Statistics

Statistical Methods in Studies of Radiation Risk

Dale Preston
Department of Statistics
Radiation Effects Research Foundation
Hiroshima, Japan

Introduction

Ionizing radiation is one of the most thoroughly studied environmental hazards and modern statistical
methods are essential to our developing understanding of the health effects of radiation exposure. The
long term follow-up of the atomic bomb survivors in Hiroshima and Nagasaki, which has been underway
for 50 years and will continue into the next century, is one of the largest long-term epidemiological
follow-up studies ever undertaken. In addition to mortality follow-up of more than 90,000 exposed
victims of the bombings, the survivor studies involve a longitudinal clinical follow-up study of a cohort of
15,000 survivors, which will soon enter its 40th year. The atomic bomb survivor studies are not the only
large scale investigations of the long term health effects on radiation on humans. Qther large studies
involve nuclear industry workers from several countries (Cards et al. 1995, Gilbert et al. 1993), cohorts of
people exposed to radiation for diagnostic or therapeutic purposes (Darby, Boice et al. 1985, Howe, 1995),
studies of the effects of the Chernoby) accident and of other populations in the former Soviet Union with
significant radiation exposures (Kossenko and Degteva, 1994; Koshurnikova et al 1994),

The United Nations and other national and international organizations routinely produce major reports
synthesizing the results of studies of radiation effects UNSCEAR, ICRP 60, BEIR V). Because of the
public concerns about the health effects of radiation the results of these studies have a direct and
significant impact on policies regarding radiation protection.

Analyses of data from studies of radiation effects involve a broad range of interesting and challenging
statistical issues. Statistical problems that arise in radiation studies include: errors in dose estimates often
with highly asymmetric or non-continuous distributions (Pierce et al. 1990); over-dispersed count data in
the analysis of chromosome aberrations or other biomarkers of radiation exposure (Ochi and Prentice
1984, Moore 1986); calibration problems that arise in efforts to use biological outcomes 10 estimate
unknown exposures; longitudinal methods for the analysis of growth curves or clinical measurement data
(Wong et al); image analysis and pattern recognition in the examination of parent-child trios to search for
DNA-level evidence of radiation-induced mutations.

One area in which studies of radiation effects have lead to the development of useful statistical methods
concerns regression analyses of cohort survival data. Partial likelihood methods for proportional hazards
models in which the relative risk is (usually) modeled as a log-linear function of covariates with an
arbitrary model for the baseline hazard have played a central role in the analysis of survival data since the
seminal paper by Cox (1972) and the book by Kalbfleisch and Prentice (1980). In studies of radiation
effects partial likelihood methods and proportional hazard models were used by Gilbert and Marks (1979)
in analyses of data on US nuclear workers and by Prentice et al. (1983) for analyses of radiation effects in
the atomic bomb survivors. However, since the early 1980’s alternative models and estimation procedures
based on Poisson regression methods have been adopted for use in studies of radiation effects on mortality
and morbidity and are now being used in an increasing number of non-radiation applications.

In this paper I introduce a class of generalized hazard function models that has proven to be extremely
useful in the analysis of radiation effects, and describe how Poisson regression methods applied to detailed
tabulations of cases and person-years can be used to fit these models. Issues related to the construction of
suitable person-year tables are also discussed. Although this presentation focuses on the use of these
models and methods in studies of radiation effects, it should be clear that the models and methods are
applicable to a wide range of problems.
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Poisson regression and hazard models for radiation effects

The classical proportional hazards model has the form

AMr)eP?

where ?\.(l‘ ) represents the baseline or background hazard as a non-parametric function of time t, zis a

vector of covariates, and eB Zis the relative risk function. The most common (though rarely used)
extensions to this model involve: allowing the background hazard to depend on some stratification
variables; the inclusion of time dependent covariates in the relative risk model; and replacing the log-
linear relative risk function by a linear model of the form (1+ [ z) , where [3 Z is a linear model for the
excess relative risk.

