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ABSTRACT

Performance data were collected for students taking the computer-assisted instruction
course in logic at Stanford University. The fit of the data to the Suppes, Zanotti, and
Fletcher trajectory model was found to be good, though a systematic deviation from the
model suggested some changes in the curriculum. A quantitative approach was used to
pinpoint areas for curriculum revision. In addition, the model was evaluated for use as the
basis of a predictive control mechanism,

Introduction

In this report we apply the trajectory model of Suppes et al. (1976) to
the Stanford University computer-assisted instruction (CAI) course in ele-
mentary logic. Our intention is to evaluate several aspects of the model,
including stability and predictiveness, and to use the model for evaluation of
the curriculum.

The trajectory model of Suppes et al. was designed to permit a predic-
tive-control approach toward CAI curriculum development. Their intention
was to develop a theory of prediction for individual student progress through
the curriculum, and to use the predictive mechanism as a means of regulating
the amount of time spent on the curriculum by a given student. In addition,
the mechanism was meant to provide a way to individualize grade-placement
gain (material covered) in the course. The initial application of the model
was to an elementary-school mathematics CAI drill-and-practice curriculum
(the “‘strands” curriculum) for deaf students. A second trajectory analysis
was done with the strands curriculum with American Indian students;in this

* This research was supported by National Science Foundation Grant No. NSF-SED74—
15016. The authors wish to thank Mario Zanotti for several discussions of the original
model, and Lauri Kanerva for the use of his program for exponential regression analysis.
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case the predictive control mechanism was applied on an individual basis
(Suppes et al.,, 1975). In our report the performance model is applied to a
large, undergraduate-level CAI curriculum, quite different from the elemen-
tary-school mathematics strands program. The students were undergraduates
at Stanford University. We are primarily interested in applicability of the
model, in its usefulness in curriculum evaluation, and its suitability as the
basis for a feedback control system for individual students.

Theory

The theory is aimed at the global performance of the student in a CAI
course, not at his performance on individual exercises. Thus it is possible to
state general axioms about information processing from which may be
derived a basic stochastic differential equation which is believed to be
characteristic of many different curricula, especially curricula that are tightly
articulated and organized in their development.

The differential equation, relating the student’s global performance in
the course to the amount of information he has already processed, is derived
from five axioms. It should be noted that the axioms are formulated in such
a way that very little about information is assumed, and in particular the
technical concept of a “bit” of information is not used. At the global level
considered here, a deeper analysis of the concept of information does not
seem necessary. We present here only a brief description of the five axioms.
A full statement of the axioms, together with the derivation and solution of
the differential equations, can be found in Suppes et al. (1976, p. 118).

The first axiom deals with a student’s rate of processing or sampling information in
a course. The second axiom postulates what happens to the student’s mean rate of
processing information when a new piece of information is introduced. The third
axiom deals with the basic assumption about the rate of introducing new informa-
tion. The fourth axiom assumes that the student’s current position in a course is
closely related to the sum of information introduced up to this point, and the fifth
axiom makes a similar assumption about his rate of progress in the course.

Letting y(¢) denote the position of the student in the course at time ¢,
the solution of the differential equations derivable from the axioms is

Wt)=btk +¢

where the parameters b, ¢, and k are meant to be estimated separately for
each individual student. Of these parameters, it is believed that k is the most
important and is often characteristic of a given curriculum, whereas the
parameters b and ¢ characterize individual students.
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The Stanford CAI Logic Course

Logic has been a traditional course for CAI development at Stanford
since 1963 (for a history of CAI at Stanford University, see Suppes [1972]
and Suppes et al. [19771). Since 1972 an undergraduate-level introductory
logic course has been taught entirely on the computer system at the Institute
for Mathematical Studies in the Social Sciences. In the past, occasional
lectures were held, but even these have been discontinued in recent years.
Teaching assistants (graduate students from the Departmeni of Philosophy)
are available during regularly scheduled hours (approximately 20—30 hours
per week) for consultation on curriculum material and administrative
matters. At the start of the academic quarter each student is given a
reference manual containing administrative information and material that is
abstracted from the curriculum. Beyond these reference manuals, there are
no texts required for the course, and all curriculum material is presented
interactively at the computer terminal, with the logic program checking the
correctness of a student’s responses.

The logic course is offered during each of the three principal academic
quarters each year by the Department of Philosophy and runs for the length
of the quarter, approximately eleven weeks. In 1973 the concurrently
offered lecture course was discontinued, and the CAI course is now the
general introduction to logic at Stanford.

