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Latency Analysis in Epidemiologic Studies of
Occupational Exposures: Application to the
Colorado Plateau Uranium Miners Cohort

Bryan Langholz, phD,* Duncan Thomas, PhD, Anny Xiang, PhD, and Daniel Stram, PhD

Background Latency effects are an important factor in assessing the public health
implications of an occupational or environmental exposure. Usually, however, latency results
as described in the literature are insufficient to answer public health related questions.
Alternative approaches to the analysis of latency effects are warranted.

Methods A general statistical framework for modeling latency effects is described. We then
propose bilinear and exponential decay latency models for analyzing latency effects as they
have parameters that address questions of public health interest. Methods are described for
fitting these models to cohort or case-control data; statistical inference is based on standard
likelihood methods.

Application A latency analysis of radon exposure and lung cancer in the Colorado Plateau
uranium miners cohort was performed. We first analyzed the entire cohort and found that the
relative risk associated with exposure increases for about 8.5 years and thereafter decreases
until it reaches background levels after about 34 years. The hypothesis that the relative risk
remains at its peak level is strongly rejected<F0.001). Next, we investigated the variation

in the latency effects over subsets of the cohort based on attained age, level and rate of
exposure, and smoking. Age was the only factor for which effect modification was
demonstrated (P= 0.014). We found that the decline in effect is much steeper at older ages
(60+ years) than younger.

Conclusion The proposed methods can provide much more information about the exposure—
disease latency effects than those generally uséwch. J. Ind. Med. 35:246-256,

1999. © 1999 Wiley-Liss, Inc.
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INTRODUCTION

Veterans Committee was charged to review the scientific
literature for information about latency effects. In particular,

As part of their investigation of the possible effects ofhey were to summarize the current state of knowledge

herbicides on the risk of cancer in Vietham veterans, thegarding the following latency-related questions:
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® How long does it take after exposure to detect an increase
in disease risk?

® How long do the effects of exposure last?

® Are such effects modified by age or other factors?

The second and third questions are of particular importance
for Vietham veterans. While it appears that the veterans
generally received very low exposures, there is still concern
about more highly exposed subgroups and a perpetual
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controversy about exposure assessment. However, the t'

ing of exposure can unequivocally be restricted to the ran |Relative

of dates that herbicides were used during the Vietham W effect

Thus, much could be said about the risk to exposed veter:

(as well as any herbicide exposed group) today if we kne

about the evolution of risk with time since exposure, th

latency effects. Of course, since exposure information is r 5 7.5 10 15 1820 Latency (years)
available on the veterans themselves and, in any case, they

generally had very low exposures, this information needs HBURE 1. The relative effect of exposure as a function of time since exposure
be inferred from other, more highly exposed cohorts. The time in the past): instantaneous exposure.

committee concluded that, although some studies reported

latency results, they were of limited value in answering the, .o i determining the risk of cancer and other chronic
types of latency-related questions raised above [NAS/NR{seases has long been recognized (Armenian, 1987). Early
1996]. - ) ) _ attempts to characterize the latent period were based on the
The difficulty in using the published reports to assesgy e idea of tabulating the time from exposure to disease
the role of latency on cancer risk from herbicides was thﬁ.} those who experienced both in order to get a “latency
latency effects were quantified as the (relative) risks asyftribution.” This technique was shown to be seriously

funct!on _Of tlmg since first exposure. Th_'s IS @ COMMOR\yeq. In particular, this distribution is completely depen-
practice in studies of occupational or environmental eXPQant on the length of follow-up of the study group. The

sures and chronic dlgeas_es becau.se ther.e IS general%n@erthe group was followed, the longer the apparent mean
period after exposure in which there is very little mcrease&lb%

i<k due to that foll db i in risk tency since new cases would always have longer time to
risk due to that exposure, followed by an INCrease I rSK. 9fgo 456 than those previously followed (Enterline and Hender-
evidence of such a pattern is often used to establish a caus

lationshio betw h d d , 1973; Peto, 1985; Thomas, 1987). This phenomenon is
relationship between the exposure and disease (e.g., ecisely the motivation for methods that accommodate

