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ABSTRACT,

This thesis is concerned with the technique of Automatic

Interaction Detection (A.I.D.).

The first part of this thesis investigates the statistical

significance of A.I.D. results, Primary concern is focussed

on the explanatory power of a single predictor. The distri=

bution of a test statistic which is asymptotically independent
of the sample size is studied. An expression for its null
asymptotic permutation distribﬁtion is derived, and critical
~values for both monotonic and free predictors in the special
case of the uniform allocation of obser&ations to its categories
aré tabulated. The evaluation of the asymptotic cumulative

distribution function was performed by direct numerical inte-

modified Monte Carlo method in other cases. This Monte Carlo
method is discussed in detail as it could be a potentially use-
ful technique for integrating the multinofmal distribution over
closed regions. The asymptotic distribution of the test sta-
tistic is evaluated for some no i i

pared with the tabulated results mentioned above. The exact
null permutation distribution is derived in a special subcase
of & three-category monotonic predictor and dichotomous depen-
dent variable, and the results compared with the asymptotic
distribution for various sample sizes. An upper bound to the
critical values was obtained using Bonferroni's inequality,

and found to form an excellent first approximation to the

values of the special cases that were considered.

.
which

=
@
o
a
(¢
=
|
P!
=
T
&
e’
-
(¢}
©
pui
(¢}
(1)
=
| L
0
o

are discussed in the framework of a nominal dependent variable,

thus extending conventional A.I.D. from the usual interval

scaled dependent variable. The results of the first part

of the thesis are used to produce a version of A.I.D. that
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subdivides the data on the basis of the most significant pre~
dictor instead of the most explanatory predictor as commonly
performed. The admission of significance testing during the

A.I.D. analysis permits decisions on the number of subgroups

two-way splits are superceded by possible multi-way splits,

or even no spliit at all if significance is lacking. Another
innovation is the definition of a monotonic predictor with a
single "floating" category, that is a single category, often
representing missing information, that is not part of the
monotonic scale. A generalized predictor including the free
and monotonic types as well as the last mentioned type, is

considered briefly. Repeated simulations of the extended

tochni de furtl d ; £ the clai

made for the method; and yield timing estimates for the
various computer routines. A numerical example concerning
the analysis of matriculation examination boards, based on
university student data, illustrates the scope of the extended
A.I.D. A summary and an indication of possible future exten-

sions and ideas for future research concludes the thesis.
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For the Lord giveth wisdom:

(Proverbs 2:6)
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PART I

—immMcription of Automatic Interaction Detection.

1.1 History and general overview of the technique.

utomatic Interaction Detection (A.I.D.) is the name of a
technique to analyse dependencies in multivariate data. The
rocedure. is described in Morgan and Sonquist

P
(1963a, 1963b), and a similar idea which was not fully ex-

ropounded in an earlier article by

Belson (1957) in the field of biological classification.

rity with the availability of computer

analysis of large quantities of data; indeed the originators

ta sets of less than one thousand

cases,

The aim of the method is similar to multiple regression in
intent since it attempts to predict a single dependent vari-

able on the basis of one or more predictors though without

making the assumptions of linearity or additivity. The

modus operandi, however, is completely different to regres-

sion analysis. In the words of the authors: Morgan and

_ Sonquist (1963b) "It represents a gimulation, of what
careful researchers have done for years by hand or using an

IBM sorter and tabulator when investigating & new set o1

data". While the dependent, variable je .o 1east ordizcl

as ir stus.-3 regression, the predictors are considered

[8eee



either ordinal or nominal: that is cateéorized variables which
the A.I.D. literature terms monotonic or free. The procedure

is to split the total set of data into two groups according tol
-one or other predictor in order to minimize the within-group

sum-of-squares, or equivalently to maximize the between—group

sum-of-squares on the dependent variable. The predictor is

used to define the split in that a subset of its categories

itemizes one part of the split while the remaining categories
determine the other part. Note that this implies that the two

subgroups are disjoint,

If the predictor is monotonic then all the category numbers
defining one subgroup of the split must be less than those
defining the other subgroup. Thig is depicted in figure 1,1
vhich shows that if a monotonic predictor has ¢ categories

then it allows c-1 possible splits.

Figure 1.1 Categories o
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its categories to define a subgroi
A c-category free predictor thus allows 2%l possible
splits since each category may desig
_of the split (2° such possibilities);

which we call the first subgroup and which the sond (henc

divide 2° by 2); and further the degenerate case of all

/3...



the same subgroup must be excluded (hence

subtract 1).

" A cyclic predictor is also mentioned in the literature, but

does not appear in use, so it is described here merely for

ateness his type edi is emplbyb
ed if its relationship with the dependent variable is con-

ies at either

extreme are considered more similar to each other than to‘
those in the middle. The allowable clumping of categories
is obtained by arranging the categories in order around a
circle as in figure 1.2 and cutting the circle at two points

so that the categories on each segment define a subgroup.

Figure 1.2 Cyclic Predictor with 9 Categories.

7. 18
9

Possible Cutl /é

M2 d
Xoiriivs

'Note that if one of the cut points is between the first and
last categories, then the predictor appears monotonic. The
number of allowable splits obtainable with a c-c&éegory cy-
clic predictor is hence #c(c-1), the number of ways of

choosing 2 cut points out of the c¢ possible positions on

the circumference of the circle.

The A.I.D. algorithm finds the best (in terms of between-
group sum-of-squares) possible method of'splitting the data
into two parts according to each predictor, which information

is interesting in its own right, and then ascertains the

/4...
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global best split across all the predictors. This best
split is then actually carried out, and the analysis is
repeated independently upon each of these two new groups..

The process continues by further subdividing and analysing

subgroups being too small to analyse further.

At this point we can amplify upon the name Automatic-

. ' . ..
stion, The "Automatic" sign

in opposite directions wi
necessarily included (if they should have an effect in one

subgroup but not in another

It may be noted that the version of the program under dis-
cussion would not in fact uncover an interaction unless one

of the interacting predictors also had a strong main effect.

A later version of the program, called AID-I11I, and describ—

ed in Sonquist et al. (1971) has a look-ahead feature that
could discover such interactions without main effects, by

determining the reduction in sum-of-squares over two or

[Beee



nalysis before actually performing the

initial split. The authors claim (page 20) that they "have
e real-world example" where such an in-

o~ ;
< A - L A

teraction is present; "And it is expensive in machine time

A.I.D. has been used in a variety of fields, and in some cases

""‘4‘4—ﬂnfortuna%e}y—misusedTAA—ihese4iopicsginnlndegEdnggiigggigg. Orr

(1972)), Population Studies (eg. Ross and Bang (1966)); Market
Research (eg. Assael (1970)) and Home Production (eg. Morgan et
al. (1965)) to name but a few. An unfortunate use of A.I.D.

on store performance and site selection given by Heald (1972)
was criticized by Doyle (1973) who lists some of the other prob-
lems encountered in using A.I.D. and makes mention of other pit—
falls into which én unwary researcher may fall if he is not

given guidelines to differentiate between meaningful and idio-

syncratic results.

Most users of A.I.D. are satisfied with the results in them-

selives and are happy
on this alone. Only rarely is a mathematical model built

'evnept where & standard mulbiple

linear regression is indicated, that is the predictors lie on
nd their effects are additive. Since A.I.D.

has not till now provided any test for the significance of its

nr their conclusions on this analysis

alone have provided their own criteria as to whether they were

nuin ffect or one merely due to chance - what Son-

noting a genuine &
quist et al. (1971 p. 1) call the "never-mever land of idiosyncrat-

ic results®. is directed at partially alleviating

/Bees
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_ this defect, particularly to prevent abuse of the technique

and to relieve the possible disquiet over the credence that

= may be placed in A.I.D. results.

1.2 Research on similar topics.

The primary work performed on evaluating the results of

A.I.D. has been executed by Sonquist (1970). This empir-

ical study of some artificially created data concludes that

0.6% of the total-sum—of-squares should be explained by

each split. If this criterion is not re;ched, then iﬁ is
recommended that such a group not be split. This partic-
ular criterion of 0.6% seems specific to his sample and
choice of predictor variables ;ather than on an eppirically
derived estimate of some statistical percentage.point.

Cramer (1971) reviews this study and makes further criti-
cismgg&'this appraisal of the technique. fleise (1971)

elso reviews this study and voices further cautionary remarks

eppertaining to the limitations of A.I.D.

No valid test of the significance of A.I.D. results appears
to have been applied. The‘only criterion to test the dif-
ference between the two new groups formed by a split has

been to tall back on the standard t-test. It is indispu~

table that insignificance of the t-test implies the split

performed by the analysis is also not significant, however,

significance of the t-test must be treated with extreme cau—

I7
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tion since A.I.D. by its very nature maximizes the value of

nique see Hawkins and Merriamn (1973). Here, each variable corre-

variable corresponds to a monotonic predictor.
segmentation problem is restricted to finding the best bi-
nary division ot the variables, and is extended
usual homoscedastic variables to the heteroscedastic case.
Wb(k on this problem has been performed by Hawkins (19
The major problems in segmentation are the location of the
split point and the asymptotic results as the number ©
ables increases. Neither of these problems is of much
concern in A.I.D: since prediptors generally
ten categories (users are usually advised to combine cate-
gories if this is not so), and the major initial interes

is whether or not a particular predictor is useful rather

than in what way it should be employed.

MacNaughton-Smith (1963) has devised a similar technique to

classify individuals. His work is a reduced version of

A.I.D, in that he considers a dichotomous dependent variable

together with a two category predictor. Our work will in-

clude his conclusions as a special case.
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1.3 Scope of this thesis - Part I.

The next chapter proposes a test statistic that is asymp-

""""‘tottcutiy*indepen&ent—o%—theAs&mplegsizefggglisgprnpeniigg

and asymptotic distribution under the null hypothesis ére
derived for any one stage in the analysis. Chapter 3
concerns the computer evaluation of the distribution of the
test statistic and introduces some special techniques to
evaluate multivariate normal integrals. Chapter 4 pro-
vides tables of critical values in a special case and com—
pares various other situations with the special case.

The chapter concludes with a discussion of the possible
extensions of the results to various problems that are

not considered elsewhere in this thesis. The last chap-
ter in this part summarizes the results and considers
their praétical application. In the conclusion further

possibilities are contemplated and part II of this thesis

is introduced.

l.4 yotation.

The initial problem relates to splitting an arbitrary group
(either the original total group or a subset of this as

produced by the analysis) into two subgroups.

/9eee
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Let this group under consideration have N observations,

For an arbitrary permissible split i, let Mli and ?li

be the number and mean of the observations in the one sub-
group, while M2i and Y2i denote the number and mean of

the observations in the other subgroup.
The proportion of the sum-of-squares explained by this
split is given by

. Between subgroup sum of squares
i” Group sum of squares

o)

= (M, (T);- i) + My, (Tp,- %)% ) / Ns°

L L] e L L L J L4 - L4 e (l!l)
end since X = (M},Y,, + M21Y21)/N
and Ml + M2i = N
— - so= g o\ . O \2 / \1'2
By = UMy (YN0 = Maitey) /7
¥ - Ns®
+ My (Tp, (N-My;) = My 11) /¥ )/
- NS
( ”11“51/N2 + 21“?1/N2 ) (Yll Y21) /
13y < \2 /\!20 ‘- a a e ©o e o o @ (1'2)



and since Y2i = (X - MliYIi) / Mgy it follows from 1.1
that
P, = ( M, . (Y -i)2+(i(N-M ) - M .Y )2/M )/N82
i 1it71i 2i 1i71i 2i
o . -2, . 7 2
= (O Moy + M)y = X) My ) /NS
e <\ 2 2

=M1i(Y1i—x) /M2is -.-.........(1.3)

The test statistic, whose null distribution is studied in

the next chapter, is based on the set of Pi'

/1l...
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C TER 2. The Test Statistic and its Distribution.
BREER=

] ~ - 1

2.1 Definition and general properties under H0=

The test statistic that will be considered is

K = Group size X maximum proportion of sum-of-squares

‘explained over all permissible methods

of splitting the group into two.

range of

e

paring two groups. The

of predictor and summarizing the remarks made in chapter 1l:

Monotonic Predictor - i=1 to c-1
1

Free Predictor - i=1 to DA |
Cyclic Predictor - i=1 to 3c(c-1)
Defining M;, M, ?i and Y, as the characteristics
7 s Co -
corresponding to Mli’ Mo, Yli and Y, for that split

that maximizes P,, it follows from 1.2 and 1.3 that

Y Y 2 2 o o o 201
K:MlMa(Yl-Yz) /NS e © © o o @ o o o o o ( )

= -—-—2 2 00000000000100’2.2\
M, N(Y, X)® / My (2.2)

It is immediately obvious from 2.1 that K is non-negative
and is zero if and only if the two new subgroups have iden-
tical means Yl and ié, The larger'the difference be-

tween the two groups, the larger will be the test statistic

/12...



and hence the critical region for the rejection of the
null hypothesis that the two subgroups are identical is

the right-hand tail of the distribution of K.

 When there are only two categories, there is but a single

permissible method o ng the group and all the types

of predictors: monotonic, free and cyclic, become identi-

cal while the maximizing operation falls away. If the

» L { [

observations are normally distributed, the test sta-

P

tistic K has the familiar va;iance—r&tio distribution as
is obtained when testing the difference between two groups
by an Analysis of Variance. Equivalently, K is the
square of the usual t-statistic defived when testing for

; significant difference between the two nev subgroups.
As the sample size increases the variance-ratio distribu-
tion tends to a chi-square distri
the t-distribution tends tolnormality vhose square is again
chi-square) and hence in this case of a two category pre-
dictor, the te;t statistic K tends to chi-square with
one degree of freedom. This is & gen

result discussed by MacNaughton—Smi th (1963) in the special

case of a dichotomous dependen

Each K. obtained by a specified method of splitting the

group is distributed as above = and the test statistic K

is a& meximum of these K., Unfortunately these K. are

not statistically independent and hence the distribution

d chi-square variates.

is the meximum of a get of correlate

o

J18...
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Co& General as

In order to provide a flexible approach the permutation
distribution of K will be considered, and this will allow

later extension to a distribution-free analogue of A.I.D.

Under the null hypothesis that the predictor is completely

unrelated to the dependent variable, each allocation of the

N observations to the different categories given the number

Ni within each category is equiprobable. With this as-

sumption the probability distribution of the mean Xi in
category i with Ni observations is asymptotically nor-

mal, and by elementary finite sampling theory (see for ex-—

= . s, - P \...2 -y
ample Cochran (1963)) has mean X and varience (1-1;)5 /Ni

. e .th
(where fi’ the proportion of observations within the 1

category, is the sampling fraction). The speed of con—
vergence of the distribution of ii to normality depends on
the distribution of the raw scores: Bradley (1968) considers

examples where the rate of convergence is much slower than

expected.

The joint distribution of the ii (i =1y 2, «0esy ) 1i8

then asymptotically a degenerate multinormal distribution

in c-dimensions with mean vector

X = (XX ..., X)°

~s

and covariance matrix = (oij)

where . o, = (1-f,)S2/N, as above .« - o o o o o (2.3)

/14...



and O.. = Cov(X.,X.) = E(X.X.) - 32

~ij M S i3
- B( %E(X|%,) ) - X
i i
= B( X, (MK - NX,)/(N - N;) ) - g

X2 /(N=N;) ﬁwﬁs%tmﬁdz_)%w-mgi‘gi
= NX /(N-N.) = N. =N i i

1

= X( N/(N-N,) - N, /(N-N,) - 1 ) - 82/N

0-82/N=—82/N ...........(2.4).

To obtain the distribution of K, let

6, - (£./(10-1,) )% )

i A i 1

and make the linear transformation

v, = NéGi(ii- X)/s i=1, 2 , (c-1)

so that asymptotically the joint probability distribution
of the Vi given the proportion of observations fi with-
in each category is

h({v;} | {£;}) ~ N0, %)

mwrn e ANMAAS

NG5 (Var(X;)) /s® = w{e,/(1-1,)) {a-, )Sg/Ni} /s® |

o (i,i)
= 1 from 2.3 .........00(205)

o o
S\ \v&

f o 'R i & VJRRN . 1% / '~ / \

end O (i,j) = (N°G;/S) Cov{X;,X;) (& uj/S,
2 2

- miej(-s /N)/s  from 2.4

=-giej ig e e oo oo oo s (2.6)

/16...
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The test statistic K is the square of the absolute max-
imum of a set of linear transformations of the V. , and
its cumulative distribution can be found by integrating

the density function h({vi} !{fi}) over an appropriate

region, Thus, the cumulative null asymptotic permutation

distribution of K is

D(k) = Prob(Kgk)

- $RS h({vy} [&}) abd i=1, 2, ceey (c-1)

e e e e e e e e e e e (2.7)

where the (c—l)—dimensional region of integration R is a
simplex bounded by hyperplanes which are linear combinations
of the Vi. This region of integration dépends in general
on the f., k and on the type of the predictor: ‘whether
it is monotonic, free or cyclic. Note that the asymptotic
distribution of K does not depend on the sample size, nor
on the absolute number of observations in each category, but

on the number of categories and the proportion of the sample

wvithin each category.

It follows immediately that if there are omiy ¥

(ie. ¢ =2) then h({v} |{£} )~ N(0,1) end

K

= =25 o2
M, N(X,- X) /MyS

(ot /(8- ) IN(E - E) /5%

N(e,/(1-1,)) (%, - D)P/s”
. & - —_ s .9
(Nz(}l(xl_ X)/S)—

vf,vxf since V,~ N(0,1)
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result has been mentioned earlier in this chapter as

0
e a4 - ; - - 1

Note that this result when ¢ = 2 is independent of how

4‘4——%hegobservatiens—are4allocaiedgingihggilggggﬁgg0ries (ie.

independent of the fi)' Obviously, the distribution of

K for ¢>2 will be stochastically larger than this case

as the number of categories in the predictor variable is
(2]

increased, Thus the critical values from the 7(; dis-.

tribution form a lower bound for the critical values of K

for any number of categories.

2.2 Distribution in the monotonic case.

since a c-category monotonic predictor can only be split

in c~1 ways, it is convenient to retransform the V,
to correspond to the Ki as defined in section 2.1l.
This will also have the edirying effect of simplifying

the region of integration.

’ i
- Y. otN. " N.V./G.
Let W, (G, , o/ (Ny+Np+ *Nl)) 35-:1 i J/ J

legcgoecoygl -

i ’= 1’ 2’ ecey c-1

Yy

vhere Gl,2,...,i = ( (f1+f2+...+fi)/\1—11-12-...ﬁ i

and G, = ( fi/(l-fi) )i as before

yielding q( {wi} | {fi}) - N(O,Z')

where .E;, has covariance term

/17...



i
3/ (N +No+e oo tNg )) gNkvk/Gk ,

o.!(i’-)) = Cov ( (Gl-.‘é‘===-
< ((r.1 2’.”,3/(}1 +Ngto oo +N. )) ZN vm/c; )
= 61’2".'“61,9,'“” / (N1+N2+...Ni)(N1+N2+...fNJ)

x Cov ( kiukvk/ek ,. !‘iva /G )
=] m=

It i< j then

0 (153) =Gy o G0 / (N1+N oo Ny ) (N #Ng+e oo +N )
*FL99A2 . e S
x Cov ( > NV./G + {_ %NkNm'vk‘v /66 )
“kfm
= eo e ec e N.
G, 2’.“’161 2, uensi / (N +Ng+o o 4N, ) (Np+Ng#o oot J)
x(ZN(N‘ - > 2 N)
k=1 k m
kfm
from 2,5 and 2.6
= G G, , ./ (N +Np+e o 4N )(N1+N +...+N )

T a r
1,‘,.00,1 -I-,--’u--,‘,

x(NZN ZiNN )

k=1 k=1 m=1

=G 3 (N #Ng+e o N )/ (N-N}=Ng=o . .—N; ))i

1 2,...,

x (N - %N ) / (Nj+Ng+. 04N, )

i = . for i £
€. ’(1’3) G]. 2,0..,1 /61,2,..0,3’ J

e. o [ ] L J L ] L] .. L] L] L] (2.8)
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and in particular for 1 = Jj the variance terms are all

uni tyo
Now

(N 4N_+...4N, )" ZN V. /G = (N 4Nyt oo N ) ZN NG (x - x)/e S
- -~ - J=1 J J J J—l J J

=(N /s) Z N. (x - I)/(N1+N2+...+Ni)

o (x( "X (e

-

vhere i(i) is the mean of the first i categories.

Hence
2 2
V. =G, (ZN V/G (N +Npe oo +Ny ))
i L,‘-,c..’a ‘]=1
2 = =12 /.2
= G . N(X,.\- X) /S from 2.9
1’2’¢0-’1 ( (1) ) /
o ((£i48 bee ot )/ (1=F =Eomeno=£) ) N(X(jy- %)2/s°
1+ 2+-oo i 1 2 0o e i (i)
< =\ 2 /2
= ( (N1+N2+...+Ni)/(N-N1-N2-...-Ni) ) N(X(i)- X)“/s
N JORN. ) ) N(E, - X)2/s?
VRGNV T TYE)
L] *® L [ ] L] L] L] [ ] [ ] L] [ ] L] (2.10)
wh N the total number of observations in the

2

first i categories, and so Wi = K the statistic ob-

nr the c-category monotonic predictor

between categories i and i+l. It follows that the

enniv&lep_t. to !wi! é ,\'/k for all f:i ol

,,,,,,,,

i, so 2.7 becomes

‘ Jx Jk ~/g | .
D(k) = Prob(Kek) = s ( o a({v}|{£}) a{v}
Jk /k -‘/k i = 1’ 2, ceeoy c"'l)
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That is, the region of integration becomes a (c-1)-dimen-

2~/k. The evaluation of this integral is postponed to

chapter 3.

2.4 Distribution in free case.

In this case, returning to 2.7

D(k) = Prob(Kek) = { { .+ « - { n({v} {£}) atv}

(o-1)

i =1, 2, o.o’

the region of integration R is a (c-1)-dimensional poly-
gon bounded by the (2°- 2) hyperplanes obtained by con-
sidering all possible subsets of the ¢ categories (ex-
cluding both the null set and the universal set). Any

combination of categories used to define a subset, yields

(=]

a test statistic Ks that is the square of some linear
combination of the Ve For example, suppose the three

categories i, j and k are combined.

= Ni+N.+N | be the total number of observa-

Let N(. Kk

iyjsk)
> tions in these three categories

X = X.+N.X. X N,. . be the mean of
*nd X4, 5,k) (Nixlmaxamkxk)/ (i53,Kk)

these three categories

o (0 1) (11 o5) )T

3. (X,
iV

- N, (X.- X)/H,S
{, - -
= N fi(xi- X)/s
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Then the test statistic obtained from this grouping is

—- =2 ,.2
N,. . .. - N-N,. .
(555,00 V(i 5,107 B /87N 5 0)
4 l_,_2_\ , 4o << <e N A2 oo as e \\ I 5\2
= (N/S) ((N1+Nj+Nk)/( -NI—NJ-Nk)} \ (I,J,k)— 4)

(N/Sz) ((fi+fj+fk)/(1-fi-fj—fk))

x ( (8% b X - (£ 5D )X)/(£48 548) )2

o (v, /H. + v /H + Y, /H. )2
i,jyk : . .

In general the (20- 2) hyperplanes of the region of in-

tegration R in 2.7 can be written as

-,/k $ vis /k irs 1, 2, soecey (c-i)
=/k ¢ 0, (v,/H+v /H.) & /K iy =1y 2y eeey (c-1) i<
-l.’J = - J J
~/k € H; 3, o(vi/H 4V /H +vm/H ) $./k  i,jym=1,2y..05(c=1) dcjem
rd £ “7 a a a - * k
Wk < B 2,...,(c—1)( /Eva/Hyte vy [l ) €/

S €29 £-)

where the general term

-4
H' o ( (f‘:"’f_;"'o.o"'f“)(l"fi-f_i-ooo-fp) )
* J r = v >

I’J’..O,p

If each category contains the same number of cases then

flefy=. .= f = 1/c, and the region of integra-
c

tion is defined by the hyperplanes

3
-( ks(c~-8)/(c-1) )is vi(1)+vi(2)+ o o o +vi(s)é( ks(c-8)/(c-1) )

2, ...y (c-1)

end i(1)<i(2)< . . .<1(s)
S 7% t:))

/o1

—~
(]

N’
|

(e
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hypercube with various edges chamfered and certain corners

or example, if there is an equal proportion

of observations within each category, then the two dimension-

tegration for the three free category case

appears as in figure 2.1 below.

Figure 2.1. Two dimensional region of integration for

three free categories with equal numbers

of observations within each category.

N

Jk

\'4

=/k /k

and the integral may be written explicitly as

,.';k ?in( Sy =Vot/k )
‘:/k max( </k, "vg?/k )

in this case of equal proportions of observations within

each category.
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In the four category case the region of integration appears

as in figure 2.2 belovw,

imensional region of integration for

four free categories with equal numbers of

observations within each category.

- |

and the integral 2.7 may be written explicitly as

min( /k, -v,+/(ek) )
e S h({v)vgr7at| {f13%2sT5}) vy dvp 4y
...4/]; ma,x( -;_/k., —vs-;,/(ek) )

(2.15)

the innermost integral ranging from
max ( 7/k, -vaq/(ek), -721/(ek), -v2_v37/k )
to

min ( J/k, —vat/(ek),l-vzt/(ek), ’72’v3t/k )
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and where in this case of equal propoftions of observations
within each category

e = s(c-8)/(c-1) = 4/3

Again, the evaluation of these integrals is postponed to

chapter 3.

2.5 Note on distribution in cyclic case.

Since the cyclic case does not appear to be applied, remarks

on this topic will be brief and 1nc1uded only for the sake

of completeness.

The complexity involved here is between that of the monoton—
nd that of the free case. Following the argument

used to establish the region of integration in the free

c
en that a small subset of the (2°- 2) hyper-

planes define the required region in this case. Since the

es determining a subgroup must be contiguous

(with "wraparound") the required planes are

1 23 ce23 (c_l)

<k s v, 6 [k - is=

(v, /B, +v, /H; ) ¢ JE i=1, 2 eee (c-2)

&

1 i+l i+l

k i=1,24000y(c-3
/i € Hi,i+1,i+2(v /8 +v1+1/Hi+1+vi+2/Hi+2) </ 125005 (c=3)

IR EERE R

(vi/ﬂl+v2/H2+...+vc_1/ﬂc_1)"4/k

e e oo oo (2.106)

S’

~~
(4]
{
o

71,2’.00’
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CHAPTER 3. Computer Evaluation of Distribution,

This chapter concerns the computer evaluation of the asymp-
totic distribution of K from the integral expressions in
chapter 2, The distribution for a c-category predictor
involves a (c-1)-dimensional integral which cannot be ex-

pressed in closed form in general. Its computer evalua~

tion is considered in two parts: firstly where there are

only a few categories and numerical quadrature can be em—
ployed, and the second where there are many categories and

a Monte Carlo approach is more suitable.

3.1 Evaluation by numerical integration.

When there are only two categories the distribution of K
follows the familiar chi-square distribution with ome de-

gree of freedom. For the purpose of providing figures in

our tables, the integral vas evaluated by using the IBM

supplied subroutine ERF which is available both from FORTRAN

and PL/1, see IBM(1968). This routine that evaluates the

error function is defined by

erf(x) = (2//7) ; exp(-tz) dt
0 e e e e e e e (822)

A simple transformgtion shovws that if 2 ~ N(O,l) then
Prob(-z¢2¢z) = (14/(27) { exp(~3t°) dat = erf(z//2)
-z [ ] o ® L J L J [ ] [ ] [ ] [ ] [ ] (3.2)

[ ] L] o

using the symmetry of the Normal distribution about zero.

' /25.00
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: 2
Since K~’Xl (the square of a standard normal deviate) in

the two category case, we have

D(k) = Prob(Ks¢k) = erf(./(3k)) _
. W e e s o o e oo o (8.3)

When there are only three categories, ie. ¢ = 3, the bi-

vhich can be evaluated by

& number of methods, see Gupta (1963). The integral ob-—

ic predictor can be

Q
e
-]
e~
=
"
a
o
[¢]
o

found in tables by Krishnaiah and Armitage (1965) by re-;

f two correlated

L)
Q
"
(s
=2
]
=]
[
i
(¥
=]
=
B
[-]

In the monotonic case the dimension of the integral can be
halved for numerical integration by the method of Curnow
and Dunnett (1962) who give reduction formulae for evalu-

ating multivariate normal integrals when the correlation

term in position i,j (i<j) is of the form 2’i/3’j with
lb’delz.‘ . Now the monotonic case requires the integra-

tion over a hypercube centred at the origin of a multivari-
ate normal with correlation matrix having term G . /G .
1,25.091" 715250453

for i<j (see 2.8). The numerator

covariance term are both positive

1’2,"’1.- l’z,co’j l—fl_fa"coo"fi f1+f2+o.o+fj
f1+f2+o..+fi l-fl"f2"'. ."'fi-. .—fj )‘l‘

= ( i+fA+. .+f_-+..+fo ° 1"'1‘ "'f “'...-f.—ﬂ-
1 2 i J 2 i

-

{1 for i¢j since each fi>0 and Zfial

/26..‘
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8o that the method of Curnow and Dunnett is applicable.
In practice the use of this method becomes tedious when

the number of dimensions is not small,

A general computer program for evaluating multivariate
normal integrals was obtained from Dr. R. C. Mil
has described it in Milton (1972). Because of the symmetry

involved, only half the integral need be eval

ducing the range of the outermost integral from (=/k, A/K)
to (0, /k). This multidimensional quaﬁrat
used to evaluate the distribution oi K for a monotonic
predictor with 3, 4 or 5 categories, and for a

dictor with 3 or 4 categories.

For larger numbers of categories direct numerical integra-
tion was found to involve excessive use of computer time,

so Monte Carlo methods were employed.

3.2 Evaluation by Monte Carlo methods.

In both the moﬁotonic and free cases the integrals were

evalugted by the Monte Carlo technique described below,

for the number of categories ¢ ranging from 4 to 10 and

for integral values of k from 4 upwards.  The results

fér ¢ =4 and 5 were checked against the figures obtained

by numerical integration as in section 3.1 above..

/27000
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The following four subsections describ; the various stages
of the Monte Carlo evaluation. The first subsection dis-—
cusses the analyti¢ evaluation of part of the region of
integration. The second subsection discﬁsses the strati-
fication of that pﬁrt of the integral that has not been
evaluated analytically. The third subsection considers

the generation of pseudorandom normal deviates which are

required in the Monte Carlo evaluation. These three sub-

sections are presented as general techniques useful in
evaluating multivariate normal integraisland are not re-
stricted to the particular integrals of this thesis.

The last subsection applies these résults to the integrals

of chapter 2 and introduces a further refinement of.the

Monte Carlo estimates.

3.2,1 Partial analytic evaluation of multivariate normal

integrals.

In this section the general problem of the integration of

a multivariateﬁnormal distribution over 2a closed region

Monte Carlo methods is considered. Many statistical prob-

. g A 2N - -~
lems require this evaluation especially near the talis ©

the distribution in order to obtain critical values.

For example, outlier theory requires the absolute maximum

of a set of normal variables, which yield a hypercube cen-

tered at the origin as the region of integration as in our

monotonic case. Other problems involving quadratic forms

/28...
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for example require integration within hyperspheres or

hyperellipsoids, and so on.

The problem without loss of generality is to evaluate

u u u, u
sn sn—l. . sl .. sl ¢({x£}) d{xi} i=1ton
b b b, b '

where #([xi}) is multivariate normal with zero mean

l l . i I to the idenbit _

trix, The limits of integration b, and u, (i¢n)
are some function of the X5 (j>i), and b and u,

are constants.

Integration of a multivariate normal with arbitrary mean
vector and covariance matrix can be easily

linear transformation into the above form, usually reswlt-

ing in a modification to the region of integration. For
example, the change in a spherical or elliptical region
is to another elliptical region, and hyperplanes remain
hyperplanes though with a change in orientation.  The
4+atinn af
VWVAUVEE Ve

region can often be further simplified by & ro
the axes which leaves unchanged the spherical normal in-

tegral.

The idea considered here is the well known concept of eval-

uating analytically as.much as possible of the unknown

region, see for example Hammersley and Handscomb (1964).

The basic method is to place a hypercube with edges paral-

lel to the axes inside the region of integration. Its

/29...



probability content is easily determined and the eventual
Monte Carlo evaluation will then be confined to the exterior

of this analytic region,

While a suitably chosen hyperrectangle will in general
have more probability content than a hypercube, the problem
of finding the optimum hyperrectangle is a difficult one

and beyond the scope of this thesis. Also other shaped

regions of integration of known probability content could
be used but difficulty arises in sampling points outside

them, and sometimes of ascertaining whether they lie com-

pletely within the region of integration.

If the hypercube has sides of length 2a then its proba—

bility content is

Gla) -F=a))d =0 ... (3.9

4 & ° o @ e & = e e

vhere d is the number of dimensions of the region, and

E(x) is the cumulative standard normal distribution func-

tion, Ideally pd should be made as large as possible

the hypercube is completely

subject to the condition that

enclosed by the region of integration. To avoid confusion

this hypercube will be termed the

the sequel.

Finding the largest interior-hypercube may be done analyti-

cally, or iteratively by computer. In the latter case a

convex region of integration simplifies matters since then

it is only necessary to check that the cormers of the inte—

rior-hypercube lie within the region of integration. Also

/30...
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it may be noted that while the maximum sized interior-hy-
percube is theoretically preferable, no bias is introduced

by using a smaller interior-hypercube.

The gains realised by this method were compared for various
integrals by examining the probability content of the inte-
rior-hypercube for different critical values. The Optimum'

interior-hypercube is easily found analytically for ellip-

soidal regions of integration. Remembering that the trans-
formation to the integration of a spherical normal from the
non-zero correlation case merely transforms ellipsoids to
other ellipsoids, the axes should be further rotated if nec-
essary so that the axes of integration and the major axes

of the ellipsoids coincide., The largest interior—hyperf

cube is obtained when its corners lie on the surface of the

ellipsoid. Hence, in general the largest interior-hyper-

cube inside

2 2
“1x1 + a2X2 + o o o + anxn r

Tables of the critical values for this region of integra-

tion are given by Owen (1962).  The following tables 3.1

and 3.2 give the probability content of the interior-hyper-

cube centred at the origin within various two and three-

es. vhich correspond to the 90% and 95%

]

dimensional ellips

critical values.
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Table 3.1, Probability content of the largest standard

interior-hypercube within ellipse

--------- B eL

a.X2+a,X2=r

11 2" 2
' Probability content of ellipse
& a8, 9 ‘.95
.50 .50 .76 .84
15 «25 17 .86
.90 .10 .79 .89
.99 .01 .81 .90

Table 3.2. Probability content of the largest standard

interior-hypercube within ellipsoid

<

a L a 4+ a X
%1 T %2%2 T %373

Probability content of ellipsoid
. «95
1 %2 % ®
'33 033 .33 cUo 071
'50 040 .10 064 '75
.80 .10 .10 .68 .81
.90 .05 .05 o 71 .84

As can be seen quite a large proportion of the integral is

contained within the interior-hypercube. The minimum

content occurs where the region is & circle or sphere,

ie. when aléazz... , and the proportion decreases as the
. i LA " PN
number of dimensions increase. It 1s of course possibié

that an interior-hyperrectangle can be found with larger

probability content - a possible subject for future research.

fs2...



The problem of finding the largest interior-hypercube where
the region of integration is a hypercube in a different

space is more difficult, Let the correlation matrix of

the integrand be
R = C'C

where the matrix C = (c..) is some square root of the

i
Bv gstandard transformation theory

Ave =g

the interior-hypercube with corners at (:a,ia,...,ia)

arallelepiped

"
o
3
(=9
=
o
®
"3

with corners generated by

<

& +ci .
i J

considering all possible combinations of +'s and -'s,

so that the largest value on a dimension is given by

e ST .\
& \ max c..1 )
i 1 el

If the region of integration is given by (ib’ib!""ib)

in the non-spherical space of the integrand, theg the maxi-

mum sized interior-hypercube for this orientation has cor—

ners at

, 4 < .
tb/(max {.lcijl) .oco""(3°5)

is the so-called Choleski square

A convenient choice for C

root of R, that is a triangular matrix ¢ such that

C'C =R rization is readily available under the

This facto

name MFSD in IBM's scientific subroutine package, IBM (1970).
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The efficacy of this method is examined for an equicorre-

lated integrand since tables of the critical values have

been published by Krishnaiah and Armitage (1965). The

following tables 3.3, 3.4 and 3.5 give the probability

content of the interior-hypercube in spherical normal space
in that lies completely within the hyper-
cubic region of integration forequicorrelations of 0.1,

8 and 10 dimensions.

hypercube within a hypercube where all

correlations are 0.1

Content of Number of dimensions

hypercube 2 4 6 8 10
.90 .86 .72 «57 .42 .29
.95 .92 .82 .69 .54 .40
'99 098 .94 086 076 '64

Table 3.4, Probability content of standard interior-

hypercube within a hypercube_where all

correlations are 0.3

Content of Number of dimensions

hypercube 2 4 6 8 10
.90 «17 .41 « 20 .12 .06
.95 .85 .59 «35 .19 .10
.99 .95 .78 .57 .37 .23
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Table 3.5. Probability content of standard interior-

hypercube within a hypercube where all

Y ihedl

correlations are 0.8

Content of Number of dimensions

hypercube 2 4 6 8 10
.90 .66 .32 .15 .06 .03
095 . . .77 .45 .24 .12 006
.99 «90 « 67 .46 «30 .19

As can be seen, the imprdvement due to the partial ana-

r of di-

evaluati

mensions and with increase of thé common intercorrela-

tion. For less than six dimensions the gain is quite

appreciable but appears not so impressive for as many as

ten dimensions. These tables do not reflect the optimum

orientation of the interior-hypercube since the choice of

C in 3.% is not unique, other roots being related by some

rotation. The choice of the Choleski (triangul&r) square-—

root minimizes the computation required to transform points

from the spherical normal space to the space of the inte-

grand, other roots in general requiring about double the

number of computations. The gain from decreasing the vari=

ance of the Monte Carlo estimate, E, say, is approximately

linear in the probability content of the interior-hyper-

cube since E is of the form

E=p + (1-p)d

where pd is the content of the interior-hypercube -

/35...
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as defined in 3.4 and q 1is the estimate of the condition-

al probability content of the region of integration outside

the interior-hypercube. If M points are sampled outside

the interior-hypercube then

Var(E) = (1-p%)2 4(1-3) / M

and if the actual percentage point is t then

A e Ay oo, dy
Y F\vvp jJ /7 \i-p )
so'
d\2 (t=p )(1-p°= (-
Var(E) = ( -p ) ( P )( P ( P ) )

M (1-p7)°

e (tp%) (1<t) /M v v v e e e e e oo (3.8)

d
which is linear in p .

