
8. Modeling Survival Data with 
Categorical Covariates



In regression modeling, including proportional hazards regression, a useful way of 
modeling categorical covariates and their effect on outcome is by the use of dummy 
variables. Specifically, if there are k categories, we would define k dummy variables, 
𝐷1, ⋯ , 𝐷𝑘 where

𝐷𝑗 = ൜
1 if individuals fall into the jth category;
0 otherwise;

for j = 1,… , k.

In a proportional hazards model, if we were interested in modeling the effect of such 
a categorical covariate on the hazard function, we may consider the following model:

𝜆 𝑡 ∙ = 𝜆0 𝑡 𝑒𝐷1𝜃1+⋯+𝐷𝑗−1𝜃𝑗−1+𝑧1𝜙1+⋯+𝑧𝑞𝜙𝑞

Note: There are only (k − 1) of the dummy variables in the model to avoid 
overparametrization. The category that is left out (category k) is called the reference 
category. At most only one of 𝐷1, ⋯ , 𝐷𝑘−1 may be equal to one, and all are equal to zero 
when an individual falls into the reference category (i.e., the 𝑘th category).

Category 𝐷1 𝐷2 ⋯ 𝐷𝑘−1

1 1 0 ⋯ 0

2 0 1 ⋯ 0

⋮ ⋮ ⋮ ⋮ ⋮

k-1 0 0 1

k 0 0 ⋯ 0



The parameters 𝜃1, ⋯ , 𝜃𝑘−1 are used to measure the degree of effect that the categorical 

covariate has on the hazard rate. We may want to include other covariates 𝑧1, ⋯ , 𝑧𝑞 in 

the model to adjust for their effects.

The interpretation of 𝜃𝑗 is the log hazard ratio between an individual in category 𝑗 and 

an individual in the reference category (the 𝑘th category) assuming all other covariates 
were the same. This is easily seen by noting that

𝜆 𝑡 𝑐𝑎𝑡 = 𝑗, 𝑧

𝜆 𝑡 𝑐𝑎𝑡 = 𝑘, 𝑧
=
𝜆0 𝑡 𝑒𝜃𝑗+𝑧1𝜙1+⋯+𝑧𝑞𝜙𝑞

𝜆0 𝑡 𝑒0+𝑧1𝜙1+⋯+𝑧𝑞𝜙𝑞
= 𝑒𝜃𝑗

If we want the hazard ratio between category 𝑗 and category 𝑗′ 1 ≤ 𝑗, 𝑗′ ≤ 𝑘 − 1 , then 
we use the following

𝜆 𝑡 𝑐𝑎𝑡 = 𝑗, 𝑧

𝜆 𝑡 𝑐𝑎𝑡 = 𝑗′, 𝑧
=

𝜆0 𝑡 𝑒𝜃𝑗+𝑧1𝜙1+⋯+𝑧𝑞𝜙𝑞

𝜆0 𝑡 𝑒𝜃𝑗′+𝑧1𝜙1+⋯+𝑧𝑞𝜙𝑞
= 𝑒𝜃𝑗−𝜃𝑗′

The hypothesis corresponding to no effect of the categorical variable on survival is given by
𝐻0: 𝜃1 = 𝜃2 = ⋯ = 𝜃𝑘−1 = 0

Under this null hypothesis, the hazard function is the same regardless what category an
individual was in. The null hypothesis could be tested using the Wald test, score test, or 
likelihood ratio test. Since our null hypothesis considers fixed values (i.e., 0) for (𝑘 − 1) of 
the parameters in the model, the distribution of all the tests above would be chi-square 
with (𝑘 − 1) degrees of freedom if the null hypothesis were true. P-values can be 
computed by evaluating the probability that a 𝜒𝑘−1

2 random variable exceeds the observed 
value of the test statistics.



Note: If we are testing the null hypothesis of no effect of a categorical variable with 
𝑘 categories, using a proportional hazards model with (𝑘 − 1) dummy variables and not 
adjusting for additional covariates, then the score test derived from this partial likelihood 
will be identical to the 𝑘 -sample log rank test if there were no ties in the survival data. This 
extends the results we noted for the two-sample log rank test.

