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The impact of cigarette smoking on various diseases is studied frequently in epidemiology. However, there is
no consensus on how to model different aspects of smoking history. The aim of this investigation was to elucidate
the impact of several decisions that must be made when modeling smoking variables. The authors used data on
lung cancer from a case-control study undertaken in Montreal, Quebec, Canada, in 1979–1985. The roles of
smoking status, intensity, duration, cigarette-years, age at initiation, and time since cessation were investigated
using time-dependent variables in an adaptation of Cox’s model to case-control data. The authors reached four
conclusions. 1) The estimated hazard ratios for current and ex-smokers depend strongly on how long subjects
are required to not have smoked to be considered “ex-smokers.” 2) When the aim is to estimate the effect of
continuous smoking variables, a simple approach can be used (and is proposed) to separate the qualitative
difference between never and ever smokers from the quantitative effect of smoking. 3) Using intensity and
duration as separate variables may lead to a better model fit than using their product (cigarette-years). 4) When
estimating the effects of time since cessation or age at initiation, it is still useful to use cigarette-years, because
it reduces multicollinearity.

case-control studies; epidemiologic methods; multicollinearity; multivariate analysis; neoplasms; proportional 
hazard; smoking; time-dependent covariate

Abbreviation: AIC, Akaike’s Information Criterion.

Smoking is one of the most investigated risk factors in
epidemiologic studies. However, there is little consensus
regarding how to represent this multidimensional phenom-
enon. We screened 40 articles published in 2000 in epidemi-
ologic and clinical journals that assessed the impact of
smoking on various outcomes. We found considerable varia-
tion in both the nature of the data collected on smoking
history and the way the data were used in the analyses. While
some studies reported smoking status (never/current/ex-
smoker) only (1–5), others reported detailed information on
the number of cigarettes or packs smoked per day (intensity),
duration of smoking (6–11), age at initiation (12–16), and/or
time since cessation (14–17). However, even studies with
similar objectives and the same data on smoking used this
information differently. For example, among cancer studies,

the amount of time for which subjects were required to have
refrained from smoking to be considered ex-smokers varied
from 1 day (12) to 5 years (18). When both intensity and
duration were known, the most commonly used variable was
cigarette-years or pack-years (7, 19), calculated as the
product of the two variables—which implies that intensity
and duration have the same impact. However, some cancer
studies suggested that duration was more important than
intensity (20), while in others, duration was not significant
after adjustment for intensity (12). In addition, little is
known about the effects of age at smoking initiation and time
since smoking cessation, variables that are often not adjusted
for duration of smoking (15, 16). Among studies with
detailed information, few considered more than one smoking
variable at a time (12, 14)—partly because of the difficulty
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in simultaneously modeling several aspects of the same
exposure (21, 22), especially those directly related to time. It
remains unclear how ignoring some aspects of smoking
history may affect the estimated effects of other smoking-
related variables. Thus, there is a need to understand how
different approaches may lead to different conclusions
regarding the role of various aspects of smoking history.

The overall objective of this investigation was to examine
the limitations and advantages of the different approaches
used in the literature for modeling smoking-related vari-
ables, using data on lung cancer. Specifically, we focused on
1) the operational definition of the distinction between
current smokers and ex-smokers; 2) the impact, on the esti-
mated effects of continuous smoking-related variables, of
including never smokers in the analysis; 3) the implications
of replacing intensity and duration, as separate variables, by
cigarette-years; and 4) the simultaneous modeling of several
smoking-related variables.

MATERIALS AND METHODS

Data

We used data from a case-control study undertaken in
Montreal, Quebec, Canada, during 1979–1985 to investigate
associations between environmental and occupational expo-
sures and several types of cancer in males. The study design
has been described in detail elsewhere (23–25). A total of
857 primary lung cancer cases, 533 population controls, and
approximately 3,000 patients with cancer at other sites

(“cancer controls”) were interviewed. For the present anal-
ysis, we excluded subjects who had not completed the
detailed questionnaire and controls with cancers thought to
be related to smoking (26), which left 640 lung cancer cases,
430 population controls, and 485 cancer controls. Data on
smoking included the ages at which regular cigarette
smoking began and ceased and the average amount smoked
daily.

