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INTRODUCTION

.

One of the technlques for testing the validity of a
learnlnijp;e}archy was carefully examined. . This validatlng
technique, called MAX, was developed by Owston.‘ The maximum
1ike1ihood method for parameter estimation ‘was used in the

MAx‘techniqﬁe.

With computer simulated data, the performance.of the
MAX technigue was compared(by Owston) with that of other
validating teﬁhniques. *It was claimed that the performance

-

of MAX was consistently better.

~

However, a number of weaknesses werge identified in the
original procedure for applying the MAX technique. ‘These
weaknesses are described near the end of the first chaoter,

after a brief review of the development of the MAX technique

has been made.

Because of the weaknesses in the original procedure,

modifications to this procedure appear necessary. Two

.
.

‘modified procedures were developed and are d1scussed in

Chapter II. These two procedures are basically the sape as

the original procedure, except that, the consequence of

- vii -




S A e L] LA TS b i i Mt R Ty IR A -;’.'n""“’:”'ﬂ""":‘.—"""%"-‘;‘"?
M R - A -

—— ' ‘ ) N '- /

ignoring the weakn$sses is considered. Tﬁg‘deaﬂgn;for data (
collection i§ similér‘to that used in the original . study.
‘Computer simulated datg.ére glso used in this study.’/fpe

results obtaingﬁ from using the two modified procedﬂ}ES are -

presented and discussed in the last chapter. Some techmical j

. détails involved in this stuay.é:e shown in appéndix A to E. L

. \\
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Chapter I

CRITICAL REVIEW OF THE LITERATURE

© LN

ept of learning hierarchies has been used %nw

. different arehs in the field of education. Among the
techniques available to validate éhé logically derived
learning hierarchies, Owston (197&) demonstrated that his
MAX technique perfofmed.better than other'techniques.
-HoweVerT*Eheré are some weaknégses'in his application of tﬁe

technique that may have biased the research findings.

(;in thié chapter, aft;r a brief review of the concepts .
relating to learning hierarchies and their validation
methodolbgies, descriptions are made of the MAXNtechnique
and the general design of Owston's study. Then,‘weaknesses
‘'of the technique_are discussed. 1In the last section of the

chapter the research problem is discussed.

1.1 LEARNING HIERARCHIES AN® THEIR VALIDATION

A learning hierarchy is a network of well-defined
intellectual skills_organized into levels, with the terminal
skill(s) at the top level and subordinate skil}(s) at the

lower level(s); any subordinate skill is hypothesized td’ be

3
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. . ‘ "
a prgrequisi£e to the directly connected skill(s) in the
_highef 1evel(é). ‘The simplest (Durell, 1974, p. 4) learnlng
hierarchy_égnsists of two levels, with one skill jn each

" level. A complicafed hierarchy may be composed of numerous
connected pairs (Owston, 1978, p. 20 and White, 1974, p. 61)

«.of skills, each pair being equivalent to the simplest

.

. hierarchy. v

The concept of learning hierarchies as networks of
érerequ1site relationships of 1nte11ectua1 skills was flrst
introduced by Gagne (Gagne, 1962 and Gagne & White, 1974, p.
19). Uses of the éoncept.are reported (Durell, 1974, p. 1
and Owston, 1978; p. 8-10) in the designing of
individualized instruction,. mastery learning sequences,
quputer—based insxruction;i systems, and in.subject areas
(éagne & White, 1974, p. 21) such as mathematics and .

science, where quantitative skills are essential.

Tg generaie a learning hierarchy, é:cu%riédlum designer
begins with the te;/lhal skill(s) to be learned and asks the
question ‘(Gagne, 1962, p. 358) "What would the 1nd1v1dua1(s)
h?ve to be able to do in order that he(they) can attain
successful perﬁormance on this task (skill expressed in
behavforal terms)?"- " The ansﬁgr to the question leads‘to
the 1dent1fication of immedl tely Qrerequisite skill(s). By
reapplying the question to egch of those newly igentified

.
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skills not yet possessed by thé individual (s), subordinate -

skill(s) of lower level(s) are derived. The questioning
-

process is repeated on the derived skillS\until (Cotton et, ~

S ?I
al., 1977,.p. 190) "the last identified skill ca( no longer
< L v

be decomposed .into 51mp1er prerequlslte skllls which are not

already pQSSessed by the prospective learner(s). ~

For thevsimplest learning hierarchy, thé process of its
géwbratlon 1s _as follows: ©On applying the queétion to the
terminal sk111 the currlculsﬁ designer can identify only
one prerequisite skil},the individual (s) has(have) to learn..
On reapplying the gquestion to the prérequisite skill, he
-finds that the prospéctive learner (s) does (do) not neeq to
learn other subordigéte skills'for the attainment of the S—

prerequisite skill. The process of questlonlng will stop,

with two skills being in the 1earning hlerarchy.

. There is no certainty that hlerarcﬁles’ derived by
using the above p;gbedures, are valld (Durell, 1974, p. 2 ):
Two approaches are avaiiable tgytest the validity. The
first approach is based upon the assumption that in training
é learner on a certain skill, his trainihg on‘an‘immediatgly
subordinate skill will lead to positive transfer (Gagne
1965, p. 233 and Gagne, 1968) teo the learﬁing of tﬁe present
gkill. The second approach is based 6n the ggrformance

patterns of the learners. It involves utilizing the
~ . o . . . ‘\_,____{
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hat, except by

chance, learners cannot be successful i

oh a certain skill if they are not sugcessful in answering

questions on the prerequisite skill (s)

The first approach requires (Wh{te, 1973, p. 373)

- QEEting up aflarge number of experimental groups and
a . : .
instructienal interventions even for a fairly simple

higfarchy to be validated. For example, a hierarchy.
B

'.cohsiftjpd of three skills may require settiné up 3! {or 6)
expetrimental groups; a?hierarchy'of k skills may require k!

\\groups. Hence, this’approach is not commonly used. The

second'approach is less rigorous than the first one in

L

ensuring p051tive transfer ‘of learned capac1t1es te a skill

from its 1m%ed1ate prerequ151te skill(s). However, due to
. 4 '
;s the practical importance of requiring less time and
1nstruct10nal 1nterveqtlon, the second approach is widely

‘used (Durell\ 1974, p. 2 and Whlte, 1253, p. 373).

‘ : .. _ :
Two classes (Owston, 4978, p. 29) of“te\hn1ques for

valldatlng learning hlerarchles may be identified in the
\

second‘approach They are determlnlstlc techniques and

e

probablllstlc technlques Determinlstlc techniques (White,
1974, p. 65) have ohe or both of the following types of
short—comlngs.q These'shortcom1ngs include the ignoring of

4

etrors of measurements in analysing test results of the N
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learners, and judging the cri£erion-6f skill possession in
terms of the.number of test items answered correctly,
White & Clark devised a probabilistic technique (White,

~1974, p. 64 and ﬁhite & Clark, 1973).which is free ;i;m:the
'éboqe short—coﬁings.' This technique is u;gfuleof
validating two-skill learning hierarchies (the Whité & Ciark
Model of learning hierarchies; to be_discussed ﬁn thé next
§ection}. However, £he Whife & Clark techniéue has’beenJ

' criticized (Owston, 5 8, p. 62) as being weak in the

3 estihation of parametjiz\ugntained in the White & Clark

"Model. Information available'for'parametér estimation has
not been fully utilized in this'techniqug.

Cwston (1978, p. 62-79), using some of the assumptiqns»

“
fﬂ\

—

of the White & Clark Model, develaped a probabilistitc
P . R o , .
validating technique, called the MAX techhique. This

technique'involves using the maximum 1iRélihood method for

estimating population parameters. ®

No matter whether it is a deterministic or a
probabilistic tecﬁnique, there may always be decision errors
f0ws;on; 1978, p. 29130) involved in using the techniqué.

~For a hierarchy that is valid, the application of a
rtechni(jue may lead to an indication of invalidity. For an
invalid hierarchy, the result from applying the technique
may cause the researcher to think.that t?éwﬁierarchy is

valid. | p
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Owston qonsideggd that the accuracy (Owston, 1978, p.

107) of a technique ﬁhy be judged by the extent of its,

simultaneously Satlsfy1ng predetermlned probabllities for

each type of deci51on error. . The empha51s on simultaneity

b [

may be explained with an extreme example; a technique that
'iydreates correctly all the hierarchies that are valid and

indicates incorrectly all the hierarchies that are invalid

would be useless as wou;? one that performs in an opposite
oy )

x

manner.
o
X

In trying to establish the accuracy of a techrrique or
. ‘ Ll -

to compare two or more different techniques, one mote
coépllcatlon exlsts- Th real llfe, one never knows whether a
derived hierarchy is valid or invalid for if the underlyzng
'validlty we:e keown, no testlng would be required (Durell,
1974 P. 3). Computer gimulation provides a means of

. generating §imuihted.leard%r'performance'patterns related to
higpgrchies of "known" validity.'With computer simulation,
tﬂe.researchefiian determine the validity of hierarchies by
specifying populatiqn.parameters. Also, he can easily vary

the size of samples, size of measurement errors, difficulty

levels, validity of the hierarchy, etc..

Usinb computer simulated data, Owston (1978) studied
the influences of measurement errors, skill difficulty

levels and sample sizes on the accuracies _of the MAX

AT R T ek e symaenes o es et aeam teme ek e . L
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technique, the White & Clark technique, and two (Owston,
1978, p. 81-82) deterministic techniques, the Walbesser
Ratios and the Difference Ratio. The leérniﬁg hierarchies

Owston generated were the simplest (Owsfon, 1978, p. 20 and

White, 1974, p. 65) ones with only two skills involved.

Based on his findings, he concluded (Owston, 1978, Q}_§41)
that the MAX technique was more accuratelthan fhe other.
techniques over different skill difficulty levels,

measurement errors and,sample sizes commonly encountered in

N »

research.

To have a bettéf understanding of the MAX technique, it
is important to know the White & Clark Model upon wﬁich the
MAX technique is based. It is also important to have an
understanding of 0;ston's experimental design used in

testing the accuracy of MAX. 1In the next few sections, the

‘White & Clark Model and the MAX technique will be described,

followed by a critical review of Owston's study and his

techﬁique.

1.2 THE WHITE & CLARK MODEL

White & Clark developed a probabilistic model (White &
Clark,-1973 and Owston, 1978, p. 53-62) to test the validity

of a hierarchical coﬁhection‘between a pair of skilis,

called skill I and skill II, with 8kill I being the

subordinate skill. Two test items were used to test each
skill. Measurement &rrors were considered.

L ; . - 7 -
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In a population of‘students four mutuaily exclusive
groups can be formed. Thg four groups, respectively, contain
students who ‘possess, neither skill I ﬁor skill II, only
skill I, only skill II, both skill I & skill II. The
corresponding'proportions of étﬂdents within the popu}ation

1 PII and PB'

a

are denoted by Por. P

For skill I, the two test items are assumed to be very
similar to, but independent of, each other. This means
that, for”any student, the chance of correctly answering the

first"Ttem is the same as the chance of correctly answering
"\

the second item; however, the actual outcomes (correct or

incorrect) 'of answering the two items, are independent of

each other. This is also true for the two items measuring

skill TI.

Based on the above assumption, probabilities of

correctly answering the test items may be associated with
S

each student in accordance with his state of skill
possession. For a student who possesses skill I (he is

either from the P, or By group), his probability, of

cor:eétly answering each of the two independent skill I test
items, is indicated by &a; For a student who does not

possess skill I (he is either from the PO or P I group), the

I
corresponding probability of correctly answering each of the

two skill I teét items is indicated by © Similarly, two

bo

B T PR S ST
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A
probabilities are related to skill II test items, For a

student who possesses skill II fhe is either from the PII or -
Pp group), his probability, of correctly answering each of
the two indépendent skill II test items, is denoted. by ec;
For a student who does not possess‘skill II (he is either
from the Py or Py group), the corresponding probability of

correctly answering the two items is denoted by Bd.

Note that 8}, and 84 are related to the measurement
errors of correct guessing on skill I anq skill IT test
items respectively. Furthermore,.note that (1—ea) and
(1-8,) are related to the measurement errors of
blundering(failing to answering correctly when possessing
the skill), respectively, on skill I and skill II test

items.

™

with the fofr population proportions, Por Prs Prpoand

PB, and the four probabilities ofq?btaining a correct
ansher, 8ar 8pr B4 and_ed, the White & Clark Model can pe'
formed. Table I shows the model which canta%qs nine cells
and the corresponding theoretical probability Eunctions

associated with each cell,

Corresponding to the theoretical model shown in
Table I, a 3x3 table of observed response patterns can be
obtained from a sample of students who respond to the skill

I and skill II test items.
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TABLE I .

Probabilities' of Members of the Sampl‘e\
being Classified in Particular Cells *

Skill IX
Quastions
cOorTact Q 1 2
o = cell 1 .. cell 2 . cell 3
20" p, Py’ P22 Py
. =P 0Z(1-8,)3 ‘”o°§'¢(1'°¢) . =r°sb=ud2
*Pz°i (1-9 d)z : *"i"i! 4(1-2) +rla‘2o dz
+Pp,01(1-4 )2 +2p 020 (1) +7,00, 20 2
+rnei(1-ac)1 +zrnaio=(1-o"__) +1y0 lze'___z
cel] * cell S cell ©
. P10,™ P4 P =Ps . P12 = Pg
- =270, (1-0,) (10 2t TARGY, (19,8, (1-0,) | a2p 8, (1-8 )0 3
= 1 P10, (120 ) (1002 | +4Pj0 (1-8 28, (1-0,) 42,8 (1-8 30,2
+2P, 8, (1-0,)(1-0 )2 HPp,8, (1-8,)8 (18 )} +2P..8, (1-ab)u=2
IR, (1-8,)(1-0)2 | 44P,0 (1030 (1-0.) | +2Py0, (18,38 2
- cell 7 cell 8 cell 9
Poo™ P7 Por " Pg Poz ™ Pgq
mPQ-0)2 (1002 | w2p,(1-0.)%0, (1-0,) | (18,370 2
0 +2,(1-0 )2 (10 )% +22,(2-0 )20, (1-0 ) +2,(1-0 )20 2
ﬂnadb)zcx-cc)z +2P, (1-8, )74 o170 |+, (1-0,0%0 2
(007 (1-0 02 428, (1-0)%0, (10 ) | +p,(1-0,)%8 2
f e d

* Reproduced from White & Ciark (1973, p. 77);

a, b, ¢, d, e, £ are marginal freguencies.

b B L e e o o 8 18 0 £tk bt atem

10 -
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Using the theoretical model and the observed 3x3 table

: S e
together, it is possible to derive useful relationships for
inferring validity of the learning hierarchy characterized .

by the population.

A

a| . ‘

The. MAX technique, to be described next, is.one of the
validating techniques based on the White & Clark Model of
two-skills learning hierarchy.

~<

1.3  THE MAX TECHNIQUE

The MAX techniqqe (Owston, 1978, p. 62-79) consists in

producing an interval estimate of the parameter Prps whioh
A"

is the proportlon of the population that possess the
superordinate skill without posse551ng the subordinate
skill. For a valid hierarchy Py is equal to zero; for an

invalid hlerarchy PII is larger than zero(but less than 1)

-The est1mat1on is obtained through the applicatlon of the

method of maximum likelihood. 1If the confidence interval
includes zero, it is concluded that the hierarchy is valid,

otﬁerwise it is concluded that the hierarchy is invalid,

In the White & Clark Md;ZI; of the eight parameters

(Py P PB'.ea' Bpr B 8y Ve only seven have to be

pI' 11’

estimated becauee PB can be expressed as 1- (P0+PI+PII) For

conveniehce in der101ng formulae to show the estimation

process, new symbols are used such that P =8r P =8

PII 93, 8 '—64, eb_'esl B _e 6.=0_.

d .7

- 11 -
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It is assuﬁed in Rao's approach;'as presentéd by

. : N '
Owston, that in a random sample of n subjects, the observed
S\irequencies in the nine cells in Table I happen to be (£, .,

fé, ..;, £or fg). The probability of occurrence of such an
- \. * -

observed pattern can be expressed as a multinomial

distribution function called the likelihood function (L).

Symbolically,
' CLe M fp 6 T Sm

semq L
ng.r 171
i=INIn .

‘where o < fi < n,iglfim, and pi is a function of the seven

‘parameters, 6, to 8,.

The seven parameter estimates that maximize L are

called the maximum likelihood estimates (mgI.e.) of the

parameters.

To simplify the derivation, the natural logarithm Log L
is used; since it is a m;notonic {Owston, 1978, p. 66 and
"Allendoerfer & Oakley, 1963; p. 209) increasing function of
L, the estimates that maximize L will also maximize Log L.
To find the m.l.e. from Log L, a.scoring method can be used.
Corresponding. to the seven parameteré to be estimated, there
are seven efficient scores, the jth efficient score (Rao,
1968, p. 302-305) is defined as the partial derivative of

Log L with respect to ej, that is

g. =209 L : ,
J 36. )
] (2)

- 12 -
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' 9 .
where 3og L =y .
ae. 1=1 p ae_ J —172'---'7 (3)

4 .
Theoretically, by setting the seven efficient scores in

equation (2f to zeros, and solving for 6, to 8, the

solution (Rao, 1968, p. 302) thus obtained will be the
maximum likelihood estimator.. In practice, for es}imatés
that are functions of several paraméters, it is tod

complicated to proceed with that approach.

By using the scoring probeduresﬁ an initial set (Rao,
1968, p. 302) of parameter estimates 5°=(§q,§g,...,§g) is
used aé a first approximation of 'the soiution. The efficient
scores in equation (2) are expanded about the ihitialﬂigt
via the Taylgr series. Only the first order terms in»gej
are retained, where gejaej—é? is the deviation of thé jth
initial parameter estimate from the jth maximum likelihood
estimate( gejcan ge interpreted as a correction of the
initial approximatisn): Following Taylor's expansion, the
efficien; scoreé are equated to zero, the fol}owing equation
is obtained: -

. o} 0 0 2
o=s.l% 591 32109 L e oty 685 azlog Ll ‘w5978 Log L |, .ss (4)
a

a aelaej a aesaej 36736- a

J

where j=1,7 and the symbol Ia

implies evaluating the
immediately préceding function at the point "a"; in this

case "a" is the point (é?,ég,.i.,ég).

- 13 -
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\\\—6 For large samples (Rao, 1968, p. 302,and Owston, 1978,
P.

8), the information for score j,I%k,can be defined as

- 2’109 L where k=1,2,...,7 , . (5)
3990y 5= 12500047
2
that is Ijkz-u@_]‘:‘__zn.g L&ﬁ )
36598y 1 p; 204 20y

Using a small circle on the top of the symbols to

indicate initial values, equation (4) can bqérewritten as

T T T (7)
0 ,sj Ijk X sak'f : ;
where j,k=1,2,3,...,7. By rearranging the terms in (7},
0. 0.1 O -
In matrix form, equation (9) becomes
~ % r ) o 1-1 fo’
61-6,| _ |Sey jgll Iy, *0° Iyg S
R o o o o 0 . .
6,8, |905  |Tor Ipp -ee- I |Sy é ()
R 0 o o o o
_B 7-81 L_587_ _I71 172 e I7-7—‘ -S7J

Thé left hand‘gide of equation (9) représents a ?olumn'
vector of additive corrections to the initiai set of
parameter estimates. This column vector is éound by
calculating the elements of the 7x7 info}mation matrix using
equation {p), evaluated at initial parametergestimate

values, then obtaining the inverse of the Tx? matrix and

- 14 -
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multiplying the inverted matrix by a'golumn vector. of

efficient scores calculated from equation (2).

—’”"_\ﬁith the initial set of paramefer.estimates and the

‘\\

@erived\yector of additivg corrections, a new set %f
paramepef'éstimates closer éo the m.l.e. can be found by _
addiﬁg the initial. set and the vector of corrections. Let
the new set of estimates be 61, then from (9)

"1 7] ,, fo 7l
ei . réo_‘ g9, .

1 1

ﬁl . Ao

HIRNUS 8, |

S : oy,
.1 - 0

87 87 | - |58,

Repeating the process with the new approximations, i.e.

~1
substituting o
]

set of additive corrections can be obtained. The process is

values into equation (3), (6) and (9), a new

repeated (Rao, 1968{'pﬂ 305 and Owston, 1978, p. 701 until
the newly derived additive corrections’ are sufficiently
small, for example, less than 0.0001. The final set of

parameter estimates, with stable values, are good

N Epsroximations of the maximum likelihood estimates.
[

After the m.l.e. are found, their variances (Elandt-

Johhson, 1971, p. 306) can also be obtained. The variance

of the jt parameter estimate, uaré', is approximately equal

1

. J : _
to the value of the jth-diagonal element in the inverted

information matrix with elements calculated at values of the

J

= 15 =

{ em et s s mem o monoe e 4
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-of interest in the MAX technique is P

. . oa i) ] k) ORI ety L4 1 e e Y

maximum-likelihood estimatés Since the pqiameter ‘estimate

-

II
vare3, is approximated by the (3,3)th element of the 7x7

=0,, its variance,
inverted information matrix just mentioned.

’

, The MAX technique is based on the fact that' maximum
’;L

kelihood estimates are, approximately normally dlstrlbupgd

(Owston, 1978, p. 78). A confidence interval can be built

around €3 at a level of copfidencd of (l-g),.such that,

8, —Iz'y'fv‘-ﬁ.w.-e3 < 8, <B4+ Zy"varﬂg, e (1
> : s GRS )
- s . 2
or Prp zm/2 l/va.rPII < Pyyo< PII+.Z%/varPII . ‘ (12)

’

where 2 is the standard normal deviate (Miller &

72

Freund, 1965, p. 146-148) with the fractibn of the, area

4

under the normal curve and to the right being equai to 36.-

To {llustrate the process of building a confidence
interval around pII and the subsequent decision on the
validity of the hlerarchy, part of the example given in
Owston's thesis is used here. 1In Table II, the initial set
of parametersbis identified by the iteration numbér.o. This
initial set is obtained from the 3x3 table 6f observed
frequencies by using the marginal frequency mefhod (devised
by White & Clark;see Appendix B). The transition from one

iteration to another is attained by the method of scoring.

- 16 -~ ~
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Table II '
Parameter Estimation Using
the Method of Scoring -
1// ' |
Iﬁﬁ;ﬁ“ Fo PQ Py Pp % % %o 8a
o .osss .33l8 .0O00 .5796 9731 .0090.1.0000 .1929
1 o959, L2351 .0055 6635 .9799 .0694 .5383 ,.1085 .
2 .1006 .2351° .0068 .6584 .9828 0910, .8432 _.0988
3 0396 .2308 .0070 .G624 9824  .0866 ;9405 .0933
4 1001 .2316 .0070 6611  .9827 ©.0886. .94l4&. .0954
s.  .0896 .2312 .0070 .5517:. 19826 © L0878 .9410 0947
§ .1000 .2314 .0070 .66I5 .9827 .038L ..9412 .084%
7 .1000 .2314  .0070 ;ssqu ':;8;7 . 0880 L9411 0949
8 .1000 2314 '.oq?oﬂ_.ésls ‘9827  .088L .j4lz .0943 .
5 . .1000 .2314 .0070 .€615  .9827 .0B81L .9412 .0949

[
o
b
0
8-

.2314 .0070 .G61%  .9827  .088L .9412 .0349

* Reproduced from Cwstop, p. 77.

