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Preface

This report describes research on the Curriculum Information

Network (CIN) paradigm for computer—assisted instruction (CAL) in

technical subjects. The CIN concept was first conceived and implemented

in the BASIC Instructional Program (BIP) (Barr, Beard , & Atkinson, 1975,

1976).! The primary objective of CIN—based CAl and the BIP project has

been to develop procedures for providing each student with an

individualized sequence of instruction within the constraints of broader

instructional objectives. Although the initial BIP system was for the

mos t part successful in providing individualized problem selection, some

general weaknesses and specific failures were identified. The present

research was concerned with locating problems in BIP’S CIN and in

developing more robust CIN 8tructures and associated procedures for

curriculum sequencing. This research included the implementation of a

simulation procedure for debugging and preliminary evaluation of

CIN—based systems. The simulation was used to examine modifications to

BIP’s problem—selection procedure. The major effort was the development

a new CIN structure modeled on a semantic network formalism, which was

designed to overcome more general limitations of the original CIN

structure. The new CIN was implemented in the BIP—Il system, and data

were collected on the experimental use of this system.

I
IS IThe earlier research was supported jointly by the Office of

Naval Research and the Advanced Research Projects Agency. Subsequent
support was also provided by the Navy Personnel Research and Development
Center , San Diego.
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of this report

The organization of this report is as follows. Section I

describes the CIN paradigm in relation to other contemporary CAL

research on individualized instruction. Section II summarizes the

earlier research with a CIN in the BIP system and introduces the

problems we sought to understand in the present research. Our analysis

of existing and potential techniques—— in particular, simulation

methods—— for developing and evaluating knowledge—based CAL systems

(such as the CIN—based BIP system), is presented in Section III.

Section IV describes our development and use of an automated simulation

procedure for testing and evaluating modifications to the BIP

problem—selection procedure. Section V describes our development of a

CIN structure modeled on a semantic network formalism and its

implementation in the BIP—Il system , and presents preliminary data on

the experimental use of BIP—Il. In Section VI, we give our general

conclusions on the research program.
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I. Individualization in CAl

I
Goals and progress

I 
Much current research on CAL has stressed the development of

systems that can emulate a subset of the intelligent behavior displayed

I by human tutors. Among the capabilities that have been investigated

are:

I I) interac tive dialog cond ucted in some reasonable
subset of English

I 2) evaluating student answers by II undetstanding~
I

them in terms of the subject matter , ra ther than by
simply comparing them to the course author ’s prepared

I 
list of expec ted righ t and wrong responses

3) error correction or problem—solving assistance

I 
tailored to each instructional scenario

4) dynamic decisions about what and how to teach
based on the stude nt ’s previous interactions .

I Significant advances have been made toward representing the knowledge

I 
underly ing such capabilities and toward imp lementing then in prototype

CAl systems during the past decade . The student—machine interface has

I been broadened to use English (Brown & Burton , 19 75 ; Ca rbonell , 1970;

Coll ins & Gr igne tti , 1975) , computer—generated audio (Atkinson ,

I Fletcher , Lindsay , Campbell , & Barr , 1973; Sanders , Benbassat, & Smith ,

I 
197 6; Van Campen , 1970), voice recognition (Danforth , Rogosa , & Suppes,

1974), and grap hics (fork , 1 9 1 5) .  Answer checking and analysis has been

I investigated using several different approaches suitable fo r  d i f f e ren t

subject domains: proof checkers (Goldberg, 1973; Smith , Graves , Blam e,

I & Mar inov , 1975), a REDUCE—like algebraic simplifier (Kimball , 1973),

solution synthesis systems (Brown & Burton , 1975; Brown , B u r t o n ,

I
I
I 
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Hausmann , Goldstein , Huggins , & Miller , 1977; Brown , Burton , Miller ,

deKleer , Purcell, Hausman, Li Bobrow , 1975; Carr & Goldstein , 1977), and

heuristic pattern—analysis procedures (Collins, 1977; Goldstein , 1975;

Ruth , 1974). One course under development at [MSSS at Stanford uses a

natural language parser , an algebraic simplifier , and a sophisticated

proof checker to converse with the student about set theoretic proofs in

informal English (Smith & Blam e, 1976).

Since its inception , CAL has had the goal of providing

individualized” instruction , one aspect of which is sequencing the

curriculum material optimally for each student. Some early systems

applied elements of mathematical learning and decision theories (Groen &

Atkinson, 1966; Suppes & Morningstar , 1972). These methods have proved

successful for individualizing simple drill—and—practice in elementary

mathematics and language arts, but are not extensible to more complex

subject domains (e.g., Wollmer & Bond , 1975; see Brown, et al., 1975 for

a critique). Our research in CAL has focused on the issue of the

“representation” of the subject domain (which is also a fundamental

concern of current research in cognitive psychology and artificial

intelligence). The goal has been to provide a representation of the

subject matter that is sufficient for individualized presentation of a

curriculum, while maintaining the advantages for student motivation

inherent in a curriculum designed by human authors. To this end , we

have developed a representation called a Curriculum Information Network

(CIN), which may be best introduced by examining other approaches taken

toward individualization of curriculum presentation in CAL .

4
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Curriculum—based branchi~g

The most common sty le of CAL coursewa re now being wr i t ten , which

we will call “curriculum—based branching CAl ,” is an automated

presentation of a curriculum written by a human author. The author,

knowledgeable in the subjec t matter , has an implicit understanding of

the dependency of one concep t on another , and a plan for  how and when to

teach each one. His organization of the concepts results in an

integrated curriculum , presented in a sequence he considers to be

optimal in some sense for his model of his students’ existing knowledge

and learning abilities. This structure resembles that of a textbook,

established in advance of interaction with the student , but potentially

superior to a textbook in that the author specifies branching points in

the cu rriculum , providing for  a degree of individualization . The

subdivisions of the curriculum and the branching criteria constitute the

representation of the subject matter  in this t radi t ional  CAL sty le.

Figure 1 i l lustrates the basic mechanism of individualization in

curriculum—based branchi ng CAL . The instructor—supplied curriculum

consists of lessons , exe rcises , multiple—choice questions , tests ,

problems , or problem—forms (to be fi l led in by the instructional

program) . A record of each curriculum element a student sees and his

pe rformance on it is kept in a student history . The student starts with

a specif ied element. Problem—selection rules , which use the information

in the history , are used to select subsequent curriculum elements. For

example:

If correct then go to problem 8, otherwise go to problem 6.
If answer is 9 instead of 6 then student is wrong

and go to exe rcise 13.
If percen t correc t < 75 then go to review lesson Ill—Ri.
If percent correct > 90 then skip next lesson .

5
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The crucial poin t  here  is that  t~~~ branchin~ ru les  are def ined  in terms

of the curr icu lum elements themselves, which is the onl y aspect  of the

subject  mat te r tha t  the program “knows abou t . ” These rules can be bu i l t

in to  the s t r u c t u r e  of t h e  c u r r i c u l u m  (e .g . ,  as s tandard decision

procedures to be followed at the end of each lesson), or supplied

exp licitly (e.g., within particular problems , where certain responses

ca n be specially treated); the most typical case is some combination of

both. i~ m o s t  cases , howeve r , the net effect of curriculum—based

branching fo r individualizat ion has been only that  br ight  s tudents are

allowed to detour around blocks of material , or that less competent

s tudents  are given remedial lessons .

An example of cur riculum—based branching CAL is the AID course

developed at Stanford (Friend, 1973). This is a large scale course,

wi th  a hundred hours of curriculum material to teach the AID pr ogramming

language (Al geb raic In te rpre t ive  Dialogue) at the in t roductory

undergraduate level. The course has been used with  success in colleges

and junior  colleges as a in t roduct ion  to computer programming (Friend ,

197 5; Beard , Lo r ton , Sea rle , & Atkinson , 1973). It is a linear ,

“lesson—oriented” CAL program that  uses prespecified branching  c r i t e r i a

like those described above . One limitation of the course is that it

does not monitor the problem—solving activity itself. After working

through lesson segments on such topics as syntax and expressions , the

student  is assigned a problem to solve in AID. It is necessary fo r him

to leave the instruct ional  p rogram . call up a separate AID in te rpre te r ,

pe r fo rm the required programming task , and re turn  to the ins t ruc t iona l

program with an answer. As he develops his program directly with the

AID i n t e rp re t e r , his only source of assistance is the  min imal l y

informative error messages it provides .

7
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More importantly, ind ividualization within the AID course is

inadequate because of the  l inear o rgan iza t ion  of i ts  cu r r i cu lum.  The

curriculum consists of a large set of ordered lessons , rev iews , and

tests, and a s tudent ’s progress f r o m  one segment to the  next is

determined by his score on the  previous segment. A high score leads to

an “extra credit ” lesson on the same concepts , whi le  a low score is

followed by a review lesson. This individualization scheme , based on

total lesson scores, is reasonably effec tive in providing instruction

and programming practice , but since it deals with rather large segments

of the curriculum, the precision with which it can respond to different

students ’ difficulties with specific concepts is minimal . When allowed

to select a lesson, students almost invariably choose to proceed to the

next (numbered) lesson or to review just—comp leted material. For

examp le , even if a student recognizes that he is confused about

initializing and incrementing, his only choice is to request the review

lesson on loops. Because of the AID course’s limited ability to

characterize individual s tudents ’ knowledge of specif ic  concepts , and

- 
its inability to relate that knowledge to the curr iculum beyond

determining a ratio of problems correct to problems attempted , all

students cover the same concepts in roughly the same order , with slight

differences in the amount of review (Beard et al., 1973).

Genera tive CAL

At the opposite pole of CAl structure are “generative ” systems.

which do not use an author—wrP-ten curriculum at all. Instead , problem

statements and solutions are generated by retrieving informa tion f r om a

s u f f i c i e n t, in ternal  representat ion of the knowledge under ly ing  the

subject domain.

8
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An important goal of generative CAl is to incorporate the

instructor ’s knowledge of the subject domain into the instructiona l

program itself (see Figure 2). The program has a database containing

all the “facts ” the student is to learn , as well as the reasoning

procedures tha t  the i n s t r u c t o r  uses to manipulate those facts. It also

has pedagogical knowledge of how to present facts that the student

doesn ’t know in a way that will facilitate learning. Its student model

is a representation of what the student knows , not just what his

behavior has been on specif ic  previous exercises .

The SCHOLAR system. There are several examples of excellent

generative CAl programs in various subject areas (e.g., Brown & ~urton,

1975; Brown , et al., 1975; Collins & Grignetti , 1975). For subjects

such as geograp hy,  where the student ’s goal is to mas ter a se t of fac ts,

the SCHOLAR system (Carbonell , 1970; Collins & Grignetti , 1975) is an

advanced p ro to type .  SCHOLAR uses quest ion—and—answe r construct ion

algori th ms to engage the s tuden t  in a dialog about a subject  domain.

Carbonell ’s original goal was to build a program capable of generating

questions and answers in any subject area in which the information

represented was ill—defined verbal knowledge rather than a more

wel l—structured  subject like mathemat ics .  Subsequent research with

SCHOLAR built on this original idea , first expanding the

question—and—answer generating capabilities into other subject areas

such as on—line text editing (which requires that students learn

pr ocedures as well as facts) and then focusing on the reasoning skills

used to answer questions given incompleLe knowledge. With respect to

individualizing instruction , the concern of the SCHOLAR system has been ,

general ly speak ing, to respond more appropriately to the student in the

9
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1
immediate s i tuat ion; that  is , the a im has been to enable  the  system to

genera te  examples based on the  s t u d e n t ’s most r ec en t  e r ro r , or to

genera te  a next  ques t ion  r e l a t ed  to his most recent  hypo thes i s  about a

f a c t .  In both cases , the system ’s actions are de te rmined  by a model of

the  s tuden t ’s f a m i l i a r i t y  w i t h  all the f a c t s  in the  database  and the

learning goals i n f e r r ed  f o r  his most recent  i n t e r a c t i o n . .

However , SCHOLAR does not sys temat ica l ly  ind iv idua l ize  the

presentation of curriculum on a larger scale. The semantic network it

uses to represent the subject domain is organized as an outline of

topics and subtopics, each with an “I—tag” indicating its importance.

ln the version of SCHOLAR that tutored geograp hy, topic selection worked

as follows : Within time constraints , the program discussed the

information under an arbitrary topic down to a pre—specified level of

importance. When the allotted time expired , the program backed up to

another  hig h—level  top ic and began again to ask ques t ions , provide

related information , and give review down through the subtopics in the

order of their importance. The version of SCHOLAR that taught the use

of th e on—line editor proceeded through a set of lessons ; hints and

error correction were generated dynamically in response to the student ’s

input , but the overall path through the “curr icul um” was fixed .

Alt hough the later work with SCHOLAR moved beyond the teaching

of isolated facts ,, the dialog between the program and the student was

still characterized by episodes dealing with a single question at a

time . The NLS—SCH~ I.AR system (Grignetti , Hausmann , & Gould , 1975)

allowed the student access to the text editor itself , but the hands—on

problem solving involved only a very limited sequence of editing

changes. In general , SCHOLAR did not deal with more complex

11 
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problem—solving episodes requiring the integration of extended factual

and procedural knowledge .

The MALT sy~ tem . The MALT system (Koffma n & Blount , 1975) fo r

teaching introductory programming in machine language illustrates the

issues involved in producing generative courseware in subjects  centered

around comp lex problem solving . MALT uses a set of programming

pr imitives to generate programming tasks (by comb ining pr imit ives) wh ich

it can both present to the student , in English , and solve with a

program , since it can solve all of the pr imi t ive  tasks . One advantage

of this approach is that  the system can generate and solve a large

variety of problems . Another , perhaps more important  in our view , is

the system’s ab ili ty to presen t increas ingly difficult problems as a

funct ion of each s tudent ’s competence and prior  experience w j i t h e

primitives. Koffman (1972) describes his “intelligent CAL monitor ” as:

centered around the use of a student
model (summary of a student ’s pas t performance) and
a concept tree , which indicates the pre—requis i te
s t ruc tu re  of the  course. As the system gains
experience wi th  a par t icular  student , it up dates his
model and establishes to what extent he prefers to
advance quickly to new material  or build a solid
foundation before going on. Based on its knowledge
of the  student and his past performance , it decides
at which p lateau of the concept tree the s tudent
should be working.  All concepts on this p lateau are
then evaluated with respect to factors such as
recency of use , change in state of knowledge during
last interaction, current  s tate of knowledge ,
tendency to increase or decrease his state of
knowledge , and relevance to other course concepts.
The hi ghes t scoring concept is selected , a problem
suitable fo r  his experience level is generated , and
its solution is monitored.

The disadvantages of the MALT system are that it requires the

student to follow its own sequence of primitive steps in solving the

12
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problem , and that its problem statements are uninteresting and

unmot iva t ing  compared to those which a human t u t o r  would develop . For

example:

Your problem is to w r i t e  a program which w i l l :
Read in 10 (octal) 1—digit numbers and store their values

starting in register 205.

Here are the sub—problems for the 1st line :

(1) Initialize a pointer to register 205.
(2) Initialize a counter with the value of —10 (octal).
(3) Read a digit and mask out the left 9 bits.
(4) Store it away using the pointer.
(5) Update the pointer.
(6) Update the counter and if it ’s not zero, jump back to

start of loop.

Thus, although the problem—generation process enables the MAL T system to

individualize the sequence of instruction , it sacrifices the depth and

richness of content that makes problems interesting to students.

To summarize , the advantages for individualization of generative

CAL over curriculum—based branching CAL are considerable: the generative

program can provide tutorial instruction in specific areas relevant to

the student ’s needs. All decisions about what material to present can

be made dynamically ,  based on the ind ividual studen t’s overall progress

with the subject matter , rather than on his responses at pre—determined

choice points in an otherwise fixed sequence. Ideally,  the program

embod ies the same inf orma tion tha t makes its huma n author a subject

matter expert , and this information can be made available to the student

much n~~re f l ex ib ly than is possible in curriculum—based branching CAL.

The major disadvantage of genera tive CAl , at least for technical

subjects such . s computer programming, i~ that generated questions limit

the student ’s hands—on interactions with the subject matter , while

generated problems tend to be unmotivating to students.

13 
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The Curriculum Information Network

The approach we have developed using the Curriculum Information

Network adapts the techniques for individualization of problem selection

used in generative CAl to problems written by human authors. Thus, it

attempts to gain the advantages of both generative and more traditional

approaches to CAL .

In techn ical subjects, development of skills requires the

in tegra tion of fac ts, not just their memorization , and the organiza tion

of instructional material is crucial for effective instruction. As the

curr iculum becomes more complex , with each curriculum element involving

the interrelations of many facts , the author ’s ability to present it in

a way that facilitates assimilation and integration becomes more

important. At the same time , a history of pe r for mance on specific

lessons , questions or problems per se becomes a less adequate model of

the studen t’s acquisition of knowledge. The CIN is a means for

representing the complex knowledge underlying problems in technical

curr icula and for  modeling the learn ing of tha t knowledge.

The CIN provides the instructional program with an explicit

representation of the structure of an author—written curriculum. It

depicts the relationships between problems and the concepts that they

involve which , presumably, the author would use implicitly in

determining “branching” schemes for sequencing the problems. Using the

CIN , student learning can be modeled in terms of acquis i t ion of the

concepts, not just a history of right and wrong responses on the

problems. The CLN includes a description of each author—written problem

in terms of a subset of domain—specific skills needed to achieve a

solution. The instructional program can monitor the student ’s use of

14 
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these skills, and E hoose the next problem with an appropriate group of

new skills. As the student completes or fails problems , the CIN serves

as a model of his state of knowledge , s ince it has an estima te of h is

ability in the relevant skills , not just his performance on the problems

he has completed. Branching decisions are based on this model instead

of being determined simply by the student ’s success/failure history on

the problems he has completed , as shown in Figure 3.

In curriculum—based branching , simple problems may foc us on one

par ticular sk ill wh ich , by itself , the student may have mastered. On

the other hand , complicated problems may involve a large number of

different skills , some of which are beyond the student ’s ability to

learn when the problem is presented. Neither of these experiences is

likely to result in significant progress toward learning the subject.

Genera tive progra ms enable mo re produc tive learning episodes by

creating problems that focus on skills a student has demonstrated

difficulty with or those new skills which extend his prior learning.

But , as we have no ted , the program—generated problems are typically very

bor ing,  resembling mechanical exercises rather than challenging,

interesting tasks. The GIN approach also selects problems involving

appr opr iate skills , reducing the likelihood that the student will become

bored or f rus tra ted by the difficulty of his task. However, in

addition , the GIN provides the capability to present more motivating

human—authored problems.

The following is an example of a programming problem taken from

our CAl course in pr ogramm ing, which will be described in detail in the

next section:

On the f irs t day of Chr istmas , someone ’s true

15 
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love sent him/her a partridge in a pear tree (one
gift on the first day). On the second day, the true
love sent two turtle doves in addition to another
partridge (three gifts on the second day). This
continued through the 12th day, when the true love
sen t 12 lords , 11 lad ies , 10 drummers , . . . all the
way to yet another partridge .

Wr ite a program that computes and prints the
number of gifts sent on that twelfth day. (This is
not the same as the total number of gifts sent
throughout all 12 days —— just the number sent on
that single 12th day.)

The skills that describe this task are :

initialize numeric variable (not counter) to literal value
FOR . NEXT loop with literal as final value
Accumulate successive values into numeric variable
Multip le print: string literal , numer ic var iable

Since problems are selected on the basis of the student ’s pe r formance on 
- -

the skills underlying the curriculum , this problem might be presented

either when the student is ready to learn about FOR . NEXT loops that 
1~

accumula te a sum , or after he has had difficulty with such skills in a

different problem, and therefore needs more work on those skills.

Computer—assisted instruction has long promised to present an

individualized sequence of curriculum material, but in most cases this

has meant only that bright students are allowed to de tour around blocks

of curriculum , or that less competent students are given sets of

remedial exercises. By describing the curriculum in terms of the skills

on which the student should demonstrate competence , and by selecting

pr obl ems on the bas is of indiv idua l ach ievemen t and d if f iculties on

those sk ills, more meaningful individualization cati be attained. We

have explored the GIN approach for CAL in computer programming, but it

should be app licable in many other subject areas that involve

identifiable skills and that require the student to use those skills in

17 
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different contexts. The next section reviews our earlier development of

a specific Curriculum Information Network and the procedures used to

select problems adaptively , and summarizes the results that motivated

the further research on CIN—based CAL conducted under the present

contract. —

18
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II. The B IF-I CAl P~~&r am

Overview

This section describes our initial imp lementation of a

Curriculum Information Network in a fully operational CAL course. Our

experience over the past three years with the BASIC Instructional

Program ( H I P )  has given us insights into the power and limitations of

the CIN approach . The development of tile BIP system has been supported

by the Office of Naval Research , the Advanced Research Projects Agency ,

and the Navy Personnel Research and Development Center. BIP—I , the

version of the program operational prior to the present contract

research , is f ully descr ibed by Barr , Beard , and Atkinson (1975, 1976).

BIP is designed to introduce students to programming in the

BASIC language , almos t exclusively th rough  guided hands—on practice in

writing and running programs . Figure 4 illustrates the relationships

among the parts of the BIP system. Using the information in the CIN and

the student model, the task—selection procedures present the student

with a problem (“task”) to solve , typically of the form Write a program

that . . .“ As he types his program , the interpreter presents

specially—designed instructional messages when errors occur. The

student also has access to hints (both gra phic and text) and debugging

facilities , and he may execute the stored “model solution ” at any time

to see how his  own program is expected to behave . The so lu t i on  checker

eva lua tes  h is  p r o g r a m  by compar ing  i ts  o u t p u t  to t h a t  of t he  model

so lu t ion ; if h is  program is not acceptable , he may choose e i ther  to

leave the  task at that time or to continue working on his program. When

19
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I
he leaves , either by “quitting ” at this point or by successf ul ly

comple ting an acceptable program , the “Post Task Interview ” (PTL) asks

him to evaluate his own competence on the skills involved in the task.

