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(absorbert state). A multivariate normal distribution for random e ects is usedto accour for the
potential correlation amongthe subject-speci ¢ transition probabilities. Inferenceis conductedusing
a Bayesianframework via Markov Chain Monte Carlo simulation. This framework provides various
measuresof subject-speci ¢ predictions, which are useful for policy making, intervertion dewelop-
mert, and ewaluation. Simulations are usedto validate our Bayesian methodology, and assessts
frequertist properties. Our methods are motivated by, and applied to the Alpha-Tocopherol, Beta-
Carotene (ATBC) Lung Cancer Prevertion study, a large (29; 133 individuals) longitudinal cohort
study of smolers from Finland.
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1 Intro duction

Cigarette smoking cortinuesto be the leading causeof premature morbidity and mortality in the
United States(Samet,1992;McBride, 1992;CDC, 1997). Intervertion e orts to encourageand assist
smolers to quit are an important componert of the public health campaign against this epidemic
(Novotny et al. , 1992). The slow progressin reducing the prevalenceof smokingin recen yearsis,
in part, attributable to the high relapserate (Cui et al. , 2006). Hunt et al. (1971)estimatedrelapse
ratesfollowing treatment for smokingcessationat appraximately 80%,while Glasgav & Lichtenstein
(1987) found that between 50% and 75% of smolkers who quit following treatment relapsewithin

oneyear. Piase&i et al. (2002) conjecturedthat the poor treatment succesgates re ects a lack
of understanding of the dynamic nature of addiction and relapseprocesses.The goal of this article
is to design,implemert, and ewaluate the statistical framework of the dynamic processof smoking
cessation.

This problem was originally addressedby Luo et al. (2008) in an application to the Alpha-
Tocopherol, Beta-Carotene (ATBC) Lung Cancer Prevertion study. Here, we provide a brief de-
scription of the ATBC datasetas well asa summary of Luo et al. (2008) modeling approad. The
ATBC study is a large (29; 133individuals) longitudinal cohort study. The individuals were followed
for 5 to 8 yearswith three follow-up visits per year (i.e., every four morths). At ead visit, eah
individual was queried about health and smoking status since the last visit. Smoking status was
de ned by the following question (translated from the Finnish): \Have you smoked sinceyour last
visit?" Individuals were allowed to indicate that during the previousfour months, they (1) had not
smolked at all, (2) had smoled but had stopped at sometime during the interval, or (3) had smoled
continuously For the individuals who answered (2), the quit time, and duration of cessationwere
unknown. We do not distinguish between (2) and (3), treating them as \smokers sincelast visit."
Individuals who answered (1) are treated asnonsmolerssincetheir last visit. Therefore,the smoking

status at ead visit is either smoking or nonsmoking.



The smoking patterns alternate between smoking and nonsmokingstates with sgourn time in
ead state varying within and betweenindividuals. The smoking status is unknown after censoring.
To descrike the full stochastic nature of the smoking addiction pattern, Luo et al. (2008) proposed
a discrete-time mixed-e ects model with three states: smoking, transiert cessation(temporarily
smoking-freebut relapselater), and permanen cessation(lifelong smoking-free),which is a latent
state becauseof censoring. Rather than dichotomizing ead individual as quitter or non-quitter
as is the common practice in epidemiology Luo et al. (2008) incorporated a \cure" componert,
and estimated the cure probability de ned as the probability of permanen cessationgiven a quit
attempt. Random subject-speci ¢ transition probabilities among these three states were used to
accourt for the between-sulject heterogenely. Luo et al. (2008) provided a computationally fast
tting algorithm using an innovative comnbination of geometric-like distributions of waiting times
betweenaddiction statesand Beta distributions of subject-speci ¢ random e ects. This conbination
resultedin a closed-formmarginal likelihood which, though complicated-laoking, is easyto maximize
using standard optimization software.

While in this article the stochastic smoking patterns are addressedby the samediscrete-time
mixed-e ects model with three states asin Luo et al. (2008), we use a di erent modeling and
inferertial framework for random e ects to addresssubject-speci ¢ predictions as well as potertial
correlation among random e ects correspnding to the transitions among three states. We replace
the independert Beta distributions of random e ects by a multivariate normal distribution with
non-zeroo -diagonal elemets in the variance-c@ariance matrix. Modeling and inferenceare natu-
rally conductedusing a Bayesian framework via Markov Chain Monte Carlo (MCMC) simulation.
This framework provides the joint distribution of vectors of subject-speci c measuresof the addic-
tion behavior, while incorporating the information in the data accordingto the rules of probability.
In addition, there is an important computational di erence betweenthe current article and Luo

et al. (2008). While we tried to obtain the subject-speci ¢ predictions with the approad in Luo



et al. (2008) using Bayesianinferencebasedon MCMC simulations, we were unable to obtain good
convergenceand mixing properties. The multivariate normal distribution assumptionusedin this
manuscript allows us to circumvert this problem and to accourt for potertial correlation among
random e ects. Both thesemodel characteristics are neededfor satisfactory inference.

