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ABSTRACT

A model for intelligent tutoring is discussed whose aim is 1o provide an adaptive system
that directs a student o high-level mastery of learned concepts. Several open problems
exist in intclligent tutoring, including adaptivity, sufficient subject matter, explanations,
student modeling and identification and revision of beliefs. Expert-system-based tutors
lack sufficient subject matter while hypermedia-based tutors lack inference knowledge
and cannot provide intelligent tutoring. We have combined these two technologies for
detailed study material as well as intelligent interaction with a student. Our model
components include the Tutoring Strategy Module, Student Modeling Module, Expert
Problem-Solver, Knowledge-base, Dynamic Questions Module, Study-Management
Module, and the hypermedia component providing an electronic textbook and a
browser. The adaptive and opportunistic tutor addresses misconceptions as they oceur,
and receives adaptation input from the Modeler. We also propose the Collecrion and
Invitation intervention technique by which the tutor would not offer solution assistance
to a student unless otherwise directed. Our Modeler differs from the traditional overlay
and buggy models by performing solution-strategy-independent modeling based on the
correctness and completeness of a student's solution. Using the final result obtained by
the Expert Problem-Solver, it uses the knowledge-base to compuie a set of paths to the
same solution, identifies student beliefs from inieractions, and identifies which paths are
applied by the student based on the frequencies of beliefs in the computed strategy-
base. The Modeler does not employ a mal-rule-base but labels beliefs and identifies
misconceptions and missing beliefs by processing the knowledge-base. It also
performs Instructional Belief Updare by maintaining two belief sets and removing
contradictions from an opposing belief-set before arriving beliefs are stored. For belief
revision we have defined an improved coherencist scheme based on the resolvent model
developed by Dalal (1988). We have also specified algorithms for components of the
Modeler which are of reasonable running times. The Expert Problem-Solver as well as
the alternative-path-computation phase of the Modeler have been implemented.

The thesis has contributed to intelligent tutoring research in three ways: solution-
strategy-independent modeling, identification of misconceptions using the knowledge
base rather than a mal-rule set, and the improved belief revision scheme which
incorporates derived beliefs, adjusts the status of persistent beliefs whose justifiers have

been deleted, and does not fail in multiple contradictions.
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CHAPTER ONE: JNTRODUCTION

The work presented in this thesis is centred around the age-long art of teaching, or
instruction, or passing information from one (knowledgeahle) source to another
(assumed to be not as knowledgeable as the instructor). We refer to this as an

educational or instructional process.

The educational system has undergone several stages of development. According to
Bork (1981) and Goodman (1981), the earliest humans learned mainly by experience
and interaction with each other. The Greek technology stepped up the learning mode by
using written documents as a basis for learning. The dialog, lecture and group
discussion techniques have also been employed in many societics. Dialog,
demonstrated by Plato, involved one student and one instructor. The former was not
lectured by the latter, but by carefully selected questions, was led to a good

undersianding of concepts under discussion.

Several technologies have been employed in instruction, which form the premise for this
thesis. However, for a clearer understanding of the chapters herein, it is pertinent to
exaniine, in contemporary context, what teachers, instructors or tiors (these terms are
used interchangeably in this thesis) desire to achieve during the instructional process.
What does an instructor want to pass across (content), and how does he want to go
about doing it (methodology)? These instructional goals will help us to understand the
object of the technological attempts described in subsequent chapters, as well as enable
us to assess their performance effectively. The instructional goals also form the
bedrock for our own design. The following section describes the processes involved in

teaching, as well as the characteristics required in a good instructor.




1.1. Properties of good teaching

According to Brophy (1989, 1991, 1992), educational research until the 1970s focused
on "what to teach”, or pedagogic content. However, all the authors cited in this section
agree that since school curricula have been established to a very large extent, research

must now focus on "how to teach” or instructional methodology.

In this section, we highlight salient characteristics of good teaching, with the intent to
borrow strategies to be applied in our design. Features are grouped under content and
methodology headings. Although our focus is not on content, it is important to discuss

some conient issues, for completeness.

1.1.1. Content issues

Content issues dwell on the nature, depth and organization of the subject material to be
taught. Baker & Quellmalz (1972) staie that the aim of an instructor is to attract the
student’s attention to the instructional task, and keep ii there. It is therefore necessary to
meticulously organize the content of the material to motivate the student and maintain
his/her interest. Reterences on content issues are from Anderson & Roth 1589; Baker
& Quellmalz 1972; Blumenfeld 1992; Brophy & Alleman, 1992; Foley & Smilansky
1980.

a) Prominent among content issues is the inclusion of an overview, statement of
objectives, or a clear subject description. The good instructor presenis a precise
statement of what the student is expected to Iearn, and reasons for learning them. This
is placed at, or near, the beginning of the material, and helps the student to stay focused
on the task on hand. Moreover, the body of the material must not deviate from the

stated objectives, so as not to confuse the student.




b) Related to specification of objectives, is the clarity of subject matter, and simplicity
of presentation. These are particularly important for definitions, formulae, procedures,
and other standard pieces of information which form the foundation for other learning,
The good instructor avoids ambiguous statements and complex terms, since they would

confuse the student and hinder learning.

¢) There should be a sequentially coherent structure among related concepts. Easier
concepts should be treated before more difficult ones. Moreover, the instructor should
clearly state the transition and relationship of each concept with preceding and
subsequent concepts, focusing on similarities, differences, and applications. This helps

a student {0 create accurate concepiual links and associations, for better understanding.

d) Another feature is the control of inspection behavior. Students, like other people,
tend to browse through reading material, paying more attention to certain features. Thus
two students might read the same material, but owing to different inspection behavior
and tendencies, learn different things. An instructor must therefore aim to control the
student's inspection behavior positively, and draw attention to significant text features, as
well as other relevant information the student must learn for subject mastery. These
features are mostly text-formatting features like underlinin g, bold-face, iralicization,
UPPER CASE LETTERS, and other highlighting capabilities that tend to draw the
reader’s attention. Particularly, Baker & Quellmalz (1972) recommend text-embedded
questions which require thought and response. These questions reduce skimming and
get the student (o review preceding material in order to pay more attention 1o certain
portions of the material and to figure out correct responses. This review Process
ultimately reinforces learning and sireamliines the student's thinking away from a broad

range of concepts, to salient points addressed by the embedded questions.




e} Another content issue is the provision of multiple examples which would help to
reinforce facts to a student, since the examples encourage viewing a concept from
different perspectives, as applied to different situations. Multiple examples constitute a
torm of repetition, which serves to emphasize salient points, for the student's attention.
it is also effective to provide multiple procedural strategies applicable o the same

problem type.

) Anderson & Roth (1989) state that it is more important to treat each concept 10 a
detailed depth, than to teach several concepts at superficial levels. This is highly relevant
because superficial knowledge of a great breadth of material does not equip a student
with adequate competence to tackle practical problems in any particular domain.
Learning material must therefore aim to provide adeguate amounts of detail on each
concept, (enough to equip a student for practical problem-solving) before proceeding to

NEW concepis.

g) Brophy & Alleman (1992) stress the need for learning material of high cognitive
levels. Concepts should neither be too simple to leamn, nor too complex for a student to
understand. Over-simplicity would not challenge a student, while over-complexity could
be frustraiing. They emphasize that although it is important for a student to understand
what is taught in a learning session, the instructor must not sacrifice the applicability of
learning to the real world, for simplicity. This is because if a student cannot apply what
is learned in the real world, then the learning is useless. Emphasis must therefore he

placed on teaching concepts that are relevant and applicable in society.

h) Just as an overview is important, it is necessary {0 include a summary of content,
which ties the overall content together, and relates it to the initially defined objectives.
Good conclusions allow the student to view preceding material in a coherent fashion,

and comparison with initial objectives gives a sense of satisfaction and achievement.
4




1.1.2. Methodology issues

Methodology focuses on the techniques applied towards obtaining high levels of
understanding in a student. Researchers agree that an instructor must not focus on rote
learning. A student should not merely memorize facts and reproduce them on demand,
but must properly understand and master concepts as well as the underlying reasoning
behind them. Students tend to learn by association, building links between concepts as
they learn (Anderson & Roth, 1989; Lampert, 1989). It is therefore important that an
instructor presents coherent bodies of information, with clearly specified inter-
relationships. Tt is this coherent organization that facilitates understanding and enables
the student to apply conceptual learning (o practical problem-solving situations. Itisa
general consensus that the instructor's methodology greatly influences the student's
understanding and long-term achicvements (Anderson & Roth 1989; Baker &
Quellmalz 1972; Blumenfeld 1992; Bork 1995b; Brophy 1989, 1991, 1992; Brophy &
Alleman 1992; Fennema et al., 1989; Foley and Smilansky 1980; Lampert 1989;
Peterson et al.,, 1991) and the emphasis on current research has been on the student's

understanding.

a) Prominent in methodology discussions is the need for active student participation.
Active learning is preferred to passive leamning, since the former keeps the student alert
and interested in the learning process. Passive learning is typical of a lecture situation.
Bork (1995b) reports that some students sleep in a passive learning environment while
Foley & Smilansky (1980) report that a lecture audience loses attention in about 15
minutes. In a single-student instruction setting, loss of passive attention is even faster
because there are fewer objects or people to look at for momentary disiraction; a
student who stares passively at a computer lesson tends to stray quickly into day-

dreaming.



b) Anocther very important instructional strategy is to involve the student in direct
practice. Practice ensures non-passive learning, since the student is required to make
responses and solve prablems. Secondly, it facilitates understanding, because the
student is able to apply concepts and facts to different practical situations. An instructor
may apply hypothetical, open-ended questions that provoke student-analysis and
thought, thus enabling the student to apply procedures in "what-if" scenarios. This is
related to providing the student with multiple examples, which is a content jssue.
However, practice differs from multiple examples in that a student can read multiple

examples passively, while practice is an active process.

c) A third teaching strategy is feedback. For learning to be exciting and involving, the
student must be given a notion of progress or otherwise. Feedback involves letting the
student know of the correctness or incorrectness of responses, as well as reasons for
incorrectness in the latter case. Feedback serves to avoid repetition of errors, and reduce
student anxiety, and increase the student's self-esteem. If there is no feedback provided
for a siudent who is not responding correctly to instructor stimuli, there is a high
probability that the same errors would be repeated, and would ripple across to other
concepts, thus hindering learning and understanding, Also, a student who is not sure of
his/her progress would not be able to develop the confidence required to tackle (and
may actually avoid) more complicated tasks, since there may exist some doubis as to his

competence.

d) A very important techaique for teaching towards understanding is probing for
student understanding and reasoning. For an instructor to ascertain that a student has
clearly understood a concept, there must be a clear indication of what the student
actually understands. The instructor cannot know what the student understands without
probing the student for explanations or staternents that indicate depth of understanding.

6



Furthermore, a student may apply procedural knowledge correctly, without adequately
understanding the conceptual basis behind the procedures (Lampert 1989). It ig
therefore pertinent for the instructor to query a student for underlying reasoning.
Probing comes in the form of questions, prompts, calls for summarization, and other
requests for thought-provoking student responses. A student's explanation, for
example, of how a certain solution was obtained, serves to inform the instructor of the
thinking process that occurred during the problem solution, as well as the facts and
concepts employed by the student to obtain the solution, thus showing the form of

understanding the student has acquired.

¢) Individualized instruction would not be perfectly obtained if the instructor does not
apply the principle of adaptation. This forms the heart of individualization, since it
involves the instructor's adjustment of teaching styles, complexity levels, content details,
and teaching speeds, based on the individual student's requirements. For instance, a
novice learner learns more fundamental material, requires greater explanation details, and
is generally slower than the advanced leamer. Individualizaton is the basic reason for
Computer Assisted Instruction, and optimal adaptation techniques still constitute an

open research problem.

f) Closely related to adaptation is the technique of using knowledge of the student's
thinking processes as a basis for instructional strategy. This is what Fennema et al.
(1989) refer to as Cognitively-Guided Instruction (CGI). This goes a step beyond
adaptive instruction in the sense that within the same level of instractional complexity,
for instance, different students might view the same concepts from different
perspectives, and think about the concepts differently. For instance, a student might
view a sick patient as a malfunctioning radio-set, and the treatment process as replacing
certain blown-out capacitors. Another student might view the same patient as a broken
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stick, and the treatment process as nailing the pieces together. A good instructor adapts
t0 a student's thinking, explaining the concepts using the student's own analogies, before
drawing the student back to a correct perspective, when a paraliel would have been

obtained between the instructor's concept and the student's analogies (Lampert 1989).

g) Related to active learning and probing is the strategy of encouraging student-
instructor interaction stressed by Bork (1987). Mere active learning and probing may
be uni-directional in the sense that questions may flow only from the instructor to the
student, who is required only to produce prompted facts. However, interaction suggests
a mixed-initiative discourse, in which questions, comments and requests for change-of-
direction may also come from the student, and serve to restructure the InSHrUCIor's
teaching schedule and style. Interaction thus departs from the traditional "teacher tells,
student listens" routine. Apart from allowing students to create meanings of concepts
during discourse, interaction also permits calling other related concepts into play, thus
speeding up learning of individual concepts as well as building several blocks into a
whole coherent piece, with their inter-relationships put into consideration. One
approach to interaction is the Socratic process in which the instructor does not tell a
student the answer 10 a question, but encourages the student to figure it out during
discourse. Moreover, the student is encouraged even to answer his own questions, by an
instructor asking follow-up questions. Interaction further promotes adaptation and
individualization, since the instructor is made to adjust to the student's learnin g trend. In
fact, Fennema et al. (1989) state that during interactive teaching, an instructor is
continually thinking, and may make adaptive decisions as much as once every iwo

minutes.

h) One way to measure the student's understanding and achievement is to administer a
pre-test at the beginning of a learning session and a posi-test ut the end. The pre-test
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serves to tell the instructor what the student already knows about the material (o be
covered and to guide the instructional process to address (pre-requisite) concepts not vet
understood. The post-test serves to give the student 2 sense of achievement, as well as
inform the instructor about how well the subject has heen understood and areas ¢ he

addressed in remedial pedagogy.

i) A good instructor allows for a variery of problem-solving approaches. Particularly,
there is no rigidity as to how a problem is to be solved. It is sufficient to prescribe
standard procedures, and then to allow the siudent to attempt to solve problems in his or
her own way. An instructor does not dismiss any new student technique as incorrect,
but uses it to iry to understand how the student is thinking. If the new technique is
correct, the instructor must acknowledge that it is, but should suggest better approaches
if the student's approach is sub-optimal. This ability to allow for variety facilitates an
instructor's modeling of student understanding and promotes beiter adaptation to

student approaches.

j) Itisimportant for an instructor to stress the reason for learning. A student might be
primarily concerned with obtaining good grades in a final examination or test, and thus
take to memorization or other short-cuts that hinder learning (which also ultimately
negatively affect the acquisition of good grades!) (Blumenfeld 1992). Iris important for
the instructor to stress that learning is being undertaken purely for the sake of expertise,
and not for grades. This allows the student to focus more on subject mastery than on

memorization.

k) Allow for post-learning debriefing. This is a process in which the instractor and the
student review a topic or learning session, summarize what has been learned, and assess
the closeness between the laid-down objectives and the learning session proper. This

also serves to inform the instructor on how well the learning session was handled, as
9



well as suggesting areas for improvement. Debriefing differs from post-tests and
summaries. A summary is part of the content, which may be text presented at the end of
a major topic, while a post-test is 2 series of questions presented to the student to test
his or her knowledge of preceding material. Debriefing is however an interactive

assessment, which could include assessment of summaries as well as post-tests.

1) It is important for the instructor to give adequate time for a student to answer
questions, without premature instructor interruption with the correct answer or with
other questions. The problem of determining appropriate instrucior interruption timing
is still an open research problem, considering that it is sometimes difficult to predict
whether or not a student will answer a question cotrectly, and it is impossible to allow

for infinite problem-solving time.

m) A good instructor must show adequate preparedness to answer unexpected student
questions. Students are usually unpredictable, and sometimes deliberately or otherwise
ask questions which the instructor may not be able to answer. It is very important that
an instructor studies beyond current topics being discussed in class, in order to cope
comfortably with such unpredicted student actions. Where the instructor is not able o
respond satisfactorily, though, s/he must show enough humility to admit ignorance and
promise the studenis that some response will be forthcoming during the next learning

session, by which time some research will have been done in that direction.

n) Other teaching strategies include good voice projection, appropriate body movement,
instructor confidence, good posture, good-naturedness (smiles and heartiness). Good-
naturedness enables the students to have some personal closeness to the instructor,
which would free them from the fear of asking questions or expressing ideas in class.
The other listed items mostly serve to draw the students’ attention and prevent distraction

or straying thoughts.
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1.2, Thesis Layout

As mentioned earlier, several technological attempts have been made to enhance
instruction. A historical account is presented in Chapter 2, zlong with the discussion of
some educational technology devices like audio-visual aids. We will also introduce
Computer-Assisted Instruction (CAI), which attempts to carry ount instruction using the
computer as the instructional medium. Discussions in Chapter 2 include arguments for

and against CAI and basic requirements of a CAJ system.

From assessment based on good instructional goals presented in Section 1.1 above,
traditional CAI does not guite measure up. Chapter 3 introduces the enhanced form of
CAl, called Intelligent CAI (ICAD or Intelligent Tutoring, which applies artificial
intelligence techniques (particularly expert systems) to draw CAI closer to human
performance levels. Discussions in Chapter 3 also include typical components of an
ICAI system, some student modeling techniques, as well as brief descriptions of several
examples of early and contemporary systems. The chapter closes by highlighting some

limitations that are still present in these systems.

Chapter 4 introduces our own design for an ICAT system, which is aimed at OVErcoming
some limitations of the systems described in Chapter 3. The hypermedia technology is
introduced in this chapter, with a clear description of some of its advaniages for
instruction. We then describe our model architecture, and the interplay between the

moduies.

Chapter 5 focuses on the component of the design which are central to our research. It
is impossible to fully implement ail the components of an ICAT system during a time-
constrained Ph.D. research. We have therefore focused detailed discussions on the

student-modeling module (or Modeler). This chapter discusses parts of the Modeler
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with the major emphasis being on the identification of the student's misconceptions and

the development and mainienance of a consistent model of the student's beliefs.

Chapier 6 further narrows down the scope of this research and focuses on the definition
of a new belief revision scheme which we employ in our model, as well ag
implementation algorithms for all Modeler sub-components. Examples which illustrate

algorithms are presented, along with running-time estimates,

Chapter 7 concludes with comparisons between our system and some others, our
contributions to knowledge, and some directions for future research. Appendices are
included which give more details of problem definition, implementation approaches, and

the knowledge base structure.
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CHAPTER TWQ: FDUCATIONAL TECHNOLOGY AND CAI

A major problem facing educators is that of a high studeni-instructor (SI) ratio, that is,
more students than instructors. As shown in the preceding chapter, an instructor aims to
have each student get excellent mastery of the subject being taught. Ideally, this is
achievable in the Socratic or one-on-one instructional system, where the instructor
concentrates on a single stadent, and provides individualized instruction, tailoring the
contents and methods of instruction to the specific needs of that student. However, in
the real society, the high SI ratio makes individualized instruction practically impossible.
Educators have therefore attempted to solve this problem; this is the focus of this
chapter. This chapter reviews how educational technologists have attempted to achieve
their instructional goals in spite of high stadent-instructor (SI) ratios. The applicability
of audio-visual materials and the computer are examined. Audio-visual aids and the
computer technology are compared, which analysis serves as a resounding justification

for Computer-Assisted Instruction.

2.1 Brief History

Over the years, the student-instructor (SI) ratio has continued to rise, following an
increase in the number of people who desire to learn. Some technological aids were
invented to improve on the situation. For instance, textbooks, printed in several copies,
enabled students to study subjects completely. Nevertheless, the personal explanations
of trained instructors were still needed. Lecturing was another attempti to contain the
student explosion, but with it came the problem of loss of individualization between
student and instructor, since the latter could no ionger attend to each student on a one-
on-one basis (Elton 1971). The tutorial discussion technique was then introduced, to
break up large lecture groups into smaller units, in order to achieve a higher level of SI
interaction. Unfortunately, most university tutorial groups are led by graduate students
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instead of the classroom instructor, a phenomenon that introduces the added problem of
students probably not getting accurate teaching from the graduate siudents. Today, the
most common groups of learning are the lecture and tutorial discussion groups, which

still deviate in ditferent degrees from the educator's goal of individualized instruction.

2.2. The lecturing problem

Educators agree that, owing to individual differences, students differ in levels of
understanding and learning speeds and styles (Alessi & Trollip 1985; Ghlsson 1687;
Dunn & Harden 1971, Hills 1971). There is the slow and careful student, and there is
the rapid and quick-to-grasp one (Lichmann et al., 1971). Also, there are the students
who prefer abstract conceptualization, and others who prefer active experimentation
(Billings & Cobb 1992). Again, some are independent while others are dependent

(Larsen 1992; Douglas et al., 1988).

Lecturing involves the delivery of information to students without the expectation of
significant lecturer-student interaction. Therefore slower students may fall behind in
class as lectures progress. Even in smaller discussion groups, most of the time is
monopolized by the more vocal students, while some others may be too shy or unwilling
Lo express misconceptions, thus remaining poor in the subject concerned. On the other
hand, if the instructor slows down to the pace of slower students, the faster ones become
bored. The problem for educators, therefore, is that of evolving a balanced educational
systern which would facilitate subject mastery by both fast and slow students alike

(Allen 1975).

2.3, Individualized learning
Owing 1o the different assimilation rates of students, educators saw the need for
individualized learning, whereby a subject is learned at a student's own pace, until

concepts are satisfactorily understood (Bork 1988; Ellis 1974). Individualized learning
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removes the strain from both categories of students. The fasier ones no ionger need to
wait until slower students have caught up with the rest of the class, and the latier can
now study subjects slowly, steadily tackling problems at an individaal pace. The issue,
though, is how 1o achieve individualized learning. Wards from rich homes could enjoy
the highest level of SI interaction (one instructor to one student) if the parents or
guardians employ private instructors. A greater number of wards must however attend
‘public’ schools, where the lecturing technique is widely applied owing to the high SI

ratio. How possible is individualized instruction in a public school?

A high SI ratio makes individualized instruction impossible at the lecture level. As
pointed out earlier, attempts to adeguately cater for slow students can result in making
the faster ones idle and playful in class. The tutorial concept is one step in the right
direction, because of the improved SI ratio, but it cannot be described as individualized

learning, since the SI ratio is still not 1:1 (one-to-one).

Another situation that demands individualized instruction is a private studies in which a
tutor is not present, which suggests a level below the 'ideal’ SI ratio. Private students
may learn by the use of 2 number of instructional aids, but there may still arise the need
for an instructor's explanations of some concepts. Thus in spite of the fact that private
study is somewhat personalized, it is still lacking in the sense that the student may have

several unanswered questions.

2.4, Frames and educational technology

‘Educational technology’, in hardware terms, refers to communication media which can
be used, alongside a teacher, textbook, and blackboard, for instructional purposes.
These include audio, video or audio-visual equipment, as well as computers. In software
terms, educational technology connotes the programs which drive the communication

media to effect instruction. Educational technologists carry out research in human
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learning and communication trends, and design processes of learning and teaching,
using a combination of human and non-human resources to bring about effective
instruction. In a bid to obtain individualized learning, educators evolved the use of
frames, which are small units of instruction. A major topic is decomposed into short,
logical, and easy-to-understand steps, which the student can study sysiematically, in
order to learn the whole subject matter. This method of learning was developed by B.F.
Skinner (Ellis 1974; Markle 1969). We will use the term frame to refer to a unit of

mstruction throughout the remainder of this chapter.

An instructor using frames as an instructional aid, seeks to ensure that all students
understand each frame before proceeding to the next. Thus the use of frames
encourages mdividualized learning, since each student can go through the frames at an
individual pace. However, this state cannot be attained unless each student possesses a
complete but separate set of frames, just like having a copy of a textbook. In cases
where there is only one available set of frames (that with the instructor), which is used to
demonstrate concepts before the class, the frames would be flipped over at the
instructor's discretion. When this happens, fast students would flow alon g, but slow
students would not, and this reduces to the leciuring situation. How then are frames to
be most appropriately presented to achieve a reasonable level of individualization? Each
student must have privaie and unconditional access to subject frames, so the issue of

documentation comes in at this stage.

2.4.1. Audic-visual aids

Frames documented in textbook form help slower students to study at their own pace.
Verbal lectures are too fast and difficult to follow for this category of students, and the
use of textbooks removes problems introduced when a student forgets previous lectures
which were delivered verbally. The textbook can now be used as a reference. The
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textbook represents the written word, which is the lowest level of educational

technology.

Graphics and sound have progressively supplanted the written word as a general
conveyor of information. Venezky & Osin (1991) and Heimler et al. (1987) point out
that pictures serve as retentional aids, increase a student’s interest and motivation, and
add appeal and more meaningfulness to otherwise barren texts. The effects of graphics
are further enhanced if they are animated (Rieber & Kini 1991; Rieber et al., 1960,
Audio and video equipment can be used effectively to preserve lectures so students can
lisien to them anywhere, and at any time. This is especially useful for private studenis
who can receive lectures at home via audio and/or video equipment. The video
technology is particularly powerful, since it combines the effects of sight and sound.
Recorded lectures give students the advantage of hearing them as many times as desired,

thus making for better subject mastery.

Audio-visual materials particularly facilitate learning in large class situations. The
instructor faces a high risk of fatigue by an attempt to attend to every need of each
student (Sanders, 1975). Students must therefore learn to use pre-recorded lectures.
This point, in passing, brings out one advantage of large classes. That students can be
taught using machines saves an institution the funds which would have been spent on
more instructors.  This is not to say that educational technology reduces the
employment rate of insiructors, but rather, where the latter are scarce and expensive,
machines can be used to supplement the human instructor, However, instructors would
still be needed to write and record lectures, and to render further explanations o

students as the need may arise.

Since audio-visual lecturcs are well organized into topics and sub-topics, and are

uniformly programmed, all students in different (sometimes remote and geographically
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dispersed) locations can receive them in a standard wend. A programmed schedule
describes the set of topics which a student must learn in sequence. A student following
this schedule is said to be undergoing programmed instruction. This form of learning
is applied in all walks of life: schools, the industry, the armed forces, for managers and

the handicapped, to mention but a few.

2.5. Introducing CAI

The computer could also be viewed as an audio-visual material, and has been used
world-wide to obtain high degrees of individualized instroction. The instructor provides
ingtruction to the student via the computer, which is the medium of leciure
documentation. Instructor-computer and student-computer interactions are carried out
via a computer language which is designed to present lectures to the student without the
instrucior's infervention. Lectures are stored on disks or tapes, and recalled as many
times as desired, for student use. The high memory size and availability of massive
secondary storage on the computer facilitates docamentation of hundreds of textbooks
of information on a single computer. The computer's operating speed allows
information to be retrieved from memory faster than the human reaction speed. Alsg,
with multiprogramming and advanced communication facilities, several studenis are able
to work simultaneously on the same lecture, stored in the same computer, via several

ferminals.

2.5.1. Computers in education
The involvement of the computer in the learning process is referred 1o in many ways.
‘The most frequent in the literature are:

Computer-Managed Instruction (CMI),

Computer-Aided (or Assisted) Instruction (CAID,
Computer-Aided (or Assisted) Learning (CAL).
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Figure 2.2: Interactions in CAR

These three terms mean essentially the same thing: using the computer (o present units
of instruction fo a student (Barr & Feigenbaum 1982: Alessi & Trollip 1985; Ellis
1974). However, CMI involves using the computer to perform routine record keeping,
or the use of the computer in the management of instruction, and has been found most
useful in areas where the workload on a limited number of instructors is too high. The
computer is used only to prepare lessons, schedule time-tables and syllabi, keep up-to-
date record of student performance, which records would be used as a basis for the
preparation of better schedules for the future. As far as studenis are concerned, the
instructor is still the direct source of learning (Figure 2.1), and in CMI, students do not
need to know that a computer is being used at all, and may in fact never come into

contact with it (Broderick & Lovatt 1975).

CAl and CAL, on the other hand, mean exactly the same computer-situation, but viewed
from different perspectives. The computer contains units of instruction. The instructor
mdirectly teaches the student using those stored units, so the student learns indirectly
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from the teacher using the same units. Therefore, for the instructor, the process is
Computer-Assisted Instruction, while it is Computer-Assisted Learning for the student,
‘The computer is an assistant or aid in both cases: assisting the instructor in CAIL and the
student in CAL. However, the term CA7 (Figure 2.2) is used more often than CAL in
the literature, mainly because most references are to projects designed {0 act as
instructoss, which is viewing the problem from the CAI perspective. The focus in our

work is therefore on CAL since our aim is {0 design a teaching system.

It must be stressed here that the computer cannot totally replace the instructor in the
educational system. Itis only an aid (Angibeaud 1979; Laver 1976). Thus ail teaching
materials must be prepared by experienced instructors, not by computer scientisis.
Hence as Bork (1995a) points out, efforts must be made to teach school teachers how 1o
program the computer, towards an improvement in instructional performance. However,
compuler scientisis are responsible for developing the software that is used to program

the lessons.

2.5.2. The learning process
The learning process refers to the manner in which people obtain and assimilate
knowledge. Educators agree that the best way to learn is through a Stimulus-Response
(SR) interplay (Markle 1969; Price 1991). The stimulus is something read or heard, an
input aiming at producing a response from the student. For instance, let us consider the
following frame:

€ What is 34.0%12.5/4.07

A:
The stimulus is the question posed, while the response is the student-supplied answer.
The SR cycle is a form of dialog, and educators propose that the interaction must be

maximized in order to obtain a high level of student involvement, for effective subject
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mastery. Every CAI design therefore aims at constructing instructional frames which

include as much SR interaction as appropriate,

2.5.3. Frame administration
There are basically two ways in which computer frames can be presented to a student:

in sequential order, or by branching.

Fl Fl

Fo

FI0

E3 3

Figure 2.3: Sequential Technigue Figure 2.4: Branching Technigue

The sequential form involves each student's going through the same series of frames in
the same pre-programmed order, even if the order makes the topic more complicated or
difficult to follow. The branching technique allows the student to branch off, where
necessary, to other frames not in the defined sequence, if such branching would enhance
better understanding of the subject matter. Branching also allows students to avoid
studying previously known or irrelevant frames, in order to spend time on concepts
which are more needed for each individual. Thus branching may produce a situation
where several students studying the same topic each goes through a different frame path

to achieve individual understanding, while sequential study restricts each student to the
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same set and order of frames defined by the instructor, Figures 2.3 and 2.4 illustrate

the two technigues.

2.5.4. Computer versus Television

Since television has been used to deliver lectures to several people, achieving some mass
education, one wonders why the computer is any longer necessary for improved lecture
presentation. A striking difference between the television and the computer in the
educational setting is that the former is effective for mass instruction while the latter is

for individualized instruction, which is the educator's ultimate goal.

Television lectures are pre-ordered on video tape and studied in sequential order, simply
because the individual student at home does not have control over the communications
station from which the lectures are broadcast. CAI lessons are however student-
controlled and allow _for branching which the student can do at will. Although
branching is not automatic, but must be programmed in by the instructor or courseware
author (courseware refers to CAI learning material), it is easily implemented in CAI, as

opposed to sequential television lectures.

Television lectures are often non-responsive. The student receives instruction but
cannot carry out on-line interaction with the instructor, who is not there in person. The
student’s questions therefore may remain unanswered, unless the instructor addresses
them off-line. These questions may be brought to the instructor's attention at a later
time, but the feedback is obviously not immediate in that case. However, in a live
television broadcast, it is possible to wire the instructor's recording room with the
students' lecture hall, and enable students 1o pause the instructor and ask questions
during the leciure. With the compuier, feedback is usually immediate and the student
can pause a CAl lesson to get misconceptions straightened out before proceeding. Also,

student responses are validated immediately; unacceptable answers are detected and
22



corrections made before the lesson continues. The student thus learns faster in CAI
because of active involvement in the dialog. This is not so with the relevision, which

may keep ‘talking' without the student's aitention.

Computer lessons may be reviewed as many times as desired by the CAI student, but
this is not so with the television student except such lectures are recorded during

transmission.

2.5.5. The interactive videodisc

Students of television lectures may record transmitied subject matter on videotape, but
the wear and tear on tape is high, especially with constant rewinding to review concepis.
Videotape course material is accessed mostly sequentially, and random access of
specific frames is time-consuming and more difficult to obtain. The advent of the
videodisc (Price 1991; Alessi & Trollip, 1991; Billings & Cobb 1992; Bork 1987,
Larsen 1992; Levin 1991; Miller & Lucado 1992; Parkes & Self 1988) has added the
random access dimension to video materials, taking advantage of the random access
capability of discs as compared to tapes. Specific frames can be accessed randomly,
and reviewed without the need to 'rewind' the disc. Wear and tear is therefore
considerably less in videodiscs. We may state here also that compact discs (for
example, CD-ROM) have similar advantages over cassette tapes, and therefore offer

better audio services than their tape counterparts.

The term interactive video is sometimes used to refer to the practice of CAI in
conjunction with video material. Learning is greatly enhanced since motion pictures add
more illustrations to the student's learning material (Bork 1995b). Although the
videodisc has an access advantage over the video tape, it is a newer technology and is
more expensive, in terms of videodisc playing equipment as well as the process of

producing CAI courses on videodisc. Most people may currently be able to afford
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video-tape equipment, but the videodisc is 2 more futuristic technology, and is expected
1o totally replace the videotape as soon as it becomes reasonably mass-affordable.
2.56. CAl modes
There are several modes in which the computer may be used to deliver learning material
to a student. The most commonly discussed in the literature (Rickel 1989) are the
following:

e drill-and-practice

s tutorial

s simulation

° games
Drill-and-practice is a follow-up mode which serves to enable a student to memorize
and practice previously learned concepts, thus transferring such knowledge from short-
term to long-term memory. Examples are done repeatedly, until it is certain that a good
grasp of the subject has been obtained by the student. Usually the computer selects
questions randomly either from a pool provided by the instructor, or in some cases
(especially in mathematics), generates random numbers to fit into question formats. The

most common subject areas for which drill-and-practice has been employed are

mathematics, spelling, and foreign language instruction (Price 1991).

The tutorial mode is the oldest CAI mode, and involves a cycle of four fundamental

steps:

a) stating the item of knowledge to be taught,

b) clarifying and elaborating the point in a serics of sentences,

¢) asking questions to find out whether the concept has been clearly understood by the
student, and

d) recetving and validating the student's response.

The tutorial mode provides a one-to-one private teacher that aims at providing new

informaiion. If properly programmed, a tutorial sysiem can etfectively relieve an
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instructor of considerable teaching, and frees some time for other forms of interaction
with students. Tutorial systems are self-paced, with the student in control of the speed
and level of instruction presented. For instance, if a student repeatedly gives wrong
answers (o a frame segment, the system may assume that the subject matter is too
advanced and try a lower level of instruction. The converse would be the case if the

subject matier seems {0 be too fundamental for the student.

Simulation is a powerful CAT mode, which attempts to mimic a real-life or imaginary
event or phenomenon without its attendant hazards and inconveniences (Price 1991). A
ready example is a detective event which may be used to teach detectives how to
apprehend a dangerous and armed criminal. Student detectives can learn this via a
computer simulation of the event, rather than facing the danger of being shot or killed by
a real criminal.  Other events that lend themselves readily to simulations are wars,
nuclear reactor environments, volcanic eruptions, air flights, medical diagnosis and
treatment, and analysis of dangerous chemicals. A simulation teaches the elements of
these events, in order to prepare students for tackling them when they arise in real life,
A simulation student is free to explore the system, in order to discover the consequences
of decisions made during the session. Such explorations enlighten the student to the
different ramifications of the event under study, and provide a richer insight which can

later be applied in real life,

CAI games enable students to learn in a fun environment. They embed concepts to be
learned, and involve lots of decision making, which help students to learn things about
the game domain. Common game domains are financial management, stock
management and banking, in which a student practices with different circumstances, and
learns the intricacies of problem-solving in these domains. The learning is mostly
subtle, though, since it is done on a fun note.
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2.5.7. Pros and cons of CAI

Several schools of thought have presented arguments for or against the practice of CAL
We shali discuss the cons first, since they will help us to more clearly understand the
pros. Comments accompany some of the ideas, mainly to draw atiention to our own

views of the arguments found in the literature.

2.577.1. Cons

a) Kochenburger & Turcio (1974) criticize CAI for the reason that an inanimate object
(the computer) cannot project the personal warmth of which a compassionate human
instructor is capable. We must however point out that a human instructor also has
human limits to patience and endurance. An instructor usually handles very large
numbers of students, each with individual problems. The computer is therefore a
welcome help, and if programmed appropriately, can project a good level of warmth in
some kind language, in form of words of encouragement and praise like “Good work”,
“Great”, “Way to go!” and so on (Price 1991). Thus for many students, the

computer plays a role less than, but close to, an instructor.

b) Kayser & Coulon (1979) insist that the computer would only replace instructors and
expose them to unemployment and crime. They further state that the remaining
instructors would be more of classroom furniture: only there to prevent the children
from destroying the computers; also that some governments may, for prestigious

reasons, prefer to buy a computer rather than train an instructor.

It is true that some governments or school administrators might have pieference for
compuier purchase over staff training, but such governments would realize in the long
run, when the scarcity of qualified instructors arises, that the computer cannot write hew
courseware, and so would produce obsolete lessons. Also, Bork (1995a) has reported

that many schools buy sophisticated compuiing equipment which instructors and
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students do not know how to use, and which waste if appropriate instructor fraining is
not done. Moreover, if computers are purchased with the aim to totally replace
instructors, the instructional process would become completely de-personalized,
depriving the student of certain insighis of which only a human instructor is capable,
and which may not have been programmed into the computer lessons. We therefore
stress that the computer cannot be a substitute for the instructor. At best, it can he
programmed to serve as a complement. An instructor need not remain idle, though, or
serve as classroom furniture. In a CAI environment, more instructor attention should
be paid to previously untaught concepts, and more thorough individual attention to

students.

¢) Angibeaud (1979) also argues that the computer may introduce some clumsiness into
the learning process, because of its inability to think as the human would. The
instructor’s brain can rhink around, and cause a lesson to proceed without a break. The
human mind can recall things in split times, and can generally move from one topic to
another (in solving a student’s problems) without making the process clumsy. Also
human information can be adapted to a new environment. The computer can reproduce
information, but cannot adapt to a previously unknown environment or domain, nor

modify its knowledge, or introduce new ideas, without human pre-programiming.

‘These arguments cannot be ignored. A computer may not be able to adapt to its
environment, but the clumsiness in its reaction is highly reduced by its high operating
speed. Itis however irue that, depending on the driving CAI programs, the compuier
may not recall all concepts that might be needed to fully meet a student’s learning
needs. This is where the instructor is required to offer further explanations to the
student. This clearly makes the point that the compuier is only an aid, and so has its
Limitations.
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d) Price (1591) and Bork {19952) point out that there is an insufficient number of CAT
software packages in the market to cater adequately for all subject areas. Many existent
software are inefficient, departing from relevant concepis, and dwelling on side
attractions like sophisticated graphics or sound. Other forms of inefficiency include
poor interaction language, excessive complexity for the target student population, and
poor student modeling. We must state here that these, of course, are not disadvantages
of CAL but indications of poor CAI system design and implementation, and one of our

research objectives is to produce a quality CAI system design.

e) Sanders (1979} states that although hardware costs have greatly reduced, prices are
still relatively too high for some schools to afford. CAI would therefore drain many

schools of scarce funds.

2.5.7.2. Pros
Having discussed the cons, some of the pros seem obvious, but we shall spell them out

in this section.

a) One of the main problems facing an instructor of large classes is the tendency to get
overworked and irritable, which adversely affects productivity. The computer helps the
instructor to save energy, so as to concentrate on greater creativity, enhanced efficiency

and better individual attention to students.

b) The computer has no prejudices or favorites. A human instructor is subject to
prejudices which may affect communication with certain categories of students. For
instance, there is a natural preference for bright and fast stadents, and even the best of
mstructors get tired of puliing the slower students along with the class. On the other

hand, the computer is never tired, bored or irritable. Itis ‘patient’ (Soloway 1992), and
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if well programmed, ensures that each student understands each concept hefore

proceeding to the next.

¢} With its memory management and high operational speed, the computer is able o
find, in nanoseconds, any frame in any fopic, as desired by a student or instructor. Thus
it otfers flexible branching facilities as required. Moreover, several students can work
simultaneously on different parts of the same course, because of available

multiprogramming facilities.

d) The student can be actively involved in a CAI session, if it is built around the
Stimulus-Response (SR) concept. Since a lesson would not continue without student
input, there is a responsibility placed on the student, who would normally provide input
in order to learn the concepts being taught. This is opposed to a classroom situation
where an instructor may teach without some students’ attention. Also, most CAI
students experience a motivating psychological excitement which stems from having
access to technical equipment of advanced design, and being taught by it. In fact,
surveys have shown that students sometimes prefer to learn by CAL in an impersonal

and non-nagging way, rather than by human instructors (Bork 1981; Price 1991).

e} In multiprogramiming environments, student-instructor interaction can be carried out
via available communication facilities. This allows the student to ask questions that may
not have been answered in a CAI session. When an instructor is not immediately
available, student questions can be stored in an electronic mail system, so the instructor

can atiend {0 them on arrival,

£) CAI lessons are designed and authored by selected competent instructors in each
field. Students are therefore saved the damage an inexperienced instructor might do by
inproper teaching. Such inexperienced instructors can also learn the art of designing
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learning modules, by closely following the examples laid out by experienced authors in

the CAT courseware.

£) A beauty of CAI is the fact that it is mostly self-controlled, enabling students to
control the pace, time and sequence of learning. By being able 1o move at their own
pace, gifted students are not bound, slower ones are not rushed, and shy ones are not
embarrassed by incorrect responses given in public. Also, each siudent masters

concepts at near-perfect levels, since CAI allows for repeated reviews.

h) There is a high level of testing in CAI, which exposes the student o guestions that
help to consolidate understanding. Moreover, feedback {0 student responses provides
timely guidance, preventing students from carrying misconceptions along for too long.
Also, the instructor receives reports of student errors, so that corrective instruction can

be planned.

i) In courses where there is a shortage of instructors, for example, foreign languages like
Russian, Chinese, or Japanese, the computer can be effectively used to teach students,

making the most effective use of scarce instructors.

2.6. Requirements of a CAT system
Several suggestions have been made in the literature regarding important aspects of a
CAl system (Alessi & Trollip 1991; Bork 1987; Bork et al., 1992; Heimler et al.,

1987; Venezky & Osin 1991). We summarize some of these points in this section,

a) A CAl system must be easy to use, and implemented in a manner the student can
undersiand. As much as possible, it should allow natural langnage interaction and not
be command-oriented, in order to facilitate use by non-computer science students. If it
must be command-oriented, then the commands musi be easy action-connected words,

and not maemonics that may have no visible relationship to the corresponding actions.
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For instance, for a student wishing to review the rwentieth frame in a series, REVIEW

FRAMEZD would be easier to remember than RW 28

b) Basically, a CAl system is usually self-paced, allowing the student to dictate the
learning speed, which is a major aspect of individualized learning. This is one of the
most fundamental goals of CAL A self-paced lesson would normally not proceed if the

student has not indicated the desire to do so.