’, ¢ - v
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- assumed to be the set of maximum likelihood estimates. P

'MAX technique functions.

- - e 1 T T T R T T

~

, After the Bth iteraiion, the new additive corrections are so

§méll (less'than -0001 here), that the BtH set can be

~

‘II
has the value off{POTO, apd from the inverse of the

informatggL matrix calculated from the mel.e. (maximum
liklihood estimates), the estimated variance of P

value‘of 7.451 x 10-5 .

11 has a

‘For a 95%'confidence.intérva1 around ﬁII' zy is about
.72 -

1.96 . Substituting z , P
' : %

and var P_. values into

11 I1

’ _equéfion (12}, the following interval is obtained,

-0.00944 < PII< 0.02394 .

That is, the population value of Pyp is estiﬁéted to
lie between (-0.00944) énd (0.02394). Since zero is |
included in }his'interval,,it is. eoncluded that, the
hierarchy is valid, with skill I bging a preréqﬁisite-to

-

skill II.

1.4 OWSTON'S DESIGN AND FINDINGS ON MAX

N The theoretical basis of the MA¥ technique has been .

discussed. An example was presented to illustrate how the

In this section, Owséoﬁfs design to test the MAX
technique is describeq.’ Also, his findings are discuséed.

-

- 18 - ' . .

-

PENPEYS TSRS




P LT s — T

- population of subjects The four proportions, P

-

1.4,1 Generating random samples

In real life one never knows whether a learning
hierarchy is valid or invalid. This is a complication in

testing the performance of a validating technique. 1In view

of this, the testing problem can be approached via computer

.s1mu1ation.

Figure'l shows the computer flowchart, used, by Owston,

v

the test items related to the two- sk111 hiéyarchy described

‘1n the White & Clark ‘Model.

The most 1mportant symb015, used in the flowchart, are

Ny

-those related to the White & Clark Model. Recall that,

: b3
according to thlS model, fan proportions exist in a

o' I' PII

and PB, correspond to four groups of subjects who possess

neither skill I nor skill II", only skill 1, only skill 11,

~and both skill I and sklll 11, respect1ve1y. Also recall

that in tgis model 2 test items (or questions) per skill are
used,to test skill possession. Measurement error of correct

guessing on skill I and_skill II test items are indicated by

_eb and ed'respectively.' The measurement errors of

blundering on skill 1 and.skill II test items are denoted by

(1-g ) and (1-9 ) respectively. ‘Note that a is the

'probability of correctly answering skill I test items, for

-

- 19 -
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those subjects possessing skill 1. ec is the probability of
correctly answering skill IT test items, for those subjects

possessing skill I71.

Notice that there are seven phases indicated in the
flowchart; Beginning with phase 1, the four P's and four
8's, just described, are assigned numerical valﬁes, Owston_
specified different sets of p's to represent valid and
invalid hierarchies at ‘different levels of skill difficulty

for Sklll I and skill II. He also specified different sets

- of g's to represent various levels of measurement errors.
r

(The details of specification_ of P's and ¢'s will be .

discussed later in this section). Now, assume that four p

and four g alues are specified'to describe a population of

"subjects® rehated to a hierarchy of certain level of skill

difficulty of a certain level of measurement errors,

Then, a simulated sample of size'N can be generated via the

<

a1gor1thm schematically represented in phase 2 to 7 of the

‘flowchart.

P

~Basically, it is through computer generation of a (
v ) -
random number that Owston simulated a "subject" and assigned
the "subject" ‘to one of the four groups descrlbed in the

White & Clark Model ‘Then, accord1ng to whlch group the

-"subject" was be1ng assigned, the probabilities of correctly

‘  answering skill I and skill II test items, respectively were

/
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determined. Futhermore, the "actual™ responses of the
"subject" to the test items were also_simﬁlated via a random

number deneration algorithm represented in‘phases 4 and 5.

The simulated response pattern of the first "subject"
was then recorded in-a 3x3 table. The process, in phase 2
to phase 6, was repeated N- l times. By the end of this

1terat1ve process, the 3x3 table would contaln the response

_patterns, of the N subjects“ in the sample, to the two test

items per skill.

. . o - e /.
Then, Owston applied the MAX technique to the 3x3

patﬁern of simulated ﬁesponses. ‘Thetresult from applying

MAX would be a validity indication. Whether the 1nd1cat10n

is correct or incorrect depends on the validity of the

‘hlerarchy character1zed by the "population of subjects"®.

L4

1.4.2 Estimating risk of decision errors

Actually, us;ng a set of population pa;imeters.(g‘s and
8's) a-large number ef samél s, of differing,sizes,,can be
generated. Owston selected four 1e§els og sample sizes to
be 25, 40, 100 and 400. At each level‘ef sample size,’ 1000
Samples were generateé. The MAX technique was applieﬁ, to
make validity decisions, on each sampie generated.ifTwe\
1eve;s of decision chEeriaégthe 95% confidence interval ané‘

the 90% confidence interval were .used. The correct

- 22 -
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decisions, at each decision\criterion, were tallied. So,
for a given set of population parameters, at certain level
of sample size, the results, of generating 1Q00 samples and
applying the ‘MAX technique 1000 times, would be two tallied
totals. The two tallied totals correspond to the number of
coérect decisiéﬁs_made at.95% confidence fﬁterval and 90%
confidence interval, respectively, on the 1000 samp}es

generated. Owston determined the ‘total number of incorrect

~decisions, at each decision criterion, simply by subtracting

each tallied total from 1000.

Recall that there are two types of decision errors that
can be made. One type is rélated to incorrectly indicating
valid hierarchies as "invalid", the "I-v" type; Another
typé is related to indicating inva{id hierarchies as
"yaliqg”, thet"V—I“ type. Owston estimated the risk of
committing decision errors by expressing the tohéi number of

incorrect decisions as a fraction of 1000.

Hence, for a valid hierarchy, the risk of committing

decision errors (due to the apgplication of MAX) would be

p(r-y) = total no. of incorrect decisions when hierarchy is valid
T 1000 T

45
_23_
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For an invalid hierarchy, the corresponding risk of

committing dec1sion errors would be-

. total no of incorrect decisicon when hierarchy is invalid ‘
1000 . y.

CB(V-I) =

1.4,3 - Speciinng population parameters
—=
So far, 1n this section, discussions have been centered

around one set-of population parameters that characterizes a
learning hierarchy with a. certain level of sk111 d1ff1culty
and with a certaln level of measurement errors. From this
set ef parameters, 1000 samples at certain sample sizes were
hypothetically generated. A procedure for estimating the
risk of committing decision errors was also outlined.
However, the'details‘of specification of different sets of
phrameters wefe not discussed. 1In the next few paragraphs,
OwstonFe procedure for specifying 48 sets of population
parameters is presented. : '

4 |

In Table III a schematical representation of Owston's
| design for testing the MaX technique is shown. Notice that
“the 48 sets of population parameter values are formed by
combining the diffe;enfllevels~of validity, skill

o difficulty, and measurement errors.

<

- 24 -
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First, Owston determined four levels of skill
difficulty DI for skill 1 as 0.95, 0.70, 0.40 and 0.10 . He
argued that the performance of a validating technique might

be related to the skill difficulty levels.

Then, he used his definition Q§ a valid hierarchy to

find the corresponding skill diffic 1ty levels D for skill

P
I as 0.90, 0.50, 0.25 and 0.05 , By. Owston's definition of

a valid hierarchy, skill II is more difficult than skill 1,

- P7r=0, and the two. skills are correlated with a phi

~correlation coefficient, ¢, of approximately 0.68 . With.

this definition, once DI is determined, DII and the. four P

vaiues ¢an also be determined. (Apendix A shows the

calculations involved in finding P values).

-~

) Corresponding to the four levels of skill difficulty

pairs, (Di' DII)' four eets_of P's were determined. fThese

-four sets of P's were related to valid 1earning bierarchies.

-
~

" Owston determined.four other sets df P's to
characterize invalid hierarchies with skill I and skill 11

being indépendent He did this by using . the same four

levels of skill d1fflcu1t1es, (D DII)' already determined,

‘and by setting ¢=0 .

Using the same four levels of skill d{EBiculty; he also

specified four sets of P's to characterize invalid

e T T T S LR U
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hierarchies with skill I and skill II being moderately

correlated, ¢=0.25 .

After specifying 12 sets of P values, Owston determined
" four sets of measurement error probability values. Tor each
of these four sets, he assumed that the probabilities of
measurement error of blundering were constant and egqual to
0.05 . That is, (1-6_)=(l-g )=0.05; so, & =0.95 and 6 =0,95 .
a c’ a c
He-also assumed that the probabilities of'guessing on

-

b'i= 8 a*

skill I and skill II test items were equal. Thét_is 8
However, he allowed the probabilites of guessing to vary at

qur levels, with each level corresponding to ope'set of 8
values. The four levels of guessing errors were 0.05{ 0.10,
0.20 and 0.25 . 1In his discussions, .25 and .20 levels
were related to thé guessing probabilitieé of multiple
.choiqé'types of items with four and five alternatives

respectively. The two levels, .10 and .05, were related to

" guessing probabilities of short—ansgpr types of items.

By combining 12 sets of P's with four sets of 8's,
Owston obtained 48 sets of population parameters for random

generation of simulated subjects' responses,

. +

1.4.4 Generating datasets to examine the risks
. oftdecision errors

Recall that four levels of sample sizes were used for

- 27 -
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each set of population parameters. At each level of sample
size, 1000 random samples.were generated. The MAX technique
was applied to'make 1000 validity decisions with 95%
cénfidence intervals and simultaneously 1000 validity

decisions with 90% confidence intervals.

Also recall the outlined procedure for estimating the

risks, P(I-V) and P(Q-I), of committing decision errors.
. S

By combining 4 levels of sample sizes with the 48 sets
of population param;ters+v%23 datasets were obtained for
estimating the risks qéﬁdéci§%on errors under different
condiﬁions. Of these 192\datésets, 64 datasets were used to

estimate P(I-V), 64 to estima E P(V-1) when ¢=0, another 64 .

to estimate P(V-I) when ¢=0:75 .

1.4.5 Setting criteria on risks of committing
decision errors

Of the. two tfpes of risks, P(I-V) and P(V-I), Owston
con;idered P(V-I} as more serious because it was related to
indicating an invalid hierarchy as "valid". .So, he set up a
more stringent ér;terion on P(V-I), Over the 128 datasets
involving invalid hieraréhies, Owston set a criterion of
P(V-I) £0.05; over the 64 Qatasets involving valid
hierarchies, he set a criterion of P(I-V)< 0.20 . Then,
using 95% and 90% confidence intervals, Owston determined

how often these criteria were met simultaneously on

- 28 -
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Populations that differed only in whether the hierarchy“was

valid or invalid.

In the next subsection, Owston's findings on ‘the risks
 of decision errors, over the various pairs of datasets,'will

be presented. . X

+.4.6  Owston's findings on the risks of
committing decision errors

Owston found that the risks.of committing decision
errors were related to the validity of hierarchy, decision
criteria, sample sizes, probabilities of measurement errors,

and the skill difficulty levels,

Recall that 95% and 90% cénfidenee intervals uere used
as decision criteria. P(I-V) risks were found to be 1ouer
with 95% confidence interval than with 90% confldence
interval. However, P(V-I) risks were higher with 95%

confidence interval than with 90% confidence interval,

To compare the relative usefulness of 95% and 908"
confldence intervals, Owston utilized the results obtained
on the 64 datasets related to valid hierarchles of different‘
levels of skill dlfficulty, and he also ut111zed the
-corresponding results on the 64 datasets related to-invalld'

hierarchies with ¢=0.25 (He did not use the results on ‘the-

64 datasets related to ¢= =0. 00 because he argued that

e

- 29 -
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datasets with ¢=0"25 .would provide more etringent

comparisons).

With.valid.hierarchies, the P(I-V) wvalues for 95% and
90% confidence intervals were less than the 0.20 criteréon
over all the 64 datasets. However, with invalid
hierarchies(¢=0:25) the P(V-I) criterion of less than 0.05
was reached in 12 datasets using 95% confidence interval,
and in 14 datasets using  90% confidence interval. In other

words, the 90% confidence interval was found to_be .
. . "? . "
relatively more useful than the 90% confidence interval.

Based on this finding, Owston suggested the use of shorter

confidence intervals in future research. .
; - _ |

Besides validity and decision criteria, sample sizes

also played an important role-in affecting the 51ze of the

error rlsks. In general, with all other things being equal,

an increase in sample size 'corresponded to a decrease in the

-
-

risk of ?ymmlttlng decision errors.

Also, fewer decision errors,were mage\yith a8 decrease

in the probability of measurement errors. N

The"only other variable is skill difficult Wwith

vflxed levels on measuremént - errors, s;;;;;\e\_d/ nd validity

N 3 ]
. there was ‘a general pattern on the i}ze of risks over the

four levels of skill: dlfficulty. For both 95% and 90%

-30—. | ‘.' ‘}
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confidence intervals, the riské-éf P(V4I) and P(I~V) were

generally higher for the two. extreme dlfflculty levels of

(.95, .90) and (.10, 05) than for the two 1ntermedlate

.levels of (. 70; .50) and (. 40 «25). Owston conSJdered that

this pattern mlght be due to the h1gher d1fferences of
D DII at the two 1ntermed1ate}1evels." "For example,.w;th.

the two intermediate levels, DI—DII were. .20 and .15

respectively. However?\at the two extre@? levels, the’

"D_-D__ values were both .05 .

I "II

-4

1.5' WEAKNESSES OF .THE MAX TECHNIQUE'

Owston's study of the MAX technique.appears to be

theoretically and praétiéallylzhgical. However, in a pi;pt

§§udy conducted to test the MAxﬁtechnique, using Owston's

computer pregram, various types of errors were identified.
Y

All these;types of errors occurred when using the subroutine

program in which Owston imp%emented the MAX technique.
In Table IV, 11 types of identified errdrs are shown.

These error types were grouped into tHree error categories,
I, 11, and IIQ Category I error types, if not detected and
by-passed, would cause éomputerhinterruptigns t& qcéur.. It
is assumed that Owston had somehow téken care of these

errors. Error types in categqu\i;'and category III would

not cause any interruption tp the running of the coﬁputer

- 31 - . * ST
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program. It is very likely that these error types had not
received Owston's attention because in his computer program,

( - -
no error checks weTe available to monitor these errors.

In error category I, the érror type "f=0" Qould occur.
Jif a raﬁdomly.geperated response pattern had a form similan
to'tpat shdﬁn fn Figure 2, where the marginal f:equengy f is
.equﬁlito zero. The feason for the occurrence of this error -
type in tﬁe MAX technique is that Owston used the margina;
?frequency approach devised by White & Clark (see Appendix B
for details) to obtaifi an initial set of parameter |
estimates. With this approach the value of f is‘uséd as
denohinétor in some computational formulae. When f is equal
to zero, computer interruption would take place. -The
identification of this error type leads the researcher to
consider that one weakness of the MAX technique i% that it
may not alwéys be pos§ib1e to obtain a feasibe set of\\u

Fnitial parameter estimates from the 3x3 patterns of il

observed responses.

Lr

This efror type is expected to occur more oftén over
datasets associated with small sample sizes and easy skills.
_&Under the above conditions, the cellé corresponding to
either zerc skill I or zero skill II questions correctly
énswered would more likely be empty. Hence it is also more

likely that the marginal frequency value f is equal to zero.

- 33 -
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No., of skill II questions

- correctly answered

4

. ‘ 0 1.2
No. of skill 1 2 0 3 15 a
questions correctly 1 0 3 2. b
answered . 0 0] 1 1 é
oot
Figure 2: A 3x3 pattern in which

the error type "f=0" would occur

The error type " P=0" occurred when‘thb Probability
function(s) (such as p ,pz,...,pg), shown in Table I, had
value(s) very c105e to zero. Computé;-interruption may take
place due to "memory overflow as a result of dividing some

expre551ons by these function values. This error type 1§

expected to occut“que often in datasets with low

measurement errors. A3sume that the measurement errors were

so low that there were mo measurement errors at all (i.e,
ebiea=0, and ea=ecéfj; then, in the White & Clark Model
(shgwn in Table I)' only the four éoéner cells (cells 1, .3,
7, 9) may‘'contain non-zero probability functions. The other

five‘prébability functions (pz, Pyr Ps» p6'~p8) would be

_34 -
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zero. Furthermore, of the ur/;0551b1e non-zero

probabllity functions, {p1, P3: Py and pg), Py would be zero\
over the datasets associated with a valid learning hlerarchyr
because the populatlon value of pII is then equal to zero; *

however, for the datasets asscciated with invaldd

hierarchies, pg is different from zero. B A
P .
The error type "extremes" causes computer "memory k\

overflow” due to abnormally large estimates occasionally tv
obtained during the parameter estimation p?ccess of the MAX &
techﬁique. Since the iterative parameter process involves
compiicated/computations, such as the inversion of a 7x7
matrix at\each iteration, this error type could be due to
some compuier rounding errors in the lengthy and complicated
computations.

-] M A

The two error types "SQRTS5" and "SQRTP2" are cgkh

associated with computing the square root of the variance of

~

pII when this variance happened to be a negative value. For
"SQRT5", convergence of estimates was checked at the end of
the 5th iteration of the parameter estimation process- if

N

convergence was detected then the square root of the

II
"SQRT5" except that convergence of estimates was checked

variance of P would be computed. "SQRTP2" is the same as

after each iteration rather than at the end of the 5th

iteration.

S~
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-.The'error_tyPes in category 11 are related to the

‘problem of non-convergence of parameter estimates. These

errors seemed to occur more often than the errors in ’

category I and III.

Owston implemented a one- sided check for convergence of
parameter estlmates at the end of the 5th iteration of the
parameter estimation process. This check,. although
inadequate, might still be used in detecting a large portion
of the non—convergenc; cases. However, no non-convergence
cases wcfe‘reported by SWSton. One possible explanation for
this is that a simpLe buc seripus program logic error was

committed by Owston(see Appendix E for details). "The

* logical error, in effect, might lead Owston to consider a

"non-convergent” case as "convergent".

By implementing a proper two-sided(using absolute
value) check for convergence immediately after Owston's one-
sided check, it was found that there were indeed Some non-
convergent cases that could not be detected by the one-sided

check

Since only 5 iterations were used by Owston, non-
conveﬁgence of estimates appeared very likely. When ten
iterations were used, there appeared to be a Sizeable
decrease in non-convergence cases; however, in some samples,

the estimates never converged. It was idéntified that, in
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these samples, the intermediate estimaqes usually had
unreasonable values, Supposedly, the estimates should have
values in the (0,1) range. Some of the intermediate

estimates had values outside the (-1,2) range.

The error types in category III are associated with

/improperly converglng ‘estimates. It was found that some of

the converging PII gstlmatgs had negative and relaéively
large wvalues(e.g. less than -.05). It was also identified
that other estimates (there were six other estimates besides
AII) might also be improperly converging. Since the MaX
technlque is mainly based on the PII estimate, it appeared
reasonable to empha51ze only the proper convergence of pII
however, it may also be reasonable to consider the proper

convergence of the other estimates at the same time because

the estimates are ihterrelated in the process cf estimation.

\

According to Owston, the MAX technique appears to be a

potentially very useful device for validating learning

1.6 THE RESEARCH PROBLEM

hierarchies, -However, different types of errors existed in
the computer program used b9 Owston to implement the MAX
technique. This means that Owston's findings on MAX might

be biased due to his failure to.account for these errors.

- It is therefore appropriate to raise the following

questions about the MAX technique:

~ ) - 37 -
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If all the errors were accounted for, would
the MAX technique be useful for validating

learning hierarchies? - -

If Owston's findings were seriously biased,
id it possible to improve the procedure for
validity decision making using the MAXLM_

technique?

- 38 -

oy bt ) ey

P



Chapter II

DESIGN AND EXPERIMENTATION

At the end of the previous chapter, two questions were
raised. The first question is related to the extent of ’
e:&or bias in Owston's data when using his computer program
to implement the MAX technique. The second question is
asso&iated with the possible improvements on the

implementation procedure of the MAX technique.

Corresponding to the two questions, two procedures, A
and B, were developed. These two procedures are modified
versions of Owston's procedure for implementing the MAX

technique.

<

In this chapter, there are three major sections. The

first section contains a description of procedures A and B.

In the second section the design for collecting data by

means of these two procedures is discussed. Suitable
criteria to be used for analysing the .data to be collected

are reported in the final section.

- 39 -
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2.1 TWO PROCEDURES FOR IMPLEMENTING THE MAX TECHNIQUE

Various types of error exist in Owston's computer
program. . Procedures A and B contéin error checks that can
be used to count the frequencies of occurrence of the
different types of errors. There are similarities and
differences between procedure A and procedure B . First,

"similarities are described.

Both‘procedures,.A and B, are modified versions of
Owston's proceduré for implementing.the MAX technique.
These two procgdures contain essential error checks that are
mainly used to avoid computer program interruptions.
Table V shows the various types of errors identified,
together with the indications of in whth procedure(s) each
error type is being checked. For example, in error
category I, errors related to‘"f=0", "p=0" and "extremes"
cases are checked iﬁ both procedures. 1In fact, procedurés A
ahd B’are designed in such a parallel manner that the three
types of errors, just mentioned, are monitored by errbr
checks which are coﬁmon to the two p%%bedures. Note that
the two other error-types, in category I, are basically the
same. They are related to the problem of cdmputing the
square root of a negative numbert TwQ:error checks are

used, one for procedure A and the other one for procedure B,

to check for "negative-square-root" cases.

- 40 -
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Since prbcedure A is used to collect data for
determining the extent of bias in Owston's data, procedure A
-is set up to be as similar as possible éq Owston's
procedure. 1In procedu}e A, 5 iterations are used .for the
parameter estimation process. A check for convergence of
. estimates is perférmed at the end of the 5th iteration. 1In
contrast, procedure B is‘used to provide possible
improveﬁents. In'procgdure B, a maximum of 10 iterations is
allowed for the process of parameter estimation.

Convergence check is made after each iteration so as to
detect canergence of estimates which may occur between the

first and the tenth iteration.

Anotﬁer difference between the two procedures is thé
nature of the checks for conéeréence. Owston used an
inadequate(one—sided; see Table V) check for convergence.
‘This inadequate check is included in p;ocedure A; it is
followed by a proper (two-sided) check. The latter check '
detecté_cases that are non-convergent but that would be

indicated as "convergent" by the inade&ﬁate check. In

procedure B, only one proper check for'convergence is

utilized.

For the last error-type involving non-convergence of
estimates, a conservative range check of (-1,2) is-used to
detect unreasonable intermediate parameter estimates outside

this range. This range check is only used in procedure B.