1965). Such an analysis is generally sufficient to answer tcgnsoring in failure time data. Thus, it is natural to apply the

first question raised above. However, if the exposure |S . :
. . . methods for censored survival data that serve as the basis for
protracted, as is the case with most occupational exposures L . T
: . . L . . standard statistical methods used in the study of variation in
the time since first exposure analysis will not be informative . ; . : . .
: . . rates used in epidemiologic studies. In this context, latency
about the general evolution of risk due to a given exposure

history, and cannot be used to answer other Iatency-relaﬁgII be guantified as_the e\{olutlon of the rate, or more
questions such as the second and third questions rair%gvantly, the rate ratio relative to unexposed subjects, as a

above. While methods exist for describing latency effectsféfigﬁgf)srtlei?]f ig;el)smce exposure (Thomas, 1983, 1987;

protracted exposures (€.g., Breslow and Day, 1987, Chapter To start, it is easiest to consider a single “instanta-
5), these have rarely been used in practice. We believe this is ' 9

because 1) the parameters in these models do not dire us™ exposure. Exposure to rg@atlon from the a_tomlc
address the public health questions, and 2) there mbs at Hiroshima and Nagasaki is an example of this type

technical difficulties in fitting such models to protracte&J exposure. As time p"?‘ssed- IeL_lkemla rates among t_hose
exposure data. Also, latency models have often been de posed went up for a time, relative to that expected given

- ‘g : eir age, then came back down to about “normal” (NAS/
oped in the context of mechanistic models for carcinogep- ] ) . :
esis that make specific predictions about latency effec RC, 1930; Curtis and Thomas, 1992). As llustrated in the

rather than as a descriptive tool ypothetical example in Figure 1, the effect of exposure 7.5

In this article, we focus on descriptive methods f ears since exposure is about ten times that after 18 years
addressing latency questions and propose some sirﬁéﬁ’éj elapsed. Note .that rather.than time sin(_:e exposure, we
flexible latency models that have parameters that are direc equivalently think of thg time scale as time n the past
relevant to questions of public health. We apply the d that the latency curve gives the relative effectiveness of
methods to extensively analyze latency effects in the Colgl? €xposure bY h°V_V long ago in th_e ba stit was experienced.
rado Plateau uranium miners cohort. This point of view is useful for thinking about protracted
exposures. One can think of a protracted exposure as a

METHODS sequence of instantaneous exposures experienced, say, annu-
ally. The total effect of the protracted exposure is then the

Latency Models for Protracted sum of the annual exposures weighted by the latency curve.

Exposures For example, consider an individual who is 40 years old and

was exposed between ages 29 and 35. Figure 2a gives the
The importance of latency effects, as well as oth@mnual exposure doses (represented by the vertical lines) for
time-related factors, such as attained age and age at exinis subject at age 40 as a function of number of years before
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b. Age 50 FIGURE 3. Some other possible latency curves.
Relative
effect
excess relative risk as a linear function of total effective
| dose. This is expressed as
0 5 10 15 20 25  Latency At D(D) = 2o ()(1 + BD() )
50 45 40 35 30 25 Age

wherel(t) is the rate of disease at age t in a (comparable)
FIGURE 2. The relative effect of exposure as a function of latency (in years) at unexpo_sed population arglis the_increas_e in relative risk

ages 40 and 50; protracted exposure. Each vertical line represents the one year's ~ P€r unit effective dose. Combining this dose-response
exposure level. model with the total effective dose formula (1), we note that

BD(M) = B [ duw(t— v du= [  dupwit—uydu  (3)

age 40. On this latency time scale, age decreases with

increasing latency with zero latency at 40 years of age. TBg thatw(t — u) gives the excess relative risk per unit dose
total effective dose for this exposure history at age 40 woudgcribed to exposure attu years in the past.

then be the sum of the doses at each age multiplied by Other forms for the rates may be more appropriate in
corresponding latency curve values. The total effective doggher situations, such as the log linear form (Cox model)
changes with the age of the individual since the overlying _

latency curve starts at the current age. As illustrated in At D(1) = Ao(t) exp (BD(1))

Figure 2b, 10 years later the total effective dose for thiss more complex relationships. In one simple alternative
individual is much smaller because of the lower values of thghich we will use, the parameters are the excess relative
latency curve multiplying the doses. Mathematically, if weisks in categories of exposure. Categorizing D(t) into “dose
let t be the current age and u index the ages at exposure, ifffervals” G,, the rates of disease for those in dose category
d(u) the dose at age u and w-tu) the latency curve t U ks given by

years in the past, then the effective dose at age t from an _

exposure incurred at age u is d(u)w{(tu). The total Mt G = No(O(L + Br)- (4)
effective dose at age t, D(t), is then given by