The estimate of the variance of E is further complicated by

the stratified sampling that will be introduced to select

points outside the interior-hypercube. It is not clear

at this stage that increasing the probability content of

the interior-hypercube by change in orientation will nec-

essarily increase or even leave unchanged the precision

of the sampling method, A further disadvantage of seek-

ing a better orientation for the interior-hypercube is
that at this stage of the development it is not easy to

obtain the optimally orientated interior-hypercube.
The mathematics of this optimization requires the minimi-

zation of

max I l subject to C'C = R, from 3.5.
‘ i

J
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This is a linear programming problem with quadratic con-

straints, and has no general explicit solution. An attempt

was made to solve this iteratively by optimally rotating two
axes of C at a time, either trying each pair in turn, or
first examining all pairs of axes before performing the
rotation. When there where more than three dimensions,
this process stabilized at a local minimum which unfortu-

nately was not the global optimum, a better solution being

found by inspection. 1In order to smooth the objective

function, experiments were made with minimizing functions

of the form

for various values of r. Note that as T
objective function gives equivalent results to minimizing

the originel function. Again only local

tained. Note in passing that this problem is superficially

similar to Varimax rotation in Factor Analysis,

ample Lawley and Maxwell (1971). However Varimax rotation

is considerably simplified by the lack of m

the criterion. Table 3.6 compares the gains for the inte-

rior-hypercube of largest probability cqntent found
those of the Choleski orientation in ten dimensions with an

equicorrelation of 0.3. \

/37.;.



- 37 -

Table 3.6. Comparison of the probability content of the

best orientated hypercube found with the orien-

tation obtained by Choleski’s square root, in

ten dimensions and all correlations equal to 0.3,

Content of Choleski Best transfor-—
hypercube, t transformation mation found.
.50 .06 .23
<95 .10 .34
.99 .23 .58

The overall gain is of the order of three and decreases as

the critical value increases. Substituting these values in

3.6 the leading multiplier decreases from .84 to .67 when

t=.9 and from .86 to .41 when t=.99. This reduction

of projected variance is not very encouraging. More research

and experimentation that is beyond the scope of this thesis is
required both to determine the optimum orientation of the

interior-hypercube and a computationally efficient method of

finding this orientation,

The transformation provided by the Choleski square root requires

about half the computational effort demanded by other non-trian-

gular transformations. Since the variance is inversely propor-

tional to the sample size, a reduction to at least half the vari-
triangular transformation matrix can

ance is needed before a non-

ecars more cost effec-

be considered viable. At this stage it app

tive to accept the definite reduction in computational effort

—conr
Provided by the Choleski square root, than the usually non

. : '1_
Pensating gain of a better orientation (in terms of the probabi

ity content) of the interior-hypercube.

’ i hape
Again, the interior-hypercube may not be the optimum shap

. - inte—
to place inside the region of integration, but some 1nte

lan
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rior-hyperrectangle may provide even more probability con-
tent. Attention has been given to rectangular figures
because of the comparative ease of sampling outside them
and which also allows an added sophistication that is now

considered.