¢) A CAl system should be abie to identify plausible but wrong student responses, and
generate corrective guidance for the student, providing as many plodding hints as
appropriate. Remedial learning material should also be made available for a student who
repeatedly has trouble arriving at the correct answer, to explain more fundamental issues
of the concept under study. Furthermore, ail students should be allowed to review
lessons as many times as desired. Reviews provide students with a safe playground,

permitting study without the fear of grading.

d) Graphics should be included to complement text. Graphics are very important, since
they help to give the student a betier mental picture of the subject matter. However, the
system developer must remember that graphics tend to draw more attention than text,
and so must not sacrifice learning for graphics. According to Alessi & Trollip (1991),
some systems are “artistically excellent but not instructionally useful”. These are
systems that over-emphasize pictures, and allow students to lose sight of the real

concepts being taught,

¢) A CAl system should be programmed to be flexible. Particularly, some simple or
common student errors, which have little or no significance to the subject, should be

overlooked. An example is ignoring spelling errors, except of course in the language
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excellent student would need 1o be good in all curriculum subjects, and it may be more
advisable to allow each subject to guard against ervors which may affect mastery of
other subjects. For example, language speliing errors should, at least, be pointed out in

mathematics lessons.

f) Some authors suggest that a CAI system should allow for possible student
modification of learning material. 'While this may have the advantage of presenting the
concepts in a way the student would best understand, it is a most dangerous liberty
because a student may delete important concepts, and even include totally erroneous
ones, which would mislead other students sharing the same frames (Fiderio 1988). We
therefore rather suggest that a suggestion box facility be provided in which a student
may suggest modification ideas to an instructor, and all modifications must be made by

the instructor alone.

g) A CAl system should announce its limitations. While this may give the impression
of owning up to weaknesses, it is necessary, so that students and instructors can know
in advance what facilities are provided. This way, there would not be unfulfilled
expectations, which would be more harmful o the courseware author than if limitations

were announced at the onset.

277, CAllanguages

A language is needed to implement courseware requirements. A courseware author
needs a language which facilitates the representation of all aspects of the CAJ lessons,
including graphics, sound, windows, different fonts, and font types and sizes. There are

several language types to choose from, which are examined in this section.



£.7.%. Classes of languages

The most basic system design languages are general-purpose, high level programming
languages like BASIC, ¢, PROLOG, PASCAL, and LISP. Use of a programming
language by an author involves designing all desired features from scratch, using

available commands and features.

Authoring languages, which are primarily designed for developing CAI lessons, are also
command-oriented, but they are a level away from programming languages in that each
command evokes a procedure (or some sets of procedures) which have been pre-
programmed in a programming language. Authoring languages are specifically
designed for non-programmers, and involve the use of specialized keywords which
instructors and students use to access the system. They are not as powerful as
programming languages, mainly because some effects needed by an instructor may not
be included in the procedures. This state may be enhanced, however, if the instructor is
allowed to modify existent procedures, or add new ones as desired. Examples of
authoring languages are SuperPILOT which includes a lesson texi editor, a character set
editor, a graphics editor, and a sound effects editor. Others include Unison, ENGOL,

and IBM’s Coursewriter TIL

Authoring systems are application programs or tools, which are devoid of strict
programming, but help an instructor to concentrate more on insiructional design. They
are casy-to-use, time-saving, menu-driven systems which are like expert system shells
that an insiructor programs with subject knowledge. They usually have sound, graphics,
and branching facilities. However, like authoring languages, they are restrictive because
they tmpose certain limitations on an instrucior, since some special effects may not be
provided for in the system. Some authoring systems provide some features which may
be totally irrclevant to instructors, and thus constirute memory hogs, occupying
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computer memory with features that are mostly unused. System designers must
therefore provide features that are relevant. Authoring systems are usually expensive
(Price 1991). Examples of authoring languages are IBM’s SAM IV, and Apple’s

Course of Action for Macintosh.

2.7.2. Choice of CAl language
With a range of available langnages, 2 decision must be made as 1o which language to
use in a design. Several criteria need to be considered to enable one to choose the most

useful CAl language. Some of these are discussed below.

a) Price and transportability: High-level languages are the most fundamental of CAl
languages. They are therefore the cheapest to use, especially BASIC, which comes with
most personal computers. Transportabiliry refers to the ability to execute a program
designed on one machine to another machine of, possibly, different make. This is a
major factor, considering the fact that versions of several programming languages exist
across machines. It is therefore necessary to choose a language or system that would

execute on as many machines as the instructor or student would possibly use.

b) Training and development time: Training time refers to the average length of time it
would take for an instructor or student to learn to use a language, while development
time is the length of time it would take for courseware to be designed using such a
language. Training time is shortest with authoring systems, since litile programming
needs to be done. Development is longest with programming languages, which require a

design from scratch.

¢} Speed, power and flexibility: Programming languages are the fastest, most powerful
and most flexible (Price 1991). They are the closest to machine language constructs,
and also enable an instructor to include as many features as desired. They can therefore
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be used to implement a wide range of instructional strategics like drill, practice,

simulations, and games, and allow easy inclusion of graphic features.

2.8, Early CAI Systems

Early computer-based instruction applications included the PLATO system, developed
at the University of Illinois in the 1960s, and the TICCIT (Time-shared Interactive
Compuier Controlled Instructional Television), developed in 1972 by MITRE
Corporation and Brigham Young University. These were AFO (Ad-hoc-Frame
Onented) systems, which presented statically prepared texts, or ‘canned' instruction. In
AFQ systems, the student was given a frame of author-specified text, and asked a
question which required 2 brief response. The response was validated against pre-
stored correct answers, and the student was told whether the response was right. In the
event of a wrong response, the program would branch off to pre-stored remedial
material. The author attempted to anticipate every wrong response, and the courseware
incorporated all lessons, remedial material and instructional procedures (Barr &

Feigenbaum 1982).

AFO systems failed because they depended heavily on the author's perceptions, did not
allow for natural language interaction, restricted  study to the instructor's syllabus and
presented lessons just like textbooks. They were not flexible, had little explanation

facilities, and collapsed if pre-programmed concepts were deviated from (Hume 1992).

Summary
In this chapter we presented a historical account of attempts that have been made by
educational technologists towards achieving individualized instruction. We then

introduced Computer Assisied Instruction along with discussion of pros, cons, and
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requirements of a CAI system. We also discussed CAI languages and some of the

earlicst CAI systems zlso known as Ad-hoc Frame-Ordented or AFO systems.

In the next chapter, we examine more sophisticated CAJ systems that are designed to

emulate the human instructor beiter than AFO systerms.
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CHAPTER THREE: INTELLIGENT TUTORING SYSTEMS

Owing to the failure of traditional CAI or AFO systems to meet the lofty expectations of
educators, research has recenily been geared towards more advanced CAI programs.
Artificial Intelligence (AI) techniques have therefore been applied to produce more
intelligent and effective CAI systems. Natural Language Understanding makes
student-computer communication more interactive, knowledge representation techniques
facilitate maintenance of subject material and teaching strategies, while advanced

inference methods in expert systems assist in modeling student needs.

These new systems are called Intelligent CAI (ICAI) systems, or Intelligent Tutoring
Systems (ITSs) and are aimed at imitating intelligent human instructors. In these
systems, course material and tutoring procedures are represented separately, so that
tutoring procedures can be made applicable to different subjects. Several of these
systems have also made attempis at the following ideals:

® generation of problems and remedial comments differently for each student, based
on the system's student model, or perception of student performance.

° implementation of dialogs in natural language

° diagnosis of students’ misunderstandings from errors made during the learning
process, and

¢ allowing each student to follow instructional paths best suited for him/her.

ITS designers aim at producing reactive systems, in which the student is actively
involved in tutorial dialogs and systems adapt to the student's changing needs.

Presently, we describe the basic components of Inielligent Tutoring Systems.

3.1 ICAI components
There are three basic components of ICAI systems: the domain-knowledge module, the

tutoring module, and the student-model module. These have been discussed by Bar &
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Feigenbaum (1982), Nwana (1990a), Rickel (1989), Soloway (1992), and Tennyson &
Park (1987). The need for multdple modules in a mtoring system cannot he over-
emphasized. The separation of course material and tutoring procedures (system
modularity), makes I'TSs easier to manipulate and program. Authors agree that using
several modules in a large tutoring system reduces design and programming complexity
and promotes the development of domain-independent tutors that can be applied 1o more
than one tutoring domain (Los Arcos et al., 1992; Sime & Leitch 1992: Leitch et al,

1982). Discussion of the three basic modules follows.

3.1.1 Deomain-knowledge module
This module represents the subject's knowledge-base, and contains the information to
be taught or transferred to the student. The information in this module is also used to
guide the generation of questions, as well as the evaluation of the correctness of a
student's solutions. Domain knowledge could be represented as any, or combinations,
of the following:

e production rules: based on the IF ... THEN premise

* semantic nets: these are good for generating and answering guestions involving
causal or relational reasoning

e procedures: these represent the sub-skills which the student must learn, in order to
fully understand the overall subjeci maiter.

This module represents the course syllabus in data structures chosen by the system
designer. However, the path followed by each student is subject to individual learning
trends. Knowledge-base design is an instructor's problem which involves specification
of the detailed knowledge to be taught. This would involve construction of the
knowledge in order of difficulty, much as is done in texthooks or other documents,
where easier concepts are presented before more difficult ones. The construction of this
knowledge is a content issue, as described in Chapier One. The theoretical knowledge

of any student is highly dependent on the organization and content of the domain-
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knowledge module, and much care must be taken 1o ensure that it is as comprehensive

and complete as possible, for best student mastery levels,

3.1.2 Tutoring module

This module represents tutorial algorithms and strategies, and integrates knowledge
about natural language dialogs, pedagogic methods and the subject area, to optimize the
learning session. This module presents dialogs, generates remedials and problems to
be solved, monitors student performance, and generates comments and messages or any

appropriate assistance tailored to meet the individual needs for each student.

There are different tutoring styles or models. However, good tutors are able to revise
thetr styles if they do not fit the student's learning style. (Chlsson 1987). The
diagnostic model repetitively poses tasks, evaluates responses, and points out necessary
corrections. The system does not suggest the solution to a problem, but allows the
student 1o realize personal errors and to switch to better methods. The tutor keeps
posing problems, steering the student along certain lines of reasoning, until the student
airives at the correct solution. This is called the Socratic siyle, and dialogs are made to
resemble real-world classroom interactions. A major problem with this technique is
that the tutor must say the right things at the right time, in order to lead the student to the
right answer. What to say, however, depends on the system's model of the student's
understanding and a faulty student model would lead to faulty tutoring. Much research
is therefore being done in the area of helping the tutor to make constructive

contributions.

The discovery model allows the student to leamn in a non-formal, and not-so-restricted
environment. Most games are discovery models, in which the student freely explores

the application and the tutor interrupts only when a wrong line of reasoning is detected.
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‘The coaching model is one in which the tutor passes instruction across without much

student input.

The tutoring strategy module is a very intricate component of CAT system design,
because decisions must be made, based on system-student interaction, on the next
course of action 1o be taken for each student. Individual situations must be taken into
consideration and this requires the maintenance of a studeni-learning-history. The
history indicates records from previous interactions between the student and the system.
Construction of student learning histories constitutes a major research area. Tied to this
module is also the expert model which describes the sysiem's (or instructor's) model of
some correct response to each problem posed the student. We use the term some
correct response because, depending on the subject domain, the expert model may not
necessarily produce every correct response to a problem. Some domains (particularly
non-algorithmic domains) allow for different forms of correct responses, as long as

required features are present.

3.1.3 Student-model module

This module models the student's understanding of the subject arca and makes
hypotheses about student beliefs and/or misconceptions, so that the tutoring module can
point them out, indicate why they are wrong, and suggest corrections and alternative
solution strategies. The student model is based on different types of evidence from
student information. Implicit evidence is derived from the student's problem-solving
behavior, including preferred modes of interacting with the program. This evidence type
is limited becaunse it depends on the system's ability to recognize and describe the
studen('s strategies. Sometimes, the system is unable to ascertain which intermediate
sub-gkills are known to the student, or which were wrongly applied to arrive at wrong
responses. 'The process of identifying where exacily the student missed it (that is, the
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exact cause of a misconception), is called the "apportionment of credit and blame", and
has been the focus of much ITS research. Explicit evidence is derived from student
responses 10 system questions, and characterizes the level of the student's understanding
of the subject matter. Historical evidence is derived from assumptions based on the
student’s learning experience and goals for learning the subject, while structural
evidence is derived from assumptions based on some measure of the difficulty of the

subject matter.

The Student-modeler uses these pieces of evidence to form a model of the student's
understanding. There are two major model types used by different systems in the
literature. The overlay model assumes that the student's reasoning strategies (or
solution plans) are a subset of the expert model formulated by the tutoring module, and
are usually compared to those of the expert model in the same environmeni. The
modeling component marks each skill according to whether evidence indicates that the
student knows the material or not. On the other hand, the buggy model views the
student's strategies as bugs, or deviations from the expert's knowledge. Excessive
deviation from the expert's knowledge indicates that the student does not understand
the concept being taught. A buggy model represents domain knowledge as rules and

potential misconceptions as “mal-rules” or variants of the rules (Sleeman 1982).

Student modeling is probably the most complex part of ICAI system design, since the
student does not explicitly state concepts that are not understood, but the system has o
infer them {rom the interactions with the student. A student modeling module geis
inputs from student-learning histories and constantly updates a model based on current
student inputs. Student modeling also includes the construction of a belief-base,
representing the beliefs (correct or incorrect) held by a student. This belief-base is
constantly revised in what is known as a belief-revision process. Belief-revision
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involves the removal of old beliefs that have been contradicted by newer student inputs,
as well as the resolution of currently held beliefs that may be contradictions of one
another. Belief-revision is a very salient but difficult aspect of stadent modeling,
because the belief-base is the basis on which further tuioring is done, and an incorrectly
revised belief-base would result in an incorrect tutor perception of the student's

understanding, and consequently in incorrect pedagogy.

Often, it is difficult to represent a student's knowledge completely because what the
system can infer depends largely on the concepts being taught. There may be several
concepts which the student does not understand, but which are not recognized by the
system because the interaction did not warrant the discussion of those concepts. For
instance, during a French session, the system cannot determine whether or not the
student understands rainfall/precipitation concepts. This is of course a comparison
between two disjoint subjects, but can occur even within a single subject that involves the
understanding of several intricately interwoven concepts. Thus student modeling must
be restricted to things which can be explicitly deduced by the system with respect to the

underlying concepis of a lesson.

3.1.4 Alternative architecture

Another ITS architecture has been proposed by Chan & Baskin (1988). This is the
Learning Companion System architecture which removes an expert module and replaces
it with a learning companion. Learning companion systems are based on the
educational theory of peer learning (Lincoln & McAllister, 1990). We have however
retained the traditional architecture because it is a better representative of the normal

learning environment.
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3.2. Expert systems
In the next section we describe some intelligent tutoring systems. However, first it is
necessary to discuss briefly the artificial intelligence technology upon which they are

built: expert sysiems,

EXPERT SYSTEM

Inference |

. Engine /

Figure 3.1: Simple schematic of an expert system

Waterman (1986) defines an expert system as a computer program using expert
knowledge to attain high levels of performance in a narrow problem area. The key
points in this definition are that expert systems incorporate high-level knowledge
deemed to be obtainable from the most theoretically and practicaily qualified personnel
in a chosen domain. These facts are stored in computer structured form and are driven
by rules or procedures in an inference engine which can make intelligent deductions

irom the knowledge-base (see Figure 3.1).

Most expert systems are rule-based (using IF...THEN constructions) and perform
forward or backward chaining. Forward chaining (or data-driven reasoning ) is
triggered by known events and infers new values based on available data. Backward
chaining (goal-driven reasoning) attempts to verify previously postulated hypotheses
which implies that the inference engine starts from a specified goal and uses an agenda

to obtain information which can be used to verify the goal.
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An expert system differs from conventional programs mainly in depth of knowledge,
since knowledge in the system is high level expertise. Moreover, some expert systems
contain what is known as meta-knowledge, which is knowledge abous knowledge, or
knowledge about how the system operates or reasons, which gives such systems the
ability to offer functional explanations, to a good degree. This is not to say though, that
expert systems have these capabilities in themselves, but as in any computer program,
these features must be pre-programmed by expert-system developers. Owing to their
high deductive ability, expert systems lend themselves easily to many applications in
which they are used as intelligent interfaces 10 make inferences and generate
explanations. In fact, most existing ICAT systems are built on expert systems, because
of the ease with which intelligent reasoning and instruction can be done using expert

sysiems.

3.3 Seme [ICAI systems

Expert systems have been used in several life application areas, including diagnosis
(medical and mechanical), financial management, military arts, chemical reactor
monitoring, and instruction, to mention but a few. In what follows, we shall examine
some expert-systermn-based ICAI systems. Several such ICAI projects exist, and an
attempt to discuss them exhaustively is beyond the scope of this thesis. We have
therefore selected some which have served as pace-setters for many others [details are in
Barr & Feigenbaum (1982) and other references]. In this section, the major features of
cach selected system are highlighted, with a view to assessing them and pointin gout

possible areas for improvement.

3.3.1 SCHOLAR
The SCHOLAR system was designed by Allan Collins and Jaime Carbonel (of Bols,

Beranek Newman Inc.) in 1970. SCHOLAR teaches South American geography, but
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one of its versions, NLS-SCHOLAR, has been used to teach text-editing. Implemented
m LISP, SCHOLAR is a mixed-initiative system, in which the student or tutor can direct
a conversation by asking questions. The knowledge in SCHOLAR's expert module is
represented using semantic nets. Each node contains properties of 2 geographical
entity. Natural language is used to construct questions and present new material from
the semantic net, which guides the interpretation of the student's responses.
SCHOLAR's inference strategies for answering student questions and evaluating
student responses are designed to cope with incompleteness of the knowledge-base.
items related to student questions are found by intersection search. I an item is not
found, SCHOLAR responds by saying "I do not know". Below is part of a node for
Pern. SUPERC implies "superconcept” (for example, PERU is a country'); SUPERP

implies "superpart” (for example, 'PERU is part of South America').

PERU:
((EXAMPLE-NQUN PERU))
(I 0) “Importance’ of unis is high
(SUPERC (I 0) COUNTRY)
(SUPERP (I 6) SOUTH/AMERICA) Link to superordinate unirs
(LOCATION (T 0) Values of LOCATION anribute follow:
(IN (I 0) (SOUTH/AMERICA (I 0) WESTERN))
(ON (I 0} (COAST (I 0) (OF (I 0) PACIFIC})
(LATITUDE (I 4) (RANGE (I 0) -18 0))
(LONGITUDE (I 5) (RANGE (I 0) -82 -68})
(BORDERING/COUNTRIES (I 1)
(NORTHERN (I 1) (LIST COLUMBIA ECUADOR))
(EASTERN (I 1) BRAZIL)

SCHOLAR does not maintain a student model, but relies on its Socratic tutor to
diagnose student misconceptions. It then presents material which helps the student
realize the error(s). Dialog continuity is weak in SCHOLAR, since it does not plan a
series of questions 1o make a point. It therefore diagnoses errors only by following up

one question with a related question,
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A SCHOLAR dialog example follows. The tutor's and student's inputs are preceded by
T"and 'S’ respectively.

T: What is the language of Argentina?

S: Probably Spanish

T: Very good. Approximately what is the area of Argentina?

S: Tell me something about Peru
T

Perwis a country. It is located in South America. Iis capital is Lima.
Now answer the question you didn't answer before.

e

The area of Argentina is 1,100,000 square miles.

T, Approximately, but a more exact value is 1,200,000 square miles.

The tutoring module maintains an agenda which keeps track of topics being discussed.
The student can ask questions that are not anticipated by the program. These are

handled by the natural ianguage facility.

3.3.2 WHY

The WHY system is an extension of SCHOLAR and was designed by Allan Collins
and Albert Stevens, of Bolt, Beranck and Newman Inc. (Stevens et al., 1982). WHY
teaches the causes of rainfall and concentrates on the diagnosis and correction of
students’ misconceptions. The WHY knowledge-base is represented in script-like data

structures. For example,

First, water evaporates from an ocean or seq, then the water-laden air mass is carried
over land by winds, which in turn causes the air mass to cool, which causes

precipitation.

Plausible reasoning techniques are then used to extract appropriate sections for
presentation to the student. Script representation however poses a problem because of

some difficulty in ascertaining the correctness of a student’s response which sometimes
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contains correct keywords presented in an incorrect manner. The tutoring module in
WHY applies Socratic heuristics to learning sessions. For example, consider the
Socratic heuristics:

IF student explains causal dependence by unnecessary factors

THEN select a counterexample with the wrong value of the factor and ask why that
causal dependence does not hold in that case.

Below is a dialog in which this 'Over-generalization' heuristics is applied:
T: Do you think the Andes mountain range causes heavy rainfull in the
Amazon jungle?
S: Yes
Tt Do you think that any place with mountains has heavy rainfall?
S: Yes
T Southern California has mountains.
Why doesn't Southern California have heavy rainfall?
"The tutor picks a counterexample for the insufficient cause, and asks the student for
prior causes. The student would follow another line of reasoning if the counterexample

shows that the previous one was wrong.

Like SCHOLAR, WHY does not have long-term goals for its dialogs. [t asks
questions on divers issues in the same session, thus finding it difficult to measure the

student's understanding of each concept.

3.3.3 SOPHIE

The SOPHisticated Instructional Environment (SOPHIE) is a simulation tutor in which
the student learns by trying out personal ideas, rather than by instruction (Brown et al.,
1982; Yazdani 1987,). Encoded in LISP procedures, SOPHIE teaches electronic
trouble-shooting and maintains an expert module which helps the student to generate,
experiment with, and debug ideas.
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The student is given a faulty circuit, takes a sequence of electronic measurements, and
compares them with normally expected values to form hypotheses about the faults.

Figure 3.2 shows the major components of SOPHIE.

4 Natural Language Interface

%

Hypothesis L.jg.|Semantic network L. Question | Les.| Expert
avaluator % gnswerer module

Circuit simulator

Figure 3.2, Major components of the SOPHIE svstem

SOPHIE's expert generates its own results, and evaluates the student's hypotheses by
considering all of the information the student was expecied w derive from the faulty
measurements. It would then tell the student if any hypothesis is wrong, and would
generate counterexamples and critiques. SOPHIE dialogs are in natural language. A
dialog excerpt from SGPHIE foilows:

T This instrument has a faulr. Its present settings are:

cC 1.0 CURRENT CONTROL

CR HIGH CURRENT RANGE SWITCH
LOAD 20 LOAD RESISTANCE IN OHMS
VC 1.0 VOLTAGE CONTROL

VR HIGH VOLTAGE RANGE SWITCH
What is the output?
11.7 Volis
What is the output in a good instrument?
19.9 Volts

What is the voltage between R8 and Q17

o B CH S I < B

47.6 Volts
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S: Replace 06

£ Why? . Are any terminals open?

S Yes

T Which terminal(s) are open?

S: The base

T: (6 is not faulted in that manner. 06 not replaced.

SOPHIE does not maintain a stadent model but a reactive environment which responds
to student needs as they arise. It therefore has difficulty following up on the student's
understanding, since it reacts to local needs and does not strictly follow any particular
reasoning line. The student could therefore move between concepts, making the

assessment process difficult,

3.3.4 WEST

WEST is a game ITS in which the student plays at a game called "How The West Was
Won", and the program interrupts when necessary (Barr & Feigenbaum 1982; Alessi &
Trollip 1985; Burton & Brown, 1982). The aim of the game control is not to give hasty
corrections, so that the student can personally discover and correct system bugs without
the tutor's intervention. WEST maintains an expert module, and evaluates the student's
skills by comparing them with what the expert would have done in the same
circumstances. The system's student model is mainiained by recognizers and
evaluators. Recognizers assess the student's knowledge of skills and construct a
model which the evaluators interpret to determine the student's strengths and
weaknesses. The coach could then make appropriate corrections, and suggest superior
strategies. However, the student's model has some difficulty tracing skills used by the

student. This is because WEST is a game comprising several skills and it is sometimes
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difficult to recognize the student's line of reasoning from the game. Figure 3.3 showsa

diagram of the WEST game system.

Gaming environment of problem-solving situation
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Figure 3.3. Diagram of the WEST modeling-tutoring process

3.3.5. WUMPUS
The WUMPUS system was developed by Ira Goldstein and Brian Carr at the

Massachusetts Institute of Technology, in 1977. Programmed in LISP, WUMPUS isa
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game in which the student aims to kill 2 monster in a cave while avoiding dangers like

bats, falling into pits, and being eaten by the monster.

Coach _
s Psychologist E
Move ! ) Update
analysis Complexity Model
data
Overlay
Expert legEXREM 7 Problem-soNVing e — fi  Stud. model
% Play knowledge
|
Game state Expla'nat'ion data Student’s current

E % state
Tutor o

g dvice
e

Sta
/ o O
Game |l Play
M
Code Data
— DEta g Control

Figpure 3.4, The WUMPUS computer game

WUMPUS contains four modules. The expert module, which uses a rule-based
representation, informs the psychologist module of the student's non-optimal moves,
and suggests better moves. The psychologist module then formulates hypotheses about
the student's skills and stores them in the student model.  The student-model {overlay)
module represents the student's knowledge as a subset of the expert's knowledge. The
tutoring module (called WUSOR) uses information in the student's module to guide
the student to make better moves. Figure 3.4 shows the interplay of WUMPUS'

COmMpOnenis.
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Examples of rules which guide the WUMPUS expert are as follows:

1) Positive evidence rule: If there is a warning in a cave, then a danger exists in a
neighboring cave,

3} Double evidence rule: Multiple warnings increase the likelihood that a given cave

containg a danger.

The WUMPUS expert starts the game by informing the student of neighboring caves,
plus warnings about nearby dangers. An exaraple of a WUMPUS dialog follows. The
student’s name is Sam.

T: Hello Sam. There are 15 caves, 2 bais, 2 pits, I Wumpus. You're now at cave 15
with neighbors 4,14,0. Brr! There's a draft. You are near a pit. What a stench! The
Wumpus is near. What now?

S: 4

T: You are now ai cave 4 with neighbors 15,14,2. Brr! Squeak! A bat is near. What
now?

S 14

T: It is not necessary to take such large risks with pits. One of caves 2 and 14
contains a pit. Also, one of caves 0 and 14 contains a pit. These constitute multiple
evidence that cave 14 may contain a pir. It is less likely that cave O contains a pir.
Hence we might want io explore cave O instead. Do you want to take back your
move?...

The game is won by shooting an arrow at the Wumpus' lair. If all of the student’s five

arrows are exhausted without killing the creature, all is lost!

3.3.6 GUIDON

GUIDON is a rule-based, medical diagnostic ITS developed in the iate 1970s by
William Clancey at the Stanford University (Clancey 1987). Its expert module is the
rule-based MYCIN, a medical diagnostic expert sysiem. GUIDON engages the student
in a dialog about a patient suspected of having an infectious disease. It then teaches the
student how to get the relevant clinical data and diagnose the causative organism of the

disease.
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Before a session starts, GUIDON uses MYCIN to 'solve' the case to be presented io the
student. The results of this background consultation are stored as an AND/OR tree of
goals and rules which lead to the diagnosis. This tree is then used to evaluate the
student's knowledge during the learning session. The student-model contains three
inter-related components as shown in Figure 3.5: USE-HISTORY, USED? and
STUDENT-APPLIED, each represented using certainty factors. UUSE-HISTORY is a
record of rules known by the student (drawn from previous reasoning strategies, calls
for system assistance and responses to questions). STUDENT-APPLIED is a measure

of the expert's belief that a student can apply a given rule to the current case,

Update when a Update during
MYCIN rule fires hypothesis evaluation
HSE STUDENT-
Background™  TLISTORY ———f APPLIED — USED?
Hypothesis

Assistance
needs

Qz

Figure 3.5. Maintenance relations for GUIDON's student-model components

Usually, knowing a rule differs from applying it. STUDENT-APPLIED is drawn from
the student's study history. 'USED? records the expert's belief that the student would
mention a rule if asked to support a solution. It affects how the program responds to

partial solutions, and feeds back into USE-HISTORY.

GUIDON's tutoring module is decomposed into several procedures, and provides
keywords which simplify dialogs. Keywords include FACTORS (retrieve data which
are relevant to this case), HELP or WHY(provide further information), and

HYPOTHESIS (student is ready to form a hypothesis). If the student claims to have
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reached a particular conclusion, the tutor probes to find out how the conclusion was

arrived at. A dialog example follows.

T: What is the type of infection?
S: Bacterial

T: What facts about the case tell you the type of infection is bacterial? (Enter one
Jactor per line)

S: PMNs
T The percent of PMNs in the CBC is not relevant for determining the fype of infection
S: PMNs in the CSF

Cerebral-fluid glucose value

Protein in the CSF
T: You're right about the CSF protein, the percent of PMNs in the CSF, and the CSF
glucose value; however, you should have mentioned the fact that the meningiris is
partially treated, the WBC from the CSF, and the fact that the simultaneous blood
glucose value is not known...
3.3.7 BUGGY and FITS
BUGGY is an arithmetic ICAI system, designed by John Seely Brown, Richard Burion,
and Kathy Larkin of Bolt, Beranek and Newman, Inc. (Burion 1982). They argue that
students can completely follow their own systematic (though wrong) procedures. There
is therefore a relationship between the symptoms of bugs and students' underlying
misconceptions. BUGGY is used mainly to teach teachers to identify students'
systematic errors in arithmetic problems. This is an interesting change from previously

discussed systems which were used to instruct students. In BUGGY teachers are the

target population.

BUGGY maintains a student-model which indicates possible student-misconceptions,
and provides a mechanism for explaining why a student is making an arithmetical
mistake, as opposed simply to identifying the mistake. It incorporates a network of sub-

procedures which simulate the student's behavior and identify the parts of the student's
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skills that are correct or incorrect. A procedural network with faulty sub-procedures is
called a diagnostic model and helps the system to diagnose the student's errors.
BUGGY's expert module containg correct sub-procedures, each of which is tested

against the student's sub-procedures to identify possible bugs.

To train a teacher to diagnose student errors, BUGGY presents fauity solutions and
supervises the teacher's bug diagnosis. Below is an example of a BUGGY dialog. The

teacher's and BUGGY''s inputs are preceded by "T" and "B", respectively.

B: Welcome to Bugland! Here is an example of a bug.

i7
+J
13 Now give me problems 1o determine the bug.
I i8 43 {BUGGY deliberately solves the problems
+6 +79 {using the bugpy procedure. The teacher
B: 15 23 {examines the cases, and claims to have
{diagnosed the bug.
T: Got the bug!
b: Here is a problem to test your theories. What is:
21 {BUGGY asks the teacher to solve a
+39 {problem using the latter's suspected
T: 51 {bug. Teacher applies it.
B: That's not the bug I have. Using my bug,
21 {Teacher's bug does not match, so BUGGY
+39 {solves some more examples.

15 Try giving me some more examples.

T: 51 99 68
+1707 +89 + 9
B: 21 36 23
T: Got the bug!
B: Please describe the bug you think I have.
1 The student is adding all the digits rogether!
B: Here are some examples 1o test your theories. What are:
33 1091 & 28 Q0
+99 + 60 + 34 + 7 + 6

i 24 i7 15 17 i5
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B: Very good! My description of the bug is: The studert always sums
up all the digits, with no regards to columns.

BUGQGY has been found to diagnose correctly several misconceptions in its domain.

FITS is similar to BUGGY but teaches fractions instead (Nwana & Coxhead 1988,
1989; Nwana 1990, 19912, 1991, 1991¢, 1993). It contains a bug catalogue which
represents common mal-rules in the fractions domain. This catalogue deviates from the
traditional mal-rule-base structure (in which some mal-rules may not be applied at all by
most students) by representing only the few mal-rules which the system designers
identified as being frequent among students. Bugs in the FITS bug-catalogue are also
linked to each other, allowing for the fact that one bug could lead to others. FITS
performs pre-modeling (in form of pre-tests presented to the student), as well as pre-
teaching required pre-requisites before main topics are atiempted. Student solutions are
also monitored step by step, with the tutor often providing directions to the student (not
in such frequency as the model-tracing approach). The student is allowed to indicate
intended strategies by selecting from a menu of actions. This menu allows the student
to follow desired sequences of steps, without adhering to any previously-determined
sequence. A sample FITS dialog is shown below:

3 1
T: Solve 24 + 22
What operation do you want to perform?
List of Operations
. Add equivalent fractions
Cancel fraction
Find equivalent fractions
Sum whole numbers
Change improper {Taction to mixed numbers
Change mixed numbers to improper fraction
Rewrite fraction
Provide some intermediate/final answer
WHICH <1 ... 8>?

e Al Sl

S 8
T: Go on then.
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21

St 7

T. Correct. What operation do you want to perform?
¢ & o
8

T o on then.

sl
S- 54

T: Congratulations.
e ko sk sk sk e s o ok se ok skoskosle o ok sk sl ok sl ok ol e ok s e o ofe ok sk e ook ke okt

The authors of FITS have reported great success in the use of their system.

3.3.8 The Recovery Boiler Tutor (RBT)

The RBT is a simulation-based tutor in the domain of industrial training for the
operators of recovery boilers (Woolf 1992). A recovery boiler is a 14-storey-high
industrial structure and simple operational errors can lead to catastrophic explosions
within the system. The RBT trainee is presented with a simulation of how the sysicm
operates, along with typical problem situations in which the effect(s) of the trainee's
decisions and actions are immediately reflected in the system. The RBT is a very
effective tutor because erroneous moves made during the simulations are avoided in
real-life cases. The RBT has been successfully used to train recovery boiler operators
in more than sixty paper mills in the United States of America. A sample tutor-irainee
dialog follows (comments are italicized):

Problem: A partial blackout is in progress and it will lead to deterioration of
the combustion process if no action is taken. Meters indicate that CO,, SO-,
and O3 readings are abnormally high.

[An alarm buzzer sounds)

T: What action are you going to take?

S: Check smeit spout cooling water. [Student's action does not result in a change in
the boiler}
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T: It looks as though the liquor is not burning ...
§: Help. Whatis going on? [student requests help]

T: A partial blackout is occurring, and this causes TRS, COp, SO9, and O5 10 increase.
Steam flow and steam temperature are dropping. [ think part of the bed is not burning,

S: Rod the primary air ports {A small improvement in the boiler readings can be
observed]

T Your action is correct. However at this time rodding alone is not effective

S: Raise the liquor temperature. [Student's action does not reverse the emergency, and
a new alarm buzzer sounds]

T: Rodding the air port apparently was not enough to undo the blackout

S: Increase the oil fuel supply. [Student's action reverses the emergency)

T: That solved the problem alright. Good thinking

Analysis of the problem: You had a partial blackout caused by plugged air
ports and a cold bed. Partial blackout can be effectively treated through a

combination of rodding the primary air ports and adding more heat. The
problem can be avoided by keeping the air ports clean.

The RBT uses an overlay student modeler to determine errors committed by the trainee.
The student's actions are measured against what an expert operator would have done,
and evaluated on that hasis. Also, as mentioned earlier, the trainee gets immediate
evaluation of every move made, either from the simulator or from the tutor itself. Tutors
similar to the RBT are the SANTURCEDEM, a boiler tutor designed in Spain under the
European ESPRIT project (Los Arcos et al., 1992) and PRODS (Process Rig
Demonstration System) for tutoring on heat exchange and liquid flow in an industrial

process rig {Leitch et al., 1992).

3.3.9 SHERLOCK
SHERLOCK is a plan-based graphical tutor which teaches people how to link related
facts (Feifer 1992). The student is presented with a graphic map containing entities like
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BASEBAILL-PLAYER, PITCHER, MAN, MARK-HALLWAY, or similar entity sets.
The student is then expected to link the entities using links like IS-A, LEADS (that is
causes, or leads to), PART (part of), EQUIV (equivalent to), PROP (property of), and
NOT.

SHERLOCK contains pre-stored plans of how links are made and uses an overlay
model to evaluate a student's moves based on the resident plans. If a matching plan is
found for the student’s entry, the sysiem allows the move; otherwise, the move is not
permitted. The system would however ask the student for reasons for that move, so that
an alternative plan can be found using the new information provided by the student. The
system also gives suggestions as to the right move to make in a particular situation, if

the student is not making correct links.

SHERLOCK has been estimated at being 96% accurate in its evaluations, even though
the developers admit that the system sometimes erroneously evaluates correct moves as
incorrect, owing to the absence of the student's own plan from the system's resident
plans. Moreover, the system cannot offer explanations as to why a student's moves may

he incorrect.

Interestingly, there is another ITS project under the same name SHERLOCK, but it is
quite different from the SHERLOCK described above. This other SHERLOCK (Lajoie
& Lesgold, 1992) is a simulation-based Air Force troubleshooting trainer for F-15

manual avionics technicians.

3.3.10 The EEMT
The Electrical Equipment Maintenance Training (EEMT) system was designed in Italy,
also under the European ESPRIT project (Bertin et al., 1992). It is simulation-based and

uses an overlay student-modeler to train electrical equipment operators in an industrial
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setting. A point to note here is that the system has different levels of interaction with the
trainee, at different points in time. There are three interaction levels: Turoring,

Coaching, and Self-teaching.

The tutoring level is for novices, at which level the Tutor provides as much detail as
possible to the student, pointing out every error and prescribing detailed corrections to
wrong actions. Sometimes, on stadent request, the Tutor describes the reasoning of an
expert in a similar situation. The more advanced coaching level is for students who have
a good level of mastery at the job. The amount of information provided at this level is
not much, and in fact, the system provides only hints and suggestions, and may not
point out erroneous actions unless they would have catastrophic effects. The Self-
teaching level is a yet more advanced level. The student is literally in control of what is
presented. For example, the tutor does not give error remedies nor offer explanations
unless the siudent explicitly demands such assistance. Once again, the tutor intervenes

in an erroneous situation only if it would lead to catastrophic results.

The level of at which a student interacts with the Tutor is pre-specified by the student or
the student’s supervisor. There is therefore no dynamic transition from one level to

another.

3.3.11 The STD/ITS

The STD/ITS is the Intelligent Tutoring System on Sexually Transmitted Diseases
designed by Kopec et al. (1992). The developers have used a hypermedia and expert
system synergy to produce an information system on AIDS, venereal warts, syphilis,
herpes, gonorrhea, and chlamydia. Information on these diseases are stored in a set of
HyperCard stacks called the Smartbook. A student simply navigates through the stacks
as desired, to obtain knowledge about the diseases. There is a separate expert system

module which is used to test student knowledge of the material contained in Smartbook,
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as well as for explanations and response to student gueries. The STD/TTS is not a
diagnostic system, but simply an information dissemination and question-answering
systermn. The developers have designed an overlay student-modeler which has not yet
been implemenied. The STD/ITS designers also admit that the system lacks the ability

to keep track of the student's complete navigated path.

3.3.12 Some other systems

Several intelligeni tutoring systems are currently in different stages of development and
include CIRCSIM, an overlay- and mal-rule-based cardiovascular tutor (Hume, 1992;
Woo et al., 1991; Shim et al., 1991), MACH-TI, a troubleshooter (Kurland et al., 1992),
and DOCENT, a system that teaches teachers to teach (Winnie & Kramer, 1988).

3.4 Some limitations

The foregoing has been a brief overview of several ICAT systems.  We now attempt to
evaluate these systems, with an aim to highlighting some limitations (Tennyson & Park
(1987) and Sleeman & Brown (1982) have very good discussions on the limitations of
ITSs} and to suggest how some of them may be overcome using Artificial Intelligence
techniques. Our work in this thesis addresses several of these limitations and offers

solutions that overcome several of them.

Recall that SCHOLAR, WHY and SOPHIE are locally reactive systems. Although not
tully developed, the STD/ITS also falls into this category, since it cannot keep track of
the student's learning path. Local reactivity makes it difficult to follow up on dialog
trends and the student's understanding model. This is not desirable and ITS designers
aim at keeping the student in a particular line of reasoning until desired concepts are
learned. Even though ITSs are designed to satisfy the student's learning needs, this may
be abused by non-serious students, on the discovery that the system loses trend as

diversive questions are asked. Such students would then ask questions from one topic
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to another, and learn nothing in the end. However, if the system keeps track of previous
dialog paths and is able to return to points of diversion, it can be ensured that the subject
matter is studied. This may be achieved by representing dialog trends with ANDVOR
graphs, with backiracking facilities. A tutor can therefore backtrack to points of
diversion, t continue a previous dialog. This was effectively applied in GUIDON,
SCHOLAR atiempted at backtracking (in saying "Now answer the guestion you did not

answer before"), but again it was only a local reaction.

It can be observed that ITSs which involve multiple skills (for example, games like
WEST and WUMPUS) have difficulty with tracing which skills were known by the
student. That is because a student might know a skill without applying it at expected
points. This problem is somewhat difficult to solve, since no ITS can decipher a

1]

student's “mind-bugs” at any time. Furthermore, such applications are not restricted to
particular lines of reasoning. However, we believe an attempt may be made by requiring
the student to indicate personally known skills, which can be appropriately tested by the
system. The student could also be required to indicate the skills being applied in each
move. Although that may be clumsy, removing the fun from games and making them
rather boring and intellectual, it would go some way to enable affected systems to keep
track of skills known to students. Again, such ITSs could horrow from BUGGY's sub-
procedural approach, whereby each known skill is represented as a sub-procedure, and
the student’s moves analyzed to ascertain which skills were used. Problem-solving in
any domain generally involves the application of multiple skills, and it is the complex
task of the student modeler to decipher which skills or beliefs are known to, and applied

by, the student. This is not a trivial task and we shall address it in greater detail in

Chapters 5 and 6.
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Systems with overlay student-models are too restrictive in terms of the student's
freedom to reach valid conclusions using individual approaches (Genesereth 1982). For
example, GUIDON explains the student's behavior solely in terms of MYCIN's rules.
This is not always desirable, because a student might reach correct conclusions, using
different reasoning strategies and rules other than those in MYCIN. Most ITSs
(including the RBT, SHERLOCK, PRODS, EEMT, and the STD/ITS) have this fault.
We would however suggest that ITSs should promote individualization of learning, by
evaluating a student's solution according to the degree of deviation from corract
solutions. "Correct solutions" here implies that there may not be only a single correct
solution to a problem. Several domains have several correct solutions to a problem and
experts do solve problems in several different ways, so evaluation should be as strategy-
independent as possible. This is the approach we have taken in our design, and we shall
discuss straiegy-independent evaluation in Chapters 5 and 6. Alternatively, one could
argue that solution sieps can be expanded from GUIDON's simple AND/OR graphs, to
include all possibie solution paths. The resultant graph could then be searched in
comparison with the student's own solution graph. This alternative would be very
difficuit to implement because the overlay modeler would still expect that a student who
takes a particular path must make a certain decision at a pre-programmed point-in-time,
and thus follow the solution path as is specitied by the expert. The problem though, is
that students do not think as experts, and may actually follow a path but not make
decisions in the same order as an expert would. Thus a strict overlay model would mark
the student's solution as incorrect, whereas a strategy-independent model would approve
of the student's solution, as long as the desired decisions were made at some point, and
the correct solution was obtained. Thus it is not the "how" (procedure) of the solution,
but the "what" (content of solution) that is being evaluated, and the overall aim here is to

encourage studenis 1o figure out their own sclution strategies.
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Probably the most common limitation of older ITSs is the near-total absence of graphics
in dialogs. Apart from the electronic circuit drawings in SOPHIE, most other ITSs
rarely use graphical displays. It has however been established that students learn better
with graphic representations than with texts (Alessi & Trollip 1985), and TTS designers
should incorporate extensive graphics. Some of the graphics limitations have however
been overcome by newer FLSs (like the STD/ITS) which use hypermedia environments,

and can therefore incorporate animation, motion video, and sound.

ITSs should also be designed to provide adequate help and explanation facilities.
GUIDON offers some help, but they are structured in terms of MYCIN rules, which

sometimes need further (unavailable) explanations.

