and it therefore failed to meet the first, 

mostt important empirical criterion (EC1). 

Sagee and Langley (Sage & Langley, 1983; Langley, 1987) presented the first compu-

tationall  model that actually shows development from Rule I to Rule III . As shown 

inn Figure 3.1, the central idea is that Rule II adds extra conditions to Rule I, as does 

Rulee II I to Rule II . Their model starts with a set of production rules that produce 

randomm answers. The model learns by discrimination: if the model produces an in-

correctt response to an item, a new production rule is created based on an analysis of 

thee differences between this item and the last item which the production rule solved 

correctly.. Performance is kept stable for some time by a strength parameter. A new 

productionn rule is created when no production rule is available with a strength level 

abovee a certain threshold. This model shows rule-like behavior and transitions (EC1) 

fromm Rule I to Rule III . The model does not acquire Rule IV, because this Rule can-

nott be constructed as the concept of multiplication is not available to the model. 

Thee same holds for the Addition Rule. However, incorporation of multiplication 

andd addition mechanisms will probably result in the construction of the appropriate 

Rules. . 

Thee discrimination method used in this model often gives rise to production rules 

thatt result in behavior not found in empirical data. The model therefore satisfies EC2 

onlyy partially. It is unclear how this model may incorporate the non-feedback related 

phenomenaa (EC3). The model only checks whether weights and distances differ and 

doess not use the actual values in conditions of production rules. Therefore it is not 

''Ann often-cited production rule model of balance scale behavior is a model in SOAR (Newell, 1990, p.465ff). 

However,, the description of this model does not provide enough information to evaluate it. 
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sensitivee to differences within item types and fails to satisfy EC4. 

Thee ACT-R architecture and the model that we present below share a number of 

featuress with this production rule model. ACT-R incorporates the idea of usefulness 

parameterss for production rules, but in a more sophisticated way. As in the models 

off  Sage and Langley, our model also constructs new production rules. However, as 

discussedd below, the new production rules are based on knowledge available to the 

ACT-RR model, instead of on purely architectural mechanisms. In the Langley (1987) 

model,, new production rules are constructed by adding conditions to existing rules. 

Inn the ACT-R model, new production rules are created that operate in cooperation 

withh existing rules. 

D E C I S I ONN T R EE M O D EL 

Schmidtt and Ling (1996) presented a model based on decision tree learning. This 

modell  acquires behavior on the balance scale by constructing decision trees. At the 

top-levell  of the tree is the most predictive test, one branch below are the next most 

predictivee tests given the value on the top level test, etcetera. For example, a decision 

treee for Rule II (Schmidt & Ling, 1996, p.217) starts with 'Are weights and distances 

equal?""  If both are equal, the model predicts that the balance scale will remain in 

"balance",, otherwise the next test is "Which side has the most weights?". During 

thee construction of the tree, new conditions are added until the tree reaches a pre-

specifiedd "error tolerance" threshold. The algorithm used by Schmidt and Ling uses 

aa complete training set when constructing the tree. However, as pointed out by 

thee authors, algorithms exists that produce similar trees by presenting training items 

incrementally. . 

Thee decision tree model is similar to the production rule models of Sage and Langley. 

AA path from the top-level of the tree to an end-point can be viewed as a rule. The 

conceptss from which the tests are constructed are binary concepts representing (a) 

thee side with the larger number of weights, (b) the side with the larger distance and (c) 

aa concept that represents whether the weights and distances for both sides are equal. 

Besidess these concepts, which were also available in the above discussed models of 

Sagee and Langley, the decision tree model also has access to concepts expressing 

thee (d) numerical difference in weights and the (e) numerical difference in distances 

betweenn both sides. 
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Thee model satisfies EC1 as it acquires trees that correspond to the Rules. Moreover, 

thee transitions from one Rule to another are by definition sudden. As the model 

learnss the first three Rules in the right order, it partially adheres to EC2. However, 

thee concepts of addition and multiplication are not included in the model. Therefore, 

thee model is not able to learn the Addition Rule and Rule IV is approximated by 

specificc item-to-answer mappings. If multiplication were included in the model, it is 

unlikelyy that the other strategies would remain available. It is unclear whether this 

modell  can incorporate the non-feedback related phenomena (EC3). With respect 

too EC4, different Rules are constructed for the values of the numerical difference 

conceptss (d and e), hereby reproducing the Torque Difference Effect. However, the 

Torquee Difference Effect is produced consistently, that is, both for smaller and larger 

torquee difference values. 

CONNECTIONISTT MODELS 

McClellandd (1989, 1995) presented a connectionist model of balance scale behav-

iorr that learns by back-propagation of feedback. The network consists of two output 

nodess representing the predicted answer and ten input nodes, five for each side. Only 

onee of the input nodes per side receives activation. The distance dimension deter-

miness which of the input units is activated, and the weight dimension determines the 

amountt of activation. The input and output nodes are connected by separate hidden 

layerss for the distance and weight dimensions. To explain the order of the Rules (i.e., 

thee use of the weight dimension before the distance dimension), McClelland assumes 

thatt initially weight items occur more frequentlv than distance items. 

Thee first empirical criterion poses a problem for this model. Using Siegler's rule 

assessmentt methodology, McClelland claimed a successful fit  to human data. How-

ever,, reanalysis of the model's behavior using latent class analysis showed that the 

behaviorr of the model cannot be described by a set of distinct rules (Jansen & Van 

derr Maas, 1997). The model therefore fails to show homogeneity within item types. 

Furthermore,, Raijmakers, Van Koten, and Molenaar (1996) showed that the model 

failss to show qualitative transitions between the Rules. 

Withh respect to EC2, the model is not able to learn stable Rule behavior as it some-

timess regresses after a period of stable behavior. Moreover, Rule IV is never learned. 

Becausee the model is only able to learn by feedback-dependent back-propagation, it 
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failss the no-feedback criterion (EC3). With respect to EC4, the model does show the 

Torquee Difference Effect (McClelland, 1995). 

Shultzz and his co-workers (Shultz & Schmidt, 1991; Shultz, Mareschal, & Schmidt, 

1994;; Shultz, Schmidt, Buckingham, & Mareschal, 1995) modeled balance scale be-

haviorr with cascade-correlation networks. The central tenet of cascade-correlation 

iss the introduction of new hidden nodes into the model if the back-propagation-like 

learningg mechanism does not reduce the error between predictions and feedback 

fastt enough. Here we wil l discuss the model as presented in Shultz et al. (1995). This 

modell  has five input units for each side of the balance scale and two output units. 

Thee distance dimension determines which of the input units is activated, and the 

weightt dimension determines the amount of activation, initially, as in McClelland's 

model,, weight items are over-represented in the training problems to accommodate 

thee initial preference for weight. 

Accordingg to analyses with the rule assessment methodology6, the behavior over time 

off  the cascade correlation network follows the Rules. However, because the learning 

mechanismm of the cascade correlation network is comparable to that of McClelland's 

model,, it is likely that the transitions are better described by gradual adaptation than by 

suddenn transitions. This impression of gradual adaptation is reinforced by the remark 

madee by Shultz (1994, p. 81) that: "The cascade correlation model suggests that 

balancee scale [..] transitions are soft and tentative rather than abrupt and definitive". 

Thee threshold for adding new hidden nodes plays a role in how long performance 

remainss stable. This model therefore occupies a position between the production 

rulee model and the back-propagation model with respect to the generation of Rules 

(EC1).. This model learns all four Rules in the correct order (EC2). However, as 

noo torque is calculated, the model can only approximate Rule IV behavior. Shultz 

ett al. (1994) did not attempt to incorporate the Addition Rule in their model. Like 

McClelland'ss model, it fails the no-feedback criterion (EC3), because the model is 

onlyy able to learn by feedback-dependent back-propagation. The model does show 

thee Torque Difference Effect (EC4). 

6Latentt class analysis has yet to be applied to the data generated by this model. 
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C O N C L U S I O NS S 

Tablee 3.1 summarizes the empirical criteria that each model satisfies. Although each 

modell  provides an interesting perspective on the process of balance scale develop-

ment,, none is able to model all empirical data. The most prominent problem is 

thatt none of the models can explain learning without feedback. In the next section 

wee present an account of behavior on the balance scale task that satisfies all four 

empiricall  criteria. This model is based on the ACT-R cognitive architecture 

Tablee 3.1: Overv iew of empirical criteria per model. 

ModelModel Type 

Product ionn Rules Decision Trees Neural Networks 

EmpiricalEmpirical Criteria KS'78 SL'87 SL'96 McC'95 S'95 

EC1: : 

EC2: : 

EC3: : 

EC4: : 

Rule-likee behavior 

Rulee sets 

Transitionn Patterns 

withoutt Feedback 

Torquee Difference Effect 

--
/ / 

/ / 
+ + 

--

--

• • 
+ + 

--

+ + // / 

Note.Note. S: Criterion fully satisfied, +: Criterion partly satisfied, -: Criterion not satisfied. Note that 

thee evaluations are based on the descriptions of the models as available in literature. This does not 

meann that models with "+" and "-" evaluations cannot be extended to match the criteria better. 

KS'78:: Klahr & Siegler, 1978, SL'87: Sage & Langley, 1983, SL'96: Schmidt & Ling, 1996, McC'95: 

McClelland,, 1995, S'95: Shultz et al., 1995. See text for a complete list of references. 

ANN ACT-R MODEL OF BALANCE SCALE BEHAVIOR 

ACT-RR (Anderson, 1990; Anderson & Lebiere, 1998) is a hybrid cognitive architec

turee in which the use of symbolic knowledge is mediated by associated quantitative 

values7.. In constructing an ACT-R model of balance scale behavior, we distinguish 

betweenn three aspects of the model: mechanisms, task-specific concepts, and capac

ityy constraints. Most important are the mechanisms. The mechanisms involve several 

ACT-RR specific processes, which will be explained in detail below. However, the key 

ideaa is a very general strategy, which underpins balance scale behavior in all phases. 

Thiss strategy is: "solve balance scale items by searching for differences between the 

ACT-RR has previously been applied to cognitive development. Taatgen (1999) focussed on the compilation and 

usagee of different production rules, Lebiere and Anderson (1998) focussed on the acquisition and tuning of declarative 

knowledge,, and Jones, Ritter, and Wood (2000) focussed on capacity related constraints. 
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leftt and right side of the balance scale". The performance of this strategy is con-

strainedd by the presence or absence of task-specific concepts and by the available 

capacity.. With respect to the task-specific concepts, the availability of a particular 

conceptt or property determines whether it can be used in the reasoning process. Ex-

ampless are the facts that multiplication is not available initially, and that children no-

ticee the weights earlier than the distances. The capacity constraint, expressed as uni-

versuss multidimensional reasoning, influences the number of concepts (i.e., weight 

andd distance) that can be incorporated simultaneously in the general strategy. Initially, 

childrenn can only accommodate a difference on one dimension, which constrains the 

generall  strategy to "search for a difference between the left and right side of the 

balancee scale". We will demonstrate how the interplay between these three aspects 

off  the model explains the four empirical phenomena. First, we give an overview of 

thee properties of the ACT-R architecture that are important in the present model. 

Then,, we discuss the task-specific concepts and the capacity constraints. Finally, we 

presentt simulations of the developmental process including all phase transitions, the 

transitionn patterns and the torque difference effect. 

K E YY STRUCTURES A N D M E C H A N I S MS OF T H E ACT-R A R C H I T E C T U RE 

Chunkss & Production Rules ACT-R stores knowledge in two types of memory. 

Declarativee memory contains chunks that represent descriptive knowledge, whereas 

procedurall  memory contains production rules that represent procedural knowledge 

inn the form of IF-THEN actions. 

Eachh chunk is of a specific type that defines its function in the model. At each point 

inn time, one of the chunks in the model denotes the goal of current processing. 

Att each processing step, ACT-R examines all production rules to test which produc-

tionn rules match the current goal. A production rule is considered to match if the 

conditionss of that production are satisfied by the active goal. Besides conditions on 

thee active goal, a production rule can also have conditions on the availability of declar-

ativee information. To retrieve information from declarative memory, a production 

rulee initiates a retrieval request. This request specifies the conditions that determine 

thee type of information that is required. Subsequent production rules can test for 

thee availability of that knowledge, that is, they can test whether the given conditions 

returnedd a retrievable chunk. In addition to initiating a retrieval, the THEN-side of 
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productionn rules can change the current focus to a new goal, modify the current goal 

orr initiate other external actions. 

Activationn & Utilit y Instances of both declarative and procedural knowledge have as-

sociatedd quantitative parameters that express their usefulness. If a chunk is retrieved 

orr a production rule has proven to be successful in achieving the goal, the associated 

parameterr is increased in value. As a consequence, the chunk or production rule will 

bee used more often. For declarative memory chunks, this quantitative parameter is 

representedd as the activation level of the chunk. The activation level depends on a 

base-levell  activation and on activation sources originating in the model's context. The 

base-levell  activation (B) is determined by the number and recency of past retrievals 

off  that chunk, i.e., B = ln(X/=]t~ ). The summation is over all previous retrievals (n) 

off  this chunk, with tj being the time in seconds between retrieval j and present, and 

dd being the decay rate (by default fixed at .5). The default ACT-R context activation, 

calledd associative activation does not play an important role in the model presented 

here.. However, in the second set of simulations presented in this paper, a differ-

entt type of context activation is introduced that reflects perceptual saliency. When a 

modell  initiates a retrieval request, and multiple chunks with activation levels above 

thee retrieval threshold satisfy the conditions of that retrieval request, the chunk with 

thee highest activation is retrieved. 

Forr production rules, the main parameter is the utility-. The utility of production rules 

iss determined by a combination of the proportion of successful completions of goals 

andd the costs associated with that production rule: Utilit y — U = P x G -C + <7. 

Inn this equation, P is the proportion of successful applications of the production 

rule.. This proportion is multiplied by a constant G (20, by default). C reflects the 

costt associated with the execution of the production rule, expressed in units of time. 

Thee last variable in the equation, a, represents normally distributed noise that may 

optionallyy be added to the utility. 

Thee value of the parameters P and C depend on the performance of the current 

productionn rule and the performance of the production rules that follow the current 

one.. With respect to the P parameter, a production rule is considered to be executed 

successfullyy if the goal to wrfnch it was applied is tagged as successfully solved. The 

valuee of the C parameter depends on both the costs of the current production rule 
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andd the costs of following production rules used for the same goal. Each production 

rulee has a fixed cost of 50ms. Besides these fixed costs, a production rule might take 

moree time if it has to wait for a retrieval from declarative memory, or if it involves 

perceptuall  or motor actions. During the run of a model, the P and C parameters are 

updatedd on the basis of new experiences. For example, if a large number of goals 

aree solved successfully, P will increase as the overall proportion of correctly answered 

problemss increases. Similarly, if the costs associated with solving a problem decreases 

(e.g.,, because of acquiring a more efficient strategy), the C parameter will decrease. 

Ass with chunks, if more than one production rule satisfies the current constraints, 

thee production rule with the highest utilitv value is selected. In the simulations re-

portedd below, normally distributed noise wTas added to the utility. This results in the 

modell  occasionally trying alternative production rules. If an alternative production 

rulee performs better than the original production rule, this is reflected in its utility 

parameters.. Eventually, this alternative production rule will supersede the original. 

Learningg & Production Composition ACT-R models are able to expand their 

knowledgee by adding new chunks and production rules to their memories. The 

sourcee of new declarative knowledge can be internal or external. The internal source 

off  new chunks are production rules. New chunks are added if the production rule 

modifiess the goal-chunk to which it was matched, or if it constructs a new chunk in 

itss THEN-side. An example of an external source of new chunks is perception. 

AA recent addition8 to ACT-R (ACT-R v5.(), production rule learning, 2002; Taatgen & 

Anderson,, 2002; Taatgen, 2000) is production composition. Production composition 

createss new production rules by joining two production rules that occur in succession 

intoo one single rule. This process eliminates intermediate retrievals from declarative 

memory.. For example, assume that two production rules are executed in succession. 

Iff  the first production rule initiates a retrieval request and the second production rule 

processess the retrieved chunk by storing information from that chunk in the current 

goal,, production composition constructs a new production rule that modifies the 

goall  chunk in the same fashion as before, but without requiring a retrieval. In other 

T h i ss addition is nor part of the ACT-R version as described in Anderson and l.ebiere (1998), but is incorporated 

inn a new version (ACT-R v5.0, 2002). Although the version of ACT-R as described in Anderson and Lebiere (1998) 

iss also able to construct new production rules, the new composition mechanism constructs new rules using a more 

principledd method. 
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words,, production composition specializes a general procedure to solve a problem 

intoo a problem specific procedure bv eliminating the retrieval. 

Thiss composition mechanism also applies to learning new behavior from declarative 

descriptionss of the involved actions. These representations (declarative actions) are 

availablee as chunks (cf., Anderson, 2000), for example as the results of observing 

otherss perform actions, or as the result of explicit instruction. The declarative actions 

cann be matched and executed by "interpretive production rules". These production 

ruless retrieve the declarative actions and modify the goal based on the contents of 

thee declarative actions. Because of these modifications, other production rules now 

matchh the goal, giving rise to new behavior. By means of this process of alternating 

executionn of interpreting and "normal" production rules, new sequences of behavior 

emergee on the basis of already available production rules. 

Thee utilities of newly composed production rules are inherited from the parent rules. 

However,, as the composed production rule often removed the necessitv of a retrieval 

andd combined two production rules into one, the costs associated with the new pro-

ductionn rule are lower than the old combination of production rules. That is, the 

costss of the newly composed production rules does not involve the costs associated 

withh extra retrievals (a variable amount of time) and the costs of executing the sec-

ondd production rule (i.e., a fixed 50 ms). As the success rate of the newly composed 

productionn rule is equal to the success rate of the non-composed production rules, 

thee difference in costs will eventually favor the composed production rules9. 

E X P L A N A T I O NN OF D E V E L O P M E NT IN T H E M O D EL 

Figuree 3.3 shows three main factors underlying the behavior and development of the 

ACT-RR model. The first factor, the mechanisms, is a combination of the ACT-R ar-

chitecturee and task-general knowledge. ACT-R provides the basis for behavior (e.g., 

thee execution of production rules, the selection of chunks) and development (e.g., 

compositionn of new production rules, updating of the quantitative parameters that 

expresss the utility of production rules). The task-independent part of the mecha-

nismss contains the interpretive production rules and the declarative representations 

off  actions. These actions represent the strategy "answer a balance scale problem by 

yForr links to an extended discussion of composition and learning from instruction, see the ACT-R v5.0 website: 

h t t p : / / a c t . p s y . c m u . e d u / A C T -RR 5 .0 

http://act.psy.cmu.edu/ACT-R
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FigureFigure 53. Availability of components of the model over time. 

searchingg for differences". 

However,, this does not specify the property to which the model should attend. This 

iss specified by the second factor: the task-specific concepts. The availability of a con-

ceptt is mediated by the activation of the declarative chunk representing that concept. 

Iff  this chunk is above the retrieval threshold, the related concept can be incorporated 

inn the decision process. We make two, rather uncontroversial, assumptions about the 

secondd factor. The first is based on the empirical observation (Siegler, 1976; Siegler 

&&  Chen, 1998) that children initially prefer weight above distance. We simply assume 

ann initially higher activation for weight than distance10 on the basis of the encoding 

studiess of Siegler (1976). The second assumption states that the concepts of addition 

andd multiplication appear later in development. The exact timing of the appearance 

iss of less importance since the emergence of the Addition Rule and Rule IV also 

dependd on the capacity constraints. 

I 0Notee that the ACT-R model would also work given an initially higher activation for distances, i.e., it does not 

explainn the preference of weight above distance. 
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Capacityy constraints form the third factor. In many developmental theories, notably 

thee Neo-Piagetian theories, the increase in capacity plays a central role in the devel-

opmentt of domain specific strategies (Case, 1985; Pascual-Leone, 1970). Although it 

hass proven to be difficult to quantify the precise effects of cognitive capacity (Chap-

man,, 1990), it is quite clear that its increase plays an important role in the transition 

fromm uni- to multidimensional thinking (Siegler, 1996). It is this specific consequence 

off  the capacity constraint that we use to explain the generalization of the "search for 

differences""  strategy. Initially, capacity limitations constrain the strategy to "search 

forr a difference", and only later is the strategy extended to "search for more than one 

difference". . 

Thee development of performance depends on these three factors. The mechanisms 

explainn how development occurs, the other two factors explain the order and timing 

off  development. 

Fromm its initialization, the model has access to declarative knowledge about how 

"forcedd choice problems" are to be solved. This declarative knowledge represents 

thee strategy that one has to search for a property that differs for the answer alterna-

tivess (e.g., "tip to left", "ti p to right" or "remain in balance") to solve a force-choice 

problem.. In the context of the balance scale this means that it should look for a 

differencee between the left- and right-hand side of the balance scale. If a difference 

iss found based on the interpretation of the declarative actions, the model uses this 

differencee to determine an answer. However, if no difference is found, the model 

searchess for a new- property. 

Initially ,, neither the weight nor the distance property is encoded because the activa-

tionn levels of the chunks representing the property are below threshold. Therefore, 

thee model generates an answer by guessing. After each guess, feedback is given about 

thee correctness of the given answer. As the proportion of correct answers based 

onn guessing is low, the production rules representing this strategy have a low util-

ity.. Therefore, as soon as the weight property becomes available, the model will 

startt to incorporate this concept in the decision process, yielding Rule I behavior. 

Ass this increases the proportion of correct answers, the production rules associated 

withh Rule I are preferred over the pre-Rule I production rules. As the proportion 

off  successful answers is still relatively low, distance is incorporated shortly after it 

becomess available to the model. However, as the available capacity is insufficient to 
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incorporatee both weight and distance in the decision process at the same time, the 

modell  switches its attention to distance, discarding the weight information. As deter-

miningg the answers based solely on weights is less successful if the weights are equal 

thann if the weights are unequal, the shift from weights to distances only occurs if the 

weightss are equal. When the capacity has increased sufficiently to make it possible to 

usee a strategy that incorporates both weights and distances, the model progresses to 

Rulee II I behavior. In this Phase, the weights and distances are examined regardless of 

thee weights being equal or unequal. However, as knowledge to combine the weights 

andd distances is as vet unavailable, the model can only guess the answer if the weights 

andd distances are both unequal. Only when the concept of addition or multiplication 

becomess available is the model able to progress to the Addition Rule or Rule IV. 

S I M U L A T I O NN I: P H A S E - B Y - P H A SE D E V E L O P M E N T AL P R O G R E S S I ON 

Inn this secdon we present the model in more detail and discuss how it simulates 

development.. In discussing the model, we will refer to Table 3.2 and Figure 3.4. 

Tablee 3.2 presents the numbers and proportions of correctly answered problems for 

alll  possible balance scale configurations. The numbers presented in this Table are 

specificc to a balance scale with a maximum of five weights and five distances on 

eitherr arm. For Rule I and Rule II , Table 3.2 contains both the overall statistics and 

statisticss broken down into the two different branches of these Rules (i.e., "weights 

equal""  and "weights unequal", see Figure 3.1). As all items of a particular item type 

aree answered using the same branch, the other branch does not apply for that item 

tvpe.. This is denoted by a full stop in Table 3.2. 

Figuree 3.4 plots the utilities of key production rules as function of the number of 

balancee scale problems presented to the model. As the random selection of training 

itemss influences the exact course of the utilities, the graph shows some variation over 

runs.. However, the values shown are illustrative for a typical run of the model. The 

productionn rules in Figure 3.4 are all constructed by the model on the basis of the 

declarativee actions. 

Phasee 0: At the start of each presentation, a problem is randomly sampled from the 

sett of all possible problems. For each problem, the model is presented the number 

off  weights and the distance to the fulcrum for both sides. Initially, the model resorts 
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Tablee 3.2: Number of correct responses per combination of Rule and balance scale item type for a five 

weightss times five distances balance scale configuration. 

pre-Rulee I (guess) 

Rulee I 

weightss equal" 

weightss unequal" 

Rulee 11 

weightss equal" 

weightss unequal" 

Rulee III' ' 

Additionn Rule' 

Rulee IV 

Numberr of items 

B B 

8.3* * 

25 5 

25 5 

25 5 

25 5 

25 5 

25 5 

25 5 

25 5 

D D 

33.3* * 

0 0 

0 0 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

Balancee Scale 

\\" " 
33.3* * 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

100 0 

CB B 

8* * 

0 0 

0 0 

0 0 

0 0 

8* * 

20 0 

24 4 

24 4 

Types s 

CD D 

29.3* * 

0 0 

0 0 

0 0 

0 0 

29.3* * 

64 4 

88 8 

88 8 

C\\ \ 

29.3* * 

88 8 

88 8 

88 8 

88 8 

29.3* * 

64 4 

88 8 

88 8 

WD D 

66.7* * 

200 0 

200 0 

200 0 

200 0 

200 0 

200 0 

200 0 

200 0 

Overalll  Correct 

Abs. . 

208.3 3 

413 3 

25 5 

388 8 

513 3 

125 5 

388 8 

491.6 6 

573 3 

625 5 

625 5 

Prop. . 

.33 3 

.66 6 

.20 0 

.78 8 

.82 2 

1 1 

.78 8 

.79 9 

.92 2 

1 1 

Note.Note. Different balance scale configurations lead to different absolute and relative values. 

B=balancee item, D=distance item, W=weight item, CB=conflict balance item, CD=confl ict dis-

tancee item, CW=confl ict weight item, WD=weight/distance item. Divisions by three indicate 

guessingg the answer. 

**  Assuming a j probability of a correct guess. 
a1 255 items have equal weights, 500 items have unequal weights. 

Ass described in Siegler (1976), e.g., "Muddle Through" 
cA ss described in Normandeau et al. (1989). 

too guessing because it cannot retrieve any properties (i.e., the activation level of the 

weightt property is still below threshold) to use in the problem solving process. As 

cann be seen in Table 3.2, the proportion of correct answers for the guess-strategy is 

low.. Therefore, the utility of the production rule that implements the guessing (see 

Figuree 3.4, labeled A(g)) drops rapidly. Because of the 1OWT utility of this guess-rule, 

thee interpretive production rules will often be selected11. Consequently, as soon as a 

neww strategy to solve the problems becomes available, the model will solve balance 

scalee problems using the new strategy. 

Phasee I: The general strategy is represented in five steps: 

"G ivenn the general nature of the interpretive production rules, the usage of these production rules is not limited to 

thee balance scale domain. Because of this extensive "external" usage, the parameters will not be influenced significantly 

byy the application of the production rules in the balance scale domain. Therefore, we assigned a constant utility of 

approximatelyy 13.3 (+ noise) to these production rules. This value is based on a P value of 2 /3 and a relative low C 

value,, but other values would not influence the general behavior of the model. 
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1.. Retrieve a property on which the two sides of the balance can differ. 

2.. Encode the values of the specified property. 

3.. If the encoded values are unequal, then base the answer on the observed difference. 

4.. If the encoded values are equal, then search for a new property and if found, return 

too Step 2. 

5.. If no new property can be found, then render an answer based on the encoded 

values. . 

Thiss general strategy first leads to Rule I. Step 1 determines the property on which 

thee model will focus its attention. As initially the weight property is most active, the 

modell  will encode the weight values (Step 2) and use those to solve the balance scale 

problem.. If the perceived values differ, Step 3 applies and an answer is determined 

onn the basis of this difference (predicting a til t to the side with the greater number 

off  weights). If the perceived values are equal, the interpretation of the declarative 

knowledgee leads to an attempt to retrieve a new property (Step 4). However, because 

thee activation level of the distance property is too low, the model cannot retrieve 

itt and consequently applies Step 5. As a result of the weights being equal, Step 5 

renderss "balance" as answer. 

Whenn the corresponding declarative actions are interpreted, the composition mecha-

nismm constructs new production rules. As discussed earlier, the composition process 

removess most retrievals from the constructed production rules, resulting in hard-

codedd values in the new production rules. Because of this, Step 1 is replaced by a 

productionn rule that immediately initiates a retrieval of the weight values, removing 

thee requirement of having to retrieve a property first (same holds for Step 3). As the 

encodingg of the values is based on perception instead of on a retrieval, this step is not 

removedd by the composition mechanism. Because in this phase Step 4 always results 

inn a failure to retrieve a new property; the composition mechanism will remove the 

retrievall  request for a different property and, wil l instead directly answer "balance" 

(i.e.,, use Step 5) if the weights are equal. 

Thee resulting production rules12 are presented below. Before the model reaches the 

12Thee production rules presented here have been edited for reasons of readability. All code necessary to run the 

modell  is available at h t tp : //www. van- r i j n . o r g / h e d d e r i k / b s t m /. 
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stagee in which it only uses these production rules, it wil l have constructed numerous 

productionn rules that were only used once before being replaced by a new produc-

tiontion rule. These replaced production rules remain available to the model. However, 

becausee these production rules (and the initial interpretive production rules) require 

moree steps and more retrievals before arriving at an answer, these production rules 

aree more expensive and therefore have a lower utility. As a result, the production 

ruless associated with Rule I, as shown below, wil l prevail. 

Productionn Rule: Initialize (->W) 

IFF the goal is to solve a balance scale problem 
THENN request the encoding of the values of the weight property 

Productionn Rule: Initiate-Encoding 

IFF the goal contains a request to encode the values of a property 
THENN encode those values 

Productionn Rule: Test-Encoded-Values-a (<>W:A(W)) 

IFF the values of the weight property have been encoded 
ANDD the values are unequal 
THENN render as response the side with the largest value 

Productionn Rule: Test-Encoded-Values-b (=W:A(b)) 

IFF the values of a property have been encoded 
ANDD the values are equal 
THENN render as response "balance" 

Eachh production rule has been assigned a shorthand notation which is mentioned 

directlyy after the name of the production rule (e.g., " ->W") . This shorthand notation 

iss used both in the text and in Figures 3.4 and 3.5. In this notation, "W " stands for 

weights,, "D " for distances, " g" for guess, " b " for balance and "m" for multiplication. 

Thee operator " - > " refers to "switch attention to", " = " to a condition requiring equal 

valuess for the property mentioned after the equal sign, " < > " to requiring unequal 
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valuess and "A(x) " refers to "answer based on X". For example, " < > W , < > D : A ( g )" 

referss to the production rule reflecting the following knowledge: if the weight and 

distancee values are unequal, guess an answer. 

Thee first production rule (->W) causes the model to consider the weight property. 

Thee second production rule initiates the encoding of the values of the weight prop-

erty.. These two steps are not merged because the perception based encoding step 

iss not removed by the composition mechanism. Based on the encoded values, one 

outt of two production rules matches. If the weights are equal, the production rule 

=W:A(b)) renders "balance" as response, if the weights are unequal, the production 

rulee <>W:A(W) renders as response the side with the largest number of weights. 

Ass can be seen in Table 3.2, if the answer is based on Rule 1 "weights equal" (wThich 

correspondss to the =W:A(b) production rule), the proportion of correct answers is 

lowerr than if the answer is based on Rule I "weights unequal" (<>W:A(W)). There-

fore,, the utility of the weights equal production rule (=W:A(b)) decreases faster than 

thee utility of the weights unequal production rule (<>W:A(W)), as is visible in Fig-

uree 3.4. 

Ass the utility of a constructed production rule is based on the utilities of its parent 

productionn rules, newly composed production rules have different initial utilities. As 

thee - >W production rule is based on production rules used in Phase 0, it starts with a 

loww utility, whereas <>W".A(W) and =W:A(b) are not directly based on production 

ruless with decreased utilities. Therefore, the utilities of these production rules are 

initiallyy higher. 

Phasee II : Because of the decrease in utility of the =W:A(b) production rule, the 

interpretivee production rules will eventually try to construct new strategies based on 

thee declarative "search for a difference" action. The number of problems required 

forr this to happen depends on the distribution of the balance problems. For exam-

ple,, if the proportion of weight items is large, as in the simulations of McClelland 

(McClelland,, 1995, 1989), the production rules used in Rule I wil l encounter fewer 

failuress and will remain active longer. 

Too find a new strategy, the model has to include a new property in the reasoning 

process.. As long as the activation of the distance property is below the retrieval 

threshold,, the model is in Phase I. Only when the distance property reaches a suffi-
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Presentedd problems 

FigureFigure 3.4. Typical course of utility changes over time of selected production rules. The content of the 

productionn rules is represented in the labels, see the text for explanation. 

Note.Note. The labels of the production rules " - > W " and " < > W - > D " are repeated twice. 

cientt level of activation, is it incorporated in the answering strategy13. As soon as this 

levell  is reached, the composition mechanism starts to construct new production rules 

ass it did at the start of Phase I. The resulting two most significant production rules 

aree =W,<>D:A(D) and =W,=D:A(b). The first production rule determines the so-

lutionn based on the distance values if the weights are equal. The second production 

rulee renders the solution "remains in balance" if the values for both properties are 

equal.. Since these production rules always yield the correct answer (see Table 3.2, 

Rulee II , weights equal), the utility of these production rules increases asymptotically 

ass the P value in U = P x G -C approaches 1 and the costs are constant. This increase 

inn P also influences the utility of the ->W production rule, as this rule now gives rise 

too a greater proportion of correct answers. 

""  A discussion of how this threshold is reached is outside the scope of this paper, but both developmental changes 

inn activation or threshold parameters, and exposure to tasks in which distance is an important predictor might play a 

role. . 
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Phasee III : During Rule II  behavior, the utility of <>W:A(W) decreases. This de-

creasee will cause the interpretive producdon rules to be used occasionally. However, 

thee available declaradve knowledge in Phases I and II limits the "search for a dif-

ference""  strategy to one unequal dimension. Therefore, as long as more advanced 

versionss of this knowledge are unavailable, the model cannot progress to Rule III . 