EX: Let us illustrate the use of dummy variables for coding categorical variables in the 
colon cancer dataset. We shall focus on the effect that the number of lymph nodes with 
detectable cancer involved at randomization has on survival. Since the number of nodes 
ranges from 1 to 33, we broke it down into 7 categories (1, 2, 3, 4, 5–10 , 11–15, > 15). 
We created dummy variables for the first six categories leaving the category (> 15) as 
the reference category. The first model considered:

𝜆 𝑡 ∙ = 𝜆0 𝑡 𝑒𝐷𝑁1𝜃1+𝐷𝑁2𝜃2+𝐷𝑁3𝜃3+𝐷𝑁4𝜃4+𝐷𝑁510𝜃5+𝐷𝑁1015𝜃6

SAS Example

The corresponding Wald test, score test and likelihood ratio test of the null hypothesis
𝐻0: 𝜃1 = 𝜃2 = 𝜃3 = 𝜃4 = 𝜃5 = 𝜃6 = 0

or no effect of these category of the nodes on survival were equal to 
Wald = 118.84; score = 128.41; LR = 111.14, 

Respectively. All of these, compared to a chi-square with 6 degrees of freedom, yielded 
highly significant results.



Parameter Estimation
𝜃𝑗corresponds to the log hazard ratio for patients with 𝑗th node category vs. patients 

with > 15 nodes (reference category). For example, the estimate of 𝜃1 and its standard 
error are

መ𝜃1 = −1.1459, se መ𝜃1 = 0.3154

መ𝜃1 ± 𝑧𝛼/2𝑠𝑒 መ𝜃1 = −1.1459 ± 1.96 ∗ 0.3154 = −1.7641,−0.5277

A 95% confidence interval for 𝜃1 is

The estimate of the adjusted treatment hazard ratio is

𝑒
𝜃1 = 𝑒−1.1459 = 0.3179

with a 95% CI of
𝑒−1.7641, 𝑒−0.5277 = 0.1714, 0.5899

Suppose we want to estimate the hazard ratio between the categories (nodes=1) vs. 
(nodes=3). We compute this hazard ratio to be

𝑒𝜃1−𝜃3

The estimate of 𝜃1 − 𝜃3 is equal to
መ𝜃1 − መ𝜃3 = −1.1459 − −0.7371 = −0.4088.

Therefore, the corresponding hazard ratio estimate is 𝑒−0.4088 = 0.6644

To find the confidence interval for 𝜃1 − 𝜃3 , we need to compute 𝑠𝑒 መ𝜃1 − መ𝜃3 :

𝑉𝑎𝑟 መ𝜃1 − መ𝜃3 = 𝑉𝑎𝑟 መ𝜃1 + 𝑉𝑎𝑟 መ𝜃3 − 2 ∗ 𝐶𝑜𝑣 መ𝜃1, መ𝜃3
= 0.09950 + 0.103232 − 2 ∗ 0.09108 = 0.02057

So, se መ𝜃1 − መ𝜃3 = 0.02057 = 0.1434



Note: We don't need to do above calculation to get the standard error of መ𝜃1 − መ𝜃3. We 
just need to rerun the model using category 3 as the reference category. That is, we 
use all dummy variables except the dummy for category 3. Then the parameter 

estimate corresponding to category 1 is መ𝜃1 − መ𝜃3with its standard error being 

se መ𝜃1 − መ𝜃3 .

To get a better understanding of the relationship of the various categories to 
survival, it is useful to plot the log hazard ratio and hazard ratio as a function of the 
categories. For example, figures below present the relationship of log hazard ratio 
and hazard ratio with the categories.



Adjusting For Other Covariates
We also included a model when we adjust for the effect of other covariates (sex, age, 
obstruct, perfor and adhere). The adjusted effects of number of nodes changed very 
little. For the model

𝜆 𝑡 ∙ = 𝜆0 𝑡 𝑒𝐷𝑁1𝜃1+𝐷𝑁2𝜃2+𝐷𝑁3𝜃3+𝐷𝑁4𝜃4+𝐷𝑁510𝜃5+𝐷𝑁1015𝜃6+𝑆𝜙1+𝐴𝜙2+𝑂𝑏𝜙3+𝑃𝜙4+𝐴𝑑𝜙5

We can construct a likelihood ratio test for the null hypothesis
𝐻0: 𝜃1 = 𝜃2 = 𝜃3 = 𝜃4 = 𝜃5 = 𝜃6 = 0

We compute 2 𝑙 መ𝜃, 𝜙 − 𝑙 𝜃 = 0, 𝜙 𝜃 = 0 , and compare it to a chi-square with 6 

degrees of freedom. Using the output, we get:

𝐿𝑅 = 7465.068 − 7350.338 = 114.73;  Score = 132.59

These give strong evidence against 𝐻0.