Demographic and smoking-related characteristics of the
subjects at diagnosis/interview are shown in tables 1 and 2,
respectively. The distributions of the smoking variables were
very similar among persons in the two control groups, who
were less exposed to smoking than cases. These differences
were not due to age at diagnosis/interview, since controls
were age-stratified to match the age distribution of the cases
(24).

Statistical methods

Logistic regression, the standard method for analyzing
case-control data, cannot directly account for variation in
lifetime exposures, such as smoking habits. Therefore, to
incorporate time-dependent covariates, we used an adapta-
tion of Cox’s model (27) for case-control studies (28, 29).
The time axis was represented by age, from birth to diag-
nosis. This implied that the effects of all variables, expressed
by the hazard ratio, were adjusted for current age. Controls
were censored at the age of diagnosis/interview. To account
for retrospective identification of cases, we included in the
risk set at each age of diagnosis only the cases diagnosed at

TABLE 1.   Demographic characteristics of subjects in a case-control study of environmental 
exposures and cancer at the time of diagnosis/interview, Montreal, Quebec, Canada, 1979–1985

* Controls were age-stratified to match the age distribution of cases.
† Numbers in parentheses, standard deviation.
‡ Total duration of exposure to substances or jobs considered to be risk factors for lung cancer.
§ Approximately 54% of subjects responded directly to the question on income; for the rest of the

subjects, we used the median income of the census tract of residence as a proxy measure, with the latter
estimate being normalized to the distribution of the self-responses.

Characteristic

Lung cancer cases 
(n = 640)

Cancer controls 
(n = 485)

Population controls 
(n = 430)

% Mean % Mean % Mean

Age (years)* 59.4 (7.0)† 58.8 (8.0) 59.7 (7.7)

Respondent type

Self 77.7 85.2 87.0

Proxy 22.3 14.8 13.0

Ethnic group

French 68.5 59.2 64.2

Anglophone 13.1 16.7 13.5

Italian 6.1 8.9 7.4

Other European 7.8 5.8 7.9

Jewish 1.4 4.7 2.6

Other 3.1 4.7 4.4

Occupational index (years)‡ 20.5 (16.6) 16.4 (15.7) 18.5 (16.9)

Annual income (Canadian 
dollars)§ 22,547 (7,791) 24,557 (8,630) 26,334 (8,363)
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that age and all controls not censored before (30). Thus, each
case was included in only one risk set. To account for
1) interdependence of subsequent observations, corre-
sponding to different values of time-dependent covariates,
for the same subject and 2) manipulation of the risk sets (30),
we relied on a robust variance estimator (31–33).

In each model, smoking-related variables were repre-
sented by time-dependent covariates, updated at each age.
For example, a 60-year-old subject who started smoking at
age 20 years and stopped at age 50 years was assigned 0, 10,
30, and 30 years of duration at ages 15, 30, 50, and 60 years,
respectively. In analyses restricted to current smokers, this
subject would be included only for age intervals from 20 to
50 years. Age at initiation, intensity, duration, and cigarette-
years were represented by continuous variables. In one set of
analyses, they were assumed to have linear effects on risk,
while in another set, they underwent logarithmic transforma-
tion. Since the two sets of findings were similar, we present
only those obtained with untransformed variables. Since its
effect on the hazard was not monotonic (figure 1), time since
cessation was categorized (table 2). All models included all
of the potential confounders listed in table 1. Occupational
index was a time-dependent variable representing the dura-
tion of exposure to substances or jobs considered to be risk
factors for lung cancer (26). Ethnicity was represented by
dummy variables, and annual income was log-transformed.
For analyses involving the same data set, the goodness of fit
of different models was compared using Akaike’s Informa-
tion Criterion (AIC), computed as –2(log-likelihood) +

2(number of estimated parameters); a lower AIC indicates a
better fit (34).