- 42 -
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Two other error-checks unlque to procedure B, are .
util1zed to detect improperly converging estimates. . The
first error- type in category ITT is related to a negative

~

converging PII value. A conservative check, le<-'05' is
used to determine if the value of PII is negative and
relatively large. The final error-check, unique to

procedure B, is'used to detect i roperly converging
estimates other than PII . A li:§>al\range of (-.05, 1.05)

I

is used to check for estimates (besidjs PII) having values

outside this range.

Thus'far, the similarities and the major differences
between the two procedures, A and B have been descrlbed
At the same t1me, all the important error checks used in
these two procedures have been discussed. These errror
checks were implemented in a modified version of Owston's
computer program. A computer ‘flowchart showing the various

error checks used in procedures A and B, appears in Appendix

Before proceeding on to the next seotion, it may be
appropriate to mention another difference between pProcedures

A and B. In Procedure A, two levels are used in deriving

N

confidence iptervals around P._. The two levels are the 95%

II
and 380% confidence intervals. 1In procedure B, besides these

two levels, four other levels are used. They are the

_ -
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85%,80%,75% and 70% confidence ingervals. These additional

levels are included because of Owston's suggestion that the

~

MAX technique may perform better with shorter confidence
Fy

intervals.

2.2 DESIGN FOR COLLECTING DATA

With minor modifications, Owston's design for studying

the MAX technique was used. Modificat?ons are required to

accommodate thé\two procedures, A and B. At the same time,

through modificatidns, the scope of the current study is

reduced to a manageaBble size.

The random sample gefreration procedure for the current

study is the saﬂi as Owston)s. Owston used four levels of

sample sizes of 25, 40, 190 and 400. The sample size of 25

appears to be inappropriate for the MAX technique because of
the theoretical assumpfion of large sample size in the

parameter estimation process. Also, it is suggested that

-

the various types offl identified errors occur frequently at

sample sizes of 25. | Consequently only three levels of

sample sizes were uspd in this study. These levels are 40,

-

100 -and 400.

A

In specifying population parameters, Owston used three
levels of validity. The levels are valid, invalid with ¢=0,

3

and invalid with ¢=.25, Owston later argued that two

a4 -
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TS When three levels of skill difficuty, (Dy, Dy ), are

levels would be sufficient. The level, invalid with ¢=0, is

. . 0.
somewhat redundanty. So, in this study, two levels of-
validity were adopted. The level invaliﬁ with ¢=3 was

eliminated.

Besides validity of the hierarchy, one othgr factor,
used by Owston in parameter specification, %s skill

difficulty. From Owston's four levels of skill difficulty

K

pairs, (D_, D__), where D_ and D are skill difficulties of
I I - II® . .

‘ I
skill I and skill II respectively, three levels were chosen

‘These three levels are k.95, .90), (.70y .50) and (.40,

.25). The level not adopted was related to extremel
Y

difficulty skills with (DI, DII) being (.10, .OS); the reascn

1)

for not adopting this level is that it might hot be

frequently encountered in practice.

In the White & Clark Mzgel of learning hierarchies,
there are four population pdrameters related to four
mutually exclusive groups of subjects with different status

of skill possession. These four parameters P PI' P__and

S o' II
correspond to the four proportions of subjects who possess

o

"neither skill", only skill I, only skill II, and "both

skill I and skill II" respectiveiy.

combined with two levels of validity, six‘5e;s of (Py, Pp,

' PB) values can be determined by foliowiﬁg the pfocedure

.
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used by Owston. The six sets of P values are sho;:\;;\\\

Table VI,

1
o

8951des theafour P parameters, there are four other
parmet\rép in the White & Clark Model, related to the
probabllitles of correctly answering skill 1 and skill 11

test items. Owston allowed the probab111ties of Correctly

'answerlng the items _through gue551ng to vary at four levels.,

-« .In Owston's

se four levels were .25, .20, .10 and .05
discl sione, ;25'and .20 levels would be related to the
robabilities of multiple choice types of items
with four and five alternatlves respectively. The two
levels, .10 and .05, would.be related to'gueseing |
pProbabilities of short—answer types of items. Three of the
four levels of probab111t1es of gue551ng were used in this

study. These three 1evels are .25, .20, .05

4

By combining six sets of P values and '3 levels of

pProbabilities of guessing, 18 sets of population pa:ametecs\

parameters random samples of three different sample sizes
were generated ‘The three sample sizes were 40,100 and 400.
At each level of sample size, for each set of population
parametefs, lOQO random samples were generated. Each ‘"1000

samples"” formed a dataset-for testing the Max technique via

¢

Procedures A and B.
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By combiﬁfhg 18.sets of parameters with 3 sample sizes,
54 sets of 1000 random samples were drawn, 27 of these
datasets were related t6 valid hierarch&es at 3 different
lévels of skill difficulty,.pfobability of guessing and
sample size. The other 27 datasets were relatedvto invalid
hierarchies with the corresponding levels'of skill

difficulty, probabifity of guessing, and sample size.

In Owston's study, for each dataset, his p;ocedure-was
applied to make 1000 validity decisions Fsing 95% ceonfidence
intervals and to make another 1000 validity decisions using
90% confidence intervals. However , due to the existence of
the various types 6f errors, some modifications were made in
this part of his design. First, assume that in each dataset
x samples are detected by procedureé@ to be associated with
the different error-types; correSpondingly, Yy samples_are'
detected by procedure B. Note that-x and y-are variables
taking.qn'différent values over the different datasets. Then,
the'numbér of samples, in each dataset, that are used to
make decisions in procé&ure A, would be "1000-x".
Correspondingly, the number of samples, used to make

decisiéns, in procedure B, would be "1000-y".

For procedure A, two confidence intervals (C.I.), 95%
and 90%, were used. "1000-x" decisions were therefore made
at 95% confidence interval, and another "1000-x" decisions

at 90% confidence .-intervals.
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For procedure B, six levels of confidence intervéls,
95%, 90%, 85%, 80%, 75% .and 70%, were used. "1000-y"
validity decisions were made at each of the six levels of

confidence intervals, ’

As a summary of this section, a schematical
* N

representation of the. design for the current study is shown
in Table VII. The technical detailﬁ_bﬁ this design can be
/

found in Appendix D, where the refated computer program

statements are listed.

2.3 CRITERIA FOR ANALYSING THE DATA -

Validity decisions may be correct or incorrect,.
However, before applying procedures & and B to make balidity

decisions, the presence of errors was checked.

Samples, detected in protedure A as conéaining error,
were not used for méking validity decisions. Than,
proceduré A was, in ct, applied to the remaining samples
to make decisions at ﬁwo levels of confidence’interuals: At -
each level of confidence interval, the results were two
proportions{out of 1000), one froﬁortion being related to
correct decisions, and another proportion being related to
incorrect decisions. Hence, in a dataset>of 1000 random

samples to test the MAX techniquep for procedure A, there

was a constant proportion, P(ND), of samples related to "no-

- 49 -
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decision" because of errors. The remaining proportiof,
1-P{ND), was divided into a proportion of correct decisions,
P(COR), and a proportion of incorrect decisionsﬂ P({INC). .
P{COR) aﬁd P(INC) could vary from the 95% C.I. to the 90%

C.I. level, but the sum of P(COR) and P(INC) was a constant

for that particular dataset,

Similarly, procedure B was applié?‘fé a like fashion,

except that with procedure B, four additional levels of
decision criteria were used in constructing confidence
intervals,

1 .
Owston used the proportion of incorrect decisions as an

éétimate of the risk of committing decision errors. 1In view
of the additional proportion of 5no—decision“ cases, it
appeared to be more useful to adopt the proportion of ‘o
correct decisions as a measure of the performance of the MAX

technique,.

Corresponding : to Ohston{s criteria of requiring the
proportion of incorrect decisiéns to be less than or equal
to .20 for valigd hiera;chies, and less than or equal to .05
for invaliad hierarchies, proportion of correct decisions,
P(COR) was considered as satisfactory if it was gFeater than

.80 for valid hierarchies, and .95 for invalid hierarchies,

The. (.80, .95) criteria, just mentioned, will be

- 51 -
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utilized, in the next chapter, as a basis for comparing the

current resultsswith those found by Owston.
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Chapter III

PRESENTATION AND DISCUSSIONS OF RESULTS

At the end of the first chapter, two research questions
were raised. The first question:is related to determining
the extent to which the various types of identified errors
affect the performance of the MAX technique for validating
learning hierarchies. The second question is about thg
possibilities of impreving the procedure for implementing

the MAX technique.

3

Corresponding to these two questions, two procedures, A
and B, .were designed. Procedure A is identical to Owston's
procedure for implem2nting the MAX technique, except that,
in procedure A checks were provided to detect the various

N
types of identified errors. Procedure B was designed to
. improve the performance of the MAX technique; additional

error checks and modified decision criteria were utilized in

procedure B.

Procedures A and B were applied to.27 datasets
1

éharacterising valid learning hierarchies(fér COnvenience;
these datasets are called valid datasets) and to 27

corresponding datasets characterising invalid

- 53 -
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hierarchies(for convenience, these datasets are called
invalid datasets). Correspond1ng to each type of identified
errors relative frequenc1es of occurrence were calculated
when applying procedures A~ and B, Also, proportlons of
correct and of~incorreét decisions at each level of decision
criteria were calculated.

In this chapter, results obtaine from using procedure
A and B, over the 27 valid and the 27 invalig datasets, are
Presented and discussed. For the purpose of comparison,

pertinent results from Owston's study are also included.

3.1 RESULTS OBTAINED FROM USING PROCEDURE A

v

The results, obtained from uslng pProcedure A, were
divided into two parts. The first part is related to the
various error types. The second part is related to the
proportions of correct and incorrect validity decisions..
Since .procedure A was designed mainly for investigating the
extent of inflqences due to the identified errors, the

emphasis is placed on the first part of the results. In the

next section, the proportions of "correct decisions"

obtained by using procedure A are compared with the

corresponding findings in Owston's study.

In Table VIII, the frequencies of occurrence of the

various types of errors in each different dataset {1000

- 54 -
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samples per dataseé) are shown as préportions. For each
éataset, the sum of the proportions due to the six types of
errors ("f=0", p=0,...etc,) is denoted as the proportion of
"no decisions". 1In general, the proportipns of "no
decisio£§" are fairly, high; over the valid‘datasets, the
range is from .043'to-.948 and‘Qver the dnvélid datasets,
the range is from .141 to .970 . Fér each dataset, a high
proportion of "no decisions" impligs that there would be a
sméll number of saméles for which vaiidity dgcisions
(correct or incorrect decisions) dould be made. Aléo, it \T
implies that some proportions related to the various types
(6 types} of identified errors are high. Recall that these
six types of errors]belong to twe error cafegories.‘ The
first four of Bhe six error types bglong to error category I
which/is related to errors that may cause computer -
interruptions. The last two error Lypes, "non-convergence”
and "pseudo-convergence", belong to\;rror qategory IT which
is related to the pfoblems of non—convergeéce of parémeter

estimates.

¢
It may be observed, in ‘Table VIII, that the proportions

related to the error types in category I are generally low

il .

as compared with the proportions related to the error types
~ in category II. This implies that, inaéeneral,.computer

interruptions would not oécur very frequently.

Furthermore, it implies that, usiné procedure A, non-

]
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converheﬁce of parameter estimates occurs frequently,

Since, in procedure A only five iterations were allowed for
- . . L ' < .

the parameter estimation process, it is not surprising to

observe high proportion§ of category II error types.

L]
It may be interesting to note, that for each error type

the patterns of the proportions associated with the valid

+datasets may be very different from the corresponding

patterns of the proportions associatgd with the invalid
datasets. Fortekample, for the error type related to very
small probability values (p=0), the proportions in some
valid datasets (e.g. dataset # 16,17,18,25,26,27) were;in
generai much higher than in the inﬁalid counterparts. The
explaﬁdtion of this .phenomenon is postponed until each error
type is studied in more detail, Another example can B; used
to illustrate a somewhat reversed pattern in whi;h the
proportions related to invalid datasets are higher thén
those from the wvalid c6un;erparts. Fé% the error%i?pe,‘
“nonfconvgrgence" ;f estimates, it is generally true that
the proportions in the invalid ;atasets are relative}y
higher than the corresponding proportions in the valid
datasets. The contrast is especially ciear in th; same

datasets (# 16,17,18,25,26,27) as when.the error type "p=0"

was found to occur more often over the valid hierarchies.

In the subsequent paragraphs, each error type with the

- 57 - - .
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two error categories will Ye studied more carefully. The

: o ‘
iﬁcidence of each type of errof wil&tbe campared for wvalid
or invalid hierarchies. Frequent rgﬁerences will be made to
Table VIII where/igé error proportions are shown. _ For the

detailed descriptions of each error type, the reader is

referred to sections 1.5 and 2.1 .

-

Tﬁe error type‘"marginal frequency equals zéro" may
occur in the compuﬁation of initial parameter estimatés.
6ne of the marginal frequencies, f, used in calculating the
initial estimates may happen to be zero. If tﬁat wefe the
case, computer interruption would occur due to'an'undefiﬁed
computational situation of dividing somé“Qalues by zero. An
error check was used. to detect this error type and is used

to by-pass computer interruptions.

As shown in Table VIII, this error type was detected in
datasets associated only with easy skills learﬁing

hierarchies and small sample sizes (mainly sample sizes of

40{. P:gsability‘of guessing appears to be related to the

size of 'the proportions due to this type of error, As the
probability of guessing decreases, the mégnitudes of the‘
grrof proportions also dec se., These patterns were
expécted to occur. ﬁéadg;:e:qr such expectations were given

- in the part of sectioﬁJ;)5/qhere thi's error type was

1}
discussed in detail. Also, jt may be noticed that the

1
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propog%ions associated with this error type arq\ifla@ively"
smill. Over the valid datasets, the range is from ;000 to
.081 ; Over the'invélid datasets, the range is fro .600 ﬁo

.099 .,
. P

The error type “probabiiity values teﬁd to 'be zero" may
occur during the parameter estimation process when the
probability functicons in the White & Clark Model(shown in
Table I) are used to compute the first approximation pf the
parameter estimates. If one or morelbf'thése probability
functions approach zero, éompuéer inferruption may result
from a near zeto denominato; in some ekpressions. ~'In
Table VIII, proportions due to this type of error are fpund
to be generally higher in the valid datasets than in the
invalid datasets. The range, over the valid datasets, is (?E,
“from -.000 to .170 . .The range, over the invalid datasets,
is from .000 to .047 . It is particularly interesting to

mote that the major differences'in propoEEjons, between

e

valid and invalid datasets, due- to this error type, occurfed

in the‘dataéhsfﬁielatea to moderate and difficult skills

hierarchies with)a probability of guessing leygl of .05 .

One possible éxplanation fdr the above phdnomenon is

b
that the probab111ty functlons(shown in Table I) ‘are e

different over the valid and invalid datasets. For example,
7 N .

assulme that there were no measurement errors(such that the

s . | _59—_ R /
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probability of guessing is zero, etc.), one of the ¢

Probability functions(poé; shown in Table I) is in fect

equal to zero in the valid datasets; however this ' )

probability function is different from zero in the invalid

-

datasets. : , - .

The error type extremely large estimates" may occur

during the parameter estimatlon process. Due to some 4
unknown reasons (most likely due to the~complicated matrix

inversion process involved in the MAX technique), the

intermediate parameter estimates may(although rarely) be .

abnormally large (larger than ten éﬁ the power 6) An error

check was used to detect this error type S0 as to avoid
camputer 1nterruptions due to "computer memory overflow

As shown in’ Table VIII the proportions associated with this
error type are of small magnitude. - Over the valid datasets,
the range of proportions, due to this error type, is from

.000 to .008 . Over the invalyi-datasets, the range is from

-/

v . ¢ L))
The e;for type "negative variéﬁce of PII“ could occur
when the confidence interval around P;; 1s constructed.. (\\g//

Basically, this error type could be due to rounding errors

.000 to .009 .

in the complicated computational processes invelved in the
MAX technique. However, it may be observed, in Table VIII,

that this type of error affeofed'the‘valid datasets slightly

. . L&
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more often than the invalid datasets. Over the valid

datasets, thefpfoportions over this error type range from

o ™~ :
.000 tS‘mﬁO?; while over the invalid datasets, the range is
000

from . to .003 . Particularly interesting to note is
hthat this error type was never detected in the invalid
datasets associated with moderate.and difficult skills
hierarchiés.‘ The real reasons behind this phenomenon are
uncertain, Additional data may be useful fog further
understanding. However, one possible explan;tion is that
the‘variance estimate of Prq is directly related to the
esﬁimated value of Prq which may be negative due to the
normaI'approximatipn of the distribution‘of the parameters
\ﬁmﬁround zero. For the vaiid aatasets; the‘parémeter P I was

set at zero; as for the invalid détasets, P__ was larger

11

_than zero. 1In the valid datasets, it is more likely to havs
negative estimates of PIi; this may lead to the more . .Tﬁ
frequent occurrénce of negative variénce estimate cvf-P‘-II in

_the valid datasets.
—

So far, each of the error types, in error category .I,
which can be detected when using procedufe A, has been
discussed. Also méntion was made.of the "non-convergence" \\\_j
. ' = ' ’ hd
error type in error category II. The other error type,
"pseudo convergence of eétimate", in category II, may be
studied’togethgr with the "non-convergence" type because

these two error types are both related to the problem of
- 61 -
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non-convergence of parameter estimate. The reason for
designing a-separate error check'was to investigate the
deficiencies of Owston's check (one-sided check on additive
cor;ections; Ehe proper éheck should be based on absolute
values of the additive corrections for testing the

convergence condition, e.g. "|additive correctionsl(.OOl“)j\

- In general, thepgrror types in category II occur mére
often over the invalid datasets. A possible‘explanation of
this phenomenon is that the initial parameter estimate
values of pII {the proportion of subjects possessing skill
IT without possessing skill I) were set to be zefo for both
valid and invalid datasets. For the valid datasets, the
populétion parameter values'of PII were-in fact zero;
however, for the invalid datasets, the corresponding values A
.Were greater than zero; for the easy, moderate and difficult
 skills hierarchies,_the PII values for invalid‘dataséts
were, vespectively .03,,.09 and .10 . It would be
reasonable to expect that, for the invglid datqsets,
converg;pce of ihe parameter estimate of pII from zgro to
the population values (.03, .09 and .10) was more difficult

than the convergence of pII estimate vgalue from zero to zero

I3

in the valid datasets.

hs{Bbsiaes validity of the hierarchy, other factors such
.as sample sizes, probability of guessing- levels ?ng skill
7

-

-
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difficulty levels also apﬁeared to aﬁfecﬁlthe error types in-
category II. For dgtqsets based on large sample sizes of
400, the error.proportions'were gene;ally iower than» the
corresponding proportions related to sample sizes of 100 and
40. The lower error‘proportions also tend to occur with the
low measurement error for guessing. Furthermore, the error
proportions, iA the datasets associated with moderate skills
learning hierarchies, were genérally lower than those from
the difficult and easy skill learning hierarchies. This
phenomenqn may be due to the fact that the difference,

e

DI—DII(where D aré the difficulty levels of skill I and

I'DII .
skill II respectively), is larger over the moderate skill

learning hierarchies. For the moderate skills learning

hierarchies, D -D;. is 0.20; for thewdifficult skills X

II
) (
hierarchies, DI-DII is 0.15; while, for the easy skills,

P11

D is 0.05 . :

So far, only the error proportions have been discussed.

The rest of this section is used to present and discuss the

proportions of correct and incorrect decisions.

As shown . in Table IX, over the valid datasets, the

'proportions of correct decisions terd to be smaller at the

/

.

narrower 90% confidence interval. However, over the invalid'

datasets, the proportions of correct decisions tend to be

~

larger at the 90% confidence interval, According to the

- 63 - .
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nature of the decision process involved in the MAX
technique, the'above phenomgnon is logical. The narrower
90% g&nfidence interval {as compared with the 95% confidence
interval) is less like to contain zero. Hence, .the
progabilit§ of indicating anylhierarchy as abvalid hierarchy
decreaées with the decrease in the width of the confidence
interval. Consequently, for a valid dataset, the Proportion
of correct decisions tends ﬁo decrease with the decrease in
the wiéth of confidence interval. fn'contrast r for an
invalid dataset, the proportion of correct decisions tends

to increase with the decrease in the width of the confidence

interval; because it is less likely to contain zero.

It may also be observed that the proportiong of
incorrect decisions are comparatively smaller over the valid
datasets than over the in}dlid datasets. For example, at
the 95% confidence interval,‘the range of incorrect

decisions, over the valid datasets, is from .000 to .005 °

Over the invalid datasets the range is from .000Q to_.3f1

Tth phenomenon might be relate& to the values of the
Pry e§timé¥es upon which-confidence intervals were built and
validity decisions were made. SupposedIQ, the convergent
EII estimate values would bé'very close to the population
values, For the valid datasets, the population values of

PII are all equallto zero. For the invalid datasets, th

.

4
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pqpuiation va}hes of PII,depend on tﬁe skill difficulty
levels . For the datasets associated with the easy,

moderate and difficult skills learning hierarchies, the
population PIi‘values are ;03, .09 and .10 respectivéiy.

These values are distinctly different from zero.

For the invalid datasets, if the estimated values of
P;1 were very close to the corresponding population values,
the confidence intervais puilt around PiI estimates should
not likely contain zero. Hence, there should be little
chance of incorrectly indicating an invalid hierarchy as
valid. However, the high proportions of incorrect

decisions, over the invalid datasets, indicate otherwise,

Recall that, in the iterative parameter estimation
process used in‘the MAX technique, an initial set of
parameter estimates is required. The White & Clark marginai
frequency method for obtaining parameter estimates(from
subjects' response patterns to two skill testing items perd/\\
skill) was used. In-this method the initial estimate values
for P;; are set to zero for all the valid and invalid
datasets. Also, recall that in discussing the problem of
non-convergence of parameter estimates, it was mentioned

-

that it might not be easy to obtain the Gonvergénce of PII

in the invalid datasets.

N -
\ P
- 66 - ) \/ *
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Another possibility for the occurrence of high

'proportions of incorrect decisions, over the invalid

datasets, is that the variance esﬁimates of PII used to -
construct confidence intervals were so high that fﬁe chances
of including zero in the confidence intervals were also

high, This also might lead to the high propértions of

, . . R /7
incorrect decisions over the invalid datasets.

3.2 COMPARISONS OF OWSTON' S RESULTS WITH THE
RESULTS OBTAINED BY USING PROCEDURE A

‘Ap the end of chapter II, criteria were established for
comparing results. For the valid datasets, the proportion
of "correct decisions" was required to be larger than .80
before the MAX technique was considered as satisfactory.

For tbé invalid datasets, the proportion of "correct

decisions" was required to be larger than .95 . Also; these

criteria were required to be met simultaneously in the valid

datasets and in the,. correspond1ng(hav1ng the same level of

skill difficulty, probab111ty of guessing and sample size)

invalid datasets.

