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We develop a mixed model to capture the complex stochastic nature of tobacco abuse and dependence. This model describes transition
processes among addiction and nonaddiction stages. An important innovation of our model is allowing an unobserved cure state, or per-
manent quitting, in contrast to transient quitting. This distinction is necessary to model data from situations where censoring prevents
unambiguous determination that a person has been “cured.” Moreover, the processes that describe transient and permanent quitting are
likely to be different and have different policy-making implications. For example, when analyzing factors that influence smoking and can
be targeted by interventions, it is more important to target those factors that are associated with permanent quitting rather than transient
quitting.

We apply our methodology to the Alpha-Tocopherol, Beta-Carotene Cancer Prevention (ATBC) study, a large (29,133 participants)
longitudinal cohort study. While ATBC was designed as a cancer prevention study, it contains unique information about the smoking status
of each participant during every 4-month period of the study. These data are used to model smoking cessation patterns using a discrete-
time stochastic mixed-effects model with three states: smoking, transient cessation, and permanent cessation (absorbent state). Random
participant-specific transition probabilities among these states are used to account for participant-to-participant heterogeneity. Another
important innovation in our article is to design computationally practical methods for dealing with the size of the dataset and complexity of
the models. This is achieved using the marginal likelihood obtained by integrating over the Beta distribution of random effects.

KEY WORDS: Cure model; Mixed-effects model; Recurrent events; Smoking cessation; Stochastic transition model.

1. INTRODUCTION

Smoking is the leading preventable cause of death in the
United States (Centers for Disease Control and Prevention
2002). In the United States alone, 44.5 million adults, or 20.9%
of the adult population, were smokers in 2004 (Centers for Dis-
ease Control and Prevention 2005b). The most tragic conse-
quence is the 440,000 annual premature deaths attributable to
smoking. Other consequences include, but are not limited to,
$75.5 billion smoking-related medical expenditures and $92
billion in mortality-related annual productivity losses (Cen-
ters for Disease Control and Prevention 2005a). Worldwide,
smoking-related mortality is set to rise from 4.9 million annu-
ally to 10 million by 2030 (Fagerstrom 2002). Smoking is a ma-
jor cause of a large number of diseases, including cancers of the
lung (Ochsner and DeBakey 1939; U.S. Department of Health,
Education and Welfare 1964; Peto, Lopez, Borehan, Thun, and
Heath 1994), larynx (Sankaranarayanan, Duffy, Nair, Padmaku-
mary, and Day 1990), mouth, pharynx (Weir and Dunn 1970;
La Vecchia et al. 1999), esophagus (Carstensen, Pershagen, and
Eklund 1987), pancreas (Zheng et al. 1993), and bladder (Sil-
verman, Morrison, and Devasa 1996), as well as coronary heart
disease (Hammond, Garfinkel, Seidman, and Lew 1976), stroke
and chronic obstructive pulmonary disease (COPD) (Doll, Peto,
Wheatley, and Gray 1994).
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Although the prevalence of adult smoking in the United
States dropped from 42.4% in 1965 to 25.5% in 1990, progress
has been slow since the 1990s (26.5% in 1992, 24.7% in 1995,
and 23.3% in 2000; Giovino 2002). This is partly due to high
rates of relapse following quit attempts among smokers. This
is revealed by the fact that the prevalence of cessation in the
United States increased from 24.3% in 1965 to 49.6% in 1993
and then flattened to 48.8% in 2000 (Giovino 2002). Surveys
(Curry and McBride 1994) show that high smoking prevalence
is at least in part attributable to high rates of relapse among
smokers who attempt quitting.

A major problem when studying addiction behavior is that
participants typically make several quit attempts before they
successfully quit. Thus, for efficient development, targeting,
and evaluation of interventions, it is necessary to distinguish
transient cessation (temporarily smoking-free but relapse later)
from permanent cessation (lifelong smoking-free) and identify
the risk factors associated with permanent cessation.

Smoking is a complex behavior influenced by social, eco-
nomic, environmental, behavioral, and physiological factors.
Our objectives are to identify and quantify baseline factors as-
sociated with success of permanent smoking cessation and de-
scribe the full stochastic nature of the smoking addiction pat-
tern. In the remainder of this section we describe the dataset,
covariates, and modeling strategy to achieve these objectives.

1.1 Data Description

The sample for this study was drawn from the Alpha-
Tocopherol, Beta-Carotene (ATBC) Lung Cancer Prevention
study (ATBC Study Group 1994). This longitudinal, chemopre-
vention study enrolled 29,133 Finnish male smokers between
50 and 69 years of age into a randomized primary preven-
tion study to assess whether alpha-tocopherol or beta-carotene
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would reduce lung cancer incidence. At enrollment, all indi-
viduals in the ATBC study smoked at least five cigarettes per
day and were generally in good health with exclusions, includ-
ing a history of cancer, significant cardiac diagnoses, cirrhosis,
chronic alcoholism, and significant psychiatric diagnoses. For
details, see ATBC Study Group (2003).

The ATBC study was conducted between 1985 and 1993,
although outcome data continue to be collected for some health
end points. Extensive medical histories and examination data
were collected at baseline, and participants were followed for
5–8 years with three scheduled follow-up visits per year (i.e.,
every 4 months). At each follow-up, participants were queried
about their health and smoking status since their last visit.

Smoking status was defined by the following question (trans-
lated from the Finnish): “Have you smoked since your last
visit?” Participants were allowed to indicate that during the pre-
vious 4 months, they (1) had not smoked at all, (2) had smoked
but had stopped at some time during the interval, or (3) had
smoked continuously. For the individuals who answered (2),
the quit time and duration of cessation were unknown. We do
not distinguish between (2) and (3), treating them as “smok-
ers since last visit.” Individuals who answered (1) are treated as
nonsmokers since their last visit.

