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CHAPTERR 4. 

MEASURESS OF INDUCTIV E LEARNIN G QUALIT Y 

Abstract t 

Inn this chapter we argue that two often used measures of the quality 

off  inductive learning, comprehension score and proportion of ex-

perimentt space covered, are subject to spurious influences of prior 

knowledgee and subjective interpretation of the task. A new measure 

iss proposed that is based on consistency between the observations 

madee during learning and the post-test scores. It is shown that this 

measuree is more stable over tasks than comprehension score and 

proportionn experiment-space covered. 

Theree are several approaches to measuring the quality of learners performing in-

ductivee learning tasks. The simplest approach is to evaluate the knowledge after 

performingg inductive learning. How much is learned (e.g., percentage of relations 

thatt were correctly discovered) is a measure of the quality of the discovery behav-

ior.. However, as we discussed in the previous chapter, this measure is indirect and 

subjectt to the influence of other factors than the quality of inductive learning. For 

example,, prior knowledge may produce a high "discovery" score even if it is com-

binedd with poor discovery behavior. Or, individual differences in the interpretation 

off  the goal of the inductive learning task may result in differences in performance. 

Inn both cases measuring acquired knowledge does not reflect the quality of inductive 

discoveryy learning. 

Partss of this and the previous chapter are based on Wilhelm et al. (in press) and 1 iulshot et al. (in press). 
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Anotherr approach to measure inductive learning is to focus on the proces of induc-

tivee learning, and to measure learning quality on the the subprocesses that underly 

inductivee learning. In the previous chapter, we identified and discussed four sub-

taskss of inductive learning. In the current chapter, we discuss existing measures of 

inductivee learning in terms of these subtasks. After discussing these measures, we 

proposee a new measure which is based on an assessment of the quality of one of the 

subprocesses. . 

MEASURINGG THE QUALITY OF PERFORMANCE 

Thee difficulty is to measure the contribution and quality of the different sub-

taskss in the discovery process and more specifically, which part is responsible for 

(sub)optimall  behavior. Often, the approach taken is to rely on think aloud proce-

duress (Chi, 1997; Ericsson & Simon, 1993; Van Someren, Barnard, & Sandberg, 

1994)) to identify what drives performance. However, another approach is to base 

analysess on, for example, reaction time data or human-task interaction data (Hulshof, 

2001).. We will refer to the first as qualitative data, and to the latter as quantitative 

data.. In the next two paragraphs, we will discuss discuss qualitative and quantitative 

measuree that are traditionally used in the context of discovery learning. 

M E A S U R ESS B A S ED ON Q U A L I T A T I V E D A T A 

Whenn the think aloud method is used to gather data, a learner is asked to verbalize 

alll  thoughts during problem solving. By means of analyzing think aloud data, more 

insightt in the relative contribution of the different phases can be gained. However, 

inn the context of the inductive learning tasks presented in this thesis, think aloud 

dataa without prompting is often of a relatively low quality, especially with respect to 

thee stating of hypotheses and intermediate results derived from experiments (see for 

aa discussion on this topic Kuhn et al, 1995, pi 55, or Thinking Aloud, 2001). The 

ideall  situation from a researchers point of view would be one in which the learners 

commentt on each experiment. This led researchers to use prompting questions (e.g., 

Schauble,, 1990; Niewold, 1998; Wilhelm, 2001). By means of these prompting ques-

tions,, learners are asked explicitly to state their current hypotheses and expectations 

att fixed intervals or events. Niewold (1998) reported that asking directed questions 

(e.g.,, "What are you trying to discover?") did not interfere with the score on measures 
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usedd to assess the quality of the inductive learning process. However, it is not obvi-

ouss that asking questions does not change the discovery behavior at all, as Niewold 

alsoo reported effects of prompting on other behavioral measures. Moreover, in other 

researchh on the use of prompting, an increase in performance was found (Berry & 

Broadbent,, 1990). 

Anotherr issue associated with think aloud protocols is that the data collection and 

analysiss of think aloud protocols is associated with enormous effort (cf. Hulshof, 

2001),, especially in situations where numerous protocols are necessary to derive gen-

eralitiess (cf. Prins, 2002). Therefore, verbal data like think-aloud protocols are often 

supportedd by (additional) behavioral data about learner actions. Since these actions 

cann often be recorded automatically, it is easy to apply numerical measures to these 

data. . 

M E A S U R ESS B A S ED ON Q U A N T I T A T I V E D A T A 

Besidess qualitative descriptions of discovery behavior based on think aloud protocols, 

researchh often includes quantitative data reflecting the outcomes of behavior during 

thee discovery process. 

Ann often used quantitative data based measure that is supposed to reflect the out-

comess of the discovery process is the "comprehension score" (Schauble, 1990). This 

scoree is based on the learner's performance on sets of comprehension questions, 

askedd in between experimental sessions or during a post-test. Whereas Schauble, 

Klopfer,, and Raghavan (1991) calculated the comprehension score simply based on 

thee (unweighted) number of correctly stated relations, Wilhelm (2001) and Niewold 

(1998)) use a more elaborate, weighted scheme (see Table 5.1, page 86). Yet another 

classificationn system was used by Hulshof (2001). He classified the learners in the 

Peter-taskk into one of four different nominal levels, based on the number of cor-

rectlyy answered post-test questions. 

Anotherr measure, used to quantify the behavior of learners in a discovery task, is 

basedd on the number of (distinct) experiments conducted by learners (e.g., Klahr & 

Dunbar,, 1988; Kuhn, Schauble, & Garcia-Mila, 1992; Schauble, 1990,1996; Wilhelm, 

2001).. As this measure is used to describe how well the learners covered the total 

experimentt space, the number of (distinct) experiments is divided by the the total 

numberr of distinct experiments defined by the task. This experiment-space com-
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pletenesss score is presented as a measure of the thoroughness of scientific discovery 

learning. . 