D(t) = >, d(u)w(t — u).
u Having introduced how to conceptualize the effect of
In one further step, instead of thinking of exposure durin'@tency on disease risk, we now describe the framework for

increments of time, it is often more natural to expresgvestigating the shape of the latency curve.
protracted exposure as given continuously in time. The sum First, we note that the shape of the curve given in Figure

Descriptive Latency Models

above then becomes the integral 1is not the only possibility. Some alternatives, illustrated in
Figure 3, are that the effect of exposure only increases, levels

D(t) = ftd(u)w(t— u) du (1) off at a maximum with time since exposure, or jumps

0 immediately after exposure. Note that the use of total
with d(u) now the dose rate at age u. cumulative exposure as the effective dose, as is a common
practice, is equivalent to assuming a latency curve that is
Modeling Disease Rates constant, and equal to one, over all time in the past. Thus, in

choosing models for the latency curve, we want to have

The total effective dose summarizes the exposufiexibility to accommodate some variation in shape. Further,
history into a single value that at each age can be relatedte want latency models that have parameters that have a

disease risk. A form of this relationship must be chosen simple interpretation and, in particular, are well adapted for
determined from the data. For various reasons, theoretiealdressing the public health questions we have discussed

and empirical, radiation effects have been modeled as thigove. This is different from mechanistic modeling, where
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Relative Relative
effect A |effect
1-.
> o o1 o2 L‘ t
5 10 15 20 Latency (years) areney
FIGURE 4. Piecewise constant latency model. b. Bfgelizwe
1+ slope > 0

the goal is to model latency (and other factors) within th
context of a presumed model of carcinogenesis, e.g., t
Armitage-Doll multistage model (Armitage and Doll, 1961
or Moolgavkar-Knudsen two-stage model (Moolgavkar ar @0 o1 Latency
Venzon, 1979). The goal here is to explore latency empi
cally. Thus, after using the simple step function to get ¢, S{felizive
general idea of the shape of the latency curve, we will favi |

the bilinear or exponential decay models described belc

because of their flexibility and because the parameters
interpretable in ways that are informative about the publ
health questions. A mathematical description of these mc ! .

els as they would be used in the data analysis is given in 1 ag <0 Q1 @2  Latency
Appendix. Here, we give an informal description of the
curves and their parameterization. FIGURE 5. Bilinear latency model variations.

Piecewise Constant Model
model are shown in Figure 5. The first, displayed in Figure

To get a general sense of the shape of the latency cur8e, is characterized by three times on the latency scale. Up to
a simple piecewise constant function over “time windowstime agthere is no effect of exposure. Then the relative effect
is appropriate (Finkelstein, 1991). This shape is illustratedincreases linearly, reaching a peakyears in the past and
Figure 4. This pattern is certainly not a realistic representdecreases linearly thereafter, reaching zero (no effeet) at
tion of the latency curve, in that changes in risk occurears in the past. This parameterization has the advantage
continuously and not in “jumps.” Further, we have foundhat it directly addresses the questions of how long does it
that the estimated height of the steps can be statistically véake before there is an effect of exposukg)@nd, assuming
unstable. This is because exposures in adjacent intervilat the effect eventually decreases with time, how long does
tend to be highly correlated. In spite of this, if there are nahe effect lastd,). Further,a, is interpretable as the time at
too many intervals the steps will give a data-driven overalhich the effect of a given exposure is maximum. In the
impression of the shape of the curve. Itis intended as a “firaskcess relative risk model, since the peak value of the
pass” model to get a sense of the shape of the latency curlsdinear curve is onep is interpretable as the maximum
Also, since the height of the steps are unconstrained, thecess relative risk; this is the excess relative risk attribut-
other models are approximately submodels (nested) in thille to exposures experienced at ahouyears in the past.
one so it can serve as a base model to test the fit of the othditsis parameterization cannot accommodate latency curves
The step heights are interpretable as the excess relative riglet do not decrease after the peak, as in Figure 5b. However,
per unit dose received during the respective latency intéhis can be accomplished by parameterizing the second line
vals. From formula (3), the total excess relative rishky its slope rather than hy,. In fact, the important question
associated with an exposure history is the sum of the excedswhether the effect of exposure ever decreases can be

relative risks for exposure over each constant piece. formulated as the hypothesis that the slope of the second line
is zero or greater. This can be tested using the one degree of
Bilinear Model freedom chi-square likelihood ratio test comparing the fit of