The s tuden t  model is updated to r e f l ec t  the s tuden t ’s demons t ra t ed

competence wi th  the skills in the task and his responses to the PTI .

Dynamic task selection in HIP—I

The d i s t i n c t i v e  f e a t u r e  of the  CIN—based system is the existence

of the tasks as an unstructured pool of curriculum elements available

for presentation to the student ; the actual sequence in which he sees

the tasks depends on a s tored “advance ” s t r a t egy  only when a dynamic

decision process fails. The tasks in BIP represent widely varying

degrees of difficulty, and it is certainly possible to order then in any

one of a number of pedagogical ly  reasonable fixed sequences . This kind

of sequencing resembles the  order  of chap te rs  in a textbook , a

reasonable pa th  f o r  some hyp othetical “average ” student . The purpose of

the GIN and its associated student model and task—selection procedure is

to use the information from a particular student ’s interaction to order

the p r e sen t a t i on  of tasks;  the system is designed to respond to

individual  d i f f e r e n c e s  in ways that  are much too complex f o r  the author

to have ant icipated , much less specif ied f u l l y bef orehand f o r  all

s tudents .

The most important part of the CIN for purposes of task

select ion (as opposed to hel p ing the s tudent  solve the problem , fo r

examp le) is the  re la t ionsh ip  between each task and i ts  procedural

skills. The skills presently def ined in BIP are rather specific

desc r ip t ions  of p rogramming  cons t ruc t s  (as opposed to  more general

21
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problem—solving methods), such as “print a string literal” or

“initialize a counter variable.” Each task is described by the set of

skills that are needed to write an acceptable solution program , and

student learning is modeled with respect to the skills , and not the

tasks per Se. This “skill history ” is crucial to determining the most

appropr ia t e  next task fo r  a s tuden t  at any po in t  in h is  exper ience.  The

skills represent knowledge about (or mastery of) aspects of programming

itself , and a given task is selected because it embodies programming

knowledge that  requi res  remediat ion or is read y to be learned , as

determined from the model of the student ’s existing knowledge.

Although the skills are , for the most part , defined in terms of

syn tac t i c  cons t ruc t s , H IP — I  task select ion does not r e f l e c t  the

student ’s knowledge of syntax , but instead depends on his knowledge of

the semantics and pragmat ics  f o r  us ing  the  skill appropr ia te ly. All

purely syntactic errors are detected immediately by the BIP—I

i n t e r p r e t e r, wh ich responds with exp licit feedback describing the error

and illustrating syntactically correct examples of the construct . These

s y n t a c t i c  e r rors  do not a f f e c t  the model of the  s tuden t  ma in ta ined  by

HIP—I. This model is affected by logical errors which allow the

student ’s program to run , but which cause it to produce incorrect

results. Many of these errors can be associated with semantically or

pragmat i ca l ly inappropr ia te  use of the syntactic constructs described by

HIP—I skills.

In BIP—I , the skills are grouped into sixteen non—overlapping

sets called techniques,  such as s imple printing, assignment , and

conditiona l branching. (The skills and the technique groups are listed

in Append ix A.) The techniques themselves are linearly ordered according 
-
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to judgments about the relative complexity of the skills they contain.

Ihe techn ique ordering is used in BIP—l as a constraint on the order in

w h i c h  major concepts are introduced and as a scale for determining

whether problems availabl e for remediating particul dr skills are

appropriate to the student ’s overall progress.

The BIP—1 task—selection procedure based on techniques works as

follows : starting at the lowest (least complex) technique , all the

skills grouped at that level are compared to the student model; if any

skills are considered to “need further work ,” a task using some of those

skills is sought. (If no such “needs—work” skills are found , the skills

in the next higher techni que group are compared to the student model and

the process continues.) If a task is found that uses some skills needing

w o rk , and that doe s not require any skills at a higher leve l , it is

selected and the process ends. If no task can be found at a suitably

low level , the process moves to the next higher technique and re—applies

the cr iteria. Thus , the selection mechanism in BIP—I relies on the

techni que hierarch y for its overall sequencing: skills at low levels are

sought before those at higher levels , which , in general , simpl y means

that easier tasks precede more difficult tasks. Within this framework ,

however , the sequences of tasks selected for different students has

proven quite variable .

A skiLl is considered to he “mastered” if a student has

comp leted a task using that skill successfully, both by passing the

solution checker and by indicating in the PTI that he understood the use

of the skill in the context of the task. A student who has no

difficulty with BIP— l’s curriculum , always passing the solution checker

and indicating his confidence in his own iind er stand in~~. follows a

2 1
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comp letely pred ictable path through the techniques. More typ ica l l y ,

s tudents  have t r o u b l e  w i t h  var ious  concepts and programming s t ruc tu re s ,

and the re fo re  fo l low wide ly divergent  pa ths , since H I P — I ’ s evolving

model of t h e i r  knowledge indicates d i f f e r e n t  p a t t e r n s  of mastery of the

skills. Some students remain at a given technique level for longer

periods ~f time , receiving more work on cer ta in  ski l ls ;  some drop down

to lower levels fo r  spec i f ic  remedlat ion on other skills , etc.  The

variety of resulting sequences resembles the variety of experience

provided by a s t r i c t l y  generative CAl course , since progress is measured

by success wi th in  the representa t ion of programming knowled ge ra ther

than on a set of lessons.

Evaluation of BIP—I

Although use of B IP— I demonstrated that  i ts  task selection is

responsive to individual s tudents ’ needs , it revealed weaknesses in its

specif ic  CIN imp lementation. We wil l  discuss some of the  observed

s t rengths  of the BIP— I system and some of the  drawbacks which mot iva ted

the research undertaken in the  present contrac t  (see Sections IV and V ) .

One use fu l  f e a t u r e  of B I P— I is the feedback it generates  about

i ts  task—selection process. The system ma in t a in s  a record of f a i l u r e s

in seeking tasks wi th  pa r t i cu l a r  character is t ics .  If no task can be

found that  requires some “needs work ” skil ls  wi thout  requ i r ing  any

skills at higher levels, this failure is recorded as a “hole” in the

curr iculum.  The i n fo rma t ion  descr ibing the hole includes the skills

that  were being sought , the techni que level that  the  process had

reached , and the  reason f o r  the f a i l u r e  —— either no task wi th  “needs

work” skills or none with skills at suitably low levels. About  20 tasks 
-
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were added in one major curriculum revision of BIP—I and another , based

almos t entire ly on the holes recorded i~~nce that time , was carried Out

in  the  c o n t e x t  of t h e  p r e s e n t  research l ead ing  to  the  development  of the

BIP—li system. By comparison , to determine the content weaknesses of

his curriculum in traditional curriculum—based branching CAL , the author

mus t  assemble and a n a l y z e  a v a r i e t y -  of i n dir e c t  data  such as test

oerforma iice. The record that the CIN—based system makes of its failures

give s immediate , direct , automatically_gei.orated data indicating

prec i s e ly  those areas in which  the  c u r r i c u l u m  and i t s  sequenc ing  a re

def icient.

Other  sys tem data provide direct information on the nature of

both student and program performanco. The student model is itself a

reflection of the student ’s progress not through the tasks hit through

the specific aspects of programming represented in the GIN. The

p a t t e r n s  of concen t ra t ion  on c e r t a i n  skil ls  (and the  l i c k  of emphasis on

o t h e r s )  ind ica tes  those areas of the  subject  ma ’-ter that may be

receiving too much (or too little ) attention . Such weaknesses indicate

the  need f o r  changes in e i t h e r  the  content  of t he  c u r r i c u l u m , or the

technique groupings , or the task—selection proc’ss. All of these

approaches , singly and in combination , were used during the evolution of

BIP— I to improve the  balance of sk i l l s  presented. We emphasize that thf

CI~~—based design allows expe r imen ta t i on  w i t h  d i f f e r e n t  mechanisms f o r

selec t ing a~iong tasks without changing the tasks themselves. Agat~i , the

contrast with fixed—branching CAL is strong : Sinci~ such cur ri cu la are

conceived of as a whole , it is almost impossible to change the ~~y. in

which the  problems are presented wi thou t  changing the whole st ruc tu re

(usually lessons) in which they are imbedded .

25
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During the autumn of 1976, the HIP—I system was made available

to the U.S. Naval Academy for an opera t ional  eva lua t ion  in a Navy

setting. Thorough analysis of all aspects of the operation is not

within the scope of this report , but we draw on examples from the data

to illustrate a few specific points about the strengths and weaknesses

of HIP—I’s CIN. In general, the midshi pmen ’s experience with BIP—I was

favorable ; specif ically with respec t to the sequence of tasks selected ,

the GIN seems to have provided considerable individualization in

response to students ’ different rates of progress.

One measure of the “goodness ” of a sequence of tasks is the

degree to which s tudents  progressed smo othl y through the technique

levels, wh ich generally reflect the increasing comp lexity and difficulty

of the tasks. Ideally ,  the sequence sh ou ld involve no large jumps ,

either upward or downward , in complexity. Among the 534 tasks selected

by BIP’s mechanism (i.e., not specifically requested by the student

himself), there occurred 71 instances in which the technique level

changed by more than one, either upward or downward . (Only five of the

16 students experienced more than f i v e  such “breaks ” in the

progression.)  The causes of the “breaks ” include :

1) simple fa ilure of the process to per fo r m in a
pedagogically correct way —— actual design problems
which will be discussed further in this section

2) student requests for more work on skills at low
levels —— requests which are always honored if a
su f f i c ien tly easy task is ava ilable

3) mastery of cer ta in  skil ls  in the  context  of
tasks chosen explicitly by the student. ( I f  a studen t
chooses to select a few tasks by name , the next task
selected by HIP—I is often at a technique level three or
four higher than that of the RIP—I selection that
preceded the student ’s self—guided sequence.)
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Thus , because of t he  “breaks ” tha t  were caused by s t u den t s ’ requests fo r

specific tasks or for more work on specific skills , the “failure ” rate

of our CIN implementation due entirely to weaknesses in the design is

ac tually lower tha n 1 1/ 5 3 4 .  This r a t io  indica tes  the  general  v i a b i l i t y

of CIN—bas ed task selection in H I P — I .  (Section I I I  more tho roug hl y

examines the issues involved in evaluating the effectiveness of

CIN—based task se lect ion. )

The major weakness of task selection in BIP—I can be traced to

the use of the  technique s t ruc tu re  as a governing cons t ra in t .  The

skills at a given technique level are not necessarily analogous to each

other in the sense of deal ing wi th similar concep ts or similar

programming semantics —— they are j u s t  judged to be s imilar ly d i f f i c u l t

to use. The sequence of tasks that results from the technique—based

task—selection process occasionally appears to be arbi trary with respec t

to the conten t of the problems, even though the progress ion of

difficulty appears reasonable. The techniques also add little to the

abi l i ty  to make useful  inferences about the d i f f e r e n t  contexts  in which

a given skill might appear , d i f f e rences  that might contribute to a

student ’s difficulty with a supposedly well—learned ski l l .  The

technique groupings were intended to provide an overall  guide for  the

sequencing of tasks , and they were successful enough as a f i r s t

approximation in attaining this goal. However, the technique structure

of H IP—I  does not specif y the relat ionships among sk i l l s  precisely

enoug h to capture the complexity of the programming knowledge taug ht by

the curriculum. There are a number of specific symptoms of this general

weakness which the following cases of pedagogical inadequacy illustrate.

One student ’s record shows a sequence of tasks at technique

27
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Levels 10, 11, 13 , 15, then suddenly dropping back to a task at

Technique 6. More important than the drop in numbers was the difference

between the two adjacent tasks. The student had successfully completed

— task BACKARRA Y , which requires a program that obtains an array of words

from the user , and prints the array in backwards order. The next task

selected by HIP was INPIJTSUM , which requires a program that gets just

two numbers from the user and prints their sum. Obviously, INPUTSUM is

too easy ~~~ a s tudent  who successfully handled BACKARRA’i. SIP selected

the easier task for the following reason: The student had quit a

difficult task at Technique 13 (choosing to leave after fai]ing the

solution checker); one of the skills in that task was 29, which appears

in a much lower technique and which the student had used successfully in

one earl ier  task.  Af t e r  a qui t , the counter  representing learning of

each of the skills in the task is decremented. The student chose the

BACKARRA Y task himself , and passed it , but since it did not require

Skill 29, that skill s counter was s t i l l  at zero , indicat ing that he

needed more work on i t .  Thus , when the task—select ion process climbed

through the techniques , it iden t i f i ed  29 as a skill to be sought in  the

next task , and then found INPUTSUM , which requ ires tha t sk ill , at

Technique 6.

This illustration typifies the more severe failures of the

task—selection procedures to locate an appropriate next task. Students

who have progressed very rapidly up to the time that they quit a

difficult task are particularly vulnerable to this kind of “drop,” since - 

-

they are much more likely than slower s tuden t s  to have seen many ski l ls

only once previously . The student model of RIP—I often does not

accurately ref lect the student ’s knowledge of the skills. Also , the
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usua l l y  success fu l  p r i n c i p l e  of beg i n n i n g  th e  search f o r  “needs work”

sk i l l s  at  the lowest technique has important exceptions .

A second illustration illuminates another problem with the CIN

imp lementation of H I P — I .  A s tuden t  qu i t  task PITCHER , a f a i r l y

d i f f i c u l t  task at Technique 12 , and was next  p resented  wi th  SREAD , a

much easier task at  Technique 5. (He had previously succeeded with a

few tasks at higher level s, so SREAD definitely appears to have been too

easy.) The cause of th is drastic drop was, aga in , a single skill (16)

— 
wh ich , when decremented after he quit PiTCHER , was considered to need

more work. Skill 16 occurs at a fairly low techn ique , and is req ui red

in task SREAD , which was therefore presented next . One interesting

f eatu re of the PITCHER — SREAD seq uence is tha t only two of the sk ills

required in PITCHER were in the MUST set of “needs work” sk ills whe n

PIECIIER was selected; yet it was a skill not in the MUST set (namely 16)

whose decrementing led to the too—easy next task. This anomaly occurs

because the MUST set is established when a new task is requested , not

when the current task is completed. Thus , in this case, the skills in

the MUST set at the time PITCHER was selected were ignored when SREAD

was selected (because they all appear at higher levels). Establishing

the MUST set after the completion of each task , so that the requirements

for the next task would he more similar to that last task than is

currently the case, is a possible solution . However , a poten tial

side—effect is a restriction on the range of different skills the

student is required to use , especially in cases of failure when more

drastic variations might be most pedagogically effective .

Other Issues re la ted to u s i n g  a CIN for task selection and to

modeling student learning arose in our evaluation of RIP—I. h~or

29
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example, how should the model reflect a student ’s difficulty with a ]
task , or his choosing to leave the task without even attempting to write

a solution program? BIP—I almost always gives the student the benefit

of the doubt . It ignores “difficulty ” —— tremendous amount of time

spen t in a task , rep eated fa ilures to pass the solution checker , etc.

If a student writes an acceptable program for a given task, BIP—I

assumes that he has learned the ma ter ial presen ted in tha t task , and the

counters representing learning of its skills are updated as though he

had passed on his first attempt. Similarly , if he chooses to leave the

task without yet having fa iled the solu tion checker , BIP—I makes no

inferences about his mastery or difficulty with the skills involved ;

their counters are neither incremented nor decremented. Our reasoning

is that a student should be allowed to avoid tasks that are not

interesting to him. If a student leaves a task, the next task selected

should have a very s imilar  group of skills, so we have not worr ied  about

students missing significant portions of the curriculum . (Of course, —
exercising this option can be taken to an extreme , and in some

controlled studies we have disabled it.)

Another question deals with the parameters of the task—selection

process. Given t ha t  a MUST set of sk i l l s  has been determined , should

the system present  a task that has as many of those skills as possible

(as is the case in SIP—I), or should the proportion of MUST skills be

somehow related to the student ’s overall competence or most recent

performance? For example , it migh t be more reasonable to find the task

w ith only one MUST skill early in the student ’s experience with the

course, or after a succession of “quit ” situations. As he gains

confidence and competence , the number of allowable MUST skills could

30 ] 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 



_  _ _ _ _ _ _

increase , t h e o r e t i c a l ly r esu l t ing  In an i n c r e a s i n g  rate of increasing

difticu lty. A problem with this scheme lies in the relative

non—redundancy of the curriculum at the h ighe r  levels:  Just  as PITC HER

required only two of the MUST skills , it may often he impossible to f ind

tasks with an arbitrary number of MUST skills (see Section IV); thus , a

relatively large curriculum , containing tasks involving many different

skill combinations , may be required in order to effective l y va ry

parameters of the task—selection procedure .

These comments reveal some of the complexities and difficulties -

encountered in designing and using a CIN to individualize task

sequencing in BIP—I. The next section presents our analysis of the

methods for developing knowledge—based CAl systems and describes our

app lication of them under the present contract to investigate

modifications to BIP—I and to create the BIP—lI program.
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III. CAl Development and Evaluation Techniques

Our work under the current contract to explore further the CIN

approach has led us to consider more generally the methods for

developing and evaluating prototype knowledge—based CAl systems. In this

section , we describe and analyze these methods and their role in

modifying SIP—I and imp lementing RIP—Il . There are two sources of data

fur evaluating a CAL system ’s performance: operation with real students

and simulation. Both have advantages arid drawbacks , and the pr oblem is

to decide how the two sources can complement one another.

Uses of student data

The statistical analysis of data f rom field studies (objective

measures of learning and subjective ratings) is an accepted method for

evaluating the pedagogical effec tiveness of instructional systems. In

the evaluation of computational correctness and ~~ 1agogical adequacy
2 

of - 
-

a CAL system, the primary approach is expert analysis of the

interactions between the instructional system and r tudents. The data of

in teres t are records of these in teract ions, which we call protocols .  A

protocol is a chronology describing one student ’s interaction , wh ich f or - 
-

the purpose of evaluation must be detailed enough to allow

reconstruction of the system ’s internal states at each point in time .

For convenience , the protocol may explicitly include certain data about

system s t a t e s  regularly needed during analysis ; for example , SIP—I

protocols list those skills judged to need more work each time the

1’
2 Pedagogical adequacy refers to the extent to which the

sys t em ’s behavior is cons is ten t  with the pedagogical princip les intended
by i t s  au tho r s , independent  of whe ther  those p r i n c ip les are a c t u a l l y
pedagogically effective for a s t u d e n t  popu la t ion .
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I
student requests a new task. Protocols flay ri-co rd interact ions at

different levels of detail. In a gener .itive ques ion—and—answer dialog

system , a p rotocol  mig ht  be a verba t im t ranscri pt of everything typed by

both the student and instructional system (Figure 5). The protocols

saved by the BIP— l system are specially formatted blocks of information

describing the system ’s response to each BIP comm.-rnd or line of BASiC

code typed by the student (Figure 6).

Th e comp lete protocols collected for a representative sample of

students provide an essential basis for assessing the corre -tness and

adequacy of a system over the range of instructional situations in which

it is intended to function. h owever , use of a system by real students

is too expensive to be practical for evaluating each stage of the many

modifications made to an evolving CAL system . In addition , if da ta are

to be collected for the purpose of evaluating a system ’s pedagogica l

effectiveness , then all aspects of the system ’s behavior must be tuned

and tested beforehand. Otherwise , program bugs and unexpected

inadequate system behavior may interfere with the controlled

imp lementation of the instructiona l treatments being evaluated.

Simulation provide~, -~ supp lementary source of data for evaluation both

before and itter rh ~o 11e tlo,i of dat .~ from students.

