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oper at-ok- uses
oper at-ok- uses
oper at-ok-set s
oper at-ok-set s
oper at-ok-set s
oper at-oB- uses
oper at-oB- uses
oper at-oB- set s
oper at-oB- set s
oper at-oB- set s

(on-oper atfersi de right)

(on-oper atfersi de | eft) (not - Ropssago) )
(operatér auto-incr)

(on-oper atfersi de | eft) (epematddfy-assign)
(on-oper atfersi de | eft) (eopemnatbgn)

(on- oper at®rsi de ri ght)

(on-oper at®rsi de | eft) (not-Bopssaga))
(operat® auto-incr)

(on-oper at®rsi de | eft) (oBematbfy-assi gn)
(on-oper at®rsi de | eft) (oBeaasbgn)

A A A A A A A A A A
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whi ch operate in concept |learning domains. It is able to ftoinshtrlugt student n
and automati cathychi ng both expected and novel stutdents bbakafiret nopdel i ng
system whi ch can construct bug libraries automatically using the interactions

dents, without requiring input framdthetagrte the results into future nodel
efforts. Finathg enpirical evidence presented supports the two principal cla
research: (1) that automatically constructed refinenent-based nmodels can be u

cantly increase student performance and (2) that
matically using nmultiple student nodels as input.

a bug library can also be c
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Appendi x AC** Ttor Domain

Domain Features:

poi nter: {constant, non-constant, absent}
i nt eger: {constant, non-constant}

poi nteirni t: {true, false}

i ntegernit: {true, false}

poi nteset : {true, false}

i nt egeset : {yes, no, through-pointer}

mul ti pl e- oper anfdsr.ue,
position-A:
oper at-oA- | azy:

fal se}
{normal, left-raght-Iazy}
{ AND, OR}

| azy- A-l ef t -val{ueon- zer o, zero}
on-operatArsidefl eft, right}
on-operatBrsidefl eft, right}

aut
aut

oper at-ok:
oper at-oB:

mat hemati cal ,
mat hemati cal |,

{assign,
{assign,

nodi fy- assi gn,
nmodi fy- assi gn,

| ogi cal,
| ogi cal,

conpari son,
conpari son,
Correct Domain Theory.

constant-not-init
const ant - assi gned

conpile-error <«
conpile-error <«

constant-not-init (pointer
constant-not-init (integer
const ant - assi gned (i nt eger
const ant - assi gned (i nt eger
const ant - assi gned ( poi nter
anmbi guous <
oper ands- i nkec
oper ands- i nkec
oper and- A- uses <
operand- A-set s «

const ant)- i(pioi nt &rse)

const ant)- i(nint efgaErse)

constant}i nntegentsgeryes)

const ant }i hifiegeagsret t hrough- poi nter)
const ant } i moit ntpei seér

mul ti pl e- operands operands-1Iinked
oper and- A-uses opeBasetrs

oper and- A-sets opd-ais@s

oper and- A- eval uat ed opeustesr

oper and- A- eval uat ed opersaiter

oper and- A- eval uat ¢ghosi ti on- A normal)

oper and- A- eval uat ¢ghosi tion-A left-1azy)

oper and- A- eval uat éghbosi ti on-A right-1lazy) |lazy-A-full-eval

| azy-A-full-evad (operatdérlazy AND) (lazy-A-left-value non-zero)
lazy-A-full-evad (operatérlazy OR) (lazy-A-left-value zero)
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designed for use in classificati on domains. As &erexaepl sevkertahi preivi ous
student nodel ifray tef have focused on the domain of writing conputer prograns |
and Goldstein, 1977; Soloway et al., 1983; Soloway and Johnson, 1984), w
research was tested using a classification task where students were asked to
rectness of program segnments. This tie to classgktst dae domahesf ast| ahat

the nmost mature theory-refinement al gorithns devel oped thus far are designed f
tion and is not a limtation of the gehssakr foeamswor KSogf for i nstance, as
first order | ogic refinement nmethods are enhanced (Ri d®®5dssertdclinoney

be updated accordiegalyling it to address a wi der range of appilti ciati ons. Howe
not i nmedi ately clear how easy it wahssHRbé¢ ot @ mpapcedural donain.

Shifting the focus of nodeling to a concept-learning enphasis is not un
O her researchers, nmost notably G lnmore and Self (Glnmore & Self, 1988), hav
the potential of using machine learning for tutoring conceptual know edge. Cc
also has a fairly well explored pedagogyl0PDrkafd@dfiese t echni ques for
responding to incorrect student classifications are alreadgnmxi@nt in the lit
& Park, 1980). Thus a general technique for nodeling in concept donmains has
cability and can be coupled with instructional tetéoiiquesi showa pioebenef
tati on of conceptual reatmrsical, (IB71).

The second issue of inmportance is the coffpditicorexgjertimeer@s to previ-
ous studies perforned on the utility of student nopdeling. Miuch of the contro
dent modeling stems from a popular belief that detailed student nodels ar
dificult to build and yet result in little or no practicapreaiaes In truth
studies are few in nunber and have reached di sparate concl usions: one shows s
ing to befeonefve (Sl eeman, 1987), another shows that nodeling can indeed hav
tivefefct (Nicolson, 1992). Both of these studies used a bug |ibrary approac
extensive library was built by hand rather thalsaERronddurddldryroag, i n
both previous studies fuseenta fddrfm of reteaching than thdf Wded.in the C
Thus the*Cutor cannot be seen as a direct conparison to previous experiment
and shoul d, howeber seen as evi dentect hae efudent nodels can be constructed
automatically which will positively inpact student perfornmance.

VWhich leads to the third inportant tbleukindaotlyodeling done and the way
in which it is used. The enpirical results here show sinply that automatic no
a significant inpact on student performance. This saysboudt Hiheg,sdrdwesfer
nmodel s one ought to build nor about the best way to use them For exanple,
equal l'y significant results could be achieved by using a far sinmpler nodelin
that far better results codsdemr inelefl soinf t he student were all owed nore con-
trol over the nunber or type of counter exanples presented as feedback. Fur
need not restrict the nodeling Asgeabifotyusé only on renediation tasks.
Anot her way to interpret a “m sconception” is asfameetpveysiton sof ve i f
gi ven problem The npbst common bugs in the bug library may actually indicate
tial “correct” rule base does not, in fact, cover all correct solutions. Thu
to uskssert as a know edge acquisition tool which can learn from “creative” s
any event, the significant Assakuragse dfhat it is a general - purpose nmethod, tha
wor ks automati,caandg that it can significantly enhance student performance.

7 Conclusions
In conclusiAsBgeRT i s a general - purpose nethod for constructing student nodelin
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Part (a) abfl & conpares the three libraries based on size and on how many of
standard bugs were found. The 20-180 library perfornmed the best, finding al
bugs. That result is readily justified—by drastically reducing the amunt of
each student, individual bugs are much less likely to be found and thus nucl
end up in the bug I|&thrartye 100-12 |ibrary outperfornmed t hEh29- 1@vémnbrary
t hough having smaller amounts of data per student reduces the chances that ¢
will be found for any given individual, increasing the nunber of students inm
li hood that the bug will be present in sone student.

However note that the total overall size of the De&tldfbumyl idframe is | ar
three libraries. In fact, the 100-12 library has the |l owest ratio of conmon
in the librahiys dilution is a potential problemwhen the bug library is used
nmodel i ngfefts. Recall fromiS2cthah the bug library is treated as a search sp
refinements which is traverd$edti moamnnpf ove the accuracy of the rule base befo
is passedN#IGHER. |Increasing the size of the bug library w dens the search
potentially less likely that the comon bugs will be selected, which could,

t he nodel i ng accuracy

This concern is addressed i naBa& whd)chofshbws results from nore abl ation
tests aimed at determining if the ratio of common bugs to library size is det
of nodeling accurkey these tests, a new crop of sinulated students was cre:
each ablation test was run with this sane set of studentsFowvaeschg the bug
student only 10 of the 180 exanples were used for training, |eaving the ren
testing. As the numbers in thet hab2@ $howi brary results in alnost no inprovemn
f orASSerT- Ful | aAdserT- BugOnly (which used just the |iINRMyERM tasout
opposed A6SERT- NoBugs (which used no bug library). By contrast, when the “bett
libraries are used, the AsserT-deul lofakssERT- BugOnly is significantly better

This inplies that a bug library can be increnmentally inproved as nore stu
with the system even if the student interaction is noderate, resulting in m
eling. And as the daahl &r amd&bl & shows, nore accurate nodels |lead to better
remedi ati on and i nproved student performance.

5.2 Summary of Results

To recap, the main result presented in thAsssecivasn stvasnt hat si gni fi-

cantly inprove student performance in a test involving 100 college |evel st
C** Ttor devel opedAsstsr. Furthernore, it was shown that those students for v
ASSERT was able to construct significantly better nopdels were the students w
mance i nproved the nost. And while the use of a bug library did not significe
student performance, additional evidence was presented denonstrating the Ii
the contents of the library could inprove over tinme so as to significantly im
eling process. This enpirical evidence supports the two principal claim of t
that automatically constructed refinement-based nodels can be used to significe
student performance and (2) that a bug library can be constructed automatic
t hat can enhance refinenent - based nodel i ng.

