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Abstract

Thepaperdescribestwoapproachestowardsknowledgeassessmentwhich
canbe appliedwithin any CALL application. The first approachusestest
itemsto definea universeof empiricalknowledgestates.We show that the
relationsbetweenitems(‘areaboutequal’,‘is harderthan’)andsubjects(‘are
aboutequal’,‘is betterthan’)canbeeasilycomputedwithin aCALL system,
andthat theempiricalresultsgive insight into thestructureof problemsand
their solutions. Given a standardizedtest procedure,a CALL systemcan
usethis methodto describetheknowledgestateof a testedsubjecteitherus-
ing a referencepopulation,a knowledgestructuregeneratedby experts(see
below), or by computinga knowledgestructureusingthegivensample.

The secondapproachis basedon queryingfour expertsaboutthe skills
minimally necessaryto solve problemsof the item setof thefirst approach.
The resultsof thesequeriescanbe transformedinto theoreticalknowledge
structures,and the empiricaldatacanbe usedto test the predictionof the
experts.Theresultsshow that� Theexpertsdisagreeremarkably,� Mostof theexpertsdid notexpressevensimplerelationshipswhichare

observableby theempiricaldataanalysis,� Situationalfactorssuchastheappearanceof learningtasksin thesame
lectureareobservablein the empiricaldataaswell asin theopinions
of theexperts.�

Equalauthorshipimplied



1 Structural Background and Tools

We considera set
�

of subjectsand a set � of problemsas well as a relation�����
	 � suchthat

���������� �
if andonly if subject

�
solvesproblem

���
(1)

Theset ������� � �!� �"� ��#�����$� �&% is calledthe (knowledge) state of subject s,
andthecollection ' ��� �(�)�*� �+� �$%-, �/. � � % is calleda knowledge structure
. Eachknowledgestructure' is partially orderedby setinclusion

�
. We cansay

thataproblem
�

is a prerequisite of problem 0 if every statewhichcontains0 also
contains

�
; in this sense,we alsocall 0 harder than

�
. In otherwords, 0 is harder

than
�
, if thereis no subjectwhich solvesproblem 0 but fails to solve problem

�
.

Similarly, we cansaythatsubject1 is better thansubject2 , if 354&67358 .
A consolidatedline diagramof thesetwo partial orderssuchasFigures1 or

2 can be obtainedvia the formal concept analysis approachpresentedin Wille
(1982).

Supposethat 3 is a setof skills. A function 9��:�<; =?>A@ is calleda skill
function , if 9CB�0�D is anonemptysetof nonempty, pairwiseincomparablesubsetsof
3 for each0 � � . We interprettheelementsof 9CB�0�D asexactly thosesetsof skills
which areminimally sufficient to solve problem 0 ; in otherwords,eachE � 9CB�0�D
is a setof skills sufficient to solve 0 , while eachpropersubsetof E is not. If 9CB�0�D
containsonly oneelementE , theexpertstatesthateachstrategy to solve problem
0 mustcontaintheskills whicharespecifiedby E . If 9FB�0�D containsG subsetsof 3 ,
thereare G essentiallydifferentstrategiesto solveproblem0 . In Düntsch& Gediga
(1995)we have shown that eachskill function uniquelydeterminesa knowledge
structureon � . In otherwords,anexpertwhospecifiesaskill functionat thesame
time builds aknowledgestructure.

Knowledgeassessmentvia knowledgestructuresandskill functionshasbeen
usedsuccessfullyin otherareas(seeFalmagneet al. (1990);Düntsch& Gediga
(1995)),andbelow we describean applicationwithin the context of a language
learningenvironment.

2 Empirical Knowledge Structures

2.1 The Test Data

Thetestdatawereobtainedin aGerman as a foreign language (GFL) coursewhich
is documentedin moredetailin Fox & Hamilton(1996).
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The coursewasat beginner-level, and introducedlearnersto idioms andvo-
cabulary of introductions(greetings,introductions, origins, meetingand contact-
ing people),basicstructures(questionsandanswers),people’s identity, express-
ing wishes,role-play situations(pubs,making telephonecalls), basicgrammar
(presenttense,conjugations),basicsentencestructure(SV etc.),identifyingplaces
andthings,counting,languagefunctions(suggesting,advisingetc.),communica-
tive tasks,SVO, indefiniteanddefinite,negative andaffirmative.

