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Chapter 1

Background

This study was designed mainly to generate evidence concerning the

role of the intervals between reinforcements and test trials in paired-

associate learning. Secondly, the study was concerned with the separate

roles of the reinforcements and the test trials themselves.

In paired-associate experiments using the anticipation method, a

full trial comprises two phases: The stimulus member of a paired assoc

iate is presented, and the subject responds, an event which is called a

test (T); then the stimulus and response members are presented together,

an event which is called a reinforcement (R). This procedure affords c

the subject immediate feedback as to the correctness of his response.

The entire list is presented serially in this fashion, in a different

random order each time, until a criterion is reached or a fixed number

of cycles through the list is completed. Often, a cycle of R-alone

trials occurs before the anticipation procedure (i.e., the first cycle

I
of TR trials) is initiated.

An alternative procedure, called by Izawa (1966) the RT procedure,

has recently come into use. In it, a complete cycle of R trials occurs

first, then a complete cycle of T trials without any feedback, in a dif-

ferent random order. Complete cycles of Rs and complete cycles of Ts,

the items appearing in random orders, alternate until a criterion is met

or a fixed number of "double cycles" (an R cycle followed by a T cycle)

through the list is completed.
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T.(2M-2 events)

In neither procedure is adequate evidence provided about the effects

of the intervals between Rs and Ts, because the lengths of these intervals

are not varied systematically and independently. The state of affairs for

a typical item in an anticipation experiment with an M-item list can be

depicted diagrammatically as follows:

R (2M-2 events) TR

The state of affairs for a typical item in a comparable RT experiment,

also with an M item list, can be depicted as follows:

R (M~l events) T (M-l events) R (M-l events) T.

In the above representations, an intervening "event" is either an R or a

T on another item. The number of intervening events between 'two succes­

sive Rs on the same item averages 2M-l in both procedures, with exactly

one T on that item occurring between the two successive Rs. In the antic­

ipation procedure, this T always comes immediately before the second R,

whereas in the RT procedure, it comes on the average in the middle of the

R-R interval. It is apparent that in paired-associate experiments using

both procedures, the average number of events between successive Rs on

the same item is directly related to the list length. Further, in the

anticipation method, the number of events between an R and the next T on

that item is one fewer than the number between successive Rs on the item,

whereas in the RT method, it is on the average half the number between

successive Rs on the item, with the T-R interval taking up the remainder

of the R-R interval. Thus the R-T and the T-R intervals for an item do

not vary independently in either method. In addition, the ratio of the

durations of T-R and R-T intervals is constant on the average across

trials in both methods. As illustrated above, the T comes sooner after
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each R, on the average, in the RT method than in the anticipation method;

and therefore responses should be expected to reflect less short-term

retention loss in the RT than in the anticipation procedure. Thus, in

these methods, any possible function of the R-T interval in the learning

process is not separable from its function in producing' short-term reten-

tion loss.

The present experiment was designed to make possible the comparisons

described above which are not availa"ble in the standard experiments. The

main features of the paradigm may be depicted diagrammatically as follows:

R (i events) T (j events) R (10 events)

The basic feature was that two Rs were given on each of several items,

separated in each case by the same fixed number of trials, i + j + 1,

on other items, and Ts on the different items were given at different

points in that R-R interval. A final retention test on any item came at

a fixed interval of 10 trials after the second R. For different items,

the T in the R-R interval was placed at the end of that interval, simu-

lating an anticipation item, in the middle of that interval,simulating'
\

an RT item, and also at other points in that interval. For other items,

the T in the R-R interval was omitted entirely. In what follows, P(C
2

)

refers to the probability of a correct response on the T following the

second R. Thus the comparison of P(C
2

) for different placements of the

T (or its absence) in an R-R interval of fixed length should not be af-

fected by differential retention loss from the two Rs for the different

items, as happens with standard methods; this comparison should only

reflect the role of the T in the learning process and its placement in

the interval.
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Since several different R-R intervals were used, all with the same con­

stant lO-item final retention interval, it was possible to observe the

effect on P(C
2

) of differentT-R intervals with the same initial R-T

interval and of different initial R-T intervals with the same T-R inter­

vals. Finally, since different R-R intervals containing no T were used,

it was possible to observe the effect on P(C
2

) of varying that inter­

val. All the different conditions were presented to each subject in one

experimental session.

The study was designed to be relevant to a number of currently ac­

tive lines of inquiry. One is the entire area of the role of Ts in

paired-associate learning. Izawa (1966) found no evidence in her data

for learning on Ts in the sense either of an increase in the probability

of correct responding or of an increased stereotypy of incorrect re­

sponses over successive Ts. She reviewed the previous studies on this

point and concluded that those which seemed to find such results did so

because of the special circumstances of their experiments. Her study

found that the inclusion of a T in the R-R interval· increased the prob­

ability of subsequent recall. Since the R-R intervals were not equated

for items which did and did not have a T between the Rs in her study, it

is not clear whether the higher probability of subsequent recall was a

result of the inclusion of the T in the R-R interval or of the greater

length of that interval. The present study did allow a comparison of

P(C)2for the same R-R interval with and without a T in it.

A second area to which the present study was designed to be rele­

vant is that of learning models which take into account theoretically

the well-documented phenomenon of short-term retention loss (e.g.,
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Peterson & Peterson, 1959, 1962). These include models in which a tran­

sient short-term memory state, entered with high probability on an R

trial if a long-term memory state is not entered, is postulated as a

theoretical entity (Atkinson & Crothers, 1964; Atkinson & Shiffrin, 1965;

Bernbach, 1965; Bower, 1964; Greeno, 1966) and stimulus fluctuation mod­

els (Atkinson & Estes, 1963), in which short-term retention loss is a

consequence of more primitive processes. These sorts of models have

mechanisms, explicit or implicit, for dealing with intervals between

events, and it was natural that these mechanisms should provide working

hypotheses for the design of this study.

Finally, the present study was designed to be relevant to the com­

parisons that have been made between the RT and the anticipation proce­

dures in paired-associate learning (Battig & Brackett, 1961; Battig,

Brown, &Nelson, 1963; Lockhead, 1962). Typitally, the RT procedure

shows faster learning, as reflected in commonly used measures such as

trials to criterion Or mean total errors per item in a fixed number of

trials. This generalization seems to hold whenever responses are well­

practiced and already integrated, e,g., digits. When the responses are

not, e.g., nonsense trigrams, no significant differences have been appar­

ent between learning under the two procedures (Battig, Brown, & Nelson,

1963; Lockhead, 1962). In the latter case, response learning must be

presumed to be occurring, as well as associative learning. This paper

specifically excludes considerations of response learning and is con­

fined to situations where responses are well-practiced and integrated

and thus where response learning can be presumed minimal.
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Procedural differences between the two methods in the above-

mentioned published studies might have been responsible for the observed

differences. Typically, instructions have been different for subjects

in RT and anticipation groups. Typically, also, temporal relationships

between the events in the two methods have been different. For an

M-item list, each cycle for an anticipation subject has consisted of M

anticipation trials, each consisting of a T followed, with no break, by

an R on that item, with the anticipation trials separated by an interval

of length L. For RT subjects, the analogous part of the procedure has

consisted of M Ts a~d then MRs, with each of the 2M events separated by

an interval of length L. The duration of Ts has been,equated at Q and

that of Rs at N. So, a cycle of the experiment has lasted a duration of

MQ + MN + (M-I)L for an anticipation subject, and MQ + MN + (2M-I)L

for an RT subject. To compensate for the longer time the cycle has

taken for the RT subjects, the intercycle time, which has always been

greater than L in these studies, has been increased by ML for anticipa-

tion subjects.,
A way to avoid having anticipation subjects complete the same

events in less time than RT subjects, and require a longer intercycle

time to compensate, is to have an interval of length L between the T and

the immediately folloying R in the anticipation procedure and to reduce

the intercycle interval to L in both procedures. This arrangement

obliterates the long wait between cycles and at the s~e time eliminates

some of the temporal biases inherent in the method used. It is also

possible to design instructions and Pre-training items appropriate for

both methods and to use them for all subjects. Two unpublished
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experiments by the present investigator using the refinements suggested

above, with digits as responses, again found the RT method superior in

achieving fast learning. Thus, it appears that procedural artifacts of

the sorts discussed above are not wholly responsible for the superiority

of RT over anticipationo

At first glance, the superiority of RT over anticipation procedures

seems to be an embarrassment to many theories. Skinner's view, based

primarily on the results of animal experiments, is exemplified by his

programmed text (Holland & Skinner, 1961)0 The preface to that text

implies that, in general, immediate reinforcement is optimal for prOduc­

ing fast learning. Thus, Skinner's view seems to make the incorrect

prediction that the anticipation method, in which the subject gets

knowledge of results immediately after responding, should be far supe­

rior to the RT method where he must wait for the cycle of Ts to be

completed and for the item to show up in the next cycle of Rs. Many

mathematical models share the property of assuming that all changes in

.. response probability take place on Rs and that Ts are merely occasions

.for the organism's state of conditioning to be displayed. These include

the one-element and mUlti-element pattern models, standard, non­

fluctuation, component models, and many other stimulus sampling models

discussed in Atkinson and Estes (1963) and the linear and beta models

discussed in Sternberg (1963)0 Since in both methods, the sequence of

events for each item is the same, RTRTRT ••• , such models predict that

the learning process is the same in both methods, so that if parameter

values are the same, learning should not differ in the two methods.

7



As noted above, the length of the R-T interval is different in the

two methods, and thus responses should reflect slightly less short-term

retention loss in an RT than in a comparable anticipation experiment.

Therefore, even if all learning events do take place on R trials and are

of the same magnitude in both methods, the smaller short-term retention

loss in the RT procedure leads to the expectation of its showing superi­

ority in performance. That is, long-term learning may be e~uivalent for

the two methods, but the short-term effects may be responsible for the

lower trial of last error, fewer total errors, etc., which arise in the

RT method. This experiment had a constant final R-T interval and thus

allowed comparison of P(C
2

) for items simulating anticipation and RT

items for which short-term retention loss can be presumed to have been

e~uivalent.

One further factor may be responsible for the reported superiority

of RT over anticipation. The tasks may be perceptually different; even

with similar instructions and pretraining items, the differences in the

task may bring about motivational differences in subjects learning under

the two methods, which may affect the parameters of the learning process.

Thus, the same learning processes may be proceeding at different rates

in the two methods. In this experiment, all conditions were given to

each subject so that differences in learning parameters for ,different

conditions were not expected.

It is possible, as discussed above, that Ts have no bearing on the

course of learning-that they are neutral events. If so, the superiority

of the RT method may be due entirely to the differential short-term

retention loss in the two methods, and Izawa's finding that a T between
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two Rs increases the probability of subsequent correct responding may be

due entirely to the increase'in the R-R interval. If this is the case,

in this study P(C
2

) should prove independent of the placement of the T

between the two Rs or its absence. Alternatively, some event of impor­

tance to the course of learning may occur on Ts, in which case P(C2)

will be affected by the placement of the T between the two Rs or its

absence. The next chapter presents mathematical formulations of several

alternative sets of assumptions about the roles of Rs and Tsand the

intervals between them. They are extensions of· some of the models dis­

cussed.abovewhich take account of short-term retention phenomena.

9



Chapter 2

Preliminary Theoretical Formulations

In this chapter are presented several alternative theoretical models

for paired-associate learning which helped guide the design of the experi­

ment. These models are simpler than the one finally used for statistical

analysis of the data, and consideration of the specific empirical short­

comings of these models serves to elucidate the rationale of the more

general model which evolved during the course of this study.

In all that follows, it is assumed that the process outlined operates

independently on each item for each subject. Three types of trials are

defined for each item, Rs and Ts on the particular item under consider­

ation, and interfering, intervening, or interpolated (I) trials, which

are trials, be they Rs or Ts, on any other item coming after the first R

and before the last T of the item in question. Thus, each trial in the

experiment has different roles relative to different items. If, for

example, an R for a particular item occurs on trial n, this trial also

serves as an I for each currently active item, i.e., those which have

received their first Rs but not their final Ts. The effects of a given

trial as an R for one item and as an I for others are assumed mutually

independent.

Trials are numbered consecutively from the beginning of the experi­

ment for a given subject, so that trial 55 is the 55th trial in the exper­

iment, though it may be the first R on some item. When a number n is used

as a subscript to a state of a Markov model, it refers to the event of

being in that state at the onset of trial n; thus L
5

is the event of being

in state L at the onset of trial 5.
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The first theoretical formulation to be considered is an extension

of one which has been called by Atkinson and Crothers (1964) the L-S, for

long-short, model. The L-S model assumes that in addition to the un­

learned state in which the subject merely guesses, there are long- and

short-term memory states in which the subject always responds correctly.

These two memory states differ only in the length of time an item stays

in them. An item remains in the long-term state for the duration of the

experiment, but an item remains in the short-term state only temporarily,

with a non-zero probability of return to the unlearned state on each trial.

The version extended here is due to Greeno (1966). It assumes that

the probability of learning on an R from the short-term state is O.

Greeno bases his preference for this specialization on its fitting data

better than alternatives and on the following theoretical argument: When

a subject has an R on an item, he arrives at a "code" for that item, a

mnemonic device perhaps. It may be a good code, one sufficient to support

recall for the duration of the experiment, or a bad code which will cause

difficulty in short order and will then no longer be able to support re­

call. If a good code is arrived at, the theory calls this process entry

into long-term memory, while if a bad code is arrived at, the theory calls

the process entry into short-term memory. If an item is in the short-term

state, i.e., badly coded, and receives another R, the subject will recog­

nize the item as coded, will fail to realize that the code is bad, and

thus will fail to recode the item, i.e., will fail to learn.

The extensions of this model here are not major. The first consists

in assuming a particular form for the process of returning from short-term

memory to the unlearned state. According to this extension of the model,
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the superiority of RT over anticipation is due entirely to short-term

effects, and differential placement of a T between the two Rs should not

have affected P(C2). The model with only this extension is called Gl.

The second extension has more substance and consists in assuming that

on a T there is a non-zero probability that the item goes from short-term

memory into long-term memory. The model with both extensions is called

G2. Because a T comes sooner on the average after an R in an RT than in

a comparable anticipation experiment, the item is more likely to be in the

short-term state on a T in RT than in anticipation, and thus the learning

on Ts assumed by G2 is more likely to occur in RT than in anticipation.

In a like manner, G2 predicts, for the present experiment, that with a

constant R-R interval, P(C2 ) is a monotone decreasing function of the

first R-T interval.

The provision for learning from short-term memory on a T can be

interpreted in terms of coding: In Gl, nothing is said about what happens

to an item on a T, and indeed that model assumes that no change of state

can occur. On a T, according to this interpretation of G2, when the item

is badly coded, and is thus in the short-term state, the subject must

augment the code in order to emit the response. While augmenting the

code, he may transform the code into a good one and thus enter the item

into the long-term state.

Formally, the theory for Gl and G2 is as follows: The process has

three states:

L learned, i.e., long-term memory;

S - short-term memory;

U - unlearned.
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The vector of probabilities of a correct response in the three states is

L 1

p ~ S 1

U g

The probability of guessing correctly in state U, g, is assumed in most

learning situations to be equal to l/r, where r is the number of response

alternatives. An item is in state U until its first R. The effect of an

R on trial n is given by the transition matrix

Sn+l

L
n

R ~ S
n

U
n

1

o

c

o

1

o

o

o

;

the effect of a T on trial n is given by the transition matrix

Ln+l

T

L
n

S
n

U
n

1

D

o

o

( I-D)

o

o

o

1

and the effect of an I on trial n is given by the transition matrix

L 1 0 0n

I ~ S 0 H ( I-H)
n

U 0 0 1n
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The values of C, D, and H in the matrices above are assumed to be
•

constant over trials. The values of C and H are assumed to be in the

open interval (0, l).