The model enhancemets are important, but challengingto implemert. Indeed,various measures
of subject-speci ¢ predictions, and their assaiated variability are usefulin assistingpolicy making,
treatment, and intervertion assessmen For example,to maximize the useof the limited resources
for smokingcortrol, it may be helpful to categorizethe individuals in the ATBC study into multiple
groups,e.g., high, and low propensity for quitting. Variousintervertion programscould be designed
accordinglyto meet the smoking cessationneedsof di erent groups. For the motivated individuals
with high propensity for quitting, consiste counselingmay be e ective to keepthem smole-free,
while more aggressie treatments could be necessaryor the \hard-core" smolkerswith low propensity
for quitting. Moreover, one could evaluate, and identify the smokingpatterns (e.g., the number, and
length of quit attempts), which can greatly increasethe propensity for quitting. This provides
valuable guidancefor the design,evaluation, and implemertation of smoking-cotrol strategies.

This article preserts a Bayesianmodeling approad to estimatethe model parameters,and various
measuresof subject-level predictions. Although not as computationally e cient as the modeling
framework in Luo et al. (2008), our algorithm remainsfeasibleusing modern computing platforms
and software. For reproducibility of our results, we post our code, simulated data, and results at
www.biostat.jhsph.edu/~cc rain ic/ webgage/prograns/smokin g/MAVCLuo_smokng. zip

In Section2, we summarizethe modeling framework in Luo et al. (2008). In Section3, we intro-
ducethe Bayesianmodel and inference.In Section4, we discussthe subject-speci ¢ predictions and
ewvaluations using our modeling framework. A simulation study is usedto illustrate the methodology
in Section5. The proposedmethods are applied to the ATBC study datasetin Section6. Finally,

the article is concludedwith discussionsn Section?.



2 A Stochastic Mixed Mo del for Addiction Behavior

Toillustrate the complexity of the dataset, Figure 1adisplays the smokingpatterns of four individuals
in the ATBC study. The follow-up visit numbers are shovn on the x axis and the individuals' IDs
areon the y axis. Within the interval betweentwo consecutie visits (i.e., 4 morths), the individuals
either smoled (indicated by a shadedarea) or did not smole (indicated by a unshadedarea). Some
individuals experiencedsmokingand nonsmokingperiods in an alternating fashion (e.g., individuals
2, 3, and 4), while others never made quit attempts (e.g., individual 1). Although the smoking
patterns are unknown after censoringthe longtrailing nonsmokingintervals of someindividuals (e.g.,
individuals 2 and 3) suggestthe existenceof a potertial \cured" subpopulation (i.e., individuals who
successfullyquit smoking). This type of data arisesfrequenly in medical studiessud as infectious
diseaseqe.g., ear infection, (Eerola et al. , 2003); Pnc bacteria carriage, (Auranen et al. , 2000);
Hib infection, (Auranen, 2000)), chronic diseaseqe.g., epilepsy (Cowling et al. , 2006); soft tissue
sarcoma,(Huang et al. , 2006)), and substanceaddiction, where patients make transitions among
se\eral diseasestates or betweenthe presenceor absenceof symptoms. After the administration of
various treatmernts, somepatients are cured, and no longer experiencediseasestates or symptoms.
Luo et al. (2008) modeledthe data using a 3-state discrete-time stochastic mixed-e ects model
with subject-speci c transition probabilities denotedby Pj , with j = 1;2; 3, asillustrated in Fig-
ure 1b. This model distinguishesthe transient from the permanen quitting state becausethe pro-
cesseghat descrike transiert and permanert quitting are likely to be di erent, and have di erent
policy making implications. When individual i is in the smokingstate, quit attempts are madeat the
beginningof eat 4 month interval with probability P;;. Oncea quit attempt is made,the individual
may becomea permanern quitter with probability Pz at the visit following the quit attempt. With
probability 1 P, the individual erters the transiert quitting state, from which he has probability
Pi» to relapsebadk to the smoking state in the current interval. Conditional on the random rates

Pj , the transition to the next state is determined only by the current and the previous states. A



quit attempt is de ned asthe nonsmokinginterval immediately after the smokingintervals. The quit
attempt is a gateway either to permanen or to transiert quitting and is not a state in the proposed
stochastic process.