6 Discussion

Several inportant issues have been raised by this research that nust be enph
pl ace the work into a proper context. The first issue concerns the type of k
nmodel ed. Unlike the previous frarded,i nghiedh focus on procedssert tasks,
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Library Total Examples Common Total Bugs
Students | per Student| Bugs Found | in Library
20-180 Library 20 180 all 6 29
20-12 Library 20 12 2 15
100-12 Library 100 12 4 48
(a)
Accuracy using diffemt starting Bug Library

System 20-12 Library 100-12 Library 20-180 Library
ASSER-Full 68.7 79.4 84.8
ASSER-BugOnly 68.6 79.9 84.6
ASSER-NoBugs 67.6 69.8 68.2
Correct Theory 63.1 63.5 62.6
Induction 25.4 26.0 23.9

(b)

Tabl &: Conparison of bug libraries. Part (a) conpares I|i
total number of bugs found, part (b) conpares accuracy

ablation tests like the one described in the previous section. In such a te:
sinmulated by nodifying a correct theory using six standard bugs selected pr
plus additional random rule changes. The nodified theory was then used t«
“answers” for 180 feature vectors representing a hypothetical “nultiple-c
Those answers were then pesssrd ttao see how well it could reproduce the nodifiec
theoryOnce this was done for 20 students, resulting in 20 student nodels, tfr
conmbined to build a bug library

Tabl 8 is a conparison of three libraries constructed using this technique,
i ng nunmbers of sinulated students and varyi ng anounts of exanple answers per
first |ihradgnoted 20-180, was formed from 20 student nodels built with all
exampl e answers per student. The secahdl?,i busedy 20 students with only 12
exampl e answers per student chosen randomy for each student from anong the
bl e. The 100-12 library was built from 100 students answering 12 randomy s
tions. Conceptualhgse three libraries were designed to fepapare three d
conditions: a few students answering |ots of questions, a few students answer
tions, andga hanmber of students answering a few questions. This conparison wa
at answering the follow ng two-part gAesstrRrorrug(1) bamei es fadty vef
when students answge aulnder of questions, or (2) caneonevexipegt! iebrar -
ies to gerfrom agé anunber of students answering a nore reasonabl e nunber of ¢
tions. If wuseful bug libraries cannot be constructed from small student m
utility oAsserr bug library is limted since one would still fe tied to coll
amounts of data on sone students to constrWdtl et horlei ketardent data wil |
al ways result in noreiadcurdummdels, it is inmportant to shawltlhet- a good
tivebug library can still be built over time using | ess accurate nodels as in
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Average

System Accuracy
ASSER-FULL 62.4
AsseER-NoBugs 62.0
Correct Theory 55.8
Induction 49.4

Tabl €: Results foffu€Cor nodeling test. The differkssess- bet
Ful | aAdserT- NoBugs are not significant (all others are

so as to be equivalently representative across the correct domain rules. Suct
quality is inportant to nmaintainexosthatorampdel ing with the training set ar
mani fested in the test set. Therefore, the 20 exanples from the pre-test an
grouped into 10 pairs, where each pair consisted of the two exanples (one fr
and one fromthe post-test) which covered the same domain rule. Then, traini
splits were generated by randomy dividing each pair

The result \?vﬁspdissible training-test set splits. For each of the 25 No Fe¢
dents, 25 training-test splits were generated, yielding B25rmRanples for con
Ful | awdaserT- NoBugs. Each system was trained with the training set and accur
measured on the test set by conparing what the system predicted with what the
t he No Feedback group actually answered. The resbl#s da dowrariirson
pur poses, we also neasured the accuracy of both, ansi nduthieveahneatmnai n-
ing and test set splits, and the correct domain rules. The inductive |earner
NEITHER With no initial ithewohych NMaseErR buil ds rules by induction over the
trai ning exanples using a propositional version of the FOL algorithm (Quinl
the correct theory no learning was perfornmed, i.e., the correct domain rules
out nodification to predict st lasstencdentSt ati stical significance was neasured usi
a two-tailed Student t-testfépenpai obdnmdahs at the 0.05 | evel of confidence.

These results illustrate that the groups with sighsseranEllyl babhtler nodel s,
ASSERT- NoBugs, are precisely the groups which perfornmed bestaldfd.er renedi ati or
This is further evidence in support of the fact that nobre accurate student nt
late directly to inproved student performance via noreall 2ecled renedi ati on
reinforces the finding of other studies (Our4664) ahdatbonductive nethods
are sinply notfemd iefe as theory refinement in ternms of accuracy

5.1.3 Bug Library Utility T est

However note that ftéreenibds alml & andabl & bet weYBSERT- Ful |  aRSSERT-
NoBugs are not significant. This means the use of the bug library did not sign
the performance of the student as expected, casting Ceudisnlas haviing atility
bug library did no harmto post-test performance, and perHagrsenvdéd h nore data
bet ween the two groups woul d i ndeed have been significant. Thus it would be us
more about the conditions under which, aasbugonsitibruaityd automatically by
Assert, m ght be expected to imnpact the nodeling process.

A series of tests designed to address this question, fasscrlidsy),in detail |
can be sunmarized by the resul tablshowhhiisr data was generated usi ng simnmul at ed

25



BAFFEs & MoNEY

Grou Average Average Average
P Pre-test Scar Post-test Scer Increase
ASSER-Full 44 .4 67.6 23.2
ASSER-NoBugs 47.6 67.2 19.6
Reteaching 50.8 58.0 7.2
No Feedback 54.8 56.8 2.0

Tabl d: T Tutor renediation test. Scores indicate percentsa
swered correctly. ANOVA anal ysis on average increase resu
between all groups exceptAssermwdarn | ahkssERT- NoBugs and

bet ween Reteachi ng and No Feedback.

cluded froablT™ is tAsserT-style feedback based on a nodel oéntshg-student
ni ficantly increase performance. There are no asl kowspublowesregase one

will get, whether the increase will always arise for every domain, how nucl
depends upon the size of the pre-teAsseRaisa midaedrernor what the perfor-
mance will be for other forns of nodeling or reteaching. What has been ill ust

automati ¢ nodeling and feedback pAsterrmednbyead to significant performance
i nprovenents over feedback using no nodeling at all.

This is the nost inmportant enpirical result fromthis reessearch. It ill ust
can be used to build a tutorial that significantly inpacts student perform
nodel s and bug libraries are automatically constructed using only correct kn
domain. Furthernore, it iguaeothéem dravor of the use of student nopdels since
shows (1) that they can have significant inpact over not nodeling at all and (
be constructed automatically wi thout resorting to the time-consum ng task of
l'i brary of bugs.

5.1.2 Modeling Performance using the C* Tutor

The second inmportant question to answer is whether or not there is a correl at
abilityAsderRT to produce an accurate nmodel and an i nprovenment in student perfo
This requires testing the nodel i ng AsseRorimandeE oflomai n, checki ng how
the various features of the algorithminpact the predictive accuracy of the
This can be acconplished using an ablation test format, iAss#RTch various pie
are disabled and the resulting systens conpared based on the accuracy of th
produce. There areféemendi Eonfigurati ons Assesni was used for nodeling. The
first, which is |Abs#redFlUl|,” uses everything available to construct the nopde
means referencing a bug library to create a nodified t hédmyHhifadr is then fed
further refinement. This nethod should produce the nost accurate nodels. The
ni que, | abefhssERT- NoBugs,” skips the bug library BedrHeresOoal ywoul d
expechASserRT- Ful | to out pek$sarm NoBugs because of the additional information i
the library

In the™*Cdomain, only the data from the No Feedback group is useful for ai
test. This is because no remedi ati on occurred between the pre-test and post-
dents in this group; thus, their 20 questions could be treated as a single
training set and test set exanples could be drawn. These training-test split
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is meant by “reteaching” is extrenely inportant, as it can have a profound
results of the experinent. Furthernore, reteaatakiqigretthodpordarant to cl ar-
ify the exact approach used. For this experinment, the essential point was to
f eedback based on nodel i ng nddr earpe divier feedback based on no nodeling at all
To that end, we chose an automated form of reteachi ng which used no informati
student, not even which answers the student got right or wong. In such an
vacuum the option left for reteaching is to select at randomfromthe rule
tion. Thus, for the “ReteachWssgRr gredwgzt ed four rules at random from the rul
base, and an explanati on and exanpl e was genefated for each rule.

The other two groups received feedback based on the nodels constructed for
fromhis or her answers to the pre-test questi onAssHrRor Fohlke” ggooapp)t he “
the fWdserr al gorithm was used to build the nodel and for AbsRst her group (th
NoBugs” group) O yHER was used, i.e., no bug library information was given
system For both these groups, bugs were selected for renediation based on
wer e found NHTHER.7 For tAsesert- Ful | group, bugs fromthe bug library were give
preference to those NmumerRbyin order of their stereotypicality value. In bo
ASSERT- Ful | aA&sSERT- NoBugs groups, if fewer than four bugs were found, the rent
of the feedback was sel ected at random as with the Reteachi ng group.

