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KIHCNIXICE-BACED ADAPTIVE CURRICULI"! CEQUENCING FOR CAL:

APPLICATICN OF A I=7

WCFX hEPIESENTATION

Keith T. Wescourt, Marizan Beard, ard Laura Gou].d1

Institute for Mathematical Studies in the Social Sciences
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Stanford, California

Cne aspect of tutoring skill for technical subt ects is irdividualized, adaptive sequencing of the

problens given to students as learning exerclees.

A Curriculum Information Network (CIN) describes

the rclationships between the problems in a CAI curriculum and the concepts and skills that they
are intended to teach. It is a basis for selecting problems for each student with recpect to his

evolving knowledge of those concepts and skills.

Tais parer descrites the application of a

semantic network to represent the complex interrelaticnships amcng the skills in a CIN for the
BASIC Instructional Program, a CAL problem-solving laboratory for introductory prograrming in the
BASIC language. The semantic network is used in drewins ccmplex inferences abcut the student's
state of knowledge and the problems that are arpropriate to present to him., Such inferences enable

more skillful problem sequencing by the CAL system.

1. Introduction

Since its inception, a major goal of ccmputer-
assisted instruction (CAT) has been to individual-
ize instruction by making the teaching system's
behavior contingeat on a student's responses during
prior interacticns with the system. Some early
adaptive CAI systems applied features of mathe-
matical learning and decision theories to sequen-
cing drill-and-practice curricula in elementary
mathematics (Suppes & Morningstar, 1972) and in
initial reading (Groen & Atkinson, 1966). These
systems generated problems of different types:
(e.g., addition problems with or without "carries")
according to an estimate of the student's mastery
of each type based on his prior history of correct
and incorrect answers. As a result, more capable
students could progress rapidly to harder problem
types and remediation and review could bte deter-
mined with respect to individual difficulties
rmanifested with specific problem types.

More recently, features adapted frcm Artifi-
cial Intelligence (AI) systems have been applied
to individualize CAI along other dimensions.
Pesearch on question answering and natural language
has enabled systems such ds SCHOLAR (Collins,
Warnock, & Passafiume, 1975) to conduct spontaneous
instructional dialogues, giving students great
freedom of expression and providing exposure to a
topic according to the student's demonstrated
familiarity with it. Other systems, for example,
SOPHIE (Brown & Burton, 1975), have been desigred
to monitor student problem-solving attempts and
react to errors or requests for help with comcents
that reflect the context in which the student has
teen working., Significant progress has teen uade
in Af-baced CAT toward understanling the student's
tehavior with respect to reprecentations of the
xnowledge he acqulres and uses, and nol merely in
terms of his perfomance on particular questions
&nd probleus.

Our research over the past few years has
attempted to apply some AT tochniques to

individualized curriculum sequencing for complex
scientific and technical subjects. Traditionally,
instruction in these types of subjects has depended
heavily on students solving large rumbers of prob-
lems. This method has proven to be effective for
forcing the integration of concepts and problem-
solvirg skills descrited in lectures &nd readings.
Cur ccncern has been to individualize the sequen-
cing of a curriculum of complex problems in order
to improve the acquisition and integration of the
unéerlying concepts and skills of the subject. The
result of our initial effcrts was the concept of
the Curriculum Information Network (CIN), a means
of describing the relationships among the problems
in a curriculum in temms of procedural skills
involved in solving them, and for 1modeling student
learning with respect to those same skills (Barr,
Beard, & Atkinson, 1976). A CIN and a problem-
selection procedure were implemented in the BASIC
Instructional Program (BIP), a CAI system that
teaches the BASIC programming language at an intro-
ductory level. The present paper describes our
recent research, in which we developed a semantic
network representation for structural and peda-
goglcal knowledge about BASIC ard some inference
techniques for using this network to increase the
sophistication of CIN-based problen selection in
the BIP system.

