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A simple SAS software program (SAS Institute, Inc., Cary, North Carolina) was developed for fitting an exact
formulation of the 2-stage clonal expansion model accommodating piecewise constant exposures and left and right
censoring of observations. Data on leukemia mortality and occupational exposure to benzene among rubber
hydrochloride production workers in Ohio (1940-1996) were analyzed by using this approach. A model in which
benzene exposure increased clonal expansion fit these data well; little evidence of an association between
benzene exposure and initiation of leukemia was found. The estimated exposure-response association increased
in magnitude with age at exposure and decreased with time since exposure. This analysis shows that the 2-stage
clonal expansion model can be readily fit to epidemiologic cohort data by using a simple SAS program. The
illustrative analyses of leukemia mortality among rubber hydrochloride workers suggest that the effect of benzene

on leukemia risk is due to an exposure-induced increase in the proliferation of initiated cells.

benzene; leukemia; models, statistical

Abbreviations: ICD, International Classification of Diseases; LRT, likelihood ratio test; TSCE, 2-stage clonal expansion.

Any statistical analysis of cohort data starts with a math-
ematical model of the underlying process generating the
observed data. Epidemiologists tend to draw upon a small
set of models, including the logistic model, the exponential
rate model, and the proportional hazards model. They sel-
dom attribute any biologic interpretation to the mathemati-
cal model at the foundation of their data analysis. Rather,
model choice is usually motivated by attributes such as
goodness of fit, stability, and ease of implementation (1).

In some situations, however, epidemiologists take a differ-
ent approach. They posit a mathematical model for the dis-
ease process that is informed by a theoretical, or biologic,
conception of the disease. Several decades ago, Morrison (2)
argued that many diseases may be viewed as arising via
a sequence of transitions from a normal, healthy state to
a pathologic state. Substantial work has been done to de-
scribe how multistage models can be utilized in epidemio-
logic analyses (3—6). This work dates back a half century to
the observation that the rise in mortality rates as a power of
age conforms to expectations for the hazard rate from a mul-

tistage disease process (7). Shortly thereafter, Armitage and
Doll (8) noted that the sequence of transitions between
stages of the disease process implies a time-dependent haz-
ard function and that, under a multistage model, the effect of
an exposure on disease risk may depend upon age at expo-
sure and time since exposure.

Multistage disease models hold particular appeal in can-
cer research, where disease is routinely posited to arise be-
cause of the sequential transformation of a single cell in
a process that involves multiple rate-limiting stages (9). In
the 1980s, Moolgavkar and Knudson (5) described a multi-
stage cancer model that included parameters for cell kinetics
(the birth and death of clones), building upon work of
Armitage and Doll (10); it is referred to as the 2-stage clonal
expansion (TSCE) model. Using this model, a data analyst
can explore whether the data conform to the patterns im-
plied by exposure-induced changes in disease initiation,
promotion, or malignant transformation.

Nonlinear models such as the TSCE model can be more
difficult to fit to epidemiologic data than standard linear
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models for disease rates. Nonetheless, multistage disease
models offer an interesting complement to purely empirical
approaches to epidemiologic data analysis. This paper
presents an approach to fitting the TSCE model to epidemi-
ologic cohort data by using the SAS software package (SAS
Institute, Inc., Cary, North Carolina). Model fitting is illus-
trated by using data from a cohort study of mortality among
workers exposed to benzene during the production of rubber
hydrochloride. The example demonstrates how insights gen-
erated by the TSCE model may be obtained that are not
readily derived via empirical models for dose-time-response
associations.

