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ABSTRACT 

The dissertation proposed and tested a quantitative 

model of the processing of sequential information . 

In the first chapter , criticisms were made of the most 

generally accepted current quantification of sequential 

patterns . First, the argument was forwarded that the high 

correlations which support the measure are not truly repre­

sentative of its predictive power. It was demonstrated that 

the measure typically takes on a highl y limited range of 

values, and for this reason cannot account for much of the 

systematic variation found in behaviour. Second , it was 

argued that the measure is conceptually limited, and cannot 

account for the results of a particular class of sequential 

processing studies concerned with temporal patterning . 

In the second chapter a new quantitative model was 

proposed , which provides a measure of sequential patterns 

called " structural embeddedness" or "embeddedness-of-runs ." 

The measure is sensitive to the relative positions of the 

larger and smaller subjective structures within a sequential 

pattern. It takes on a minimum value when the magnitudes of 

structures vary inversely with their degree of embeddedness 

within a pattern . This means that the lowest value obtai ns 

when the largest subjective structures are in the outermost 

positions, the next largest structures in the next outermost 
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positions , and so on . It takes o n a maximum value when the 

opposite is true , and the largest structures are in the 

innermost positions , the next largest in the next innermost , 

and so on . Comparisons of the structur al embeddedness of 

sequences with behavioural data in the literature indicated 

that subjects appear to prefer pa tterns with minimal str uc­

tural embeddedness . Other results examined i ndicated that 

the subjective complexity of sequences varies directly with 

the degree of structural embeddedness . Two main hypotheses 

were proposed: that the complexity of sequences varies as 

a direct f unction of structural embeddedness, and that 

sequences tend to be organized into forms which minimize 

thei r structural embeddedne ss . 

In the third chapter psychological interpretations of 

the model ' s two parameters were considered . The embeddedness 

of s tructures was proposed to reflect the order in which they 

are processed , with outermost structures being processed 

firs t , next outermost , nex t , and so on , res ulting in an " ends­

inward" type of processing . The magnitude of structures was 

given two possible interpretations : e i ther larger struc tures 

required more effort , in the process of forming or , once 

formed , they represented more salient features of a sequence . 

The order- of- processing hypothes i s , and the effort or sali­

ence hypothesis were proposed as subsidiary hypotheses . 

The fourth chapter des cribed the general method use d in 

testing the experimental hypotheses. The method involved 
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tracking subjects' anticipations during processing , and 

classifying responses into correct anticipation , wrong 

anticipation and no anticipation (copy response). 

The fifth chapter described two experiments . Both 

experiments found significant differences in the complexity 

of sequences across levels of structural embeddedness , under 

conditions where other features of sequences were controlled . 

This supported the first hypothesis . The second experiment 

demonstrated a significant tendency for sequences to be 

reorganized towards minimizing structural embeddedness . This 

result supported the second hypothesis. In addition, the 

first experiment confirmed that embeddedness reflects order­

of-processing , and indicated that the magnitude of structures 

affects their salience , with larger structures being more 

readily processed. The structural embeddedness measure was 

therefore interpreted as reflecting the degree t o which the 

most readily processed structures of a sequence are in the 

most readily processed positions. Such an arrangement 

appears to maximize subjective pattern " goodness . " Hypothe­

ses were proposed to explain this finding , and a more general 

psychological theory outlined . 

The final chapter considered possible extensions of the 

theory into the related areas of serial learning and verbal 

processing . Finally, an issue more central to the basic 

theory was discussed. 
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CHAPTER 1 

A PRIORI MEASURES OF SEQUENTIAL COMPLEXITY 

Concerted efforts to establish a psychologically rele­

vant measure of sequential complexity began some 30 years 

ago. Information theory undoubtedly provided a stimulus in 

this direction, but it was quickly realized that the com­

plexity of psychological sequences depended on more factors 

than just their binary information content . MacKay (1950) 

argued for two types of information, structural and metrical . 

Metrical information was a function of the number of events 

falling into pre- established categories or codes , and was 

equivalent to the entropy measure o f information theory. 

Structural information, on the other hand , was a function of 

the category system itself , which depended on the degree of 

differentiation or '' grain" of the receptive mechanism . 

MacKay was interested in the epistemology of the scientific 

experiment , and the relevant mechanisms were therefore 

scientific recording instruments. However , his analysis 

did not preclude structuring effects due to the percept ual 

and logical categories of the observer . Sensory and con­

ceptual systems have a grain also , and this must affect the 

unitization of sense- data . The point was made by Miller 

(1956) specifically for psychol ogical processes . Successful 
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responses to a set of stimulus events imply that information 

has been processed , but the amount of that information 

depends , not on the raw events themselves, but on the events 

as encoded by the observer. The information-processing 

models which appeared subsequent to the general acceptance 

of this idea were therefore concerned with stimulus coding, 

and characteristically attempted to simulate how the human 

processor structures a stimulus sequence (Glanzer & Clark, 

1962; Leeuwenberg , 1969; Payne, 1966 ; Restle, 1967, 1970; 

Simon & Kotovsky , 1963; Vitz & Todd , 1969). 

Identifying the psychological structure is a f irst step 

towards quantification of a sequence , since it establishes 

the appropriate units of a sequence. The second step is to 

identify what operations should be performed on these units 

to provide a meaningful overall index of sequence complexity . 

The most common procedure has been to sum the number of 

coded groups, to obtain the "code-length" of a sequence 

(Glanzer & Clark, 1962; Leeuwenberg, 1969; Simon & Kotovsky, 

1963). Vitz and Todd (1969) proposed an alternative , 

information-theoretic measure , H which accounted for code ' 

about 10% more of the variance in performance scores than 

code-length , but at the cost of a considerable increase in 

computational complexity. Simon (1972) reported a high 

correlation betweeh H d and code- length, in the order of co e 

.9, and proposed therefore the acceptance of the simpler 

measure as the basic index of sequence compl exity. Simon 



assumed run- coding in this calculation of code-length, 

taking runs of adjacent identical e l ements to be the basic 

structural uni t s of binary and trinary sequences . The 

present concern is with binary sequences , and this practice 

will be followed. Therefore the terms "code- length" and 

"number- of-runs" will be used synonymously in referring to 

this particular measure of complexity . 

The number- of-runs measure correlates highl y wi th 

various response measures o f pattern complexity, such as 

3 

t he judged complexity of sequent ial patterns , errors of 

recall , and number of learning t rials . It typically account s 

for around 80 % of the variance in performance scores . What 

is the justification then for introducing a new measure of 

sequence complexity? The major reason is that code- length 

characteristically generates a highly restricted range of 

values for a given set of sequences , compared t o the variety 

in performance scores. In typical cases only a few predi ctor 

values are correlated with a response variable having many 

more different-val ued scores. Frequently the ratio is in 

the order of 1 : 2 . This has had two consequences. First , it 

means that the high correlations reported have g i ven a mis­

l eading impression of the actual goodness of fit between 

code- length and performance . Second , it means that code­

length cannot account for the observed range of behaviour ; 

there is more systematic variation in behaviour than there 

should be , according to the code- length measure of sequences. 



Correlation as a Mea sure 
of Goodnes s-of- Fit 

It has become standard practice in sequential process­

ing to test a theoretical measure of complexity in terms of 

its correlation coefficient with performance scores (Leeu­

wenberg , 1969; Simon , 1972 ; Vitz & Todd , 1969). This 

represents a departure from the formal assumptions of 

correlation , since in these cases one variable is clearly 

designated the independent variable , and interest lies in 

prediction in a specified direction , as opposed to the 

4 

mutual predictability of two variables. However , this 

departure may not always have serious consequences, and the 

procedure has the advantage of estimating goodness-of - fit in 

terms of a single score on a standard scale. This is useful 

when comparing results across experiments . Nevertheless , 

seriously misleading impressions may resul t when the 

independent variable has a highly restricted range of values 

compared to the dependent variable . For convenience, the 

number of different val ues of scores on a variable will be 

referred to here as the "variety" of scores . The present 

criticism is that frequently number-of- runs has a low variety 

of values , compared to pe rfor mance scores . For example, in 

a study by Roye r and Garner (1966) considerable variety in 

performance score s was obtained. Difficulti es of course 

arise in assigning a pre cise val ue to variety . Variance 

depends on the scale of measurement and is not a suitable 
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measure . Variety refers to the number of different scores , 

but how different is different on a cont inuous scale of 

measurement ? Adopting the rough procedure of dividing the 

range by the number of scores to estimate an average " unit ," 

and adopting scores at least one uni t apart as having 

different values , then the variety of per formance scores 

was 12 , out of 19 sequences. If in this experiment number-

of- runs had been used as a predictor , it would have had the 

task therefore of predicting 12 different performance val ues . 

However , the number-of-runs variable for the sequences 

itself took on only 3 different values. Nevert heless , t he 

correlati on was in t he order of . 9 . This i s typically the 

case . In a study by Galanter and Smith (1958) , performance 

scores took on 4 distinct values , while number- of- runs had 

a corresponding variety of 2. Again, the corr elation was .9 . 

In studies repor ted by Vitz and Todd (1969) the variety of 

performance scores for two sets of trinary sequences were 1 0 

and 13 . The corresponding code- length scores had a var iety 

of only 4 and 7 respectively. Correlations were agai n high. 

If we think of variety as an i ndex of the sensitivity 

of a var iable , then the code- length measure is considerably 

less sensitive than the performance measures in use . The 

ratio of performance to code- length variety ranges here from 

4 : 1 t o 1.9:1 , and generally appears t o be of the order of 

2: 1. This means that when code-length and performance 

scores are correlated , the independent variable has 
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typically half as many different scores as the variable 

which it is being used to predict . 

The problem, then , is one of " heterogeneity of variety ." 

A predictor with lower variety than a set of scores cannot 

account for those scores , and if the performance scores 

themselves are systematic , then the predictor does not have 

a high enough degree of differentiation to map onto them . 

Unfortunately , the correlation coefficient is not particu-

larly sensiti ve to heterogeneity of variety . So long as 

scores on two variables fall in approximately the right 

order , variety on one of the two variables can be reduced 

considerably without much effect on their correlati on. A 

small simulation was conducted to examine the behaviour of 

the correlation coefficient under variety conditions 

typical of the variables used in sequential processing. 

The number of sequences employed experimentally may 

range from 4 to 24 , and for purposes of the example a sample 

size of 10 was selected as fairly representative . Next , a 

performance variable was constructed having the values 1 to 

10. This gave a variety of 10 , which i s common for perfor­

mance scores in the area . Thereafter , a set of independent 

variables was correlated with the performance scores , each 

independent variabl e being of lower variety than the 

preceding one . The first independent variable was identical 

with the performance variable. Thereafter scores on the 

independent variable were progressively transformed into the 
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two most extreme values, two at a time . After four such 

transformations the independent variable consisted of five 

ls and five 10s (see Table 1) . Thereafter 10s were progres­

sively transformed into ls , until the variabl e consisted of 

nine ls and one 1 0 . The effects of these progressive 

reductions in variety on the correlation coefficient are 

shown in Table 1 . 

Table 1: Effects on r of Restricting Variety in the Independent 
Variable 

Dependent 
The Independent Variable 

Variable 
10 8 6 4 2,5 2 , 4 2 , 3 2 , 2 2 ,1 

1 1 1 1 1 1 1 1 1 1 
2 2 1 1 1 1 1 1 1 1 
3 3 3 1 1 1 1 1 1 1 
4 4 4 4 1 1 1 1 1 1 
5 5 5 5 5 1 1 1 1 1 
6 6 6 6 6 10 1 1 1 1 
7 7 7 7 10 10 10 1 1 1 
8 8 8 10 10 10 10 10 1 1 
9 9 10 10 10 10 10 10 10 1 
10 10 10 10 10 10 10 10 10 10 

r= 1.00 . 99 . 97 . 94 . 87 . 85 . 80 . 72 . 55 

It can be seen that under the conditions descri bed t he 

variety of scores on the independent variable can be reduced 

to 2 and yet a respectable correlation of .87 will result . 

The preceding column , in which the variety is equal to 

4 , represents a situation which is highly analogous to sets 

of sequential processing scores. The ratio of the variety 

of scores on the dependent and independent variables is 
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2 . 5:1, with a correlation of . 94. It might be said that the 

independent variable accounts for 88 % of the variance in 

performance scores . It is clear from the example , however , 

that this cannot be taken to reflect the true predictability 

of scores from the independent variable . Dr awing a score by 

chance from the independent variable and guessing the 

corresponding dependent value the average probabi l ity of 

being correct is . 4 . The next column to the right represents 

a more striking case . Here the probability of correct pre­

diction is .2 , yet the correlation is still . 87. This , of 

course , is a crude comparison , since the probability of 

guessing the correct value does not take into account how 

close the guess is likely to be . But even when this i s 

taken into account , a few- valued variable is likely to be 

a rather crude analogue of a many- valued variable . For the 

two- valued column , where t he correlation is . 87 , the best 

estimate given a value of 1 is that the corresponding depen­

dent value is 3 , and , given a 10 , that the corresponding 

value is 8 . This represents an extremely crude level of 

prediction, given the fine range of values on the dependent 

variable, and this is precisely the problem with the number­

of- runs measure ; while it tends to place response scores in 

the right order , it does notdiscriminate gradations within 

that order . For this reason number- of- runs can provide only 

a gross measure of performance . 
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Simon (1972) proposed that number- of- runs is comparable 

in power to H d as a measure of sequence complexity . The co e 

major evidence was that number- of- runs correlates highly 

with both H d and performance scores . However , if the co e 

variety of the variables i s examined , H d i s found to be co e 

two to three times as sensitive as number- of- runs , and in 

fact to have about the same variety of scores as the associ­

ated performance variables . This is a fur ther example of 

the misleading impression which may arise if only the corre­

lation between performance and predicted scores is examined. 

Because of the restricted range of values typical of 

the number- of-runs measure , a misleading impression of its 

goodness-of-fit has arisen . The variable does not have the 

necessary degree of differentiation to account for sequence 

performance , and therefore cannot give detailed predictions 

of behaviour . The deficiencies of the code- length measure 

are particularly in evidence when it is applied to the 

results of temporal patterning experiments . The impli cations 

of those results for theories and measures of sequential 

processing are considered briefly below. 

Tempo r al Patterning Ex periments 
and Segmentation E ffects 

When a sequential pattern is iterated with no cues to 

indicate where the pattern repeats it may be referred to 

as a closed- cycle sequence (Glanzer & Dolinsky, 1965). 

Assuming such a sequence to be already in process , then 



there are as many different ways to segment the sequence 

into patterns as there are elements in the sequence. Thus 

10 

if the sequence consists of n items before repetition, there 

are n possible starting points from which to generate dif­

ferent patterns of n items in length. Not all logically 

possible segmentations are equally preferred by subjects , 

however , and the results of the temporal patterning experi­

ments conducted by Garner and his associates have demon­

strated the existence of strong organizational preferences . 

Summarizing the major findings , it has been shown that , 

first, when sequences are presented with no syst ematic 

biases towards particular segmentations , certain segmenta­

tions are nevertheless spontaneously adopted significantly 

more frequently than others . These preferred patterns are 

correctly reproduced in fewer trials and with fewer errors 

than non- preferred organizations (Royer & Garner , 1966 , 

1970) . Second , when subjects are given sequences to repro­

duce from particular starting points , the preferred type of 

pattern can be reproduced at a faster rate before error than 

non-preferred forms (Royer , 1967) . Third , when subjects 

learn sequences by the method of anticipation , sequences 

started from preferred points tend to be learned in that 

form, while sequences started on non-preferred points tend 

to be reorganized into preferred forms (Garner & Gottwald, 

1967) . Fourth, when familiar patterns are presented, pre­

ferred forms are identified more rapidly than non-preferred 
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forms (Handel & Lewis, 1970) . 

The experiments mentioned above, together with other 

f i ndings (Garner & Gottwald , 1968; Preusser , Garner & Gott­

wald , 1970) , form a coherent body of empirical results which 

demonstrate the importance of organizational factors in the 

processing of sequential patterns . Such organizational 

effects have been found in a number of differ ent processes , 

including the acquisition , recognition and reproduction of 

patterns , and by a number of different experimental 

approaches , such as tracking , anticipation learning and 

motor production . There can be no doubt as to the relia­

bility of the phenomenon . The r esult s present a serious 

c hallenge t o current t heories and measures in the field of 

serial pattern learning . The two areas , temporal patterning 

and serial pattern learning, frequently employ the same 

patterns, and have many other similarities . Both types of 

experiment tend to evoke the same kinds of substructures 

during the process of acquisition (Garner & Gottwald , 1967; 

Restle & Burnside , 1972) . Theoretical measures of pattern 

complexity , derived from serial pattern learning models, 

have been shown to predict performance in temporal pattern­

ing experiments (Vitz & Todd , 1 969 , using dat a f r om Royer & 

Garner , 1966) . Nevertheless , there is one important area of 

non-overlap betwe en them, the segmentation effects described 

earlier, about which serial pattern learning models have 

little to say . The Simon and Kotovsky (1 963) model assumes 



that subjects begin processing by establishing a salient 

anchor- point , and the model will therefore predict the 

appearance of certain segmentations rather than others . 
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The Vitz and Todd (1969) model assumes that , in the proc ess 

of encoding, certain organizations are unstable and will 

reform into stabler encodings while , in other cases , several 

alternative segmentations may be possible , depending on 

where encoding begins. Thus the model allows for more t han 

one organization of a sequence . However, in neither of 

these models do the assumpti ons appear to be suffi cient to 

account for the empirical findings of temporal patterning . 

The anchor- point assumption leads to the expectation that 

subjects will segment sequences by starting on a salient 

point . In binary sequences this might be with the longest 

run. This corresponds in part with the results of Royer and 

Garner (1966 , 1970) which indi cated a strong tendency for 

sequences to be organized starting with the longest run . 

However , there was an equally strong tendency to end 

sequences with the longest run , which cannot readily be 

explained by the anchor hypothesis . Taking those sequences 

from Royer and Garner (1966) which cannot have an equally 

long run at both the beginning and the end of a pattern , 

that is , taking sequences where the two tendencies cannot 

both be satisfied , the proportion of cases where the longest 

run is placed at the start is 49 . 3 , at the end is 50 . 7. The 

tendencies appear to be almost exactly equal . This is 



13 

consistent also with the results of Royer and Garner (1970), 

where it was reported that preferred patterns are symmet­

rical , with the longest runs at the ends of the patterns. 

This symmetry is not consistent with the anchor hypothesis. 

The Vitz and Todd (1969) model permits alternative pattern 

organizations to appear, but again, not in a manner which 

is entirely consistent with the empirical findings. The 

model does not permit runs to be broken by segmentation, 

which means that a sequence cannot start and end with the 

same type of element , and this is consistent with the 

experimental results . Subjects appear to avoid this kind 

of organization (Royer & Garner, 1966), and it is unstable 

when given to subjects (Garner & Gottwald, 1967) . However, 

as with the Simon and Kotovsky (1963) model, the Vitz and 

Todd (1969) model does not appear able to predict the 

end-stacking tendency with long runs . 

Other models of serial pattern learning do not address 

the issue of segmentation at all , and appear to make the 

implicit assumption that the sequence is presented to a 

subject from a particular starting point , and that this 

starting point is retained throughout the acquisition 

process. Given the finding that certain forms tend to 

reorganize , this is no longer a plausible assumption 

(Garner & Gottwald, 1967) . 