2. Overview of the RIP system

2.1 Design

BIP is designed to teach elcmentary program-
ming concepts and skills withcut lectures or a
stand2¢d textbook. All of the recources avallable
to students reside within the BIP system, fllus-
trated in Figure 1, except for a manual written
espncially for the course. Furthermore, after a
brief interactive introductory lesson, BIP presents
no further text lessons on programiing; instead,
tiie student learns to progran by solving prograa-
ming problems using a BASIC inte:preter built into
the instructional system, For the purposes of our
meearch, the value of LIP es a stund-alene CAL
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resource is tha:t the effects of problem sequencing
con student perfemmance are emphasized and caén be
evaluated more directly than they could in a rmlti-
fuceted systen involving lectures, readings, ard
question-and-arswer sessicns in addition to a

problem-colving laboratory.
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Figure 1. A schematic representation
of the BIP CAIL system.

2.2 Curriculua

The cnly parts of the BIP system that we need
to consider in this paper are those involved in its
curriculum-sequencing process. The curriculum
consists of abcut 100 human-zuthored programning
problems, vhich we refer to as tasks. While BIP's
task-selection procedures could work as well, or
better, 1f tasks were generated dynamically, at
present there is no way to generate complex tasks
that are as realistic and motivating as those
written by a person. Furthermore, in a real in-
structional situation, it is the more ucual case
that a teacher ztarts with a set of tasks he feels
arc appropriate and then considers a task-
sequencing strategy rather than vice-versa. The
following is a typical problem from the BIP cur-
riculum:

On the first day of Christmas, scmeone's
true love sent him/her a partridge in a pear
tree (one glft on the first day). On the
second day, the true love sent two turtle doves
in addition to another partridge (three gifts
on the seccnd day). This continued through
the 12th day, when the true love sent 12
lords, 11 ladies, 10 drummers, . . . all the
way to yet another partridge.

Write a program that ccmputes and prints
the number of gifts sent on that twelfth day.
(This 15 nct the seame as the total number of
gifts sent throughout all 12 days--juct the
number sent on that single 12th day.)

2.3 The CIN: Pelating tasks and skills

The primary knowledge base in BIP {s a Cur-
riculun Informaticn MNetwork., In the CIN of RIP-I,
the version descrited by Barr, et al. (1976), each
task in the curvisculum is described in terms of a
set of procedurnl skills necescary to coriplote it
successfully (L.z., to write the PASIC progran
that is called for). About 90 cxills arve vuied to
deseribe the entire BIP currienlum, with scme tasks
involving as few z3 one or ivo skills, and others
mowe than ten. FEach student’'s progivae throrch the
course is rodeled with respect to his leaming of
the total cet of s¥idls. The oskills defired in-
BIP-T in no way censtltute a surticlent tasis for

mpresenting the complete procens by which a student
understands :» protlem, deteimines a solution algo-
rithm, and implements it as acceptable B/SIC code.
The gkills relate only to tle ccding process, many
correspending to a single line of code. For
example, If a problem soluticn includes the lires

70 IMNPUT T
80 PRINT R * T

ece

then its description in the CIN would include the
skills, "assign numeric variable by -INPUT-" and
"print numeric expression [operation on variables]".

Althougi the skills are, for the most part,
defined in temms of syntactic constructs, BIP-I
task selection does not reflect the student's
knowledge of syntax, but instead depends on his
knowledge of the semantics and pragmnatics for using
the skill appropriately. All purely syntactic
errors are detected immediately by the BIP-I inter-
preter, which responds with explicit feedback
describing the error and illustrating syntactically
correct examples cf the construct. These syntactic
errors do not affect the model of the student main-
tained by BIP-I. This model is affected by logical
errors which allow the student's program to run,
but not to prcduce correct results. Many of these
errors can be associated with semantically or
pragmatically inappropriate use of the syntactic
constructs described by BIP-I skills.

In BIP-I, the skills are groupecd into about a
dozen aon-overlepping sets called techniques, such
as simple printing, assignment, snd conditional
branching. The techniques themselves are linearly
ordered according to judgments about the relative
complexity of the skills they contain. The tech-
nique ordering is used in BIP-I as a constraint cn
the order in which major concepts are intrcduced
and as a scale foi* detemmining whether problems
available for remediating particular skills are
appropriate to the student's overall progress.