Ordered Categorical Covariates and Trend Tests
In some cases, we might expect the effect of category on survival to follow some natural 
ordering. In our colon cancer example, we might expect the hazard rate to increase as 
the “number of nodes” defining the categories gets larger. That is, we might expect:

0 < 𝜃1 < 𝜃2⋯ < 𝜃𝑘−1 or 0 > 𝜃1 > 𝜃2⋯ > 𝜃𝑘−1
However, when we model the effect of a categorical covariate using dummy variables 
in a proportional hazards model, we put no restrictions on the values 𝜃1, ⋯ , 𝜃𝑘−1 ., 
i.e., assuming no implicit ordering of the categories on their effect on survival. 
Consequently, the multiparameter tests of

𝐻0: 𝜃1 = 𝜃2 = ⋯ = 𝜃𝑘−1 = 0
we have discussed so far are considering omnibus alternatives, that is, any deviation 
from the null hypothesis. Because of this, these tests are not especially powerful in 
detecting alternatives which have an implied natural ordering.

Therefore, if we might expect the effect of category on survival to follow some natural 
ordering, we may prefer to use a trend test, in which we assign scores to the ordered 
categories. For example, we may use 1,2, … , k − 1 for the k − 1 ordered categories. In 
the colon cancer example, the score is average number of nodes for each of the 
categories, i.e., 1 = 1,2 = 2,3 = 3,4 = 4, (5−10) = 7:5, (11−15) = 13, (> 15) = 20 (approx.).

We then consider the model 𝜆 𝑡 ∙ = 𝜆0 𝑡 𝑒𝑆𝑐∗𝜃, where Sc corresponds to the 
ordered score, and test the hypothesis: 𝐻0: 𝜃 = 0 𝑣𝑠. 𝜃 ≠ 0

Under this alternative, the hazard increases or decreases as the score of the category 
increases depending on whether or not 𝜃 > 0 or 𝜃 < 0.



Remark:
• The null hypothesis for the trend test is the same null hypothesis as for the 

omnibus test; that is, the hazard function does not depend on category.
• The trend test is distributed as a chi-square with one degree of freedom under 𝐻0

whereas the omnibus test is distributed as a chi-square with (𝑘 − 1) degrees of 
freedom under 𝐻0.

• In general, the trend test has greater power to detect differences in categories 
which are ordered and have an ordered effect. However, the trend test may have 
less power to find deviations from the null hypothesis that are not ordered 
compared to the omnibus test.

• Any of the large sample tests (Wald, score, likelihood ratio) may be used to test 𝐻0.
• We can also adjust for other covariates that may be potential confounders.

For the colon cancer example, the trend test yields
Wald test : 101.91; score test : 105.53;   LR test : 80.37

All of these are to be compared to a chi-square with one d.f.

We can contrast these values with the results from the omnibus test:
Wald test : 118.84; score test : 128.41;   LR test : 111.14

These numbers are similar to the numbers from the trend test, but they are to be 
compared to a chi-square distribution with 6 d.f. yielding weaker evidence against 𝐻0



The Philosophy of Model Building
When trying to build models and understand the relationships that these models 
imply, it is useful to work up hierarchically considering increasingly more complex 
structures of nested models. Likelihood ratio test is preferred to used in deciding 
which variables (or structures) are or are not important (LR test is usually more stable 
and easily constructed). We should strive to find “parsimonious models”, i.e., the 
model that adequately explain the structure of the data with as simple a structure as 
possible. It is especially helpful to get feedback from a subject matter scientist.

For example, suppose we have a covariate 𝑍 which is continuous and we want to 
model the hazard function to 𝑍 using a proportional hazards model. The simplest 
model we could consider is

𝜆 𝑡 𝑍 = 𝜆0 𝑡 e𝑍𝛽

This model specifies a very specific structure on the relationship of the hazard to the 
covariate 𝑍, namely,

𝜆 𝑡 𝑍 = 𝑧 + 1

𝜆 𝑡 𝑍 = 𝑧
=
𝜆0 𝑡 e 𝑧+1 𝛽

𝜆0 𝑡 e𝑧𝛽
= 𝑒𝛽

regardless of 𝑧. That is, a unit increase in covariate 𝑍 will yield a proportional increase in 

the hazard of 𝑒𝛽.

If this relationship is an adequate representation of the truth then the interpretation 
that we can give to the parameter 𝛽 is easy to understand. Of course, this assumption 
may or may not be “adequate”.



Checking Adequacy of the Covariate Relationship

Using the above model building philosophy, we shall assess whether a particular covariate 
relationship is reasonable by embedding the proposed model into a more complex model 
and then testing if the more complex structure gives sufficiently better fit. There are two 
ways that we suggest for considering more complex structures for modeling a continuous 
variable.