Segmentation effects pose a problem for the code-length 

measure as well as for the coding assumptions of pattern 
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learning models . The probl em is that of restricted range, in 

a new form. 

For any given sequence , some starting points give a 

pattern which is quickly acquired with few errors , while 

others yield difficult patterns , still others patterns of 

int ermediate complexity. Thus , by permuting the start ing 

points of a single sequence, a set of patterns ranging in 

difficulty may result . The code- length index , however , 

shows no corresponding spectrum of values under permutation 

of starting point. In fact , there are always only two 

different values , except when the sequence consists of a 

single run or alternation , in which case there is only one 

value . The lower value is obtai ned by starting the sequence 

at the beginning of a run . The number of ways thi s can be 

done is equal to the number of runs . The higher value , 

which is always one greater than the lower value , results 

whenever the starting point breaks up a run. The number 

of ways that this can occur depends on the number of runs 

and their lengths. Clearly , the variety i n code-length 

values will always be relatively low when starting-point is 

permuted , with at most two possible values. This is not 

sufficient to account for the systematic variation in 

behaviour due to segmentation effects . 

The aim of this chapter was to indicate certain defi­

ciencies in the code- length measure of sequence complexity. 

Criticisms centred on the l i mited range of that variable . 
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In the following chapter a new measure of complexity is 

introduced , called"embeddedness- of-runs" or " structural 

embeddedness." The measure is sensitive to more information 

in a sequential pattern than the number- of- runs , and takes 

into account in addition the sizes and positions of runs 

within a pattern. The measure consequently has a greater 

range of values both for a g iven set of sequences, and for 

a set of starting permutations within a given sequence. 

This makes it a potentially more sensitive measure than 

code-length, one capable of measuring both sequence com­

plexity and segmentation effects . 



CHAPTER 2 

EMBEDDEDNESS- OF-RUNS 

The aims of the present chapter are to describe the 

embeddedness-of- runs measure and to test it against avail­

able data in the literature. 

Embeddedne ss - o f - Runs 

The useful convention has arisen of descr ibing binary 

sequences as ordered sets of run lengths. The sequence 

XXXOXXOO , for example , can be thus encoded as (3122) , where 

each integer represents the length of a 

of integer signals a change of element . 

run , and a change 

The set of numbers 

generates either the original sequence , or its complement , 

OOOXOOXX, and if equivalence between complements is assumed, 

the notation preserves all relevant information about a 

sequence . The number of entries in the code gives the 

code- length of a sequence . 

One way of summarizing the results of Royer and Garner ' s 

(1966) experiment is to say that subjects behave as if they 

prefer certain orderings of a run code over others. Longest 

runs are preferred at the beginning or end of a pattern , 

which is equivalent to saying that 3122 and 1 223 are 

preferred codes . Royer and Garner (1970) observed an 

additional principle underlying empirical preferences . 

16 
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Subjects apparently preferred patterns to have increasing 

or decreasing run lengths . Good patterns were those with 

symmetry or progression , or both. Garner concluded that a 

good patte rn is one " . .. that both begins and ends with 

a long run, or that begins or ends with a long run either 

preceded or followed by a run of next shorter length, wi th 

regular progression in length beyond that .. .. It ' s not 

just a matter of beginning a pattern with a long run that ' s 

important--it ' s the relation of that run length to other 

run lengths in the pattern that matters " (Garner , 1974 , 

pp . 55- 56) . 

Royer and Garner (1966 , 1970) identified certain qual­

ities of sequences which characteristically resulted in good 

or poor subjective patterns . The new measure o f patter n 

complexity was a result of attempts to give quantitative 

expression to those empirically derived qualities . Longest 

runs are preferred at the ends of a sequence, followed by 

the next longest runs, and so on . Let the distance of a 

run from e ither end of a pattern be defined as its " embedded­

ness ," such that for a pattern of n runs , runs 1 and n are 

least embedded , 2 and n-1 are the next least embedded , and 

so on . The lowest embeddedness value is defined as one , 

and thereafter integer values are assigned in increasing 

order of embeddedness . The embeddedness of each run of the 

pattern 3122 is shown in Tabl e 2 . 
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Table 2: Embeddedness Values for an Ordered Set of Four Runs 

embeddedness (e. ) 1 2 2 1 
l. 

run size ( r.) 
l. 

3 1 2 2 

Notice that the embeddedness of a run depends on its position 

relative to the starting-point of the perceived pattern . If 

the sequence were segmented differently, starting on the 

singleton, for example , the runs would be assigned different 

embeddedness values. Embeddedness is therefore a character­

istic of s equences which varies with segmentation. 

Next , the quantity E is defined as : 

n 
E = E e . . r. 

i=l 1. 1. 

where e. is the embeddedness of the i th run and 
l 

r. is its size . 
l 

The variable, E , is refe rred to as the embeddedness-of-runs 

of a sequence , or more generally , as its structural embedded­

ness (for cases where structures other than runs provide the 

relevant units of a sequence) . The embeddedness-of-runs of 

a given sequence will tend to be minimal when the longest 

runs are at the ends , the next longest runs next, and so on , 

and therefore the measure will tend to be minimal when a 

pattern is organized to correspond with the empirically 

observed principle s of pattern preferences . 



Table 3 shows how E changes for all possible starting 

points of the sequence 3122 . Corresponding code- length 

values are also shown . 

Table 3 : Structural Embeddedness (E) and Number-of- Runs for Eight 
Possible Organizations of a Binary Sequence 

Starting Point Run Structure E Number-of-Runs 

1 3122 11 4 

2 21221 15 5 

3 11222 15 5 

4 1223 12 4 

5 2231 13 4 

6 12311 17 5 

7 2312 12 4 

8 13121 15 5 
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The sequence in Table 3 has eight elements , and there­

fore eight distinguishably different starting- points . 

Whenever a starting- point breaks a run an extra run is 

created , which is the reason why there are two different 

number- of- run values , 4 and 5 . Breaking a run also c r eates 

an extra position within a sequence , which means that the 

set of embeddedness values changes from 1221 to 12321 . When 

the embeddedness values of each position are multiplied by 

the size of run occupying that position , and summed across 

all positions , the E-score for that particular organi zation 

is obtained . It can be seen from Table 3 that structural 

embeddedness has a greater variety of different val ues than 
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code-length, in the ratio of 2:1. This is typical of the 

different sensitivities of the measures . It will be recalled 

from Chapter 1 that the ratio of performance score to code­

length variety was also about 2 : 1. This indicates that 

structural embeddedness and performance measures have a 

similar sensitivity. 

Embeddedness - of- Runs and 
Segmentation Effeats 

Embeddedness-of-runs was derived by induction from 

c ertain experimental results , and consequently will corre­

late to some degree with those results . In testing the 

measure, it is therefore important to distinguish what was 

put into it in the first place from what are new, emergent 

properties of the measure itself . The measure was con­

structed to reflect the obs erved preferences of subjects 

to organize sequences with the longest runs at the start or 

end of a repeating patte rn . E will tend to be minimal when 

a sequence has this property . Consequently , it is to be 

expected that subjects will prefer organizations which 

minimize the structural embeddedness of that sequence . This 

minimizing value will be referred to as E . and positions min 

which yield the minimum score will be referred to as E . min 

positions , or simply as minimum positions. 

In Royer and Garner ' s (1966) study subjects listened to 

sequences until they felt able to track the sequence on 

r esponse keys , at which point they began responding. This 
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response point was taken to indicate the phenomenal starting­

point of the pattern . It is to be expected , given the 

derivation of E, that such points will most frequently be 

points for which structural embeddedness is minimal , and 

this is the case . Of the 19 sequences , 16 were most 

frequently organized to yield E . scores , the remaining 3 min 

giving an E- score one point greater in a possible range of 

five . However, nothing in the empirical results suggested 

that there would be secondary preferences , and that the next 

most frequently selected patterns would have particular 

characteristics . In all cases , when the second most fre­

quently chosen points were examined , however , they were 

found to be those points which generated the lowest remain­

ing E- scores. This seems to represent some support for E 

as a continuous variable of pattern goodness, with gradations 

of preferences corresponding to gradations in the E- values 

of the different possible organizations . 

A further interesting relationship emerges when the 

frequencies of selection of E . positions are plotted in min 

decreasing order of size . This is shown in Table 4. The 

table shows the run structure of the 19 sequences , then the 

minimal E- score for those sequences, then E . divided by min 

the number of positions within a sequence which give that 

scor e , and finally the total frequency with which E . min 

positions were s elected . It can be seen that low E . min 

scores tend to occur in higher positions, high E . scores 
min 
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Table 4: Frequency of Response Point Selection as a Function of E . 
and E. /n nun 

Sequence 

B 

s 
E 
C 
D 
F 
G 

H 
I 
L 

Q 
0 
N 

J 
K 
p 

M 
R 

T 

min 

Run Structure 

11 
211211 
71 
22 
31 
44 
53 
62 
111113 
1115 
2123 
3122 
1214 
3113 
4211 
221 3 
4112 
211112 
212111 

E 
min 

2 
16 

8 
4 
4 
8 
8 
8 

14 
10 
11 
11 
11 
10 
10 
11 
10 
14 
15 

E . /n 
min 

1 
2 .7 
4 
2 
2 
4 
4 
4 
7 
5 
5 . 5 
5 . 5 
5 . 5 

10 
10 
11 
10 
14 

7.5 

Note : Da ta from Royer and Garner (1966). 

Frequency of Selection 
as Response Point 

100 
98 . 5 
95 . 3 
93 . 8 
93 . 8 
92 . 2 
92 . 2 
85 . 9 
78.1 
77 . 3 
72. 7 
67 . 1 
66 .4 
50 . 8 
47 . 7 
46.1 
41. 9 
31.3 
28 . 9 

lower in the table . This suggests that while E . organi-min 

zations are generally the most attractive patterns for a 

given seque nce, the strength of that attraction diminishes 

as E . increases . There are reversals to the tre nd, in 
min 

sequences for example . Here , however , six of the eight 

s equence positions generated E . This suggests that the min . 

more ways there are to organize a sequence to obtain a 

minimal score, the more frequently will such organizations 

be selected . For this reason the number of E . positions min 

in a sequence was t aken into account , by dividing E . by n ~ min 
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the number of E . positions . 
min 

If the probability of organ-

izing a sequence around an E . position depends on the min 

avail ability of the position as well as on its absolute 

value , this function should have a negative correlation with 

frequency of selection . In fact, the correlation was - .90. 

The relative variety of scores on the two variables can be 

compared by inspection. They are roughly equivalent . 

Defining variety as before, E . /n has 8 ''different" values, 
min 

frequency , 11 . The corresponding variety of code-length is 

only 3 . 

It may be useful here to stress a point which has been 

implicitly made up unt i l now. Structural embeddedness is 

calculated by making assumptions about the coding of a 

sequence , and the measure can be only as good as those 

assumptions are correct. Here , runs are taken to be the 

effective units , but the concept of structural embeddedness 

will apply equally well to units formed under other coding 

principles. While it is true that with binary sequences 

runs are likely to provide the basic structure , depending on 

the particular sequence , other units may form . With 

sequence I , for example, where the run structure was 111113 , 

Royer and Garner (1966) have suggested that the first four 

items may have been coded as two alternations (XO) (XO). 

This would change the structure to 2213 and E . to 11 , min 

instead of 14. Using this value in the correlation calcu-

lation, r improves slightly , to -.91 . Sequence Risa 



second example where alternation coding is likely to have 

occurred, changing the structure from 211112 to 2222 and 

E . from 14 to 12 . This improves the correlation again , mi n 
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to -.92 . Occasionally , in cases like these, where there are 

long strings of single elements , it will be ass umed that 

alternation coding has occurred . 

A second study by Royer and Garner (1970) provides 

further data relevant to the embeddedness- of- runs measure . 

In identifying subjective starti ng preferences , the problem 

arises that the sequence must start somewhere , and this may 

bias subject s towards a particular starti ng poi nt . In fact 

Garner and Gottwald (1968) found that for slow rates of 

presentation , subjects simply accept the organization 

implicit in the starting point provided by the experimenter . 

Royer and Garner (1966) had allowed for this by using 

exhaustively all possible starting points . In their later 

study, they used the more economical technique of s tarting 

all sequences at a rate of 30 elements per second , too fast 

for the given starting point to be identified , and then 

reducing the rate until subjects could report the patter n . 

The reported form was assumed to reflect subjective organi­

zation , and starting preferences were assessed in terms of 

the frequency of report of the possible forms . Sequences of 

four and six runs were used , but the six-run s equences 

tended to have many single- element runs . This raised 

ambiguity about whether subjects had used run or alternation 
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coding , and so these sequences were i gnored . When the 14 

remaining sequences were examined , it was found that in all 

cases E . forms had been the forms most frequently reported min 

by subjects. 

If the number of different ways of obtaining a minimal 

value for a sequence is taken into account, as before , by 

dividing the E- value by that number, the resulting variable 

was again found to correlate with the frequency of selection 

of minimal values . The correlation was r = - . 93 , indicating 

that the '' attractiveness " of E . organizations is a function min 

of the absolute value of its structural embeddedness , and its 

availability. 

The relationship of embeddedness- of- runs to the results 

of both studies shows the same pattern. In both cases, the 

organizations most frequently selected by subjects minimized 

the structural embeddedness of sequences . The strength of 

this tendency, however, weakened as the absolute value of 

E . increased. When the availability of E . positions min min 

was taken into account , then a strong correlation was found 

to exist between the absolute value of the minimal E- score 

positions and the attractiveness of those positions . It 

appears , then , that structural embeddedness reflects some­

thing of the goodness of patterns . The lower the structural 

embeddedness of a sequence from a particular point, the more 

likely is the sequence to be segmented into a pattern start­

ing from that point . 
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Frequency of s election is one measure of pat tern good­

ness . When subjects spontaneously select one type o f pattern 

over another , there is evidence that such a pattern is 

psychologically preferred. Such patterns are also acquired 

more quickly , with fewer errors , and these facts together 

provide a set of operations which define goodness . Further 

indicants of pattern goodness were established by Garner and 

Gottwald (1967) in an experiment i nvolving the ant ici pati on 

learning of sequentia l patterns . 

Subjects were presented with two different lights 

positioned to their left and right . There were two basic 

sequences , RRRLL and LLRLR , where Rand L indicate right and 

left lights respectively . Sequences were started from all 

five positions , giving 10 different patterns in all . Once 

started, a sequence repeat ed continuously . Subjects learned 

two patterns , one from the RRRLL set, one from the LLRLR set . 

When subjects had learned a sequence they were a s ked to 

describe the pattern verbally . Someti mes the starting point 

of the verbal pattern retained the starting point given at 

the beginning of the procedure; sometimes it did not . In 

other words , it appears that subjects sometimes organized 

the sequence in the given form , at other times reorganized 

the pattern into an alternative form . Interest here is i n 

whether such shifting occurs systemati cally , and in partic­

ular whether reorganizations occur in the directi on of 

reducing structural embeddedness . If indeed preferred 



patterns are those with low structural embeddedness , then 

reorganizations which reduce E shoul d be relatively more 

frequent than reorganizations which increase i t . This can 

27 

be tested directly. Garner and Gottwald (1967) report the 

tot al number of shifts occurring from and to each posit ion 

in a sequence. A total of 226 occurred. Of these , 25 

resulted in higher E- scores , 21 in equivalent E-scores and 

180 in lower E- scores. The results support the hypothesis 

that reorganizations tend to occur in a direction of reducing 

the structural embeddedness , and indeed of mi nimizing it , 

since 170 of the 226 shifts reduced the structural embedded­

ness of the sequence to its l owest possi b l e value . 

There is a second method of examining the relationship 

between shifts and structura l embeddedness . Two sets of 

probability values can be calculated from Garner and Gott­

wald ' s data . One is the probability that a given starting 

point will be retai ned . The second is the probability that 

a given point will usurp the starting position . The first 

may be regarded as a measure of the stability of a pattern 

around a given starting point , the second is a measure of 

the attractiveness of an al t ernative position. These vari­

ables turn out to have a correlation o f . 96 . This indicates 

that a pattern which is stable when given , is also attrac­

tive when not given . Since the measures seem to reflect the 

same thing , only the first has been s hown in Table 5 . The 

table gives the run structure of the patter ns, the 



corresponding E-values and the probability of a pattern 

retaining its given form . 
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Table 5 : Probability o f Retaining a Sequence Organization as a Function 
of Structural Embeddedness 

Run Structure Structural Embeddedness 
Probabil ity of 

Retaining Organization 

32 5 . 925 
23 5 . 825 
122 7 . 100 
221 7 . 023 
131 8 . 075 

2111 7 . 750 
1112 7 . 600 
1121 8 . 250 
11211 8 . 150 
11111 9 .250 

Note : Data from Garner and Gottwald (1967) . 

The upper part of Table 5 shows the probability of 

retaining a given organization for the simpl er set of 

s equences . The probability values indicate the likelihood 

that the starting-point given on the first trial was also 

the starting-point of the verbal description given by the 

subject at the end of the experiment . It can be seen by 

inspection that the minimal patterns were the most stable , 

and there is a trend of decreasing stability with increasing 

embeddedness- of- runs . A similar trend i s apparent i n the 

more difficult set of sequences , in the lower part of the 

table. Again , E . positions provided the most stable min 

organizations . However, the tendency was less strong than 



in the case of the simpler sequences , where the absolute 

value of the minimum position was lower . This corresponds 

to the previous findings using data from Royer and Garner 

(1966 , 1970) , that while E . positions tended to be the min 

most attractive positions , the strength of this tendency 

varied across sequences as a function of the abs oZute 

values of E . . min 
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In brief summary , the data from three temporal pattern-

ing experiments were examined , and in all cases it was found 

that the pattern preferences indicated by subjects corre­

lated with the structural embeddedness of the chosen 

sequences . In particular, the results showed that the lower 

the structural embeddedness of a pattern , the more likely 

that pattern was to be selected and retained by subjects . 

In this respect the structural embeddedness measure is 

superior to the code-length measure , which has no conceptual 

relationship to pattern preferences . 

Embeddedness - of- Runs and 
Sequence CompZexity 

A number of empirical measures of sequence complexity 

have been reported in both temporal patterning experiments 

and serial pattern learning experiments . The measures have 

included, number of trials to a performance criterion 

(Galanter & Smith , 1958) , number of errors to acquisition 

(Royer & Garner, 1966) , rate of motor production (Royer , 

1967), errors of recall and complexity ratings (Vitz & Todd, 



1969) . The correlation of these and other measures with 

the structural embeddedness of sequences is examined in 

this section. 

Royer and Garner (1966) reported three response 
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measures of sequence complexity, median number of trials to 

respond, number of errors , and variability in response 

points selected by subjects. The last variable measured 

the average uncertainty in bits of pattern choices , and 

takes on low values when there is one highly preferred 

starting-point, high values when there are no clear starting 

preferences . The measure, response point uncertainty (RPU), 

is taken by Royer and Garner to be a measure of pattern 

goodness , with better patt erns having fewer alternative 

organizations . Consequently , the measure should correlate 

with structural embeddedness , which appears to be an a 

priori measure of pattern goodness . The correlation 

obtained was .94.* The relationship of E . to the other min 

response measures , errors and trials , was less strong , with 

coefficients of . 72 and .76 respectively. Nevertheless , the 

values are as high as the intercorrelations of the response 

measures themselves. The average correlation between the 

three response measures was .76 , while the average correla­

tion between E . and each of the three response measures 
min 

was .81. Embeddedness-of-runs was therefore as good a 

*All correlation coefficients reported were significant 
beyond the .05 level . 
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predictor as possible, given the reliability of the perfor-

mance measures. 

