The Control of Short-Term Memory

Memory has two components: short-term and long-term. Control

processes such as “rehearsal” are essential to the transfer

of information from the short-term store to the long-term one

by Richard C. Atkinson and Richard M. Shiffrin

he notion that the system by
which information is stored in

memory and retrieved from it can
be divided into two components dates
back to the 19th century. Theories dis-
tinguishing between two different kinds
of memory were proposed by the En-
glish associationists James Mill and John
Stuart Mill and by such carly experi-
mental psychologists as Wilhelm Wundt
and Emst Meumann in Germany and
William James in the U.S. Reflecting on
their own mental processes, they dis-
cemed a clear difference between
thoughts currently in consciousness and
thoughts that could be brought to con-
sciousness only after a search of mem-
ory that was often laborious. (For exam-
ple, the sentence you are reading is
in your current awareness; the name of
the baseball team that won the 1968

World Series may be in your memory,
but to retrieve it takes some ecffort,
and you may not be able to retrieve it
at all.)

The two-component concept of mem-
ory was intuitively attractive, and yet it
was largely discarded when psychology
turned to behaviorism, which empha-
sized research on animals rather than
humans. The distinction between short-
term memory and long-term memory re-
ceived little further consideration until
the 1950%, when such psychologists as
Donald E. Broadbent in England, D. O,
Hebb in Canada and George A. Miller
in the U.S. reintroduced it [see “Infor-
mation and Memory,” by George A.
Miller; ScieNTIFIC AMERICAN, August,
1956]. The concurrent development of
computer models of behavior and of
mathematical psychology accelerated

the growth of interest in the two-process
viewpoint, which is now undergoing
considerable theoretical development
and is the subject of a large research
effort. In particular, the short-term
memory system, or short-term  store
(STS), has been given a position of piv-
otal importance. That is because the
processes carried out in the short-term
store are under the immediate control
of the subject and govern the flow of in-
formation in the memory system; they
can be called into play at the subject’s
discretion, with enormous consequences
for performance.

Some control processes are used in
many situations by everyone and others
are used only in special circumstances.
“Rehearsal” is an overt or covert repeti-
tion of information—as in remembering
a telephone number until it can be writ-
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INFORMATION FLOW through the memory system is conceived
of as beginning with the processing of environmental inputs in
sensory registers (receptors plus internal elements) and entry into
the short-term store (STS). While it remains there the information
may be copied into the long-term store (LTS), and associated in-
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formation that is in the long-term store may be activated and en-
tered into the short-term store. If a triangle is seen, for example,
the name “triangle” may be called up. Control processes in the
short-term store affect these transfers into and out of the long-term
store and govern learning, retrieval of information and forgetting.
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ten down, remembering the names of a
group of people to whom one has just
been introduced or copying a passage
from a book. “Coding” refers to a class
of control processes in which the infor-
mation to be remembered is put in a
context of additional, easily retrievable
information, such as a mnemonic phrase
or sentence. “Imaging” is a control proc-
ess in which verbal information is re-
membered through visual images; for
example, Cicero suggested learning long
lists (or speeches) by placing each mem-
ber of the list in a visual representation
of successive rooms of a well-known
building. There are other control proc-
esses, including decision rules, organi-
zational schemes, retrieval strategies
and problem-solving techniques; some
of them will be encountered in this ar-
ticle. The point to keep in mind is the
optional nature of control processes. In
contrast to permanent structural com-
ponents of the memory system, the con-
trol processes are selected at the sub-
ject’s discretion; they may vary not only
with different tasks but also from one
encounter with the same task to the
next.

We believe that the overall memory
system is best described in terms
of the fHow of information into and out
of short-term storage and the subject’s
control of that flow, and this conception
has been central to our experimental and
theoretical investigation of memory. All
phases of memory are assumed to con-
sist of small units of information that are
associatively related. A set of closely in-
terrelated information wunits is termed
an image or a trace. Note that “image”
does not necessarily imply a visual rep-
resentation; if the lettermumber pair
TKM—4 is presented for memory, the
image that is stored might include the
size of the card on which the pair is print-
ed, the type of print, the sound ot the
various symbols, the semantic codes and
numerous other units of information.
Information from the environment is
accepted and processed by the various
sensory systems and is entered into the
short-term store, where it remains for a
period of time that is usually under the
control of the subject. By rehearsing one
or more items the subject can keep them
in the short-term store, but the number
that can be maintained in this way is
strictly limited; most people can main-
tain seven to nine digits, for example.
Once an image is lost from the short-term
store it cannot thereafter be recovered
from it. While information resides in
short-term storage it may be copied into

the long-term store (ITS), which is as-
sumed to be a relatively permanent mem-
ory from which information is not lost.
While an image is in short-term storage,
closely related information in the long-
term store is activated and entered in the
short-term store too. Information enter-
ing the short-term store from the sensory
systems comes from a specific modality—
visual, auditory or whatever—but asso-
ciations from the Jong-term store in all
modalities are activated to join it. For
instance, an item may be presented visu-
ally, but immediately after input its ver-
bal “name” and associated meanings will
be activated from the long-term store
and placed in the short-term one [sce
illustration on opposite page].

Our account of short-term and long-
term storage does not require that the
two stores necessarily be in different
parts of the brain or involve diflerent
physfological structures. One might con-
sider the short-term store simply as
being a temporary activation of some
portion of the long-term store. In our
thinking we tend to equate the short-
term store with “consciousness,” that is,
the thoughts and information of which
we are currently aware can be consid-
ered part of the contents of the short-
term store. (Such a statement lies in the
realm of phenomenology and cannot be
verified scientifically, but thinking of
the short-term store in this way may
help the reader to conceptualize the sys-
tenr.) Because consciousness is equated
with the short-term store and because
control processes are centered in and act
through it, the short-term store is con-
sidered a working memory: a system in
which decisions are made, problems are
solved and information flow is directed.
Retrieval of information from short-
term storage is quite fast and accurate.
Experiments by Saul Sternberg of the
Bell Telephone Lahoratories and by oth-
ers have shown that the retrieval time
for information in short-term storage
such as letters and numbers ranges from
10 to 30 milliseconds per character.

The retrieval of information from
long-term storage is considerably more
complicated. So much information is
contained in the long-term store that the
major problem is finding access to some
small subset of the information that con-
tains the desired image, just as one must
find a particular book in a library before
it can be scammed for the desired infor-
mation. We propose that the subject
activates a likely subset of information,
places it in the short-term store and then
scans that store for the desired image.
The image may not be present in the
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current subset, and so the retrieval proc-
ess becomes a search in which various
subsets are successively activated and
scanned [sce illustration below]. On the
basis of the information presented to
him the subject selects the appropriate
“probe information” and places it in the
short-term store. A “search set,” or sub-
set of information in the long-term store
closely associated with the probe, is
then activated and put in the short-term
store. The subject selects from the
search set some image, which is then
examined. The information extracted
from the selected image is utilized for a
decision: has the desired information
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RETRIEVAL from the long.term store re-
quires a choice of strategy and selection of
certain information as a “probe” that is
placed in the shortterm store. The probe
activates a “search set” of information in
the long-term store. The search set is placed
in the short-term store and is examined for
the desired information. If it is not found,
search is halted or recycled with new probe.
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PROBABILITY OF RECALL in free-recall experiments varies in a characteristic way with
an item’s serial position in a list: a “primacy effect” and a “recency effect” are apparent
(a). If an arithmetic task is interpolated between presentation and recall, the recency ef-
fect disappears {b). Words in long lists are recalled less well than words in short lists (e).
Slower presentation also results in better recall (d). The curves are idealized ones based
on experiments by James W. Dees, Bennet Murdock, Leo Postman and Murray Glanzer.

been found? If so, the search is termi-
nated.

If the information has not been found,
the subject may decide that continua-
tion is unlikely to be productive or he
may decide to continue. If he does, he
begins the next cycle of the search by
again selecting a probe, which may or
may not be the same probe used in the
preceding cycle depending on the sub-
ject’s strategy. For example, a subject
asked to search for states of the U.S.
starting with the letter M may do so by
generating states at random and check-
ing their first letter (in which case the
same probe information can be used in
each search cycle), or he may generate
successive states in a regular geographic
order (in which case the probe informa-
tion is systematically changed from one
cycle to the next). It can be shown that
strategies in which the probe informa-
tion is systematically changed will re-
sult more often in successful retrieval
but will take longer than alternative
“random”™ strategies. (Note that the
Freudian concept of repressed memories
can be considered as being an inability
of the subject to generate an appropri-
ate probe.)

his portrayal of the memory system

almost entirely in terms of the op-
erations of the short-term store is quite
intentional. In our view information
storage and retrieval are best described
in terms of the flow of information
through the short-term store and in
terms of the subject’s control of the flow.
One of the most important of these
control processes is rehearsal. Through
overt or covert repetition of information,
rehearsal either increases the momen-
tary strength of information in the short-
term store or otherwise delays its loss.
Rehearsal can be shown not only to
maintain information in short-term stor-
age but also to control transfer from
the short-term store to the long-term one.
We shall present several experiments
concerned with an analysis of the re-
hearsal process.

The research in question involves a
memory paradigm known as “free re-
call,” which is similar to the task you
face when you are asked to name the
people present at the last large party
you went to. In the typical experimental
procedure a list of random items, usual-
ly common English words, is presented
to the subject one at a time. Later the
subject attempts to recall as many words
as possible in any order. Many psycholo-
gists have worked on free recall, with
major research efforts carried out by
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Bennet Murdock of the University of
Toronto, Endel Tulving of Yale Univer-
sity and Murray Glanzer of New York
University. The result of principal inter-
est is the probability of recalling each
item in a list as a function of its place
in the list, or “serial-presentation posi-
tion.” Plotting this function yiclds a
U-shaped curve [see “a” in illustration on
opposite page]. The increased probabil-
ity of recall for the first few words in the
list is called the primacy effect; the Jarge
increase for the last eight to 12 words is
called the recency eflect. There is con-
siderable evidence that the recency cf-
fect is due to retrieval from short-terin
storage and that the earlier portions of
the serial-position curve reflect retrieval
from long-term storage only. In one ex-
perimental procedure the subject is re-
quired to carry out a difficult arithmetic
task for 30 seconds immediately follow-
ing presentation of the list and then is
asked to recall. One can assume that the
arithmetic task causes the loss of all the
words in short-term storage, so that re-
call reflects retrieval from long-term
storage only. The recency eflect is elim-
inated when this experiment is per-
formed; the earlier portions of the serial-
position curve are unaffected [D]. If
variables that influence the long-term
store but not the short term one are ma-
nipulated, the recency portion of the
serial position curve should be relatively
unaffected, whereas the earlier portions
of the curve should show changes. One
such variable is the number of words in
the presented list. A word in a longer
list is less likely to be recalled, but the
recency effect is quite unaffected by list
length [c]. Similarly, increases in the
rate of presentation decrease the likeli-
hood of recalling words preceding the
recency region but leave the recency ef-
fect largely unchanged [d].

In free 1ecall experiments many lists
are usually presented in a session. If the
subject 1s asked at the end of the session
to recall all the words presented during
the session, we would expect his recall
to reflect retrieval from long-term stor-
age only. The probability of recalling
words as a function of their serial posi-
tion within each list can be plotted for
end-of-session recall and compared with
the serial-position curve for recall im-
mediately following presentation [sce il-
lustration on this page]. For the delayed-
recall curve the primacy effect remains,
but the recency effect is eliminated, as
predicted. In summary, the recency re-
gion appears to reflect retrieval from
both short-term and long-term storage
whereas the serial-position curve preced-
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EFFTECT OF DELAY is tested by asking subjects to recall at the end of a session all words
from the entire session, and then plotting probability of recall against serial position within
each Iist. An experiment by Fergus Craik compares immediate recall (black) with delayed
recall (color). The delayed-recall curve emphasizes transitory nature of receney effect.

ing the recency region reflects retrieval
from long-term storage only.

In 1965, at a conference sponsored by

the New York Academy of Sciences,
we put forward a mathematical model
explaining these and other effects in
terms of a rehearsal process. The model
assumed that in a free-recall task the
subject sets up a rehearsal buffer in the
short-term store that can hold only a
fixed number of items. At the start of
the presentation of a list the buffer is
empty; successive items are entered un-
til the buffer is filled. Thereafter, as each
new item enters the rehearsal buffer it
replaces one of the items already there.
(Which item is replaced depends on a
number of psychological factors, but in
the model the decision is approximated
by a random process.) The items that are
still being rehearsed in the short-term
store when the last item is presented are
the ones that are immediately recalled
by the subject, giving rise to the recency
effect. The transfer of information from
the short-term to the long-term store is

6

postulated to be a function of the length
of time an item resides in the rehearsal
bulfer; the longer the time period, the
more rchearsal the item receives and
thercfore the greater the transfer of in-
formation to long-term storage. Since
items presented first in a list enter an
empty or partly empty rehearsal bulfer,
they remain longer than later items and
cousequently receive additional rehears-
al. This extra rchearsal causes more
transfer of information to long-term stor-
age for the first items, giving rise to the
primacy effect.

This rchearsal model was given a for-
mal mathematical statement and was
fitted to a wide array of experiments,
and it provided an excellent quantita-
tive account of a great many results in
free recall, including those discussed in
this article. A more direct confirmation
of the model has recently been provided
by Dewey Rundus of Stanford Univer-
sity. He carried out free-recall experi-
ments in which subjects rehearsed aloud
during list presentation. This overt re-
hearsal was tape-recorded and was com-
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pared with the recall results. The num-
ber of different words contained in the
“rehearsal set” (the items overtly re-
hearsed between successive presenta-
tions) was one after the first word was
presented and then rose until the fourth
word; from the fourth word on the num-
ber of different words in the rehearsal
set remained fairly constant (averaging
about 3.3) until the end of the list. The
subjects almost always reported the
members of the most recent rehearsal
set when the list ended and recall began.
A close correspondence is evident be-
tween the number of rehearsals and the
recall probability for words preceding
the recency effect; in the recency region,
however, a sharp disparity occurs [see
illustrations below]. The hypothesis that

ITEM PRESENTED

long-term storage is a function of the
number of rehearsals can be checked
in other ways. The recall probability for
a word preceding the recency region was
plotted as a function of the number of
rehearsals received by that word; the
result was an almost linear, sharply in-
creasing function. And words presented
in the middle of the list given the same
number of rehearsals as the first item pre-
sented had the same recall probability as
that first item.

With efficacy of rehearsal established
both for storing information in the long-
term store and for maintaining informa-
tion in the short-term store, we did an
experiment in which the subjects’ re-
hearsal was manipulated directly. Our
subjects were trained to engage in one

ITEMS REHEARSED (REHEARSAL SET)

1 REACTION
2 HOOF

3 BLESSING

4 RESEARCH
5 CANDY

6 HARDSHIP
7 KINDNESS
8 NONSENSE

RESEARCH,

NONSENSE,

20 CELLAR

REACTION, REACTION, REACTION, REACTION
HOOF, REACTION, HOOF, REACTION
BLESSING, HOOF, REACTION

REACTION, HOOF, RESEARCH

CANDY, HOOF, RESEARCH, REACTION
HARDSHIP, HOOF, HARDSHIP, HOOF
KINDNESS, CANDY, HARDSHIP, HOOF

KINDNESS, CANDY, HARDSHIP

CELLAR, ALCOHOL, MISERY, CELLAR

OVERT-REHEARSAL experiment by Dewey Rundus shows the effect of rehearsal on trans-
fer into long-term storage. The subject rehearses aloud. A partial listing of items rehearsed
in one instance shows typical result: early items receive more rehearsals than later items.
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EFFECT OF REHEARSAL is demonstrated by comparison of an item’s probability of re-
call (black) with the total number of rehearsals item receives (color). The two are related
in regions reflecting retrieval from long-term storage (preceding recency region). That is,
long-term storage efficacy depends on number of rehearsals and is reflected in retrieval.
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of two types of rehearsal. In the first (a
one-item rehearsal set) the most recently
presented item was rehearsed exactly
three times before presentation of the
next item; no other items were re-
hearsed. In the second (a three-item re-
hearsal set) the subject rehearsed the
three most recently presented items once
each before presentation of the next
item, so that the first rehearsal set con-
tained three rehearsals of the first word,
the second rehearsal set contained two
rehearsals of the second word and one
rehearsal of the first word, and all sub-
sequent sets contained one rehearsal of
each of the three most recent items [see
illustrations on opposite page].

When only one item is rehearsed at a
time, each item receives an identical
number of rehearsals and the primacy
effect disappears, as predicted. Note
that the recency effect appears for items
preceding the last item even though the
last item is the only one in the last re-
hearsal set. This indicates that even
when items are dropped from rehearsal,
it takes an additional period of time for
them to be completely lost from short-
term storage. The curve for the three-
item rehearsal condition shows the effect
also. The last rehearsal set contains the
last three items presented and these are
recalled perfectly, but a recency effect
is still seen for items preceding these
three. It should also be noted that a pri-
macy effect occurs in the three-rehearsal
condition. This was predicted because
the first item received a total of five re-
hearsals rather than three. A delayed-
recall test for all words was given at the
end of the experimental session. The data
confirmed that long-term-store retrieval
closely parallels the number of rehears-
als given an item during presentation,
for both rehearsal schemes.

These results strongly implicate re-
hearsal in the maintenance of infor-
mation in the short-term store and the
transfer of that information to the long-
term system. The question then arises:
What are the forgetting and transfer
characteristics of the short-term store in
the absence of rehearsal? One can con-
trol rehearsal experimentally by block-
ing it with a difficult verbal task such as
arithmetic. For example, Lloyd R. Peter-
son and Margaret Peterson of Indiana
University [see ““Short-Term Memory,”
by Lloyd R. Peterson; SCIENTIFIC AMER-
1caN, July, 1966] presented a set of
three letters (a trigram) to be remem-
bered; the subject next engaged in a
period of arithmetic and then was asked
to recall as many letters of the trigram
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as possible. When the probability of re-
call is plotted as a function of the dura-
tion of the arithmetic task, the loss ob-
scerved over time is similar to that of the
recency effect in free recall [see top il-
lustration on next page]. Short-term-store
loss caused by an arithmetic task, then,
is similar to loss from short-term storage
caused by a series of intervening words
to be remembered. The flat portion of
the curve reflects the retrieval of the
trigram from long-term storage alone and
the earlier portions of the curve repre-
sent retrieval from both short-term and
long-term storage; the loss of the trigram
from short-term storage is represented by
the decreasing probability of recall prior
to the asymptote.

Does the forgetting observed during
arithmetic reflect an automatic decay of
short-term storage that occurs inevitably
i the absence of rehearsal or is the in-
tervening activity the cause of the loss?
There is evidence that the amount of
new material introduced between pre-
sentation and test is a much more im-
portant determinant of loss from short-
term storage than simply the elapsed
time Dbetween presentation and test.
This finding is subject to at least two
explanations. The first holds that the
activity intervening bhetween presenta-
tion and test is the direct cause of an
ilem’s loss from short-term storage. The
sccond explanation proposes that the
rate of intervening activity merely af-
fects the number of rehearsals that cun
be given the item to be remembered
and thus indirectly determines the rate
of loss.

It has recently become possible to
choose between these two explanations
of loss from the short-term store. Judith
Reitman of the University of Michigan
substituted a signal-detection task for
the arithmetic task in the Petersons’ pro-
cedure, The task consisted in responding
whenever a weak tone was heard against
a continuous background of “white”
noise. Surprisingly, no loss from short-
terni storage was observed after 15 sec-
onds of the task, even though subjects
reported no rehearsal during the signal
detection. This suggests that loss from
the short-term store is due to the type of
interference during the intervening in-
terval: signal detection does not cause
loss but verbal arithmetic does. Another
important issue that could potentially be
resolved with the Reitman procedure
concerns the transfer of information
from the short-term to the long-term
store: Does transfer occur only at initial
presentation and at subsequent rehears-
als, or does it occur throughout the pe-

ONE-ITEM REHEARSAL SCHEME

STRIAL TOTAL REMOARSALS
POSITION PERITEM
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NUMBER OF REHEARSALS is controlled with two schemes. In one (top) only the
current item is rehearsed and all items have three rehearsals. In the other (bottom) the
latest three items are rehearsed; early ones have extra rehearsals. { Letters represent words.)

PROBABILITY OF RECALL
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PRIMACY EFFECT disappears with one-item rehearsal (color), in which all items have
equal rehearsal, but remains with three-item rehearsal ( black ). Recency effect is pronounced
for both schemes in immediate recall (solid lines). Curves for delayed recall (broken
lines), which reflect only retrieval from long-term storage, parallel the number of rehearsals.
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ARITHMETIC TASK before recall reduces the probability of recall. Lloyd R. Peterson

and Margaret Peterson charted recall probability against duration of arithmetie. The prob-

ability falls off with duration until it levels off when recall reflects retrieval from long-term
storage alone. Does curve reflect only lack of rehearsal or also nature of intervening task?
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TWO TASKS were combined in an experiment with these six conditions. Five consonants
were presented for 2.5 seconds (dark gray), followed by a signal-detection task for one sec-
ond, eight seconds or 40 seconds (color), followed in three cases by arithmetic (light gray).
Then came the test (arrows). Rehearsal during detection was included in a control version.
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NATURE OF TASKS is seen to have an effect. In the absence of arithmetic, signal detec-
tion leaves the short-term store virtually unaffected, with rehearsal (broken black curve)
or without (solid black). Arithmetic, however, causes loss from the short-term store
(color); decreased recall shown reflects retrieval from long-term store only. Retrieval im-
proves with duration of signal detection if there is rehearsal, which increases transfer to the
long-term store (broken colored curve) but not in the absence of rehearsal (solid color).
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riod during which the information re-
sides in the short-term store, regardless
of rehearsals?

To answer these questions, the follow-
ing experiment was carried out. A con-
sonant pentagram (a set of five conso-
nants, such as QJXFK) was presented for
2.5 seconds for the subject to memorize.
This was followed by a signal-detection
task in which pure tones were presented
at random intervals against a continuous
background of white noise. The subjects
pressed a key whenever they thought
they detected a tone. (The task proved
to be difficult; only about three-fourths
of the tones presented were correctly
detected.) The signal-detection period
lasted for either one second, eight sec-
onds or 40 seconds, with tones sounded
on the average every 2.5 seconds. In
conditions 1, 2 and 3 the subjects were
tested on the consonant pentagram im-
mediately after the signal detection; in
conditions 4, 5 and 6, however, they
were 1'equired to carry out 30 seconds
of difficult arithmetic following the sig-
nal detection before being tested [see
middle illustration at left]. In order to
increase the likelihood that rehearsal
would not occur, we paid the subjects
for performing well on signal detection
and for doing their arithmetic accurately
but not for their success in remembering
letters. In addition they were instructed
not to rehearse letters during signal de-
tection or arithmetic. They reported af-
terward that they were not consciously
aware of rehearsing. Because the ques-
tion of rehearsal is quite important, we
nevertheless went on to do an additional
control experiment in which all the same
conditions applied but the subjects were
told to rehearse the pentagram aloud
following each detection of a tone.

The results indicate that arithmetic
causes the pentagram information to be
lost from the short-term store but that
in the absence of the arithmetic the sig-
nal-detection task alone causes no loss
[sce bottom illustration at left]. What
then does produce forgetting from the
short-term store? It is not just the analy-
sis of any information input, since signal
detection is a difficult information-proc-
essing task but causes no forgetting. And
time alone causes no noticeable forget-
ting. Yet verbal information (arithmetic)
does cause a large loss. Mrs. Reitman’s
conclusion appears to be correct: forget-
ting is caused by the entry into the
short-term store of other, similar infor-
mation.

What about the effect of rehearsal?
In the arithmetic situation performance
improves if subjects rehearse overtly
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during the signal-detection period. Pre-
sumably the rchearsal transfers informa-
tion about the pentagram to the long-
term store; the additional transfer dur-
ing the long signal-detection period is
reflected in the retrieval scores, and the
rehearsal curve rises. The no-rehearsal
curve is horizontal over the last 32 sec-
onds of signal detection, however, con-
firming that no rehearsal was occurring
during that period. The fact that the
lowest curve is flat over the last 32 sec-
onds has important implications for
transfer from the short-term store to the
long-term. It indicates that essentially
no transfer occurred during this period
even though, as the results in the ab-
sence of arithmetic show, the trace re-
mained in the short-term store. Hence
the presence of a trace in the short-term
store is alone not enough to result in
transfer to the long-term store. Appar-
ently transfer to the long-term system
occurs primarily during or shortly after
rehearsals. (The rise in the lowest curve
over the first eight seconds may indicate
that the transfer effects of a presenta-
tion or rehearsal take at least a few sec-
onds to reach completion.)

The emphasis we have given to rote
rehearsal should not imply that other
control processes arve of lesser impor-
tance. Although much evidence indi-
cates that transfer from short-term stor-
age to long-term is strongly dependent
on rehearsals, effective later retrieval
from long-term storage can be shown to
be highly dependent on the type of in-
formation rehearsed. Coding is really
the choosing of particular information
to be rehearsed in the short-term store.
In general, coding strategies consist in
adding appropriately chosen informa-
tion from long—term storage to a trace
to be remembered and then rehearsing
the entire complex in the short-term
store. Suppose you are given (as is typi-
cal in memory experiments) the stinwu-
lus-response pair HRM~4; later HRM
will be presented alone and you will be
expected to respond “4.” If you simply
rehearse HRM-4 several times, your
ability to respond correctly later will
probably not be high. Suppose, how-
ever, HRM reminds you of “homeroom”
and you think of various aspects of your
fourth-grade classroom. Your retrieval
performance will be greatly enhanced.
Why? First of all, the amount and range
of information stored appears to be
greater with coding than with rote re-
hearsal. Moreover, the coding operation
provides a straightforward means by
which you can gain access to an ap-
propriate and small region of memory
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LENGTH OF LIST rather than amount of “interference” governs recall probability, Sub-
jects were asked to recall the list before the one just studied. Five-word lists (top) were
recalled better than 20-word lists (bottom) whether they were followed by intervening lists
of five words (black) or of 20 words (color). The data are averages from three experiments.

during retrieval. In the above example,
when HRM is presented at the moment
of test, you are likely to notice, just as
during the initial presentation, that
HRM is similar to “homeroom.” You can
then use “homeroom” (and the current
temporal context) as a further probe and
would almost certainly access “fourth
grade” and so generate the correct re-
sponse.

N the discussion of coding suggests,

the key to retrieval is the selection
of probe information that will activate
an appropriate search set from the long-
term store. Since in our view the lon g-
term store is a relatively permanent re-
pository, forgetting is assumed to result
from an inadequate selection of probe
information and a consequent failure of
the retrieval process. There are two
basic ways in which the probe selection

10

may prove inadequate. First, the wrong
probe may be selected. For instance,
you might be asked to name the star of
a particular motion picture. The name
actually begins with T but you decide
that it begins with A and include A in
the probe information used to access the
long-term store. As a result the correct
name may not be included in the search
set that is drawn into the short-term
store and retrieval will not succeed.
Second, if the probe is such that an
extremely large region of memory is ac-
cessed, then retrieval may fail even
though the desired trace is included in
the search set. For example, if you are
asked to name a fruit that sounds like
a word meaning “to look at,” you might
say “pear.” If you are asked to name a
living thing that sounds like a word
meaning “to look at,” the probability of
your coming up with “pear” will be
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The latency of an error response should be fast according to the theory,
because errors can occur only if the subject responds before the extended
memory search is made, The data support this prediction, and they accord
well with the values predicted by Model 11. Specifically, the latency of an
error is close to the predicted value of £ 4+ p 4 ry = 731 msec for an §; item,
and close to £ 4+ p -+ r, = 687 msec for an S, item. Furthermore, as pre-
dicted by the model, the observed error latencies do not appear to be influ-
enced by the length of the target list.

‘A verbal interpretation of the results in terms of Model 11 reads as follows.
When a target item is presented for the first time, the probability that a
search of the E/K store will occur before a response is made exceeds the
probability that a fast positive response will be emitted on the basis of the
item’s familiarity value alone. The opposite is true for initial presentations
of distractors: most trials result in fast negative responses. Thus, the mean
latency is longer for initial presentations of targets than for initial presenta-
tions of distractors, and the list-length effect is greater for targets than for
distractors (because list-length effects depend only upon the search of the
E/K store). The effect of repeated tests of words is to increase the familiarities
of both targets and distractors. This results in an increased latency for re-
sponses to distractors, and a decrease in latency to targets; the magnitudes
of the list-length effects are observed to change concomitantly.!!

APPLICATION OF THE MODEL
TO RELATED EXPERIMENTS

Other experiments have been conducted to test various features of the theory.
One such study involved target scts in which any specific word was included

confusions of identification. Direct evidence of this possibility is reporied by Juola ct al.
(1971), who showed, among other things, that distractor words graphically very similar to
target items were responded to more siowly. In this experiment, no estimate can be made of
the contribution of similarity to the overall set-size effecl. However, results from several
long-term recognition studies indicate that both semantic and graphemic similarity cause
increased error rates as well as increased response latencies (Atkinson & Juola, 1973; Juola
et al., 1971). Because there were no differcnces in error rates aniong the three groups. it is
unlikely that a significant proportion of the list-length effects is aliributable to similarity
factors.

1 Variables other than those represented in the model influence familiatity. Of particular
importance is the effect of the number of intervening trials between successive tests on a
given item. Lag effects in response latency have been observed, with the magnitude of the
effect decreasing with lag for both larget and distractor items (Fischler & Juola, 1971,
Juolg et al., 1971). This phenomenon woukd be accounted for in the theory by assuming
that the familiarity of an item increases immediately alter presentation and then graduaily
declines over trials, To develop this idea mathematically would complicate the model. By
design, lags were relatively constant for the data treated here and need not be represented
explicitly in the model.
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once, twice, or three times in the list memorized prior to the experimental
session. If the number of occurrences of a word in the target list affects its
familiarity value. then both error rate and latency should be less for multiply
represented items than for items appearing only once in the list. If, however,
the word’s familiarity is unaffected by repctitions in the study list, then the
error rate should be the same for all target items; further, any latency cllects
would have Lo be due to a faster search of the E/K store for an item multiply
represented in the target list compared with one appcaring only once. The
results showed that error rate and response latency were less for items that
occurred two or three times in the list than for items included only once.
Model 11 was used to generate fits to the data, assuming that the expected
familiarity value of a target word is an increasing {unction of the number of
times it-was included in the target list; the search of the E/K store was postu-
lated to take the same time for all items. The model provided an excellent
fit to the data (Atkinson & Juola, 1973).

Other cxperiments have demonstrated the importance of scmantic prop-
erties of words in determining the familiarity value of an item. Juola et al.
(1971) reported that if synonyms of target words were used as distractors
both response latencies and error rates increased over the values obtained
for semantically unrelated distractors. Another experiment (Atkinson &
Juoia, 1973) provided target sets arranged into a tree structure to reflect the
semantic hierarchy from which the words were taken. During the test session
target words were selected either from a “dense’ portion of the hierarchy (one
of four nodes on a branch with up to four exemplar words under each node)
or from a ‘sparse’ portion (one of two nodes with only two exemplar words
under each node). The data showed that mean latencies for positive responses’
were less for targets from dense portions of the tree than for targets from the
sparsely represented regions. The results from these two experiments indicate
that the expected familiarity value of a word can be increased by testmg
semantically related words.

An experiment by Juola (1973) was designed to test the importance of
stimulus-encoding factors in determining an item’s familiarity value. The
subjects memorized a list of 48 common nouns and then were tested with
either words or simple outline drawings of the objects named by the words,
Both words and pictures were presented as targets and distractors, and all
items were tested twice. Of interest was the nature of the repetition effects
when the second test of an item was either identical in form (e.g., ‘CAT" fol-
lowed by ‘CAT’) or different (e.g., ‘CAT’ followed by a picture of a cat).
Repetition of the same pictorial form resulted in a faster encoding time;
repetition (whether in the same or a different form) also increased the famil-
tarify value of the items. The relative importance of these two effects was
estimated by comparing mean latencies for repeated targets and distractors
for the case in which the exact form of the stimulus was preserved on both
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tests with the case in which different forms of the item were presented on
successive tests. The results showed that subjects were faster on trials in
which repeated items were presented in-the same form (word or picture) as
they had been shown on the first presentation. This was true for distractors
as well as for target items. However, there were no significant differences in
the error rates for items that were testéd with the same or different stimulus
forms on successive presentations. Thesc results indicate that the familiarity
value of an item is relatively independent of the form of the stimulus at the
time of test. However, the form of the stimulus does have an effect on encod-
ing time,

RECOGNITION MEMORY FOR ITEMS
IN SHORT-TERM STORE

The theory presented in the previous sections was originally formulated to
deal with recognition experiments involving large target sets stored in LTS,
It is possible, however, to extend the model to the case in which the target
set consists of a small number of items in STS. The results [rom experiments
using small memory sets have generally shown that response latencies are
linear, increasing functions of the number of target items, with roughly equal
slopes for positive and negative responses, A model used to account lor these
findings is the serial scanning process proposed by Sternberg (1966, 1969a,
1969b). According to Sternberg’s model, the subject encodes the test stimulus
into a form that is comparable to the internal representations of the target
items stored in STS. The encoded test item is scanned in serial fashion against
each of the memory items, and then a decision is made about whether or not
a match was obtained. The model predicts that latency will be a linear func-
tion of memory-set size, with both positive and negative responses having
the same slope but possibly different intercepts.

Whereas the Sternberg model has proved adequate in explaining the results
from many short-term recognition experiments, there are reports in the liter-
alure of systematic discrepancies between data and the model’s predictions.
It is not possible to review these results here (see Nickerson, 1970), but
variations from the model have involved departures frotn linearity in the
functions relating response latencics to target-set size, differences in slopes
between the functions obtained for positive and negative responses (including
cases in which the slope for positive responses is significantly greater than that
for ncgatives), serial position effects in the latencies of positive responses,
and trial-to-trial dependencies. These findings have led some authors (Badde-
ley & Ecob, 1970; Corballis, Kirby, & Miller, 1972) to proposc alternative
models for short-tcrm recognition memory, suggesting that response decisions
might be based solely on the test item’s memory strength. Strength models
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usually assume that there is a single criterion along the strength continuum;
values above this criterion Iead to positive responses. In addition, the decision
time is assumed to be greater for values near the criterion, and both the
criterion itself and the mean strength value of the target items are assumed
to decrcase as the number of targets increases.

[t is our view that the test item’s familiarity value (which in some sense
is comparable to a strength notion) may play the same role in the short-term
casc as it does in long-term recognition studies. List-length effects are still
to be explained in terms of a scan of the target set, but on occasion this
scarch may be bypassed if the test item's familiarity is very high or very low;
as in the long-term case, the probability of bypassing the target-set search
will depend upon the reliability of the familiarity measure in generating
correct responses.

The probability of bypassing the target-sct search should be minimal in
experiments using a small pool of items from which targets and distractors
arc to be drawn on each trial, as in the Sternberg (1966) study, which involved
only the digits O to 9. The reason is that, during an experimental session, all
items in the stimulus pool receive repeated presentations, and the resulting
high familiarity values become less and less uscful in distinguishing targets
from distractors; thus a search of the target set will be made on most trials,
resulting in large list-length effects. Support for this view comes from a study
by Rothstein and Morin (1972}, who reported much larger slopes for the
responsc-time function in a short-term scanning task when the stimuli were
selected from a small pool (10 words) than when selected, without replace-
rient, from a very large pool of words. For the small item pool, we assume
that repeated presentation increases the familiarity of all items to a uniformly
high level, thereby reducing its usefulness as a basis for responding. Thus,
the probability of executing a target-set scarch should be maximal, causing
the slope of the response-time functions to take on its maximum value.

Figure 11 presents a flow diagram of the processes involved in recognition
memory for items stored in STS. As in the case for target sets stored in the
E/K store (Fig. 3), the test item is first encoded and the appropriate node
in the lexical store is accessed, leading to the retrieval of a familiarity value
for the item. If the familiarity value is very high or very low, the subject
outputs a fast response that is independent of memory-set size. For inter-
mediate familiarity values, the subject retrieves an internal code for use in
scanning STS. Thus far, the processes proposed for short-term recognition
are identical with those of the long-term case. However, the internal code
used to search STS may not be the same ds that used in the long-term memory
search. For example, Kiatzky, Juola, and Atkinson (1971) provided evidence
that alternative codes for the same test item can be generated and compared
with cither verbal or spatial representations of target-sct items. After retricval
of the appropriate internal code, a search of the target list stored in STS is
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FIGURE 11.

A schematic representation of the search and decision processes in a short-term recognition
mermory study. A test stimulus is presented (1) and then matched 10 a node in the lexical
store (2). The familiarity value associated with the node may Yead to an inimediate decision
{3) and response output (6). Otherwise, a search code is extracted and scanned against the
target list in STS (4), which leads to a decision (5) and subsequent response. Path (1), (2).
(3}, (6) results in a fastet response than Path (1), {2), (4}, (5). (6), and the response is inde-
penclent of the size of the ST sel.

executed, and a response based on the outcome of this scan is then made.