Ass the progression from Rule II  to Rule II I  is associated with a shift from unidimen-

sionall  to multidimensional reasoning (Case, 1985; Chapman, 1990; Pascual-Leone, 

1970;; Siegler, 1996), the declarative actions are modified to reflect this change. At 

aboutt problem presentation 1250 in Figure 3.4, the declarative representations were 

extendedd to allow for the retrieval of a new property even if the values of the first 

encodedd property were unequal. This extension involved the modification of the 

originall  Step 3, as is shown below: 

1.. Retrieve a property on which the two sides of the balance can differ. 

2.. Encode the values of the specified property. 

3a.. If the first encoded values are unequal, then store the encoded values and search 

forr a new property' and return to Step 2. 

3b.. If both the first set of encoded values and the second set are unequal then search 

forr and apply a method that uses both sets to render an answer 

4.. If the encoded values are equal, then search for a new property and if found, return 

too Step 2. 

5.. If no new property can be found, then render an answer based on the encoded 

values. . 

Now,, in case the weights are unequal, applying the interpretive production rules wil l 

leadd the model to apply Step 3a. This results in the retrieval of distance as an ad-

ditionall  property to take into account. If the encoded distance values are equal, the 

modell  wil l base the answer solely on the weight values as these are already known 

too be unequal. However, if the distance values are unequal, the model searches for a 

methodd to combine both weights and distances. If a method cannot be found, the 

modell  wil l resort to guessing. When the composition process is complete, i.e., when 

noo new production rules can be created, the model solves balance scale problems 
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Initializ e e 
IFF no property selected 
THENN select weight as focus property 

Initiat ee Retrieva l 
IFF property selected but not retrieved 
THENN initiate retrieval 

Testt  Retrieve d Value s I 
IFF retrieved values are unequal 
THENN store values in goal and focus on distance 

Testt  Retrieve d Value s II 
IFF retrieved values are equal 
THENN store values in goal and focus on distance 

Initiatee Retrieval 
IFF property selected but not retrieved 
THENN initiate retrieval 

Testt Retrieved. Values IN 
IFF new values are equal AND stored values are unequal 
THENN base answer on previous stored values 

Testt  Retrieve d Value s V 
IFF new values are equal AND stored values are equal 
THENTHEN base answer on weight, i.e. balance 

Testt  Retrieve d Value s IV 
IFF retrieved values are unequal AND stored values are equal 
THENN base answer on the just retrieved values 

Testt  Retrieve d Value s VI 
IFF retrieved values are unequal AND stored values are unequal 
THENN answer (without specifying based on which property) 

Answe rr  Lef t 
IFF value for left is larger than for right 
THENN answer "left" 

Answe rr  Righ t 
IFF value for right is larger than for left 
THENN answer "right" 

Gues ss Answe r 
IFF no basis for an answer is available 
THENN guess an answer 

FigureFigure 3.5. Tree-like representation of the ACT-R model i 

inn Figure 3 and the text. 

II  Phase III . Below the boxes are the labels as used 

usingg the production rules as shown in Figure 3.5. 

Thee guessing production rule is incorrect in two thirds of all cases. As a consequence, 

itss utility decreases to a relatively low level. Therefore, this phase is relatively unstable: 

iff  too many incorrect answers are registered in succession, behavior will temporarily 

regresss to Rule II (c.f., Jansen Sc Van der Maas, in press, Table 7). In Figure 3.4, 

thiss is reflected in the continuation of updating of the utility of the <>W:A(W) 

productionn rule. This decrease in utilities also causes the model to regularly test for 

otherr methods to combine the unequal values of weights and distances. 
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Phasee IV: As soon as the concepts of addition or multiplication become available, 

thesee are incorporated in the decision process (Step 3b), thereby replacing the guess 

productionn rules. In Figure 3.4, the multiplication method (<>W,<>D:A(m)) is 

usedd from about problem 1400 onward. As a side effect, it is only after the mul-

tiplicationtiplication rule has become available, that the < > W - >D production rule wins the 

utilit yy competition over <>W:A(W). This is visible in Figure 3.4 by comparing the 

utilitiess of <>W:A(W) and < > W - > D. During Phase III , their utilities are relatively 

equal,, only after the transition to Rule IV, the utility of < > W - >D increases sharply. 

AA similar effect is visible for - >W (label: ->W'). As this production rule is never 

involvedd in anv incorrect answer in Phase IV, its utility increases consistently How-

ever,, because of the relative large number of incorrect answers - >W was involved in 

previously,, its utility increases more gradually. 

Ass can be seen in Table 3.2, the Addition Rule gives a correct answer to most balance 

scalee problems. Therefore, its utility will not decrease below the utility level of the 

interpretivee production rules. Only if the model is presented a sequence of items 

thatt are answered incorrectly using the Addition Rule, the utility of this production 

rulee drops below the utility7 of the interpretive production rules. Only in this situa-

tion,, the model can progress to Rule IV. This is consistent with the infrequency of a 

spontaneouss improvement from the Addition Rule to Rule IV. 

Notee that even when the multiplication method is available, problems that can be 

solvedd with simpler comparisons of values will still be solved by searching for differ-

ences.. This is due to the high utility of the associated production rules. Therefore, 

thee interpretive production rules cannot interfere because the interpretive production 

rule'ss utility is too low compared to the utility of the comparison production rules. 

Althoughh a different explanation of the sparse use of the multiplication method could 

referr to the relative high cost of multiplication, this model does not depend on this 

assumption. . 

S I M U L A T I O NN II : T R A N S I T I O NS W I T H O UT F L L D B A C K A N D T H E T O R Q UH D I F -

FERR UNCI; E F F E CT 

Ass was shown by Jansen and Van der Maas (in press), transitions from Rule I to 

Rulee II may also take place without feedback. They describe three different types of 

transitionn patterns (see Figure 3.2). The Maxwell convention pattern obtains when 
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thee improvement to Rule II occurs at the same distance difference as the regression 

too Rule I. The delay convention pattern obtains when the improvement to Rule II 

occurss at a higher distance difference than the regression to Rule I. Finally, the sudden 

jumpp pattern obtains when after the progress to Rule II , the child never regresses to 

Rulee I. In the present section, we will illustrate how transitions without feedback as 

welll  as the observed transition patterns can be explained by the model. 

Wee presented the model with the same sequence of problems as in the experiments 

off  Jansen and Van der Maas. Like Jansen and Van der Maas, we provided no feedback 

aboutt the correctness of the given answers. Without feedback, the utilities of produc-

tionn rules do not change. As the activation of chunks is based solely on the number 

off  retrievals, irrespective of the success or failure of the retrieving production rules, 

thee activations are updated. Therefore, the only source of changes during the presen-

tationss of problems without feedback is the activation of declarative knowledge. 

Thee manipulated variable in the experiments of Jansen and Van der Maas is the dif-

ferencee in distances from the fulcrum between the left and right sides of the balance 

scale.. A number of consecutive balance problems with equal weight configurations, 

butt with different distance configurations, were presented to children. In the first 

halff  of the problems, the difference in distance between left and right was increased 

byy one distance unit per problem. In the second half, the distance was decreased by 

onee distance unit per problem. We assumed that this step-by-step increase in differ-

encee would increase the perceptual saliency of that property. This additional saliencv 

cann be represented in the ACT-R model as an increased activation of the distance 

property.. To achieve this, the activation formula (Activation = B = ln(X"=1f~ )) was 

extendedd to: Activation = B + saliency. The saliency is calculated by simply scal-

ingg the distance difference (saliency = Adistance/c, where c is the scaling constant). 

Notee that the default ACT-R activation formula contains a term reflecting noise. This 

simulationn is run without noise as noise would not provide different results in this 

simulation. . 

Too progress to Rule II , the model has to apply the interpretive production rules 

att least occasionally. As long as the distance property remains below the retrieval 

threshold,, performance is consistent with Rule I. However, the saliency associated 

withh extreme distance differences can increase the activation of the distance property 

too a level above the retrieval threshold. If the distance becomes sufficientiy activated, 
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thee distance property is retrieved and the distance values are used in determining a 

solution.. If this happens before the maximum distance difference is reached, the 

nextt problem is also solved using the distance property, as the previous presenta-

tionn increased the base level of the distance chunk's activation (B) and the increased 

distancee difference also increased the activation. When the maximum difference is 

reached,, the next presented problem has a decreased distance difference and there-

foree a lower additional saliency activation. What happens at this point depends on 

thee interplay between increase in base level activation and the decrease in saliency 

activation.. If the base level was increased more than the decrease in saliency activa-

tion,tion, the model is still able to retrieve the distance property. This results in continued 

Rulee II based behavior. However, if the increase in B is smaller than the current 

decreasee in saliency activation, the model is not able to retrieve the distance property, 

andd therefore regresses to Rule I. 

Maxwel ll  Conventio n Delayy Conventio n Sudde nn Jum p 

Distancee Difference Distancee Difference 

Categorizedd Model Benavior 
Hetrievall Threshold 
 Total Activation 
Baselevell Activation 
Additionall Saliency Activation 

Distancee Difference 

FigureFigure 5.6. Simulation of no-feedback transition patterns. 

Thee results of the simulation are presented in Figure 3.6. The solid lines represent 

thee activation of the distance chunk. When the total activation of this chunk is above 

thee threshold which is depicted by the horizontal dotted line at Y=0, performance is 

inn accordance with Rule II . The performance, given the current activation, is shown 

ass small circles, either at the bottom of the graph (denoting Rule I use), or at the top 

off  the graph (denoting Rule II use). 

I ff  during Rule II use the increase in the base level is small compared to the dif-
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ferencess in saliency activation, the regression to Rule I behavior takes place at the 

samee distance difference as the change to Rule II behavior. The phenomenon that 

thee change takes place at the same point is referenced to as the Maxwell convention 

(seee Figure 3.6a). If the increase in the base level is large, the activation without the 

saliencyy component might be large enough to ensure the activation is above the re-

trievall  threshold (the sudden jump pattern, Figure 3.6c). If the base level activation is 

raisedd slightly, but not sufficiently to be retrieved in the absence of additional saliency 

activation,, the delay convention pattern appears (Figure 3.6b). These differences in 

activationn effects can be explained by, for example, differences in original base-levels 

orr by differences in levels of elaboration of declarative chunks. 

Althoughh these explanations of the transition patterns are formulated in terms of the 

activationn of the distance property, the composition process can also explain the sud-

denn jump pattern. During the increased activation period, the composition process 

startss to construct new production rules. If the composition process is complete, the 

resultingg production rules are completely specialized. That is, all retrievals (except for 

thee encoding of the actual values of weights and distances) are removed from these 

productionn rules. Because the explicit search for the distance property is removed 

fromm the production rules, the activation of the distance property chunk does not 

determinee the behavior of the model. Thus giving rise to a sudden jump. 

Thee saliency of the distance property, modeled as an additional activation of the 

correspondingg chunk, also explains the torque difference effect. As torque difference 

iss highly correlated with distance difference, items with large torque differences will 

onn average cause an increased activation for the distance chunk. This increases the 

probabilityy that distance will be included when the declarative actions initiate a new 

searchh for a difference. However, this will only apply if the utility of the interpretive 

productionn rules and the utility of the rules that currently solve the problem are 

similar.. In other words, the torque difference only influences the model's behavior 

inn the instable period just before transitions. This more restricted torque difference 

effectt is in accordance with the reanalysis of the torque difference effect (Jansen & 

Vann der Maas, 1997). 

Inn this second set of simulations, the explanation of developmental phenomena is 

basedd on the influence of the additional saliency based activation. In the first set 

off  simulations, saliency activation was disabled. However, no qualitative change in 
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modell  performance would occur if saliency was added to the model used in the first 

sett of simulations. The effect would be limited to minor modifications in the timing 

off  Rule transitions. As this would complicate matters unnecessarily, we decided not 

too incorporate the notion of saliency in the first set of simulations. 

D ISCUSSION N 

Inn this paper we presented a model of balance scale behavior that is based on three 

components:: architectural and task-independent mechanisms, task-specific concepts, 

andd constraints related to cognitive capacity. Earlier, we discussed the merits of 

previouss models of balance scale behavior in terms of four empirical criteria. We 

noww turn to a discussion of the new model in terms of the empirical criteria and 

subsequendyy we outline the relation between our model and the previous models. 

E M P I R I C ALL C R I T E R IA 

ECl::  Rule-like Behavior  The first empirical criterion is the presence of Rules (i.e., 

stablee performance) and transitions between these Rules. As demonstrated in Simu-

lationn 1, the ACT-R model shows stable performance when the composition process 

hass constructed a fixed set of production rules to solve balance scale problems. As 

longg as the utilitv of the production rules is higher than that of the interpretive pro-

ductionn rules, no new production rules are constructed. But even if the interpretive 

productionn rules are applied, no new rules can be constructed in the absence of new 

knowledgee for the construction of better rules. In both situations, behavior is stable. 

However,, as soon as the utility of the composed production rules drops below the 

utilit yy of the interpretive production rules and sufficient knowledge is available, new 

productionn rules are composed. This changes the way in which the model responds. 

Att this point several rules have comparable utilities: the old production rules, the 

interpretivee production rules, and the newly composed production rules. This makes 

behaviorr at this point highly dependent on factors like noise, the distribution and 

tvpee of presented balance scale problems, and the visual saliency of task dimensions. 

Inn short, the Rule-like behavior is explained bv architectural mechanisms: The stable 

periodss associated with Rule-like behavior are explained by the stabilizing effects of 

thee adjustments of the utility and activation of available knowledge as specified by 

ACT-R.. Whereas the transitions to new Rules depend on the ACT-R mechanisms to 
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constructt new production rules. With different task-specific knowledge, the frame-

workk of the model can be applied to different reasoning tasks that are associated with 

Rule-likee behavior. 

EC2:: Rule Sets A model of balance scale behavior should reproduce the four dis-

tinctt Rules as originally presented by Siegler (1976), and the later identified Addition 

Rulee (e.g., Normandeau et al., 1989). As discussed earlier, our model reproduces the 

Ruless identified by Siegler and is also able to perform according to the Addition Rule. 

Thee Addition Rule is not easily replaced by Rule IV because the Addition Rule results 

inn the correct responses to most items. The model progresses to Rule IV only if it 

iss presented with a carefully selected set of balance scale problems that are answered 

incorrectlyy with the Addition Rule. This is consistent with the observation that very 

feww children progress to Rule IV spontaneously. 

Thee order of transitions matches the empirical observed sequence. This is based 

onn constraining the availability of task-specific concepts and the assumption of pro-

cessingg limitations related to cognitive capacity. For example, only when the weight 

conceptt is available, is the model able to progress from pre-Rule I to Rule I; only 

whenn the concept of multiplication becomes available, can the model progress to 

Rulee IV, etc. With respect to the cognitive capacity, as long as the available capacity 

constrainss the model to the use of a single property (i.e., either weight or distance), 

thee model cannot proceed to Rule III . 

Ass discussed earlier, the assumptions with respect to the initial unavailability of task-

specificc concepts and the capacity constraints are in line with empirical evidence. 

EC3:: Transition Patterns without Feedback Transitions from Rule I to Rule II can oc-

curr when children are presented with a sequence of distance problems with increas-

ingg distance differences, even in the absence of any feedback about the correctness 

off  their responses. As we have shown in Simulation 2, the ACT-R model explains 

thiss phenomenon by incorporating visual saliency in the activation of chunks. The 

largerr the difference between the values of a property for the left and right side of 

thee balance scale, the larger the additional activation of the chunk that represents 

thatt property When the distance difference is decreased again, the activation of a 

chunkk might drop below the retrieval threshold, making that property unavailable to 
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thee answering process. Given individual differences in both activation updating and 

productionn rule composition, the three types of transition patterns emerge (i.e., the 

Maxwelll  convention, the delay pattern, and the sudden jump pattern). 

However,, feedback still plays an important role in the presented model. That is, 

onlyy by the feedback-driven updating of the production rules utilities, the model can 

developp to a situation in which a transition without feedback can take place. Although 

feedbackk is not necessary for the actual transitions, a model would not progress from 

thee beginning of a phase to the end of that phase without feedback. 

EC4:: Torque Difference Effect for Large Torque Differences As the transition patterns 

aree directly related to the distance difference and therefore to the torque difference, 

ourr model shows torque difference effects. However, our model does predict that 

thee torque difference effect will not be strong enough to give rise to an improvement 

att all times. That is, the torque difference effect can only influence the behavior of 

thee model in the vicinity- of transitions. 

Summarizing,, we have presented a model that passes the four empirical phenom-

enaa associated with balance scale learning. In the construction and description of 

thee model, care was taken to clearly state all necessary assumptions and to have all 

assumptionss supported by empirical evidence. 

C O M P A R I S O NSS A N D P R E D I C T I O NS 

Thee successful reproduction of the empirical phenomena by the presented model 

wass partly realized with features that were also used in previous models. Like the 

symbolicc models, behavior in the ACT-R model is based on the application of pro-

ductionn rules, which results in rule-like behavior. As in the previous models, new 

productionn rules are learned by extending the already present knowledge. However, 

insteadd of containing a few complex production rules (like the complete trees pre-

sentedd in Figure 3.1), our model consists of a larger number of smaller production 

rules.. Each of these production rules performs only a small part of the complete an-

sweringg process. Therefore, newly constructed production rules can simply replace 

olderr production rules instead of requiring a complex mechanism to modify existing 

productionn rules. 
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Ass in the neural net models of balance scale behavior, quantitative information plavs 

ann important role in the ACT-R model (i.e., utility and activation). The dynamics of 

thesee quantitative variables are important for the description of the empirical phe-

nomena. . 

Thee combination of features from ACT-R and the symbolic and neural net type of 

modelss provides the basis for a number of achievements specific for this model: (1) 

Thee model produces the relatively abrupt transitions, which are problematic in the 

non-symbolicc models. (2) It explains transitions without feedback and the related 

transitionn patterns, which cannot be explained from the learning methods used in 

thee previous models. (3) The model demonstrates that, given a non-biased train-

ingg set, Rule IV wall not easily be learned because of the high success-rate of the 

Additionn Rule. (4) The presented model is able to explain both phenomena related 

too long-term development and phenomena which are only observable during short 

time-spanss (c.f., Anderson, 2002). (5) The model makes explicit that the notion of 

"searchh for differences" combined with a gradual increase in capacity and knowledge 

iss sufficient to explain development on the balance scale task. 

However,, the most distinct feature of our model is the parsimony of its main as-

sumption:: Children who are solving balance scale problems are explicitly looking for 

differencess between the left and right side of the balance scale. 

Thee model also makes novel predictions about behavior on the balance scale task: 

Duringg pre-Rule II I behavior, the model is not sensitive to (multiplication) instruc-

tionn on the balance scale task. Only when the model's behavior is in accordance with 

Rulee III , the model is able to benefit from multiplication instruction. Similar rea-

soningg holds during other Phases, for example, the model predicts that instruction 

emphasizingg the importance of distance during stable Rule I usage does not have an 

effectt on behavior. 

Thee model predicts an important role for visual saliency, especially during transitions. 

Ann example of which is the explanation of the Torque Difference Effect as this 

effectss are explained on the basis of visual saliency. Because effects of visual saliency 

cann only influence the behavior of the model during the less stable periods around 
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transitions,, the model predicts that the Torque Difference Effect is limited to these 

periods. . 

Althoughh not discussed in this paper, the model can also be used to predict reaction 

timee patterns. As ACT-R specifies the amount of time necessary for the steps in the 

answeringg process, reaction time patterns can be easily derived from the model. For 

example,, during and just after transitions, the model predicts increased reaction times 

ass the model is still in the process of constructing the optimal set of production rules 

forr the new phase. During the process of constructing this optimal set, additional 

productionn rules are used, causing an increase in reaction times. Moreover, previous 

workk on arithmetic skills (e.g., Lebiere & Anderson, 1998) might be incorporated 

intoo the model to use analyses of reaction times to shed light on what strategies are 

usedd during the unstable Phase III . 





CHAPTERR 3. 

MODELSS OF INDUCTIV E LEARNIN G 

Abstract t 

Inn this chapter, a family of computational models of inductive learn-

ingg is presented that is based on the influential SDDS theory of 

discoveryy learning. Based on a combined analysis of computational 

modelss and exemplary think-aloud data, it is concluded that the 

prominentt role SDDS reserves for hypothesis formadon is not nec-

essarilyy reflected in all discovery learning tasks. Learners in this 

chapter'ss task are more focussed on the construction of correct ex-

perimentss and deriving knowledge from these experiments than on 

guidingg their behavior on a central hypothesis as is suggested by the 

SDDSS theory. 

Inductivee learning has been the focus of numerous studies in psychology (see De 

Jongg & Van Joolingen, 1998, for an extensive overview). In this type of research, fo-

cuss has often been on identifying and contrasting discovery strategies with respect to 

thee optimality or sub-optimality of their associated outcomes. A measure is necessary 

thatt distinguishes between good and bad discovery behavior to relate the outcomes 

off  the inductive learning process to the strategies used. As we argue in this chapter 

(and,, from a different point of view in Chapter 4), and illustrate by analyzing com-

putationall  models of inductive learning, the study of the inductive learning process 

Thiss chapter has greatly benefited from the work of and discussions with Sanne Nolst-Trenité. Parts of this and the 

nextt chapter are based on Wilhelm, Beishuizen, and Van Rijn (in press) and Hulshof, Wilhelm, Beishuizen, and Van 

Rijnn (in press). 
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iss often hindered by the lack of appropriate descriptive measures of the quality of 

thee inductive learning process. More specifically, we will argue that there is too much 

emphasiss on completeness (i.e., "how much is learned") as measure to assess the qual-

ityy of the discovery skills. By analyzing the subtasks of the discovery process, we 

wil ll  propose a measure that more accurately reflects the learner's inductive learning 

qualityy than using a single figure that supposedly accounts for the influence of all 

inductivee learning subtasks. 

Thiss chapter is closely related Chapter 4. In the current chapter, we discuss the 

influentiall  Scientific Discovery as Dual Search (Klahr and Dunbar, 1988, SDDS) 

descriptionn of scientific discovery and present a family of computational models in-

spiredd by SDDS. Our goal is to identify the factors that determine the behavior and 

performancee in inductive learning tasks by means of an analysis of SDDS and the 

applicationn of its underlying principles in computational models. In Chapter 4, we 

wil ll  discuss the empirical results of the studies conducted with a relatively simple in-

ductivee learning task and discuss why the currently used measures are inappropriate. 

Inn this chapter, SDDS will be applied to an inductive learning task and will be used 

itt to identify the factors that determine how much is discovered. Hereto, we analyze 

inductivee learning behavior of learners engaged in the Peter-task (Wilhelm, 2001), 

describedd later. 

T H EE SDDS FRAMEWORK 

AA well known description of the inductive discovery process is the SDDS framework 

off  Klahr and Dunbar (1988), based on work by Simon and Lea (1974), and later 

extendedd by Schunn and Klahr (1995) and Van Joolingen and De Jong (1997). This 

theoryy assumes that the behavior of inductive learners is hypothesis driven (c.f., De 

Groot,, 1969). All these hypotheses are represented in a hypothesis-space. When 

evidencee becomes available for or against a hypothesis, this hypotheses is accepted, 

modifiedd or rejected. Therefore, searching for a correct set of relations to describe 

thee domain can be viewed as a search through this hypothesis space. The exper-

imentss conducted to test the hypotheses are represented in an experiment space. 

Byy conducting experiments, learners cover parts of the experiment space. Inferen-

tiall  processes extract information from the covered experiment space, yielding new 

knowledge. . 
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SDDS S 

Searchh Hypothesis Space Testt Hypothesis Evaluatee Evidence 

Generatee Generalize 
Outcomess Outcomes 

E-Spcee Make 
Movee Prediction 

Usee Old Generate 
Outcomess Outcomes 

Runn Observe & Review 
Matchh Outcomes 

Decide e 
-- accept 
-- reject 
-- continue 

E-Spacee Run Observe 
Move e 

E-Spacee Run Observe 
Move e 

FigureFigure 4.1. Schematic overview of the SDDS framework based on the description by Klahr and Dunbar 

(1988,, p-34) The original depiction has been slightly modified to make it consistent with the reasoning 

presentedd in their paper. 

Al ll  versions of the SDDS theory are based on the structure depicted in Figure 4.1 

whichh can be seen as a task-decomposition of the Inductive Learning process. This 

representationn is supposed to be read from left-to-right, depth-first. Three major 

partss are distinguished by Klahr and Dunbar (1988): (1) finding and specifying a hy-

pothesiss ("Search Hypothesis Space"), (2) constructing and conducting experiments 

("Testt Hypothesis") and (3) deriving knowledge from the experiments and modifying 

thee hypothesis accordingly ("Evaluate Evidence"). A fourth, implied but underspec-

ifiedd part of the theory as described in Klahr and Dunbar (1988) is (4) determining 

whenn to stop experimenting. A reason why this fourth part is underspecified might 

bee that in the BigTrak studies, the original task to which SDDS was applied, the de-

cisionn about whether or not to stop is relatively straightforward as hypotheses are 

easilyy falsified. As soon as learners in a BigTrak task are able to correctly predict 

thee effect of a given button in a (small) number of experiments, they have effectively 

solvedd the problem. Probably because of the simplicity of the stop decision, this part 

off  the inductive learning process did not get a lot of attention in the SDDS theory. 

However,, as discussed in this chapter and Chapter 4, deciding when to stop does play 

ann important role in inductive learning. 
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Beforee we will discuss these SDDS parts in detail, we will give a walk-through of 

Figuree 4.1 and that way describe the SDDS process. According to the SDDS theory, 

hypothesess are pivotal to the discovery process. Each discovery is necessarily initiated 

byy having a hypotheses. This is the reason that search hypothesis space is the 

firstfirst step in Figure 4.1. A hypothesis consists of a frame, describing the general 

structuree of the hypothesis (e.g., a linear main effect) and a set of slot values (which 

variabless are the dependent and independent variables). There are two methods to 

generatee a frame. Given the domain of the task, learners might already have prior 

knowledgee about which frames might be appropriate, in which case a frame can 

bee evoked. If such knowledge is lacking, the learners have to induce a frame by 

constructingg "outcomes" (i.e., experiments) and generalizing over these outcomes. 

Too generate an outcome, the learner has to do an e-space move, in other wrords, 

constructt a new experiment. The first step is to focus on the current experimental 

statee and choose an variable to change, and then actually select and set a value for 

thatt variable. Only after that has been done is a learner able to run the experiment 

andd observe its outcomes. Only after observing several of these generated outcomes, 

thee learner can generalize these outcomes to a new frame. Given this frame, SDDS 

cann assign slot values, either based on prio r  knowledge or by using experimental 

outcomes.. Either old experimental outcomes can be used to assign slot values, 

orr new experimental outcomes can be generated in a similar way as during the 

generationn of a frame. If a complete hypothesis has been created, the next step is to 

testt  that hypothesis. This is done by first selecting an e-space move (like earlier 

described),, then making a prediction and runnin g that experiment and observing 

it ss outcomes and matching those outcomes to the hypothesis. Given that this 

outcomee is evidence pro or contra the hypothesis, the next step is to evaluate the 

evidence.. Hereto the outcomes are reviewed in light of the hypothesis, and based 

onn this review a decision is make to either accept, reject or modify the hypothesis. 

Figuree 4.1 does not show the stop criterion, but after having evaluated the evidence, 

aa decision has to be made whether to continue experimenting. 

Thee four parts of inductive learning are discussed in more detail below. 

Hypothesiss formation In the original work of Klahr and Dunbar (1988), the first 

stepp of each scientific discovery process is defined as "find a hypothesis". This 

hypothesiss is the corner-stone of all processes until a new hypothesis is selected. 
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Thee initial hypothesis can be based on prior knowledge about the domain or, 

iff  such information is not available, experiments are conducted to provide in-

formationn for constructing the initial hypothesis. If the hypothesis that is to 

bee constructed is not the initial hypothesis, the conclusions derived from pre-

viouss experiment can also be used as guides for the construction of the new 

hypothesis. . 

Too reformulate this part of SDDS: a set of methods (Mi) produces a hypothesis 

(Hi)(Hi)  based on the prior knowledge (PK) and the conclusions (O) derived from 

previouss experiments. 

Experimentt  construction The second subtask is to construct and conduct exper-

imentss to shed light on the hypothesis constructed earlier. Because SDDS is 

proposedd as a domain neutral theory, it does not specify in detail how experi-

mentss can or should be constructed. SDDS assumes that a learner tests whether 

orr not the experiment has already been conducted, as only new experiments are 

consideredd to provide new and informative information. Note that this both 

assumess a stable world (e.g., no learning effects) and one in which the outcome 

off  a given experiment is completely deterministic (e.g., no random component 

inn the observed outcomes). 

Thiss part of SDDS can be reformulated into: a set of methods (Mi) produces 

aa new experiment (E) based on the hypothesis (H), prior knowledge (PK) and 

alreadyy conducted experiments (E). 

Knowledgee derivation The third subtask is to derive knowledge ("conclusions", O) 

fromm the newly gathered experiments, and to adjust the current hypothesis if 

necessary.. This process is obviously guided by the experiments conducted by 

thee learner. Moreover, the learners' hypothesis determines how the experiments 

aree interpreted. But also prior knowledge and earlier conclusions might influ-

encee the process as they might lead to certain types of confirmation bias. For 

example,, if an earlier conclusion was to accept a certain hypothesis, the learner 

mightt be so strongly attached to this conclusion that new evidence contradict-

ingg the hypothesis is ignored. 

Therefore,, this part of SDDS can be reformulated as: a set of methods (Mi) 

yieldss a conclusion (Ct) based on the hypothesis (//), the prior knowledge (PK), 
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thee conducted experiments (E) and the prior conclusions (C). 

Stopp decision The fourth subtask is concerned with the decision when to stop ex-

perimenting.. Obviously, a learner should not stop experimenting if the current 

hypothesiss is not vet rejected or accepted, nor should one stop if the proba-

bilit yy of other possible hypotheses is evaluated as being relatively high. This 

lastt aspect can be either related to the prior knowledge a learner has, or be 

basedd on the conclusions derived from earlier experiments combined with prior 

knowledge. . 

Thiss leads to the following formation this part of the inductive learning process: 

aa set of methods (A/4) determines whether to stop experimenting based on the 

statuss of the hypotheses (ƒƒ) and on an evaluation of prior knowledge (PK) and 

thee conclusions from conducted experiments (Q. 

Althoughh these four steps might seem to be directly related to the schematic overview 

off  SDDS presented in Figure 4.1, their relation is less straightforward than it might 

seem.. First and foremost, Figure 1 is both an overview of the SDDS theory and 

aa flowchart of behavior. Learners are assumed to first search the hypothesis space 

too come up with a hypothesis (which might render conducting new experiments 

necessary),, then to test the hypothesis by conducdng experiments, and then review 

thee outcomes and modify, accept or reject the hypothesis. This data-flow approach 

makess the modularity of the process less opaque. For example, both the generation 

off  the hypothesis and the testing of that hypothesis involves conducting experiments. 

Therefore,, a more modular approach removes redundancy from the description as 

shownn in Figure 1. A second difference between Figure 1 and the above description 

off  the four steps, and especially their rendering as shown in Table 1 is that Figure 1 

doess not make a distinction between the methods and the knowledge used to per-

formm the different parts of the SDDS process. 

Thee SDDS model was developed in the context of the BigTrak task. This task 

deviatedd somewhat from other inductive learning tasks as it is focused on a single 

relativelyy abstract rule. This emphasizes the need of constructing relative complex 

hypotheses,, as by "just doing experiments" a learner is unlikely to solve the task be-

causee of two reasons. First, as naive learners often have a hypothesis space that only 

partlyy overlaps with the target model (Van Joolingen & De Jong, 1997), they often 
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havee problems finding a hypothesis that is consistent with a given set of observa-

tions.. Second, as BigTrak experiments generate data that is often not easily inspected 

orr related to the actual inputs, it is often difficult to test the current hypothesis. 

Thee relative emphasis on hypothesis testing is illustrated by the computational im-

plementationn of parts of the SDDS theory as reported in Schunn and Anderson 

(1999).. This implementation focuses on issues of data interpretation in the context 

off  hypothesis-driven scholarly scientific experimentation. However, many discovery 

taskss are characterized by simpler observations and simple hypotheses that explain a 

largee part of the observations. Such a task is the Peter-task, which is the focus of this 

studyy and is described in the next section. 

THEE PETER TASK 

Thee task that was chosen to study inductive learning is the Peter-task. The proper-

tiesties of this task remove a number of the complexities encountered when studying 

inductivee learning in a more complex setting (c.f., Hulshof, 2001; Prins, 2002, and 

seee also Chapter 5 of this thesis). Nevertheless, research has shown this task to be 

aa viable task for studying inductive learning in different experimental settings, with 

differentt age-groups and using different domains (Wilhelm, 2001). In this task, the 

learnerr is told a cover-story about a boy, Peter, biking to school. The learner's task 

iss to discover what determines Peter's arrival time at school. This task is modeled 

afterr the studies conducted by Kuhn, Garcia-Mila, Zohar, and Andersen (1995). In 

thesee studies, learners are presented five variables that can be manipulated to test the 

effectt of different levels of these independent variables on a dependent variable. In 

thee studies discussed in this chapter, the learners were presented a similar task using 

aa computerized authoring environment (FILE, implemented by Jan Wielemaker, see 

Hulshoff  et al., in press, for a description). The data discussed in this chapter were 

collectedd in two different studies, one conducted at the Leiden University by Wil -

helmm et al. (in press) and one conducted at the University of Amsterdam (see for a 

descriptionn of that experiment Schoutsen, 1999). The interface as presented to the 

' i nn this thesis, basic statistical terminology, similar to what is common in the description of ANOVAs, will be 

adoptedd to describe the task. This results in using the terms dependent and independent variables, describing the 

variabless in terms of the different levels that they can take, and express effects as either a main-effect or a nth-order 

interaction.. However, note that in an A\OYA , an effect is expressed in terms of differences in averages associated with 

levels,, whereas in this thesis the effects are expressed compared to a base-level. 
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learnerss is depicted in Figure 4.2. 