Royer (1967) measured the complexity of the same 

sequences by another technique . The sequences were presented 

on printed cards to subjects and the task was to reproduce 

the sequences on response keys at gradually increasing 

rates. The production rate was cued by an auditory pulse 

which started at a rate of one per second and i ncreased by 

.2 per second at the end of each cycle. Trials continued 

until the first error, and the maximum response rate at this 

point was recorded . Royer compared the maximum rates for 

16 8- element sequences with the response scores obtained for 

those same sequences by Royer and Garner (1966). Royer ' s 

measure , response rate , was found to have a correlation of 

- . 77 with errors from Royer and Garner (1966) , -. 68 with 

trials and -. 91 with RPU. The average correlation between 

these response variables was -. 79. 

with Royer ' s response rate was - . 83 . 

The correlation of E . min 

Again, structural 

embeddedness showed as strong a relationship with the 

response variable as could be expected, given the relia­

bility levels of the response variables . 

Preusser (1972) reported a study in which complexity 

measures were incidentally obtained. The results are of 

interest here because number- of- runs was constant across 

sequences, and consequently cannot explain any systematic 

variation in errors. Subjects listened to repeating 
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sequences of tones which had patterns of from 5 to 12 

elements. The task was to describe the pattern as soon as 

possible , either verbally or by tapping . The lowest number­

of- runs for all sequences was four . This was therefore the 

code-length of a sequence, so long as subjects began the 

pattern at the start of a run . If , on the other hand, the 

description began in the middle of a run , code- length 

increased to five . However , starting in the middle of a 

run occurred only 16 times in 1320 responses , or about 1% 

of the time . This meant that almost all sequences had been 

4-run sequences in terms of subjects ' organizations , and 

consequently no systematic variation in e r ror scores was to 

be expected on the basis of code- length. There was never­

theless a range of error scores, having a variety of 10 

different values . The correlation of errors with minimum 

E-scores of the sequences was . 81 . 

The previous results were from the area of temporal 

patterning . Those which follow are from the area of serial 

pattern learning . Although the two areas employ similar 

kinds of stimuli, there are several differences between them . 

Temporal patterning hypothesizes holistic , perceptual-based 

processes , serial pattern learning stage-wise , learning-

based processes . Temporal patterning is primarily interested 

in segmentation or starting-point preferences , serial pattern 

learning in sequence complexity . Temporal patterning typi­

cally employs faster presentation rates, and a tracking mode 
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of response, serial learning a slower presentation rate and 

an anticipation learning mode of response . Nevertheless , 

certain equivalences have been found between the areas 

(Garner & Gottwald , 1967, 1968; Restle & Burnside , 1972) . 

The results examined below suggest that structural embedded­

ness is as good a predictor of the complexity of serial 

patterns as it was of the goodness of temporal patterns . 

Galanter and Smith (1958) used six different sequences 

in an anticipation learning paradigm. Subjects guessed each 

element in advance until they could identify the repeating 

pattern , and the number of trials to this point was recorded. 

Because of some extreme values, the median number of trials 

was used . Median values are shown in Table 6 for the six 

sequences . Both structural embeddedness and code- length 

values are given for purposes of comparison . 

Table 6 : Median Number of Learning Trials as a Function of Code-Length 
and Structural Embeddedness 

Structure 
Structural 

Code-Length 
Median 

Run 
Embeddedness Learning Trials 

11 2 2 5 . 5 

21 3 2 14.0 

22 4 2 14 . 0 

31 4 2 14.0 

41 5 2 26.5 

1121 8 4 49.0 

Note : Data from Galante r and Smith (1958) . 
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The correlation between embeddedness-of- runs and median 

trials was .98, and the variety of scores on the two vari­

ables was 5 and 4 respectively. The correlation between 

number- of- runs and median trials was .90, the variety of 

scores being 2 and 4 respectively. Although both theoreti­

cal variables correlate highly with the response measure, 

the embeddedness-of- runs has the higher degree of sensi­

tivity . The extremely curtailed range of values of code­

length here is a good example of the problems associated 

with that measure . Although it correlates with behaviour, 

it does so as a step-function , and is insensitive to per­

formance differences which exist within sequences which have 

the same code-length . 

Vitz and Todd (1969) conducted four experiments to test 

a coding model and an associated measure of sequence com-

plexity , H d . co e 
It was in connection with these results 

that Simon (1972) proposed number- of- runs as the simplest 

effective measure of complexity . The purpose here is to 

compare the performance of number- of-runs and structural 

embeddedness as predictors in the four experiments. In the 

first two experiments subjects judged the complexity of 

repeating binary and trinary sequences respectively . In the 

third and fourth experiments non-repeating trinary sequences 

were used. In the former case subjects again gave complex-

ity judgments , in the latter, tachistoscopic presentation 

was used and errors of recall recorded . Table 7 shows the 
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correlations between structural embeddedness and performance 

scores , and between code- length and performance scores , for 

each of the four experiments . 

Table 7: Correlations of Structural Embe ddedness and Code-Length with 
Four Sets of Perf ormance Scores 

Theore tical Measure 

Structural 
embeddedness 

Code-length 

Binary 
Repeating 

. 90 

. 91 

Trinary 
Repeating 

. 84 

.79 

Note : Data f rom Vi tz and Todd (1969 ). 

Trinary 
Trinary 

Non- Repeating 
Non-Repea t ing (Tachis t oscope) 

. 84 . 86 

. 82 . 90 

In the case of the trinary sequences alternation encoding 

was assume d for four sequences . The correlations can be 

improved somewhat by assuming a l ternation coding in other 

like ly instances , but interest at the moment is in compar­

ing the variables for a g iven set of assumed encodings , 

rathe r than in obtaining the highest possible correlations . 

On average, both variables performed at the same level . 

Embeddedness-of-runs had an average correlation of . 860 with 

performance scores, number- of-runs a correlation of . 855 . 

However , structural embeddedness was again the more sensi­

tive measure . Estimating variety as the number of ''differ­

ent" score s , the average variety in performance scores was 

12 . 5 , in embeddedne ss- of-runs , 11 . 5 , and in number - of-runs, 

5 . 5 . Therefore embe ddedness-of- runs was more similar in 
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scale to performance scores than was code-length. It conse-

quently provides the more sensitive theoretical measure of 

the two. Code-length again showed the same relatively crude , 

step- wise relationship with performance scores as previously. 

The last experiment to be examined showed a similar 

pattern of results. Scott and Henninger (1933) tested 

maze-learning in blindfolded human subjects using f ive 

different patterns of elevated finger mazes . This i s a 

rather different kind of pattern than those examined until 

now . However, since the mazes consisted of right and left 

turns they can be encoded in a sequential code representing 

a series of left and right turns , such as LLRRLR . If sub­

jects perform by making such sequential encodings then 

embeddedness- of- runs should again correlate with sequence 

complexity . There is evidence that many subjects in such 

experiments form verbal types of code . Woodwor th (1938) 

reports the results of an experiment by Warden, in which 

over 40% of subjects reported using some kind of verbal 

mediation in learning stylus mazes. Scott and Henninger 

(1933) reported results on three dependent variables , errors , 

learning trials and time to learn . The vari ables were 

highly intercorrelated , and bot h embeddedness- of- runs and 

number- of- runs correlated highly with all three. The 

average correlation of embeddedness- of- runs with performance 

was .99, and of number- of- runs with performance , . 95. Again , 

however, number- of- runs had a lower variety, having three 



different values , compared to embeddedness-of-runs and 

performance scores, which both had five different values . 
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In this chapter a new a priori measure of sequential 

patterns has been proposed. The measure was designed to 

reflect certain principles of pattern preferences observed 

empirically in temporal patterning experiments . The measure 

was shown to be superior to the code-length measure of pat­

terns, in two respects. First, it was shown to correlate 

highly with subjective pattern preferences . In this guise 

it appears as a measure of pattern goodness . Code-length 

has no theoretical capacity to predict such effects, since 

permuting starting- points within a sequence may lead t o 

many different patterns all having the same or similar code­

leng ths . Second , the new measure was found to correlate at 

least as highly as code length with measures of sequence 

complexity . The measures were compared on 9 different sets 

of response measures and in 7 of the 9 cases structural 

embeddedness correlated more highly than code-length with 

performance scores. In all cases the new measure was more 

sensitive , in the sense defined , and showed itself to be of 

the same scale as performance scores . For this reason, high 

correlations are more truly reflective of predictive power 

in the case of the new measure . 

Pr imar y Ex perimenta i Hypot hes es 

In reviewing the evidence supporting structural embed­

dedness as a useful quantification of sequential patterns , 
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some 13 correlation coefficients were report ed. The average 

of the absolute values of these coefficients was .87 and 

this , together with the less readily summarized relation­

ships of E to pattern preferences , appears to provide 

considerable preliminary support for the measure . Never­

theless, the inherent weakness of using e xisting data is that 

the experiments used to test the measure were not designed 

for that purpose , and consequently alternative explanations 

are possible . In the present instance the apparent predic­

tive power of E could be at least partially explained by the 

intermeshing of two alternative hypotheses . First , wi t h 

respect to pattern preferences , the anchor hypothesis may be 

proposed as the true variable underlyi ng E . The explanation 

might run as follows . In the case of closed- cycle sequences 

subjects establish a starting- point by identifying a recog­

nizab l e regularity within a sequence . Single elements are 

easily confused with other single e l ements , and so a dis­

tinct , unambiguous feature has to be used . The longest run 

provides such a feature, and consequently sequences tend to 

be organized starting on the longest run . Such sequences 

also tend to have low E-scores since t he longest run is in 

the lowest embedded position . According to this explanation, 

the remaining propert i es of the str uctural embeddedness 

measure are irrelevant. All that matters is that a sequence 

begins with the longest run. 
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There are several objections to be raised against the 

anchor hypothesis as an alternative explanation of prefer­

ences. First, it cannot account for the observed symmetry 

of preferences for long-run starts and long- run ends (Royer 

& Garner , 1966, 1970). Second, it does not take into account 

the preferences for orderly progression of run sizes (Royer 

& Garner , 1970) . Nevertheless, in its defence, there was a 

tendency in Garner and Gottwald ' s (1967) results for the 

longest run to be preferred at the start of a sequence 

rather than the end , which is more consistent with the 

anchor hypothesis than with the embeddedness hypothesis. 

The anchor hypothesis rests on the assumption that the 

subject establishes a starting-point in a closed- cycle 

sequence . It follows that if the anchor hypothesis is 

the real explanation of the apparent relationship between 

embeddedness and performance, then eliminating the need to 

establish a starting-point should make that relationship 

disappear . In other words, there should be no relationship 

of structural embeddedness with performance to open-cycle 

sequences . The results of the Vitz and Todd (1969) experi­

ments in the case of non-iterating sequences already suggest 

that this is not the case . It was found in those cases that 

E continued to correlate with performance scores under those 

conditions. However, it is here that number-of-runs may 

enter as a second alternative explanation. E correlates 

with number-of-runs, and so could in this case have 
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correlated with performance through mediation of number- of­

runs as the true variable. In other words, embeddedness-of­

runs may be no more than a combination of the effects of the 

anchor hypothesis and the number- of-runs measure . For this 

reason i t was proposed to test the measure under conditions 

where both anchor effects and number-of- runs were controlled 

for . 

The precise relationship of structural embeddedness to 

organizational preferences is also under some doubt . The 

studies of Royer and Garner (1966 , 1970) showed a symmetry 

of preferences for having long runs at the start and at the 

end of a pattern. This is consistent with the embeddedness­

of-runs measure , and not with the anchor hypothesis . Garner 

and Gottwald ' s (1967) results, however , indicated a prefer­

ence for the long run to be at the start of a sequence. 

This is more consistent with the anchor hypothesis than with 

the embeddedness-of-runs measure . A further experimental 

test of the relationship of structural embeddedness to 

pattern reorganizations was therefore required to clarify 

the nature of this relationship . Two primary experimental 

hypotheses were tested . 

Hypothesis 1: The complexity of a sequence is a func ­

tion of its structural embeddedness , independentlyofeffects 

associated with ·establishing a starting point and indepen­

dently of number-of-runs. 
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Hypothesis 2: When iterating sequences are given from 

a particular starting-point, reorganizations tend to occur 

in the direction of minimizing structural embeddedness . 



CHAPTER 3 

THE UNDERLYING PROCESSES OF 

STRUCTURAL EMBEDDEDNESS 

The structural embeddedness measure was derived by 

induction from empirical findings , not deduced from psycho­

logical processes . The question naturally arises of what 

those underlying processes may be, and the aims of the 

present chapter are to outline several possible process 

models . These will constitute supplementary experimental 

hypotheses to the major hypotheses proposed at the end of 

the previous chapter . 

Structural embeddedness has two parameters, embeddedness 

and magnitude of runs. The two factors are considered in 

turn . 

Embeddednes s as Order - o f- Pr oces s ing 

The embeddedness values of sequence items are assigned 

from the ends of a pattern inwards, and one psychological 

interpretation is that this represents the order in which 

items are processed. End items are processed first, and 

receive the value of one ; items 2 and n-1 are processed 

second and receive the value of two, and so on, until the 

whole pattern has been processed . "Ends- inward" processing 

of this kind has been proposed in connection with serial 

42 
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learning (Feigenbaum & Simon , 1962; Glanzer & Peters, 1962 ; 

Harcum , 1975) and in connection with other experimental 

paradigms (Glanzer, 1966 ; Trabasso & Riley, 1975). 

A basic concept of ends- inward explanations has been 

that of the anchor- point , the assumption that an item (or 

items) in a series is established first from which other 

items are learned . Studies by Glanzer and Peters (1962) and 

Glanzer and Dolinksy (1965) have provided evidence that the 

longer intertrial interval between successive cycles of a 

serial list acts as the anchor from which items are pro­

cessed in order of embeddedness . Such a process would 

result in a symmetrical seria l learning curve , and in order 

to introduce the degree of asymmetry typical of the serial 

position effect Feigenbaum and Simon (1962) proposed that 

the first two items are established first and second 

respectively , thereafter acting as anchors for a symmetrical 

ends-inward processing (under certain probabalistic con­

straints). Farwell and Vitz (1971) report results 

indicating that subjects are more variable in their pref er­

ence than would be expected from the fixed order of 

processing assumed by this kind of model . However , it is 

possibl e that subjects may establish more than one anchor , 

on the basis of personal associations for example, and that 

order-of- processing models describe only an average tendency . 

Glanzer and Dolinsky (1965) showed that the anchor could be 

varied by instruction, and suggested that a variety of cues 



could be used in the establishment of anchor points. This 

suggests that idiosyncratic anchors might be used by 

subjects , thus accounting for departures from order-of­

processing models , without necessarily discounting the 

basic concept of such models . 
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If order- of- processing is the correct interpret ati on of 

embeddedness, the problem arises of what constitutes the 

anchor. If a space or other cue marked the start of a cycle , 

then this might be expected to act as an anchor point 

(Glanzer & Dolinsky, 1965) . The embeddedness distribution 

generated from such an anchor would be symmetrical, like the 

distributions described in the previous chapter . Typically, 

however , temporal patterns are presented as closed cycles . 

This suggests that if an anchor is used , it must be estab­

lished by using an item wi t hin the sequence itself . Such 

an i tem would therefore receive the value of 1. Thereaf ter 

the two immediately flanking items , 2 and n , would receive 

the values of 2 , items 3 and n-1 the value of 3 , and so on, 

generating a negatively skewed distribut ion . If t his inter­

pretation is correct , then the calculations performed in the 

last chapter must be approximate only . When recomput ed 

using the above skewed embeddedness distribution, correla­

tions of the same order were obtai ned, with generally a 

small improvement. The average correlation for t he repeating 

sequences used by Vitz and Todd (1969), for example , 

increased from . 88 to .90 when a skewed embeddedness 



distribution was substituted for the previous symmetrical 

one. 

It is therefore proposed that embeddedness depends on 

order-of-processing, and that the relevant embeddedness 

distribution depends on the effective anchor point within 

a sequence . An anchor point between items would generate 

a symmetrical distribution. An anchor point corresponding 

to one item would generate a distribution skewed by one 

degree . An anchor point spanning two items (as in the 

Feigenbaum and Simon model) would generate a distribution 

with two degrees of skewness , and so on. A more formal 

language for embeddedness distributions of this kind is 

proposed below, following which specific hypotheses are 

proposed. 

Embeddedness Distributions 
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In any finite sequence all items have two serial neigh­

bours, except for two items, which have one serial neighbour. 

These are the end items, denoted by r 1 and rn. It is 

assumed that in processing a sequence, processing begins 

with an end item, either r
1 

or rn or both r 1 and rn. Such 

items are designated anchors . Items are numbered in order 

o f processing, thus either r 1 = 1 or rn = 1 or both r 1 = 1 

and r n = 1. When r 
1 

= 1 , then rn can take on val u e s from 1 to 

n. When rn = 1, r
1 

can take on any value from 1 ton. 
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The above assumptions concern the first and last items . 

The remaining items are given values according to the follow­

ing rules. Let r 1 = 1 and rn = b. Then the value of the i th 

item is given by r. = i or r . = n - i + b , whichever value 
1 1 

is less. This is equivalent to assuming that two items are 

processed at a time , one from each end of the list, working 

inwards symmetrically from r 1 = 1 and rn = b. The result is 

a negatively skewed distribution if b > 1. For positively 

skewed distributions, let r 1 = a and rn = 1, a > 1. Then 

the value of the i th item is given by r. = n - i + 1 or 
1 

r. =a+ i - 1, whichever value is less . Such values are 
1 

said to represent the embeddedness of items within sequences. 

b th b dd d 1 f th . th . . Let e. e e em e e ness va ue o e i item in a 
i 

sequence. = e = 1 the resulting distribution is n 

symmetrical, with e 2 = e 1 = 2 e = e = 3, etc . The 
n - ' 3 n- 2 

values of individual items depend on whether or not they 

occur after the centre item of a sequence. When an item 

occurs before the centre, then i ~ (n+l)/2, 

When i > (n+l)/2, then e. = n + 1 - i . 
i 

and e. = i. 
i 

When e 1 ~ en the distribution is said to be skewed. 

The degree and direction of skewness is given simply by 

e 1 - en. When e 1 > en the distribution is positively skewed, 

meaning that the designated first item is processed later 

than the designated last item. When e 1 < en , the distribu­

tion is negatively skewed, with the first item processed 

sooner than the last . 



Let e
1 

- en= ±k , so that the distribution has k 

degrees of skewness , and the direction of skewness is 

specified . 

denoted by 

Then the s hape of the distribution can be 

where the symbol E indicates that an 
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embeddedness distribution is being referred to. This means 

that an embeddedness distribution is uniquely specified by 

three pieces of information, the number of terms, and the 

degree and the direction of skewness . 