Analyses were initially conducted separately for popula-
tion controls and cancer controls, but because results were
similar, only results obtained with all controls pooled are
shown.

RESULTS

Distinction between current smokers and ex-smokers

The most common smoking variable used in epidemio-
logic studies is smoking status, defined as never smoker/ever
smoker or as never smoker/current smoker/ex-smoker.
While there is general agreement regarding the definition of
ever smokers (7, 12, 14, 17, 20, 35), there is much greater
variability regarding the discrimination between current
smokers and former smokers, even among studies of lung
cancer (11, 18). However, as is shown below, the estimated
hazard ratio for current and ex-smokers depends substan-
tially on this definition.

In table 3, model 1 includes only an indicator of ever
smoking, while models 2–5 distinguish current smokers
from ex-smokers. All five models used never smokers as the
reference category, but the cutoff for the identification of ex-
smokers varied. For example, model 3 defined ex-smokers
as those who had stopped smoking at least 1 year previously.
Table 3 shows that, as expected, the risk of developing lung
cancer was systematically lower for ex-smokers than for
current smokers. In models 2–5, increasing the cutoff
implied that the category “ex-smokers” excluded more and

TABLE 2.   Smoking-related characteristics of subjects in a case-control study of environmental 
exposures and cancer at the time of diagnosis/interview, Montreal, Quebec, Canada, 1979–1985

* Subject had stopped smoking at least 1 day before the interview.
† Mean values and standard deviations among current and ex-smokers.
‡ Numbers in parentheses, standard deviation.

Characteristic

Lung cancer cases 
(n = 640)

Cancer controls 
(n = 485)

Population controls 
(n = 430)

% Mean % Mean % Mean

Smoking status

Never smoker 1.3 19.8 18.6

Current smoker 70.9 47.8 47.2

Ex-smoker* 27.8 32.4 34.2

Time since cessation of smoking

1 day–2 years 42.1 17.8 10.9

2–5 years 20.8 19.1 23.1

5–10 years 23.1 17.8 21.1

10–15 years 8.4 13.4 12.9

>15 years 5.6 31.9 32.0

Intensity of smoking (cigarettes/
day)†

37.1 (18.4)‡ 27.5 (15.8) 28.1 (15.3)

Duration of smoking (years)† 41.3 (8.7) 36.7 (12.7) 36.8 (11.9)

Cigarette-years (cigarettes/
day × years)†

1,532 (811) 1,017 (697) 1,027 (641)

Age at initiation of smoking 
(years)†

16.7 (4.3) 17.9 (5.6) 18.1 (4.7)
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more subjects who had only recently stopped smoking.
Consequently, the hazard ratio for ex-smokers gradually
decreased from model 2 to model 5. However, while
“current smokers” included an increasing number of
smokers who had already stopped smoking, the hazard ratio
for current smokers increased from model 2 to model 5. This

occurred because smokers who had stopped smoking less
than 2 years previously had a higher risk than actual current
smokers (time since cessation = 0), as shown in figure 1. One
reason may be that some case patients with early symptoms
of lung cancer stopped smoking just before diagnosis,
inducing a reverse causality bias, in that recent smoking

FIGURE 1. Log hazard ratio for lung cancer by time since smoking cessation, adjusted for respondent type, ethnic group, occupational index,
and annual income, with never smokers used as the reference group, Montreal, Quebec, Canada, 1979–1985.

TABLE 3.   Impact of the definition of an “ex-smoker” on estimated hazard ratios for lung cancer, Montreal, Quebec, Canada, 1979–
1985

* Cutoff corresponding to the minimum time interval for which the subjects were required to have stopped smoking to be considered ex-
smokers.

† Smoking status was ascertained at each age.
‡ Pooled cancer and population control groups.
§ HR, hazard ratio; CI, confidence interval; AIC, Akaike’s Information Criterion; N/A, not applicable.
¶ Hazard ratio relative to never smokers, adjusted for respondent type, ethnic group, occupational index, and annual income.
# A lower AIC indicates the best fit to the data for the same data set.

