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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 pairedé-
associate learning. Secondly, the study was conéerned with the separate
roles of the reinforcements and the test trials themselves.

In paired-associate experiments using the anticipation method, &
full trial comprises two phases:. Thg stimuius member of a paired asso-
iate is presented, ang the.subject résponds, 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)n “This procedure affords”
the subject immediate Teedback as to the correctness of his response.
The entire list is presented serially in this fashion, in a different
random order each time, until & criterion is reached or & fixed number
of cycles through the list is completed. Often, a cycle of R-alomne
trials occurs before the anticipation procedure (iaeo; the first cycle
of TR t%ials) is initiated.

An alternative procedure, called by Izaws (1966) the RT procedure,
‘has recently come into use. In it, a complete cycle of R trials occurs
first, then & compiete cyele of T trials without any feedback, in a dif-
ferent random order. Complete cycles of Rs and complete cycles bf Ts,
the items appearing in random orders, alternate-until a criterion is met
or a fixed mumber of "double cycles" (an R cycle followed by a T cycle)

through the list is completed.



In neithér procedure is adequate evidence provided aﬁout the effects
of the intervals between Rs and Ts, because the lengths of these intervals
are not varied systemgtically and independently. The state of affairs for
a byplcal item in an anticipation experiment with an M-item list can be
depicted diagrammatically as follows:

R (2M-2 events) TR (oM-2 events) T,

The state of affairs for a typical item in a comparable RT experiment,
alsc with an M item list, can be depicted as follows:

R (M-1 events) =T (M-1 events). R {(M-1 events). T.

In the shove 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-1 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 prqcedufes, the average number of events between successive Rs on
the same item 1is 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 ratioc of the
durations of T-R and R-T intervéls 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 ir the RT than in the anticipation procedure. Thus, in
these methods, any possible function of the B-T interval in the learning
process 1s not separable from its function in producing short-term reten-
tion loés.

~The present experiment was desligned to make poseible the comparisons
described above which are not available in the standard experiments. The
main features of -the paradigm may be depicted diagrammatically as follows:

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

The basic feature was that two Rs were given on each of se;rera;l'itemsj
separated in each case b& the same fixed number of trials, 1 + J + 1,
on other items, and Ts on the different items Were.given-at different
roints in-that'R-R interval.. A final retention test on any item came at
a Tixed interval of 10 trials after the second R. For different items,
the T-in the R-R interval was piaced 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 pointé in that interval. For other it;ﬁs,
the T in the R-R interval was omitted entirely. In what follows, P(Gé)
refers fo thé probability of a correct response on the T fellowing the
second R. Thus the comparison of P(Cg) forldifferent placements of the
T (or its absence) in an R-R interval of fixed length should not be af-
feéted by differential retention loss from the tWQ 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;



Since several-different R-R intervals were used, all with the same con-
stant 10-item final retention interval, it was possible to observe the
effect on P(CQ) of different T-R intervails 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 of varying that inter-

o)
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 sc-
tive lines of inguiry. 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 succeséive 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 subseguent recall. 8Since 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 subsegquent recall was a
result of the inclusion of the T in the R-R intérval or of the greater .
length of that interval. The prgsent study did allow a comparison of
P(C)2 Tor 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 shori-term retention loss (e.g.,
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Peterson & Peterson, 1959, 1962). These include models in which & tran-
éiént short-term memory state, entered with high probabiiity'on an R
frial if a long-term memory state is not entered, is postulated as a
theoretical entity (Atkinson & Crothers, 196h; Atkinson & Shiffrin, 196'5;
Bernbach, 1965; Bower, 1964; Greeno, 1966) and stimulus fluctustion mod-
els.(AtkinSOn & Eétes, 1965), in which short-term retention loss is a
conseguence 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 mechaniems should provide working
 hypotheses for the design of this study. -

Finally, the present study was designed to be relevant to the com-
parisons that havé been made between the RT and the anticipation proce-
dures in paired-associate learning (Battig & Brackett, 1961; Batbtig,
Brown, & Nelsoﬁ, 1963; Lockhead, 1962). Typically, the RT proaédure
shows Faster learning, as reflected in commonly used measures such as
trials to criterion or measn total errors per item 1n a fixed number of
trials. This generalization seems to hold whenever responses are well-
practiced and already:integrated, €aFo, digitso When the responses are
not, €.g., nonsense trigrams, no significant differences have been appar-
ént 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 Jlearning can be presumed minimal.




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, téemporal 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 and then M Rs, with each of the 2M events separated by
an interval of length L. The duration of Ts has been.equated atrQ and
that of Rs at N. 8o, a cycle of the experiment has lasted a duration of
Mg + MN + (M-1)L for an anticipation subject, and MQ + MN + (2M-1)L
for an RT sg’bject° 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-
Eion subjects.

A way to avoid having anticipation subjects complete the same
events in less time than RT subjecté, and requirera longer intércycle
time to compensate, is to have an interval of lengih I between the T and
the immedistely following R in the anticipation procedure and to reduce .
the intercycle interval to L in bpth procedures. This arrapgement
obliterates the long wait between cycles and at the same 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 presénf investigator using the fefinements suggeésted
zbove, with digits as'responses, again found the BT method superior id
achieving fast learning. Thus, it appears that procedural artifacts of
the sorts discussed above are ndt.wholly'responsible for the supericrity
of RT over anticipationn

At first glance, the superiority of RT over anticipation procedures
seems to be an embarrassment to many theories. Skinnerfs view, based
primariiy dn‘the results'of animal experinments, is'exemplified by his
programmed text (Holland & Skinner, 1961). The preface to that text
implies that, in genéral, immediste reinforcement is optimal for produc-
ing Tast 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 methdd 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 ali changes ih
3fé5p0nse probability take place on.Rs and that Te are merely occasions
‘for the organism‘s state of conditioﬁing to be displayed. These inelude
_thé one—elémenf and multi-element patterﬁ models, standard, non-
fluétuation, coﬁpdnént models, and many other stimulus sampling models
discussed in Atkinson and Estes (1963) and the linear and beta models
discussed in Stermberg (1963). 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 parareter

values are the same, learning should not differin the tﬁd'methods,



As noted above, the length of the R-T intérval is different in the.
two methods, and thus responses should reflect slightly less short-term
retention loss in an RT than in a comparable anticipatiqn 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 proceduré_leads to the expectation of its showing superi-
ority in performance. That is, long-term learning may be eguivalent 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,) for items simulating anticipation and RT
items for which short-term retention loss can be presumed to have been
equivalent.

One further factor may be responsible for the reported superiority
of RT over anticipation. The ﬁasks may be perceptually different; even
with similar instructions and pretfaining items, the differences in the
tagk may bring about motivalional 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 expectedf

It is possible, as discussed above, that Ts have no bearing on the
course of learning—that they are_neutral events. If so, the superioripy
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 increaées the probability of subseguent correct responding may be
due entirely to the increasein the R-K interval. If this is the case,
in this study P(Cg) should prove iﬁdependeﬁt of the.piaceﬁent of the T
between the two Rs or its dbsence. Alternatively, some evéent of impor-
tance to the course of learning may occur on Ts, in which case P(CE)
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 Ts and the .
intervals between them. They are extensions of some :0f the models dis-

.cussed.above.which take .account of short-term retention phenomena. -



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-
cominge 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 interpclated (1) 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 aﬁe assumed mutually
independent.

Trials are numbered consecutively from the beginning of the experi-
ment for g 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. is the event of being

p)

in state L at the onset of trial 5.
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Thé first theoretical formulation to be considered is an extension
of one which has-beeﬁ caiied by Atkinson and Crofhérs (i96&)_%hé L;S, for
long-shbrt, moaei;' The L-S model assumes that in adaitiéh to the un-
learned state in ﬁhich thensubject merely guésses,'there arémloﬁg- and
short-térm 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'thé duration of the
‘experiment; but an item remains in the shori-term state.only tempofarily,
with a non-zero probability of return to the unlearned state on each trial.

The version extended here is due to Greeno (1966) . Ig assumes that
the probability of learﬁihg onlén R from ﬁhe'short-tefﬁ state is O.
Greeno bases his preference Tor 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.perhéps. 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 Supportlre?
call. If a good code is arrived at, the theory calls this process.entry
into long—termAmemorﬁy while if & bad code is arrived at, the theory calls
the process ehtry 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, ﬁill fail to realize that the code is bad, and
thus wili 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 retﬁrning from short-term

memory to the uniearned state. According to this extension of the model,
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the superiqrity 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(Cg). The model with only this extension_is called G1.

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 gxtensions is called
G2. 3Because a T comes sooner on the average after an R in an RT than in
a comparable anticipation experiment, the item is more ilikely 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
Ito 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 chEd, and is thus in the short-term state, the subject must
augment the code in order to emit the regponse. 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, 1.e., long-term memory;

S - short-term memory;

U - unlearned.

1z



P The vector of probabilities of a correct response in the three states is

L 1
P=si{ 1 |-
|

u g

The pfobability of guessing correcily in state U, g, ie assumed in most
learning situations to be equal to l/f, 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'trénsition'matrix

nt+l n+l n+l
L 1 0 0
n
R =35 0 1 0 H
n
i . 1-
u \ ¢ (1-¢c) o0

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

=}
1]
@3]
lw;
=
1
=
[

and the effect of an I on trial ﬁ is giveﬁ by the transition matrix

Ih&l Sn+l Uﬁ+l
L /1 o 0
I=8 o um (1-H) .
u - o 0 1
, n
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The values of C, D, and'H in the matrices zbove are assured to be
constant over trials. The values of C and E are assumed to be iﬁ the
open interval (0, 1).

Models Gl and G2 differ only.in their assumptions about D. In Gl,
D is assumed equal to O, whereas in G2, D is & parameter whose value is
free to vary in the open interval (0, i).

Intuitively, then, the models differ in that a T can produce no
learning in model G1, and can produce learning frqm the short-term state
but not from the uniearned state in model G2. An R may produce learning
from the unlearned étate, but not from the short-term state in both mod-
els. An I may producé forgetting from the short-term state in both
models. |

The othef theoretical formuiation 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 patiern models with those
of stimulus fluctuation models. The synthesized model is called the
N-element pattern fluctuation model. The basic noticon of N-element pat-
tern models is retained: Associaﬁed wifh the stimulus member of each
item are W elements, or patterns of stimulation, distinct from the N
elements associgted 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. VIn 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 R and T. Here the basic notion of

stimylus fluctuation, that the sanples at two points close in time are
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more likely to be similar than are those at two points.farthér'apért'in
time, is substituted for the assumpiion of independent fandom'sampling.
In this case it ié specifically assumed that a'pattern, once sampled;
remains the effective pattern for an item,ﬁntil it is displaced, vwhich
occurs with probability 1-E on each T, st which point & pattern is sam-
pled randomly to replace it. It should be reiterated that the model
assumes N disbinet patterns for each subject-lten.

‘As described above, then, the N-element pattern flﬁctuation model
is quite similar to model G1, for it implies that the superiority of RT
over anticipation ig due entirely to differentisl short-term retention
loéé, here derivable from fluctuation, and that differential placeﬁent

of a T between.ﬁhé two Rs shouid produce no difference in P(C in the

o)
prééent experiment. However, a further extension is offered allowing
conditioning ofJﬁhe‘pattern held to the response given on a T. This'canh
only happen if the pattern held is still in the guessing state. This
lanﬁéxténsion: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 N1, and with this extension
is called N2. Model N2 says that a learning event may occur on a T, but
itJié difficult to Bee intultively what trend it predicts,‘ih the pres-
ent experiment, for P(Cé) 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 N1 and N2 are defined in the axiom system below:

Conditioning Axioms:

Cl. On every itrial, 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 caonditioned
to the response that 1is reinforced on that R, it becomes éonditioned to

_that response with probability C and retains its state of conditioning
with probability 1-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. 1If 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 probabiiity 1-D retains its state of conditioning. If
the pattern being held on a T is conditioqed to a response, it retains
its state of conditioning.

Ch. 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:

S1. 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 1-H the pattern held is lost, and a new sample is drawn.

53. 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 1/N.
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Response Axioms:

Rl. On a T, if the pattern heidyié conditidnedltd a.regponse, that
response is'given;

R2. On a T, if the pattern held is in the guessing state, the sub-
Jject guesseé.among the various résponse alternatives. If there éfe f
equiprcobable response altefnéfivés, the probability of gueésing éof;
rectly is g =.l/ra

‘The values of G, D, H, and N in the axioms ébo#é-are assumed . to
be constant over trials. The values of C and H are assumed to be in the
open interval (0, 1), and the value of N is assumed to be an integer
greater than one.

Models N1 and N2 differ oniy in their assumptions about D. In N1,
D is aésumed equai to'O,.Whereas in G2, D is a parsmeter whose valuelis'
free to vary in the open intervél.(o, 1).

..Intﬁitively, then, these models differ in that a T can pfoduce‘ﬁo
ieéfniﬂg in model ﬁl, and cén produce learning of the rééponse made in
model NE; An R can producé learning of the réinforced respdnse in bofh
models. An I caﬁ'prdduce short-term retention.loss in both models.

In: sum, models GL and G2 gre L-S models, whereas N1 and N2 are stim-
wlus sampling models. Models Gl and N1 assume that all learning takes
Plce on Rs, s0 thatl differéﬁces arige in comparisons between RT and
anticipation because of differential short-terﬁ retention loss, but the

value of P(C should not vary with differential placement of the T

o)
between the two Rs in the present experiment. Models G2 and N2 assume

that some learning can take place on Ts, g0 that differences between RT

and anticipation methods exist aside from short-term effects, and thus
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the the value of P(C should vary with differential placement of the

o)
T between two Rs in the present experiment.