ONN THE VALIDIT Y OF EXISTING MEASURES 

However,, the validity of both the comprehension score and the proportion of 

experiment-spacee covered can be questioned with regard to the extent to which they 

measuree the quality of discovery behavior. 

T H EE C O M P R E H E N S I ON S C O RE 

Withh regard to the comprehension score measure, the underlying idea is that a per-

fectt learner should discover all results. However, a methodological problem with 

measuress like this is that the number and type of relations in the domain is often 

nott easily quantifiable. For example, should an interaction count as two main effects 

(A](A]  > Ai if C = 1 and A\ < Ai if C — 2), making it possible to weight the score for 

aa partly correct answer, or should the interaction be seen as an inseparable construct 

yieldingg an all-or-none score? Or, similarly, should a learner be credited for correctly 

discoveringg that there is no effect of changing a particular variable to another level? 

Another,, more fundamental problem is associated with the assumption that perfect 

inductivee discovery learning leads to the discovery of all possible effects. As argued 

inn the previous chapter, it is often not reasonable to expect a learner to conduct 

alll  possible experiments. Therefore, a learner might make a valid decision to stop 

experimentingg before all existing relations have been discovered. However, if the 

comprehensionn score is used as a measure of the quality of inductive learning, it 

automaticallyy follows that discovering more effects is always better, ignoring the pos-

siblyy valid reasons of a learner to stop experimenting. It is, for example, possible 

thatt a learner does not conduct experiments in the experiment space region where 

somee relations can be discovered because the learner's prior knowledge suggests that 

thee imporant relations are to be found in different regions. This distinction is also 

presentt in the work of Van Joolingen and De Jong (1997). They distinguish between 

twoo subspaces within the complete experiment-space. If derivation is based on ex-

perimentss sampled from the "target conceptual model" space, this process would 

leadd to a correct set of hypotheses. The actual subspace that learners consider dur-

ingg discovery learning is called the "effective learner search space". Only if the "effective 
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learnerr search space" overlaps the target conceptual model space, a learner is able to 

derivee all hypothesis. 

Thiss is also illustrated in a comparison between the models as presented in the previ-

ouss chapter (Model 1 vs Model 2 (or 3) vs Model 4). As Model 1 discovers all possible 

effects,, this model gets the maximum comprehension score. Models 2 and 3 wil l both 

scoree lower, as the behavior of these models did not lead to the discovery of the inter-

actionn effects. However, given the commonly used scoring schemes for the compre-

hensionn score, Model 4, based on erroneous inductive learning processes, wil l score 

higherhigher than Model 2 and 3 as this model did discover the interaction effects. (This is 

becausee the interaction effects contribute stronger to the comprehension score than 

thee one wrong main effect.) However, the experiment construction mechanism of 

Modell  4 is clearly imperfect. That the model discovers the correct effect by chance 

iss no problem for a simple performance score, but a measure of the quality of the 

inductivee learning process should not be biased by this type of accidental discoveries. 

Theree is also a more theoretical reason whv the comprehension score fails as a good 

measuree of the quality of inductive learning. If one contrasts inductive learning to 

deductivee learning, the latter requires that one searches for all possible experiments 

thatt could lead to deduction as a deductive learner should not make inferences about 

non-observedd states. However, the nature of inductive learning implies that a learner 

inducess hypotheses that hold over a broader range of experiment states than the 

observedd states. Therefore, deciding not to search parts of the experiment space 

mightt be a decision that is completely valid in an inductive learning setting, even 

iff  that leads to impoverished knowledge. Therefore, although the comprehension 

scoree described above does measure certain aspects of discovery behavior, its validity7 

iss questionable. 

T H EE P R O P O R T I ON OF E X P E R I M E N T - S P A CE C O V E R ED 

Thee quantitative measure reflecting the proportion of experiment-space covered is 

oftenn used to illustrate the (lack of) thoroughness of learners' discovery behavior. 

However,, the implied correlation between the proportion score and the quality of the 

discoveryy process does not hold when it is not by definition considered suboptimal 

iff  a learner stops before all experiments have been conducted. 

AA measure used by Glaser, Schauble, Raghavan, and Zeitz (1992) illustrates this prob-
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lem.. In this study, differences in "percentage of minimal required evidence" is re-

portedd for three types of tasks. This measure reflects the extent to which the learner 

conductedd the necessary experiments to derive all possible relations. However, learn-

erss do not know what part of the experiment space contains the most informative 

relations.. So, without more information about the discovery behavior of a learner, a 

negativee interpretation of this measure would be that it just measures the amount of 

luckk a learner had in selecting the right experiment space regions. 

Anotherr issue related to the proportion of experiment-space searched are duplicate 

experiments.. A duplicate experiment is often considered unnecessary, and is inter-

pretedd negatively. However, two remarks can be made with regard to this negative 

interpretation.. First, the learner does often not know whether the domain contains 

aa stochastic or dependent (e.g., training effects) component. An appropriate test 

forr stochasticity or dependency is repeating an experiment leading to a duplication. 

Second,, an experiment that has been conducted a while ago might not be readilv 

availablee to the learner. For example, because the declarative knowledge representing 

thee experiment has decayed too much causing retrieval to be impossible. In both 

situations,, constructing experiments which have already been conducted might be an 

appropriatee action. 

Basedd on the above reasoning, statements as presented in (Kuhn et al., 1992) are over-

statingg the irrationality or suboptimality of the learners' behavior. Kuhn et al. (1992, 

p.303,, emphasis added) state: "Subjects generated only a fraction of the potential evidence, 

andd this they did inefficiently. Of the 48 possible unique boats [experiments], subjects 

buildd [constructed] an average of 18.9 (39.4%, with a range across subjects from 27% 

too 56%).". Here, "inefficiency" refers to duplicate experiments constructed by the 

learners. . 