Inn the Peter-task, five possible causes (i.e., variables) for Peter's being late at school 

aree presented to the learners, without stating whether they have an effect on the time 

hee needs to get to school. First, his choice of bicycle, racing bike or normal bike. 

Second,, how he ate his breakfast (at home or during biking). Third, the number of 

bookss he takes with him (all or just the necessary books for that dav). Fourth, the type 

off  shoes he wears (normal shoes or sports shoes). And fifth, a three level variable, 

thee type of bag he takes with him (book bag, backpack or sports bag). Note that 

inn other studies (Niewold, 1998; Hulshof, 2001) with the Peter task, the three level 

variablee was concerned with the speed at which Peter biked. One of the levels of this 

variablee was "biking with his friends". From the analysis of think aloud protocols, it 

wass noted that learners were surprised and distracted by the finding that the choices 

madee by Peter also influenced the biking-time of his friends. Therefore, this variable 

wass changed into a variable that only influenced Peter, but had similar effects as the 

replacedd variable. 

Thesee five dependent variables make up for a total of 48 unique experiments (i.e., 

22 x 3). After selecting a level for each of the variables, the learners are asked to 

predictt the outcome after which the number of minutes Peter took to bike to school 

iss presented to the learners. 

Thee learners were told that they had to discover how the choices related to Peter's 

bikingg time by constructing "rows of choices". The learners were also informed that 

theree were five possible durations it took Peter to bike to school: 35, 40, 45, 50 and 

555 minutes2 

Figuree 4.2 shows the interface of the Peter task after a learner has constructed three 

experiments,, and is half-way constructing the fourth. The interface consists of a 

numberr of pictures that depict the levels of each variable and an area in which both 

thee experiments are constructed and the results are shown. Of each constructed 

experiment,, the five selected levels are shown, together with two times in the answer 

areaa to the right of the five levels. The larger number in the center of the answer area 

iss the time it took Peter to bike to school. (Note that the results appear immediately, 

2Notee that in the other Peter-tasks, the travel time was expressed as the minutes Peter arrived too late at school. It 

turnedd out that this encouraged learners to approach the task in an engineering approach ("I'm trying to get Peter to 

arrivee in time") instead of trying to discover the effect of the variables. 



ModelsModels of Inductive Learning 

FigureFigure 4.2. Interface of the Peter-task, after conducting three experiments and half-way constructing the 

fourth. . 

theree is no (scaled) real-time effect in determining the time necessary for biking.) The 

smallerr number in the lower-right corner is the predicted time (entered by the learner 

beforee the answer is shown). After constructing the fourth experiment, the top-most 

experimentt scrolls off the screen. Previous experiments can be brought back in view 

byy using the scrollbar at the right of the experiment window. 

Unknownn to the learners, only three of the five variables have an effect on the out-

come.. The default biking time is 35 minutes. The bag-variable has a curvilinear 

effect;; the book bag has an additional effect of 5 minutes, whereas the other two 

levelss do not have an effect. The bike and breakfast variables form a first order in-

teraction.. The normal bike has an additional effect of 10 minutes, but the breakfast 

variablee only has an effect of 10 additional minutes if the racing bike level is chosen. 

Ann overview of these effects is shown in Table 4.1. For example, the score of 50 in 

Experimentt 2 in Figure 4.2 is based on a base biking time of 35 minutes, increased 

withh 15 minutes because Peter eats his breakfast on his racing bike, thereby negating 
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Tablee 4.1: Effects of variables m Peter-task. All combinations of levels not shown in this table do not modify 

thee time it takes Peter to bike to school. 

Variable e 

Bike e 

Breakfast t 

Books s 

Shoes s 

Bag g 

Levels s 

Racingg bike 

Normall  bike 

Onn bike 

Bookk bag 

Restrictingg condition 

Breakfastt on bike 

Racingg bike 

Effect t 

++ 15 

++ 10 

++ 15 

none e 

none e 

+5 5 

itss advantage over the norma] bike. 

Ass is discussed in (Wilhelm et al., in press) and (Hulshof et al., in press), this task 

setupp can easily be used to different domains. Besides the above described "Peter 

bikingg to school" task, a second, isomorph "Peter goes shopping" task was presented 

too learners. In this task, learners had to discover what the contribution of different 

productss was on the overall price that had to be paid when buying these products. 

Likee in the Peter biking task, the underlying model contained one interaction (the 

wholee wheat and pear are cheaper when bought together) and one main effect (the 

Coca-Colaa was more expensive than the Fanta or the Sprite). 

Forr an overview of the quantitative experimental results, see (Wilhelm et al., in press) 

orr (Schoutsen, 1999). In the remaining part of this chapter, we guide the imple-

mentationn of computational models by referring to think-aloud protocols of learners 

workingg in the "Peter biking to school" and the "Peter goes shopping" tasks. 

COMPUTATIONALL MODELS OF INDUCTIV E LEARNING 

I nn this section, we wil l present a family of computational models, based on the un-

derlyingg principles from SDDS. The SDDS framework provides a general outline of 

thee inductive learning process, emphasizing the importance of searches in the exper-

LL iment and hypothesis space. According to Klahr and Dunbar (1988), the discovery 

^^ process is mainly guided by the (form of the) chosen hypothesis. In this chapter, we 

^ LL wil l argue that learners' behavior is not necessarily focused on one central hypoth-

^ AA esis, but that the structure of the task determines how the task is approached. In 

^ ^ ^^ the context of the Peter-task, this results in a process of sequentially examining the 
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aa central hypothesis that is tested, gets revised and finally accepted, learners in the 

Peter-taskk are initially focused on discovering the effects of the five variables individ-

ually,, which does not require extensive hypothesis construction or testing. Only after 

testingg the "main effects" of a variable, some learners test for higher level effects (i.e., 

interactions). . 

Althoughh the SDDS framework specifies a general structure of the inductive discov-

eryy process, it is more an outline of the process than a complete specification. For 

example,, it does not specify how experiments are constructed or on what basis hy-

pothesess get formed. Therefore, the four subtasks of the SDDS process need to be 

filledfilled in for the particular task. 

Below,, we wil l describe on the basis of fragments from think-aloud protocols how 

eachh of the subtasks are performed by learners in the context of the Peter-task. The 

computationall  models discussed later in this chapter are based on these descriptions. 

Tablee 4.2 summarizes the input and output of these subtasks as earlier discussed, as 

thesee will be important for the current discussion, 

Tablee 4.2: The four subtasks in Inductive I-earning 

Hypothesiss formation M\ (PK + C) —> ƒ/, 

Constructingg an experiment M2(PK + E + H) —>  £,-

Derivingg knowledge from experiments M^(PK + E + H + C) - * C ; 

Determiningg when to stop  + E + ƒƒ+ C) —• stop 

Note:Note: See text for explanation of the abbreviations. 

H Y P O T H E S I SS F O R M A T I O N 

Figuree 4.1 gives an impression of the complexity of the hypothesis formation 

("Searchh Hypothesis Space") in the original SDDS model. However, the high level 

off complexity as shown in this Figure is not necessary for simpler tasks like the 

Peter-task.. For example, learners in the Peter-task did not seem to have difficulties 

generatingg the right frame for their hypotheses. 

Indicatedd bv the summary of this subtask, M\ (PK -\- C) —* ///, the methods that 

constructt a new hypothesis or revise the current hypothesis (Hi) can utilize prior 

knowledgee (PK) and earlier inferred conclusions (C). As the Peter-domain is one 

withh which the learners have extensive experience in their own lives, this experience 



ModelingModeling Inductive learning 

(i.e.,, prior knowledge) plays an important role during hypothesis formation. For 

example,, the learners are likely to have knowledge available that can be used to con-

structt an initial hypothesis for the variables in this task. 

Ann example of a learner using prior knowledge to guide the formation of a hypothesis 

iss shown below. In this excerpt, the learner is looking for a configurationn in which it 

takess Peter less time to arrive at school. The learner states that a likelv candidate for 

takingg less time would be a different level for the variable breakfast. After conducting 

thee experiment, the learner is surprised that the hypothesis that having breakfast at 

homee did not take less time, as was expected on the basis of prior knowledge. 

Learnerr 3 

Experimentt 2: 

@fcmm \fs §^p ^j 

Protocol: : 

Nouu bijna goed, 50. Ehm, nu is er 

nogg een ding wat minder tijd kost en 

ikk denk dat dat misschien wel [...] 

hett ontbijt [is]. Nou laat ik eerst 

hett ontbijt maar proberen, doe ik het 

ontbijtt anders. De rest hetzelfde. En 

verwachtt ik dat hij er 55 minuten 

overr doet. 

^ HH Outcome: Pred.: 

HH 50 55 

Well,, almost correct, 50. Euhm, now 

theree is one thing that costs less time, 

andd I think that it might be [... ] 

breakfast.. Well, let's try breakfast 

first,first, I'l l change breakfast. All the 

otherss the same. And then I expect 

thatt he'll need 55 minutes. 

Experimentt 3: 

G*©© f ï m& ^ 
Protocol: : 

Enn weer 50. Das raar, (stilte) want de 

restt heb ik hetzelfde gelaten. 

^ ^ 11 Outcome: Pred.: 

HH 50 55 

500 again. That's odd (silence), be-

causee I did not change anything else. 

Withh respect to the conclusions (C) from earlier experiments and hypotheses, learn-

erss tend to assume that a variable has no effect if they did not discover a main effect 

forr that variable. The C component to M\ is mainly of a constraining nature. How-

ever,, C might also influence the construction of new hypotheses if the outcomes of 

Bothh Dutch and Knglish translation are presented in the think-aloud excerpts. 
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experimentss and the hypothesis are not in line with each other. In the excerpt shown 

below,, the learner is trying to find the fastest biking time. When it is shown that Pe-

ter'ss biking time is not minimal after selecting the levels of which the learner thinks 

thatt they represent the fastest options, the learner starts to reason about hypotheses 

withh interactions between the levels of different variables. 

Learnerr 2 

Experimentt 2: 

vv É ^ ,-VTQXX ^ I H B Outcome: Pred.: 

500 35 

Protocol: : 

Nouu dat blijkt niet de snelste me- Well, it seems that that is not the 

thode,, dus een aantal dingen moet fastest method, so I'll  have to change 

ikk veranderen waardoor hij sneller zal a number of things to make him go 

zijn.. Nou ik blijf bij de racefiets, dat faster. I stick with the racïngbike, 

lijk tt me het meest logisch, ehm, dan that seems to be most sensible, ehm, 

laatt ik hem nog steeds zijn boterham- I'll  stick to have him eat his bread 

menn meenemen, o op de fiets eet hij on the bike, oh, he eats them on his 

ze,, dan laat ik hem ze thuis opeten, bike, then I will have him eat them 

wantt onder het fietsen kost dat alleen at home, because eating on his bike 

maarr tijd. Ehmm ik laat hem nog een will only cost time. Euhm, I'll have 

keerr zo min mogelijk boeken mee ne- him take as few books with him as 

men,, en nog steeds de sportschoe- possible, and still wear his sporting-

nenn aandoen, en z'n rugzak meene- shoes, and have him take his back-

menn want dan hoop ik dat dat eten pack with him because I hope that 

vann invloed is. breakfast has an influence. 

E X P E R I M E NTT C O N S T R U C T I ON 

Ass extensively reported (Tschirgi, 1980; Schauble, 1996), the strategy yielding optimal 

performancee (as it requires the least possible number of experiments and cognitive 

energyy to discover regularities) in this type of task is the "vary one thing at a time" 

strategyy (VOTAT), also known as the "control of variables strategy" (CVS, Chen & 

Klahr,, 1999). Learners applying this strategy construct experiments in which they 

varyy the variable under study while keeping all other variables constant. A number 
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off  learners actually referred to this strategy during the think-aloud sessions, see the 

excerptss below. 

Learnerr 39 

Betweenn Experiment 6 and 7: 

Protocol: : 

Nouu waarom ik trouwens elke keer Well, whv I keep repeating the row 

hetzelfdee rijtj e doe is omdat ik ehm, is because, I, euhm, because one is 

omdatt je dan gewoon kan zien able to see which... Because one has 

welke.... Omdat er eentje anders is en changed and if the time is different, 

alss de tijd dan anders is dan ligt het then is it caused by that one. 

duss aan die ene. 

Learnerr 2 

Betweenn Experiment 2 and 3: 

Protocol: : 

OKK nou, dan ga ik nu kijken wat er OK, then I'll look into what hap-

gebeurtt als hij op zijn mountainbike pens if he takes his mountain bike 

naarr school zou gaan. En in hoeverre to school. And to what extend 

hijj  dan dus trager is. Verder heb ik that slows him down. All the other 

allee keuzes hetzelfde dus ik blij f bij 't choices are equal, and so I'll  stick 

broodd thuis opeten, weinig boeken, to eating bread at home, few books, 

sportschoenenn en rugzak want zo sporting shoes and backpack, be-

kann ik dan ontdekken in hoeverre het cause then I can discover to what ex-

uitmaaktt met watvoor fiets hij gaat. tend it matters which bike he takes. 

Learnerss not using a VOTAT-lik e strategy conduct experiments to test a variable 

withoutt taking care of keeping the other variables constant, see the excerpt below. 
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A A 

Learnerr 21 

Experimentss 7: 
Outcome: : 

6.55 5 

Pred.: : 

6.45 5 

Protocol: : 

[ . . . ]Gaa ik toch maar weer even [ . . . ]Then I'll  go for pear, butter-

voorr peer, karnemelk, 7up, wit brood milk, 7-up, white bread and an onion 

enn een ui omdat ik dit rijtj e bijna because I have this row almost equal 

identiekk heb aan rijtje 7 en ik wil to row 7 and I want to know if it mat-

wetenn of het uitmaakt of er een ver- ters if there is a difference in price 

schill  is in prijsklasse met de peer en between apple and pear. It was 6.65, 

dee appel. [... ] 6,65 had ik toen en and then I'll  get another 6.45 now, I 

dann krijg ik nu weer 6,45 schat ik. guess. 

Thee learner performs experiment 8 but makes an error constructing it, 

discoverss the error immediately, and constructs experiment 9 according 

too the reported think aloud excerpt 

Experimentt 9: 

 1 'É Outcome:: Pred.: 

6.455 6.45 

Protocol: : 

Linn dat is goed. [...] Andd that is correct. [...] 

Basedd on these experiments, one might infer that the learner knows that conducting 

aa VOTAT experiment leads to interpretable data. However, directly after this experi-

ment,, the learner conducts an experiment that, according to the think aloud protocol, 

iss not directly related to another experiment and does not yield new knowledge. 

 Ê ê 

Learnerr 21 

Experimentt 10: 

 / 
Outcome: : 

6.65 5 

Pred.; ; 

6.55 5 

Afterr the construction of this experiment, the learner seems a bit lost, and after 

somee reasoning about the conducted experiments, a new experiments is constructed. 

Duringg the construction of this experiment, the learner states: 
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Protocol: : 

[ . . . ] > , , 

[...] ] 

Protocol: : 

6,55.. H 

dan n 

* * 

m... e 

twee e 

rn n 

hm,, ]i 

mijj  maakt het niks 

dee prei. 

Justt before Experiment 11: 

artikelenn anders. [.. 

A A 
i.... [... 

ent. . 

Experiment t 

33 / 
]]  volgens 6.55 

]]  Yes, then 

[...] ] 

11: : 
Outcome e 

6.55 5 

.. Hmmm, 

uit,, de drank en don't think that 

age e andd the leek 

twoo products 

::: Pred.: 

6.65 5 

euhm,, ves... 

differ--

[ . . . ] ! ! 

itt matters, the bever-

So,, even after conducting a correct VOTAT experiment-pair (Experiment 7 and 9), 

thee learner constructs two invalid VOTAT experiments. Even more, the learner 

inferss incorrectly that "the beverage and the leek" do not influence the score. 

Gatheringg data to test the effect of a variable specified in the current hypothesis is 

thee main purpose of the experiment construction part. As this process has access 

too all previously constructed experiments, it enables the experiment construction 

processs to check the history of constructed experiments to prevent duplication. For 

example,, assume that the current hypothesis is about the effect of the different types 

off  shoes. Then, the experiment construction process has either to create or to find 

experimentss that can be used for comparing the effect of the shoes. As the levels of 

thee other variables are not constrained, one of the "old" experiments can be used as 

initiall  experiment requiring the construction of only one new experiment if the other 

experimentt is used as contrast. With respect to prior knowledge, as the Peter-task 

guidess the learner in the experiments that need to be conducted (e.g., by presenting 

thee learner with predefined discrete levels of the variables), prior knowledge does 

nott play a role in the construction of experiments. That is, in tasks where the learner 

hass more liberty in constructing experiments, e.g., by determining which variables are 

tested,, prior knowledge can influence this selection and also determine which levels 

off  these variables are actually tested and compared. 

Becausee of the relatively simple form of the hypotheses in the Peter-task, the main 

purposee of the hypothesis is to guide the experiment construction process by iden-
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tifvingg which variable is the one under study4. Therefore, the process in the models 

cann be summarized as: Mi{E + H) —> £",-. 

K N O W L E D G EE D E R I V A T I O N 

Afterr two experiments have been constructed according to the above described pro-

cedures,, (or after the learner "recycled" one experiment and constructed one new 

experiment)) the experiments are compared. This comparison tests the correctness 

off  the current hypothesis by deriving the effect of the variable mentioned in the 

hypothesis.. Although the conclusions from other experiments might play a role in 

thee derivation of knowledge in more complex task settings (e.g., where the type of 

relationss discovered in earlier experiments influences the derivational process), this 

doess not seem to interfere in the Peter-task. However, some learners showed con-

firmationn bias effects (Klayman & Ha, 1987) caused by prior knowledge. If their 

beliefss about the effect of a variable are too strong, the results of the experiments 

aree sometimes ignored in favor of the original assumption. Although incorporating 

confirmationn bias in the models presented later wTould be a straightforward exercise, 

thee confirmation biases related effects in the data are too divers and idiosyncratic to 

warrantt a precise implementation. Therefore, the current implementation does not 

utilizee PK as data, yielding MT,(H + £")—+ C, as the summary of this subtask. 

Nevertheless,, prior knowledge plays an indirect role in the knowledge derivation 

process.. The hypothesis that is tested is based on an evaluation of prior knowledge. 

Iff  there is a discrepancy between the experimental outcomes and the hypothesis, 

thiss discrepancy might trigger the conclusion that the effect of this variable needs 

too be tested further. Although in the models presented in this chapter the noticed 

discrepanciess are only tested at the end of processing, this could also occur directly 

afterr noticing the discrepancy. However, most learners seem to give priority to testing 

forr all main effects above testing the discrepancies. Even though delaying the testing 

off  the discrepancy increases the change of forgetting about the necessity to test the 

foundd discrepancy. 

+\Vhichh can be contrasted to domains that require more elaborate processing of the current hypothesis in the 

constructionn of experiments, for example, if there is no direct match between hypothesis and experimental variables. 
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DETERMININGG WHEN TO STOP 

Inn most inductive learning studies, the stop criterion is deliberately kept opaque. 

Althoughh learners are instructed "to discover how X works", or "to discover what 

happenss if Y and Z" , they are not told what level of detail is necessary. Learners 

havee to decide for themselves when to stop experimenting. This also holds for the 

Peter-task.. Although learners quickly infer that all five variables have to be tested 

(prescribingg a minimum number of experiments, E) , after testing these five variables 

aa learner has to decide if other effects have to be tested too. 

Thiss decision is influenced by the type of discoveries that were made during the 

testingg of the five variables and the prior knowledge a learner has. If during the testing 

off  the main effects of the five variables other potentially interesting effects surfaced 

ass conclusions of the related experiments (C, e.g., as discrepancies between prior 

know-ledge,, conducted experiments and conclusions), the learner might decide to 

pursuee these further. With respect to the prior knowledge (PK), if a learner recalls a 

situationn in which a choice of a level for one variable influenced the effect of another 

variablee (e.g., that biking on a racing-bike requires both hands, and that therefore 

eatingg breakfast while biking might negate the effect of the racing-bike), hypotheses 

constructedd on the basis of prior knowledge might be pursued delaying the stop 

decision. . 

But,, most importantly, if a hypothesis (H) is still being tested or if there are still 

hypothesess waiting to be tested, deciding to stop is premature. 

C H E C K I N GG P R I OR K N O W L E D GE 

Althoughh not present as a separate entry in the four subtasks of Table 4.2, the prior 

knowledgee plays an important role in inductive learning. In the models presented 

laterr this chapter, the prior knowledge determines the hypotheses on the basis of 

whichh the learners start conducting their experiments. Moreover, if these experi-

mentss result in derivations incompatible with the prior knowledge, the model signals 

thiss incompatibility which might lead to further examination. Therefore, the type 

andd presence of prior knowledge plays an important role in determining the resulting 

behavior. . 

Wee wil l present four models in the next section with two different bodies of prior 
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knowledge.. One set in which prior knowledge is specified about the effect of bikes 

andd breakfast, and another set without prior knowledge. 

T H EE M O D E LS 

Inn this section, a number of different models is presented that together show a range 

off  behavior similar to human behavior. The general structure of all models is de-

pictedd in Figure 4.3. By enabling or disabling certain aspects of the model, different 

typess of behavior emerge. The models are developed using ACT-RD (Anderson, 

1990;; Anderson & Lebiere, 1998) version 5.0 (Lebiere, 2001). The main focus in 

thesee models are (the interactions between) the mechanisms that are underlying in-

ductivee learning behavior. Therefore, emphasis is on the symbolic level6. 

Thee discussion and description of the four subtasks in the previous section was at a 

verball  level. Below, we discuss the subtasks at a more detailed level, direcdy related 

too the computational implementation of the subtasks. 

M\{PKM\{PK + C) —• Hi Assuming that a learner knows that a hypothesis is most likely 

aboutt the differences between two levels of a variable, the most straightforward 

methodd is to search for prior knowledge that represents previous encounters 

withh those levels and to compare the related results. This process is imple

mentedd in the models presented in this chapter. 

Withh respect to the influence of the conclusions based on the experiments, the 

modell compares the outcome of the experiments with the hypothesis formu

latedd earlier (see Knowledge derivation, discussed earlier). If the outcome and 

thee hypothesis are inconsistent, the model notices a mismatch which lead to an 

examinationn of the differences between the prior knowledge and the current 

situation.. This examination might result in the construction of a new hypothe

siss to "retest" the effect of the variable. However, less motivated learners might 

noticee a discrepancy without actually testing its implications. 

Mi{E-\-H)Mi{E-\-H)  —>• £/ Three implementations of Mj will be presented. Two of these 

applyy the VOTAT strategy by always selecting the first option of the variables 

^Seee Chapter 3, 21 for a short introduction to ACT-R. 
r'Subsymbolicc information is only utilized to have the model favor more recently constructed experiments over 

olderr experiments, see Chapter 2 for a model that relies more heavily on subsymbotic learning. 
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Unexpecte d d 
results ? ? 
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experiment s s 
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experiment s s 
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Iff  othe r variabl e 
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effec t t 

Notic ee unexpecte d 
result s s 

FigureFigure 43. Outline of the inductive learning task models. 
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thatt are not under study. One of these does not "reuse" already conducted 

experiments,, the other implementation does reuse old experiments. The third 

implementss a non-VOTAT strategy, referred to as the "sloppy experimenting" 

mode,, which has a tendency to select the first option but randomly chooses the 

otherr level in 25% of all cases. 

M-${HM-${H + E) —> Cj The implemented M3 process examines the (last two) conducted 

experimentss and tests the correctness of the specified hypothesis. If the 

knowledgee derived from the experiments contradicts the hypothesis, the model 

noticess this discrepancy by adding a reference to the current, falsified hypothe-

siss and the experiments that led to the falsification. Later, the Hypothesis for-

mulationn subtask can use this knowledge to re-examine this unexpected effect 

whichh might lead to testing for interactions. 

M${PKM${PK -\- E + H -\-C) —> stop The implemented M4 tests if all experiments are con-

ductedd that are required by the task format, if all hypotheses are tested, and if 

alll  salient discrepancies between prior knowledge and the conclusion based on 

thee experimental outcomes are solved. If these conditions are true, the model 

stopss experimenting. 

Forr some subtasks, multiple approaches can be derived for a single subtask, and the 

outcomee of a subtask might be dependent on the availability of certain knowledge. 

Therefore,, multiple combinations are possible. Table 4.3 presents these alternatives 

perr subtask. 

Al ll  these alternatives are modeler selected, that is, the modeler decides at the start of 

aa model run which of the alternatives is available. With respect to the two alternatives 

forr M\, the modeler can decide to provide the model with prior knowledge regarding 

somee variables or none at all. The knowledge derivation subtask does not have any al-

ternatives,, as all learners in the Peter-task showed the ability to infer the effect of two 

levelss of a variable from two experiments in which this variable was modified. How-

ever,, some learners (incorrectly) induced an effect for a variable when the other levels 

weree not kept constant. This is simulated by assuming that the knowledge derivation 

processs examines two experiments constructed by other subprocesses solely for de-

terminingg the effect of a specified variable. This way, this process is not influenced 

byy variations in levels of other variables. As the experiment constructing processes 
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Tabicc 4.3: The alternative mechanisms or outputs of the mechanisms per subtask 

Subtaskk Alternatives 

Hypothesiss formation M\ Specification of variable and prediction 

Ass above, but without a prediction 

Experimentt construction Mi VOTA T mode, reusing old experiments 

VOTA TT mode, not reusing old experiments 

Sloppvv experimentation mode 

Knowledgee derivation M3 No alternatives in the current task context 

Determiningg when to stop M4 Testing found irregularities 

Stopp when five variables are tested 

Xote:Xote: the first two alternatives, although specified as "hypothesis formation" alternatives, are actu-

allyy better thought of as two alternatives with respect to prior knowledge. That is, a prediction can 

onlyy be constructed if prior knowledge is available. 

havee to take care of constructing appropriate (i.e., VOTAT) experiments, the incor-

rectt inducing of knowledge is caused by the non-VOTAT experiment construction 

subtaskk (Mi). 

Whenn the ACT-R model is run, it mimics a think-aloud protocol by outputting 

"think-aloudd like" information (c.f., model-tracing, see for example Anderson, 1990; 

Anderson,, Boyle, Corbett, & Lewis, 1990; Jansweijer, 1988; Jansweijer, Elshout, & 

Wielinga,, 1989) for the important subtasks in the inductive learning process. A com-

pletee run of the model is presented below. In this model, the following alternatives 

weree selected (a) prior knowledge that leads to hypotheses (represented in the model's 

think-aloudd protocol by their numbers, e.g., "cf. 4 vs 1" in line 2 and discussed later), 

(b)) VOTAT mode with reusing experiments, and (c) testing the irregularities that 

weree found. 

M O D E LL 1 

11 Let's see, a hypothesis for variable Bike... 

22 Often (cf. 4 vs 1), a BikeRacing is faster than/to a BikeNormal, so that will be my hypothesis 

33 Going to construct an experiment to test BikeRacing 

44 Cannot find an experiment testing BikeRacing, so constructing a new experiment. 

55 Experiment 1: <£& ffi M  fe * - 40 

'' In contrast to the actual Peter-task, which has 3 levels for the variable "bag", the current model only has 2 levels. 

Inclusionn of the third level would complicate the computational models and their discussion whereas it would not 

increasee their explanatory power. 
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66 Experiment 2: 4 H | | b * - 50 

77 I knew that it was faster 

88 Let's see, a hypothesis for variable Breakfast... 

99 Often (cf. 3 vs 4), a BreakFastAtHome is slower than/to a BreakfastOnBike, so that will be my 

hypothesis s 

100 Going to construct an experiment to test BreakFastAtHome 

111 It seems that I can use experiment 1 

122 Experiment 3: * *  * I I fe * " 55 

133 Hmmm, I thought it was Slower, but the experiments 1 and 3 indicate BreakFastAtHome is 

fasterr than/to Breakfastbike 

144 Well, I've seen that effect before, but it is strange... 

155 Let's see, a hypothesis for variable Bag... 

166 Hmmm, no idea what a BagSchoolbag does 

177 Hmmm, no idea what a BagBackpack does 

188 Hmmm, I don't know anything about BagBackpack, so, no hypothesis. 

199 Going to construct an experiment to test BagSchoolbag 

200 It seems that I can use experiment 3 

211 Experiment 4: * *  '* ' I I fe * • 50 

222 I didn't know what the relation would be, the experiments 3 and 4 indicate Slower 

233 Let's see, a hypothesis for variable Books... 

244 Hmmm, no idea what a BooksAU does 

255 Hmmm, no idea what a BooksSome does 

266 Hmmm, I don't know anything about BooksSome, so, no hypothesis. 

277 Going to construct an experiment to test BooksAU 

288 It seems that I can use experiment 4 

299 Experiment5: * * ' I $ ^ 50 

300 I didn't know what the relation would be, the experiments 4 and 5 indicate Equal 

311 Let's see, a hypothesis for variable Shoes... 

322 Hmmm, no idea what a ShoesNormal does 

333 Hmmm, no idea what a ShoesSport does 

344 Hmmm, I don't know anything about ShoesSport, so, no hypothesis. 

355 Going to construct an experiment to test ShoesNormal 

366 It seems that I can use experiment 5 

377 Experiment 6: * * # \ $ - * 50 

388 I didn't know what the relation would be, the experiments 5 and 6 indicate Equal 

399 Ok, I'm ready testing the five variables... 

4(1 1 

411 I've discovered that: 

422 BikeRacing is Faster than/to BikeNormal 

433 BreakFastAtHome is Faster than/to BreakfastOnBike 

444 BagSchoolbag is Slower than/to BagBackpack 
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455 BooksAll is Equal than/to BooksSome 

466 ShoesNormal is Equal than/to ShoesSport 

47 7 

488 Hmmm, there was something strange... Let's check that 

499 The experiments 1 and 3 did not match the expectation that BreakFastAtHome is Faster than/to 

Breakfastbike... . 

500 The memories on which 1 based the hypothesis are Mem4 and Mem3 

511 Maybe the effect is different because of the type of Bike... 

522 Ixt's test it by constructing the same experiments but now with the other bike-level... 

533 Experiment?: 4 ^ | | fe * • 50 

544 Experiment8: ^ ^ | % *> 50 

555 Yes, the effect of BREAKFAST depends on BIKE! 

566 If BikeRacing: BreakFastAtHome is Faster than/to BreakfastOnBike 

577 If BikeNormal: BreakFastAtHome is Equal than/to BreakfastOnBike 

58 8 

599 No (other) irregularities... Ready! 

Ass can be seen in this output, the model iterates over all five variables, searches for 

aa hypothesis per variable, and if found, tests that hypothesis by constructing experi

mentss and comparing the outcome of those experiments with the found hypothesis. 

Thee experiments constructed by the model and the conclusions derived from those 

experimentss are presented in Table 4.5. 

Basedd on these experiments, the model derived all main-effects (starting at lines 1, 

8,, 15, 23, and 31) and because the discovered effect for the variable breakfast was 

unexpectedd (Tine 13), it reexamined this effect after it tested the effect of the five 

variables.. This reexamination (starting at line 48) involves comparing the context of 

thee prior knowledge leading to the original falsified hypothesis and the experiments. 

Thee knowledge available to the model is: 

Memoryy 3: Memory 4: 

bikee BikeNormal bike BikeNormal 

breakfastt breakfastbike breakfast BreakFastAtHome 

bagg nil bag nil 

bookss nil books nil 

shoess nil shoes nil 

outcomee 2 0 outcome 3 0 
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Tablee 4.5: Model 1: Experiments and conclusions of a learner with prior knowledge, a VOTAT experiment 

constructionn strategy and testing of unexpected effects. 

Experimentt Bike 

11 Racing 

22 Normal 

33 Racing 

44 Racing 

55 Racing 

66 Racing 

77 Normal 

88 Normal 

Breakfast t 

Att home 

Att home 

Bike e 

Bike e 

Bike e 

Bike e 

Att home 

Bike e 

Bag g 

Bookk bag 

Bookk bag 

Bookk bag 

Backpack k 

Backpack k 

Backpack k 

Bookk bag 

Bookk bag 

Books s 

All l 

All l 

All l 

All l 

Some e 

Some e 

All l 

All l 

Shoes s 

Normal l 

Normal l 

Normal l 

Normal l 

Normal l 

Sport t 

Normal l 

Normal l 

Outcome e 

40 0 

50 0 

55 5 

50 0 

50 0 

50 0 

50 0 

50 0 

Variable(s)) Constraint Levell  conclusions 

Mainn effects: 

1 1 

2 2 

3 3 

4 4 

5 5 

Bike e 

Breakfast t 

Bag g 

Books s 

Shoes s 

"racing""  is faster than "normal" 

"att home" is faster than "bike" 

"bookk bag" is slower than "backpack" 

"all ""  is equal to "some" 

"normal""  is equal to "sport" 

Interactions/Condit ionall  effects: 

6aa Breakfast Bike = "racing" "at home" is faster than "on bike" 

6bb Breakfast Bike = "normal" "at home" is equal to "on bike" 

Notee that although the format of the information is similar to the format used in 

thee Peter-domain, this prior knowledge represents information acquired outside the 

Peter-task.. This prior knowledge reflects that the learner knows about a situation in 

whichh having breakfast on a normal bike is faster than having the breakfast at home, 

andd then biking to school on a normal bike. Note that the actual values represented 

inn this overview are not equal to outcomes that are associated with these levels in 

thee Peter-task. This reflects that the prior knowledge has a different source than 

thee present task. When the model tries to discover what causes the difference be-

tweenn the prior knowledge and the constructed experiments, it discovers that the type 

off  bike differs (line 51). Consequently, the model constructs two new experiments 

comparablee to the earlier constructed experiments for the break fast-test. However, 

inn these experiments the type of bike is changed (lines 52-54). By comparing the 

effectt of the breakfast levels given the levels of the bike the model discovers that the 

effectt of breakfast depends on the type of bike used (lines 55-57), in other words, it 
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discoverss the interaction. 