This modeling structure can be descriled using two types of geometric processesorrespnding
to the sgourn time distributions in the smoking and nonsmoking states. The rst type (Type I)
of geometric processdescrites the number of smoking intervals before the next quit attempt. The
secondtype (Type Il) of geometricprocessmodelsthe number of nonsmokingintervals before next
relapse(a relapseis de ned as the smoking interval immediately after the nonsmokingintervals),
conditional on beingin a transiert quitting state. The likelihood for individual i is constructed by
multiplying the likelihood cortribution of both typesof processes

Li = PIM1 PRS2 P> Mes(l Pyg)et

+PTHL P)StPS(L Pi)S?Pis(l Pig)<iz; (1)

whereK; isthe number of quit attempts for individual i, K, is the number of of relapsegunsuccessful
quit attempts), S;; is the total number of smokingintervals excludingthe relapsingintervals, S;; is the

total number of nonsmokingintervals (excluding the quit attempts) in the Type || geometricprocess
with obsened relapses,Nj, is the number of trailing nonsmokingintervals (i.e., the nonsmoking
intervals betweenthe nal quit attempt and censoringif the last obsened interval is neither smoking
nor a quit attempt, and N, = O otherwise). For a detailed derivation of the likelihood formulation

in (1), pleaseseeSection2:2 in Luo et al. (2008).

The likelihood in (1) is a sum of products of binomial-like distributions with the transition prob-
abilities P;; being the \success" probabilities. By assumingthat P; have Beta distributions, and
are independen given the covariates, the closed-formof the marginal likelihood can be obtained by
integrating out P;; . The stochastic model and the likelihood formulation in this article are similar to
Luo et al. (2008), but the random e ects are modeled using the multiv ariate normal distribution.

This distribution corveniertly accourts for between-sulpect heterogeneily and within-subject corre-
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lation in the transition probabilities. For individual i (i = 1;:::;m, wherem is the total number
of individuals), let y, denotethe outcomevariable vector. Correspnding to transition probability
P, let X; denoteap 1 vector of predictors. Let ; beap 1 vectorof xed e ects regression
coe cien ts and let u;; be the subject-speci c random e ects for transition probability P;; . To model
the transition probability vector P; = (P;1; Pi2; Pi3) for individual i , we let

g (Pj;uj) = X

it U forj = 1,2, 3; (2)

whereg; () are somelink functions. For example,we let g;( ) and g,( ) be the complemetary log-
log link function and let gs( ) be the logit link function. We usethe complemetary log-loglink to
make the transition probabilities betweensmokingand transiernt quitting statesanalogousto hazard
functions in discrete-time proportional hazardsmodel (Kalb eisch & Prertice, 2002). Note that
may be the sameor di erent for di erent subscriptsj and denoteby = ( $; 9; 9)°
The trivariate random e ects vectors u; = (U;g; Uj2; Ui3)° are assumedto be independert and
idertically distributed with normal probability density function h(u;; ), i.e., ujj N3(0; ), where
Ui = (Uj1; Ui2; Ui3)' and  is an unknown 3 3 covariance matrix with the (i; j )th ertry denotedby
j . The non-zeroo -diagonal elemerts in  canaccoun for the within-individual dependenceamong
random transition probabilities. With this structure of random e ects, the marginal likelihood for
individual i is Li( ;y;) = RLi(Pijjui; i)h(ui; )du;, where = (; ). This integral cannot be
evaluated analytically asin Luo et al. (2008). To avoid this problem, we use Bayesianinference

basedon MCMC posterior simulations.

3 Bayesian Inference

In this sectionwe describe our Bayesianframework. Recallthat the model parametersare and
describingthe mean and correlation structure of the transition probabilities, respectively. We used
the following priors ;.  N(0; 100), wherej = 1;2;3, k = 1:::p, and p varieswith the model. For

, We use an approad suggestedoy Moller & Sywersween (1998), which is basedon the Cholesky



decommsition. Let = 0 where is a matrix with zeroertries above the main diagonaland let
l'i; bethe (i;j)th entry fori j. Considera latent random e ects vector z; = (z1; Zi2; i3)° with
independert N (0; 1) componerts. Then u; = z; hasmeanzero,and variance . This correspnds

to the following linear reparameterizationof the random e ects u;:

Uit = ! 11Zi1; U2 = V1271 + 1 20Zip; Uiz = 1 13Zi1 + 1 2375 + ! 337;3! (3)

. . P A . .
Note that the ertries of the matrix =~ arecomputedas i = ’,zlk! i, J; k  3,wherej *k =

min(j; k). Non-negativity constrairts on ! 15;! 5, and ! 33 are imposedby assumingUniform(0; 10)
prior distributions. The prior distributions for ! 15;! 13, and ! ,3 are N(0; 100) to allow for potential
negative correlation in . For notational corvenience, let = (11 12, 13} 22 23 33), ! =
("1 ' a2 a3 225 233 33), 24 = (Zi1;Zi2; Ziz), and = (12, 13; 23) denotesthe pairwise correlation
coe cien ts amongthe componerts in random e ects u;. The joint distribution of the data and

parametersis
yn \e
P(; )= Lityi;P)  p(Py: ;3!:z)P(z) P()P(): (4)
i=1 j=1
and the full conditionals are detailed in Web Appendix A.
We can substitute (2) and (3) into the above full conditional distributions to get the functionsin

terms of I, and z. The parametersare updated in the following order ( ;! 11), ( 2;! 12;! 22),