Thee issue of duplicate experiments also plays a role when Model 2 and Model 3 pre-

sentedd in the previous chapter are compared. The only difference between Model 2 

andd Model 3 is that Model 3 does not reuse old experiments, but constructs a new 

"basee experiment" for every variable it tests. Although this does take more effort 

inn terms of mouse-clicks, this behavior is not incorrect. Although these duplicate 

experimentss might seem redundant, implying mediocre inductive learning behavior 

iss premature as long one does not know why these duplicate experiments have been 

constructed. . 
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PRINCIPLEDD MEASURES 

Ass discussed above, both the comprehension score and the proportion of 

experiment-spacee covered are not optimal to assess the quality of the inductive learn-

ingg process. Therefore, an alternative measure is necessary that is not influenced by 

thee issues raised previously. Given the resource-expensiveness of analyzing think 

aloudd protocols, a measure based on log-file data is preferable over a measure based 

onn qualitative data. 

Inn the previous chapter, the four subtasks (constructing hypotheses, constructing ex-

periments,, evaluating hypotheses, determining when to stop) as defined by the SDDS 

theoryy have been implemented to construct computational models of inductive learn-

ingg behavior. Based on an analysis of these subtasks, differences between good and 

badd discovery behavior can be accounted for. However, to assess this in empirical 

behavior,, we have to have access to the products of the different subtasks. As ar-

guedd before, there is no easy solution to access the hypotheses a learner might use 

duringg the discovers process. And even if we have access to the hypotheses a learner 

usess or verbalizes during the discovery process, it is difficult to assess whether these 

hypothesess are correctly derived from the learner's prior knowledge (Mi) . That is, it 

iss (as in other fields of psychology) almost impossible to assess the prior knowledge 

(PK)(PK) a learner has about a domain without priming this prior knowledge and thereby 

influencingg the inductive learning process itself. 

Ass the hypothesis is the prime determinant of the experiment generation process in 

SDDS,, assessing the quality of the generated experiments (Mi) is difficult. Because 

thee prior knowiedge is also the main determinant for the stop-criterion and the stop-

criterionn is not explicitly stated in the task instruction, which makes it subject to 

interpretation,, the quality of this subtask (M4) is not easily assessed. 

Thiss leaves the knowledge derivation (M3) as main focus for measuring the inductive 

learningg process. During this subtask, the learner derives new knowledge on the ba-

siss of conducted experiments. As argued above, prior knowledge and therefore also 

thee current hypothesis might influence the derivational process as it might cause rash 

derivationss or confirmation bias. However, both the product of this subtask, the con-

clusionss stated during the post-test, and the input for this subtask, the experiments, 

areare available for inspection. Therefore, we can easily reconstruct the effects of invalid 
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derivationss and confirmation bias as these are reflected in invalid conclusions if one 

considerss the experiments as infallible sources of evidence. For example, assume that 

wee know that a learner constructed experiments in which all but one variable were 

keptt constant. Changing the variable is reflected in the outcomes. However, if the 

learnerr does not mention this relation, we can assume that either the effect was not 

noticed,, or that it might have been noticed but was not interpreted, probably because 

off  confirmation bias. Either way, we can conclude that the inductive learning process 

off  that learner is suboptimal: not enough attention was paid to an effect that was 

observablee in the data. 

Therefore,, if aiming for an optimal quantifiable measure of the correctness of dis-

coveryy behavior, the solution lies in measuring the inductive learning behavior while 

tryingg to keep the hard to measure subjective effects of prior knowledge and subjec-

tivee interpretations under control. Method M3 is most promising in this respect as all 

thee input necessary for this method is easily available and the outcomes of this pro-

cesss are reported during the post-test (and in the think-aloud protocols if those have 

beenn recorded). Although this does not reveal what methods and prior knowledge 

aree used by the learner, it does reveal if the learner is able to engage in correct dis-

coveryy behavior given his or her capacities without being influenced by subjective 

propertiess like prior knowledge or interpretation. 

However,, if one does not specify any discovery strategies one cannot assess whether 

thee behavior of the learner is consistent. Therefore, a minimal set of experimentation 

strategiess has to be defined which are assumed to be available for the learners. As 

learnerss with similar background as the learners in the current study (Wilhelm, 2001; 

Niewold,, 1998) showed to be consciously aware of the importance of the VOTAT 

orr CVS method, we assume that the learners in the current study should be able to 

derivee the correct knowledge from two correct experiments. For example, if a learner 

hass two experiments available in which only one variable is changed, the underlying 

assumptionn of the consistency score requires that the user reports the effect that can 

bee derived from those experiments during the post-test. With respect to interactions, 

iff  a learner saw earlier that changing a variable led to another effect than changing 

thatt variable later on, the VOTAT strategies should signal an inconsistency. There-

fore,, the consistency measure assesses the consistency of the overt behavior with the 

answerss to the post-test scores assuming that the learners know that one has to test 
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forr the effect of a variable by only manipulating that particular variable. 

Too test the viability of the consistency of behavior measure, we will apply this method 

too data from the Peter-task. The performance of the consistency measure will be con-

trastedd with the performance of the original comprehension scores and the percent-

agee experiment-space covered. If this measure is indeed less influenced by subjective 

properties,, the score on this measure should be more stable over experiments than 

thee previously used scores. Therefore, we will compare the stability of this consis-

tencyy measure over two tasks with the stability of the comprehension score. 

PETER-TASK K 

Too compare measures for inductive learning tasks, we will again refer to the Peter-

taskk as described in the previous chapter. First, we will present the scores on these 

taskss using the measures as reported in Wilhelm et al. (in press). Second, we wil l 

discusss these findings in the light of the issues raised earlier. Third, the consistency 

scoree will be operationalized and compared to the earlier measures. 

RESULTS S 

Wee tested 15 subjects, all first-year psychology students at the University of Amster-

dam.. They participated in this study for course credits. The subjects were told that 

theyy could take as long as they wanted, and were given the opportunity to take notes. 

Post-testt questions were used to assess what was learned. Per variable, the learner 

wass asked "What did you discover concerning ...". Only when the learner's answer 

wass ambiguous, clarification questions were asked. 