the bilinear model with the slope of the second line set equal
The bilinear model is a simple descriptive latencyo zero to the fit of the bilinear model with the slope (or,
model consisting of two attached straight lines, with thequivalentlya,) unconstrained. An increase in risk immedi-
height of the curve at the inflection point constrained to tegely after exposure is illustrated in Figure 5c. This shape is
one. Three potential shapes accommodated by the bilineharacterized by a bilinear model witly < 0. Thus, if the
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Relative to reduce the size of the analysis dataset by random sampling
effect from the “controls” for each case (e.g., Lubin and Gail,
1984; Langholz and Goldstein, 1996). Nested case-control
sampling, as this method is called, is particularly useful in
our analysis of the Colorado Plateau uranium miners be-
cause the latency model computations take an inconvenient
amount of time for the entire cohort. Standard conditional
logistic regression methods for matched case-control data
FIGURE 6. Exponential decay of relative risk after peak as a function of latency. ~ @re used to analyze the data with covariates computed at the
age of death of the case. In general, one should choose as
many controls as possible, while still being able to do an

estimate ofa is found to be (statistically significantly) @1alysis in a reasonable amount of time. In fact, if it is
smaller than zero. this is evidence that disease risk iRossible to use all controls, this should be done. It is still
creases immediately after exposure. On the other handS@mputationally much faster to have the data organized in
ag > 0, this is evidence that there is a period of no increaséase-control sets and use conditional logistic regression than
risk. to analyze with the cohort data directly using Cox regres-

sion, although they are the same analysis. This is because, in
the case-control arrangement, D(t) is calculated once for
each set of latency parameters, whereas it is computed
gmultiple times as a time-dependent covariate in Cox regres-

o) o L'atency

Exponential Decay Model

While we find the bilinear model very appealin
because it directly addresses the public policy questionsSiP":
may be reasonable to object to the presumption that the
effect of exposure would ever entirely disappear. FQstimating the Latency Model Parameters
example, the herbicide contaminant 2,3,7,8-tetrachlorodi-
bezo-p-dioxin (TCDD) is retained in fat tissue and is very  gstimation of parameters from the bilinear and exponen-
slowly released and eliminated over time. Thus, even if the,| qecay latency models poses special technical problems
TCDD exposure ended immediately, there are years Qf ., se the parameters are not a function of some simple
continued (low) exposure even after the original exposuf mmary of the exposure history. The search for the

has ceased. Thus, we propose an alternative model Wh}ﬁaximum likelihood estimator involves computing a differ-

simply replaces the second line by an exponential deca . I
curve. This is illustrated in Figure 6. The parameteyand Xt effective dose D(t) for each parameter combination. Our

«, are as in the bilinear model. The exponential part %pproach to fitting these models was to estimate the dose—

parameterized by the “half life,” the number of yearsresponse[i) parameters over a grid of latency parameters

required for the effect to be reduced by half. Thus, givenaa{‘d, then to tabulate .the Iik-elihc.)ods (or, equiyalt_ently, the
presumed maximum exposure and fheone could easily deviances). (The deviance is2 times the log likelihood.

calculate the residual effect after a given amount of time. ' N€ likelihood ratio test is the difference between the
deviances for nested models.) The values of the latency

parameters which gave the lowest deviances are the maxi-
mum likelihood estimates. In order to estimate the standard
errors and confidence intervals for the latency parameters
and for the slope parameter in the excess relative risk model

In principle, any of the standard methods for analysis ¢f): Which properly takes into account the estimation of the
cohort data could be used to perform the latency analysEdency parameters, we calculated the covariance matrix as
For instance, the “person-years approach” using Poiss§if inverse “expected information” (Thomas, 1981). This
regression may be used by finely grouping person-yef&qu'red the derivatives of D(t) with respect to the latency
“cells” on year of birth, age, time since exposure, andfarameters anfl (described in the Appendix). All computa-
exposure level and then properly weighting the exposuti@ns were implemented using the statistical package Epi-
levels by the latency curve. We prefer to use the Cdyre (Hirosoft International Inc., Seattle, WA). The “scripts”
regression approach in which case-control sets are formed/aeéd for the uranium miners cohort data analyses are
each lung cancer death (Cox, 1972). The latency-weightadailable from the authors. We note, however, that aside
exposures are then individual-specific, thus avoiding tfieom the restriction to a log-linear dose response model,
imprecision introduced by the grouping done in the persotitese methods are relatively easy to implement in other
years method. Further, this approach provides a natural wagckages such as SAS or S-Plus.

