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Abstract. Model tracing and constraint-basedhodelingare two prominentparadigmson which intelligent
tutoring systemqITSs) havebeenbased We KodaganallurWeitz and Rosenthal2005), havewritten a paper
comparingthetwo paradigmsandoffering guidancebasedon this comparisorto prospectiveauthorsof ITSs.In
a detailedcritique of our paper,Mitrovic and Ohlsson(2006) havetakenissuewith many of our observations
and conclusions.In this work we refute their critique and provide a more general,critical assessmenbf
constraint-based modeling.

INTRODUCTION

Model tracing (MT) and constraint-basedodeling(CBM) aretwo prominentparadigmson which
intelligent tutoring systemgITSs) havebeenbased We, Kodaganallur Weitz and Rosenthal(2005),
hereaftelKWR, havewritten a papercomparingthe two paradigmsand offering guidancebasedon
this comparisonto prospectiveauthorsof ITSs. In a detailedcritique of our paper,Mitrovic and
Ohlsson(2006), hereafterMO, havetakenissuewith many of our observationsand conclusionsin
this work we refute their critique and provide a more general, critical assessment of CBM.

MO point out whatthey considerto be numeroudlaws in KWR's paper.We list belowin Tablel
their mostimportantclaims and how this paperaddresseshem. All the issuesraisedby MO are
addressed in detail in subsequent sections of this paper.

Table 1
Summary of major points raised by MO and the responses presented here

Claim How we address it

KWR performedits comparisorbasedon  We showthatfor the conclusiondKWR draw, systemsizeis

very small systems. unimportant.(Indeed,MO neverindicatewhich of KWR's
claimsareinvalid dueto systemsize.)Further,the numberof
constraintsin KWR's CBMT is of the same order of
magnitude as most of the CBMTSs reported in the literatur



Claim

KWR's constraintrepresentatiofis faulty
and this led to many of their findings
about the disadvantagesof CBM.
Specifically:

KWR foisted a rule-like style onto the
constraint formalism

KWR wrongly suggestthat CBM might
need to use buggy constraints, the
equivalent of buggy rules in MTT

KWR suggest problems with the
application of CBM to procedural
domainsbecausehey did not understand
path constraints anddid not makeuse of
these.

KWR arewrongwhentheysaythatCBM
is at a disadvantagén domainswherethe
solutionstateis information-impoverished
and/orwhenthe underlyinggoal structure
of the task is complex.

How we address it

We showwith severalclearexampleshow KWR's constraint
representatioris in strict accordancewith suggestedCBM
practice.

We also show that the one constraintthat MO choseto
showcaseactually violates the spirit of CBM D that a
constraint should encapsulate general domain principles.

We show with exampleshow a CBMT will be unableto
distinguishbetweensomeinstructionallysignificant student
actions in the absence of such constraints.

We point out that KWR were indeedforced to use such
constraintsn their proceduraldomainapplication.However,
we draw heavily from the CBM literatureto establistthatthe

spirit of CBM actuallyproscribeghe useof suchconstraints
and showthat the useof suchconstraintanerelyleadsto a

CBMT mimickingan MTT. Thevery termpath constraint is

an oxymoron.

Although MO paint a picture of their havingbeenaware
of pathconstraintandhow thesecanbe usedto apply CBM
to proceduraldomains,we point out that the issue of
proceduraldomainsis addresseanly cursorily in the CBM
literatureuntil the arrival of NORMIT. Further, NORMIT
dealsonly with afixed-sequenc@rocedurabroblem(where
dealingwith proceduras trivial), andasidefrom partitioning
the probleminto this fixed-sequencethe mechanismfor
handling procedureis not describedin the NORMIT
literature.

We provide concreteexamplesof situationswhere the
solution stateis informationimpoverishedand showthat a
CBMT cannotbe asdiscriminatingasa correspondindMTT
in such situations.

We also provide evidencefrom the publishedliterature
wherethe remediationon the goal structureis shownto be
very importantD this is the kind of remediationthat CBM
finds very difficult to provide.

We show concreteexamplesfrom SQL-Tutor, the most
widely reportedCBMT, anddemonstratéhatit generallyis
unable to fathom where in the solution process the studel

We thenrefute MO's argumentthat the CBM camphas
demonstratedhat CBM is applicableto designtasksbtasks
for which no well-definedsolutionproceduregxistandthus



Claim How we address it

MT is inherentlyinapplicable.We show that the subsetof
tasksthat they take from thesecomplex domainsdo not
representthe complexitiesof designtasks. Well-defined
solutionprocedureganin factbe createdor thesesimplified
tasks, and hence MTT's can be built for them.

KWR wrongly claim thattheremediation We show through concreteevidenceculled from prior

provided by CBMTs is inferior to that sectionsand by logical argumentwhy CBM is at a

provided by corresponding MTTs. disadvantag&vith respecto remediatiorguality. In addition,
we provide telling examples from SQL-Tutor.

KWR incorrectlyand misleadinglyquote  We refute eachclaim citing the chargeby MO, what KWR
from the literature. actually say, and what the literature referencedby KWR
says. In two cases we suggest minor rewordings.

CBM is certainlyan attractiveideabrepresentinglomainprinciplesasconstraintsaappeargo be
considerablyeasierthanbuilding a setof complexexpertand buggy productionrules. It apparently
eliminatesthe needto conductextensivestudiesof studenterrorsandthe needfor an expertsolver.
Our findings indicate that there are fundamentalssuesthat affect the universalapplicability of the
paradigm and that representing domain concepts as constraints presents significant challenges.

MO divide their critique of KWR into five sectionsa) introductoryremarks,b) misconceptions
about constraintrepresentationg) rangeof applicability, d) remediation,e) methodologyand f)
conclusion We shalltakethe major pointsdiscussedy MO oneby one;we beginby addressingheir
introductory remarks.

System Size

MO beginby challengingthe conclusiongdrawnby KWR basedon the sizeof the systemKWR built
to performthe comparisonsilt is importantfor the readerto notethatMO neveractuallyspecifywhich
of KWR's claims are invalidatedby the size argument.On this basisalone,the chargeshouldbe
dismissed, but it is illuminating to pursue this further.

MO state (p. 278):

"Becausestrengthsand weaknessesf systemarchitecturegendto be exacerbated
with increasedsystemcomplexity, generalconclusionsbasedon KWR's two toy
systems have the potential to mislead the field of ITS researchE"

This claim may seemdamagingbutis, quite clearly,irrelevantbecaus&WR do not comparethe
strengthsandweaknessesf systemarchitectures. For example KWR do not makeany observations
aboutthe efficiency of thetwo systemspr aboutthe relativedifficulties of maintainingthe knowledge
basesbtwo amongmanyaspectghat could indeedbe affectedby the size of a system.And, in fact,
we are not aware of any architectureproblemsthat exist in small systemsand then magically
disappear with increased system size.



Beyondthis, the observationsn KWR stemfrom conceptualand logical argumentsaboutthe
knowledgerepresentatiomechanismsaisedby the two paradigmsand are drawn from experience
gained from building the two tutors. KWR provide abundant supporting evidence in each case.

MO correctly state that (p. 277):

"The domainmodelfor their CBM tutor contains43 constraintdKWR, p. 128) and
the modelfor their MT tutor contains76 rules (KWR, p. 137).In comparisonSQL-
Tutor, a constraint-basedsystem, contains more than 700 constraints,and the
publishedfiguresfor the expertmodulesin MT tutorsfor topicslike geometryand
programming are in excess of 400 rules."

However,MO omit the following from considerationMitrovic's own comparisonof the two
paradigmgMitrovic, Koedinger,& Martin, 2003) contrasteda model-tracingtutor (MTT) composed
of 25 productionrulesthat correspondvith just 23 constraintof an alreadyexisting constraint-based
tutor (CBMT). The full-blown CBMT in questionhere (KERMIT) had some90 constraintsb not
muchbiggerthanthe CBMT in KWR. CAPIT, the CBMT for capitalizationand punctuationhas25
constraints(Mayo & Mitrovic, 2001; Mayo, Mitrovic, & McKenzie, 2000). NORMIT has 53
constraintgMitrovic, 2002). So, the hypothesigestingCBMT describedn KWR is comparabldn
sizeto tutorsMitrovic andothersin the CBM camphavewritten papersaboutanddrawnconclusions
from for years.

Thereforeit seemghateitherthe system-sizédvarrequiredto draw conclusiondgs movable or that
MO's argument is ineffectual.

Constraint Representation

MO claim weaknessem KWR's representationf constraintsunderfive sub-categoriediVe consider
each in turn.

Constraints that specify answers and actions: MO state (p. 278),

"KWR wrote constraintsasif they wererules: When the problem is such-and-such,
then the answer should be such-and-such Or then such-and-such an operator should
be executed. Thatis, their satisfactionconditionsspecify correctanswersor actions.
This s true of theirexampleon p. 122andin Table3 on p. 128,andtheyincludethe
correct answer in their list of general features of their constraints (p. 128, near top)."

In fact, KWR write constraints exactly as CBM experts have reported.
Below is an example constraint from Mitrovic et al. (2003):
Cr: A base angle of an isosceles triangle is knoip) (
And the student has calculated the size of the other base &pgle (
Cs:  The size off, is 6,

The aboveconstraintalso encodeshe correctanswer(that the correctvalueof 6, is6,) in the

satisfactioncondition. This is true of other constraintexamplesfrom the publishedliterature.(The
reademay simply referto AppendixA which containsthe completetriangle examplefrom Mitrovic
et al. (2003) and note, in addition to the constraint listed above, the third constraint.)



MO point to the following constraintin KWR (p. 122) assomehowspecifying“correctanswers
or actions" in the satisfaction condition:

C The population standard deviation is unknown, and

The sample size ! 30, and

The student has input the test statistic to be used ("z" or "t").
C, The value entered for the test statistic to be used is "z".

In fact, this constraintcapturesa domainprinciple in statisticalhypothesistesting: underthe
conditionsspecifiedin the relevanceconditions the correctvaluefor theteststatisticis "z". It perhaps
would have been more conventional to state:

C, The test statistic is "z".

