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Chapter 1
INTRODUCTION

Statement of the Problem

A major premise of both education and psychology is that human
behavior conforms to certain rules, some of which are known and some
of which are not. Within the confines of individual differences,
these rules ensure that persons tend to respond similarly to the same
stimulus complex. Were this not so, there would be no reason for
studying the psycholdgy of learning., Neither would there be a reason
for grouping students together into classrooms for the purpose of cre-
ating similar changes in beha#ior. The fact that we do group students
and expect similar changes in outputs given similar inputs, indicates
’that we do accept the above premise, Nevertheless, the efforts of edu-
cators are more often directed at the study of educational objectives,
the arrangement of subject natter, teaching methods, and evaluation
methods than at the rules governing learning. Whether this neglect is
because learning is not so directly observable and manipulable as, for
example, subject matter or because it is expected to follow directly
upon changes 'in areas such as teaching methods, the fact remains that
learning - the supposed goal of education1 -~ ig not yet well enough

understood to permit really effective education,

1 This statement is suspect by more than one researcher, For example,
Dr. Ravipan Somnapan claims that, "Education is a schooling business,"
and not necessarily concerned with learning per se.



Increased understanding of the learning process, then, would seem
to be necessary to increased offectiveness in education, Within the
diverse range of learning encountered by the child as well as the adult,
perhaps the most pervasive is concept learning. As Bruner (1956, p. 9)
wrote, ".,.Categorizing is ubiquitous." Fortunately, there has been ex~-
tensive research into the field of'concept learning, Bourne, et al (1971),
Bruner, et al‘(1956), and Marx (1970) have presented fairly comprehensive
summaries of work in this area. Unfortunately, this work has not been
. sufficient to provide as thorough an understanding as is necessary for
an effective application in the classroom. lMillward and Wickens (1974,
Pe 45) observed,

"Psychologists have only a partial understanding
of how concepts are learned - partial in the sense that
the definition of the term ‘'concept' is incomplete, and
even within this limited definition, only a partial
statement of the learning process has been made,"

More specifically, there are a number of important limitations in
our understanding of concept learning, First, research studies have
neglected complex concept learning and concentrated on the learning of
very simple concepts. Carroll (1964, pp. 178-9) questioned this concen-
tration on oversimplified concepts, writing,

", ..there is a gap between the findings of psycholo-
gists on the conditions under which very simple concepts
are learned in the psychological laboratory and the experi-~
ences of teachers in teaching the 'for real' concepts that
are contained in the curricula of the schools,"

Second, investigations into the nature of concept learning have

generally centered on what Bourne, et al (1971, pp. 259-60) called



"deterministic class concepts", nostly geometric figurcs and verbal con-
cepte. Bourne, et al (1971, pp. 259-60) wrote,

"Clearly these are neither the only, nor even
necessarily the most interesting concepts that people
learn and use in their everyday lives. Another type
of concept of obvious importance is quantitative,
i.e. the type of concept that prescribes numerical
values for each stimulus,...Unfortunately, to date,
there have been relatively few attempts to describe
empirically the properties of performance in quanti-
tative concept tasks."

‘Third, research on concept learning has frequently neglected what
Hilgard and Bower (1966) have called, "the most important principle in
all learning theory", the law of reinforcement. Bourne, et al (1971,

. p. 273) noted,

"...0nly on rare ogccasions have any inducements -
above and beyond informative feedback - heen included
in a study of concept learning. What studies are
available in this issue seem neither to be systematic
nor unambiguous in outcome,":

Investigations into the three above mentioned areas alone would ex-

: :
tend our knowledge of concept learning, . Nevertheless, it would be wise
not to conduct such studies in isolation of previous research findings,
particularly when those findings indicate interactions among variables.
One widely studied variable with both obvious importance for education
and demonstrated influence on learning is stimulus complexity. Different
levels of stimulus complexity have been shown to yield differences in
“econcept learning (Bulgarella and Archer, 1962), This, plus the fact

that stimulus complexity varies widely in different concept learning

situations, implies the importance of including this variable in concept



learning studies aimed at eventual application to éducation.

Due to the complexity of any learning process, the availability of
‘techniques which offer deeper analyses of the process without greatly
increaéing the effort involved are most welcome, One of these recent
techniques is the‘employment of mathematical models to represent the
learning process., A particularly successful representation of learning
is achieved through the use of a Markov chain model.1 Bower and Trabasso
(1964) introduced a relatively simple Markov chain model capable of rep-
resenting and predicting simple concept and other types of learning.
Their model provides a means for formulating and testing a number of
hypotheses about the concept learning process and, also, a means of pre-
dicting statistics defining this process, Although the Bower and Tra-
basso model has received a great deal of interest and success, this has
generally been in the study of simple and non—mathematical2 concepts,

It is not yet known how the model will fare in the study of more com-

vplex (and mathematical) concepts,

{ A Markov chain model is one of several mathematical models (including
linear models) used in the analysis of learning. The Bower and Trabasso
(1964) Markov chain model is explained in detail in the sections on
Related Literature and Theoretical Considerations,

2 The term "mathematical" is used in place of Bourne, et al's "quantita-
tive" as it seems more representative of the types of concepts not pre-
viously studied,



Objectives of the Study

1+ To examine concept learning employing a concept which is:
= xmam’chema’cical‘I
b. more complex than the simple concepts normally studied
2. To examine the effects of the following variables on behavior
in mathematical concept learning:
a., trials
b. contingencies of reinforcemént
c: stimulus complexity
%. To employ a Markov model of learning (specifically, the Bower
and Trabasso, 1964, model) in the analysis in order to:
a. accomplish a deeper analysis of the data than is generally
possible with normal statistical procedures, in that various
acsumptions about learning and its parameters can be investi-
gated,
b. test the ability of the Bower and Trabasso model to handle

data in a mathematical concept learning situation, .

Related Literature

Bourne, et al (1971, p. 260) referred to mathematical concepts thus,
"To attain the concept the subject'must‘learn to rate each stimulus in a

population on some unitary scale," Thus, the concept is determined by a

Specifically, a binary number concept. This will be discussed in
detail in the section on Procedure,



mathematical interpretation of the stimuli. Although the studies on
mathemati§a1 concept learning are few, there appear to be a number of
similarities between mathematical and verbal or geometric (figures)
concept learning. |

Azuma and Cronbach (1966) requirea subjects to respond with numer-
als to a large number of stimulus patterms, consisting of two objects
positioned_on a matrix.; They found that Ss gradually came to depend
only on variations in relevant dimensions (a finding also reported by
Bruﬁer, et al, 1956, with non-mathematical conce?ts) and with proper
Weighting. However, reports by individual Ss indicated that they did
not learn the concept according to the simple mathematical formula
governing the solution. Rather, they frequently reported associating
stimulus subsets with specific numerical responses. That is, they
seemed to learn the concept in parts. This finding was also noted by
Hunt (%962) and Trabasso and Bower (1964) in studies involving non-
mathematical concepts,

Uhl (1963) found that as the degree of relevance of two dimensidns
of a concept was varied (a mathematical concept in that the dimensions
were weighted) from equality to extreme difference, performance im-
proved. This result is consistent with the findings of others regarding
non-mathematical concepts (e.g. Bulgarella and Archer, 1962, and Walker
and Bourhe, 1961).

Uhl (1966) also reported that the varying of irrelevant 8timuli in

mathematical concepts interfered with performance. Bourne, et al (1965)



and Haygood and Stevenson (1967) also found the same result in non~

mathematical concept learning.

The results of the vast literature concerned with the effects on
learning of varying the contingencies of reinforcement are not always
clear or consistent. For ‘example, Estes (1944), Thorndike (1933), and
Thurstone (1931) found that "suppbsed" pﬁnishments sonetimes functioned
;s positive reinforcers, There is a similar ambiguity about the effects
of various reinforcement contingencies on concept learning,

In a concept learning experiment by Buss and Buss (1956), Ss were
divided into three groups recciving the following oral rewards and pun=—
ishments from the experimenter: I -~ "right" following a correct response
and nothing following an incorrect response; II - "wrong" following an
incorrect response and nothing follcwing a correct; III -~ "right" follow-
ing a correct and "wrong" following an incorrect. Using trials to solu-
tion as the criterion measure, the "right"/"wrong" group (III) performed
best. However, the "wrong"/nothing group (II) was not too inferior and
was much superior to the "right"/nothing group (I)., Buss and Buss con-
cluded that "wrong" had a greater reinforcing effect than "right".

Wallace (1964) employed tones and oral comments derogating the per-
formance of Ss as feedback and punishment in a concept learning situa-
tion, Overall performance in some situations improved with both increase
in tone intensity and level of derogation, Wallace concluded that pun-

ishment can have an effect beyond its informational content.



In suspicion of the Buss and Buss and Wallace results, Bourne, et
al (1967) conducted an experiment similar to the Buss and Buss one, em-
ploying the same three treatment groups, but combined monetary payment
with "right" and nmonetary loss with "wrong". The number of feedback
trials to solution was the criterion measure. In contradiction to the
previous results, no differences in performance between reinforcement
and feedback groups were found. Bourne, et al (1971, p. 273) have con~
cluded that’a solution of the problem depended on "some fixed number of
trials with feedback" and that "all the motivation necessary to solve
vas provided by instructions and verbal feedback, the effects of added
reinforcement being nil." Nevertheless, they admitted fo many substan=—

tive and procedural differences between studies in this area, noting that

"nothing can be said to be definitive."

The effects of stimulus complexity on concept learning arc much
clearer. Logically, onc would expect more complex stimulus presentations
to makevleérning more difficult and the empirical results bear this out.
Increasing the number of stimulus dimensions increases the number of
trials to solution, error rate, etc. This effect has been found to hold
rwhether the increased stimulus complexity is along dimensions relevant
to concept attainment (Bulgarella and Archer, 1962, and Schvaneveldt,
1966) or along dimensions irrelevant to concept attainment (Walker and

Bourne, 1961, and Haygood and Stevenson, 1967).



A problem much less understood and unstudied is the effect of the
interaction of reinforcement contingencies and stimulus complexity on
concept learning., There appear to be no studies which directly attack
this issue., However, a number of investigations in the areas of choice
behavior and probability learning shed some 1light. For example, Siegel
(1959) conducted an experiment in which Ss were required to predict
which of two lights would illuminate on each trial. The Ss were assigned
to three groups, as follows: Risk - monetary gain for correct predic-
tions and loss for incorrect predictions; Reward - monetary gain for
correct predictions; No Payoff -~ no monetary gair or loss. The lights
were programmed to illuminate in a random sequence, with one light
illuminating on 75 per cent of the trials and the other on 25 per cent
of the trials. Siegel's results (see Table I) showed evidence that both
learning and overall performance were affected by the different rein-
forcement contingencies.. This, of course, is not classical concept
learning, but probability learning.1 Nevertheless, probability learning
can be interpreted as concept learning, The subject is uhaware that the
sequence of events is determined randomly and, hence, unlearnable.
Rather, he is under the inpression that he is to learn the rule govern-—
ing event presentation. Thus, the situation is similar to one in which

S is required to learn & very difficult concept, one which is unlikely

In probability lesrning, the occurrence of any specific event (eoge
light illumination) is determined randonly and, therefore, uncertain,
S generally learns to match his proportion of predictions of a particular
event to the probability of occurrence of that event,



Table T

The Probability of Predicting the HMore Frequently Illuminating

Light in an Uncertain Outcome Situation (from Siegel, 1959)

! Trials No Payoff Reward Risk
101 = 200 | .74 .85 .95
201 =300 .75 86 1 .95

|
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to be perfectly learned. Under such circumstances, S's behavior is in-
fluenced by the reinforcement contingencies under which he operates,

On the other hand, in the concept learning situation employed by
Bourne, et al (1967), reinforcement had no effect on 8's behavior, If
this situation is interpreted as a less complex one than that employed
by Siegel (probability 1earning), fhen complexity and contingencies of
reinfprcement interact in their effect on subject behavior in concept

learning. Such a conclusion is, of courge, hypothetical,

A final area of research germane to the present étudy is the use of
Harkov chain models1 in the analysis of concept learning. From the be-~
ginning, two important fects concerning larkov chaing and Markov chain
models of learning should be understood. First, a Markov chain is not
a psychological theory aimed at explaining the learning process, but is
a probability theorem which provides a very convenient representation of
learning phenomena when certain assumpfions are made, Second, a particu-~
lar Markov chain model of learning is a statement of é particular theory
of learning (which may or may not be correct) and is not necessarily
derived mathematically. The most important of the assumptions under-
lying.a Markov chain model of learning is that learning is an all-or-

none rather than an incremental process., This means that S either learns

A Markov chain is a special case of the more general Markov process,
In a Markov chain the transition probabilities are constant over trials,
vhile in a Markov process they are not, A Markov chain model is more
easily adapteble to learning phenomena.
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completely on any one trial or he does not learn at all (all-or-none),
rather than continuously increasing the probability of a correct response
until learning is complete (incremental).