The baseline covariates included in this analysis encompass
those associated with chronic medical conditions, psychologi-
cal symptoms, alcohol use, demographic variables, and smok-
ing history. History of chronic medical conditions was coded
as self-reported presence or absence and included cirrhosis of
the liver, degenerative joint disease, rheumatoid arthritis, other
arthritis, chronic bronchitis, myocardial infarction, coronary
heart disease, heart failure, diabetes mellitus, debilitating back
pain, knee pain, joint ache, muscle ache, hip pain, leg cramps,
and headache. Psychological symptoms were also coded as
self-reported presence or absence and included anxiety, depres-
sion, poor memory, difficulty concentrating, fatigue, poor ap-
petite, and insomnia. Alcohol use was coded as mean grams

per day as both a continuous and a categorical variable, as was
body mass index (BMI). Demographic variables include age at
enrollment (continuous), marital status (categorical), education
(categorical), employment status (categorical), and physical ac-
tivity (categorical). Smoking history included self-report of in-
haling when smoking (always vs. other), total cigarettes per day
(continuous and categorical), and age of smoking onset, years
smoked, and packs per year (all continuous).

1.2 Statistical Challenges and Solutions

Figure 1 shows the smoking patterns of eight participants in
the ATBC study. The follow-up visit numbers are displayed on
the horizontal axis, and the interval between two adjacent visits
is 4 months. Within each time interval, participants were either
smoking (indicated by a dark area) or nonsmoking (indicated
by a white area). For example, individual 1 had two smoking
spells of 16 and 4 months, while individual 7 had three smok-
ing spells of 12, 4, and 20 months, respectively. There are sev-
eral important characteristics of these patterns. First, patterns
alternate between smoking and nonsmoking states. Second, the
sojourn time in each state varies within and between individu-
als and is unknown after censoring. It would be reasonable to
assume that individuals with long trailing nonsmoking sojourn
time before censoring are more likely to be successful quitters
than the individuals without (e.g., individuals 3 and 5 vs. 2 in-
dividual).

Intuitively, each individual’s smoking pattern could be treated
as a discrete-time stochastic process with two states (smoking
and nonsmoking). The smoking status at each interval of one in-
dividual is shown in the time plot in Figure 2, in which S and N
denote smoking and nonsmoking intervals, respectively. A quit
attempt is defined as the nonsmoking interval immediately after
a smoking interval (e.g., the first and third nonsmoking inter-
vals in Fig. 2). The second nonsmoking interval (the second N)
is not a new quit attempt because it does not follow a smoking

Figure 1. Sample profiles of smoking patterns from the ATBC study.
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Figure 2. Time plot of a smoking pattern.

interval. Similarly, a relapse to smoking is defined as the smok-
ing interval immediately after a nonsmoking interval (e.g., the
third smoking interval).

To model the probability of permanent smoking cessation,
one common method in epidemiology is to define as cases (per-
manent quitters) the individuals who do not smoke for more
than a prespecified time interval (e.g., 1 year). Controls or re-
lapsers are those individuals who attempt to quit smoking but
could not sustain for the predetermined time interval. Logis-
tic regression can then be applied to estimate the probability
of permanent cessation. Although it is easy to conduct such an
analysis, there are several potential problems. First, because the
prespecified length of the nonsmoking period is arbitrary, re-
sults will have threshold-specific interpretation. Second, cen-
soring is not accounted for, which leads to outcome misclassi-
fication, biased effect estimation, and misspecified tests of sig-
nificance (Carroll, Ruppert, Stefanski, and Crainiceanu 2006).
Third, the smoking pattern is not fully modeled; for example,
this approach would define as cases both the individuals who
remain smoking-free for 1 year and sustain until censoring and
the individuals who abstain from smoking for 1 year but relapse
afterward. Some surveys (Pierce 2002) show that ex-smokers
who have abstained for a 12-month period have about a 5%
risk of relapsing, and, therefore, 12 months of continuous ab-
stinence is often used as the criterion for successful quitting.
In the ATBC study, there are 4,672 individuals who reported
not smoking at all for at least three consecutive follow-up vis-
its, that is, 12 months. Among them, 518 individuals relapsed
during the follow-up period. Hence, the percentage of relapses
after a 12-month quit attempt in the ATBC study is around 11%.
Thus, uncontrollable bias is introduced in a logistic regression
by simply misclassifying a sizeable fraction of individuals who
relapse after quitting for more than a year.

In clinical trials, “cure from disease” means that the individ-
ual will never develop the disease during his or her remaining
lifespan. The standard approach is to treat the study population
as an unobservable mixture of susceptible and unsusceptible in-
dividuals. Typically, a cure model is a mixture of two submod-
els, one for event occurrence (incidence) and the other for time
to occurrence conditional on occurrence (latency). This model
extends the ordinary survival models by accounting for a cure
component. Identifiability of parameters in the cure model de-
pends on the existence of a hypothesized “cured” population.
Maller and Zhou (1992, 1995) suggested that the existence of
a sufficiently long interval from the largest uncensored failure
time to the largest censoring time is indicative of the existence
of the “cured” population.

Figure 3 displays the Kaplan–Meier survival estimate of
relapse-free proportion in the ATBC dataset. To obtain this,
only individuals who made quit attempts are considered, and
the times from quit attempt to relapse for each individual are

recorded. The quit attempts that last to the end of the study are
recorded as censored. Note that in Figure 3 the longest uncen-
sored smoking-free interval is 19 visits (i.e., 76 months), after
which the Kaplan–Meier estimate of relapse-free survival lev-
els off at .67. Between visit 19 and the last observation at visit
25, there are 96 censored observations. Such a large number of
censored time-to-relapse intervals provides evidence that some
individuals in the ATBC study are “cured.”