Fitting the Models

Nested Case-Control Sampling
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APPLICATION: LATENCY ANALYSIS OF exposure because of the occurrence of disease. Meanwhile,
RADON EXPOSURE IN THE COLORADO healthy workers would continue to work and accrue expo-
PLATEAU URANIUM MINERS sure. To include exposures during this period would thus
result in a spurious “protective effect” of recent exposure.

The Cohort Study

The Colorado Plateau uranium miners cohort Wa%mokmg Histories
assembled to study the effects of radon exposure and
smoking on mortality rates and has been described in detgﬂo

in earlie_r publications (e.g., Lundin et gl., 1971, Hornungrnoking and smoking levels (in packs per day). During
a_nd Memhar_dt, 1987). _The cohort consists of 3,347 CauGlgical examinations of the miners, undertaken periodically
sian male miners recruited between 1950 and 1960 and Wagy, 1952 into the 1960s, current smoking information was
traced for mortality outcomes through December 31, 199Q.4rded and changes in level were included in the dataset.
(Roscoe, 1997). For reasons discussed below, we restricigfls information was summarized as cumulative smoking

the cohort to 2,704 miners whose first employment gger 5-year intervals. It was assumed that the last reported
uranium miners occurred after 1950. In this group, theignoking level was maintained thereafter.

were 263 lung cancer deaths and 716 deaths from other
causes at the end of follow-up. Latency effects of radon
exposure have been explored in previous publications usiﬂ-ﬁ'e Nested Case-Control Sample
the piecewise constant latency model (Thomas et al., 1994,
Lubin et al., 1994). In particular, the latter publication gives

the results of a joint analysis of 11 uranium miner cohor . :
undertaken by researchers at the United States Natio j case (alive at, and enrolled into the cohort by, the age of
eath of the case). To account for calendar trends in lung

Cancer Institute. Using the piecewise constant model de:

scribed in the preceding section, it was found that the exc cancer mortality, we also restricted controls to subjects who

relative risk increases for 5-10 years after exposure, af earOI attained the age of the case during the same S-year
Y b ' lendar period. For cases that had fewer than 40 eligible

S . C

which it slowly decreas_es.Indep_endent_ofthls Iatenc_y effecc:;tgntrols, all controls were used. As is required of the

there was a decrease in effect with attained age. This means .

for example. an identical exoosure experienced 10 earsme‘thod, subjects are allowed to serve as controls for more

th tp' ’ th ?t' ) kp £l Yearsdiin one case. Thus, the analysis dataset had 10,322
€ past increases the relative risk ot lung cancer WMaqq control records” from 2,239 distinct cohort subjects,

50-year-olds to a much greater degree than in 65-year-olfgy, 539 cases matched to 40 controls each while the
remaining 24 cases had fewer than 40 potential controls each

Radon Exposure Histories and all were used. This is the same case-control set used by
Stram et al. (1999) to study the effects of measurement error

Annual radon exposures, in working level month&n time-related effects.

(WLMs) [NAS/NRC, 1988, p. 27], were estimated in an

exposure reconstruction undertaken by members of QRESULTS

group by linking radon level measurements taken (or

estimated) in the mines to miner work histories. Because Tgple | gives a comparison of pooled cases and controls
there were no measurements recorded prior to 1950, we feffm the nested case-control dataset by age of death of the
that we could not reliably estimate the exposures during thisse <60 or =60. This case-control comparison gives a
time. Thus, we restricted our analysis to those miners Wigscriptive look at data as it contributes in the estimation of
began working in the mines after 1950. Details about thRese time-related effects. Aside from the observation that
exposure reconstruction process are available in a technig@d cases were more highly exposed than the controls, these
report (Stram et al., 1998). In computing any of the exposugiita show that there is good variation in timing of exposure
history summaries, we “lagged” exposure by two years, i.éin both age groups. For instance, “Timing of exposure”
exposures were accumulated only up to two years prior ¢ives the proportion of subjects who experienced at least
the reference age, to crudely approximate exposure up9@% of their total cumulative exposure during the past 20
diagnosis of lung cancer. This was done for two reasongars (the recent past), at least 90% of their total cumulative
First, exposure accrued between diagnosis and death caetgposure during the period over 20 years in the past (the
not have contributed to the occurrence of the lung cancer adidtant past), and those who had less than 90% in either
is, thus, irrelevant. Second, and more importantly, mine¢stermediate). There is a good distribution across these
would quit work after diagnosis and thus stop accruingategories over case and controls for each age group.