MATERIALS AND METHODS

Under the TSCE model, the process of cancer induction
commences with a population of normal stem cells suscep-
tible to transformation into an intermediate premalignant
stage, referred to as initiation, followed by a second trans-
formation resulting in malignant cells (Figure 1). I assume
a fixed population of normal stem cells of size X. Initiation
occurs at a rate of [ly; the rate of malignant conversion is
described by the parameter ;. Initiated cells may increase
in number via cell division or diminish in number via cell
death, characterized by the parameters o and f3, respectively;
the net change in the subpopulation of initiated cells may be
represented by ¥ = o — B — ;. The parameter for the rate of
cell death B may be defined as a linear combination of the
model parameters vy, o, and ;. Clonal expansion of the
subpopulation of initiated cells increases the number of cells
at risk of a second transformation, thereby resulting in a ma-
lignant cell. Under a multistage model that allows for clonal
expansion, very low clonal expansion rates should lead to
negligible divergence from the classical Armitage-Doll
multistage model (8); in contrast, a very rapid round of
clonal expansion would effectively reduce by 1 the number
of steps in the process (11).

Exposure to an agent may affect 1 or more of the param-
eters of the TSCE model. Under what I will refer to as
a linear model, the dose-response relation for a model pa-
rameter, 0, is given by 0(r) = 0y X (1 4 b, Xd(t)), where 8y is
the value of the model parameter in the absence of exposure,
d(t) denotes the concentration of exposure at age ¢, and b,. is
the linear dose-response coefficient. Under what I will refer
to as, a power model, this relation is given by 6(f) =
OpX (1 + bL.Xd(t)b"g, with b, and b, referred to as linear
and power coefficiefits of the dose-response relation.

Fitting the TSCE model

The parameters are estimated by using maximum likeli-
hood methods. The likelihood for an individual is defined in
terms of the TSCE model hazard function, A, and the corre-
sponding survival function, S. Expressions for the survival
and hazard functions of the TSCE with piecewise constant
parameters have been described previously and are dis-
cussed further in the Appendix (12). Let us define ts; as
the age at which person i enters the study and fg; as the
age at which the person exits the study (because of death
or loss to follow-up). An individual’s likelihood is
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Figure 1. Pictorial depiction of the 2-stage clonal expansion model.
Refer to the Materials and Methods section of the text for an expla-
nation of the parameters.

S(tsi)
% otherwise,

t

h(tg)XS(tq)) - .
. {M if person s a case;

thereby accounting for left and right censoring in the calcu-
lation of an individual’s likelihood. The overall likelihood
for a model is the product of the individual likelihoods for
the members of the cohort. Allowance for a fixed lag, /,
between malignant transformation of a cell and subsequent
diagnosis or death due to cancer is implemented by defining
ts;/ = ts; — | and tq;" = tq; — [ and then calculating the
hazard and survival for the intervals defined by ts;" and tg;’.

The likelihood function calculation and its maximization
can be performed via the SAS NLMIXED procedure (13).
An example of the SAS code used to fit the TSCE model to
the study data is provided in the Appendix. Not all parame-
ters of the TSCE model are estimable with typical epidemi-
ologic data; therefore, suitable constraints or identifiable
parameter combinations have to be chosen. I have assumed
that the number of susceptible stem cells, X, is fixed at 10”and
imposed the constraint of equality of the spontaneous rates of
the first and second mutation (pg = W1). Although alternative
parameterizations of the TSCE model can be explored, only
a subset of parameter combinations of the TSCE model can
be determined from these epidemiologic data.

The baseline rates of transformation and proliferation
were estimated first by maximizing the likelihood for the
observed outcome by using data for the subcohort of work-
ers who had <1 part per million (ppm)-year of occupational
benzene exposure. Next, holding these baseline parameters
constant, I fit the TSCE model to the entire cohort to opti-
mize the exposure-response parameters. This approach was
preferable to fitting the model to the entire cohort and esti-
mating all parameters simultaneously since it provided bet-
ter fit of the model to observed data. Model fit was assessed
by comparing observed with predicted numbers of leukemia
deaths within subgroups of the study population. Predicted
numbers of leukemia deaths were generated by using the
estimated parameters for the TSCE model to compute the
cumulative hazard for each individual in a group; the pre-
dicted number of cases for a given group was the summation
of the cumulative hazards for all individuals in that group.
Lastly, 95% credible intervals for model parameters were
derived via Monte Carlo methods; this step was performed
with a slight modification of the SAS code shown in the
Appendix, invoking the SAS MCMC procedure (13). An
example of the modified SAS code is provided as
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Table 1. Characteristics of the Cohort of 1,721 Male Rubber Hydrochloride Workers Exposed to Benzene, Ohio,