Based on these criteria, (.80, .95), Owston's results
(rétrievéd from Appendix of Owston's thesis), .and the
proportions of correct decisions obtained from using

procedure A (retrieved from Table IX) were compared. The

data used for comparisons are shown in Table X.

- 67 -
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It may be noticed that some extra data grouped under
the headings of "Adjusted Results from Procedure A" are
included. The reasons for these adjustments will be

explained in the next few paragraphs.

As discussed in the last section, different error types
may have different effects on the valid and invalid
datasets. Thus, it appears possible to utilize this
property of the error types to aid in making validity

decisions.

As an extreme case, suppose thét a8 certain error type
occurred only in thg valid dafasets and never occurfed'in
the invalid datasets. Further, suppose that there were
sufficient evidence to béliéve that such a pattern was
reasonable. 1If, based on thi§ information, the researcher

——

treated the occurrences of this type of error as an
.indication of a valid hierarchy, he would increase the
proportions of correct decisions over the valid datasets by
the corresponding proportions d&e to'this type of error. At
the same time, the prsportions_of cor?éc; decisi;ns over the
invalig datasets would not be affected by such adjﬁstments
over the valid datasets. However, the Proportions of -

. o
incorrect decisions over the invalid datasets would be

increased by the proportions related to this error type.

—

- 69 -
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Similarly, an error type that was detected mainly in
the invalid datasets, might. be treated as an.indication of

an invalid hierarchy. Consequently, the proportions of
™~

correct decision® over the invalid datsets would be _

increased without r-affecting the proportions of correct
decisions over the valid datasets. Nevertheiess, the
proportions of incorrect decisions over the valid datasets

would be increased.

\ﬁ{i?me that,. there is another error type which was
detected as often among the valid datasets as among the
invalid datasets. Suppose this error type had to be
ciassified as an 'ndicétion of a.valid or an dinvalid
hiérarchy. ‘The logjical action is to treat this t?pe of

error as an indication of an invalid hierarchy because, from

a conservative viewpoint, it is a less serious decision

error ;:\bonéider a valid 1eafning hierarchy-as invalid than

to consider an invalid learning hierarchy as ueﬁjﬂ,

If the information on the relative indidences of
proportions of the variocus types of errors were not fﬁé&y ‘
- .
utilized, there would be sizeable proportions of "no

decisions" due to the various error types. However, the

information might be profitably used to eliminate the ,

Tﬁaidences of no decisions.

a

~
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Recall that two error types,'“negat1ve variance of PII
and "probability values tend to be zero", dlscussed in the
last section, were detected more often over the valid
datasets. There was evidence for believing that such
patterns were reasgnable. If each of these two.typee of
errors is treated as an indication of a valid learning.
hierarchy, the proportion of "correct decisions"” over each
of the valid datasets can therefore be adjusted upward to
include tﬁe propo}tions‘corﬁesponding to the above two error

types. This esultsegn little change in the error rates for

invalid hierarchies.

The error typesh\"marginal frequency equals. 2ero" and
"extremely lﬁrge parameter estimates" appear to be detected
as often among the valid datasets as among the invalid
F<} datasets, As discussed éarlier, based on a conservative
viewpoint (considering that.it is a less serious error to
‘indicate a valid hierarchy af invalid than to indicate‘an
. 1nva11d h1erarchy as valid), each of these two error types
is therefore preated-as an indication of an invalid
hierarchy. The proportion of "correct decisions™ over each
of the invalid Qatasets is increased to include the
pkoéortions due to these two error types. These changes
over the invalid datasets result in enly slight chaﬁges in

the er;or rates for the validg hierarchies. For each of the

valid datasets, the proportion of "incorrect decisions” is

- 71 -
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increased slightly by the.inclusion of the proportions due

to thefe twg\iiiji/;ypes. ) : N L
. P . !

The other two error types, “non-cqnvergehce of * //
estimates" and "pseudo~convergence of estimates™, were

géneraily detected more often over the invalid datasets.

-

So, each of these two error types is treated as an : J

indication of an invalid hierarchy. However, it 'may be ' N

observed tﬁat, in so doiﬁg, the proport;on of correct *)

decisions in each of the invalid datasets is increased. /
oy or

sizeaBly (in general}. The reason is that in each dataset,
the praportion due to each of these two error types is
fairly large. At the same time, tLe proportion of incorréct
decisions in each of .the valid datasets is adjusted upward

to include the proportions due to these two error types. -

The adjusting process, just discussed, seems'tO\QS;—-

<reasoqabi3i because the researcher is willing to inqreqse\‘“—‘“/ﬁgbﬂf\
the'proportions of correct aecisioné over one typetpf T
learning hierarchies (e.g. invalid hierarchies) at the

ékpense of increa;ing the proportions of incorrect decisions

over the other type of learning hierarchies (e.g. valid

hierarchies).

- . .’
The adjusted results, as discussed above are .shown in
Table X. However, it may be appropriate to stress here that
rthe\aqjusted results,cannot be considered-(ip the strict . )

- 72 -
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qaése) as directly obtarned from applying the MAX technique.
The reason is that only some of the sémples (not all) fere
involved in the complete Process of Parameter estimation,
confidence interval construct1on and decision m%king.
However, from a practical point of view, by ﬂreating each
“error type globally as an 1nd1catyon of a valid or an
" invalid h1erarcHy, only two categories of proportions,

"correct” and "incorrect" were possible,

In “fact, the adjusted results may be . con51dered as .
obtained from a2 "hybrid" procedure for validating 1eafgihg
hierarchy. The Jeason for calling it a "hybrign proéegure
1s that thls procedure ' based partly on the MAX’ technique

- and partly on the propo:ilons of errors detected- in applylng

_the MAX technzque Strlctly speaking, only the unadjusted
proportlohs of correct decision® may be used for comparlng

with the' cor:esponding results obtained by Owston.

) ' ; Us%?g data obt31ned earlier (see Table‘X) Owston would

claim that the (. 80, .95) crlterla, mentioned at the

-

beglnning of. this sectlon, were met 8 times at each ogfthe

;ﬂ;:bl. 95% and 90% confidence 1ntervals.- However, from the’
.
unadjusted results obtained from using procedure A, the

(.80, .95) criteria-were not met for any of the same 24~n

valid and 27 invalid datasets.- With the adjusted results,

L

" the ¢ 80, .95) crite;ja were satisfied twice at each of the
. V LI - c . L ) ) s 7
el ., ) . S .

s L S,

&
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‘95% and- 90% confidence 1ntervals. hé'( 86, .95) criteria
were met in the .two palrs (each pazr contains one valid and
one invalid dataset) of datasets related to moderate and

“ difficult skills with probabllity of guessing of 05 and.

sample sizes of 400 ; '

- \

"From the above comparisons, it can be concluded that

(ﬂw/—g;ston‘s results are diffe’ent from the results obtained by

¢

<’ ~

using procedure A (which is identical to Owston s procedure
for data collectlon~v1tﬁ5the exception ‘that procedure A
contains error checks) before and after the adgustments were
made. This'conclusion leads the researcher o gquestion the
findings obtainedﬁby'0w$ton over the,datasets utilized- in

‘,

the current study.

In the next sectlon, the resullts obtained from u51n§ﬂ1

procedure B will be presented and discussed.

3.3 RESULTS OBTAINED FROM USING PROCEDURE B

As mentioned before, procedure B wa designed as an
improved version of Owston's procedure for valldatxng

learnlng hierarch1es. In procedure B, some additional erppr
checks were used . Also, there were four extﬂﬁ levels of
dec151on crlteria of, 85%, 80%, 75% and 70% confidence

intervaLs. Ten iterations rather than five were used in the

-

parameter estimation process, ° T "

=




‘The results obtained from using pfocedpre B are divided

.into two parts. The first part {shown in Table XI) is
related to the various types of identified errors. There
:a:e altogether eight error types (classified into three
error categories). Detaiyédldescriptioﬁs of each type of
error may be found in sections 1.5 and 2.1 . The erqnd
part (shown in Table XII) of the resuits is related to the
proportions of correct and incorrect decisions at each of

the 95%, 90%, 85%, 80%, 75% and 70% confidence intervals.

In studying the first ﬁa:; 6f the results, the effects
(on the various error proportions) of validity, skill
difficulty, probability of guessing and sample sizes will be

considered. R , - ' \
In .Table XI, the proportions related t; the various
error typeslare shown. There are aitqgether three
c?tegories of erior'types detected in procedure B. The
category I er;or.types_include_"marginal frequency equéls
zero®, "probability valbes tend to be zero", "extremeIYia. f
” -

large estimates", and "negative variance of PiI"

recognized that these error'types were studied in the

. It may be

' discussions-of the results.obtained from procedure A., *n

, . L
fact, the first three of the abgge four error types are

identical to- the correspondiné ones detected by usiﬁg

proqedurg,A"becausen.for those error tyfes , the checks used ‘i{

were comion to .both procédure A and prpced&?e B.

-

N »
N N - -
. ' .
/ . . .
, - -
) ’
. .
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Thé error type "negative vgriance of ;11? was defined
differently in procedure B (as compared ;ith procedure A).
In procedure A, this error type.was checked, after thé/J
estimate of PII was obt;ined, at the end of the fifth

iteration. However, in procedure B, check 'for convergence

s

¢

was made after each iteration. This error type waé\ihecked -////m

~

whenever the conﬁergence.of the estimate of PII was
obtained., Since ten iterations ratherlthan five were
allowed in procedure B, tﬁis error type occurfed'somewhefe
in between the first and the tenth iteration ra}her than at
the end - of.the fifth iteration. A$ shown in Table XI, this
error type_wés'detecped mainly in the valid datasets. It
was:explained in section 3.f$(where errof.typeé deteéted in
procedure A were discussed); that the more frequent .
ocurrences of this error type [("nedative variance of QII”)
could be due to the fact that, in the valid datasets, the

Prp estimate values are more likely ‘to assume small negéﬁive

values,

In error category II, the two error types-deﬁeéted in

procedure B, are ™non-convergence of estimates™ and ¥ ~

"unreasonably largé estimates", Both error. types are

.7 . ] . . l . ‘.

related to the problems of'%ongfrgence of parameter

estimates. The first type was éetected at-the end of the
. o ‘ .

tenth iperation of the parameter estimation process. The:

second type was detected during the parameter estimation

‘

- R - .
. . v - -
. x L : oL ", . B
N e e ———— T B s ST S S
P ! . N

B



. .
—
e nppom g <t v erm g e £ b R Eans L. vesm gy
St e e o wes e - ol e T e L A g b Tt et iy L I R . - N g

)

process by means of‘a-range'check (-1, 2) which was

applied to each of the intermediate estimates.

In Table XI, it is shown that the "non-convergence of
estimates™ error type was detected more frequently over the
invalid datasets. The_explanations given to "non-
convergence” cases in sectioﬁ:Bxl.san also be used here to
explain this pattern: However, it may be noted that the

magnitudes of the proportions due to this error type (non-
. * Bl

convergence of estimates) are smal
¢/> obtained from using procedure B a$ pargd with the
corresponding results obtained fro using procedure A. One

explanatlon for this phenomenon 1s

i

iterations allowed in procedure 10 rather than 5}. -

-

Another explanation is that theTange check for \\y///
"unreasonably large estimatés"™ was utilized; in procedure B
to detect the cases which would potentially lead to "non-

-

convergence" of parameter estimates. If this range check

were removed, the proportlons of "non-convergence" of

- estimates would be increased s

. Y .
Over the valid datasets, the proportions, related to 'f

N

_ this_ error type, range from '000 to .094 . The lower error
proportions occurred in datasets associated with sample ii

sizes of 400. The higher e¥ror proportions were related to

P o

. small sample sizes 0?140 anhd easy skili hierarchies. Over

R

Ay I



1] .
the\ invalid datasets, the proportions range from .004 to
.214

- The gigher'proportions also tend to occur wi?h smail-_
sample sizes of 40 and 100. The lower proportions wére
associated with sample sizes of 400 and small probabil?ty oﬁ

/;Mguessing level of .05 . The abov? patte of error . -

propbrtions were somewhat similar to those~found in
procedua& A, exceﬁk that, the magnitudes of the proportions
of "non-convergence" in the results.from using procedure A

- were of larger magnitudes. .
, . .

Also, in Table XI, it is shown that 'the "unreasonably

’
-

} large estimates" error type was generally more often

—_ .- detected over the invalid datasets. _ - N

Over the valid datasets, the lower error pfoportions,
for this error type, appear to be associated with sample
sizes of 400, low probability of guegssing of .05 and with

moderate skill learning hierarchies, e high error
, o . L~ -
proportions appear to be due to small sampie sizes of 40.

High proportions also seem to be related to easy skills |, L

. hierarchies. - .

Over thé invalid datase;s, similar patterns may be

observed, except that the proportions are generally higher

« . L)
oo . -than the valid counterpatts, . L

) el R - ~ - " . * »
; r\h_—l _ In error category I®I, two error types are identified, -

S _'_';9_%/.."_

-

L N
Joo o . ,
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namely, "estimate P;; being a large negative value" and
"other estimates being outside the (0,1) range”. Bothjerror

types are related to improperly convergent parameter

estimatejg
"y

The first error type, in category JII, was rarely

§
detected. in the invalid dat%sets. It is reasonable to-

' I
expect that the error proportions of this type of error,

were high;r in the valid datasets because the population‘
values <;f_PII over the’valid datasets are aJl equal to‘zéro.
It may Se observed, in Table XI, over the proportions #n the
valid'dataéets, that this error type was nbt detected in
large sawplz sizes of 400 énd was never detected in datasets
with probabilitj‘of guessing ‘of .05 .. It is generally
'expected that Yith large 'sample sizes.and low measurement
error of probabilify of guessing, the parameter estimation
would be more accurate. According to the nature of this

"

error tYpe‘(detected when P.

i1 is less than -.05), it is

‘reasonable to find that this errpr type never occurred in

-

samples sizes of 400 and guessing probability of .05 .

4

The second error type, in category III, is related tp;
improperly convergent estimates otnér than Py .(There were

six other pizigpggr estimates). The population paramefer

+

'valués of the other estimates range from .Q2’to .95 . The

)

.- 80 -

- :
. . .
1 .
CONL D e y - - e At s ke id el e

check utilized to detect this.error tYpe'was a ng} lhﬁérélw .



R T e 1T ' I T Y Y ey Oy T

- i Y
Bt bt ¥

et

range check of (-.05 to -1 05). Since the results on this
error type were related to 6 parameter estimates, it is
dlfficult to provide clear cut explanations on the observed
patterns of proportions. More data may be useful for better
understanding of the patterns.“ However, it may be noted
that this error type was detected more frequently in the
invalid datasets. Over the invalig datasets,. the
Proportions range from .057 to -320 and over the valid

datasets, the proportioﬁs;iiege from .000 to .136 .

v

So far, only the first part of the results obtained
ffom using procedure B has been presentéﬁ and discussed,
The second part of the results a{e related to correct and
incorrect decisions at the various decision criterif. Brief

. »

discussions are given in the next paragraph.

As shown in fable XII, pver the valid datasets, the.
L#roportions of correct decisions decrease as_the width of
thefconfigﬁpce 1nterval decreases, However, over the
invalig datasets, the proportions of corre&f decisions
increase as the width of the confidence interval decreases.
Also, the proport1ons of inkorrect decisions are generally
'higher over the invalid datdsets than over the valid
\ ' . datasets.' The above Phenomena were discussed when the

\ results obta1ned from Procedure A were studled

) “ »
N - ’
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In the next Section, results obtained from the two
modified versions (A and B} of Owston's procedure for

validating learning hieraxchies will be compared.

3.4 COMPARISONS OF RESULTS OBTAINED FROM . ,}‘
PROCEDURES A AND B

3

. . - » ' .
There were only two levels of decision Eriteria used in

procedure A, These decision criteria are 95% and 90%
confidence intervals. In this section, the proportions of
correct degisions obtained in both procedures (A and B) at
the 95% and 90% confidence intervals are compared. The
comparison criteria of (.80, .95), ueed 15 section 3.2, will

alsé be used here. In addition to the proportion of ‘correct

"decisions, comparisons will be made on the proportion of "no

-~ v

decisions™ due to the error types detected in each of the

two procedures. . o
-li - As additional infofmation, the proportions of correct
decisions (obtained in procedure B; shown in Table XIT)
were adjusted'oy utilizing the efror proportions. The
adjustmentwprocess will Be mentjioned in this section. The
adjusted proportions of correct decisipns obtained from each

of the two procedures (A and B) were also compared by means

‘,

of the (.80, .95) crlteria, at each of the 95% and 90%

confidence intervals, ; . e

PhY . R
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A\
At the end of this section, the adjusted proportions of

"correct decisions", obtained in érocedure B, at each of the
85%, BO%, 75% and 70% confidence intervals, will be shown.
The incidences of meeting the (.80, .95) criteria will be

-

briefly discussed.

As shown in Table XIII, the propertions of "no
decisions" over the 2% wvalid and 27 invalig. datasets, are
generally 1ower in the results obtalned from using procedure

B. This implies that, by using prnocedure B, there were

-generally fewer incidencesjﬁf "no decisions" cases. -One

" main reason for this phenomenon is that ten rather than five

1te;atlons were allowed in procedure B. The proportlon of

"non-convergence", for each dataset, was thus reduced in

/

procedure B. Consequently, the proportion of "no decisions”

was also smaller. i

‘*Also, in Table XIII, it may be|observea thaﬁ at each.of
the 95% end 90% coefideece intervals, the‘p;oportions of\
correct decisions a;e relatively higher in the results
obtained from using precedure B. However, it }s indieated
in the data in Table XIII that the (.80, .95) criteria eere
not satiséled )

- In Table X1v, comparisons between procedure A and B are

madé by ut1lizing the adjusted results. 'The adjusted
~

A
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results related to procedure A were retrieved from Table X.

The adjusted results from- procedure B were obtained by the
I :

pfocess;d%kcriqu in the next paragraph.
o " ' “ ' )

Recall that in discussing the various types of errors
detected by ﬁsing procedure B, it was suggested (directly or
indirectly) that some error types mainly occurred over tire

. ' - . , . e 12
valid datasets while the rest occured chiefly over the*: {‘

. . s
invalid datasets. The three error types, namely,

"probabiﬂity values tend to be zero", "neqative variance of

P ", and "convergent P

11 1 €stimate being a large negat{}g_

-

number", were more often detected over'thq_valid atasets.
, p _

- Each of these error types was tréated as an indicatdn of a
‘ valid 1earning‘hiera;chyh' For each valid‘datasety~thé
proportion of correct decisions ag{eaéh'of the decision .
criteria was adjusted upward to inélude_the]propoftions dug
. . _ tg}gﬁgse three error fypes; There yaé no change in the

proportions of "correét decisions" over the invalid

(,dataéets. The other five error types, namelyliﬂmarginal o
¥ Equuency equals zero",... etc.,éwere'detected\hore often
over ths invalid datasets. Each of.these five error types

- ’ . 3
was considered globally as an indiqqtion of an invalid

hierarchy. For each invalid dataset, the proportion of

~

correct decisions at each of the decision criter@a was

. = :
adjusted upward to include the proportions due to these five .
v 2 - _ -
error types. The adjusted proportions of "correct

t

. M ) . - '-87—
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decisions" in-procedure B were shown in Tible XIV and

; - N
Table Xv. :

P

tﬁ(It may be bbserved, in Table XIV, that at 95%
confidence interval, with the adjusted results the (.80,

.95} criteria’'were satisfied twice in the results obtained
L] * ’

from each of the ﬁwo-p dceduresh However, at the 90%

.

cqpfidencé interval, £hese criteria were satisfied three
times in the adjusted results obtained from procedure B(as
can be observed in thé'?5§E two columns of Table XIV).

T, ,- | !‘_. . .
In Table Xxv, it-iﬁ shown that, as the width of the .

confidence interval decreases, the (.80, .95) criteria

.tended to be more often met. At each of the 75% and 70%

s confidence‘interva}s, in the adjusted results obtained from

procedure B, the (.80, .95) criteria were satiéfied eight
« ‘times. Of these eight times,'six oc&urred over sample sikzes
of. 400 and two occurred over sample sizes of 100. With
respect to measurément-error”o%'ggessing! of these eight
times, five occurredQOVér thd, low guessing level of .05, two
over the level of .20 3nd>one over the level of -25 . As
far as skill difficulty lavel is concerned, of these g

-times, four occurred in datasets associated with moderate

skills iearning hierérchieé, threg in difficult skills "

AN

learning hierarchiegggpd 6ne in the easy skills learning

hierarchies. {

2
~
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Recall that _u51ng‘thelresu1ts shown .in Table X, Owston

-claimed that the (.80, 95) cr1ter1a were satlsfied eight
times, at each of the 95% and 90%. confldence intervals. By
COmparlhg Table X with Table Xv, it may be observed that the
(.80, .95) crlterla were met 1n the same elght palrs of
datasets (one pair contains one valld and the correspondlng
invalid datasets). Th1s,1mp11es that, based on the (. 80,
.95J céiteria, the adjusted results optained from. using
procedure B at each of the 75% and 70% confldence 1ntervals,
were as good as the results obtalned by Owston at each of

the 95% and 90% confldence 1ntervals.

- - -

So far, the results obtained in this study tggegherL
-
with the pertinent data obtalned by Owston have been *

h]

)
presented and discussed. . In the next few pages, a brief

-

summary and some general conclusions are made.
' ) ~

<
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SUMMARY AND CONCLUSIONS

Ay . .
A learning hierarchy is a network of intellectual

skills arranged in such a manner that the lower-order skills
aré hypofhesized to be the prerequisites of the h&ghef-order
skills. white & Clark proposed a theoretical model to

describe a two-skill learning hierarchy. n this“model, two

guestions per skill were used to test gkill possession;

also, measurement errors were consideyed.

Owston developed a technique, called MAX, for
validating twdrskill learning hierarchies. The MAX
technique is'essentially a statistical procedure for

estimating one of the paraheters, p of the White & Clark

i1’

'Model. This parameter is zero for valid hierarchies and

»

lérgéﬁ\than zerq}but less than 1) for invalid hierarchiqg.

An iterative maximum likelihood method of estimation

was utilized in the MAX technique. , From an observed 3x3
, ' . 1
pattern of subjects’' responses to two questions per skill, a

[N
-

first approximation of the maximum 1ﬁkelfhood estimates was
obtained via the marginal frequency approach devised by

White & Clark. The value of the PII

"estimate, contained in
the firial set of estimates, wasWused for making a decision

on the validity of the related h§erarchy. To do this, a
) . A

{

= - 91 -
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confidence interval was constructed around the fjnai Prr
estiuate._ If this confidehce interval included a zero
value; it was concluded that the hierarchy is yalid;
otherwise it was concluded that the-hierarchy is invalidg

. ~
. . » . . . .
(note that this conclusion or decislon may be correct or *
. \ . -

incorrect depénding on the actual validity.of the

hierarchy).
g
Owston then 1mplemented the MAX technique and a data
- - /

gemerating procedure in a computer program to test the

performance of the MAX technigue.