Upon being enrolled into the study, miners were asked
ut their smoking histories, including their age at start of

As discussed above, we drew a nested case-control
ataset with 40 controls who were “on study” at the age of
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TABLE I. Descriptive Statistics Comparing the Distribution of Radon

and Smoking Exposure in Cases and Controls From the Colorado

Plateau Uranium Miners Data

Age <60 Age =60
Controls  Cases  Controls  Cases
Number of records? 5,360 134 4,699 129
Total cumulative radon exposure
(WLM)
1st quartile 155 509 161 321
2nd quartile 381 946 385 679
3rd quartile 816 1,894 806 1,150
Cumulative radon exposure during
0-9 years of latency (WLM)
No exposure 66% 57% 80% 1%
Median among exposed 186 227 119 178
Cumulative radon exposure during
10-19 years of latency (WLM)
No exposure 38% 28% 47% 39%
Median among exposed 172 499 182 235
Cumulative radon exposure during
20+ years of latency (WLM)
No exposure 45% 43% 30% 28%
Median among exposed 284 747 304 521
Timing of exposure®
90% in 0-19 years of latency 48% 46% 32% 29%
90% in 20+ years of latency 34% 31% 51% 47%
<90% in either 18% 22% 17% 24%
Exposure rate during previous 30
years (WL)¢
1st quartile 2.7 5.7 2.6 3.8
2nd quartile 5.3 8.8 5.1 6.2
3rd quartile 9.4 133 8.9 10.5
Smoking
Nonsmokers 22% % 23% 11%
Amount smoked among smokers
(100s of packs)
1st quartile 81 82 105 134
2nd quartile 116 113 155 165
3rd quartile 141 146 190 208

All variables are computed up to 2 years prior to the case’s age of death.

aSubjects may be controls in multiple case-control sets.
bBased on the percentage of total exposure within the latency period.

cComputed as the total exposure during the past 30 years divided by the time exposed.

step function in the first rowx§ = 1803.7-1802.5 1.2,
P> 0.5). The maximum likelihood estimates and 95%
confidence intervals for the bilinear model parameters are:
&o = —3 (—13.2-7.2), so there is no evidence of a
“no-excess risk period,” that the peak occursagt= 7.5
(0-17.8) years after exposure, and that risk returns to
background aftef, = 33.5 (29.6-37.4) years after expo-
sure. The estimated increase in excess relative risk experi-
enced near the peak of the latency curve (7.5 years in the
past) is estimated to thge= 0.80 (0.21-1.38) per 100 WLM.
Table Il summarizes the results of the analysis in terms of
the deviances for the fitted models. The difference in the
deviances for nested models is a chi-square test with number
of degrees of freedom equal to the difference in the number
of parameters used. Fixingg = 0 results in very little
reduction in fit (% = 1803.8— 1803.7= 0.1, P> .5) so, to
simplify the analyses, we fixedy, = 0 in all subsequent
models. The remaining parameter estimates (and 95%
confidence intervals) are virtually unchanged, = 8.5
(1.5-15.5)4a, = 34 (29.9-38.1), anf = 0.74 (0.25-1.23).
The “no decrease model,” which tests whether latency
curve shapes as in Figure 5b are consistent with the data, is
clearly rejected (R<0.0001) and so, of course, is the total
cumulative exposure model. For the categorical dose—response
model, the categories were determined by the quartiles of the
case distribution of the latency weighted exposures. The resulting
five degree of freedom model fits somewhat better than the linear
dose—response form 0.052). This is because the dose—
response curve is less than linear at high exposures. In any case,
the latency parameters remain virtually unchanged in the categori-
cal dose—response model with= 8.5,a, = 33.

Finally, we fitted the exponential decay model with
set to zero. The estimated peak was= 7.5 years after
exposure with excess relative risk slope at the ppak
0.54/100 WLM. Thereafter, the excess relative risk is
estimated to decrease by half every 8 years.

Effect Modification

Next, we explored the variation in latency over attained
age, level of exposure, rate of exposure, and smoking. This
was done by dichotomizing each factor (according to the
median value in the case distribution of the variable) and
comparing the bilinear model parameters across the two
levels of the variable. The nested case-control dataset was
split into two disjoint sets which are homogeneous for the
dichotomous variable. Controls who do not match the case

Figure 7 shows the estimated excess relative risk pem the variable are dropped from the analysis. Thus, with the
100 WLM as a function of latency (formula (3)) as predicteéxception of attained age, for which all the controls match
by the bilinear model and a six-step piecewise constatiie case, the cases in the resulting “post-stratified” dataset
model with intervals over 0-4, 5-9, 10-14, 15-19, 20-28ave a subset of the 40 controls from the unstratified dataset.
and 30+ years of latency. The plot indicates that the bilinearhree models were then fitted to the two strata, the deviance
model fits the data well, an observation confirmed by tifeom each model is given in Table 1ll. The Null model
likelihood ratio test comparing the fit (deviance) of theleviance is from the three parameter bilinear model (with
bilinear model in the second row of Table Il to that of thex, = 0) with parameters set to that of the unstratified
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FIGURE 7. Excess relative risk as a function of latency from fitted piecewise constant and bilinear latency models. Estimated from the Colorado Plateau uranium
miners data.

