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ABSTRACT

Along with the well-known Cox-model in the area of survival analysis there is an interesting alternative: The Additive
Hazards Regression model, which is sometimes referred to as Aalen's Linear Regression model (or simply Aalen-
model). In contrast to the semi-parametric Cox-model, the Aalen-model is nonparametric. The concept permits an
assessment of time dependency in covariate effects with regression functions and corresponding graphics. Those
graphics are denoted as Aalen-plots. Beyond, the model allows the inclusion of time-varying covariates.

The basic principles of this model will be presented throughout this paper, including estimates, confidence intervals
and test statistics. Based on the statistical theory of counting processes and martingales the calculations turn out to
be reasonable simple. Programming was done with SAS® software, incorporating SAS/Graph® and SAS/IML®
The model is applied to data from EVITA-HF (Evidence Based Treatment - Heart Failure) survey. Results are
presented in short and different types of Aalen-plots are identified.

INTRODUCTION

In clinical trials the focus might be on the statistical analysis of life expectancies or survival times. Throughout this
paper, survival times are considered as elapsed time until a certain event e.g. death or another "absorbing" state
occurs.

A SHORT HISTORY OF SURVIVAL TIME ANALYSIS

There is a long tradition in the statistical analysis of life times or survival times. In the beginning it was applied to
demographic objectives (Lexis 1875). Later an interest in analysing life cycles (e.g. life periods of light bulbs) grew in
engineering sciences (Weibull 1939).

Translation of these methods to clinical trials is not straightforward. So-called "censored" observations are usually an
issue in this context. This means that some patients are alive at the end of the observation period in a study. In this
case a certain "survival time" is known. But this knowledge is incomplete. It is regarded as a partly known survival
time. At least it covers the time under observation. In another case it might happen that a patient deceases due to
circumstances which are not directly linked to the study, e.g. death by accident. Ignoring these types of information
would lead to an under-estimation of survival probabilities. This type of censoring is sometimes denoted as "right
censoring", because the individual time axis is cut off at the right-hand side. Other censoring schemes are possible.
"Left censoring" describes cases where the start of the observation period is not known. This might occur, if the
starting point of a certain disease is unclear. "Interval censoring" with intermittent observation periods is possible as
well. In this paper the use of censoring is restricted to right censored data.

The statistical analysis of censored survival times started with the estimation of the survival probability functions
(Kaplan, Meier 1985). Due to the importance in clinical trials, a broad range of methods was developed afterwards.
Starting with the log-rank test (Peto, Peto 1972) for the statistical comparison of survival probability functions, a vast
amount of methods and applications was published. The best know contribution was made with the Cox proportional
hazards model (Cox 1972). It allows estimating the influence of several covariates on survival with regression
methods.

Growing interest in counting processes and martingale theory in the 1980s and 1990s led to the development of
another regression model for the estimation of covariate influence on survival - the nonparametric additive hazard
model. Sometimes it is referred to as "Aalen-model", named after the contributions made by O.0. Aalen 1980, 1989
and 1993.

For the application of regression models in survival analysis, it is important to know that hazard functions (or rates)
are modeled, rather than survival probability functions. A hazard function describes the instantaneous probability of
shifting into an absorbing state (i.e. death) as a function of time.

AVAILABLE SAS PROCEDURES

For the statistical analysis of censored survival times, at least two variables are required for each patient: The first is
the observed survival time (in days, weeks or years) regardless of any censoring information. This information is
coded in a second variable with two realizations ("censored", "complete observation until death"). The information
about treatment arms might be requested as well for each patient.

1



PhUSE 2012

In the analysis of survival times with censoring, Kaplan-Meier estimates are used for the estimation of the survival
experience in different treatment arms or other groups. These survival curves are given as a function over time in
appropriate graphs (Kaplan-Meier curves). A statistical test (log-rank test) is applied to assess the difference in
survival experience.

