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Abstract— The Stratified Cox regression model is a modification of
the Cox proportional hazard regression model, which controls
predictor variables that do not meet the proportional hazards (PH)
assumption by forming strata or levels. The establishment of the
Stratified Cox regression model will produce a proportional hazard
Cox regression model for each stratum, so that variables that do not
meet the proportional hazard (PH) assumption can still be observed
in the strata. The regression coefficient in the model is estimated by
maximizing the partial likelihood function, then iterated using the
Newton-Raphson method. The data used in this study is data on
COVID-19 patients throughout Makassar City, in the form of the
long healing process for 54.349 patients who are thought to be
affected by 3 variables, namely gender, comorbidities, and age. The
data were then analyzed using a Stratified Cox regression model
without interaction. The results show that the length of recovery for
COVID-19 patients is influenced by gender and comorbid factors,
with male and non-comorbid patients recovering faster.

Keywords— COVID-19; Stratified Cox Regression; and Non-
Proportional Hazard.

l. INTRODUCTION

Survival analysis is one of the procedures in statistics for
analyzing data, with the variable being considered being the
time until an event occurs and other variables that are thought
to affect survival time [1]. In survival analysis, there are three
kinds of approaches: the parametric approach, the semi-
parametric approach, and the nonparametric approach. The
semi-parametric approach does not require assumptions on the
survival time distribution, but the results of the parameter
estimation are close to those of the parametric regression
method [2]. One of the semi-parametric approaches commonly
used is Cox proportional hazard regression [3].

Cox proportional hazard regression can be used even
though the functional form of baseline hazard is unknown, but
this Cox regression model can still provide useful information
in the form of a hazard ratio that does not depend on baseline
hazard [4]. The response variable in the Cox proportional
hazard regression model must meet the proportional hazard
assumption, but under certain conditions in a study, there are
independent variables that do not meet the proportional hazard
assumption. If the proportional hazard assumption is not met,
then the linear component of the model varies depending on
time and is said to be a non-proportional hazard [5]. One
technique that can be used is stratified Cox regression, which
is a modification of the Cox proportional hazard model [6].

The Stratified Cox model is an extension of the Cox
proportional hazard model to address independent variables
that do not meet the proportional hazard assumptions.
Modifications are made by stratifying the independent
variables that do not meet the proportional hazard assumption
[1]. The Stratified Cox regression Model provides attention to
or controls variables that do not meet the proportional hazard
assumption by allowing strata or levels [6]. This is done
because it is suspected that variables that do not meet the
proportional hazard assumption still have a contribution, and
the effect is still observed by making them strata that are not
included in the model [7]. Several researchers have conducted
research on Cox regression on survival data, such as
Bedrosian et al. [8], Breslow et al. [9], George et al. [10],
Zhang et al. [11], and Porta et al. [12].

Il.  STRATIFIED COX REGRESSION

The stratified Cox regression model is an extension of the
Cox proportional hazard model to address independent
variables that do not meet the proportional hazard assumption
[13]. The proportional hazard assumption states that the ratio
of the hazard functions of two individuals is constant from
time to time or is equivalent to the statement that the hazard
function of one individual to the hazard function of another
individual is proportional [14]. Modifications are made by
stratifying the independent variables that do not meet the
proportional hazard assumption [15-16]. Independent
variables that meet the proportional hazard assumption are
included in the model, while independent variables that do not
meet the assumptions are not included in the model [7].

A. Stratified Cox Regression Model without Interaction

The general form of the hazard function of the stratified
Cox model without interaction is as follows [16]:

Rt X) = by () exp [ X, + By + 4 BeXi] ()
Where = is the strata defined from 2%, = = L.2,.. .m", fg (L)
is the basic hazard function for each stratum, and 8y 5, ... - Fr.
are the regression parameters.

Strata is defined as a different category from the
stratification variable £°, and #=" is the number of strata. In
the stratified Cox model, the basic hazard function, fg [t is
different for each stratum. The regression parameters
B1.5s, ... . B for this model are the same for each stratum, so the
estimated hazard ratio is the same for each stratum.
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B. Hazard Ratio

The hazard ratio is a measure used to compare the level of
risk between individual comparisons with independent
variable conditions in the success category and the failure
category [15]. The hazard ratio value is the hazard for
category one individuals divided by the hazard for different
individuals, as in the following equation:

k(62D hy(felizEr
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Where Z" is the stratification result variable and X is the
independent variable.

In the Stratified Cox regression model, the hazard ratio
value is the same in each stratification variable category [17].

I1l.  PARAMETER ESTIMATION OF THE STRATIFIED COX
REGRESSION MODEL

Parameter estimation in this Stratified Cox model uses the
Maximum Partial Likelihood Estimation (MPLE) method,
which is called the maximum stratified partial likelihood
estimation [7]. The estimation of the regression parameter
with the MPLE method is the value when the partial
likelihood function is at its maximum [18]. The partial
likelihood function for each stratum (subscript = indicating
strata) is as follows:

54343 exp [T |
wo =] | T
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Estimation of the regression parameters
BT =[BL Fo.... 1] can be obtained by multiplying together

the partial likelihood functions of each stratum, where each
partial likelihood function of each stratum is derived from the
corresponding hazard function.

t(g) =] L8y
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Then the form of the partial likelihood stratification log
function is obtained as follows:
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To get the estimation of the regression parameter
87 =[5 £.] by maximizing the partial likelihood function by
solving the logarithmic derivative of the partial likelihood
function with respect to 8, equal to zero as in the following
equation:
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Where, g = 1.2.....k
Estimation of parameters in the stratified Cox model using the
maximum partial likelihood estimation (MPLE) method by
finding solutions from'
d
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The solution to the above equation is.
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The above equation can be solved numerically using the
Newton-Raphson method, with the following results [19]:

var(d) = 1) ©)

For an approximation of the standard deviation of § , as

follows:
SE(f) = [vér(f)

(6)

(10)

IV. RESULT AND DISCUSSION

This study used survival data for COVID-19 patients, with
a population of 54.349 patients spread across all hospitals in
Makassar City. Variables that are thought to influence the
survival of COVID-19 patients are gender (&), comorbidity
(¥3), and age ().