Tt is now possible to derive expreséions for P(CB) in each of the
four models, qonsidering each as a branching process (ef. Atkinson &
Estes, 1963) and weighting the probabilities of resgponding correctly in

ezch state by the probability of ending up in that state on ¥ It is

X
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(C denotes the probsbility of being correct on the final

o)
test in either case.
In Whai foliows, the convention is that 1 denotes thé mumber of I
trials between the first R and the first T for RTIRT items, j denotes the
number of Is between the first T and second R for RIRT 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 andrRRT items was
always 10 in this experiment; however, the derivation is for an arbitrary
interval, £ items. Below are the expressions for P(CE) on RTRT and RRT
items for each of the four models in terms of the notation introduced

above:

Model gg:

#(1-0)c+ (- o)E + (1 - m)ell

i+j(

Il
Q

RTRT: P(C,)

H 1 - c)c(l - g)(1 - Hﬂ)

1l
2

+(1-0)c+ (1- o) + (1 - 1)l
F5(1 - o)e(1 - e)(1 - ®)

'RRI: P(Ce)
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Model G2

RTRT : P(CE) = 51 - 0)%(n(1 - E( - g)
z - S5 - e - D)2 - @)L - 1)
£ 0+ (1- 0+ (1- e+ (2 - 1Dl
RRT: P(C2) =C+ (1-0){c+(1- c)[H’g + (1 - H'e)g]]
- #(1 - o)e(1 - g)(1 - T
Model Nl: .
RIRD: P(C,) = E- Lol - g) B 'l - o B - 8
el - oo+ E Sy g
& 2 N2 g
RRT:  P(C,) = mo(1 - g) & 228 Lot - c%ﬂ:] é-l%}]
4 o s - o B e E - e
3 | g ) i .Ng
Model. N2:. _ o
RTRT: P(C,) = Hi+‘j[0(l )——-— efry - o NN + CD Nl'é) 1 - §+ D %%l]]
+Hc(1_g)cn [H(N-l)+1
e
- we(1 - g)(1 - -I%)D %[ﬁ:(m S 1)+ 1]
. ‘ N o
£ N-1 N-1 N-1 Cyq ., 2 G
+ (1= g)[H [T - C-];-g" - D=N““ (1 —ﬁ)] +'"I\?r"l'\}_2 :
1 C I
- D=(1-=)+
D
RRT: P(Ce) = Hk[c (1 - g) ——~ [Hz[l - c N + CD (N"l) } -"C ‘ D-l%i]]
s N N
£ W-1 N-1, .2 ¢C
4 C(Ll - )[H[ - C===] S -2 T+
& e - €
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By consideration of the behavior of the above expressions when 1,

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

RTRT and RRT expressions for P(CE) when k' for the RERT eqguals i + j in

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

this experiment:

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

val, i, 1s increased, then

(=1

b.

C.

models Gl and N1 predict that P(Ce) is constant,
model G2 predicts that P(ce) decreases exponentially,:

model N2 predicts that P(CE) "decreases almost linearly.

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

with the RIRT items for which i + j = k, then

=1

b.

models Gl and N1 predict that P(C

2) is the same for all,

model G2 predicts that P(Ce) is lower in RRT than for any
placement of the T in RTRT, i.e., that a T in the E-R inter-
val increazses P(Cz) regardless of its placement.

model N2 predicts that P(C is higher in RRT than for

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

interval decreases P(CE) regardless of its placement.

3. If.the R~T interval, i, 1s kept constant, and the T-R interval,

J, 1is increased, then

a. modeis Gl and G2 predict an exponential increase in P(02)5

b.

model NI predicts that
(i) if the final R-T interval, £; is above a certain

poiﬁt, P(C increases exponentially,

o)
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- (ii) if the final B-T intervél;'ﬂ, is below that certain
o point, P(ng aécréasés exponentiélly;
c.. model N2 predicts that |
(1) if the finai R-T interval, £, is above z certain
.point,' P(CE) increﬁses exponentially,
(ii) if the final R-T interval, £, is below that certain
 point,
(a) if the initial BT interval;ii, is above a
certain point;, P(GE) iﬁcreases exponentially,
(1) i the initial R-T'intervai,’i, is below that
point, P(Cé) 'deéréas_es e;cponéntié,llyo

If the T-R interval, Jj, is kept constant, and the R-T interval,

i, is increased, then

e. model GL preaicts an exponenfial increase in P(Cg);
b. model G2 predicts that | |
t (:L) if +the T-R intei'val, js is above a certain point,
P(CE) decreases exponentially,
(i1} if the T-R interQal, 3, is below that point, P(CE)
o increéses exponentiallys | ' o
c. model NL predicts fhaf
o (1) if the final RQT interval, E;'is_abdvé a certain
point, P( CE) deéreasés exponen‘t“ially,‘ |
(11) if the Final B-T imtervel, £, is below that cerbain

point, P(CE) increases exponentially;
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d. model N2 predicts that
(i)ﬁ_if_the final R-T interval, ﬂ,_is aﬁéve a certain
| point;
(a) if the T-R interval, j, 1s above a certain

point, P(¢ decreases exponentially,

o)
(b) if the T-R interval, i, is below that certain
point, P(CE) increéses_exponentially,
(ii) if the final R-T interval, £, is below that point,
| P(CE) decreases exponeﬁtially.
5; Iﬁ RRT items, if the.R—R interval, k, is increased,
| af models.Gl.and Ga_pfedict that P(CQ) increases exponentiszlly,
b. models Nl aﬁd NE predict that
| (i) 4if the final R-T interval, £, is sbove a certain
point, P(Cg) iﬁcreases exponentialiy,
(ii) if the final.R—T interval, £, is beiow that certain
point, P(Ce) deéreases eﬁponentially.

Several comments about_this rather lengthy compendium of predictions
are in order. First of all, tﬂe models make quite different predicti;)ns°
It should be noted that in the experiment aescfibed in this paper, the
final R-T interval, £, is set at the rather high value of 10, and thus
' where predictions for models N1 and W2 are.conditioned on high or low
falues of 4, oniy the predictions for high values of £ are relevant., Only
in the N-element pattern fluctuation models N1 znd N2 does it make a dif-
ference whether £ is large or smail. A study by Peterson, Hillner, and
Seltzman (1962) is, to the investigator’'s knowledge, the only one suitable
fér testing Whefher 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 tﬁus ‘the N-element patftern fluc-
tuation models geem to do a slightly better job in a situation where
their predictions are different from those made by the I-35 models G1
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 gquite 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 studenfs whose native language
was English. Each was pald $2.00 for his participation. One subjéct had
to he feplaced.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, 8, or W, the second letter was C, G, K, N,
R, V, or Z, and the third letter was B, F, J, M, @, T, or X. There are
294 (6 X 7 X 7) such trigrams, and these formed the stimulus pocl. The

responses were the ten digits 0 - 9.

QOrder 9{ 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 trials, two Rs and two Ts in the sequence RTRT.
When applied to R, a subécript indicates which of thekkwo 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. Thue, in
.terms of this notation, the sequence of events on RTRT items was
R,-T -R Tg’ and on RRT items was R R T

17172 1
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The experimentazl variables were the number of Is between Rl and Tl

and between T. and 32 for the RTRT items and the number of Is between R

1 1

and R2 on RRT items. On all these items, 10 Is intervened between R2

and the T2° An RTRT item is said to be of type i/j if it had i Is be-

tween Rl and Tl and j Is between Tl and 32

type k if it had k Is between R, and R,. Thus, an RTRT item of type i/3

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

;5 an RRT item is said fo be of

and RE if i+ J+1=%k, but the same number of Is between Rl and Rg

ir 1+ J=%k. This is because one of the i + g+ 1 trials between Rl

and RE on an.RTRT itém,of'type i/j was Ti Oh that very same item.

' For each subject, six it?ms, one each of types 1/5, 5/1, 2/8, 8/2,
L/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 reﬁder'the other items free of possible short-lived
warm-up effects. Responses to induction items were not analyzed. The
remaining 14 of the 150 items referred to above were the source §f the
data this experiment was desigﬁed to generate; they are called critical
items in what fodlows. OF the 1k critical items for each subject, 52
wefe RRT items, two each of types 0-3 and 12-17 and four each of types
L-=11. "The remaining 92 critical items for each subject were RTRT items,
two of each of the 46 types indicated in Table 1.

The mrrangement of Table 1 illustrates some of the kinds of compar-
isone this experiment allowed between different item types. Among the
ﬁ6 RTRT item types, all those in any column had the same value of 1 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

RIRT Item Types

(an x in cell i, j signifies inclusion of item type i

in the design)

T -R, Int. .
1L ‘ R.-T. Tnt. (i)
. 11 ‘
(3)
0 1 2 3 L 5 6 T 8 10
o] X b4 X x X X X
1 X X x x x X x x x
P % X x x X X
5 .
I X X x x x x
5 i X
6 x X | x x % X
T x
8 x X x x X X
9 X
!
10 box




diagonal had the same value of 1 + J with different distributions of
the total between i and j. IFach RTRT itém.éerved in at least two of
these types.of comparisons. For any diagonal, where 1 +‘j ié constant,
the RRT item fypes where k =i + j and rk =1+ j+ 1 form the basis
for comparison of the effect of a T in.fhé R=R intérval. . The 18 RRT item
types also allowed & comparison of P(Cg) for different values of k.

A_uniqué order of presentation of trials was prepared for each suﬁ-
ject. Hach 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 iteﬁs, 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 ﬁas accompliéhéd for each of fhe 100 subjects with
the aid of én IBM 7090 computer program. |

The first job of the program was to allocate evenis td the trials of
thé experiﬁent. For instance the event assigned to trisl 507-might be Ré
on the second of ﬁhé two items of type T/l. Né actual stimuli and .
respoﬁses.were assigned at this.point, tﬁough. The ;llocation of events
was done as follows: The.program made, separately for each subject, ar
random ordering of the six induction itéms, and followed it with.a ranaom
ordering of thé 14l critical items, making an drdériﬁg of all 150 items
in which all induction items preceded all cfitical items. It then.
scanﬁed the order of trial numbers, attempting to inseft each item in |
turn és early in thé'order és possible. .For an RTRT item ofxfype i/j,'it
found the lowest trial number x such that triasl numbers x, i + i+ l;
x,+.i+4;j++f§, and ? + 1+ j + 13 had had no events yet aésigned to them,

and then asslgned Rl onr that item to trial number x, T. to trial number

1
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x+1i+ 1, R2 to trial number x + 1 + j + 2, and T, to trial number

2
x+ 1+ J+ 135, For an RRT item of type k, il found the lowest trial

number x such that trial nuombers 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 T2 to trial number

x + k + 12. The 548 trials eaéh 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 }éﬁ& trial the subject had to have, but in all
-cases, some of the trilal numbers lower than this, i.e., where the subjéct
spould have a trial on some item,.still'had no event assigned thém and
had to have "filler" items assigned. The program searched for the first

such "unoceupied” trial number and assigned to it R, for a filler item.

17

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

that 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 Rl’ it tentatively assigned

Tl 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

R2 on that item to that trial number, skipped eight trial numbers and

assigned T2 on that trial to the next unoccupiled trial ﬁumber, thus
simutating 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 ﬁrial number T2, thus again simulating an RRT item. In

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

betﬁeen.Rl aﬁd Tl’ 1-7 Is between Tl and RB’ apd eight or mgre Is between
.28



Eg and T2° If that was impossible, an RRT item with one or moreJIs
between Ri and R2 and eight or more Is between R2 and T2 wWas created.
The program repeated the process of creating filler items until.events
had beeﬁ assigned to all trial numbers before that of the iast trial.
Thus, the order for a subject consisted of the sequence of events from
the first trial through the last trial. For = particular subject, say
#10, the order might stipulate tha@ trial 30% would. be R2 Tor the Tirst

of his two 8/4 items, trial 402 would be T, for the 1lth filler item, etc.

2
Cf course, some filler items might not have had all their trials by the
time of the last trisl, but this is of no moment, for filler items have
not been subjected to analysis. |

In generating the 160 orders used.in this experiment, the program
took from 598 to 652-trials, with a mean of 6159Ai and a standard devia-
tion of T.Bl,land used Trom 17 to 27 filler items, with a mean of 21.9Q
and a standard deviatidn of 2.2k4.

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. llowever, it is not clear that all featurés of the or&ers were
entirely random, for vagaries of the algorithm_uséd and the particular
item tyﬁes reﬁuired might poésibly 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'reflecﬁed‘bids were.tabu-
lated. The means and standard deviations of the folloﬁing statistics for
each item type are found in Appendix A: the mean of the ordinal pbéitions

among the M4 critical items of R, 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 TE’ Just
‘prior to the presentation of T2; the proportion of Is between the events

of the item, i.e., in the Rl—Tl’ T RE’ and R2—T2 intervals for RTRT

|-

items and in the Rl-R and 32-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 héve been non—systeﬁatic and
about at the expected chance level. The means aﬁd standard deviations of
other statistics of this sort of pérhaps less interest were aléo tabulated
and the results similarly revealed no potential sources of bias. ThuS;
insofar as is-known, all variableé which might conceivably have caused
hiases in.the résults through artifacts confounded with item iype were
constant on the average across the different item types.