Boag (1949) and Berkson and Gage (1952) utilized cure
models to estimate the size of the cured fraction. Various
parametric (e.g., Farewell 1977, 1982, 1986; Farewell, Math,
and Math 1977), semiparametric (e.g., Kuk and Chen 1992;
Sy and Taylor 2000; Chatterjee and Shih 2001; Lam, Fong, and
Tang 2005), and nonparametric (e.g., Laska and Meisner 1992)
cure models and the corresponding estimation methods have
been proposed.

A unique feature of our model is that it incorporates the
“cure” component in the context of recurrent event processes.
Recurrent events appear frequently in longitudinal chronic dis-
ease studies, in which individuals alternate between a number
of states (e.g., various disease states). Such a process is tradi-
tionally analyzed as a multistate continuous- or discrete-time
stochastic process based on Markov or semi-Markov assump-
tions. Transition models are applied to analyze the covariate
effects on the transition probabilities among states. Examples
can be found in infectious disease (e.g., Cook and Ng 1997;
Cook 1999; Smith and Vounatsou 2003; Alexander and Emer-
son 2005), chronic bronchitis (e.g., Ng and Cook 1997; Cook,
Ng, Mukherjee, and Vaughan 1999), psoriatic arthritis (e.g.,
Cook, Yi, and Lee 2004), HIV/AIDS (e.g., Mathieu, Loup, Del-
lamonica, and Daures 2005), and breast cancer (e.g., Ocana-
Riola 2005). Traditional methods, however, do not account for
the possibility of an “absorbing” or a “cure” state that is not di-
rectly observable because of censoring. Given that in the ATBC

Figure 3. Kaplan–Meier curve of relapse-free survival.
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study the main event of interest is permanent quitting, we con-
sidered an extension of two-state Markov models with a “cure”
component.

The remainder of the article is organized as follows. In Sec-
tion 2 we describe the model and the associated inferential
tools. Methods are evaluated via simulations in Section 3. In
Section 4 the proposed methodology is applied to the ATBC
data. In Section 5 we provide further insight into our modeling
strategy. Section 6 provides the discussion.

2. MIXED EFFECTS STOCHASTIC MODEL WITH A
LATENT “CURE” STATE

2.1 A Three-State Stochastic Process

Figure 4 displays a three-state stochastic process with partici-
pant-specific transition probabilities denoted by Pij for j =
1,2,3, where the subscript i denotes individual i and j rep-
resents the state. Smoking state indicates that the individual
is currently smoking. The permanent quitting state represents
lifelong smoking-free, and it is an absorbent state from which
further transitions cannot occur. The transient quitting state is
not absorbing. Individuals in this state do not smoke temporar-
ily but eventually transition into the smoking state. Although
the individual does not smoke in both the transient and the per-
manent quitting states, these two states may be differently im-
pacted by risk factors. The transient quitting state can be easily
identified if the relapse is observed. But when the smoking pat-
tern ends with nonsmoking intervals, the subject could be either
in a transient or a permanent quitting state. We will address this
possibility in (3). Note that in Figure 4 quit attempt is enclosed
by dotted lines because it is not a real state of the Markov chain.
A quit attempt is observable because it is the nonsmoking inter-
val immediately after the smoking intervals. It is a temporary
phase, which would lead to either the transient quitting state or
the permanent quitting state.

When individual i is in the smoking state, quit attempts are
made at the beginning of each 4-month interval with probabil-
ity Pi1. Once a quit attempt is made, the individual may become
a permanent quitter with probability Pi3 at the visit following
the quit attempt. With probability 1 − Pi3, the individual enters
the transient quitting state, from which he has probability Pi2

to relapse back to the smoking state. Conditional on the ran-
dom rates Pij , the transition to the next state is determined only
by the current and previous state. In this article we consider
time-independent random transitions. This assumption will be

Figure 4. Transition among three states.

relaxed in our subsequent research by including time-dependent
covariates, but it exceeds the scope of this article.

The proposed models for transitions give rise to two types of
geometric processes corresponding to the sojourn times in the
smoking and nonsmoking states. The first type (Type I) of geo-
metric process describes the number of smoking intervals be-
fore the next quit attempt. After a quit attempt is made, each in-
dividual has probability Pi3 to become a permanent quitter. The
second type (Type II) of geometric process models the number
of nonsmoking intervals before relapsing conditional on being
in a transient quitting state. Figure 5 illustrates this stochastic
partition for a particular subject. Visits 1 through 3 are modeled
as a geometric process (denoted by I) for waiting time until first
quit attempt. The subject has an unsuccessful quit attempt (de-
noted by B) at visit 3 and enters the transitional nonsmoking
interval, which lasts until visit 5 (denoted by II). Conditional
on having a relapse at visit 4, the subject transitions again into
a Type I process from visit 5. The modeling continues using the
same rules.

2.2 Likelihood Formulation

Let Ki1 be the total number of quit attempts for individual
i and let n

(1)
ik1

be the number of smoking intervals between the
last relapse (or the baseline visit if k1 = 1) and the k1th quit
attempt. Let mi1 be the number of smoking intervals between
the final relapse and censoring if the last observed interval is
smoking. The contribution of the Type I geometric process to
the likelihood for individual i is

Li1 =
{

Ki1∏
k1=1

(1 − Pi1)
n

(1)
ik1 Pi1

}
(1 − Pi1)

mi1 . (1)

If the smoking pattern ends with nonsmoking intervals, then
mi1 = 0 and the term (1 − Pi1)

mi1 = 1 has no contribution to
the likelihood for individual i.