An unpublished study conducted by Charles Darlcy and Phipps Arabie at
Stanford University was designed to assess the effects of item familiarity in a
short-term memory task. The familiarity values of distractor items were
manipulated to determine il this variable would affect the slopes and inter-
cepts of the function relaling latency to target-sct size, On each of a long
serics of trials, a target sct of from two to five words was presented audi-
torally, foliowed by the visual presentation of a single test word. The words
used in the target scts were different on every trial of the experiment; that is,
a word ance used in a target st was never used in any other target set. On
half the trials a word from the current target set was presented for test; these
trials will be designated P trials to indicate that a “positive response” is correct.
On the other half of the trials, a distractor (a word not in the current tarpet
set) was presented for test; these trials will be called N trials because a ‘nega-
tive responsc’ is correct. The distractor words were of three types: new words
never presented before in the experimeit (denoted N, because the word was
presented for the first time): words that had been presented for the first time
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FIGURE 12.
BDistributions of familiarity values for the three types of distractor items (Ny, Na, Nj)
and for target items (P).

in the experiment as distractors on the immediatety preceding trial (denoted
N, because the word was now being presented for the second time); and
words that had been presented for the first time both as a member of the
memory set and as a positive test stimulus on the immediately preceding
trial (denoted N,, because thec word was now being presented for the third
time). Thus there were four types of test items (N;. N.. N;, P), and we assume
that different degrees of familiarity are associatcd with cach.

Figure 12 presents a schematic representation of the four lamiliarity dis-
tributions, The density functions associated with the test word on an Ny,
N:, N;, or P trial are denoted ¢(x; Ny, ¢{x; N2}, é(x; N3}, or ¢(x; I), respec-
tively; as in the previous application, these functions are assumed to be
normally distributed with unit variance. Their expected values are denoted
By By By 20d gy, The quantity u, should be largest because the test word
on a P trial is a member of the current trial target sct and should be very
familiar; uy should be smallest because N; words are completely new; and
uty, and gy, should be intermediate because N, and N, words appeared on the
prior trial. The probabilities of errors for the four trial types are determined
by the areas of the familiarity distributions above ¢, for distractors, and below
co for targets; that is,

P(Error | N,) = fr‘ olx; Ny dx, fori=1,2,3; (13

P(Error [Py = [* 4(x; P)dx. (14)

Let us now derive expressions for reaction times in this situation. For sim-
plicity, only Model 1 of the preceding section is considered. To obtain gqua-

tions for response latencies, it is necessary to sum the time for the encoding
and familiarity-retrieval process (time £), the time [or a fast response decision
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based on the familiarity value alone (time p) weighted by its probability, the
time for a scarch of the memary list in STS (time « -+ «m. with m defined as
the size of the short-term target sct) also weighted by its probability, and the
time for response output {ry and r, for negative and positive responscs, re-
spectively). Thus, the expected time for a correct response is

IN)={l+r
+ [ ooxs Ny dx + [ (o + &+ amdgt; Ny d ] [ [ ot Noyax] ™

(15)
fori=1,2,3;and
(P)=°2+n
+ [[7 potx; Prex + [T G0+ x + emaCe Pyax] [ [7 s Pyax]
(16)

The expression #(N,) gives the time to respond correctly to an N, item, whereas
{(P) gives the time for a correet response to a P item. The preceding expres-
sions can be written more simply if we define

5t = [_[: o(x; N.-)d.r] [j_r; olx; N.)dx] i fori=1,23: _(l?)

s=[ [" ot Pyax] [ [7o0x:Pyax] ™ (18)

Then
KN = [0+ p+ ro] + si[k+am], fori=.1223: (19)
KP) = [f+ p + n] + s[k + am]. 20

The quantitics 7 and s are determined by the familiarity distributions and ¢,
and ¢o and are not influenced by m. Thus #(N,) and #(P) plotted as functions
of m yield straight lines with slopes oy} and «s, respectively.

The latency data from the experiment are presenied in Figure 13, Note
that latency increases with memory-set size and is ordered such thdt P is
fastest, and Ny, N, and N; are progressively slower, To it the model to these
dala, we procecd in the same way as we did for the long-term experiment.
The observed prebabilitics of an error on Ny, Na, and Ny trials were 0.008,
0.018, and 0.058, respeetively. Using these error probabilitics and Equation
I3 yiclds the following relations: py = ¢ — 2415 pg = ¢ — 2,100 uy, =
¢1 — 1.56. The probability of an error on a P trial was 0.028; using Equation
13 yiclds gp = oo+ 1.91. Sctting ¢y equal to zero leaves the following five
parameters to be estimated rom the latency data: ¢, (F 4 p -+ 1), 1. &, e,
where 7 is again defined as 7o — 1. An RMSD function equivalent to the one
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Correct respanse latencies as a funetion of the size of the memory
set. The straight lines fitted to the data represent theoreticul
predictions,

presented in Equation 12 was specified for the 16 data points in Figure 13, and
a computer was programmed to scarch the parameter space for a minimum,

Table 5 presents the parameter estimates, and the theoretical predictions
arc graphed as straight lines in Figure 13, In carrying out these fits, 9 param-
eters were estimated from the data; however, there are 4 error probabilities
and 16 latency mcasures to account for. Thus 9 of 20 degrees of freedom
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TABLE §
Parameter estimates for the
short-term memory study

Parameter Estintate
(4] 2.52
(L4p+n) 499 msee
r 64 msec
£ 70 msec
e 33.9 msce

Nate:r=r,——r.

were used in the estimation process, leaving 11 against which to evaluate the
goodness of fit,

The results in Figure 13 indicate that the familiarity valuc of the distractor
item has a large effect, with the slopes and intercepts of the negative functions
increasing with their expected familiarity values. These effects are captured
by the model, which generally does a salisfactory job of filling the data. The
predicted slope of the #P) function is 24 msee, whereas the predicted slopes
for ((N:). 1{N,), and {(Ny) go from 18 msec to 22 msee to 28 msec, respectively.
If the subject ignored the familiarity measure and made a scarch of the
memory list on every trial, then all four functions would have a slope equal
to o, which was estimated to be 33.9 msec.!?

The results shown in Figure 13 support the proposition that familiarity
cffects play a role in short-term memory scanning experiments. Further, these
effects can be accounted for with the same model that was developed for
long-term recognition studies. [However, examination of the parameter esti-
mates for the short- and long-term cascs indicates that the time constants for
the two processes are not the same (sc¢ Tables 4 and 5). For example, the
time to initiate the extended search, «. is 70 msec in the short-term study
compared with 137 msec in the long-term study. In contrast, the scarch rate,
av, is 33.9 msec in the short-termi case and only 9.9 msec in the long-term case.
Thus, the search is initiated morc rapidly in the short-term case, but the
scarch rate is faster in the lang-term case. We will not pursue these com-
parisons here, but will return to them later.

“in the next section the model is generalized to an experiment in which tar-
get items were stored in cither STS or LTS, or in both. For this case, the
theory must be claborated to account for such possibilities as sequential or
simultaneous scarch of the two memory stores and changes in the decision

12 Similar fits were carried out using Model B, which involved estimating both o and o'
The estimate of «" was somewhal below that of o, but the goddness of fit was only slightly
improved over that obtained for Model 11, using one less parameter,
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criteria, depending on whether the test item is potentially a member of a list
stored in LTS, in STS, or in both.

AN EXPERIMENT INVOLVING BOTII
LONG- AND SHORT-TERM TARGET SETS

Experiments by Wescourt and Atkinson (1972) and Mohs, Wescourt, and
Atkinson (1973) were designed to compare results for the cases in which the
subject maintained target sets in LTS, in STS, or in both. Figure 14 presents
a flow diagram for the case in which the test stimutus could be a member of a
tarpet set in either store. When the test stimulus is presented. it is encoded
and the appropriate lexical node is accessed. If the familiarity value associated
with that node is above the high critcrion or below the low criterion, a fast
response is cmitted. IT familiarity is of an intermediate value, the subject exe-
cutes an extended search of the two memory slores. Again, it is likely that
the internal representations of items in STS and the E/K store are different;

RESPONSE RESPONSE [ 3™~/ LEXICAL STORE !
OUTPUT GENERATOR \ !
S |
i 1
2 _::':::::::::_{
& ) @)|; /K STORE ;

|
s | e '.
E R STset Ay :
TEST N OE 19 | ey )
STIMULUS 0 ? | oy BRE |
Y o1 'O | Lems |

L 1
E L ! |
R | I
e e e e e e e = J
SHORT-TERM  LONG -TERM STORE

FIGURE 14. STORE

A schematic representation for the case where part of the target set is in STS and part is
in LTS. A test item is presented (1) and then matched (o its node in the lexical store (2).
The familiarity index of the node may iecad to an immediate decision (3} and response
output (7). Otherwise, an ST code and an LT code are extracted for the lexical node, and
then used to search STS and LTS (4). A decision aboul the test item is eventually made
based on the search of LTS (5) or of STS (6), and a response is output (7).
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thus, different codes of the test item must be extracted from the test item’s
lexical node before this scarch can begin. The scarch continues until a match
is obtained or until both sets are searched without finding a maich, and then
the appropriate response is made.

In the study considered here, two types of trial blocks were used. For one
type, designated the S Block, the target set consisted of only short-term items
(ST sct). For the other, the M Block, the target sct involved a ‘mix” of both
an ST set and an LT set. The ST set is distinguished from.the LT set in two
ways:

{1} The ST set was presented on each trial before the onset of the test
stimulus; it always involved a new set of words never before used in the
experiment. On the other hand, the LT set was thoroughly memarized
the day before the first test session and used throughout the experiment.
(2) The ST set contained a small number of words (1 to 4), which could
readily be maintained in short-term memory without taxing its capacity.
The LT set consisted of a list of 30 words (imemorized in scrial order)
stored in long-term memory.

The subjects were tested in three consecutive daily sessions (the data from
the first day are not included in the results reported here). Each session was
divided into M and S Blocks. On each trial of an M Block, 0 to 4 words (ST
set) were presented prior to the onset of the test word. On positive trials, the
‘test word was selected from either the LT set or the ST set if the ST set was
nonempty (load condition); or the test word was selected from the LT set if
there were no ST items (no-load condition). On negative trials, the test word
was not in either the ST or LT set and had never been used before in the
experiment. On each trial of the S Block, an ST set of from 1 to 4 words was
presented prior to the onset of the test stimulus; on positive trials a word
from the ST set was presented for test, and on negative trials a word never
used before was presented.

Trials in the S Block are like those in a short-term memory-scanmning experi-
ment and are referred to as S trials. The no-load trials of the M Block corre-
spond to those in a long-term recognition task such as the one reported
earlicr in this chapter: because tests invelve only the long-term target set,
these trials are called L trials. The load trials of the M Block require the sub-
ject to evaluate a test word against both an ST set and the LT sct, and they
are called M trials. Thus, S trials involve a pure {est of short-term memory,
L trials a pure test of long-term memory, and M trials involve a mix of both
short- and long-term memories.’® Figure 15 illustrates the various trial types.

1 Studies of this sort have been reported by Forrin and Morin (1969 and Doll {1971).
However, they have employed very small LT sets, and there is the possibility that the sub-
ject could enter the entire LT set into short-term memory on sonie or all of the trials. Thus
a complete separation of the long- and short-term searches might not have been achieved.
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FIGURE 15.
Liagram representing the three types of trials, In all blocks, distractors involve words
never presented belore in the experiment.

Figurc 16 presents the mean latencies of corrcet responses for the various
trial types. The straight lings fitted to the data represent theoretical predictions
and arc discussed later. In discussing these results, it is useful to adopt the
notation defiied in Table 6. In all cases these measures refer to the latency
of a correet response. The subscript on f indicates the trial type (S, L, or M);
the P in parentheses indicates that a positive response was correct (i.e., a
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FIGURE 16,

Mean response latencies as functions of ST-set size (#7) Tor the S Block (left panel) and the
M Block (right panel). The lincar functions fitted to the data are explained in the text,
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TABLE 6
Definition of notation

Notation Definition
1 P) Time for a positive response on an S trial
te(N) Time for a negative response on an S trial
h{P) Time for a positlive response on an L trial
n{N) Time for a negative response on an L trial

tu(P <— ST) Time for a positive response (o a test item from the ST set on an M trial
(P <—— LT) Time for a positive response 1o a test item from the LT sct on an M trial
ru(N) Time for a negative response on an M trial.

target item was prescnted for test), whercas N indicates that a negative re-
sponse was correct (i.e., a distractor was presented for test).

Inspection of Figure 16 shows that the observed values for f«(P), f=(N).
and ty(P «— ST) are all increasing functions of nr1, the size of the ST set.
In contrast, neither fy(P <~ LT) nor ty(N) appcars to be systematically
influenced by the size of the ST set. The presence or absence of an ST set
in the M Block, however, does have an effect, as is evident by comparing
responses on L trials with comparable ones on M trials. Specifically, note
that the four observed values for 1,,(P <— LT) are well above £;(P). and that
the four f(N) values are above 7, (N).

The model to be tested against these data assumes that the extended
searches are executed separately in STS and in the E/K store. The questions
to be asked involve the notion of whether the two memory stores are searched
sequentially or simultaneously. Figure 17 presents several flowcharts that
represent the differences between serial and parallel scarches of STS and the
E/K store. The diagram in Figure 17(A) represents the sequence of events
on an § trial and corresponds to the short-term recognition model presented

FIGURE 17. (facing page)
Flowcharts representing models for processing strategies in searching the memory stores.
The model for S trials is shown in Panel A; arrows (1) and (2) represcnt fast responses
based on familiarity alone, whereas (4) and {5) represent responses after a search of STS
has occurred. The model for L trials is shown in Pancl B and has the same interpretation
as Panel A except that the search involves the E/K store. Two alternative models for M
trials are presented in the bottom two panels. Panel C presents a parallel scarch. As before
(1) and (2) indicate fast responses based on familiarity: (3) and {(4) indicate that the searches
of STS and the E/K store are done simuftaneously. Lf the test item is found in the ST set
{3) or in the LT set {7), a positive response is made; if the item is not found in the 5T set
(6) the subject has to wait for a similar outcome from the search of the LT sct (%) before
a negative response can be made. In Panel D, a sequential search modet is presented lor
"M trials. The arrows {1) and (2) represent fast responses based on familiarity. When a
search is required, the ST sel is examined first (3). If a match is found, a positive response
is made (4); if not, the LT set is searched (5). When the LT-set search is completg, either a
positive (6) or negative response (7} is output.
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in the preceding scction. It assumes that initially the subject makes a fa-
miliarity estimate of the test item, and on this basis he outputs a fast positive
or ncgative response if its value is above the high criterion or below the low
criterion, respectively. Otherwise, the subject delays his response until a
search of STS has been made, the length of this search being a linear function
of m (the size of the ST set). Figure 17(B) represents the stages involved
on an L trial. Again, the subject can output a fast negative or positive re-
sponsc based on familiarity alone. Otherwisc he initiates a search of the E/K
store before responding; the time for this search is a linear function of d
(the size of the LT sct).14

For M trials there are at least two scarch strategies that suggest themselves.
First, it is possible that the subject might search both STS and the E/K store
simultancously, outputting a response when the test item is found or when
both stores have been scarched exhaustively without finding the target. This
strategy is represented in Figure 17(C). Alternatively, it is possible that the
two memory storcs are scarched sequentially. Because response time is less
to a test item from the ST sct than to one from the LT set, we assume that
STS is scarched first, as shown in Figure 17(D). For both of these M-trial
strategics, a fast response will be emitted before a search of cither store is
made il the retrieved familiarity value is above the high criterion or below
the low criterion. :

Examination of the data in Figure 16 indicates that the sequential model of
Figure 17(D) can be rejected. In this model, the scarch of the E/K storc
cannot begin until the STS scan has been completed. Because the length of
the STS search depends on the size of the ST set, the beginning of the search
of the E/K store and, in turn, ty(P <— LT) and 1y(N) should increase as
the ST set increases. The data in Figure 16 indicate that this is not the case;
both (P «— LT) and ty({N) appear to be independent of ST-set size. How-
ever, these data are compatible with a paraliel search model of the type shown
in Figure 17(C), if it is assumed that the rate of search in the E/K store is
independent of the number of ST items. In order to make a detailed analysis
of the models shown in Figure 17, we must derive theoretical equations and
fit them to the data.

THEORETICAL PREDICTIONS FOR THE
STS-LTS INTERACTION STUDY

The decision stage of the general model, as represcnted in Figure 5, must
be adapted to account for the experimental conditions of the experiment. Tt
is necessary to allow for differences in the decision process, depending on

" Throughout this chapter, d is used to denote the size of a long-term target set and m to
denote the size of a short-term target set.
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whether the test item is potentially Iocated in STS only, in the E/K store
only, or in both. These differences may be included in the model either by
allowing the mcans of the familiarity distributions to vary as a function of
the trial type, or by allowing the decision criteria to change. For the present
analysis, we assume that the means of the familiarity distributions are con-
stant over all conditions. This scems to be the most parsimonious assump-
tion; familiarity should be a property of the test stimulus, but the subject
could be expected to adjust his decision criteria differently depending on
whether it is an S trial, an L trial, or an M trial. Three familiarity distributions
are specified: one associated with a test item drawn from the ST set; another
for a test item {rom the LT set; and the third for a distractor item, Thesec
distributions are assumed to be unit-normal, with cumulative distribution
functions dx(-), br(-). and &p(-), respectively. The means of the distributions
arc designated ug, p,. and p,, and they arc assumed to be fixed for the data
analyzed in this chapter. The reasons for fixing the means are the following:
distractor items and ST items appear only once during the experiment, and
thus repetition eflects on familiarity are not a factor: for the LT itcms, we
treat data only after these items have had several prmr tests, and their
familiarity should be closc to an asymptotic level, _

Figure 18 prescnts a diagram of the familiarity distributions as they apply
on §, L, and M trials. Note that the mean for each distribution is placed at
the same point on the familiarity scale, no matter what type of trial is in-
volved. Differences in the decision process arisc because the subject can set
his criteria at different values in anticipation of an 8, L, or M trial, This
possibility is indicated in Figure 18. The low and high criterion ‘values are
denoted as cox and ¢ s Tor S trials; as ¢y 1, and ¢, 4, for L trials; and as ¢y x
and ¢, m for M trials. How the subject scts the criteria depends on the trade-
off he is willing to accept between Speed and accuracy’; the nature of the
trade-off, of course, varics as a function of the trial type.

Notation comparable to that in Table 6 is used to denote error probabilities,
For example, Ex(P) denotes the probability of an error on an § trial for
which the correct response was positive. This probability is the tail of the 5T
distribution to the left of ¢ s in Figure 18, Table 7 presents theoretical ex-
pressions for the various types of errors.

As before. it is possible to derive equations for response latencies by weight-
ing cach stage of the process by the probability that it occurs, and then sum-
ming over stages. On every (rial the test stimulus must be encoded and the
appropriate node in the lexical store accessed; tine for this stage is £ and is
assumed to be the same for all trial types. Next, the subject must make a
decision based on the retrieved familiarity value; using Model LI, we assume
that this decision time is p and also is independent of the trial type. 1f a fast
positive or negative response is called for, bascd on the familiarity value, it
will be executed with time #, ‘or r,, respectively.
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FIGURE 18,
Distributions of familiarity values lor the three trial types.

When the familiarity value falls between the two criterion values, a search
of the stored target list or lists is required. The nature of this search depends
on the trial type because different internal codes may be used and different
memory stores scanned. Three classes are to be considered.

S trials. An ST code is extracted from the test item’s lexical node and
then is scanned against the target set in STS; the time to extract the code

280



TABLE 7
Theoretical expressions for the probabilities of seven types of errors

S trials L trials M trials
Eg(P) = bg(co,8) E (P) = ®(cq,1) Eu(P «— ST) = dglce,u)
Eg(N) = 1 — &plerp) EN) = 1 — &lci1) En(P — LT) = &1ceu)

Ey(N) = 1 — &1fc1n)

is denoted as xs, and then time m- oy is required to scan the m items in
the ST set. 1

L trials, An LT code is extracted from the lexical node, which takes
time x,., and then is scanned against the d items in the LT set, which takes
time d-ay, (d in the experiment is 30).

M trials. Both an ST code and an LT code are extracted from the node,
and each is scanned against the appropriate list. The extraction of the two
codes takes time xu, and the respective scans take times m-ar and d- oa..
(Thus, a positive response to an ST or LT item takes time m-ax or d-ay,
respectively; 2 negative response takes time d-ai, because both lists
must be scanned, and the time is determined by the slowest scan which
always involves the LT set.)

Whichever of these three cases applies, a positive or negative respomse——once.
a decision has been made-—tequires time r, or ry, respectively.'?

In terms of these assumptions, we can derive expressions for the latency
of a correct response for each of the trial types. The derivation is similar to
that for Equations 15 and 16, and only the results are presented:

15(P) = (£ + p + 7) + Ss(xs + Mmas); (21a)
1s(N) = (£ + o + ry) + silxs + mes); 21b)
t(P) = (¢ + p + 1) + s, + den); (22a)

18 The parameters « and o are used here in the same way as in carlicr accounts of the
theory, The subscript indicates that « depends on the code(s) to be extracted, and « on the
memory store 1o De scanned.

18 1 i3 assumed thal o, is independent of the sjze of the ST set, and that any differences
in seanming the LT sel on L trials and on M trials is due (0 «, and xy. respectively. Inde-
pendent support for this assumption comes from a study that replicated the M-Block trial
sequence, except for the fact that all targets were drawn from the LT set. Suljects had to
maintain a set of items in STS (that varied from 0 to 4 words); however, they knew that the
test would involve cither an LT item or a distractor. Under these conditions the latency of a
positive response to an LT item and the latency ol a negative response 10 a distractor were
both constant as the ST-sct size varied from 0 to 4 (i.e., no change in latency occurred when
an ST set was or was not present), In this experiment the scan of the LT set was determined
by a;. and xi. on all trials; the parameter xy was not required because only the LT code had
to be extracted from the lexical node on both L trials and M 1trials.
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fl.(N) =l +p+ )+ .S';.(A'r, + deer ) (22b)

I(P«—ST)=({+p+r)+ Su slew + mexg); . (23a)
(P +— LT) = (£ + o+ 1) + sualsn + do): (23b)
(N) = {4+ p -+ 1) + slxn + devr). (23¢)

The s functions in thesc cquations represent the probability of an extended
search conditional on the occurrence of a correct response; they are com-
parable to those in Equations 17 and 18 and are given in Table 8.

TABLE B
Probability of an extended memory scarch
conditional on a correct response

s Tunction Theoretical expressions
Y [duleyn) — daley<) [T — duleg <)) !
-"; {duders) — duleo w) |[Prlep)]
5, [rfes, ) — Plen )i — Bifear)]!
5t [boler.1) — bukco.c) ! [idea)]
Su.m [@ulerm) — oo wd|[1 — Daleaw)i !
Sy [ufey w) — dilea mdi[1 — dyleam)] !
-";, [iderm) — dpfen v {Pulerm)i

In fitting the model to the data, we used a procedure somewhat different
from the one employed in the previous experiments, An RMSD function
comparable to that given in Equation 12 was defined, but it was composed of
two components that were weighted and summed. The first component in-
volved deviations betwcen the 7 observed and predicted error probabilities
of Table 7, and the second component involved deviatioris between the 22
‘observed and predicted latencies given by Equations 21 through 23. Param-
eter estimates were then obtained by using a computer to scarch the param-
eter space and obtain values that minimized the RMSD function; in the
search u;, was arbitrarily set at zero. The parameter estimates are given in
Table 9. Fifteen parameters were estimated {rom the data, but there are 7
error probabilities and 22 latency measures to be predicted: thus 15 of 29
degrees of freedom were used in parameter estimation, leaving 14 against
which to judge the goodness of fits.

The theoretical fits for the latency data arc presented as straight lines in
Figure 16. The most deviant point is that for t«(P) when # = 1. This particu-
lar discrepancy is not unexpected in view of previous rescarch (Juola &
Atkinson, 1971); it appears that for a memory set of one item (in the pure
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TABLE Y
Parameter estimates

Familiarity measures and

Lutency measures decision criteria
(£ + p + r) = 408 msec po =10
r = 3() msec up, = 1.53
xg = 69 msec us = 1.5!
x, = 140 msec to.n = —0.99
Ky = 207 msec .8 = 2.13
as = 35.0 msec co.1. = —0.33
o, = 9.8 msec cu = L56
com = —0.25
i, M = 1.72

Note:r=r,—r,.

short-terni case) a decision can be based on a direct comparison betwcen a
sensory image of the memory item and the sensory input for the test item.
Thus, a different process is operative on these particular trials, leading to
unusualiy fast responsc times. Otherwise, the fits displayed in Figurc 16 are
quite good, given the linear character of the predictions.'” Also, the param-
eter estimates are ordercd in the expected way. The estimate of kg is less than
xr, as would be expected by comparing the « values for the long-term and
short-term recognition experiments given in Tables 4 and 5; xy is the largest
of the group and should be since it involves extracting both an ST and LT
code, There is close agreement between the cstimate of xx in this study (69
msec) and in the short-term study (70 msec); similarly, the estimate of x,
(140 msec) agrees with the corresponding estimate in the Yong-term study (137
mscec). The o values arc also ordered as expected, with a much slower search
rate for the ST sct than for the LT set. Note that the estimate of «s {(35.0
msec} is close to the « value estimated for the short-term study (33.9 msec),
and that ar, (9.8 msec) is virtually identical to the « value cstimated for the

17 The curvilinear component in the data of the lett pancl of Figure 16 [excluding 7{1*)
for m = 1] was unexpected. because a study by Juola and Atkinson (1971), using a similar
procedure but employing only S-type trials, yielded quite straight lines, (For a comparison
of the two procedures, see Wescourt & Atkinson, 1973,) The maded presented in this chapler
can be peneralized to yield curvilinear predictions, One possibility is that the subject adjusts
his decision criteria as a function of the ST-set size: when the large memors set is presented,
he anticipates a slow response and attempts to compensate by adjusting the crileria o
generate more fast responses based on familiarity alone. Another possibility is that, under
certain experimental conditions, the familiarity ol the target items depends on their serial
position in the study list (Burrows & Qkada, 1971). This assumption would lead 1o scrial
position effects and could also account for the curvilinear effects noted here, For a discus-
sion of these possibilities see Atkinson, Herrmann, and Wescourt (1974).
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long-term study (9.9 msee). Differences in response keys and stimulus displays
mazke it doubtful that (f 4- ¢ -k r1) or r should agree across the three studies
reported in this chapter. The parameters that one might hope to be constant
over cxperimients do indeed seem to be, providing some support for the model
beyond the goodness-of-fit demonstration.

SUMMARY AND CONCLUSIONS

In this chapter we have considered a model for recognition memeory. The
model assumes that, when a test stimulus is presented, the subject accesses
the lexical store and retricves a familiarity value for the stimulus. Response
decistons based only on this familiarity value can be made very quickly, but
result in a relatively high error rate. If the familiarity value does not provide
the subject with suflicient information to respond with confidence, a sccond
search of a more extended type is cxecuted. This latter scarch guarantees that
the subject will arrive at a correct decision, but with a consequent increasc in
respansc latency. By adjusting the criteria for emitting responscs based on
familiarity versus those based on an extended memory scirch, the subject can
achieve a stable level of performance, matching the speed and accuracy of
responses to the demand characteristics of the experiment.

The model provides a tentative explanation for the results of several
recognition-memory experiments. The memory search and decision stages
proposed in the present chapter arc indicdtive of possible mecchanisms
involved in recognition. We do not, however, believe that they provide a
complete description of the processes involved ; the comparisons of data with
theorctical predictions are reported mainly to demonstrate that many features
. of our results can be described adequately by the madel.

There are several additional observations, however, that suggest that the
memory and decision components of the model correspond Lo processing
stages of the subject. Introspective reports indicate that subjects might indeed
output a rapid response based on tentative, but quickly retrieved, information
about the test stimulus. Subjects report that they are sometimes able to
respond almost immediately after the word is presented without ‘knowing
for sure’ if the item is a target or not. The same subjects report that on other
trials they recall portions of the memorized list before responding. The fact
that subjects arc always aware of their errars supports the general outline of
the model: even if the initial familiarity of an item produces a decision to
respond immediately, the search of the appropriate memory store continues
and, when completed, permits the subject to confirm whether or not his
response was correct.

Additional support for the model comes from its gencrality to a variety of
experimental paradigms (for examples, sce Atkinson & Jjuola, 1973). As
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reported here, the model can be used to predict response times in recognition
tasks with target scts stored in LTS or STS, or in both. It can also handle
results from other classes of recognition experiments, such as those employing
the Shepard-Teghtsoonian paradigm (c.g., Hintzman, 1969; Okada. 1971).
The differences in results from these various types of tasks can be explained
in terms of the extended memory scarch stage: the likelihood that the subject
delays his response and makes an cxtended search of memory is determined
by the criteria he adopts to minimize errors while stiil insuring fast responscs.
Once the extended scarch is initiated, its exact nature depends on how the
target set is stored in memory (Smith, 1968). If the target sct is a well-ordered
and thoroughly memorized list of words, the extended search will involve
systematic comparisons between the test stimulus and the target items, On
the other hand, the target set may be represented in memiory as a list of
critical attributes (Mever, 1970). In this case, the extended search would
involve checking features of the test stimulus against the attribute list (Neisser,
1967). The dependency of latency on target-set size then would be determined
by the relationship between the number of attributes needed to unambigu-
ously specify a target set and the set’s size. Finally, target items may be
weakly represented in mcmory (e.g., because they received only a single study
presentation); then the extended search might be aimed at retrieving con-
textual information, with scarch time relatively independent of target-set size
(Atkinson, Herrmann, & Wescourt, 1974 Atkinson & Wescourt. 1974).

These speculations about recognition memory and the nature of the
specific task lead to certain testable hypotheses. If the subject adjusts his
criteria to balance errors against response speed, different instructions could
be used to alter the criteria. For example, il the target set is a well-memorized
list of words, and the subject is instructed (o make every cilort to avoid errors,
the appropriate stratcgy would be to always conduct the extended scarch
before responding. Because the time necessary to complete this scarch de-
pends on target-set size, both overall latency and list-length effects should
increase. Alternatively, if responsc speed is emphasized in the instruclions,
the subject should respond primarily on the basis of familiarity. in this case,
responses would be emitted without an extended scarch. and overall latency
would decrease and there should be lew, if any, list-lenglh efTects.

For the theory described in this chapter, the encoding process that pernvits
access to the appropriate node in the lexical store is assumed to occur without
error and at a rate independent of the size and make-up of the target set. For
highly familiar and minimally confusable words, this assumption appears 1o
be reasonable and is supported by our data. However, for many types of
stimuli, increascs in larget-set size will lead to greater confusabifity and
consequently to slower, as well as less accurate, responses (Juola et al., 1971).
When this is the case, the explanation of the sct-size cifect given here will nat
be sullicient, for we have assumed that it is due entirely to the extended mem-
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ory scarch. Analyses of set-size effects in the framework of this theory would
be inappropriate if the experiment were not designed to minimize confusions
among stimuli. The theory can be extended to encompass confusion cffects
by reformulating the encoding scheme and perhaps the extended search
process. However, the result would be a cumbersome model with so many
interacting processes that it would be of doubtful value as an analytic tool.
Trying to account for stimulus confusability in a theory of recognition
memory is too ambitious a project, given our current state of knowledge.
Greater progress can be made by employing experimental paradigms specifi-
cally designed to study recognition’ memory and other paradigms specifically
designed to study confusions among stimuli.
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A LEARNING MODEL TOR
FORCED-CIHOICE DETECTION EXPERIMENTS!

By R. C. AtxiNsoN

Stanford University
and

R. A. KiNcriLa
New York University

Several sigmal detection experiments emploving a farced-choice procedure
are analysed in terms of a moddel that incorporates two distine? processes: a sensory
process and a decision process.  The sensary pracess specifies the relation hetween
external signal. events and hypothesized sensory stutes of the eubject, The
decision process specifies the relation between the sensory states sl the oheervable
responses of the subject. “The sensory process is assumed to be fixed thronghout an
experiment, whereas the decizsion process is viewed as varving from trial to trial as
a function of the particular sequence of precedmg ¢vents, The changes iy the
decisinn process are assumed to be governed by a siple stochastic lcarmine model.
‘There are several wavs of formulating the learning mode! and the experiments
repartedd hiere were desicned o select amoeng these alternative approaches.  The
empirical results favour a linear-nperator process with trinl-to-trial changes_in
response probabilitics that are a function not only of the 2ignal and information
events, but alse of the particular sequence of sensory states activated.

1. InTRODLCTION

This paper examines a madel for choice belaviour in a two-altcrnative
forced-chaice detection task.  "The maode! is restricted 1o experimental situations
where the subject is given feedback on every trial regarding the correctness of
his response, and to situations with a simple outcome structure. Thus the model
has a limited range of applicability, but for appropriately contrived ¢xperiments
it appears to provide an accurate account of the gross aspects of the data and
certain sequential effects.  The model represents a special case of a mnre general
theory proposed by Luce (1963); it is also very similar in most details to a model
of forced-choice hehaviour propnsed by Atkinson (1963). The relations of the
mode! developed in this paper to these other theories of detection hehaviour are
examined in some detail by Atkinson, Bower and Crothers (1965, Chapter 5);
they also discuss the relation of the model to various theories that have been
proposed for probability fearning experiments.

The model postulates that the observable relations hetween stimnlus events
and responscs are a product of two processes: a sensory process and a decision
process. The sensory process specifies the relation hetween the external stimulus
event and hypothetical sensory states of the subject. The decision process

'8upport for this research was provided by (ie National Aeronautics amel Space Administration,
no. NGR-05-020-036,
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speceifies the subject’s response in terms of his enrrent sensory state and infirma-
tien that he has acquired during the course of a given experitent. The two
processes interact as follows: the stimulus is fed into the sensory process which
comverts the pattern of external encrgy changes into sensory information (sensory
events); the decisiou process then operates on the sensary information to deter-
mine a response.  Some theories of detection have assumed a continupm of
sensory states (Green, 19605 Swets, 19615 Tanoer amd Swets, 1954), whereas
others have argued fur a finite representation (\ikinson, Carteretre amld Kinclila,
1962; Fechner, 1801); Luce, 1963 ; Norman, 1964}, Further, some have proposed
that the scnsory process is static mver trials, wherens others lutve assemed that
it varics within certain fixed limits from trial to trial as a function of precading
events (Atkingon, 1963). One point of agreement among all theories is that the
decision process is dynamic, and undergoes change when the experimenter
manipulates the presentation schednle or onteome structure. However, for a
piven experimentad schedule some theories treat the decision process as fixed
(independent over trials), whereas others represent it as changing from trial to
trial as a function of the particular sequence of preceding events,  “This latter
way of representing the decision precess is an important feature of the model
considered in this paper. The subject is viewed as adopting a pattern of decision
making in cach experimental situation by means of a simple stochastic learning
mechanism,  The learning mechanism that will be examined is similar to these
ptoposed by Bush and Maosteller {(1955). i

As noted above, the type of psychophysical situation that we shall consider
is a two-alterpative forced-chnice detection experiment,  On each trial two
temporal intervals are defined and the subject is instructed to report which
interval contains a signal. It is a foreed-choice task in that on cach trial the
subject must sclect one of the two intervals as containing a signal even if he is
uncertain as to what occurred. The presentation of a =ignat plus noise in the
first intcrval and noise alone in the second interval on trial # will be denoted as
Si.n and the presentation of noise in the first observation interval.followed by
signal plus noisc in the second pbservation interval as S, ». Further, the subject’s
responses will be denoted A, 5 and A, » to indicate which interval he repurted
contained the signal on trial n.  Yinally, E, 5 and E, » will denote the vecurrence
of an cvent at the end of trial # informing the subject that stimulus S, or 8§,
respectively, was presented. ‘Thus

Si,a =the presentation of stimulus S; on trial n,
A} 2 =the occurrence of response A on trial n,

Ep n=information event at the end of trial » indicating that stimulus

Sy was presented.
Using this notation each trial can be described by the nrdered triple £S5, A, Fid.
In experiments of the type described above the following variables can be
manipulated: (a) physical paraincters of the signal and noise; (b) presentation
schedule of signal events; {¢) information fcedback ; and (d) the outcomié structure
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which specifies the payefls assnciated with correct and incoreeet responses. 1n
this paper we shall examine how these varinbles influence detection behaviour,
but the experiments -reported here deal only with miemipulations invalving
presentation schedules and information feedback,  The presentation of sirnal
cvents will he specified by a prébabilistic schedule; namely, events S, and S,
will furm a binomial sequence with parameter ¥ Further, the expuoriments
empluy a simple onmcome structure.  "The subjeet is instructed to make a correct
response as often as possible, and each trial terminates with an infurmation event
which tells him whether he was correct or not. Vhere are no monctary pavefis
or penalties fur correct and incorrect responses as is frequently the case in
detection experiments.