In any case,the phrasingof the English translation of the constraintis irrelevant; our
implementatiorspecifiesconstraintasdomainprinciplesin the sameway constraintresentedn the
CBM literature do.

Perhapsa simpler constraintin our systemthat is conceptuallyequivalent,in terms of
representinga domainprinciple, will makethis clearto readeraunfamiliar with statisticalhypothesis
testing.

C The data set is known,

The student has calculated the sample nian,

C, The value for the sample mean= 1 X,
n 4

Thus thereis no differencein how KWR have encodedtheir constraintsand how CBM
recommendghat it be done.Becauseconstraintsencodedomain principles,a constraintviolation
eitherimplicitly or explicitly specifiesa "correctanswer"to somepart of the problem.The answer
field in KWR's constrainttemplateis usedwhen a constraintviolation can be tracedto a single
incorrectstudentvariable.In that case,the systemprovidesthe studentwith an option to view the
correctanswerwhich the tutor arrivesat by evaluatingthe genericanswertemplatein the contextof
the specificproblem.This is analogougo the way CBM tutorsin the literatureusethe ideal solution
as a variable in their constraints.

MO state (p. 278):

"Forcing a rule-like programmingstyle onto the constraintformalismis possiblebut
negateshe uniqueadvantagesf theformalism,analogougo how theimplementation
of Fortran-likesubroutinesn a rule-basedsystemwould negatemodularityandother
special features of such systems."

This too soundslike a seriousclaim, but the statementis vague,and as we have already
demonstratedthe constraintan KWR are no different from thosein the CBM literature.Yet again,
MO fail to connect their criticism with any conclusions drawn in KWR.

KWR (p. 119) indicate that in MTTs there are "rules for decomposinga problem into
subproblemgor 'planning'rules)andrulesthataddresgshe solutionof atomicsubproblemg'operator’
or 'executionrules),"andshowthatthereis a one-to-onecorrespondencbetweenoperatorrulesand



constraintghat capturedomain principles(what KWR refer to as operatorconstraints) KWR then
contend that a "pure" CMBT contains only operator constraints.
MO state (p. 278):

"WhenKWR claim that"in a'pure’CBMT all the constraintsare operatorconstraints”
(p- 130),they couldnot be morewrong: In a'pure'CBM tutor, none of the constraints
would be whatthey call an operatorconstraintAll constraintsvould encodegeneral
principles of the domain.In living tutors, there might be someof both, but the
advantage®f CBM cometo the fore whenthe bulk of the constraintsin a system
encode principles of the domain."

A shortdigressionis in orderhere.It appearghatMO areindicatingthatin "living tutors"notall
constraintapturegeneralprinciplesof the domain.This is major newsindeed;we would expectthis
caveatto appeamprominentlyin the CBM literaturebit doesn't.Furtherwe would expectthatin any
publicationdescribingthe developmenaind/orevaluationof a CBM, the numberof constraintghatdo
not representdomainprincipleswould be specifiedalong with the total numberof constraints We
haveneverseenthis numberreported More generally we wonderwhy andunderwhat conditionsthe
CBM formalismbreaksdown suchthatit is neededo makethis exception?MO don't say.Finally,
what does"bulk" meanin the last sentence®o 90% of the constraintsn a CBMT haveto encode
principlesof the domain?60%? This issueraisesimportantquestionsregardingthe relative easeof
building CBMTs, as well as the fundamentalnotion of CBM that effective remediationcan be
providedby generaldomainprinciplesalone.Beyondthis, the CBM campargueghatan advantagef
the paradigmrelativeto MTTs is thatthe buglibrariesin MTTs "tend not to transfer".(This topic is
addressedn more detail later in this paper.) The transferability of thesenon-domain-principle
constraints may be uncertain as well.

In any case,aswe'vemadeclear,the operatorconstraintdin KWR do indeedrepresendomain
principles. Further, althoughMO claim fundamentaldifferencesbetweenthe rule and constraint
formalisms,an examplefrom Mitrovic et al. (2003) indicatesotherwise.This example,from the
geometrydomain and cited earlier here, consistsof threerules and a correspondingset of three
constraintsandservego supportKWR's assertiorthatthereis really a very closeassociatiorbetween
thetwo formalisms;in fact thereis a one-to-onecorrespondencbetweeroperatorrulesand(operator)
constraints(SeeAppendix A, part 1 for the example.)This is, in fact, not sucha surprisingresult.
Supposehe relevanceconditionof a certainconstraintholds. The satisfactionconditionis not going
to magicallyhold; obviouslyoneor more studentactionsare neededo makethe problemstatefulfill
the satisfactioncondition. Theseactionsare nothingbut applicationsof one or more operatorsn the
problemdomain. Thereinlies the inescapableelationshipnotedin KWR betweenconstraintsand
operator rules.

In summary, MO's claim that KWR did not represent constraints properly is invalid.

Considernow MQO's main claim that a centraltenetof CBM is that constraintsshouldencode
generaldomainprinciples.The exampleconstraintthat they provide on page279 (constrainthumber
476) clearly violatesthis requirementnotwithstandingheir explicit statemento the contrary,that"It
describes a correct domain principle". We reproduce the constraint below:



(476

"Check whether you have specified all the necessary join conditions."
(and (> (Iength (find-table-names SS 'from-clause)) 1)

(not (member "JOIN" (from-clause SS)))

(not (member "SELECT" (where SS)))

(or (member "JOIN" (from-clause IS))

(> (length (join-cond (slot-value IS 'where) '())) 0)))

(equalp (- (length (find-table-names SS 'from-clause)) 1)

(length (join-cond (slot-value SS 'where) '())))
"WHERE")

Constraind76is usedin SQL-Tutorto try to determinef, in aquerythatusesa JOIN operation,
the correct number of joins is specified in relation to the number of tables.

Constraind76 makesthe assumptiorthatif the FROM clausehasn tablesandthe studenthasnot
usedthe JOIN keywordin the FROM clause thentheremustbe n-1 join conditionsin the WHERE
clause.Therelevantfragmentlies in the last 3 lines of the constraint(theserepresenthe satisfaction
conditionof the constraint).This might be a characteristiof the problemsthey used butit is certainly
not a generaldomainprinciple asthereare situationswheretherearen tablesandthe numberof join
conditionsneednot be n-1. For example,considerthe classic"Supplier-Part-Project-Shipment"
situation(Date,1995)andthe query,"Retrieveall detailsof shipmentsn which the supplier,partand
projectarelocatedin the samecity". The answerto this uses4 tables,but needss join conditions.We
discusghe problemandthe solutionin greaterdetailin AppendixB. The critical pointis this: thereis
no generalprinciple in the domainof SQL that relatesthe numberof tablesto the numberof join
conditions and therefore constraint 476 does not embody a general domain principle.

The fact that the constraintMO choseto showcasealoesnot representa domainprinciple but
rather only holds for the set of problems SQL-Tutor uses raises at least two questions:

1. How faithful is the implementatiorof SQL-Tutor,the flagshiptutor of the CBM fleet, to one
of the canons of CBM, that constraints should represent domain principles?
2. How easy is it to write (or recognize) true constraints?

Buggy constraintsMO beginthis section(p. 278) asfollows: "Their decisionto write constraints
asif theywereruleslead KWR to introducesomethingcalled'buggy constraints'.'This statements
invalid becauseas we've made clear, KWR representconstraintsexactly as specifiedin CBM
literature.

KWR arguethat using buggy constraintsis "requiredfor a CBMT to provide remediation
equivalentto that of the correspondingMTT." MO respond(p. 284)that"The CBM approachwasnot
inventedto providefeedbackhatis ‘equivalentto the feedbaclkdeliveredby an MT system butto do
somethingdifferent." KWR do not hold the remediationprovidedby MTTs as a gold standardto
measureemediationprovidedby tutors. In trying to comparethe remediationprovidedby our own
tutors,we choseto rely on Ohlsson'q1994)conceptof "pedagogicallyrelevantequivalenceclasses”.
Supposehat we havetwo tutorsfor the samedomainandtwo studentbehaviorsthat havedifferent
pedagogicakignificance.lf onetutor treatsthe two studentbehaviorsas the samefor remediation
purposeqclassifiesthe behaviorsinto the samepedagogicallyrelevantequivalenceclass),but the
othertutor is ableto distinguishbetweenthesetwo behaviorsthenit is reasonabléo assumehatthe
second tutor provides superior remediation.



MO thenfallaciouslyreasonthat KWR's argumentfor buggy constraints'is contradictedoy the
fact thatwe [Mitrovic, Ohlssonandothers]haveimplementedseveralconstraint-basetutors,noneof
which containsany constraintssimilar to KWR's 'buggyconstraints'andthesetutorsareeffective." (p.
278-9). MO continuethis argumentand concludethat, "Constraintslike the 'buggy’ constraintsin
KWR's Figure 9 (p. 133) are not needed to provide remediation in a CBM tutor."

Thereadershouldnotethatthe claim KWR makeaboutbuggyconstraintgthatthey arerequired
for a CBMT to provideremediationequivalentto that of the correspondindTT) andthe claim that
MO refute (that CBMTs can provide effective remediationwithout such constraints)are entirely
different claims. By attemptingto refute a weakerargumentthan KWR make,MO engagein the
logical fallacy of a straw-man argument.

KWR provide amplesupportfor their position. We can demonstratehe argumentquite easily
here.Considera descriptivestatisticsCBMT thatasksa studentio determinehe medianvalueof a set
of numbersFor simplicity, presumehe numberof numberss odd. The correctprocedures to order
the numbers,and then selectthe middle value. If the studentprovidesthe correctanswer,the
satisfactioncondition (which specifiesthe expressiorfor the correctvalue for the median)is not
violated,andall is well. If the studentprovidesanincorrectanswerthe constraintwill beviolatedand
the systemshould provide the feedbackassociatedvith the constraint.However,without a buggy
constraintall the systemknowsis thatthe answerprovidedby the studentis not correct;it hasnoidea
if the errorresultedirom the studentproviding the arithmeticmeaninsteadof the median,not ordering
the numbersbhefore selectingthe middle value, or is the resultof someother mistake.(In fact, not
ordering the databefore picking the middle value is, in our experiencethe error studentsmost
frequentlymake.)We demonstratehe samephenomenonn Appendix A, part 2 usingthe example
provided in Mitrovic et al. (2003).