TABLE II. Analysis of Deviance for Comparison of Latency Models Fitted to the Colorado Plateau Uranium

Miners Data
Model degrees Model Likelihood Degrees of
Latency model of freedom deviance? ratio statistic freedom P-value
Piecewise constant 6 1,802.5
Bilinear (full) 4 1,803.7 1.2 2 >0.5
Bilinear (og = 0) 3 1,803.8 0.1¢ 1 >0.5
No decrease in effect 2 1,815.5 1174 1 <0.001
Cumulative dose 1 1,815.7 11.9¢ 2 <0.001
Bilinear with categorical dose-response® 5 1,797.8 6.0 2 0.05
Exponential decay 3 1,806.1 3.6° 3 0.31

The dose-response model is the excess relative risk form, except for the bilinear with categorical dose-response.

aThe difference in deviance between nested models is a chi-square test with degrees of freedom equal to the difference in the model degrees of
freedom.

"Compared to the piecewise constant model.

cCompared to the full bilinear model.

dCompared to the bilinear (ag = 0) model.

eSee equation (4).

analysis. Note that, except for age, the deviance will lmmoking level. For both exposure level and exposure rate,
smaller than that given for the unstratified analysis in th@e interaction can be attributed to a difference in slopes, but
“Bilinear model ag = 0” line of Table Il because of the not to a difference in latency parameters, across strata. For
smaller number of controls per case. The second modae, there is some evidence of interaction in the latency
(slope) holdsy, anda, at the unstratified analysis estimateparameters after accounting for differences in slope
but the slope§) parameter is estimated for each of the tw¢1800.4— 1791.9= 8.5, P= 0.014). Table IV gives the
strata separately. In the final model (all), all three parametar®del parameter estimates within four age groups. Although
are estimated for each stratum. Likelihood ratio tests affee estimates are rather unstable because of the relatively
given by the difference in deviances with degrees of freedosmall number of cases in each age group, it is clear that there
equal to the number of additional parameters in the respésa decrease in, and inf with increasing age. Recognizing
tive models. However, we are primarily interested in whethéat the under-60 age group was constrained with respect to
there is evidence of a difference in the latency parametéh& amount of time that could elapse between exposure and
after allowing for different slopes, as given by the twaurrent age, we were concerned about the possibility that the
degree of freedom test comparing the second and thildcrease observed in the-6@roup was attributable solely
models. As seen in Table Ill, there is evidence of interactido the lack of association with exposures far in the past.
across age, exposure, and exposure rate, but none aciidass, we fitted the latency model using exposures accrued
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TABLE Ill. Deviance for Interactions With Bilinear Latency Parameters

Degrees of Likelihood Degrees of

Model freedom Deviance? ratio statistic freedom P-value
Attained age stratified (60 years)

NullP — 1,803.8

Age*Bilinear (slopec) 1 1,800.4 34 1 0.065

Age*Bilinear (alld) 3 1,791.9 8.5 2 0.014
Exposure stratified (700 WLM)

Null — 1,484.3

Exposure*Bilinear (slope) 1 1,477.1 7.2 1 0.007

Exposure*Bilinear (all) 3 1,473.5 3.6 2 0.17
Exposure rate stratified (7.5 WL)

Null — 1,475.6

Rate*Bilinear (slope) 1 1,464.9 10.7 1 0.001

Rate*Bilinear (all) 3 1,461.4 35 2 0.17
Smoking stratified (13,500 packs)

Null — 1,491.3

Smoking*Bilinear (slope) 1 1,490.1 1.2 1 0.27

Smoking*Bilinear (all) 3 1,488.8 13 2 0.52

The interaction variable is dichotomized at the level given in parentheses. The analysis is from the “‘post-stratified”” Colorado Plateau uranium miners
nested case-control dataset.

aBecause of the different numbers of subjects involved, these deviances cannot be compared to those in Table II.

bBilinear latency model and excess relative risk parameters fixed to those from the entire dataset (g = 0, o; = 8.5, a, = 34, B = 0.74).