Models Gl and G2 differ only in their assumptions about D. In Gl,

D is assumed equal to 0, whereas in G2, D is a parameter whose value is

free to vary in the open interval (0, l).

Intuitively, then, the models differ in that a T can produce no

learning in model Gl, and can produce learning from the short-term state

but not from the unlearned state in model G2. An R may produce learning

from the unlearned state, but not from the short-term state in both mod-

els. An I may produce forgetting from the short-term state in both

models.

The other theoretical formulation to be considered is an outgrowth

of stimulus sampling theory (Atkinson & Estes, 1963). It is an attempt

to combine the basic notions of multi-element pattern models with those

of stimulus fluctuation models. The synthesized model is called the

N-element pattern fluctuation model. The basic notion of N-element pat-

tern models is retained: Associated with the stimulus member of each

item are N elements, or patterns of stimulation, distinct from the N

elements associated with any other stimulus member. Of these N elements,

one and only one is effective at any time. The effective pattern can be

conditioned, on an R, with probability C. In addition, patterns are

initially assumed to be in a guessing state. In the simple N-element

model, the additional assumption is made that independent random sam-

pling of patterns occurs on each Rand T. Here the basic notion of

stimulus fluctuation, that the samples at two points close in time are



more likely to be similar than are those at two points farther apart in

time, is substltuted for the assumption of independent random sampling.

In this case it is specifically assumed that a pattern, once sampled,

remains the effective pattern for an item until it is displaced, which

occurs with probability I-H on each I, at which point a pattern is sam­

pled randomly to replace it. It should be reiterated that the model

assumes N distinct patterns for each subject-item.

As described above, then, the N-element pattern fluctuation model

is quite similar to model Gl, for it implies that the superiority of RT

over anticipation is due entirely to differential short-term retention

loss, here derivable from fluctuation, and that differential placement

of a T between the two Rs should produce no difference in p(c2) inthe

present experiment. However, a further extension is offered allowing

conditioning of the pattern held to the response given on a T. This can

only happen if the pattern held is still in the guessing state. This

last extension is reasonable if the conditioning process in stimulus

sampling theory is assumed to be S-R contiguity, for the stimulus and

the response occur contiguously on a T. The N-element pattern fluctua­

tion model without this extension is called Nl, and with this extension

is called N2. Model N2 says that a learning event may occur on aT, but

it'is difficult to see intuitively what trend it predicts, in the pres­

ent experiment, for P(C2) as a function of the first R-T interval with

the R-R interval held constant; all that seems clear is that this func­

tion should not be a constant.
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Models Nl and N2 are defined in.the axiom system below:

Conditioning Axioms:

Cl. On every trial, each pattern is either conditioned to exactly

one response or else it is in the guessing state.

C2. If the pattern being held on an R is not already conditioned

to the response that is reinforced on tha~ R, it becomes conditioned to

that response with probability C and retains its state of conditioning

with probability I-C. If the pattern being held on an R is already con­

ditioned to the response that is reinforced on that R, it retains its

state of conditioning.

C3. If the pattern being held on a T is in the guessing state, it

becomes conditioned with probability D to the response that is made on

that T, and with probability I-D retains its state of conditioning. If

the pattern being held on a T is conditioned to a response, it retains

its state of conditioning.

c4. Patterns not held on an R or on a T do not change their states

of conditioning on that R or T.

C5. The values of C and D are constant over trials.

Sampling Axioms:

Sl. Exactly one pattern is held on each R, T, or I trial.

S2. Patterns change only on I trials. On each I, with probability

H the pattern held is retained, and thus no change in the sample occurs;

with probability I-H the pattern held is lost, and a new sample is drawn.

S3. When a new sample is drawn, the probability of sampling any

one of the N patterns associated with the item, including the one just

lost, is liN.
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the the value of P(C
2

) should vary with differential placement of the

T between two Rs in the present experiment.

It is now possible to derive expressions for P(C2) in each of the

four models, considering each as a branching process (cf. Atkinson &

Estes, 1963) and weighting the probabilities of responding correctly in

each state by the probability of ending up in that state on T2 • It is

possible to distinguish two general types of items: RTRT, where a T

intervenes between the two Rs, and RRT, where no T intervenes between

the two Rs; P(C2) denotes the probability of being correct on the final

test in either case.

In what follows, the convention is that i denotes the number of I

trials between the first R and the first T for RTRT items, j denotes the

number of Is between the first T and second R for RTRT items, and k

denotes the number of Is between the two Rs for RRT items. The number of

Is between the second R and the final T for both RTRT and RRT items was

always 10 in this experiment; however, the derivation is for an arbitrary

interval, i items. Below are the expressions for P(C2) on RTRT and RRT

items for each of the four models in terms of the notation introduced

above:

Model Gl:

C + (1 - C)[C + (1 - C)[Hi + (1 ~ Hi)g]]

Hi+j(l - C)C(l - g)(l - Hi)

RRT: p(c
2

) ~ C + (1 - C)[C + (1 - C)[Hi + (1 - ~)g]]

- ~(l - C)C(l - g)(l - ~)

18
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Model G2:"---
RTRT: P(C

2
) = Hi(l - C)2(D(1 - ik)(l - g)

- Hi+j(l _ C)C(l - D)(l - g)(l - ~)

+ C + (1 - C)[C + (1 - c)[~ + (1 _ H£)gJ]

RRT: P(C
2

) = C + (1 - C)[C + (1 - C)[~ + (1 _ H£)g]]

- ik(l - C)C(l - g)(l - ~)

Model Nl:---

RRT: ) ..k ) N-l £ N-l C]p(C = W[C(l - g - [H [1 - C -] --]
2 • N N N

"( ) £ N-l N-l] 2 C]+ C 1- g [H [- - C - + - - ~ + g" " N N2" N ~

= Hi+j[C(l _ g) N-l [H£[l _ C N-l + CD (N_l)2] _ £. + CD N-1J]
N N ~ N N2

+ HiC(l _ g)CD N;: [H£(N _ 1) + 1]
N

- HjC(l - g)(l - ~)D N;l[)'((N - 1) + 1]
N

+ C(1- g)[H£ [N-l _ C !:t1: _ D!:t1: (1 _ .Q)] + oS _ .Q
N N2 N2 N N N2

- D 1: (1 - .Q)] + g
N2 N

RRT:
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By consideration of the behavior of the above expressions when i,

j, and k vary, with £ kept constant, as well as by comparison of the

RTRT and RRT expressions for P(C2) when k'for the RRT equals i + j in

RTRT, one can easily derive the following predictions for P(C2) in

this experiment:

1. If the R-R interval, i + j, is kept constant and the R-T inter-

val, i, is increased, then

a. models Gl and Nl predict that P(C2) is constant,

b. model G2 predicts that P(C
2

) decreases exponentially,

c. model N2 predicts that P(C
2

) decreases almost linearly.

2. If the R-R interval is held constant and an RRT item is compared

with the RTRT items for which i + j ~ k, then

a. models Gl and Nl predict that p(c
2

) is the same for all,

b. model G2 predicts that P(C
2

) is lower in RRT than for any

placement of the T in RTRT, i.e., that a T in the R-R inter­

val increases P(C
2

) regardless of its placement.

c. model N2 predicts that P(C
2

) is higher in RRT than for

any placement of the T in RTRT, i.e., that a T in the R-R

interval decreases P(C2) regardless of its placement.

). If the R-T interval, i, is kept constant, and the T-R interval,

j, is increased, then

a. models Gl and G2 predict an exponential increase in p(c2);

b. model Nl predicts that

(i) if the final R-T interval, £, is above a certain

point, P(C2 ) increases exponentially,
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(ii) if the final R-T interval, £, is below that certain

point, p( C
2

) decreases exponentially;

c. model N2 predicts that

(i) if the final R-T interval, £, is above a certain

point, p(c2) increases exponentially,

(ii) if the final R-T interval, £, is below that certain

point,

(a) if the initial R-T interval, i, is above a

certain point, p(c
2

) increases exponentially,

(b) if the initial R-T interval, i, is below that

point, p( C
2

) decreases exponentiallyo

4. If the T-R interval, j, is kept constant, and the R-T interval,

i, is increased, then

ao model Gl predicts an exponential increase in P(C2);

b. model G2 predicts that

(i) if the T-R interval, j, is above a certain point,

P(C
2

) decreases exponentially,

(ii) if the T-R interval, j, is below that point, P(C2)

increases exponentially;

c. model Nl predicts that

(i) if the final R-T interval, £, is above a certain

point, p(c
2

) decreases exponentially,

(ii) if the final R-T interval, £, is below that certain

point, P(C2) increases exponentially;
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d. model N2 predicts that

(i) if the final R-T interval, £, is above a certain

point,

(a) if the T-R interval, j, is above a certain

point, P(C
2

) decreases exponentially,

(b) if the T-R interval, j, is below that certain

point" P(C2) increases exponentially,

(ii) if the final R-T interval, £, is below that point,

P(C
2

) decreases exponentially.

5. In RRT items, if the R-R interval, k, is increased,

a. models Gl and G2 predict that P(C2) increases exponentially,

b. models Nl and N2 predict that

(i) if the final R-T interval, £, is above a certain

point, P(C2) increases exponentially,

(ii) if the final R-T interval, £, is below that certain

point, P(C2) decreases exponentially.

Several comments about this rather lengthy compendium of predictions

are in order. First of all, the models make Quite different predictions.

It should be noted that in the experiment described in this paper, the

final R-T interval, £, is set at the rather high value of 10, and thus

where predictions for models Nl and N2 are conditioned on high or low

values of £, only the predictions for high values of £ are relevant. Only

in the N-element pattern fluctuation models Nl and N2 does it make a dif­

ference whether £ is large or small. A study by Peterson, Hillner, and

Saltzman (1962) is, to the investigator's knowledge, the only one suitable

for testing whether the size of £ makes a difference. In it, RRT items
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with different values of k and £ were presented. The result was in

accord with prediction 5b above, and thus the N-element pattern fluc­

tuation models seem to do a slightly better job in a situation where

their predictions are different from those made by the L-S models Gl

and G2. Finally, and quite important, all these models predict that

the relationships described under numbers 1, 3, 4, and 5 above are

monotonic, so that. the models are quite capable of disproof at a level

which does not require estimation of parameters.
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Chapter 3

Method

Subjects

Subjects were 100 volunteer Stanford students whose native language

was English. Each was paid $2.00 for his participation. One subject had

to be replaced because of a complete breakdown of equipment while she was

being run.

Stimulus and Response Materials

Stimulus materials consisted of consonant trigrams. In each, the

first letter was 0, H, L, P, S, or W, the second letter was C, G, K, N,

R, V, or Z, and the third letter was B, F, J, M, Q, T, or X. There are

294 (6 x 7 x 7) such trigrams, and these formed the stimulus pool. The

responses were the ten digits a - 9.

Order of Trials

In what follows, the terms R, T, and I refer to the types of trials

defined in Chapter 2. The bulk of each subject's trials involved 150

items, which were constructed in a similar manner for each subject. Each

of these items received either three trials, two Rs and one T in the

sequence RRT, or four tria~s, two Rs and two Ts in the sequence RTRT.

When applied to R, a subscript indicates which of the two Rs on an item

is being referred to, and when applied to T, it indicates which of the

two Rs on the item the T referred to followed most closely. Thus, in

terms of this notation, the sequence of events on RTRT items was

RI -T
I

-R2-T2, and on RRT items was R
I

-R
2

-T
2

•
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The experimental variables were the number of Is between Rl and T
l

and between Tl and R2 for the RTRT items and the number of Is between R
l

and R
2

on RRT items. On all these items, 10 Is intervened between R
2

and the T
2

• An RTRT item is said to be of type ifj if it had i Is be-

tween R
l

and Tl and j Is between Tl and R
2

; an RRT item is said to be of

type k if it had k Is between Rl and R
2

• Thus, an RTRT item of type ifj

and an RRT item of type k had the same total number of trials between R
l

and R
2

if i + j + 1 = k, but the same number of Is between R
l

and R
2

if i + j = k. This is because one of the i + j + 1 trials between R
l

and R
2

on an RTRT item of type i/j was T
l

on that very same item.

For each subject, six items, one each of types 1/5, 5/1, 2/8, 8/2,,

4/4, and 2/2, were placed as close as possible to the beginning of the

experimental session; these items, called induction items in what fol-

lows, were used to render the other items free of possible short-lived

warm-up effects. Responses to induction items were not analyzed. The

remaining 144 of the 150 items referred to above were the source of the

data this experiment was designed to generate; they are called critical

items in what fb~lows. Of the 144 critical items for each subject, 52

were RRT items, two each of types 0-3 and 12-17 and four each of types

4-11. The remaining 92 critical items for each subject were RTRT items,

two of each of the 46 types indicated in Table 1.

The arrangement of Table 1 illustrates some of the kinds of compar-

isons this experiment allowed between different item types. Among the

46 RTRT item types, all those in any column had the same value of i with

different values of j, all those in any row had the same value of j with

different values of i, and all those along any right-to-left downward
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Table 1

RTRT Item Types

(an x in cell i, j signifies inclusion of item type i/j
in the design)

Tl-Rl Int. ,
Rl-Tl Int. (i)

(j)

0 1 2 3 4 5 6 7 8 9 10

0
i

x x x x x x x

1 x x x x x x x x x x
.

2 x x x x x x
,

,

3 ,
X

i

4 !
i x x x x x x

5
I,

Xi

,
6 x x x x x x

I
.

7 x

8 I x x x x x x

9 I x
,

10 i X,
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diagonal had the same value of i + j with different distributions of

the total between i and j. Each RTRT item served in at least two of

these types of comparisons. For any diagonal, where i + j is constant,

the RRT item types where k i + j and k ~ i + j + 1 form the basis

for comparison of the effect of a T in the R~>R interval'. The 18' RRT item

types also allowed a comparison of P(C
2

) for different values of k.

A unique order of presentation of trials was prepared for each sub­

ject. Each subject had to have four trials on each of six induction

items, four trials on each of 92 RTRT items, and three trials on each of

52 RRT items, a total of 548 trials. The aim of the procedure followed

was to allow the subject to have all of these in the shortest possible

time. The ordering Was accomplished for each of the 100 subjects with

the aid of an IBM 7090 computer program.

The first job of the program was to allocate events to the trials of

the experiment. For instance the event assigned to trial 307 might be R2
on the second of the two items of type 7/1. No actual stimuli and

responses were assigned at this point, though. The allocation of events

waS done as follows: The program made, separately for each subject, a

random ordering of the six induction items, and followed it with a random

ordering of the 144 critical items, making an ordering of all 150 items

in which all induction items preceded all critical items. It then

scanned the order of trial numbers, attempting to insert each item in

turn as early in the order as possible. For an RTRT item of type i/j, it

found the lowest trial number x such that trial numbers x, x + i + 1,

x+ i>+:.J+:2, and x + 1 + j + 13 had had nO events yet assigned to them,

and then assigned Rl on that item to trial number x, T1 to trial number
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x + i + 1, R
2

to trial number x + i + j + 2, and T
2

to trial number

x + i + j + 13. For an RRT item of type k, it found the lowest trial

number x such that trial numbers x, x + k + 1 and x + k + 12 had had no

events yet assigned to them, and then assigned Rl and R2 on that item to

trial numbers x and x + k + 1 respectively and T
2

to trial number

x + k + 12. The 548 trials each subject had to have were allocated in

this manner. The highest trial number that had had an event assigned to

it by this point was the~~ the subject had to have, but in all

cases, some of the trial numbers lower than this, i.e., where the subject

should have a trial on~ item, still had no event assigned them and

had to have "filler" items assigned. The program searched for the first

such "unoccupied" trial number and assigned to it Rl ror a filler item.

It skipped a trial and searched for the next unoccupied trial number.