Notee that this model has discovered the total set of underlying effects, even given 

thatt it did not cover the complete experiment space neither generate all possible 

outcomes. . 

M O D E LL 2 

Iff  the same model is run without access to prior knowledge about the variables, no 

unexpectedd results are discovered. Therefore, after the model has constructed the 

experimentss necessary to test the five variables, it stops before it has discovering the 

totall  set of effects. Table 4.6 presents the conducted experiments and conclusions. 

Notee that this model does not discover the interactions between bike and breakfast. 

Becausee the model does not have access to prior knowledge, the model does not 

(andd cannot) note any inconsistencies and does therefore not discover or test for any 

interactions. . 

Tablee 4.6: Model 2: Experiments and conclusion of a learner without prior knowledge, but with a VOTAT 

experimentt construction strategy and with testing of unexpected effects. 

Experimentt Bike Breakfast Bag Books Shoes Outcome 

11 Racing At home Book bag Al l Normal 40 

22 Normal At home Book bag All Normal 50 

33 Racing Bike Book bag All Normal 55 

44 Racing Bike Backpack All Normal 50 

55 Racing Bike Backpack Some Normal 50 

66 Racing Bike Backpack Some Sport 50 

Variable(s)) Constraint Level conclusions 

Mainn effects: 

11 Bike "racing" is faster than ' 'normal" 

22 Breakfast "at home" is faster than "bike" 

33 Bag "book bag" is slower than "backpack" 

44 Books "all" is equal to "some" 

55 Shoes "normal" is equal to "sport" 

M O D E LL 3 

I ff  Model 2 would have used the experiment construcdon method that does not reuse 

oldd experiments, the derived knowledge would be similar but the model would have 
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constructedd four more experiments as can be seen in Table 4.7. 

Tablee 4.7: Model 3: Experiments and conclusion of a learner without prior knowledge*, but with a VOTAT 

experimentt construction strategy without reusing already conducted experiments and with testing or unex-

pectedd effects. 

Experiment t 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

Bike e 

Racing g 

Normal l 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Breakfast t 

Att Home 

Att Home 

Att Home 

Bike e 

Att Home 

Att Home 

Att Home 

Att Home 

Att Home 

Att Home 

Bag g 

Bookk bag 

Bookk bag 

Bookk bag 

Bookk bag 

Bookk bag 

Backpack k 

Bookk bag 

Bookk bag 

Bookk bag 

Bookk bag 

Books s 

All l 

All l 

All l 

All l 

All l 

All l 

All l 

Some e 

All l 

All l 

Shoes s 

Normal l 

Normal l 

Normal l 

Normal l 

Normal l 

Normal l 

Normal l 

Normal l 

Normal l 

Sport t 

Outcome e 

40 0 

50 0 

40 0 

55 5 

40 0 

35 5 

40 0 

40 0 

40 0 

40 0 

Variable(s)) Constraint Level conclusions 

Mainn effects: 

11 Bike 

22 Breakfast 

33 Bag 

44 Books 

55 Shoes 

M O D I - i .. 4 

Inn spite of the differences in behavior of the discussed models, they all contain only 

"correct""  knowledge and strategies. Regardless of the limited scope of discovered 

informationn in the last two models, none of the subprocess can be blamed for not 

discoveringg all relations. However, some learners tested in the before-mentioned 

studiess did behave erratically. Tables 4.8 and 4.9 (split into two because of larger 

numberr of conducted experiments) shows the experiments constructed by a model 

thatt violates the VOTAT principle. (Note that this model had access to the same 

prior-knowledgee as Model 1, Table 4.5.) 

Ass can be seen in Table 4.9, regardless of the incorrect experimenting strategy and 

thereforee also the incorrect knowledge derivation strategy (as the model derives the 

effectt of the variable under studv from experiments that were constructed without 

"racing""  is faster than "normal" 

"att home" is faster than "bike" 

"bookk bag" is slower than "backpack" 

"all ""  is equal to "some" 

"normal""  is equal to "sport" 
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Tablee 4.8: Model 4: Experiments of a learner with prior knowledge, but without a YOTAT experiment 

constructionn strategy, without reusing already conducted experiments and with testing of unexpected effects. 

Experiment t 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

11 1 

12 2 

Bike e 

Racing g 

Normal l 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Racing g 

Normal l 

Normal l 

Breakfast t 

A tt Home 

A tt Home 

Att Home 

Bike e 

Att Home 

Bike e 

Att Home 

Att Home 

Bike e 

Bike e 

Bike e 

Att Home 

Bag g 

Bookk bag 

Bookk bag 

Bookk bag 

Bookk bag 

Bookk bag 

Backpack k 

Bookk bag 

Bookk bag 

Bookk bag 

Backpack k 

Bookk bag 

Bookk bag 

Books s 

Some e 

Al l l 

Some e 

Some e 

Some e 

Some e 

Al l l 

Some e 

Some e 

Some e 

Al l l 

Some e 

Shoes s 

Sport t 

Sport t 

Sport t 

Sport t 

Normal l 

Sport t 

Sport t 

Sport t 

Normal l 

Sport t 

Normal l 

Normal l 

Outcome e 

40 0 

50 0 

40 0 

55 5 

40 0 

50 0 

40 0 

40 0 

55 5 

50 0 

50 0 

50 0 

payingg attention to the "other" variables), this model correctly derives knowledge 

aboutt the interaction. 

VARIATION SS OF THESE MODELS 

Obviously,, these models reflect only a limited subset of behavior shown by learners 

inn settings like the Peter-task. The main limitation of these models is the lack of 

heuristicss in the determining when to stop subtask (A/4). In the currently presented 

models,, the stop subtask is straightforward: as soon as the effect for all variables is 

tested,, and no knowledge about possible other effects is available, the model stops. 

However,, think-aloud protocols of learners in the Peter-task show different types of 

heuristicss that influence the decision to stop. For example, learners actively engage in 

reasoningg about the duration and complexity- of examining all possible (first-order) 

interactionss after discovering the first interaction. For example, the learner in the 

excerptt below decides to stop experimenting after a judgement of complexity of 

continuing. . 
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Tablee 4.9: Model 4: Conclusions of a learner with prior knowledge, but without a VOTAT experiment con-

structionn strategy, without reusing already conducted experiments and with testing of unexpected effects. 

Variable(s)) Constraint Level conclusions 

"racing""  is faster than "normal" 

"att home" is faster than "bike" 

"bookk bag" is faster  than "backpack" 

"all ""  is equal to "some" 

"normal""  is slower  to "sport" 

"att home" is faster than "on bike" 

6bb Breakfast Bike = "normal" "at home" is equal to "on bike" 

Note:: Incorrect conclusions are printed in bold. 

Mainn effects: 

X X 

2 2 

3 3 

4 4 

5 5 

Bike e 

Breakfast t 

Bag g 

Books s 

Shoes s 

Interactions/Condit ional l 

6a a Breakfast t Bikee = 

effects: : 

"racing' ' 

Learnerr 36 

Justt after ex 

Protocol: : 

Jaa er zit iets onderling... maar... nee, 

ikk weet niet wat... dan zou ik nog 10 

combinatiess moeten doen of zo. .. 

perimentt 10: 

Yes,, there is some reladon-

ship.... but... no, I don't know 

wThat.. . . then I'l l have to do like 10 

moree combinations... 

Thiss learner did construct the necessary experiments to derive the interaction effect 

-- but was not able to compare the correct set of experiments to derive the correct 

conclusion.. Directly after the above statement, the learner decides to stop experi-

menting;; the perceived complexity seems too high to continue experimenting. Or, 

aa different learner, after discovering the first interaction, and contemplating whether 

too test for other interactions: 
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Learnerr 5 

Afterr experiment 15: 

Protocol: : 

Ikk denk als ik dat zeker wil weten dat 

ikk dan alle dinges uit moet rekenen 

enn alle dingen apart bij mekaar moet 

doenn en dan ben ik echt wel een uur 

bezigg of zo. OK, wat ga ik nu doen, 

ikk weet nou niet meer zo goed waar 

ikk dan moet beginnen of ik wel op-

nieuww moet beginnen om het uit te 

zoekenn of niet. Ik denk eigenlijk dat 

hett wel goed is ja ik denk dat ik klaar 

ben.. Ik ben klaar. 

II  think that if I want to be sure that 

II  have to calculate all things and have 

too do all things seperate with ea-

chotherr and then I'll be busy for like 

ann hour . OK, what to do now, I 

don'tt know anymore where I have to 

startt or whether I have to start anew 

too figure it out. Actually, I think it's 

fine,fine, ves, I think I'm ready. I'm ready. 

Anotherr example is that some learners use their knowledge about the possible out-

comess of the task to slightly change their approach to the task and to start actively 

searchingg for the outcomes they had not encountered yet in the constructed experi-

ments: : 

Learnerr 20 

Afterr experiment 7: 

Protocol: : 

Ehm,, [stilte] nou ik heb dus de 35 

minutenn gehad, ehm 40 nog niet, 45, 

500 en 55. Ehm, dan wil ik nu nog 

wetenn wanneer hij er drie kwartier 

overr fietst, nee 40 minuten. 

Euhm,, [silence] I have had the 35 

minutes,, euhm, haven't had 40, 45, 

500 and 55. Euhm, so I want to now 

whenn it takes him three quarters of 

ann hour, no, 40 minutes. 

Inn the first of these two examples, the heuristic intervenes at a meta-cognitive "plan-

ning""  level. The second example is a more traditional heuristic, in that it specifies a 

methodd to check whether the found results are similar to a known distribution. If 

not,, then not all possible outcomes have been generated, and there is a chance that 

theree are still undiscovered effects. For both types of heuristics, (prior) knowledge is 

required.. In the first example, the learner has to have an idea about the amount of 
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timee that the total task can reasonably take. In the second example, the learner has 

too remember the set of possible outcomes from the task instruction. 

Givenn the large variation in heuristics that are used by learners, it is not feasible to 

implementt all these. Moreover, the idiosyncratic nature of the heuristics hinder a 

generalizingg conclusion of the associated effects. Nevertheless, the heuristics play an 

importantt role in determining when to stop and therefore in the characterization of 

thee inductive learning process. This is a deviation from the inductive learning theory 

ass sketched in the SDDS approach. The subtask associated with deciding when to 

stopp is underspecified, especially when compared to the level of specification of the 

otherr subtasks. 

D ISCUSSION N 

Thee above described models illustrate that behavior associated with the inductive 

learningg as triggered bv the Peter task can be described using four subtasks derived 

fromm the SDDS theory. Although derived from the SDDS framework, there are some 

notablee differences. In the SDDS framework, as is visible by the level of elaboration 

off  the left side of Figure 4.1, the emphasis is on the hypothesis formation steps. 

Inn contrast with this emphasis, the hypothesis formation methods in the models 

presentedd above are relatively simple. Moreover, the output of these methods is 

determinedd by the prior knowledge available to the model. Given the relatively simple 

structuree of the Peter-task, it is obvious that it is relatively simple to find the correct 

typetype of hypothesis (in contrary to the BigTrak-task). Although the interactional effects 

inn this task can be represented in a relatively simple manner as well (i.e., as conditional 

effects),, the Peter-task is considered a real and difficult "discovery" task by learners 

andd the less than perfect empirical results (see the next chapter) show that the task 

wass not trivial. 

Basedd on a task-analvsis and the implemented models, variation in behavior between 

learnerss is explained in terms of different methods of experiment construction, dif-

ferentt prior knowledge, and stop-heuristics. This shows the importance of these 

factorss in the inductive learning process. Moreover, it also illustrates that the empha-

siss of the SDDS theory on the construction of hypotheses limits the applicability*  of 

thiss framework to domains in which the main task is to discover the type or form of 

aa hypothesis (e.g., BigTrak). In constrast to those type of tasks, learning in Peter-like 



ModelingModeling Inductive learning 

taskk focusses on experiment generation and the application of a stop criterion. As 

wass argued in this chapter, both the generation of experiment and the decision to 

stopp experimenting are influenced by the assumptions learners have about the task 

andd domain. 

Obviously,, there is great variability in the assumptions the learners have about the 

task,, yielding variability in behavior. This effect is not only observable during the 

constructionn of experiments, but also influences the decision about when to stop ex-

perimenting.. As argued, learners appear to experiment until they have manipulated all 

variabless at least once and have solved any inconsistencies between their assumptions 

aboutt the effect of the variables and the observed outcomes. 

Thiss is where the difference between an optimal rational solution and a more graded 

rationall  solution as observed in the learners' behavior is most obvious. The most 

rationall  solution to tasks like the Peter-task (which has 48 unique experiments) is to 

conductt all possible unique experiments8 Then, by means of deduction, the learner 

cann derive all relations that hold in the task under study. Learners in the Peter-task 

havee not been given a clear "when-to-stop-experimenting" instruction. Therefore 

theyy have to judge for themselves when suffient experiments have been conducted. 

AA balance has to be found for this decision between discovering all possible relations 

andd consuming too much resources. In other words, on the one hand, a learner tries 

too discover as much as possible, on the other hand, the learner also tries to limi t the 

usagee of resources. This behavior is often described as bounded rationality (Simon, 

1957).. (See Simon, 1991 for a comparison between "bounded" rationality and "pure" 

rationality).. Because of this, effects of prior knowledge and subjective interpretation 

off  the task play an important role in what behavior is shown by learners in this 

inductivee learning task. 

Actually,, there is no completely rational approach to this or similar tasks, as it always remains a possibility that 

thee next to be conducted experiments gives new, not yet incorporated information. For example, the simulation might 

containn a training-effect along the lines of Peter biking faster if he biked to school at least 100 times. 
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MEASURESS OF INDUCTIV E LEARNIN G QUALIT Y 

Abstract t 

Inn this chapter we argue that two often used measures of the quality 

off  inductive learning, comprehension score and proportion of ex-

perimentt space covered, are subject to spurious influences of prior 

knowledgee and subjective interpretation of the task. A new measure 

iss proposed that is based on consistency between the observations 

madee during learning and the post-test scores. It is shown that this 

measuree is more stable over tasks than comprehension score and 

proportionn experiment-space covered. 

Theree are several approaches to measuring the quality of learners performing in-

ductivee learning tasks. The simplest approach is to evaluate the knowledge after 

performingg inductive learning. How much is learned (e.g., percentage of relations 

thatt were correctly discovered) is a measure of the quality of the discovery behav-

ior.. However, as we discussed in the previous chapter, this measure is indirect and 

subjectt to the influence of other factors than the quality of inductive learning. For 

example,, prior knowledge may produce a high "discovery" score even if it is com-

binedd with poor discovery behavior. Or, individual differences in the interpretation 

off  the goal of the inductive learning task may result in differences in performance. 

Inn both cases measuring acquired knowledge does not reflect the quality of inductive 

discoveryy learning. 

Partss of this and the previous chapter are based on Wilhelm et al. (in press) and 1 iulshot et al. (in press). 
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Anotherr approach to measure inductive learning is to focus on the proces of induc-

tivee learning, and to measure learning quality on the the subprocesses that underly 

inductivee learning. In the previous chapter, we identified and discussed four sub-

taskss of inductive learning. In the current chapter, we discuss existing measures of 

inductivee learning in terms of these subtasks. After discussing these measures, we 

proposee a new measure which is based on an assessment of the quality of one of the 

subprocesses. . 

MEASURINGG THE QUALITY OF PERFORMANCE 

Thee difficulty is to measure the contribution and quality of the different sub-

taskss in the discovery process and more specifically, which part is responsible for 

(sub)optimall  behavior. Often, the approach taken is to rely on think aloud proce-

duress (Chi, 1997; Ericsson & Simon, 1993; Van Someren, Barnard, & Sandberg, 

1994)) to identify what drives performance. However, another approach is to base 

analysess on, for example, reaction time data or human-task interaction data (Hulshof, 

2001).. We will refer to the first as qualitative data, and to the latter as quantitative 

data.. In the next two paragraphs, we will discuss discuss qualitative and quantitative 

measuree that are traditionally used in the context of discovery learning. 

M E A S U R ESS B A S ED ON Q U A L I T A T I V E D A T A 

Whenn the think aloud method is used to gather data, a learner is asked to verbalize 

alll  thoughts during problem solving. By means of analyzing think aloud data, more 

insightt in the relative contribution of the different phases can be gained. However, 

inn the context of the inductive learning tasks presented in this thesis, think aloud 

dataa without prompting is often of a relatively low quality, especially with respect to 

thee stating of hypotheses and intermediate results derived from experiments (see for 

aa discussion on this topic Kuhn et al, 1995, pi 55, or Thinking Aloud, 2001). The 

ideall  situation from a researchers point of view would be one in which the learners 

commentt on each experiment. This led researchers to use prompting questions (e.g., 

Schauble,, 1990; Niewold, 1998; Wilhelm, 2001). By means of these prompting ques-

tions,, learners are asked explicitly to state their current hypotheses and expectations 

att fixed intervals or events. Niewold (1998) reported that asking directed questions 

(e.g.,, "What are you trying to discover?") did not interfere with the score on measures 
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usedd to assess the quality of the inductive learning process. However, it is not obvi-

ouss that asking questions does not change the discovery behavior at all, as Niewold 

alsoo reported effects of prompting on other behavioral measures. Moreover, in other 

researchh on the use of prompting, an increase in performance was found (Berry & 

Broadbent,, 1990). 

Anotherr issue associated with think aloud protocols is that the data collection and 

analysiss of think aloud protocols is associated with enormous effort (cf. Hulshof, 

2001),, especially in situations where numerous protocols are necessary to derive gen-

eralitiess (cf. Prins, 2002). Therefore, verbal data like think-aloud protocols are often 

supportedd by (additional) behavioral data about learner actions. Since these actions 

cann often be recorded automatically, it is easy to apply numerical measures to these 

data. . 

M E A S U R ESS B A S ED ON Q U A N T I T A T I V E D A T A 

Besidess qualitative descriptions of discovery behavior based on think aloud protocols, 

researchh often includes quantitative data reflecting the outcomes of behavior during 

thee discovery process. 

Ann often used quantitative data based measure that is supposed to reflect the out-

comess of the discovery process is the "comprehension score" (Schauble, 1990). This 

scoree is based on the learner's performance on sets of comprehension questions, 

askedd in between experimental sessions or during a post-test. Whereas Schauble, 

Klopfer,, and Raghavan (1991) calculated the comprehension score simply based on 

thee (unweighted) number of correctly stated relations, Wilhelm (2001) and Niewold 

(1998)) use a more elaborate, weighted scheme (see Table 5.1, page 86). Yet another 

classificationn system was used by Hulshof (2001). He classified the learners in the 

Peter-taskk into one of four different nominal levels, based on the number of cor-

rectlyy answered post-test questions. 

Anotherr measure, used to quantify the behavior of learners in a discovery task, is 

basedd on the number of (distinct) experiments conducted by learners (e.g., Klahr & 

Dunbar,, 1988; Kuhn, Schauble, & Garcia-Mila, 1992; Schauble, 1990,1996; Wilhelm, 

2001).. As this measure is used to describe how well the learners covered the total 

experimentt space, the number of (distinct) experiments is divided by the the total 

numberr of distinct experiments defined by the task. This experiment-space com-
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pletenesss score is presented as a measure of the thoroughness of scientific discovery 

learning. . 

ONN THE VALIDIT Y OF EXISTING MEASURES 

However,, the validity of both the comprehension score and the proportion of 

experiment-spacee covered can be questioned with regard to the extent to which they 

measuree the quality of discovery behavior. 

T H EE C O M P R E H E N S I ON S C O RE 

Withh regard to the comprehension score measure, the underlying idea is that a per-

fectt learner should discover all results. However, a methodological problem with 

measuress like this is that the number and type of relations in the domain is often 

nott easily quantifiable. For example, should an interaction count as two main effects 

(A](A]  > Ai if C = 1 and A\ < Ai if C — 2), making it possible to weight the score for 

aa partly correct answer, or should the interaction be seen as an inseparable construct 

yieldingg an all-or-none score? Or, similarly, should a learner be credited for correctly 

discoveringg that there is no effect of changing a particular variable to another level? 

Another,, more fundamental problem is associated with the assumption that perfect 

inductivee discovery learning leads to the discovery of all possible effects. As argued 

inn the previous chapter, it is often not reasonable to expect a learner to conduct 

alll  possible experiments. Therefore, a learner might make a valid decision to stop 

experimentingg before all existing relations have been discovered. However, if the 

comprehensionn score is used as a measure of the quality of inductive learning, it 

automaticallyy follows that discovering more effects is always better, ignoring the pos-

siblyy valid reasons of a learner to stop experimenting. It is, for example, possible 

thatt a learner does not conduct experiments in the experiment space region where 

somee relations can be discovered because the learner's prior knowledge suggests that 

thee imporant relations are to be found in different regions. This distinction is also 

presentt in the work of Van Joolingen and De Jong (1997). They distinguish between 

twoo subspaces within the complete experiment-space. If derivation is based on ex-

perimentss sampled from the "target conceptual model" space, this process would 

leadd to a correct set of hypotheses. The actual subspace that learners consider dur-

ingg discovery learning is called the "effective learner search space". Only if the "effective 
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learnerr search space" overlaps the target conceptual model space, a learner is able to 

derivee all hypothesis. 

Thiss is also illustrated in a comparison between the models as presented in the previ-

ouss chapter (Model 1 vs Model 2 (or 3) vs Model 4). As Model 1 discovers all possible 

effects,, this model gets the maximum comprehension score. Models 2 and 3 wil l both 

scoree lower, as the behavior of these models did not lead to the discovery of the inter-

actionn effects. However, given the commonly used scoring schemes for the compre-

hensionn score, Model 4, based on erroneous inductive learning processes, wil l score 

higherhigher than Model 2 and 3 as this model did discover the interaction effects. (This is 

becausee the interaction effects contribute stronger to the comprehension score than 

thee one wrong main effect.) However, the experiment construction mechanism of 

Modell  4 is clearly imperfect. That the model discovers the correct effect by chance 

iss no problem for a simple performance score, but a measure of the quality of the 

inductivee learning process should not be biased by this type of accidental discoveries. 

Theree is also a more theoretical reason whv the comprehension score fails as a good 

measuree of the quality of inductive learning. If one contrasts inductive learning to 

deductivee learning, the latter requires that one searches for all possible experiments 

thatt could lead to deduction as a deductive learner should not make inferences about 

non-observedd states. However, the nature of inductive learning implies that a learner 

inducess hypotheses that hold over a broader range of experiment states than the 

observedd states. Therefore, deciding not to search parts of the experiment space 

mightt be a decision that is completely valid in an inductive learning setting, even 

iff  that leads to impoverished knowledge. Therefore, although the comprehension 

scoree described above does measure certain aspects of discovery behavior, its validity7 

iss questionable. 

T H EE P R O P O R T I ON OF E X P E R I M E N T - S P A CE C O V E R ED 

Thee quantitative measure reflecting the proportion of experiment-space covered is 

oftenn used to illustrate the (lack of) thoroughness of learners' discovery behavior. 

However,, the implied correlation between the proportion score and the quality of the 

discoveryy process does not hold when it is not by definition considered suboptimal 

iff  a learner stops before all experiments have been conducted. 

AA measure used by Glaser, Schauble, Raghavan, and Zeitz (1992) illustrates this prob-
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lem.. In this study, differences in "percentage of minimal required evidence" is re-

portedd for three types of tasks. This measure reflects the extent to which the learner 

conductedd the necessary experiments to derive all possible relations. However, learn-

erss do not know what part of the experiment space contains the most informative 

relations.. So, without more information about the discovery behavior of a learner, a 

negativee interpretation of this measure would be that it just measures the amount of 

luckk a learner had in selecting the right experiment space regions. 

Anotherr issue related to the proportion of experiment-space searched are duplicate 

experiments.. A duplicate experiment is often considered unnecessary, and is inter-

pretedd negatively. However, two remarks can be made with regard to this negative 

interpretation.. First, the learner does often not know whether the domain contains 

aa stochastic or dependent (e.g., training effects) component. An appropriate test 

forr stochasticity or dependency is repeating an experiment leading to a duplication. 

Second,, an experiment that has been conducted a while ago might not be readilv 

availablee to the learner. For example, because the declarative knowledge representing 

thee experiment has decayed too much causing retrieval to be impossible. In both 

situations,, constructing experiments which have already been conducted might be an 

appropriatee action. 

Basedd on the above reasoning, statements as presented in (Kuhn et al., 1992) are over-

statingg the irrationality or suboptimality of the learners' behavior. Kuhn et al. (1992, 

p.303,, emphasis added) state: "Subjects generated only a fraction of the potential evidence, 

andd this they did inefficiently. Of the 48 possible unique boats [experiments], subjects 

buildd [constructed] an average of 18.9 (39.4%, with a range across subjects from 27% 

too 56%).". Here, "inefficiency" refers to duplicate experiments constructed by the 

learners. . 

Thee issue of duplicate experiments also plays a role when Model 2 and Model 3 pre-

sentedd in the previous chapter are compared. The only difference between Model 2 

andd Model 3 is that Model 3 does not reuse old experiments, but constructs a new 

"basee experiment" for every variable it tests. Although this does take more effort 

inn terms of mouse-clicks, this behavior is not incorrect. Although these duplicate 

experimentss might seem redundant, implying mediocre inductive learning behavior 

iss premature as long one does not know why these duplicate experiments have been 

constructed. . 
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PRINCIPLEDD MEASURES 

Ass discussed above, both the comprehension score and the proportion of 

experiment-spacee covered are not optimal to assess the quality of the inductive learn-

ingg process. Therefore, an alternative measure is necessary that is not influenced by 

thee issues raised previously. Given the resource-expensiveness of analyzing think 

aloudd protocols, a measure based on log-file data is preferable over a measure based 

onn qualitative data. 

Inn the previous chapter, the four subtasks (constructing hypotheses, constructing ex-

periments,, evaluating hypotheses, determining when to stop) as defined by the SDDS 

theoryy have been implemented to construct computational models of inductive learn-

ingg behavior. Based on an analysis of these subtasks, differences between good and 

badd discovery behavior can be accounted for. However, to assess this in empirical 

behavior,, we have to have access to the products of the different subtasks. As ar-

guedd before, there is no easy solution to access the hypotheses a learner might use 

duringg the discovers process. And even if we have access to the hypotheses a learner 

usess or verbalizes during the discovery process, it is difficult to assess whether these 

hypothesess are correctly derived from the learner's prior knowledge (Mi) . That is, it 

iss (as in other fields of psychology) almost impossible to assess the prior knowledge 

(PK)(PK) a learner has about a domain without priming this prior knowledge and thereby 

influencingg the inductive learning process itself. 

Ass the hypothesis is the prime determinant of the experiment generation process in 

SDDS,, assessing the quality of the generated experiments (Mi) is difficult. Because 

thee prior knowiedge is also the main determinant for the stop-criterion and the stop-

criterionn is not explicitly stated in the task instruction, which makes it subject to 

interpretation,, the quality of this subtask (M4) is not easily assessed. 

Thiss leaves the knowledge derivation (M3) as main focus for measuring the inductive 

learningg process. During this subtask, the learner derives new knowledge on the ba-

siss of conducted experiments. As argued above, prior knowledge and therefore also 

thee current hypothesis might influence the derivational process as it might cause rash 

derivationss or confirmation bias. However, both the product of this subtask, the con-

clusionss stated during the post-test, and the input for this subtask, the experiments, 

areare available for inspection. Therefore, we can easily reconstruct the effects of invalid 
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derivationss and confirmation bias as these are reflected in invalid conclusions if one 

considerss the experiments as infallible sources of evidence. For example, assume that 

wee know that a learner constructed experiments in which all but one variable were 

keptt constant. Changing the variable is reflected in the outcomes. However, if the 

learnerr does not mention this relation, we can assume that either the effect was not 

noticed,, or that it might have been noticed but was not interpreted, probably because 

off  confirmation bias. Either way, we can conclude that the inductive learning process 

off  that learner is suboptimal: not enough attention was paid to an effect that was 

observablee in the data. 

Therefore,, if aiming for an optimal quantifiable measure of the correctness of dis-

coveryy behavior, the solution lies in measuring the inductive learning behavior while 

tryingg to keep the hard to measure subjective effects of prior knowledge and subjec-

tivee interpretations under control. Method M3 is most promising in this respect as all 

thee input necessary for this method is easily available and the outcomes of this pro-

cesss are reported during the post-test (and in the think-aloud protocols if those have 

beenn recorded). Although this does not reveal what methods and prior knowledge 

aree used by the learner, it does reveal if the learner is able to engage in correct dis-

coveryy behavior given his or her capacities without being influenced by subjective 

propertiess like prior knowledge or interpretation. 

However,, if one does not specify any discovery strategies one cannot assess whether 

thee behavior of the learner is consistent. Therefore, a minimal set of experimentation 

strategiess has to be defined which are assumed to be available for the learners. As 

learnerss with similar background as the learners in the current study (Wilhelm, 2001; 

Niewold,, 1998) showed to be consciously aware of the importance of the VOTAT 

orr CVS method, we assume that the learners in the current study should be able to 

derivee the correct knowledge from two correct experiments. For example, if a learner 

hass two experiments available in which only one variable is changed, the underlying 

assumptionn of the consistency score requires that the user reports the effect that can 

bee derived from those experiments during the post-test. With respect to interactions, 

iff  a learner saw earlier that changing a variable led to another effect than changing 

thatt variable later on, the VOTAT strategies should signal an inconsistency. There-

fore,, the consistency measure assesses the consistency of the overt behavior with the 

answerss to the post-test scores assuming that the learners know that one has to test 
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forr the effect of a variable by only manipulating that particular variable. 

Too test the viability of the consistency of behavior measure, we will apply this method 

too data from the Peter-task. The performance of the consistency measure will be con-

trastedd with the performance of the original comprehension scores and the percent-

agee experiment-space covered. If this measure is indeed less influenced by subjective 

properties,, the score on this measure should be more stable over experiments than 

thee previously used scores. Therefore, we will compare the stability of this consis-

tencyy measure over two tasks with the stability of the comprehension score. 

PETER-TASK K 

Too compare measures for inductive learning tasks, we will again refer to the Peter-

taskk as described in the previous chapter. First, we will present the scores on these 

taskss using the measures as reported in Wilhelm et al. (in press). Second, we wil l 

discusss these findings in the light of the issues raised earlier. Third, the consistency 

scoree will be operationalized and compared to the earlier measures. 

RESULTS S 

Wee tested 15 subjects, all first-year psychology students at the University of Amster-

dam.. They participated in this study for course credits. The subjects were told that 

theyy could take as long as they wanted, and were given the opportunity to take notes. 

Post-testt questions were used to assess what was learned. Per variable, the learner 

wass asked "What did you discover concerning ...". Only when the learner's answer 

wass ambiguous, clarification questions were asked. 

Ass in previous studies (e.g., Wilhelm et al., in press; Schauble, 1990; Kuhn et al., 

1992),, only a fraction of the experiment space was searched. The average number 

off  experiments conducted was 11 (SD = 5.78), the average number of unique ex-

perimentss was 9.7 (SD = 3.53). The average proportion of the experiment space 

searchedd was 0.20 (i.e., 9.7 / 48, see Table 5.2). 

W7ithh respect to the comprehension score, we used the same scoring scheme as used 

byy W7ilhelm et al. (in press). This scoring scheme weights the interactions by assigning 

moree points to the interactions if completely reported and also allows for partial 

scoringg of interactions. This leads to a maximum score of 18 points awarded if all 
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mainn effects and interactions are reported correctly. The actual scoring scheme used 

iss depicted in Table 5.1. Based on the this scheme1, the average comprehension score 

iss 11.3 (SD = 2.4, ranging from 4 to 15, see Table 5.2). 

Tablee 5.1: Points awarded tor responses in the post-test in Wilhelm's (2001, Table 2, p.^7) study. 

Numberr Statement Correct Without restricting Incorrect 

condition n 

a\a\ > Ü2 

a\a\ < Ü2 

b\b\ — b2 

b\b\ > b2 

C\C\ = C2 

d\d\ — d2 

e\e\ < e2 

e\e\ < eT, 

ee22 = e i 

(if*,) ) 

(iff ̂ 2) 

(iffli) ) 

(iff <*2) 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

1 1 

1 1 

1 1 

1 1 

nlnl  a 

nlnl  a 

nlnl  a 

nlnl  a 

n)n) a 

Note:: Letters a to e refer to the five independent variables. The subscripted digits refer to the level 

off  the variable selected. Variables a and b interact, e has an effect for only one level and c and d 

aree irrelevant. The maximum score is 18. 