'The major dependent variable is the prabability of an 1 response on trial

n, given that stimulus 8¢ accurred.  The four outcomes can he represented by
the matrix

A.l.ﬂ 4"3,!!
Py .S:,,., Pr(A,q|Sia) Pr(dsq ;s:,,,,) . a
SembIr{dya {San) DPricd,n|Sen)

"This matrix will be calied the perfor manee matrix,  1u the literatnre the occurrende
of an A, responre to an S, stimulus is calted a lit, and the accurrence of /1,

response to an 8, stimulus is called a false elorm.  We shall use this terminology,
denoting them as Hy and £y, 1.,

Pr(”,,)-—-PrfA,_n | Sl-")
Pr(Fy)=Pr(A, . | Sy.0).
Fixing Pr{f{y) and Pi(Fy), then, completely specifies the performance matrix,

Other quantities of interest cun be defined in terms of the hits and. false

alarms,  Frequently we want to know the probability of an A, response on trial
# indcpendent of the stimulus event; namely,

Pr(A, ) = Pr(H)Pr(S, a) + Pr(Fu)Pr(Sy »). @)
Also of intcrest is the probability of a correct response on trial n (which is
denoted Cy):

PriCy)=Pr{II)Pr(S, n}+[1 = Pr(Fu)1Pr(Sq.a). (3)

2, AssunpTions AND Rruies oF lDENTIFICATION
Sensory and Decision Processes

The mode] assnmes that one and only one sensory state can occur on each
trial of the experiment. ‘The scnsory states will be denoted as 5, 5, 55, 55, .
We do not supposc that the same sensory state nevessarily results whenever a
pacticular stimulus is presented, but rasher that the state is determined by a

random process. The scnsory process on trial 7 of an experiment can be
represented by the semsory mairix

295



S5 S S3 ... 8,
5 S [am an ey ... «f.:']
S.Lely ap o ...l
where o7 denotes the probability of eliciting sensory state s; on trial n given
stimulus Sy on that trial. Similarly, the decision process can be represented by
the matrix
4, 4,
sl diy 4R
nldy dy
spl 4 df)
Dn = . .

(m in}
—dr'; d:"z-!

where @ is the probability of eliciting response 4y on trial # given sensory
state s¢ on that trial. Then the performance matrix specificd by eqn. (1) is
obtained by taking the product of the sensory matrix and the decision matrix;i.e.,

Pn = SnDﬂ-

The model that we shall examine postulates threc sensory states for the
two-alternative forced-choice task:

$o=no detectinn
sy =detection in observation interval 1
§5=detection in ohservation interval 2.

Further, the activation process and the decision prucess are defined by the
following matrices:

B 8 S5
Sl l"'-ﬂ' ag 0
Sa= S;L1-0 0© u] )
A, A,
So[ Pa 1—pn
Du=s,{1 © )

se L0 1 .

There are several points to note about these matrices,  First, the entries in 5,
are cunstants independent of the trial number;- thus the sensory process is
assumed to be fixed over all trials of the experiment.  In contrast, the decision .
process may vary as a function of the trial number, and this dependence is
indicated by affixing the trial index # to p.  Also, 5, can occur only if S, is
presented, and s; can occur only if 'S, is presented. Thus these sensory states
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have an unambiguous relation to the stirnulus, since the signal event can be
inferred with probability 1 when they occur. In contrast, sensory state s, is
ambiguously related to the stimulus, for it can occur following either signal
event. The parameter o characterizes this stimulus ambiguity in the output
of the sensory system. Both Joss of stimulus infurmation duc to external noise
and loss due to limitatiens on the resolving power of the scnsory system are
summarized by e, Thus ¢ may be interpreted as a measure both of the physical
stimulus and of the subject’s scasitivity; o will be rcferved to as the sensitivity
parameter.

'The decision matrix D, reflects the relative ambiguity of the sensory states.
If the subject’s instructions are to make an A, response given an §y stimulus,
then the correet response is completely determined when an s, or s, sensary state
vecurs.  However, the subject faces a dilemma if he must make a- response on
the basis of 54; cither stimulus coulil have eveked s, so the subject needs some
strategy by which he can rezolve the ambiguity and sclect a response. ‘The
quantity p, is a measure of the subject’s tendency to resolve the ambiguity by
making an /1 response rather than an Ay; py will be reflerred to as the response
btas on trial n,

For the experimental variables discussed carlier it will be assumed that the
presentation schedule, infurmation fecdlack and the outcome structure influence
fme bt do not affect the sensitivity parameter o, Alse, it will he assumed that
the sensitivity paraincter, for a given subject, is determined salely y the physical
aspeets of the experimental siwgation. It is, of course, necessary to show
experimentally that these interpretations are correet, and to examine how the
pamamciars o and py, are telated to the physieal characieristics of a given
experimental situation. )

In arder to see how the sensitivity parameter and the bias paramcter interact,
consider the relation between hits and false alarms as ane or the other of these
parameters is manipulated, Taking the product of the matrices in eqns, (4) and
(5) yields the performance matrix Py for this model. T'he entries in the first
column of Py are as follows:

Pr(H)=(1—mpn+0o {6a)
Pr(F))=(1-0a)pp. - (oY)
If o is held constant and pp is manipulated, an exchange telation is established

between Pr(ffy) and Pr(Fy,). 'I'he cquation of this relation can be obtained by
eliminating p, from cqn. (6} yickling

Pr(H,) = o+ Pr{(Fy). ')

Thus, if « is held constant (fixed signal and noise Tevels) and pg is furced to vary
(manipulations in the presentation schedule, outeome structure, ete), - the
rclation between hits and false alarms should be a linear function with stope 1.
Plots of the relation between Pr(f,) and Pr{Fy) under experimental conditions
where the signal-to-noize ratio is held fixed and other variables are allowed to
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vary are often referred to as receiver-nperating-characteristic curves, or more
simply as ROC curves.
If py s held constant and the sensitivity parameter changed, there is a

well-defined relation between hits and false alarms.  Eliminating ¢ from eqn. {(6)
yiclds

Pr(Haj=1 - Pr(Fa) [ 1_;:"1 ] . (8)

Plots of the relation between Pr(Hy) and Pr{F,) when py is constant and o is
varied are called rso-bias curvrs.

Learning Process

As indicated earlicr, an important feature of the present analysis is to
represent changes in the bias probability in terms of a learning process of the
tvpe proposed by Bush and Moestetler (1955).  We assume that the hias on trial
n 41 is a Yincar function of its value on trial o, Specifieally, i 5, ocears aned is
followed by ¥, (i.c., the experimenter informs the subjeet that the signal was in
the first interval) then p, will increase. I s, ocenrs and s followed by informa-
tion cvent Ka, then py will decrease. For all other confingencies no change will
oceur in . Fliese statements can be summarized as follows:

C(L-0)pu+0, fsgud Eyn
Pan1= (1- GJ)PPI if 5.0 & Egn (9)
Py othcrwise,
where 0 <@, 8 < 1. Justification fur this equation is pustponed until later,

We now want to derive an expression for the expected valne of py, as a
function of the presentation schedule and the sensitivity parameter, Recall
that y is the probability of an S, signal event and 1 ~o is the probability of
activating sensory state s, given cither S, or S.. lHence

Pr(son &'F, p)=y(1—n)

Pr{sgn & E n)=(1-7X1-0)

Pr{otherwise) =o.
To eompute the eapected value of the bias probability on trial n+1, sitnply
weight each of the possible outcomes listed in eqn. (9) by its prubability of
occurrence given above, That is, the expecled value on trial #+4 1 given a fixed
value pu op trial n is

E(puys) =kl — ofl(E—0)pa + 0]+ (1 -y}t — o)(1 - F)pu+ ops
=[t —{1—a)}{fy +0(1 — ¥) Ipu + Oy(1 -0},

Tt ean be shown that p, in the above cquation can be replaced by its expected
value {Atkinson, Bower and Crothers,. 1405). Consequently we have a lincar
frst-ordédr difference equation in E{p,) which has the solution

E(P") =Pz -(Pan '—P:I.)Gn—l ’
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where

; L

PR S 10

Po= iR (10)
G=1-(1~o)fby+6(1-7)]

and ¢=8'/0, Note that p_, which is defined as lim E(p,), does not depend on

ns

the absolute values of € and & but only on their ratie.
Combiniag the results in eqns. (6) ard (1U) yields .
Pr(t)=o+{1-0)[ps - (po-PIG"] (11a)
Pr(Fy) =(1 - a)[pa — (P — 1) ] (11 b)

From these equations it is clear that hits and false alarms will depend on g, at
the start of an cxperimental session; however, over trials the subject’s perfor-
mance changes at a rate controlled by the quantity (7, and approaches an
asymptote determined by o and p. ‘The change in performance predicted by
eqn. (11) is a well-known experimental phenumenen.  Generally, however, most
rescarch workers have tended to ignore the changes that accus at the heginning
of an experisnental session, and instead have concentrated on an analysis of data
after performance has settled down to a stable level.  For the experiments
analysed in this paper we shall adopt this policy; to do so makes matters sunpler
because fewer parameters need to be estimated.  Since asymptutic performance
‘will be stressed in subsequeat discussions, the fullowing notation will be useful:

lim Pr(Hy)=Pr{fl)

L ad]

lim Pr(Fy) = Pr(F).

"+0
That is, asymptotic expressions will be indicated by simply deleting the trial
subscript, Making the appropriate substitutions in eqn. (11) yiclds

(1-a)y
Pit)=ot sy (124)
(1-9)y
PrF)y= -t 2l 12b
)= Sra=m (125)
Similarly, for the asymptotic proportion of correct responses (see eqn. (3))
- a1y A2y -1}
PriC)=o+(l1-yN1-0)+ (el (13)
and for the asymplotic proportion of A, responses (see cqn. (2)),
1~ o)
P = —_ i

3. EXPERIMENTAL MANIPULATION OF THE PRESENTATION SCHEDULE

We now examine data collected from eight subjccts in a forced-choice acoustic
detection experiment. In this study the signal and noise levels were held
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constant throughout the experiment and the subject was always given information
at the end of cach trial regarding the correctness of his response. The only
experimental manipulation involved the use of three different presentation
schedules. The probability, ¥, of an .S, event took on the following values:

Schedule A: =025
Schedule B: =050
Schedule C:  9=0-75.

METHOD

T'est sessiong of 350 trials cach were tun on conseeutive davs. Fach day & subject
an nn one of the three schedules for the entire sessiom,  kn successive 3-day blocks a
sizhject ran one day on cach of the thre: schodules; within cach 3-day hinck the order was
randomly determined.  ‘Phe experiment involved 15 experimental sessions and therefore
cach schedule was run on five separate days.

Band-liinited Gaussian noise was presentel binnurally in the subject’s headphones
throughout. a test session and the signal was a 1,000 ¢ pos. sinusoidal tone; the tone was
presented for 100 msec, including equal fall and rise times of 20 msec. "The subject was
seated before a display board,  On each trial three lights Bashed on bricfly in suceession:
a redd Jight, an amber Light, and another amber light,  Each light was on for 100 msce with
a 300 msee delay between each suceessive un-period. Phe red light was simply o warning
light, while thie amber lights defined two ohservation intervals,  ‘The onsct of the signal
occurted simultaneontsly with the anset of one of the amber lights,  After the secoml amber
light went ofl the subject bad 2:5 see to indicate his response by pressing a push-hutton
lucated under the appropriate amber light, At the conclusion of the tesponse poreid 2
green light fashed on for 700 misee abnve the correct response button, 1 here was a 1-5 see
intertrial period, thus cach trial listed for 6 sec.

RESULTS

"Table 1 presents the proportion of A, responses on both 8, and S, trials
over the last 230 trials of replications twa through five of cach presentation
schedule; thus cach estimate s bhased on 2504~ 1,000 trials.  The first
replication of cach presentation schedule has been defeted, because we view the
subject as adapting to the detection task on early days of the experiment and
want 1o treat his data only after he clearly understands the experimental routine
and is well practised. Also, the first 100 trials of cach of the subscequent experi-
mental sessions were deleted because, as poted earlier, our analyses are going to
be restricted to asymptotic performance.

In this experiment the signal and noise levels were constant over all ses=ions
and only the presentation schedule varied.  Therefore, o should be fixed through-
out the experiment, but p, should vary with changes in . 1t has already been
shown that hits and false alarms should fall on the straight line Pr(If) = o + ' {F).
We pow wish to fit this equatien to the three data points corvesponding to
presentation schedutes A, B and C. Figure 1 presents plots of Pr{IT) and Pr{i)
for individual subjects.  In order 10 fit the above equation to the three points for
each subject we use the methed of least squarces, ie, o is selected so that it
minimizes the sum of squared deviations between observed values and those
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Ficure 1. Observed and predicted values for Pr(H) and Pr(F).

predicted by the above equation.  Applying the least squares method yields the
estimates of v that are given in Figure 1; these estimates were used to generate
the ROC curves displayed in the figurc. As indicated by the figures there is
good agreement between the observed data points and the predicted ROC
curves. Recall that the signal and noise levels were the same for all subjects
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and consequently variations in o represent inter-subject ditferences in sensitivity
tevel.

Next we evaluate the proposed bias process with regard o the data presented
in T'able 1. Note that if ¥ and o are fixed in egn. (12) and § is varied from 0 to
oz, then the point {Pr(F}), Pr(i1)] mouves along the ROC curve and appruaches
the lower-lelt point (), ¢) as' ¢ >0, and the upper-right poiat (1 —a, 1) as
$ -0, Stated differently, no matter where the point may Ll un she ROC curve
(for fixed values of ¥ and v) there exists a corresponding value of ¢, Hence, if
the three observed points [Pr(F), Pr(1)} fall on a straight line with slope 1,
then perfeet fits of the data can be obtained by estimating separate values of
¢ for cach presemation schedule.

However, ubtaining an estimate of ¢ for eacl presentation schedule would
violate the basic rationale for the model,  In formulating equn. (Y) it was assumed
that 8 and @ characterize trial-to-trial adjustments 1o stimulus and information
events, and did not depend on the overall presentation schedule. “Fhe values of
0 and 0" may vary from subject to subject reifecting individual differences;
however, for a given subject # and & are assumed to be fixed and invariant with
regard 1o the presentation schedule and the signal imcnsity.  Earlier it was
assumed that o was independent of the presentation schedule, and th: same
constraint is placed on . “T'hus for each subject we want a single estimate of ¢
which then can be used to make predictions for all three presentation schedules.

The observed proportion of A; responses given in [able 1 was used to
estimate . Eyuation (14) gives the theorctical expression for Pr(d,); solving

for ¢ yiclds

= ¥{1—o) _ Y
(Pr(A) ~oyf(1-7) 1~y
For cach presentation schedule we have substituted the estimated value-of ¢ and
the observed value of £ 4,) in the above equation to obtain an estimate of ¢.  For
example, fur Subject 1, o=0-447, Pr(A,)=0-278, and ¥ =025 on schedule A;
hence substituting in the above equation yields f, =57, Rimilarly ¢, and
. can be computed using the appropriate values of y and Pr(A4;). An overall

TaBLE 2. IESTIMATES oF g

Subject ¢ A i i
1 0-860 U777 14099 0705
2 1219 1-162 1400 1'0%
k] 1-265 1155 1390  1-251
4 1-238 1324 1-H6 05
5 1-329 1065 -9 1472
6 1083 145 11147 1018
7 1-016 0914 1028  1-105
8 1-148 1384  i-254 0775

Average 1145 1-108 (280 1-(H6
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estimate of ¢ was obtained for each subject by taking the average of the three
eslimates; namely $= i(tfh,‘ +$n+$.-). The various estimates of § are presented
in Table 2. Note that for all but onc subject ¢ is greater than one, indicating
that & > 8. 'T'he interpretation of this result is that the E, cvent has a slightly
greater effect on increasing the probability of an A, response than the E,; event
has on increasing the probability of an A, response.

Using the estimates of o and ¢, predictions can be computed for Pr(H),
Pr(F), Pr(C) and Pr(A)) from eqns. (12) to (14). "These predicted values and
the corresponding obscrved quantities are presented in Table §. Also in Figure 1
the predicted and observed values of Pr(#) and Pr(J) are plotted in the ROC
space. In this figure the predicted point for cach presentation schedule is at the
intersection of the predicted iso-bias curve and the ROC curve. QOverall, the
correspondence between predicted and obscrved values is quite good.  Only
Subject 8 oappears to display systematic discrepancies. To a degree, this
subject’s perfurmance deviated from the theoretical values in the dircction of
optimizing the probability of a correct response; that is, for fixed o, to maximize
the probahility of a correct response the subject should set the biss parameter at
unity when y > §, and at zere when y < 4 (sec eqn. (13)). If the subject adopted
this strategy, then the ROC curve would reduce 10 three points; one at (O, a) for
y <4, another at (1—0,0) for y>{, and a third point for the presentation
schedule where y=}. Undoubtedly if monetary payolls for correct responses
and penalties for incorrect responses were intrndduced into the cxperimental
situation, more subjects would deviate from the theoretical values in the direction
of optimization. We shall rcturn 10 a discussion of this peint later.

Time-order Effect

In the forced-chuice detection task the term time-order cffect is used to
refer to the fact that subjects generaily, are more accurate in detecting signals
embedded in the sccond observation interval than in the first.  For éxample, on
schedule B (which has §, and .§, events occurring equally often), every subject
had a higher probability of being correct when the signal was in the second
interval than in the first interval. In terms of the present analysis there are two
explanations for this time-order elfect.  One is that the bias parameter tends to
favour the A, response. Hence when sensory state s, is activated, the subject
makes the A, response more freguently, which insures that he will have a
higher probability of being correct on S, than on 8, trials. "Another possibility
is that the time-order effect occurs because the subject’s sensitivity level changes
from onc observation interval to the next: specilically, that there are two
sensitivity parameters o, and o, associated with the two intervals and ap > oy,
Thus a time-order effect can be accounted for by postulating a bias process that
tends to favour the A, response, or by postulating a sensory mechanism that is
morc sensitive to stimuli presented in the second obscrvation interval.

Both of these explanations are tenable and one would like to have sowe
means for sclecting betwecn them; fortunately the model makes quite different
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predictions depending on which explanation is offcred. If the explanation is in
terms of the bias function (as was the case in our analysis of these data) then the
ROC curve has slope 1 and the timec-order effect is simply due toithe fact that

¢>1. K, however, the cffect is explained in terms of different sensitivity levels,
then

Pr(H)=o.+(1-o,)p
Pi(F) =(1 - o,)p.

Under these conditinns the ROC curve is
Prin= 2 I’r(I‘) +oy.

If o,>a, the slope of the ROC curve is greater than ene. Thus to decide
whether the time-order effect is due to the bias process alone, or whether it also
may be due to differential sensitivity levels, we mnost determine whether the
ROU curve has slope greater than one. Inspection of Figure 1 indicates that
there is no evidenee (except passibly for Subject 2) to srgest that the observed
points would be better fit by a line with slope greater than one.  Thérefire, for
1his experiment, the conclusion is that the time-order effect is due to the bias
process, and there is no need to postulate changes in sensitinvity over the two
observation intervals.

4, BiLank TriaLs anp Faise Inroramamion

We now eaamine two modifications of the foeed-clnice detection task
"used in the previous esperiment. One involves the intoduction of blank trials
and the other the use of false-information feedback., Ry blank trials we mean
that on occasion a trial will occur on which the signal hus beeh omitted cntirely;
the subject is not told that blank trials are being intinduced and (because of the
forced-choice nature of the task) continues 10 make A, and Ay responses. A
blank trial will be denoted as 8, By false-information feedback we iwean that on
sure trials the subject will be told that a sipual oecurred in a particular observation
interval when in fact it did not.  The introduction of these two modifications in
the detection task permits us to make some sh‘lrp predictions that ditferentiate
this modcl from others with similar assumptions.

- In the present experiment the subject was given the same instructions that
were used in the first experiment, i.c., he was told that a signal would occur on
every trial and that the information events at the end of cwh trial indicated the
interval in which the signal accurred.  Actually, howe or, the presentation
schedule involved 8), §; and S, type trials; on S, trials an £; always oceyrred,
on 8, trials an £, always occurred, and un S, trials sometimes E; oceurred and
somctimes £y, The presentation schedule used in this study can be characterized
by the parameters y, » and x as follows: (@) with probability xy a signal was
presented in the first interval and, after the response, I, occurred, (5) with
probability x(1 - y) a signal was presented in the second interval and followed by
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Ey, and (c) with probability 1 —x a blank trial was presented and an E, occurred
with probability = and an E, event with probability 1 — 7. Thus, the prebability
of presenting a signal in the first interval was xy; but the probability of telling
the subject that the signal accurred in the first interval was Pr(E, )= xy + (1 - x}m.
Similarly, the prubability of presenting the signal in the second interval was
x(1 —v); however, the probability that the subject was told that the signal
occurred in the second interval was Pr(E. )=a(1-9)+({1-x)(1-#). The
model presented earlier is direcily applicable to this experiment. No new
assumptions are necessary; we need only apply the axioms and carry vut the
appropriate derivations. First of all, consider the sensory matrix for this experi-
ment, In terms of the assumptions

S 5 %

S fl—-e¢ ¢ 0

5=5;jl-0c 0 ¢

SolL1 00

Jsing thc matrix §* and the decision matrix D, specified by egn. (5), a perfor-
mance matrix P* -an be derived whose rows arc the events §,, Sy and S, and

whose columnns arz the responses A4, and A,. The cntries in the first column of
the matrix P2} ar.;

Pr{lly)=Pr{A, n | S1.n) =0 +{1 - a)pn (15a)
Pr{Fe)=Pr(A, o | Se.n)=(1-0c)pa (15b)
Pr{A; 5| So.0)=pn ' (15¢)

From eqns. (15a) and (15b} it is clear that the ROC curve is the samwc as one
given in eqn. (7} for the first experiment.  Also, from'eqns, (15a) and (15c) it
follows that Pr(H,) and Pr(A, » | 5),a) are linearly related as follows:

Pr{Hy)=0+{1 0)Pr(Ay.n } So.0)- (16)

Equation (9) presented the axioms describing possible changes in ps. 'These
axioms are directly applicable to the present experiment. Given cqn. (9) we
need only to compute the probability of the events (s, 5 & E, ») and (fo.n &
Eyr). The tree in Figure 2 describes the possible events that can oecur on a
given trial. From the figure we obtain

Pris, x & E; y)=xy{l ~o}+{1 — )=
Prits.n & Ey p) = 2(1 ~y)(1 — o) + (1 ~x)(1.- 7)
Pr{otherwise) =xo.

Given these results an expression can be derived for E{p.). We shall not carry
out the derivation, for it involves precisely the same arguments that were
employed in developing eqn. (10). Invoking these arguments yields the following

equation:
E(pa)=po—(Po—p1)C"".
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Figure 2. A trce describing possible events and their related probabilities for the blank-
trial experiment.

llere _
G=1-00xy{l — ) + (1 —5)n] — FTa(l ~y){1 — o) + (1 = x)! ~ m)],
and
_ xy{l -o) 4 (] —x)w
LA o s s g g e T L
where $=10'/8,

METHOD

The same experimental procedures were employed in this study as in the first one
except for the pretrdining phase. Pretraining took three days and involved running each
subject on the schedule B routine used in the first experiment. The signal intensity was
held fixed throughout the experiment, but during pretraining the experiimenter manipulated
the noise level in an attempt to establish a signal-tu-noise ratio for each subject that yielded
a eorrect response percentage of approximately 79; the rationale for selecting this particular
value will be given later. The manipulation of the noise was done strictly by trial and
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error, but the procedure proved to be quite suceesaful for by the end of pretraining a tevel
had been estahlished for cach subject that vichied a correct 1esprmse probabality fairly close
tu the desired value,  During the remainder uf the experiment the noise level was fixed for
each subjoct at the valne determined for him during pretraming,  Also, any subjeel who
tended tn strongdy favour one response over the nther, during pretraining, was eliminated
fromm the experimient. Ondy subjects whese overal! propartion of A, responses was betwern
040 and G40 for the sceond ond thivd days of preteainine were inchaded in the nein
oxperitnent.  Four subjocts from a group of IR were eliminatod on this hasis,  Preteanning,
therefore, invelved twno speciat features: (@) noise tevels were determined individually for
each subject, and () subjects were climinated from the exprianent who showed a strong
peeference for nne of the response alternatives. "Uhe first reguirement guaranteed that the
sensithvity parsmeter o wag approximately fhe same for all subijects, The second insnred
that ¢ was faitly close to 1 for all cubjecta. Thus, in s conel sense, 0 homogeneons group
of subjuets wag frnmed by usine this poeteaining procedure; hatnogenenas in the serse that
all sulyjects werr characterized by approximately the sone values of o and &,

In the cxperitnent praper, four presentati-n schedoles wore used. “The probadiility x
of a sipnad il was 0-50 for al) schedules, an the seheJules ditlered in e values of 3 imd
o as fullowy:

23 a=1+75
=025 Schedule A’ Schedule (7
§¥=0T5%  Schedule 7' Schedule 17

Test aeavions of 400 trinle werr run on cnnzecutive dnvs, Farh iy a suhject 1an ©on ope
of the above presentation schedules for the entire session, I sueressive 4ecday hlacks o
rubiject camnpleted ane day on each of the four schedides; within cach 4.day Black the ordes
of schedules was randomly determinal. The experinrent feoalved 20 west seasions and
therefore cach schedule was repeated on five separate days.

RESTILYS
Table 3 presents the average proportion of A, rezponses canditional upon
the verious trial types; these averuaes are based an 11 subjects.  Proportions

TarLr 3, Owinni e AND PrEPICTED Varves rop 1ur I avk-Teian STy

Sihiedi'e A Schecdule 1t Schedute € Schedule 1Y
Ohs,  Dred, Ohs,  Ired. One. Pred. Cihs,  Pred.
riin nndl 0672 0755 0734 N-R20 050 0ot hSR
e 1) 0086 0100 0174 012 N7 0249 0-144 0-314
P 1Sy 213 0238 40 0375 +sR3 378 oS 0T
Pri-1) 021y (0-238 0SNS5 (-4RS§ 0464 0-184 764 0738

wers compuied for cach subject based on the List 350 trials of replications twn
thiough Give of a given presentation schedule; thus the estimites for each suliject
are based on a sequence of 4 % 350 = 1,400 trials. 'The averages of thewindividwal
subject proportions are the quantitics prescated in the table,  Although data
were analysed for individual snbjects in the first experiment, there is a theoretical
rationale for treating gronp data in the present experiment.  The rationale is
hased on the pretraining procedure, which was désipned to insure that both o
and ¢ would be approximately the same for all subjects. By inspection of
eqns. (15) and (17) we sce that Pr(I7}, Pr(F) and Pr{A, | S,) depend on only
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eand . If ¢ and 4 are identical for all subjects, then the model makes the same
predictions for the group average as for individual suhjects.

Figure 3 prescnts plots of the observed values of Pr(/) and Pr(F) as given
in Table 3. The theory predicts that these points should fall on a linear curve
with slope 1 and intercept o, We estimated o from these four data points by
using the method of least sqiares and obtained 4 =0-572, Thix cstimate was
used to generate the ROC curve displayed in Figure 3. The four abserved points
{one from each schedule) fall fairly close to the predicted line.

Figure 4 presents a plot of Pr(4, | 8,) versus I'(If).  As indicated in
eqn. (16) these points -hould he related by a linear function with slope | — o and
intercept o.  The straght line in Vigure 4 was genernted using our previous
estimate of o. Ounce again the lncar relation srems to he reasonably well
supported.

To pencrate numerical predictions for (.1, ] S7) an cstimate of ¢ is
required in addition to the cstimate of o, Estimation of this parameter is
attained using the same methed erployed eartice, The overall probability of
an /A, response is

Pr(ed )y =y Pr(A [ S F (] - 9y LS+ (0 - 00Pr( Ay | S

m=axy-+(l —axlp,. (18)
Substitunting in the éxpression foe p given in eqn, (17) viclds an expression in
d. For each presentation sehwdule we have substituted the estimated value of
g and the olmerved vene of D)o the alove equation and solved for 4 Tor
cxample, for schedule ¥ the ohaerved value of Pl is 02195 letting & = 0-5372,
=025 and s 25 in the above equation yields Ji. - 1281 Similarly, for
the other -schedules we obgin . = 0069, $o= 1229 and fﬁ!,.-—ﬂ-.‘*‘)?. It is
interesting to note that ¢ <cews 10 be correlated mote with y than with a.
schedules A" and €7 (v~ 025) bath yich! ¢35 1, whereaz sebedules B oand 1Y
(y=075) vicld = 1. Recall that ¢=0'if and that y is the prabability of a
signal in the first interval (if there is a signal).  The present estimates of $ suggest
that & is greater than @ if the probability of the signal being in the sceond
interval excecds 1, whereas the reverse relation holds otherwise.  Ilence the
change in the hias parameter pp seenis 1o be dominated by the interval with the
higher probability of bracketing the signal,  Despite this departure from
independence of the parameters $ and y, very hittte damape is done to the accuracy
of the predictions from the maulel, as will be scen shortly.

"I'o obtain an overall estimate of ¢ we have taken the average of the separate

estimates of ¢, ie.,
$=1fu+dp+detén)
=1-094.
With these estimates of o and ¢, eqns, {15) and (17) can now be used to generate
predictions for Fr{f), Pr(F), Pr(4, | 8,) and Pr(A,;). These predicted quantities
are given,in Table 3; they also are displayed in Figures 3 and 4 as cross marks
on the appropriate line segments. There are no constraints on the relations
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among the quantities Pr(4,|S,), Pr(4,]S,) and Pr(A4,]S8,), and therefore
twelve independent predictions are being made on the hasis_of two paramcters.
An inspection of the armay of observed and predicted guantities indicdtes chat
the correspondence between theoretical and observed values ix quite satisfactory.

For both schedules B and C' the £, and E, events occurred equally often,
i.c., on both schedules the subject was told (via the trial-to-trial fecdbavck) that
the signal was occurring equally often in the two observation intervals. However,
the signal actually oceurred more frequently in the first interval for schalule
B’ than for schedule C'. 'These experimental manipulations are clearly
reflected in the data. On an S, trial the probahility of an A, response was
greater for schedule ¢ than for uchedulc B’ (0-553 vs. 0-401), whereas over all
trials the probahility of an A; response was grearer for schedule B’ than for
schedule C* (0-505 ¢, 0-464). Both of thesc relations are predicted by the model.

Sequentinl Effects

‘the model predicts not only hit and false-alarm rates but also sequential
properties of response protocols.  In terms of the axioms, sequeatial effects in
the ohservable response events are praduced by trial to-trial fluctuations in
#a. Such fluctuations, of course, can take place on any trial and arc not rr‘t.tnctcd
to pre-asymptatic data.  For example, even at asvmptote the bkeliliond of miking
a correet response Lo an Sy stimulus deponds in a very deficiie way on whether an
E, o1 an £, occurred on the preceding teial.  The seyuential effects of partic-
ula interest deal with (he influence of stimmulus and response events on trial »
as they influence the response on trial 4 1; specifically

Pr( 4 i | Stger Asn Sk

However, we shall not examine the correspondener between these particular
sequential effects and theoretical predicetions, because there are 18 such indepen-
dent «uantitics for each of the experimental conditions and the analysis would
imolve too much  detail. Rather. . we  consider P{A,,,, | E,,) and
A, ., | Ey,).  For these probabilitizs the stimulus events on trials n and
# 1 are suppressed, and we vnly ask for the overall likelihood of an .1, response
conditivnal on the information event of the preceding trial.  The 4, could be
clicited by §,, S, or 8§, on trial # +1; similarly the information event I'l on trial.
n could follow an S, or S, stimulus, and the £, an S, or S, stimulus. Asymptotic

expressions for th;ae 1uantitics can be rgadnly obtained (see Atkinson, Bower
and Crothers, 1965) and are as follows;

li__m Pr(Al,ni-i I E|..)=PT(A|_) + (1 - o.x)ﬂ(] _Pw) "(lwzlxli)x_:_’(:y— 0)

(19)
(1 — =)l =x)+x(1 ~ y)1 -0}
,n) P’(Al) (1—-0’1)3?” (l—'rr)(l—.\)+x(l—-y) L]
where p, is given by eqn. (17) and Pr(A4,) by eqn. {18).

lim Pr(A,

ns oo 1.a l-l!
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Table 4 presents the ohserved values for Ir(4,, ., | E,,) and Pr{A,,,, |
£;,). Fstimates of these quantities were obtained for individual subjects; the
average of these estimates are the quantities presented in the table. These

TanLE 4.  OBSERVED AND PRELICTED SrovenTtiaL Qranti1irs For THE Brank-TuialL STiny

Srhedule A" Schedule I Schedule C! Schedule I
Obs. FPred.  Ohs. Pred. Obs, Pred.  Obs.  Pred.

Iirgf’r(z‘l..,,..llﬁl,n) 0255 0267 0529 0503 0475 0303 0784 0-748
n
Ii'r: Pricl, i | Fuad 0207 0:229 (482 0466 0453 0466 0716 0-708
ns

cstimates are based on the same sct of trials as the data presented in Table 3
and therefore will be regarded as asymptotic. The above equations can be used to
generate predictions for these observed values. By inspection of the equatinns
we see that values are nceded for o, # and # in order to make numerical predic-
tions, Bince estimates of o and ¢ have already been made, it is only necessary
to estimate §°; that is, if we fix on some valuc of §° then # is determined because
# {8 must equal the previous estimate of ¢=1-09%. Far present purpascs, one
method for estimating & is to select its value so as tn minimize the sum of
squared deviations between the cipht predicted and observed quantities displayed
in Table 4. To carry out this minimization analytically yields unwicldy expres-
sions, and to avoid this complication we have siniply calculated the sum of the
eight squaied deviations for " ranging from 0-01 to 1-(H) in successive increments
of 0-01. Over this range of values the sum of squared deviations takes on its
minimum when 0" =0-08, This value of # was uscd to generate the predictions
in Tahle 4.

In general, the correspandence between predicted and observed sequential
statislics is rcasonably good. In evaluating the goodness-of-fit it should be
kept in mind that all of the quantities in the table are independent, and thus
there are eight degrees of freedom.  The madel requires that I'r(.1, ,,, | E, )
> Pr{id,)> Pr(A, .., | Ey,): and this relation is supported by all four scts of
data.  Also the model requires that Pi{4,,.,|S;.,, E ) >Pr(d,,,, |
Sipay Eonyfor i=0,1,2. Alhough not presented here, a breakdown of the
data into this form indicates that these inequalities hnld over all four experi-
mental conditions.

5. Discussion

An alternative model for the bias process that has considerable intuitive
appeal involves trial-by-trial changes in p, that are determined solely by the
information events E,; and E;. Formally stated, the idea is that

(1-0)pa+6, ifE,,
Pair™ {(.1 —8')pa, ifE,," (20)
This formulation of the bias process (which will be called Model 2} is to be
contrasted with eqn. (%) (Model 1), where changes in p, can occur only when
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sensory state 5, is activated. In spite of the difference between these two sets
of assumptions, the models yield identical predictions in the first expetiment for
the asymptotic probabilitics of Pr(H). Pr(F), Pr(A4) and Pr(€7). Only by a
detailed analysis of sequential statistics and pre-asymptotic data can it be shown
that Model 1 is slightly better than Model 2.

However, the two madels make strikingly different predictions in the second
experiment even fur asymptatic hit and false-alarm proportions.  For example,
applying Moedel 2 to the false-information stady yields

_ xy+(l—a)m
By + (T=2ya] % [ =)+ (T35 =

From this equaiimn, we see that p i identical for both sehedules B and C of
the seennd experiment; whereas, using Model 1, p, is greater for schedule ¢
than for schedule 1. This relation, of course, is reflected in P {H), and Pr{F)
and Pr(.d; | ;). For Model 2

Prv(In =rr(f)

Priv(I)=Pr(F)
Priv(Ay | Se)=Pr(4, | Sy

where Prv(71) denotes the asymptotic probability of a hit on schedule B, cte.
In contrast, for Madcl 1

B

Pr¥(I1} < P (H)
PriY(Fy < Pro(F
Pri(A, | S < Pr(4,15).
The inequalitics predicted by Modet 1 for schedule - I3 and €’ are borne ont hy

the group averages presented in Table 3; it also is tiwe case that the relations hold
tndividually for all 14 subjects,

T'o further ilustrate the differential predictions of Madels 1 and 2 in the
second experiment, we have plotted iso-bias curves in Figure 5 for the case where

Prik)

Wodel L Metel [T

MmF)

Fi;URe 5. Iso-lias curves for Modcls 1 and 2.
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$#=1. Note that the iso-bias curve for Model 2 is a straight line for all four
presentation schedules, and also that the iso-bias curves for schedules B’ and ¢’
are identical. For Model 1 the iso-bias curves for schedules A’ and D’ are the
same as for Model 2; however, under the assumptions of Model 1, schedules B
and C' generate different, non-linear curves,

Using Model 1, a distance function can be defined between corresponding
points on the iso-bias curves for schedules I and C’. 'I'he maximum of this
function can be obtained by taking its derivative with respect to ¢ and setting the
result equal to zero, Carrying out these operations yiclds

o=2-4/220-59,

Thercfore, under the assumptions of Model 1, the maximum difference between
corresponding points on the iso-hias functions of schedules B’ and C° will be
observed when o is approximately (159, One of the principal reasons for running
the second cxperiment was to determine whether such a difference would be
ohserved. ‘I'hercfore, to maximize the likelihond of discovering an effect if it
existed, we wanted to set the signal-to-noise level at a value corresponding to a
o of -39, Recall that pretraining involved anly 8, and 8, trials, and they were
presented with equal likelihood; hence Pr{r)=a+(1 —a)).  Consequently to
fix o at approximately (-5% required adjusting the naise leve! during pretraining
to yicld a correct-response probability of approximately (079 > 0-59 4 (0-41)1.
The pretraining procedure was fairly successful, inasmuch as the estimate of
a during the actual experiment was 0-572.