Each sysiem described above was programmed from scratch, using a programming
language (usually LISP). With the advent of expert systems and knowledge
engineering tools, we would suggest that ITS designers attempt to implement tutoring
systems on ready-made authoring systems, instead of performing program development
from scratch. Authoring systems have most of their programming done, leaving the
FES designer to fill in the provided blanks (Sleeman 1982). A problem with authoring
languages, though, is that they may not have all the facilities needed to efficiently
program some features of TTSs, particularly in complex graphical or scientific domains.
In such cases, it would still be more effective for designers to program from scratch, in

spite of the greaier cost in time that the alternative would involve,

The computer functions only within the structure of its knowledge base. Even natural
language processing is still restricted to knowledge bases. For instance, ITSs cannot
generate or understand dialogs for newly-encountered learning terms. Hence,

interaction is siill restricted to specifically structured 'natural language'. It would take
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more years of research in natural language understanding and processing before this

problem is totally eliminated.

We believe that the current flaws in tutoring procedures are due mostly to the fact that
ITS designers do not often consult with educational psychologists to ascertain how best
to impart learning material to students. Since ITS is a marriage of artificial intelligence
and educational techniques, ITS designers should seek advice from instructional experts,
as their input would greatly enhance the performance of tutoring systems (Sleeman

1982).

Usually, ITSs should be able to critique how closely the student model predicts the
student's behavior. For instance, extreme reasoning inconsistency or an unexpected
demonstration of expertise might indicate that the program's representation does not
quite capture the student's approach. It would also be helpful if the modeling process
could attempt to measure whether or not the student is actually learning (Lawler &
Yazdani 1987; Frye et al., 1988), and to discern what teaching methods are most
effective for the student. For example, if the student's responses are all wrong, it is
highly probable that the subject matter is too advanced and a lower level of knowledge
would need to be taught. This is a student modeling problem, and is tied to adaptation
to the student's cognitive needs. We have addressed that problem, which is a very

central theme of our tutoring module.

Most current ITSs have focused on limited topics, resulting in task-specific systems,
with little generalizability. Some systems claim generalizability but this cannot he
without modifications (which would again result in task-specific systems). For
example, NLS-SCHOLAR (a version of SCHOLAR} was used to teach text-editing, a
deviation from SCHOLAR's geography. However, NLS-SCHOLAR is also task-

specific to text editing That is probably the reason most ITSs are not commercialized.
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There is therefore the need to design generalized tutoring systems which can be used

across subjects. Itis a long-term research goal which we believe is worthwhile.

The field of Intelligent Tutoring Systems is a growing one which will require many
years of further research. One looks forward to a situation where ITSs will be intelligent
cnough to teach subjects at the right level of details, evaluate and understand the
student's idiosyncrasies and solutions accurately, suggest the right issue at the right
time, provide adequate help/explanations, allow for siudent's expression in unrestricted

natural language, and be generally optimized for each student.

In the next chapter, we present general framework of our model, taking the foregoing

discussion into consideration.
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CHAPTER FOUR: COMPONENTS OF OUR MODEL

"This chapter discusses our model which is a marriage of expert system and hypermedia
technologies [what Rada (1991) refers to as experfext] in an intelligent tutoring
environment. We start with a description of the hypermedia technology and its
applicability to the intelligent tutoring problem. We then describe our model which is
composed of a hypermedia unit, an expert-system-based Expert Problem-Solver, a
knowledge-base, a Dynamic Questions Module, a Study Management Module, a
Student Modeling Module, a Teaching Strategy Module, and an Interface. The Interface
refers to the user environment including graphics modules that may facilitate student-
sysiem communication, but is outside the scope of this research. Each of the other

components is then described in terms of its theoretical functionality.

4.1 Hypertext/Hypermedia

4.1.1 A definition

The word hypermedia is a derivative of hypertext. Several definitions have been
proffered for "hypertext" in the literature, but we shall simply define that term using the

key elements involved.

Hypertext is an environment which involves the organization of a large document into
small separable units which may be interconnected using typed links. The links attempt
to assemble units (called cards or frames or notecards, and so on) into larger, usually
hierarchical units, which tend to present the same idea in a continuous and coherent
manner. The hierarchical organization of nodes enables a user to view information at

different levels of abstraction or detail.

Hypertext is a software environment based on the associative linking of related objects
(Price 1991; Rada 1991). Association helps the human brain to store and retrieve
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information quickly and intnitively. For instance, one learns to associate the white cross
sign to hospitals, and the maple leaf 1o Canada. Such associations enable one o make

fast analogies and to think creatively.

Hypertext software permits courseware authors to relate different types of pieces of
information using associative links. Hypertext originally referred to textual information,
but can be extended to include graphics, audio, video, and animation, to give a
hypermedia environment, which connotes using hypertext alongside multimedia
systems like CD-ROM or interactive videodiscs. Sometimes though, the two terms
(hypertext and hypermedia) are used interchangeably in the literature (Smith & Weiss

1988; Akscyn et al., 1988; Halasz 1988: Shaneiderman 1992).

4.1.2 Features of a Hypermedia system
Basically, a hypermedia system consists of the following entities:

= nodes
@ links

Hypermedia systems do not use standard database record structures but screen-size
units called nodes. A node may be viewed as a frame, except that a node may consist of
one or more frames. A node typicaily consists of a node name, titie, body, comments,

and other slots that differ across system designers.

A link can be viewed as a cross-reference or graphical link similar to internodal links in
a semantic network. Links join nodes that are related in some way and may be typed
depending on the nature of the nodes they connect. Simple examples are text links and
graphic links. Links may be icons or text, with attached procedures which fire when
appropriate iinks are activated. Nodes are linked to form hierarchical or non-
hierarchical structures. Hierarchical structures permit better branching. The links assist
in navigating through the learning maierial and may be identified by icons or buttons
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which a student indicates for movement in any direction. For instance links could be
named NEXT, PREVIOUS, FIRST, LAST, etc. A student chooses a desired node by

selecting the corresponding link.

Nodes can be combined to form compound nodes or composites (Halasz, 1988). A
composite can be viewed as a single entity, and operations on a parent composite
simuliancously affects all constituent nodes. A single node may occur in multiple
composites. Consequently, all updates to such nodes must be reflected on each parent
composiic. The update problem is a database issue and we shall not attempt to dwell

upon it in this work.

Hypermedia is a browsing environment, which implies that nodes can be grouped or
linked together into plausible sub-networks through which the user navigates by
following links from node to node, as desired. Browsers are usually provided which
give an overview of nodes to be navigated. A user may edit nodes in an editing mode.
However, in some systems like KMS (Akscyn et al., 1988), there is no difference
between editing and navigation modes, and a user may edit nodes and links during

navigation.

Hypermedia differs from conventional paper documents in that it is non-linear and
flexible in the sense that nodes can be visited linearly or otherwise. If present in a
network, a hypermedia system can fetch sequences from remote stations. Hypermedia

documents are easier {o edit than textbooks, owing to computer editing facilities.

Hypermedia systems are not programming languages but more of authoring systems
which permit the generation of frames containing text, graphics, or animation. They are
however simpler to use than authoring systems because the basic steps involved are the
design and storage of concepts into nodes, and the linkage of nodes in a logical order.
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In addition, a very important aspect of hypermedia is the ability to include sound, motion
video, animation, and general advanced graphice features (Bergeron & Paquette 1988;
Richer & Kini 1991). This is why hypermedia is sometimes referred to as multimedia,
depicting the inclusion of different types of information representations in the same

application (although multimedia does not imply the ability to browse).

4.1.3 Usefulness of hypermedia for CAZ
Since a hypermedia system basically constitutes a browsing envirenment, it lends itself

effectively to Computer-Assisted Instruction.

Fundamentally, a hypermedia-oriented CAI system should consist of learning material
stored as nodes by an instructor (usually called an author) and linked in such a way that
a student can effectively obtain the desired knowledge from the system. The student
would learn by navigating through the nodes, either in a sequence pre-determined by the
instructor, or in a student-directed sequence, or a mixture of both (Bork 1988, 1995b;
Hartman et al., 1992; Lanza & Roselli 1991; Levin 1991; Redish et al., 1992; Rieber
& Kini 1990, Rieber et al.,, 1991). In any case, the system would contain an underlying
tutoring engine which should direct the student-system interaction. Although this
sounds quite simple, the issues of node structure, links, and student-navigation styles,

have generated much controversy with respect to tutoring.

At this point, it must be noted that the hypermedia model is a good tool for the storage
of CAI material. It can serve as a leaming knowledge-base which holds all the text,
graphics, et cetera, required to educate the student. For example, the QUICK system is
a hypermedia-based electronic textbook of internal medicine which has been found to be

very useful in instruction (First et al., 1985).
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The ahility to inclade any desired form of information representation rnakes hypermedia
very useful in intelligent tutoring. This is because an instructor can include real-life
motion video slides in a learning package and the student s able o view them on-line
instead of imagining how the video processes work. An instructor can also include
sound effects; for example, actually speaking every word that is being taught. These

features make earning more interesting and effective.

4.1.4 Some shortcomings of hypermedia systems

Owing mostly to its simple node, link, and browse (WLB) structure, the hypermedia
technology currently faces some inherent drawbacks. The most frequently cited in the
literature are discussed in this section, along with some suggestions which have been
made towards their alleviation. Refer to Akscyn et al. (1988) and Halasz (1988) for in-

depth discussion of hypermedia issues.

An attempt to solve all the issues raised in this section would require a great deal of
database research which is outside the scope of this work. However, we shall bear these
limitations in mind in our design and aim at least to minimize some of the problems as

much as possible.

4.1.4.1 Search and query

As pointed out earlier, a hypermedia user gets information by navigating from node t©
node. Often, a user gets lost in the mesh of nodes and may not find the desired
information. Sometimes 00, a user has to navigate through unwanted information just
to get at desired nodes. To minimize the consequent user frustration, it is very important
t0 have a query facility in or over a hypermedia system, through which a user can
directly access nodes, rather than a restricted navigational process. Such guery
processor would produce matching nodes or sub-networks, for easier navigation or

examination by the user. Queries could be by nodal content (for example, all nodes
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with informarion on Sine Law) or by structare {for example, ¢l sub-neiworks
containing any node on Boyle's Law or Charles's Law). Such improved system would
keep an index or other appropriate irack of the contents of each node in the entire
hyperbase (aterm used for a hypermedia document, or a large collection of related
nodes). Such facilities would naturally increase the memory requirements of the
system. in addition, Akscyn et al. (1988) suggest using exira facilities like HOME, GOTO

links which can assist 2 disoriented user to return to familiar grounds.

4.1.4.2 Dynamic update

Current hypermedia systems are pre-organized and static. This means that node
contents are structured by the author and changes are not reflected unless the network is
explicitly edited by the author. Thus hypermedia systems do not update the information
they contain, mostly because they cannot reason about their contents (no deductive
ability). This is not desirable, since information can change frequenily and an author
may accidentally omit the manual update of some key nodes. There is therefore the
need to provide a mechanism whereby the system can dynamically update its nodes and
links based on user queries. This would save update time and make the system more

easily adaptable to changing information.

4.1.4.3 Versioning

The issue of versioning also arises in a hypermedia environment. It is important {o
mainiain a history of changes made to a network, since such records help 2 user to have
an overview of how salient ideas evolved. Furthermore, in cases where several users are
working on the same document {collaborative work), it is necessary to keep separate
versions of the same network, as viewed by separate users, as well as prevent inter-
version interference. In a multi-version environment, the query facility must be
enhanced to allow for the reirieval of any specified version and not necessarily the fatest
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one. Multiple versions of documents also facilitate information retrieval in cases of

system breakdown or failure.

4.1.4.4 Computation

Computation refers to the active derivation of new information, as well as the ability of a
system to store such derived information dynamically. The latter part relates to dynamic
update discussed in 4.1.4.2 above. Dynamic computation is a key element in any CAI
system. This 18 because during learning sessions, the system must dynamically receive
student's responses, compute scores, update student models, and determine subsequent
instructional irends. Hypermedia systems are currently not well equipped for these
features, owing mainly to the fact that they are inherently passive storage and retrieval
systems. There is therefore the need to upgrade the hypermedia model to include a
computational engine which would be able to manipulate dynamic information in the

system, without user intervention.

4.1.5 Assumptions on hypermedia issues

Most of the issues raised above are database issues, since they deal with the storage and
retrieval of information. Related concerns are access rights, especially in a collaborative
environment, plus concurrency control and communication. We shall therefore not
attempt to soive these problems with respect to hypermedia systems, but assume that our

hypermedia model is complete and functions efficiently with respect o database issues.

Owing however to the nature of this work, in which an expert system layer is linked with
a hypermedia layer, we shali minimize some of the shortcomings mentioned above by

using an expert system as a computational, query, and inference engine.

Examples of hypermedia products include NoteCards, Guide, Intermedia, Neptune,
HyperStudio and HyperScreen, Apple’s Tutor-Tech and HyperCard, and IBM’ s
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Linkway and SuperCard. One of the most prominent is Apple’s HyperCard, which
uses a card metaphor, each card equivalent to a node, and several linked cards forming
a stack, with each stack having a separate organizer or stack coniroller. Most of these

hypertext/hypermedia systems include advanced text and graphics editors.

Hypermedia systems permit high levels of student control, allowing the student to
explore a learning system, navigating through nodes to suit personal cognitive needs
(Boone & Higgins 1991; Ambrose 1991). This has however been condemned for the
simple reason that a student may navigate through irrelevant or non-core nodes,
therefore losing the knowledge intended by the instructor (Fiderio 1988; Park 1991;
Ambrose 1991; van den Berg & Watt [991). As much as possible therefore, student-
control should be more restricied. A major problem with instructional hypermedia
systems therefore is the question of how to connect nodes without semantic
disconnection (Park 1991). Semantic disconnection refers to the situation where a
hypermedia user may lose grip of a subject being studied by navigating into nodes
containing irrelevant or unrelated material. This is very relevant because of multi-path
facilities available o students. An instructor can minimize semantic disconnection by
connecting nodes in such a way that each student gets the core of the subject maiter,

irrespective of navigated paths.

4.2 Our model
A schematic diagram of our model is shown in Figure 4.1. Basically, the hypermedia

component would contain the domain knowledge base, while the expert system contains
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Figure 4.1: Diagram of our tutoring model

the intelligent interface. The User Inzerface in the diagram depicts computer facilities
like natural language, graphics user interfaces, and simultaneous multiple-window
facilities, which we assume are present in the user environment since they are outside the
scope of this project. Note that the Expert Problem-Solver differs from the Knowledge

Base, as explained in Section 3.1. Our emphasie in this work will be on the student
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modeling module. The tutoring-strategy and stadent modeling modules are very
closely linked together in the sense that apart from the basic knowledge-transmission
cycle, the tutor cannot determine what next (o teach until some input is obtained from the
student and uniil the system has some idea what form of instruction the student

requires. We shall now discuss issues surrounding this design.

4.3 Theoretical Functionality
Much of the required theoretical functionality of our model has been discussed in

previous chapters, but we shall highlight them in this section.

The hypermedia component comprises three sub-modules: the electronic textbook, the
browser, and the video/audio units. The video/audio units are external features attached
to the computer system to provide natural motion pictures and sound via videodiscs or
sound systems like tape recorders, 1o give a true hypermedia environment. The browser
provides hierarchical overviews or summaries of nodes in the electronic textbook,
depicting the nodal links in a block tree form. Nodes are organized in levels of
abstractions, and clicking on a node at a high abstraction level reveals the next level of
details of that node, and so on, until the lowest abstraction level is reached. The
electronic texthook contains learning material comprising of text, graphics, or animation.
This material is structured by the subject instructor or author, using a hypermedia
application. The authoring process requires breaking down the knowledge into several
nodes (sometimes in the order of thousands, depending on the size of the material) and
defining links beiween them. We believe that the construction of a hypermedia CAl
knowledge-base is not an easy task. Particularly challenging is the definition of nodal
interconnections, which greatly influence navigation through the sysiem, and
consequently the net amount of knowledge passed across to the student. Some authors
suggest that links be strictly pre-structured by the instructor and the siudent be obliged
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to follow such prescribed knowledge. Others suggest that students be allowed to
navigate through the knowledge base without the instructor's supervision. In the former
case, an instructor is faced with the task of constructing nodal linkages for optimal
learning, while the latter case requires little or no link definitions, since a student would
specify links as personally desired. Our view is a compromise between the two schools
of thought: allow the instructor to specify optimal learning paths, and allow the student
freedom to choose between egually likely nodes. This means that if we have a structuie
like that shown in Figure 4.2, where Topic C must be learned after Topic A, but in any
order alongside Topic B, the student is obligated to complete Topic A before going on
to Topic C, but may choose to study Topic B before Topic C. In this scenario, the
following sequences may be allowed:
Topic A -> Topic B -> Topic C

Topic B -> Topic A -> Topic C
Topic A -> Topic C -> Topic B

Preceding material
& e e

Topic B Topic A

Topic C

Figure 4,2: Alternative learning paths

while the following sequences are not allowed:

Topic C -> Topic A-> Topic B
‘Topic B-> Topic C -> Topic A
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An instructor knows the knowledge a student is required (o have obtained by the end of
a course and so should specify guidelines and nodal links towards the acquisition of
such knowledge. However, since our emphasis is not on the electronic textbook, we
shall assume that the hypermedia component is properly structured, We shail be

concerned only with retrieving and manipulating its contents to suit our strategies.

Overall, the hypermedia system constitutes the heart of our design's store of
fundamental learning material, and we summarize its functions as follows:
e provides an overview or hierarchical stiucture of learning material
e provides data in multiple representations: text, graphics, animation
¢ provides a user-friendly environment which allows easy choice of options by
single mouse-clicks
» provides well structured chunks or nodes of learning material
¢ provides a means for linking nodes to facilitate conceptual understanding by
systematic access of related information
» allows the student some degree of freedom to choose a learning path
¢ provides icons for multi-directional views of information, as well as several study
options such as SUSPEND, RESUME, QUIT, REVISE
° communicates directly with the Tutor, and the knowledge base (the knowledge
base contains link information to nodes from which its rules are construcied)
The Expert Problem-Solver (EPS) is a rule-based expert system which is used by the
tutor as a model with which a student's responses are compared. It answers questions
dynamically during learning, and the complexity of each question is measured by the
number of rules and/or steps applied by the EPS to solve any given problem. It
communicates indirectly (through the knowledge base) with the electronic textbook, o
offer explanations to the students on steps taken to arrive at, or reasons behind, certain
problem solutions. As stated earlier, the knowledge base contains link information to
the hypertext nodes from which its rules are constructed. When explanations are
needed by the student, the EPS obtains the desired links from the knowledge base and
passes the links on to the Tutor for retrieval from the textbook. Since the aim of

instraction is to enable 2 student to solve problems with expertise, it is natural to assess

78




the student's performance with the help of a model solution (seen from a domain
expert's viewpoint) for each problem. The Expert Problem Solver's solution is however
not matched strictly with the student’s solution but only serves as a guide to the correct
evaluation of the student's solution. This will be explained further in the discussion of
our student modeler We have separated the expert problem-solving unit from the

clectronic texthook for two reasons:

¢ First, for any single problem or question encountered during learning, the fraction of
the textbook in which the solution(s) can be found is very minute. Owing to the length
of time it would take the system to search the entire textbook each time, it is wiser to

extract such relevant portions into the expert module, to save processing time.

» Secondly, contents of the electronic textbook are represented in natural language. This
is an unformalized representation in the sense that a specialized Natural Language
Processor would be needed to decipher solutions to questions from a body of
unstructured text. Since natural language research is outside the scope of this project,
we have structured the knowledge represented in the electronic textbook into a rule-
based knowledge module which will be referenced by the expert problem-solver for

solution extraction purposes.

A summary of the functions of the Expert Problem Solver is as follows:

s serves as a model of expert reasoning

e receives the same questions posed to the student

e applies rules in the knowledge base to solve problems dynamically

e returns correct responses o the Tutor for pedagogic use

» offers explanations for responses and reasoning sirategies

e communicates directly with the knowledge base and Tutor, and indirectly with the
Dynamic Questions Module via the Tutor

Ideally, the Expert Problem-Solver should obtain solutions directly from the electronic
textbook, but that would involve a mechanism for composing rules from a body of
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unstructured text. Since this is still an open research problem, we have taken the option
of constructing the Knowledge Base by hand, but links are included which point to the
portions of the electronic textbook from which the knowledge rules were obtained.
These links are therefore accessed whenever the expert needs (o offer explanations to
the student. The Knowledge Base is constructed in an expert system environment and
its conceptual basis is summarized as follows;
© contains rules which lend expert system structure to unformalized data from the
electronic textbook
¢ enables the Expert Problem-Solver to deduce solutions to problems posed by the
Dynamic Questions Module
e contains information on the appropriate links to nodes in the electronic textbook
from which its rules are constructed
* locates from the electronic textbook the appropriate nodes needed for explanation
purposes
* outputs all acquired information and results to the Expert Problem-Solver.
* communicaies with the Expert Problem-Solver and the electronic textbook
The Dynamic Questions Module (DQM) is used by the Tutor to pose questions to the
student during the learning process. Early CAI systems contained canned questions
which were embedded into the learning text or were taken from a pool during learning.
it is however more efficient to pose dynamic quesiions to suit the level of a student's
understanding. In our design, this module contains the schema or framework for
questions in the learning domain. These schema are organized in levels of complexity.
The tutor only supplies keywords or data for the schema, and the DQM produces
dynamic questions judging from the student's level of undersianding. This provides an

environment for a what-if scenario, since the tutor can alter certain parameters to

produce different questions, using the same schema.

The DUM thus plays a central role in all question-answering phases, particularly the
problem-solving phase of learning. During this process, the Tutor collects questions
from the DQM, poses to the student, and then continues with pedagogic guidance. A

summary of the DQM's functions is as follows:
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¢ containg question frameworks or schema

e receives keywords from the Tator

e poses questions dynamically

¢ organizes problems in levels of complexity

e provides a "what-if'" experimental environment

The Study Management Module (SyMM) is a book-keeping module which keeps track
of the student's learning session. The following knowledge is contained in the SyMM:

¢ Point of study suspension: time, day

e Current topic

= Current learning path: which nodes have been traversed, and order of traversals
¢ Which tutor questions were answered correctly, and length of time it took

¢ Which tutor questions were not answered correctly

Number of instructor referrals, and at which topics or nodes

Points of remedial branches

Notion of understanding of current concepts

& [ 3

These records are used by the tutor to keep track of what the student is learning and at
which points to resume afier remedial branches or after study breaks. The Student
Modeling Module also uses the information in the SyMM to model the student's
understanding. The need for the SyMM cannot be over-emphasized, since it constitutes
the basis for individualization of instruction. It is important for the system to keep track
of how the situdent is performing at each point, to allow for adjustment of tutoring
techniques to suit the student’s own pedagogical needs. Moreover, the human instructor
needs to refer to these records in order to know where the student needs further
assistance, particularly since the computerized tutor will give the student instructor-

referrals from time to dme.

The Student-Modeling Module (or Modeler) employs the information maintained by
the Study Management Module to compute a formal representation of the system's
perceived level of student understanding. Several student modeling technigues have
been documented. For example, Baril et al. (1991) described their student modeling
using confluences. This involves the calculation of differences (deltas) between an

initial state and the current state of student knowledge and the final comparison between
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the student's computations and the resident expert's. This technique is however
restricted to the domain of the physical sciences, where the differences between siates
can be explicitly computed. Moreover, the student model is finally compared (or
overlaid) with the resident expert model. Most student modeling techniques can be
reduced to the overlay method described in Chapter 3. We shall not use an overlay

model but a strategy-independent model.

The two basic evaluation sirategies (overlay and buggy) models have been criticized as
being too restrictive and too intrusive, respectively. The overlay model does not allow
for flexibility in student response format, since a student is expected to respond exactly
the same way the resident expert does. Moreover, intermediate steps to a solution are
not usually considered, thus making the tutor lose a great deal of the student's thinking
process in the solution of a problem. On the other hand, the buggy model uses a set of
mal-rules as a means of determining the student’s deviations from correct knowledge,
performs immediate evaluation of each step, and does not allow the student to work
independently. The buggy model still sieers the student in a particular expert-oriented
direction (only it considers intermediate steps), and does not give the tutor enough time

to observe the student's unique idiosyncrasies (Nwana, 1993).

Our design alleviates problems inherent to the overlay and buggy models by buffering
the student's work completely before the evaluation process commences. The tutor
therefore gets a global view of the student's solution (as opposed to the usual final-
answer overlay model) and allows the student to solve problems independently, thus
permitting the exhibition of the student’s styles and otherwise hidden misconceptions
which may not have been observed with the intrusive buggy model. We do not employ
a mal-rule sei because it is difficult to represent completely all the student
misconceptions that could arise from a piece of correct knowledge.
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We shall avoid the need for more complex computations by using the information
provided by the Study Management Module to estimate the student's level of
understanding. More detailed discussion of aspeets of the Student Modeling Module
will be presented in Chapters 3 and 6, but we summarize them as follows:
e traces the knowledge base to obtain alternative reasoning strategies apart from that
of the Expert Problem Solver
¢ analyzes the student’s inputs and traces the knowledge-base to find areas of the
student’s deviation from correct knowledge
® provides a model or system-notion of the student's beliefs based on results of the
tracing processes above
e performs appropriate belief revision to represent the student’s heliefs
¢ informs the Tutor of the appropriate tutoring complexity level for the student
¢ advises the Tutor whether to proceed to more advanced material or more
fundamental maierial, based on cumulative information of the student's learning
trend
The Tutoring Straregy Module (Tutor) is a procedural unit which contains the
fundamental algorithms governing the student-syster interaction. Our design allows
the Tutor to conduct two learning modes: plain learning, and problem-solving. The
plain learning mode involves the student just studying material contained in nodes, for
the purpose of acquiring scientific or fundamental knowledge of concepts. In the
problem-solving mode, knowledge acquired during plain learning is applied to the
solution of problems in the domain. Most problems encountered during the problem-
solving mode are case studies or real-life events in which the student may be found afier

learning. This is therefore similar to simulations, and encourages the student to apply

knowledge without the fear of hurting lives or causing far-reaching damages.

Gur problem-solving follows the differential diagnosis approach which we will define
formally in Chapter 5, but since we are presently describing the tutor, it is necessary that
we exarnine reports about diagnosis which are considered in the design of our tutor's
interaction with a student. Arocha et al. (1993) have investigated diagnostic styles in

learners and have deduced that novice and advanced learners differ in diagnostic
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approaches. Novice learners employ a backward reasoning (goal-driven), depth-first
search technigue, which works as follows:
a) generate g single hypothests, H;
b) search (or query the system) for evidence to prove H;
¢} backtrack to an alternative hypothesis H, if Hj is proven false
This backiracking seeks to produce a hypothesis H; which conforms to the updated
data. Advanced learners (and experts in general) however employ a forward-reasoning
(data-driven), breadth-first approach, which works as follows:
a) generaie a set of (differential) hypotheses which may account for currently
available data or symptoms
b) allocate levels of likelihood (or confidence factors) to cach hypothesis
¢) query the system to obtain more relevant data
d) use incoming data to confirm or disconfirm individual hypotheses in the set
generated in step a). More hypotheses may be added based on new facts.
However, we may require, for simplicity, that the initial set of hypotheses be
complete in itself, and only eliminations be performed in subsequent refinement.
Disconfirmed hypotheses are eliminated
e) repeat steps ¢) and d) until a single hypothesis is obtained, which matches all the
available data
Artificial intelligence research (Rich & Knight, 1991) shows that goal-driven or
backward reasoning is more time-consuming on the average and is employed when
there is inadequate knowledge of the domain. Forward-reasoning on the other hand, is
faster, more efficient, and reflects advanced domain knowledge of the user. This was
confirmed by Arocha et al. (1993).
To accommodate both novice and advanced learners, our tutor is designed with the

capability 1o present problems at hoth levels. The two problem-solving levels are as

follows:

Novice level

a) the DOQM presents a problem and includes all necessary data (complete
knowledge)

0) the student and Expert-Problem-Solver are expected to each return 2 single
hypothesis

¢} the Tuior performs coaching if the student's hypothesis is incorrect.
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Note that the EPS's single hypothesis is assumed to be always correct, since the

complete information guides the knowledge base to present an accurate diagnosis.

Advanced level

a) the DQM presents a problem, with incomplete information

b) the student and EPS cach returns a set of hypotheses

¢) the student is required to order {ask the system for) desired laboratory results or
other relevant data

d} the student and EPS return updated hypotheses, based on currently updated data

e) steps ¢) and d) are repeated until the student reaches a final hypothesis

f) the Tutor performs coaching if the student's hypothesis is incorrect

At the beginning of the first problem-solving phase, the system assumes that the student
is at“the novice level. Thus all relevant information is provided for the student's
diagnostic activities at this stage. Based on the student's performance (speed of
responses and perceniage of correct diagnoses), the DQM gradually increases the level
of problem complexity. This is characterized by the gradual reduction of the amount of
information provided for the student. There is therefore a smooth, dynamic and
system-effected transition from novice learning to advanced learning. For instance, at
the first advanced stage, the DQM may remove one piece of relevant data. When the
student has shown evidence of adeptness at that level, the DQM removes two pieces of
data, and so on. At the advanced problem-solving level, the student is expected to ask
the system relevant questions which would help to fill in the missing blanks. The
number of questions posed before the student obtains the missing data, is a measure of
the student's mastery of the problem-solving techniques. The following pseudo-

algorithm is applied during the Tutor's interaction with the student.

Ask for learning mode
if plain learning then
begin
ask whether to start all over or from point of last stop
check for pre-requisite knowledge
(ask questions from preceding material or pre-requisites)
bring up last referral
ask gquestions
if response not correct, then repiace referral
For cumrent concept begin
display browser overview
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receive student's choiee of next desired node
while node choice <> " do
perform node-present
ask if to continue or suspend
if to continge then receive next node
else store current statistics in SyMM

end
e
Else (i.e. problem-solving)
begin

while not suspend do
present case-history
present cues
ask for stadent's hypothesis, B
if R correct then perform correct-R
else perform incorrect-R
ask if to continue or suspend
if to continue then leop
else store current statistics in SyMM
end
end
procedure node-present
begin
present material
ask question
receive student's response, R
if R correct then perform correct-R
else perform incorrect-R
end
procedure correct-R
begin
give encouraging comment
ask how student arrived at response
if reason correct then return
else find contradiction
explain contradiction
ask follow-up question
if response correct, perform correct-R
else perform incorrect-R
end
provedure incorrect-R
begin
ask how student arrived at response
find and present contradiction
give hini(s)
repeat question
If response okay return
else present remedial stuff and perfonmn tutoring process
Tepeat question
if response correct retur
else begin
refer to hunan instructor
give related references
ncrement no of referrals
end
epnd

A few comments will be timely at this point. A student indicates which node to start

with from the hypermedia browser presented by the Tutor. When a question is asked
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and the student's response is correct, it is important to query for the student's reasoning,
because a response may be right while the underlying reasoning may be incorrect. The
process of handling a student's incorrect reasoning may involve several deviations or
branches from the main concept under discussion. The SyMM keeps track of these
using a stack data structure, which helps the system to know where to return after such
branches. On resumption of a study, it is important for the system to find out whether
previous referrals have been tackled. It is also possible for a concept to become clearer
after the student has studied nodes following the point of referral. The system
constantly needs to update the referrals data structure, to delete concepts which have

currently been understood by the student.

A student would normally have questions for the Tutor, Explanations of the Tutor's
reasoning are obtained from the links in the Knowledge base. Such links are used 1o
retrieve relevant nodes from the hypermedia component's electronic textbook, in order to

further explain concepts to the student.

The Tutor could also include voice output. Fletcher (1992) and Rickel (1989) agree that
people recall 25% of what they only see or only hear, 45% of what they both see and
hear, and 70% of what they see, hear, and do. This agrees with the traditional classroom
environment in which students grasp concepts faster if the instructor talks about it, than
if they only read from a textbook. We therefore recommend a voice output mechanism,

which audibly speaks every word from the Tutor, for learning enhancement purposes.

Another important issue to consider is that of tutor intervention during the student’s
problem-solving activity. Intervention implies that the Tutor interferes with the
student’s solution process, does not allow the student to complete his/her current state

of activity, and may steer the student in a direction that is completely different from his
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current train of thoughts. The timeliness of tutor intervention is a very important

research issue in intelligent tutoring, and has been addressed by Nwana (1991, 1993).

‘The Tutor intervention spectrum ranges from the discovery style in which the siudent is
not interrupted by the tutor, to the model-rracing style proposed by Anderson (1984), in
which the Tutor closely monitors the student’s activities and interrupts whenever the
student makes a mistake or steers away from a prescribed thought pattern. The
discovery style has the disadvantage that a student may make several mistakes without
knowing it, since there is no input from the Tutor. Model tracing, on the other hand, is
too intrusive and distractive, and does not clearly model the student’s individual style,

since it does not allow the student to solve the problem at hand at a personal pace.

Anywhere within this spectrum, the Tutor can interrupt student activity, but the question
is: When? Late intervention implies that the student is left to flounder helplessly, while
early intervention may mean that the student is annoyed by unwelcome intervention
from the Tutor because the student feels that he could have ‘got there’ anyway, if the

Tutor had not interrupted.

To solve this intervention timing problem , out tutor is designed to take what we call the

Collection and Invitation approach which works as follows:

a) Collection: During the student’s normal problem-solving activity, the Tutor would
10t intervene, but would merely collect and buffer the student’s solution, and allow the
student to solve the problem his own way. The Tutor’s evaluation of, or comments on,
the solution, would therefore not commence until the student has completed the solution
process to his/her own satisfaction. It is called a normal problem-solving activity

because the student actually completes his/her solution.
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b) Inyitation: An "abnormal" problem-solving process is one in which the student
cannot complete a solution but reaches an impassé and flounders at some point during
the solution process. At this point the student would issue an explicit invitation to the

Tutor; that is, the student requests the Tutor’s assistance.

In both cases, the Tutor must be unobtrusive and not annoy or distract the student with
unwelcome interruptions. The "Collection and Invitadion” intervention technique has the
added advaniage that the Tutor can "replay” the student’s solution for optional review
(process during which the student may modify responses if s/he wishes) before
evaluation actually commences. The "Collection and Invitation" technique, as well as the
added feature of solution-review, are unique to this design. Some systems like
GUIDON (Clancey, 1987) do have a HELP facility whereby the student explicitly
requests the Tutor’s help, but they are not strictly "Inviiation" systems because the

Tutor sometimes interrupts the student’s problem-solving activity without invitation.

‘The functions of the Tutoring Strategy Module (Tutor) are summarized as follows:

* dynamic adaptation to the student

® uses browser overview to identify nodes to be taught

e pre-iests the smdent to ascertain knowledge of pre-requisites

» retrieves appropriate nodes from the electronic textbook

° speaks audibly to the student

e assumes a middle ground of tutoring complexity, at the start of learning

¢ informs the Dynamic Questions Module (DQM) of desired complexity level

= provides DQM with keywords or data to fit into schemna

e receives questions from DQM

® evaluates the student's response

® keeps track of student's response speed, as a measure of understanding

° moves up or down the complexity scale if the student’s speed and accuracy become
higher or lower, respectively

e branches to obtain remedial material if needed

e adopts a "collection and invitation" policy by buffering the student's solution and
not interrupting the student's problem-solving activity unless explicitly requested
to do so

e queries the student for reasons behind student-responses

¢ automatically chooses the next node to be taught, or allows the student choice in
alternative cases

e allows the student to navigate forwards or backwards, to revise, suspend learning
or to quit from the course altogether
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= informs the Study Management Module (SyMM) of all visited nodes

¢ saves points of branching for retdeval on return. Stores these data into SyMM if
learning is to be suspended

¢ discontinues with the current concepts into more advanced or more fundamental
material, based on the student’s performance

» adminisiers tests from the DOQM, but with an option for response-review, as in the
pen and paper environment

* provides dual-mode tatoring: straight learning and problem-solving

¢ provides a dynamic and smooth transition to/from novice learnin g toffrom
advanced learning, as the student's mastery or confidence level changes

e attaches appropriate object procedures or methods to icons in the electronic
textbook. These methods are fired when the appropriate icons are selected

¢ obtains correct problem solutions from the Expert Problem-Solver (EPS), which
solutions are used as guides in pedagogy and evaluation of student responses

e allows the student to ask questions

© obtains explanations from the Expert Problem-Solver

¢ communicates directly with all other components of the system, and thus
constitutes the very heart of this project

More aspects of the tutoring strategy module design are discussed in Joshua & Scuse

(1995).

4.4 Expert system and hypermedia synergy
The question arises as to why an expert system and a hypermedia system should he

merged in an ICAT application.

Granted, most existent ICAT systems are built around the expert system paradigm.
However, First et al. (1985) admit that much of the knowledge bases have been in
textual form. Even in some attempted graphical applications, they have been mostly still
diagrams or scanned stills. Since the expert system technolo gy has intelligence but
cannot effectively store advanced graphics, especially those involving complex
animation, an augmenting component is needed which would allow such systems to
have the intelligence of an expert systern as well as the ability to display text or graphics
as desired by the user. This is pariicularly pertinent in simulations or other real-life

applications like medicine, the military, or nuclear reactor environments. The
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hypermedia system therefore fits into this structure and will provide the interface needed

for the storage and retrieval of a variety of learning material structures,

Secondly, the hypertext paradigm provides essentially a storage, retrieval, and browsing
environment, and consequently lacks intelligence and computational abiliies. This is
probably the reason these systems have not been widely applied to ICAIL which requires
intelligent manipulation of stored nodes. Halasz (1988) and Rada (1991) emphasize the
need for an inference engine, for easier and more iniefligent manipulation of hypermedia
systems. Kurland et al. (1992) claim that their system is a hypermedia learning system,
but it actually functions in two modes: as an expert-system-based simulation learning
system and as a hypermedia-based browsing system; in the hypermedia mode, the
system does not intelligently tutor the student. Akscyn et al. (1988) have also done
some tutoring with KMS, but admit that it has only been minimal since KMS is
fundamentally an authoring hypermedia system. Owing therefore to the inherent
weakness of the hypermedia paradigm (lack of deductive ability), an intelligent interface
is needed which will enable ICAT applications io possess the advantage of hypermedia
environment as well as the ability 1o tior a student intelligently and perform
accompanying computations. Some hypermedia systems are accompanied by
programming components. An example is HyperTalk, the programming subset of
HyperCard. These components are however restricted in the sense that they encapsulate
only hypermedia-related functions like link procedures or movement of nodes as objects
within the system. They are therefore not adept at programming with respect to other
(non-hypermedia) functions. A more versatile programming facility is therefore needed
which can manipulate both hypermedia and non-hypermedia constructs. The expert
system technology meets this need. Compared to hypermedia systems, an expert
system allows for more flexible interaction with a student. Since a student can use rules

to directly access specific nodes, the sometimes frustrating navigation through irrelevant
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nodes is avoided. Also, an expert system can derive new data from existing ones, using

its computational facilities.

Jao and Hier (1993} have combined the expert system and hypermedia technologies in
their Intelligent Stroke Consultation system. This system however differs from our

model, since the ISC is merely an information retrieval system.

4.5 General model summary
In summary, our design model is as described above. The following facilities are
provided by the model:

= provision of focused guidance to student

« allowance for individualized learning paths as needed by student

» maintenance of an efficient student model

 maintenance of an efficient expert model

° generation of intelligent explanations and help

e generation of dynamic questions

« provision of exiensive graphics features using a hypermedia system
Implementation could be done on any type of computer system, but we choose a
microcomputer environment because the future trend of computing points to home and
personal computing, along with the use of microcomputers in virtually all spheres except
for large businesses. Moreover, most CAI stadents can have €asy access to

microcompuiers since they are cheaper than the industry-directed minicomputers and

mainframes.

We hope that this design will go a long way to removing some of the individualized
mstruction hindrances facing tutors in our time, particularly the problem of modeling the
student’s understanding, and adapting instruction in response to student needs. We
also hope that our work will open the door for more extensive research on the marriage
between hypermedia and expert systems technologies in Computer-Assisted Instruction

and other application areas.
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4.6 Restricted Focus

Considering the time-constraints imposed on a single Ph.D. research, it is impossible to
implement all the components of this model. We shali dedicate the rest of this thesis ©
issues surrounding the Modeler, which constitutes the heart of intelligent tutoring
systems, and still present open problems particularly in the areas of identifying student
misconceptions and maintenance of student beliefs. In the next chapter we will discuss
different parts of our student modeling module, along with a review of research that has
been done in belief revision. We will then present a new belief revision scheme in
Chapter 6 along with algorithms which can be used to implement components of the
Modeler. Although the tutor and the student modeler are closely linked as we pointed
out earlier, the reason we have chosen to focus on the modeler rather than the tutor is
because the tutor cannot perform its functions effectively without accurate input from
the modeler. It is therefore important to have a functional modeler before

implementation of the Tutor can be considered.
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CHAPTERFIVE: FOCUS ON THE STUDENT MODELING MODULE

Iy this chapter, we focus on the central component of our research: the Student
Modeling Module (or Student Modeler). We first describe the overall Student Modeler
model, ernphasizing the justification of our unigue approach which deviates from the
commonly used overlay and buggy or mal-rule approaches (algorithms will be
addressed in Chapter 6). Since smdent modeling is essentially a belief centered activity,
we present a detailed discussion of belief maintenance and belief revision issues which

will be considered in our own model.

5.1 The Student Modeling Module

As shown by previous discussions, the Student Modeler is a salient aspect of intelligent
tutoring. Human totors can perform modeling well because they are able to observe the
student’s facial expressions, vocal inflections, a slow-down or speed-up in speech,
nervous hand-motions, or other physical signs which suggest the student’s level of
comprehension of a concept under discussion. On the other hand, a computer tutor has
only the student’s typed responses and a measure of response speed available for its
modeling task. It is therefore more difficult to model the student’s thinking, since the

physical features cannot be "seen” by the computer.

The student modeling problem has been described as an intractable task which may be
seen by some as practically impossible (Self, 1988). However, Self suggests that if we
streamline our goals to more practicable levels, we can obtain some useful student-
modeling in our intelligent tutoring systems, in spite of the limited information available
to them (Self, 1988). The emphasis in the design of our Student Modeler was on using
information that is easily obtained in order to build a more sophisticated modeling

component,
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The most commonly used approaches to student modeling are the overlay and buggy
{or mal-rule) methods. As discussed in Chapter 4, the overlay model has been criticized
as being too restrictive and does not correctly model expert behavior since experts use
different approaches to solve problems. It does not motivate a stadent since it does not
allow for the student's own approaches if they differ from some previously programmed
approach. It therefore hinders individualization which is a major objective of intelligent
totoring. We must however state here that some domains naturally lend themselves to
overlay modeling. A typical example is the live electrical appliance maintenance of the
EEMT system, and the industrial boiler of the RBT system described in Sections 3.3.
Other domains include operations of medical equipment, nuclear reactors, power plants
(and in fact, the operation of most physical equipment) which may be [ife-threatening or
hazardous and highly procedural. However, perceptive, social, decision-making, and
managerial domains do not lend themselves to the overlay model, because of the
multiple strategies involved in these domains. Our prototype domain is a perceptive,
diagnostic domain and does not lend itself to the overlay technigue, since psychiatrists

do not usually follow the same thought path to diagnose a mental disorder.

On the other hand, the buggy technique has been criticized particularly because of the
use of mal-rules which are usually not exhaustive and do not represent idea
dependencies and inter-relationships between misconceptions. 1t is also
computationally expensive to search through a set of mal-rules simply to identify a bug
(which may not even be represented in the set) when the system can rather identify the
correct piece of knowledge which has been mis-understood, and then discuss with the

student to determine the exact nature of the misconception.
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511 A knowledge-directed, strategy-independent approach
We have taken a different approach to student modeling: a knowledge-direct, strategy-

independent wechnique. This means that:

a) The student is not restricted to a particular problem-solving strategy or path. Student
styles and idiosyncrasies are allowed, as long as the content of the student’s response

represents a coirect solution o the problem at hand.

b) We do not use a mal-rule set, but compare the student’s misconceptions to correct

knowledge in the knowiedge-base.