Once a quit attempt is made, the individual enters either the
permanent or the transient quitting state with probability Pi3
and 1 −Pi3, respectively. If the subject fails to enter the perma-
nent quitting state, then the Type II geometric process is initi-
ated. Let Ki2 be the total number of relapses (unsuccessful quit
attempts) for individual i and let n

(2)
ik2

be the number of non-
smoking intervals between the last quit attempt and the k2th
relapse. If relapses are observed for all quit attempts, then the
likelihood contribution of the Type II geometric and Bernoulli
processes is

Li2 =
Ki2∏

k2=1

(1 − Pi3)(1 − Pi2)
n

(2)
ik2 Pi2. (2)

Let Nik3 be the number of nonsmoking intervals between the
final quit attempt and censoring if the last observed interval is
neither smoking nor a quit attempt, and Nik3 = 0 otherwise.
Then the whole trailing nonsmoking sojourn time has the fol-
lowing contribution to the likelihood:

Li3 = (1 − Pi3)(1 − Pi2)
Nik3 + Pi3. (3)

The term Pi3 at the end of (3) accounts for the probability of
being a successful permanent quitter. Note how a long trail-
ing nonsmoking sojourn time before censoring downweights
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Figure 5. A typical smoking pattern.

the likelihood of the individual being in a transient smoking
state. If the last observed interval for individual i is in a smok-
ing state, then Li3 = 1.

The likelihood for individual i is constructed by multiplying
the likelihood contributions in (1), (2), and (3):

Li =
3∏

j=1

Lij

= (1 − Pi1)
Si1P

Ki1
i1 (1 − Pi3)

Ki2(1 − Pi2)
Si2P

Ki2
i2

× [(1 − Pi3)(1 − Pi2)
Nik3 + Pi3]

= P
Ki1
i1 (1 − Pi1)

Si1(1 − Pi3)
Ki2+1P

Ki2
i2 (1 − Pi2)

Si2+Nik3

+ P
Ki1
i1 (1 − Pi1)

Si1Pi3(1 − Pi3)
Ki2

× P
Ki2
i2 (1 − Pi2)

Si2 , (4)

where Si1 = mi1 + ∑Ki1
k1=1 n

(1)
ik1

denotes the total number of
smoking intervals excluding the relapsing intervals and Si2 =∑Ki2

k2=1 n
(2)
ik2

denotes the total number of nonsmoking intervals
(excluding the quit attempts) in the Type II geometric process
with observed relapses. The sufficient statistics for each indi-
vidual’s smoking pattern are {Si1,Ki1, Si2,Ki2,Nik3}. For ex-
ample, the sufficient statistics for the individual in Figure 5 are
{3,2,1,1,3}.

When Nik3 = 0, that is, the last observed interval is smoking,
the likelihood in (4) is simplified to

Li = P
Ki1
i1 (1 − Pi1)

Si1(1 − Pi3)
Ki2P

Ki2
i2 (1 − Pi2)

Si2 .

2.3 Modeling Random Rates Pi j

Given a participant’s covariate vector Xi , we assume that the
participant-specific random rates Pij for j = 1,2,3 have Beta
distributions with mean parameters μij and dispersion parame-
ters θj , respectively,

Pij |Xi ∼ Beta(θjμij , (1 − μij )θj ) for j = 1,2,3. (5)

Then E(Pij |Xi ) = μij and Var(Pij |Xi ) = σ 2
j = μij (1 − μij )/

(1 + θj ). The mean of each Beta distribution is a function of
covariates

μij = gj (Xiβj ) for j = 1,2,3, (6)

where gj (·) are inverse of some link functions. For concrete-
ness, we use the inverse of the complementary log–log function
for μi1 and μi2 and the inverse of the logit function for μi3,
respectively.

The marginal likelihood for individual i is

Li(�) =
∫

Li · f (Pij ) dPij , (7)

where � = (β ′
1, θ1,β

′
2, θ2,β

′
3, θ3)

′. Assuming that Pij are inde-
pendent given the covariates, the marginal log-likelihood based
on all m individuals is equal to

l(�) =
m∑

i=1

li (�) =
m∑

i=1

log{Li(�)}. (8)

This assumption could be relaxed to account for within-
participant random rate dependence. After substituting (4) into
(7) and some calculus, the marginal likelihood for individual i

is

Li(�) =
3∏

j=1

h(μij , θj , αij , βij ) +
3∏

j=1

h(μij , θj , α
′
ij , β

′
ij ), (9)

where

h(μij , θj , αij , βij ) = B(θjμij + αij , (1 − μij )θj + βij )

B(θjμij , (1 − μij )θj )
,

j = 1,2,3,

and

αi1 = α′
i1 = Ki1, βi1 = β ′

i1 = Si1,

αi2 = α′
i2 = Ki2, βi2 = Si2 + Nik3, β ′

i2 = Si2,

αi3 = 0, α′
i3 = 1, βi3 = Ki2 + 1, β ′

i3 = Ki2.

B(α,β) denotes the Beta function. One may be inclined to say
that our model is a Beta binomial model, but closer inspection
of the likelihood will prove otherwise.

There are several advantages in using Beta random-effects
distributions. First, Beta is a natural family of distribution
for modeling probabilities because its support is (0,1). Sec-
ond, the Beta distribution is very flexible, with its probability
density function (pdf) taking many shapes: strictly increasing,
strictly decreasing, U-shaped, and unimodal. Third, the mar-
ginal likelihood (9) is an explicit function of the model pa-
rameters. We use nonlinear maximization of an explicit func-
tion of the model parameters, and this is implemented in the
Gauss MAXLIK package (Aptech Systems, Version 7.0.13)
to obtain the maximum likelihood estimates. We, thus, avoid
numerical integration, Markov chain Monte Carlo (MCMC),
and expectation-maximization (EM) the algorithm. This pro-
vides large advantages over the more popular model using lo-
gistic normal random effects. For example, it only takes about
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4 minutes for our model (9) to get the estimates for one of the
datasets simulated in Section 3 on a PC (Dell workstation XPS
Gen3, Pentium 4 3.6-GHz dual processers, 2G RAM). It takes
around 40 hours for the logistic normal model on the same
dataset. The large difference is due to numerical approxima-
tion of untractable integrals when using logit normal random
effects.