Ass in previous studies (e.g., Wilhelm et al., in press; Schauble, 1990; Kuhn et al., 

1992),, only a fraction of the experiment space was searched. The average number 

off  experiments conducted was 11 (SD = 5.78), the average number of unique ex-

perimentss was 9.7 (SD = 3.53). The average proportion of the experiment space 

searchedd was 0.20 (i.e., 9.7 / 48, see Table 5.2). 

W7ithh respect to the comprehension score, we used the same scoring scheme as used 

byy W7ilhelm et al. (in press). This scoring scheme weights the interactions by assigning 

moree points to the interactions if completely reported and also allows for partial 

scoringg of interactions. This leads to a maximum score of 18 points awarded if all 
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mainn effects and interactions are reported correctly. The actual scoring scheme used 

iss depicted in Table 5.1. Based on the this scheme1, the average comprehension score 

iss 11.3 (SD = 2.4, ranging from 4 to 15, see Table 5.2). 

Tablee 5.1: Points awarded tor responses in the post-test in Wilhelm's (2001, Table 2, p.^7) study. 

Numberr Statement Correct Without restricting Incorrect 

condition n 

a\a\ > Ü2 

a\a\ < Ü2 

b\b\ — b2 

b\b\ > b2 

C\C\ = C2 

d\d\ — d2 

e\e\ < e2 

e\e\ < eT, 

ee22 = e i 

(if*,) ) 

(iff ̂ 2) 

(iffli) ) 

(iff <*2) 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

1 1 

1 1 

1 1 

1 1 

nlnl  a 

nlnl  a 

nlnl  a 

nlnl  a 

n)n) a 

Note:: Letters a to e refer to the five independent variables. The subscripted digits refer to the level 

off  the variable selected. Variables a and b interact, e has an effect for only one level and c and d 

aree irrelevant. The maximum score is 18. 

D I S C U S S I ONN OF T H E R E S U L TS 

Withh respect to the proportion of experiment space searched, the learners in the 

currentt study show a relatively low score, having generated only 20% of the possible 

evidence.. The proportion of the experiment space searched depends on the number 

off  experiments conducted. As no stop-rule or stop-time is specified at the start of the 

study,, the learners have to decide for themselves whether or not to continue working 

afterr each experiment. As the experimental setting implies that there will be at least 

somee effects, all learners at least try to discover the simple main effects. Hereto, most 

off  the learners conduct the correct "var\T one thing at a time" (VOTAT, Tschirgi, 

1980;; Schauble, 1996), also known as the "control of variables strategy (CVS, Chen 

&&  Klahr, 1999). (See Niewold, 1998 for similar reports on strategy use of Dutch first-

yearr students.) Based on these strategies, learners are theoretically able to detect all 

mainn effects in 7 experiments (see Appendix 4.A). Knowing this, the actual number 

off  unique experiments conducted by the learners (being 9.73), seems to reflect that 

Usingg the unweighted scoring scheme as applied bv (Kuhn et al., 1995) leads to qualitatively comparable results. 
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"justt discovering the main effects" might come close to what learners actually tried 

too achieve. 

Thiss is also reflected in the comprehension scores. The maximum score using the 

schemee in Table 5.1 is 18. However, as some of these scores are related the practical 

maximumm is in the order of 14. This is due to the "double scoring" for the interac-

tions;tions; point are given both for stating "the effect of a depends on b" and for stating 

"thee effect of b depends on a". Although this type of scoring is technically correct, is 

doess not coincide with how the learners report the discovered effects. Learners often 

mentionn either the relations 1 and 2, or the relations 3 and 4 (Table 5.1), whereas in 

theirr think aloud protocol they mention the discovery of both sets of effects. There-

fore,, most learners score 14 points ( 2 x 2 points for the interactions, and 5 x 2 

pointss for the main effects). Moreover, if a learner does not discover any of the 

interaction-relatedd effects, the score is only 12 (i.e., one point for relation number 

11 or 2 and 1 point for 3 or 4, and in total 10 points for the main effects and non-

effectss (relations 5 to 9)). As the actual average score is 11.3, this seems to indicate 

thatt learners chiefly discovered these main effects. Indeed, if we allow the learners to 

makee one mistake in discovering the main effects, 12 of the 15 learners discovered 

solelyy these main effects (2 learners discovered parts of the interaction, 1 discovered 

onlyy 3 of the possible main-effects). 

Ass these measures are introduced as descriptors of the quality of the inductive learn-

ingg process, the question is whether they reflect this accurately. As noted earlier, 

thee inductive learning process is inherently uncertain. Learners do never know if 

thee knowledge they have at a certain point in time is all knowledge that can be de-

rivedd from the domain. If a learner in this domain did not think about interactions, 

butt explored the experiment-space correctly given his prior knowledge and related 

assumptions,, the quality' of his behavior should be assessed given these ideas. 

C O N S I S T E N CYY M K A S T RE 

Havingg discussed the inappropriateness of the existing measures to assesses the qual-

ityy of the inductive learning behaviors we propose a new measure to assess the quality 

off  the behavior in a more valid manner. We again turn to the post-test scores. How-

ever,, instead of contrasting these with the maximum score, we compare them to the 

learner'ss behavior. The rationale is that even if the learner did not test for certain 
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effects,, he or she should still be deriving correct knowledge from the conducted ex-

periments.. In other words, the outcome of the inductive learning process should be 

consistentt with the overt behavior of the learner. 

Perr variable, we assessed whether the post-test conclusion correctly states the effect 

off  the variable given the conducted experiments. For each variable, one out of three 

possiblee judgments was given: 

1.. Legal derivation (LD, +): The learner had enough evidence to derive the con-

clusionn stated in the post-test based on a VOTAT strategy and there is no 

evidencee in the experiments that the derivation might be incorrect. 

2.. Confirmation bias (CB): The reported conclusion is inconsistent with the con-

ductedd experiments. That is, there is a set of experiments on the basis of which 

aa different conclusion should have been derived. 

