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Abstract

Thepaperdescribeswo approachetowardsknowledgeassessmenthich
canbe appliedwithin any CALL application. The first approachusestest
itemsto definea universeof empiricalknowledgestates.We shaw thatthe
relationsbetweeritems(‘areaboutequal’,‘is harderthan’)andsubjectg‘are
aboutequal’,‘is betterthan’) canbeeasilycomputedwvithin a CALL system,
andthatthe empiricalresultsgive insightinto the structureof problemsand
their solutions. Given a standardizedest procedurea CALL systemcan
usethis methodto describehe knowledgestateof atestedsubjecteitherus-
ing a referencepopulation,a knowledgestructuregeneratedy experts(see
below), or by computinga knowledgestructureusingthe givensample.

The secondapproachs basedon queryingfour expertsaboutthe skills
minimally necessaryo solve problemsof theitem setof thefirst approach.
The resultsof thesequeriescan be transformednto theoreticalknowledge
structuresand the empirical datacan be usedto testthe predictionof the
experts.Theresultsshow that

e Theexpertsdisagregemarkably

e Mostof theexpertsdid notexpressavensimplerelationshipsvhichare
obsenableby theempiricaldataanalysis,

¢ Situationalfactorssuchastheappearancef learningtasksin thesame
lectureare obsenablein the empiricaldataaswell asin the opinions
of theexperts.

*Equalauthorshigmplied



1 Structural Background and Tools

We considera setU of subjectsand a set P of problemsaswell as a relation
R C U x P suchthat

Q) (s,p) € Rif andonly if subjects solvesproblemp.

ThesetK, := {p € P : (s,p) € R} is calledthe (knowledge) state of subject s,
andthecollectionK := {K,:s € U} U{0, P} is calleda knowledge structure
. EachknowledgestructureX is partially orderedby setinclusionC. We cansay
thata problemp is a prerequisite of problemgq if every statewhich containsg also
containsp; in this sensewe alsocall ¢ harder thanp. In otherwords,q is harder
thanp, if thereis no subjectwhich solves problemq but fails to solve problemp.
Similarly, we cansaythatsubjectz is better thansubjecty, if S, C S;.

A consolidatedine diagramof thesetwo partial orderssuchas Figuresl or
2 can be obtainedvia the formal concept analysis approachpresentedn Wille
(1982).

Supposehat S is a setof skills. A functiony : P — 22° is calleda skill
function, if y(g) is anonemptysetof nonemptypairwiseincomparablesubset®f
S for eachq € P. Weinterpretthe elementf y(q) asexactly thosesetsof skills
which areminimally sufiicient to solve problemg; in otherwords,eachX € «(q)
is a setof skills sufiicient to solve ¢, while eachpropersubsebf X is not. If y(g)
containsonly oneelementX, the expertstateshateachstratey to solve problem
g mustcontaintheskills which arespecifiedby X. If v(q) contains: subset®f S,
therearen essentiallydifferentstratgiesto solve problemg. In Dintsch& Gediga
(1995)we have shavn that eachskill function uniquely determinesa knowledge
structureon P. In otherwords,anexpertwho specifiesa skill functionatthesame
time builds aknowledgestructure.

Knowledgeassessmentia knowvledgestructuresandskill functionshasbeen
usedsuccessfullyin otherareas(seeFalmagneet al. (1990); Dintsch& Gediga
(1995)), and belonv we describean applicationwithin the contect of a language
learningervironment.

2 Empirical Knowledge Structures

2.1 TheTest Data

Thetestdatawereobtainedn aGerman as a foreign language (GFL) coursewhich
is documentedn moredetailin Fox & Hamilton (1996).



The coursewas at beginnerlevel, and introducedlearnersto idioms and vo-
calulary of introductions(greetings,introduins, origins, meetingand contact-
ing people),basicstructuregquestionsand answers) peoples identity, express-
ing wishes,role-play situations(pubs, making telephonecalls), basic grammar
(presentense conjugations)basicsentencetructure(SV etc.),identifying places
andthings,counting,languageunctions(suggestingadvisingetc.), communica-
tive tasks,SVO, indefiniteanddefinite,negative andaffirmative.

In classaswell asby a CALL system,a rangeof exerciseswasgiven which
aimedat developingandenforcingtheseskills. At the startof the course, 18 sub-
jectswereassignedo a CT-group(Computer+Titor; groupcodel) andeightto a
T-group (Tutor only; groupcode?2); sesen additionalsubjectswereaslked to join
the CT-groupin alaterstageof the course(groupcode3).

