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In this paper, we describe the use of Piaget'sonatf cognitive development in the building
of pre-tests that would allow improving a tutorsasoning ability. We are interested in
finding individual differences that not only preda student’s overall performance, but that
can also be easily applied to actual tutoring deets Our hypothesis was that students with
different levels of cognitive development shouldhdvee differently in the tutor, and that this
is the reason why they need to be taught with whffe strategies. We thought it was very
likely that our population of elementary schooldgnts would have different cognitive
levels, so that this feature would be an esseaspkect to take into account to adapt the
response of a tutoring system. We have adaptediclBggetian tasks used to measure level
of cognitive development for use on computer. Wantbthat this measure predicts student
performance at a variety of grain sizes: understandf hints, amount of time to solve
problems, failure rate and also the number of foisl students need to attempt to master a
topic. We also describe how these measures of tegnievelopment can be usefully
applied to improve the behavior of the tutor fardgnts at different cognitive levels.
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1.Introduction

When we are were able to predict individual differes with computer-based pre-tests, flexibility acidptability
can be improved in a tutoring system, that willtaely benefit students. This is the reason whyg &ssential to be
able to record individual differences in intelligentoring systems. & need to build appropriate computer-based
pre-tests that are predictors of individual differes to obtain such a broad classification. Thik @nable to
understand factors that influence user’s understgnahd behavior in the system. Our hypothesis tvasstudents
with different cognitive levels should behave diffetly within the tutoring sessioim this paper we describe our
design and implementation of pretests for an iigefit tutoring system that would allow to predicignitive
development level (Piaget, 1953). We also exantieerésults collected after giving the pre-test6Qcsixth grade
elementary school students. We intend to find imfation that predicts a student’s overall perforneatacbe applied

in various pedagogical decisions and in the studertel.

2. The domain and the experiments

MFD (Mixed numbers, fractions and decimals) is mtelligent tutoring system (ITS) aimed at teachfragtions,
decimals and whole numbers to elementary schodests (Beck et. al, 1997). A version of MFD wasleated in
May 1998. It tutored operations with whole numbensl fractions. This version was tested with 6ixth grade
elementary school students during three days (fota of three hours using the system). Studemiewandomly
divided into an experimental and a control groupe Texperimental group used a version with intefiigkint
selection and problem selection. Intelligent prablselection consisted in giving the student a gnoblwvith an
appropriate difficulty level, depending on the IegEémastery of different skills. Intelligent hiselection consisted
in determining the most appropriate amount of imfation to provide in a hint. The control group alssed a
version with intelligent problem selection but rieeel no feedback other than a prompt to try agdiaraan
incorrect response. An objective of the currentigtwas to see what benefits (if any) the intelligeglp system was
providing. In addition, we wanted to investigate thenefits of the intelligent help component whea dtudent was
at a particular cognitive level.

We gave the students a computer-based pre-testneured their level of cognitive development. Temputer-
based Piagetian tasks measured different cogratilgies. These tasks were selected among vanoas Some of
them were easier to implement on computer thanrathed. We intended to determine with these tasks if the
students were at one of the last two stages ofittegmevelopment proposed by Piaget (concreteaifmral stage
and formal operational stagé)Seven tasks were given to the students to vedfgidance of concrete operations
and three tasks checked for formal operationsti#dse experiments are based on those that Piagét(B&aget,
1953, 1964; Voyat, 1982; Ginsburg et. al, 1988)e Tasks involved a high level of interactivity athety were
implemented in Java 1.1.0. Figure 1 shows somessltmts of these tasks. They tested:

« Number conservationStudents initially observed two identical setscobkies (each set consisted of nine
cookies horizontally aligned). When the elementsmé set were moved to form a small circle, stuslerdre
asked to determine if the amount of cookies inlds$ group had changed.

« Serialization Students had to order a group of six pencils ftbenshortest to the longest one.

- Reciprocity:Students were initially presented with two identieessels with the same amount of liquid. Each
of these containers had another empty one nektdné was very narrow and the other one was vég.WVe

! Due to absentees among students, we only haveletmjata for 46 students.

2 One of the authors (Klaus Schultz) is an expeRiagetian psychology applied to education, andweag active in the many
decisions that needed to be taken with respetietteisks. These decisions had to do with decidimag ¥asks to use, and how to
modify them to be implemented in the computer, authosing the essence of what the tasks were atiafy This was not an
easy task.