'The implications of this are:

1) The design models the student’s problem-solving activity (a student solution
history), and for effectiveness, the student Modeler may get the Tutor to advise the
student if some aspects of his/her problem-solving approach are sub-optimal. "Sub-
optimal” here does not imply the presence of a single or target optimal behavior, but the
system (through the Expert Problem Solver) will be able to advise the student on things

like problem decomposition, or collection of multiple steps into one, and so on.

i1} Since a mal-rule set is not used, it is left to this model to discover the exact cause of
the student’s misconceptions. This is a large improvement over the buggy approach
because our model can therefore identify the inter-connections of misconceptions,

wrongly used analogies, et cetera, that have been applied by the student.

51.2 Prototype domain

Before we discuss the student modeling aspect of our work in greater detail, it is
important to introduce the environment in which we will apply the Modeler itself. Our
prototype domain is psychiatry, with particular emphasis on the differential diagnosis of

psychotic disorders using the guidelines laid out in the American Psychiatric
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Association's DSM-TII-R manual (The American Psychiatric Association 1987; Kaplan
& Sadock 1985). Differential diagnosis may be defined as the recursive constraction
and refinement of a set of hypotheses, using available data (o eliminate or disconfirm
certain hypotheses until 2 set remaing which explaing all the available data.  This is the
same approach used by Moreno & Plant (1993) to assist clinicians in the proper
diagnosis of mental disorders. However our work differs substantially from Moreno &
Plant's since theirs is similar to the role of our tutoring model's Expert Problem Solver
which dynamically updates a current differential diagnosis based on evidence or
symptoms, while ours involves diagnosis as well as tutoring and the complex task of

student modeling.

5.1.3 Modeler components
As shown in Figure 5.1, the Student Modeler is designed to perform its task in several

phases.

1) Receipt of student’s response from the Tutor. This is a trivial sub-task performed

by the Receiver.

2} Query analysis: Query analysis is the stage in which the modeler would break down
the Tutor’s question to determine its exact contents and structure. It is performed by
the Query Analyzer. The aim of this stage is to identify the key elements required by
the Tutor. For example, if the Tutor asks the question:

What is the diagnosis if incoherence = T and duration <4 7
the Query Analyzer would identify the query portions as follows:

Given: Duration < 4

Incoherence = T
Required: Diagnosis

This analysis faciiitates a more directed search in the next phase of student modeling.
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Figure 5.1 Student modeling phases

3) Location of alternative solution paths: This is performed by the Knowledge Finder
which will obtain its search leads from the Expert Problem Solver (EPS). Using the
solution to a problem obtained by the EPS, the Knowledge Finder processes the
knowledge base to identify alternative paths to the same solution. This is a more
detailed search than the single path discovered by the Expert Problem Solver, as we
show in Chapter 6. The identification of these alternative paths will enable the Modeler
to perform solution-strategy-independent modeling, since the student would be allowed

to use any of the discovered paths to obtain a correct solution.

4) Response Analysis: This is similar to Query analysis, but this time the object is the
student’s response. The Response Analyzer will take the siudent through queries aimed

at obtaining the student's beliefs about a problem being solved. Using these beliefs, the
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Response Analyzer would then examine the alternative paths computed by the
Knowledge Finder in stage (3) above, in order to identify what reasoning path{s) the
student might be applying in his‘her solution. Candidate paths selected by the
Response Analyzer will help the Modeler {0 obtain a better model of the student's style

and thought patterns,

5) Location of deviations: This is performed by the Deviation Finder which will
process the knowledge base and determine whether each belief identified in (4) is
correct or incorrect. For incorrect beliefs, the Deviation Finder looks for knowledge in
the knowledge base which represent some forms of the siudent’s deviations, so as to
explain the student’s possible misconceptions. The Deviation Finder also identifies
missing or incomplete information in terms of beliefs which the student should have had
for a complete solution to the problem at hand, but which are missing from the set of

beliefs collected by the Response Analyzer in stage (4) ahove.,

6) Belief Revision: This is the update process in which the Belief Revision Unit will
modily the current student belief base to include newly discovered misconceptions and
correct beliefs. Some beliefs are derived from other beliefs, and the Belief Revision
Unit must determine what to do with different beliefs in the event that a new

contradictory belief is observed from student input.

7) Return belief information to the Tutor.

Algorithms for each of the above phases are described in Chapter 6. However, in the
rest of this chapter we shall discuss Phase 6 in more detail, since it is a very salient part

of the Student Modeler.
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5.2 Belief maintenance and belief revision

There is no doubt that student modeling in intelligent tuioring is an artificial simulation
of the human teacher's attempts to understand the student's beliefs about concepts. In
artificial intelligence terms, a belief system comprises a set of beliefs along with
procedures for acquiring new beliefs (Rapaport 1992), We will extend this definition to
include procedures for maintaining consistency in the belief system, which exiension is
in the area of belief revision and will be discussed in detail later in this chapter. Beliefs
must not be confused with knowledge, since Rapaport has defined knowledge as
"justified true belief” and belief systems have wider scopes than knowledge systems.
This definition leads to a conclusion about beliefs which constitutes a major focus of
our Modeler's Deviation Finder: a belief may not necessarily be a fact. One can believe
false propositions or nonexistent objects, while objects of knowledge are always true
and existent. It is therefore the Modeler's task to identify which of the student's beliefs
are true and which are false. A typical example of false beliefs is Colby's (1975)
simulated paranoid (PARRY) who believes that everyone (especially the consulting

psychiatrist) is out to destroy, humiliate, or insult him.

5.2.1 Properties of beliefs
Beliefs have several properties as discussed in Abelson (1979) and Cohen &
Feigenbaun (1982). We shall relate some of these characteristics with intelligent

tutoring presently.

Beliefs are non-consensual in that people hold different views about the same object of
belief, explaining the wider scope of belief over knowledge as mentioned above. A
tutoring example is a case of two students undersianding the same concept differently.
Beliefs also deal with conceptual entities (for example, topics) and since beliefs differ
across agents (holders of beliefs, or believers), an entity in one agent's belief system
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may be absent from another agent's belief sysiem. This is why 2 student has a separate
beliet base which differs from a tutor’s belief base (or Knowledge-base). The student's
belief base contains beliefs which the Student Modeler has observed or deduced from
student inputs, znd some of which may conflict with the tutor's beliefs represented in the

Knowledge-base,

Beliefs have affective, emotional, or confidence components. One agent may feel very
strongly about an object while another may be nonchalant. In the application area of
tutoring, affective components may be represented using certainty factors or
percentages, and a student may be required to suggest possible causes of a disorder
ranked in order of perceived responsibility. Beliefs are also related to an agent's
environment, circumstances, and past experience. In tutoring these may be linked to

pre-requisite, contextual, and heuristic knowledge.

A belief space is defined as a set of beliefs along with the set of items about which the
beliefs are held (Rapaport 1986). In tutoring, the set of items about which beliefs are
held are the concepts discussed during learning, which is the same for both a tutor and a
student. The two agents' belief spaces however differ because the seis of beliefs are

different,

5.2.2 Belief representation issues

5.2.2,1 Yssues

Before we discuss approaches which have been employed in the representation of
beliefs, it is important to address some issues and problems surrounding the
representation of beliels. These issues arise from the nature of beliefs themselves, the
interpretation of beliefs in a multi-agent environment, and particularly from the basic fact
that beliefs differ from knowledge. These properties, which make belief systems more

difficult to maintain than pure knowledge systems, have been defined in the foregoing
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section. Essentially, as discussed in Rapaport (1986, 1992), the major problems faced
in the representation of beliefs are as follows:
e representation of coreferential opacity (de dicto) versus coreferential ransparency
(de re)
* representation of an agent's view of his/her own beliefs (self-reference) versus
representation of a system's view of the agent's beliefs
e representation of third party beliefs
° representation of pronominal reference (anaphoric, indexical, or quasi-indexical)
e representation of emotional or affective components
These issues are relevant to futoring, especially the first and the last; however for the

purpose of review completeness we shall discuss these representations presently.

Coreferentiality refers to a case of the equivalence of more than one object, and an
agent's belief about all the different occurrences of that object. For instance, if "Ms.
Katie Williams" is "The Human Resources Manager" as well as "The Owner of the
Manitoba Angels", and it is known to a belief system's control knowledge-base that
"Ms. Katie Williams is away at Norway for holidays", the system would know that
this last statement is equivalent to "The Human Resources Manager is away at Norway
for holidays" and "The Owner of the Manitoba Angels is away at Norway for
holidays". However suppose that an agent A believes that "Ms. Katie Williams" is "The
Owner of the Manitoba Angels”, but does not believe that "Ms. Katie Williams" is the
"Human Resources Manager", then coreferentially speaking, A believes de re
(referential transparency) that "The Owner of the Manitoba Angels is away at Norway
for holidays" and believes de dicto (referential opacity) that "The Human Resources

Manager is away at Norway for holidays”.

Simply put, belief de re refers to an agent's belief in something that is true while belief
de dicto is an agent's lack of belief (or ignorance) about something that is true. In both
cases, the object is true (a piece of knowledge), but the problem is how to represent an

agent's belief or ignorance about it. Although Rapaport identifies the need for proper
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representation of these differences, he does not suggest how the representation should
be done. However, the contemporary practice has been for a system to assume that the
agent A believes all coreferential facts about an object, until A shows evidence to the
contrary (Doyle 1979, de Kleer 1986; Huang et al. 1991). This is discussed further

under the deduction of new beliefs.

Self-reference refers to an agent's characterization of his/her own beliefs. For instance,
if Mary says to herself, "I am beautiful", it would be incorrect for a belief system to
report that belief as "Mary believes that I am beautiful”. Rather the system would
represent the belief as "Mary believes that she is beautiful", or "Mary believes that Mary
is beautiful". This also applies to third party reports (or deeper levels). For instance, if
John heard Mary compliment herself, it could be represented as "John believes that
Mary believes that Mary is beautiful”" and not "John believes that Mary believes that I
am beautiful". The phenomenon of self-reference and third- or multi-party reference is
termed nested beliefs by Rapaport (1986) who has used semantic networks to address
the problem of interpretation, with each node representing a belief (for example, "I am
beautiful") or an agent (for example, Mary), and arcs clearly labeled to convey the
correct semantic interpretations. We must however note that in individualized tutoring,
we are faced with a two-agent belief system in which it is easier to represent tutor and
student beliefs than in multi-agent sysiems. Furthermore, with respect to a Student
Modeler, the number of agents is tmplicitly reduced to one (that is, the student), since
the Modeler is trying to identify the student's beliefs only. This makes the
representation of student beliefs easy to represent as stand-alone beliefs without agent
identification. This means that rather than “The student believes that (Manic syndrome
is True) = (Patient has delusional disorder)", the Modeler can implicitly represent the
student’s belief as "(Manic syndrome is True) = (Patient has delusional disorder)",

without confusion as to whose beliefs are being represented.
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Pronominal reference addresses the contextual interpretation of pronouns in belief
reports. Rapaport identifies three contextual uses of pronouns: anaphoric reference,
indexical reference, and quasi-indexical reference of pronouns. Anaphoric reference
describes a case where a pronoun's antecedent occurs within the text under examination.
For example, in "John is tall and he is clever”, ke is interpreted as John. In indexical
reference, the pronoun refers to an entity outside the text. For cxample, “That woman
over there is called Ms. Barbara Adams. "She is a philosopher". In the context of "She
is a philosopher”, she is indexical because it refers to "That woman over there..." which
is outside of the statement's immediate context. In quasi-indexical reference, a pronoun
occurs within a belief coniext but outside of its own level of nesting. For example, "Mr.
McCarthy owns this hotel. John believes that he is very rich", in which ke does not
refer to John (although it appears to belong to that context) but to a third agent (Mr.
McCarthy). The problem with pronominal reference arises in a nested belief
environment mainly because the pronouns are not structured to refer to explicit objects.
For instance, there would have been no confusion if the last example had read "Mr.
MeCarthy owns this hotel. John believes that Mr. McCarthy is very rich". However,
this is not the way people speak in natural language. Again Rapaport addresses the
pronominal reference problem using semantic networks (Rapaport 1986). It must
however be noted that in an application that does not handle natural language
representation, it would be sufficient to allow agents to communicate in a structured
language that avoids ambiguity. For instance in a tutoring system, objects should have
explicit names and a student and a tutor must be required to use those names. For
example, the student-input "Visual hallucinations suggest the presence of
schizophrenia® is clearly more explicit than "They suggest the presence of

schizophrenia”, at which input the tutor may request further clarification.
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Representation of emotional aspects of beliefs have been addressed mostly using
certainty factors, as in GUIDON (Clancey 1987). Beliefs would normally have
certainty factors ranging from G to 1. This shows a clear difference between beliefs and
knowledge: knowledge objects always have a certainty factor of 1, since they are facts:
programmers of belief systems however have to estimate certainty factors, which may
actually not be accurate measures of an agent's emotional feelings about the belief(s)

being represented,

5.2.2.2 Representation
To a large extent, reasoning about a belief system is affecied by the representation of the
constituent beliefs. Although beliefs differ from knowledge, they can be represented in
the same ways, in a closed world fashion, with each belief system represented as a
separate belief base. To represent a belief, Abelson & Reich (1969) developed the
implicarional molecule which was a list in which the first part of the molecule implied
the second part. For example

[A has-feathers, A can-fly],
which can be rewritten as

(A has-feathers) = (A can-ily)

One can apply the universal classifier to this as follows:

V¥ A: (A has-feathers) = (A can-fly)

or V A: has-feathers(A) = can-fly(A) in predicate logic form. This can be

instantiated as desired. In rule form, the same belief can be represented as

IE (A has feathers) THEN (A can fly)
The implicational molecule is typically used in single-agent or double-agent
representation in which an agent is trying to express his own beliefs or those of one
other agent. In either case, there is no confusion as to whose beliefs are being
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represented, as opposed to 2 mulii-agent environment where there must be an explicit
identification of the agent being modeled in order to avoid confusion. For instance,
(John believes that Mary is beautiful) may be 2 belief expressed by yet a third agent. In
the ICAT environment, and with particular emphasis on the Student Modeler, the belief
base is regarded strictly as a collection of the student's beliefs, as has been discussed
earlier. Therefore every belief represented therein is known to belong to the student,
which makes if unnecessary to express beliefs as

(The student believes that [IF (A has feathers) THEN (A can fIy)1).
It is sufficient to represent this belief simply as

IF (A has feathers) THEN (A can fly)
Colby (1969) also employs the list structure in the representation of beliefs. For
example,

(F (agent Barb) (action like) (object children))
means "It is a Fact that Barb likes children”
Lists are very easy to manipulate and can be viewed as frames with slot labels which

may be absent but which are implicitly known by the programmer.

Rapaport (1986) applied semantic networks, using the Semantic Networks Processing
System (SNePS), in the representation of multi-agent beliefs. Bach belief is represented
in a separate node and nodes are linked meaningfully. The same representation
approach is also used by Maida & Shapiro (1982) and Martins & Shapiro (1988);

both projecis are also on nested multi-agent interactions.

At this point we must note that the techniques applied for the representation of a belief
systern are determined by the nature of processing done with the beliefs, particularly, the

deduction of new beliefs from old beliefs, and the revision of beliefs. It is important that
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these two important relations to belief-representation be discussed before we explain the

elements of our belief model.

5.2.3 Deduction of new beliefs

Rapaport's definition of a belief system include " . . . procedures for acquiring new
beliefs". These refer to inference rules used to derive new heliefs from older beliefs
(Maida & Shapiro 1982; Martins & Shapiro 1988; Doyle 1979; Huang et al., 1991).
For example, in tutoring arithmetic, a tutor may observe that a student understands the
principles of subtraction and so applies inference rules to deduce that the student must
have previously known the principles of addition, since addition is normally a

prerequisite to subtraction. This would give us the following (commenis are italicized):

a) knows(subtraction) { an observed belief}
b) knows(subtraction) = knows(addition) {an inference rule}
<) .o knows(addition) {a derived belief}

This example brings us directly into the classification of beliefs in tutoring. a) is a hase
or observed belief, b)is an inference rule which is always the tutor's belief that can be
applied to student beliefs, c) is a derived belief. The term base does not apply to
observed beliefs alone. There are generally two types of base beliefs: observed beliefs
and what we call base-assumptions (or simply assumptions) (de Kleer 1986). The
reason we have used the term "base-assumptions" is that derived heliefs are also
assumptions made by the tutor, only they are derived using inference rules. Base-
assumptions are however not derived, but are assumed by the tutor for convenience
reasons. However to avoid confusion, we shall use the classifications "derived" and
"assumptions” for derived assumptions and base-assumptions, respectively.
Assumptions are ofien used in stercotypical applications, an example of which is
GRUNDY (Rich 1979), a library advisor which assumed initial stereotypical classes of

beliefs based on a user's self-description. For accurate belief manipulations, record
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must be kept of how derived beliefs are obtained, what Barr & Feigenbaum (1982) have
described as dependency-records which link derived beliefs to their justifications
(assumptions and inference rules used to derive them). Fikes (1975) and Haves {1975)
developed dependency records for their automated planning systems in which the
effects of robot actions were represented in ADD/DELETE lists where 2a DELETR list

included all states or actions to be discarded as a result of the laiest robot action.

This leads us to the philosophical theory of intensionality of beliefs discussed by Maida
& Shapiro (1982) and Rapaport (1986, 1992). Intensionality puts constraints on the
derivation of new beliefs about coreferential objects. Coreferentiality is the
philosophical term for equivalence, which we have discussed in Section 5.2.2.1. The
intensionality theory is that an agent’s belief in an object does not necessarily imply the
agent's belief in a coreferential object. This theory is based on the fact that agents do
have inconsistent beliefs. Intensionality therefore constrains a system not to make any
inference unless the agent shows an explicit evidence of belief in a coreferential object
as well. For example, suppose that the Evening Star is another name for the Morning
Star (coreferentiality) and a smdent believes that the Evening Star is a planet, but that the
Morning Star is not a planet. We would have the following:

(Evening_Star, planet) {student's belief'}
(Evening_Star, planet) = (Morning_Star, planet) {inference rule}
— (Morning_Star, planet) {student's belief'}

In the above case, it would have been logical for the tutor to derive the belief that the
student also believes (Morning_Star, planet). The student however displays a
conflicting belief, a case of referential opacity, that is, failure of substitutability of

coreferential terms in this student's intensional context.

Manipulating student beliefs would have been a simple matter if the theory of

intensionality were adhered to. That way, only observed beliefs would be handled,
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removing the complications introduced by assumptions and derived heliefs, However,
contermnporary belief systems (Huang et al,, 1991; de Kleer 1986; Doyle 1979) apply
nonmonotonicity to beliefs, thus assuming the presence of a belief in the absence of
evidence to the contrary, followed by retraction of the assumed helief when its negation
is believed. For the above example, we can conclude that the tutor actually derived
(Morning_Star, planet) based on the student's observed belief that (Evening_Star,
planet), but had to retract the assumed belief when the student explicitly believed

—(Morming_Star, planet). The nonmonotonic basis for derivation of new beliefs plays a

central role in contemporary belief revision procedures.

5.2.4 Belief revision

Belief revision is the modification of a belief set in the light of new, possibly conflicting,
beliets (Rapaport 1992; Martins 1992). A reasoning system must be able to adapt to
the dynamics of beliefs. One of the earliest belief revision systems is the Truth
Maintenance System (Doyle 1979). Another is the Assumption-based Truth
Maintenance System (ATMS) which is based on assumptions and not observed beliefs
(de Kleer 1986). Most contemporary belief revision systems are built on the TMS and
ATMS (Barr & Feigenbaum 1982; Huang et al,, 1991; Martins & Shapiro 1988;
Rich 1979). Essentially, belief revision introduces a temporal component into a belief
system, by the removal of older beliefs that contradict incoming beliefs. The usual
approach used is dependency-directed backiracking (Stallman & Sussman 1977).
Dependency-directed backiracking involves recording beliefs along with their
dependency records, such that when a contlicting belief arrives at the system, its
negation is removed as well as its (the negation's) justifications and dependent
derivations. Dependency records include the set of inference rules and other beliefs
from which a particular belief is derived, and facilitate detection of existing contradictory

beliets. Dependency-directed backtracking is a recursive process since a negation's
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justifications may also have their own justifications, and so on. For example, in the
arithmetic example given earlier, suppose the student displays a new belief,
-know(subtraction). This would lead to the removal of the conflicting old belief,
know(subtraction), leading to the removal of know(addition) whose justification has

now been deleted.

The selection strategy guiding removal of conflicts or culprit beliefs affects the resultant
belief set. There are two schools of thought on the selection of candidate beliefs to be
removed during a revision process: coherencisis and foundationalists. Foundationalists
(de Kleer 1986; Doyle 1979, Huang et al. 1991; Martins & Shapiro 1988) follow the
TMS and ATMS approach in which all beliefs are removed whose justifications no
longer exist while coherencists (Alchourrén et al., 1985; Boutilier 1994; Boutilier &
Goldszmidt 1993; Dalal 1988; Gardenfors 1984, 1992; Makinson 1985) delete only
beliefs that directly negate incoming contradictions, leaving derived beliefs untouched if
they still make sense. Coherencists argue that the foundational approach is "extremely
cautious”, sometimes deleting too many beliefs including those which may be unrelated
to incoming contradictions, and also those beliefs which siill make sense even though
they no longer have valid justifications. This argument agrees with cognitive research
findings about the ability of human memory to recall concepts engraved into long-term
memory, particularly in the face of related new information (Landaver & Freedman
1968; Underwood & Ekstrand 1968; Schustack & Anderson 1979: Anderson 1980).
In fact, Anderson (1980) reveals that even if prior knowledge is momentarily forgotren,
it is not truly lost, but can be revitalized using appropriate cues. Also, in his comparison
of foundations and coherence theories, Doyle (1992), a leading foundations researcher,

admiis that
"Experiments have shown that humans only rarely remember the
reasons for their beliefs, and that they often retain beliefs even
when their original evidential basis is completely destroyed.
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Gardentors correctly observes that the foundations approach . .
corresponds poorly to observed human behavior"

Cognitive research findings are particularly true in the domain of intelligent tutoring, in
which a student’s misconception of a high-level concept does not necessarily imply thar
the student no longer knows the underlying prereguisites or lower-level concepts.
Clancey (1987) employed this reasoning in GUIDON's USE-BISTORY, USED? and
SAPPLIED? student modeling parameters (refer to Chapter 3), where USE-HISTORY
mdicates whether the student has knowledge of a cencepi, USED? measures a student's
use of the concept in a problem situation and SAPPLIED? measures the student's ability
to apply the concept to a related or higher-level concept. In other words, a student may
use a concept in a problem, but may not be able to apply the same concept to a related
superconcept. We can therefore conclude that the student's inability to apply a
subconeept to a superconcept does not necessarily mean that the student no longer

knows the subconcept,

Represeniative of the foundations approach is the work done by Huang et al. (1991) in
which they address the issue of minimality by applying a hitting set tree-pruning
strategy in the selection of candidate beliefs in their EBRS. The hitting set H for a
family of sets, F, contains at least one element of each set in F while a hitting set tree

HS-tree for the same family is an edge-labeled and vertex-labeled tree whose root is

labeled by a set in F (or A if F is empty), and in which the hitting set for each vertex v,
is the set of edge labels from the root to v;. Hssentially the tree is used to select the
minimal set of candidate beliefs which represent a conflict to a belief base. The tree is
subjected to a pruning algorithm at the end of which every vertex vy labeled A would
represent a hitting set, or a candidate (Huang et al. 1991). This candidate set includes
contradictory beliefs, their dependent derived beliefs, and sometimes unrelated beliefs, as

we shall show in a later example.
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5.2.4.1 The AGM postulates

Much of the work in the coherencist school stems from what have become known as the
AGM posrulates (due to Alchowrrdn, Gardenfors and Makinson) discussed in
Alchourrén, Gardenfors and Makinson (1985), Gardenftrs (1992) and Makinson
(1985). These postulates are logical rules used to assess the completeness and
consistency of a revised knowledge base, as demonstrated by Dalal (1988) and Boutilier
& Goldszmidt (1993). The postulates ensure that the set resulting from revision of a
belief base with a new belief includes all of that belief's consequences or derivations, and
that the revision does not introduce any new contradictions or inconsistencies to the

belief base.

In developing the postulates, Alchourrdn et al. defined a consequence operator, Cn,
which is the result of transforming a set of propositions X by the application of logical
operators, such that X ¢ Cn(X), Cn(X) = Cn(Cn(X)), and Cn(X) < Co(Y) for any X ¢
Y. A more explicit definition of the consequence operator is given by Gardenfdrs
(1992): If X is asetof beliefs and X logically entails or implies ¢, this is written as X
E—- ¢. Cn(X) is then defined as the set of all logical consequences of X, that is Cn(X) =
{o: X E—- ¢}. Putin simpler terms, the consequence of a belief set is the set of beliefs
contained in the belief set along with the beliefs derivabie from them. Wherte derivable
beliefs are stored in the same belief set as their justifying beliefs, the consequence of the
set reduces 1o the set itself. Alchourrén et al. also define a theory as a set of
propositions (or a belief set) X that is closed or consistent under its consequence Cn.

)

We now describe the postulates as follows (where + and Cn and ¢ are revision,

consequence and contraction operators, respectively  Contracfion refers 1o the removal

of contradictions from a set of heliefs.):
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(P1} A+ xisalwaysatheory

Essentially, postulate PI implies that a closed or consistent set of propositions A revised
with an incoming proposition x, is also closed or eonsistent. This revision would
naturally involve prior removal of inconsistencies. For example, given a belief set {ah},
revision with an incoming noncontradictory belief x would result in {2, b, x} which is
also a belief set. Revision with an incoming contradictory belief —a would result in
{—a, b} after removal of the older contradiction, a.

@

(P2) xe A+x

P2 implies that x is included in A revised with x. Using our previous example, each
incoming belief is included in the belief set resulting from the revision process. For

example, for revision with x, x € {a, b, x} and for revision with —a, —a e {—a, b}.

(P3) H-—xe Cn(A), then A : x = Cn(A v {x})

P3 implies that revision of A with a non-contradictory x is done by simply adding x to

A, as was demonstrated in the example for P1.
(P4) H—xe¢ Cn(d), then A + x is consistent under Cn

P4 implies that the empty set is not included in elements that might cause
inconsistencies in A. Putting it another way, revision with 2 non-empty belief will never
resultin a null set. Forexample, if A = {a, b} and b is derived from a, revision with —a
would result in the deletion of a as well as b, but the resulting set is {—a} which is not
equal to the null set &J. The only situation when @ will result is when @ is revised with
J, which is essentally a non-revision process.

(P5) HUCn(x) = Cn(y),then A + x = A + ¥y
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P5 implies that revision with two identical sets yields two identical resulte.

(P6) (A : X} A = A 2—w, whenever A isatheory
(where ¢ is the coniraction operator)
P6 implies that the difference between A revised with x and the previously unrevised A
is the combination of x and its contradictions —x. In other words, revision of A

involves removal of the contradictions —x before addition of x itself, as demonstrated

with P1.
P7) A+ xAy) € Cn(A + %) U {y]} forany theory A

P7 implies that revision of A with more than one set {x A y) is equivalent to A first
revised with x and awaiting revision with y. For example, in the revision of {a, b} with
{—a, y}, if we first apply —a to the original set, we would have {—a, b}, awaiting

revision with {y}

P8 Cn(A+x)u {yhco A + (x A y) for any theory A, provided that

@

—"SYEA'FX

P8 implies that the intermediate result obtained in P7 is equivalent to revising the
original A with the combined set (x A y) provided that y does not contradict the

intermediate result of A first revised with x.

The above postulates are summarized in the authors' principle of revision as a sequence
of contraction followed by expansion, that is, revision bein g obtained by first
climinating contradictions and then adding mncoming propositions:

Cn((A e—x) U {x}).

Although Alchourrdn et al. (or AGM) have specified postulates against which a

revision function can be assessed, they do not define any revision function themselves.
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However, coherencist revision functions have used the AGM postulates as a basis to

check for correciness,

5.2.42  Why use the AGM postulates?

The question arises as to why we want to apply the AGM postulates in our belief
revision discussion. First, recall that we agree with the coherencist school of thought
that a belief need not be deleted from a revised belief set simply because its justifier has
been deleted. In the development of a coherencist belief revision model, it is necessary
to have a standard measure against which the scheme can be assessed for correctness.
The AGM postulates provide such a standard. As is mentioned in the next section, they
arc the only standard against which coherencist revision schemes are measured, We
may also argue that instead of assessing our scheme using the AGM postulates, we
could develop a better standard of evaluation. Although the development of new
standards is a good venture, we must state that our goal is not to re-invent the wheel of
evaluation criteria. Furthermore, our goal is the development of an effective belief

revision scheme rather than the development of a standard of evaluation.
52.43 The Dalal coherencist revision scheme

Representative of the coherencist approach is the work done by Dalal (1988) who
defines a revision function as follows:

Yo = Revise(y, 1)
in which a knowledge base or set of beliefs y is revised using incoming beliefs 1. A
major principle guiding Revise is the persistence of prior knowledge, which advocates
minimal change on the basis of consistency. The principle of persistence of prior
knowledge states that

"As much old knowledge as possible should be retained in the
revised knowledge...if w w {p]} is consistent then
Yop=y upt
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In other words, the revision of ¥ with a noncontradictory {1t} is done by simple
addition of [t into ¥ (i. e. W union W). However for contradictory {ut} leading to
inconsistencies in v, the revision process stops deletion of beliefs at the first si gn of
consistency in , thus maintaining the principle of minimal change. To implement this,

Dalal defines functions res and G{v) as follows:

Given a formula or belief set y and { Oy, . .. Op} as the set of atoms or beliefs
occurring in 4, then

yvou = G v {u}
where Gly) = resg, (¥) V...V 188, (W)

+ -
and resai(w) = wai Vow o
and w&: and y - are exclusion formulae such that
i i
+ -
I % € Yo, and o ¢ W“ﬁ , and
+ —
2) wai=(&i A ng) V (= oy A Wai)
resai(w) is called the resolvent of y with respect to ¢, G is a generalization operator

which takes the set y and returns a subset of its logical closure, which is the set of

C e + - ) .
resolvents over the beliefs in . Yo, and yf o, are local exclusion or contraction
1

. . - +
formulae which use truth values to remove the contradictions of o, fromy. Fory,, , o,
i

is replaced by logical truth (T) in w while it is replaced by F for y o—n- . The above
i
formulae can be betier understood if we look at the following example.

Givenwy = {a, =b} andpu=b
For convenience, Dalal represents was (a A = b)
v and {1 conflict in the truth value of b, so y is resolved on b (that is, the belief oceurring
in W)
Y, =(@aA-T) = @AF) =F
Y, =@A=F) = @AT) =2
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resy (yf) = wg Y v, =a VF=a
Gy) = regy(w)
andyop = Gy u {u} =aAb

{(Dalal replaces the UNION operator U by the logical AND operator A )

The final Revise value (¥ o [1) obtained removes the contradiction (—b) from the original

knowledge base W, and introduces the incoming value b. From the above example, we

+ - . .
see that Dalal's Yo, and y,  formulae are a logical implementation of Alchourrén et
H

al.'s principles of contraction and expansion applied locally to contlicting beliefs. Dalal
however uses logical F and T to implement this local contraction and expansion
. - + . . . .
(representing 7, and Yo, ), tespectively, thus excluding the affected contradiction
1
from the resultant resolvent. Globally, however, the collection of resolvents represents
the actual contraction of the entire belief base to obtain G(y). The final expansion is

performed when G(y) is combined with the new beliefs 1.

Another coherencist work is that by Boutilier & Goldszmidt (1993) who have defined a
&

revision model M B = (W, <, @) 1o revise a knowledge base of inference rules or

conditional beliefs of the form (A = B), where W is a set of worlds (assigned

valuations by @) or possible states of conditionals, and < is a plausibility ordering over

W such that if v < w then w is at least as plausible as v. They also apply the principles

of contraction and expansion by defining two sub-models M; Bwhich removes
=1

negating conditionals of the form (A = —B), and Mi—::»B which finally adds the

incoming conditional (A = B). A similar revision model is defined in Boutilier (1994)
but this time based on epistemic entrenchment of beliefs (Gardenfirs 1984), which
means the relative affective willingness of an agent to give up one helief in the presence

of another (newer) belief. A high entrenchment value implies that the affected belief is
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very important to the agent, and for any two beliefs 2 and b, a < b implies that b ic at
yiump g y i b

least as epistemically entrenched as b,

There are three major differences between the works done by Boutilier & Goldszmids,
and Dalal. First, Boutilier & Goldszmidt applied plausibility ordering which made them
alter the plausibility values of existent conditionals in order to implement expansion and
contraction; the plausibility feature makes their approach more applicable to sysiems
like GUIDON, which use certainty faciors. Secondly, Boutilier & Goldszmidt worked
with inference rules which may be viewed as connected sub-beliefs, while Dalal worked
with simple non-implicational beliefs. Thirdly, Boutilier & Goldszmidt applied an
optimizing isolation technique in which they partitioned the knowledge base KB into
KBI and KB I where KBI is called the minimal complete inconsistent ser, or the set of
conditionals which are identified as directly responsible for the negation of an incoming
conditional, and KB | is the set of conditionals which are unrelated or have no

contradictory effects on the incoming conditional. The contraction process M~ 5 is
A=

therefore performed on KBI’ leaving KBJ untouched, with the resultant KB being KB =

M;; B(KBI) v KBT U (A = B). Dalal on the other hand applied his resolvent scheme
A ::) B

on the entire knowledge base y without first separating contradictions. In each case

however, the authors showed that their revision models satisfied the AGM postulates.

5.3 Summary

We have introduced the aspects of our student modeling module in this chapter. We
have also discussed belief maintenance, representation and revision issues which will
affect our design, along with some relevant research done in belief revision. Essentially,
the major issues that need to be addressed in our intelligent tutoring model are the
following:

* identification of student beliefs (how do we know what the student believes?)
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¢ representation of student beliefs (how can we formally represent beliefs for
optimal manipulations and modeling?)

© relationship of beliefs with the Tutor's knowledge base and identification of
misconceptions (how can we identify the student's beliefs from our representation
of expert knowledge in the knowledge base, and how can we trace misconcephons
using the knowledge base?)

¢ identification of missing beliefs (how do we know which relevant information the
student is not applying to the problem at hand, whose absence ig keeping the
student from obtaining a complete solution?)

¢ identification of contradictory student beliefs in the face of a new belief

* removal of contradictions and propagation of deletions (how do we choose which
beliefs to delete, and what kinds of dependency-directed deletions will be

performed to maintain consistency of the student's belief hase?)

In the next chapter, we will discuss our approach to the above issues, in the light of the
discussions in this chapter. Particularly, we will discuss an improved revision function
which also satisties the Gardenfors postulates. We will also specify algorithms that can

be used to obtain the capabilities in our Modeler components.
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CHAPTER SIX: MODELFER ALGORITHMS AND EXAMPLES

In this chapter we present our belief representation and belief revision approaches in
fight of the review in Chapter 5. Specifically we address the following issues:

= dentification of a belief

* representation of a belief

e representation of a negated belief

¢ determination of a belief's correctness with respect to the knowledge base

® identification of a belief's contradiction among existent beliefs

¢ identification of missing beliefs

° maintenance of consistency of the overall belief base (belief revision)

» decision as to which beliefs to delete or keep after removal of contradictions

We also present algorithms which can be used to obtain effective modeling results from
components of the Modeler. As mentioned earlier, our prototype implementation is
based on the DSM-III-R manual's guidelines laid out for the differential diagnosis of
mental disorders. A sample graph based on the manual, showing the differential
diagnosis of psychotic disorders, is shown in Appendix C. The Knowledge-base rules
we have constructed using that sample are in Appendix D. Qur first set of algorithms
will illusirate how the expert problem solver applies the knowledge base rules in the
solution of a problem. This will enable us have a clearer picture of how a student will be
assessed in the same problem-solving procedure. Then we will specily the algorithms
for the Knowledge-Finder, Response Analyzer, Deviation-Finder and the Beliel-
Revision Unit. Each algorithm is explained in detail, and is followed by one or more
examples. In all cases, the font conventions used in the algorithms are as follows:

Brush script capital letters (AECDEFZGH ...) represent;  sets

Symbol characters (0t x 8e ¢y ...): set elements
Small bold letiers (procedurename): procedure-names
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Regular letters: other variable names

6.1 Nature of helief objects
in order to understand our belief revision model, it is important to examine the nature of
information 1o be manipulated with respect to the prototype domain of the diagnosis of
psychotic disorders and particularly with respect to the knowledge base defined for the
domain. First we are modeling the student's beliefs in terms of cause-effect
relationships (that is, given a set of symptoms, what are the student's beliefs about the
possible disorders or related symptoms and higher-level conclusions?). A given
symptom is the belief's antecedent while the student's assertion as to the symptom's
cifect is the belief's conclusion. The student is given an initial set of symptoms (without
associated conclusions) and is expected to construct histher own beliefs based on the
initial set. A belief could be observed by the Tutor during interaction or derived using
predefined inference rules or variable-relationship predicates. Examples of variable
relationships that may be represented in inference rules include implication, equivalence,
or negation. For example, suppose we have the following definition (where imp is an
implication operator):

(light-moods T) imp (brief-reactive-psychosis T) (1)
and the student belicves that

(catatonic-stupor T) = (light-moods T) (2)
the Tutor can apply (1) and insert a new (derived) belief

(catatonic-stupor T) = (brief-reactive-psychosis T) (3)

In List form, the above three beliefs could be represented as

(imp, (light-moods T), (brief-reactive-psychosis T)) (1"
{{catatonic-stupor T), (light-moods T)) (2')
{{catatonic-stupor T), (brief-reactive-psychosis T)) (39
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it is clear from the above that we represent the student's basic belief as a cause-effect
pair. This representation is similar to the implicational molecule discussed by Abelson
& Reich (1965) except that each atom represents a variable-value relationship, Also, an
inference rule must necessarily contain information as to the kind of inference being
made, which is why the imp keyword is used to define the relationship between the next
two atoms in (1), Our belief structure is also similar to that used by Boutilier &
Goldszmidt (1993), except that we do not apply any plausibility ordering which was

central to their own revision scheme.

To represent a negated belief, we assign a False value to the item that is negated. This
type of representation is facilitated by the fact that diagnosis can be viewed in terms of
the presence or absence of a disorder and we have constructed the knowledge base
preconditions and conclusions in terms of logical truth values. For example, suppose
the student believes that "The presence of catatonic-stupor suggests the absence of
light-moods symptoms"”, a negated version of belief (2) above. This is simply
represented by setting the value of light-moods to False as follows:
((catatonic-stupor T), (light-moods F)) (4

Negation of numeric variables is by changing the comparative operator involved, like

changing < to 2, for example.

Identification of contradictions therefore becomes a case of evaluating components of
two beliefs being compared and determining whether the truth values differ. For
example, let us compare beliefs (2') and (4).

{(catatonic-stupor T), (light-moods T)) (2h
((catatonic-stupor T), (light-moods F)) (4)

Evaluation of the antecedent of (2) sets the value of catatonic-stupor to True.
Comparison with the antecedent of (4) would yield a True in light of (27, since

(catatonic-stupor T) = (catatonic-stupor T)
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On the other hand, comparison with the conclusion of (4) would yield a False in light of
the value set by the evaluation of the conclusion in (2). This indicates that belief 4yisa
contradiction of belief (2°). This example compares beliefs whose variable names are
similar. For beliefs with different variable names, we would need to search for inference
rules which define the relationship between the two variables bheing compared. If an
inference rule exists which identifies an equivalence relationship between the two

variables, for instance, then they would be compared as though they had the same name.

Determination of a belief's correctness with respect to the knowled ge base is done by
looking for the belief's antecedent in the preconditions of knowledge base rules, and
chaining rules to determine if the belief's conclusion can be found in the conclusion of
any of the chained rules. If so, the belief would be labeled as correct, and incorrect

otherwise. This labeling is done by the Deviation Finder.

6.2  Belief structure
The belief structure in this model is a quintuple with the following components:
(id, type, antecedent, conclusion, justifier-ser)
Meanings of components are as follows:
id: belief's unique identifier
type: type of belief
antecedent:  belief’s antecedent or preconditions (cause)
conclusion:  belief's conclusion (effect of antecedent)
justifier-set:  set of beliefs from which belief is derived
Zd is a unique identifier for each belief. We assume integer identifiers (2 1).
The type of a belief could be OBSERVED (that is, explicitly specified by the student
during interaction), DERIVED (that is, derived by Tutor using inference rules), or

ASSUMED (that is, assumed by the Tutor as being a likely student belief, with no

underlying justification). Observed beliefs are obtained during dialogs between the
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Tutor and the student. These dialogs can be done using a structured communication

system which avoids ambiguity,

Antecedent and conclusion in the belief structure are the basic components of a belief,
referring to a symptom and its associated effect as perceived by the student. Note that
the conclusion in one belief can serve as the antecedent in another belief, seeing we have
a hierarchically organized knowledge-base where there can be several intermediate
conclusions before arrival at a final disorder. Justifier-ser is the set of beliefs and
inference rules from which a belief is derived. The justifier-set for inference rules and

observed beliefs is null

6.3 Revision Preview: An example

The essential processing of beliefs that will be done by the Student Modeler are the
identification of beliefs (by the Response Analyzer), labelin g of beliefs and
identification of misconceptions (by the Deviation Finder), and maintenance of the belief
base consistency (by the Belief Revision Unit). In this section, we give an example of
how a culprit belief is identified in the event of a contradiction, how o trace through a
belief base to identify beliefs dependent on the culprit, and how the model determines

what to do with those dependent or derived beliefs.

Let us assume the following belief set (this time, we shall include details of each belief,

for completeness):

(INF1, imp, (strong-moods T), (schizophrenic-symptoms T)) (5)
(1, OBSERVED, (visual-hallucinations T), (strong-moods T), {} (6)
(2, DERIVED, (visual-hallucinations T), (schizophrenic-symptoms T,

{1,INF1}) {7
(3, OBSERVED, (visual-hallucinations T), (stron g-moods F), { }) (&)

"imp" in (5) signifies an implication. First, we separate inference rules into an
INFERENCE-RULEBASE, since they are not student beliefs in themselves, but rules

used to derive new beliefs from older student beliefs. That leaves beliefs (& to (8) in
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the belief base. INF1 in the inference rule is the unigue identifier indicating that as the
first inference rule. Belief ids are 1, 2 and 3 for the student beliefs, so we shall

renumber them for ease of reference in this discussion.