3.. Ungrounded conclusion (UC): The conclusion the learner gives is not reflected 

inn the conducted experiments; there is no set of experiments that can be used 

too infer knowledge about the effect of the levels of this variable. 

Basedd on the above definitions, all conclusions in tasks with discontinuous levels of 

thee variables can be categorized. The scoring procedure is as follows. Each judgment 

iss based on the available set of experiments, defined as discussed above. If there is a 

sett of experiments that makes a legal derivation of the effect mentioned in the post-

testt possible, assign LD to that variable. If in a later set of experiments the originally 

foundd effect is shown to be incorrect, the learner can either change the effect of the 

variablee or decide to stick to the old, now "rejected" effect. If the learner's behavior 

reflectss the latter, assign CB to that variable. Note that this limits the assignment of 

CBB to variables that are involved in more complex relations (i.e., interactions). This 

iss therefore a relative limited interpretation of confirmation biases. If the reported 

effectt in the post-test is not reflected in any set of experiments, UC is assigned to 

thatt variable. 

Thee problem with these measures is that there is a possibility that the confirmation 

biass score is too high if a learner is conducting a lot of experiments. That is, after 

aa (large) number of experiments, there is a reasonable chance that there are two 

"Obviously,, only if compared with think-aloud data, this limited confirmation bias can be extended to cover more 

detailedd accounts of confirmation bias (e.g., Wason, I960; Klayman & Ha, 1987), 
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experimentss that together show the effect of a particular variable. However, if these 

experimentss are separated in time, chances are that the learner never linked these 

twoo experiments together. In those situations, the answer given during the post-test 

mightt incorrecdy be scored as "confirmation bias". (Because the conclusion given as 

answerr during the post-test is shown to be incorrect in the overlooked combination 

off  experiments.) Therefore, we measured the quality of behavior by comparing per 

conductedd experiment the last experiments with the experiments that were on the 

screenn and with the experiments that the learner scrolled back into view during the 

constructionn of the last experiment (operationalized by requiring the user to scroll 

backk to an earlier set of experiments and look at these experiments for at least 2 

seconds). . 

Tablee 5.2: Peter-task results: Consistency measures per variable, the proportion of experiment-space 

searchedd and the comprehension score per learner. 

Learner r 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

11 1 

12 2 

13 3 

14 4 

15 5 

Qu u 

Bike e 

+ + 

+ + 

+ + 

+ + 

+ + 

CB B 

+ + 

+ + 

+ + 

+ + 

+ + 

uc c 
uc c 
uc c 
uc c 

alityy of Behavior 

B'fast t 

+ + 

+ + 

CB B 

+ + 

+ + 

CB B 

+ + 

+ + 

+ + 

CB B 

+ + 

UC C 

uc c 
+ + 

+ + 

Books s 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

-f f 

+ + 

+ + 

+ + 

uc c 
uc c 
+ + 

+ + 

perr Vari 

Shoes s 

+ + 

+ + 

 + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

able e 

Bag g 

+ + 

+ + 

+ + 

+ + 
+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

Consis s 

5 5 

5 5 

4 4 

5 5 

5 5 

3 3 

5 5 

5 5 

5 5 

4 4 

5 5 

2 2 

0 0 

4 4 

4 4 

Scores s 

USpace e 

0.15 5 

0.15 5 

0.21 1 

0.42 2 

0.23 3 

0.19 9 

0.19 9 

0.25 5 

0.17 7 

0.17 7 

0.15 5 

0.21 1 

0.15 5 

0.15 5 

0.29 9 

Compr r 

12 2 

12 2 

13 3 

15 5 

12 2 

12 2 

12 2 

10 0 

12 2 

10 0 

12 2 

10 0 

4 4 

12 2 

11 1 

Mean:: 4.1 0.20 11.3 

Note:: + = legal derivation, L'C = ungrounded conclusion, CB — confirmation bias. 

B'fastt = breakfast, Consis = consistency score, HSpace = proportion of experiment-space searched, 

Comprr = comprehension score. 

Thee scores for this consistency measure are shown in Table 5.2. Although the Pear-
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sonn Correlation between the consistency and the comprehension scores is quite high 

(rr = 0.79, p < 0.01), there are some notable differences which yield a relative low 

correlationn if the rank orders are compared (Spearman's r = 0.47, p < 0.1). These 

differencess will be addressed based on examples' from Table 5.2. 

 Learner 1 scored 12 out of 18 points on the comprehension score measure. Ac-

cordingg to the notion that the "higher the comprehension score, the better 

thee performance", this particular score reflects suboptimal discovery behavior. 

However,, according to the consistency measure, this learner scores 5 out of 5. 

Withh respect to the number of experiments, this learner conducted exactly 7 

experimentss (7/48 = 0.15), which is the necessary number of experiments to 

derivee all main level effects. Although one might argue that this learner per-

formedd suboptimal, and that another approach or the use of other methods 

mightt have been better, this behavior is perfectly rational as the learner discov-

eredd all main effects with a minimal amount of effort. (Similar reasoning holds 

forr learners 2 and 11. Learners 5, 7, and 9 can be similarly categorized, as thev 

alsoo reported all (main) effects that they observed. Although they conducted 

moree experiments, these experiments did not reveal new information.) 

 Learner 3 scored also suboptimal on the comprehension score measure compared 

too the maximum scores, but higher than the score related to only discovering 

thee main effects (an empirical score of 13 versus a score of 12 if only the main 

effectss would have been reported). Moreover, in the current set of learners, 

onlyy one learner scored better. Therefore, one might conclude that this learner 

performedd quite well. However, on the consistency score, this learner scored 

w'orsee (a score of 4 versus the maximum of 5). This is caused by the learner 

nott reporting that the levels of the breakfast variable have an effect although 

thiss learner constructed a set of experiments which allowed him to infer this. 

Similarr observations, that is, having a higher comprehension score that can be 

accountedd for on the basis of the consistency score can be made for learners 6, 

10,, and 14. 

