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To estimate relapse rates among cigarette smokers who have 
ever quitted smoking we analyzed data in the 1998–1999 
Tobacco Use Supplement to the Current Population Survey 
on quitting smoking among smokers who reported having 
smoked at least 100 cigarettes in their lifetime and smoked 
daily. The mixture Weibull survival functions of the form S(t) 
= (1–p) × exp(–mtk) + p, where p is the assumed proportion of 
permanent quitters, were fitted to the data on time to relapse. 
The maximum likelihood estimates of the parameters m, k, and 
p were obtained via the EM algorithm. The estimated mixture 
Weibull survival functions were close to the nonparametric 
Kaplan-Meier estimates. The hazard rate of relapsing is clearly 
not a constant. Most of the relapsing events occurred within 
the first 100 days since quitting smoking and the relapse rate 
was quite small after the first 200 days.

The reported time to relapse was assumed to follow a mixture 
survival model of the form S(t) = (1–p) × S0(t) + p, the probability 
of not relapsing t days since quitting, where S0(t) = exp(–mtk) is 
the Weibull survival function and p represents the probability of 
never relapsing. Survey sample weights associated with persons 
whose reported times to relapse were re-scaled and used as 
multiplying factors in the estimation of the survival function. 

The model parameters were estimated by using the maximum 
likelihood method via the EM algorithm (Dempster, Laird, 
and Rubin 1977). The estimation involves an iterative process 
consisting of two major steps, deriving the expected log-
likelihood function (E step) and obtaining current estimates 
of the model parameters that maximize the expected log-
likelihood function (M step). In addition, the variance estimates 
of the final estimated parameters were computed by using 
Louis’ information matrix method (1981) because the EM 
algorithm does not yield valid variance estimates.

The implementation of the estimation process is quite simple 
for the Weibull mixture model. Explicit solutions of the 
estimated p, m, and k can be derived and the final estimates are 
obtained by continuously updating these solutions till the log-
likelihood function reaches its maximum value. A SAS macro 
was written primarily using SAS IML.

The reduction in smoking prevalence is achieved by increasing 
smoking cessation and reducing smoking initiation. As more 
smokers quit smoking, it becomes important to prevent former 
smokers from relapsing and to provide health services to this 
growing population.  Burns (2000) suggested that majority of 
lung cancer cases would occur among former smokers.  Taylor 
and Hasselblad et al (2002) showed that cessation at any age 
could provide meaningful increase in life expectancy.

In this analysis we model the 
probabilistic distributions 
of reported time to relapse 
among former smokers 
and current smokers. The 
estimated probabilistic 
distribution functions can 
be used to project future 
relapse rate and successful 
smoking cessation rate.

Data obtained from the Current Population Surveys Tobacco 
Use Supplements in September 1998, January 1999 and May 
1999 were combined. A cessation event was defined as quitting 
smoking for at least one day among current smokers at the 
time of survey who had smoked at least 100 cigarettes in their 
lifetimes and had been smoking daily, and a relapsing event as 
resuming daily smoking among former smokers. Time to relapse 
since quitting smoking was calculated, for current smokers, 
as the longest period of abstinence reported, and for former 
smokers, as the duration since the date of last quitting smoking.

The fitted mixture Weibull survival functions and the Kaplan-
Meier curves were plotted for three age groups in Figures 1–3. 
It appears that the fitted survival functions are very close to the 
nonparametric Kaplan-Meier curves. Most of the relapse events 
occurred within the first 100 days since quitting smoking and 
the hazard rate of relapse decreased dramatically afterwards.

Table 1 shows the relapse rates within 100 days, 200 days 
and one year since quitting smoking, calculated using the 
fitted mixture Weibull survival functions, and the estimated 
proportions that were assumed to relapse eventually, 1–p. 
The relapse rates are smaller among older age groups, and 
decrease only slightly after 200 days. About 15 percent of 
former smokers of age 25–59 years remained abstinent one 
year after quitting smoking, but about 27 percent of older 
former smokers remained abstinent.

Table 1. Estimated relapse rate by age group and time since 
quitting smoking

Age

Time since quitting smoking

≤ 100 days ≤ 200 days ≤ One year Infinity (1–p)

25–39 0.762 0.827 0.857 0.871

40–59 0.743 0.804 0.831 0.845

60–89 0.634 0.695 0.729 0.754
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We basically made two assumptions in this analysis. First, there 
was a proportion of former smokers who would never relapse. 
Second, relapsing events that did occur followed a Weibull 
distribution, which implies that the hazard rate of relapsing 
was not a constant but could only either increase over time 
or decrease over time. The fitted mixture Weibull survival 
functions appear to be close to the estimated nonparametric 
Kaplan-Meier curves. Comparing the one-year relapse rate with 
the estimated 1–p, we see that only two or three percent of 
relapse events occurred after the first year since quitting, which 
should be an underestimate.  

Although the estimation procedure 
could be easily implemented and 
yield the parameter estimates 
quickly, cautions are needed. The log-
likelihood function could be flat in the 
neighborhood of its maximum value or 
could have lower peaks nearby. Trying 
different initial values of the parameters 
to start the estimation process and plotting the log-likelihood 
function help ensure that the maximum likelihood estimates 
are obtained.

5. Discussion
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Figure 1. Fitted 
mixture Weibull 
survival function 
compared with 
the Kaplan-Meier 
curve, White of 
age 25–39

Figure 2. Fitted 
mixture Weibull 
survival function 
compared with 
the Kaplan-Meier 
curve, White of 
age 40–59

Figure 3. Fitted 
mixture Weibull 
survival function 
compared with 
the Kaplan-Meier 
curve, White of 
age 60–89
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