Tn both of the experiments reported in this paper, response times were
obtained on each trial.  T'he response-time data are reasonably orderly and are
clearly affected by the presentation schedule.  For example, in the first experi-
ment the time for an incorrect response was about 51 msec longer than for a
correct response.  Also, the response time for an incorrect response appeared
to be independent of the stimulus presentation schedule, whicreas the time for a
carrect response decrcased somewhat as p increased.  An attractive feature of
the present model is that it can be easily generalized to treat response-time data,
The generalization is simply to assume that response time on a given trial is
determined by the sensory state activated on the trial.  More specilically, we
assume that if scnsory state s¢{f = (1, 1, 2) occurs on trial », then the respohse-time
distribution for that trial has probability density fi(t) with wean f,. On the
hasis of this assumption a nuinber of predictions can be Jerived concerning the
events on the current trial (and on preceding trials) as they influence response
time. For example, in the first experiment the mean asymptotic response times
conditional respectively on a correct and incorrect respomse are as follows:

_ ot {0 =)t + (1~ offyp +(1 - )1 —p )
Ario P B e R gy
ET ()=t

If £, <ty <i, then these conditional response-time measures are appropriately
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ordered as y increases. We are currently analy sing an experiment specifically
designed to evaluate the response-time assumption outlined above. ‘I'he analyses
are still incomplete, but it appears that if parameter estimates are made from
the time distributions conditional on correct and incorrect responses, then
reasonably accurate predictions can be made for distributions conditional on
responses and signal events of the current trial (and the'immediately preceding
trial). This approach to response timés nceds more exploration but appears
promising,

The experiments and model analyses considered in this paper have been
confined to symmetric outcome structures involving no explivit payolfs, If we
were to generalize the madel to situations involving manipulation of monetary
payoifs then it would be necessary to offer a more general theory. of the decision
process.  Obviously there are outcome structures that will displace the subject

off the lincar ROC curve specified by eqn. (7). For example, consider the payoff
matrix

Al AI
Sir-1 +10
-s,[+10 -1 .

In this case the subject is heavily rewarded for incorrect detection responses and
penalized for correct ones.  Undoubtedly, aver time the subject would generate
a point [I'r(F), Pr(H)] that el in the lower right-hand sector of the ROC space;
e, Pr(F)>Pr(I1).  Such eflects cannot be predicted mercly by generalizing
the assumptions governing pr,.  No matter how p, is permitted to vary, the maodel
still requires that performance points fall on a linear curve with intercept o, OF
course, several modilications of the theory scem able to acenunt lor experimental
manipulations that generate performance points off the ROC curve. Oneapproach
is to develop a more elaborate conceptualization of the decision process. For
example, one can redeline the decision matrix as

4, A,

Sa[ P= L-pa
Dp=g| 4V 14

sq_l—d® d
For this process capeciinental manipulations of the outconie structure might
afiect not unly p, but also the values of d*. Thus, depending on the postulated
relation of 4} to the payoff matrix it would be possible to generate virtually any
ROC carve. When this type of madification is intreduced one obtains a moedel
that is very cluse in structure to those prupused for discrimination learning
(Atkinson and ¥stes, 1963, p.238; Bush, Luce and Rose, 1964). Another
possible modification of the detection model would be 1o develop a more general
formulation of the sensory process. Pursuing this line, one might assume that
the subject’s sensitivity level could vary within certain fised limits as a function
of the outcome structure and other variables. Buth of these alternatives represent
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potential lines of theoretical development for models of this type. They raise
an important question: can changes in performance induced by manipulation
of the cutcome structure be explained by claborating the theory of the bias

process, or du they also necessitate postulating a more complex -sensory
mechanism?
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Signal Recognition as Influenced by Information Feedback
T'. A. TaNwER, Jr., AND ], A, RAUK
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Eight human observers were tested on a gignal recopnition task involving two tones:
of different amplitudes. The independent variables were (a} three hinomial schedules
for presenting the two signals, with parameter values 0,2, 0.5, and 0.8, and () four
eonditions varving the information given to an abserver about the signal presentition
schedules. The information that an abserver was given about the presentation schedules
markedly influcnced hit and false alarm rates (the probabilities of reporting o loud
signal when o loud and solt signal, respectively, occurred). Fhe inftaence of 1he
preceding trial’s signal and response on hits and false alarms also varied as a function
of hoth the presentation sehedule and the information given about the schedules, A
mathematieal model of sipnal recognition is shown to provide a fairly accurate account
of the various conditions investigated.

IFindings from experiments by Kinchla (1966) and Tanner, TTaller, and Atkinson
{1967) suggest that signal recognition is a function of hoth the signal presentation
prohabilitics and the amount of information given ohservers about these prohahilities.
Both experiments involved the recognition of two amplitudes of a 1000 Hz tone;
whenever a signal was presented, the observer was required to judge whether it was
the louder or the softer of two tones. A major independent yariable in hoth studies was
the signal presentation schedule, The schedules were himomial sequences of Toud and
soft tones. For Kinchla the probability of the fond tone (p) took on three values:
0.25, 0.50, and 0.75; for "Tanner et al. Ave values were used: Q.1, 0.3, 0.5, (0.7, and 0.9,
In order to compare their findings with research on signal deteetion (Green and Bwets,

! "The authors wish to thunk Professor R, W, Haller for his comments and suggestions on an
carlier version of this paper.
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1966), these authors (Kinchla, 1966; and Tanner of al., 1967) defined a fif as a report
that the loud signal occurred when in fact it did acenr, and a false alarm as a report that
the loud signal oceurred when the soft signal was presented.

In Kinchla’s experiment two types of information were given to observers about
the presentation schedules. In one eondition obscervers were told the signal presentation
prohabilitics at the start of each experimental session and were given feedback iden-
tifying the correet response on every trial, In the other condition they were told the
presentation probabilities, but were not given trial-hy-trial feedback. For hoth of these
conditions Kinchla reported results that were similar to those of signal detection studics
(Green and Swets, 1966), ¢z, that both it and false alarm probabilitics increased as
y increased, although the effeet was less pronounced when feedback was omitted,

In the study of ‘Tanner et af., however, ahservers were not told the signal presenta-
tion probabilities and were not given trial-by -trial feedback, and hoth hit and false
alarm rates decreased as y inereased. Under the no-feedback conditions of hoth studies,
hit and false alarm rates were strongly influenced by the signal and response that
occurred on the immediately preceding trial; these sequential effects were in sharp con-
trast with the relatively weak sequential effects that typically have heen reported for
signal detection experiments (Atkinson and Kinchla, 1965). Results similar to those
obtained by Tanner ¢ al. have been reported by Parducet and Sandusky (1965) for
recognition of visual displacement.

In order to provide a theoretical account of their results, Tanner ef al. presented a
model which incorporates both memory and detection processes, This model will be
referred to as the Memory-Recognition Madel or more simply, the MR-Maodel.
Tanncr #f al. applied the model to their data and indicated how it might be modificd
to account for the data obtained in Kinchla's feedback conditian.,

The study reported here had the following objectives: (a) to replicate the findings of
Kinchla in his feedback condition and of Tanner ef af. in their no-feedback condition;
(b) to determine whether the inverse relationship between y and the hit and false
alarm rates, reported by Tanner-ef al., depends on observers not being informed about
changes in the presentation schedule; and (c) to test the ability of the MR-Model to
predict perfortnance both in a feedback condition and in three no-feedback conditions.

The MR-Alodel

The following notation will be used in discussing the experiment and model:
S, - presentation of the loud signal; 8§, =2 presentation of the soft signal; 41, = - the
response identifving a signal as loud; A =: the response identifving a signal as soft;
and y :- the presentation probability of the lond sipnal. Thus on any trial of an
experimental session, cither S, is presented with probability p, or S, with probability
I - y. After cach presentation, the ohserver is reguired to make cither an o or )
response identifving his judgment of which signal was presented. The observer may
or may nat be told the signal presentation probabilitics, and may or may not be given
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feedback after cach response. As defined here, the feedback condition involves both
trial-by-trial feedback and telling the observer the signal presentation probabilities at
the start of 2 session,

The principal dependent variables are the hit and false alarm probabilities and the
(first order) sequential probabilities, defined as follows: Pr(-1, 1 S;) - the probability
of a hit; Pr(4, | S,) +- the probability of a false alarm; Pr(, | 8,.4,8,) . - the prob-
ability of a hit, given that an 4; was made to an §, on the preceding trial (f, £ - 0 or
1);.and Pr(d, | Sy4;8;) == the probability of a falsc alarm, given that an 4, was made
to an §, on the preceding trial .(f, £ -~ 0 or 1).

A graphic representation of the MR-Model is shown in Fig. 1.2 'he modcl assumes
three processes: a mewory process which maintains an image of the signal presented on

fe .
INPUT OF f
| MEMoRY
Sk — | SIGNAL ON Iy ' process |
| PRECEDING TRIAL | .
e e C- -
Tk
I e ¥
T NeuT OF [ 1
Sj ——s  siGNAL ON p——— I — co;n;:;acrgggn
_ CURRENT TRIAL | :
L. [ - [ -—d
Dik
SN S
RESPONSE: | cecision |
|

A OR Ap* | PROCESS

i, 1. Schematic representation of the MR-Model.

the preceding trial, a comparison process that caleulates a difference function on the
stored image and the incoming signal, and a decision process that sclects a response on
the basis of the comparison process. We assume that an observer has in memury an
image of the signal presented on the immediately preceding teial. This stored image
will be referred to as the frace. Due to the influence of various noise sources, the trace
of signal 5, will take on different values from presentation to presentation and is best
described as a random variable 7% . It is assumed that 7} is normally distributed with
mean f; and variance a7* More specifieally, the trace distributions for the signals S, and
S, have diflerent means, 4, and 4, . but a conunon variance o2

On cach trial of the experiment, the observer processes both the presented signal
and the trace of the last signal. We shall call the sensory event assoctated with the
occurrence of S; the input, a random variable denoted as F;, which is normally distrib-
uted with mean s; and variance a2 Thus, the two signals 5, and S, are characterized
by two input distributions with means s, and s, but a ecommon varrnee o2,

* A similar model has been presented by Kinchla and Allan (1969) and Kinehla and Smyzer
(1967).
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‘I'he values of s, and s, are regarded as scaling parameters, and for mathematical
convenience are set arbitrarily at s, -+ Land s, - 0. For reasons discussed by Haller
(1969) it is assumed that ¢ and 4, depend on o, The postulated relationship is linear and
is specified by the parameter e as follows:

Hera (]l - a)y, {1
b= (1 a)y, (2)

where 0 -7 o« - 1. Thus, the more probable signal is remembered with the least
amount of distortion, and the greater the value of « the more accurate the memory for
both signals.

According to the maodel, on cach trial the observer compares the trace fraom the
preceding signal with the input of the cureent signal. He then computes the difference
between the trace and the input on the relevant dimension (the dimension on which
he is asked to base his judgment). If signal S, was presented on the preceding trial and
signal &; 18 presented on the current trial, then the difference score o, is distributed
as a random variable 73, that is specified by the equation

Dy =@, - T,. (3

To avoid confusinn, it should be noted that whercas the trace on any trial is determined
by the stimulus input on the preeeding trial, the input on a trial is assumed to be
independent of the trace active on that trial. Thus 0, is normally distributed with
mean s; — f; and variance o, == o7® + of.

The decision process uses the output of the comparison process to generate a
response as follows:

o 7~ 8y Srcspnnd Ay '
If ¢d, <8, ; then {respond 4, : @
othcrwiscs repeat response made on the preceding trial

whore 8, 2 §, . If the difference between the input and the trace is greater than some
criterion value 8, , then 4, occurs; if the difference is less than some eriterion value §, ,
then A, oceurs; if the difference does not exeeed either the fower or the upper criterion, -
then the response made on the preceding trial is repeated. In essence, when the obser-
ver substracts the trace of the last signal from the image of the current signal and
ohtaing a “large” positive difference, he calls the current signal Ioud; when he obtains
a “large™ negative difference, he calls the current signal soft; and when he obtains
little os no difference, he identifies the current signal as a repetition of the preceding
one and repeats his last response, _

I'rom the above assumptions, Haller (1969) and “I'anner ef al. (1967) have shown
"that

Pr(d, i 84,8 - @ (..-‘_f_';!.s-_:jf__)_ (5)

Tp
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whdre 4, J, and # can take on the values Q or |, and ®(r).is the intcgral of the unit
normal density function; i.e.,

O(x) = - [ eamit gy, ©)

Virl s ”

If the predicted sequential probabilitics are plotted as points in a receiver-operating-
characteristic (ROC) space, then the points [Pr(d, | 8,4,8;), Pr(A; | §,4,8,)] fall on
a symmetric, bow-shaped curve that is defined by the paramcter o, , and is of the
type predicted by signal detectability theory (Green and Swets, 1966).%

For the fecdback condition, Tanner et al. (1967) proposcd that, if 4, falls between
the lower criterion 8; and the upper criterion §, , then the observer reports that S, , the
signal presented on the preceding trial, has been repeated. More specifically, in the
feedhack condition the observer always knows on a given trial which signal occureed
on the last trial, since the feedback event has given him that information. "Therefore,
when the trace from S, and the input from S, are perceived to be approximately the
samc {i.e., when d;; falls between 8, and 8;}, the observer makes the response that was
designated by feedback as correct on the last trial. FFor this assumption,

Pr(d, | 8;4,%,) = @ (“’_'"_i*: -'-'I-f;-"--). Q)
%p

A more general assumption when ;. falls hetween §; and 8 is that the observer’s
response strategy is influenced hby'any information from the preceding trial. Specifically,
we assume that the observer responds according to a weighted combination of two
tendencies, a tendency to repeat the respimse he made on the preceding trial and a
tendency to teport a repetition of the signal (signified by the fecdback cvent) that
occurred on the preceding trial. Under this assumption, :

Pr(d, | S,4;5,) = wP (_si.__'____r.*' :ﬁL) F(l —w)® (_'"'..__'l’-_'__'__.‘.s_f_.-) (8)

op T ’

where w is the weighting parameter. Note that Eq. 8 is simply a weighted average of
Eqs. 5 and 7. The no-feedback condition of Tanncr et al., is a special case when
w = 0 and Eq. 8 reduccs to Eq. 5. At the other extreme, if the observer ignores his
last response, then o == 1 and Eq. 8 reduces to Eq. 7.

For the feedback condition, the point [Pr(ad, | 84,80, Pr(1y | 874,8,)] generated
by q. 8 lies on a smooth ROC curve defined by oponly when j = &, i.e., when the re-
sponse on the preceding trial was correct. When j 3/ &, the points generated by Eq. 8
fall below the ROC curve that passes through the points generated when j - & In fact,
the points [Pr(dy | Sy S0, Prid; 18346800 and [Pridy P S0 S0, Pr(cdy [8,-080)]

* A point in the ROC space is represenfed by the ordered pair (v, ¥), where x denntes the
value on the abscissa and 3 denotes the value on the ordinate.

~
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gencrated by Iiq. 8, each lic on o straight line between the corresponding points
generated by Egs. 5 and 7, which lic on the ROC curve,

MeTHoD

The observers were two male college sophomaores (Nos, 1 and 3) and five female
housewives (Nos. 2, 4, 5, 6, and 7) ranging in age from 20 to 21 and 31 to 42, respec-
tivelv. Audiometric tests established that all observers had normal hearing. T'he
ohservers were paid at the rate of $2.25 per hour plus 20.75 per hour upon completion
of the experiment. In addition, they reeeived $0.01 for every 4 correct responses.

‘The task required the observer to judge which of two auditory amplitudes vecurred
on cach of a series of trials. Responses were recorded by having the observer press one
of two buttons on a pancl directly before him. The buttons were separated horizontally
4.25 inches from each other. For three observers (Nos. 3, 6, and 7), the buttons were
labeled from left to right, loud signal, soft signal, for the other four observers, the order
was reversed. :

"The sequence of events on each trial of the experiment was as follows: a 1-sce ready
puriod, designated by the illumination of a small white light on the observer’s panel; the
presentation of one of the two signals for 0.1 sec; a 1.9-sec response period, designated
by both response buttons being illuminated; a 2-sec interval, followed by the ready light
for the next trial. Thus, a total of 5 sec clapsed between signal presentations. When
trial-by-trial feedback was given, a red light illuminated-the correct response button
during the last 2-see interval of the trial; otherwise the interval contained no informa-
tion,

"I'he signals ‘were 1000-Hz sinusoidal tones, presented through carphones for a
duration of 100 msec. The equipment and method of tone generation were the same
as reported by Tanner ef al. (1967). No background noise was presented, The ampli-
tude of S, , the loud signal, was constant throughout the experiment at a sound pres-
sure level of 70 dB. The amplitude of 8, the soft signal, was adjusted individually
for cach observer, contingent on his performance during four practice sessions. The
adjustment was made after each block of 50 trials so that by the end of the fourth
practice session the observer was responding correctly on about 707, of the trials. At
that time the amplitude settings of S, were as follows (Nos. | to 7): 67.4, 63.0, 67.4,
67.1, 65.6, 67.6, and 66.4 (mcan = 664.4); these amplitudes were held constant for the
remainder of the experiment. During the practice scssions y was set at 0.5.

The experiment involved 63 sessions plus 4 practice sessions for each observer, who
was tested individually for 2 scssions a day with a 15-min break between sessions.
Each session consisted of 350 trials. Within a session the proportion of S, trials was
determined by onc of three presentation schedules defined by y @ v == 0.2, 0.5, and 0.8.
Within each biock of 50 trials, ¢ defined a random sequence with the restriction that

322



there were ¢ X 50 loud signals and (1 - ) » 50 soft signals. 'The order of presenting
the schedules was randomly determined with two restrictions: in successive 3-session
blocks the observer was tested for 1 session on each of the three schedules, and he was
not tested on the same schedule in any 2 consecutive sessions.

Observers were not given information abaut the signal presentation probabilities
either beforc the experiment or during the practice sessions. Following the practice
sessions the expcriment involved four major parts (conditions), described in their
order of occurrence: NF/N, F, NF/E, NF/LL.

Condition NFIN (no fecdback/naive). T'he observer was not given triai-by-trial
feedback and was not told that the presentation schedule varied from one session to
another. 'T'his condition lasted for 12 sessions, 4 sessions with each of the three presen-

tation schedules. Condition NF/N was designed to be comparable to the no-feedback
condition of Tanner et al. (1967).

Condition F (feedback).  This condition followed NI/N and lasted for 12 sessions,
4 with each schedule. On cach trial during Condition F, the: obhserver was given
feedhack identifying the signal that had occurred on that trial, In addition, he was
told the presentation probabilities at the start of each session: Condition IF was designed
to be comparable to Kinchla's (1966) feedback condition.

Condition NF|E (no feedbackfexperienced). This condition followed Condition F
and lasted for 30 sessions, 10 with cach presentation schedule, As in Condition NF/N,,
the observer did not receive trial-by-trial feedback and was not told the presentation
probabilitics, However, since the observer had participated in Condition F, he was
now aware that the presentation probabilitics might be varving from session to session.
"The extended duration of this condition was designed 1o allow investigation of possible
changes in performance as a function of ¢lapsed time following Condition F.

Condition NF[EL (no feedbackfexperienced, later).  This condition started 1 month
after-the completion of Condition NF/IL and lasted for 9 sessions, 3 with cach presen-
tation schedute. Observers were not told at the end of Condition NF/E that they would
be asked to return (No. 3 did not participate in Condition NI/LL). As in Condition
NI/N and NF/E, the obscrver was not given trial-by-trial feedback and was not told
the presentation probabilities. Condition NF/EL was included to determine if the
clapse of a fairly long period of time would dissipate any influence that Condition F
might have on subsequent performance in a no-feedback condition.

Risurts AND DISCUSSION

Table | presents the sequential probabilitics, hit and false alarm probabilities, the
probabitity of an 4, , and the probability of a correct response, Pr(€7). ‘T'he figures also
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present the sequential probabilities (Fig. 2), hit and false alarm rates (Fig. 3), and the
A, prabability (Fig.4). T'hese data were caleulated for observers individually and for the
group as a whole. T'o conserve space, data for individual observers are not presented;
however, they are reasonably well represented by the group values. The adequacy
of the representation is comparable to that displayed in Tanner ¢# al. (1967).

"The data represent performance over all of the sessions of a given schedule and a
given condition, Data for single sessions were also examined to determine if there were
systematic changes over sessions. Such changes were not vhserved, even for Condition
NTF/E -where they were most expected. ‘Thus the data presented are representative of
individual sessions as well as individual obscrvers,

T'o obtain predictions for the MR-NModel, it is necessary to make estimates of
&, ap, 8y, 8, , and . For the present study the parameters were estimated by mini-
mizing the following function:

2

f(a:, gn a“ ) 81 N w) =" i z {[f,r(.“l l h‘,-.-‘;jns';..) - - Pr(-."]l | S,-.-f_,-.\',..)]z fr(.-'l.‘t',-.-lj.‘:",.)},
I el jol deed
&)

where 131'(.4 | S:158,) denotes the observed sequential probability and {r(d4,.5;4,8,)
deniotes the corresponding observed frequency. The parameter estimates were obtained
using a high-speed computer to calculate the function §(x, oy . 8, , 8; , w) over a grid
of possible values of the parameters, then selecting those values that approximated the
minimum of the function (see Atkinson, Bower, and Crothers, 1965, p. 386).

Two estimation procedurcs, designated as Mcthods A and B, were emploved. In
Method A, which was used for Condition NF/N, the five parameter values were
cstimated simultaneously for all three presentation schedules. In Alethod B, 8, and §;
were estimated scparately for cach presentation schedule, while «, 0, and-w were
estimated simultancously over all three schedules. “T'hus in Method B, once value each
for o, op , and w, but three values each for 3, and §; (a total of nine parameters) were
estimated. Mcthod B was used for Conditions F, NF/E, and NIF/EL, because it was
assumed that 8, and 8, would vary with y when observers were aware that the signal
prescntation probabilities were being varied from session to session. "T'he parameter
estimates and the minimum values of e, ap, 8, 8, , ) arc presented in "Fable 1.

"T'he sequential probabilitics are discussed first, since the principal predictions of the
MR-Model are based on sequential relations. These probabilities are presented in
Fig. 2. The columns of Fig. 2 correspond to the four experimental conditions, and the
rows to the three presentation schedules, The circles and squares in each graph (see
the figure legend) plot the ohserved points [Pr{d, 1 85,4,8,), (., | S5.05)] The
bow-shaped eurves are the ROC functions predicted by the MR-Model. The curves
arc determined by the single paramcter oy, (Taller, 1969; Tanner ef al., 1967). There-
fore, each condition (having its own estimated value of ) has a different curve, but the
three schedules of a condition (having the same value of o)) have the same curve.
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Fic. 2. ROC graphs of sequential response probabilities.

The interscctions of the ROC curves and the short lines drawn perpendicularly to
them plot the predicted points in Fig. 2. For the no-feedback (NT) conditions, the
order of the predicted and observed points along the ROC curve is the same, and this
order is independent of the prescntation schedule. Both hit and false alarm rates
increased as a function of the signal and response on the preceding trial as follows: an
A, made toan 8, , an 4, made to an 5, an A, made to an §, , an .4, made to an S, .
Thus thére was a general tendency to repeat the response made on the preceding trial
but not to report the signal that occurred on the preceding trial. Also, there was a
strong tendency to’ repeat a response that was incorrect on the preceding trial. The
order of the abserved points for all three NF conditions is the same as that reported by
Kinchla (1966} and by Tanner ef al. (1967) for their no-feedback conditions. Also, the
accuracy of the MR-Model for predicting the sequential probabilitics in the present
study appears comparable to the accuracy reported by Tanner ef al.

As noted above, for Condition F the model predicts that only two of the points for
the scquential  probabilitics, iz, [Pr(d, [ Sy4,S0), Pr(Ad, 1 84,5,)] and
Pr(A, | So1,8,), P, | S44S0)] will fall on the ROC curve. The predicted values
for these two points arc indicated by the intersection of short lines with the ROC
curve; the predicted and observed values for these two points have the same order in
the ROC space. For the two points that are predicted to lie below the curve, wiz,
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[Pr(A ) 8,4 Sy, Pr(d; 8,4,5:] and [Pr(A, | 534,8,), Pr(Ad, | S,4aS)), the pre-
dicted values are designated by small crosses and a'line connccts these crosses with
the corresponding observed points.

For Condition F (in contrast to the NF conditions) the order of the four nhscrved
points along the ROC curve is not consistent over presentation schedules. However,
the order within each of the two pairs of points (the pair predicted to fall on the ROC
curve, and the pair predicted to fall below the curve) is the same for each presentation
schedule ‘as the corresponding order in the three NF conditions; i.c., both hit and
false alarm rates were greater when an A, was made to an S, than when an 4, was
made to an 5, on the preceding trial, and were greater when an ', was made to an S,
than when an A, was made to an §, . Inspection of Kinchla's data shows these same
relationships when observers received trial-by-trial feedback.

Kinchla reported that the influence of the preceding trial’s signal and response on
hit and false alarm rates was much stronger when observers did not receive feedback
than when they did. Similarly, in Fig. 1 of the present study, the sequential effects
appear greater for the NF conditions than for Condition F; i.e., the spread of the four
points in the ROC space is generally greater for the NF conditions than for Condition
F. In both studics. however, the two points [Pr{d, | Sy4,S0), Pr(d, | §.4,5,)] and
(Pr(A, | Sod\S)), Pr(y | 8,4,85,)] were spread about as far apart when feedback was
given as when it was not. 'The deerease in the overall spread for Condition FF was due
specifically to a decrease in the sequential effects when an crror (4,8, or 4,5,) was
made on the preceding trial. Thus in Condition IF (in contrast to the NF conditions)
there was not a consistent tendency to repeat a response that was incorrect on the pre-
ceding trial, but (similar to the NF conditions) there was a tendency to repeat a
response made on the preceding trial whether or not it 'was correct.

The two points that are predicted to lie below the ROC curves in Condition I¥ are
not as well fit by the model as are the points (in all four conditions) that are predicted
to lie on the curves. However, in all conditions the theoretical fits for the points that
are predicted to lie on the ROC curves appear reasonably accurate; and, as noted
previously, even for the points in Condition T that arc predicted to le below the
curve, the relative location in the ROC space, with respect to the direction of shifts
along the curve, is predicted.

Figure 3 presents observed values for hit and false alarm rates plotted on ROC
graphs. As would be expected from previous research, hit and false alarin rates varied
systematically ag a function of y in all experimental conditions. For afl three NEF
conditions both the hit and falsc alarm probabilities decreased, as y increased, the
same relation reported by Tanner ef af. (1967). Qualitatively then, the relationship
between y and hit and false alanm rates was the same for the three conditions. However,
note that the spread of the points is greater in. Condition NF/N than in Conditions
NF;E and NF/EL. This evidence indicates that the influénce of ¢ on hit and false
alarm rates is reduced in a no-feedback condition that is presented after an ohserver
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Fie. 3. ROC graphs of hit and false alarm probabilitics.

has previously experienced feedback., This reduced influence apparently was not
affected by the clapsed month hetween Conditions NF/IE and NF/EL. _

For Condition F both hit and false alarm rates increased as y increased. This
relationship is the samce as that reported by Kinchla for his feedback condition. "T'he
influence of ¥ on hit and false alarm rates appears to have been stronger in Condition
F than in Condition NF/N and this difference bhetween the two conditions also is
congistent with the results of previous research. Inspection of Kinchla's feedback data
and Tanner and co-worker’s no-feedback data suggests that the influence of y on hit
and false alarm rates was stronger in the former even though the range of y values
(0.25 t0 0.75 and 0.1 to 0.9, respectively) was greater in the latter study. :

Predicted values for Po( 4, | S;) and Pr(4, | S,) were obtained as weighted averages
of appropriate sequential probabilitics:

Pr(4,18) = i f‘, [Pr(dy | S,4,5:) Pr(4; | S,) Pr(S,)]. (10)

L=l jwl

T'he predictions for Pr(4, | ;) and Pr(A, | S,) are presented in Table I, where they
can be compared with ohserved values. For cach of the four conditions the mode!
predicts the observed values quite agcurately. The largest discrepancy hetween
observed and predicted values is 0.04, and the discrepancy for 17 of the 24 pairs of
valum is less than or equal to 0.0].

" Figure 4 presents the observed values for Pr(4,) as a function nf y. Tt is clear that
feedback had a marked influenced on Pr(A4,). While Pr(A,) remained virtually constant
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1. 4. Unconditional prohahility for reporting the loud signal.

over the presentation schedules in Condition NIF/N, it approsimately matched the
value of y in Condition I7, These results are consistent with those of Tanner and eco-
worker's no-feedback condition and Kinchla’s feedback condition. For Conditions
NF/E and NF{EL, Pr(:])) increased as y increased but less markedly than in Con-
dition I¥, Thus, Conditions NF/E and NF/EL lie between Conditions NF/N and F
in their influcnce on the relationship between o and the A, response probability, just
as they did for the relationship hetween y and the hit and Ffalse alarm rates. As in the
casc of hit and false alarm rates and sequential probabilitics, the clapsed month between
Conditions NIF/E and NF/EL did not appear to influence Pr(.1,).

The predictions for I'r(4;) and Pr{C’) were obtained as weighted averages of the
predicted hit and false alarm rates as follows:

Pr{eh) = Pe{ A1 S0) v +Pr(A | Sl - ») (1
Pr(C) = Pr(, | )y + [t - Pr(e, i Sl v). (12)

The values of Pr(,) and Pr(C) are presented in Table 1; note that 23 of the 24 predic-
tions are within 0.01 of the observed values.

In the application of the MR-Model to Conditions F, NTF/IE, and NF/EL, certain
assumptions were added to the basic model. "To evaluate these additional assumptions
some alternatives were considered.

For Condition T the predictions generated by Eq. & (shown in T'able 1) were com-
pared with those generated by Eq. 7. I'he estimation procedure used for Eq. 8 (Method
B) was repeated for Tq. 7, since §, and &, ohviously werc dependent on y (note in
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Fig. 5 that for Condition I both §, and 8, decreased markedly as y increased). For
Pr{A, [ 8) Pried, [ Sg), Pr(A,), and Pr{C7), Egs. 7 and 8 yvielded essentially equivalent
results; the predicted values for the two equations are all within 0.01 of cach other,
Flowever, for the sequential probabilities, the predictions of Eq. 8 provided a far
hetter it to the data than those of g, 7; the respective minimum values of
£(x, ap, 8, , 8, , o) are 10.8 and 27.9.

<]
—

CRITERION VALUE
c
1

PRESENTATION SCHEDULE

IF16. 5. Lstimates of the criterion valucs.

Method B was used originally to estimate parameters for {onditions NF/E and
NT/EL, since it was assumed that an observer might guess the values of the signal
presentation probabilitics and adjust his criterion values appropriately. Figure 5 shows
that the estimates 8, and 8, decreased as y increased in these two conditions, but the
relationship was not as strong as it was for Condition F. Therefore, a new set of
predictions was generated for Conditions NT/E and NF/EL using Method A, which
required 8, and §; to be constant over y. Methad B proved to be more aceurate for all
of the probabilities shewn in Table | for the two conditions, For Conditions NF/E and
NF/EL, respectively, the minimum values of £(«, oy, 8, , 8, , w) obtained by Method
A are 75.6 and 40.2; these values are much larger than those obtained by Mcthod B
{sce Table 1),

The data appear to support the assumption that §, and 8, vary as a function of y in
Conditions F, NF{E, and NF/EL. As an additional test of the MR-Model another set
of predictions was generated for Condition NF/N using Method B, i.c., allowing
8, and &, to vary with y. However, the estimation of additional parameters in Method
B did not substantially improve the predictions for Condition NIF{N. For all the
response probabilities in Condition NF/N, the predictions generated by Aethods A

330



and B arc nearly identical. The values of §; and 8, for' Condition NI¥/N obtained using
Method B are shown in Fig. 5, and it is apparent that they are virtually constant over
y- 'Thus the assumption that observers do not adjust their eriterion values from one.
presentation schedule to the next in Condition NF/N appears to be supported.

CoNCLUSION

The findings of this study, we believe, justify the following conclusions:

1. The results of Kinchla’s (1966) feedback condition and Tanner and co-worker’s
(1967) no-feedback condition have been replicated in Condition ¥ and NFN, respee-
tively. It has been verified that in a signal recognition task the relationship between y
and hit and false alarm probabilitics depends on whether oF nat an observer is given
information about the signal presentation probabilities.

2. The results of this study considered in relation to those of Kinchla (1966) and
"Tanner ef al. (1967) suggest that the information an ohserver receives about the signal
presentation: probabhilitics and the influence this information has on his decisions are
ordered along a dimension from (a) to (d) as follows: (a) At one end is Kinchla's
feedback condition and Condition ¥ of the present study; the observer is told the
signal presentation probabilities and is given trial-by-trial feedback. As a result, the'
hit and false alarm rates clearly increase as y increases. (b) Next on the dimension is
Kinchla’s no-feedback condition; the observer is told the signal presentation prob-
abilities, but is not given trial-by-trial feedback. In this condition hit and false alarm
rates also increase as y increases but the effect is weaker than when trial:by-trial
feedback is given. (c) Further along the dimension lie Conditions N1/ and NEF/IEL
of the present study; the observer is not told of the signal presentation probabilities
and is not given trial-by-trial feedback, but as 4 result of previous experience, he may
realize that the signal presentation probabilitics vary from session to session. Under
these conditions hit and false alarm rates decrease slightly as y increases. (d) At the
other end of the dimension is Tanner and co-worker's no-feedback condition and
Condijtion NF{N of the present study; the abserver is not told that the signal presen-
tation probabilitics may change from session to session and is nof given trial-hy-trial
feedback. With no information about the signal probabilitics, the observer's hit and
false alarm rates decrease markedly as o inereases. '

3 The sequential cffects appear 1o be stronger when rial-by-trial feedback s
omitted than when it is given. The influence of the preceding trial’s signal and response
on hitand false alarm rates appears to have been equally strong in Kinchla's and I'anner
and co-worker's no-feedback conditions, and the three NF conditions of the present
study. The relationship was weaker in hoth Kinehla's feedback condition and Con-
dition I of the present study.
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4. The Memorv-Recagnition  Model  provided  accurate  predictions  for
Pr(A,), Pr(d, 1 8)), and Pr(A, 18,) in all conditions of the present study. For the
sequential probabilities, Pe(c1, | §,218,), the predictions are quite aceurate for the
three NF conditions. For Condition I, however, the predictions for two of the points
in the ROC space, the points predicted to fall below the ROC eurve, are less accurate;
for the two points that are predicted to fall on the curve, the accuracy of the predic-
tioms is comparahle to that of the NI conditions,
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Adaptive Instructional Systems:
Some Attempts to Optimize
the Learning Process

Richard C. Atkinson'
Stanford University

INTRODUCTION

One cannot help but question the significance of psychelogy’s contribution to
the development of effective instructional procedures. On the one hand, psy-
chology has been very influential in the field of education. In the last 23 years
almost every major innovation in education—programmed tex (books, behavioral
objectives, ungraded schools, individually prescribed instruction, computer man-
aged und assisted instruction, token economies, and tailored testing to name a
few--can be traced to psychology. In many cases these innovations have not
been due to psychologists primarily identificd with education, but rather to
laboratory scientists whose research has suggested new approaches to instruc-
tion. Psychology can be proud of that record of accomplishment. But upon
closer cxamination, it is evident that these accomplishments are not as closely
linked to psychological research as many inight believe. Psychology has sug-
gested new approaches to education, but these suggestions have not led to
sustained research programs that have the promisc of producing a truly effective
theory of instruction. Rather, psycholugy seems to provide the stimulus for
innovation, but innovation that has not in turn led to a decper understanding of
the learning process.

Why has psychology not had a more substantial impact? There arc several
reasons. The brightest and ablest young psychologists usually are not aturacted
to educational rescarch, and the research thal has been done tends to be
piecemeal, not pursuing problems in rcal depth. This picture may change in the
near future due to the limited number of jobs for new Ph.D.s and to society's

' Present affiliation: Deputy Dircctor, National Science Foundation, Washington, D.C.
20550.
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increasing emphasis on applied research. The more serious problem, however, is
that psychologists know a great deal about the acquisition of individual facts and
skills, but very little about how these combine to form a meaningful mental
structure. Effective methods for acquiring skills and facts are important, but the
major problem is the development of knowledge structures that are more than
the sum of individual facts. In order to deal effectively’ with educational
problems, we need theories that tell us how knowledge is represented in
memory, how information is retrieved from that knowledge structure, how new
information is added to the structure, and how the system can expand that
knowledge structure by sclf-generative processes. The development of such
theories is under way, and increasingly work in cugnitive psychology is moving
in that direction. The contributions of Anderson and Bower (1973), Newell and
Simon (1972}, Rumelhart, Lindsay, 3nd Norman (1972}, and Schank (1972) are
examples of substantial efforts to develop comprehensive theories of cognition,
and it is alrcady evident that this work will have implications for education.
Such theories will not simply add another wrinkle to educational research, but
will lay the foundations for rescarch encompassing a larger set of educationally
significant problems than has been considered in the past.

In this paper [ want to review the ongoing work in my laboratory that has
implications for instruction. Some of that work represents attempts to deat with
the issue of complex knowledge structures, whereas some is more restrictive
dealing with the acquisition of specific skills and facts. All of the work involves
computer-based programs of instruction used on a daily basis in schools and
colieges. These programs can best be described as adaptive instructional systems.
By that term [ mean two things: (1) the sequence of instructional actions taken
by the program varies as a function of a given student’s performance history, and
{2) the program is organized to modify itsclf automatically as more students
complete the course and their response records identify defects in instructional
strategies.

