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ABSTRACT

This paper illustrates the use of the GENMOD pro-
cedure to analyze ordinal data. Models which take
into account the ordinal nature of one or both vari-
ables in a two-way table are discussed. The SAS
DATA step is used to obtain the right structure in
the data, and the code for several models fit with
PROC GENMOD is shown. An example illustrates
one way to extract information about the associa-
tion between two variables that would be missed
with ordinary contingency table analysis.

1 INTRODUCTION

Log-linear models are commonly used for data that
are expressed as frequencies. The most widely used
display of this type of data is the cross-tabulation
of the frequencies by row and column. The vari-
ables representing the rows and columns are dis-
crete values. When these discrete values contain
ordered categories, traditional log-linear (nominal}
and general linear models (e.g., ANOVA and regres-
sion) are often not optimal to analyze these data.
ANOVA and regression models require inappropri-
ate assumptions about these data, such as being
continuous and normally distributed. The tradi-
tional log-linear model is an appropriate type of
model, but it is not able to detect ordinal associa-
tion. The log-linear model for a two-way table only
tests the no-interaction model vs. the saturated
model. This is equivalent to the familiar Pearson
or likelihood-ratio tests of independence. However,
this test only indicates lack of independence, but
does not reveal the nature of the association. Work
developed by Goodman (1979) and illustrated in
Clogg & Shihadeh (1994) shows how ordinal infor-
mation may be incorporated into log-linear models.
These models may be used for data that have one
pominal and one ordinal variable, as well as when
both variables are ordinal. The SAS data step can
be used to easily create the variables for the appro-
priate design matrix representation of the model.
The GENMOD procedure is used to illustrate how
to fit these models.
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2 STATISTICAL MODELS

The saturated log-linear model is represented by

log Fij = A+ Af + 25 + Af°

7 2

which fits the data perfectly and has no degrees of
freedorn. The A\? variables represent the marginal
distribution of the rows, the A¢ fit the column
margipal distribution, and the AflC are the associ-
ation parameters. The independence model simply
removes the association parameters:

log Fij = A+ )\.‘R + A_.,-c.

Thus, the expected values are obtained from the
marginal distributions. The degrees of freedom in
this case are (I-1)(J3-1).

‘When there are ordinal variables, they must be
scored quantitatively. Common methods of scoring
are to use integers (i.e., Low, Medium and High
become 1, 2 & 3), category midpoints or category
midranks. Once the data have been scored, a log-
linear model known as the Linear X Linear Inter-
action model can be fit to the data:

log Fijj = A+ XF + }\f + x5,

where the z; and y; are the row and column scores,
respectively. The marginals are fit as before, but
the association between the row and column vari-
ables is represented by one parameter, ¢. This
model is tested as before, but now has one less de-
gree of freedom. The case where integer scoring is
used for both variables is known as the Uniform
Association model. This is because all local odds
ratios will be equal to one value, §. In the case
when independence holds, all local odds ratios will
be equal tc one.

When there are one nominal and one ordinal
variable, a row (column) effects model can be fit.
The row (column) is treated as norninal, and the
column (row) is treated as a scored ordinal variable.
Here we must it an association parameter for each
row (column). The Row Effects model is

i-1
log F;j = A+ M+ AF + b Drys-

ga=1



Here the Dpgy;) represent design matrix coding of
the row (column) variable, such as effect or durnmy
coding. In the case of dummy coding, the Dg(;y =1
when R = i and zero otherwise. The degrees of free-
dom are (I-1)(J-2) for this model. The Row Effects
model is invariant to the orderings of the rows, but
the choice of scores for the columns will effect the
results. An additional advantage of this model is
that the ¢r(;) parameters may be used as a guide
to scoring the row variable when the column scores
are chosen properly. For example, if the scores fol-
low an ordering that is somewhat evenly spaced,
integer scoring may be appropriate. Additionally,
two categories with approximately the same scores
might be combined into one category. The same
model can be constructed for column effects using
$otyPotiyzi instead of the Sri5) Drys-

This approach may also be extended to the case
when both variables are nominal, or to verify a cho-
sen scoring scheme for the two variables. The Row
and Column (R+C) effects model is

log Fij =A+ )Jlfl"!' )\f -+ 2{;11 ¢R(,~)DR(,-)yj
+X 50 Py Deg)zi.