1940-1996
Characteristic 1st Quartile 2nd Quartile 3rd Quartile 4th Quartile
Age at entry, range in years 17-24 24-29 29-38 38-74
Age at exit, range in years 20-61 61-68 68-74 74-108
Duration of employment, range in years 0.00-0.1 0.1-0.6 0.6-2.9 2.9-36.1
Cumulative exposure, range in ppm-years 0-0 0-1.7 1.7-22.6 22.6-817.7

Abbreviation: ppm, parts per million.

a supplemental Appendix posted on the Journal’s website
(http://aje.oupjournals.org/).

Example

A cohort mortality study was conducted of workers em-
ployed in the manufacture of a natural rubber film (rubber
hydrochloride) at 2 locations in Ohio (14, 15). Production
activities involved dissolving natural rubber in benzene;
then, the benzene was evaporated and recovered while the
rubber film was stripped from a conveyor (14). Data for all
nonsalaried males employed between January 1, 1940, and
December 31, 1965, were included in this analysis. Vital
status was ascertained through December 31, 1996. Infor-
mation was obtained on underlying cause of death for de-
ceased workers, coded according to the revision of the
International Classification of Diseases (ICD) in effect at
the time of death. These analyses focus on death due to
leukemia (ICD-6 and ICD-7 code 204, ICD-8 codes
204-207, ICD-9 codes 204-208).

Estimates of benzene exposure rates, in parts per million, by
calendar period, plant, department, and job, were developed
by Rinsky et al. (14, 15) on the basis of available air sampling
data. The US National Institute for Occupational Safety and
Health provided a file that contained a plant, department, and
job code, and start and finish dates, for each job held by each
worker in the study cohort. Benzene exposure histories were
estimated for each worker by using this information.

An analytical data file was constructed with 1 observation
per worker. The file included the worker’s age at start of
follow-up, age at date of the last observation, a binary in-
dicator of death due to leukemia, and an array of variables
d(t) indexing the benzene exposure during each year of
age from birth to the date of the last observation. For exam-
ple, d(35) represents benzene exposure during the interval
34-35 years of age.

RESULTS

The study cohort included 1,721 male workers and 16
deaths due to leukemia. Table 1 shows the distribution of
age at entry, age at exit, duration of employment, and cu-
mulative benzene exposure in the study cohort. As ex-
pected, most workers entered follow-up (at the start of
employment) in young adulthood and exited follow-up at
age 60 years or older. The distribution of cumulative ben-

zene exposure was positively skewed, with 461 workers
having a cumulative benzene exposure equal to 0 ppm-year
and 814 workers having a cumulative benzene exposure
of <1 ppm-year.

Data for the subsample of workers who accrued <1 ppm-
year of benzene exposure were used to estimate baseline
model parameters for initiation and malignant transforma-
tion, Lo and p;, and net change in the population of initiated
cells, v. Next, data for the entire study cohort were used to fit
a model in which benzene affected the rate of transforma-
tion to the intermediate stage, the rate of transformation to
the malignant state, or the cell kinetics (Table 2). Inclusion
of a term describing a linear effect of benzene on the initi-
ation rate, [, or the malignant transformation rate, L, re-
sulted in a significant improvement in model fit (likelihood
ratio test (LRT) = 7.86, 1 df and LRT = 6.96, 1 df, respec-
tively). Inclusion of a power term for the effect of benzene
on the initiation rate or the malignant transformation rate
led to no improvement in model fit (LRT = 0.00, 1 df and
LRT = 0.00, 1 df, respectively). The best model fit was
obtained via inclusion of a term describing a linear effect
of benzene on the cell kinetics (LRT = 16.76, 1 df). In-
clusion of a power term for the effect of benzene on the
cell kinetics led to a negligible improvement in model fit
(LRT = 0.40, 1 df) and therefore was not incorporated.