 Learner 13 did not engage in organized experimenting (none of the experiments 

Notee that learner H has rhe maximum consitency score, bur a below average comprehension score. This is due 

too the learner reporting during rhe post-test that he forgot testing for the effect of the bags, therefore gaining a " + " 

consistencyy score but not points for the comprehension score. 
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was,, if compared to the immediate preceding experiment, in accordance with 

thee VOTAT strategy). Even more, the conclusions reported during the post-

testt were not in line with the evidence. Thus, the learner scored 0 out of 5 

pointss for the consistency measure. However, the learner guessed some of the 

relationss correctly and therefore scored above minimum (4) for the comprehen-

sionn score. Although not as extreme, learner 12 also showed minimal VOTAT 

behavior,, vielding many uninterpretable experiment. As learner 13, this learner 

showedd a much higher comprehension score than can be warranted on the basis 

off  his unsystematic behavior. 

Takenn together, if one wants to use the comprehension score as measure for the 

qualitvv of discovery learning, one neglects the issues raised above. Moreover, it is not 

clearr on what grounds a learner comes to a certain score on this task. It might be due 

too an extensive battery of discovery skills and methods that are available but which 

aree used in a rather unskillful manner, or a learner might posses littl e knowledge but 

usee the available resources very efficiently. 

TOWARDSS A CONSISTENT CONSISTENCY MEASURE 

Ass we have argued, one of the problems of the comprehension measure is that prior 

knowledgee influences the score. Therefore, comprehension scores are likely to be in-

fluencedfluenced by both over-task stable discovery skills and by domain-specific knowledge, 

yieldingg an unstable measure when comparing discovery skills over tasks. On the 

otherr hand, as was argued earlier, the consistency of a learner's discovery behavior 

iss not influenced by domain related knowledge. Therefore, the intra-subject correla-

tionn between the consistency measures on two tasks in different domains should be 

higherr than the correlation between the two comprehension measures. 

Wee therefore tested the same learners directly after the Peter-task in a task with a 

comparablee task structure, but in a different domain setting. Instead of a boy cycling 

too school, the learners were told a cover story about a shop in which different types 

off  products (i.e., dairy: milk and butter-milk, fruit: apples and pears, soft drinks: 

brown,, green, and yellow; vegetables: leek and onions, bread: white and whole-

grain)) could be bought. As dependent variable the total price of the five selected 

productss was given. Moreover, the learners were told that two products together 

weree on discount (i.e., if pears of the fruit product group were bought in combination 
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withh the whole grain bread of the bread product group, the total price was reduced 

withh 20 cents). This statement served as an interaction-clue to ensure that the prior 

knowledgee for learners differed between both tasks. The shopping-task consisted of 

thee same underlying relations as the earlier discussed Peter-task. That is, two variables 

interactt (the effect of two variables is conditional on the level of the other variable), 

onee variable showed a main effect, and two variables did not have an effect. The 

samee measures as for the Peter-task were gathered, and are shown in Table 5.3. 

Tabicc 5.3: Shopping-task results: Consistency measures per variable, the consistency score, the proportion 

off  experiment-space searched and the comprehension score per learner. 

Learner r 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

11 1 

12 2 

13 3 

14 4 

15 5 

Fruit t 

CB B 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

CB B 

+ + 

+ + 

+ + 

CB B 

CB B 

+ + 

CB B 

Quality77 of Behavior 

Dairy y 

+ + 

+ + 

UC C 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

Softt Drinks 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

perr Van 

Bread d 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

UC C 

+ + 

+ + 

+ + 

able e 

Vegetables s 

+ + 

+ + 

+ + 
+ + 

+ + 

+ + 

+ + 

+ + 

UC C 

+ + 

UC C 

+ + 

CB B 

+ + 

+ + 

Consis s 

4 4 

5 5 

4 4 

5 5 

5 5 

3 3 

5 5 

3 3 

4 4 

5 5 

4 4 

3 3 

2 2 

5 5 

4 4 

Scores s 

HSpace e 

0.25 5 

0.38 8 

0.35 5 

0.38 8 

0.25 5 

0.23 3 

0.33 3 

0.35 5 

0.29 9 

0.21 1 

0.15 5 

0.19 9 

0.25 5 

0.17 7 

0.56 6 

Compr r 

12 2 

15 5 

12 2 

15 5 

12 2 

12 2 

14 4 

12 2 

12 2 

12 2 

12 2 

12 2 

11 1 

12 2 

15 5 

Mean:: 4.1 0.29 12.7 

Note:: + = legal derivation, UC = ungrounded conclusion, CB = confirmation bias. Consis — con-

sistencyy score, ESpace — proport ion of experiment-space searched, Compr = comprehension 

score. . 

Ass can be seen by comparing Tables 5.2 and 5.3, the combination of the shopping 

domainn and the interaction-clue in the instruction leads to a more extensive coverage 

off  the experiment space (an increase of .09, which equals 45%, t=-3.73, df=14, p 

<< .01, with a paired correlation between domains of 0.56, p < 0.05, Spearman r 

== .52, p < 0.05), and to a higher comprehension score (an increase of 1.4, which 

equalss 12%, t=-2.59, df=14, p < .05, with a correlation of .48, p < 0.1, Spearman 



MeasuresMeasures of Inductive learning Qualify 

rr = .41̂  p > ,1), One might argue for both the number of unique experiments and 

thee comprehension score that an increase for the shopping task is not surprising as, 

inn contrast to the cycling task, the learners are being told about the possible relations 

beforehand. . 

However,, if one would consider the comprehension score as a valid and stable mea-

suree of the quality of domain- and probably task-independent discovery skills, the 

comprehensionn scores on both tasks should have a higher correlation than observed. 

Evenn more, a valid test should show a consistent test-retest pattern. Therefore, the 

meann difference between the two comprehension scores should be close to zero. 

However,, the t-test showed that there is a significant difference between the compre-

hensionn scores for the shopping and the cycling variants of the task. 