A Markov chain model is,a stochastic model concerned with the con-
ditional probabilities.(pjk) of discrete outcones (E1, E2, ;.., En) over
a sequence of trials, "In the theory of Markoﬁ chains we consider the
simplest generalization which consists in permitting the outcome of any
trial to depend on the outcome of the directly preceding trial, and only
on it," (Feller, 1968, p. 372). Given that the outcome, X, on trial n
is j, a Markov chain gives the conditional probability that the outcome
on trial n+1 is k, without referring to any trials previous to trial n,

or

Assuning, then, that learning is all-or-none, a Markov chain allows us
to state the probability that S will make response k on trial n+1, given

. . . $ . 1
he made response J on trial n, without referring to any previous responses.

! This "independence of path" (i.e. that predictions about S's response
on trial n+! depend only on his response on trial n, regardless of how
he got there) can be misleading., It does not mean that S's response on
trial n+1 is independent of responses prior to trial n, S's response
on trial n+1 is dependent on his response on trial n, which is dependent
on his response on trial n-1, and so on. It does mean that, although
S's response on any trial is dependent on all preceding trials, know=-
ledge of responses on trials prior to the immediately preceding trial
do not aid the prediction of future responses, It is in this sense
that S's response on any trial depends only upon his response on the
previous trial (as noted by Feller, 1968),
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In line with the‘many theories employing this type of model, it is con-
venient to let the discrete valued random variable X, with values j, k,
ees. Tepresent states of the system or, equivalently, sfates of the
learning proéess. For examﬁle, in a two state theory of learning, J
may represént?the state "unleayned" and k the state "learned". There-
fore, ij (with 0-< ij £ 1) is the conditional probability that S
"learns" on -trial n+1, given that S  was in an "unlearned" state on ,
trial n, |

A Markov'éhain model repreéeﬁtafion of'learning, assumes that in
e sequence of trials:

(1) léarning is all—~or-none and consists of discrete states, i.e.
S either transits completely from one state to another or he does not
transit at all,

(2) the probability of trsnsition is finite valued and constant, and

(3) the probability that S will be in any one state on a certain
trial depends only upon the state that S was in on the previousbtrial,
regardless of how he got there,

Furthernmore, a particular model is perfectly described by: (1) list=-

ing the states of the chain {e,g. ilearned and unlearned), (2) 1listing

the initial probabilities of being in each state, and (3) listing the
érobabilities of transition from one state to another (see Bishir and
Dfrewes, 1970, p. 616).

Such a médel of learning may seem oversimplified and naive., How~v

ever it has been found quite effective in explaining and predicting
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behavior in simple situations.

One of the earliest attempts at specifying the learning process in
terms of a Markov chain model was made by Restle (1962). Soon there~ -
after, Bower and Trabasso (1964) altered Restle's model by making changes
in the assumptions concerning hypothesis making and sampling, Their
formulation can be expressed as a three state Markov chain with the

following transition probability matrix:

state on trial n+il

initial
L ¢ E probabilities
L |1 0 0 0
state ;
on c| 0 i 141 T
trial n g
Ele (1-0)17 (1= (1-8) 117

where: L 1is the state where S has learned the concept

C 1is the state vhere § has recsponded correctly (by chance),
but has not learned the concept

E is the state where S has responded incorrectly and has not
learned the concept

T is the probability of making a correct response before
learning the concept :

1=17 is the probability of making an incorrect response before
learning the concept -

€ is the probability of learning the conecept (on one trial)

1-© is the probability of not learning the concept (on one trial)

The matrix is read from row (trial n) to column (trial n+1), For

example, the probability that S transits from state E on trial n to
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state L on trial n+1 is Py = 9. A feature of this model is that state
L is absorbing, meaning that once S has entered state L, he remains in
that state.

Two other features of this model (and Markov chain models in gen-
eral) are of special interest. The first is the states of the learniné
model (L, C, and E), The second is the parameters of the model (17 and
©). Both the states and the parameters (but not the parameter values)

. are derived from the assumptions of the model, They correspond to the
theory behind the model. The specific assumptions of the Bower and
Trabasso (1964) model (as adapted from Millward and Wickens, 1974, PPe
54-63) are: '

(1) Tke set of hypotheses about the correct concept, H, which 3
has to consider consists of one hypothesis for each value on each
dimeﬁsion of the stimuli presented. For example, two dimensions
(color and form) with two values each (red and blue, triangle and
square) yield 2x2 = 4 hypotheses.

(2) s sainples from this pool of hypotheses, H, which can be di-
vided into hypotheses available for testing, A, hypotheses selected for
sampling, S, and hypotheses eliminated earlier and unavailable for fur~-
ther sampling, U.

(a) Whenever s = 0, S samples one new hypothesis from A.‘
(v) Sampling takes place at the end of a trial and hypotheses
considered are consistent with current feedback.

(c) Hypotheses are sampled randomly from A, TIf hi is an
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element of A, P(hi éémpléd)»=»1/a, where a equals the number
of elements, orﬁhypotﬁese;;ﬂin Ao

(3) In elininating hyﬁétheées; |
(a) Whenever aﬁ qveé%,ejrvruis nade, all>hypotheses in S are
entered into U. ‘Whepeversa correct response is made, any
hypotheses in S inconsistept with current feedback are enterw~
ed into U,
(b) Hypotheses eliminated from S are replaced immediately
into A, i.e, sampling ﬁith replacement. This is equivalent
to S forgetting following hypothesis elimination.

(4) A response based on an empty saﬁple, S = @, is a random se-

lection of one of the response alternatives, with equal probabilities,
(5) Initially, S contains only incorrect hypotheses, Therefore,

at least one error must occur before learning.

The above list of assumptions allows many predictions to be made
about S's behavior during the learning process.- Following estimatibn
of the parameter‘values,TTand @, the Bower and Trabasso model permits
the prediction of a large number of statistics defining the particular
theoretical learniné'process determined by the parameter values., These
predicted statistics can then be compared to the same statistics calcu-
lated from the observed data. The fit of th¢ model-generated statistics
to the observed statistics is a test of the model's‘states, parameters,
and assumptions., Table II shows both the observed and predicted sta-

tistics from one of the Bower and Trabasso (1964) experiments designed
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Table IT

Observed and Predicted Statistics from a Concept Learning

Experiment by Bower and Trabasso (1964)

Statistic ' Observed | Predicted

; - I i SNSRI i
Average total errors (TE) g 12.16 ; _— |
Standard deviation of TE § 12.22 i 12.18
Errors before first success é 92 | .89
Average trial of last error (TLE)% 25,70 24,50
Standard deviation of TLE % 28.90 25,00
P(error following error) i AT .46
Success/failure alterations é 12,33 j2.41
Runs of 1 error E 3,62 357
2 errors ! 1.32 1.63
3 errors { .64 15
i

4 errors § 40 95
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to test their model. It is readily seen that the predicted statistics
fit those calculated from the observed data very well. Bower and Tra-
basso (1964) report similar closeness of fit in concept learning ex-
periments involving clusters of consonants, colors and shapes, five-
letter words and colors, and nonsense syllables, Trabasso and Bower
(1964) also employed this model in predicting statisties in a concept
learning experiment involving two sub-concepts, shape and color.
Bower and Theios (1964) further used this model in analyging data from
several diverse 1earning situations, including avoidance conditioning,
eyelid conditioning, and response reversal in paired associate learning.

The Bower and Trabasso model, however, is not the only model suc—
cessful in analyzing and predicting concept learning. Chumbley (1972),
Falmagne (1970), and Restle (1962), among others, have formulated Mar-
kov chain models capable of predicting the learning process in a number
of situations, Nevertheless, it is beyond the intent and scope of the
present investigation to compare different models. Thus, only the
Bower and Trabasso model has been presented in detail, the reasons
being: (1) it is the model most widely stud.ied to this date, (2) it is
as successful as any other model in a wide variety of situations, and
~(3) it is quite tractable mathematically. |

In addition to the ability to predict statistics of the learning
process, some basic assumptions of the model have been supported by the
empirical data, One assuaption of the model is that learning is all-or-

none, This implies stationarity of response probability, which means
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that the prcbability of a specific response does not change prior to
solution, It also implies independence of response probabilities,
which means that the conditional probebilities of a specific response
are equal, Tor example, the probability of an error given a preceding
error, and the probability of an error given a preceding correct re-
sponse should bé equal (Laming, 1973, p. 254). Bower and Trabasso
(1964) found support for both stationarity and independence in their
experiments on simple concept learning.

Another assumption of this model is that the learning parameter,
8, is invariant over trials. This assumption was tested by Bower and
Trabasso (1964) by comparing the actual and theoretical distributions
of total errors made by Ss in simple concept learning, Since the only
parameter of this theoretical distribution is ©, the closeness of fit
of the theoretical and actual distributions provides a2 test of the in-

variance of @, Bower and Trabasso found support for this assumption.

Theoretical Considerations

A Markov chain model is not unique in its ability to predict
statistics which closely fit those calculated from the data in a well
controlled experiment. Linear models of learning can do as well in many
situations and they assume an incremental learning process rather than
an all-or-none one. The fact that two opposed theories of learning,

i,e. incremental and all-or-none, lead to different modelsg which further

lead to similar predictions is somewhat surprising. Yet it is not so
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surprising when one considers that the nmathematical models derived

from dpposing theories are generally tested by prédictions of group
behavior instead of individual behavior; Since'individual Ss learning

at different rates are averaged together, it is not str;nge that linear
and Markov chain models both lead to predictions of a "negatively ac-
celerated" exponential gfoup learning curve (Hilgard and Bower, 1966,

pP. 366). As a result, predictions about mean learning curves and other
group statistics do not necessarily discriminate between different models
or theories of learning. What are ﬁeeded, in addition to the predictions
of statistics, are tests of assumptions critical to the particular nodel.
In the case of Markov chain models (and an all-or-none theory of 1earning),
the viability of the stationarity and independence assumptions is critical
(Laming, 1973, pp. 278-9), with the invariance of © of lesser importance.
Thus, while it is essential that a Markov chain model be ablé to predict
gtatistics, support of the model also depends on tests of its basic
assumptions,

Fortunately, the Bower and Trabasso model has what Greeno and
Steiner (1964) call "identifiable" states, and tests of various assump-
tions are not difficult. An identifiable state means that S's being in
that state can be readily identified from inspection of the response
data,. According to the Bower and Trabasso model, all responses are di=-
chotomized into correct (C) and incorrect (E). When S makes an E re-
sponse, he is in state E (unlearned, incorrect). When S makes a pre-

determined criterion number of consecutive C responses, he is considered
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to be in stazte L (learned) on each of those C responses. When S makes
any C responses other than those above he is considered to be in state
C (unlearned, correct).

As for the ability of a mathematical model to fit'predicted sta-
tistics to those calculated from empirical data, there are two possible
tests noted by Hilgard and Bower (1966, PPe 375-6). One is to conduct
statistical tests, such as the chi square or t test., Hilgard and Bower
noted that this method may not always be appropriate in that a particu-
lar model may predict with a small average error of, say, 3 per cent,
but with sufficient observations, the 3 per cent can become statistically
significant. It may be better, they claim, to acknowledge some small
inaccuracy of prediction and determine acceptability of the model by a
comparative inspection of models - which is the second method, In that
an objective of the present study is to test the ability of the Bower
and Trabasso model to make predictions in a new area (mathematical con-
cept 1earning), the former method will be used.

As for the three basic assumptions of the model, i.e. stationarity,
independence, and invariance of ©, it is necessary that appropriate sta-

tistical tests be made of each.

Terminology

Learning -~ an hypothetical construct inferred from a decrease in
the proportion of error responses over blocks of trials.

All-or-none learning - learning in which S transits from one

54045
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learning state {e.g. L, C, and E) to another in only one trial, with
0 < P(transition) =< 1.

Incremental learning - learning in which S increases the probability

of making a correct response on each trial (or block of trials) up to an
asynptotic value of one or less,

Performance -~ the proportion of correct responses (or one minus the
proportion of error responses) made on a certain group of trials, or on
all trials,

Concept learning - learning in which a correct response is defined

as "that single response made to a certain class of stimuli as required
by the experimenter-formulated rules",

Binary number concept learning situation = task - a situation in
which S is repeatedly prescnted with a repeating sequence of 26 stimulus
sets (18 positive and 8 negative instances of the concept) and required
to decide whether z binary number from one to three is or is not equal
to the number of lights from one to three and respond by pressing either
a switch labeled "equal' or one labeled "not equal".