The development of a formal terminology here is not 

crucial for sequential processing tasks, where the number 

of items is usually few enough that the distribution can be 

enumerated . However , it will be apparent from the previous 

discussion that the r esults of serial learning experiments 

may also be described in terms of embeddedness distributions , 

and it will be shown in the final chapter that different 

serial learning curves can be described by the formula E+k" n -
That is, instead of plotting a serial position effect over 

12, 14 or more items depending on the task, the results can 

be economically described by two numbers only, n and k. 

For sequential processing , n rarely exceeds 6 runs , 

and k typically takes on the value of O or -1. 

Supplementary Hypotheses 

The ernbeddedness value of a run corresponds to the 

order in which it is processed , with items valued one pro­

cessed first , items valued two processed second, etc . When 
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an anchor point is given , an E
0 

distribution is appropriate . 

When the sequence is closed cycle, E_1 is the relevant dis­

tribution. 

The Interpretation o f 
Magnitude of Runs 

Structural embeddedness was defined in terms of two 

components as: 

where e. 
1 

r. 
1 

E = 
n 
r 

i = l 
e .•r. 

1 1 

is the embeddedness of the i th run and 

is the magnitude of the i th run. 

It was proposed above that embeddedness is a quantification 

of the order in which runs are processed , with more embedded 

runs being processed at a later point than less embedded 

runs . The problem remains of interpreting r., the run 
1 

magnitude factor. There seem to be two plausible alterna-

tives . 

Embeddedness is a difficulty factor , in the sense that 

the more embedded an item the later will it be processed and 

consequently the more errors will occur in that position , 

under an anticipation learning paradigm. Run magnitude may 

be a difficulty factor also , in that the larger a run, the 

longer it takes to process or construct . Having long runs 

in the most embedded positions has a multiplicative effect , 

increasing the trials required to complete processing. This 
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interpretation implies that the embeddedness-of-runs measure 

applies from the beginning of processing to the point at 

which all runs have been formed. 

A second alternative proposes that larger runs are more 

salient or outstanding than shorter runs, and for this 

reason tend to be processed sooner. This would mean that 

both embeddedness and run magnitude are factors which can 

affect the date-of-processing of a run. When the l argest 

runs are in the least embedded positions the two order-of­

processing factors are compatible, and the subject will tend 

to process a sequence in an orderly fashion. When largest 

runs are in the most embedded positions the two factors are 

incompatible, and a sequence may be processed as a series of 

isolated clumps. This might be expected to delay the process 

of acquisition. This interpretation gives embeddedness and 

run magnitude opposite signs . Early processing results from 

small embeddedness values and large run magnitudes. The 

variables in the structural embeddedness calculation might 

then be inte rpreted to be of different signs, resulting in a 

negative value in the overall measure . A further implication 

of this interpretation is that embeddedness-of -runs applies 

a f ter runs have been formed. A l arger run can be more 

salient than a smaller run only after it has been formed 

into a run. This in turn implies that processing takes 

place after run formation, and that runs, once formed, are 

processed in order of embeddedness. 
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The two interpretations of the run magnitude factor 

will be referred to as the "effort" and "salience" hypothe­

ses respectively. There were no firm a priori grounds for 

preferring one interpretation over the other , and they were 

forwarded as empirical questions. This resulted in a total 

of three hypotheses and one research question to be tested 

experimentally. These were : 

1 . The complexity of a sequence is a function of its 

structural embeddedness, independently of effects associated 

with establishing a starting- point .and with number- of- runs. 

Experimental support of this hypothesis is necessary to 

prove the effects of structural embeddedness in a situation 

where the alternative anchor hypothesis is untenable. 

2 . When iterating sequences are given from a particul ar 

starting-point, reorganizations tend to occur in the direc­

tion of minimizing structural embeddedness . 

3. The embeddedness value of a run corresponds to the 

order in which it is processed , with items valued one 

processed first , items valued two processed second , and so 

on. When an anchor point is given, a symmetrical embedded­

ness distribution applies . When the sequence is closed 

cycle , a skewed embeddedness distribution applies. 

4 . The magnitude of a run reflects either the effort 

of forming that run, or the salience of t hat run once formed . 

A new experimental method was introduced in testing the 

hypotheses . To ease the burden of describing a new method 
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and particular experiments employing that method simultane­

ously, the following chapter provides a general description 

of method , together with methods for the analysis and 

categorization of responses . Following this the sequential 

processing experiments are reported . 



CHAPTER 4 

A METHOD FOR TRACKING SERIAL ANTICIPATIONS 

Method 

AppaPa tus. A display mechanism presented sequence 

e l ements one at a time . An essential feature of this mech­

anism was the linkage which existed between the display and 

response mechanisms , so that the display advanced one 

position each time a response was made . This was done by 

modifying a s t andard typewriter. 

Stimulus sequences were typed on display cards which 

could be mounted to a bracket fixed to the typewriter car-

riage. This meant that whenever a key was pressed the 

carriage advanced one position and carried the display card 

with it . A screen concealed all of a sequence except for 

one element which appeared in a small display aperture . 

In typing the stimulus sequences a single space was 

left between elements . This meant that after a response to 

a letter the display advanced to show a blank in the aper­

ture . At this point a neutral response was required . This 

involved pressing the space bar at a central point , which 

advanced the mechanism once again, bringing the next letter 

into view. 

The letters used were D and K. These were equidistant 

from the neutral response key , l ying to the left and right 
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respectively . In the triangular shaped area lying within 

these three points , a barrier was placed . This had the 

effect that in the event of a movement in the wrong direc­

tion, a corrective movement had to be made back through the 

neutral point and then out to the appropriate key . Figure l 

shows a schematic diagram of t~is arrangement . 

Two types of measurement were taken . A video camera 

suspended over the keyboard recorded all finger movements, 

while an event- recorder wired to the response keys tracked 

the time intervals between responses . 

Procedure 

Subjects were asked to type two baseline sequences and 

two experimental sequences . The first baseline required the 

sequence DDKK to be typed repeatedly with a space between 

letters. Only the index finger of the preferred hand was 

used. Instructions were given to type as fast as was 

comfortable without making errors . This familiarized sub­

jects with the letter- space combination of movements . In 

addition it provided a baseline measure of what are referred 

to here as "coded responses ." These are defined as responses 

requiring no stimulus pick-up from the display. 

The second baseline condition required subjects to copy 

a 35-element sequence from the display. The sequence had 

been generated randomly, and familiarized subjects with the 

process of copying a sequence from the display . Finally , 
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Figure 1: Schematic diagram of 
response/display mechanism 

Key: 1 . Barrier 
2 . Screen 
3 . Aperture 
4 . Display Card 
5. Moveable Carriage 
6. 11D11 Response Key 
7 . "K" Response Key 
8 . Neutral Response Key 
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subjects reproduced two patterned sequences . This part o f 

the procedure will be described in detail in the next 

chapter. 

Re s pons e Classification 

55 

Following the neutral response subjects frequently made 

anticipatory movements towards one or other of the response 

keys. Movements of this kind were recorded by video camera 

and identified later, using the following criteria. The 

initial displacements of all movements were measured by 

noting positions on a transparent co-ordinate system mounted 

to the video playback screen. Positions were recorded to 

the nearest centimetre , using the centre of the subject ' s 

fingernail as a reference point . Any immediate, directed 

movement of 1 cm or more following the neutral response was 

classified as an anticipatory movement . Movements towards 

the correct and wrong keys were designated as correct and 

wrong anticipations respectively. Hesitations over the 

neutral key prior to a directed movement were designated as 

copy responses. 

The reaction time data were not sufficiently reliable 

under these conditions to provide a precise classification 

of responses. Nevertheless, it provided evidence of the 

validity of the visual response classification . 

The time interval between the offset of the neutral 

response and the onset of the next response was measured , 
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for each response. (This is the period of time during which 

the stimulus element is in view . ) The accuracy of these 

reaction time measurements was probably l imited by the error 

of the distance measurements made between the relevant spike 

components. This was done by hand, measuring to the nearest 

millimetre or , in time measure , to the nearest 50 msecs. 

Consequently errors as great as 25 msecs may have been made. 

The rise time of the recorder pens was estimated to be l ess 

than this , at about 20 msecs . Error of measurement was 

therefore taken to be in the order of 25 msecs . This repre­

sented 3 . 5% of the mean reaction time. 

Figure 2 shows the distribution of reaction times taken 

from the two baseline conditions and from the patterned 

sequences. The responses were produced by 26 subjects and 

represent about 7,000 reaction times . It can be seen that 

there are four peaks. These correspond to the four different 

types of response , wrong anticipations , copy responses , 

correct anticipations , and coded responses . 

Figure 3 is a breakdown of the total distribut ion into 

three component distributions . The distributions have been 

trimmed by 2% of scores from both extremes , but otherwise 

no smoothing has been carried out . The wrong anti cipati on 

and copy response distributions are unimodal , and the skew­

ness reflects a fairly sharp cutoff at the lower bound. 

This was to be expected since there must be a fixed lower 

time limit for carrying out the component operations of 
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types of response. In a copy response , for example, the 

subject has to wait to process the stimulus , then selects 

and executes a response . This requires a visual discrimin­

ative reaction time followed , probably , by a visually guided 

movement involving a second visual reaction (motor errors 

were so rare--0.2%--that most subjects must have looked 

down) . Finally, time is required for the movement itself. 

It is unlikely that this sequence of operations could be 

performed in much less than 500 msecs. There is no corre­

sponding upper limit , which accounts for the direction of 

skew . 

Wrong anticipations involve an initial movement in the 

wrong direction , followed by stimulus registration, response 

selection and execution , which involves an additional move­

ment back through the neutral response zone . The wrong 

anticipation response is likely to require more time since 

it includes all the component operations of a copy response, 

plus a return movement , and in addition a possible delay due 

to the '' surprise" factor . The mean reaction times for copy 

responses and wrong anticipations were in fact 710 msecs and 

845 msecs respectively. The difference was about twice as 

great as could be expected from the additional return time 

alone , and suggests that the surprise factor may indeed lead 

to additional processing time. 

The third distribution in Figure 3 represents reaction 

times for responses visually classified as correct 
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anticipations. This method of classification does not 

differentiate between coded responses and other correct 

anticipations, which may account for the bimodal nature of 

the distribution. Coded responses were defined as occurring 

without reference to the display , and the coded response 

rate was estimated independently from both the first base­

line condition , and from performance measures taken after 

learning. This rate was less than the time normally 

required for a visual discrimination , and clear ly such 

responses must occur in the absence of any prior stimulus 

processing. However , not all correct anticipations are of 

this type . The more conservative correct anticipation was 

slower, and was characterized by an initial d i rected move­

ment , frequently interrupted by a pause or change of 

direction, followed by completion of the response . The 

frequently observed pauses may have represented a delay 

while subjects registered the stimulus . Alterations in the 

direction of the anticipatory movement probably mean that 

the subject had looked down from the displ ay and had brought 

the movement under visual guidance . 

The estimated coded response distribution was subtracted 

from the bimodal correct anticipation distri bution to give 

an estimate of the mean latency of the pure correct antici­

pation . The mean reaction times for the four types o f 

response are shown in Table 8 . 



Table 8: Mean Reaction Times for Four Different Types of Sequential 
Response 

Response Description Mean Reaction Time (Est.) 

Wrong anticipations 845 msecs 

Copy responses 710 msecs 

Correct anticipations 525 msecs 

Coded r esponses 275 msecs 

Discussion 
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Responses were classified into three categories on the 

basis of visually observed anticipatory states. The cate­

gory headings were: wrong anticipation, copy response, and 

correct anticipation. A further distinction was made within 

the last category between correct anticipations and coded 

responses, on the basis of reaction time. 

A possible alternative explanation of the observed 

anticipatory states is that they were random movements 

unconnected with expectations regarding the next response. 

However , two arguments may be raised against this hypothesis. 

First , the distributions of correct and wrong antici­

pations changed systematically with the learning of a 

sequence. In the case of the random sequence, and for the 

early cycles of patterned sequences, both correct anticipa-

tions and wrong anticipations frequently occurred. In the 

case of patterned sequences, however , correct anticipations 

became relatively more frequent, until eventually all 
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responses were correct anticipat i ons. This systematic 

change in the probabilities of types of response with learn­

ing is not consistent with the random movement hypot hes i s . 

Second , when responses were classified visually , and 

their reaction times examined , systematic distributions of 

reaction time were observed which were consist ent with 

previous find i ngs. 

Serial choice reaction time experiments have been con­

ducted in which subjects were required to indicate expecta­

tions prior to each stimulus (Hale , 1967; Keele , 1969; 

Williams, 1966) . A consistent finding of this type of study 

has been that the mean l atency of correctly anticipated 

responses is lower than those of wrongly anticipated 

responses. The present results are in agreement with those 

findings . This provides evidence of the correctness of the 

visual classification . Systematic differences in react ion 

time of this kind are not consistent with the random move-

ment hypothesis. If indeed the movements immediately 

following the neutral response were unconnected with a 

subject ' s cognitive state--which is what the random movement 

hypothesis implies--then only small differences in reaction 

time between correct and wrong anticipati ons would be 

expected. The differences woul d occur because o f the greater 

distance required of responses initial l y in the wrong 

direction . The time taken to traverse the extra distance 

was estimated from the average return time of responses back 
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to the neutral key to be less than 100 msecs. The observed 

difference between correct and wrong anticipations , however , 

was great er than 300 msecs . This is three times as large a 

difference as would be expected under the random movement 

hypothesis. It was concluded , therefore, that movements 

reflect anticipatory states , and that responses were appro­

priately classified into correct anticipations , copy 

responses and wrong anticipations on the basis of the visual 

data. 

The distribution of reaction times for visually identi­

f ied correct anticipations was bimodal . The interpretation 

was made that the distribution contained two types of 

response, correct anticipations, where the stimulus was 

monitored, and coded responses, where the response was 

executed without reference to the stimulus display. The 

latter type of response would clearly be consistent with a 

higher degree of confidence in the subject and, if always 

correct , with a higher degree of knowledge about the 

sequence . It would therefore provide a criterion of learn­

ing in addition to correct anticipations . However, the 

question arises of the precision of this type of classifi­

cation . The differentiation between coded responses and 

correct anticipations on the basis of reaction time is 

likely to be conservative, in that while very slow coded 

responses may be assigned to the correct anticipation cate­

gory , it is unlikely that any correct antic i pations occur 
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fast enough to be misclassified in the opposite direction. 

Correct anticipations were interpreted as involving stimulus 

monitoring; the stimulus was understood to be anticipated 

but checked before completion. The two-choice visual 

reaction time required in checking occupies about 300 msecs 

(Woodworth, 1938) . This means that very few correct antici­

pations could occur at the mean latency for coded responses, 

which was about 250 msecs. Even if it were possible, little 

time would remain for a corrective movement , which means 

that the response would occur anyway, making it conceptually 

equivalent to a coded response. Such responses occur too 

quickly to be both checked and corrected . Consequently, if 

responses are always correct, they must reflect a high 

degree of knowledge about a sequence, and provide a useful 

criterion of a high degree of learning . This was one 

criterion used in the sequential processing experiments 

described next . 



CHAPTER 5 

EXPERIMENTAL TESTS OF THE 

STRUCTURAL EMBEDDEDNESS MEASURE 

Ex perimental Hypothe s e s 

At the end of Chapter 3, four hypotheses were proposed. 

They were that: 

(1) The complexity of a sequence is a function of its 

structural embeddedness , independently of effects 

associated with establishing a starting point . 

(2) When a sequence is given from a particular starting­

point , reorganization tends to occur in the direction 

of minimizing structural embeddedness . 

(3) The embeddedness value of a run corresponds to the 

order in which it is processed . 

(4) The magnitude of a run reflects eith er the effort of 

forming that run , or the salience of that run once 

formed. 

The first two hypotheses were primary. These were con­

cerned with testing the relationship of structural embedded­

ness to performance under conditions where alternative 

explanations were controlled for . The first experiment was 

designed to test Hypothesis 1 . Four sequences of different 

structural embeddedness were generated from a single 
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sequence by varying the starting- point . This tended to keep 

sequence properties other than structural embeddedness 

constant. The sequence structure used was ~x~oxxoo , the 

underlined elements indicating t he four start ing- points used . 

The resulting four sequences are shown in Tabl e 9 , with 

their embeddedness- of- runs and number- of- runs scores. 

Table 9 : Run Structure, Number- of- Runs and Embeddedness-of-Runs for the 
Sequences Used in Experiment 1 

Run Structure Number-of-Runs Embeddedness-of-Runs 

1. 3122 4 11 

2 . 2231 4 1 3 

3 . 11222 5 15 

4 . 12311 5 17 

The embeddedness-of- runs score was calculated from a 

symmetrical dis t ribution . (A negatively skewed dis tribution 

of one degree gives the embeddedness values of 1232 and 

12332 for the 4 and 5 run sequences respectively , and 

results in embeddedness- of- runs scores of 15 , 17 , 19 and 19 

for sequences 1 , 2 , 3 and 4 respectively.) 

It can be seen from Table 9 that number-of- run values 

and embeddedness- of- run values both vary across sequences 

without being completely confounded. This allowed an 

opportunity to observe the possi ble contributions of both 

factors. 
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In order to eliminate the possibility of effects asso­

ciated with establishing a starting-point , the sequences 

were given well-defined starting-points. The first element 

of a sequence was always underlined, and the space immedi­

ately following the last element always contained an 

asterisk . These cues appeared to have been used by all 

subjects, since no sequence reorganizations took place in 

Experiment 1. 

Experiment 2 was designed to examine reorganizations 

and consequently no starting cues were provided . Again four 

sequences were used. They are shown in Table 10 , with 

number-of-runs and two embeddedness- of-runs values . The 

h i gher set was computed using a negatively skewed embedded-

ness distribution . It was thought that this might be the 

relevant distribution due to circumstances associated with 

establishing a starting- point. The starting-point only 

would be learned first, fol lowed by the second and last 

items, and so on , following the order described by E_1 . 

Table 10: Run Structure , Numbe r-of-Runs, and Two Sets of Embeddedness­
of-Runs Value s f or the Four Sequences Used in Experime nt 2 

Run Structure 

1. 2112 

2 . 2211 

3. 1221 

4 . 11121 

Numbe r-of-Runs 

4 

4 

4 

5 

Structural Embeddedne ss 

Eo I E_l 

8 11 

9 11 

10 13 

11 14 
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Experiment 1 

Method 

Subj eat s . Forty students enrolled at the University of 

Victoria participated as voluntary subjects. Their ages 

ranged from 18 to 45 years. Ten subjects were randomly 

assigned to each of four experimenta l conditions . 

Procedur e . The same apparatus and general procedure 

were used as described in the previous chapter . Subjects 

were required to type two baseline sequences . First the 

sequence DDKK was typed repeatedly , with a space between 

each letter. This familiarized subjects with the letter­

space movement combination . Fo l lowing this , subjects typed 

a 35- element random sequence , made up of the letters D and 

K. The letters were present ed one letter at a time in the 

display window , contingent upon completion of the preceding 

neutral response . Subjects were instructed to work as 

quickly as possible, with accuracy bei ng more important than 

speed . This task familiarized subjects with the procedure 

of copying a sequence from the display . 

F i nally , the patterned sequence was introduced . The 

sequences were of the structure described previously , and 

consisted of the elements D and K. For each experimental 

condition five of the sequences began with the letter D, 

five with the letter K. That is, five of the subjects in an 

experimental condition received one form of a sequence , the 



remaining five the complement of that sequence . 