Table 3 reports the maximum likelihood estimates for
a model that allows for a linear effect of benzene exposure
on y. The rate of change in the subpopulation of initiated
cells is doubled by an exposure of approximately 15 ppm.
The Monte Carlo-based 95% credible interval for the pa-
rameter describing the benzene exposure effect on cell
kinetics (0.0366, 0.0917) was similar to the Wald-type
confidence interval (0.0400, 0.0922).

Table 2. Model Deviances From Fitting of the 2-Stage Clonal
Expansion Regression Model With Inclusion of a Term for a Linear
Effect of Benzene Exposure on Initiation, Conversion to a Malignant
State, or Cell Kinetics in a Study of Leukemia Mortality Among Male
Rubber Hydrochloride Workers in Ohio, 1940-1996

Parameter Affected by Benzene —2LogL df
No effect 291.9 0
Initiation, Lo 284.0 1
Promotion, y? 275.1 1
Malignant conversion, 14 284.9 1

@ Applies also to the initiated cells’ division rate.
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Table 3. Estimates of Parameters for the 2-Stage Clonal
Expansion Model

Description Estimate Wald 95% CI
Baseline model
Stem cell population, X 1x 107
Initiated cell division 3
rate, o
Initiation and malignant 9.914 x 1078  —11.66, 31.48

conversion rate, o = 4

Initiated cells’ promotion 0.0849
rate, y

0.0045, 0.1654

Benzene parameter

Promotion exposure 0.06611

rate coefficient v.*

0.04003, 0.09219

Abbreviation: Cl, confidence interval.
@ Applies also to the initiated cells’ conversion rate, o.

A model that included linear terms for the effect of ben-
zene on cell kinetics and on the initiation rate, L, fit the data
no better than a model with just an effect of exposure on cell
kinetics (LRT = 0.00, 1 df). A model that included linear
terms for the effect of benzene on cell kinetics and on the
malignant transformation rate, p;, fit the data only slightly
better than a model with just an effect of exposure on cell
kinetics (LRT = 1.60, 1 df).

No lag was used in these analyses; a model with no lag
had better goodness of fit than a model with a 2- or 5-year
lag. Sensitivity analyses were conducted to assess the im-
pact on results of assumptions about the size of the stem cell
population, X, and the baseline clonal division rate, o.. Sim-
ilar estimates for the effect of benzene on cell kinetics were
obtained when replicating the above models under the as-
sumption that the stem cell population was an order of mag-
nitude larger or smaller than the working assumption in
these analyses. Results showed greater sensitivity to the
assumption about the baseline clonal division rate, o. While
the estimate for the effect of benzene on cell kinetics
changed very little under the assumption that o was an order
of magnitude smaller than the working assumption in these
analyses, under the assumption that o0 was an order of mag-
nitude larger, the estimate of the effect of benzene exposure
on cell kinetics increased by a factor of 1.8.

Table 4 reports the numbers of baseline, observed, and
predicted leukemia deaths for subcohorts defined by quar-
tiles of lifetime cumulative exposure. The predicted number
of leukemia deaths within each group conforms closely to
the observed number of deaths. The results based on the
TSCE model fitting indicate that approximately 6 of the
16 observed leukemia deaths are excess cases associated
with benzene exposure.

Figure 2 illustrates the model prediction for the hazard
ratio as a function of attained age for a person exposed to
benzene at intensities of 5 ppm and 10 ppm, with exposures
commencing at age 20 years and terminating at age 60
years. The figure suggests a relatively prompt decrease in
the relative rate of leukemia following termination of expo-
sure. Figure 3 displays the estimated hazard ratio for a per-
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Table 4. Numbers of Baseline, Observed, and Predicted Leukemia
Deaths by Quartile of Cumulative Benzene Exposure Among Male
Rubber Hydrochloride Workers in Ohio, 1940-1996

(Range(:i)r"\l apr:)lll'ﬁ-Years) PrBeadsi?:Itlir;ia Prel\:lzi?gt?clmb Observed
1st (0-0) 2.70 2.70 1
2nd (0-1.7) 1.93 2.00 3
3rd (1.7-22.6) 2.70 3.08 3
4th (22.6-817.7) 2.96 9.81 9

Abbreviation: ppm, parts per million.