Under Stanford University academic rules, a student is allowed to drop
a course any time prior to the last week of the quarter. Under this policy a
failing grade is rarely given, but the number of students enrolled in a course
declines somewhat as the quarter progresses. Enrollment typically is 80 at
the start of the quarter, and of these students approximately 50 to 70
complete the work for a grade and receive credit for the course.

The logic curriculum starts with a treatment of sentential logic, includ-
ing formal syntax, truth analysis, truth tables, valid rules of inference,
tautologies, and tautological implication. Students proceed to a formal
treatment of some elementary algebraic concepts (commutative and non-
commutative groups) within the familiar context of integer arithmetic. The
remainder of the 30 basic logic lessons develops the predicate logic and
first-order concepts of validity, consistency, dependence, and independence
of axioms. These basic 30 lessons provide a sequential development of logical
concepts and are required for all students taking the course for credit.

In addition to the sequential lessons, all students must work several
“finding-axioms” exercises, which are introduced at appropriate points in
the curriculum. Each finding-axioms exercise presents a list of formal state-
ments which are true in a given theory; the student is required to make a
limited selection of formulas to serve as axioms and to derive the remaining
formulas as theorems. In general there is no unique solution to these
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exercises, since several distinct choices of axioms will permit the proof of the
remaining formulas. These exercises are an important part of the course and
may be worked on at home and entered at the computer at any time after
their introduction. (A description and some data about these exercises are
given in Goldberg and Suppes [1972]).

Students who are taking the course for a “Pass” or “C” grade need
complete only the first 30 lessons plus the appropriate finding-axioms
exercises. Students may continue the course for an “A” or “B” grade by
completing one of several additional lesson-sequences. Each such sequence
consists in an application of logic to a particular topic. Boolean algebra,
elementary probability theory, and social decision theory are the topics
offered currently. The mean time spent at the terminal for a “Pass” or “C”
grade is about 55 hours; students completing the “A” grade generally spend
about 70 hours at the terminals, plus some additional fime at home with
reference material provided for the advanced lessons.

Most of the course work consists of formal derivations and construction
and verification of counterexamples. The derivations are constructed by the
student in each of several first-order theories (sentential logic, commutative
and noncommutative groups, elementary number theory, predicate logic,
quantifier-free boolean algebra, social decision theory, and qualitative proba-
bility theory). The logical rules of inference form a system of natural
deduction close to that of Suppes (1957) but with some technical differ-
ences (Smith and Blaine, 1976). At the heart of the logic program is a
sophisticated proof-checker (Smith and Blaine, 1976), which verifies that the
lines of a derivation entered by the student do follow by application of a
specified rule of inference to the previous lines of a proof.

In addition to the formal derivations, fixed-response questions are
provided to introduce new material; however, these exercises form an
insignificant portion of the student’s work at the terminal. A breakdown of
the curriculum exercises according to type (multiple choice and derivation)
is given later in this report (Table II}). A comprehensive description .of the
computer programs can be found in Suppes et al. (1977); the initial 30

curriculum lessons on basic logic are discussed in Goldberg and Suppes
(1976).

Method
CLASS STRUCTURE

During the autumn quarter of 1975-76, 65 Stanford undergraduates
enrolled in the logic course. Data were collected and analyzed for all
42 students who completed grade reguirements for course credit. An addition-
al 5 students received a “No Credit” for failing to complete minimal grade
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requirements; the incomplete data for these students and for students who
dropped the course during the quarter were not used in our analysis.

A midterm examination was given on a preannounced date. Within this
and a few other minor constraints, students were free to work the lessons at
their own rates. The computer system, a DEC PDP-10 operating with a
TENEX timesharing system, was generally available 24 hours a day, 6 days a
week. Three graduate-student TA’s were available for consultation for a total
of 30 hours a week. The students’ terminals, were model-33 Teletypes, of
which over 20 were dedicated to CAI student use. They provided a complete
printed record of communication between student and program.

Additional data were collected from 60 students enrolled during the
winter quarter. The course operated under the same format during the two
quarters, and the content of the lessons remained fixed except for correc-
tions of minor errors in curriculum statements and problems.

DATA COLLECTION

The data consist of the amount of time each student spent on each of
the 30 ‘“basic” sequential lessons in the course. The applications lesson-
sequences and finding-axioms exercises were specifically excluded from the
data-collection process since students spent varying amounts of time working
on these exercises and lessons at home.