Without the buggy rule or buggy constraint,all wrong answersto the above problem are
equivalentandthe remediationprovidedfor all wrong answerswould be the same eventhoughthe
two solutionsdo not fall into the sameinstructionallyrelevantequivalencelass,asmentionedabove.
It is in this sensehatbuggyrules(andbuggyconstraintsenablemorefocusedremediationMO claim
(p. 279):

"Ethe main pointis thatconstraintsalthoughthey encodecorrectdomainprinciples,
supportremediationof errors: To provide remediation,it is enoughto ascertain
constraintviolations and provide studentswith the informationthey needto avoid
similar violations in the future. Constraintslike the 'buggy' constraintin KWR's
Figure 9 (p. 133) are not needed to provide remediation in a CBM tutor."

Certainlya tutor without the buggy constraintcanidentify thatthe student'sansweris wrong and
providesome remediationput the abovestatementloesnot explainhow a constraint-basetutor can
give equivalent remediation without a buggy constraint.

Ohlsson(1994, p. 187) speculatedaboutthree potentialdisadvantagesf CBM, the third one
being,"E it might be thatthe stateconstraintgrovidethe wrongtype of abstractionThey might not
partition studentbehaviorsinto pedagogicallyrelevantequivalentclassesafter all.” This is precisely
what happens in the absence of buggy constraints in the situations we've discussed here and in KWR.

KWR providefour examplegp. 133-134)wherebuggyconstraintavould berequiredin aCBMT
for equivalentremediationasthatof an MTT (with buggyrules);one of theseexampleds from the
SQL domain.KWR claim thatit is a commonmistakefor studentsto have multiple tablesin their



queries,but to omit the relevantjoin conditions,andthat a buggy constraintto coverthis situation
might be appropriate MO ignore three of the examplesprovided and attemptto dismissthe SQL
example by demonstratingthat a properly written constraint(number 476), that is, one that
encapsulatedomainprinciples,cando the job equallywell. However,aswe'vedemonstratedh the
previoussection,this constraintdoesnot reflect a generaldomain principle B it holds only for the
specific set of problemsusedin SQL-Tutor. It thereforeremainsto be seenwhethera non-buggy,
domain-principle constraint can actually handle the SQL situation that KWR refer to.

Lack of path constraints(processconstraints):MO maketwo points here,both of which are
incorrect.

MO beginby claiming thatthe following statementn KWR is "in error" (p. 280): CBM "Ecan
be consideredo be product-centricin thatremediationis basedsolely on the solution statethat the
student arrived at, irrespective of the steps that the student took to get there."

KWR's statement is grounded in the CBM literature:

"The basicassumptioris that diagnosticinformationis not hiddenin the sequencef
student'sactions,but in the situation (or problemstate)that the studentarrived at"
(Mitrovic, Mayo, Suraweera, Martin, 2001).

"Cognitive tutors faithfully model the proceduresthat should be learned,while
constraint-basetltorsrepresenjust the statesthe studentshouldsatisfy,andignore
completely the path involved" (Martin, 2001).

"Constraint-basedtudentmodelingis basedon the notion that the studentcan be
describedn termsof entitiesmoreabstracthanparticularsolutionpathsor strategies"
(Ohlsson, 1994).

"Ethe diagnosticinformation associatedvith a highly informative step doesnot
residein the stepper se, butin the propertiesof the resultingproblemstate"(Ohlsson,
1994).

"In CBM, we arenotinterestedn whatthe studenthasdone,butin whatstatetheyare
currentlyin. As long asthe studentneverreaches statethatis knownto be wrong,
they are free to perform whatever actions they please" (Mitrovic et al., 2003).

"Becausethe constraintsexpresspropertiesof problem statesratherthan action
sequenceghey are necessarilysilent aboutgoal hierarchiesplans,weak methods,
and other entitiesthat figure so prominentlyin information processinganalysisof
cognitive strategiesConstraint-basedhodelsignore the questionof how behavior,
correct or incorrect is generated" (Ohlsson, 1994).

Althoughit is clearthat constraintscanbe written in sucha way that processnformationcanbe
capturedb KWR make this point explicitly B the essenceof CBM accordingto its proponents,
including Mitrovic and Ohlsson,has for yearsbeenthat processinformation is not neededfor
remediation.Indeedthis is (was?)considereda strengthof the paradigm.In using suchconstraints,
KWR assertthat a CBMT endsup mimicking an MTT. The term "path constraint"is thus an
oxymoron,accordingto the CBM proponentshemselvesWhereadvO (inaccurately)accuseKWR of



foisting a "rule-based"approachon constraintsthey demonstratevery effectively the real way of
writing constraints like rules B via process/path constraints!

KWR's MTT implementatiorhasplanningrulesandtheseserveto achievegoal decomposition.
This takestheform of "if the goalis to achievex, thensetsub-goalgo achievey andz". As shownin
KWR, (p. 130-131)it is possibleto write constraintgo captureplanning,but thenthe spirit of CBM is
lost. MO's claim B"This doesnot contradictthe approachit only widensthe conceptof a constrainto
include pathconstraintsaswell asstateconstraints'{p. 280)is incompatiblewith the spirit of CBM as
defined by its proponents.

Evenin KWR's CBMT, the process/patleonstraintgget very complex.Ilt becomesrery difficult
to understandheir meaningwithout a lot of effort. We shudderto imaginewhat theseconstraints
would look like in a system with hundreds of constraints.

Finally, we are baffled that MO state,"KWR decidednot to use path constraintsin their own
system."(p. 280). In factit is clearthat KWR haveusedsuchconstraintsKWR point out that"it is
howeverpossibleto write constraintdn sucha way thatthey captureplanningknowledge"(p. 130,
bottom).KWR explicitly state(p. 131) "More generally the presencer absencef valuesfor some
variableshelpsto infer somethingaboutthe processandwe havea setof constraintsn our system
that exploitsthis." The last paragrapton pagel31 of KWR alsodiscusseshis matterin detail. The
pointis not whetherwriting suchconstraintds possiblebit clearlyis Bbut whethersuchconstraints
fall into the basic spirit of CBM.

MO speakof path constraintsand the procedural CBMT NORMIT with great confidence
(p. 280):

"We haveusedpathconstraintdo greatadvantagen our own systemsThe NORMIT
system(Mitrovic, 2002,2003,2005; Mitrovic, Koedinger& Martin, 2003) employs
preciselythis techniquein the very proceduradomainof datanormalizationE If the
instructionaltask is proceduralthenit is importantto teachthe studentaboutthe
sequence of steps, so a CBM tutor for such a domain should contain path constraints."

It shouldbe notedthatnowherein the NORMIT literature,or any of the otherCBMT literatureas
far aswe cantell, is the term "path constraint"used.Indeednot only do noneof thereference<ited
hereby MO (Mitrovic, 2002,2003,2005; Mitrovic, Koedinger,& Martin, 2003) usethe term "path
constraint",none of them so much as usesthe word "path". We raisethis not as a petty academic
quibble,but becauseMO give theimpressiorthat pathconstraintsaarean acceptecconcept/termn the
CBM literature,therebyimplying that suchconstraints and dealingwith proceduraldomainsmore
generally,havebeendealtwith in a meaningfulway by the CBMT camp.The reality is that before
NORMIT, the CBM literature relegatedthe topic of proceduralapplicationsto minor, rare,
speculationAnd in the publishedreportsof NORMIT, the mechanisnmby which procedures taken
into accountis only vaguely,if atall, specified.Further,sayingthat NORMIT showsthat CBMT can
deal with a proceduraldomain may be technically true, but it is misleading.(Seethe following
paragraph.Finally, the first sentenceof this excerptfrom MO indicatesthat path constraintshave
beenusedto "greatadvantage'n systens (emphasiurs).MO only cite one (NORMIT) andwe are
unaware of any others.

NORMIT works in the domainof databasenormalization.The implementerschoseto partition
the solutionprocesdnto six, fixed, sequentiabtepsandforce the studentto work throughthe stepsin
order.Thusthe procedurabspecbf the problemis trivial to implement,via planning/paticonstraints
or someothermechanism(Indeedoncethe problemhasbeenso partitioned thereis no needfor path



constraintsandin factthe NORMIT literaturereferencedy MO neverspecifieshow the sequencing
was actuallyimplemented.Beyondthis, at no point in the NORMIT literaturecited by MO is there
any speculatiorasto how the NORMIT approacho incorporatingproceduresnto the CBM paradigm
might work, or be extendedfor "real" sequentiabpplicationsb thatis, thosewith multiple possible
correctsolutionpaths(like statisticalhypothesidesting,or physicsmechanicgproblems) As we state
above,planning/pathconstraintscan handlethis in principle, but becomeunwieldy asthe numberof
possiblecorrectpathsbecomedarge,andthenthere'sstill the issueof adherenceo one of the core
ideas of CBM to address.
Explicit problem types: MO state (p. 281):

"The moreimportantobservations thatto label problemsandtestingfor suchlabels

in the relevanceconditionsis precisely what one should not do when writing
constraintsfor a CBM tutor. Constraintsare supposedo encodeprinciplesof the
domain.To the extentthat they do, they are rrue of all problemsevenif they only
apply in asubsetf problems.It is difficult to anticipateall the situationsin which a
domainprinciple might becomerelevantfor whata studentis trying to do. To limit a
constraintto situationsin which an explicit problemlabel is presentcancelsthe
flexibility thatis one of the strengthsof the constraintrepresentationin short, KWR
curedtheir CBM systemfrom a non-existenfproblemwith a move that limited its
usefulness."

KWR implementedtheir CBMTs via their generalizedconstraint-based-tutogenerator
VersaTutor(KodaganallurWeitz, & Rosenthal004,2006).VersaTutorstoresmultiple tutorsfrom
possibly vastly different domainsin it. The screenshotin Figure 2 of Kodaganalluret al. (2004)
actually shows problemsfrom widely differing problem domainsin the left hand pane. The
implementatiorof VersaTutoris suchthatthe constraintdor all tutorsare storedtogetherin a single
relationaltable.Thefield ProblemTypavasusedsimply to designatevhich constraintsapplyto which
domains.A differentway to achievethis partitioning of constraintswould have beento checkthe
problemtype of every constraintb this is what was meantby "achievingthis throughrelevance
conditionswould havebeentoo inefficient.” When the studentis working on a hypothesistesting
problem, where is the need for the system to consider constraints for Java syntax problems?