 Stimuli and responses were then assigned to each item in eéch sub-
ject's order by computer. The program selected at random the proper
number of the 29% stimulus trigrams (150 plus the number of filler items)
for each subject and assigned them at random to the different itemé. It
the number of items called for by a subject's order was divisible evenly
by 10, the 10 responses were used equglly often for his order. If the
nﬁmber of items left a remainder N vhen divided by 10, N of the 10
responses were selected randomly to be used once more than the other lO-N;

The responses were then assigned randomly to the different items.

Experimental Apparatus

The apparatus used was the verbal assoclative learning appafatus 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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wes for the subject. The capabilities of'thé apparéfus which aliqwéd the
experiment to be éxecuted in the fashion described below, as ﬁell as the
other features of thg apparatus itself, arehdescribed elsewhere (Izawa,
1966; Yellott, 1965). |

- The subject's room was a sound- deadened, alr—coﬁdltlaned room, kept
at 70°F. for this experiment. - It contained only stimulus display and
response apparatus. On a table in front of the subjectis chair was a
response panel witﬁ a column of 10 response keys numbered 0 to 9 froﬁ the
bottom irn ascending order. These coﬁld be illuminated_individually. On
a second.table 5.5 feet away from the subject were two stiﬁulus display
boxes,_one on top of the other. The front of eaqh box was a 2 in. X 12 in.
display Window:in_each of which up to eight aiphanumeric charécters could

be displayed.

Procédure
The procedure was identical for ail subjects. ‘The subject was
usheréd into the subject?s room and then reéd the following instructions,
with the expefimenter 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 Pa. D. dissertation in psy-
ckology. This experiment is sponsored by the National Institutes of
Health in an effort to reach a better understanding of humasn memory,
and in it I am specifically interested in how well people can learn
to assoclate groups of letters with numbers when they are not given
very much practice.

It works like this: Using automatic eguipment 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 T call a trigram, in the left hand part of the lower
screen and a number from O to @ 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
Strigram; 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 & response; therefore, you must guess if
you camnnct recall the correct number. When you make your response,
the lighkt on the button you pressed, which may or may not be the
correct one, will go on for a few moments. The eguipment 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 any one trigram. That is because you will enly see it three or
four times. You will get precisely two learning trials on each
trigram-number association. There may or 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.
8o 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. OCf course,
between presentations of one trigram-number pair, there will be
. presentations of other pairs, sc 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 & short practice list, using the pairs FGH - 1 and NCD - 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 1s 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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1711 keep an eye on your progress through the window from the next

room from time to time. We'll begin in jusi a moment, as soon as

I get The machine going. Good luck.

The experimenter left the room and initiated the experiment. The
experimental trials followed according to the order programmned for that
subject;_

On both practice énd regﬁlar experimental trials; the same procedure
was followed. If a triai wasg an R, the stiﬁulus trigram and respoﬁse
member éppeared simultaneously on the lower screen; thé former in the
first three positions and the latter in the last (eighth) ﬁosition,‘fof
one secoﬁd,.followed by an intertrial ihtérval of épproximately three
seconds_befofe the onset of the next Trial. A T.consisted of the appear-
ance of the trigram aione in the first three positicns of the upper
screen for one sccond. However, thé subject hadras ﬁuch-time as desirea
to respond, which hé did by pressing the bufton on the responée panel on
which the désired response was written. fhé button pressed lighted for
a second; then there was a three second inﬁerﬁfial interval before the
next triai, during ﬁhich tiﬁe.the response made and its latency from the
onset of the T-were recorded automatically.by equipment in the experi-
ﬁenter"s roon. Thé experiment continued in this fashion until all the
programmed trials had been run, a procéss which took approximétely i-

1-1/4 nours.
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Chapter 4

Empiricel Results

At this point it is necessary to introduce the following notation,
which is used in the remainder of this paper; P denotes the theoretiecal
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 W the event of giving a wrong response,

A subsecript applied to C or W denoteo the T to which the lefter refers,
Thug, for instance, P(CE) denotes the probability (or proportion) of
for any item, and P(C

correct responses on T WE) denotes the probabil-

2 1’

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

and a wrong response on T. for an RIRT item type.

2
In what follows, much use is made of the Xg test. This test
~assumes indopendence of the observations, which in this case means
independence of subject-item protocols. 8Since each subject contributes
more than one subject-item protocol, this condition oannot be.met strictly
unless there are no differences between subjects or between stimuli.
Individual differences in learning tasks are usual, and therefore it
would be doubtful 1f the assumption of subject-item indeﬁendence were
strietly justified here. Thus the hypothesis tested by many of the X2
tests in this paper is compound, including along with the hypothesis
stated the hypotheses of subject and sfimulus 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 ofhers, X2 tests of subject-and stimﬁli homogéneifj Wefe
performed. The firsf was a 2 X 100 contingency test comparing the over-
all proportions of correct responses on critical items for the 100 sub-

2 2182.85 on 99 degrees of freedom, equivalent to

jects; it yielded X
a standard normal deviate of approximately 52.03, which exceeds all
tabied levels of significance. The second was a 2 X 204 cdntingency
test comparing fhe overall proportions of correct responses to each.of
thé 2gh different stimuli uéed,.yielding X2 = T76.38  on 293 degrees
of freedom, equivalent to a standard normal deviate of apprbximately
l5717’ which again exceedsrall tabled levels of sigﬁificanée. The hiéh
significance of the tests for heterogeneity is not surprising, for these
tests are quite sensitive ﬁo small differences whenever, as here, a
lérge number of-cases is involved. -

| The basic empirical results are giﬁen in Table 2f The unconditibnal
proportions of.correct respounses on each of the two Ts and the propoftions
of éubject-item 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(Cg). The number of observations on which the proportions are
based is 200, except for RRT item types L-11, for which it is 400.

One factor that might have complicsted the results deserves mention

at this point. .There might have been "léarning-to-learn" effects, i.e.,
increases over time in therpfobability.of a correct responée,.which'were
differential for the different item,types; Since the position of item
types in the experimental orders seemed random sccording tc the results
tabled in Appendix A, however, such.differential learning-to-learn

effects are unlikely. 35



Table 2 P

Obgerved Proportions of Cofrect Responses Per Teg®& for All Ttem Types and .
Joint Proportions of Correct-and Incorrect Responses for RTRT Item Types

Item i o '
Type  P(C)) P(c,)  B(C,C,)  P(CLW,)  P(W,C.) L B(W W)
- 970 .880 450 415 465 .0%0 . 050
0/1 855 5350 480 375 055 .090
0/2 .850 . 5450 .500 .350 .045 .105
o/4 .910 .5400 . .530 .380 .010 .080
0/6 .885 . 5000 L0 .45 .030 .085
0/8 .900 4800 ks 455 035 .065
0/10 .905 4300 2415 490 .015 .080
1/0 .570 L5500 L5T0 .200 .180 .250
1/1 .585 . 5350 375 .210 .160. 255
1/2 .505 L5200 .3k4s5 .160 175 320
1/3 640 J5300 koo .250 .130 230
1/k 575 . 5200 - .395 .180 . L125. 300
1/5 .610 . 5200 » 395 .215 .125 265
1/6 .625 .5250 L5 .210 L1100 .265
1/7 .600 »5100 +390 .210 .120 .280
1/8 .615 5500 - Lb2o .195 - .1%0 . .255.
1/9 .605 . 5000 . 380 .225 .120 275
270 R L4750 - 325 - L,130 © 150 . .395
2/1 .hos . 1950 .310 .185 .185 .320
2/2 . 500 .5150 .350 A .150 165 535
2/4 k70 .5450 . 360 .110 .185 345
2/6 460 L5450 - 345 115,200 340
2/8 .515 4900 .3%5 .180 155 .330
3/1 440 .5%00 .315 .125 . ,215 _ . 345
L/o 410 .5500 .310 .100 .240 . 350
L/1 L1400 L5750 325 075 250 . .350
h/2 JLes .5150 .330 .095 .185 . .390
4/4 .375 . .5350° 315 ~.060 .220 LLos
L/6 430 . 5500 345 .085 .205 .365
4/8 .bos L4800 ..255 150 .225 .370
5/1 2380 . 5400 .285 .095 .255 .365
6/0 .335  .5050 . .220 .115 285 . %80
6/1 . 400 . 5250 .320 .080 .205 395
6/2 425 L5600 - 335 .090 225 350
6/ 4 430 .5650 335 .095 .230 340
6/6 Lho 5500 335 . .105 .215 o W3Bhs
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)

Ttem ‘ :
Type P(Cl) P(Ce) P(Cl,02) P(Cl,Wé) P(Wl,CE} R(wl,we)
870 . 360 .5400 290 070 .250 - L3390
8/1 340 .5150 .265 .075 .250 b0
8/2 .325 . 5200 .290 .035 L2730 ks
8/h 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 - .255 500
10/0 10 L4700 270 .140 .200 .390
0 - 4100 - - -- S
1 -- 50 - -- -- -
2 - 450 - -- -- --
3 -- L4850 - - - --
Ly -- 750 -- - -- -
5 - .5100 _— - - -
6 -- 4675 -- - -- -
7 - - 5150 -- -- -- --
8 - Jhoss -- -- .- -
9 ~— L4800 -- -- - --
10 - L4900 - -- -- --
11 -- . 5000 -- - -- --
12 -- L4650 - -- .- -
13 - L4200 - -- - --
1i -- L4950 -- -- - -
15 -- .h2s50 - -- - --
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(C as a function of i, Of course, if

l) .
the experimental design waé 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'experimén-
tal order introduced some bias in the kinds of events occurring before

the first T for items with different T-R intervals, P(C ) should be

1
constant, on the average, over item types with the same i and different
J. A XE test was run for each group of two or mS?e item types with
tﬁe'same value of 1 and different values of j. ®Since these tests were
independent, the X° values Were.pooled to yield = .Xg value which
reflected the degree to which P(Cl) was or was not constant over jifor
fixed 1. The value was XE - 28.15 on 35 degrees of freedom, equivalent
to a standard normal deviate of -.81, ﬁhich is at the .71l point of the
distributior. Thus, there is no evidence te reject the hypothesis that
P(Cl) was independent of Jj. This is one more bit of data sﬁpporting the
notion that the order—generating algoritﬁms did indeed produce sequences
in which everything not of direct interest operated about equally on
items of different types.

Therefofe, it was possible to.pbol all the estimates of P(Cl) for
each value of 1i; the pooled values are given in Table 3, togethér 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 bebtween .3
and k4. Several features of this function are worthy of further note.
First of ali, P(Cl) is not unity at 1 = 0. This means that the data
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Table 3

Empirical Short Term Memory Function

S T
o 1400 .88357
1 2000 59300
2 1200 48250
3 200 44000
L 1200 40750
5 200 . 38000
6 1200 Aob1y
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
gssume 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 correét recall Trom short- or long-
" term memory is unity. Such a model predicts P(Cl) =1 fori=0. In
order to fit these data, a ﬁodel would have.to allow for a decay from
short-term memory over time, not Jjust trials, non~perféct 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(CE)
for RRT items to k, the R-R interval, included in the latfter part of
Table 2. Tt can be seen that as k increases, P(CE) riées 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 P(Cg) 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, invoiving only one point, was not significant. At a giénce5 it
is not absolutely clear that the overall trend here was indeed a rise and
.then 2 decline in P(Cg) 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.



Fortunately a statistical devicewexists to determine whether or not
the hypothesized concave downward curvature of the plot of P(CE) as. a
function of k did exist to a significant degree. Since this device is
used much in the rest of this paper, and since it has.been neglected in
the psychological literature, it is developed in some detail here. One
of the best derivations of the result is in the works of Neyman (1949).
Suppose it is desired to fit a mathematical model to a series of empiri-
cal proportions, Pys p2, Pee g pn. There is a vector of the theoretical
parameters of the model (91, 92, ces QS ;s where s <n, such that
the model predicts each of. the proportions as a fungtion of this vector

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

. . - ox .
(81, e Gq) are still theoretical parameters, but 9q+l 9q+1’“’ ,
88 = S:, where 9;+l’ o v ’.92 are constants or functiong of (61, e

Qq). The result is that if the values of .(91, - ,Gs) are found
which minimize the frequency XE function for the full model, yielding

a minimm of X= , and if the values of (91, cee s Qq)_ are found

which minimize the frequency X2 Function for the special case, yield-

2

ing & minimm of X°> , then Xi_ - X has the X° aistribution on

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

£it from allowing 9q+ ves Gs to vary freely is due merely to

i’
capitalizing on chance. ZIf that hypothesis is: accepted, nothing is

gained by allowing 6 eea Bs to vary freely, and they might as

g+’

well be left at their-é priori values . 9§+l’ cee 9:. Neyman (1943)

uses this procedure in giving a fundamental derivation of the XE test,
In the present case, the application of this result i1s direct and

can serve ag an example. There are 18 independent proportions, one
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estimate of P(C2) for each of the 18 values of k. It is possible to
fit a constant.function, a linear function,'and a guadratic funetion of

k to these points. All three of these functions are of the form P(C,)
:.A + Bk + Ckg. 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 O;

in the constant function, only A is free to vary, while B and C are both
set at 0. The minimum X2 estimation here and in all other uses in this
investigation was sccomplished with a computer program based on oscilla-
tion search of the parameter space for the minimizing values (Chandler,
1965). The fit of a constant yielded X2 = 16.98 on 17 degrees of free-
dom, which is quite satisfactory. The stréight line fit yielded X2 =
16.93 on 16 degrees of freedom, yielding a %% 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

monotonic relationship between P(C.) and k. The bestrfitting guadratic

2
function, however, yielded a %Z  of 8.66 on 15 degrees of freedom, which
is a far bettef fit. The XB for the difference betweer the gbrailght
line and gquadratic 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(Cg) up to a maximum and then a decling is
highly significant. This'conclusioﬁ has an important conseguence: 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(C.) should

o)