If it had skipped eight or more trial numbers, it assigned to it R2 on

t~at item, then skipped eight trial numbers and assigned T2 on that item

to the next unoccupied trial number, thus simulating an RRT item. If .it

had skipped seven or fewer trial numbers after R
l

, it tentatively assigned

T
l

on that item to that trial number and searched for the next unoccupied

trial number. If it had skipped seven or fewer trial numbers, it assigned

R
2

on that item to that trial number, skipped eight trial numbers and

assigned T2 on that trial to the next unoccupied trial number, thus

simulating an RTRT item. If it had skipped eight or more trial numbers

after the tentative Tl , it changed that tentative Tl to R2 and assigned to

the newly reached trial number T
2

, thus again simulating an RRT item. In

this way, a filler item was created, if possible an RTRT item with 1-7 Is

between Rl and Tl , 1-7 Is between T
l

and R2, and eight or more Is between
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R
2

and T2 • If that was impossible, an RRT item with one or more Is

between R
l

and R2 and eight or more Is between R
2

and T
2

was created.

The program repeated the process of creating filler items until events

had been assigned to all trial numbers before that of the last trial.

Thus, the order for a subject consisted of the sequence of events from

the first trial through the last trial. For a particular subject, say

#10, the order might stipulate that trial 305 would be R2 for the first

of his two 8/4 items, trial 402 would be T2 for the 11th filler item, etc.

Of course, some filler items might not have had all their trials by the

time of the last trial, but this is of no moment, for filler items have

not been subjected to analysis.

In generating the 100 orders used in this experiment, the program

took from 598 to 632 trials, with a mean of 615.41 and a standard devia­

tion of 7.51, and used from 17 to 27 filler items, with a mean of 21.90

and a standard deviation of 2.24.

Because of the randomization procedure used, it is clear that the

order in which the computer program assigned the items to trial numbers

was random. However, it is not clear that all features of the orders were

entirely random, for vagaries of the algorithm used and the particular

item types required might possibly have introduced biases. It was hoped

and conjectured that no such biases would be introduced, and to make sure,

various features of the orders which might conceivably have been different

from item type to item type and which might have reflected bias were tabu­

lated. The means and standard deviations of the following statistics for

each item type are found in Appendix A: the mean of the ordinal positions

among the 144 critical items of Rl and of T2; the memory load, i.e., the
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number of items which had had their Rl but had not yet had their T
2

, just

prior to the presentation of T
2

; the proportion of Is between the events

of the item, i.e., in the Rl-Tl , Tl -R2, and R2-T2 intervals f~r RTRT

items and in the Rl -R
2

and R
2

-T2 intervals for RRT items, which were Ts.

The results in Appendix A exhibit no potential source of biases, for

variations in each of the statistics seem to have been non-systematic and

about at the expected chance level. The means and standard deviations of

other statistics of this sort of perhaps less interest were also tabulated

and the results similarly revealed no potential sources of bias. Thus,

insofar as is known, all variables which might conceivably have caused

biases in the results through artifacts confounded with item type were

constant on the average across the different item types.

Stimuli and responses were then assigned to each item in each sub­

ject's order by computer. The program selected at random the proper

number of the 294 stimulus trigrams (150 plus the number of filler items)

for each subject and assigned them at random to the different items. If

the number of items called for by a subject's order was divisible evenly

by 10, the 10 responses were used equally often for his order. If the

number of items left a remainder N when divided by 10, N of the 10

responses were selected randomly to be used once mOre than the other 10-N.

The responses were then assigned randomly to the different items.

Experimental Apparatus

The apparatus used was the verbal associative learning apparatus at

the Institute for Mathematical Studies in the Social Sciences, Stanford

University. This apparatus was installed in two rooms, one of which

housed the experimenter and the control equipment and the other of which
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was for the subject. The capabilities of the apparatus which allowed the

experiment to be executed in the fashion described below, as well as the

other features of the apparatus itself, are described elsewhere (Izawa,

1966; Yellott, 1965).

The subject's room was a sound-deadened, air-conditioned room,·kept

at 70°F. for this experiment. It contained only stimulus display and

response apparatus. On a table in front of the subject's chair was a

response panel with a column of 10 response keys numbered 0 to 9 from the

bottom in ascending order. These could be illuminated individually. On

a second table 5.5 feet away from the subject were two stimulus display

boxes, one on top of the other. The front of each box was a 2 in. X 12 in.

display window in each of which up to eight alphanumeric characters could

be displayed.

Procedure

The procedure was identical for all subjects. The subject was

ushered into the subject's room and then read the following instructions,

with the experimenter pointing to features of the apparatus when appropriate:

Hello. I'm Joe Young, as you've no doubt surmised, and I'm per­
forming this learning experiment for my Ph. D. dissertation in psy­
chology. This experiment is sponsored by the National Institutes of
Health in an effort to reach a better understanding of human memory,
and in it I am specifically interested in how well people can learn
to associate groups of letters with numbers when they are not given
very much practice.

It works like this: Using automatic equipment located in the
next room, I will present, in the apparatus before you, a series of
displays. Some of these displays will be what I call learning trials;
on learning trials you will see for a few moments a group of three
letters, which I call a trigram, in the left hand part of the lower
screen and a number from 0 to 9 in the right hand part of the lower
screen, and your job is to learn that that number, be it 0, 1, 2, 3,
4, 5, 6, 7, 8, or 9 goes with that particular trigram. The other
displays will be what I call test trials, on which you will be tested
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•to see whether you do remember the number which goes with some
trigram; you will see only a trigram, but this time in the left
hand part of the upper screen, and your job is to press the but­
ton on which is written the number that goes with that trigram.
The trigram will go off in a few moments, but the next trial will
not begin until you make a response; therefore, you must guess if
you cannot recall the correct number. When you make your response,
the light on the button you pressed, which mayor may not be the
correct one, will go on for a few moments. The equipment in the
next room will record your response automatically and allow me to
look later on in detail at your performance on each pair. The
learning and test trials come in a random order, so that you can
never be sure which is coming next; be prepared for either.

I said at the beginning that you won't get too much practice
on anyone trigram. That is because you will only see it three or
four times. You will get precisely two learning trials on each
trigram-number association. There mayor may not be a test trial
some time between the two learning trials, but there will always
be one test trial after both of the learning trials are completed.
So for each trigram-number pair, you will either have learning,
test, learning, test, or else learning, learning, test, and then
be assured that that particular trigram will not recur. Of course,
between presentations of one trigram-number pair, there will be
presentations of other pairs, so that old pairs will always be
dropping out and new pairs will always.be appearing.

That may be a bit complex, so I'll give you some practice.
The time intervals in the practice trials will be the same as in
the actual experiment. Keep your eyes on the screen, because I
have no way to warn you from the next room when I will begin the
displays. It will be just a moment, though.

At this point, the experimenter left the subject's room and pre-

sented a short practice list, using the pairs FGH - 1 and NeD - 0, con-

sisting of an R on the first pair, an R on the second pair, a T on the

second, an R on the first, an R on the second, a T on the second, and a

T on the first. He then reentered the subject's room and asked the sub-

ject if he had any questions. Any questions were answered by paraphras-

ing the appropriate sections of the instructions. The experimenter then

read the following final section of the instructions:

Okay, in just a minute we'll begin, but first I wanted to make
it clear that this is a hard task, so don't be dismayed by the
feeling that you're not doing as well on it as you think you should.
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I'll keep an eye on your
room from time to time.
I get the machine going.

progress through the window from
We'll begin in just a moment, as

Good luck.

the next
soon as

The experimenter left the room and initiated the experiment, The

experimental trials followed according to the order programmed for that

subject.

On both practice and regular experimental trials, the same procedure

was followed. If a trial was an R, the stimulus trigram and response

member appeared simultaneously on the lower screen, the former in the

first three positions and the latter in the last (eighth) position, for

one second, followed by an intertrial interval of approximately three

seconds before the onset of the next trial. A T consisted of the appear-

ance of the trigram alone in the first three positions of the upper

screen for one second. However, the subject had as much time as desired

to respond, which he did by pressing the button on the response panel on

which the desired response was written. The button pressed lighted for

a second; then there was a three second intertrial interval before the

next trial, during which time the response made and its latency from the

onset of the T were recorded automatically by equipment in the experi-

menter's room. The experiment continued in this fashion until all the

programmed trials had been run, a process which took approximately 1 -

1-1/4 hours.
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Chapter 4

Empirical Results

At this point it is necessary to introduce the following notation,

which is used in the remainder of this paper; P denotes the theoretical

probability of the event following it in parentheses or the empirical

proportion which estimates that probability. C denotes the event of

giving a correct response and Wthe event of giving a wrong response.

A subscript applied to C or W denotes the T to which the letter refers.

Thus, for instance, P(C2 ) denotes the probability (or proportion) of

correct responses on T
2

for any item, and P(C
l

, W2) denotes the probabil­

ity (or proportion) of subject-items which have a correct response on Tl

and a wrong response on T
2

for an RTRT item type.

In what follows, much use is made of the test. This test

assumes independence of the observations, which in this case means

independence of subject-item protocols. Since each subject contributes

more than one subject-item protocol, this condition cannot be met strictly

unless there are no differences between subjects or between stimuli.

Individual differences in learning tasks are usual, and therefore it

Thus the hypothesis tested by many of thestrictly justified here.

would be doubtful if the assumption of subject-item independence were

X
2

tests in this paper is compound, including along with the hypothesis

stated the hypotheses of subject and stimulus homogeneity. A rejection

of such a hypothesis does not in itself indicate which of its parts are

wrong.
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In the interest of the future researcher who may want to compare

the degrees of heterogeneity of stimuli and of subjects in this experi­

ment and others, X2 tests of subject and stimuli homogeneity were

performed. The first was a 2 x 100 contingency test comparing the over-

all proportions of correct responses on critical items for the 100 sub-

jects; it yielded 2X ~ 2182.85 on 99 degrees of freedom, equivalent to

a standard normal deviate of approximately 52.03, which exceeds all

tabled levels of significance. The second was a 2 x 294 contingency

test comparing the overall proportions of correct responses to each of

the 294 different stimuli used, yielding X2 ~ 776.38 on 293 degrees

of freedom, equivalent to a standard normal deviate of approximately

15.17, which again exceeds all tabled levels of significance. The high

significance of the tests for heterogeneity is not surprising, for these

tests are quite sensitive to small differences whenever, as here, a

large number of caBes is involved.

The basic empirical results are given in Table 2. The unconditional

proportions of correct responses on each of the two Ts and the proportions

of subject-~tem protocols which yield joint events of each of the four

types are given for each RTRT item type. For RRT item types, the only

datum is P(C2). The number of observations on which the proportions are

based is 200, except for RRT item types 4-11, for which it is 400.

One factor that might have complicated the results deserves mention

at this point. There might have been" learning-to-learn" effects, i.e.,

increases over time in the probability of a correct response, which ·were

differential for the different item types. Sinc.e the po?ition of item

types in the experimental orders seemed random according to the results

tabled in Appendix A, however, such differential learning-to-learn

effects are unlikely.
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Table 2

Observed Proportions of Correct Responses Per Te§'i{;for"'All Item Types and
Joint Proportions of Correct·and Incorrect Responses for RTRT Item Types

Item .' (I

. Type P(C1) p(C2) P/C1,C2) P(C1,W2) P(W1,C2) P(W1,W2)

.o:ro ~ .!i45O .415 .465 .030 .090
0/1 .855 ·5350 .480 .375 .055 .090
0/2 .850 ·5450 ·500 .350 .045 .105
0/4 ·910 .5400 ·530 .380 .010 .080
0/6 .885 ·5000 .470 .415 .030 .085
0/8 ·900 .4800 .445 .455 .035 .065
0/10 .905 .4300 .415 .490 .015 .080
1/0 ·570 ·5500 .370 .200 .180 .250
1/1 .585 ·5350 .375 .210 .160. .255
1/2 ·505 ·5200 .345 .160 .175 .320
1/3 .640 .. 5300 .400 .240 .130 .230
1/4 ·575 .5290 .395 .180 .125 .300
1/5 .610 ·5~00 .395 .215 .125 .265
1/6 .625 ·5250 .lj.J:5 .210 .110 .265
1/7 .600 ,5100 ;390 .210 .120 .280
1/8 .615 ·5500 .lJ-20 .195 .130 .255
1/9 .605 ·5000 .380 .225 .120 .275
210 .455 .4750 .325 .130 .150 .395
2/1 .495 .4950 .310 .185 .185 .320
2/2 ·500 .5150 .350 .150 .165 .335
2/4 .470 ·5450 .360 .110 .185 .345
2/6 .460 .5450 .345 .115 .200 .340
2/8 ·515 .4900 .335 .180 .155 .330
3/i .440 ·5300 .315 .125 .215 .345
4/0 .410 ·5500 .310 .100 .240 .350
4/1 .400 ·5750 .325 .075 .250 .350
4/2 .425 .5150 .330 .095 .185 ".390
4/4 .375 ·5350 .315 .060 .220 .405
4/6 .430 ·5500 .345 .085 .205 .365
4/8 .405 .4800 .255 .150 .225 .370
5/1 .380 ·5400 .285 .095 .255 .365
6/0 .335 ·5050 .220 .115 .285 .380
6/1 .400 .5250 .320 .080 .205 .395
6/2 .425 ·5600 .335 .090 .225 .350
6/4 .430 .5650 .335 .095 .230 .340
6/6 .440 ·5500 .335 .105 .215 .345
6/8 .395 .5050 .305 .090 .200 .405
7/1 .370 ·5300 .300 .070 .230 .400

(Table continued on next page)
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Table 2 (cont'd)

Item
Type P(C1) p(C2) P(C1,C2) P(C1,w2) P(W1,C2) R(W1,w2)

IJ70 .360 .5!i50 .290 .070 .250 .390
8/1 .340 ·5150 .265 .075 .250 .410
8/2 .325 ·5200 .290 .035 .230 .445
8/4 .350 ·5000 .275 .075 .225 .425
8/6 .345 .5250 .255 .090 .270 .385
8/8 .365 ·5650 .305 .060 .260 .375
9/1 .345 ·5150 .260 .085 .255 .400

10/0 .410 .4700 .270 .140 .200 .390
0 .4100
1 .4450
2 .4450
3 .4850
4 .4750
5 ·5100
6 .4675
7 ·5150
8 .4925
9 .4800

10 .4900
n ·5000
12 .4650
13 .4200 -'-
14 .4950
15 .4250
16 .4600
17 .4500
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The first relationship of interest in these empirical results is

the short-term curve, i.e., P(Cl ) as a function of i. Of course, if

the experimental design waS effective, this quantity should have been

dependent only on i, the first R-T interval, except for chance fluctua-

tions. In particular, unless the algorithm used to set up the experimen-

tal order introduced some bias in the kinds of events occurring before

the first T for items with different T-R intervals, P(C
1

) should be

constant, on the average, over item types with the same i and different

j. A X
2

test was run for each group of two or mOre item types with

the same value of i and different values of j. Since these tests were

independent, the values were pooled to yield a X2 value which

reflected the degree to which p(Cl ) was or was not constant over j for
2 .

fixed i. The value was X = 28.15 on 35 degrees of freedom, equivalent

to a standard normal deviate of -.81, which is at the .71 point of the

distribution. Thus, there is no evidence to reject the hypothesis that

P(Cl ) was independent of j. This is one more bit of data supporting the

notion that the order-generating algorithms did indeed produce sequences

in which everything not of direct interest operated about equally on

items of different types.

Therefore, it was possible to pool all the estimates of p(Cl ) for

each value of i; the pooled values are given in Table 3, together with

the number of observations(N) on which each entry is based. This func-

tion is of the standard form (Peterson & Peterson, 1962), exhibiting

something of the order of a geometric drop to an asymptote between .3

and .4. Several features of this function are worthy of further note.

