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1. Introduction.
1.1 Déefinition.

Contingency tables are data tables which are created whenever categorical data are
cross-classified. This occurs frequently in the collection and presentation of social survey
data based on interviews, questionnaires and secondary sources (Moser and Kalton 1971,
Dixon and Leach 1978). As aresult, most geographers and social scientists are likely to meet
this data type regularly.

Categorical data are generally thought to consist of two distinct types of measurement
(after Stevens 1946):

(1) nominal measurements: simple counts, labels and names (for example, 'mal€’, ‘female’;
“British', 'lrish’, 'American’),
(2) ordinal measurements. counts, labels and names which exhibit a qualitative relation-

ship or rank order, (for example, 'lower class, 'middle class, 'upper class; ‘good’,
“indifferent’, “bad').

In cross-classifying these, three distinct types of contingency table may be created
(Table 1):

(2) fully nominal tables created by the cross-classification of two or more nominal vari-
ables (Table la),

(2) mixed contingency tables created by the cross-classification of nominal and ordinal
variables (Table Ib),

(3) fully ordinal tables created by the cross-classification of two or more ordinal variables
(Tablelc).

In analysing these tables it is assumed that the patterns displayed by the data may be
described by numerical models, so-called log-linear' models, which are similar in many
important ways to the linear regression model (Ferguson 1977). Two points of similarity
should be noted: (a) log-linear models reproduce the structure of the contingency table as a
series of parameters which are both linear and additive (asin regression), and (b) the
descriptive information resulting from them may be compared with theoretical baselines
provided by probability distributions such as chi-square. Log-linear models may thus be used
to assess hypotheses about the structure of contingency tables and to test these for
significance. Because of this, a contingency table can be considered to be the observed
classification of a probability sample of observations, rather than merely as a static data
display.



TABLE 1: Some illustrative contingency tables

(la) The fully nominal design: Behavioural responses to crime

ETHNIC GROU¥

W. Indian Asian Whits Toral
Yes 41 129 182 352
Ne 51 53 75 179
Total 92 182 257 | 531

source: based on Table 1 of Smith {1984},

NOTE:
ACTION TAKEN refers to defensive measures taken by households
to avoid victimisation

(1 b) The 'mixed' design: Bystander response in a medical emergency

AMBULANCE CALLED

Yes Ho Total
CITY 20-40 l 20 118 ! 198
SIZE 5-17 11 152 163
{000) <5 3 30 93
Total 94 360 i 454

source: based on Table 3 of Brodsky and Hakkert (1985}

(1c) The fully ordinal design: Conservative Party allegiance

S0CTAL CLASS

Upper middle Lower middle Working Total

VOTER 0ld F- 67 71 112 250
AGE Middle age 97 87 129 313
¥Young 14 22 32 68

Total 178 180 273 { 631

" source: based on Table 4.1 of Payne (1377)

1.2 Analysing contingency tables.

In spite of the predominance of this type of datain social studies (and in many types of
environmental study too), the techniques available to analyse contingency tables have
remained rudimentary until recently. The traditional techniques fall into two general
categories (Reynolds 1977, Blalock 1979, Dixon 1981):

(2) tests of independence,
(2) tests of association (or interaction) and agreement.
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TABLE 2: Some traditional techniques for analysing contingency tables,

Chi-square

Yates' corrected chi-square
Phi-square

Contingency coefficient
Cramer's V

Yule's Q and Y
Cross-product ratio

Kendall's tau

Stuart's tau

Goodman and Kruskal's gamma

Somer's D

Goodman and Kruskal's lamda

Cohen's kappa

Hildebrand, Laing and Rosenthal's del

Some examples of the techniques suitable for certain types of problem are set out in Table
2. Further details of these may be found in the three referencesjust given and in the classic
series of papers on categorical data analysis by Goodman and Kruskal (1954, 1959, 1963,
1972). Though frequently valuable, many of these procedures possess drawbacks, and with
the arrival of anew approach based on the use of “log-linear' models, they have been largely
superseded.

The advantages of the log-linear model as a means of analysing contingency tables may
be set out asfollows:

(1) it provides a more comprehensive method of describing relationships in contingency
tables than is available using traditional techniques, given that many of these are limited
to tables created by no more than two variables,

(2) it allows the information in atable to be described in alinear model format similar to
that used for linear regression,

(3) its parameters may be estimated and tested for significance using robust, well-respected
techniques such as maximum likelihood and the log-likelihood ratio statistic,

(4)it is easily calibrated and specified in popular computer packages such as GLIM, BMDP,
SAS.

The literature on the log-linear model is enormous, covering developments in many
different disciplines, including applied statistics, sociology, public health, political science.
The main technical achievements which led to its development are set out in Birch (1963).
Detailed summaries are provided in, among cthers, Bishop, Fienberg and Holland (1975),
Fienberg (1980), Upton (1978), Haberman (1974, 1978, 1979), and Freeman (1987). In
geography, textbook descriptions of the log-linear model may be found in Fingleton (1984),
Wrigley (1985), and O'Brien (1989).



1.3 Prerequisites.

Most geography undergraduates encounter data presented in the form of contingency tables
in methodology classesin their first or second years of study. The data type is aso widespread
throughout most areas of applied geography and so will be encountered in the substantive
literatures of the subject. Though there are many competing techniques available to analyse
contingency tables, it is the chi-square statistic which is most widely taught to geography
students. Details of this procedure may be found in most introductory statistical methods
textsincluding, among others, Ebdon (1985), Hammond and McCullagh (1978), Blalock
(1979) and O'Brien (1989).

The log-linear approach incorporates the key features of the chi-square statistic as specia
cases of amuch more general approach to contingency table analysis. The models themselves
take the form of linear relationships measured in the natural logarithmic scale. Relationships
between the observationsin tables are reproduced as a series of additive parameters, similar
in nature to the linear-in-parameters, additive structure of the linear regression model. A
study of contingency table problems may also begin from areview of this model. Details of
linear regression may be found in Ferguson (1977) as well asin the references cited above.

Whilst it islikely and desirable that readers will be familiar with the chi-square statistic
and the linear regression model, thisis not absolutely essential, because both can be treated
as special cases of log-linear models (Haberman 1974). Thus an introductory statistics course
could readily begin with the latter.

Some knowledge of the issuesinvolved in measurement and classification is aso desirable.
Contingency tables are created whenever a series of measurements on a single observation
or case are cross-classified. Such measurements and classes reflect underlying assumptions,
prejudices and predilections and may be quite incorrect for the problem being studied. The
ability to misinform becomes even more prevalent when the cases are geographical areas
rather than people. Thisis because spatial classes on maps are not equivalent to
cross-classifications in tables and thus need to be handled differently. Useful material on
classification issues may be found in a number of other monographsin this series, for
example, Johnston (1976), Johnston and Semple (1983), Openshaw (1983), Kirby (1985),
and Dixon and Leach (1978, 1984).

1.4 Terminology and notation.

Before proceeding to describe how the information in contingency tables may be analysed,
it is useful to introduce some of the terminology and notation which are frequently applied
to them. The following are likely to be met in the literature:

(1) Two-way table: a contingency table created by the cross-classification of two categori-
cal variables (similarly, three-way and four-way tables.) All of the displaysin Table 1 are
two-way contingency tables, whereas Table 12 is three-way.

(2) 2x2 contingency table: atwo-way contingency table in which each variable possesses
two levels, for example, Table 3a. A more general version of thisisto describe a two-way
table as U, where | indicates the row variable and J the column variable. Thus Tablelais
a2x3table, Table b a3x2 table, and Tables |c and 22 are 3x3 tables. Similarly, UK may
be used to describe a three-way table, where K refersto athird variable comprising the
table. Table 12 is an example of a 2x2x2 table.

(3) Cell or elementary cell: the cross-classification of two binary variables (that is, vari-
ables possessing two levels such as the sex and tranport mode variablesin Table 3a) creates
four possible types of combination: male car users, female car users, male non-car users,
female non-car users. These combinations are the 'cells' of a contingency table. Similar-
ly, a2x3 table (Table la) will have six cells, and a 2x2x2 table (Table 12) will have eight.

(4) Observed cell frequencies: the numbers of individualsin the sample who are classified
in each cell. For example, 137 out of 480 respondentsin Table 3a are classified as male car
users. Thisis the observed frequency of car usersin the sample of 480 respondents.

(5) Expected cell frequencies: the numbers of individuals in the sample who would be clas-
sified in each of the cellsif a particular hypothesis about the table were true. The calcula-

tion of these frequencies and their comparison with theoretical benchmarks is discussed in
detail in this monograph.

(6) Grand total: the total sample size. For example, 531 in Table laand 454 in Table Ib.

(7) The row and column marginals: the total number of observationsin each of the rows

and columns of the table. In Table lathe row marginals are 352 and 179, and the column
marginals are 92, 182 and 257.

There are anumber of different ways of representing algebraically these features of a
contingency table and the information they contain. The principal distinction is between the
observed frequencies and the series of expected frequencies which may be produced under
hypotheses. One way of differentiating them is to write the observed cell frequencies asfij,
and the expected frequencies as Fij. The subscripts (i,j) refer to thei=1,...I rows and the

j=1.....1 columns of the table. By adding up al the observed or expected frequenciesin arow

or column one produces the observed or expected row and column marginals. These may be
described by replacing the subscript over which addition has occurred by afullstop sign (.)

or an addition sign (+). Thusft + f12=ft . (the observed row marginal for row 1) because
summation is over the two column levels. Similarly, Fit + g2 = F+1 (the expected column
marginal for column 1) because summation is over the two row levels. As summation may
take place over al U elementary cells, the grand total may be written asf++ (or asN). These

ideas may be clarified by Table 3. Table 3aillustrates a simple 2x2 contingency table with

row and column totals identified. Table 3b reexpresses the structure of Table 3a using the

notation described above.



TABLE 3: Notation applied to a two-way contingency table of observed

cell frequencies.

(3a) The observed data: Sex and mode of transport

TRANSFORT MOODE

Othex Car Total
SEX Male _'\1?2 137 309 \
Female 124 47 171
Total 296 184 : 489 ‘
Source: based on Table 5 of Davidson (1976)

(3b) The corresponding notation

COLUMM VARIABLE (I}

j=1 j=2 Marginal
ROW i=] fll f12 f1+
VARIABLE (I} i=2 a3 f3o far
Marginal fiq fi3 | fos

NOTE: For a table of expected cell frequencies, replace the
letter f by capital letter F.

2. Traditional analysis: The hypotheses of
| ndependence and inter dependence

The principal advice given in textbooks to geographers faced with analysing ¢

ontingency table data such asthat in Table la, isto calculate the chi-square statistic for it. Chi Square s
astatistical measure which is used to assess whether the row and column variables of a
two-way table are independent of each other. This assessment involves specifying anull

hypothesis which states that the two variables are independent, and an alt

ernative (or research) hypothesiswhich states that they are not. If the former is accepted, the assessment

implies that the effects of both variables are indeed independent of each other.

However, if it is rejected, then the effects of both variables are assumed to be associated in some way,
suggesting that it is the interdependence of the two variables which gives rise to the observed

pattern of observationsin the table.