2.4 Using a CIN for task selection

The general paradigm for applying a CIN to
problem selection is:

1. From the model of the student's learning
of all the skills, assemble sets of skills
that correspond to relevant pedagogical
considerations, such as "need further
work," "ready to be learred," "already
learned," etc.

2. Using thece sets and other historical data
(e.3., thote tacks that this sludent has
already completed), search the CIN for the
task that uges a sct of skills most con-
gruent ‘to 2 set that best salisties
overall pedasogical gonls. Tor example,
piven the coreall goal of reducing the
total nmualer of tesks stulents must com-
plete to m2ch a level of cunpetence, one

rnight cheeose to cearch for a task vith the
wont a0 fAurther work™ and "ready to e
learn 1" ©0i11s mnd the tevest "already
Jearmaed" shills.,
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3. Present the task to the student ead ane-
ly:e his perfomance oo 1t to updiele the
model of his leawvning or the sktlls.

Taree: main theoretical entilies bear cn this tagk-
"elt-. tea puradign. First, there is the represen-
taticn of kncwleire to be feaine «1, vhich 75 e
FkI11s In Tie Cll. Second, there i &
leaming, which naps p(_rf'on wnee on tna
charges in the student's knculedge of the ckillls.
Finally, there is a theory of 1n,Ln.Nlun, Wilch
for any state of knowledpe determines tihe rext
task that is "best" for the student to work on.

3. Applying & netvork represcntation of xnowleduye
to tubk selection

Our initial use of a CIN in BIP-I for selec-
ting tasks has demonstrated the successiful applica~

“tion of the CIN peradigm (Barr, et al., 1976).

Hovever, the representaticn of programming
knowledge and the model of student learning used
in BIP-I are very rudimentary. Most obvicusly,
BIP-I's ygrouping of skills into techniques is an
oversimplificaticn of the actual interrelations
between tkills. The technique groups do not pro-
vide a sufficient basis for anticipating a
student's performance in new contexts based on his
rerformance in related contexts--an important
aspect of a human tutor's skill in selecting tasks
for his student. Likewise, the student model,
consisting of counters for each skill, doces not
differentiate various levels of skill mastery in-
dicated by the amount of difficulty a student
encounters in caepleting tasks. We therefore
undertoox to design a new CIN-based task-selecticn
procedure for a EIP-II system, incorporating both
a nore detailed representation for the knowledge
underlying the curriculum and more complex assump-
tions for modeling student learning. The remainder
of this paper will focus on the new representation
we have developed and how it is used in the BIP-II
system.

In considering alternative representations
for the knowledge underlying a task, we recognized
that the most powerful approach would be a pro-
cedural representution sufficient to synthesize -
task solutions (see, for example, Brown, Burton,
Miller, deKleer, Purcell, Haucmann, & Bobrow,
1975, and Carr & Goldstein, 1977). However, the
state-of-the-art in program synthesis and enalysis
technigues has not yet advanced to a point where a
unanageable system’ could be implemented for auto-
natically solving pregramming problesis like those
in the BIP curriculum. Thus, we decided to extend
the originzl concept of a set of skills by embed-
ding the skills in a network representation
describing the structural and pedagoglcally sig-
nificant relations betiween them. The network
relationships allow inferences that potentially
ald scpnisticaticn to both the process of task
selection and of interpreting student performance
to uplate the student riodel. [For example,
unlearned skills that are deered Lo te ana. gous
to otner ckills that are alwady lcarned can be
given lower priority for inclusicn in the rext
task to be presented. Or, Lf cuch rkills occur
in a task that a student quits, then they can te
taken as less likely sources of his difriculty
than unlearred skills that arc annlogous to other

crll)s that ore almady krovm to Ye truubleseme Por
that student.

3.1 fhe BSLCUET

Rather than basing the rctwork of knowledge
to be learped directly cn the BIP curciculum, we
tuilt the skill relationships on a general repre-
sentaticn for RASTC peogriuws. From a gznersl
enalysis of the RASIC larguage, guides to EASIC
prograrming, and the ckills and techniques of
EIP-1, we developed a netlwork reprecentation for
BASIC programming construets (the BASICHET), a
simplified portion of which is shown in Figure 2.

