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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. 
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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 



DiscoveryDiscovery skills in a complex task 

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 
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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. 
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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 
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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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