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430 12. Polytomous Logistic Regression

Introduction

Abbreviated
Outline

In this chapter, the standard logistic model is extended to
handle outcome variables that have more than two cate-
gories. Polytomous logistic regression is used when the
categories of the outcome variable are nominal, that is,
they do not have any natural order. When the categories
of the outcome variable do have a natural order, ordinal
logistic regression may also be appropriate.

The focus of this chapter is on polytomous logistic regres-
sion. The mathematical form of the polytomous model and
its interpretation are developed. The formulas for the odds
ratio and confidence intervals are derived, and techniques
for testing hypotheses and assessing the statistical signifi-
cance of independent variables are shown.

The outline below gives the user a preview of the material
to be covered by the presentation. A detailed outline for
review purposes follows the presentation.

I. Overview (pages 432-433)

II. Polytomous logistic regression: An example with
three categories (pages 434-437)

III. Odds ratio with three categories (pages
437-441)

IV. Statistical inference with three categories
(pages 441-444)

V. Extending the polytomous model to G outcomes
and k predictors (pages 444-449)

VI. Likelihood function for polytomous model
(pages 450-452)

VII. Polytomous vs. multiple standard logistic
regressions (page 453)

VIII. Summary (page 453)
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Upon completing this chapter, the learner should be able to:

1.

State or recognize the difference between nominal and
ordinal variables.

State or recognize when the use of polytomous logistic
regression may be appropriate.

State or recognize the polytomous regression model.

Given a printout of the results of a polytomous logistic
regression:

a. State the formula and compute the odds ratio

b. State the formula and compute a confidence
interval for the odds ratio

c. Test hypotheses about the model parameters using
the likelihood ratio test or the Wald test, stating the
null hypothesis and the distribution of the test
statistic with the corresponding degrees of freedom
under the null hypothesis

Recognize how running a polytomous logistic

regression differs from running multiple standard

logistic regressions.
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Presentation

I. Overview

Modeling
outcomes with

more than two
levels

Examples of multilevel outcomes:

1. Absent, mild, moderate, severe
In situ, locally invasive,
metastatic

3. Choice of treatment regimen

One approach: dichotomize outcome

Change
Lo v [ 2 |
to
Lo v | 2 |
EXAMPLE
Change
|N0ne| Mild | Moderate | Severe |
to
None or Moderate or

mild severe

This presentation and the presentation that
follows describe approaches for extending the
standard logistic regression model to accom-
modate a disease, or outcome, variable that has
more than two categories. Up to this point, our
focus has been on models that involve a dicho-
tomous outcome variable, such as disease pres-
ent/absent. However, there may be situations in
which the investigator has collected data on
multiple levels of a single outcome. We describe
the form and key characteristics of one model
for such multilevel outcome variables: the poly-
tomous logistic regression model.

Examples of outcome variables with more than
two levels might include (1) disease symptoms
that have been classified by subjects as being
absent, mild, moderate, or severe, (2) invasive-
ness of a tumor classified as in situ, locally
invasive, or metastatic, or (3) patients’ preferred
treatment regimen, selected from among three
or more options.

One possible approach to the analysis of data
with a polytomous outcome would be to
choose an appropriate cut-point, dichotomize
the multilevel outcome variable, and then sim-
ply utilize the logistic modeling techniques dis-
cussed in previous chapters.

For example, if the outcome symptom severity
has four categories of severity, one might com-
pare subjects with none or only mild symptoms to
those with either moderate or severe symptoms.



Disadvantage of dichotomizing:
Loss of detail (e.g., mild vs. none?
moderate vs. mild?)

Alternate approach: Use model for
a polytomous outcome

Nominal or ordinal outcome?

Nominal: Different categories; no
ordering

EXAMPLE

Endometrial cancer subtypes:

e Adenosquamous
e Adenocarcinoma
e Other

Ordinal: Levels have natural

ordering

EXAMPLE

Tumor grade:

o Well differentiated
e Moderately differentiated
e Poorly differentiated

Nominal outcome = Polytomous
model

Ordinal
outcome = Ordinal model or poly-
tomous model
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The disadvantage of dichotomizing a polyto-
mous outcome is loss of detail in describing
the outcome of interest. For example, in the
scenario given above, we can no longer com-
pare mild vs. none or moderate vs. mild. This
loss of detail may, in turn, affect the conclu-
sions made about the exposure-disease
relationship.

The detail of the original data coding can be
retained through the use of models developed
specifically for polytomous outcomes. The spe-
cific form that the model takes depends, in
part, on whether the multilevel outcome vari-
able is measured on a nominal or an ordinal
scale.

Nominal variables simply indicate different
categories. An example is histological subtypes
of cancer. For endometrial cancer, three possi-
ble subtypes are adenosquamous, adenocarci-
noma, and other.

Ordinal variables have a natural ordering
among the levels. An example is cancer tumor
grade, ranging from well differentiated to mod-
erately differentiated to poorly differentiated
tumors.

An outcome variable that has three or more
nominal categories can be modeled using poly-
tomous logistic regression. An outcome vari-
able with three or more ordered categories
can also be modeled using polytomous regres-
sion, but can also be modeled with ordinal
logistic regression, provided that certain
assumptions are met. Ordinal logistic regres-
sion is discussed in detail in Chap. 13.



434 12.

Polytomous Logistic Regression

Il. Polytomous Logistic
Regression: An
Example with Three
Categories

?
EC_>D

EXAMPLE

Simplest case of polytomous model:

e Outcome with three categories
e One dichotomous exposure
variable

Data source:
Black/White Cancer Survival Study

E:AGEGP{O if 50-64
1 if65-79
0 if Adenocarcinoma
D=SUBTYPE({ 1 if Adenosquamous
2 if Other

SUBTYPE (0, 1, 2) uses arbitrary
coding.

AGEGP
50-64 65-79
E=0 E=1
Adenocarcinoma 77 109
D=0
Adenosquamous 11 34
D=1
Other 18 39
D=2

When modeling a multilevel outcome variable,
the epidemiological question remains the
same: What is the relationship of one or more
exposure or study variables (E) to a disease or
illness outcome (D)?

In this section, we present an example of a
polytomous logistic regression model with
one dichotomous exposure variable and an
outcome (D) that has three categories. This is
the simplest case of a polytomous model. Later
in the presentation, we discuss extending the
polytomous model to more than one predictor
variable and then to outcomes with more than
three categories.

The example uses data from the National Can-
cer Institute’s Black/White Cancer Survival
Study (Hill et al., 1995). Suppose we are inter-
ested in assessing the effect of age group on
histological subtype among women with pri-
mary endometrial cancer. AGEGP, the expo-
sure variable, is coded as 0 for aged 50-64 or
1 for aged 65-79. The disease variable, histo-
logical subtype, is coded 0 for adenocarci-
noma, 1 for adenosquamous, and 2 for other.

There is no inherent order in the outcome vari-
able. The 0, 1, and 2 coding of the disease
categories is arbitrary.