3.2.2 Stratification outside the interior-hypercube.

The probability content of the interior-hypercube is evaluated

ple Cochran (1963), that stratified sampling is

more accurate than simple random sampling, and is never

~~~~~~ 43 nnntely

less accurate if each stratum is sampled proporiiona
to its size. In our particular example
tion that is proposed will have definite gains OV

random sampling since the strata will not in general be

v

PPy T

homogeneous; The use of the interior-hypercuse

bability content as given in 3.4

d d
(i(a-) - E(—&)) = P
of dimensions and the interior-

where d is the number

hypercube has sides of length 2a lends itself to the

formation of d non overlapping strata as defined in the

following table 3.7 where the fraction of the sample that

yields a selection proportional to the size of the stratum

is also given.

/39...
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Table 3.7. Proportional stratification of region outside

interior-hypercube.

Teke proportion From the region

= =p4 ‘““x**x*****ﬁr——tvr—1x—f>a
P P =< 1°°22°°°?"d-1 ’ d
d
p(1-p)/(1-p") —w¢X) yXgy ey Xy ol de_1|>a, -asx <8

2 d
p (l-p)/(l_p ) -N<¥1’x2""’xd—3<m’ de-2I>a, -&sxd_l,Xan.

e ee e o0 ee @0
. oo

e o0 e e o0 oo

. - .
ee o8 e s ¢ ®e @y o

-

-1, a
p  (1-p)/(1-p") lxll>a, -a<x2,x3,.,.,xd§a

In practice a sample vector (xl,xz,...,xd) was obtained
by sampling each element independently from a standard
normal distribution, with the restrictions as set out

above, and then these vectors were transformed into the

appropriate space of the integrand. There are & number

of Monte Carlo methods that could be employed at this

stage, see Hammersley and Handscomb (1964), but the major—

ity that required evaluation of the multinormal density

were rejected as being too time consuming compared with

the actual generation of the random normal vectors. The

hit-or-miss method given in the above reference was employ-

ed and found to give sufficient accuracy (discussed in 3.4

below). This method requires & large quantity of random

normal numbers, many of them constrained to a particular

range. A fast method for their generation is discussed

in the next subsection.
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A number of methods for generating random normal numbers

have appeared in the literature. A summary of the better
ones is given in Knuth (1969), who shows the faster methods
to be of the class typified by Marsaglia, MacLaren and.Bray
(1964). The main disadvantage of these methods in our
application is that they cannot be modified to handle a

normal deviate in a particular range except by rejecting

“unsuitable" numbers. The conceptually obvious way ol

is to tirstly generate a uniform

random number U within the appropriate range and obtain

m normal deviate by the inverse transformation

-1
¢ (v). This follows from the well known result (see
11 and Stuart (1958), p.18) that any con-

tinuous cumulative distribution function is rectangularly

transformation exists, and one must use an &pproximation.

mations are Burr (1967), (as given

X =

and the more accurave

2,515517 + .802853W + .o1o3zsvr°‘ )
X =§(W- L >
1 4 W+ fms;azeng + .001308

where §=1, \V=(-2:Jn(ixi')’} if 0<Us.5

i 4 = s n =
and aﬂ—l, Wﬂ(-i-’- m(}.—v

/4l...



Both these methods are computationall

logarithm and a square root. To

operations as far as possible, much of the inversion was
periormed by tabie 1ook-up. The symmetry o
distribution §f1(U) = -i_l(l-U) was used to reduce the

span of the tables to U<.5.

The first table gave §-1(U) in the range 0<U<.5 in steps

only

of . 5 (ie. points), and i

used when U>.01 which holds 98% oi the time if the re-

quired random normal deviate '18 unrestricted, —Since the
graph of X = i-l(U) is convex in this range of 0¢U<.5
it meant that linear interpolation in the table would al—-

ways underestimate X, see figure 3.1A below.

. -1
Figure 3.1 Linear interpolation in the function X=% (U)

A. B. _
R /-

//;y Circles ( @) show tabulated points.

To counteract this, the tabulated points were increased

to overestimate X at these points and reduce the under-—

estimation within the range, see figure 3.1B above.

/49
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2 )

This was accompiished by a first approximation to the well-

known minimax solution by averaging the error at tne midpoint

of the adjacent ranges (a,b) and (b,c) in figure 3.2 below,

This correction was then applied to point b, and similarly

for every other tabulated point.

The maximum absolute eror in the table for the ragge

.01<U<.5 is 5.3x10™° attained when U=.,01 (X=-2.326295

instead of X=-2.326348). This gives five significant

figures which were also retained when X was less than

f 10‘6 t
one since the absolute error vwas of the order o a

this part of the table.

e |

™ . i i <U<,01 in
The second table gave ¥ (U) in the range 0<U<,

steps of .00001 (ie. 1001 points) end in this algorithm

01£U0<.01 Again, correction was

was only used when .0001 L.

made to the table as in the first to prevent continual
. ion. he max-

underestimation of the inverse transformation T

imun absolute error in this table for the range .0001<U<.01

is 1.5x10"F attained when U=.0001 (X<-3.71887 instead of

X=-3.71902). Outside the range of the tables, ic. vhen

/43...



U<,0001, the Hasting's approximation as cited above with

- - a - A 4 Il\-4
absoiute maximum error 4.,9Xx1vu was used.

The selection of a suitable uniform random number gener-

ator for the particular computer available was conveniently —

simplified by the article of Whittlesey (1968) who compared

& number of such generators on the IBM 360. His recommenda-
tions preferring the Tausworthe generator (Tausworthe, 1965)
were followed especially as its speed was higher than that
of others considered. An Assembler language (the lowest
—Wf—fm”mmﬁo,—yfo)mwri tten

incorporating the points mentioned above, and appears in

Appendix A, This routine provided a vector of indepen-
dent random normal deviates in the appropriate range as

defined by Table 3.7.

3.2.4 Results of Monte Carlo evaluation,

The routine of section 3.2.3 was incorporated into a pro-

gram to evaluate the distribution of K when all catego-

ries of the predictor had an equal allocation of observa-

tions, This integral Dc(k) for ¢ categories was esti-

mated for integral values of Kk from 4 upwards ensuring

that the highest value of Kk exceeded the 99% critical

value, so that subsequent evaluation of the critical value

would be by interpolation rather than extrapolation.

The Monte Carlo technique examined 25000 data points 1n

the momotonic case when there were six or fewer categories,

\

./4,4QQ.
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and 10000 data points in all other cases. Besides the esti-
mated value of the integral, a 95% confidence interval was

also established for each estimate.

Knowing that the upper tail of therf distribution is approx-

imately of exponential torm, and that this distribution

forms a lower limit to Dc(k) tor ¢392 as mentioned at

the conclusion 6f section 2.2, it was felt that D (k) it-

self might also be approximately of exponential form so the

Monte Carlo estimates were further refined by fitting re-
gression lines to ]n(l-Dc(k)) weighted by
(in(1 - lower limit) - In{l - upper limit

which is a simple function of the range of the 95% confi-

dence interval Bc(k) obtained earlier transformed into

the logarithmic scale.

revealed that in the monotonic case, the

Experimentation
model
In(1- = k (No. of categories ¢ = 5,65.4510)
(1 Dc(k)) o, + f (
for D (k)> .75 gave an excellent fit with a multiple
c

correlation of .99995. The estimate }-—.5303 (the same

s c¢) had a standard error of

.0017. The estimates of & and their standard errors

hese results are summariged

»

s
-

&+ O

in the graph of figure 3.3.
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Table 3.8. The regression coeff1c1ents<x in the monoto-
nic case for the model ]n(l-D (k))“°(fﬁ§

ﬁa-.saos, s.e.ij‘,)-..acu

No. of categories ¢| 5 6 1 8 9 10
147  .308 .443 552 633 687
% . ,
St. error of o, .010 .014 ,.015 .,015 .015 .016

Figure 3.3 Cumulative probabilities Dc(k) in the monotonic

casSee.

. =1n(1-D (k) T

- S S
/ ////?//
Y7 A
WY 4
//?/??/?/////
’ y7 4

L\/‘—\'\ ! ] 1 4 e
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A similar procedure was followed in the free case where

the model

£4.\ ) P Y S T, R § TR {2t
K - ] ? 'c 0. O
\K)) =& + \‘P + /°C)K \NO [+

- fa
In(1-D f

for Dc(k)> .75 gave an excellent fit with a multiple

correlation of .9999. The slope coefficient changed lin-

early in ¢ and the estimates yielded 3'=--5773 with a
standard error of .0079 and §'=.01906 with a standard
error of ,0010, The estimates of &; and their staﬁdard
results are sum-

errors are given in table 3.9 and these

marized in the graph of figure 3.4.

Tatle 3.9. The regression coefficients qé in the free case
for the model ]n(l—De(k))=“;+(j'+7L£2§,

3'=-.5773_ s.e.(B')=.0079
$'=,01906 s.e.(3')=.0010
No. of categories c¢[ & 6 1 8 9 10
a |.804 1.100 1.356 1.582 1.774 1.884
C

St. error of &é .027 .021 .020 .022 .028 .036

Let it be immediately pointed out that these models are

3

approximate since the relationship be

m(1-D _(k)) is not truly linear (if it were, the distri-
C .

2 - e d 2 \
bution would be 3(2 ie. exponenuxul,.

that these lines for different numbers of

known a Eriori

o al. an
categories ¢ cannot cross or touch each

k =0,

J41...
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Figure 3.4 Cumulative probabilities Deik) in the free case.

A (1D (k)

These equations were used to give the critical values for the

test statistic K for varying number of categories. They

are presented and discussed in the next chapter.
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CHAPTER 4. Tables and Discussion of Results.

4.1 Cumulative distribution of K with equal allocation

of observations to each category

The right-hand tail of the distribution of K is described
by the equations in section 3.2.4 when the number of cate-
gories ¢ exceeds 4 and the observations are equally allo-
cated to the available categories. These equations in k

are solved to yield critical values of the 90%, 95% and 99%

sigﬁificance levels in tables 4.1 and 4.2.

Table 4.1. Critical values in the monotonic case with equal

proportions of observations within each category.

(4]
Percentage point| 2 . 3 4 5 6 1 8 .9 10
$0% 2.71 3.67 4,23 4.6 4.9 5.2 5.4 5.5 5.6
955 3.84 4.89 5.50 5.9 6.2 6.5 6.7 6.8 6.9
99% 6.63 7.81 8.48 9.0 9.3 9.5 9.7 9.9 10.0

Table 4.2, C;itical values in the free case with equal pro-

portions of observations within each category.

C
4 5 6 7 8 9 10

Percentage point| 2 3

20% .71 4.21 5.39 6.4 7.3 8.2 9.110.0 10.8
o5 3.84 5.49 6,76 7.9 8.8 9.8 10.8 11.8 12.6
6.63 8.49 0.90 11.2 12.3 13.4 14.6 15.7 16.8

n




(=]
1

As -expected the critical values increase as the number

shown in a similar problem by Hawkins (1975) who demon~

strates that the expected value of this distribution fol-
lows the law of the iterated logarithm, and hence that the

rate of increase is of the order log(log c).

sample test to determine ii there is a significant ditfer-

would always be using the

2-category critical vaiues in the above tables. As can

mildly alarning in the monotonic case and very serious
for free predictors.
are for equal numbers of observations

The above results

within each category. In the next subsection)4.2)some

alternative allocations of the observations will be consid-

ered and in 4:3 an upper bound to the critical values will

be given that holds for any allocation of the observations

to the various categories. As will be seen, the tables of

. . " it values over the
this section seem to form "average critical

different alternatives, and hence would offer good guide-

lines even for these cases.

/5l...
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4.2  Unequal allocation of observations to categories.

. In the two categorinase,'the asymptotic distribution of K

is unaffected by differences in the pumbers of observations

within each of the two categories, as noted earlier in gec-

tion 2.1.

There are very many ways of allocating observations to
categories so two illugtrative methods were chosen. One

method was a symmetric allocation with progressively fewer’

observations in categories away from the centre, and the
other a highly skewed gllocation. The distributions re-
vaulting from such an allocation were evaluated by the quad-
rature program described iR section 3.1 and are displayed

in tables 4.3, 4.4 and 4.5 for 3, 4 and 5 monotonic cate-

gories respectively. The Precision of the program was set

to 10"4 for 3 and 4 categOries, and 10“'3 for 5 categories.

Table 4.3. Asymptotic cumulative distribution D(k)_in

ic tegories
_ three monotonlC categories.

1~ o

Category k
Bual & 3 1[l.0171 .9520 -9730 9844 9910 9948 9968 -9982
Sym- 1 1 1 2 .9722 .9840 .9908 .9947 ,9969 ,9982
metric 4 2 4 -0137 961 2
Skew 8. 1 1|l o024 .0557 9745 -9852 .9914 .9950 .9970 ,9983
©T 10 10 TofC T
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Thg ascreement is fairlvy cgood. esneciallvy as Ir incragsgaga
(=3 alIlJj g¢eecd CSpecliiaa J == = aDTTIECRSTSe

In all these cases the distribution when all categories have

an equal number of observations lies between the distributions

obtained when the observations are symmetrically and skewly

result for the general case.

4.3 Upper bound to the critical values.

A simple method of getting a bound to the critical values

is to use one of the Bonferroni inequalities, see Ior example

Feller (1968, page 110), In particular, from the first

‘inequality, the probability that one or more of the events

A

A esey A occur simul taneously cannot be greater than
n L.

1,
P1+p2+...+pn where P;

2’
is the probability that event Ai

occurs, Tha§ is

) y e o + e o o o (401)
PhuaU. . .U~An) < pyp+Pytoe Py
In our case, the probability that the K, of section 2.1

(the test statistic for a given method of splitting the group)

exceeds some critical vaiue k, .
f freedom 14X?(k ).
chi-square distribution with one degree © a

/54...



- 54 —

Letting the event Ai correspond to Kf;ka it follows

from 4,1 that

P(K?k ) = P(max{Ki}?ka)

1l 7a a
= P(A,UAU...UA)
y . A‘2:_ (WY 4 2 ~\
-n(l-'X:(k)) -..c.‘ooocccnooo‘eoz)

where n is the number of permissible methods of splitting

the group as given in section 2.1,  Hence the Bonferroni ...

upper bound to the 1l-o significance level is obtained

from
X<P(K>k_ ) €n(1 —‘)Cz(ka))

ie. X*(k,) 21 - o¢/n ‘ /

. fa a)
e © © o6 o o o o o o o \2e9)

. 2. -1 , .
le. ka>(X‘) (1 -¢/n) .« o o o
vhere (7€)-1 denotes the inverse transformation from the

2 .
percentage point to the 1(1 deviate.

i

95% and 99% significance levels

Comparison of these tables with those of 4.1 and 4.2 show a

remarkably close correspondence. The relative error decreases

with increasing significance level, and increases w1t§ the

number of categories. This is not too surprising from the

form of the Bonferroni inequality. Note for example, that

with ten categories at the 99% significance level the critical

/55...
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Table 4.6, Bonferroni upper bound to the critical values

gories in the monotonic case.

Percentage Point
Number of Categories 90% 95% 99%

2 2.706 3.841 6.635

3 , 3.841 5.024 7.879

4 , 4,529 5.731 8.615

5 5.024 6.239 9.141

6 | 5,412 6,685 - 9,550
7 5.731 6.960 9.885 .
8 6.002 7.237 10.169

9 6.239 7.477 10.415

10 6.447  17.689 10.633

11 6.635 7.879 10.828

12 6.805 8.052 11.004

13 6.960 8.210 11.165

14 7.104  8.355 11.314

15 7.237 8.490 11.452

16 7.361 8.615 11.580

17 7.477 8.733 11.700

18 7.586 8.844 11.813

19 7.689 8.948 11.919
20 7.787 9.047 '12.020

4.2 r nd to Bonferroni signifi-

values in tables 4.1 and 4.2 correspon
cance ievels of 98.6% and 97.9% so that the Bonterroni esti-

mates at this level are not overliy comnse

/56...
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Table 4.7. Bonferroni upper bound to the critical values

for any aliocation of the observations to

categories in the free case.

Percentage Point

Number of Categories 90% - 95% 99%
2 2.708 3.841 6.635
3 4.529 5.731 8.615
4 6.002 7.2317 10,169
5 7.361 8.615 11.580
6 8.675 9.945 12.934
1 9.974 11.256 14.266
8 11,271 12.562 15.588
9 12,569  13.868 16.909
10 13.872 15.178 18.231
11 15.180 16.491. 19.555
12 16.492 17.809 20,882
13 17.809 19.130 22,212
14 19.130 20.455 23.544
15 20,455 21.784 24.879
16 21.784 23,115 26.217
17 23.115 24,449 27.556
18 24,449 25.786 £28.898
19 25.786 27.125 30.241
g0 27.125 28,466 31.587

Since the Bonferroni upper limits holds true for any alloca-

tion of the observations to the categories, and because of the

ease of their calculation it seems plausible that
should be used in significance testing in those cases where

N 1231
the exact critical values have not been tabulated = THB2S

/570
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racy can provide more exact figures. The argument for using

1t

closeness these figures bear to those of the special cases

that we have tabulated. In anticipation of such use, the

tables of 4.6 and 4.7 are extended up to twenty categories,

4,4 FEvidence of applicability to non-infinite samples.

Strictly, the asymptotic results are only applicable to in-

finite samples. As mentioned in the im

thesis, A.I.D, should be performed on large data bases, and

ohservations.

With only two categories and a dichotomous dependent variable,

the problem reduces to using chi-square with 2x2 contingency

tables, This approximation is acceptable for sample sizes

greater than iorty, see for example Grizzlg (1967).

With a three category predictor and equal numbers of observa-

the exact permutation

tions in the first and third categories the eXact t
distribution of K can be obtained in the monotonic case for
& dichotomous depende#t variable (taking values -1 and 1
say) with equal numbers of observations in each part pf the
dichotomy, For a total of N observa nd N, observa-
tions in category i, this case has N1=N3. Consider a random
of Feller (1968,

valk from (0,0) to (N,0) in the notation

/5844
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Chapter 3), where (t,x) denotes being at position x at
epoch ¢, At each observation, a step is taken one unit up
if the dependent variable is 1 and a step is taken down if
it is -1, The position at epoch N, determines the number

of -1's and 1's in the first category, so if the position

444444444iEt4XIlggiagngnghed,gihggiizgt category had x, more 1's

than -1's (note that X méy be negative) and the mean

~ within this category is
T ,= ((wx)) - 3(8-x)))/N,

==x1/N1 (44)

-ige N, from the end) is

(7]
(2]
>
2
+
Z
~

If the

X, then by symmetry the mean of the third.category is

(4.5)
=y

e o o o o \'=e

Y22= x2/N3 =2 x2/N1 e o o o C. o o o

Also because of the choice of the

si = i i o
ince N1 N3 in this case

dependent variable, the grand mean X=0 and the total variance

82=1, so that the test statistic obtained by splitting after

the first category is from 2.2

T 2,.2
K‘ =M, N(Y'- 1"i)2/M082 = N, Nx'| /Nl (N-N]_)
+ 4 1 93 T e 1171 ]

2 e © o o o (4'6)
= N ,.......ucoooo
xl/Nl(N;Nl) .
and by sym@etry the test statistic obtained by splitting
’
after the second category is
K, = Nx2/N,(N-N,)
2 2
3 3 o © o o o (4.7)

2
= Nx2/N1(N—Nl) e o o @ o o
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The test statistic K is the maximum of K1 and K,2 and

hence is determined by the absolute maximum of Xy and X5

that is the maximum deviation from the origin at epochs N,
P Y

and Ni+N2. The paths of interest from (0,0) to (N,Q)

are obtained by selecting N, observations out of the N
P 3

for the first segment, and then N, for the second yielding

N; for the third, and the total number of such paths are

given by the multinomial coefficient N!/(N IN,IN;!).
=x,=0.,

If = . .
K=0 then K1=K2=0 fh1ch occurs only if x,=X,
These paths are obtained by selecting %Nl of the +l's

and iNl of the -1's for the first segment, %Na of the

+1's and 4N_, of the -1's for the third segment so that

Prob(K=0) = g\ (fN"N ) /(N'/(N 1N, N t))
g J . (4.8)

[ L] L] L] o L L] L] [ ]

" N, is even. When N, is odd it is impossible to re-

turn to the origin in Nl steps and we may follow Feller's

Convention of defining the binomial coefficient

r

n ) ) . .
( )“0 if r is not a non-negative integer
. (4.9)

When K ig not zero, then either x, or Xy is not zero,

L L 2o ce
and because of the symmetry only the case X;g#X, HEC

considered, the final probabilities being doubled in compen=

sation when x2£x§. Let the absolute maximum

¢poch N, be x=x, 80 that the first segment contains

+x) of the +l's and Q(NI-X) of the -1

/;s-o. oo
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be chosen in

AN iN
b ()

leavi N-N. -x f th ! — -1'sg,

If x2=0 then the third category must have 6N3 of the

and a similar number of -1's which can be selected in

Y
=

/i(N—N--x)\ (3(N-N._ +
() (5] e

multiply the corresponding probability by two because of the

symmetry of xl><0 x2<0 and x1§0 ,x2>‘0, The third category

N +x2) of the +1's and 3%(N 3=%, of

the -=1's that can be selected in

3(N-N -x)\ (3(N-N, +x)
1 ways
< (N *x ) 3(Ng=x,
end all cases will be considered if we sum over all positive

Xy that are not greater than lxll.

Summarizing these results and including 4.8 gives

B(K = Nx”/(N, (N-N.)))

‘i é(N—N )) / (N1/(N INyNgt))  if x<0
Ba)) 3y () (i)

(N'/(N1 )
if x=:1’i2,ooo,:Nl

. (4.10)

.o otheﬂise . e o © o o o o o o o
= 2 otherwise,

if v =0 or Xt
a4l - s ¥ ~e 7

and Feller's convention 4.9 is followed.
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asymptotic distribution is also drawn for comparison. It

can be seen that in the tail area of the distribution the

asymptotic result gives a

sample sizes,

4.5 Extension to several predictors.

If all the predictors are statistically independent then

there is no difficulty in extending the results. If there

are p predictors and critical values are chosen so that

®, 1is the probability under the null hypothesis that the

-

ith predictor is signiticant, then the overall significance

or the probability that one or more of the predictors will

exceed its critical value is

Pri1-o

-] (a-og)
i=1 :
by standard theory, see for example Miller (1966, page 8).

When two or more predictors are not statistically indepen-

dent there are many serious difficulties, not the least being

a definition of dependence between-predictors when one or

more of them are not monotonic. While the assumPF1°n of

independence may be used as above to yield a '"very approxi-

mate" overall significance level, the Bonferroni inequality

4.1 can again be invoked to give a lower bound. This con-

servative approach yields the overall significance level,
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Figure 4.1 Cumulative null distribution of the test statistic

K for three categories with equal numbers of

observations within each category, for various

sample sizes.
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that is the probability that one or more of the predictors

will exceed its critical value, as being not greater than

Again, the bound to the overall significance level may be

pre-set and the o(i chosen accordingly.
If the predictors are 'positively' related in that the signi

cance of one predictor implies that other predictors will also

L R ) 1 2 a2 D
by

be significant, this Bonferroni bound to the global sign

cance level is highly conservative. In the extreme case

where all the predictors are either all significant

not significant the true overall size of the test is maxﬁxg}

and in the special case of identical Gﬁ each éﬂﬁ@l to &,

then the size of the test is o while the Bonferroni bound

is po. In some practical applications predic
similar because of inherent relationships or since they may

be different measures of the same quantity -

& sociological setting 'Date of marriage’ and 'Number of child-

=
(4]
W
o
(1)
<]

ren' are both related, and to a certai
crude measures of 'Age'.
elated then

However, if the predictors are mot 'positively' r

the Bonferroni bound improves as an estimate of the global

significance, and in particular if the predictors are indepen-

dent the Bonferroni bound is by algebraic expansion a first

approximation to the significance level since

:g
M
2

|| (=%
i=] ci=l
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small, the neglected terms being of order qiqs.

In any

the Bon

event, by fixing the overall size of the test and using

ferroni bound, if there are many predictors the o

become

then the

comparatively small, and if they are less than .01 say,

e Bonferroni upper bounds of the individual critical

"become more exact as mentioned towards the end of section

the bound at the final stage tends to

Thusg decreasing the un
ug decreasging

the conservativeness of the estimates at the prior

/65...
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CHAPTER 5, Summary and Conclusion.

5.1 Surmary of results,

The figures presented in this thesis offer a guide to whether
results obtained by an A.I.D. analysis.are in some way signifi-
cant or not. As is usual with tests of significance there is
really no absolutely determined level beyond which_results are
"significant" and within which results are "attributable to

chance", After all, A.I.D. is predominantly a search pro-

Cedure, and informed commonsense should prevail in the evalu-

ation of the reéults. The presentdtion of the Bonferroni

upper bounds provides a region of fairly secure confidence
where results are established as being significant. Crudely
the two-sample tests (cerresponding to the two category case),
and better, the'asymptotic results for a single predictor in

the case of equal allocation to each categoryaprovide critical
values below which predictors are almost certainly insignifi-
cant,

This leaves a grey-area within which no categorical

' conclusion may be reached - an area which is usually left

open to further investigation and research.

The theory has been besed on the permutation distribution of
the test.statistic, and hence is applicable to any distribuntion
satisfying the conditions given in Puri and Sen (1971, page 70£ff)

¥ho review and extend the literature on permutational limit

/66...
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theorems. In particular the content of this part of the
thesis is applicable to a distribution-free analogue of A.I.D.

vhere the dependent variable is transformed to a set of ranks

or normal scores. It is expected that the asymptotic results

will hold more closely for small samples of transformed data

than if the dependent variable is left untransformed when it

is highly skewed or otherwise badly behayed. In particular

if random normal scores are used, see for example Bradley
(1968), then the group's theoretical variance is known and

need not be estimated by S2, and the asymptotic results be-

come exact for all sample sizes. Note that if it is decided

to transform the data, then the data should be retransformed
within each new group formed by a split, since it is unlikely
that the new groups will retain the same distribution as the
parent group -~ in fact in the ideal case where the split

divides the dependent variable into an all high group and

only the rectangular distribution will retain

an all low group on
o t 9

Jomed

its shape after the split.

5.2 Conclusions.

It is hoped that the availability of a valid measure 9f the

signiticance of A.I.D. results will increase the confidence_

of those who use A.I.D. and will allay some of the many fears
of those who oppose it as expressed by rrofessor G.A.Barnard

in the discussion on a paper by Stone (1974): "... but nowa-

days with more anda more apparently sophisticated computer

/67...
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programs for social science, railure to take account of possible

ampling fluctuations is leading to a glut of unsound analyses

vhich already seems to be bringing statistical method in that

I have in mind procedures

A
<

"
(o]

& into unjustified disrepute.

such as AID, the automatic interaction detector, which guaran—

In view of these results the A.I.D. algorithm could be modified
to provide a more parsimonious description of the data, by
splitting a group on the most significant predictor rather

than on that predictor which explains the most variance.

Ideally it would be helpful to be able to test the complete
enalysis for significance, A conservative test could be

ased

(=]

n the Bonferroni inequality in a similar manner to
the way it has been used in other stages of the analysis.

ﬂtherwise, a step by step procedure could test each group's

5plit independently of the other's. Two possibilities exist:

88 they are found, or the complete A.I.D. analysis conducted
‘fiPSt and then the smallest groups recopbined if necessary.
In the first case it is reasonable to split on the most sig-
~ nificant predictor, while in the second case there is the
advantage that if an insignificant split gives rise later to

& significant one this will not be lost. These probiems are

/68...
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not peculiar to A.I.D. but are paralleled by similar problems
in stepwise regression where, as far as this author is aware,
the problem qf significance testing at each step, at what

tevel to accept a new predictor or reject an old one, has not

yet been fully resolved.

While A.I.D, is extremely useful it has certain limitations.

Various extensions have been made to ! s -.examp

case of multiple dependent variables has been investigated

elly (1974). Two limitations which

regenf_]v hv Gilla and Sh
‘J NJ SA LAV SVAANA asaa

we have found irksome in practice are firstly that the depen-

1 where nominal is desirable, and

too serious since A.I.D. could initially perform one of the

may re-use the predictor and bring the
- other split points into play. However from the users view-
the trichotomous nature

been made to solve the first problem of a nominal dependent

_______ 1972) who consider an A.I.D.

T+ 2L1_
i4awvwie

y
type method that is unfortunately not compatible with standard

tomous dependent variable.

Part II of this thesis proposes a technique for removing these
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PART I1

CHAPTER 6. Introduction and Orientation.

The second part of this thesis introduces a method of data

unalysis’similar in structure to A.I.D., for analysing complete-
ly cotegorized data — ie. the dependent variable is purely
nominal ("free" in previous terminology, though‘fhis could be extend-

ed to a "monotonic" or an otherwise restricted dependent

variable). Basically, A.I.D. uses the two-sample t-test

he between—sum-of-squares) as its criterion,

the aim is to maximize the variahce
roups formed by a split. Examining a nomi-

nal dependent variable according to a categorized predictor

s to mind the chi-square test of association

in & contingency table, and indeed this is the criterion used

A nuiber of other extensidns to conventional AfI.D. are also

included. Instead of confining a single stage of the analy-

sis or the investigation of the effect of a particular pre-

dictor to a simple two-way split, criteria are presented to

allow multi-way divisions. In the case of the analysis with

which this part is concerned, the chi—square'testcantw‘used rou-

tinely to examine multi-way splits as will become clear in

1 A.I.D. would be to

the sequel. The analogue in conventiona

use analysis of variance (ANOVA) to examine a k-yay split. The multi-

way split raises two points. Firstly, the method does not produce

/10...



- 70 -

~ aditfferent subgroup for each category of the predictor, but .

combines those categories of the dependent variable which have

similar distributions, leading to o more parsimonious descrip-

tion of the data than would otherwise be the case. Secondly,

the method may show =~ (and often does in practice) that a
predictor is indivisible according to the criteria.

This is felt by the author to go a long way towards

reducing the possibility of abuse of the method by inexperienced

' . ing xpressed about the

validity of A.I.D. type techniques.

The concepts of free and monotonic predictor variables are

nd & new type of predictor is intro-

It has often been found that an otherwise monotonic

+ cannot be placed logically a

priori on the monotonic scale. This'situatlop arises natu-

. s e . . . " 1) "
rally with missing infori survey data and "don't know

or "undecided" in behavioural applications. Such a predictor

with nfloeting" category that

is defined as monotonic

may appear alone or combined with any other group as found

A g-nernlization of this prob-

appropriate.in the analysis.

lem is also considered. The new types of predictors are not

. . : ' implemented
peculiar to the new met could equally well be 1mple
rs the

in conventional A.I.D., although this thesis only conside

implications arising in of & nominal dependent vari-

able,

JTle.s
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Finding the optimum  w-way split of a c~category predictor

is not trivial, hut can be performed routinely by dynamic pro-

grameing in the monotonic case, and with slight modifications

for o predictor with a "floating" category. Analysing a

large number of predictors over various subsets as occurs in

A.I.D. type analysis renders this approach too tedious for

general use and hence a stepwise procedure for analysing each