The data were collected by the programs that manage administrative
matters for the course. Timing begins when a student logs on to the logic
program and terminates when he logs out. No ‘“homework” is required in the
lessons under examination, which are designed to be worked by the student
at the terminal. Thus the data measure the actual amount of time the
student has spent working on the curriculum, with only minor losses due to
system failures. No attempt was made to record the number of CAI sessions
per student, since the student is free to log on and off at will and is not
required to complete a fixed set of exercises during a single session.

On-line collection of data from the autumn quarter began on Octo-
ber 8, 1975, and concluded January 23, 1976. Winter-quarter data were
collected from January 8 through March 19, 1976. (Some overlap in the
dates was caused by students who took incompletes during the autumn
quarter.) At the same time, the lessons were analyzed for total number of
exercises and number of exercises of each of several types (derivations,
multiple~choice questions, etc.). The regression analyses and other statistical
tests were done off-line following completion of data collection.

EXTERNAL MEASURES OF ACHIEVEMENT

In addition to the time data, we collected scores from the midterm
examination (given only during the autumn quarter) and the final course
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TABLE I

Data for 42 Students

Student Final Midterm  Total k b s.e.
No. grade score time
used
1 B 37 61.03 0.80 41.2 42.6 404
2 A+ 38 41.02 0.84 47.7 14.7 41.2
3 A+ 28 36.93 0.98 31.2 3.1 45.5
4 PASS 44 43.84 0.68 86.4 60.6 45.4
5 A 51 35.50 1.03 26.2 16.7 34.6
6 B— 24 46.05 0.75 62.6 359 46.1
7 A 36 66.37 0.54 131.7 123.7 63.5
8 PASS 26 59.90 0.80 40.2 18.8 36.6
9 B 22 64.42 1.45 2.3 80.4 48.2
10 PASS 36 48.33 0.69 77.4 60.5 45.1
11 A 35 42.63 0.92 35.0 39 404
12 PASS 32 62.23 0.89 26.4 19.0 42.7
13 B 31 50.43 0.79 51.4 36.9 46.3
14 PASS 8 68.93 0.94 18.5 22.3 28.2
15 PASS 3 73.63 1.16 7.0 31.0 41.4
16 PASS 50 47.20 0.40 251.6 233.6 51.5
17 PASS 37 61.77 0.68 66.8 68.0 52.1
18 A 52 46.07 0.97 27.5 18.8 55.7
19 PASS 34 72.63 0.66 73.8 78.1 64.0
20 PASS 32 88.87 0.93 15.0 26.6 345
21 PASS 33 5143 0.94 25.6 6.6 37.9
22 PASS 35 44.72 0.99 23.0 25.6 27.8
23 A 21 56.74 0.73 57.0 343 39.8
24 A 41 58.59 0.87 32.5 17.3 53.1
25 A 49 42.10 0.73 69.8 40.8 329
26 PASS 22 68.88 0.80 38.1 21.7 438
27 B 39 61.53 1.04 15.1 18.7 44 .4
28 B 9 52.56 0.94 24.6 11.9 30.7
29 PASS 24 88.96 0.70 47.6 395 48.6
30 PASS 17 75.27 1.06 10.1 29.8 30.9
31 A 35 42.78 0.74 67.5 42.5 39.6
32 A—- 36 45.01 0.71 73.0 35.5 40.0
33 PASS 28 63.36 0.80 38.4 11.4 40.0
34 A+ 42 62.09 1.29 4.7 56.1 37.9
35 A 35 30.01 0.80 69.5 14.6 28.9
36 A 36 50.45 0.88 35.2 26.7 46.1
37 . PASS 26 55.61 0.86 32.7 7.6 39.4
38 B 39 37.33 0.79 62.0 30.1 42.1
39 A 33 63.55 0.56 130.3 135.3 72.7
40 PASS 32 46.28 1.02 211 9.7 46.8
41 B 34 61.56 0.95 21.1 18.7 449
42 PASS 19 66.88 1.40 2.7 87.2 499
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grades. The midterm examination covered material from the propositional
logic only, about the first third of the curriculum. The final grades were
assigned solely on the basis of how much course material the student had
completed by the end of the quarter.