(I, OBSERVED, (visual-hallucinations T), (strong-moods T), {}) {1}
(2, DERIVED, (visual-hallucinations T), (schizophrenic-symptoms T),

{1,INF1}) (2}
(3, OBSERVED, (visual-hallucinations T), (strong-moods F), {}) 3

Justifier sets for observed beliefs I and 3 are empty (since they are explicitly displayed
by the student) while the justifier set for the derived belief 2 includes the observed helief
1 and the inference rule INF1. Let us assume that belief 3 has just been newly
observed. We notice that this new belief is contradicted by the older observed belief 1
(and subsequently the derived belief 2). So for the incoming belief 3, we identify belief
1 as a culprit contradiction (using evaluation of truth values described in Section 6.1),
and we should delete belief 1. Since belief 2 is derived from 1, it is logical to delete it as
well, but suppose that the Tutor queries the student and the student actually believes that
(visual-hallucinations T) = (schizophrenic-symptoms T) even though the justifying
belief has been deleted. In our scheme, we constrain the belief-revision unit to retain
belief (2) and to change its status to an observed status as follows:

(2, OBSERVED, (visual-hallucinations T), {schizophrenic-symptoms T), {})

We are therefore lefi with the following:

Belief base:
(2, OBSERVED, (visual-hallucinations T), (schizophienic-symptoms T), {})  (2)
(3, OBSERVED, (visual-hallucinations T), (strong-moods F), {} (3)

Inference-rulebase;

(INFI, imp, (strong-moods T), (schizophrenic-symptoms T)) (INFD)
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6.4  Formalized revision scheme

In this section we present a formal discussion of the revision scheme we have employed
in the preceding example. First we are using the coherencist belief revision approach,
that is, a derived belief is not deleted simply because its justifier has been deleted.
Instead, the student is queried to determine whether those derived heliefs have actually
been disbelieved or not. Results of these queries would determine what would be done
with the affected derived beliefs. As mentioned in Chapter 5, the coherencist approach
is more practical than the foundationalist approach in a tutoring application. Secondly,
because we are not applying certainty factors, we will employ the resolvent revision
scheme developed by Dalal (1988). Surprisingly, little or no work has been built on the
Dalal scheme, due largely to the fact that most belief revision research has been focused
on the TMS/ATMS foundationalist models. We will present modifications to the Dalal
scheme which will better optimize the revision process. We shall compare results
obtained using our improved scheme with results from the Dalal scheme and the Huang
et al. scheme which is representative of the foundationalist revision approach. We shall
also show that this improved scheme satisfies the AGM postulates which have been the

basis for evaluating coherencist revision schemes.

6.4.1 Failure of the Dalal-resclvent scheme
We introduce our revised scheme with an example using the Dalal resolvent scheme,
Let us assume an initial belief set taken from Huang et al. (1991):

{AB, 5,1, U, V}
Since we are using T for logical TRUTH, we shall replace T with L, for readability. We
therefore have an initial belief set {A, B, S, —L, U, V}. This belief set is to be updated
by incoming beliefs {C, L, —U}
Using the Dalal scheme,

o= {A,B, 5, =L, UV}
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|

1l

{AABASA-LAUAYV)
{C,L, U}
{CAL AU}

y and [ conflict in the truth-values of L and U, so we need to resolve y with L and U

only.

res; ()

{AABASA—TAUAV)
\
{AABASA-FAUAV}
{F}V {AABASAUAV}
{AABASAUAV}

Notice that the resolvent operation is done using the variable name involved in the

conflict, and not the value of the incoming belief value itself (which is added after

resolvents have been obtained), as will be better illustrated by the next resolvent.

resy(y)

G(y)

andyop

= Wi Vg
{AABASA=LATAV)

v

{AABASA-LAFAV)
{AABASA-LAV} V {F}
{AABASA-LAV)

= resp (W) V resy(y)
{AABASAUAV}V {AABASA—LAV)
{AABASAUA-LAV}

= G(y) A {u}
{AABASAUA-LAV} A{CALA=U}
{F},

since (L and —L} and (U and —U} both yield F.

The above example illustrates that Dalal's revision scheme fails in a case of multiple

contradictions of the form {x, y} where {—x, -y} € V, as shown. This failure arises
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trom the generalization operator GOy) which OR's individual resolvenis before the
incoming belief set 1 is introduced. The OR operation on resolvents re-introduces all

existent contradictions which lead to logical False when ANDed with .

Secondly, we notice that Dalal does not apply the resolvent function on non-
contradictory beliefs like C above, but he defined G(y) as a generalization operator

applied to resolvents of ail elements in {1, which is a misleading definition.

Thirdly, Dalal allows the set-theoretic union operator (U) to be logically equivalent to an
AND operator, "when convenient”. Essentially however, the resolvent process is an
intertwined procedure of first viewing beliefs as a set of logical variables to allow the
AND and OR operations and replacement of conflicting variables by T or F, then
releasing the variables from the logical mode and restoring them to set elements to allow
the union operation with the appropriate incoming belief. We believe that it is not

necessary to mingle logical and set-theoretic operations in this scheme essentially

because one of Dalal's W; and W& always yields a False while the other always vields
{w - {—0o}}. Since uf;; V \pr(; ={y-{~a}} V a, itisredundantto perform the

logical operation w' V yw~. This would eliminate the need for a logical operation
£ P Yo Yo g

since the other functions in the Dalal scheme are sei-theoretic.

6.4.2 Animproved belief revision scheme
In view of the failure of the Dalal resolvent scheme as illustrated by the last example, we
have developed a revision scheme with the following modifications to the Dalal scheme:

® separates incoming coniradictions and incoming non-contradictions as was done
by Boutilier and Goldszmidt (1993)

e replaces the logical equation res, () = w; Y wc; by the equivalent set-
theoretic equation res, (W) = {y - {~0}}

® performs recursive resolution to avoid re-introduction of contradictions
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Therefore, given a belief base W and a set of incoming beliefs 1 = {§y, ... {1 we
define an isolation scheme that separates incoming coniradictions and non-
contradictions as follows:
Cuy = oyu... Ut | oo e Y, Vi)
(that is, the set of incoming beliefs in i which contradict W)
amd NCQ) = ({n,u...un}t .y ¢ w,VE)

(that is, the set of incoming beliefs in y which do not confradict W).

Next we define a recursive revision function 9{‘1»‘ which revises w with p, such that

¥ - ZY uncqw (D
i n

where

6—_\? is a contradiction removal function such that

Y

= es I
& " %(w) (1D
and res is a recursive version of Dalal's resolvent such that

rasmi(uf) = {y-{-o}} v {o} (II)

and

resai(w) {(resai_l) - {—ott v {oyl viz2 (IV)

Our resolvent function is a resolvent of resolvents in that it resolves multiple
contradictions recursively by iteratively removing an existent contradictory belief, adding
the appropriate replacement in (HI), and performing the same operation using the next

incoming contradicted belicf on the result obtained in the preceding iteration (IV). 6_W
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thus performs contraction of the existent knowledge base by removing all identified
contradictions using C(1), as well as partial expansion by the addition of afl fected new

heliefs. The remaining expansion is done by SF%W itself when non-coniradictory beliefs
i

are added to the belief base. The recursive removal of new contradictions from the
preceding resolvent (and not from the original belief base) ensures that all contradictions
are actually removed and that no conflict arises when an incoming belief is added, which

problem occurred with the Dalal approach.

6.4.3 Example

We will now illustrate the above scheme using the last example. Given W and [ as

follows:
Y o= {A,B,S,—L, UV}
o= {C, L, U}

w and (i contlict in the truth-values of L and —U, so we need to resolve ¥ with L and
.

Cw
NC(@)

1l

{L, =U}

Il

{C}
res; (W)= {w--L} w {L}
= {AB,S UV, L}
This result is the one used for the resolvent with —U, not the original belief base yf.
Notice that our resolvent function is being performed using the actual value of an

incoming belief, not just the variable name(s) involved.

res_p(w) = {Ges (W) - {—~ (U v (U}
{{A,B,S,U,V,L}- {U}} v {=U}

i

I

{A,B,S,V,L,U}
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@ © ﬁ “ = {GS——;U<W) = {Ang S: va—‘?m"‘U}

Now that resolvents have been computed for all contradictions, we add the non-
contradictory incoming beliefs, NC(i)

¥ - Y U ncw
i i

{A,B,S,V, L,-U} u{C}

Il

{A,B,S8,V,L,~U,C}

This revised scheme does not fail in the face multiple contradictions. Also, it is a less
restrictive scheme which produces a belief set that is larger than Huang et al's
foundationalist approach that yielded {B, C, L, —U} and deleted {A, S, V}. This biings
us to the issuc of belief dependency. Huang et al. identified S and V as beliefs derived
from the deleted contradictions while A was an observed belief, Yet A was deleted in
their scheme along with the derived S and V. Dalal on the other hand did not define any

dependencies among his beliefs.

6.4.4 Extensions on dependencies

From discussions in Chapter 5, we recognize that beliefs do have dependencies,
although we agree with coherencists that derived beliefs do not necessarily have to be
deleted simply because their justifiers have heen deleted. For our tutoring model

therefore, we extend Dalal's definition of persistent prior knowledge as follows:

Definition: Persistence of dependent beliefs

As much old knowledge as possible should be retained in the revised
knowledge...if y w {jt) is consistent then W ol =Y U il Also Tet &
be the set of beliefs derived from deleted contradictions {which are
underlying prerequisites) and [ be the set of other, unrelated beliefs.
(Thus ¥ = 5w B), and let the resolution of ¥ be performed on f} and
appropriate elements in 8 be reintroduced into ¥ after a query process.

Therefore in the presence of incoming beliefs |, the revision process will be as follows:
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Y - owP s
o

= gZEuNC(B} U b

For the derived belief set &, we initialize 886 which is the set of derived beliefs whose
status is changed from "DERIVED" to "OBSERVED". We then update 5% as
follows:
Yoed, & =& U a
sC s¢C
iff 9 —o. observed in query process.
This means that if the student does not exhibit a conflicting belief, an affected derived
belief is retained in the belief base with its status changed. The revised belief base

therefore becomes

% - wPus
N TR

B
e . u NC(B) v 6SC

The hest case result would be obtained when the student still holds all derived beliefs,
resulting in {A, B, S, V, L, ~U, C} from our last example above, while the worst case i3
where no derived belief is re-introduced, (or 6% = @), resulting in { A, B, L, U, Ch In
cither case, while maintaining belief system consistency, this revision scheme is less
restrictive than Huang et al.'s foundationalist approach in which the non-contradicted

observed belief A was deleted.

6.4.5 Extensions on dependents of incoming beliefs

Further extension is required before the definition of Eﬁw can be complete. It is

surprising to note that in Huang et al.'s revision example, the incoming beliefs are not
accompanied by dependents or derived beliefs. In order for a revision process involving
belief dependencies to be complete, revision with incoming belicfs (i must be followed
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by revision with beliefs which are derivable from the beliefs in 1. Revision therefore
hecomes 2 recursive process of revising with new heliefs, their dependents, their
dependents’ dependents, until no new dependents are found. At best, this recursive
process would result in the simple union of a previously revised belief set and a derived
helief, A. At the worst, the process would involve the removal of the dependent's
negation {—A) before the dependent itself is added. We therefore further extend the
revigion function as follows:

0
Sﬁw = C_ﬁmu ¥ A derivabie from L.
H y

Therefore if ®& = @"B UNCE) v &
i H s

s q}’
®Y ¢
= R
‘R " "
- PuNC) U §,
E’l SC

where 8'% is the set of beliefs derived from the contradictions of A. Again, thisis a

yf
recursive process in that if R w isY, say, we would need to revise 'y based on its own
A

set of derived beliefs.

A final note:  Although our beliels are of the form A = B, it is not difficult to see how

a conflicting belief is identified. From basic logic, A = B is False if B is False when

A B A=B
T T T
T ¥ F
B T T
F H T
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A is True, as shown in the truth table above Therefore if & basic belief is X =
{{catatonic-stupor T) (light-moods T}), the task of finding ~X would be that of
determining whether an incoming helief evaluates to {(catatonic-stupor T) (light-moods

¥)). If this is the case, then we would have succeeded in concluding —X.

6.4.6 RV satisties the AGM postulates
H
It now remains to show that ?ﬁw satisfies the AGM postulates, as should be the case for

any coherencist revision scheme. We shall illustrate postulate satisfaction with
examples. For all cases, let us assume that A = {D, B, §, =L, U, V}, and for
demonstration purposes, let us assume that no beliefs are derived from incoming beliefs.
Please recall that these postulates and their meanings have been discussed in Section

524

@

Postulate P1: A + x is always a theory

As defined earlier, a theory is a set of beliefs closed under its consequence. In our
helief set, derived beliefs are stored along with their justifying beliefs, so the
consequence of the belief set is the belief set itself.

HA={D,B,S,~-L U, Vliandx=¢€,

Atx =®P =(D,B,S,-L.U,V,C)

which is also a theory. This is one case when the incoming belief x 1S non-
contradictory, or —x € A. When x is contradictory, revision is by first deleting the
contradiction before adding x, as shown in the example for P3. In either case, the

resuliant belief set is consistent.
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Postulate P2: ve A4 X

Naturally, a belief set revised with a new belief must contain the belief with which itis

. - A . . .
revised. Thus C e R as shown in the last example. The most fundamental inclusion

&
test for consistency is that of addition into an empty belief set, or &+ x . We show that

revision of a null set with a non-null belief yields a consistent belief set. Since —x € &
@

W x, @ +x = {x}, V x, which is a consistent result.

Postulate P3: If—xe CnfA), then A + x = Cn{A U {x})

If x does not contradict A, then revision of A with x is the union of % with A. For
example, f A={D,B,8,-L, U, V}landx = C,—Ce A,

E}ié —AuC= {D,B,S,—L,U,V,C}. Thisis true regardless of the value of

Postulate Pd: fxe Cn(d),then A + x is consistent under Cn

Revision with a non-empty set of beliefs produces a consistent belief base. For
A o
example, =C ¢ &, therefore ":RC —AuC={D B S <L U, YV, C} whichisa
consistent (unconflicted) belief set. The base test for this postulate is when all elements
in A are recursively deleted as a result of the introduction of a new belief, x. In this
case, the resulting set is {x}, which satisfies postulate P2 and is consistent as is required

by P4.
Postulate P5: HOn(x) = Caly),then A + x = A + ¥

This is 2 case of coreferentiality. Revision with identical values yield identical results.

For instance, if we have two beliefs named x and y, and x =y = (all birds can fly), then

R = 9{‘;‘ — {D.B, S,—L, U, V, "all birds can fly"}
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Postulate P6: (A + x} A = A s—x, whenever Als a theory

As previously defined, ¢ is the contraction operator signifying the result of the remaoval
of a negating belief from a belief base. In our scheme this is 6—w without the partial
expansion by {L. For example, if A={D,B. & -, U, V}iandxis L,

As=s—x =1I{D/B,S§UV}

@

A+ x :%ﬁ = {D,B,S.U,V,L}
and(A + 0N A = {D,BS,UV,Lin {D,B,S, L, U V]

{D,B,5.U,V}

A e —x

il

Postulate P7: A+ &Ayy o CnlA + x) U {y}) for any theory A

LetA={D,B,S,—L, UV}
x=L, and
‘y=—1U
: _q AL
A+ XAy “%{mﬁU} ={D B, §,V,L,-U}

(A-:x) = %R

# = (D,B,S,U,V.L} and

(A + x) U {y} = {D,B,5,U,V,L, U}
S A+ XAY) c A+ v {yl

&

This result can be easily explained since (A + x) w {y} has not been revised with y

and thus contains {y} as well as all contradictions of y while A + (x A y) has been

revised with y and contains {y} but not any contradictions of y.
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Pastulate P8: Co{A +x) U yhao A + (xAy) for any theory A,

Ll

provided that —y ¢ A + X
This postulate is related to P7. Using the last example, suppose y=Cand —y € A + X,
it follows that (A + x) U {y}) € A + (xAy)

since {D,B, S, U, V,L}u {C} ¢ (D.B,SU,V,.LC}
OFf course the reason for assuming a subset relationship is to allow for beliefs that might

be derived from y. If other beliefs are derivable from y, then (A + (x A y)) would be
larger than ((A + x) W {y})

6.47 Single versus double belief bases

Finally we consider the issue of whether beliefs should be stored in a single belief base
or in two belief bases separated on the basis of correctness labels. Since we are
working on a tutoring application, labeling beliefs as correct or incorrect is a necessary
task, for modeling purposes. The issue then is whether or not correctness labels should
be applied in belief revision. It is natural to expect that in the belief revision process, an
incoming correct belief would be negated by existent incotrect beliefs, and vice-versa. If
beliefs are stored without any correctness labels, identifying contradictions would
involve looking at every belief in the entire belief base to determine the beliefs that
contradict an incoming belief. On the other hand, if beliefs are labeled, a revision
scheme need only look at a negating group for each type of incoming belief. For
example if an incoming belief is labeled as correct, the revision scheme need only
examine incorrect beliefs in search of contradictions. By this we argue that correctness
labels would facilitate the belief revision process in general. Further, since identification

of belief lahels would involve some compuier processing time (we conveniently divide
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the lookup of a belief into two phases: identification of correctness label and
identification of the belief proper), we also recommend the separation 0f beliefs into two
welief bases based on their correctness labels. This would save the time required to
examine each belief in order to determine its label. Therefore, if for instance there are &
total of 2n student beliefs, separated into two labeled belief bases, identifying a
contradiction would save 2n6 times where 8 is the time required to identify a belief label
in a single-belief-base environment, which time would not be spent if the beliefs are

separated in the first place.

6.4.8 Summary of belief revision
Tn the foregoing sections we have presented the nature of our belief system along with a
new belief revision scheme based on the Dalal-resolvent scheme. The function we have

defined 18 ERW which is set-theoretic, does not fail in a case of multiple incoming beliefs,

and is less restrictive than the Huang et al. scheme which is representative of the

foundationalist revision model. We have also shown that ‘ERW satisfics the AGM
L

postulates and thus qualifies as a coherencist revision scheme. The algorithms that can

be used 10 obtain the effecis discussed above are described in the rest of this chapter.

6.5  Overall Modeler activity and underlying assumptions

Since the Modeler is in a multi-module model and our research is not focused on the
other modules, we must make some assumptions about aspects of these modules which
may affect the Modeler's functions. Figure 6.1 shows the overall flow of activity within
the Modeler and how the Modeler connects to the Tutor at the end of the modeling

Process.
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CORE

“Deviation Finder labels
beliefs and identifies
. missing beliefs and
“gources of misconceptions”

/ Response Analyzer
| elicits beliefs and
% identifies student's
“golution paths

/ Knowledge Finder uses
f EPS solution as guide
\ to compuie alternative
%, paths

/ Belief Revision Unit updated
/ belief bases and passes all ~ }
L beliefs (comrect, incorrect ang
% missing) to Tutor

EPS takes Tutor's
query and produces a
correct solation

" Tutor applies modeled
beliefs to further teaching,
poses new queries to student
. and passes conwrol back t0 f
“Modeler e

Figure 6.1 Overall flow of Modeler functions: the modeling cycle

First, before student modeling can occur, the student must be presented with a problem.
We assume a problem-solving scenario in which a student using the overall tutoring
model is presented with a problem and is asked to provide the Tutor with a differential
diagnosis based on symptoms provided by the Tutor with the assistance of the Dynamic
Questions Module. After a case is presénted to the student, the following events follow

in sequence:

o the Expert Problem Solver (EPS) performs a forward chain through the knowledge
base and solves the same problem. The solution obtained by the Expert Problem
Solver will serve as a guide for the Knowledge Finder to generate alternative

solution paths.
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s the Knowledge Finder performs a backward chain through the knowledge base,
using the EPS's diagnosis to generate alternative paths to the problem provided by
the Tutor. These alternative paths enable the Modeler to perform strategy-
independent student modeling, since the student is not restricted to the resident
expert's solution path. The paths obtained at this stage will be analyzed by the
Response Analyzer to determine which paths the student is following in his/her

solution.

s the Response Analyzer then takes the student through a query session with the aim
of constructing beliefs using the student's responses 10 queries. Using these beliefs,
the Response Analyzer examines the alternative paths computed by the Knowledge
Finder and selects candidate paths that the student might be applying, based on
belief frequencies. For the query process, we assume an appropriate communication
system in the user interface which would control the interaction between the
Response Analyzer and the student. We also assume that the query process elicits
all of the student's beliefs for the current problem. The beliefs obtained during this
phase will be labeled by the Deviation Finder and also processed for identification

of misconceptions.

e the Deviation Finder, whose central objective is to identify misconceptions, takes all
beliefs and traces the knowledge base to determine whether each belief is correct of
incorrect. For each incorrect helief, the Deviation Finder then computes chains
ysing the belief's parts and analyzes the chains in order to identity possible
misconceptions. The Deviation Finder also identifies missing beliefs by

determining which correct beliefs in the EPS solution are missing from the student's
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beliefs. Labeled beliefs are passed on to the Belief Revision Unit for belief

malnienance.

o the Belief Revision Unit removes beliefs contradicting incoming beliefs, maintains
correct-usage counts for correct beliefs, and also derives new more beliefs using
inference rules. We have repeatedly mentioned that the belief system will be able to
derive new beliefs from ohserved beliefs using inference rules. We assume that
these inference rules exist, and that the belief revision unit simply applies the rules

as required.

e the updated belief system is then passed on to the Tutor, which structures further
interaction with the student based on the input from the Modeler. Further
interaciion may involve the Tutor teaching the student to address the missing beliefs,
or asking further questions, referring to remedial learning material, referring to
textbooks, and so on. At the end of the teaching interaction, the Tutor may present
the student with another problem, which reactivates the modeling cycle and the

process is repeated.

Details of the above sequence will be presented in the rest of the chapter. Units'
algorithms are presented in the same sequence of the overall activity described above:
Expert Problem Solver, Knowledge Finder, Response Analyzer, Deviation Finder,
Belief Revision Unit. As indicated in Figure 6.1, the core of our work concentraies on
the Deviation Finder and the Belief Revision Unit, using beliefs generated by the

Response Analyzer.

6.6 Expert Problem Solver's reasoning process
The rules in Appendix D are applied by the Expert-Problem-Solver in the solution of a
problem, that is, the gencration of a differential diagnosis given a set of symploms. Two
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alternative approaches were considered. The first involved using the tree structuse 10
generate a diagnosis. This however imposes an ordering on the Tutor's presentation of
symptoms. For instance, to accurately diagnose DELUSIONAL-DISORDER, the
Tutor would have to provide duration data before manic-syndrome. If this order is not
followed, there would be a generation of several temporary solution sets until the
necessary data are provided. For instance, if manic-syndrome information is provided
before duration, then the EPS would have two sets of differential diagnosis:

{DELUSIONAL-DISORDER,

PSYCHOTIC-MOOD-DISORDER,

PSYCHOTIC-DISORDER-NOS |
and  {PSYCHOTIC-DISORDER-NOS,

SCHIZOPHRENIA,

SCHIZOPHRENIFORM-DISORDER,

SCHIZOAFFECTIVE-DISORDER,

PSYCHOTIC-MOOD-DISORDER }
As more data is provided, the EPS would then discard unlikely sets. This approach
proved to be inefficient, particularly in a situation where the Tutor ultimately does not
provide the required symptoms or data. The EPS in such a case would produce multiple

differential diagnoses, which would make pedagogy more undirected and confusing to

the student.

The second approach is to allow the EPS to use the knowledge-base rules, and perform
set unions or intersections as data are provided. This approach does not impose any
ordering on data presentation, and is perfectly accurate even in the face of incomplete
data. The EPS would use the rules which apply to a current data, and merge the
resultant differential-diagnosis group with the previously obtained set. There is only
one differential diagnosis at any point in time, and we observed each diagnosis to be
accurate with respect to the tree structure, at any point in the solution process. We

chose this approach above the tree-reasoning approach.
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We have employed the following disorder abbreviations: for this and other algorithms:

DELUSIONAL-DISORDER DED
PSYCHOTIC-DISORDER-NOS PDN
PSYCHOTIC-MOOD-DISORDER PMD
SCHIZOPHRENIA SCH

SCHIZOAFFECTIVE-DISORDER SED
SCHIZOPHRENIFORM-DISORDER SPD
BRIFF-REACTIVE-PSYCHOSIS BRP
ORGANIC-MENTAL-DISORDER OMD

We have implemented the EPS in this design, and the following four algorithms (6.1 to

6.4) describe how this was done.

Aleorithm 6.1:  The EPS Differential diagnosis

Input:

Process:

S Set of symptoms
Z&: set of rules in knowledge-base

Forward-chain through &% to obtain PD for each symptom
Intersect PDs to obtain diagnosis

Variable names:

DD: Differential diagnosis

PD:  Partial diagnosis (for a symptom)

resp$: a string response to a query

i, j, count: loop varables

WM: working memory

nsymptoms: number of symptoms

new-prec: current precondition under search

searchbase:  subset of Z# being iraced

branch-point: a point of branch among rules in searchbase

CDD: current differential diagnosis after considering a new symptom

Mark: a binary flag which indicates whether a rule has been visited by the
depth-first algorithm

o. asymptomin 5
7. arulein K&

Output:  DDgpg (Expert Problem Solver's differential diagnosis)
procedure compute-eps-diag( )
begin
DDppg = WM = & {initially nulls} (D
count = {while loop counter}
while resp$ <> 'no’ do (2)
begin
input (‘any new symptoms? ), resp$ (3)
if resp$ <> 'yes' exit; {while} (4)
nsymptoms := 0 {initialize number of symptoms}
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count = count + 1 {increment number of while loops}
foreach i:=1 till done do {Collect Symptoms} (5)
begin
read o,
append to £in WM {working memory }
nsymptoms = nsymptoms + 1
end {fori}
for each 0, € Sdo {Compute Symptoms' pds} (6}
begin
initialize Py, = ) (7

new-prec =G,
branch-point =0
searchbase = &

for each rule 1 in searchbase do (8)
Markg, == 0
*chainnruﬁ s*(new-prec, searchbase) (9)
end; {for G}
loop-differential(nsymptoms) §10)]
ifcount = 1 (1H

then DDppg = CDDyoomnioms

else DDEPS = DDEPS a CDDnsympmmS

{Interscction across Symptoms}
print DDpgpg { Print and reset WM} (12)

WM = & (13)
end; {whilc}
end; {compuie-eps-diag})

Algorithm 6.1 obtains the EPS-differential diagnosis given a set of symptoms and the
Knowledge-Base rules. We are using the set theoretic covering model approach as used

in Reggia et al. (1983). Given a set of symptoms ({6, Gy, ... C ) and

nsytilptoms:}

disorders ({81, 52, ... 0 1), the covering model obtains a minimal set of

ndisorders
disorders that commonly account for the given symptoms. This minimal explanation is
the differential diagnosis (DDpgpg). which could be a single disorder or multiple
disorders, and is obtained by performing a set intersection across the pariial diagnoses
(PD) obtained for each separate symptom. In the event that the differential diagnosis set

is reduced to a single disorder, it may be called simply a "final diagnosis”, and not
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necessarily a differential diagnosis, since the latter term is more commonly used for

multiple disorders in the same set.

Algorithm 6.1 uses Algorithms 6.2 to 6.4, At the start of the algorithm, DDgpg, WM

and each PD, are aulls (1). The algorithm first prompts for the presence of new
symptoms (2) - (4), without which the procedure cannot continue. The symptoms are
then read into WM (5). Then for each symptom, there is a forward-chain through the
Knowledge-Base (KB) to obtain the PD for that symptom(6)-(10). The chaining is
done by a recursive procedure named *chain-rules® (Algorithm 6.2) which identifies
the disorders covered by the current symptom (9). To do this effectively, the variable
Mark is initialized to zero for each rule, indicating that no rule has been visited for the
current symptom. The PDs resulting from *chain-rules® are then sent to a recursive
procedure named loop-differential (Algorithm 6.4.) which obtains the differential

diagnosis at the presence of each new symptom (10). The result of loop-differential

becomes the final differential diagnosis, DDgpg. Since DDy is initially null, count
must be considered to avoid obtaining a null at all times (since V. X, X N % =&). For
the first while loop (first set of symptoms,), DDpgpg is CDDnsympwms (11), and in
subsequeiit Joops, an intersection with CDDyevniome At the end of computations with
the available set of symptoms, the WM is reset and compuiations continue with any new
set of symptoms (13). The current DDgpg is modified to include the PDs generated by
the new set. The process continues untii no new symptom is introduced to the probiem

at hand.

Note that all symptoms are accounted for in the final diagnosis. This is because the
approach being used assumes the derivation of a set of disorders each of which explains
all the symptoms. Reggia et al. (1983) agrees that if any sympiom is not accounted for
in the diagnosis, then we would arrive at an empty sct. This is because if the disorders
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in DDppg (181, 85, - . 8,1) are absent from the PD (say {&;, 84, ... &,}) for an
unexplained symptom, then the intersection of the two sets would be @, The result is

that each disorder in the final DDy,g covers all the symptoms involved in the entire case

being considered.

The processing done above is facilitated by the nature of the rule-organization in the
Knowledge-Base. Each rule represents an IF ... THEN relationship of the Lisp-
form:

(rule-id ((preconditionl) (precondirion.z) - (preconditionﬂ))

(rule-conclusion)
(resultant-disorders})

Rule-id uniquely identifies each rule. Each precondition is of the form:
(operator, keyword, keyword-value),

where operator is a logical operator, keyword is a variable name (of a basic symptom or
some intermediate conclusion), and keyword-value is the value being tested for keyword
in the precondition. For example, (equal a [0) implies that the variable 'a' is expected to
have the value '10' for that specific precondition to hold in that specific rule. The
preconditions are implicitly recognized as the IF part of the rule (or antecedent) , while
the rule-conclusion is the THEN part. Resultant-disorders is the set of disorders
covered by the rule-conclusion, and is manually compiled from the DSM-I-R graph
represented by the Knowledge-Base. We have included them in each rule as a check, to
verify that the results obtained from our algorithms are accurate; we do not use them as

computed solutions since they were compiled manually.

To obtain the overall antecedent, the preconditions are ANDed together in each rule.
Any sets of preconditions involved in OR relationships are split into multiple rules. In

each rule therefore, the relationship between preconditions is an AND. Rules which
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resemble one another and differ only minimally, suggest an original OR relationship
resulting in separation of the OR'ed preconditions. Maintenance of an AND-only
relationship among preconditions was done to facititate readability of rules, by allowing
the view, in each rule, of a single group of preconditions associated with specific
disorders. This separation also promotes consistency of rule structure, which feature

promotes smoothness of implemeniation programs.

f (Manic- N Byndrome = T)
iSyndrome = Nil) } {(MD >= PDD) }

\_ Rule19 / \_ Rule2l /

SCHIZ-GROUP-3

\ Aflal = Ni) A

ocial-effect
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\ “Rule22 / \ o/

% Ruole23 A A
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DISORDER (PMD) |
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tirme <= 34
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DISORDER (SPD}
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MD: Mood-Duration
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Therefore, given the modified rule-set presented in Appendix D, we obtain role-graphs

or networks as shown in Figures 6.2 to 6.4

Aloorithm 5.2:  The rule-chainer

Input: new-prec: current precondition under search
scarchbase:  subset of Z% being traced

Process:  Forward-chain through searchbase to identify rules involving current
symptom
Do union of disorders at end of chains

Variable names:
PD:  Partial diagnosis (for a symptom)
i1 loop variables
RC: rule-specific conclusion (disorder or an intermediate conclusion)
RPREC: rule-specific preconditions
new-prec: current precondition under search
searchbase:  subset of ZAZ being traced
branch-pt: a point of branch among rules in searchbase
branch-rule:  the rule at which a branch is made
branch-prec:  precondition for making next chain connection
Mark: indicates whether all of a rule's descendants have all been visited

G. asymptomin 5
. arule in &
Output:  PD:  symptom-specific partial diagnosis

procedure *chain-rules* (new-prec, searchbase)

begin
for each rule T; € searchbase do (1)
if Markrcj = 0 then {go to next rule if current rule is marked } (2)
begin
if new-prec € RPRECTJ- then (3)
begin
branch-pt := branch-pt + 1 {4

brauch—ruiebrmch_m = T
branch-prec = R(}tj

searchbase = searchbase - {1y Uty U . . . UTj)
if RCTJ- c Disorder-set then (5)
begin
PDg, = PDg,  RCy (6)
Mark@j =1 {6h)
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*hackirack™® (7}
end; {then}

else begin
new-prec = ’{CT}- (8)
*chain-rules(new-prec, searchbase) (9
end; {if}

end; {if new-prec}
end; {if Markfg}-}
end; {for Tj}

*hackirack® {end of searchbase, or 'dead-end'} (1
end; {*chain-rules*}
Algorithm 6.2. is a forward-chaining procedure which performs an exhaustive depth-
first search of the searchbase under consideration, with a view to finding the disorders
associated with the current symptom, ;. The reason for the forward-chaining is
because the Knowledge-base is a multi-level hierarchy in which one rule’s conclusion is
involved in another rule's antecedent, and so on, until some rule at the end of a chain
concludes an actual mental disorder. All rules concluding non-disorders are regarded as
intermediate-conclusion rules. *Chain-rules* uses the procedure named
*hacktrack® (Algorithm 6.3), which backtracks to search unvisited rules. At the start
of *chain-rules* for each symptom (new-prec), searchbase is equivalent to 2%, all of
whose rules are marked zero (unvisited) for that symptom. The Algorithm performs a
loop through searchbase (1) and aims for unmarked rules (2). First, it looks for the first
rule in which new-prec is true (that is, a rule whose preconditions include new-prec) (3).
If such a rule Tjis found, it becomes the next branch-rule, with branch-pt ncremenied
by 1 (4). The rule's conclusion (RC) becomes the branch-prec, which will be used later
{0 chain the next logical point in the searchbase. Searchbase is then updated to become
the rest of searchbase from 7;. Nexi, the rule's conclusion is examined to determine
whether it is some final disorder or not. If it is a disorder (5), that means we have
reached the end of the current chain, and we update PD@'i o include the specific
disorder, mark the current rule as visited, and then backtrack to the preceding branch
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point (6) - (7). The reason for using a union operation (o update the symptom's PD is
that any of the disorders in its P can cover the specified sympiom. If on the other
hand RC% is not a disorder, then it is an intermediate conclusion, and it becomes the
new precondition to be used to chain the next togical point in searchibase (8) -(9). (9)is
one recursive call within the *chain-rules® procedure. At that point, we are calling the
depth-first search with the current rule current new-prec at the root. Steps (4) - () are
consequent to step (3). At the end of the chain through the current searchbase, the
procedure performs a backirack to the preceding branch-point, (o examine unvisited
rules (10). There are two conditions under which *hacktrack® is called: when the
current searchbase has ended, or a disorder-concluding rule is reached. In all cases, the

procedure understands that the current chain has terminated, and *backtrack® is called.

Algorithm 6.3: The hacktrack controller

Input: branch-pt: a point of branch among rules in searchbase
branch-rule:  the rule at which a branch is made
branch-prec:  precondition for making next chain connection

Process: Determine if backirack is possible
Determine most recent hranch point
Set backtrack variables and activate *chain-rules®

Variable names: i loop variable
new-prec: current precondition under search
searchbase:  subset of A% being traced
branch-pt: a point of branch among rules in searchbase
- branch-rule:  the rule at which a branch is made
e branch-prec:  precondition for making next chain connection
cbr:  current branch rule
Mark: indicates whether all of a rule's descendants have all been visited

G asymptomin S
7. arulein K&

Qutput: nil
procedure *backtrack™( )
begin
¢hr = branch—z‘ulabmnch_pt {current branch rule} (1)
Mark g, = 1 {mark as completely traversed } (2)
branch-pt = branch-pt- 1 {backirack to preceding branch-point}  (3)
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if branch-pt = -1 then (4)
return-to compute-eps-diag
{indicates no new pds for current symptom }
else if branch-pt =0 ther
begin {find new rules involving original symptom}

new-prec = G,

search-base 1= & - {1, UT, U . . . U chbri
*chain-rules*(new-prec, searchbase)  {chain again}
end; {then}
else begin {that is branch-pt is neither § nor -1} (6)
new-prec = brand%-g}recbmm_pt

searchbase = ZE&-{1; Uty U . . . U branch-ruley o
*chain-rules*(new-prec, searchbase)

end; {if branch-pt = 0}
end; {if branch-pt = -1}
end; {*backtrack™}

Algorithm 6.3 is the backtrack algorithm, which allows accurate backtracking in the
chaining procedure. Cbr is the current rule from which the backtrack is to be made {1).
First, this rule is marked visited (2). This step may appear to be a repeat of step (6b) of
Algorithm 6.2., but that is not so because the latter is only one of the cases under which
backtracking is performed, as discussed earlier. Under the end-of-searchbase condition,
the rule to be marked is not the current rule, but the latest branch rule. In the case of
(6b) of Algorithm 6.3., the latest branch point happens to be the current rule also. This
is not so in the former case, and it is important to mark the current branch rule as visited
before backtracking to the preceding branch point. A marked branch point tells the
chaining procedure that all of the logical descendants of the current rule have been
visited, and it would be computationally redundant to re-visit them. For the actual
hacktrack process, first branch-pt is decremented t© point to the preceding branch-rule
(3). Three classes of values may be obtained from this step. If branch point is anything
other than zero or -1, new-prec is set to the branch precondition of the latest branch
point, while searchbase is set to all rules from and excluding the latest branch-rule, after

which *chain-rules® is called (6). If branch-pt is zero, that means the chain resulting
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from the current start-point for the current symptom, has ended. The chainer must now
ook for a new start-point at which the current symptom also holds. This is
necessitated by the AND-only structure of our Knowledge-base preconditions, the
result of which a particular symptom may occur in more than one rule. In this backtrack
case, therefore, new-prec is reset to the current symptom, and searchbase to all rules
from and excluding branch-rule; (since branch-pt was 1 before decrement). Then
#chain-rules® is called (5). The last possible value for branch-pt is -1, which means
that a backtrack is being performed immediately after a backtrack from (branch-pt = ().
This implies that in the previous backirack, no new start-point was found for which o,
holds. The chainer must therefore exit to repeat the chaining procedure for the next

symptom {4).

Aleorithm 6.4: The final differential diagnosis recursion

Input: PDs: the partial diagnosis for all symptoms

Process: Recursively intersect current differential diagnoses
(similar to the mathematical factorial recursion)

Variables: i:  loop variable
g asymptomin S

Output:  CDD: current differential diagnosis after considering current symptom

procedure loop-differential(nsymptoms)

regin
loop-differential(l) = PDg, (1)
for i = 2 to nsymptoms do

CDD; = ?Dﬁi M loop-differential(i-1); (2)
end; {loop-differential}

This algorithm recursively intersects the PD of the current symptom, with the result of
the same procedure performed on preceding symptoms, t0 obtain CDD. This is done

for all the symptoms in a single set, referring to steps (2) - (5) of Algorithm 6.1. The
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updated diagnoses have been obtained by a set intersection operation of current partial
diagnoses with the previous differential diagnosis. This approach has been apphied
because a patient wonld normally go to a physician with a list of interacting symptoms
(for example, headache and fever and vomiting, and so on). Also, we assume that each

of the disorders in the final disgnosis must cover all the symptoms in the case.

Example 6.1

The following example illustrates the functions described in Algorithms 6.1 to 6.4, The
task is to compute a differential diagnosis given a set of symptoms. Suppose we have
the following symptoms:

{equal excitement T)

(equal organic-factor nil)

(= duration 1)

(equal schizophrenic-prodromal-symptoms  nil)
(equal emotional-turmoil T)

(equal stress-response ‘psychotic)

(equal full-mood-syndrome  nil)

& © © 9 © 8 @

This is a complete set of symptoms leading to the single-disorder differential diagnosis
BRIEF-REACTIVE-PSYCHOSIS (BRP) when traced on the DSM-III-R-based graph
for the diagnosis of psychotic disorders (Appendix C). Note that we use arithmetic
operators (= < >) only for numeric variables. We shall illustrate in this example how

our algorithms arrive at the same differential diagnosis.

Starting with the symptom (excitement = T), Algorithm 6.1 (compuie-eps-diag)
identifics Rule-05 as the first rule in which the symptom holds. It then passes control to
#phain-rules® (Algorithm 6.2) for the rule-chaining process. The rule-chaining can be
better understood by observation of the graph from Rule-03, shown in Figure 6.5. Two
major chains emanate from Rule-05: that ending at Rule-(8, and that continuing from
Rule-09. Rule-05, Rule-08 and Rule-09 constitute branch-points 1, 2 and 3,

respectively.
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After reaching Rule-08, *chain-rules™ obtaing a terminal disorder, and PD o sement =
T becomes {Organic-Mental-Disorder}, or {OMD} for short. It thea calls
*hacktrack®, returning to the latest branch-rule (which is Rule-05). Continuing from

Rule-09, *chain-rules® traverses to Rule-10, then to Rule-14 and Rule-15, updating

PD(exciicmem =Ty 10 {OMD, PMD, BRP}. Ithen backtracks to the latest branch-pt

(Rule-09), and proceeds to Rule-11. This process continues, and summarizing the
network from levels (top-down) and Lefi-to-Right, we obtain the overall partial
diagnosis for (excitement =T} as

PD excitement = T) = {OMD, PMD, BRP, SED, SCH, SPD, PDN, DED},
or PD {(BRP, DED, OMD, PDN, PMD, SCH, SFD, SPD},

(excitement = T) =

soried in alphabetical order. The same procedure is repeated for each other symptom.

(Emotional-turmoil = T) (Full-mood-syndrome = nil)

/" Rulesi0 N
s\ Light-Meods /

(&) {b)

Figure 6,6. Low-density search graphs

The density of the search-graph for any symptom depends on the symptom's depth in
the Knowledge-Base hierarchy of Figures 6.2 - 6.4, as well as the depths of the terminal
nodes associated with the symptom. For example, Figure 6.6. shows the overall search-
graphs for (emotional-turmoil = T) and (full-mood-syndrome = nil). Of particular note

is Figure 6.6b, which contains only one node, which happens to be a terminal. This
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graph would constrain the entire differential-diagnosis procedure to ohtain a single
disorder, since the differential diagnosis is obtained by intersecting all partial diagnoses.
Thus, for a given sympiom-set, a single-disorder-diagnosis is obtained iff there exists
at least one single-node graph (multiple single-node graphs must necessarily contain
identical nodes so that the entire search procedure does not produce a null set
diagnosis). Otherwise, we expect the algorithm to produce one or more disorders in the
final differential diagnosis.

Following the procedure described above, we obtain the following partial diagnoses for
the given symptom-set:

= {BRP, DED, OMD, PDN, PMD, SCH, SFD, 5PD}
{BRP, DED, PDN, PMD, 5CH, SFD, SPD}

{BRP, PDN, PMD, SCH, SFD, SPD}

= {BRP, DED, PDN, PMD}

PD(equal excitement )
(equal organic-factor nil)
(= duration 1)
(equal schizophrenic-prodromal-symptoms nil}

(equal emotional-turmoil  T) = %ggg, g?ﬁgi
(equal siress-response  ‘psychotic) = ’
b {BRP}

(equal full-mood-syndrome  nil)

These are all obtained by *chain-rules* and #hacktrack®, and can be verified by

observing the DSM-TII-R graph of Appendix C. On return of control to compute-eps-

diag, the last algorithm (leop-differential) is called for the final DDppe. Loop-

differential then obtains values as follows:

{BRP, DED, OMD, PDN, PMD, SCH, SFD, SPD}

loop-differential,

loop-differential, PD(organiC-facmr —nip M loop-differential;

= {BRP, DED, PDN, PMD, SCH, SFD, SPD}

~ {BRP, DED, OMD, PDN, PMD, SCH, SFD, SPD}
= {BRP, DED, PDN, PMD, SCH, SFD, SPD}

]
=]

L]

loop-differential, y M loop-differential

PD(full-mood—syndromf: = nil
{BRP} n {BRP, PMD}
{BRP}
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On return (0 compute-eps-diag, DDppe is set to {BRP}, and the algorithm awaits

another symptom set, in whose absence the process is terminated.

6.7 Knowledge-finding: Computing alternative paths to same solution
There are theoretically four possible situations involved in a student’s response of

problem-solving results:

Correct Response + Correct Reasoning
Correct Response + Incorrect Reasoning -
Incorrect Response + Incorrect Reasomng (IRIR)
incorrect Reasoning + Correct Reasoning  (IRCR)
The 1ast alternative is impossible because an incorrect response always comes as a result
of some incorrect reasoning at some point (even if it is at the very last step) of the

solution process.

The aim of effective modeling is to ensure that the student's response is both correct and
complete, without putting any restrictions on solution straiegy. We have therefore
concentrated on designing a strategy-independent evaluation model, whereby the student
is permitied to solve a problem in any desired way, as long as the result is correct and
complete. This capability is made possible by the Knowledge-Finder, which computes
all alternative paths to the same solution obtained by the Expert Problem Solver in
Section 6.6 above. The alternative paths are then passed on to the Response Analyzer
which would determine which candidate paths the student is applying in a solution.
These paths are compuied using the Knowledge-Base. This component of our design

has also been implemented, and Algorithms 6.5 and 6.6 describe the procedural details.