If covariates are considered, they have to be available as further variables, e.g. blood pressure, tumor staging etc. In
clinical trials there are often more variables (covariates) which exhibit a prognostic effect on survival. The Cox-models
is applied to assess the influence of those covariates. This influence on survival is modeled with appropriate
regression methods. For each covariate a regression parameter R is estimated. A statistical test for the hypothesis Hy:
3=0 is applied. A p-value<0.05 (or another appropriate significance level) indicates that the corresponding covariate
has a significant effect on survival.

Several SAS procedures are available for the analysis of survival times:

e proc lifereg - Parametric models for failure time data, e.g. for Weibull and exponential distribution,
considering censored observations.

e proc lifetest - Estimation of the survival probability function in terms of Kaplan-Meier curves and comparison
of such curves with log-rank tests (and many more applications).

e proc phreg - Regression analysis of survival data, based on the Cox proportional hazards model, estimates
of covariate influence and of survival probability functions with tests and confidence intervals (and many
more applications). This SAS procedure allows for time varying covariates within the counting process style
of input.

e proc surveyphreg - Regression analysis of survival data based on the Cox proportional hazards model for
complex survey sample designs.

Besides the Cox-model, the Aalen-model might be applied for regression analysis of censored survival times. As this
model is not available in SAS software it will be introduced in the following sections.

THE NONPARAMETRIC ADDITIVE HAZARD MODEL

The nonparametric additive hazard model (Aalen-model) finds its application in the same area as the Cox-model. In
addition to the assessment of covariate influence on hazard functions with statistical tests and confidence intervals,
the Aalen-model offers interesting graphical results. In fact, the primary estimates from this model are cumulated
regression functions in contrast to regression parameters as described above. These functions might be graphically
displayed as so-called Aalen-plots. They allow a visual assessment of the influence of each covariate on the survival
experience over time.

A statistical test is applied in order to assess if the cumulated regression-function is different from zero, i.e. if a
significant covariate effect is present.

LINEAR HAZARD MODEL
The model is used to estimate the influence of several covariates on survival. Again, survival is expressed as hazard

rate. Aalen suggests a linear hazard model, postulating a linear combination of a covariate matrix Z(t) and a vector

of unknown regression functions  ; () which model the hazard rate ¢z, (¢) with patients i=1, n.

o, () =y, +7(0)-Z,(#)++ 7p(t) ) Zip(t)
Zi(t) denotes the elements of a nx(p+1) covariate-matrix, i.e. the matrix containing the covariate information (in each

of p columns) for each patient (in each of n rows). Most important at this place is the linear association between
hazard rate, regression functions and covariates.

CUMULATIVE REGRESSION FUNCTIONS

In the model above, the regression-functions are to be estimated. From reasons lying in the theory of counting
processes and martingales, it is not possible to estimate the regression functions directly. Therefore cumulative (or
integrated) regression functions are estimated by integration over time.

I'(f)= j 7(s)ds

This denotes the integration of all instantaneous increments. It might be interpreted as a sequence of cumulative
sums over time.

NONPARAMETRIC ESTIMATION OF CUMULATIVE REGRESSION FUNCTIONS
Aalen (1989) shows that the estimation of the integrated hazard function is a least square estimator for each survival
time.

r()= Z[(Y(Tk)TY(Tk))le(E)T]'Ik

T, <t

e T, denotes the distinct, observed survival times.
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e | denotes a nx71-vector, indicating the current survival time, i.e. for the k-th survival time, the vector consists
of a 1 in the k-th row and 0 in all other rows. There will be no 1 at places with censored data. Therefore no
estimates will be given at time points corresponding to censored data, i.e. the increments are zero.

The basic structure of the estimate is that of a regular least squares estimate which is calculated at several time
points. Different is the time dependency of the Y-matrix, containing the covariate information, which is worth a further
description in the next section.