-

' For generating simulated data, Owston specified 48 sets
of population parameters. These~48.sets were formed by - ,
comb1n1ng the various levels of valldlty oéahlerarchy, skill
difficulty and measurement error. From each of these
paranter sets, 1000 random samples were drawn at each of

- four/levels of sample sizes of 25, 40, 100 and 400. <

Next,‘0wston set up criteria for evaluating the
usefulness of the MAX technique. He requite@;that the
proportion of correct decisions should be higher than .80
fot 1000 samples drawn from valid hierarci{ies and .95 for
sahples_drawn from invalid hierarchies. fhese/criteria,
(.80, .95), weref;pplied to analyze the usefulness.of_the
MAX technique gger the valid and invalid hierarchies

*—_"/

associated with different levels of skill difficulty,

95 -



measurement error of guessimg and sample size,
) . .
However, in Owston's computer program, various errors
were identified in the part of the program where the MAX
-

technique was implemented, The'se identified errors were

grouped into three cateéories. '

~.

Category I error types were associatgd with problems
ethat caused computer interruptions. Category II érror.types
were rélated to the.problems of non—convergenée of parameter
estimates inﬂthe itefative parameter estimation proceéss.

A "Category IIT error types were related to improperly

éonver?j?;_gftimates. ' ,

The identification of the various error types leads A

—~

the researcher to question the results obtained by Owston.

: { ‘

Two questions about the MAX technique were then raised.
The first question was about the usefulness of the MAX
‘technique when the identified errors were tonsidered. The

second question was'gboqt the possibilities of improving the

implementation procedure of the MAX technique.

«

dorresponding to these two questions, two prdceduges, A

and B, were developed. Procedure A was identical to '
Owston's procedure for implementing the MAX technique except
that error checks/were.installed for counting the frequency

. of occurrence of the varioﬁé\identified_error types. _T&o
levels of decisign crrterié, the 95%. .and 90% confidence

~ 93 -
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!
intervals, were used in procedure A. Procedure B was
. . L
desighed to improve upon procedure A; ten rather than five
iterations were used in procedure B; also four extra levels

of decision criteria, the 85%, BO%, 75% and 70% confidence

intervals were used in procedure B.

The_desjgn for collecting data, in this study, was

similar to Owstoﬁ's design. From Owston's 48 sets of
g .

population parameters, 18 sets were chosen. These 18 sets

v A

-were formed by combining three levels of skill dlfflculty

and three levels of measurement error‘bf guessing, at each

5

of the two levels of validity of learnlng hierarchy(valid

and invalid). The three levels of skill diffieulty were
easy(0.95, 0.90),.moderate(O.?O,_O.SO) and difficult(0.40,
0.25); the three levels of measurement errors(gquessing
probabilities) were .dS, .20 and .25 .

- . e ~
~

From four levels of sample sizes used by Owseon, three
levels, namely, 40, 100 and 400, were selected. 1000 ra m
samples were generated from each set of parameters at each
level of sampie size. ©Each 1000 randoﬁ sample thus
generated was called. a dataset. Hence, by combfqing 18 sets
| of population pefaméEEFEfa th three levels of sample sizes,

-

27 datasets,rel ed tb vali bie}archies(called valid.

datasets) d 27 corresponding datasets related to invalid”

learning‘h erarchies(called invalid dataeets) were formeé.

//f/“\
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Owston's criteria, (.80, .95), for judging the
usefulness of the MAX technique, were also utilized for each

pair of datasets(one valid and one corresponding invalid

datasets). N

. One unique feature in the current design is that

besides calculating the proportions of correct and incorrect .

decisions when testing the MAX technique, the proportions\
due to ﬁfch type of identified error were also calculated.

The sum.of the error proportions was called the proportion

of "no decisions".

—
-

Results obtained from using procedure A were then
presénted. It was found that the proportions of "no
decisgons" for e:cb pair of datasets were generally high.
By anal?sing the proportions of "no decisions" according to
“ﬁhe error types in thé error categories, it was found that
error types related to non—coﬁvefgence ofoparameter {
estimates were genefally‘detected more often than other'
error types. 'Furthermore, it was observed that non- _ .

convergence of estimates occurred more frequently in the

invalid datasets.

The (.80, .95) criteria on the proportions of cort"ect°
decisions were not met in any pai;uaf the 27 pairs of
datasets. Based on his results, Owston foung that the (.80,

+95) criteria were met eight times over these dataset pairs.

Fl

- 95 -
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In analysing the error proportions, it was identified

that some error types occurred more often over the valid

datasets, while some error types occurred more often over

the invalid datasets. These differenceé-among the error
types were“u;ilized'to aid in'validity decision making. An
e*éra éet of results was obtained via an adjusting pfoceSs]
in which eachle;;or type)was either classified as an

. . [ . .
indication of a valid hierarchy or an invalid hierarchy.

by

The adjusted results obtained from using procedure A

I [ 4 .

were also compated with Owston's results. It was found 7 \

\

that, with the adjusted results, the (.éo, ,95) criteria

were met in two péirs of'datasets at each of the 95% angd 90%

confidence intervals. .

Since Ogston'sﬁﬁpsults wefe diffgrent from results
obtained from using proceduré A, before‘andlafter
adjustments, it was concluded that Ows;on's results, over
the’ 27 pairs of datasets used in this stﬁdy, were

questionable, .

Then, the resultsrobtained from uging procedure B was
anélyéed. The proportions of "no decisions” (due to various
error types), detected in'procedure B, over each pa{r Sf
datasets, wéfé-compared with the corresponding proportions
obtained in procedure A. It was found that lower

proportions of "no decisions” were detected in proceaure B.
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One explanation' for this phenomenon was that more itlerations
. - i

were allowed in p;oéedure B.

-

At each of the 95% and 90% confidence intervals, the
proportions of correct deciéions, obtained in procedures A
and B, were also compareq.' It was noted that, generally,

over each dataset, the proportion oggcorrect decisions

' obtained in procedure B was higher_than'those obtained in

procedqre A. This indicates that procedure B was in fact an

L

'1mproved version of the procedure for 1mplement1ng the MAX

technlque.

With the error proportions be1ng utilized, the results -
obtalned from 'procedure B were adjusted. ‘These adjusteé
results were compared with the éorresponding adjusted
results‘obtained from procedure A. At t?e-QO% confidence
interval, the (.éO, .95) cr}teria were mét, in'proce@ure B

results, in three’pairs of datasets.

The adjusted results obtained from p?%gedure B; at 85%,
80%, 75% and 70% confidence intenva}s were’ also presented
and discussed. The (.80, .95) criteria tended to be more
often met at the narfower confidence intervals. Q‘At each of
the 75%\and 70% confidence intervals, the (.80, .95)
crlterlafﬂg;e met eight times over 8 pairs of datasets.
These 8 pairs of datasets were the same ones in which Owston
found that the (. 8O, .95) criteria were met at each of the
95% and¢90% confldence intervals,
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It was observed that, of these 8 pairs of datasets, A

pairs were associated with sample sizes of 400, 2 pairs were

associated w1th'51zbs of 100 .. Based on’ these observations, \\‘

it is recommended that in utilizing the MAX technique for.
»

validating 'learning hierarchies, 1afge sample sizes should
. B,

be_used;-preférably, the sizes of 400: Generally sample

sizes\of 40. or less should not.be used.

Besides sample size, skill difficulty and measurement
error of guessingjare two factors that also influence the

performance of the MAX technique. It was found that, at 75%
. .

"and 70% confidence intervals, the (.80, .95) criteria were

met in four dataset pairs associated with moderate skill
bi rchies, in three dataset pairs associated with’
di:gjcult skill hierarchies, and only in one dataset pair
associated with~easy skill learning hierarchies. . For easy
skills, such as those found in mastery tests, the MAX
technlque is generally not recommended except_when the

probability of gue551ng is about .05 and when large sample

sizes are used.-

With respect to the meaghrement error of guessing, if
was noted that at each of the 75% and.70% confidence
intervals, the (.80,- .95) criteria were satisfied five times

when the gquessing probabilities were very shall; the (.80,

.95) criteria were satisfied twice in dataset pairs

- 98 -
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assoc1ated with measurement error of guessing of .20, and

only .once with guessing probab111ty of .25 . This. 1mp11es

*

‘that the use of the technlque is questionable when using

multiple choice test guestions w1th five or four options.

;~Overa11 speaking,. MAX can be a useful technique for
validating‘learning hierarchies if narrower confidence

intervals(such as 75% or 70%) were used, and if errors

.identified in the technique were utilized to aid in the

decision making process.

As has begn'discussed, non-convergence of parameter
estimates is one of the most frequently detected error tyée
in the MAx-techniqué.l It is suggested ‘that future
researchers may.find‘it interesting to resoive the problems

associated with non-convergence of egtimates in the MAX

- technique. Perhaps, if some other methods Were used to

obtaln an initial set of parameter estimates from a 3x3
pattérn of subjeiﬁ/responses, the frequency of occurrence of

the various error types might be drastically reduced. If

.that- were the case, then the proportions of correct

decisions and consequently the pexformance of the MAX

)

tecbnlque mlght be improved
A probabilistic technique for valldatlng learning

hierarchies ] - o . |
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Appendix A
. _ Detetmination of population parameters

from difficulty levels of skills I and II
~ .
o~ »  The difficulty of skill I, DI' and the difficulty of
skill II, DII' can be'expr§5éed in terms of the four

. - » ) B )
pqpulatlon parameters, ?0, PI' PII and PB" EO is the
prdpqiiion of subjects possessing neither skill I nor skill

S PI is the pr0portfgh p?SSeSSing only skill I, PII.is the
proportion possessing only skill II, PB is the proportion

. s ’ .
possessing both skill I and skill II.
= +
QI = PI PB . . -
proportion possésfing skill I,

»

[}
o
1l

+
Pt

proportion possessing sKill II.

1 1—DI ,.and_
1--DII

ol
H

s}
) "

Beginninglwith a choice of DI' for example, to be
0.85, DII can be determined via an assumption that in a
valid hierarchy, the phi correlation coefficient,$, is

‘approximately 0.68, and that PII=0. Solving a formula

. D, DI . . .
4= L—3IL for p ., D ;=.0.898 Z 0.90 .
D..D - - ,
II I : . ‘
. The four P's can hence be found- using thé following
- . [ 4 . .
. _formulae: PO = DI- 0.05 , .
P'I - PI"DII: .05 ,
P11~ ?¢ ’ _
PB ? DII= O.QQ .
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Appendix A’

The P's for the corresponding invalid population

(e.g. with ¢= 0.25) can be obtained by letting P
and ¢= 0.25, where x= D_D
x using the previous D

The other P values are found using formulae

11~ *r

Sclving for

-%p B D
I11 DIDIDIIDII
1’ DII values, x = 0.287 = .93 -

-

P =D-x= .02 |,

0 I
‘ PI:" DI—DII+}C = ,08 ,
PBz DiI-x = .87

At the skill difficulties of (.95, .90), there are

four pairs of populations at the four levels of errors of

i

guessing; however the P values for valid and invalid

populations have definite patterns as follow*:

valid

.invalid

Fo 1 CPrr -
0.05- 0.05 0.00 0.90
10.02 0.08 0.03 0.87

* Séme results as obtained by Owston {p.96, set#1 and #9):

the formqlae.derivations are based on Keith, p.67.

O
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Appendix B

Obtaining an initial set of barameter estimates

Oowston used the marginal frequencies method to obtain
an initial set of parameter estimates required for thé
.process of scoring. He followed the procedures devised
by White & Clark. White g Clark set B ,=0, §,70 and
.éc=1. hat -is, the proportion possessing skill II with-
out possessing skill I is set to zero, the probability.of
guessing skill I items is set to zero, and for those who
pSSSess skill If, their chance - of answering skill II test
items correctly are assumed to be 1. Then White & Clark
derived formulae to express the other parameggr estimates
in terms of the marginal frequencies. With an observed
3%X3 table as shown in Figure B (same 3x3 table used by
Owston for illustrating the MAX technique), the following
expressions can be formed. When the marginal frequencies,
(a,b,....,f), are substituted into the expressions,

numerical values of parameter estimates can be found.

. 2a
So, ea= =0.9731 .
2a+b
. . e et
- : . Bd= =0.1929 ,
et+2f 2
N (e+2£)
- PB= 1- —— =0.5796 ,
LN

P - 1—(PB+PI) =0.0886
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1 No, of skill II items

U answered correctly

&

“V B

8 0 1 2
HT ™
-y 3 19 95 a=145
S8 - _
& i 4 0 4 b= 8
* 8
o ol 11 3 1 c= 15
o} @ .

9 f= e= d= - o
S5 4 22 100  N=168

{

Figure 3: Hypothetical observed frequencies
used in illustrating the method of
calculating initial parameter
estimates ‘ ¢
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Appendix C

Flowcharsxt to show the various checks

implemented in procedure A & B

Complen chach after

-
initin} estinataes

"conwergeace” detected

taltialise cowtere
to zeror [RAY...™0

=]

Set maxisuvs of
10 1eazraclions
tor procwéure B

. .

1
Hulld Cc.1.'n .
ot § widths

rocwdurs A
4 «conmpleted

wdl ate wstimaten

Chech
TeRtrewe”
antimates
. cord Fraviooe
N alldity declajons
T
3
et LT ::©":,"
procedars 3 b4
b snather
bypased itaration

— el

r

Conalder

the comvergqed
wstimates
sccwpltsble

L]
( : )_Anm)___
o~

Chach LE procedure &

{e completed?
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Appendix D v
Ce#+ MAIN PFOGRAM TO T*ST THE PEFFOPNANCT OF MAX TZCHNIQU®
ces - RFQUIRES SUBRODOTINES GEN, WC, MAX.
CassRun .

DINTRSION 8(8) ,PPO(2),PP1{2),PP2(2),PPE(2),2(b), JN(6), lJ(ﬁ),lS*(Z)
Cs» # FOR SARPLE SIZBS, PP'S YOR CONSTANT VALDES O¥ -PIPAE:T:BS,
Ces ONF SFT POP VALID RIERAPCHIES,ANOTHEP SET PRP INVALID HIERARCHIZS;
Ce= Z POR DIPPERENT VWIDTHS OP CONVIDENCEI IHTIPVAL;
Cee Jn POR RETUFNZD VALUES OF DECISION PPOM ARX SOUBROUTIRE;
Ces - HJ AS ACCULNDLATING COUNTESS;AST FOBR STOPING ASTEPTSK ANWD BLARK,
Ces IND IS A¥ INDICATOR QF WTETING FR99OR CRITYRIA;RJ AS COOUNXTIP YU“
Cee INVALID AIERAPCHIRS; ZN POF THT HOPMAL DEVIATE VALU®S

DINENSTON IND(6) ,MJ (6),2ZK (6), ER”(T)

DIMENSION IC(10} ,IE{2),ICC(10},I22(2),IN(10),KN(12) ,KN(10)}

DIH!HSIOF IHN(10) KHM{12),KNR {10}

Cedun®x

Cee» NYHF ORSZEZRVTD ?“‘QU'HCY VALUES, CDP‘ESPOVD'FG ’0 THE 3X3 Tx BLE,
Ces FAMELY AP,AZ,...CD,TOGETAE® WI™H SARPLY SITFS N, ARC
Cew COMMNN TC THE AAIN PROGRAM™ AND SUBYCUTIEES

Cassnny :

connoN AF,AT,AD,HP,BT,RD,CF,C?,CD,N
IRTEGE® AP, :T,AD,BF,BE,BD,CF,CT,CD, AST,EFP
DATA AST/¢V! VIV,

DlTn !PE/.A.,.B‘,'C','D"‘E".P.'.’./
REAL®S NJP (6),%2P (6)

PYAL*8 PO,P1,P2,PB,T3,7B,IC,TD,PP(9) AH(7),PI{D),D
Cosnnzs

Ce=* " READ: SETD PDB RANDON NONBE® GEZRESPATION (IS),REPT IS=£9203549

Ces POUR LZVEILS OF SANPLY SIZT® (M), ALSO DENOQTED BY (N) IN PGN.
Ces THZ POPULATION RORETR (NP); DIFFICULTY LEVEL JF SKILL 1 (D7)
Cen DI’PTCUL*IES OF SKILL 2 (D2); CONSTANT SET OPF THITL ¥ALlDZS,
Ces <7A,TTB,TTC,TID; CONSTANT E¥TT OF P-VALUES POP FALID AND

Ces= IRVALID ATPRAPCRITS, (PPO(T),PP1{T) eeePPO(2) ,..PPBI{D) )

Ces SIX DIYPYPENT CORFIDEXCE INTEPYAL @IDTHS; 2N, IO“HnL REVIATIS
Cessarn

READ(S, 10175 (A (1) ,I=1,4),¥%P, D1 D2,TTA,TTB,TIC,TTD, (P?Q(’\-°°’('l-
*PP2 (1), PPY(1},1=1,2), (Z(I),2=1,6), (25(1),.I=1, 5)
10 POPHIT(I9,QIS,I2,2?2.2,RFZ.2,8?2.2,6?2.Z.HFH;2,1I./,2PU.ZI
W 2T LT - .

Ce*  PRIWT HEADING POR NOUTPOT
Coresnny

WPITEZ (€,15) ¥P,D1,D2,TTA,TTE,TTC,TTD
®PIT®2(9,15) ¥P,D1,D2,T7A,TTH,ITC,TTD

15 POPEET(*1%,'POPOLATTOR KUMBEP: ¢ 7,12, 31X, 'ese’ s/ 11, °DIFPICY
1LTY LEVEL OF SKILL 1 :*,3%,FR.2,/,1X,'CIFPICOLTY LEVEL OF SKILL 2
2:%,3X,P4.2,/,1X,*PPOBABILITY /OF CORPEC™NISS:Y,5%, 1A=, P4, 2,4, B
3=, PR, 2,8, "TC=' ,PU_2,4%, ' 7=, PL 2)
VRITE(6,25) (PPO{I),PPI(I),PP2(I),PPB(I),.I=1,2)
WFIT®{9,25) (PPO(I},PP1(I),PP2(I),PPP(I},I=1,2)

25 POUMAT(® ',"PROPORTIONS OF SKILL POSS®SSION:*,/,5I,'VALTD HIET®,
1 1nx.-vo-' P3.2,3X,'PI=t FA, 2.ax,-92='.ru 2, nx.'Pn-' PU.2,/.5X,%1
2NVALID HIZR.Y 15!.'?0-',ru 2,8X,'PT=t PG 24X, 'P2x% PU,.2,0X,PRx",
3ra. 2)

. WRITE{(6,152) IS

WPITEZ(9,152) IS .

152 PORSAT('0¢, " INITIAL PANDOM 0. IS:',3X,I9)
FRITZ(6,B81)I0 (D)
WPITE (9,84 A () .

81 POPNAT(® *,*SANPLY SIIT ISY,6X,'%est 13T, T3,2F,tssur)
WPITE (6,42)
¥BITE(9,42)

N2 POPMAT( =" 22/ /777777 ,11,"STABOLS USED TC DENOTE COAMPLETION STATOS
C POR EZACH SAMPLE,*, // MI,*STHBOL?Y,17X,*DYSCRIPTIONS®)
URITE(6,4Y)
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. »
WPITE (9,483) : VAN .
IPIT’(B 58) .
RFT"® (9, 44) ‘

QoIT®(6,45) .

URITE (9,45) .

"WRTTE (6,46)

WPITE (9,U6) N - - .
WEITZ (6,87)
FPITE(9,4T)
§TITT (6,88)
WPITE(9,48)
¥PITE(6,49)

URITE(9,49)

83 PORMAT(! -,sx,-)&.ex *MAPGINAL COLDYK *O’AL. ¥ ,EQUALS 7O ZIRO,CAU
CSING URDEPTIYED SYTUATTON')

B4 POPHRT(' ',5X,'B',9%,'IKTTIAL Pasx-::!P £STINAT®(S} BYING OUTSIDE
CTHE PANGT (0,1) ")

85 POPSAT(' ',5X,'C',9X,'MAX TECH. INVOLYYS T3T.(S) P20,P21,...¥RLUCS
C,OKZ 0P 4OR? SUCH YALOY FOU¥D 7O BE Z22C,CAOSING URDEP. SITOUASIONS
cY) -

86 PORNAT (' '.5!.'0',9!.'DUFING ITPRATIVT PROCESS,EXTEEAT PSTINATYS O
CUTSINT (-1,2) PANGEZ OCCURRED:;SUBSEQMENT CONYG. NOT LIKSLY')

47 POPEAT(® *,5X,"E',9X,'AT BND OF 10 ITTPATICNS CONVBRGENCE WAS XOT
CATTAINEDY)

48 PORMAT(' ',5X,'F*,9X,'CONV. WITHIY 10 ITIR. BNT ESTINATIIS OPF (-0.
C05,1.05) BANGE OR ERROZ VARTIANCT POP P2 <0.°')

49 FOPMAT(* *,5X,°¢',9X,'CCRV. WITHIN 10 ITZF. AND NAX TFCH, CA% PT »
CEARINGFULLY APPLIZD TO MAKE VALIDITY DECISIONS')

®IRST LCOP TO YARY SABPLFT SYZE AT & LEZVYILS .
N=N (3) .t
SZT CUMULATIVY COURTERS TO ZEPO N

POP EACH SAMPLT SIZE, APTEP GERZPATING 1000 SAHPLES ON VALID HITRAPCHTZ
ANOTHEYT 1000 SXMPLZS WILL BF GEZYERATED CX INVALID AZEFRPCHIZS
. SETCOND LOODP PU“ VALID AND INVALID AIERAPCHITES
DO 30 J=1,2
TPITT (6, 51)
¥PITE(Q,51)
WPpTTT (6,36)
WFITE (9, 36)
BRTTZ (6,3
§RITE (9,37 . ’
FPI*TR(6,38)
¥RITE(9.18)
VETITZ (6,39
WPIT? (9,19)
51 PORMAT(*1*,*LISTING CF INPORMATION MBOOUT TACH SAH?Q; GINTIATIDYY
36 POPMAT('0%,*1¢ ,2X "FPY X, 'SANE* 1Y, *AP, 2%, A%, 20, 1D, 2X,'BP",2
CX,*B7"*',21,'BD* ,2X,'CP* 2%, 'C2*,2X,'CD*,2X,' INTT.PO* ,6X, "P1*,6X, 02
C?,6X, PR, 6X,"TA" 6X, ' TBY, 6K, YTC?,6X,'TDY, 11X, "HALT=IT R )
37 PORMAT(® *,%29,9X,'PIFLL P20°*,10X,'P21°',10X,*P227,10X,°P10*,10%,'P
C11* ,10X,'P12*,10X,*BOO* ,10X,'PO1?,10X,*P02°,7X}
38 TCRAAT (' *,*3°,9%,'PINAL AV (POY',7X,"RA22(P1)"*,01,*H33(P2)',BX,'HG
c“(*l":310'555('3)'.3!.'866(?:}' 8X,*HATT(7D) *,6X,"DETEIAINANTY)
39 PORMAT(' *,'04% 9T, 'PINAL',2X,°P0%,V11X,'P17 11X, 'B2% 112 ,'P9¢ 11X,
C'Tl',111,'?3',11!.'TC',11I.‘TD') ’ )
KSS={)
I {1}=0
IZZ(2)=0
K10K=0
COADLATIVYY COUNTERS POR JC1,JC2,JP1,JP2 ARD PREQ. OF PITUDO CONVERGENCE
NIC1=Q
RJIC2wm0
¥JP1=)
XIP2m0
BICI=Q)
NJCZ2wd . ' - 108 -
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HJIP1=0
NIpP2=0
. BNCK=) :
s DO 1 I=1,10 : !
ICC (1) =0 . . .
IHH (1) =0
KBN (T}=0 |
KWN (1) =0
1 COXTINUE
KN (11) =0
KNM (12) =0
Cee  LOOP FOR I!ITIALIZI!G ZHE COUSTERS 0 ZPROC AND INDICATOP TO BLANKS
DO 80 K=1,6 5
BJP (X)=0. ,
RJP (K)=0. -
EJ(K) =0 ’
a0 NI (K)=0
Ce=  TRIPD LOO? TO GEWERATY 1000 PANDON SAMFLTS OF SIZ® M, VALIDI®Y J
IND (1) =AST(T)

IAD (2) =AST (2) ‘//’,/,,r’
An=0 _ - -

Wit1=0
N32=0
¥occso
NLOR=0
BIX1=0 ,

NIK2=0

NIH1=0

WIHZ2=0 —
EJ1=0

BJ2=0

nIK1=0

BJIX2=0

BIR1=0

EJH2=0

TAY=0

BIY1=Q

RJY2=0 _

RIT1=0 : - <
RIT2=0 .