The Beta distribution plays an important role as a prior in hi-
erarchical Bayesian models (see, e.g., McCulloch and Searle
2001; Demidenko 2004). The idea of a Beta random-effects
distribution has been used before (Nandram and Choi 2002;
Dorazio and Royle 2003; Nelson et al. 2006) but never in the
complex context described here.

2.4 Profile Likelihood and Variance Estimation

Preliminary simulations suggest that in the proposed mod-
eling framework the dispersion parameter θ3, the variance of
the random effects associated with cure probability, can be
weakly identifiable. To guard against potential numerical dif-
ficulties, we consider a profile-likelihood approach. Let � =
(β ′

1, θ1, β
′
2, θ2, β

′
3). Define �̂(θ3) to be the value of � that max-

imizes the likelihood for a fixed θ3. The profile likelihood
L(θ3, �̂(θ3)) can then be maximized with respect to θ3 over a
grid spanning the support of θ3. If θ̂3 = arg maxθ3 L(θ3, �̂(θ3)),
then the maximum likelihood estimate of � = (�, θ3) is �̂ =
(�̂(θ3), θ̂3).

A consistent estimator of the asymptotic variance of �̂ is
m−1I (�̂)−1, where I (·) denotes the information matrix and
m is the number of participants in the simulated dataset. We
use Fisher’s scoring method to obtain the estimated informa-
tion matrix as

I (�̂) = E

{
∂l(�)

∂�

(
∂l(�)

∂�

)′}∣∣∣∣
�=�̂

≈ 1

m

m∑
i=1

{
∂li(�)

∂�

(
∂li(�)

∂�

)′}∣∣∣∣
�=�̂

, (10)

where li (�) is the log-likelihood for individual i. We use the
expectation of the square of the score vector instead of the ex-
pectation of the negative Hessian matrix, because the former
guarantees that the information matrix is nonnegative definite.
Each component in ∂li (�)

∂� |�=�̂ is computed using a second-
order central difference numerical scheme, for example,

∂li(�−θ1 , θ1)

∂θ1

∣∣∣∣
�=�̂

≈ li (�̂−θ1, θ̂1 + �θ1) − li (�̂−θ1 , θ̂1 − �θ1)

2�θ1
, (11)

where �−θ1 denotes the parameter vector � without parameter
θ1 and �θ1 is a small perturbation.

3. SIMULATION STUDIES

We evaluate the maximum likelihood inference of the pro-
posed method via two sets of simulations. In the first simulation
study we consider one binary baseline covariate for all three
transition models in (5) and (6). This covariate (i.e., insomnia)

is a binary variable with Xi = 1 representing the presence of in-
somnia at baseline. Each Xi is generated from a Bernoulli dis-
tribution with probability .2, which is the prevalence of insom-
nia at baseline in the ATBC study. Throughout the simulations,
the follow-up time is discrete. The basic time unit is 4 months,
the time interval between two adjacent visits in the ATBC study.
Data are generated by the following six-step algorithm.

1. For each individual i, simulate the total follow-up number
of visits, ci , assuming ci ∼ N(14.7,5.82). This roughly
matches the distribution of number of visits in the ATBC
study. If ci ≥ 1, then ci is rounded to the closest integer.
If ci < 1, then ci is rounded to 1.

2. Simulate Pij using the Beta distributions in (5) and (6).
The parameters are chosen as β1,0 = −2, β1,1 = −.8,
θ1 = 5 for Pi1; β2,0 = −1.5, β2,1 = .6, θ2 = 2 for Pi2;
β3,0 = β3,1 = −1, θ3 = 2 for Pi3.

3. Conditional on being a smoker at last interval, simulate
the time to next quit attempt as a geometric process with
random rate Pi1.

4. Conditional on making a quit attempt, simulate the state
of an individual either as a transient quitter with proba-
bility 1 − Pi3 or as a permanent quitter with probability
Pi3.

5. Conditional on being a transient quitter, simulate time to
relapse with the random rate Pi2

6. Repeat steps 3, 4, and 5 until the total sojourn time ex-
ceeds the follow-up time ci generated in step 1.

We simulate 300 datasets with m = 10,000 participants using
the preceding simulation algorithm. Figure 6 shows the profile
likelihood of dispersion parameter θ3 for 20 datasets, indicat-
ing that θ3 is weakly identified. To avoid this problem, we use
the profile likelihood for estimation and the variance estimation
method described in Section 2.4.

Table 1 presents the results of these simulations. The row la-
beled “MLE” provides the averages of the maximum likelihood
estimators. The row labeled “MLE SE” provides the square root
of the average of estimated variances of the MLE estimators.
The row labeled “Simulation SD” displays the standard devia-
tion of the MLE point estimators. The row labeled “SE” pro-
vides the total standard errors. For example, for β1,1 the SE is
.058, which is equal to

√
.0422 + .0412. The “Coverage proba-

bility” row provides the coverage proportions of the estimated

Figure 6. Profile likelihood of θ3 (true θ3 = 2) obtained from 20
simulated datasets.
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Table 1. Means, standard deviations, and 95% coverage probabilities of the parameter estimates from 300 simulated datasets with N = 10,000

True β1,0 β1,1 θ1 β2,0 β2,1 θ2 β3,0 β3,1
parameters −2.000 −.800 5.000 −1.500 .600 2.000 −1.000 −1.000

MLE −2.000 −.806 5.015 −1.493 .598 2.048 −1.001 −1.061
SE .027 .058 .277 .130 .157 .305 .406 .607
MLE SE .019 .042 .201 .094 .113 .213 .291 .449
Simulation SD .019 .041 .019 .090 .110 .219 .283 .409
Coverage probability .947 .943 .963 .950 .943 .937 .923 .960

NOTE: βj,0, βj,1, and θj are covariate coefficients and dispersion parameters for Pij .