CONTROL'STRUCTURE

/ \
UNCONDITIONAL ———————Y—————a CONDITIONAL

7 \\ / \

“IF" BOOLEAN “THEN" LINENUM FOR—=-Z»=NEXT

L

NEXPR  REL  NEXPR

X LY X

NUIT —HE o NVAR —HomSIMARITH

Figure 2. A simplified portion of the PASICNET
describing control structures of the
BASIC language.

The node names are self-explanatory; the links
(relationships) are Xind, Component, Hardress, and
(mutual functional) Tependency. The section of
the BASICNET shown specifies that there are two
kinds of control structures, and expresses a Jjudg-
rent that the conditional kind is harder to learn
than the unconditional. There are two kinds of
conditional structures, and FOR'NEXT is harder
than IF'THEN. The components of an IF'THEN state-
ment are the wvords "IF" and "THEN" with the Boolcan
condition and the line number in the appropriate
places. For the purposes of this illustration,
the POOLEAIl consists of a numeric expression
(NCXPR), u relational operator (REL), and another
NEXPR; among the three kinds of NEXPRs, nureric
literals (IILIT) are easiest, and numeric variables
(NiVAR) and simple arithmetic expressicns (SIMARLTI)
are increasingly hard.

Note that the downward links in the figure
provide inforaation like that found in a E{F nota-
tion for BASIC, while the horizontal links provide
pedagogical infommaticn specitying relative difti-
culty, ar:logy, and depend-ncy. The opinions
expressed by the horizontal links are necessarily
gereral and do not alwvays hold for all ctudents in
all stages of learning. For exmple, an arithmelle
expression is ;om-“"l]y a hurder construet than a
nurerie variable beczuse it often includes a
variable itself, but obscrv:-tlu\ indicates that
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using a statement cuch as PRINI' 644 tends to be an
easler task for a bteginrer thnn uwsing PRINT H.
This implies that, ultimately, Lbhe pedzgogleel
relationships tetween cencepts nust coretires te a
furction of the student's state of leaming at the
tize the relaticnships are to te uscd. Ve have
chosen not to tackle this refinement in the
BASICHET underlying the BIP-IT system.

3.2 List notaticn for the BASICANZY

A simplified version of the list notation we
use to represent the portion of the BASICIET in
Figure 2 is:

( CONTROL 'STRUCTURE K (UNCONDIPIONAL CCHDITIONAL))
(UNCONDITIONAL ¥ (END GOTO STCP) H (CONDITIONAL))
( CONDITIONAL K (T¥'THEN FOR'NEXT))
(IF'THEN C ("IF" TOOLEAN "THEN" LINENUM) H
(FOR'NEXT) )
(FOR'NEXT C (FOR NEXT))
(FOR D (NEXT))
( BOOLEAN C (NEXPR REL MEXPR))
(MEXPR K (NLIT HVAR SIMARITH))
(NLIT H (NVAR) A (SLIT))
" (NVAR H (SIMARITH) A (SVAR) S (SVAR))

The A links specify that nureric literals are
aralogous to string literals (SLIT), and that
numeric variables are analegous to string vari-
ables (SVAR). The S link says that NVAR and SVAR
are similarly difficult. (The information atout
SLIT and SVAR is found in another part of the
BASICWET.) The rnotation here is simply that used
to express property lists in LISP.

3.3 The BASICHET and BIP skills

After the BASICNET was defined, each skill in
BIP's CIN was rcpresented in terms of a subnet.
First, the structure of each skill was described,
in’ liot notation like &he following (where Skill
42 i1s "conditional branch, comparing a nuneric
literal with a numerie varie.ble"):

(skoh2 (IF'IHEN (BOOLEAN . (NEXPR . NLIT)
(NEXPR . NVAR)))

Skill 42 is represented as an instance of IF'THEN
(see Figure 2), in which the ECOLEAN ccmponent is
further specified as consisting of the relation
between a numeric literal (the first IIEXPR com-
ponent of the. POOIEAN) and a numeric variable
(the second NEXPR). The REL is left uninstan-
tiated, since Skill L2 does not specify the kind
of ccrmparison to te made between the two. Thus,
any RFL is appropriate.