Alsorithm 6.5;  The Knowledpe-Finder's alternative paths

input: 275 setof rules (reverse knowledge-base)
DDy, EPS's differential diagnosis

Process: Pass through &% to obtain alternative reasoning paths
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Varables: DID:  Differential diagnosis
BD: Base diagnosis
RG:  Recurrent Group
nrules: number of rules in BK
RD: rule-specific differential diagnosis
RGHN: rule-specific diagnosis group name
PPREC: Principal precondition in rule
i,j,m: loop variables
¢ Search List {(subset of BK)
PB:  Path Buffer
INC-PATHS: an array of incomplete paths
INC-LISTS: an array of search lists for INC-PATHS
npaths:  number of alternative paths
ipcnt: number of incomplete paths

p: apath in INC-PATHS

7. arule in B or 8L
update-paths: path update procedure (see Algorithm 6.3)

Output: S&:  setof alternative sirategies (paths) to DDgpg

procedure compute-alternative-sirategies( DDpgpg)

begin
npaths = ipent =0 {initialize variables} (1)
£2 - INC-PATHS = INC-LISTS = J
foreachrule 1, € X do 2)
begin
if RD"Ci D DDypg them {beginning of a major path} (3
begin
PB:=1; {initialize path buffer} (4)
BD = PPREC.H
RG := RGN,
i
SL=BE-(T, U Tiy1 Y - -Y Tynles) (5)
update-paths {call update procedure } (6)
while 3 some new pi's (j=1 tom), < INC-PATHS do (7
for each p; do (8)
begin

S4 = INC-LISTSp,
PB := INC-PATHSp,

RG := RGN,

BD ;= PPRECt; {initialize BD to PPREC} (%)
{of first rule in 8L}

update-paths; (1)

end; {for pj}
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end; {while}
end; {if}
end; {for 1}
end {compute-alternative-sirategics}

Algorithm 6.5. produces a set of paths or strategies (S%) which lead to the same
diagnosis obtained by the EPS in Algorithm 6.1. It takes the DDpyg as input and
performs a backward chain through the knowledge-base to obtain all possible paths to
the same conclusion. This is an exhaustive listing which involves depth-first search and
chronological backiracking at several points of the knowledge base. At every
backtracking point, the current sub-path is saved into an incomplete-paths data structure,
for future completion. This procedure is similar to the combined set of Algorithms 6.1
{0 6.4, except that a different approach is taken since whole paths are saved rather than
just the accumulation of final disorders done in preceding algorithms. Thus a node in
the above graph may be visited more than once, in order to obtain an exhaustive set of

paths leading to the EPS's final diagnosis.

At the start of the procedure, variables are initialized, including the Strategy-base (S&)
which is empty. INC-PATHS contains incomplete paths which wiil be completed by
tracing the sub-knowledge-bases stored in INC-LISTS (1). We have reversed the
Knowledge-Base (Z®) to obtain 8%, which allows backward tracing of X&. Then

each rule in 8% is analyzed to determine whether its conclusion contains DDppe (2).
Any rule concluding DDgpg becomes a starting point (or root) of possibly several paths
(3). If a rule, say T; does conclude DDgpg, £ is split to be replaced by untraced
portions of % up to T;. This is the search-list, g4 (5). The path bufter (PB) is
initialized to start at T;, and the base diagnosis BD is initialized to T;’s principal
precondition PPREC,ti while the recurrent-group RG is initialized to the rule-group-

name of T;, RGNy, (4). BD is used to connect to the next point of the path, in that the
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principal precondition of the current rule T; must have been concluded by some later (in

BE) rule - Once such T is found such that PPRECﬁ = RGN,C?, then we get rule T

connected as the next path point. RG is used to identify points of multiple path

creation. If a rule-group-name oceurs in more than one rule, then multiple paths are

created to accommodate each occurrence. Bach new occurrence (say at rule Tg,) is saved
as the end of an incomplete path up to T,,. Once these variables are initialized, the
update-paths procedure (Algorithm 6.6) is called to complete the trace (6), after which
incomplete paths are completed in (7) and (8). Incomplete paths are traced by reloading
each incomplete path along with its search list SL, from INC-PATHS and INC-LISTS,
respectively. Then BD and RG are initialized and the complete tracing is performed by
update-paths (10). Further incomplete paths can result from this trace, so the

incomplete-path tracing is a recursive process (7).

The result is a set of paths, some of which may have some rules in common,
representing disorders repeated in several paths. This is expected, since each path is a
correct route to the final EPS diagnosis, and each may involve all the symptoms used in
the initial derivation of DDygpg. Bifferences in paths may include order of conclusions,
and other symptoms which may be assumed to arrive at the same conclusion. Jtis lefi
to the Tutor (in conjunction with the Response Analyzer) to query {0 determine what
assumptions the student is making, and what paths he/she may be following to arrive at

some conclusion.

Algorithm 6.6: tIpdate-paths procedure

Input: BD:  Base Diagnosis
PB:  Path Buffer
RG: Recurrent Group
Z4 Search List
U set of domain-specific derivable conclusions

Process: Connect new points to path
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Create new subsidiary paths

Variables:
nrules: number of rules in BK
RD: rule-specific differential diagnosis
RC:  rule-specific conclusion
PPREC: Principal precondition in ruie
loop variable
iNC PATHS: an array of incomplete paths
INC-LISTS: an array of search lists for INC-PATHS
npaths: number of alternative paths
ipcnt: number of incomplete paths

o: a path in INC-PATHS

v arulein BRor 84
Qutput:  Updated INC-PATHS, INC-LISTS, 5%

procedure  update-paths()

begin
for each rule 1y S do (1)
begin
if RCTJ. =B then (2)
begin {Connect new point}
PB:=PB U T
if PPRECTJ. e DUE (3)
then BD := PPREC. (4)
else begin {end of path}
npaths := npaths + 1
Sgn paths = reverse PB (5)
PB :=PB - 1 (6)
{make room for moie end points}
end; {else}
end {if}
if RC@ = RG then {Creaie subsidiary path} (7)
E}egm
ipent :=ipent + 1
ENC—?ATHSWE = PBuU & (8)
INGLISTSipm = SL- (T YT Y - YT ks )
end; {if}
end; {for1;}

end {update-paths}
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Algorithm 6.6. performs the tracing of a path initialized in Algorithm 6.5, from which it

receives BDY (base diagnosis), RG (recurrent group), SL (search list) and the path buifer,
PB. Hssentially, £ is traced to look for BD and RG (1), If a rule Ty is found

concluding BD (2), Ty, becomes the next point in the current path, as described above
(3)-(6). Rule 1 is added to the current path buffer, and the path ends if 1's principal
precondition (PPREC) is an indecomposable symptom (5)-(6), otherwise (PPRECTk) is

a derivable conclusion, Ty is simply the next point in the current path (4). if Ty

concludes RG, then a new incomplete-path is created and appropriate contents and

search list saved into INC-PATHS and INC-LISTS, respectively (7)-(5).

Example 6.2
As an example, let us follow up on Exampie 6.1's DDppg, {BRIEF-REACTIVE-
PSYCHOSIS}. The aim of the Knowledge-Finder is to compute all paths that could be
followed to arrive at the same conclusion. To better visualize this process, Figure 6.7,
shows a backward graph with the single node concluding {BRIEF-REACTIVE-
PSYCHOSIS} (Rule-15). Circled numbers in Figure 6.7 represent rule-ids, and we
have removed rule preconditions and conclusions for easier readability. Exhaustive
reverse listing of this graph gives us the following 7 paths (listing only the rule-
identifiers, for readability):

(Rule-01 Rule-09 Rule-10 Rule-13)

(Rule-02 Rule-09 Rule-10 Rule-15)

(Rule-03 Rule-09 Rule-10 Rule-15)

(Rule-04 Rule-09 Rule-10 Rule-15)

(Rule-05 Rule-09 Rule-10 Rule-15)

(Rule-06 Rule-09 Rule-10 Rule-13)

(Rule-07 Rule-09 Rule-10 Rule-15)

Tncluding the preconditions and conclusions would give us, for example, the first path as

the following {comiments italicized):

(((equal delusions T), psychotic-symptoms-positive) { for Rule-01}
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({cqual psychotic-symptoms-positive TV {equal organic-factor nil)), non-organic-
disorder) { for Rule-0%]}
{(equal non-organic-disorder T) ~ (<duration 4; * (equal schizophrenic-prodromal-
symptoms nil) * (equal emotional-turmoil T} * (equal stress-response
‘psychotic)), light-moods) { for Rule-10}
{(equal light-moods T) * (equal full-mood-syndrome nil)) brief-reactive-nsychosis))
{ for Rule-15]

BRIEF-REACTIVE-PSYCHOSIS

Fioure 6.7.  Knowledse-Finder's graph for Brief-Reactive-Psychosis

Notice that Rule-09 always branches off to Rules-01 to -07. We can therefore
heuristically reduce the search procedure by letting the algorithm automatically chain
Rules-01 to -07 anytime it reaches Rule-09. The same heuristic can be applied to any
node branching off into the same set of multiple nodes. Notice also that the total
number of paths in 2 graph can be computed as the sum of the product of the number of
paths in each separzi(tely linked sub- graf_:()h:

npaths = Zplr, where pr = Htir, where br is the number of branches at each
pr= hr =

ievel of the sub-graph. For example, in Figare 6.7, there is only one separate sub-graph

in the overall graph, withpr=(1 * 1 * 1 *7) =7 paths.
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Applying a denser example, suppose that the EPS arrived at the {PSYCHOTIC-
MOOD-DISORDER}, Figure 6.8, represents the graph whose top-level nodes are the
five rules concluding {PSYCHOTIC-MOOD-DISORDER .

This graph contains three separately-linked sub-graphs (that from Rule-14, thai from
Rules-34/35, and that from Rules-28/29).

This gives us

npaths = (1¥1*1%7) + (Z¥DPRIF3*IRT) 4 (ZHIFIRIFIHT)
7 0+ 42 + 42
91

Exhaustive search and listing of this graph produces ninety-one paths.

PSYCHOTIC-MOOD-DISORDER

Ficure 6.8: Graoh of paths concluding Psvchotic-Mood-Disorder
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6.8 Response Analysis: [dentification of student's beliefs and strategies

it is not expected that the student would always correctly apply any of the strategies or
paths discovered by the Knowledge-Finder in Section 6.7 above. The Tutor expects
intermingling, omissions, and extra inclusions, which lead to incorrect responses.
However, by guerying the student for justifications, alternative reasoning, and
underlying assumptions, the tutoring model can determine which of the sequences the
student is applying, albeit, skeletally. The task of uncovering the student's beliefs and
straiegies is performed by the Response Analyzer. Beliefs are identified using queries,
while solution strategies are identified by computing the Knowledge Finder paths which
contain the highest frequencies of the student's current beliefs. Algorithms 6.71t06.11
describe the details of how the Response Analyzer performs these functions. Unless
otherwise specified, belief symbols refer to the basic belief (antecedent = conclusion).
We have left out belief identifiers, types and justifier sets (which will be included in an
overall belief structure by the belief revision unit) for convenience. This also applies to

the Deviation Finder's algorithms.

Algorithm 6.7:_ Response-Analyzer's beliefs

Hput: Tutor-Student Interaction
S%.  Strategy-base (set of alternative strategics)

Process: Identify student beliefs
Identify student strategies

Variables:
A,C, D, E,F SR: Interaction and belief variables
QI, OQN, QA: Query type abbreviations
B: A single belief {Be &)
bent:  Number of student beliefs per sirategy
i ioop variables

@: asingle strategy {¢ € §8)
§: threshold for determination of candidate strategies

Output:  &: Set of Beliefs
£S5 Setof candidate strategies { €5 C S8)
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procedure  identify-behiefs()

begin
generate random number (i}
case  {Phase One: Identify beliefs using randomly generated queries}  (2)
1. guery-for-justification(A, SR) 3
2. guery-for-negation(C, SR} (4)
3 (guery-for-assumption{A, SR) (5)
end: {case}
for each compound belief do fsay (A ~ C) = D)} {6)
begin {separate into single units}
if connector is AND then create concurrent set (7)
{e.g. (A=D)(C= D))}
if connector is OR then creaie multiple sets (8)

{eg. (A= D), (C = D)}
end; {for}
end {identify-beliefs}
Algorithm 6.7 represents the first major task of the Response Analyzer: identification of
the student’s beliefs. This is done by getting the Tutor to present the student with a
series of queries of different types (see Algorithms 6.8 - 6.10). First, a random number
is generated to identify what type of query is to be posed to the student (1). Then based
on the random number generated, queries are posed in (3) - (5). "A" in (3) and (5)
signifies the most recent student response, which is the subject of the queries. "SR"
signifies an expected (new) response which the student will give after a guery has been
posed. "C" in (4) is an alternative value for the keyword of the Tutor's latest question,

which is generated to test the student's reasoning about alternative situations.

After obtaining beliefs, the Response Analyzer identifies those beliefs that contain
multiple antecedents (compound beliefs), and breaks them up into single-antecedent
beliefs (6). For instance, multiple beliefs involving an AND operator are split 1nto
multiple concurrent single-antecedent beliefs (7), while OR-ed beliefs are split into

multiple disjoint single-antecedent beliefs (8). The reason for this split is to facilitate the
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labeling of beliefs in traces which will be done by the Deviation Finder in Algorithms

6.17 and 6.15.

Algorithm 6.8  Query-for-justification

Input Ar Student input

Process:  Ask gquestion
Obtain student response, SR

Cutput: QQJ: a belief
procedure query-for-justification(A, SR)
begin
print (‘How did you arrive at’ A 7’} (1)
input SR (2)
BQJ = (SR = A) (3

end {query-for-justification}

Algorithm 6.8 obtains the student’s response to a query based on his or her last input.
A query-for-justification asks for the student’s reason (2) behind an input A (1).
After the student offers a response (SR), the Response Analyzer generates a new belicf
signifying that the student believes that SR is a justification for the previous response,

"A"(3)

Alsorithm 6.9:  Querv-for-negation

Input: A: Student input
K: keyword of previous Tutor question

Process:  Ask question
Obtain student response, SR
Perform query-for-justification on SR

Variables:
D, Y,SR: belief paris
range-start:  beginning value for a variable's range of values
range-end: Tast value for a variable's range of values
K a keyword, signifying a variable
Output: &QN: a belief
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ﬁQ}’: a helief

procedure query-for-negation(Y, SR)

begin
generate(Y irange—gtar%{ <Y = ramg@-@ndK) {1)
print (‘ Suppose ’, K, ¢ hadbeen °,Y.‘7?) (2)
input SR (3
ﬁQN = (Y = SR} (4)
guery-for-justification(SR, D) (5}

ESQJ = {D = SRK)
end {query-for-negation}
This algorithm represents a query for negation or alternative reasoning. An alternative
query-startpoint (2) is presented to the student, to determine how the latter’s response
would be affected by viewing the current problem from a different perspective (3). The
alternative values must fall within the range of affected keywords (1). Note that query-
for-negation involves guery-for-justification, since the student is required to justily

the reasoning behind responses given (o negatioi.

Algorithm 6.18: Querv-for-assumption

input: A: Student input

Process:  Ask question

Obtain assumptions (051 .. occm)

Perform query-for-justification on (ui Lo

)

cit

Cutput: ﬁQ 4 abelief

B QI’SI beliefs

procedure query-for-assumption(A, SR)
begin
print { ‘ What assumptions did you make to conclude *, A, ) (N
=1

input o, (2)
while o, <> nukll do (3)

begin
1= i+l
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input o,
end; {while}

cnt = 1-1 (4}

SR = (05?é " Gzzf\ L. h acm) (5)

ﬁQA = (SR = A) (6)

for ki=1tocnt do (7}
begin

query»feﬁ'=justﬁﬁcaﬁan(&k , fk) (8)

ﬁij = (fk = Oik) (9)

end; {fork}
end {query-for-assumption}

Algorithm 6.10 collects the assumptions which guided the student in obtaining a

previous response, A (1). The first assumption o, (2) is collected to initialize the
student’s response, SR, and the remaining os are collected in (3). The reason for this
is to enable execution of the while loop in (3). The final SR is the AND of all the o’s
(5), since all the assumptions collectively led the student to the initial response Al
Again, query-for-justification is needed to obtain further student beliefs explaining

reasons behind assumptions.

Aloorithm 6.11: Response-Analyzer's strategies

Input: % Strategy-base (set of alternative strategies)
Z. Set of Beliefs

Process: Identify student beliefs
Identify student strategies

Variables: B: A single belief {Be &}

bent:  Number of student beliefs per strategy
L loop variables

¢ asingle strategy {¢ € S58)
8: threshold for determination of candidate strategies

Ouiput: @S Setof candidate strategies { E5CSE)

procedure  identify-strategies()
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begin {Phase Two: Identify candidate strategies}

for each strategy ¢; € S& do (1)
begin

bcntq}i = { belief count} (2)

for each B}-E Z do (%)

if Bj e @; then bentgp, = benty, + 1 (4)

end; {for ¢;}
sort S€ in descending order of bent (5
ES = {allg; | bcmq)ia 8} {6 is some predetermined threshold} (6)

end {compute-beliefs-sirategies}

Algorithm 6.11 identifies the strategies in S% being applied by the student, using the set
of beliefs obtained in Algorithm 6.7. Each strategy has an associated belief count
(bcmq)i) which represents the number of student-beliefs contained in the specific
strategy. bent is computed for all strategies in S (1)-(4), after which strategies are
sorted in descending order of bent (5). The sort algorithm here depends largely on the
number of strategies, ns. For large ns, (say = 1000), we may use the guicksort
algorithm which is of O((ns)?). For small ns, we can get away with less complicated
algorithms like replacement-sort or insertion-sort which are of O((ns)3). The

candidate strategics (C8) are those with bent 2 a predetermined threshold, 8 (6). We
may assume that if the number of student beliefs is nb, a reasonable 6 would be %nb.
Note that obtaining a notion of correctness of the ordering of student beliefs within a
strategy is not performed by the Response Analyzer, but by the Deviation Finder in the
next modeling phase. The Response Analyzer is mainly concerned with obtaining
student beliefs, whether correct or incorrect. For instance, if a correct belief is, say
((manic-syndrome = T) = delusional-disorder), while the student holds an opposite
belief, ((manic-syndrome = nil} = delusional-disorder), all the Response Analyzer does
is to detect that the student does hold that belief, leaving the actual correctness labeling
to the Deviation Finder.

173



Example 6.3

Suppose the student receives the same set of sympioms presented in Example 6.1, and
obtains a different diagnosis, say {PSYCHOTIC-MOOD-DISORDER}. The
Knowledge-Finder then obtains the strategies shown in Example 6.2, with all details

included as follows:

@;.  ((equal detusions T), psychotic-symptoms-positive) { for Rule-01}
((equal psychotic-symptoms-positive T)* (equal organic-factor nil)), non-organic-
disorder) { for Rule-09}
({egual non-organic-disorder T) * (<duration 4} * (equal schizophrenic-prodromal-
symptoms nil) # (equal emotional-turmoil T) # (equal stress-response
‘psychotic)), light-moods) { for Rule-10}
((equal light-moods T) * {equal full-mood-syndrome nil)) brief-reactive-psychosis)}
{ for Rule-15}
@y.  ({{equal incoherence T), psychotic-symptoms-positive)  { for Rule-02}
{(equal psychotic-symptoms-positive T)* (equal organic-factor nil)), non-organic-
disorder) { for Rule-09}
((equal non-organic-disorder T) » (<duration 4) " (equal schizophrenic-prodromal-
symptoms nil) * (equal emotional-turmoil T) * (equal stress-response
'psychotic)), light-moods) { for Rule-10}
((equal light-moods T) * {equal full-mood-syndrome nil)) brief-reactive-psychosis))
{for Rule-15}
¢3.  (((equal loosened-associations T), psychotic-symptoms-positive) { for Rule-03}
((equal psychotic-symptoms-positive T)* (egual organic-factor nil)), non-organic-
disorder) { for Rule-09}
{(equal non-organic-disorder T) * (<duration 4) ~ (equal schizophrenic-prodromal-
symptoms nil) # (equal emotional-turmoil T) * (equal stress-response
‘psychotic)), light-moods) { for Rule-10}
((equal light-moods T) * (equal full-mood-syndrome nil)) brief-reactive-psychosis))
{ for Rule-15}
¢4.  (((equal catatonic-stupor T), psychotic-symptoms-positive)  { for Rule-04}
({equal psychotic-symptoms-positive T)" (equal organic-factor nil)), non-organic-
disorder) { for Rule-09}
((equal non-organic-disorder T) » (<duration 4) * (equal schizophrenic-prodromal-
symptoms nil) # (equal emotional-turmoil T) » (equal stress-response
‘psychotic)), light-moods)  { for Rule-10}
((equal Light-moods T)  (equal full-mood-syndrome nil)) brief-reactive-psychosis))
{ for Rule-15}
@5, (((equal excitement T), psychotic-symptoms-positive)  { for Rule-05}
{{(equal psychotic-symptoms-positive T)* (equal organic-factor nil)), non-organic-
disorder) { for Rule-09}
{(equal non-organic-disorder T) » (<duration 4) * (equal schizophrenic-prodromai-
symptoms nil) A (equal emotional-turmoil T) # (equal stress-response
‘psychotic)), light-moods)  { for Rule-10}
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{(equal light-moods T) * (equal full-mood-syndrome nil}) brief-reactive-psychosis)}
{ for Rule-15}
P, {(((equal hallucinations T}, psychotic-symptoms-positive) { for Rule-06}
{(equal psychotic-symptoms-positive T)* (equal organic-factor nil)), non-organic-
disorder) { for Rule-0%}
((equal non-organic-disorder T) * (<duration 4y ~ (equal schizophrenic-prodromal-
symptoms nil) # (equal emotional-turmoil T} # (equal stress-response
'psychotic)), light-moods) [ for Ruie-10}
{(egual light-moods T) * (equal full-mood-syndrome nil)) brief-reactive-psychosis))
{ for Rule-15}
@7, (({equal behavior 'grossly-disorganized), psychotic-symptoms-positive)
{ for Rule-07}
{(equal psychotic-symptoms-positive T)* (equal organic-factor nil)), non-organic-
disorder) { for Rule-09}
((equal non-organic-disorder T) * (< duration 4y » (equal schizophrenic-prodromal-
symptoms nil) ~ (equal emotional-turmoil T) ” (equal stress-response
'psychotic)), light-moods)  { for Rule-10}
({equal light-moods T} » (equal full-mood-syndrome nil)) brief-reactive-psychosis))
{ for Rule-15}

It is now the Response Analyzer's task to query to determine which hasic strategy the
student applied to his/her solution. Let us assume the following conversation occurs
(‘T' below represents ‘Tutor’. Our reason for showing queries as coming from the Tutor
is hecause the Tutor is the direct interface with the student. The Response Analyzer is
therefore presenting the queries with the Tutor's assistance. Once again, we have
assumed a highly structured communication language for the student and the Tutor.).

How did you arrive at {PSYCHOTIC-MOOD-DISORDER}?
Because (equal stress-response ‘psychotic) and (< duration 4)
What assumptions did you make in this problem?

(equal incoherence T)

Why did you assume that?

It suggests { psychotic-symptoms-positive }

How did you apply the other symptoms in this problem?
(equal excitement T) suggests { psychotic-symptoms-positive }
{equal organic-factor nil) suggests {non-organic-disorder }

R Rl R e

From this interaction, the Response Analyzer obtains the beliefs:
By (equal stress-response 'psychotic) = psychotic-mood-disorder
Br: (< duration4) = psychotic-mood-disorder
By:  (equal incoherence T) = psychotic-symptoms-positive
Bs:  (equal excitement T) = psychotic-symptoms-positive
fs:  (equal organic-factor nil) = non-organic-disorder
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Beliefs By and B4 happen to be absent from the straiegies ¢ - 97, s0 they are not
computed into any of the sirategies’ belief counts. However, [33 is present in ¢, Byin
@5 and B in all of py-¢y. The Response Analyzer would therefore arrive at a &5

consisting of ¢ and @s, if the bent threshold {8} is 2, since these two strategies have the

highest frequencies of the student's current beliefs. This is a small-range example, but

the same technigue is followed in larger cases.
6.9 Deviation-Finding: Labeling beliefs and identifying misconceptions

The reasoning-iracing or query process performed by the Response Analyzer in
Section 6.8 above is undertaken in order for the Tutor to decipher answers to the
following questions:

e What is the student thinking?

= What does the student understand?

e What does the student not understand?

e What more information should the student have applied?

o What are the student's underlying misconceptions?
These questions are difficult cognitive problems bordering the process of modeling a
student's beliefs. The first question is answered by the Response Analyzer, which
draws out student beliefs. The last three questions are answered by the Deviation
Finder, which aims at labeling student beliefs as correct (answer to second question) or
incorrect (answer to third question), identify missing beliefs (answer to the fourth
question), and also identifies the misconceptions underlying a student's incorrect

response (answer to last question).

Our deviation-finding approach is done using the knowledge-base, rather than a mal-

rule-set. As explained in Chapter 5, this approach allows for more accurate modeling,
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since the student's misconceptions are outlined In terms of correct knowledge rather

than a previously represented incorrect template.

Although we check correctness using the knowledge-base rules, ours is not an overlay

raodel, for the following reasons:

a) The student's response is not matched side-by-side with the EPS's solutions. Thus
the student is allowed to solve a problem in any comfortable manner, without fear of

penalization.

b) The model is a reason-tracing model, after the correctness and completencss of a

student's solution.

¢} From b), correctness of a student's solution is not based on the final response, as is
the case in a typical overlay model. Intermediate steps are checked for their correciness
and completeness, and interactions with the student are performed to ensure that

concepts are clearly understood by the student.
Secondly, this is not a Buggy model, for the following reasons:

a) The student is not interrupted during the problem-solving process but is allowed an
independent hand until s/he specifies completion, at which point the evaluator is

activated. This is therefore a non-intrusive model

b) There does not exist a set of mal-rules that attempt to explain the student's behavior.
We strongly believe that for every piece of knowledge, there is a large number of
misconceptions. This is because each student has his/her own unique misconceptions.
Tt is therefore difficult to produce an exhaustive mal-rule-base. However, since every
misconception can be identified as a deviation from correct facts, our model attempts to

explain a student's errors in terms of deviations from the knowledge-base rules. This
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was the approach employed by GUIDON, which evaluated the student based on
MYCTN rules. Several differences however exist between our model and GUIDON's,

including the following:
2) GUIDON used a strictly overlay model, while ours is strategy-independent.

) GUIDON could not perform constructive evaluation in the sense of understanding
student misconceptions and offering explanations for them. We however achieve this
feature by explaining misconceptions as deviations from rules {explanation of

misconceptions is a buggy property).

¢) GUIDON was an immediate answer-provider since it supplied correct responses to
the student without giving enough room for the student to figure out the problem. We
however take a Socratic approach, giving hints and prods, until the student figures out
the problem without being told explicitly by the tutor. The Socratic approach makes for
betier understanding, since the student is actively involved in the solution and reasoning

Process.

The fact that a student's intermediate beliefs are analyzed is illustrated by the fact that the
Response Analyzer obtains justifications for beliefs, and also asks what-if queries.
These help to fill in gaps involved in a student's seemingly correct response which may
have underlying misconceptions. The Deviation-Finder determines correctness of a
belief using the following definition:

Pefinition: A belief B; = (A = ) is correct #ff 3 a reasoning path Pi such that P;
starts at A and ends at C. Otherwise (p}- does not end at C), ﬁi is incorrect. All

intermediate points in pj are regarded as the student's assumptions and are passed on to

the Tutor to query and ascertain B;'s completeness.

178



‘The Deviation Finder performs its functions in four major phases. First, it computes the
set (-4 of paths starting from 2 belief's antecedent A. Next it labels the belief by
determining if there exist any path(s) in &+ concluding C at some point. The next
stage is to identify misconceptions. To do this, it computes the set (BEOHE) of paths
leading to the belief's conclusion, C, after which it performs a rigorous analysis of 84
and BEO#E 1o identify embedded misconceptions. The first major function 18
described in algorithm 6.12 and 6.13, while the others follow in Algorithms 6.14 and
6.15.

Algorithm 6.12; Computation of paths from belief antecedent

Input: B: A belief
2%, Setof Rules (Knowledge-Base)

Process: Forward chain through %% and compute paths leading from belief's
antecedent

Variables:
Anteg: B's Antecedent

Concy: f's Conclusion

i, j,m: loop variables

T arule {te XB)

RC: Rule-specific conclasion

RPREC: Rule-specific preconditions

PPREC: Principal precondition

nextprec: Precondition for chaining next point in a path
7. Disorder Set ( set of all disorders in study domain)
RP:  Recurrent Precondition

54 Search List (subset of X&)

PB:  Path Buifer

INC-JUSTS: an array of incomplete justifications or paths
INC-LISTS: an array of search lists for INC-JUSTS
npaths:  number of alternative paths

ipcnt:  number of incomplete paths

p: apath

T arnlein A% or 84

update-BA-paths: path update procedure (see Algorithm 6.13)

Output: &+  set of paths leading starting from belief’s antecedent, Ante

procedure compuie-BA() {uses belief antecedent}
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begin

npaths = ipent ;=0 {indtialize varighles} (1}
B4 = INC-JUSTS = INC-LISTS = &
for each rule 1; € RE do (2)
begin
if Antr:B € R‘?RﬁECTi then {beginning of a major path} {3
begin
PB = [RPRECE, RC@J {initialize path buffer} {4)
nextprec = RCqy
RP = AnteB
SL=FF-(T U, U...UT 5
update-BA -paths {call update procedure} (6)
while 3 some new py's {j=1 to m), ¢ INC-JUSTS do (N
for each py do (8)
begim

54 = INC-LISTSp,
PB := INC-JUSTSp,

RP := PPREC; .

nextprec 1= RCrty {initialize next-prec to RC of L5}  (9)
{ first rule }

update-BA-paths; (1

end; {for py!l
end; {while}
end; {if}
end; {for1;}

end {compute-BA}
The above algorithm is very similar to Algorithm 6.5, with the major exception that this
time we are searching in a forward direction, using rule preconditions, instead of rule
conclusions, as links to succeeding path points. Similarly, update-BA-paths is very
similar to Algorithm 6.6, but different for the same reasons. Essentially, the algorithm

produces a set of paths (8+#) emanating {rom the student's belief’s antecedent (Anteﬁ )
(1). Looping through the Knowledge-Base, it looks for ali rules in which AnteB holds

in the precondition set (2)-(3). If such a rule t; is found, its preconditions and

conclusions are used to initialize the path buffer, PB, and its conclusion is used as the
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chaining precondition to the next path point (4}, RP refers to 'recurrent precondition’,
and is used to keep track of multiple occurrences of a precondition in more than one
rule. Such multiple occurrences are used as starting points for future chains. A new
search list, £2, is then set to the rest of the Knowledge-Base from T3, 4 (5). These
variables (PB, nextprec, RP, S.4) are then transmitied to the update-BA-paths
procedure for further chaining (6). On return from update-BA-paths, incomplete
paths from INC-LISTS are completed by setting the variables to the appropriate starting
point for each incomplete path retrieved from INC-LISTS and INC-JUSTS (7)-(10).
INC-LISTS contains S.'s to be searched for each incomplete path, while INC-JUSTS
contains the corresponding path-buffers or justifications up to the point at which the
incomplete path was stored. Incomplete paths are necessarily created when a
precondition occurs in more than one rule. Paths up to new occurrences are stored as
incomplete paths, which are completely chained after the chain from the first occurrence

has been completed.

Algorithm 6.13: Update-BA-paths procedure

Input: nextprec: Precondition used to chain the next point in 2 path
PB:  Path Buffer
RP:  Recurrent Precondition
&S¢4. Search List

Process: Connect new points to path
Create new subsidiary paths

Variables:
RC:  rule-specific conclusion
RPREC: rule-specific preconditions
PPREC: Principal precondition in rule
Concp:  Beliet's conclusion
ke loop variable
INC-JUSTS: an array of incomplete justifications or paths
INC-LISTS: an array of search lists for INC-JUSTS
npaths: number of alternative paths
ipcni:  number of incomplete paths

p: apathin INC-PATHS
7. arulein BB or &£
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2% Disorder-Set {of disorders in domain)
Gutput:  Updated INC-PATHS, INC-LISTS, &+

procedure updaie-BA-paths( )

begin
for each rule 7, ¢ S4 do (1)
begin
if nextprec € RPREC»gk then (2)
begin {Connect new point}
PB.=PB v ERPRECT}, , RCrgk]
if (RCtk e DS) or (Rka:CeﬂcB) ©);
{path recaches a final disorder}
then begin {end of path} (4)
npaths = npaths + |

PB =PB- [RPRECTk , RC@R]
{make room for more end points}

end:
else nextprec = RCfck; (5)
end; {if nextprec}
if PPRECq;k = RP then {Create subsidiary path} (®)
begin
ipent :=ipent + 1
INC—]USTSipCm = PB U [RPREC@k,RCTk] 0
INC-LISTS, . = SL-(1; VU ... uT,) (8)
end; {if}

end; {for 7y}
end {update-BA-paths}
This is very similar to Algorithm 6.6, except again that the search this time is data-
driven, using a precondition rather than a conclusion, to chain rules in paths. The
conditions for reaching the end of a path here are: the current rule concludes a proper

disorder rather than an intermediate conclusion, or the current rule concludes the

student's own belief-conclusion ConcB 3.

Alporithm 6.14: Belief labeling

Input: BA4. Setof paths leading from Anteg
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Process: Analyze paths in 854 and label current belief

Variables:
B: A single belief {Be &}
o apathin 84
Tail,: The lastitem stored inpath p
Anieg: Belief's Antecedent
Concy: Belief's conclusion
i loop variable
cnt:  counter

BI#US7 Belief Justification (set of correct paths from A)
Label: Belief's label

Output:  Labeled beliefs:
e @B Correct Beliefs {All beliefs f3; | LabelBiz ‘Correct’}

> 9%  Incorrect Beliefs {All beliefs fy | Labelsk = "Incorrect'}
£.4: Set of chains of beliefs, each starting from a Beliel's A#niccedent

procedure  label-beliefs()

begin
for each path p; € &+ do (1)
if Tailpi = ConcB then (2)
begin
cnt = cnt + 1 (3)
BIUST,, = pi @)
end; {if/for}
if 89257 » © then (5
begin
LabelB = 'Correct’ (6)
CE = 2% U B (7}
B = BIUST (8)
end
else begin
Labcig = 'Incorrect’ (9)
B = & LB (1%
end; {if}

end; {label-beliefs}

Algorithm 6.14 is employed by the Deviation Finder to label a belief as correct or

incorrect, by determining whether there exist any paths in the belief's ¢ computed in
Algorithms 6.12 and 6.13. Each path in &+ is analyzed by the aigorithm (1). Tailp,
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refers to the last conclusion in the current path p; (2). If the path p; ends in the
student's belief-conclusion {that is, Taﬂg_}i = CoﬁcB}, then p; is added to the set of
justifications (BF#S7) for the current belief (3)-(4). BI2%S77 serves to intorm the
Tutor that the student's current belief is labeled corvect for the reason that those paths do
exist from the Knowledge-Base. The path analysis is done for all pj. At the end of the
path analysis, B#257 either contains some justifying paths for a correct belief, or is
empty for an incorrect belief. If 8F%S7 is not empty, then the belief is labeled correct,
added 1o the set @8 of correct beliefs to be sent o the instructional-belief-update
algorithm (6.16), and B¢ is reset to contain only the correct paths in B4#S7 (6)-(8).
If 892/S°7 contains no justifying paths, the belief is labeled incorrect and is added to
the set of incorrect beliefs, 2% (9)-(10).

Example 6.4
Suppose the student believes incorrectly that

(equal stress-response 'psychotic) = delusional-disorder
Using the graph in Figure 6.2, the set 8## of paths emanating from the antecedent is the

following:

p1: (Rule-10 Rule-14)
P2 (Rule-10 Rule-15)

in detail, these are:

o1 {(equal non-organic-disorder T) » (<duration 4) * (equal schizophrenic-
prodromal-symptoms nil) » (equal emotional-turmoil T) * (equal stress-
response ‘psychotic)), light-moods) { for Rule-10}

({(equal light-moods T) * (equal full-mood-syndrome T)) psychotic-mood-
disorder)) {for Rule-14}

P2 {(equal non-organic-disorder T) » (<duration 4) * (equal schizophrenic-
prodromal-symptoms nil) » (equal emotional-turmoil T) * (equal stress-
response 'psychotic)), light-moods) { for Rule-10}

{(equal light-moods T) * (equal full-mood-syndrome nil)) brief-reactive-
psychosis)} {for Rule-15)
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Checking the Tail of each path, the Deviation Finder discovers that none ends in the
student's conclusion, {delusional-disorder}. ZF#S7 is therefore empty, and the belief

ig labeled as mcorrect.

Aleorithm 6.15: Devistion Finder's trace of pisconceptions

The algorithm described here is performed on incorrect beliefs. First, chains are traced
involving belief conclusions (BEOH¢2). This is a backward chaining procedure very
similar to the Knowledge Finder's algorithms 6.5 and 6.6. Therefore, to avoid repetition
of algorithms, we will obtain BEEOH#¢ by making a procedure call to the Knowledge
Finder's compute-alternative-strategies. BEOWE is compared to chains obtained in
Algorithms 6.12 and 6.13 above (&-#). This is a rigorous comparison, whose results

may fall between two extremes.

Worst case:  Chains are mutually exclusive or disjoint, that is, no two paths p; in &+,

pj in BEOHE, are similar.

Best case: Chains differ minimally, that is, most beliefs are similar except for few easily

identifiable differences.

Secondly, BEOWE and B¢ are intersected to identify common beliefs (ZA4¢) which
are removed from each set. It is necessary to remove intersecting sub-beliefs, since we
are looking for misconceptions, and intersecting sub-beliefs imply points of agreement,
rather than points of disparity, between &8¢ and BEOHE. Next, keyword checks are
done on remaining beliefs in both sets (thatis, {&4 - E4Z} and {BEOVNE - BAEY),
to find common keywords with different values in each set. These are marked as
sources of possible misconceptions. Trace of misconceptions is done for incorrect
beliefs only, that is, beliefs B with £5¢ sets such that V p; € &+, p; ends at some point

other than the belief’s conclusion, ConcB.
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Input: B Set of paths leading from Anteg
X&.  Knowledge-base

Process: Pass through &% and identify misconceptions

Variables: SB:  Straiegy-base obtained from Algorithm 6.5.
Ppa.  Pathin &4
Pheonc: Path in BEOHE
pbac: Intersection of py, and Py e
prba:  Remainder of p, after removing pbac

prbe:  Remainder of py ., 2fter removing pbac
suba: A sub-belief in prba

subc: A sub-belief in prbc

precl: The precondition part of suba

prec2: The precondition part of subc

keyword: The keyword involved in a precondition
ent: A counter

Output:  BE@OHE: Set of chains of beliefs, each ending at a Belief's @O Flusion
WLISZ: Set of misconceptions

procedure  Identify-misconceptions( )

begin
comput&aﬂa;emative»strategies({:oncg) {Trace chains involving } (1)
{ belief conclusion}
BEOHE — S€ (2)
for each path py, € &+ do (3)
begin
for each path py .. € BEOWE do (4)
bhegin
pbac = Py, M Pyeone {intersecting sub-beliefs} (5)
prba = p,, - pbac {rest of p,} (6)
prbc = pbc(mc - pbﬂc {i.eSt Of pbc()nc} (7)
for each sub-belief suba € prbado (8)
for each precl € Prec-partgyba G0 (9)
for each sub-belief subc € prbc do (am
for each prec2 € Prec-partgype do (1)
if (keywordpreci = keywordprec?) and (12)
(Va}"uekﬁy“"(}fdpreci # Valuekeyw@fdprecz) th@ﬂ

begin
cnt = cnt + 1
HWISE ey = (precl, prec?)
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print (precl, precd}
{as possible source of misconception ]
eng; {if}
end; {for precZ}
end; {for subc}
end; {forprecl}
end; {forsuba}

end; {for pbmnc}

end; {for pba}
end {Identify-misconceptions}

This algorithm first calls compute-aliernative-strategies (Algorithim 6.5), which

computes the set of paths ending at the current belief's conclusion, Concﬁ (1). The
result is assigned to BEOHE (2). Then looping through the paths in B4 (3), it
compares each path p, in &£ with each path Py 0 BEOWL (4). The aim is to
obtain an intersection of the two paths, pbac (5), leaving prba in &+ and prbc n
BEEUEL (6)-(7). Intersections would be sub-beliefs where the preconditions and
conclusions are identical in the two paths under consideration. Next, for each remaining
sub-belief suba in prba, the algorithm compares each precondition (precl) with each
precondition (prec2) of each sub-belief (subc) of prbc (8)-(11). The purpose of this is
to find symptom or variable names which are common to both paths, but differ in
values. The difference in values would account for why the student believes one thing
while the Knowledge-Base represents another. The algorithm therefore looks at the
precondition part of each sub-belief (recall that each path point is a pair [X, Y] meaning
¥ = Y"), and identifies common keywords (12). Where a common keyword is found
whose values differ, the values of the two occurrences are recorded as possible sources
of a misconception. For instance, if we obtain (Manic-syndrome = T) and (Manic-
syndrome = Nil) in suba and subc, respectively, then we can reasonably infer that the
student may be having a problem with understanding the relationship of ‘Manic-
syndrome’ with the problem at hand. The set of misconceptions, WISE is transmitied

to the Tutor for further query, to compute updated student beliefs. The overall loop (3)-
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(12) is done for the entire sets of paths in B and BEO%L, resulting in an mmn

analysis for all m and n paths in 8+ and BEOWHE, respectively, as shown in Figure

5.9
paths in BA paths in BCONC
Fisure 6,9,  Interaction between paths in 2,4 and BCOHLE
Examiple 6.5

The student-belief in Example 6.4 ((equal stress-response 'psychotic) = delusional-
disorder) qualifies for this algorithm, since it is labeled Tncorrect. The Deviation
Finder computes BCONC, which is the set of paths ending at {delusional-disorder}.
Two rules conclude delusional disorder: Rule-36 and Rule-37. The paths ending at
these rules are the following:

(Rule-37 Rule-32 Rule-17 Rule-13 Rule-09 Rule-G7)
(Rule-37 Rule-32 Rule-17 Rule-13 Rule-09 Rule-06)
(Rule-37 Rule-32 Rule-17 Rule-13 Rule-09 Rule-01)
(Rule-37 Rule-32 Rule-17 Rule-12 Rule-09 Rule-07)
(Rule-37 Rule-32 Rule-17 Rule-12 Rule-09 Rule-06)
(Rule-37 Rule-32 Rule-17 Rule-12 Rule-09 Rule-01)
(Rule-37 Rule-32 Rule-17 Rule-11 Rule-09 Rule-07)
(Rule-37 Rule-32 Rule-17 Rule-11 Rule-(9 Rule-06)
(Rule-37 Rule-32 Rule-17 Rule-11 Rule-09 Rule-01)
{Rule-37 Rule-31 Rule-17 Rule-13 Rule-09 Rule-07)
(Rule-37 Rule-31 Rule-17 Rule-13 Rule-09 Rule-06)

2 e

(Rule-37 Rule-31 Rule-17 Rule-13 Rule-09 Rule-01)
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(Rule-37 Rule-31 Rule-17 Rule-12 Rule-09 Rule-07)
(Rule-37 Rule-31 Rule-17 Rule-12 Rule-09 Rule-06)
{Rule-37 Rule-31 Rule-17 Rule-12 Rule-09 Rule-01)
(Rule-37 Rule-31 Rule-17 Rule-11 Rule-09 Rule-07)
(Rule-37 Rule-31 Rule-17 Rule-11 Rule-09 Rule-06)
(Rule-37 Rule-31 Rule-17 Rule-11 Rule-09 Rule-01)
(Rule-36 Rule-32 Rule-17 Rule-13 Rule-09 Rule-07)
(Rule-36 Rule-32 Rule-17 Rule-13 Rule-05 Rule-006)
(Rule-36 Rule-32 Rule-17 Rule-13 Rule-09 Rule-01)
(Rule-36 Rule-32 Rule-17 Rule-12 Rule-09 Rule-07)
(Rule-36 Rule-32 Rule-17 Rule-12 Rule-09 Rule-06)
(Rule-36 Rule-32 Rule-17 Rule-12 Rule-09 Rule-01)
(Rule-36 Rule-32 Rule-17 Rule-11 Rule-09 Rule-07)
(Rule-36 Rule-32 Rule-17 Rule-11 Rule-09 Rule-06)
(Rule-36 Rule-32 Rule-17 Rule-11 Rule-09 Rule-01)
(Rule-36 Rule-31 Rule-17 Rule-13 Rule-09 Rule-07)
(Rule-36 Rule-31 Rule-17 Rule-13 Rule-09 Rule-06)
(Rule-36 Rule-31 Rule-17 Rule-13 Rule-09 Rule-01)
(Rule-36 Rule-31 Rule-17 Rule-12 Rule-09 Rule-07)
(Rule-36 Rule-31 Rule-17 Rule-12 Rule-09 Rule-06)
(Rule-36 Rule-31 Rule-17 Rule-12 Rule-09 Rule-01)
(Rule-36 Rule-31 Rule-17 Rule-11 Rule-09 Rule-07)
(Rule-36 Rule-31 Rule-17 Rule-11 Rule-09 Rule-06)

e e

(Rule-36 Rule-31 Rule-17 Rule-11 Rule-09 Rule-01),
a total of eighty-four (84) paths. The next stage is for the Deviation Finder to compare
each path in BEOHE with the two B¢ paths obtained in Example 6.4. Let us expand

one of the above paths, say

Poconc = P1 = (Rule-37 Rule-32 Rule-17 Rule-13 Rule-09 Rule-(7)

= ({equal psycho-delusions-3 T) * (equal hehavior (not 'bizarre)) * (egual visual-

hallucinations T)), delusional-disorder) {Rule-37}

{(equat psycho-delusions-1 T) * (< mood-duration psychotic-disturbance-

duration)), psycho-delusions-3) {Rule-32}

((equal strong-moods T) # (equal schizophrenic-prodromal-symptoms nil)),

psycho-delusions-1) {Rule-17}

({equal non-organic-disorder T) » (>= duration 4) » (equal stress-response (not
'psychotic))), strong-moods) {Rule-13]
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{(equal psychotic-symptoms-positive T) * (equal organtc-factor nil)}, non-organic-

disorder) {Rule-09)
{{equal behavior ‘grossly-disorganized ), psychotic-symptoms-positive}
{Rule-07}

We shall compare this with the first path in &4,
Pra = ((equal non-organic-disorder T) » (< duration 4)  (equal schizophrenic-
prodromal-symptoms nil) # (equal emotional-turmoil T) * (equal stress-response

'psychotic)), light-moods) { for Rule-10}
((equal light-moods T) * (equal full-mood-syndrome 1)) psychotic-mood-
disorder)) {for Rule-14]

An intersection of py, and Py oo vields py, = @.
Next, we do a keyword search with the following resulis:

Table 6.1. Results of keyword search for py, and Py ..