Obviously,, this difference might be attributable to the additional instruction that the 

learnerss got in the shopping task. However, this merely has the effect that learn-

erss have more knowledge about the underlying properties of the task in one setting 

comparedd to another. Given that it is unlike that that influences the quality of the dis-

coveryy skills, this difference shows the inappropriateness of using the comprehension 

scoree as measure of those skills. 

Inn contrast to the difference between the comprehension scores on both tasks, the 

consistencyy score is more coherent between the two tasks. The mean consistency 

scoree for both tasks is 4.1, and the correlation between the scores on the Peter-task 

andd the shopping-task is .72 (p < 0.01, Spearman r = .50, p < 0.05). Because of the 

(almostt complete) absence of a mean-difference, a t-test does not allow the rejection 

off  the Ho hypothesis. Power analysis showed that given the current experimental 

setupp and data-set, a true difference larger than 0.6 between the means would have 

beenn detected with a p of .05. Combined with the results presented above, this 

warrantss the conclusions that the individual consistent}' scores are more alike than 

thosee for the comprehension score. 

Althoughh more extensive studies need to be conducted to more thoroughly test this 

neww consistency measure, the studies presented above show that a different aspect of 

thee discovery behavior is assessed, that this measure is less influenced by differences 

inn prior knowledge and that the consistency score is relatively consistent with respect 

too intra-subject performance. 
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CONCLUSIONS S 

Wee proposed a new measure for the quality of discovery behavior, based on an anal-

ysiss of discovery behavior. This measure expresses the quality of the discovery pro-

cesss based on the consistency of the discovery process compared to the answers given 

duringg the post-test instead of the completeness of the discovery process as expressed 

inn the coverage and comprehension scores. The newly proposed consistency score 

measuress the quality of the evidence interpretation, an important part of the scien-

tifictific  discovery process as described in the SDDS-related theories. In contrast, the 

comprehensionn score cannot be related to a particular part of the scientific discovery 

process.. The quantitative measures used in previous research focused on the number 

off  relations found or the proportion of the experiment space covered by the exper-

iments.. However, as argued, the goal of the inductive discovery task is inherently 

ambiguous.. If the learner has not been given specific information about when to 

stop,, it is impossible for the learner, to know when all necessary knowledge has been 

collected,, as the next experiment can always reveal a new; previously unknown rela-

tion.. The stop-criterion is therefore always subjective and depends on the expected 

usefulnesss of testing more hypotheses or conducting additional experiments. If the 

costss of continuing becomes too high compared to the probability of finding better 

orr more relations, it is rational to stop experimenting. And as the expected useful-

nesss of a certain hypothesis is related to the individual's prior experience, one cannot 

judgee the lack of testing certain hypotheses as not testing might be the most rational 

optionn available. 

Nevertheless,, the comprehension score measure remains useful. Not as a pure mea-

suree of the quality of the discovery behavior, but as a measure to what extent the 

learnerr was able to discover the relations in the domain given his prior knowledge and 

discoveryy skills. Therefore, this measure can be successfully applied to compare be-

haviorr (within subject) on similar domains, for example to study transfer or training. 

Moreover,, the comprehension score gives more information about the complete-

nesss of the discovery process than the consistency score. That is, the consistency 

scoree is not weighted for the completeness of the answers during the post-test: a 

learnerr can score high on the consistency score without discovering most relations. 

Forr example, a learner in the Peter-task can achieve a maximum score on the consis-

tencyy measure without testing for interactions, whereas a learner who does test for 
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interactionss might score lower on the consistency score if this learner is not able to 

derivee the interactions correctly. Therefore, to assess the potential discovery behav-

iorr of a learner, one should analyze the learner's behavior to see which strategies are 

used.. But, as argued before, this needs to be done in a number of different tasks or 

domainss such that accidental discoveries and bad luck average out. 

Butt with respect to measuring the quality of the inductive learning process, the com-

prehensionn score measure is not appropriate. Learners who accidentally guess a rela-

tionn are credited, although their correct answer is not related to discovery behavior. 

Similarly,, if learners discover that one of their earlier discovered relations is incorrect, 

butt do not refine this relation, their comprehension score remains the same. Not in-

vestigatingg that yet unknown relation is at least suboptimal discovery behavior. 

Too overcome this problem, a quality score should ideally reflect the above sketched 

deviationss from optimal discovery behavior. In other words, a quality score should 

reflectt only those relations which are correctly discovered. To judge whether a re-

lationn is discovered correctly, the behavior of the learner during the task has to be 

examined.. Based on the set of experiments that the learner conducted, one can de-

rivee which relations mentioned during the post-test are correcdy derived and which 

relationss are either not valid or incomplete based on the learners dataset. Although 

thiss measure does not indicate which strategies or what prior knowledge is used by 

learnerss during the discovery process, the quality in the sense of correct usage of 

discoveryy skills can be objectively assessed, based on relative straightforward log-file 

analyses.. Therefore, the use of a comprehension score should always be accompanied 

withh a measure reflecting the consistency of the behavior. 
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APPENDIXX 4.A: THE NECESSARY NUMBER OF EXPERIMENTS 

Ann important concept in the analysis and evaluation of the inductive learning pro-

cesss is the number of experiments that a learner conducts. If a learner has reasons 

too expect that in a domain only main effects can occur, it is not sensible to test for 

firstfirst or higher order interactions. On the other hand, if interactions can be expected, 

doingg only those experiments necessary to find the main effects is not sensible either. 

Therefore,, the most sensible number of experiments is dependent on the expecta-

tionss a learner has about the domain. 

Too find all effects in a static domain (i.e., a domain without non-deterministic and 

sequentiall  effects), one has to do all possible experiments, that is, all combinations of 

alll  levels of all variables. This can be calculated by multiplying the number of levels 

off  all variables. For example, in the Peter-tasks, this leads to 24 x 3 = 48 experi-

ments.. However, determining the minimum number of experiments to discover the 

mainn effects, or the number of experiments to discovery second order interactions 

iss less straightforward. In the sections below, a number of formulas are presented to 

calculatee the necessary number of experiments to find specific effects. The following 

namingg conventions are used in these formulas: 

^(effect)) The number of experiments needed for the discovery of "effect". 