The degrees of freedom for this model are (I-2)(J-2).
The scores estimated are dependent on the scoring
chosen for the model because they appear in both
sets of association terms. Thus the fit of this model
is not invariant to the category orderings, unlike the
row and column effects models. If your main pur-
pose is to score both the row and column variables,
then a log-multiplicative model (RC model) that es-
timates these scores should be fit to the data. Cur-
rently, SAS (or any of the major statistical packages
that I'm aware of) does not have a procedure to fit
these models directly. However, when the column
scores are appropriately chosen, the estimated row
scores will be very similar to those of the RC model
(they will be the same, up to a linear transforma-
tion, if the column scores from the RC model are
used for the row effects model).

3 SAS DATA STEP

The data need to be explicitly coded in both quan-
titative and qualitative terms to correctly compute
all of the possible assaciation terms. Fach variable
will be given a score (z; or y;) and a correspond-
ing set of dummy (or effect} coded variables. The
dummy variables are used to compute the A pa-
rameters for the main effects (marginals), and the
scores are used to get the association terms used
when estimating the ¢ parameters, An example

265

Statistics

with an 11 X 6 table of Occupation by Years-of-
Schooling is used to illustrate the models in SAS.
These data are from the 1988 General Social Sur-
vey and are discussed in Clogg & Shihadeh (1994).
The data table is shown at the bottom of the SAS
DATA step. The rows represent the eleven occupa-
tions, listed in Fable 2 below. The columns are the
six categories of Years-of-Schooling: 0-7, 811, 12
(high school graduate) 13-15, 16 (college graduate)
and 17+.

DATA GSS88;
DD GCCUP = 1 -TO 11;
DO EDUC = 1 TD 6;
INPUT COUNT @e@;
LLASSOC=0CCUP*EDUC;
ARRAY OCCARE([*] DCCUP1-0CCUP10;
ARRAY RASSOCI*] RASSDC1-RASSOC10:
D0 I= 1 TD 10;
IF QOCCUP = I THEN DCCARRII] = 1;
ELSE OCCARR[I] = O;
RASSDCII] = OCCARR[II+EDUC;
END;
ARRAY EDARR([*] EDUCI-EDUCS;
ARRAY CASSOC[*] CASSOC1-CASSODCS;
DO J=1 To 5;
IF EDUC = J THEN EDARR[J] = 1;
ELSE EDARR[J] = O;
CASSOC[J] = EDARR[J}=0CCUP;
END;
OUTPUT ;
END;
END;
DROP I J;
CARDS;
2 17 27 34 48
1 13 16 36 27
21 55 67 36 19
23 101 80
36 43 27
3 1311
31 13
27 15
4 4
61 39
8 13

* INTEGER SCORING;
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The WORK.GSS88 data set has ome line for
each cell in the table (66), and 34 variables. The
OCCUP and EDUC variables are the integer scores,
while the LLASSOC (Linear X Linear Associa-
tion) variable is their product. The OQCCUP1, OC-
CUP2,..., OCCUP10 variables are the ten dummy
codes for the eleven occupations, and the EDUCH,
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EDUC, ..., EDUCS5 represent the dummy codes
for the six education levels. RASSOC1, RASSOC2,
..., RASSOC10 are the ten Row Associaton vari-
ables computed as the product of the dummy codes
for Occupation {row) and the scores for Years-of-
Schooling (column). The column association vari-
ables CASSOC1, CASSOC2, ..., CASSOCS5 are
computed similarly. Thus the RASSOC: variables
correspond to the Dg(;y;, and the CASSOC; cor-
respond to the D) zi.