Pogitive instance (of the concept) - a stimulus presentation in

which the binary number and the number of lights are equal and the re-
sponse "equal" is correct.

Negative instance (of the concept) ~ a stimulus presentation in

which the binary number and the number of lights are not equal and the
response "not equal" is correct.

Reinforcement contingency — the outcome produced by S's response
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to a stimulus presentation, classified into:

feedback only (FB) - illumination of one of two lights to indicate

whether the response is correct or incorrect.
reward - includes FB and the addition of one point to S's score
(the score deternining S's possibility of wiﬁning a monetary/prize).
punishment ~ includes FB and the subtraction of one point from S's
score (the score determining S's possibility of winning a monetary
prize).

Stimulus complexity - determined by the number of dimensions along

which the stimulus presentation varies, classified into:

low - a stimulus presentation consisting of the illumination of
one to three lights and the coincident illumination of a binary number
from one to three,

high ~ the same as "low" above, plus the illumination of one other
separate 1light (i.e. one other dimension) vwhose position corresponds to

the number of lights illuminated (excluding binary number lights).

Experimental Design and Method

In accordance with the objectives of the study, the present ex-
periment was designed as a split-plot type SPF -~ pru.q (see Kirk, 1968,
P. 294), which is a four factor experiment with repeated measures on
one factor (one within subjects factor and three between subjects
factors), The following experimental variables were assigned the fol-

lowing values:
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Blocks of trials (A) -~ 10 blocks of 52 trials each

Reinforcemnent contingencies (B) - B Feedback only

1

B Reward

2

B3 = Punishment

= Low stinulus complexity

i

Stimulus complexity (¢) - C1

02 = Bigh stimulus complexity

Sex (D) - D, Male

D2 = Female

The criterion measure employcd was the proportion of error responses to
total responses (for each block of trials or for all trials, as appro-
priate). Figure 1 shows a diagram of the experimental design.

Blocks of trials (A) was the within subjects factor, while 3, C,
and D were the between subjects factors, TFactor D (Sex) was employed
in the design to increase the precision of the experiment, i.e, D was
a control factor.

Procedurewise, a reception paradigm was used in stimulus presenta=-
tion. This means that E selected and presented (automatically) the
stimuli to S. S's task was to respond to the stimuli (by pressing a
switch) on the basis of whether they were positive or negative instances
of the concept, without being tcld the exact nature of the concept, i,e.
S had to learn to respond to the relevant dimensions without being toid
which they were. On the basis of a pilot study, it was found that the
particular binary numher concept enployed was difficult to learn. As

a result, the ratio of positive to negative instances was set at 18:8
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in each repeating sequence of 26 trials. A ratio differing from the
more common 1:7 was chosen because a combination of positive and nega-
tive instances, with positive predominating, is generally more facili-

tative to concept learhing (Bruner, et al, 1956, pp. 164=7).

Hypotheses

The hypotheses of the investigation and their respective rationales
were:

Hypothesis 1 If §§'are prescnted with a task1, then the probability

of making an error on trial n, p s over successive trials is a "nega-

tively decelerated" exponential function of the following form:

-bn .
Pn = ae + ¢ where:.n = trial number

e = base of natural logarithms

I

a, b, ¢ = parameters
This hypothesis simply states that the learning curve is of the same
forn ("negatively decelerated" exponential) as the learning curves gener-
ally characteristic of non-mathenmatical concept learning., There is no
reported evidence that a mathematical concept learning curve differs

from the general form of learning curves.

Hypothesis 2

If Ss arc presented with a task under different contingencies of

reinforcement,.i.e. feedback only, reward, and punishment, then the Ss

! As defined in the section on Terminology under the heading "Binary
number concept learning situation = task",
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under different contingencies of reinforcement show different perform—
ance (as inferred from the total number of errors) and different learn-
ing (as inferred from the change in the number of errors over blocks of
trials),

This hypothesis is a result of the findings by Buss and Buss (1956},
Siegel (1959), and Wallace (1964) that reinforcement over and above

feedback affects performance and learning,

Hypothesis 3%

If Ss are presented with a task under different levels of stimulus
complexity, i.e. low and high, then the Ss under different levels of
stimulus complexity show different performance and learning.

This hypothesis is a result of the findings by Bulgarella and
Archer (1962) and Schvaneveldt (1966) that increasing stimulus complex-

ity increases the number of errors, trials to solution, etc.

Hypothesis 4

If Ss are presented with a task under both different contingencies
of reinforcement and differemt levels of stimulus complexity, then con-
tingencies of reinforcement and stimulus complexity interact in their
effects on performance and learning,

This hypothesis is a result of the conflicting findings that the
manipulation of reinforcement contingencies both does and does not
affect performance and learning, These differences in findings are

probably due to differences in concept complexity.
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Hypothegis 5

If Ss are presented with a task, then the Bower and Trabasso (1964 )

model of concept learning predicts the following statistics:

)

- Standard deviation of the trial of last error (SDTLE

- Total number of errors (TE)

Standard deviation of the total number of errors (SDTE)

Number of errors before the first success

- P(E c.)

En)

n+1i
- P(En+1l

- Runs of errors: total, from 1 to 5, and over 5

This hypothesis is a result of the ability of the Bower and Tra-
basso model of conept learning to successfully predict response statis-
tics in a wide variety of situations exclusive of mathematical concept
learning, and the contention that a binary number concept learning sit-
uation is sufficiently similar to the previcusly studied situations to
allow successful predictions. The above statistics are considered to

be representative of those generally predicted by the Bower and Trabasso

model,

Hypotheses 6a, 6b, and 6¢ The following hypotheses concern three

basic assumptions of the Bower and Trabasso model of concept learning.

Hypothesis 6a

If Ss are presented with a task, then, prior to the trial of last

error, the probability of an error is constant, or
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P(E) =k where: E = error response
k = constant

and the probability of an error on trial n+l1, given an error on trial n,

is constant, or

E)=%k where: n = trial nugber

P(En+1‘ n

and the probability of an error on trial n+i, given a correct response

on trial n, is constant, or

P(E o) =k where: C = correct response
n+1 n

Hypothesis 6b

If 8s are presented with a task, then, prior to the trial of last
error, the probability of an error on trial n+l, given an error on trial
n, and the probability of an error on trial n+l, given a correct response

on trial n, are equal, or

P(En+1l En)

= P(En+‘l lcn)

Both hypotheses 6a (stationarity) and 6b (independence) are a result
of the evidence found in support of stationarity and independence by
Bower and Trabasso (1964)., Both hypotheses are basic to the theory that
learning is all-or-none, which itself is a basic assumption of the Bower

and Trabasso model, The four equalities comprising these two hypotheses

were suggested by Laming (1973, p. 254).

Hypothesis 6¢

If Ss are presented with a task, then the learning parameter ©
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(of the Bower and Trzbasso model) has a constant value over trials, or

8=k where: 6 = Ppy,
This hypothesis is a result of the findings by Bower and Trabasso
(1964) that the distribution of total subject errors is successfully

predicted with a constant- value of ©.
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Chapter II
METHOD

Experimental BEnvironment and Apparatus

The experiment was conducted in one part of a large room occupied
by the audio-visual staff and equipnent of a secondary school. The room
was somewhat dimly 1it (as required by the visual stimuli employed) and
sporadic bursts of noise (children playing) occurred outside. The Ss
appeared to take no notiee of the noise and, at any rate, treatmeﬁt
conditions were random with respect to the occasional noises. S sat in
an armless chair facing a large table, upon which was placed the stimulus
display board, including reinforcement and feedback devices, and two re-
sponse switches, Approximately ten feet in front of S and behind the
stimulus display board was another large table containing the control
equipnment, .E was seated at the control table and both E and the control
equipnment were masked from S's view by an opaque curtain.

The experimental apparatus consisted of the following:

1. A stimulus display board (see Figure 2), 8" x 12" in frontal
dimensions, containing the following:

(a) A 33" x 4" matrix of 26 2/9" diameter red light emitting
diodes (LEDs) used for stimulus presentation, with the top

three rows of six diodes each labeled "“group 1"1, the fourth

! A1l labels, instructions, verbal communications with S, ete. in this

experiment were in the Thai language.
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Display board for stimulus presentation and presentation
, and punishment
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quotation marks are translations of Thai labels affixed to the equip-
rontal dimensions of the display board are 8" x 12"
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row of two diodes labeled "group 2", and the fifth row of six
diodes labeled "group 3".

(b) Two %” diameter lights used to indicate to S whether his
responSes were corrcct or incorreét (feedback). The blue
light above was labeled "eorrect" and provided positive feed-
backe, The yellé% light below was labeled “incbrrect" and pro-
vided negative feedback.

(c) Two 2" x 24" frequency counters used to indicate the cumu-
lative frequencies of rewards and punishments, The counter
‘above was labeled "points added" and added one point for each
correct response (if the experimental treatment so required).
The counter below was labeled "points subtfacted" and added
one minus point for every incorrect response (if the experi-
mgntal treatment so required),

2. Two micro switches mounted 3" apart on a wooden block used as
response switches. The switeh on the right was labeled "equal" and the
switch on the left was labeled "not equal",

3. A control panel which automatically controlled the timing, se-
quencing, and presentation of stimuli, as well as the preséntation of
feedback, reward, and punishment. The control panel also provided for
E's monitoring of S's trial by trial responses..

4. A portable tape recorder/player used to present the pre-recorded

instructions to 3.
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Procedure

S was invited into the experimental room and asked to sit in the
chair beforec the table containing the display board and response
switches. S was then asked to listen to the pre-recorded instructions,
The full text of the instructions appears in Appendix B, There were
three sets of instructions, one for ecach of the three different rein-
forcement contingency groups. The different stimulus complexity and sex
groups received the same instructions, The following is a summary of
the instructions given to the Reward groupsv(III, IV, IX, and X) and
differs from the instructions given to the other groups where marked

with an asterisk (*):

Today you will be required to solve a simple problem
about a new number system. If you get a high enough score,
you will win a prize of 20 or 30 baht.* You will be given
50 points to begin with,* Back time you answer correctly,
one point will be added to your score.*

Before you is a board in the center of which are many
little red lights arranged in rows. From one to three of the
lights in group 1 will illuminste and you must notice how
nany. At the same time, one or two lights in group 2 will
illuminate, The lights in group 2 represent a number which
is not necessarily the same as the number of lights illumi-
nated. You must guess what number the lights in group 2
represent and decide if it equals the number of lights illu-
minated in group 1. (an example is given) If you think that
group 1 and group 2 are equal, you should press the switch
labeled equal. .If not, you should press the switch labeled
not equal., You needn't watch the lights in group 3.

After you press one of the switches, the little red
lights will go out. If the blue light on the top of the
board illuminates, your answer is correct. If the yellow
light on the bottom of the board illuminates, your answer
is incorrect. If your answer is correct, the counter labeled
points added will add one point to your score.* Then the red
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lights will illuminate again, but not the same as before.

You must decide again if group 1 eguals group 2 and press

one of the switches. There is no time linmit and you may

decide as long as you like before pressing one of the

switches., You should continue responding until the teacher

tells you to stop.

The entire text of the instructions required approximately six min-
utes to present. As for the asterisked sections in the above example,
the two other reinforcement contingency instructions differed as follows:

(1) Punishment groups (V, VI, XI, and XII) began with 150 points
and added one minus point for each incorrect response,

(2) Peedback only groups (1, 11, Vii, and VIII) received no in-
structions about prizes or points added and subtracted, but were told
instead that they would receive five baht for participating, whether dr
net they solved the problem, |

Following the tape recorded instructions, S was asked to explain
the procedure to E to ensure his understanding. If S could not, then
E orally explained the procedure again and S was once more asked to ex-
plain the procedure to E. Then S was left to respond at his-own rate
until he reached a criterion of 26 consecutive correct responses or 520
total responses, whichever came first, The approxirate minimum time
interval between stimulus presentations was 2.05 seconds, with feedback
and reinforcement requiring 1.55 scconds and-switching time plus S's
reaction time requiring about .50 seconds. The maximum time interval
was determined by S himself and rarely exceeded 12 seconds.