While classical proportional hazards modeling methods are useful in modeling radiation effects in the
atomic bomb survivors and other large cohorts there are several compelling reasons 1o consider alternative
approaches. First, because of the large size of many of these studies and the nature of the models of
interest, which often involve time-dependent covariates, there is a need to develop more efficient
computational procedures. In addition, experimental data and theoretical considerations have suggested
the use of alternatives to the simple log-linear models for the relative risk.

The following equation is an example of a relative risk model of interest in radiation studies:

A, (@) (1+PB, d e ). M

In this model the baseline hazard ( ?\,sp (a) ) is a function of attained age (a) and depends on strata defined

by sex (5) and calendar time (p). The dose effect is described in terms of the excess relative risk, which
depends linearly on dose (d) with a sex-dependent slope and log-log-linearly on time since exposure (f).
The model (1) often must be extended 1o allow for non-linear dose response functions or for the
consideration of other factors that may modify the radiation effect, such as age at exposure. In many
radiation studies the situation is further complicated by the fact that dose is a relatively complex time-
dependent covariate. '

Model (1) has several features that distinguish it from commonly used proportional hazards models. First,
the model involves multiple time-scales (age, calendar time, and time since exposure) and time-dependent
covariates. In addition, the form of the model is more complex than the log-linear or simple additive

d+ B Z ) models available in the standard computer packages for proportional hazards modeling.

Even with suitably flexible modeling software (such as Epicure [Preston et al. 1993]) and today’s powerful
computers, fitting a model like (1) to a large cohort without some grouping of the data is time consuming
and discourages the exploratory modeling that can lead to potentially important insights into the data
being considered.

As noted above, Poisson regression methods for survival data can be used to overcome almost all of the
problems that arise in working with models such as (1). The basic ideas underlying the use of Poisson
regression for survival data were outlined by Holford (1980), Frome (1983), and Pierce and Preston
(1984). In particular if one assumes that the hazard function is constant on strata defined by time and
other factors then the likelihood for the censored data is equivalent to the likelibood that arises when the
number of events in each stratum (C:.) are treated as independent Poisson random variates with
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E(C)=AF

where A, is the stratum (or cell)-specific hazard and P, is the total time at risk (usually person-years) in
the stratum. If the data for each cell also include a vector of covariates (Z;) that describe representative

values for the various time scales (for example attained age, time since first exposure, and calendar
period) and other covariates (dose, sex, age at first exposure) for the cell, then one can use Poisson
regression methods to fit models that describe the variation in the hazard function over strata with time
and other factors.

One of the strengths of the Poisson regression approach to the analysis of survival data is that once a
suitable cross tabulation has been created, parameter estimation and inference for models involving
multiple time scales or other time-dependent covariates requires no more computational effort than are
required for models that do not have such factors. Creation of a person-year tabulation requires roughly
the same amount of computational effort as one iteration in the fitting of a model with time-dependent
covariates. Because the Poisson regression method can be viewed as fitting models to crude rates it can be
easier to test hypotheses and to explain results than is the case for other methods commonly used in the
analysis of cohort survival data.

An appealing feature of partial likelihood methods is that they allow one to focus on the relative risk
without any explicit modeling of the background hazard, which can be quite difficult for ungrouped
survival data. There are efficient Poisson regression algorithms (Preston et al. 1993) that allow one to
model relative risks for grouped survival data using highly stratified models for the background hazards.
When using these algorithms the background stratification factors include categories for the primary time
scale (e.g. age) and other factors of interest (e.g. sex, place of residence, birth cohort, calendar time
period).

In analyses of radiation data attention is usually focused on the radiation effect but it can also be important
to describe and understand the background hazard function. In contrast to the situvation for ungrouped
survival data, when using Poisson regression methods to model grouped survival data, it is possible, and

2
indeed quite straightforward to specify and fit fully parametric models, such as g% *%/*o @%@} ¢

the baseline hazard.