Independence is not an arbitrary phenomenon. It is a probability concept wh
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column classification. To test this null hypothesis of independence, researchers must
calculate atable of expected frequencies under the hypothesis (Table 4) for comparison with
the table of observed frequencies (Table Ia). Under independence it can be shown that these
expected cell frequencies are given from the observed row and column marginals and the

grand total:

fi+ f+j
Fijj= mm e N (1)
N N

(Thefirst two termsin the equation are actually probabilities. It is possible to express the
chi-square statistic, and the log-linear models, solely in terms of these, though this adds an
extralevel of complexity to the discussion.)

TABLE 4: Expected cell frequencies under independence for Table la.

ETHHNIZ GRCUP

W. Indian Lsian White Total
ACTION Yas [ 61 120,56 170.4 3532
TAKEN Mo 31 61.4 86.5 179
Total Y 182 257 | 531

Having generated these expected frequencies, the differences between the observed and
expected frequencies in each cell need to be calculated:

diffcrences = fij - Fy;  fori=1,..1, j=1,...J cells. )

Because the observed data are the product of a sample, and therefore, possess sampling
variability, it is perfectly possible that these observed differences are random or chance
variations rather than a true reflection of the relationship between the row and column
variables. To assess this, the differences are used to compute a measure which may be
compared with a theoretical benchmark. This measure is the chi-square statistic:

(fij -~ Fip 2
PGP ©)
Fjj
where sum reflects the addition of the standardised squared differences over the 1J cells of
the table.

The reason for the use of this measure isthat it can be shown that X 2 is distributed according
to the chi-square distribution, a continuous theoretical probability distribution, for given
degrees of freedom. As the properties of this distribution are known, it may be used to



determine if the calculated measure may have arisen by chance (for further details of this
distribution, see Hanushek and Jackson 1977, Ehrenberg 1982, O'Brien 1989).

The degrees of freedom are the number of independent items of information associated
with the testing of the null hypothesis. For independence, they may be calculated directly
from the dimensions of the table given that the observed data have already been used to
calculate the observed row and column marginals. Accordingly, for independence, the
degrees of freedom of a 2x3 table such as Table la, are:

DF = (I-1)(31) = (2-1)(3-1) = 2 < —. >

The observed value of X2 with two degrees of freedom may now be compared with an
expected value using tables of the chi-square distribution. Table 5 gives expected values of
chi-square for given degrees of freedom (set out as the rows of the table) and for different
levels of significance (set out as the columns).

TABLE 5: Vaiues of chi-square (first 10 degrees of freedomy)

Significance level

DF 0.50 610 0.05 0.01

I 1 0.46 2.71 3.84 5.63

o2 1.39 4.61 5.99 9.21
Iz 2.37 6.25 7.82 11,34 !

4 3.36 7.78 9,49 13.28

5 4.35 9.24 11.97 15.09

g 5,35 10,64 12.5% 15.81

7 6.33 12,02 14.07 18.48

8 7.34 13.36 15.51 20.08

g g.34 14 .68 16.92 21.67

10 9.34 15.99 i§.31 23.21

At the 0.05 significance level (alevel indicating the probability of rejecting the null
hypothesiswhen it is actually true) chi-square (DF = 2) is 5.99, which compares with the
caculated value from the data of 23.5. The tabulated value is the value of chi-square which
may be expected to be associated with Table lamerely as the result of sampling variability.
Asthe observed value exceeds this, we can assume that behaviour and ethnic group are
indeed associated in some way, and that the null hypothesis of independence isincompatible
with the data. It isthus rejected in favour of the alternative hypothesis of interdependence.

To see how this analysis may be conducted in MINITAB, see Figure 1. The output
reproduced there will be used for comparison with log-linear analyses of these data using
GLIM 3.77 (the most recent version of the GLIM system) to be presented in Section 3.

FIGURE 1: Chi-square analysis of Table la using MINITAB.

run minitab

MTB> read <l c2 cl3

DATA> 41 129 182

DATA> 51 53 75

MTB> end

MTB> chisquared cl,c2,cd

Expected counts are printed below ohserved counts

c1 c2 c3 Total

1 41 129 182 352

61.0 120.6 170.4
2 51 53 75 179

3.0 61.4 86.6
Total g2 182 257 531
ChiSq = 6.55 + 0.58 + 0.79 +

12.898 + 1.14 + 1.56 = 23.50

DF = 2
MTB> stop

NOTE: Commands prefixed by MTB> are MINITAB commands to read the
data into three columns (cl-c3) and perform the analysis.
The final command terminates the session. Other items are
produced as output by the program.

3. Log-linear reanalysis in GLIM.

The table of expected cell frequencies under the null hypothesis of independence (Table

4) displays the following interesting features when compared with the table of observed
frequencies (Table 1a):

(1) the overall size of the expected sample equals that of the observed sample,
(2) the expected row and column marginal totals are equal to those in the observed table.

This latter finding occurs because of the independence of the two variables and not because
it has been predetermined before analysis. In fact, for a general analysis of contingency tables
none of the features of the observed table are fixed in advance. The overall sample size
reflects the success of sampling rather than the purposeful intention of researchersto select
agiven number of observations. (More complex types of table in which sampling restrictions
are imposed are considered |ater.) In order to compare a table of expected frequencies with
the observed table, it is necessary to assume that the two sets of frequencies are based on the

same size sample. However, aside from this, there is no necessary assumption that any other
feature of the observed table be preserved.



There are many different ways of distributing 531 observations among 6 cells. Table 6
gives anumber of examples, which preserve different aspects of the observed table. Aswe

have already argued that one specific configuration corresponds to the null hypothesis of

independence, it follows that these alternative configurations must correspond -0

of hypothesis. How may these be calibrated and tested?
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TABLE 6: Reallocation of given crime behaviour sample to cells.

Aernative

Tndian

W,

Allernative 2

Alternative 3

oTal

M.
1

Beian White

Irndian

W,

i)

-
il

106

Total

The most effective way of decomposing a contingency table into comparable items of
information is to use alog-linear model. To he correct, we use a series of different log-linear
models, each of which corresponds to a different hypothesis of contingency table structure.

Three types of command are used here:

(2) model specification commands,

information in the table' may be decomposed into meaningful components. This analysisis
(1) data preparation commands,

Before describing these models or considering what they may mean, it may be helpful to
summarised in Figure 2.

reanalyse Tablelain GLIM (Baker and Nelder 1978, Payne 1986) to emphasise how the

(3) commands for fitting the models to data and assessing their performance.
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The data preparation commands - SUNITS, $DATA, $READ, $FACTOR and
SCALCULATE - are used to specify th structure of the datain Table lafor entry and
processing in GLIM. (These commands - termed 'directives in GLIM terminology - may
be truncated, as may all other GLIM commands.) A description of their meaning isgivenin
Table 7. In contrast with these, model specification merely requires researchers to select
appropriate optionsfor the following commands:

(1) $YVARIABLE
(2) SLINK
(3) SERROR

The first defines the response variable for the log-linear model, the second, defines how a
function of that response (known as the predictable mean) isto be related to the explanatory
information, the third, defines a probability process with which to assess departures of the
observed from the expected values. For contingency tables such as Table g, it is usual to
define the cell frequencies as the response, alogarithmic link function (SLINK LOG) and a

Poisson error process ($ERR P). (For details of the Poisson probability distribution see
O'Brien (1989).)

TABLE 7: GLIM commands to set up and tit log-linear models

Command Use

SUNITS Specifies the number of cells in the table

$SDATA Defines a variable to contain the observed
frequencies

SREAD Prompts GLIM to read data from keyboard into the
variable declared by S$DATA

$DINPUT Prompts GLIM to read data from an external file

SFACTOR Defines the cross-classifying variables for the
table and sets the number of levels in each

SCALCULATE Calculates a series of indices which associate
the observed data with the levels of the
cross-classifying variables

SYVARIABLE Defines which of the variables is to be the
'response' in the models

$LINK Declares a logarithmic link function to relate
the predictable part of the 'response' to the
explanatory variables

SERROR Declares the form of the probability process for
assessing residual variability for the models

SFIT Prompts GLIM to fit a specified log-linear model
to the table

$DISPLAY Displays goodness-of-fit and other summary
statistics,

$LOOK Prompts GLIM to print selected items for inspection

SCYCLE (And SRECYCLE) Commands to control the iterative
estimation procedure.

NOTE :

The $ sign is an integral part of the command but may vary
depending on the installation of GLIM.

13



A series of log-linear models may now be fitted to the raw data using $FIT commands.
The effects of these are summarised in Tables 8 and 9. Notice that as the number of terms
associated with the $FIT commands increases, the values for 'scaled deviance' and the
“degrees of freedom' in Table 8 decrease, and the tables of expected cell frequencies under
different hypotheses (Table 9) preserve more of the characteristics of the observed table,
until finally, they reproduce it exactly. (An interpretation of these tablesis given in section
42)

TABLE 8: Analysis of scaled deviance table for models applied to

Table la
Change in
Scaled Scaled
Model Deviance oF Daviance OF
1. S&FIT 161.17 5
2. SFIT ACT 103.77 4 57.40 1
3. SFIT ETH 75.75% 3 8l.42 2
4., SFIT ETH+ACT 22.35 2 138.82 3
5. SFIT ETH+ACT+
ETH.ACT 0.0 u] 161.17 5

NOTE: The values in the Change columns are calculated by subtracting
the scaled deviance and DF values for models 2 to 5 from the
values for model 1. The effect on scaled deviance of adding a
term may be assessed by subtracting its scaled deviance value
from that of a model which contains the same set of terms less
that being investigated. Thus the effect of ETH.ACT is 22.35
(scaled deviance of model 4 minus that of model 5).

4. Interpretingthe GLIM output.
4.1 Scaled deviance.

In attempting to interpret the models readers must look at the components being fitted, the
“scaled deviance' value and the 'degrees of freedom'. The scaled devianceisa GLIM term
which represents the amount of unexplained variability in a contingency table (rather like
the residual sum of squaresin regression). The largest value of scaled deviance is associated
with the first of the fit commands, $FIT$ , and sets the upper limit of the unexplained
variability in this data set. Subsequent $FIT commands reduce this, until zero scaled deviance
and zero degrees of freedom are reached with the final model ($FIT ACT+ETH+ETH.ACT ),
which reproduces the observed frequencies exactly. Thisistermed a 'saturated' |og-linear
model. The intermediary models are termed 'non-comprehensive' and 'independence’
models. In these, some of the variability in the table is left unexplained. The degrees of
freedom associated with these represent the number of independent items of data left
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TABLE 9: Expected cell frequencies associated with GLIM analyses

Model 1: $FIT

ACTION Yas

TAKER Ho
Total

Model 2: $FIT ACT

ETHNIC GROUP

W. Indian Asian White Total
88.5 88.5 8B.5 265.5
88.5 88.5 AE.5 265.5

[ 177 177 177 | 53t

W. Indian

ETHNIC GROUP
Asian White Total

ACTION Yes 117.33 117.33 117.33 352
TAKEN No 59.67 59.67 59.67 179
Total 177 177 177 | 531
Model 3: $FIT ETH
ETHNIC GROUP
W. Indian Asian White Total
ACTION Yes 4% 91 128.5 265.5
TAKEN No 46 a1 128.5 265.5
Total 92 182 257 I 531
Model 4: $FIT ETH.ACT
ETHNIC GROUP
W. Indian Asian White Total
ACTION Yas £0.93 120.65 17Q.37 352
TAKEN No 30.01 61.35 86.63 179
Total 92 182 257 b 531

Model 5: $F1T ACT+ ETH +ETH.ACT

ETHNIC GROUP

W. Indian Asian White Total
ACTION Yas 41 12% 182 352
TR¥EN No 51 53 5 -179
Total L 92 182 257 | 531
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unmodelled in the table. The values associated with the scaled deviance measure are thus
bounded by upper and lower limits. The lower limit is always zero - indicating that all the
variability has been explained by amodel - and is most usually only achieved by fitting the
saturated model. The value of the upper limit depends on the data being modelled. It may
thus vary if the table is modified in some way.

