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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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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. 
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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 ISS F O R M A T I ON 

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 
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(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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Variabl ee 2..4 
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results ? ? 

Checkk prio r 
knowledg e e 

Derivee hypothesi s 
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experiment s s 
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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 
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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. 