T
( 3V 131231 33), and (z1;z2;zi3). Thesefull conditionals do not have an explicit form and are
simulated usingthe single-commnert Metropolis-Hastings(M-H) algorithm (Metropolis et al. , 1953;
Hastings, 1970;Li, 1988) with a normal proposal distribution certered at the current value and a
small variance. Each parameteror block of parametersis updated in turn by conditioning on all other
parameters(Geman& Geman,1984;Gelfand & Smith, 1990). The posterior distributions of and

are computed from the posterior samplesof ! and the posterior distributions of the subject-speci c

transition probabilities P;; are computedfrom the posterior samplesof and u;.



4 Subject-Sp ecic Predictions and Evaluations

Our model and Bayesian inferertial madinery provide straightforward subject-speci ¢ prediction
calculationevenin very complex,but policy relevant, corntexts. For example,giventhe study data and
model, onemight be interestedin predicting \who is a permanen quitter two yearsafter censoring".
Note that the individual who wassmokingat censoringhasprobability zeroto be a permaner quitter
at censoring,but nonnegatiwe probability of beinga permanern quitter two yearsafter censoring.In
Section4.1, we shav how to calculatethe probability of permanen quitting two yearsafter censoring
(we call it 2-year quitting probability and denoteit by P;). In Section4.2, we descrite the predictive

properties of the decisionmaking processbasedon P;.

4.1 Subject-Sp ecic Predictions

In this section, we shov how to derive the 2-year quitting probability, P;, which is de ned as the
probability that the ith individual who was followed in the study for n; yearsbecomesa permanen
quitter by the end of year n; + 2. For example, for an individual who was followed for v e years
in the ATBC study, the 2-year quitting probability is the probability that he becomesa permanen
quitter by the end of year 7.

To compute P;, the unobsened 2-year (24 months) period that follows the obsened smoking
pattern is partitioned into 6 four-morth intervals to emulate the designof the ATBC study. To
ensurethat permanen quitting happensby the end of the 2-year period, the last two intervals (the
fth and the sixth) must be nonsmoking. This is becausdi) if permanen quitting occursat or before
the fth interval, the last two intervals are nonsmoking(e.g., the smoking patterns 1 to 8 in Web
Figure 1); (ii) if the quit attempt occursat the fth interval and permanen quitting occursat the
last interval, the last two intervals are still nonsmoking(e.g., the smoking patterns 9 to 16 in Web
Figure 1). Denoted by SP are the 16 possiblesmoking patterns for the rst four intervals. Web
Figure 1 displays SP indicating that permaner quitting happensat or beforethe secondinterval for

pattern 1, at the third interval for pattern 2, at the fourth interval for patterns 3 and 4, at the fth

9



interval for patterns 5 to 8, and at the sixth interval for patterns 9 to 16, respectively.
For individual i, the probability that smokingpattern j occursis

Pi(sp jPi1; Piz; Piz) = Pi?uj (1 Piy)Su Pi};iz] (1 Pi2)%3Pi3(l  Pig)<ia; (5)

wheresp denotesthe smokingpattern j. The 2-year quitting probability for individual i is
X

Pi(quit in 2-year) = Pi(sp, jPi1; Piz; Pis): (6)
sp; 2SP

The probability formulation in (5) is slightly di erent from (1) becausdt doesnot cortain Nj..
This is becausepermanert quitting occursin every smokingpattern and there is no needto accourt
for the probability of observingthe samepattern if permanen quitting doesnot occur. Note that
for pattern j, Kiyj, Sigj, Kizj, Sig, Niksj, and Pi(sp;jPi1; Piz; Pig) are di erent for the individual who
smoled at censoringand for the one who did not smoke at censoring. For example, for pattern 1,
we have Kij; = 1, Siip = 0, Kiz1 = 0, Siz1 = 0, Nik;1 = 5, and Pi(sp jPia; Pi2; Pis) = PiiPis for
the individual who smoled at censoring,but Ki;; = 0, Sj1; = 0, Kij21 = 0, Sj21 = 0, Ni,1 = 6,
and P, (sijPil; Pi»; Pi3) = Pj3 for the individual who did not smole at censoring.When P;; is small,
Pi1Piz  Pj3. This explainswhy the individual who smoked at censoringhasa much smaller 2-year

quitting probability P; than the individual who smoked at censoring.