Our work on adaptive instructional systems has three foci. One is the develop-
ment of a course in computer programming for jinior college and college
students; the second is a course for teaching reading in the first three grades of
elementary schools; and the third is a foreign-language vocubulary program being
used at the college level. Ilere 1 will review research on each of these projects.

INSTRUCTION IN COMPUTER PROGRAMMING

Our first efforts to teach computer programming involved the development of a
computer-assisted instruction (CAI) curriculum to teach the AID (Algebraic
Interpretive Dialogue) programming language; this course has been used exten-
sively in colleges and junior colleges as an introduction to computer program-
ming (Beard, Lorton, Scarle, & Atkinson, 1973). However, it is a linear, “frame-
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oriented”” CAl program and does not provide individualized instruction during
the problem-solving activily itself. After working through lesson segments on
syntax, expressions, cic., the student is assigned a problem to solve in AID. He
musi then leave the instructional program, call up a separate AlD interpreter,
perform the required programming task, and return to the instructional program
with an answer. As the student writes a program with AID, the only sources of
assistance are the error incssages provided by the noninstructional interpreler.
An inadequacy of the AID course, especially for research purposes, is its
limited ability to characterize individual students’ knowledge of specific skills,
and its inability to relate students’ skills te the curriculum as anything more than
a ratio of problems correct to problems attempted. The program cannot make
fine distinctions betwcen a student’s strengths and weaknesses. and cannot
present instructional material specifically appropriate to that student beyond
“harder” or “‘casicr” lessons. In order to explorc the cffects of different
curriculum sclection strategics in more detail, we developed another introduc-
tory programming course, capable of representing both its subject matter and
student performance more adequatcly. The intcrnal representation of program-
ming skills and their relationships to the curriculum is similar in some ways to
the semantic networks used in the “gencrative™ CAl programs developed by
Carbonell and others (Carbonell, 1970; Collins, Carbonell, & Warnock, 1973).

The BASIC Instructional Program

An important feature of a tutorial CAI program is to provide assistance as the
student attempts to solve a problem. The program must contain a representation
of the subject matter that is complex enough to allow the program to generate
appropriate assistance at any stage of the student’s solution attempt. The BASIC
(Beginners All-purpose Symbolic Instruction Code) Instructional Program (BIP)
contains a representation of information appropriate to the teaching of com-
puter programming that allows the program both to provide help to the student
and to perform a limited but adequate analysis of the correctness of the
student’s program as a solution to the given problem.

To the student seated at a terminal, BIP looks very much like a typical

" time-sharing BASIC operating system. The BASIC interpreter, written especiaBy
for BIP, analyzes each program line after the student types it, and notifics the
student of syntax errors. When the student runs his or her program it is checked
for structural illegalities, and duririg runtime “execution™ errors are indicated. A
file storage system, a calculator, and utility commands are available.

Residing above the simulated operating system is the “tutor,” or instructional
program (1P). It overlooks the entire student/BIP dialogue and motivatcs the
instructional interaction. In addition to selecting and presenting programming
problems to the student, the IP identifies the student’s problem areas, suggests
simpler “subtasks,” gives hints or model solutions when necessary, offers debug-
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FIG. 1 BIP informalion flow diagram.

ging aids, and supplies incidental instruction in the form of messages, interactive
lessons, or manual references.

At the core of BIP is an information network whose nodes are concepts, skills,
problcms, subproblems, prerequisites, BASIC commands, remedial lessons, hints,
and manuval references. The network is used to characierize both the logical
structure of the course and our estimate of the student’s current state of
knowledge; more will be said about the network later. Figure 1 illustrates the
interactions of ihe parts of the BIP program.

The curriculum is organized as a set of programming problems whose text
includes only the description of the problem, not lengthy descriptions of
programming structures or explanations of syntax. There is no fixed ordering of
the tasks; the decision to move from one task to another is made on the basis of
the information about the tasks (skills involved, prerequisites, subtasks available)
stored in BIPs network.

A student progresses through the curriculum by writing, and running, a
program that solves the problem presented on the terminal. Virtually no limita-
tions are imposed on the amount of time the student spends, the-number of lines
he writes, the number of errors he is allawed 1o make, the number of times he
chooses 1o execuie the program, etc. The task on which the student is working is
stored on a stack-like structure, so that he may work on another lask, for
whatever reason, and return to the previous task automatically. The curriculum
structure can accommodate a wide variety of student aptitudes and skills. Most
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of the curriculum-related options are designed with the less competent student
in mind. A more competent studcnt may simply ignore the options. Thus, BIP
gives studenis the opportunity to determine their own “chalienge levels” by
making assistance available butf not inevitable.

BIP offers the student considerable flexibility in making task-related decisions.
The student may ask for hints and subtasks to help solve the given problem, ur
may ponder the problem, using only the manual for additional information. The
student may request a different task by name cither completing the new task or
not, as he or she chooses. On the student’s return to the original tusk, BIP tells
him or her the name of the again-current task, md prints the text of the task if
requesicd. The student may request the model solution for any task at any time,
but BIP will not print the model for the current task unless the student has
exhausted the available hints and subtasks. Taken together, the curriculum
options allow for a wide range of student preferences and behaviaors.

The Information Network of BIP

Task selection, remedial assistance, and problem area determination require that
the program have a flexible information store interrelating tasks, hints, manual
references, etc. This store has been built using the associative language LEAP, a
SAIL (Stanford Artificial Intelligence Laboratory) subianguage, in which set, list
and ordered triple data structures are available (Feldman, Low, Swinehart, &
Taylor, 1972; Swinbart & Sproull, 1971; VanLehn, 1973). Figure 2 presents a

WRITE A PROGRAM THAT :
PRINTS THE NAME OF A
VARIABLE AND ITS VALUE

PROBLEMS / \

WRITE A PROGRAM THAT
PRINTS THE VALUE OF
A VARIABLE

WRITE A PROGRAM THAT:
PRINTS THE WORD"CAT"

SKILLS

[_FRINTING LITERALS I |PRINTING VARIABLES l IASSIGNING LITERALS]

CONCEPTS

QUTPUT VARIABLE ASSIGNMENT

FIG.2 A segment of BIP information network.
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simplified relationship among a few programming concepts, specific observable
skills that characterize the acquisition of the concepts, and programming prob-
lems that require the use of those skills. The network is constructed using the

associative triple structure, and is best described in terms of the various types of
nodes:

TASKS: All curriculum elements exist as task nodes in the network.
They are linked to each other as subtasks, prerequisite tasks,
or “must follow™ tasks. i

SKILLS: The skill nodes are intermediaries between the concept nodes
and the task nodes (Fig. 2). Skills are very specific, e.g.,
“concatenating string variables” or “incrementing a counter
variable.” By evaluating success on the individual skills, the
program estimates competence levels'in thc concept areas. 1n
the network, skills are related to the tasks that require them
and to the concepts that embody them.

CONCEPTS: The principal concept areas covered by BIP are the following:
interactive programs; variables and literals; expressions; input
and output; program control—branching; repetition--loops;
debugging; subroutines; and arrays.

OPERATORS: Each BASIC operation (PRINT, LET,...) is a node€in the
network. The operations are linked to the tasks in two ways:
either as elements that must be used in the solution of the
problem, or as those that must not be used in the solution.

HINTS: The hint nodes are linked to the tasks for which they may be
helpful. Each time a new skill, concept or BASIC operator is
introduced, there is an extra hint that gives a suitable manual
reference.

ERRORS: All discoverable syntax, structural, and execution errors exisl
as nodes in the network, linked to the relevant “help” mes-
sages, manual references and remedial lessons.

Clearly in some cases, a hicrarchy among skills or problems is implicit; more
frequently, however, such a relationship cannot be assumed. By imposing only 2
very loose hierarchy (e.g., requiring that all students begin the course with the
same problem), it is possible Lo sclect curriculum and provide assistance on the
basis of a student’s demonstrated competence level on specific skills, rather than
on the basis of a predetermined, nonindividualized, sequence of problems.
Students who acquire competence in skills in some manner other than that
assumed by subject-matter experts to be standard should benefit most from this
polential for individualization,

Upon completion of a task, the stodent is given a “post task interview” in
which BIP presents the model solulion stored for that problem. The student is
encouraged to regard the model as only one of many possible solutions. BIP asks
the student whether he or she has solved the problem, then asks (for each of the
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skills associated with the task) whether more practice is needed on that skill. In
addition to the information gained from this student self-analysis, BIP also stores
the result of a comparison between the student’s program and the model
solution, based on the output of both programs when run on a set of test data.
The student’s responses to the interview and the results of the program compari-
son are used in future BIP-gencrated curriculum decisions. BIP informs the
student that the task has been completed, and cither atlows the student to select
the next task by name (from an off-line printed lst of names and problem
texts), or makes the selection for the student.

An example of the role of the Information Network in BIPs tutorial capabil-
ities is the BIP-generated curriculum decisions mentioned above. By storing the
student’s own evaluation of his or her skills, and by comparing the student's
solution attempts to the stored models, BIP can be said to “learn™ about each
student as an individual who has attained a certain level of competence in the
skills associated with each task. For example, BIP might have recorded the fact
that a given student had demonstrated competence {and confidence) in the skill
of assigning a literal value to a variable (e.g., N = 1), but had failed to master the
skill of incrementing a counter variable (e.g., N=N+ 1). BIP can then search the
network to locate the skills that are appropriate to each student’s abilities and
present tasks that incorporate those skills. The network provides the base from
which BIP can generate decisions that take into account both the subject matter
and the student, behaving somewhat like a human tutor in presenting material
that cither corrects specific weaknesses or challenges and extends particular
strengths, proceeding into as yet unencountered areas.

The BIP program has been running successfully with both junior coliege and
university students. However, the program is still very much in an experimental
stage. From a psychological viewpoint, the principal research issues deal with (1)
procedures for obtaining on-line estimates of student abilities as represented in
the information network, and (2) alternative methods for using the current
estimates in the information network to make-instructional decisions. Neither of
these issues is restricted to this particular course, and a major goal in the
development of BIP is to provide an instructional model suitable to a variety of
different subject areas. Two topics must be discussed in relation to this goal: the
" nature of appropriate subject areas and the general characteristics of the BIP-like
structure that make it particularly useful in teaching such subjects.

A subject well suited to this approach generally fits the following description:
it has clearly definable, demonstrable skills, whose relationships are well known;
the real content of the subject matter is of a problem-solving, rather than a
fact-acquiring; nature; the problems presented to the student involve overlapping
sets of skills; and a student’s solution to a given problem can be judged as
adequate or inadequate with some degree of confidence. The BASIC language, as
taught by BIP, is one such subject, but the range of appropriate curriculums goes
well beyond "the area of computer science. For example, elementary statistics
could be taught by a similar approach, as could algebra, navigation, accounting,
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-or organic chemistry. All these subject areas involve the manipulation of infor-
mation by the student toward a known goal, all involve processes that can be
carried out or simulated by a computer, and all are based on a body of skills
whose acquisition by the student can be measured with an acceptable degree of
accuracy. .

Because they require the development of problem-solving skills, rather than
the memorization of facts, these subject areas are frequently difficult to master
and difficult to tutof, especially using standard CAI techniques. One limitation
of such standard techniqucs is their dependence on a “right™ answer to a given
question or problem, which precludes active student participation in a problem-
solving process consisting of many steps, none of which can be evaluated as
correct or incorrect except within the context of the solution as a whole. In
addition, standard CAI techniques usually consist of an instructional facility
alone—a mechanism by which information is presented and responses are judged.
This facility can be linked to a true problem-solving facility that allows the
student to proceed through the steps to a solution, but the link does not allow
the transfer of information between the instructional and the problem-soiving
portions of the program. The complete integration of the two parts is a key
feature of BIP, making it appropriate to instruction in subject areas that have
been inadequately trcated in CAIL _

The most general characteristics of the “network™ structure include a represen-
tation of the curriculum jn terms of the specific skills required in its mastery and
a representation of the student’s current levels of competence in each of the
skills he has been required to use. Individual record-kceping relates each stu-
dent’s progress to the curriculum at all times, and any number of schemes may
be used to apply that relationship to the sclection of tasks or the presentation of
additional information, hints, advice, etc.

An important element of our network structure is the absence of an estab-
lished path through the curriculum, providing the built-in flexibility (like that of
a human tutor) to respond to individual students’ strengths and weaknesses as
each student waorks with the course. This can only be accomplished through a
careful analysis and precise specification of the skills inhercnt in the subject
matter, the construction of a thoreugh curriculum providing in-depth experience-
with all the skills, and a structure of associations among clements of the
curricutum that allows for the implementation of various instructional strategics.
[nstructional flexibility is complemented by research flexibility in such a struc-
ture, because the nature of the associations can be modilied for ditferent
experimental purposes. Once the clements of the network have been established,
it is easy, for cxample, to change the prercquisite relationship between two
problems, or to specily a highcr level of competence in a given skill as a criterion
measure. _ _

The considcrable complexity involved in programming this kind of flexible
structure imposes a certain limitation. Standard CAI “author languages™ are not
appropriate to this network approach, and constructing a CAl course on BIP's
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pattern is not a task.to be undertaken by the educator (or researcher) who has
no programming support. The usefulness of author languages is their simplicity,
which allows subject-matter experts to prepare course material relatively quickly
and easily. Most author languages provide for alternative paths through a
curriculum, for alternative answer-matching schemes, and so forth; considerable
complexity is certainly possible. However, the limits, once reached, are real, and
the author simply cannot expand the sophistication of his course beyond those
limits.

The programming support required by the network approach, on the other
hand, implies (1) the use of a general, powerful language allowing access to all
the capabilities of the computer itself, and (2) a programming group with the
training and cxperience to make full use of the machine. It has been our
experience that the flexibility of a general purpose language, while expensive in a
number of ways, is worth the costs by virtne of the much preater freedom it
allows in the construction of the curriculum and the implementation of experi-
mental conditions. For a more complcte description of BIP and 2 review of our
plans for further research see Barr, Beard, and Atkinson (1974).

INSTRUCTION IN INITIAL READING
{GRADES -3}

Our first efforts to teach reading under computer control were aimed at a total

curriculum that would be virtually independent of the classroom teacher (Atkin-

son, 1968). These early efforts proved reasonably stccessful, but it soon became

apparent that the cost of such a program would be prohibitive if applied on a

large-scale basis. Further, it was demonstrated that some aspects of instruction

could be done very effectively using a computer, but that there were other tasks -
for which the computer did not have any advantages over classroom teaching.

Thus, during the last four ycars, our orientation has changed and the goal now is

to develop low-cost CAI that supplements classroom teaching and concentrates

on those tasks in which individualization is critically important.?

Reading Curriculum

Reading instruction can be divided into two areas which have been referred to as
“decoding” and *“‘communication.” Decoding is the rapid, il not automatic,
association of phonemes or phoneme groups with their respective graphic repre-

*A student terminal in the currcnt program consists only of a Model-33 tfeletypewriter
-with an audio headset. There is no graphic or photographic capability at the student
terminal as there was in our first system, and the character set of the telctypewriter inclides
only uppercase letters. On the other hand, the audio system is extremely flcxil;le and
provides virtually instantaneous access to ariy one of 6,000 recorded words and messages.
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FIG. 3 Schemalic presentalion of the strand structure. Entry into each strand depends on a
student's performance in earlier strands. The vertical dotted lines rcpresent maximal rate
contours which control the student's progress in cach strand relative to the other strands.

sentations. Communication involves reading for meaning, aesthetic enjoyment,
emphasis, and the like. Our CAl program provides instruction in both types of
tasks, but focuses primarily on decoding. The program is divided into eight parts
or strands. As indicated in Fig. 3, entry into a strand is determined by the
student’s level of achievement in the other strands. Instruction begins in Strand
0, which teaches the skills required to interact with the program. Entry into the
other strands is dependent on the student’s performance in_ earlier strands. For
example, the letter identification strand starts with a subset of letters used in the_
earliest sight words. When a student reaches a point in the letter identification
strand where he has exhibited mastery over the letters used in the first words of
the sight-word strand, the student enters that strand. Similarly, enfry into the
spelling-pattern strand and the phonics strand is controlled by the student’s
placement in the sight-word strand. On any given day, a student may be seeing
exerciscs drawn from as many as five strands. The dotted veriical lines in Fig. 3
represent “‘maximal rate contours,” which control the student’s progréss in each
strand relative to progress in other strands. The rationale underlying thesc
contours is that learning particular material in one strand facilitates learning in
another strand; thus, the contours are constructed so that the student learns
specific items from one strand in conjunction with specific items from other
strands. '
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The CAI program is highly individualized so that a trace through the curricu-
lum is unique for cach student. Qur problem is 1o specify how a given subject’s
response history should be used to make instructional decisions. The approach
that we have adopted is to develop mathematical models for the acquisition of
the various skills in the curriculum, and then use these models to specify optimal
sequencing schemes. Basically, this approach is what has come to be known in
the engineering literature as “‘optimal control theory,” or, more simply, “control
theory.” In the area of instruction, the system to be contratled is the human
lcarner rather than a machine or group of industries. If a learning model can be
specified, then methods of control theory can be used to derive optimal
instructional stralcgies.

Some of the optimization procedures will be reviewed later, but in order lor
the reader to have some idea of how the CAl program operates, let me first
describe a few of the simpler exercises used in Strands 11, III, and IV. Strand {1
provides for the development of a sight-word vocabulary. Vocabulary items are
presented in five exercisc formats; only the copy exercise and the recognition
cxercise will be described here. The top panel of Table I illustrates the copy
exercise, and the lower panel illustrates the recognition exercise. Note that when
a student makes an error, the system responds with an audio message and prints

TABLE1
Examples of Two Exercises Used in Strand i
iSight-Word Recognition)?

Teletypewriter Audio
display message

Copy exercise
The program outputs PEN (Type pen.)
The student responds by typing PEN
The program outputs + (Great!)
The program outputs EGG (Type cgg.)
The student responds by typing EFF
The program outputs {HIEGG (No, egg.)

Recognition exercise

The program outputs PEN NET EGG (Type pen.)
The student responds by typing PEN

The program outputs +

The program outputs PEN EGG NET (Type net.)
The student responds by typing .NET

The program outputs + (Fabulous!

“The top panel displays the copy cxercise and the bottom the
recognition exercise. Rows in the table correspond to successive
lines on the teletypewriter priniout.



out the correct response. In earlier versions of the program, the student was
required to copy the correct response following an error. Experiments demon-
strated that the overt correction procedure was not particularly effective; simply
displaying the correct word following an error provided more useful fecdback.

Strand 111 offers practice with spelling patterns and emphasizes the regular
graphcme—phoneme correspondences that exist in English. Table 2 iltustrates
exercises from this strand. For the exercise in thc top panel of Table 2, the
student is presented with three words involving the same spelling pattern and is
required to select the correct one based on its initial le{ters. Once the student
has learned to use the initial leticr or letter sequence 1o distinguish between
words, he moves to the recall excrcise illustrated in the bottem panel of Table 2.
Here the student works with a group of words, all involving the same spelling
pattern. On each trial the audiv system requests a word that requires adding.an
initial consonant or consonant cluster to the spefling pattern mastered in the
preceding exercise. Whenever a student makes a correct response, a “+7'sign is
printed on the teletypewriter. In addition, every so often the program will give
an audio fcedback message; these messages vary from simple ones like “great.”
“that’s fabulous,” “you're doing brilliantly,” to some that have cheering, clup-
ping, or bells ringing in the background. These messages are not generated at
random, but depend on the student’s performance on that parficular day.

When the student has mastered a specified number of words in the sight-word
strand, he or she begins exercises in the phonics strand; this strand concentrates
on initial and final consonants and consonant clusters in combination with
medial vowels. As in most linguistically orientated curricula, students are not
required to rchearse or identify consonant sounds in isolation. The emphasis is
on patterns of vowels and consonants that bear regular currespondences Lo

TABLE 2
Examples of the Recognition and Recall Exercises Used in
Strand 1 {Spelling Patterns)

Teletypewriter Audio
display message

Recognition cxercise

The program oulputs KEPT SLEPT CREPT  (Type kept.)
The student responds by typing  KEPT
The program outputs +

Recall exercise

The program outputs (Tvpe crept.)
The studen! responds by typing  CREPT
+

The program outputs (That's fabulous!)
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TABLE 3
Examples of Two Exercises from Strand |V {Phonics)

Telety pewriter Audio
display message

Recognition exercisce

The program culputs —AIN-IT -IG (Type /1G/ as in fig.)
The student responds by typing 1G

The program outputs + (Good!)

The program outputs —IT-IN-IG {Type /IT/ as in fit.)
The student responds by typing IT

The program outputs +

Build-a-word exercise

The program outputs —IN-IT ~1G

P—— (Type pin.)
The student responds by typing PIN
The program outputs + (Great!)
The program outputs -IG -IN —IT

F—— (Type fig.)

The student responds by typing FIN
The program outputs [HFiG (No, we wanted fig.)

phonemes. The phonic strand is the most complicated one of the group and
involves eight exercisc formats; two of the formats will be described here. The.
upper panel of Table 3 illustrates an exercise in which the student is required to
identify the graphic representation of phonemes occuring at the end of words.
Each trial begins with an audio presentation of a word that includes the
phonemes, and the student is asked to identify the graphic representation. After.
mastering this exercise the student is transferred to the exercisc illustrated in the
bottom panel of Table 3. The same phonemes are presented, but now the
student is required to construct words by adding appropriate consonants.

Optimal Sequences for individual Students

This has been a brief overview of some of the exercises used in the curriculum; a
more detailed account of the program can be found in Atkinson, Fletcher,
Lindsay, Campbell, and Barr (1973). The key to the curricuium is the optimiza-
tion schemes that control the sequencing of the exercises; these schemes can be
classified at three levels. One level involves decision making within each strand.
The problem is to decide which items to present for study, which exercise
formats to present them in, and when to schedule review. A complete response
history exists for each student, and this history is used to make trial-by-trial
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decisions regarding what to present next. The second level of Optimiz.atibn deals
with decisions about allocation of instructional time among strands for a given
‘student. At the end of an instructional session, the student will have reached a
certain point in each strand and a decision must be mmade about the time to be
atlocated to each strand in the next session. The third level of optimization deals
with the distribution of instructional time among students. The question here is
to allocate computer time among students to achieve instructional objectives
that are defined not for the individual student but for the class as a whole. In
some global sense, these three levels of optimization should be integrated into a .
unified program. However, we have been satisfied to work with each scparately,
hoping that later they can be incorporated into a single package.

Optimization within a strand (what has been called Level I) can be |llustrated
- using the sight-word strand. The strand comprises a list of about 1,000 words;
the words are ordered in terms of their frequency in the student’s vocabulary,
and words at the beginning of the list have highly regular grapheme—phoneme
correspondences. At any point in time a student will be working on a limited
pool of words from the master list; the size of this working pool depends on the
student’s ability level and is usnally between 5 and 10 words. When one of these
words is mastered, it is deleted from the pool and replaced by the next word on
the list or by a word due for review. Figure 4 presents a flow chart for the
strand. Each woid in the working pool is in one of five possible insiructional
states. A trial involves sampling a word from the working pool and presenting it
in an appropriate exercise format. The student is prelested on a word the first
few times it is presented to eliminate words already known. If the student knows
the word it will be dropped from the working pool. If not, the student first
studies the word using the recognition exercise. If review is required, the student
studies the word again in what is designated in Fig. 4 as Exercises 4 and 5.

As indicated in Fig. 4, a given word passes from one state to the next when it
reaches criterion. And this presents the crux of the optimization prablem, which
is to define an appropriate criterion for each exercise. This has been done using
simple mathematical models to describe the acquisition process for each exercise
and the transfer functions that hold between exercises (Atkinson & Paulson,
1972). These models are simple Markov processes that provide reasonably
accurate accounts of performance on our tasks. Parameters of thc models are
defined as functions of two factors: (1) the ability of the particular student and
{2) the difficulty of the particular word. An cstimate of the student’s ability is
obtained by analyzing his or her response record on all previous words, and an
estimate of a word’s difficulty is obtained by analyzing performance on that

FIG. 4 Partial flow chart for Strand II (sight-ward recognition). The various decisions
represented in the bottom part of the chart are based on fairly complicated computations

that make use of the student’s response history. The same recognition exercise is used in
both state §, and S,.
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particular word for all students run on the program. The student records are
continually updated by the computer and are used to compute a maximum
likelihood estimate of each student’s ability factor and each word’s difficulty
factor. Given a well-defined model and estimates of its parameters, we can use
the methods of control theory to define an optimal criterion for each exercise.
The criterion will vary depending on the difficulty of the item, the student’s
ability level, and the precise sequence of correct and incorrect responses made
by the student to the item. It is important to realize that the optimization
scheme is not a simple branching program based on the student’s last response,
but depends in a complicated way on the student’s complete response history.
Optimization between strands (what has been called Level i1) was mentioned
earlier in the description of maximum-rate contours. In some respects this
optimization program is the most intercsting of the group, but it cannot be
explained without going into considerable mathemaltical detail. In essence, a
Jearning model is developed that specifies the learning rate on each strand as a
function of the amount of material that has been mastered in each of the other
strands. Using mathematical methods of control theory, an optimal instructional
strategy is determined based on the model. This strategy defines a closed-loop
feedback controller that specifies daily instructional allocations for each strand
based on the best current estimate of how much the student has mastered in

each strand. An account of the theoretical rationale for the program is presented
in Chant and Atkinson (1973).

Optimizing Class Performance

Next let us consider an example of oplimization at what has been called Level
Il The effectiveness of the CAI program can be increased by optimally
allocating instructional time among students. Suppuse that a school has bud-
geted a fixed amount of time for CAI and must decide how to allocate that time
among a class of first-grade students. For this example, maximizing the effective-
ness of the CAl program will be interpreted as meaning that we want to
maximize the class performance on a standardized reading (est administered at
the end of the first grade.

On the basis of prior studics, the following cquation has been developed to

predict performance on a standardized reading test as a function of the time a
student spends on the CAl system:

P(t; 1)y = A() — B()) exp|~1Q4)].

The equation predicts Student i's performance on a standardized test as a
function of the time, f, spent on the CAI sysicm during the school year. The
parameters A(7), B(#), and (i) characterize Student i, and vary from one student
to another. These parameters can be estimated from scores on reading readiness
tests and from the student’s performance during his first hour of CAl. After
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estimates of these parameters have been made, the above equation can be used
to predict end-of-year test scores as a function of the CAl time allocated to that
student.

Let us suppose that a school has budgeted a fixed amount of time T on the
CAl system for a first-grade class of A students; further, suppose that students
have had reading readiness tests and a preliminary run on the CAl system so that
estimates of the parameters A, B, and C have been made for each student. The
problem then is to allocate time 7" among the N students so as to optimize
lcarning. In order to do this, it is first necessary to have a model of the learning
process. Although the above equation does not offer a very detailed account of
learning, it suffices as a model for purposes of this problem. This is an important
point to keep in mind; the nature of the specific optimization problem deter-
mines the level of complexity that needs 1o be represented in the learning model.
For some optimization problems, the model must provide a relatively detailed
account of learning to specify a viable strategy, but for other problems a simple
descriptive equation may suffice.

In addition to a modcl of the learning process, we must also specify an
instructional objective. Only three possible objectives will be considered here:

I. Maximize the mean value of P over the class of students.
I1. Minimize the variance of P over the class of students.
[ll. Maximize the mean value of P under the constraint that the resulting

variance of P is less than or equal to the variance that would be obtained if
no CAI were administered.

Obijective [ maximizes the gain for the class as a whole: Objective 11 reduces
differences among students by making the class as homogeneous as possibie; and
Objective 111 attempts to maximize the class performance while insuring that
differences among students are not amplified by CAl. 1f we select Objective I as
the instructional objective, then the problem of deriving an optimal strategy
reduces to maximizing the function:

T, ). 1] = 22 40D - BOexpl-0)C0 1},
K)+HD+ - + () =T,

where #(f)} is the time allocated to Student i. This maximization can be done
using the methods of dynamic programming. To illustrate the approach, compu-
tations were made for a first-grade class for which the parameters 4, B, and C
had been estimated for each student. Employing these estimates, computations
were carried out to determine the time allocations that maximized the above
equation. For the optimal policy, the predicted mean performance level of the
class on the end-of-year tests was 14% higher than a policy that allocated time
equally among students (i.e., an equal-time policy, where (i} = T/N for all ).
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TABLE 4 .
Predicted Percent Gain in the Mean of P and
in the Variance of P When Compared with the
Mean and Variance of the Equal-Time Policy

Instructional objective

I It HI
Gain in mean of P (%) 14 -15 8
Gain in variance of P (%) 15 ~-12 -5

This gain represents a substantial improvement; the drawback is that the class
variance is roughly 15% greater than the variance for the class using an equal-
time policy. This means that if we are only interested in raising the class average,
we will have to give the rapid learners substantially more time on the CAI system
and let them progress far beyond the slow learners.

Although a time allocation that complies with Objective 1 does increase overall
class performance, other objectives need to be considered. For comparison, time
allocations also »ere computed for Objectives 11 and III. Table 4 presents the
predicted gain in average class performance as a percentage of the mean value for
the equal-time pulicy. Objective 11 yielded a negative gain in the mean; and so it
should, since its goal was to minimize variability, which is accomplished by
reducing the time allocations for rapid learners and giving more attention to the
dower ones. The reduction in variability for Objective II is 12%. Objective III,
which strikes a balance between Objective 1 and Objective II, yields an 8% gain
in mean performance yet reduces variability by 6%.

In view of these resuits, Objective III would be preferred by most educators
and laymen. It offers a substantial increase in average performance while main-
taining a low level of variability. These computations make it clear that the
selection of an instructional objective should not be done in isolation but should
involve a comparative analysis of several objectives, taking into account more
than one dimension of performance. Even if the principal goal is to maximize
the class average, it is inappropriate in most educational situations to select
Objective 1 over U1 if it is only slightly better for the class average, while
permitting variability to mushroom.?

Effectiveness of the Reading Program

Several evaluation studies of the reading program have been conducted in the
last few years. Rather than review these here, I would prefer to describe one in
some detail (Fletcher & Atkinson, 1972). In this particular study, 50 pairs of

3For a more detailed discussion of some of the issue involved in sclecting objective
funciions see Jamison, Fletcher, Suppes, and Atkinson {1975}.
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kindergarten students were matched on a number of variables, including sex and
readiness scorcs. At the start of the first grade, one. member of each pair was
assigned to the experimental group and the other to the control group. Students
in the experimental group reccived CAlL but only during the first grade: students
in the control group received nu CAL. The CAL lasted approximately 15 min per
day*: during this period the control group studied reading in the classroom.
Except for this 15 min period, the school day for the CAI group was like that of
the control group. Standardized tests were administercd at the end of the f{irst
grade and again at the end of the sccond grade. All the tests showed roughly the
same pattern of results; to summarize the findings, only data from the California
Cooperative Primary Reading Test will be described. At the end of the first
grade, the experimental group showed a 5.05-month gain over the control group.
The gronps. when tested a year later (with no intervening CAI treatment),
showed a difference of 4.90 months. Thus, the initial difference observed
following one year of CAl was maintained, although not amplified, during the
second year when no CAl was administered to either group.

No definitive conclusions can be drawn from evaluation studies of this sort
about the specific contributions of CAI versus other aspects of the situation.
Obviously the curriculum materials used in the CAl program are important, as
well as other factors. To do the type of study that would isolate the important
variables is too large an undertaking to be worthwhile at this junclure in the
development of the reading program. Thus, to some extent it is a matter of
judgment in deciding which variables account for the differences observed in the
above study. In my view, individualizing instruction is the key factor in success-
fully teaching reading. This does not mean that all phases of instruction should
be individualized, but certain skills can be masiered only if instruction is
sensitive to the student’s particular difficulties. A reading teacher interacting on
a one-to-one basis with a student may be more effective than our CAI program.
However, when working with a group of children (even as few as four or five), it
is unlikely that the teacher can match the computer’s effectiveness in making
instructional decisions over an extended period of time.

SECOND-LANGUAGE VOCABULARY LEARNING

[n this section, research on CAI programs for second-language vocabulary fearn-
ing will be discussed. As noted elsewhere in this chapter, the principal goal of
our research on ¢omputerized instruction has been to develop adaptive teaching -
procedures—procedures that make moment-by-moment decisions about which
instructional action should be taken next based on the student’s unique response
history. To help guide the theoretical aspects of this work, some years ago we

*In this study no attempt was made to allocate time optimally among studenis in the
experimental group; rather, an equal-time policy was employed.
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initiated a series of experiments on the very restricted but well-defined problem
of optimizing the teaching of a foreign-language vocabulary. This is an area
where mathematical models provide an accurate description of learning, and
these models can be used in conjunction with the methods of control theory to
derive precise algorithms for sequencing instruction among vocabulay items.
Although our original inierest in this topic was primarily theoretical, the work
has proved 1o have significant practical applications. These applications involve
computerized vocabulary learning programs designed to supplcment college-level
courses in second-language instruction. A particularly intéresting effort involves
a supplementary Russian program in use at Stanford University. Students are
exposed to approximately 1,000 words per academic quarter using the com-
puter; in conjunction with normal classroom work this program enables them to
develop a substantial vocabulary.® Many foreign-language instructors believe that
the major obstacle to successful instruction in a second language is not learning
the grammar of the language, but rather in acquiring a sufficient vocabulary so
that the student can engage in meaningful conversations and read materials other
than the textbook.

In examining the work on vocabulary acquisition [ will not describe the CAI
programs, but will review some rescarch on optimal scquencing schemes that
provide the theoretical rationale for the programs. 1t will be useful to describe
one experiment in some detail before considering more general issues.

An Experiment on Optimal Sequencing Schemes

In this study 2 large set of German—English items are to be learned during an
instructional session that involves a series of trials. On each trial, one of the
German words is presented and the student atlempts to give the English
transtation; the correct translation is then presented for a brief study period. A
predetermined number of trials is allocated for the instructional session, and
after some intervening period a test is administered over the entire vocabulary.
The problem is to specify a strategy for presenting items during the instructional
session so that performance on the delayed test will be maximized.

Four strategies for sequencing the instructional material will be considered.
The random-order strategy, (RO), is to cycle through the set of items randomly;
this strategy is not expecled to be particularly effective, but it provides a
benchmark against which to cvaluate other procedures. The self-selection
strategy (88S). is to let the student determine how hest to scquence the material.
In this mode, the student decides on each trial which item is to be presented: the
learncr rather than an external controller determines the sequence of instruction.

*These CAl vocabulary programs make use of opltimal sequencing schemes of the sort to
be discussed in this scction, as well as certain mnemonic aids. For a discussion of these
mnemonic aids see Raugh and Atkinson (1975) and Atkinson and Raugh (1975).
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The third and fourth schemes are based on a decision-theoretic analysis of the
task. A mathematical model that provides an accurate account of vocabulary
acquisition is assumed to hold in the present situation. The model is used to
compute, on a trial-by-teial basis, an individual student’s current state of learn-
ing. Based on these computations, items are selected for test and study so as Lo
optimize the level of learning achicved at the termination of the instructional
scssion. Two optimization strategies derived from this type of analysis will be
cxamined. In one case, the computations for determining an optimal strategy are
carried out assuming that all vocabulary items are of equal difficulty; this
stratcgy is designated OE (i.., optimal under the assumption of equal item
difficulty). In the other case, the computatiens take into account variations in
difficulty level among items; this strategy is called QU (i.e., optimal under the
assumption of uncqual item difficulty). The details of these two strategies will
be described later.

The experiment was carried out under computer control; the details of the
experimental procedure are given in Atkinson (1972b). The students partici-
pated in two sessions: an “instructional session™ of approximately two hours
and a briefer “‘delayed-test session™ administered one week later. The delayed
test was the same for all students and involved a test over the entire vocabulary.
The instructional session was more complicated. The vocabulary items were
divided into seven lists, each containing 12 German words; the seven lists were
arranged in a round-robin order. On each trial of the instructional session a list
was displayed on a projection screen, and the student inspected it for a brief
period of time: the list involved only the 12 German words and not their English
translations. Then one of the items on the list was selected for test and study. In
the RO, OE, and OU conditions the .item was selected by the computer; in the
SS condition the item was chosen by the student. After an item was sclected for
test, the student attempted to provide a translation by typing it on the computer
console; then feedback regarding the correct translation was given. The next triat
began with the computer displaying the next list in the round robin, and the
same procedure was repeated. The instructional session continued in this fashion
for 336 trials.

The results of the cxperiment are summarized in Fig. 5. Data are presented on
the left side of the figure for performance on successive blocks of trials during
the instructional scssion; on the right are results from the test session adminis-
tered one week after the instructional session, The data from the ‘instructional
scssion are presented in successive blocks of 84 trials; for the RO condition this
means that on the average each item was presented once in cach of these blocks.
Note that performance during the instructional session is best for-the RO
condition, next best for the OE condition which is slightly better than the SS
condition, and poorest for the OU condition. The order of the groups is reversed
on the delayed test. (Two points arc displayed in the figure for the delayed test
to indicate that the test involved two random cycles through the entire vocabu-
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FiG.5 Proportion of correct responscs in successive trial blocks during the Tnstructional
session and on the delayed test administered one week later.

lary; however, the values given are the average over the two test cycles.) The OU
condition is best with a correct response probability of .79; the SS condition is
next with .58; the OE coadition follows closely at..54 and the RO condilion is
poarest at .38. The obscrved pattern of results is what one would expect. In the
SS condition, the students arc trying (o lest themselves on items they do not
know; conscquently, during the instructional session, they should have a lower
proportion of correct responses than students run on the RO procedure where -
items are tested at random. Similarly, the O and OU conditions involve a
procedure that attempts to identify and test thosc items that have not yet been
mastercd and should producc high error rates during the instructional session.
The ordering of groups on the delayed test is reversed since all words are tested
in a nonsclective fashion; under these conditions the proportion of correct
responses provides a measure of a student’s true mastery of the total set of
vocabulary itcms.