In classaswell asby a CALL system,a rangeof exerciseswasgiven which
aimedat developingandenforcingtheseskills. At thestartof thecourse,18 sub-
jectswereassignedto a CT-group(Computer+Tutor; groupcode1) andeight to a
T-group(Tutor only; groupcode2); seven additionalsubjectswereasked to join
theCT-groupin a laterstageof thecourse(groupcode3).

2.2 Data Analysis

The testwasgiven after 6 hoursof lectures,andcontained18 questionslisted in
Table1.

Wehaveconstructedtheknowledgestructuresbelongingto therespectivegroups
(T, CT, T

,
CT), aswell asthepartialorderson thesubjectsandproblemsasde-

scribedin Section1. The transitive line diagrambasedon the generatedconcept
latticeof thecombinedsetis givenin Figure1.

Although the line diagramlooks rathercomplex, we give it asan exampleof
themethod;in Fig. 2 wepresenta reducedversion.Thediagramshouldbereadas
follows:

H If wecomparesubjectsanascendingline from subject1 to subject2 meansy
is better than x, since2 wasableto solveeachproblemwhich 1 couldsolve,
aswell as(at least)oneadditionalproblem;for examplesubject112(on the
top right) is betterthansubject114.

H Ascendinglinesbetweenitem nodesshouldbereadas“is harderthan”,e.g.I$JLK
(on the top left) is harderthan

IMJON
, becausetherewasno subjectwho

did not solve
I JON

, but did solve
I JLK

.

H An ascendingline from asubject1 to anitem 0 indicatesthat 1 wasnotable
to solve 0 ; for example,subject112wasnotableto solve problem

IQP
.

H An ascendingline from anitem 0 to a subject1 to indicatesthat 1 wasable
to solve 0 ; for example,subject333wasableto solve problem

ISR
.

3



Table1: Testquestions

Wie . . .esIhnen?TVU
(a) trinkt (b) ist (c) kommt (d) geht
Wo . . .Sie?TXW
(a) kommen (b) nehmen(c) wohnen (d) heissen
. . .kommenSie?TXY
(a)wo (b) wer (c) wie (d) woher
Verzeihung,wie . . . Ihr Name?T[Z
(a)bist (b) ist (c) sein (d) sind
Wie . . .dasauf deutsch?TX\
(a)heisse(b) heissen(c) heisst (d) heiss
. . .du auchEnglisch?TX]
(a) sprichst (b) spricht (c) spreche(d) sprechen
SiebzehnTX^
(a)27 (b) 6 (c) 17 (d) 16
DreiundzwanzigTX_
(a)30 (b) 32 (c) 20 (d) 23TX`
GutenM. . .TVUba
Verzeihung,w. . . ist Ihr Name?T UcU
Wie s.. .mandas?TVU W
Wo w. . .Sie?TVULY
KonjugierenSiebitte “sein”.T U Z
KonjugierenSiebitte “wohnen”.
AntwortenSieoderfragenSie:T UL\
Dasist FrauLim. . . .?
AntwortenSieoderfragenSie:TVU ]
SiekommtausKorea.. . .?
AntwortenSieoderfragenSie:T UL^
Wie heissenSie?. . .
AntwortenSieoderfragenSie:TVU _
Wo arbeitenSie?. . .

Scanningthe line diagram,a few itemsof relationalinformationcanbe ob-
tained,andtheresultsaregivenin Table2.