4.2 Decision-Making Evaluation

The 2-year quitting probabilities calculated in the previous section are very important predictive
measuresand could be usedin a decision-makingframework. Oneway to formalize sud a framework
could be to categorizethe ATBC individuals into two groups, e.g., permanern quitters and non-
permanern quitters. A reasonabledecisionrule couldbeto x a particular probability threshold(i.e.,
Po), and predict that individuals are permanen quitters if P; > py and are non-permanen quitters
if P,  po. To study the properties of this classi cation procedurewe investigatethe e ect of various
thresholdson its sensitivity and speci city. Sensitivity is de ned asSengQ; po) = % P i20 1 TPi > pog,

where Q is the set of the true permanern quitters. Sensitivity is the frequency with which the
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procedurecorrectly iderti es the permanen quitters (true positive) using the probability threshold
Po. Similarly, the speci city is de ned as Sped Q; po) = m P iomno | fPi Pog, whereM is set of
all individuals, and M nQ denotesthe set of non-permaner quitters, and jM nQ)j is the cardinality of
the setM nQ. Speci city is the frequencywith which the procedurecorrectly identi es the individuals
who are non-permanen quitters (true negative) usingthe probability threshold pp,. The threshold pgy
could be anything between0 and 1, but someinsight into reasonablevaluescan be obtained using

simulations, as descriked in Section5.

5 Simulation Study

In this section, we ewaluate the performanceof our methodology using simulations. To start with,
we considerdata generating processeghat are straightforward to explain, but complex enoughto
capture the main features of the data. We considerthe casewhen all processesdepend only on
one binary covariate X;, e.g.,the baselineinsomnia symptom. Becausethe prevalenceof insomnia
at baselineis around 20% in the ATBC study, the covariate X; is simulated independerily from
a Bernoulli distribution with successprobability :2 for i = 1;:::;m, wherem = 10;000 and for
N = 100simulated datasets. After the covariate for individual i is generated,the smoking pattern

is generatedusing the following algorithm.

1. Simulate the number of follow-up visits independenly from a N (14:7; 5:8?) distribution (this
is an appraximation of the empirical distribution of number of visits in the ATBC study).
2. Simulate independertly u; N(06 ) with L
:09 01 12
=@ .01 :16 :05A:
12 05 25
We make this choiceof to appraximate the resultsin the ATBC study.
3. Simulate P using(2) with , = (:186 1:217f, , = ( 1031 1:217fand ;= (:405 2:603).

4. Conditional on smokingin the last interval, simulate the number of smokingintervals before
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the next quit attempt via the Type | geometricprocesswith succesgprobability P;;.

5. With probability P;3, the individual becomesa permanen quitter, all the remaining intervals
are nonsmokingand the simulation for individual i is nished.

6. With probability 1 P;3, the individual erters a transiert quitting state. The number of
nonsmokingintervals beforethe next relapseis simulated from the Type || geometric processwith
succesprobability Pj».

7. Repeat until the smokingpattern is generatedfor ead individual.

Using the Bayesian methodology descrited in Section 3, we obtain the joint distributions of all
model parametersgiven the data. For ead simulated dataset, we run v e parallel chains using
initial valuesthat are over-dispersed. For eat of the v e chains, we run 100 000 simulations. The
rst 20;000simulations of ead chain are discarded,and inferenceis basedon the remaining 80; 000
simulations from ead chain. The MCMC corvergenceand mixing properties are assessetby visual
inspection of the chain histories of many parametersof interest. Web Figure 2, 3, and 4 display the
histories of 12 parametersof interest from three randomly selectedchains for one of the simulated
datasets. Theseplots indicate reasonableconvergenceand mixing properties, eventhough, for clarity,
we only display every 500th simulation. Similar good chain properties have beennoted in all other
examplespresetted in this article.

Simulation results are reported in Web Table 1. The row labeled\EST" providesthe averageof
the posterior meansfrom 100 simulated datasets. The row labeled\SE" provides squareroot of the
averageof the variances. The nominal 95% credible intervals of parameters(e.g., 11) are obtained
from the 2:5% and 97:5% percetiiles of the posterior distributions of the parameters(denotedby "23
and ~%° for simulated dataseti). The coverageprobabilities of theseintervals (displayed in the row
labeled \Coverageprobability") are calculated as P N (b3S 11 bY®)=N, wherel () denotes
the indicator function. Resultsin Web Table 1 indicate that biasis negligibleand the credibleinterval

coverageprobabilities are reasonablycloseto the nominal level of 95 percen.
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To predict who is a permanern quitter two years after censoring,we use the threshold method
descrikedin Section4 and calculatethe sensitivity and speci city functions. To gain someinsight into
how the variability of the estimated P;; changethe results, we substitute into (5) and (6) either the
true P; generatedin Step 3 of the simulation algorithm or the estimated P; from MCMC samples.