THE DESIGN-MATRIX
The design matrix at the time of first observation contains all covariate values from the covariate matrix Z(t).

1 Zu(T1) le(T1)
Y(T)=|: :
L z,@ - Z,T)

The design matrix at the time of i-th observation shows a different shape. Deceased individuals do not make any
contribution to the next estimates. So the corresponding lines are set to zero.

0 0 . 0
Y(T) 0 0 0

i 1 le (T[') le (]:)

1 an(]:‘) an(Y;)

And the design matrix at the time of last observation comes out with only one non-zero line present.
Y(T)= :

( r/) 0 O .. O

1 an(T;z) o an(T;q)

From this scheme it is easy to see, that every kind of censoring scheme might be taken into account by setting the
lines in this matrix to zero or not. This comprises left or right censoring and even interval censoring. Time varying
covariates can be included into the model as well by updating values. If a covariate value in a patient changes during
the course of the trial, say after d days under observation, the respective line in the design matrix is updated for all
time points after day d.

CONFIDENCE INTERVALS AND TEST

The calculation of test statistics and confidence intervals is similar to the calculations explained above, incorporating a
matrix with appropriate weights. The covariance matrix provides standard errors for confidence intervals for each time
point (point-wise confidence intervals).

N
Q1) =YY (T,) - diag(1,)- Y (T,)
T, <t
Statistical tests are requested for testing if the effect of a covariate on the hazard rate is different from zero. To do so,
a process of test statistics is estimated. The process of the test statistic is a weighted sum of the increments.

H@) =Y LT)- Y (T)-1,

T, <t

There are several different proposals for the weight process L(t). The simplest is to take the number of individuals at
risk. Aalen (1998) uses a weight process, proportional to the variance process. The overall statistic is derived from
this process. The last time point is used and multiplied by a weighted version of the covariance matrix which yields a
normally distributed statistic.
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SAS PROGRAMMING

The data requirements are straightforward: The survival times T, and the information on censoring is needed for
construction of l,. The design-matrix, containing the covariate information is requested as well. This is a fixed nx(p+1)-
matrix as long as no time-varying covariates are involved.

Consider data to be as follows.

Patient Survival Censored Treatment Age Gender Tumor <other
Number time observation (A/B) (years) (male/ grading covariate
(days) (yes/no) female) values>
001 15 no A 79 female I
002 26 yes A 65 male Il
003 43 no B 75 Male 15 days: lll
43 days: IV

The columns on the right, starting with "Treatment" define the design matrix. After an observation period of 15 days,
the first patient dies (=not censored observation) and the second is lost to follow up after 26 days (=censored
observation). The third patient dies after 43 days. Estimation and Aalen-plots are to be estimated for survival times at
15 days and 43 days. There are no calculations for 26 days, because this is a censored observation. If time-varying
covariates are included, this matrix has to be updated. For example, consider the covariate "Tumor grading". In this
example it might happen that patient 003 contributes with tumor grade Il to the first survival time, i.e. to the
calculations for day 15, and with grade IV to the calculations at day 43. This is an illustration for a time varying
covariate, which enters the calculations by updating the design matrix.

The accumulation of increments includes all estimates up the current survival time. Therefore a recursive calculation
process is necessary. All this is easily done with SAS/IML, where a do-loop is requested besides multiplication and
inversion of matrices. The results are displayed as cumulative regression functions over time applying SAS/Graph.