The magnitude of the cifects abserved on the delayed test are of practical
significance. The SS condition (when compared to the RO condition) leads to a
relative gain of 53%, whereas the OU condition yiclds a relative gain of 108%. It
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is interesting that students werc somewhat effective in determining an optimal
study sequence, but not so effective as the best of the two adaptive teaching
systems.

Rationale for Sequencing Scheme

Bath the OU and OE schemes assume that vocabulary learning can be described
by a faitly simple model. We postulate that a given item is in one of three states
(P, T, and U) at any moment in time. [f the item is in State P, then its translation
is known and this knowledge is “relatively” permancnt in the sensc that the
learning of other items will not interfere with it. If (he item is in State T, then it
is also known but on a “temporary™ basis; in State T the learning of other items
can give rise to interfercnce effects that cause the item to be forgotten. In State
U the item is not known, and the student is unable to give a translation.

When Item i is presented on a trial during the instructional session, the
following transition matrix describes the possible change in its state:

P T U
Pl 0 0

LG) =T x() 1-xG) 0
upp@ =z 1-y()-z(@)

Rows of the matrix represent the state of the item at the start of the trial, and
columns the state at the end of the trial. On a trial when some item other than
Item { is presented for test and study, transitions in the state of [tem i also may
take place. Such transitions can occur only if the student makes an error to the
other item;.in that case the transition matrix applied to ltem { is as follows:

P T U
Pl 0 0
FO)=T|0 1-/) AW
vlo o 1

Basically, the idea is that when some other item is presented that the student
does not know, forgetting may occur for Item ¢ if it is in State T,

To summarize, when Item { is presented for test and study, transition matrix
L(Y) is applied; when some other item is presented that clicits an error, matrix
F(i) is applied. It is also assumed that at the start of the instructional session
Item i is either in State P, with probability g(f), or in State U, with probability 1
~ g(i); the student either knows the translation without having studied the item
or does not. The above assumptions provide a complete description of the
learning process. The parameter vector [x(), y(7), z(i), /i), g(i)] charactcrizes
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the tearning of Item i in the vocabulary set. The {irst threc parameters govern the
acquisition process; the next parameter, forgetting; and the last, the student’s
knowledge prior to entering the experiment.

We now turn to a discussion of how the OE and OU procedures were derived
from the model. Prior to conducting the experiment reported here, a pilot study
was run using the same word lists and the RO procedure described above. Data
from the pilot study were employed to estimate the parameters of the model;
the eslimates were obtained using the minimum chi-square procedures described
in Atkinson (1972b). Two separate estimates of paramelters weré made. In one
case it was assumed that.the items were all equally difficult, and data {rom all 84
items were lumped together to obtain a single estimate of the parameter vector;
this estimation procedure will be called the equal-parameter case (£ casc). In the
second case the data were separated by ilems, and an estimate of the parameter
vector was made for each of the 84 items; this procedure will be called the
unequal-parameter case (U case). The two sets of parameter estimates were then
used to penerate the optimization schemes previously referred to as the OE and
OU procedures. )

In order to formulate an instructional strategy. it is necessary to be precise
about the quantity to be maximized. For the present experiment the goal is to
maximize the total number of items the student correctly translates on the
delayed test.® To do this, we need to specify the relationship between the state
of learning at the end of the instructional session and performance on the
delayed test. The assumption made here is that only those items in Statc P at the
end of the instructional session will be translated correctly on the delayed test;
an item in State T is presumed to be forgotten during the intervening weck.
Thus, the problem of maximizing delayed-test performance involves maximizing
the number of items in State P at the end of the instructional scssion.

Having numerical values for parameters and knowing a student’s response
history, it is possible to estimate the student’s current state of learning.” Stated

“Other measures can be used to assess the benefits of an instructional stratepy: for
example, in this case weights could be assigned to items measuring their relative importance.
Also costs may be associated with the various actions taken during an instructional session.
Thus, for the general case, the optimization problem involves assessing costs wrd benetits
and finding a strategy thal maximizes an appropriate function defined on them, For a
discussion of these points sce Dear, Silberinan, Estavan, and Atkinson (1967), and Small-
waod (1962, 1971).

The student’s “response history™ is a record for cach trinl of (he vocabulary item
presenicd and the response that occurred. It can he shown that there exists a “sufficient
history™ that contains nnly the infonnation necessary to estiinate the student's current state
of leaming; the sufficient history is a function of the complete history and the assumed
lcarning model (Groen & Atkinson, 1966). Far the model considered inn this paper the
sufficicnt history is fairly simple. Tt is specified in terms of individual vocabulary items for
cach student; we need to know the ordered sequence of correct and incorrect sesponses to a
given item plus the number of crrors (to other items) that intervene belween cach
presentation of the item.
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more precisely, the learning model can be used to derive equations and, in turn,
compute the probabilities of being in States P, T, and U for each item at the
start of any trial, conditionalized on the student’s response history up to that
trial. Given numerical estimates of these probabilities, a strategy for optimizing
performance is to select that item for presentation that has the greatest proba-
bility of moving into State P. This strategy has heen termed the one-stage
optimization procedure because it looks ahead one trial in making decisions. The
true optimal policy (i.e., an NV-stage procedure) would consider all possible
item—response sequences for the remaining trials and select the next item so asto
maximize the number of items in State P at the termination of the instruc-
tional session. Unfortunately, for the present case the N-stage policy cannot he
applied because the computations are too time consuming even for a large
computer. Monte Carlo studies indicate that the one-stage policy is a good
approximation to the optimal strategy; it was for this reason, as well as the
relative ease of computing, that the one-stage procedure was employed. For a
discussion of one-stage and N-stage policies and Monte Carlo studies comparing
them see Groen and Atkinson (1966), Calfee (1970), and Laubsch (1970).

The optimization procedure described above was implemented on the com-
puter and permitted decisions to be made for each student on a trial-by-trial
basis. For students in the OE group, the computations were carried out using the
five parameter values estimated under the assumption of homogeneous items
(E case); for students in the QU group the computations were based on the 420
parameter values estimated under the assumption of heterogeneous items (U
case).

The OU procedure is sensitive to interitem differences and consequently
generates a more effective optimization strategy than the OE procedure. The OE
procedure, however, is almost as effective as having the student make his own
instructional decisions and far superior to a random presentation scheme.,

The study reported here is one in a series of experiments dealing with optimal
sequencing schemes. It was selected because it is easily described and permits
direct comparison between a learner-controlled procedure versus procedures
based on a decision-theoretic analysis. For a review of other studics similar to
the one reported above see Chiang (1974), Delaney (1973), Laubsch (1970),
Kimball (1973), Paulson (1973), and Atkinson and Paulson (1972). Some of
these studies examine procedures that are more powerful than the ones de-
scribed here, but they are complicated and difficult to describe without going
into mathematical detail. The major improvements involve two factors: (1)
methods for estimating the model’s parameters during the course of instruction,
and (2) more sophisticaled ways of inlerpreting the parameters of the model to
take account of both differences among students and ditferences among items.
For example, let P(i, /) be a generic symbol for a parameter vector characterizing
siudent i learning vocubulary item j. In these studies P(i, j) is specified as a
function of a vector A({) measuring the ability of student i and a vector D{f)
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measuring the difficulty of item /. The problem then is to estimate the ability
level of each student and the difficuity of each item while the student is running
on the program. In a study reported in Atkinson and Paulson (1972), rather
dramatic results were obtained using such a procedure. A special feature of the
study was that students were run in soccessive groups, each starting after the
prior group had completed the experiment. As would be expected, the overall
gains increased from one group to the next. The reason is that for the first group
of students the estimates of item difficulty, D{), were crude but improved with
the accumulation of data from each successive wave of students. Near the end of
the study estimates of D{f} were quile precise and were essentially constants in
the system. The only task that remained when a new student came on the
system was to estimate A(i); that is, the parameters characterizing his particular
ability level. This study provides an example of an adaptive instructional system
that meets both of the requirements stated earlier in this chapter. The sequenc-
ing of instruction varies as a function of each student’s history record, and over
time the system improved in efficiency by using data {from previous students to
sharpen its estimates of the difficulty of instructional materials.

CONCLUDING REMARKS

The projects described in this chapter have one theme in common, namely,
developing computer-controlled procedures for optimizing the instructional pro-
cess. For several of the instructional tasks considered here, mathemautical models
of the learning process were formulated which made it possible to vse formal
methods in deriving optimal policies. In other cases the *““optimal schemes” were
not optimal in a well-defined sense, but were based on our intuitions about
learning and some relevant experiments. Lt a sense, the diversity répresented in
these examples corresponds to the state of the art in the field of instructional
design. For some tasks we can use psychological theory to help defline optimal
procedures; for others our intuitions, modified by experiments, must guide the
effort. Hopefully. our understanding of thesec matters will increase as more
projects are undertaken to develop sophisticated instructional procedurcs.

Some have argued that any attempt to devise oplimal strategies is doomed to
failure, and that the learner is the best judge of appropriate instructional actions.
am not sympathetic to a learner-controlled approach to instruction, because [
believe its advocates are trying to avoid the difficult but challenging
task of developing a viable theory of instruction. There obviously is a place for
the learner’s judgments in making insiructional decisions; for example, such
judgments play an important role in several parts of our BIP course. However,
using the learner’s judgment as oune of several items of information in making
instructional decisions is different from proposing that the learner should have
complete control. Results presented in this chapter and those cited in Beard,
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Lorton, Scarle, and Atkinson (1973) indicate that the fcarner is not a particu-
larly effective decision maker in guiding the learning process.

Elsewhere [ have defined the criteria that must be satisfied before an optimal
instructional procedure can be derived using formal methods (Atkinson, 1972a).
Roughly stated, they require that the following elements of an instructional
situation be clearly speeificd:

1. The sct of admissible instructional actions.

2. The instructional objectives.

3. A measurement scale that permits costs to be assigned to each of the
instructional actiuns and payoffs to the achievement of instructional objec-
lives. '

4. A mode] of the learning process.

If these four clements can be given a precise interpretation, then it is usually
possible to derive an optimal-instructional policy. The solution for an optimal
policy is not guaranteed, but in recent years powerful tools have been developed
for discovering optimal, or near optimal. procedures if they cxist. I will not
discuss these four elements here except 10 note that the first three can usuatly be
specified with a fair degree of consensus. Issues of shori-lerm versus long-term
. assessments of costs and payoffs raise important questions regarding educational
policy, but at lcast for the types of instructional situations examined here
rcasonable specifications can be offered for the first three elements. However,
the fourth efement—the specification of a model of the learning process—
represents 2 major obstacle. Our theoretical understanding of learning is so
limited that only in very special cases can a model be specified in enough detail
to enable the derivation of optimal procedures. Until we have a much deeper
understanding of the learning process, the identification of truly effective
strategics will not be possible. However, an all-inclusive theory of learning is not
a prerequisite for the development of optimal procedures. What is needed”is a
model that captures the essential features of that part of the learning process
being tapped by a given instructional task. Even models that have been rejected
on the basis of laboratory investigations may be useful in deriving instructional
strategics. Several of the learning models considered in this chapter have proven
unsatisfaclory when tested in the laboratory and evaluated using standard
goodness-of-fit criteria: ncvertheless, the optimal strategics they generate are
often quite effective. My own preference is to formulate as complete a learning
model as intuition and data will permit and then usc that model to investigate
optimal procedures. When possible the learning model should be represented in
the form of mathematical equations, but otherwise as a set of statémenls in a
computer-simulation program. The main point is that the development of a
theory of instruction cannot progress if one holds the view that a comprehensive
theory of learning is a prerequisite. Rather, advances in learning theory will
affect the development of a theory of instruction, and conversely the develop-
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ment of a thcory of instruction will influence the dircction of rescarch on
learning.
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10 COMPUTERIZED INSTRUCTION AND THE LEARNING PROCESS’

RICHARD C. ATKINSON

Stanford Universily

N recent years there has been 2 tremendous

number of articles and news releases dealing

with computer-assisted insiruction, or as it
has been abbreviated, CAL. (ne might conjecture
that this proliferation is an indicant of rapid
progress in the field. Unfortunately, I doubt that
it is. A few of the reports about CAI are based
on substantial experience and research, but the
majority are vague speculations and conjectures
with litte if any data or real experience to back
them up. T do not want {o denigrate the role of
speculation and conjeclure in a newly developing
avea like CAI. However, of late it seems to have
produced little more than a repetition of ideas
that were exciting in the 1950s but, in the absence
of new research, are simply well-worn cliches in
the late 1960s.

These remarks should not be misinterpreted.
Tmportant and significant research on CAI is being
carried on in many laborataories around the country,
but certainly not as much as one is led to believe
by the attendant publicity. The problem for
someone trying to evaluate developments in the
field is to distinguish between those reports that
are based on fact and those that are disguised
forms of science fiction. In my paper, 1 shall try
to stay very close 1o data and actual experience.
My claims will be less grand than many that have
been made for CAI, but they will be based on a
substantial research effort.

In 1964 Patrick Suppes and I initiated a project
under a grant from the Office of Education to
develop and implement a CAI program in initial
reading and mathematics. Because of our par-
ticular research interests, Suppes has taken re-
sponsibility for the mathematics curriculum and T
have been responsible for the initial reading pro-
gram. At the beginning of the project, two major
hurdies had to be overcome. There was no lesson
material in either malhemalics or reading suitable

1 [nvited address presented at the meeling of the Division
of Educational Psychology, Amerjcan Psychological As-
snciation, Washington, D. C., September 1967.

for CAJ, and an integrated CAI system had not
yet been designed and produced by a single manu-
facturer. The development of the curricula and
the development of the sysiem have been carried
out as a parallel effort over the Jast 3 years wilh
each having a decided influence on the other.
Today I would like to report on the progress of
the reading program with particular reference to
the past school year when for the first lime a
sizable group of students received a major portion
of their daily reading instruction under computer
control. The first year’s operation must be con-
sidered essentially as an extended debugging of
both the computer system and the curriculum ma-
terials. Nevertheless, some inieresling comments
can be made on the basis of this experience regard-
ing both the feasibility of CAT and tbe impact of
such instruction on the overall learning process.
Before describing the Stanford Project, a few
general remarks may help place it in per-
spective. Three levels of CAI can be defined.
Discrimination between levels is based not on
hardware consideralions, but principally on the
complexity and sophistication of the student-
system interaction. An advanced student-system
interaction may be achieved with a simple teletype
terminal, and the most primitive interaction may
require some highly sophisticaled computer pro-
gramming and elzborate student terminal devices.
At the simplest interactional level are those sys-
tems that present a fixed, linear sequence of prob-
lems. Student errors may be correcied in a variety
of ways, but no real-time decisions are made for
modifying the fow of instructional material as a
function of the student’s response history. Such
systems have been termed ‘drill-and-practice”
systems and at Stanford University are exemplified
by a series of fourth-, fifth-, and sixth-grade pro-
grams in arithmetic and language arts that are
designed to supplement classroom instruction.
These particular programs are being used in several
different areas of California and also in Kentucky
and Mississippi, all under control of one central
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computer located at Stanford University. Cur-
rently as many as 2,000 students are being run per
day; it requires little imagination to see how such
a system could be extended to cover the entire
country. Unfortunately, I do not have time to
discuss these drill-and-practice programs in this
paper, but there are several recent reports describ-
ing the research (Fishman, Keller, & Atkinson,
1968; Suppes, 1966; Suppes, Jerman, & Groen,
1966).

At the other extreme of our scale characterizing
student-system interactions are “dialogue” pro-
grams. Such programs are under investigation at
several universities and industrial concerns, but
to date progress has been exiremely limited. The
goal of the dialogue approach is to provide the
richest possible student-system interaction where
the student is free to construct natural-language
responses, ask questions in an unrestricted mode,
and in general exercise almost complete control
over the sequence of learning events,

“Tutorial” programs lie between the above ex-
tremes of student-system interaction. Tutorial
programs have the capability for real-time decision
making and instructional branching contingent on
a single response or on some subset of the student’s
response history. Such programs allow students to
follow separate and diverse paths through the cur-
riculum based on their particular performance
records. 'The probability is high in a tutorial pro-
gram that no two students will encounter exactly
the same sequence of lesson materials. However,
student responses are greatly restricted since they
must be chosen from a prescribed set of responses,
or constructed in such & manner that a relatively
simple text analysis will be sufficient for their
evaluation. ‘The CAI Reading Program is tutorial
in nature, and it is this level of student-interaction
that will be discussed today.

THE STANFORD CAIT SvsTeMm

The Stanford Tutorial System was developed
under a contract between the University and the
IBM Corporation. Subscquent developments by
IBM of the lasic systemm have led to what has
been designated the IBM-1500 Instructional Sys-
tem which should soon be commercially available.
The basic system consists of a central process
computer with accompanying disc-storage units,
proctor stafions, and an interphase to 16 student
terminals. The central process compuier acts as

- few seconds to over 15 minutes.

(6 STUDENT
== STATIONS

PROCTOR
STATIONS
System configuration for Stanford CAl System.

-
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an intermediary between each student and his
particular course material which is stored iu one of
the disc-storage units. A student terminal con-
sists of a picture projector, a cathode ray tube
(CRT), a light pen, a modified typewriter key-
board, and an audio system which can play pre-
recorded messages (see Figure 1).

The CRT is essentially a television screen on
which alpha-numeric characters and a Hmited
set of graphics (i.e., simple line drawings) can
be generated under computer confrol. The film
projector is a rear-view projection device which
permits us to display still pictures in black and
white or color. Each film strip is stored in a self-
threading cartridge and contains over 1,000 images
which may be accessed very quickly under com-
puter control. The student receives audio mes-
sages via a high-speed device capable of selecting
any number of messages varying in lenglh from a
The audio mes-
sages are stored in tape cartridges which contain
approximately 2 hours of messages and, like the
film cariridge, may be changed very quickly. Te
gain the sturdent’s atiention, an arrow can be placed
at any point on the CR'T and moved in synchroniza-
tion with an audio message {o cmphasize given
words or. phrases, much like the “bouncing ball”
in a singing cartoon.
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The major response device used in the reading
program is the light pen, which is simply a light-
sensitive probe. When the light pen is placed on
the CRT, coordinates of the position touched are
sensed as a response and recorded by the computer.
Responses may also be entered inlo the system
through the typewriter keyboard. However, only
limited use has been made of this response mode
in the reading program. This is not to minimize
the value of keyboard responses, but rather Lo
admit that we have not as yet addressed our-
selves to the problem of teaching first-grade chil-
dren to handle a typewriter keyboard.

The CAI System controls the flow of informa-
tion and the input of student responses according
to the instructional logic built into the curriculum
materials. The sequence of events is roughly as
follows: The computer assembles the necessary
commands for a given instructional sequence from
a dise-storage unit. The commands involve direc-
tions to the terminal device to display a given
sequence of symbols on the CRT, to present a
particular image on the film projector, and to
play a specific audio message. After the ap-
propriate visual and auditory materials have been
presented, a “‘ready” signal indicates to the stu-
dent that a response is expected. Once a response
has been entered, it is evaluated and, on the basis
of this evaluation and the studentl’s past history,
the compuler makes a decision as io what ma-
terials will subsequently be presented. The time-
sharing nature of the system allows us to handle
16 studenis simultaneously and to cycle through
these evaluative steps so rapidly that from a stu-
dent’s viewpoint it appears that he is getting
immediate attention from the compuler whenever
he inputs a response.

Tue CAI Reaping CURRICULUM

The flexibility offered by this computer system
is of value only if the curriculum materials make
sense both in terms of the logical organization of
the =ubject iatter and the psychology of the
learning processes involved. Time does not permit
a detailed discussion of the rationale behind the cur-
riculum that we have developed. Let me simply
say that our approach to initial reading can be
characterized as applied psycholinguistics. Hy-
potheses about the reading process and the nature
of learning to read have heen formulated on’ the
basis of linguistic information, observations - of

language use, and an amalysis of the function of
the written code. These hypotheses have been
lested in a series of pilnt studies structured to
simulate actual teaching situations. On the basis
of these experimental findings, the hypotheses
have been modified, retested, and ultimately in-
corporated into the curriculum as principles dic-
tating the format and flow of the instructional
sequence. Of course, this statement is somewhat
of an idealizalion, since very litile curriculum ma-
terial can be said to have been the perfect end
product of rigorous empirical evaluation. We
would claim, however, that the fundamental tenets
nf the Stanford reading program have been formu-
lated and medified on the basis of considerable
empirical evidence. Tt seems probable that these
will be further modified as more data accumulate.

The introduction of new words from one level of
the curriculum to the next is dictated by a number
of principles (Rodgers, 1967). These principles
are specified in terms of a hasic unit that we have
called the vocalic center group (VCG). The VCG
in English is defined as a vowel nucleus with zero
to three preceding and zero to four following
consonants. The sequencing of new vocabulary is
determined by the length of the VCG units, and the
regularity of the orthographic and phonological cor-
respondences. Typical of the principles are the
following: '

1. VCG sets containing single consonant clements
are introduced before those containing consonant
clusters (¢tap and rap before frap).

2. VCG sets containing initial consonant clusters
are introduced before those containing final con-
sonant clusters (stop before post).

3. VCG sets containing check (short) vowels are
introduced before those containing lctter name
(long) vowels (met and mat before meat or mate).

4. Single VCG sequences are iniroduced before
multiple VCG sequences (mat before mattbr, stuld
hefore stutter).

More detziled rules are required {o determine the
otder for introducing specific vowels and consonants
within a VCG pattern, and for introducing specific
VCG patterns in polysyllabic words. These rules
frequently represented a compromise beiween
linguistic factors, pattern productivity, item fre-
quency, and textual “usefulness,” in that order of
significance.
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Fic. 2. Flow chart for the construction of a cell in the
matrix construction task.
The instructional materials are divided into

eight levels each composed of about 32 lessons.?
The lessons are designed so that the average
student will complete one in approximately 30
minutes, but this can vary greatly with the fast
student finishing much sooner and the slow stu-
dent sometimes taking 2 hours or more if he hits
most of the remedial material. Within a lesson,
the various insiructional tasks can be divided into
three broad areas: (¢) decoding skills, (&) com-
prehension skills, (¢) games and other motiva-
tional devices. Decoding skills involve such tasks
as letter and letter-string identification, word list
learning, phonic drills, and related types of ac-
tivities, Comprehension involves such lasks as
having the computer read to the child or having
the child@ himself read sentences, paragraphs, or
complete stories about which he is then asked a
series of questions. The questions deal with the
direct recall of facts, generalizations about main
ideas in the story, and inferential questions which
require the child to relate information presented
in the story to his own experience. Finally, many
different types of games are sequenced into the
lessons primarily to encourage continued atten-
tion to the materials. The games are similar to
those played in the classroom and are structured
to evaluate the developing reading skills of the
child.

Matrix coustruction. To illustrate the instruc-
tional materials locusing on decoding skills et me

2For a detailed account of the curriculum materials
see Willon and Atkinson . (1967) and Rodgers (1967).
See also Atkinson and Hansen (i966) and Hansen and
Rodgers (1965).

describe a task that we have called matrix “con-
struction.” 'This task provides practice in learning
Lo associate orthographically similar sequences with
appropriate rhyme and alliteration patterns. Rhym-
ing patterns are presented in the columns of the
matrix, and alliteration patterns are presented in
the rows of the matrix as indicated in Figure 4.

The matrix is construcied one cell at a time. The
initial consonant of a CVC word is termed the
initial unit, and the vowel and the final consonant
are termed the final unit. The intersection of an
initial unit row and a final unit column determines
the entry in any cell.

The problem format for the construction of each
celt is divided inte four parts: Parts A and D are
standard instructional sections and Parts B and C
are remedial sections. The flow diagram in Figure
2 indicates that remedial I'arts B and C are
branches from Part A and may be presented in-
dependently or in combination.

To see how this goes, let us consider the example
illustrated in Figure 3. The student first sees on
the CRT the empty cell with its associated initial
and final units and an array of response choices.
He hears the audio message indicated by response
request 1 (RR 1) in Part A of Figure 3. 1f the
student makes the correct response (CA) (ie,
iouches ran with his light pen), he proceeds to Part
DD where he sees the word wrilten in the cell and
teceives nne additional practice trial.

In the initial presentation in Part A, the array
of multiple-choice responses is designed to identify
three possible types of errors:

1. The initial unit is correct, but the final unit
is not.

2. The final unit is correct, but the initial unit
is not.

3. Neither the initial unit nor the fival unil is cor-
rectly identified.

Tf, in Part A, the student responds with fan he is
branched to remedial PPart B where attention is
focused on the initial unit of the cell. 1f a correct
response is mace in Part B, the student is returned
{o Part A for a sccond atfempt. T an incorrect
response (WA) is macle in Parl B. an arrow is dis-
plaved on the CRT to indicate the correct response,
which the student is then asked to touch.

If, in Part A, the student responds with ref, he is
branched to remedial Part ¢ where additional
instruction is given on the final unit of the cell.
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The procedure in Part C is similar to Part B.
However, it should be noted that in the remedial
instruction the initial letter is never pronounced
(Part B), whereas the final unit is always pro-
nounced (Part C). If, in T’art A, the student
responds with bat, then he has made an error on
hoth the initial and final unit and is branched
through both Part B and Part C.

When the student returns to Part A after com-
pleting a remedial section, a correct response will
advance him to Tart I} as indicated. Tf a wrong
answer response is made on the second pass, an
arrow is placed beside the correct response area
and held there until a correct response is made.
If the next response is still an error, a message is
sent to the proctor and the sequence is repeated
from the beginning.

When a student has made a correct response on
Parts A and 1), he is advanced to the next word
cell of the matrix which has a problem format and
sequence identical to that just described. The in-
dividual cell building is coutinued block by block
until the matrix is complete. ‘The upper leit-hand
panel of Figure 4 indicates the CRT display for
adding the next cell in our example. The order in
which row and column cells are added is essentially
random.

Whern the matrix is complete, the entries are re-

First eoll of the matrix construction task.

ordered and a criterion test is given over all cell
entries. The test involves displaying the full matrix
with complete cell entries as indicated in the lower
left-hand panel of Figure 4. Randomized requests
are made to the student to identify cell entries.
Since the first pass through the full matrix is
viewed as a criterion test, no reinforcement js
given. Errors are categorized as initial, final, and
other; if the percentage of total errors on the cri-
terion test exceeds a predetermined value, then
remedial exercises are provided of the type shown
in the two right-hand panels of Figure 4. If all
the errors are recorderd in one category (initial or
final), only the remedial material appropriate o
that category is presented. Tf the errors are dis-
tributed over both categories, then both types of
remedial material are presented. After working
through one or both of the remedial sections, the
student is branched back for a second pass through
the criterion matrix. The second pass is a teaching
trial as npposed to the initial test cycle; the student
proceeds with the standard correction and optimiza-
tion routines.

An analysis of performance on the matrix task
is stil] incomplete, but some preliminary results are
available. On the initial pass (Part A) our stu-
dents were correct about 45% of the time; however,
when an error did occur, 21% of the time it in-
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volved only the final unit, 53%¢ of the time only the
initial unit, and 267 of the time both initial and
final units. The pattern of performances changed
markedly on the first pass through the criterion
test. Here the subject was correct about 65%
of the time: when an error occurred, 32%» of the
time it involved only the final unit, 33% of the
time only the initial unit, and 35% of the time
both units. Thus performance showed a significant
improvement from Part A to the crilerion test;
equally important, initial errors were more than
lwice as frequent as final errors in Part A, but
were virtually equal on the criterion fest.

The matrix exercise is a gnad example of the
material used in the curriculum to teaching decod-
ing skills. We now consider two examples (“form
class” and “inquiries”) of tasks that are designed
to teach comprehension skills.

Form class. Comprehension of a sentence in-
volves an understanding of English syntax. One
behavioral manifestation of a child’s syntactic so-
phistication is his ability to group words inlo ap-
propriate form classes. This task provides lesson
materials thal teach the form-class characteristics
of the words just presénted in the matrix section
of a lesson. The following type of problem is pre-
seniedl 1o the student (the material in the box is

matrix construction task.

displayed on the CRT and below are audio mes-
sages; the child answers by appropriately placing
his light pen on the CRT):

fat
aan saw the: man | hat.

|\ | run

Only one of the words in the column.will make sense in
the senlence. Touch and say the word thal helongs in the
senience.

i .
] ' lan
|

CA:
WA:

Yes, Dan saw the tan hat. Do the next one.

No, tan is the word that makes sense. 1an saw the
tan hat. Touch and say lan. (An arrow then ap-
pears above tan.)

The sentence is composed of words that are in the
reading vocabulary of the student (i.e., they
have heen presented in previous or current les-
‘sons),  The response set incfudes a word which
is of the correct form class but is semantically in-
appropriale, two words that are of the wrong form
class, and the correct word. A controlled variety
of sentence types is employed, and the answer sets
are distributed over all synlactic slotz within each
sentence type. Responses are calegorized in rather
broad terss as souns, verbs, modificrs, and nther.
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The response data can be examined for systematic
ercors over a large number of items. Examples of
the kinds of questions tbat can be asked are: (a)
Are errors for various form classes in various
sentence positions similarly distributed? {#) How
are response latencies affected by the syntactic and
serial position of the response set within the sen-
tence?  Answers to these and other questions should
provide information that will permit more system-
atic study of the relationship of sentence structure
to reading instruction.

Inquiries. Individual words in sentences may
constitule unique and conversationally correct
answers to cuestions. These questions take the in-
lerrogative “Who ......» What .....7? How .___?"
elc. The ability to select the word in a sentence
that uniquely answers one of these questions demon-
strates one form of reading comprebension. The
inquiry exercises constitute an assessment of this
reading comprehension ability. In the following
example, the sentence “Jolin hit the ball” is dis-
played on the CRT accompanied by these audio
messages:

Touch and say the word that answers the question.
RR 1 Who hit the hall?

CA: Yes, the word “John” tells us who hit the ball.

WA: No, John tells us who hit the bhall. Touch and
sav John. (An arrow then appears on the CRT
above fohn.)

RR 2 What did John hit?

CA: Yecs, the word “ball” tells us what John hit.

WA: No, ball tells us what John hit. Touch and say

ball. (An arrow then appears above ball.)

As in the form-class section, each sentence is com-
posed of words from the student’s reading vocab-
ulary. A wide variety of sentence structures is
utilized, beginning with simple subject-verb-object
sentences and progressing to structures of increasing
complexity. Data from this task bear on several
hypotheses about compreliension. 1f comprehen-
sion is equated with a correct response to an inquiry
question, then the following statements are verified
by our data: (e¢) Ttems for which the correct
answer- is, in the medial position of the sentence are
mare difficult to comprehend than items in the
initial or final positions; final position items are
easier to comprehend than items in the initial posi-
tion. () Ttems for which the correct answer is an
adjective are more difficult to comprehend than
items in which the correct answer is a noun or
verb; similarly nouns are more difficult than verbs.

(¢) Longer sentences, measured by word length, are
more diflicult to comprehend thau shorter sentences.

These are only a few examples of the types of
tasks used in the reading curriculum, but they
indicate the nature of the student-system in-
teraction. What is not illustrated by these examples
is the potential for long-term optimization policies
based on an extended tesponse history from the
subject. We shall return to this topic later.

PROZLEMS IN IMPLEMENTING TiiE CURRICULUM

Before turning to the data from last year’s run,
let me consider briefly the problem of translating
the curriculum materials into a language thal can
be understood by the computer. The particular
computer language we use is called Coursewriter II,
a language which was developed by IBM in close
collaboration with Stanford. A coded lesson is a
series of Coursewriter II commands which causes
the computer to display and manipulaie text on the
CRT, position and display film in the projéctor,
position and play audio messages, accept and
evaluate keyboard and lightpen responses, update
the performance record of each student, and im-
plement the branching logic of the lesson flow by
means of manipulating and referencing a set of
switches and couniers. A typical lesson in the
reading program, which takes the average student

TABLIE 1

Avupio Scrip AND T1LM Cuirs witi
HYPOTHETICAL ADDRESSES

Athilress Mussige
Aundin information
A0 | “Touch aml sav the word that gnes with the picture,
A0Z | Good. Bag. To the next one.
AO3 ] No.
A04 | The word that goes with the pieture is bag. Touch
and say bag.
A0S | Good. Card, Do the next one.
A | No.
A07 | The word that goes with the piclure is canl, Touch
and sdy carel,
Filin strip
01 | Picture of a hag.
F02 | Picture of a card.
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TABLE 2

CoMPUTER COMMANDS REQUIRED 10 PRreseNT Two Examrles or vne PROBLEM IDESCRIBED IN THE TEXT

L1

Commands
PR
LD o/ S1

FP rol
DT 5,18/bat/

DT 7,18/bag/
DT 9,18/rat/
AlTP AOL

EP 30/ARCD1

AD 1/ch
1b 1/s81
AUP ACh

DT 7,16/~
BR L1

CA 1,7,3,18/C1

BR 1L2/s1/1

AD 1/C1
AUP A2

WA 1,5,3,18/W1
WA 1,9,3,18/u2

Explanation
Problem: Frepares machine for beginning of new prohlem.
Load: Loads zero into the error switeh (S1), The role of

switches and counters will he explained later.
Film Fosition: Displays frame FOl (picture of a bag).

Dicsplay Text:
on Lhe CRT.

Displays "bag" on line 7 starting in column 18 on the CRT.
Displays "rat" on line 9 starting in column 18 con the CRT.

Displays "bat" on line 5 starting in column 18

Audio Play: Plays sudle message AOL.
that goes with the picture."

"Touch and say the word

Enter and Process: Activates the light-pen; specifiek the time
limit (30 sec.) and the problem identifier (ABCD1) that will
be placed in the data record aleng with all responses to this
problem, 1f a response is made within the time limit the
computer skips from this command down to the CA {correct
answer comparison) command. If no response is made within
the time limit, the commands immediately following the EP
command are executed.

Add: Adds one to the overtime counter (Ch4).
Loads one into the error awitch (81).

Plays message AQL. "The word that goes with the picture is bag.
Touch and say bag."

Displays arrow on line 7, column 1¢ (arrow pointing at "bag").

Branch: PRranches to command labeled L1. The computer will now
do that command and continue from that poink.

Correct Answer: Compares student's response with an area one
line high starting on line 7 and three columns wide starting
in column 18 of the CRT. If his response falls within this
area, it will be recorded in the data with the answer identi-
fier Cl. When a correct answer has beer made, the commands
from here down to WA {wrong answer comparison) are executed.
Then the program jumps .shead to the next PR. If the response
dons not fall in the correct area, the mathine skips from this
command deown to the WA command.

Branches to command laheled L2 if the errcr switch (S1) is
equal to one.

Adds one to the initial correct answer counter (C1).
"Good. DBag.

Wrong Auswer: These two commands compare the studeni responge
with the areas of the two wrong angwers, that is. the area one
line hirh starting on line 5 and three columng wide starting
in columm 18, and the area one line high starting on line 9
and three columns wide starting in column 1£. 1{ the response
falls within one of these two arens, it will be recorded with
the appropriate identifier (W1l or W2). When a defined wrows

Plays audio message A02. Do the next one.”

angwer hag been made, the commands trom ker down fo Ul (undefined

answer) arc cxecubed. Then the computer goes back Lo Lhe EI
for this protdem. Jf the response does not fall In one of the
defined wrong enswer arcas, the machine skips from Lhis command
down to the UN command.
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Table 2—Continued

Commands Explanation
AD 1/02 Adds one to the defined wrong answer counter (C2).
L3 ID 1/81 Loads one into the error switch (81).

AUP A03 Plays message A03. "Ho.'

AUP AOL Plays message AO%. "The word that goes with the picture is
bag. Touch and say bag."

DT 7,16/ Digplays arrow on lLine 7, column 16,

UN Undefined Wrong Answer: If machine reaches this point irn the
program, the student has made neither a correct nor a defined
wWrong anawer.

AD 1/c3 Adds one to the undefined anawer counter (C3).

BR L3 Branches to command labeled L3. (The same thing should be done
for both UN and WA angwers. This branch gaves repeating the
commands from L3 down to IN.)

FR Propares the machine for next problem.

LD o/s1 These commands prepare the display for the 2nd problem., HRotice

FP Fo2 the new film position and new words displayed. The student

DT 5,18/card/ was kold to "do the next one" when he finished the last prob-

DT 7,18/cart/ lem so he needs no audio message to begin this.

DT 9,18/hard/ |

Ik EP 30/ABCD2 Light-pen is activated.

AD 1/Ch These commands are done only if no response is made in Lhe time

b 1/s1 Limit of 30 seconds. Otherwige the machine skips to the CA

AUP AQ7 command .

DT 5,16/~

BR L&

CA 1,5,4,1B/C2 Compares response with correct answer area.

ER L5/Sl/l Adds one to the initial correct answer counter unless theé error

AD 1/c1 switeh (81) shows that an error has been made for this problem.