The 3 x 2 table of the data is presented on the
left.
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Outcome categories:
A BCD

Reference (arbitrary choice)

Then compare:

Avs.C,Bvs.C,and Dvs. C

EXAMPLE (continued)

Reference group = Adenocarcinoma

Two comparisons:

1. Adenosquamous (D = 1)

vs. Adenocarcinoma (D = 0)
2. Other (D = 2)

vs. Adenocarcinoma (D = 0)

Using data from table:
77 x 34

OR| vs.0 = 1o 11— 2.18
— 77 x 39
ORZV&O = m— 1.53

Dichotomous vs. polytomous
model: Odds vs. “odds-like”
expressions

logit P(X) = ln[

With polytomous logistic regression, one of the
categories of the outcome variable is desig-
nated as the reference category and each of
the other levels is compared with this refer-
ence. The choice of reference category can be
arbitrary and is at the discretion of the
researcher. See example at left. Changing the
reference category does not change the form of
the model, but it does change the interpreta-
tion of the parameter estimates in the model.

In our three-outcome example, the Adenocar-
cinoma group has been designated as the ref-
erence category. We are therefore interested in
modeling two main comparisons. We want to
compare subjects with an Adenosquamous out-
come (category 1) to those subjects with an
Adenocarcinoma outcome (category 0) and we
also want to compare subjects with an Other
outcome (category 2) to those subjects with an
Adenocarcinoma outcome (category 0).

If we consider these two comparisons sepa-
rately, the crude odds ratios can be calculated
using data from the preceding table. The crude
odds ratio comparing Adenosquamous (cate-
gory 1) to Adenocarcinoma (category 0) is the
product of 77 and 34 divided by the product of
109 and 11, which equals 2.18. Similarly, the
crude odds ratio comparing Other (category 2)
to Adenocarcinoma (category 0) is the product
of 77 and 39 divided by the product of 109 and
18, which equals 1.53.

Recall that for a dichotomous outcome vari-
able coded as 0 or 1, the logit form of the
logistic model, logit P(X), is defined as the nat-
ural log of the odds for developing a disease for
a person with a set of independent variables
specified by X. This logit form can be written
as the linear function shown on the left.
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Odds of disease: a ratio of
probabilities

Dichotomous outcome:

_ P(D=1) PD=1)
odds =15 =1 " PD=0)

Polytomous outcome
(three categories):

Use “odds-like” expressions for two
comparisons

T

P(D=1) 5 P(D=2)
P(D=0) P(D=0)

)

The logit form of model uses In of
“odds-like” expressions

Therefore:
POD=1) .P(D=2)
po=0) ™ pp=0)

“odds-like” but not true odds
(unless analysis restricted to two
categories)

The odds for developing disease can be viewed
as a ratio of probabilities. For a dichotomous
outcome variable coded 0 and 1, the odds of
disease equal the probability that disease
equals 1 divided by 1 minus the probability
that disease equals 1, or the probability that
disease equals 1 divided by the probability
that disease equals 0.

For polytomous logistic regression with a
three-level variable coded 0, 1, and 2, there
are two analogous expressions, one for each
of the two comparisons we are making. These
expressions are also in the form of a ratio of
probabilities.

In polytomous logistic regression with three
levels, we therefore define our model using
two expressions for the natural log of these
“odds-like” quantities. The first is the natural
log of the probability that the outcome is in
category 1 divided by the probability that the
outcome is in category 0; the second is the
natural log of the probability that the outcome
is in category 2 divided by the probability that
the outcome is in category 0.

When there are three categories of the out-
come, the sum of the probabilities for the
three outcome categories must be equal to 1,
the total probability. Because each comparison
considers only two probabilities, the probabil-
ities in the ratio do not sum to 1. Thus, the two
“odds-like” expressions are not true odds.
However, if we restrict our interest to just the
two categories being considered in a given
ratio, we may still conceptualize the expression
as an odds. In other words, each expression is
an odds only if we condition on the outcome
being in one of the two categories of interest.
For ease of the subsequent discussion, we will
use the term “odds” rather than “odds-like” for
these expressions.
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Model for three categories, one
predictor (X; = AGEGP):

POD=1|X))] _
1 [4P(D:0|X1)} = o + 1 X1
P(D=2|X,)] _
ln[ip(D:le)} =0y + By X1

1

oy B
T 1vs.0 /
062\ 2vs. 0 /ﬁZI

437

Because our example has three outcome cate-
gories and one predictor (i.e., AGEGP), our
polytomous model requires two regression
expressions. One expression gives the log of
the probability that the outcome is in category
1 divided by the probability that the outcome is
in category 0, which equals o plus f;; times X;.

We are also simultaneously modeling the log of
the probability that the outcome is in category
2 divided by the probability that the outcome is
in category 0, which equals «, plus fi,; times X.

Both the alpha and beta terms have a subscript
to indicate which comparison is being made
(i.e., category 1 vs. 0 or category 2 vs. 0).

Ill. Odds Ratio with Three
Categories

TR }
/}11 BZI

Estimates obtained
asin SLR

Special case for one predictor
where X; = lorX; =0

Once a polytomous logistic regression model
has been fit and the parameters (intercepts
and beta coefficients) have been estimated,
we can then calculate estimates of the disease—
exposure association in a similar manner to the
methods used in standard logistic regression
(SLR).

Consider the special case in which the only
independent variable is the exposure variable
and the exposure is coded 0 and 1. To assess
the effect of the exposure on the outcome, we
compare X; = 1 toX; = 0.
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Two odds ratios:

OR; (category 1 vs. category 0)
(Adenosquamous vs.
Adenocarcinoma)

OR, (category 2 vs. category 0)
(Other vs. Adenocarcinoma)

oR, _ PO=1|X=1)/P(D=0|X=1)
" P(D=1]|X=0)/P(D=0|X=0)]
o, _ [P(D=2|X=1)/P(D=0|X=1)
> T [P(D=2|X=0)/P(D=0|X=0)]

Adenosquamous vs. Adenocarci-
noma:

_ M:eﬁ”

ORI = explar 1 By (0)]

Other vs. Adenocarcinoma:

el pa(t)]
OR, = explo + f5,(0)] ©

OR;= ebi OR, = eboi

They are different!

We need to calculate two odds ratios, one that
compares category 1 (Adenosquamous) to
category 0 (Adenocarcinoma) and one that
compares category 2 (Other) to category 0O
(Adenocarcinoma).

Recall that we are actually calculating a ratio of
two “odds-like” expressions. However, we con-
tinue the conventional use of the term odds
ratio for our discussion.

Each odds ratio is calculated in a manner sim-
ilar to that used in standard logistic regression.
The two OR formulas are shown on the left.

Using our previously defined probabilities of
the log odds, we substitute the two values of
X, for the exposure (i.e., 0 and 1) into those
expressions. After dividing, we see that the
odds ratio for the first comparison (Adenos-
quamous vs. Adenocarcinoma) is e to the ;.

The odds ratio for the second comparison
(Other vs. Adenocarcinoma) is e to the f3,;.