Real—time inter active simu ~ - t t l on

Inc siinp l€ st type ti simulation used for evaluating program

correctn ess and p-1.i ~~’g i ~ I l h - q t l  ~cv is real—time interactive

~~~~~~~~ 
wli ~ i n i h  I ic more han In extension of standard program

testing techniques. Int r - t ive s i ’ i t l a t i ’ n  is most useful in

investigating very sr -. - l t i r  Ispects 1 system behavior in which the
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LET S BEGIN BY TALKING ABOUT TH E LOCATION OF B R A Z I L .  TRUE
OR FALSE? B R A Z I L  IS IN N O R T H E A S T E R N  SOUTH A M E R I C A .

‘THAT IS FALSE ’

NO. B R A Z I L  IS IN NORTHEA STER N SOUTH AM ERICA .

THE EASTERN COAST OF BRAZIL IS THE ATLANTIC. THE WESTERN
BORDERING COUNTRIES ARE PERU AND COLOMBIA. THE SOUTHERN
BORDERING COUNTRIES ARE URU GUAY AND ARGENTINA .

Because the student missed the questiOn , SCHOLAR presents
some re lated information about the location of Brazil,
and the n goes on to the  nezt top ic.

NEXT WE ’RE GOING TO DISCUSS THE TOPOGRAPHY OF BRAZIL . THE
PRINCIPAL RIVERS OF BRAZIL ARE-——— .

‘THE AMAZON AND THE ORINOCO .’

THE AMAZON IS CORRECT. THE ORINOCO IS IN VENEZUELA AND
COLOMBIA , NOT IN BRAZIL .  THE OTHER P R I N C I P A L  RIVERS OF
BRAZIL ARE THE TOCANTINS , THE SAG FRANCISCO , THE RIO NEGRO ,
AND THE MADEIRA.

THE SAO FRANCISCO IS IN EASTER N B R A Z I L .  IT IS IN THE
BRAZILIAN HIGHLANDS . TUE RIO NEGRO IS IN THE AMAZON JUNGLE.
IT IS IN NORTHWESTERN BRAZIL .

Because th e st udent  knew ab out the Amazon , SCHOLAR takes
it up as a topic for a while. -

CORRECT OR INCORRECT? THE AMAZON IS NAVIGABLE.

‘POSSIBLY YES’

NO. THE AMAZON IS N A V I G A B L E .

SCHOLAR m i sunde rs tood  the  “possibl y ” and •treated the
answer as wrong.

THE AMAZON IS IN THE A M A Z O N  J U N G L E .  IT IS IN B R A Z I L  AND
PERU . THE PRINCIPAL TRIBUTARIES ABE THE RIO NEGRO , THE
M A D E I R A , THE TOCANTINS , THE TAPA JOZ , THE P U RUS , AND THE
J U R U A .

WHAT IS THE LENGTH OF THE A M A Z O N ?

Figure 5. Dialog Letweea a student and the TUTOR-SCHOLAR cy~tern (from
Co1J i;i~; and Grignetti, iq~7).
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‘IS THE AMAZON A LAKE?’

I DON ’T KNOW IF THE AMAZO N IS A L A K E , BUT IT IS A RIVE R.

SCHOLAR found that both lakes and rivers were water ,
so i t  couldn ’t reject the idea.

NOW YOU CAN EITHER ANSWER MY QUESTION OR ASK A NEW ONE.

‘WHAT IS THE QUESTION?’

WHAT IS THE LENGTH OF THE AMAZON?

‘5000 MILES’

NO. THE LENGTH OF THE AMAZON IS LI ,000 MILES.

Having exhausted its allotted time to rivers, SCHOLAR
vent onto the next subtop ic under topograp hy of Brazil.

THE P R I N C I P A L  MOUNTAINS OF BRAZIL ARE ———— .

‘I AM NOT SURE , ARE THE ANDES IN BRAZIL? ’

IN WHAT YOU SAY , I DON ’T RECOGNIZE THE WORDS “I” , “AM” AN D
“SURE” . TRY AGAIN.

‘ARE THE ANDES IN BRAZIL?’

NO. THE ANDES ARE NOT IN BRAZIL , BUT IN VENEZUELA ,
COLOMBIA , ECUADOR , PERU , BOLIVIA , CHILE , AND A R G E N T I N A .

FEEL FREE TO ANSWER THE QUESTION YOU DiDN ’T ANSWER BEFORE .

‘BRAZIL HAS NO MOUNTAINS.’

NO. I DON ’T KNOW WHAT YOU MEAN BY NO. THE CORRECT ANSWER
IS THE B R A Z I L I A N  HIGHLANDS .

SCHOLAR didn ’t unde rstand _the answer, but proceeded quite
reasonably.

THE BRAZILIAN HIGHLANDS ARE IN SOUTHEASTERN BRAZIL. THEY
ARE NEAR THE ATLANTIC.

WHAT IS THE PRINCIPAL PLATEAU OF BRAZIL?

The dialogue continued discussing different aspects of
Braz i l , but we will break here to the beginning of the
second pass.

: - : ~~~~r€~ 5 (cont.)
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NOW WE WILL GO OVER THE MATERIAL AGAI N . LET’S BEGIN BY
TALKING ABOUT THE LOCATION OF BRAZIL.

PLEASE INDICATE IF THE FOLLOWING STATEMENT IS CORRECT OR
INCORRECT: BRAZIL IS IN NORTHEASTERN SOUTH AMERICA .

‘TRUE’

THAT ’S RIGHT. BRAZIL IS IN NORTHEASTERN SOUTH AMERICA .

Beca use on this pas s the st uden t was correct , SCHOLAR
asked questions about the information that was presented on
the first pa ss.

THE EASTERN COAST OF B R A Z I L  IS ---- .

‘ATLANTIC SEA .’

VERY GOOD . THE ATLANTIC IS CORRECT .

THE WESTERN BORDERING COUNTRIES OF BRAZIL ARE ——— — .

The dia logue  cont inued  thr o g h the second p a s s .

Figure 5 (cent.)
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s ig n o n
expe r imenta l subject
2124 SAM SPADE~F R I D A Y , F E B R U A R Y  7 , 1975 11 :38:37PM—PST

[The student , Sam Spade whose II ) numb er is
21 24 , lo qs in to BIP J

L s k
FRIDAY , FEB RUARY 7, 19/5 11 :59:IOAM— PST
17
b ip ’s cho i ce
t€ ~c !Jnioue: 5
f f l LI~~~t :  13 14 15 16 30 55 74

IBIP i s asked to select a task. It chooses
t a sk  #17 , th at has i ts most adva nced sk i l l  (s)
at tec hnique level 5. The “needs wo r k” set of sk i l l s
BIP was trying to include in the task it
selec ted was 1 1 3 ,  14 , 15 , 16 , 30 , 55 , 74J .]

~cr atch
FRIDAY , FEBRUA RY 7 , 1975 12:00:49PM—PST
*

[The student clears his proqram space.]

:lemo
FRIDAY , F E B R U AR Y 1 , 1975 12:04:46PM—PST
17

I The DEMO is requested : it shows how the
studen t s program should behave like when it
runs.

flint
FRIDAY , FEBRUARY 7 , 1975 12:05:34PM—PST
17
no hints

[The student wants BIP to give him a hint ;
unfortunately there are none for task * 17 1

model
FRIDAY , FEB~ LJARY 7, 1975 12:06:53PM~-PST
17
10 I N P U 1 X
*

[He r e q u e s t s  and v i e w s  the  model  s o l u t i o n  s t o r e d
for the task. (He is clearly having problems.)
The l i n e  “ 10 I N P U T  X’  is t h e  code he has  w r i t t e n
to this point.)

Fi- -ure 6. ~ction of a BIP protocol n-cc rdin~ the interactions of -ne
Ludertt across two tasks. Annotations are indented and

e r i c l ; d  in square bracket~ .
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s y n t a x  e r r o r
99 P R1 N~1 END
1

[A s y n t a x  e r r o r  ( # 1)  was de t ect ed  when he typ ed  t n e
statement ‘99 P R I N T  EN D” —— t h e  e r r o r  was m r s s l r r q
quotemarks around a string literal , but  the  r e a l
m i s t a k e  is c o m b i n in g  2 s t a t eme n t s  ( P R I N T  & END)  on -

one l i n e . ]

r u n
F R I D A Y , FEBRUARY 7 , 1975 12 : 11 :4O P M—PS T
10 REM X IS: THE USER S N U M B E R
20 PRINT TYPE A N U M B E R . ”
30 INPUT X
40 PRIN -r  “ H E R E  IS YOUR N U M B E R ”
50 PRINT X
99 END
*

o u t p u t :  TYPE A N U M B E R .
inpUt: 5
o u t p u t :  H E R E  IS YOUR N U M B E R
o u t p u t :  5
e x e c u t i o n  completed at l ine  99

[He has  now en t e red  a p r o g r a m  and uses the  r~~N
command t try it out.]

more
FRIDAY , F E B R U A R Y  7 ,  1975 12 : 12 : O 7 P M — P S T
17

[He was s a t i s f i e d, so he says MORE to have BIP
check the p r o g r a m . )

v e r i f y
input: 1776
o u t p u t :  1776
prog ram r u n  s u c c e s s f u l l y

[The solution checker executes the program with some
test da ta  and dec ides  it  is o k . )

pt i
understand?: no
skills: 55* 2* 13* 3

[‘Ihe p o s t — t a s k  i n t e r v i e w :  he says he d id  not
un d e r s t a n d  the  mode l  s o l u t i o n  and a sks  to r  more
work on sk ills 55 , 2, and 13.1

Figure 6 (coat.)
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task
F R I D A Y ,  FEB1~U A R Y  7 , 1 9 5  [ 2 :  14 : N P M - --PS l
2
r i p ~ s ch ice
t e c h n i q ue :  1
must: 2

(The next task. The re quest f~~r work ~ n skil l 2
has  ~~; n  honored. The techn i-iue 1ev~~J has  dropne’J
to 1, the techniaue to which sk i l l  2 helon~~s.I

set a t c h
FRIDA’ , F E B R U A R Y  7 , 1975 12 : 1 5 : 5 7 P M — P S T

r un
F RIDAY , F E B R U A R Y  7 , 1975 12:1 9:l8PM~-PST
10 P R I N T  “STR I N G ”
99 END
*

o u t p u t :  STRI NG
e x e c u t i o n  c o m p l e t e d  a t  l in e  99

mo r e
F~R I D A Y , F E B R U A R Y  7 , 1975 12 : 19 : 3 3 P M — P S P
2

v e r i t y
ou t p u t :  STRING
SCHOOL f
s tay  in p r o b l e m  a f t e r  v e r i f i er  f a i l u r e

[The p r o g r a m  is not  accepted .  B I P  was  l o ok in a  f o r
output of the wor d “SCHOOL” , bu t what it got was
“STRING. The student continues his atternot to
so lve  t h e  p r o b l e m . ]

demo
FRIDAY , F E B R U AR Y 7 , 1975 12:21:19PM- PST

run
FRIDAY , F E B R U A R Y  7 , 1975 12 :2 2 : 13 P M — P S T
10 PRINT ‘sCHoOL ’
99 END
*

o u t p u t : SCHOO L
e x e c u t I o n  c o mo l e t e d  at l in e  99

F~ ~~- u  (cont.

3 )  
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mo r e
FRI D - Y , V~~BRUA RY 7, 1975 l2:22:21PM—PST
2

ver i ty
output : SCHOOL
pr o g r a m  r u n  s u c c e ss f u l ly

[‘rhis time BIP liked the output ot the student ’s

p og: am.)

pti
understand?: yes
sk il l s : 2

(He understood the model- solution and thought he
now had had enoujh work with skill 2 .1

Figure 6 (cont.)
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author is interested. Most frequently, only incomplete protocols are

obtained , since t he  simulation is comp le ted once some cr iti cal behav ior

is produced by the system. Interactive simulation is a primary source

u~ data for develop ing dialog—centered generative CJ~I systems (e.g.,

Collins , Warnock , & Passafiume , 1975).

Th e essence of interactive simulation , like program testing, is

operdLing the program with both typica l and boundary —condition inputs

that will cause program execution to follow the various branches of the

condit ional control structures it contains. As a trivial example of

program testing, a program to rank two numbers must handle cases where

t h e  first number is smaller than , greater than , or equal to the second

number. For complicated progra ms, such as intelligent CAl systems , it

is not really possible to conceive all the alternative control

structures or the inputs that would activate them. Nonetheless ,

interactive simulation beyond normal degrees of program testing is

effective for detecting and correcting errors and inadequacies.

Interactive simulation involves “playing” au being a student.

The author conceives of some of the types of responses he expects his

~ystem should make in reaction to particular types of student behavior ,

and he then simulates that student behavior as best he can. Let us

illustrate the nature of this process with an example based on our

further development of the BLP—I system.

In designing task—selection procedures , one of our concer ns is

that the “remedial” task selected following a student ’s failure to

complete a task not only address the Inferred cause of the failure , but

also be sensitive to the student ’s prior level of successful

pe r formance .  This c a p a b i l i t y  can be evaluated with interactive

41 

-- -— --~~~~-‘- ---- -



s imula t ion . The method is to  i n t e r a c t  wi th  the system fo r  a series of

tasks , always complet ing thieia with no errors ; we then deliberately fa il

a task—— call it IIARDTASK. The task selected by BIP—I after HARDTASK is

then examined carefully : Does it require the new skills introduced by

HAROTASK? (We are assuming that the “failure ” is due to those skills

that were new to the simulated student when HARDTASK was selected.) Are

the other skills it requires as advanced as those required by the task

selected before IIARD TASK? Nex t , we simulate a second student who begins

the course and , unlike the first student , has consisten t d i f f iculty by

failing tasks and requesting further help. We continue simulating this

pattern of behavior , until BIP—I eventually selects HARDTASK. When it

does , we fail HARDTASK in the same way as we did in simulating the first

student , and then examine the next task selected. In the extreme case

that the task selected after HARDTASK is the same in both instances,

there is obvious inadequacy in the selection process. Otherwise, we

must use ~he available evidence to judge whether the attempted

remediation was sensitive to the differences between the simulated

students. If we decide the choices were pedagogically adequate , then we

probably want to repeat the simulation process a few times , varying the

particular task we have the simulated “br ight ” student fail. In this

manner , ei ther we will  become sa t i s f i ed  tha t  the task—select ion

procedure provides sens i t ive  remediation and move on to evalua te ano ther

feature of its behavior , or we will find a case where we judge the

remediatic ’ i to be inadequate .

When we judge t h a t  the  system has behaved inadequa te ly ,  our next

goal is to determine the source of the  shor tcoming.  To do so , we

proceed ta examine the states of RIP’s data structures prior to the
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problem and trace the execution of the task—selection -il gorRhm in that

context: Wh ich skills were found to need work? Which tasks were

considered? Which criteria determined the fina l choice ? One approach

we have used fo r  f ind ing  appropria te  mod i f i c a t i ons  in these s i t u a t i o n s

is to determine from a subjective examination of the available tasks - -

themselves the task or tasks that we think would be reasonable to

select. We then look for plausible changes to the procedure that would

result in its choosing one of these tasks in that situation. Once any

modificat ion is made , it  must be evaluated , with special attention to

bad side—effects; for instance , does a change intended to improve

remediation adversely affec t the overall rate of progress for  a studen t

who never fails a task?

Interactive simulation has played a major role in the

development of the B1P—lI system (see Section V ) .  One f e a t u r e  of RIP—Il  -

is the generation of inferences by which a given skill might be deemed

“too easy ” to be sought explicitly. Interactive simulation during the

development of RIP—Il had demonstrated clearly that a student enjoying

consistent success would , in our judgment , progress through the

curriculum too slowly. The task—selection procedures were considering

all “as—yet unseen” skills to be candidates for the “needs work” set and

looked for those skills, one by one, in the tasks to be presented. In

many cases , a skill that we as instructors would consider to be too easy

(given the student ’s progress) was being presented in an isolated

context (e.g., in a task requiring very few other skills) because that

skill was considered to need work. Since the appearance of such a “too

easy ” skill in a more demanding context would be more appropr i a t e ,  we

made this change: to allow tasks with “too easy” skills to be presented,

43 

~~~~ - - . — -—~~~~~~~~ -- — -~~~~~~~
-— -- —--— 



but not to allow such skills to be sought explicitly. That is, skills

inferred to be too easy, given the student ’s past success on related

skills, would not be put  i n to  the  “needs work” set .  It should be

emphasized that the possibly unmotivatimg sequence of tasks originally

produced for a successful student did not Involve any implementation

errors. Rather , the pedagogical adeq uacy of the or iginal design was

questioned , and then improved and re—evaluated by means of the

interactive simulation.

Techniques for facilitatij~g~ interactive simulation

In t e rac t ive  s imula t ion  is a tedious process because of the t ime

required to emulate comp lex patterns of actual student behavior by hand

and to analyze the computations underlying a specific system response.

Both aspects of the task can be made easier through the use of mod if ied

minimal instructional systems, interactive software debugging aids , and

articulate user interfaces.

Modified minimal instructional systems. Often , many parts of a

CAl sys tem, including the normal “front end” which communicates with

students, are not essential for producing the system behavior to be

ana lyzed in the course of interactive simulation. Removing or modifying

the nonessential elements can therefore facilitate the evaluation

process. For example , in exercising a problem—solving laboratory that

is intended to provide the student with critiques of his reasoning

strategies, that capability can be examined sufficiently with a system

modified to accept as input coded descriptions of reasoning behavior;

the modified system saves the author the time required to produce actual

problem solutions and eliminates the cost of executing all the
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procedures that are required to infer reasoning strategies from actual

problem—solving behavior.

In the case of stud y ing task selec tion by SiP , we need not write

the solution programs for the tasks , nor answer the self—evaluation

questions asked in the Post Task Interview , since the procedure that

updates the student model requires only a summary of the student ’s

performanc e and his answers to the questions. Therefore , when we have -

engaged in interactive simulation , we have used a mod if i ed  minimal 
—

ins t ruc t ional  system tha t  contains  only the data s t ruc tu res  and

procedures essential fo r  task selection and a special user in ter face

that accepts coded descriptions of the simulated student ’s behavior.

Thus the interaction consists solely of a number typed by the system

identif ying the task it has selected , and our response ind ica ting the

degree of difficulty the simulated student experienced in completing the

task and the  skil ls  for which he specifically requested further work.

Information about the tasks selected by the system (e .g . , the skills it

requires and the student ’s present state of learning) that is needed for 4

ana lyz ing spec if i c  aspec ts of the selec tion pr ocedure’s behavior could

also be outpu t reg ularly by the special user in ter face , or could be

obtained selectively using the methods to be described in the next

subsections .

in t e r a c t i v e  software debugging aids. The analysis of a system’s

computations in a particular context can be simplified by the use of the

interactive debugging facilities available in the powerful computer

software systems in which most prototype , knowledge—based CAl systems

are imp lemented. Lhe most useful mechanisms include dynamic insertion

f “break points ,” which enable the  a u t h o r  to c o n t ro l  c o m p u t a t i o n  by
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specifying that it Is to ho suspended whenever specific procedures

( f u n c t i o n s )  a r e  c a l le d  by the CAL system. Juring the  “break , ” system

data structures , includin;~ the p r o c e d u r e  it s e l f  and the current values

of Its pa rameter s , can he exa mi ned and al tered in terac t ivel y before  the

author lets the computation re ume .

For example , an i n t e r a c tiv e  s imula t ion  with a modif ied minimal

hIP—Il system3 might focus on task—selection behavior in situations

where no troublesome skil ls  are f o und in the s tuden t  model ; that is , at

points when the system will be attempting to introduce the student to

skills he has not used before. In order to avoid examining every call

to the task—selection procedure in order to identif y and further analyze

the cases of interest , a breakpoint can be inserted to interrupt the

selection procedure only when the subprocedure that assembles the set of

‘troub lesome ” skills returns an empty set. After a break occurs, the

remainder of t he  task—select ion procedure can be executed one step at a

time to determine which structures in RIP—It’s curr iculum ne twork ar e

searched in assembling a set of skills that the simulated student is

read y to learn , and which tasks involving those “read y” skills are

considered and rejected before a task is selected.

In the course of this step—by—step execution , we might note that

a pa r t i cu la r  ski l l  is marked “ready ” because i ts p re requ i s i t e  skills

(see Section V) have been learned , but judge that presentation of a task

involving that skill wou ld he premature in light of the simulated

student ’s overall progress through the curriculum. Therefore , we might

dec ide to exa mine more closely the bas is for  hav ing def ined the

3BIP is implemented in the SAiL dialect (Reiser , 1976) of ALGOL
60. We have used the BA IL debugging facility (Reiser , 1975) fo r
interactive simulations.
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p r e requ i s i t e  re la t ions  that  a f f e c t e d  t h e  s e l ec t ion  of t ha t  s k i l l .

Before modifying those relations , we would want to insert breakpoints

that would take effect each time they dffected a task—selection

decision , so that we could Judge their adequacy in a number of other

contexts. Ln this manner, existing debugging systems can enable the

au tho r  of a CAl system to analyze interactively only those interactions

that are relevant t o  his examination of some s~ ert fic aspect of his

system ’s pedagogica l behavio r.

Articulate user interfaces. A u a r t i c u l a t e  user in te r face

maintains a representation of the instructional system ’s prior internal

states sufficiently detailed for it to respond to queries about the

reasons for its behavior. Optionally, t h e  interface may also enable the

author to modify interactive ly the instructional program with a

high—leve l command language. Essentiall y ,  an articulate user interface

is a customized interactive debugging facility, as descr ibed above. It

enables the author to find out ~~y the system behaved in particular ways

without inserting breakpoints explicitly in procedures or interpreting

data structures coded for machine , rather than human , processing. It

al so enables him to make modif ica tions dyna mical ly by spec i f yi ng cha nges

in a conceptual language that the articulate module executes on the

actual data structures and procedures that comprise the instructional

system. The first intelligent CAl systems with articulate capabilities

that mig ht  be useful  for  interactive s imula t ion  hove recent l y been - --

developed (Brown et al., 1975), but there exist more advanced examples

in other areas of generat ive programming such as q u e s t i o n — a n s w e r i n g

systems (e.g., the RITA system by Anderson and Gil logly, 1’)76).

Figure 7 is a hypothetical interaction with a non— exist~ nt version of

RIP that is articulate about Its task—si lection proc edu re.
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BIP: I choose Task 17.

A u t h o r :  What  a re  the  s k i l l s  in  Task  17?

B: Sk i l l s  a r e  (55  2 13 3)

A: W h i c h  of those s k i l l s  were  you s e a r c h i ri q f o r  in s e l ec t i nq  a
t a sk?

B: (55  13)

A: W e r e  th e r e  o t h e r  s k i l l s  you w a n t e d  to p r e s e n t ?

B : ( 14 15 16 30 74 )

A: Isn ’t t h e r e  a t a sk  i n v o l v i n g  both  Sk i l l s  13 and 14?

B: Task 47 , “Wordy ” , involves Skills (55 2 13 80 62 14 52 4).

A: Why d idn ’t you choose Task 4 7 ?

B: Sk i l l  62 in Task 47 has as a PREREQUISITE  S k i l l  42 ,
w h i c h  is in learning state Nl (unseen)

A: Is there a t a s k  i n v o l v i n g  S k i l l  14 t h a t  could have been chosen?

B: Task 18 is one such t a s k .

A: ‘m en why d id  you choose Task 17 i n s t e a d  of Task  18?

B: i ioth t a sks  had 2 s k i l l s  I was l o o k i nq  f o r .  However ,
Task 18 also involves S k i l l  4 wh ich  is a l r e a d y  in
learning state L2 (learned) , w h e r e a s  Task 17 i nvo lve s
S k i l l  3 w h i c h  is in s t a t e  Ni ( u n s e e n )  and has  no
unsatisfied PREREQUISITE skills. Task 17 involved
2 t r oub l e some  s k i l l s  and 1 new s k i l l , bu t  Task 18
involved only  2 troublesome skills. Selection Rule 3
tells me to choose the task with a maximum number
of new skills that have satisfied PREREQUISITES when
more than one task has the same numbe r of troublesome
skills,

Figure 7. Dialog between a course author and a hypothetical version of
the BIP system that includes an articulate interface that
enables it to descriDc~ its task-selection decisions.
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The potentia l power of articulate systems is that the y enable

t h e i r  au thors  to unders tand  and man ipu la t e  the processes u n d e r ly t n ~ the

system ’s pedagogical behavior at a conceptual leve l , ins tead of in t e rms

of data structures and procedures described in a programming language . -

The author always begins his implementation of aa intelligent CAt system

with a conceptual understanding of how its behavior will be produced.