1. Assume the relationship follows a higher order polynomial: For example, we may 
consider the model

𝜆 𝑡 𝑍 = 𝜆0 𝑡 e𝛽1𝑍+𝛽2𝑍
2

A test of the hypothesis 𝐻0: 𝛽2 = 0 may be used to assess the adequacy of the model

𝜆 𝑡 𝑍 = 𝜆0 𝑡 e𝑍𝛽

2. Discretizing (or categorizing) Continuous Covariate to Assess Models: The values of 
the parameters in a higher order polynomial are difficult to interpret. It may be easier to 
break up the continuous covariate into several categories and then use methods we 
developed for categorical covariates. Plots of the parameter estimates for the effects of 
different categories may be helpful to assess fit or suggest different models. 



Interaction (Effect Modification)
Consider the hypothetic example of studying the relationship of drinking on survival 
controlling for smoking, age and sex by looking at the model:

where 𝐷 is the drinking indicator, 𝑆 is the smoking indicator, 𝐴 is age and 𝑆𝑥 is sex indicator.

𝜆 𝑡 ∙ = 𝜆0 𝑡 𝑒𝐷𝜃+𝑆𝜙1+𝐴𝜙2+𝑆𝑥𝜙3

This model assumes that the hazard ratio for a drinker compared to a non-drinker is e𝜃

regardless of their smoking status, age and sex. Therefore, if the effect of drinking on 
survival is measured through the hazard ratio, the above model does not allow for 
“effect modification”, i.e., where the effect of drinking on survival might change or vary 
by different smoking, age or sex categories. 

Effect modification may be accommodated in a proportional hazards model by including 
interaction terms; i.e., a product of the variables that are thought to be effect modifiers.

For example, suppose we suspected that smoking was as effect modifier for the 
relationship of drinking to survival, then we may consider the following model

𝜆 𝑡 ∙ = 𝜆0 𝑡 𝑒𝐷𝜃+𝑆𝜙1+𝐴𝜙2+𝑆𝑥𝜙3+𝛾(𝐷×𝑆)

For such a model, the hazard ratio of a drinker (𝐷 = 1) compared to a non-drinker 
(𝐷 = 0) for a given smoking status, sex and age is given by

𝜆 𝑡 𝐷 = 1,⋯

𝜆 𝑡 𝐷 = 0,⋯
=
𝜆0 𝑡 𝑒𝜃+𝑆𝜙1+𝐴𝜙2+𝑆𝑥𝜙3+𝛾𝑆

𝜆0 𝑡 𝑒𝑆𝜙1+𝐴𝜙2+𝑆𝑥𝜙3
= 𝑒𝜃+𝛾𝑆

This would imply that the hazard ratio for a drinker to a non-drinker is 𝑒𝜃+𝛾among 
smokers and 𝑒𝜃among non-smokers.



Of course, we could test for effect modification of smoking on the relationship of drinking 
to survival by testing the null hypothesis

𝐻0: 𝛾 = 0
for this multiparamter proportional hazards model.

we could also consider age or sex as effect modifiers for drinking by including
terms 𝐷 × 𝐴 and 𝐷 × 𝑆𝑥 in the proportional hazards model.

Model 2logL d.f.

All main effects -7373.09 7

All main effects + all interactions with trt -7350.37 13

All main effects +trt×sex+ trt×age -7357.36 9

Let’s consider interaction terms for the colon cancer data set :

Note: Two potentially important interactions between treatment and age, between
treatment and sex were surfaced that may warrant further investigation.

From the model where we have “All main effects +trt×sex+ trt×age”, we get

𝜆 𝑡 𝑅𝑥 = 1,⋯

𝜆 𝑡 𝑅𝑥 = 0,⋯
=
𝜆0 𝑡 𝑒1.02+⋯−0.544∗𝑆𝑒𝑥−0.019∗𝐴𝑔𝑒

𝜆0 𝑡 𝑒0+⋯+0 = 𝑒1.02−0.544∗𝑆𝑒𝑥−0.019∗𝐴𝑔𝑒

Thus for male (Sex=1) with Age=50, hazard ratio for trt1=1 vs. trt1=0 is 
𝑒1.02−0.544−0.019∗𝐴𝑔𝑒 = 𝑒−0.474= 0.6225 while for female (Sex=0) with Age=50, hazard 
ratio for trt1=1 vs. trt1=0 is 𝑒1.02−0.019∗𝐴𝑔𝑒 = 𝑒0.07 = 1.0725.