APPLICATION TO DATA FROM EVITA-HF SURVEY
The EVITA-HF (Evidence Based Treatment - Heart Failure) is a prospective multi-center survey. Data are collected in
13 hospitals throughout Germany. The observation period started in 2009. In the current state, approx. 2800 patients
are included. Follow-up is completed for approx. 1420 patients, who are available for survival analysis.
Observations with missing values in covariates are deleted from any calculations. There are 1347 observations left
with 187 events (=deaths) and 1160 censored observations. The survival times (censored or not) are given in days.
They are in the range from 1 day to 811 days (approx. 2.25 years).
The model is applied to the data and eight covariates are analyzed:
e Gender (male / female)
e Age atentryin years
e LVEF = left ventricular ejection fraction, the volume of blood pumped out of the ventricle (heart) with each
heart beat; lower values represent a worse heart-function
o NYHA classification with values from I to IV, a measure for physical performance of patients suffering from
heart failure, published by the "New York Heart Association"
e ICM = ischemic cardiomyopathy, a primary reason for heart failure, can be understood as poor oxygen
supply of the heart muscle
e CMP = cardiomyopathy or "heart muscle disease", a primary reason for heart failure caused by deterioration
e MI = previous myocardial infarction
e Renal failure, a concomitant disease with a large prognostic impact
For exploratory purposes, the results in terms of p-values from the Cox-model (proc phreg) and from the Aalen-model
are given side by side:

p-values for influence of covariates

Covariate Cox-model Aalen-model
Gender 0.359 0.277
Age 0.007 0.005
LVEF <0.001 <0.001
NYHA 0.005 0.010
ICM 0.304 0.174
CMP 0.194 0.146
Mi 0.137 0.102
Renal failure <0.001 <0.001
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In addition, there are the so-called Aalen-plots which might be used for a further investigation of the influence of
covariates on survival times. The whole set is given at the end of this paper. Selected Aalen-plots are briefly
discussed in the following sections.

COVARIATE WITH NO INFLUENCE ON THE HAZARD RATE

The covariate "Gender" is an example for a covariate with no influence on hazard rate. The Aalen-plot for this
covariate is given below (CRF = cumulative regression function). It is obvious, that the 95% confidence intervals
include the zero line at each time point. The p-value of 0.277 confirms this.

CRF Gender
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COVARIATE WITH A PERSISTENT INFLUENCE ON THE HAZARD RATE

The covariate "Renal failure" is an example for a covariate with a persistent influence on hazard rate. The Aalen-plot
for this covariate is given below. The 95% confidence intervals do not include the zero line at any time point.

The p-value of <0.001 confirms this. If the slope in an Aalen-plot is ascending or descending, depends on the coding
of covariates. In this example, renal failure was coded as 1 and the absence of renal failure was coded as 0. Patients
who experienced renal failure have a higher probability to decease.

CRF Renal failure
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COVARIATE WITH A TIME-VARYING INFLUENCE ON THE HAZARD RATE
The covariate "NYHA classification" is an example for a covariate with a time-varying influence on hazard rate. The
Aalen-plot for this covariate is given below. The 95% confidence intervals include zero up to ca. 100 days. Afterwards
the 95% confidence intervals are beyond zero. In this case, the risk for patients with different NYHA classifications is
equal up to 100 days. After this time point the risk is higher for patients within higher NYHA classes. Although the last
values for the confidence intervals include zero, the p-value is 0.010, indicating that a significant influence was
detected during the course of the Aalen-plot.

CRF NYHA
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CONCLUSION

Although all calculations are easy to do and the model is described extensively in the statistical literature, the
experience in clinical trials is limited.

As no SAS procedures are available and the cumulated regression function is not easy to understand in the context of
clinical trials, the practical experience with this model is low. Nevertheless "Aalen-plots" can give valuable and deeper
insight in results of any survival analysis. Other advantages of the nonparametric additive hazard regression model
are the possibilities to involve all kinds of censoring schemes and to account for time varying covariates. Beside this,
the calculations are straightforward and do not require any numerical solutions.

Throughout this paper, not all potentials were explored. The author thinks that further research might be useful,
especially in the examination of the time dependency of covariate influence in this particular regression model. There
are several published approaches for describing a change point in hazard rates. These methods might be translated
to the cumulative regression functions. Some references are given in the recommended reading section.
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ALL AALEN-PLOTS CREATED FOR THE EVITA-HF SURVEY
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