L5 AUP A0S The student is told he is correct and goes on to the next prob-
lem. These commands are executed only if a correct answer has
been made.

WA J_.,?,h-,lB/'W3} Compare response with defined: wrong answer.

WA 1,9,4,18/wh

AD 1/02 Adds one Lo the defined wrong answer area and the error switch

L6 LD 1/81 (s1) is loaded with one to show that an error has been made

AUP AOG on this problem. The student is told he is wrong and shown

AP AOT the correct answer and asked to touch it. These comands are

DT 5,16/ executed only if a defined wrong enswer has been made.

UN -An undefined response has been made if the machine reaches this
command .

AD 1/C3 } Adds one to the undefined angwer counter and we branch up to give

BR L6 the same audio, etc. as is given for the defined wrong answer.

about 30 minutes to complete, requires in excess of
9,000 coursewriter commands for its execution.

A simple example will give you some feeling for
the coding problem. The example is from a task
designed to teach both letter discrimination and
the meaning of words. A picture illustrating the
word being taught is presented on the projector
screen. Three words, including the word .illus-

film projector.

trated, are presented on the CRT. A message is
played on the audio asking the child to touch the
word on the CRT that matches the picture on the
The student can then make his
response using the light pen. If he- makes no re-
sponse within the specified time limit of 30 seconds,
he is told the correct answer, an arrow points to it,
and he is asked to touch it. If he makes a response
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within the time limit, the point that he touches is
compared by the computer with the correct-answer
area. If he places the light pen within the cor-
rect area, he is told that he was correct and goes
on lo the next problem. If the response was not
in the correct area, it is compared with the area
defined as a wrong answer. 1f his response is
within this area, he is told that it is wrong, given
the correct answer, and asked to touch it. Tf his
initial response was neither in the anficipated
wrong-answer area nor in the correct-answer area,
then the student has made an undefined answer.
He is given the same message that he would have
heard had he touched a defined wrong answer;
however, the response is recorded on the data
record as undefined. The student tries again uniil
he makes the correct response; he then goes on fo
the next problem.

To prepare an instructional sequence of this sort,
the programmer must write a detailed list of com-
mands for the computer. He must also record on
an audio tape all the messages the student might
hear during the lesson in approximately the order
in which they will occur. Each audio message has
an address on the tape and will be called for and
plaved when appropriate. Similarly a film strip
is prepared wilth one frame for each picture re-
quired in the lesson. Each frame has an address
and can be called {or in any order.

Table 1 shows the audio messages and film pic-
tures required for two sample problems along with
the hypothetical addresses on the audio tape and
film strip. Listed in TFable 2 are the computer
commands required to present (wo examples of the
problems described above, analyze the student’s re-
sponses, and record his data record. The left
column in the table lists the actual computer com-
mands, and the right column provides an explana-
tion of each command,

While a student is on the system, he may com-
plete as many as 5 to 10 problems of this type per
minute. Obviously, if all of the instructional ma-
terial has to be coded in this detail the task would
be virtually impossible.  Fortunately, there are
wayvs of simplifying coding procedure if parts of
the instructional materials are alike in format and
differ only in certain specified ways. For example,
the two problems presented in Table 2 differ only
in () the film display, (b) the words on the CRT,
{c) the problem identifier, (d) the three audio ad-
dresses, (e) the row display of the arrow, (/) the

correct answer area, and (g) the correct answer
identifier. This string of code can be defined once,
given a two-letter name, and used later by giving a
one-line macro command.

The use of macros cuts down greatly the effort
required to present many different but basically
similar problems. For example, the two problems
presented in Table 2 can be rewritten in macro
format using only two lines of code: FProblem
1: CM PW]FO1jbat])bag)rat ] AO1]ABCD1]AD4|-
AQ2{A03]7]1,7,3,18|C1}; I'roblem 2: CM PW]|-
FQ2]card]cart]hard] ] ABCD2 | AO7] AD5] A06] 5]-
1,54,18|C2]. The command to call a macro is
CM, and I'W is an arbitrary two-character code
for the macro involving a picture-lo-word match.
Notice that in I’roblem 2 there is no introductory
audio message; the *]]” indicates that this param-
eter is not to be filled in.

The macro capability of the source language has
two distinct advantages over code written com-
mand by command. The first is ease and speed
of coding, The call of one macro is obviously
easier than writing the comparable string of code.
The second acdvaniage is increase in accuracy. Notl
only are coding errors drastically curtailed, but if
the macro is defective or needs to be chanyed, every
occurence of it in the lesson coding can be cor-
rected by modifying the original macro; in general,
the code can stay as it is. The more-standard the
various problem formats, the more valuable the
macro capability becomes. Apart from a few non-
standard introductory audio messages and display
items, approximately 95% of the reading curricu-
lum has been programmed using about 110 basic
macros.

The macro coommand feature of the language has
significant implications for psychological research.
By simply changing a few commands in 2 par-
ticular macro, one can alter the fAow of the teaching
sequence whenever that macro is called in the
ptogram. Thus, the logic of an instructional
serquence that occurs thousands of times in the
reading curriculum can be redesigned by adding or
modifving a few Iines of ende in a given macro. 1f,
for example, we wanted to change the timing rela-
tions, the type of feedback, or characteristics of the
CRT display in the task described above, it would
reuire only a few lines of code in the PW macro
and would not necessitate making changes at every
point in the curriculum where the picture-to-word
exercise qecurred. Thus, a range of experimental
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numiptlations can be carried out using the same
hasic program and display materials, and requiring
changes only in the command struciure of the
macros.

As indicated in Table 2, a bank of switches and
counters is defined in the computer and can be
used to keep a running record un each student.
There is a sulficient number of these registers so
that quite sophisticated =schemes of optimization
and accompanying branching are possible. Thus,
one is in a position to present a serics of words and
10 optimize the number of correct responses tu some
stipulated criteria, {or example, five consecutive
correct. responses for each of the words, Or one
can select from an array of phrases choosing those
phrases for presentation that have the greatest
number of previous errors. As a consequence of
these decisions, each student pursues a funda-
mentally different path through the reading ma-
terials.

SoME RESULTS FuoM Tiur FIRST YEAR OF
OPERATION

The Stanford CAl Project is being conducted at
the Brentwood School in the Ravenswood School
District {(Tast Talo Alino, California). There were
several reasons for selecting this school. It had
sufficient population o provide a sample of well
over 100 first-grade sfudents. The students were
primarily from “cullurally disadvantaged” homes.
And the past performance of the schoal’s principal
and faculty had demonstrated a willingness to un-
dertake educational innovations.

Computerized instruction began in November of
1966 with half of the first-prade studenis taking
reading via CAT and the other hall, which func-
tiomed as a control group, being taught reading by
a teacher in‘the classroom. The childven in the
control group were not left oul of the project, for
they took mathematics from the CAT system in-
stearl. The {ull analysis of the student data i= a
tremendous task which is siill underway. How-
ever, a few general results have already been
tabulated <that provide some measure of the pro-
Eram’s success.

Within the lessuon material there is a central
core-of problems which we have termed main-line
problems. These are problems over which each
student must exhibit mastery in one form or an-
other. Main-line problems may be branched
around by successfully passing certain screening
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Fig. 5. Cumulutive number of main-line problems for

fastest, median, and slowest student.

tests, or they may be met and successfully solved;
they may be met with incorrect responses, in which
caze the student is branched to remedial material.
The first year of the project ended with a difference
between the fastest and slowest student of over
4,000 main-line problems completed. The cumula-
tive response curves for the fastest, median, and
slowest students are given in Figure 5. Also of in-
ierest is the rate of progress during the course of
the year. Figure 6 presents the cumulative number
of problems completed per hour on a month-hy-
month basis again for the fastest, median, and
slowest student. Tt is interesting to nole that the
ritte measure was essentially constant over time for
increase for the fast student.

From the standpoint of hoth the tolal number of
problems completed during the year and rate of
progress, it appears that the CAI curriculum is
responsive (o individual diffevences.  The differ-
ences noled above must not be confused with a
variation in rate of responsc. The difference in
responge rate among students was very small. The
average response rate was approximately four per
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minute and was not correlated with a student’s rale
of progress through the curriculum. The differ-
ences in total number of main-line problems com-
pleted can be accounted for Ly the amount of
remedial material, the optimization routines, and
the number of accelerations for the different stu-
dents.

It has been a common finding that girls generally
acquire reading skills more rapidly than boys. The
sex differences in reading performance have been
atfributed, at least in part, to the social organiza-
tion of the classroom and Lo the value and reward
structures of the predominantly female primary
grade teachers. It has also been argued on de-
velopmental grounds that first-grade girls are more
facile in visual memorization than boys of the
same age, and that this facility aids the girls in
the sight-word method of vocabulary acquisition
commonly used in basal readers. 1f these two
arguments are correct, then one would expect that
placing students in a CAT environment and using a
curriculum  which emphasizes analytic skills, as
opposed to rote memorization, woulidl minimize sex
differences in reading. In order to test this hy-
pothesis, the rate of progress scores were siatisti-
cally evaluated for sex effects. The result, which
was rather surprising, is that there was no differ-
ence hetween male and female students in rate of
progress through the CA[ curricutum,

Sex differences however might be a factor in
accuracy of performance. To test this notion the
final accuracy scores on four standard problem
types were examined. The four problem types,
which are representiative of the entire curriculum,
were Letfer ldentification, Word List Learning,

Maltrix Construction, and Sentence Comprehension.
On these four tasks, the only difference between
hnys and girls that was siatistically significant at
the .05 level was for word-list learning. These re-
sults, while by no means definitive, do lend support
to the notion that when students are removed from
the normal classroom environment and placed on
a CAI program, boys perform as well as girls in
overall rate of progress. The resulls also suggest
that in a CAT environment the sex difference is
minimized in proportion to the emphasis on analysis
rather than rotc memorization in the learning task.
The one problem type where the girls achicved sig-
nificantly higher scores than the boys, word-list
learning, is essentially a paired-associate learning

‘task.

As noted earlier, the first graders in our school
were divided into two group=. Half of them re-
ceived reading instruction from the CAT system;
the other half did not (they received mathematics
instruction instead}. Both groups were tesied
extensively using conventional instruments before
the project began and again near the end of the
school year. The two groups were not significantly
diiferent at the start of the year, Table 3 presents
the results for some of the tesis that were ad-
ministered at the end of the year. As inspection of
the table will show, the group that received reading
instruction via CAI performed significantly betler
on all of ihe posttests except far the comprehension
subtest of the California Achievement Test. These
results are most encouraging. TFurther, it should

TABLI 3

PORTTEST RESULTS FOR FXPERIMENTAL
ARD (aNTrROL GROUPS

Test Fxperitrental | Coatral | g valne
Cadifornia Achievement Test
Vocahulary 43,01 3 .M
Comprehension 41.45 40.02 —
Total 43.63 3001 < 1
Hartley Reading Test
F'orm class 11.22 u.n < 058
Verabulary 19,38 17.058 <01
Thonetic diserimitnadion 308K 2515 <N
Pronunciation :
Nonsense ware 603 L 230 P |
Worl I oz 0 s05 1 <00
Recognition I !
Nonsense word 18,43 1525 | <4
Word 1001 16,060 I <.
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be noled that ai least some of Lhe [aclors that
might result in a “Hawthorne phenomenon” are
not present here; the “cantrol’’ group was exposed
to CAI experience in their mathematics instruction.
While that may leave room for some effects in their
reading, it does remove. the chiel objection, since
these students also had reason to feel that special
attention was being given to them. 1t is of in-
terest to note that the average Stanford-Binet 1Q)
score for these students (both experimental and
control) is 89.3

Owing to systems and hardware difficulties, our
program was not in full operation until Jate in
November of 1966. Initially, students were given
a relatively Dbrief period. of time per day on the
terminals. This period was increased to 20 minutes
after the first 6 weeks; in the last month we al-
lnowed students to stay on the terminal 30 to 35
minutes. We wished to find out how well first-
grade students would adapt to such long periods
of time. They adapt quite well, and next year we
plan to use 30-minute periods for all studenis
throughout the year. This may seem like a long
session for a first-grader, but our observations sug-
gest that their span of attention is well over a half
hour if the instructional sequence is truly responsive
to their response inputs. This year’s students had
a relatively small number of fotal hours on the
system. We hope that by beginning in the early
fall and using hali-hour perinds, we will be able
to give each student at least 80 to 90 hours on the
terminals next year.

I do not have time to discuss the social-psycho-
logical effects of introducing CAI into an actual
schnol setting. However, systematic observations
have been made by a trained clinical psychologist,
and a report is being prepared. To preview this
report, it is fair to say that the students, teachers,
aml parents were quite favorable to the program.

Nor will time permit a detailed account of the
various optimization routines uséd in the reading
curriculum. But since this topic is a major focus of
our research effort, it requires some discussion here.
As noted earlier, the curriculum incorporates an
array of screening and sequencing procedures de-
signed to oplimize learning: These optimization
schemes vary in terms of the range of curriculum
included, and it has beén convenient to classify

A More details on these and other analyses may he found
in Atkinson (1967) and Wilson and Atkinson (1967).

them as cither short- or long-term  procedures.
Short-term procedures refer fo decision rules that
are applicable 1o specific problem  fornitts  and
utilize the very recent response history of a sub-
ject to determine what instructional materials to
preseni next.  Long-term optimization procedures
are applicable o diverse units of the corriculum
and utilize a summarized form of the subject’s
complete response record to specily his future path
through major instructional units,

As an example of a short-term optimization
procedure, consider one that inflows direcily from
a learning theoretic analysis of the realing task
involved (Groen & Atkinson, 1966). Suppose that
a list of m words is to be taught to the child, and
it has been decided that instruction is to be carvied
out using the picture-to-word format described
earlier. In essence, this problem format involves
a series of discrele frials, where on each trial a
picture illustrating the word being taughi is pre-
sented on ibe projector screen and three words
{including the word illustrated) are presented on
the CRT. The student makes a response from
among these words, and the trial is terminated by
telling him the correct answer. If x trials are al-
located for this (ype of instruction (whete x is
much Targer than ), how should they be used
to maximize the amount of learning that. will take
place? Should the = items be presented an equal
number ‘of times and distributed randomly over
the x trials, or are there other strategies that take
account of idiosyncratic features of a given sub-
ject’s response record? If it is assumed that the
learning process for this task is adequately de-
scribed by the one-element madel of stimulus sam-
pling theory, and there is evidence that this is the
case, then the optimal presentation strategy can be
prescribed. The optimal strategy is initiated by
presenting Lhe  items in any order on the first m
trials, and a continuation of this strategy is optimal
over the remaining x — s ftrials if, and only if,
it conforms to the following rules:

1. For every item, set the count at O al the
beginning of trial m 4- .

2. P'resent an item at a given trial if, and only if,
its count is least among the counts for all items
at the beginning of the trial.

3. U several items are ellgible under Rule 2,
select from’ these the item that has the smallest
number of presentations; if scveral items are still
eligible, select with equal probability from this set.
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4. Following a trial, increase the count for pre-
sented item by 1 if the subject’s response was cor-
rect, but set it at O if the response was incorrect.

Zven though these decision rules are fairly simple,
they would be difficult to implement without the aid
of a computer. Data from this year’s experiment

establish that the above strategy is better than

one that presents the items equally often in a
fixed ordler.

This is only one example of the type of short-
term optimizalion strategies that are used in the
reading curriculum. Some of the other schemes
are more compléx, involving the application of
dynamic programming principles (Groen & Atkinson,
1966), and use information not only about the
response history but also the speed of responding.
In some cases the optimization schemes can be
derived directly from mathematical models of the
learning process, whereas others are not tied to
theoretical analyses but are based on intuilive con-
siderations that scem promising.*

¥ven if short-lerm oplimization strategies can
be devised which are effective, a total reading cur-
riculum that is optimal still has not been achieved.
Tt is, of course, possible Lo optimize performance
on each unit of the curriculum while, at the same
time, seqquencing through the uniis in an order that
is notl particularly efficient for learning. The most
significant aspect of curriculum development is with
regard to long-term optimization procedures, where
the subject’s total response history can be used 1o
determine the best order for branching through
major instructional units and also the proper bhal-
ance between drill and tutorial activities. Tt seems
clear that no theory of instruction is likely to use
all the information we have on a stwdent to make
instructional decisions from one moment to the
next. Twven for the most sophisticated long-term
schemes, only a sample of the subject’s history is
ging to be useful. Tn general, the problem of
deciding on an appropriate sample of the history
is similar to the problem of finding an abservable

statistic that pravides a good estimate of a popula- .

tion parameter. The observable history sample
may Dbe regarded as an estimate of the sfudent's
state of learning. A desirable property for such a

The  learning models aml apfimization methods  that
underlic much of the reading curricuTum are riscussed in
Atkinson and Shiffrin (1968), Grocn and Atkinson (1966),
Rodgers (1967), and Wilsan and Atkinson (1987),

history sample would be for it te summarize all
information concerning the current learning state
aof the student so that no elaboration of the history
would provide additional information. In the
theory of statistical inference, a statistic with an
analogous property is called a sufficient statistic.
Hence, it seems appropriale to call an observable
sample history with this property a “sufficient
history.”

In the present version of the reading curriculum,
several long-term optimization procedures have
been introduced with appropriate sufficient histories.
As vet, the theoretical rationale for these procedures
has not hieen thoroughly worked out, and not enough
data have been collected to evaluate their effective-
ness.  However, an analysis of long-term optimiza-
tion problems, and what dala we do have, has
been instructive and has sugpesied a number of
experiments that need to be carried out this year.
It is my hope thal such analyses, combined with
the potential for educational research under the
highly controlled conditions offered by CAI, will
lay the groundwork for a theory-of instruction that
is useful to the educator. Such a theory of in-
struction will have to be based on a maodel of the
learning process that has broad generality and yet
vields detailed predictions when applied 1o specific
lasks. )

In my view, the development of a viable theory
of instruction and the corresponding learning theory
will be an interactive enterprise, with advances in
cach area influencing the concepts and data base in
the other. For too long, psychologists studying
learning have shown litile inferest in instructional
problems, whereas elucalors have marle only primi-
tive and superficial applications of learning theory.
Both fields would have advanced more rapidly if
an appropriate interchange of ideas and problems
had existed. Tt is my hope that prospéets for CAT,
as both a tool for research and a mode of instruc-
tion, will act as a catalyst for a rapid evalulion of
new concepts in learning theory az well as a cor-
responding theory of instruction.
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11( INGREDIENTS FOR A THEORY OF INSTRUCTION'

RICHARD C. ATKINSON 2

Stanford University

HE term “theory of instruction” has been

in widespread use for over a decade and

during that time has acquired a fairly spe-
cific meaning. By consensus it denotes a body of
theory concerned with optimizing the learning
process; stated otherwise, the goal of a theory of
instruction is to prescribe the most effective meth-
ods for acquiring new information, whether in the
form of higher order concepts or rote facts. Al-
though usage of the term is widespread, there is no
agreement on the requirements for a theory of in-
struction. The literature provides an array of
examples ranging from speculative accounts of how
children should be taught in the classtoom to
formal mathematical models specifying precise
branching procedures in computer-controlled in-
struction.” Such diversity is healthy; to focus on
only one approach would not be productive in the
long run.
struction to encompass both experimental and the-
vretical research, with the theoretical work ranging
from general speculative accounts to specific quan-
titative models.

The literature on instructional theory is growing
at a rapid rate. So much so that, at this point, a
significant contribution could be made by someone
willing to write a book summarizing and evaluating
work in the area. I am reminded here of Hilgard's
(1948) book, Theorics of Learning; it played an

1A bricfer version of this article was presented as an
invited address at the meetings of the American Educa-
tional Research Association, Chicago, April 1972. This
research was sponsored in part by National Science Foun-
dation Grant No. NSF G]-443X2 and by Office of Naval
Research Contract Na, N0OOD14-67-A-0112-0054.

* Requests  for reprints should be sent te Richard C,
Atkinson, Department of Psychology, Stanford University,
Stanford, California 94305,

3See, for example, Smallwood [1962), Carroll (1953),
Hilgard (1964), Brumer (1966), Groen and  Atkinson
il966), Crothers and Suppes (1967), Gagné (1970), Seidel
and Hunter (1970), Pask and Scott (1971), and Atkinson
and Paulson (1972).

I prefer to use the term theory of in-

important role in the development of learning the-
ory by effectively summarizing alternative ap-
proaches and placing them in perspective, A book
of this type is needed now in the area of instruc-
tion. The. present article provides an overview
of one of the chapters that 1 would like to see
included in such a book; a title for the chapler
might be “A Decision-Theoretic Analysis of Tn-
struction.” Basically, I consider here the factors
that need to be examined in deriving optimal in-
structional strategies, and then I use this analysis
to identify the key clements of a theory of
instruction.

A DECIstoN-THEORETIC ANALYSIS OF INSTRUCTION

The derivation of an oplimal strategy requires
that the instructional problem be stated in a form
amenable to a decision-theoretic analysis. Analyses
based on decision theory vary somewhat from field
to field, but the same formal elements can be found
in most of them. As a starting point, I think it
useful to identify these eiements in a general way,
and then lo relate them to an instructional situa-
tiun. They are as follows:

1. The possible states of nature.

2. The actions that the decision maker can take
to transform the state of nature.

3. The transfiormation of the state of nature that
results from each action.

4. The cost of each action.

5. The return resulting from each state of
nature.

In the context of instruction, these elements divide
naturally into three groups. Flements 1 and 3 are
concerned with a description of the learning pro-
cess; Elements 4 and § specify the cost-benefit
dimensions of the probtem; and Flement 2 requires
that the instructional actions from which the deci-
sion maker is free to chonse be specified precisely.
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For the decision problems that arise in instruc-
tion, Elements 1 and 3 require that 2 model of the
learning process exist. It is usually natural to
identify the states of nature with the learning states
of the student. Specifying the transformation of
the states of nature caused by the actions of the
decision maker is tantamount to constructing a
model of learning for the situation under con-
sideration. The learning model will be proba-
bilistic to the extent that the state of learning is
imperfectly observable or the transformation of
the state of learning that a given instructional ac-
tion will cause is nol complelely predictable.

The specification of costs and returns in an in-
structional situation (Elements 4 and 3) tends to
he straightforward when e¢xamined on a short-term
basis, but virtually intractable over the long term,
For the short term, one can assign costs and re-
turns for the mastery of, say, certain basic reading
skills, but sophisticated determinations for the long-

term value of these skills to the individual and so-

ciety are difficult to make. There is an important
role for detailed economic analyses of the long-
term impact of education, but such studies deal
with issues at a more global level than are con-
sidered here. The present analysis is limited to
those costs and returns directly related to a specific
instructional task.

Element 2 is critical in determining the effective-
ness of a decision-theory analysis; the nature of
this element can be indicated by an example. Sup-
pose one wants to design a supplementary set of
exercises for an initial reading program that involve
both sight-word identification and phenics, Assume
that two exercise fermats have been developed, one
for training on sight words, the other for phonics.
Given these formats, there are many ways to design
an overall program. A variety of optimization
problems can be generated by fixing some features
of the curriculum and leaving others to be de-
termined in a theoretically optimal manner. For
example, it may be desirable to determine how the
time available for instructivn should be divided
between phonics and sight-werd recognition, with
all other features ol the curriculum fixed. A more
complicated question would be to determine the
optimal ordering of the two types of exercises in
addition to the optimal allocation of time. It
would be easy to continue generating different
optimization problems in this manner. The main

point is that varying the set of actions from which
the decision maker is free to choose changes the
decision problem, even though the other elements
remain the same.

Once these five elements have been specified, the
next task is Lo derive the optimal strategy for the
learning model that best describes the situation.
If more than one learning mode! seems reasonable
a priori, then competing candidales for the optimal
strategy can be deduced, When these tasks have
been accomplished, an experiment can be designed
to determine which strategy is best. There are
svveral possible directions in which to proceed
after the inttial comparison of strategies, depend-
ing on the results of the experiment. If none of
the supposedly optimal strategies produces satis-
factory results, then further experimental analysis
of the assumptions of the underlying learning
models is indicated. New issues may arise even
if one of the procedures is successful. In the sec-
ond example that I discuss, the successful strategy
produces an unusually high error rate during learn-
ing, which is contrary to a widely accepted prin-
ciple of programmed instruction (Skinner, 1968).
When anomalies such as this occur, they suggest
new lines of experimental inquiry, and often require
a reformulation of the learning model.*

CRITERIA FOR A THEORY OF INSTRUCTION

The discussion to this point can be summarized
by listing four criteria that must be satisfied prior
to the derivation of an optimal instructional
strategy:

L. A model of the learning process.

2. Specification of admissible instructional
actions.

3. Specification of instructional objectives.

4. A measurement scale that permits costs to be
assigned to each of the instructional actions
and payoffs to .the achievement of instruc-
tional cbjectives.

If these four elements can be given a precise in-
terpretation, then it is generally possible to derive
an optimal instructional policy. The solution for
an optimal policy is not guaranteed, but in recent

1 For a more extensive discussion of some of these points,
see Atkinson and Paulson (1972), Caliee (1970), Dear,
Sitberman, Estavan, and Atkinson-(1967), Laubsch (1970),
and Smallwood (1971).
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years some powerful tools have been developed for
discovering optimal or near oplimal procedures if
they exist.

The four criteria just listed, taken in conjunction
with methods for deriving optimal strategies, define
either a model of instruction or a theory of instruc-
tion. Whether the term theory or model is used
depends on the generality of the applications that
can be made. Much of my own work has been
concerned with the development of specific models
for specific instructional tasks; hopefully, the col-
lection of such models will provide the groundwork
for a general theory of instruction.

In terms of the above criteria, it is clear that a
model or theory of instruction is in fact a special
case of what has come tn-be known in the mathe-
matical and engineering literature as optimal con-
trol theory or, more simply, control theory (Kal-
" man, Falb, & Arbib, 1969). The development of
control theory has progressed at a rapid rate both
in the United States and ahroad, but most of the
applications involve engineering or economic sys-
tetns of one type or another, Precisely the same
problems are posed in the area of instruction except
that the system to be controlled is the human
learner, rather than a machine or group of indus-
tries. To the extent that the above four elements
can be formulated explicitly, methods of control
theory can be used in deriving optimal instructional
strategies.

To make some of these ideas more precise, I
consider here two examples, One invelves a re-
sponse-insensitive strategy and the other a response-
semsitive strategy. A response-insensitive strategy
orders the instructional materials without taking
into account the student's responses (except pos-
sibly to provide corrective feedback) as he pro-
gresses through the curriculum. In contrast, a
response-sensitive strategy makes use of the stu-
dent’s response history in its stage-by-stage deci-
sions regarding which curriculum materials to
present next., Response-insensitive strategies are
completely specified in advance and consequently
do not require a system capable of branching dur-
ing an instructional session. Response-sensitive
strategies are more complex, but have the greatest
promise for producing significant gains, for they
must be at least as good, if not better, than the
comparable response-insensitive strategy.

OrTiMizinG INSTRUCTION IN INITIAL READING

The first example is based on work concerned
with the development of a-computer-assisted in-
struction (CAI) program for teaching reading in
the primary grades (Atkinson & Fletcher, 1972).
The program provides individualized instruction in
reading and is used as a supplement to normal
classroom teaching; a given student may spend any-
where from O to 30 minutes per day at a CAI
terminal. For present .purposes, only one set of
results are considered, where the dependent mea-
sure is performance. on a standardized reading
achievement test administered at the end of the
first grade. Using the Atkinson and Fletcher data,
a statistical model can be formulated that predicts
test performance as a function of the amount of
time the student spends on the CAI system.
Specifically, let Pi(2) be student #'s performance on
a reading test administered at the end of first
grade, given that he spends time ¢ on the CAI
system during the school year. Then within cer-
tain limits, the following equation holds:

Pi(t) = a; — Beexp(—v:d)

Depending on a student’s particular parameter
values, the more time spent on the CAI program,
the higher the level of achievement at the end of
the year. The parameters a, 8, and y charactetize
a given student and vary [rom one student to the
next; a and (a« — B8) are measures of the student’s
maximal and minimal levels of achievement, re-
spectively, and y is a rate of progress measure,
These parameters can be estimated from a stu-
dent’s response record obtained during his first
hour of CAI. Stated otherwise, data from the
first hour of CAI can be used to estimate the
parameters e, 8, and y for a given student, and
then the above equation enables one to predict
end-of-year performance as a function of the CAI
time allocated to that student.

The optimization problem that arises in this
situation is as follows: Suppose that a school has
budgeted a fixed amount of time T on the CAI
system for the school year and must decide how to
allocate the time among a class of n hrst-grade
students. Assume, further, that all students have
had a preliminary run on the CAI system so that
esiimates of the parameters a, 8, and y have been
oblained for each student.

Let {; be the time allocated to student i. Then
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the pgoal is to select a vector (¢, 2, .. ., #,) that
uplimizes learning. To du this, one must check the
four criteria for deriving an optimal strategy.

The first criterion is that there be a model of
the learning process. The prediction equation for
(1) does not offer 4 very complete account of
learning; for purposes of this problem, however,
the equation suffices as a model of the learning
process, giving all of the information that is re-
quired. This is an important point to keep in
mind: the nature of the specific optimization prob-
lem determines the level of complexity that must
be represented in the learning model. For some
problems, the model must provide a relatively com-
plete account of learning in order to derive an
optimal strategy, but for other problems a simple
descriptive equation of the sort presented above
will suffice.

The second criterion requires that the set of
admissible instructional actions be specified. Fer
the present case, the potential actions are simply
all possible vectors (£, f3, . . ., #a) such that the
tis are nonnegative and sum to T. The only free-
dom decision makers have in this situation is in the
allocation of CAI time to individual students,

The third criterion requires that the instructional
vbjective be specified. ‘There are several objectives
that could be chosen in this situation. Consider
four possibilities:

{a) Maximize the mean value of P over the class
of students.

Minimize the variance of P over the class
of students.

Maximize the number of students who score
at grade level at the end of the first year.
Maximize the mean value of P satisfying
the constraint that the resulting variance
of P is less than or equal to the variance
that would have been obtained if no CAI
were administered.

(b)
(c)

(d)

Objective @ maximizes the gain for the class as a
whole; Objective b aims to reduce differences among
students by making the class as homogeneous as
possible; Objective ¢ is concerned specifically with
those students who fall behind grade level; Objec-
tive d attempts to maximize periormance of the
whole class but insures that differences among stu-
dents are not amplified by CAI. Other instructional
ubjectives can be listed, but these are the ones
that seemed most relevant. For expository pur-

poses, I have selected ¢ as the instructional ob-
jective.

The fourth criterion requires that costs be as-
signed to each of the instructional actions and that
payoffs be specified for the instructional objectives.
In the present case, one can assume that the cost
of CAT does not depend on how time is allocated
among students and that the measurement of pay-
off is directly proportional to the students’ achieved
value of P.

In terms of the four criteria, the problem of
deriving an optimal instructional strategy reduces
to maximizing the function

s pi

4=al

¢(l11‘2| s :’ﬂ)

I

213 [a.‘ — Biexp (—--y,-i‘;)]

]
B i

subject to the constraint that

Z“!i=T

fum]
and
20,

This maximization can.hbe dore by using the
method of dynamic programming (Bellman, 1961).
In order to illustrate the approach, computations
were made for a first-grade class for which the
parameters e, 8, and y had been estimated for each
student. Employing these estimates, computations
were carried out to determine the time allocations
that maximized the above equation. For the op-
timal policy, the predicted mean performance level
of the class, P, was 15¢% higher than a policy that
allocated time equally to students (i.e., a policy in
which ¢; = ¢; for all i and j). This gain represents
a substantial improvement; the drawback is that
the variance of the P scores is roughly 15%
greater than for the equal-time policy. This means
that if one were interested primarily in raising the
class average, one would have to let the rapid
learners move ahead and progress far beyond the
slow learners.

Although a time allocation that complies with
Objective a did increase overall class performance,
the correlated increase in variance leads one to
believe that other objectives might be more bene-
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ficial. For comparison, time allocations also were
computed for Objectives b, ¢, and d. Figure 1
presents the predicted gain in P as a percentage of
P for the equal-time policy. Objectives 4 and ¢
yvield negative gains, and so they should since their
roal is to reduce variability, which is accomplished
by holding back on the rapid learners and giving
a lot of attention to the slower ones. The reduc-
tion in variability for these two objectives, when
compared with the equal-time policy, is 12% and
10%, respectively. Objective d, which attempts to
_strike a balance between Objective @ on the one
hand and Objectives & and ¢ on the other, yields

an 8% increase in P and yet reduces variability
by 6%.

In view of these computations, Objective d seems
to be preferred; it offers a substantial increase in
mean performance while maintaining a low level
of variability. As yet, this policy has not been
implemented, so only theoretical results can be
reporled. . Nevertheless, these examples yield dif-
ferences that illustrate the usefulness of this type
of analysis. They make it clear that the selection
of an instructional objective should not be done in
isolation, but should involve a comparative analysis
of several alternatives taking into account more
than one dimension of performance. For example,
even if the principal goal is to maximize P, it
would be inappropriate in most educational situa-
tions to select a given objective over some other if
it yielded only a small average gain while vari-
ahility mushroomed.

Techniques of the sort presented above have
been developed for other aspects of the CAI read-
ing program. One of particular interest involves
deciding for each student, on a week-by-week
hasis, how time should be divided between train-
ing in phonics and in sight-word identification
(Chant & Atkinson, in press). However, these de-
velopments are not considered here; it is more use-
ful to turn to another example of a quite different
type.

OPTH\IIZING THE LI’-ZARNING OF A SECONI)-
Lancuacke VOCABULARY

The second example deals with learning a foreign
language vocabulary. A similar example could be
given from our work in initial reading, but this
particular example has the advantage of permitting
us to introduce the concept of learner-controlled

72

RELATIVE PERCENT GAIN
o

\‘\\ N
\\
_,5 — . g
-10 - _ﬂ
=15 p- -~
| i 1 ]
a b c d

INSTRUCTIONAL OBJECTIVE

Fiz. 1. Percentage gains in the mean value of P when
compared wilh an equal-time policy fer four policies each
based on a different instructional objective.

instruction. In developing the example, I con-
sider first some experimental work comparing three
instructional strategies and only later explain the
derivation of the optimal strategy.

The goal is to individualize instruction so that
the learning of a second-language vocabulary oc-
curs at a maximum rate. The constraints imposed
on the task are typical of a school situation. A
large set of German-English items are to be learned
during an instructional session that involves a
series of trials. On each trial one of the German
words is presented, and the student attempts to
give the English translation; the correct transla-
tion then is presented for a brief study period. A
predetermined number of trials is ailocated for the
instructional session, and after an intervening pe-
riod of one week a test is administered over the
entire vocabulary. The optimization preblem is
to formulate a strategy for presenting items during
the instructional session so that performance on
the delayed test will be maximized.

Three strategies for sequencing the instructional
material are considered here.  One strategy (desig-
nated the random-order stratepy) is simply to cycle
through the set of items in a random order; this

* A detailed account of this research can be {ound in
Alkinson (in press)}.
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Round -robin of Seven Lists

Typical List

Rad
die Seile
das Kino
die Gans
der Fluss
. die Gegend
. die Kameraq
. der Anzug
. dos Geld
10. der Gipfel
t1. das Bein
12. die Ecke

das

GG ~NMOhWN—

Fic. 2. Schematic representation oi the round robin of display lists
and an example of one such list,

strategy is not expected to be particularly effec-
tive, but it provides a benchmark against which to
evaluate others. A second strategy (designated
the learner-controlled strategy) is to let the student
determine for himselfi how best to sequence the
material. In this mode the student decides on each
trial which item is to be tested and studied; the
learner, rather than an external controller, de-
termines the sequence of instruction, The thicd
scheme (designated the response-sensitive strategy)
is based on a decision-theoretic analysis of the in-
structional task. A mathematical model of learn-
ing that has provided an accurate account of vo-
cabulary acquisition in other experiments is as-
sumed to hold in the present situation. This model
is used to compute, on a trial-by-trial basis, an in-
dividual student’s current state of learning. Based
on these computations, items are selected from
trial o trial so as to optimize the level of learn-
ing achieved at the terminalion of the instructional
session.  The details of this strategy are com-
plicated. and can be discussed nore meaningfully
after the experimental procedure and results have
been presented.

Instruction in this experiment is carried out
under computer control. The students are re-

quired to participate in two sessions: an imstruc- .

tional session of approximately two hours and a
briefer delayed-test session administered one week
later. The delayed test is the same for all students

and involves a test over the entire vocabulary.
The instructional session is more complicated. The
vocabulary items are divided into seven lists, each
containing 12 German words; the lists are ar-
ranged in a round-robin order (see Figure 2). On

T

/ Sturt )
Instructhionol
\  Sesson

s
N

~——

Display firs) Last |
of 12 German Words

Select One Worg Dispigy Next Lisl
an Displayed List i Round-robin
tor Test al Liats

o -

Evaluole Siuaent's Response |

1o Tested Word If Corvect Has \.‘_\

so indicate , If Incarrect Each of 1he Seven Lists ..
] . ists

50 Indicale und Pravide Been Displayed 48 T.mes’/

Carrect Transiation J S -

————

/ Yes
( Termingie
Instrucienal
Y Sesson [/

* .
\\.___ ‘/'

Fic. 3. Flow chart descriling the trial sequence during
the instructions! session. The selection of & word lor test
on a given trial (box with heavy border) varied over ex-
perimental conditions.
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SUCCESSIVE TRIAL BLOCKS
{ INSTRUCTIQNAL SESSION)

Hr————\ Learner - Conlrolied
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D 1 i

#————@ Response-Sensitive -1
; Strategy

Strategy

DELAYED TESTY
SESSION

Fic. 4. Proportion of correct responses in successive trial blocks during the instructional
session, and on the delayed test administered one week later.

each trial of the instructional session a list is dis-
played, and the student inspects it for a brief
period of time. Then one of the items on the dis-
played list is selected for test and study. In the
random-order and response-sensitive conditions, the
item is selected by the computer. In the learner-
controlled condition, the item is chosen by the
student. After an item has been selected for test,
the student attempts to provide a translation; then
feedback regarding the correct translation is given.
The next trial begins with the computer displaying
the next list in the round robin, and the same pro-
cedure is repeated. The instructional session con-
tinues in this fashion for 336 trials (see Figure 3).