D I S C U S S I ONN OF T H E R E S U L TS 

Withh respect to the proportion of experiment space searched, the learners in the 

currentt study show a relatively low score, having generated only 20% of the possible 

evidence.. The proportion of the experiment space searched depends on the number 

off  experiments conducted. As no stop-rule or stop-time is specified at the start of the 

study,, the learners have to decide for themselves whether or not to continue working 

afterr each experiment. As the experimental setting implies that there will be at least 

somee effects, all learners at least try to discover the simple main effects. Hereto, most 

off  the learners conduct the correct "var\T one thing at a time" (VOTAT, Tschirgi, 

1980;; Schauble, 1996), also known as the "control of variables strategy (CVS, Chen 

&&  Klahr, 1999). (See Niewold, 1998 for similar reports on strategy use of Dutch first-

yearr students.) Based on these strategies, learners are theoretically able to detect all 

mainn effects in 7 experiments (see Appendix 4.A). Knowing this, the actual number 

off  unique experiments conducted by the learners (being 9.73), seems to reflect that 

Usingg the unweighted scoring scheme as applied bv (Kuhn et al., 1995) leads to qualitatively comparable results. 
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"justt discovering the main effects" might come close to what learners actually tried 

too achieve. 

Thiss is also reflected in the comprehension scores. The maximum score using the 

schemee in Table 5.1 is 18. However, as some of these scores are related the practical 

maximumm is in the order of 14. This is due to the "double scoring" for the interac-

tions;tions; point are given both for stating "the effect of a depends on b" and for stating 

"thee effect of b depends on a". Although this type of scoring is technically correct, is 

doess not coincide with how the learners report the discovered effects. Learners often 

mentionn either the relations 1 and 2, or the relations 3 and 4 (Table 5.1), whereas in 

theirr think aloud protocol they mention the discovery of both sets of effects. There-

fore,, most learners score 14 points ( 2 x 2 points for the interactions, and 5 x 2 

pointss for the main effects). Moreover, if a learner does not discover any of the 

interaction-relatedd effects, the score is only 12 (i.e., one point for relation number 

11 or 2 and 1 point for 3 or 4, and in total 10 points for the main effects and non-

effectss (relations 5 to 9)). As the actual average score is 11.3, this seems to indicate 

thatt learners chiefly discovered these main effects. Indeed, if we allow the learners to 

makee one mistake in discovering the main effects, 12 of the 15 learners discovered 

solelyy these main effects (2 learners discovered parts of the interaction, 1 discovered 

onlyy 3 of the possible main-effects). 

Ass these measures are introduced as descriptors of the quality of the inductive learn-

ingg process, the question is whether they reflect this accurately. As noted earlier, 

thee inductive learning process is inherently uncertain. Learners do never know if 

thee knowledge they have at a certain point in time is all knowledge that can be de-

rivedd from the domain. If a learner in this domain did not think about interactions, 

butt explored the experiment-space correctly given his prior knowledge and related 

assumptions,, the quality' of his behavior should be assessed given these ideas. 

C O N S I S T E N CYY M K A S T RE 

Havingg discussed the inappropriateness of the existing measures to assesses the qual-

ityy of the inductive learning behaviors we propose a new measure to assess the quality 

off  the behavior in a more valid manner. We again turn to the post-test scores. How-

ever,, instead of contrasting these with the maximum score, we compare them to the 

learner'ss behavior. The rationale is that even if the learner did not test for certain 
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effects,, he or she should still be deriving correct knowledge from the conducted ex-

periments.. In other words, the outcome of the inductive learning process should be 

consistentt with the overt behavior of the learner. 

Perr variable, we assessed whether the post-test conclusion correctly states the effect 

off  the variable given the conducted experiments. For each variable, one out of three 

possiblee judgments was given: 

1.. Legal derivation (LD, +): The learner had enough evidence to derive the con-

clusionn stated in the post-test based on a VOTAT strategy and there is no 

evidencee in the experiments that the derivation might be incorrect. 

2.. Confirmation bias (CB): The reported conclusion is inconsistent with the con-

ductedd experiments. That is, there is a set of experiments on the basis of which 

aa different conclusion should have been derived. 

3.. Ungrounded conclusion (UC): The conclusion the learner gives is not reflected 

inn the conducted experiments; there is no set of experiments that can be used 

too infer knowledge about the effect of the levels of this variable. 

Basedd on the above definitions, all conclusions in tasks with discontinuous levels of 

thee variables can be categorized. The scoring procedure is as follows. Each judgment 

iss based on the available set of experiments, defined as discussed above. If there is a 

sett of experiments that makes a legal derivation of the effect mentioned in the post-

testt possible, assign LD to that variable. If in a later set of experiments the originally 

foundd effect is shown to be incorrect, the learner can either change the effect of the 

variablee or decide to stick to the old, now "rejected" effect. If the learner's behavior 

reflectss the latter, assign CB to that variable. Note that this limits the assignment of 

CBB to variables that are involved in more complex relations (i.e., interactions). This 

iss therefore a relative limited interpretation of confirmation biases. If the reported 

effectt in the post-test is not reflected in any set of experiments, UC is assigned to 

thatt variable. 

Thee problem with these measures is that there is a possibility that the confirmation 

biass score is too high if a learner is conducting a lot of experiments. That is, after 

aa (large) number of experiments, there is a reasonable chance that there are two 

"Obviously,, only if compared with think-aloud data, this limited confirmation bias can be extended to cover more 

detailedd accounts of confirmation bias (e.g., Wason, I960; Klayman & Ha, 1987), 
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experimentss that together show the effect of a particular variable. However, if these 

experimentss are separated in time, chances are that the learner never linked these 

twoo experiments together. In those situations, the answer given during the post-test 

mightt incorrecdy be scored as "confirmation bias". (Because the conclusion given as 

answerr during the post-test is shown to be incorrect in the overlooked combination 

off  experiments.) Therefore, we measured the quality of behavior by comparing per 

conductedd experiment the last experiments with the experiments that were on the 

screenn and with the experiments that the learner scrolled back into view during the 

constructionn of the last experiment (operationalized by requiring the user to scroll 

backk to an earlier set of experiments and look at these experiments for at least 2 

seconds). . 

Tablee 5.2: Peter-task results: Consistency measures per variable, the proportion of experiment-space 

searchedd and the comprehension score per learner. 

Learner r 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

11 1 

12 2 

13 3 

14 4 

15 5 

Qu u 

Bike e 

+ + 

+ + 

+ + 

+ + 

+ + 

CB B 

+ + 

+ + 

+ + 

+ + 

+ + 

uc c 
uc c 
uc c 
uc c 

alityy of Behavior 

B'fast t 

+ + 

+ + 

CB B 

+ + 

+ + 

CB B 

+ + 

+ + 

+ + 

CB B 

+ + 

UC C 

uc c 
+ + 

+ + 

Books s 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

-f f 

+ + 

+ + 

+ + 

uc c 
uc c 
+ + 

+ + 

perr Vari 

Shoes s 

+ + 

+ + 

 + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

able e 

Bag g 

+ + 

+ + 

+ + 

+ + 
+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

Consis s 

5 5 

5 5 

4 4 

5 5 

5 5 

3 3 

5 5 

5 5 

5 5 

4 4 

5 5 

2 2 

0 0 

4 4 

4 4 

Scores s 

USpace e 

0.15 5 

0.15 5 

0.21 1 

0.42 2 

0.23 3 

0.19 9 

0.19 9 

0.25 5 

0.17 7 

0.17 7 

0.15 5 

0.21 1 

0.15 5 

0.15 5 

0.29 9 

Compr r 

12 2 

12 2 

13 3 

15 5 

12 2 

12 2 

12 2 

10 0 

12 2 

10 0 

12 2 

10 0 

4 4 

12 2 

11 1 

Mean:: 4.1 0.20 11.3 

Note:: + = legal derivation, L'C = ungrounded conclusion, CB — confirmation bias. 

B'fastt = breakfast, Consis = consistency score, HSpace = proportion of experiment-space searched, 

Comprr = comprehension score. 

Thee scores for this consistency measure are shown in Table 5.2. Although the Pear-
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sonn Correlation between the consistency and the comprehension scores is quite high 

(rr = 0.79, p < 0.01), there are some notable differences which yield a relative low 

correlationn if the rank orders are compared (Spearman's r = 0.47, p < 0.1). These 

differencess will be addressed based on examples' from Table 5.2. 

•• Learner 1 scored 12 out of 18 points on the comprehension score measure. Ac

cordingg to the notion that the "higher the comprehension score, the better 

thee performance", this particular score reflects suboptimal discovery behavior. 

However,, according to the consistency measure, this learner scores 5 out of 5. 

Withh respect to the number of experiments, this learner conducted exactly 7 

experimentss (7/48 = 0.15), which is the necessary number of experiments to 

derivee all main level effects. Although one might argue that this learner per

formedd suboptimal, and that another approach or the use of other methods 

mightt have been better, this behavior is perfectly rational as the learner discov

eredd all main effects with a minimal amount of effort. (Similar reasoning holds 

forr learners 2 and 11. Learners 5, 7, and 9 can be similarly categorized, as thev 

alsoo reported all (main) effects that they observed. Although they conducted 

moree experiments, these experiments did not reveal new information.) 

•• Learner 3 scored also suboptimal on the comprehension score measure compared 

too the maximum scores, but higher than the score related to only discovering 

thee main effects (an empirical score of 13 versus a score of 12 if only the main 

effectss would have been reported). Moreover, in the current set of learners, 

onlyy one learner scored better. Therefore, one might conclude that this learner 

performedd quite well. However, on the consistency score, this learner scored 

w'orsee (a score of 4 versus the maximum of 5). This is caused by the learner 

nott reporting that the levels of the breakfast variable have an effect although 

thiss learner constructed a set of experiments which allowed him to infer this. 

Similarr observations, that is, having a higher comprehension score that can be 

accountedd for on the basis of the consistency score can be made for learners 6, 

10,, and 14. 

•• Learner 13 did not engage in organized experimenting (none of the experiments 

Notee that learner H has rhe maximum consitency score, bur a below average comprehension score. This is due 

too the learner reporting during rhe post-test that he forgot testing for the effect of the bags, therefore gaining a " + " 

consistencyy score but not points for the comprehension score. 
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was,, if compared to the immediate preceding experiment, in accordance with 

thee VOTAT strategy). Even more, the conclusions reported during the post-

testt were not in line with the evidence. Thus, the learner scored 0 out of 5 

pointss for the consistency measure. However, the learner guessed some of the 

relationss correctly and therefore scored above minimum (4) for the comprehen-

sionn score. Although not as extreme, learner 12 also showed minimal VOTAT 

behavior,, vielding many uninterpretable experiment. As learner 13, this learner 

showedd a much higher comprehension score than can be warranted on the basis 

off  his unsystematic behavior. 

Takenn together, if one wants to use the comprehension score as measure for the 

qualitvv of discovery learning, one neglects the issues raised above. Moreover, it is not 

clearr on what grounds a learner comes to a certain score on this task. It might be due 

too an extensive battery of discovery skills and methods that are available but which 

aree used in a rather unskillful manner, or a learner might posses littl e knowledge but 

usee the available resources very efficiently. 

TOWARDSS A CONSISTENT CONSISTENCY MEASURE 

Ass we have argued, one of the problems of the comprehension measure is that prior 

knowledgee influences the score. Therefore, comprehension scores are likely to be in-

fluencedfluenced by both over-task stable discovery skills and by domain-specific knowledge, 

yieldingg an unstable measure when comparing discovery skills over tasks. On the 

otherr hand, as was argued earlier, the consistency of a learner's discovery behavior 

iss not influenced by domain related knowledge. Therefore, the intra-subject correla-

tionn between the consistency measures on two tasks in different domains should be 

higherr than the correlation between the two comprehension measures. 

Wee therefore tested the same learners directly after the Peter-task in a task with a 

comparablee task structure, but in a different domain setting. Instead of a boy cycling 

too school, the learners were told a cover story about a shop in which different types 

off  products (i.e., dairy: milk and butter-milk, fruit: apples and pears, soft drinks: 

brown,, green, and yellow; vegetables: leek and onions, bread: white and whole-

grain)) could be bought. As dependent variable the total price of the five selected 

productss was given. Moreover, the learners were told that two products together 

weree on discount (i.e., if pears of the fruit product group were bought in combination 
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withh the whole grain bread of the bread product group, the total price was reduced 

withh 20 cents). This statement served as an interaction-clue to ensure that the prior 

knowledgee for learners differed between both tasks. The shopping-task consisted of 

thee same underlying relations as the earlier discussed Peter-task. That is, two variables 

interactt (the effect of two variables is conditional on the level of the other variable), 

onee variable showed a main effect, and two variables did not have an effect. The 

samee measures as for the Peter-task were gathered, and are shown in Table 5.3. 

Tabicc 5.3: Shopping-task results: Consistency measures per variable, the consistency score, the proportion 

off  experiment-space searched and the comprehension score per learner. 

Learner r 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

11 1 

12 2 

13 3 

14 4 

15 5 

Fruit t 

CB B 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

CB B 

+ + 

+ + 

+ + 

CB B 

CB B 

+ + 

CB B 
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Dairy y 

+ + 

+ + 

UC C 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

Softt Drinks 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

perr Van 

Bread d 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

able e 

Vegetables s 

+ + 

+ + 

+ + 
+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

UC C 

+ + 

CB B 

+ + 

+ + 

Consis s 

4 4 

5 5 

4 4 

5 5 

5 5 

3 3 

5 5 

3 3 

4 4 

5 5 

4 4 

3 3 

2 2 

5 5 

4 4 

Scores s 

HSpace e 

0.25 5 

0.38 8 

0.35 5 

0.38 8 

0.25 5 

0.23 3 

0.33 3 

0.35 5 

0.29 9 

0.21 1 

0.15 5 

0.19 9 

0.25 5 

0.17 7 

0.56 6 

Compr r 

12 2 

15 5 

12 2 

15 5 

12 2 

12 2 

14 4 

12 2 

12 2 

12 2 

12 2 

12 2 

11 1 

12 2 

15 5 

Mean:: 4.1 0.29 12.7 

Note:: + = legal derivation, UC = ungrounded conclusion, CB = confirmation bias. Consis — con-

sistencyy score, ESpace — proport ion of experiment-space searched, Compr = comprehension 

score. . 

Ass can be seen by comparing Tables 5.2 and 5.3, the combination of the shopping 

domainn and the interaction-clue in the instruction leads to a more extensive coverage 

off  the experiment space (an increase of .09, which equals 45%, t=-3.73, df=14, p 

<< .01, with a paired correlation between domains of 0.56, p < 0.05, Spearman r 

== .52, p < 0.05), and to a higher comprehension score (an increase of 1.4, which 

equalss 12%, t=-2.59, df=14, p < .05, with a correlation of .48, p < 0.1, Spearman 
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rr = .41̂  p > ,1), One might argue for both the number of unique experiments and 

thee comprehension score that an increase for the shopping task is not surprising as, 

inn contrast to the cycling task, the learners are being told about the possible relations 

beforehand. . 

However,, if one would consider the comprehension score as a valid and stable mea-

suree of the quality of domain- and probably task-independent discovery skills, the 

comprehensionn scores on both tasks should have a higher correlation than observed. 

Evenn more, a valid test should show a consistent test-retest pattern. Therefore, the 

meann difference between the two comprehension scores should be close to zero. 

However,, the t-test showed that there is a significant difference between the compre-

hensionn scores for the shopping and the cycling variants of the task. 

Obviously,, this difference might be attributable to the additional instruction that the 

learnerss got in the shopping task. However, this merely has the effect that learn-

erss have more knowledge about the underlying properties of the task in one setting 

comparedd to another. Given that it is unlike that that influences the quality of the dis-

coveryy skills, this difference shows the inappropriateness of using the comprehension 

scoree as measure of those skills. 

Inn contrast to the difference between the comprehension scores on both tasks, the 

consistencyy score is more coherent between the two tasks. The mean consistency 

scoree for both tasks is 4.1, and the correlation between the scores on the Peter-task 

andd the shopping-task is .72 (p < 0.01, Spearman r = .50, p < 0.05). Because of the 

(almostt complete) absence of a mean-difference, a t-test does not allow the rejection 

off  the Ho hypothesis. Power analysis showed that given the current experimental 

setupp and data-set, a true difference larger than 0.6 between the means would have 

beenn detected with a p of .05. Combined with the results presented above, this 

warrantss the conclusions that the individual consistent}' scores are more alike than 

thosee for the comprehension score. 

Althoughh more extensive studies need to be conducted to more thoroughly test this 

neww consistency measure, the studies presented above show that a different aspect of 

thee discovery behavior is assessed, that this measure is less influenced by differences 

inn prior knowledge and that the consistency score is relatively consistent with respect 

too intra-subject performance. 
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CONCLUSIONS S 

Wee proposed a new measure for the quality of discovery behavior, based on an anal-

ysiss of discovery behavior. This measure expresses the quality of the discovery pro-

cesss based on the consistency of the discovery process compared to the answers given 

duringg the post-test instead of the completeness of the discovery process as expressed 

inn the coverage and comprehension scores. The newly proposed consistency score 

measuress the quality of the evidence interpretation, an important part of the scien-

tifictific  discovery process as described in the SDDS-related theories. In contrast, the 

comprehensionn score cannot be related to a particular part of the scientific discovery 

process.. The quantitative measures used in previous research focused on the number 

off  relations found or the proportion of the experiment space covered by the exper-

iments.. However, as argued, the goal of the inductive discovery task is inherently 

ambiguous.. If the learner has not been given specific information about when to 

stop,, it is impossible for the learner, to know when all necessary knowledge has been 

collected,, as the next experiment can always reveal a new; previously unknown rela-

tion.. The stop-criterion is therefore always subjective and depends on the expected 

usefulnesss of testing more hypotheses or conducting additional experiments. If the 

costss of continuing becomes too high compared to the probability of finding better 

orr more relations, it is rational to stop experimenting. And as the expected useful-

nesss of a certain hypothesis is related to the individual's prior experience, one cannot 

judgee the lack of testing certain hypotheses as not testing might be the most rational 

optionn available. 

Nevertheless,, the comprehension score measure remains useful. Not as a pure mea-

suree of the quality of the discovery behavior, but as a measure to what extent the 

learnerr was able to discover the relations in the domain given his prior knowledge and 

discoveryy skills. Therefore, this measure can be successfully applied to compare be-

haviorr (within subject) on similar domains, for example to study transfer or training. 

Moreover,, the comprehension score gives more information about the complete-

nesss of the discovery process than the consistency score. That is, the consistency 

scoree is not weighted for the completeness of the answers during the post-test: a 

learnerr can score high on the consistency score without discovering most relations. 

Forr example, a learner in the Peter-task can achieve a maximum score on the consis-

tencyy measure without testing for interactions, whereas a learner who does test for 
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interactionss might score lower on the consistency score if this learner is not able to 

derivee the interactions correctly. Therefore, to assess the potential discovery behav-

iorr of a learner, one should analyze the learner's behavior to see which strategies are 

used.. But, as argued before, this needs to be done in a number of different tasks or 

domainss such that accidental discoveries and bad luck average out. 

Butt with respect to measuring the quality of the inductive learning process, the com-

prehensionn score measure is not appropriate. Learners who accidentally guess a rela-

tionn are credited, although their correct answer is not related to discovery behavior. 

Similarly,, if learners discover that one of their earlier discovered relations is incorrect, 

butt do not refine this relation, their comprehension score remains the same. Not in-

vestigatingg that yet unknown relation is at least suboptimal discovery behavior. 

Too overcome this problem, a quality score should ideally reflect the above sketched 

deviationss from optimal discovery behavior. In other words, a quality score should 

reflectt only those relations which are correctly discovered. To judge whether a re-

lationn is discovered correctly, the behavior of the learner during the task has to be 

examined.. Based on the set of experiments that the learner conducted, one can de-

rivee which relations mentioned during the post-test are correcdy derived and which 

relationss are either not valid or incomplete based on the learners dataset. Although 

thiss measure does not indicate which strategies or what prior knowledge is used by 

learnerss during the discovery process, the quality in the sense of correct usage of 

discoveryy skills can be objectively assessed, based on relative straightforward log-file 

analyses.. Therefore, the use of a comprehension score should always be accompanied 

withh a measure reflecting the consistency of the behavior. 
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APPENDIXX 4.A: THE NECESSARY NUMBER OF EXPERIMENTS 

Ann important concept in the analysis and evaluation of the inductive learning pro-

cesss is the number of experiments that a learner conducts. If a learner has reasons 

too expect that in a domain only main effects can occur, it is not sensible to test for 

firstfirst or higher order interactions. On the other hand, if interactions can be expected, 

doingg only those experiments necessary to find the main effects is not sensible either. 

Therefore,, the most sensible number of experiments is dependent on the expecta-

tionss a learner has about the domain. 

Too find all effects in a static domain (i.e., a domain without non-deterministic and 

sequentiall  effects), one has to do all possible experiments, that is, all combinations of 

alll  levels of all variables. This can be calculated by multiplying the number of levels 

off  all variables. For example, in the Peter-tasks, this leads to 24 x 3 = 48 experi-

ments.. However, determining the minimum number of experiments to discover the 

mainn effects, or the number of experiments to discovery second order interactions 

iss less straightforward. In the sections below, a number of formulas are presented to 

calculatee the necessary number of experiments to find specific effects. The following 

namingg conventions are used in these formulas: 

^(effect)) The number of experiments needed for the discovery of "effect". 

VV The total number of variables. 

lev(vn)) The number of levels of variable n. 

Tablee 5.4: Naming convention for formulas 5.1 to 5.3. 

MAI NN ORDER EFFECTS 

Too discover a main effect of a two level variable given a context with other variables, 

thee learner has to compare two experiments in which all but that variable have the 

samee level for both experiments. Only given these experiments, one can attribute 

thee found effect to the changed level (Tschirgi, 1980; Schauble, 1996; Chen & Klahr, 

1999).. For a three level variable, three of these type of experiments are necessary. 

Althoughh a learner needs to compare two experiments for a two level variable, and 

threee experiments for a three level variable, the number of experiments necessary 

too discover all main effects is not the sum of all levels for all variables. That is, 
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thee learner can use the initial experiment as a base experiment to compare other 

experimentss to. Therefore, a learner needs a base experiment, and one additional 

experimentt for each pair of levels per variable. For example, in Table 5.5 one can see 

thatt only seven experiments are needed to find the main effects in the Peter-task. 

1 22 3 4 5 

11 A A A A A Base experiment 

22 B A A A A Main effect of variable 1, with experiment 1 

33 A B A A A Main effect of variable 2, with experiment 1 

44 A A B A A First main effect of variable 3, with experiment 1 

55 A A C A A Second/third main effect of var 3, with exp 1 & &  4 

66 A A A B A Main effect of variable 4, with experiment 1 
77 A A A A B Main effect of variable 5, with experiment 1 

Tabicc 5.5: Seven Hxperiments to Find the Main Effects in the Peter Task. 

Moree formally, this leads to the following formula: 

v v 
Ar(Ma,n)) = l + £ ( l e v ( v , ) - l) (5.1) 

i=] i=] 

F I R STT O R D ER I N T E R A C T I O NS 

Too detect first order interactions, the learner first has to deduce that an effect is not 

causedd solely by a main effect. Therefore, the same experiments that were needed 

too discover the main effects have to be conducted (W(Main)). After these experiments, 

thee learner should conduct those experiments that are lacking from the set of "all 

combinationss of the levels of pairs of variables". For example, if a learner wants to 

knoww the number of experiments necessary to find first order interaction between 

twoo three level variables, 4 experiments should be conducted in addition to the 5 

experimentss necessary of the main effects. This can be seen in table 5.6. The first 5 

experimentss are for identification of the main effects, while experiments 6 to 9 are 

necessaryy for the other combinations. To find the interactions, each level of the first 

variablee has to be combined with each level of the second variable. However, because 

inn the first 5 experiments all levels of the second variable were already combined 

withh the first level of the first variable, only two (levV| — 1) levels remain to be tested. 

Similarly,, the second and third level of the first variable are alreadv tested with the 
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firstt level of the second variable. Therefore, the number of extra experiments needed 

iss (lev\., - 1) x (levv, - 1). 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

1 1 

A A 

B B 

C C 

A A 

A A 

B B 

B B 

C C 

C C 

2 2 

A A 

A A 

A A 

B B 

C C 

B B 

C C 

B B 

C C 

Tablee 5.6: Experiments necessary for discovering first order interactions between two three level variables. 

Iff  instead of two variables the domain consists of three variables, there are additional 

interactionss possible. Instead of the one interaction between variables 1 & 2, there 

aree also interactions possible between variables 1 & 3 and 2 & 3. The number of 

experimentss needed for these extra interaction can be calculated in the same manner, 

(levV]] — 1) x (levy, — 1) for the interaction between variable 1 & 2, and (levV2 — 1) x 

(levv.33 — 1) for the other interaction. Generalizing this reasoning to a variable number 

off  variables leads to the following formula: 

v-\v-\ / v \ 

N(N( 1st Order) = ^ h u n) + X ( l e V ( V ' 0 " 0 X X ({CVM ~ l) ) <5 ' 2) 

S E C O NDD A N D H I G H ER O R D ER I N T E R A C T I O NS 

Thee above reasoning also applies to for the second order interactions. That is, the 

mainn effects and first order interaction experiments have to be tested first. Because 

onee combination of levels of each variable pair was already conducted, the number 

off  new experiments is again based on levv — 1, resulting in the following formula: 

v-2v-2 / v-i v \ 
% n d c ) r der ) = ^ ( I s t ü r d e r )+ ^ (( ( lev (v , ' ) - l )x £ (lev(vy) - 1) X £ ( lev(vA ) - l ) 

(5.3) ) 
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Ass can be seen if formula 5.2 and 5.3 are compared, one term is added and the 

rangess of the summations are modified. To arrive at the formula for the number 

off  experiments necessary for discovering third order interactions, one has to add 

anotherr of these terms and modify the ranges according to the modifications between 

formulaa 5.2 and 5.3. New formulas for higher order interactions can be build in the 

samee way, simply by adding these terms, and modifying the ranges. 

N E C E S S A RYY N U M B E R OF E X P E R I M E N TS IN T H E P E T E R - T A SK 

Ass shown in Table 5.7, seven experiments are necessary for testing the main effects. 

Byy applying the formulas 2 and 3, the number of experiments necessary for testing 

thee first-order interactions and second-order interactions are easily derived. As the 

Peter-taskk has five variables, a fourth-order interaction is the highest possible inter-

action.. The number of necessary experiments are presented in Table 5.7. 

Relationn Number of Number of 

necessaryy experiments total experiments 

Mainn order effect 7 7 

Firstt order interaction +14 21 

Secondd order interaction +16 37 

Thirdd order interaction +9 46 

Fourthh order interaction +2 48 

Tablee 5.7: The number of additional experiments that are necessary to test for main order or interaction 

effectss in the Peter-task. 



CHAPTERR 5. 

DISCOVERYY SKILLS IN A COMPLEX TASK 

Explainingg the limited effects of discovery learning in the Optics 
domain n 

Abstract t 

Inn this chapter, explanations are offered for the often observed 

meagerr results of discovery learning in complex domains. Hereto, 

wee introduce a qualitative-reasoning based method to inspect and 

analyzee learners' behavior during discovery learning in Optics. Op-

ticss is a graphical real-time simulation environment of geometrical 

optics.. Studies using Optics (Hulshof, 2001; Prins, 2002) found 

poorr learning effects. We propose alternative explanations for the 

meagerr results that are based on qualitative-reasoning guided anal-

yses.. These explanations focus on the (1) friction between the 

knowledgee tests and the learned knowledge itself, and (2) an un-

derestimationn of the complexity7 of open or unconstraint discovery 

learningg tasks. We argue that the discovery learning skills of learners 

testedd in complex domains like Optics are easily underestimated. 

Thee tasks presented in the previous two chapters of this thesis were specifically de-

signedd to study human discovery learning. In a sense, these tasks mimic the classical 

approachh of psychology to strip as many complexities as possible from a certain task 

soo that the behavior induced can be more readily interpreted. However, as findings 

basedd on studying human list memory do not necessarily extend to everyday's mem-

oryy usage, similar issues might arise when studying scientific discovery learning in a 
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simplifiedd task. One of the obvious differences between real-world discovery learning 

andd tasks similar to the Peter-task is that in a real-world setting the relevant variables 

aree often not known beforehand. Similarly, it is often difficult in real-world discovery 

learningg to construct the kind of perfectly replicable, discontinuous experiments as 

iss standard in most of the empirical studies. Therefore, Optics - a task discussed in 

thee next section — was developed that is more akin to the complex discovery learning 

ass encountered in the wild. 

Ass with hindsight might have been expected, studies using this complex domain 

(Hulshof,, 2001; Prins, 2002) showed that performance was relatively low; only when 

thee instruction was very focussed and the experiment space was limited, positive 

effectss of discovery learning could be found (Prins, 2002, Chapter 5 & 6). Based 

onn these results, one can derive one or both of the following two conclusions: the 

unconstraintt task is too difficult for the learners1 or the learners did not possess 

sufficientt skills or capacity necessary for discovery learning. Note that explanations 

forr the low performance that aim at a too difficult underlying model do not hold 

ass Van Someren and Tabbers (1998) have shown that learners are able to infer the 

lenses-laww when given an appropriate data-set. 

Inn Chapter 3 and 4 it was argued that the meager scores on the Peter-tasks were not 

necessarilyy due to low7 discovery skills, but that these low scores might have simply 

beenn an effect of not having observed the phenomena on the basis of which useful 

derivationss could have been made. This was supported by showing that the learners 

didd show increased performance on those post-test questions that were related to the 

conductedd experiments. In turn, this might be taken as a suggestion that the learners' 

potentiall  discovery behavior was better than could be induced from the suboptimal 

scoress on the post-test. 

Thiss chapter is concerned with this same issue of meager discovery results, but now 

appliedd to the more complex Optics task. Therefore, we will first discuss Optics and 

thee recent work on Optics reported in Hulshof 's and Prins' recent theses (Hulshof, 

2001;; Prins, 2002) that provide the empirical data analyzed in this thesis. As the com-

plexity77 of the Optics simulation prevents a direct analysis of the learners' behavior 

ass was done in Chapter 3 and 4, we will introduce a conceptual model of the Optics 

'Butt note that even learners who were supposed to be experts in the field of Optics had a hard rime discovering all 

relationss (Hulshof, 2001). 
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domain.. By applying this conceptual model to the Optics data, an analysis is pre-

sentedd that is similar to Chapter 3 and 4 and that can be used to asses: "What causes 

inductivee discovery learning to be difficult?" in this more complex task. 

Ass said, before turning to the analysis of the Optics task and learners' behavior in 

Optics,, we will first discuss Optics and the rationale for studying behavior in a com-

plexx discovery learning setting. 

OPT ICS S 

Recentt years have shown an increased prominence of computer simulations in in-

novativee educational methods. These computer simulations enable students to learn 

aboutt complex domains by experimentation, something which is often either infea-

sible,, impractical or too expensive without the aid of computer simulation. This self-

directedd experimentation is assumed to foster learning processes in which emphasis 

iss on the discovery of knowledge. Traditionally, research on this type of learning is 

donee by studying discovery learning in either its natural contexts (e.g., when the stud-

iedd task is part of a school curriculum), or in a much more constrained setting (e.g., 

whenn the studied task is especially designed for empirical examination). The Optics 

environment,, discussed in this chapter, was developed to fill  the gap between these 

extremes. . 

Opticss is a computer simulation environment- of geometrical optics. Care was taken 

duringg the development of this simulation environment to keep it as "neutral" as pos-

sible.. That is, although a simulation will always be a simplification of the simulated 

domainn the simulation was kept as close as possible to a real-world optics setting. For 

example,, although it has been shown that certain task-independent artifacts improve 

discoveryy learning (e.g., instructional support, Njoo & De Jong, 1993, or hypothesis 

scratchh pads, Van Joolingen, 1993) these were not included in the simulation, nor 

weree task-specific artifacts added that might guide the learner in the discovery pro-

cesss (e.g., increasing the visual saliency of critical concepts such as the (virtual) focal 

point).. The main difference between a physics lab and the present Optics simulation 

iss that the light-rays are depicted as colored lines in the simulation, whereas inducing 

thee path of the light-ray is one of the tasks a learner has to perform in a physics 

2Opticss was developed using XPCl'VSW I -Prolog by ]an Wielemaker (Social Science Informatics, University of 

Amsterdam). . 
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labb setting. Obviously, artifacts like measuring instruments (e.g., for measuring the 

distancee between two objects or the angle of light beams) are available to learners in 

thiss simulation. 

AA 1 ft 7 1 IM ad - i - i — ^ W ^ t f ^ ^ Q i A 
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FigureFigure 6.1. Interface of the Optics simulation as seen by learners in the first phase of Prins' Chapter 5 

experiment. . 

Figuree 6.1 presents a workbench situation as it could have been constructed during 

experimentationn in Optics. At the start of a new session, the learner is presented 

withh an empty optical workbench. By first selecting an entity (e.g., a lamp or lens) 

andd then clicking on the workbench, a learner can add objects to the simulation. 