The stimulus presentations consisted of a repeating sequence of 26
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Separate sets1 of which 18 were positive instances of the concept
(group 1 = group 2) and 8 were negative inétances of the concept

(group 1 # group 2). The concept itself was the equality of a number
of lights from one to three (group 1) and the binary representation of
a number from one te three (group 2). S was considered to have learned
the concept (Bower and Trabasso's state L) when he made 26 consecutive -
correct fesponses (thus responding correétly to each of the 18 positive
and 8 negative instances of the concept). The number of lights illumi-
nated in group 1 on any trial was either one, two, or three, with 9 ones,
9 twos, and 8 threes in the 26 trial sequence. The particular lights
illuminated in the 18 light matrix in group 1 (three rows of six each)
was determined randomly to prevent memorization of light positions.

The number of lights illuminated in group 2 on any one trial was
either one or two, with the positions of the illuminated lights such that
they binarily represented the numbers one (0 8), two (® O), or three (® 8).
In the 26 trial sequence, the number represented in group 2 equalled the
nunmber of lights illuminated in group 1 on 18 trials and did not equal
it on 8 trials, There were 8 ones, 9 twos, and 9 threes represented
binarily in group 2 in each 26 trial sequence.

As for group 3, the number of lights illuminated on each trial was

either one (for the High stimulus complexity groups) or none (for the

It was found, in a pilot study, that Ss were not relying on memory in
responding to individual recurring stimulus presentations, therefore
permitting the use of a2 repeating sequence,
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Low stimulus complexity groups). The position of the one light illumi-
nated in group 3 corresponded to the number of lights illuminated in
group 1. Thus, if three lights’illuminated in group 1, then the third
light (from the left) illuminated in group 3. Light illumination in
group 3 was considered to increase stimulus complexify for the following
reasons: (1) it created one more varying stimulus dimension in the pre-
sentation, (2) although perfectly correlated With.light illumination in
group 1, it provided information superfluous to concept attainment (the
instructions required S to attend only to groups 1 and 2), and (3) al-
though S was informed in the instructions that he needn't pay attention
to the lights in group 3, it was expected that he would (and found to
be so).

Figure 3 illustrates a typical/stimulus presentation., Three lights
in group 1 are illuminated. Two lights in group 2 are illuminated (the
binary representation of the number three)., One light in group 3 is
illuminated, its position corresponding to the number of‘lights illumi-
nated in group 1. Sin¢e group 1 = group 2, this is a positive instance
of the concept, requiring S to press the "equal" switch to be correct,
In the Feedback only groups, a correct response would produce positive
feedback and an incorrect responsc would produco negative feedback. In
the Reward groups, a correct response would produce positive feedback
and cause one point to be added to S's score, while an incorrect response
would produce negative feedback. In the Punishment groups, a correct

response would produce positive feedback, while an incorrect reponse



proTTTT T V-——}
~ SN SN N TN i
(h’. araNaralEe " group 1
- N o N . NS e
( N
{ { ; |
\ — S N

L group 2 1
/\ 7 v//“’\‘ Ve “\\ § % ¥ z
L O w3 |

Pigure 3. An example of a typical siimulus pre-
sentation (positive instance, i.e. group 1 = group
2) for a High stimulus complexity group (group 35
light illuminated).



39

would produce negative feedback and cause one minus point to be added
to S's score. The illuminated light in group 3 indicates that Figure 3
is an example of a gtimulus presentation for a High stimulus complexity
group. Low stinulus complexity groups would have no lights illuminated
in group 3. |
In summary, St's task was to learn to press the "equal" switch when
the binary representation of a number from ore to three equalled a number
of lights from one to three, and to ﬁress the "not equal" switch other-
wise., This task was performed under the following experimental condi-
tions:
(1) Peedback only/Low stimulus complexity (Groups I, Male, and II,
Female) - S received instructions to the effect that he would re-
ceive five baht for participating, whether or not he solved the
problem; positive or negative feedback was given on every trial;
the lights in group 3 were not employed.
(2) Reward/Low stimulus éomplexity (Groups III, Male, and IV,
Female) - S received instructions to the effect that he could win
a 20 or 30 baht prize with a high enough score, with one point
added to his initial score of 50 for each correct response; positive
or negative feedback was given on every trial; the lights in group
3 wore not employed,
(3) Punishment/Low stimulus complexity (Groups V, Male, and VI,
Female) - S received instructions to the effect that he could win

a 20 or 30 baht prize with a high enough score, with one point
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subtracted from his initial score of 150 for each incorrect re-
sponse; positive or negative feedback was given on every trial;
the lights in group 3 were not employed.

(4) Feedback only/High stimulus complexity (Groups VII, Male, and.
VIII, Female) - the same as in (1) above execept that the lights in
group 3 were employed,

(5) Reward/High stimulus complexity (Groups IX, Male, and X, Penale) -
the same as in (2) above except that the liéhts in group 3 were
enployed,

(6) Punishment/High stimulus complexity (Groups XI, Male, and XII,
Female) - the same as in (3) above except that the lights in group

3 were employed.

Subjects

A total of 54 male and 54 femele students served as Ss in the ex-
periment. The Ss comprised two and one~half of the six ninth grade
classes in the Secondary Demonstration School attached to Srgnakarinwirot
University, Prasanmit Campus; Bangkok, Thailand. Threc of the six classes
were randomly selected and one half of the students in the third class
were randomly discarded, giving the,desiyed 108 Ss. Of the total of 108
Ss, nine males and nine females were randomly assigned to each of the

six experimental treatments (as listed in the section on Procedure). .
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Chapter III
RESULTS

Results and Test of Hypothesis 1

In order to test Hypothesis { (i.e. the probability of an error
is a "negatively decelerated" exponential function of the number of
trials), it is necessary to first construct an exponential function,
with suitable parameter values, which represents the empirical data.
Then a test of the "goodness of fit" of the fitted curve to the observed
curve can be conducted.

Lewis (1960, pp. 72-76) has suggested a procedur: for fitting an
exponential function of the form

 ~bn

Y = ae +c where: Y = (here) the number of errors

in a block of trials

base of natural logarithme

(here) the number of blocks
of trials

il

o
i

a, b, ¢ = parameters
~ to empirical data. Lewis' procedure results in the function

= 116n
e

VAN ¢
Y = 952,58 + 108,66

Figure 4 shows a plot of the observed and predicted (from the above
function) errors against blocks of trials,
Lewis (pp. 375-379) also has suggested a procedure for testing the

goodness of fit of the fitted curve to the observed curve. Since the
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Figure 4, Observed and fitted distributions of errors over the 20
blocks of 26 trials.
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blocks of trials are not independent (observations are made of the same
Ss in each and every block of trials), avchi square test is not appro-
priate and an F test employing a within-subjects error term is neces—

sary, The results of the F test (F = ,32, df = 18/864, p> ,05) showed
that the observed and predicted values of errors did not significantly
differ.1 Therefore, Hypothesis 1 was somewhat supported (i.e. not re-

jected) 2

Results and Tests of Hypothesis 2

Hypothesis 2 is composed of two parts., One states that if Ss are
under different contingencies of reinforcement, then their performance
differs, The other part states that their learning differs. Thus,
two tests are'required.

Table III shows the results of the analysis of variance of errors
over the ten blocks of trials for the different reinforcement contin-
gency graups. The F test of differences among reinforcement contin- "
gency groups (FB) did not support the "differences in performance" part
of Hypothesis 2, Nevertheless, inspection of Table IV shows that the
different reinforcement cdntingency groups obtained different mean error.

' scores, Inspection of Figure 5 further shows that, while the three

! The .05 level of confidence was adopted as the criterion for retain-
ing and rejecting all statistical hypotheses in this study.

2 In that the research hypothesis here is also a null hypothesis, fail-
ure to reject it, with a consequent unknown probability of Type II error,
does not necessarily support it.



Table III

Summary of the Analysis of Variance of Errors Over the Ten Blocks of

Trials (A) for the Different Reinforcement Contingency (B), Stimulus

Complexity (c), and Sex (D) Groups

Source of Variance

Total Between Subjects
Reinforcement Contingencies (B)
Stimulus Complexity (C)

Sex (D)

Rein X Complex (BC)

Rein X Sex (BD)

Complex X Sex .(CD)

Rein X Complex X Sex (BCD)

error (between)

Total Within Subjects
Blocks of Trials (A)
Blocks X Rein (4AR)
Blocks X Complex (AC)
Blocks X Sex (AD)
Blocks X Rein X Complex (ABC)
Blocks X Rein X Sex (ABD)
Blocks X Complex X Sex (ACD)
Blocks X Rein X Complex X Sex

error (within) (ABCD)

Total

*P<005

af

107
2
1
1
2
2
1
2

96
972

18
18
18

18
864

1,079

s

389,81
615,75
1,357.89
5,183.90
15484
233453
1,046.00
t,094.35
314,62

36482
2,127.74
28,59
12,12
28,55
36,73
15,84
4,60
24446
16,58

.78

{155 ]

1.96
4,32%

16.48%

T4
3433
3,48%
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Table IV

Mean Numbexr of Errors for the Varieous Groups

General Mean 84464
Reinforcement 99,08 81,14 7367
Contingencies Reward Punishment Feedback only
Stimulus 95,83 T3.43
Complexity Low High
Sex 106457 62,69
Fenmale Male
Rein and Low 108,78 91 .44 87.28
Complexity High 89,39 70,83 60,06
Reward Punishment Feedback only
Rein and Female 125,11 93,78 100,83
Sex Male  73.06 68.50 46,50
Reward Punishment Feedback only
Complexity Female 107.93 105,22
and Sex Male 83,74 41,63

Low High
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Figure 5. Proportion of errors over the ten blocks of 52 trials for

the three reinforcement contingency groups.
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reinforcement contingency groups did not differ gfeatly in the pro-
portion of errors in the first half of the experiment, differences
became more apparent during the last half. TFor these two reasons, an
analysis of variance of error totals in the last five blocks of trials
was conducted and appears in Table V. In this case, the F test of
differences among the reinforcement contingency groups supported the
"differences in performance" part of Hypothesis 2, Therefore, the
Tukey (HSD) test was performed on the mean error differences between
each pair of reinforcement contingency groups. Table VI shows that
the Feedback only and Punishment group means were significantly higher
than the Reward group mean, and the Feedback only and Punishment group
means did not differ.

Thus, the "differences in performance" part of Hypothesis 2 was
supported for the last half of the experiment, with the Feedback only

and Punishment groups showing better performance than the Reward group,

Table III shows that the F test1 of the Blocks X Reinforcement
contingencies interaction (FAB) supported the "differences in learning”
part of Hypothesis 2. PFurther evidence of these differences can be
seen in Figure 5 in that the three curves are not parallel and each

intersects the other.

! The Cochran test for homogeneity of variance of both the between—

subjects (C = .16, P~ .05) and within-subjects (C = .03, p > .05)
measures gave no reason to suspect the homogeneity of variance
assumptions of the F tests involved,



Table V

Summary of the Analysis of Variance of Errors in the Last Five Blocks
for the Different Reinforcement Contingency (B), Stimulus Complexity (C),
and Sex (D) Groups

Source of Variance** af Juny F
Reinforcement (B) 2 332,76 Ae14%
Stimulus Complexity (C) 1 321422 3499%
Sex (D) 1 913.01 11:35%
Rein X Complex (BC) 2 72,98 + 91
Rein X Sex (BD) 2 124,66 1455
Complex X Sex (CD) 1 226,87 2,82
Rein X Complex X Sex (BCD) 2 345430 4429%
error (between) 96 80.45

Total (Between Subjects) 107 389.81

*p o« 05

** WL Nim-subjects sources of variance are not listed.
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Table VI

Results of Tukey (HSD) Tests of the Differences betweern the Mean Error
Scores of the Different Reinforcement Contingency Groups in the Last

Five Blocks of Trials

MSy
Reinforcement Contingency Groups X1 - fz WJ“E— q
Reward and Feedback only 35455 = 16,39 2,99 6.40%
Punishment and Feedback 24464 = 16,39 2,99 2,76
only
Reward and Punishment 35455 ~ 24,64 2,99 3.65%

* p =< ,05 (two~tailed test)
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A significant Blocks X Reinforcement contingencies interaction
suggests that, at least, one pair of these three reinforcement con-
tingencies shows significant Blocks X Reinforcement contingencies
interaction, i.e., that the interaction can be accounted for by, at
least, two of the three reinforcement contingencies, Table VII,
which shows the results of the analysis of variance of errors over the
ten blocks of trials for each pair of reinforcement contingencies,
shows that the Blocks X Reinforecement contingencies interaction for

the Feedback only/ReWard pair was the only significant one.

Results and Tests of Hypothesis 3

Hypothesis 3 is composed of two parts. One part states that if
S8 are under different levels of stimulus complexity, then their per-
formance differs, The other part states that their learning differs.
Thus, two tests are required.