When he discovers his system ’s pedagogical inadequacies , lie normally

must understand and correct them first in terms of program structures

and afterwards try to reformulate his conceptual models accordingly. By

reducing the amoun t of thinking the author needs to do about his

system ’s low—level programming constructs , the articulate user interface

can help him focus on the evolving conceptual models realized by the

operat ional  CAl program.

Of course , the cost and special  problems of incorporating an

articulate system into an already complex CAl system are a formidable

obstacle. For example , the articulate system must itself be

compu tationally reliable before it can be safely used in evaluating the

capabilities of the instructional system. The additional time and

expense can be better justified if the articulate capabilities can be

eventually integrated into the sys tem when it becomes available to

students. For example , we can imagine a friend ly articulate version of

B1P that allows the student to ask “Why” when it selects a task for him ,

and which is able to respond with “I thought you were having trouble

with Boole an opera tors and this task gives an opportunity for more

practice with them ,” or “This task introduces you to the use of

FOR.. .NEXT loops which is a more advanced technique for iteration than

the LE. . .THEN loops you have alread y learned. ”
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~\u t omat ed  s im u l a t i o n  techniques

In an au tomated  s imula t ion  of a CAl system , the student or

ait hor—pla yi iu~ —as—student in the instructional interaction is replaced

by a program that produces descript ions of student behavior. Each stage

of the simulated interaction thus involves (1) the instructional program

(I—Program) which generates some behavior , such as presenting text and

related questions or problems , and (2) a simulation program (S—Program)

wh ich produces the answers , solutions , reqlI ?sts for assistance , or

summaries of such responses (e.g., “incorrect solution: error—type 17”)

that will be used by the I—Program to determine its next behavior. For

example , the goal in simulating the interactions of a generative CAl

problem—solving laboratory might be to examine its ability to recognize

and to correct when necessary the reasoning strategies used by students.

In the simulation , each time the I—Program selected a problem , the

S—Program would respond with a solution derived by a known strategy .

The I—P rogram ’s subsequent analysis and commentary a re the data by which

its intended capabilities can be evaluated .  The most obvious advantage

of automated simulation over interactive simulation is the speed with

which the I— and S—Programs can play Out length y in teract ions  and

pr oduce a corpus of simulated student protocols .

The uses of automatically simulated protocols in evaluation

depend on the e x t e n t  to which the overall patterns of behavior produced

by the S—Program correspond to those of real students. It is certainly

possible to have the  S—Program vary its behavior by using an arbitrary

decision rule that takes into account presumably important factors such

as the difficulty of the questions and problems posed by the I—Program

and the student behavior produced in prior Interactions. The S—Program -
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iii this case is a model of performance based on Hi. i i t h o r ’s intui t ions

about how students ’ behavior depends on their pr i r s t a t e  1 k n o w l e d g e.

These same intuitions are used by the author to gu ide his — ,w ’u behavior

— when he p lays at being a student during Interactive simul ation. They

also play a role in the I—Program itself , since they are embodied in the

process that infers from the student ’s behavior what facts and skills in

t h e student model are to be marked as “ l ea rned ” and “not learned. ” Thus ,

an S—Program that  is the au thor ’s i n t u i t i v e  model of performance cannot

produce s imulated data use fu l  in e v a l u a t i n g  th e  I—Program ’s rules for

i n f e r r i n g  changes to be made in the s t uden t  model f r o m  s t u d e n t

pe r fo rmance .  Instead , the data can be used meaning f u l l y  only  fo r

checking computationa l correctness and pedagogical  adequacy in the same -

limited , author—generated segments of interactions that can he examined

by i n t e rac t ive  s imula t ion .  Even so , automated s imu la t ion  is useful

because it can rapidly produce enough data for tabulations of the simp le

and conditiona l frequencie s of the events recorded in the simulated

protocols . These data may reveal previously unsuspected flaws in the

instructional s y s t e m ’s behavior. For instance , in evaluating a

task—selection procedure , we can tabulate how often each task is

selected after each other task as a function of the student behavi or

(e.g., success or failure) that occurs in response to the first task in

t h e sequence. Odd patterns , such as one task a twuvs following another

regardless of student behavior , or a very simp le task F ceh~~- it  l.y

following a r e l a t i v e l y  complex task , signal possibli; pr ug r ir ’ bugs or

conceptual problems that can he investigated by tracin g the

task—selec t ion procedure ’s computations for those - .egmelts in the

simulat ed protocols.
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An aLtern ative approach to automated simulation is to use an

S—Program that is a theoretical or emp irica l model of performance based

on more than the intuitions of the author—— one that includes ~~gica 1~j~

sufficient or statistical descriptions of how real students behave in a

situation as a function of their state of knowled ge. In this case, the

simulated protocols record the I—Program ’s behavior in sequences of

interactions where t h e simulated student ’s behavior is more likely to

resemble that of a real student across a series of connected

interactions . In particular , it becomes possible to examine

interactions that might arise for real students in the later stages of

instruction , which are difficult to anticipate and analyze during

interactive simu lation. With simulations using logically s u f f i c i e n t

performance models, it also becomes possible ~o examine the adequacy of

the I—Program ’s rules for inferring a student ’s knowledge from his

behavior. Empirically based statistica l models enable estimation of how

student behavior will change with modifications made to the I—Program by

generalizing the relationships between variables and s tuden t  per formance

that have been observed during prior use of the CAl system.

Logically suf f icien t simulation pr~~~ ams . For some subject

domains , it is possible to write “expert ” programs that can s y n t h e s i z e

answers and solutions for any of the questions and problems the

I—Program presents to the student. The knowledge the student is to

learn can t h e r e h u r e  be represented in the I—Program ’s student model by

the facts and skills embodied in the expert program (a procedural

studen t model [Se lf , 1974]). The s t u d e n t ’s state of knowledge at any

point of instruction is represented in the s tuden t model by marking as

“learned ” those facts and s k i l l s  t ha t  the  e x p e r t  progr .uui must use to
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produce the same answers and solutions the student has given up to that

t ime. Carr and Goldstein (1977) refer to this as “overlay modeling,”

since the student model can be interpreted as an overlay on the model of

an expert  r e f l e c t i n g  those f a c t s  and ski l ls  tha t  the  expe r t  uses and

that the student has yet to learn . Expert programs for most subjects

are not easy to write. The problems involved are the subject of

research in Artificial Intelligence. The use of overlay models in

intelligent CAl has so far been in the context of some simple games, fo r

example , “How the West was Won ” (Brown et a l . ,  1975) and “Wumpus” (Carr

& Goldstein , 1977) .  These game s have been embedded in in s t ruc t iona l

systems that use the output of expert programs to analyze weaknesses in

the student ’s moves , and to tutor him on the simp le computational and

deductive reasoning skills required for expert play. Although these

subject domains are simple, the systems that have been developed around

them are among the best examples of how the ability to understand

s tudent  responses , beyond merely jud ging t he i r  cor rectness , can enable

sensitive tutoring in a CAl system.

Fo r the purpose of simulation , student behavior can be produced

with an S—Program that is a copy of the expert program with some of the

f ac t s  and skills made inaccessible. The behavior of the S—Program can

be interpreted as the behavior of a student who has yet to learn

specific facts and skills of the subject he is stud ying. Simulation

seems to have potential applications for assessing the I—Program ’s

ability to in fer  f r o m  a student ’s behavior the overlay model that

represents his state of knowledge , a capability the instructional system

must have to individualize instruction appropriately . Although they do

not elaborate their proposed methodology , Carr and Goldstein (1977)
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:iention plans to us. s i m u l a t i o n  to  t ’v a l u i : i t e  gent-rat ive  CAl sys tems tha t

m odel s tuden t  l e a r n in g  w i t h  an over lay o u t  mu expert program. To make

the procedure  more c o m p r e h e n s i b l e , ~e w i l l  outline one poss ib l e

simulation tecl niquc that night be used f o r  CA! systems with overlay

models.

Mos t I—Progra m s inco rpo ra te  a mechanism f o r  r e p r e s e n t i n g  the

unce r t a in ty  present  in ‘n f e r r i n g  the s tuden t ’s u n d e r l y i n g  state of

knowledge from his observed behavior. The uncertaint y may r e f l e c t

either suspected limitations in the I—Program ’s ability to analyze

aspects of the student ’s behav ior , alternative ways to answer a question

or solve a problem that depends on different facts and skills , or

assumptions about forgetting that “expect ” a student to make some errors

— because he has tem porarily lost access to facts and skills he has

learned. Both the “how the West was Won ” (Brown et al. , 1975 ) and the

WUSOR—Il (Carr & Goldstein , 1977) systems represent the uncertainty of

inferences about the student ’s knowledge of skills with a ratio of the

number of times a skill is used in determining a move in  the  game to  t h e

the number of t imes the  s k i l l  was r e q u i r e d  by better moves generated by

an expert program. The ratio is compared to an a r b i t r a r y  threshold in

order  to de t e rmine  w h e t h e r  t h e  s k i l l  is “learned” or “not learned .”

Thus , before  a skil l  is marked as “not  l ea rned”  (and thus in need of

tutoring), the I—Program must observe that the student failed to use It

in several situations where  it should have been used.

One way to assess the  adequacy of ~‘u’ h a r b i t r a r y  in fe rences

about the s t u d e n t ’s s t a t e  of knowled ge is to ask him: If he comp la ins

f r e q u e n t l y  tha t  the system is tutoring him about a skill he already

F knows , then the inferences need to be less conservative . Simulation
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provides  anothe r approach , as follows. [he S—Program i-; initialized to

p roduce behavior that is a function of i s p e c i f i e d  o v e r l a y  on t he  e x p e r t

pr ogram , indicating some incomplete learning of time set of facts and

skills used by the  expert. It is thus able to answer some of the

quest ions  and solve some of the problems that the i—Program can present;

the specific errors it makes are determined by the facts and skills it

“does not know .” The I—Program is in i t ia l ized  w i t h  i t s  s tuden t  model

Indicating that the student knows none of the facts and skills—— the

only reasonable assumption given that it has no prior information about

the .~tudent. The simulated interaction is begun and the 1—Program

analyzes the S—Program ’s answers and solutions , updating the student

model and using it to determine its own behavior. Meanwhile , throughout

the simulation the S—Program continues to produce behavior based only on

the facts and skills it was given when it was initialized ; that is,

unlike most real students , the S—Program doesn ’t lear n  and improve i t s

performance.  The p rotocols produced b y the s imulat ion could a l l o w  the

author to assess the I—Program ’s capabilities for analyzing behavior and

i n f e r r i n g  the  knowledge it is based on by examining:

1) the s i t ua t ions  in which the  I—Program can
successfully determ ine the overlay that enables the
exper t  p rogram to match the  S—Program ’s behavior

2) whe ther , and if so how rap idly, the student
model ma in ta ined  by the  I—Program becomes the same
overlay on the expert that was initialized in the
S—Program

3) whether the I—Program ’s own behav io r  provides
interactions that teachers would judge reasonable for a
student who behaved like the S—Program .

Lmp irically—based simulation pyograms. One problem with

interactive simulation and automated simulation using expert programs is
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that the simulated student behavior is u n l i k e l y  to model the changes in

the behavior  of real s tudents  that  are due to  l ea rn ing  t h a t  occurs

across a series of interactions with the CAl sys tem.  S—Programs derived

fr o m  expert programs do not necessarily model real students because they

are only logically sufficient models of how students p~ r f o r r n  given what

they know , and are not logically sufficient models of how students learn

what they know f rom the i n s t r u c t i o n a l  system. Any changes introduced in

the facts and skills accessible to the S—Program reflect only the

author ’s intuitive model of how some s tuden t s  will learn by interacting

with  the I—Program. Consequently, the use of data from the simulation

fo r  evaluating pedagogical e f f ec t iveness  of the I—program by measuring

changes in the S—Program ’s ability to answer questions and solve

problems is invalid. There is no way around this limitation unless an

emp irically de rived model of studen t learning and perf ormance is

available: a model that describes the likelihood (1) that the student

learns new f a c t s  and skills as a result of the 1—Program ’s behavior , and

(2)  give n tha t he does , his behavior is such that the I—Program can

discern the new learning. The need for an empir ical model impl ies of

course that in order to use simulation to evaluate pedagogical

effectiveness , the CAl system must have been already used by real

students . In that case, one might ask what is the use of simulation ,

since protocols from real students provide whatever data are needed for

evaluation?

Simula tion can still be usef ul fo r  evalua tion even af ter real

student data are already available. Typically, the data collected from

the first use of a generative CAl system will reveal situations in which

its behavior is Inadequate and its effectiveness for stimulating new
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learn ing is l imi t ed .  The au thor  wi l l  w an t  to make m o-Ill l..mt ion s  in h i s  -

concep tua l  models and the  CAl system i t s e l f  which need to evaluated.

The possibility that we have considered in our researeh is that by using

a statistical model of learning and performance derived from , the

existing real—student data , a simulation can produce protocols that will

allow us to estimate the effects of m o d i f i c a t i o n s , w h i l e  assess ing  t h e i r

correctness and adequacy . Statistical models describe the probabilities

for each student behavior that might occur in a given situation as a

function of the  parameters  b y which  s it u a t i o n s  can be classified. For

example , the situation surrounding the presentation of a problem might

be characterized by the identity of the problem , the facts and skills

requi red for  its correct solution , and the  student ’s state of knowledge

fo r  those fac t s  and skills . The S—Program operates by reco gnizing

situations created by the I—Program’s behavior and then using the

probabi l i t ies  of different student behaviors in those situations

obtained from the statistical model to constrain i t s  selection of the

student behavior to be simulated. Suppose , for instance , that the

student were answering a question that requires knowled ge of facts a and

b , both of which are marked as “not learned” in the student model. The

statistical model will be queried by the S—Program to obtain the

probabil ity 2 of a correc t answer , as determined from data about the

behavior of past students who were asked the same question when a and b

were “not learned.” The S—Program will then produce a correct answer

with probability 2~

The probabilities associated with every identifiable

instructiona l situation are an empirical model of 1ear,~~~~ and

performance for that situation. They describe th~ effects of the
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s tuden t ’s s ta te  of knowledge as given in the 1—Program ’s student model ,

modified (if at all) in the ongoing situation , and of any unknown

mediating effects (forgetting, lack of attention , etc.) on his behavior.

So , for  exa mp le , the probab ility of a success on a problem that involves

two skills that  are “not learned” is really i representation of several

complex joint probabilities , which cannot be determined separately by

observat..~~a of the student ’s behavior. These probabilities are:

I) The probability that the i nferences  ( t h a t  the
two ski l ls  are “not l ea rned” )  are correc t .

2) The probability that if t h e  s k i l l s  are in fact
“no t learned ,” they will be learned in the course of
working the problem .

3) fh~ probability that , if the skills were learned
either p r i o r  to or d u r i n g  the  p rob lem , the  s tuden t  wi l l
generate a correct solution (i.e., he understands the
problem correctly , he does not f o r g e t  any of the other
skills the problem may involve , e t c .) .

Thus , a statistica l model represents variability in performance that is

due to learning and other unknown factors , and that can be introduced

into logically sufficient models only via ad hoc nechanisms .

The issues to be confronted in designing simulations based on

statistical models include defining the parameters that characterize

instructional situations and assuming that a set of parameters adequate

for one version of a CAl system will also be adequate for a modified

version. The next Section describes the details of our use of

statistically—based simu lation with the BIP—I system.
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IV. Simulation with the RIP s~ stem

Rationa le

We implemented an automated simulation systemn to be used in

evaluating alternative task—selection procedures with the BIP—I system.

Our goa l was to develop a tool that would allow us to exercise modified

procedures thoroughly enough to detect most errors and cases of

pedagogically inadequate decisions , and to est imate neasures of

pedagog ical effectiveness for alternative procedures. Use of the RIP

system by real studen ts had previously demonstrated the adequacy and

effectiveness of its existing task—selection procedure for a range of

different patterns of student performance (Barr et al., 1976). However , -

t he re  were cases in which both we and students thought that BIP—l ’s

decisions were inappropriate (see Section II). The problems could be

traced to the criteria by which the student model was updated after

comp letion of a task, and more generally to the lack of any detailed

representation of the relationships becween the many separate sk i l l s

used to describe tasks and to model student learning. One specific

problem involved the task selected when a student had quit the previous

task without completing a solution . If the  s t u d e n t  had been advancing

rapidly, succeeding on all the tasks prior to this one , then the next

task selected occas ional ly involved sk i l l s  he had previously used

s u c c e s s f u l l y ,  and did not emphas ize  the most difficult skills from the

failed task. The problem was caused by the rules used to decrement the

counte rs in BIP—I’s s t u d e n t  model reflecting success and failure with a

skill , and by the criteria based on those counters for deciding that a
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sk i l l  required more work. A few possible solutions were fairly obvious ,

but they needed testing to determine how they might affect situations

fo r  which the behavior  of the task~-se lection procedure  was alread y

satisfactory. Interactive simu lation was a necessary first step , but

could not provide data  about  a sufficiently wide range of situations to

detect  unwanted s ide e f f e c t s .  Expense made it i m p r a c t i c a l to t r y  out

the possible modifications with groups of real students to determine the

most effective change . We decided therefore to explore the use of

automated simula t ion , using the available real—student data to build a

statistical model that could interact with modified task—selection

procedures and reveal their behavior for a range of situations . We also

planned to use the simulation in developing the HIP—IT system , embodying

a major  r ev i s ion  of the CIN representation of BASIC programming

knowledge (See Section V). We knew that that revision would include the

use of data structures and algorithms considerably more complex than

those used in the BIP—L task—selection procedure and would therefore

involve extensive testing and modification . At the same time , this use

of the simulation would test the extent to which data collected trots

real students under one version of an instructional system can be used

to estimate data that would result from the use of related systems.

Overview

BIP—I’s task—selection procedure uses information from the CIN ,

which represents  the  programming skills and the tasks, and the student

model, wh ich ind ica tes th e lear ning of each sk ill infer red  to have

occurred f r o m  work on previous tasks. In updating the student model ,

BIP—I uses information from the solution checker , wh ich is called by the
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student when he feeLs his program meets the requirements of the task ,

and from the post—task interview , in wh i ch the student is asked w h e t h e r

he understands the “model solution ” for the task and whether he wants

more work on each of the skills involved. A simulatio n program for

i n t e r a c t i n g  wi th  the  task—select ion procedure thus mieeds only to produce

a description of the outcome of a task , indicating whether the simulated

student completed a correct solution or quit the task , and the answers

he gave to the yes/no questions asked in the PTI.

Task selection is based on criteria by which troublesome skills ,

or skills that a student is ready to learn , are identified. The

implicit assumption is that the effectiveness of presenting a task for

stimulating new learning depe nds only on the prior learnino, of the

skills in that  t~~sk. While clearly an oversimplification of the

relationships between prior learning and the new learning and

performance that result from working a task , BIP— l’s criteria reflecting

th is  assumption have produced adequate task selection in most cases.

Our simulation program therefore accepts as input from the

task—selection procedure a descri ption , which we caU a configuration ,

of the prior learning of each skill in the task that has been selected.