Skill 43 is "conditional branch, caspaing a
simple numesic expression with a numeric varlable."
Its structure is

(sKch3 (skoh2 (MEXPR . SIMARTTH)))

The notalion is real "Ski1l U3 is identical to
%111 U2 cxcept tnat the first instonce of IEXDPR
should be SIMAKITI," which is extaebly what the
Erglish description of the skill savs. %111 W6
("econditional branch, comparing two numecic
variables”) is represented as

(SKoh6 (SKOL2 (NEXPR .

HVAR)))

eguin reflecting the minimal difference tetween
the related cklills,

3.4 Skill sets

Eased on the nctation for skill structures,
skills were grouped together into ten major skill
vets representing printing, nureric assignment,
string assignwent, IF-THENG, FOR-IEXTS, cte. Each
skill set was fomed by storting with a hcad skill,
not described In terms of any other skill--like
Skill k2 above--and all other skills (L3, 46,
ete.) described in terms of 1it, or described in
temms of other members of the set. As might be
expected, there was a degree of congruence between
the ten skill cets and tl.e technique grcupings of
BIP-I.

3.5 The SKILLSIET

Within each skill set, pairs of skills vere
examined to find their ninimal difference. If the
nodes by which they differ are linked in the
BASICHNET, that link was used to define a relation
between the skills. If the nodes by which two
skills differ do not have a direct link, relations
were sought at increasingly higher levels of the
BASICNET.

For instance, since the BASICNET shows NVAR
to be harder than NLIT, and SIMARITH harder than
NVAR, it follows that Skill L6 is harder than k2,
ard 43 is harder than L6. Tke relaticnships de-
termined in this manner between all pairs of
skills comprise the SKILLSHET, a knowledge repre-
sentation that can be directly expressed in a CIN
and used for task selection. The EKILLSNET, like
the BASICHNET, can be expressed in LISP property
list notation. (The underlining in the following
example emphasizes the relationships being dis-
cussed here.)

(SKok2 H (SKCh4 SKOt6 SKO4T) A (SKOLT)
P (SK003 EK036 £%4039))
(sKok3 H (SKCY7 SKOTS CKO61)
P (SK036 SXO4O ££003 SKOOS))
(skou6 _I_{ (sxou3 SK0L8 SKO4S) A (SKOu8)
P (SKOO3 K036 £K039))

The P links ghown here are Prerequisite links;
live the Hardress links, these are a matter of
redagogical opinion. The P links, however, appear 3
cnly in the SKILISIET, not in the BASICNET, and 4
express judgments that are more specific to the
BIP ccurse than those exzpressed in the BASTCNET.
A few of the skills (e.g., those involving the use
of tmilt-in BASIC functions such ds INT and SQR)
did not fall into skill scts since they ccemed not
to te describable in tems of any other skill.
These are rclated within the SXILLSIET only by
rezns of P links.

oz

3.6 BIP-II tosk-selection procedure

The new task-selecticn procedure for the
KIP-TL syctun, designed to uce the elaticuships

tetwern okills expressed in the CLITIGIHAT, is
idemtical to the technique«tnaced rethed in its
o/mrall Qesign: A et of skills apor-priunte to the
yident's current level of undevstaniing is gener-
eted, o get of tasks weing sore of those skills is




fdentifled, the lest of those tasks (l._-,l seve erie
terta) 1s presented, and the student redel is

updited bLacel on the student's pertoniece ond
self-evaluation on the task., ‘The major dirference
tetveen the tvo rethods is that by ucing an ex-
panled et of relations between skills in the
SKYLLSIET, the nev precedure con meke mole Intel-
ligent inferences both in upditing the student
uodel and in gererating the sct of skills to be
involved in the student's next taske.

The following is a sinplified descripticn of
the process by which a task is selected at any
point during instruction, given the student's
state of knovledge of all the skills. 'The pro-
cedure integrates a number of a prilori reasonable
pedagogical heuristles about, how to vary the
relative difficulty of tasks to cptimize learning
as performance veries and about how to teach & net-
werk of knowledge (e.g., breadth-first vs. depth-
first expcsure).