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

guestion is how this quaﬁtity compares to P(C on the RRT item types

o)

‘which serve as the basis of comparison for the effect of T As men-

1
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. 1In fhis case, tﬁé same nﬁmber
of Is interfered between fhe two Rs, but the.RRT item had one fewer
trial, in total, between the two R trials, Tor one of the i + j + 1
trials between the two R trials in the RTRT item was a2 T. The other
appropriate comparison may be called the "time control,” the ERT item
type_for which.k, the R-R interval, egualed 1 + j + 1. In this case,:
the total number of trials intervening beiween 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 1 + used in the RTRT items, Table hllists the

values of P(CE)’ pocled over all placements of T. between Rl and RE’

1
and values of P(CE) for the appropriate interference and time control
RRT item types. Since for both comparisdns,'RTRT was always superior‘fo
RRT, these results seem to indicste that test trials do facilitate sub-
sequent recall, though the magnitude of the effecﬁ is small. To confirm
this conclusion, a X2 contingency test, on 1 degree of freedom, was
rerformed for each value of 1 + j, for bcoth time and interference con-
trols. For time and interference controls separately, these Xg's were
independent and all reflected a superiority of RTRT over RRT; thus in

each case the Xg’s could be summed. The. pooled X2 for the
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Table &

Overall Effect of T, on P(Ce)
P o - Difference Difference
-y Values-of P(OE) o Between ~ Between
Y = ' RTRT and RRT RTRT and RRT
RTRT BRT .- RRT (Interference) " (Time)
1+ 3 (Interfer.) (Time) % D N D
0 L4550 L4100 L4450 . 370 .600 0.000  1.000
1 .5425 50 Lhs0 4.690 .030 b, 650 .030
2 .,518% Ll50 4850 2.806 .050 - .540 .520
3 .5075 1850 L4750 .190 L7000 .T720 400
L .53%0 4750 .5100 3.619 .058 .518 .500
5 575 .5100 LBT5 .983 .310 4.806  .030
6 .5208 A6T5 .5150° 3.204  .075  0.000 1.000
7 5250 - .5150 4925 OO 1.000 720 410
8 .5286 L4925 L4800 1.4k 220 2.749 .100
9  .5325 4800 4900  2.001 .150 1.620 .220
“10 L5050 L4800 0 L5000 7 .23 680 .06  1.000
12 .5100 4650 4200 .735 Loo 4,510 .03k
14 .5050 4950 4250 CL1k] .750 3.971 .050
16 .5650 L4600 L4500 _b.oo2 .050 b.8k1 028
g ' ' 2L 061 29,701
2

X® (RIRT-RRT [Interferencel) = 24.461, af = 14, p=~ .04

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

®pooled over all placements of T. in the R-R interval

1
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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 leﬁel;_ This résult éééentially cénfirms the
conjecture of Izawa {1966}, Much of the rest of the pregent paper is
addressed to the question of precisely how the ftest trials do help sub-
seqguent recall.

Part of the answer to this guestion can be found.in consideration

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

This analysis is presented in Fig. 1, for all six wvalues of 1 + J having
more than two different splits of i + } into i and j. For completeness,
P(CE) for the time and interference control RRT item types are indicgﬁedi
As can be seen, thgre is an indication of concave downward curvature,
albeit not always unequivocal, in all the curves but that for i + j = h',
To determine whether the tendéncy toward concave downﬁard;curvature was
significant, minimum 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(CQ) as
2 function of i with i + j fixed. The values of X2 obtaiﬁed, 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 1 + J, and the guadratic fit was significantly better
than the linear fit only in the éése of i+ j = 10. However, the question
remgins whetﬁer the departures from linearity in ghe family Qf curves are,
teken as & 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 Eiot'of P(CE) as a Function of i with i + J Constant

w2 . _ . . 2 ' 2 .
. . X : . ) .
X~ for Fit of Direction. for Fit of X~ for Fit of Iinear - Quadratic Constant - Tinear

= No: Quadratic of Linear Constant 5 =
i + j Poirts Function Curvature Function . Function X P X je)
1 o ’ Cam ‘ 0.000 .Ozi—O - .00 >.50
2 3. 0.000 n 334 : 2.296 L33l >.500 1.962 .16
3 2 - 0.000 159 -- .159 >.50
L 5 .04o u .51 546 4é5 3,500 .032 >.50
5 2 - 0.000 1.003 ~= 1.003 J3L
6 6 .626 N o 1.321 1.339 695 420 018 >.50
7 2 -- ' 0.000" _ 0.000 =~ 0.000 >.50
8 T 709 n - l.812 3.372 1.103 300 1.560 .22
9 2 - o 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 L1600 T >.50
14 2 -

- G,.000 T L.092 - .092 >.50



linear over constant fits, the X% value was 6.43, which on 12 degrees
of freedom is a% the .89 point of the distribution. Thus, as before,
there appears to be no monotoﬁic increasing or decréasing‘trend. In the
case of the superiority of the guadratic over the linear fit, the X2
value was 12.937, which on 6 degrees of freedom is significant at the
.04 level,

The interpretation of thig 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 XE values Tor the differences between quadratic and
linear fits were each on 1 degree bf 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 0. Thus, if the curvatures were all.approximately the Samé, save
for random variation, the square roots of these X2 values, with a plus
sign affixed for those with concave downward curvature and a minﬁs sign
affixed for those with concave upward curvsiure should have been deviates
from a normal population with variance 1. In this case, the variance of
these six values was 1.36, which 4id not differ from 1 significantly
according to an I test on 5 and = degrees of freedom. The next siep 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 1.3%6 for the variance and doing a t test, gave
t = 2.12 on 5 degrees of freedom, which yielded a significance value in

the range (.05, .lO). A more liberal procedure was also applied using
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the theoretical wvariance 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 1T + j fixed, as Tl travels

first

to immediately before Rg; P(Ce)

from immediately after the Rl

rises to a maximum and then btapers off. A liberal statiétiéél*procédure
yielded this result reliably, Wﬁile by.a more conéervative procedure‘if
fell short of conventional leveis of‘éignificance. :The possibility
exists that fhe sﬁapeuéf the fuﬁction of .P(éé) as a fﬁnction of-i with
i-+.j cbﬁstént was‘difféfeﬁt fér different values-of i-+.j. ﬁowevéf,lif
that function was the Same‘fdr'all values of 1 + j and if it was of:a
.simple form, the evidence suggests a concave downward function as the
most likely éandidate.

| As indicated above,.thé désign allowed a compériéon of .P(Oé) With
1 constaﬁt a8 a function.of J and with jlconStant'as é;fuﬁctidﬂ'of i,
These are‘graphed, for all ¢urves with more than oné-point, in Figs. 2
‘.and 3. As beforé, a constant, a linéar funcfion, and a quadratic.func—
ticn were fit fo each curve'by minimum XE. The results, as well as the
appropriate.differencés between them,lare.presented-in Tables é and T..

With i constant, P(C as a function of J tended to be concave down-

o)
ward. The linear fit was in no case significantly better than the con-
gtant fit, and the qﬁadratib'fit'Was significantly better than the
linear_fit only in the case of 1 = 0, though it came guite close to
gignificance in the cases of 1 =2 and 1 = 6. The summed x2 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(CE) as a Function of J with i Constant |

2 2 2 . :
X “Fi i i X Fi X Fi . . : >
for Fit of Direction for Fit of for Fit of Linear - Quadratic Constant - Linear

No. . Quadratic of Linear Constant 5 : : 5

i Points Function Curvature Function Function ® D ® 'p

0 7 2774 n 8.ui2p 10.506 5.648 017 2.08L .150
1 10 1.347 U Cr.heT o 1.837 .080 >.500 L1000 7>».500
2 6 .18k n 2.989 - 3.459 2.805 .095 A70 0 >».500
I 6 2.258 n 2.529 - h.397 .269 ">.500 © 1.870 .165
6 6 .102 n 2.933% 2.934 2.831 <150 .00l  >.500
8 & .135 U

1.670 2.0%b 1.535 .230 366 >.500
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- Table 7

 Curvature of Plot of P(C,) as a Function of 1 with J Constant

X2 for it of Direction X2 for Fit of X2 for Fit of

No. Quadratic of Linear Constant L}pear - andratlc Constant - Linear

j Points _ Function  Curvature _ Function . __ Function X2 B X2 o

0 7 5.582 n 8.715 8.800 3.13% .08 .085 >.50
1 10 2.640 n 3,017 3,109 _ R Ti >.50 .092 >.50
2 6 - 1.386 U 1.416 l.he1 .030 >.50 .005 " >.50
L 6 1.259 n 1.883 - 1.986 . L6201 Chh L1033 (.50
6 6 .055 n 1.260 1.557 1.205 27 .297  1>.50
8 6 3.126 8] L.377 5.470 1.251 .25 1.093 .29



was no monotonic increasing or decreasing trend. However, the summed
X2 value for the superiority of quadratic over lineaxr 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 1 = 8, so that the same device of taking signed sguare roots of the
individual XE values was used with a plus sign for concave downward
curvature and a minus for concave upward curvature. These values had =
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 « degrees of freedom and
yvielded a value approximately at the .1 point of the distribution.
Again, the conservative 1 test was run, using the observed value for the
variance, and getting t = 1.431, which is.in.the range (.10, .20) on the
t distribution. The more liberal critical ratlo, 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. TFor precisely the
same reasons outlined above for the case of P(Ce) as a function of i

with i + j constant, if P(C as a function of j with i constant was

o)
- 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 X2 for
the superiority of linear over constant fits was insignificant, x° = 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
increasing or decreasing trends. The summed X2 value for the superior-
ity of the quadratic over the linear fits was 6.62, which on 6 degrees of

freedom falls at the .56 point of the distribution, So there was no

S



evidence for a concave upward or dowaward trend_eitheri_though it is
hard to believe that P(CE) was constant as a function of i when j was
constant; rather, Whatever.other function it ﬁés seems a bit‘tpo subtle
for these methods to pick up.

These results, about the behavior of P(Cg) as a function of i when
i+ j is held constant, as a function of j when i is held consﬁant, and
as a function of-i when j is held constant pose a problem.for all models
which might hope to:gccoqnt for these data. TIf the hypothesis that P(CE)
was constant for all values of 1 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 pf_these relationships
:.is ﬁonotOQically increasing or decreasing. However, the modgls detailed
_.in Chapter. 2 all imply monotonic increasing or decreasing relationships,
if Pccg)urvaries 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 experimeﬁt without contradic-
ting previously established results, a model should predict the concave
downward curvature of the plot of P(CE) as a function of i with i + j
constant without calling for aﬁ increased stereotypy of incorrect responses
or an increase of probability of correct responding over two successive Ts.
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:

1. The plot of P(C,) as a function of i, the'31~Tl interval, was

of the standard form, beginning at about .9 for i = O and drop-

ping approximately geometrically to an asymptote in the interval
(.3, .b).

2. The plot of P(c2) as a function of k, the'Rl-Ré interval, for

RRT items rose to a maximum with k in fhe range of 5 to 7 and
then tapered off. This concave downward curvature was significant.

'%. The overall effect of T, in RTRT items was to increase P(Ce)

slightly but consistently over 'P(Ce) in appropriate RRT compar-
ison items. - ‘

k. The plot of P(C,) asa function of i, the R -T, interval, with

i + 3, the R,-R, interval, held constant was most likely concave

downward if it was indeed simple and consistent across different

values of 1 + jJ.
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Chapter 5

A New Model and Its Application

In the last chapter, it was shown that there are two major aspeets

of the data from the present experiment which cannot be accounted for by .
any of the models Tormulated in Chapter 2:

- 1. P(Cg) Tor RRT item types was a concave downward function of k.

2. ,P(Cg) for RTRT item types was higher than for the appropriate

compariscon RRT item types. A% the same time, statistical anal- .

ysis of the plots of P(C as a function of i with i1 + J con-

o)
stant revealed no significant linear trends, but some evidence
of concave Gownward curvature.

In addition, the fact that P(Cl} was markedly below unity at i = G,

while hardly a major finding, 1s incompatible with models Gl and G2,

Aspect 1 of the data could perhaps be derived‘from models ¢l and G2
with the additional provision of forgetting from long-term memory with &
very small probability. It could not be derived from NI or N2, however,
without some fundamgntal addition to the bhasic notions of gtimnius sam-
pling theory, as, for example, a provision for conditioned elements to
revert t6 the guessing state, either spontanecusly or thrbugh interfer-
ence from other items.

Aspect 2 of the data is more troublesome for these models. The
evidence 1s clear that the inclusion of a T in the R-R interval in-

creased P{C In Chapter U4, it was established that the increase in

2)°
P(CE) occasioned by the inclusion of a T in the R-R interval was not
maximal for placement of the T at either end of the R-R interval; there
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was some evidence that the shape of the function relating P(C to i

)
with i + } constant was concave downward. There seems to be no simple
manner in which the models in Chapter 2 can be modified to account for
aspect 2. Both these aspects can be accounted for in the model discussed
below, however. That model is basically an L-3 model, but in place of
the usual single short-term state, it has two short-term states, the
"immediate™ and the "delayed" short-term states, each with its own prop-

erties. That model also allows P(C.) +to be lower than unity at i = 0

1
by providing a non-zero probability of going neither into long- nor into
short-term memory on an R.