Table 8 illustrates how the values for scaled deviance and degrees of freedom change as
different models are fitted to the table. The columns headed 'scaled deviance' and 'DF' list
the amounts of unexplained variability left in the table after each model has been fitted. The
columns headed 'Change in ..' list the differencesin scaled deviance and in the DF values
between each model and Model 1. (Readers should note that comparisons may be made
between any two log-linear models.) For the datain Table la the following features should
be noted:

(1) the scaled deviance value is highest in Model 1 and declines as terms such as ACT and
ETH are added,

(2) the scaled deviance value is smallest in the most complex model (Model 5),

(3) the addition of terms such as ACT and ETH reduces the number of degrees of freedom
from amaximum of 5 (Model 1) to 0 (Model 5),

(4) the effect of adding or deleting specific terms may be determined by looking at the
change columns. For example, adding ACT to model 1 reduces scaled deviance by 57.4
and the degrees of freedom by I. This suggests that ACT accounts for about 1/3 of the total
variability (scaled deviance = 161.17) in the table,

(5) the expected cell frequencies produced under Model 4 are identical to those produced
for the chi-square analysisin MINITAB given the rounding of the MINITAB output to one
decimal place (compare Tables 4 and 9).

(6) The scaled deviance associated with Model 4 (22.35) is very similar to the chi-square
value (23.5) produced by MINITAB (Figure 2).

4.2 Models.

It isnow valuable to look alittle more closely at what these various termsin the log-linear
models actually mean. The log-linear model associated with the $FIT$ command fits what
istermed a'grand mean' effect to the table. Thisis represented algebraically in the models
and summary tables by the number | (earlier versions of GLIM use the notation %GM to
represent thisterm). This represents some form of average expected cell frequency for the
table as awhole. Notice that the expected cell frequencies under this model are identical,
indicating that each of the six combinations of action and ethnic grouping are equally likely
(Table 9, Model 1). Wrigley (1985), defining model terms using probabilities, refersto this
as an “equiprobability' model.

The two non-comprehensive models (Models 2 and 3) add 'main effects' terms to the grand
mean effect model ($FIT ACT fitsthe main effect of action, $FIT ETH fits the main effect
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of ethnic grouping). The expected cell frequencies associated with these models differ from
each other and from those produced by Model 1. Notice that the row marginals of Tablela
are preserved in Table 9, Model 2, and the column marginalsin Table 9, Model 3. Model 2
indicates for each level of action available, the three ethnic groupings are equally likely,
whereas Model 3 indicates for each ethnic group, both categories of action are equally likely.

Model 4 differs from the non-comprehensive modelsin that it includes both main effects
terms simultaneously. The effect of thisisto produce atable of expected frequencies which
corresponds to the hypothesis of independence (compare Table 9, Model 4 with Table 4).
In this, the grand total and all marginals of the observed table are preserved. Under this
hypothesis the expected frequencies are determined as shown in section 2.

The fifth model adds the rather more complex term, ETH.ACT, to Model 4. This additional
term represents an effect known as a “two-way interaction'. By adding this, Model 5
reproduces Table lain its entirety. The log-linear model being fitted here reduces scaled
devianceto O for O degrees of freedom. This means that everything that can be described
concerning the relationships between action and ethnic grouping has been, but at the expense
of fitting as many terms as original cells. For this reason, Model 5 is the most complex
log-linear model which may be fitted to Table la. It is usually termed a'saturated' log-linear
model.

The exact interpretation of these various terms or “parameter effects (grand mean, main
effects, two-way interaction) depends on how they are defined. In order to understand these
definitions, it isimportant to understand something about “constraints' on model parameters.

4.3 Constraints.

Log-linear models are examples of what are termed “over-parameterised’ models. This
means that they contain more parameters than independent items of data. To illustrate this
consider the examplesin Figure 2 following the various $DISPLAY commands. After fitting
Model 5, (1+ETH+ACT+ETH.ACT), GLIM generates the following 6 parameter estimates:

| —=_ e h_—n
ETH? A _ i —1l
ETHR) B _ —B <>
ACTQ) ©O_.— 1 ===
ETH2ACT?) — 1 . 1. Os3
ETHR)ACT2) — 1 -1 O

The addition of these six effectsto $FIT iswhat reduces the degrees of freedomto 0. The
figuresin brackets refer to the level of the variable concerned. Thus ACT(2) refersto level
2 of the action variable, the behavioural response of NO. Asthese are the only parameters
to have been produced by the saturated model, what has happened to the parameter which
refersto thefirst level, ACT(1), the behavioural response of YES? By a similar argument,
what has happened to ETH(1) and the interactions between ETH and ACT at level 1 of both?
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The problem is that with six items of observed data, the cell frequencies, it is not possible
to provide estimates for all the parameters which may be defined for the table. What is
possible isto provide estimates for some of the parameters within each of the terms (for
example, to calculate ACT(2) within the ACT main effect), but to arrange the definition of
these parameters so that the omitted parameters may be inferred. Thisinvolves constraining
the parameters in each term in some way so that some aspect of eachtermisused as a
benchmark against which the parameters are defined. Such constraints are a necessary evil
in that they are irrelevant for many practical purposes, for example, in the calculation of the
expected cell frequencies and scaled deviance measures, but they are needed if estimates of
individual parameters are required.

Two forms of constraints are most likely to be met in the literature:

(2) centre-weighted constraints
(2) corner-weighted constraints.

In the former, the terms are defined in such away that the parameters within them are
assumed to sum to zero. Thus for the main effect of action, ACT(1)+ACT(2) equals zero.
Similarly, the sum of ETH(1)+ETH(2)+ETH(3) is zero. Wrigley (1985 p162) shows that this
form of coding can also be applied to the interaction term. The interpretation of the
parameters usually given as aresult of this coding is as follows:

Main effects: the difference in expected cell frequency of being at level i(j) of the
row (column) variable rather than the overall mean,
Interactions: the difference in expected cell value of being at level i of the row

variable and j of the column variable rather than the mean.

Thisform of constraint system isfound in computer programs such as ECTA (Fay and
Goodman 1975) and BMDP (Dixon 1981), and isimplicitly assumed in most of the major
textbooks written on categorical data analysis (asin, for example, Bishop, Fienberg and
Holland 1975). It is also the type of constraint coding used with analysis of variance models
(see Silk 1981 for details) and has led to the interpretation of many of the characteristics of
contingency tablesin analysis of variance terms, even though the models are formally
different (see Collett 1979).

The corner-weighting constraints system uses a different logic. In this, one parameter in
each term is treated as a baseline against which the remaining parameters are compared. As
this baseline parameter corresponds to the effects operating in a specific cell, it isfeasible
to consider that cell as the benchmark in comparison rather than the average of all the cells.
Any of the parametersin aterm can be used as the baseline, but it is most likely that either -
the first or the last will generally be used. GLIM uses this form of constraint system, which
isalso termed "aliasing', and setsthe first parameter in each term to zero. The interpretation
of the effects using this system is thus:
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Main effects. the difference in expected cell frequency of being at level i (or j) of
the row (column) variable rather than in the baseline cell (wherei

and j are not equal to 1),

Interactions: the difference in expected cell frequency of being at level i of the
row variable and level j of the column variable instead of the

baseline cell (wherei and j are not equal to 1).

Asthe baseline of each term is ACT(1) and ETH(1), the parameters generated by GLIM
areinterpreted as representing differencesin expected cell frequencies between these and
the other cells. Thus ETH(3) represents the difference in expected cell frequencies associated
with the main effect of ETH of being Whit rather than West Indian. Similarly,
ETH(3).ACT(2) represents the difference in expected cell frequencies associated with the
two-way interaction of being an inactive White rather than an active West Indian.

From the point of view of interpretation it isimportant that readers realise that the values
of these parameter estimates depend on the system of constraints used. Thus the analysis of
Tablelausing ECTA or BMDP would yield different estimates to the six listed above.
However, 'estimable functions' of these parameter estimates - for example, the expected cell
frequencies - do not depend on the system of constraints used. They will therefore be identical
regardless of which program is used. The information on scaled deviance and the degrees of
freedom are also unaffected by the choice of constraints.

4.4 Estimation

The estimates of the parameters and the expected cell frequencies may be obtained in a
variety of ways. The two most suitable procedures are:

(1) maximum likelihood
(2) weighted least squares.

The logic of both lies outside the scope of this monograph; details may be found in Wrigley
(1985), Pickles (1985), and O'Brien (1989).

The procedure used in GLIM is maximum likelihood generated by an algorithm based on
iterative weighted least squares. This procedure works by using the observed cell frequencies
asinitial guesses of the expected cell frequencies (hence the use of $YVARIABLE OBSin
Figure 2), calculating a maximum likelihood estimate for the terms and cell frequencies
based on this guess, and checking to see if any improvement is possible beyond this. By
successive approximation (iteration) the trial values are improved until no further
improvement is possible. At this point the algorithm is said to have converged and the
estimates produced are termed the 'maximum likelihood' estimates for the fitted log-linear
model. The number of iterations required to achieve convergence is displayed by GLIM as
the term CY CLE. The output produced in Figure 2 indicates that four successive
approximations were required to produce maximum likelihood estimates for models 1, 2 and
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5, and three for models 3 and 4. (The GLIM manual should be consulted to refer to problems
of non-convergence, divergence and saw-toothing - the latter referring to the tendency for
the scaled deviance valuesto rise and fall in successive iterations.)

An alternative procedure which also yields maximum likelihood parameter estimatesis
termed the iterative proportiona fitting algorithm, IPF (Deming and Stephan 1940). Thisis
used in ECTA (Fay and Goodman 1975) and in C-TAB (Haberman 1973). In this procedure,
the row and column marginal totals of the raw data table are used to condition the cell
estimates of the tables of expected frequencies under different hypotheses. To illustrate this
for the hypothesis of independence, consider Table 10. To start, the cell estimates are initially
set at 1 and row and column totals are calculated (Table 10a). Then, the estimated cell
frequencies are multiplied by the appropriate row (or column) marginals of the raw data, and
the products divided by the row (or column) marginals of the estimated table. Thisleadsto
arevised set of cell estimates which preserve the observed row marginals (Table 10b).
Notice, that Table 10b produces estimates which are identical to those produced by Model
2inTable9.