Usingg the buttons depicting a box with arrows pointing outwards (third and fourth 

buttonn from the left on the second toolbar), the learner can reposition the lamp or 

thee lens. Using the button with a tilted lamp and arrows, the learner can change the 

anglee by which the light beam leaves the lamp. While dragging the lamp or lens, 

thee environment immediately reflects the effects of these movements, and the same 

holdss for the angle by which the light beam leaves the lamp. 
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Thee other buttons are involved with conducting measurements (e.g., learners can 

addd construction lines to the environment and measure the distance between previ-

ouslyy added construction lines using the sixth and seventh button from left on the 

firstfirst row), requesting help or rereading the assignment (the last three buttons from 

thee right on the second row) or deleting previously added objects (the PacMan-like 

buttons).. A complete description of the Optics implementation can be found in 

Chapterr 3 and 4 of Hulshof 's thesis (2001). 

Thee direct-manipulation of lens, lamp and light-beam highlights the two aspects of 

thee continuous nature of Optics. Not only are the levels of most of the variables 

(positionn of the lamp, angle of the light beam) continuous, the construction of ex-

perimentss also has a continuous nature. This continuity contrasts Optics with most 

otherr discovery tasks. For example, in discovery settings like the Peter-tasks (Wil-

helm,, 2001, Chapter 3 and 4 of this thesis) or the BigTrak (Klahr & Dunbar, 1988) 

studies,, the discontinuous nature of the simulation is easily inferred as both the de-

pendentt and independent variables are discontinuous and the experiments generated 

byy the learners are necessarily discrete. But also tasks such as Bubbles (Hulshof, 

2001)) and HeatLab (Veenman, Elshout, & Meijer, 1997) which do have some contin-

uouss elements (i.e., the formulas underlying the systems' behavior are of a continuous 

character)) are in essence discontinuous as learners can only construct discrete exper-

iments. . 

Forr the analyses presented in this Chapter, we will focus on the action-logs and the 

answerss to pre- and post-tests. Each action initiated by a learner is reflected in log 

files.files. These log files contain sufficient information to enable the accurate replay of 

thee user's interactions with the environment. The Optics environment also consisted 

off  a test module which presented the learners with questions and a set of multiple 

choicee answers. Although different types of questionnaires have been used, the most 

typicall  questions are shown in Figure 6.2. As can be seen in this Figure, the questions 

aree at a conceptual level instead of numerical or algorithmic level as often used in sec-

ondaryy schools' curricula. These questions follow the format described as "What-if" 

questionss by Swaak and De Jong (Swaak & de Jong, 2001). Instead of focusing 

onn factual knowledge, these questions are designed to assess "intuitive knowledge" 

thatt learners have gained by working in a discovery task. These "what-if" questions 

presentt the learners with a depiction of a configuration with an associated question 
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(b) ) 

(a)) The lens is moved somewhat to the left. What is the 

neww position of the intersection between light beam and 

opticall  axis? 

Closerr to the lens 

Ass far from the lens 

b'urtherr away from the lens 

(c)) When does the intersection of the light beams move 

up? ? 

Whenn the angle of the light beams is changed upwards 

Whenn the lamp is moved downward 

Whenn the lamp is moved to the right 

(b)) The lens is moved somewhat to the left. What hap-

penss to the location of the image? 

Itt wil l be closer to the lens 

I tt wil l be further from the lens 

I tt becomes virtual 

(d)) The lens is moved somewhat to the right. What hap-

penss to the location of the image? 

Itt wil l be closer to the optical axis 

Itt wil l stay at the same distance from the optical axis 

Itt wil l be further from the optical axis 

FigureFigure 6.2. Four illustrative examples of diagrams 

experimentt Optics domain knowledge. 

andd questions used in assessing the prior and post-

Statedd in relatively simple terms so that the learner can supposedly answer the ques-

tionn without having to resort to formal reasoning. 

EMPIRICALL RESULTS WITH OPTICS 

Thee studies with Optics conducted by Prins (2002) and Hulshof (2001) were aimed 

att studying the effects of subject-oriented variables (e.g., meta-cognition and domain-

neutrall  and domain-specific prior knowledge) on discovery learning. To keep these 

studiess as close to "natural discovery learning" as possible, no detailed explicit guid-

ancee was given to the learner. For example, although all variables that the learner can 

manipulatee were discussed during the pre-experimental instruction, it was up to the 

learnerr to identify which of these variables are causally related to the observations 

thatt could be made. Moreover, in most of these studies, it was not specified which 
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variablee was to be considered as dependent or independent variable. 

Givenn this set-up, learners in Prins' and Hulsholf 's studies showed only a small learn-

ingg effect, even after working for 20 minutes to up to an hour in the most simple 

configurationss (e.g., a single lens and a simple laser-like lamp of which the light beam 

cann be tilted but of which the y-position is fixed on the optical axis). This limited 

learningg effect has been shown with learners sampled from different populations 

andd with different Optics configurations and different instructions. Table 6.1 sum-

marizess the most important results. AH results in this Table are based on the most 

simplee configurations in the experiments, typically consisting of a single lens and a 

singlee laser-like lamp. The pre- and post-test columns show the percentage of correct 

answerss on the pre- and post-tests. The "Max score" column denotes the number of 

questionss that could be answered correctly based on experience in the most simple 

phase.. The last column is the learning gain, expressed as the difference in percentage 

correctt answered questions in pre- versus post-test. For this assessment of domain 

knowledge,, both the pre- and a post-test contained questions as shown in Figure 6.2. 

Tablee 6.1: Mean percentage correct scores tor the (first phases of) five Optics studies. See text for a descrip-

tionn of the columns. 

Study y 

Hulshof,, Chapter 5 

Hulshof,, Chapter 6 

Hulshof,, Chapter 7, overall 

no-supportt condition 

supportt condition 

Prins,, Chapter 4 

qualitativee test 

quantitativee test 

Prins,, Chapter 5 

qualitativee test 

Prins,, Chapter 6 

no-support t 

support-condition n 

Pre-test t 

38% % 

54"/,, , 

5 1% % 

52% % 

48% % 

16% % 

13% % 

3 5% % 

40% % 

4 5% % 

Post-test t 

44% % 

47% % 

50% % 

46% % 

54% % 

22% % 

17% % 

5 1% % 

62% % 

64% % 

Maxx Score 

18 8 

24 4 

30 0 

30 0 

30 0 

36 6 

12 2 

15 5 

12 2 

12 2 

A % % 

6% % 

- 7% % 

- 1 % % 

-6% % 

6% % 

6% % 

4% % 

16% % 

22% % 

19% % 

Evenn considering that the reported studies were not designed to optimize knowledge 

transfer,, the effect of discovery learning was relatively low in the less constrained 

studiess (Hulshof, Chapter 5, 6 & 7, Prins, Chapter 4). Without additional support, 
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ass was implicitly given in Prins' Chapter 5 and 6 studies by focusing the instructions 

andd constraining the experiment space, learners show at best a verv low performance 

gain.. That is, the studies reported by Hulshof and the first study reported by Prins 

weree relatively unconstrained. The learners were not given a specific instruction and 

evenn the most simple phases were relatively complex. The two last studies reported 

byy Prins were more constrained, both by giving the learners a more detailed assign-

mentt and by limiting the complexity of the environment. 

Thiss limited positive effect of discovery learning cannot simply be attributed to the 

deficienciess in the tested learners' behavior, as they did show positive learning ef-

fectss on other discovery tasks. For example, the learners in Hulshof 's Chapter 5 

experimentt also participated in the Bubbles task in which they showed improved 

performancee (see Hulshof, 2001, paragraph 5.3.1.3 and Table 5-7). Similarly, it has 

beenn shown that learners sampled from the same population as Prins' studies are 

ablee to discover a law similar to the lenses law when they are presented with an ap-

propriatee data set that contains observations for the three important variables (Van 

Somerenn & Tabbers, 1998). 

ASSESSINGG DISCOVERY SKILL S 

AA warranted question after studying the meager results is what this means for the 

viability'' of discovery learning in the Optics task. Are the populations from which 

Hulshoff  and Prins sampled the participants for their studies incapable of self-directed 

discoveryy learning in this specific setting? One might be tempted to support this 

hypothesiss as participants answered only approximately two more questions correct 

afterr experimenting in Optics. However, this question can only be answered when 

thee learners' behavior is taken into account. As has been shown for the Peter-tasks, 

loww learning gains are not necessarily indicative of bad discovery skills. It might be 

thatt the learners possess the appropriate discovery skills but that they, for example 

becausee of a lack of knowledge about what to look for, are not able to utilize their 

skillss to the fullest extent. For the Peter-task, this notion was supported by comparing 

thee conducted experiments with their post-test answers. 

Thee most striking difference between the Optics task and the Peter-tasks is the much 

higherr level of discreteness in the latter. In the Peter-task, a relative direct assess-

mentt is possible of the possibly derived knowledge by analyzing the experiments the 
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learnerr has constructed (and if necessary aligning think-aloud protocols with those 

experiments).. However, in a task like Optics, experimentation is most of the time 

continuous.. When a learner moves a lamp on the x- or y-axis, a theoretically infi -

nitee number of experiments could have been observed. Obviously, a learner does 

nott perceive all these experiments, but there is no straightforward way of inferring 

whatt situations during that manipulation are perceived by the learner. Therefore, an 

differentt approach is necessary to compare learners' Optics behavior with post-test 

results. . 

Thee approach taken is to construct a qualitative model of the Optics task. In a quali-

tativee model (Forbus, 1984), one specifies which entities of a system are important in 

explainingg the behavior of the system. A computational version of a qualitative model 

hass the advantage that one can easily test whether the selected and modeled entities 

aree sufficient for explaining the observed behavior and whether they are internally 

consistent.. Moreover, it could eventually be integrated in the Optics simulation to 

enhancee the learning experience. Another reason why developing a qualitative model 

iss relevant, is that the post-test questions are also at a qualitative level. Using a qual-

itativee model provides information on what concepts underly successful answering 

off  a certain question. 

Forr studying the discovery behavior of learners in Optics, we focused on the first 

phasee of the study presented in Prins' Chapter 5. In this phase, the learners can 

manipulatee the horizontal positions of lamp and lens3 The qualitative model should 

bee able to qualitatively represent the causality of the learners' manipulations. That is, 

thee model has to derive and describe the changes in the system given a modification 

off  a variable. Given such a model, we can (1) identify qualitatively different states in 

thee simulated domain, (2) use the combination of log files and the identified states 

too assess what situations a learner has observed, (3) construct an overview of the 

knowledgee the learner might have inferred from the observed states and (4) match 

thee inferences against the knowledge a learner reports in the think-aloud protocols 

andd during the post-test. By identifying which states have been seen by learners, we 

3Kachh horizontal manipulations of the lens can also be expressed as a movement of the lamp. For example, moving 

thee lens one centimeter to the left is analogous to moving the lamp one centimeter to the right. Therefore, all horizontal 

movementss are expressed in the remaining of this chapter as manipulations of the lamp. Although this could be one 

off  the issues a learner might tocus on during experimentation, none of the learners made references to this in the 

analyzedd think-aloud protocols. 
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cann assess the quality of the learners' discovery learning using a similar method as 

donee for the discontinuous Peter-tasks. Moreover, we can assess the complexitv of a 

domainn by comparing the number and type of states between tasks. 

T H EE QUALITATIV E M O D EL 

Thee qualitative model reported in this chapter was developed in the GARP archi-

tecture44 (for a more thorough description of GARP, see Bredeweg (1992) or De 

Koning,, Bredeweg, Breuker, and Wielinga (2000)). Simulations developed in GARP 

aree best thought of as a knowledge based description of behavior. A GARP simu-

lationn starts with an initial scenario and generates a graph of all possible qualitative 

distinctt states for the domain described in the scenario. New states are generated 

byy applying model fragments and transition rules. Transition rules describe what the 

consequencess are of ongoing changes. For example, if a certain value is decreasing, a 

transitionn rule will generate a new state that reflects that the value has to reach a state 

thatt reflects a natural "0" . These rules are of less importance in the current model, 

soo wil l not be discussed in detail. Model fragments consists of a set of conditions 

andd consequences. If the conditions are met, the current state is changed to reflect 

thee consequences referred to in that fragment. Note that new states, whether thev 

aree derived from transition rules or applying model fragments, are only added to the 

graphh if the new state differs qualitatively from the previous state. In the Optics 

domain,, an example of a state change is when the x-position of the lamp is changed 

fromm "left of the virtual focal point" to "on the virtual focal point". 

Thee values of quantities, like "x-location" in the example above, are expressed on a 

quantityy space. A quantity space represents the variable aspects of an entity. Instead 

off  being represented in actual numeric values, the values of the quantities are ex-

pressedd on an ordinal scale. Each value on this ordinal scale represents a qualitatively 

differentt situation. For example, the "x-location" of the lamp can be either to the 

leftt of a virtual focal point (LoVFP), on a virtual focal point (VFP), or to the right 

off  a virtual focal point (RoVFP), making a quantity space that can be expressed as 

<LoVFP],, <VFP>, [RoVFP>. In this notation, <VFP> represents a single point, 

whereass < LoVFP] and [RoVFP > represent intervals bounded at one side by the 

4I nn comparison with ACT-R, the modeling architecture used for the model in Chapter 2, GARP is not focussed on 

explainingg human cognitive behavior per se, but can better be thought of as a reasoning engine. 
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virtuall  focal point (respectively right and left). These points, called landmarks, are 

definedd to capture all qualitative distinctive behaviors in the target system. That is, 

evenn if the virtual focal point is not visible to a learner, it does determine the target 

systemm (i.e., Optics) behavior. In other words, in each of the different quantity7 space 

levelss the qualitative behavior of the modeled system is different. At the same time, 

differentt quantitative settings within one state yield the same qualitative behavior. Be-

sidess expressing the value of quantities, the quantity spaces are also used to express 

thee derivative of the value. To express that the quantitative value of that quantity is 

increasingg (or decreasing or stable), the derivative of that quantity is set to plus (or 

minuss or zero). 

Ass the Optics simulation environment does not include any self-changing properties 

(i.e.,, like water flowing out of a container, which will eventually yield a new state 

representingg an empty container), all changes in states are human induced. These ac-

tionss are represented as agent model-fragments. This is an important concept in the 

Opticss model as these agents represent the possible modifications in the simulation 

invokedd by learner actions. The two changes invoked by agents are changes in the 

lampp position and changes in the angle of the light beam. 

Thee operations initiated by these agents can change the quantity value of different 

entities.. For example, when the lamp is moved from <LoVFP] to [VFP], the model-

fragmentt representing the intersection between the light beam at the right side of the 

lenss and the optical axis changes to reflect the lack of intersection. This influence 

off  one quantity on another is an example of a dependency. Dependencies relate 

differentt quantities, either within or between model-fragments. For the purpose of 

thee Optics model, two causal dependencies are of most interest: proportionalities 

andd influences (Forbus, 1984). If two quantities always change concurrently, this is 

modeledd by a proportionality. If a change in a quantity causes a change in another 

quantityy in the same direction, this is expressed as a positive proportionality (proppos). 

AA negative proportionality (prop-neg) causes a change in the opposite direction. An 

influencee expresses that the value of a quantity determines the derivative of another 

quantity.. A positive influence iinj-pos) indicates that if a quantity's value increases, 

thee derivative of another quantity is positive (and vice versa). A negative influence 

[inf-neg)[inf-neg) relates an increasing quantity with a negative derivative for another quantity 

(andd vice versa). 
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Inn the next paragraph we wilJ discuss the GARP building blocks for the qualitative 

modell  of the Optics simulation. 

Optics'' Entities, Quantities and Quantity Spaces The simulation of Optics in GARP 

iss centered around three major entities: the lens, the light beam and the lamp. The 

lampp is the central entity of these three. That is, the horizontal position of the lamp 

iss expressed as a distance from the lens, and the starting position of the light beam 

iss obviously defined by the horizontal position of the lamp. As the vertical position 

off  the lamp is fixed in the experiment simulated with the GARP model, the two 

variabless of interest are the lamp's horizontal position compared to the lens and the 

anglee of the light beam with respect to whether or not it intersects with the lens. 

Fromm a qualitative point of view, the horizontal position of the lamp can take one of 

threee values. The lamp can be positioned left of the virtual focal point, on the virtual 

focall  point, and between the virtual focal point and the lens. Although the lamp can 

alsoo be positioned to the right of the lens, this is not captured in the simulation as (a) 

thiss does not lead to new, valuable information and (b) none of the learners actually 

deliberatelyy constructed this situation. The quantity space of the light beam is also 

relatedd to the lens, that is, although the actual manipulation of the light beam is in 

termss of the angle from the lamp, the consequence of a certain angle is best expressed 

inn terms of where the light beam intersects with the lens. (Note that it is not possible 

too create a qualitative model of Optics without incorporating dependencies between 

components.)) The light beam, emitted from the lamp, can either not hit the lamp 

byy passing over or under the lens, or hit the lens. If the light beam hits the lens, 

thee location of the intersection between light beam and lens can be categorized into 

onee of three states. The light beam can intersect with the lens above the optical 

axis,, below the optical axis, or the light beam can hit the lens in the optical center 

off  the lens5. These quantities and their quantity spaces are depicted in Figure 6.3. 

Inn this Figure, panel A is a schematic version of an Optics configuration. Panel B 

showss the qualitative structure of this same configuration; lines with arrows on both 

sidess depict intervals (representing multiple quantitative values), circles denote points 

(representingg a single quantitative value). The significance of a point is that it is the 

onlyy quantitative value in which certain qualitative relations hold. For example, the 

""  As in the experiments of Prins and Hulshof, the GARP simulation assumes ideal lenses. 
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FigureFigure 6.3. Main entities and the associated quantity spaces (Panel A & B). See text for explanation of the 

lowerr two panels. 

onlyonly situation in which the light beam is parallel to the optical axis is when the lamp 

iss exactly located on the virtual focal point. Therefore, each change of the x-location 

variablee results in a qualitative change, whereas a change in the x-location when the 

lampp if at the left of the virtual focal point does not necessarily imply the transfer to 

aa new state. 

Whereass Figure 6.3 gives a schematic overview in terms of the domain used, Fig-

uree 6.4 gives a VISIGARP overview (Bouwer & Bredeweg, 2001) of the entities and 

quantitiess as represented in the GARP model. As can be seen, most of the knowledge 

iss directly related to the lamp. The boxes outside the lamp represent the two user ac-

tions:tions: Changing the angle of the light beam and changing the horizontal position of 

thee lamp. The arrows denote dependencies. 
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FigureFigure 6.4. Main entities and the associated quantity spaces as represented in GARP. 

Thee Construction of the State Graph Panel C and D of Figure 6.3 show two different 

statess that can be derived from the state depicted in Panel A. This initial state de-

scribess a situation which is defined by the lamp being placed left of the virtual focal 

pointt and the light-beam pointing upwards. The angle of the light-beam is such that 

itt is below its maximum angle but above the angle that would result in hitting the lens 

(inn terms of the intersection quantity space, it is "above the lens"). 

Initially ,, the derivative of the x-position is zero; the state is in equilibrium. This re-

flectsflects that one cannot derive any causal relations if nothing is manipulated (Figure 6.3, 

Panell  B). If an agent model-fragment is applied that modifies the x-position, GARP 

calculatess which new states are possible. Given a modification of the horizontal-

positionn of the lamp, a new state may arise in which the light beam hits the lens 

(Figuree 6.3, Panel C). This is inferred by the application of a transition rule after the 

applicationn of an agent model-fragment. However, a change in x-position might also 

yieldd the state as depicted in Figure 6.3, Panel D. If this transition rule was applied, 

itt signaled a change in the qualitative value of the x-position of the lamp itself. In 

thiss state, the lamp is on the exact position of the virtual focal point. Although the 
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FigureFigure 6.5. State graph as constructed in VISIGARP. 

y-positionn of the intersection was also changed, this change did not result in a new 

qualitativee state as it is still "above the lens". Therefore, the value of the intersection 

quantityy is still the same. 

GARPP continues to apply model-fragments and dependencies until it has generated 

alll  possible states, and is able to construct a complete graph which also specifies all 

state-transitions,, an example of which is given in Figure 6.5. 

Applyin gg GARP As the Optics GARP model is a complete model of the qualita-

tivetive relations in the Optics domain in Prins' first experiment, the model contains all 

qualitativee knowledge from scratch. However, a learner who is new in the Optics 

settingg presumably does not know about these relations. Therefore, by means of 

experimenting,, the learner has to construct experiments to see the effect of manip-

ulations.. These experiments can be traced in the GARP simulation, which reflects 

whatt knowledge a learner could have inferred. The technique of describing a learner's 

behaviorr on the basis of a model of the underlying domain is referred to as model 

tracingg (Anderson, 1990; Anderson et al., 1990; Jansweijer, 1988; Jansweijer et al., 

1989).. We will use a variant of this technique later in this chapter to analyze learner's 

behaviorr in Optics. 

Besidess a tool for tracing the experiments, a GARP model of Optics can also be used 
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forr analyzing the complexity of the domain and the size of the experiment space of 

thee Optics task. As referred to earlier, one of the challenges of the Optics domain is 

thee continuous character of the Optics simulation. As the GARP model identifies all 

qualitativee states the domain can take, it can be used as a tool to determine the qual-

itativee experiment-space. In the next section, we will use the GARP model for this 

purpose:: analyzing the domain to identify the number of experiment-space states. 

ASSESSINGG THE SIZE OF OPTICS' EXPERIMENT-SPACE 

Fromm a quantitative perspective, the optics task's experiment space is infinite. As 

bothh the x and y positions of the lamp and the angle of the light beam are variables 

withh a continuous scale, the domain has an infinite number of experiment-space 

states.. However, with aid from the GARP model, the infinite experiment space 

cann be categorized in a distinct number of qualitative different regions. Using this 

qualitativee experiment space, the behavior of learners can be categorized according 

too the domain-related completeness of their experiment-space search. 

S T A T I CC E X P E R I M E NT SPACE 

Too categorize the quantitative experiment space, the GARP notion of quantity spaces 

playss an important role. The qualitative landmarks that define the points and inter-

valss of a quantity space lend themselves relatively straightforward for defining the 

experimentt space. 

Forr the first phase of Prins' experiment, the following qualitative landmarks exists: 

Horizontall  position of the lamp: 

1.. left of the virtual focal point 

2.. on the virtual focal point 

3.. right of the virtual focal point 

Verticall  position of the lamp: 

1.. not applicable, as the lamp is fixed on the horizontal axis 

Beamm angle: 
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1.. up and over the lens 

2.. up and in the lens 

3.. straight forward, through the heart of the lens 

4.. down and in the lens 

5.. down and below the lens 

Ass the beam angle can be in any of the five positions irrespective of the horizontal po-

sition,, this categorization leads to 3 x 1 x 5 = 15 qualitatively different experiment-

spacee states. 

However,, given these 15 "static" experiment-space states, a learner cannot derive the 

relationss in the Optics domain. In contrast wTith more static discovery environments 

likee the Peter-task, constructing one experiment in each static experiment-space state 

iss not sufficient to induce all relations. For example, assume that a learner constructs 

twoo experiments, one in which the angle of the light beam is set at 0 degrees and one 

inn which the angle of the light beam is set at 45 degrees, entering the lens just below 

itss top, and leaving it with a refraction of 90 degrees. Based on these experiments, the 

learnerr could as well infer that refraction is a continuous function as that refraction 

iss constant at 90 degrees. Therefore, one should construct multiple (at least two) 

experimentss within each qualitative state to test the generality of the findings. Doing 

soo allows the learner to discover that the degree of refraction is a continuous function. 

Therefore,, one of the most notable differences between Optics and most other dis-

coveryy environments is the necessity and possibility to change the variables continu-

ously.. This makes it necessary to extend the number of experiment states as defined 

abovee with the manipulation that the learner can conduct. So, a more extensive 

experiment-spacee definition is needed that includes transitions between states and 

manipulationss within states. 

AA Dynamic Experiment Space of Optics To be able to determine the number of dy-

namicc experiment-space states, we again refer to the structure devised for the GARP 

modell  of Optics. In this model the optical axis (defining the position of the lamp in 

relationn to the lens) and the lens (defining the effect of the angle of the light beam) 

aree represented as sequences of intervals and points, also referred to as landmarks. 
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Forr example, the representation of the lens is shown in Figure 6.6. In this figure, 

twoo types of intervals are shown. The interval "above the lens" ranges from infinity 

too just above the lens (denoted bv a vertical " [ >") whereas the interval "in the 

lens""  ranges from just in the lens to just above the heart of the lens (denoted by a 

verticall  " [ ] ") . Besides the intervals, this figure also contains a point: the heart 

off  the lens (denoted by a circle). This differentiation makes it possible to distinguish 

thee number of possible different dvnamic experiment-space states: 

1.. In an interval that is bounded by landmarks on two sides " [ ] ", four differ-

entt dynamic experiment-space changes are possible. One can change the state 

inn one direction without moving to a new state, or this change can result in a 

differentt (static) state. The same modifications are possible if one changes the 

statee in the different direction, resulting in four different dvnamic experiment-

spacee states. This will be referred to as a "two-landmark interval". 

2.. In an interval that is bounded on one side " [ > or < ] ", three different 

dynamicc states are possible. Towards the bounded side, one can change the 

statee resulting in either no static experiment-space state or resulting in a static 

experiment-spacee state. However, on the unbounded side, it is not possible to 

changee the state resulting in a different static experiment-space state, resulting 

inn three different dynamic experiment-space states. This will be referred to as a 

"one-landmarkk interval". 

3.. In a point, only two different dynamic states are possible. That is, a change 

resultingg in a different static experiment-space state, or the complementary 

changee in the other other direction. This will be referred to as a "point". 

Thee number of possible dynamic state changes are depicted in Figure 6.6 by the 

verticall  arrows. Although all these arrows denote a dynamic change, onlv the ones 

crossingg a marker (" [" or " ] ") represent a change in qualitative state. 

Thiss allows for determining the number of dynamic experiment-space states for the 

Opticss domain, as the values of the two independent variables (angle of the light 

beamm and the horizontal position of the lamp) can be described as above. 

Changingg the Angle of the Light Beam Figure 6.7 illustrates the four different dy-

namicc experiment-space states possible for the situation depicted in the center of 
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FigureFigure 6.6. Schematic overview of possible experiment-space states with respect to the lens. 

Figuree 6.7. If the light beam is tilted upwards, either a situation as depicted in Sub-

figurefigure 6.7a or 6.7c results, depending on the size of the change. If the beam is tilted 

downwards,, either the situation in Subfigure 6.7b or 6.7d results. Similar transitions 

aree possible for the other values in the quantity space, yielding the (counting from 

topp to bottom) 3 + 4 + 2 + 4 + 3= 16 dynamic experiment-space states depicted 

inn Figure 6.6. These 16 different states are possible regardless of the x-position of 

thee lamp. However, it might be that the effect of these dynamic experiment-space 

statess differs per x-position of the lamp. Therefore, as there are three different qual-

itativee states with respect to the x-position, a total of 3 x 16 = 48 different dynamic 

experiment-spacee states are possible with respect to the lens if the x-position of the 

lampp is taken into account. 

Horizontall  Movements The situation for the dynamic experiment-space states re-

latedd to the horizontal position is somewhat more complicated. That is, whether or 

nott a horizontal movement yields a static experiment-space state transition depends 

onn the angle of the light beam. If the angle is 0, that is, if the light beam is equiva-

lentt to the optical axis, moving the lamp does never result in a change of the static 

experiment-spacee state. On the other hand, if the beam angle is not zero, seven dif-

ferentt situations are possible. (1) The combination of lamp position and angle can 

resultt in no intersection between lens and light beam, depicted in Figure 6.8. In this 

situation,, three dynamic experiment-space states are possible. Either the lamp can be 



1 20 0 ModelingModeling Inductive Learning 

figurefigure 6.7. Overview of possible experiment-space changes starting from a two-landmark interval. 

movedd away from the lens, not changing the static experiment-space state (Subfigure 

a)) or the lamp can be moved towards the lens which can either result in a different 

staticc experiment-space state (Subfigure c) or not (Subfigure b). If there is an inter-

sectionn between light beam and lens, the position of the lamp with respect to the 

virtuall  focal point has to be taken into account. (2) If the lamp is left of the virtual 

focall  point and the lens, four dynamic experiment-space states are possible. The 

lampp can be moved to the left removing the intersection between beam and lens, or 

cann be moved to the left but the light beam remains in the lens. If the lamp is moved 

too the right, the lamp might cross the virtual focal point (resulting in a different static 

experimentt space) or might still be before the virtual focal point after the move. (3) 

I ff  the lens is on the virtual focal point, the lamp can either be moved to the left or to 

thee right of the virtual focal point, resulting in two different static experiment-space 

states.. (4) If the lamp is right of the virtual focal point, the lamp can be moved to 

thee left or right without changing the static experiment-space state, or can be moved 

too the left resulting in a different static experiment-space state as soon as the virtual 

focall  point is crossed. (5, 6, 7) The scenarios 2, 3 and 4 are also possible if the 

simulationn is mirrored in the optical axis, that is, both for a lens-crossing above the 
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horizontall  axis and for below. 

121 1 

FigureFigure 6.8. Overview of possible experiment-space changes starting from an one-landmark interval. 

Ass can be seen in Table 6.2, the movements of the lamp on the horizontal axis result 

inn 2 + 2 x (3 + 4 + 2 + 3) = 26 different dynamic experiment-space states. 

Summarizing,, although the total number of qualitative distinct states is only 15, the 

numberr of transitions the learner has to make to cover all relations is 74 (48 + 26). 

Notee that numbers are based on the most simple Optics configuration used, that 

is,, one in which the learner can only change the horizontal position of the lamp 

andd the beam angle - and excludes the movements of the lens. This clearly shows 

thee relative complexity of the Optics domain compared to domains used in other 

discoveryy tasks. That is, a experiment space of 48 states (see Chapter 3 and 4) in the 

Wilhelmm 's (2001) and Kuhn et al.'s (1995) experiments, and (focusing on the number 

off  qualitative states) 6 qualitative different states (see (Klahr & Dunbar, 1988)) for 

thee BigTrak experiments. Moreover, most of these states are not readily observable 

inn Optics, as no visual cues indicate their states' existence — so one could argue that 

thee complexity is even larger if one also has to discover the landmarks themselves. 
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Tablee 6.2: Overview of dynamic experiment-space states for different horizontal positions. Angle e 

aa = 0 
a > 0 0 

a < 0 0 

Scenario o 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

8 8 

9 9 

Configuration n 

intersection n 

noo intersection 

x-poss < VFP 

intersection n 

x-poss = VFP 

intersection n 

x-poss > VFP 

intersection n 

noo intersection 

x-poss < VFP 

intersection n 

x-poss = VFP 

intersection n 

x-poss > VFP 

intersection n 

Landmarks s 

Point t 

1 1 

2 2 

Point t 

1 1 

1 1 

2 2 

Point t 

1 1 

Dynamicc states 

2 2 

3 3 

4 4 

2 2 

3 3 

3 3 

4 4 

2 2 

3 3 

Xo/e:Xo/e: a is the angle of the light beam compared with the optical axis, x-pos is the horizontal 

posit ionn of the lamp, and VFP is the virtual focal point. 

D E R I V I N GG K N O W L E D GE BASED ON A QUALITATIV E 

ANALYSI S S 

Too show that the simplification that is necessarily associated with a qualitative model 

doess not hurt the derivational power, we will show that one can derive the lenses 

laww based on an analysis that does not use quantitative knowledge. Given this goal, 

thiss should be considered an analysis of the validity of the qualitative model-based rep-

resentationresentation of the task instead of an analysis of the interaction between learners and the task. 

Therefore,, it does not take constraints on mathematical knowledge or reasoning skills 

intoo account. 

Thee reason for choosing the lenses law as goal for this task analysis is that this law can 

bee used to explain all behavior in the simulated lenses domain. Given that the learners 

aree instructed to discover as much as possible about the domain, their discoverv 

wouldd have to be considered perfect if they manage to discover this formula. The 

mostt common form of the lenses formula is: 
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FigureFigure 6.9. Schematic representation of main concepts related to reasoning with lenses. 

11 __ i 1_ 
didi ƒ d0 

Inn this formula, ƒ is the focal point, d0 is the distance between lens and object (i.e., 

thee lamp), and d[ is the distance between the image and the lens. This is depicted 

inn Figure 6.9 in which a lamp and lens are placed on a workbench (which therefore 

equalss the optical axis of lenses placed on it). The dotted lines depict light beams. 

Thee light beam starting at ƒ depicts the path of a light beam if it's originating lamp 

wouldd be exactly on the focal point. Aside from the distances, this Figure also labels 

thee important angles (a, a', P and (3'). 

Inn the experimental setup as used by Prins, the variables that can be changed by the 

learnerr are limited to the horizontal position of both the lamp and the lens (defining 

dd00),), selecting different lenses (influencing ƒ and d„  unknown to the learner) and the 

anglee (a) with which the light beam leaves the lamp. The learner is also told in the 

initiall  instruction that special attention has to be paid to the intersection between the 

opticall  axis (i.e., workbench) and the light beam (defining d\). In the reasoning below, 

wee will assume that the learner has placed a lamp and a lens on the workbench, with 

thee lamp positioned to the left of the lens. 