Subjects were instructed to copy a sequence at first 

but that since it repeated they would gradually learn it , 
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and be able to reproduce it without reference to the d i splay . 

The goal of the task was to continue until it was possible 

to type the sequence as quickly as in the first baseline 

condition . Subjects were told that a sequence repeated 

" several times " in the space of one carriage length , and 

that on reaching the end of the carriage they were simply 

to reset it, and continue. It was explained that to help 

them see where the sequence repeated , two cues had been 

provided. The arrangement of these cues was carefully 

described . The procedure began when it was clear that a 

subject understood the task . 

While subjects worked on a sequence the experimenter 

observed the event- recorder output . When the latencies 

between all responses were of the order of the first base­

line condition the experiment was terminated . On completion , 

subjects were asked to describe the sequence verbally , as a 

check on patt ern organization . Finally , the display card 

was offset and subjects were asked to type the sequence f rom 

memory a s quickly as possible for one whol e length of the 

carriage . This provided a measure of performance rate at 

t he coded response level. This was included in order to 

examine whether rate of performance also varied as a function 

of sequence complexity . 



Re su lt s 

Interest lay primarily in the relationship between 

overall response measures of sequence complexity and the 

structural embeddedness of sequences . Secondary interest 
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lay in the process of pattern acquisition. I t was therefore 

convenient to discuss results in terms of (a) complexity 

measures and {b) process measures. A further dichotomy 

emerged on the basis of the criteria of learning which we re 

adopted . A first criterion was provided by the point at 

which all responses became correct anticipations ; a second 

by the point at which all responses occurred at the coded 

response rate . The first criterion was referred to as 

" replication ," since it indicated an ability to reproduce 

each element of the sequence from memory , given the preceding 

element. The second criterion was referred to as ''integrated 

performance ." 

Replication appeared to be a non- arbitrary criterion 

in that once subjects had correctly anticipated all elements 

of the pattern for one whole cycle they tended to continue 

to do so. The overal l rate of wrong anticipations prior to 

r eplication was 19%, dropping to 4% after replication. Most 

of this fig ure was contributed by the two subjects who 

represented the only departure from the tendency to maintain 

cycle s of correct anticipations once attained. The correct 

anticipation rate prior to replication was 61 %, and rose to 

93 % following replication. One subject from group 3 failed 



to reach replication in 200 trials, and was assigned the 

arbitrary score of 200. 

Complexi ty Mea suI'e s 

71 

The first analysis examined the number of trials to 

replication. No significant differences were found between 

groups (F = 1 . 67 ; df = 3,36 ; p < .190). The second analysis 

examined the rate of correct anticipations to replication. 

Responses during the first cycle were treated as guesses 

and ignored . Thereafter the correct anticipation rate was 

computed as the number of correct anticipations divided by 

the number of trials , for each subject , and averaged across 

subjects . Table 11 shows the mean correct anticipation rate 

for each of the four experimental conditions . 

Table 11: Mean Percentage Rate of Correct Anticipations to Replication 
for Each Experimental Condition 

Condition 

1 2 3 4 

73 . 5 70 . 2 46 . 3 54 . 4 

Analysis of variance indicated that there were signifi­

cant differences among the means (F = 7.93; df = 3,36; p < 

.01). Multiple comparisons were not conducted, It was 

clear from inspection that the pattern of differences did 

not correlate with the increases in structural embeddedness 

across the four conditions. Differences appeared to 
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correspond more closely with the differences in the number­

of-runs between the sequences . Sequences 1 and 2 had four 

runs each, sequences 3 and 4 , five runs . 

Integrated performance was defined in terms of coded 

response rate , and ideally would be defined as a complete 

cycle of responses each at the coded rate of 250 msecs or 

less . However , two departures were made from this ideal 

criterion . Frequently a pause occurred on the f i rst element 

of a pattern . The first e l ement apparently has a special 

phenomenal character which causes it to be marked off in 

this way by a s l ight hesitation . Consequently reaction t i me 

to the first element was ignored. A second departure was 

made to allow for a certain amount of variabil ity in 

behaviour . Inexplicable delays occasionally occur in serial 

reaction time tasks . Subjects were permitted one such delay 

in the present case , so long as the response had been 

correctly anticipated. Consequently integrated performance 

was operationally defined as the first cycle on whi ch all 

8 items were correctl y anticipated and on which 6 of the 7 

i t ems followi ng the first were executed at a rate of 250 

msecs or less . 

Two subj ects from condition 4 failed to reach this 

criterion and were given scores based on the number of 

trials reached by the end of the experiment . 

The mean number of trials from replication to integrated 

performance are shown in Table 12 . 



Table 12: Mean Number of Trials from Replication to Integrated 
Performance for Each Experimental Condition 

Condition 

1 2 3 4 

9 . 6 33 . 6 58.7 64 . 0 

An anal ysi s of variance indicated significant differ-

ences among the means . 

analysis. 

Table 13 : Summary Table of 
from Replication 

Tabl e 13 gives a summary of the 

Analysis of Variance of Number of Trials 
to Integrated Performance 

73 

Source ss df MS F p 

Treatment 18 , 506 3 6,169 10. 70 < . 001 

Error 20 , 173 35 576 

Total 38,679 38 

Differences due to treatment accounted for 48% of the 

variance in scores. (The conventi on has been adopt ed of 

reporting variance accounted for when greater than 10%. 

When it is not reported, the reader may assume a "weak" 

experiment al effect . ) 

A Newman- Keul s multiple compari sons procedure was used 

to test contrasts between the means. The harmonic mean of 

the number of subjects within groups was used , to allow for 

unequal cell sizes . All differences between means except 
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for conditions 3 and 4 were significant beyond the . 05 level . 

Table 14 gives a summary of the comparisons. 

Table 14 : Difference s Between Me an Number of Trials f rom Rep lication 
to Integrated Performance 

Condition 
1 I 2 I 3 I 4 

Me an 9 . 6 33 . 6 58 . 7 64.0 

9 . 6 24 . 0* 49 . 1** 54.4** 

33 . 6 25 . 1 * 30 . 4* 

58 .7 5 . 3 ns 

64 .0 

~ < . OS 
**p < . 01 

A test of trends indicated a highly significant linear 

tre nd (F = 29 . 66, df = 1,35, p < . 001) , accounting for 92% 

of the variation due to treatment. There was no significant 

quadratic component (F = 0 . 73, df 1 , 35). 

Figure 4 shows a plot of the means with the best fi t­

ting straight line , least squares solution . 

There was no significant variation in the rate of cor­

rect anticipations between replication and integrated 

performance . This was because of the uniformly high rate 

of correct anticipations following replication . Wrong 

anticipation rate showed somewhat greater variability , but 

a probl em arose in anal yzing wrong anticipations because o f 

the atypical rates for two subjects from condition 3 . The 

mean rate ignoring these subjects was 3 . 9%. The rates for 
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those subjects were 17.8% and 27.8%, which were closer to 

the mean rate before r eplication (19 %) than to the mean rate 

following replication. It was consequently assumed that 

replication i n these two cases was not stable , and that t he 

subjects had " forgotten" the transitions after replication . 

Their s cores were omi tted from the analysis of wrong a ntici­

pations . 

Table 15 shows the mean wrong antici pation rate f r om 

replication to integration for the four groups . 

Table 15 : Mean Percentage Rate of Wrong Anticipations from Replication 
to Integrated Performance for Each Experimental Condition 

Condition 

1 2 3 4 

0 2.30 3 . 62 6 . 90 

An analysis of variance showed significant differences among 

the treatment means. Table 16 is a summary of the analysis . 

Table 16: Summary Table of Analysis of Variance in Wrong Anticipation 
Rate from Replication to Integrated Performance 

Source 

Treatment 

Error 

Total 

ss 

171.9 

278 . 7 

450 . 6 

df 

3 

24 

27 

MS 

57.3 

10 . 7 

F 

5 . 34 

p 

< . 01 

(The total degrees of freedom were reduced here since , in 
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addition to the results of the two subjects removed from the 

analysis, six subjects from group 1 and two subjects from 

group 2 first replicated the sequence at the integrated 

performance rate. The rate of wrong anticipations in these 

cases was therefore 0 ~ 0 , which is undefined . Wrong anti­

cipation information was unavailable for one further subject 

because of a fault in the recording apparatus.) 

Treatment effects accounted for 38 % of the variance in 

wrong anticipation rate. Multiple comparisons between means 

indicated significant differences between the lowest and 

highest means only (p < .01) , but a test of trends indicated 

no significant departures from linearity ( f = . 97 df = 2,24). 

A significant linear trend accounted for 88 . 4% of the vari­

ation due to treatment effects (F = 14.1 df = 1,26 p < 

.001) . A plot of the means is shown in Figure 5 with the 

best fitting , straight line (least squares solution) . 

A final measure of sequence complexity was provided 

by the mean response time to elements from replication to 

integration . Table 17 shows mean reaction time per element 

for the four experimental conditions . 

Table 17: Mean Reaction Time per Element for Each Experimental 
Condition (x 52 . 25 msecs) 

Condition 

1 2 3 4 

6 . 6 7.8 8 .6 8.7 
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(Reaction time is shown in distance units . Multiplying by 

52 . 25 converts the scores to msecs.) 
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An analysis of variance showed signifi cant differences 

among the means. Table 18 is a summary table of the analy­

sis . 

Tabl e 18: Summary Table of Analysis o f Variance of Reaction Time per 
Element 

Sour ce 

Treatment 

Error 

Total 

ss 

731 

29,679 

30,410 

df 

3 

1508 

1511 

MS 

243 . 8 

19 . 7 

F 

12 . 4 

p 

< .001 

Multiple comparisons between means were tested using 

the Newman- Keuls procedure. Significant differences were 

found between the lowest mean and all other means (p < . 01). 

A test of trends showed a significant linear component only 

(F = 35.6 , df = 1,1508 , p < .001). The linear trend accounted 

for 96% of the variation due to treatment . Figure 6 shows a 

plot of the means as a function of the structura l embedded­

ness of sequences , with the best fitting straight line . 

Process Measu r e s 

The analyses of process measures to be reported a ll 

followed a single basic pattern, which it wi l l be convenient 

to describe in advance . 
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The aim of the process analyses was to track the order 

in which runs were processed and to examine the effects of 

run magnitude on processing . The na t ure of responses to 

runs necessitated , however , that internal run members and 

starting members be analyzed separately . Table 1 9 indicates 

why this was so . The table shows the mean number of t r ials 

required for the appearance of the first correct anticipation 

in each position , for each of the sequences . Parentheses 

have been used to mark run boundaries , the four sequences 

having the structures 3122 , 2231, 11222 , and 12311. It can 

be seen by inspection that values were generally lower 

within runs than they were for the item at the beginning of 

a run , indicating that within- run elements are learned more 

readily than are the transitions between runs . 

Table 19 : Number of Trials to the First Correct Anti cipation in Each 
Position 

I 
Sequence Position 

Sequence 
l 2 3 4 5 6 7 

3122 (3 . 1 2.2 2 . 0) ( 2 . 4) (3 . 8 2 . 6) (3.1 

2231 (4.5 2 . 2) (2 . 9 2 . 2) (3 . 0 2.1 2 . 5) 

11222 (5 . 0) (4.8) (4 . 7 3. 7) (3 . 6 2 . 5) (3.5 

12311 ( 6 . 8) (5.8 4 . 6) (3.8 3 . 1 3.0) (5 . 1) 

The same pattern appeared in all other measures of 

position difficulty , and is familiar from the results o f 

previous research , which has shown that errors t end to be 

8 

2 . 6) 

( 2 . 6) 

3 . 1) 

(4 . 7) 



lower within runs than they are at the transitions between 

runs (Restle & Brown , 1975; Jones & Zamostny, 1975) . It 
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seems that the first element of a run has a different char­

acter from within-run members , standing at a position of 

relative uncertainty compared to the relative certainty of 

the within- run items . Averaging across the two types of 

position therefore increases variability , and to avoid this, 

within-run members only were analyzed . Thus , triplets 

provided two scores, doublets a single score and singleton 

elements dropped out entirel y. This meant that for purposes 

of anal ysis the first two sequences consisted of a triplet 

and two doublets (each reduced by one element) ; the third 

sequence consisted of two doublets , and one additional 

doublet formed by breaking the triplet ; the fourth sequence 

consisted of the triplet and one of the two original doublets , 

the second having been lost due to interrupt ion by the 

starting- point . The new doublet of sequence 3 was ignored 

since it occurred only once , which meant that for present 

purposes the sequence structures were the triplet, and two 

doublets. These were designated XXX , 00 , and XX . 

Next, the embeddedness indices of these structures 

were determined for each of the four sequences . Their 

va l ues are shown in Table 20. It can be seen that while the 

runs XXX and XX were represented once in each embeddedness 

position the 00 doubl et appeared once inane . = 1 position 
i 

and three times inane. = 2 position . This led to unequal 
i 
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Table 20: Embeddedness Values of Selected Runs from the Four 
Experimental Sequences 

Run 
Sequence 

XXX 00 xx 

3122 1 1 2 

2231 2 2 1 

11222 2 3 

12311 3 2 

cell frequencies when two-way analyses of variance were 

conducted. The general format of the analysis is shown in 

Table 21 ; the table also shows the maximum number of subjects 

represented in each cell. 

Table 21: Format of Two-Way Analysis of Variance for Examining the 
Effects of Run Embeddedness and Run Magnitude. Cel l Entries 
Show the Maximum Number of Subjects in Each Cell 

Embeddedness 
Run Magnitudes 

1 2 3 

XXX 10 10 10 

00 10 30 -

xx 10 10 10 

Although runs 00 and XX had the same magnitude, scores 

were not collapsed across them. The possibi l ity existed 

that qualitative factors and not simply run sizes were 



important, and the distinction between the doublets was 

therefore retained . Consequently 3x3 analyses of variance 

were performed . The method of fitting constants was 

employed. This takes into account the unequal cell fre­

quencies and is unaffected by the completely empty cell . 
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The only consequence of the empty cell is that degrees of 

freedom for interaction had to be reduced by one (Snedecor , 

1950). This analysis has been used throughout the following 

section, except in one instance, where heterogeneity of cell 

variances became extremely large, and a Kruskal- Wallis 

non- parametric analysis was applied. Finally , some comments 

are necessary concerning the effects of departures from 

homogeneity of variance in the present case . 

Although F is reportedly robust to departures from 

homogeneity of variance when cell frequencies are equal, 

this is not so in cases of unequal cell frequencies (Lindman , 

1974). Mean square error is a weighted average of the 

sample variances , and therefore greater weight is given to 

the variance estimates supplied by cells with larger n . 

The pooled variance is therefore biased in the direction of 

the larger frequency cells . Thus when the largest n group 

has comparatively low variance , mean square error is too 

low , and F tends to be overestimated. When the largest n 

group has comparatively high variance , mean square error is 

relatively too large, and F tends to be underestimated . 

This latter condition is the one which applied in the 
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present analyses. The central ce l l , with n = 30 , always had 

the greatest variance . This means that the significance 

figures reported here have a conservative bias . Tables 

published by Hsu (1938) permitted an estimate of the extent 

of the bias , and indicated that the true alpha level may 

have been smaller than the alpha levels reported by a factor 

of 10 . 

The first process analysis examined the effects of run 

ernbeddedness and run magnitude on the number of cycles to 

the first correct anticipation of a run (in the case of the 

triplet , both members had to be correctly anticipated) . 

Table 22 shows the mean number of cycles to the firs t cor­

rect anticipation of a run, as a function of the type of run 

and run embeddedness . 

Table 22 : Mean Number of Cycles to First Correct Anticipation of a Run 
as a Function of Type of Run and Run Embeddedness 

Embeddedness 
Type of Run 

1 2 3 

XXX 2.2 2 . 5 3 . 4 

00 2 . 7 3.1 -

xx 2 . 2 2 . 6 3 . 7 

An analysis of variance indicated no significant differences 

among the means , but this was a case where extreme cell 

heterogeneity obtained (F = 25 . 06 , p < . 01) . The cell max 
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means showed a consistent increase in values across levels 

of embeddedness , though there were no strong indications of 

an interaction or run magnitude effect. Consequentl y 

scores were collapsed across type of run and then the number 

of cycles to correct anticipation ranked . Table 23 shows 

the mean rank order of correct anticipations within runs as 

a function of ernbeddedness only . 

Table 23 : Mean Rank Order of Occurrence of Correct Anticipations of 
Runs, as a Function of Run Embeddedness 

Run Embeddedness 

1 2 3 

41 . 3 49 . 12 69 . 0 

A Kruskal- Wal l is analysis of variance showed signifi­

cant differences among the means (x 2 = 18 . 32 , p < . 001) . A 

method of testing contrasts using rank sums was appl ied 

(Dunn , 1964), and indicated a significant difference between 

the second and third means (p < . 05) . The results indicated 

that the most embedded runs required significantly more 

cycles in order to be correctly anticipated . In general , 

the trend of the results indicat ed that the more embedded a 

run , the more trials are required to learn it . 

A second analysis used the rate of wrong anticipation 

as dependent variable. Table 24 shows wrong anticipation 

rate (up to replication) as a function of embeddedness and 
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Table 24 : Mean Percentage Rate of Wrong Anticipations Within Runs, as a 
Funct ion of Run Embeddedness and Type of Run 

Run Embeddedness 
Type of Run 

l 2 3 

XXX 3 .1 15.8 21.3 

00 17 .0 14.8 -

xx 10.8 22.4 39 . l 

run size. It can be seen that rate of wrong ant ici pation 

increased with embeddedness level in two of the three cases . 

In additi on , wrong anticipation rate was generally higher 

for doublets than for the triplet. Table 25 is a summary o f 

the analysis of variance . 

Table 25 : Summary Table of Analysis of Variance of Wrong Anticipation 
Rate as a Function of Run Embeddedness and Typ e of Run 

Source ss df MS F p 

Embeddedness (E) 45.7 2 22 . 9 3 . 14 < . 05 

Run (R) 17.3 2 8.7 1.19 ns 

E x R 12 .6 4-1 4.2 . 57 ns 

Error 662 .8 91 7 . 3 

Only the embeddedness factor was significant . However , bear­

ing in mind the conservative nature of the analysis , t he runs 

factor may have had a significant effect . A parallel analy­

sis of the correct anticipation rate showed both factors to 
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be significant. (It should be noted that correct and wrong 

anticipation rates are not merely complementary because of 

the degree of freedom due to the copy response alternative . ) 

Table 26 shows mean percentage correct anticipation rate 

prior to replication as a function of embeddedness and type 

of run. The rate of correct anticipation decreased with 

Table 26: Mean Percentage Rate of Correct Anticipations as a Function 
of Run Embeddedness and Type of Run 

Run Embeddedness 
Type of Run 

1 2 3 

XXX 94.2 82.5 76.6 

00 73.9 70.2 -

xx 78.4 59 .9 44.9 

increasing embeddedness, and was lower in doublets than in 

the triplet . Analysis of variance showed both factors to be 

significant . Table 27 gives a summary of the analysis. 