The following model, called the iﬁnneaiate-delayed (I-D) model in the
remainder of the paper, is presented initially with eleven parameters in
order to be as general as may he necessary. A discussion of reducing the

number oi parameters is postponed until after the model is presented.

The following are the states of the model:

L = - learned state;
SI - immediate short-term state;
SD - delayed short-term state in which the response on a T is

C always correct;

SD - delayed short-term state in which the subject guesses on
g aT; : :

UF - unlearned familiarized state;

UN - unlearned novel state.
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The probability of a correct response in the six states can be represented

by the vector

L 1

SI 1

8 1
DC

P = SD g
g

UF g

UN g

The effect of an R on trial n can be represgented by the transition matrix

n+l ' I D b F

N
nrl Crrl i1 i whl
L 1 0 0 0 0 0
Il
5. 0 1 0 0 o} 0
I
S B {(1-&) 0 0 0 0
D .
C
R = n 3
Sy E (1-E) 0 0 0 0
gn
UFn C R, (1-02)R2 0 0 (1-»32) 0
UNn C;Ry __(lfcl)Rl 0 0 (l-Rl) .o
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the effect of a T on trial n can be represented by the transition matrix

Unel SIn+1 SDC * IJ-Fn+1 UNn+1
n+l gn+l
L 1 0 0 0 0 0
n
81 0 1 0 o} 0 0
h
Sp D (1-D) 0 0 0 0
C
n
T =
= 0 0 H,B H2(1-B) (1-H2)H5 (1-H2)(1-H5)
g1’1
UF 0 0 0 0 1 0
n
Uy 0 0 o} 0 F {(1-F)
1t

and the effect of an I on trial n can be represented by the transition

matrix.
L g S S U U
n+1 I D D F N
ntl Crel Bnel ntl o+l
L 1 0 0 0 0 0
It
sIn 0 Hy (1-H1)H23 (1-H1)H2(l—B)
. (1-}11)(1-}12)1{3
_ (1_Hl)(1-H2)(1-H5)
sDC 0 0 H,B He(l-B) (1-H2)H5 (1-H2)(1-H3)
I
8y 0 0 H,B H2(l-B) (1~H2)H5 (1-H2)(1-H3)
gn
UFn 0 0 0 0 'HB (1~H3)
U 0 0 0 0 0 1
L
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An item always begins én 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 guessiﬁg parameter; in this case its value
is 1/r, where r is the number of response alternatives.  The values of
the parameters B, C C

D, E, F, E H5’ Rl, R, are assumed to be

12 Cor 17 oo o

constant over trials.

The action of an R can be summarized as follows: An item in the
novel unlaarned state can go into the familiarized unlearned state; if
1t dosg not go into the familiarized unlearned state, it enters elther
the long-term or the immediate short-term state. An item in the famil-
iarized unlearned state can remmsin there; 1f 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 & T, the following is the state of affairs: In either of the
unlearned staﬁes, the correct response is given with probability g. An
item in the novel unlearred state either remains where it 1s 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 1t was in the delayed
ghort-term state and remained there on the last trial. The é’priori

probablility that the item entered the substate SD on entering or remain-
. :

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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gubstate SD is B, and expected proportion in the substate SD is 1-B.
c . : g
The correct response is always glven to an item in state SD., whereas
C

the correct response is given with probability g to an item in state SD
&
An item in state S either is- learned or else enters the immediate short-

Do

term state; an item in state SD undergeoes the same precess that it would

g
undergo if the trial were an I. As on an R, an item in the immediate .

o

. short-term or learned gtate remains there.
The situation on an T 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’
H., and Hz, regpectively. If the item i1s not in state L or staie U

2 N

‘glips down on each I until it finds a closed gete and stays in the state

, it

Just above that gaﬁe.

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-8 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
remeniber or because it is bound to lead to stimulus confusion errors in

the particular experiment.
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In the present model, entry into the immediate short-term state is
interpreted as the initial coding with a bad code. A% this point, the
code is supporting recall guite 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 had code. Since
the subject haé 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 ig necesggary 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 delaye@_
short-term memory state, a search on a T is successful with_probabi;ity
B, in which case the item is said to have been in state SDC° In that
case, the correct response ig given, but the subject knows that he had to
search for that response and 1s thus motivated to recode the item in &
better fashion, i.e., to learn. If the search 1s unsuccessful, the sub-
Jject 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 ; ané the same process occurs that would have
occurred were the trigl 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 dlscussion, two Interpretations emerge of the terms
"immediate” and “"delayed" as applied to the short-term states. TFirst 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 delsyed short-term state.
Secondly, in the lmmediate short-term siate, 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 informel 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. Tgese 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
expesure time was up. Thus, the possibility of falling to code the
response at all and only of familiarizing the stimulus, i.e. of going
into state UF, on an R from either of the unlearned states, is included
in the model.

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 differént apparent learning rates on the first and subsequent
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 aspecis 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 1s in the delayed short-term state is at its
highest value a moderate time after an R. Therefore, the function

relating P(C.) to k for RRT item types has a maximum at some inter-

2
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(C,) for RTRT than for the

)
appropriate comparison RRT item types, because sorme 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-
cregsing P(CE)’ 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 probebility 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 IT-D provides for learning on g T only if the item is in state SDC,
in which case the correct response is always given. For reasonablie’

parameter values and reasonable intervals between events, according to

this model, learning should be unlikely to take place on a T after the
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first of a series, since the probebility 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 probabllity 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 P(Cl), P(CE)’ and the
four Jjoint 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.takeﬁ, by the probabil-
ities that the different paths were taken. Though they are not terribply
Iinstructive, the expressions are presented here fdf compleienesss.

The following definitions must be made first:

Hgl-Hll
(}_-Hl)He —W 3 if H2 ié Hl
AL(1) =« i
1(1-H1)H2 » if Hy = H)
il i-m-1 i-m-n
ZH(l—H) Y H, (1-H,)H , if 1 >0
1 1 2 2773
m=0 _ n=0 _
A2(1i) =
0, ifi=20
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(l H )H H51HH21 . )
H)Es | g , if H, # H5
L 32
Aﬁ(l) - l
1(1-152)1{5 ; Af Hy = Hy
FA(2) = Hf + AL(2)(B + (1-B)g) + (1-Hf-A1(g))g
P2(2) = E + (1-E)FA(g)

P3(g) = C.R, + (1-02)32FA(3) + (1-32)g

Ph(g) = C,Ry + (1-c )R FA(g) + (1-R )e

PL(J,0) = 5, OFAe) + AL(D)P2(s) + A2(3)P3(4) + (1 T-81(3)-h2(3) IPh(2)

P5(3,4) = H53P3(z) * (1—H33)Puu)

.P6(j,£) FP5(3,8) + (1-F)P4(g)

P73, 8)

t

iy (i p2(0) + a3(5)P3(a) + (1-0-83(9))P0(0)]

+ (1-1,) [H;P5(3,0) + (1-1,)Pk(s) ]

P8(1,3,8) = H O P5(3,4) + (1-H, )PE(J,0)

3 5
Expressions for the probabilities are listed below. As before, they
are given in terms of the guantities developed above and the notation

developed in Chapter 2.

RTRT

P(C.) = C.R +'(1_c )R.[H ! 1

R | DR B+ A1(3)(B + (1-B)g) + (11, -a1(1))e) + (1R )e
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P(C,) = CR, + (l-Cl)Rl[HliPl(j:ﬂ) + A;(i)[B(D +_(lfD)Pl(J,ﬂ))
+ (L-B)PT7(J, )] + A2(1)P5(J,8) + (l-HliﬁAl(i)—AE(i))Pé(j,ﬂ)]
+ (l-Rl)PB(i,j,ﬂ)
P(W,5Cp) = (1-C;)Ry (1-g) [AL(4) (L-B)PT(J,2) + A2(1)P5(J,4)
+ (Lo, T-AL(2) -42(1))P6(3, )] + (1-R)) (1-g)BB(1, 4, 0)
P(Cl,CE) = P(C,) -P(W,,C,)
P(W,,W,) = 1-P(C,)-P(W ,C,)
P(cl,we} = 1-P(c2)-P(wl,w2)
RRT
P(CE) = clRl-(l-cl)RlLHlk-FA(z) + AL(k)P2(g) + A2(k)P3(2)
+ (l-Hlkqu(k)-A2(k))P4(g)] + (1-R))P5(k; £)

Predictions for conditiornal probabilities may be obtained in the usual_
ﬁay from those for the joint and unconditionai 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 dats,-
both quantitatively and qualitatively.

Before the model is fitte&'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 éf degrees of freedom in the data.

Also, it is not clear that there is a unidque 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 psrameters might be equated or.
set equal to unity. For these reasons, the most regtricited reasonablie
version of the model was applisd; then the restrictions were removed one
by one, to see 1f the removal of each in turn significantly increased the
goodness of fif. The method outlined in Chapter 4% of using Xzs which
are the differences ‘of the minimum Xes of successive fits was used to
test the hypothesis that freeing of each additional parsmeter did not
improve the fit.

The initial set of restrictions, C, = C

7 X D=E, and B=H, =F =R

3 2
= 1, leaves five parameters free to vary. The restriction B = 1 has the
simplifying effect of eliminating state SD entirely from the model. The
restriction H3.= 1 has the simplifying effect of eliminating F as a
parameter of the model; therefore, the restriction F = 1 has meaning only
iT the restriction H5 = 1 is relaxed.

These restrictions all have interpretations in terms of the coding

notione introduced above. The restriction Cl = (. has the interpretation

2
that the probability of conditioning an unlearned item does not depend on
whether the item is familiarized. "he restriction B = 1 has the interpre-
tation that recall from the delayed short-term state 1is 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-

Jject 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 H, = 1 has the interpretation:

p,

that any item, once familiarized, remsins so.” The restriction F = 1 has
the interpretation that familiarization always takes place on a T} if the
item ig unfamiliarized. Finally, the restriction R2 = 1 has the inter-
pretation that the subject always perceives and codes the response prop-
erly i1f the item is familiarized, presumably because the stimulus does
" not attract his attention unduly.

Further resirictions were rejected after initial consideration. The
restriction Hl = Hg was rejected because preliminary investiga%ion indi-

cated that the fit would be significantly betier if Hl and H2 were al-
lowed to vary independently. In addition, there is wvery little psycho-
logical reason to expect Hl and H2 to e equal. The restriction'cl = 02

=D = FE was rejected because it leads to the prediction that P(CE) as
a function of k in RRT item types 1s a monotonic increasing function of

k; only if E > C. can the obteined concave downward curve be predicted.

1
The data to which the major fit was made were the joint proportions
_ P(Cl,Cé) P(Wl,Ce), P(cl,wz), and P(Wl,WE) for all 46 RTRT item types
and the proportion P(Cg') (and thus also P(W,)) for the 18 RRT item
types. The model was fitted to all of these simultanecusly. 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
' 2

- 2 .
in each successive Tit, the minimum X~ for goodness of £it, the X,

on L degree of freedom, for the difference from the previcus fit, and the
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1.

Table 8

Tests of Goodness of TFit of Special Cases of I-D Model and Gains in Goodness
of Fit Attributable. to Bach Added Parameter

L39670 .22850 *% ,39900 .2536L  .82187 .25960 87010 .50681 @ .86215
.39670 .22850 .22850 .39900 .25361 .92187  .25960 .87010 ko631  .86215 .

* Constrained to be 1.0.
#%*  Constrained to be equal to C, -
#%% Constrained to be equal to D.

Numbker of Goodness of Fit Gain
Parameters X2 daf 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 - 4190
9 146.069 147 1.656 200
10 149,208* 146 - -
11 148,928 145 .280 .620
*Increased over the one above through snomaly of minimization program
'Parametérs
B cl - C, D E - F Hy H2 H5 Rl R, No.
1.00000% 27368 *¥%  ,21304 1.00000% .00000 .69787 1.,00000% 84078 1.00000% 5
CoLheshke 22711 *% 30623 k% 1.00000% 19720 .8%185 1.00000% .86844 1.00000% 6
A30ko 24387 *% 28088 s 1.00000% ,21908 .837LhL 47624k  .86285 1.00000% 7
JA3hk5g 24187 *% 0 ,7%2998 26988 1.00000% ,21908 84081 @ .53624  .86185 1.00000% 8
.39670 .22850 *% 30000 .25%6) .82187 .25960 87010  .50881 .86215 1.00000%

9
.90000 10
11
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significance level of the latter. The second part of that table gives the
veétor of paraméters 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 X2 by more than 100.
Some of the other parameters changed greatly, too; as B dropped, D in-
creased markédly, and H, and H. both increased considerably. Relaxation

1 2

of the restriction that H, = 1 also resulted in a significant reduction of

3

the minimum X2; H, decreased markedly though the other parameters d4id not

ol
change noticeably. Relaxation of the rest of the restrictions 4id not
result in a significantly improved X2; Thus, in the remainder of this
paper, the model thaf ig used to fit data is the T-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 fall§ at the .48 point of the

distribution. This model has free pzrameters B, C, D, E

17 H2, H5’ and R.
C is used to refer to the common value of Cl and Ce, and R is used to
refer to the parameter called Rl above. The parameter E of the full model

is set equal to D and the parameters F and R. of the full meodel are set

2
egqual to unity.

| A technical note on the parameterg in I-D-7 is necessary now. It is
not clear analytieally that there is no other vector of Valpes of the
seven parameters of I-D-T7 which yields the minimum X2 of ik9oh59 with
the same predictions as the vector given in Table 8. However, there 1is
some presumptive evidence to this effect. Hach of the parameters was set
in turn to & value slightly different from that iisted in Table 8 for

I-D-7 and X2 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 rust involve at least two parameters. However, each of
these minimizations yielded a minimum XE value higher than 149.459,
thereby precluding all but some quite bizarre types of dependence. This
@oes not mean that another seven parameter specialization of the full
model might not be equivalent, in the sense of Creeno and Steiner (1964),
to the present I-D-7. Some other reasonable seven parameter specializag-
tions were fitted to the déta, though, in the early stages of the present
investigation, and their fit was poorer than that of the present.special-
. ization.