A. Description of the Data on the Survival Time of COVID-19
Patients and the Factors that Influence it

The data used in this study is survival data for COVID-19
patients, with an overview as shown in Table 1 below:

TABLE I. Description of COVID-19 patient data

- Number of Status
Variable Category patients Percentage Event | Sensor
Gender L 25239 46% 601 24638
P 29110 54% 496 28614
comorbidity Yes 18634 34% 26 18608
No 35715 66% 601 34644
Age <45 38608 71% 218 38390
>45 15741 29% 879 14862

This section discusses the characteristics of COVID-19
patients based on survival time and factors that are thought to
influence the survival of COVID-19 patients who are treated
in hospitals throughout Makassar City. Characteristics of
survival time can be shown by using the survival curve. In the
following, the general survival curve for COVID-19 patients is
presented.
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Fig. 1. Survival curve for COVID-19 patients

Figure 1 shows a graph of the survival function S(t) of the
length of time to recover for COVID-19 patients in Makassar
City and the factors that influence it. The median recovery
time for COVID-19 patients in Makassar City is 50 days after
being treated by medical personnel, and patients with a faster
recovery time are COVID-19 patients who are male and non-
comorbid.

B. Testing the Proportional Hazard Assumption

The proportional hazard assumption test was carried out
using the graphical method and the goodness of fit test, with
the following results:

,,,,,

log(-log(survival))
2
log-log(survival)
-4
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Fig. 2. Comparison plot of log (t) with log(-log(S(t))) for gender variable

Figure 2 shows that the log (t) and log(-log(S(t)))
comparison plots for the sex and comorbid variables do not
intersect on the two curves, so it can be said that the sex and
comorbid variables fulfill the proportional hazard assumption.
The age variable cannot be tested using a graph because the
data is not categorized, so the test is continued with the
Goodness of Fit test. The results of the calculation of the
goodness of fit test for the predictor variables of gender,
comorbidity, or age are presented in Table 2 below:

TABLE 2. Goodness of fit results

Variable P-Value Decision
Gender 0.18 Fail Reject Ho
Comorbidity 0.58 Fail Reject Ho

Age 0.005 Reject Hg

In Table 2, it can be seen that the only variable that does
not meet the proportional hazard assumption is the age
variable because the p-value is smaller o = 0.05 and will be a
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stratification variable. So the Stratified Cox regression method
can be used in this study.

C. Stratified Cox Regression Models

The formation of the Stratified Cox regression model with
stratified variables can be done with two models, namely, the
model without interaction and the model with interaction. In
this study, we used a Stratified Cox regression model without
interaction.

1. Stratified Cox regression model without interaction

In Table 3, the results of the parameter estimation of the
stratified Cox regression model are presented without
interaction, with the stratification variable being age for
survival time data for COVID-19 patients in Makassar City.

TABLE 3. Parameter estimation of the Stratified Cox regression model
without interaction

Variable Estimation P-Value
Gender 0.260 0.011
Comorbidityity -2.906 2 x107

Based on Table 3 above, it is concluded that the
Stratified Cox regression model without interaction in general
can be written as follows:

The Author would like to thank the Makassar City Health
Office for their willingness to provide data on COVID-19
patients.
Based on the model above, two models can be formed,
namely, the hazard function for patients age < 45 years (s = 1)
is:
(e, X) = by, (&) exp[0.260%, —2,906X,]
The hazard function for patients aged > 45 years (s = 2) is:
ho (8, X1 = hp, (8) exp[0,260%, — 2,006%,]

Furthermore, based on the model obtained above,
parameter testing will be carried out simultaneously and
partially. Simultaneously obtained a statistical value of the
likelihood ratio test of 0.002. When compared with a value of
5%, a decision to reject Hp is obtained. So, it can be
concluded that there is at least one independent variable that
has a significant effect on the model at a = 5% confidence
interval. Variables that affect the survival of COVID-19
patients who receive treatment at the Makassar City Hospital
in the two-year study period are gender and comorbid
variables.
2. Hazard Ratio

Based on the results of parameter estimation for the
Stratified Cox regression model without interaction, there are
two significant variables. Hazard ratio values are used to
interpret significant variables. The following is the hazard
ratio value presented in Table 4:

TABLE 4. Hazard ratio for significant variables

Variable Hazard Ratio Exp (1) P-value
Gender 1.298 1.298 0.011
Comorbidity 0.054 0.054 2x107

Based on Table 4, it is known that the significant variables
are sex and comorbidities because the p-value < 0.05, which
means that sex and comorbidities affect the survival of
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COVID-19 patients. Male patients have a survival probability
1.2 times higher than patients of female gender. Meanwhile,
COVID-19 patients who do not have comorbid status have a
survival probability 0.05 times higher than COVID-19 patients
who have comorbid status.

V. CONCLUSION

Based on the results of the analysis and discussion of
estimation and Stratified Cox regression modeling in COVID-
19 patients at hospitals throughout Makassar City, it can be
concluded that the factors that can affect the length of
recovery for COVID-19 patients are gender and comorbidities.
Patients of the male gender have a survival probability 1.2
times higher than patients of the female gender. Meanwhile,
COVID-19 patients who do not have comorbid status have a
survival probability 0.05 times higher than COVID-19 patients
who have comorbid status.
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