** Number or percentage of ever, current, or ex-smokers at the time of diagnosis/interview. Hazard ratios were estimated from the time-
varying smoking status variables.

Model Cutoff* Smoking status†
Cases (n = 640) Controls‡ (n = 915)

HR§,¶ 95% CI§ AIC§,#
No.** %** No.** %**

1 N/A§ Ever smoker 632 98.7 739 80.8 15.8 7.6, 32.8 7,340

2 1 day Ex-smoker 178 27.8 304 33.2 14.2 6.7, 30.3 7,339

Current smoker 454 70.9 435 47.5 16.6 7.9, 34.8

3 1 year Ex-smoker 129 20.1 285 31.2 11.0 5.1, 23.7 7,316

Current smoker 503 78.6 454 49.6 18.3 8.7, 38.4

4 2 years Ex-smoker 103 16.1 260 28.4 9.4 4.3, 20.4 7,297

Current smoker 529 82.6 479 52.4 18.9 9.0, 39.8

5 5 years Ex-smoker 66 10.3 196 21.4 7.3 3.3, 16.0 7,277

Current smoker 566 88.4 543 59.3 19.0 9.0, 39.9
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cessation may be a marker for early symptoms of lung cancer
(36). If so, it may be preferable to discount some recent
exposure (37) and use, for example, a cutoff of approxi-
mately 2 years for defining ex-smokers. In any case, these
results illustrate the importance of both carefully defining
ex-smokers and reporting this definition.

Including never smokers

In some studies, the effect of continuous smoking-related
variables is estimated while including in the analysis never
smokers, who are assigned a value of 0 for the relevant vari-
able(s) (6, 14, 20). This assumes that the difference between
ever and never smokers is quantitative rather than qualita-
tive. Table 4 explores this issue by focusing on the cigarette-
years variable. In model 6, which used only smokers, the
estimated effect of cigarette-years is not distorted by the
qualitative difference between ever and never smokers. In
models 7–10, never smokers were included and assigned a
value of 0 for cigarette-years. Model 7, which did not include
an indicator of ever smoking, slightly overestimated the
impact of cigarette-years compared with model 6. Artifi-
cially increasing the proportion of never smokers yielded an
even higher estimate (model 8), suggesting that the overesti-
mation might be due to the inclusion of never smokers.

Figure 2 provides an explanation for this overestimation.
The solid curve, representing a flexible 3-df smoothing
spline estimate from the generalized additive model (38),
shows the nonlinearity of the cigarette-years effect. The
dashed line shows the linear estimate of the cigarette-years
effect, obtained by pooling data from never and ever
smokers and imposing the (incorrect) linearity assumption.
Because the slope of the dashed line is the weighted average
of the local slopes of the solid curve (39), it underestimates
the initial difference between never and light smokers and
overestimates the continuous effect of increasing cigarette-
years among smokers.

To avoid such difficulties, model 9 included an indicator
for ever smoking (table 4). Accordingly, the effect of ciga-
rette-years was estimated by comparing only subjects who
had the same value as the indicator, that is, only smokers. In
addition, we centered cigarette-years by subtracting the
mean cigarette-years value from the original value for all
smokers, while keeping 0 for never smokers. Such a linear
transformation of cigarette-years does not change its esti-
mated effect (40), but it allows the effect of ever smoking to
compare average smokers with never smokers, since both
groups are assigned a value of 0 for centered cigarette-years.
Accordingly, the hazard ratios for ever smoking in models 1
and 9 are very similar. Without this transformation of ciga-
rette-years, the estimated hazard ratio for ever smoking
would be more difficult to interpret, as it would compare
never smokers and hypothetical smokers with 0 cigarette-
years. Thus, model 9 provides interpretable estimates of both
the qualitative effect of smoking status and the quantitative
effects of smoking exposure. Moreover, the very significant
effect of cigarette-years in model 9 shows how much infor-
mation is lost if only smoking status is included in the model.