Results

The equation y (¢) = btk + ¢ was taken to be characteristic of the course,
and for each of the 42 students the three parameters k, b, and ¢ were
determined using a least-squares fit. (For more detail on the method of
estimation see Suppes et al. [1976].) The standard error was used to
evaluate the fit of the model. To be explicit, if n(i) is the number of
exercises completed at the end of lesson i and pfi, j) is the theoretically
predicted number of exercises completed by student j in the time it took

him to get to the end of lesson i, then the standard error (s.e.) for student j
is

30 5
se()=(Z 1n@-pG /)1* 30
l =

The calculated parameters and standard errors for each student are
given in Table I tdgether with final course grades, midterm examination
scores, and the total time (in hours) used to finish the first 30 lessons.

Several plots are presented to indicate how close the fits of the
theoretical curves are to the observed points for individual students. Figure 1
shows the fit for the student with the largest k& (data points marked by x),
the student with the smallest £ (marked by o), and the student with the
largest standard error (marked by +). Figure 2 shows the predicted curve and
observed points for the mean of all 42 autumn-quarter students (+). To
verify the stability of the model, Fig. 2 also presents the predicted curve and
observed points for the mean over all 60 winter-quarter students (o).

A salient feature of the data from both quarters is illustrated in these
graphs, namely, that even though we get a good fit to the model, there is a
systematic deviation in that the observed points consistently lie on a slightly
S-shaped curve. An explanation for this is to be found in Table II, which
shows for each lesson how many exercises per hour the students completed
on the average. It seems clear from these data that the second axiom of the
Suppes, Fletcher, and Zanotti model (which relates the students’ rate of
information processing to the introduction of new information) is violated in
several exceptionally time-consuming Iessons. This fact might suggest
changes in the curriculum: problems being broken down into subproblems,
more hints being made available, etc. Table II also shows the total number of
exercises for each lesson and how the exercises are divided up into two
categories: questions (largely multiple-choice exercises) and derivations (i.e.



22

No. of exercises

1000

apn

800

700

600

SO0

400

308

D 40 20 30 40 50 GO0 70 BO 90 1600

Hours useu

Fig, 1. Predicted curve and observed points for each of three students.
(1) student with the largest k: (x)

(2) student with the smallest k: (o)

(3) student with the largest s.e.: (+)



23

1000. No. of exercises

ana

=18 1]

700

BO0O

soo

400

300

200

igo

O 10 320 30 40 SO0 EO 70 BO 90 100
Hours used

Fig. 2. Predicted curve and observed points for the mean of all autumn-quarter students
(+) and for the mean of all winter-quarter students (o).



24

TABLE II

Data for 30 Lessons

Different sorts of exercises:

Lesson Mean No. of Total No.
No. exercises of Questions Derivations
per hour exercises
1 46 32 32
2 70 16 16
3 32 45 34 11
4 18 28 13 15
5 6 14 2 i2
6 23 24 3 21
7 33 31 17 14
8 7 31 8 23
9 13 55 36 25
10 72 36 23 13
11 55 35 19 16
12 56 31 10 21
13 86 30 29 1
14 25 20 3 17
15 48 36 24 12
16 21 24 9 15
17 21 29 9 20
18 23 30 13 17
19 16 19 2 17
20 5 11 4 7
21 37 16 16
22 29 40 35 5
23 58 26 26
24 16 23 12 11
25 21 58 58
26 13 58 32 26
27 21 52 34 18
28 12 41 12 29
29 7 41 10 31
30 9 53 33 20

exercises involving in one way or another the proof checker).

As mentioned in Suppes et al. (1976), the most important of the three
estimated parameters for each student is the exponent & that enters in the
basic equation. To give a sense of the effect of using the same & for all
students but with individually estimated parameters b and ¢, and to see how
the mean standard error (i.e. the average of the standard errors for the
42 students) varies with k, we show in Fig. 3 the result of letting k range
from 0.3 to 1.6. The standard error varies from 92.0 for k = 0.30 to a mini-
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mum of 49.3 for k = 0.84. Thus we see that the curve for the mean standard
error is relatively flat when a fixed parameter & is used for the entire student
population, so it is not necessary to have a very precise estimate of such a
fixed k. Any value in the range from 0.65 to 1.10 will give as good an
estimate as any other with a possible improvement of less than 9 in the value
of the standard error. A similar insensitivity of the standard error to changes
in the value of k was observed in the strands curriculum analysis.