Students were assigned to the four groBpaceaafderdry Full group
requi red a bug | ithmarfirst 45 students to take the tutorial were randonly assi
ASsSeRT- NoBugs, Reteaching and No Feedback groups. The nodels from these first
dents were then used to construct @&héugeihbniang 55 students were randomy
assigned to all four groups but at threeAdsers RUid rgatoupg aurttid t he num
ber of students assigned to all groups was even (25 students in each group).

Since the four groups of student sf exaeit headeraaghi faccuracy on the pre-test
and post-test, they were conpared usi ngowvieeeavien agecur acy between pre-
test and post-test. Al so because each grdugr esdnsstatdehtaf vditth no pairing
bet ween groups, significance was neasured usitrgptan ABNG\We only vari able
bet ween groups was the feedback received, the significance test used was a 1-
ANOV A test at the 0.05 level of confidepsenuisiingl €T conpari son net hod
(Tukey 1953). The average inmprovenent in performance for the four groups is
Tabl 4.

The results of the experinment confirmed nost of our expectations. As predici
age performance decreased as the feedback AssEredt 6rom bubl library to
reteaching to nothing., MboebveXsserT- Ful | and AdserT- NoBugs students
i nproved significantly nore than students in the RassarhNaBugspupheFor
i nprovenent over Reteaching is nore that 12 percentagAsgenrnFall and for the
group, the average inprovenment is even greater

It is inportant to be very clear ababl & heNotesulhat itrhdre is a great deal
of variance anong the nmean pre-test scores in the four groupser- Though none
ences anong mean pre-test scores is significant, their variance is a concern \
t he significance off drteaceisf i n average increase from pre-test t,0o post-test. |
this is precisely why AhesAN@4as run to conpare the significance. What can be

6. Note that we specifical |y avoi desseeospaet egchi ng agai nst reteachi ng by Subhman tutor
compari son represents an émrriemel y editf. Here we were concerned with deAssesrs ng whet her
automati c reteachi ng fvast ameef eature of the al gorithm

7.NEITHER orders its refinenents by preferring those which increase accuracy the nost with the s
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formance over a control group which received no feedbtackas Addpécoedl |y
t hat students who were nodeled with the benefit of a bug library would see ¢
mance i ncreases over students who were nodel ed wihi mayt as liinbpaeyi ous st u-
dent nodeling studies (Sleeman, 1987; Nicolson, 1992) we wanted to test h
receiving feedback based on student nodels woul d conpare agai nst students
sinple form of reteaching feedback. In this case, the expectation was that re
on nmodeling would result in greater post-test performance than sinple reteact
Testing these three hypot heses was acconplished with three experinments: on
the eécts of renediation, another to neasure the accuracy of nodeling and a
the utility of the bulgnlt e angxt three sections each of these tests is descri

5.1.1 Remediation with the C"™* Tutor

For the renediation test, student s wiio ouseertehei @i ded into four groups. One
group received the full Assesfit 4 lid second used nodels fornmed w t hout the bene
fit of a bug lilrmerythird received reteaching and the fourth was a control gr
had no feedback. The expectation was that these four groups would exhibit de
formance on a post-test as the renedi ati onAssERgedo fmonbdgl | i brary to
reteaching to no feedback.

To test whefAsserT can i npact student performance, one needs to collect inf
tion for each student that has certaiao bégractethstidasa TWust be collected
both before and after any feedback given to the student to detect any change
Thus the"Cutor was constructed as a series of two tests with a remediation
bet ween. Secondllge data from the two tests nmust be equally representative «
dents capability and nmust be collected in simlar ways. The only way to detec
information from the tutoring programto the student is to have both tests
topics fromthe domain at siml arficdédryees of dif

To that end, a programwas witten to generate 10 exanpl e questions using
format as follows. Since each questidit 6r ocahheeCcl assi fied into one of three
categories, the 10 questions were divided equally anpbng the categories: three
correctly |abeled as conpilation errors, four were exanmples of anbiguous p
three were questions with no errors. This process was used to generate two S
tions, both of which covered the same subset of the correct rule base. This
two sets of questions covered the same concepts afficulh¢ ysdmaughewed of dif
two questions were identical. These two sets of questions represented the pr
test to be given to each student. One set of questions was used as the pre-t
dents, the other as the post-test, thus the sane pre-test and post-test was
dent. oTdi scourage cheating, the order in which the 10 questions were pre
random zed. This nmeant every student answered the sane two sets of questions,
diference was the feedback given between the pre-test and post-test.

Students were randonly assigned to four groups of 25, eadherodntwhi ch recei v
kind of feedback frdih TherC One group of 25 received no feedback, acting as
control group. This group was |abeled the “No Feedback” group. The other t
were given feedback using explanations and exanples as3d2s8ra ded in Secti
ensure that the foal gnak fbet ween feedback groups was the type of feedback rec
each group was given the same amount of feedbat&ur speairicas!l and four
expl anati ons for each student.

One feedback group received a form of automated reteaching. Specifying pre
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void main()

constintj=3, *h;

inti, k;

h = &j;

cin >> k >> i;

cout << (k % j); cout << (i %=j);

}

Is the abovg/A) a compile error,
(B) ambiguous (i.e., different outputs from different compilers) or
(C) neither AnorB ?

Fi gur8: Exanpl & @robl em

tutoring college-level freshnmen taking *ancountsedattbhg Oni veesasy of T

at Austin. In addition to this evidence, experinents are presented from an ar
whi ch student responses were sinulated. The advantage of this sinmulation dor
can be used to anal yze the réeSullitoroft égte C

5.1 C** Tutor Tests

The C" Ttor was devel oped in conjunction with df ¢oureseuat orlye Qni ver -

sity odxds at Austin. The tutorial covered two confieptts host begtahl pgdi f

C** students: anmbiguity involving statements with |azy operators and the proy
and use of constants. These two concepts plus exanples of correct programs
categories into which exanple programs could be classified. A set of 27 donm
devel oped to classify problenms, using a set of 14 domai nafitbagures, as being
ous aonpile errnfor incorrectly declared or usedreonhsiTamt $ptoer cate-

gory was the default category assunmed for any exanple which could not be
anbi guous or a conpi |l eFegub® shows an exanpl e question r @narhé fOr

the conplete listing“olither@l e base see Appendi x A).

St udents who used the tutorial did so on a voluntary basis and received ¢
their participation. As an added incentive, the material in the tutorial cove
woul d be present on the course final exam This established a high |evel of no
the students who participated in the tgestnuriwer taf tdteideart s i nvol ved, the
tutorial was made available over a period of four days and students were
reserve time slots to use the program In total, 100 students participated it

Three major questions were the fbtuBtof téet .CFirst, it was inportant to
establ i sh whet herAsgeErmotoul d be &acefve nodel er for students in a realistic ¢
ting. This was neasured by testing the nodel produced for a student on a se
taken from the student which had notAdseen gitverprtedi ctive accuracy of the
nmodel on such novel exanples was expected to be higher than sinply using the
base with no nodificati ons. Second, even with a perfect nodel one may not see
in student performance. Though a npdel nay be accuhenm e ist ugeadi atiilhg
reach a faulty conclusion, it my not hoev abbé tonpt edi on was reached. The
only way to determine the utility of a nodel is to provide the student with f
t hat nodel and measure any change i gdrd gtrederd.’” Our hypot hesi s was that
remedi ati on generated using nodAbseRiuinbtl Byresult in increased student per-
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> (pre-model-student *student-examples* *correct-theory*)

iteration 1
Trying to beat accuracy = 80.00
bug 10, Accuracy: 85.00, Stereotypicality: -38
bug 11, Accuracy: 85.00, Stereotypicality: -38
bug 12, Accuracy: 85.00, Stereotypicality: -38
bug 20, Accuracy: 85.00, Stereotypicality: -38
bug 29, Accuracy: 85.00, Stereotypicality: -72
bug 34, Accuracy: 85.00, Stereotypicality: -128

Picked bug 20. Bug is:
type: add antecedent to rule
rule: compile-error <- constant-assigned
antes: (integer-set no)

iteration 2
Trying to beat accuracy = 85.00
bug 5, Accuracy: 90.00, Stereotypicality: -32

bug 11, Accuracy: 90.00, Stereotypicality: -38
bug 12, Accuracy: 90.00, Stereotypicality: -38
bug 29, Accuracy: 90.00, Stereotypicality: -72

Picked bug 5. Bug is:
type: delete antecedent from rule
rule: constant-assigned <- (pointer constant) pointer-init pointer-set
antes: (pointer constant)

iteration 3
Trying to beat accuracy = 90.00
bug 29, Accuracy: 95.00, Stereotypicality: -72

Picked bug 29. Bug is:
type: delete rule
rule: operator-b-sets <- (operator-b auto-incr)

antes: nil
iteration 4
Trying to beat accuracy = 95.00
done

Fi gurg7: Trace of bug selection fromthe bug libre

5 Experimental Results

It can bgued that the ultimte test of any tutoring system design is whetl
results in enhanced student performance. This is especially true for student
use of a nodel cannot significantly inpact the educati onal experience then the
son to construct one. Furthermore, this evidence nust conme from experiment
| age numbers of students in a realistic setting so that the significance of
det er m ned.