TABLE 10: Illustration of the iterative proportional fitting approach

10a: Initial Guess

ETHNIC GROUP

W. Indian Asian White Total
ACTION Yes 1 1 1 3
TAKEN No 1 1 1l 3
Total 2 2 2| 6
10b: Step 1
ETHNIC GROUP
W. Indian Asian wWhite Total
ACTION Yes 117.3 117.3 117.3 352
TAKEN No 59.7 59.7 59.7 179
Total 177 177 177 | 531
NOTE: For cell (1,13): 117.3 = (1 x 352) / 3
10c: Step2
ETHRIC GROUF
W. Indian Asian White Total
ACTION Yes 61 120.% 170.4 152
TAKEN No 31 61.4 B86.6 179
Total 52 182 257 j 831

NQTE: For cell (1,13): 61 = (117.3 x 92y / 177
20

Thisisstep 1 of the procedure. In step 2, the cell estimates in Table 10b are multiplied by
the appropriate column (or row) marginals of the raw data, and the products divided by the
estimated column (or row) marginals from Table 10b. Thisyields the estimatesin Table 10c,
which are identical to those produced by Model 4 in Table 9. As both sets of observed
marginals are now preserved and have been used in the calculation of the expected cell
frequencies, Table 10c corresponds to the hypothesis of independence.

A third method of estimation which may be used is weighted least squares. This approach
isamodified, generalised form of the ordinary least squares approach frequently used with
classical regression and differs from the procedure used in GLIM by being non-iterative.
(Details are to be found in, among others, Wrigley 1985, Pindyck and Rubinfeld 1976.) The
computer program, GENCAT (Landis et al 1976) uses this approach. For a null
hypothesis'/model which is correct the three approaches produce identical estimates. The
choice of method is thus arelatively minor consideration and, in practice, islikely to be
dictated by the availability of software.

4.5 Testing.

In GLIM the scaled deviance measure associated with log-linear models correspondsto a
measure of goodness-of-fit known as the maximum log-likelihood ratio statistic G 2, This
may also be written as

-2(log(lc} - log(lmax)) 5

where log(lc) refers to the maximum log-likelihood of the model currently fitied to the data,
and log(lkmax) refers to the maximum log-likelihood associated with the saturatcd model. It
can be shown that this measure is approximately distributed as chi-square with the degrees
of fégedom being equal to the difference in the number of parameters between the two
models.

The maximum log-likelihood of a model respresents the amount of variability unexplained
by it. Large values indicate a model which fits the data poorly, whereas smaller values
indicate a better fit. However, because the measure is not standardised to liein agiven interval
(unlike the coefficient of determination which ranges from 0 to 1), to check the fit of a model
we need to compare its observed 02 value against a tabulated chi-square value for similar
degrees of freedom.

We have already seen how these degrees of freedom may be calculated directly for the
independence model. Though degrees of freedom are produced as output with most computer
programs the logic behind their calculation needs to be understood, asit is by no means
always straightforward (Table 11). The number of degrees of freedom under saturation is
equal to 0 because every independent parameter which can be fitted to the table actualy is.
Under the null model, Model 1, the number of degrees of freedom is at its maximum, being
equal to the number of cellsin the observed table minus 1 (for the grand mean effect). As
each main effect is constrained, there is one independent parameter less than the number of
levelsin each variable. Thusfor ACT, with two levels, there is only one independent
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TABLE 11: Calculation of degrees of freedom for an 1J table

modal degrees of freedom
saturation IJ-{1+{J-1)+{T-1)+{I-1){J-1})
independance IJ-{1+{I~-13+(J=-1}))
non-comprehensive IJ-{1+{I-1)) or IJ-{1+{J-1})
grand mean 1J-1
NOTE: Using these relationships it is relatively easy

to calculate the degrees of freedom for many
other types of table. I refers to the number of
levels in the row variable, J to the number of
levels in the column variable.

parameter, whereas for ETH with three levels, there are two. The number of independent
parameters in the interaction term may be worked out by extension.

Using thisinformation the level of scaled deviance associated with each of the models fitted
to Table la (see the scaled deviance and degrees of freedom columnsin Table 8) may be
assessed for significance by comparing them with values expcted from the chi-square
distribution (Table 5). At the 0.05 significance level, the critical valuesfor 2, 3, 4 and 5
degrees of freedom are 5.99, 7.82, 9.49 and 11.07 respectively. Asthe observed values for
scaled deviance for these degrees of freedom exceed these in every case, we can assume that
the expected frequencies from Models 1 to 4 are significantly different from those observed
at the 0.05 significance level. These models are thus rejected in favour of Model 5 asthe
most appropriate description of the observed data.

An aternative way of testing each model isto use the information in the CHANGE columns
in Table 8. These figures correspond to the effect of adding specific termsto the previous
model and so reflect variation explained by these terms. Asthe values for the changein
scaled deviance are greater than the critical values expected at the 0.05 significance level,
their associated terms must be included in the model describing the data. An interpretation
using either the unexplained variability of the scaled deviance information or the explained
variability of the change in scaled deviance information resultsin the same conclusion: the
saturated model is the only alternative to reproduce the patterns in the observed data
satisfactorily.

However, in certain marginal cases, the results may not be the same, with one approach
suggesting one description of the observed data, and the second another. In these
circumstances, it is thought to be statistically more appropriate to emphasise the differences
in scaled deviance values between models rather than the absolute val ues associated with
any specific model. Thisis because the approximation of the scaled deviance measure to the
theoretical chi-square probability distribution expressed in terms of differences s better than
its alternative (Payne 1986).
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5. Multiway contingency tables,

5.1 Multiway interactions.

The failure of the non-comprehensive main effects and independence models to describe
Table la adequately merely confirms the evidence provided by the chi-square test. Given
the need to look for the strength of interactions between ethnic grouping and action, further
techniques could be used to assess, for example, the odds that whites are more likely than
non-whites to take action in the face of perceived crime. Some of these procedures are
outlined in O'Brien (1989). However, in tables which are more complex than Table la,
saturation is much less likely to be the most satisfactory description of the data.

Table 12 is an example of amultiway contingency table: a contingency table created by
the cross-classification of more than two categorical variables. Three binary categorical
variables have been used here: S, for soil type, M, for moisture type, and T, for treatment
type. The data come from a study conducted by Day et al (1986) on the effect of forest litter
on the revegetation of coal mine soil at Black Mesa mine, Kayenta, Arizona. Because of
their structure, tables such as Table 12 are termed three-way tables, 2x2x2 tables, or UK
tables, where | refersto the row variable, Jto the column variable, and K to the third variable.
To clarify this notation, notice that Table 12 has been created by the amalgamation of two
2x2 tables. Thefirst describes the relationship between moisture type and the treatment for
undisturbed soils, the second, the same relationship for coal mine soils. Thus, | refersto
moisture type, J to treatment type, and K to soil type. Marginals and expected cell frequencies
under different hypotheses may be calculated for this design in the usual way.

TABLE 12: A multiway contingency table

Germination of seedlings in coal mine soil, Black Mesa Mine, Arizona.

SOIL TYPE
Undisturbed Soil Coal mine soil
TREATHMENT TREATMENT
NFL FL NFL FL
MOISTURE NR 4 26 4 14
TYPE NR+1I 28 52 14 26

source: based on Table 1 af Day et at {1986}

Note: NFL: No forest litter
FL: Forest litter
NR: Hatural rain-
NR+I: Matural rain plus irrigation

Log-linear models are of particular value for the analysis of multiway tables such as Table
12. Thisis because the approach outlined in sections 3 and 4 may be extended to
accommodate the effects of the third variable. All that is needed is the addition of a three-way
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interaction effect, and a new series of two-way interactions and main effects to represent the
presence of the third variable. This represents a considerable improvement on traditional
practices, which frequently required the multiway table to be decomposed into its constituent
two-way tables which were then analysed separately. As there are three distinct ways of
decomposing Table 12 (that is, creating tables of soil by moisture, soil by treatment and
treatment by moisture) this practice might mean that the multiway relationships between all
the variables are either not described at all, or are described incorrectly. Moreover, Upton
(1978) and Fingleton (1981) note that analysing a series of essentially multiway relationships
as though they were two-way can lead to paradoxical results, with interactions detected in
the full table being either removed altogether or reversed in sign in the two-way tables. This
type of behaviour has been known for nearly forty years and is frequently termed 'Simpson's
paradox', after Simpson (1951) who demonstrated some of the peculiar effects which are
possible if amultiway table is analysed as a series of two-way tables.

From the point of view of methodology, it is safer to assume that relationships are
potentially multiway in form even if displayed in atwo-way design. Thisis becauseit is
always possible to introduce a third or fourth classifying factor to generate a multiway design
from the two-way. However, if on analysing a multiway design it can be shown that
three-way or four-way interactions are not significant, then it is possible to collapse the
multiway design to an appropriate two-way summary form. Wrigley (1985, Chapter 9)
presents further details about revising the architectural form of contingency tables.

The following log-linear models may be specified for a multiway contingency table
beginning with the least complex:

1. grand mean effect model

2. non-comprehensive models

3. mutual independence

4. multiple independence

5. conditional independence

6. pairwise association

7. saturation

These are written out algebraically in Table 13. Notice that though there are essentially
seven types of model to be considered, this number expands to reveal 19 different varieties.
This represents a considerable growth in the number of models, parameter effects and
individual parameters to be considered, reflecting the fact that as the dimensions of atable
increase there is amore than proportional increase in the number of ways of forming two-way
and multiway interactions. As before, these models correspond to different hypotheses about

the relationshipsin Table 12, and preserve different aspects of the structure of the observed
table.
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TABLE 13: Models available for Table 12

Model type Terms included Terms omitted

grand mean effect 1 S+M+T+EM+STHMT+5MT

Non-comprehensive models 1+5 M+T+5M+ST+MT+SMT

i+M S+T+SM+ST+MT+SMT

1+T S5+M+5SM+ST+MT+SMT

1+5+M T+E8M+5T+MT+SMT

1+S+T M+SM+85T+MT+SMT

1+M+T S+5M+5T+MT+5MT

1+5+M+5M T+ST+MT+5MT

1+5+T+5T M+ SM+MT+SMT

1+M+T+MT S+8M+ST+EMT

i Mutual Independence 1+5+M+T EM+ST+MT+SMT

Multiple Independence 1+8+M+T+5M ST+MT+EMT

1+S+¥+T+3T SM+MT+SMT

1+S5+M+THMT ST+5M+SMT

Conditional Indeperndence 1+S+M+T+SHM+ST MT+SMT

1+S+M+T+5M+MT ST+SMT

1+S+M+T+ST+MT SMFSMT

Pairwise assocliation 1+5+M+T+SM+3T+MT SMT
Saturation L+S5+M+T+SM+STHMT+SMT

Note: S - soil type
M - moisture type
T - treatment type

5.2 Fitting models.

GLIM may be used in exactly the same way as before to fit log-linear models to a multiway
table. Models may be fitted either from the bottom up, beginning with $FIT$ and ending
with saturation, or from the top-down beginning with the saturated model. The effects on

scaled deviance of fitting models from the bottom up are summarised in Table 14, and Figure
3

TABLE 14: Analysis of scaled deviance table for analysis of Table 12.