Figure 4 presents the histogram for the distribution of the exponent &
when individually estimated. This histogram is remarkably different from the
almost U-shaped histogram obtained with the deaf students in the case
discussed in Suppes et al. (1976). For the logic course, there is a strong
concentration around 0.896, the mean value of k. In fact, more than 80% of
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Fig. 5. Scatter plot of individual parameter pairs (b, ¢) with k = 0.896 (the mean k-value).
Correlation coefficient: — 0.06.



LN

27

the k-values are in the interval from 0.65 to 1.10.

When several parameters are estimated for each student, it is natural to
ask what can be said about the joint distribution of the parameters. If the
mean value of &, 0.869, is used as a fixed exponent for the entire population,
then the correlation coefficient between the individually estimated param-
eters b and c is — 0.06. The scatter plot of this joint distribution is shown
in Fig. 5. The absolute value of the correlation is low enough (as was also the
case in Suppes et al. [1976]) to show that, having fixed k, we cannot
eliminate one of the two other parameters and achieve as good predictive
results.

The joint distribution of » and ¢ when £ is individually estimated for
each student was not discussed in Suppes et al. (1976). With the data from
the logic students it turns out that when all three parameters are individually
estimated for each student, these parameters are highly correlated. The
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Fig. 6. Scatter plot of individual parameter pairs (b, k), when all three parameters are
individually estimated for each student. Correlation coefficient: — 0.80.
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Fig. 7. Scatter plot of individual parameter pairs (¢, k), when all three parameters are
individually estimated for each student. Correlation coefficient: 0.90.

correlation coefficient between b and k is — 0.80, the correlation coefficient
between ¢ and k is 0.90, and the correlation coefficient between b and ¢ is
— 0.94. The unexpectedly high correlation between b and ¢ suggests that a
two-parameter model might suffice in the case when & is individually estimated
for each student. Another simplification of the model is suggested by the
data, namely, to take k=1 and estimate only b and c¢. The advantage of
buying, so to speak, a linear model greatly outweighs other considerations.
For example, the linear model is stable in terms of extrapolations.

The scatter diagrams corresponding to the three correlation coefficients
above are shown in Figs. 6 through 8.

From the data in Table I, the correlation coefficient between midterm
examination scores and total time used was found to be — 0.48. The
correlation coefficient is negative, as would be expected, but its absolute
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Fig. 8. Scatter plot of individual parameter pairs (b, c), when all three parameters are
individually estimated for each student. Correlation coefficient: — 0.94.

value shows that the midterm examination score does not have much
predictive power with respect to total time used.

We conclude with some comments on the problem types. In most of
the logic lessons there is a variety of problem types available to the student.
In particular there are gross differences between the question- and the
derivation-type problems: the former are highly structured, require a fixed
response, are used to introduce concepts, can generally be solved by a simple
guessing algorithm, etc.; the latter are generally unstructured, have no unique
correct solution, exercise concepts already introduced, require skill at con-
structing formal proofs, etc. In addition, the two principal problem types are
not uniformly distributed among the lessons. Thus it was of some interest to
us to take as the measure of progress in the course the total number of
derivation problems only, and to recalculate the students’ parameters and
standard deviations.

The analysis for the autumn-quarter mean time data, with the ordinate
representing number of completed derivations, is plotted in Fig. 9. As is
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31

evident, the three parameters differ considerably from those obtained when
the measure of progress is the total of all problem types completed. How-
ever, the normalized mean standard errors are nearly equal, and, more
remarkably, the pattern of systematic deviation between predicted and
actual values persists under the new measure. Thus the theory seems to be
insensitive to the curriculum’s microscopic features. This persistence of both
random and systematic deviation of actual from predicted data seems to
validate our global approach to curriculum analysis.

Applications to CAI Curriculum Modification

If we think that the model used describes an ideal way for a student to
proceed through a curriculum, then the S-shaped curve given by our empiri-
cal data indicates that some changes in the curriculum are desirable. By
examining the lessons that seem (from looking at the graphs) to generate the
systematic deviation, one may get an intuitive idea of what kind of changes
are needed, in terms of (microscopic} curriculum features. But we seek a
global, quantitative approach, more consistent with our previous analysis.

With such an approach, we want to discover how many exercises the
model predicts for each lesson. We use the model given by the mean data for
the autumn quarter, i.e.