Table 27: Summary of Analysis of Variance of Percentage Rates of 
Correct Anticipations as a function of Run Embeddedness and 
Type of Run 

Source ss df MS F p 

Embeddedness (E) 61.5 2 30.8 4 . 1 < . 05 

Run (R) 86 . 7 2 43.4 5.7 < . 01 

E X R 11. 5 4-1 3.9 o.s ns 

Error 687 .4 91 7.6 
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Figure 7 shows both wrong anticipation rate and correct 

anticipation rate across the three embeddedness levels , for 

each of the three types of run. The correct anticipation 

scale in the lower part of the figure has been inverted to 

give the scales the same di r ection . The two figures are 

almost perfectly congruent and show that the more embedded 

a run , the more difficult it is to process . In addition , 

doublets tended to be more difficult than the triplet. 

There was only one reversal to these trends in each case. 

The preceding analyses focussed on processes of 

sequence construction prior to first replication of a 

sequence . The final two analyses examined processes subse­

quent to replication . Following replication there was 

l ittl e variation i n type of response, the majority of 

responses being correct anticipations . For this reason, 

reaction time was used as the most informative measure of 

performance . Two dependent variables were examined: f i rst , 

the number of cycles required after replication for the 

first appearance of coded response rat es within runs; second , 

mean reaction time for responses within runs , from replica­

tion to integrated performance. 

Table 28 shows the mean number of cycles from replica­

tion for the first appearance of coded responses within runs. 

It can be seen by inspection that the number of cycles 

required increased across levels of embeddedness , except at 

one point. This was the second embeddedness val ue of the 
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Table 28: Mean Number of Cycl es from Replication for First Appearance 
of Coded Responses as a Function of Run Embeddedness and 
Type o f Run 

Run Embeddedness 
Type of Run 

1 2 3 

XXX . 50 2 . 10 3.50 

00 . 70 2 . 64 -

xx 2 . 56 1.22 3 . 75 

XX run. The e xtremely low value at this point was probably 

due to the fact that the XX run took on this value in the 

first sequence . Sequence 1 was so simple that six subjects 

reproduced it at the integrated rate on replication. This 

reduced mean values for all runs from that sequence. 

Analysis of variance showed that only the embeddedness 

factor was significant . Table 29 g ives a summary of the 

analysis. 

Table 29 : Summary Tabl e of Analysis of Variance of Number o f Cycl es to 
First Appearance of Coded Responses Within Runs 

Source ss df MS F p 

Embeddedness (E) 62 . 5 2 31. 2 4. 3 < . OS 

Run (R) 4.6 2 2 . 3 0 . 3 ns 

E X R 36 . 6 4-1 12 .2 1.7 ns 

Error 589 . 9 81 7 . 3 
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The final dependent measure was the mean reaction time 

to run members for responses from replication to integrated 

performance . The less difficult positions should show lower 

mean value s during this phase . These values are shown in 

Table 30 . 

Table 30 : Mean Reaction Time (x 52 .25 msecs) to Run Members from 
Repl i cation to Integrated Performance a s a Fun c t ion of 
Run Embe ddedne s s a nd Type of Run 

Run Embeddedness 
Type of Run 

l 2 3 

XXX 4 . 97 5 . 84 6 .50 

00 5 .77 7.79 -

xx 7.43 5 . 48 8.11 

Table 30 shows the same pattern of results as Table 28. 

The results of both indicate d that performances were poorer 

in the case o f more embe dded runs , and that doublets were 

generally more difficult to int egrate than the tripl et . 

Again , the only reversa l to these trends occurred with the 

XX run in the second embeddedness position . 

Analysis of variance showed significant main effects 

for both f actors and a significant interaction . Table 32 

is a summary of the analysis . 

F igure 8 shows a plot o f the means from the two preced­

ing analyse s . The two sets of curve s are almost perfectly 
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Table 31: Summary Table of Analysis of Variance of Reaction Times to 
Run Members 

Source ss df MS F p 

Embeddedness (E) 126.8 2 63.4 5.84 < .005 

Run (R) 383.8 2 191.9 17 . 69 < . 001 

E x R 135.6 4- 1 45 . 2 4.17 <: . Ol 

Error 6,464 . 8 596 10.9 

congruent, and in general indicate increasing complexity 

across levels of embeddedness , with doubl ets being more 

difficult to process than the triplet . The one reversal to 

these trends may have been due to the fact that the anoma l ous 

point represented performances from sequence 1, where most 

subjects required no trials beyond replication to reach 

integrated performance . Consequently mean scores from repli­

cation to smooth performance tended to be extremely low for 

all runs from that sequence. 

Discussion 

The hypothesis tested was that the complexity of a 

sequence varies as a direct function of its structural 

ernbeddedness, independently of starting effects or of code­

length. The results of Experiment 1 supported this hypo­

thesis. Sequence complexity, as measured by three separate 

performance variables, was found to vary systematically 

across levels of structural embeddedness , under conditions 

where the possible alternative explanations could not apply . 
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The further control, that all experimental sequences had 

been generated from a single parent sequence by varying 

starting-point, meant that all pair- wise transitions between 

elements were kept constant across conditions . This further 

strengthened the evidence supporting embeddedness-of-runs as 

the explanatory variable . 

However , an important qualification must be added con­

cerning the stage of processing to which the embeddedness 

measure applies . Two such stages were identified, learning 

to replication and learning to performance integration. The 

results suggested that the complexity of the first of these 

stages depends on number- of-runs, of the second, on embedded­

ness-of-runs. A simple interpretation of this finding is 

that the first stage of processing was concerned with the 

formation of runs , and so depended largely on the number of 

runs to be formed. The second stage involved the further 

processing of runs into an integrated higher-order unit, 

and depended largely on their structural embeddedness. This 

interpretation implies that runs are formed during the first 

stage and are stable structures by the end of that stage . 

A number of findings suggested this to have been the case. 

If runs had not formed during the first stage of pro­

cessing, then there is no reason why performance to run 

members should have been different from performance to other 

elements. However, the results indicate that within- run 

elements were processed more readily prior to replication . 



Table 19 showed that in all cases within-run members were 

correctly anticipated sooner than elements at the start of 

the runs . All other dependent measures exhibited the same 

pattern. 

The results indicate that runs were forming prior to 

replication . There is also evidence that they had formed 
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and were stable structural entities , either with replication 

or shortly thereafter . Following r eplication, the rate of 

wrong anticipations dropped to 4%, while the correct antici-

pation rate increased to 93% . (The remaini ng 3% were copy 

responses . ) This means that runs were almost perfectly 

predicted following replication , which is all that is meant 

here by " stable . " 

The evidence suggests that runs were stably formed with 

replication . It seems that the subjective representation of 

a sequence at this stage may have been that of an ordered 

assembly of runs, and that replication itself represented 

the first correct anticipation of the transition between 

runs . 

One reason for describing the cognitive repr esentation 

of a sequence as an " assembly of runs " at this point is that 

the links within runs were apparently still stronger immedi­

ately after replication than the links between them. This 

is shown by the fact that within- run members were reduced to 

a coded response rate in significantly fewer cycles than 

were between run members . (The means were 1.7 and 3 . 2 cycles 
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respectively, F = 13.6, df = 1,233, p < .001) . Also the 

mean reaction time to within- run members was l ower over this 

stage of processing than the mean reaction time to elements 

transitional between runs (340 and 510 msecs respectively) . 

Both resul ts suggested that , following replicat ion , elements 

are integrated into coded response units and that this 

integration takes place first within runs and then between 

runs . It is possible that further stages exist within this 

stage, and that runs are formed into progressively larger 

units leading up to integration of the whole pattern. How­

ever, this kind of fine observation lay beyond the l imits of 

the present analysis . Nevertheless, it seems clear that 

integration takes place and that what was little more than 

a set of pair- wise associations between runs at the time of 

replication was a single unified structure at the t ime of 

integrated performance. This process appears similar in 

many features to the processing model proposed by Vitz and 

Todd (1969) . 

If sequences are processed through several stages of 

unit- formation, as the previous analysis suggests , then at 

different stages there may exist what are , effectively , 

different sequences . At the start o f processing the sequence 

is a set of elements. At a later point it is a set of runs . 

At a still later point it is a single patter n . Given this , 

there is no reason to suppose that "sequence complexity'' 

remains constant throughout processing, and different 
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measures of complexity may apply at different levels of 

processing . 

ical grounds . 

This idea has already been proposed on theoret­

The Vitz and Todd measure , H d , is the sum co e 

of the different complexity measures of different levels of 

processing . Simon (1972) and Greeno and Simon (1974) have 

also proposed that different types of processing may require 

different measures of sequence complexity. So far as I am 

aware , the present results provide the first experimental 

verificati on of these ideas in which different levels of 

processing of a sequence were observed to be described by 

different theoretical measures of complexity . The complexity 

of processing elements into runs appeared to depend on the 

number- of- runs measure , the complexity of then integrating 

them into a single unit, on embeddedness- of-runs . 

If embeddedness-of- runs and number- of-runs are measures 

of the complexity of two different stages of processing, 

then presumably total complexity will be some function of 

the weighted mean of the t wo . This raises the question of 

why , in Chapter 2 , sequence complexity was found to be well 

described by structural embeddedness only . A possible 

reason is that in the temporal patterning experiments 

examined , stimulus elements were presented at relatively 

fast rates , with no response required until after processing. 

Under such conditions runs may form very rapidly . In the 

remaining experiments , sequences were frequently presented 

spatially on printed cards (Royer, 1967 ; Vitz & Todd , 1969) . 
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The experience of looking at a card of this kind is that of 

the runs standing out immediately, as blocks of identical 

items . If run formation is indeed almost immediate under 

such circumstances , the number-of-runs factor would con­

tribute little to the overall complexity of sequences . In 

such cases, structural embeddedness alone would provide a 

close fit to the data . This interpretation suggests the 

following prediction. Subjects pretrained on runs would 

still have to integrate those runs . If integration requires 

more processing time than run formation under the conditions 

described, then pretraining should have little effect. No 

differences would be expected between naive and pretrained 

individuals . 

The experiment clarified the roles of two a priori 

complexity measures. In addition, light was shed on the 

psychological processes underlying pattern acquisition. In 

particular , psychological interpretations of the two struc­

tural embeddedness factors , run embeddedness and run size , 

were suggested . 

With respect to embeddedness, the results consistently 

supported an order-of-processing interpretation . Six analy­

ses were conducted, using different dependent variables and 

examining two stages of processing, and in every case a 

significant embeddedness effect was found . The direction of 

the effect indicated that more embedded runs were processed 

later than less embedded runs . This was evidenced by the 
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fact that less embedded runs were first correctly anticipated 

earlier , had lower rates of wrong anticipations , higher rates 

of correct anticipations, were reduced to a coded rate in 

fewer trials and had lower mean reaction times than more 

embedded runs . All of these findings are consistent with 

the interpretation that the l ess embedded a run , the earlier 

it is proce ssed. 

The ends- i nwards order of processing indicated by the 

results has important implications for present models of 

s equential processing . All current models assume a linear 

order of processing , and elements are ass umed to be encoded 

by the operation of coding rules applied in a left- to- right 

direction (Restle , 1970; S i mon & Kotovsky , 1963 ; Vitz & Todd , 

1969). The possibility of a serial pos ition effect in such 

sequences has not been given theoretical consideration . 

However , a previous experimental finding sugges t ed that 

different positions within sequences might be processed 

differently (Jones & Zamostny , 1975) . The experiment was 

conducted to test between alternative types of s equential 

processing models, but the major finding was inconsistent 

with all such models . The finding was that errors within a 

sequence arose in lar ge part from the relative positions of 

coding rules within seq uences . 

As it turns out , rules occurr ing near the beginning and e nd 
of a series are easier to l earn than those in the middl e . 
{p . 306 ) 



The results anticipated the present embeddedness inter­

pretation of processing , and translate directly into a 

statement that the more embedded a coding rule, the more 

difficult it is to code a section of a sequence described 
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by that rule. This previously isolated experimental finding 

makes perfect sense in the context of an embeddedness expla­

nation . More embedded rules will be applied later , with 

fewer opportunities for success and consequently with more 

errors than less embedded rules. How this order of process­

ing of items interacts with types 0f·coding rule remains an 

open question . Are rules applied in reverse direction at 

the end of sequences, or are they only applied sooner to the 

ends of sequences than has been previously supposed? This 

is one question which will have to be answered if bi- direc­

tional processing is to be applied by coding models . 

There was some evidence in the results that the ends­

inward order of processing did not proceed symmetrically 

from both ends of a sequence . Assuming symmetrical process­

ing, the structural embeddedness values of the four 

sequences were 11 , 13 , 15 , and 17. Assuming the first run 

to have been processed first, giving the skewed distribution , 

E_1 , the values would have been 15 , 17 , 19 , and 19 respec­

tively. In some cases the latter distribution would have 

provided the better fit, and the possibility exists that 

processing proceeded inwards in both directions from the 

first run, rather than from the space between the last and 
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first runs . However, the present concern was to test the 

general applicability of structural embeddedness rather than 

to make decisions concerning specific parameter values . 

Nevertheless , the results made it more likely that a skewed 

distribution would be relevant in Experiment 2, where no 

anchor cues were to be provided . 

The second parameter of the structural embeddedness 

measure was run magnitude . Two possible interpretations of 

run magnitude were entertained. Either it reflects the 

effort of forming elements into runs , or it reflects the 

salience of those runs , once formed. The effort hypothesis 

predicts that structural embeddedness will apply pr ior to 

run formation. It further predicts that larger runs will be 

processed les s readily than s maller runs . The salience 

hypothesis predicts that structural embeddedness will apply 

afte r the processing of runs , and further predicts that 

larger runs will be processed mor e readily than smaller ones. 

The results supported the salience hypothesis in both types 

of prediction . Embeddedness- of- runs was found to apply 

after the formation of runs, which is consistent with the 

salience hypothesis, not the effort hypothesis . In addition, 

the process analyses suggested that the larger run was in 

general mor e readily processed than the smaller runs . This 

again was consistent with the salience hypothesis and 

inconsistent with the effort hypothesis. 
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In the process analyses, the runs factor was signifi­

cant in only two instances . However, the conservative bias 

of the analyses may have obscured other significant cases. 

Certainl y the trends in all cases were consistent with the 

salience hypothesis. The triplet was consistently associated 

with better performance scores than the doublets . In the 

majority of cases it had been correctly anticipated sooner , 

had incurred more correct anticipations and fewer wrong 

anticipations , had been integrated sooner into a coded 

response and had a lower overall mean reaction time. All 

of these results suggest that the triplet was more readily 

processed than the doublets . 

It is of interest that the pattern of differences 

between doublets and t he triplet coincided almost exactly 

with the differences between high and low embedded items. 

This suggests the interesting hypothesis that both run size 

and run embeddedness affect order of processing . The 

results suggest that larger runs may be processed sooner 

than smaller runs, holding embeddedness constant , and that 

less embedded runs tend to be processed sooner than more 

embedded runs , holding run size constant . If this is true, 

then structural embeddedness is a measure reflecting the 

compatibility of two factors which independently affect 

order of processing . Salient features and less embedded 

features would both tend to be processed readily . When 

those factors are compatible , with salient features in less 
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embedded positions , the result is a good pattern . When they 

are in conflict , with non- salient features in less embedded 

positions , and vice versa , the result is a poor pattern . 

The poet Al exander Pope defined good style as proper words 

in proper places . It seems now that something similar may 

be true of good patterns. The essence of good patterns , by 

this theory, consists in placing the most readily processed 

features in the most readily processed positions. The 

question arises immediately of why this should be so? Since 

in learning a sequence all items have to be processed even­

tually , why should it matter what elements are processed 

firs t ? To answer this question , some further theoretical 

assumptions will be required. 

The present theory treats a sequence a s a set of runs , 

or items , and as a set of positions . The process analyses 

demonstrated that it is meani ngful to consider these factors 

independently . A position--in terms of embeddedness--has an 

effect on processing which can be assessed independentl y of 

the item occupying that position . Similarl y , the effects of 

an item may be assessed independently of position . In this 

respect the theory adopts a stance opposed to the associa­

tionist theory of a sequence as nothi ng but a set of items 

(Wickekgren, 1965) . If item properties were hel d constant, 

processing would proceed in the direction of increasing 

embeddedness . This in itself is a statement of a theory of 

serial learning, which will be taken up at a later point. 
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One consequence of processing spreading from lower to higher 

embeddedness values is that a sequence consists always of 

one already p r ocessed region and one '' gap ," still to be 

processed . With processing , the former region grows and 

the latter shrinks until the whole sequence has been 

acquired . The introduction of item differences may or may 

not change this simple order of processing . Some items 

appear to be readily processed , others less readily so . 

The former may be thought of as facilita t ing processing , 

the latter as blocking it . When readily processed items are 

in the less embedded positions , proces sing wi ll proceed 

rapidly throughout those regions . Both embeddedness and 

item characteristics will combine to define a particular 

order of processing , which reduces the gap to smaller and 

smaller dimensions. The gap contains the core of recalci­

trant items , those most difficult to process . By the time 

they are reached , a great deal will have been already 

acquired of the structure of a sequence, and few alterna­

tives will remain for how the final items are to be combined 

within that structure. However , when the positional and 

item factors are incompatible , processing is likely to be 

less orderly . A low embeddedness item may be acquired in 

one location, a highly salient item in another, so that the 

emerging sequence consists of a number of known items and a 

number of gaps . It is possible that the more gaps exist in 

a sequence under process of construction , the more sequencing 
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errors are likely to arise. A mechanism which could produce 

sequencing errors under such conditions has already been 

proposed by MacKay (1970) in another context . 

MacKay (1970) wished to expl ain Spoonerisms , those 

sequencing errors in speech where sounds from different 

positions may be transposed. The explanat ion as s umes the 

preactivation of certain uni ts of speech , an idea antici­

pated by Lashley (1951) . The basic idea is that speech, and 

presumably other mot or sequences , is preassembled into a 

" queue" of waiting response units which are tri ggered at the 

appropriate instant by a mechanism which scans the queue . 

This scanner raises each unit in turn to the level of excit­

ation necessary to " fire .'' However , if for some reason a 

waiting unit is at a higher than normal level of excitation 

initially , then it may be fired prematurely . One may sup­

pose here that the edge of the scanning beam is a gradient 

rather than a sharp boundary , and that the leading edge of 

excitatory potential may be sufficient to raise the energy 

level of certain elements to suprathreshold levels. In the 

present case , sal ient items may represent just the kind of 

element likel y to be affected in thi s manner . Salient i tems 

in the middle of a series would therefore represent the 

condition most likel y to l ead to sequencing errors. The 

effect woul d be magnified if the addi t i onal assumption were 

made that gaps in a sequence have a lower resistance than 

items to spreading potenti al from t he scanner . Gaps in a 



107 

sequence followed by salient items would therefore represent 

a combination particularly susceptible to sequencing errors. 

This is also the combination which would arise in conditions 

of high structural embeddedness , according to the previous 

remarks . Central salient items would be processed prior to 

less salient preceding items , and consequently at certain 

stages of processing a sequence would consist of a gap 

followed by a salient item. The result would be the prema­

ture anticipation of the salient item. The resulting 

confusion might be expected to further delay processing. 