Replacing intensity and duration by cigarette-years

Among studies that have information on both intensity and
duration, most use the product of the two (7, 19, 41)—that is,
pack-years or cigarette-years—rather than two separate vari-
ables (10, 20). We assessed the implications of such an
approach.

First, to see whether the effects of intensity, duration, and
cigarette-years differed between current smokers and ex-
smokers, we tested their interactions with current smoker/ex-
smoker status (data not shown). The effect of intensity was
significantly stronger among current smokers than among
ex-smokers (p = 0.05 for interaction), whereas the effect of
duration was significantly lower (p = 0.03). In contrast, the
interaction between cigarette-years and status was not signif-

TABLE 4.   Impact of the inclusion of never smokers on the estimated effect of cigarette-years 
of smoking on lung cancer risk, Montreal, Quebec, Canada, 1979–1985

* Data set used in the analysis.
† HR, hazard ratio; CI, confidence interval; AIC, Akaike’s Information Criterion.
‡ Hazard ratio for a one-unit increase in the explanatory variable, as indicated in the fourth column,

adjusted for respondent type, ethnic group, occupational index, and annual income.
§ A lower AIC indicates the best fit to the data for the same data set.
¶ For never smokers, cigarette-years = 0.
# Fifty percent of smokers were randomly eliminated from the data set to increase the proportion of

never smokers.
** To allow direct interpretation of the hazard ratio for ever smoking, cigarette-years was centered.

For never smokers, centered cigarette-years = 0; for ever smokers, centered cigarette-years =
cigarette-years minus mean(cigarette-years).

Model Data set* Smoking variable(s) Unit or 
category HR†,‡ 95% CI† AIC†,§

6 Smokers only Cigarette-years 800 1.91 1.60, 2.27 6,900

7 All subjects Cigarette-years¶ 800 2.03 1.73, 2.40 7,093

8 Never smokers plus 
half of smokers#

Cigarette-years¶ 800 2.30 1.79, 2.95 3,127

9 All subjects Ever smoking Yes/no 14.83 6.96, 31.61 7,046

Cigarette-years** 800 1.91 1.60, 2.27
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icant (p = 0.48), probably because the differences in the
effects of intensity and duration compensated for each other.

Because of these differences and because some studies
compared the effects of intensity and duration using both
current smokers and ex-smokers (20), we created four
models using either current smokers or all smokers (table 5).
For current smokers, intensity only (model 10) fitted the data
better than duration only (model 11). Model 12 shows that
duration was no longer significant after adjustment for inten-
sity. This may result from insufficient variation in duration

among current smokers who were compared at the same age
and started smoking at similar ages (interquartile range:
14.5–18.6 years). Finally, the difference in AIC of 21.0
between model 12 and model 13 indicates that model 12,
which included intensity and duration as separate variables,
fitted the data for current smokers substantially better than
model 13, which used cigarette-years (42). This result
further confirms that the two ways of modeling these vari-
ables are not equivalent. For all smokers, intensity only
(model 10) also fitted the data better than duration only

FIGURE 2. Effect of cigarette-years of smoking on the risk of lung cancer, adjusted for respondent type, ethnic group, occupational index, and
annual income, Montreal, Quebec, Canada, 1979–1985. The solid curve represents the flexible estimate from the generalized additive model (a
3-df smoothing spline), with the difference in risks between light smokers (500 cigarette-years) and never smokers (0 cigarette-years) being
much larger than the slope for actual smokers. The dashed line represents the linear estimate of the effect of cigarette-years over its entire range
(0–4,000). The tick marks on the horizontal axis represent the distribution of cigarette-years.

TABLE 5.   Comparison of the effects of intensity of smoking, duration of smoking, and cigarette-years of smoking 
on lung cancer risk among current smokers and all smokers, Montreal, Quebec, Canada, 1979–1985

* Models were fitted using current smokers only. Smoking status was ascertained at each age, and at a given age, only
subjects who were smoking at that age were considered current smokers.