predictor was evolved.: The method is consistent in finding

well-defined divisions and experience indicates tha@ its re-
sults are very similar to the optimum solution,

, variable, the conventional

dependet

2 a av

are compéred, when a binary split
is usually defined in the same

same test statistic value. A continu

be analysed directly by this new

method, hut could be

dant svawriahla Whila
il v Al 1 UL Ce WALL AT

it would allow ﬁhe extensions to A.I.D. provided by this analy-

cie tm b A fs:v ook time as conventional A.I.D. 1s updated),
S5 L0 PEe uSea |ullvil Suvir Vet T ‘

and it may also provide a convenient solution to a highly

R v 231 hehaved dependent variable.
skewed or otherwise badly behaved I

In a different context, Ilill (1974) bas found practical ex=

. in an analysis
emples where categorized data perform better 1in : y

than the original quantities.

Finally we note th&f,despite the safeguards provided by this
. - h—-
system of date analysis,it still remains a large sample tec

. @ iv f r
nique — it could well prove overwhelmingly conserv tive fo

small data sets.

/120
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6.2 gfevious work in this area.

The problem of analysing a categorized dependent variable has

received attention in the literature. Two main references

approach the problem in the same direction as this thesis -

via a heuristic A.I.D. type approach.

The first is Press et al. (1969) who describe an on-line data
analysis system called IDEA (Inductive Data Explordtion and

Anelysis) that produces.a decision tree similar to an A.I.D.

dendrogram, As its name implies IDEA isa computeron—line ——————————

technique, in which the researcher decides how the analy-

sis should proceed from information provided by the pro-

gram, Press et al. comparc their technique with the standard

A.1.D. of Morgan and Sonquist (1963) and note three major

differences. As has been described earlier A.I.D. only per-

forms binary splits of the data, IDEA "employs routines which

allow rclationships in the data to determine the nunber of

branches at each node." “A.I.D. assumes that the dependent

variable is measured on an interval scale while IDEA does not

muke this restriction. Finally A.I.D. works completely auto-

matically in that it decides for itself the best split, per-

forms the split and continues the analysis; IDEA on the other

hend permits the researcher to examine the output and decide

for himself how he would like the program to procced. ,Sub_

ation of the article by Press et al., there ap—

sequent to the public
peared a new version of A.I.D. called AID-III in Sonquist
o direct the analysis

et al. (1971) which allows the user t
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us in IDEA, but which is cumbersome since AID-III is batch-

processing. orientated rather than interactive.

The improvement of 1DEA over A.I.D. lies mainly in its ability
to handle non-interval scale dependent variables and in the
information that can be provided by multi-way splits. Hoﬁ—
ever, no effort appears to have been made to assess the validi-

ty of the results and the possibility ot a user directing the

~ propram how to proceed does nothing to allay the iears of

'

those that consider the output of such routines highly suspect,

Press et al. also compare their routine with that of Hunt et

al,

‘\19“({) w

vy

The similerity to IDEA and A.I.D. seems extremely tenuous and

ce of decision trees. The con-

tribution to our particular problem is negligible since Hunt et al.

tences) that do not permit contradictions. In the terminology

of A.. . . Sy i 1 i
of dute analysis this means t a data vector with identical
predictors must necessarily have identical dependent variables

i ent for the data that usually

= cleariy an impractical regquirem

occur. in practice. Further, their criteria are not mathe-

P N T N - v a1 -r ' 1 n "Chi-
vatically based and though they briefly consider the

i i i i information"
square criterion" and the "maximum transmitted

it] = tudies they report,and they are

neither wag programwed in the s

dismissed briefly by (page 95):

/T4
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"These are more elegant mathematical and statistical
criteria on wnich subproblem selection may be based.

They have the advantage that they can be used in other

then binary branching trees, and the disadvantage that

they require more computation.”

The other main reference is to a computer program called Theta
A.1.D., abbreviated to THAID. A preliminary discussion is

given in Messenger and Mandell (1972) and a more complete

description in the monograph of Morgan and Messenger (1973).

This is an A.I.D, type technique specially designed for a

As in conventional A.I.D. only

nominal dependent variable.
binary splits are considered, so that multi-way splits can

only be revealed at a later stage of the analysis if a

predictor is re-used. The criterion for comparing various

splits is based on the "theta statistic" that is defined as
"the proportion of the sample classed correctly when using

the OPtimal-prediction-to—the-mode'strategy" (Morgan and
Messenger, 1973, page 12). That is, for each possible split

the sum of the number of observations in each modal category

is maximized.

In the case of a dichotomous dependent variable where A.I.D.

able the theta criterion will yield

i ' . oc i .D. forgan
in general a different solution to conventional A.I.D rg

nsider this an advantage mainly on intuitive

and \ao nrar consider thi
grounds sinée they note (page 22): "Roughly speaking, AID

i of small size much
ying subgroups

iving outl

more than does THAID."  They performed a computer simulation

/1540,
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that compared various criteria for splitting and showed that

the theta statistic did not correlate highly with any of their

the chi-square criterion which we will show later to be iden-

tical to the standard A.I.D. criterion for a dichotemous depen—

dent variable.

e disagree with Morgan and Messenger and feel that an exten—

75 aak2 2

sion of A.T.D +0 & nominal denendent variahle should as a
sign of A, T.,D, to a nominal dependent

matter of course be compatible with standard A.I.D. in the case

of a gdi ndent variable where the two methods

overlap, That is, the ultimate objective of partitioning

internally homogeneous groups should

Yield identical groups in the case of a binary split. The

tends to produce highly

VaS1 S

unhalanced splits is not clear, Under the alter—

sy

4 e 1V A o o hould be split into two sub-—
nevive nypotnetns TCilav a groupy hdhataihnd X

o
S AV A

. groups, any consistent method should be able to do this and find

‘ .V orrect Jpll U S "II.-.' s means r’OduClnh an unb&l'—
- pO]nb vels ia NAra D =T D &
C ]]lle]’-on‘e]loll n y 1ve ar ose 1N s1 tu&tl ons w hel‘e

e nave o 4 V=T . ’

end should not be split. In t case they would be merely
observing the result of Hawkins (1975) who showed that under
ihe null hypothesis the position £ the split point followed
& U-shaped distribution which tended to the arc-sine distri-

. ) . s i i nredictor increased.
bution as the number o1 categorits =£4% e -

n the

/76400



ience it is not at all éurprising that the A.I.D. procedure

siiould produce unbalanced splits. This 1s really no indict-

ment of the A.I.D. criterion since under the null hypothesis

no split should be produced and hence there is no reason for

preferring_a balanced split to an unbalanced one.

Another reason for not preferring the theta criterion to the
standard A.T.D. criterion (which is equivalent to the chi-
square criterion) is the lack of knowledge of its theoretical

behaviour, A guide to the user has been

provided by Morgan and Messenger (pages 20, 21) who replicated

ten times a Monte Carlo experiment on.a dichotomous dependent

veriable with eight b5-category predictors with a uniform

The change (with an upper and-

ellocetion of observations.
lower bound) in the theta criterion against the number of
They claim

split groups is shown on a graph.

that "the choice of distribution typé, nominal predictors,

aurker of codes and number of predictors was made

results conservative and hence an upper bound on the growth

of Ap8." Their claim of conservativeness is obviou

dent on the number and characteristics of the predictors which

. N . 2 4
onc is accustomed to use. The only extension to 1

that they offer is that further simulation has indicated that

their figures are inversely proportional to the square=
the group size.
in part I of this

As will be shown subsequently, the theory

s dependent variables

theais is applicable to dichotomou

VALY
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T N . . . o .
vhen using the chi-square criterion, and the similarity of the

an.i on to the exact critical values leads to

the incorporation of significance testing as part and parcel of
the o cide the number of subgroups into
vhich a group should be partitioned but also whether a group
should be split at all. Another consequence of using‘signifi—
cunce testing in the decision making process will be to counter-
act the undue weight afforded to predictors with a lau“@;‘e number

of categories that can usually "explain" more than predictors

— with fewer categories because they allow more possibilities for

splitting and hence capitalize on chance to a far greater

extent.

6.3 Summary of contents of part II.

. . - . .Y N TSP al
AMfter a discussion of the general aims of this anal
resented.

nique, the computer impleme"t“tion will be p

. . s % it dara
The various types of predictors will be consiaere

tonic and free predictors that have been encountered earlier,

together with a floating predictor which ©

] i experi £ hypo-
In practical  experience. A number ol hyp
i1l be answered b}

thctical problems concerning the analysis v

appropriate numerical examples.

enting the results of a Monte

A short chapter than follows pres

1 hypothesis with special refer-

Carlo simulation under the nul

i ' ! gories
¢nce to each type of predictor and varying numbers ot catego
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for the dependent variable and the predictor variable.

The penultimate chapter gives a sample anelysis of some "live"

data that illustrate the various options within the computer

progranm,

The final chapter surmarizes the main conclusions and considers

various extensions for future research. Appendix B gives an

annotated listing of the computer programs together with in-
Appendix C gives & reprint of the

structions for their use.

computer output for the analysis of the example mentioned

above.,

/19...
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CHAPTER 7. The Method of Analysis.

7.1 Qutline of the technique.

1Y . . .
lost authors provide their computer programs with acronyms

both to provide a simple reference to the program and to des-—

- . . . .
cribe the main features of the technique in a simple mnemonic.

X
. - =2

1f the practice is followed of Morgan and Messenger (1973)

a suitable name for the technique to be presented is CHAID -

As this name would imply, the criterion

on which the analysis is based is the chi-square statistic.

since the nominal dependent vari-

able and a categorized predictor allow the data to be summa-—

~tincency table as in figure 7.1.

riZ*d inn &8 CO 1A non
il @ COonNvisigvaavy “=+--F

Figure 7.1, Summary of data fof_SEE_EESQLEEEI;
Dependent variable

PE— 1 2 3 oo o0 d
0 o0 LN J 0

0, O O3 1d

LN ] e o o

0g; %22 23 2d

0 0 0 o o0 0

Predictor 31 ‘a2 83 3d
o0 e o 0

¢ ocl 0c2 003 cd

that are

s the number of observations

Oij denote
of the predictor and

classified into category i

of the dependent variable.

have characteristic J
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In practice there is more than one predictor and hence more

2-way contingency table is created. As in part I

< ay contingenc

of this thesis, the preliminary discussion will be concerned

the problem of multiple predictors

being postponed.

As in conventional A.I.D., CHAID proceeds in a stepwise

fashion - first finding the most significant predictor of

““““‘4h€4%6%&}4greup—g%hengspl;ttlnggihg total group accordlng to

this predictor, and then analysing each of these subgroups

in turn and where possible further splitting these subgroups

and re-analysing these smaller subdivisions.

At each stage of the analysis the best way of subdividing

redictor is ascertained. That

st 02

40
the data according to each p

is, the categories of the predictor are combined, due cogni-

zance being taken of the type of the predictor as this deter—

mines the permissible grouvpings of its categories, so as to
produce the contingency the highest significance
level according to the chi—-square test, see for example

Conover (19 71), Note {ua ig implies that there are &
sufficient number of observations to ensure the validity of

this test. If this is not e then some other criterion
er's exact test (Comover, 1971,

could be used, such as Fish

page 163ff), but we will not pursue this possibility.

/8lees
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In principle the optimum method of grouping the categories

of a predictor can be found by dynamic programming, but while
it may be computationally feasible on a computer tor a single
predictoriand a single stage or the analysis, it would be

unrealistic in a practical example where there is more than

0negp:edictorgandgtheganalysisgexiands over a number of stages.

This problem is similar to that of multiple regression where

& search is made for the "best" subset of predictors. Here,

the solution generally accepted is that produced by "stepwise"
regression, see for example Efroymson (1965). A similar

steprise procedure was applied to our problem and found to

work quite satisfactorily. Thus the analysis of a predictor

was further broken down into stages as follows.

Firstly, the "full" contingency table with ¢ rows (for a

1culated. Pairs ot rovs (33

o
RavaaZLERLe

determined by the type ot the predictor) are examined and

pairs of rows are merged

it their significance does mnot exceed some predgtermined amount .

hat is, ti : - nt
hat is, the various 2 xd (fore d category depende

variable) subtables are examined and the least significant
subtable *collapsed” unless i nificance reacnes some

Pre-assigned value.

The (c-1) x d table is similarly analysed to determine if

two further rows can be merged.  When the merging criterion

is not met, or when all rows have been merged, all compound

rowvs are re-examined to determine it they can be split .up

again. That is, a compound TroOV is examined to see if a



2xd table that can be formed from it, is significant at

some pre-assigned value, This process is continued until

compound row can be decomposed into two significantly differ-
ent rows. In order that such a stable soiution should be
reached it is necessary to ensure that the criterion for

splitting a compound row is stricter than the criterion for

merging two rows. That is, the critical value for a split

1

must have significance greater than that required to prevent

a merge. (To avoid possible program "loopipg", the routines

Viit‘ndt‘tttémpt‘t043piit—a—eompouad—rougnnlesaggggtricter cri-

terion than the merging criterion is provided).

The logic of the above method is displayed in the flowchart

.2. (See next page).

-

of figure

In the asymptotic case the procedure must converge, as will

be proven in 7.1.3 below, where the implications for finite

samples will also be considered.

An added advantage of this stepwise approach in comparison

with the global "best splits

ging operation can be continued until there are no rows left

to merge - an indication that none of the rows _is sig-

nificantly different from the rest.

It may be wondered whether there is any gain from splitting

a compound row, The nature of the algorithm precludes a

split that would "undo" a merge, that is, recreate a situation

/83...
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that existed before a merge took place. In practice it has

been found that splitting & compound row is a comparatively
rare event, but must be considered if this  approach

is to give near optimum results., Situations which result in
a pompound rov being split will be illustrated in sec

where the various types of predictors will be discussed.

‘The procedure of merging categories is not new, but has been

used in other contexts, The reverse procedure of starting

vith all categories combined and théﬁ‘spffttingithis4eeggnHyuL44444444444444444444

group has also received attention. Anderson (1971, page 42~

et passim) considers both these appfoaches and demonstrates

a disadvantage of the latter procedure — that the splitting

process may in certain circumstances terminate too soon and

thus produce too few groups. McGee and Carleton (1970) while

dealing with the problem of piecewise regression also start

at the atomic level and "merge" antil all observations are

combined in & single group.

Having obtained the best nreduced” comti

f testing it for signifi-

ncvy table that the

o
»
<

method can find, the problem arises o

cance, The solution is straightforw f the predictor has

only two categories since the chi-square test for contingency
tables is applicable immediately. if no reduction

inal contingency table has taken place, 8 chi-square

of the orig
test with the appropriate degrees dom can again be used.

The problems really arise when nreduction" of the original

/85000



possible for its size. Since the case of a dichotomous depen-

between the Bonferroni critical values and those obtained by

t the Bonferroni results could

be used as a conservative first - approximation -

4 4 P 4 . PR R e 4+ha

the exact results even im those  cases
vhere the exact results are unknown. This assump-
tion  in fact has been partially validated by the computer

simulation presented in chapter 8. In effect,

1 . 4 ” 1] .
the procedure is to dete e the number of reduced" tables

of the same size that could be derived from the original table,

voe of the predictor, and use

PR |
v K

a quantity that dependas on

it  in the Bonferroni inequality to obtain a bound for the

ignifi 1 i these multi-
significance level. formulae for calculating

pliers are derived in the next section dealing with the various

types of predictors.
then given
’

Once the most significant partition has been found,

that it meets some preset criterion, this partition is acfua11y

performed on the data. As in conventional A.I.D., each of

these divisions is re-analysed, further partitions being Iormed

vhere appropriate. The sequence of analysis and partitioning
ons can be

is continued until either no more significant divisi

found, or some other stopping criterion is reached.

/86¢..



Some properties and an alternative to the method that has
been outlined above are considered in the next four sub-

sections.

7.1.1 Eguivalence with A.I.D. in the case of a dichotomous

dependent variable.

Let the "reduced"” 2 x 2 table be as in figure 7.3, where the
first and second rows of the predictor are possible compound

rows corresponding to the two parts of the split.

Figure 7.3, Dichotomous dependent variable.

Dependent variabie
1 2 Total
Perioe.. BRowl a b a+b
PR XA RN Ti)g
Row 2 d c+ d
Total a + C b+d N = a+b+c+d

The conventional chi-square statistic for this 2 x 2 table
is (Conover, 1971)

. 2 ,
T & N(&d-bc) .............00(7'1)

£ _ . P
\lﬂ-b)(c-rd){a-i-c}‘\

Considering the dependent variable as a zero-—one variable,

-~
[P 3

we have in the notation of pert 1

The mean of the dependent variable:

X-(b+a)/N

‘/87...



The variance of the dependent variable:

o ((b+a)-NE) /¥
=((b+a)-Nb+ d)2/N2

(b+a)(N=(b+a) /N
(b+d)asc) /N

) /N

(b +a)(1 - (b+d)/N) /N

Number of observations in the first group:

The mean of the first group:

rcff

, = b/(a + b)

The mean of the second group:

¥, = a/(c +a)

Hence from equation 2.1 the te

wM, (Y, - Yg)z

N 82

secqnd group:

st statistic is

2

(u + b)(c + d) (c+d - ;25)

N (b+d)(a+¢)/N2

p) —= b(e + d) l_

(s b)(c+ AN (dlex

N(b + d)(a + ¢) ( (a+ b)(c + a) I

N(ad - be)®

B O CER ORI
«T from (7.1)

d)

/88. ..
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Thus the test statistics are identical in both types of A.I.D.,

and if the predictor is also dichotomous then T naturally

has & chi-square distribution with one degree of freedom since

it is derived froma 2 x 2 contingency table, and we have
already shown in section 2.1 that K is likewise distributed

1n this case.,

7.1.2  Some properties of the technigque.

Since the merging process compares two rows at a time this

implies that, i proportional distribution

on each category of the dependent variable, these two rows

¥ill be m onsider two such rows depicted

in figure 7.4 in which & /A = b /B = C sy, for all k.

25553_14i; A sunbtable of two rovs.

Dependen
1 2 3 ve oo @ Totfi_
‘;
& a oo L4 a8, A

Predictor HOW i | ®
Row j b b2 ba o0 oo d

Total n, n, n, X

"o, _ L
sac cm-square for _tnlﬂ s

d - 02 (b, - B/n)® ‘
I.Z(\("k mA/m) (B T % _‘.)..-----""3)

nkA/g ”3375

k=1
the product
S8ince the expected value in each cell is given by

v the grand total.

e
<
e
.
(]

of the marginal totals d

/89. ¢ |



Thus the test statistics are identical in both types of A.1I.D.,

and if the predictor is also dichotomous then T naturally
has a Cyi-squnre distribution with one degree of freedom since
it is derived from a 2 x 2 contingency table, and we have
is likewise distributed

already shown in section 2.1 that K

in this case.

7.1.2 Some properties of the technigue.

es two rovs at & time this

Since the merging process compar

implies that,if they have the same proportional distribution

on each category of the dependent variable, these two rows

ed of necessity. Consider two such rows depicted

in figure 7.4 in which ‘k/A - bk/B - Ck say, for all k.

Figure 7.4. A snbtable of two rows.

Dependent variable

L 1 2 3 oo oo d Totﬂl
Predi Row 1 a. a a ee oo 8 A
, ictor 1 a 3 d
M' j bl b2 ba [ X J L] bd B
n

Total n, 92 ng

this subtable is calculated by

X = i(hk " “kA/n)z . (by —B;kn/n)2> :
T\ nAe nB/m e e (7.3)

ach cell is given by the product

since the expected value in e

totals divided by the grand total.

/89..;‘



Since = Al :
L Ck and b, = BCk it follows that

- nkB/n = BCk'- anB/n - 0

So that i t i
each numerator in the sum (7

3)

in thi . .
is case X = 0, which is its minimum value and thus al-

vays not significant.

It is : '
perhaps not well known, since this result does not

@ppear i i
in the literature, that standard A.I.D, duplicates this

result i tti :
by never splitting a predictor between two categories with

id i
entical means. This is demonstrated by considering a
fo . .

ur category predictor with the middle two categorles having

th .
e same mean, and showing that a split between these two

e . _
ategories can never be petter than both the other splits

a i . . .
vailable. gredlctors with more categories are included in

this result gsince the shirt of the split point by one Pp

lace

is wnaffected by the precise nature of the noutside” categaries

category or more, their

- Vhether they consxst of a single
contribution to the tést statistic remains unaltered. Al-
tonic case is being con-

though it appears as if only the monot
ble is arbitrary and hence

A

sidered, this monotonic varia the

e case (and subsequently the nfloating"”

result for the fre

‘. :¢,

/90...



¢asc; section 7.2) is also implied.

Since the test statistic is unatfected by a change in loca-

tion of the dependent variable, take the middle two catego-

Fieg ; ‘ . AP, I
2s-having zero mean in order to simplify the algebra.

Let t.he camnla 2 _ - a e ~ - -
salpie sizes 1n each of the four groups be a, b,

¢ and 4 respectively, each of these quantities being strictly
1e mean oi the first category be M) and of
the last category Y, where y, and y, are unconstrained.

The fn“m ~nk . . . a2 s ne - o
our alegories are depictied 1n 1igure {(.0.

* 3w

Four category example whose middie_two

categories bhave identical means.

N
e

i
ng-

2
oe

I}

The between-sum-of-squares is given by
BS.S. w n (X -1+ ny(X, ..:)2 e e e e ('{.4)
vhere n. and xi are the number of observations and their
Wean in eacn part of the split and

) / (n, +n,)

L = the grand mean = (nlx1 + nzie) / \ny

e ®o o o o



BRI

So
. —9 -2 Py ¥ 2
= nX% +n%; - 2X(n%; + nX,) + (z) +2,)%
. ¥2 _ o% %2
nIXf +nn2f§ 2X(n1 + nz)x + (nl + n2)
from (1.§)

: 2 <2
'"1%9‘”‘222"("‘1“”"‘2)x R € )

Note that the last term on the right o

independent of how the group is split since n, + By~

nd mEan,

the total sample size and X the gra

remain unchanged.

The proot will proceed by showing tnat it the split in the

middle yields a larger B.S.S. than poth the other two possinle

splits, then a contradiction results.

If the split is after the first catege
notatiqn:
n, =8 0= b+c+d, X, = 7Tp? 5 = 47y

and hence from (7.6)

14 = R

2 2 2 PLO
(B.S.S.)1 --ayl + d y2/\b+c+u;

aftar the second category:

If the split is alve
: X X =«d c+d)
nl = a+b, n2 = c+d, Xl = ayl/(a+b), 2 yz/( ’

and hence fTom (7.8) x2
2.2 - + n )X
(B.s.8.), = azyf/(a+b) + d yg/(°+d) i .(?1. . ?). . o o (7.70)
Finally if the split is after the third category:
n, = at+b+c, Do = dy 21 = ayl/(a+b+c), xg = Yo»
/92...
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(B-S-S.)3 = a yl/(a+b+c) + dy§ - (n +n )

(7.7¢)

i h
If the split after the second category dominates both other

splits, then

(B.5.8.), < (n.s.s.)z and  (B.S.S.), 7 (B.S.S.),

That is

ayf + d y2/(b+c+d) '< a Yl/(°+b) + d 72/Sctd2 v e .« (7.80)
and :

2.2 2.2 b+c) + dy2

e 61/(a+b) + 2/(°+d) 7 & y /(a+ 2 .. .(1.80)

These equations give respectively

ayl/(a+b) < d,y 2/( (c+d)(b+csd) ) for b 40 . .(7.98)

oooco'

and
2 f c 0

22/( (asb)(asbsc) ) > dvpflesd) - for © A0 L. (1)
and hence

- . «(7.10a)

=% A - 2[_ =) ‘ 1 4/(b+c+d) e © o o o © L] (
ayl\c+d) / ( dygla+b) J < T/
= ) (7.10b)
2, N 2 . 2,_.‘__\ \ (I+b+0_)_/a e o © o © o o o O o

QYIKC+d) / \ uya\“’”’ ' 7B v

> 0.
for 450, ¥5#0 b>0, =&

The equations (7.10) together imply
(a+b+c) /e < a/(b+c+d)
which in turn implies

(a+bec)(brc+d) < od
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That is

(v 2 oy

a(brc) + ad + (b+e)” + d(b+c) < od
ie, '

(b+c)(atb+c+d) < O I R

Clearly (7.11) is impossible since the sample size within

. (7.11)

each category is non-negative. Hence‘theregmustiexigt a
better split than that separating two jdentical contiguous
categories. A similar proof to the above ghows that this

result also holds in the three category case.

—

7.1.3 Convergence of the procedure.

This subsection demonstrates that the algorithm that has been

i -r

presented above (section 7.1) for analysing & contingency

table will converge to & stable gsolution in a f1nite number

of steps when there are an infinite number of observations

per cell provided that the significance Jevel for splitting

is smaller than that for merginge. This theoretical argument

will then provide some sufficient‘conditions for convergence

A BAS

of the algorithm inm the case of finite samples.

Asymptotically jt can be shown (see Kendall and Stuart, 1961,
Vol 2, page 577) that the total chi-square for a contingency

a component for & specified

.able can be partitioned into
subtable and a component for the resulting table after the
table has been ncollapsed”. In particular referring t

let the total chi-square for

figure 7.1 presented earlier,

/94..'
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by X (with d-1 degrees of freedom)., Given that these

dn—\ ”w_ ' . .

Vil o Hence the asymptotic result quoted above may be writ-
ten as

m -

T -

= 4 + X ¢ ¢ e e © ® o o o o © o o e ®© ®© ® @& & & & ¢ (7el2)

Each time two rows are merged a new table results, and the

Process is repeated with the T .of the new (reduced) table

taking the value of the Y of the previous table.

For any merge, X is non-negative and hence by equation (7.12)
the total chi-square for the succession of tables obtained by
merging various pairs of rows is a non—increasing sequence

ble obtained from the origi-

m
o
WA W o~ T

l0’ Tl’ T2,ou’ .ay. y 8

i-square T,

nal ¢ xd table, must have a non-negative ch 5

i t . .
that cannot exceed the original chi-square TG’ and hence
per of possible subtables may be

is bounded, While the num
large, there is a finite r of them, and hence in any
sume a finite number of values.

Particular case Ti can only as

The prOCedure of merging and splitting produces a series of

bounded values {Ti} where Ti & Ti-l
"if a split occurs.

the procedure will fail to

if a merge occurs

and Because there is a
T, 2T

finite number of subtables,

/95...
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1‘ . ¢ ’
his table be demoted by T (with (c-1)(d-1) degrees of

Let the statistic for merging any two rows i

and j (merging of course over all d columns) be denoted
X (with a-1 degrees of freedom). Given that these
two rows i and j are merged let the resultant (c-1) x d
guare Y (with (c-2)(d-1) degrees of free-
d above may be writ-

dom). Hence the asymptotic result quote

. . (7.12)

T-x+Y ....".......'.’...4..

—— Bach time two rows are merged a new
w table results, and the

process is repeated with the T .of the new (reduced) table

taking the value of the Y of the previous table.

n-negative and hence by equation (7.12)

b
e
w
-]

the total chi-square for the gsuccession of tables obtained by

airs of rows is a non-increasing sequence

Any subtable obtained from the origi-

must have a non—negative chi-square T,

that cannot exceed the original chi-square T, and hence

- while the number of possible ;ubtables'may be

large, there is @ finite number of them, and hence in any

can only assume & finite nuﬁber of values.

The procedure of merging and splitting produces a series of
bounded values {Ti} vhere T; & T if a merge occurs
“jf a8 1it occurs. Because there is a
and Ti ? Ti-l ‘ P

finite number of subtables, the procedure will fail to

/95...
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converge only if it ‘%gets into a loop", that is

configuration (subtable) occurs and recurs after a series of

merges and splits. If the criterion for split tting is more

stringent, that is demands a higher critical value, than that
for merging as suggested in the algorithm, then such "looping"

is impossible.

To see this, first note that a loop, if it exists, must con-

tain the same number of merges as splits im order to return

to an identical point in the analysis. — Consider the series
{T.‘ for such a loop. By assumption the . T value will be

identical at the beginning and end of the loop since the same

subtable has been attained. However, because of the merging

friterion, each merge can reduce a particular Ti by at most

_some critical value k, say. On the other band a split will

increase a particular Ti by at least some critical value

k', say, where the algorithm demands k' > k. If there

are m merges and hence also m splits in the "loop" the

starting T value of the nloop"” will be decreased by at most

mk for the merges, and increased by at least mk' > mk for

the splits. Hence a contradiction results since the value

for T at the end of the "]oop" cannot coincide with thé

value at the beginning of the "loop". So it must be concluded

that such "looping" is impossible.

jonship T =X+ Y is only

For finite samples, the relat
pt in some spec1al cases

t (1961, Vol 2, page 5717)

true approximately (exce to be consid-

all and Stuar

ered in a moment) but Ken

/96...
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¢laim "the approximate partition is good enough for most

practical purposes.”

%e briefly examine some details of the approximation (7.12)

T=X+ Y. Let the two rows that are merged be givenmpy

figure 7.4 (in subsection 7.1.2 above) so that

: 2
%;i:(ak _ Ank/n)z + (b Boy /n) from (7.3)
1

X Ank/n Bnk/n
d 9 o [N N
S | 1 2, 2 2,y - nAB(a +b, ) + n AB(A+B) )
- — A ( n°(a’B + bA) 2n, by "
“AB';E; Py (nlnd A | '

\

d .
L L 2 ( nz(aiB + b2A) - ninAB )
" nAB rY K
DAB 19 By .
d

: 1 25 4 b2a) - (s +b )8 )
= = —— ( (A+B)(a,B + Db a, b,
B &5 oy ( (A+B)(ay k
'_d_ 3 o 9 D] _2___

- -l—-;z;- i ( 2pB + boA” + a B + D AD

AB 9 oy "k k- niAB i} biAB ; 2akbkAB)

S .(7.13)

l l 2 o-onoo.oc"
- = L (aB - bA) .

AB ;%; n, oy kK

totals given
If the full table with chi-square T has column to

hen the sub-
g-g..,d) ‘nd N-ZNi,ten

-

by N (i =
ot ' i row 1 and
table obtained from the total table by merg ng

row a0
- v - % -

iven by
- vw 4

"

‘r Iy . . . . & .—‘,
'
Y ( . N f 1

J9Te0e



k=1 +N2bAn+BN2An—2bN'NABn
- No(ay b)) 2,5 - (a+B)2NAB

+ 2(ak+bk)NN nAB)

1 < 1 (52,2 0o 2 2.3, 252
= ABnN : Nr(‘tﬂkw + Naa.kB + kAD - uka. n
= 2 A 5)
k=1 + N2b A2 + sziAB + NiA B® + N;ABo
22 2.2, 2
- N"akAB - N b AB - 2N ..k..kAB
2.2
- N8B - Nf‘,m3 - 2N]2‘A B)
; _
L -1 2.2 _ b AB
"—"ABnNEN (NzakB + NobeA 2N2akk)
k=1
N -1 2
= 1B N (‘kB'bk“‘) .............(7.14)
k=1

The error in the approxxmat

.13) and (7.14) as

obtained from equations (7

_L
Z-X = -:‘:S'(akn—u) )

T
d N - N,
- ?}55_(’1;3" b A) (nanknk ... e 1as)
k=1

when this error is zero are jmmediately

apparent. Firstly, if the two rows 1 and j each have
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the same proportion of observations within each category,

chi-square X will be zero, which from (7.13) implies that

o, B =bA for all k, and hence Z - X will be zero from

(7.15)« The second possibility is that nkﬁ = nhk for all
k in (7.15) which implies that nk/Nk = n/N, that is the
column totals for the 2 x d subtable and the column totals