Change in

Scaled Scaled
Modal Deviance DF v Deviance DF ov
/
I Grand mean 83,38 7 12,02 E
¢ Mutual independence £.81 4 7.78 76.57 3 6.25
! Pairwise association 0.4% 1 2.71 6.32 3 65.25
L Saturation 0.00 0 - . 0.43 1 2.71

Note: CV - critical values associated with model at 0.1 significance
level



FIGUHE 2: Log-linear anaiysis of Table 12.
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this example,
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NOTE:

Because the number and type of model which may be fitted is greater than for the two-way
design, auseful initial analysisisto fit the families of effectsin turn to the grand mean effect
model. These are (a) the mutual independence model (includes all main effects), (b) the
pairwise association model (includes all two-way effects), and (c) saturation (includes every

effect defined for the table). This approach thus fits four of the seven possible model types
outlined in Table 13.

By comparing the observed effect on scaled deviance reduction with tables of the chi-square
distribution (Table 5) a general overall description based on the change in scaled deviance
may be obtained. Critical chi-square values at the 0.1 significance level are detailed in Table
14. Using these, and looking at the effect on explained variation (the columns headed
“Change in'), we see that the family of three-way effects fitted using the saturated model is
not significant at the 0.1 significance level, but that the two-way family (fitted using the
pairwise association model) is. This means that the three-way interaction (STM) should be
omitted from the final descriptive model for the table but that the two-way interactions (SM,
ST and MT) should not. However, rather than include all three of these, it is useful to check
if the reduction in scaled deviance attributable to the two-way family is divided unevenly,

so that it may be possible to eliminate some of these terms as well.

5.3 Choosing an appropriate model.

In acomplex contingency table many different log-linear models may be suitable
descriptions of the relationshipsin the data. Asaresult it is necessary to adopt some form
of model assessment strategy to identify the most parsimonious model available, that is, the
model which describes as much of the information in the table in as few parameters as
possible. In order to find this model, a variety of searching strategies have been devised based
on sequential, or stepwise, fitting procedures. Two subtly different approaches are
'screening' and Aitkin's 'simultaneous testing procedure’.

53.1STP

The simultaneous testing procedure (STP) developed by Aitkin (1978, 1979, 1980) is
presented first because it has the more coherent basis in statistical theory. An added
advantage isthat it is also easy to adopt for use with GLIM. The object of STPisto obtain
an assessment of the significance of each family of parameter effects (that is, all two-way
effects, three-way effects and so on) whilst simultaneously controlling for the parameter
effects which are already present in the model. The reason for needing a simultaneous test
[ S, that stepwise procedures, such as that outlined by the rudimentary interpretation of Table

, are susceptible to 'order of entry' effects, distortions affecting the summary measures
which simply reflect the order in which terms are added to the base model. These are
sometimes sufficiently severe to give misleading significance tests.

Thefirst step in applying STP to Table 12 involves calculating aglobal Type | error rate
(yg) for the table: arate designed to assess the probability of excluding al interactions from
the model as being of insignificant importance even though some are likely to be significant.
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This error rate may be determined from the formula
2-r-1
ye=1-(1-@) (6)

where o is the significance level chosen for testing and r corresponds 1o the number of,

variables used in creating the table (that is, 3). (Thistest corresponds to the null hypothesis
that SM, ST, MT and SMT are all equal to zero.) Aitkin suggests that a value for this global
error between 0.25 and 0.5 will generally be appropriate, yielding atest which is sufficiently
sensitive to identify truly insignificant terms whilst minimising the elimination of significant
terms. At the 95% level ( = 0.05), the error rate is 0.185. At the 90% level (=0.1), itis0.34.
The 90% level isthus chosen for calibrating the remaining tests.

The purpose of selecting aglobal error rate is to determine the degree of sensitivity needed
in testing the table, Having chosen this level (o = 0.1), the next step invelves using it to
calculate a seres of error rates (yr, where f = 1,3) which are specific to each family of
parameter effects. Because these are specific rather than global, equation (6) is modified to
reflect the number of terms (t) being tested in the family:

yi =1-(1-a)f ')

The highest order family in Table 12 - the three-way interaction - istested first. Asthere
isonly one effect in this family, the family error rate fort =1is:

yi=1-(9 =01

Thiserror rate for the three-way family can now be used to calculate an expected level of
scaled deviance associated with the family by chance. In this case there is only a single degree

of freedom associated with the three-way effect, so the level of scaled deviance which can

be expected at the 0.1 significance level is 2.71 (Table 5, column 2). By comparing this value

with the observed value for this family (0.49 in Table 14) we see that the 3-way effect
contributes less to scaled deviance reduction than expected and so may be considered to be
insignificant at this error rate. This confirms the finding of section 5.2.

Having eliminated the three-way family, the next step involves calculating an error rate for
the family of two-way effects. The procedureis not quite as described for the three-way
family because Aitkin (1980) argues that the error rate for the two-way family and the deleted
three-way family should be pooled, that is, combined to form a new two-three-way family.
This combined family consists of four terms (SM, MT, ST and SMT) and four degrees of
freedom (the single degree of freedom from the three-way family plus the three degrees of
freedom associated with the three two-way effects). Its error rate is given as.

y23=1-(9 = 0.34

Once again, an expected level of scaled deviance associated with the pooled family by
chance can be calculated using Table 5. In thistest, DF is four and the significance level is
0.34. Asacolumn for thislevel is not tabulated, the expected level may be calculated by
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interpolation, yielding avalue of 5.13. By comparing this expected value with the observed
effect of the pooled family (6.81  .32+0.49 in Table 14), we see that not &l of these two-way
effects may be eliminated.

Though this test suggests that the pooled two-three-way family is significant, it does not
imply that al the terms within it are significant. We have aready seen that the three-way
family on its own is not significant and should be deleted. We now need to see if some of
the two-way effects can also be deleted. In other words, we need to see which, if any, of the
parameter effectsin the two-way family are marginal to its overall importance.

To do this a series of multiple and conditional independence models is fitted and the effects
on scaled deviance checked (Table 15). This shows three possible orders of fitting the
two-way interactions (note that the terms ST and TS are formally equivalent.) In each of
these, the change in scaled deviance on the addition of MT remains constant at 5.92, avaue
which is considerably larger than the change values associated with the other two-way terms.
The change values associated with these differ depending on the order in which they are
fitted. This suggests that ST and SM may be of marginal importance to the family. To check
if they may be eliminated, terms may be removed from the bottom of the table upwards until
the critical value of 5.13 is exceeded. Two distinct models are suggested. In Table 15A,
SM+SMT are eliminated leaving amodel containing 1+S +T+M+ST+MT, whereas in Tables
15B and 15C, SM+ST+SMT may be removed.

TABLE 15: Further analysis of Table 12

Change in

Scaled Scaled

Devianca LF Daviance OF
{Model A)
Hull modal §3.38 7
+ T+3+M 6.81 4 16.57 k
+ ST 6.74 3 d.07 1
+ MT 0.82 2 5.92 1
+ SM 0.49 1 0.31 i
+ J-way lnteractions 0.00 0 0.49 1
(8)
1+T+5+M 6.41 L] 76.57 3
+ MT D.8% 3 5.92 1
+ 8M 0.62 2 0.27 1
+ 8T 0.459 1 0.13 1
+ SMT 0.00 Q 0.4% 1
{c) '
1+T+5+M 6.81 4 76.57 3
+ MT 0.89 3 5.52 1
+ 8T 0.82 2 a.07 1
+ SM 0.49 1 0.33 1
+ BMT 0.00 0 0.49 1

(0) Standardised regression coefficients from pairwise association
model:
Standard

Tarm Eptimate arror SRC
ST =0.1302 0.3597 -0.4
uT -0.9966 0.4323 -2.3
BM -0.2065 @.3620 =0.6
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This leaves amodel containing 1+S+T+M+MT (scaled deviance of 0.89 for 3 degrees of
freedom). The choice from these alternativesis clear. if competing models satisfy the
elimination criteria of STP, then the model containing fewer parameters should be used as
it isthe most parsimonious representation of the observed data. The model preferred in this
case isamodel of multiple independence indicating that the joint variable moisture type and
treatment type isindependent of soil type.

The selection of the most parsimonious model becomes rather more complex in
higher-order tables where the number of possible sequencesin a significant family may be
very large. When this occurs, many models may satisfy the STP criterion. In an effort to
simplify matters, Aitkin (1980) suggests fitting the terms within the family in any order
initially, and then calculating their standardised regression coefficients (SRCs). These are
equivalent to asymptotic t tests for each term and may be used to rank them in order of
importance. The information needed to cal culate these coefficientsis provided by GLIM as
part of the $DISPLAY E command. This results in the parameter estimates and their standard
errors being printed. The standardised regression coefficients are produced by dividing the
estimates by their standard errors (Table 15D). Having calculated these, terms should be
refitted in order, largest coefficient first. Applying thisto Table 12, we find that MT should

be fitted before the SM and ST interactions, thus providing further support for the model
chosen above.

Before finishing this section it is useful to point out that in higher-order tables a further
model selection stage may be carried out to seeif any of the lower-order relatives of terms
in the preferred model can be eliminated. In the example described, this would mean
checking to see if the main effect of soil, S, could be eliminated. Aitkin (1980) notes that in
this case, testing should involve comparing the effect of the term in question with the critical
level associated with a pooled error rate for all effects being fitted to the model. For a model
containing 3 main effects, 3 two-way interactions and a single three-way interaction, this
would involve 7 terms. In the case of Table 12, no further reduction in complexity is possible
asthe S main effect can be shown to be required in the final model.

53.2 Screening.

The STP procedure may be used with many computer systems which produce maximum
likelihood estimates for log-linear models. However, a number of aternative procedures may
also be used which are based on the idea of “screening' parameters and terms for significance.
Wrigley (1985, Chapter 5.7) discusses some of the possibilities.

One of the most useful alternativesto STP, which is also available as an output optionin
module P4F of BMDP (Dixon 1981), is the screening strategy suggested by Brown (1976,
1981) and Benedetti and Brown (1978). The key idea of this procedure is to assess each term
in a baseline log-linear model using two tests of association, atest of ‘partial association'
and atest of 'marginal association'. By comparing the information supplied by these tests,
researchers can classify termsinto one of the following three categories:
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1. terms which should definitely be included in any final log-linear model,
2 terms which should definitely be excluded from any final log-linear model,
3. terms which perhaps should be included.

Members of classes 1 and 2 are terms whose significance, or lack of it, is suggested by both
tests. Members of class 3 are terms whose significance is suggested by one test but not the
other. They are thus components of a'grey' area for which no hard-and-fast rules exist.

The terms "marginal’ and “partial’ association refer to two types of conditional test in which
the contribution of a specific parameter effect is assessed by comparing the performance of
alog-linear model which includesit with one which excludesit. Aswith STPit is possible
to take as a baseline either the saturated model or the null model (or more frequently the
main effects model) and exclude, or include, terms for testing as required. However, the two
tests differ in the way they do this. Wrigley (1985) and the original authors describe the
procedure in detail. However, to illustrate it, assume that the term to be tested is the two-way
interaction between soil type and moisture type (SM in Table 13). The two tests amount to
acomparison of the following four log-linear models:

marginal test of SM term: model I: 1+S+M+SM
model 2: 1+S+M

partial test of SM term: model 3: 1+S+M+T+SM+ST+MT
model 4; 1+S+M+T+ST+MT

The marginal test assesses the significance of SM by comparing the value of G associated
with model 2 with that from model 1, two models which differ solely by the exclusion of the
SM interaction. Notice the absence of the T main effect or any interactionsinvolving T. The
partial test in comparison involves comparing the effect on G of fitting model 4 rather than
model 3. Once again the SM term is removed, but model 3 contains afull set of main effects
and two-way interactions. The marginal test includes only those lower-order parameters
which are required to alow the SM two-way interaction to be defined: 1, Sand M. The partial
test includes all the two-way interactions which can be defined for the table. They may thus
be visualised as representing upper and lower limits on the possible effect of the SM term
on G>.