Inn the initial situation, the light beam is parallel to the optical axis. As the light beam 

goess through the heart of the lens, different positions of the lamp do not have any 
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influencee in qualitative terms. That is, regardless of the positioning of the the lamp, 

thee light beam will remain parallel to the optical axis. However, changes in a do result 

inn interpretable data6. When a is changed, an intersection between the beam and the 

opticall  axis appears, triggering the perception of dj. Even more, consequent changes 

inn a without changing d0 show that dj does not change for changes in a. However, 

thiss might be an observation that is specific for a combination of a specific d0 value 

andd the currently used lens. But, experimenting with changes in a for different d0 

valuess and for different lenses show that dj is constant for each combination of d0 

andd lens. Using Euclidean geometry, one can therefore infer that the relation between 

aa and P depends on d\ and da, and vice versa. However, as none of these properties 

iss known and different lenses result in different dj values, the only regularities that 

cann be derived from this finding are: 

1.. Given constant d0 and lens, (X is proportional to (3 

Thee above contains a simplification with respect to the manipulations of the lamp. If 

thee lamp is moved close to the lens (decreasing da), the point of intersection moves 

awayy from the lens (increasing dj). Even more, with the lamp at a certain location, 

thee learner might notice that the light beam runs parallel to the optical axis, and if 

thee lamp is moved to the right of that point, the light beam refracts from the optical 

axis.. In more formal terms, assuming ƒ is taken as a representation of that value 

off  d() wThere the light beam is parallel to the optical axis: (1) if d0 > ƒ, decreasing 

dd()() increases dj, and vice versa, (2) if d0 and ƒ become equal, dj approaches infinite, 

andd (3) if d0 < f, the refraction is from the optical axis, indicating that there is no 

intersectionn between light beam and optical axis. However, in this latter case the 

lightt beam is extended backwards, a new intersection appears, for which the same 

propertiess hold as on the right side of the lens. Obviously, this virtual intersection 

iss also related to a similar dj as on the right side of the lens. To distinguish between 

thee dj on the left and the right side of the lens, we will express the virtual dj (on 

thee left side of the lens) as having a negative value where necessary. Note that this 

differencee is not crucial to the general line of reasoning. Another point to stress is 

thatt we included ƒ in above reasoning. Obviously, ƒ is not directly observable as an 

'Ass there is not much sense in trying to explore the effects oft/,- when a = 0. Therefore, we will continue assuming 

thatt a ^ 0. 

' I nn this chapter, "proportionality" (I'brbus, 1984) implies qualitative proportionality, or, in mathematical terms 

monoticitv. . 
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importantt point and its importance has therefore to be induced from the generalities 

off  behavior in the domain. As without the inclusion of this concept all the following 

derivationss cannot be made, including this point in the reasoning process is crucial 

too successful discovery. 

Basedd on the above described observations, the following five patterns can be in-

ferred: : 

2.. if (d() > ƒ) then d0 is inversely proportional to dt 

3.. if [d0 < ƒ) then dQ is proportional to \d\\ 

4.. if (d0 approximates ƒ) then dt approximates °° 

5.. if [d0 < ƒ) then dt < 0 

6.. if dQ approximates 0 then |d,| approximates 0. 

Ass in these five regularities dt is always a related to d0 but modulated by the relation 

betweenn d0 and ƒ, a promising start for a formula describing these regularities takes 

thee form dj = f(J0, ƒ). Given the above presented patterns, one can infer that: 

•• Based on Pattern 2, d\ might be based on a division by d0, as if d0 gets larger, 

djdj gets smaller and vice versa. 

•• Pattern 3 suggests that ƒ functions as a threshold, if over this threshold, the 

effectt inverses. 

•• Pattern 4 also hints at a division, as dividing by zero yields infinity. Given the 

conditionss of Pattern 4 and Pattern 3, and the assumption that d0 is part of the 

denominator,, both da — ƒ and ƒ — da are candidates for the denominator part 

off the formula defining d\. 

 Based on Pattern 5, the first of these two is correct as if da becomes smaller 

thann ƒ, the resulting d{ drops below zero. 

•• On the basis of Pattern 6, the numerator can also be more accurately described. 

Ass a division only results in zero as the numerator is zero, the numerator should 

containn a expression that evaluates to zero if \d0\ approaches zero (e.g., d0 X ..., 

sinn (J,,), etc). 

Basedd on these derivations, the formula describing d\ can be specified as: 

Too decide on the nature of the function g(d„,...), more information is necessary. If 
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quantitativee information is available, g(d0....) shows to be a simple linear function 

dependentt on both d„  and ƒ (c.f, Van Someren & Tabbers, 1998). However, even 

withoutt quantitative data the correct derivations can be made. 

Givenn the observation that when d0 is increased, d\ decreases but at a rate negatively 

correlatedd with the size of dQ. This would suggest asymptotic behavior for large 

valuess of d(). This can be reformulated as in Pattern 7 below: 

7.. If da approaches °°, d, approaches n 

Givenn the above presented formula for dj, if d(! becomes infinite, the denominator 

wouldd also evaluate to infinity as ƒ effectively drops out of the equation. Therefore, 

too arrive at d\ = n, the numerator has to be n x oo? that is, n x d0 as it was already 

knownn that d0 has to be part of the numerator and is infinite. Given the observation 

thatt both n and ƒ differ per lens, and appear to be highlv correlated, expressing the 

numeratorr as ƒ x d0 is worth a try. 

Thiss lead to the following formula: 

wThichh can be rewritten into the more commonly known lenses law: 

11 — i _ J_ 
didi ƒ d0 

Obviously,, although based on observations done in the simulation, one cannot prove 

thee correctness of this law without resorting to quantitative measuring. For exam-

ple,, the last step (treating n to be equivalent to f) can only be validated based on 

quantitativee data. 

However,, the above reasoning shows that even in the relative simple configuration 

presentedd in the first phase of Prins' Chapter 5 experiments, the lenses law can be 

derivedd without having to resort to quantitative measures. However, it was necessary 

too incorporate information that was gained by observing the same qualitative state in 

differentt quantitative configurations. Nevertheless, this shows that the knowledge that 

cann be derived from qualitative reasoning combined wnth within state modifications 

sufficess for the main discoveries in the Optics domains. To distinguish between a 
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puree qualitative model and a qualitative model in which quantitative modification can 

playy a role, I wil l use the term conceptual model to refer to the latter. 

BEHAVIO RR ANALYSI S 

ANALYZIN GG POST-TEST BEHAVIOR 

Applyingg the Conceptual Model Now that we have shown that the conceptual model 

inn itself is sufficient to discover the knowledge embedded in the Optics simulation, 

wee can apply this conceptual model to the learners' behavior in the Optics simulation. 

Thatt is, for each (dynamic) experiment-state change, we can infer what knowledge 

mightt be derived by the learner from that change. This way, we can conduct an anal-

ysiss analogous to the one conducted for the Peter-task: focusing on the consistency 

betweenn the learners' actions during the discovery sessions and the scores on the 

post-test.. As concluded for behavior shown in the Peter-tasks, we would expect this 

analysiss to show that having seen a certain state-change is correlated with the answers 

att the post-test. 

Ideally,, this consistency analysis should be done automatically, as the simulation en-

vironmentt "knows" in which state the configuration is and also could know the 

answerss to the questions the post-test. However, as this is a post-hoc analysis, the 

scoringg of learner's behavior had to be based on the recorded action-logs. Although 

scoringg could have been based on the 74 dynamic experiment-state changes, some of 

thesee states are less informative with regard to determining the quality of the discov-

eryy learning process. Therefore, the focus was on a subset of dynamic experiment-

statee changes discussed in next paragraph. 

Thee Scoring Scheme The lighter colored information in Figure 6.10 is a schematic 

representationn of a lenses configuration as shown in Figure 6.3. Each black arrow 

representss an action that is scored. For example, the top-most vertical arrow is 

associatedd with a change in the angle of the light beam causing the light beam to 

movee out of the lens. Each of the vertical arrows represents a change in the angle of 

thee light beam. The horizontal arrows represent both movements of the lamp and of 

thee lens. As most learners had a tendency to either move the lamp or move the lens, 

learnerss seem to infer or know that moving the lamp has the same effect as moving 
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FigureFigure 6.10. Schematic overview of the scoring scheme used in the analysis of Optics data. See text for 

explanation. . 

thee lens. 

Ass discussed earlier, Optics is a continuous domain. Changing the angle of the light 

beamm does not necessarily result in a single observation as learners might have ob-

servedd intermediate situations. Algorithms in the Optics module responsible for 

outputtingg the log file information discretized these movements. If the movement 

wass interrupted or slowed down, this was reflected in the Optics log file by a separate 

entry;; quick movements are not logged. This mechanism allows objective measure-

mentt of the continuous manipulations of the learners; each event written to the log 

filefile  is taken as data-point for analysis. Appendix 5.A shows the scores per learner per 

typetype of action scored. 

Scoringg and Interpreting the Post-test In the Peter task the constructed experiments 

aree relatively salient; as learners have invested effort to construct a particular exper-

iment,, the rationale behind the analysis in Chapter 3 and 4 assumes that learners 

havee perceived the constructed experiments. However, this assumption might not 

holdd in the Optics task. First, a particular configuration might be nothing more than 

aa "transfer configuration" from one perceived state to another. For example, if a 
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learnerr currently observes a light beam hitting the lens above the optical axis and 

wantss to construct an experiment in which a light beam intersects with the lens be-

loww the optical axis, the learner will encounter a situation in which the light beam 

goess through the heart of the lens. In other words, one can not be sure that all con-

structedd configurations have actually been perceived separately like the experiments 

inn the Peter-task. Second, even if a learner observes a certain situation, we cannot 

assumee what knowledge would be derived from that observation as the learner might 

nott be aware of the important variables or quantity spaces to pay attention to. 

Still,, the assumption that the post-test measures the quality of the discovery process 

impliess that the learner should have perceived the configurations that could be at the 

basiss of knowledge derivation. Applying the consistency-based analyses as presented 

inn Chapters 3 and 4 to the current setting, one would expect that the relative low 

scoress on the post-test are at least parriy explained by just not having observed the 

appropriatee configurations. 

Inn the Peter-task, the post-test scores were compared to what could have been de-

rivedd from the constructed experiments assuming that the learner had used optimal 

reasoningg skills8. Although the mapping from observed configurations to knowledge 

iss less clearcut in the Optics task, the conceptual model provides a framework that 

enabless a similar analysis. Instead of conducting a bottom-up analysis, basing our 

analysiss on the conducted experiments, we conduct a top-down analysis in which the 

post-testt questions determine the configurations to focus on. 

Forr each of the questions in Prins' experiment, a set of dynamic experiment-space 

statess was identified that in the GARP model led to the behavior that was queried 

for.. This way, the consistency can be assessed by calculating the correlation between 

thee answers to the post-test and the number of observations made in the associated 

sett of "critical states". 

However,, an additional problem with the Optics domain is that all the learners in the 

currentt experiments have had some prior but limited formal Optics schooling. In 

thee Prins' experiment, this schooling was at least four years prior to enrolling in the 

experiment.. Therefore, most learners were at best aware of the task; none could be 

consideredd expert. Still, learners might remember particular effects from this prior 

KNotee that this approach was possible because the post-test for the Peter-task queried the learners for all possiblv 

derivedd knowledge. 
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formall  education. As all the post-test questions had also been presented during the 

pre-test,, the results on the pre-test can be used to select to which questions learners 

mightt have known the answers. Obviously, learners might have correctly guessed the 

answerss to the pre-test questions. Therefore, one might either argue for including 

alll  questions in the analysis or excluding those that have been answered incorrectly 

duringg the pre-test. If one would include all questions in the post-test, regardless of 

thee associated answer on the pre-test, this would lower the validity of the test. That 

is,, learners might decide not to construct experiments for a certain phenomenon that 

theyy already know about. Therefore, the lack of observation associated with a correct 

answerr will lower the correlation. If only the questions that are answered incorrectly 

onn the pre-test are included, some learners' data will not be included in the analvsis 

ass they accidentally might have guessed the correct answer. However, this will not 

influencee the statistic, but merely lower its power. 

Basedd on the above considerations, the 32 analyzed learners (selected out of a total 

off  44 learners, see Appendix 5.A) combined with 15 post-test questions yielded a 

totall  of 287 observation counts versus post-test score pairs for analysis. An issue 

withh using the raw number of observations is that it does not distinguish between 

aa very systematic experimenter wTho does a small number of carefully constructed 

experimentss in a certain experiment space and a more sloppy experimenter who cre-

atedd a large number of experiments, and therefore multiple experiments in that same 

experimentt space. When using the raw number of observations, the sloppy experi-

menter'ss count diminishes the effect of the systematic experimenter. Therefore, all 

raww number-of-observations have been rescaled to a zero for either zero or one ob-

servationss or a one for two or more observations. 

Thee overall correlation between the number of observations in the critical states and 

thee related question in the post-test is 0.18. Although this statistic is low if compared 

too other correlation based statistics, a correlation of .20 is associated with a 60% 

overlapp in scores in this type of test of two binary variables. To test the general 

significancee of this effect, a t-test was conducted over the correlations per question 

betweenn the binary number-of-observations and the binary post-test scores. The 

resultss showed that this correlation was indeed significant (t=2.10, df=14, p<0.05). 

However,, this effect is slightly distorted by a number of questions which had a very 

highh number of correct pre-test answers. Therefore, only a small number of learners 



DiscoveryDiscovery skills in a complex task 

contributedd to the correlation for that particular post-test question. When values 

thatt are entered in the t-test are weighted for the contributing number of learners, 

thee effect becomes more pronounced (t=8.83, df=14, p < 0.00). 

Thiss indicates that having observed a transition predicts the associated answers on 

thee post-test — even in a relative opaque task as Optics in which the important vari-

abless are not as clear cut as in the Peter-task, 

Nevertheless,, question remains why this correlation is so much lower then the cor-

relationss observed in Chapter 3 and 4. Table 6.3 shows a contingency table that 

iss based on the same data as above correlations. Applying a % analysis showed 

thatt there is indeed an effect of having seen post-question related configurations 

(X(X = 8 .38,d/ = 1,/? < 0.01). HowTever, the table also clearly shows why the above 

correlationn is relatively low. For a sizable number (76) of incorrect post-test answers, 

learnerss had seen the relevant configurations but answered the associated post-test 

questionn incorrectly. As argued before, this might be due to opaqueness of the Optics 

task:: Even if one observes that the angle of deviation is inverted when comparing 

twoo configurations with lamps at different x-positions, one still has to infer that there 

iss a special point where the refraction qualitatively changes. 

No.. of relevant observations 

perr post-test question 

< == 1 > 1 

Answerr incorrect 80 76 

Answerr correct 44 87 

Tablee 6.3: Overview of the number of times a post-test question was answered correct or incorrect separated 

forr whether or not the learner had seen more than one configurations related to that question. 

ANALYSI SS OF T H I N K - A L O U D P R O T O C O LS 

Althoughh the mapping between behavior and scores is not as clear cut as in the 

Peter-task,, the analyses of the Optics task show that there is a relation between what 

thee learners have seen and to which questions they know the answers. Although 

thiss result is straightforward, it does show that answering questions ///correctly is not 

necessarilvv caused by suboptimal discovery skills, but shows that is might as well be 

causedd by simply not having encountered the situations from which post-test related 

knowledgee could be derived. If the low scores are partly due to not having seen 
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certainn important states, the regularities reported by the learners should be valid for 

theirr observed states. In other words, it might be that they inferred knowledge that 

iss only locally correct: Knowledge that might generalize of the observed experiment, 

butt that does not hold for all possible states. To assess the validity of this hypothesis, 

wee wil l discuss the think aloud protocol of two of the learners in more detail}. 

learnerlearner reads the instruction, places lamp and double convex lens on workbench: 

Nothingg happens. Or it might go straight, that would also be a possi-

bility .. Let's reposition the lamp. Hmmm. Rotate the lamp, euhm, light 

beam.. When you rotate it, then it doesn't go straight anymore, then it 

goess down. The thick lens refracts downwards. OK. Remove the lens. 

Flat-convexx lens, light on, that one refracts as well, refracts less strong. 

Remove.. Double-concave lens. Light on, and that one refracts upwards. 

Hmmm.. A surprise... Also removed. Flat-concave lens, that one will 

probablyy refract less. Euhm, and that seems to be correct, let's test that 

oncee more. Yes, that is correct. Ok, that is everything I need to know. 

learnerlearner rereads the instruction) realises that the part in the assignment about "what 

determinesdetermines the location of the intersection between optical axis and light beam " has not 

beenbeen addressed yet: 

Euhm,, the light beam does not intersect with the main axis when the lens 

iss a negative lens, I've already discovered that. [...] And when a positive 

lenss is used, the location is determined by whether or the lens is flat-

convexx or double-convex. When it is double, the intersection is closer by, 

andd probably also by moving the lamp. OK. Double-convex lens. Light 

on.. Lamp closerby, euhm, lamp closerby means that it intersects further. 

OK. . 

Thee knowledge that this learner has gathered is limited to knowing that lenses with 

onee flat side refract less, that concave lenses refract in "the other direction" and that 

byy "moving the lamp, the intersection is closer". Unsurprisingly, this learner has 

difficultiess answering some of the post-test questions: 

Thee instruction given to the learners in the experiment under study (Prins, 2002, Chapter 5) was relatively detailed 

comparedd to the other Optics studies. The learners were instructed to discover what determines the location of the 

intersectionn between the refracted light beam and the optical axis. 
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learnerlearner reads the questions out loud and then answers the question: 

Thee light beam is pointed down a little, where shall the light beam hit the 

opticall  axis? Hmmm. So that's something that I didn't look previously. 

Euhm,, it has to be based on something that I remember from school. 

Hmmm,, closer to the lens. 

However,, although this learner is not able to answer all the post-test question correct 

(especiallyy because the recalled secondary school knowledge is incorrect), the learner 

iss able to induce regularities from observed phenomena and seems to posses accu-

ratee discovery skills, even in the complex Optics environment. For example, after 

encounteringg a unexpected result, the learner is able to overcome the initial surprise 

andd incorporates the new finding. Even more, the learner states hypotheses, induces 

regularitiess and even tests a discovered effect in a different configuration to test its 

generality.. One could state that the discovery behavior of this learner is per defini-

tionn below par as only a limited set of observations is generated. However, as the 

think-aloudd protocol of the next learner shows, similar behavior is also observed in 

learnerss of which the behavior is more extensive. 

LearnerLearner reads the instruction, places lamp and double convex lens on workbench: 

Noww I should look what happens through that lens. Well, when I let it go 

straightt through, then it goes straight, now I'll  move the lamp, it should 

nott matter whether I move the lamp because it just keeps going through 

thee heart of the lens. [...] OK, but I can rotate the light beam, so, rotate 

upwardss [...] when I make the ingoing angle larger, the outgoing angle also 

becomess larger, let's see if that is correct, no, of course not. This angle 

iss much larger. With such a double-convex lens, the smaller the angle of 

incidence,, the larger the outgoing beam, what happens when I move in 

thee horizontal plane, yep, that angle remains of course the same. Yes, the 

furtherr the lamp from the lens, the [...] smaller the outgoing angle. That 

is,, the smaller, when it becomes smaller, this angle will become larger, and 

thatt is not true as this is a very small angle. So... Euhm. The smaller the 

ingoingg beam, the smaller the outgoing beam. 

TheThe learner changes the double-convex lens for a flat-convex lens, conducts a series of 

experiments,experiments, and confirms above conclusions. 
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Noww I'll  start looking what will happen when I reposition the lamp and 

lenss relative to each other. If I move the lamp closer, then this angle 

becomes,, hmmm, the closerby the lamp, the smaller that angle. [...] It just 

occurredd to me that one can also pay attention to how far the outgoing 

lightt beam is from the lens. So, I'll check... the closer the lamp to the lens, 

thee further the outgoing beam hits the main axis. [...] 

TheThe learner removes all attributes from the workbench, does some experiments with 

negativenegative lenses ("The refraction is, compared to my intuition, let's say, in the wrong 

directiondirection "J and then starts to reposition the lamp: 

Noww I'll  put the lamp closerby and further awav from the lens, so of 

coursee the angle will remain the same. That is, the closer, euhm [...] euhm, 

thee further the lamp, the larger the angle, does that also hold for the other, 

thee further the lamp, the - oh, no, I've been doing the closer, euhm [...] 

howw can I say this [...] with the last we've seen that the beam intersects 

withh the main axis, but this beam doesn't do that, so I'll have to rephrase 

somethingg so that I can remember it more easily... the closer the lamp to 

thee lens, the straighter the beam is" 

LearnerLearner notices that 20 minutes have passed, and makes some remarks that it will  be 

difficultdifficult to finish all phases within 1.5 hours. 

Nextt lens, [...] I'll  bet that it will show the same effect [...], and yes, the 

samee thing happens, for the double-convex lens, it was the larger the in-

comingg angle, the larger the outgoing angle, changing the horizontal posi-

tion,, I'll  move the lamp closer to the lens, the closer the lamp to the lens, 

thee more straight the beam goes. Yes, that's right. Euhm. Well, I think it 

walll  be same for the other lenses, let's continue to the next phase. 

Thee outcome of this discovery behavior is clearly suboptimal, as — again — the result-

ingg knowledge is only correct for a subset of the total experiment states. However, 

thiss learner - even more than the learner discussed above — did show to possess the 

capabilitiess of experimentation and of deriving knowledge from experiments. More-

over,, the learner also shows (based on the manipulation of the light beam angle) that 

shee knows about the "search for extremes" heuristic, which is considered to be es-

sentiall  in describing a complete domain. However, either by bad luck or by a not 
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vocalizedd decision, this learner only applies this search for extremes while searching 

forr an effect of the angle /position of incidence, not for the location of the lamp. 

Nevertheless,, the learner shows to have all prerequisites to become a successful dis-

coveryy learner. That she used the search for extremes heuristic in a suboptimal part 

off  the experiment space is indicative of a lack of knowledge, not of a lack of skill or 

impoverishedd behavior. Therefore, if the learner had made the post-test with the re-

portedd knowledge, the resulting meager post-test score would have been misleading 

forr the quality of this learner's discovery skills. 

Thee type of analysis used in this chapter can be seen as a combination of the ideas 

off  Chapter 3 and 4 and the sequence based analysis method used by Hulshof (2001). 

Inn his thesis, Hulshof identified low-level sequences of behavior and correlated these 

withh post-test outcomes. The method used in this chapter also looks at behavior in 

smalll  sequences - but is knowledge-richer, and therefore allows researchers to focus 

onn specific sequences of behavior within states. 

CONCLUSIONS S 

Limitedd effects of discovery learning are partly due to not having explored the regions 

wheree important discoveries can be made. Apart from this conclusion, which is in 

linee with the one presented in Chapter 3 and 4, another conclusion that can be drawn 

fromm above presented data is related to how learners infer regularities. 

Withoutt inferring the regularities, learning would be nothing more than remembering 

instances,, which would imply extensive demands on memory. Moreover, the instruc-

tionn given to the learners at the beginning of each phase also implies that there are sin-

glee regularities to be learned (e.g., "What determines the location of the intersection 

betweenn outgoing light beam and optical axis?"). However, learners have difficulties 

findingg the "right" hypotheses. If we assume that to create good hypotheses learn-

erss have to collect observations which have different values for the main variables, 

thee first difficulty the learners face is to identify these variables. Only after having 

identifiedd these variables, learners can start to collect the right set of observations. 

Becausee of this, discovery in complex domains like Optics is a two-step process. In 

contrast,, the Peter-task does not require this first step to take place. The interface 

andd instruction of the Peter-task already identify the variables of interest. Based on 

thiss information, constructing VOTAT experiments and inducing knowledge from 
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thosee experiments immediately leads to the right level of knowledge. 

Ass was shown earlier in this chapter, it is possible to derive the lenses law from purely 

qualitativee knowledge. However, this derivation was facilitated by knowing what 

thee outcome of the derivational process had to be, and it was therefore possible to 

ignoree irrelevant outcomes. Learners do not have this advantage, and if they are not 

givenn explicit information about what to look for, all behavior need to be scrutinized 

too assess whether that particular type of behavior might be key to discovering an 

importantt regularity. 

Thiss notion of discovery as a two-step process can also be part of the explanation 

off  the difference in performance between the Hulshof and the later Prins studies 

ass presented in Table 6.1. Because of the more focussed instruction and the more 

constrainedd experimental settings in the Prins studies, identification of important 

variabless becomes feasible. In contrast, the instruction used in the Hulshof 's Optics 

settingss was explicitly stated in very broad terms, not focusing the learner to certain 

variabless or behavior. The sole purpose of the instruction in these studies was to 

gett the learners working in the environment (Hulshof, personal communication). 

Althoughh this instruction probably leads to the least guided (and therefore arguably 

thee most natural) type of discovery learning, the gain of discovery was low in these 

studies. . 

Givenn that these differences yield a large performance effect, combined with the find-

ingg that learners are able to deduce the lenses-law when they are given an appropriate 

datasett (Van Someren & Tabbers, 1998), supports the conclusion that the domain was 

nott too difficult. Instead, the meager results might be associated with the task. To 

assesss this hypothesis, we compare these tasks on four dimensions: experimentation, 

variablee identification, conceptualization and complexity. 

Onee of the differences between the Optics studies was the relative difficulty to gen-

eratee appropriate experiments. In the Van Someren and Tabbers study, the learners 

wheree presented an appropriate set of experiments. In the later Prins studies, the 

instructionn and task-setup provided support in constructing the right kind of exper-

iments.. In the Hulshof studies, the broad instruction provides learners with limited 

guidancee what experiments might be useful. This makes it even more likely in the 

Hulshoff  studies that learners have conducted experiments in suboptimal experiment 

spaces,, as learners showed great experimentation variability even in the more guided 
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Prinss studies. 

Butt even in the Prins' studies, to come up with the kind of knowledge assessed at the 

post-test,, learners had to identify the important variables and their quantity spaces. 

Onlyy after discovering the quantity spaces and realizing their importance, learners 

aree able to construct the right kind of experiments. Given the relative ease with 

whichh the learners in the Van Someren and Tabbers study inferred the lenses-law, 

thiss factor seems of utmost importance in explaining the difference in performance 

betweenn that study and the ones by Hulshof and Prins. 

AA third factor that distinguishes the Van Someren and Tabbers study and the Hulshof 

andd Prins studies is the amount of conceptualization necessary. The Van Someren 

andd Tabbers study provided the learners with an appropriate background story and 

aa template for explaining the presented results. Only a relative small part of the task 

wass actual conceptualization; in a sense it can be seen as a formula deduction process. 

Inn contrast with that study, learners in the Optics simulation had to decide what the 

appropriatee type of knowledge was that had to be derived from experimenting. For 

example,, is a simple regularity sufficient, or does one need to infer a mathematical 

relation?? And, related to that, what kind of relation to expect? In the Peter-task 

presentedd in Chapter 3 and 4, the majority of learners did not discover the second-

orderr effect. Similarlv, most of the learners in the Optics task did not come up 

withh the right kind of relations describing the different variables. For example, the 

continuouss character of experimentation might have induced a conceptualization of 

continuouss behavior between the important variables. However, given that most of 

thee learners did not incorporate the virtual focal point in their reasoning, continuous 

behaviorr is an incorrect assumption. This way, the task setup actually supported an 

incorrectt conceptualization of the domain. 

Thee fourth factor is complexity. Obviously, the three factors discussed above all 

contributee to the classical notion of complexity. For example, the harder it is to find 

thee proper conceptualization, the more complex a task is. However, another notion 

off  complexity is whether it is possible for a learner to think that a set of regularities 

hass been found that covers the whole experiment space. Because of the given data 

sett in the Van Someren and Tabbers study, this was not an issue in their studv. In the 

Hulshoff  and Prins studies, however, learners reported to be ready experimenting in 

aa certain phase, only to discover during the post-test questions that their knowledge 
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didd not cover the complete system. 

Givenn the above reasoning, one can argue that learners actually perform remarkably 

welll  in the complex Optics simulation. Although they have to construct interpretable 

experiments,, which is a feat in itself, although they are initially not aware of some of 

thee important variables, although they do not know the correct conceptualizations 

andd are not aware of all the complexities involved, learners are able to counter all 

thesee issues and induce regularities. And despite the incompleteness of the found 

regularities,, most often they are correct for the subset of behavior observed by the 

learner.. Therefore, regardless of the scores on the post-tests, learners in the Optics 

taskk do show remarkable discovery skills. Expecting learners to do better in this task, 

thatt is, to derive regularities at the level of the lenses law, might be best described as 

ann underestimation of the challenges learners face during Optics experimentation. 
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APPENDIXX 5.A 

Thee table below shows, per learner, the number of manipulations for each of the state 

changess shown in Figure 6.10. As each of the four different lenses has its own set 

off  state changes, the second column of this table denotes the lens during which the 

statee changes were made. (DCV maps to double convex, DCC to double concave, 

SCVV to single convex and SCC to single concave lens) 
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CHAPTERR 6. 

COMPONENTSS OF INDUCTIV E LEARNIN G 

Abstract t 

Inn this chapter, four different dimensions are presented along which 

inductivee learning tasks can be compared. Also, we will discuss to 

wThatt extend the conclusions from previous chapters of this thesis 

aree applicable to inductive learning in general. Based on this dis-

cussion,, three factors are presented that explain both successful and 

lesss successful results on inductive learning tasks. This chapter con-

cludess with suggestions for further research and with a discussion 

off  the implications of this research for the application of inductive 

learningg in the curriculum of modern education. 

Inn the introduction of this thesis, inductive learning was compared to scientific dis-

covery,, as is common practice (e.g., Klahr & Dunbar, 1988; Klahr, 2000; Kuhn et ah, 

1995;; Schunn & Anderson, 1999). The assumed correspondence between scientific 

discoveryy and inductive learning implies a central role for hypothesis testing in induc-

tivee learning (c.£, SDDS, Klahr & Dunbar, 1988). Given this centrality of hypothesis 

testing,, conducting experiments is not so much a task in itself, but a necessity7 for 

constructing,, testing and refining hypotheses. The studies presented in this thesis, 

however,, shed a different light on inductive learning. 

Inn contrast to the notion of a central hypothesis, inductive learning in the tasks pre-

sentedd in this thesis appears to be mainly focused on the construction of experiments 
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too "test the effect of that variable", without initially having a carefully constructed 

hypothesis.. When learners construct hypotheses, these are often based on a simple 

evaluationn of their prior knowledge. Instead of criticizing this behavior as imper-

fectt or (too) shallow, this concluding chapter, in line with the reasoning in previous 

chapters,, presents a rationale for this behavior and explains it in terms of bounded 

rationalityy (Simon, 1957). 

Too generalize the conclusions of this thesis to the domain of inductive learning, it is 

necessaryy that the conclusions are based on a set of inductive learning tasks instead of 

beingg specific to one particular task. The set should reflect a range of inductive learn-

ingg tasks that is as broad as possible. In the next section of this chapter, we present 

fourr different dimensions along which inductive learning tasks can be compared and 

arguee that the tasks discussed in this thesis cover a broad range of the spectrum of 

inductivee learning tasks. Then, we will discuss the tasks presented in this thesis focus-

ingg on the conclusions from previous chapters that are suitable for generalization to 

inductivee learning in general. Based on these conclusions, three factors are presented 

thatt explain both successful and less successful results on inductive learning tasks. 

Finally,, we will conclude with suggestions for further research and with a discussion 

off  the implications of this research for the application of inductive learning in the 

curriculumm of modern education. 

F O URR D I M E N S I O NS OF LEARNIN G TASKS 

Chapterss 2 to 5 discussed inductive learning in different domains using different 

tasks.. Dimensions of inductive learning tasks that determine the difficulty of the 

taskk include the extent to which learners need to perform experimentation, variable 

identificationn and conceptualization, and complexity. The tasks are compared on 

thesee dimensions to ground the assertion that they form an appropriate subset of 

thee complete spectrum of inductive learning tasks. 

Experimentationn The tasks differ in the availability of the data on which conclu-

sionss have to be based. In the balance scale task, the problems presented to the 

learnerss are selected by the experimenter, the learners cannot construct experi-

mentss by themselves. This constrains how easily a learner can test constructed 

hypotheses,, as the presented experiments might not be the experiments the 

learnerr needs to test a current hypothesis. On the other hand, this could also be 
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ann advantage, as a carefully constructed sequence of experiments might guide 

thee learner in the right direction for deriving new knowledge (c.f., Chapter 2). 

Inn both the Peter-task and the Optics tasks, learners have to construct exper-

iments.. Although this enables learners to actively test their hypotheses, it also 

burdenss them with the task to construct correct experiments and the decision 

aboutt when to stop creating experiments. 

Variabl ee Identificatio n The variables that underly the simulation behavior in the 

taskss can be either relatively easy identified from the task or need to be ac-

tivelyy induced by the learner. With respect to the identification of the variables, 

itt is not only important that the learner identifies a particular representation 

inn a simulation as an important variable, but also identifies its structure, i.e., 

itss quantity space (see Chapter 5). In the Peter-task, both the variables and 

theirr quantity spaces are easily identified. Both the five variables and the quan-

tityy spaces of these variables are given by the interface. In the balance scale 

task,, only two aspects of the balance scale are modified over different repre-

sentations,, indicating that these are useful variables for the inductive learning 

process.. However, these variables are not identified as significant variables in 

eitherr the instruction or the task-setup. Therefore, part of the difficulty of this 

taskk is to identify that these variables play a role in determining the behavior of 

thee system. If these two variables are selected as interesting, the interface pre-

scribess their quantity-spaces (i.e., the maximum number of weights that can be 

placedd on a single peg, and the number of pegs for the maximum distance). As 

discussedd in Chapter 2, the identification of variables is an important aspect in 

thee explanation of children's behavior on the balance scale task. However, for 

thee third task, Optics, both aspects are not straightforwardly derived. Although 

alll  potential variables are visible in the interface, the learner has to select the 

correctt variables for his or her experiments and derivations and has to induce 

thee quantity space to derive correct conclusions. 

Conceptualizationn Although the identification of the relevant variables is an impor-

tant,, independent part of the inductive learning process, it is also a prerequisite 

forr a correct conceptualization of the task. Conceptualization refers to find-

ingg the relevant set of concepts to describe the behavior of the domain under 

study,, for example, the type of relations between the identified variables, but 
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alsoo more generally how the learners think about the task. 