First of all, p(Cl ) is not unity at i = O. This means that the data
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Table 3

Empirical Short Term Memory Function

i N P(C1 )

0 1400 .88357
1 2000 .59300
2 1200 .48250
3 200 .44000
4 1200 .40750
5 200 .38000
6 1200 .40417
7 200 ·37000
8 1200 .34750
9 200 ·34500

10 200 .41000
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from this experiment cannot be fit by models, such as Gl and G2, which

assume that an item is lost from the short-term state only on a I, that

an item not entering the long-term state on an R enters the short-term

state, and that the probability of correct recall from short- or long­

term memory is unity. Such a model predicts P(C
l
); 1 for i ; 0. In

order to fit these data, a model would have to allow for a decay from

short-term memory over time, not just trials, non-perfect recall from

long- or short-term memory, or a non-zero probability of entering a

state other than long- or short-term memory on an R. A more important

feature of this curve is that its asymptote is higher than .1, the guess­

ing probability; it thus seems clear that some relatively long-term

learning took place on the first R.

A second principal aspect of interest is the function relating P(C2 )

for RRT items to k, the R-R interval, included in the latter part of

Table 2. It can be seen that as k increases, P(C2) rises to a maximum

for values of k in the range of 5 to 7 and then slowly tapers off. This

result is approximately the same as that of Peterson, Wampler, Kirkpatrick,

and Saltzman (1963), though they used fewer values of k. The Peterson,

et. al. study found that f(C2) went up as k took on the values 0, 1, 2,

4, and 8, but dropped with k ; 16 below the value for k ; 8, and that

this drop, involving only one point, was not significant. At a glance, it

is not absolutely clear that the overall trend here was indeed a rise and

then a decline in P(C
2

) as k increases, for the standard errors of the

proportions are rather large relative to the differences in the proportions,

and thus the points show much variability.



Fort~nately a statistical device exists to determine whether or not

the hypothesized concave downward c~rvat~re of the plot of P(C2) as a

f~nction of k did exist to a significant degree. Since this device is

~sed m~ch in the rest of this paper, and since it has been neglected in

the psychological literat~re, it is developed in some detail here. One

of the best derivations of the res~lt is in the works of Neyman (1949).

S~ppose it is desired to fit a mathematical model to a series of empiri-

cal proportions, Pl' P2' ... 'Pn' There is a vector of the theoretical

parameters of the model (e
l

, e
2

, ••• , e s ' where s < n, s~ch that

the model predicts each of the proportions as a f~nction of this vector

of theoretical parameters. There is a special case of the model where

e* , ... ,e* are constants or functionsq+l s

(el'

e ~ e*
s s'

, e )
q

where

are still theoretical parameters, but e
q+l ;:::: e* ,

q-H

of (e l' .. .... ,

e
q
). The res~lt is that if the values of (e

l
, .,. ,e

s
) are fo~nd

2which minimize the frequency X function for the f~ll model, yielding

a minimum of X2
n-s' and if the val~es of are found

which minimize the freq~ency function for the special case, yield-

ing a minimum of X2
n-q' then has the distrib~tion on

s-q degrees of freedom under the hypothesis that the improvement in the

fit from allowing eq+l' ,e to vary freely is due merely tos

capitalizing on chance. If that hypothesis is accepted, nothing is

gained by allowing eq+l , .•• ,e
s

to vary freely, and they might as

well be left at their ~ priori values e~+l' ... ,e:. Neyman (1949)

~ses this proced~re in giving a f~ndamental derivation of the test.

In the present case, the application of this res~t is direct and

can serve as an example. There are 18 independent proportions, one
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estimate of P(C
2

) for each of the 18 values of k. It is possible to

fit a constant function, a linear function, and a quadratic function of

k to these points. All three of these functions are of the form P(C2)

~ A + Bk + Ck2 . In the quadratic function, A, B, and C are free to vary;

in the linear function, A and B are free to vary while C is set at 0;

in the constant function, only A is free to vary, while Band C are both

set at O. The minimum X2 estimation here and in all other uses in this

investigation was accomplished with a computer program based on oscilla-

tion search of the parameter space for the minimizing values (Chandler,

dom, which is quite satisfactory. The straight line fit yielded

1965).
2

The fit of a constant yielded X = 16.98 on 17 degrees of free-

X
2 =

16.93 on 16 degrees of freedom, yielding a X2 for the difference be-

tween a constant and a straight line of .05, which on 1 degree of freedom

is clearly not significant. This result provides no evidence of any

for the difference between the straightTheis a far better fit.

monotonic relationship between P(C
2

) and k. The best fitting quadratic

function, however, yielded a X2 of 8.66 on 15 degrees of freedom, which

X2

line and quadratic fits of 8.25, on 1 degree of freedom, is significant

beyond the .01 level. An examination of the best-fitting quadratic func-

tion shows that it is concave downward. Thus, the overall trend, as k

increases, of a rise in P(C2) up to a maximum and then a decline is

highly significant. This conclusion has an important consequence: No

model of the sorts developed in Chapter 2 can possibly account for the

RRT data, for they all predict that with an increase in k, P(C2) should

have increased up to some asymptote.
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The next item of interest is P(C2) on RTRT items. The first

question is how this quantity compares to P(C
2

) on the RRT item types

which serve as the basis of comparison for the effect of T
l

. As men­

tioned above, for the set of RTRT item types with the same value of

i + j, there were two appropriate RRT comparisons. One appropriate com­

parison may be called the "interference control," the RRT item type for

which k, the R-R interval, equaled i + j. In this case, the same number

of Is interfered between the two Rs, but the RRT item had one fewer

trial, in total, between the two R trials, for one of the i + j + 1

trials between the two R trials in the RTRT item was a T. The other

appropriate comparison may be called the "time control," the RRT item

type for which k, the R-R interval, equaled i + j + 1. In this case,

the total number of trials intervening between the two R trials was

equated, and thus time decay, if present, would have equated in the RTRT

and RRT item types.

For each value of i + j used in the RTRT items, Table 4 lists the

values of P(C2), pooled over all placements of T
l

between Rl and R
2

,

and values of P(C2 ) for the appropriate interference and time control

RRT item types. Since for both comparisons, RTRT was always superior to

RRT, these results seem to indicate that test trials do facilitate sub­

sequent recall, though the magnitude of the effect is small. To confirm

this conclusion, a X
2

contingency test, on 1 degree of freedom, was

performed for each value of i + j, for both time and interference con­

trols. For time and interference controls separately, these X2,s were

independent and all reflected a superiority of RTRT over RRT; thus in

each case the X2 ,s could be summed. The pooled X2 for the



Table 4

Overall Effect of T1 on p(c2)

Difference Difference
,.' Valueoof p( C2) Between Between

·····a RTRT and RRT RTRT and RRT
RTRT BET RRT (Interference) (Time)

i + j (Interfer. ) (Time) X2
-p- X2

-p----
0 .4450 .4100 .4450 ·370 .600 0.000 1.000
1 .5425 .4450 .4450 4.690 .030 4.690 .030
2 .5183 .4450 .4850 2.806 .050 .540 ·520
3 ·5075 .4850 .4750 .190 ·700 .720 .400
4 ·5330 .4750 ·5100 3.619 .058 .518 ·500
5 .5475 ·5100 .4675 .983 .310 4.806 .030
6 .5208 .4675 ·5150 3.204 .075 0.000 1.000
7 .5250 ·5150 .4925 .040 1.000 .720 .410
8 .5286 .4925 .4800 1.449 .220 2.749 .100
9 ·5325 .4800 .4900 2.001 .150 1.620 .220

10 ·5050 .4900 ·5000 .231 .680 .016 1.000
12 ·5100 .4650 .4200 ·735 .400 4.510 .034
14 ·5050 .4950 .4250 .141 ·750 3·971 .050
16 .5650 .4600 .4500 4.002 .050 4.841 .028

24.461 29·701

x2 (RTRT-RRT [Interference]) = 24.461, df = 14, p ~ .04

x2 (RTRT-RRT [Time]) = 29.701, df = 14, p ~ .0084

a pooled, over all placements ofT1 in the R-R interval
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superiority of RTRT over RRT for the interference comparison was 24.46,

which on 14 degrees of freedom was significant at the .04 level; that

for the time comparison was 29.70, which on 14 degrees of freedom was

significant beyond the .01 level. This result essentially confirms the

conjecture of Izawa (1966). Much of the rest of the present paper is

addressed to the question of precisely how the test trials do help sub­

sequent recalL

Part of the answer to this question can be found in consideration

of how P(C2) is affected by the placement of the T in the R-R interval.

This analysis is presented in Fig. 1, for all six values of i + j having

more than two different splits of i + j into i and j. For completeness,

P(C
2

) for the time and interference control RRT item types are indicated.

As can be seen, there is an indication of concave downward curvature,

albeit not always unequivocal, in all the curves but that for i + j ~ 4.

To determine whether the tendency toward concave downward curvature was

significant, minimwn X2 tests were run for each value of i + j to fit

a constant, a linear, and a quadratic function to the curve of P(C2 ) as

a function of i with i + j fixed. The values of X2 obtained, as well

as the appropriate differences between them, are presented in Table 5.

The linear fit was not significantly better than the fit of a constant

for any value of i + j, and the quadratic fit was significantly better

than the linear fit only in the case of i + j ~ 10. However, the question

remains whether the departures from linearity in the family of curves are,

taken as a whole, significant. To determine this, the values for superi­

ority of linear over constant and of quadratic over linear were each

summed, as they were independent. In the case of the superiority of
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Table 5

Curvature of Plot of P(C2) as a Function of i with i + j Constant

X2 for Fit of Direction X2 for Fit of X2 for Fit of
Linear - Quadratic Constant - LinearNo. Quadratic of Linear Constant

X2 ---;(2i + ,i Points Function Curvature Function Function p -.1?
1 2 -- 0.000 .040 -- .040 >.50
2 3 0.000 n .334 2.296 .. 334 >.500 1.962 .16
3 2 -- 0.000 .159 -- .159 >·50
4 5 .049 u ·514 .546 .465 >.500 .032 >·50
5 2 -- 0.000 1.003 -- 1.003 ·31
6 6 .626 n 1.321 1.339 .695 .420 .018 >·50
7 2 -- 0.000 0.000 -- 0.000 >·50

+" 8 7 . 709 n 1.812 3·372 1.103 ·300 1.560 .22--<
9 2 -- 0.000 .362 -- .362 >:50

10 8 .983 n 9.402 10.441 8.419 .004 1.039 .10
12 3 0.000 n 1.921 2.081 1.921 .165 .160 >·50
14 2 -- 0.000 .092 -- .092 >·50



linear over constant fits, the X2 value was 6.43, which on 12 degrees

of freedom is at the .89 point of the distribution. Thus, as before,

there appears to be no monotonic increasing or decreasing trend.

case of the superiority of the quadratic over the linear fit, the

In the

X2

value was 12.937, which on 6 degrees of freedom is significant at the

.04 level.

The interpretation of this last test is complicated in that all six

of the relevant curves were not concave downward; the curve for i + j = 4

was concave upward. The method for dealing with this problem waS sug­

gested by Professor Lincoln Moses of the Stanford University Statistics

Department. The X2 values for the differences between quadratic and

linear fits were each on 1 degree of freedom, and each was, under the

hypothesis that they all reflect the same true curvature, the square of

a deviate from a normal distribution with variance 1 and some mean other

than O. Thus, if the curvatures were all approximately the same, save

for random variation, the square roots of these X2 values, with a plus

sign affixed for those with concave downward curvature and a minus sign

affixed for those with concave upward curvature should have been deviates

from a normal population with variance 1. In this case, the variance of

these six values was 1.36, which did not differ from 1 significantly

according to an F test on 5 and 00 degrees of freedom. The next step was

to find out whether or not the mean of these six values, which was 1.01,

differed significantly from O. A conservative procedure, taking the

obtained value of 1.36 for the variance and doing a ~ test, gave

t = 2.12 on 5 degrees of freedom, which yielded a significance value in

the range (.05, .10). A more liberal procedure was also applied using



the theoretical variance of 1 and obtaining the critical ratio 2.48

which is significant beyond the .02 level. Thus, there is some evidence

to back up the view that, on the whole, with i + j fixed, as T
l

travels

from immediately after the Rl to immediately before R2, P(C
2

) first

rises to a maximum and then tapers off. A liberal statistical procedure

yielded this result reliably, while by a more conservative procedure it

fell short of conventional levels of significance. The possibility

exists that the shape of the function of P(C
2

) as a function of i with

i + j constant was different for different values of i + j. However, if

that function was the same for all values of i + j and if it was of a

simple form, the evidence suggests a concave downward function as the

most likely candidate.

As indicated above, the design allowed a comparison of P(C
2

) with

i constant as a function of j and with j constant as a function of i.

These are graphed, for all curves with more than one point, in Figs. 2

and 3. As before, a constant, a linear function, and a quadratic func­

tion were fit to each curve by minimum X2 . The results, as well as the

appropriate differences between them, are presented in Tables 6 and 7.

With i constant, P(C2) as a function of j tended to be concave down-

ward. The linear fit was in no case significantly better than the con-

stant fit, and the quadratic fit was significantly better than the

linear fit only in the case of i ~ 0, though it came quite close to

2significance in the cases of i 2 and i ~ 6. The summed X value for

the superiority of linear over constant fits was 5.20, which on 6

degrees of freedom is at the .52 point of the distribution. Thus there
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Table 6

Curvature of Plot of P(C2) as a Function of j with i Constant

X2 for Fit of Direction X2 for Fit of X2 for Fit of
Linear - ~uadFatis Constant - LinearNo. Quadratic of Linear Constant

i Points Function Curvature Function Function X2
p X2

-..E
0 7 2.774 n 8.422 10.506 5.648 .017 2.084 .150
1 10 1.;;47 u 1.427 1.837 .080 ">·500 .410 :>·500
2 6 .184 n 2.989 3.459 2.805 .095 .470 >·500
4 6 2.258 n 2.529 4.397 .269 ">·500 1.870 .165
6 6 .102 n 2·933 2.934 2.831 .150 .001 >·500
8 6 .135 u 1.670 2.036 1.535 .230 ·366 >·500

Vl
l\)



Table 7

Curvature of Plot of P(C2) as a Function of i with j Constant

X2 for Fit of Direction X2 for Fit of X2 for Fit of Linear - Quadratic Constant - LinearNo. Quadratic of Linear Constant X2 X2:i. Points Function Curvature Function Function p -..E
0 7 5·582 n 8.715 8.800 3.133 .08 .085 >·50
1 10 2.640 n 3.017 3·109 ·377 •>·50 .092 >·50
2 6 1.386 u 1.416 1.421 .030 . >·50 .005 >.50
4 6 1.259 n 1.883 1.986 .624 .44 .103 . >·50
6 6 .055 n 1.260 1.557 1.205 .27 .297 ·>·50
8 6 3·126 u 4.377 5·470 1.251 .25 1.093 .29

V1
\.>l



was no monotonic increasing or decreasing trend. However, the summed

X
2

value for the superiority of quadratic over linear fits was 13.17,

which on 6 degrees of freedom is significant at the .04 level. Again,

there were reversals from the general concave downward trend, for i = 1

and i = 8, so that the same device of taking signed square roots of the

individual X2 values was used with a plus sign for concave downward

curvature and a minus for concave upward curvature. These values had a

mean of .79 and a variance of 1.89. The variance Was compared with the

theoretical value of 1 by an F test on 5 and 00 degrees of freedom and

yielded a value approximately at the .1 point of the distribution.

Again, the conservative t test was run, using the observed value for the

variance, and getting ~ = 1.41, which is in the range (.10, .20) on the

t distribution. The more liberal critical ratio, using the theoretical

variance of 1, was 1.93, which is at the .06 point of the distribution

and just shy of conventional significance levels. For precisely the

same reasons outlined above for the case of P(C2) as a function of i

with i + j constant, if P(C
2

) as a function of j with i constant was

the same for all values of i, and if it was simple, the concave downward

function appears to be the most likely candidate.