Table 16 contains the results of aBMDP analysis of Table 12 which includes screening as
an output option. The probability values highlight terms which are significant and should be
included in the model, and terms which are insignificant and so should be excluded. High
probability valuesindicate that aterm probably should be excluded. Given this, it seems
immediately clear from both tests' that the two-way interactions between SM and ST are
insignificant, and that MT is significant. As both tests are identical when applied to main
effects or the highest-order interaction, only one set of test figures have been printed for
these. They show that the three-way effect isinsignificant, and the main effects are
significant. None of the termsfall in to the ‘grey area. The same model identified by STP
isidentified by screening as the most parsiminious model for Table 12.

31



TABLE 16: Screening applied to Table 12.

PARTIA Assgcmen MARGINAL ASgDCIATION

EFFECT DF G PROB DF G PROB
T 1 28.33 0.0

g 1 16.36 0.0001

M 1 il1.88 8.0

5T 1 0.13 0.7181 1 0.07 0.7534
MT 1 5.99 0.0144 1 5.93 0.0149
SM 1 0.32 0.5696 1 0.26 0.6091
SHT 1 0.49% 0.4823

5.4 Residual analysis

The discussion so far has centred on the comparison of log-linear models against summary
statistics. Thisis equivalent to comparing a regression model solely with the coefficient of
determination (Ferguson L917). The main limitation of thisisthat it is possible for amodel
which appears to provide mil acceptable overall fit to be poor in parts of the table. To check

thisinternal fit it is valuable to examine the residuals associated with the most acceptable
log-linear model.

There are avariety of different types of residual which may be considered. These include
simple residuals, standardi sed residuals and adjusted residuals. The first of these is calculated
as the difference between  the ohserved cell frequency in each cell of the table and the
expected cell frequency «calculated for it under the best fitting log-linear model. The
standardised residuals arm calculated in asimilar fashion to the traditional chi-square
measure, by subtracting bib expected cell frequencies from those observed, and dividing the
differences by the square mot of the expected frequencies:

SR = (fjk— )/ Fig> )

Values of 3 or more indicate important residuals and roughly correspond to the 1% tails of
the standard Normal distribution (popson 1983, pl0l). The adjusted residuals are calculated
from these standardised residual’s py dividing them by their asymptotic variance (Haberman
1974, Edwards 1979). These gppear to give amore precise and sensitive analyss.

GLIM automatically generates standardised residuals as part of its output from the the

$DISPLAY command. However | the adjusted residuals need to be calculated separately.
Defize (1980) givesthe following GLIM code for their calculation:

$EXTRACT %VL
$CALCULATE ADJ. (OOBS-%FV) | %SQRT(%FV* (1- %FV*%VL))
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The $EXTRACT command is used to copy components from the internalised working
matrix within GLIM into vectors which may then be analysed. The actual command used
here copies the estimated variances of the linear predictors into a system vector (%VL). The
$CALCULATE command then generates the adjusted residuals. The system variable, %FV,
contains the expected cell frequencies or 'fitted values' associated with the fitted log-linear

model.

Table 17 displays the observed values and the three types of residuals associated with the
best-fitting model applied to Table 12. These are all relatively small indicating that the model
fitsthe internal structure of the table fairly well. However, a pattern does seem to exist among
both the standardised and adjusted residual s with negative values at level 1 of moisture for
undisturbed soils, and at level 2 of moisture for coal mine soils. The values of the residuals
for treatment category 1 on the first row of the table are also very much higher than the others.
The possible cause of this may be seen if separate models are fitted to the undisturbed data
and the coal mine data. For the former, the saturated model is found to be most acceptable,
indicating the importance of the interaction between treatment and moisture. However, for
coa mine soil, amore acceptable model isindependence. This suggests that the significance
of the treatment-moisture interaction in the model for the full tableis primarily due to the
influence of the effect in the undisturbed data set.

TABLE 17: Observed values and residuals

oBS RES SR ADJ
4.00 -1.238 ~0.5410 -0.9420
26.00 -0.1905 -0.3722E-01 -0.7256E-01
4.00 1.238 G.7450 0.9430
14.00 0.1905 0.5126E-01 0.7257E-01
28.00 0.5000 0.9535E-01 0.1874
52.00 0.9286 0.1299% 0.3021
14,00 -0.5000 ~0.1313 -0.1874
26.00 -0.9285 -0.1789 -0.3021

Note: OBS - observed data
RES - simple residuals
SR - standardised residuals
ADJ - adjusted residuals
GLIM codes $CALC RES=0BS -%FV
L0 e 8- 4.5
S S 4 )

5.5 Checking for influential observations.

In addition to the analysis of residualsit is valuable to assess whether the patternsin the
table are the result of unusually important observations. Tests for unusually important
observations are helpful because they point towards areas in the raw data table which may
behave very differently from expected. Peculiarities may be the result of the influence of
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specific cells or of whole groups of cells (strata). A screening strategy may be used to check
for these by identifying cells or strata whose frequencies differ from the expected frequencies
under the proposed model by more than a given amount. This process is provided as an option
in the P4F module of BMDP. None of the cells or strata of Table 12 appeared to be unusual
at the 0.05 significance level when tested using this screening procedure.

5.6 Summary.

The material presented in this section has covered many of the most important features of
log-linear modelling appied to multiway tables. The concepts of model fitting, assessment
and examination have been presented, as have some of the alternative procedures available.
The key points to note are the value of the linear-in-parameters format for handling multiway
interactions; the multiplicity of modelsin the multiway table; the need for some form of
assessment of the many models which may be suitable as descriptions of the data; and the
need to assess the internal fit of amodel, rather than merely rely on the overall measure of
scaled deviance.

6. Incomplete contingency tables

In al of the preceding examples the observed contingency tables are complete, that is, they
do not contain observed cell frequencies of zero. The presence of zeros can complicate the
interpretation of log-linear models (a) because they can affect which parameter effects may
be fitted, and (b) because they may influence the calculation of the degrees of freedom for
the model. The following distinctions should be noted:

(1) sampling incompleteness: contingency tables which contain observed cell frequencies
of zero due to deficienciesin sampling,

(2) structural incompleteness: contingency tables in which some of the cells are constrained
prior to analysisto zero or to another fixed value. These structurally restricted cells cannot
change their value under extended sampling or under different types of model.

6.1 Sampling incompleteness

Table 18 is an example of atable which contains sampling zeros. It has been created by
substituting two of the positive cell frequenciesin Table 12. The zero cellsin Table 18
indicate the absence of the appropriate combinations of soil type, moisture type and treatment
in the sample rather than theoretical restrictions. Because of their positions they do not affect
the calculation of expected cell frequencies for any of the unsaturated log-linear models
appropriate to the table (Table 19 presents some examples). Notice that under these
hypotheses, the observed values of zero are replaced by non-zero expected cell values.

One suggestion which has been made to overcome the problems posed by zero cells, given
that all the cellsin a contingency table are the result of sampling, isto replace the zero values
by a small positive value, say 0.5 (Goodman 1970). The effect of this on the analysis of Table
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TABLE 18: A multiway contingency table with two

sampling zero cells.

S50IL TYPE
Undisturbed Soll Coal mine soil
TREATMENT TREATMENT
NFL FL NFL FL
1] 14
DISTURE NR 4 26
?II'YPE NR+I 28 52 14 0

Note: NFL: No forest litter
FLt Forest litter
NR: Watural rain
WNR+I: Natural rain plus irrigation

Q00—

TABLE19: Expected cell frequencies for specific hypotheses applied to
1&

Table
) $FITS
S01L TYPE . .
Undisturbed Soil Coal mine soil
TREATMENT TREATMENRT
NFL FL NFL FL
MOISTURE NR 17.25 17.25 17.25 1?-%2
TYPE NR+1 17.25 17.25 17.25 17.
DISArS+T+MS
S50IL TYPE .
Undisturbed Soil Coal mine goil
TREATMENT TREATMENT
NFL FL NFL FL
5.95
MOISTURE HNR 11.69 231.38 2.97
TYPE NR+I 24.98 49.95 6.35 12.71
(<) SFIT S+ T+M + S NS
50IL TYPE ] .
Undisturbed Soil Coal mine soil
TREATMENRT TREATMENT
NFL FL NFL FL
MOISTURE MR 3.18 31.88 0.8 13;;
TYPE NR+1 33.48 41.45 8.52 .

Note: NFL: No forest litter
FL: Forest litter
NR: Natural rain
NR+I: Natural rain plus irrigation
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18 issummarised in Figure 4. This presents a transcript of the analysis of Table 18 before
and after the addition of 0.5 to every cell. Notice, that after the modification, GLIM has no
difficulty in fitting the saturated model to the observed data. The effect on the scaled deviance
statistics is to reduce their values throughout (for example, 130.88 instead of 139.84 for 7
degrees of freedom for the grand mean effect model). Without the addition of the 0.5 to the

empty cells, GLIM cannot model the data adequately as the S(2).M(2) two-interactionis
aliased.

Table 20 is a second example of atable containing sampling zeros. This differs from Table
18 in that the relative position of the zero cells has resulted in amarginal total of zero being
produced for the first treatment category of soil type 2. This condition poses arather different
type of problem to that affecting Table 18, in that a full set of models cannot be fitted to the
table, and so requires some modification in analysis. Figure 5 presents atranscript of a GLIM
run attempting to fit models to Table 20 in the usua way. Expected cell frequencies for every
cell are calculated for the grand mean effect and main effects models, and for every model
containing two-way interactions except ST. The attempt to fit the ST interaction to the
log-linear model resultsin considerable instability to the scaled deviance and degrees of

freedom measures produced. Similar effects are produced when the three-way effect is
included in the model.

TABLE 20: A second multiway gl

SOIL TYPE
Undisturbed Soil Coal mine sofl
TREATMENT TREATMENT
NFL FL NFL FL
MOISTURE NR 4 26 1] 14
TYPE
NR+ 28 52 0 26

Hote: NFL: No forest litter
FL: Forest litter
NR: Natural rain
NR+I: Natural rain plus irrigation

If a contingency table has a marginal total of zero, all expected frequenciesfor cells
comprising that marginal must equal zero. As aresult, these cells do not contribute any
independent information to the table and so should be deleted from the calculation of the
degrees of freedom. Bishop et al (1975) and Fienberg (1980) show that the degrees of
freedom for atable containing zero marginals can be estimated from the following formula:

DF (TC- EC) - (TP- EP) ©)
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FIGURE 4: Analysis of Table 18 without and with the addition of 0.5.

run glim

SUNITS 8§
SDATA OB
SREAD

$
88

? 4 26 0 14 28 52 14 0

SFAC S 2

T 2 M 2%

SCALC M=%GL({2,4):S=%GL{2,2):1T=%CGL{2,1)$

SYVRR DB
$ERR P$

S

SLINK LOGS$

SFITS

scaled

SFIT +8+
scaled
SFIT +58
gcaled
$FIT +5
scaled
SFIT +M,
acaled
SFIT +5

scaled

deviance =
d.f. =

T+MS§

deviance
d.f.