Table III shows the results of the analysis of variance of errors
over the ten blocks of trials for the two stimulus complexity groups.,
The F test of differences between the two stimulus complexity groups
(FC) supported the "differences in performance" part of Hypothesis 3.
Table IV shows that the mean number of errors was higher (95,83) for
the Low stimulus complexity group than it was for the High stimulus
complexity group (73.43). Figure 6 shows that this overall difference

also holds for each of the ten blocks of trials.
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Table VII

Sunmmary of the Analysis of Variance of Errors Over the Ten Blocks of
Trials (A) for Bach Pair of Reinforcement Contingency Groups (B) -~

Trend Comparisons

Source of Variance** af s F
Feedback only and Reward Groups
Total Between Subjects 71 382.85
Total Within Subjects 648 38469
Blocks X Rein (4B) 9 53417 3.,01%
error (within) 576 17.66
Total 719 72.67
Feedback only and Punishment Groups
Total Between Subjects 71 327.24
Total Within Subjects 648 38442
Blocks X Rein (AB) 9 25.75 1.80
error (within) 576 14,28
Total 719 66.94
Reward and Punishment Groups
Total Between Subjects 71 456,43
Total Within Subjects 648 29.72
Blocks X Rein (4B) 9 9,26 .66
error {within) 576 13,98
Total T19 71.86
*p «,05

*%¥ A1l sources of variance are not listed.
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Figure 6. Proportion of errors over the ten blocks of 52 trials for

the two stimulus complexity groups.
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Table III shows that the F test of the Blocks X Stimulus complexity
interaction (FAC) did not support the "differences in learning" part

of Hypothesis 3%,

Results and Tests of Hypothesis 4

Hypothesis 4 is composed of two parts. One part states that rein-
forcement contingencies and stimulus complexity interact in their effects
on performance. The other part states that they interact in their
effects on learning. Thus, two tests are required,

As shown in Table III, the P test of Reinforcement contingencies
X Stimulus complexity interaction (FBC) did not support the "perform-

ance" part of Hypothesis 4.

Table III shows that the F test of Blocks X Reinforcement contin-

gencies X Stimulus complexity interaction (F,_.) supported the "learning"

ABC
part of Hypothesis 4 (i.e. that reinforcement contingencies and stimulus
complexity interact in their effects on learning).

The presernce of & three-way interaction (ABC) does not indicate
which "simpler" interactions are present. To test for the presence of
these simpler interactions it is necessary to test the interactions of
Blocks (A) with one of the other two factors (B or C) at each level of
the remaining factor (C or B). For example, the AB interaction is

tested both at the Low stimulus complexity level (01) and at the High

stimulus complexity level (CZ)° The AC interaction is tested in the
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Same manner,

Table VIIT shows the results of the analysis of variance of the
simple Blocks X Reinforcement contingencies interactions (4B) at the
two levels of stimulus complexity (C). The AB interaction at the Low
stimulus complexity level (AB/C1) was not significant, while the AB
interaction at the High stimulus complexity level (AB/C2) was signi-
ficant., This is equivalent to "differences in learning" anong the
different reinforcement contingency groups at the High stimulus com-
plexity level, but no differences at the Low level, These resulis are
shown graphically in Figure 7.

To test even simpler interactions present in the AB interaction
at the High stimulus complexity level, it is necessary to test simple
AB interactions for each pair of reinforcement contingencies., Table IX
shows that each of these three AB interactions were significant. There-
fore, at the High stimulus complexity level, each reinforcement contin-
gency resulted in d’fferent learning from each other reinforcement con-
tingency.

Table X shows the results of the analysis of variance of the sim-
ple Blocks X Stimulus complexity interactions (AC) at each of the three
levels of reinforcement contingencies (B). The AC interactions at the
Feedback only (AC/B1) and Punishment (AC/BB) levels were significant,
while the AC interaction at the Reward (AC/B2) level was‘not. This is
equivalent to "differences in learning" between the stimulus complexity

levels at the Feedback only and Punishment levels, but no differences
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Summary of the Analysis of Variance of Errors Over the Ten Blocks of

Trials (A) at the Two Levels of Stimulus Complexity (C) = Trend

Comparisons

Source of Variance** af

Low Stimulus Complexity Group
Total Between Subjects 55
Total Within Subjects 486
Blocks X Rein (AB) 18
error (within) 432
Total 539

High Stimulus Complexity Group

Total Between Subjects
Total Within Subjects
Blocks X Rein (AB)

error (within)
Total

*p o<t 05

*¥ A1l sources of variance are not

53
486
18
432
539

listed.

us

394,06
39,18
Te62
19,20
T4.08

367,66
34436
57.85
10,90
67.13

E

«40

5.31%
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Figure 7, Proportion of errors over the ten blocks of 52 trials for

the three reinforcement contingency groups at the High

stimulus complexity level.
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Table IX

Summary of the Analysis of Variance of Errors Over the Ten Blocks of
Trials (A) for Each Pair of Reinforcement Contingency Groups (B) at

the High Stimulus Complexity Level - Trend Comparisons

Source of Variance*¥ daf MS r

— — —

FPeedback only and Reward Groups

Total Between Subjects 35 35334

Total Within Subjects 324 38413
Blocks X Rein (4B) 9 89,52 8.18%
error (within) 288 1095

Total 359 68,86

Feedback only and Punishment Groups

Total Between Subjects 35 258,95

Total Within Subjects 324 39,66
Blocks X Rein (AB) 9 62,23 5.18%
error (within) 288 12,02

Total 359 61,04

Reward and Punishment Groups

Total Between Subjects 35 489,89

Total Within Subjects 324 25.28
Blocks X Rein (4B) 9 21,79. 1.94%
error (within) 288 11,20

Total 359 70,58

¥p < ,05

*¥* A1l sources of variance are not listed.
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Table X

Summary of the Analysis of Variance of Errors Over the Ten Blocks of

Trials (A) for the Three Reinforcement Contingencies (B) -~ Trend
Comparisons
Source of Variance** af ] E

Feedback only Group

Total Between Subjects 35 247,71

Total Within Subjects 324 44414
Blocks X Complexity (4C) 9 42455 3,58%
error (within) 288 12,60

Total 3259 63.99

Reward Group

Total Between Subjects 35 : 49€,14

Total Within Subjects 324 33,24
Blocks X Complexity (AC) 9 12.79 .70
error (within) 288 18,32

Total 359 78437

Punishment Group

Total Between Subjects %5 413,17

Total Within Subjects 324 32,93
Blocks X Rein (AC) 9 30,46 2.27*
error (within) 288 13,44

Total V 359 70,00

*p < W05

*¥* A1) sources of variance are not listed.



59

at the Reward level, Figures 8 and 9 illustrate fhese rasults,

Results and Tests of Hypothesis 5

O0f the 108 Ss who participated in the experiment, only 76 learned
to the criterion of 26 consecutive correct responses within the total
of 520 trials. Since estimation of the learning parameter, 8, and the
calculation of some observed statistics (e,g. runs of errors) require
that all Ss eventually learn (i,e. enter the L state), only the data
fron the 76 Ss who learned were employed in the results and tests of
Hypotheses 5 and 6.

Hypothesis § states that the Bower and Trabasso (1964) model of
concept learning predicts the following statistics:

= SDrip

- TE

= SDpg

Number of errors before the first success

P(E

n+1 lEn)

P(En+1 ’Cn)

~ Runs of errors (including total, from 1 to 5, and over 5)
These predictions depend, of course, on the prior estimation1 of

the model's two parameters, © and 717, Restle (1971, pp. 136-137)

1 The formulas employed in the estimation of parameters and the pre-
diction of statistics are listed in Appendix A,
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suggested that a éood estimate of 4T is the proportion of totél cor-
rect responses to total responses, up to and including the trial of
last error (TLE). The value of this estimate was ¥ = 721 . The
value of 6 is estimated by the formula © = 1/(1-TNE(TLE), as given
by Millward (1971). The value of this estimate was O = ,0188 . In
that the trial of last error (TLE) was used in estimating the value of
8, this statistic was nof one of those predicted,

Table XI lists both the statistics calculated from the observed
data and those predicted from the Bower and Trabasso model, Table XII
summarizes the results of the statistical tests of the "goodness of
fit" of the predicted statistics to those calculated from the observed
data. Where appropriate, hypotheses were tested by means of t tests,
Otherwise, chi square tesfs were used.

Table XII shows that the Bower and Trabasso model correctly pre=-
dicted only the following statistics:

- TE

2 P(En+‘l ‘Cﬁ)

~ Runs of errors (including total, from 1 to 5, and over 5)
It should be noted that, given the value of 6 is estimated from TLE
(as was the case in this analysis), it is very likely that TE will be
predicted correctly, since E(TLE) = E(TE)/(1—TT), see Appendix A.
Since four of the statistics were not accurately predicted by the

nodel, Hypothesis 5, as a whole, was not supported,
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Sunmary of the Observed and Predicted Values of Statistics

Predicted Value

Statistic Observed Value
Trial of last error (TLE) 205,48
Standard deviation of TLE 151.81
Total number of errors (TE) 5%.19
Standard deviation of TE 41.80
Numberlof errors before first success .64
P(E_,, | E ) . 204
P(E_, |C) .264
Runs of errors: Total 4147
0f length 1 3291
2 6,28
3 1.74
4 o 37
5 .09
o?er 5 .09

*

204,99
53.19
5306

e35
«254

+259

38451
28.T1
7430
1.86
47
12

04

* Not predicted because this statistic was used in the estimation of

the learning parameter 6.
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Table XII

Summary of the Results of Tests of the "Goodness of Fit" of the Observed
to the Predicted Values of Statistics

Statistic | Result of Statistical Test
Trial of last error (TLE) —~—
Standard deviation of TLE X% = 41,13
Total nunber of errors (TE) t = 0,00
Standard deviation of TE X° = 46.55%
Number of errors before first éudcess t = 2,40%
P(E_,, 'En) b= 2.92%
P(E, .y |C,) t= .35
Runs of errors: Total t = .7é
Of length 1 t = 1.34
2 t = 1.67
3 t = .53
4 t = 1,65
5 t= .73
over 5 t= 1,22
*p <05 where: t test is two-tailed

X2 (chi square) is tested ageinst the confidence

. 2 . =z 2 o~ 42
interval Q§=.025 = X = §=‘975
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Results and Tests of Hypotheses 6a, 6b, and 6c¢

Hypothesis 6a

Hypothesis 6a states that, if Ss are presented with a task, then
prior to the trial of last error,
P(E) = X,

P(E EP) = k, and

n+1 *

P(En-H lCn) =&

Figures 10 and 11 show the proportions of errors and conditional
errors over Vincent quartiles, The.procedure of using Vincent quar-,
tiles rather than the same blocks of trials for all Ss was employed to
control for differences in the learning rates of individual 3s,.

Tests of Hypothesis 6a are provided by F tests of the e@uality of
the mean number of errors in each Vincent quartile, Table XIIT sum-
marizes the results of the analysis of varience of these mean numbers
of errors over Vincent quartiles., None of the three F tests in Table

XIIT supported Hypothesis 6a (the hypothesis of stationarity).

Hypothesis 6b

Hypothesis 6b states that, if 3s are presented with a task, then

prior te the trial of last error,

P(En+1 'En> = P(En+‘l ICn>

Suppes and Ginsberg (1963) found this method to give a more accurate
test of response stationarity. For further discussion om the use of
Vincent quartiles, see Kling and Ross (1971, pp. 611-613),
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Summary of the Analysis of Variance

Source of Variance

For E

Total Between Subjects

Total Within Subjects
Vinecent quartiles
Quartiles X Subjects

Total

For E E
n+1 n

Total Between Subjects
Total Within Subjects
Vincent quartiles

Quartiles X Subjects
Total

For E C
n+l n

Total Between Subjects
Total Within Subjects
Vincent quartiles

Quartiles X Subjects
Total

*p < ,O5

68

XIII

of Errors Over Vincent Quartiles

at us r
75 .29
228 o 22
3 4.36 26,32%
225 7
307 .24
5 .26
228 19
3 3,80 26,04%
225 .5
303 .21
75 .31
208 .23
3 4,67 27, 48%
225 AT
303 .25
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Table XI shows the mean values of P(E 1c ).

‘En) and P(En+1 '“n

n+1
Figure 11 shows these values over Vincent quartiles, Table XIV
shows the results of the t test of the mean difference between the
4
proportions of En+1
The results of the t test in Table XIV did not support Hypothesis

n n+1 n

6b (the hypothesis of independence).