3 We are aware that administering tasks in this &rdpes not provide the richness of informationstudents’ cognitive
development that would be possible with individahhical interviews. In particular, we have not aioied any information
concerning students’ reasons for the responsesdivey—which, in the Piagetian framework, are asteas important as the
responses themselves—. Since in this case therde&tion of students’ level of cognitive developriEnnot an end, but a means
to the end of more effective tutoring, we belielve approach is justified.



asked students to click on the empty vessels imppeoximate place where they thought the levelater was
going to be if the liquid from each of the two iieal vessels was poured into them.

« Area conservationStudents were asked to compare two areas of the s&e but different shape.

« Class inclusionStudents had to determine whether there were dwge or more animals in a set with different
kinds of animals, in which the largest subset wagsd After that, and even if the response was chrthey
were asked if the response was sustained evenrié ohags were added behind a wall that was showay (th
couldn’t determine how many dogs were going toded, but there was always going to be more anithals
dogs).

- Functionality Students had to invent an algorithm to solve @blem of ordering six pencils by length when
they could only see two of them at a time.

» Reversibility:Students were shown an animation of three colbedld entering inside a can from one end, one
after the other. After that, they were asked t@imine the order in which the elements would comneod the
same end of the can.

Three more tasks were administered to determinethehehe child was at the formal operations staye.
measured:

« Establishment of hypotheses, control of variabtesxperimental design, drawing of conclusiolbese were
measured with a simulation of plant growth experiteeunder various conditions of temperature and
illumination. The children were asked if it wastleetto water a plant once a week or once a dayy hhad also
two options of temperature to give to the plant é5@d 90 degrees). They could experiment with fdants by
choosing either temperature value and wateringuirqy. After that, students were asked what th@iclkision
was.

» Proportionality Students were shown two animals of different hiigand were given two different
measurement system units (large buttons and smidirts). Students were asked to measure one aifniheals
with the two measurement units and the other anwital only one of the measurement units. Then, theye
asked to infer the height of the last animal with second measurement system.

« Combinatorial analysisStudents were asked to generate combinationswf dwitches to open a safe. We
evaluated if the student could build the sixteemlsimations with those switches. The safe openedhwhe
student succeeded at doing this or after a maximumber of trials.
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(You can drag the buttons to measure)

What happens if we add more dogs behind the wall?

© There are more dogs. ‘
& There are more animals. : How many red buttons tall is the elephant? 3]

© There are as many dogs as animals. Lo How many green buttons tall is the elephant? [9 |
Goon: || | How many red buttons tall is the giraffe? [ | [Goen]

Figure 1: Screenshots of the tasks that tested ckamclusion and proportionality

We gave an order to the tasks from what we consitleasiest to most difficult. The tasks describieova were
listed in this order, from easiest to most diffic@ur criterion for this order followed the lineg (Piaget, 1953) but
also by our common sense in some cases. Not alhtis were administered to the student. Everyl ctdrted the
pretest with a middle-level task (reversibility)dawere moved to easier tasks when they failed endee difficult



tasks when they succeeded. This way, studentshigtin cognitive levels didn't have to go throughkmshat we

were almost sure that they would have succeedéd atldition, students with low cognitive levelsldit have to go

through tasks that we were almost sure that theuldvbave failed at. If the student had succeedetvat

contiguous tasks that were more difficult than haobne we had not shown yet, then we could infewbuld also

succeed at that one. In addition, if the studentfaded at two contiguous tasks that were easian tanother one
we had not shown yet, then we could infer he waldd succeed at that one. Table 1 and table 2 ahosxample
of this method for some student’s responses.

task 1 task 2 task 3 task 4 task 5 Task 6 task 7 task 8 a9 task 10

- - succeeded succeeded failed succeeded failed failed . 1

Table 1: This representation of failure and success different tasks for some student shows that t&s 1, 2, 9
and 10 will not be administered.

task 1 task 2 task 3 task 4 task 5 Task 6 Task 7 task 8 a9 task 10

succeeded succeeded succeeded succgeded Failed succeefidied failed failed failed

Table 2: Inferred results for the shown and not shavn tasks

3. Description of results

The number of Piagetian tasks that the studentaglished was used as a measure of cognitive dewelop being
the minimum possible level equal to zero and thlghdst possible level equal to 10. The mean numbeorect

answers for the sixth grade pupils in the study &@s(min. value=0, max. value=9), with a standdediation of