JV1=0

Jv2=p : -

€ 4 LOOP 70 GERTPATE 1000 SAMPLES
DO 50’ K=1,1000
JJ=0
¥OC=0
LOH=0 )

c Jc1,3C2 0STh pod cuzcxvnc PSTUDO conv'PGrn&z. ALSOD MCK .

c JP1,JP2 USZD POP (P20,P21... CASZS)

JC1=0

JC2=0

HOK=(

JPI=0 )

JP2=0 -
JY1=0 ‘ ‘

JY2=0

NY=0

Ce*  RESTOPY THTY PAPAAETER VALD®S POP ZACH SANPLZ
PO=PPO (J)
PI=PR1 (D)
P2ePP2 (J)
PBapPB(J)
TheTTa
TB=T*B
TCaTTC
TD=TTD

>
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Appendix D

I?(X.LE.25) GOTOD 17
GOTO 1R
17 AR=NM et
IP(MM.FQ.11YGOTO 82 .
GoTO A3 : B
A2 ¥PITT{6,51) : e
BRITP(9,51)
FPITY(6,36)
WRI=% (9,36} _
IRITX (6,37
HRTTE(9,3T)
ARITE (6,38) :
¥BITY (9, 3IR)
¥RITE (6,39 '
FPTTT (9,317 |
LT.TR _
19 TFP(XK.GT.25) GOTH 19
GoTo 82
19 MM=mEyq
TP(MM.ZQ.11)G0"0 98
GO™"0 83
98 WPYTT(9,51) . ' -
YTIPY (9,36
9g°ITZ(9,37)
§oITT(a,3A)
¥oTTE(9,39)
CELR]
C®s  CALL GTY¥ SUBROU™INT T0 CRTARTE A 3X3 TABLT OF OBSFEVED PUCQUENCIES
Ce=  CALL NC SUBROUTINT TO ARRTIVE AT XN IFITIZL S®T OF STATISTICS T0 3%
C®e  OSID BY THT WAX SUBPOUTINT .
83 CALL G%N (PO,P1,?2,PB,TA,TB,7TC,"D,T5,IC,IT)
IF(IZ(2)."Q.1160™0 2 i '
PI(1) 2P0
PT(2) =D
PT(3) =p2
PI (&) =P8
PI(S) =) .
PT (6) »TB .
PI(T}y=TC . ] ‘ , '
PT (A} =TD
IP(IC(9) .%0. 11 GOTO 3
GOTO A&,
2005 T=1,2
TES(Ty=IET (T) ¢IT(T)
5 cowTINn®
IP(X.LZ.25) GOTO 20
GoTo 21
20 WPTTIP(6,55) IND{J) ,BRP (1) . K, AP, AT, D,R?,BT,BD, ¢P,CE,CP,JJ
55 PORMAT(*Ot,%1¢,1X,21,9X,41,18,9(1X,1I3),08a8X,1I2)
21 IRITE(9.55)IHD(JI.!PB(1),K,lr,l!.ln.BP.BP,BD.C?,C!,CD,JJ :
GoTN S0
3 pn0 7 I=1,9
1cc (I = ICC () +IC (L)
7 cont&uur ‘
.4 p=0t0 _
ce*  CALL MLX SOUBPOUTINE,PASSING TRY COWPIDFRCZ INTERVAL WIDTHS AND -
Cee-  RETORN THT CORRESPONDING DECISION YALNTS (1 INDICATES VALID, O INDICATES
Ces " INVALID) 4
CALL AAX (PO,P1,P2,PH, rn.ru TC,?D,ZN,J8, I8, KN, KN ,K10,K,J3,KS, PP, AY, .
CcD,J,PI,J¥1,J¥2,JK1,JK2,JH1, JH2, Lnn.uoc.nox.lr)
-+ IP({NY, EQ.1)GO‘O 15
GOTO 76
75 ENY=EAY+NY
T JY1mJY1
JY2mJy2 I .
NIY 1=EIY 14371 ' - 110 =

- | PoOR copy]
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87

91

. Appendix D
NIT2=NIY2+IY2 *

AIY1=NIY1+1-0%1

NIY2=NIY2+1-JT2

IP(IN(10).2Q.1)G0OT0 B

IP{K¥ (9} .£0.1)GCTO 9

IF(XN(10).70.11GOTC 11

IP(K10.E0.11GOTD 12

IP(KS.TQ.1) KSS5=KSS+KS .

GOTO 62

pPoO-13 I=1,10 -
INN (I)=INN [T) +IN (1)
CONTINUP

JP1=JV1

JP2=3V2
NIPt=HIP1+JP1
MIP2=RIDP2+ID2
NIPI=RIP1+1=7P1
NIPZ=AIP2¢1-J02 |
GOTC 62

DO 14 I=1,9

ENH (I)=KSN{T) +KN (T}
CONTINUE

GOT0 62

DO 16 I=1,%2

KRN (I} =KPR (T} +K0 (T)
CORTINUT

GOTD 62
K10K=K10K+K10 |

DEPENDING ON VALIDITY CF HIFBRARCHTTS, STENDARDS OF CORMECT DECISTION APT
DIPFEPTNT

NII=R3I1+371

NI2=HI2+3V2

AI1=NI1+1=V

NJI2=MI2+1-JV2 ' - *
NCCCaNOCC+NOC :

WLOH=HLOKH+LOR

WHOE=NRNOX+MOK , .
IP(HOC.2Q.1)GOTO B4

GOTO 85 o

NIKI=KIK1+IK1

NIK2=NIK2+IK2

AIJK1=RIK1+1~JK

MIK2=KIK2+1=-JK2

IP(LOH.2Q. 1) GOTN 86

GOTO A7

NIH1=HIA1+JIHY

NJA2=AJH2+JH2

BIA1=AJH1+1=JH1 . -
MIA2=RIH2+1=JH2 :
IP(MOK.EQ. TYGOTO 99 :
GOTD 92

JC1=J¥1 -

Jo2=Jv2 *
NIC1=RIC1+IT1 ‘(
WIC2=RIC24IC2 .
AICI=RICI1+1-JC1 ’ _ K .

MIC2=MIC2+1=-3C2
92

IF (IN({10}.EQ.1)GOT0 50
17 (BY.XQ. 1) GOTO SO , . 8
IP(KN(9).20.1)GOTO 50

1P (KB (10) .FQ. 1) GO™D SO

I7(X10.2Q.1) GOTO 50

I?(J.20.2) GOTO 90 ' }

LOOP TO SOM UP BOASER OF INCOPRECT DECISIONS POR VALID aIzearcuzs ™

DO 60.1=1,6

X3 (L) =KJ (L) +9-3% (L)

- 111 - ;

quR cop;h
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MJ (L) =NJ (L) +I8 (L)
60 ,CONTINOT )
GO 70 50. . ’ _ ‘
Css LOOP TO SUN OP NUMBEZF OP INCOPPECT DECISTONS POR INVALID HIERARCHIZS )
90 Do 80 Lw=1,6 .
. RJ(L)=RJ (L) +J8(L)
NJ (1) =XJ (L) ¢ 1=JH (L)
80 CONTINNT : : _ +
Ce*  "HIED LOOP COMPLETED
50 CONTTROT

PRC |

*  POR VALID HI®RARCHIZES ' .

j I? (J.EQ.2) GO 7O 100 }
HTP=IEX (2) ¢KNY (9) +K X2 (10} #K 10K+ TNN (10) Y &N
Do 78 L=1,6

NJP (L) =100%*PLOAT (R (L)) /PLOAT {KSS)
MJP (L) =100*PLOAT (AJ (L)} /FLOAT (FSS)

78 CONTINUT L
WPITT(6,15) 8P,D1,D2,7TA,TTB,TC, 70 .
¥RTTE (9, 15) MP,D1,D2,TA,TTR,TTC, 71D | : .
YRITY(6,25) (PPO(T) .21 (1), PP2(Z),PPB(T),I21,2) &
¥RTT®{9,25) (PO(T),PP1(I),PP2(I), rPB(I),I=1,2) ;

WPI™E(6,41) A (3) ' . ‘ ¢
¥RITT (9,581) A (3)
WSTTE (6,61) ‘
WPITE(9,61) '
61 POPMAT('-!,?SORKAPY OF FESULTS POR PCPOULATION CRAPLCTT?ISING VALID -

N C HIZPAPCHITSY) ~~

FPITT(6,6T) K : ’
¥PITE(9,67) K
67 POPEAT('0','NO. OF SAMPLYS GENERATED',411,I8,/,1X,'SANPLES PEJICIT
CD DT Tn ZFROPS QF THE POLLOWING TYPTS',/,6X,"EZPROR TYPEY,5X,'BPRIZ
CP DESCPIPTINNS'! 29X ,'FREQY)
, YPITE (£, GB)IE'(Z),ICC(Q) INK (10)
¥RIT® (9, GB)I T (2) ,ICC{9) ,INN% (10) °
68 PORNAT (" ,10:.'1',11,-,.0.'33x 13, /'111,-3',71.'15 I5T. NOT IX
c(0,1) (XOT ADD®D)',2X,13,/,11X,%C*',7X,'0F® OF P20, 921... 1+ A3 L LN .
€16%,13) -
!PII’(B 69) XN¥ (9) ;K 10K, FEH(10) )
¥RITT (9, se:xnw(9) K10K, XKAp (10} ;
69 PORMAT (Y .10:,-n' 7X,*CPF (=1.0,2.0) PANGE TI¥ I"‘A'IO".BI I3,/ ™
C11Y, '™, T7X, ' N0 COBVERGTKC® WHEY 10 TTZP. CONPLETED® ,3X,I3,/,11X,
creY,7X,'0O"F (-0.05,1.05) OF ZRP. YAE. FOF P2 <0,.%,1I,I3) .
IPITE(G 1na)an(91.xnn(111 EMN(12) ) :
¥PITR (O 103)51!(9) XNE{11) ,KAN(12) o
108 ro'nxr(' ', 18X, 'SUPP. INPO. OH TYD™ P 'v90°'./.19!.'VRR- P2<0-
cx,13,/,19%,%P2<~-0.05 :7,5X, 13,/ 19%,'P2>1,05 :7,6X,I3). - v
WRITE (6,101 RNY
WPITE {9, 101)5:1 N
101 FOPRAT(® ",10%,"®",7X,* EXTREN® PARN,ESTIFATES *,8X,I3)
VRPITE (6, 70)!-_.xss ' , .
WRITr(9,70) ETY,KSS
70 POPHA™(* *,*TOT1L NO. OF SAMPLES REJECTED',36I,18,/,/,1%13'%0. OF S
CAEPLES US®D 70 INPTP POPULATIOF FALIDIT™Y®, 11x.:u} ‘ud )
2PITE(6,71)
FPITEZ (9,71

.

71 PORMAT (*-*,;*DECISION CRITEFIA(CONP, TRT.)*',1X,5X,'95%',12X, *90%°*, Y S

R €12%,*85%°,12X,'60% , 12X, 75%"',12X,? 70%*)
SRITE (6,72) (BJ (L) ,HIP(L) ,L=1,56)
ITE (9, 72) (AT (L) ,MIP(L),L=1,6)
72 PORMAT(' ','CORRECT DECISIONS (LND :)'.6! §(1X,I8," (",F6.2,'V) "))
12112(6.731(!J(L).lavt11 L=1,6)
UnIT!(9.73)(!J(LlolJP(L);1'1-5l
73 PORBAT(* *,*INCORRECT DECISIONS (AND X)°',3L,6(1X,I8," (*,P6.2,'%)")

: - . N ' POOR copy

9 $
WRITZ (6,78} (KSS,L=1,6) - 112,

T
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cen

00

79

64

88

T

89 PFOREAT(®C’','IND. VALID',10X,2(I, 6!),/.1!,'I“D.

95 PORMAT(*0O*,

L LT T T T e R IL RIS R LR TRR

Appendix, D

WRITE (9,74} (X55,L=1,6)

o
GO TO 88
ntz-:zztz)+nnu(9)+xnn(101on1ox01nu(10)+wur
DO” 79 L=1,6
NJP (L) =100 PLOAT (NJ (L)} /PLOAT (KSS)
uap(L)-1oo-rvox~(nJ(L))/rnonﬁtxs:)
CONTIROE -

URIT® (6, i5) 8P, 01, oz.rra..-a.rrc,**u
WRITE (9,15} ¥P,D1,D2,TTA,TTB,TTC,TTD

FORBAT(Y *,'TOTAL RO. OF DBCIS*OHS(IND )P L1X,6 (11,14,
'

WRITE(6,25) (PPO (I),PP1(I),PP2(I),PPB(I),TI=1,2) g
WRITE (9,25) ﬁpo (T) ., PP m PP2(I),PPB(T),I=1,2) N~

WRIT®(6,41)

WPITE(9,4tyN

WPITE (6,54)

WRITE (9,64)

PORNAT {*=*,'*SUMMNARY or PRSULTS POP PCPOLATIOK
CID AIERAPCHIZS!)

YPTTE(6,6TY K N
WRITZ2(9,67) X

WRITE (6,68) IEE (2) ICC(Q) INW (10)

YRITE (9, 68)1"(2),ICC(9],IHh(10}

WRITE (6,69) KKK (9) ,K 10K, K% {10) -

WRITP (9,69) KWK (9}, K 10K, KMN(10)
VRITE(G,108) KNN{(9)  KMM(11) ,KNN (12}

YRITE (3, 10R)KNN (9) ,KNN(11) , KIN(12)

WRITE (6,101} %Y
YRITE (9, 101) NNY
¥PITE (6,70) NTE,KSS
¥RITE (9,70) ¥TE,KSS
¥PITE (6,7
¥RITE(9,71) .
¥RITE (6,72) (M3 (L) ,NIP(L),L=1,6)
WRITE(9,73) (RI (L) ,HIP (L) ,L=1,86)

TRITE (6, 73)(HJ(L),HJP(L],L-1 6)

-WRITE(9,73) (BRI (L) ,HIP(L) ,L=1, s)
iPIr:(sbvu)(xssans1 6) . .
WRITE(9,74) (KS5,L=1,6) Lo
SECOND LOOF cdanET:D

¥PITE (6,15) ¥P,D1,D2,TTA, TTE,TIC,TTD
WRIT2(9,15) ¥P,D1,D2,"TA,TTR,"TC,TTD

{

e,
CRRPPACTERISING IKVAL

WPITE(6, 25}(??0(1) PPY(I),PP2(I},PPB(I),I=1,2)

WRIT®(9,25) (PPO(I),PP1(I),PP2(I),PPB(I),I=1,2)
WPITE (6,311 ()

WRPITE(9,31)4(3)

IP(J.2Qa2) WRITE (6, 64)

IP(J.BQ.2) WRITZ(9,64)

IP(J.2Q.1) WRIT®(6,61)

I?(J.20.%) WRITZ(9,61) .

TRITE (6,7T7) K

VPITR(Y,TT) , .
rongit(-o-.-n or_sKMPLZS GEN®RATTD',20X,I4)
RI1=K-RIT -

NI2=K-NJ2 N '

WRITE(6,89) ¥J1,KJ2, KX1,NI2
URTITE (9,89) %J1,RJ2,BI1, NT2

C1)
¥RITE (6,95) NOCC, ¥IK1, BIK2,KIK1, RIK2
WRITE(9,95) ¥OCC, NIK1, BIK2,RIKT, AIK2

C',10X,2(I3,6X),/,1X,*I¥D, INVAL®,10X,2(I8,6X))
WEITEZ (6,96) NLOR, RIR1, NIA2,AIE1, NIA2
WRITE(9,96) NLOH, NJR1, RIH2,BIB1, IA2

-

i

,

(100.00%) *

INVAL®, 10X, 2 (I4,6X

*B0. OF NON-CONYERGENT ClS!S'./-!D! I8,/,11,"IND. 'lLID

96 PORAAT(°0T.'-¥VE VARIANCY 92'./.1qr{59./.1x.'1n0. YALID®,10X,2{18,6

-—t

4
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Appendix D

CI),/.,1X,*IND. INVAL®,10X,2(I4,6X)) .
WPITE (6,63) ANOK,RICT, HIC2,RICY, RIC2
WRITE(9,63) HBOK, NIC1,NIC2, MACT, HIC2
63 roanAr(-o-,fz$. OF PSFODO CORVERGEN™ cnsrc-./,1ox.ru /1T, TND. VA
CLID*,%0X,2{I8,6%),/,1%, "IAD, INVALID',8X,2(I4,6X))
WRYTE (6,66) TRK {10) ,RIP1,KJIP2,NIPT, #IP2
YRITZ(9,66) INN (10) , KIP1,KIP2,RIPT,RIP2
66 POPNAT(*0,'HO. OF CASES P20 OP P21 ETc. =0 ',,,10x,%4,/,1%,9 0O,
CYALID*,10X,2(I%,6X),/,1%,°IFD. INVALID',8X,2(I14,6X))
WRIT®(6,B81) NRY,NJY1,RIY2,AJY1,HJT12
WRITE (9,81} XY, NJT1,KIY2,AJY1,NIT2
‘ B1 PORMAT('0,°WO. OPF PYTRENF PARM. BST. *,/,10X,I84,/,1X,'IND. ¥ALID 9¥§

0\!""

C*,10X,2(24,6X),/,1X,*IND. INVAL®,10X,2(74,61))
¥PITE (6,65) (I {2),L1l=1,3)
WPITE (9,65) (ITF{2),L1l=1,3)
65 PORMAT("0',*FC. OF P=0 CASYSY,/,101,I3,/,1%,°IND. TNVALID',8Y,2(T
C4,6X)) . '
NJIT=EI1=-KIK1=NJH1-RICT1=-KHIP1-HIY1
BI2TaKI2-NJR2-NIA2-HIC2~EIP2=NJT2
MI1T=EI1-NIK1-HIH1=-BICT=AIP1=-ITE (2) =HJIY1
AJ2T=RI2-AJK2-RKJIR2-RIC2-NIPZ=ITT(2) -NIY2
¥FITE (6,97) YJ1T,NJ27,MI1T,RI2T .
WRITE (9,97) AJ17, WJ27, AT, NI2™ : -
97 PORMAT{?0','CAN ONLY CLAIM',2X,*IND. VYALID',S5X,2(T4,61),/,1X, 'CAN
CONLY CLAIM',2X,'IND., INVAL®',5X,2(I,6X)) '
30 CONTIRUP
Cse  PIPST LOOP COMPLE®TED
WRITE® (6,31)
VWPITE (9'31)
31 PORBAT(T10,710(* "))
: sTOP & ’ .
! . EHD ' - : ~
(e 2 3 1 % '
SUBPOUTINZ GPY¥(PO,P1,P2,PB,TA,TB,TC,TD,I5,IC,IE)
. SOUBROUTINT GTN TO GEREFATE RANDOM SANPLES ACCORDI®G TO SPZCIFITD
7 ceessa 7 POPULATION PARANETERS ‘ .
®rLL®E PO,P1,P2,PB,TA.TE,TC,TD
COMMON AP,A%,AD,BY,BY,BD,CP,CE,CD,H
INTEGZF AP,NE,AD,B?,BF,BD,CF,C%,CD
Ces  ALLOCATE MEMCRY SPACE POP '3X3 TABLT,8QUESTIONS AT 2 SXILL LIVTLS,.
C*+  PROBABILITIT®S OF CORRECTHESS AND TALLITS OF SCORES OF THE OUFSTIONS
DINESSINN B (3,3),A(4),J(8), :ct10).:_(2)
Ce* S5FT P=0 L P=0 COUWTERS TO ZFPO
IT(1) =0
-~ IZ(2)=0
: Ces  INITIALIZ® ccun'fns ON OFP PANGE P & THFTA WVALD®
DO S5 I=1,10
IC(I)=0
, 55 CORTIHUE
.. Ce*  SPT THE 3X3 TABLZ INITIALLY WITH ZEROS
DO 300 I=1,3
DO 300 K=1,3 .
E(X,I)=0 : '
300 CONTINUE —
C*=  SET OP CRITFRIA POR COMPARING RITH NOMBEP TND BE GENEPAMED -
RA=PO+P
RB=PO+P 14P2
C**  DETERANIRY® THY TROZ STATE OF SKILL POSSESSION PO“ IACH SOUBJECT -
305 DO 310 KE=1,N
CALL nlnnutrs Is,m
IF (R.LE.PO) GO TO 320
I? (R.LZ.RM) GO TO 330
I? (R,LE.RB) GO TO 340
Ces  THIS SUBJUCT POSSESSES POTH SKILLS
Ces  HIS CHANCES OF ANSWERIWNG COPRETLY ARE AS POLLow
. A{1)=TA 114 - - o

/f o fPooR COP‘I
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A(2)=")\
A{3)=TC
A(4)=TC .
GO TO 3590
Ce® - THIS SUBJICT POSSYSSTS NTITHEP OF THE SKILLS
320 A(1)=78 :
A{2)="R BN
“A(3)=TD . : -
A(u)=TD i : .. ‘
. 5O TO 350 .
‘ces . THIS SUBJTCT POSPESSES OF SKILL 1 ONLY -
330 A(1)=TA - _
‘ A(2}y=T> -
A(3) =D _ :
A [(B)=TD : ’ .
GO TC 350 )

Ce=  THIS SUBJICT HFS OWLY SKILL 2 \

© 3u0 A(1)=TD ‘ \
A(2)=TH ot
A()y=TC . .
A(8)=TC T

Coenxn \ 4}

Ces  GINTDAT® PANDOM KO. TO DETEPMINZ IP QUESTIONS APT coancrLr AHSWERED

Coennnn

350 DO 360 I=1,8 - .
CALL BLNDH(IS Is,m -

Ce»  WHEN A(I) IS G OR EQ P lHSHEP ASYUMED COPFEICT
IF (®=-A(T)) 370,370,380

370 J{T) =1
GO TO 360
380 J(I)=0
360 COMTINCE
Ce®  ADD 1 Tn THE 50 OF SCOPES "0 CHANGS OFIGIN FFROM O
- KaJ (1) ¢J (2) +1 _
L=J (3} +J (3) +1 ‘ -

cs®  EYTPR THY SCORTS INTD THE CELLS OF THY TABLE
M (K,L)=# (K, L}+1 , :

310 CONTIFUE y l

c-.‘l. X N

Cee B!!AHE THT C3L1S ACCOPDIAG TO AMARGINAL PREQUENCIZS SIMBOLS

Rk % .