The s imula t ion  p rogram generates its ou tpu t  by us ing  a s t a t i s t i c a l  model

of the relationships between configurations and task outcomes determined -

from data on previous use of the BIP—I system by real students . These

data are condensed protocols consistins~ of sequences of task identifiers

and coded descriptions of the task outraine s for each student. The

output of the simulation program is a condenserl protocol , identical in

format to those used to build the stati sti ca l model , indicating the

sequence of tasks chosen by the selec tim procedur e and the  outcomes

61 

—_ ----- ~~~~—----—- - —-_-- - -——---~----_ -- 



- 

~~~~~~~~~~~~~~~~~~~ ~~~~~ 

-

~~~~ ~~ ~~~~~~~~~~~~~~~~~~~~~~~~~ 
~~~~~~~

_ .

generated by the s i m u l a t i o n .  Each p r o t o c o l  r ep rese n t s  one s imu la t ed

s t u d e n t  who works  on the  tasks se l ec ted  b y H I P — I  u n t i l  the  student model

In d i c a t e s  th a t  a l l  the skiLls are lea rn ed , or that there  are no sore

ava ilable tasks involving the reoaining unlearned skills.

F i n i t e — s t a t e  s tudent  model

In implementing the BLP—l simulation , an improved learning model

was included.  In the  B IP — l sys tem operationa l before that time , the

student model consists of a set of counters associated with each skill , j

indicating how many times the student had used the skill , how many tines

he had been successful in the tasks that required it , how many times he

had responded w i t h  confidence in his own abil1~~y to the  post—task

in te rv iew , etc .  These counters  are used to determine whether or not the

student needs more work with the skill at the tine a next task is to be

selected. While counters seem simplistic , they do work and are still

used in some of the  latest Al—based generative CAl systems .

A mor e sophisticated approach is to describe the student ’s

knowledge of each skill with respect to a set of states. The names of

the states may have either psychological significance (“learned” , “not

learned”) or pedagogical s i g n i f i c a n c e  (“ read y to be learned” , “too easy

for the current context ”). The finite—state model has both conceptual

and computationa l advantages. Pedagogical heuristics can he conceived

in terms; of mean i ngful categories of Learning, Instead of counter

values. Transitions between states are simpler to Implement and modify

than are non—unitary increm ents and decrements  of m u l t i p l e  coun te r s .

The limited numbe r ol states can ma~ o it easier to imp lemen t  more

complex algorithms for t Im e task—sel ection process. In addition , a
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poss ib le  ex tens ion  (which  we have not a t t e m p t e d )  is t h a t  st a t e

transiti ons can be node probabilistic , enabling t t i &  app l i - .mtion of

exis t  ing  “ t c ch n o lo~ y ” of t m i  t e — s t a t e  ~la rkov l e ar i  l ug  m ode s f rom

mat hem at i ca l psycho logy .

We defined a non—probabilistic six—state model to be

lilcorporated into experimental revisions of the BIP—I task—selection

process . Initially, for the purposes of simulation , the model was

designed to be functionally equivalent to the existing counter model——

i.e., the transitions between states parallel the changes made to

counter values for given student behaviors in completing tasks. The six

states and their meanings are :

—— Skill has not been presented , nor have others at Its
technique level.

NI —— Skill has not been presented , but others at its level
have been seen.

00 —— Skill has been presented but has not been learned .
U —— Lowest level of learning. Skill was required in a task

in which the student had difficulty achieving an
acceptable solution .

L2 —— Skill is considered “learned ,” having been used
successfully but in a restricted context of other skills. -

LI —— Highest learned state. Skill has been used successfully
in varied skill contexts.

Simulation database desi&n

The statistica l model used by the simulation program is a

database of discrete entries, one for each distinct configuration of

prior skill learning identified in the real student protocols . Each 
-

entry contains the empirical probabilities for the possible task

outcomes observed for all tasks described by its configuration . The

formn~m t of a configuration is a list4 in which each element consists of a

skil l learnin~ state  (e.g., “new”, “unlearned ’, “well—learned”) and the

4
LLSP conventions will he used for denotin g list structures.
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number of skills in the task that were in that learning state when the

task was p resen ted .  We r ep re sen t  a configuration as

( (S . n ) (S . n.) ... (S . n ) )
1 1 2 2 m m

where the S
1 

are different learning states , the n . are the integer

counts  of the  number  of sk i l l s  in a s ta te , and m is the  number of

different states that were associated with at least one skill in the

tasks described by the configuration. For instance , all cases in the

real student  protocols that involved three skills , two of which were in

learning state NI (new) and the third in state L2 ( l ea rned) ,  are

represented in the database by an entry fo r  the conf igura t ion

( ( N i . 2) (L2 . 1) )

The probabi l i t ies  fo r  each outcome observed to have occurred fo r  a sk ill

c o n f i g u r a t i o n  across all protocols are given in the database by a list

of the f requencies of each outcome. Continuing the previous example ,

the data stored with the configura tion ( ( N i  . 2) (L2 . I ) )  mig ht be

( ( ( SUCC . 10) (DIFF . 8) (QUIT . 2 ) )
((YES 17) (Ni 24 . 40) (L2 0 . 20)) )

The first line denotes the EVENT, a summary of the student ’s pe r fo r mance

in completing a solution : SUCC (success without difficulty) occurred in

10 tasks , DIFF (success with difficulty ) in 8 tasks, and QUIT ( fa ilure

to complete a solution at all) in 2 tasks . The sum (20) of the EVENT

counts is the total number of times a task described by the

configuration ((Ni . 2) (L2 . 1)) occurred in the student protocols.
The second line of data gives the PT1 responses. The first sublist ,

(YES 17) , indicates 17 “yes ” answers (out of 20) to the question “do you

understand the model solution?” The remaining sublists are the
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f requencies  w i t h  w h i c h  s t u d e n t s  answered  t h a t  h e y wanted more work for

the skills in each learnir.g state. For the two s k i l l s  In s t a t e  Ni ,

there were two questions asked in each of the twenty tasks represented

by this database eit~ ry, and for those 40 questions there were 24 answers

requesting more work on those skills. For the one skill in state L2,

none of the 20 questions asked were answered with a request for more

work.

In using the database during simulation , probabilities are

comp uted dynamicall y by performing the appropriate divisions of observed

by possible frequencies stored with the configuration that describes the

task presented by the selection procedure. The reason for storing

f r equenc ies instead of probabilities is best explained by example.

Suppose we thought that skills in state L2 (already learn ed sk ills ) did

not have effects of practical significance on outcomes of tasks

involving those skills. So , f or examp le, we expected the same

dIstrIbution of outc cmes for r .nsks d~ scrl hec1 by rnn fic~u irat lons

( ( N i . 2) (L2  . i ) )~ ( ( N i  . 2) (L2 . 5) ), ( ( N I  . 2) (L 2 . 15 )) , etc. By

s tor ing f requencies  in the database , the simulation can be used to test

th is  hypothesis about the i r re levance of sk i l l s  in s t a t e  L2.  We can

compare the results of simulation experiments where L2 skills are and

are not included in de te rmining  the conf ig u r a t i o n  t h a t  describes each

task . In the latt er case, the probabilities used by the simulation

program are computed by pooling the frequencies across all entries with

identical Counts on all learning states except state L2. Thus , if in

ignor ing  the  L2 s t a t e , ~ configuration of ((Ni . 2)) is determined for a

task , then all the entries listed above , corresponding to configurations

of two skills in s t a t e  N i  and of any number in state L2, will have their
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frequencies added together. If the comparison of simulated data from

experiments where states were and were  not ignored  r e v e i l s  f l u

differences 01 practical significance on variables such as average

number oL tasks worked by each ~tudent , number of tasks tailed , number

of requests for mo re work on skills, etc. , then we can conclude that the

ski l l s  in the  l e a r n i n g  s t a t e s  tha t  were ignored do not a f f e c t  t he

performance we intend to improve by Individualiz ing task selection. The

imp lication is that the t a sk—se l ec t i on  p r o c e d u r e  need not  base i ts

decisions on skills in those states that cam be ignored during

simulation. Thus , in addition to its originally planned use in

evalua t ing  m o d i f i c a t i o n s  to task—selection procedures , our automated

simu lation program can be used to analyze data from the use of existing

procedures to suggest possible modifications to them.

Protocol analysis p~ ocedure

The comple te  protoco ls used in cons t ruc t i ng  the  database are a

chronology for each use of a BIP command by students (see Figure 6).~

These commands i nc lude  requests  for  h i n t s , requests to review task

descri p t ions , calls to debugging aids , etc., that do not affect the

task—selection procedure and do not necessarily indicate whether or not

the student is having difficulty . For task selection , the relevant

commands ar e TASK , wh ich requests a new task , and MORE , which cAUR

VERIFY (the soluLion checker) and PTL. The MODEL command , wh ich

indicates a requ est  to examine the miss~Iel solution before the task is

completed probably does reflect student difficulty, and is of Interest

f o r  c h a r a c t e r i z in g  p e r f o r m a n c e  even though the task—sel tion procedure

5More recent protocols also include each line of BASIC typed by
students in writing and debugging their programs.
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in force when our real  s tuden t  protocols were collected did not monitor

it.

The first stage of the protocol analysis used to c reate the

simulation database was accomplished by a scanning program , STRAIN , that

produces  condensed p ro toco ls  c o n t a i n i n g  the  sequence of i n t e r a c t i o n s  f o r

selected BIP commands. Using STRAIN , we obtained protocols listing only

TASK , MODEL , and MORE , including its calls to VERLFY and PTI (Figure 8).

The second stage of protocol ana lysis involved a second scanning

program , FRAMER , which scans the condensed protocols written by STRAIN.

FRAMER finds the beginning of each task and first determines the EVENT

part (SUCC, D I FF , or QUIT) of the task outcome . Althoug h the version of

BIP that was used by our real students distinguished only success (SUCC)

and f ailure ( QUIT )  in up da t i ng  the s t u d e n t  model , we d e f i n e d  a third

category of success—with—difficulty (D1FF), which should Indicate

instances of challeng ing, but manageable tasks. In FRAMER , 01FF is

determined by a request to examine the model solution or by one or more

rejections of the student ’s program by the solution checker prior to its

being accepted as cor rect . 6 SUCC represen ts  w r i t i n g  a p rogram accepted

by the f i r s t  call  to the so lu t ion  checker and QUIT represents leaving

the  task wi thou t  ever hav ing  “passed” the  solution checker. After

d e t e r m i n i n g  the  EVENT , FRAMER finds the PTI responses. It first scans

the yes/no answer to the understand—th e—model—solution question , and

61n more recent use of the simu lation , not described in this
report , two or more rejections by the s olu t i o n  checker are used in
defining 01FF. Hand ana l ysis of s t u d e n t  p ro toco l s  in the  c o n t e x t  of a
r e sea rch  p rogram on debugg ing  has indicated that students frequentl y
initially write programs that r o fh ct nnsunderstanding of the task
specifications——they write a correct program to ;olve the wrong problem.
Since this duen not correspon d to any difficulty with programming
knowledge per se , we felt i relaxo t ion fl the criterion for defining
01FF was in order.
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task
F R I D A Y ,  F E B R U A R Y  7 , 1975 ll : 5 9 : 1 OA M — P S T
17
b i p s c h o i c e
tech n i q u e :  5
m u s t :  13 14 15 16 30 55 74

model
FRIDAY , FEB R UARY 7 , 1975 l2:06:53PM—PST
17
10 INPUT X
*

mor e
FRIDAY , F EBRUARY 7 , 1975 l2:12:O7PM—PST
17

v e r i f y
inpu t: 1776
output: 1776
p r o g r a m  r u n  s u c c e s s f u l l y

pt i
unders tand? :  no
s k i l l s :  55* 2* 13* 3

task
FRIDAY , FEBRUARY 7 , 1975 12 :l4 : 19PM—PST
2
bip ’s ch oice
techn icue: 1
£II~~ã~~~~L .

more
FRIDAY , FEBRUARY 7 , 1975 l2:l9:33PM—PST
2

v e r i f y
o u t p u t :  STR ING
SCHOOL f
stay in prob lem a f t e r  v e r i f i e r  f a i l u r e

mor e
FRIDAY , FEBRUARY 7 , 1975 12 :2 2 : 2 1 PM—PST
2

verify
output: SCHOOL
program run successfully

pt i
understand?: yes
skills: 2

Figu~~ 8. Condensed BIP protocol produced by running the STRAIN program
over the protocol section given in Figu~~ 6.
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then the list of skills for which further work was requested. The

output of FRAMER for each condensed protocol is -i sequence of frames,

which are coded descriptions that succinctly ideo t i fy each task and i ts

outcome (Figure 9). For example , the fr ame

(TKO I 7 01FF (NO SK055 SKOO2 SKOI3)) records that on Task 17 , the EVENT

was success—with—difficulty, and in the PTI the student said he did not

unders tand the model solution and wanted more work on

Skills 55, 2, and 13.

The simulation database was constructed from the sequences of

f r a mes by a third program , ANALYSIS. ANALYSIS includes a copy of

BIP—l ’s CIN and the procedure used to change the student model , mod if ied

to accept protocol frames as its input , and nperates as follows :

1) The student model is initialized and t h e frames
for one student protocol are retrieved.

2) For each f r ame , the task number is used to enter

the CIN and retrieve the skills involved in that task.

3) A list of the learning states of those skills is
dete rmined f r o m  the s tudent  model.

4) The configuration for the List of states is
computed.

5) The database entries defined to that point are
searched for that configuration. If an entry already
exists , the EVENT and PTL from the f rame are used to
increment the appropriate frequencies stored there ;
otherwise , a new entry corresponding to that
configuration is added to the database.

6) The outcome of the frame is used to update the
student model before scanning the next frame .

A f t e r  the frames for one student are comp leted, the student model is

reinitialized before retrieving the frames for the next student .

ANALYSIS outputs the database when all the student protocols have been

scanned.
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(TK OO1 D I F F  ( Y E S ) )
( T K 0 7 2  Q U I T  ( Y E S ) )
(TK072 SUCC (YES))
(TKOO3 SUCC (NO 51(005))
( T K O O 4  SUCC ( Y E S ) )
( T K O O 5  SUCC ( Y E S ) )
( T K O O 6  D I F F  ( Y E S ) )
(TK1J09 SUCC (YES))
(TK O1 4 SUCC ( Y E S ) )
(TK~~15 D1FF (YES))
(TKO16 01FF (YES))
( T K O O 7  SUCC ( Y E S ) )
(TK085 DIFF (YES SK082))
(‘11(076 SUCC ( Y E S ) )
(TK077 SUCC (YES))
(TK079 01FF (YES SKO3O SK074))
(TROll DIFF (NO SK055 SK002 SKO13))

~ (TKOO2 SUCC (YES))
(TKO2O 01FF (YES SK055 SK002 SKO13))
(TK O1O SUCC ( Y E S ) )
(TROll SUCC (YES))
(TKO9O SUCC (YES))
( T K O 8 9  SUCC ( Y E S ) )
( T K 02 8  SUCC ( Y E S  51(055 51(002 S K 0 2 9 ) )
(TKO21 SUCC (YES 51(055 SKOO2))
(TK018 SUCC (YES))
(TK O1 9 SUCC ( Y E S ) )
(TK 0~~2 SUCC (YES))
(TK023  SUCC ( Y E S ) )
(TK 0 83 SUCC (YES SK027 S K O 1 9 ) )
(TK~ 80 S UC C  ( Y E S  S K 0 2 9 ) )
(TK O 3 1  SUCC (NO S K 0 3 6 ) )
( T K 0 3 3  SUCC ( Y E S  SK039 SK038 51(076 SK075))
(11(037 QUIT (YES SK055 SKO13 SK042 SK029 SK059))
(TK O 8 1 DIFF (YES SK024  51(0 3 0 ) )
(TK082 DIFF (YES SK023 51(030))
(11(030 SUCC (YES SKO18))
( T K 0 2 4  SUCC (YES S K O 1 6 ) )
(TK O6 1 DIFF (YES SKO13 SK046 SK036 S K 0 5 9 ) )
(TK 035  DIFF (NO S K 0 4 2 ) )

Figure 9. Task frames produced by the FRAMER program. The starred
lines are the frames for the two task ; given in Figure 8.
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The student protocols used to construct the database used in the

experiments to be described here were those a v a i l a b l e  f r o n  n ine teen

students who used BIP—I with its task—selection procedure in the context

of a previous experiment (Barr et al., 1976).~ [he nineteen protocols

were descr ibed by 678 task frames, an average of 36 tasks per student.

Th e pro tocols were incomp lete in that , for the purposes of the

experiment , each student had been limited to ten hours on the system ,

and thus some students did not reach a point where RI! —I decided it had

no further tasks to present to them . From the protocols , ANALYSIS

created a database of about 200 entries. The number of entries relative

to the total number of tasks emphas izes the number of d if f eren t

situations in which BIP—I ’s task—selection procedure must perform

adequately. However , it also implies that many entries contain data

f rom j ust a f ew, or even just one, task( s)  work ed by a few (on e )

s tudents . The spread of the data across so many different

cOLILiguLdLiuub was one factor that motivated us to pool entrIes during

simulation as described above.

The error inherent in the statistical model represented by the

database decreases as the number of real student protocols adds to the

amount of data represented by each entry . Given enough data , we wou ld

want to add task identity as an additional parameter of the

configurations used to define entries. Each entry would then correspond

to a particular task, and hence its particular skills , and there would

be several entries for each task corresponding to the different

configurations of learning states in the different cases when it was

7These students were Stanford u ndergraduates with non—technical
ba ckgrounds and no previous programmia~ exper ience.
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s~ Iecied.  The advantage would be that any differences between specific

skills and the tasks themselves (e.g., the semantic content of the

programm ing problem ) that also affect student performance would be

accurately reflected in the simulated outcomes.

Simula t ion  p r o c e d u r e

The Slr~1ULA TI ON program interacts with a task—selection procedure

to produce sequences of task frames with the same format as those read

by the ANALYSIS program to create the database . The sequence of actions

for simulating one student is as follows :

I) The student model maintained by the
task—selection procedure is initialized .

2) ihe selection procedure selects a task based on
the learning states of skills in the student model.

3) The configuration of learning state counts
describing that task is computed.

.) !he entry in the database corresponding to that
configuration , or , if none exists , to the closest
matchin g configuration , is retrieved.

5) The t r e qu t - n c ies f o r  t h e  poss ible  EVENTS are
converted to probabilities and a random number Is mapped
onto the probability space to determine the EVENT to be
simulated.

~ ) [he I re ( u enc  ies f o r  each PTI qu es tion a re
converted to prob abilities. For each question , a
s e p a r a te  random number  is g e n e r a t e d  and mapped on to  the
appropriate probability space to determine an answer.

7) the simulated outcome is read by the
task—selection procedure to up date the student model ,
and the simulated frame is recorded , before selecting a
next task and r e p e a t i ng  t h e simulation process.

With regard to step 4 , it sometimes happens that there is no

entry in the database correspondin g to the exact configuration of the

task to be simulated. In this case, the data to be app lied are taken
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I
from the “closes t” matching entry . The algorithm used to find a match

opera tes by success ively decrement ing by one each count in the task

configuration , checking each time for a matching entry in the database.

If none is found , it decrements by one the possible pairs of counts ,

then trip lets, and so on. If no match has been found , it then

decrements by two each count and calls itself recursively with a

decrement of one on the other counts. The decrement size is increased

until a match is found. The algorithm is comp le x fo r  reasons of

comp leteness; in pract ice , a match is usual ly found a f t e r  a few small

decrements to the original target configuration .

To pool entries in a simulation experiment , SIMULATION is told

to ignore specified learning states in computing configurations. Then

when database ent r ies  fo r  a conf igura t ion  are re t r ieved , al l  entr ies

with the target configuration and any other counts of the ignored

learn ing states are pooled by adding their frequencies .

As a test of the simulation procedure , it was first used with fl
the task—selection algorithm under which the real—student protocols had

been collected. The differences between the original and simulated

sequences of task frames are a measure of the error in the statistical

mod el of learning and performance represented by the database. There is

an expected error component due to differences between specific skills

and tasks that are ignored when predicting outcomes solely from the - -

inferred learning states of the skills involved in tasks. Another

source of error is individual differences between students that are lost

by combining their data in a single database; these differences are such

that we do not feel it accurate to assume they represent normal

variability from a single statistical population . For examp le , some
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real students seldom , i f  ever , ask for more work on skills during the

P11, wh ile others ask for more work continually ,  regard less of the

difficulties they may be having in completing tasks. For these

students , PTI responses do not seem to reflect any real problems with

skills , but instead to indicate different learning sty les and

strategies . Since the simulation assumes that variability among

students is normal , it will not produce output corresponding to extreme

variations in student performance as frequently as they occur in the

population of real students. These known sources of error in prediction

prevent SIM u I A  - )N from generating data identical to that of real

students when used with an identical task—selection procedure. However ,

the observed discrepancies can be used to gauge the minimum error of

prediction expected from simulation with modified selection procedures.

Th us, for example , if there is a reduction in the average number of

tasks failed under a modified procedure that is greater than the

di f f e ren c e  for that measure observed bctwecm real and simulated uSC of

the original procedure , then we might conclude that the modification was

effective in reducing the measure.

In the course of using SIMULATION with the original

task—selection procedure , the “closest match” al gorithm was developed

and several assumptions for pooling entries were tested. We then moved

on to simulate two modifications of the original selection procedure.

One involved the way in which the skills in the student model are

updated after a failure to complete a task. The other involved the

task—selection criteria regarding the number of t roublesome or new

skills to be included in the next task.

Our general procedure in using SIMULATION was to run two
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identical simulated experiments of twenty students eai -h for each

modification ot the tasl — — seiection procedure or of SIMULATION itself.

Thus , in comparing t h e  results of diff erent simulation experiments with

each other and with the real student data , di fferences could be

evaluated relativ e to the error in the database, as determined by

measuring the differences between two identical simulation experiments.

Results and discussion

Data for the nineteen real students and each simulation

experiment are presented in Tables ~~, and 3. Table 1 gives

1) the mean number of task frames oer student

2) the proportion of instances for each type of
EVENT (SUCC , D I F F , QUIT)

3) the proportion of instances for P11 responses
indicating understanding of the - 1 e1 solution an-I
requests for further work on skills

4) The proportion of instances In which -
~ ‘break”

occurred in selecting a task .

A hr~~ak t~~ d~~ fi n ur C5 the selection of 1 task nnr-~ lcs~ thn~ cac

technique level away from that of the urevious task , and i -~ -ì measure of

the continuity of the sequences of tasks that are selected to r a

student. The greater the proportion of breaks , the more t~le student

- b )u n c e d ”  back and f o r t h  ~e tween  tasks involving : redominantly simple

and complex skills.

Table 2 gives the conditional probabilities for successive task

EV ENTs : f o r  example, the probability that when task n— I was 50CC , task

n was a QUIT. These probabilities reflect the ability of the selection

procedure to maintain a challenginr leve l of difficulty.

Table 3 gives for each pair of experiments the value of a
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i A l Ja r 1

Tank Outc me~- from heal - n d ~ixnuiated
BIP Protucolt

EXPERLMENTS

Real 2 2 2 2
Students la lb 2a 2b 3a 3b 3c 3d

Mean No. of Tasks 35.7w 48~4 47.2 46.0 46.8 48.0 50.7 49.5 51.1
per Student

Proportion:

SUCC .60 .57 .59 .58 .57 .56 .54 .56 .54

DIFF .87 .41 .39 .41 .41 .42 .43 .41 .43

QUIT .03 .02 .02 .01 .02 .02 .03 .03 .03

Understood model .96 .97 .94 .96 .97 .96 .93 .95 .97

Sk.tU requests .1.1 .08 .08 .08 .09 .12 .13 .13 .14

Breaks .18 .24 .20 .22 .2]. .20 .2]. .18 .18

1
Studenta were limited to 10 hours of system time. Many of them did not reach.
a point where the task selection procedure decided they had finished the curriculum.

2Proportions based on only the first 36 tasks of each simulated sequence .
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Ta -ic- ~

Value s of and for ta nk ~~-11 U€-1ICcn .

f rom heal and Siinulate i BIP Pr -tocul:

Real
__________ Students la lb 2a 2b 3a 3b 3c 3d

Ièa.i --- .92 .92 .90 .90 .91 .911 .95 .94
StudentB .82 .79 .78 .81 .73 .74 .81 .80
__—;_ 

.99 .99 .98 .97 .96 .98 .98a .92 .92 .93 .83 .82 .89 .89

.98 .98 .96 .95 .97 .97lb 

.91 .92 .82 .8o .89 .89

.98 .96 .94 .97 .962a 

.91 .~~~ .~~
- .89 .89

.96 .94 .96 .962b .83 .80 .89 .88

.97 .95 .963a .89 .8o .87

.96 .97
3b .80 .8~

.99
30 -- .91

3d 
____________________________________________________________

(k 
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s t a t i s t i c  we denote  R f o r  n = 1,2. For siih~ eq~~~ ces of tasks of length

n , R is an index of co’-~ ,jation that indicates the extent to which the

subsequences that occur in one experiment occur with the same frequency

in a second experiment. ‘ihe upper bound of R is 1.0, the case in which

ev ery  subsequence occu rred in both exper iments  w i t h  equal f requencies ;

t h e  l ower  bound Is 0.0 , the case in which no subsequence occurring itt

on. experiment also occurred in the other. When n = 1 , R
1 measures the

r&flative frequen :y with which each task in the curriculum was presented

in the two experiments. The formal definition of R is given in

A ppendix B.

~~p~ riment I. Two identical experiments , Ia and ib , were

z imu lated using the task—selection procedure under which our real

student data had been collected.8 We actually ran many experiments with

the original procedure in order to determine whether there was a basis

for pooling entries in the database. Experiments Ia and lb are cases in

which we pooled entries by ignoring states Li (well—learned ) and L2

(learned) in computing learning state configurations for each task.

These states represent the greatest degrees of learning for skills ; thus

by ignoring them , the simulation program assumed that outcomes are not

significantly influenced by the number of already—le arìed skills

involved in a task.

Tie data given in Table I for Experiments Ia and lb can be

compared to gauge the error present in the simulation procedures The

8One change to the procedure was the substitution of the
six—state learning model for the counter variables originall y used i n
the student model to represent the learning of each skill; the change
was transparent since the transitions for the six—state process were
designed to be equivalent to the increments and decrenient~ of the
counter variables .
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ItLiximum variability between simulation runs is .04 for breaks and the

minimum is .0 for QUIT and skill requests. In comparing the proportions

obtained by simulation to those of the real students , the differences

seem to fall within the variability observed between the two simulation

experiments. The conditional prob abilities for Experiments Ia and lb in

labie 2 disp lay greater variability than the data in Table 1. This is

to be e .pected since each conditional probability is a finer breakdown

of the EVEN T ~iata based on fewer instances. In comparing the

co:iditional probabilities of the simulated and real—student data , the

largest differences occur when task n—I is a QUIT; the simulation

overestimates the probability of a following SUCC .

i’he values of and R
2 

given in Table 3 for comparison of the

two simulated sets of task sequences again allow us to gauge the

variability inherent in the simulation. For lb vs. Ia, .99 and

= .92; We would not expect the values obtained in comparison with the

real—student dali to exceed these values obtained for repeated

simulations . Table 3 indicates that the values of 
~~ 

and R 2 are lower

for eith er simulation vs. real—student comparison . Thus , the simulated

sequences do seem to deviate from the sequences obtained from ‘he real

students. Since R is a weighted average of components for each

identifiable subsequence (see Appendix B), we were able to examine the

breakd owns of and 
~ 2 

to determine the source of the difference

between the real and simulated data. We found that the overall

differences could be attributed to a few tasks that occurred once each

across all the real—student data and never occurred at all during either

simulation exper iment. Tasks and subsequences of two tasks that

occurred frequently in the real—student data occurred with comparable

80
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frequency in the simulated data and did not contribute systematically to

the differences observed in the overall values of and The

appearance of a task only once in the real—student data probably

reflects extreme variability in student behavior that the simulation

canno t reproduce with the same frequency as occur0 in the real—student

population. For exatnple , if one real student made it a habit to request

more work on skills regardless of his ~occess in completing tasks , then

i n  honori r i n those requests the selection procedure night choose some

tasks that were never se lected for any other student. Our analysis of

t h e breakdown of and R 2 by tasks suggests t h a t  one or two cases of

atypical student behavior could account for the observed differences

between the values of R for real—students and Experiment 1.-n

In general , the comparison of data from real students and the

simulation in Experiment 1 indicates that with the same selection

procedure , the simulation produces much the sane results as were

obtained with real students. Although the simulation used the number of

skills in eac h learning state , and Ignored both some of th~ states and

the identity of specific tasks and skills , most of the differences

between real. and simulated measures fell within the variability observed

in the simulation alone.

~!p~~~ m~~
t2. In Experiment 2 (identical runs 2a and 2b), the

task—selection procedure was modified with respect to how the learning

states of the skills in a task are updated to reflect a QUIT. In the

or iginal pr ocedure , when a QUIT occurred all the skills in the task were

put into a state which caused those skills to be added to the MUST set

when the procedure selected the next task; the MUST set c o n t a i n s  those

skills which the procedure attempts to have Included in thi .’ next task.

I
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I
ihe inodificati oT~ for I v , e r km e f l t  2 was to redefine the transitions

bciween states so that skills in h i gher  states of learning did not have

their states c h , iris ~c,1 i t  r . ’ r a Q U I l , an d  So w e re not  subsequently added to

the MUSt’ set. uti s , onl y t h e  m argin ally learned and new skills in the

failed t isk ti 1 - c  ted L l i & -  next task select ion.

Table I reve . i  is no differences between Experim ents 2a and 2b and

either the real— .~tudents or Experiment 1. This is not  s u r p r i s i n g  since

the modificati on could on ly have an effect on the se’ect i o n  decisions

following the 2—3 percent of tasks t ha t  were QUIT. The effect of the

modification is seen in the entries in Table 2 for sequences where task

was QUII’. For both Experiments 2a and 2b, there is a substantial

decrease in the probability of a SUCC given a QUIT as compared to the

real students and to Experiment 1. This Is as expected, since

previously well—learned skills are no longer being included in the MUST

set after a QUIT and so the next task is more likely to contain skills

that are more difficult for the student to use. The values of and

in Table 3 show that the actual task subsequ ences produced

Experiment 2 are identical (within the variability of the simulation ) to

those of Experiment  1.

Experiment 2 demonstrates that the simulation otocedure can make

reasonable qualitative predictions for the  e f f e c t s  of smal l

modifications to a task—selection procedure .

Experiment 3. For simu lation Experiment 3 , an additional

modification was introduced into the original RIP—I task—selection

procedure. Let M be the number of skills in the MUST set which are

included In a task chosen by the  s e l ec t ion  p rocedure .  t h e  o r i g ina l

procedure tried to maximize M for every task—selection decision . Thus,

L 
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I
It there were six skills lu the MUS T s t  , the pro c e d u r e  w o u l d  attempt to

find a task in the curriculum t h a t  involved the use of those six skills.

Letting M assume its maxi tiuta value insures that t h e  procedure will

alway s try to present the most difficult task consistent with the

technique leve l at which the student has been working. The modification

we tested in Experiment 3 was to make M a parameter of the selection

1,.rocedure that is fixed at a specific value for a group of students. We

were most interested In the case in which M is set to 1. Pedagogically ,

this corresponds to the princip le of attacking the learning of

troublesome and new skills by isolating them one at a time in the

context of problems that involve only other  alread y wel l—learned skills .

We did no t necessar ily believe that presenting a task involving only one

MUST skill is always better than presenting one with a maximum number of

such skills . Instead , we tho ught that setting M equal to I might be

useful for some students in some situations (e.g., after failing a

task), but still were interested in determining the effects that would

be predicted by the simulation for the extreme case where M always

equals 1.

We conducted four separate simulation runs , 3a and 3b where

M = I , and 3c and 3d where M 3. The proportions reported in Table I

for these experiments reflect only the first 36 tasks in each simulated

student sequence of frames. The sequences were truncated to provide a

more appropriate comparison with the real—student data which , as we have

— noted , is based on an average of 36 tasks per student because of the

limited system time allowed students in that experiment.

Surprising ly ,  the data in Table 1 show no meaniuc ul differences

for Experiment 3 compared to the real—student and other si—is lation
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data . 9 l’able 2 has only one notable result for Experiment 3: the effect

on the probability of SUCC given a previous QUIT, which was obta ined fo r

the modification introduced in Experiment 2, has been eliminated or at

least reduced. One explanation that can be offered is that following a

QUIT the MUST set grows abnormally large because of the addition of all

the skills in the QUIT task except those that were already well—lear ned.

By restricting M to any value less th an the maximum possible , the next

task will contain many fewer difficult skills and will thus be more

likely to be completed with greater ease. However , this explanation is

actual ly supe r f luous , given the explanation of why the very radical

change of setting M equal to 1 did not have the more pervasive effects

we might have expec ted.

As far as we have been able to determine , manipulations of the

value of M used by the task—selection procedure are not effective

because of limitations due to the available curriculum of tasks. During

interactive simulation subsequent to Experiment 3 we have found that in

a majority of cases when ~ task involvIng precIsely M MUST sk ills is

be ing sought , no such task can be found in the curriculum. Instead , the

selection p rocedure is forced to compromise by selecting a task

involving a number of lUST skills greater or less than M, dep ending on

hether M = 1 or ‘l = 3. The average effective value of M seems to be

between I and 2 in both cases. Subsequently ,  we have inves tiga ted the

original algorithm where M is always a maximum and found that here too

th e average effective value of M is closer to 1 or 2. Of course ,

9The apparent increase in skill requests for Experiment 3 as
compa red to Exper iments  1 and 2 is an a r t i f a c t  of t r u n c a t i n g  the
Experiment 3 sequences. The data for the full sequences (not shown)
have skill requests at .08 as In  i-he earlIer simulatIons.
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sett ing M to a specific value has an effect is some cases , but  our da ta

c lear ly show that these cases do not have a very great overall effect on

the behav ior of the selection procedure or the student.

In order  to examine the effects of manipulating M , the BIP—I

c u r r i c u l u m  would have to be expanded with tasks involving different

combinations of skills than exist in the opera t iona l  ve r s ion .  One

possibility that we have not yet pursued is to use the simulation with a

2~~ udo—curriculum consisting only of task identifiers and a description

in terms of the skills involved in each task , but no actual problems

that could be presented to real students. The pseudo—curriculum could

be very large , containing hundreds of tasks involving most of the

conceivable combinations of skills , and would enable a selection

procedure to f ind tasks having specified values of 14 consistently .

General discussion

We have found automated simulation to be a useful supplement to

interactive simulation and real—student experiments in our research on

i nd iv idua l i zed  task se lect ion in the BIP— I  system. In first develop ing

and t e s t i n g  our simulation program with a task—selection procedure for

wh ich we had r ea l—s tuden t  data , we rea l ized t h a t  the  s imula t ion  serves

an unanticipated role for analyzing existing data. Our need to pool

entries in the simulation database to reduce variability in the

s imula t ion ’s predic t ions  led us to discover that the performance of

students in an earlier experiment seems not to have depended to any

detectable extent on the number of well—learned skills in the tasks they

worked.

Experiment 2 demonstrated that the  simulation is sensitive in

5,
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reasonable ways to small modifications to  the task—selection procedure.

Experiment 3 u n e x p e c t e d l y  p r e d i c t e d  no e f f e c t s  f o r  a conceptuall y

important modification to the selection procedure. Our subsequent

ana lysis revealed that this prediction was in fact sound because the

b r e a d t h  of the  c u r r e n t  BIP  c u r r i c u l u m  can limit procedures by preventing

t h e m  from finding tasks satisf ying specific criteria . Because t h e

different procedures have simila r detault criteri a for selecting tasks

in such cases , the tasks they select are simi lar.

The simulation was also useful in finding hugs in the early

stages of development of the selection procedures used in Experim ents 2

and 3. In t h e  case of making i’l a parameter to the selection procedure

in Experiment 3, the simulation revealed a context—dependent bug that

occur r ed onl y when 11 equaled  1 and t h e  procedure was unable to  locate a 7

task with 
~~~~ 