† Models were fitted using all smokers (never smokers were not included).
‡ HR, hazard ratio; CI, confidence interval; AIC, Akaike’s Information Criterion.
§ Hazard ratio for a one-unit increase in the explanatory variable, as indicated in the third column, adjusted for

respondent type, ethnic group, occupational index, and annual income.
¶ A lower AIC indicates the best fit to the data for the same data set.

Model Smoking variable Unit
Current smokers* All smokers†

HR‡,§ 95% CI‡ AIC‡,¶ HR 95% CI AIC

10 Intensity 15 cigarettes/day 1.76 1.49, 2.08 4,675 1.50 1.31, 1.71 7,021

11 Duration 10 years 1.64 1.15, 2.35 4,857 1.84 1.54, 2.20 7,064

12 Intensity 15 cigarettes/day 1.73 1.47, 2.05 4,674 1.57 1.37, 1.79 6,866

Duration 10 years 1.20 0.84, 1.70 1.83 1.50, 2.24

13 Cigarette-years 800 1.84 1.49, 2.27 4,695 1.91 1.60, 2.27 6,900
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(model 11), but the effect of duration remained statistically
significant after adjustment for intensity (model 12). The
estimated effect of duration appeared stronger among ex-
smokers, probably because of confounding by time since
cessation. Indeed, given the small variation in age at initia-
tion, longer duration was systematically associated with
more recent cessation among ex-smokers of the same age.
Thus, failure to account for a strong impact of time since
cessation (figure 1) inflated the effect of duration among ex-
smokers.

Table 6 further explores the implications of replacing
intensity and duration (model 12) by the product of the two
(model 13). Each row in table 6 compares model 12 esti-
mates for two combinations of intensity and duration corre-
sponding to the same amount of cigarette-years (900),
separately for current smokers and all smokers. For example,
among current smokers, the hazard ratio for smoking 25
cigarettes per day over a period of 36 years, relative to
smoking 36 cigarettes per day over 25 years, was 0.81. In
contrast, according to model 13, both groups have the same
risk (hazard ratio = 1) by definition, as both smoked 900
cigarette-years. Subsequent rows of table 6 indicate that the
discrepancy between the predictions of model 12 (hazard
ratio = 0.62, 0.43, or 0.31) and model 13 (hazard ratio = 1)
becomes even bigger as the contrast between intensity and
duration increases. Overall, table 6 shows that, among
current smokers, using cigarette-years underestimates the
impact of intensity and overestimates the impact of duration.
However, the last column of table 6 shows an opposite
pattern among all smokers, for whom duration has a stronger
effect than intensity, which reflects the interactions of the
indicator of current/ex-smoking with intensity and with
duration.

In summary, whereas replacing intensity of smoking and
duration of smoking by the product of the two variables may
induce a loss of information, the implications are different
for current smokers versus all smokers. Our results also
suggest the need to adjust for time since quitting smoking in
analyses including ex-smokers. However, such an adjust-
ment might introduce some problems, which are evaluated
below.

Simultaneous modeling of several time-related smoking 
variables

To investigate the implications of simultaneous modeling
of age at smoking initiation, duration of smoking, and/or
time since smoking cessation, we focused on the impact of
age at initiation.

All five models shown in table 7 included an indicator of
ever smoking and selected centered continuous smoking
variables. Older age at initiation appears to be associated
with significantly lower risk if it is not adjusted for other
smoking variables (model 14) or is adjusted only for inten-
sity (model 15). After additional adjustment for duration, the
effect of age at initiation is inverted (model 16), because
among subjects of similar age and duration, those who
started smoking earlier automatically have a greater time
since cessation. Therefore, the “protective” effect of younger
age at initiation in model 16 probably reflects confounding
by time since cessation. Additional adjustment for time since
cessation in model 17 resulted in higher estimated effects of
both age at initiation and duration, in comparison with model
16. However, the confidence intervals for both estimates
were much wider in model 17, indicating their numerical
instability. This occurred because the four time-related vari-
ables (age at initiation, duration, time since cessation, and