Keyword Value in Value in Possible source
p 0 i of
ba beonc misconception?
non-organic-disorder T T No
duration <4 >=4 Yes
schizophrenic-
prodromal-symptoms nil nil No
emotional-turmoil T - No
Stress-response ‘psychotic not ‘psychotic Yes
Light-moods T - No
full-mood-syndrome T - No

The resulting #£95¢ includes 'duration’ and 'stress-response’ as possible sources of the
student's misconceptions. The algorithm therefore yields a correct result since stress-
response would yield different values if the student understood the relationship between
its psychotic or non-psychotic values to the problem at hand. Note that the algorithm
sometimes produces results which may not be misconception-sources for the student. It

is left to the Tutor to query and sift out non-problem areas.
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Motice also that the algorithim stops after searching with all the preconditions in Py,
even though Ppeope Stiil has other ‘untouched' preconditions. [ 1s not necessary to
compare preconditions in Py oy, Which are notin gy, since they would yield 2 Wo'in
Column 4 of Table 6.1. above. We could reduce the search by first counting the
numbers of preconditions in each path, and conducting the search with the smaller path.
On the other hand, we could avoid this approach since the computational cost of
counting preconditions may level out with the cost of searching for excess

preconditions.

6.9.1 Missing beliefs

Tdentification of missing beliefs can be done by the Deviation Finder by analyzing the
solution obtained by the Expert Problem Solver and locating which beliefs or sub-paths
are not included in the student's current beliefs about the problem (which are collected 1n
the Response Analysis phase). This identification can be achieved by an iterative loop

involving a single test as follows:
if Bi ¢ DDppg then H7S5:= WISS U

for each belief f;, where #0755 is the list of missing beliefs which will be passed on {0

the Tutor after the modeling process, to be addressed in further interactions with the

student.

6.10 Belief-revision: The Instructional Belief-Update Approach

The Deviation-Finder's labeled heliefs computed above must be property combined with
existent beliefs to maintain an accurate representation of the student's overall beliefs,
without inconsistencies. The maintenance of such a belief system is performed by the
Belief Revision Unit, using the approach described in Section 6.4. There are two beliet-
hases, necessitated by the fact that we label the student's beliefs as correct or incorrect.

Before any new belief is stored in its destination belief base, the Belief-Revision Unit
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looks for, and remeves, contradictions whose presence would render the helicf-bases
inaccurate. Bxamples of contradictions are discussed under Algorithm 6.17.

Dependent beliefs are also recursively derived for incoming beliefs

Note that it is possible to maintain only one belief-base for both correct and incorrect
beliefs, which belief-base would then include each belief's appropriate label (for example
2 binary field with '1' and '0' for correct and incorrect beliefs, respectively). However,
the search procedure with a single belief-base would be about twice as long as when the
two classes of beliefs are separated, since all beliefs would be visited to check for their
correctness labels. With separation of correct and incorrect beliefs, looking for
contradictions would only involve the opposite belief-base for any belief, that is, the
algorithms would search only the Correct Belief Base for contradiction of incorrect
beliefs, and vice-versa. As explained in Section 6.4.7, we have chosen the use of two

belief-bases to reduce computational cost.

Algorithms 6.16 to 6.21 describe the belief update functions performed by the Belief-

Revision Unit..

Algorithim 6. 16; Belief Revision
Input: £#Z:  Correct Beliefs { All beliefs Bil LabeIBiz '‘Correct'}

9¢&: Incorrect Beliefs {All beliefs f | Labelﬁkz "Incorrect'}

EBE: Correct Belief Base

Y2 EE. Incorrect Belief Base

Correct-Usage-Counts: number of times each belief is used correctly
Incorrect-usage-counts: number of times each belief is used incorrectly

Process: Remove contradictions in 4288, to store correct beliefs
Remove contradictions in &%, to store incorrect beliefs

Variables:
B3: a belief
contra-flag:  flag indicating presence of a contradiction among beliefs
i, ], k, m: loop variables

find-confradiction: procedure which detects contradictions
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1d: helief's unique identifier

Type: belief's type

Justifier: belief's justifier set

CBR-count:  count of beliefs in CBB

ICBB-count: count of beliefs in ICBB

query-derived: procedure that queries for persistence of derived beliefs

generate-derived:  procedure that generates new beliefs from an existent
one

Output:  Updated 8%
Updated 728%
Updated Correct-Usage-Counts, Incorrect-usage-counts

procedure instructional-belief-updatwe(B)

begin
for each Si e £F do (1)
begin
for each B € 9£Z€ do {look for contradictions} (2)
begin
find-contradiction (;, ;) (3)
if contra-flag = 1 then {that is, By = ~f; } (4)
begin
ICBE = TCEBE - b (5)
query-derived(B;, 7685) (6)
end; {if contra-flag}
end; {for B;}
IdBi = CBB-count+ 1 {insert new belief} )]
TypeBi = "OBSERVED" (8)
Jusifierg, 1= %, (9
ECBE = CBE U P (10)
generate-derived(B;) (I1)
Correct—Usagc—Coumgi = Correct—UsagewCoumﬂi + 1 (i2)
end; {for f;}
for each By € 7€% do (13
begin
for each B, € £&F do { find contradictions } (14
begin
find-contradiction(Py, Sm) (13)
if contra-flag =1, then {that is, Bm = =y | (16)
begin
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£BE = GBE - B, a7

guery-derived(By,, £8F) {18)
end; {if contra-flag}

end; {for B}

iéﬁk ;= CBB-count + 1 {insert new belief} {(19)
Typeﬁk = "OBSERVED" (20
Tustifierg = & (21
ICBE = JEBE U Py (22)
generate-derived(p;) (23)
Correct—Usage-CountBk:: C011'ectnUsage—Countﬁk -1 (24)
Incorrect-usage-counig, = Incorrect-usage-county, + I (25)

end; {for By}
end {instructional-belief-update}
Algorithm 6.16 performs the belief revision process surrounding the entire Student
Modeler. The Instructional Belief Update Approach works by examining the Incorrect
Belief Base (922%) before storing a correct belief, and examining the Correct Belief
Base (¢ &%) before storing an incorrect belief. First, for each correct belief Bi (D
labeled by the Deviation Finder in Algorithm 6.14, the Belief Revision Unit locates any
B; which contradicts B; (3). If a contradiction is found, Bj is deleted from 2%, and
then Si is added to the £B® (4) - (11). For cach deleted belief, the system must query
the student to determine whether beliefs derived from the deleted belief may still be
retained in the affected belief base. This task is performed by the guery-derived
function (6) in Algorithm 6.20. Also, for each belief added to a belief base, the system
rmust examine the INFERENCE-RULEBASE to derive new beliefs which may be
derivable from the new belief (11). This is performed by the generate-derived
function described in Algorithm 6.21. The Correct-Usage-Count for f; is then
incremented (12). A similar procedure is performed for the addition of incorrect beliefs

to the 92 EE, by first deleting any contradictory beliefs in the £8F (13)-(25). This
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time though, the Incorrect-usags-count is incremented for the current belief, Correct-
Usage-Count measures the number of times each belicf has been applied correctly by
the student. It is similar to the USE-HISTORY of GUIDON (Clancey, 1987), and
serves to advise the Modeler as to whether the student is having a big problem with a
particular belief, or whether the student has a simple misunderstanding (or made a
simple slip) with respect to the query at hand. For instance, if a student has correctly
applied a belief, say 100 times, and then misapplies it the next time a query is posed, the
Modeler may suppose that the student made a simple mistake, or may assume some
misunderstanding which may be explained briefly. The Incorrect-usage-count variable
keeps count of incorrect applications. A high Incorrect-usage-count Suggests that the
student does have a problem with the specific belief. The aim of the Tutor 1s 0
minimize the percent growth rate of Incorrect-usage-counts, and maximize the percent
growth rate of Correct-Usage-Counts, where a reasonable growth function could be

100x
total number of applications

f(x) =

The challenge in the above algorithm is the location of contradictions (3) a procedure

performed by find-contradiction in Algorithm 6.17.

Algorithm 6.17. Location of belief contradictions
Input: Two beliefs, B and B

Process: Look for contradictions in precondition parts of beliefs
if no contradiction in preconditions, look for contradictions in conclusion
parts

Variables:
prec: precondition part of a belief
conc: conclusion part of a belief
b: abelief
return-value:  value returned from a contradiction check
prec-return:  return value for preconditions
conc-return;  return value for conclusions
check-parts: procedure doing sub-belief checks

Output:  contra-flag:  flag indicating whether bl contradicts b2
195



procedure find-comradiction(fy, By)
begin

contra-flag = O {initialize contradiction flag} {1}
chec%paﬁg(pr%&, precm} {100k for contradictions in preconditions}  (2)
prec-return = return-value (3)
if prec-return = 1, then (4)
begin
contra-flag = 0
return;
end
checkwparﬁs(concm, CGHCE,Z) {look for contradictions in conclusions} (5)
if return-value = 1, then contra-flag =1 (6)

end; {find-contradiction}

Algorithm 6.17 detects contradictions among two beliefs, B and . The idea applied

here was explained using a truth table in Section 6.4.5 and repeated here for emphasis.

A B A=B
T T T
T I F
I3 T T
F 3 T

Therefore given a belief
B; = (A = 1),
another belief P is seen as a contradiction of B; (that is, —B;) if and only if Py is of the
form
e A = —Z
Therefore given two beliefs B and B4, as follows:
By =precg, = concp,
By = precg, = COnCg,
this algorithm aims at detecting whether

pIeCR, = Precg;, and
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concR, = —CORC;.
If this conditions holds, then it is concluded that By and B, are contradictions. As was
shown in the implication truth table, if precg, = —precp,, then the two beliefs are
automatically not contradictions and it would not be necessary 1o check for the
relationship between the conclusion parts. The first check is therefore aimed at
determining the relationship between the two preconditions. If they are identical, then
conclusions are checked for conflict. A coniradiction of the overall belief is confirmed

if the two conclusions are not the same.

In the algorithm, contra-flag is first set to zero (1), indicating that it is initially assumed
that no contradiction exists. A procedure named check-parts (Algorithm 6.18) is then
called to determine if the precondition parts of the two beliefs contradict each other (2).
Check-parts returns 'return-value', which becomes prec-retuim, to indicate contradiction
status of the preconditions of the two beliefs (3). If the preconditions contradict each
other (that is, by yielding a False in the comparison performed by check-parts), then
the procedure automatically refurns with a 'non-contradiction' indicator. Otherwise, it
proceeds to check the conclusion parts by calling check-parts in (5). The resuliing
contradiction status of $; and B is determined (6). The only condition under which a
contradiction flag is set is if the conclusion parts contradict each other when the
preconditions do not, as shown in (6).

Algorithm 6.18. Looking for contradictions in sub-beliefs

Input: Two belief parts, X and Y

Process: Look for contradictions in X and Y

Variables:
data-type: the system data-type of a variable-name
X first item in check
Y. second item in check

check-non-numeric; another procedure doing sub-belief checks
on non-nwmeric variables
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keyword: keyword involvedin X or'Y

Cutput;  return-value:  value indicating presence or absence of contradiction

procedure  check-paris(X, Y}

begin
return-value = ¢ { initialize to 'non-contradiction'} (hH
if data-type(keywordy) = ~'numeric' oF data-type(keywordy) = —'numeric’
(2)
then
begin
check-non-numeric (3)
return(return-value)
end;
else begin
if keywordy, # keywordy (4)
then return(return-value) (5)
else begin
eval X (6)
ifleval Y)=F (7
then retum-value=1
return(return-value) (8)

end; {clse}
end; {if data-type}
end; {check-parts}
Check-parts determines whether two sub-beliefs X and Y (which may be both
preconditions or conclusions) are contradictory. It returns a single value, refurn-value,
to find-contradiction. First, return-value is zero, assuming a non-contradiction {(1).
Then the algorithm checks the data-type of the keywords involved in X and Y (2). It
they are non-numeric, check-non-numeric is called (3). We have assumed the data-
type of any variable is implicitly declared in the implementation environment.
Separation of the procedures for numeric and non-numeric variables was done because
the evaluation approaches are different. For non-numeric sub-beliefs (for example,
(equal social-effect 'impaired)), all we need do is look at the value of the keyword. For
aumeric sub-beliefs most of which may come in ranges (for example (>= continnous-
'

par-time 15)), we have to perform a numeric evaluation of the entire sub-belief. If the
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keywords are both numeric, the algorithm determines whether they are the same
keyword (4). If they are not, the procedure is terminated. Otherwise, the two sub-
heliefs are evaluated. If the second is false with respect to the first, then a contradiction
has been identified (6) - (8).
Alporithm 6.19. Locking for contradictions in non-numeric sub-befiefs
Input: Two belief parts, X and Y
Process: Look for contradictionsin X and Y
Variables:

X, first item in check

Y second item in check

keyword: keyword involvedin X or Y

value-part: the value part of sub-belief

relationship: matrix indicating inter-variable relationships

Output:  return-value:  value indicating presence or absence of contradiction

procedure check-non-numeric(X, Y)

begin
if keywordy = keywordy {if same keyword but} (1)
then if value-pariy, # value-party {different values, then itis} ()
then return-value = I; {a contradiction } 3)
else if (relationship(keywordy, keywordy) = Not") (4)

and (value-party, = value-pariy)
then return-value=1 (5)
{if different keywords, but keywords are opposites and}
{have same value, then it is a contradiction}
end; {check-non-numeric}

Algorithm 6.19 performs contradiction check on non-numeric sub-beliefs, X and Y.
the keywords of both sub-beliefs are the same (1), then the values are checked. I the
values are not the same, then a contradiction is implied (2)-(3). If the keywords are not
the same, then we check the Variable-Relationship matrix, to determine if the two

variables have a 'Not' relationship (4). The Variable-Relationship matrix in this design

is a two-dimensional square matrix containing all variable-names in the design. A Not

in VR;  indicates that variable; = —variable,. For examples, light-moods is regarded
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as an opposing variable to strong-moods. Therefore VRyapomeods, swong-moods =
‘Not'. If therefore these two variable names oceur separately in X and Y of Algorithm

6.16, and have the same value-parts, a contradiction is implied.

Algorithm 6.20. Ouerving student for persistence of derived beliefs

Input: : 3 belief
BB: a belief base (representing ¢8& or /7€)

Process: Look for all beliefs gamma derived from B, and query on them
Retain each y in BB if student still holds gamma
For each retained vy, change status to "OBSERVED"

Variables: v a belief
Type: belief type
Jusiifier:  belief's justifier set
response; response obtained as to belief's persistence with student

Qutput:  modified BB

procedure  query-derived(B, BB)

begin
for eachy € BB do {1}
if (Typeyz "DERIVED") and (B Iustiﬁery) then @
begin
guery-to-confirm(y, response) (3}
if response = ! themn
hegin
Type, = "OBSERVED" (4)
Jusi‘ifiei'Y = & (5)
generate-derived(y, BB) {6)
end;
else begin
BB = BB - v (N
guery-derived(y, BB) (&)
end; {if response}
end; {if}

end; {for vy}
end {query-derived}
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Algorithm 6.20 is a recursive function which gueries the student ¢ determine if the
student still holds a belief v derived from a previously deleted belief B. In (1), the
algorithm examines the belicf base BB in which B was located. It looks for all derived
beliefs which include B in their justifier sets (2). It then queries the student to confirm if
the derived belief persists in his/her beliefs. This is done using query-to-confirm (3).
a query procedure which we assume asks a simple question and obtains a response in a
“Ves or No" form from the student, A "Yes" would signify a "1" for the response
variable, and a "No" would signify "0". If the student still holds belief v, then its status
and justifier set are modified in (4) and (5). Otherwise, itis deleted from the belief base
(7). For a belielf whose status is changed to "OBSERVED", the generate-derived
procedure must be called (6) to generate its own dependent beliefs. The guery-derived
procedure is recursive in itself since it is called for every derived belief which is not

persistent, or which is deleted after the guery process (8).

Algorithm 6.21, Generating new beliefs from existent beliefs

Input: B: an observed belief
BB:  a belief base (representing £&8% or 72EE)

Process:  Look for rules in the INFERENCE-RULEBASE whose antecedent is the

conclusion part of (3
Use such rules to generate new beliefs

Variables: v a derived belief
id: belief's identifier
Type: belief’s type
Justifier:  belief's justifier set
belief-count: count of beliefs in BB
CBB-count: count of beliefs in @88
ICBB-count: count of beliefs in 728&

procedure  generate-derived(B, BB)

begin
for each inf ¢ INFERENCE-RULEBASE de (1)
if Prec-part,, = Concg then (2)
begin
if BB = “@E&Z then 3
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begin

belief-count = CBR-count (4)
target-base = £8F
end:
else begin
helief-count = ICBB-count )
target-base = JEEE
end: {if}
Idy = belief-count (6)
Typey = "DERIVED" (7
Am‘ﬁcedcmy = PrecB {8)
Cenclusiony = Conc-part, - (9)
Justiﬁery = L?ustifiery U {Edg, Id e} (i
target-base ;= target-base U ¥ (i)
instructional-belief-update(y) (12)

end; {if}
end; {for inf}
end {generate-derived}
Algorithm 6.21 recursively generates new beliefs from older beliefs. It looks for rules
it an INFERENCE-RULEBASE (1) whose precondition parts are identical to the
conclusion part of the current belief  (2). Thus given a belief (B: A= C) and an
inference rule (inf: C = D), generate-derived generates a new belief of the form (y:
A = D). The algorithm ensures that it is adding to the correct belief base by checking
in (3) and consequently setting the current count of beliefs appropriately (4)-(5). Ttihen
sets parts of the belief as shown in (6)-(10) and adds it to the target-base in (11). Since
a new belief has been added to the belief system, the instructional-belief-update
procedure must be called to determine the new belief's own contradictions and
dependent beliefs (12). Since generate-derived is part of instructional-belief-
update, it illustrates the recursive nature of the parent procedure as well as itself. The
belief generation process is performed until there is no inference rule that can be used 0

derive a new belief from an existent belief.
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Exampie 6.6

Suppose the student previgusly held the belief

B [({<duration 5} = delusional-disorder,

and then after further interaction, the student later holds the belief

By [((= duration 12) = delusionai-disorder].

If By was labeled 'Correct’ and was placed into 8%, and [ is labeled Incorrect’, the

algorithm would delete 1 from £%'F, and store B, into 9ZEF, because

(< duration 5) = ~{=duration 12)
hecause evalnation of (= duration 12) in the presence of (< duration 5) would yield a

‘False'. If however we had

B1 [((< duration 5) = strong-moods} and
By [{(= duration 12) = light-moods],

there is no contradiction since the preconditions and conclusions are mutually exclusive.

If no contradiction exists for B4, it is stored 7€8& anyway. This leads us to comment

briefly about the initial state of CBB and ICBB, time which time neither belief base
contains any belief. The first incoming correct and incorrect beliefs are stored in @8F
and YEEB, respectively, since no contradictions exist for them anyway. In this case,

find-contradiction is siill executed, only it yields a "no-contradiction’ contra-flag.

6.11 Complexity-analysis of algorithms

In this Section, we present estimates of the running times (in 'big-oh' notation) of the
algorithms specified in this Chapter. Estimation techniques used here are taken
from Aho et al. (1983), and are based on the numbers of inputs to the algorithms.
Thus T(n) implics the running time of a specified algorithm, given an input size 1.
For the purpose of this discussion, we have used variable names as follows:

n: number of rules in KB, SL, or BEK
m: number of symptoms for current case
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number of paths in a specified set of paths
number of incomplete paths in current path trace
number of assumptions

number of compound beliefs

number of strategies

number of beliefs

number of incoming beliefs

P
[

g @'® O R

The running time of Algorithm 6.1 is dependent on those of Algorithms 6.2 10 6.4,
since it calls Algorithms 6.2 (which calls Algorithm 6.3) and 6.4. The running time
of Algorithm 6.4 is the resuit of applying the rule-of-sums on lines (1) and (2},
which is O(1)+O(number of symptoms) = O(m). Please recall that m represents

number of symptoms in this Section.

Algorithm 6.2 is a recursive procedure which is also called by Algorithm 6.3. Since
these two algorithms call each other, their running times must be estimated in
tandem. We can first estimate the basic running time of Algorithm 6.2 by assuming
some initial value for its input size, and then performing a recurrence calculation
with different input sizes. The initial input size is not difficult to guess, since it is
always stated explicitly before the procedure (¥*chain-rules®) is called. With an
initial size dependent on the entire knowledge-base (n), we see that the worst-case
time for (5) and (6) of Algorithm 6.3 is O(n). This gives us ((n) for the

*packtrack® algorithm.

Returning to Algorithm 6.2, the running time will be O(n) multiplied by the longest
of the sub-procedures in (3)-(4), (5)-(7). (8)-(9), and (1), This is O(n) * max{
O(1), C(n), Om), O@)) = G(nzj. This means that the running time of Algorithm

6.2 is a function of a square of the number of rules in the knowledge-base.

Now we can compute the running time for Algorithm 6.1, which is now the sum of
O(1) for lines (1), (3) and (4), (11)-(13), O(m) for (5), O(mn?) for (6)-(9), and

O(m) for (16). This would give us O(mnz). The while loop in line (2) would raise
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this value by an integer factor, but essentially, the running time would remain 2

function of mn2.

To obtain the running time of Algorithm 6.5, we must first compute that of 6.6, since
the latter is called by the former. In Algorithm 6.6, Hnes (2)-(6) is of O(1), (7} -(9)
is alsc of O(1). However, line (1) introduces the knowledge-base, which would
mean s worst case of O(n). The result of applying the rule-of-products would

therefore leave us with O(1) * O(n) = O(n) for this algorithm.

Back to Algorithm 6.5, line (10) is of O(n), which makes iines (8)-(10) of Ofe=),
since it is performed as many times as the number of incompleie paths. Line (7)
serves more as an explanatory line, and is actually redundant, since the major
looping function is performed by line (8). From this it can be observed that the
running time for lines (3)-(10) is max (O(1), O(n), O(in)) = O(Gn). When Line (2)
is included, the time updates (o O(in?), fori = 1, for the entire algorithm. This

actually reduces to a function of nZ.

The running time for Algorithm 6.7 is dependent on those of Algorithms 6.8 to
6.10. Algorithm 6.8 consists of elementary staternents, and is of O(1). The same is
true for Algorithm 6.9. Algorithm 6.10 is dependent on the number of assumptions
(a), and is G(a) in lines (7) - (9) and (3). This makes the algorithm of O(a). From
these estimates, we can see that the running time for Algorithm 6.7 is the larger of

O(a), for lines (1) - (5), and O{c) for the compound beliefs of (6) - (8).

Algorithm 6.11 depends on the number of strategies, s, and number of beliefs, b.
Lines (1) - (4) is of O(sh), while line (5) is of 0O(s?) for most sorting algorithms.
We can therefore conclude that the running time of Algorithm 6.11

= {sh,if b=>s
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or { s2 ifb<ss

For a large knowledge-base, we expect that s would normally be larger than b.

Algorithm 6.12 calls 6.13. From line (1), Algorithm 6.1% is of On) * O{1) of lines
(2) - (8), which gives us O{n). Putting this into Algorithm 6.12, we get OGn) for
Tines (7) - (10), multiplied by O(n) of line (2). The rest is of O(1). Algorithm 6.12

is therefore of O(inz) fori= 1.

Algorithm 6.14 is of O(p) * O(1), for lines (1) and (2)-(10), respectively. This
gives us O(p), which is the number of paths in BA. Algorithm 6.15 is the most
complex algorithm, involving six loops. For lines (9) - (15), the running time would
be the product of numbers of sub-beliefs and preconditions in the average paths in
BA and BCONC. We are forced to make an estimate in this algorithm, since it 18
difficult to know precisely how many rules are involved in a path. However, by
observing Figure 6.7, which is a good representation of a graph starting {rom the
beginning, to somewhere near the end, of the knowledge-base. From this graph, we
estimate that the path length is approximately 1/8th of the knowledge base, or 1/5th
in the average case. Also, from observation of the knowledge-base rules, we
estimate that the average number of preconditions in a rule would be 3. Using these
figures, we obtain O((3n/5)%), which approximates to O(n?). The two outer loops in
lines (3) and (4) introduce a product of the square of the numbers of paths in BA
and BCONC. We could represent these in terms of p's, but in ierms of n, the
number of paths in BA and BCONC are, in practice, factors of the number of rules
in the knowledge-base. This result of these outer loops would then give us an

overall running time of 0(n4), in the worst case, for Algorithm 6.15.
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Algorithm 6.16 is a recursive algorithm which depends on Algorithms 6.17 - 6.21.
Algorithm 6.19 is of O(1). Analysis of lines (1) - (8) of Algorithm 6.18 also
produces a running time of O(1). The same resuli is obtained for Algorithm 6.17.
Algorithm 6.20 is recursive, and calls Algorithm 6.16, its calling algorithm. Using
an estimate for the initial value of the input size, the worst-case running time for 6.20
would be O(bg), since it depends on the number of incoming beliefs and the overall
number of beliefs in the belief sysiem. Algorithm 6.21 is of O(n) where n this time
is the number of rules in the INFERENCE-RULEBASE. Algorithm 6.16 therefore
depends mainly on the numbers of existent and incoming beliefs, b and g,
respectively. Lines (3) - (6) are of O(bg), assuming that all existent beliefs are in
ICBB (line (2)), and that all incoming beliefs are in CB of line (1). Introducing
lines (1) and (2), that makes lines (1)-(12) of O(bg)2. The same value is obtained
from analysis of lines (13) - (25). This gives an overall running time of O(bg)?
which points out a dependence on the numbers of existent and incoming beliefs, for

the belief-revision algorithm.

.12 Control flow of algorithms

Figure (6.10) shows the flow of control between the algorithms described in this

Chapter. The algorithms are indicated in boxes, with rounded boxes representing

recursive algorithms. Arrows show the execution order of algorithms, with dashed

arrows indicating algorithms which are called by other algorithms. The major flow is

from the EPS, which passes DDppq to the Knowledge-Finder, which passes computed

strategies to the Response-Analyzer, which computes student's strategies and beliefs,

and passes
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beliefs to the Deviation-Finder, which iabels beliefs and computes misconcepiions,
and passes labeled beliefs to the Belief-Revision Unit. The flow within the Modeler
stops at the Belief-Revision Unit, and when fitted into the overall Modeler structure
(sees Figure 5.1 and 6.1), the next stage would be sending updated belief sets to the

Tutor for further interaction with the student.

613 Summary

In this chapter we have described the Student Modeling Module of our model
architecture in extensive detail. First we introduced the belief revision scheme we have
developed for maintenance of a student's beliefs. The revision scheme is coheresncist
since the coherencist approach allows us to retain a derived belief in the belief system
even when its justifier has been deleted. As we explained in Chapter 5, the coherencist
approach conforms better to human cognitive behavior than the more restrictive
foundationalist approach. Next we describe algorithms for the modeling process.
Starting from the time a problem is presented to the student by the tutoring model, we
specify algorithms for the Expert Problem Solver's solution process, the Knowledge
Finder's computation of alternative paths to the EPS's solution, the Response Analyzer's
query session with the student aimed at identifying student beliefs and solution
strategies, the Deviation Finder's labeling of beliefs and identification of misconceptions
using the knowledge base, and the Belief Revision Unit's maintenance of the overall
belief system. In this section we summarize our approaches (o the issues surrounding

modeling and belief revision.

First, we identify a student's beliefs by means of a query process conducted by the
Response Analyzer. Particularly, the query-for-justification procedure enables the
Student Modeler to identify the reasons underlying a student's surface responses, which

facilitates better modeling. We assume that the Response Analyzer's queries brings out
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all of the student's beliefs used in his/her solution to the current problem. After a belief
has been identified, we apply 2 list structure (o represent the belief as a quintuple which
uniquely identifies the belief and stores it as an implication along with its justifying
beliefs and assumptions. The list data structure is easy to manipulate and has been used

successfully by belief researchers to represent beliefs.

As explained in Chapter 5, the student's belief base differs from the Tutor's knowledge
base, since the student may not believe every piece of knowledge in the knowledge base.
Determination of a belief's correctness is a task performed by the Deviation Finder,
using the knowledge base as the basis of evaluation. A student-belief is labeled correct
if and only if there is some chain in the knowledge base that leads from the belief's
antecedent to its conclusion. Checking for the correctness of intermediate conclusions
is yet another step in the modeling process facilitated by the query process done by the
Response Analyzer. The identification of deviations between the student's incorrect
beliefs and the knowledge base is done by the Deviation Finder in a multi-step
procedure. First it uses the precondition part of a student's incorrect belief to perform a
forward chain through the knowledge base, to identify where the student's preconditions
may have led him/her. Then it uses the belief's conclusion and performs a backward
chain to determine what elements may have led to it. Finally it identifies similarities
within the paths obtained from the two sets of chains, and draws reasonable inferences
from comparisons. This is a very tedious process because the chains are listed
exhaustively and the Deviation Finder tries to uncover as many explanations for the
student's misconceptions as possible. This approach is unique to this model or design,
and avoids using any overlay or buggy technique for reasons that have been discussed

in previous sections and chapters.
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When 2 helief has been identified and labeled, it must be sent to the pool of beliefs or
helief base maintained for the student. Our model involves two labeled belief bases {(one
gach for correct and incorrect beliefs) to enhance processing speed. In order to store a
new belief, existent beliefs must be checked for contradiction. Since our beliefs are
represented as implications, locating contradictions is performed by determining
whether the conclusion parts of two beliefs conflict when their preconditions do not.
This is the only contradiction condition in an implication-based formalism. Onee it has
determined the existence or nonexistence of a contradiction, the Belief Revision Unit
proceeds to delete contradictions, store an incoming helief, obtain derivations using
predefined inference rules, and continue the revision process recursively. In this model
we have followed the coherencist school of thought, representative of which is the Dalal
revision scheme. We have however shown that the Dalal belief revision scheme fails in
a case of multiple incoming contradictions since it performs resolution of conflicts
entirely on the originally unrevised belief base. Also, the Dalal scheme does not provide
for data dependencies or derivations. Qur model has improved on this scheme by
performing recursive resolution of contradictions, and also by addressing the derivation
of new beliefs as well as the recursive belief revision that follows from these derivations.
We have also included the optimization technigque of isolating non-coniradictions from
contradictions and performing a contraction process only on the contradictions, as was
done by Boutilier and Goldszmidt. We have also demonstraied with multiple examples
that our revision scheme satisfies the AGM postulates which constitute the

contemporary standard of evaluation of coherencist schemes.

In a problem solving learning session in our prototype domain, we assume that the
Tutor presents the student with symptoms and expects the student to return a differential
diagnosis. At the same time the Expert Problem Solver performs a forward chain

through the knowledge hase to determine the correct diagnosis corresponding to the
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given symptoms. This EPS's diagnosis (or DDgag) is used as a guide w determine the

correctness of the student's own solution, without regards to problem-solving style or
strategy. In order to promote strategy-independent student-solutions as discussed in
Chapter 4, the Knowledge Finder uses the DDgpg to perform a backward chain through
the knowledge base, and lists exhaustively all paths that could lead to the same solution
as the EPS's solution. These alternative paths assist the Response Analyzer in the
determination of which strategy or strategies the student may be applying to his/her
solution based on his/her responses to the Eesponse Analyzer's queries. Candidate

strategics are identified by the frequencies of the student's beliefs occurring in them.

After the belief revision process, the Modeler passes all beliefs (correct and incorrect),
as well as missing beliefs, to the Tutor for further interaction with the student. As
explained in our overview in Section 6.5, the further interaction would involve the Tutor
addressing missing beliefs, and taking the student through material aimed at correcting
incorrect beliefs. If at a later time the Tutor poses another problem to the student and
the student produces a response, the modeling process will be activated all over again for
modeling, that is, identification of student beliefs, computation of alternative paths,

identification of misconceptions and missing beliefs, and more belief revision.

Overall, the components of the Student Modeling Module (or Modeler) work together
10 evaluate the student's responses, identify beliefs, promote individualized strategy and
modeling, label beliefs, and maintain a consistent belief base. In the next chapter we
summarize the entire thesis by highlighting our major contributions to research and

directions for future work.
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CHAPTER SEVEN: CONCELUSIONS

This chapter presents a summary of the foregoing chapters. We lirst highlight the
differences between our model and some other intelligent tutors described earlier. Next
we outline our contributions to research inio Intelligent Tutoring Systems, and then

discuss some extensions for future work,
7 1 Differences between our model and some other I'1T5s.

In this section we identify the differences between our model and the major intelligent
tutoring systems described in Chapter 3. Where features are common in systems, we

group them together.

2) One of the foremost differences between our model and current ITSs 18 in their use
of an overlay model, while we use 2 strategy-independent model. These systems that
use overlay models include GUIDON, WEST, WUMPUS, RBT, EEMT, SHERLOCK,
and the STD/ITS.

b) We do not use a buggy model as in BUGGY or FITS, the fractions Tutor. We also
do not use a mal-rule set since we evaluate the student on the basis of deviation from

knowledge as opposed to matching to pre-programmed possible misconceptions.

GUIDON is the single intelligent tutoring system against which we can compare our
work with respect to the medical domain. Therefore with specific reference to

GUIDON, we identify the foliowing difference:

¢) GUIDON cannot perform construciive evaluation in the sense of understanding
student misconceptions and offering explanations for them. We however achieve this
feature by explaining misconceptions as deviations from rules. Our Deviation Finder

identifies misconceptions by locating rules from the knowledge base from which the
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student's beliefs deviate, thus allowing the tutoring model to explain misconceptions as

deviations from rules rather than as conforming to some predelined mal-rules.

7.2 Contributions to knowledge

We semmarize our model’s contributions to knowledge as follows:

o integration of expert systern and hypermedia technology inio a general intelligent
tutoring system framework. The hypermedia subsystem would facilitate browsing and
representation of advanced graphics, sound, and video, while the expert sysiem
subsystem would enable the model to make intelligent inferences and to generaie

explanations.

s a path-independent siudent model which allows the student to apply any desired path
to obtain a correct solution to a problem. This feature is made possible by the
Knowledge Finder which uses the knowledge base to compute alternative paths to the
same solution obtained by the Expert Problem Solver. These paths are then analyzed by
the Response Analyzer which uses the student's beliefs to identify candidate paths the
student may be applying. Path-independent modeling promotes more individualized
tutor-student interaction since the overall system is better able to identify the student's

solution style.

e identification of misconceptions using the double-chain analysis technique performed
by the Deviation Finder. This differs from the traditional overlay and buggy models as
was explained in Section 7.1. Each student-belief is first labeled correct or incorrect by
determining whether there is at least one logical chain of inference in the knowledge
hase flowing from the belief's antecedent to the belief's conclusion. If a belief is
identified as incorrect, the double-chain analysis is done by comparing forward-driven
chains from the helief's antecedent with backward-driven chains to its conclusion, and
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misconceptions are identified by comparing values of related keywords in the chains.
This technique promotes identification of reasons vnderlying the stadent's incorrect

FESPOTSES.

= an improved coherencist belief revision scheme, ﬁw, based on the resolvent scheme
discussed by Dalal (1988). E?j revises a belief base w with incoming beliefs . Unlike
Dalal's scheme, E? is entirely set-theoretic, and does not fail in the face of multiple

contradictions, since removal of contradictions is done recursively. It also incorporates
derived beliefs which are dependent on the contradictions of incoming beliefs, and

performs revision with derived beliefs recursively. We also showed that Ew satisfies
u

the AGM postulaies which are the basis for evaluation of coherencist revision schemes.

Maintaining a student's belief base using ?‘U promotes minimal belief revision by
H

changing the belief types of persistent derived beliefs, that is, by allowing the student to
retain derived beliefs whose justifiers have been deleted if a query process indicates that

the student stil! holds such beliefs.

7.3 Directions for future research
This final phase of this thesis concentrated only on the Modeler, which just one part of
the overall model. Several aspects of the model therefore need to be addressed in future

work. These aspects are discussed in this section.

a) first, we have only designed algorithms which could be used to obtain desired
modeling results. These algorithms need to be implemenied before other units of the
overall tutoring model can be addressed. We have attempted to implement the very first

two modeling phases described in Chapter 6: derivation of a correct diagnosis by the
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Expert Problem Solver, and the computation of alternative solution strategics by the
Knowledge Finder. Our programs yielded accurate results. That we obtained accurate
results from these two phases is very significant because that means that the al gorithms
we have specified can be implemented since they are all inter-related and we employed
the same design style and logical reasoning for them. The other phases however need o
be implemented to obtain a working Modeler. This implementation can be done using
Lisp since our belief structure is in list form and would therefore lend itself to
manipulations with Lisp. In terms of ordering of implementation, the algorithms seem to
flow in the order shown in Figure 6.9. We therefore suggest that the next series of
implementation efforts should be directed at the Response Analyzer. This may involve
designing a natural language interface that would drive the query sessions between the
student and the Response Analyzer. Alternatively, we could use a hi ghly structured
command-oriented communication language to avoid extensive natural language
processing. After the student's beliefs are successfully obtained from the Response
Analyzer, implementation should next be directed at the Deviation Finder and then the
Belief Revision Unit. Finally, it will be desirable to link the Modeler with the Tutoring
Strategy Module through the belief bases, so the Tutor can pick up the updated student

model and adapt tutoring material and complexity levels accordingly.
Other directions for future work on our model include the following:

b) programming the Tutor to include multiple tutoring styles for effective adaptation to
the student. Refer to Joshua & Scuse (1995) for a discussion of multiple tutoring

strategies. The Tutor should also be implemented to the level of domain-independence.
This would involve development of templates for Tuior-student interactions, which

would be filled in using the specific material from a chosen study domain.
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¢} development of a natural language communication interface, which would facilitate

Tutor-student interactions.

d) development of the hypermedia components, which would involve storing actual
fearning material in an electronic textbook using 2 hypermedia tool (like HyperCard as
suggested in Chapter 4), storing audio-visual clips in the audio/video units, and working

with an instructor to design an appropriate Browser network for the subject area.

¢y development of the Dynamic Questions Module with several schemats, as well as a
full range-database indicating ranges of variable values, as well as the Variable-
Relationship matrix. The presence of these would promote a better what-if query

environment.

f) we notice that the estimated running times of the algorithms specified in Chapter 6
depend mostly on the Knowledge-Base, and are of O(n2), on the average, where n is the
number of rules in the Knowledge-Base. Of particular note is the identification of
misconceptions which is of O(n4). We believe that these running times can be reduced
by applying heuristics to reduce the search spaces for these algorithms. One way of
doing that is t0 inclade an OR-relationship among preconditions of rules, which strategy
would reduce the size of the Knowledge-Base by close to 50%. Although this approach
would complicate the implementation algorithms, we believe that it would visibly reduce

the running times.

g) uitimately, it would be important to get all the model's units to interact as a running

sysiem, which would be the realization of the dream behind the design.

k) also, there is the possibility of using a neural network architecture to implement
portions of the Student Modeling Module of this design. Neural networks offer more

perceptive ability closer to the human brain than other artificial intelligence reasoning
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inference technigues. In our opinion therefore, 2 neural-network-hased Modeler might
achieve more success at belief-identification than a procedural or mathematical model.

However, the implementation of such 2 component is beyond the scope of this thesis.

7.4 Summary

In this thesis we have discussed several aspects of inteiligent tutoring. We started by
highlighting the current educational need: individualized instruction, which means the
adaptation of tutoring content and style to the individual needs of a student. We then
addressed different devices that have been used by educational technologists to promote
individual instruction. These devices include television, radio, and computers. We then
focused on computer-assisted instruction (CAI) which refers to the use of the computer
as 2 medium of instruction, and discussed carly (Ad-hoc Frame Oriented) systems
which presented canned material and were not effective at individualization. Next we
discussed intelligent tutoring systems (ITSs) or intelligent computer-assisted instruction
(ICAI) systems which incorporate expert systems and provide more inteiligent tutoring
owing to the expert systems' inference ability. We examined several intelligent tutoring
systems, which still had difficulty with the representation of graphics, personalized
student modeling, and adaptation. We then presented a hypermedia-expert-system
architecture to address these problems, with the hypermedia units facilitating multiple
representation and the expert system units performing intelligent inference and
generating detailed explanations using links to detailed material in the hypermedia units.
Next we focused on the student modeling component of the module which constitutes
the heart of any intelligent tutoring, system since adaptation of material and tutoring
style would depend on intelligent student modeling. For this module we defined
algorithms for path-independent student modeling (which allows a student to solve a
problem using any desired solution strategy), identification of student's misconceptions

using correct knowledge represented in a knowledge base, and a minimal coherencist
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revision of the student's belief base. We have shown that this design is an improvement
over several contemporary intelligent ttoring systems and we hope that it would help

alleviate current student modeling problems and promoting individualized mstruction.
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APPENDIY A: OQOVERALL PROBIEM DEFINITION

We have graded the several aspects of our ICAI model according to levels of difficulty,

as follows:
{Trivial) (Mot difficult) {(Dfficult) (Very Difficolf) {(Extremely difficult)
i1l £2] {31 i4] is]

Tasks that are outside the scope of this research are also graded as exuremely difficult

(for example, natural language interaction). Discussion of tasks follows.