95% nominal confidence intervals. In Table 1 the bias is negli-
gible, and the 95% confidence interval coverage rates are rea-
sonably close to .95. We obtained these results by exploiting
the closed form and avoiding the brute-force maximization of
the marginal likelihood.

In the second simulation study we used the same model but
changed the parameters to match the estimated parameters from
a model fitted to the ATBC data using one covariate: presence
or absence of insomnia. Table 2 provides these parameter esti-
mates in the row “True parameters.” The simulation results in
Table 2 indicate that bias is negligible and the coverage proba-
bilities of the 95% confidence intervals are close to .95.

Our code, simulated data, and additional results for 1,000 and
5,000 subjects can be found at www.biostat.jhsph.edu/~ccrainic
/webpage/programs/smoking/programsfordownload.zip.

4. APPLICATION TO THE ATBC STUDY

We apply our method to the ATBC data. To start, our first
model includes only one baseline covariate, that is, insomnia,
in all three models in (6). Insomnia is an indicator variable
with Xi = 1 denoting the presence of baseline insomnia. Ta-
ble 3 shows the fitting results, with a negative sign of insom-
nia exposure effect estimator indicating a smaller probability of
experiencing an event. For example, participants with insom-
nia have significantly smaller probability (p value = .008) of
making quit attempts than those without. In addition, insom-
nia is associated with reduced probability of being a success-
ful long-term quitter (p value = .003). Given a quit attempt,
the estimated odds ratio of being successful in long-term quit-
ting comparing people with insomnia to people without is .72
[i.e., exp(−.33)]. Interestingly, insomnia does not have a sig-
nificant effect on relapsing once the quit attempts are made.
The estimated pdf’s of random rates can be obtained simply
by substituting the parameter estimates from Table 3 into (6).

The left panels in Figure 7 display from top to bottom the den-
sity functions of Pi1, Pi2, and Pi3. The solid and dashed curves
correspond to unexposed and exposed individuals. The unex-
posed and exposed curves for the density functions of Pi1 and
Pi2 are visually indistinguishable because the insomnia effect
is roughly one or two orders of magnitude smaller than the in-
tercept. Separation is much clearer in the permanent quitting
process because the intercept does not visually dominate this
effect. Moreover, Pi1 has 84.5% of its mass below .2 for the
unexposed and 85.1% for the exposed with a sharp decreasing
pattern. For illustration purposes in the right panel of Figure 7
we display the same curves with a 10 times larger insomnia ef-
fect. The bottom right panel shows a dramatic reduction in the
“cured” probability of exposed individuals.

Our second model includes more baseline covariates: age,
years of smoking, cigarettes per day, alcohol consumption
(g/day), and inhalation (yes/no). The means and standard de-
viations of the covariates used in the analysis are shown in Ta-
ble 4. The first four covariates were standardized for subsequent
analyses. Because they are identified as risk factors in the liter-
ature, we have considered 16 baseline symptoms: anxiety, de-
pression, poor memory, difficulty concentrating, fatigue, poor
appetite, insomnia, headache, back ache, walking pain in knees,
joint ache, muscle ache, walking pain in hips, leg cramps, noc-
turnal restless legs, and cutaneous itching. Given the large cor-
relations among these symptoms, we use standard factor analy-
sis to reduce the number of covariates and to explain the corre-
lations.

Our model uses the first three factors. Table 5 shows the load-
ings of the 16 symptom variables on these factors. These fac-
tors explain around 38% of the total variance of the 16 baseline
symptoms. As a rule of thumb, the factor loadings greater than
.3 in absolute value are considered significant and are shown
in boldface. The first seven symptoms, which are psychological
symptoms, are more heavily loaded on the first factor. The next

Table 2. Means, standard deviations, and 95% coverage probabilities of the parameter estimates from 300 simulated datasets with N = 29,133

True β1,0 β1,1 θ1 β2,0 β2,1 θ2 β3,0 β3,1 θ3
parameters −3.750 −.090 23.920 −.840 −.010 3.200 .590 −.330 1.560

Mean −3.750 −.090 24.002 −.847 −.006 3.240 .579 −.328 1.620
SE .026 .044 2.220 .077 .152 .779 .089 .147 .420
MLE SE .018 .031 1.522 .055 .106 .549 .064 .102 .310
Simulation SD .019 .031 1.617 .054 .108 .552 .063 .105 .283
Coverage probability .933 .960 .937 .947 .947 .940 .953 .950 .953

NOTE: βj,0, βj,1, and θj are covariate coefficients and dispersion parameters for modeling Pij .
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Table 3. Results of fitting models (6) and (9) with one covariate in the ATBC data

95% confidence interval

Models Parameters Coefficient p Lower Upper

Pi1 Intercept −3.75(.02) .000 −3.78 −3.72
Insomnia∗ −.09(.03) .008 −.16 −.02

θ1 23.92(1.18) 21.61 26.23

Pi2 Intercept −.84(.06) .000 −.95 −.73
Insomnia −.01(.11) .92 −.23 .21

θ2 3.20(.55) 2.13 4.28

Pi3 Intercept .59(.07) .000 .46 .72
Insomnia∗ −.33(.11) .003 −.54 −.11

θ3 1.56(.23) 1.10 2.01

NOTE: Numbers in parentheses are standard errors.
∗denotes statistical significance.

Figure 7. Probability density functions of the estimated (left panel)
and exaggerated (right panel) random rates (S, smoking; N, nonsmok-
ing; solid curves, unexposed individuals; dashed curves, exposed indi-
viduals).

Table 4. Characteristics of some baseline covariates in
the ATBC dataset

Covariate Mean Standard deviation

Age 57.2 5.0
Years smoked 35.9 8.4
Cigarettes/day 20.4 8.8
Alcohol (g/day) 17.8 21.3
Inhale (yes/no) .53 .50

seven symptoms, which are chronic medical condition symp-
toms, are heavily loaded on the second factor. Insomnia and
walking pain in knees are loaded on the third factor, which ex-
plains only 6.6% of the total variance. The results from fitting
the proposed model are shown in Table 6.