Hypothesis 6e¢

Hypothesis 6c states that, if Ss are presented with a task, then

the learning parameter has a constant value over trials, or
8=k

This hypothesis can be tested by comparing the observed distri-
bution of total errors (for each of the 76 §s) and the theoretical
distribution of total errors (employing a constant value of © in the
calculations) as suggested by Laming (1973, p. 279). Since the obser-
vations are independent (i.e. the observations come from different §s),
the Kolmogorov-Smirnov one-sample test is an appropriate test of the
"goodness of fit" of the theoretical fo the observed distributioh.
Table XV shows the results of this test., Figureb12 shows both thé
observed and theoretical distributions of total errors,

The results of the Kolmogorov~Smirnov test in Table XV showed that
the observed and theoretical distributions were not significantly diff-
erent. Therefore, Hypothesis 6c was sonevwhat supported (i.e not re-

jected),
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Table XIV

Result of the t Test of the Mean Difference between the Values of the

Proportions of E lE and E C
n+1 n n+1 n
Mean Difference between the SX X
Proportions of B , |E and B, ‘Cn i —T%f"ji %
.0594 75 0153 . 88%*

* p <.05 (two-tailed test)
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Table XV

Results of the Kolmogorov-Smirnoy One-Sample Test of the "Goodness of

Fit" of the Theoretical to the Observed Distribution of Total Errors

D Value Observed Critical Value of D N P

125 at TE = 50-59 2156 at == ,05 76 +,05
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Figure 12, Observed and theoretical cumulative distributions of total

errors (TE).
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Chapter IV
DISCUSSION

Hypothesis 1 (Exponential Learning Curve)

The result of the test of Hypothesis 1 somewhat supported the
hypothesis that the probability of an error on trial n was a “nega-
tively decelerated" exponential function of the number of trials,

Thus, the learning curve in the present binary number concept learning
situation follov-'d the form generally characteristic of the non-mathe-—
matical concept learning situations previously studied (as reported by
Hilgard and Bower, 1966, and others), . s a result, therc appears to

be some gimilarity between the learning processes involving mathematical
and non-mathematical concepts, at least, as far as the change in error

probability over trials is concerned,

Hypothesis 2 (Effects of Reinforcement Contingencieg)

Differences in performance among the three reinforcement contin-
gency groups were found to occur during the last half of the 520 learn-~
ing trials, though not for the entire 520 trials. Differences in
learning among the three reinforcement contingency groups were found
to occur over the entire 520 trials. These findings are consistent
with those reported by Buss and Buss (1956) and Wallare (1964) that
different reinforcement contingencies differentislly affected perform-
ance in concept learning. They are also consistent with the findings

of Siegel (1959) that learning was differentially affected., The
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findings in this study, however, are not consistent with those of Bourne,
et al (1967) that differént reinforcement contingencies'had no differ—
ential effects on performance, Inasmuch as there are few studies in
this area of concept learning and reinforcement contingencies, it is
impossible to say whether the present findings support or contradict

a recognized body of research results,

There is a perplexing aspeét to the performance and learning
differences among the three reinforcement contingency groups. While
the Feedback only group began with the worst performance, it ended
with the best, and, while the Reward group began with the best perform-
ance, it ended with the worst (sce Figure 5). . Assuming thaf the Reward
(plus feedback) enployed in this study should have facilitated perform-
ance more than feedback alone, then the results conflict with what
would be expected. The same may be said in the case of the Punishuent
group. Although the Punishment group began with better performance
than the Peedback only group, it ended with worse performance. This
result contradicts the findings of Buss and Buss (1956) and Wallace
(1964) that punishment (of the incorrect response) faecilitated per-
formance.

The findings that both performance and learning in the Feedback
oniy group were superior to performance and learning in the Reward and
Punishment groups is difficult to rationalize, Nevertheless, two pos-
gible explanations are apparent, First, the fact that the Ss in the

Feedback only group were told that they would receive five baht for
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participating, whether or not they "solved the problem", may have
created a general motivation to do well (perhaps in repayment of E's
beneficience). In that the problem was a difficult one to solve, this
notivation may have been an important factor. Second, the effects of
various reinforcement contingencies on concept learning (and learning
in genefal) may not be the same for Thai children as for Western chil-
dren.1 Even urban Thai children (as those employed in this study) have
many cultural differences from their Western peers. This second ex-
planation may be difficult to discount until there is further research
into the area of learning in Thai children and the effects of various

reinforcenent contingencies on such learning.

Hypothesis 3 (Effects of Stimulus Complexity)

The two stimulus conmplexity groups were found to differ signifi-
cantly in their perfofmaﬁce, but not their learning., Inspection of
Figure 6 shows the learning curves to be nearly parallel, with the
High stimulus complexity group making a smaller proportion of errors
in every block of trials, The fact that the High stimulus complexity
group showed better performance (mean number of errors = 73.4%) than
the Low stimulus complexity group (mean = 95,83) is not in accord with
the findings of other investigators (e,g. Bulgarella and Archer, 1962,

and Schvancveldt, 1966). Generally, it has been found that increases

The possible influence of cultural differences on concept learning
should be considered in interpreting all findings in this study.
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in stimulus complexity lead to decreases in performance.

In this study, stimulus complexity was increased by the illumi-~
nation of one of the lights in group 3 of the stimulus presentation.,
The position of the light illuminated corresponded to the number of
lights illuminated in group 1. 1In that 5 was instructed to attend
only to the lights in groups 1 and 2 and compare them for "equality"
or "non-equality", the light illuminated in group 3 provided informa-
tion superfluous (i.e. unnecessary) to éoncept attainment, Neverthe-~
less, the gfoup presented with superfluous light illuminations per-~
formed better. This result may be explained by the fact that the
light illuminations in groups 1 and % were perfectly redundant (i.e.
perfectly correlated). Bourne and Haygood (1959, 1961) found that in-
creasing the number of perfectly redundant relevant dimensions in a
concept identification problem increased performance, The lights in
group 3 definitely qualify as a perfectly redundant relevant dimension.
Bourne and Haygood (1959) noted that, inban attribute identification
type of problen (in which S nmust discover the relevant attributes of
the concept, as in the present study), the probability of S selecting
é relevant attribute is logically related to the proportion of variable
attributes. which are relevant, Therefore, increasing this proportion
(by the illumination of group 3 lights) increases the probability of
a correct response. This explanation would appear to adequatcly ex-
plain the result obtained in this investigation; However, cne dis-

crepancy emerges. Bourne and Haygood (1959) reported that Ss notice,
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at least, some of the perfectly redundant relevant dimensions (mttri-
butes) and can often name several usable dimensions after concept
attainment, All Ss in the present study received a short post-experi-
ment interview, requiring them to explain how they solved or attacked
the problem. Of the Ss in the High stimulus conmplexity group (group

3 lights employed), all explained in terms of relations between group
1 and group 2 lights. Not one of the 54 Ss mentioned the lights in
group 3. This does not negate the explanation proposed by Bourne and
Haygood. Indeed, their explanation remains the most plausible, TYet
it does suggest that perfectly redundant felevant dimensions, although

facilitative of performance, need not be reported as so by S.

Hypothesis 4 (Effects of Interaction of Reinforcement Contingencies and

Stimulus Complexity)

Contingencies of reinforcement and stimulus complexity1 were found
to interact in their effect on learning, but not on performance. Hence,
the contention that the reason some researchers have fQund differences
in performance resulting from differences in reinforcement contingencies,
while others have not is due to differences in concept conplexity was
not supported. On the other hand, the contention that the reason some
researchers have found “ifferences in learning resulting from differences

in reinforcement contingencies, while others have not is due to differ-

Henceforth, to be interpreted, also, as the presence and absence of
a perfectly redundant relevant stimulus dimension.
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ences in concept complexity was supported.

The finding that reinforcement contingencies and stimulus complex-
ity interacted in their effects on learning (or that blocks of trials
and reinforcement contingencies and stimulus complexity interacted in
. their effects on error responses) required further‘analysis to be use~
ful. This further analysis showed thét differences in reinforcenment
contingencies led to differences in learning (Blocks X Reinforcement
contingencies interaction) at the High stimulus complexity level only
(see Table VIII). It was also found that these differences could be
attribﬁted to differences betwecen each of the three pairs of reinforce—‘
ment contingencies (i,e. differences between Feedback only and Reward,
Feedback cnly and Punishment, and leward and Punishment). Figure 7
shows that, while the Feedback only group showed a2 higher proportion
of errors initially, it showed o lower proportion of errors (than the
- other two groups) at the end, Indecd, the Feédback only group (at the
High stimulus complexity level) was the only group in which all 18 Ss
learned to criterion within the 520 trials. In the Reward and Punish-
nent groups, only 13 and 12, respectively, of the 18 S learned to
criterion. The finding that the Feedback only group showed a higher
rate of error dececrease should not be interpreted as applying to each
individual S. It is most likely the result of more and morc Feedback
only Ss learning to criterion and ceasing to mazke errors altogether,
while seversl Reward and Punishment Ss continued to make errors on all

blocks of trials.
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When the data were analyzed at each individual level of reinforce-
contingencies, it was found that differences in learning (i.e. Blocks
X Stimulus complexity interaction) resulting from differences in stin-
ulus complexity occurred at the Feedbaék only and Punishment levels,
but not at the Reward level, It can be seen in Figure 8 that, for the
Peedback only group, vhile both the High and Low stimulué conplexity
groups had similar proportions of errors initiaslly, the High stimulus
conplexity group's errors decreased more rapidly. It can belseen in
Figure 9 that, for the Punishment group, High stimulus complexity was
also more facilitative of learning (although this facilitotion took a
different form).

In summary, when the Feedback only and Punishment groups were
presented with the High and Low stimulus complexity conditions, the
High stirmulus complexity condition was more facilitative of learning,
This result is consistent with the Bourne and Haygood (1959, 1961)
findings that learning improved with the inclusion of perfectly re-
dundant relevant dimensions. The failure of the High stimulus complex-

ity condition to facilitate learning in the Reward group, however, is

not consistent.

Hypothesis 5 (Predictions of Statistics by the Bower and Trabasso Model)

Employing the data of the 76 Ss (of the total of 108 Ss) who
learned to criterion, the Bower and Trabassc (1964) model of concept

' learning successfully predicted the following statistics:
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-~ Total number of errors (TE)
- P(Em+‘l ‘Cn>

- Runs of errors (including total, from 1-5, and over 5)

The Bower and Trabasso model feiled to predict the following statistics:

Standard deviation of the trial of last error (SDTLE)

Standard deviation of the total number of errors (SDTE)

Number of errors before the first success

P(En+‘lt En) '

The failure of the model to accurately predict four of the statis-
tics is not indicative of the model's smecess in previous investigations
(e.g. Bower and Trabasso, 1964) and requires explanation. The concept
learning situation employed in the present study differed from those
previously analyzed by the Bower and Trabassovmodel in two important
respects: (1) the concept was mathematical, requiring S (theoretically,
at 1east) to respond to the relation between number and the binary
representation of a number, and (2) the concept was very difficult (as
evidenced by the fact that 32 of 108 Ss did not learn to criterion
within 520 trials and those who did required'an average of 205 trials).
Restle (1971, pp. 25-56) has noted that simple concept learning models,
such as the Bower and Trabaéso model, are not necessarily appropriate
for the analysis of other than simple concept learning., Since there
is no strong evidence that mathematical concept learning\is basically

different from the other types of concept learning studied (including
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the evidence resulting from the test of Hypothesis 1), the difficulty
of the concept appears to be a plausible explanation of the model's

failure in predicting statistics,1

HBypothesis 6a (Stationarity of Response Probability)

The hypothesis that the probabilities P(E), P(En+1l En), and

P(E ‘Cn> are stationary prior to the trial of last error was clearly

n+i
not supported by the data, This result has serious implications for
both the Bower and Trabésso nodel and an all-~or-none theory of learning
in the type of learning situation employed in this investigation.

Laning (1973, p. 246) considers the stationarity of responsé probability
assumption to be critical to acceptance of the Bower and Trabasso model
and an all-or-none theory of learning. Reference to Figures 10 and 11
shows that all three of the above response probavilities not only did
not remain stationary, but decreased over Vincent quartiles. Such a

finding is especially important, because it also lends support to an

incremental theory of learning.