for the original ¢ x d table are in constant proportion.

Unfortunately, the error 2 - X is not of constant sign for

ncy tables as evidenced by the examples in figure

demonstrate that the.error

Figure 7.6, Two_examples that
- X+Y (see text) is

of the approximation T

not of constant sign.

A. B.
(a) Complete table (a) Complete table
1 3 9 1115 S
rows 2 3 21 T = 32.5 rows 2 515 T = 11.025
3|3 6 a | 30 20

(b) Subtable ~ (b) Subtsble
i 1[5
5

i _ S X
= rove o - = 10.000
P 2 X 9 2 | 5

rows .
I

Ll -]

w oW

(c) Subtable with rows (c) Subtable with rows
1 & 2 merged. 1 & 2 merged,
1&2 6 30 18&2) 20 20 vy _ .9
rows " g 30 6 Y = 32.0 _ rows g [ 30 20

2 «T-Y= b <.9=X g = T-Y = 10.125 5 10.000 = X

ie, Z-X = -0.4 <0 je., Z-X = .1257 0

/09. 0+
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Note that in the two examples of figure 7.6 the error is com—

paratively small verifying the observation of Kendall and

Stuart (1961) mentioned above.

The argument to show that the algorithm converges in th

asymptotic case, extends to the finite case as long as the

o s a4

difference between the merging and splitting cri

greater than the maximum possible error that could arise

using the approximation T = X+Y for the par

under consideration. In practice we have performed many
analyses and simulations using the critic

5% significance level as the merging criterion and the criti-

cal value for the 4.9% significance level as the

criterion without any problems. The computer program pro—'

vides a safeguard against & possible infe

criteria that results in nlooping" bY limiting the total num—

ber of mergings and splittings within

one predictor.

od (with_an inherent weakness) .

7.1.4 An alternative meth

he procedure to “"reduce” the original

Since it is the aim of
jcant subtable, it may be

ency table to the most signif
thought that the intermediate criterion on wyhich the merging
1itting process is pased, should pe the significance

of the whole table rather than that of just the subset of

onsidered for merging or splitting.

the table that is being ¢

/100. ..
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These two procedures are identical only to “the

i i i d in the previous sub-

asction. A convenient reference to the exact theory is that
f . .
of Maxwell (1961, page 52ff) who cites the originel references

and gives examples.

An . .
apparent advantage in using the signiiticance of the total

is that the Bonferroni

tabi i e e . .
bie at each stage oi the analysis;

estimate oi the true significance could be incorporated at

e 1 ¢ [ N 4 .
ach stage. Unfortunately this

property illustrated by the example in figure 7.7.

Figure 7.7. Example leading to 2 contradiction.

Dependent variable
‘1 2
Row 1 & b
Predictor Row 2 a b
Row 3 c d
Row 4 e i

This 4 x 2 table has ro¥ 1 identical to row 2, the actual
The test sta-

numbers in each cell being purely arbitrary.

tistic will be chi-sgua distributed with three degrees of
freedom and we may choose the test statistic to have a value
% level.

of Ta=7.82 sot is just significant at the 5
ected of the method

Combining the first two rows which is eXp

since they are identical (see section 7.1.2), reduces the
tingency table with unchanged test sta—

table to a 3 x 2 com

/101...



- 101 -

tisti ; .
¢ value T = 7.82 in this case. This value ig signifi-

cant
4 at the 2% level. However, the Bonferroni multiplier for

e 3 .
monotonic predictor is 3 (the number of 3 x 2 tables

\/
&
[l
13l
i

derivable from the original 4 X 2 tatl

nifi '
cance at the 3x2% = 6% level, that is no longer is there

Si n. .
gnificance at the 5% level. The situation for & a free pre-

dictor i . :
or is even worse since the number of derivable subtables

4““““j3~—(§>4-46441 '
hich raises the significance level teo 6x2h = 12k.

Thus. whi : :
us, while the use of the Bonferroni estimate of the signifi-

pzacessfis jntuitively

cance level at each stage of the merging

this hod would lead to an undes1rable conclusion.

. :
Srows 1 and 2 would not be merged.

7.2 Types of predictor.

ion considers three types of predictors: monotonic

and free which are used in conventional A.I.D., and & predictor

have dubbed nfloating" which could well be used in

A.I.D. ,but is discussed in this gection only in terms of CHAID.

on of the nfloating" predictor which includes

the types monotonic and free as special cases, will be dis-

Each type of predictor will be
CHAID, examples given to show U ‘hat e "gplitting"'process
onferroni multipliers

is necessary, the formuld for the B

derived, and some speczal cons tions in the analysis

lar type of predlctor will be noted. vhere

that affect a particu

appropriate.

/1020 <0
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7.2,1 Monotonic predictors.

Az in A,I.D., a monotonic predictor.is one whose categories

This may be depicted in figure 7.8

lie on an ordi

Figure 7.8. Example of a monotonic predictor with

seven categories.

At each stage in the merging process, only adjacent categories

may be merged, or a compound group merged with an ad jacent

category or group. The splitting process is identical to
A.I1.D., except that omly compound groups are considered for

splitting, and not the total set of categories (unless, of

course, all the categories have been merged down to a single

compound group).

To show that Qplitting a compound group may arise in the case
example in figure 7.9.

of a monotonic predictor consider the

(See next page).

from the full table depicted in (a).

The anelysis would proceed
2&3, and 3&4, that of

1&2,

0f the three possible merges,
and is depicted in (v).

. After
182 ig the least significant,

there are two possible merges:

this merge has taken places

- /108...
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Figure 7.9,  Example itti / toni
our le of splitting & monotonic predictor.

- Dependent variable
1 2
Row 1 120 80
: Row 2 70 85
Predict
: ° Row 3 25 40
Row 4 140 130

(b) Least significant two rows

Dependent variable
1 2
Predi Rov 1 120 80 2 '
ictor o . 70 65 ﬁ( = 2.180
(¢) Next least significant difference
Dependent variable
1 2
P . Row 3 25 40 . 2 _
redictor pov 4 | 140 130 K = 3.788
d) Re
(a) duced table Dependent variable
1 2
Predi Rows 1&2 | 190 145 2 _ 3.745
edictor poye 384 | 165 170 L

(e) Best split of completely merged table
Dependent variable

I S S |
o0 0 )

Predi Row 1 120 oV A/~ 53632
edictor po . 2 34| 235 235

(1&2)&3 and 3&4. The least gignificant ijs 08&%4 which is

now been reduced to (a) which

depicted in (c). The tabie has
has a chi-square value of 3,745, 80 that the full table would
ow if the critical value of 3.84

be collapsed into 8 single 1o

nificance level) were used.

(corresponding to the 5% sig
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If the splitting stage were unnecessary, the maximum chi-

square value attainable by a split would be the same as that

In this case however,

obtained by the last merge, ie. 9

the split depicted in (e) is better, yielding a chi-square

velue of 5.632 which is significant even at the 2% level.

The formula for the appropriaté Bonferreni multiplier follovws

for conventional A.1.D.

as & simple extension to that obtained

as in section 4.3. In general, t aumber of ways of parti-

tioning a c-category monotonic predictor into r groups 18
identical to the number of ways © r-1 divisions in
the c¢-1 gaps between the categories in figure 7.8. Hence

the binomial coefficient

the Bonferroni multiplier is given by the U
B c-1 v
monOtonic = (r"l e o o o o ° ° e o o o o ¢ e o ° '(7'16)

L4

Note, that in particular when r=2, & simple binary split,

lier is (c—l).

el 4 a
v

the Bonferroni mui

This coefficient is easily calculated on & computer, and is
£ the binomial

n
v

produced routinely in progrem CHAID. Table

coefficients are readily available, see fo

7.2.2 Free predictors.

Again, as in conventional A.I.D., a free predictor is one‘
vhose categories can he considered purely nominale. At each
stage in the merging process any two categofies or compound
categories mai‘be c Similarly, during the splitting
‘ jded with mo restriction 88

phase, a compound group may be div

‘to the grouping of the categories.

/105...

r example Hald (1952).
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T ,
o show that splitting a compound group may arise in the case

of a free predictor, consider the example in figure 7.10.

Figure 7.10. Example of splitting a free predictor.

(a) Full table
Dependent variable
H 2
4 Row 1 69 71
Predictor Ro¥ 2 113 96
Row 3 59 82
Rov 4 32 37

(b) Least significant two rows
I Dependent variable

1 2
69 71 X2 - .157

l 32 317

g
<

Predictor

B -

Ro

(¢) Next least significant difference

Dependent variable
| 1 2
Predi Rows 1&4 , 101 108 2 -
ictor "o = o | s 98 X° = 1.379
(d) Reduced table
' [ Dependent variable
l 1 2
Predi Rows 1,244| 214 204 2 _ 5 601
letor pow 3 59 82 X
(e) Best split of completely merged table
I Dependent variable
| 2 2
182 167 42 . 4.078

91 119

ietor Rows 3&4

/106, ..




- 106 -

L | . | .
e analysis starts with the full table (a) and finds that

th - K3 3 -
e most insignificantly different pair of rows is 1 and 4
9

wit j—
h a chi-square of .157 as in (b). Combining rows 1 and

4, i
, this compound row and rows 2 and 3 are analysed the

1 . . gy .
east significantly different being the compound 1&4 and
al row 2 as in (c). The compound 1,2&4 has a

chi-
hi-square of 3.691 when compared with row 3 as shown in (d)
) 1

so that t
that the full table can be collapsed into a single row if

th . .
e critical value 3.84 corresponding to the 5% significance

level is chosen.

1  aas ' ‘
f the splitting stage were unnecessary for a free predictor,

th . . . )
e maximum chi-square attainable by splitting the compoun

rov with all categories, would again be 3.691. However, as

§e§n in (e), splitting the first two rovws from the

gives rise to a chi-square of 4.078 which is significant at

the 5% level and would cause the program to spli !

at this point. (Note, however, that in both this case and the mono-—
t 'Y - .
onic example of figure 7.9, the 2 X 2 gubtables given in (e)

would not be considered significant after the final Bonferroni test.

ate Bonferroni multiplier is not

The formula for the appropri

, but fortunately has been derived as a

special case by Feller (1968) when considering the classical

In the language of this problem the ¢

occu
cupancy problem.

nceived as being ¢

categories of the predictor can be co

cells where each cell fepresents

balls to be placed in T

/107...
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a group into which a category is plaéed. Feller (1968) shows

-~ on page 102 that the probability of such an assignment such

that all cells are occupied is
r-1 . .
. i/r ie
o) = S () a-D
i=0
where his notation has been modified to concur with ours,

and the last term of the summation (when i=r) which is zerd,

has been removed. Sincé‘this—probabi}ityghasgheenﬁnalnnlnigd

over all the r° possible arrangements of balls (categories)

in cells (groups), and it is immaterial in our case which one

of the r! permutations of cells (groups) are used, the number

of ways of ﬁartitioning the categories into r groups is

C
Bfree = T po(c’r) / r!
r-1 . ¢
. i/r iy¢ r_
i=0 .
r-1 i r! (r-i)° ,L:
= ("'1) 12(1“'1)- c r!
2 n r
i=U
= - : )1
Z 1! lhl ¢ * L] L ] L J L J L J [ ] * L ] L L] L] L] .(7.17)
i=0

When only two groups are formed, ie. r=2, then (7.17) reduces

to
2-i)° g1 _

1 i
D ¥ = Pl

.the result obtained in part I of this thesis in section 1.1.

/108...
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Equation (7.17) is easily evaluated on a computer, and is

" produced routinely in program CHAID, Some commonly used

values are given in table 7.1 below tor the edification of

the reader.

Table 7.1. Bohferroni multipliers in the free case.

3

Categories v Number of groups, r

___.=c 2 3 4 5 6

2 1

3 3 i

4 17 6 1

5 15 25 10 1

6 31 90 65 . 15 1
7 63 301 350 140 21
8 127 966 1701 1050 266
9 255 3025 1770 6951 2646
10 511 9330 34105 42525 22827
i1 1023 28501 145750 246730 = 179487
12 2047 86526 611501 1379400 1323652
13 4095 261625 2532530 7508501 9321312
14 8191 788970 10391745 40075035 63436373
15 16383 2375101 42355050 210766920 420693273
16 32767 7141686 171798901 1096190550 2734926558

A problem peculiar to a free predictor is the labour involved

during the splitting phase to determine the optimum binary
plified by

split, In conventional A.I.D. this problem is sim

the method adopted by Sonquist and Morgan (1964) who show

that the optimum split can be found by ordering the categories

according to their mean on the dependent variable and then

treating these ordered categories in the monotonic fashion.

This technique carries over to the case of a dichotomous TEFEE

i to
dent variable where the categories can be ordered according

/109
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ire proportions that each category contains of one of the

dichotomies. In general, however, for a non-dic

(and hence non-ordered) dependent variable, the categories

cannot be so grdered. Consider as an examj
figure 7.11 where the number of observations in each cell

could also be considered as row percentages.

LT HYSE

categories

()

Figure 7.11, Example of a free predictor whos

cannot be ordered.

Dependent variable

1 2 3 4
10 40 20 30

Row 1
Predi Row 2 oo 30 40 10
edictor  povw 3 a0 20 10 40
Row 4 40 10 30 20

" The rows are in fact ordered according to both category 1

and category 2 of ¢ endent variable. However, they
are clearly not in order according to the last two categories
any permuting of the

of the dependent varia Further,
rows, while perhaps improving the ordering in the last two
£ the perfect ordering

columns, will cause
in the first two.

At this stage we have been unable to find any general method
of ordering the rows such that treating them in & monotonic
fashion will stiil guarantee ginding the best binary split.

Since no better method can be found, CHAID analyses all the

_possible splits to find the best oneé: As this can be tipe

/110...
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consuming, even for a computer, when a compound group contains

a large number of categories, CHAID offers an option that

inhibits the splitting phase for any particular predictor.

In practice ten—category predictors have been analysed inclu-

ding the splitting phase, but it is felt that with more than

ten categories the impact of these extra calculations may be

felt. For further details on timing, see chapter 8.

7.2.8 Floating predictors.

In many cases of practical interest, the categories of

‘dictor lie on an ordinal scale with the exception of a single

r» whose

+
vy or wWioseE

category that either does not belong with the res
position on the ordinal scale is unknown. This sitgation

2 . . i < IR Ry PN ”
typically arises when an investigation allows for an "Unknown

or "Do not know" categorye

Missing information is often recoded by some technique such

as by Preece (1971) who allocates a possible score or value

to the missing information; however, since such missing date

es it is usual to assign

does not upset A.I.D. type analys

a special category to them, see for example Morgan and Messen—

ger (1973).  Thus, whilst the other categories may be con=
sidered monotonic, this category of missing information is
the ordered get and we may call it a "floating"

pass on to the predictor -

unplaced in

category, an attribute that we

a "floating" predictor.
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Th3‘PTUgfEm*H‘tréEtmentgofga—f}oa$iag—ppedicinrgisggg follows,

During the merging phase the other categories may be combined

as described in section 7.2.1. — the monotonic predictor, and

the floating category may be merged with any one of the other

categories or compound row. Once the floating cate-

gory has been combined with another category or group, the

merging process treats the predictor as if it were completely:

monotonic - the floating category having now been placed in

the ordered §éEIéT"‘The—sp}i%ting—phasegirggts any compound

group that does not contain the floating category as & mono-

tonic set. A compound group containing the floating category

is analysed for splitting as if it were monotonic but the

floating category may appear on either side of the split point.

This is accomplished by taking the monotonic categories and

first placing the floating category on the one end of the

ordinal scale, and then on the other. Diagrammatically,
this can be depicted as in the example of figure 7.12 where

the compound group contains five monotonic categories and

the floating category.

Figure 7.12. Example of & compound_group containing the
floating category.
(&) ficating 4 5 6 7 8
category
(v) ; 5 8 % 8 floating
' category

/112...
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Th roup is first analysed for spli

monotonic group with the ordering given in (a),
ordering g1ven in (b). The last possible spli oint in (b), that
between categgry'S and the floating category, is not actu—

ally considered since it gives rise to the same split as

locating the spllt point between the float1ng category and

category 4 in (a).

The formula for the Bonferroni multiplier comes'from a simple

extension of the monotonic case. & c=category floating ,

predictor partitioned into r groups will either have the

floating category in a group by itself, or combined with some

rory or categories. In the former case, the r

(-]
-
-2
o®
"y
(]
®
o+
®
03

groups are formed by the single floatlng category and parti-

tioning the remaining c-1 monotonic categories into r-1

groups, From (7.16) this can be done in

(29 w-

When the single floating category does I

i ivi i roups
the c-1 monotonic categories m&y pe divided into T ErouP

ot appear by itself,

. ' oups.
and the floating category assigned to one of these T Erovp

This results in

r( " ) possible partitions.
N

Hence, the Bonferroni multiplier for the floating predic

is given by

/113...
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B =
float (: - ;) r - ;)

- (c=2)°t r{c=2)!
(r-2)! (c-r)' + r—l)\(c-r-l)!

(c-2)!
(r-1)t(c-r):

/; - f\ r-1+r(c-r1)
\r - E/ c -1

r-14+r(c - gl
c -1 Bmonotonic
' . o .(7.18)

( r-1 + r(c-r) )

This formula is easily evaluated on a computer, and values

Some commonly used

are produced routinely in program CHAID.

values are given in table 7.2.

Table 7.2. Bonferroni multipliers_in the floating case.

Categories Number of groups, T
________ 2 3 4 5 6
2 Pﬁ 1
3 F i} 1
4 5 5 1
5 7 12 1 1 .
8 9 22 : 22 9 1
7 11 35 50 35 11
8 13 51 95 95 51
9 15 70 161 210 161
10 17 92 252 406 406
11 19 117 372 714 882
12 21 145 525 1170 1722
13 23 176 715 1815 3102
14 25 210 946 2695 52417
15 21 247 1222 3861 8437
16 29 2817 1547 5369 13013
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7.2.4 Interleaved-—monotonic predictors,

The above section considers only a single floating category

that cannot be placed on the overall monotonic scale. It

is easy to conceive of situations where two or more such

floating categories exist. For example, a2 respondent to a
questionnaire refuses to answer a particular question and
either gives no reason for his refusal, or gives a reason

which has pértinent information,

Consider a generalization of this problem where the floating
categories themselves may be placed on a monotonic scale.
A typical situation that may arise in educational research

is where a respondent is required to state

tional qualification. Within any one country these answers

' may be placed on a monotonic scale. ILioweve
leaving certificate” in one country may not be at the same

ann
vaa

o

471

academic level as an apparently equi

country. If some objective investigation cou;d determine

a twn ecanles no nroblem
AT L AL B W VA N an r- ~ ~

o
a
T
a
e

an accurate corresponden

would arise. Usually, no such correspondencé exists, and

ic scales interleaved in

cale as follows.,

]
[
o
)
4
(]
"
|
13
]
]
[~]
o+
Q
=
b
0
o
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Start with a c-category predictor containing all the possible

categories that may occur. Partition these categories into

s non-overlapping subsets such that each subset forms an

ordinal (monotonic) scale, the i*®  subset containing c

categories (i=1,2,..,8). Any partition that simultaneously

retains the ordering within each subset is a valid partition

for this interleaved-monotonic predictor. It is assumed that

each subset is ordered in the same direction, though another

type of predictor without this condition could be considered,
but it is difficult to find a practical example where this

would be useful.

the

If in the above example of educational qualifications,

people in the survey were drawn from one of two possible coun—

_tries, then s=2 would result and ¢, would denote the num-—

ber of levels of education availahle.in the one couptry and

¢, ‘the number in the other country. Note that a "missing

information" category could also be provided by taking s=3

and c_=1, this being the "migsing information" categorye.
g~

ctor- discussed in previous sections

All the types of predi
_monotonic predictor.

ives the standard monotonic

are special cases of this interleave

Teking s=1 and hence ¢,=¢ &

predictor. A free predictor arisés ¥ en s=c and each

c;=1. The floating predictor has g=2 and either ¢, or

,gory) the ordering of the

c, equal to one (the floating c&

¢ being immaterial.
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lementation of such a generalized predictor is not

trivial, but special cases are more easily handled.

the calculation of the Bonferroni multipliers

does not appear an easy task in general, but again for &

r case the problem is simplified; The idea of

ut forward &s8—&

an interleaved-monotonic predictor is p

possibly ugeful generalized predictor but it is temporarily

shelved pending future investigation and research.
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CHAPTER 8. Bmpirical Investigation.

8.1 Simulation under the null hypothesis.

In the previous two chapters a number of cliaims have
made regarding the efficacy of CHAID in practice. Specifi-
cally, one of the main aims was to control the
data,

— the possibility of finding some "relationship" in the

indicated by a split, which is fortuito

A simulation of size two hundred was made for each type of

predictor. , Each simulation generated 480 data

elements which were partitioned into 2, 3, 5, 8 and 10 cate-

gory prediectors. The simulation extended over 2, 3, 4 and 5

category dependent variables, making ten trials for each com-

bination of number of categories in the predictor and depen-—

dent variable.

The random data were obtained by generating 480 uniform random

asuswerthe generator (appendix A dis-

numbers u, say, by &

cusses this and gives the relevant coding as part of the nor-

and assigning the observation to

N,

mal random number

()
category [1 + dui‘] for a d-category dependent variable.

was assigned cyclically 1,2,..5¢,1,25..

qual allocation to

over the 480 date elements ensuring an e

In each case the merging criterion was . significance at -
the 5% 1level, and the splitting ‘eriterion was set to 4.9%.

The final Tesult was only considered significant if the table
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was not collapsed into a single row, and the resulting contin-

gency table was significant at the 5% level after correction

by its Bonferroni multiplier.

The results of the simulation are displayed in table

Under the null hypothesis, each cell is expected to have 0.5

trials significant, making the total for each row 2.5 and the
total for each column 2.
Table 8.1. Number of siggificant results at 5% level in
data simulating the null hypothesis.
(a) Monotonic predictors.
Dependent Number of categories in predictor
veriable 2 3 5 g8 10 | Total
¢ categories 0 1 1 0 0 2
3 categories 1 0 0 1 0 2
4 categories 0 1 i 2 0 4
5 categorices 1 0 1 0 1 3 ‘
Total 2 2 3 3 1 11 / 200 = 54%

(b) Free predictors.

Dependent Number of categories in predictor

variable 2 3 5 8 10 Total
2 categories 1 1 0 0 2
3 categories 1 0 0 1 . 0 2
4 categories -| O 2 1 0 0 3
& categories 1 0 0 0 0 1
Total 2 3 2 1 0 8 / 200 = 4%
(c) Floating predictors.
Dependent Number of categories in predictor
variable 2 3 10 Total
2 categories | 1 0 O % = 0 1
. 3 categories 1 o 1 1 1 4
4 categories 1 0 1 1 1 4
5 categories 0 0 1 0 0 1
Total 3 0 3 2 2 10 / 200 = 5%
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fach of the three sets of gimulations had an approximately

z the 5% significance level that

i1 5% i Al
overall 5% error rate matchir

was used, The free predictor (b) had a 4% error rate which

£rom the expected 5%, although

[

is not significantly differen

one may feel intuitively that the large Bonferroni multipliers

7.1) could cause the test to

for a free predictor (see table

be too stringent.
Table 8.1 is a satisfactory result and should instil confidence

in CHAID users that they are not being misled by chance rela-

tionships.

8.2 Timing.

Since the simulation covered & varie of dependent.varlables
and predictors, the computer execution time for this experi-

ion time of the routines

wat

ment can provide an ngverage"

for each type of predictor. These timing estimates are based

erforming under IBM's

o
"
"3

on the IEM S/370 Model 145 compu®

VS1 operating system.

] i i i from rotal
The average time for each routine 18 obtained

rhead required to gener-

time of each simulation minus the ove
- s _ 3 ther YOe 2
ate the data. This last quantity was obtainea ©y re running

g the actual CHAID analysis. Hence the

a simulation excludin

time for each routine includes the linkage time
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from the subroutines, Since the splitting process within a

free predictor is time consuming, an additional simulation was

run inhibiting the splitting process. The result of these

runs and the calculations are given in table 8.2.

Table 8.2, Time (in seconds) for each routine on an

IBM S/370 Model 145.

Type of predictor.
Monotonic| Free Free Floating
: (no split)
(a) Total ti £ secs secCs secs secs
ime for Ao —rq 506 Tra
200 trisls 148 .| 559 206 158
(b) Overhead 23 23 23 23
(c) Net time (a) — (b) || 125 536 183 135
(d) Time / di
predictor .68
- (e} /200 0.63 2.7 0.91 0
(e) Number / second .
, 8 0.4 o )
= 200/(c) 1.6 0.4 1.1 1

For those not conversant with the IBM S/370 Model 145,

the "Gibson mix" index for this machine is 0.30 milli-

seconds. A discussion of computer "benchmarks" and a com—
parison with other machines is given by A.H.Duncan in the

book edited by Yearsley and Graham (1973, chapter 5).

Table 8.2 indicates that a monotonic predictor is evaluated
fastest, with the floating predictdr only slightly slower.

A free predictor takes about four times as long to analyse
ﬁhough this‘factorbvould be reduced if fewer categories per
predictor were used, The extra timevneeded to analyse a free

predictor is mainly due to the splittihg process which has been
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. noted earlier to be cumbersome, Excluding the splitting

process from the analysis of the free predictor reduces the

time taken by a factor of about one third, bringing it more

in line with the timings for the other types of predictor.
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CHAPTER 9. An example.

JAID has been used succéssfully in a number of

enalyses by the author. Some data with a dichotomous depen-

previously analysed by A.I.D., were re-examined

with CHAID, yielding identical final groups although there

vere differences in some of the sub-analyses of predictors

that were not used for subdividing the data.

n

—4—4—4444444Eor4the4pntpnsg of describing the prlntout of CHAID

interpretation, an analysis of student data at the Un1ver;1ty

of the Witwatersrand is presented.

is based primarily on their matriculation examination record.

There are a number of examination boards in Sou

there is a widespread belief that the standards set by the

various boards are not equivaient. It has been

said by various educationists that students

who matriculate under some boards "do nd arform as well as

This is partially borne out by a cross-tabulation

performance, where stu-

si vY P®

expectedf'

of matr1cu1at10n board and univer

dents examined by a particular board consistently underperform

aasSas

in various faculties. _
decided to investigate possible

her than  immediately blame
the examination system it was

aasoc]_atlons between t -.!l&tion boa.rd and other back-

ground 1nformat1on ava11ab1e about students.



Thi

iis inve
tigation covered 669 st

in the Th
eory of Accountancy (CTA) over the four years 1960

4 A AN
L0 1963 incl i T
inciusive. The matriculation board

into 3
four categories as follows.
f:\
(i . e i o= s s m s
) Joint Matriculation Board (JMB), co
students,

(ii) ~ T
/ Transveal education boards including the Secondary

School Certificate (TSSC) and the University Entrance
Certificate (TUEC), covering 59% of the students. '

~ (iii) National Senior Ce
rtificate (NSC), covering 14% of the

students. (This was the main exam1nat1on thought to be

(iv
) Other boards, covering 7% of the students, consisting

mainly of boards of other provinces and credentials

presented by foverseas" students.

N

" of the matriculation board were -considered:

(1) Whether or not a gtudent obtained a CTA within ten

years of admission

(1i) Year of emtry: 1960, 1961, 1962 or 1963

matricula—

ubjects included in
' etc)

(iii) Number of commercial s
tion curriculum (eg. Book-keeping, Mercan

+
a

uded in matricu-

(iv) Number of
lation curriculum \ég-

non-academic subjects 1ncl
ine. Woodwork, etc.)

JreTeoers

(v) Type of school attended: nconventional” schools or
"cram" colleges)

wgutorial” colleges (called colloquially

(vi) Matriculation mathematics symbol (A" to "F", "A" being
a distinction, "F" & fail)
(vii) Matriculetion English symbol (A" to "F", wA" being

distinction, "F" & fail).
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Sec
t1°ns of the anuly81s ar ved in appendix C,

and
are referenced by the circled numbers. Page (:)
summari i nf ti '

arizes the information about the variables and the options

used in the analysis.

N ) i -
ote that each categori‘ﬁiméfis—symbolized by a single printed

cha ) i ‘
racter (in order to shorten later output). The

f
irst predictor of whether. E‘student—eventually obtained the

CT i nhi
A was inhibited from splitting the data (if it were s1gn1f1-

c .
ant enough — as it turned out it was not) as indicated by the

word "NOT" in the column headed nySE?". The last two predic-

tors were defined with their first category non g5 floating

since this represented migsing or unobtainable jnformation.

plit into three parts. The

The output of the analysis is 8
es the analysis of each group

first from &.) to &;) summarizes

and subgroup. The second, from . to @ glves the deta11

of the first part of the analysis within each predictor,
showing how the categories were - werged and

of the "missing jnformation”

split, Note that the simi

category to eaéh of the other categories is given and could be
used to recode such infor® mation to the category most similar

The final part, from

to it, for some non—CHAID processing.

(12). to (lg) glves the cross tabulation between the dependent
variable and each pred1ctor for the total group,both before

ess has taken place. ‘Note that in

and after the merging Pro¢

practice, the second and third parts are given for each subgroup

analysed by the progrem ~ this output has be

en omitted from

appendix C to reduce its length.
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The summary of the analysis of the to

¥ h 3
ere it can be seen that all the predictors are highly signi-

fica. -
nt except "Year of entry” which is no -gnificant con-

her predictors (the Bonferroni

inequality implying sxgn1ficance only at the 7x2.4% = 11%

sidering that there are six ot

1 . ‘
evel). Note that the first predictory of whether

-

¢+ this stage of

or not the student qua11f1ed, is 31gn' jcant @&

th ; .
e analys{f, lending support to the prejudice dgainst

— some matriculati
tion boards. Once other factors have been taken

i . . . ¥
nto account, however, this predictor 1s no longer significants

as the subsequent analysis reveals.

jable with each pre-

Mhee ~een e )
The cross tabulation of the dependent vari

dictor is given in @ and @ and the tabulation with the

uping of the categories of the predictor is given

of each pre-

in and . The detailed analysis
dictor is given ¢,) to (11) and shovws how the '

es within & predictor was constructeds

final Eroupinngf categori
ges and splits at each

ing posSible mer

3
3
1)
1&

together with comp
ar11y voluminous and in most of

stage. This detail ijs necess

rtions are of primar e ueer.

y 1nterest to th

e «

the analyses only Per

Note for example that in . th
predictor is

e missing informatlon catego

merged with a 'D'

(?27) in the mav thematics merk

. . s
symbol in the verylfirst stage of the analysisSe Thus the
who have missing informat1on on this predictor

four students who 297

' gATD
(see @) may be recoded to & D! symbol for 8 pon—CHAZY
analysis.
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"Number of commercial subjects” is _ the most _

significant predictor, - and the table on kE) ¢

copy of the same table im (14)) shows clearly that NSC students

tend to take more commercial subjects (generatiy*considered

] ared with the JMB and TSSC & TUEC stu-

dents. The total group is now subdivided into four subgroups