2.2 DataAnalysis

The testwasgiven after 6 hoursof lectures,and containedl8 questiondisted in
Tablel.

We have constructedheknowledgestructuredelongingo therespectre groups
(T, CT, T U CT), aswell asthe partial orderson the subjectsandproblemsasde-
scribedin Sectionl. The transitive line diagrambasedon the generateadtoncept
lattice of thecombinedsetis givenin Figurel.

Althoughtheline diagramlooks rathercomple, we give it asan exampleof
themethod;in Fig. 2 we presentireducedrersion. Thediagramshouldbereadas
follows:

¢ If wecomparesubjectsanascendindine from subjectz to subjecty meansy
is better than x, sincey wasableto solve eachproblemwhich z couldsolwe,
aswell as(atleast)oneadditionalproblem;for examplesubjectl12(onthe
topright) is betterthansubjectl14.

e Ascendindinesbetweeritem nodesshouldbereadas“is harderthan”, e.g.
Aqg (onthetop left) is harderthan A7, becauseéherewasno subjectwho
did notsolwe A7, but did solve Aqg.

e An ascendingdine from a subjectz to anitem g indicateshatz wasnotable
to solve g; for example,subjectl12wasnot ableto solve problemAs.

e An ascendindine from anitem ¢ to a subjectz to indicatesthatz wasable
to solve g; for example,subject333wasableto solve problemA,.
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Tablel: Testquestions
Wie ...eslhnen?

= (a)trinkt (b)ist (c) kommt (d) geht
A, Wo...Sie?
(a) kommen (b) nehmen(c) wohnen (d) heissen
A | kommenSie?
(a)wo (b) wer (c)wie (d)woher
A, Verzeihungwie ... lhr Name?
(a) bist (b)ist (c) sein (d) sind
Ay Wie ... dasaufdeutsch?
(a) heisse(b) heissen(c) heisst (d) heiss
4 | .duauchEnglisch?
(a) sprichst (b) spricht (c) spreche(d) sprechen
A, Siebzehn
(@)27 (b)6 (c)17 (d) 16
Ag Dreiundzwanzig

()30 (b) 32 (c)20 (d) 23

Ag | GutenM...

A | Verzeihungw...istIhr Name?

Aq1 | Wies...mandas?

Ajx | Wow...Sie?

A3 | KonjugierenSiebitte “sein”.

A4 | KonjugierenSiebitte “wohnen”.

AntwortenSieoderfragenSie:

Dasist FrauLim. ...?

AntwortenSieoderfragenSie:

SiekommtausKorea....?

Ay Ar_1tw0r_tenSie_oderfragenSie:
Wie heissersie?. ..

AntwortenSie oderfragenSie:
Wo arbeitenSie?...

Scanningthe line diagram,a few items of relationalinformation canbe ob-
tained,andtheresultsaregivenin Table2.

Although this type of datarepresentatiotis rather“soft” (becauset usesthe
relationalinformationof the dataasthey are),we candrav someconclusionfrom
thestructure:

e ProblemAy is atthe bottomof the structureandit wassolved by everyone;
therefore, A9 containsnoinformationto separatéhe subjects.



Figurel: Theempiricallattice

Table2: Lattice structureexcerpt

Pairwise
incomparabldtems:
\ Somecomparablétems |
Al | Ag < A1 < A11 || As: Ag < Ag < Ass

As: | Ag < A3 < Ays || Ar: Ag < Ag < A7 < Ay
Ayl | Ag < Ay < Aqg || As: Ag < Ag < A7 < Ay
Ag < Ay < Ass Ag < Ag < Aqg

Ag < Ay < Ayy || Ag: | Smallestelement

Ag < Ay < A7 || Arg: | Ag < A1p < Ay

Ag < Ay < Aqg || A17: | Ag < A7 < Aqg

Ao, As, Ao, A11413, A14, A1, Ase, Aig

e TherelationsAs < Ay andA;s < A, shouldbeincludedin ary errorthe-
ory which describeghe testresults,becausahe phrasesisedareidentical,



but theharderitemscontainlessinformationhow to solve theitem.

e A, is akey item of the test, becausenot solving A, implies not solving
Aqg, A3, A1, and Ass.