We obtain two different odds ratio expressions,
one utilizing f;; and the other utilizing f,;.
Thus, quantifying the association between the
exposure and outcome depends on which
levels of the outcome are being compared.
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General case for one predictor

OR, = exp {ﬂgl (x; —Xf)}, where

g=12

Computer output for polytomous

model:

Is output listed in ascending or

descending order?

EXAMPLE
SAS

Reference category: D

=0

Parameters for D = 2 comparison
precede D = 1 comparison.

Variable Estimate symbol

Intercept 1
Intercept 2
Xy
X1

EXAMPLE

Variable Estimate S.E. Symbol
Intercept 1 —1.4534 0.2618 o
Intercept 2 —1.9459 0.3223 oy
AGEGP 0.4256 0.3215  f,,
AGEGP 0.7809 0.3775

11

The special case of a dichotomous predictor
can be generalized to include categorical or
continuous predictors. To compare any two
levels (X; = X," vs. X; = X)) of a predictor, the
odds ratio formula is e to the f, times
(X;" — X7), where g defines the category of the
disease variable (1 or 2) being compared with
the reference category (0).

The output generated by a computer package
for polytomous logistic regression includes
alphas and betas for the log odds terms being
modeled. Packages vary in the presentation of
output, and the coding of the variables must be
considered to correctly read and interpret the
computer output for a given package. For
example, in SAS, if D = 0 is designated as the
reference category, the output is listed in des-
cending order (see Appendix). This means that
the listing of parameters pertaining to the
comparison with category D = 2 precedes the
listing of parameters pertaining to the com-
parison with category D = 1, as shown on the

left.

The results for the polytomous model examin-
ing histological subtype and age are presented
on the left. The results were obtained from
running PROC LOGISTIC in SAS. See the
Computer Appendix for computer coding.

There are two sets of parameter estimates. The
output is listed in descending order, with
o, labeled as Intercept 1 and «; labeled as inter-
cept 2. If D = 2 had been designated as the
reference category, the output would have
been in ascending order.
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EXAMPLE (continued)

Other vs. Adenocarcinoma:

(D=2]X)

l? =—1.4534
P(D=0[X,)

+(0.4256)AGEGP

OR, = exp|B,] = exp(0.4256) = 1.53

Adenosquamous vs. Adenocarcinoma:

P(D =1]X))

= = — 1.9459
P(D =0[X,)

+ (0.7809)AGEGP
OR, = exp|B,;] =exp(0.7809) = 2.18

Special case

One dichotomous exposure =
polytomous model ORs = crude ORs

Interpretation of ORs

For older vs. younger subjects:

e Other tumor category more
likely than .
Adenocarcinoma (OR; = 1.53)

e Adenosquamous even more
likely than ,\
Adenocarcinoma (OR; = 2.18)

Polytomous Logistic Regression

The equation for the estimated log odds of
Other (category 2) vs. Adenocarcinoma (cate-
gory 0) is negative 1.4534 plus 0.4256 times age
group.

Exponentiating the beta estimate for age in this
model yields an estimated odds ratio of 1.53.

The equation for the estimated log odds of
Adenosquamous (category 1) vs. Adenocarci-
noma (category 0) is negative 1.9459 plus
0.7809 times age group.

Exponentiating the beta estimate for AGEGP
in this model yields an estimated odds ratio
of 2.18.

The odds ratios from the polytomous model
(i.e., 1.53 and 2.18) are the same as those we
obtained earlier when calculating the crude
odds ratios from the data table before model-
ing. In the special case, where there is one
dichotomous exposure variable, the crude esti-
mate of the odds ratio will match the estimate
of the odds ratio obtained from a polytomous
model (or from a standard logistic regression
model).

We can interpret the odds ratios by saying that,
for women diagnosed with primary endome-
trial cancer, older subjects (aged 65-79) relative
to younger subjects (aged 50-64) were more
likely to have their tumors categorized as Other
than as Adenocarcinoma (OR, = 1.53) and were
even more likely to have their tumors classified
as_Adenosquamous than as Adenocarcinoma
(OR, = 2.18).



Interpretation of alphas

Log odds where all Xs set to 0.

Not informative if sampling
done by outcome (i.e., “disease”)

status.
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What is the interpretation of the alpha coeffi-
cients? They represent the log of the odds
where all independent variables are set to
zero (i.e., X; = 0 for i = 1 to k). The intercepts
are not informative, however, if sampling is
done by outcome (i.e., disease status). For
example, suppose the subjects in the endome-
trial cancer example had been selected based
on tumor type, with age group (i.e., exposure
status) determined after selection. This would
be analogous to a case-control study design.
Although the intercepts are not informative in
this setting, the odds ratio is still a valid mea-
sure with this sampling method.

IV. Statistical Inference
with Three Categories

Two types of inferences:

1. Hypothesis testing about

parameters

2. Interval estimation around

parameters

Procedures for polytomous out-
comes or generalizations of SLR

95% CI for OR (one predictor)
exp{Bgl (X7 = X)) £ 1.96(X;" = X})s;, }

EXAMPLE

Estimated standard errors:

(X; = AGEGP)

sj, = 0.3215,

s = 0.3775

In polytomous logistic regression, as with stan-
dard logistic regression (i.e., a dichotomous
outcome), two types of statistical inferences
are often of interest: (1) testing hypotheses
and (2) deriving interval estimates around
parameters. Procedures for both of these are
straightforward generalizations of those that
apply to logistic regression modeling with a
dichotomous outcome variable (i.e., SLR).

The confidence interval estimation is analo-
gous to the standard logistic regression situa-
tion. For one predictor variable, with any levels
(X;" and X)) of that variable, the large-sample
formula for a 95% confidence interval is of the
general form shown at left.

Continuing with the endometrial cancer exam-
ple, the estimated standard errors for the
parameter estimates for AGEGP are 0.3215
for B, and 0.3775 for f,;.
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EXAMPLE (continued)

95% CI for OR,
— exp|0.4256 + 1.96(0.3215)]
= (0.82, 2.87)

95% CI for OR;
= exp[0.7809 + 1.96(0.3775)]
= (1.04, 4.58)

Likelihood ratio test

Assess significance of X

2 fBs tested at the same time

4

2 degrees of freedom

EXAMPLE

3 levels of D and 1 predictor

4

2 as and 2 fs
Full model:

PD=g|X)] _
1 [P(D =ofxy) = % Pat

g=12

Reduced model:

PO=g)] _ _
lnl:m] = Ug, g—1,2

Ho: By =B =0

Likelihood ratio test statistic:

- 2lnLreduced - (_21nLﬁ1]l) ~ XZ

with df = number of parameters set
to zero under H,

The 95% confidence interval for OR, is calcu-
lated as 0.82 to 2.87, as shown on the left. The
95% confidence interval for OR; is calculated
as 1.04 to 4.58.

As with a standard logistic regression, we can
use a likelihood ratio test to assess the signifi-
cance of the independent variable in our
model. We must keep in mind, however, that
rather than testing one beta coefficient for an
independent variable, we are now testing two
at the same time. There is a coefficient for each
comparison being made (i.e., D =2vs. D=0
and D = 1 vs. D = 0). This affects the number
of parameters tested and, therefore, the
degrees of freedom associated with the test.