In this section, evidence is presented in suppoAssedr desi ghacant hat t he
be used to construct tutosighsfiedmicigpact student performance. The bul k of
this evidence comes froma test using 100 students Whout ot ebactedfoith a C
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function ModifyRules (CR:correct rule base,
E:labeled student examples,

L:bug library): modif ied rule base;
begin
R =CR;
repeat as long as R is updated do begin
A= 7,

forb ., L dobegin
if Accuracy(R+b, E) > Accuracy(R, E) then add b to A,

end;
if A, 7 then begin
best = x . A with best accuracy value;
A¢= best;
forx ., Adobegin
if Paired-t-Test(best, x) not signif icant then add x to
AG
end;
end;
ifA, 7 then update R with x . A ¢with highest
stereotypicality;
end;

Fi gur#6: Pseudocode for bug library use.

breaker). When no bugs can be found that increase the accuracy of the rule b
quits returning the nost current version of the rules.

As an exanple of bug library selection, refer to a trace of the execution of
dent” routine showmigudd. This function is the inplenentdodiyRuks t he
pseudocode used by ™t g aCnentioned in SBc¢iiofhe trace shown is taken froma stu-
dent who interacted with the systegenst paiAssBR &deacri bed in detail below in
Section5) . The bug library used in this trace consisted of 34 bugs taken fromthe
dents who used ‘th&t@r Howeveronly a portion of the bug library is actually show
trace, corresponding to those bugs which were applicable to the m stakes nmade b
student. For a conplete |listing of asheeblgaki bnaentire trace afnttdriax-st udent’
tion with the system, see (Ba$, 1994).

Per haps the npst inportant Aeerris ebwd | i brary algorithmlies in its ability
nodel both common and uni que ni sconceptions. As with other bug-library based
met hods, the ability to use a cache of expected errors gives the nodeler an
in domai ns wherggea drarunt of data woul d ot herwi se be required for an accurat.
nosi s. But because the bug library here is used as a pre®@B8sgRr it theory refin
not restricted to using only those bugs prefentspeaecitfre $ibdamty probl em
not in the bug library can still be captured by the theory refinenent conpone
rithm Thus the final theor¥7ofha&igarei ally accounted fos drreorss vadent’

t he rest gets dtmaHby

This conpl etes the descriAigseEron A¥ has been sAes#grRT can nopdel both
expected student errors as well as m stakes unique to an individual. Further
fully automated schene for bug library construction, and by integrating the |
its automatic nodeling aAgsERItban continue to inprove its nodeling accuracy
over tine.
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r - 1
Explanation Labeled | ! Correct Bug
& Examples Examples| | Rule Base Library

A

Bug
Selection

Modified
Rule Base

3
I
I

a

|
Selected Rule Chang(*s

=
|
|
|
|

Rule Changes

All Changes

,.
|
|

\

Refinement-Base
Remediation

Fi gur&5: Overvi ew of exAssgrdal gorithm The area within th
line is the theory refinement conponent.

the library to be added to the rule base using a hill-clinbing search. Bug:
upon the predictive accuracy of the rule base areThéde@suhtr eset afldy -

fied rul e base whi ch resenbl esst behavudentore cl osely than the correct rules |
which may still be inconplete. The bugs which were selected are returned al
nodi fied rul e base since they nust be included with the final nodel of the st ul
nmodi fied rule base in constructed, it is passed to theory refinenent along w
exanpl es to determ ne any additional refinements necessary for reproducing th
the student. AlIl rule changes, whether selected from the library or constr
refinement, are returned as the final student nodel.

The pseudocode for constructing the nodified rul e bas&6iModihown in Figure
fyRules starts with the correct rule base, and loops as long as a bug can be f
i ncrease the accuracy of the rule base on the set of |abel ed exanples. The first
to find the accuracy of the rule base when the bug in question is added to the se
bugs which result in inproved accuracy are saved. Next, the bug which increase
nmost is found, and an inner loop is entered to pare down the list to only those |
ment in accuracy is “statisticlltyp ebeimsentBug, using a paired Student t-te
Finallyif there are still multiple bugs left, then the one with the greate:
value is picked to be added to the current rule base (random selection is u

4. nore preciswehgse i mprovenent in accuracy is less, but not statistically significantly |ess.
5. Since the accuracy values for all the bugs are conmputed using the same set of |abeled exar
dent, one can use a paired Student t-test fter eastd rrat eddurtaoy diet ween any two bugs is sta-
tistically significant (using the standard 0.05 | evel of confidence to indicate significance).
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B, = delete{b,c,d} S=4 B3 = delete{b} add{g,h} S=-2
B, = delete{c,d,f} S=2 B, = delete{b,c,e,f} S=2
B, B, B3 B,
By | | | B1
S=4 S=4
delete{c,d} delete{b} delete{b,c}
S=2 S=2 S=4
B, B, Bs By
B> | | | B,
S=2 ; S=2
delete{c,d} - delete{c,f}
S=2 =
B, B, Bs By
B3 | | |
S=-2 }
delete{b} - delete{b}
S=2 S=2
/ B1 B B3 B4
delete{b} | | | delete{b}
S=2 } S=2
delete{b} - delete{b}
S=2 S=2
B B, B3 B,
B4 | | |
S=2
delete{b,c}  delete{c,f} delete{b}
S=4 S=2 S=2
B1 B, B3 By
delete{b,c} | | | delete{b,c}
S=4 S=4
delete{b,c} delete{c} delete{b}
S=4 S=2 S=2

Figurg&4: Bug |ibrary construction exanple. “S” stands fo

m st akes made by a student. The di sadvantage of such an approach is that it
t he nodul ari tAsseRr’'s desi gn. Theory refinement would no |onger be an intercha
abl e conponent which could be swappdareumt frefinginient al gorithnms. A sinpler
approach, and the oneAssesd, iins to nmodify one of the i NRtTSER)i Veavto
ing the refinement al gorithmintacgt.t hepearfieat! yul e base is nodified before th
refinement process begins by incorporating elenents of the bug library which
the current student.

Fi gur&5 shows a schematic for how this is acconplishedheTlvorbegt!ibrary
rul e base, and thesstalbleinéd exanples are input to a process which sel ects bu
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function BuildBugLibrary (M:list of student models): bug

library;
begin
R=7;
form , Mdo add ref inements of m to R avoiding duplicates;
forr . R do begin
Best =r;

S = Stereotypicality(Best);
repeat while S continues to increase begin
Temp =~
forr . R do add Intersection(Best,r) to Temp;
G = member of Temp with highest stereotypicality;
if Stereotypicality(G) > S then begin
Best = G;
S = Stereotypicality(G);
end;
end;
add Best to bug library;
end;
return bug library sorted by greatest stereotypicality;

Fi gur#3: Pseudocode for bug library construction

Fi gur#4 shows a conplete example for construct, ngsiandughe ibuwgs yf rom
Fi gur&l plus one extra bug to highlight the hill-clinmbing nature of the al gori
four bugs are a series of boxes, each representing one iteration of the out
first box is the iteration which conputes the bug to be addedBtasthe library s
a seed, the second sBaras twhéhseed, et cetera. After saving tiBy stereotypical
the inner loop is entered and an LGG i sBf anied Heetotdesr t hree bugs. Once
the LGS are conputed, the best is found, iBR, Bl)i,svdash &S a stereotypi-
cality of 4. This is conpared with the current bhedt ssheeedathgpiecals tiyo
i nprovenent the inner |oop hal®stantthaddeg Li Bhargecond box, Bgr bug
al so yields no inprovement from generalizaBjomei mesaddedgunchanged to
the bug library

The next two boxes representing the iterations Bf ahlBy aueenoreop for
i nterestingBsFadrhe best LGG results fronBgamiBni nihe resulting generali -
zat i ondie$ et e{mhose stereotypicality value of 2 is an inprovenment of 4 point:
val ue fBy al one. Consequentleyi nner | oop repeats. A second mpowddicels LGG
no further inprovenent, resulting in the additiordedfettefdagetnes abiugati on
i braryFor bBgthe process is. shnfitser round of GRiuces an i nprovenent
whi ch cannot be surpassed by a second iteration of the imeB;)l,00p. Note tha
whi ch was conputed and rejected in theBt omsbohemMserce, turns out to be a use-
ful inprovement Byved one. The final bug library consists of the following fo
sorted in the foll owiBigder dee{ B} andel etefc}

4.2 Using the Bug Library for Modeling

Once the library is built, the question becomes how to use its information
nodel i ng process. Perhaps the nost obvious way to incorporate the bugs in th
alter the theory-refinenent algorithmto use the bugs as a nmeans for selectir
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B3
delete{b} add{g,h}

LGG(By, By)
B1 B, =delete{c,d}
stereotypicality = 2

LGG(By, By)
B,  Bj=delete{b}
stereotypicality = 1

LGG(By, By)
Bz ' B3 ="

Fi gur&2: Bug generalization using the LGG operato

bug decreasesditdteancdset ween the nodels and the correct rule base. The dis
bet wee@R and the student nodels is shown followed by the distances to the m
each of the three bugs i €Raddad cubating the distance between two rule se
ampunts to counting the nunmber of literal changes required.t@husnvert one to
changi n@R+B; i ntM, requires changing ahe euirto the auleb evhich is

done by del et iamgl additng The bottom of the figure has the stereotypicality vall
each of the bugs.