.86
y(t)=33.66¢t —8.22

and find a weight w(i) for each lesson i. Let a(i) be the number of exercises
in lesson i and let #i) to be the mean time tor lesson i. Then we want the
following equation satisfied for each lesson i:

1 i 86
z . w(j) afj) = 33.66 [ . i)l —8.22.
= ]=
From this system ot equatious we can find the 30 wri)-values. Since we want
the predicted total number of exercises to be equal to the original total
number of exercises, we multiply each of the w(i)-values by the constant

30 30

z | a(i)/z | wli) afi).

4 l =

Table I1I gives for each lesson the value of the weight adjusted in the way
mentioned above. Table III also shows the predicted number of exercises
found by using the model for the mean time data from the winter quarter.
The differences between predicted number of exercises for autumn and win-
ter quarters are (with a few exceptions) quite small, and so indicate that the
weightings are rather stable. The variation between the predicted numbers for
the autumn and winter are a warning not to take the prediction as a precise



32

I'ABLE III

Predicted Number of Exercises for the Lessons

Autumn Winter
Lesson Weight No. cf Predicted No. Predicted No.
No. exercises of exercises of exercises
1 0.4781 32 15 23
2 0.3961 16 6 5
3 0.7816 45 35 26
4 1.2742 28 36 34
5 3.4661 14 49 49
6 0.8675 24 22 25
7 0.6165 31 19 23
8 2.7595 31 86 87
9 1.4134 55 78 70
10 0.2498 36 9 9
il 0.3274 35 11 13
12 0.3162 31 10 10
i3 0.2072 30 6 7
14 0.6987 20 i4 16
15 0.3665 36 13 14
16 0.8302 24 20 22
17 0.8428 29 24 25
18 0.7506 30 23 28
19 1.0600 19 20 23
20 3.3669 11 37 31
21 04514 16 7 7
22 0.5686 40 23 23
23 0.2882 26 7 7
24 1.0235 23 24 25
25 0.7760 58 45 40
26 1.2670 58 73 77
27 0.7742 52 40 42
28 1.3692 41 56 64
29 2.1182 41 87 86
30 1.6909 53 90 74

normative recommendation. On the other hand, it should be clear that if the
means of the two sets of predictions were used as a basis of curriculum
revision, the S-shape curve would no longer be sensibly present.

Development of a Predictive Control Mechanism

A second question of some interest generated by the kind of analysis
we have given is that of predicting at any given point in the course the total
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amount of time a student will require to complete a certain number
of lessons in the course. Accurate predictions of this kind should be of
interest to the student; moreover, they can provide the basis for a pro-
grammed method of predictive control.

In Fig. 10 we show the results of making such predictions using the
model with all three parameters b, ¢, and k individually estimated, labeled as
(1). and also the model in which £ is fixed as the mean over all students and
just b and c are estimated, the curve being labeled (2). The value taken as the
mean k was calculated using all 30 lessons for the estimation. The use of
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Fig. 11. The mean standard error as a function of the number of lessons used to fit the
model; where the number of exercises in a lesson is the number of derivation exercises
only. Models:

(W y(t) =bt* +¢

Q@) y(t)= btk +¢

such an estimation of & is justifiable since the model is stable from quarter to
quarter, and the standard error was found to be relatively insensitive to small
changes in k. On the abscissa of Fig. 10 the lessons are plotted, and on the
ordinate the standard error of the prediction of the time of course comple-
tion, measured in number of exercises of all kinds. Two points are worth
noting about the figure. In the first place, the prediction of both models is
quite good by the tenth lesson, and the standard error remains almost
constant until the very end of the course. Secondly, the model with the
mean k has a lower standard error except near the very end. This is a typical
contrast between prediction and fitting of data. If we were fitting individual
data points and fitting all the points of each student individually, then the
estimates of individual values for ¥ =~ r have a smaller standard error, but
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this is not at all the case when predictions are being made. The usual source
of the better predictions, which is almost certainly the case here, is the fact
that the mean k is a more stable estimate than the individual k-values,
especially at the beginning of the course when the amount of data is still
relatively small.

Figure 11 shows the prediction curves for the models developed using
as the ordinate the cumulative number of derivation-type problems only. We
note that just as this measure of curriculum progress yielded equally good
estimates for fitting the data as the measure representing all curriculum
exercises, it again yields an equally good prediction of the data.

Our initial objective is to try to give such predictions to the students in
order to assess the impact this information has on their work plans and
habits in completing the course. A more ambitious objective is to develop a
programmed control mechanism, which would regulate the amount of time
per lesson, and the amount of curriculum material covered, on the basis of
the student’s performance in an initial sequence of lessons.
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