2 Predicted deaths based on the baseline model shown in Table 3.

b Predicted deaths based on the model shown in Table 3 allowing
for benzene exposure to influence the promotion (and conversion)
rate of initiated cells.

son at age 65 years who was exposed to 10 ppm-year of
benzene as a function of age at exposure. The figure sug-
gests that the magnitude of the exposure-response associa-
tion increases with age at exposure, from approximately
1.046 for an exposure at age 20 years to 1.057 for an expo-
sure at age 64 years.

DISCUSSION

This paper illustrates a simple approach to fitting the
TSCE model to epidemiologic cohort data. Historically,
the TSCE model has been fitted by using specialized
FORTRAN computer code (16—19); the approach described
in this paper explains implementation of the TSCE model
via SAS, a widely used statistical package. The approach
implements an exact expression of hazard function for the
TSCE model with piecewise constant dosing, as often en-
countered in occupational studies.

Knoke et al. (20) presented a method for fitting the TSCE
model to tabulations of person-time and events by using
SAS NLIN; however, that approach implemented a different

Log (Relative Risk)

07

T T T T T T T T T T T T T T

20 25 30 35 40 45 50 55 60 65 70 75 80 85 90
Attained Age, years

Figure 2. Relative risk of leukemia by attained age. Predicted im-
pact of benzene exposure for rubber hydrochloride workers in Ohio
(1940-1996) at intensities of 5 parts per million (dashed line) and 10
parts per million (solid line) based upon fitting of the 2-stage clonal
expansion model. Benzene exposure commences at age 20 years
and terminates at age 60 years.

Downl oaded from https://acadenic. oup.conlaje/article-abstract/169/1/78/ 210909
by Government user
on 31 July 2018



82 Richardson

0.057
0.056
0.0557
0.054 3
0.053 7
0.052 7
0.0517
0.050 1
0.049
0.048 3
0.047 3
0.046
0.045 4

T T T T T T T T T T T

20 25 30 35 40 45 50 55 60 65 7O
Age at Exposure, years

Log (Relative Risk)

Figure 3. Relative risk of leukemia by age at exposure to benzene.
Impact of a single year of exposure at 10 parts per million for a rubber
hydrochloride worker aged 65 years, Ohio, 1940-1996.

expression for the TSCE hazard function that subsequent
researchers have cautioned against using (20, 21). Lensing
and Kodell (22) described how SAS may be used to fit an
exact expression for the TSCE model in dosing studies of
laboratory animals. However, that approach did not allow
for staggered entry into a study and was based on a presen-
tation of data as tabular counts of animals and case failures
observed at a number of scheduled sacrifice times.

L illustrated this approach with analyses of the association
between occupational benzene exposure and leukemia mor-
tality. Previous analyses, based upon fittings of a Cox pro-
portional hazards model, established that cumulative
exposure to benzene was positively associated with leuke-
mia mortality among these rubber hydrochloride workers
(15, 23). In the current paper, the magnitude of the benzene
exposure—leukemia mortality association derived via the
TSCE model (approximately (relative rate at 10 ppm-year =
1.05)) is very similar to an estimate recently derived in anal-
yses fitting a linear relative rate model to these data (23),
although, under the fitted TSCE model, the magnitude of this
association increases slightly with increasing age at exposure
and diminishes promptly following termination of exposure.
Prior analyses, utilizing the method of exposure time win-
dows, also suggest that the joint effects of age at exposure
and time since exposure are important to consider (23).
Those analyses found that the effect of an increment of
benzene exposure on leukemia mortality appears promptly,
diminishes with time since exposure, and was of greater
magnitude for workers exposed at older ages than for those
exposed at younger ages.