Beyondthis, in the hypothesigestingproblemthatKWR consider thereare severalsub-typesof
hypothesigestingproblems.Someconstraintsapply to all problemsand someapply only to certain
sub-typesFor example,someconstraintsare relevantonly to problemswherethe null hypothesis
takesthe form " u < u,". In this case,the studentshouldcomputethe right-side cutoff value. The

constraintassociatedvith the right-sidecutoff valueis not relevantto othersub-typesfor example
those that need only the left-side cutoff value to be computed.

Like SQL-Tutor and other CBM tutors, KWR's tutor is incapableof understandinghatural
languagelt cannotfathomthe form of the null hypothesisby parsingthe problemtext. Therefore,
informationon problemdatathata studentwould pick up while readingthe problemis given a-priori
to the tutor. Onesuchpieceof informationfor the hypothesigestingproblemis a labelthatindicates
the form that the null hypothesistakes(eight of the 43 constraintsin the systemusethis in the
relevance condition). This is consistent with standard CBM practice.

A simpleexampleis providedby the constraintfrom Mitrovic etal. (2003),includedin Appendix

A here;:




Cr: A base angle of an isosceles triangle is knoy) (
And the student has calculated the size of the other base éiggle (
Cs: Thesizeof! , is!,

This constraintappliesonly to anisoscelegriangle,andthe relevanceconditionchecksto seeif
this property of the problem is satisfied.

We can also considerconstraint476 provided by MO: the sixth and seventhlines of this
constrainthavethe relevancecondition checkwhetherthe ideal solutionto the problemhascertain
characteristicgthe ideal solution either containssomeJOIN conditionsin the FROM clauseor the
WHERE clause).In other words, this constraintappliesonly to problemsthat have specific
characteristicgasevidencecdy propertiesof their ideal solutions).The creatorsof SQL-Tutordid not
find a needto assigna label to theseproblemtypes,but it wasappropriatefor the hypothesigesting
domain. What KWR did is in accordance with the CBMT literature.

Extraneousconstraints:Basedon their implementationexperience KWR assert(p. 132), "It
appearghat, unlesswriting constraintsis influencedby processconsiderationsit is possiblethat
unnecessargffort might be expendedn creatingpedagogicallyinsignificant constraintsb what we
have termed "extraneous consistency constraints".

MO respondfirst that, "This sweepingconclusionhardly follows from the fact that KWR found
suchconstraintsn their systemIf we take KWR at their word, their exampleonly showsthat KWR
sometimescaughtthemselvesvriting bad constraintsjive andlearn” (p. 281). In our view, this was
not a "sweepingconclusion” but ratheran observatiorthatwe felt hadmerit. We leaveit to thereader
to decidefor themselvesvhich of the two characterizationapply. We alsoleaveit to the readerto
decide whether the tone of MO's reply here, and elsewhere, is appropriate.

From MO (p. 281):

"At theimplementatiorievel, their conclusiorwould only betrue of their own system
if KWR's interfacepreventsa studentfrom specifyingboth statistics[i.e. z and¢] at
the sametime. With an interfacethat allows this, somestudent,somewherewill no
doubt makethis error. From the pedagogicaboint of view, it is importantfor the
studentto know thatin the relevanttype of context,only oneteststatisticsshouldbe
selected.The constraintis not ‘extraneousbut capturesa pedagogicallysignificant
concept, so KWR's assertion is not even true of their own example.”

This discussiorraisesa very interestingpoint. One of us, who hastaughtstatisticsfor yearsin
severalinstitutions,hasneverhad a studentchoosetwo different statisticsfor the samehypothesis
testingproblem.An informal canvassingf colleaguesvho teachstatisticsrevealedthe sameresults.
However,MO arecorrectin statingthatthis maybe viewedasa domainprinciple. The questionraised
by KWR is, when do you stop?Doesthis meanthatin a physicstutor, a reasonableonstraintto
includewould be onethatspecifiesthatan object(with respecto the samereferencecoordinate)can't
be moving and not moving at the sametime? After all this is a domainprinciple andit's conceivable
that "some student,somewherewill no doubt makethis error." MO note (p. 281) that "nothing
preventghe designerf a CBM systemfrom thinking aboutstudentsn termsof cognitiveprocesses."
We wonderwhosecognitive processes7he tutor writer's? Studentsthe tutor writer knows?This
seemsa far cry from the promiseof simply writing constraintsthat "capturedomainknowledge".
More generallywe notethatwriting constraintamay not be suchan easyproposition;we returnto this
idea later in a different context.



MO recap their critique to this point as follows (p. 281):

"To summarize, KWR made severalpoor choicesin their use of the constraint
representationmost notably their use of so-called operator constraints,their

introductionof so-calledbuggy'constraintstheir decisionnot to usepathconstraints,
andtheir introductionof explicit problemtype labels.Eachof thesechoiceslowered
the usefulnesof the CBM approachor negatedsomeadvantageor strongpoint of

CBM. The weaknesseshat KWR found in their CBM systemwere of their own

making."

We have refuted each of these points.
Range of applicability

Figure10 of KWR (reproducedelow) summarizegheir argumentaboutthe rangeof applicability of
the two paradigms.

MTT MTT/CBMT
Complexity
of goal structure
No need CBMT/MTT
for ITS

Information richness of solution

Fig. 1. KWR's Figure 10 on the range of applicability of the two paradigms.

On page 139, KWR clearly state:

"We haveidentified two dimensionghat enableusto characterizehe problemdomains
for which the two paradigm@ their pure forms) are suited." (Emphasis added here).

KWR havealsostatedexplicitly thata CBM thatrelieson processonstraintcanmimic anMTT
by subsumingnto the problemstatethe productsof intermediatesteps.This discussiorassumeshat
this has not been done.



KWR statethat CBM is disadvantagedndertwo situationsa) whenthe goal structurein the task
is complexand b) whenthe solution haslow information content. MO disagreewith both of these
contentions. We address each in turn.

Goal structurein a problemrepresentdiow the main goalis recursivelybrokendowninto sub-
goals,aswell asthe orderingrelationshipdbetweernhe varioussub-goals(Figure1 from KWR shows
an example.)The complexityof a goal structureincreasesvith the numberof levels,branchingfactor
and sub-goal ordering restrictions.

When the goal structurefor a problembecomescomplex, it is intuitively clearthat planning
advicebecomegritical. McKendree'q1990) findings stressthe importanceof planningadvice.ln a
problemwith a complex goal structure,a good deal of the learninginvolves understandinghis
structure, which is addressed by planning remediation.

As alreadydiscusseda CBMT is not capableof providing planning advice unlessit hasan
associatedsolver. As KWR have shown (without being challengedby MO), "The whole areaof
constraint-basedolversis in a nascentstageand would haveto advancesignificantly in orderto
enableCBMT to matchthe planningremediationavailablein MTT." (p. 135).1t is in this sensehat
CBM is at a disadvantage when the goal structure becomes complex.

Beyondthe planning limitations, KWR arguethat CBM hasdifficulty fathomingwherethe
studentis in the problem-solvingprocesswvhenthe goal structureis complex.MO reply as follows
(p. 282):

"Eafter eachstudentstep,the relevanceconditionsare matchedagainstthe current
stateof the student'sproblemsolving effort; for thosethat match,the satisfaction
conditionsare matched,and any violations are noted.In otherwords,a CBM tutor
detectsa studenterrorimmediatelyafter any stepthat violatesa constraint.It is not
difficult "to fathomwherein the problem-solvingprocessthe studenthasmadean
error" becauséhe student'behavioris monitoredcontinuouslyanderrorsare caught
asthey are made.Constraintsare matchedagainstthe stateof the problemsolving
effort after every step, so CBM is not affected by the complexity of the goal
structure."

It is not clear what MO meanby "detectsa studenterror immediately after any step" or
"monitored continuously".In SQL Tutor and in NORMIT, for example,the constraint-checking
processonly beginswhen the studentexplicitly submitsa solution B in this sensethereis no
continuousmonitoring. "Continuousmonitoring" could meankeystrokelevel monitoring, or at the
very least, that as soon as the student completes working on a field it is checked by the tutor.

In fact, the "monitoring" procesds describedquite clearly in the CBM literature."Unlike ITSs
thatusemodeltracingE constraint-basetlitorsdo not follow eachstudent'ssolutionstep-by-stepa
student'ssolutionis only evaluatedonceit is submitted,althoughthe studentmay submita partial
solution to get ideas on how to progress" (Mitrovic, Suraweera, Martin, & Weerasinghe, 2004, p. 413).

If, whatMO meanhereis thata CBMT will acceptandprovideremediatiorfor partial solutions
(whenthe studentsubmitsone), they shouldsimply sayso. However,in our experiencesubmittinga
partialsolutionto the SQL-Tutoris problematic.Thatis, contraryto MO's statementbove,it in factis
difficult for SQL-Tutor "to fathomwherein the problem-solvingprocessthe studenthasmadean
error."

In SQL-Tutorthe userinterfaceallows the studentto entera completeSQL query by filling in
variousindividual fields. It is conceivablehat a studentmight simply supplya valuefor one of the



fields (for example just the table name)and submitthe solutionfor evaluation.In this case,a tutor

that knew wherethe studentwasin the problemsolving processwould not point out errorsin the

studentsolutionthat arisesimply becausef the incompletenesdt shouldbe ableto just checkthe

correctnes®f what hasbeensubmitted.SQL-Tutoris in fact unawareof wherethe studentis in the

abovesituation.On problem31, whenthe tablenamealoneis provided,it actuallyspots6é errors(see
Figure 2 below). Many of theseresult from checkingfor constraintsconcernedwith mismatches
betweerthe tablenameandothernon-existentlausesn the student'solutionbthetutor is not aware

that the student has only worked on the table name and on nothing else yet.