Hypothesis 6b (Independence of Responsec Probability)

The hypothesis that error responses arec independent of previous
= i trial of last
responses, or P(En+1 ‘En)‘ P(En+1l Cn), prior to the trial o a

error was not supported. Thus, another assumption basic to the Bower

Additional explanation of this failure is implicit in the lack of
evidence in support of two assumptions (Hypotheses 6a and 6b) neces-
sary to the support of an all-or-none theory of learning,
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and Trabasso model failed to receive support. However, the failure of
this assumption is not as serious as the failure of the stationarity
assumption, since the independence of response probabilites is an
assunption of a linear model and an incremental theory of learning

as well (Laning, 1973, p. 246),

Hypothesis 6¢ (Invariance of 8)

The hypothesis that the learning parameter, 9, is invariant over
trials was somewhat supported. Figure 12 shows that the fit of the
theoretical distribution of total errors to the observed distribution
was fairly good, though not so good as that achieved by Bower and Tra-
basso (1964). This result not only provides evidence in support of
the Bower and Trabasso model and an all-or-none theory of learning,
but a linear model and an incremental theory of learning (which agssumes

a constant value of @) as well.

In summary (of Hypotheses 5, 6a, 6b, and 6c), the Bower and Tra-
basso model of concept learning was not supported by the data in two
of its three major assumptioné (stationarity and independence). Neither
was it able to predict statistics of the learning process with as much
success as previous studies. These results suggest the inapplicability
of both the Bower and Trabasso model and an all-or-none theory of
learning in the type of concept learning situation employed in this

investigation,
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Bvidence of Probability Learning

The general failure of the Bower and Trabasso model of concept
learning (and a Markov chain model of 1earning) in a concept learning
situation which differed from previously studied situations in two
respects (i.é. a mathematical concept and a2 more difficult concept)
denands more than logical guesses in explanation. As a result, the
data were re-inspected for evidence of the operation of contributing
factors. Some evidence was found for one such factor - probability
learning.

The followiﬁg is an example of probability learning., Suppose S
is faced with a situation in which he must predict which of two un-
certain events will occur. For instance, will a die come up with the
number 6, or some other number? If S has no information other than
the frequency of oeccurrence of a 6 or some other number in the past
upon which %o b-~se his predictions, he will come to predict each of
the two events according to their probabilities of occurrence in the
past, PFor an unbiased die, he will predict a 6 on one-sixth of the
total trials and some other number on five-sixths of the total trials.

In the present investigation, the number of positive instances
(18) of the concept_was greater than the number of negative instances
(8) in each 26 trial scquence. S's responses were limited to "equal"
(indicating that S considered the stimulus presentation to be a posi-
tive instance, or group 1 = group 2) and "not equal" (indicating that

S considered the stimulus presentation to be a negative instance, or
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group 1 £ group 2), Without any attempt to actually "learn" the con-
cept, then, S could improve his probability of a correct response from
the chance level simply by probability 1earning,1 i.e. by natching the
probabilities of his responses® to the probabilities of occurrence of
the positive (an "equal" stimulus presentation) and negative (a "not
equal” stimulus presentation) instances of the concept. For example,
S might press the "equal" switch on 18 of every 26 trials, regardless
of the individual stimulus presentations. By adoptingvthis strategy,
S could increase his probability of a correct response from .500 to

«574, since, by chance alone,

i

P(=8) x P(= R) + P(£ 8) = P(£ R)

(18/26) = (18/26) + (8/26) % (8/26)

P(correct)

I

«479 + .095

where: =8 dis an "equal" stimulus pre-
sentation, i.e. a positive
instance of the concept

=R is an "equal" response

# S is a "not equel" stimulus pre-
sentation, i.e. a negative
instance of the concept

# R is 2 "not equal" response

Should S adopt the strategy of pressing the "equal" switch even more

often than its probability of occurrence, he could further increase

1 s . . .

Since feedback was given on every triel, S could determine from the
correctness of his responses whether a stimulus presentation was a
positive or negative instance of the concept,
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his probability of & correct response without actually "learning" the
concep‘t.1 For example, S could maximize his probability of a cofrect

responsc by chance by pressing the "equal" switch on every trial, with

P(correct) = (18/26) x (26/26) + (8/26) x (0/26)

it

= .692

The question here is whether 2ll or some of the Ss in the present
concept learning situation adopted a probability learning strategy at
some time., To begin, it was assumed that, if probability learning
occurred, it would have occurred during the early and niddle parts of
the response sequences, since all 76 Ss eventually learned to criterion,
and the actual concept learning must have occurred no later than the
latter part of the sequence. Therefore, it was decmed most appropriate
to inspect the response sequences from the early to the middle‘trials
(first part) and from the middle to the latter trials (last part). As
a result, the individual S response sequences were divided into thirds
in the manner of Vincent quartiles,

If Ss were using a probability learning strategy in the first part
and a concept learning strategy in the last part, two results would be
expected to occur. TFirst, the probability of a "not equal" response,

P(# R), should decrease during the first part and, then, remain

! Responding at probabilities higher than the probabilities of occur-
rence of events is also considered to be probability learning, inas-
nuch as such behavior is characteristic of probability learning situa-
tions involving added reinforcements (see Siegel, 1959).
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stationary or increase somewhat during the last part (if.ﬁ had initially
decreased P(# R) to less than the probability of occurrence of a nega-
tive instance, P(# S), he would eventually have to increase it again
in order to learn to criterion)., This would indicate that S enployed
probability learning in decreasing P(# R) in the first part (probably
to a value approximately equal to P(£ S), or €/26 = .307), then ceased
enploying probability iearning in the last part, since P(£ R) ceased
decreasing. At thé same time, the probability of an error, P(E), would
be expected to decrease in both parts. Its decrease in the first part
could be attributed to both concept learning and probability learning.
Its decrease in the last part could be attributed only to conecept
learning, since P(#£ R) ceased decreasing.

Second, if only probability learning were opefating, then, while
P(# R) decreased, the probability of an error on a "not equal" stimulus

presentation would increase, because
P(E on £ 8) = P(# 8) x P(= R) where: P(#£8) =k

In summary, if probability learning were occurring, two results
would be expected:

(1) P(# R) should decrease in the first part, then cease decreésing
in the last part, while P(E) should decrease during both parts, and

(2) P(E on £ S) should increase as long as P(# R) decreases.

Figure 13 shows the results of dividing the S response sequences

into equal thirds (in the nanner of Vincent quartiles) and calculating
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the fpllowing proportions: (E on = S), (B on £ ), and (£ R), averaged
for all Ss. It can be seen that the proportion of (; R) decreased
during the first part (to a value approximately equal to P(#£ S),
<292 = ,307), then remained relatively stationary during the last part,
At the same time, the proportion of errors, including both P(E on = 8)
and P(E on % S), decreased during both parts of the response sequence,
In that these results afe in accordance with the a priori expectations
previously noted, there is some evidence that probability learning was
occufring. |

The proportion of (E on £ S) did not change exactly as expected.
However, this proportion did decrease more slowly than the proportion
of (B on = 8) in the first part, then more rapidly in the last part,
Furthermore, the proportion of (B on £ S) decreased at about the same
rate as the proportion of (# R) in the first part, then decreased
sharply in the last part, while the proportion of (# R) remained rela-
tively stationary., These results are not completely in accordance with
the a priori expectations previously noted. However, the attenuated
decrease of (E on # S) in the first part and its sharp decrease in the
lest part suggests that probability learning may have prevented (E on # S)
fron decreasing as rapidly as it would have if only concept learning
were operating.

The evidence in Figure 13 is suggestive, but not conclusive. As
a result, a search was conducted for further evidence. The previous

results indicated that, if probability learning was occurring, it was
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probably not occurring alone, but in combination with concept léarning.
Yoreover, some Ss could be expected to employ probability learning
nore than others. If these Ss can be identified and evidence in sup-
port of thgir p;obability learning produced, then there will be a
firmer basis for concluding that pfobability learning was enployed by,
at least, some Ss.
The following criteria were used to identify "probability learners":
(1) a decrease in the proportion of (# R) during the first part and an
increase during the last part, and (2) an increase in the proportion
of (E on £ S) during the first part and a decrease duriné the last
part. MNineteen "probability learne;s" were identified by these criteria.
The remaining 57 §SVWere termed "n;n—grobability learners" for comparison,
Figures 14 and 15 show the mean r?spoqse proportions for the "prob-
ability learners" and the "non-probability learners", respectively.
The differences in their responses are-obvious. During the first part,
the "probability learners" sharply increased their proportion of
(E on # 8), while decreasing their proportion of (# R). This is strong
evidence of probability learning. During the last part, the "probability
learners" sharply decreased their proportion of (E on £ S), while in-
creasing their proportion of (# R). This is evidence of the cessation
of probability learning (and an increase in concept 1earning). On the
other hand, the “non-protability learners" showed a-decrease in the
proportion of‘gqun #£ S) during both parts. Tﬁey also showed a decrease

in the proportion of (£ R) during the first part and no change during
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the last part.

In summary, evidence that probability learning was occurring in,
at least, some Ss was found, Inasmuch as probability learning is a
phenomenon well represented by‘a linear nodel of léarning and suppor—
tive of an incremental theory of leérning (Hilgard and Bower, 1966,
PP. 348=351), part of the failure of the Bower and Trabasso model to
account for learning in the present investigation might be attributed

to the occurrence of probability learning in, at least, some Ss.

With regard to the behavior of "probability learners” and "non-
probability learners", one other finding is of interest. The overall
performance of the two groups did not differ significantly., The mean
nunber of total errors for the "probability learners" was 55,63, while
for the "non-probability learners" the mean was 52,39 .1 The mean trial
of last error for the "probability learners" was 20%.58, while for the
"non-probability learners" it was 206.12 .2 It appears that, although
apparent probability learning was somewhat disruptive of concept learn-
ing during the first part, i.e. an increase in P(E on # S), it did not
hinder overall performance., "Probability learners" also improved their
performance on every block of trials. These results suggest the possi-
bility that the frequent finding that a predominance of positive in-

stances is generally facilitative of concept learning (e.g. Bruner, et

.68 (p > .05).
.15 (p > ,05),

It

At test of the difference between means showed t

2 A t test of the difference between means showed t

I
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al, 1956) is, in part, due to the improvement in performance of, at

least, some Ss resulting from probability learning.

Implications for Education in Thailand

The results of this investigation are suggestive of several things,
including the following:

(1) Concept learning in Thai children may follow a "negatively _
decelerated" exponential form .. it normally does in Western children,
implying some (cross—cultural) generality of the learning process and,
perhaps, allowing the application of Western research results in fhis
area to Thai educztion;

(2) The effects of various reinforcement contingencies on the
behavior of Thai children may not be the same as their effects on the
behavior of Western children, requiring caution in the application of
Western ressarch results in this arca to Thai education.

(3) The inclusion of perfectly redundant relevant stimulus dimen-
sions in concept learning situations may facilitate performance in Thai
children as it does in Western children, perhaps allowing the applica-
tion of Western feSearch results in this area to Thai education.

(4) The learning of a difficult and mathematical concept may not
conforn to a Markov chain model of learning and an all-or-none theory
of‘learning;

Nevertheless, it would be both unwarranted and unwise to attempt

any immediate application of the results of this investigation to
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educational practice in Thailand, As noted above, these results are
merely suggestive. The intelligent use of research results demands

that these results be replicated in bofh the original context and a
wider context, and that they be interpreted in light of the totality

of research in the sane and related areas. Unfortunately, in Thailand,
research in the area of interest of this investigation, as well as
related arecas, is lacking. Therefore, it is hoped that results obtained
will serve twé purposes:’(1) to point out the need for further research

in the area of learning in Thai children, and (2) to indicate worth-

while directions for future research aimed at application to Thai edu-

cation,
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Chapter V
SUMMARY AND CONCLUSIONS

One purpose of the study}was to investigate behavior in a mathe-
matical boncept learning situation and the effects of successive blocks
of trials,‘reiﬁforcement contingencies, levels of stimulus complexity,
and interactions among these variables on this behavior., Another pur-
pose of the study was to employ a Markov chain model of learning
(Specifically, the Bower and Trakasso, 1964, model of concept learning)
in the data analysis in order to: (1) achieve a more thorough under-
standing of the learning process through the testing of some of the
model's assumptions, and (2) test the ability of the model to predict
certain statisties defining the learning process,

108 ninth grade Thai students were required to learn a binary
number concept under one of six treatment conditions, involving three
different reinforcement cdntingencies and two levels of stimulus com-
plexity., Nine females and nine males were randomly assigned to each
of the six treatments, The task required S to press a switch labeled
"equal" when a nuﬁber of lights (from one to three) equaled a binary
representation (in lights) of that number and to press a switch labeled
"not equal" otherwise. All Ss were individually run for a total of
520 trials or until they reached a criterion of 26 consecutive correct
responses, The criterion measure employed was the number of error re-

sponses in each block of trials.
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Reinforcement contingencies were administered as follows:

Feedback only - S was told that he would be given five baht for

participating, whether or not he solved the problem., Positive or
negative feedback was given on every trial,

Reward (plus feedback) - S was told that each correct response
would add one point to his initial score of 50 points and that,
with a high enough score, he could win a monetary prize,  Posi-
tive or negative feedback was given on every trial, .
Punishment (plus feedback) - S was told that each incorrect re-
sponse would subtract one point from his initial score of 150
points and that, with a high enough score, he could win a mone-
tary prize. Positive or negative feedback was given on every
trial.