AP=R (3, 1)

AT=n(3,2)

AD=R {3,y

Bren{2, 1) . i

BE=N(2,2) , x
BD=N(2,3)
Cr=m(1,1)
CEZwn(1,2) )

Co=A{1, ) -

Cem MARGIRAL FPEEQUETRCIES OF 313 CO‘*I!GEHCY TARLY PRON SUBROUTIMNE GIEN
AL=AP+pAT+2D -
S=BY+RE+BD
CuCP+CE+CD
D=AD+RD+CD ‘ : : !
PapAT+BE4C?

PuAF+EP4CP .

Cwxs . CHECK IT¥ MAPGINAL COL TOZAL E=0 OR NOT
IF(F.2Q.0.) IZ(1)=1 '

Cen CHECK T¥Y MARGINAL COLUNN TOTIL =0 OR NOT
IP(P.EQ.0.) I®(2)=1 o
I?(IZ(2).20.11GOTO 50 )

Ce=  PLPAARTER ASSUNPTIONS OF ;tzaobzn -=p(I1} ,THETA (B) , THETA (C)

3
=]
—

P2=0.
TB=(.

T™C=1. - 115

POOR COPY!



Cen

60

} S0

Appendix D
TARZE PARRMITERS ASSUNED PIYZ OTHEP ONES CALCULATED S POLLOW
TA= (2%AR} / (2%AA+B} -
TD=E/ (24 20P)
PBa1, = ( (Z42%F) #82} / (GoFey)
Pim((29AA+B) *#82) / (4*AAY) -PB
PO=1. - (P1+PR)
IP((P0.LT.0.).0F. (PO.GT.1}) IC(1)=t
IF((P1.1T.0.).0R. (P1.GT41)) IC(2)=1 L
IF((P2.LT.0.).OR. (P2.G751)) IC(3)=t
IP((PR.1T.0.) ,OP. (PB.GT. 1)) IC(4)=1 . o
IP((TA.LT.0.).0%. (TA.GT. 1)) IC(5)=1
IY((IB-1T7.0.)+0R. {TB.GT. 1)) IC(6) =1 : o ———
IP((TC.LT.0.}.0R. (TC.GT. 1)) IC(T)=1 .
IF((TD.LT.0.) 0P, (™D.GT,1}) IC{B)=1

DO 60 I=1,A . ,
IF(IC(I}1.5Q.1) IC(9)=1
CONTINUT -
SPTURN - .
~»¥D : -

Ccon
[ae 1 J

Cse
Cee
Ce=
Cen
Cux

(e 1

209

SUBROUTIN® MAX . . )

SOBROUBINE AAX (PO,P1,P2,PB,T #T§,TC,TD, 21, IN, I, KN, XX, X10,K1,J0,KS
+PP,AH,D,J1,PI,IV1,JY2,JKX1,IK2,JH1,IH2, LOH, HOC, NCK, NY)

IMPLICTIT BTAL®*8 (A-2) )

IRTEGEF JA,IN,XN,K1,KH, K10,K5,TPLAG, IND, A" (B) , XY

R®AL®L IN

IRTEGEE JV1,JY2,N0C,L0H,JK1,3K2,JH1,3H2 00K, LY

DATA AST/'V?Y VIV, 0D¢ tpa 1ps o0 150 oy _ .
DOUBLP PRUCISIOR DABS,DEQPT - ’ ®
DIMNTRSTON S(7),ST(7,N,P(7.1),C(7,1) A (7}, PY(8),PR(T)
DIMINSION H(7.7),L(7),®(7),PP(9) ,HA (7)Y, P22(10) ,PF (9}
DINTNSION ZN(6) ,JN(6),IK(10) KN (12} , KN (10,2 (E)
I¥TEG®F I,J,K,JJ,%,J1 ’

EQUITALZHCE (S(1),ST(1,V)) | .
INTEGER A¥,AZ,AD,DY,BE,BD,C?,CZ,CD .
CONMOR AF,AE,AD,DBP,B2,BD,CP,CY,CD,Y

K10 T0 INDICATY XO CONVERGENCE AT ®HD OF 10 ITERA™IONS

KES=1 TO INDICAT® SOCCPSSPUL CONYERCENCT

£10=0 . . .

XS=0 :

YECTOP IX STOPES COURTS OF IBROP OF TYPY Pse=(, IK(10) i PLAG

KF STOFES F3EXQ. OP P & THETA YALUBS O"P (=0.5,1.5) PANG® DUEING ITEOATIONS
KN(9) BIING INDICATOR TO CHECK POR 2XI™ PRON ITTPATIONS

KM STORES COUNTS OF OPP PANG® (~.5,1.05) PCR P & "HE=R uwz;*, AND * .
ALSO TE®ST 55 PRREOR POR P2 BEING <0

DO S I=1,10

PZ2(I)=0.

IN()=0

KN (T) =0

KX (I)=0

CONTIRNE \ ' .
TKR(11) =0 : “"//ﬂ\\

KN (12) =0 : .
DO 1 I=1,7 .
AR (I} =0, ‘ . ,.(

r

CORTINUY
TPLAG=0
wot=0 o , ‘S
LOH=0 ' i , " AN
PIRST OF ALL, S2T INDICATOR TO ASSUE? INYALIDITY . -

B0 209 Ket,6 "~ . : : .

Ja(K)=0 . - .
CONTINDE .. ' ¢
JJ=g0o, OF ITEPATIONS '
DO 199" JJ=1,10 -

TAl=1, ="} ’

THB=1,=7TB . : - 116 - ‘ —

| o o
SN \ | - . POOR copy:



Appendix D

THBS=TBB*%2
¥ . TECS=TCCee 2
TODS=TDD#e2

PROBIBILITI'S OF A RANDOMLY SPELECTED SUBJYCT BEING CLARSSLFIED
INTO ZACH OF 313 "')BI.'p

-.\
nann

P20'P0'*BS'"DD“*P1'*l“‘*DDSO?2"85“C’S+PB"\5‘”CC° ‘

f . . P21-2‘P0'*BS'*D'*D002‘°T‘TA“'TDlTDD+2'P2F‘BS'“C'*CC+ ) -
12%pPBeTAS*TC*TCC
‘P22=pPOeTRS*TDS+P 1T ASSTDS+P2*TESHTCS+PRSTASTCS
- P10=2% (POSTB*TARETDDS+D 1S TASTAA®ONS+P2eTB*TBB*TCCS+
1PBESTARTAA®TCCS)
P 1-&.*(PO'*B'*BB'”D"DD*P1'TA'TA!‘TD‘”DD*PZ'TB“BB'*C"”” .
1+PRSTASTALSTCHTCC)
P12%2.% (POSTE#TBHSTDS+TASPITALASTDS ¢ P24 TESTABSTCS+PERTASTAA®TCS)
POD=PO®TBBSSTDDS+P12TAAS* PODS+P2eTBRS*TCCS+ PASTAASETCCS
POI=2.® (PO TBRSSTDSTDL+ P1*TAAS*TDOTDD+P2* TERSSTCFTCCHPBITALS®ICHTC
1€y
PO2=POe TRAS*TDS+PI# TAAS#TDS +P2# THRSSTCS+PESTAAS®TCS *
PP{1)=P20.
Pp(2)=w21; . ‘ ! ‘
- PP{3) =P22%
PP {4)=P10 .
PP (5) =P 11
PP (6) =P 12 }
PP (7) =P00 . .
i PP (R) =P 01
PP (9) =P02<
P22 (JJ) =PO2
c
-D0 183 I=1,9 ‘ ,
PP (I) =DABS (PP (I)) :
183 CORTINUE . o '
po i85 I=1,9 . .
IP(PP(T).LT.1.00D=-10) IN(I)=1
105 CONTINDY. \
pe 10 T=1,9 -
IP(IN(I).ZQ.Y) IN{10)=1 . .
- 10 CORNTING® . ’
IF (IN(10).T0Q.7}GOT0 61
GOTO 62
61 Igrt'(s ¢56) AST(J1) ,A5T(B} ,K1,AP, A%, AD,BY,BE,BD,C¥,CE,CD, (PI (T}, Ix)
c,8) ,37 .
WRIT® (9,57} (PP(I),I=1,9)
9RITE (9,58} (HR(I},I=1,7),D
¥rIT* (9,59) PO, P1,P2,PB,TA,TB,TC,TD
WPIT®(9,32) {PZ2(LY) ,LY=1,10)
32 PORMAT(' *,¥S5' _10X,5(D15.7},/,1X,111,5(D15.7))
IPY(K1.12.25) GCTO 16
GOTO 11 : .
16 WRI™P(6,56) AST(J1) .AST (8} K1,AP, AT, AD, BT 9%, BD,CP, cr.cn.(px(*1.1-1
C,8} ,JJ3
56 PORMAT('0?,%1¢,12,A1,1X,01,1I8 Q(1x.13) 1X,8 (11, 77.8) ,191,12)
WRITE(G, 51)(??(1).:-1.9)
57 PORBAT(® *,92*,10X,9(D12.4,1X))
WRITE(E, sa)(na(11.1-1 ,D
S8 PORNMAT(® *,*3*,10X, 1(015.71,912.:) . )
WRIT® (6, 59190 P1,P2,P8,T2,TH, TC11:7 f . -

POOR coPY!
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FORMAT(* %,94*, 10,8 (D12.4,11))

WIITE (6,32) (P22 (LY),LY=1,10)

GOTO 239

PARTTAL DERIVATIVES

P20 P0=TRS*TDDS-TASHTCCS

P20P1=TASeTDDS-TAS*TCCS

P20P2=TBSeTCCS~TAS* TCOS

P20TA=2.8 (P147LeTDDS+PReTASTCCS)

P20TB=2.% (POSTBSTDDS+ P2 #THTCCS)

P20TC=2, % (~P2*TBS4TC*P2#THS ~PBETAS+ TCOPHSTAS)
P207D=2, % (~-PO*TBS+TDOPOSTBS-P1¢TAS+TDOP18TAS)
P21P0=2,$ (TBS#TD#TDD-TAS#TCATCC)

P21P1=2, % (TAS*TD*TID~TA S#TC*TCC)

P21P2=2.% (TBS#TCETCC-TAS*TCOTCC)

P21TA=4,  (P18T) & DLTDD+ PRST A 4TCH=CC)

P21TB=4, ¢ (POSTDETDRTDDs P24 TRETCHICC)

P217C=2, $P2#TBS -3 #P2#TBS®TCs2, SPBETRS-4, SPBETESemC
P21TD=2. #P0* THS-G#P0STHSOTD+2, S P1STAS-44P1**DaTAS
P22PO=TRSeTDS-PASETCE

P22P1aTASATDS=TASeTCS (
P22P2=7RS*TCS=TASSTCS

P22TA=2.# (P192DS+PBeTCS) o7

P22TB=2.% (PO#7DS+D297CS) s TP

P22TC=2,% (P297RS+PBeTAS) #TC

P22TD=2.% (POTBS+P12TAS) #*D

P10PO=2, # (TE*TBB*TDDS~TASTAASTCCS)

P10P1=2, ¢TA®TAAS (TDDS-TCCS)
P10°2=2, 8 (TR*TER-TA#TAA) #TCCS

PI0TA= (2.8P1-8.®P18TX) e TDDS ¢ (2. #PR-U, #PBeTA) STCCS
P10TE= (2. #P0~4. #PO®TE) ¢ TDDS ¢ (2, #P2-4_9P2¥7H) $TCCS
P10TC=2.# (TBE#P2STH+TA) *TASER) ® (=2, +2, & TC)
P10TD=2.9 (POSTBETHB 4P 1 TASTAR) # (2. +2, 871)
P1TP0=4 & (TBSTBESTD#TDD-TA*TAA* TC™CC)

P11P1=4, ®TASTAA® (TDSTDD-TCOTCC)

P11P2=4, STCETCC* (TBSTBR-TASTAL)

P11TA=( .-91-3.-91-11)-rn-rnno(n.-pa-s.-pa-?x)-rg;;cc
P1178=(5.420-8. PO TB) *TDET DD+ (4. 8P2~8, #P2*TH) sTCHPCC
P11™C=4%(1.-207C) ® (P297TBRSTR¢PPOTASTLA)

P11TD=4 .8 (1.-2,87D) * (PO®TBS ~BBe p1®T A2 )
POOPI=TAASS™DDS-2RASETCCS

POOPO=TBBS*TDDS~TAASHTCCS

POOP2=TCCSY (TBBS-TAAS)
POOTA=(-2.42,9Th) ® (PI1STDDS+PBETCCS)

POOTH= (-2, 42,87B) # (POSTDDS+P2e7CCS)
POOTC=2.% (-1,47C) # (P29 TEBS+PB=ANS)

POOTD=P0® (-2.42, TD) $TBBS+ P16 (=2, 42, #7D) $TAAS

PO1PO=2, * (TDTDDSTEBS-TCHTCCHTAAS)
POTP1=2, 77 AS% (TD*TDD-TCOTCC)

PO1P2a2, 8TCETCC® (TBBS-TAAS) :
PO17)= (-U.P144, #P19T)) $TDETDD+ (=8, *PBe 4. $PASTA) STCRTCC
POITB= (-5, %P043, #PO®TR) STDETDD4 (=4, $P2¢ 4, $P 28T R) $TCETCC
POITC=2.%(7,~2,%7C) @ (P2eTBBS+ PRSTAAS) '
POITD=2.%(1.-2,®TD) & (RGSTBBS+PI#*1AS)

P12P0=2. ¢ (TBeTBRETDS-TATAL #TCS)

‘P12P1'2.‘Tl'?ll‘(TDS-TCS)

P12P2-2.‘(TB'TBB‘TCS-TR‘TIl'TCS)
P12Tl=(2.'?1-5.‘P1'?l)'TD50(2.‘?8-“.'PB'TII'TCS
P12TB=(2.'?0-!.'PU'TB)'?D50(2.‘?2‘“-‘P2‘T51'TCS
P12?Ciﬂ-'(P2'TB‘TBBGPB‘T1'TRA)‘TC
P12?Dlﬂ.‘?b'(PO‘TB'TBBOP1‘TI'T&I]
PO2PO=TBBS*TDS=TAASS (T

. PO2P1=TAASSTDS=TALAS*TCS

PO??Z-TBBS'TCS-?IISOTCS
POZTI'(=2.‘P1§2.‘P1'TI,.TDSO(-z.‘PBOZ.‘PB'Il)‘TCS
POZTB-(-Z.‘POOZ.‘PO‘TB)‘TD!O(-z.'P2!2.'PZ‘TB)‘Tcsﬂ
PO27Cm2,87Ce (P2*TBBS+PRSTANX) 118 - :
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Appendix D

PO2TDh=2 #TD% (POSTERS+P1eTALS)

COMPUTING EFFICIENCY SCORES
(1)-IF'PZOPOIPZOFAB'P21P0/P210lD'PIZPO/P?Z*BP‘P1OPO/P1OOBE'P11PO

1/P11+BD‘P12?U/P120CP'POOPO/POO+CZ‘PO1P0/?01*CD‘PO?PO/“OZ

S(2)=AP*P20P1/P20+AE*P21P1/P21¢AD®P22P1/P22+BP*P10P 1/P1N+BE*P11P1/

T 1P11+BD*PI2P1/P12¢CP*PO0PT/POO+CE*PO1P1/P01+CD*PO2PT /P02

S{3)=APSP20P2/P20+AE®P21P2/P214ADP22P2/P22+BP*P10P2/P10+B2*P11P2/
1P11+BD*P12P2/P12+Cr*PO0P2/POO+CERPOTP2/P0O14CD*PO2P2 /P02
(u)-AP'PZO*A/FZO*AF'PZ1TI/P21OBD‘P’2*A/P22OBF‘P10“F/P10#B"P11“!/

1P11+¢BD*P12TA/P12+CFePO0TA/POO«CESPOITA/PO1+CD*PO2TA /P02

S (S)=APSP20TB/P20+1P*P21TB/P21+AD®P22TB/P22+BP*P10TB/P10+BE*P11 TR/
1P11+¢BD*P12TB/P12+CP*PO0OTR/POG+CE*PO1TEB/PO1+CD®PO2TB /P02
S(6)Y=APeP20TC/P20+AT*P21TC/ P21+ AD®P22TC/P22+BP*P10TC/P10¢B2*P11TC
1/7P11+BD*P12TC/P12+CPOPOOTC/PO0+CE*POITC /PO 4CDOPO2TC /P02
S(7T)=AP*P20TD/P20#AE*P21TD/P21¢AD*P22TL /P22+BP*PI0TD/PI10¢BF*P11TD
1/P11¢BD*P12TD/P12+4CP*POOTD/PO0O+CE*POITD/PO1+CDSPO2TD /P02
INFPORMATION MATRIX ELEMFNTS

B(1, 1)’P20“0"2/P200921PO'*Z/PZ10922“0'*2/?220P10P0"2/P100P11?0"
12/P11¢P12P0%2/P12+PO0P OS2 /POD+POI1DCO® 2 /PO 1+PU2PO%*2,/P 02
A(1,2)=P20P0%P20P1/P20+P21PO*P21P1/P21+P22P0O®P22P1/P22+210P0O*P 10D
T/P1DOP12P0‘P12P1/°120PO0P0'PO0P1/P000P01P0‘PO1P1/PO1+P02P0'POZP1/
2P02+P1TPOSP11PT/P1Y

AT, 3)=P20P0'P20?2/?20*P21P0.P21?2/?21+P22P0‘P22?2/?220P10PU‘P1DP2
1/P10+P11?0‘P11P2/P11&?12P0'P12P2/°12+POOP0'P00?2/?00#°01PO‘P01P2/°
201+P02P0*P0O2P2 /P02
H{1,8)=P20P0*P2Q0TA/P20+P21P0®P21TA/P214P22P0%P22TA/P22+P10P0*PYIOTA
1/?100911P0‘P11TA/P11+P12?0*?12TA/P120POOPO'POOTA/P00+PO1?0'?01?&/
2P01+PO2PO*PO27A /P02
H(1,5)=P20P08P20TB/P20+P21P0*P217B/P21+P10PO*PI10TB/P10+P11P0O*P1 17D
1/P114P12P0*P12TB/P12+4PO0OPO* POOTB/POO0+POTP0*POTTR/PO1+P02P0#PO2T B/
2P02+P22P0®P227TH/P22 N
R(1,6)=P20P0*D20TC/P20+P21P0*P21TC/P21+P1QPOSPI0TC/P10+PIIPO*PTITC
1/P11+P12P0*P12TC/P12+4PO0OPOSPOOTC/PO0+POIPO*POITC/PO1+PD2P0*PO2TC/
2P02+P22P0%P22TC /P22
A(1,7)=P20P0*P20TD/P20+P21P0*P21TD/P214+P22P08P22TD/P22+P10PO*PT0TD
1/P1OOP1290'?12'D/P12+PDOP0‘PODTD/POO#PO1PO'PO1TD/PO1OPOZPO'POZ’D/
2P02+P11PO*E11TD/P11

A(2,2)=P20P18®2/P20+P21P 198 2/P214P22P 1582 /P22+P10P1#22/P10D4+P11P 1922/

12/P11+4P12P1%82/B124000F 1292 /PO0+PO1P 1982 /P0 1+ PO2P1*%2/002
H(2,3)=P20P1*P20P2/P20+P21P19P21P2/P214P22P1*P22P2/P22+P10P1*P10P2
1/?10#?11?1'?11?2/?110P1291'?12?2/?12*?00?1‘?00?2/?000P01P1‘PO1P2/P
201+202P1*P02P2/P02

A2, N)-P?OP1'P20'l/9200P21P1'P21Tl/?21*P22P1‘P22T1/P220?10?1'P1UTA
1/P10+P11P1'P11TI/P110P12?1‘?12?&{3}2+PO0P1‘POOTA/POG*PO1P1‘PO1TA/
2P01+P0O2P1*PO2TA/PO2

R{2,5) =P20P18P20TB/P20+P21P1*P21TB/P21+P22P18P22TB/P224P10P15P1(TE

1/?10*?11P1'P11”B/P110P12?1‘?12TB/?12090091'P00'B/P00+P01P1'P01“B/P

201+P02P1%PO2TB/PO2 |
H(2,6)=P20P1&DP20TC/P20+P21P19P21TC/P21+P22P15P227C/P224+P10P1#P10TC
1/P104P11P1*P1ITC/P11¢212P 18 P12TC/P124PO0OP1#POOTC/POR+PO 1R 1#POITC/
2PO1OP02P1'P02*C/P02
B(2,7)=P20P1#P20TD/P20+P21P18P21TD/P214P22P 19 P 22TD/P22+P10P 19P10TD

1/P10'P11P1‘P11TD/P110P12?1'?1210/?120?00?1'POU’D/POOOPD1P1CPO1TD/
2P01+P02P1&P02TD/PO2

B(3, 3)-92092--2/P20092192“2/P210P22P2"2/P22¢P10P2"2/P100P11P2"
12/P11¢P12P20¢ 2 /P 124 PO0OP 2892 /POC+POTP2082 /B0 1+P02P2¥ 24P 02
R{3,0)=P20P2eP20TA/P20+P21P2*P21TA/P21+P22P20P2271/P22¢P10P 2&P10TA
1/P104¢P11P2*P11TA/P114P12P20 P12TA/P124POOP29PO0OTA/PO0 PO 1P22POTT A/
2P01+P02P29P02TA/P02

. B(3,5)=P20P2°P20TB/P20¢ P2IP28P21TB/P214P22P28P22TDB/ P22+ P10P2*P10TB

1/B10+P11P2*P1ITR/P11¢P12P2¢P127D/P12+4P00P2* POOTE/POO+POIP2®POIT B
2/P01+P02P29PO2TE/PO2
H{3,6)=P20P2*P20TC/P20+P21P20P21TC/P214¢P22P2*P22TC/P22¢P10P2#P10TC
1/P10+PV1P2eP11TC /P11 2P2%P12TC/P124POOP2¢POOTC /P00 PO 1P29POITC
2/7P01+P02P29P02TC/P02