Although this type of datarepresentationis rather“soft” (becauseit usesthe
relationalinformationof thedataasthey are),we candraw someconclusionfrom
thestructure:

H Problem
IQd

is at thebottomof thestructureandit wassolvedby everyone;
therefore,

IQd
containsno informationto separatethesubjects.
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Figure1: Theempiricallattice

Table2: Latticestructureexcerpt

Pairwise
incomparableitems:

I
>
� IQP � I JLe � I JfJ I JLg � I J R � I J P � I JLh � I JLK

SomecomparableitemsI J
:
Iid*jkI J jkI JfJ I h

:
IQd*jlI h jkI J P

I g
:
Iid*jkI g jkI J P I N

:
IQd*jlI K jkI N jkI JfJ

I R
:
I d jkI R jkI$JLe IiK

:
I d jlIQK*jkImNmjkI$JfJ

Iid*jkISR*jkI JLg IQd*jlI K jkI JLe
Iid*jkISR*jkI J R Iid

: SmallestelementIid*jkISR*jkI JON I J
> :
IQd*jlI J

>
jkI
>Iid*jkISR*jkI JLK I JON

:
IQd*jlI JON jkI JLK

H Therelations
ISR&j7I JLe

and
I J
>
j7I
> shouldbeincludedin any errorthe-

ory which describesthe testresults,becausethephrasesusedareidentical,
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but theharderitemscontainlessinformationhow to solve theitem.

H IQR is a key item of the test, becausenot solving
IQR

implies not solvingI$JLe � IMJLg � I$J R
, and
I$JLK

.

It wasnotedearlier(Fox & Hamilton(1996))that thesubjectsof theT-group
were not as successfulas the subjectsof the CT groups. This can be readoff
the Figure by noting that no subjectsof the T group are locatednear the top
node,whereassomeof the CT-groupcanbe found there. The low scoringsub-
jectsof bothgroupscanbedescribeddifferently: Thesetof low scoringsubjectsn �<�/=?o�p � =?o?q � =?o�r � =tsur % of the T- grouphave problemsto posequestions,be-
causeany item of the set � I >

� I g � I J P � I JLh � I JON � I JLK %
dominatesat least3 ele-

mentsof setL. Thecritical itemsof thelow scoringsubjectsin theCT-groupsare
� I g � I h � I JfJ � I JLg � I J R � I J P % , which indicatesthat the conjugationof verbsis a
problemin thatgroup.

2.3 Reducing the Lattice Complexity

Thelatticerepresentation(Fig. 1) of thedatais very complex. This fact indicates
thatmostof thesubjectsarenot comparableusingthefull setof itemsto represent
theknowledgeof thesubjects.Becausethestudywasaimingat thedetermination
of adifferencebetweentheT-groupandtheCT-groupin termsof theirknowledge,
we have developeda procedureto reducethe lattice complexity by disregarding
itemswhichcauseincomparabilitybetweenbothsubjectgroups.

More formally, wedefinefor each.wv�yx � � therelation
�*z{���|	 x by

� 1 � 0 �-� �*z if andonly if 1 solvesproblem 0 �(2)

Observe that
� z

is just therelation
�

of (1) with its rangerestrictedto x , sothat
in particular,

�M} � � . Wealsoset

~���� z 1������(0 � x|� � 1 � 0 �-� � z % �
For each.wv��x � � we now definethefollowing relationson �i� 	 � :

1 j z 2�������� ~���� z 1�6 ~���� z 2 �
1�� z 2�������� ~���� z 1�� ~���� z 2 �
1�� z 2 ������� ~���� z 1w� ~���� z 2 �
1�� z 2 ������� noneof theabove.
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Finally, we let �|�#=
}w�
�/. % ;�� bedefinedby

�+Bbx$D[��� �?~�� Bb� z D��{� �?~�� Bb� z D �
In minimizingtheobjective functionO,weobtainaknowledgespacewith reduced
complexity (omitting the itemsA5, A6, A8, A10, A11, A16), which is presented
in Fig. 2.