The parameter values obtained in fitting I-D-T7 to the data are of
congiderable interest, as are the restrictions on the parameters of the
full model -retained in I-D-T. Because the restriction C., = C, was re-

1 2

tained but Rl = R, was not tenable for these data, it secems that the

2
difference between the itwo unlearned states was not in conditicning
probabilities, Tbut rather in probabilities of leaving the uniearned
states, which have the coding interpretation of probabilities of perceiv=-
ing and coding the response term. Retention of the restriction ¥ = 1
indicates that a single T provided a sufficient occasion for familiariza-

tion to occur, but the finding that H, was considerably below unity

3
indicates that familiarization is a transient property. Retention of the
restriction R2 = 1, with Rl remaining below unity, seems to indicate that
in this giudy subjects were always able to perceive and code a response

member paired with a familiarirzed stimulus member, but not a response .

3



member paired with an unfamiliar stimulus member. Retention of the re-
gtriction D = B provides some support for the coding interpretatibn“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 regpond from the delayed short-term state, if one agsumes 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 restfiction C, = C, wasg retained. in fitting the-

1 2

data from the present experiment,; whereas Rl and Rg-turned out to have
greatly different velues, sheds some light on Izawa's (1966) finding of a
difference in apparent conditioning probabilities between the first: and
gubseguent 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 condil-
tioning. If her study were comparable to the present one, on the first
R, the item would have been always in U, whersas on subsequent Rs, the
item, if not in short- or long-term memory, would have been sometimes in
UN and sometimes in UF; thus the item; on subsequent Rs, would have had a
higher asverage response-coding probability than on the first R, but the .
gsame conditioning probability as on the first R.

The fit of I-D-7 to the data is indicated in detail in Appendix B.
The thecretical values there were all yieided 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 ag the values predicted by I-D-7, are presented Tor
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each proportion listed. Table Bl of Appendix B presents the short-term

curve, P(C as a function of i, found also in Table 3. Table BZ of

1)

Appendix B presents the curve for P(C 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
algo 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(CE) and the four joint proportions are given. For
the convenience of thosge who can besgt visualize conditionai probabilities,
P(CE]Cl) and P(Celwl) are also presented. The first presentation,
Table B?, goes through each value of i + J used, from O to 16, and pre-
sents all seven statistics for each value of i used with that value of
i+ 3. P(Cg) is presented for the time gnd interferencg'comparison RRT
item types also. The second presentation, Table B4, goes through the
values of 1 used -and presents the statistics for each value of j used
with that value of 1. The third presentation, Table B5, gées through
each value of J used and presents the statistics for each wvalue 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 Tunction of 1 with J constant.

A comparison of the theoretical and empirical plots of P(Cl) 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 hased on only 200
observations. A comparison of the theoretical and empirical graphs of

P(c ag a function of k for RRT item types 1s given in Fig. 5. The fit

o)
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There is somewhat less good. As k increases, the theoretical curve does
increage to a maximum and then fall, since learniﬁg has & higher proba-
bility.from the delayed short-term state (D = [E = ] ,28988) than from
the unlearned state (C = .24387), but its rise is faster aﬁd its decliné
less gteep than that of the empirical curve.

For RTRT item types, using Tables B3, B4, and B5 of Appendix B, one
;can examine the pq;respondence betWeen theoyetical_and_empifical curves
;for each of the seven statistics considered as a funcﬁion_of i with i+
constant, as;a'function of j with 1 constant, and ag a function of 1 with
J constant. Onlyla-few examples of each are giveﬁ.in grapﬁical form, but
. the remarks made afe addressed to the entire familieeg of curves.
Tn Figs. 6 and 7 the correspondence hetween theoretical and emﬁiria
; cal curves for each of these seven sgtatistics is graphed as a funcfion of
.i with i + j constant at 6 and at 10, respectively. {In.the-gfaph of

P(CB), the theoretical and empirical values of P(C,

2) for both of the

RRT comparisons are aléb indiéated; .In eééh‘casé,‘fhé theoretical Pre-
¢iction for the interference comparison RRT item is precisely the same as
that for the RTRT item with 1 = C. 1In addition, the theoretlcal curves

seem L0 increase more rapidly and decrease less steeply as a

of P(CE)

function of i than the empirical curves, though this trend is not entirely
clear. The theoretical curves of - P(C2|Cl) increase with 1 up to the
points where 1 = 1 + jJ -~ 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(C2|Wl) also increase ag a Function of i, more or
less monotonically, but far less markedly than the theocoretical curves.

In the casze of the Joint probabilities, the theory predicts that the joint
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probabilities should be monotonic funcitions of 1, P(WI’CE)’ and

P(Wl,wg) monotonic incressing functions, and 'P(Cl,wg)

monotonic decreasing functions. These predictions seem well borne out

and P(Cl,CE)

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 offf as predicted. Thus, overall, the fit is good, and the theory,
when it errs, seems to err by predicting trends-in P(CE)’ P(82|Cl), and
P(Cglwl) less marked than the corfesponding tréﬁds in the data.
h The theoretical and empirical curves for each of these seven statis-
tice are graphed ss functions of J with i constﬁnt at O aﬁd ét 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(CE)’ P(CBICl) and’ P(Cl,Cg),
a concave upward trend in P(Cl,we), a slight monotone decreasing trend
in P(Wl,CE) and P(02lwl)’ and a slight monotone increasing trend in
P(Wl,Wg)- 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(C,). The empirical values for P(Cglwl} with i - 0 are
quite variable, as they are based on 35 or fewer cases eacho.

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 O
and at 6 respectively. The theory predicts that, as 1 increases; there
should be a concave downward trend in P(Cg), a strong monotonic in-

creasing trend in P(Wl,C P(Wl,wg), and P(CEICI)’ and a strong

5)
monotonic decreasing trend in P(Cl,cg} and P(Ci,wg}u For P(Cgiwl),

the theory predicts a slight monotonic increasing trend at low values of j,

81



zg

.55 pep

/50

(&M 3 '
" 2 E -~#-~ THEORY
. 3 K 0 DATA
& 40 b - o,
40 d
35 30 bl gl tigt] P FENEY. SANNEN
02468'0_1'02468@
j : )
AS T B0 TTTTTTT T T
— T
o = t
& = A
o a
.05
J

Tig. 8. Joinﬂ; conditional, and marginal response proportions

as functions of j with 1 =

Q.



8

SO T 45 rTTTTTTT T
= = 40 -]
= ° Gl
0 551~ —] o -3 i - 4 —THEORY
= o S -~ -8} -3 | —0— DATA
o 70 - o .35} -~
-a.
~e | l
50 AEEEEN 65 Lil i1l B Vo g U W I
Q 2 4 6 B g 2 4 6 8 0 2 4 6 8
j
BOrTrTTTTT T B T A rTTTTTTTT A5 T T Y
| =, .40 L~
-9 | o -~ =
B."_ L;T- {Q —
— — -~
- o .35 ~4 a -
REERENE Lrt it HEANNEN
.30 .05
2 4 68 8 0 2 4 8 3 ] 0 2 4 6 8

Fig. 9. Joint, conditional, and merginal response proportlons
as functions of j with 1 = 6.



g

F(Cs)

LR L L L L L

T T T T Tt
..

- - =THEORY

Fig. 10. Joint, conditional, and marginal response proportlons
as functions of 1 with j = 0.



B0 T T ASFTTTTTIT T
A0 -
) ™ . ™ ]~~~ THEORY
- O S e Qe DATA
o B_“ —
. o
- — 30 -
gelididtiniy P L ATEEEENE
0 2 4 6 8 0 2 4 6 8
30 PTTTTTTTT T TTTTFTTTT AS T TT T
& i
- “a
e e
o o
- —
olLb Ll (tii1¢tl Lrttrrges
0 2 4 6 8 02 4 6 8

Fig. 1l. Joint, conditional, and marginal response proportions
ag functions of i with j = 6.




which becomes even ﬁore slightly concaﬁe downward at higher valiues of J.
In many ways, the fit here was even befter than iIn the two cases above.
The curves predicted by the theory to be strongly monoctonic 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 emérges is that the model reproduces the form of
the interesting felationships quite well, but predicts that the magnitudes
of some of the trends involving P(CE), P(Celcl) and P(02|Wl) should
be quite a bit smaller than they are. A reasonable gquestion is why the
model could not have been made to it better if other'parametér values,
ones that might allow for larger effects, had been used. An insight into
this matter caﬁ be gained by a consideration of fits of the model %o
certain parts of the data, obtained by minimum X2 methods. The proce-
dure described in the case of the Tit of the model to all of the data was
used to Tit it to the parts of the data listed in Table 9, but only the
1-D-7 fits are considered here. The vectors of parameters‘yielding the
best fit to P(Ce} for RRT item types, to P(C,) for RIRT 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 & clear pattern:
When P(Cl) does noi enter into the estimation, the value of C which

gives the best fit is quite low, almost zeroj when P(C does enter

U
into the estimation, the best-fitting value of C is moderate, in the

range (02, )P Thus, when the paramefers 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 H5 R
P(Ce) -- RRT 48708 L00005 56983 86710  .88578 .92762  .T6LT7T
9(02) -~ RTRT  .47646  .00001 .h2972  ,00000 .97761 .98576  .32503
P(Cl) -= RTRT  .26603 .29490 * .32%04  .82756 * 87070
Joints -- RTRT .U3765 .24168  .31245  ,21672  .83986  .54900  .B&L33
All Data L3040 24387 28988 - 21008 .83T7Lhr Jh7e2k (86285

¥ - Not used in predicting these data.
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the model to P(C 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(Cl) and i1ts failure to decline, for high values of i, to an
asymptote of nearly .1, a consequence of a miniscule C in this theory,
the theory raises C, thus tightening the gap between C and D and uvnder-
predicting some of the interesting trends in P(Cg) in the data. -

The‘foregoing analysis demonetrated that the theory just presented,
: I-D-7, is by no means perfect, Unfortunately, the pattern of differences
beiween predicted and observed values of the varioug statiestics is not
sufficiently clear to make it fruitful to try to improve the theory using
these data.

| Model I-D-7 is just dne example of a class of mddels 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 fluctuvation 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 resgults of this
experiment, but does not necessarily establish the zuperiority 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
thelr failure to predict certéin curvilinear relationships in the data,

& new model was presented. The new model, calied I-D-7, was an L-3

model, differing from previcus L-5 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 %2 distribution. I-D-7 reproduced the
form of the interesting relationships in the data quite well, but tended
to predict that tfends in the dats would be less marked than they ﬁere.
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
chénce, meaning that the miniscule value of C needed to fit the func-

tions involving P(C for the variocus item types was incompatihle with

2)
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.
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Appendix A

Meanrn and Standard Deviations of Statistics
of the 100 Orders of Events
Ttem Ordinal Memory Load Proportion of Tests in Intervals
R,.-Ty T By By-To

Mean 8.D. Mean S.D. Mean 8.D.
N I T N R
-- -- Los 500 L4340 109
-- -~ Lh5g U350 k2 110
- I T R == S ', TR [ =
-- -~ G481 167 416 116
- --  ,50%  .131 376 102
- --  Lh50 L1166 418 .11k
A85 0 0500 -- -~ L4450 .110
A5 kg7 495 500 L4360 .11l
. Jg5 Jhko o L3k 4Lk 106
L1500 ko3 g2 L2510 kel 120
L350 496 W66 .20k 438 100
505 .500 L4730 .182 408 L1l
oo k9o 501 L1610 LLoi L1lp
4g0 o500 477 L1400 LhOK L1313
.390 L4888  h4se 128 LLOo7  L126

565 496 457 126 LLOh 113
L60 .351 0 -- --  Lhh7ooL117
A58 0335 Lk5 497 456 11k
A488  .330 62 .335  Jh2g 113
L4180 L3ke 518 .210 LLh16 0 L113
A32 .33h 0 480 168 414 108
535 .318 470 133 392 L116
.503 .260 .400 490 428 .118
A1 o2l - --  Lhho 115
Q760 L2130 .hgs 500 W42k 110
485 226 435 355 oo 3k
A68  .225 W88 .203 413 .11k
A81 212 47h L1711 420 L1116
L4866 .205 4610 131 4100 113
2485 196 415 493 Jhoik 121
ATE 176 - - L4l 106
A56 L1660 .490  .500  .417  L1l10
461 174 L5388 .331 k02 113
L4750 J166  JLhes L2177 W431 .108
A56 172 467 .155 416 116
A62 167 62 L1hh Lo L 11h
A68 0 0153 L5335 499 LL419 L1115

=
no

Type Position™ on

_ Megn 5.D. Mean
0/o  T72.38 39.5h 6.49
0/1  72.30 39.92 6.73
0/2  71.23 42.59 6.59
o/t Th.75 ho.82 6.59
0/6 T4.82 39.31 6.81
0/8 75.25 40.16 T7.09
0/10 76.96 L41.38 6.87
1/0  76.75 41.13 6.51
1/1 73.30 L40.79 6.53
1/2  6B.02 k2,48 6.69
1/3 72.9% 39.99 6.87
/b 75.60 L42.92 6.53
1/5 78.82 ho.ho 6.84
1/6  76.71 L40.26 6.90
1/7T 69.95 L41.08 6.86
1/8  74.81 L43.23 6.93
1/9  76.08 39.%2 6.75
2/0  67.58 L0.B8 6.53
2/1  70.15 41.10 6.29
2/2  T75.52 Ll.5h 6.72
2/b  73.19 41.32 6.8k
2/6 77.41 ho.0o6 6.78
2/8 73.11 k2.3l 7.02
3/1 70.49 L2,58 6.72
h/0 76,38 hW1.71 6.47
L/l 72.9% 43,21 6.72
L/2  71.17 41.58 6.81
L/ 7h.8h 42,33 6.80
W/6  75.26 L4l.12 6.82
L/8  T1.85 39.78 6.84
5/1  7h4.01 43.93% 6.76
6/0 68.91 W1.62 6.79
6/1 76.19 L41.10 6.80
6/2 T4.66 L1.67 6.81
6/4 T7i.ho L2.51 6.73
6/6 66.63 Ll.2h 6.77
6/8 75.60 42.80 T7.04
7/1 70.31 41.12 6.63

3

©

HRRRRPRPHMHREFEFFEFRFRREFERRERRERFFEFFERPEREFERPRREBERRBREFERERRSBSRRFRBRFD5
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(Table continued on next page)
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Appendix A (cont.)