VV The total number of variables. 

lev(vn)) The number of levels of variable n. 

Tablee 5.4: Naming convention for formulas 5.1 to 5.3. 

MAI NN ORDER EFFECTS 

Too discover a main effect of a two level variable given a context with other variables, 

thee learner has to compare two experiments in which all but that variable have the 

samee level for both experiments. Only given these experiments, one can attribute 

thee found effect to the changed level (Tschirgi, 1980; Schauble, 1996; Chen & Klahr, 

1999).. For a three level variable, three of these type of experiments are necessary. 

Althoughh a learner needs to compare two experiments for a two level variable, and 

threee experiments for a three level variable, the number of experiments necessary 

too discover all main effects is not the sum of all levels for all variables. That is, 
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thee learner can use the initial experiment as a base experiment to compare other 

experimentss to. Therefore, a learner needs a base experiment, and one additional 

experimentt for each pair of levels per variable. For example, in Table 5.5 one can see 

thatt only seven experiments are needed to find the main effects in the Peter-task. 

1 22 3 4 5 

11 A A A A A Base experiment 

22 B A A A A Main effect of variable 1, with experiment 1 

33 A B A A A Main effect of variable 2, with experiment 1 

44 A A B A A First main effect of variable 3, with experiment 1 

55 A A C A A Second/third main effect of var 3, with exp 1 & &  4 

66 A A A B A Main effect of variable 4, with experiment 1 
77 A A A A B Main effect of variable 5, with experiment 1 

Tabicc 5.5: Seven Hxperiments to Find the Main Effects in the Peter Task. 

Moree formally, this leads to the following formula: 

v v 
Ar(Ma,n)) = l + £ ( l e v ( v , ) - l) (5.1) 

i=] i=] 

F I R STT O R D ER I N T E R A C T I O NS 

Too detect first order interactions, the learner first has to deduce that an effect is not 

causedd solely by a main effect. Therefore, the same experiments that were needed 

too discover the main effects have to be conducted (W(Main)). After these experiments, 

thee learner should conduct those experiments that are lacking from the set of "all 

combinationss of the levels of pairs of variables". For example, if a learner wants to 

knoww the number of experiments necessary to find first order interaction between 

twoo three level variables, 4 experiments should be conducted in addition to the 5 

experimentss necessary of the main effects. This can be seen in table 5.6. The first 5 

experimentss are for identification of the main effects, while experiments 6 to 9 are 

necessaryy for the other combinations. To find the interactions, each level of the first 

variablee has to be combined with each level of the second variable. However, because 

inn the first 5 experiments all levels of the second variable were already combined 

withh the first level of the first variable, only two (levV| — 1) levels remain to be tested. 

Similarly,, the second and third level of the first variable are alreadv tested with the 
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firstt level of the second variable. Therefore, the number of extra experiments needed 

iss (lev\., - 1) x (levv, - 1). 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

1 1 

A A 

B B 

C C 

A A 

A A 

B B 

B B 

C C 

C C 

2 2 

A A 

A A 

A A 

B B 

C C 

B B 

C C 

B B 

C C 

Tablee 5.6: Experiments necessary for discovering first order interactions between two three level variables. 

Iff  instead of two variables the domain consists of three variables, there are additional 

interactionss possible. Instead of the one interaction between variables 1 & 2, there 

aree also interactions possible between variables 1 & 3 and 2 & 3. The number of 

experimentss needed for these extra interaction can be calculated in the same manner, 

(levV]] — 1) x (levy, — 1) for the interaction between variable 1 & 2, and (levV2 — 1) x 

(levv.33 — 1) for the other interaction. Generalizing this reasoning to a variable number 

off  variables leads to the following formula: 

v-\v-\ / v \ 

N(N( 1st Order) = ^ h u n) + X ( l e V ( V ' 0 " 0 X X ({CVM ~ l) ) <5 ' 2) 

S E C O NDD A N D H I G H ER O R D ER I N T E R A C T I O NS 

Thee above reasoning also applies to for the second order interactions. That is, the 

mainn effects and first order interaction experiments have to be tested first. Because 

onee combination of levels of each variable pair was already conducted, the number 

off  new experiments is again based on levv — 1, resulting in the following formula: 

v-2v-2 / v-i v \ 
% n d c ) r der ) = ^ ( I s t ü r d e r )+ ^ (( ( lev (v , ' ) - l )x £ (lev(vy) - 1) X £ ( lev(vA ) - l ) 

(5.3) ) 
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Ass can be seen if formula 5.2 and 5.3 are compared, one term is added and the 

rangess of the summations are modified. To arrive at the formula for the number 

off  experiments necessary for discovering third order interactions, one has to add 

anotherr of these terms and modify the ranges according to the modifications between 

formulaa 5.2 and 5.3. New formulas for higher order interactions can be build in the 

samee way, simply by adding these terms, and modifying the ranges. 

N E C E S S A RYY N U M B E R OF E X P E R I M E N TS IN T H E P E T E R - T A SK 

Ass shown in Table 5.7, seven experiments are necessary for testing the main effects. 

Byy applying the formulas 2 and 3, the number of experiments necessary for testing 

thee first-order interactions and second-order interactions are easily derived. As the 

Peter-taskk has five variables, a fourth-order interaction is the highest possible inter-

action.. The number of necessary experiments are presented in Table 5.7. 

Relationn Number of Number of 

necessaryy experiments total experiments 

Mainn order effect 7 7 

Firstt order interaction +14 21 

Secondd order interaction +16 37 

Thirdd order interaction +9 46 

Fourthh order interaction +2 48 

Tablee 5.7: The number of additional experiments that are necessary to test for main order or interaction 

effectss in the Peter-task. 