In contrast to exposure time-window analyses, which im-
pose a piecewise constant model to describe temporal var-
iation in exposure effects, multistage models imply
a smooth, time-varying function that jointly describes age
at exposure and latency effects. As this paper illustrates,
a multistage model can facilitate exploration of exposure-
time-response associations in epidemiologic data. Of course,
given the relatively small number of leukemia deaths, these
results are relatively sensitive to small changes in distribu-
tion of events. Furthermore, it is reasonable to suspect that
exposure-time-response associations may differ for different

types of leukemia; however, given the small numbers of
deaths included in the current analysis and the limited in-
formation on the death certificate (15), subtype-specific
analyses could not be conducted.

In the fitted TSCE model shown in Table 3, benzene
exposure influences cell kinetics but not initiation or malig-
nant transformation. Thus, according to the model, leukemia
induction over long periods of protracted exposure appears
to be dominated by benzene-induced modification of the
kinetics of already initiated cells rather than by direct
benzene-induced initiation of normal cells. Such an obser-
vation is interesting given evidence of association between
benzene exposures and proliferative blood disease. Cox (24)
posited that benzene metabolites are responsible for the pro-
gression of a malignant clone of cells from a few (possibly
dormant) transformed cells to a clinically detectable neo-
plasm. On the other hand, the benzene metabolite, benzene
oxide, appear to be mutagenic. The modeling of these data
provides modest evidence for benzene effects on malignant
transformation rates.

Often, epidemiologists focus on regression modeling as
a tool for summarization, pattern detection, and perhaps
smoothing of epidemiologic data. Such activities can be
difficult in studies of the effects of protracted exposures,
when questions arise about the modifying effects of tempo-
ral factors such as age at exposure, time since exposure, and
exposure rate. Use of multistage models, such as the TSCE,
offers a way to incorporate information about exposure
rates, and ages at exposure, into exposure-time-response
analyses. Clearly, with typical epidemiologic data, a theoret-
ical model of the underlying disease process cannot be ac-
cepted or rejected based upon the empirical data alone, and
goodness of model fit to a particular data set should not be
confused with an indication of the validity of a particular
theoretical model for the disease process. It may be wise,
therefore, to make very modest claims about the biologic
interpretation of these model fittings. However, multistage
models do offer a complement to empirical models and an
approach to exploring dose-time-response associations
within a defined set of constraints based upon some model
assumptions about the underlying disease process.

The fundamental idea that a disease process follows from
a sequence of rate-limiting steps may be an acceptable prop-
osition in generic terms. The TSCE model introduces the
additional complexity of allowing for 1 or more parameters
to characterize the kinetics of clonal expansion, a dynamic
suggested by current knowledge about the carcinogenic pro-
cess. Like all modeling exercises, it becomes increasingly
likely that, as more parameters are introduced, the fit of
a model to a given data set will improve (although the pre-
dictive ability of the model may not be good when extrap-
olating beyond a given data set). However, in this example,
the fitted TSCE model involves estimation of a relatively
small number of parameters, and Figures 2 and 3 illustrate
the potentially useful temporal descriptions of hazard ratios
that may be derived from such model fittings.

For simplicity, no additional covariates were incorporated
into these models; previous regression analyses of these data
found minimal evidence of confounding by measured cova-
riates such as year of birth (15, 23). Model parameters to
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describe variation in baseline rates with factors such as birth
cohort are readily incorporated into the TSCE model; exam-
ples are provided in a number of previous studies (25, 26).

The ability to fit the TSCE model with piecewise constant
exposures via a relatively simple SAS program should fa-
cilitate this approach to cohort analysis.
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APPENDIX