In the case of j constant with i varying, again the summed

the superiority of linear over constant fits was insignificant,

X2 for

2X = 1.68

on 6 degrees of freedom, which is at the .95 point of the distribution.

Thus, here too, there was no evidence for the presence of monotonic

2increasing or decreasing trends. The summed X value for the superior-

ity of the quadratic over the linear fits was 6.62, which on 6 degrees of

freedom falls at the .36 point of the distribution. So there was no



evidence for a concave upward or downward trend either, though it is

hard to believe that P(C2) waS constant as a function of i when j was

constant; rather, whatever other function it was seems a bit .too subtle

for these methods to pick up.

These results, about the behavior of P(C
2

) as a function of i when

i + j is held constant, as a function of j when i is held constant, and

as a function of i when j is held constant pose a problem for all models

which might hope to account for these data. If the hypothesis that P(C
2

)

was constant for all values ofi and j is discarded, because it makes no

sense in. view of the superiority of RTRT over RRT, then there is no sup­

port in any of the evidence just presented that any of these relationships

is monotonically increasing or. decreasing. However, the models detailed

in Chapter 2 all imply monotonic increasing or decreasing relationships,

if P(C2) varies at all.

As noted above, Izawa (1966) reviewed the literature on the effects

of test trials, and concluded that except under special circumstances

there was little or no increase in correct response probability and little

or no increased stereotypy of incorrect responses over successive test

trials. Thus, in order to account for this experiment without contradic­

ting previously established results, a model should predict the concave

downward curvature of the plot of P(C
2

) as a function of i with i + j

constant without calling for an increased stereotypy of incorrect responses

or an increase of probability of correct responding over two successive Tso

The next chapter deals with the construction and application of such a

model.
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The main empirical results of this experiment can now be summarized:

l. The plot of P(C
l

) as a function of i, the Rl-T
l

interval, Was

of the standard form, beginning at about .9 for i = 0 and drop­

ping approximately geometrically to an asymptote in the interval

(.3, .4).

2. The plot of P(C
2

) as a function of k, the Rl -R
2

interval, for

RRT items rose to a maximum with k in the range of 5 to 7 and

then tapered off. This concave downward curvature was significant.

3. The overall effect of Tl in RTRT items was to increase P(C2)

slightly but consistently over P(C
2

) in appropriate RRT compar­

ison items.

4. The plot of P(C
2

) as a function of i, the Rl-Tl interval, with

i + j, the R
l

-R
2

interval, held constant was most likely concave

downward if it was indeed simple and consistent across different

values of i + j.

56



Chapter 5

A New Model and Its Application

In the last chapter, it was shown that there are two major aspects

of the data from the present experiment which cannot be accounted for by

any of the models formulated in Chapter 2;

1. P(C2 ) for RRT item types was a concave downward function of k.

2. P(C2 ) for RTRT item types was higher than for the appropriate

comparison RRT item types. At the same time, statistical anal­

ysis of the plots of P(C
2

) as a function of i with i + j con­

stant revealed no significant linear trends, but some evidence

of concave downward curvature,

In addition, the fact that p(C
l

) was markedly below unity at i = 0,

while hardly a major finding, is incompatible with models Gl and G2,

Aspect 1 of the data could perhaps be derived from models Gl and G2

with the additional provision of forgetting from long-term memory with a

very small probability. It could not be derived from Nl or N2, however,

without some fundamental addition to the basic notions of stimulus sam­

pling theory, as, for example, a provision for conditioned elements to

revert to the guessing state, either spontaneously or through interfer­

ence from other items.

Aspect 2 of the data is more troublesome for these models. The

evidence is clear that the inclusion of a T in the R-R interval in­

creased P(C
2

). In Chapter 4, it was established that the increase in

P(C2 ) occasioned by the inclusion of a T in the R-R interval was not

maximal for placement of che T at either end of the R-R interval; there
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was some evidence tbat tbe sbape of tbe function relating P(C
2

) to i

witb i + j constant was concave downward. Tbere seems to be no simple

manner in wbicb tbe models in Cbapter 2 can be modified to account for

aspect 2. Botb tbese aspects can be accounted for in tbe model discussed

below, bowever. Tbat model is basically an L-8 model, but in place of

tbe usual single sbort-term state, it bas two sbort-term states, tbe

"immediate" and tbe "delayed" sbort-term states, eacb witb its own prop-

erties. Tbat model also allows P(C
l

) to be lower tban unity at i = 0

by providing a non-zero probability of going neitber into long- nor into

sbort-term memory on an R.

Tbe following model, called tbe immediate-delayed (I-D) model in tbe

remainder of tbe paper, is presented initially witb eleven parameters in

order to be as general as may be necessary. A discussion of reducing tbe

number of parameters is postponed until after tbe model is presented.

Tbe following are tbe states of tbe model:

L - learned state;

8
I

- immediate sbort-term state;

8 - delayed sbort-term state in wbicb tbe response on a T is
DC always correct;

8
D

delayed sbort-term state in wbicb tbe subject guesses on
gaT;

U
F

- unlearned familiarized state;

UN - unlearned novel state.



The probability of a correct response in the six states can be represented

by the vector

L 1
3

1
1

3
D

1
C

P ~ 3
D

g
g

UF
g

UN g

The effect of an R on trial n can be represented by the transition matrix

Ln+l 3 3
D

3
D

U U
1n+l Cn+l gn+l

Fn+l Nn+l

L 1 0 0 0 0 0
n

31
0 1 0 0 0 0

n

3
D

E (l-E) 0 0 0 0
C

R n ;

~ E (l-E) 0 0 0 0

gn

UF
C
2

R2 (1-C2)R2
0 0 ( l-R2 ) 0

n

UN C1Rl ( l-Cl)Rl 0 0 ( l-Rl ) 0
n
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the effect of a T on trial n can be represented by the transition matrix

L 3 3
D

3
D

U U
n+l 1n+l Fn+l Nn+lCn+l gn+l

L 1 0 0 0 0 0
n

3
1

0 1 0 0 0 0
n

3D D ( l-D) 0 0 0 0
C

n
T =

3
D

0 0 H2B H
2

(l-B) (1-H
2

)H
3

(1-H
2

) (1-H
3

)
gn

UF
0 0 0 0 1 0

n

UN 0 0 0 0 F ( l-F)
n

and the effect of an I on trial n can be represented by the transition

matrix

L 3 3
D

3
D

U UNn+l 1n+l Fn+lCn+l gn+l n+l

L 1 0 0 0 0 0
n

3
1

0 H
l

( l-H
l

)H
2

B (l-H
l

) H
2

(l-B)
n (l-H

l
) (1-H

2
)H

3I = (l-H
l

) (1-H
2

) (1-H
3

)

3
D

0 0 H2B H
2

(l-B) (1-H
2

) H
3

(1-H
2

) (1-H
3

)
C

n

3
D

0 0 ~B H
2

(l-B) (1-H
2

)H
3

(1-H
2

) (1-H
3

)
gn

U
F

0 0 0 0 H
3

( l-H
3

)
n

Ul'! 0 0 0 0 0 1
n
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An item always begins on its first R in state UN' The process generated

by the model is assumed to work independently on each item, as noted in

Chapter 2. As usual, g is the guessing parameter; in this case its value

is l!r, where r is the number of response alternatives. The values of

the parameters B, Cl , C2 , D, E, F, HI' H2 , H
3

, R
l

, R2 are assumed to be

constant over trials.

The action of an R can be summarized as follows: An item in the

novel unlearned state can go into the familiarized unlearned state) if

it does not go into the familiarized unlearned state, it enters either

the long-term or the immediate short-term state. An item in the famil-

iarized unlearned state can remain there; if it does not, it enters the

long-term or the immediate short-term state. An item in the delayed

short-term state can also enter the long-term state; if it does not enter

the long-term state, it enters the immediate short-term state. An item

in the immediate short-term or the long-term state remains there.

On a T, the following is the state of affairs: In either of the

unlearned states, the correct response is given with probability g. An

item in the novel unlearned state either remains where it is or else

enters the familiarized unlearned state; an item in the familiarized

unlearned state remains there. An item in the delayed short-term state

is there because it entered the delayed short-term state from the immedi-

ate short-term state on the last trial or because it was in the delayed

short-term state and remained there on the last trial. The ~ priori

probability that the item entered the substate 3
D

on entering or remain­
C

ing in the delayed short-term state is B. Thus, of all the items in the

delayed short-term state at any time, the expected proportion in the
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either is learned or else enters the immediate

substate ~ is B, and expected proportion
C

The correct response is always given to an

on an R, an item in the immediate

undergoes the same process that it would
~

g
I. As

in the substate ~ is l-B.
g

item in state ~ , whereas
C

given with probability g to an item in state SD
g

short-

undergo if the trial were an

the correct response is

An item in state SD
C

term state; an item in state

. short-term Or learned state remains there.

The situation on an I can best be visualized as a series of gates

between the immediate and delayed short-term, between the delayed short-

term and the familiarized unlearned, and between the familiarized and the

novel unlearned states. These gates are closed with probabilities Hl ,

H2 , and ~,respectively. If the item is not in state L or state UN' it

slips down on each I until it finds a closed gate and stays in the state

just above that gate.

Model I-D has an interpretation in terms of coding that may clarify

the motivation for its assumptions: As noted in Chapter 2, the general

interpretation of L-S models in terms of coding is that when a subject

gets an R On an item, he arrives at a code for the item, a mnemonic

device perhaps. Entry into long-term memory is interpreted as coding

with a good code, i.e. one that can support retention for the duration

of the experiment. Entry into short-term memory is interpreted as

coding with a bad code, i.e. one which will not support retention for the

duration of the experiment, perhaps because the code is difficult to

remember or because it is bound to lead to stimulus confusion errors in

the particular experiment.



In the present model, entry into the immediate short-term state is

interpreted as the initial coding with a bad code. At this point, the

code is supporting recall quite well, just as if it were a good one, so

that on an R or a T the subject has no cue that he has a bad code. Since

the subject has no cue that his code is bad, he has no motivation to try

to arrive at a better code, i.e., to learn.

After a few Is intervene, the bad code ceases to support recall in

so facile a fashion as it could in immediate short-term memory. On a T,

a search process is necessary to retrieve the correct response. The

delayed short-term state is interpreted as the state in which an item

resides when its code can no longer support recall in a quick and ready

fashion, but can support recall after a search process. In the delayed

short-term memory state, a search on a T is successful with probability

B, in which case the item is said to have been in state Sn' In that
C

case, the correct response is given, but the subject knows that he had to

search for that response and is thus motivated to recode the item in a

better fashion, i.e., to learn. If the search is unsuccessful, the sub-

ject guesses and does not know whether the item is in the delayed short-

term state or in an unlearned state. In this case, the item is said to

have been in state SD ' and the same process occurs that would have
g

occurred were the trial an I. In the delayed short-term state, on an R,

the sUbject realizes that he knew the correct response but would have

had to go through a search, which might not have been successful, to find

that correct response on a T. Therefore, he is motivated to try to

recode the item in a better fashion, i.e., to learn.
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From the above discussion, two interpretations emerge of the terms

"immediate" and "delayed" as applied to the short-term states. First of

all, when an item enters short-term memory, it is first in the immediate

short-term state. After a stay there, and thus a delay after its entry

into short-term memory, the item is in the delayed short-term state.

Secondly, in the immediate short-term state, according to the coding

interpretation, recall is immediate, while in the delayed short-term

state, recall is delayed while the search process goes on.

The coding interpretation of the inclusion of the probabilities Rl

and R2 in the model was suggested by informal post-experimental inter­

views of the subjects. They usually indicated that there were times

when the exposure on an R was "so brief" that they could not tell what

the response term was. These remarks indicated that at some points in

the experiment, for one or another of several possible reasons, the sub­

ject did not perceive and code the response term at all before the

exposure time was up. Thus, the possibility of failing to code the

response at all and only of familiarizing the stimulus, i.e. of going

into state U
F

, on an R from either of the unlearned states, is included

in the mode1.

A note on the reason for including two unlearned states in model

I-D is in order. These two states are included to allow for the possi­

bility of different apparent learning rates on the first and subse~uent

Rs, a result sometimes observed (Izawa, 1966).

The I-D model described above can account for the troublesome

aspects of the data from the present experiment. The features of the

I-D mOdel that allow it to account for these aspects of the data can be
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detailed qualitatively: Since an item never enters the delayed short-

term state directly on an R, but passes into that state from the immedi-

ate short-term state on its route back to the unlearned states, the

probability that an item is in the delayed short-term state is at its

highest value a moderate time after an R. Therefore, the function

relating P(C
2

) to k for RRT item types has a maximum at some inter­

mediate value of k if the probability of learning on the second R is

greater from the delayed short-term state than from the unlearned

states. The model also predicts a higher P(C2 ) for RTRT than for the

appropriate comparison RRT item types, because some learning does take

place on a T. The model further predicts that the placement of the T at

some point intermediate between the two Rs is optimal in terms of in-

creasing P(C
2
), for that is the point at which the item has the high­

est probability of being in the delayed short-term state, the only state

in which a T can increase the probability of subsequent correct re-

sponding.

In Chapter 4, it was stated that it would be desirable for a model

to predict no increase in the probability of correct responding or in

the stereotypy of incorrect responses over successive unreinforced Ts,

in view of the conclusions of Izawa (1966). Since model I-D has no

provision for learning of incorrect responses, it predicts no increase

in the stereotypy of incorrect responses over successive unreinforced Ts.

Model I-D provides for learning on a T only if the item is in state ~ '
C

in which case the correct response is always given. For reasonable

parameter values and reasonable intervals between events, according to

this model, learning should be unlikely to take place on a T after the



first of a series, since the probability that an item would still be in

the delayed short-term state on any T after the first in a series should

be low; learning should be possible even on the first T in a series only

if the correct response is given. Thus, model I-D predicts little or no

increase in the probability of correct responding over successive unrein-

forced Ts for reasonable parameter values and reasonable intervals be-

tween events.

It is possible to derive expressions for pecl), p( C
2

), and the

four joint probabilities of various combinations of correct and incorrect

responses on the two Ts, again regarding the model as a branching process

and weighting the probabilities of the different combinations of events,

given that a certain path through the states was taken, by the probabil-

ities that the different paths were taken. Though they are not terribly

instructive, the expressions are presented here for completeness.

The .following definitions must be made first:

Al( i) =

i-m-l
~ H n(l_H )H i-m-n if i > 0
L.,2 23 'n=O

A2(i) =
0, if i = 0
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A3( i)
(1-H2)H3[H~::::iJ, ifH2 ~ H3

i(1-H2 )H
3

i
, if H2·~ H

3

FA(£) ~ H~ + Al(£)(B + (l-B)g) + (l-H~-Al(£))g

Expressions for the probabilities are listed below. As before, they

are given in terms of the quantities developed above and the notation

developed in Chapter 2.

RTRT
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P(C2 ) ~ C1Rl + (l-Cl)Rl[Hlipl(j,t) + Al(i) [B(D + (l-D)Pl(j,t))

+ (1-B)P7(j,t)] + A2(i)P5(j,t) + (1-Hl
i
-Al(i)-A2(i))P6(j,t)]

+ (1-Rl )P8(i,j,t)

P(Wl ,C2) ~ (1-Cl )Rl (1-g)[Al(i)(1-B)P7(j,t) + A2(i)P5(j,t)

+ (1-H/-Al(i)-A2(i))P6(j,t)] + (1-Rl )(1-g)p8(i,j,t)

P(C
l

,C2 ) ~ P(C2 )-P(Wl ,C2)

P(W
l

,W2) ~ l-P(Cl )-P(W
l

,C2 )

P(Cl ,W2 ) ~ l-P(C2 ) -P(W
l

,W2)

RRT

P(C2 ) ~ C1Rl-(1-Cl)Rl[Hlk_FA(t) + Al(k)P2(t) + A2(k)P3(t)

+ (1-Hl
k

-Al(k)-A2(k))P4(t)] + (1-R
l

)P5(k,t)

Predictions for conditional probabilities may be obtained in the usual

Way from those for the joint and unconditional probabilities.