2.1. Most students could do approximately halfhef tasks correctly, which makes us believe thategtimation of
the approximate number of tasks that they succeedas appropriate. The mean number of correct regsois
independent from sex and condition: there is noiigant difference between the tasks boys and giccomplished
(girls’ mean correct responses = 5.2; boys’ meameco responses = 5.9), or between control andrewpatal

groups (control group’s mean correct response§ =eXperimental group’s mean correct responseS)- 5.

4. Is cognitive development a good predictor of belvior in the tutoring system?

Our objective was to predict student’s behaviothe tutor. In this section, we examine the behawifostudents
with different cognitive levels in predicting sussewith whole number problems and fraction problems

4.1 Behavior in whole number problems

When a session in MFD starts, the student firssghmugh a section of problems about whole numaatdition,
subtraction, multiplication and division). The sage amount of time spent per student per whole eumpioblem
was considered in a correlation analysis againstesits with different cognitive levels.

There is a significant correlation (Pearson twtethi R=-0.391, p=0.006) that shows that childrethwower
cognitive levels spend more time solving whole nanmiroblems. This suggests that students with higbgnitive
levels are faster solvers of whole number probleimshoth the experimental group (students who iveckhelp)
and control group (students who did not receiv@hdligure 2 shows the relationship between tinensm whole
number problems and cognitive level.

Because total time spent on the tasks might nat bery strong predictor of performance (becauseesstudents
might be intrinsically slower —perhaps more reflest workers than others), we decided to investigan

alternative measure of “speed”. We looked at homymaroblems students at different cognitive levededed to
reach mastery of whole numbers. Mastery of wholalers is considered to be reached when the stsdérgs a
certain number of problems for each whole nhumberatpon (+, -, X, /) with little or no help at alfhe result was a
significant correlation between these two varialjesarson two-tailed, R=-0.39, p=0.007). Figurds® ahows the
relationship between cognitive level and numbewrbble number problems seen.



Average time per whole number problem
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Figure 2: Average time spent in whole number problms for students with different cognitive levels (lf).
Total number of problems needed to reach mastery affhole numbers for students with different cognitie
levels (right).

Students with low cognitive levels needed more fgnois on average to reach mastery of whole numhks than

students with high levels. To verify that this wase (because there was a high variance for staderthe lower
levels), we performed an independent samples tdaestmpare the number of problems required byestigdabove
and below a median cognitive level. The means e$sahtwo groups were significantly different (twded t-test,

p=0.004). We also changed the low level and highllgroups by pushing the limit between them bauk frth, to

make sure that it was not a special limit value theated two significantly different high and Iéevel groups. The
significance between the two groups remained desipése changes. Table 3 shows the differencesbatthe two
groups. The limit between them was, in this casa,c@gnitive level of 5.

N Mean # problems Std. Dev. Std. Error Mean
High level students 28 24.7500 4.719( .8918
High level students 28 24.7500 4.719( .8918
Low level students 18 30.8333 10.314p2 2.4311
Low level students 18 30.8333 10.314p 2.4311

Table 3: Total number of problems required to reachmastery of whole numbers for students with differat
cognitive levels

In general, the only students who needed to seg mpElems to master whole number skills were thetse very
low cognitive levels. Meanwhile, if the student hachigh cognitive level, it was guaranteed that fawblems
would be enough to master whole number skills.

4.2 Behavior in fraction problems

The tutor determines the type and difficulty of lpeans given to students. It will move students @nhie fraction
section only when they have shown mastery of whaoilmber problems. We are curious to know if the shimd
been appropriate for students at any cognitivelleweat some level in particular. We verified thssue by
comparing the performance of those students whadideceive any intelligent help against the penfance of
those students who were provided the tutor’s hefis will tell us how good the fractions’ hints veefor students
with different levels of cognitive development. Want to test this particularly for the fraction 8en because the
hints given for fraction problems were much strantian those given for whole numbers, which progidgen
significant differences in behavior between thetommrand experimental groups. We will not measweggrmance
this time as the number of problems that the studeaded to reach a certain mastery level. Thisaabe done
because many students finished the last sessithe itutor without reaching mastery for the entnacfion section.