one skill from the MUST set.

Because the  simulation did not predict that either of the

modified procedures in Experiments 2 and 3 would have any substantial

ef f e c ts, we chose not to test them with a group of real students. To

test whether the simulation ’s pred ictions are quantitativel y sound , we

requ i re  a se lec t ion  procedure  f o r  which the  p red ic t ed  data are

substantially different from the data used to build the simulation

database. We did choose to incorporate the modifications tested in

Exper iments  2 and 3 in to  the  BIP-.II sys tem.  At the  same t ime , we added

more tasks to t he  cu r r i cu lum in an attempt to make mani pulations of K

more e f f e c t ive .
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I
V. 1asL selection using a network r e u r e s n t a t l o n  of knowle4~!,

Our i n i t i a l  use of a GiN i n  R I P — I  f o r  s e l e c t i n g  t asks  has

demonstrated the successful application of the CIN paradigm (Barr , et

al. , 1976). h owever , the representation of programming knowledge and

the  model of s t u d e n t  l e a r n i n g  used in RIP—I are very rudimentary . Most

obviously ,  BIP—l ’s grouping of skills into techniques is an

oversimp lification of the actual interrelations between skills. The

technique groups do not provide a sufficient basis for antici pating a

student ’s performance in new contexts based on his performance 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 , does not differentiate various

levels of skill mastery indicated by the amount of d i f f i c u l t y  a s tuden t

encounters in completing tasks. As described in Section IV , our use of

simu lation indicated that limited modifications to BIP—I would be

i n s u f f i c i e n t  to overcome the observed weaknesses in i t s  t a sk—se lec t ion

behavior. We therefore undertook to design a new GIN—based

task—selection procedure for a BIP—lI system . incorporating both a more

detailed representation for the knowled ge underlying the curriculum and

more complex assumptions for modeling student learning.

In considering alternative representations for the knowledge

u n d e r l y i n g  a task , we recognized t ha t  t h e  most powerful approach would

be -i procedoral representation sufficient to synthesize task solutions

(Self , 19/4; see, for example , Brown , et al ., 1975. and Carr &

IUA version of this section wil l appear in the Proui’edinZs of
the National Assoc ia t ion  of om R u t i n ~ ~-!~~~~~~Y’ 

1 9 7 1 .
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Goldstein , 1977). However , the state—of—the—art in program synthesis

and ana lysis  t e c h n i q u e s  has not ye t  advanced  to a point where a

manageable  sys tem could be implemented  for automatically so1vinj~

programming  p rob l ems  l ike those in the  B I P  c u r r i c u l u m .  Thus ,  we decided

to extend the original concept of a set of skills by e m b e d d i n g  t h e

skills in a network representation describing the structural and

pedagog ically significant relations between them. The network

supersedes the technique groupings . It enables inferences that

potent ially add sop histication both to the process of task selection and

to the i n t e r p r e t a t i o n  of student performance in updating the student

model. For example , unlearned skills that are deemed to be analogous to

other  skil ls  tha t  are already learned can be given lower priority for

inclusion in the next task to be presented. Or , if such skills occur in

a task that a student quits , then they cart be taken as less likely

sources of his difficulty than unlearned skills that are analogous to

other skills that are already known to be troublesome for that student.

The BASI NE T

Rather than basing the network of knowledge to be learned solely

on the BIP curriculum , we built the skill relationships on a general

representation for BASIC programs . From an analysis of the BASIC

language , guides to BASIC programming, and the skills and techniques of

BIP—I , we developed a network representation for RAS IC programming

constructs (the BASICNET), a simplified portion of which is shown in

Figure  10. The node names are self—explanatory ; the links

( r ela t i o n s h i p s )  are Kind , Component , t l a rdn ess ,  and ( m u t u a 1. f u n c t I o n a l )

Depende~~~ . The section of the BASIGNET shown specifies that there are
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CONT ROL STRUCTURE

UNCONDITIONAL H CONDITIONAL

END GOTO STOP IFTHEN H 
~ FORNEXT

“IF” BOOLEAN “THEN” LINENUM FOR D NEXT

/cH\
NEXPR REL NEXPR

NLIT ~- NVAR ~-S IMA RITH

Figure 10. A simplified portion of the BPSICI\JET describing
control structure of the BASIC language .

89



-
- 

-
~ - -~~~~~ Z’ ~~~~~~~~~~~~~~~~~~~~~~~~~~~ i:.~~~~ ’::~z~ ~~~~~~~~~~~~~~~~~~~~~~~

two kinds of control structures , and expresses a judgment that the

conditional kind is harder to learn than the unconditional. There are

two k inds  of cond i t iona l s t r u c t u r e s , and FORNEXT is h a r d e r  than  I F T H E N .

The components of an IFTHEN statement are the words “IF” and THEN ’ w ith

the Boolean condition and the line number in the appropriate places.

For the purposes of this illustration , the BOOLEA N consists of a numeric

ex press ion ( N E X P R ) ,  a relational operator (REL), and another NEXPR ;

among the  t h r e e  k inds of NEXPRs , numeric literals (NLIT ) are easiest ,

and n u m e r i c  var iab les  (NVAR ) and simp le a r i t h m e t i c  express ions

(SIMARITH) are increasingly hard.

Note that the downward links in Figure 10 provide information

like that found in a BNF notation for BASIC , while the horizontal links

provide pedagogical information specif ying relative difficulty, analogy ,

and dependency. The opinions expressed by the horizontal links are

necessarily gene ral and do not always hold for all students in all

stages of l e a r n i ng .  For example , an arithmetic expression is generally

a harder construct than a numeric variable because it often includes a

variable itself , but observation ind icates that usinp a statement such

as PRINT 6+4 tends to be an easier task for a beginner than using PRINT

N. This Implies that , ultimately , the pedagogical relationships between

concepts must sometimes be a function of the student ’s state of learning

at the time the relationships are to be used. We have chosen not to

tackle this refinement in the BASICNET underly ing the RIP—Il system.

List no t a t i on  f o r  the  BASLCNET

A simp lified version of the list notation we u se to represent

the portion of the BASICNET in Figure 10 is:

(CONTRULSTRUC [URE K (UNCOND ! I tONAL CONDI TIONAL))
(UNCONDITIONAL K (END GOTO SlOP) H (CONDITIONAL)) 

-— ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~



r

(COND Li’ IONAL K (LF’TUEN FORNEXT))
(LFT I-ILN C (“II-” HOOLEAN “THEN” L I N E N U M ) H (FORNEXT ))
( FORN I-X 1’ C (FOR N E X T ) )
(FO R 1) ( N E X T ) )
(BOOLLAN C (NEXPR REL N E X P R ) )
(NE X PR K (M LII  NVA R S I M A R I T H ) )
(NLIT H (N V AR ) A (SLIT))
(NV A R H ( SI MAR I I’ H ) A ( S V A R )  S ( S V A R ) )

Th e A links spec if y that numeric literals are analogous to string

literals (SLI[), and that numeric variables are analogous to s t r i n g

variables (SVAR). The S link says that NVAR and SVAR are similarly

difficult . (Note that these A and S relations are not shown in

Figure 10. The information about SLIT and SVAR is found in another part

of the BASLCNET.) The notation here is simply that used to express

property lists in LISP. (The list notation for the entire BASLCNET is

given in Appendix C, and glossary of terminology and notation in

— Append ix D.)

The BAS IGNET and BIP skills

Af ter the BASICNEI was defined , each sk ill in RIP ’s CIN was

represented in terms of a subnet. ’t First , the structure of each skill

was descr ibed , in list notation like the following (where Skill 42 is

“conditional branch , comparing a umeric literal, with a numeric

var iable ”):

(SK042 (lF’rHEN (BOOLEAN . (NEXPR . NLIT) (NEXPR . N V A R ) ) ) )

Skill 42 is represented as an instance of IFTHEN (see Figure 10), in

which the  BOOLEAN component is further specified as consisting of the

relation between a numeric literal (the first NEXPR component of the

BOOLEAN) and a numeric variable (the second NEXPR). The REL is left

1” The development of BIP—It included the definition of 10
add~ t~ cnal skI l l s , wh I c h  are gIven in A pp~~n d i x  F.
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unin stant iaie d , ~~i i u  ‘ S k i l l  ‘e2  does not specif y the kind of conp .-lrisnn

t e  be made bets o I i -  I 5:~~~ Thus any  R LL Is a p p r o p r iat e .

~ k i 1 l  4 i  i s  ‘conditional branch , comparing a simp le n u m e r i c

exp r e s s i on  w i t h  a ium er i c  v a r i a b  In . ” I t s  s t r u ct u r e  is

(SK0 43 ( SK 04 2 (N E XF R . S I M A t~ [ T H ) ) )

The n ot a t  ion i s  read “S k i l l  43 is identical to Skill 42 except  t h at  t he

f i r s t  i n s t a n c e  of NE XPR should  be SI M A R I T U , ” which  is e x a c t l y  what  the

Eng li sh  descr i p t io n of the skill says. Skill 46 (“conditiona l, branch ,

co m p a r i n g  two numeric var iables ”) is represented as

(SK O 4h (~ KO42 (NEXPR . N V A R ) ) )

again reflecting the minimal difference between the related skills.

(The skill s t r u c t u r e s  f o r  i l L P — I I  sk i l l s  are  g i v e n  in A ppendix F . )

Sk i l l  sets

Based on the n o t a t i o n  f o r  s k i l l  structures , skills were grouped

together into Len major skill sets representing printing, numeric

assignment , string assignment , LF—THENS , FOR—NEXIS , etc. Each skill set

was formed by starting with a head skill , not described in terms of any

ot her skill —— like Skill 42 above —— and ;~ll other skills (43, 46,

e t c . )  descr ibed in terms of it , or described in terms of other members

of the set. As might be expected , there was some similarity between the

ten skill sets and the techn ique groupings of HIP—I .