€] http://dbplace.pearsoncmg.com:8000 - 5QL-Tutor: MOVIES Database, Problem 31 - Microsoft Internet Explorer g@

SQL—TUTOR Change Database New Problem History Student Model Run Query Help | Log Out

List the titles of all comedies or dramas. 1. The SELECT clause is a mandatory one. Specify

the attributes/expressions to retrieve from the
database.

Problem 31

2. You need to specify the WHERE clause as well!
novie 3. For every table that appears in the FROM clause,
there must be at least one attribute from that table
used in any clause of the query.

4. Check the expressions in the SELECT clause!

5. You do not have all the required attributes in the
SELECT clause!

6. You need another search condition, using a string
constant!

Feadback Level | List All Errors VI [ submit Answer | [ Reset |

Schema for the MOVIES Database &

The general description of the database is available here. Clicking on the name of a table brings up the table details.
Primary keys in the attribute list are underlined , foreign keys are in italics.

Table Name Attribute List
DIRECTOR  number Iname fname born died
MOVIE npumber title type aanom aawon year critics director
STAR  Iname fname number born died city
CUSTOMER  Iname fname number address rentals bonus jdate
TAPE code movie pdate times customer hiredate
STARS IN movie star role

@ Done B Internet ||

Fig. 2. Sample interaction with SQL-Tutor in which a partial, correct solution results in six error messages.

Of coursea CBMT could breakthe solution processdown into stepsthat may be remediated
individually usingprocess/patleonstraintsHoweverthe argumentmadein KWR explicitly appliesto
CBMTs thatarebuilt on domainprinciplesandnot thosethatmerelymimic the procedurahbbilities of
MTTs.

The secondmportantdeterminanof the suitability of a paradigmfor a domainis the information
richnessof the solution stateb all the information that the tutor has availableon which to base
remediationCBM, beingstatebasedcanperformwell whenthis stateis informationrich becausehe
stateby itself revealsa lot aboutthe student'smentalmodel. However,CBM is hinderedwhenthe



problem stateis information impoverishedb thereis not much information on which to base
remediation.

For a concreteexample considera problemin which the studentis requiredto computethe value
of the expressio® + 4x, given that the value of X is 6. Here the goal might be to teachoperator
precedencéthat,in the absencef parenthesesnultiplication precedesddition). The answerthatthe
studentprovidesis just a simple numberb without much information content.Supposethe student
providesthe number54 asthe answer(mostlikely becausef applyingthe additionoperatorbefore
the multiplication operator).A model-tracingtutor, being interestedn the process thatthe student
adoptedcaninfer the mistakevia an explicit rule that cantracethe action. Basedon the available
information,a constraint-basetutor canonly recognizethatthe solutionis wrong, but not the specific
reason - its student model is weaker.

Indeedthe purposeof the instructionson typical mathematicsphysicsand chemistryexamsto
"showall your work" is to allow instructorsto give partial creditwhena studentsubmitsanincorrect
answer If the (incorrect)answeralonegavesufficientinformationfor the instructorto divine where
the studentwentwrong (thatis, what the studentknows anddoesn'tknow), theseinstructionswould
hardly be necessary.

It appearghat Ohlsson(1994) was concernedwith this possibility when he musedaboutthe
potentialdisadvantagem the CBM paradigm(p. 187):"... for somedomainsit might beimpossibleto
identify propertiesof problemstateswhich [sic] are highly informative with respectto the student's
understanding."

MO sidestep the other examples in KWR (p. 139) and attempt to refute KWR, by stating:

"Contrary to this claim, existing CBM tutors work just fine in domainswith
information-impoverishednswersFor example CAPIT (Mayo & Mitrovic, 2001)is
a constraint-basetlutor which teachegunctuationrandcapitalizationrulesin English.
The tasksCAPIT givesto studentsconsistsof one or more sentenceshat areto be
revised,andtheresultof the appropriateevisionsdo not haveany inherentstructure;
for example, a capital letter does not have any meaningful internal structure.”" (p. 282)

In CAPIT, claiming thatthe resultsof the revisionsdo not haveany internalstructurebecause
capitalletterhasno meaningfulinternalstructureis misleadingbthe completetext with the capitalized
letter(s)and/or punctuation(sjn placeis availableb not just a single capital letter or punctuation
mark. This is ampleinformation on which to baseremediationfor this simple application.We note
additionally that the simplicity of the applicationis discussedn Martin (2001, p. 45, bottom). The
userinterfaceof CAPIT (from Mayo & Mitrovic, 2001)is shownbelow (Figure 3) to reinforcethe
fact thatthe completesentenceavhich providesthe contextfor the student'svork is availableto the
tutor.



Capilalization & Puncluslustion Tutoi [Mike i@ logged on)

Fut cepitals, full stops, and epostrophes inthe nght place.

4 big shark's in the bay. It isn't
travelling very fast. We haven't seen
this shark before theres a chance that
swimmings dangerous

Your Score; I Waloe OF This Probiem: I

Fig.3. A screen shot from the CAPIT CBMT (from Mayo & Mitrovic, 2001).

We note that in the casewhen the goal structureis not complex, but the solution stateis
informationrich, MTTs canstill be constructedbut, sinceplanningadviceis not critical, or not even
neededtheir knowledgebaseswill consistof operatorrules andbuggy rules.In thesesituationsit
might be more natural to construct constraint-based tutors.

MO claim (p. 283):

"KWR's attemptto arguethat MT appliesacrossa wider rangeof domainsthanCBM

is misguided.The truth is the exactopposite.Thereare two differences.MT only

applieswhenthe systembuilder canspecifyan expertor ideal studentmodelthat can
solve the problemspresentedo the student.Without correctrules,an MT system
cannotrecognizecorrectstepsandsolutions.Thereis no suchlimitation on CBM, as
we havedemonstratedby developingintelligenttutorsfor designtasksin the areaof

SQL, databasalesignand UML (Baghaei& Mitrovic, 2005; Baghaei,Mitrovic, &

Irwin, 2005). Domainslike thesecover designtasksfor which no problem-solving
algorithms exist, and therefore no expert models are available."

To beginwith, it shouldbe notedthat the CBM literature appeardess convincedaboutthe
impossibility of implementingSQL and databasedesignMTTs than MO indicate. Considerthe
following from Martin (2001, p. 28): "Thereis no right or wrong way to approachwriting an SQL
query.E it is possibleto encodeall variationsas separateathsthroughthe productionrule model,
but this would makethe mode[sic] largeandunwieldy." A morerecentsource Mitrovic, Suraweera,
Martin and Weerasinghe(2004,p. 412) state,"CBM doesnot requirean executablelomainmodel,



andis applicablein situationsin which sucha modelwould be difficult to construct(suchasdatabase
design or SQL query generation)."

So it appearsthat an MTT approachfor SQL and databasealesignhas been,at minimum,
consideredeasible.In any case MO's currentclaim that both are not possibledomainsfor MTTs is
worth exploring.

Suraweeraand Mitrovic (2004) have a whole sectiondevotedto "CBM and designtasks".
Accordingto them,designtasksaregenerallyunder-specifiedare often open-endedr at leasthavea
very large number of solutions, and there are no well-defined solution procedures for them.

The overall logic of the CBM camp is:

* Model-tracingtutors cannotbe built for domainsthat lack well-defined problem solving
procedures

* Design tasks do not have well-defined problem solving procedures

* (Conclusion 1) - Therefore model-tracing tutors cannot be built for design tasks

* SQL and database design have many characteristics of design tasks

* (Conclusion 2) - Therefore model-tracing tutors cannot be built for SQL and database
design

* There exist CBM tutors for SQL and database design (SQL-Tutor and KERMIT)

* (Conclusion 3) - Therefore CBM is applicable to design tasks

The abovelogic seemsimpeccable and would be acceptablaf the actualtasksaddressedy
SQL-Tutor and KERMIT could be characterized as design tasks. The facts speak otherwise.

Mitrovic et al. (2003) performedtheir comparisonof the paradigmsbasedon a CBM and MT
implementationfor databaselesign! They took a subsetof the constraintsof KERMIT (a fielded
constraint-basetlitor for databaseéesign)andimplementedhe correspondingetof rules.How could
this be possibleif thereis no problem-solvingorocedurdor databaseesign?They do not mentionthe
reasonfor taking only a subsetof KERMIT's constraints.Surely if the reasonwas that it was
impossibleto representhe full-blown setof constraintsasa setof rulesdueto inherentproblemswith
the rule representatiorformalism, then this would certainly have beena crucial finding of their
comparison effort. In fact they conclude their comparison on a very neutral note.

Thereis no doubtthat,in generalthe domainsof SQL anddatabase&esignhavecharacteristicef
designtasks.However,SQL-Tutorand KERMIT operatebasedon anideal solutionto eachproblem
andcanonly provideremediationf the studentsolutionis closeto this ideal solutionor Bin the case
of SQL-Tutorwith the 'solver'®b can be derivedfrom the ideal solution. KERMIT dealswith basic
databaselesignproblems(of the type typically foundin introductorycollegetexts)in which thereis
very little scopefor studentdo comeup with alternativecorrectsolutions.In otherwords,thesetutors
deliberatelyreducetask complexityto the point wherethey are not designtasksanymore We hasten
to addherethatwe do not doubtthe usefulnes®f providing tutorsfor theserestricteddomainsbthey
areindeedessentiato teachthe fundamentalof any domain.However,to makeexaggeratedlaims
based on these tutors is illogical at best and misleading at worst.

With the task complexity reducedso drastically,it is in fact quite easyto comeup with expert
solversin thesedomains andthereforemodel-tracingutorscan be built for them.This is exactlywhy
in Mitrovic, KoedingerandMatrtin, (2003)theywereableto createa model-tracingmplementatiorof
a CBMT for databasedesign.Thereare in fact commercialproductsthat actually generateSQL
statement$rom naturallanguageproblemdescriptionssee,for example Microsoft (2006)andHess



(1999).Indeedwe candemonstrat¢hatit is possibleto comeup with a setof productionrulesthatcan
generate SQL statements. The details are provided in Appendix C.

Remediation

We have already pointed out the following:

® MTTs outperform CBMTs on planning related remediation.