It wasnotedearlier(Fox & Hamilton (1996))that the subjectsof the T-group
were not as successfubs the subjectsof the CT groups. This can be read off
the Figure by noting that no subjectsof the T group are locatednearthe top
node,whereassomeof the CT-group canbe found there. The low scoringsub-
jectsof both groupscanbe describedlifferently: The setof low scoringsubjects
L = {203,204, 206,216} of the T- group have problemsto posequestionsbe-
causeary item of the set{As, A3, A15, A1, A17, A15} dominatesat least3 ele-
mentsof setL. Thecritical itemsof thelow scoringsubjectsn the CT-groupsare
{43, Ag, A11, A13, A1, A15 }, which indicatesthat the conjugationof verbsis a
problemin thatgroup.

2.3 Reducing the Lattice Complexity

Thelattice representatioifFig. 1) of the datais very complex. This factindicates
thatmostof the subjectsarenot comparablaisingthefull setof itemsto represent
theknowledgeof the subjects Becauséhe studywasaimingatthe determination
of adifferencebetweerthe T-groupandthe CT-groupin termsof their knowledge,

we have developeda procedureto reducethe lattice compleity by disregarding

itemswhich cause@ncomparabilitypetweerboth subjectgroups.

More formally, we definefor eachl) # @ C P therelationRg C U x @ by
2) (z,q) € Rgq if andonly if = solvesproblemg.

Obsere that Rg is justtherelation R of (1) with its rangerestrictedto (), sothat
in particular Ry = R. We alsoset

rang = := {q € Q : (z,q) € Rg}.

For each) # @Q C P we now definethefollowing relationson CT' x T':

f

r<Qy (dé) rang r G rang y,
f

T>QY &) rang T 2 rang y,
f

T=QY <d£)> rang r = rang y,

THQY &%, noneof theabove.



Finally, welet O : 2V \ {0} — N bedefinedby

O(Q) = card(=q) + card(#q)-

In minimizing the objective functionO, we obtainaknowledgespacewith reduced
compl«ity (omitting theitemsA5, A6, A8, A10, All, A16), whichis presented
in Fig. 2.

Membersof the CT-grouparecodedby "1", andmembersof the T-groupare
codedby "2". It is obvious that the membersof the T-group have much more
difficulties with the chosernitemsthanthe subjectswithin the CT-group. In order
to testthis differenceswe usedarandomlabelingapproachusingthe statistic

_ card(>q) — card(<gq)
9(Q) = card(>¢q) + card(<g)’

and found out that the CT-group dominatesthe T-group («=0.05). On the con-
trary, the simplescalesumapproachusingthe samedata(Fox & Hamilton(1996))
shaws no significantdifferencesetweenboth groups. It shouldbe notedthatthe
optimizationproceduralid not optimizethe differencesdetweerthe groups(if so,
the usedrandomizatiorprocedurenould be invalid!), but minimizedthe number
of notcomparablelementswhich is simply areductionof errorvariance.

3 Knowledge Structures Generated by Experts

3.1 TheDataBase

In orderto constructthe theoreticalcounterparbf the empiricalknovledgestruc-
turegeneratedh theprecedingsection we asledfour expertsto performanexpert
analysisof thetest(seeKoppen& Doignon(1990);Dintsch& Gediga(1996)for

the details): Given a testitem, every expert hadthe taskto specify the minimal

combinationof languageskills a subjectshouldhave in orderto be ableto solve

theitem. Sincethereare sometimesseveral waysto solve a problem,the expert
wasgiventhe chanceto defineup to threewaysto solve the problem. In Diintsch
& Gediga(1995)we have shavn thattheskill functionapproactenablegheexpert
to describeary possibleknowledgestructure.

Four expertsperformecdthe procedure:
e Expertlis amalenative Englishlanguagedutor, teachingGFL.

e Expert2 is afemalenative GermanlanguagdeacherteachingeFL in Ger
mary.



Figure2: Thereducedcempiricallattice

e Expert3is amalenative AmericanlanguageeacherteachingeFL in Ger
mary.

e Expert4 is a female native English languageteacher teachingGFL who



constructedhe achievementtest.

3.2 DataAnalysis

Expert1 and Expert2 orient their assignmenbof skills at the lecture position of

thelearningmaterial,assuminghatonebasicskill learnedwithin alectureis suf-

ficient to predictthe outcomewithin the achiezement. Expert3 neitherproduces
all possibleknowledgestatesnor doeshe attribute the learningmaterialall to one
skill.

Interpretingthe first (“main”) setof skill assignmentsiExpert4 forms block
of problemswith equaldifficulties anda few predictionsaboutrelationsbetween
pairsof problems.Expert4 wasthe only one,who usedthe option of producing
morethanonesetof skill assignmentto theproblems.Unfortunatelytheresulting
knowledgestructurds nottestablebecaus¢hepredictionusingthefull setsof skill
assignmentsf Expert4 is almostthefull BooleanAlgebraof problemssets(only
one relationalinformation between?2 items remained). Therefore we have used
only thefirst setof skill assignmentsf Expert4 for the subsequerdataanalysis.