Membersof theCT-grouparecodedby "1", andmembersof theT-groupare
codedby "2". It is obvious that the membersof the T-group have much more
difficulties with thechosenitemsthanthesubjectswithin theCT-group. In order
to testthisdifferences,we useda randomlabelingapproachusingthestatistic

  Bbx�DX� � �?~�� B¡�
z DC¢£� �?~�� B j z D

� �?~�� B¡� z D��{� �?~�� B j z D
�

and found out that the CT-groupdominatesthe T-group( ¤ =0.05). On the con-
trary, thesimplescalesumapproachusingthesamedata(Fox & Hamilton(1996))
shows no significantdifferencesbetweenbothgroups.It shouldbenotedthat the
optimizationproceduredid notoptimizethedifferencesbetweenthegroups(if so,
the usedrandomizationprocedurewould be invalid!), but minimizedthenumber
of not comparableelements,which is simply a reductionof errorvariance.

3 Knowledge Structures Generated by Experts

3.1 The Data Base

In orderto constructthetheoreticalcounterpartof theempiricalknowledgestruc-
turegeneratedin theprecedingsection,weaskedfour expertsto performanexpert
analysisof thetest(seeKoppen& Doignon(1990);Düntsch& Gediga(1996)for
the details): Given a test item, every expert hadthe task to specify the minimal
combinationof languageskills a subjectshouldhave in orderto be ableto solve
the item. Sincetherearesometimesseveral waysto solve a problem,the expert
wasgiventhechanceto defineup to threewaysto solve theproblem.In Düntsch
& Gediga(1995)wehaveshown thattheskill functionapproachenablestheexpert
to describeany possibleknowledgestructure.

Fourexpertsperformedtheprocedure:

H Expert1 is amalenative Englishlanguagetutor, teachingGFL.

H Expert2 is a femalenative Germanlanguageteacher, teachingEFL in Ger-
many.
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Figure2: Thereducedempiricallattice

H Expert3 is a malenative Americanlanguageteacher, teachingEFL in Ger-
many.

H Expert 4 is a femalenative English languageteacher, teachingGFL who
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constructedtheachievementtest.

3.2 Data Analysis

Expert1 andExpert2 orient their assignmentof skills at the lecturepositionof
thelearningmaterial,assumingthatonebasicskill learnedwithin a lectureis suf-
ficient to predicttheoutcomewithin theachievement. Expert3 neitherproduces
all possibleknowledgestates,nor doesheattributethelearningmaterialall to one
skill.

Interpretingthe first (“main”) setof skill assignments,Expert4 forms block
of problemswith equaldifficulties anda few predictionsaboutrelationsbetween
pairsof problems.Expert4 wastheonly one,who usedtheoption of producing
morethanonesetof skill assignmentsto theproblems.Unfortunately, theresulting
knowledgestructureisnottestable,becausethepredictionusingthefull setsof skill
assignmentsof Expert4 is almostthefull BooleanAlgebraof problemssets(only
onerelationalinformationbetween2 itemsremained).Therefore,we have used
only thefirst setof skill assignmentsof Expert4 for thesubsequentdataanalysis.

Theskill assignmentsof thefour expertsdiffer remarkably:For any two arbi-
trary problems,we observe a maximalagreementof at mosttwo expertsin terms
of skills minimally necessaryto solve theseproblems.

Table3 shows somerelationalconsequencesof theskill assignmentprocedure
in termsof the relation amongitems. In our particularcontext, thereare three
cases:

H IQ¥ � I:¦ if theskills minimally necessaryto solve
IS¥

arethesameto solveI:¦
.

H IQ¥wj§IV¦ if the set of skills minimally necessaryto solve
IQ¥

is a proper
subsetof thesetof skills minimally necessaryto solve

IV¦
.

H B IQ¥ � Ii¨ D:; IV¦ if theunionof skills assignedto
IS¥

and
Ii¨

is a supersetof
thesetof skills minimally necessaryto solve

I:¦
.