f1catlons on < ). Because the options

for this anal{51s specifred that subgroups with less than one

bundred students should not be analysed further (a high setting

to reduce the volume ot output for this dlscuss1on), those with

rcial subjects are not cons1dered again.

Page (:) summarizes the analysis of those students who did

not offer any commercial subjects in their matri culation.

The first four predicfors are now all found to be not signifi-

cant, as well as the last predictor "Ehglish mark"

significant when considered in 1solat1on,

tion with the six other predictors (the Bonferroni inequ

implying significance only at the 1x2.07% = 14% level).

"Type ol school” and the table

The most significant predictor is
on (:) shows that no TssC & TUEC or ngther"

the so-called "cram" colleges.

students attend

The analysfs of those s dents who offered & single commercial

subject in the matr1cu1at1on is summarized in <:>.v Here

again the first faﬁr predictors are found to be not significant.

As above, the most significant predictor is "Type of school"
and the %SSC & TUEC ;gd’ "Other" stﬁdents are again‘under—

g in the neram" colleges.
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It may be noted that only a very small minority of students

_ who offe : i jects T their mat
r one or no commercial subjects for tlheir matricu-

lation attend "cram" colleges. The majority of the 99 stu-

dents from "cram" colleges (see last table on \57) have al-

ready been separated from the analysis on the basis of having
two or more commercial subjects in their matriculation cur-

riculum,

Finally, (:) sunmarizes the analysis of those at conventional

schools that included no commercial subjects in their matricu-

lation. The only predictor of any significance is "mathe-

matics mark" which shovs that the JMB students seem to score

worse than those under .other matriculation boards — perhaps

due to stiffer examinations. Pages <:) and <:) conclude the

analysis showing that there are no more gsignificant divisions.

Stringent options have been selected for this analysis in

order to curtail the output — in practice "Jooser" options

are chosen, to provide further information.

 For ,1mp11city of presentation the above results are

the dendrogram of figure 9.1. (see next page).’

[

sumarized in
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Figure 9.1. Dendrogram of the analysis of matriculation

boards.

3&4 2
[ 49“ [_*38
0. 4% |0. 3% 572
J. 0% uv%
T. 16% 4%'
N. 71%
- Type of school
"Cram" "Cram" onventional
15 412
0. 0% 0. 5%
|J. 87% j. 28
0%
N. 13%
Mathematics ark
A,B,C,D ?2\E,F
Legend: ‘ 320 93
(i) Top figure in each cell 0. 4% 10. ;9%
" js the number of students. J. 24p% J. 41%
' . N%| |T. 48%
(ii) Symbols for matric board: . l%‘ . 1%
Qo = Other
Jc = JMB
T. = TSSC & TUEC
N. = NSC
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CHAPTER 10. Summary and Conclusioné.

10.1  Swmmery.

A number o ensions to A.I.D. have been presented and

discussed. An 1mp1ementatlon of these 1ueas4hasgbeen pro-—’

vided to amalyse n nominal dependent variables, though of

course ordinal dependent variables could pe_categorized

and reduced to mominal. The major extension of the tech—-

nique is the ut111zat1on of the experience gained in the

is concerning the 1nferent1a1 aspects

of A.I.D., In this gecond parts the "best" split is defined

t significant" split rather than the "most explan—

atory" which does not take into account the type of the pre-

the number of its categories. This introduction

of continual signifzcance testing at each stage of the analy-

g criterion for assessing mul tiwvay subdivi-
e data, which is felt to yield a more €

aditional binary splits that are occa-—

gsionally mluleadlng-

jctors that are not monotonic (ordinal)

"
(03
B

The problem ©

nor yet fully free (nominal) has been considered briefly.

of & predictor that is monotonic except for

Y- %-1-]
se

The special ©&
e category that asually denotes missing or unobtain-

' singl
‘able infor mation, has resulted in a floating predictor that
ha; been found to be of great practical value.
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Like its predecessor A.I.D., CHAID is a powerful technique

for partitioning data into more homogeneous groups. While
this type of analysis is often used as a piecursor to‘a more
parametric technique, it has been found frequently to be an

end analysis in itself. This is especially true in those

fields where the typical method of analysis has been to pro-

duce and examine (if it is humanly possible) all cross tabu-

lations of the data. CHAID automates this to some extent

by rejecting insignificant cross tabulations and immediately

focussing the researcher's attention on the potentially use—

ful subdivisions.

10,2 Conclusions.

There is much room for improvement and added sophistication

and to CHAID in particular,

Even while working on CHAID, and especially during live data

onsions and ideas for future research came

Firstly note that the dependent variable has been considered
Fir ’ ?

as & purely nominal (ie. free) variable. If it takes measures
on an interval or ratio scale then standard A.I.D. is the appli-
cqblc,téchnique. Ordinal dependent.variabies (ie. monotonic)
6;ﬁg§difications~thereto (eg. a floating or interleaved-mono-

' . he problem

tonic variable) have not been considered here.

" of contingency tables with ordered categories has received
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attention in the literature and the test statistics developed

for various models (see for example Simon (1974) who also

briefly reviews other work in this field) could be used as
&pp?opriete criterion in analysing data with a monotonic
dependent variable. A second approach to this problem which
lied equally well to a floating dependent vari-
able as well as other types is to trﬁnspose the CHAID analy-

sis and condense also the dependent variable by merging its

categories, This would result in an even more

parsimonious description of the data. Perhaps ideally both

the above approaches could be effected simultaneously.

The second major improvement concerns the particular imp

tation of CHAID that has been presented which relies on moder-
ate to large samples in order t

contingency tables may be'applicable. As mentioned earlier,

an exact test could be used for sma

of the large pumber of contingency tables to be examined this

could prove cumbersome despite the speed of present day com-

puters. A possible alternative, especially useful when par-

ticular rows or columns have few observations (possibly a

result of the CHAID splitting process), is to force such rows

or columns to be merged, a process that is often performed in

practice when insufficient numbers of observations occur in

" jn a chi-square test. More in line with the

some "cell
philosophy of this thesis would be to follow the literature

- eontingency tables with small expected values, for example

/132...



- 132 -~

Nass (1959) for large sparse tables, or Margolin and Light

ho examine small sample behaviour in two-way contin-

gency tables for a variety of test statistics. These alter-

natives for small samples would need to be studied more closely

before their implementation in a CHAID-type program, especially

to ensure that the procedure would still converge to a stable

-solution,
Finally, we reiterate that computer analyses are no substi-

tute for sound commonsense and the researcher's own extensive

In order that the user may impose

experience in his field.

his knowledge and experience on the progress of the analysis,

ications of primary subdivisions of the data (as

user specif

mentation of CHAID. I

n this way the researcher can control

the an@]ygia guided by the computer - a combination that we
hope will be profitaﬁle in enhancing

re#l world phenomena.
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Appendix A. A 1.

Subroutine NORSP

written

in IBM S/360/370 Assembler language to return a vector of

tion of range on any set of deviates.

sible restric-

It is invoked from

Fortran by

CALL NORSP(N, ISEED,ITST,P,PR)

where

N.

ISEED

ITST

Input fullword integer. The num
normal deviates required

Input/Output fullword. A seed for the pseudo-

random number generatorm

Input: First bit must be 0. At least one bit

mast be 1.

Output: New seed that can be used in a subsequent

call to NORSP.

Input fullword integer array of length N.
Indi;ates the range of the corresponding normal
deviate.

= 0 No restriction on range.

> 0 Used for range of type |x]>§. See PR below,

< 0 Used for range of type |x/<a. See PR below.

Output fullword real array of length N.

Contains the random normal deviates;
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PR Input fullword real array of length 3. Used in
conjunction with ITST to further define the range
of the normal deviate. These constants modify

the value of the Uniform random number U fr

which the random normal deviate is obtained by

the inverse transformation.

If ITST>0 then new Uniform number is UxPR(3) + SPR(1)

p i 2> ,__¥ITY
where 5=0 if UxPR(3) < PR(2)

=1 otherwise.
~and if ITST<0 then new Uniform num

UxPR(1) + PR(2)

Notes on the constants PR.

D
o
=
®
=

If the required range is ix} Xe t
- PR(1) = 2%(a) - 1
PR(2) = 1 - ¥(a) = 3(1 - PR(1))

PR(3) = 2 - 2i(a) = 2xPR(2)

-
u
ut
w
(id
=
(™)

where d(a) is the cumulative aorma

The routine could also be used to g

for example if the required

enerate random normal

deviates within other ranges,

e is a<x<b then

PR(1) = E(b) - 2(a)
PR(2) = ¥(s) ' end use ITST >0
hile if the range is x<a or X>D then also

se ITST<O0

and

pR(3) = 1 - #(b) + i(a)

Finally, note that the above holds even if & = -0 or b =,
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The Assembler listing of the routine follows. The routine

requires tables of the i
tion IVT1l and IVT2 as described in the text. A listing

- o = - o - -~ wer a ~
of these tables follows the Asse utine.

subroutine HAST(U,X) which is required to convert the
-4,

10 ) follows

probebility U ( to t

-
-
»
.

A

the tables.




-
S

LISTING OF SUBRCLTINE NCRSP

NOFSP START O (NsISEER,I1ST,P,PR{2))

LSING *,1¢C USE R10 AS EASE ACCRESS
SAVE (14412),T9%* SAVE ALL REGISTERS
LR 10415 LOAC ENTRY PGINT INTO R10
ST 12,R132 SAVE R13
LA 13, SA POINT TC NEW SeA. IN CASE WE USE IT
L 290(0,1) ADCR CF NC. OF ITS
290(0,2) NG, OF ITS
L 11,4(Cy1) ACDR CF SEECLC
L 7+40(0,411) SFEC
L 3,8(0,1) ACCR CF RANCE-TYPE
L 441210,1) @ ADDR OF ANSKERS
L 5,1€(Cy1) ADCR CF NEC CCNSTANTS
?

Logp SDR  C,0 OBTAIN RANCCM NULMBER (R N.) O = 1
ST 7 yWCRKA+4 SAVE SCME RANDOM BITS AT THE END
LR €47 COPY 1C RSB
SRL €412 RIGHT SHIF1
xR €47 ExXCL CR
LR 7+8 ‘ COPY BACK
SLL €y18 LEFT SHIFT
XR 7,8 EXCL. CR
SLL 7,1 RENCVE SIGN BIT
ST 7 3yWCRKS RANDOM RITS IN WCRKE
SRL 7,1 RESET FGR NEW SEED
MvC WCRKA+1(4) s WCRKR RoNe IN WGRKA
AD C s WORKA OUR NCORMALISED ReN.

SR §,8 FOR CCMPARISCN

c B:0(6,2) FIND HCw T1C MCDIFY THE RGN,

BE NORDEY NO MODIFICATICN NEC.

BH INSID INNER RANGE

ME 0:8(C,45) RE-ADJUST RANGE GF R.N.

CE Cs4(C,y5) IN BOTTCM CR TOF PART CF RANGE?
BN NORDEV IN BOTTCM FART ALREACY

AE CyC(C,y5) SHIFT TC TCP PART

B NORDEY GET CN WITE IT.

INSIC ME Cs0(C,5) RESCALE R.N.

AE C14(0,45) SHIFT 7O MICDLE OF RARNGE

NCRDEV SR S,9 SET INDICATCR (ReNe < o5)
CE 0y=E'C.5" ReNe < 0o5 7
BN N2 IT IS LESS
LA Syl RESET INDICATCR {R.N. > .53)
SE C»ONE SUBTRACT CNE.

LPER CyO GIVING (1.0 - ReN.)



A 5.

LISTING OF SUBRCUTINE NCRSP CCNTINUEC

h2 CE C,=E'C.Cl' CAN WE USE TABLE 1 ?
BNL LCCK1 YES WE CAN
CE 0y=E*1,0E-4" CAN WE USE TABLE 2 7
ANL LCCK2 YES WE CAN
STE C,RV STGRE R.N. IN CCRE
CALL FAST, (RVyANS) USE HASTING'S APPRCXIMATICN
LE  4,ANS ANSWER IN FlLe. Re 4
L e ENDCFF "CARRY CN AS LSUAL
CK2 LE 2,=E'1.0E5" APPLICABLE CCNSTANT
L 12, TABR2 ACDR OF AFFLICABLE TABLE
8 FIND NOw DG TABLE LOCK-UP ETC.
LCCK1  LE 2,=E'z.,0E3" APPLICABLE CONSTANT FCR PRCCUCING INCEX
; L 12, TAB1L ADDR OF APPLICABLE TABLE :
INC MER 2,0 FOR ELEMENT CF TABLE
LD . 44MASK 70 CCNVERT TC INTEGER.
AUR 44,2 G
STE 4 4ANS 7O GET IT INTO A FIXEC REGISTER
L 144ANS puUT INTC R14
N 14,=X"CCFFFFFF! REMCVE EXPCNENT
SLL 14,2 FOR ELENMENT IN TABLE.
SDR 2474 , FRACTICN ABCVE ELEMENT IN TABLE.
LE 4,4(14,412) TAB(K+1)
SE 4,0(14412) TAR(K+1) = TAB(K)
MER 4,2 REM* (T(K+1) = T(K))
AE 4,0(14,412) T(KY) + RENMI(T(K+1) = TIKI)
ENCOFF  LTR 6,9 MODIFY ANSWER?
BZ ANSKER NO
~ LNER 4,4 X = =X
ANSWER STE 4,C(644) STORE ANSWER
LA €,406) ACD & TC Ré
8CY 2,LCOP DO APPRCPRIATE NC. CF TIMES
ST 7,0(C,11) RESTORE NEW SEEC
L 12,R1? LAST FRCGRAM'S S.A. 'ACCRESS
RETURN (14512)47,4RC=0 GO BACK T1C CALLING PROGRAM
DS cD ALIGN CN DCLBLE WORL
WORK A cc - xeg4cCCCCCCCCCCCCCO
WORK R cCc - xr4ccccccccccccccct
MASK CC x1460C0CCCCCCCCCCOY AN APFRCFRIATE ZERC.
TARL DC v(ivTl) ACCRESS OF FIRST TABLE
TAR2 cC viIvTZ) ADDRESS OF SECGND TABLE
SA DS 18F REGISTER SAVE ARCA
R13 cc Fro" SAVE AREA FCR R13
GNE cC E'1.0" FLCATING PCINT 1
RV Cc E'C.C? INPUT TC SLEBROUTINE HAST
ANS cc E'0.0! QUTPUT FRCM SUBRCUTINE EAST

ENO NORSP



— G16965°0 $L5366°0
S m E2EL10°Y 92%510°1
< m & 6L96E0°T TELOWO"T
S| % L1e090°1 815290°1
2l B §95280°1 223v80°1
ol o, BYEGIT*T 6L3L01°1
| @ Lstsziti oelielct
3| # 16L261°1 02255 1
Bl w 6BYLLTS 6656LT°1
81 & ceszoe® czgs02°1
o 061622°T 2931¢€R°1
BB g1g932°1 €80652°T
ol o SUYYBZT 0LZLBE°1
Ol = THGETE"T L1391E°1
ol 8 besEvE"T LESIVE"T
81 , 22vsLE®T LS3BLE®I
sl 5 2yys0%°1 6281T%°1
ml ., TL0EVY 1 CE9I 1
o) e weselwtl siec 91
El 2 6606161 ¥€022s°1
2l & zes866°T 122E95°1
ol 3 €uLZO9°T ¥92LOI°T
3l o LILOH9°T 623%59°1
Sl 2 €5%00L9T 0%090L°1
ol » 716969L7T 90%29L°1
ol  ciy81871 2006¢8°1
o 96188671 159668°1
ml , €85696°1 £GELLGT
al 5 ZL1v96te 6EBYLO°C
- 19vEBT%2 6621612
¥ HibGHETZ GGGGDE"2
S 313T19%2 0LLIGO"2
(]
PN soUl J602°
= S% 00 2500°

1%9000° T

9¢6120°1
888CYO0°1
Gg2L%30°1
c60L80°1

56601°1
Dlgeel*1
999/.61°1
L1g281°1
1¢i1e02°1
VA AL A A
36813¢°1
¢%1062°1
s0661E*l
gv005¢°1
Lo618e°1
geestvt1
6020s8%°1
yG0L8% "1
Le092s" 1
68%L9G6° 1
g2¢glio°t
L8669 1
9erT1IL°1
09e89L°1
5931¢e8°1
CO0EE06°1
582985°1
89LG630°¢
58%112°2
LESIEE"Z
9G65959°¢

6820°
sed0*

014L200°1
169¢20°1
050s%0°1
9€6990°1
evees0”l
ozeeittl
G689e1°1
g1109T1°1
¢y0e81°1
L2L0T12"1
geeLecet 1
0v9v9l°1
1e0e6l°1
y062¢ce°1
zLiegel
0LTS8E"T
EG0RIHY°1
G06eGH 1
16806%°1
990%¢c6°1
¥8LTLG T
%Ev91G6°1
566%99°1
£€8891L°1
tLeytl°1
g1yBEB 1
gecot16°1
2B€666°1
0109€60°¢
0819¢¢2°¢
9E880Y <
I62LYyL* ¢

08GO°
0e0O*

9eL%»00°1
69L620°1
S12Ly0° 1
%615920°1
619160°1
169%11°1
g8Zeel*1
6L6291°1
9LGLBT"T
seeelc*1
2e65¢d°1
gghvLoet1
L26s6c1
g166¢ce’1
01e99¢€°1
6v%88¢c°1
6802¢Z2%° 1
0cicHw*1
oL9veH°1
611%es°1
01TI9LG*1
6L0129°1
686599°1
ogegeeL1
66%38L°1
PATAL A Rt
898816°1
e%9%2G* ¢
o¥¢801°¢
69¢1Hvd 2
0622e%° e
182908°¢

GLOO*
¢2l0°

%¥98900°1
€58L20°1
LeES%) 1
LLETLO®T
9538€5J0°1
G859 11°1
9890%1°1
9%3691°1
LTT1051°1
096612°1
o%¥9¢ve°1
9¢2dtLet1
sg88s5¢° 1
gcagde 1
2avsee°l
gehL1se°l
gevsscdy°l
Gel19k°1
11685%°1
L6TBEG T
$949035°1
19L6¢3°1
997191
ocoereLcl
80996L° 1
L1268 "1
§¢89¢6°1
5L0%13°¢
2600¢1°¢
253L5d°¢
291LsY *¢
£859L3°¢C

2L00~
0200°

9%6803°1
1260€0°1
2761350°1
»09eld*1
5L1363°1
82eESTT*1
160ev1°1
023L91°1
§33261°1
8868121
gseske !l
5v0eLc*t
y3l10e"1
ceolee*l
9¢%79c°t
15066c° 1
€105¢%°1
30LY9v° 1
gLedls®1
o0eehs°1
5%3H8%°

Livles*l
LLLsLo°t
heseel®l
9Z8esttl
681563°1
glokeo°l
L59c¢0°¢
€E302¢e1°?
Is5¢eelc*?
169e8%°¢
956335°2

$902°
SI100°

Z€I1T0°T 621:10°Y
€EG12€0°1T 0€eChed*l
EVLESO T 625660°1
9€86LO°T wideLI*1
L9¥350°T ¢¢LOd1°1
GLITZIT 620hZ1°1
266511 ed6lyvl®l
1200L1°1 GowaLicl
12256T°1 9I8LLST°1
9221¢z°*1 2Lseed 1
€3J8%Z°T 616C5¢°1
tl36Le1 LOotBLzZ* 1
%¥39%0e°T 5¢9LdE°1
923vee*1 1e9Llec°1
»038637¢c°T L6589t °
9Lg35e° T 3141d%°1
1062ey°1 LOD9ER 1
ggezIv1 sL02Lv°1
662%06°1 891215°1
Te?3%5°1 336063°1
532586°1 Z1lesa 1
2€25E3°T 1200%3°1
LE5%733°1T th1I59°1
€51lbel*T 606%hL°1
ET165L°T 21%508°1
582398°1 88%cl3°1
g¢le6°1 0LY1G6S5°1
LIGEED*Z 915c%¥d°¢
63gy%1°2 (GOLsT*?
y¥2e0582°¢ BESLIEY
800216°2 8E£6CY%3°¢
L53%82°c 203933¢2°¢t
0900° 6600°
0100° 60020°

g22310°1

2e%3e0°1

121360°1

81e230°1

230e01°1

05¢9¢1°1

bres31°1
3357L1°1
35¢002°1
L2z3322°1
p3ges2 el
D3s18Z°1
LLadie* 1
UEERL A |
gocelel
2LI50%° 1
0ES6ER°T
PEYRTA AN
550R15°1
1LLYyS5S8°

051355°1
133%%3°1
65£5%9°1
23205L°1
335113°t
L3tles*1l
655556°1
GeLle50°*2
3300L1°¢
952%2t*¢
Yt I6L6°¢
€30136°3

0c00°
0302°

Gl°0
»1°0
€10
[4 Qv
11°0
(0] ]
60°0
82°0
L2°0
93°0
$2°0
%0°*0
€0°0
20°0
10°0

2°0



AT,

[ LYALA Y]
25166%°0
L5269%°0
set1esv*0
59¢L6%°0
tostits*0
begscs*0
2820%5°0
F%8956°0
5¢5696°0
L2EY8S°O
562556°0
92ev19°0
ees62%°0
866Y¥Y¥5°0
§5€099°0
%909L9°0
205155°0
¢16L0L°0
LOT%EL®0
»o7GwL*0
€80L5L°0
gE68ELL®D
%0506L°0
Ls1808°0
6G69626°D
607EYE°0
cey196°0
IvLels*l
Eve866°0
eLeZL1Is*o
0£59%c0°0
eE71966°0
0e19L6°0

L500°

S%00°

3L9ZH»%*D
Z%896%°0
LSYOLY*®O
Y7598%°0
LEIBEY*D
0€5216°0
6L2LCS®D
9clLl1bs*0
860£9466°0
65650L6°0
618686°0
09L2J9°)
0%¥8619°0
2331e9°)
1e%¥9%9°0
655199°)
C%9LL9°0
g€s5he69°0
€2560L°0
LeLscdl*o
LAATA Y RaY
€GL8GL*D
GLSSLL®D
61326L°0
9685608°0
BI%L28°D
§516%8°0
062€98°0
L86188°0
922006°0
€81616°0
SLYBES®D
$21866°0
cs18L6°0

0500°
JH%0O°*

660%%%°0
yE6LS%°0
L6BTIL%°0
b56G68%°0
L0OT006°0
09e¥»15°0
61L826°0
881¢e»5°0
LLLSS*0
GL®2LS°0
€0€l86°0
192209°0
96€L19°0
¢5629°0
LL6LY9°0
215€39°0
L126L9°0
B80G659°0
9¢111L°0
63€L2L°0
96LEYL*O
9¢%09L"°0
692LLL®O
9eewsL* 0
LESTTIB"Q
781628°0
1669%8°
0L0698°
LeEy€EBB®
LO1206°
960126°
¥Z%0%6°
601036°
YL1086°

$800°
SECU”

ZrwsH%0
92ebs%°0
6cELy° 0
2¢€L8%°0
¢61046°0
6L519°0
910€5°0
Y97 9%4°0
€26496°0
56€L6°0
5L886°0
9LE09°0
€l8819°0
$21v€6°0
€266%9°0
6L0499°0
L5L089°0
639959°0

16L21L°0

€0062L°0

6h%5H L0

co1e9L*o

6968LL°O

55096L°0
08e€18°0

€660€8°0

I8L8YE°0
%68998°0
062688°0
166£06°0

$10€26°0
9LECH6°0
860296°0
202¢86°0

og00°*
0e 00

L2899y 0
61LI9%°0.
10LyL¥%°0
9LL38%°0
646206°0
#22L1S°0
%091€5°0
96094%6°0
€01096°0
1€%5L5°0
¥82265°0
692509°0
16€029°0
1696€9°D
2L0159°0
€49999°0
8LEZB9"0
€627859°0
L9EH1L0
BEIIEL*D
SOTLYL"D
LLLEIL®D
¥9908L°0
LLLLSL®D
921518°0
62L2e8°0
$85358°0
02L898°0
941138 °0
618626°0
$€6525°0
2€€Y76°0
160496 °0
GETHE6°0

sL00°
6230°*

2128%%°D 8565%%°0 §3503%°0 €£LEe3%°D

€1129%°0 BOGEIX®0 %25¥9%°0 10€99%°0
»D19LY°0 50G6LLY°0 YI53L%°0 0TE03%°)
681759 °0 £09T6%*D BT1JIESR*D YEWYER°O
ZLEYDS°D 9515060 1ZZLIG°0 9%I8056°0
LG9815°0 162026°0 LZ3TZG°0 €96225°0
EH0EEG°0 Yoy E3°D JO¥5GEG"O LBELES®D
156155 °0 §005%G°) 99%035°0 5261556°0
0L1296°0 5£9€95°2 821396°0 5L63356°0
0159LG°0 16€8L5°0 €EL35LG°D LSET8G°0
LLLISG®0 TL2E6G°0 99L%65°0 C92956°)
GLL9D9°0 €8ZB09°O 15L529°0 TOETTII®D
116129°0 E6%E29°0 9G54Z9°0 0€¥323°0
251LE€9°) 82LBEI*0 59Z0%9°3 SCBI7I®)D
229267°0 €LI%63°0 LZLGS9°*0 162L59°0
£0Z899°0 LLL599°) IRETLI®O0 L162L9°D
196€89°0 6%5587%°0 Te1L89°D 61L835°0
€83559°0 98%1DL®) SBIEIL°0 55370L°)
946G TL*0 900L1IL°0 62¢5TL°0 €5602L°0
gL22el°®d I1S8el®) LGGSEL®D 102Lel®)
€SLBYL*0 T2YOSL®D §522GL%D b6YLESL®D
96%53L°0 LEeTL9L®D 02589L°0 G0GOLLD
G9EZBL"0 B890¥3L°D %LLS3L®0 TEwL3L°0
10655L*0 L22103°2 93652I8°0 L39%I8°)
¢LB913°0 929318°0 51€028°J 3€1228°D
66HHEB "0 GLZIEI*ID »G6I3EB°) 9E35€E8°)D
98€263°0 6817G3°D 955863°0 303L53°D
0S6JL3°0 28ETL3°0 L12%L3°0 SSGI3IL3*)
900583°0 898)53°) t&lLes8*D ¢U9%53°)
£9LL05°0 £39595°0 296116°0 16Re15°0
863925°0 98L325°) LILOEH®D 1692e5°)
1529%5°0 »328%5°) 1223685°D 151765°0
£87995°0 58)895°0 €533L5°0 1012L5°0
102935°0 11£885°) 96€£)55°d SUYZ55°D
2L00° 6900° 0920° $500°
02C0° S100° 2102° 6303"

ZyLEsy 0
650L9%°0
LZL18%°0
06355%°0
€LII15°0
0d%K25°0
983250
G3€T5S5°

152895°0
1%8235°0
09LL5G°0
£18219°)
932823°0
GHEE Y90
$E8359°0
05%%L3°D
62€359°0
Z0€3IL"D
6LHZZL"0
L?33EL*)
G1y33L°0
€512LL°0
15158L°0
12%323°)
€53£28°D
1291%8°0
L19558°0
953LL3°0
€L%58°0
69€316°0
53GY€6°)D
$31955°D
YTTPL5°0
8GHH56°0

0300°
0333°

2e°0
1e°0
0E"D
62°0
82°0
LZ°0
92°0
52°0
%Z*0
€2°0
22°0
12°0
02°0
61°0
81°0
L1°0

31°0



A 8,

£G2TI0P0 LO%C00°D

L&LETU*0 CHDGT10°0

ece3¢00 9L5L20®D
€366£0°0 LTTID®0°D
607150°0 #39250°0
e95e90°0 612590°0

LcsSL0*0
€010680/°0
ES59101°0
ooewit*o
§¢69¢1°0
JLG6ET1°O
Le2Zs1°0
6¢c6%91°0
LYILLY*0
765€051°0
eL1e0¢°0
h8561¢°0
1e686¢¢°0
FTLTY¢*0
1%3%5¢°0
609L5¢°0
¢<%08¢°0
£E89€5¢°0

6L950€°0
86661¢°0
BLIEEE D
AT AL

I6L5G
66lEL
1L998
cl1200
Blbel
125¢L¢

cHu@*
SHU

YeL

19 &

€85
235
€81
Ges
G06g
651
125
L3
4L
LG¢
811
L0D
9¢s
606
925
¢65
801
B8L2
(0]

Lo*90
50°0
01°0
1T1°0
A Gy)
?1°0
s1°0
91°2
L1°0
51°0
0Z°*D
1Z°0
€20
22°0
GZ2*0
9¢°0
82°0
62°0
0e°0
et 0
€Ee*)

*0 L3LLYE"O
0 €c1ise*d
*0 ebShie®D
*0 22088€°0
*0 TLGI0%°D
‘0 Y6151%°0
°0 »6832%°D

0b0OO*

0

(010 I

D9LEDO®O
»62910°0
.0e8620°0
14€T70°0
616¢50°0
§L%9390°0
1706L0°0
d¢9150°0
e1Z%01°0
tdB8911°0
25%7621°0
101¢71°0
ELLHST®0
0LY%L91°0
¥6561081°0
8¥6¢51°0
2elsieto
165812°0
S0%1el*0
85¢%%2°0
¢edlsi*o
80c0LC* O
1€2¢€82°0
10€962°0
£ECh60€°0
866dle°0
6Z8GEE°D
61T6Ye°0
1L%29e°0
888GLE*O
£ELE6BE®O
0e620%°0
09691%°0
6920ev»°0

s800°
SE€CO°

€T10500°0
L7SL10°0
%800€0°0
929¢%0°0
7L164G6G*0
TelL90°0
862080°0
6L8260°0
%L%S01°0
s808T11°0
91L0ET1°0
L9¢eeh1°0
¢70961°0
174891°0
89%»181°0
§lih61°0
£10£02°0
GEB6TIC*O
£692cC°0
6866%Z2°0
L2G8BGZ 0
80614¢°0
seGe¥82°0
119L6¢C°0
8eL0TIC*0
616€2€°0
G3TLEE®O
16%06€°0
018e9¢°0
YelLie*o
G2L06€E°D
68Z%0%°0
BCOLIV*O
PH91€EH°0

0800O°®
CeCG"

L92920°0
T106810°0
8ee1e0°0
088e20°0
62%950°0
L85890°0
966180°0
LeTH50°0
YEL9dT1°0
gvesS11°0
086TETCO
Y€09%H21°0
T1T€LST°0
¢102L41°0
€9L281°0
206651°0
€6¢802°0
611122°0
T185€€2°0
1889%2°0
£28562°0
6082LC°0
1%8G662°D
146862°0
€6021¢°0
6¢£¢62¢€°D
c8Y8eEeE*d
%8L16€°0
6%169¢€°0
0868L€°D
6£L025¢€°0
06G660%°0
96261%°0
020€€%°0

SL236°
200"

02st00°0
$630¢0°0
¢56¢€3°0
Se1s%0°0
%89LSO0°0
€yZOL0°)
£13¢60°0
95¢650°0
565L01°0
2193¢1°0
G%2eel°0
0056%1°0
08G6861°0
SBCTILT®O
LT0%81°0
08L951°0
%LG653¢2°)
€0%222°0
6926¢2°0
L1B8%<Z*D
02119¢°0
Ol1vLZ*0O
IR AYR-FAd
€200 "0
69ecie°0
19632 °0
€086ce°D
g611e5¢e°0
€8%93¢€°0
9255LL 0
2evese 0
11040%°0
53902%°0
L5ehe® )

0L0O "
2200°

€ELL30)°0
80€120°0
I%8ECU®0
56€9%0°0
0%5360°0
206TLJ°D
1LI%32°0
§69383°0
6GZ501°0
¢L8lIZico
506%¢€T1°0
LSTL%T*0
6¥3561°0
LGGZLT*D
¢62581°0
860861°)
§68312°0
389€¢Z°0
866%€2°0
39%6%¢°0
L1%292°0
¢lv3ale*o
ESYEBZ°)
YHeT0L*D
939%12°0
£E68LCc*D
gellhe®

414 ET Y
0e3L%c*d
YLZT18c*D
L3Ly6E°0
ELEBOY*O
LA AT ¢
SLLIER D

6300°
STO0°

L20010°*)
€352¢20°0
0015e0°0
Y%9L%0°0
S61595°0
IGLLLI®O
5¢e3580°0
S15L50°0
F15311°0
3e1ed1I®0
HLLGET®O
Zey8h1°0
5TT191°0
5¢BELT®D
L9G6331°0
9¢ce551°0
Letrziz*d
ELLHZ2®D
LY3LeZ*)
56L3s¢°)
1LESC®D
»IL3LL°0
dJ9L582°0
268¢0€E°D
£0291c°0
90¢6¢e°0
99%¢he )
LBLSSE"D
1L153¢E°)
229¢8¢e°0
¢yiose*d
SELSOY° O
S0yelh*0
EalLecyr®

0930°
2120

082110°0
613€22°0
72€320°D
5688%2°0
16%1903°0
£E10vLI°*)
L86383°0
YL1563°0
LLLTTIT®O
B6ERCT®D
6E0LET O
cOLSh1*D
88EZ31°0C
1013L1°0
eh8L31°0
P13302°¢
61%e12°0
$62%22°0
Ie16cl*)
t30¢57°0
Z10592°0
9108LC°0
L9J3152°0
89140t °0
1deile*0
6<c0eL*d
96LeveE*D
eZ1Lse )
E15dLE"D
1L6E8E°0
35%L5t°0
56311%" D
GLLYZ7*0
ceadev* 0

6500°
330"

090233°0~
€£5210°0
599520°9
8I9LEG*O
»31060°)
L21299°0
0LZ5L0°0
SY8L30°0
HE¥20T°0
6ECTTIT 0
179321°)
%0€4E1°0
696061°)
859291°0
YLEILT®O
8T T1581°0

€56102°0

1dLy12°0

§%73L22°0

92¢%0ve*0

Lyeese®)

T1E392°0

61€5LC°0
SLECSC®D
13#350€°0
5e981¢e°0
Es8Tec®Dd
GZlake®0
63%34L°0
9258lLe*0
02€33E°)
63335¢°0
€eIvZTH*D
g719¢»°0
£E166c%°0

03300°
0337

05°0"
6%°0
8h*0
Lv*0
9%*0
$h°0
Wb 0
£%°0
[4 AdY
1v°0
0% 0
6€°0
gE*0
LE®O
9E°0
GE*0
wE*0

£e*0



A 9.

YEELIL®E 25€81L°2
y63L2L%2 Dz9RZL®Z
a7 LOBEL®Z 1916EL"2
BlBy 56907 €L66YL®T
Sl2Lo009L°2 o%119L"2
ol pe6PTLLZ 0992LL"2
ElRygeesi®e 29s%3L°¢
Sl 1z9s5L2 1L895L°2
olu%ZEE0EZ (29528°2
Sl Joeviese 2v8ee3 e
@l o6 LTGES 1T 9LS9EB T
Musmﬂ¢¢¢w.m L9€EOS3 ¢
|HLvev9B e 99169872
ol olbL6LETT 0EETIB32
35459562 #29L68°2
289.6215%C S2LY16°2
¢ ,2680E61C GCLTZES T
w|S6LLENE®T BLLISHT
|, c6L595°C 09BTLE"C
QIOTLOTE6"T SLZESS®Z
> o96LETOE 9ST19T0°€E
A Y61BEO®E GELIY0°E
ST 6eu5v50°€ TUELID E
AP y12€60°€ $22960°€
Blhg,5521°€ L66LZTE
Wl 1L966T°€ 08ZEIT E
,meoﬁmvﬁ.m ¥00EJZ "€
Hl® 999€b2°€ CeSB8YZ°E
18002952°¢ LBOIDE"E
|5 GBLOGETE GG699E°E
L SLLOYY"E 29206%°€
S GGGEGYE GWlLGG €
2 YIESPLTE SLLYLL E
60020° 50000°

20%61L°2
369621°2
0120%7L°2
SLO1GL"2
9L229L°
EEBELL T
hLLGEL®Z
$21685L°2
026018°2
le1vzg*2
516LEQ"
62€268°¢
162L98°2
526268°2
962668°2
hEy916°2
BLGYEG®
889ES6"
Z¥6€L6°
h6hG66°Z
y€5810°€
862€4%0°€
2803L0°¢C
G9Z660°€
PGETET"E
GEOL9T"E
692L02° €
LLYESC E
LB3LOE"E
10EHLEE
$9009%°¢
€69286°€
598L08°€

'

4
(4
A

£0000°

4

a1y0ceL®
ooLoeL®
2821%L*
6L1ZGL"
21%e9L°¢
otosLL*
066598L°
78€s506L°
ggzers”
9%495¢8°¢
b8eHEB *C
L6LleaB e
€2t898°¢
Lish8s ¢
LLeC0b69¢
06¢8l16%1¢
T¥%9¢c6?¢
0995457 ¢
SEO03LSTC
L2LLb6[C
8265020°¢€
618G9%0°¢
?882L0°€C
Yeelol*e
ByLYLT°C
SEBILlE
266112t
20686l "°¢t
906tlg°t
SEBIGE L
€120L%°¢€
L8%86G ¢
STLSHE°E

90200°

TevtéLce
byLieL*?e
9sedhvlL*?
LecesL® ¢
8GeseH9L"*?
ootlaLL*?
01288L*2
6%9008°¢
seGee18°?¢
s06928°¢
2¢080%8°¢
1126s8°¢
29e0L8°¢
se1988°¢
§99206°¢
L20026°¢
61¢e8e6°¢
EH¥9LGH° ¢
£H18L5°¢
SL66656°C
0%€€c0°t
18k64%0°¢
T1L6L0°¢
2e%601°¢
6LTIBET C
1e9vL1E
9L6612°¢
019¢92°¢
S%00clt "¢
$9668L°t
1€408Y°€
2e2sioce
666683°¢

s0002°

GHHZ2L*C OLlwedl®Z veyvhwel®?

1256¢L°2 1563¢L°¢

25L2€L°Z ZYBEEL®Z 958KEL®T 2356€L°7 C10LEL®C
GEYEYL®Z 915hhL*2 2C09GHL"Z 0699wL°Z T3LLWL"C
89€HGL*Z ET15G6GL"2 Ze996LC ESLLGLZ 6L336L"E
€0LGOL®Z €5399L°Z LJIBHL®Z 99169L°C LZeILL"C
CLELLL®Z 2368BLL"Z w3L5LL®Z 06508L"2 bY1EEL®C
HeH68L %2 $IPD5L°Z L5BTIOHL®Z HElELEL®Z GLEvoL®C
916128°2 &B1CO08°Z GIv%I3°2Z LHLGI8*Z »e0LO3°¢
0G6E%18°2 691918°2 te&YL13°2 €C8RIB*Z L51I2B*C
2L2828°%°2 2%3528°Z B8101E8°2C 56€2E8°2 L3LlEE3°¢
£222%8°2 053¢Ck¥3°2 180G6H3I°2Z 61535¥3°2 Z36L%3°¢
164L963°2 8€28368°2 1elL>88°2 J€2193°¢ 9ele33°e
g061Ls*2 13%EL3°2 1¢206L3°Z L369L3°2 0313LB"C
GGLL38°2 06€E583°Z E1JT158°2 %65268°2 2oLh68°¢
€9€H06°2 B850905°2 €BLLIS*C 606505°2 LeZl15°¢
218125°2 LI9ETH°Z 11v3¢6°2 G22LC6°T 6¥05¢S5°C
5612%5°2 ¥502%5°2 BS5€%5°2 h168%5°2 Thslys°d
8€9565°2 ¥73195°C €2I€96°2 €959655°2 9ELLI5°¢
€92285°2 L5€Z85°Z ¥73¥35°¢ 906L985°¢C 1333395°2
KETZO0°E 513%02°E %713330°t 3C1600°¢ €37110°¢
69LG20°€ 912322t »B8I0E0°c 891Eed®t TLI5ED°E
601163 °¢ 6%LEG)°E S1¥950°¢ €0T€S0°€ TIBTIG0°E
€9GBLIE TkbIBI®T WhEvw30°C HLTLBO*E Dedlsd°E
096821%¢ 6TLTITT E 6I6¥TT°E CEIBIT*E L3E1l1°E
H591H1°€ 0GISHTIE H593%T°E BLZZGT"e HI5361°¢C
€LG8LTI"E G15281°E LOUSIBTI E 133061°t LW3IbslctE
€24722°€ E€E5vZZ°c 01G62C%¢ 361veZ°%ec SL33€Z°t
908692°€ 160%LZ°t 59v6L2°E GvL¥RZ*t J2505C°¢
»1E€92E*E PTLZez°c 3326E€°e vvo3he®er ¥3ILISL L
HIGLOE"E €99G60%°E GGUYIV E ¥5922h°Ek 9561eh°t
549T5% "€ B£55206°c 5I3kIG6°€ 131LZ3%c 3%20%3°¢E
9GUEET"E ETTZS9E 9652L9°E SYLHHI*E 998B3TL°E
99%g4%5°¢ TOTT1Id*Y 53T1edT°% 01LT9Z°% 13L5¢5°3
20020° £€2000° 2J2020° 10002° 20200°

2€32°0
1£20°0
0€00°0
6200°0
8200°0
L232°0
9202°0
$200°0
»200°0
€200°0
2200°0
12950°0
3200°0
5100°0
8102°0
L100°0
9100°0
§160°0
%100°0
€100°0
2100°0
1100°0
9100°0
6332°0
8302°0
L200°0
9393°0
$0J0°9
»300°)
€002°0
2003°0
1000°0
3°0



A 10,

T6h%edly°2 920vLv°2
8986LY°C SGY6LY 2
LievB% ¢ 938%8BY*2

lYbobb* ¢ BbEDSH 2
CY7569°¢C LJI09Sw*2
£Z1106°2 959106°2
968906°¢ 99%L0G*2
teLilo®d 2¢¢eET15"2
999816°C 6Y2Zb1G"2
T167%26°¢ §62%926°2
808J0EG°2 SCh1EG 2
CcILES®C BHILEG®Z
YEEEDG®Z TL6EVG 2
06l6Y9°2 BHE0562
€L2966°2 1£5956°2
906296°C 9L6EIG°T
¥59596°¢2 SE€ILS°C
1¢69Ls°C vicLLs 2
¢13€36°2 6lev3g"2
1€9056°¢C 16€156°2
Y88L59°¢ 619859°2
LLEs09°C H20909°2
Y18219°C 9LsET19°2
€050¢9°¢C 182129°¢
0se829°C Y»1629°2
C9e9e9°2 elLlLeIy 2

BYahpI°C 9LEGHG*
Y16¢69°2 ¢9LES9°2
0LY199°2 (r€299°2
922IL9°¢C »T11L9°2
c616L9°C 001089°2
Lileb3y°C 50€533°2
L5L1L69°2 15.869°2
0oLt c

60000

-

4

P8oL"2

30020 "

196wl %2
¢G506Lh*2
A AT A4
6G506%°2
210893642
692206° ¢
8%#0806°*2
¢l6c16°2
986162
L0682 2
ev02€6°2
FLZBES*E
509962
94%0166°¢
JosLss*e

IYeH9s* e
s10TLS2
606LLG°¢C

26%89°¢

1,L0¢266°¢
2ee666°¢
¢LL909°¢

O%eEH19°2
d90¢ca°e
6€6529°2
IESLES*Z

L029%3°2
o19%69°2
902€99°¢
¢0deLs*e
110189°¢
e %2059°¢
60L669°2
YZh6dL°2

40000°

L60G Ly
hew08h 2
L96G8H* 2
€16ley 2
BEILEY 2
£€93206°¢
1£9806°¢
€0ehi1g°?
%9%026°¢
916926°2
1992¢6°*2
606BES* 2
B¥IGYG* L
969166°C
1628495°¢

616%96°¢

10L1Ls5°¢

6098LG°¢
7£9886°¢C

£€6L265°¢
L80209°¢

226LC09°2
S01619°¢

1%82¢29%°2

9€L0€9°¢
0083€9°2
8elL%9°2
09%563°¢
9L0%65°2
¥662i9°¢
?¢6189°¢
BLTITIGI ¢
09900L°¢
OT»01L"C

90200°

YEQGLH*2

6€01I8Y° 2

8169442
2102642
GOLLbw* 2
BIYE0S°2
712606°2
960616° 2
990126° 2
9711262
182€€5°2
GECHES" 2
888GYS 2
9v€7cG 2

216866 ¢

106696 ¢

LtecdLs e
€0eE6LSs*e
Y4%¢e986°2
916662
»28009°2
%12809°2

Teps19°2

£29¢€29"¢
9es61€9"2
9196¢9"2
2i8Ly9°2
71€669°2

8H6%99°¢

LEiel9*e
6€6269°¢
LT11269°¢
ce9t10L2
86ETIL"2

s0000°

TLI9LY°2 BILGLY*Z LYZLLY*2Z LRLLLY"Z L2E3LY°?
¥8G1BH°C B212Z8Y°*2 3192567°2 1Z2€8%°2 BILEsy°*2
0LTL8Y°C 22508%°C 9L188%°2 DELE35°2Z GugSRYy°?
CEYCOH 2 ESTESH*Z H3LESY*Z 9TEYEY*Z SL3hphey
€L265%°C 1h3385Y°2 T1%55%°2 18556%°2 1533)75°2
#55€26°2 TLG%06°C 8%1506°2 L2LSCG*2 93¢305°

851506°¢C ¥3€015°2 595315°2 LGGTI16°2 wh1215°2
689515°C TBCOT3°2 LL39T3°C 2ZLYL15°2 59)313°2
L99126°¢2 0LZ225°% H13225°2 6L%ECS"2 %30hes®

BELLTS T 09EBTI"2 €ISHES®Z LLSLR25°2Z 2510¢€35°2
C06€EG°C $23YE5°2 LYI3E5°7 JLLGES®Z 95€)E5°2
S9T0%S°C LSLIYS®Z 0e?1YvS°2 %I3Z%5°7 6597h5°2
5C069%5°C CLILYS°C »I3LY3°C 5GHEL5°Z Y0Tsvg*2
855266°2 199€35°2 50E%33°2 6G6%55°2 319555°2
SLG56G°C 68C09G°Z 60539G°Z ILSTIG*Z €52295°7
69299G6°2 1%5999°C LT9L9G°7 $62696°Z 415395°2
ClOELS®C 0ILELS 2 5YbhyL5°2 8EIGLG*Z 528505°2
100066°¢ TILIBG°Z Z0%1835°2 »01265°2 BIE783°2
SG0LBG°¢ BILL3IF*Z ZBv8B35°2 L51685°Z £16585°¢
TH2H66°2 L95955°Z H59GEG*2 €2b965°2 €3TL5G°2
£9€109°¢ €0E209°Z YY0E59°2 93LED9°2 123909°2
L20503°2 T8LSII°Z 8E€3DT19°2 S62119°2 %50219°2
6€CG13°2 50hL13°Z 0BIRIO®2 €55B19°Z L21513°2
LOHH29°¢ 251523°2 6L5329°2 89L929°2 66G129°2
9CECEIZ BETEIIT TYHEET*Z LYLHEI®Z ¥35389°2
EEHIHI®E €32193°2'9L02%9°2 L582ZY3°2 22Liv9°2
BULEBY9°Z IH3699°7 SBEIGI®Z I22153°2 690253°2
891L69°C 520367°Z £€353397°Z v9L659°7 329)39°2
£28699°2 659997°C 6LSL99°C 6G48959°2 Z€599°2
€39%19°2 J3GGL9°Z SLYILO*Z ZBELLI®Z 332319°2
LGLEBI*C GLIYBI®Z BH5GG39°2 223989°Z 6H%L39°2
LSOESI*Z 00I959°C 9955592 £38559°Z HHR3I59°2
L6G¢0L "¢ 9IGE0L°C GESHOL"C LISSOL®Z €3%9IL°2
58C€2TL°C E3EETL®Z SLEYTIL®2 SLE51L°2 03CrT1L2
¥0200° £€32350° 230230° 10000° 20302

9900°0

9302°0

#302°0

£300°0

¢300°0

1903°0

3530°0
5600°0

8600°0
Ls0J°0
9600°0
560J°0
?300°0
£502°0
23000
1300°0
3602°0
5%30°0
3700°0
%000
3%00°C
§%00°0
¥%02°0
£E¥00°0
¢%00°0
1%v00°0
ovco*o
5t 00°0
8eG0°0
LEDI*D
3€00°0
5£00°0
#€00°0
£E€00°D



A 1l.

€2L92€°¢C b60LZE®L

G6%0ee°¢ elBlee®d
CoEREL*C 23G9%EE"d
Ob1B6ee*c 6dGB8EL*Z
e102ye*c 2cO%Zve*C
€csGvE*e 91€9he*2
5984vE°C 9%206e*¢
15686E°¢ 242Y3E° ¢
cl3iGE®C 9L2385¢c°¢
1E519E°2C 5&el3IE"C
CEDH9E*C 2¥H¥993¢c°¢
6910LE®C »360LE"C

LYEWLE"T LYLYLE®Z
59S8LE*Z E56BLE®Z
€EBZBE"T 192€BE"2
OvllBE®C €LSL3E"C
€69 15€°2 TE6TSE"
16559€°C YECISE"T
GEEDIW*Z Y6L00% 2
626%0%°2 16260%°2
1LES0%°Z 62850%°2
¥ISETH*Z 9Thyrln 2
80981%*Z GLOBIY 2
SOEEZH T BLLEZY
95082y 2 ¥EGaZY° T
2982EY°T 9vEEEY° 2
S2LLEY®Z ¥12BEW°2
9992Zhy T THIEYY"2
§TILYY°T DETBYY°Z
0L925%°2C bBLIEGY»*C
9LLLEY*Z 15235%°2
89629%°C b9YEIV L
Y163Ir 2 €1L33h°C

620030° 802300°

Slylie*e
tsclee*d
3906€€*¢
1168E€" 2
tolihe" e
50L9%€"2
29906¢€° ¢
2e9vset ¢
18986¢€°¢
IR IRA A i A
76899¢°* ¢
aootLe*?
BBlIGsLE"?
LIyoLE
169¢e8¢€° ¢
Lo088€" ¢
8oelo6tL*?¢
9LLISE L
| S XA LV} Aar4
LAY RTL A
38201%°¢
CETL AR A4
eEvss1h e
162ve%H°2
A P 1-YA A4
oegeey° ¢
»0LBEY
Il A A
1e98yy°¢
L89€GH* ¢
§0886%°¢
586€£93%°¢
o%2s9kv°2

L00GC0O*

168Ller ¢
ceoteere
ghHh3cL* ¢
8626€E* ¢
gsrevg*¢
e0TLve*¢
09016¢°*¢
HG40G66g°* e
93066¢€°¢
961t9g°*?d
L9elsg*?
LIwT1LlE®Z
6096L€°¢
gev8HlE" 2
0civseE*e
1vvB8E*<
L0826E°C
oceLec ¢
eL910v°¢
L8190%°¢
YHL01Y ¢
2ses1%*e
rA 1T 4 Aird
GllYew* ¢
P43 1- T4 Al
sleEveEY 2
9616E9°2
GETYYH©2
LA EY A A4
9619592
12e669%°2
ra 81 21 Al
69L5B%°¢

9030uL "

byl é
giocee*¢
cepeseetd
Zu96eL*d
ylGehetd
Lewlye*?d
BGoH1G6E"Z
GGH66e° ¢
16964€° ¢
69G6e9¢€°* ¢
og9Lece*?
geslle*?
Te09Le*d
69208¢€°¢
0s6y8c°* ¢
9L888€° <
Lyzeee*d
£99L5e° ¢

L2120%° ¢
04%990%°¢
FA VT Al
G1861v° ¢
18%0G¢Hy° ¢
66162%°¢
2.L662%%¢
00oByEH*2
LEGSEY*Z
ZEMYY 2

LESGYY° <
S0LveHy=e

LEBOHGY L
h€069%°¢
YSTA VR Al

s0000°

6098cE°¢

£5¢€2ee°?

§1c9ee*¢
2L00%e*¢
H9eehe*d
Z258LYe°C
goE1G6e"¢
LG6BGGE"C
L5568 "¢
9L5€9¢ "¢
€65089¢€°¢
agzétete
26HhqLe*d
65923¢°¢
165%8¢€°¢
11€68€°¢
98G6¢e5¢€°¢
80186¢€°¢

QLseIv "¢
953L0%°¢
19911%°¢
08291%°¢
0663¢%°¢
elssew e
169%d¢ev°¢
LeZGEY ¢
BLIOYH® L
62169492
I%106% ¢

1A X4 1L k4
LATIEL A4
8G6G669%°¢C

628dL%°¢

#0033 °

4 1 YA RE AN VE R X YA R4
YLlZtc®Z 551ltee’

£559¢e°¢ ¥359tE°d
09%0%t°C BY»BOYE*
GGERRE®L Lhl¥he*d
L328Y%c*2 189%8¥E*¢
»52258°¢C %53¢cat°¢
6529%E°2 23996t °¢
€0€03e°2 653LI9¢e°¢
93€4%9€°2 95L%3e°?
LIG39€E°Z 22689¢E°C
0L3¢Lle*Z 630¢€Le"?
GL39Lle*Z Ls2Lie*?
22118z°2 SH3iecee
11738¢€°2 €%868¢L*¢C
LyLsBE®Z 2810¢€€E"C
921%6e°2 LIGHse° ¢
£3935€°C L>585E°¢
L20EOY*2 LLYEU%* ¢
673L0%°C ¥d28I%°C
1¢12i%°2 185¢1¥%°¢
YHL91%2°2 O1cLIY°¢
0C%127°2 0581¢%°¢
8h13¢72°¢C ¥299¢¥v°¢
EESIEY 2 PIvILY 2
gLLGEY*C 032%¢eh° ¢
1L90%p°2 H3TTIvh°C
8Z36Hu 2 L219vh°<
9%996%°Z TSTIs%°¢
LZLGGY 2 8€29Gv°{
143J9%°2Z 05E13%°2
2809%%°2 IJ999%°¢
DIETLY*Z C6BILY Z

€J32303° 20300°

geloce®?
Jreree®?
59etLee°¢
CARA S A Rar4
6eTSye*?
LLOGYE®
3uese*?
G0LGE" 2
91119t °?Z
LozZg9e*?
Leee9e*?
LCSELE"?Z
TeLiie?
9L518E* ¢
GLZ9RE* ¢
81906€°2
82065t*?
AR AU
L2ot(¥*2
WL L A4
19Je1h°2
SLoLlv*2?
19e2¢7°2
161Lew¢
9581ev* ¢
gyLoEhR*?
Lcotwy*z
L299%%H°2
L6915 2
YT A A
8J)516%°¢
cETLO9Y*C
Y4 AR A4

T005J°

9ve3Zz"¢
211deE"¢
8l%cee®d
h3llee*d
2Z3lye®

1cGave*e
gLhshe*?
Zsvesed
6IvLGL ¢
hZ313t°¢
31939%e°¢
Z3L39%¢e°2
LZsele*d
Yyi3Le° ¢
yo%28e°d
LiL3se*?
§3016e°¢
6hh35e*2
05855¢€°¢
gLEROY 2
91632%°¢
I EE-R L A4
lylgtn*e
ZeBein*?
BLSLCY C
bledeh°*d
9edle¥°¢
AN QA L Adra
9Z1L%H*?
¥I1259°¢
€3CLsh° 2
LZ¥Z3I%*¢
8G69LIw°¢
3352192

30200°

0010°0
6620°0
§503°0
L502°0
95000
$593°0
¥592°0
£502°0
500% 0
503°0
9603°9
5820°0
8802°0
L320°0
3303°0
6822°0
¥302°9
€800°0

-¢392°0

1823°0
0823°0
5L32°0
8L00°0
LLId*0
9L30°0
5L33°0
#LJ0°0
eLod* e
¢Lo2°0
TL30°0
0430°0
5932°0
8900°0
L933°0



A 12,

4

6
(=]

Listing of subroutine HAST as required by subroutine

((21x80€100°

+ 1x692681°

aN3

NyN13Y
+ 88L2EL T )%l + 0°1) 1

'/ (T1%82€0T0° + Lx€SB208° + LISSTIS*Z) - L = SNV

(C1)1d0S = 1

1 +1 =21

(AG)O0V- = |
(SNVEAYILSVH 3INILNOYENS

"LSVH 3NILNO¥YENS 40 9NILSI



T > . . . j
his appendix lists the PL/l implementation of CHAID that was
written for the IBM S/370 Model 145 computer at the University

of ‘Wi .
the Witwatersrand. The program consists of the

procedures:

e main progran that assembles the necessary

edures.

options and data required by subsequent proc

2. GET A sample program for reading the input data.

3. INITIAL with entry points
ACCEPT -
ANALYSE .
: the procedures that perform the analysis.

4. FLOSTEP the procedure that performs the detailed analysis

of monotonic and floating predictors.

5. FRESTEP the procedure that performs the detailed analysis
' of a free predictor.
s the significance of

6, CHI “the procedure that calculate

iven chi-square variate.

7. PRINTAB  the procedure that prints the cross tabulation

tables.

[}
]

"8. TARSIG the procedure that calculates the significance

a contingency table.

The files used by the progran are:

at file

1. SYSPRINT general outpu
2, SUMMARY  the summary of the analysis

ed analysis of each predictor

ot

3. SPLIT the detai

4, TAB the cross tabulation tables

mporary workfile used by the programe
2 x (Number of predictors

Its record length is +

6. INPUT the input date read by procedure GET

Pt
N



7. SYSIN

B 2.

the specifications for the analysis, read by the

sanple main program in PL/l LisT format.

a) Information about the dependent variable.

(i) An alphanumeric description.
(ii) Number of categories.

(iii) Alphanumeric description of

(iv) " " second

etc,
b) Number of predictors.
c) Information about cach predictore.
(i) An alphanumeric description:
(ii) Its type: Monotonic (*M')
Free ('F')

tpt
('n',

first category.

where n is the

»n EP
o luut;ng

nunber of the floating

c&tegorY)-

(iii) Whether it may be used to
0 = Yes, 1 = No.
(iv) Number of categories.
(v) List of category symbol
string.

(vi) Significance level for merging.

(vii) Significance level for splitting.

The program op
(i) Type of cross tabulation:
0 = Row percentages,

"1 = Overall percentages,

2 = Numbers per cell.

split the data

s as an alphanumeric

(ii) Print option. .
; pefore and after
0 = Print cross tabulation peiore alter
each step,
1 = Only print cross tapulations before each
step
t to be analy-

(iii) Minimum number in a group for t

sed, 0 = Default of 50.

/B3 ..



B 3.

nce level to subdivide a
group. 0 = Default of 5.
(v) Minimum Bonferroni significance level to sub-
divide a group. 0 = Default of 5%.
(vi) Maximum number of groups formed for analysis

to0 continue. 0 = Defuult of 10.

444"""""""‘4444—————————(Notegthatgtheglast subdivision may cause

this maximum to be exceeded.)




CHAMAL S

FEOC UPTIONS (MAIN) S

SYFTTEVIT
1

NESY

w

——
—> 0 ®w
-

CNA;!L: PROC NPTINNS (MAIND

-

YHIS 1S & SAMPLE MAIN PROGRAM TUAT ASSEMNLES THE NECESSARY APYINNS

D DATA PEQUIRED BY SUASFOLFRT PP WIDIRES,

TTe 1MOUT 1S FEAD In FL/YL "LISTR FLCMAT o

NrD Ca4An(TH) VAR, DLPUAMES (NC) CHAR (2D) VAR CTL,

POEE Ca2E(6), YN CHAR(Y),  IVENV) CTL, MEPT 1IN TE Ty

1 et €Ty 2 1USE(NVYe 2 MAXCAT(IVY, 2 VAPHAMES (KV) CHAR50) YAR,
2 OLIGHERG(NVY 2 SIGEMTINVYy 2 NIFLINV D,
2 AR (V) CHAR(LD, 2 CATHAMES NV, 3 CN CHAR(16) VARG

7%
NRTLIN THE NAME OF THE DEPENNENT VARTABLE AND ITS NUMBEF OF

CATEGIFTE S,
GEY LISTIDEP(NDC)3
PUT LDIT(DEP* HAS® NOCy!

/=
ARTALN THE NAMES NP THE CATCGUFIES OF
BLLOCATE DEPNAMESS GET LISTUDEPNLMES )]
GFT LISTUNVYS
PUT ENIT(ITHERE ARE';NVe'
ALLOCATL PREDS
PUT EDITCITYPE Y, 0N, OF CAYEGNR]
W HAME V) (SKIP{ZIsAICOLET A
Al :
N8TAIN FOR EACH PREDICTOR
1. 175 NAME
2, 17S TYPE = MONOTUNICy FREE OR FLOAT
3. WHETHER 1T MAY BE USED I™ THE ANALYSIS
4. HNW MANY CATEGLRIES 17T MAS
5, SYMBULS FOX THE CATEGORIES
be SIGMIFICANCE LEVEL FNR “ERGING
7. SIGNAOFICANCE LEVEL FOR SPLITTIN ./
NCEL(T) = 03

Act
1

./

FL3) A3

CATEGURIES
THE NCPENDENT VAP TABLE. ./
PUT EDITIDEPNAMES) (SK 1PyADS

PRENICTORS AS FOLLOWS® ) (SKIP(3), A FU3ANS

£, ' CATESIRY SV'“&OLS'.'l‘SE?'o"'E"GF! sPLITR®
co !39!.A.(DL(‘-?)-A'COLUQHA-CDL(’U.M:

o

ANV

12
14
1

- —
-

2

- -
A

£l
3R

-
-

DU T = I TH Y%
GET LISTUVAUNAMES(I)
IF WE(T) = *m' THEN MOFR=YM NG
ELSE DNi MJFR
IF 1usrti) = 0 THEN YN = 'MAY'S

/% CHECK NAMES. s/

re

. )

TeuMCATE SYMAOL

ME(] )y TUSETTT MAXUAT et} "G"IIG(II'SXGS’L""H
LLSE 1F ) = P THEN wOFR = TFUEE'T

s PFLUAT®S NOQFL(TI=¥F(LDS MEC Q)mewe; ENDI
ELSE Y = TNOTY S

LIS §F TO0 &
1F LENGTHICNLT ) ~= wAXCATULI) THEN TF LENGTHICHET) > MAKCAT
™EN CHUTY = swxsnuc-i(n.l.nucunn;
ELSE CNET) = CNUID 11 SusSTRULISH nx.-uunn-uuolmcwnn:
=
25516 HEXADECTHAL NUMEEK TF T00 SHIRT .
po J =110 mexCATUDD S 113 PTIS LTS R T o v THEN
ot STRICHKIT1 9 Jed) = swwsut-tz;«smneaacwc'.;.n: LN
PUT EDITEMIE Ry MAXS H.we'.!,m;sm-usr.:.(ll.sl'vsvuu|.vn~u~:snn
(5'.1".!‘,ChL(Ql.FHO!'CIJL(JIl.A.(-“L(‘?I.A.Cmi‘liin"{fw oLt F 620
OLET2) 4A) 3
1F un&un ~0 EOIT (ROFLULIND (SKIP(DI,COLITIFI20D3
END 3

[t

THEN PUT

L

CHANALS

STMY LEVEL MEST

39 1
%) 1
«1 1
Y] 1
43 1
46 1
48 i
9 1
50 1

prQC OPTIONS (MAIND

L4

THIS RUN
oc 1 =170 0]1(&5"!0“.!”'

Y
ORTAIN opTIING FOR

GET LIsTesIeTICN S

PUT (Ulf(l"'P'lON'.ln' 'S't"""'l("”'
. (SKIP.A.F()!.AJ(SH sxipt2)i

CALL InNIVIAL (NV.‘A’)i-“iiCi?!: o
= ALLNCATE SPACE FOR 1€ PREDICTORS

PLLNCATE VS
*® o

/
nRTATN PATA USING poACEIURE "GET®
GEV CIDEP I VILASTEE 1f LAST = 1 THEN GO 1O cace

tL: CaLL
catt receey CTUEP IV G) 1N Ll
,- er .’
EEF MRS ANALYSIS
CALC :'CALt AN:::;t ;Novnou.orvrunts.viiuiﬂ%sic.l..!g-,ls.l’- JUSE. SIS 6y
SIGSPLV.NOFLH
./

1*
ANALYSES COMPLETED v KASS 1974° ISKIPEIIAD3

puT EDIT {OTHIS 1§ THE VERY £
stors : END CHANALS

NO OF THME ANALYSIS. €
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B 5.

STMYT LFVEL N7ST
1 GET: O (IFED,1V,LASTY
/=
POSAMPLE PRNGRAM FNR REANING THE NATA

THIS SJUTINE ASSUYES THE PATA IS IN TWO COLUMN FIELDS, THE FIRST

ITeM PEING THE DEPLNOEMT VARIARLE Y]
2 3 L IV y
3 ! WANNFILE (T0PUTY 6N T ENg
; 1 . GET FILF (1MPUTY EDIT (IDEP,IVE (F(2));
4 1 LAST = 97 RETURNS
,-
s . o AT THE END NF THE DATA SET THE FOLLOWING CNDING IS USED o/
13 LASY = 13 RETURN; END GET;
INITIZL:  PROC (NOVAR ZNCAT,MAXCAT)
STMT LEVEL NEST '
1 INITIAL:  PPNC (NCVAR ¢NC AT, MAXCAT);
I'
THIS FAUTINE PEPFNRNS THE ANALYSIS OF THE DATA, AND CONTAINS A
NJMRER OF ENTFY POINTS ./
Y Ad
THIS SUTCTINN PEFFNRME THE NECSSSARY ALLOCATION AND INIVIALIZATION
< F DATA STOREGE IN YA COMPYTER ./
2 1 OCL  MAXCAT(®), MCINV) CTL,
I TEILE0W) CTL, 2 MAT(M4T,MNCTY INIT ((NVEMNTENCTIC),
454910 NCT V) STATICS
3 1 L1 0ATA CThy 2 10, 2 1VINVI
4 1 NVENIIVER § NCeNCAT;. NCTsNCel;  ALLOCATE “C3 =13
? 1 ALLYCLIE DATA; '
10 H PO T = ) YO KOVAK; K = MAXCATII):
12 1 1 IF K <= 0 THEM K = 15 . IF K > 16 THEN K = 163
16 1 1 MI(T) = K3 IF K > Yy THCH MN = K3 END;
20 1 UNT = “MNels ALLUCATE T2ELSS RETURNS
23 1 ACCEPT: ENTRY (IDEP,IVAR)S
1%
THIS SECTINN ACCEPTS THE I1MPUT NATA CASE BY CASE, AND CALCULATES THF
COMTINGENCY TABLES AND STULES THE DATA FOR FUTURE REFERENCE o/
2 1 nCL TvaR(el:
25 1 In = IDEP; IF IDC=D THEN 10el 1F ID>HC THEN 10=MCS
an 1 00 1 = 1 TN NVE K = IVAR(ID; IF K<=O THEN Kxli TF KOMCUT) THEN KewCil)]
36 1 1 IVIE) = X5 MATULGK,T0) = MAT(I,%, 100 & 1§ €NDs
30 1 WKETE FILE (DATUM) FRGM (DATANG  KETURN,
41 1 FNALYSE D  EMTRY(NIPTION,UEFHAMES g VARNAMES (CATNAMES s MF, TUSE.STGHER G,
SIGSPLTNUFL) S
7*
THES SECTION PERFNRMS THE DATA ANALYSIS
-
' ! FIRSTLY THE OPTICNS APE INTEPPRETED AND DEFAULTS SET IF NECESSAPY ./
| /a mOETIOeCL) =0 BRINT TEBLES AS ROZ &, =1 AS £, ELSE AS NINMRERS,
I NOPTI(*(2) =0 PRIMNT TABLES AT CaCH STEP, OTHIRWISE NOT,
I' GaeTON(3) MINTMUNM CIMAER 1 A GROUP.  K=20 TACE LEFAR Y 0F 50.
Je0 NORTIAM(4)  MINIMUM % SIGHIFICANCE TO SPLIT A GROUP, =0 TAKE AS SY
7% rRTIONUSE  MINIWgd 3 BCSE SIGNIT. TC SOLIT & GFOUF. 20 TAKE AS 5%
1~ HAPTINNE6)  MAXTMUM WUMBER OF GRUJPS ALL TLD. =0 TAKE A4S x"..l
4 ' HMMARY PRINT SOLIT PRINTS .
ag } ggt 's;‘»r'n‘:wl-h DEPHAMFS (0] Ol"(':\’:“v VARNAMES () CHAR(®IVAC,
sIaNceG (e 6S2LY(*), NOFLU=*),
u-r|:)"('u.=':l:: 153:;”-). TITLE CHARI50CH VAR EXT, PERC CHAC (LY,
1 CATHRMES(¥), 2 C4 CHA2(#) VAR, IPPINT(UIPTICN(SIelel CTL,
1 FESy 2 SILuIting 2 @aniuen, 2 N0Gdy 2 rms'»:u"z :N:; :l;:;l.l.l. Yeleao 1Sy
a 1s173, (R 2} AL .
l(‘A‘(:’:(”l'l. MOGR.UPS waxPT INIT(2), ICYINCT) CTLG
44 1 MAYICH = 30035
./

,U
W ADINGS ARE PREPALLD FUR TME VARTINS NUTPUT FILES
45 1 e ERDPAGE (SUMMARY)  PUT FILE ww-uau'mn .
CGiguity OF RESULTS S, TITLF) (3,EKIP,A ‘
HANE s YOTCRIF (414, BONR=S Tu (1)1, HOHPEE OF GPIYPS, ¢}
IRTIFIN bh b O (85 ) aAsCILIATY 2 CIL L0 D, A) PAGES
TNTAL GROUP, * 3 NISOT NP = 8IS 03

[BARAE P4 N EX]

. 3
? 1 TITLe=rehaLYSES U




FeITIALS  PINC (MIVAR,MCAT,MAXCATY G

CTVT LEVEL NEST

/e’
NPTIONS AXE ANALYSED ./

49 1 POT EDTT
J (9BTIANS IN EFFECT:!, ' TEBLE PR IN .
on , LES PRINTED ¢3 (SKIP(3} A,SKIP, AN
an ‘l LF MpTIOn (1) ed THEN DG PEECE®RYG PIT EDITEWITH PR asrzg'm'!Af:-r,s:All';l: ENDS
o 1 ELSE 1F N0pTEN(l) = 1 )
o ) T g pepL=tpe; PUT FNITITAS OVERALL PERCENTAGESLI(A); ENDS
o : L EL5t DN PIRC=IN'; PUT EDITE'GIVING TUTLA QUMBER W I1THIN EACH CELL®)
he 1 If NJPTINNE2)%D (ahy  ENDF
ay . ot *
o i THE® PUT ENTT(*TASLES WILL BE PRINTED BEFCRE £ AFTER EVERY STEPtIISKIP,AYG
or ! ELSE PUT E01 T(PTABLES WiLL RE PRINTED GNLY BEFNRE EACH STEP')(SKIP,ADS
o ! IF NUPTION(3) < 20 THEN NOPTIOWE33 = 503
PUT EDITUTA GROUP WITH LESS THAN'yHUPTIONI3D.* CASES WILL NOT BE ANALYSED®)
70 , (SKID,A.FI#I.A);
L4 IF SOPTICH(4) <= O THEN NCPTION(&) = 5i
, 1 PUT EDITCPA GROUP WILL SE SPLIT IF IT IS SIGNIFICANT AT THE',NDPTINN(4D,
. g LEVFLY) (SKIPyA,FU314A03
¢ : IT NOPTION(S) <= O THEN NOPTION(5) = 53
PUT ENITL'A GRUYP WILL BE opLLT IF IT IS BONFERRONI SIGNIFICANT AT THE',
6 NFPTIINEST e+ % LEVELTY (SKIP8.FI314AL
e 1 IF NOPTIfM6) <= 0 THFN NOPTION(G6) = 103
1 PUT EGITUITHE PROGRAM WILL TERMINATE WHEN® ¢ N0PT TONLED
, s 0K, MORE GROUPS MAVE BEEN FORMED NR ANALVSEU'HSKlP.ApF(Bth
t ]
’o INITIALIZE POINTERS ./
1 ALLNCATE IPNINT, 1CTi IPOINT(L)=Ld JICA(1)=0; 1FROM=1S
’*
PREFADE FNR AMALYSIS BY COMPLETING THE. CONT INGENCY TABLES THAT HAVE
1 REEHN CREATED .
1 ANALYSEP: CLNSE FILE (DATUM)S
e /% FILL IN CILUMN TOTALS. */
o1 1 op 1=1 TG MCT; 1503 DO J=i TO N3 1S=1S+MAT 2y Jo F15 ENDS ICT(I =185 ENDS
1 IGETOT = SUMCICT)S
a2 7% 27 TOTALS. */
22 1 GL: DN 1=l TN NV MAT(I MNT,S) = JCT§  MAT (1 MNTINCT) = IGRTOTS
“;{; H 1 N0 ge1l TN WNG 15=03 0O K=l TO NC§ 1521Se VAT LT e KD ENDS
! MAT(T JyNCTI=1Ss ENDI END OL:
/I
I AR IGINAL CONTINGENCY TABLES #RE PRINTED ./
103 1 YITLE = TITLE Il ¢ <K BEFORE GROUPING >>'3 NGSD = NOSDTWPY
1,\5 1 PUT FILECTRR) EDIT (6 V KASSe 1974, VeRo ', TITLE) (A SK1PsAD PAGES
16: 1 00 1=] TC Nvi  NOGDEMCLING :
1o 1 1 ceLt IMSIGIYAlJL[(H.K.DFvSlGNlH
110 ; ! cott PF.I‘HAMTMLE(H'CN(X).VARNHESHivRES.DEPNHES'?ERC.Sle!.'ABH
] END
1t 1 TITLE = SURSTROTITLE (b LENGTH(TITLENI=23VE
YAl
112 . POINT HEADINGS 1N VARIDUS PRINT-FILES ./
1F NOPTION(2) = O THEN
:{2 } PUT £ILF (TAE) EDIT (G V KASSe 1974. VoAt TITLED (A, SKIPyA) PAGES
SIGNAL ENOPAGE (SUMMARYD S
115 1 L LE (sPLIT) EDITHIG V KASS. 1974e Vo Rt TITLEN LA, SKIP, AIPAGES
e ___‘__________________—_______.________ _
INITIALT PROC (NIVARNCAT,MAXCAT)S
STMY LEVEL NEST
/*
ND PERFORMS THE
T41S LONG LODP THAT FOLLINS ANALYSES A SUBGRUUP &
aag:gs‘t;.l.a; pIviglee ¥ THE DATA ACCORDING TO THE RESULT OF THE o
1" ANFLYSISy DN EACH [TFRATINON
¢ 1 Lanpi SIGMIND = 1007 BONFD = 13
Y . ./
1" ANALYSE A SU3GROUP
”g : . R IR RERE
1IF MF(I) = ™
Ll .
! W FOR FLOATING AND MONNTCNIC PREDICTORS ./
Esnl.aesuu.slcﬂikc(lh

) wELNSTEP® 1S USED RIT
12¢ 1 1 THEN CALL nosvcmmuim.3;"4“;!"“’-"“
1 pLY( 10 NUFL i .
121 1 1 ELSE CALL nchéoﬁn‘élen;.cmn.v'mvu-qesm.kssuu-SIG"E‘G”'-S‘“"-"'”'
.

Vil
sHumMaR]ZE THE RESULTS

122 1 CALL SUMMAKS
” 0 SPLIT THE DATA hd
Y
Finp THE BEST WAY TO SPLIT HHE DTS, Gup oo wr THEN

123 1 1 JF TUSEC1) = C THEN IF S G
124 L one RES = RESULTS 1B = I3 £40s
120 1 1 1F NOPTICM(2) = O THEN
I o
ARULATE RESULTS
130 ! 1 tI’LLUkﬁliuunAsLun.cu(n.vmmq:s(|'.aesuu.ncvmvzs,vmc.sm-m.uu;
5 1 1 ENDS
132 1 "F S1GMIND = 103 THEN 003
a € USED ./
MO SPLIT CAM BE U Sk 1P (30, AL
13 } puT ¥ pCTT) ENTTLICANNCT EXPLATY ANYTHING. '
139 1 : pur F:tg::ubmun 01T 1un prEVICTION IS hUSSTBLE.S 1 (SKIPL2VeANE
136 ! 1 GO TO NFXTGENUP END3
r* £ OUND Y
: RENICTAR TS FOU . .
138 1 put l'x'id‘sﬁl;?»‘;énmm 0 USE vmn'z':::;u:?“m" T0 GIVE! Q6D
g 31 aAeF (30 X (1) oA F(ZIA R
130 1 nu; E::r:rs?:-"v:;:n(:o:v(ivé-.u"u.cv;:[srms OF THE BFST PREDICTOR® 1USKIPL2148D3
140 1 1= 1p; RESULT = HESH CALL GUMMARS
/'Yf 5T 1F BFST PRENICTOAR 1S SlG‘llFlcﬁf'l" ENnUﬂ:T}::' %z?EIV:SEVTNmE.DAY! ./
143 - A 1F (SIeMIND > WneTIONGOND ] S TaviNDeACuFO > NIPTIORLSE L o mEY
14% 1 1 pUT FILE CSPLETY ENIT LOTHIS pivisIon IS NoT st s
: K1P(2) 403
1an 1 1 pUT FILE {;,.‘.,{iv; LipverTHis PREDICTOR TS NAT SIGHTFICAVT .t HUSKIPLZ1AN
147 1 eo 10 NEXTGROUP:  ENOS
L ] .I
; £ FOLLOWING PLAY
JATA WILL RE SURDIVIDED ACCORDING TO TH ) .
Lec 1 creL i’:l'nl:\';t&&un) .CN(I),\MS.'U.HESII)'RESULhnU‘F\t"CS- PERCe STGMIN, SUM ARY)§
CROUP'S PUINTEKS.

J* CREATE NEW
150 1 1o = 13
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IHITTAL:  PEOC (CHIVAF gNCRTMAXCAT)

STYT LFVFL NEST

UPNATE POINTERS

¥ ! A0V s ] TH WIGDE  MIGEOUPS = NOGROLPS 4 15 1TD = NOGROUPSS
o ! 1 IPL, IPF 3 IPCIRT(IFRA) ;  TBOINTEITN) = MAXPT:
s ! 1 Uil IF TC0IoL)=n THkYy 50 70 AL
S + i 1Cr¢ 4eaRT=InALIDLY; 10L=IPLeL;  MAXPT=MAXPT41: 60 TO LPL1
/t
162 CHLCY TF EXIUGH STORAGE HAS VEEN ALLTCATED ./
e 1 1 16 A xPTeNNSECIPIe2 > MEXICA THEN (V13
Tou 1 2 OUT EATTULL3™1 120, 4Pk IGH AN STNRAGE CAPACITY EXCEEDED - INCREASE <ICA>®,
! 2 L13019701  (SKIP(3) A SKIPI2)sA¢SKIPLZIAYE GO TN FINISHG  END}
/-
OFEINE THE NEW GROYPS .
163 Je A0S OHTO ICA TATS SPLIT = 9UT OF THC LOUP ¢/
170 1 1 NOL:  ICA(MAXPT)=18; I1CA(MAXPTeL)aNASDIIPI: WNOIN=03
172 1 t M) 3 = 1 TN NOSNEIPY;  1CACUGKPTede 1] = HCSOCTPI:
Ve 1 2 HOIN = SOIN ¢ HATCIR,NISDUIPe I NCT DS enn;
17¢ 1 1 ICLUMAXPTONNSD(IPI+2) = NG  MAXPT = MAXPT ¢ NISCUIP) ¢ 3
178 1 1 IF SOTNCHNPTT INC3) THEN 1POINT(ITO)a=1PCINTLITON
! 1 IP = 1P & n0SOUIP) ¢ 13 END:
1*
. F14D END PREPAFE FOR MEXT GENUP TO BE ANALYSED .
lln‘ h KEXTGROIP: JENINTUIEPOM) = =1PFINTIIFR0M
! ! 1F MUGRNUPS >z NOPTION{(6) THIN GO FINISHS
3 T o1 = 1 TO NOGROUPST 1F FPATNTHH >0 THEA GO 10 SETUP; END3
o7 1 6N TN FINISH;
/*
SURGROUP TO BE AMALYSED MAS BEEN FOJND o
134 1 sETups fFefw = 13 1oL, IPE sIPAINT(IFRNM); TABLE = 0
a1 1 TITLE = PANALYSIS NF SURGR:I® *3
i LPzi 1taisi = I1CAtfeLi: 1F ICAIPL = O THEN GO TN SETUPZ:
.

—”%anm—ﬁﬁ““ﬁmww”—
195 TITLE=TITLE | IVARNASES (ICAIPLY I1® CFTTSURSTRICNTTC .

1
L6 1 PN =1 TN TCALIPLeTI-13
197 ! 1 TITLE=TITLEL 1950 [ISURSTE(CNCICAIPLY,1CATTRLEI 82D, 103 ENES
100 1 TITLLSTTTLENI") '#5  IPL = IPL + ICALIPLOL) ¢ 20 GO TO we2:
22 ! sETUP2: NN ENPFILE (DATUMI GO T3 ERDSETUPS
1
osci A} D2TA CHOTSING THISE N THIS SUBLRTUP ./
204 1 LP3: HFAD FILE TDATUM) INTD (DATA)S
7+ CHECx IF DATA IS REQUIPED, */
::" ) 1oL = It A THEN GO TN TARES
o ! LP4: 1(r10L = ICACIPLYI:  1F ICAIPL = O N
209 1 e el T Featistenr i 1F IVUICAIPLI=ICAUIPLOJOL) THEN GO 10 LPS3  ENDS
213 1 60 TO LP3;
214 1 L38: 1PL = IPL ¢ ICALTPLeL) ¢ 23 GO TO LP43
e e e e - o - - —
INITIAL T PrOC (NOVAR (NCAT,MAXCATY
STMY LEVEL NEST
’ € FROM THIS ITEM */
£AcH CONTIMGENCY TABL : 3 .
216 1 TEKE: nO Tsl TO NV MATUIL,IVIED,I0) = WAT(D,IVUID, 100 ¢ 13 ENO3
. 219 1 6 Y0 (P33
1 o
AMALYSE THIS DATA
220 1 END SE TUP: GY) TO ANALYSEPS
,ﬂ
PEINT 2 SINGLE LINE SUMMARY OF THE RESULT OF ANALYSING WITH A o
221 N SIWLE, PEEDICTPR
SuUMMaE T PRAC G
222 2 PUT FILE( SUMSLRY) Emtll.vn"nnts(!ll|lZ:".o'A;SIG"ln.sloiln-w!‘.lm'i-‘ "
(SKIPF(3)eXM1)e8L&T} FLL305) oF L1648 )0 (30,403
221 2 ) o NGy PUT FILE(SUIARY) EDITC ) (AN
w26 2 1 3 i H2 X 2k . fune
221 2 2 PUT FILF (SUMMARY]ENTTISUBSTRICHITN NICIPeRILIIRIATE  EXEE
229 2 1 1® P+ NJIP) & )3 ENDS
23 2 =1 ' gnp suwmam:
/%
- F ANALYSIS (74
CunCLUDENS CRITERION MeS BEEN REACHED -= END.C
232 1 ) it R e L CCIEND OF ANALYSIS®e'5 v KASS. 1976 1SR IPI3D oAy XUS01AN3
233 1 PETIAN; END INITIALS
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SY"T LEVEL NEST
1

FLOSTFP:  °PROL (MATRS HEANR(NAME o ESULT oS TGMERG, SIGSPLT, NPFL Y
V4]

THIS PENCFIURE ANALYSES IN DETAIL A FLOATING OR MONOTONIC
PEEDICTNR N THE RASIS OF A ChnTINGENCY TLBLE PROVIDED BY THE

CoLLING PoilGPAM 'Y
2 ] DL 1 BTG, 2 SBTRESesh, HOADE TaaR{e} VAC, NAVE CHAKL®L vaR,
TITLE FHATLIGAN) VAR EXT,
SPLIT PPINT,
SPLITST CATRY (3IN FIXED, 81N FIYEDD,
1 RESHLT, 2 SIGUIN, 2 BONF, 2 447G, 2 NNSRE32),
N1 INIT (l12'31’0-‘-"-6'7.'!.";!0.ll.l?.l‘l.l’onl5clb'l7l.
1 CINTROL CTLy 2 MATLIR,IC), 2 (EoMgCOYLIR=1; 1C=1)y 2 MATT(IC),
2 (FEAFROAREZ KNS ,RET ROTHIT,CCTILIC-1)y 2 (RT, IREMICIRD,
2 {HEAD,HEADNY CHARUIRY . 2 NOFCH CHAS(LIS
VAl
PPOVINE HEADINGS FUR WTPUT ' .
3 1 ON ENNPAGE(SYLITY PUT FILE(SPLIT) ENIT('G V KASS. 1974, VeAo! TITLE,
WCONTINYEN , ¢ *) (A.SH".A.SKI".(CLHO()).AqSKIV' 4) PACE;
5 1 IF LImEND (SFLITY > 52 THEY SIGHAL ENUPAGE (SPLITHS
? 1 IF SFL = 0 THEN
8 1 PUT FILE (SPLIT) EDITE(130) 489, ¢ MONNTONIC PREDICTOR: ' NAME)
(SKIP A SKIPsAAYS
o 1 FLSE
Q 1 PUT FILE (SPLIT) EDIT ((13)) %%, sSINGLE FLOATING PREDICTOR:  *oNAME)
(SKIP,A,SKIPyA,AYS
10 1 PONF = 13
11 1 NUOF = 05 NOFGR = 03
/%
REMOVE ROMS AND COLUMNS WITH 2EP0 MARGINAL TOTALS YA
13 1 K o= DIMIMETE, 103 L = DIMIMATR,213 IR, 1C = 13
16 1 a1 s 1 TO F-i3 IF MATPUI,L) > 0 THEN IR = IR ¢ 13 END3
20 1 PO 1 = 1 TO L=13 IF ™ATR(K,I) > © THEN IC = 1C + 1% END:
2¢ 1 AL TE CONTRALT—15—=03
26 1 on 1 =1 10 IF MATRUI,L) <= O THEN GO TC ENDI3
20 1 1 1s=18413 IREMIISI=I; 17=0; CUPSTRIHEAN 1Sy 11 *SUBSTRIHEADR, 19103
33 1 1 1F 1 = HAFL THEN D05 NIF = 1S3 KOFCH = SUBSTX(HEADR, 1, 1); NUFGR=13 END}
30 1 1 FLSE SURSTRIMEADX,1S=%IFGF,1) = SUBSTRIMEADKy 1y 103
4“0 1 1 DO J = 1 T0O L3 IF MATR(K,J) <= O THENR 60O TO ENDJSS
23 i 2 1T = IT ¢ 13 MATUIS,IT) = MATRIUI,JG
&% 1 2 EMDJ:  ENDS ENDI:  END;
“7 1 Kk = [rR; L = IC3 M= Kel}
lAd .
SUSPEND AMALYSIS IF LESS THAN Twn °OWS OR CNLUMNS Y
50 1 IF L<=2 THFN D03 PUT FILE (SPLIT) ENIT(YDEPENDENT VARTABLE 1S A CONSTANY.')
53 1 1 (SKIP(21,4)5 GO TO FINIS4A;  ENDS
LH] 1 IF r<=2 THEN DO PUT FILE (SPLIT) EDTIT (¢ IS A CONSTANT . (Al
[1 1 1 GN TN FINISHAS END;
60 1 1F NNF <= )} THEN 0 10
lAd .
RE-NEDER SO THAT FLOATING CATEGORY IS FIRST ON LIST ./
62 1 SURSTF(HLADy 191} = KUFCHS $118S TP (HELDy2 ¢ 1R=1) = HEADX; MATT=MAT(NNF,%)3
65 1 PO 1 = NAF TO 2 BY =13 MAT(I,%) = Mab(I=1e%03 IFEMCT) = JREM(I-103
69 1 MAT{1,*) & MATT; NOF = 13 [IREMI1) = WOFL3
FLOSTEP:  PRNC  (MATRS,HEADRNAME ,RESULY ;STGVERG,STGSPLTsNIFLI;
STVT LEVEL NEST .
2
CALCULATE EXPECTED VALUES .
72 1 PRCFIX: X =03 NO I =1 T1v; R=23; 00 J=17T0L-1;
T 1 2 EQTyd) = FLOATIYATUI L) #MLT UK, Y} ) / MET (K L3 CtEs JIeMAT(1,d03
78 1 2 1F OMI4d) <= 1.7€=32 THEY 3(1,J) = 1.0E-30%
Lls 1 2 Poe oo i0(1,J Teddi®s2 7 EQ1, 003 END: X = X &8y eNne
86 1 DF = (4-1)#(L=2)5 SIG = CHIIX,0F); T
se 1 PuT FILE(SPLIT) ENTTE TABLE WAS CHI-SQUAFE' (Xo'y «1TH D.F,1,DF,
0, AND SIGHIF'4SIG, *20) (SKIP,A,F(2,3)98,F(&1¢AFIL13,6),A03
87 1 DF = L-2; NLDNP = 03 MAXLODOP = 3aMm; CN = 03 RT = MAT($, IC)3
92 1 NIEGK = 0}
VAl
THIS LOOP WERGES AND SPLITS THE CATEGNRIES ./
o3 i L20P:  'F M <= 1 THEN GO TN TRVSPLT:
5 1 1F LINCHO CSPLITYE > 54 THEN SIGNAL E*DPAGE (SPLITH
-
TREAT AS MONATONIC UNDER THE FOLLNWING CONDIT IONS LY}
97 1 1F NUF=0 | M=2 | NOFGR~=0 THEN DJ; NUFT = C3 ISTA = 13
-
SUAHEADTNG ./
10 1 1, FUT FILE (SPLITY ERIT (M, ¢ GROUPS:®y (SUBSTRIHEAD, 141100 J=1 Y0 K-11}
ice i 1 CSKIPE2),FE3) ,A,CNL128) ,16 ALBIDS END3
113 1 ELSE DN NOFT = NOFS  ISTA = 23
106 1 1 puUT FILE (SPLITY EOIT (M, GROUPS : ¥y (SUBSTRIHEADX, 142100 I=1 1O k=210
107 1 1 CSKIPU2Y 513D A, F0L(281,16 ALB))S END3
/% PUT IN APPRNPRIATE RRACKETS. =/
108 1 1P = 03 on 1 o= 1 TN vy
110 1 1 1F NOLT) = MDFT THEN ISP = 13
112 1 1 ELSE IF NOUL#1) ~a NO(I)el THEN PUT FILE (SPLIT) EDIT(*(*,')")
(SllO(Ohcﬂllb‘(N’)ll)-lSD)OZOhAuCﬂL(u’(“‘O(Iot)-lSPhlBl-AH
114 1 1 END§
/.
/% CALCULATFE STATS FOR GRNUPING 1 AND 1+15P */
11ns 1 I = 63 XT = 1.€600 150 =13
118 1 PUT FILF (SPLIT) ENIT (PTEST STATS FNR GROUIPING:* ) (SKIP,AL27))3
1e 1 N0 1 s JSTA TO M-13
12n 1 1 ent = (OENNCL) 9%} 4 OUNTeISPYy*)) / (RTINOCT)) & RYIND(I«ISPIIDS
121 1 1 pra » ROT#ATENO(TDY iW e RITANT(NO(TeISPIES
123 1 1 R om SUMETOIRNITTE 2P =RPA 2227004 ¢ (ML TeISP) « J=REBI**2/REB) S
124 1 1 PUT FILE (SPLIT) EDIT (R) (X{6#(un(I+1SPI=NIII=ISPI )y Flo, 1003
/.
FIM) MINIMUM MERGE STATISTIL s/
125 1 1 IF R & XT THEN DO; XT = Ry (M = 13 M2 = 1 ¢+ ISP} END;
13 1 1 (AR ENDG
122 1 If MOFT » O THEN GO TN EMERGES
/e
COo4PARE FLIATING CATFAMRY WITH FrCH OF THE OTHERS 'Y,
134 1 pUT FiLt (SPLITY EDTT €1ann FOR GPAUPING * (NAFLHe ! WITHIO)(SK 1P oAy hgAT}
135 1 Mmoot s 2 1D 1Y = 13
137 1 1 EnT = (REINLLY#) ¢ OCUGF =)y 7 (RT(NICIND ¢ RTANOFDDG
139 1 1 KEE = ENTWRT(NOCINIG  KEA = ROTORTINUFIY ,
Leo 1 1 Koe S PHENUNOLET) o *) =REA) o2 /REL ¢ (O(*IF e #)=REBISS 2/REB) S
§:‘1 1 1 PUT FLLE (SPLITY 01T (o) (x(:,t(rm(1ou—nr‘(l)-l)l.f(a.Un
pgs 3 1 16 v ¢ XT THENW DUG XT = &3 (4 = =15 ENDE
: 1 ] €LI2: ENNG



g : HATR
LNSTEP:  PROC (llﬂ‘\SqHEAUR.‘(A"E,HESUL'.QIG"ERG.SIGSPLT"J’)FLi;

SYMT LFVFL MEST

B 9.

»
AMALYSE THE BEST ME RGE
./

4%
i e BT
1an : VAl STAT 1504XT %, T0 MERGE (¢ .
1 ; . IF e > e DU 151 = GIM)s 162 ='~nu~m;“ (HESRIPL21 L AU F AT AT
155 1 3 syt FILF (SPLITY OIT (SUBSTOLMEAT T T162-1611,°0 AND t°
4 . SU‘\ST‘(H"A’).L’.Z,H\(]wz.u-‘” Py ants ad: !
158 1 LLSE N0 16 = ‘ jet1i% 223 EXD:
1en 1 N £ ;161 *‘4‘(-‘.‘4): 162 = NOF; M2 = IMT3
R
. v EAD o NC M) - . . . - N
162 1 PUT FILE (SPLITY EDIT (tD.FuzteDFyty 515N1;§CA.,££}?§:E,::,.",‘ Ar: - ENDS
‘(C’,‘L(bu.L.F(bhA.F(Q,kl,A);
. 1F CANNDY MERGE, TRY SPLITTIN
163 1 [F SIGT < STGWERG THEN GN 77 wvsgu: */
165 N s+ RELOCATE ®OINTS 1F NFCESSARY ./
e : . IF NOFGE = O TMEN DO IF 14 < 0 THEM NOFGR = 1613
m 1 1 ELSE IF 161=NOF THEN NOFGR = 1623
172 H 1 ELSE 1F 162=ND€ THEN
173 1 1 ENDS NOFGR=1G13
174 Y ,
e : /e ELSE IF 162 = NUFGR THEM NOFGR = 1G13%
'
176 @ . /s COMOINE GROUPS TN POSITIUNS 161 AND 162 7
177 FTLIGL) = PTULIGL) ¢ RT(1G21E
176 1 DU1G14%) = OUIGL,*) ¢ 0116213
1 DOIL » [M2 TO %; NOUDD = NO(I¢1)s ENODS M M-13
va» 7% RENRDER 1F HECESSARY ./
S 1 1F 1w >= 0 THEN GO TO NLPTSTS
194 3 1f w2 = @-1% THEN GO TN NLPISTH
b 1 SWAPEMD: suﬂsmmun.mz.xcx—lczv s SUBSTRIMEADY, 16213
181 1 NIFGE = HOFGR——1%
178 1 N:"; = In1-13 SUBSTR(HEAD | NOFTT = NOFEHi
*
100 CALCULATE NEw SURTABLES o
19 1 MATT = MATIIGZo#)5 COT * COL1624%03
02 1 oo 1 = 162 TO 151-23
:ql 1 1 METiIg®) = MAT(IeL.*)3 O e%) = DTeL,*)s . COUL*D = COtIele®)i
6 1 1 aTtl) = cT(Te1) s TPEMLLY = jrEs{islts END;
199 1 MAT(NNF gx) = MATTS COINIF %) = CIT3 IREMUNOF) = NOFLY
2n2 ! NOUOF g #) = 0L161e=)3 RT(NIF) = RTLIGLYS .
204 1 o0 | = IM2 TO -IM-13 NO(1) = NO(T) = 15 ENOE
/*
TEST IF PRACEDWE 1S IN £ LI0P -— EMIRGENCY ExiT Y}
207 1 NLETST:  NLOOP = aLane o i 1 nLS0P > MAXLONP THEN 003 PUT EOIT
= (VEORCF TEQMINATION = gEFu T BE IN A LOOP!) (SKIP(2)rAY:
33 1 1 puT FILELSPLIT EDITE acE TERMINATION = N A LOOP! 1 {SK1PT2)eADS
212 1 1 6n 10 FINISH;  EMOS
21 1 60 10 LIOOP;
FLOSTEP: PPOC MA’IFS.HEAOR.NAHE.RESULT.slG!ERG.SIGSPLT.NOFU:
STMT LEVEL NEST
' I
yov SPLITYING A CAMBINFD GROUP. NO $PLITTING ATTEXPTED 1F
S1GHIFICENCE 0F wERGIMG LESS THAN THAT GF SPLITTING 'Y]
215 1 qayspLTs  1F SIgHEens ¢= SIGSPLT THEN 60 1O FINISHS
217 1 PLT FILE (sPLIT) EOTT (4 c.nnuosm(sxn(zl.rm.nzm:
218 1 Jsp i3 iuY = 0%
/*
. TRy EACH GRNUP o/
220 1 PYOR BIR SR
221 1 1 CIF natgel) = Snl1) ¢ 1 THEN DO pyT FILE(SPLITY (1341
224 1 2 lsut'.ST-l(Hft-’J.'dOll).lll(x(ISPoz).Al: jsp = 33 6270 EMEAD; - END3
227 1 1 JE NOUI) = NOFGRC QLI 1) ~= NOFSPel THEN GO 17 SPECIALS
229 1 1 put FILE (sPLIT) EDITY ot '.(SUBSTH(HEAD'J.HDD ) = NOt1) 1O NOLTeL=100
(L} ] !XHS°|.A.A.(rm(lpll-nl)ll)-ll (X(S)y A ADS
230 1 1 Isp = 13 GO TO EHEADS .
1* . .
spECIAL CUDING IF COMRINED GROUP COMTAINS THE FLOATING CATESORY ./
232 1 1 specizLz  IMT = 1i
233 1 1 eyt FILE (SPLIT) EDITCL -.rmrcu.(suusm(umox..u.noo =NOL 1) TO NOLT41)=20
236 1 1 WIFCH 1) lx(ISP).A'(N’)(loH-'lu(lll Ale) oAy &)3 sp o= 13
235 1 1 EHEADS ENDS
236 i ¢ = Ny XT = 13 NO(He1) = 1k; ISP = 221
240 1 puUT FILE(SPLITE EnITLITEST STATS FOR SPLITTING: ') (SKRIPAYS
™
ANALYSE THIS COMBINED GRNUP 4
241 1 tstonp: o1 =1 TO0 u; 1F NOCLel) ® NOUT) & ) THEN GO YO ETSLIN®S
244 1 3 qnl = wng1)s RTA 7 03 €A = 0; RTB = RTtNOIN:  ROB = otNO 1 * 03
249 1 1 LF 1 ~= 1n7 THEN 093 cALL sm.nsrvml.'muou-zn co 1n E15LINPT ENDS
244 1 1 15 = 18P = b ( NOF -NOFGF) 3 caLt shu\‘su\f)F.w_-Fl; 1sp = 283
257 1 1 1F nUF = NOLLeL)=d THEN CALL GPLITST (HOT NOF-Z):
259 1 1 ELSE CALL SPLITET (DT, NOF=113
260 1 ] yep = 223 CALL svuvsrinﬁFex.-meuu-m
262 1 1 150 = 287 PUT FILE(sSPLITY EDITCY CMITY I LADS
26+ 1 1 crstanps  END TSLOOP .
. .
! If COMRINED GRAUP CONTAINS THE FLOAT ING CATEGURYs gHIFT 1T 1O THE
: ATHER SINE s ANO RETRY SPLITTING ./
265 1 : {F 19T > 0 THEN LOS 1 =03 1 = NOLIMT)S R .
269 1 i puT FILELSPLITY ENITLY uwn-)(suv.r.cuowcrchzu.n:
271 1 ) RTA = O3 RDA = 3% qra = PTUNIFCRYE ROR = O(NOFGRe? 13 " ,
274 1 1 cetL SPLI TSTINOT ¢HOF =113 1opeisd caLL ,souvsrmonx.-mu Tel1-213
277 1 1 END3



FLOSTEPS  PRUC (VATP SoE ADR NAME o RESULT WS IGVERGSTOSPL

T4y LEVEL NEST

rid
SPECIAL CIING 1¢ BEST SPLIY 1S IN L R
PherING 2 e ony IN COMBINED G ouP WITH THE .

jor = 03 3 o= 1M I1PLACE = 1

=<}

[

278 1 T
- 3 ]
;_“1‘ : $£ 31 = 0 THeN D03 §1 s IMT; IF IV > WiF THEN D0G 1SP=13 |¥= M= 13 ENDS END3
Eoo) ! e TF T = Tt TnesfeLastiobel THEN D7 150s2i IMmNOlels N3
2¢a H N ELS.E IF 1: T RIFTMEN-D0S
.3: ,, . B9
;:; : G1aT = CHIIXT,OF1s 1sp=3; IMxIMels ENDS
444 1 . 1F xT € 0 THEN 003 puUT FILE (SPLIT) EDIT (*N1) COMBINED GROUPS T SPLITY)
o ; H o (SKIPL2) 4403 6N TN FINISHS ENC3 .
Pyt FILECSPLIT) LOITUsMAX STAT 169 .XTy* TO SPLIT GROUP ()
>lmsm(unn,~r)un,Nn(nol ISR ERE)
). PN FL IS S!"MHCA';CE'.SKGTy'!'I
(SKI’!ZI.A.F(hblnlokuhcflLM&l.L.F(G).A.Hv.d.-‘d:

YAd
1F HOY SlGNIFICANY. cNCLULE ANALYSIS OF THIS PRECICTOR «/

ice [ 1F S1GT >* S1G6SPLT THEN G TO FINISHS

re SPLIT canue 11 BEFORE CATEGORY 1M */
e) - RAT) ¢ 1.0£-3038 OI(NO(I1)s*) = ROT ¢ 1.08=393%

HH 1 ACT4pR) SUNERGETTE
e ! RT(I) = RTCNOCHIND o Wi RT(NOUIIN = RTTS
n? 1 o0 1 = 1 TN #-1ld NOLH-142) = NOUM=TeLl3 END3
219 1 nI11e1) = 1% MaeMels
1 1F 11 ~= IMT THEN. GO 7o NLPTST; 1F IPLACE = 0 THEN NOFGR = M3
/%
123 SHIF T FLOATING CATEGOKY 1F 17 1S CN WRING SIDE »/
32 1 . METT = MET(NOF ¢%) 3 COT = COUNDF»*13
8 1 15 §sp = & TMEN GO TO ALOWER
a ! 1F 1P >z 2 THEW 66 10 SWAPZ3
:’29 1 5'1‘.‘5‘"hlk’AD.N\JF,)*-NOFl = SUBSIR(HEAD!.HCFI; S‘JBSTF(NEEE. LT S B NOFCHE
1;‘ 1 00 1 = WOF YO IM-13 WAT(1s8) = MAT(Tely®)i COlTew) = COUTeLe®I3
3 4 1 1 1PEatTy = IREMLICNN S ENDS NOF = 143 GO TO ALONES
As 1 SwAP21 suasvnmm.m.w—l»on-suasrmucmx.m-ln
339 1 €13 STRAHEAD 1 M=142) = NOFCH
340 1 pO 1 = HUOF 1D 1w BY -1 vaT(le®) » MAT(1=1,%13
342 11 P e LI R TR Rem(1] = IKEM(I=10: ENDE NOF = WM-13
340 1 PLOMES UATINUF o %) = vATT: CONM £.x) = COTH TREM(NOF) = NOFL S
/=
7% CHECK WHETHER FLDATING CATEGNRY 1S ALONE ®/
349 3 1E 0l s HOF THEN G TO NLPTST:
351 1 sLeHE2s. 1€ Iw ax NOFel THEN GP TO NLPTSTS
353 1 VIFGL = 03 IF IMT ® | THEN GO TO NLPTST
/*
e et ITIN pasitTIon 1 ¥/
356 i _wEAp = HOFCH i REARXS
357 t o 1 o= H0E IO 2 BY S MAT(EI*) ¢ MATEE=10%03
359 1 1 TEOUEe*) = RS TR LUl JREM{I=1):  ENDS
362 1 VAT(1,%) = MATTS €Ll *) = COTS [REWIL) = NWOFLS NOF = 13
366 1 pO 1 = IMT=1 TO1 8Y Tii ouantIrele) = CINOCT * 03
368 1 1 sreritnel) = RT(HOLIND WoL1+l) = ROLID ¢ 1s  END;
an 1 Ot1,%) = ROT3 RTOL * RTT3 GO TO WLPTSTS
- ‘———”M'/ PR
FLOSTEPS  MaNC 1wuas,uemn.une.atsuu.s:cnses,stosvu.wn):
STHT LEVEL NEST
1%
ANALYSIS OF THIS ppEDICTOR 1S COMPLETE ./
374 1 FinieH: NG = M RS 03
/"
CM.CULAT& BOM‘ERRUNI “UtYl"LlER . s/
376 1 soNF = 13 001 e ] 1D M-l BONF = nomux-n-n/rmnun (311
L
Wno1FY 17 IF WE HAD A FLOATING PREDICTOR ./
381 1 IF NOF ~s 0 THEN gONF = BONF * uux-ua-n/rwn(x-zn
’”* Iy
DE TERMINE SIGNIFICANCE OF THIS SUBTASBLE .
382 1 po 1 =1 YO s0 4 =1 10 -1 T * nmounmu(x.u/nn((.u.
385 1 2 p s R ¢ (O(NDETNQS) = Tyes2 1 T8 ENDs END3
3ae 1 OF = (u-1)8tL=2)3 SIGMIN * CHIIRUFL
3190 1 put FILE (SPL!TI‘EDIT(lagst 16 4NOG+' GFOUPS Y WitH (Nl-SQUARE'v“v'. ?-‘-i'.
DF.’.'.B?‘NF" 15 THE |ONF MULT e AND THE SIG‘IIFI(ANCE IS‘.SIGNle <)
(SHPIZ),A,FUI.A.f(o.n.l..F(lc).A'F(‘H,A.Fllhshu:
1" 4
ANNIFY CATEGORY NMBERS TO CcORPESPOND TO oR1GINAL NUMBER we ./
371 3 Kk = 3% ungnnGel) = IRS .
393 1 pn 1 = 1 TO NG %= K¢ 13 OSRIKY * Nmun:_ggln. -
396 1 1 pn 4 = WOUEY TO NOtle1) =13 KeKeld NOSRIK) * jRemtads  END3 END3
,* o
SETURN CONTROL 10 CALLIMNG PROGRAM
401 1 €FINISHI FREE CONTROLE puUT FILE(SPLIT? tol!(nlo)"'HSKIHZI.AH PETUPNE
- .
EXIT WHEN NO ANALYSIS I's PERENRMED 4
04 1 ginicna:  NOG = O3 SIGMIN = 1003 60 TO EFINISHE
VAl .
siaSECTION TO CALCULATE A SINGLE spLIT STATISTIC */
407 1 spLIT5TE  PROC (11,1203 o7 J = 11 TO 128
4na 2 1 poF w FDA 4 CNEJe*)d gnp = RN = COtIeeD3
11 2 1 BTL = RTA ¢ WATUJWICHE RTB = RTE - AT (Js 1C03
13 2 1 tEA S omm.-ukn/nmnu: REe = O(IICI.'I'MBIRT(NOIH
415 2 1 P = SUM((ROA-REA)'tZIRFA e ( UH-RER)"ZIREBH -
416 2z 1 oyt FlLE tseLlT) EDIT (*) KUletlvlsP).Hb.lH: /e FIX UP sr:cANr- s/
417 2 1 1F » > KV N DO XTeR3 1M=Jeld 11=is RTT=RTAS ROT=ROAS END3
. enn SPLITSTS
.iz : ! . . END FLESTEPI



B 11.

FEESTER S

STYY LFVEL NEST

PELT (MATP S HFADR,NAME, RESULY

R AN

FROC (MATRS HEADR) NAME 1 RESULT ¢S TCMERG, SIGSPLTIS

1 FRESIEP?
’®
ALYSES 141 DETATL A FREE PREDICTNR ON THE 8AS1S OF
€ PRIVIDEN aY THE CALLING PFOGRAM *7
4 T TS TG > ATu(a, e}, HEADD CHAR(*) VR, SPLIT PRINT,
NLME CHER(®) ViR, TITLE CHARL(SCD) VLR £XTy PHASE CHakUT1De
LESSULT, 2 SIRMIN, 2 BONEy 2 A6y 2 HIS(3214 NOTE(32)y
NOE32) ENDT n.l.1.2.1.3.1.A.l.s.l.o.xn.l.a.l.q.1.10.1.11.1.12.1.13.
TolaslylSebolohy
W17 Y (102030615060748,9412911,12413014915 164171,
i COMTPGL CTL, 2 MATIK,L) . 2 (Es04CENCDI tK=1sL=11s 2 (RT4 IREMIIKD,
3 (PEL, KA KEB,ROB,RET,ROT)(L=11y 2 HEAD CHART IR
3 1 pDCL BITS(16) 3ITILNG
/%
pE WIDE MERD]NAS FOR T eyt -/
“ 1 oM FNNPAGELSOLITI F1° FTLE(SPLITY EDITLIG ¥ KASS. 1974. Voot sTITLE,
CCOTINGED %) (8, SKIP oA, SKIP,COLELOOY ,AsSKIPrED PAGES
® 1 R InMATRIL)E  1C = DIM(MATRZ): e L= L
N
REMOVE RIWS AND COLUMNS WITH ZERD MARGINAL 10TALS Y
7 i pr 3 = 1 7O 1R=13 IF WATR{1,1C) > 9 THEN K = X + 13 END3
}3 } po 3 =1 TN 1C-15 IF “;“"F,l: > g THEN L = L * 1i END:
ALLOCATE COMTEDL; 1S = 03 BOWF = 1i
20 1 DA 1 = 1 TO IR IF MATRUI,IC) <=0 THEN GO TO ENDI3
23 1 1 Is=15¢1s IREMUISI=TS SUBSTP (HELDs IS, 11 = SUBSTK(HEADR, 14103 17=03
27 11 Se1Sel (B ICs IF WATKUIR,J) <= O THEN €0 T0 ENDJ 3
;g 3 2 ITelTels MATUIS,I1T) = MATRUI,JDG .
1 " EnDI:  E -
% 1 2 pe L1be o BRI IT) > 53 = W THEN SIGHIL ENCPACE (SPLITIS
a7 1 PUT FILE (s;un LDXYi(H(, bt FFEE PEREDICTORS '.NAHEHSKIP.A.SK]P.A.AI:
/*
: NS Y
SHSPEND ANALYSIS {F LESS THAN TR? RIWS CR COLUM X
i: i 16 m<=1 THEN D0 PUT n?.a {SPLIT) EDIT (* IS & CONSTANT.®H(ADS
1 1 G TO EINISHAG  ENDS T
‘:3 ‘i 1F L<=2 THEN DO; pyUT FlLf: !2::”'&583”' DEPENDENT VARIABLE 1S A CONSTA ]
° 1 (SKIP(204A0; G 70 Fintsuas BN
l.(utuu TE EXPECTED VALUES . */
48 03 nf e1 TN 43 R 03 oo J = T IC =18
52 R b ;|]:J).EL(JAT:MATH,L)'HAT(K,JH/HATquLl:O.O(l.JI-nAT(hJH
54 1 2 1F DUI,4) <= 1,06-30 THEM (1,1 = 1.0E-30% CexeRs DI
56 ! 2 P =R mu,n-c(lunoz(/ g::.née _E'Eu_:- o X o
49 - (M- _2): 16 = CHIMX ' : :
b4 : D:uv ::L:::;tig'emlﬁuuue u.!«s cm-sougs:!}:': :Hr‘« S;F-':DF-
o, pND SIGNIE®,S1C,*2%) Lokl a,F(3 o3 A FIaTI A FOMBLRT 0,
65 1 pF = L-21 Pitap'® 0F  MAXLOUP e37Mi CE v € €O = 0i KT = MATERiLM
' -
,‘v‘us LN0P MERGES AND SPLITS THE CATEGORIES ’
71 1 Loop: PHESE = PHEPGE PHASE' 3
12 1 16 u <= 1 THEN GO TO TRYSPLTS
T e e e 4______-_-_____-..—-—.«—.————.——-—-’_
: 1
FPESTEPS PROC (um:s.nuna.ums.aesun.stcuwc.sxssou 3
STMT LEVEL NEST
PR .
7T s SURSECTION PRINTS & SUBMEADING e er0Cs
74 CALL HERDI'G1 ! ce (sPLITDE
76 ; 16 LIMENNLSPLITY > S6=4 THEN SIGNAL cn?p,r‘e'::sz,.h“s“"‘mu"""
7% 2 puT FILECSPLITY EOIT(PHASE™e® GROUPS 3¢
PICXESIAYS
Z.: zz f’|: ; :‘z 10 mMi PUT FILE(SPLITY EDIHSURSTR(PEAD.NG(I"Il-l ’
o - 13 ;s
82 2 1 poJ =170 ot1P) =13 nOtIPeIe1) 1 €A 803
33 : 2 pUT FILELSPLITI ENTTL? ¢ SUBSTRINEAD: 1ot END HEADINGS
o 2 1 1o = 1P ¢ NOiIPH ¥ 13 ENDS .
L J . NG L
! CLLCULATE AND nmtorfst ::ﬂls-"cis;?“ MERGI
se 1 1p = NA(LL ¢ 23 10 ® i .
B 10 %3 uo-znﬂﬂ"'“.ll‘
:; : 1 “pp’uv"r)n:e:sgugn e'nlnsuasruuem.nocw»u.uusxn.cm o
$3 on 4= 1 TD NO(IPI-1E . NotIPesells 111 (AIADE
o ! ; puUT FILE(SPLIT) Emn'.-.susiT;\:!E‘D-
96 1 1 1p = 1P ¢ Rutlpy ¢ 13 1pd
/./- EXaMINE ROWS 1 & J */ s
og noJ=1 10 1-13% (at(lull” « RTLIVW
©9 : 2 ROT = (OUIWLIN %)+ onlel-');o;_“““_“” .
® - ROTCQTUH“”‘ REB * .,_‘gg)-.z/itﬂl.
1o9 12 £ s2/REA ¢ ({141, 1o
102 1 2 ¢ s sunununtn.‘n-nﬁu' 2_ 0””'_2"”6'“,, 1pJ=1PIeNILT
103 1 2 oyt FILELSPLITI tDIT(R)IX{28N o
7= e L 14
Frup MINIAUM MERGE STATERTRC, -y oy gd = 8 END
1F P < XMIN THEN [ D}
1 H H : EXPLAIN ANYTHING')
1A H z i:":?:'a en 003 PUT FILELSPLIT €717 CANNOT
113 1 s cINISH3  ENDS
6 (cKip.ads GO 7O .
:is |‘ ! §1nS - CHIEXMINGDFDE e oxMINs s TC MERGE GROUPS NUMBERED® ¢
1o 1 SLTRILFUSPLITY ENTTO ML S!A;Fif . sm.”ﬂcuw.sms.':-l .
YK um-,ll,c. . -r‘).F.z ';(;|..,an(b“o‘v“"""F"'"'A 3
LSKIP(2) A oFUByST 0 Rs7 [EIRLY ' or
’* . -
RGE' 1’Y SPLITTING
16 CoNeTe - G$MEN &0 10 TRYSPLTS -
120 3 1F S1G5 € SIGMERG !
122 1 p o= 113 11 = J38 Jo =13 ,
b J * "
;. COMB INE 6_WPSs IN pOSITIUNS :l ¢ :Hlulll”"‘“““‘”""" [CIEERAL]
12 ) mmm."-‘""‘“"""mhmf:h'»‘- IIeRdE  ENDS
127 1 n . M1t bt e s 0N o
RESET POINTERS .
meX D /% REDT NUMRER 4 ENDS
o sprats 4o B et el e
11 1 1PJ=1P3 I’"n“l”- 11“ (pal = 1990 n(1pJy ¢ 18
139 1 vy = u"’; 'v": Tra-1s WOTELT) = AOUTdE ENC3
v . \ .
141 1 0 o RAtIP) ¢ NULTRSYE 1A 208 1y IaslAsds END
146 1 CRIBLE 1pdi-ii .H,““,“).ul_v_ 1 I tNDs
en H oo :11":’.:”7?9)-:‘; ':'O(INHM-N'.‘"EUig”-i’,;"":‘m - B3
oo grlt )= NCLT)uNOCT e
oo ! B TN TE L oruiNdaLl 11



STVY LEVEL MEST

FRESTEW:

PROZ (MATRS HEADR g NAME JRESULT ¢ SIGMERG,SIGSPLT )

B 1z,

Vad
TEST IF PRNCEDURE 1S IN A LOOP == EMERGE
}:: : SILPTST:  NLOOP=NLONP+] GENCY EXIV ~/
109 ! \ TF NLD0P > »&xLOOP THEN 003 PUT ENIT('FORCE TERMINATION - IN A LNTP1)
163 H {SrIri2),4)3 PUT FILE(SPLITY ENIT(*FORCE TERMINATION = IN A LODPY)