®* Encoding only domain principles as constraintsis not guaranteedto partition all
instructionally distinct studentbehaviorsinto different classesfor remediation.Buggy
constraintsmight be neededo achievethis. A CBMT without suchconstraintsvould be ata
disadvantage.

MO accuseKWR of misusingquotations,andthey cite what they claim are severalexamples.
One of them s that (p. 287) "Mitrovic et al. (2003) do not claim that remediationby CBM is
necessarilpr in generalesscomprehensivéhanremediatiorby MTE"  In fact, Mitrovic etal. (2003)
say exactly that (p. 321):

"Creatingconstraint-basethodelingsystemdendsto requirelesstime andeffort, but
the result tendsto be less comprehensivein terms of specific advice-giving
capabilities.Creatingmodel-tracingtutorstendsto requiremoretime andeffort, but
this results in more specific advice-giving capabilities.”

(Thechargeis particularly perplexingas Mitrovic is a co-authorof both papers.)The otherexamples
cited by MO are equally puzzling.
Based on this reference KWR claim (p. 139)

"As statedearlierit is generallyacceptedhatMTTs outperformCBMTs with respect
to remediation quality."

MO misquotethe above(p. 287); they omit the first part of the sentencé'As statedearlier,”
capitalizethe'i' in 'It', andthenarguethat KWR do not providereferencego supportthe claim. The
referenceto Mitrovic et al. (2003) was provided earlierin KWR (p. 132, bottom). The fact that
Mitrovic et al. (2003)wasco-authoreddy a leadingfigure from eachof the two paradigmsprovides
support for claiming "general” acceptance of MTT's superior remediation quality.

However,we havereflectedon the statementiting this referencein KWR andfeel thatit is
perhapsmisleading.While the fact is KWR repeatedlyindicate the differencesin remediation
capabilitiesof CBMTs andMTTs, andthe leadingfiguresin the field providesupport,MO is correct
thatthereis only oneothersourceasidefrom KWR that compareghe two approachesTherefore,in
the interestof absoluteprecision,we havesuggestedo the editor that the sentenceAs the CBMT
literatureconcedegMitrovic et al., 2003)the remediationprovidedby a CBMT is neversuperiorto
thatprovidedby anMTT." bechangedo "As Mitrovic etal. (2003)indicate,theremediatiorprovided
by CBMTs tendsto be'lesscomprehensivehanthat providedby MTTs." Therevisedtext appearsn
the print version of the journal.

MO incorrectly claim (p. 284):

"KWR worry thata CBM systemmight provide 'misleadingremediationwhenthe
studenthas provided an unexpectedout correctsolution’ (p. 135). This is not a
concernwith CBM. By definition, correctbehaviourdoesnot violate the principlesof



the domain.If the constraints are written to encodethe domain principles, then
the constraint basewill recognizeany correct behaviour as correct, no matter
how unexpected,by the fact that it doesnot violate any of the constraints"
(emphasis ours).

This statemenmight be true of manyCBMTSs, butis certainlynottrue of SQL-Tutor.SQL-Tutor
recognizessomeincorrectsolutionsas correctand somecorrectsolutionsasincorrect. Appendix D
hasmore details. Thesefailures were not the result of bugs,but arisefrom the fact that the ideal
solutionthat SQL-Tutorstoresadopteda differentapproachthanthatof the studentaswell asbecause
SQL-Tutordoesnot recognizethe equivalenceof differentwaysof writing an expressionThe correct
andincorrectsolutionswe tried out were perfectlyreasonabl®nesthattypical studentanight provide
D we were not trying to trick the systemby giving devioussolutions.One might counterthatin a
domainascomplexas SQL, wherethereare manycorrectanswerdo any problem,it is unreasonable
to expectthe tutor to work perfectlyunderall conditions.UnderthesecircumstancedyiO shouldnot
have madesucha bold claim. More importantly, the fact that the systemsometimedflags correct
solutions as incorrectimplies that the correct solution actually violates some constraint.If all
constraints represent domain principles, how can this happen?

The point of the abovediscussionis that althoughit is an appealingideathat we can simply
representdomainprinciplesasconstraintsandbe assuredhatno correctsolutionswill everviolate a
constraint,doing this could be extremelydifficult in practice.The fact that a systemwhich has
evolvedover severalyears,andhasover 700 constraintscanbe tripped up by highly plausiblecorrect
andincorrectsolutionsis ampleevidenceof the difficulty of implementingthe elegantpromiseof
CBM.

KWR point out that CBMTs encounterproblemswhen a solution state violates several
constraintsand give examplesof small errors(like misspellinga table name)that resultin several
constraintviolations and correspondingnessagesMTTs can alsoface problemswhen severalrule
sequencesan successfullytracea single studentsolution. To this extentboth typesof tutors have
similar problems.However,an MTT would break up the probleminto stepsbasedon the goal
structure and the rules correspondingto higher order goals will not be triggered unlessthe
correspondindower ordergoalsaresatisfied.Thusevenif the userinterfaceprovidedthe studentwith
anoptionto makean error correspondingo a lower ordergoalanda correspondindpigherordergoal,
the MTT would flag only the former error.In a CBMT, all constraintviolationswould typically be
flagged and hence the user would see several error messages.

MO (p. 284-5) compare the nature of the remediation provided by CBMTs and MTTs as follows:

"BecauseCBM catcheserrorsvia constraintviolations,a CBM tutor in which the
constraintsencodedomainprinciplescantalk to studentsaboutthoseprinciples.E
We believethat instructionthat focuseson the basic conceptsand principlesof a
domainis of superiorquality, ascomparedo instructionthat talks aboutthis or that
particular incorrect response to a particular problem."

In fact, VanLehnet al. (2005), in describingthe rationalefor the AndesphysicsMTT, state
(p. 157),"If studentsaregoingto solveproblemsthenthey mustmasterall principles,bothmajorand
minor. This s thefirst instructionalobjectiveof Andes."Oneconclusionof the evaluationstudiesthey
reportedis that (p. 188),"AndesstudentsscoredhigherthanControl studenton drawingandvariable
usage, which are two fundamental conceptual skills emphasized by Andes."



Further, McKendree (1990) found:

"Efeedback aboutthe goal structureof geometryproblemsled to betterperformance
than feedbackaboutthe reasonsfor error or simply being told that an error has
occurred.This goalfeedbaclallows studentgo correcttheincorrectactionmoreoften

than other types of feedback."

Finally, in summary, in discussing the Andes physics MTT, VanLehn et al. (2005, p. 157) note:

"All physicsproblemsolving systemshaveknowledgebasegshatinclude principles,
andin fact, they tend to agreeon what thoseprinciplesare, eventhe minor ones.
However,if sucha systemknowsonly principles,thenit may producea hugelist of
equations,most of which are unnecessaryas it solvesa problem. Expertsand
competenstudentsclearly havesomeotherknowledgethan principles,andthey use
this knowledgeto constraintheir reasoningso that they producejust the principle
applications required for solving the problem."

We havemadea similar observationin our detailedexaminationof CBM in generaland SQL-
Tutor in particular. The notion that high-quality remediationcan be provided basedon general
principlesis a seductiveone. Our opinion is, in practicethere are significant limitations to this
approach. We believe we have amply demonstrated the major problems.

Methodology

We address each of the broad criticisms of our methodology in turn.

UnwarrantedyeneralizationsThis sectionof MO is a rehashof previousissueshathavealready
been addressed.

IncompletecomparisonsTherearetwo issuesaisedby MO thatwe addresshere.First, MO state
(p. 285-6):

"KWR's analysistakesthe form of a catalogueof issuesOn severalissuestheyonly
discussone side of the supposedcomparison.For example,considerthe KWR
treatmentof the systemdevelopmenteffortE.The needfor bug libraries is a
dimensionof comparisonon which CBM is clearly superiorto MT. KWR fail to
mention this rather important difference between the two types of systems"

In fact, KWR state(p. 132): "One of the advantageslaimedfor CBMTs is thatthey do not require
extensivebuglibraries(Ohlsson,1994, Mitrovic etal., 2001)andare hencelessresourcantensiveto
build." More generally KWR indicate (p. 141):

"Our experienceandanalysisindicatethatbuilding a pure CBMT might be easierthan
buildingan MTT for the samedomainbecausef the extraeffort neededo develop
expertand buggy planningrules and buggy operatorrulesfor MTT. We alsofound
thatbuildingthe MTT rule setwasa somewhamorecomplexexercisebecausef the
needto tie the rulestogetherthrougha goal structure.E. In sum,our observations
lend supportto CBMT proponentsvho arguethat building CBMTs is lessresource
intensive."



SecondMO dismissthe examplegrovidedby KWR of poorremediatioraffordedby SQL-Tutor
asthe kind of simple bugsexpectedn any software. KWR arguedthat theseinstancesepresented
fundamentalproblemswith SQL-Tutorand reflectedthe real difficulties they notedwith CBM. As
statedin the previoussection,we provide additionalsuchexamplesand a more detailedanalysisin
Appendix D.

We have already addressed the issues raised by MO in the last paragraph of this subsection.

Useof the Literature:MO presenta shoppindlist of claimsregardingallegedmisrepresentationf
the literatureby KWR. We encouragénterestedeaderdo checktheseclaimsfor themselvesln any
case, we address each of them here.

MO state that (p. 286):

"KWR do not mention NORMIT, our data normalizationtutor. If NORMIT is
includedin the comparisonmany of their argumentsagainstCBM canbe seento be
invalid. Mostimportantly, NORMIT operatesn a procedurataskdomain,disproving
KWR's claim that CBM cannot be applied in such domains."

KWR neverclaim CBM cannotbe appliedto proceduraldomainsb in fact KWR demonstrate
quite clearly, and we've reiteratedhere, that it can. MO don't specify which of the "many" other
argumentsn KWR would havebeendisprovedhad NORMIT beenincluded.Thetruth is thatthereis
nothing in NORMIT that invalidates anything in KWR, as we have shown in quite some detail here.

MO continue,"KWR do not cite our journal article aboutKERMIT (Suraweera& Mitrovic,
2004), although this paper was available before KWR's paper was published."