B (3,7 =P20P2*P20TD/P20+P21P29P21TD/P214P22P2%P22TD/P22+P10P2#P10TD
- 119 -
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Appendix D
1/P104P11P2¢P11TD/P114P12P20P127D/P124P00P25PO0TD/PO0#POIP29POITD
2/P01+P02P2%PO2TD/P02

H(4,8)=P20TA**2/P20+P21TAS®2/P214P22TA®®2/P22+P10TA®*2/P10+P11T AR
12/P11+P12TA%22/P12¢PO0TA®*2 /PO0+POI1TA®S2 /R0 1¢P02T Ao ®2/P02
A(4,5)=P20TA®P20TB/P20¢P21TASP21TB/P21+P22TA®P22TB/P22¢+P10TA*P10TR
1/P10¢P11TA*PYITEB/P11+P12TA®P12TH/BP124P00TAPOOTE P00+ PO ITA®POITH
2/P01+PO2TARP0O2TR/PO2
H(4%,6) =P20TASP20TC/P20+P21TASP21TC/P214P22TA*P227C/P22+P10TARP107C
1/B10+P11Ta*P1I1ITC/P11+PT2TA®P12TC/P1 24 P00TASP00TC/PO0+RPO1TASPOTTC
2/P01+POZTA®PCE27TC/PO2
H{u,7y=P20TA%P20TD/P20+P21TA®P21TD/P214P22TASP22TD/P22+ 10T A P10TD
1/p1o+p11*1-911*n/p110912Ti-p12*b/?120900?1-900*9/9000901TA¢901TD
2/P014PO27ASP02TD /P02
M {5,5) =P20TB**2/P20+P21TE®® 2/P21+P22TBe*2/P22+4P10TBe*2/PI0+P11T3%s
12/P116P12‘5“2/?1Z&POO“B"Z/POOOP01*F"Z/P01*POZTB"2/P02
H(5,6)=P20TReP20TC,/P20+P21TB*P21TC/P214¢P22TI*P22TC/P22+P10TB*P10TC
1/P10+P11TR*P11TC/P114P127TB* PY127C/P12+POOTE* FOOTC/POO+POITB*POITC/
2P01+202TH*PN2TC/RO2
H(5,7)=P20TB*P20TD/P20+P21TE*P21TD/P21+P227R®P22TD/P22¢P10TBeP1DTD
1/P10+P11T9*P11™D/P114P12TB*P12TD/P12+P00TB*POOTD/POC+POITEB=POITD
2/P01+P02TH*PO2TD /P02
H(6,6) xP20TC*%2/P20+P21TCe*2/P2 14P22TCP®2/P22+D10TCO2/P10+P11TCo»
12/?110P12'C"2/P120PO0TC"2/900tPD!TC*‘Z/P01+POZTC"2/P02
B(6,7) =P29TC*P20TD/PZ20+P21TC*P21TD/P21¢P22TCSP22TH/P22+P10TC*P10TD
1/P10¢P11TCSP11TD/P114P12TC*P12TD/P12+4PO0TC*POCTD/PC0+P01TC*POIT D/
2P01+P02TC*PO2TD/PO2
H(7,7)=P20TD882/P20+P21TDe®2/P214P22TD*¢2/P22+4P10TD*#2/P10+P11TDew
12/011+2127D*82/P12+ OO D®®2 /P00 +POITD**2/PO1+P02TD*82/P02
DN 99 J=t,5
K=J+1
e 99 I=K,7
A{I,J)=H{J, T}
B{7,6)=H{6,T)
po 80 T=1,7
DO 80 J=1,7
B(I,J)=H{(I J)‘H
CALL \!Iwm .D,L, M)
po 52~3=1,7
HE{T) =H (I-Z)
CONTINTT
ro 500 T=1,7
c(I, 1) =0,
ﬁgsrzvng,
510 I=1,7
po 510 J=%,7
C{I.1)=C{I, 1)08(1 JyesT (J, 1)
CORTINOT
P(1,1)=p0
P(2.1)=P1
CP(1,1)=D2
P(4,1)="2
P{5,1)=T3
P(6,1)=TC .
P{7,%)=%D :
pe 101 J=1,7
P(J,N)=P(J,1)+C (I, 1) .
CONTINYE
PO=P{1,1)
P1aP {2, 1)
P2=p(3,1)
PB=1=(P(1,1)+P(2,1) +B(3, 1)) :
TA=P (4, 1) “
TB=p (5, 1) . R
TC=p (6, 1) : )
TO=P (7, 1) . ’
BY=0’

- 120 -
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Appendix D

DO 19 J=1,7
PR(J)=DABS(P (3, 1))
IP{PR({J).GT.1.0D5)NY=1"
CONTINGE
(NY.EQ. 1} GOTR 30

GOTO 42

WPITZ(9,69) AST(J1),K1,AF,AE,1D, BY,BZ,8D,CF,CR,CD, (PI (1) ,%=1,8),dJ
PORAAT (*0', %1%, 1X,01,1%, "% ,TG,9(1X,23),1X,0(1L,P7.4),19%,I2)
WRITEZ{9,57) (PP(I),I=1,9)

WRITE (9,58} (BA (I),I=1,7),D

TPIT®(9,59) PO,P1,P2,PB,TA,TH,TC,™D

WRIT®(9,32) (PZ2(LY) ,LY=1,10)

IP(K1.L®.25)GOTO 48

GoTo a7

WRITZ (6,69) AST(J1) ,X1,0F, AT, 0D, BY, B2, BD,CP,CX,CD, {PI(I),I=1,8),Jd
URITE(6,57) (PP (I),I=1,9) . )
¥PIT®(6,58) (AH (I),I=1,7),D

werT®(6,59) °0,P1,P2,PB,7A,TB,TC,TD

wERTTE (6, 32)(°22(L1),L1-1 10

IR (¢10)=0 :

K% (9) =0 &

KM(10) =0

K10=0 ‘ -

KS=0 ‘ )

KOC=0 ~

LOR="

BOX=0

GOTD 239

IF(IPLAG.ECQ. 1) GOTC 45 .

IP((PO.LT:=1.0) .0P. (PO.GT.2.0)) KN (1) =1

IP((P1.LT. 1.0} .00, (P1.G%.2.0)) KN (2) =1

IP((P2.17.=1.0) .08, (P2.GT.2.0)) KN (3) =1
IP((PB.LT.-1.0).DE.(PB.GT.Z.O))RH(H)=1 '
IP((TR-1Te=1.0).0P, (T2.GT.2.0)) KX (S) =1

IP({TBulT.=1.0).0B. {TB.GT.2.0)) KN (6) =3

IP{{TC.LT.~1.0) .OR. (TC.GT.2.0)) KX (7) =1

IP((TD.1T.~1.0). op.t:r.cr.z 0)153(3)-1

DO 20 I=1,R

Ir(xn(x).:o.1)xu(9)-1

CORTINNT

IP (KN (2).50.1)}G0TO 49

GOTO S0

IFLAG=1

IP(KH(9).20.1) IND=AST(3)

IP(KN{10) .2G%1) TRD=AST (5) b
IP(K10.%0.1) IND=AST(4) \
IP{KS.EQ. 1) IYD=AST(6) . .

¥PITE(9,%56) AS® (J1) ,IND,K1,AF,AZ,AD, BY,RE,BD,CP,CE,CD, (PT(I},I=1,8)
c,JJ .

WRITE(9,57) (PP (I),I=1,9)
WRITEZ(9,58) (HA(I},I=1,7),D
¥RITZ(9,%9) PO,P1,P2,PB,TA,TB,IC,TD
IRITE (3,32} (PZ2(lY) ,LY=1,10}
IF¥{X1.L2.25) GOTY 26

GOTO 29
cisgr'(e «56) AST {J1) ::u.x1.xr.a An.ar.az.sn.cr,cz.cn.(prxil.1-1,51
’

VRITZ (6,57) (PP (I},I=1,9) \
¥RITE(6,58y (RB(I) ,I=1,7},D Y
WRITE{(6,59) PO, P1,P2,PB, 71,78, TC,TD

§RITZ(6,32) (PZ2(LY),LY=1,10) \\
IP(JJ.GT.5)GOTD 239

GOTO &S .

DO 198 K=1,7 - !
I(K)-DIBS(C(K 1}

IP((A(K).GT..00%), aun.(aa.!q.1o)%co;o 25

2

-
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I¥ (A(X).GT..001) GO TC 45 : .
198 CORTINU® ..
GOTO 506 f
25 X10=1
GOTO &9

506 IF{(P0.LT.~-0.05). on.(po GT.1.05)) KM (1) =1
IP((P1.LT.~0.05) .OR, (P1.GT.1.05)) Km(2) =1
I?({P2.17.=0.05) .0R. (P2.GT.1.05)) KM(3) =Y
IF((PB.LT.~0.05).0P. (PB.GT.1.05)) KM (4)=1
IF((TA-LT.-0.05) .0R, (TA.GT. 1.05)) E9{5) =%
IP({(TB.LT.-0.05).0R, (*5 GT.1.05)) KM (E) =1
IF((TC.1T.-0.05) .0R. {TC,GT.1.05)) KE(T)=1
IP{(TD.1T.-0.05) .OR. (TD.GT. 1.05}) KM (B} =1 -
IP{H(3,3).L7.0.) K%{(9}=1 '
I?(P2.LT.~0.05) KM (11)=1
IP(P2.GT.1.05) KN (12)=1
DO 46 I=1,9
TP(KM(T}LEQ. T KN (M0) =1
86 CORTIKUT
IP (KN (10).EQ. 1)1 GOTD 49
X5= 1
SQ=DSQRT(H (3,3))
DO 208 K=1,6
Z (K) =IF (K) *5Q
IP(P2.L7.Z(K}) JH(K)=1
208 CONTINU®Z
GOT0 49
45 IF(JJ.EQ.5)GOTO 12
GOTOo 199 :
12 URIT®(9,56) vST(JN), AS*(T) K1,AF, A%, AD,BP,BY,BD,CP,CT,CD, (P {I},t=1
C.8} ,3J .
D WPITE(9,5T) (PP (I),I=1,9) .
¥RITE (9, 58)(HH(I).I-1 .7 ,D *
WRITE(9,59)°0,P1,P2,PB,TA,TB,TC, D
¥RITP(9,8T) (C (K, 1),x=1 )
I?(K1.1E.25) GOTO 60 :
GOTOD 63
60 WRITE(6,56) AST (J1),AST(7),K1,AF,AS, AD, BF, BE,BD,CP,CE,CD, (PI(I), I=1
C,8) ,3J -,
SRITE(6,57) (PP(I),I=1,9)
UPITE(6,58) (HH (I},I=1,7),D
WPITE (6,59} P0,P1,P2,PB, TA,TB,TC,TD
YRITE (6,87) (C (K, 1) K=1 e
87 FOREAT(® -5-,1ox.z(n12 4, 1Xx),131, n(n12 4,10}
63 DO 13 K=1,7
IF(C{K, ). c:..oon1coro 14
13 CONTINOE
GDTO 15
18 noc=1
GoTo 17 . .
15 IP(H(3,3).LT.0.)GOTO 28
DO 27 K=1,7
A{K)=DABS(C(K,1)) -
IP{A(K).GT..001) MOK=1 : )
27 CONTINNY
SQ=DSQRT (R (3,3))
Z1=1,96#5Q
Z2=1.65%5Q
Ir(P2-21)18,18,19 L
18 Jyi=1 . U
GOTO 21 : :
19 Jvi=0
21 Ir(pz-zz)zz 22,23
22 Jva=1
GOTO 17
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30

41
43
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199
239
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GoTo 17 i v
LNH=1
CONTINDE
IP(NOC.EQ.1)GOT™H 30 ~ ™
GOTO a1
JEK1=1¥7 -
JF2=JV2
GOTO 44 -
IF(LOR.®0.1)GOTO &
GO"0 &4y
JR1=3¥1
JA2=J V2
IP(IFLAG.2Q. 1)GOTO 239
CORTIRDYT
RETOEN
THD

-

1INy

SeSSssITLsss sttt nces ettt e s s N TTsseassONssesanssnssssbemanansnaas 1INT

- o

SUBCOUTINE MINV

pgRpNSsT
INYERPT A MATEIX

UsaGe
CALL MINY(A,¥,D,L,M)

DTSCRIPTINN OF PARANET®PS .
A - INPUT MATFIX, DESTPOYZD IN COMPUTATICY AYD P2PLACTD BY
°ESTLTANT INVERSP,
ORDER QF MATEIX A
SZSULTART DETTPNINANT
WORK VBCTOP OF LTNHGTH N
RORK YEC™OR OF LTHGTR N

=eoR
LI I I |

BEMABRKE "
BATPIX A RNST BE A GEREWAL HATPIX

SUBPOUTIN®S. AND PUKCTION SUBPROGPANS PEQUIRED
NONP

EETHOD
TRE STANDAPD GADSS-JOPDAR RETHOD IS OUSED. THT DETSRMINART
IS ALSO CALCULATED. A DETSRNTHAN™ OF ZYRO INDICATES THAT
THE EATRITI IS SINGOLAF,

nINY
LRS.A N
AINY
AINY

10
20
30
’0
50
&0

HI!Q\h;g/
AINY

RINY
BIRY
AINY
HIRY
AINY
HINY
RIRV
nIYY
HIny
AIRY
1INV
AINY
aINY
AINV
AIRY
RIRV
RINY
ATNY
RINY
nIiny
NIKY
nIny

TR Mo rsssasesescsssrtversrsictvrYrrennnnnssaaasenancnsasarvasonnacs TINY

- . -~

SUBRONTINE MIRV(A,N,D,L, M)
pIAENSION A (1,L¢1) . n(1)

HINY
AINY
niny
BINV

il R A L N R Y L I T Yy s b 4. ) J

IF 1 DOUBLY PRECISION YPRSIOW OGP THIS ®OCTIN® IS DESI3TI, THE
C IN COLONN -1 SHOOLD BT RENOVED PROM THE DOUBLE PRTCISION
STATENEXT ¥BICH POLLONS, *

DOUBLE PPTCISTON A,D,BIGA,HCLD

THE C RUST ALSO BE REROV®D PPON DONBLT PRECISION STATENEZNTS
APPTAPING IN OTHER ROOTINES USE®D IN CONJURCTION WITH THIS
BOOTINE.

THE DOUBLE PEPCISION VERSION OP THIS SOBPOUTINE MUST ALSO
CONTAIN DOUBLE PRECTSION PORTRAN PUNCTINNS. ABS IN STATENENT
10 2UST BE CHANGED TO DABS.

- 123 - . .

AINY
AIxY
BIRY
AIRY
aIxy
HINY
AINY
BINY
nInY
nInY
AIRY
AIRY
RINY
HINY

90
100
110
120
130
180
150
160
170
189
190
200
210
220
230
240
250
260
270
280
290
300
310
320
330
380
3%0
360
370
380
390
200
a1c
320
439
840
550
860

‘870

280
890

500 .
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L

MINY

c----------.c-.--------u-.o..,o-----o'c---oo---agco--c-c-------.-HINV

SIZARCH POR LARGEST ELPEMERT

D=1,0

NE==%

DO’ 80 x=1,¥

- NE=NK e N

L{K)=K

2 {K) =K

KK=NX+K

BIGA=A (KX}

DO 20 J=K,N

IZ=N* [(J=1)

DO 20 Tag,N

TI=IZ+T

IP(DABS (RTGA) =DABS (A (I3))) 15,20,20
BIGA=A (TJ) '
L{K)}=T

cA(K)y=J :

20

rE;

N
\

30

s

- 38

ag

a5
as

a8
S0
55

CORTIYOE
INTERCHANG® PRONS

J=Ll (X) -
IP{J-¥) 35,35,25

" KI=K=N

D0 30 I=1,%

KI=KI+¢N , N
~AOLDw=A {XT}

JI=RTI=K+J

A(KI) =A (JT)

A(JI) =HOLD

INTERCHANGE 'COLURRS .

I=n(K)

I?P(I-K). 85,485,389

JPuli® (T=1)

N L0 J=T1,¥

JX=uNK+J . .
=JP+J
LD==} (JK)

A(JK) =) (3T)

A(JI) =HQLD

N

DIVIDE COLUMY BY ATNDS PIYOT (VALODE OPF PIVOT ELENXRT IS

CONTAINTD IN BIGA)

I?P{BIGr) %8,86,48
D=0.0

RETURN

D0 55 T=t,NW

Ir(I-X) 50,55,50
IKsNK+I

A{IK)}=A {IK)/ (=BIGA)}
CONTINGZ -

REDUCE EATRIX

DO 65 I=t, N
IEK=NK+I
AOLD=A (IX)
TJ=I=-N

PO 65 J=1,N . - 1218

NINY
NINY
nINY
EINY
RIRY
RINV
BINY
NIKV
nIwy
HINY
nINY
AINY
mINY
LTSV
RIRY
RINY
AINY
HINY
NINY
%INY
NINY
HINY
BINV
AIRY
RINY
RINY
RINY
[ $4.4
HEIRY
HINY
RIRY
BINV
2INY
. 04.1 4
1INy
nINY
AINY
nINY
AINY
(el
arnv
NINY
AINY
nINY
BINY
BINY
nINY

510
520
530
540
550
560
570
S80
590
600
610
620
630
680
bS50
660
670
680
690
700
710,
720
730
740
750
760
770
760
790
#o0
810
620
830
840

850 |

860
87p
880
890
900
910
920
930
940
950
Y60
970
980
990

AINY1000
AINvVI010
BINY1020
BIXY1030
RINYIONRO

RINYI060
AIXY1070
3IRV1080
RINY1090Q
BINT1100
AIBVIINO
1I¥v1120
aIxv1130
AINYII80
aI¥v1150
AIBY1760

-

A
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nnn nan

nnon

R

IJ=TJeN

- IP({I-X) 60,65,60

60
62

65

IP{J-K} §2,65,62
KI=IJ-T K

A(TJ) ~HOLD®A (KJ) +A (1)
COKTINUT ..

DIVIDE POW BY PIVOT

N KI=E=N

- DO S JI=TLH

70
75

80

100
105
108

KJ=KJ+H
IP{J-X) 70,75,70
A (KJ) =A (XJ) /BIGA
COXTIND?
PECDUCT NP PIVATS
D=D*BIGA
"®TPLACT PIVOT BY PECIPROCAL

A(KX) =7,N/BIGA
CONTINU®T ’

Appendix D

FIRAL ROW ARD COLONY INTEPCHANGET

K=t

K= (E~1)

IF(®) 150,150,105
I=L (K}

TP(I-¥) 120,120,108
JO=H* (K-1)

JR=K® (T~1}

DO 110 J=1,¥ .
JIX=JQed v
HOLD=A (JK)

WJInJReI

CAIK) ==L (J1)

110
120

125

130

- 150

A(JI) =AOLD

J=N (K)

IP (J-r) 100,100,125
KInK=H

DO 130 I=1,.%
KIxKT+R
HOLD=A (¥ 7)
JI=KT=K+d
A(KI)==A (JT) ’
A(J1) =HOLD

GG Ta 100

PYPURN

PRD

SOBPOUTINT RANDU (IX,IY, TPL)
IT=IX*65519

I?P(I1}5,6,.6

TI=IY+2107483647T+1

TPL=TY

YPLEYPLe, 65661320

RETUAE

END

125

P°°R°°p\’| L

[L.1g

./;”"‘~

o

BINV1170
AIRY11HO

"NINT1199

ETHV1200
NINT1210
NINY12204
KINV1Z30
MTIV1240
I¥V1250

 MINVI28

HINY1270.
RINV1280
AINY1290
RIXTI300
NINV1310
xrT¥v1320 -
®T¥Yv1330
NINY1340
MINV1350
=THV1460
NIRY1370
WINV1380
NINYI390
AINY1800
=T¥Y1410
RINV1420
AINVILI0
AINVI&5Q
NINTIGLD
RINVIS60
RTRY1G7Q

- MINY1440

AINTI490
SIRAVIS00
AI¥YIS10
HEINY1520
AINYIS30
AIRY1550
RINYI550
ATHVI560
HIWNVISTO
$INY1580
AIRVISYD
RINVILOO
AIRV1IGI10
ATXV1620
HINT1630
MINY1I680
AINTI6LH0
NINTI660

" AINYIGTO

BINVIGHQ

-
T

e e L
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rlowchart to shov & faolty logic ia Owston*s fortran IV coaputer program

Subroutine GEY

l

: POOR.
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-Appendix E o

one prossibalaty :.;

{hlt Ovston haa
cenoved th;s

- block 1n data
collaction \

Subroatine BAX f

.

.
.

1 call gTn

Call fAY

| XITImNIV¥ 17T
imavaenavaeavy

.

-
'

If leas than
7000 saaples

Goto 1

Input is a set
of population

paTaneters

v
Catput are:
a 1z} pattern
of mobjece

rasponses &

PACARGCAT

sstinates

a set of loitial

Ianput beimg the outpot from GPY

Itarative process of paramseters ssjisation
I

/

. end of 5 iterations

Print

vacaing

J¥2=

- / R to

, Nesan Prog.

Whan "Non convergent®

cages occoury’

incorrect gpdating

will take place a-:oJ

Logical error occucs hete,” it causes
iacorrect updating is the main program | -

{ceason is that iz feturnisg to main

program, J¥1 and J¥I valuss Are braugh

(bacx to thke saia program tool) . )

1

J¥1, J¥2 are variables to record decisions sade BY 7MAX-1 and EAX=2 08 each sampls.

'1111;“3312 are cosdlative costters om ®valid™ indications for MAX-1 amd HAI-2 cespectively.
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-ABSTRACT
of

A Study of a Technique for

» Validating Learning Hiefarchies -

A probabilistic technique for vazfdating learning

hierarchies was studied using a subse

hy@othetical popuigkions. This technique, called MAX, was
éeveloped by Owston. It was based upon.the White & Clark

Model of learning hierarchies and also was based on the
. f‘
max imum 11ke11hood method of parameter estimation.

Various error types were identified in Owston's

computer program in which he implementéd the MAX technique,

1

These error fypee were grouped into three categories. The

first category is related to problems causing computer

interruptions. The second category is associated with non-.

convergence of estimates. "The thigd category is related to’

1mproper1¥ converglng estlmates.e

R

Two modified procedures, A and B, werardeveloped

Procedure A was 1dent1cal to the or1gina1 procedure, except

that the identlfled errors were con51dered Rrocedure B was

designed to improve upon procedure A. Ten rether than five

- 127 -

of an original set of
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iterations were used, in procedure B, for the parameter

estimation process; also, extra levels of confidence

3 ) ./ . < -
intervals were used. “._
T—

The results obtained from using procedure A were

compared with the corresponding results obtained by Owston.

Differences in results were found, which cause one to-

question the conclus{ﬁpg—made by Owston regarding the use of

the MAX &echnique)///

Results obtainéd from using procedure A were then
compared with those obtained in procedure B. ' It was found
that B was a better procedure, for implementing the MAX

technique.

- 128 -~
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