In our example, we have a three-level outcome
variable and a single predictor variable, the
exposure. As the model indicates, we have two
intercepts and two beta coefficients.

If we are interested in testing for the signifi-
cance of the beta coefficient corresponding to
the exposure, we begin by fitting a full model
(with the exposure variable in it) and then com-
paring that to a reduced model containing only
the intercepts.

The null hypothesis is that the beta coefficients
corresponding to the exposure variable are
both equal to zero.

The likelihood ratio test is calculated as nega-
tive two times the log likelihood (In L) from the
reduced model minus negative two times the
log likelihood from the full model. The result-
ing statistic is distributed approximately chi-
square, with degrees of freedom (df) equal to
the number of parameters set equal to zero
under the null hypothesis.
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EXAMPLE

—2InL
Reduced: 514.4
Full: 508.9

Difference = 5.5
df =2
P-value = 0.06

Wald test

p for single outcome level tested

For two levels:
H(): ﬁll = 0 H(): le = 0
ﬁgl

Z=—

~ N(0,1)
5B

EXAMPLE

Hy: f11 = 0 (category 1 vs. 0)
07809

=———=207, P=0.04
0.3775 ’
Hy: B21 = 0 (category 2 vs. 0)
0.4256
= 03215 1.32, P =0.19

In the endometrial cancer example, negative
two times the log likelihood for the reduced
model is 514.4, and for the full model is 508.9.
The difference is 5.5. The chi-square P-value
for this test statistic, with two degrees of
freedom, is 0.06. The two degrees of freedom
are for the two beta coefficients being tested,
one for each comparison. We conclude that
AGEGTP is statistically significant at the 0.10
level but not at the 0.05 level.

Whereas the likelihood ratio test allows for the
assessment of the effect of an independent var-
iable across all levels of the outcome simulta-
neously, it is possible that one might be
interested in evaluating the effect of the inde-
pendent variable at a single outcome level.
A Wald test can be performed in this situation.

The null hypothesis, for each level of interest, is
that the beta coefficient is equal to zero. The
Wald test statistics are computed as described
earlier, by dividing the estimated coefficient by
its standard error. This test statistic has an
approximate normal distribution.

Continuing with our example, the null hypoth-
esis for the Adenosquamous vs. Adenocarci-
noma comparison (i.e., category 1 vs. 0) is
that 8;; equals zero. The Wald statistic for 81,
is equal to 2.07, with a P-value of 0.04. The null
hypothesis for the Other vs. Adenocarcinoma
comparison (i.e., category 2 vs. 0) is that fi»;
equals zero. The Wald statistic for 5, is equal
to 1.32, with a P-value of 0.19.
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Conclusion: Is AGEGP significant?

= Yes: Adenocarcinoma vs.
Adenosquamous

= No: Other vs.
Adenosquamous.

Decision: Retain or drop both fi;
and f,; from model

At the 0.05 level of significance, we reject the
null hypothesis for f1; but not for 8,;. We con-
clude that AGEGP is statistically significant
for the Adenosquamous vs. Adenocarcinoma
comparison (category 1 vs. 0), but not for
the Other vs. Adenocarcinoma comparison
(category 2 vs. 0).

We must either keep both betas (1, and f,;)
for an independent variable or drop both betas
when modeling in polytomous regression.
Even if only one beta is significant, both betas
must be retained if the independent variable is
to remain in the model.

V. Extending the
Polytomous Model to G
Outcomes and k
Predictors

Adding more independent vari-
ables

PD=1|X)] k

1“ [P(D =0 XJ st L b
P(D=2|X)] k

. [p@ =0] XJ St L B

Same procedures for OR, CI, and
hypothesis testing

EXAMPLE

0 if Adenocarcinoma
D = SUBTYPE{ 1 if Adenosquamous
2 if Other

Predictors

X, = AGEGP
X, = ESTROGEN
X; = SMOKING

Expanding the model to add more independent
variables is straightforward. We can add k
independent variables for each of the outcome
comparisons.

The log odds comparing category 1 to category
0 is equal to o; plus the summation of the k
independent variables times their f; coeffi-
cients. The log odds comparing category 2
to category 0 is equal to o, plus the summation
of the k independent variables times their
B> coefficients.

The procedures for calculation of the odds
ratios, confidence intervals, and for hypothesis
testing remain the same.

To illustrate, we return to our endometrial can-
cer example. Suppose we wish to consider the
effects of estrogen use and smoking status
as well as AGEGP on histological subtype
(D=0, 1, 2). The model now contains three
predictor variables: X; = AGEGP, X, =
ESTROGEN, and X; = SMOKING.
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EXAMPLE (continued)

X, — AGEGP {O if 50-64
1 if 65-79

X, — ESTROGEN { 0 if never user

1 if ever user

0 if former or never
X; = SMOKING smoker

1 if current smoker

Adenosquamous vs. Adenocarcinoma:

P(D=1|X)]
n[m} = o1 + 11 X1 + BoXa

+ B13X3

Other vs. Adenocarcinoma:

P(D=2|X
1 [ﬁ} =0y + 521X1 aF ﬂ22X2
+ B3 X3
Variable Estimate S.E. Symbol

—1.2032 0.3190 &,
—1.8822 0.4025 &

AGEGP 0.2823 0.3280 f3y;
AGEGP 0.9871 0.4118 fy,;

ESTROGEN -0.1071 0.3067 5,
ESTROGEN -0.6439 0.3436 f;,

SMOKING —1.7913 1.0460 f
SMOKING  0.8895 0.5254 f5

Intercept 1
Intercept 2

Recall that AGEGP is coded as 0 for aged 50-64
or 1 for aged 65-79. Both estrogen use and
smoking status are also coded as dichotomous
variables. ESTROGEN is coded as 1 for ever
user and 0 for never user. SMOKING is coded
as 1 for current smoker and 0 for former or
never smoker.

The log odds comparing Adenosquamous
(D = 1) to Adenocarcinoma (D = 0) is equal
to oy plus f1; times X; plus i, times X, plus
ﬁ13 times X3.

Similarly, the log odds comparing Other type
(D = 2) to Adenocarcinoma (D = 0) is equal to
oy plus B, times X; plus f,, times X, plus f,3
times X;.

The output for the analysis is shown on the left.
There are two beta estimates for each of the
three predictor variables in the model. Thus,
there are a total of eight parameters in the
model, including the intercepts.
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EXAMPLE (continued)

Adenosquamous vs. Adenocarcinoma:
OR, — expla + Bii (1) + Bra(X2) + Bis (X3)]
1=

explé + Bll(o) + BIZ(XZ) + B13(X3)]
= exp ff;; = exp(0.9871) = 2.68

Other vs. Adenocarcinoma:

OR, = exp[ér + {321(1) + /:322(X2) + .1:323(X3)]
expli2 + 21 (0) + B (X2) + B3 (X3)]
= exp fy, = exp(0.2823) = 1.33
Interpretation of ORs

Three-variable vs. one-variable model

Three-variable model:

= AGEGP | ESTROGEN, SMOKING

One-variable model:
= AGEGP |no control variables

Odds ratios for effect of AGEGP:

Model
AGEGP
ESTROGEN AGEGP
Comparison SMOKING
1vs. 0 2.68 2.18
2vs.0 1.33 1.53

Results suggest bias for single-
predictor model:

e Toward null for comparison of
category 1 vs. 0

e Away from null for comparison of
category 2 vs. 0.