The KERMIT paperwasindeedavailablebeforeKWR was published;howeverwhatis relevant
is thatthe KERMIT paperdid not appeamntil afterwe submittedKWR. Beyondthis, it is immaterial
which occurredfirst, as KWR do cite the earlier conferencepaperdescribingKERMIT, and the
journal article is just an expandedversion of the conferencepaperthat doesnot affect KWR's
argumenin anyway. MO go onto statethatKWR cite an early conferencgaperon WETAS instead
of later papers;this overlooksthe fact that the issueof ITS developmenenvironmentss largely
tangentialto the KWR paper.We didn't mention various MTT paperseither b including those
describing the latest advances in MTT development environments.

MO state (p. 287):

"KWR supporttheir claim thatan MT tutor canbe built for everydomainin which a
CBM tutor canbe built with a referenceto Mitrovic, Koedingerand Martin (2003):
'Indeedthe comparisorprovidedby Mitrovic et al. (2003)waspredicatedn building

anMTT for anexistingCBMT' (p. 141). This is not anaccurataeporton the content
of the cited paper It is truethatthe work reportedin thatpaperconsistedf building a
prototypeMT tutor that covereda small part of the domaincoveredby our CBM

database@esigntutor, KERMIT, butthe paperdoesnot claim or arguethatit is always
possibleto do so. In that paper,we saidthatan MT tutor cannotbe built for domains
for which thereis no known or workableproblem-solvingnethod.It is not possibleto

developa model-tracingtutor for databasealesign,but CBM systemswork well in

suchdomains.The point arguedin the cited paperwasthereforethe oppositeof the
point that KWR claim that it supports.”

KWR are quite clearon this point. KWR arguethatan MTT canbe developedor any domain
that a constraint-basetutor supports KWR do not claim that Mitrovic et al. (2003) saythis; KWR



only saythatthe exampleMitrovic et al. (2003) provideis in line with this statemen®thatis, they
built an MTT for an existing CBMT and not the other way around.
MO continue:

"Thereareotherinstance®f suchmisuseof quotes KWR repeatedlyquoteMitrovic,
Koedingerand Martin (2003) and (Martin, 2001). In eachcase,they locate some
sentencen theseworks that containsa negative-soundinghraseandthenquotethat
sentencdn supportof their position: "less comprehensive(seequoteon p. 132),
"misleadingremediation”(quoteon p. 135), and "compromisescognitive fidelity"
(seequoteon p. 139) are examplesln eachcase,the quoteis inappropriatein the
sensehatthe cited paperdoesnot arguethe point that KWR usethe quoteto support.
Mitrovic et al. (2003) do not claim that remediationby CBM is necessarilyor in
general less comprehensivethan remediationby MT, nor that it necessarily
compromisescognitive fidelity. Likewise, Martin (2001) did not arguethat CBM
systems have a high probability of providing misleading remediation."

Let's take these one at a time.

The chargein MO: "Mitrovic etal. (2003)do not claim thatremediationby CBM is necessarily
or in generallesscomprehensivéhanremediationby MTE" is falseandhasalreadybeenaddressed
here in the Remediation section.

The chargein MO: "Martin (2001)did not arguethat CBM systemshavea high probability of
providing misleading remediation."

Here's the relevant excerpt from KWR (p. 135):

"Since CBMTs are not designedo fathomthe strategythat a studentis adoptingto

solve a problem,they have beenknown to give misleadingremediationwhen the

studenthas provided an unexpectedbut correct, solutionE Martin's dissertation
(2001)reportson this problemin detail and outlinesthe extensivework neededo be
done in order to improve remediation in this scenario."

The reader should note that KWR say CBMTSs "have been known to give misleading
remediation,"not that they "have a high probability of providing misleadingremediation."KWR
refershereto section3.1 of Martin (2001), entitled, "FeedbackCan Be Misleading"in which some
challenges of providing accurate remediation under the CBM paradigm are forthrightly discussed.

Finally, accordingto MO (p. 287), "Mitrovic et al. (2003) do not claim that E CBM E
necessarily compromises cognitive fidelity."

Mitrovic et al. (2003) addresseshe issueof cognitive fidelity in two places.Table2 (p. 319)
summarizeghe differencesdiscussedn the paperbetweenthe two approachesthe secondline
highlights cognitive fidelity andthe entry for MT is "tendsto be higher" andthe entry for CBM is
"tendsto belower". In the discussiorbelowthis table,is the following: "MT tutorsrepresentiomain
knowledgeas productionrules. This knowledgehashigh cognitive fidelity, becauset is an explicit
modelof the reasoninghatthe learnermustacquire.High cognitivefidelity is a strongadvantagef
Cognitive Tutors."

However,we do wantto clarify a statementn this regardmadein KWR (p. 139). The relevant
section is:

"We have seenthat it is possibleto build a CBMT that emulatesan MTT by
incorporatingplanning and buggy constraints.However, this violates the CBM



paradigm.In addition,as Mitrovic et al. (2003) specify, this compromisesognitive
fidelity."

As we'venotedabove,Mitrovic etal. (2003)indicatesthat CBMTs tendto havelower cognitive
fidelity than MTTs generally, not as a result of including path/procesgonstraintsto emulatethe
proceduralapproachtakenby MTTs. It is our belief that adding process/patltonstraintscan only
exacerbatehe cognitivefidelity gapbetweenMT andCBM but, to be clear,thatis our belief, andnot
one expressed in Mitrovic et al. (2003).

MQ's Conclusion

MO concludeby suggestingthat the right way to comparethe two paradigmsis via empirical
comparisonstudies.They cite a litany of difficulties in performingsuchstudiesand suggestin the
meantime,"For systembuilders,it is not a trivial questionwhethera particulardesignphilosophy
makes them do more or less work."

Theythenrepeattheir argumenthat CBMTs don'tneedbuggyrulesandthatthis is a significant
advantageover MTTs (p. 288): "Moreover,what little evidencethereis on the mattersuggesthat
buggy rule libraries do not transferwell betweendifferent studentpopulations.This threatendMT
tutor builderswith the needfor additionalempiricalwork andsomeretuningeverytime an MT system
is moved into a new instructional context or is confronted with a new student population.”

(They alsotake KWR to task againherefor not mentioningthis, which aswe've pointed out
previously, it does.)

However,irrespectiveof any of the argumentspresentedn KWR or here regardingbuggy
rules/buggyconstraintsthe notion of non-transferabilityof buggyrulesshouldnot go unchallenged.
The CBM literature previously expresses certainty regarding the non-transferability of bug rules:

Mitrovic et al. (2003):"Studieshaveshownthat bug librariesdo not transferwell to
new populationof students;if a bug library is developedfor a certain group of
studentsjt may not coverthe bugsthatanothergroup of studentamay make[(Payne
& Squibb, 1990)."]

Suraweeraand Mitrovic (2004): "E bug libraries do not transferwell between
different populations of students (Payne & Squibb, 1990)."

Mitrovic and Ohlsson (1999): "Another advantageof constraint-basedtudent
modeling over the bug library techniqueis that bug libraries do not transferwell
between different populations of students (Payne & Squibb, 1990)."

Interestingly,MO restatethis argumentherewith the preface"what little evidenceon the matter
suggests"Apparentlythe little evidencethey arereferringto is the singlearticle cited in thesethree
papers(andin Ohlsson,1994).This studyfocusedon algebraproblem-solvingof 13-14yearolds, in
threedifferent English secondaryschools.While it appeardo be a thoughtfuland well-conducted
experiment,jt seemsan unmeritedgeneralizatiorto presumebug librariesin any andall situations
"don'ttransferwell". It would seemthat additionalstudiesarerequiredbeforethis wide-rangingclaim
regarding the non-transferability of buggy rules can be substantiated.

MO arequite correctin pointing out thatconductingempiricalcomparison®f thetwo paradigms
will bechallengingto accomplishWe suggestn the meantimethatthey maketheir tutorsavailableto



the generalpublic so thatinterestedesearchersanfreely evaluatethe behaviorand performanceof
CBMTs for themselves(We note the Andes physicsMTT is unrestrictedlyavailable online (at
http://www.andes.pitt.edu/), as is the Ms. Lindquist algebra tutor (at www.algebratutor.org).

SUMMARY/CONCLUSIONS

KWR's work originatedfrom a researctprojectwith the goal of developinganintelligenttutor in the
domainof statisticalhypothesigesting.As partof thatproject,we becamenterestedn comparingthe
two approachesWe had no interestin anything other than a straightforward,comprehensive
exploration of the salient properties of both paradigms.

A readingof the soleotherCBM BMT comparisorpaper,Mitrovic etal. (2003),revealsthatthe
MT and CBM implementationgvere written by different people(p. 318). Thatis, in reality, neither
camp has made sufficient effort to learn the other'sparadigmwell enoughto undertakea real
implementation.In this senseKWR's deepknowledgeof both paradigmsmakesthem uniquely
qualified to perform a comparison.

In termsof the claimsmadeby MO, we feel we haveaddressethemfully andhonestly.Noneof
thesignificantchargehavemerit. We do feel thattwo sentencegn KWR werepoorly wordedandwe
regretthat; howeverneitherof theseis of any consequenceWe provide a summaryof the main
chargesnadeby MO andour responseat the outsetof the paper.The contributionof this papergoes
beyondsimple rebuttal;it challengessomeof the fundamentaklaims of the CBMT literature.We
hopethat,in additionto heat,this interchangéhasshedconsiderabldight on someimportantissuesn
the field of intelligent tutoring systems.
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APPENDIX A
Part 1

Thefollowing setof threeMT rulesandthreeconstraintsyhich canbe usedfor the sameexampleof
calculating angles of a triangle, is from Mitrovic et al. (2003).
The problem:



Angle A is 65j
What is angle C?

A ! C

Two correct MT production rules:

IF The goal is to find an angle in an isosceles triangle ABC and AC = BC [Note: Mitrovic et al.
(2003) misstated this equation as AC =AB], and
Angle A is known

THEN Set the value of angle B to A

IF The goal is to find an angle in a triangle ABC and Angles A and B are known
THEN Set the value of C to 180-A-B

A buggy production rule:

IF The goal is to find an angle in an isosceles triangle ABC, and
Angle A and C are at the bottom of the triangle and angle A is known
THEN Set the value of angle C to A

Mitrovic etal. (2003)describeghe buggyrule: "In geometry studentoften over-generalizérom
commonarientationsof figures. This buggy productionrepresentghe shallow inferencethat the
angles at the bottom of an isosceles triangle are always equal.”