10



Performance

Thus, performance will be measured as the numbeciofal problems solved weighted by the difficulfythose
problems. For example, problems that use operafttisunlike denominators are more difficult to solan those
with like denominators. The number of sub-skillatthre involved in solving the problem determine thifficulty
level of a problem. Finding a common denominatddiag numerators, finding equivalent fractions amdplifying
are examples of sub-skills.

We found a significant positive correlation betweegnitive development level and performance fosthstudents
who had not received the intelligent help (Peatsamtailed, R=.584, p=0.007). These results shoat tlognitive

level is directly related with performance in tadtion problems. This relationship is not seentlier experimental
group, who received intelligent help. This effeahde explained by the fact that when there istadligence in the
tutor, performance depends on the capabilitiehefstudent. It also means that the current hirgms® be best
designed for a group of students with middle lefaetognitive development. Furthermore, it means itlligence

in the tutor helped students of average cognithiéty —Piagetian levels 4 to 6, which is late coete operational
stage—to move to a higher performance level. Fi§wskows these results.
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Figure 3: Relationship between cognitive level anderformance for the fraction problems.

5. Why didn’t the hints seem to help the low cognitie level and high cognitive level students?

The hints in the fractions section showed certemtires that prevented a low-level student (cognigvel < 4)
from improving her performance. Our hypothesishiat those students didn’t understand some of thendhints.
The results for the Piagetian experiments for thelevel group are the following:

+  29% failed at number conservation.

+ 0% failed at serialization

+  86% failed at reciprocity and reversibility

.« 100% failed at area conservation, class inclusimmctionality, proportionality, experiment desigmda
combinatorial analysis.

Two reasons make us believe that the hints didoitkvior the lower level students. One of them iattthe hints
involved higher levels of abstraction than the letese students could handle. Explanations wetrerhighly

numeric, or they showed abstract visual representbf fractions in the form of bars. We thinkttklzese students
need explanations that would connect these conteptsal life (pizzas, dinosaurs, fish, etc.) befencouraging
them to transfer this knowledge to representatibasare more abstract. Another reason is thatweg supposed



to have spatial abilities to understand the spearesformations involved in the hints. This can bersin figure 4
where students were supposed to be aided in firelijngvalences between fractions. In many casear diided in
fourths was now divided in eighths, but the pairdeela remained the same. Students were supposedi¢ostand
that this transformation made a new fraction thaswequivalent to the previous one. However, thisraton
involves mental manipulation of space to understdrad the areas were equivalent although the dnssihad
changed. The failure at this ability can be undadtif we take into account that 100% of these esttsl failed at
the area conservation task, were they had to sgmikar concept. In addition, failure at reversigiland reciprocity
shows these students’ poor ability to reason woHcs.
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Figure 4: A hint and a widget to scaffold student®n equivalence of fractions

An interesting question is why the hints for studest higher levels (cognitive level > 6 ) seemed¢ useless.
These students should have had the capacity tastadd these hints. We think that hints in fact enadlifference
for this group of students. We compared the ratefailfire for students with high cognitive levels the
experimental and control groups. A student is atergid to fail in a problem if he has entered a granswer a
certain number of times. The response of the figttw give up on that problem and propose a new Wfefound
out that those high-level students who did not ikecdiints had a significantly higher failure ratevd-tailed
independent samples t-test, p=0.021). This meatighhk hints made a difference for those high-letatients who
received hints. Thus, if the hints were usefulnttiee students were able to understand the hihis.i¥ important —
even if both groups achieved the same performdmeeause the experimental group was spending tifearning
how to solve problems. Meanwhile, the control grevgs spending time in trying possible answers wwatthe one
succeeded. The experimental group was spending itimie hints, which actually delayed them, butoals
empowered them to answer questions correctly. Wik tthat if the students kept on using the tutdwe t
experimental group would not have needed the himgsmore and would have outperformed the contrmligr This
difference in failure rate also stands for the medicognitive level group (two-tailed independentnpées t-test,
p=0.028).