Figurg2 illustrateAstew forns generalizations anong the bud4.from Figure
Since any refinement to a propositional theory can be expressed as a logic c
conpute generalizations ueiasty geaeral general(ilza®)i ooper ator (Pl otkin,

1970). For propositional logic literals, the LGG of two refinenents is sinply
tionfhe LGG will often form a generalization that has better stereotypicality t
fromwhich it was taken. For iBsgtBycdeatGGt he vaBpemfiarh is 1. Likew se,
LGG(By,Bg) is betteBgtdamne. This will be the result whenever the LGG operation
nmore of what is commobn anong the nodels, and avoids nore of what is unconmmon.
note that the LGG is not beneficial in all casas;neme osade abowelL@Ge bot h

wor se t hanBfheefinenent al one, even thouBh dotdn useut .t I8 ncesult of form

ing the LGG of two refinenents is al sdhe peboesentan be continued, formng
LGG’s from LGGS5 which can also result in better or worse refinements.

Fi gur#3 shows the pseudocode for constructi.ngihe hugdhirbnbaly i dea is to
performa hill-clinbing search using successive LGG operations. Starting with e
a seed, nmultiple calls are made to the LGG operator to conbine the seed with al
ments fromthe nodels. As long as this continues to result in a better general
passes are made over all the refinements. The process halts when no generalizati
which will inprove upon the seed, which nust eventually happen since continued
bet ween refinements will eventually produce no change or the null set. The best
found starting with each refinement as the initial seed is kept.aAdyinserted into
duplications in the library are eliminated and the results sorted by stereotypicality

3.Note that a bug may have a negative .dirdresst ypibugl iitsy present in nore than
hal f of the student nodels, it will have a negative stereotypicality since the
between the bug and the ngjority of the npdels. What is ifgentant is the rel
between stereotypicality values
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Correct Rules (CR)  Model My Model M, Model M3

< bcdef <« be cdefgh

o0 ) oo
o000 o000
~
(]

—
...m L N ]
o000 o000
~

B4 = bug from M = delete{b,c,d}
B, = bug from M, = delete{c,d,f}
B3 = bug from M; = delete{b} add{g.h}

Distance from Correct Rules to Models:
distance(CR, M) = delete{b,c,d} =3
distance(CR, M) = delete{c,d,f} = 3 total =9
distance(CR, M) = delete{b} add{g,h} = 3

Distance from Correct Rules with bug from & Models:
distance(CR+B M;) =0
distance(CR+B, M,) = delete{f} add{b} =2 total=6
distance(CR+B, M3) = add{c,d,g,h} = 4

Distance from Correct Rules with bug from, td Models:
distance(CR+B, M) = delete{b} add{f} = 2
distance(CR+B, M,) =0 total = 8
distance(CR+B, M3) = delete{b} add{c,d,f,g,h} = 6

Distance from Correct Rules with bug frong td Models:
distance(CR+B, M,) = delete{c,d,g,h} = 4
distance(CR+B, M,) = delete{c,d,f,g,h} add{b} = 6 total = 10
distance(CR+B, M3) =0

Stereotypicality(B) =9 -6 =3
Stereotypicality(B) =9-8=1
Stereotypicality(B) =9 -10=-1

Figurgl: Stereotypicality conputation.

el s, call edt &edod ypi cal oftythe rule change. Third, in the process of ranking e:
changeAsSserT tests generalizations of the change to see if they result in bet
calitylf a generalization is found which has supetihen s$ther eal gpichalnigeyi s
replaced by the generalization. The final bug library contains the best genera
rul e change with any duplicates renopved.

Figured 1hrough 14 illustrate how a bug library is constructed for a contr
generated for illustration purposkewsFhguretereotypicality is conputed (for
details on how stereotypicality can be conput ed figs,| i1854) .t i They e aniBhf
els are shown at the top of the diagram each of which changes only one rul:e
rule base. Al the nodels alter the saseentl eaybut Sbn fbf exanple, the first
nodel changes tha«wulbec d byfdeleting the set of {dntecBddwm g efine-
ment for nolg| |abelBgd is tdelsete{b,.c,B¢l ow the npdels are the cal cul ati ons
for determining the stereotypicality of each of the three bugs by conputing
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Explanation Labeled Correct
& Examples Examples Rule Base

Refinement-Base
Remediation

Rule Changeq

Fi gur#0: Basi c desi gnAsbkerthal gorithm

concl usi on.

Fi nal | yFi gut@ conbi nes the conponents from Figures 6, 7and 8, show ng how
di al og flows between the student and the system Problens given to the student
into | abel ed exanpl es, which NmTpesN=ITHER uses these to refine a rul e base
representing correct knowl edge of the domain to produce a nodified rul e base t
the student. The refinements are then used to generate explanations and exanpl
ati on which gets passed back to the student.

4 Extending ASSERT’s Modeler

The previous three sections have descri béddsehe atgoei ohnt hehowi ng how

the flow of information between student and system can be inplenented as a
refinements that highli dgher eneesdibiet ween how t he system and the student eval u
the sane set of problens. As such thiAssexriplcains rluews student nodel s by
traci ng the ssullehfdVi or agai nst a known standard rul e base. Nothing, though,
sai d about how multiple student nodels are mned to construct a bug library
library is incorporated back into the nodeling process.

4.1 Building a Bug Library

ASSERT uses the rule changes resulting fromtheory refinement for each student
for constructing its bughil sbgekgsErT two advantages. First, the rule changes
are closely related to the type of input generated by the author of the tutor
rul e base nmust be supplied as input, expressing the bug library in ternms of
rule base i Seantiafe way to conmuni cate buggy i nformati on baS&cowodt he aut hor
the rul e-change format is prblei s@ERyushatto sinulate the behavior of the stu
dent. A bug library built of rule changes is thus already in a form which cal
directly into the nodeling process.

ASSERT constructs a bug library in three stages. First, it collects copie
changes from all the student modedls rtiogetiey any duplicates. Second, it ranl
each rule change by a neasure of how frequently it occurs anong the various

13
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EXPLANATION

One way to detect a compilation error is to look for an identifier which is
declared constant and initialized, then later assigned a new value.

A constant identifier is erroneously assigned when it is declared as a constant
pointer to an integer, initialized to the address of some integer, and later

set to the address of another integer. It does not matter if the identifier

is a pointer declared to point to an constant integer or a non-constant integer;
once a constant pointer is initialized it cannot be reset to the address of
another integer.

Specifically, note the following which contribute to this type

of error:

* There must be a pointer declared to be constant (but not necessarily
pointing to a constant object).

* A pointer declared to be constant must be initialized.

* A pointer declared a constant and initialized must be set after its
initialization.

Here is an example to illustrate these points:

Example

Here is an example which might appear to be a compile error
but is actually CORRECT:

void main()

constintx =5,y, w, *z = &x;
Z=&w;
cin >>w>>y;

cout << ((y *=x) || (y > w)); cout << (w -= Xx);

This example is NOT a compile error because:
* The pointer 'z' is declared as a NON-CONSTANT pointer to a constant
integer, so it does not have to be initialized and it can be reset.

Fi gur@: Exanple renediation given to a student.

ASSERT can thus generate an exanple which is corexadption é¢wner addayl or

m ssing conditions in the refinement. The result is then presented as a counte
student, and the various added or nissing conditions highlighted. Note that
very closely to tutorial nethods outlined for eomgephualddbmins (T

Fi gur@ shows an expl anati on and exacopt eeppondi ng to one of the refinenents

depicted previously i Repaleé that the |ast railwaofalRiguwde by renovi ng

one of its antecedent%.i Fitdgwr  eedback generated for this m ssing antecedent,
trating how the condition represented by the antecedent is essential to draw
clusion. The top hal f Qfshavgurtche text which explains how the rule fits in t
overall rule base. As part of the explanation, the three conditions of the r
its three correct antecedents, are item zed at the end of the explanation. T
generated which highlights how the “(pointer constant)” condition bears ol
answer to the exanple, showing how the truth or falsity of the condition | eac

12
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Explanation
& Examples

Refinement-Based

Rule Changes Remediation

r——= -7
I Pedagogical -~
N Knowledge

Fi gur@: System response di agram

How the correct rule base is constructed is crucial since it becones the |
whi ChASSERT i nterprets thesstacdemn's. |f the correct rules are expressed at t¢
or too low a level of detail, the ability of the systemto form accurate nod
i shed. OF course, this type of know edge representation problem exists for
tems. HoweyeXsserT gains an advantage by purposely isolating the correct ¢
know edge as a separate conponent: the author can easily change the focus of
altering the correct rule basef Mineendrs posséesieny tlievel s of under-
standing will use theulttutplre rul e bases can be witten to give the system no
bility

3.2.3 Refinement-Based Remediation

The | ast conmponemtssedr, the system response, is outl Bnedsiing Rilgure
refinement s producéld byER, ASSERT gener at es expl anati ons and exanples to reinforc
the correct formof the rule or rules nodified. The undexflnementapproach, cal
basedenedi ati,oris based on fundanental units of expl asawehenliadlilosd

Rat her than inmplementing any particuhsseERpeslagplgiyes the npst el enentary
information requirexplamtianth one or ewaeples For each refinenent

det ect ed NBy THER, ASSERT provi des two functions: the ability to explain a correc
the rule which was changed, and the ability to generate an exanple which use:
designer of a tutoring sysisertT Usdsng he option to generate nmultiple explanatic
or exanples, to determne the circunstances when such feedback is given, a
whet her the system or the student controls which explanations and exanpl es ¢
By providing such expl anati on- exApgdre suppbkies the raw materials for a vari -
ety of renedi ation techni ques.