T he SKILL SNET

Within each skill set , pairs of skills were examined to find

their minimal cltfterence. If the nodes by which they differ are ll ruk ’-

in the 9AS ICNLI , t h a t  Link was use ! t o  detine a m i - -It ion betw ,.’~~

skills. If the  nodes b y w h i ch  two s k i l l s  di f l e r  do i t  L u v e  -

— — 
~
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link, relations were sought at increasingly higher levels of the

BASLCNET.

For instance, since the BASICNLT shows NVAR to be harder than

NUT, and S1MARITH harder than NVAR , it follows that Skill 46 is harder

than 42, and 43 is harder than 46. The relationships determined in this

manner between all, pairs of skills comprise the SKILLSNET, a knowledge

representation that can be directly expressed in a CIN and used for task

selection . The SKILLSNET, like the BASICNET , can be expressed in LISP

property list notation. (The underlining in the following example

emphasizes the relationships being discussed here.)

(SK042 H (SK044 SK046 SK047) A (SK047) P (SKOO3 SK036 SK039))
(SK043 H (SK047 SK075 SKO6I) P (SK036 SKO4O SKOO3 SKOO5))
(SK046 H (SK043 SK048 SK045) A (SK048) P (SKOO3 SK036 SK039))

The P links shown here are Prerequisite links; like the Hardness

links, these are a matter of pedagogical opinion. The P links, however,

appear only in the SKILLSNET, not in the BASICNET, and express judgments

that are more specific to the BIP course than those expressed in the

BAS[cNET. A few of the skills (e.g., those involving the use of

built—in BASIC functions such as INT and SQR) did not fall into skill

sets s~nce they seemed not to be describable in terms of any other

skill. These are related within the SKIL.LSNET only by means of P links.

(The entire SKILLSNET is given in Appendix G).

BIP—Il task—selection procedure

The new task—selection procedure for the SIP—Il system, designed

to use the re lationships between skills expressed in the SKILLSNET , Is

identica l to the technique—based method in Its overall design: A set of

skills appropriate to the student ’s current level of understanding Is
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generated , a set of tasks using some of those skills is Identified , the

best of those tasks (by some criteria) is presented , and the student

model is updated based on the student ’s performance and self—evaluation

on the task. The major difterence between the two methods is that by

using the expanded set of relations between skills in the SKILLSNET, the

new procedure can make more intelligent inferences both in updating the

student model and in generating the set of skills to be involved in the

student~s next task.

BIP—Il incorporates a finite—state model of learning with five

possible states. The states are :

UNSEEN Not yet seen in a task (not learned)
TROUBLE Required by a task, but not learned
MARGINAL Learned to a marginal degree
EASY Not yet seen, but probably easy to learn
LEARNED Learned to a sufficient degree

Skills can move to the TROUBLE, MARG INAL, and LEARNED states as a

function of the difficulty a student has in completing tasks that

involve them. A skill can become EASY if a skill that is harder than it

becomes LEARNED. UNSEEN and EASY skills can also become LEARNED,

MA RG INAL , or TROUBLE if they are prerequisites of skills that move into

those states.

Figure Il is a simplified description of the process by which a

task is selected at any point during instruction , given the student’s

state of knowledge of all the skills. The procedure integrates a number

of a priori reasonable pedagogical heuristics about how to vary the

relative difficulty of tasks to optimize learning as performance varies

and about how to teach a network of knowledge (e.g., breadth—first vs.

depth—first exposure).

As an example of the inferences made in the generation of the
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STEP 1: Create a set called NEED , consisting of skills that will
be sought in the next  t ask .  Look for  “ t r o u b l e ” skills f i r s t
(those in tasks that the student quit), then for analogies to
learned skills , then for inverse—prerequisites of learned
skills. As soon as a group of such skills is found , stop looking.

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

STEP 3: Give n a NEED set, f ind  the most appropr ia te  task that
involves some of the NEEDed skills.

(a) Assemble GOODLIST , those tasks that have the
desired num ber of NEEDed sk i l l s .  (This numbe r
increases if the student is consistently
successful, decreases if he has trouble.)

(b) If no GOODLIST can be created , make a new NEED
set consisting of the prerequisites of the skills
in NOTREADY . If no new NE ED set can be crea ted ,
then the curriculum has been exhausted ; otherwise
GOTO 3a.

(c) Find the ‘best” task: if the student is doing
well , f i n d  the task in GOODLIST that  has the
fewest learned skills; if he is proqressing more
slowly, f in d the task wi th the fewes t unseen
skills. Remove the selected task from GOODLIST.

STEP 4: See if the selecte~ ~. is otherwise appropriate.

(a) If none of the skili0 the selected task have
unlearned prerequisites, stop looking and present
the task. (END)

• (b) If any skills have unsatisfied prereauisites ,
r eject the task and add those sk ills to the
NOTREADY set.

(c) If GOODLIST is exhausted , change (usually
reduce ) the criterial number of NEED skills ,
and GOTO 3a. Otherwise, using the rest of
GOODLIST GOTO 3c.

Figure U. Outline of BIP-Il task-selection process.
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NEED set , let us assume that skills 42 and 61 (“FOR . NEXT ioops with

literal as final value of index”) are under consideration. Skill 61 is

represented as

(SKO6I It (SK062) P (SK042))

The Prerequisite relationship specifies that 42 must be learned before a 
-

task involving 61 can be presented. The structure enforced by the P

links relating pairs of skills gives the presentation of tasks some

degree of order , and is designed to prevent too—rapid progress or -

drastic jumps in difficulty—— in this way, they function like the BIP—I I
technique ordering. The Hardness links, in contrast , are used to

facilitate progress for a student doing well, by allowing some skills to

be considered “too easy” for inclusion in the NEED set. Such skills are

not inferred to be learned; they are simply not sought actively by the -

selection algorithm.

As an example using the skills described here, suppose that a 
-

student has successfully completed a task using Skill 43, although he

has not yet seen Skill 42. (The fact that 43 is harder than 42 does not 
-

force 42 to be presented first; only P links force such order.) When the

task—selection procedure assembles the next set of NEED skills, it will j
“infer” that 42 is now too easy to become part of that set, since

something harder than 42 has already been learned. I
Furthermore , since 42 is now considered too easy to look for,

Skill 61 can now be sought. If the student successfully completes a

task involving 61, the student model will be updated to show that 61 has

been learned, and by inference , that its unseen prerequisite 42 has also

been learned. These kinds of inferences (by which skills can reach
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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

prerequisite of a given skill may change its state from EASY to TROUBLE

if the student quits (gives up on) a task involving the given skill.

The next task selection would attempt to find a task using that

prerequisite skill in such a case.

BIP—Il performance

The BIP—Il task—selection procedure has been implemented with

parameters (e.g, numbers of skills sough t and thresholds determining

when an unpresented skill is “too easy” to be included in the NEED set)

that can be changed readily. The system can therefore be used to

explore the effectiveness of somewhat different pedagogical heuristics

for task sequencing. We used this capability in conjunction with an

interactive simulation system to create a version of BIP—Il that we

expected would be effective for a range of student abilities. Recently,

we collected data from a group of 28 students who used this BIP—Il

system.

The students were limited to fifteen hours of terminal time with

BIP. They were presented with (but did not necessarily complete

successfully) an average of 40 tasks, the minimum being 21 tasks and the

maximum 63 tasks. Only one student dropped out of the course without

completing fifteen hours or finishing the curriculum.

One overall measure of the success of the semantic network CIN

and related task—selection procedure is the relationship between number

of skills learned (according to BIP) and scores on a paper—and—pencil
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posttest. The correlation between these measures was .86, and accounts

for 74 percent o the variability in the posttest scores. The students

also took a standardized test of programming aptitude prior to

instruction. The pretest scores correlated significantly with both the

number of skills learned (r = .65) and the posttest scores (r — .59);

nowever, in a multiple regression of the posttest scores on the number

of skills learned and the pretest scores, only the number of skills

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

independen tly of the ap titude measu red by the pretest.

Our informal observations indicate that 8i~—II task sequences

are substantially different from those of BIP—I. Most noticeably , when

a student does well initially , BIP—Il selects complex 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 responsive : BIP—Il selected simpler tasks involving some

“not—learned” skills that were involved in the task that the student had

quit. In many cases , these “remedial” tasks appear to have been too

simple, given the student ’s prior progress , but most often BIP—It was in

fact looking for a more challenging task and could not find one in the

curriculum (i.e., the tasks added to the curriculum were insufficient to

relieve this problem , first observed in BIP— I—— see Section IV).

Besides the sequencing “failures ” due to the limits of the

9~
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curriculum, a large number of inadequate task—selection decisions were

caused by poor data from the system ’s solution checker. in these cases,

the student had a substantially correct program that was rejected by the

checker. BIP—It interprets the rejections as a sign that the student is

having difficulty with some of the skills in the task and thereby

introduced errors into the student model . Sometimes 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 model.

Disregarding the difficulties caused by these weaknesses

elsewhere in instructional system, our initial evaluation of HIP—II’s

task—selection capabilities is favorable. However, it will be difficult

to evaluate of the effects of manipulating the parameters of the

selection process until the curriculum is substantially expanded and the

solution checker is improved.
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VI. Concludi~g remarks

We conclude this report with summary remarks about the automated

simulation procedure and network—based CIN structure developed during

the present research.

Our conclusion for the present regarding the use of automated

simulation with CAl systems is that it can reduce the amount of

expensive student testing required to evaluate modifications to a

system. The simulation enables detection of unanticipated problems (as

opposed to the anticipated problems that can be examined with

interactive simulation), and so the CAt system is likely to be In a more

robust state by the time real students use it. Predictions from a

simulation about the effectiveness of modifications to an instructional

system can be judged subjectively and used to determine whether a

modification is promising enough to be fully implemented and evaluated

with real students.

BIP—II indicates how complex knowledge representations adapted

from At research can be used to describe a CAl problem curriculum and

thereby enable relatively sophisticated individualized problem

sequencing. In particular , a CIN based on a semantic network

representation provides a medium for drawing indirect inferences about

what a student knows, what he is ready to learn , and what task in the

curriculum will best help him learn it. A network representation then

is useful not only for expressing unambiguous relationships (e.g.,

property—inheritance , componency), as it is typ ically used in Al

systems, but , in addition, allows one to express systematically certain

opinions about the pedagogical relationships among the concepts and

skills a CAL system is intended to teach.
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We do not believe that the SIP—Il system, based on a CIN

incorporating a complex network of skill relationships, can match a

I human tutor’s ability to select programming problems adaptively: The

limitations imposed by the system’s rudimentary program checker insure

I some extreme failures, but , beyond this, the SKtLLSNET and the

inferences that use it still only weakly approximate the flexibility of

which a tutor is capable. Nonetheless, the more evolved CIN makes it

possible for tutorial CAt in technical subjects to individualize student

experience effectively across a range of student abilities and

instructional, objectives.
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Appendix A. HIP—I Techni~~.i~ Groups and Skills

Technique I
1 Print numeric literal
2 Print string literal
5 Print numeric expression (operation on literals]
8 Print string expression (concatenation of Itterals )

Tech ni que 2
3 Print value of numeric variable
4 Print value of string variable
6 Print numeric expression (operation on variables ]
7 Print numeric expression [operation on literals and variables )
9 Print string expression (concatenation of variables ]
10 Print string expression [concatenation of variable and literal]
1! Assign value to a numeric variable [literal value)
12 Assign value to a string variable [litera l va lue]

Technique 3
34 Assign to a string variable [value of an expression ]
35 Assign to a numeric variable [value of an expression]
69 Re—assignment of string variable (using its own value )
70 Re—assignment of numeric varable (usin Its own value )
82 Assign to numeric var i able the val ue of another variable
83 Assign to string variable the value of another variable

Technique 4
28 Multiple print (string literal, numeric var iable]
29 Multip le pr in t [string literal, numer ic va riable expression]
30 Multiple print [string literal , string variable]
74 Multiple print [string literal , string variable expression]

Technique 5
13 Assign numer ic var iable by — INPUT—
14 Assign string variable by —INPUT—
15 Assign numeric variable by —READ— and —I)ATA—
16 Assign string variable by —READ— and —DATA—
55 The REM statement

Techn ique 6
17 multiple values in —DATA— [all numeric]
18 Multiple values in —DATA— [all string]
19 Mult iple values in —DATA— [mixed numeric and string )
22 Multiple assignment by —INPUT— [numeric variables ]
23 Multiple assignment by —INPUT— [string vari able s]
24 Mult iple assignment by —INPUT— [mixed numeri c and string)
25 Multip le assignment by —READ— [numeric]
26 Multiple assignment by —READ— [string]
27 Multiple assignment by —READ— [mixed num u r i .r and string)

Technique 7
36 Unconditional branch (—GOTO—)
37 Interrup t execution
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lechnique 8
38 Print Boolean expression [relation of string literals ]
39 Print Boolean expression (relation of numeric 1it4~rals]
40 Print Boolean expression [relation of numeric literal and variable]
41 Print Boolean expression [relation of string literal and variable)
75 Hoolean operator —AND—
76 Boolean operator —OR—
7/ Boolean operator —NOT—

Technique 9
42 Conditional branch [compare numeric variable with numeric literal]
43 Conditional branch (compare numeric variable with expression]
46 Conditional branch (compare two numeric variables]
47 Conditional branch [compare string variable with string literal]
48 Conditional branch (compare two string variables]
59 The —STOP— statement

Technique 10
44 Conditional b ranch (compare count~’r with numeric literal]
45 Conditional branch [compare counter with numeric variable]
49 Initialize counter variable with a literal value
50 Initialize counter variable witt-. the value of a variable
53 Increment the value of a counter variable
54 Decrement the value of a counter variable

Technique 11
51 Accumulate successive values into numeric variable
52 Accumulate successive values into string variable
71 Calculating complex expressions [numeric literal and variable]
78 Initialize numeric variable (not counter) to literal value
79 Initialize numeric variable (not counter) to value of a variable
80 Initialize string variable to literal value
81 Initialize string variable to the value of another variable

Technique 12
20 Dummy value in —DATA— statement [numeric]
21 Dummy value in —DATA— statement (string]

Technique 13
56 The —INT— function
57 The —RND— function
58 The —SQR— function

Technique 14
61 FOR . NEXT loops with literal as final value of index
62 FOR . NEXT loops with variable as final value of index
63 FOR . NEXT loops with positive step size other than 1
64 FOR . NEXT loops with negative step size
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Technique 151 31 Assign element of string array variable by —INPUT—
32 Assign element of numeric array variable by —INPUT—
33 Assign eleme n t of numeric array variable [value is also a variable]

I 60 The —DIM— statement
65 String array using numeric variable as index
66 Print value of an element of a string array variable

1 67 Numeric array using numeric variable as index
68 Print value of an element of a numeric array variable

Technique 16
/2 Nesting loops
73 Subroutines (—COSUB— and friends)
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Appendix B. Definition of

Given two sets A and B each containing any numbers of task

sequences , it is desired to find some measure of how close these sets

are to each other. Let mA (i) be the number of times the ith sequence of

length n (say n = 2) occurred in set A , and let mB(i) he the number of

t imes the ltn  se lu ence  occur red  in set B (where i indexes all possible

sequences of l e n g t h  t i ).  We compute  R , the  “dot product ” of A and B

(denoted by A . 8) ,  as fo l lows :

R = A . B = ~1AB / s q r t (  MAA * t fB B )-n - —-

where MAB denotes the sum over all possible i of mA(i) * i~~~
(
~
1
~
) ,  MAA

denotes the sum over all  possible i of mA (i) * mA (i), and MBB denotes

the sum over all possible i of mB (i) * mB(i). The motivation for this

formula is provided by a vector analogy : if A and B are viewed as

vectors in a multi—dimensional space, and the mA(1) and mB(i) are

regarded as the components of these respective vectors , then the dot

(scalar) product provides an indication of how close these vectors are

to being in the same direction. The cosine of the angle between these

vectors is in fact given by the dot product of the normalized vectors,

and is precisely the expression given above for A . B; since the mA(i)

and mB (i) cannot be negative , A . B can range in value from zero to one,

the forme r representing an angle of 90 degrees (mutually perpendicular)

and the latter representing an angle of zero degrees (complete

coincidence). Note if the frequencies of n—sequences in A and B are

completely identical , A . B will have a value of one, whereas if no

n—sequences in A occurs at a l l  in B and vice versa , A . B will have a

value of zero . The h ighe r  the  value  of A . B the more s i m i l a r  the

(U8
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sequences of tasks. If both A and ! are samples from the same parent

population , then the expected value of A . 8 approaches one as the

sample size increases without bound; for a finite sample size, the

expected value of A . B is somewhat less than one , the exact value

depending on n, on the number of elements in the samp le , on the total

number of tasks, etc. Note that the expression for A . B looks formally

like the expression for the product—moment correlation of two variables .
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Appendix C. LISP Notation for the BASICNET

(BASICPROCHAM C ((STATEMENTLINES . OPT) LNL)STATEMENT))
(S ATEMENTL1~4ES C (LINENUM (STATEMENTS . OPT)))
(ENDS IAfEMENT C (LLNENUM ENDST))
(STATEMENTS K (REMST lUST ASSIGNST CONTROLST DIMST))
(ENUST C (ZEND%))
(REMST C (ZREMZ (TEXT . OPT)))
(lOST K (PRINTST INsr))
(INST H (PRJJITST LETs~fl C (INNAME VARLIST) K (INPUTST READATAST))
(ASSIGNST K (INST LETST))
(DIMS T C ( Z D L M Z  VAR NEXPR) D (SUBVAR))
(CONTR ULST K (UNCONDITIONAL CONDITIONAL))
(CONDITI ONAL H (UNCONDITIONAL ) K (IFTHENST FORNEXTST))
(UNCONDITIONAL K (ENDSI GOTOST STOPST))
(SToPSr H (G0TU5T ) C (%STo P %))
(FORS1 1) (NEXTST )

C ( ZFOR/~ (NUr4 VA.R . 1) %FROMZ NEXPR ZTOZ NEXP R ST EPEXPR))
(GOTOST C ( ZGOTO% L I NENUM)  H (ENUST))
(LETST K (NUULET STRLET ) C ( (~~ ETZ . OPT ) VARIABLE GETS EXPR) )
(STEPEXP R K (NU STEP S T E P ) )
(FO RNEXTST H ( I FTH E NST)  C (FORST NEXTST))
(NEXTST 1) (FO RST) C (ZN EXTZ (NUt-I VAR . 1)))
(NUML ET C ( (Z L ET %  . OPT ) NUMVAR GETS N E X P R ) )
(STRLET C ( (7 .Li-;TZ . OPT ) STRVAR GETS SEXPR) H (NUF4LET) A (NUMLET))
(NOSTEP C ( N I l L ) )
(STk ~A~ C (~~STEPZ N EX PR ) H (NOSTEP))
(IFTHENST C (7 . lF~ BEXP R ~THEN % L I N E N U M ) )
(PRINTS[ C (ZPRINTY. EXP RL I ST))
(EXPRLIST K (EXPR EXPRS))
(EXPRS H (EXPR ) C (EXP R EXPRLI ST))
(EXPR K (SIMPLEXPR COMPLEXPR NEXPR SEXPR BEXPR))
(SLMPLEXP R K (SIMN EXPR SIMSEXPR))
(COMPLEXPR H (SIMPLEXPR) C (SIMPLEXPR OPERATOR EXPR))
(SIMSEXPR H ( S I M N E X P R ) K (SLIT STRVAR ) A ( S I M N E X P R ) )
(SEXPR K (SIM S i-J(P R CONCATSEXPR FUNCSEXPR) H ( N E X P R ) )
(CONCATSEXPR C (SEXPR CON CAT SEXPR ) H (SPISEXPR) A ( S I M A R I T H ) )
(SIMN EXPR K (N L LT NUMVAR ) A ( S I M S E X P R ) )
(NEXPR K (S IMNEXPR ARITHN EXPR F U N C N E X P R ) )
(ARITHNEXPR K (SIMAR I TH COMPLARITH) U ( S l~1 N E X P R ) )
(S IMA RITH C ( SIMN EX P R AR ITH S IMNEXPR)  A ( C ON C A I S E X P R ) )
(COMPLAR ITH C (SI1IARITH ARLT H N E X P R )  11 ( S [ M A R L f I I ) )
(FUNCNEX.PR K (SQR INT RND) II (SIMNI XPR FIJNCSEXPR))
(SQR C (ZSQRX LPAREN NEXPR RPAREN))
(1NT C (%INT% LPAREN NEXPR RPAREN) U (SQR) S (RNI)))
(1N1) C (%RND%) S (INT))
(BEXP R K (SIMR EL B00LERI-;L) H (SEXPR))
(BOOLEREL C (BE X PR BOOLOP BEXYR) U (SIMREL))
(SIMREL K (NREL SREL))
(SREL C (SEXPR RELt)l’ SEXPR ) H (NREL ))
(NREL C (NEXP R itELOI ’ N E X P R ) )
(INNA M E K (~READZ ZINPLJ I ,~))
(INPUTST C (ZINPUTX VARL IST))

I 10
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(VARLIST K (VARIABLE VARIABLES))
(VARIABLES H (VARIABLE) C (VARIABLE VAItLIST))
(READATAST C (READST DA7’AST-) H (INPUTST))

- (READSI C (ZREADZ VARLISi) D (DATAST) S (DATAST))
(DATAST C (ZDATAZ LITLIST) D (READST) S (READST))
(LITLIST K (LIT LITS))
(LITS C (LIT LITLIST) H (LIT))
(OPERATOR K (ARITH CONCAT RELO P HOOLOP))
(ARITH K (ADDSUB MULTD 1V EXP ) )
(EXP H (MULTDIV) C ( Z / Z ) )
(MULTDIV II (ADDSUB) K (MOLT D I V ) )
(DI V H (MULl) C ( Z / / % ) )
(MULl C (%/ ~~Z ) )
(ADDSUB K (ADD SUB))
(SUB H (ADD ) C ( % / — Z ) )
(ADD C (%/+Z )  A (CONCAT))
(CO N CAT C (% /&% )  A (ADD ) H ( A D D ) )
(BOOLOP K (AN D OR NOT ) H (RELOP))
(OR H (AND ) C (ZORZ))
(AND C ( %AND %))
(TEXT C (CHARACTER (TEXT . O P T ) ) )
(RELOP K (EQUAL COMP EQCOMP))
(EQOOMP H (COMP) K (GE LE))
(LE S (GE) C (Z/</—Z))
(GE S (LE) C (Z/>/—Z))
(COMP K (CT LI) H (EQUAL))

• (CT S (LT) C (Z/>Z))
(LT S (CT) C (Z/<Z))
(EQUAL K (EQ NEQ))
(NE1.~ H (EQ ) C (%/>/<%))
(EQ C (Z/~Z))
(VARIABLE K (VAR SUBYAR NUMVAR STRVAR ) H (LI TERAL))  j
(SiJBVAR D (DIMST) K (SUBNVAR SUBSVAR) H (VAR) C (VAR INI)EX))
(VAR K (NVAR SVAR))
(SVAR A (NVAR ) S (NVAR))
(NVAR A (SVAR ) S (SVAR))
(SUBSVAR S (SUBN VAR ) A (SIJBNVAR ) C (SVAR INDEX) H (SVAR))
(SLJ BNVAR C (NVAR INDEX) S (SUBSVAR ) A (SUBSVAR) H (N V A R ) )
(INDEX C (Z/(Z NEXPR Z / ) % ) )
(NUMVAR K (NVAR SUBNVAR ) S (STRVAR ) A (STRVAR ) H (NLIT))
(STRVAR K (SVAR SUBSVAR ) S (NUMVAR ) A (NUHVAR ) H (SLIT))
(LITERAL K (NLIT SLIT))
(SLIT C (QUOTE TEXT QUOTE) H (NLIT ) A (NLIT))
(NULL H (SPACE) A (ZERO))
(SPACE H (SYMBOLS) C (LI %))
(CHARACTER K (LETTER DIGIT SYMBOL SPACE NULL))
(SY14BOL H (DIGIT))
(DIGIT H (LETTER) X (POS) K (ZO% ZlZ Z2Z Z3% Z4Z Z52 %6Z Z72 Z8Z Z9Z))
(NLIT A (SLIT) K (INTEGER REAL))
( REAL H ( INTEGER))
(INTEGER K (POS NEC ZERO))
(NEC H (ZERO) C (%/—Z DIGITS))
(DIGITS C (DIGIT (DIGITS . OPT)))
(POS X (DIGIT) K (ONE NOTONE) C ( ( Z + Z  . OPT) DIGITS))
(ZERO H (POS ) A (NULL ) C ( % O % ) )
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(NOTONE H (ONE))
(ONE C (ZIZ))
(NOT H (OR) C (ZNOTZ))
(FUNC K (FUNCNEXPR FUNCSEXPR))
(FLJNCSEXPR H (CONCATSEXPR) K (LEN SUBSTRLNGSEXPR))
(LEN C (ZLEN Z LPAREN SEXP R RPAREN))
(SUBSTRINGSEXPR C (SEXPR SUBSTRING) H (LEN))
(SUB STRING C (LPAREN NEXPR COMMA NEXPR RPAREN))

Note: For obvious cases (e.g., LETTER), branches of the network have
not been expanded to terminal components. See Appendix D for
a glossary of terms and notation.