The upper part of Table 6 shows the results of modeling the
mean probability of making quit attempts, that is, Pi1. A neg-
ative estimate indicates that corresponding exposure is associ-
ated with reduced probability of making quit attempts. Thus,
older individuals are more likely (p value < .001) to make quit
attempts. Participants who smoked longer (p value < .001),
who smoked more cigarettes per day (p value < .001), and who
consumed more alcohol per day (p value < .001) have statis-
tically significantly lower probability of making quit attempts.
Baseline symptoms do not seem to have a significant impact on
making quit attempts.

The middle part of Table 6 shows results for the mean proba-
bility of relapsing for a transient quitter, that is, Pi2, given a quit
attempt. These results indicate that more cigarette consumption
per day is associated with a lower probability of relapsing (p
value = .003), while more alcohol consumption per day is as-
sociated with a higher probability of relapsing (p value = .004).

Table 5. Loading of 16 symptoms used in factor analysis

Symptom Factor 1 Factor 2 Factor 3

Anxiety and nervousness .72 .10 −.02
Depression .74 .05 .01
Poor memory .59 .19 .06
Difficult concentrating .73 .06 .05
Fatigue .50 .29 −.06
Poor appetite .42 .06 −.24
Insomnia .53 .15 −.35
Headache .21 .32 −.11
Back ache .07 .49 .03
Joint ache .05 .68 .06
Muscle ache .09 .66 −.01
Walking pain in hips .05 .61 .07
Leg cramps .14 .47 −.11
Nocturnal restless legs .20 .37 −.22
Walk pain in knees .08 .11 .87
Cutaneous itching .22 .20 −.21
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Table 6. Results of fitting models (6) and (9) with eight covariates in the ATBC data

95% confidence interval

Model Covariates Coefficient p Lower Upper

Pi1 Intercept −3.870(.021) .000 −3.911 −3.828
Age .180(.015) .000 .150 .209

Years smoked −.246(.013) .000 −.271 −.221
Cigarettes/day −.279(.014) .000 −.306 −.251

Alcohol −.188(.017) .000 −.220 −.155
Factor 1 .014(.014) .29 −.012 .041
Factor 2 −.002(.013) .87 −.028 .023
Factor 3 .019(.012) .11 −.004 .042
Inhale .014(.026) .61 −.038 .065

θ1 27.827(1.554) 24.781 30.874

Pi2 Intercept −.901(.079) .000 −1.057 −.746
Age −.022(.056) .69 −.132 .088

Years smoked −.030(.043) .48 −.115 .054
Cigarettes/day −.151(.052) .004 −.253 −.049

Alcohol .148(.052) .005 .046 .251
Factor 1 −.024(.049) .62 −.121 .072
Factor 2 −.034(.048) .48 −.127 .060
Factor 3 .065(.047) .16 −.026 .157
Inhale .016(.097) .87 −.174 .206

θ2 3.049(.543) 1.985 4.114

Pi3 Intercept .463(.092) .000 .283 .644
Age .097(.051) .06 −.004 .197

Years smoked −.005(.041) .89 −.086 .075
Cigarettes/day −.071(.053) .18 −.174 .033

Alcohol −.014(.049) .77 −.111 .082
Factor 1 −.102(.047) .03 −.194 −.009
Factor 2 −.085(.045) .06 −.174 .004
Factor 3 .089(.037) .02 .018 .161
Inhale .017(.089) .85 −.157 .191

θ3 1.564(.241) 1.092 2.036

NOTE: Numbers in parentheses are standard errors.

The lower part of Table 6 shows the parameter estimates from
modeling the mean probability of success in permanent cessa-
tion given a quit attempt. We find that the odds ratio of perma-
nent cessation for an increase of 5.0 years in age is 1.10 [i.e.,
exp(.097)], holding other covariates fixed. Moreover, individ-
uals with psychological symptoms are significantly less likely
to be successful long-term quitters (p value = .03). The odds
ratio of permanent quitting for one unit increase in factor 1 is
.90 [i.e., exp(−.102)], holding other covariates unchanged. In
addition, chronic medical conditions are marginally associated
with reduced probability of achieving success in permanent ces-
sation (p value = .06). Factor 3 is significantly associated with
permanent cessation (p value = .02).

A natural question to ask is whether the dispersion parame-
ters θ1, θ2, and θ3 are actually necessary. We apply the likeli-
hood ratio tests (LRTs) for testing the hypotheses

H0j : θj = ∞ versus HAj : θj 	= ∞
for j = 1,2,3. We use the index j for each hypothesis to indi-
cate that these are different hypotheses for each variance com-
ponent. Testing for H0j is equivalent to testing for 1/θj = 0 and
is also equivalent to Var(Pij |Xi ) = 0. Indeed, this is a test for
the null hypothesis that the random effects are not necessary

to capture the variability of subject-specific transition rates for
one of the three processes described in the article. This is a non-
standard statistical testing problem because the parameter is on
the boundary of the parameter space (θj ≥ 0) and the typical
asymptotic theory results do not hold.

To address this problem, we use the likelihood ratio test
(LRT) statistics. The LRT is defined as LRTj = 2 ×
supHAj

{l(�)} − 2 supH0j
{l(�)}, where l(�) is the log-likeli-

hood under the alternative model. The LRTj are 719.5, 146.1,
and 31.7 for j = 1,2,3, which indicate strong evidence against
each of the null hypotheses. We conclude that there is strong
evidence in favor of using the random effects to capture the
residual subject-level variability for each of the three processes.