Because Poisson regression methods allow one to fit parametric models for the full underlying hazard, itis
simple and straightforward to consider non-proportional hazards models. One class of models of interest
in radiation effects are absolute risk (risk difference) models. The following equation is an example of
“simple” background plus excess rate model:

ea,ﬂ,we,ln(a}m,lnz(a)_l_(ﬁl d+ﬁ2d2) @

In this model the excess absolute rate is assumed to be a quadratic function of dose but not vary with time
(after some minimal latent period). Until about 15 years ago, constant absolute risks like (2) were of
considerable interest in radiation studies. With the introduction of relative risk modeling methods it has
been shown that the excess absolute risk is not constant in time and attention has focused on relative risk
models like (1). However, current analyses of the atomic bomb survivor data (Pierce et al. 1996) suggest
that time-dependent models for the excess absolute risk such as

2
ea,+t,p+e,ln(a)+r|,ln {a) + Bdeyln(u) (3)
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can describe the excess risks for cancers other than lenkemia as well as more complex relative risk
models. Fitting a model like (3) using Poisson regression methods is no more difficult than fitting relative
risk models if one has access to suitable Poisson regression software.

In some studies of radiation effects rates in the study population are compared to those for an external
unexposed. As described by Breslow et al. (1983), standardized mortality ratio (SMR) regression methods

can be used for this purpose. Given population rates, e.g. F5, D where the rates depend on sex, age at
death, and calendar time period, one might be interested in an SMR-regression model like

8,7, 1+, de™™)

Fitting such a model using standard proportional hazards modeling software would be a challenge
but fitting this models (or its risk difference equivalent) is quite simple using good Poisson

regression software (e.g. the AMFIT program in Epicure).

Person year computation for Poisson regression

As suggested above Poisson regression methods can be extremely useful for the analysis of censored
survival data. They are especially useful and efficient when working with multiple time-scales or time-
dependent covariates or with SMR-regression. The key to using Poisson regression methods in survival
analysis 1s the creation of the person year tabulation. As noted above, in order to use Poisson regression
methods the data for individual cohort members must be summarized in a person-year (or more generally
event-time) tabie.

The cells (records) in this table are defined by a cross classification over categories of the factors of
interest which would typically include at least one and often several time scales (e.g. attained age, time
since first exposure, length of employment), factors which do not vary with time (e.g. sex, race, age at first
exposure, place of first exposure, dose in the case of a single acute exposure), and possibly time-dependent
covariates (dose in the case of occupational exposures). In most cases each cell in a person year table will
inciude data from several subjects. However, there is, in principal, no problem in working with data in
which there is a separate record for subject for each period at risk. This latter data structure is quite
similar to data structure used in analyzing survival data using counting process methods (Andersen et al.
1992).

The data for each cell in the table inciude the total time at risk in the cell (typically in person years), the
number of events in the cell (in some studies there can be multiple types of events in a cell, e.g. deaths
from various causes); and representative values for the covariates in then cell. These representative values
{or summary variables) are typically person-year {(or person) weighted means for all people ever at risk in
the cell. It can also be useful to count the number of people ever at risk in each cell and the number of
people who had there first period at risk in this cell. For SMR regression it is also necessary to include
the appropriate population rate(s) as a covariate for each cell.

In creating a person year table for survival analysis, it is important that the resolution be fine enough not
to hide important variability in the risk. For example if one has reason to believe that the hazard function
is changing quite rapidly early in the follow-up period and much less rapidly later in the follow-up period,
it would be important to allow rather narrow intervals for shortly after the exposure with, perhaps, broader
intervals at later times. When working with time-dependent covariates, it is also important to make sure
that the resolution used in updating a person year table is fine enough to insure accurate assessment of the
time-dependent covariates. For example, in a study in which one factor of interest is the number of
children a women has the use of five year intervals for time or age can lead to an inaccurate
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categorization of the number of children. One can deal with such problems by either explicitly using a
finer resolution for the time scale(s) or, if the program allows, setting the resolution to be used in updating
the table to be finer than the resolution specified by the time categories used to define the table.