The associated constraints are:

C1: Abase angle of an isosceles triangle is kno#yh (
And the student has calculated the size of the other base@angle
Csi:  The size of6,is 0,

C.: A base angle of an isosceles triangle is kngéyh
And the student has calculated that the size of another @nifjiat equal®,
Cs2:  0,is a base angle

Cis:  Two angles of a triangle are knoyi and6,),
And the student has calculated the size of the third a#hgle
Csz: The size of6; is (180-6, - 6))

The verbiagedescribingthe constraintsin Mitrovic et al. (2003), and the orderin which the
constraintsare presentedin our opinion, cloud the direct connectionbetweenrules and constraints.
HoweverMitrovic et al. (2003) clearly note,"The third constraintis equivalentto the secondrule..."
We add herethat the samecan be said aboutthe first constraintand the first rule. This is a clear
demonstratiorof the contentionin KWR thatthereis a one-to-onerelationshipbetweenoperator(in
the KWR sense) rules and constraints.



Part 2

Mitrovic etal. (2003)contend,'Constraint2 catcheshe sameerrorasthe buggyrule from Figure1."

Indeedthe secondconstraint'catchesthe sameerror asthe buggyrule” but it clearly cannotprovide
the sameremediationThe aim of the buggyrule is to identify the errorthatthe studenthasmistakenly
setthe valuefor angleC to thatof angleA dueto the orientationof the triangle.If a studentviolates
constraint2, all the CBMT knowsis that the studenthasmadean error in correctly identifying the
secondbaseangleb the systemhasno ideawhy the studentmadethat error, and thereforecannot
provide the sametargetedfeedbackthat the buggyrule can. This illustratesagainthe point madein

KWR regarding the power of buggy constraints.

APPENDIX B

Constraint476 mentionedin MO is basedon an assumptiorthatif therearen tablesin the FROM
clauseof an SQL query (which doesnot explicitly usethe JOIN keywordin the FROM clause) then
theremustbe n-1join conditionsin the WHERE clause This is not a generalprinciple of the domain.
Thereis no specificdomaincondition that restrictsthe numberof join conditionsin the WHERE
clause We give belowan examplein which the FROM clausehas4 tables but the WHERE condition
requiress join conditions.A join conditionoccurswhenafield of onetableis comparedusually,but
not necessarily, for equality) with a field in a different table.

Date (1995) gives an exampledatabaseschemathat is reproducedbelow in slightly modified
form for readability.

Supplier(Sno, sname, status, city)
Part(Pno, pname, pcolor, weight, pcity)
Project(Jno, jname, jcity)
Shipment(Sno, Pno, Jno, quantity)

The query "Retrieve all details of shipments where the supplier, part and project are in the same
city" would be correctly solved by the SQL statement:

SELECT shipment.*

FROM supplier, part, project, shipment

WHERE

(shipment.sno = supplier.sno) AND
(shipment.pno = part.pno) AND
(shipment.jno = project.jno) AND
(scity = pcity) AND

(pcity = jcity)

The above SQL statemenjoins the shipmenttableswith eachof the tablessupplier,part and
project.In additionit hasto ensurethatthe supplier,partand projectare co-locatedandthe last two
join conditions achieve this.

Likewiseit is perfectlypossible(althoughvery rare)to haveno join conditionsat all eventhough
thereis morethanonetablein the WHERE clause.This occurswhenthe Cartesiarproductof two (or
more)tablesis neededas output. For example(admittedlycontrived),supposea dressmanufacturer



makesseveralypesof pantsandthis informationis storedin atablePantandmakesthesein different
sizeswith the possiblesizesstoredin anothertable Size. Supposeave needall combinationsof pant
and size information to be listed, then the SQL query would be

SELECT *
FROM Pant, Size

There is no need for a join condition because we want the Cartesian product to be listed.
APPENDIX C

We provide herean argumentdemonstratinghatit is possibleto comeup with a setof production
rules that can generate SQL statements.

Given all problem-relatednformation that a studentwill be able to gleanfrom the natural
languageproblemdescription,aswell asinformationaboutthe databaseschemaa setof production
rulescanbe written to generateseveralalternateSQL queriesby individually generatinghe various
gueryelementsand combiningthem. Examplesof sucha-priori elementsvould be the tablename(s),
field namesneeded,various clausesin the "where" condition, etc. The set of problemscan be
categorizednto varioussubclassegsingle table selectwithout where condition, single table select
with wherecondition,multiple tableselectwith whereconditions,etc.)andthe specificnatureof each
problemcanalsobe providedto the tutor up-front. With this informationavailable,it is easyto write a
setof productionrulesto generateseveralalternatecorrectandincorrectqueriesfor eachproblem.In
fact, productionrulesto arrive at severalalternativecorrectsolutionscanbe createdandthe system
can then gracefully accommodate several correct solutions.

Thebig challengefor MTT in this caseis thatthe numberof incorrectstudentanswerscanalsobe
hugebecausef the variouswaysin which the querycomponent&anbe misspelled An easyway to
handlethis is to convertthe studentanswerinto a canonicalform in a pre-processingtep,andthento
tracethis modified answer For example all field namesn the SELECT clauseandtablenamesn the
FROM could be alphabeticallyordered All individual elementsof the whereclausecould be suitably
ordered All expressiongouldbe convertednto somestandardcanonicalfform (to handlethe different
waysin which the samearithmeticor logical expressiorcould be expressed)All misspelledelements
could be replacedby a commontoken,andso on. In this way it would be possibleto convertentire
groupsof incorrectsolutionsinto one, and have a single buggy rule to accountfor all incorrect
solutions belonging to a single family.

APPENDIX D

To illustrate the numeroussignificant problemswe found with SQL-Tutor, we cite three of them
below. We acknowledgehat SQL is a complexdomainandthat expectinga tutor to work perfectly
underall circumstancess impractical.However,the casesve reportbelowareall simpleonesthatin
our experienceas databasénstructorswe haveencounteredn practice.lt is importantto note that
thesehave occurredin a maturetutor which hasevolved over almosta decadeand hasover 700
constraints.

We would like to reiteratethe pointmadein KWR: we did not spenda lot of time interactingwith
the tutor, nor did we attempt to fool it with devious responses.



What theseerrors point to is the difficulty of realizing the elegantpromiseof CBM: simply
representhe domainprinciplesasconstraintsandrestassuredhata) a correctsolutionwill notviolate
any constraintandwill thereforebe recognizedascorrectno matterwhat strategythe studentadopts,
and b) that an incorrect solution will violate some constraint and be found to be incorrect.

Example 1 - Problem 35: Incorrect solution flagged as correct.

Task: List the numbers and titles of all movies made between 1990 and 1993.

The stored ideal solution is

SELECT TITLE, NUMBER
FROM MOVIE
WHERE YEAR BETWEEN 1990 AND 1993

If the studentdoesnot usethe BETWEEN clause,but insteadbreaksup the conditioninto two
separatedestsas YEAR >= 1990 AND YEAR <= 1993, the tutor still recognizeshe solution as
correct.However,the tutor also acceptsthe following incorrectsolution as correct,apparentlynot
being able to distinguish between the AND and OR logical operators in this context.

SELECT TITLE, NUMBER
FROM MOVIE
WHERE YEAR >= 1990 OR YEAR <= 1993

Example 2 - Problem 36: Correct solution flagged as incorrect

Task: List the numbers and titles of all science fiction ('sci fi') or horror movies.

The stored ideal solution is

SELECT NUMBER, TITLE
FROM MOVIE
WHERE TYPE IN ('sci fi', 'horror')

The following is also a correct solution, but the tutor flags it as incorrect.

SELECT NUMBER TITLE
FROM MOVIE
WHERE (TYPE = 'sci fi') OR (TYPE = 'horror')

The errors that the tutor finds are:

1. Make sure you have specified all the necessary conditions! Check the logical connective in
WHERE!

2. Make sure you have specified all the necessary conditions! Check the logical connective in
WHERE!

We verified that this solution gives the same results as the stored ideal solution when executed.



Example 3 - Problem 64: Misleading remediation with unexpected, but correct solution

Task: Find the names and numbers of all directors who directed at least as many movies as director
number 15.
The stored ideal solution is:

SELECT DIRECTOR.NUMBER, LNAME,FNAME

FROM DIRECTOR JOIN MOVIE ON DIRECTOR.NUMBER=DIRECTOR

GROUP BY DIRECTOR.NUMBER, LNAME, FNAME

HAVING COUNT (*)>=(SELECT COUNT (*) FROM MOVIE WHERE DIRECTOR=15)

Another correct solution that uses a different approach is given below. The tutor flags it as
incorrect.

SELECT NUMBER, LNAME, FNAME

FROM DIRECTOR D1

WHERE

(SELECT COUNT (*) FROM MOVIE WHERE DIRECTOR = DI1.NUMBER)
>=

(SELECT COUNT (*) FROM MOVIE WHERE DIRECTOR = 15)

The errors that SQL-Tutor lists in the above correct solution are:

1. Check that you use logical connectives (AND, OR) between conditions in the WHERE clause!
2. You need to specify the GROUP BY clause as well!

3. You need to restrict grouping --- specify the HAVING clause as well!

4. You need to use an integer constant in a condition in HAVING!

5. Do you need a search condition in WHERE, specified with a numerical constant?

Unfortunatelythe storedideal solution when submittedfor executionfails with the following
error (probably because the underlying database system does not support the syntax used):

Database ERROR: [Microsoft][ODBC Microsoft Access Driver] Syntax error in
FROM clause.

Our solution,on the otherhand,executegerfectlyandprovidesthe expectedesultsbasedon the
database contents (we verified this manually).

The problemhereis that the tutor is unableto caterto a solutionthat usesa different strategy
from that which the storedideal solution does. This correct solution apparentlyviolates five
constraintsvhich representuniversaldomainprinciples!In reality whatthe solutionviolatesis a setof
constraintsthat perform shallow syntacticcomparisonsbetweenthe storedideal solution and the
student solution. It is a huge stretch to claim that these constraints represent general domain principle:



