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Pioneering technical contributions to the applied 

statistical literature by Grizzle, Starmer, and Koch 

(1969), Bishop (1969), Fienb•r� (19701, Goodman (19701, 
t ' :� 

' 

Koch and Reinfurt (1971), and, more recently, didactic 

contribution• by Forthoter & Lehnen ( 19811 and br 

Kennedy (19831 hav� helped focus the attention of rnanv 

research practition•r• in the behavioral scl•nc•• on 

the pot•ntJal tor sophisticated analyst• of c�tuqorical 

response data,· In consequence, there 1• a 9rowlnq 

awareness that a richer analy•J• can be performed on 

respon••• measured on the nominal or ordinal scale than 

1• customarily permitted by simple crosstabulation ond 

chi-square partitioning, 
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This awareness has led to the ever increasing 

p o p u l a r i ty o f  strat e g i e s  f o r t h e  �nalysis of 

asyr.1r.1etric, categorical data models--that is, r.iodEd s 
f"'!",i,t<··�'·�{-...;.,· ., . .: 1'· r'·. '., 

• ··t 
having at lec1st' 1one·'Variable identified ac; a response 

:�t_,1 ''!f�.·-.,•·�!'�- r·•·i ,., { .·_,,",' 0
"'. , j, l' '.°\1 ',' '.,t·! 

var !able. In particular, • strategtes'!that follow ''either 
� "\./"1·�.:'. . . .,,· \ . ·' :·L. , ·: . ' '/, ...... ; •�,-;·�t:;' ,

the m e thod of maximum likelihood (ML) in the Goodmdn 

tradition, such as l og-llne.ar' (l�git) and logi,stic.: 

regression analysis, or the method of weighted least • f. ;Jj\
squ ares in the Grizzle,•,1,S�armer, and.Koch (GSK)

., 11) ,, 

tradition have been strongly gaining in acceptance, 

Parenthetically, two points need now be made 
\1 1 I : r, ' ' i' t a : �• ' f 1' '. / ••� , • j ,\ ,-° ' > � ' .,. { " 

before proceeding to tho main course ot the narraEive. 
- f" f ; '1 ___ ,,,, •• I fr j :) /·'' ,�.,..,___ , •'1 ""'�-•·,, 

First, the 1trotegies mentioned obove also allow for 
; ' �j 

I , < , i ;"·, ( 
; \ 

the analysis ot symmetric models--that is, model, tor 
'I 1 1 t,; I t' , 1 ; \ r I 

which a dependent. or respon�e voriable has not been 
l '. , .. \ r, ; \1 ; .', " : 

f : • , i : . 
J dent it 1 ed, However, tor the purpose ot d 1 scuu 1 on, 

' },! 

the focus here will be on asymmetric models, 

Secondly, the OSK strotegy subsumes an appro,1ch 

that is known by some as Minimum Chi-Square Estimation 

(cf. Aldrich and Nelson, 1984) and is 0 specific, 

d i rect, weighted least-squares approach employing 

categorical independent var iabl�s only. This point is 

made to call attention to the fact that the label, 
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weighted least-squares, is a general descriptor for any 

weighted regression procedure usind any weighting 

factor whatsoever·. Since differential selection of 

weighting schemes will produce different regression 

results, all weighted regression pro'cedures are not 

equivalently effective. But, because·of an unfortunate 

tendency to group any and all weighted procedures under 

a , s 1 n g l e 1 ab e 1 ,' ' the Gs K pr O � e du r e has had ; s O Ille 

u n d e s e rved bad �ress, 1� t h� form or guilt by

association, from those who' disparage the regression

analysis of categorical data in general. The upshot of
'! ,t•1 i, I 

this digression is to admit that the GSK approach is a

weighted regres�ion approach with the further ad1�ission 

that it is fundamentally sound, 
l .. •-•-· " 

A• might be expected, since the ML and the GSK 

approaches use different mat�ematical bases in their 

foundation, and thu• can lead to dittering •tati•tlcal 

judgment■, some dispute regarding their relative merits 

ha• begun to appear. Advocate• of ML baeed •trategi•• 

typ lea 11 y highly value log-lf near and l(?glstic 

reqreesion analyst• but look a•kance at the u•e or 

line�r regression tor the analysis or categorical 

outcomes, This position is particularly likely to 

develop amongst analysts who pursue lo�-linear problems 

from the mental framework of the Deming-Stephan 

iterative proportional fitting (IPF} algorithm (see 

Kennedy, 1983, for a particularly lucid description of 
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· By employing the IPF technique, a soun.d strategy
1 ,'" ' '  ( ., 

in and of itself, it is .u�f�rtunately quite po�sible to 

miss the point that log-linear analysis is es�entially 
,, 

', ,i,r.), \ ; 

a linear modeling process. 
;,1;{ ;L '' : ' 

Jinear models really are, , in fact, linear mo·dels, and 
', : ;, ;,' ;·� , , •• ,','i'."'' , :.J 1t., 'j, '' i , 

as such they can be structurally coded and ,resolved as 
., ' '; r.·· 1,, ', •;,.,1 . ''. "] :� ,, '.\ \ •. ,\ ," ·;. ; !' J ,, . ' : 

linear models, Those familiar ,with the alternativ.e to 
; • ' � � ! ' ' (\ l > : ., < • .).,} > ' , 

IPF, the Newton-Raphson iteratively, reweighted 
, ). \, t i,.. l/1 I, l.s,' ' ' " 1 j I 

regression algorithm tor .achlevin9 ML1est1,a�es (see
Haberman, 1978, tor a tull description) ,recoqnize the 

1•,: 1·\ r��·'· 1 :,1 r•··, 

truth ot this perspective much more readily, 
----1 1'1!; ,·; •ft�� ',{ ' /,;;;�•·�•- ,---

In reality, that which separate• ML tro� GSK 
i C i, t·' ' 'U '\ 

ana�ysis is not that one employs.linear models and the 
I ,,, , ·, ''.\I fl 7 '• � ", '� A 1 ,. 'l � "r,,H �L f. 

other does not, nor J• 'Jt that one employ, a regre••ion 
1, f \ J. l ;·, ;•/ t ff') ''' { { 1 

strategy and the other does not, Both, in tact, are 
, ' ·, ' 1  

rooted in a regres•ion ba•i•, 

the two is that their methods 

regres•ion •trategy ditter, 

JU , \ f 

What really 1eparates 
� I '_\ f J..# • 1 

ot implementing tho 
,\ 

On the one hand, GSK eeoke' to achieve parametor 

e1timates through minimizing. a model'• residual chi

square, It does ao noniteratively und�r the mechanism 

ot weighted least squares regreasion by adopting a 

weighting matrix formed as the• inverse of the variance 

of a researcher spec 1 f ied response tunct ion · ( see 

Forthofer and Lehnen, 1981, for a very thorough 
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description)• 

ML, on the other hand, seeks to achieve parameter 

estimates by maximizing the likelihood function and 

does so iteratively under the mechanism of reweighted 

least squares regression. Per force, the weighting 

matrix, the basis matrix, and the form of the response 

variable for ML differ from tho�e used under GSK. 

,,,Both strategies avoid the ·well-kno"1n 'p
t

°oblems. that,. 

plague ordinary least squares in this context by not 
r• / ,, ::':' ,,•,'••:�,:�.i;J:" !, ,' : -,• • .I ' ••• 

making untenable·, distr Jbutional assumptions. Neither 
;" i .• : ,,, • •: l, ";f :�::,.( ;�:•. ·' / I>.,,\ I,'_;, :• •••, ;, 

assumes normality nor 'homogeneHy of varian,,,, :,1e 
'i ; 

• 

residua 1 . • Both aeeume i l ridependenc'e 'and both typ i ca 11 y 
- ,-;·_,.;,� ' J t'' .... ;

i

. 

assume' a product-multinomial parent data distribl1tlon 

tor asymmetric problems, 

A Technical overview or The GSK And ML cat�qorical Data 

Analy•J• Strategiee 

To help tJx the idea that both the GSK and ML 

procedure• tor analyzing categorical data are, in tact, 

regression b�sed techniques, � summary overview ot both 

procedures Js ottered on the tollowing tour pages, The 

technical description of each is h4ghly condensed and 

is meant to give a reference' point to the reader rather 

than a full, didactic exposition. The text underscores 
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that both procedures rest solidly on the foundation of 

w,ighted least sgua�es (WtS), Pages six and . ,  seven

•:describe major aspects of the GSK strategy while pages
eight and nine deal with the ML approach. 

,The GSK Approach 

Wei1hted Least Squares (WLS) analysis, employs a mathematical • ·'model that 
adopts the r ollowtna notation: 

" ,• (4:/1'1 .. , ,; 

I. ! a vector of proportions. Each p
lJ is computed • as· "the

ratio or a response frequency r1J '�o r1 • • f r,J , , : . ' , 
Jo i where the subscript i indexes a parUcular . Independent variable 

level or combination or levels, the subscript J addresses a 
particular level of the response ,measure, and t denotes the 
number or lmts present tn the response measure. ,The elements or 
! are arranged 10 that the t proporllons corre1pondln11 to a 
value or i are cont11uous and in ucendtn1 order or J.

2. A a vector or contrut coefficients wtth elements a, .
3. I a vector or contruts auch that Y ■ Ap for addlliye models. 

Each Y1 ts formed u Y1 ■ l aJ p1J , Alternatively
tntrtnslcally multiplicative models can be formulated by first 
t11Jdn1 the natural 101 or the p1J . In this cue, the vector I ls 

formed u Y ■ A ln(p). for such models, Y1 ■ l aJ ln(p1J). 

4. X an independent variable coding matrix. For, WLS reaults to 
approximate loose or a loJ•llnear analysts, the matrix X Is 
coded usln1 errect codes (I.e., 1,0,-l) ..

S. ! a vector or regression weights. 
6. t a vector or residuals.
7. W a matrix or weights such that- W. • V(Y)" 1• 

6 



• In the case of an additive roodel, V(Y1) .. .J. {i: a2 p - ct a p '12]

'� O;p ( IJ /•. J ,'1 . Should r•2 and A • [I OJ or A • (0 I], V(YI) • IJ r IJ . for 1-1 or J-2
I 

.. 
2 • 

. 

In the case of a mullipttcalive model, V(YI) • � ·f - t (� a/. Here,
f:r IJ ,·FT 

sh>uld r•2 and A • (I -1) or A ,. (-1 I], (the logil function), then it follows 
that V(YI) • t p (ll-p J for either J-l or J-2.

I IJ IJ , , i'.L' 
Using these conventions, the regression model can be written u: 

,.4 " "  

Y•X�+E 
b • cx1

wxr 1 (X1WY)
vCbJ • cx1wxr1 

y•Xb 
vcvJ . x cx1

wxr1 xT ,,.:, •• 

The residual chi-square for such models is1 

x2 • CY - XbJTwCY -XbJ
with df • k - m 
where k • the number or Independent cells 

(I.e., rows In X) ·· ) 
and m • the nt111ber or parameter, • •• 

(I.e., columns In X] 
Given a contrut matrix C that has dimensions c x m, com5nent

chi-squares (t.e .. corresponding to the 1eneral linear hypothesis • OJ
can be computed u1 

X2 • (Cb)T(CO<T
wxr 1c1r 1cb

with df • c 
Approximations to component chi-squares, can also be computed by taldng the 
dtrrerence In residual chi-squares for competing models with � equal to 
the difference In the respective number or parameters. This appr01lmallon 
method Is not as effective here as It Is In log-linear analyses since the 
chi-square estimates are the classical Pearsonian rather than the maximum 
likelihood ratio chi-squares developed by Fisher and are, consequently, not 
precisely additive. 
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The ML Approach 

.'.. ,.,Jteratlve Weighted Least Squares (WLS) can be used to achieve Maximum 
JLtkeUhood (ML) estimates. The strategy assumes the following notational
; conventions: . • ) 
, '-:�lt�·l��:?-:_, ·,, l. A diagonal matrix [ or dimensionality (kr I kr) where k ls the

number or independent variable .cells and r. ls the number or
response variable levels. The elements or [ are Individual
r, where l <• 1 <• kr. They are arranged on the major dla1cmal
so that the order or rota ton ls throu1h the response levels for
a particular independent variable cell before the next cell If 
represented. 

2 A diagonal matrix & wrose entries e
1 

are the expected 
frequencies for a given model in correspondence to the r,.

3. A design matrix X or dimeoslonallty (kr I ml where m is equal 
, '

to the sum (k-l)+(r-l)+(k-lMr-1). Note that m represents the
total component degrees or .freedom in a 1lven model excluding the
intercept (or grand mean) which ls not coded. The design matrix
X ls composed or effect codes (l,O,-l) and ls formed ass

a. The first k-1 columns or X are errect codes on the
independent variables-- each row or which Is replicated
cont11uously .c times. , , 

b. The next r.-1 columns or X are formed by llJ2&.ls
repllcat1n1 err ect codes on the response measure k times.
Each .block Is or dlmenslonalily :r. 1 t-1.

c. The remalnin1 OHMr.·U columns represent the
Independent-dependent variable Interaction terms and
are formed by multiplication or the correspondln1 prior
columns.

◄. The subscript , represents the current Iteration and the subscript
f represents the prior Iteration. 

5. Vector l • dla1 (ln(EP) + (F - EPJE;1 
). On the first Iteration.

this procedure Is replaced by computtn1 eacb element ): lo be
Y1 • ln(e1) where e1 • r, + .OS.

6. A matrlJ D. or the same dlmenslonallty u X Conned by kt
row repllcates or the vector d wtlh elements d, (I <• J <• ml

2 "1J e,
where dJ•1,i.--

le, 
l•I 1iven the e

1 are from the prior iteration 
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The iterative process, 1iven X and E, is as follows: 
t. Compute Ye as described.

. 2 Compute De as. described.
3. Generate the matrix A • X - De
4. Estimate the re1resslon wei1hts � as

[ T )"' T
be • � EP Ac � EP Ye 

8c • In 

•c • i bJ xtJ
S. �stimate the Ith element or Ee as e
6. Ir the estimates be converse on bP then stop iteration

otherwise return to step I.

Given conver1ence, the followln1 additional estimates can be made, 

I. V(b) • CA! Ee ,\J"1

2. Standardized residuals are (ft - e
t
)/ ,Jlj

3. Residual L 2 ■ 2 l r, tn( � )
M

4. Residua�. x2 • l cr,,�,12 

l•I 

• both with st[ ■ kr • m • l
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Compa'ririg 'GSI< And ML Methods 

As the reader can read1Jy see, both approaches 

permit point and interval estimation of regression 

parameters. To help profile ho� the stra�egies compare 

with one a nother, their relative merit from the 

author"s point of view will now be examined along 
! 

several dimensions. Those dimensions are: 

l) 

2) 

3) 

4) 

e) 

6) 

7, 

Ability to deal with symmetric models. 

Facility.tor testing hypotheses, 
f?: 

Sti�i•�ical properties of estimators. 
, ,., ·1 ; t i 

Relative computational requirements. 
;r�-r�.1 : �.) /1 ,;�) •• • 

Ea•e ot. interpretation ot estJm,,ors, 

Ro but tn•u w 1th reepect to extreme 1/'a l uu, 
, ,J <, 1, Y,, ' ," 

• , ' • t .
',"'

( ·� '· '/ Jj \ 

Capacity tor handling interval vl.\rll.\hles, 

� Y. !ll .m 9..U.J. L.M.2.�.J .I With regard to doing datl.\ 

analysis where no individual variable 1• •pprcetvod to 

be a reeponee (dependent) variable,, the ML method has a 

clear edge. In tact, log-linear analysis, havinq its 

roots in the rteld of sociological methodology, a !ield 

that does not often enjoy the luxury of experimental 

manipulation of independent variables, is exceptionally 

well-geared for coping with marginal and partial 

associations among varlable8. 
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In contrast, the GSK approach, an approach thdt 

emanates from the biostatistical world, is focused 

directly on exploring the �ffects of one or more 

independent on one or more dependent variables. Unlike 

the log-linear strategy, GSK forces selection of a 

response variable. This does not mean that the GSK 

approach can not handle symmetric problems--tt can. 

However, an analyst must syst�matically rotate through 
' 

• . 

a problem's variables choosi�g different variables, 

individually, as th� response measure. Consequently, 

the GSK method ts not as desirable in s�ch a co�tex�. 

Assuminq the 

asymmetric environment tor the remainder or this 

narrative, how do the strategies compare on the baate 

ot teettng hypothese�? In this writlolr's opinion, the 

OSK a p p r o a c h  ts pr o b a b l y  s t r o nge r but not 

OSK, on the surrace, appears to 

have for greater flexibility becauso the analyst ls 

permitted to establish nearly any linear combination on 

nenriy any transformation or the r�sponse measur�. 

Such flexibility permits definition of a response 

function ln terms of rliw proportions, or logHed 

propor tions (the 1-,tter leading directly to odds 

ratios), or even exponentiated proportions. 
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comparison, the log-linear approach forces a 
f'i 

Y _  , 

proportions, 

the response function in terms of logged 

However, what is often overlooked during 

a log-linear analysis is that expected frequencies are 

generated and that the analyst is free to establish any 

desired transformation and linear combination on those 

frequencies he or she wishes, This implies that the ML 

method can be as rich analytically as the GSK method 

(cf, Haber, 1984), In fairness, though, the more 

extended mode of analysis under ML is not typical and 

is more mechanically difficult, 

Statistical Properties, With respect to the 

statistical properties of the estimators produced by 

GSK and ML, a slight edge has to be awarded ML since 

the ML estimators are well-known to be asymptotically 

consistent and relatively efficient, 

well known is that tho GSK estimators are simJlarly 

asymptotically consiatent and, for that matter, 

ayamptotically equivalent to ML estimators, They aro, 

in fact, best asymptotic normal estimator• (BAN), 

For fully gaturated models of any sample size, the 

two methods deliver identical results, For unsaturated 

models on large samples, differences in the estimatorR 

tend to be trivial, However, as sample sizes decrease, 
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the GSK and the ML estimators can be disparate with the 

ML estimators tending to have smaller variance, The 

question of how large is la�ge enough to fe�l fairly 

comfortable that similar results will be afforded by 

both strategies is not precisely known. However, it is 

generally recommended that samples be of sufficient 

size before employing either approach. For specific 

guidelines under GSK, the reader is referred to 

Forthofer and Lehnen (1981) and, for guidelines under 

ML, to Haberman (1978),

Computational Requirements, From a computational 
,1 

perspective, GSK has a clear edge, In the first place, 

it is non-iterative, In the second, its basis matrix 

is a factor of rwr smaller where r denotes the number 

of categories present in the response variable, For 

problems involving polytomoue response moaeures, 

computational resource requirement• heavily favor GSK, 

While such consideration• may not be critical for 

mainframe applications, the reeource Implications for 

mlcrocomputlng are clear, 

Ease of Interpretation, With regard to estimator 

interpretability, ML estimates are �lightly easier for 

a novice to make sense of if a canned log-linear 

strategy is being employed. This is the case because 
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parameters are conceptually well identified in the 

paradigm of analysis of va�iance effects on logged 

expected cell frequencies. If, however, the more 

flexible regression coding scheme afforded by the 

Newton-Raphson strategy is employed to deviate from 

traditional effect definitions, this edge evaporat�s 
l; l 

and both ML and GSK estimates must be carefully 

identified by the analyst, 

Robustness for Extreme Values, From the 

perspective of extreme values, the GSK and the ML 

strategies share common problems, Both must cope with 

empty cells by either making a nume�ic replacement or 

collapsing categories, Further, both rely on having 

larqe 1ample1 to effect robustne11 in the etatistlcdl 

propertios ot their estimators, From thls author's 

viewpoint, neither procedure ha• �n edge with regard to 

this problem, However, lt ehould be noted that it is 

recommended that the GSK approach engage a log 

transCormation on proportions when proportions aro 

extreme rather than operating upon them in their native 

metric (see Forthofer & Lehnen, 1981), Intuitively, 

the same caveat should apply to followup contrasts on 

ML estimates. 
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J;_n_lli.'l.� i_:_Jn.d�P.�!l�fill. t_·_y_a:r .i�.P.-���. With. regard to 

interval 'independent ·variabies,·'on<� variant''o'f' ML, 

namely logistic regression ana�ysis, has a distinctive 

advantage. It has the capacity for copiniwith a mi� 

of both categorical and continuous variables with the 

provision that the response measure be a dichotomous 

variable. 

Neither the GSK 'nor traditional log-linear ML 

methods i, Even So, eln 
. \ :,: '"'" ,: 7 ; h,C;,'I • 'f'', '\,"' ·,, ,, ' , ,, ..,_, ·: ,· 

analyst c ould  approach· the ·situation of interval 

variables with eith�� lo��liri�ai oi Gsk analysis b� 

meaningfully c ategorizing all interval variable's 

present, 

Given this profile, which procedure 

then Is preferable? From the author's perspectlv� 

neithar completely dominates tho othor. 

powertul and are well worth m4stering. 

Both ari:t 

Should tho research purpose be to examine marginal 

and partial associations symmetrically, the ML approach 

embodied bv loq-linear analysis is proferable, Should 

the research purpose be to test hypotheses on response 

level proportions or on complex \unctions, the GS!-

approach ls preferable, If interval level independent 
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present and recoding is not desirable, 

the'· .. /logistic regression ML approach is promising--
,._ � , ,  l t '.,,, , ,, . 

prbViding no more than two levels are present in the 
.,,, ; � ' " i , 

response variable. 

Should computing facilities be highly restricted, 

the GSK approach can be preferable. If the analyst is 

unsophisticated with respect to the analysis of linear 

mcidels, .. a traditional log-linear analysis will be 

eas�er to pursue. If sample sizes are small or empty 

cells are present, neither s�r�tegy is particularly 

safe, . If extreme proportions are present, both 

approaches should make appropriate adjustments�

In the final analysis, both approaches have 

specific •�rengths as well as detractions, Both offl"r 

strong analytic capabilities and both belong in our 

repertoire, 

An AnalyRiS of Hypothetical Data By ML And By GSK 

For the purpose of illuatrating the similarity of 

the two methods in an applied scenario and for the 

purpose of demonatrating their versatility, the 

following simple numeric example is offered. The data 

shown below were constructed by John J, Kennedy, of The 
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Ohio State University, as· a didactic example to show 

how effect contrasts might. be estimated through chi-

square partitioning, With. his kind permission, the 

data will be employed here to show (1) how both ML and 

GSK can be used to estimate linear and quadratic 

effects and (2) how both the ML and GSK procedures can 

pursue traditional log-linear effects, 

The data are given in Table 1 and consist of 

frequency counts that have been crosstabulated 'on th� 

basis of student sex (Ai• Males , 1 ·:· A2• ·Females·), an 

unspecified treatment variable (81� Treatment, 82• 

control), and a trichotomous outcome measure (C1• Poor, 

C2• Satisfactory, and C3• ·Good), 

Table 1 . A Hypothetical 2x2x3 Data Example,

_ Ouill.m� Duer iJll..lon: 

e.2.2.r. Sl.\tla(ndory Good sum 

Se>< Treatment. 

M T ' 19 4 28 

M C 3 6 13 22 

F T 6 16 6 28 

F C 2 8 12 22 

Sum 16 49 33 100 
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Page 19 demonstrates a linear and quadratic effect 

coding setup used ,as input to an author prepared 

Newton-Raphson ML program that has been designed to 

teach the flow of the ML procedure. The input consists 

of (1) the number of rows in the regression basis 

matrix, (2) the number of columns in that matrix--note 

the omission of a unit vector for the grand mean, (3) 

the basis matrix, itself, arranged in column order: 

a) Sex vector,

b) Treatment vector,

c) Sex x Treatment,

d) Linear Response Contrast,

e) Quadratic �esponse Contrast,

f) Linear Effect of Sex.

'g) Quadratic Effect of Sex, 

hi Linear Effect of Treatment, 

i) Quadrati�;Effect �f Treatment,

j) Linear Effect of Sex x Treatment.

kl Quadratic Effect of Sox x Treatment, 

and (4) the raw frequencies . th�mselves wJth th� 

response variable rotating most rapidly,. followed by 

treatment, and sex in that order, Pages 20 and 21 show 

the ML analysis with page 21 being the more interesting 

since it delivers parameter estimates. Pages 22 and 23 

show the corresponding GSK analysis with page 22 

delivering the linear analysis and 23, the quadratic, 
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ML Analysis of 2x2x3 Data Set Using Linear Ge Q�adratic Codings 

12 
11 

- : 5 1 1 1 -.5 -,333333 -.5 -.333333 -.333333 -.5 -.333333 
1 1 1 0 .666667 0 .666667 0 ,666667 0 .666667 
1 1 1 . 5 -.333333 .5 -,333333 .5 -,333333 .5 -.333333 
1 -1 -1 -.5 -.333333 -.5 -,333333 .5 ,333333 . 5 .333333 
1 -1 -1 0 .666667 0 ,666667 0 -.666667 0 -.666667 
1 -1 -1 . 5 -.333333 . 5 -.333333 -.5 ,333333 -.5 ,333333 

-1 1 -1 -.5 -,333333 .5 ,333333 -.5 -.333333 .5 .333333 
-1 1 -1 0 ,666667 0 -. 666667 0 ,666667 0 .-, 666667 
-i 1 -1 . 5 -.333333 -.5 ,333333 .5 -,333333 -.5 .333333 
-1 -1 1 -.5 -.333333 . 5 ,333333 .5 ,333333 -.5 -.333333 

-1 1 0 ,666667 0 -,666667 0 -.666667 0 . , , 666667 
-1 1 . 5 -,333333 -.a ,3333�3 -.a ,333333 , a -,333333 



of 2x2x3 Data Set Using Linear & Quadratic Codings 
:,":•C 

Cell Frequencies Iteration is 4 

cell => i obs freq •> 5,0000 exp freq •> 5,0000 
cell => 2 obs freq •> 19.0000 exp freq •> 19.0000 
cell => 3· obs freq •> 4,0000 exp freq •> 4,0000 

cell => 4 obs freq •> 3.0000 exp freq •> 3,0000 
cell => 5 obs freq •> 6,0000 exp freq •> 6,0000 
cell => 6 obs freq •> 13,0000 exp freq •> 13 ,,0000 
cell •> 7 obs freq •> 6.0000 exp freq •> 6,0000 
cell => 8 obs freq •> 16,0000 exp freq •> 16.0000 
cell •> 9 obs freq •> 6,0000 exp freq •> 6,0000 
cell •> 10 obs freq •> 2.0000 exp freq •> 2.0000 
cell •> 11 obs freq •> 8,0000 exp ·freq •> 8,0000 
cell •> 12 obs freq •> 12.0000 exp freq •> 12.0000 

Dvector Iteration is 4 

column •> 1 value •> -0.0000
column •> 2 value •> 0,1200
column •> 3 value •> 0,0000
column •> 4 value •> 0.0950

column •> 5 value •> 0,1567

column •> 6 value •> -0.0050

column •> 7 value •> 0,0100
column •> 8 value •> -o, 10150

column •> 9 value •> 0, 1700
column •> 10 value •> -0.0050
column •> 11 value •> 0,0500

Amatrix Iteration i■ 4 

1,000 0,880 1.000 -0.595 -0,490 -0,495 -0.343 -0,395 -0,!!103 -0,495 -o

1,000 0,880 1,000 -0,090 o.e10, 0.000 0,607 0, 100 0,497 0,005 0 

1.000 0.880 1,000 0,405 -0,490 0,150!!1 -0.343 o.eoe -0.1503 0,505 -o

1,000 -1.120 -1.000 -0.59!!1 -0,490 -0.490 -0,343 o.eoo 0, 163 0,505 0 

1.000 -1.120 -1.000 -0,095 0,1510 0.0015 0,6157 0, 105 -0,837 0.005 -o

1,000 -1.120 -1.000 o. 40!!1 -0,490 0. 15015 -0.343 -0,390 0, 163 -0,495 0 

-1.000 0.880 -1.000 -0.595 -0.490 0.1505 0.323 -0.395 -0.503 0,505 0 

-1,000 0,880 -1.000 -0.095 O,IHO 0,005 -0.677 0, 105 0,497 0.005 -c

-1.000 0,880 -1.000 0,405 -0,490 -0.495 0,323 0,605 -0.503 -0.495 C 

-1.000 -1.120 1,000 -0.595 -0,490 0,505 0,323 0,605 0, 163 -0,495 -c

-1.000 -1.120 1,000 -0.095 0,510 0,005 -o. 677 o. 105 -0.837 0,005 ·c

-1.000 -1.120 1,000 0.405 -0,490 -0.495 0.323 -0,395 0 .163 0.505 -( 



.-\nalysis of 2x2x3 Data Se.t Using Linear & Quadratic Codings 

, Iteration is 4 

?rcept is l. 917424 old value wa� 1.917424 

1mn •> l A value •> -0.018176 Change 0.000000 
1mn •> 2 B value •> 0,131955 Change ·0.000000
1mn •> 3 AB value •> -0.051147 Change -0.000000
1mn •> 4 Cl value •> 0,758738 Change 0.000000
1mn •> 5 C2 value •> 0,719449 Change 0.000000
1mn •> 6 AC1 value •> -o, 137141 Change -0.000000
1mn •> 7 AC2 value •> -0,016173 Change -0.000000
1mn => 8 BC1 value •> -0.870310 Change -0.000000
1mn •> 9 BC2 value •> 0,494252 Change -0.000000
1mn •> 10. ABC1 value •> 0,025570 Change 0.000000
1mn •> 11 ABC2 value •> 0,249045 Change 0.000000

of changes 0.000000 

Lance Iteration is 4' 

)152 0.0011-0.0027 0,0044 0,0013-0,0130-0,0100-0,0023-0,0041 0,0151-0,0015 
)017 0,0152-0,0002 0,0151-0,0015-0.0023-0,0041-0.0130-0.0100 0.0044 0,0013 
)027-0,0002 0,0152-0,0023-0,0041 0,0151-0,0015 0.0044 0,0013-0,0130-0.0100 
)044 0,0151-0.0023 0,1111 0,0195-0,0035-0,0066-0,0131�0.0226 0.0181 0,0034 
J013-o.0015-o.0041 0.0195 0,0532-0.0066 o.0011-o.022e-o.�143 0.0034 0.0013 
J130-0,0023 0,0151-0,0035-0,0066 0,1111 0,0195 0,0181 0,0034-0,0131-0,0226 
Jl00-0,0041-0,0015-0,0066 0,0011 0,0195 0,0532 0,0034 0,0013-0,0226-0,0143 
)023-0,0130 0,0044-0,0131-0,0226 0,0181 0,0034 0,1111 0,0195-0,0035-0.0066 
)041-0,0100 0,0013-0,0226-0,0143 0,0034 0,0013 0,0195 0,0532-0,0066 0.0011· 
)151 0,0044-0,0130 0,0181 0,0034-0,0131-0,0226-0.0035-0,0066 0,1111 0,0195 
)015 0,0013-0,0100 0,0034 0,0013-0,0226-0,0143-0.0066 0,0011 0,0195 0.050� 

Cteration 1e 4 

1mn •> 1 valu• •> 3,2242 
1mn •> 2 valu• •> 12,4921 
11mn •> 3 valu• •> 4,1241 

limn •> 4 valu• •> 6.0796 
'.1mn •> 5 value •> 14,6828 
limn •> 6 value •> 0,7101 
limn •> 7 value •> 2,3169 
·-1mn •> 8 value •> -6.2753
limn •> 9 value •> 20,3232
limn •> 10 value •> -0.9058
1-1mn •> 11 value •> 4,5616

rsonian 0.0000 
herian 0.0000 
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• 1.00
'1,00

1 , 00 ,,, -1, 00 
1.00 ' -1.00 

' 

»\ ,, 

• o. 25
0,25

;,.o. 25 
·" ;..o, 25

1.00 
-1.00

1,00 
-1.00

0,25 
-0.25
0,25

-0.25

OSK Linear Analysis Page 22 

1.00 
-1.00
-1.00

1.00

Matrix X as Entered 

The Parameter Coefficient Matrix: 

0,25 
-0,25
-0,25
0,25

The Frequencies as Entered 

CATEGORY: 

1 

5 
3 
6 
2 

2 

19 
6 

16 
8 

3 

' 

13 
6 

12 

CONTRAST: -1.00 o.oo · 1. 00 
PARAMETER 
INTl!!RCEPT 
ACl 
B01 

ABCl 

LOG EST LOG SI 
·O,709 0,333 
-0,137 0,333 
-0,870 0,333 

o,02e· 0,333 

ODDS EST 
2, 13(5 

0,872 
0,419 
1,028 

ODDS S! 
1 , 39(5

1,39(5 

1,39(5 

1,39(5 

SATURAT!O MODEL 

Z ESTIMATE 
2,277 

-0.,12
-2,(512

0,077

PERHCT FIT 

RESIDUAL CHI-SQUARE • 

LOG-P FUNCTION 

0. 000 . or • 0 ALPHA • 1 , 00 

-0,223
1. ,ee
0,000
1. 792

PREDICTED 

-0,223

22 

1. ,ee
0.000
1. 792

RISI DU-AL 

0.000 
0,000 
0.000 
0.000 



,00 1.00 1.00 
,00 1.00 -1.00
,00 -1.00 1.00 
,00 -1.00 -1.00

.25 0,25 0,25 
. 25 0,25 -0.25
.25 -0,25 0,25 
25 -0.25 -0,25

GSK Quadratic 'Analysis p 23 

The Pattern Matrix X as Entered 

1.00 
-1.00
-1.00

1.00

The Parameter Coetticient Matrix: 

0,25 
-0,25
-0.25

0,25

The Frequencies as Entered 

CATEGORY: 
_'.ii I f'I 1 : 2 3 

5 19 4 

3 6 13 
6 16 6 
2 8 12 

'RAST: -o.oo 1, 00 . -o ,50 
METER 
RC!PT 

RESIDUAL 

LOO EST LOO SE 
• 0,719 0,231 
-0,018 0,231 

0,494 0,231 
0,249 0,231 

PICRl!CT FIT 

CHI-SQUARE • 

LOO-P JUNCTION 

1,447 

-0,040
0,981
0,490

ODDS EST 
2,053 
0,984 
1,839 
1,283 

ODDS SE 
1,259 
1,259 
1,259 
1. 259

SATURATED MODEL 

0,000 or • 0 ALPHA 

PREDICTED 

1,447 
-0,040

0,981
0,490

23 

Z ESTI,MATE 
3,120 

-0,070
2,143
1,080

• 1.00

RESIDUAL 

0,000 
0,000 
0.000 
0,000 



,,c f · '¢; ·,\ 

·, ;li', 

Collecting the effect .estimates from the runs Just 
, • 

i ¢, .. ;,. ' ,.'.\• ,� ; ,,,, r " , , . . ' 

presented lets .us ,produce Table 2, Note .tha t two 
" \  ,j,' : • 

separate analyses had to be pe�formed by GSK to produce 

first the linear and then the quadratic results. 

---···---·--·-------------·----

Table 

°UJfls.t 

AC1

AC
2 

ec 1 ••
ec2• 
ABC1
ABC

2

11'11' 

II' 

2, summary of ML

Quadratic Effects 

b 

-,14 

-.02

-,87 

,49 

,03 

. 2!5 

p 

p I 

ML ______ 

SE 

,33 

,23 

,33 

,23 

,33 

,23 

, 01 

. 0!5 

P.sge 

21 

21 

21 

21 

21 

21 

& GSK Analysis of Linoar 

in the 2X2X3 Example.

"--G.�� ··-

b SE Page 

-,14 ,33 22 

-.02 
J 

,23 23 

·.:. ;e1 ,33 22 

,49 ,23 23 

,03 ,33 22 

. 2 !5 ,23 23 

& 

Clearly the two sets of results are hornorphic with 

each revealing both a linear and quadratic oHect for 

the treatment variable on th� response fn•q11.,.ncles, 

With respect to the linear trend, the odds favoring a 

response of "good" over a response of "poor" are bntter 

in the control group tha� in the treatment. 
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With respect to the quadratic trend, the treatment 

group average odds favoring a "satisfactory" response 

over the other two response qategories are better than 

the .corresponding odds for the control condition. 

Obviously, if this were a true research situation, an 

analyst would suddenly get gray hair but the data do 

serve the purpose of illustration. 

Repeating 

established to 

the exercise with linear codings 

produce traditionai log-linear 

parameters, the ML input file is shown on page 26 and 

follows exactly the same pattern as before, This ti�e, 

however, the linear and quadratic codes give way to 

average effect codes, 

Pages 27 and 28 reproduce the re�ulta from the ML 

analysis with page 28 being the more Interesting. Tho 

GSK output iff ahown on pages 29, 30, and 31, Tt1ls time 

three runs were made under GSK in order to dlractly 

estlmato the parameters associated with the third level 

of the response variable. These could, admittedly, 

have been determined by subtraction . However, the 

variance estimates for the parameters on page 31 would 

have had to have been inferred rather than obtained 

from inspection. 
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1nalysis of 2x2x3 Data Set Using Log-Linear Codings 

Cell Prequen�ies Iteration is 4 

=> 1 obs treq •> 5.0000 exp treq •> 5.0000 
=> 2 obs treq => 19.0000 exp treq •> 19,0000 
=> 3 obs freq •> 4.0000 exp treq •> 4,0000 
•> 4 obs freq •> 3.0000 exp freq •> 3,0000 
•> 5 obs freq •> 6.0000 exp freq •> 6,0000 
•> 6 obs freq •> 13.0000 exp freq •> 13.0000 
•> 7 obs freq •> 6.0000 exp freq •> 6.0000 
•> 8 obs freq •> 16,0QOO exp freq •>· 16,0000 
•> 9 obs freq •> 6,0000 exp,treq •> 6,0000 
•> 10 obs freq •> 2.0000 exp :freq •> 2,0000 
•> 11 obs freq •> 8,0QOO exp,treq •> 8,0000 
•> 12 obs freq •> 12,0000 exp.freq •> 12.0000 

:tor Iteration is 4 

1mn •> 1 value •> -0.0000
imn •> 2 value •> 0,1200
1mn •> 3 value •> 0,0000
lmn •> 4 value •> -o, 1900
1mn •> 5 value •> 0,1400
1mn •> e value •> 0,0100
1mn •> 7 value •> 0,0200
1mn •> 8 value •> 0,2100
1mn •> 9 value •> 0,3600

lmn •> 10 value •> 0,0100
lmn •> 11 value •> 0,0800

trix Iteration i■ 4 

.ooo 0,880 1,000 1,190 -o, 140 0,990 -0.020 0,790 -0,360 0,990 -0.080 

.ooo 0,880 1,000 0, 190 o,eeo -0.010 0.980 -0.210 0,640 -0.010 0,920 
,000 0,880 1.000 -0.810 -1, 140 -1.010 -1.020 -1.210 -1,360 -1.010 -1,0RO
.ooo -1.120 -1.000 1,190 -0.140 0.990 -0.020 -1.210 -0.360 -1.010 -0.080
.ooo -1,120 -1.000 0, 190 0.860 -0.010 0,980 -0.210 -1.360 -0.010 -1.080 
,000 -1.120 -1.000 -0.810 -1.140 -1.010 -1.020 0,790 0,640 0,990 0,920
.ooo 0,880 -1.000 1,190 -0 .140 -1.010 -0,02Q 0.790 -0.360 -1,010 -0.080 
.ooo 0.880 -1.000 0 .190 0.860 -0.010 -1.020 -0.210 0,640 -0.010 -1.080 
,000 0.880 -1.000 -0.810 -1 .140 0.990 0,980 -1, 210 -1,360 0.990 0,920
,000 -1.120 1.000 1,190 -o. 140 -1. 010 -0.020 -1,210 -0.360 0.990 -0.080
,000 -1.120 1.000 0 .190 0,860 -0.010 -1.020 -0,210 -1,360 -0.010 0.920 
,000 -1.120 1.000 -0.810 -1, 140 0.990 0.980 0.790 0,640 -1.010 -1.080 



ML Analysis of 2x2x3 Data Set Using Log-Linear Codings

Bwts Iteration is 4 

intercept is 1.917425 old value wa!I 1.917425 

column => 1 A value a> -0.018176 Change 0.000000 
column => 2 B value => 0.131955 Change 0.000000 
column => 3 AB value •> -0.051147 Change -0.000000
column => 4 Cl value => -0.619185 Change -0.000000
column => 5 C2 value => 0.479633 Change 0.000000
column •> 6 ACl value •> 0.073962 Change 0.000000
column => 7 AC2 value a> -0.010782 Change -0.000000
column => 8 BCl value => 0.270404 Change 0.000000
column •> 9 BC2 value •> 0.329501 Change -0.000000
column •> 10 ABCl value •> -0.095800 Change -0.000000
column => 11 ABC2 value •> 0.166030 Change 0.000000

Sum of changes 0.000000 

Variance Iteration is 4 

·0.0152 0.0011-0.0021-o,0026 0.0000 0,0090-0.0061 o.002a-o,0021-o.0010-o.
0.0011 o.01a2-o.0002-o,0010-o.0010 o,002s-o.0021 o.0090-o.ooe1-o.002e o.

-0.0021-0.0002 0,0152 0.0025-0.0027-0.0070-0,0010-0,0026 0.0008 0.0098-0.
I -0,0026-0,0070 0,0025 0,0402-0,0183-0,0029 0,0019-0,0124 0,0107 0,0058-0.

o,oooa-0.0010-0.0021-o.0103 0.0236 0.0019 0.0005 0;0101-o.0064-o.0014 o.
0,0098 0,0025-0.0070-0.0029 0,0019 0,0402-0,0183 0,0058-0,0014-0,0124 o.

-o.0051-0,0021-0.0010 0.0019 o.0005-0,01e3 0.0236-0,0014 0,0006 0.0101-0.
0.0025 0,0098-0,0026-0,0124 0,0107 0,0058-0,0014 0,0402-0,0183-0,0029 O.

-0.0021-0.0061 o.oooe 0.0101-0.0064-0,0014 o.0006-0.01e3 o,0236 0.0019 o.
-0.0010-0.0026 o.oo9e o.005e-o.0014-o,012� 0.0101-0.0029 0.0019 0,0402-0
-0.0010 0.0008-0.0061-o.0014 0.0006 0.0101-0.0064 0.0019 0.0005-0,0103 o

)('{ Iteration h 4 

column •> 1 value •> 3,2242 

column •> 2 value •> 12,4921 

column •> 3 value •> 4,1241 

column •> 4 valu• •> -12,1592

co'lumn •> 5 valu• •> 15,9446

column •> e value •> -1. 4202

column •> 7 valu• •> 2.7652

column •> 8 valu• •> 12,5507 

column •> 9 value •> 36.7601 

column •> 10 value •> 1.8116 

column •> 11 value •> 7.7483 

Pearsonian 0.0000 
Fisherian 0.0000 

28 



JO LOO 
)0 1, 00 
JO -1,00
JO -1, 00

l5 0, 25 
25 0, 25 
l5 -0,25
25 -o, 25

1.00 
-1,00

1.00
-1.00

0,25 
-0,25

0,25
-0,25

GSK Log-lineari c�.od!=ls p 29 

The Pattern Matrix X as Entered 

1.00 
-1.00
-1.00

1.00

The Parameter Coefficient Matrix; 

0,25 
-0,25
-0,25

0,25

The Frequencies as Entered 

1 

5 
3 
6 
2 

CATEGORY; 

2 

19 
6 

16 
8 

3 

4 
13 

6 
12 

�AST: 
�ETER 
�CEPT 

O,e7 -0.33 -0.33 

RESIDUAL 

LOO EST LOO SE 
-o.e1g 0.200 

0.074 0.200 
0,270 0.200 

-o.oge 0.200 

P!RHCT FIT 

CHI-SQUARE • 

LOO-P FUNCTION 

-0.371
-0,720

. -0,327 
-1.059

·oDDS EST
0.538
1.077 
1. 310
0,909 

ODDS SE 
1. 222 
1. 222 
1. 222 
1,222

SATURATED MODEL 

0,000 OF • 0 ALPHA 

PREDICTED 

-o, 371
-0,720
-0,327
-1.059

29 

Z ESTIMATE 
-3.090

0,3f39
1,349

-0,478

• 1,00

RESIDUAL 

0.000 
0.000 
0,000 
0,000 



f �[�';,.'�it .''t f�\ z 
1 . 00 <c', 1 , 00 
1. 00_�

1f1 ,1 •. oo 
1.00 -1.00
1.00 .. -1.00 

0.25 
0,25 
0.25 
0.25 

0,25 
0,25 

:-0,25 
.-0,25 

1.00 
-1.00

1.00
-1.00

0.25 
-0,25
0.25

-0.25

GSK Log-linear: C2 odds p 30 

The Paitern �airlx X as Entered 

1.00 
-1.00
-1.00

1.00

The Parameter Coefficient Matrix: 

0.25 
-0,25
-0.25

0,25

The Frequencies as Entered 

CATEGORY: 

l 2 3 

5 19 4 
3 6 13 
6 :,16 6 

2 ; 8 12 

CONTRAST1 -0,33
PARAM!T!R 
INT!RC!PT 

0,67 -0,33 
LOO !ST LOO S! 

0,'80 0,104 
ODDS !ST 

1.610 
0,989 
1,390 

ODDS SB 
1,166 
1,166 
1,166 
1.1ee 

AC2 
BC2 
ABC2 

RESIDUAL 

-0.011 0,1!!4 
0,330 0.184 
0,166 0.184 

P!RHCT rIT 

CHI-SQUAR! • 

LOO-P FUNCTION 

0.964 
-0.027

o. ee4
0,327

1. 181

SATURATED MODEL 

0,000 DI'• 0 ALPHA 

PR!OICTED 

o.ge4 
-0,027
0,6!!4
0.327

30 

Z ESTIMATE 
3,120 

-0,070
2,143
1,080

• 1.00

R!SIDUAL

0,000 
0,000 
0.000 
0.000 



Again collecting the computed results produces 

Table 3. Once more the profile is consistent. 

--·-- -�---·--· ·-·-·-· - ----·-----�-·-·--·-· --- _ .,  �--

Table 3. Summary of ML & GSK Analysis of Log-linear 

·Effects in the 2x2x3 Example.

--�tL G�K 

;J {l\'£..t b SE Page b SE Page 

AC1 .07 .20 28 ,07 .20 29 

AC2
-.01 ,HI 28 -.01 .15 30 

AC3 -.06 ,16 -.06 ,16 31 

BC1 ,27 .20 28 ,27 ,20 
• 29

BC2
* ,33 ,15 28 ,33 ,HI 30

BC3
** - ,60. ,16 -.60 ,16 31

ABC1
-, 10 ,20 28 - , 10 ,20 29

ABC2 I 1 7 , 15 28 ; 1 7 I 15 30

ABC
3 

-.07 . 16 -,07 , 16 3.1

*"' p ( ,01 

"' p ·, • O!S 

once more wo clearly have idont teal results but now 

1 n t;erms of l o g-lin e a r  est imates. By way of 

interpretation, the significant BC2 term indicates that

the geometric avera ge odds favoring a ttsatisfactory" 

response over all possible response categories are 

31 
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The Pattern Matrix X as Entered 
,\'", <'. , 

i ; 00 / ·.•· 1 , 00 
1 '._00,1" 1 ;:oo' '' -1 ;·oo • 
1.oQbf-1�00. 1.00
1,.C?0,1:, ;..1 �00 -1.00

�I '.' 
� 

1.00 
-1.00
-1.00

1.00

The Parameter Coefficient Matrix: 

0,25 
0,25 
0.25 
0. 25.;

0,25 
0.25 

-0,25
-0.25

0,25 
-0.25

0,25
-C,25

0. 2!'>
-0.25
-0,25

0.25

The Frequencie.s as Entered 

CATEGORY: 

1 

5 
3 
6 
2 

2 

19 
6 

16 
8 

3 

4 
13 

6 
12 

-0,33 -0,33
Loa EST 

0,67 
PARAMl!!'l'IR 

INTERCEPT 

AC3 
B03 
ABC3 

0, 140, 

-0,063
-0,600
-0.010

Loa s1 
0, 165 
0, 165 

0,165 

0,165 

ODDS !ST 
1,150 

0,939 
0,549 
0,932 

ODDS SE 
1,179 
1,179 
1,179 

1,179 

SATURATED MOD!r. 

Z ESTIMATE 
0,846 

-0,383
-3.639
-o. 426

PIRFICT rIT 

RESIDUAL CHI-SQUARE • 

LOO-P rUNCTION 

·-o. 594

0.000 or • 0 ALPHA • 1.00 

0,747
-o, 327

0,732

PREDICTED 

-0.594
0,747

-0.327
0,732

32 

RESIOUAt 

0,000 
0.000 
0.000 
0.000 



stronger for the treatment group than the controls. 

The significant BC3 term indicates that the average 

odds favoring. a "good� re�pon�e are better in the 

control condition, The results are consistent with the 

findings from the lJnear-quadratic analysis but reveal 

a slightly different aspect of the data based on the • 
• • •• ,,, , r-r, 1 '! 

differential coding, 

are fictitious. 

Again, thankfully, the results
00t 

concluding Remarks 

The author hopes·that a relati�ely convincing c�se 

has been built for 'embracing both tho ML and GSK 

technologies and for appreciating that both are 

fundamentally regression based strategies, Further, ho 

hopes that the point has been adequately made th�t to 

argu� which is be�ter is, at best, a contoxtu�lly bound 

lssuo which begs the question for a universal �newer. 

Certainly, much more could have boon discussed 

regarding relative applications, for example, with 

respect to nested and blocking design or with respect 

to followups to omnibus tests, These matters are 

relevant and important but beyond the scope of the 

material presented here. Obviously the application 

arena is large and the application tools are supnrb. 
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