The SAS program below fits the TSCE model, parameterized as shown in Table 3. The model parameter X (denoted by the
variable X in the SAS code below) is fixed. The baseline model parameters 1, and v (denoted by the variables mu0 and g in the
SAS code below) were estimated from the study data for those workers whose lifetime cumulative benzene exposure was
<1 ppm-year; these parameters were subsequently held constant for the analysis reported in Table 3. In this example, the model
parameter o (denoted by the variable alpha in the SAS code below) was held constant as well; consequently, a single free
parameter, g_c, describes the linear dose-response relation between benzene exposure and 7.
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The source data file, source, includes 1 observation per worker. Each record includes the person’s age at the start of follow-up
(age_entryy), age at the date of the last observation (age_exity), a binary indicator of death due to leukemia (leukemia), and an
array of variables 7d(¢) indexing the annual benzene exposure rate during the period ¢+ — 1 to ¢ years of age. The program
uses the expressions described by Heidenreich et al. (12) to calculate the survival function for the interval from birth
to age_entryy and the hazard and survival function for the interval from birth to age_exity. These expressions are used to
calculate the likelihood for an individual. Briefly, the survival function and its derivative at age ¢ are given by

k k
_ Ho ;X 4;—D; _ o X & : ; :
S(t) = exp {121 “ln (W)} and S'(t) = S(t)Xj; o s-In(fi(1j-1, 1)), respectively, where k is the number of time
periods up to age f, [t_1, #j] denotes the endpoints for the jth interval, and p_j, o, gj, L1, ; denote the parameter values during
the jth period, such that
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A useful illustration of the calculation of individual likelihoods is provided by Meza et al. (21); I have attempted, in the SAS
code below, to follow the notation used in their article. Illustrative SAS output is provided as supplemental material available
with the electronic version of this paper.

proc nlmixed data= source;
parms g_c=0;
bounds g_c>=0;

x=1E7; *<=Fixed;
alpha = 3;
mu0=9.914*1E-8;
g=0.08491;
mul=mu0;
mul_c=0;
mul_c=0;

LAG=0;
array td EXP_LEVEL1-EXP_LEVEL109;
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DO LOOP =1 TO 2;
IF Loop = 1 THEN DO; AGE_INDX= (Age_entryy-LAG); w=0; dw=0; sum_1n_Sentry=0; end;
IF Loop = 2 THEN DO; AGE_INDX= (Age_exity-LAG) ; w=0; dw=0; sum_Iln_Sexit=0; sum_h=0; end;

DO J=AGE_INDX to 1 by -1;
agestrt=j-1; agequit=3j; dose=td{j};

mul_j= mu0* (1+mul_c*dose) ; * Dose-Response Models;
g_j= g* (14+g_c*dose) ;

alpha_j=alpha* (1+g_c*dose) ;

mul_j= mul* (1+mul_c*dose) ;

root=sqgrt((g_j**2)+ (4*alpha_j*mul_3j));
p_Jj=(-g_Jj-root)/2;
a_j=(-g_j+root)/2;
dw=dw* alpha_j;
w=w* alpha_j;
f = (w-p_Jj)*exp(g_j* (agestrt-agequit)) + (g_j-w) *exp (p_j* (agestrt-agequit)) ;
if dw=0 then do; dw=p_j*qg_3j; end;
dfdt=dw* (exp (-g_j* (agequit-agestrt))-exp(-p_j* (agequit-agestrt))) ;
dw= ((g_j-p_J)**2) *exp (- (p_j+9_7) * (agequit-agestrt)) *dw/£f/f/alpha_j;
w = ((w-p_j)*q_j*exp(qg_j* (agestrt-agequit) )+ (g _j-w) *p_j*exp(p_j* (agestrt-agequit)))
/f/alpha_j;
In_S= ((mu0_j*x)/alpha_j) *log((q_Jj-p_3J)/f);

IF LOOP=1 then sum_1ln_Sentry=sum_1ln_Sentry+1ln_S;
IF LOOP=2 then do;
h_t= ((muO_j*X) /alpha_j)*dfdt/f;
sum_ln_Sexit=sum_1ln_Sexit+1ln_S;
sum_h=sum_h+h_t;

end;
end; *<= END DO J;
end; *<= END DO LOOP;

S_entry=exp (sum_1ln_Sentry) ;
S_exit =exp(sum_1ln_Sexit) ;
S_prime_exit=sum_h*S_exit;

11 = (leukemia=0) *log(S_exit/S_entry) + (leukemia=1) *log(S_prime_exit/S_entry) ;
model leukemia ~ general (LL) ; run;
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