Inn the Peter-task (and especially in the Peter-goes-shopping variant), the task-

formatt and the associated instruction direct the learner toward an adequate 

conceptualization.. Learners have no problem identifying that they have to dis-

coverr the effect of the different levels of the shown variables on a pre-specified 

outcome.. Even if the existence of an interaction effect is not known to the 

learners,, the task-setup or domain appears to guide the learner toward a correct 

conceptualizationn of interactions (i.e., a conditional-effect). 

However,, in both the balance scale task and in Optics, the learner has not only 

too identify which variables are important, but also has to identify the type of 

relationn that links different values of an independent variable to an outcome 

onn a dependent variable. In the balance scale task, the learner has to come 

upp with the idea to multiply the values for weights and distances (even if the 

oftenn earlier thought of addition of weights and distances also proves relatively 

successful).. In Optics, the learner has to induce that most of the effects are, 

qualitativelyy speaking, discontinuous. (That is, both the virtual focal point and 

thee heart of the lens are points in quantity spaces in which the behavior in the 

domainn shows a discontinuity.) 

Complexityy As in all domains, different inductive learning tasks have different levels 

off  complexity. However, it is difficult to judge what defines complexity of a task 

ass there are multiple, not necessary related, aspects that define it. Here we will 

nott focus on task aspects in itself, but on how these task aspects are perceived 

byy the learners. 

Inn all three tasks presented here, a learner might come up with a set of relations 

thatt appears to give a correct or at least an adequate description of the domain, 

whereass in fact this description is only valid for a particular subset of the do-

main.. Although a description that covers the complete domain is obviously the 

bestt description, the partial description might be correct for the subset of data 

thee learner has seen. Take, for example, the balance scale task. If a learner 

usess the Addition Rule and does not encounter any items for which the Addi-

tionn Rule renders the incorrect answrer (e.g., the item with two weights on peg 

twoo on the one side, and four weights on peg one on the other side), the used 

Rulee fits the data perfectly. Similar examples can be found in the two other 
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tasks,, for example, the main effects without interactions in the Peter-task and 

experimentingg without moving the lamp over the virtual focal point in Optics. 

Obviously,, one can find such a subset in almost all relatively complex tasks. 

However,, complex tasks can differ in the ease with which learners are able to 

inferr whether their current description fits the complete domain. An important 

conceptt in this respect is whether or not a task is ill-defined All three tasks pre-

sentedd in this thesis are ill-defined in that it is not clear what the outcomes of 

thee discovery process should be, nor which variables should be incorporated 

inn the discovery process. Therefore, learners need to use heuristics. For exam-

ple,, because of the ill-definedness of the variables, learners do not know what 

thee complete experiment-space is. During experimenting, they need to assess 

whetherr they have covered a suffient area of this unknown experiment-space 

too warrant generalizing their conclusions. But not only does this influence the 

experiment-space,, the ill-definedness also influences the hypothesis-space as 

learnerss do not know what type of relations need to be searched for. 

Becausee of the differences in ill-definedness per task, the tasks also differs with 

respectt to how salient the incompleteness (compared to a complete description) 

off  a certain set of observed regularities is. For example, although the Peter-task 

hass a more complex set of underlying regularities, these regularities have a sim-

plerr structure than the multiplication rule in the balance scale task. Related to 

thiss is the relative gain of constructing experiments; in some tasks it is easier to 

constructt experiments that refute the current set of regularities than in others. 

Forr example, it is relatively easy to reject hypotheses in BigTrak (Klahr & Dun-

bar,, 1988), as almost all incorrect hypotheses have a limited scope of accurate 

predictions.. On the other hand, if a learner does not know about the virtual 

focuss point, a lot of experiments can be constructed that support an incorrect 

hypothesis. . 

Ass the balance scale task is relatively well defined; it is known to the learners 

whatt to predict and the variables of interest are easily identified (by adult learn-

ers),, the main difficult} ' is finding the right method for combining the weights 

andd distances. The Peter-tasks are one step more complex, in that in these tasks 

thee learners have to detect which variables are actually influencing the outcome. 

Moreover,, the right description can only be found when a learner constructs 
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thee right set of experiments; there is nothing in the task that alerts the learner 

too this set. The most complex of the three tasks discussed is the the Optics 

task.. In this task, the variables are identified, but not the type of knowledge 

thatt learners are expected to gain nor the quantity spaces (see Chapter 5) of the 

variables.. And, similar to the Peter-task, learners can come up with a partial de-

scriptionn that accurately fits a large set of observed experiments while not being 

hintedd by the conducted experiments that the current description is inaccurate. 

Tablee 7.1: Categorization of the inductive learning tasks presented in this thesis. 

Experiments s 

Self-directed d 

Externallyy generated 

Variabless (QS) 

Self-induced d 

Visiblee in interface 

Conceptualization n 

Self-induced d 

Providedd by task setup 

Complexity y 

Balancee scale task 

/ / 

/ / 

/ / 

/ / 

low w 

Peterr task 

/ / 

/ / 

/ / 

intermediate e 

Optics s 

/ / 

/ / 

/ / 

high h 

Tablee 7.1 gives an overview of the position of the tasks on the four dimensions. 

THREEE TASKS 

Evenn though the three tasks discussed in this thesis cover the complete spectrum of 

thee above presented dimensions, the inductive learning behavior in these tasks shows 

aa relatively large overlap. 

B A L A N C EE SCALE T A SK 

Inn the chapter on the balance scale task, a computational model is presented that 

explainss how children's behavior on this task develops from using a simple guessing 

rulee to using the correct rule which involves calculating the torque. A central feature 

off  the explanation of development is prior knowledge about solving forced choice 

tasks.. If the model is presented with a forced choice task, it has access to knowledge 



ComponentsComponents of Inductive learning 

thatt states to search for a difference between the alternatives of the forced choice. 

Inn the context of this task: Search for differences between the right and left arm of 

thee balance scale. If the model finds a difference, this difference is used in solving 

thee problems and new knowledge is constructed that relates those problems to that 

difference.. Initially the model uses only one type of difference (i.e., the difference 

inn the number weights between the left and right side of the balance scale). This 

causess a relatively large number of erroneous predictions about the movement of 

thee balance scale. However, as searching for differences is resource intensive, the 

modell  does not immediately search for a new difference if an erroneous prediction 

iss made. Only if the number of erroneous predictions becomes too large compared 

too the effort that it takes to find a new type of difference, the model will invest in a 

searchh for these new differences. This architecturally implemented mechanism leads 

too a model that performs according to satisficing principles: Do not search for new 

explanationss as long as the current knowledge is not too often falsified. 

P E T E R - T A SK K 

Inn Chapter 3, the first chapter on the Peter-task, computational models are pre-

sentedd that focus on conducting experiments instead of focusing on constructing 

complexx hypotheses as is put forward by theories like SDDS (e.g., Klahr & Dunbar, 

1988).. Nevertheless, without the emphasis on hypothesis construction or testing, 

thesee models do capture the main behavioral patterns. This illustrates that instead 

off  a complex search for the correct type of hypothesis, inductive learning perfor-

mancee in a simpler task like the Peter-task is constrained by the learner's ability of 

constructingg correct experiments and deriving knowledge from these experiments. 

Butt what guides the construction of the experiments? In the Peter-task, the main 

determinantt is the computer-interface. Most learners proceed by starting with the 

top-mostt variable working their way downward. However, another determinant is 

priorr knowledge. Learners also construct experiments based on an evaluation of 

theirr prior knowledge. If they assume a particular effect to be associated with a level 

off  a variable, they will explicitly test this level. Moreover, if an effect is discovered 

thatt is not in line with their prior knowledge, this is often reason for a more thor-

oughh investigation of the effects underlying that particular level or variable. In the 

strongestt form, this leads to behavior that limits inductive learning to what is covered 

byy the experiments that are "dictated" by the interface, supplemented with experi-
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mentss constructed on the basis of prior knowledge. If the behavior satisfied these 

twoo constraints, learners often see no reason to continue learning although aware of 

thee not conducted experiments. This can be seen as an illustration of the satisficing 

principle:: Although there is mavbe more to be known about the task, if there are no 

moree loose ends, the inductive learning process is considered finished. 

Chapterr 4 takes this one step further and proposes a measure of consistency as an 

alternativee measure for the qualitv of the inductive learning process. Based on a com-

parisonn of two Peter-experiments, it was shown that the score on the new consistency 

measuree is more stable over domains than the previously used measures. These more 

stablee scores are a consequence of the focusing on the process of knowledge derivation in-

steadd of (implicitly) on the completeness of the experiment-space coverage. This way, 

thee varying amounts of prior knowledge for different domains does not influence the 

consistencyy score as readily as it does the completeness and comprehension scores. 

O P T I CS S 

Apartt from the methodological issues discussed in Chapter 5 on the Optics task, the 

conclusionss from Chapter 5 resemble those from Chapter 3 and 4. Learners, even 

inn the more complex Optics environment, are not focused on creating and testing 

hypotheses,, but are mainly focused on constructing experiments. An analysis of 

learners'' think aloud protocols showed that they do learn, however, that the learned 

knowledgee does not necessarily overlap with knowledge tested in the post-test. 

Thiss is mainly caused by learners not knowing what they are looking for, both in 

termss of the final theory they are supposed to find (e.g., how the dependent variable 

iss structured), nor in terms of which (independent) variables to use in explaining the 

behaviorr of the system. Again, learner's performance depend on their background 

knowledgee (e.g., levels and variables to test) and a satisficing principle as testing all 

thee combinations of levels and variables is pragmatically impossible. 

T A SKK G E N E R AL O B S E R V A T I O NS 

Regardlesss the differences in the tasks described above, a number of observations 

cann be made in each of these tasks, indicating that these observations are relatively 

task-independent: : 
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1.. Discovery skills used by learners in inductive learning tasks are often less complex 

thann envisioned. That is, instead of extensive hypothesis-driven behavior, the 

behaviorr shown by learners in the studies in this thesis can to a large extent be 

describedd by a more simple algorithm: (1) think about something that can have 

ann effect, (2) construct an experiment for the different situations in which that 

effectt occurs, and (3) induce the existence of that effect based on the outcomes 

off  these experiments. (See Chapter 3, and the rationale of the model presented 

inn Chapter 2.) 

2.. Which variables are tested, and what levels are chosen by the learner for that 

variabless depends on the task properties and prior knowledge, often taking the 

formm of assumptions about the effect of variables. Moreover, the outcomes of 

experimentss are interpreted by the learners in terms of this prior knowledge. If 

thee newly discovered effects are unexpected, the learner is likely to engage in 

furtherr examination of that variable. (See Chapter 2, 3 & 4.) 

3.. If no distinct stop criterion is given and the learner has no way to know whether 

thee discovered effects are the ones searched for, a satisfying principle deter-

miness when to stop. That is, when new experiments are unlikely to uncover 

neww results, the costs of conducting these experiments becomes higher than 

thee profit associated with knowing these new results. In those situations, it 

becomess a rational decision to stop experimenting. (See Chapter 4 & 5.) 

Basedd on the above, inductive learning in the tasks described in this thesis can be 

describedd as a process utilizing a relative straightforward experiment-construction 

strategy,, which shows a pronounced influence of prior knowledge, and constrained 

byy a stop-criterion based on bounded rationality. 

THREEE FACTORED EXPLANATION FOR INDUCTIV E 

LEARNINGG BEHAVIOR 

Thee above discussion focused on the overlap between the three tasks discussed in 

thiss thesis along four dimensions. These dimension can also be generalized into 

threee more general factors that are related to the learners' behavior. These factors 
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explainn learners' inductive learning behavior at a global level, and also explain why 

learners'' performance is often below the expected levels. 

Simplicit yy Inductive learners appear to strive for an as simple as possible explana-

tionn for the observed behavior. Their behavior is probably best described by the 

principless of bounded rationality (Simon, 1957). Instead of performing an ex-

haustivee search of the task's experiment-space, learners weigh the possible gain 

off  conducting more experiments against the associated costs. Even in relative 

simplee and well-structured tasks, the amount of effort associated with conduct-

ingg all experiments prevents learners from conducting all experiments, making 

thee learners resort to satisficing. Presumably, the perceived possible increase 

inn knowledge does not countervail the costs of conducting more experiments. 

Anotherr explanation for this effect is related to the law of diminishing returns. 

Initiall yy each correctly constructed experiment enables a learner in the Peter-

taskk to derive a new main effect simply by comparing the previous experiment 

withh the just constructed experiment. However, after conducting all the exper-

imentss associated with the main effects, a learner has to compare three already 

conductedd experiments with a newly created experiment to derive a first order 

interaction.. Moreover, if a learner assumes that simpler effects occur more of-

tenn than more complex effects, searching for complex effects is more expensive 

becausee on average more experiments have to be constructed and compared 

perr discovered effect. Therefore, the more a learner discovered, the smaller the 

chancess are of discovering new information given the same investment. 

Anotherr aspect related to simplicity is that learners have a preference for simple 

hypotheses.. If a simple hypothesis appears to predict the behavior of the task 

relativelyy well, learners are likely to stick to that hypothesis. Although this can 

bee seen as an example of confirmation bias (Klayman & Ha, 1987) or as a pref-

erencee for parsimony, this can also be accounted for on the basis of bounded 

rationality.. As complex hypotheses tend to be both more complex to construct 

andand to test, keeping an hypothesis as simple as possible decreases the chance to 

gett entangled in complex hypothesis testing. 

Guidin gg knowledge Apart from the aim for simplicity, learners' behavior is also 

influencedd by the application of prior knowledge. The most straightforward 

examplee of this notion is the importance of the availability of the weight and 
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distancee concepts in the balance scale model presented in Chapter 2. A similar 

effectt is present in models of Peter-task behavior, presented in Chapter 3. Be-

sidess testing the five variables presented in the interface, the learners only test 

forr effects that seem probable or plausible on the basis of their prior knowledge 

aboutt the domain. Given the overall complexity of the Optics task it is harder 

too pinpoint the exact contribution of prior knowledge. However, even in the 

relativee short protocols presented in Chapter 5, both positive and negative ef-

fectss of prior knowledge are clearly visible. 

Thus,, in all of these tasks, learners' behavior is actively guided by their 

knowledgee about a domain. Not only in terms of their procedural knowledge 

thatt describes how to conduct correct experiments, but also in terms of declar-

ativee knowledge associated with the domain of the task. 

Ann example of this is the difference in performance in the two tasks presented 

inn Chapter 3. In the Peter-bikes-to-school task, learners are not told about the 

possibilityy of interactions between variables. Only two of the fifteen learners 

correctlyy discover and report the interaction during the post-test. In the Peter-

goes-shoppingg task, the instruction contains information about the existence 

off  an interaction, without making explicit how this interaction should be tested. 

Fivee of the fifteen learners in this task correctly report the interaction. More-

over,, when these learners are given the Peter-bikes-to-school task directly after 

beingg tested in the Peter-goes-shopping task, thus after their concept of interac-

tionn has been "primed", 9 out of 15 discover the interaction in this task whereas 

withoutt being primed only 2 learners discover the interaction (Schoutsen, 1999). 

Moree formally, given the aim for simplicity, the knowledge a learner has about 

thee task is used in a process that adheres to the satisficing principle and limits 

thee effective hypothesis and experiment search space to the regions of the total 

spacee in which the learner expects an effect (cf. the learner search space, Van 

Joolingenn & De Jong, 1997). 

Salientt  Discrepancies The "guiding knowledge" not only has a direct effect on the 

inductivee learning task in that it determines which effects are researched, but 

alsoo plays a role in the evaluation of discovered effects. In both the Peter-tasks 

andd in Optics, two types of reactions have been observed after encountering 

aa discrepancy between prior knowledge or hypotheses and data. In most of 
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thee situations, learners just acknowledged the newfound effect, and revised 

theirr earlier beliefs. However, in some situations, learners wTere struck by the 

discrepancyy and engaged in further research, trying to figure out what caused 

thiss discrepancy. This elaboration caused by the salient discrepancy often led 

too improved knowledge about the domain (e.g., in the Peter-task, discovering 

thee interaction or in the Optics-task discovering the effect of the virtual focus 

point).. This way, prior knowledge about possible effects does not only guide 

inductivee learning by guiding the focus on what is tested, but the saliency of the 

discrepancyy also determines whether the learner discovers less shallow effects 

inn the domain under study. 

Notee that the notion of saliencv also plays an important role in the simulations 

inn Chapter 2. By means of increasing the saliency of a yet unused feature, the 

learnerr becomes aware of this feature and incorporates it into the discovery 

process.. Although saliency plays a somewhat different role in this task com-

paredd to the Peter and Optics tasks, in all three tasks the saliencv of features or 

conceptss is an important predictor of whether or not that feature or concept is 

includedd in the final knowledge of the task. 

CONCLUSIONS S 

Thee analyses presented in this thesis show that the claimed generality of the SDDS 

theoryy (Klahr & Dunbar, 1988) is probably overstated (see for a similar argument 

Johnsonn & Krems, 2001). In simple inductive learning tasks, as often encountered in 

normall  life, hypothesis construction does not play the all-important role as sketched 

inn the SDDS theory. Instead, learners seem to "simply" test for the effect of variables. 

Thiss tendency toward simplicity also plays a more general role in inductive learning. 

Learnerss tend to keep their representations of the task as simple as possible. The 

levell  of this simplicity is determined by what is deemed necessary to test by the 

interfacee combined with guiding knowledge that states which variables and what type of 

relationss are tested. If during the initiated tests salient discrepancies are found between 

thee experimental outcomes and the assumed effect, elaborate on the found results. 

Becausee of this, these discrepancies can guide the learner toward a more complex 

sett of hypothesis than initially constructed on the basis of the simplicity and guiding 

knowledgee factors. 
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I M P L I C A T I O N S S 

Ass was shown in all three tasks, learners have a difficult time discovering complex 

relationss if thev do not have guiding knowledge. That is, without explicit help, learn-

erss do not discover the multiplication rule in the balance scale task, seldom discover 

thee interactions in the Peter-task, and do not easily discover the important landmarks 

inn the Optics task. This clearly illustrates that the emphasis on "self-discovery" in 

modernn curricula of secondary schools can only lead to satisfying results if the stu-

dentss are actively guided in their discovery process and if the tasks and domains to 

whichh discovery learning is applied are carefully chosen. First, students need to have 

relevantt prior knowledge, so that they know what to look for. Second, they have to 

bee aware that it is not necessary to cover the complete experiment-space. However, 

theyy also have be aware that this only holds if they select their experiments from all 

partss of the experiment space (e.g., using heuristics like "test the extreme values" or 

"whenn you think that you're ready, do some more random experiments to see if your 

predictionss hold"). And third, given the important role of discrepancies in discov-

eringg the more complex relations in all three tasks, students need to be aware of the 

importancee of discrepancies between their own hypotheses and assumptions and the 

discoveredd effects. Only if these three conditions are met, discovery learning might 

bee a useful addition to more traditional educational methods. 





CHAPTERR 7: 

SAMENVATTIN G G 

Alss mensen "inductief leren", leren zij door van een aantal voorbeelden algemene 

regelss af te leiden. Deze regels zijn vaak algemeen van aard; ze bestrijken een groter 

deell  van de probleem ruimte dan daadwerkelijk is waargenomen. De voorbeelden die 

tenn grondslag liggen aan de regels kunnen zowel door de leerder zelf zijn gegenereerd 

alss door een externe entiteit worden aangeboden. Zeker in de situaties waarbij de 

voorbeeldenn door de leerder moeten worden gegenereerd, is het niet ongebruikelijk 

datt inductief leren gelijk wordt gesteld met "in de wetenschap" gebruikelijke meth-

odess van onderzoek. Op basis van het actieve karakter van dit leren, verbonden met 

hett "zelf onderzoeken en ontdekken", is geclaimd dat dit een goede manier is om 

robustee kennis op te doen. Echter, experimentele studies lijken dit niet te bevestigen. 

Leerderss doen slechts weinig kennis op tijdens inductief leer sessies. Een van de vra-

genn onderliggend aan dit proefschrift is dan ook wat de oorzaak is van deze relatief 

teleurstellendee inductief leer resultaten. Hiertoe wordt het gedrag van leerders in drie 

verschillendee taken bestudeerd. Een belangrijk aspect hierbij is hoe het gedrag van 

dee leerder gemeten en beoordeeld wordt. In plaats van de gebruikelijke focus op 

kenmerkenn van leerders die verklaren waarom de effectiviteit van leren varieert, ligt 

dee focus in dit proefschrift vooral op de interactie tussen het gedrag en de kennis van 

dee leerder en hoe de beoordeling van het gedrag tot stand komt. 

Echter,, voordat inductief leren in volwassen besproken wordt, gaat dit proefschrift 

eerstt in op het leren tijdens ontwikkeling. In tegenstelling tot leren later op school 

off  tijdens psychologische experimenten in standaard leer-omgevingen is het uitzon-

derlijkk als jonge kinderen correctheids-feedback krijgen op hun cognitief gedrag. 

Hoofdstukk 2 beschrijft een computationeel model dat het gedrag van kinderen op 

dee balans-taak simuleert. In een balans-taak krijgt een kind een balans te zien waarop 
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opp verschillende afstanden zowel links als rechts van het scharnierpunt gewichten 

kunnenn worden geplaatst. De opdracht is om te voorspellen naar welke kant de ba-

lanss zal scharnieren. Het ontwikkelde model is, in tegenstelling tot alle bestaande 

modellenn van balans-taak gedrag, in staat om het zelfde tvpe leergedrag te laten zien 

alss kinderen, ook als er geen feedback wordt gegeven aan kind of model over de 

correctheidd van het antwoord. Daarnaast laat dit model zien dat uit het samenspel 

vann één simpele regel ("zoek de verschillen") en een aantal onderbouwde aannames 

dee verschillende stadia van gedrag verklaard kunnen worden. 

Dee overige hoofdstukken hebben betrekking op meer traditionele inductief leer 

taken.. In de Hoofdstukken 3 en 4 zijn Peter-taken onderwerp van studie. De op-

drachtt aan een leerder in een Peter-taak is uit te vinden hoe de nominale waardes 

vann een set gegeven onafhankelijke variabelen de (semi-)continue uitkomst op een 

afhankelijkee variabele bepalen. Hiertoe kan een leerder zelf experimenten genereren 

doorr een waarde te kiezen voor ieder van de gespecifieerde variabelen, waarna de 

waardee van de afhankelijke variabele opgevraagd kan worden. Dit is een van de taken 

diee zich meer leent voor de vergelijking met hoe in de wetenschap onderzoek wordt 

gedaan.. Echter, de op computationele modellen gebaseerde analyses die worden 

besprokenn in Hoofdstuk 3 tonen een belangrijk verschil aan tussen theorieën over 

wetenschappelijkk onderzoek en het gedrag van leerders. Een centraal element in the-

orieënn over wetenschappelijk onderzoek is "de hypothese". Volgens deze theorieën 

zouu "goede wetenschap" gefocusseerd moeten zijn op het construeren en testen van 

hypotheses.. Op basis van een vergelijking tussen de modellen in Hoofdstuk 3 en 

hett gedrag van leerders in de Peter-taak wordt echter beargumenteerd dat leerders 

inn deze taak hun gedrag nauwelijks laten sturen door hypotheses. In plaats daarvan 

latenn zij zich sturen door de layout van de taak en hun voorkennis of aannames over 

dee variabelen in de taak. Een ander aspect dat naar voren komt bij de bespreking 

vann de modellen is dat de mate van succes zoals gemeten in traditionele tests sterk 

afhankelijkk is van de voorkennis en assumpties van die leerder. Niet omdat de test 

directt deze voorkennis toetst, maar omdat de voorkennis de leerder kan leiden naar 

anderss onontdekt gebleven kennis. 

Dezee afhankelijkheid van voorkennis is de focus van Hoofdstuk 4. In dit hoofd-

stukk wordt beargumenteerd dat de standaard tests die gebruikt worden om inductief 

lerenn te meten niet voldoende zijn. Als men geïnteresseerd is in de kwaliteit van 
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hett inductief leren, dan is het noodzakelijk taak-afhankelijke aspecten uit te sluiten. 

Echter,, gezien de sterke invloed van voorkennis op de gemeten scores is een maat 

diee puur de nieuw opgedane kennis meet niet noodzakelijkerwijs een goede maat 

voorr de kwaliteit van het ontdekgedrag. Als alternatief voor een puur op een eind-

testt gebaseerde score wordt in Hoofdstuk 4 een maat besproken die de consistentie 

tussenn het gedrag van een leerder en de score op een eindtest meet. Deze maat 

wordtt onderbouwd door twee verschillende Peter-taken te vergelijken, waarbij wordt 

aangetoondd dat de op consistentie gebaseerde score minder beïnvloed wordt door de 

veranderingenn in de taak-setting. 

Inn de Peter-taak worden zowel de onafhankelijke als de afhankelijke variabelen expli-

ciett gemaakt voor de leerders. Hoewel zij de experimenten zelf moeten genereren, 

hoevenn zij daardoor niet meer uit te zoeken welke variabelen mogelijk van belang zijn. 

Daarnaastt is de Peter-taak uitzondeüjk in de discreetheid van de variabelen: slechts 

inn weinig gevallen is de werkelijkheid zo goed op te delen in nominale waardes als in 

dee Peter-taak. 

Opties,, de taak die besproken wordt in Hoofdstuk 5, is speciaal ontworpen om in-

ductieff  leren te meten in een setting die gelijkwaardiger is aan de complexe werkeli-

jkheid.. In de standaard Opties simulatie setting krijgt de leerder een lege werkbank 

aangebodenn waarop lenzen en lampen geplaatst kunnen worden. Door het verplaat-

senn van objecten of het veranderen van eigenschappen (bijvoorbeeld de hoek die 

dee lichtstraal maakt met de optische as) kan de leerder zelf experimenten genereren. 

Eenn belangrijk aspect hierbij is dat tijdens het manipuleren de effecten hiervan di-

rectt te zien zijn. Er is dus sprake van continue in plaats van discrete experimentatie. 

Echter,, de inductief leer resultaten in deze taak vielen tegen. Zonder sturing of in-

perkingg kwamen de scores op post-tests nauwelijks uit boven pre-test scores. Door 

hett minder gestructureerde karakter van Opties zijn de methodes zoals besproken in 

Hoofdstukk 4 echter niet direct toepasbaar op het analyseren van inductief leer-gedrag 

inn Opties. Om deze analyses wel mogelijk te maken, is een kwalitatief redeneer model 

opgesteldd dat de continue experimentatie discreet analyseerbaar maakt. Door middel 

vann de analvse op basis van het kwalitatief redeneer model wordt ook in deze taak 

aangetoondd dat leerders wel degelijk adequate inductief leer strategieën beheersen. 

Echter,, doordat het onduidelijk is voor leerders wat zij worden geacht te ontdekken 

enn doordat een belangrijke variabele niet zonder meer te identificeren valt, besluiten 
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veell  leerders te stoppen voordat alle kennis verzameld is. 

Hoofdstukk 6 besluit het proefschrift met het bespreken van de relaties tussen de 

driee in dit proefschrift geanalyseerde taken. Op basis van de eerdere hoofdstukken 

introduceertt dit hoofdstuk drie factoren die het gedrag van leerders en hun succes 

inn een inductief leer taak bepalen. De eerste factor stelt dat leerders de af te leiden 

kenniss zo simpel mogelijk proberen te houden. De tweede factor benadrukt het 

belangg van voorkennis in het sturen van het ontdekgedrag. En "saliency", de derde 

factor,, geeft het belang aan van de opvallendheid van een onverwachte uitkomst 

off  variable. Als deze factoren in acht worden genomen blijkt dat het gedrag van 

ontdekkendd leerders beter is dan post-tests doen vermoeden. 



CHAPTERR 8: 

SUMMARY Y 

Whenn people engage in "inductive learning" they try to induce general rules from a 

sett of specific examples. These rules are general in the sense that they cover a larger 

portionn of the problem space than which has actually been explored. The examples 

thatt are at the basis of these rules can either be generated by the learner or they 

cann be provided by an external entity. If the examples are generated by the learner, 

inductivee learning is often referred to as a "scientific" discovery process, in analogy 

too the way scientific research is being conducted. Due to the active character of the 

learningg process, combined with "exploration and discovering", it has been claimed 

thatt this is a good way of acquiring robust knowledge in a new domain. However, 

experimentall  studies do not seem to support this claim. Learners learn only very 

littl ee during inductive learning sessions. One of the questions that this thesis is based 

onn is about the reason for these relatively disappointing results. Three different tasks 

andd the respective behavior of learners have been studied to answer this question. 

Ann important aspect is how the learner's behavior is measured. Instead of focusing 

onn properties of the learners that explain the variance in learning results, as is often 

done,, this thesis focuses on the interaction between the behavior and knowledge of 

thee learner and the aspects on which the behavior is measured. 

Beforee discussing inductive learning in adults, a developmental study is presented 

thatt is related to inductive learning. In contrast to learning in a school-setting or dur-

ingg most psychological experiments, it is uncommon for young children to get cor-

rectnesss feedback on their cognitive behavior. Chapter 2 describes a computational 

modell  that simulates children's behavior on the balance scale task. In a balance-scale 

setting,, a child is presented a balance scale on which weights are placed left and right 
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off  the fulcrum. The child has to predict to which side the balance will tilt . The 

modell  presented in Chapter 2 can, in contrast to all existing models of balance scale 

behavior,, explain the behavior of children, both in situations with and without feed-

back.. This model also shows that an interaction between a simple rule ("search for 

differences")) and a number of psychologically grounded assumptions is sufficient to 

explainn the observed behavior. 

Thee other chapters are focussed on more traditional inductive learning tasks. Chap-

terr 3 and 4 focus on the Peter-task. A learner in a Peter-task has to discover how 

thee nominal independent variables determine the (semi-)continuous outcome on a 

dependentt variable. A learner has to select a value for each of the independent vari-

abless to construct an experiment, after which the outcome on the dependent variable 

iss presented. This is one of the tasks that suit the comparison between inductive 

learningg and "scientific research". However, the computational models presented in 

Chapterr 3 illustrate an important difference between the theories about the scientific 

methodd and the behavior of learners. The central topic in the scientific method is 

thee hypotheses; "good science" is focussed on the testing and revision of hypothe-

ses.. It is argued, based on the comparison between the models in Chapter 3 and 

thee observed behavior, that the behavior of learners in the Peter-task is not guided 

byy hypotheses. Instead, their behavior is guided by the layout of the task and their 

priorr knowledge of and assumptions about the variables in the task. Another aspect 

discussedd is that the amount of success as measured in the traditional tests is largely 

dependentt the prior knowledge and assumptions of the learner. Not because this 

priorr knowledge is tested during the post-test, but because the prior knowledge can 

guidee the learner to otherwise undiscovered knowledge. 

Thiss dependence on prior knowledge is the focus of Chapter 4. In this chapter, it is 

arguedd that the standard tests for measuring inductive learning are insufficient. If one 

iss interested in the quality of inductive learning, it is necessary to exclude anv task-

specificc influences. However, a test that solely measures the new gained knowledge 

iss not appropriate for measuring the quality of inductive learning skills given the 

influencee of prior knowledge on that test. Chapter 4 proposes a consistencv measure 

ass an alternative to knowledge-based tests that expresses the consistency between a 

learner'ss behavior and the post-test scores. This consistency measure is grounded by 

comparingg two different Peter-tasks, showing that the new score is less influenced by 
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changess in the task-setting. 

Bothh the dependent and the independent variables are made explicit to the learner in 

thee Peter-task. Although learners have to construct their experiments, they are not 

requiredd to figure out which variables might be relevant. Besides, the levels of the 

variabless in the Peter-task are discreet; only in very few cases can the real-world be 

categorizedd in such clear-cut nominal values. 

Optics,, the task discussed in Chapter 5, was especially designed to measure inductive 

learningg in a setting more close to the complex world as encountered outside the 

psychologicall  laboratory. The learner is presented an empy workbench on which the 

learnerr can place lamps and lenses. Learners can generate experiments by moving 

thee objects and changing the angle of the light beam originating from the lamps. An 

importantt feature of Optics is that the simulation is updated during all manipula-

tions,, yielding continuous experimenting instead of the discrete experimentation in 

thee Peter-task. The learning results in this task are often disappointing. The scores on 

thee post-test were comparable to those on the pre-test in the settings without guid-

ance.. Because of the less structured character of the Optics simulation the analysis 

methodss as discussed in Chapter 4 are not directly applicable to the analysis of be-

haviorr in Optics. A qualitative reasoning model was constructed to be able to analyse 

thee continuous experimenting in a discrete fashion. By analyzing the data using the 

qualitativee reasoning model it is shown that learners to possess adequate inductive 

learningg strategies, as was shown for the Peter-task. However, because it is not clear 

too learners what they have to discover and because one of the important variables is 

nott easily identified, a lot of learners decide to stop experimenting before all effects 

aree discovered. 

Chapterr 6 concludes this thesis by discussing the relations between the three tasks 

thatt are analyzed in the thesis. Based on the previous chapters this chapter introduces 

threee factors that determine the behavior of learners and their success during an 

inductivee learning session. According to the rationale behind the first factor, learners 

tryy to keep the derived knowledge as simple as possible. The second factor is involved 

withh the importance of prior knowledge in the guidance of the inductive learning 

process.. And "saliency", the third factor, is related to the importance of the saliency 

off  an unexpected outcome. 
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I ff  these factors are taken into account, the behavior of inductive learners is not as 

badd as the meager post-test results seem to suggest. 
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