4 PROC GENMOD

The PROC GENMOD code is presented in the or-
der that the models are discussed above. Class
statements are used to save some typing on the
model statement because they cause the program
to automatically dummy code the variables.

TITLE ’INDEPENDENCE MODEL?;

PROC GENMQOD;

CLASS OCCUP EDUC;

MODEL COUNT = OCCUP EDUC
/DIST=POI LINK=LOG TYPE3;

TITLE °UNIFORM ASSOCIATION MODEL’;

PROC GENMOD;

CLASS 0OCCUP EDUC;

MODEL COUNT = QCCUP EDUC LLASSOC
/DIST=P0I LINK=LOG TYPE3;

RUN;

TITLE °ROW ASSQCIATION MODEL’;
PROC GENMOD;

CLASS OCCUP EDUC;

MODEL COUNT =

OCCUP EDUC RASSGC1-RASS0C10
/DIST=P0I LINK=LOG TYPE3;
RUN;

TITLE °’COLUMN ASSOCIATION MODEL’;
PROC GENMOD;

CLASS QCCUP EDUC;

MODEL COUNT =

OCCUP EDUC CASS0C1-CASSOCH
/DIST=P0I LINK=LOG TYPE3;

RUN;

TITLE 'ROW+COLUMN ASSOCIATION MODEL’;
PRDC GENMOD;

CcLASS EDUC OCCUP;

MODEL COUNT =

0CCUP EDUC RASSOC1-RASSOC10
CASS0C1-CASSOCS
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/DIST=POI LINK=LOG TYPE3;
RUN;

5 RESULTS

The resuits show that there is a snbstantial reduc-
tion in the likelihood-ratio statistic when the Uni-
form Association model is compared to the Inde-
pendence model. Similarly, the Row Effects model
is a significant improvement over the Uniform Asso-
ciation model. The improvements for the Column
Effects and Row+Column Effects models are not
very large.

Table 1
Model df LR
Independence 50 455.06
Uniform Association 49 240.60
Row Effects 40 6249
Column Effects 45 215.14
Row+-Column 36 5424

If we accept the Row Effects model, the one-
degree-of freedom parameter estimates (i.e., the
¢r(:)) show how the occupations may be ordered
to correspond to education. Table 2 shows that the
two professional occupations may be combined into
one score, and similarly for the Operatives, Farm-
ers and Service occupations. The respondents in
the missing category should be placed in the mid-
dle of the occupations. The vector of parameter

‘ estimates is sometimes normalized to have 2 mean

of zero and a length of one when presented.

Table 2

Occupation Variable Score Std Err
Professional-1 RASSOC1 1.27 0.17
Professional-I1 RASSOC2 1.23 0.18
Managers RASSOC3 0.44 0.15
Clerical RASSOC4 0.13 0.15
Craftsmen-1 RASSOCs  -0.27 0.17
Craftsmen-IT RASSOC6 0.22 0.21
Operatives (NT) RASSOC7  -0.66 0.18
Operatives RASSOC8  -0.24 0.18
Farmers RASSQOC9  -0.20 0.30
Service RASSOC10 -0.16 0.18
Missing (Fixed) 0.00




6 CONCLUSION

The association models shown here are “in-
between” the independence and saturated log-linear
models. However, they may capture associations in
the data that would not be found in an ordinary
log-linear model. The flexibility of the SAS DATA
step and the ease of PROC GENMOD make fitting
these models very straightforward. These features
also allow for adding a third “layer” or grouping
variable. For instance, the gender of the respon-
dent may be added to the table above, or similar
tables may be constructed over timme. When group-
ing variables are used, the association parameters
in the two-way tables may be constrained to be the
same or allowed to vary across groups. The ordi-
nal structure of layer variables can be exploited by
modeling a linear or other trend of association over
time,
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