°Bilinear latency model parameters fixed to the entire dataset values, a separate excess relative risk slope is estimated for each stratum.

dBilinear latency model parameters and excess relative risk slope estimated for each stratum.

TABLE IV. Bilinear Latency Model and Linear Excess Relative Risk exploring latency-related questions. It accommodates the
Parameter Estimates Over Age Groups From the Colorado Plateau latency patterns one would expect to encounter and the
Uranium Miners Data parameters are directly interpretable in terms of important
public health issues. Other latency models may be more
Attained age group appropriate, depending on the goals of the analysis. In
particular, latency curves predicted by a proposed mechanis-
Parameter <50 50-59 60-69 0+ tic model would be of interest in the context of an
investigation of etiology. For instance, the multistage model
Bilinear model of carcinogenesis predicts particular age-dependent latency
“ ! 8 21 18 curves, depending on the stage of the process affected
o 50 46 29 28 (Thomas, 1982).
B . 102 0.74 0.14 0.10 In order to estimate the parameters of the latency curve
Exponential decay model with much precision, there must be variation in the rate and
’:;f_"fe E 2 1: 12 duration of exposure in the study group. As seen in Table I,
there is a fair amount of detail and variation in the exposure
B 0.93 1.16 0.09 0.25

histories for the Colorado Plateau uranium miners data. In
many cases, intervals of employment in a job that had

only in the past 30 years. We found that the decrease plhobable exposure may be known, but with no measure of

excess relative risk with latency persisted. !evel 9f exposure. Such a h|“story may" still be used to
investigate latency effects with “dose-rate” d(u) one or zero,

DISCUSSION depending on whether the worker was employed or not at
age u. The paramete in the bilinear model is then

After establishing that an association between an exd’g;erpreted as the maximum excess relative risk associated

sure and disease exists, characterizing the evolution of #{&h émployment aty, years in the past. We would predict
increased risk with timing of exposure is important irhat at the time of peak relative effectiveneas,will be

understanding the health implications to exposed individespecially sensitive to the imprecision of the exposure
als. The bilinear model provides a flexible framework fohistories, withay and a, less so, since they depend more
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heavily on times of first and last exposures, which atglinear model using these adjusted exposure histories. We
usually measured reasonably well. found that, while the slope estimageincreased by about
In our example, we took a nested case-control sample%, the latency curve parameters did not change by more
from a cohort study in order to reduce the computationthan 1 year. This indicates that, for the Colorado Plateau
effort. Of course, the methods for the analysis of latengpiners cohort, measurement error affects the estimated
apply without change to matched case-control studies. magnitude of the association with exposure, but not the
In our analysis of the Colorado Plateau uranium minelgtency characteristics.
cohort, one novel finding is that the strong decline in excess
relative risk with latency reported in the NCI monograpf\CKNOWLEDGMENT
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APPENDIX

a1 V=g a1
AL de-v) e N " oy A= V)V,

Mathematical Specifications of the ax(0p0) !

Latency Curves

dD(t) -1 - vV — ag
. N - " dit-v)——dv
On the latency time scale v, for the bilinear model, doy; g — g JYmax(O) o — Qg
(V - 0(0)/((11 - Olo) |f Qo <V = (651 |Og (2) t
w(v) = {(p — Vi — @) if ay <V =a, T f d(t — v) exp[=(v — ;) log (2)/ety} dv,
0 otherwise
and
With «, the “half life” parameter, for the exponential
decay model, dD() _ log (2)
v — ap)l(ay — o) fog<v=q, 92 o
w(v) =iexp [—(v — oy) X log (2] if oy <V t
V) 0 . Shorise ) d(t— V)(v — o) exp|—(v — o) log (2)kag dv.

As with the bilinear model, the needed integrals are com-
Expected Information Matrix puted using the exponential decay weighted exposure code
with small alterations.

The formula for the expected information from general The covariance matrix for the four parameters is then
relative risk models is given in Thomas [1981], equation (6)averse of the information matrix. For the three parameter
For the linear excess relative risk model, equation (2), tmeodel, witha, Set equal to zero, the covariance matrix is the
relative risk function is r(D(tB,xp,00a,) = 1 + BD(t; inverse of theB, «;, a, components of the information
ag,aq,) SO that the derivative of r with respect to thematrix. Epicure scripts for computing these covariance
latency parameters requires the derivatives of D(t). For theatrices are available from the authors.
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