Figure 2 displays the meansand the 2:5% and 97:5% perceriles for sensitivity and speci city
at eat threshold p,. The meansand the perceriles are obtained using the 100 simulated datasets.
Figure 2 clearly shaws the trade-o between sensitivity and speci city. When the threshold pg is
lessthan :5, the sensitivity and speci city using the estimated P; (solid line with dash-dotlines for
the perceriles) and using the true P; (solid line with dashedlines for the perceriles) agreevery
closely e.g., the sensitivity remainsat about :9 while the speci city plateausat about :7. When p,
varies between :5 and :8, the results using the estimated P; deviate markedly from the onesusing
the true P;, and show larger variability. These larger deviation and variability are partially due
to higher statistical variability of the estimated P;; . Moreover, low sensitivity is traded o for high
speci city in this range of thresholds,p,. When py > :8, the sensitivity gradually readheszero and
the speci city gradually reaches one. When a threshold pp 2 [:3;:5] is selected,one could obtain
roughly :9 averagesensitivity and :7 averagespeci city using the estimated P . In this range of
thresholds py, the sensitivity and speci city results using the estimated P; and using the true P;
line up almostperfectly. This gure providesinsight on the rangeof thresholdswhenthe classi cation

and decision-makingare of scierii ¢ interest.

6 Application to the ATBC Study
6.1 Parameter estimation and interpretation

In this section, we apply the proposedmethodology to the ATBC dataset. For all results in this
section we use v e parallel chains with overdispersedinitial valueswith respect to the posterior,
and run ead chain for 150 000 simulations. The rst 50; 000 simulations are discarded, and the

parameter estimatesare basedon the remaining 100 000 simulations from ead chain.
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First, we t asimplied model with only onebinary covariate, presenceof the insomniasymptom
at baseline.Web Table 2 providesthe posterior means,standard deviationsand 95%credibleintervals
for someof the parametersof interest. A negative sign for the insomnia e ect indicates a smaller
probability of having a certain evert. For example, the individuals with insomnia are lesslikely
to make a quit attempt than those without. After the quit attempt is made, the estimated odds
ratio of permanen cessationis :748(i.e., exp( :29); 95%ClI: [:571;:970]) comparingthe individuals
with insomniato those without. Theseresults are consistem with thosein Luo et al. (2008) both
in direction and magnitude. While expected given the large samplesize, it is reassuringthat the
di erent structure of random e ects doesnot have a more seriousimpact on our marginal inferences.
Web Table 2 alsoshaws a high negative correlation betweenu;; and uj3, i.e., 13 = :93. We provide
more insight into this at the end of this section.

Secondwe t aricher model with the following eight covariates: age,yearsof smoking,cigarettes
per day, alcohol consumption (g/day), inhalation (yes/no), and factor 1, 2, and 3 obtained from a
factor analysison the 16 baselinesymptoms. The 16 baselinesymptoms are: anxiety, depression,
poor memory, di cult y concetrating, fatigue, poor appetite, insomnia,headate, bak ace, walking
pain in knees,joint ache, muscleade, walking pain in hips, leg cramps, nocturnal restlesslegs,and
cutaneousitching. The covariates age,yearsof smoking, cigarettesper day, alcoholconsumptionare
certered and standardized. For interpretability of results, note that factors1 and 2 are heavily loaded
on psydiological and chronic medical conditions symptoms, respectively. Factor 3 is heavily loaded
on insomnia and walking pain, but it only explains 6:6% of the total variance. The history plots of
the chains for the model parametersare omitted becauseof spacelimit, but the mixing property of
the chains are comparableto the onesin the simpli ed model.

The rows labeled P;; in Table 1 display the results of modeling the probability of making quit
attempts. A negative sign of a parameter indicates a smaller probability of having an ewen, i.e.,

making a quit attempt. Therefore, we concludethat older individuals have higher probability of
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making quit attempts, while years of smoking, cigarette, and alcohol consumption are negatively
assaiated with the probability of making quit attempts. The rows labeled P;, in Table 1 show the
results of modeling the probability of relapsingfor the transiert quitters, conditional on making a
quit attempt and beingin a transiernt quitting state. We concludethat the individuals who smoled
more cigarettes per day take longerto relapsewhen they are in a transiernt quitting state. This is
unexpected, but consistem with resultsin Luo et al. (2008). Finally, the rows labeledP;3 in Table 1
provide the results of modeling the probability of beinga permanen quitter, conditional on making
a quit attempt. We concludethat the odds ratio of permanen cessationfor an increaseof 8:4 years
of smoking history (i.e., one standard deviation) is 1:160 (i.e., exp(:148); 95% CI: [1:036 1:309]),
holding other covariates xed. In addition, individuals with psydological symptoms (factor 1) have
signi cantly smallerprobability of quitting permanerly. The oddsratio of permanen quitting for one
unit increasen factor 1is:890(i.e., exp( :115); 95%CI: [:787,:998]), holding other covariates xed.