Ttem  Ordinal Memory Load Proportion of: Tests in Intervals
Type Position™ on T, R -T, T,-R, R,-T,
Mean S5.D. Mean S.D. Mean 85.D. Mean §&8.D. Mean 85.D.
8/0 T3.k2 L2.21 6.67 1.20 k86 .139 -- -- k12 L109
8/1 77.16 L40.63 6.71 1.h1 Lhk2 131 JA4ko 496 LLBT .16
8/2  Th.19 41.68 6.89 1.08 481 .1k0 .368 .306 .4%0 .108
8/h  75.47 39.95 6.61 1.28 .86 .1h2 .39h 201 LLhE 120
8/6 71.97 40.71 6.73 1.21 .489 .137 .h0o2 .157 439 .113
8/8 70.92 42.84 6.83 1.25 k88 .128 435 .12 418 112

9/1  73.09 L44.98 6.54 1.26 .50k .125 .255 436 436 .110
10/0  7h.11 41.80 6.60 1.28 488 .107 -- --  heé 117
0 67.86 43,45 .46 1.18 -- _— - --  .heo .107
1 70.07 Ll1.92 6.52 1.34h 0 -- -- 400 LSO W4T L1211

2  69.20 L41.35 6.52 1.22 -- -- A8 300 L6 (120

3 70.2% 38.90 6.66 1.26 @ -- --  LhéE2 278 ke 122

Yy 71.85 4i.52 6.70 1l.25  -- -~ 455 207 445,118

5  71.59 41,09 6.70 1.28 -- we L4A1 .19k L1 L1200
& 72,43 L3.48 6.64 1.28 -- -— L6000 L1660 J4he L11M
7  To.72 L40.89 6.71 1.22 o= -~ k65 L1527 4ho L1lp
& 73.03 L1.89 6.8% 1.27 -- -- L8200 L1h1 416 L1153
9 T1.45 L40.88 6.70 1.25 == -- 463 120 426 L1153
10 69.73 41.36 6.74 1.28  -- -— L5200 116 J4bke 122
11 7l.2% 41.95 6.66 1.23% -- e= W72 106 Lhko L1222
12 71.19 4£1.15 6.85 1.29  -- -- L5600 L092  LLes 119
13 69.81 39.97 6.6k 1.14  -- -- k50 .083 4ko L1310
1 71.94 39.15 .79 1.24% -~ -— kel L0799 43T 113
15 69.55 43,26 6.69 1.21 @ -~ --  Le2 Jo7h LMkéE 105
16 69.75 43.57 6.59 1.33  -- -- 463 067 J4kB8 L116
17 67.66 38.49 6.7% 1.3  -- --  L45h 06k 450 122

aaverage of the ordinal positions of the item, among the 14k critical
items, with respect to Rl and with respect to Tg.
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Appendix B

Corregpondence Between Predictions of IT-D~7 and the {bserved Data

Tabhle Bl

P(C,) as a Function of 1 Pooled over j for RTRT Items .

i P(Cl)

_ Obs. Ere.

0 .88357 8765
1 .59%00  .5835
2 48250 ‘;hgeo
3 .4h000  LMho5
s .40750 Jhezo
5 . 38000 . 4000
6 L4oh17 .3815

. 37000 3665

8 34750 . 3540
) 34500 3435
10 41000 3350

g2



Table B2
P(C,) as a Function of k in RRT Items

k P(C,)

Obs. Pre.

0 .El00  .37200
1 Jh50 L8700
2 L4450 50700

3 L4850 .50650
b L4750 50250
5 .5100 49825
6 U675 .Lohso
7T .5150  .49125

8 925 48875

9 4800 .h8ées
10 4900 8450
11 . 5000 48300
12 .h650 48150
13 . 5200 48050
;h 4950 47950
15 L4250 47850
16 .§6oo ,47800
17 4500 047759
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Table B3

Seven Statistics as Functions of 1 with i1 + J Constant

6

NN O

w O
v =

1l

2) : P(Wl,Ce) P(Cl,CE). P(Wl,Wé) P(Cl,Wg) P(celcl) P(celwl)
Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.
i ¥3=0

L3720 .0%0 060 LB1S L3260 . .090 L0775 465 0 L5505 L4716 L3719 L2500 L3725

4870 Loss L0435 L4800 JW435 0 L0090 L0800 .375 L3300 L5611k LhOLO L3793 3522
4895 180 1615 370 .3%280  .250  .2555 .200 .2555 L6491 5621 LW186 .3873

.5070

e

+ =2

L5070 .05 L0hkes 500 Lhehks 105 L0810 L350 L1200 L5882 .5299  .3000 L34l
.5345 160 .1575  .375 L3770 .255  .2595 .210 .2065 .6410 .6h61 . 3855 L3777
.5125  ,150 .1955 .325 .3Ll70 .395  .3125  .1%0  ,1750 .7ihk3 6443 2752 .3848
.5070 '

.5065 _
L+3=3

L5800 .175 L1545 L3450 3855 [320 .2620 .160 .1980 .6832  .6A0T  .3535 3705
.5320 185 .1920 .310 3470 .320 .3160 .185 1450 €263  .T7053 .3663  .3780
. 5065

. 5025

+ j = J—l—

.5025 .00  .okl5  .5%0 LW61o  .080 L0820  .k15  .hp35 L5824 5260 L1111 L3360
.5375  .130 .1525 .400 .3%850 .230 .2680 .2L0 .1980  .6250 .6593  .3611  .3657
.5415  ,165 .1890 .350 .3525 .%35  ,3190 .150 L1400  .7000  .71lE5 L3300 L3720
.5355  ,215 ,2075 .315  .3%280  .345  3W30 .125 L1215 L7159 .7297  .3839 3769
.5150  .2k0  .2200 .310 .295%0 .350 .3585 .100 .1270 .7561 .6999 .Lo&8  ,3803
. 5025

49825

[ el

(Table continued on next page)
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Table B3 (conﬁ'd)

P(C,) P(W),Cy) P(C,,C,) P (W ,W,) P(C,,W,) p(c,le)) p(c,lw))

1272
Obs. Pre. Cbs. Pre. Okbs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre.
.520 .5345  .125 ,1510 .3%95 .3835  ,300 .2655 .180 .2000 .6870  .6572  .29¥1  .362l
.575 L5310 .250 .2175 .325 .3135 .350 .3610 .075 .1080 .8125 .7438 LT 3760
.510  .49825
L4675 .49Ls0

.500  .h9ls 030  .0b15 470 Lh5%0 0 .085 L0820  .h415 k235 ,53%311 .5168 .2609 L3360
.520 .5310  .125  ,1h95  ,395 3815 .265 L2670  .215  .2015  .6h7s L6533 L2551 L3585
545 05365 ,185 L1855 .360  ,3510 L3455 .3225 110 L1410 .7660  .T13h L3401 ,3652
-.515  .5%20 .185 .2155 .3%30 .3165 .390 .3630 .095 ,1050 .7765 .7509 .3217 .3725
540 L5265 .255 .2250 .285  .3015 .365  .3755 ,095 .0985  .7500  .7538 (L1133  ,37h7
.505  .5120 .285 .233%5 ,220 .2785 .380 .3850 .115 .10%0 .6557 .7%00 . W28é  .3775
4675 L Lohs0 _

.5150 .h49125

i+ J = 7 )
.525  ,5285 110 L1485  L15  .3B0O .265  ,2680 .210  .20%5 .6640 6512 .2933  .3561
.525  .5230  .205 .2315 .3%20 .2915 .395 .3870 .080 .0905 .8000 .T6LL  .3417  .37L3
.515 49125
Jho2s 48875 _
: : i+ J= 8
80 L4890 .035 .oLis  Lhhs  JLh7s T 065 0 L0820 L4553 L2955 Lhghlh L5106 0 L3500 3360
.510  .5265 .120  .1480  .390 .3785 .280 .2690 .210 .2050 .6500  .6487  .3000 .3549
545 ,5315  .200 .18%0 345 3435 L340 .3250 .115 L1435 L7500 L7083 L3704 L3602
.535  .5280 .220 .2125 .315 .3155 .05 3660 060  .1060  .8hoO  .7H85  .3520 3673
.560 .52%5  .225  ,23%00 .335 .2935 .3%50  .3885  .090 . .0880 .7882 .7693 .3913  .3719
.530  .5200 .230 .2370 .30 .2830 .40 .3965 .070 .083%5 .8108  .7722  .3651 .3741
540 ,5100  .250 .2430  .290 .2670 .39  .h40%0 .o70 .0870 .8056 .75k2  .3906  .3762
Jozs 48875
L4800 L L8e25

(Table continued on next page)
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k=10
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k=10
k=11

@ o &

k=12
k=13

k=14

k=15

k=16
k=17

Table B3 (cont'd)

P(015W2)

p(c,lc))

P(Cp) P(W)5C,) P(0),0)) P(Wy,W,) Pc,lw)
Obs. Pre. Obs. Pre. Obs; Pre. Obs. Pre. Obs. Pre. Cbs. Pre. Obs. Pre,
. ’ i+ j = 9 .
550 L5245 .1%0  .1k70 420 L3775 .255 .269%  .195  .2060 .6829 .40 .3377  .3525
.515  .5175 .250 .24%15 .265 .2760 .410  .4ko¥5 075 L0780  .779%  .7797 .3788  .3738
430 L4B62s
oo LUBhs0
i+ 3 =10 : _
430 L48ks 015 .obkis  Lh15 LWh30 T .080 .0820  Lhop 4335 4sBBE .505h  LI5HQ L3360
500 .52%0 .120 .1885  .380  .3765 .275 .2705 .225 .2070 .6280 .6hs2  .3038 .3513
490 L5280 155 L1810 335 L3L70 3300 L3265 .180 L1450 L6505 7053 L3196 .3563
.550  .5245  .205  .2105 .345  .31k0  .365 .3680 .085 .1075 .8023 .7hS50  .3596  .3639
.565  .5210 .2%0 .2280 .3%5 .293%0 .340 .3905 .095 .0885 ,7791 .7680 .L035 3686
.520  .5180 .230 .2h05  .290 .2775 .W45 0 koS5 035 L0765  .8923  .7839  .3h07T  .3723
.515  .5150 .255 .2450 .260 .2700 .hOO  .4115  .085  .0735  .753%6  .7360  .3893 L3732
Jrro L5080 L2000 .2M90 .270 L2500  .390 4160 .10 L0760  .6585  .T7731 .3390 L 37LL
.hoo  LL8Ls
.500 L4830
i+ j=12 ‘
U480 .s2es L2925 L2095 .255 .3130 .370 .3690  .150 .1085  .6296 .7h26  .3782  .3621
.550  .5190 .215 .2270 .33%5 .2920 .345 .3915 .105 .0895 .761k  .7654  .3839  .3670
.500  ,5160 .225 .2390 .275 .2770 .hk25  .ho70  .075 L0770 .7857 .7825  .3hké2  .3700
Le5  L4815
A20 Lu805 | T
.505 5170  .200  .2260 .305 .2910 Jfo5  .3925  .090  .0905 7722 L7628 3306  .365h
525  .51hks 270 .2380 .255  .2765 .385  .4080 .090 .0775 .7391 .7811  .hle2  .3&8L
495 L4795
JLles L h785 iv 3= 16
.565  .5135 .260  .2375  .305 .2760 .375 .4085 ,060 .0780 .8356  .7797 .LO9k  .3676
460 L4780

450

HTT5
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Table B4

Seven Statistics as Functions of J with 1 Constant

(Table continued on next page)