The specifics of generating explanations and exanmpl es for each refinement ar
in detail ifmegBat994), but the underlying idea is straightforward. Explanatic
descri bing how the correct formof the rule (not the revised version) fits il
correct rule base. Each rule has an associ ated piece of stored text, descrit
rule base. A full explanation is generated by chaining together the stored
l'ying on the proof path for the correct |sabeabéhptfohetBeudeatple, i.e., the
| abel which is produced by the correct rule base for the given feature vector

Generating exanples is a bit nore conplicated sincedyhayi @ald yconstructed
rat her than being drawn from storage. Recall that edth Tredimersantt stade by
in the addition or deletion of literals fromNaolrel eulies tthentheoagded or
deleted as well, but this is the same as adding or renmoving blocks of liters
deducti ve nethods, the added and renpved literals can be traced down to the -
The result is a set of conditions in the feature vector which the student is
extra conditions not present in the feature vector which the.student think

11



BAFFEs & MoNEY

Problems + EszbnEw::)elgs

Fi gur@: Student behavi or di agram

that this know edge base can be nodified to replicate the solutions furnished

3.2.1 The Student as a Classifier

Fi gur@ depicts AS®ERT vi ews student behavi os assuned that all actions taken b
a student can be broken down dloaszsi $ieatddai si onsThat is, given a set of
i nputs, cabobtens the student will producabel esktexanphiieisch cl assify
each of the problens categamgach probl em consists of dreatar veore
torsdescri bing some aspect of the problem The task of the student is to pro
each feature yesebected from anong sone predeterm ned set of |egal |abels giv
student. The resulting set of |abeled exanples associates each feature vect«
sel ected by the student.

Inits sinplest form a problemconsists of a single feature vector present
in a nultiple-choice format, where the answers available to the student are t
a list of possible categories. Thus, for example, the classic diagnosis prob
a pati entsynptons (the feature vector) and ask the student to select a diagno
of diseases (the |abel). AHsErT dld dves used in concept |earning domains, whict
are common applications for automated training systenms. It also neans that s
will translate directly into a formusable by theory refinement, which requir
ples as one of its inputs.

3.2.2 Modeling by Theory Refinement

Once collected, the | abel ed exanples generated by the student are passed 't
refinement conponenfAssHRT, depicted in FighAsedi scussed previtdwesry

refinement will take an incom ng know edge base, plus an incom ng set of ex:
refine the know edge base until it is consistent wNehTHERet kganpl es. The

refinement systemis used to add or remove rules or parts of rules until the
duces the same answers as the student, i.e., will classify each feature vect

category | abel as the student. The resulting refined rule base is thus able t
dents behavi or

Labeled
Examples

Theory
Refinement

Correct Model
Rule Base)

Figur@é The student sinulation nodel.

Rule Changeq
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computeonerepair
for each example; >
select best repair

update theory with
»| repair using inductio
if necessary

[%2)

remove examplg
covered by repal

—

Criterion for computing a r epair for ONE example
Find the deepest, shortest, repair which causes the fewest new misclassifications

Criterion for selecting best repair from AMONG examples
Select the shortest repair fixing the most examples with the fewest new misclassificat

Fi gur4:Nel THER mai n | oop.

to nodify the repair to avoid new m sclassificati ons. The whol e process is ¢
| oop which continues until all m sclassified exanpl es haddebeesuhtcosnt ed for
t halNEl THER runs very qui ckly flese& Béfoneyl993), giving response tines that are
on the order of a few seconds. This is critical to an interactive tutoring
f eedback nust be generated for the student in a tinmely fashion.

3.2 Overview of ASSERT

Havi ng revi ewed the basics of theory refinenent, we can noAssarrn to the det ai
ASSERT views tutoring as a process of conmmunicating know edge to a student,
contribution of the nodeling subsystemis to pinpoint elenments of the inter
base to be communicated. At its npbst abstract |evel, such a tutorial can be
bet ween the student and the system as Sho®sERT If doupae on t he question of

how to construct a useful interpretatsomacofonbe Fhudehbcus is depicted as a
new conmponent inserted into the diagramas shown in the Theghnhaimal 6f of Fi gure
t he new conmponerdt,udent sinulation mogpeéli es that the system contains a know -
edge base that can be used to solve problens in the same context as the stu

Student Student
Behavior Behavior

Student
Simulation
Model

Figur®: Abstract view of student-tutor interacti
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R1: compile-errok constant-not-init

R2: compile-error  constant-assigned

R3: constant-not-inik  (pointer constant) (pointer-init false)

R4: constant-not-inik  (integer constant) (integer-init false)

R5: constant-assigned (integer constant) integer-init (integer-set yes)

R6: constant-assigned (integer constant) integer-init (integer-set through-pointer)
R7: constant-assigned (pointer constant) pointer-init pointer-set

R1: compile-errork constant-not-init

R2: compile-errox  constant-assigned

R3: constant-not-init < _(_antar-eerrstaﬁf) (pointer-init false)  (integer-set no)
R4: constant-not-ini¢  (integer constant) (integer-init false)

R5: constant-assigned (integer constant) integer-init (integer-set yes)

R6: constant-assigned (integer constant) integer-init (integer-set through-pointer)
R7: constant-assigned W pointer-init  pointer-set

Fi gur®: Exanpl eNefTHER refi nement. Above the dashed |ine
base before refinenment; below are the rules after refinene
shown in bol df ace.

rule. Passing exanples 2 and 4 to an induction al gorithmetouwod 'retsurn “(inte
the condition which can discrinmnate between the exanples. The final revise
which correctly classifies all four exanples3.is shown in Figure

Notice that the repairs chosen for exanpl e8 arando#d t heFbglyepossible
repairs for these exanples. For instance, exanple 3 could have been cl assi fit
error by renoving the conditions “(integer consstant)hrandh-poinhege)y”
fromrule R6, or by renmoving the conditions “(integer coaistges)” and “(int
fromrule R5. For thatremtiemg all of the antecedents from any one of the ru
through R4 would al so have repaired the theory for exanple 3, by making eitl
pile-error” or “constant-not-init” concepts provable by default. In fact, co
ble repairs for an exanple in the general case is exponential in the siz
Consequent |l yhe way in which repairs are calcul ated, as well as when a repair
the theory in relation to conputing repairs for other exanples, can have a |
on the accuracy and performance of the theory refinement al gorithm

A summary of NMBeHER al gorithmis provi ded4i NEFiHgaerepts for speed in
conputing repairs, focusing on quickly finding one good repair for each exant
is to find the smallest repair in the deepest possidbterpaonveftthg theory
theory into a MEapER uses a recursive routine which starts at the leaf rules
ory Failing conditions are collected at each rule and passed up to parent
choi ce is posslebtker al ways chooses the snuall gi ckepa rrandonly to break
ties. Each rule is visited only once, making the repair conputation |inear
t heory

Once a repair has been cal cul ated fomMNeeaedrR erhepts, one repair from
anmong the set to apply to tAedllemdriyon is made by tenporarily nodifying the t
ory with each ,regdiaqul ati ng how many exanples it fixes and how many new m scl a
cations it causes. These results are conbined with whd $heesahllbéstrepair
repair which fixes the nost exanples with the fewest new m scl assifications is
repair is then tested agai nst the rest of the exanples, and induction is perf

8
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Incorrect
Theory

Overly Overly
Specific General
Extra Missing Missing
Antecedent Rule Antecedent

Fi gur2: Theory error taxonony for propositional Horn-cl

rule base is “incorrect” since it does not produce the desired classificati ol
exampl es. Propositional Horn-clause theories can have four types of senmant
depicted in F2guhe overly-general theory is one that causes an exanple to be
in categories other than its own, i.eNEg ®ERahdes poswt ameecedents and
deletes rules to fix such problenms. An overly-specific theory causes an exang
classified in its own, ciategoryg fal se MBgaERveetracts exi sting antecedents
and learns new rules to fix these problems. By nmaking these four Kkinds of ¢
changedNEl THER can correct the semantics of the theory by altering the condit
whi ch rul es are sati sfied.