Polytomous Logistic Regression

Suppose we are interested in the effect of
AGEGP, controlling for the effects of ESTRO-
GEN and SMOKING. The odds ratio for the
effect of AGEGP in the comparison of Adenos-
quamous (D = 1) to Adenocarcinoma (D = 0) is
equal to e to the 8, or exp(0.9871) equals 2.68.

The odds ratio for the effect of AGEGP in the
comparison of Other type (D = 2) to Adenocar-
cinoma (D = 0) is equal to e to the f,, or
exp(0.2823) equals 1.33.

Our interpretation of the results for the three-
variable model differs from that of the one-
variable model. The effect of AGEGP on the
outcome is now estimated while controlling
for the effects of ESTROGEN and SMOKING.

If we compare the model with three predictor
variables with the model with only AGEGP
included, the effect of AGEGP in the reduced
model is weaker for the comparison of Adeno-
squamous to Adenocarcinoma (OR = 2.18 vs.
2.68), but is stronger for the comparison of
Other to Adenocarcinoma (OR = 1.53 vs. 1.33).

These results suggest that estrogen use and
smoking status act as confounders of the rela-
tionship between age group and the tumor
category outcome. The results of the single-
predictor model suggest a bias toward the
null value (i.e., 1) for the comparison of Adeno-
squamous to Adenocarcinoma, whereas the
results suggest a bias away from the null for
the comparison of Other to Adenocarcinoma.
These results illustrate that assessment of con-
founding can have added complexity in the
case of multilevel outcomes.
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EXAMPLE (continued)

95% confidence intervals

Use standard errors from three-
variable model:

=0.4118, 53 =0.3280
11 21

i i
95% CI for OR;
= exp[0.9871 £ 1.96(0.4118)
= (1.20, 6.01)

95% CI for OR,
= exp|0.2832 £ 1.96(0.3280)
= (0.70, 2.52)

Likelihood ratio test | same procedures
Wald tests

Likelihood ratio test
—2InL

Reduced: 500.97

Full: 494 41

Difference: 6.56
(~ %2, with 2 df)

P-value = 0.04
Wald tests
Hy: f;; =0 (category 1 vs. 0)
0.9871
= oaiig = 240, P=002

Hy: f,; =0 (category 2 vs. 0)
~0.2832

———=0.86, P =0.39

~0.3280

as with one predictor

The 95% confidence intervals are calculated
using the standard errors of the parameter esti-
mates from the three-variable model, which
are 0.4118 and 0.3280 for f,; and f,,, respec-
tively.

These confidence intervals are calculated with
the usual large-sample formula as shown on
the left. For ORy, this yields a confidence inter-
val of 1.20 to 6.01, whereas for OR,, this yields
a confidence interval of 0.70 to 2.52. The confi-
dence interval for OR, contains the null value
(i.e., 1.0), whereas the interval for OR; does
not.

The procedures for the likelihood ratio test and
for the Wald tests follow the same format as
described earlier for the polytomous model
with one independent variable.

The likelihood ratio test compares the reduced
model without the age group variable to the full
model with the age group variable. This test is
distributed approximately chi-square with two
degrees of freedom. Minus two times the log
likelihood for the reduced model is 500.97, and
for the full model, it is 494.41. The difference of
6.56 is statistically significant at the 0.05 level
(P = 0.04).

The Wald tests are carried out as before, with
the same null hypotheses. The Wald statistic
for f1; is equal to 2.40 and for f85; is equal to
0.86. The P-value for f;; is 0.02, while the
P-value for f,; is 0.39. We therefore reject the
null hypothesis for ;1 but not for f,;.
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EXAMPLE (continued)

Conclusion: Is AGEGP significant?”
= Yes: Adenocarcinoma vs.
Adenosquamous
= No: Other vs. Adenosquamous.

“Controlling for ESTROGEN and
SMOKING

Decision: Retain or drop AGEGP from
model.

Adding interaction terms
D=(0,1,2)
Two independent variables (X, X5)

log odds = a, + B, X1 + S, X2
+ﬁg3X1X2;

where g = 1,2

Likelihood ratio test

To test significance of interaction
terms

Ho: B3 =P =0

Full model: oy + 41 X1 + fg2X>

+ Be3X1 X
Reduced model: oy + 41 X1 + fg2Xo,
where g =1, 2

Wald test

To test significance of interaction
term at each level

Ho: B3 =0
Hop: 3 =0

Polytomous Logistic Regression

We conclude that AGEGP is statistically signif-
icant for the Adenosquamous vs. Adenocarci-
noma comparison (category 1 vs. 0), but not for
the Other vs. Adenocarcinoma comparison
(category 2 vs. 0), controlling for ESTROGEN
and SMOKING.

The researcher must make a decision about
whether to retain AGEGP in the model. If we
are interested in both comparisons, then both
betas must be retained, even though only one is
statistically significant.

We can also consider interaction terms in a
polytomous logistic model.

Consider a disease variable that has three cate-
gories (D = 0, 1, 2) as in our previous example.
Suppose our model includes two independent
variables, X; and X,, and that we are interested
in the potential interaction between these two
variables. The log odds could be modeled as
op plus 1 X7 plus X, plus f3X:X5. The
subscript g (g = 1, 2) indicates which compa-
rison is being made (i.e., category 2 vs. 0, or
category 1 vs. 0).

To test for the significance of the interaction
term, a likelihood ratio test with two degrees of
freedom can be done. The null hypothesis is
that ;3 equals 8,3 equals zero.

A full model with the interaction term would be
fit and its likelihood compared against a
reduced model without the interaction term.

It is also possible to test the significance of the
interaction term at each level with Wald tests.
The null hypotheses would be that {5 equals
zero and that f$,3 equals zero. Recall that both
terms must either be retained or dropped.
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Extending model to G outcomes

Outcome variable has G levels:
0,1,2,...,G - 1)

" {P(D — g xq

k
T8 - X,
PO=0x) %" 2P

i=1

whereg=1,2,...,G — 1

Calculation of ORs and CIs as
before

Likelihood ratio test | same
Wald tests

procedures

Likelihood ratio test

—2In Lreduced - (_2 In qull)

with df = number of parameters
set to zero under Hy (=G — 1 if

k=1)

Wald test

ZZ&N

(0, 1),
Sha

whereg =1, 2, ...
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The model also easily extends for outcomes
with more than three levels.

Assume that the outcome has G levels (0, 1,
2, ..., G — 1). There are now G — 1 possible
comparisons with the reference category.