It is now possible to see how the predictions of the model, using

the parameters giving the best fit to the data, compare with the data,

both ~uantitatively and ~ualitatively.

Before the model is fitted to the data, however, attention must be

paid its parameters. There are eleven, a rather unwieldy number, even

though small in relation to the number of degrees of freedom in the data.

Also, it is not clear that there is a uni~ue set of parameter values
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yielding a particular point in the sample space of this experiment, for

instance the point which provides the minimum X2 fit. Finally, there

are strong psychological reasons why some parameters might be equated or

set equal to unity. For these reasons, the most restricted reasonable

version of the model was applied; then the restrictions were removed one

by one, to see if the removal of each in turn significantly increased the

goodness of fit. The method outlined in Chapter 4 of using X2s which

are the differences of the minimum x2 s of successive fits was used to

test the hypothesis that freeing of each additional parameter did not

improve the fit.

The initial set of restrictions, C
l

~ C
2

, D ~ E, and B ~ H
3

~ F ~ R2

~ 1, leaves five parameters free to vary. The restriction B ~ 1 has the

entirely from the model.simplifying effect of eliminating state ~
g

restriction H
3

~ 1 has the simplifying effect of eliminating F as a

The

parameter of the model; therefore, the restriction F ~ 1 has meaning only

if the restriction H
3

~ 1 is relaxed.

These restrictions all have interpretations in terms of the coding

notions introduced above. The restriction C
l

~ C
2

has the interpretation

that the probability of conditioning an unlearned item does not depend on

whether the item is familiarized. The restriction B 1 has the interpre-

tation that recall from the delayed short-term state is perfect, and thus

that a search for the correct response to a badly coded item is always

successful. The restriction D ~ E has the interpretation that the prob-

ability of conditioning from the delayed short-term state is the same

whenever the subject has a cue that he has coded the item badly; the sub-

ject can get such a cue on any R or on a T when his search for the correct
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response is successful. The restriction H3 ~ 1 has the interpretation

that any item, once familiarized, remains so. The restriction F ~ 1 has

the interpretation that familiarization always takes place on a T, if the

item is unfamiliarized. Finally, the restriction R2 ~ 1 has the inter­

pretation that the subject always perceives and codes the response prop­

erly if the item is familiarized, presumably because the stimulus does

not attract his attention unduly.

Further restrictions were rejected after initial consideration. The

restriction H
l

~ H
2

was rejected because preliminary investigation indi­

cated that the fit would be significantly better if H
l

and H2 were al­

lowed to vary independently. In addition, there is very little psycho~

logical reason to expect H
l

and H
2

to be equal. The restriction Cl ~ C2

~ D ~ E was rejected because it leads to the prediction that P(C2 ) as

a function of k in RRT item types is a monotonic increasing function of

kj only if E > C
l

can the obtained concave downward curve be predicted.

The data to which the major fit was made were the joint proportions

P(C
l

,C
2

) P(W
l

,C2), P(C
l

,W2), and P(Wl ,W2 ) for all 46 RTRT item types

and the proportion P(C
2

) (and thus also p(W2 )) for the 18 RRT item

types. The model was fitted to all of these simultaneously. There were

three degrees of freedom for each RTRT item type and one for each RRT

item type, a total of 156 degrees of freedom, less the number of fitted

parameters.

The fit of each successive version of the model is detailed in Table

8. The first part of that table gives the number of parameters estimated

in each successive fit, the minimum X
2

for goodness of fit, the X
2

,

on 1 degree of freedom, for the difference from the previous fit, and the
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Table 8

Tests of Goodness of Fit of Special Cases of I-D Model and Gains in Goodness
of Fit Attributable to Each Added Parameter

Number of Goodness of Fit Gain

Parameters X2 df X2
-p-

5 268.367 151
6 167.145 150 101.122 <'.001
7 149.459 149 17.686 <.001
8 147.725 148 1.734 .190
9 146.069 147 1.656 .200

10 149.208* 146
11 148.928 145 .280 .620

*Increased over the one above through anomaly of minimization program

Parameters

B C
l C2

D E F Hl
H
2

H
3

R
l

R2 No.
-- -

1.00000* .27368 ** .21394 *** 1.00000* .00000 .69787 1.00000* .84078 1.00000* 5
.46546 .22711 .l<-* .30623 *** 1.00000* .19720 .83185 1.00000* .86844 1.00000* 6
.43040 .24387 ** .28988 *** 1.00000* .21908 .83741 .47624 .86285 1.00000* 7
.43459 .24187 ** .32998 .26988 1.00000* .21908 .84081 .53624 .86185 1.00000* 8
.39670 .22850 ** .39900 .25361 .82187 .25960 .87010 .50881 .86215 1.00000* 9
.39670 .22850 ** .39900 .25361 .82187 .25960 .87010 .50681 .86215 ·90000 10
.39670 .22850 .22850 .39900 .25361 .92187 .25960 .87010 .40681 .86215 ·90000 11

* Constrained to be 1,0.

** Constrained to be equal to Cl ,

*** Constrained to be equal to D.



significance level of the latter. The second part of that table gives the

vector of parameters which yields each fit and indicates the restrictions

in effect for each fit. The relaxation of the restriction B = 1 provided

a tremendously better fit, lowering the minimum X
2

by more than 100.

Some of the other parameters changed greatly, too; as B dropped, D in-

creased markedly, and H
l

and H2 both increased considerably. Relaxation

of the restriction that H
3

= 1 also resulted in a significant reduction of

the minimum x2 ; H
3

decreased markedly though the other parameters did not

change noticeably. Relaxation of the rest of the restrictions did not

result in a significantly improved X2 . Thus, in the remainder of this

paper, the model that is used to fit data is the 7-parameter version of

the I-D model, I-D-7, listed in Table 8. I-D-7 yields an overall minimum

X2 for goodness of fit of 149.459, which falls at the .48 point of the

distribution. This model has free parameters B, C, D, Hl , H2 , H
3

, and R.

C is used to refer to the common value of Cl and C2 ' and R is used to

refer to the parameter called R
l

above. The parameter E of the full model

is set equal to D and the parameters F and R2 of the full model are set

equal to unity.

A technical note on the parameters in I-D-7 is necessary now. It is

not clear analytically that there is no other vector of values of the

seven parameters of I-D-7 which yields the minimum X
2

of 149.459 with

the same predictions as the vector given in Table 8. However, there is

some presumptive evidence to this effect. Each of the parameters was set

in turn to a value slightly different from that listed in Table 8 for

2I-D-7 and X minimized in the usual way with the other six parameters

free to vary. If parameter dependence of any of the sorts commonly
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observed existed the program would be expected to yield approximately the

same minimum X2 as obtained with all seven parameters free to vary,

149.459, for at least two of these other minimizations, since a dependence

between parameters must involve at least two parameters. However, each of

these minimizations yielded a minimum X2 value higher than 149.459,

thereby precluding all but some quite bizarre types of dependence. This

does not mean that another seven parameter specialization of the full

model might not be equivalent, in the sense of Greeno and Steiner (1964),

to the present I-D-7. Some other reasonable seven parameter specializa­

tions were fitted to the data, though, in the early stages of the present

investigation, and their fit was poorer than that of the present special-

izationo

The parameter values obtained in fitting I-D-7 to the data are of

considerable interest, as are the restrictions on the parameters of the

full model retained in I-D-7. Because the restriction Cl = C2 was re­

tained but R
l

= R
2

was not tenable for these data, it seems that the

difference between the two unlearned states was not in conditioning

probabilities, but rather in probabilities of leaving the unlearned

states, which have the coding interpretation of probabilities of perceiv­

ing and coding the response term. Retention of the restriction F = 1

indicates that a single T provided a sufficient occasion for familiariza­

tion to occur, but the finding that H
3

was considerably below unity

indicates that familiarization is a transient property. Retention of the

restriction R
2

= 1, with R
l

remaining below unity, seems to indicate that

in this study subjects were always able to perceive and code a response

member paired with a familiarized stimulus member, but not a response



member paired with an unfamiliar stimulus member, Retention of the re­

striction D = E provides some support for the coding interpretation given

for this restriction, The finding that B was considerably below unity is

compatible with the notion that a search procedure is involved in attempt­

ing to respond from the delayed short-term state, if one assumes that

retrieval will not always be successful because the subject does not know

whether the item sought is in memory, Finally·, the difference between Hl

and H2 indicates a qUicker decay from the immediate than from the delayed

short-term state,

The result that the restriction Cl = C2 was retained in fitting the

data from the present experiment, whereas R
l

and R2 turned out to have

greatly different values, sheds some light on Izawa's (1966) finding of a

difference in apparent conditioning probabilities between the first and

subsequent trials in her study, The results from the present study seem

to indicate that Izawa's finding may have reflected a difference in the

probabilities of coding the response, not in the probabilities of condi­

tioning, If her study were comparable to the present one, on the first

R, the item would have been always in ·U
N

, whereas on subsequent Rs, the

item, if not in short- or long-term memory, would have been sometimes in

UN and sometimes in U
F

; thus the item, on subsequent Rs, would have had a

higher average response-coding probability than on the first R, but the

same conditioning probability as on the first R,

The fit of I-D-7 to the data is indicated in detail in Appendix B,

The theoretical values there were all yielded by the parameter values

given for I-D-7 in Table 8, The obtained values, which are all in tables

in Chapter 4, as well as the values predicted by I-D-7, are presented for



each proportion listed. Table Bl of Appendix B presents the short-term

curve, p(C l ) as a function of i, found also in Table 3. Table B2 of

Appendix B presents the curve for P(C
2

) as a function of k for RRT

items, found also in the latter part of Table 2. The rest of Appendix B

presents theoretical and empirical expressions for the RTRT items, found

also in the first part of Table 2, but in three different orders. For

each item type, P(Cl ) is omitted, as it is presented in Table Bl of

Appendix B, but p(c
2

) and the four joint proportions are given. For

the convenience of those who can best visualize conditional probabilities,

P(C2 ]Cl ) and p(c2Iwl) are also presented. The first presentation,

Table B3, goes through each value of i + j used, from 0 to 16, and pre­

sents all seven statistics for each value of i used with that value of

i + j. P(C2 ) is presented for the time and interference comparison RRT

item types also. The second presentation, Table B4, goes through the

values of i used and presents the statistics for each value of j used

with that value of i. The third presentation, Table B5, goes through

each value of j used and presents the statistics for each value of i used

with that value of j. Thus it is possible at a glance to see the empir­

ical and theoretical course of each of these seven statistics as a func­

tion of i with i + j constant, as a function of j with i constant, and as

a function of i with j constant.

A comparison of the theoretical and empirical plots of P(C
l

) as a

function of i, the short-term curve, is given in Fig. 4. The fit is

excellent, except for the point where i = 10, which is based on only 200

observations. A comparison of the theoretical and empirical graphs of

P(C2 ) as a function of k for RRT item types is given in Fig. 5. The fit
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there is somewhat less good, As k increases, the theoretical curve does

increase to a maximum and then fall, since learning has a higher proba­

bility from the delayed short-term state (D = [E = ] ,28988) than from

the unlearned state (C = 024387), but its rise is faster and its decline

less steep than that of the empirical curve,

For RTRT item types, using Tables B3, B4, and"B5 of Appendix B, one

can examine the correspondence between theoretical and empirical curves

for each of the seven statistics considered as a function of i with i + j

constant, as a' function of j with i constant, and as a function of i with

j constant 0 Only a few examples of each are given in graphical form, 'but

the remarks made are addressed to the entire families of curves,

In Figs, 6 and 7 the correspondence between theoretical and empiri­

cal curves for each of these seven statistics is graphed as a function of

i with i + j constant at 6 and at 10, respectively, In the graph of

p( C
2
), the theoretical and empirical values of p( C

2
) for both of the

RRT comparisons are also indicated, In each case, the theoretical pre­

diction for the interference comparison RRT item is precisely the same as

that for the RTRT item with i = 0, In addition, the theoretical curves

of p(C2) seem to increase more rapidly and decrease less steeply as a

function of i than the empirical curves, though this trend is not entirely

clear, The theoretical curves of p(C2Icl) increase with i up to the

points where i = i + j - 1 and then decrease slightly; the data follow the

same general trend but the trend is less pronounced in the theory, The

empirical curves, for p(c2Iwl) also increase as a function of i, more or

less monotonically, but far less markedly than the theoretical curves,

In the case of the joint prObabilities, the theory predicts that the joint
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i:

probabilities should be monotonic functions of i, P(W
l

,C2), and

P(Wl ,W2) monotonic increasing functions, and P(c
l

,W2) and P(Cl ,C2)

monotonic decreasing functions. These predictions seem well borne out

in the data, though there seems to have been a slight tendency for the

trends to become slightly curvilinear at high values of i, rather than

to level off as predicted. Thus, overall, the fit is good, and the theory,

when it errs, seems to err by predicting trends in P(C2), p(c2Icl), and

P(C2 [Wl ) less marked than the corresponding trends in the data.

The theoretical and empirical curves for each of these seven statis-

tics are graphed as functions of j with i constant at 0 and at 6 in Figs.

8 and 9 respectively. The same comments as made above seem to be in order

here. The theory predicts that as j increases, with i constant, there

should be a concave downward trend in p(c2), p(c2Icl) and P(Cl ,C2),

a concave upward trend in P(C
l

,W2 ), a slight monotone decreasing· trend

in P(Wl ,C2) and P(C2 [W
l
), and a slight monotone increasing trend in

P(Wl ,W2 ). These predictions are borne out fairly well, though the trends

are often more exaggerated in the data than in the theory, especially in

the case of P(C2 ). The empirical values for p(c2Iwl) with i = 0 are

quite variable, as they are based on 35 or fewer cases each.

In Figs. 10 and 11, the empirical and theoretical curves for each of

the seven statistics is graphed as a function of i with j constant at 0

and at 6 respectively. The theory predicts that, as i increases, there

should be a concave downward trend in p(c2), a strong monotonic in-

creasing trend in P(W
l

,C2) P(Wl ,W2), and p( c2 Ic l ), and a strong

monotonic decreasing trend in P(Cl ,c2) and P(Cl ,W2 )· For p( c2 Iwl ),

the theory predicts a slight monotonic increasing trend at low values of j,
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which becomes even more slightly concave downward at higher values of j.

In many ways, the fit here was even better than in the two cases above.

The curves predicted by the theory to be strongly monotonic do exhibit

some tendency to become slightly curvilinear at high values of i rather

than to level off as predicted, but this tendency is by no means unequiv­

ocal.