NEI THER use a conbi nation of three conmputations to determ ne.how to nodify
The first step is tepdindoa a single failing exanple by analyzing the rule b
deternmi ne what rules need to be changed to fix the theory for the exanple. Fol

itive exanple, a set of rule antecedents is found which, if deleted, will fix
example. Alternatifwal ya failing negative exanple, a set of rules is conputed
del eted, will repair.thbetbheoopd stamsta tepair for a single exanpl e agai nst
all the other input exanples to see if the repair will cause .ndvw m scl assi fic:
not, then the repair can be applied to.tl@ hehebsy, darédtilry step is taken
usi ngnductidmo | earn a set of additional conditions which will separate the e

by the repair fromthe exanples for which the repair causes new m sclassific
additional conditions are then used ta modify the repair

As an example, in Figuwtd ce that both exanple 3 and exanple 4 are fal se ne
exanpl es since neither is classified.aghienpinldecatresr t hat the theory is overl:
speci fic and must be generalized. One way to repair the theory for exanple 3
delete the “(pointer constant)” condition fromrule R7. This allows rule R7 t
the exanple, w thout hindering the classification of exanple 1, and wi thout c
to become so general that it would be sati sfiedtifrog tehxiasmt ep&.r Tagai nst
examples 1, 2 and 4 yields no new nisclassifications, and it can be applied
t heory

Finding a repair for exanple 4, ehalsefserdrit result. The sinplest repair is
to delete the “(pointer constant)” condition fremenultdiR3redaieves tested
agai nst exanples 1, 2 and 3, exanple 2 is erroneously cl a3befiedl §s conpil e-¢€
way to fix the repair is to renove the “(pointer constant)” condition from
example 4, plus add a new condition to the rule which keeps exanple 2 from :



R1:
R2:
R3:
R4:
R5:

compile-errox
compile-errox
constant-not-inik  (pointer constant) (pointer-init false)
constant-not-inik  (integer constant) (integer-init false)
constant-assigned (integer constant) integer-init (integer-set yes)

BAFFEs & MoNEY

constant-not-init
constant-assigned

R6: constant-assigned (integer constant) integer-init (integer-set through-pointer)
R7: constant-assigned (pointer constant) pointer-init pointer-set
Exanmpl e 1| Exanple 2| Exanple 3] Exanple 4
conpil e-ery true fal se true true
poi nt er const ant | non- const gnhon- const gnton- const gnt
poi nt<eirni t true fal se true fal se
poi nteset true true true true
i nt eger const ant | non- const gnhon- const gnton- const gnt
i ntegernit true true true true
i nt egeset t hr ough- yes no no
poi nt er

Figurg&: A Theory and Exanples. The desired classification
is shown in italics (thus, Exanples 3 and 4 are m scl ass

is repaired using a setxaofpl espihie exanples are assuned to be lists of featul
val ue pairs chosen froabaseseabtmnmai n features. Each exanpl e has an associ at ec
| abel oat egorwhich should be provable using the theory with the feature val
exanmpl eNel THER can generalize or special,i 2@ tdhoubhearser intervention, and is
guaranteed to produce a set of refinements which are consistent with the input
Fi gurg shows an exanple theory and four input examples. The top of the figl

part of a rul e-base takaAssfrromuanr built for teaching *d subseptsf C

(for a conplete |istid§ ®torheuCes, see Appéndhe Ajles, nunbered RI1-

R7, consist of a consequent which is considered true for an exanple only whe
tions to its right are provable fromthe feature values of that exanple. Prc
val ues represent either internmediate concepts or are shorthand for binary fe
“true” as a value. This sinplified theory has “cxdnpidres giatomgor ywhi ch

it can classify exanples. The input exanples, shown in the table below the rt
ered cl assi fied as conpile-errors only if they can satisfy rules RL or R2 or k
closed-world assunption is used to classify the exanple 8s, nioor conpil e-er
i nstance, exanple 1 is correctly classified as a conpile-error because it can
isfying either R6 or R7. Likew se, exanple 2 fails to satisfy any of the rul
rectly classified as non conpil e-error

However exanples 3 and 4 are misclassified by the theory in its current sta

2. The source code Amseotamd t h&" Qitor is available fromthe authors by anonynous FTP
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behavi or by incorporating know edge froma library of expected m sconcepti on:
be truly adaptive and to avoid the costs of bug library construction, one m
sort of dynam c modeling or learning algorithm And third, tracing student
pari son to expected correct behavibecftciarne bteo@n fedr detecting faulty behavi ol
wi thout requiring a great deAbseEdr seabthes these ideas by using a machine-

| earni ng techni quet kabdl ywdmemen{ G nsbgr 1990; OQurston and, Mi®tel,

Craw and Sl eeman, 10@dl| Tet al., 1990). Theory refinenent ausoaatiet hod for
callyrevising a know edge base to be consistent withypi ca&tl yoheexamples. T
know edge base is considered incorrect or inconplete, and the exanples repr
behavi or which the know edge base shoul d be abl e t ot keut afirenkibtvepeo-

cedure itself is blind to whether or not the input know edge base is “correct
sense; the theory-refinement process nmerely nodifies the know edge base until
tent with the exanmples. Thus, one can also use theory refomeacent by inputti

knowl edge base and exanpl eseofisbehavi,orand theory refinenent will introduce
what ever nodificati ons are necessary to cause the know edge base to sinulate
exampl es.

Theory refinement, then, provides a basis for thefidemehbpbasedof a
nodel er Starting with a representation of the correct know edge of the domai
exampl es of erroneous studenttbebayi oefinement will revise the know edge base
make it consistent with the student, i.e., introduce “faulty” know edge to ac
dents mi st akeThe refinenents nmade to the know edge base then represent a nodel
student, and can be used directly to guide tutorial feedback by conparing t
with whatever elenments of the correct know edge base they replaced.

Usi ng theory refindasary conbi nes the nethods used in previous nodeling sys
tenms. A theory-refinement |earner conbines the power of both analytic (as in I
INFER) and empirical (as in ACM learning techniques in an integrated, donm
dent wayssert can nodel any mnisconception consistent within the primtives
define the domai n. And AissaRt ypr ovi des an extension to theory refinenent that c
conbine the resuhustiopl &t udent nodel s df f éemt st udents. This nmechani sm
al | ow8ssert to construct a bug library, awi ohmaut cahkeynecessity of intervention
on the part of the Secttldomdescri bes this algorithmin detail weFtush, however
our attention to the nechani sm of theory refinenent and AssERTol e in the desigr

3.1 Outline of Theory Refinement

Havi ng outlined the phil osopsgedrehinedcan now turn our attention to the theor
refinement al gorithm arourfAlssERT cihs constructed. It is inmportant to point out
the start that basicAssERrgnsohot tied to a particular theory refinenent al gor
Ot her theory refinement systenbsewhichnmdihe one presented here could be used t
provi desserT wi t h défent or enhanced capabilities.

ASSERT uses tNm THER al gorithmf(eBaf 1994;f éaf& Mooneyl993) which is
based on Eh®ER t heory-refinement system (Qurston BOMpmesrR was cho-
sen as a starting point because it was the nost conplete synbolic theory-refi
avai | abNel THER is designed to work with a propositional Horn-clause know edge
sentation. It takes two inputs, a propositional Horn-d¢lhewose whilech base cal | ed

1. Keep in mind that the | anguage used here is highly subjective in nature. One need not take t
actions are “mistakes.” The central point is that theory refinement can be used to detect
actions which are inconsistent with its given know edge base.

5
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with a nunmber of proposed nal-rules and nust deci de which ones are the “keepe

2.3.2 Modeling by Induction

In anfeft to avoid the cost associated with hand-constructed bug |ibraries,
turned to machine learning. Their ACM system (Langley & Ohlsson, 1984; Lang
1990) was the fiost ¢fo harness machi ne | earning techni ques for diagnosis of m
tions through the ndectdforACM uses a dommai n-i ndependent induction algorithmt
i nduce control know edge representing how students apply operators in a giver
out put of induction is a set of conditions vaperhatpvédilctprwithateatee
which |lies orsolluéi on pabhnecting the input for a given problem to the st uc
solution. The conditions found by induction are then used to specialize the o
result is a procedure that nodel sunilypestpradritem sol vi ng behavi or

By using induction, ACM can operate  awtomstriucdliing nodel s that capture
both correct and buggy know edge.bddawmsweert he operators nust initially be gene
enough to nodel many kinds of bethvicorrect and incorrect, the potential se
space is huge. Langley et al. note this, and suggest various “psychol ogical |
ditions which can be applied to the operators to |imhbetbgssear ch. sHoWkver
fundanmentally linmted by the conplexity of having to construct a nodel com
scratch. This can only be renedi ed Qg eobuetsi n§ Hata on each student or by
i mposing further constraints on the search space, which would require find
straints by using the very human-intensive nethods this technique is designec

2.4 Tracing Techniques

One final style of student nodel er bears nentioning because it represents a bl
i ous techniques described to this point. In what rirghdi roechooseles,t er med

t he underlying philosophy is to follow along with the student during his or h
i ng, stopping whenever the student deviates from the correct procedure. As
t echni ques must have know edge of both correct and incorrect actions |ike bu
and must also have a mechanism for reproducing the steps followed by the
ACM s solution paths. Using the correct path as a bias, tracifig systenms can c
ciently

The pioneerihgres in this area arenfdeér soacitng ors (Anderson, 1983;
Anderson et al., 1985; Reiser et al., 1985), which follow student behavi or
interaction with the tutor to occur through nmenu selection. O her tracing s
| ogi c-based representation (Costa et al., 1988; I|keda & M soguchi, 1993; |
where the idea is to use an anal ytical approach, such as deduction or resol
t hrough a rul e-base to deternine where a m sconception |lies. Whenever the rul
produce a “proof” which nmmcs shacsitodgntthe points where the proof fail
become candi dates for querying the user about his or her beliefs.