The resultsin Table 1 are consistem with Table 6 in Luo et al. (2008) with respect to the direction,
size,and signi cance of covariates, e.g., age,year of smoking, cigarette, and alcohol consumptionin

modeling P4, cigarette consumptionin modeling P;,, and factor 1 in modeling P;3. Howewer, our
modeling results show a signi cant positive assaiation betweenyearsof smokingand probability of
permanen quitting, while Luo et al. (2008) reports an insigni cant negative assaiation.

Web Table 2 and and Table 1 display high negative correlation betweenP;; and Pj3 ( 13), and
relatively high positive correlation between P, and Pj3 ( 23). We now provide someinsight into
why these correlations may occur. Consider rst by3. Note that there are 1,974 (6:8%) long-term
sustainers,i.e., individuals who did not smole for at least 10 consecutie visits (40 months) and
sustaineduntil censoring.Theselong-term sustainers,in our model, are most likely to be permanert
quitters, and cortribute the most to estimating the parametersof P;3. Among them, 1899 (96:2%)
made only one quit attempt, indicating why high P;3 (long trailing nonsmokingintervals) might be

so highly assaiated with small P;; (few quit attempts). Consider next b,3. Note that there are
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1;188(4:1%) relapsers,.e., individuals who had at leastonequit attempt but did not have a trailing
nonsmokinginterval. Theserelapsers,in our model, are most likely to have a small P;;. We count
the number of nonsmokingintervals before an obsenable relapse(take averageif multiple relapses
occurred) for ewvery relapser. Relapsershad an averagesmole-freeinterval of 2:6 visits (10:4 months)
before next relapse. This relatively long smole-free interval before relapsing indicates small P;s,.

Therefore,the assaiation of small P;, and small P;3 might leadto a high correlation coe cient ;.

6.2 Subject-Sp ecic Predictions in the ATBC Study

In this section,we provide more insight into our model's ability to provide subject-speci ¢ estimates
and predictionsin the ATBC study conditional on the obsened covariates and smoking patterns.

Figure 3 displays the smokingpatterns of seen individuals in the ATBC study, who had 20 visits
before censoringand no baselineinsomnia symptoms. Theseindividuals had di erent numbers of
quit attempts and various sgourn time distributions in the smokingand nonsmokingstates. Table 2
presens the number of nonsmokingintervals (in the columnlabeled\NS") and quit attempts (in the
columnlabeled\QA") for all sevenindividuals. Usingthe resultsof the simpli ed model, we calculate
the subject-speci c posterior meansof the transition probabilities P; for thesesewen individuals. In
addition, we report the subject-speci c 2-year quitting probability, P;, asillustrated in Section4.
Theseestimatesare displayed in columns4 to 7 in Table 2. For reference,the last row of Table 2
preseits the population meansof the numbers of nonsmokingintervals and quit attempts and Pj;
and P; of all individuals in the ATBC study.

Table 2 reveals how the smoking patterns change the subject-speci ¢ probabilities among the
individuals with identical numbers of visits and covariates. For examples,more quit attempts cor-
respond to a higher Pj; (e.g.,:014in individual 1 vs. :123in individual 7). Among the individuals
with the samenumber of quit attempts, we concludethat (1). earlier quit attempts correspnd to
increasedP;; (e.g.,:026in individual 3 vs. :055in individual 4; and :066in individual 5 vs. :095in

individual 6); (2). the existenceof a trailing nonsmokinginterval correspndsto greatly increased
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Pis (e.g.,:783in individual 3 vs. :424in individual 4; and :443in individual 5 vs. :260in individual
6); (3). the existenceof a trailing nonsmokinginterval also correspndsto increased2-year quitting
probability P; (e.g.,:796in individual 3 vs. :105in individual 4). As a last point, amongindividuals
with the samelength of a trailing nonsmokinginterval, the oneswith previous quit attempts have
smaller P;3 and P; than those without (e.g., individual 2 vs. 3). Intuitiv ely, the individuals with
more unsuccessfubuit attempts are more likely to be transient quitters in the trailing nonsmoking

interval becausehis interval tendsto be a recurrenceof the previousunsuccessfufjuit attempts.