If the reference category is 0, we can define the
model in terms of G — 1 expressions of the
following form: the log odds of the probability
that the outcome is in category g divided by the
probability the outcome is in category 0 equals
%, plus the summation of the k independent
variables times their f, coefficients.

The odds ratios and corresponding confidence
intervals for the G — 1 comparisons of cate-
gory g to category 0 are calculated in the man-
ner previously described. There are now G — 1
estimated odds ratios and corresponding con-
fidence intervals, for the effect of each inde-
pendent variable in the model.

The likelihood ratio test and Wald test are also
calculated as before.

For the likelihood ratio test, we test G — 1
parameter estimates simultaneously for each
independent variable. Thus, for testing one
independent variable, we have G — 1 degrees
of freedom for the chi-square test statistic com-
paring the reduced and full models.

We can also perform a Wald test to examine the
significance of individual betas. We have G — 1
coefficients that can be tested for each inde-
pendent variable. As before, the set of coeffi-
cients must either be retained or dropped.
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Polytomous Logistic Regression

VI. Likelihood Function
for Polytomous Model

(Section may be omitted.)

Outcome with three levels

Consider probabilities of three out-
comes:

P(D =0),P(D =1),P(D =2)

Logistic regression: dichotomous
outcome:

P(D=1|X) = !

1 +exp {— (oc + i ﬂl-X,)}

PD=0|X)=1-P(D=1|X)

Polytomous regression: three-level
outcome:

P(D =0|X) + P(D = 1|X)
+P(D=2|X) =1

k
h(X) =0 + ) BXi
i=1

h(X) = o + Zk: PaiXi

=

b — 0 x) P (X
bb o 1x) ~ exPl(X)

We now present the likelihood function for
polytomous logistic regression. This section
may be omitted without loss of continuity.

We will write the function for an outcome vari-
able with three categories. Once the likelihood
is defined for three outcome categories, it can
easily be extended to G outcome categories.

We begin by examining the individual prob-
abilities for the three outcomes discussed in
our earlier example, that is, the probabilities
of the tumor being classified as Adenocarci-
noma (D = 0), Adenosquamous (D = 1), or
Other (D = 2).

Recall that in logistic regression with a dichot-
omous outcome variable, we were able to write
an expression for the probability that the out-
come variable was in category 1, as shown on
the left, and for the probability the outcome
was in category 0, which is 1 minus the first
probability.

Similar expressions can be written for a three-
level outcome. As noted earlier, the sum of the
probabilities for the three outcomes must be
equal to 1, the total probability.

To simplify notation, we can let /;(X) be equal
to oy plus the summation of the k independent
variables times their ; coefficients and %,(X)
be equal to a, plus the summation of the k
independent variables times their f, coeffi-
cients.

The probability for the outcome being in cate-
gory 1 divided by the probability for the out-
come being in category 0 is modeled as e to the
h1(X) and the ratio of probabilities for category
2 and category 0 is modeled as e to the /,(X).
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Solve for PO =1|X) and
P(D =2]|X) in terms of P(D = 0| X).

P(D = 1]X) = P(D = 0|X) expli (X)]
P(D =2|X) = P(D = 0|X) exp[hs(X)]

P(D =0|X)+P(D=0|X)exp[h (X)]
+P(D=0|X)exp[h(X)] =1

Factoring out P(D = 0|X):
P(D = 0|X)[1 +exp/; (X)
+exph(X)] =1

With some algebra, we find that
P(D =0|X)

B 1

L+ explhi (X)) + exp[h (X))

and that
P(D=1|X)
_ explii (X))
1+ exp[hi(X)] + exp[h2(X)]

and that
P(D =2|X)
_ ewX)
1 + exp[hi (X)] + exp[/n (X))

L < joint probability of observed
data.

The ML method chooses parame-
ter estimates that maximize L

Rearranging these equations allows us to solve
for the probability that the outcome is in cate-
gory 1, and for the probability that the outcome
is in category 2, in terms of the probability that
the outcome is in category 0.

The probability that the outcome is in cate-
gory 1 is equal to the probability that the out-
come is in category O times e to the &(X).
Similarly, the probability that the outcome is
in category 2 is equal to the probability that the
outcome is in category 0 times e to the /,(X).

These quantities can be substituted into the
total probability equation and summed to 1.

With some simple algebra, we can see that the
probability that the outcome is in category 0 is
1 divided by the quantity 1 plus e to the /;(X)
plus e to the /,(X).

Substituting this value into our earlier equa-
tion for the probability that the outcome is in
category 1, we obtain the probability that the
outcome is in category 1 as e to the /;(X)
divided by one plus e to the /4;(X) plus e to the
h,(X).

The probability that the outcome is in category
2 can be found in a similar way, as shown on

the left.

Recall that the likelihood function (L) repre-
sents the joint probability of observing the
data that have been collected and that the
method of maximum likelihood (ML) chooses
that estimator of the set of unknown para-
meters that maximizes the likelihood.
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Subjects:j =1,2,3,...,n

o

if outcome =0

o = otherwise
1 if outcome =1
= 0 otherwise

if outcome =2

_{1
Y2 = 0

P(D = 0| X)" P(D
x P(D =2|X)"”

otherwise

= 1]X)"

Yo+yi+typ=1

since each subject has one outcome

n
[[P@=0[X)"P(D=1|X)"P(D=2|X)"
j=1

Likelihood for G outcome -cate-
gories:

IT11 Po

j=1g=0

= g|X)™,

where

1 if the jth subject has D = ¢
(g=0,1,....G—1)
0 if otherwise

Yig =

Estimated as and fs are those
which maximize L

Polytomous Logistic Regression

Assume that there are n subjects in the dataset,
numbered from j = 1 to n. If the outcome for
subject j is in category 0, then we let an indica-
tor variable, yjo, be equal to 1, otherwise yjo is
equal to 0. We similarly create indicator vari-
ables y;; and yj»> to indicate whether the sub-
ject’s outcome is in category 1 or category 2.

The contribution of each subject to the likeli-
hood is the probability that the outcome is in
category 0, raised to the y;o power, times the
probability that the outcome is in category 1,
raised to the yj;, times the probability that the
outcome is in category 2, raised to the yj,.

Note that each individual subject contributes
to only one of the category probabilities, since
only one of the indicator variables will be non-
zZero.

The joint probability for the likelihood is
the product of all the individual subject
probabilities, assuming subject outcomes are
independent.

The likelihood can be generalized to include G
outcome categories by taking the product of
each individual’s contribution across the G
outcome categories.

The unknown parameters that will be esti-
mated by maximizing the likelihood are the
alphas and betas in the probability that the
disease outcome is in category g, where g
equals0,1,...,G — 1.
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VII. Polytomous vs.
Multiple Standard
Logistic Regressions

Polytomous vs. separate logistic
models

Polytomous model uses data on all
outcome categories in L.

Separate standard logistic model
uses data ononly two outcome
categories at a time.

4
Parameter and variance estimates

may differ.

Special case: One dichotomous
predictor Polytomous and stan-
dard logistic models = same
estimates

One may wonder how using a polytomous
model compares with using two or more sepa-
rate dichotomous logistic models.