Another interesting feature about this group (Hefel of cognitive development, experimental groigpjhat they
reached a reasonably high level of performancediyggthrough a very low number of problems. The hamof
problems seen by this group was significantly lotvem those seen by a subset of the middle lewmlpgwhich
achieved the same performance (two-tailed indepegrsimples t-test, p=0.05, performance level beatvwigeand
35). This suggests that people in the middle |éaiééd more problems, so that they needed to goutjit more
problems to get the same performance. Maybe thispgof middle-level students was more focused egdystem
than the high level students, and that is why they more time to go through more problems. Thisohygsis was
confirmed when we analyzed the failure rate. Thghtiével group had a significantly lower failurgadhan this
medium level group (two-tailed independent samplest, p=0.017).

Even more interestingly, the number of problems tha experimental high-level group saw was nohi§icantly
different with respect to the number of problemersdy the experimental low-level group. Actually,was
similarly low. This means that both groups werersiieg the same average time in one problem. Howéemause



the high-level students were succeeding in thosblpms and the low-level group was failing to go@rect
answers, their performance level was higher.

To sum up, we know that students with higher cagmilevels can handle higher levels of abstrac{®msburg et
al., 1988), while lower level students cannot. Hiigs that we presented were too abstract fordhelével group,

so that they were not useful at all for this graafpstudents. Therefore, we believe students with levels of

cognitive development could benefit from concreisual, manipulative, with real-life objects) hintghile students
with higher levels could benefit from hints thaé amore abstract. However, this is a hypothesigHertime being.
We need to test this hypothesis, and to be speatifinit what “concrete” and “abstract” hints meapriactice. Our
next step will be to generate different kinds afthiwith different features, and to test which oaesmore effective
for students at different cognitive levels. The megof manipulation (clicking, dragging, etc.), tamount of
information, the amount of numerical symbolism dhe degree of freedom given to the student are pbesmof

these features. In addition, hints could have germagnitive pre-requisites (reversibility, progortality, etc.) that
the student should demonstrate before a certainihipresented. Then, hints could be selected doupito the

student’s cognitive skills as measured by our Riagdest.

We would like to test the hypothesis that studerits low cognitive levels need different kinds ahts by building
an experiment where students are semi-randomlynghiats with different levels of information. Weapl to
measure how appropriate each hint is through katistical analysis and machine learning. Howewar still need
to establish how to measure the “appropriateneisa™int. We are considering two possible approachbe first is
to take into account the average time from the mmntige person sees the hint until the moment shersthe
correct answer. The second is to consider the numbenistakes made after receiving the hint andieethe
correct answer is entered.

6. Conclusions and future work

We have constructed a test to measure elementhpplsstudents’ level of cognitive development adaoy to
Piaget's theory of developmental stages. We haaptad classic tasks used to measure these levelsséoon
computer. The test requires approximately 10 tonirftutes for students to complete. This measurdigiestudent
performance at a variety of grain sizes: effectasnof hints received, rate of failure, amountiofetto solve
problems and the number of problems students reatidmpt to master a topic.

The data we have obtained from 46 sixth grade stsddrongly suggests that cognitive level is dulsariable to
add to an intelligent tutoring system, when the ysafion of students is around 10 years old. Thesalts are
similar to prior predictive work in the field (Andson, 1993; Shute, 1995). However, our measurestéttle time
to administer, which is an advantage given thdixaly brief period of time most tutors are used.

We plan to pursue this research along several evtignt paths. First, we are interested in improtieginstrument
itself. Based on expert assessment, and the rogfelation of our two test scores, it is likely theetest has
measured the construct in which we are interestédwever, from observing students it is clear thaine of the
Piagetian tasks are either confusing to some stsid@rthat some students are answering them diffigréhan we
expected. It was not easy to replace the humarviateer by the computer and still get the same amnswWe are
therefore refining the pretest questions. Thissediinstrument will be tested in February 1999 idiagl 1999.

Another path is augmenting the tutoring knowledgedntluding Piagetian information about each hiithe tutor
can use this knowledge to avoid presenting hiné #re beyond the student’s understanding. Finally are
determining how to add cognitive development totiliter’s teaching and update rules. This is dificas most
teachers/tutors do not think about this informatidmen instructing. Therefore, we are consideriag@ machine
learning techniques (Stern et. al, 1999) to allbevtutor to determine for itself how to best use thformation. We
are also planning to give the students a papepeandil pre-test and post-test with similar problehen those given
by the tutor to test how much teaching the hints/joled.
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