Unli ke the previous nmethods, tracing techniques do not dynamcally const
model s. Instead, they rely upon either the assunption that the student can b
| ow al ong the correct path or querying an oracle whenever a deviation is det
they lack the ability to handl e novel student m scanceptions independently

3 Refinement—-Based Modeling

This previous work on student nodeling has resulted in three inportant ideas
research presented here. First, nodeling systems can increase their cover:

4
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directly on to the know edge used to engi neer the system The di sadvantage, i
tational restriction placed on the nodel —enly m ssing elenents of the corre
can be nodel ed. Alternative notions which a student m ght have cannot be capf
i cal |l yt hi s nmeangmtdwincepti areanot be nodel ed. Thus, overlay nodels can captur
the notion of a studektbf know edge, but they cannot be used to nodel the -
who knows of a topic but msunderstands it.

2.2 Bug Libraries

To address the limtation of overlay nodels, other researchers focused on col
bases of student m sconceptions typugallillyr dreir@sed cl assi ¢ bug-1ibrary work

was done by Brown, Burt@nlaioh {Brown & Burton, 1978; Burton, 1982; Brown &
VanLehn, 1980), Sleeman and Smith (Sleeman & Sm toungl@®t) ,O ShedaY

(Yung & O Shea, 1981), but a number of other systens can be said to incory
form of stored m sconceptions (Rich, 1989; MIller & CGoldstein, 1977; Quilici
way & Johnson, 1984)h &/ bug |jbmadgls are built by matching student behavio
agai nst a catal og of expected bpgsonsitchucale hand t hrough an anal ysi s of
student errors.

The idea is a very powerful one, especially if specific responses can be ti
buggy structures are encoded. tiowewgortant problenms remain with this sinpl:
bug-library approach. First, the construction of sucliiccdttalamgs thyrehand is a ¢
consuni ng task which must be repeated for every new domai n. Second, even if
taken, the resulting library may still fail to cover a wi de enough range of
tion successfulHay is, a student may exhibit a nisconception which was not al
by the author of theAsilwahyoverlay nodels, the static nature of bug librarie
t hem i ncapabl e of nodeling unantici pated student behavi ors.

2.3 Dynamic Modeling

To capture novel student m sconceptions, one nmust turn to sonme kind of sea
space of possibl ewbug®et hdds have been tried to date: one attenpts to extend
library and the other attenpts to infer a nodel of the student from scratch
machi ne—l earni ng techni ques. In both cases, novel errors are nodel ed by con:
buggy i nformati on dynamusalngy data from & dielderitdr t o bound t he search.

2.3.1 Extending a bug library

Sl eeman et al. (Sleeman et al., 1990) describe two extensions to their PIXIE
| NFER* and MALGEN, both of which can be used to ext.enidn aPlbdgBuigbr ary
libraries, msconceptions are encoded as fralltyulragBes ht ¢NFEER* and

MALGEN attenpt to generate new mal -rul es when the student exhibits a problen
not be nodeled using the mal-rul es already. ifhé¢hdebarycd ilbetarmgen t he

two extensions is that | NFER* builds new maapsilrespdnyt ifidll imgpr esent ati ons

of a studerdgol uti on, whereas MALGEN uses a generate-and-test method to crea
candi date mal -rul es.

The di sadvantage of both systenms is their reliance upon a user to decide v
rul es are appropriate extensions far @ hdebug clrieloii ar,y t he aut hors do raise thi
i ssue and discuss potential filters that m ght be used to cut down on the num
rules presented to. tUefasstunat é¢loythis point no general-purpose filtering nect
ni sm whi ch m ght be usabl e across domai ns has been found. In the end, the use
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Unf or t unat,eltyhe figiul ty of constructing and testing student nopdels has disce
many researchers from pursuing further investigations into the field. Despit
more than two decades of research has resulted in a wide variety of student
ni ques, the practical task of incorporating these techniques into a functi ol
tem has proved to be a mjor roadblock. Furthernore, neither the utility
necessity of student nodeling as a conponent of an ITS is a universally accey
to the contranyi nterview of ten well-known | TS researchers which appears in
1993 i ssueAlofCommuni cati aresre to the conclusion that “nmopst of the researcher
| onger believe in on-line student nodgl K Barhat8and®88). The article went
on to conclude that “instead of becomng nore integrated, the field has b
diveged in the last few years. It appears that scientists in the field of educ
ogy no longer share a research paradigm?”

Thus the current challenge for student nodeling is to show that nodeling
be nade bophacti candeffectivéhis is precisely the contribution of this wor!
enbodi ed in AssERT al gorit Wwquiring StereotypicalStudentEr r or s Bgfining
Theoriey .Assert was desi gned to show that student nodeling is a viable tool fo
an dfective tutoring system By taking advantage of some of the latest t
machi ne | earnAsgERT is able to construct studioitemboldel aneéfautomatically
catching both expected and novel student m sconceptions. Also, it is the firs
tem which can construct bug libraries automatically using the interactions
dents, w thout requiring input f,roamd hientaagrhedre the results so as to inpro\
future nodelifngrtef. In thi SAssERsd,s a sel f-inmproving studenki maldel er
ASSERT can be used to significantly inprove student performance, as will be s
sections which follow

The remai ni ng secti oganazedoas fol |l ows. 2Seevi ems previ ous work in stu-
dent nodeling as a notivation underlyi nfgssERe desitgBorbhen presents a
descri pt AsgserT focusing on the portion of the algorithm which captures indivi
dent errors. Next,4Sdestpbnbes how trends across a popul ation of students ar
matical ly coll ectedugnt opbgargnd how such a library is then incorporated intc
nmodel i ng process. ,Fidedtiforpresents experinental results followed by discuss
and conclusions in Sections 6 and 7.

2 Previous Work

2.1 Overlay Modeling

The earliest Al-based student npdels, enbodied in systems such as SCHOLAR ((
1970), WEST (Burton & Brown, 1976) and WJUSOR (Carr & Goldstein, 1977), used
of nodeling which is now generallyowveftayedodel agug overl ay nodel relies
on the assunption that a student's know edge is al ways a subset of the correc
edge. As the student perforns actions which illustrate that he or she under:
el ements of the domain know edge, these are marked in the overlay nodel. M
cated overlay nodels can express a range of values indicating the extent to v
bel i eves a student understands a given topic using some form of truth-mainte
(Finnin, 1989; MdB8Yy). However the marking is achieved, typically the unmark
ments of the nodel are used to focus tutoring on new problem areas for the
ensure full coverage of the donain.

The advantage of the overlay is its sinplicity; the elenments of the nodel
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Abstract

A critical conponent of nodel-based intelligent tutoring systens is a mechan
capturing the conceptual state of the student, which enables the systemto tailor
to suit individual strengths and weaknesses. To be useful such a nodeling techn
bepracticalin the sense that nodels are easy ¢fof eonistierudthe asghse t hat
using the model actually inpacts student learning. This research presents a ne
nmodel i ng techni que which can automatically capture novel student errors using onl
domai n know edge, and can automatically conpile trends across nultiple student
Thi s approach has been inplemented as a conps$eERT, pusgngma nachi ne
| earni ng techni quet lcadl ydr ef i nem@mnitch is a method for automatically revising
a knowl edge base to be consistent with a set of examples. Using a know edge base
rectly defines a domain and exanples of a student’s belWessErr in that domain,
nmodel s student errors by collecting any refinenents to the correct know edge be
are necessary to account for the student’s behavior. The efficacy of the approat
denonstrated by evalAsseRngusi ng 100 students tested on a classification task cov
ering concepts from an introductory dbupsegoamtieg G anguage. Students
who received feedback based on the nodel s aut omat iIAsHERY memfesrated] by
significantly better on a post test than students who received sinple reteaching

1 Intr oduction

St udent nodeling has a |long and interéating baskowgl| into thertesrliest ef
to producet el ligent tutoring IsySt.erBhe best method for constructing and usi n
student nodel is still the subject of nmuch debate. Mst student nodeling te

evef have a simlar goal, which m ght be defined as foll ows:

G ven A set efpectatiaregardi ng student behavior in sonme domain and,
A set olfiservati asfs a specific s lddrdvi or on one or nore tasks in that
dommi n,

Find Arepesentatiaocounting for any discrepancies between the expectations and
observations that can be used as a basis for tutoring the student.

| deal,l ya uni que nmodel is built for every student who interacts with the sys
capturing nisconceptions specific toveadh estnategdpogranmed into the

tutor Using the student nodel, an ITS would then nodify its feedback to s
strengt hs and weaknesses, enabling it to be truly adaptive to the individual.
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