The likelihood function for the polytomous
model utilizes the data involving all categories
of the outcome variable in a single structure. In
contrast, the likelihood function for a dichoto-
mous logistic model utilizes the data involving
only two categories of the outcome variable. In
other words, different likelihood functions are
used when fitting each dichotomous model
separately than when fitting a polytomous
model that considers all levels simultaneously.
Consequently, both the estimation of the para-
meters and the estimation of the variances
of the parameter estimates may differ when
comparing the results from fitting separate
dichotomous models to the results from the
polytomous model.

In the special case of a polytomous model with
one dichotomous predictor, fitting separate
logistic models yields the same parameter esti-
mates and variance estimates as fitting the
polytomous model.

VIIl. SUMMARY

v Chapter 9: Polytomous Logistic

Regression

This presentation is now complete. We have
described a method of analysis, polytomous
regression, for the situation where the out-
come variable has more than two categories.

We suggest that you review the material cov-
ered here by reading the detailed outline that
follows. Then, do the practice exercises and
test.
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Chapter 10:
Regression

Ordinal Logistic

If there is no inherent ordering of the outcome
categories, a polytomous regression model is
appropriate. If there is an inherent ordering of
the outcome categories, then an ordinal logis-
tic regression model may also be appropriate.
The proportional odds model is one such ordi-
nal model, which may be used if the propor-
tional odds assumption is met. This model is
discussed in Chap. 10.
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Detailed Outline 455

Overview (pages 432-433)

A. Focus: modeling outcomes with more than two
levels.

B. Using previously described techniques by
combining outcome categories.

C. Nominal vs. ordinal outcomes.

Polytomous logistic regression: An example with

three categories (pages 434-437)

A. Nominal outcome: variable has no inherent
order.

B. Consider “odds-like” expressions, which are
ratios of probabilities.

C. Example with three categories and one
predictor (X):

PO =1|X))]
| =op] —
P(D=2|X,)| _
1n|:P(D:O|X1):| 7a2+ﬁ21X1.

Odds ratio with three categories (pages 437-441)

A. Computation of OR in polytomous regression is
analogous to standard logistic regression, except
that there is a separate odds ratio for each
comparison.

B. The general formula for the odds ratio for any
two levels of the exposure variable (X" and X}) in
a no-interaction model is

OR, = exp{(ﬁﬂ(xfk —X:)}, where g = 1,2.

Statistical inference with three categories

(pages 441-444)

A. Two types of statistical inferences are often of
interest in polytomous regression:

i. Testing hypotheses
ii. Deriving interval estimates

B. Confidence interval estimation is analogous to
standard logistic regression.

C. The general large-sample formula (no-
interaction model) for a 95% confidence interval
for comparison of outcome level g vs. the
reference category, for any two levels of the
independent variable (X;" and X)), is

exp{ B (X" = X}) £ 196(x;" X))}
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D. The likelihood ratio test is used to test
hypotheses about the significance of the
predictor variable(s).

i. With three levels of the outcome variable,
there are two comparisons and two
estimated coefficients for each predictor

ii. The null hypothesis is that each of the 2 beta
coefficients (for a given predictor) is equal
to zero

iii. The test compares the log likelihood of the
full model with the predictor to that of
the reduced model without the predictor.
The test is distributed approximately chi-
square, with 2 df for each predictor tested
E. The Wald test is used to test the significance of
the predictor at a single outcome level. The
procedure is analogous to standard logistic
regression.
V. Extending the polytomous model to G outcomes
and k predictors (pages 444-449)
A. The model easily extends to include k
independent variables.
B. The general form of the model for G outcome

levels is
P(D =¢|X)
[pp =)~ b

where ¢ =1,2,...,G - 1.

C. The calculation of the odds ratio, confidence
intervals, and hypothesis testing using the
likelihood ratio and Wald tests remains the
same.

D. Interaction terms can be added and tested in a
manner analogous to standard logistic
regression.

VI. Likelihood function for polytomous model

(pages 450-452)

A. For an outcome variable with G categories, the
likelihood function is

H HP =g|X)™, where

j=1g=
B { 1 if the jth subject has D = ¢
Yig = 0 if otherwise

where 7 is the total number of subjects and
=0,1,...,G— 1.
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VII. Polytomous vs. multiple standard logistic
regressions (page 453)
A. The likelihood for polytomous regression takes
into account all of the outcome categories;
the likelihood for the standard logistic model
considers only two outcome categories at a time.

B. Parameter and standard error estimates may
differ.

VIII. Summary (page 453)



458 12. Polytomous Logistic Regression

Practice
Exercises

Suppose we are interested in assessing the association
between tuberculosis and degree of viral suppression in
HIV-infected individuals on antiretroviral therapy, who
have been followed for 3 years in a hypothetical cohort
study. The outcome, tuberculosis, is coded as none (D = 0),
latent (D = 1), or active (D = 2). The degree of viral suppres-
sion (VIRUS) is coded as undetectable (VIRUS = 0) or
detectable (VIRUS = 1). Previous literature has shown that
it is important to consider whether the individual has pro-
gressed to AIDS (no = 0, yes = 1), and is compliant with
therapy (COMPLIANCE: no = 1, yes = 0). In addition,
AGE (continuous) and GENDER (female = 0, male = 1)
are potential confounders. Also, there may be interaction
between progression to AIDS and compliance with therapy
(AIDSCOMP = AIDS x COMPLIANCE).

We decide to run a polytomous logistic regression to ana-
lyze these data. Output from the regression is shown
below. (The results are hypothetical.) The reference cate-
gory for the polytomous logistic regression is no tubercu-
losis (D = 0). This means that a descending option was
used to obtain the polytomous regression output for the
model, so Intercept 1 (and the coefficient estimates that
follow) pertains to the comparison of D = 2 to D = 0, and
Intercept 2 pertains to the comparison of D = 1to D = 0.

Variable Coefficient S.E.
Intercept 1 —-2.82 0.23
VIRUS 1.35 0.11
AIDS 0.94 0.13
COMPLIANCE 0.49 0.21
AGE 0.05 0.04
GENDER 0.41 0.22
AIDSCOMP 0.33 0.14
Intercept 2 —2.03 0.21
VIRUS 0.95 0.14
AIDS 0.76 0.15
COMPLIANCE 0.34 0.17
AGE 0.03 0.03
GENDER 0.25 0.18
AIDSCOMP 0.31 0.17

1. State the form of the polytomous model in terms of
variables and unknown parameters.

2. For the above model, state the fitted model in terms of
variables and estimated coefficients.

3. Is there an assumption with this model that the out-
come categories are ordered? Is such an assumption
reasonable?
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Practice Exercises 459

Compute the estimated odds ratio for a 25-year-old
noncompliant male, with a detectable viral load, who
has progressed to AIDS, compared with a similar
female. Consider the outcome comparison latent
tuberculosis vs. none (D = 1 vs. D = 0).