P(C,) P(W,C,) P(C},Cp) P(W, ;W) P(Cy,W,) P(cglcl) p(c,lw,)
Obs. Pre Obs. Pre. Obs. Pre. Obs. Pre. Obs. Pre. Obs., Pre. Obs. Pre.
i=0
ks 3720 L0030 L0keO kiS5 .3260 090 L0775 465 L5505 L4716 L3719 2500 L3725
.535 L4870 .055 .0435 480 L4h35 0 090 L0800  .375 L4330 L5614 .Loko 3793 3522
545  .5070  .0k5  .ok25  .500 LLELS L1055 L0810 L350 4120 .5882 .5299  .3000  .3hh1
540  .5025 .010  .Oh15  .530 L4610 .080  .0820 .380 L4155 ,s582L4 L5260 L1111 .3360
500 L49hks  L030 .Oh15 470 Jbs530 0 L085 L0820  Lhk1s  Lke35 5311 L5168 L2609 L3360
480 4890 .0%5 .oh15 Lhbks (b7 065 L0820 .h55 L4295 JLohlh (5106 .3500 .3360
430 0 BB45 0 .015  .obk15 Jhis LWW30 0 .080  .0820  .k90 L4335 L4586 505k L1579 .3360
i=1
.550 L4895 .180 .1615 .370 .3280 .250 .2555 .200 ,2555 .6491  .5621 L4186 3873
.535  .5345 (160 L1575 375 .3770  .255  .2595  .210  .2065 .6h10  .6L61 .38B55 L3777
.520 .5400 .175 L1545 345 3855 320 2620 .160 .1980 .6832  .6607  .3535  .3705
.53 .5375 .130  .1525 koo .3850 .230 .2640  .2h0 1980  .6250  .6598 .3611  .3657
.520  .5345  ,125  .1510 .395 .383%5 .300 .2655 .180. .2000 L6870 .6572  .2941  .3621
.520  .5310 .125 .1%95  .395 .3815 .265 .2670 .215 .2015 @ .6475  .6538 .e2551 L3585
.525 L5285 ,110 1485 .15 .3B00  .265 L2680  .210 .2035 L6640 .6512 .2933  .3561
.510  .5265  .120  .14Bo  .390 .3785  .280 .2690 .210 .2050 .6500  .ALBT  .3000  .3549
L5550 L5245 130 L1470 k20 L3775 L2550 L2695 .195 .2060  .6829 L6470 L3377 .3525
,500 .523%0 .120 .1465 380 L3765  .275  .2705  .225 2070  .6280  .6h452  .3038  .3513
' i=2
b7 L5125 150 .1955 .325 L3170 .395  .3125 L1300 L1750  .71h3 Lehk3 2752 0 3848
495 5390 .185 .1920 .310  .3470  .320 .3160 .185  .1hk50 L6263 .7053  .3663  .3780
.515  .5415 165 .1890 .350 .3525 .335 3190 .150 .1%#00  .7000  .T7165  .3300 .3720
545 .5365  .185  ,1855  .360 .3510 .345  .3225 ,110 .1k10 L7660 L7134 .B49l  .3652
545 5315 200 L1830  .345 L3485 L340 L3250  .115  .1435 (7500  .7083  .370k L3602
koo L5280 L1555 L1810 .335  LBATO .3%30 3265 .180 L1450  .6505  .7053  .3196  .3563
_ i=3
.5%0  .5355 .215 .2075 .315 .%280 T .345 L3430 .125  .1215 .7159  .7297 .3339  .3769
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Table B4 (cont'd)

'P(cglwl)

BOVFEN O

P(c,) P(W,,Cp) P(C;,Cp) P(W, ;W) p(C; W) P(02|Cl)

Obs. Pre. Obs. Pre. Obs. Pfe; Obs.. Pre. Obsg. Pre. Obs. Pre. Obs. Pre.
i=4

.550 .5150 .240  .2200 .310 .2950 .350 .3585  ,100 .1270 .7561  .6999  .ho68  .3803

.575  .5310 .250 .2175 .325 .31%5  .350 .3610  .075  .1080 .8125 L7438 Lh16T L3760

.515 .5320 .185 .2155 .330 .3165 .39 .363%0 .095 .1050 .7765 .7509  .3217 .3725

.535  .5280 .220 .2125 .%15 .3155 LLO5 3660 L0680 L1060  .840O  .7W85 3520 L3673

550 5245 .205  .2105  .345 310 .365 L3680  .085  .1075  .8023  .TAR0  .3596  .3639

B0 L5225 225 L2095 .255 .3130  .370 .3690 .150  .1085 L6296  .7h26 3782 3621

. i=25 i :

540 .5265  .255  ,2250 .285  .3015  .365  .3755 .095 .0985 .7500 .7533 4113 L3747
i=6 '

.505 .5120 .285 .2%35 ,220 .2785 ~ .380 .3850 .115 .1030 .6567  .7300  .4286  .3775

525 .523%0  .205 .2315 ,320 .2915 .395 ~ .3870  .080 .0905 .8000  .7641  .3h17T L3743

560 .5235  .225  .2300 .335 .2935 .350 .3885 ,090 .0880 .7882 .7693% .3913% .3719

.565 L5210  .230 .2280 .3%35 ,2930 .340  .3905 .095 .0885 7791 .7680  .4035 ,3686

.550 .5190 .215 .2270 .335 ,2920 .345 .3915 .105 .0895 .76k .765h  .38%9  .3670

.505 .5170 .200 .2260 .%05 .2910 .LO5  .3925 .090 .0905 .7722 .7628  .3306  .365k4
i=7 _

.53%0  .5200 .230 .2%70 .300 .283%0 .00  .3965 .070 .083%5 .8108 .7722  .3651  .374L
i=38

,540  .5100 .250 .2430  .290 .2670  .390 .43 .070 .0870 .Bos56  .75k2  .3906  .3762

.515  .5175  .250  .2415  .265 .2760 .k10  .hOk5 075 L0780 L7794 L7797 3788 3738

.520  .5180 .230 © .2k05  .290 .2775  .h45 Jhoss  ,035 .0765  .8B923  .7839  .34OT  .3723

.500  .5160 .225 .23%390 .275 .2770 .k25  .hOTO  .O75  .O770  .7857  .7825  .3ké2  .BT700

.525  .5145 .270 .2380 .255 .2765 .385 .4oBo .090 .O775 .7391 .7811  .hiz2 .360L

565  .5135  .260 .2375 .305 .2760 .375  .4o8s5  L060  .0780  .8356 .7797 .hO9LK  .3676
i=9g

.515  .5150 .255  ,2450 .260 .2700 .00  .M4115  .085  .0735 .75%6  .7860 .3893 .3732
i= 10

L4700 05080 .200  .2h90  .270  .2590  .390  .L160  .1k0 L0760 L6585 L7731 L3390 L3ThL
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Table BS

Seven Statistics as Functions of i with j Constant

P(Wl,Cg)

P(

cl,cg)

P(Wl

i)

P(cl,w

5)

‘P(cyley)

W)

2'™
Obs. Pre. Obs., Pre. Obs. Pre. Qbsg. Pre. Obs. Pre. Obs. Pre. Obs. Pre.
j=0
Ay J3720 0 L0300 .0h60 LL15 0 3260 L0900 L0775 L465 L5505 L4716 L3719 .2500  .3725
.550  .h895 180 .11 .370 .3%2B0 .250 .2555 ,200 .2555 .649L  .5621  .L4186  .3873
L7500 .5125  L150 L1955 .3%25  .3170  .395 .3125  .130 L1750 .T71h3 L6430 2752 . 3848
.550  .5150 .24 .2200 .310 .295%0 .350 .3585 ,100 1270 .7561  .6999  .up&3 3803
.505 .5120 .285 .2335 ,220 .2785 .380 .3850 .115 .1030 .6567 .7300  .W286  .3775
540  ,5100 .250 .24%0  .290 .2670 .390 .ho30  .070  .0870 8056 .7s5h2  B906 L3762
470 L5080  .200 .2k90 .270  .2590 390  .4160 .10 .OT60 L6583 L7731 L3370 .37hh
j=1
.535 4870  .055  .0435 480 4435 090  .0800  .375 .43%0 .561k Lhoho L3793 L3522
.535 5345 L160  .1575  .375 L3770 .255 .2595 .210  .2065 .6h10  .6M61 L3855 L37TY
495 L5390 185 L1920 .310 .3470 .320 L3160 .185  L1h50 L6263 .7053  .%663  .3780
.530  .5355  .215 .2075 .315 .3280 .345 3430  ,125 .1215 .7159 .7297 .3839  .3769
.575  .5310 .250 .2175 .%25 .31%5 .350 .3610 .075 .1080 .8125  .7438 JALET LBTEO
540 L5265 .255 L2250  .285 ,301% .35 .3755  .095 .0985  .7500  .753%8 4113 374y
.525  .52%0 ,205 .2315 .320 .2915 .395 35970 .080 .0905 .8000 .7641  .BL417  .37L3
.530  .5200 .230 .2370 .30 .28%0 - .40  .3965 ,070 .08%5 .8108 .7722 .B651 LEF7HL
.515  .5175 .250 .2hk15  ,265 .2760 .h10  .hobs 075 L0780 .79k L7797 L3788 L3738
.515  .5150  .255  .2450  .260 .2700 .400 L4115 .085 L0735  .7536  .7860  .3893  .3732
J =2 )
L545 5070 L0450k ,500 LL4eks L1050 L0810 .350 4120 L5882 5299 L3000 .3h41
.520  ,5400 .175 L1545 345 (3855 0 (320 2620 160 .1980 .6832 6607  .3535 L3705
515 .5k15 L1685 1890  .350  .3%25  .335  .3190 .150 .1k00  .7000  .7165  ,3300  .3720
.515 .5%20 .185 .2155 .330 .3165 .390 .3630 .095 .1050 .7765  .7509 . .3217  .3725
560 .52%5  ,225  .2300 .335 .29%35 .350 .3385 090 .0880 .7882 .7693 .3%913 .3719
.520  .5180 .230 .24%05 .290 .2775 .45 hoss L035 L0765  .8923 .7339  .3L07  .3723
=3
.530  .5375 .130 .1525 .LoOo  .3850 .230 .2640 .240  .1980  .6250 .6598 .36l .3657

{Table continued .on next page)
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Table B5 (cont'd)

P(Cg) P(Wl,ca}' | ,?(01’02) P(wl,WQ}. | P(C Wé) -P(CEICI) P(c2 l)

.Obé. Pre. Obs. Pre. “Obs. Pre. Obs. Pre. Obs. Pre, Obs. Pre. Obs. Pre.
3= U

(540 L5025  ,0l0 .0415 .530 .h6lO  .080 .0B20 .380 4155 .582hk (5260 L1111 L3360

.520 .5345  L125  ,1510  .395 .3835  .300 .2655 .180 .2000 .6870 .6572  .2941  .3%621

.545  .5%65  ,185  ,1855 ,360 .3510 .3L5  ,%225 ,110 ,1W10 .7660 .7134  .3k91  .3652

.535 .5280 .220 .2125 .3i5 .3155 ko5 L3660 .060  .1060 .Bhoo  .74B5  .3520  .3672

565 .5210 .230  .2280  .335 ,2930 .340  .3905 .095 .0885 .7791 .7680  .4035  .3686

.500  .5160 .225  .2390 .275 L2770 .25  .kOo70 .075 .O770 .7857 .7825  .3hE2 L3700

) d=5
.520  .5310 .125 ,1k95  .395  .3815 265 .2670 .215 .2015 .6475  .6538  .2551  .3585
. j = 6

.500  Lhohks  L0%0  .0k15 470 L4530 V085 .0820 415 k235 5311 L5168 L2609 L3360

.525  ,5285  .110 .1485 415 .3B00 .265 2680 .210 .2035 @ .66LO  .6512  .2933  .3561

545 5315 .200 1820  .345  .3M85  .340 L3250 .115 L1435 .7500  .7083 370N 3602

.550  .5245 205 2105 .345 3140 .365 .3680 .085 .1075 .8023 .7450 .%596  .3639

.550 .5190 .215 .2270 .335 L2920 345 .3915 .105 .0895  .76L4 765k 3839  .3670

.525  .51k5 270  .2380 .255 .2765 .3%85 4080  .090  .O775 L7391 .7811 .hie22 3684
d =7

.510  .5265 .120 .1MB0  .390 .3785 280 .2690 @ .210  .2050 .6500  .6487  .3000  .3549
j=8

80 L4890 .035  .0M15  h45 Lh475 U065 0820 Lb55 Lhegs Lh9Mh L5106 L3500 L3360

.550  .5245  .130  .1470 420 .3775  .255  .2695 .195 .2060 .6829 6470 L3377 .3525

490 .5280  .155  .1810 .335  .3470 .330 .2265 .180  .1450 .A505  .7053 .3196  .3563

U480 .5225 .225  .2095 .255 .3130 .370 .3690  .150 .1085  .6296  .Th26 3782  .3621

.505  .5170  .200 .2260 .305 .2910 .LhOS  .3925 .090  .0905 .7722 .7628  .3306  .3654

L565 L5135 .260 .2375  .305 L2760  .375 L4085  .060 .0780  .8356  .7797 .40k 3676
Jg=9 :

.500  .523%0 .120 .1k65 380 L3765 275 L2705  .225  .,2070 .6280 .6452 .3038  .3513
j=10

%0 Lu8hks 015 .ob15 Jh15 0 Lbhz0 08B0 L0820  Lboo L4335 (4586 .505F L1579 L3360
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