The pattern that emerges is that the model reproduces the form of

the interesting relationships quite well, but predicts that the magnitudes

of some of the trends involving P(C2), p(c2Icl) and p(c2Iwl) should

be quite a bit smaller than they are. A reasonable question is why the

model could not have been made to fit better if other parameter values,

ones that might allow for larger effects, had been used. An insight into

this matter can be gained by a consideration of fits of the model to

ce~tain parts of the data, obtained by minimum X
2

methods. The proce­

dure described in the case of the fit of the model to all of the data was

used to fit it to the parts of the data listed in Table 9, but only the

I-D-7 fits are considered here. The vectors of parameters yielding the

best fit to p(c2 ) for RRT item types, to p(c2 ) for RTRT item types,

to p(Cl ) on RTRT items, and to the joint proportions on RTRT items are

listed. For reference, the parameters estimated from all the data and

used to generate the predictions in Appendix B and Figs. 4-11 are also

listed. The differences in C in Table 9 exhibit quite a clear pattern:

When P(C
l

) does not enter into the estimation, the value of C which

gives the best fit is quite low, almost zero; when p(C
l

) does enter

into the estimation, the best-fitting value of C is moderate, in the

range (.2, .3). Thus, when the parameters are estimated from fits of
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Table 9

Parameters from Fits of I-D-7 to Different Aspects of the Data

Data Used
to Estimate B C D Hl H2 H

3
R

p(c
2

) -- RRT .48708 .00005 .56983 .86710 .88578 .92762 .76177

p(c
2

) -- RTRT .47646 .00001 .42972 .00000 .97761 .98576 .32503

p( c
l

) -- RTRT .26603 .29490 * .32304 .82756 * .87070

Joints -- RTRT .43765 .24168 .31245 .21672 .83986 .54900 .86433

All Data .43040 .24367 .28988 .21908 .83741 .47624 .8628 5

* - Not used in predicting these data.



the model to p(c2 ) alone, the difference between C and D is exaggerated

and the model predicts more accurately the extent of the curvatures it

underpredicts in fitting all the data, When the theory has to contend

with p(C
l

) and its failure to decline, for high values of i, to an

asymptote of nearly ,1, a conse~uence of a miniscule C in this theory,

the theory raises C, thus tightening the gap between C and D and under­

predicting some of the interesting trends in P(C2 ) in the data,

The foregoing analysis demonstrated that the theory just presented,

I-D-7, is by no means perfect, Unfortunately, the pattern of differences

between predicted and observed values of the various statistics is not

sufficiently clear to make it fruitful to try to improve the theory using

these data,

Model I-D-7 is just one example of a class of models that can be

developed with the use of multiple short-term states. These can be

developed in the context of many currently popular theoretical frame­

works, including the buffer model of Atkinson and Shiffrin (1965) and

the fluctuation model of stimulus sampling theory, as well as L-S models.

The present chapter demonstrates that a model incorporating the notion

of multiple short-term states can account for the basic results of this

experiment, but does not necessarily establish the superiority of the

version presented here.

In summary, the following are the main points of Chapter 5: Because

the models presented in Chapter 2 could be rejected summarily owing to

their failure to predict certain curvilinear relationships in the data,

a new model was presented, The new model, called I-D-7, was an L-S

model, differing from previous L-S models in postulating two short-term
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states,- an immediate short-term state, entered on an R or a T, from

which recall is perfect and from which no learning occurs, and a delayed

short-term state, entered from the immediate short-term state only on an

I, from which recall is imperfect, though better than chance, and from

which learning occurs on an R or a T under some circumstances. I-D-7

was fitted to the data from the present experiment and gave an overall

fit at the .48 point of the X2 distribution. I-D-7 reproduced the

form of the interesting relationships in the data quite well, but tended

to predict that trends in the data would be less marked than they were.

The reason for the failure of I-D-7 to predict the magnitude of the

trends was that the asymptote of the short-term learning curve was above

chance, meaning that the miniscule value of C needed to fit the func­

tions involving P(C2) for the various item types was incompatible with

the moderate value needed to fit the short-term learning curve. However,

no way to modify the theory in order to improve the fit was immediately

apparent.



Appendix A

Mean and Standard Deviations of Statistics
of the 100 Orders of Events

Item Ordinal Memory Load Proportion of Tests in Intervals
Type Positiona on T2 RI -T1 TI-R2 R2-T2

Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D.
0/0 72.38 39.54 6Ji9 1.29 -:m :ill
0/1 72,30 39·92 6·73 1.35 .495 ·500 .434 .109
0/2 71.23 42.59 6.59 1.24 .450 ·350 .442 .110
0/4 74.75 40.82 6.59 1.25 .475 .226 .434 .112
0/6 74.82 39·31 6.81 1.14 .481 .167 .416 .116
0/8 75·25 40.16 7·09 1.27 .504 .131 .376 .102
0/10 76.96 41.38 6.87 1.34 .450 .116 .418 .114
1/0 76.75 41.13 6.51 1.30 .485 ·500 .450 .110
1/1 73·30 40.79 6.53 1.29 .445 .497 .495 ·500 .436 .111
1/2 68.02 42.48 6.69 1.15 .430 .495 .440 .341 .444 .106
1/3 72.94 39.99 6.87 1.15 .415 .493 .462 .251 .424 .120
1/4 75.60 42.92 6.53 1.26 .435 .496 .466 .204 .438 .100
1/5 78.82 40.49 6.84 1.22 ·505 ·500 .473 .182 .408 .112
1/6 76.71 40.26 6.90 1.15 .400 .490 .501 .161 .401 .112
1/7 69.95 41.08 6.86 1.27 .490 ·500 .477 .140 .404 .113
1/8 74.81 43.23 6.93 1.29 .390 .488 .452 .128 .407 .126
1/9 76.08 39·32 6.75 1.08 ·565 .496 .457 .126 .404 .113
2/0 67.58 40.88 6.53 1.24 .460 ·351 .447 .117
2/1 70.15 41.10 6.29 1.21 .458 .335 .445 .497 .456 .114
2/2 75·52 41.54 6.72 1.36 .488 ·330 .462 :335 .429 .113
2/4 73·19 41,32 6.84 1.26 .418 .342 .518 .210 .416 .113
2/6 77.41 42.06 6.78 1,21 .432 .334 .480 .168 .414 .108
2/8 73.11 42.31 7·02 1.29 .535 .318 .470 .133 .392 .116
3/1 70.49 42.58 6.72 1.32 .503 .260 .400 .490 .428 .118
4/0 76.38 41,71 6.47 1,20 .441 .221 .440 .115
4/1 72.94 43.21 6.72 1,22 .476 .213 .495 ·500 .424 .110
4/2 71,17 41,58 6.81 1.19 .485 .226 .435 ·355 .422 .114
4/4 74.84 42.33 6.80 1,26 .468 .225 .488 .203 .413 .114
4/6 75.26 41.12 6.82 1,33 .481 .212 .474 .171 .420 .116
4/8 71,83 39.78 6.84 1,32 .486 .205 .461 .131 .410 .113
5/1 74.01 43.93 6.76 1.24 .485 .196 .415 .493 .424 .121
6/0 68.91 41,62 6.79 1.20 .476 .176 .414 .106
6/1 76.19 41.10 6.80 1,27 .456 .166 .490 ·500 .417 .110
6/2 74.66 41.67 6.81 1,23 .461 .174 .538 .331 .402 .113
6/4 71.40 42.51 6.73 1,25 .475 .166 .425 .217 .431 .108
6/6 66.63 41.24 6.77 1,32 .456 .172 .467 .155 .416 .116
6/8 75.60 42.80 7.04 1,21 .462 .167 .462 .144 .406 .114
7/1 70·31 41.12 6.63 1,26 .468 .153 ·535 .499 .419 .115

(Table continued on next page)
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Appendix A (cont.)

Item Ordinal Memory Load Proportion of Tests in Intervals
Type Pdsitiona on T2 RI -Tl TI -R2 R2-T2

Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D.
8/0 73.42 42.21 6.67 1.20 .486 .139 .412 .109
8/1 77.16 40.63 6.71 1.41 .442 .131 .440 .496 .437 .116
8/2 74.19 41.68 6.89 1.08 .481 .140 .368 .306 .430 .108
8/4 75.47 39.95 6.61 1.28 .486 .142 .394 .201 .446 .120
8/6 71.97 40.71 6.73 1.21 .489 .137 .402 .157 .439 .113
8/8 70.92 42.84 6.83 1.25 .488 .128 .435 .142 .418 .112
9/1 73·09 44.98 6.54 1.26 .504 .125 .255 .436 .436 .110

10/0 74.11 41.80 6.60 1.28 .488 .107 .426 .117
0 67.86 43.45 6.46 1.18 .460 .107
1 70.07 41.92 6.52 1.34 .400 .490 .447 .121
2 69.20 41.35 6.52 1.22 .482 .322 .456 .120
3 70.23 38.90 6.66 1.26 .462 .278 .442 .122
4 71.85 41.52 6.70 1.25 .455 .207 .1+45 .118
5 71·59 41.09 6.70 1.28 .461 .194 .441 .120
6 72.43 43.48 6.64 1.28 .460 .166 .446 .114
7 70.72 40.89 6.71 1.22 '.465 .152 .440 .112
8 73·03 41.89 6.83 1.27 .482 .141 .416 .113
9 71.45 40.88 6.70 1.25 .463 .129 .426 .113

10 69.73 41.36 6.74 1.28 .452 .116 .442 .122
11 71.24 41.95 6.66 1.23 .472 .106 .440 .122
12 71.19 41.15 6.85 1.29 .456 .092 .425 .119
13 69.81 39.97 6.64 1.14 .450 .083 .449 .110
14 71.94 39·15 6.79 1.24 .461 .079 .437 .113
15 69.55 43.26 6.69 1.21 .462 .074 .446 .105
16 69.75 43.57 6.59 1.33 .463 .067 .448 .116
17 67.66 38.49 6.74 1.31 .454 .064 .450 .122

aaverage of the ordinal positions of the item, among the 144 critical
items, with respect to Rl and with respect to T2.
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Appendix B

Correspondence Between Predictions of I-D-7 and the Observed Data

Table Bl

p(C
l

) as a Function of i Pooled over j for RTRT Items

i p( C
l

)

Obs. Pre .

0 .88357 .8765

1 ·59300 .5835

2 .48250 .4920

3 .44000 .4495

4 .40750 .4220

5 .38000 .4000

6 .40417 .3815

7 .37000 .3665

8 .34750 .3540

9 .34500 .3435

10 .41000 .3350
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Table B2

p( C2) as a Function of k in RRT Items

k p(c2)

Obs . Pre.

0 . 4100 .37200

1 .4450 .48700

2 .4450 ·50700

3 .4850 ·50650

4 .4750 ·50250

5 ·5100 .49825

6 .4675 .49450

7 ·5150 .49125

8 .4925 .48875

9 .4800 .48625

10 .4900 .48450

11 ·5000 .48300

12 .4650 .48150

13 .4200 .48050

14 .4950 .47950

15 .4250 .47850

16 .4600 .47800

17 .4500 .47750
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Table B3

Seven Statistics as Functions of i with i + j Constant

i p( C2) P(W1,C2) P(C1,C2) P(W1,W2) P(C1,W2) p( c2Ic1) p( c21w1)

Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.-- i +J= 0--
0 .445 .3720 .030 .0460 .415 .3260 .090 .0775 .465 ·5505 .4716 .3719 .2500 .3725

k=O .410 .3720
k=l .445 .4870

i + j = 1
0 ·535 .4870 .055 .0435 .480 .4435 .090 .0800 .375 .4330 .5614 .4940 .3793 .3522
1 ·550 .4895 .180 .1615 .370 .3280 .250 .2555 .200 .2555 .6491 .5621 .4186 .3873

k=l .445 .4870
k=2 .445 ·5070

\D i + j = 2
+'" 0 ·545 ·5070 .045 .0425 ·500 .4645 .105 .0810 .350 .4120 .5882 .5299 .3000 .3441

1 ·535 .5345 .160 .1575 .375 .3770 .255 .2595 .210 .2065 .6410 .6461 .3855 .3777
2 .475 ·5125 .150 .1955 .325 .3170 .395 .3125 .130 .1750 .7143 .6443 .2752 .3848

k=2 .445 ·5070
k=3 .485 .5065

i + j = 3
1 ·520 .5400 .175 .1545 .345 .3855 ·320 .2620 .160 .1980 .6832 .6607 ·3535 ·3705
2 .495 ·5390 .185 .1920 .310 .3470 ·320 .3160 .185 .1450 .6263 .7053 .3663 .3780

k=3 .485 .5065
k=4 .475 ·5025

i + j = 4
0 .540 ·5025 .010 .0415 ·530 .4610 .080 .0820 .415 .4235 ·5824 .5260 .1111 .3360
1 ·530 ·5375 .130 .1525 .400 .3850 .230 .2640 .240 .1980 .6250 .659'3 .3611 .3657
2 ·515 .5415 .165 .1890 .350 ·3525 ·335 .3190 .150 .1400 .7000 .7165 .3300 .3720
3 ·530 ·5355 .215 .2075 .315 .3280 .345 .3430 .125 .1215 .7159 .7297 .3'339 .3769
4 ·550 ·5150 .240 .2200 .310 .2950 .350 .3585 .100 .1270 .7561 .6999 .4068 .3803

k=4 .475 ·5025
k=5 ·510 .49825

(Table continued on next page)



Table B3 (cont'd)

i P(C2) P(W1,C2) P(C1,C2) P(W1,W2) P(C1,W2) P(C)C1) p( c2Iw1)

Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.
i +..j = 5 -- -- -- -- --

1 .520 .5345 .125 .1510 .395 .3835 .300 .2655 .180 .2000 .6870 .6572 .2941 .3621
4 ·575 ·5310 .250 .2175 .325 .3135 .350 .3610 .075 .1080 .8125 .7438 .4167 .3760

k=5 .510 .49825
k=6 .4675 .49450

i + j = 6
0 .500 .4945 .030 .0415 .470 .4530 .085 .0820 .415 .4235 ·5311 .5168 .2609 .3360
1 .520 ·5310 .125 ,1495 .395 .3815 .265 .2670 .215 .2015 .6475 .6538 .2551 .3585
2 .545 ·5365 .185 .1855 .360 .3510 .345 .3225 .110 .1410 .7660 .7134 .3491 .3652
4 - .515 ·5320 .185 .2155 .330 .3165 .390 .3630 .095 .1050 .7765 .7509 .3217 ·3725

'0 5 .540 ·5265 .255 .2250 .285 .3015 .365 .3755 .095 .0985 .7500 .7538 .4113 .3747
Vl 6 .505 ·5120 .285 .2335 .220 .2785 .380 .3850 .115 .1030 .6557 .7300 .4286 .3775

k=6 .4675 .49450
k=7 ·5150 .49125

i + j = 7
1 .525 .5285 .110 .1485 .415 .3800 .265 .2680 .210 .2035 .6640 .6512 .2933 .3561
6 .525 ·5230 .205 .2315 .320 .2915 .395 .3870 .080 .0905 .8000 .7641 .3417 .3743

k=7 ·515 .49125
k=8 .4925 .48875

i + j = 8
0 .480 .4890 .035 .0415 .445 .4475 .065 .0820 .455 .4295 .4944 ·5106 .3500 .3360
1 .510 .5265 .120 .1480 .390 .3785 .280 .2690 .210 .2050 .6500 .6487 ·3000 .3549
2 .545 ·5315 .200 .1830 .345 .3485 .340 .3250 .115 .1435 .7500 .7083 .3704 .3602
4 ·535 .5280 .220 .2125 ·315 .3155 .405 .3660 .060 .1060 .8400 .7485 .3520 .3673
6 .560 ·5235 .225 .2300 .335 .2935 .350 .3885 .090 .0880 .7882 .7693 .3913 .3719
7 .530 ·5200 .230 .2370 .300 .2830 .400 .3965 .070 .0835 .8108 .7722 .3651 .3741
8 .540 ·5100 .250 .2430 .290 .2670 .390 .4030 .070 .0870 .8056 .7542 .3906 .3762

k=8 .4925 .48875
k=9 .4800 .48625 (Table continued on next page)



Table B3 (cont'd)

i p(c2) P(Wl ,C2) P(cl ,C2) P(Wl ,W2) P(Cl ,W2) P(C2 !Cl ) p( c2Iwl )

Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.
i + j ~ 9 --

1 ·550 ·5245 .130 .1470 .420 .3775 .255 .2695 .195 .2060 .6829 .6470 .3377 .3525
8 ·515 ·5175 .250 .2415 .265 .2760 .410 .4045 .075 .0780 .7794 .7797 .3788 .3738
k~9 .480 .48625
k~10 .490 .48450

i + j ~ 10
0 .430 .4845 .015 .0415 .415 .4430 .080 .0820 .490 .4335 .lJ.\')86 .505!} . 15lii9 .3360
1 ·500 ·5230 .120 .1465 .380 .3765 .275 .2705 .225 .2070 .6280 .6452 .3038 .3513
2 .490 .5280 .155 .1810 .335 .3470 .330 .3265 .180 .1450 .6505 .7053 .3196 .3563