7 Discussion

In this article, we introducea computationally feasibleBayesianframework for the analysisof smoking
cessationpatterns with a latent cure state. This framework provides various subject-speci ¢ predic-
tions by modeling the stochastic smoking behavior as a function of covariates and random e ects.
The approad expandsthe functionality of the framework proposedin Luo et al. (2008) by accourt-
ing for the correlations among subject-speci ¢ transition probabilities. It also provides additional
insight into the relations amongthe dynamic smokingand quitting processesWe shov how subject
speci ¢ transition probabilities, Pj, vary with smoking patterns acrossindividuals, which provides
useful prognosticinformation for e cient dewlopmen, targeting and ewvaluation of intervertions.
Our cure model is basedon unobsened states (permaner quitting) that are identied through
weak assumptions.Thus, it is reasonableto study the stability of parameterestimatesto departures
from the model assumptionsand to potential nearly uniderti ed parametersLi et al. (2001). In
particular, we evaluate the e ect of using various link functions and parametric assumptionson the
random e ects. The sizeof e ects and scierti ¢ interpretation under di erent link functions (e.g.,
logit and probit links) are basically unchanged. Moreover, Luo et al. (2008) used independen
Beta distributions for the random e ects and obtained essetially similar scieric results. It is

important to note that, in practice, it is hard to match the exibilit y of the multivariate normal
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random e ects assumption. For example,inducing correlation in a non-normal multiv ariate vector
is theoretically possible,but computationally challenging. This is also the reasonwhy we do not
attempt to implemert correlated nonparametric distributions of random e ects.
Bayesianinferencevia MCMC simulations can be implemented and producesreliable and repro-
ducible resultsfor complexaddiction behavior data (seethe software postedon the link in Sectionl).
Howewer, model tting is computationally intensive. For example,it takesaround5:1 secondgo com-
plete onesamplingcyclefor oneof the datasetssimulated in Section5 ona PC (Dell workstation XPS
Gen3, Pentium 4 3.6 Ghz dual processers2G RAM). It would take about 142 hoursto get 100 000
samplesfor a singleMCMC chain. In cortrast, it takesthe Beta random e ects methods proposedby
Luo et al. (2008)only about 4 minutes to get the estimates. The large di erence in computational
time is due to the explicit function of the model parametersin Luo et al. (2008). Even though our
implemertation is slover, the models and inferencesin this article produce inferertial results that
could not be obtained by the faster approad of Luo et al. (2008), e.g., subject-level predictions and

residual correlation inferences.

Supplemen tary Materials

Web Appendix, Tables, and Figures referencedin Sections3 to 6 are available under the Paper

information link at the Biometrics website http://www.biometrics.ti bs.org.
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Figure 1: (a) Samplepro les of somesmokingpatterns from the ATBC study. Shadedregionsindicate
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simulated datasets. The resultsfrom the true P is displayed asa solid line with dashedlinesfor the
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Table 1: The posterior means(PM), standard deviations (SD)and 95% credible intervals (Cl) of the
parametersfrom (2) for 8 covariatesin the ATBC dataset

Models Parameters PM SD 95% ClI
lower upper
Intercept 4:366 :027 4419 4314
age :208 :017 175 :243
Years Smoked :281 :015 :312 251
cigarettes/day :301 016 :333 269
Pi1 alcohol :199 :018 :235 :163
factorl :023 015 :006 :052
factor2 :001 :014 :029 :027
factor3 :017 :013 :009 :042
inhale :006 :029 :052 :063
Intercept :380 :237 :817 118
age :015 :064 138 111
Years Smoked :010 :055 :115 :100
cigarettes/day 152 057 267 :042
Pi- alcohol 121 :076 :031 1267
factorl :027 054 :133 :077
factor2 :055 :054 162 :048
factor3 :074 051 :028 :173
inhale :032 :108 178 247
Intercept 2:505 222 2098 2:984
age :055 :067 :079 :188
Years Smoked :148 :060 :035 :269
cigarettes/day :032 064 :096 156
Pis3 alcohol :003 :075 151 141
factorl :116 061 :239 :002
factor2 :109 :060 :228 :005
factor3 :074 051 :025 174
inhale :020 :117 :248 :208
11 :884 :044 :802 1973
12 :184 :116 427 :026
13 1:.869 :178  2:253 1:555
22 1:139 :223 768 1:638
23 1:193 :470 415 2:282
33 4:675 :975 3:101 6:950
12 :180 :107 :390 :027
13 1926 :034 1982 :851
23 504 :128 :235 732

NOTE: represens statistical signi cance.

24



Subjec

1_

2_

3

4

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Visit Number

Figure 3: The smoking patterns of seen individuals in the ATBC study.

Table 2: The number of nonsmoking(NS) intervals, the quit attempts (QA), the posterior meansof
P; , forj = 1,2;3, and the 2-year quitting probability P; for sewen individuals displayed in Figure 3.
The last row is the population meansof the numbers of NS intervals and QAs and alsoP;; and P; of

all individuals in the ATBC study

Individuals NS QA P11 P, Psz P
1 0 0 :014 :512 :891 :061
2 11 2 075 :276 :356 :389
3 7 1 :026 :492 :783 :796
4 7 1 :055 :221 :424 :105
5 7 2 :066 :391 :443 :483
6 7 2 :095 :296 :260 :106
7 7 3 123 :332 :202 :244
Population mean 1646 :253 :021 :496 :827 :192
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