I
I

j

.11
j

j
1
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Appendix D. BASICNET Glossa~y.

Nodes

ADD addition operator
ADDSUB addi t iona l and subt rac t ion  operators
ARITI! arithmetic operator
ARITHNEXPR arithmetic expression
ASSIGNST assignment statement
BASICPROGRAM BASIC program
BEXP R Boolean expression , either simple or complex
BOOLERE L complex Boolean expression with Boolean

operator(s)
BOOLOP Boolean operator (AND. OR , or NOT)
CHA RACTER any keyboard symbol known to BASIC
COME GT and UT
COMPLARITH complex arithmetic expression
COMPLEXPR complex expression (operator — either string or

numeric)
CONCAT concatenation operator
CONCATSEXPR string expression with concatenation operator (s)
CONDITIONAL conditional branching
CONTROLST control statement
DATAST DATA statement
DIGIT 0 through 9
DiGITS one or more DIGIT
DIMST dimension statement
DIV division operator
ENUST END statement
ENDSTATEMENT the END statement , including its line number
EQ~OMP LE and GE
EQUAL EQ and NEQ
EXP exponentiation operator
EXPR expression (either string or numeric)
EXPItLIST expression list
EXPRS multip le expressions (in a PRINT statement)
FORNEXTST combination of FOR statement and NEXT statement
FORST FOR statement
FUNCNEXPR function
GOTOST GOTO statement
IFTHENST IF—THEN statement
INDEX index part of a subscripted variable
INNAME maine of an in statement — either INPUT or READ
INPLJTST INPUT statement
INST in statement
INT integer function
INTEGER integer number (positive, negative , or zero)
LOST I/O statement
LETST LET statement
LITERAL literal (either string or numeric)
LITLIST literal list (for use with DATA statement)
LITS mult iple literals (for use with DATA statement)
MULT mu it i p l i c at o r i  operator

113

— — 1L~~~~~- --~-~ ~~~~~~~~~~~~~~~~~~~~t~~~~~~ — -~~--~ .- —



MULIDIV multiplication and division operators
NEC negative integer
NEXPk ( numeric expression
NEXTST NEXT statement
NL IT numeric literal
NOSTEP nil (missing) step expression (in a FOR

statement )
NOTONE positive intege r , not one
NREL simple Boolean expression relating numeric

expressions
NU MLET numeric LET statement
NU MVAR numeric variable (either simple or subscripted)
NVAR simple numeric variable
OPERATOR operator — either arithmetic , string, or Boolean
PUS positive integer
PRINTST PRINT statement
READATAST combination of READ statement and DATA statement
READST READ statement
REAL floating point number
RELOP relational operator — EQ, NEQ, CT, LT, LE , GE
REMET remark statement
RNL) random number function
SEXPR string expression
SIMARITH simple arithmetic expression
SIMNEXPR simple numeric expression
SIMPLEXPR simple expression (no operator — either string

or numeric)
SIMREL simple Boolean expression with one relational

operator
SIMSEXPR simple string expression
SLIT string literal
SQR square root function
SREL simple Boolean expression relating string

expressions
STATEMENT LINE S BASIC statements , including line numbers
STAT EMENTS BASIC statements , exclusive of line numbers
STEP overt step expression (in a FOR statement)
STEPEXPR step expression (in a FOR statement — may

be nil)
STOPST STOP statement
STRLET string LET statement
STRVAR string variable (either simple or subscripted)
SUB subtraction operator
SUBN VAR subscripted numeric variable
SUBSVAR subscripted string variable
SUBVAR subscripted variable (either string or numeric )
SVAR simple string variable
SYMBOL CHA RACTER which Is not a letter , digit ,

or a space
TEXT arbitrary text (as in a REMARK statement)
UNCONDITIONAL unconditiona l branching
VAR simple variable (either string or numeric)
VARIABLE all variables — string and numeric , simp le and

subscripted
VARIABLES multiple variables (for use with INPUT or READ
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statement)
VARLIST variable list (for use with INPUT or READ

statement)

Relations

C Components of
K Kinds of
A conceptually Analogous to
X morphologically similar to, but conceptually

different from
S Similarly difficult to use or learn
H Harder to use or learn than
D functionally Dependent on

Notation

(1) Nodes surrounded by percent symbols are terminal components.

(2) Components dotted with OPT are optional.

(3) Components which are dotted with an integer must be
instantiated identically in any specific expansion
down from a node (e.g., the numeric variable used as
an index in a FOR—NEXT construction is identica l in
the FOR statement and the NEXT statement).

(4) Components preceded by a slash (“I”) are terminal nodes
that are special characters.

1.
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Appendix E. Skills Added to BIP—Il CIN

84 assign element of numeric array variable with —LET—
85 assign element of string array variable with —LET
86 assign element of numeric array variable with —READ—
81 assign element of string array variable with —READ—
88 specify substring of a string variable , using numeric literals

as pointers
89 specify substring of a string variable , using numeric variables

as pointers
90 specify substring of a string variable , using variable and

literal as pointers
91 the —LEN— function
92 initialize string variable to the null string
93 multiple print (mixed string and numeric , literals and variables]
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Appendix F. LISP Notation ~~~ Skill cturr~~

(SKOOI (PRINTST (EXPRLIST . NL I T]
(SKOO2 (SKO OI (EXP RLIST . SLIT]
(SKOO3 (SKOOI (EXPRLIST . NVAR )
(SKOO4 (SKOOI (EXP RLIST . SVAR ]
(SKOO5 (SKO OI (EXP RLIST . ~S 1MAR lTU (S IMNEXPR . NLIT)(SIMNEXPR . NLIT]
(SKOO6 (SKOO5 (EXPNLIST . (SIMAR I TH (SIMN EXPR . N VA R) ( S I M N E X P R  . NVAR ]
(SK OO7 (SKOOb (EXPRLIST . (SIMAR1TH (SIMNEXPR . NLIT]
(SKOOS (SKOQI (EXPRLIST . (CONCATSEXPR (SEXPR . SLLT )( SEXPR . SLIT)
(SKOO9 (SKOO8 (SEXP R . S VAR )( SEXPR . S VAR ]
(SKOIO (SKOO9 (SEXP R . SLI TI
( S K U l l  (NUMLET (NUMV AR . NVAR ) (NEXPR . NLIT]
(SKO I2 (STRLET (STRVA R . SVAR)(SEXPR . SLiT]
(SKOI3 (INPIJTST (VARLIST . NVAR )
(SKOI4 (SKOIJ (VARLIST . SVAR J
(SKOIS ( READATAST (READ ST (VARLIST . N V A R ) ) ( D A T A S T  (LI TLI ST . NLITI
(SKOI6 (SKOL5 (READST (VARLIST . S VA R ) )(DATA ST (LI TL 1ST . SLIT)
(SK OI7 (DATAST (LITLI ST . (LIT S (LIT . NL I T ) ( L Ir L I sT . NLIT ]
(SKOIB (SKOI7 (LIT . SLIT)(LITLIST . S L I T ]
(SKOI9 (SKOI8 (LIT . NLITJ
(SKO2O (SKOI7]
(SKO2I (SKOI 8]
(SK022 (INST (INNAME . ZINPUT ?.)

(VARLIST . ( VARIABLES (VARIABLE . NVAR)(VARLIST . NVA R J
(SK023 (SK022 ( VARIABLE . SVAR)(VARL I ST . SVARJ
(SK024 (SK023 (VARIABLE . NVAR ]
(SK025 (SK022 (INNAME . ZREAD%]
(SK026 (SK023 (INNANE . %READ%]
(SK027 (SK024 (INNAM E . %READ%]
(SK028 (SKOOI (EXPRLIST . (EXPRS ( EXP R . SLIT) (EXPRLIST . NVAR]
(SK029 (SK028 (EXPR . SLIT)(EXPRLI ST . SIMARI TH]
(S1(030 (SK028 (EXPR . SLIT)(EXPRLIST . SVAR]
(SKO3I (SKO13 (VARLIST . S(JBS VAR J
(SK032 (SKO13 (VARLIST . SUBNVAR ]
(SK033 (SKO!! (NUMVAR SUBNVAR)(NEXPR . N VAR I
(SK034 (SKOI2 (SEXPR . CONCATSEXPR]
(SK035 (SKO lI  (NEXP R . SLMARITH ]
(SKO 3b (GOTOST ]
(SK037 (CTRLG J
(SKO3B (SKOO I (EXPRLIST . (SREL (SEXPR . SLI T)(SEXPR . SLIT ]
(SK039 (SK038 (EXPRLIST . (NREL (NEXPR . N L I T ) ( N EX P R  . NU T)
(SKO4O (SK039 (NEXP R . NVAR ]
(SKO4I (SK0 38 (SEXP R . SVAR J
(SK042 (IFTHENST (BEXP R . (N REL (NEXPR . N L I T ) ( N E X P R  . NVAR ]
(SK043 (SK042 (NEXPR . SIMAR1TH]
(SK044 (SK042 J
(SK045 (SK046]
(SKO4b (SK042 (NEXP R . NVAR]
(SK047 (SK042 (BEXPR . (SREL (SEXPR . SL1 T)(SEX P R . S VAR J
(SKO4B (SK 047 (SEXPR . SVAR ]
(SK049 ( S K O I I J
(SKO5O (SK082J
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(SKO5I (SKO7O (ARItH . %+Z ]

(SK OS2 (SK069]
(SK053 (SKO5I]
(SK054 (SKO7O (ARLrH . Z—%]
(SK055 ( REMS T]
(SK0 56 ( I N T )
(SK057 ( R N D J
(SKOS8 (SQR ]
(SK059 (~ TOPS T]
(SKObO (t)IMST (NEX.PR . NOTONE]
(SKO6I (FORNEXTST (FORST (NUMVAR . (NVAR . I))

(NEXP R . N L I T ) ( N E X P R . NLIT)(STEPEXPR . NULL))
(NEXTST (NU~4VAR . (NVAR . I]

(SKOb2 (SKObI (NEXPR . NLIT)(NEXPR . NVARJ
(SKOÔ3 (SKObI (NEXPR . SIMNEXPR)(NEXPR . SIMNEXPR)

(STEPEXPR . (STEP (NEXPR . NOTONE ]
(SKOb4 (SK063 (STEPEXPR . (STEP (NEXPR . NEG)
(SK065 (SUBSVAR (NEXPR . NVAR ]
(SKOb6 (SKOOI (EXPRLIST . SIJBSVAR ]
(SK Ob 7 (SUBNVAR (NEX PR . NVAR ]
(SKOb8 (SKOOI (EXPRLIST . SUBNVA R J
(SK069 (SKOI2 (STRVAR . (SVAR . 1))

(SEXPR . (CONCATSEX P R (SEXP R . (SVAR . 1)
(SKO7O (SKOII (NUMVAR . (NVAR . 1))

(NEXPR . (S IMA R I TH (SIMN EXPR . (N VAR . 1]
(SKU ll  (COMPLARLTH J
(SK074 (SK028 (EXP R . SLIT) (EXPRLIST . CONCATS EXPR )
(SK075 (BOOLEREL (BOOLOP . ZAND%]
(SKO7b (SK075 (BOOLOP . %OR%J
(SK077 (SK075 (BOOLOP . %NOT7OJ
(SK078 (SKUll]
(SK079 (SK082j
(SKOSO (SKOI2)
(SKO8I (SK083j
(SK082 (SKOII (NEXP R . NVAR]
(SK083 (SKOI2 (SEXPR . SVAR)
(SK084 (SKOII (NUKVAR . SUBNVAR ) (NEXPR . NEXPR I
(SK085 (SKOI2 (STRVAR . SUBSVAR ) (SEXPR . SEXPRI
(SK086 (SKOI5 (READST (VARLIST . SUBNVAR ]
(SK087 (SKOI6 (READST (VARLIST . SUBSVAR ]
(SKO8S (SUBSTRINGSEXPR (SEXP R . STRVAR )

(SUBSTRING (NEXP R . NLIT) (NEXP R . NLIT ]
(SK089 (SK088 (NEXP R . NVAR ) (NEXPR . NVAR]
(SKO9O (SKOS8 (NEXPR . NVAR]
(SKO9I (LEN]
(SK092 (SKO8O (STRVAR . STRVAR ) (SEXPR . NULL ]
(SK093 (SK028 (EXPRLIST . EXPRS ]

Note: A right bracket matches all open left parentheses.
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A ppendix G. LISP N o t a t i o n  f o r  the SKILLSNET

( SK O QI A (SK OO2) H (SKO O2 SK028) )
(SKOO2 H (SKOO3 SK028 SKOU5))
(SKOO3 S (SKOO4) A (SKOO4) H (SK028 SKOb8))
(SKOO4 H (SKOO5 SKO h6 SKO JU))
(SKUO5 H (SK029 SKOO8 SKOO6) A (SKOOS) P (SKOOI))
(SKUOb H (SKOO7 SKOO9 SK029 SKUJ5) P (sKOO3) A (SKOO9))
(SKOO7 H (SK029 SK035 SK039 SK068 SKO1O) P (SKOOI SKOO3) A (SKOIO))
(SKOO8 H (SKOO9 SKO74) P (SKOO2))
(SKOO9 11 (SKOIO SK034) P (SKOU4))
(SKOIO H (SK034 SK074 SK039) P (SKOO2 SKOO4))
(SKOII A (SKO I2) U (SKOI2 SK033 SK049 SKOB2) P (SKOOI))
(SKOI2 H (SKO8O SK083) P (SK(J02))
(SKOI3 A (SKOI4 SKOI5) H (SKOIS SK022) S (SKO14) P (SKUll))
(SKOI4 U (SK032 SK023 SK024) P (SKOI2))
(SKOIS H (SKOIÔ SKUll SKO8b) A (SK 016) p (SKO1I))
(SKOIb H (SK026 SKOt8) P (SKOI2))
(SKOI7 H (SKO I8 SKO2O) A (SKOIH) P (SKOI5))
(SKOI8 U (SKOI9 SKO2I) P (SKOI6))
(SKOI9 P (SKOI7 SKOIB) A (SKO17))
(SKO2O A (SKO2I) 11 (SKO2I) P ( S K u l l ) )
(SK0~~1 P (SKOI8))
(SK022 S ( S K 0 2 3 )  A (SKO13 SK023 SK025) H (SK025) P (SKO13))
(SK02 3 U (SK024 SK026) A (SKO14 SK026) P (SKOI4))
(SK024 II (SK027) A (SKOI3 SK027) P (SKOI3 SKOI4))
(SK025 S (SK0 26) A (~;K O E 5  SK026 ) P ( S K O 1 5 ) )
(SKO2b A (SKOI6) H (SK021) P (SKO16))
(SK027 P (SKOI5 SKOIb ) ~\ (SK015))
(SK028 A (51(002 SKOJU) S (SKO3O ) P (SKOO3 SKOO2))
(SK0 29 H ( SK074)  A ( SK OU 2 SK074)  P (SK OO 5 SKO O2) )
(SKO3O A (SKOO2) H (51(029) P (SKOO4 SKOO2))
(SKOJI S (SK032 ) A (SK032) P (SKOI4))
(SK032 P ( SK O I 3 ) )
(SK033 P (SK044 SKOB2))
(SK034 H (SKOb9) P (51(008 SKOI2))
(SK035 H (SK034 SKO5I SKO7O) A (SK034) P (SKOO5 SKUll))
(51(036 P (SKOI1))
(SKO3H H (SKO4I) P (SKOO2 ))
(SK039 H (SK0 38 SKO4 U )  A (SK038) P ( S K O O I ) )
(SK O4 O H (SKO4 I )  A ( S K O 4 I )  P (SKOO I SK OO 3))
(SK O4I P (SK OO2 SKOtJ 4) )
(SK042 H (SK044 SKU46 SK047) A (SK047) P (SK036 SKO4O 51(003 SKOI3))
(SK043 H (SK047 SKO7S SKOb 1)  P (SK036 SKO4O SKUOJ SKOO5 SKOI3))
(SK044 H (SK045) A (sKO45) P (SK049 S K 0 4 2 ) )
(SK045 H (SK047) P (51(046))
(SKO4b H (SK043 SK048 SK045) A (SK048) P (SKOO3 SK036 SK039 SK042))
(SK047 H (SK075 SKO6I) P (SK038 SKOO4 SK036 SKOI4))
(SK048 H (SK O 4 7 )  P (SK OO 4 SK036 SK0 38 S K 0 4 7 ) )
(SK049 U (SKO 8Q) A (51(080) P (SKO1I))
(SKO5 O P (SK0 82) )
(SK O5I H (SK053 SK O5i ~ SKO6 9) A (SK 069) P (SK O Ob SK035))
(SK052 P (SK Ob9)  H ( SK085 ) )
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(SKOS3 A (SK052) P (SKO5I) H (SKOS2))
(SK054 H (SKO/U) P (SKOO6 SK035))
(SK056 H (SK058) P (SKO3S))
(SK057 P (SKOJ5))
(SK058 H (SK057) P ( S K O 3 S) )
(SK059 P (SK042))
(SKO6I H (SKOb2 ) P (SK042))
(SK062 H (SK063) P (SK042))
(SK063 H (SK064) P (SKO6I))
(SKOb4 P ( S K O b I ) )
(SK065 A (SKO61) S (SK067) P (SK044 SKOI2))
(SK066 A (SKOÔB) S (SK068) P (SKOO4))
(SKO 6] P (SK044 SKUll))
(SK068 P (SK003 SK044))
(SK069 H (SKOS2) P (SKOO9 SK034))
(SKO7O P (SKOO6 SK035) H (51(084))
(SKO7! P (SK035))
(SK074 P (SKOOB SK002) A (51(002) H (SK093))
(SK075 H (SK076) P (SK039))
(SK076 H (SK077) P (SK039),
(SKO 77 P ( SK 0 3 9 ) )
(SK079 A (SKO8I) S (SKOB!) H (SKO5O) P (SK082))
(SKO8O P (SKOI2) H (SK092) A (SK092))
(51(081 H (SKO5O) A (SKO5O) P (SK083))
(SK082 H (SK035 SK079) A (SK083) S (SK083) P (SKUll))
(SKOS3 H (SK034 SKOSI) P (SK OI2) )
(SKOB4 A (SK085) S ( SK0 85))
(SK086 A (SK087) H (SK087) P (SKOII))
(SKOS7 P (SKOI2))
(SK088 P (SK034) H (SKO9O))
(SK089 P (SK034))
(SKO9O P (SK034) H (SK089))
(SKO9I H (SKO8S SKO5b))
(SK092 P ( S K O I 2 ) )
(SK093 P (SKO2B SKO3 O))

L 

Definitions of relations

A conceptually Analogous to
S Similarly difficult to use or learn as
H Harder skills to use or learn are
P pedagogically Prerequisite skills are

120
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