Because the parameter is on the boundary of the parameter
space, the asymptotic distribution is the .5χ2

0 : .5χ2
1 mixture dis-

tribution. This type of result is, of course, not needed in our
context because the null hypothesis would be rejected even us-
ing the χ2

1 asymptotic distribution. Note that θ̂1 = 27.827 is
much larger than θ̂2 = 3.049 and θ̂3 = 1.564 in Table 6. Thus,
it may seem surprising that LRT1 = 719.5 is much larger than
LRT2 = 146.1 and LRT3 = 31.7. The explanation is remark-
ably simple and is related to the typical relationship between
mean and variance in nonlinear models.

D
ow

nl
oa

de
d 

by
 [

T
he

 U
ni

ve
rs

ity
 o

f 
T

ex
as

 S
ch

oo
l o

f 
Pu

bl
ic

 H
ea

lth
] 

at
 2

1:
24

 2
2 

A
ug

us
t 2

01
3 



Luo et al.: Analysis of Smoking Cessation Patterns 1011

The overall mean for the Pi1 process (.023) is much smaller
than the means for Pi2 (.340) and Pi3 (.616), respectively, be-
cause roughly 80% of the subjects never attempted to quit. Note
that the coefficient of variation for each process is

CV(Pij ) =
√

1 − μij

μij (1 + θi)
.

After some simple calculations it follows that CV(Pi1) ≈ 110%
while CV(Pi2) ≈ 70% and our LRT results make sense. We
conclude that “The size of the variance components can only
be judged relative to the scale of the problem.”

In summary, the baseline variables age, years of smoking,
and cigarette and alcohol consumption are associated with the
probability of making quit attempts. If the quit attempt is made,
cigarette and alcohol consumption per day are more likely to
have effects on transient quitting, while age and symptoms have
major impacts on being successful in permanent smoking ces-
sation.

5. MODELING INSIGHTS

In this section we provide further insight into our modeling
strategy. We also compare the capacity of our model to repro-
duce realistic addiction patterns in contrast to the traditional lo-
gistic model.

The top two panels in Figure 8 display three simulated smok-
ing patterns for each of the following combinations of proba-
bilities (Pi1,Pi2,Pi3) = (.7, .3, .6) and (.3, .7, .1), respectively.
The first set of probabilities corresponds to unexposed individ-
uals, while the second set corresponds to exposed individuals.

These parameters are different from the ones from the insom-
nia example to make differences detectable by a simple inspec-
tion of several subject trajectories. It is instructive to compare
these two panels and note the longer smoking intervals for the
subjects in the exposed groups. They occur because once an ex-
posed subject is in the smoking state he has a high probability
of remaining in that state. The unexposed group tends to have
longer nonsmoking intervals because once an unexposed indi-
vidual is nonsmoking he has a higher probability of remaining
nonsmoking. Intuitively, the smoking state is a “stickier” state
for the exposed, while the nonsmoking state is “stickier” state
for the unexposed. For this particular example, two unexposed
individuals were cured (denoted by an asterisk on the right side
of the plot), one after 26 and another after 30 visits. None of the
exposed individuals was cured during the 40-month “study” in-
terval. This is due to the combined effect of a much smaller
cure probability and a smaller number of quit attempts. Proba-
bilities are exaggerated, but we hope to convey the more general
message that the model is actually generating the type of pat-
terns consistent with observed real data. Of course, our model
can and does detect much smaller signals in the data, signals
that could not be recovered by a simple inspection of around
30,000 smoking patterns.

For illustration purposes we also simulate patterns from a lo-
gistic regression model with cure probabilities .6 and .3 for the
unexposed and exposed individuals, respectively. Note that the
logistic regression cannot and does not model transient non-
smoking periods, cannot distinguish between transient and per-
manent quitting states, and provides no information about tim-
ing of cure. While useful as an exploratory tool, the logistic

Figure 8. Simulated smoking patterns comparing our model to the logistic regression model (S, smoking; N, nonsmoking). * Subjects who
quit permanently in simulation. Numbers within the parentheses are Pi1, Pi2, and Pi3, respectively.
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regression model is not a good representation of complex to-
bacco addiction behaviors. Moreover, using a simplifying logis-
tic regression model would deliberately throw away invaluable
subject- and population-level information related to addiction
behavior.

6. DISCUSSION

In this article we propose a methodology for modeling
participant-level stochastic addiction behavior. We model sep-
arately transient and permanent cessation and allow for risk
factors to have different impacts on these two cessation states.
Moreover, we introduce a statistically identifiable but unob-
served cure process coupled with smoking and transient quit-
ting processes.

Individual-level data are modeled using a mixed-effects
discrete-time stochastic model with three states for data with
recurrent events and a latent “cure” state. Participant-to-partici-
pant heterogeneity is addressed by incorporating participant-
level transition probabilities, which are modeled using Beta dis-
tributions that depend on the baseline covariates through their
means. We design computationally usable methods for dealing
with the size of the dataset and complexity of the models. This
is achieved using the explicit marginal likelihood obtained by
integrating over the Beta distribution of random effects.

Our modeling strategy has several limitations that we em-
phasize and view as opportunities for future research. One lim-
itation is that we assume that random effects are independent
given the covariates. The second limitation is that the model
presented in the article uses only baseline covariates and does
not accommodate time-dependent covariates. This would be es-
pecially important for studies where interventions could be ini-
tiated. Another limitation is that we do not incorporate mixtures
of distributions for random effects and rely on the Beta distrib-
ution instead.

Our model is applied to analyzing the ATBC dataset. An im-
portant, previously unknown, but often debated, finding is that
risk factors have different effects on transition probabilities. We
also provide mathematical quantification of the participant-to-
participant variation in transition probabilities. Our modeling
strategy enriches the statistical arsenal of cure modeling and
provides new and valuable scientific insight into the smoking
addiction behavior.

[Received November 2006. Revised June 2007.]
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