STFP 1: Create a set called NEED, consisting
of skills that will be sought in the next "
task. Look for "trouble" skills first (those
in tasks that the student quit), then for
analogies to learned skills, then for inverse-
prercquisites of learned skills. As socn as
a group of such £kills is found, stop locking.

STEP 2: Renove from the NEED set those
skills that have unlearned prerequisites.
Add those skills to the NOTREADY set (which
may be used later).

STEP 3: Given a NEED set, find the most
appropriate task that involves some of the
NEEDed skllls. .

(a) Asscmble GOODLIST, those tasks that
have the desired number of NEEDed
skills. ({'his number increases if the
student 1s consistently successful,
decreases if he has trouble.)

(b) If no GOODLIST can be created, make a
new NEED set ccnsisting of the pre-
requisites of the skills in NOTREADY.
If no new NEED set can be created,
then the curriculum has been exhausted;
otherwise, GOTO 3a.

(c) Find the "best" task: if the student
is doing well, find the task in
GOODLIST that has the fewest learned
skills; if he 1is progressing Lore
slowly, find the task with the fewest
unseen skills. Remove the selected
task from GCODLIST.

STEP 4: Ecee if the celected task is other-
wise appropriate.

(a) If none of the skills in the selected
task have unlearned prerequisites,
stop Jooking and present the task.
(¥ND)

(b) If any skills bave wnsatisfied pre-
requid™es, reject the tack and edd
those sktlls Lo the NOTREADY set.

(e) If GCOLLIST 48 exhmsted, change

(usually mduce) the eriterial number
of NEED skills, nnd GOAO 3. Other-

vt

vive, wsing the rest of GOOLDLTOT GUI0 3e.

A5 an exuple of the infervaces maede in the

generatlon of the IEED set, let us uscume that
6x1115 k2 ord €) ("¥FOR . UEXE loops with 1iteral
as final value off index") arc undec consideration,

Okill 61 is reprecented as
(SK061 H (£%C562) P (SKOU2))

The Prerequisite relationship zpccified that L2
rust be learned Lefore a task involving 61 can Le
presented. The structure enforced by the P links
relating pairc of skills gives the presentation of
tasks some degree of order, ard is designed to
prevent tco-rapid progress or drastic jumps in
difficulty. The Hardness lirks, in contrast, are
used to facilitate progress fcr a student doing
well, by allcwing scme skills to be considered
"too easy" for inclusion in the MNEED set. Such
skills are not inferred to be learred; they are
simply not scught actively ty the selection

algorithm,

As an exarple using the skills described here,
suppose that a student has successfully completed
a task using Skill L3, although he has not yet
seen Skill 42. (The fact that 43 is harder than
k2 dces not force 42 to be presented first; only
P links force such order.) When the task-
selectlon procedure assembles the next set of NEED
skills, 1t will "infer" that 42 is ncw too easy to
tecome part of that set, since sorething harder
than 42 has already been learned.

Furthermore, since L2 is now considered too
easy to look for, Skill 61 can now be scught. If
the student successfully ccmpletes a task involv-
ing 61, the student mcdel will be updated to show
that 61 has been learned, and by inference, that
its unseen prerquisite L2 has also teen learned.
These kinds of inferences (by which ckills can
reach too-easy or learned states without the
student actually having seen them in a task) can
of course be contradicted by direct observation or
by other inferences if the student has difficulty.
For example, the unseen prercquisite of a given
skill may change its state frem "too easy" to "in
trouble" if the studeat quits (gives up on) a
tesk involving the given skill. The next task
selection would attempt to find a task using that
prerequisite skill in such a case.

3.7 BIP-II performance

The BIP-II task-selection procedure has been
implemented with parareters (e.g., numbers of
skills sought and thresholds determining when an
unpresented skill is "too easy" to be included in
the LEED set) that can te changed ceadily. The
system can therefore te used to explore the
effectiveness of screvhat difierent padagozical
heuristics for task scquasneing. Ve *d thais
capebility in conjunclicn with a sinulation systen
ve developed to create a vercion of EIP-IT that we
expected would te effective fou a renge of student
abilitics. Pecently, we collected data frem a
group of abtout 27 studenis who uced this BIP-TT
systom. At this tize, the d:ta ke not teen
extencively snalyzed, tut we can previde a general
surimry and report our subjective clservations.
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The students vere limited to fifteen hours of
terminal tiwe with BIP. They were precented with
(but aid not necessarily ccmplete successfully) an
aver:ge of L0 tasks, the minimunm being 21 tesks
and the maxirmm 63 tasks. Only cne student dropped
out of the ccurse withcut ccmpleting ﬂt‘teen hours
or finishing the curriculum.