The results of the experiment are summarized in
Figure 4. 1Iata are presented on the left side of
the figure for performance on successive blocks of
trials during the instructional session; onm the
right side are results from the test session ad-
ministered one week after the instructional session.
Note that during the insiructional session the
probability of a correct response is highest for the
random-order condition, next highest for the learner-
controlled condition, and lowest for the response-
sensitive condition. The results, however, are re-

versed on the delayed test. The response-sensitive
condition is best by far with 799 correct; the
learner-controlled condition is next with 58%; and
the random-order .condition is poorest at 38%.
The observed pattern of results is expected. In
the learner-controlled condition, the students are
trying, during the instructional session, to test and
study those items they do not know, and they
should have a lower score than students in the ran-
dom-order condition where testing is random and
includes many items already mastered. The re-
sponse-sensitive procedure also attempts to iden-
tify for test and study those items that have not
yet been mastered and thus also produces a high
error rate during the instructional session. The
ordering of groups on the delayed test is reversed
since now the entire set of words is tested; when
all items are tested, the probahility of a correct
response tells how much of the list actually has
been mastered. The magnitude of the effects ob-
served on the delayed test is large and of practical
significance.

Now that the effectiveness of the response-sensi-
tive strategy has been established, 1 turn to a dis-
cussion of how it was derived. The strategy is
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based on a model oi vocabulary learning that has
been investigated in the laboratory and has been
shown to be quite accurate (Atkinson, in press;
Atkinson & Crothers, 1964). The model assumes
that a given item is in one of three states (P, T,
and U) at any moment in time. If the item is in
State P, then its translation is known, and this
knowledge is “relatively” permanent in the sense
that the learning of uther vocabulary items will not
interfere with it. If the item is in State T, then
it is also known but on a *“temporary” basis; in
State T, other items can give rise to interference
efiects that cause the item to be forgotten. In
Siate U, the item is not known, and the student
is unable to provide a translation. Thus, in States
P and T a correct translation is given with prob-
ability 1, whereas in State U the probability is 0.

When a test and study occur on a given item, the
following transition matrix describes the possible
change in state from the onset of the trial to its
termination:

P T U

Pl 0 Q
A=T]lae 1-—2a 0
Ulbe (1—d)c 1—¢

Rows of the matrix represent the state of the item
at the start of the trial, and the columns represent
its state at the end of the trial.
some other item is presented for test and study, a
transition in the learning state of the original
item also may take place; namely, forgetting is
possible in the sense that if the item is in State T,
it may transit into State ‘U, This forgetting can
occur only if the student makes an error on the
other item; in that case the transition matrix ap-
plied to the original item is as follows:

P T U

P[1 0 0
F=T[0 1-f f
vjo 0 1

To summarize, consider the application of Matrices
A and F to some specific item on the list; when
the item itself is presented for test and study,
transition Matrix A is applied; when some other
item is presented that elicits an error, then Matrix
F is applied. The above assumptions provide a
complete account of the learning process. The
parameters in Matrices A and F measure the dif-

On a trial when'

ficuity level of a German-English pair and vary
across items. On the basis of prior experiments,
numerical estimates of these parameters exist for
each of the items used in the experiment.

As noted earlier, the formulation of a strategy
requires that one be precise about the quantity to
be maximized. For the present task, the goal is
to maximize the number of items correctly trans-
lated on the delayed test. To do this, a theoretical
relationship must be specified between the state
of learning at the end of the instructional session
and performance on the delayed test. The as-
sumption made here is that only those items in
State P at the end of the instructional session will
be translated correctly on the delayed test; an
item in State T is presumed to be forgotten during
the intervening week. Thus, the problem of maxi-
mizing delayed-test performance involves, at least
in theory, maximizing the number of items in State
P at the termination of the instructional session.

Having numerical values for parameters and
knowing the student’s response history, it is possible
to estimate his current state of learning® Stated
more precisely, the learning model can be used to
derive equations and, in turn, compute the prob-
abilities of being in States P, T, and U for each
item at the start of trial », conditionalized on the
student's response history up to and including -trial
n — 1. Given numerical estimates of these prob-
abilities, a strategy for optimizing performance is
to select that item for presentation (from the cur-
rent display list) that has the greatest probability
of moving into State P if it is tested and studied
on the trial. - This strategy has been termed the
one-stage optimization procedure because it looks
ahead one trial in making decisions., The true
optimal policy (i.e., an N-stage procedure) would
consider all possible item-response sequences for the
remaining trials and select the next item so as to
maximize the number of items in State P at the
termination of the instructional session. For the
present case, the N-stage policy cannot be applied

8 The student’s response history is a record {(for.each
trial) of the item presented and the response that oc-
curred. It can be shown that a sufficient history exists
which contains only the information necessary Lo estimate
the student’s ‘current state of learning; the sufficient his-
tory is a function of the complete history and the assumed
learning model. For the model considered here, the suf-
ficient history is fairly simple but cannot be readily de-
scribed without extensive notation.
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because the necessary computations are too time
consuming even for a large computer. Fortunately,
Monte Carlo studies indicate that the one-stage
policy is a pgood approximation to the optimal
strategy for.a variety of Markov learning models;
it was for this reason, as well as the relative ease
of computing, that the one-stage procedure was
employed.” The computational procedure described
above was implemented on the computer and per-
mitted decisions to be made on-line for each stu-
dent on a trial-by-trial basis:

The response-sensitive strategy undoubtedly can
be improved on by elaborating the learning model.
Those familiar with developments in learning the.
ory will see a number of ways of introducing more
complexity into the model and thereby increasing
its precision. I do not pursue such considerations
here, however, since my reason for presenting the
example was not to theorize about the learning
process but rather to demonstrate how a simple
learning model can be used to define an instruc-
tional procedure.

CONCLUDING REMARKS

Hopefully, these two examples illustrate the
steps involved in developing an optimal strategy
for instruction. Both examples deal with rela-
tively simple problems and thus do not indicate
the range of developments that have been made
or that are clearly possible. It would be a mis-
take, however, to conclude that this approach offers
a solution to the problems facing education. There
are some fundamental obstacles that limit the
generality of the work.

The major obstacles may be identified in terms
of the four criteria that were specified as pre-
requisites for an optimal strategy. The first cri-
terion concerns the formulation of learning models.
The models that now exist are totally inadequate
to explain the subtle ways-by which the human
organism stores, processes, and retrieves informa-
tion. Until there is a much deeper understanding
of learning, the identification of truly effective
strategies will not be possible. However, an all-
inclusive theory of learning is nnt a prerequisite
for the development of optimal procedures. What
is needed instead is a ‘model that captures the es-

"For a discussion of one-stage and N-stajge policies and
Monte Carlo studies comparing them, see Groen and Atkin-
son (1966), Calfee (1970), and Laubsch (1970).

sential features of that part.of the learning process
being tapped by a given instructional task.. Even
models that may be rejected on the basis of labora.
tory investigation can be useful in deriving instruc-
tional strategies. The two learning models con-
sidered in this article are extremely simple, and yet
the optimal strategies they generate are quite ef-
fectivee. My own preference is to formulate as
complete a Jearning model as intuition and data
will permit and then to use that model to investi-
gale optimal procedures; when possible the learn-
ing model will be represented in the form of
mathematical equations but otherwise as a set of
statements in a computer-simulation program. The.
main point is that the development of a theory of
instruction cannet progress if one holds the view
that a complete theory of learning is a prerequisite.
Rather, advances in learning theory will affect the
development of a theory of instruction, and con-
versely the development of a theory of instruction
will influence research on learning.

The second criterion for deriving an optimal
strategy requires that admissible instructional ac-
tions be specified clearly. The set of potential in-
structional inputs places a definite limit on the ef-
fectiveness of the optimal strategy. In my opinion,
powerful instructional strategies must necessarily
be adaptive; that Is, they must be sensitive on a
moment-to-moment basis to a learner’s unique re-
sponse history., My judgment on this matter is
based on limited experience, restricted primarily
to research on teaching initial reading. In this
area, however, the evidence seems to be absolutely
clear: the manipulation of method variables ac-
counts for only a small percentage of the variance
when not accompanied by instructional strategies
that permit individualization. Method variables
like the modified teaching alphabet, oral reading,
the linguistic approach, and others undoubtedly
have beneficial effects. However, these effects are
minimal in comparison to the impact that is pos-
sible when instruction is adaptive to the individual
learner. Significant progress in dealing with the
nation’s problem of teaching reading will require
individually prescribed programs, and sophisticated
programs will necessilate some degree of computer.
intcrvention either in the form of CAI or computer-
managed instructivn. As a corollary to this point,
it is evident from observations of students in our
CAI reading program that the more effective the
adaptive strategy the less important are extrinsic
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motivators., Motivation is a variable in any form
of learning, but when the instructional process is
truly adaptive the student's progress is sufficient
reward in its own right.

The third criterion for an optimal strategy deals
with instructional objectives, and the fourth with
cost-benefit measures. In the analyses presented
here, it was tacitly assumed that the curriculum
material being taught is sufficiently beneficial to
justify allocating time to it. Further, in both ex-
amples the costs of instruction were assumed to be
the same for all strategies. If the costs of instruc-
tion are equal for all strategies, they may be
ignored and atiention focused on the comparative
benefits of the strategies. This is an important
point because it greatly simplifies the analysis, 1f
both costs and benefits are significant variables,
then it is essential that both be estimated ac-
curately. This is often difficult to do. When one
of these quantities can be ignored, it suffices if the
other can be assessed accurately enough to order
the possible outcomes. As a rule, both costs and
benefits must be weighed in the analysis, and fre-
quently subtopics within a curriculum vary sig-
nificantly in their importance. In some cases,
whether or not a certain topic should be taught at
all is the critical question. Smallwood {1971) has
treated problems similar to the ones considered in
this article in 2 way that includes some of these
factors in the structure of costs and benefits.

My last remarks deal! with the issue of learner-
controlled instruction. One way to avoid the chal-
lenge and responsibility of developing a theory of
instruction is to adopt the view that the learner is
the best judge of what to study, when to study,
and how to study. I am alarmed by the number
of individuals who advocate this position despite
a great deal of nepative evidence. Do not misin-
terpret this remark. There obviously is a place
for the learner’s judgments in making instructional
decisions. In several CAI programs that I have
helped develop, the learner plays an important role
in determining the path to be foliowed through the
curriculum. However, using the learner’s judgment
as one of several items of information in making an
instriictional decision is quite different from pro-
posing that the learner should have complete con-
trol. My daia, and the data of others, indicate
that the learner is not a particularly effective de-
cision maker. Arguments against learner-controlled
programs are unpopular in the present climate of

opinion, but they need to be made so that one will
not be seduced by the easy answer that a theory
of instruction is not required because “who can be
a better judge of what is best for the studeni than
the student himself.”

This article illustrates the steps involved in de-
riving an optimal strategy and their implications
for a theory of instruction. I want to emphasize a
point made at the outset—namely, that the ap-
proach is only one of many that needs to he pur-
sued. Obviously the main obstacle is that adequate
theories as yet do not cxist for the learning pro-
cesses that we most want to optimize. However,
as the examples indicate, analyses based on highly
simplified models can be useful in identifying prob-
lems and focusing research efforts. It seems clear
that this type of research is a necessary component
in a program designed to develop a general theory
of instruction,
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RICHARD C. ATKINSON

For some time I have been involved in efforts to
develop computer-controlled systems for instruc-
tion. One such effort has been a computer-assisted-
instruction (CAI) program for teaching reading in
the primary grades (Atkinson, 1974) and another
for teaching computer science at the college level
{Atkinson, in press). The goal has been to use
psychological theory to devise optimal instructional
procedures—procedures that make moment-by-mo-
ment decisions based on the student’s unique re-
sponse history. To help guide some of the theo-
retical aspects of this work, research has also been
done on the restricted but well-defined problem of
optimizing the teaching of a foreign language vo-
cabulary. This is an area in which mathematica?
models provide an accurate description of learning,
and these models can be used in conjunction with
the methods of control theory to develop precise
algorithms for sequencing instruction amuang vo-
cabulary items. Some of this work has beer. pub-
lished, and those who have read about it knc'v that
the optimization schemes are quite effective—far
more effective than procedures that permit the
learner to make his own instructional decisions
(Atkinson, 1972a, 1972b; Atkinson & Paulson,
1972).

In conducting these vocabulary learning experi-
ments, I bave been struck by the incredible vari-
ability in learning rates across subjects. Even
Stanford University students, who are a fairly
select sample; display impressively large between-
.subject differences. These differences may reflect
differences in fundamental abilities, but it is easy
to demonstrate that they also depend on the strate-
gies that subjects bring to bear on the task. Good
learners can introspect with ease about a “bag of
tricks™ for learning vocabulary items, whereas poor

This article is based on the presidential address presented
to Division 3 at .the meeting of the American Psychologi-
cal Assgciation, New Orleans, September 1974,

l_z Mnemotechnics in Second-Language Learning

Stanford University

learners are incredibly inept when trying to de-
scribe what they are doing.

These subject reports, combined with our own
intuitions, led Michael Raugh and me to carry out
a series of studies on mnemonic techniques for
vocabulary learning. Michael Raugh is a com-
puter scientist and mathematician by training, but
throughout his life he has been intrigued by
mnemonics of one sort or another; he was the one
who convinced me that this line. of research was
worth pursuing,

The Keyword Method

Our initial experiments were not as successful as
we had anticipated, but they did help us to develop
and refine a mnemonic aid .for vocabulary learning
that we have dubbed the keyword method. 1t is
this method and related experiments that are dis-
cussed in this article. By a keyword we mean an
English word that sounds like some part of the
foreign word. In general, the keyword has no
relationship to the foreign word except for the fact
that it is similar in sound. The keyword method
divides voczbulary learning into two stages. ‘The
first stage requires the subject to associate the
spoken foreign word with the keyword, an associa-
tion that is formed quickly because of acoustic
similarity. The seccnd stage requires the subject
to form a mental image of the keyword “interact-
ing” with the English translation; this stage is
comparable to a paired-associaie procedure involv-
ing the learning of unrelated English words. To
summarize, the keyword method can be described
as a chain of two links connecting.a foreign word
to its English translation. The spoken foreign
word is linked to the keyword by a similarity in
sound (what I call the acoustic link), and in turn
the keyword is linked to the English translation by
a mental image (what I call the imagery link).~
Let us consider a few examples from Spanish and
Russian, the two languages that we have used for
most of our research on the keyword method. In
Spanish the word cabclle (pronounced something
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CABALLO — eye — HORSE

PATO — pot — DUCK

Figure 1. Two illustrations of how mental images
“might be used to associate a spoken Spanish word
with its English translation.

likes*‘cob-eye-yo'') means horse. The pronuncia-
tion of the Spanish word contains a sound that
resembles the English word eye. Employing the
English word eye as the keyword, one might form
a mental image of something like a cyclopean eye
winking in the forehead of a horse, or a horse kick-
ing a giant eye. As another example, the Spanish
word for duck is peto (pronounced something like
“pot-0"). Using the English word pot as the key-
word, one could image a duck hiding under an
overturned flower pot with its webbed feet and
tufted tail sticking out helow.

In Russian the word zvondk ! means bell. Its
pronunciation is somewhat like “zvahn-oak,” with
emphasis on the last syllable, and it contains a
sound that resembles the English word eak. Em-
ploying the English word oa4 as the keyword, one

! Russian words are presented using a standard trans-
literation of the Cyrillic alphabet into the Roman alphabet;
stress is marked.

could imagine something like an oak with little
brass bells for acorns, or an oak in a belfry, or
perhaps an oak growing beneath a giant bell jar.
As another example, the Russian word for “build-
ing” (zddnic) is pronounced somewhat like
‘“zdawn-yeh” with emphasis on the first syllable.
Using dawn as the keyword, one could imagine the
pink light of dawn reflected in the windows of a
tall building. Additional Russian examples are
given in Table 1.

One procedure for applying the keyword method
is to present the subject with a series of foreign
words. As each foreign word is pronounced, its
keyword and the English translation are displayed.
During the presentation of each item the subject
must associate the sound of the foreign word to
the keyword, and at the same time generate a
mental image relating the keyword to the English
translation. Because of the similarity in sounds,
the acoustic link is formed easily; the imagery link
is like learning to associate a pair of unrclated
English words by using imagery as a mnemonic aid.
One qualification must be added to the above de-
scription. The keyword need not always be a
single word; for some items it may be a brief
phrase if that phrase is particularly salient. What
this means for a polysyllabic foreign word is that
anything from a monosyllable to a longer word or
even a short phrase that spans the whole foreign
word might be used as the keyword.

We have been conducting experiments for almost
two years on one or another aspect of the keyword

TABLE 1

Sixteen flems from the Russian Vocubulary
with Related Keywords

Russjan Keyword Translation
STRANA [strawman] COUNTRY
LINKOR [lincoin] BATTLESHIP
DELO [Jeilo] AFFAIR
ZATAD [zap it] WEST
TOLPA [tell pa] CROWD
ROT [rut] MOUTH
GORA- [garage] MOUNTAIN
DURAK [two rocks] FUOL
OSEN' [ocean] AUTUMN
SEVER [saviour] NUHRTH
DYM [dim] SMOKE
SEL() [seal law] VILLAGE
GOLOVA [CGulliver] ILEAD
TIOTJA [Churchill] AUKT
POEZD [poised] TRAIN
CHELOVEK [chilly back ] PFERSON
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method. Let me describe in some detail one of
the experiments using a Russian vocabulary and
then use it as a springboard for discussing other
results.*

In this experiment, subjects learned a vocabulary
of 120 Russian words; the total vocabulary was
divided into three comparable 40-word subvocabu-
laries for presentation on scparate days. The ex-
periment was run under computer control and
involved two independent groups of subjects—a
keyword group and a control group. The computer
presented prerecorded Russian words through head-
phones; keyword and English translations were
presented on a cathode-ray-tube (CRT) display;
and the subject entered his responses into the com-
puter by means of a typewriter keyboard. The
‘experiment began with an introductory session
during which subjects were familiarized with the
equipment and given some instruction in Russian
phonics; subjects-in the kevword group were also
given instructions on the keyword method. On
each of the following three days, one of the sub-
vocabularies was presented for a cycle of three
study/test trials. The study part of a trial con-
sisted of a run through the subvocabulary; each
Russian word was pronounced three times and
simultaneously its English translation was dis-
played on the CRT. For the keyword subjects,
the keyword, set ofi in brackets, was also displayed
on the CRT. The test phase of a trial was exactly
the same for both groups. It consisted of a run
through the subvocabulary in which each Russian
word was pronounced, and the subject had 15
seconds to type the translation; no feedback was
given. A comprehensive test covering the entire
vocabulary of 120 items was given on the fifth day
of the experiment. Without warning, subjects were
called back six weeks later for a second compre-
hensive test.

Figure 2 presents the probability of a correct
response over test trials for each of the three in-
structional sessions, The keyword group in all
cases obtained superior scores; in fact, each day
the keyword group learned more words in two
study trials than the control group did in three
trials.

Table 2 gives results for the comprehensive test
and for the delayed comprehensive test given six
weeks later. Resulls are presented for the total

*An account of this and other experiments using a
Russian vocabulary can be found in Atkinson and Raugh
(1975).
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Figure 2. Probability of a correct response over

test trials on Day 1, Day 2, and Day 3.

vocabulary and also for the subvocabularies leirned
during each of the three instruction sessions. I
am not commenting on the results as a function
of the day on which items were studied—the pat-
tern of the data is what would be expected. The
important observation is in the bottom row of the
table. Note that for the total vocabulary the key-
word group recalled 727 of the items on the com-
prehensive test, whereas the control group recalled
only 469%. Six weeks later the keyword group
recalled 43% of the words and the control-group
289%. The ratio of control to experimental scores
is .64 on the comprehensive test and .65 on the de-
layed comprehensive test. These are indeed large
differences and highly significant statistically.

TABLE 2

Probability of a Correct Res poitse on lhe
Comprehensive and Delayed Camprehensive Tests
as a Function of Experimental Treaimen!

and Stwdy Order

Comprehensive test cnm|ul':fil:"r¥:i‘\!'e tost
Vocabulary | _ - I
Keyword Contral Keyword  Control
First
subvocabulary .64 33 AR .25
Second
subvocabulaty 0 43 A4 30
Third.
subvocabulary 81 .63 .36 .29
Total vocabulary 72 46 43 .28
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Figure 3. Scatterplot of performance levels on
the comprehensive test. (Each point corresponds
to. an item; the ordinate gives the performance
level when the item was studied in the keyword
condition, and the abscissa its value when studied
in the control condition.)

Figure 3 presents dala on the comprehensive
test in which each poinl refers to one of the vo-
cabulary items. The value on the y-axis denotes
the keyword group’s performance on a word, and
the x-axis the control group's performance. Points
ahove the diagonal are for words that were learned
best in the keyword condition; belew the diagonal
are the wards learned best in the cantrol condition.
) the 120 words, only 8 were learned hetler in
the control condition. As we shall see later, the
poor performance on certain items in the keywdrd
conditinn can be predicted based on independent
estimafes of the ease of learning either the acoustic
or the imagery link.

This experiment is vne in a series of studics that
have demonstrated the effectiveness of the key-
word method. Our most dramatic demonstration
involved a similar experimental design using a
Spanish vocabulary.® The principal difference was
that the contrel group was told to use a rote re-
hearsal procedure when studying items.  None of
the control subjects objected to the rehearsal pro-
cedure or found it unnatural, but on a compre-

*For a cdetailed asceount aof this experiment and other
work on the kevword method using & Spanizh vocahulary,
see Raugh and Atkinson (1975).

hensive test they recalled only 2895 of the words,
The keyword group recalled 88%.. In the Russian
experiment described above, the control suebjects
were highly motivated to do well and were en-
couraged to use whatever strategies they thought
would be most effective. The observed difference
between the keyword and control subjects was not
a mattet of motivation; both groups were highly
motivated and very attentive-to the task.

Questions about the Keyword Method

Let me now turn to some questions raised by the

‘keyword methnd and provide what answers I can

based on our other experiments.

Question: Should the experimenter supply the
keyword or can the subject generate his own more
eifectively? The answer 1o this question is some-
what complicated, but, in general, our results indi-
cate that providing the keywords for the subject
is best. In a Russian experiment similar to the
one described earlier, all subjecls were given ex-
tensive instruction in the keyword methmd.  During
the actual experiment hall of the items were pre-
sented for study with a keyword, whereas no key-
word was provided for the other items.  The sub-
jects were instrucled to use the kevword method
throughout. When a keyword was provided they
were to usc that word:; when no keyword was pro-
vided they were 1o generate their own. On the
comprehensive test the subjects were significantly
hetter on the keyword-supplied items than on the
others, but the size of the difference did not ap-

- proximate the difference observed in the last ex-

periment. Instruction in the keyword method is
helpful, but somewhat more se if the experimenter
also supplics the kevwords.

It should be kept in mind that these results are
for subjects who have ont had previous (raining
in Russian. Tt may well he that supplyving the
kevword is maost helpful to the beginner and he-
comes less useful as the subject gains familiarity
with the language and the method. We have run
another experiment in which subjects were in-
structerd in the keyvword method, bt during stuely
of an item they received a keyword only if they
requested it by pressing an appropriate key on
their computer console: we call this variant of the
keyword method the frec-choice procedurc. - When
an item was initiadly presented for study, a key-
word was requested 89%- of the time: on subse-
(uent presentations of the item, the subject’s likeli-
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houd of requesting the keyword depended upon
whether he missed the item on the preceding test
trial. 1f he missed it, his likelihnod of requesting
the keyword was much higher than if he had been
able to supply the correct translation.  Otherwise,
however, the likelihond of requesting a kevword
was remarkably constant from one day of the
experiment to the next: that is, there was no de-
crease in keyword requests over the three study
days, where un each day the subject learned a new
vocabulary. It is interesting to note that per-
formance vn the comprehensive test for the free-
choice group was virlually identical (o the per-
formance of a grovp that was automatically given
a keyword on all trials.  Not much of a difference
would be expecled between the twn groups because
the free-choice subjects had such a high likelihood
ol requesting keywurds. Nevertheless, these find-
ings suggest that the free-choice mode mayv be the
preferred one. In the free-choice procedure, sub-
jects reported that they generally wanted a keyv-
word but that there were occasional items that
seemed to stand out and could be mastered im-
mediately without the aid of a keyword. In sum-
mary, the answer to the question is that subjects
appear to be less effective when they must generate
their own keywords: but results from the free-
choice procedure indicate that kevwords need only
he supplied when requested by the subject.

Qurstion: Does supplyving the imagery link for
the subject facilitate learning? The answer to
thiz question seemns to be no—il is hetter 1o have
the subject generate his own image linking the key-
word to the English translation. We have tried,
for example, to supply the imagery link by using
cartoonlike drawings and also by presenting brief
phrases or sentences linking the keyword and
English translation in a meaningful way. Although
these experiments were more in the nature of pilot
studies, results indicated that subjects performed
best when required to generate their own imagery
link, .

(uestion: When a foreign word is presented, does
the time {0 retrieve its English traustation depend
on the methad of learning?  Unfortunately, 1 can
report on, only one study that beirs on his issue.
A sludy-test procedure was used in which the sul-
jects alternated Detween studying the vocabulary
list and then being tested on the list. The tests
were the same for all items, but two different study
procedures were used. For half of the items a key-
word was provided during study and subjects were
instructed to learn these items by the keyword

method; for the other half of the items no keyword
was provided and subjects were told to use only
rote rehearsal.  Subjects were run for a large num-
ber of trials.  As would be expected. the keyword
items were learncd at a faster rate than were the
rote-rehearsal items, but eventually performance
was perfeet for both groups. Our interest was in
the speetl‘ of response.  In general, the reaction
times correlated very highly with the probahility
of a correct response, and otherwise did not depend
un the method of learning, At asvmptote, reaction
times were the same for both groups of items. More
work needs to be done using respanse-time mea-
sures. \We need Lo extend our experiments over
longer periods of time, and also determine if con-
text effects that occur when one is actually trying
to use a Jlanpuage influence retrieval processes.
These are difficult questions to answer, but avail-
able evidence indicates that the methnd of learning
itlves not affect retricval times, particularly once
an item has been thoroughly mastered.

(Huestion: Are the imagery instructions critical
in the kevword method, or can the subject do
equally well when tidd to associate the keyword
and Eaglish translation by generating a meaningful
sentence connecting the two words?  In paired-
associate learning experiments in which both the
stimulus and response are unrelated English words,
Anderson and Bower (1973, p. 456) reported that
imagery instructions vielded the same results as
sentence-generation instructions.
are not in accord with our own. Imagery instrue-
tions have a significant advanlapge over semtence-
generation instructions when using the keyword
methnd (73% versus 645-). We are vot sure why
vur results do not accord with those reported: by
Anderson and Bower, but there arc cnough ificr-
ences between the experimental situations that T
do not consider it critical.  Let me simply note
that the imagery instructions are mere effective
in our situation. The reason, [ believe, is a
matier of elaboration, After heing tested on an
item, the subject often realizes that his initial
image was not particularly cffective: on the nest
study trial he elaborates and ackds details to that
image to make it more salient. 1§ a sentence is
generated on the initial study and it proves 1o be
a poor mediator, the subject woulidd not be able to
elaborale it except by making the sentence longer
and more complex—a procedure that intuitively
does not seem particularly effective.  From this
viewpoint, imagery and sentence-generation instrue-
tions might be equally good for easy associations,

Their hndings
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but imagery would be better as the task becomes
more difficult.

Our present instructions for the keyword method
in their most general form ask subjects to picture
an imaginary interaclion between the keyword and
the English transiation, but we also state that if
an image does not come quickly to mind. they may
want io try to relate the two words by generating
a phrase or sentence. Subjects report that there
are items where a sentence pops into mind and
seetms to be the mnst natural way of forming the
association, The distinction between imagery and
sentence peneration may be debated on theoretical
grounds, but most of our subjects repart such dil-
ferences when introspecting about their thought
processes,

Question: How useful is the keyword method if
the subject is asked to retrieve the foreign word
when given its English translation? We have run
one experiment that bears on this question using
a Spanish wvocabulary. One group of subjects
learned by the keyword method and another by
rote rehearsal. During learning, subjects studied
and were tested on only the forward associations,
that is, going from the foreign word to the English
translation. All subjects were brought to the same
criterion on the forward associations, which, of
course, required fewer trials for the keyword group
than for the rote-rehearsal group. Immediately
thereafter they were tested on the backward asso-
ciations-——they were given the Fnglish word and
asked to produce the foreign word.  Judwes blind
to the experimental treatments cvaluated the re-
sponses.  On Lhe backward associations the key-
word subjects had a score 1947 above that of the
role-rehearsal subjects,  Ewen though the forward
associations had been learned to the same criterion,
the kevword group was significantly belter on the
backward associations.

Effectiveness of a Keyword

Let me now turn to a somewhat different issue.
Data on individual items learned by the kevword
method indicate that some kevwords. are clearly
better than others. 1f an item daes particularly
poorly in one experiment, its performance can
usually be improved in the next experiment by
selecting a new keyword. Those familiar with the
literature on word variables such as concreteness,
imagery, and frecuency will not be at a loss for
possible explanations, We have examined some
likely hypotheses in an article soon to he published,

but time does not permit me to review that work
here. From a practical viewpoint, the important
remark is that keywords should be selected using
empirical criteria. When there is not enough Ltime
to make empirical determinations, a commitice of
individuals familiar with the language should select
the keywords rather than having one person make
the decisions. Kxperience indicates that individual
experimenters can come up with some pretty hizarre
kevwords that work for them but for no one else.
A committee approach seems o protect against this
problem.

One empirical procedure for evaluating keywords
involves having a group of subjects learn anly the
foreign-word-to-keyword link, and an independent
group learn only the keyword-to-translation link.
We have condpcted such an expetiment with the
120-word Russian vocabulary used in the study
that I first described. For each item, an estimation
was obtained for the probability of a correct re-
sponse averaged over the first two test trials. Let
me denote that probability as A for the group
learning the acoustic link and 7 for the group
learning the imageey link. Tinally, let K he the
probability of a correct response averaged over
the first two test trials for an item in the keyword
group in our original experiment., 10 turns out
that the protuct of .1 ¢/ (ie., Probability of
Knowing the Acoustic Link x Probability of Know-
i the Imagery Link) is a fairly good predictar of
performance in the keyword condition., Table 3
displays the correlation matrix using rank-order
correlations, Note that the eorrelation between .l
and 1 is near zern, indicating that the learning of
the acoustic link is not related to the learning of
the imagery link., Note also that the correlation
hetween the product .1 % 1 and the variable K is
.73; the product is a fairly accurate predictor of
performance in the keyword condition.  The C
entry in the table is comparable to the K entry,
except that it denotes performance {nr the control

TARLE 3

Rank-Order Correlativn Matrix for the
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group in our original experiment. Nate that ( is
not nearly as good a predictor of K as is the prod-
uct of A > ], These results suggest that initial
learning in the keyword condition ¢an be in-
terpreted as the learning of two indepentdent links
—the acoustic link and the imagery link.

Early in the learning process, the memory struc-
ture for a given jitem involves only these two inde-
pendent links: however, with continued practice
a third link is formed directly associating the
foreign word with its English translation, Tt is
this direct link that sustains performance once an
item is highly practiced; the subject may still
access the keyword. but the retrieval process of the
direct association is so rapid that the subject only
recalls the keyword under special circumstances,
such as when he is consciously trying tn do so or
when he has a retrieval failure in the main process.
But the less direct chain of the acoustic and
imagery links has the advantage that it is easily
learned and provides a crutch, if you will, for the
subject as he learns ihe direct association—it
facilitates the learning of the direct association by
insuring that the subject is able to recall items
early in the learning process.

Applications of the Keyword Method

In deciding whether to use the keyword method,
several problems need to be considered. One prob-
lem is that keywaords might interfere with correct
pronunciation. Our experiments do not deal with
this issue, but we have discussed it with experts on
language instruction. Opinions vary, but most
believe that the kcyword method may well facili-
tale, rather than interfere with, pronunciation. One
reason is that the keyword method has features in
common with the method of ‘“‘contrasting minimal
pairs"-——a standard technique for teaching the

phonetics of a foreign language. But even if there

were some interference, the keyword method might
still be warranted if the rate of vocabulary acquisi-
tion was improved substantially.

Another problem to be considered is whether
items learned using the keyword method tiake
longer to be recalled. We described some experi-
mental results indicating that asymptotic response
times, are independent of the method of learning.
These results reinforce our experiences with the
keyword method. Once an item has been thoroughly
learned, it comes to mind immediately, and rarely
is the subject aware of the related keyword unless
he makes a conscious effort to recall it. What evi-

dencr we have indicates that the kevword daes not
slow down or otherwise intetfere with the retrieval
process,

Our experimental resulls convineed us and mem-

‘hers of the Slavie Languages epartment at Stan-

ford that the keyword method needed to be evalu-
ated in an actual teaching situation.  Accordingly,
we developed a vocabulary-learning program de-
signed to supplement the second-year course in
Russian. The program operales under computer
contral and follows a procedure similar to one used
in our experiments. When a word is presented for
study il is pronounced by the computer and simul-
tanenusly the Enplish translation is displayed on
a CRT, The student is frec to study the item
any way he pleases, but if he presses a. buttun on
his console the kevword is displayed instantly on
the CRT. In our first evaluative eflorts, students
in the second-year course were run on the praogram
for four 40-minute sessions per week over a 10-
week period. Hach week a new vocabulary of
approximately 75 words was presented.  The words
were classifiable as either houns, verhs, or adjec-
tives: only the imperfective form of verbs was used.
The analyses of these data are still incomplete,
bul several remarks can be made at this time,
First, we experienced no difficulty in selecting key-
words for such a large vocabulary and foresee no
problems in generating kevwords for even larger
vocabularies. Second, students were enthusiastic
ahout the procedure throughout the 10 weeks, an
in interviews at the end of the program voiced the
opinion that the keyword method was very helpful.
When the computer program presented a word for
the first time, students were likely to request a
keyword; the request rate was about 72% during
the first week and rose steadily over the 10 weeks
to about 83%: for the last week, In interviews at
the end of the program, students reported that the
keyword method worked best for nouns, less well
for verbs, and least well for adjectives. However,
on.a delayed test over the entire vocabulary, sub-
jects did equally well on nouns and verbs, with
somewhat poorer performance on adjectives.

We plan to wmake several improvements in the
vocabulary-learning program and to. reevaluate it
mote exlensively in the near future. But the first
large-scale application of the kevword method
proved to be very encouraging and was well re-
ceived by the Slavic-language faculty., For Rus-
sian, more so than many languages, the mastery -
of a basic vocabulary is incredibly difficult. One
of the instructors that we have worked with has
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told me that he believes the major obstacle in
teaching Russian is not learning the grammar but
in mastering a sufficient vocabulary so that a
student can engage in meaningful conversations
and read materials other than the textbuok.

Concluding Remarks

In recent years there has been a revival of interest

in mnemonic techniques, Introductory psychology.

testbooks—mine included—that did not mention
the topic a decade agn now give it a great deal of
prominence.  Some classroom demonstrations of
mnemonics are indeed impressive; but beyond im-
pressing one’s students, it is difficult to identify
instructional situations in which mnemonic aids
are truly useful, In Cicero’s time these aids may
have had some usefulness, but in Lhis age of cheap
memery devices (including pencil and paper) the
.value of mnemonic aids is guestivnable. An ex-
ception may be the keyword method. If our
instructional applications prove as successful as the
experimental work, then the keywird method and
variants thereof deserve a role in language-learning
curricula. Tt may prove useful only in the early
stages of learning a language and more so for some
languages than others. But there is the promise
that the poorer learners receive special benefits,
particularly if given some coaching along the way.
One limitation of our experiments is that we only
provide students with written instructions in the
keyword method, and thereafter they are on their
uwn. In an ideal situalion, students should he
cnached by an expert until they are proficient in
the skill. Imagine trying to learn tennis hy reading
a set of instructions and then being left to perfect

the skill on your own. Coaching should involve
having an expert in the keyword method discuss
with the student problems that he may be having,
critique the student's images suggesting improve-
menls or alternalives, and in general help perfect
the skill.

Our work on the keyword method has not led
to any new theoretical insights or even to experi-

‘ments that have direct relevance to current issues

in the psychology of memory. But the research
illustrates the steps necessary to take an idea that
emerged in the confines of an experimental psy-
chologist’s laboratory and develup it lo a point at
which it can be used in a practical teaching
situation,
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