TS

deviance
d.f.

[

M$

deviance
d.£.

TS

deviance
d.f.

it

.T.M§

deviance =
d.f. =

139.84 at cycle
7

53.574 (change
4 {change

49.364 (change
3 {change

44.316 (change =
2 {change

17.5831 {change
1 {change

non

0.00009 (change
] {change

{no convergence yet)

SRECYCLE 20%

4

-8

-5
-1

-2

.26} at cycle 5
3 )

4,21) at cycle S
1 )

.048) at cycle 4
}

6.73) at cycle 5

-1 )

17.58) at cycle 10
-1 )

SFIT +5.T.M$
scaled deviance = 3.9%9939263 {change = +3.99984837) at cycle 13
d.f. =1 (change = +1 }
{change in d.f.)
$D ERS$
astimata 8.9, parameter
1 1.386 0.5000 1
2 -0.6932 0.3273 8(2)
3 1.872 0.5371 Ti{2)
4 1.946 0.5345 M{2)
5 0.07411 0.465% §(2).T{2}
6 0.000 aliased S(2).M(2)
7 =-1.253 0.5860 T{2).M(2)
8 -17.03 570.5 S5(2).T(2).M(2}
ecale parameter taken as 1.000
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unit
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4

6

0

14
28
52
14

0

SCALC OBS=0BS+0.5%

-- change to data

SFITS

scaled deviance

d.f.

SFIT +5+T+M$

scaled deviance

d.f.

$FIT +S*TwMS$

scaled deviance

SD ERS

E
=
-

$STORS

ROTE: The * notation S¥T*M = S+T+M+({S.T)+(S.M)+{M.T)+({5.M.T)

fitted

4.000

26.000

2.000

14.0400
28.000
52,000
14.000

0.000

residual
0.000
0,000
-1.414
0.000
-0.0040
0.000
0.G00
-0.001

affects model

130.88 at cycle &

7

47.29% (change
{change

4

0.000 (change

~3 )

nr

dga.f. = 0 {change ~4 )
estimate B.€. parameter
1.504 0.4714 1

-2.197 1.491 8(2)
1.173 0.5098 T(2)
1.846 0.5073 M(2)

1.59¢4 1.526 §(2).T(2)

1,521 1.525% S{2y.M{2)

=1.162 0.5604 T(2).M(2)

-5.572 2.110 5(2).7(2)

cale parameter taken as 1.000

t observed fitted rasidual
1 5 4.5000 0.000
2 27 26.5000 0.000
3 1 0.5000 0.000
4 15 14.5000 0.000
5 28 28.5000 0.000
6 53 52.5000 0.000
7 15 14.5000 0.000
9 1 0.5000 0.000

38

-83.58) at cycle

-47.30) at cycle

4

%

FIGURE 5: Analysis of a table with a zero marginal total.

run glim

SUNITS B$
$DATA OBSS
SREAD

? 4 26 0 14 2B 52 O 26§
SFAC 8 2 T 2 M 25
SCALC 5=%GL{2,2):M=%GL(2,4):T=%GL{2,1}$

$YVAR 0BS$
SLINK LOGS
SERROR FS$
$FITS

scaled deviance
d.£f.

$D R$

U}

unit observed

[-- I N RV R PUN K

SFIT +5+T+M$

acaled deviance
d.f.

$D R$

4
28
0
14
28
52
o
26
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00 =~ on L o L B

SPIT +M.TS
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d.f.

4
26
0
14
28
52
0
26

142.00 at cycle 4
7
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18.
ig.
18.
18.
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18.
18,
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750
750
750
750
750
750
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residual

-3
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-4 .
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2.

7.
-4.

1

29.177 (change

4

L4086
674
330
097
136
679
330
674

I H

{change
fitted resgidual
6.884 -1.099
25.383 0.122
2.503 -1.582
$.230 1.570
16.583 2.804
61.150 -1.170
6.030 ~2.456
22,236 0.798

22.883 {change
{change

3
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20.

200
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1
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-2

1.

22.055 (change
{change

0
1
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2
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6
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.
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1.
~0.
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3
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SFIT +5.T.M§
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{change in d.f.

SRECYCLE 20%
SFIT +5.T7.M$

scaled devisnge =32.307197571 (change =+32.3071250%) at cycle

2

{ch

0.000 (change
{change =

1
)

(change in d.f.)

$STOPS

ange

{change

40

1
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1
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)

)
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}

)
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-22.03) at éycle 10

-32.31) at cycle 13

2
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where
TC isthe total number of cellsin the table,

EC isthe total number of empty cells,
TP isthe total number of parameters being included in the model,

EP isthe total number of parameters which cannot be included because of the empty mar-

inal.

I%or the model 1+S+T+M+S.T+S.M+T.M applied to Table 20 this amounts to reducing the
calculated degrees of freedom from 1to O. Thisisbecause TCis8,ECis2, TPis7 (1, S, T,
M, S.T,SM, T.M ) and EPis 1 (the S.T marginal contains one zero entry). Payne (1979)
provides a GLIM macro (a series of commands rather like a subroutine in FORTRAN, which
may be invoked from different pointsin the GLIM session without needing to be retyped)
for calculating degrees of freedom automatically for contingency tables. This macro, CDF,
may be used after the fitting of a specific model in GLIM using the SUSE command. If action
isrequired, that is, if the default calculation of DF provided by GLIM isincorrect, the macro
generates the correct values. Figure 6 illustrates the use of this macro on the datain Table
20. For further details of the use of this macro, see the original article by Payne.

A third approach which is sometimes adopted to handle sampling zeros isto use prior
information. Bishop et a (1975) and Wrigley (1985) suggest that the observed values of zero
(and the observed cell frequencies which are the product of a specific sampling) should be
replaced by apriori cell values based on previous experience or theory. The logic of thisis
that prior information ought to be incorporated into research wherever possible (see
Ehrenberg 1982 for details). However, this approach, aform of empirical or pseudo-Bayesian
analysis, is fraught with difficulty, not least of which being the calculation of the prior
observed cell frequenciesin the first place. For a discussion of the relative merits and
demerits of Bayesian approaches see Lindley (1965).

6.2 Structural incompleteness.

The second type of incompleteness which may be encountered in geographical contingency
tablesis termed structural incompleteness. This occurs whenever a contingency table
contains cells whose expected values are not allowed to change under different hypotheses.
Most frequently, structurally incomplete cells will contain zeros, and so be difficult to
distinguish from sampling incomplete tables. However, any non-zero expected value which
isrestricted under different hypotheses will behave like a structurally incomplete zero and
isusually treated accordingly.

The analysis of the structurally incomplete table depends on whether that table can be
modified in some way. Table 21aillustrates the basic idea. Thistable contains five
structurally incomplete cells. By modification (Table 21b), these cells can be gathered
together to reveal a subset of the original table which is complete. Analysis using standard
methods may now be applied to the complete subset
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FIGURE 6: Use of macro for calculating degrees of freedom.
run glim

$MACRO CDF
7 SCALC WTT=%GT(3FV,0.001)*WTs
? SCALC ST=3EQ($CU(WTT),%NU)$
? $EXIT RT$
? SPRINT ’#*t CORRECT DF FOLLOWS ***‘§
? $WEIGHT WIT $FIT .§
? SWEIGHT WT$
? SENDMACS
SUNITS 8§
$DATA OBSS$
SREAD
7 4 26 0 t4 28 52 0 268
SFAC S 2 T 2 M 2§
$CALC 5=%GL(2,2):T=%GL({2,1} M=3GL(2,4}$
$YVAR OBS§
SLINK LOGS
$ERR P§
SCALC WT=1§
SWEIGHT WT$
SFIT S+T+M+S.T+5,M+T.M§-

scaled deviance = (.0001 at cycle 10
d.f, =1
{no convexrgence yet)
SUSE CDF3

*%% CORRECT DF FOLLOWS *#*
-- model changed
scaled deviance 8.8450-13 at cycle 2

0 from 6 observations

-~ model changed

S$8TOPS

Unfortunately, this ability to separate a contingency table into subsets is not widespread,
and geographers should expect to meet tables which cannot always be handled in this way.
Table 22 presents an example in which the upper part of the table contains structural zero
cells, on the assumption that wards which contained urban or mainly-urban enumeration
districtsin 1971 would not have reverted to rural land usein 1981. In order to analyse this
using log-linear models, we need to redefine the concept of independence outlined earlier.
Instead of defining thiswith respect to al the cells of the table, it is now necessary to limit
the definition to only those cells which are not subject to arestriction. This leads to what
Goodman (1968) terms an hypothesis of quasi-independence. The models which may be
applied to Table 22 are similarly termed quasi-log-linear models. The procedures outlined
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TABLE 21: Structurally incomplete contingency tables

{a) The original table
Variable B
1 2 3
1 53 a 27
variable A 2 0 0 \]
3 45 4] 18
(s) Alter modification
Variable B
1 3
variable 1 53 27
A 3 45 18

TABLE 22: A triangular contingency table

Change in hypothetical ward classifications 1971-1981

1981
Urban Mixed Rural
Urban 235 1] 0
1971 Mixed 57 112 0
Rural 21 78 81

earlier for fitting and testing the effects of log-linear modelsin GLIM may be applied to
quasi-log-linear models too. However, some adjustment needs to be made to the calculation
of the degrees of freedom to reflect the structural restrictions relevant to the table. Instead
of using the standard formulae for degrees of freedom, or the modifications and macro
applying to sampling incomplete tables, it is necessary to apply the following:

DF=TC-RC-TP (10)

where
TC isthe total number of cellsin the table,

RC isthe total number of restricted cells,
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TABLE 23. An asyrmetric contingency table

ETHNIC GROUP

W. Indian  Asian  White Total FIGURE 7: Transcription of a logit analysis of Tahle 23
ACTIOR Yau 41 129 182 | 352 run glim
Total 92 182 257 | 53 SUNITS 3%

SDATA ACT TOTS

SREAD 41 %2 129 182 182 257§
SFAC ETH 3§

$CALC ETH=%GL(3,1)$

SLOOK ACT TOT ETHS

ACT TaT ETH
TPisthetotal number of parametersin the fitted model. 1 g;gg 13% . gg ;ggg
2 129, . .
: o 3 182,00 257.00  3.000

For the hypothesis of quasi-independence based on Table 22, the degrees of freedom are SYVAR ACTS
9-3-3 = 3. This differs from the number of degrees of freedom which are associated with the $ERR B TOT$
normal independence model for this table, namely, (1-1)(J1) = (3-1)(3-1) = 4. For further g’ég‘; Gs
details of approaches to incomplete or otherwise complex contingency tables, see Bishop et
al (1975) and Wrigley (1985). scaled devicair-uf:(? : 2%. 347 at cycle 3

S$FIT +ETHS
Mawmmqr | C tabl e scaled devigr-l?? : g 00Qo00 Egl}’;zﬁgz : —Eg .35 ; at cycle
. . . e . . . $D ERMS