One overall measurc of the succecs of seman-
tic netvork CIN and related task-selection pro-
cedure is the relatlonship between number of
skills learned (according to HIP) and scores on a
peper-and-pencil posttest. The correlation
betveen these measures vas .86, and accounts for
T4 percent of the variability in the posttest
scores. Tre students also tuok a standardized
test of programming aptitude prior to instruction.
The pretest scores correlated signiticantly with
both the number of skills learned (r = .65) end
the pcsttest scores (r = .59); however, ina .
multiple regression of the posttest scores on the
number of skills learmed and the pretest scores,
only the number of ckills learned contributed
significantly to posttest performance. Number of
tasks presented to students was independent of
both test scores and number of skills learned.
Thus, the student model maintained by the BIP-II
system accurately reflects the acquisition of the
programming knowledge required by the posttest,
and predicts posttest performance independently of
the aptitude measured by the pretest.

Our informal observations indicate that
BIP-II task sequences are substantially different
from those of BIP-I. Most noticeably, when a
student dces well initially, BIP-II selects ccm-
plex tasks at a much earlier point than they were
selected by BIP-I. Students' reactions were ’
favorable, even when they spent considerable time
on these difficult tasks and then gave up. Task
selection following these failures seems respon-
sive: BIP-II selected simpler tasks involving
some "not-learned" skills that were involved in
the task that the student had quit. In many
ceses, these "remedial" tasks appear to have been
too simple, given the student's prior progress,
but most often BIP-II was in fact looking for a
more challenging task and could not find one in
the curriculunm.

Besides the sequencing "failures" due to the
limits of the curriculum, a large nmunber of inade-
quate task-selection decisions were caused by poor
data from the system's solution checker. In these
cases, the student had & substantially correct
program that was rejected by the checker. BIP-II
interprets the rejections as a sign that the
student is having difficulty with soiie of the
skills in the task and thereby intiroduced errors
into the student model. Scmetimes students in
our study became so frustrated by the rejection
of their programs that they quit the task,
creating even more severe errors in the medel.

Disregarding the difficulties caused by thece

weaknesses elsewhere in the instructionnl system,
our initial evaluation of BIP=IL's task velection
capabilitics is favorable. However, it is clear

that evalueation of the effects of manipulating the

parurcters of the celection process will te im-
peded until the cureiculun is expanded @nd the
soluticr cheerer is fnmproved.

6

4. Sumnmary and conclusions

Ve have indicated hcw coumplex knowled e
representations adapted from AL recearch can bte
used to describe a CAL problem curriculua end
thereby enable relatively sophisticated ind{vid-
ualized problca sequencing. In particular, a CIN
based on a semantic-network representation pro-
vides a medium for drawing indirect infcrences
a2bout what a student knows, vhat he is reajy to
learn, and what task in the curriculum will bvest
telp him learn it. A network representaticn then
is useful not only for expressing unambiguous
relationships (e.g., property-inheritance, com-
ponency), its typical application in AL systems,
but, in addition, 1s one way for systematically
expressing opinions about the pedagogical rela-
tionships among the concepts and skills a CAI
system is intended to teach.

Ve do not believe that the BIP-II system,
based on a CIN incorporating a complex network of
skill relationships, can match a human tutor's
ability to select prograrming problems adaptively:
Tre limitations imposed by the system's rudimen-
tary progrem checker insure some extrerme failures,
tut, beyond this, the SKILLSKET and the inferences
that use it only approximate the flexibility of
which a tutor is capable. Honetheless, tke more
evolved CIN makes it pcssible for tutorial CAI in
technical subjects to individualize student exper-
ience effectively across a range of student
abilities and instructional goals.
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