The skill assignmentsf the four expertsdiffer remarkably:For ary two arbi-
trary problems we obsere a maximalagreemenof at mosttwo expertsin terms
of skills minimally necessaryo solve theseproblems.

Table3 shavs somerelationalconsequencesf the skill assignmenprocedure
in termsof the relationamongitems. In our particularcontet, thereare three
cases:

o A; = A; if theskills minimally necessaryo solve A; arethe sameto solve
Aj.

o A; < A; if the setof skills minimally necessaryo solve A; is a proper
subsebf the setof skills minimally necessaryo solve A;.

o (A;, Ap) — A; if theunionof skills assignedo A; and Ay, is asupersebf
the setof skills minimally necessaryo solve A;.

Everyrelationcanbetestedempirically by usingthedataintroducedn the preced-
ing sectionby dividing the numberof subjectswhich accountfor the relationby
the numberof all subjectgColumn3 of Table3). Whereaghe predictionquality
of expert3 is satishctory the resultsproducedby the otherexpertsturn out to be
disappointing.



Table3: Restrictionswithin theknowledgestructures
givenby the experts’skill assignment

| | Restrictions | Evaluation ]

Expertl | A; = Ay = Ag = Ajo = A5 = Anr 0.333
As = An 0.708
A7 = Asg 0.917
Az = A 0.875

Expert2 A1=A2=...=A5=A6 0.292
A7 = As 0.917
Ag = Ao = A1 = Aro 0.250
Az = Ay 0.875
Ars = A1 = A1 = Asg 0.500

Expert3 | A; = Ao 0.833
As = An 0.708
(As, A11) — A 0.875
(A5, A11) — Asr 0.708
As < A 0.792
Ag < Asgg 0.875
Ag < Ay 1.000
(A3, 45) = As 0.917
(As, A7) — A, 0.958
(As, A11) — Ay 0.917

Expert4 | Ay = Ay = As = A1 = A 0.208
Az = Az = Ajg = A1z = A5 = Ass 0.292
(A27 Al?) — Als, (Ag, A17) — Alg, (Alz, A17) — Alg, 1.000each
(A13, A17) — Ajs, (A15, A17) — Ajs, (Ale,A17) — Aig

4 Summary of Conclusions

Knowledgeassessmentsingthe empirically determinedknowledgestructureof-
fers interpretationalvariations: First, the empirical knowvledge structureanalysis
highlightsthe internal (relational) structureof the knowledgeof subjectsthe re-
lation betweerthe problems,andfinally the birelationalstructureof subjectsand
problems. Furthermoredifferencesbetweengroupscanbe describedoy the em-
pirical knowledge structurein more detail thanby a summarystatisticbasedon
meanvaluesof solved testitems. This knowledgestructurecanbe achiezed by a
few algorithmicsteps,andanimplementatiorof suchatool in a CALL systemis
thereforeno substantiahdditionaleffort.

Asking expertsto build knowledgestructuresdasedon a skill orientedknowl-
edgedescriptionis a difficult task. Expertsdiffer in their opinion,andthe theoreti-
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calknowledgestructurepredictedoy theexpertsoftendifferssubstantiallyffrom the
empiricalstructure The experts’andempiricaldatashav thattherearesituational
factorswhich mediatethe ‘pure knowledge’ description.

One might aguethat the resultsof the expertsqueriesare of no interest,be-
causeeitherthe chosenexpertsarenot expertsor the queryprocedureusedis too
demandindor ahumanprocessorHowever, we firstly notethatonesubjectrepro-
ducedmostof the interestingrelationalinformationwithin the empirical knowl-
edgestructure;at leastfor this subjectthe resultsindicatethat the procedurevas
not too demanding.Secondly we think thatit is quite impossibleto achieze the
resultswithout expertise,simply by intuition. Neverthelessthe objectionthatthe
procedures too demandingor the ‘modal’ experthasto betaken seriously We
have obseredin earlierwork thatevenin fairly structuredcontets — like simple
problemsolving tasksin basicgeometry- the problemanalysisdoneby didactic
expertsis oftenincomplete. Therefore we have to admitthatthe applicability of
the problemanalysisusingour expertqueryprocedurdn alanguageachi&zement
testis aninteresting- but yet unsohed— problem.
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