In conclusion, the first experiment supported the hypo­

thesis that sequence complexity is a function of structural 

embeddedness. The experiment further clarified the psycho­

logical effects of embeddedness and run size . Both factors 

were interpreted as factors which affect the order in which 

sequential items are processed. It was proposed that 

structural embeddedness measures the degree of compatibility 

of the two factors . Good patterns , with low structural 

embeddedness , have the most salient items in the most 

accessible positions. As an explanation of why this 

arrangement should lead to better processing , a scanning 

model was proposed. 
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Expe r iment 2 

Method 

Subj eats . The 40 subjects from Exper iment 1 partici-

pated in Experiment 2. A 20- minute distractor t ask was 

interpolated between the two experi ments . Subjec ts were 

assigned to one of four experimental conditions on the basis 

of their previous experiment al conditions . Thos e who had 

received complex sequences in Experiment 1 were given simple 

sequences in Experiment 2 , and vice versa. This departure 

from random assignment was made to reduce the amount of time 

and effort required of any one subject . (Time a nd effort 

costs were considerable in the more complex conditions . 

Frequently 15 minutes or more were required , involving per­

haps 300 trials , with 600 key presses . ) 

Procedure 

The experiment was identical in general procedure to 

the previ ous experiment . The run structures of t h e sequences 

employed we re 2112 , 2211 , 1221 , and 11121 , generated from a 

single sequence by varying the star ting- point . (Taking t he 

basic sequence to be XXOXOO , the four starting- points were the 

underlined elements . ) The s equences were typed on display 

cards , with single space s between all elements . Six repe­

titions of a sequence were typed on a display card as a 

single serie s , with no cues indicating the segmentation. 

Subjects were instructed to copy a sequence unt i l able to 



reproduce it at the fast baseline rate . It was explained 

that the sequence repeated several times i n one carriage 

length , but that no cues would indicate repetition ~ and 
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part of the task was to identify this . I t was then e xplained 

that on reaching the end of the carriage it might seem that 

the sequence had stopped somewhere i n the middl e . "This may 

happen ," it was explained, " because the point where you see 

the sequence as start ing is not the same as the point given 

at the beginning of the card . Thi s often happens , and if it 

does , try to go on seeing the sequence in your own way. " 

Finally , subjects were warned that the sequence might be 

l onger , shorter or t he same l ength as the sequence in t he 

previous experiment . 

Trials continued until all re s ponses were at a rate 

approximating coded responses . At this point the experiment 

was terminated , and the subject was asked to desc ribe the 

pattern verbally . 

Result s 

Responses were classified as correct anticipations , 

wrong anticipations and copy responses on the bas is of the 

visual record, and as coded responses on the basis of 

reaction time data . "Replication" was defined as the first 

six consecutive correct anticipations . " Integrated perfor-

mance" was defined as the first six consecutive correct 

anticipations in which the last five had reaction times of 



260 msecs or less . The number of trials from replication 

to integrated performance was found for each subject. 
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The verbal descriptions given by subj ects at t he end of 

processing were taken to represent the subjective final form 

of a pattern. The element starting a sequence on the dis-

play card defined the initial form. The number and direc­

tion of shifts from initial to fina l forms are shown in 

Table 32 . 

Table 32 : Frequency and Direction of Shifts During Processing 

Run Structure Run Structure of Final Form 

of Initial Form 2112 2211 1221 11121 

2112 7 0 0 0 

2211 0 10 0 0 

1221 1 4 1 0 

11121 2 2 1 3 

The table represents performances based on 31 subjects, 

not 40 . Eight sub j ects failed to replicate , and were unable 

to g i ve a verbal description of the sequence . There were 

two failures from group 1, f our from group 3 , and t wo from 

group 4 . In addition , the data for one subject from group 1 

were lost due to an equipment fault . 

The first thing to be noted in Table 33 is that sequence 

2 was at least as stable as sequence 1 , and as effective in 
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a ttracting responses . This was consistent with both 

sequences being of the same structural embeddedness , which 

would have been the case assuming the skewed distribution, 

E_1 . The structural embeddedness values generated from this 

distribution were 11 , 11 , 13 , and 14 for sequences 1 to 4 

respectively . The first analysis compared the number of 

trials from replication to integration for the first two 

sequences only. No significant differences were found (F = 

.073, d f = 1,24, p > . 5). Table 33 shows the mean and 

standard deviation of scores from the two g roups. 

be seen that they were almost identical. 

It can 

Table 33 : Means and Standard Deviations of Number of Trials from 
Replication to Integration 

Sequence 1 

Sequence 2 

Mean 

40 

36 

Standard Deviation 

40 

36 

On the basis of this result, the assumption was made 

that an E_1 distribution was appropriate in the present case . 

The scores from groups 1 and 2 were therefore pooled. Groups 

were defined on the basis of the final form of a sequence. 

This was done because reorganizations were likely to have 

taken place prior to replication . Thus, in examining scores 

after replication the effective experimental conditions 

depended on the reorganized form of a sequence , not on its 

initial form . 
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The mean number of trials from replication to integra­

tion for the three redefined conditions are shown in Table 

34 . 

Table 34: Mean Nwnber of Trials from Replication to Integration for the 
Three Redefined Experimental Conditions 

Experimental Conditions 

1 2 3 

37 . 4 103 . 0 157 . 3 

The low number of subjects remaining in the last two 

groups (2 and 3 respectively) raised doubts about the 

reliability of the results . Nevertheless, analysis of 

variance indicated significant differences among the means. 

Table 35 is a summary of the analysis . Treatment effects 

Table 35: Summary Table of Analysis of Variance of Nwnber of Trials 

Source ss df MS F p 

Treatment 43,963 2 21 , 981.5 6 . 6 < . 005 

Error 93,251 28 3,330 . 4 

Total 137 , 214 30 

accounted for 32 % of the variance in performance scores . 

A plot of mean trials as a function of structural 

embeddedness is shown in Figure 9 , with the best- f i tting 

straight line . It can be seen from Figure 9 that sequence 

complexity increased linearally across conditions as a 
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func tion of structural embeddedness . This replicated the 

finding of the first experiment . It also provided addi-

tional support for the choice of the skewed embeddedness 

values in the present case , since by using those values 

the linearity between complexity and embeddedness- of-runs 

was best preserved. 
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Organizational shifts were re-examined on the basis of 

the new embeddedness values . Table 36 shows the occurrence 

of shifts as a function of the structural ernbeddedness of 

sequences . 

Table 36 : Sequence Reorganizations as a Function of Structural 
Embeddedness 

Structural Structural Embeddedness of Final Form 
Embeddedness 

of Initial Form 11 13 14 

11 17 0 0 

13 5 1 0 

14 4 1 3 

Entries in the first row show that when a sequence was 

given in the minimum form , no reorganizations occurred . In 

the second row, 5 of the 6 subjects who began with a sequence 

valued 13 , and who could describe the sequence after process­

ing, described it in a reorganized form . In all cases the 

reorganizations were to the minimum form . In the third row, 

5 of the 8 subjects who began with the sequence valued 14 
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and who could later describe the sequence, described it in a 

reorganized form. In this case four of the reorganizations 

were to the minimum form , and one to a form with a lower 

value than initially . 

In order to test the results statistically an expected 

distribution must be specified under a null hypothesis. The 

nature of the null hypothesis depends on how many shifts 

were expected. Given a certain nwnber of shifts, it is 

possible to specify a nul l distribution . In the present 

case , 10 shifts occurred. One null hypothesis is that shifts 

occur randomly, and that as many shifts are to be expected 

in the direction of increasing embeddedness as in the direc­

tion of decreasing embeddedness . This permitted evaluation 

of the experimental hypothesis , that shifts occurred in the 

direction of minimizing structural embeddedness. All 10 

shifts occurred in the predicted direction. The probability 

of this occurring by chance, given that 10 shifts occurred, 

was less than .001. (Calculated by the probability of all 

10 events falling below rather than above the main diagonal, 

p = 1/2 10
• This calculation did not take into account the 

number of shifts within particular rows . It is to be noted 

that the proportion of shifts was greater in the second than 

in the third row of the table . This goes counter to the 

prediction, since the third row represented a theoretically 

more difficult sequence and should have resulted in more 

shifts . ) 
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Dis cuss ion 

The experiment was designed to test the hypothesis that 

when shifts occur in sequence organization they do so in a 

direction of minimizing struct ural embeddedness . 

To evaluate the hypothesis, the appropriate measure of 

structural embeddedness had to be determined. The present 

situation differed from that of the first experiment in that 

no cues were provided this time for the segmentati on of a 

sequence . Segmentation was something which subjects them-

selves had to do . It seemed probable that they would do so 

by establishing a run as an initial anchor point , following 

which the remainder of the sequence would be learned in the 

usual ends-inward order . This would give the first , anchor­

ing, run a value of 1 , the second and last runs a value of 2 , 

the third and second last runs a value of 3, and so on . 

These are the values of the skewed embeddedness distribution, 

E_1 . Embeddedness- of- runs values computed from this distri­

bution were found to provide a better fit to the data than 

values from the symmet rical distribution . 

A linear relationship was again found between the 

structural embeddedness of sequences and the number of 

trials required to process a sequence from replication to 

integrated performance . The result generalized the major 

finding of the first experiment to sequences for which no 

starting cues were provided . Again , the experimental find­

ings indicated that structural embeddedness is a measure of 



the complexity of integrating a s equence into a single 

pattern , once the runs have been formed . 
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The results also supported the main hypothesis of the 

present experiment . In all cases where reorganizations of 

a sequence occurred , they occurred in a direction of mini­

mizing structural embeddedness . It was apparently very 

difficult to learn the more highly embedded sequences 

without first reorganizing them . Of the 20 subjects who 

received the two most difficult initial forms , 10 reorgan­

ized to a simpler form , 6 were unable to descri be any pattern, 

and onl y 4 learned the patterns to integration in the given 

form . 

At first sight it seems obvious why subjects reorganize 

sequences into simpler forms . They do so because it makes 

the task simpler . On c l oser exami nation , however , it can be 

seen that this explanation wil l not suffi ce . It is teleo­

logical and implies that subjects are moti vated towards a 

particular end state-- simplifying the task--and choose 

patterns on that basis. This in t urn impl ies prior know­

ledge of a pattern . In effect , it assumes that a subject 

knows which form of a sequence is simplest to learn before 

having learned it. 

A simpler explanation is that reorganizations are 

caused by wrong anticipations , which precipitate attempted 

reorganizations . If the attempted reorganizations a l so lead 

to many wrong anticipations , they too will tend to be 
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reorganized. If, on the other hand , the new organizations 

result in a reduction in wrong anticipations , then they are 

more likely to be retained. Experiment 1 est ablished that 

learning a sequence which is highly structurally embedded 

results in high rates of wrong anti cipation. Consequently, 

it is to be expected that wrong anticipations occurred more 

frequently when subjects attempted to learn the present 

sequences in more highly embedded forms . If the assumption 

is made that wrong anticipations lead to a loss of material 

in memory storage , then the initial starting-point of a 

sequence may be lost and the subject obliged to pick- up a 

new starting- point . Such new points are likely to be 

salient, readily processed features . Having such features 

at the beginning of a pattern is likely , in turn , to lead 

to a reduction in structural embeddedness . As a consequence , 

wrong anticipations will become less frequent , loss of 

material from storage rarer , and the sequen ce will tend to 

stabilize in the new form . If, on the o t her hand , the new 

starting- points do not reduce structural embeddedness , wrong 

anticipations will continue at a high rate , and the process 

is likely to repeat until further reorganizations lead to 

a simpler form . In effect , there is a natural selection 

of simpler forms from the various "mutations" which arise 

in the course of processing. 

The scanning model described in the previous chapter 

readily accounts for the higher rate of wrong anticipations 
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in more structurally embedded sequences. Such sequences 

tend to have salient items towards the centre , being there­

fore o f a form in which premature firing is likely to 

result , and so bring about sequencing errors . 

One consequence of the model outlined above is that if 

a subject persists in trying to learn a sequence in a diffi­

cult form, the same sequencing errors are likely to recur. 

A preliminary test of this prediction was carried out by 

comparing the performances of subjects who had shifted, with 

those who had failed to shift, in the case of the two more 

difficult sequences. Persistence of wrong anticipation was 

me asured by counting the number of times a wrong anticipation 

on one cycle led to a wrong anticipation to the same element 

on the next cycle . The mean number of such perseverations 

in cases of shift was 4.6, in cases of no shift, 19.0. The 

differe nce was highly significant (F = 16 . 9, df = 1,18, p < 

. 001). The result suggests that sequencing errors tend to 

perseverate in highly embedded sequences, and decrease when 

shifts occur to a simpler form . This is consistent with the 

scanning model, and with the more general model of sequen­

tial processing proposed here. 

In summary, the results of the second experiment sup­

ported the hypothesis that organizational shifts occur in 

the direction of minimizing structural embeddedness. In all 

cases the reorganizations which occurred were consistent 

with the hypothesis. In addition, the results of the second 
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experiment provided an additional confirmat ion of the 

results of the first. The complexity of sequences from 

replication to integrati on was again found to be a direct 

function of structural embeddedness . The only d i fference 

was that requiring a subject to establish a starting- poi nt 

leads to a slight change in the relevant embeddedness 

distribution . The nature of this change was in itself 

consistent with the order-of- processing explanation of 

embeddedness . 



CHAPTER 6 

GENERAL DISCUSSION AND CONCLUSIONS 

The present investigations began with the proposal of 

a new quantification of sequential patterns, called 

embeddedness-of- runs or structural embeddedness . The new 

measure was derived by induction from previous empirical 

findings, and tests using existing data provided consider­

able preliminary support . The measure correlat ed highly 

with performance scores from a wide variety of experimental 

settings and in contrast to the most widely accepted current 

measure , code-length , it readily accounted both for differ­

ences in complexity across sequences , and for organizational 

preferences within a single sequence. 

However , alternative explanations of the new measure 

were possible, and the major goal of the present research 

was to test the measure under conditions where the a l terna­

tive explanations were ruled out . Two such experiments were 

reported , in which embeddedness-of- runs was shown still to 

bear a systematic relationship with behaviour under these 

controlled conditions . In the first experiment, the behav-

ioural complexity of sequences was found to vary as a direct 

function of its structural embeddedness . In the second 

experiment, the preferred organizations of an iterating 
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sequence were found to vary with its structural embeddedness. 

In addition to confirming the major hypotheses, the 

experimental findings provided information concerning the 

psychological processes which might account for the measure. 

In effect , the measure was a mathematical model of sequential 

processing, with two parameters. The first of these para­

meters , run embeddedness , was consistently found to be 

interpretable as the order- of-processing of items. Prior 

to replication , the results indicated that runs had been 

formed by an ends-inward direction of processing . Following 

replication, it appeared that runs had been integrated into 

a single pattern in the same , ends- inward order. Previous 

research had indicated the importance of order- of- processing 

in serial tasks (Feigenbaum & Simon , 1962; Trabasso & Riley, 

1975). It seems that when faced with a sequential task, in 

which limitations of capacity prevent an all- at- once kind of 

processing , subjects allocate processing to parts of the 

sequence in an orderly, systematic manner. However, in the 

present case, the results signified that the second parameter 

of the model, run magnitude, could influence this order of 

processing. In almost all cases the longest run was pro-

cessed more readily than the shorter runs, indicating that 

it had been processed first. 

Both parameters of the model were therefore interpret­

able in terms of the readiness with which parts of a sequence 

were processed. The embeddedness factor described the 
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readiness with which particular pos ition s were acquired . 

The run magnitude factor described the readiness with which 

particular kinds of items were acquired. This led to a 

simple conceptual statement of the emerging psychologi cal 

theory. When the two factors affecting processing are 

compatible , with the most readily processed items in the 

most readily acquired positions , then structural embedded­

ness will be minimal, and the sequence will have a good 

pattern as determined by subjects ' performances . When the 

two factors are incompatible , the result will be higher 

structural embeddedness , and patterns which are less good 

in terms of performance measures. A possible expl anation of 

this theory was proposed, in the form of a modified version 

of a scanning model described by MacKay (1970). The model 

was designed to account for certain kinds of sequencing 

errors , by proposing that they are due to the premature 

activation of elements in a serial queue . It was proposed 

here that hig h structurally embedded patterns are likely to 

lead to this kind of sequencing error , and that consequently 

such patterns will be difficult to acquire. The same 

explanation served to account for the observed organizational 

s hifts in the direction of patterns having lower struct ural 

embeddedness. The explanation took the form that sequencing 

errors tend to result in a loss of material from storage . 

In cases where subjects are attempting to establish a 

starting- point, this loss of material leads to t he selection 
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of new pos sible starting- points . Continued errors lead to 

continued shifts , until a starting- point is selected which 

leads to a drop in errors . Such points are more likely to 

be retained . For two reasons , such points are also likely 

to be those for which embeddedness- of- runs is low. First , 

salient starting-points are more likely to be selected . 

This in turn is likely to lead to low s tructural embedded­

ness. Second , the rate of sequencing errors is likely to 

drop when a pattern of low structural embeddedness is formed. 

Consequently , there will be s omething analogous to a 

'' natural selection" of the simpler , less embedded forms. 

It was possible , then , to propose psychological inter­

pretations of t he experimental findings . The resul t of this 

was a unified conceptual theory which was able to subtend 

the mathematical model , and to provide psychological explan­

ations of pattern compl exity and pattern preferences . The 

attempt will be made in the remai ning pages to extend these 

ideas into two neighbouring areas , serial learning and 

verbal processing . Following t h is, some final quest i ons 

will be raised about the precise psychological locus of the 

embeddedness measure . Does it apply only to acquisition , 

or also to storage and retrieval? 

Embeddedness and Serial Lear ning 

The major difference between serial pattern learning 

and serial learning is , appropriately enough , the absence 
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of patterns in the latter case . Serial items are carefully 

selected to inhibit any tendencies to combine them into 

sub-patterns. Arbitrary material is selected initially, 

then equated for association value and finally combined into 

a list in a way that eliminates alliteration, rhyme or any 

other obvious cue for the grouping of adjacent items. It 

is unlikely that these elaborate precautions actually elim­

inate grouping effects at the individual subject level . 

Even Ebbinghaus was unable to prevent himself from using a 

trochaic rhythm for the grouping of arbitrary items (Harcum, 

1975). However , when performances are averaged across sub­

jects it is unlikely that any systematic grouping effects 

will remain . In other words, it is reasonable to suppose 

that the salience of items in a serial list is more or less 

constant across the items . Applying this to the structural 

embeddedness model , the proposition may be made that the 

difficulty of a serial list will be given by 

where e. 
i 

r. 
i 

k 

E = [ e. • r. 
1 1 

= I e.·k 
1 

is the embeddedness of the i th item, 

is the salience of the i th item, and 

is a constant. 

Let the difficulty of the i th position within a serial 

list be defined as f., where f is some measure of performance 
i 

such as number of failures, or number of trials to criterion. 

Then the total complexity or difficulty of a serial list, E, 



is given by 

It follows that 

and 

E = Lf. 
l. 

rf. = r e. · k, 
l. l. 

f. = e. • k 
l. l. 

f. ex: e. 
l. l 
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Thus the number of failures in a serial position will be 

directly proportional to the embeddedness of that position . 

It has become customary to repor t the results of serial 

learning experiments in terms of the ~elati v e d iffiau lty of 

items, given here by f . / I: f .. 
l. l 

This makes allowance for 

differences in item difficulty in comparing across lists, 

and provides equivalent serial position effects from differ­

ent serial lists (Mccrary & Hunter, 1953) . 

Since f . = e. • k , 
l. l. 

f . / r f. = e. •k/r e. •k 
l. l. l. l 

= e./r e. 
l. l 

This states that the relative difficulty of a serial 

position is equal to the relative embeddedness of that 

position . This provides a very simple model of serial 

learning. However, nothing has been said yet about the type 

of embeddedness distribution appropriate in serial learning. 