Stimulus complexity was varied as follows:

High stimulus complexity - one perfectly redundant and relevant
dimension was added to the normal stimulus presentation explained
aboVe.

Low stimulus complexity - no dimension was added to the stimulus

presentation,

The hypotheses under investigation and the results obtained are
as follows:
1. If 8s are prescnted with a task, then the probability of making

an error on trial n, P over successive trials is a "negatively
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decelerated" exponential function of the form

P = ae +c where: n = trial number
bese of natural logarithes

a, b, ¢ = parameters

e

]

This hypothesis was somewhat supported (i.e. not rejected),

2. If Ss are presented with a task under Jdifferent contingencies
of reinforcement, theﬁ the Ss under differént contingencies show differ-
ent performance and different learning.

The performance part of this hypothesis was not supported for the
experiment as a whole. However, it was supported for the last half of
the experiment. The learning part of this hypothesis was supported.
Contrary to the results of previous studies, the Feedback only group
showed both beti r performance and learning than the Reward and Punish-
nent groups. Two possible explanations of this .result are: (1) the
effect of 2 general motivation to 4o well resulting fron the instructions
to the Feedback only Ss that they would receive five baht for partici-
pating, and (2) differences in the effects of reinforcement contingencies
on the behavior of Thail students and their Western peers,

3. If Ss are prosented with a task under different levels of stin-
ulus complexity, then the Ss under different levels show different per-
formance and differn; learning.

The performance part of this hypothesis was supported. Contrary

to what would be expected, the High stimulus complexity group performed
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better than the Low, This result was attributed to the fact that the
added stimulus dimension was perfectly redundant and relevant to con-
cept attainment (a finding also reported by other researchers). Of
interest is the fact that, in the post—egperiment interviews, not one
of the 54 High stimulus complexity Ss reported using this added dimen-
sion in learning the concept., The learning part of this hypothesis was
not supported.

4o If Ss are presented with a task under both different contingen-
- cies of reinforcement and levels of stimulus complexity, then contin-
gencies of reinforcement and levels of stimulus complexity interact in
their effects on performance and learning,

The performance part of this hypothesis was not supported. The
learning part of this hypothesis ﬁas supported., Further analysis of
the data.showed the following:

(1) There were "differences in Iearning" among the different rein-
forcement contingency groups at the High stimulus complexity level, but
not at the Low stimulus complexity level,

| (2) There were "differences in learning" between the tworstimulus
complexity groups at the Feedback only and Pumishment levels, but not
at the Reward level.

5. If‘§s are prescnted with a task, then the Bower and Trabasso
(1964) nodel of concept learning predicts the following statistics:

- Standard deviation of the trial of last error (SDTLE)

-~ Total number of errors (TE)
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—~ Standard deviation of the totsl number of ergors (SDTE)

Number of errors before the first success

- P(En+1 (En) where: n = trial nuriber
’ E = error response
- P(E ]c )
n+1 n C = correct response

Runs of errors (including total, fron 1-5, and over 5)

In that only the_predictions of TE, P(En+1 icn), and Runs of
errors were accurate, this hypothesis was not subported. The ability
of the Bower and Trabasso model to predict statistics in the presént'
nathematical concept learning situation was considerably lower than
that found in previous easier and non-nathenmatical concept learning
situations. .

6a, If Ss are presented with a task, then, prior to the trial of
last error, ﬁhe following probabilities are constant:

P(E)

P(En+1l En)
P(En+1‘ Cn)

This hypothesis (of stationarity of résponse probability) was not
supported, In fact, all three of the above response probabilities
decreased over Vincent quartiles, lending support to a linear model
(rather than a Markov ﬁodel) and an incremental (rather than an all-
or—none) theory of learning in the present situation,

6b, If Ss are presented with a task, then, prior to the trial of

last error,
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P(E iE ) = B(E_,, icn)

n+1 n

This hypothesis (of response independence) was not supported,
This result, like the result of 6a, implies the inapplicability of an
assunption basic to an all-or-none theory of learning and a Markov
chain model of learning in the present situation,

6c, If Ss are presented with a task, then the learning parameter
6 (of the Bower and Trabasso rnodel) has a constant value over trials.

This hypothesis was sormewhat supported (i.e. not rejected). Al-

though the invariance of @ is an assumption of a Markov chain model,

it is also an assumption of a linear ncdel.

The overall performance of the Bower and Trabasso (1964) nodel of
concept leérning, including preaictions of statistics and tests of basie
assunptions, was markedly inferior to that reported in previous studies.
In fact, more support was found for a linear model than é Markov chain
nodel of learning., This result was partially explained by the evidence
of probability learning by, at least, some Ss. Probability learning

is a phenomenon well~represented. by.a linéar model.
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Since "learning" in the Bower and Trabasso model requires that S
first makes an error, then transits to the learned state (with prob-
ability equal to @), the probability that the last error occurs on

trial k is

P(TIE = k) = (1_¢T)(g)[1_(1_¢T)(gi]k-1 (see Millward, 1971)
and »
E(TLE) = f (k)(1-ﬂ)(e)[1-(1-’f‘r)(e) k-1
ket =
_ 1
(1-(e)

Therefore, the best estimate of 6 is

(1) 8- — 1 = .otses where: B(TIE) = X
(1~TT)B(TLE) TLE

The value of 8 can also be estimated from the fotal number of
errors (TE), Since errors are recurrent events (see Peller, 1968, p.
303) and S can learn only be trensiting from an error state (E), the

probability that the total number of errors equals J is

P(TE = j) = 6(1- e)j’1 : (see Millward, 1971)

and

E(TE)

_>“_"1 (3)(8)(i- )7

1
e
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ESTIMATION OF PARAMETERS AND PREDICTIONS OF STATISTICS

Bower and Trabasso (1964) Model of Concept Learning

For references purposes the transition probability matrix of the

Bower and Trabasso (1964) model of concept learning is presented below,

trial n+t
INITIAL
L C . B PROBABILITIES
L 1 0 0 0
trial n R 0 i 1=T7 i
E | o (1~ 9) (1= (1= 9) 1=-TT

Estimation of Paramter Values

The probabilities of making a correct response (77) and an error
response (1-77) bef;;e learning are assumed by the model to be constant,
Therefore, as noted by Restle (1971, pp. 136-137), their estimation is
a simple matter and the best estimates of their values are the mean

correct and error response proportions up to the trial of last error

(TLE), or
A total correct responses
o= total responses up to TLE 74112
@ total error responses
(1-17) = ponses = .25888

~ total responses up to TLE

where: A= estimate of
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Therefore, another best estimate of 8 is

(2) 5= — where: E(TE) = XTE

The value of 8, then, can be estimated from either equation (1)
or equation (2), It should be noted that

1 1

) (1-TNE(TLE) E(TE)
and
B(TE) = (1-THE(TLE)

Thus, as nofed in the Results section, if © is estimated from either
B(TE) or E{(TLE), then it is very likely that the prediction of

TLE or TE will be accurate.

Predictions of Statistics

Equaticns for the predictions of statistics are as follows:

(%) 3D 1= 8(1-TT)

= === (see Millward, 1971)
TLE @“-m, 2

(4) TE = B(TE) = 15 (see Millward, 1971)

(5) SDTE = 1:594 (see Millward, 1971)
)

(6) Number of errors (1=T7)

before the first success = 1-(1-T1(1- 8)

(see Kintsch, 1970, p. 74)
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(1) P(En+1 ]En) = (1-TN (1= 8) (from the Bower and
. Trabasso model)
(8) P(En+1 lCn) = (1=17) (from the Bower and

Trabasso model)

Runs of errors:
Let Ri stand for the event "a sequence of i consecutive error
responses preceded and terminated by one correct response", i.e a

run of i errors. For example,

R1 =CEC
R2 =CEEC
[ ]
= E
R3 C EEC

Since Ri is a non-periodic persistent event, its mean recurrence time

(in this case time is equivalent to trials),JpR., is
i

1
yRi = “(TS‘ where: péé) is the probability of
Ppr remaining in state R or,
alternatively, transiting
from R to R in one step
(see Feller, 1968, p. 443);
. and n (the number of trials),
and, therefore, i, are finite

and the expected value of the number of runs of errors of length i,:Ri,
in n trials, N, , is

Ry

n () (o) L
B(N_ )e—" = (n)(pR ) (see Feller, 1968, p. 321)
Ry jo R5
i
As per the definition of Ri above, the recurrence of Ri is al-

ways preceded by a correct response. Therefore,
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(1)

Prigy = (Pgyc)(Pg o) (Pgyg) « o - (pg ) (2g )

E » L L .
C 1 E2 El C

and

e

B(Np,) = nL(pCIC)(PEQC)(pEiE) s (pE(E)(PctE)]
= a[(M - (1= 91T L L L (1= 9)(1-T(1- 0)(TT)

(9) B) = =7 [(1- &) (1)

Therefore,
o

n-2
(10) (N, )= > E(NRi)

total = i=]
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INSTRUCTIONS
Following is the text of the instructions given to Ss in the
Reward group. The instructions given to the Feedback only and Punish-

ment groups differ where marked with an asterisk (*).

.Instructions1 Today you will have the opportunity to solve a simple
problem, If you receive a high enough score, you will win a prize of
20 or 30 baht.* The problem you will have today is about a new systen
for represgpting numbers. This is a very simple system, but you may
hawre never seen it before, Wheﬁ you understand the principle involved,
you will be able to solve the problem quickly. To begin, you will
receive 50 free points.* Thereafter, each time you answer correctly,
you will receive one more point,.¥

The rules for problem solution are as follows:

In front of you is a brown box. On the front of this box are
tiny red lights arranged in rows and divided into the following groups:
the first group consists of the top three rows, the second group con-
sists of the fourth row, and the third group consists of the bottonm
row, BEach time that these lights illuminate, from one to three of
the lights in group 1 will illuminate. You should notice how many

illuminate. At the same time, one or two lights in group 2 will.

! These instructions are translated from the original Thai.
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also illuminate. These lights in group 2 represent a number, which

is not necessarily equal to the number of lights illuminated, but con-
forms to the prihciple deteruwining the new number representation syse—
tem. The numbers represented will be one, two, and three, For example,
only one light may illuminate in group 2, but that light might repre-
sent the number two.

Your task will be to decide whether the lights in group 2 are
equal or not equal to the lights in group 1. You needn't observe the
lights in group 3.

The me.thod for responding is as follows. When you think the
nqpber represented in group 2 equals the number of lights in group 1,
you should press the switch labeled "equal". When you think that group
1 and group 2 are not equal, you should press the switch labeled "not
equal"; For example, three lights illuminate in group 1 and two lights
illuminate in group 2, and you think that the lights in group 2 repre-
sent the number threc, Thercfore, you should press the switch labeled
"equal". . In pressing a switch, you should press it for only a short
time. And you should press only one switch at a time. There is no
time limit in this problem: so you can use as much time as you want
before deciding which switch to press.

After you press a switch, all of the little lights will go out,

If you have answered correctly, the blue light at the top of the box
will illuminate for a short time. If you have answered incorrectly,

the yellow light at the bottom of the box will illuminate, Besides
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that, if you have answered correctly, the counter at the top of the
box will add one point.* You should remember that, if you answer
correctly, your chance of winning a prize will increase, but if you
answer incorrectly your chance of winning a prize will not be affected,

After either the blue or yellow light illuminates and goes out,
new set of the little lights will illuminate, but it wili not be the
same as the previous set. 7You will have to decide again whether the
lights in group 2 are cqual or not equal to the lights in group 1 and
then press a switch. |

You will have to answer many, many times today, Yod should con-

[ ]

t%nue answering until the teacher in charge tells you to stop. After
you have solved the problem, you should not tell your friends about it,
‘because everyone will have a different problem to solve. If you tell
your friends, they may misunderstand and be unable to solve their pro-
blems, TIf there is anything that you are not sure” about, you should
agk the teacher in charge,

The asterisked portions of the above instructions differed (in
essence) for the other two groups as follows:

Punishment group The Ss in this group were instructed that they

would begin with 150 points and have one point subtracted for each in-
correct answer. There were no other differences.

Feedback only group In place of the first asterisked sentence

S8 were instructed that they would receive five baht for participating,
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whether or not they solved the problem. All other asterisked sentences

were deleted,
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