16 ! 1 (SKIP(2) 4403 GO TO FINISH; ENO;
4 GU TH LOP;
/*
166 TRY SPLITTING A CIMBINED GROUP ./
1 TPYSPLT: PHASE='SPLIT PHASE';
=
_ W) ETTEMPT 1S MADE TO SPLIT IF LEVEL OF MERGING 1S LESS THAN THAT
167 1 NFSPLITTHNS ./
144 IF SIGMERG <= SIGSPLY THEN GN TD FINISH;
1 lrluumo (SPLIT) > 55 THEN SIGNAL EIDPAGE (SPLIT);
*
PRAVINE HEADING Y
-
:_,; : PUT FILE(SPLIT) fou(:unst.r.- GROUPS2t,? SI(SKIP(2)y AsF(SIeAICOLI28)4ANS
ivos a3 O =1 10 M
174 1 1 PUT FILECSPLIT) EDET(® { ¢y SUBSTRINMEAD,ND(IP+LI,1)) (A ANS
354 1 1 Ho—J—=—2— T NIHPI
3¢ 1 2 PUT FILE(SPLIT) EDITUSUBSTRIHEAD (NOCIPeJI, LI IIXTSTs AT END
1 1 PUT FILECSPLIT) EOITC® 19)(AY: 1P = IP ¢ NOUIPI ¢ 13 END:
191 1 1P s 15 XY = -1}
/7%
iaa ., EXAMINE GROUPS WITH MORE THAN ONE CATEGORY ./
132 i BO T =1 TO M: IF NOLIP) <3 1 THEN GO TO NEXTGR
103 1 1 NOTP = NOLIP)G IWHICH = 03 NOCOL = 1§ TFIRST = i7 - NOIPS
190 1 1 PUT FILECSPLIT) LDIT(!TEST STATS FOR SPLITTING THE GROUP:  *1(SKIP(2)4A}3
1 1 1 00 J = | TC NOIP;
192 1 2 , PUT FILE(SPLIT) €01 TUSUBSTR (HEAD, NOLIP+S 1o 111 (X (1Dy AN END$
.
7¢ FIND WHICH GROUPS TO FORM. */
134 i 1 FWGTF: IWHICH = TWHICH ¢ 13
1as 1 1 STRING (RITS) = UNSPEC(IWHICHI; IF AITSUIFIRSTY THEN G0 TO NEXTGR3S
193 1 1 oyUT FILE(SPLIT) EDITCIRITS(J) DO J=iFiast 70 16111000 (NDCOL D, 16 ALLDDS
129 1 1 NOCGL = NNCOL ¢ NOT® ¢ 83 IF NICOL > 124 - NDLP THEN KOCOL = 1%
202 1 1 RTA = H; P04 = O; ROB = 03 RTS8 = 0§
/%
CALCULATE SPLIT STATISTIC FOR SoLIT SPECIFIED BY "BITS® ./
276 1 1 00 J = 1 TO NOTP; TF BITSUIFIKSTeJ=1]
218 1 2 THEN MO RTB=PTESUATINN(IPeS) LS RCE=POBHCO(NN(IPeS ), #)i  ENDS
212 1 2 ELSE DC; RTA=RTASHAT(NO(IPeI) (LI ROA=KNASCOINNLIP#JI) ¢ )3 ENDS END3
217 1 1 REZ = DUIW(1) 0} eaTA/RTiiwiiiis 268 = 011 ). d#RTB/ZRTUINCTINS
210 1 1 R = SUM{(POA=-REA)$¥2/REA ¢ (RNB-REN)*&2/RE
220 1 1 PUT FILE (SPLIT) EDIT (RI {F(6410)3%
FRESTEPT PROC (nuas.nrma.mne.assuu.slsneac.swsvul:
STMT LEVEL NEST
nnm waxiut ./
FInn waxiuuMm SPLIT STATISTIC
2 1 1 1F B> XT THEN D03 XT=R§ TI=l3 JJ=IWHICH; iPS=iP; ATT=RTA: ROT=ROA; END3
239 1 1 GO 1) FWGTF3 ’
231 1 1 MEXTGRT 1P = 1P ¢ NO(IP) ¢ 13 END;
/"
£ XAMINE THE BEST SPLIT £OUND s/
233 1 §16S = CHIIXT,OF); 1FIRST = 17-NI(IPS)s  IWHICH & JJ3 .
23¢ 1 §F XT < 0 THEN NO; PUT FILE (SPLIT) EDIT (*NO COMBINED GROUPS TO SPLIT®Y
239 H 1 (SKIP(2),A): GO 10 FINISH; ENDS
241 1 PUT FILE(SPLIT) ENITEPMAX STAT 15%,XT4* TN SPLIT GROUP NUMBERED'; I1e
*AS -.sunstnumswsrt.m.lrmsr.n-umsn.
0, 0,10 FL200F %y SIGHI FICANCE® 1S155¢7%")
(sm.Nz».A.ru.u.A.nn.A.A.A.cvureu.A.uu.A.nv.n.An
/l
CNNCLUDE ANALYSIS [F BEST SPLIT NOT € IGNIFICANT ENOUGH ./
262 1 1F SIGS > SIGSPLT THEN GO TO FINISHE
L 4
/% IWPLESENT THIS SPLIT %/ s
244 1 JJ = INNE XLUNSPEC (1 WHICHY (1 ¢B)=[FIRSTS NOIP = NOIIPSii
246 1 “po 1 o= 1 TN M-I} w:r—n‘u = Iw(u-14105 END;
240 1 IREIT1D = NNCIPSeJIeld s
250 FTCIw(i1+10) = RTOIWCITN) = RTTS RY(IWGTI)) = RTTS _
252 : FIwt11e1),8) =(O(I4IT1 %) = ROT) ¢ 1.0E-303 OLIMCTL) ) o ROT ¢ 1.0E-303
/% REDN THE NO(®) ARRAY  */ )
254 1 pn Y s 1 TO 31-1PS=NOIP] ND(33-11 = NO(32-1); END; o
257 1 STRINGIBITS! = ‘-‘"5"’“”“"“"‘;]“5:0!5.? NO3 J = 03 49 = 0%
e NO1P; 1E BITS ei-ii
¢ - 00 n A OIS Jle Li NOUIoSenDIP-Jse2) = NOTELIPSS 11  ENDE
267 1 1 ELSE DNG J = J ¢ 13 NOUIPSed) = NGTELIPSeldi ENDS st eins
272 1 wors sty "0 s Notipsedeny = woIP-dr W= e b 60 TO NLPTSTS



B 13,

IRESTEPS

STMT LEVEL MEST

PROC (MATRS MEJOR, NANE ¢ RESULY 2 SIGMERGSTGSPLT):

g
27¢ 1 CONCLUDE ANALYSIS =/
FINISHE KOG = %3 R e 0O} .
/]
2t 1 CALCULATE PONFEORNNT MILTIPLIER : 1Y
218 1 ! BF 4 Cs 1 THIY BINF s 1§ ELSE U Fu s 13 BONF = 03 Fl = 13 ¥l =Kel3
OO 1 ® 2 YN Mg FM s FMST; E £Em o= 1/FM
:g; ! 1 N2 =} T Mg Fl = CEIRl; FM = FMs(M-T¢l);
! 2 BONF = PO'F o FMs(FLOATUI)S*KLIN/FI;  END; BONF = ABS(BONF);  END3
/7
270 1 DETERMINE SIGHIFICANCE NF THIS SUSTABLE .
298 1 on g =1 10 Mg DOJ sl TOL-L:
200 2 T s RI(EN(IDD # MATIKJ) / MAT(KyLIS
"2 12 R R o (DCINI),J) = THe*2 / T8 END; END$
3¢ ! DF = (M-108(L-2)3 SIBNIR = CHILR,OF)S .
} PUT FILE (SPLITY EDIT(PREST IS%oNOG! GROUSS WITH CHI-SQUAPES gRy % DoFei®y
N, 0. 9,BUNF,t 1S THE BINF MULT, AND THE S IGNIFICANCE 1STySTGMIN,* X'}
s ISKINZI.A.HJI'loﬂ‘h)).A--‘H).A.F(H.A.H16.80.AH
Ing 1 L LR §] o0 1 = 3 TO NOG: 00 4 = 1 TC NOUIPYS
3tn ! 2 . NOS(IPeJs = TREM(NO(IPeID)S END;
‘ LI | NOS(IP) = #OLIPYG 1P = JP ¢ NDUIP) & 13 END3
,» ) o
~ RE TFN CONTROL T CALLING PROGRAM e . .
313 ! FINISHE §  FREE CONTROLY PUT FILE(SPLIT) EDIT((1300087 1ISKIPL2)sAbS PETURNS
7 y
EXIT WIEN KO ANALYS1S PERFNRMED
e 1 FINISHAT WOG = 0 SIGMIN = 1CO: 60 TO FINISHES END FRESTEP3
eMls  PRIC (Y,DF) RETURNS (DEC FLOATUS) Y}
STYT LEVEL NEST
L CHIt PR (¥ DF) RETURNS (OFC FLOATL6N)E -
HI-SQY
’.wis PROCEDURE CALCULATES THE SIGNIFICANCE OF & GIVEN CHI-SR o
vARIATE STATICS
2 1 DCL (2484F) STATICH RTH IWIT t.70710678) o
7® peciiL casES 0F NBVIOUS NON SIGHIFICANCE. | o 1o woTSIGS
3 1 g6 ¥ <= 0 THEN GO TO NOTS1G3 IF oF <= © 775 o Frccoon o
e 110N FOR 1 NEGREE .
ySE SQUARE NF NORMAL DISTRISY ariv))s PETURN (P)i  ENO:
7 1 IF DF = 1.E0 THEN P03 P = xco-t"CN_"*‘” 4 o o
,.raﬂ DEGKEES OF FREENOM IS Expcne:;;:: u:::s::U::'= END3
12 1 1F OF = 2,60 THEN DOi P = 100EXPL iy
rrs
o N-HILFERTY APPRNX1vATINY < . 25, 871-880 o/
lfs:o:LngzneLLuf (1966) EDUC C ;:;5?0 MEASes ©3 :
) ¢ ¢t
17 1 ‘ 16 ¥ > UF THEN F = Y/DF3 ELSE §Qav(,2222222/9F1} . s
I A A
1 - : Hl
25 1 noTsiIGs  P= 1003 RETURN (P13 END CHIE




B 14.

PEINTART PROC (M2 TS HEMNG NAME ,OESULT JUFPNAMES, P, S 16, TARN S

STUY LEVEL NEST
I
CT‘HS ROUTINE PRIMNTS THE GIVEN COMTINGENCY TABLE, MERGING
ATEGORIFS AS SPECIFIED . LY}
2 ! 1 MATS, 2 WAT(®,%), HEAD CHAP(®) VAR,
CULE(R) VAR, DEPHAMES(®) CHAR(#*) VAR,
TITLL FUARLS00) VAR EXT.
1 RLSULT, 2 SIGHIN, 2 BTUF, 2 MG, 2 NOS(32), 19, © CHAR(1), RINDGeL),
Ty Jo %y Ly My 1P, (TOUT,RTOT) RIN FIXED, TAB PRINTS
-
. PREPADE PAGE MEADING 4
3 1 ON ENNPAGE (TAR) PUT FILE(TASIEDITIIG V KASS. 1974, VoAe! TITLE, *CONTINUER®)
(AySKIP,A,SKIP,COLUMNILO0), A} PAGES
3 1 K = DIMEMAT,105 L = DIM(MAT,2)3
. 1 TF LINENDITAR) > 56=L THEN S1GNAL ENDPAGE (TAB);
9 1 PUT FILE(TAB) EQIT(L130) &7, PREDICTOR: * (NAME) [SKIPTZIeAsSKEIPsAIRES
1 .
DETERMIME WHETHER OUTPUT SHOULD PROVIODE -
1. NUMBESS PER CELL
2 RON PERCENTAGES
3. OVERALL PERCENTAGES ./
10 1 IF P = Py THEN D05 10 = i 1P « L5 DINUGeL) = 100,EO/MATIK,LYS
;2 i 1 PUT EILE (TAB) EOIT (¢ = ROW PERCENTAGES #') A}
1 D) 4 =1 TN NOG;  T0T = 03
34 1 2 00 N = 1 TO NOSUI®) 3 TOT = TOT & MATUNCS(IPen), LI  END:
21 1 2 1F TOT = O THEN D(JF = 03 ELSE N(J) = 100.E0/TOTS
g; 1 2 1P = 1P ¢ NOS(IP) ¢ 15  END3 END3
1 ELSE
27 1 If P~wtP? THEN DGC; ID = 0; D = 13 ENDS
32 1 ELSE DO 10=1; D=100,E0/MATIR LD
35 1 1 PUT FILE(TAB)ENITUY *PCRCENTAGES® TNTAL NUMBER® (MATIX,LY)
36 1 1 (A F(T) s END:
”
PRIHT HEADTNG O TARLE s/
37 1 PUT FILE (TAE) EDIT €t *) (SKIP,COLUMNI21D,403
3R ] 1p=1; DO I=1 TO NOG3
40 1 1 PUT FILE (TAR) EDIT (SUBSTPIMEAD,NOS(ICs1), 10} (XIS),AD3
4] 1 1 00 J=1 'O N)SUIPI=]13
42 1 2 aUT FILE (TABY EDIT (4,9 ,SUBSTRIMEAD,NOS(IPeledly 111 (AsAD3 ENDS
o4 i i P = 1P & HOSIIP) & 13 END
“6 1 PUT FILE (TAR) EDIT ('TOTAL®} (XE5),403
PPINTABET PRIC wus.uun.mns.qssuu.ozmues.r.stc.uau
STMT LEVEL NEST
’” o
CALCULATE CELL VALUES 270w ar RM ’
47 o0 1 =1 TOL: 1P =13 RTOT = 03 ‘ .
I.l:nscx IF LAST ROM  =TOTALS= 4
:f ; i ;:“ll.;lg" F1LE(TARIEDT TIDFPRASESE s#?;gg_;nﬁtll-t ENGTI DEPNANESI 100,403
: i H « 13
52 11 ELSE  1F P s tRY THEN OB Y Terhrats (1631101 (SKIPICH (8D AN €VOF
56 12 PuT I CEDIT (FTATALS®) (SKIPLCMUSALISEed
LY ] 1 1 ELSE out l';;o- Gn N 2l TC OWLIPNE TOTeT2TomAT(NDSC IPenly 133 BN
o : ; g‘;vJ::L:n(;‘:\)g; ."éu (17e0040) (X(20°08 (1P1=20,F L6, 10303
6 1 2 L P e nOSCI®) ¢ 13 DD
RTOT = RYOT ¢ TOT: 1P =1 e ot
& ! : pUT FILE (Tea) EDIT (RTAT*ILNIGELN) (x(a), Floe 10 o
/*
g ce LEVEL €F TABLE
70 1 puT ,‘.’:1,‘('“‘:? l;;:gﬂunu 1S SIGNIFICANT AT®(SIG:*S LEVEL®)
(SRIP,COLL&D s AL FILOWSIsANE
[ RE TURNE END PRINTABE



B 15.

STMY LEVFL MEST
1

18991

FAOC (YAT2eKeNF 31003

V438163 PPNC (MATS,XNF ¢SIGHS

GIVEN CONTINGENLY

/*
gH1s SECTINAN CALCULATES THE STGHIFICANCE OF A
> . TA2LE. 3O GROUPTINS 0F CATEGOFLES PERFORMED . ./
3 ! neg ) TS, 2 MAT(%e%):
a ! vos plaeeaT,lrg Lom DIEMATZIS 15 = 03 DF = 0 X F 03
1 1E AATUK,L) <= 1 THEN F TYZN wl o= 23 nJ o= 0%
.
sy STATISTIC CELL BY CELLe IGHORING ROWS AND COLUMNS
12 N MAFSTNAL TOTALS -/
4 00 1 = 1 TO k=13 1F wATUI,L) <= O THEN GO TC FLH
1 1 1 Ml o« N1 e 13 noJ=1 1) L-1: IF MAT (K J) <= 0 THEN GO 10 ELJIS
» 12 Ng = N3¢ 1s E= FLOATUMET (1 LIsMAT (Ko d)) 7 MATEKOLDS
a 12 xm X ¢ (MATUI DI-E)8m2 / Ed
1 2 ELJs END ELls END3
-
CALCULATC DEGKEES NF FREELAM AND SIGNIFICANCE =/
24 1 PF s N = NI ¢ 1 = MJ/uI; 816 ® CHI (X, OF )3
26 1 PETIRNS €MD TABSIGE



Appendix C.

This a i '
ppendix concerns the analysis of 669 CTA students that

is discussed in chapter 9.

a and some of the

{
circled numbered pages for ease of

D R P
of the dat

[
[ )
72}
o
-
=]
og

The following pages give a
output of the program with

reference in the text.

The data f .
a for each student is coded into eight contiguous

218

printed columns where

Col - Type of matriculati i

Col — iWhether eventually qualified or not

Col — Number of commercial subjects
ubjects

- Type of school
Matriculation Mathematics mark

Col
Col
Col

2
3
4
Col 5 =~ Number of non-academicC S
6
7
8

— Matriculation English mark.

213213 a
2,‘§}3§: f}éé}gzi i;;!lz** 11311255 21441243 11431343 21311275 11311264 21431364 11211253 21311265 11311264
21431334 1132 ee 513;:;45 ia1)7es 11321265 21311244 11331268 Ii3nizss 11311245 21211282 ti211253 213112¢5
e ializ7s a0 21311285 21211223 21312288 Haties 21211334 21121243 21320500 21211234 21321245
> : 2331348 21221243 21321266 11221233 11311265 21322274 11321262 B ilzse 21821233 11211263
21231335 21431337 11121244 11311252 21320265 11311265 11311243 U133 21311208 21311244
N ils6s 21321264 21312254 21321200 Aolizas 1321258 21311254
211245 21311256 21211233 21321244
21311268 2121123%

LISTING OF 669 CTA STUDENTS.

21111265 11322254
g:;i}Z'ﬁ 21321275 21211233 11211265 11421333
244 214113558 11111264 21312254 21311245 11211254 21311254 21321254
11311256 21411244 21311254 11311264 21321245 21311254
113212¢5 11211255 113112¢¢ 11421354 21431334
11311254 21421336

21421333 11311265 21111244 21321265
21321265 21311254 21321244 21211255 11211233 21311265 11211233
21211243 21311266 11311264 21211254 21311258 11111256 21321244
21321276 11211244 21211233 21311274 11222244 11222264
21211234 11211234

1|1211256 21312264 21211255
1211232 11311254 11311275
21421344 21321244 21312264 11311245
21211245 11311276 11311245

11711265 21211233 21211233
11211256 21312244
21221264 11311276 11311267
11321266 21312245 11311205

31321258 11211236 1i3zizés 11311288
i}zllzsa 21211233 21311266 21321246 11311283 zizi1233 213212
11;;;;;; ;:;;igsz 11311265 21311265 21311255 31311244 21321264 21331245 21420244 11321265
e 22561322 §z:1129~ 12311256 22641356 12311255 12311245 12311264 12311232 22431343 22321244 12321200
2 2311256 12312275 22321244 12321254 22211263 12322244 3ari233 22312211 12211243 12322254
e3 22211243 22311255 12322234 22111233 12421233 12322264 37311264 22651233 122112°3 12211263 22441233
$ra41343 12311254 12311244 22311244 12421354 12311273 231264 22131243 22311254 12312243

12311254 22211234 12311233 22331233 12311244 22321243 22311233

12121256 12311245

22311255 22311255

22321264 ?212123 12321254 12311253 12311255

12311264 12311274 12311244 22211243 22111243 22111234 22311243 12311275 12311233 22211345

22311245 22321234 22331254 22311276 zzziiess 22311254 12311253 12211243 22321244 22311245 22211235 22311244

12311265 12311273 12321255 22321235 22321243 22311255 zz2ii35s 12311275 12311245 22321233 12431353

22211265 22321254 12211265 22321264 12311243 22211353 22312244 22212211

12221243 22131334 223212¢4 22211244 22312264
12311254

22311244
22211253 12311274 2231224% 12311244
22421333 22311244 126441333 12211244 12321254 12211235 22121254
1221127% 12431343 22312274 1231126¢ 22311243 12211244 22211233 22321211 22321234 22211244 1231124%
123112%4 22311233 12311278 22112244 12321253 12322234 12322273 22211254 1231 1264 2231125¢ 12312264 12311258
35311243 12321264 12321254 22421352 221212¢5 12222234 22211243 12311234 22311254 2264412644 123212174 12131254
2231124¢ 22211253 12322244 22111267 22211243 22311244 12211243 22311233 1231 1255 12311284 22211234 12311245
22421232 22112233 12641364 12321254 22311263 12311254 12211243 22321244 12321234 1221126¢ 13311253 13211234
13121244 13322233 23441233 13311274 13311264 23311244 23321223 13321253 13121244 23211243 23421344 13321243
13431332 1333 2564 13311253 13312253 22221343 23321243 23311264 13311265 12311244 23511234 23321244 13311243
13211234 13211245 22311243 2321125% 13221244 23211243 13441363 23441344 13211255 13383254

13211254 23311254 13311252 13211344 23311254 23311244

13321254 13321244 13311234 23451334

13511235 13311254

12311244 23111234
23321253 13311264 23211343 23211345
13411254 23311254 23311243
13121264 23311233
13311254

27311253 13211255

23311244 233112643 23211234 23321254 13431343

23321263 13321233 13111233 23311233 23321233 23221253 23322233 23311254

12311233 17311253 23311233 13121263 22311235 23211242 23441333 23411253 23211244 23111244 23441304

23321232 23122263 23312283 22311242 23311255 313321274 23211254 13211234 13311253 23311275 13451333

13111233 23711233 23212233 13321244 23311233 21511234 23521233 13311244 13431334 13431333 13311253 13311254

23441333 13321243 23431235 23311244 23111234 23441334 13311256 23311232 1344 125¢ 13121264 23421365 13121254

136421264 13211275 23441355 13311244 13411233 13211243 13311252 23211264 23331234 13321256

22321234 23522243 23211233 13211203 1321128 23311232 2344123 23314234

23441334 13311275 13311354 23311263 13321253
16522243

13221234 13311236
13311263 23211264 23321234 23321256
13311243 13511263 13511264 13311244 22421333 13212255 13211262
23441333 13311263 14511253 14511243 24451353 14521253 24421354 24521235 24431333 14511254 14311233
24111264 24511243 26112244 14511264 14521233 24211333 24421343 26441364 14511273 14511234 24512253 14511233
142112%4 24512253 16511234 14511255 14211267 14511245 14111264 24511244 14211255 24512233 16431244 10211243
16311243 264511235 24521234 24231282 24441233 24451354 145112464 24521245 14441373 24431333 14111243 26431343
14521343 24311254 24211274 14411358 24521233 24211265 24511243 14511232 14311264 24431353 24512234 24431333
145112446 24641334 24451353 24211264 14511264 24441353 24211233 142222064 za531244 14511275 2.?{!!5) 26431334
16511234 24511234 24111235 14211256 14511273 24441364 14441336 24441353 14631362 24221343 lﬁzzliiﬁ 14812244
26521264 26321243 14511252 164511233 24511243 14 511244 24121253 14312206 16211344 26211244 24211353 26141346
24141364 26461343 24441263 14121244 24211233 26221234 14411253 24511234 24511264 24511233 24511253 2631224%
14211264 14211255 24221223 24441354 24511233 24211253 24111211 14511263 14511 254 14521282 24511234 14211244
26212233 164711266 14522234 14311234 24641354 24461344 24511233 14211243 14511233 145101274 14431355 26441354
264511233 24511254 28121278 264121244 14441343 14511243 24441354 16511254 24604134 18212234 14431353 24211204
14511253 24211234 14521244 14121265 14511233 26211264 14511244 20311234 24221253 20231362
14511254 14311254 14211263 14511254

24511246 24451373
24521244 24211333 24211233 14431243 14521233



Cc 2,

WHIC y
HICH MATRIC DID CTA STUDENT WRITE? HAS ¢ CATEGORIES CALLEDS

OTHER

Jrs ~
15sC e 1

NSC VEC

THERE ARE 7 PREDICTORS AS FOLt.»DIIS
CATEGORY SYMBOLS
YN

L Jai¥he] 2

i 4 0123

aEE s 01234
EE 2 o1

Faee 3 aBC

:LDAT 1 7 PP EDCBA
LOAT 1 1 FFEDCBA

OPTION 1 | )

OPTION 2 1: 0

OPTION 3 IS 100

OPTION & IS 1

oPTION 5 IS 1

OPTION & IS 20

OPTIONS IN EFFECTS
TABLES PRINTEC WITH ROW PERCENTAGES

TABLES WILL BE PRINTED BEFORE € AFTER EVERY STEP
E ANALYSED
1% LEVEL

4 GROUP WITH LESS THAN 100 CASES Wittt NOT B

fgf\OUP witL o& SPLIT IF 1T 1S SIGN
A GROUP witi 88 SPL
THE PROGRAM WILL TERMINATE WHEN 20 OR MORE GRUU

END OF ANALYSIS

THIS 1S THE VERY END OF THI

USE? MERGESR SPLITY
0.95

MAY
MAY
MAY
MAY
MAY
MAY

TFICANT AT THE
spL 1T IF IT 1S BONF EKRONI SIGNIFICANT A
avc

PS HAVE

E ANALYSIS. G V KASS 197¢

1.00 0.95
1.00 0.95
1.00 0.95
1.00 0.95
1.00 0.95
1.00 0.95

T THE

BEEN FORME

)

N

AME )
N ADESTUDENT EVENTUALLY GET THE CTA (YE SyNOD

0 63)
NUMBER OF CUMMERCTAL SUBJECTS
NUMBER OF NIN=-ACADE™ I1C SUBJECTS
TYPE OF SCHOOL

MATHEMATICS MARK

ENGL ISH MARK

LEVEL N
D°CR ANALYSED

G vV KASS. 1974



C 3.

®

SUMMARY OF RESULTS
ARALVSIS OF TUTAL GROUP.
NG+ NAME ~ SICNIF (X) BONF-SIG [£) NUMBER JF GP .
; 322‘157UD&NT EVENTUALLY GEY THE CTA (YESINO) . « 0.4670£707 0.4BTOBTOT 2 BER % CrOws
S nov OF tNTRY (609 61y 624 63) ¢ o o o o o o o 0.346262061 2,423¢9747 2 o1 23
b ”8“::* OF COMMERCIAL SUBJECTS « o o o o o o o o 0. 00002020 0.00000000 4 0 1 2 3%
s Yyre h‘ OF NON-ACADEMIC SUBJECTS o o o o o o o » 0.06414J285 0.04140285 2 o1
. “"“’:i'?sl‘nﬁlt e 8 o6 6 8 o s 0 0 s o s o s o . 0.0000C000 0,000C0000 2 8 C
"lu?uis"'" MARK 2 2 2 2 a2 o o e o o o & o o o 0.00920733 0.09908056 2 FE ?20CBA
HMAK ¢ ¢ ¢ ¢ s o 006 6 0 0 0 0 0 0 0 0 0.0GC0J 194 0.00002i38 2 F& OC8?A
CHAKACTERISTICS OF THE BEST PREDICTOR
0,00002000 0.00000000 4 0 1 2 3

3 NUMBEF OF COMMERCIAL SUBJECTS o o o o o o o o o

‘.Q....."."...'.“‘."““‘.‘.“.l-l-.““““‘.“ AESRASEARRESRAEFRENESOOD l‘.'..‘."

PREDICTOR: NUMBER UF COMMERCIAL SUBJECTS ¢ KOW PERLENTAGES *
o 1 2

.‘..‘."..-.‘.“..‘l...‘l‘.“‘.‘...‘l

36 TOTAL
OTHER 4.9 10.3 13.2 4.1 6.6
JMB 29,7 6.5 0.0 0.0 20.5
1SSC € TUEC 63.7 13.5 15.8 0.0 S8.6
NSC 1.6 9.7 Ti.1  95.9 Teo3
TOTALS (10031 427 155 38 b 069
YABLE 1S SIGNIFICANT AT  0.00000% LEVEL
SummaRy DF RESULTS @
e s 0F SUBCROUP NUMBER OF COMNERCIAL SUBJECTS (OF
SIGNIF (s} BONF-S IG (S} NUMBER 0F GROUPS.
NG, NANE R
e D10 STUDENT EVENTUALLY GET THE CTA [YESINOD . 103+00000000  100.900C0000 1 75,
2 YEAR OF ENTRY {60y 6l¢ 629 63) ¢ o o o o 0 o0 lno.ooao)ggg llgo.ooo(,uooo °
3 NUMBER OF CUMMEFCTAL SUBJECTS o o o o o o o ° - IOO.OC.OUOD mo'gooocaoo \ o1
3 R OF NUN-ACADEMIC SUBJECTS « < o o ¢ [ Adioeoonn 108:00008068 3 e
sTvee or sCOLL sl llllliiiiee gomid Ssesnasad 3 are pees
AN AN O Gso2a70s  2.07182
cHaRMCTERISTICRSE 1 BEST PREDICTOR . 0.00000435  0:00000433 2 s
Py seeesesd
".,"."-'.'..‘..“““".".‘.'.‘.... T GES .“. 'Y 3 s ‘......‘..“.....
F HOOL * ROW PERCENTA
PREDICTON: TYPE OF SCHOOL ® ROW PERCETILL
OTHER 5.1 0.0 Py
g 27.7 s6.7 23:7
C ¢ TUEC 6.0 0. .
T95C € Tasc 1.2 13.3 et
TotaLs (joot) 41z 13 427 ¢ Is SIGNIFICANT AT  0.00000% LEVEL




Q
s

SUMMERY OF KESULTS | @

ANALY J
SIS CF SUBGROUP NUMBER OF CUMMERCIAL SUBJECTS (1)
SIGNIF (%) BONF-SI1G (%) NUMBER OF GROUPS.

NO. NARE
1 DID STUDENT i
A 0‘-E:i“5v‘§t;-uﬁv GET THE CTA (YESJNO) o o 1000000000  10U.07000000 ™
3 NUMBER OF wquﬁc'[‘ .sbz' 63} o o 0 o 0 o o o 10200033030 100.000600000 1 a123
3 NUMBLR OF COMmERCTaL UBJLCTS o o o o o o o o o 100400500000 100.00000000 o
3 NUMBF? OF wuN-AC VB IECTS o o o o+ . . . 100.00000005 100.000€0000 1 01
STYPE OF SCHODL + e e e e e st et J." Tolootododd  0.00000000 2 B C
o mATHENATICS Tt LUl . . 100.00000000 100.00000000 1 EDC78A
L iUt e 0.05180389  0.36304T18 2 E ucrs
CHEKACTERISTICS OF THE BEST PREDICTOR
. 0.00003032  0.,00000000 2 B C

S TYPE OF SCHOOL o o o o o o o o o o o o o o o
'l."l““..“‘.l‘

‘otot.‘-‘t‘tttt.t“ttottttocc‘t-‘-st'.tnnnao

:;u-..nooou . st wsere s
EDICTOR: TYPE UF scr(JOL'c ROW PERCENTAGES *
. (4 TOTAL
M:s: 114 0.0 10.3
5.7 13.3 6.5
TSSC & TUEC 60.0 13.3 73.5
NSC 2.9 3.5 %.7
TOTALS ¢100%) 140 15 155
TABLE 1S SIGNIFICANT AT 0.00000% LEVEL

e - i T - @

SUMMARY OF RESULTS
UMBER OF COMMERCIAL SUBJECTS (0! TYPE OF SCHOOL €B)

ANALYS1S OF SUBGROUP N X
NO. NAME SIGNIF (%) BCNF-S1G (%) NUMBER OF GROUPS «

1} D10 STUDENT EVENTUALLY CET THE CTA (YESINO} o o IOO-OCOOOOOO lOOoOOOC’DOOO 1 ™

2 YEAR OF ENTRY (6Cy 619 62y 63) o o o o o o ° 1055033;‘3393 300-03000000 1 0123

3 NUMBER OF COMMERCIAL SUBJECTS o o o o o o o ° . ICJ.O(‘ODODOO 100.90062000 ']
X 4 NUMBER OF NON=~ACADEMIC SUBJCTS o o o o o * ° . 100-00033003 IO0.000CQOOO [} o1

s TYPE UF SCHOOL o o o o @ © ° o o 8 o o 0 o o @ 100000:03030 100.30000000 0

6 MATHEMATICS MARK o o o o o o o o ° ° e o o o o 0.03399508 037354583 2 TFE  OCSA

7 ENGLISH MARK o o o o o o ¢ e s s o o 00 o 0 0.27476025 2.47284222 2 & DCB?A
CHARACTERISTITS Oof THE BEST PREDIC TOR

6 MATHEMATICS :ARK e 0 6 0 0 0 0 s 0 " o o o v 0.03399508 0.37394583 2 PFE DCBA

P L ssseee asssves . o

““"“l".l‘.‘““l“l‘."

"“."“".“"‘.‘..‘.‘..‘.
PREDICTORS MATHEMATICS MARK & ROW PERCENTAGE'S *
2:FE DsCoBoA TOTAL .
OTHER 9.8 3.8 S.1 :
. JMB 41.3 23.8 27.7 .
vesc & TUEC 47.8 7.3 65.0 .
NSC iod 1.3 1.2
0.03400% LEVEL

10TALS (2008) 92 320 412
TABLE 1S S1GNIFICANT AT



C 5,

SUMMAKY NF RESULTS

ANALYSIS OF SUBGROUP NUMBER OF COMMERCIAL SUBJECTS (1}

NO. Nane
3 SIGNIF (T} BONF=SIG (Z) NUMBER OF GRO
urPs o
g E 00002020 9.9
g Lé::tzfusﬂzaznlbo. 61, 02._53) e o o 0 e o o 10008202000 :gg.;ggggggg : oF
3 ety o o ERCIAL SUBJECTS o o o o o« . 100.00200020 100.00000000 0O
S ch;:ALAD:uI.. SUBJECTS « o o o = 1€0.06223029 100.00CC00C00 1 Ol
FEMATEA ) SR e e o 0 s 0 00 s e 100.00002020 100.006C0000 ©
S e A, e e o s o0 s a0 0 s s e 160.005620U3  1€0.00000000 1 EDC?BA
1SH MARK & 2 2 2 2 o s o o o s o o o ¢ @ 0.6059946 4.24196053 2 E DC?8
CHMARACTER]ISTICS OF THE BEST PREDICTOR
. o 0.60599446 4.24196053 2 £ 0C?8

T ENGLISH HARK o o o

THIS PREDICTOR IS NOV SIGNIFICANT.

TYPE OF SCHOUL (8)

SUMMARY OF RESULTS

ANALYSIS OF SUBGROUP NUMBER OF (O

. NO. NAME
DID STUDENT EV
YEAR OF ENTRY (604

TYPE OF SCHOOL o o
MATHEMATICS MARK o
ENGL ISH MARR o o ¢

©NOVEWN-

NUMBER OF COMMERCIAL Sul
NUMBEK OF NON-ACADEMIC

. o
o o

NO PREDICTION 1S POSSIBLE.

.« o o

SUBJECTS o o o o ©

3R

v e o
e e o
« o e

°“ e

oo

ENTUALLY GET THE CTA (YESINO} o o
6ly 629 63) o o o o o o0
BJECTS » ..

MMERCIAL SUBJECTS (0)

SIGNIF (i
100.0000 000
102.00203022
100.00505000
10Q.00002030
100.00233000
100.00003000
100 .00902000

TYPE OF SCHOOL (8)

soNF-SIG LX) N
1€0.90000000
160.000C0000
100.00000000
100.0200C000
100.02000000
100.00000000
100.00000000

1

=0 O~

MATHENAT ICS MARK (0:CeB oA}

UMBER OF GROUPS.
YN

123

DCBA
€DCBA

10,



GV KASS. 1974, V.A.
ANALYSES OF TOTAL GRUUP.

0300000000480 TANIPEIPESPPEIREPITEPSEEREPASRRPRIRRNRRIRSELNIECEREERIRSS
D10 STUJENT EVENTUALLY GET THE CTA (YESND)

MONOTONIC PRECICTCLRS

C 6.

CESERAISEEEG SIS R2AEIIEIIREIRIEERSSS 2S4S GBS NENRINS

TABLE MAS ChI-SQUARE  12.979y WITH D.F. 3, AND SIGNIF  0.48708707%
2 GROUPS: v N :
OUPINGS 130 -
MIN STAT 1S 12.9788, TO MERGE (Y) AND (N}, DoFe 3, SIGNIFICANCE 0.4871%
N

2 GROUPS:
TEST STATS FOR SPLITTING:

NO COMBIMNED GROUPS TO SPLIT

0. 481087078

BEST 1S 2 GROUPS, WITH CHI-SQUARE 12,979 O0.F.: 3.

:...'l'.-"..i".--'...‘!.‘t.‘-!.‘k‘.ll"‘l"l't“lt.l“*.-“"t“.'t""‘
'.'."'."“.‘.'.....“.“."‘.-.""‘.."““‘.l‘."...'l“"t‘i“‘t‘.""..."'.’

Tt Ofot0se, wimi 0of. "90 an0 siGNIF
MERGE PHASE 4 GROUPS: 0 1 2

PRt s -

3 12.7 11.7 3.0
MIN STAT 1S 2.1532, TO MERGE SROUPS NUMBERED 1 AND 2.
MERGE PHASE 3 GROUPSS 2 o'..}. 2 o

3 16.7 3.0 -
MIN STAT 1S 2.5788, TO MERGE GROUPS NUMBERED 2 AND 3.
MERGE PHASE 2 GROUPSS 0y1 ;

. 2,3 13.7 )

MIN STAT 1§ 13.7450, TO MERGE GROUPS NUMBERED 1 AND 2.
SPLIT PHASE 2 GROUPSS (o 1102 3
"l,lSI ;r;u FOR SPLITTING THE GROUP: 01
;iﬂ SI"s FOR SPLITTING THE GROUP: 223
MAX STAT IS 2.9788 10 SPLIT GROUP NUMBERED 2 AS Ol.

13.745 D.F.? 3.

BEST IS 2 GROUPS, WITH CHI~SQUARE
- ek RN

‘.‘ﬁl“.“"""0“...".““l..".‘...'l-t..'l.!.

3 IS THE BONF MULT, AND THE STONTFICANCE 1S

t'.‘tt't.tt..t‘t---..n'-t‘tnncl.t.t-‘-tt--n
PROPTPrprrrever T TY TEUIT T LA LI L Ldd s and

2.44549656%
D.F.2 3, SIGNIFICANCE 75.8551%
DeFe 3, SIGNIFICANCE 61.0585%
D.F,. 3, SIGNIFICANCE 0.3462%
DeFo 3, SIGNIFICANCE 61.0585%

7 IS THE BONF MULT, AND THE SIGNIFICANCE IS 0.34626261%

’.l.‘l...................‘

P

GV KASS. 1574 VoA.
ANALYSIS OF TOTAL GROUP.

©)
CONTINUED

R SEEBITREE ‘tttt...tt.t-ctnnt‘.-.t-t-.-n..c“--.a..o.oo.toctov

...“.“."l“"...‘."C.."“.-

. sesnsdisssnees

70 MERGE GROUPS NUMBERED 1 AND 2.

HIN STAT 1S41é4. 1482,

FhiE PRECICIORT NUMBER OF COMMERCIAL SUBJECTS ]
TABLE MAS CHI-SQUARE 470.140¢ WITH D.F. 129 AND SIGNIF  0.00000000%
MERGE PHASE 5 GROUPS? 0 1 2 3
. 1 52.5 X E
2 258.9 Ti.9
3 373.5 1214 98
© 213.4 6.6 2.7 0.3
BeFet s -9
MIN STAT 15 003475, TO MERGE GROUPS NUMBERED & AND 5S¢ S.Fet 3, SIGNIFICANCE 99 982%
MERGE PM 4 GROUPS? o 1} 2
GE PHASE . 52l
2 2%8.9 T1.9
3.4 390.2 132.0 11.5
~9499%
MIN STAT IS J1,483% 70 MERGE GROUPS NUMBERED 3 AND 4. D.Fet 3¢ SIGNIFICANCE ©
SPLIT PHASE & GROUPSS (ort1re2 103 &)
TEST STATS FOR SPLITTING THE GROUPS 34
01 0.3 .
FICANCE 99.9932%
MAX STAT IS 0.3475 70 SPLIT GROUP NUMBERED @ AS 01. D.Fez 3 SIGNI Ic
469.63% D.F-t 9 10 IS THE BONF MLT, AND THE SIGNIFICANCE IS 0.00020000%
BEST 15 4 GROUPS, WITH CHI=SQUARE 407.02% O.F:1 . -
#‘.“l..‘.l't‘.'l..i."...OO..‘."
:I’::II..:::::I:I:::::Z:Z:::::::Z:::::1:::::::::2::1:Z..................................
L]
N ER OF NON-ACADEMIC SUBJECTS
::::i':;igxg:‘tl’s‘:‘au‘g:a 18,562, WITH D.Fe 3¢ AND SIGNIF 0041403068
HERGE PHASE 2 GROUPS? Hgé - .
IGNIFICARCE 0.04143
MIN STAT 1S 18,5621y 10 MERGE GROUPS NUMBERED 1 ANO 2. D.Fo3 3 S ANCE
SPLIT PHASE 2 GPOUPS? to) 1)
COMBINED GROUPS 70 SPLIT , - Jp—
o i 1-SQUARE 18,562 DoPe? 3. 1 1S THE BONF MLT, AND THE SIGNIFIC
e v oo - 5”--5g i t-c‘-olt”-.‘.-té#%ese;got‘:.‘-ltO'O..- assacean ..".‘.l.‘.‘..t‘..‘.‘..'.‘...
by by . sses=
...a.r"."":::::::::::::.“‘...‘.........‘.-‘t-l!"t".l.'l‘l..‘O...0.0‘O‘l...'...l!‘
eesnenssssnes
C HOOL 00008
:::EE':ES‘EL‘:E;QUH:.: 2:«?10. WiTH D.Fe 3¢ AND SIGNIF 040000
. . B
MERGE PHASE 2 GROUPS? a16ed
e ' D.F.s 3+ SIGNIFICANCE 0.0000%



C 7.

6V KASS. 1974, V.A. ) .

ANALYSIS OF 10TAL GROUP.
. ’ CONTINUED

SK!? PHASE 2 GROUPS: (8rtuc

~ NO COMBINED GROUPS TO SPLIT
BEST IS 2 GROUPS, WITH CHI-SQUARE 414.148 D.F.: 3.

SSPSEcAsSESRR PR &S -
..‘..‘."..‘::.:::.‘.“lt"""lﬁ..l'.."ﬂ'.“ SIERAKREESEERFEREACEERSNEREEBIER ISR RARSERARB XL XS ER SRS SIS LTEE RO ENES08D
SIS RERIVRSE LG LS UL NEE USRS IER ARSI AR SRS S RIS RC 4420 S0 aIINRERESS SESIBI LSRN ARINSEESIRERIPINR IS

L IS THE BONF MULT, AND THE SIGNIFICANCE IS 0.00000000%

SINGLE FLUATING PREDICTOR: MATHEMATICS MARK

TABLE HAS (M1-SQUARE 42,130, WITH D.F. 18y AND SIGNIF 0.110449378

7 GROUPS: F 3 ¢’ 8 A
TEST STATS FOR GROUPING: 2.6 12,6 4.8 6.0 3.8
AND FOR GROUPING 7 WITHS 1.9 2.9 1.7 5.2 .1.9 S.l
MIN STAT IS 1.7445, 70O MERGE (?) AND (D). D.F.t 3, SIGNIFICANCE 84.1319%
©_GROUPS? F E t?
TEST STATS FOR GROUPINGS 2.6 13.0 ° ,5.3C s.o’ s.u‘
MIN STAT J§ 2,6649, TO MERGE (F) AND (E). DoF.t 3, SIGNIFICANCE 66.6316%
S GROUPS: (2 EN L ? D) ¢ 8 A
_TEST STATS FOR GROUPING: 13.4 5.3 6.0 3.8
MIN STAT 1S 3.7685, TO MERGE (B) AND (A). D.F.3 3, SIGNIFICANCE 28.6929%
4 GROUPS: S UF €N L ? 0’) ¢ (8 A
TEST STATS FOR GROUP INGS 13.4 5.3 1.3
MIN STAT IS 5.2885, 710 MERGE (20) AND (C. D.F.: 3, SIGNIFICANCE 15.0001%
i
3 5ROUPS: (F eV L ? [ crte A
14.9 . 6.3

TEST STATS FOR GROUPINGS
70 MERGE (?0C) AND (BA).
8 A

tF €10 ? 0 ¢
22.1 . .

MIN STAT IS 6.348C, D.F.2 3, SIGNIFICANCE 9.42506%

2 GROUPS: '
TEST STATS FOR GROUPING?

MIN STAT 18 22.0835, TO

MERGE (FE) AND (20CBAJ. D.F.1 3, SIGNIFICANCE 0.00902

EN L ? L] [4 8

A 7
2.7 49 603 6.3 OMIT
T

- 2 GROUPSS tF

TEST STATS FOR SPLITTING? 2.6
oMt 4.0 6.6 5.0

D.F.2 3, SIGNIFICANCE 8.4970%
0.02920733 ¢

“ax SYA.Y IS ©6.5826 10 SPLIT GROUP (70C8A) .

22,003 O.F.3 3.
SOPARRASIRREASAES A EINIESLI IO SIGIERRINGOINCIRDES

11 IS THE BONF MULT, AND THE SIGNIFICANCE 1S

BEST IS 2 GROUPSs WITH CHI-SQUARE

'...."...."."..'.“'.".’..‘.'.-..‘..““‘.‘

e me | ‘ ’ @

G V K2SS, 1674, V.A.
AWALYSIS OF TUTAL GROUP. CONTINUED
tll'tt‘..‘l'.‘t“'..‘l.‘.l""‘.‘"--- - L

e 80ERAGEIINIR!

lnntuo--.ou.c-..--t-to-'ou."uiaa==== axeAS
ENGLISH MARK
Faere whs Cnl-s ’nimcrg,';:JQh.'ul‘m DoFe 18y AND SIGNIF 0.00065686%

TABLE HAS CHI-SQUARE

T GKOUPSS F € 0.
2.5 330 51 % s

TLST STATS FOR GROUPINGS
SIGNIFICANCE 99,2059%

AND FUR GKOUP ING 7 WiTH:
. cos s D.Fes 3
Wiy STAT IS 0.7573, 10 MERGE {Ci ane (8% . '
‘ A R
ROUPSS [ E (4] 6.0
1631%5TA7S FOR GROUPINGS 2.5 33.0 5.2 LT
T oR GKOUPING ? MITHI 1.9 4.0 202 R
Win STAT 1§ 1.3333, TO MERGE (7) AND (A} 0.Fet 30
: A
£ p t¢C SRES
$ GRUUPSS: 3 7.2
s 2.5 33.0 5.2 . v
TEST STATS FOR GROUPING . et s stoumowce enmsis

70 MERGE (F) AND (EV.

MIN STAT 1S 2.4725¢ >
4 GROUPS3 CF € ;’ bo ’.tzc s 17511
T : . D.F.t 3¢ SIGNIFICANCE 15.56758
MIN STAT IS 5.2030; 7O MERGE (D) AND (CBJ. oFe
3 GRDUPS3 (F € t’(on ¢ ] )‘:'7 A
T y . D.Fet 3 SIGNIFICANCE 18.2929%
WIN STAT IS 408299 10 MERGE (DCB) AND (7A). .Fe
’ A
2 GrOUPSS (F E)1 LD c ] ? ‘
FEST STATS £OR GROLPING! 42,6 . T— -
Min STAT 1S 42,6080, T0O MERGE (FE) AND {DCBTA)e D.F. . o
?
’ o c [ A
CF eret 0.1 3.8 OmIT
3o 2.5 2.4 _ 4e2 0ol 3ol
TEST STATS FUR SPLITTINGS . &Y et o .
) NCE 18.2929%
D.F.: 3¢ SIGNIFICA
s
ruit coue 1T IGVIFICANCE IS 0-00007154
max STAT IS €,9299 10 S o azeos DoF 2. 11 1S THE.BONF MULTs AND THE S ”
.‘st " : “ows' 'l’“ ‘"' SOUA * .‘.“‘."l'“.‘tl't.to......0‘.0".....0...".--.l-
pprewri » -
s 70 GIVE & NEVW GROUPS

SEST T0 USE VMR 3 NUMBER OF COMMERCIAL SUBJECT



(12)

G v RASS. 1974. V.A.

ANALYSIS OF TOTAL GROUP.

.?l.‘..""““.‘l“.‘."l‘t.‘lt.'.‘.t'..tu““t‘l‘.
PREDICTOR: DID STUDENT EVENTUALLY GET
¥ pe

OTHER

JNB

¥$SC & TUEC
NSC

JOYALS (100%)

<< BEFORE GROUPING >>
uunnt-”ntouo"uuonuun.o-nnun“o.u.-nu.n-uunno"n‘

THE CTA (YESND) ® RON PLRCENTAGES ¢

v
N TOTAL

6.0 1.0 6.6
19.1 21.6 20,5
65.2 53.2 58.6
9.7 18.1 1403
299 370 669
TABLE IS SIGNIFICANT AT

0.48709% LEVEL
csssesesre:

SEEARRKRERERARANSD t‘.t..tll't““‘.""“...‘."‘

PREDICTOR: YEAR OF ENTRY (60, 61y 62, 63) * ROW PERCENTAGES *
0 1 2 3 TOTAL
OTHER 40l Te& 6.9 8.0 6.6
B 22.9 19.3 18.8 20,9 20.5
¥$SSC & TUEC 62.9 63.6 58,1 4%1 58.6
NSC 10.0 9.7 16.3 22.1 14.3
TOTALS (1008} 170 176 160 163 669
YABLE IS SIGHIFICANT AT  2.44550% LEVEL

‘..“"."....“'..'t.‘ SYSAENRRABERE

PREDICTOR: NUMBEK OF
OTHER

Jns

T$SC € TUEC

NSC

“YOTALS (100%)

‘-I"‘.“..ﬁ‘-““’."t.l‘“.‘..”‘.“‘l.‘“".".....Il"..“.'..-l...lii

COMMERCIAL SUBJECTS * ROW PERCENTAGES *
o

3. & TOTAL
4.9 10.3 13.2 48 0.0 6.6
29.7 6.5 0.0 0.0 0.0 20.5
63.7 73.5 15.8 0.0 0.0 58.6
1.6 9.7 Ti.1 95.2 100.0 14.3
427 155 38 LY &89

TABLE 1§ SIGNIFICANT AT  0.00000% LEVEL .
SR EINSRETE!

sess eI e ‘.‘“““."“.'.!ll‘lt“.

NUMBER OF
OTHER

Jus

TSSC & TUEC
. NSC

‘TOTALS (100%)

PREDICTORS

.l.“..#t‘*t.‘t‘l“‘.-‘tﬁtt‘.“t“.‘.."“....""U

NON-ACADEMIC SUBJECTS ® ROW PERCENTAGES &
o 1 T0TAL . .
6.7 5.7 6.6
21.6 9.4 20.5
56.3 8449 ss.s
15.6 0.0 14,3
616 53 669
TABLE 1§ SIGNIFICANT AT  0.04140% LEVEL

.“‘....'-..‘.“.‘.“.“..‘..'...

*" “.“t‘.‘..."’.....‘..

sosssnOstenH POTYITIITS - Yy
PREDICTOR: TYPE OF SCHOOL * ROW PERCENTAGES *

. A B c YOTAL

OThER ¢.0 1.2 3.0 6.6

JMB 0.0 2i.4 15.2 20.5

T8SC & TUEC 0.0 68.4 2.0 56,6

NSC 0.0 3.0 79.8 14.3

YOTALS €100%) 0 570 99 669

TABLE 1S SIGNIFICANT AT 0.000008 LEVEL

_..._.____._zf————-—-——-—-——-—

(72
@)

G V KASS. 1574, Voo .
ENALYS1S OF TOTAL GROUP. << BEFORE GROUP S
s l'“.;."..‘.‘.i‘"‘.‘.lt'.“‘.t"“-“...“.““".‘."‘.‘... S088ESEEEE A......‘..'..‘...‘....“.....‘."
PREDICTOR: MATHEMATICS MARK & RUW PERCENTAGES # ) o
? ¥ £ 0 I B roraL
OTMER 25.0 0.0 &5 8.9 3.8 o . .
Jup  25.0 100.0 27.1 19.2 18.3 19.6 8.6 20.5
7sSC & TUEC 50,0 0.0 43.9 5%.3 62.5 65.3 82.9 586
NSC 0.0 0.0 22.6 12.6 llzas 6.3 :51 1
s5 4
ToTALS (10081 ¢ 1155 BLE Is SIGNIFICANT AT 0.11045% LEVEL
¢ *se 88 L] .o 8®
...........‘."...‘."..‘.'".“‘.‘."“‘.“.“l.’iii553399!!--- * 112
PREOICTOR: ENGLISH MARK & ROW PERCENTAGES * | .
? F € 0 ¢ 8 A TOTAL
OTHER 28,0 0.0 4.9 8.3 &9 4.2 25.0 68
"MB  25.0 109.0 28.6 14.9 13.% 12.5 25.0 20.5
7S5C & TUEC 50.0 0.0 43.7 654 68.1 75.0 25.0 8.
NSC 0.0 0.0 22.8 1.8 65 8.3 25.0 1
FOTALS €100%) . 10 224 289 123 2% “ o
=T TASLE 1S SIGNIFICANT AT 0.00066% LEV
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ANALYSIS OF TGTAL GROUP. ‘\1_4/)

L AR PE PP
. CAREEONEASEESNEONEIIRNO 4000
PKEDICTOR: 01D STUDENT EVFN!’UALLV GET THE CTi (YES,NO) ¢ ROW PERCENTAGES ¢ THofnsIsansnsstsantenntnsannm s nnete
N

TOTAL
OTHER 6. D T.C 6.6
JMB 19.1  21.6 20.5
¥55C & Tuel 85.2 53.2 5846
NSC 9.7 18.1 14.3
TGTALS (100%) 299 370 669
. TABLE IS SIGNIFICANT AT 0.48709% LEVEL
.

;;ct't-c-cot‘.‘t.t-t-t:cotn.o‘:-‘c--.t-ott..t--tuc-mn:tnt--;-ntttttt‘t'ttt“000“””“““““"“'“
EDICTOR: YEAR DF LNTRY (60y 61, 62, 63) ® ROW PERCENTAGES *

0,1 2,3 T0TAL
OTHER 5.8 7.4 6.6
JMB 21.1 19,8 20.5
TSSC € TUEC 63.3 53,6 58.6
NSC 9.8 19,2 14.3
TOTALS (100%) 346 323 669 .
TABLE IS SIGNIFICANT AT  0.34624% LEVEL

TR 1t 241 23] . ssases

EIIE PRSI A ERARAREREAN SR RARESARERAF KRN SARRAKEHENEAF SIRRB DS S RARREERATRARE RSO E0 D
PREDICTOR: NUMBER OF COMMERCIAL SUBJECTS = ROW PERCENTAGES #

2 344 TOTAL
OTHER 4.9 10.3 13.2 4.1 6.6
JMB  29.7 6.5 0.0 0.0 20.5 -
TSSC ¢ TUEC 63.7 173.5 15.8 0.0 58.6
NSC 1.6 9.7 Ti.1 95.9 14.3
* TOTALS (100%) 427 155 38 49 669
: TASLE 1S SIGNIFICANT AT 0.000008 LEVEL
'ttl'ov"-t“otvn---t-ttt!ctttnittttttttt—t-atstt-:------'--u. anE S22 REBIENRE RS0 E0S eesees
PREDICTOR: NUMBER OF NON-ACADEMIC SUBJECTS * ROW PERCENTAGES *
0 1 TOTAL X
OTHER 6.7 5.7 6.6 ’
JMB 21.4 Se b 20.5
1SSC & TUEC 56.3 84.9 58.6
NSC  15.6 0.0 14.3
TOTALS (100%) 616 €3 669
FABLE IS SIGNIFICANT AT 0.04140% LEVEL

cesEs S340 000820 00S

BPEERKGO R R KEE sSYERER * EREERRERRAKEERTRER IS
PREDICTOR: TYPE OF 5CHOOL ® ROW PERCENTAGES *
8 c TOTAL
OTHER 7.2 3.0 6.6 .

MB 21.4 15.2 20.5
TSSC & TUEC 68.4 2.0 58.6

NSC 3.0 75.8 16,3
TOTALS (1008) 570 . 99 669

TABLE 15 SIGNIFICANT AT  0.000003 LEVEL

e . . - @
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ANALYSIS OF TOTAL GROUP. CONTINUED .

‘....‘t....O.'........Q..".O..‘-

‘.“.t.t'.t..'.“'Otﬂl‘.t'.".".l.‘."..“ll"'t.t.‘.
PREDICTOR: MATHEMATICS MARK ® RO PERCENTAGES *
Fof 1.o.c.a.a TOTAL
QTHER 64 6.6
. JH8 21.6 lu-: 20,5
7SSC & TUEC 43.6 63.2 '58.6
NSC 22.4 n;v ::;3
51
TOTALS (1008) 1%¢ TABLE IS SIGNIFICANT AT 0.00901% LEVEL
..‘..".t‘..t.lt“l'..‘.lll‘t.t‘t..tt".-'l!“ swRd® * 28800
PREDICTOR: ENGLISH MARK * POW PERCENTAGES %
Fot CiCe8s 254 '.’Q.!l:
OTHER 4.9 Tet .
JHB 28.9 16.2 20.5
78S¢ & TUEC 43.6 66.2 58,6
) NSC 22.7 1221 14.3
T 0.000008 LEVEL

669
TOTALS (1008} 223  TABLE IS SIGNIFICANT AT