In fact, this appears to be variable, depending on certain 

characteristics of the experimental situation, but by and 

large the classical serial position effect is quite well 
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described by the distribution nE_2 , where n is the number of 

items in the serial list. One example of the goodness- of­

fit of the model is shown in Figure 10 . Many other examples 

could have been sele cted from the literature . The data in 

Figure 10 were take n from Hovland (in Stevens , 1951). The 

figure shows the mean number of errors in each position as 

a percentage of the total mean number of errors. The pre­

dicted curve was obtained by calculati ng the embeddedness of 

each position as a percentage of the total of the embedded­

ness values . As it turns out, the model makes predictions 

which are very simil ar to those of the Feigenbaum and Si mon 

(1962) model . (The two models diverge as list length 

decreases. For very short lists of e i ght or fewer items 

the embeddedness model continues to give a serial position 

effect , while the Feigenbaum and Simon model predicts a 

fairly flat distribution , except for the first two items.) 

Like the embeddedness model , the Feigenbaum and Simon model 

also assumes an ends-inward order of processing , which is 

the main reason why the two models give similar predictions . 

The advantages of the embeddedness model l i e in its computa­

tional simplicity, and its greater generality . The serial 

model proposed here is simply a special case of the general 

sequential model , E = Le ,• r., and it seems that this single 
i i 

mathematical model may underlie the areas of temporal pat-

terning, serial pattern learning and classical serial 

l e arning. 
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A further advantage of the embeddedness model is that 

it provides a very simple notation for specifying the shapes 

of different serial learning curves . It may be recalled 

that the notation E+ k specifies a particular embeddedness n -
distribution, for given values of n and k . One example may 

serve to suggest the possible usefulness of such a notation . 

Glanzer (1966) reports results where a serial list of 

stimuli were presented all at once , on printed cards , at 

low exposure times . Eight-item series were presented under 

four exposure conditions of 200, 400 , 800 , and 1 , 600 msecs . 

Harcum (1968) transformed Glanzer ' s data by expressing 

errors in each serial position as a percentage of total 

errors, the same transformation as the one used in preparing 

Figure 10. The resulting curves were quite similar to each 

other, and Harcum concluded that the serial position effects 

resulting from the four different exposure conditions had 

been identical . However , it is in cases like this where the 

more specific notation proposed above can provide a more 

precise classification of the curves . 

Results from the two longest exposure conditions in 

Glanzer (1966) were found to correspond best to a 

distribution . This suggests that processing proceeded in 

almost perfect left-to-right order , except that the last 

item was processed at almost the same time as the sixth 

item, the seventh item being processed last. Goodness- of­

fit was estimated by linearizing the obtained and predicted 
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distributions and computing a correlation coefficient 

between them. In both cases the correlation was .98. The 

next lowest exposure condition, 400 msecs, resulted in a 

serial position effect which was best described by the 

distribution 8E_ 4 . Here the correlation was .99 . The shape 

of the distribution is consistent with a less strict left- to­

right order of processing, with items 1 to 4 having been 

processed in order , followed by 5 and 8 , processed about the 

same time, followed finally by items 6 and 7 . The results 

from the lowest exposure condition, 200 msecs, show a fur­

ther continuation of this trend away from left-to- right 

processing and towards greater ends- inward order . The 

results in this case were best described by the distribution 

8E_3 , with a correlation of . 98. This distribution sug­

gests left-to-right processing up to and including item 3, 

following which items 4 and 8 were processed at about the 

same time , followed by 5 and 7, and then finally by item 6. 

The results suggest the trend that, as exposure time 

decreases , a series of items presented all at once is pro­

cessed less in a left-to-right fashion and more in an 

increasingly symmetrical ends-inward direction of processing. 

Rather than being identical, there appear to be systematic 

differences between the sets of curves . However, the dif­

ferences only become apparent when there is a precise enough 

way of describing them. Does the observed trend continue , 

with further decreases in exposure time? The data on this 
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are ambiguous , but the results of at least one study suggest 

that it does . Haslerud and Clark (1957) presented subj ects 

with 9-letter words exposed for 40 msecs . If the responses 

with no grouping effects are examined (the authors ' " fragmen­

tary response " category) then the results are almost perfectly 

described by the distribution 9E0 , with a correlation of . 99 . 

This means that the best-fitting distributionwasconsistent 

with a completely symmetrical ends- inward order of process­

ing in this case . 

From the results examined here it appears that the 

embeddedness model may have some predictive power when 

applied to serial learning and related topics . The model 

accounts quite well for the shapes of serial position effects , 

and provi des a notation for describing a family of such 

curves . The parti cular embeddedness distributions appropri­

ate to specific cases presumably depend on particular 

characteristics of the situations . One fac tor which might 

be important in the " perceptual" serial pos ition eff ect 

appeared to be that of exposure time, discussed above. This 

is not the place to consider psychological models for 

e xplaining the relationship of embeddedness to serial learn­

ing in specific cases . However , the growing generality of 

the embeddedness model seems to indicate that it may be 

worthwhile to pursue questions of this kind . 



132 

Salience of Items and Verbal Proces sing 

It was proposed , as part of the theory of sequential 

processing developed here, that iterating sequences tend to 

be segmented so that salient , rapidly processed elements are 

in first position of a perceived pattern . One reason for 

this is that salient items have the best chance of being 

established as potential starting-points. A second reason 

is that, once established , they tend to lead to simpler 

patterns, which have a high probability of stabilizing 

without serious disruption from sequencing errors. 

Up until now the theory has been limited to binary 

sequences, where the salient items appeared to be the 

longest runs . If , instead of binary sequences , the sequences 

had been composed of phonemes , there is some reason to sup­

pose that the most salient items would have been consonant 

sounds as opposed to vowel sounds . Consonants appear to be 

more informative than vowels and written languages have 

existed in which vowels were omitted entirely , with appar­

ently no undue loss of information. Arabic and Hebrew are 

examples, and also forms of Ogam , an ancient Celtic alphabet . 

It has also been demonstrated experimentally that consonants 

carry more information than vowels (Miller & Freidman , 1957) . 

Information load is one possible interpretation of 

salience , but in Experiment 1 salience had more to do with 

the speed of processing of an item than with its information 

content. The longest run was consistently found to have 
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been processed more readily than the shorter runs. If speed 

of processing is used as the operationa l definition of 

salience , then consonants again are likel y to be more 

salient than vowels. In an experiment where subjects were 

required to respond to target phonemes embedded in sequences 

of syllables , Savin and Bever (1970) found that cons onant 

targets were responded to more qui ckly than vowel targets . 

This suggests that consonants may be processed more rapidly 

than vowels. 

If it is true that consonants are more salient linguis­

tic features than vowels , and if the present theory is 

correct , then iterating sequences of speech sounds will tend 

to be segment ed into units beginning with consonants rather 

than into units beginning with vowels . This in turn could 

have implications for the segmentation of normal speech. 

Two unpubl ished experiments have been conduct ed which tested 

this hypothesis (MacGregor , 1978). 

In the first experiment 20 subject s list ened to 20 

iterating syllables which had ambiguous starting- points. 

Examples of the stimul us sequences used were " 

" which could be heard as "ox" or " sock , " " 

ocksocksocks 

endendend 

" which could be heard as " end" or " den" and " ... 

ilsilsils . . . " which could be heard as " i l ls " or " zill . " 

There were 10 pairs of such ambiguous syllabl es , one member 

of each pair beginning with a vowel , the other with a con­

sonant . The pairs were roughly equated for frequency of 



occurrence , with an overall bias in favour of the vowel­

start forms, which had a mean frequency of 58 per million 

words compared with 30 per million for the consonant-start 

forms . The 20 stimulus words were read as iterating 

sequences onto magnetic tape. Each syllable was spoken at 

an average rate of 3 repetitions per second , and repeated 

an average of 21 times . During recording of the stimulus 

sequences the volume control was increased from zero after 

reading began and turned back to zero before the reading 

ended . This fading- in and fading- out of the sequence was 

done to obscure the true starting- point . 

Subjects were asked to listen to each sequence and 
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write down what seemed to be the basic repeating sound. 

Interest lay in whether subjects showed any systematic bias 

towards preferring consonant- start forms over vowel-start 

forms . As it turned out , there was an extremely strong bias 

in this direction. Ninety percent of the 400 syllables 

repeated began with consonants , a highly significant porpor­

tion (Z = 15.85, p < . 00003) . In fact the effect was 

significant beyond the . 01 level in 19 of the 20 individual 

sets of responses. 

I t is true that consonant-start syllables of this type 

are more common in the spoken language than vowel-start 

forms , and the argument can be made that this prior exposure 

to a particular form was what influencedsubjects ' responses 

in the present case . This may be true , but it would seem to 
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indicate that the relative frequency of the reported forms 

should at least roughly mirror the relative frequencies of 

the two forms in the language . This would lead to an 

expected ratio of about 4 : 1 , compared with the obtained 

ratio of 9:1. It seems that the experimental effect was 

about twice as powerful as would be expected under a rela­

tive frequency explanation . There are , in fact , other 

serious problems with the relative frequency hypothesis. 

Subjects frequently reported nonsense words which began with 

consonants , in preference to common English words beginning 

with vowels . As an e xample , the word "ills" was r eported 

only twice, while its counterpart, " zill " o r " ziddle ," was 

reported a total of 15 times . This is inconsistent with any 

explanation which supposes that subjects draw only on their 

previous experience of words in forming responses. 

A more plausible alternative explanation was that the 

reader , who was naive to the purpose of the experiment, 

nevertheless biased the stimuli i n reading them . To elim­

inate this possibility a second experiment was carried out , 

which required the subj ects themselves to read the s equences . 

Ambiguous words were this time written in cursive script on 

strips . The strips were then formed into rings so that a 

word iterated in closed cycle around a ring . Subjects were 

handed rings one at a time in random order and asked to read 

the repeating word. 



136 

The results again displayed strong preferences for 

consonant-start words . Of the 108 responses , 81% began wi th 

consonants, 19% with vowels. Once again , nonsense words 

beginning with consonants were frequently preferred to 

English words beginning with vowels . This never occurred 

in the opposite direction. The word " ember" was most 

frequently read as " berem" or "rember ," the word "owlet" as 

"letow" or " towlet . " Thus , even though the proportion of 

responses was not inconsistent this time with the frequency 

explanation , the nature of the individual results certainly 

ruled it out . 

The results of both experiments supported the experi­

mental hypothesis , that iterating sequences tend to be 

segmented with the more salient , consonant sounds at the 

start of perceived patterns . However , one would wish 

stronger independent evidence that consonants are in fact 

more salient than vowels, before the results could be 

regarded as powerful extensions of the sequential processing 

model . Nevertheless, the results are certainly consistent 

with the model , and suggest that it may have interesting 

applications beyond the simple perceptual and learning situ­

ations in which it was developed . 

The Pr oduation o f Known Sequena e s 

The discussion so far has been concerned with possible 

extensions of the model into related areas . There remains , 
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however , a central question concerning the model i t self , and 

it will be appropriate to conclude with a brief consideration 

of that question . 

Learning is a compound process , and a distinction must 

be drawn between the sub-processes of acquisition, storage 

and retrieval (Greeno & Simon , 1974) . I n the cours e of 

developing the present theory , little direct reference was 

made t o this distinction . The ter m "acquisition" has been 

the most frequently used of the three , and the model refer­

red to the '' integration" of patterns , which further implies 

an acquisition process . Yet nothing in the performances of 

subjects can be used to so identify the true locus of the 

experimental results . Performance requi red acquisition , 

storage, and retrieval , and it is impossible to isolate 

which combination of these processes was responsible for the 

observed differences in performance. 

From a theoretical standpoint , the model appealed to 

both acquisition and retrieval processes. Pattern integra­

tion implied an acquisition process , while the proposed 

scanning mechanism was based on retrieval considerations . 

Indeed, the assumption was made that retrieval and acquisi­

tion take place concurrently , and that subjects make 

anticipations based on the retrieval of events from storage 

at the same time as they were in the process of integrating 

the pattern . 
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One direction of future research on the model lies in 

investigating whether the effects of structural embeddedness 

are limited to acquisition or whether they also affect 

retrieval alone , following acquisition . It seems that the 

question could be pursued initially by testing for struc­

tural embeddedness effects in the reproduction of already 

known patterns . If known patterns with high structural 

embeddedness involve more errors or delays than known pat­

terns with low structural embeddedness , then it would 

indicate that the measure applies beyond the stage of 

pattern acquisition . A result of this kind could have 

important theoretical , and also practical , consequences . 

An attempt was made in the present experiments to 

obtain some preliminary information on whether structural 

embeddedness effects continue after acquisition . When sub­

jects had finally integrated a sequence, and could reproduce 

it at the coded rate , they were asked to type it as fast as 

possible from memory. The aim of this was to discover if 

differences continued to exist between the patterns, after 

acquisition . Unfortunately the results were inconclusive 

because performances were so fast in all cases that error 

of measurement became sufficiently high to obscure possible 

differences. Subjects were able to produce patterns at a 

rate of between 150 and 200 msecs, while measurements were 

made in step units of about 50 msecs . No differences could 

be observed between sequences, but clearly this could have 



been due to the relat ive crudeness of measurement rather 

than to a true absence of differences . 
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Previous data are unable to answer the quest i on , either . 

Royer ' s (1967) study had required subjects t o reproduce 

sequences from printed cards , in which case it may seem that 

he was measuring performance rather t han acqui sition . How­

ever, subjects presumably stil l had to i ntegrate a sequence 

in the course of reproducing it , and so we must assume that 

acquisition was taking place , and not simpl y retrieval of an 

already known sequence. 

It seems that the reproduction of simple r hythmi c 

patterns might provide a useful paradigm for testing the 

relationship of embeddedness to the retrieval of s equences. 

Such patterns could be readily acquired and repeated , so 

that on testing the rate or accuracy of reproduction , it 

would be relatively certain that any differences could not 

be due to acquisition or storage differ ences . It is true 

that problems might arise in computing embeddedness values , 

but in rhythms involving stressed and unstressed beats it 

seems natural to refer to the s t ressed beats as salient . 

Consequently, sequences having the stressed beats at the 

end could , in a rough sense, be considered less structurally 

embedded than sequences with the stressed beats in the 

middle. 

The results of one experiment give some preliminary 

information on this point . Weaver (1939) used subjects who 
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were trained musicians to reproduce different types of 

rhythms . The forms were simple , and there can be no ques­

tion that subjects had to acquire them in any sense . They 

merely had to produce them i n a g i ven t i me from memory . 

The simplest involved a basic 4- beat rhythm. By convention , 

s uch a rhythm has a major s t ress o n the first beat and a 

minor stress on the third beat , with the second and last 

beats unstressed . Assuming that stressed element s are 

salient , a less embedded rhythm would be obtained by moving 

the minor stres s from the third to the final beat. Was 

there any evidence that Weaver ' s musicians simplified pat­

terns in this way? A rough test of this i s to e xamine i n 

how many cases the final beat received a greater stress than 

the third beat . This happen ed in t hree o u t of n i ne sub j ects , 

but interestingly enough , when the tempo was doubled , all 

subjects made the final beat stronger than the third bea t . 

Assuming that the increase in tempo made the sequence more 

complex to reproduce , this is what might be expected . In 

order to compensate for the increase in complexity , subjects 

reduced the embeddedness of the patterns by reloc ating the 

stressed beat . 

The result is suggestive only , but it seems to indicate 

that studies of rhythm might be useful in isolating the true 

locus of structural embeddedness effects . The question is 

theoretically important , for the explanation of structural 

embeddedness proposed earlier involved the use of a scanning 
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model. The scanning model is not limited in its application 

to the process of acquisition. Indeed , in a limited sense , 

it is a model of a retrieval process . It follows that if 

the scanning mechanism is an important component in the 

explanation of structural embeddedness , then such effects 

should continue to influence retrieval only . Conversely, if 

no effects of embeddedness can be found when performance is 

l imited to retrieval, then the scanning model is unlikely to 

be central to an explanation of structural embeddedenss , and 

another explanation must be sought . 

Pinpointing the l ocation of structura l embeddedness 

effects could have practical as well as theoretical conse­

quences , and i t may be worthwhile mentioni ng in conclusion 

one such possible application . 

The use of number codes i s currently undergoi ng a rapid 

expansion in our society . Almost everyone has a social 

insurance number , a telephone number, a postal code , a 

vehicle license number , a chequing account number and a 

savings account number , a passport number , and so on . Many 

other codes exist which are more specific to particular 

occupational roles , such as student registration numbers , 

military personnel numbers and government department codes . 

Almost all mechanical devices have seri a l numbers , and 

frequently their parts have different numbers , some or al l 

of which may have to be recorded whenever the device is 

serviced , sold or officially cons i gned to the b r eaker. 
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The still increasing use of computers is likely to lead 

to further expansion in this use of numbers in place of 

names. It seems improbable that e v er ything humankind has 

so far named will now be renamed in number, but just how 

far the process will go remains to be seen. 

In the final analysis all names may be arbitrary, but 

there is an important difference between the arbitrary names 

conferred by our ancestors and the kind of number-naming 

which we do today. Spoken and written names have some 

redundancy, sufficient to tolerate a certain degree of 

inaccuracy. Inaccuracies, in their turn, are the mutations 

of language, to be selected or discarded by the evolutionary 

pressures of common usage. This is presumably the process 

by which foreign-sounding innovations first become trans­

formed into more familiar combinations of sounds, by which 

Livorno became Leghorn, and by which Baal Zevuv became 

Beelzebub. Thus , previously formidable names may, by a 

process of misspelling and mispronunciation, be recast into 

a form that no longer mystifies , embarrasses or causes other 

psychological discomfort to the daily user. 

Number-names , by contrast, have no redundancy and brook 

no mis t akes . They are immune to this kind of evolutionary 

process which transforms other names into convenient and 

comfortable forms . Even though at any given moment some 

millions of number-codes may be in process of being dialed, 

typed, punched, spoken or transcribed by human operators, 



their still more frequent use by machine ensures their 

sanctity . Once coined , we tend to be stuck with them. 
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Would it not be wise, then, to select them with more care 

initially, keeping the human user in mind? The total sav­

ings in human effort might be considerable, not to mention 

t he economic consequences of reducing errors and increasing 

speed in communication, clerical and other data entry 

systems . It is doubtful if such considerations would be 

worthwhile if only the acquisition of codes was in question . 

Most codes require only transcription and relay, and long 

term retention is not an issue . However , if it were found 

that these simpler skills, too , were affected by predictable 

properties of codes, there might be practical consequences 

to avoiding certain kinds of difficult codes and allocating 

the simpler codes on the basis of frequency of usage, 

consequences of error, and other such considerations. 

Structural embeddedness is a theoretical measure which 

predicts the relative complexity of arbitrary codes, and 

suggests a likelihood of certain kinds of sequencing errors . 

If such errors continued to be in evidence during simple 

transcription and retrieval as well as during acquisition, 

then certain types of code might best be avoided. Once the 

properties which lead to difficulties were specified , it 

would be a simple matter to generate by computer lists of 

available codes in order of " goodness ," and to allocate them 

on this basis. Given the relatively small effort that would 
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be required , compared to the lack of adaptation of codes 

once created , this humanizi ng o f number- names might not be 

an entirely quixotic venture . 
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