The contingency tables considered so far consist of cross-classifications in which the cell cter
frequencies under some hypothesis are regarded as the response components in the model. 1+ 0300 T oom
However, it may be more suitable to regard one of the classifying variables as the response 2 1.108 0.2557 ETH{2)
instead, rather like the situation in regression and the analysis of variance. In this asymmetric 3 ale pai:‘arlngzer caon 297 eg )
problem the object of analysisisto see how the classification of the response is affected by ‘
the classification of the 'explanatory’ variables. Table 23 illustrates the basic idea. Thistable unit observed  out of  fiteee zesidua’
isamodification of Tablelain which the action variable has been reduced to asingle level 2 129 182 129.00 o.ong
corresponding to the Y ES response. For such a table there is a choice of methods of analysis 3 182 257 182.00 0.00

(Wrigley 1985, chapters 4 and 6). The first is to continue to use the log-linear model on the Current model:
unmodified table (that is Table |a), but incorporate termsin such away that the dependency

. L. . . L . . number of units is 3
relationship is emphasised. Alternatively it is possible to treat the contingency table asa

tabular version of the logit model. y-variate ACT
weight *
The latter approach is considered first. Unlike the situation in Table lain which the cell offset
entries are observed frequencies, the entriesin Table 23 are observed proportions. Thus for probability qistgibution is 2 (1) gomum
West Indians, 41 out of 92 people surveyed took action, whereas for Whites, 182 out of 257 W Do O B LaGTT
took action. It thus seems reasonable to ask whether the propensity of respondentsto take scale parameter is 1,000
action in the face of perceived crimeisrelated to their ethnic status. In order to do this the

- terms = 1 + ETH
structure of Table 23 must be recreated within GLIM, or some other program, and the $STOPS

relationships between the variables specified. The following differences should be noted
between the analysis of thistable using log-linear models (described in Figure 2) and its logit
reanalysis (described in Figure 7):
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(1) the SUNITS command is set to 3 (because there are three ethnic groups) instead of 6,
though six items of dataareto bereadin,

(2) two variables are defined in the SREAD command, one to contain the number of per-
sons taking action (ACT), the other to hold the number in each ethnic group (TOT),

(3) the number of persons taking action is defined as the response variable rather than the
observed cell frequencies,

(4) the $ERROR command is set to B to indicate that the cell proportions are assumed to
be drawn from independent binomial samples rather than Poisson samples,

(5) the TOT variableis used in the definition of the error to act as the denominator for each
level of ACT,

(6) the $LINK command is set to G rather than LOG, indicating to GLIM that alogit link
isto be used instead of the logarithmic link assumed in log-linear models. Apart from these
differences, the structure of the program is very similar to those presented earlier.

A transcription of the GLIM analysis of Table 23 is presented in Figure 7. Two models are
fitted to the table. The first is the grand mean effect model. This has a scaled deviance of
22.35 for 2 degrees of freedom, and is equivalent to a constant proportions model. In other
words, the proportion of respondents taking action is estimated to be the same as the observed
marginal proportion (352/531 = 0.663). The second model fits the effects of ethnic status.

This contains the grand mean effect and the main effect of ethnic status, and is the saturated
logit model for the table.

Thismodel is significant at the 0.05 significance level, indicating a considerable
improvement over the first model. The positive signs of the parameters indicate that Asian

and White households are more likely to take action than West Indian households, the anchor
cell for thisanalysis.

It is also possible to analyse the observed frequency datain Table lato pick out dependency
relationships between action and ethnic status. This facility is made possible by the fact that
many log-linear models require that certain cell marginals from the observed table are
preserved in order that expected cell frequencies under specific hypotheses might be
calculated. It isbut a small step from preserving observed marginalsin a general symmetric
log-linear model to requiring that these marginals be fixed by design. However, when fitting
log-linear models to contingency tables in which certain observed marginals are fixed, asin
Table 23 where TOT is defined explicitly asthe fixed total for each ethnic group, it is
necessary to ensure that parameters associated with them are included in every log-linear
model applied to the table. Thusfor Tablela, if ACT isassumed to be the response variable
(similar to aresponse variable in regression) and ETH is the explanatory variable, we must
automatically include the main effect of ETH in every log-linear model applied to the table.
The full set of asymmetric log-linear models and their associated scaled deviance values are:
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(1) 1+ETH 79.75

(2} 1+ETH+ACT 2235

(3; FETH-ACTHETH AT (.8

Maodel 3 s the saturated ass memetoc moiel for e @i Those staicd doviance values
may b compared with the vadues altained for the symaetric asalysis of tas ighle in Figure
2)

If the contingency table contained three dimensions (ACT, ETH, and a duration variable,

DUR), the full set of asymmetric log-linear models would be as follows (ACT is still assumed
to be the response variable):

(1) 1+ETH+DUR+ETH.DUR

2 Model 1+ ACT

(3 Model 1+ACT+ACT.DUR

(4  Model | + ACT+ACT.ETH

(5 Mode 1+ACT+ACT.DUR+ACT.ETH

(6) Model 1+ACT+ACT.DUR+ACT.ETH+ACT.ETF.DUR

Model 1 isthe basic model reproducing the dependency structure of the table. Model 2
includes the main effect of ACT, Models 3, 4 and 5 include two-way interactions between
the response and the two explanatory variables, and Model 6 includes the three-way response
between the variables. What is important to note about this sequence is that the termsin
Model 1 must always be present if the fixed marginals associated with ETH and DUR are
to be preserved.

8. The ordinal table.

In section 1 it was noted that contingency tables could contain mixtures of ordinal and
nominal variables, or be fully nominal or ordinal. The examples presented so far have limited
themselves to the analysis of the fully nominal table, principally because thisisthe form of
data most likely to be encountered and for which the statistical procedures are most fully
developed. However during the 1980s a number of procedures have been developed and
made available which allow the ordinal and partially-ordinal table to be modelled in
linear-in-parameters form. Sonic of these models are programmable in GLIM using macros.
As the coding needed to compute these is complex, corresponding to the increased
complexity of the topic, this section merely seeksto outline some of the models available.

Goodman (1979, 1981a,b) considers a series of models which are applicable to contingency
tables having ordered rows and/or columns. These are based on previous devel opments
suggested by Birch (1965), Haberman (1974a) and Simon (1974). McCullagh (1980) also
considers models suitable for ordinal designs. Reviews of these procedures may be found in
Agresti (1984).
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The proceduresoutlined earlier - log-linear and logit models - are not entirely appropriate
for the analysis of the ordinal design because the definition of multiway interactions used
by them assumesthat the ordering of levelsin rowsand columnsisarbitrary. In the ordinal
design therelative position of these levelsisimportant and so, therefore, a nominal model
applied to such a table automatically failsto incorporate information which may proveto be
meaningful in analysis. Agresti (1984) listsfour reasonsfor analysing the ordinal design
using measures of interaction which accommodate relative row (column) order. Theseare:

1. ordinal measures have greater power for detecting important alter nativesto null
hypotheses, such asindependence, than conventional measures,

2. ordinal data description is based on measuresthat are similar to those used to analyse
continuous data, thus allowing useful conceptual linksto be made between the analysis of
categorical and continuous data,

3. ordinal measures can allow for the specification of awider variety of modelsthan is pos-
sible using the log-linear and logit approaches,

4. ordinal measures may produce models which are more parsimonious than those
developed using nominal techniques.

Many different types of procedure exist, some of which assume the presence of an
underlying 'latent’ continuous variable (M cCullagh 1980) - equivalent in context to a
tolerance distribution in biology or a utility distribution in economics - along which the
observed categories may be positioned. The nature of thislatent variableis questionable and
McCullagh notesthat it is possible to develop models for ordinal data which do not in fact
make reference to the existence of such a variable. Indeed he notes:

if such a continuous underlying variable exists, interpretation of the model with reference
to this scale is direct and incisive. If no such continuum exists the parameters of the models
are still interpretable in terms of the categories recorded and not those which might have
obtained had the defining criteria been different

(McCullagh 1980 p110)

One approach which isfrequently used to accommodate or dinality isto incor por ate some
sort of 'score' in models, where the score representsthe relative position of any ordinal
category with respect to the other categories. These scores may arise from theory (for
example, scores developed in stimulus-response or choice-making experiments may reflect
abelief in atolerance or a utility distribution) or be essentially ad hoc. If the latter, their form
depends on a series of assumptions about how the ordinal structure should be handled. Breen
(1985) notesthat a variety of modelsfor the two-dimensional 1.1 ordinal table may be
described based on this concept. Theseinclude additive and multiplicative models, and
models in which scoresrelevant to either therowsor the columns only are added. The 'basic'
model in this sequence is one incor porating both row and column scores as multiplicative
effects, producing an equation which is consistent with the linear -by-linear interaction model
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suggested by Nelder and Wedderburn (1972), or the uniform association model suggested
by Goodman (1979).

In addition to these models, McCullagh (1980) has suggested another series of models
based on the concepts of 'proportional odds an ‘proportional hazards (the description of
these models lies outside the scope of this monograph ). Hutchison (1985) showsthat these
models may also be fitted in GLIM using specially-written macros. He also notes that GLIM
macros exist for the 'continuation odds' model suggested by Fienberg and Mason (1979),
and the 'partial likelihood survival' model (Cox 1975, Whitehead 1980, Allison 1982). A
computer package, PLUM, also exists which allows a variety of these models to be fitted to
data. For further details, see McCullagh (1979).

9. Conclusions and comments.

Contingency tables are an important source of categorical data. Traditionaly, this data type
has been considered of limited mathematical value because of its emphasis on enumeration
and ranking. Compared with the apparent sophistication of linear regression, techniques
traditionally thought suitable for the analysis of categorical data are distinctly cumbersome
and weak. The development of log-linear models overcomes this problem by allowing
tabular arrays of categorical data to be handled by parametric models which are as powerful
and sophisticated as those used in regression. Indeed, it can be shown that the popular
regression model isitself a special case of the general log-linear model which is suitable for
aspecific type of dataand analytical problem.

The advantages of log-linear models, and their equivalents for the ordinal design, over
traditional approaches are that they allow awider variety of hypotheses to be tested, they are
easier to estimate and test, and they may be fitted to data without major difficulty using
commercially available software. Most of these software packages contain facilities to fit
log-linear models to data, either as separate modules or procedures, asin BMDP, SPSS or
SAS, or as an integrated facility within awider class of linear models, asin GLIM. Regardless
of how they are treated however, the log-linear models approach provides a powerful
integrating framework for the treatment of categorical data met in contingency tables; a
framework that may be of particular relevance to the geographer whose work is heavily
influenced by categorical data.

In spite of this, the geographer must always remember that the development of powerful
tools allied to popular software in no way removes the fundamental difficulties of analysing
categorical data. These concern the low-level and frequently arbitrary nature of the
classifications. Few would argue that the division of humanity into male and female is
arbitrary, but for many types of social, environmental or areal classification, the divisions
are the result of a political or administrative process and are thus heavily influenced by the
sengitivity of the generators to their data. A simple example illustrates the basic point: in
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coding unemployment as a category, should one include people who are members of a
training scheme?

Themain problem in analysing categorical data hasthus changed with the development of
thelog-linear model from the purely technical issue of how to search for patternsamong the
observations, to a consideration of how those patternsvary with classification. This means
that analysts have to pay particular attention to the motivationsfor categorising data and the
purposes for which such classifications are later put. The features presented here provide a
springboard into thisarea of interest which bringstogether the important areas of numerical
analysisand qualitative research.
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