\0
4 ·550 .5245 .205 .2105 .345 .3140 .365 .3680 .085 .1075 .8023 .7450 .3596 .3639

0\ 6 .565 ·5210 .230 .2280 .335 .2930 .340 .3905 .095 .0885 .7791 .7680 .4035 .3686
8 ·520 .5180 .230 .2405 .290 .2775 .445 .4055 .035 .0765 .8923 .7839 .3407 .3723
9 ·515 ·5150 .255 .2450 .260 .2700 .400 .4115 .085 .0735 .7536 .7860 .3893 ·3732

10 .470 .5080 .200 .2490 .270 .2590 .390 .4160 .140 .0760 .6585 .7731 .3390 .3744
k~10 .490 .4845
k~l1 .500 .4830

i+j~12

4 .480 ·5225 .225 .2095 .255 .3130 .370 .3690 .150 .1085 .6296 .7426 .3782 .3621
6 ·550 ·5190 .215 .2270 .335 .2920 .345 .3915 .105 .0895 .7614 .7654 .3839 .3670
8 ·500 .5160 .225 .2390 .275 .2770 .425 .4070 .075 .0770 .7857 .7825 .3462 .3700
k~12 .465 .4815
k~13 .420 .4805 i + j ~ 14
6 ·505 ·5170 .200 .2260 .305 .2910 .405 .3925 .090 .0905 .7722 .7628 .3306 .3654
8 ·525 .5145 .270 .2380 .255 .2765 .385 .4080 .090 .0775 ·7391 .7811 .4122 .3684
k~14 .495 .4795
k~15 .425 .4785 i + j ~ 16
8 .565 ·5135 .260 .2375 .305 .2760 .375 .4085 .060 .0780 .8356 .7797 .4094 .3676
k~16 .460 .4780
k~17 .450 .4775



Table B4

Seven Statistics as Functions of j with i Constant

j p(C2) P(w1,C2) p( C1, C2) P(W1,W2) P(C1,W2) p( c21 C1) p( c2Iw1)

Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.-- -- -- -- -- -- -- --
i '" 0

0 .445 .3720 .030 .0460 .415 .3260 -:<590 .0775 .465 ·5505 .4716 .3719 .2500 .3725
1 ·535 .4870 .055 .0435 .480 .4435 .090 .0800 .375 .4330 .5614 .4940 .3793 .3522
2 ·545 ·5070 .045 .0425 ·500 .4645 .105 .0810 .350 .4120 .5882 ·5299 .3000 .3441
4 ·540 ·5025 .010 .0415 ·530 .4610 .080 .0820 .380 .4155 .5824 ·5260 .1111 .3360
6 ·500 .4945 .030 .0415 .470 .4530 .085 .0820 .415 .4235 .5311 · 5168 .2609 .3360
8 .480 .4890 .035 .0415 .445 .4475 .065 .0820 .455 .4295 .4944 · 5106 .3500 .3360

10 .430 .4845 .015 .0415 .415 .4430 .080 .0820 .490 .4335 .4586 · 5054 .1579 .3360
i = 1

\D 0 ·550 .4895 .180 .1615 .370 .3280 -:250 .2555 .200 .2555 .6491 .5621 .4186 .3873---.J
1 ·535 .5345 .160 .1575 .375 .3770 .255 .2595 .210 .2065 .6410 .6461 .3855 .3777
2 ·520 ·5400 .175 .1545 .345 .3855 .320 .2620 .160 .1980 .6832 .6607 .3535 .3705
3 .530 ·5375 .130 .1525 .400 .3850 .230 .2640 .240 .1980 .6250 .6598 .3611 .3657
4 .520 ·5345 .125 .1510 .395 .3835 .300 .2655 .180 .2000 .6870 .6572 .2941 .3621
5 .520 ·5310 .125 .1495 .395 .3815 .265 .2670 .215 .2015 .6475 .6538 .2551 .3585
6 ·525 ·5285 .110 .1485 .415 .3800 .265 .2680 .210 .2035 .6640 .6512 .2933 .3561
7 .510 .5265 .120 .1480 .390 .3785 .280 .2690 .210 .2050 .6500 .6487 .3000 .3549
8 ·550 .5245 .130 .1470 .420 .3775 .255 .2695 .195 .2060 .6829 .6470 .3377 .3525
9 .500 .5230 .120 .1465 .380 .3765 .275 .2705 .225 .2070 .6280 .6452 .3038 .3513

i = 2
0 .475 .5125 .150 .1955 .325 .3170 ~5 ·3125 .130 .1750 .7143 .6443 .2752 .3848
1 .495 .5390 .185 .1920 .310 .3470 .320 .3160 .185 .1450 .6263 ·7053 .3663 .3780
2 ·515 .5415 .165 .1890 .350 .3525 .335 .3190 .150 .1400 .7000 .7165 .3300 .3720
4 .545 .5365 .185 .1855 .360 .3510 .345 ·3225 .110 .1410 .7660 .7134 .3491 .3652
6 .545 ·5315 .200 .1830 .345 .348 5 .340 .3250 .115 .1435 .7500 .7083 .3704 .3602
8 .490 .5280 .155 .1810 .335 .3470 .330 .3265 .180 .1450 .6505 ·7053 .3196 .3563

i = 3
1 ·530 .5355 .215 .2075 .315 .3280 ~5 .3430 .125 .1215 .7159 .7297 .3839 .3769

(Table continued on next page)



Table B4 (cant'd)

j p(C2) P(W1,C2) P(C1,C2) P(w1,W2) P(C1,W2) p( c2 Ic1) p( c2 Iw1)

Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.
-- --

i~
-- -- -- -- --

0 ·550 ·5150 .240 .2200 .310 .2950 .350 .3585 .100 .1270 .7561 .6999 .4068 .3803
1 ·575 ·5310 .250 .2175 .325 .3135 .350 .3610 .075 .1080 .8125 .74;;8 .4167 .3760
2 ·515 ·5320 .185 .2155 .330 .3165 .390 .3630 .095 .1050 .7765 .7509 .3217 .3725
4 ·535 .5280 .220 .2125 .315 .3155 .405 .3660 .060 .1060 .8400 .7485 .3520 .3673
6 ·550 .5245 .205 .2105 .345 .3140 .365 .;;680 .085 .1075 .8023 .7450 .3596 .3639
8 .480 ·5225 .225 .2095 .255 .3130 .370 .3690 .150 .1085 .6296 .7426 .3782 .3621

i ~ 5
1 .540 .5265 .255 .2250 .285 .3015 ---:3D5 .3755 .095 .0985 .7500 .7538 .4113 .3747

i ~ 6

'&,
0 ·505 ·5120 .285 .2335 .220 .2785 ~O .3850 .115 .1030 .6567 .7300 .4286 .3775
1 ·525 ·5230 .205 .2315 .320 .2915 .395 .3870 .080 .0905 .8000 .7641 .3417 .3743
2 .560 .5235 .225 .2300 .335 .2935 .350 .388 5 .090 .0880 .7882 .7693 .3913 .3719
4 .565 ·5210 .230 .2280 .335 .2930 .340 .3905 .095 .0885 .7791 .7680 .4035 .3686
6 ·550 ·5190 .215 .2270 .335 .2920 .345 .3915 .105 .0895 .7614 .7654 .3839 .3670
8 ·505 ·5170 .200 .2260 .305 .2910 .405 .3925 .090 .0905 .7722 .7628 .3306 .3654

i ~ 7
1 ·530 ·5200 .230 .2370 .300 .2830 ~O .3965 .070 .0835 .8108 .7722 .3651 .3741

i ~ 8
0 .540 ·5100 .250 .2430 .290 .2670 .390 .4030 .070 .0870 .8056 .7542 .3906 .3762
1 ·515 ·5175 .250 .2415 .265 .2760 .410 .4045 .075 .0780 .7794 .7797 .3788 .3738
2 ·520 .5180 .230 .2405 .290 .2775 .445 .4055 .035 .0765 .8923 .7839 .3407 .3723
4 ·500 ·5160 .225 .2390 .275 .2770 .425 .4070 .075 .0770 .7857 .7825 .3462 .3700
6 .525 .5145 .270 .2;;80 .255 .2765 .385 .4080 .090 .0775 .7391 .7811 .4122 .3684
8 .565 ·5135 .260 .2375 .305 .2760 ·375 .4085 .060 .0780 .8356 .7797 .4094 .3676

i ~ 9
1 ·515 ·5150 .255 .2450 .260 .2700 ~O .4115 .085 .0735 .7536 .7860 .3893 .3732

i ~ 10
0 .470 ·5080 .200 .2490 .270 .2590 .390 .4160 .140 .0760 .6585 ·7731 .3390 .3744



Table B5

Seven Statistics as Functions of i with j Constant

i p( C2) P(W1,C2) P(C1,C2) P(W1,W2) P(C1,W2) p( c21 C1) . p( c2IW1)

Obs. Pre. Obs. Preo Obs. Pre. Obs. Pre. Oba. Pre. Obs. Pre. Obs. Pre.-- -- -- -- -- -- -- --j = 0
0 .445 .3720 .030 .0460 .415 .3260 .090 .0775 .465 ·5505 .4716 .3719 .2500 .3725
1 ·550 .4895 .180 .1615 .370 .3280 .250 .2555 .200 .2555 .6491 .5621 .4186 .3873
2 .475 ·5125 .150 .1955 .325 .3170 .395 .3125 .130 .1750 .7143 .6443 .2752 .3848
4 .550 ·5150 .240 .2200 .310 .2950 .350 .3585 .100 .1270 .7561 .6999 .4068 .3803
6 ·505 ·5120 .285 .2335 .220 .2785 .380 .3850 .115 .1030 .6567 .7300 .4286 .3775
8 .540 ·5100 .250 .2430 .290 .2670 .390 .4030 .070 .0870 .8056 .7542 .3906 .3762

10 .470 ·5080 .200 .2490 .270 .2590 .390 .4160 .140 .0760 .6583 .7731 .3370 .3744
j = 1

\D 0 ·535 .4870 .055 .0435 .480 .4435 .090 .0800 .375 .4330 .5614 .4940 ·3793 ·3522\D
1 .535 .5345 .160 .1575 ·375 .3770 .255 .2595 .210 .2065 .6410 .6461 .3855 .3777
2 .495 ·5390 .185 .1920 .310 .3470 .320 .3160 .185 .1450 .6263 .7053 .3663 .3780
3 ·530 ·5355 .215 .2075 .315 .3280 .345 .3430 .125 .1215 .7159 ·7297 .3839 .3769
4 .575 ·5310 .250 .2175 .325 .3135 .350 .3610 .075 .1080 .8125 .7438 .4167 .3760
5 .540 .5265 .255 .2250 .285 .3015 .365 .3755 .095 .0985 .7500 .7538 .4113 .3747
6 .525 ·5230 .205 .2315 .320 .2915 .395 .3870 .080 .0905 .8000 .7641 .3417 .3743
7 ·530 ·5200 .230 .2370 .300 .2830' .400 .3965 .070 .0835 .8108 .7722 .3651 .3741
8 .515 ·5175 .250 .2415 .265 .2760 .410 .4045 .075 .0780 .7794 ·7797 .3788 .3738
9 .515 ·5150 .255 .2450 .260 .2700 .400 .4115 .085 .0735 .7536 .7860 .3893 .3732

.0425 .4645
j = 2

.0810 .4120 .5882 .34410 .545 ·5070 .045 .500 .105 .350 ·5299 .3000
1 .520 .5400 .175 .1545 .345 .3855 .320 .2620 .160 .1980 .6832 .6607 .3535 .3705
2 .515 .5415 .165 .1890 .350 .3525 ·335 .3190 .150 .1400 .7000 .7165 .3300 .3720
4 .515 ·5320 .185 .2155 .330 .3165 ·390 .3630 .095 .1050 .7765 .7509 .3217 .3725
6 .560 .5235 .225 .2300 .335 .2935 .350 .3885 .090 .0880 .7882 .7693 .3913 .3719
8 .520 .5180 .230 .2405 .290 .2775 .445 .4055 .035 .0765 .8923 .7839 .3407 .3723

j = 3
1 .530 ·5375 .130 .1525 .400 .3850 .230 .2640 .240 .1980 .6250 .6598 .3611 .3657

(Table continued on next page)



Table B5( cant' d)

i p(c2) P(W1,C2) P(c1,C2) P(W1,W2) P(C1,W2) p( c2Ic1) p( c2Iw1)

Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.-- -- -- -- -- j = 4 -- -- -- --
0 .540 ·5025 .010 .0415 ·530 .4610 .080 .0820 .380 .4155 ·5824 ·5260_ .1111 .3360
1 ·520 .5345 .125 .1510 .395 .3835 .300 .2655 .180 .2000 .6870 .6572 .2941 .3621
2 .545 .5365 .185 .1855 .360 .3510 .345 .3225 .110 .1410 .7660 .7134 .3491 .3652
4 ·535 .5280 .220 .2125 .315 .3155 .405 .3660 .060 .1060 .8400 .7485 ·3520 .3672
6 .565 ·5210 .230 .2280 .335 .2930 .340 .3905 .095 .0885 .7791 .7680 .4035 .3686
8 ·500 .5160 .225 .2390 .275 .2770 .425 .4070 .075 .0770 .7857 .7825 .3462 .3700

j = 5
1 ·520 ·5310 .125 .1495 .395 .3815 :2b5 .2670 .215 .2015 .6475 .6538 .2551 .3585

j = 6
0 ·500 .4945 .030 .0415 .470 .4530 .085 .0820 .415 .4235 ·5311 ·5168 .2609 .3360

b 1 ·525 .5285 .110 .1485 ,415 .3800 .265 .2680 .210 .2035 .6640 .6512 .2933 .3561
0 2 .545 ·5315 .200 .1830 .345 .3485 .340 .3250 .115 .1435 .7500 .7083 .3704 .3602

4 ·550 .5245 .205 .2105 .345 .3140 .365 .3680 .085 .1075 .8023 .7450 .3596 .3639
6 ·550 ·5190 .215 .2270 .335 .2920 .345 .3915 .105 .0895 .7614 .7654 .3839 .3670
8 ·525 .5145 .270 .2380 .255 .2765 .385 .4080 .090 .0775 .7391 .7811 .4122 .3684

j = 7
1 ·510 .5265 .120 .1480 .390 .3785 .280 .2690 .210 .2050 .6500 .6487 .3000 .3549

j = 8
0 .480 .4890 .035 .0415 .445 .4475 .065 .0820 .455 .4295 .4944 ·5106 .3500 .3360
1 ·550 .5245 .130 .1470 .420 .3775 .255 .2695 .195 .2060 .6829 .6470 .3377 .3525
2 .490 .5280 .155 .1810 .335 .3470 .330 .3265 .180 .1450 .6505 .7053 .3196 .3563
4 .480 ·5225 .225 .2095 .255 .3130 .370 .3690 .150 .1085 .6296 .7426 .3782 .3621
6 ·505 ·5170 .200 .2260 .305 .2910 .405 .3925 .090 .0905 .7722 .7628 .3306 .3654
8 .565 ·5135 .260 .2375 .305 .2760 .375 .4085 .060 .0780 .8356 .7797 .4094 .3676

j = 9
1 ·500 ·5230 .120 .1465 .380 .3765 .275 .2705 .225 .2070 .6280 .6452 .3038 .3513

j = 10
0 .430 .4845 .015 .0415 .415 .4430 .080 .0820 .490 .4335 .4586 .5054 .1579 .3360
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