Compute the estimated odds ratio for a 25-year-old
noncompliant male, with a detectable viral load, who
has progressed to AIDS, compared with a similar
female. Consider the outcome comparison active
tuberculosis vs. none (D = 2 vs. D = 0).

Use the results from the previous two questions to
obtain an estimated odds ratio for a 25-year-old non-
compliant male, with a detectable viral load, who has
progressed to AIDS, compared with a similar female,
with the outcome comparison active tuberculosis vs.
latent tuberculosis (D = 2 vs. D = 1).

Note. If the same polytomous model was run with
latent tuberculosis designated as the reference cate-
gory (D = 1), the output could be used to directly
estimate the odds ratio comparing a male to a female
with the outcome comparison active tuberculosis vs.
latent tuberculosis (D = 2 vs. D = 1). This odds ratio
can also indirectly be estimated with D = 0 as the
reference category. This is justified since the OR
(D =2 vs. D = 0) divided by the OR (D = 1 vs. D = 0)
equals the OR (D = 2 vs. D = 1). However, if each of
these three odds ratios were estimated with three sep-
arate logistic regressions, then the three estimated
odds ratios are not generally so constrained since the
three outcomes are not modeled simultaneously.

Use Wald statistics to assess the statistical signifi-
cance of the interaction of AIDS and COMPLIANCE
in the model at the 0.05 significance level.

Estimate the odds ratio(s) comparing a subject who
has progressed to AIDS to one who has not, with the
outcome comparison active tuberculosis vs. none

(D =2 vs. D = 0), controlling for viral suppression,
age, and gender.

Estimate the odds ratio with a 95% confidence inter-
val for the viral load suppression variable (detect-
able vs. undetectable), comparing active tuberculosis
to none, controlling for the effect of the other covari-
ates in the model.

Estimate the odds of having latent tuberculosis vs.
none (D =1 vs. D = 0) for a 20-year-old compliant
female, with an undetectable viral load, who has not
progressed to AIDS.
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Test

12.

Polytomous Logistic Regression

True or False (Circle T or F)

T F 1. An outcome variable with categories North,

South, East, and West is an ordinal variable.

T F 2. If an outcome has three levels (coded 0, 1, 2),

then the ratio of P(D = 1)/P(D = 0) can be con-
sidered an odds if the outcome is conditioned on
only the two outcome categories being consid-
ered (i.e., D = 1 and D = 0).

T F 3. In a polytomous logistic regression in which the

outcome variable has five levels, there will be
four intercepts.

T F 4. In a polytomous logistic regression in which the

outcome variable has five levels, each indepen-
dent variable will have one estimated coefficient.

T F 5. In a polytomous model, the decision of which

outcome category is designated as the reference
has no bearing on the parameter estimates since
the choice of reference category is arbitrary.

Suppose the following polytomous model is specified
for assessing the effects of AGE (coded continuously),
GENDER (male = 1, female = 0), SMOKE (smoker
= 1, nonsmoker = 0), and hypertension status (HPT)
(yes = 1, no = 0) on a disease variable with four out-
comes (coded D = 0 for none, D = 1 for mild,

D = 2 for severe, and D = 3 for critical).

1n[l?’(l)=g|x)

P(D =0 X)} = o + fy AGE + f,, GENDER

+ B3 SMOKE + f,, HPT,

whereg = 1, 2, 3.
Use the model to give an expression for the
odds (severe vs. none) for a 40-year-old non-
smoking male. (Note. Assume that the expression
[P(D =g | X/P(D = 0]|X)] gives the odds for com-
paring group g with group 0, even though this ratio
is not, strictly speaking, an odds.)

Use the model in Question 6 to obtain the odds ratio

for male vs. female, comparing mild disease to none,

while controlling for AGE, SMOKE, and HPT.

Use the model in Question 6 to obtain the odds ratio
for a 50-year-old vs. a 20-year-old subject, comparing
severe disease to none, while controlling for GEN-
DER, SMOKE, and HPT.

For the model in Question 6, describe how you would

perform a likelihood ratio test to simultaneously test
the significance of the SMOKE and HPT coefficients.
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Answers to 1.

Answers to Practice Exercises 461

State the null hypothesis, the test statistic, and the dis-
tribution of the test statistic under the null hypothesis.
Extend the model from Question 6 to allow for inter-
action between AGE and GENDER and between
SMOKE and GENDER. How many additional para-
meters would be added to the model?

Polytomous model:

Practice PO~ g%
Exercises lnﬁ = a,+ B, VIRUS + B, AIDS + B, COMPLIANCE + 3,4 AGE

2.

+ B,sGENDER + B,  AIDSCOMP,
where g = 1, 2.

Polytomous fitted model:

PD=2|X)
Inf= = —2.82 +1.35VIRUS + 0.94AIDS + 0.49COMPLIANCE
P =0]X)

+ 0.05AGE + 0.41GENDER + 0.33AIDSCOMP,

= LX) 1 5 034 0.95VIRUS + 0.76AIDS + 0.34COMPLIANCE
P =0|X)

3.

Nou e

+ 0.03AGE + 0.25GENDER + 0.31AIDSCOMP.

No, the polytomous model does not assume an ordered
outcome. The categories given do have a natural order
however, so that an ordinal model may also be appro-
priate (see Chap. 10).

OR s = exp(0.25) = 1.28.

ORy.g0 = exp(0.41) = 1.51.

ORyy = exp(0.41)/ exp(0.25) = exp(0.16) = 1.17.

Two Wald statistics:

0.31

Ho: B1g=0; z;= o= 1.82; two-tailed P-value: 0.07,
0.33 .

Hy: frg = 0; 2o = 01a" 2.36; two-tailed P-value: 0.02.

The P-value is statistically significant at the 0.05 level
for the hypothesis f,¢ = 0 but not for the hypothesis
f16 = 0. Since we must either keep or drop both inter-
action parameters from the model, we elect to keep
both parameters because there is a suggestion of inter-
action between AIDS and COMPLIANCE. Alternatively,
a likelihood ratio test could be performed. The likeli-
hood ratio test has the advantage that only one test
statistic needs to be calculated.
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8. Estimated odds ratios (AIDS progression: yes vs. no):
for COMPLIANCE = 0: exp(0.94) = 2.56,
for COMPLIANCE = 1: exp(0.94 + 0.33) = 3.56.

9. OR = exp(1.35) = 3.86;95% CI: exp[1.35 + 1.96(0.11)]
= (3.11,4.79).
10. Estimated odds = exp[—2.03 + (0.03)(20)]
= exp(—1.43) = 0.24.



	12: Polytomous Logistic Regression
	Introduction
	Abbreviated Outline
	Objectives
	Presentation
	I. Overview
	II. Polytomous Logistic Regression: An Example with Three Categories
	III. Odds Ratio with Three Categories
	IV. Statistical Inference with Three Categories
	V. Extending the Polytomous Model to G Outcomes and k Predictors
	VI. Likelihood Function for Polytomous Model
	VII. Polytomous vs. Multiple Standard Logistic Regressions

	Detailed Outline
	Practice Exercises
	Test
	Answers to Practice Exercises



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