1) Use of the Browser overview to identify and retrieve nodes to be taught. This can be

viewed in two ways:

a) for uninterrupted learning of predetermined nodes, the student learns without any

problem or need for branching. Complexity (2}.

b) if there is need to branch off to remedial material as a result of the Student-Tutor

interaction. The Tutor must decide what material to branch to, which is a function of

the correct determination of the student's misconceptions. Complexity (3).

7} Administration of pre-test to ascertain student's prior knowledge of concepts.

a) Pre-testing involves the dynamic generation of questions at different levels of
complexity. Templates in the Questions module are filled in with keywords and

value ranges provided by the Tutor. Complexity (2).

h) A problem here is the determination of the degree of student knowledge of these
pre-requisites. The number of correct answers to the pre-test may be used as a
trivial measure of the degree of knowledge. This task is of Complexity (2).
However, we intend to perform a delayed step-by-step evaluation of the student's

solution, since a correct final answer may be obtained without a clear understanding
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of intermediate steps and concepts. Step-by-step evaluation is of Complexity (5).
A student may not solve a problem using the same steps or approach as an expert,

and the Tutor must possess the ability to interpret the student's goals from solutions.

¢) Another problem is the identification of which pre-requisites or concepts are
understood, and which are not, and to what degrees. Misconception identification is
a tutoring perception problem of Complexity (5}, while the apportionment of credit
or blame to a set of concepts, which is a pillar upon which subsequent pedagogy is
performed, is of Complexity (3), since it may he based mostly on weighted
approximations. An inaccurate perception of student misconceptions leads o
tutoring on irrelevant concepts and to poor student mastery of key material. This is
a student modeling task, and is still a major research problem. Two approaches we
have considered towards solving this problem are the use of a competitive neural
network to produce a weighied set of misconceptions or the use of production rules
plus certainty factors. Neural networks mimic the human brain and are better at
perception problems than production systems. Neural networks have been used in
diagnosis, expert-system and modeling research (Chen & Norcio 1992; Fu 1992;
Fujita et al., 1992, Maren 1991; Papadourakis et al., 1992, Wang & el Ayeb
1992). However, the use of neural networks would further extend our work into yet
another field in artificial intelligence. We shall therefore restricted ourselves to

using production rules and certainty factors.

d) A third problem with pre-testing is the determination of what to do if pre-requisites
are not understood, plus how many times to loop around clarification of pre-
requisites before referring the student to a human instructor or textbook. We intend
to solve this problem in a simple manner. A student can be allowed to backtrack to
pre-requisites several generations (or levels) away from the current concept, until an
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appropriate pre-requisite is found which the student understands. This follows the
principle of adaptation, allowing the student to find his own level of cognitive

competence before the Tutor procecds with pedagogy. Complexity (2).

3) The Tutor will be programmed to assume a middie ground of complexity at the
beginning of a learning session, and then move up or down the complexity scale based
on student-Tutor interaction. Moving up the complexity scale, for instance, may involve

asking more complicated questions, or providing less discussion details during learning.

a) We can trivially assume an average complexity level initially.

b) The major problem is how to determine whether the student is getting better or
poorer at the concepts on the current complexity level: Complexity (3). Once itis
determined how the student is faring, adjusting the complexity level would become a
trivial task of Complexity (2). Determination of student’s progress is tied to
evaluation and modeling, and we can use responses to Tutor-questions, along with
student queries and requests for clarification, to estimate overall progress on a

concept.

4) The Fading principle: This is the process of providing detailed information at the
beginning of learning, and gradually reducing details as the student’s knowledge
increases. Our Tutor will apply the fading principle, in order to properly adapt to the
student’s mastery levels. This is very important because the Tutor must not bore an
average or expert student with excessive details. On the other hand, novice students can

hardly progress without such details,

a) The problem here is the deiermination of the student’s progress or otherwise, and
the decision as to when to reduce the amount of information provided: Complexity

(4). This is a perception and temporal decision, and must be taken at an appropriate
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time. Particularly, pre-mature fading can be detrimental o learning, because a

student might lose grip of certain key concepts as a consequence.

5} The system will generate questions dynamicaily, during interaction. The Dynamic
Questions Module (DQM) contains resident formats/templates with which to compose
questions when cued by the Tutor. The Tutor sends appropriate keywords and value
ranges with which the templates are filled. Templates and value ranges are useful for the

creation of "what-if™ scenarios.

a) What we must consider here is the provision of appropriate templates for the
problem domain, and the determination of which template(s) to choose for which
problem. Appropriateness templates is salient because the Tutor needs to be
equipped with the ability to gencrate challenging questions which will enhance
learning, rather than trivial questions. We can provide templates that take care of as
many known question formats as possible in the problem domain. This may
however not be exhaustive since we cannot provide all possible question formats.
We could also consider generating templates during interaction, if available
templates are not suited to the current student. A major problem with pre-designed
templates is that certain students need questions in certain unique formats, and may
not be comfortable with available templates. Moreover, some students require that
questions be asked them in progressive bits rather than whole, which would enable
them 1o solve problems in phases. Templates can therefore be organized in bits
which can be combined into Iarger chunks as the student’s requirements change.
Template design is of Complexity (4). Template generation is a more complex

task, but we shall let it stay at level 4 for now.
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6) Bvaluation of student response:

a) This could be a pattern-matching or overlay process, in which the student’s
response is matched with the system’s correct answer. An overlay scheme would be
of Complexity (2). Our model will not employ the overlay scheme.

b) We believe that our Tutor should be capable of evaluating intermediate steps, which
would assist it in the accurate determination of the student’s beliefs, misconceptions
and overall mastery level. As stated in 2b) above, however, intermediate evaluation 18
an extremely difficult task of Complexity (8). The Tutor must be able to keep
track of the intermediate steps, and also to recognize the student’s representations
and solution style, which most times differ {from the Tutor’s approach, and are

unique for each student.

7) Language of communication: this is closely related to the issue of representation
mentioned in 6b) above. There must be a clear specification of what representations are
permitted for the student. Unrestricted communication constructs would crash a
systemn which has inadequate Natural Language Interaction-handling capabilities.
Matural Language Interaction is outside the scope of this research, and so we shall allow
for restricted language and clearly defined representations that will be adequate for

meaningful student-Tutor inieractions.

a) Options for communication language include the use of menus, commands, Macros
and keyword recognition, all of which we shall use for variety. This is a task of

Complexity (4).

8) The Tutor will keep tack of student response speed as a measure of mastery. This

is a trivial task which can be solved using the implementation system clock.
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9} The Tutor will query the student for reasons behind responses. It is easy to ask

foliow-up questions directly from a student’s response.

a) The problem is how to understand the student’s reasoning as the query process
progresses. The issue of understanding is crucial, since the student can represent
the same idea in ways different from the Tutor’s. This is related to the problem of
communication language as well as the identification of a student’s goals in the

problem-solution process. _CGoal identification is closely tied to step-by-siep

evaluation. The Tutor must be able to determine, from the student’s solutions and
responses, what goals the student has in mind, and what strategies he Is trying to
apply. Determination of goals is the opposite of planning. Planning is the
decomposition of a goal into steps or actions, while goal identification is the
synthesis of steps to recognize the parent goal. FITS (Nwana 1993) allows a
student to specify intended goals. We, on the other hand, attempt to identify the
student's goals without the student's assistance. This is a complex perception task
of Complexity (5), and involves the Tutor’s knowledge of intricate steps involved
in different solution strategies. Goals may overlap in the sense that two goals may
involve some common steps in different sequences. The Tutor must therefore be
able to recognize where one goal ends and another begins, as well as the ability to
generate different goal-sets, if the student’s steps suggest multiple goals. In the
case of multiple goal identification, the Tutor must be able {0 determine which goal-

set the student was actually pursuing, by follow-up questions during interaction.

10) The Tutor will allow the student to suspend learning, revise, or quil a course
altogether. Suspension involves mostly book-keeping tasks of updating the student’s
study status records for use at resumption. Quitting a course may involve deleting a

me
student’s records from the Tutor’s records. However, our Tutor will remember
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students who have previously withdrawn from a course, by checking the Quir list each
time a student registers for a course. This will enable the Tutor to determine more
quickly an initial level of complexity for the student, based on the complexity level he
was at before quitting. Revision involves recalling the path and nodes through which the
student has traversed, in order to allow review. Sometimes though, the Tutor determines
what needs to be revised. However, this is not a problem encountered during a normal
revision process but rather as an offshoot of evaluation, which will be discussed in 11)

below. Suspension, Revision and Quitting are all tasks of Complexity (2).

11) The Tutor will administer post-tests at the end of topics, and give the student an

option to review responses before evaluation.

a) Revision before evaluation involves collecting all responses and allowing the
student to review or modify them, to ensure that such responses represent his final
views before the Tutor proceeds to evaluate the responses. This is a mimic of the
pen and paper environment, and is not an available feature in most CAI systems.

This is a task of Complexity (3).

b) The problem here is what happens after a post-test. The Tutor must determine,
based on the student’s performance, a belief about the student’s overall
understanding of the topic, as well as the identification of what key concepts have
not been clearly understood by the student. The latter is a modeling problem, as
outlined in 6) above. The next thing is to follow up identified misconceptions with
further pedagogy or enforced revision, to ensure that the student has a comfortable
grasp of the topic. Identification of misunderstood concepis is as explained in Zc).
Revision is enforced here because the Tutor had obtained no notion that the
concepts were not too difficult for the student. The concepts are therefore at the

correct levels of complexity, but are not clearly understood. This differs from the
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prerequisite-backtracking discussed for pre-tests in 2d). Since the student has
actually studied these courses, the Tutor has only to ensure good mastery. This may
also involve retrieving prerequisite or remedial material on the affected sub-topics.
This may end up being a recursive process, in which the student does not
understand a concept, nor its prerequisites, nor a prerequisite’s prerequisiies, and so
on. Although we can say that this will rarely be the case, the Tutor will decide after
two or three backtracks, to refer the student to a textbook or a human instructor.
This is what we call an instructor referral. Records of instructor referrals are
maintained by the Study-Management module. Overall post-test coordination,
including the decision on what to do as a result of the student’s performance, is of

Complexity (4).

12) The Tutor will obtain correct solutions from the Expert Problem Solver and offers
explanations, also from the EPS. It will use keywords to search for rule conclusions,
thus locating the node addresses from rules in the knowledge base, and retrieving the
required nodes from the electronic textbook: Complexity (3). The ability to present
detailed information from the hypermedia unit allows the Tutor to offer better

explanations than conventional expert-system-based tutors.

a) Sometimes the detailed explanations may not be obtainable from the rules. We
shall therefore prepare to give explanations to the student on any keyword using an
index of keywords, as is done in textbooks. This index would list all keywords in
the electronic textbook and all the nodes in which each is mentioned. If a student
requests an explanation of any keyword, the Tutor would retrieve the appropriate
node addresses and present nodes to the stadent. The compilation of the index is of

Complexity (3) while the presentation of the nodes is of Complexity (2).
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13)  Our Tutor will allow for a truly mixed-initiative interaction which permits the
student to ask gquestions using any of the allowable communication keywords or
commands. This goes beyond the work done in GUIDON, where the student is able o
ask only “WHY” questions. This is a problem of Complexity (S}, because the Tutor
has to be prepared for completely unexpected guestions in any of the accepied formats,
and must be able to explain its response to the stadent, who is permitied to ask ‘what-if”
questions.

a) A problem is the determination of what to do if the student asks a question that is
completely outside the domain of the Tutor, or something that the Tutor does not
qguite understand. It is easy to handle Tutor ignorance by simply admiiting that the
concept is more than the Tutor can handle. One way however, of dealing with
extra-domain questions is for the Tutor to tell the student that the question is
irrelevant or beyond the scope of the concepts being discussed. This would
involve a quick search for the keywords used in the student’s question, from the
Tutor’'s index, and generating a message if they are not found. This also takes care
of the rare eventuality that a student would abuse the mixed-interaction facility by

persistently asking distractive questions : Complexity (2).

14) A very important feature to maintain is the history of interactions. This involves
recording the beliefs and misconceptions displayed by the student, and updating the
belief set when new ones are observed. The issue of belief revision has been discussed
in great detail by Huang et al. (1991). Their work involved the maintenance of
stereotype information as well as observations and deductions from student behavior.
Update of their stereotype database was done by a combination of bottom-up constraint
satisfaction and top-down default propagation, while maintenance of the deductive
database was by use of an Assumption-based Truth Mainienance Sysiem. They

however left out the process of identification of beliefs (that is the determination of the
229



student’s conceptions and misconceptions), which is a major part of our research. We
shall concentrate on the helief-idemification process, and implement history mainienance

at a more superficial level, at Complexity (4).

A summary of the tasks defined above, grouped under complexity levels, follows.

COMPLEXITY (2

« Coordination, retrieval and presentation of nodes during uninterrupted learning.

e Question generation using pre-designed templates

s determination of degree of knowledge by matching final answers with correct answers

= Assumption of middle ground of complexity, and subsequent adjustment.

=]

Backtracking through generations of concepis or pre-requisites to find an appropriate
level of understanding.
e Coordination of learning suspension, revision and quiiting.

» Lookup of keyword in index for unexpected queries and for explanation generation.

COMPLEXITY (3)

= Choice of which nodes to branch to for remedial material.,

e Apportionment of credit / blame to a set of misunderstood concepts.

&

Determination of student progress on a concept, via queries, student requests for help

and responses.

&

Locating and retrieving nodes for explanation purposes.

L]

Keyword-Index compilation.

« Collection of iest responses for review before evaluation.
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COMPLEXTTY (4)

« Application of the fading principle, plus the decision on when to do so, after
determination of student progress Hsted under Complexity (3) above.

= Template design, and possible generation during interaction.

s Communication language: macros, menus, comimands and keyword identification.

e Coordination of a posi-test and consequent interaction.

e Maintenance of interaction history.

COMPLEXITY (5

s Delayed siep-by-step {or intermediate work) evaluation.

« Determination of which concepts or pre-requisites are believed or misunderstood.

e Determination of student’s solution goals and strategies, and the choice among
multiple goals.

» Coordination of student initiatives and questons.

Complexity level (1) is reserved for trivial tasks. We shall concentrate efforts on the
higher complexity tasks, with particular emphasis on Complexity levels 4 and 5. The
expected contributions of our work to the knowledge world would be in the Complexity

5 tasks:

L]

student strategy identification,

2

accurate identification of heliefs and misconcepiions,

®

delayed step-by-step evaluation, and

e coordination of student initiative.

231






APPENDIY B: IMPLEMENTATION APPROACHES ORDERED BY
COMPLEXITY LEVELS
This appendix describes our implementation considerations and techniques applied
sowards the solution of the problems specified in Appendix A. Problem identifiers tally

with those in Appendix A,

LEVEL 2
2.1, Coordination, retrieval and presentation of nodes during uninierrupted leaming.
e Look up Tutoring-node (T-node) for node’s address

e Retrieve from electronic textbook and present

2.2. Question generation using pre-designed templates.
e Receive
ee desired complexity level

ee keywords and ranges data types

» Lookup Range siructures
oo randomly select a range from the range set

o= randomly select from appropriate string sets

« Randomly select appropriatc template type
se select complexity level
s complete template with keywords and range values

ee present question

Note that the Questions module must not select any random value more than once i the
same query sequence. Each selecied value is marked (to avoid repetition) and all

marked values are unmarked at the end of the sequence,
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2.3. Response match: determination of degree of knowledge by maiching final answers
with correct answers.

« The system would mainiain a count of correct student responses

s If student's answer matches correct response from EPS, increment count;

e clse decrement count

¢ In addition {or alternatively), system maintaing certainty factors attached to student

beliefs (i.e. system's notion of the degree to which student believes each

concept). If student response is correct, increment certainty factor by a set value;

e= ¢lse decrement certainty factor

2.4. Assumption of middie ground of complexity, and subsequent adjustiment.

» There ate grades of complexity with respect to questions and levels of conceptual

information provided to student

= Initially contents of comect and incorrect belief sets = null
ee Agsume there are five complexity levels; start atlevel 3
e During interaction,
eee {pliow trend of degree of knowledge obtained in 2.3. above
eos increase / decrease complexity level as the measured degree of knowledge
{or certainty factors) rises or falls, respectively
sse add new beliefs to belief sets

see pemnove beliefs which have been contradicted by new ones

2.5, Backtracking through generations of concepts or pre-requisites to find an
appropriate level of understanding.
¢ Each t-node has addresses of pre-requisites and related concepis

« If there is only one prerequisite, then it is located via its address, and presented
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s ¥f there are 2 or more prerequisites, then use browser overview to determine the least
complex one. This will be done using a depth feature attached to each t-node.
Depth is a measure of nodal distance from the root concept. The deeper a node is,

the less complex it is.

» For instance, in the above network, nodes A, B and C are candidate prerequisites of

node B, at depths 3,2 and 4, respectively.

« present the least complex pre-requisite {C in the above example). For equally likely

pre-requisites, select randomly.

» Repeat location and presentation of prerequisites until the student gets to a

comfortable level

e backtrack 10 a rejected prerequisite if path previously followed hits a dead end. This

is a reverse depth-first search (since we are searching the network bottom-upwards)

= Note that link types differ:
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=s pre-requisite Hnks - top-down or hierarchical
ee related-concept links - adjacent, non-hierarchical

Only prerequisite links are followed during the backtracking process

2.6. Coordination of learning suspension, revision and quitting.

these are performed by the Study Management Module.

On susnension

s record current node, current belief set and associated certainty factors
e record all questions answered, problems solved, complexity level, and navigated path

o In short, the complete interaction history is committed to memory, on suspension.

For revision
e Recall the navigation path
» Ask for point at which revision is to start
¢ Re-present nodes
» Allow student to ask questions
e retricve correct answers from the EPS

e revision must also involve pedagogy if the need arises

o Note that a major difference between normal learning and revision is that after
branching from a node A, the student is obliged to return to the node following A,
since he is undergoing a REVISION of the previously navigated path (see diagram
below). This is not so in normal learning, in which the student is not obliged to
study a node (and its descendants) that is currently too complex, but is allowed to

hranch to easier material,
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Extza stuff

return to pode following A,
10 continue revision

For guitling
« Transfer student's records to the QUIT file but save
se complexity level
es cyurrent set of beliefs
se set of major concepts studied
ee overall navigated path
o These data will assist the Tutor to adapt to the student more quickly, in case the student

chooses to re-take the course at a later date.

For learning resumption

* Retrieved information saved at suspension
= Ask some revision questions
» If performance not good,
e« determine what concepts the student seems to have forgotien
o= hacktrack to appropriate nodes (use previous path) and refresh student's
MEmory

ee proceed with new material
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2.7. Lookup of keywords in index for unexpected student queries and for explanation
generation.
« The mode! will contain an alphabetically ordered index of technical keywords and

terms, along with addresses of nodes in which they cccur

o If student asks about a keyword and the knowledge-base cannot trace an exact or
satisfactory explanation, the Tutor can use the index to retrieve nodes in which the

ferms occur

e The appropriate nodes will then be presented to the student in student's chosen order
{or in sequential order of occurrence in index if student does not specify otherwise).

The student may discontinue the lookup process whenever desired.

2.8. Coping with incomplete information in the event of unknown or unrecognized

queries.

« If a keyword can neither be found in the knowledge base nor in the index, the Tutor
would generate a message indicating that the desired information is not available in

the system.

» The Tutor will save such terms in unrecognized terms table, for the insiructor’s

attention,

e The unrecognized terms table can be useful for update purposes if the instructor sees

the need to address the student's gueries.

¢ In the case that any term requires system update, the instructor would perform the
following tasks:
se add relevant nodes to the electronic textbook

== add relevant rules to the knowledge base
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=0 adjust the hypermedia browser network Hnks

se update the keyword index

» If an unrecognized term is not relevant to the study domain, the instructor would
indicate that, plus the domain in which it is applicable. This information is stored in

2 node attached fo the term or keyword

o At a subsequent learning session, the Tutor retrieves the nodes relevant to
unrecognized terms, explaining the terms, or making recommendations for study of
another domain affecting the keyword. This process ensures that the student's

queries are responded to, at least to a reasonable extent.

= The foregoing implies that any specific keyword may be unrecognized to the Tutor a
maximum of only one time. Once update or recommendations are inserted by the
instructor, the Tutor can retrieve relevant responses for the student whenever such
terms recur. The system thus grows (and the Tutor learns more) as new terms and

keywords are introduced.

LEVEL 3

3.1. Identification of misconceptions: Note that it is very important that the Tutor uses
follow-up questions to draw out all of the student's misconceptions at any stage, before
interrupting with pedagogy. This enhances more effective ieaching, and promotes a

higher level of individualized problem-solving by the student.

Scenario: Tutor asks a question, and the student responds.
e Tutor asks a follow-up question on sub-concept (based on a student's response)
e Student responds

= Tutor finds rules relating to the sub-concept
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es if the student's response is correct, mark the rule's belief as a positive

helief

o If the student's response is incorrect, Tutor finds rules in the knowledge-base which
the student is using incorrectly, that is rules which contain some relationships that
the student is using, plus other entities not being used by the student. The beliefs

represented in these rules are marked as partial beliefs held by the student.

e Repeat a) to d) until the student gives consistently correct responses, or until no new
misconception is found relating to the local sub-concept. This second condition is
relevant because there is no need to query a student beyond concepts that have been
studied. It is natural for a student o display cvidence of misconception of

unfamiliar concepts.

» New beliefs discovered during this query process are used to update the belief base

3,2. Choice of which nodes to branch to for remedial material. This is a continuation

of 3.1. above.

» For each misconception discovered do:
e Present associated rules from the knowledge base
ee [_ocate addresses of associaied electronic textbook nodes from rule and
present
eo [ ookup keyword index and preseat any node not yet presented in b).
For multiple keyword relationships, perform an AND of nodal addresses

and present any node not yet presented in b).

240



e The preceding is a basic explanation process. If concepts are not yet understood
after explanations, then locate prerequisites of sub-concept and present. See 2.5 for

prerequisite location.

= Note that nodes are identified as either major sub-concepts or constituent nodes. Ifa
node relating to & misconception is a major sub-concept, then a series of nodes
would be presented by the Tutor. Otherwise, the Tuior simply presents single

relevant nodes.

3.3 Determination of student progress on a concept, via queries, student requests for
help, and student responses.
e A major part of this has been tackled in 3.1 and 3.2.
= When a student requests for help:
ee mark the help sub-concept temporarily as a misconception
ee retrieve rules and nodes associated with requested sub-concept
se perform pedagogy if necessary. Also, use follow-up questions to locate

further hidden misconceptions associated with the key help sub-concept

3.4. Locating and pulling out nodes for explanation: See first part of 3.2 above.

3.5. Keyword index compilation.

e Index compilation must not be performed manually.

= The model will contain a list of keywords and technical terms.

e Using the list, and for each term or keyword, the Tutor does the following:
=s perform search of nodes
ee record address of every node in which keyword occurs

es ofien, a keyword is the subject of a major heading, and would likely oceur
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in most nodes in that section. For such cases, record the major heading's

start address.

e Then for all major headings, there is a list of constituent nodes. This separate detail
is necessary for the performance of AND or OR operations for locating nodes for

explanations involving multiple terms or keywords.

3.6. Collection of test responses for review before evaluation: This is a buffer

function.
» Receive and save all responses

 For each response,
s display former response and ask for revisions

&s 1e-8ave

o Ask student to indicate when done with review (system may allow say 2 overall

review cycles)
o Activate the Tutor for evaluation of individual responses

» Tutor-Student inferaction must be done during the evaluation process. The Tutor
must query for reasoning behind correct responses, and also perform diagnostic
gueries for misconception identification in the case of incorrect responses. Since
student responses are saved, the Tutor does not forget or lose any response, but can

take time to address each student response as is necessary.

» Note that the key issues here are that

es the student is allowed to complete solutions to personal satisfaction, and
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es the Tutor must not rush evaluation, but must tackle each response, and
query student for reasoning, in order to perform relevant pedagogy if

NECEssary.

LEVEL 4

4.1. Application of the fading principle, plus decision on when to do so, after

determination of student progress (see 3.3.)

« Nodal information is organized in hierarchical levels of detail:
ee ARSTRACT level (Jowest level)
ee MEDIUM level
se DETAILED level (highest level)

s Each level expands on the information provided in the preceding level

» The abstract, medium and detailed levels are appropriate for the advanced, average

and novice students respectively.

» How to determine the appropriate level for a learner:
es It is easier to detect when a student is getting too little information (student
would ask for explanations) than when he is getting too much information

(student may feel irritated but say nothing).

ee It is therefore hetter to_start at the advanced / abstract level, and adjust

upwards as needed

ee During interaction, as the student's responses become consistently more
accurate, adjust detail level downwards until the student starts asking for

more explanations,

[
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== This is 2 dynamic adaptation process.

4.2. Template design and possible generation during interaction.

e Ideally, templates should be generated dynamically by the Tutor, but this would be in
a truly natural-language-driven generator system. In the absence of such g driver,

we must make do with an inexhaustive but supposedly sufficient set of templates.

> Templates in this system are organized in levels of complexity, from simple
definition templates, to complex reasoning templates, involving one, two 0f more

variables.

= Template types are domain-independent. They are however completed with domain-

dependent keywords, value ranges and random string selections.

Template examples follow:

Single-variable template for variable X

[string] X7

The string indicated above is a required string, which mostly determines the nature

of the question posed to the student. For instance

« Whatis X7 ( a definition question)

e What do you understand by X 7 (a definition or comprehension guestion)
» Compute X ( a problem-solving question)

e Why X7 (query for reasoning)

¢ How did you arrive at X 7 {(query for reasoning}

s Can you explain: X 7 (query for reasoning)

Double-variable template for X and Y

[string-17 X [string-2] X
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Again, the strings indicated in brackets are required, and determine the nature of the
guestion. For instance,

e Is there a relationship between Xand ¥ 7 {guery for relationship understanding)

¢ How does X differ from Y 7 { guery for comparisen)
¢ Doeg X affect ¥ 7 {guery for relationship understanding)
e Can youcompute X given Y 7 {problem-solving query)

» Why do you think X may imply the {presence, absence} of ¥ ?

{guery for reasoning}

IMultiple-variable example

So you think Z resulis from X andY 7 (query for reasoning involving 3

variables)

Note that the template unit grows as the system.

= Each template includes number of variables

e For cach query type, there are several complexity levels, and for each complexity

level, there are sets of query string forms.

« There are three classification strategies:
e¢ by number of keywords or variables
ee hy query type

ee by complexity level
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Organizational options are shown in the table below:

Major classifier Second level Third level
Nurmber of keywords Complexity level/ Cuery type /
query type cormplexity level
Query type Complexity level / Number of keywords /
number of keywords complexity level
Complexity level number of keywords Query type /
/ query type number of keywords

Classification strategy greatly affects the efficiency of guery selection during
icarning. For example, suppose queries are classified by query type (e.g.
comprehension, relationship, reasoning, definition, etc.). Suppose there are two
variables in a certain query, and the Tutor wants to test for comprehension,
relationship and reasoning. First the Tutor would access the comprehension
template class, and select gueries. Next, the Tutor accesses the relationship template
class, and then the reasoning template class. There is thus a jump from one template
class to another, and probably back and forth. The same process applies to
classification by complexity level, especially since the Tutor must adapt dynamically
to the student's understanding. Classification by the number of variables or
keywords includes all the appropriate query types and complexity levels. It is
therefore the most preferred classification strategy, since selection of different forms

can be performed within the same template class.

4.3. Communication language: macros, menus, commands and keyword identification.

¢ Used for interaction and request specification during a leaming session
e grouped under synonyms

= also grouped in novice / advanced student formats (not all)

e For each communication code, the system coniains:
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= code

«» meaning / function
e SYNONYmMS

s® gynitax

Macro / Command Examples

« REGISTER {for course registration}
e SUSPEND {for learning session suspension |

e REVISE {must include start location for revision}
« QUIT {for quiiting a course altogether}

* WHY {request for explanation }

*s WHAT IS {request for explanation}

* EXPLAIN {request for explanation}

» Synonyms for EXPLAIN include CLARIFY, HOW_COME, and HELP [X]

= Function keys and control keys can be programmed as intermediate or advanced
code keys. For example, F1 or *R for intermediate and advanced inputs for

REGISTER, respectively.

» Menus: provided for query and operational formats. All commands and macros are
also available in menus, and there are different menus for login, logout, explanation

requests and other functional activities. An example follows:

» For explanations

e WHY

« HOW_COME
¢« EXPLAIN

» NOT_CLEAR
¢« CLARIFY

e Technical language

¢« EFFECT_OF

e RESULTS_IN

° IMPLIES

« INCLUDES

= DIFFERS_FROM

Communication codes and syntax will grow with the systemn.
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4.4 Coordination of post-tests and subsequent ineraction.

= Collect test responses.

= Allow student (o review before evaluation. Save final responses

« For each response
e guery for reasoning (see 3.1.)
=« mark any incorrectly answered or incorrectly reasoned-out problems
ee diagnose or identify misconceptions (see 3.1.)
== perform remedial pedagogy if necessary (see 3.2)

e= dynamically modify belief sets

= Repeat test on previously marked problems. If there is substantial progress, then

okay

= Repeat testing, diagnosis and pedagogy until the student's misconceptions are

cleared

¢ Note that the student may suspend the current post-test topic if desiring to study an
unrelated or non-subsequent topic. However, the student cannot progress to new

topics for which current post-test topic 1s a pre-requisite

4.5. Maintenance of interaction history: This is the task of the Study Management
Module and includes keeping track of

e copreitt complexity level

« path of navigated nodes

e concepts learned

¢ degree of knowledge

« belief sets



Al of these have been addressed in Complexity level 3.

LEVELS

5.1. Step-by-step (or intermediate work) evaluation: This has been discussed in 3.6 and

4.4,
5.2, Determination of which concepts or pre-requisites. See 3.1, to 3.3,
5.3. Coordination of student initiatives and questions. See 3.3. and 4.3.

5.4. Determination of student's goals and strategies, and the choice among multiple
goals. Identification of strategies will be done by matching the student's beliefs against
a strategy-base compuied using the Expert Problem-Solver's final response as a guide.

We can attempt to identify goals during problem-solving as described below.

e Each rule has preconditions and postconditions. The preconditions are the rule
antecedents while the postconditions are the rule conclusions. For instance for the
rule

IF X AND Y THEN Z,

the preconditions are X and Y while the postcondition is Z.

e There will be two lists for goal determination: GOALS LIST and
PRECONDITIONS LIST. When a student requests data, the requested data is
added to the PRECONDITIONS LIST. Also, initial information provided to the

student are preconditions.

» When a rule is fired whose aniecedent exist in the PRECONDITIONS list, the rule's

conclusion is added to the GOALS list. It is important not to delete existent
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preconditions because they may be required for the firing of more rules whose

conciusions are also added 1o the GOALS list

« When a rule is fired whose antecedent involves an entity in the GOALS list (say 7)),
that entity is deleted from the GOALS list and transferred to the
PRECONDITIONS list (and marked as a subgoal) while the new larger conclusion
is added to the GOALS list. For instance

PRECONDITIONS GOALS
X Z (deleted)
Y W(new, mvolving Z)

Z(added; marked as subgoal)

° There is thus a continuous update of the preconditions and goals uniil the student
arrives at a solution. The GOALS list gives a clear idea about how the student's

solution was derived.

¢ Goal determination will also assist the Tutor in the measurement of the student's plan
optimality. This can be derived from the number of preconditions which do not
appear as antecedents in the student's final GOALS list. The Tutor can therefore

make solution strategy recommendations based on this information.
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APPENDIY C: Differential Diasnosis of Psvchotic Svinploms
{Based on the DSM-III-R Manual)

ABBREVIATIONS

BRP: Brief Reactive Psychosis
DED: Delusional Disorder
PDN: Psychotic Disorder Nos
PMD: Psychotic Mood Disorder
SCH: Schizophrenia

SED: Schizoaffective Disorder
SPD: Schizophreniform Disorder
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(ross impairment in reality festing as
evidenced by delusions,
hathicinations, incoherence or marked
Ioosening of associations, catatonic
stupor or excitement, or  grossly

disorganized behavior
%
COrganic factor that initiated or maintained YES e S€8 ORGANIC
the disturbance has been established decision iree
% NG __}No prodromal NO
- - YES symptoms of s
Duration of psychotic symptoms less ] Schizophrenia | ¥ 23 Full mood BRP
than one month and emotional e syndrome
turmoil present simultaneously
é NO DO nd psychosis present YES
% in YESPORNSE t0 B oD
Characteristic psychotic symptoms of the stressful event
active phase of Schizophrenia for at least
one week (or less if successfully treated) YES
% RO 5
Major
Delusions for at least] NOjMajor depressive] |depressive or
onemonthand no  lee— | or manic manic NO
prominent auditory syndrome (see syndrome (see
hallucinations or MOOD decision | {MOOD
visual hallucinations tree) presenl at decision tree)
andd no bizarre some time during {concurrent with
behavior psychotic active phase
symptoms symptoms Socialor INO
YES NC % YES YES occupationall s,
: , functioning |  |PDN
Total daration Total duration of markedly |
of all mocd all mood impaired
DED PDN syndromes is syndromes is brief
brief relative relative to total YES %
{0 total duration of the VES
duration of the psychotic %
psychotic disturbance Wore than Six
disturbance month duration of
NO NG continuous signs of
Psychotic Delusions or 2(}:2?,: é}; 301,(;?:}?331’
SYmptoms hallucinations phases) '
persist when present for two -
no prominent weeks when #no -
mood prominent mood | ¢ YES o NG
SYmpIOmS Symptoms
SCH SPD
é YES ! NO YES NO
PDN PMD | {SFD PMD
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APPENDIY D: KNOWLEDGE-BASE RULES

As mentioned in the main thesis, our prototype implementation was done in the domain
of psychiatry. We used the DSM-III-R (American Psychiatric Association 1967,
Kaplan & Sadock 1985) structure as the basis of our diagnostic algorithras and
knowledge-base information. The DSM-II-R is a very helpful instrument in
differential diagnosis of mental disorders, since it highlights the common symptoms
among similar disorders, as well as detailed differentiation among disorders with the
introduction of more symptoms. What we have done is to transcribe the DSM-III-R
structures into expert system knowledge, for use in psychiatric instruction. In this
section we outline the rules obtained from a single flow structure (a directed acyclic
graph) hased on the DSM-III-R: the Differential Diagnosis of Psychotic Symptoms
(shown in Appendix C). Note that DURATION refers to symptom-duration, which is

measured in weeks. This appendix shows our knowledge-base rules in Lisp form.

(defun setup-knowledge-base() ; construct the knowledge-base

{setg *KNOWLEDGE-BASE*

'({rule-01 ({equal delusions T))
(psychotic-symptoms-positive)
(delusional-disorder

psychotic-disorder-nos
psychotic-mood-disorder
brief-reactive-psychosis
schizophrenia
schizoaffective-disorder
schizophreniform-disorder
organic-mental-disorder))

(rule-02 ({equal incoherence T))
(psychotic-symptoms-positive)
{delusional-disorder

psychotic-disorder-nos

psychotic-mood-disorder

brief-reactive-psychosis

schizophrenia

schizoaffective-disorder

schizophreniform-disorder
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organic-mental-disorder))

{rule-03 ({equal loosened-associations T}
{psychotic-symptoms-positive)
{delusional-disorder

psychotic-disorder-nos
psychotic-mood-disorder
brief-reactive-psychosis
schizophrenia
schizoaffective-disorder
schizophreniform-disorder
organic-mental-disorder))

(rule-04 ((equal catatonic-stupor T))
(psychotic-symptoms-positive)
(delusional-disorder

psychotic-disorder-nos
psychotic-mood-disorder
brief-reactive-psychosis
schizophrenia
schizoaffective-disorder
schizophreniform-disorder
organic-menial-disorder))

(rule-05 ((equal excitement T))
(psychotic-symptoms-positive)
(delusional-disorder

psychotic-disorder-nos
psychotic-mood-disorder
brief-reactive-psychosis
schizophrenia
schizoaffective-disorder
schizophreniform-disorder
organic-mental-disorder))

(rule-06 ({equal hallucinations T))
(psychotic-symptoms-positive)
(delusional-disorder

psychotic-disorder-nos
psychotic-mood-disorder
brief-reactive-psychosis
schizophrenia
schizoaffective-disorder
schizophreniform-disorder
organic-mental-disorder))

(rule-07 ((equal behavior 'grossly-disorganized))
(psychotic-symptoms-positive)
{delusional-disorder

psychotic-disorder-nos

psychotic-mood-diserder

brief-reactive-psychosis
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schizophrenia
schizoaffective-disorder
schizophreniform-disorder
organic-mental-disorder)}

(role-08 ((egual psychotic-symptoms-positive T)
{equal organic-factor T))
{organic-mental-disorder)
(organic-mental-disorder))

(rule-09 ((equal psychotic-symptoms-positive T)
(equal organic-factor nil))
(non-organic-disorder)
{delusional-disorder

psychotic-disorder-nos
psychotic-mood-disorder
brief-reactive-psychosis
schizophrenia
schizoaffective-disorder
schizophreniform-disorder))

(rule-10 ((equal non-organic-disorder T)
(< duration 4)
(equal schizophrenic-prodromal-symptoms nil)
(equal emotional-turmoil T)
(equal stress-response 'psychotic))
(light-moods)
(psychotic-mood-disorder

brief-reactive-psychosis))

(rule-11 ((equal non-organic-disorder T)

(>= duration 4)

{equal schizophrenic-prodromal-symptoms T))

(strong-moods)

{delusional-disorder
psychotic-disorder-nos
psychotic-mood-disorder
schizophrenia
schizoaffective-disorder
schizophreniform-disorder))

(rule-12 ({equal non-organic-disorder T)

(>= duration 4}

(equal emotional-turmoil nil))

(strong-moods)

(delusional-disorder
psychotic-disorder-nos
psychotic-mood-disorder
schizophrenia
schizoaffective-disorder
schizophreniform-disorder))
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{rule-13 ({equal non-organic-disorder T}
(>= duration 4)
{equal siress-response (not 'psychotic)})

(strong-moods}

{delusional-disorder
psychotic-disorder-nos
psychotic-mood-disorder
schizophrenia
schizoaffective-disorder
schizophreniform-disorder))

{(rule-14 ({equal light-moods T)
(equal full-mood-syndrome T))
(psychotic-mood-disorder)
(psychotic-mood-disorder))

{rule-15 ((equal light-moods T)
(equal full-mood-syndrome nil})
(brief-reactive-psychosis)
(brief-reactive-psychosis))

(rule-16 ((equal strong-moods T)

(equal schizophrenic-prodromal-symptoms T ))

(schiz-group-1)

(psychotic-disorder-nos
psychotic-mood-disorder
schizophrenia
schizoaffective-disorder
schizophreniform-disorder))

(rule-17 ((equal strong-moods T)
(equal schizophrenic-prodromal-symptoms nil})
(psycho-delusions-1)
(delusional-disorder
psychotic-disorder-nos
psychotic-mood-disorder))

; Rule-18 deleted from here

(rule-19 ({equal schiz-group-1T)
(equal manic-syndrome nil))
(schiz-group-2)
{psychotic-disorder-nos
schizophrenia
schizophreniform-disorder))

(rule-20 ((equal schiz-group-1T)
(< mood-duration psychotic-disturbance-duration))
{(schiz-group-2)
(psychotic-disorder-nos
schizophrenia
schizophreniform-disorder))
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{(rule-21 ({equal schiz-group-1 T}
{equal manic-syndrome T)
{>= mood-duration psychotic-disturbance-duration})
{(schiz-group-3)
(psychotic-mood-disorder
schizoaffective-disorder))

(rule-22 {{equal schiz-group-2 T)
(equal social-effect 'impaired))
(schiz-group-4)
{schizophrenia
schizophreniform-disorder})

(rule-23 ({equal schiz-group-2 T}
(equal social-effect (not 'impaired)})
(psychotic-disorder-nos)
(psychotic-disorder-nos))

(rule-24 ((equal schiz-group-4 T)
(> continuous-par-time 24))
(schizophrenia)
(schizophrenia))

{rule-25 ({equal schiz-group-4 T)
(<= continuous-par-time 24))
(schizophreniform-disorder)
(schizophreniform-disorder))

(rule-26 ((equal schiz-group-3 T)
(equal hallucinations T)
(equal mood-syndrome nil))

(schizoaffective-disorder)
(schizoaffective-disorder))

(rule-27 ((equal schiz-group-3 T)
(equal delusions T)
(egual mood-syndrome nil))
(schizoaffective-disorder)
(schizoaffective-disorder))

(rule-28 ({equal schiz-group-3 T)
(equal mood-syndrome T))
(psychotic-mood-disorder)
(psychotic-mood-disorder))

(rule-29 ((equal schiz-group-3 T)
{equal hallucinations nii)
{equal delusions nil)

{equal mood-syndrome T))
{psychotic-mood-disorder)
{psychotic-mood-disorder))
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(rule-30 ({equal psycho-delusions-1 T)
(equal manic-syndrome T)
(>= mood-duration psychotic-disturbance-duration})
{psycho-delusions-2)
{psychotic-mood-disorder
psychotic-disorder-nos)}

(rule-31 ((equal psycho-delusions-1 T}
(equal manic-syndrome nil))
{psycho-delusions-3)
(delusional-disorder

psychotic-disorder-nos}}

(rule-32 ((equal psycho-delusions-1 T}
{< mood-duration psychotic-disturbance-duration))
{psycho-delusions-3)
(delusional-disorder
psychotic-disorder-nos))

(rule-33 ((equal psycho-delusions-2 T)
(equal psychotic-symptoms T)
(equal mood-symptoms nil))
(psychotic-disorder-nos)
(psychotic-disorder-nos})

(rule-34 ((equal psycho-delusions-2 T)
(equal psychotic-symptoms nil))
(psychotic-mood-disorder)
(psychotic-mood-disorder))

(rule-35 ((equal psycho-delusions-2 T)
(equal mood-symptoms T))
(psychotic-mood-disorder)
{psychotic-mood-disorder))

(rnle-36 ((equal psycho-delusions-3 T)
(equal delusions T)
(>= duration 4)
{equal auditory-hallucinations nil))
(delusional-disorder)
(delusional-disorder))

(rule-37 ((equal psycho-delusions-3 T}
(equal behavior (not ‘bizarre))
(equal visual-hallucinations T))
(delusional-disorder)
(delusional-disorder))

(rule-38 ((equal psycho-delusions-3 T)
{(equal delusions nil))
{psychotic-disorder-nos)
(psychotic-disorder-nos))
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(rale-39 ((equal psycho-detusions-3 T)
(equal auditory-hallucinations T))
(psychotic-disorder-nos)
{psychotic-disorder-nos))

(rule-40 ({equal psycho-delusions-3 T)
(equal visual-hallucinations nil))
(psychotic-disorder-nos)
{psychotic-disorder-nos)}

(rule-41 ((equal psycho-delusions-3 T)
(equal behavior ‘bizarre))
(psychotic-disorder-nos)
(psychotic-disorder-n0s))))}
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