Everyrelationcanbetestedempiricallyby usingthedataintroducedin thepreced-
ing sectionby dividing the numberof subjectswhich accountfor the relationby
thenumberof all subjects(Column3 of Table3). Whereasthepredictionquality
of expert3 is satisfactory, theresultsproducedby theotherexpertsturn out to be
disappointing.
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Table3: Restrictionswithin theknowledgestructures
givenby theexperts’skill assignment

Restrictions Evaluation

Expert 1 ©Xª¬«w©®®«w©®¯®«w©[ª±°®«w©[ª³²�«w©[ª³´ 0.333©C²µ«w©[ªª 0.708©C´µ«w©®¶ 0.917©¸·�«w©[ª± 0.875

Expert 2 ©Xª¬«w©¸¹�«�º¡ºcºu«w©C²�«w©¸» 0.292©C´µ«w©®¶ 0.917©¸¯�«w©[ª±°®«w©[ªª�«w©[ª³¹ 0.250©Xª±·�«w©Xª± 0.875©Xª³²�«w©Xª±»�«w©Xª³´�«w©Xª±¶ 0.500

Expert 3 ©Xª¬«w©®¯ 0.833©C²µ«w©[ªª 0.708¼ ©C²A½b©XªªO¾À¿�©¸¹ 0.875¼ ©C²A½b©XªªO¾À¿�©[ª³´ 0.708© ¸Á © ª±° 0.792© ª±CÁ © ª±· 0.875© ¶¸Á © ´ 1.000¼ © · ½b© ² ¾À¿
© ¹ 0.917¼ © · ½b© ª³´ ¾À¿�© ¹ 0.958¼ © · ½b© ªª ¾À¿�© ¹ 0.917

Expert 4 © ª «w©  «w© ² «w© ª±° «w© ªª 0.208© ¹ «w© · «w© ª³¹ «w© ª±· «w© ª³² «w© ª±» 0.292¼ © ¹ ½b© ª³´ ¾À¿�© ª±¶ ½ ¼ © · ½b© ª³´ ¾À¿�© ª±¶ ½ ¼ © ª³¹ ½b© ª³´ ¾À¿�© ª±¶ ½ 1.000each¼ © ª±· ½b© ª³´ ¾À¿�© ª±¶ ½ ¼ © ª³² ½© ª³´ ¾Â¿�© ª±¶ ½ ¼ © ª±» ½© ª³´ ¾À¿�© ª±¶

4 Summary of Conclusions

Knowledgeassessmentusingtheempiricallydeterminedknowledgestructuresof-
fers interpretationalvariations: First, the empiricalknowledgestructureanalysis
highlights the internal (relational)structureof the knowledgeof subjects,the re-
lation betweentheproblems,andfinally thebirelationalstructureof subjectsand
problems.Furthermore,differencesbetweengroupscanbe describedby theem-
pirical knowledgestructurein moredetail thanby a summarystatisticbasedon
meanvaluesof solved testitems. This knowledgestructurecanbeachieved by a
few algorithmicsteps,andanimplementationof sucha tool in a CALL systemis
thereforeno substantialadditionaleffort.

Asking expertsto build knowledgestructuresbasedon a skill orientedknowl-
edgedescriptionis adifficult task.Expertsdiffer in theiropinion,andthetheoreti-
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calknowledgestructurepredictedby theexpertsoftendifferssubstantiallyfrom the
empiricalstructure.Theexperts’andempiricaldatashow thattherearesituational
factorswhichmediatethe‘pureknowledge’description.

Onemight arguethat the resultsof the expertsqueriesareof no interest,be-
causeeitherthechosenexpertsarenot expertsor thequeryprocedureusedis too
demandingfor ahumanprocessor. However, wefirstly notethatonesubjectrepro-
ducedmostof the interestingrelationalinformationwithin the empiricalknowl-
edgestructure;at leastfor this subjectthe resultsindicatethat theprocedurewas
not too demanding.Secondly, we think that it is quite impossibleto achieve the
resultswithout expertise,simply by intuition. Nevertheless,theobjectionthat the
procedureis too demandingfor the ‘modal’ experthasto be taken seriously. We
have observed in earlierwork thateven in fairly structuredcontexts – like simple
problemsolving tasksin basicgeometry– theproblemanalysisdoneby didactic
expertsis often incomplete.Therefore,we have to admit that theapplicabilityof
theproblemanalysisusingour expertqueryprocedurein a languageachievement
testis aninteresting– but yet unsolved– problem.
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