Person-year tables for survival analysis can, and generally will, have a large number of cells. InTecent
work with the atomic bomb survivor data the person-year tables generally have 5,000 to 25,000 cells. In
smaller studies it is not uncommon for the number of cells in a reasonable person-year table to exceed the
number of cohort members.

There are few general purpose programs for the creation of the complex person year tables. The DATAB
program in Epicure is the most powerful widely available general purpose person-year tabulation

program. DATARB can be used to create tables with a broad range of summary variables that involve
categories defined in terms of multiple time scales, fixed variables, and complex time-dependent variables.
DATAB also includes a facility for the addition of external rates for use in SMR regression,

Inference and goodness of fit in Poisson regression analyses of survival data

As noted above, by assuming piecewise constant hazards it is possible to use ordinary Poisson regression
methods to model hazard functions. An appropriate level of grouping for many analyses can involve a
large number of cells with the expected number of events being quite small in many if not all cells in the
table. In addition, in many problems, including radiation effects studies based on large cohorts, the
number of informative events may be quite small so there is a need to be concerned with the adequacy of
the asymptotics that underlie commonly used procedures for hypothesis testing and inference.

When working with highly stratified data simple comparison of the total deviance to its degrees of
freedom is not useful as a summary measure of goodness of fit. In particular, the total deviance is often
much smaller than its degrees of freedom (number of cells minus namber of free parameters). This
problem arises because the deviance corresponds to the difference between the log-likelihood for the
model being fit and the log-likelihood for 2 saturated model (i.e. 2 model that includes a parameter for
each cell in the table) and for finely stratified data the log-likelihood for the saturated model depends on
arbitrary aspects of the grouping over factors not included in the model of interest. Because of the

problems with the global deviance (or Pearson xzstatistic), assessment of the fit of grouped data survival

models should rely on likelihood ratio tests (deviance differences) for hypotheses related to specific
aspects of the lack of fit. Such tests may involve test for trend or the use of categorical factors.

For non-nested models, i.e. pairs of models in which the parameters of one model are not simply a subset
of parameters in the other, comparison of Akaike information criterion (Akiake, 1973; McCullagh and
Nelder 1990 pp 90-91)) values can be useful. The Akaike information criterion is defined as the deviance
plus two times the number of fitted parameters in a model.

The most commonly used methods for hypothesis testing and the construction of confidence intervals for
specific parameters involve the use of Wald statistics, which for a single parameter are based on the ratio
of the parameter estimate to its asymptotic standard error. The validity of these tests is based on the
assumption that the profile log-likelihood is well-approximated by a quadratic function of the
parameter(s).. When working with limited amounts of data or non-linear regression models it is wise to
use asymptotic methods which do not rely on assumptions about the shape of the profile likelihood. In
such cases one should use likelihood ratio tests and profile likelihood-based confidence bounds (Cox and
Hinkley, 1974 p. 218). Plots of the of the profile likelihood can provide useful insights into the nature of
uncertainties in parameter estimates. Computation of likelihood-based bounds and the evaluation of
profile likelihood functions can require a lot of computation, but if one is using software that provides
direct support for profile likelihood evaluation the computations are quite practicable on current
workstations and high-end personal computers.
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Concluding remarks

Paisson regression methods for grouped survival data are an important tool for the analysis of censored
data. By making it making it possible to model the hazard function directly this approach allows the
analyst to work with a broad range of useful models that are difficult or even impossible to fit using
standard parametric or semi-parametric methods. In this paper I have presented some examples of
general hazard function models from a class of relative and absolute risk models that are central to
modem analyses of data on the long-term health effects of radiation exposure. Models of this type should
also be useful in other fields.

The obstacle to the widespread used of these methods is the creation of detailed person year tabulations.
Powerful, general purpose programs for the creation of such tables are available (e.g. DATAB), but
additional work is needed to make it easier to create person year tables for situations that involve complex
time-dependent exposures or other time-dependent factors.
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