TABLE 6.   Hazard ratios for lung cancer from two different combinations of the variables “intensity of 
smoking” and “duration of smoking” that entail the same number of cigarette-years, based on model 
12,* Montreal, Quebec, Canada, 1979–1985

* Model 12, identified in table 5, included intensity and duration as separate variables.
† Hazard ratio adjusted for respondent type, ethnic group, occupational index, and annual income.
‡ Among current smokers, the estimated coefficients from model 12 for intensity and duration were 0.0367

and 0.0179, respectively. Accordingly, the estimated hazard ratio for smoking 25 cigarettes/day over a period
of 36 years, relative to smoking 36 cigarettes/day over 25 years, was exp(0.0367 × 25 + 0.0179 × 36)/
exp(0.0367 × 36 + 0.0179 × 25) = 0.81.

§ Among all smokers, the estimated coefficients from model 12 for intensity and duration were 0.0301 and
0.0607, respectively. Accordingly, the estimated hazard ratio for smoking 25 cigarettes/day over a period of
36 years, relative to smoking 36 cigarettes/day over 25 years, was exp(0.0301 × 25 + 0.0607 × 36)/
exp(0.0301 × 36 + 0.0607 × 25) = 1.40.

Cigarette-years 
(cigarettes/day × 

years)

Combination 1 Combination 2 Hazard ratio† for combination 1 vs. 
combination 2

Intensity 
(cigarettes/day)

Duration 
(years)

Intensity 
(cigarettes/day)

Duration 
(years)

Current 
smokers

All 
smokers

900 30 30 30 30 1.00 1.00

900 25 36 36 25 0.81‡ 1.40§

900 20 45 45 20 0.62 2.15

900 15 60 60 15 0.43 3.96

900 12 75 75 12 0.31 6.87
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current age) were nearly multicollinear. As figure 3 illus-
trates, the value of each time-related variable can be deduced
from the other three variables, so their effects cannot be
separated. We were able to derive an estimate in model 17
only because time since cessation was categorized, which
avoided strict multicollinearity. However, interpretation of
the resulting estimates is impossible. For instance, the hazard
ratio for more than 15 years of cessation in model 17 in fact
compares that category of ex-smokers with those who had
stopped less than 2 years previously, assuming that both
groups had the same current age and duration and started
smoking at the same age, which is logically impossible.
Indeed, it is evident that model 17 yields misleading esti-
mates: Subjects who had stopped smoking less than 2 years
previously seemed to have about 40–70 percent lower risks
than those who had quit many years earlier, which would

contradict findings on the widely accepted benefits of
smoking cessation.

Figure 3 also indicates that for current smokers (time since
cessation = 0), multicollinearity occurs between age at initi-
ation, duration, and current age. Because we used current age
as the time axis, this multicollinearity makes it impossible,
for current smokers, to simultaneously model age at initia-
tion and duration. Moreover, the fit obtained with age at
initiation and intensity is exactly the same as that obtained
with duration and intensity, and age at initiation and duration
have exactly opposite coefficients in their respective models
(data not shown), making it impossible to separate their
effects.

One way to avoid multicollinearity is to reduce the number
of variables directly related to time. In model 18, where
intensity and duration are replaced with cigarette-years, both

TABLE 7.   Results from simultaneous estimation of the effects of several smoking-related 
variables on lung cancer risk among all subjects, Montreal, Quebec, Canada, 1979–1985

* Since all models included an indicator of ever smoking, all of the continuous smoking variables
were centered.

† HR, hazard ratio; CI, confidence interval; AIC, Akaike’s Information Criterion.
‡ Hazard ratio for a one-unit increase in the explanatory variable, as indicated in the third column,

adjusted for respondent type, ethnic group, occupational index, and annual income.
§ A lower AIC indicates the best fit to the data for the same data set.
¶ The reference category was defined as current smokers and ex-smokers who had quit smoking

less than 2 years previously.

Model Smoking variable(s)* Unit or category HR†,‡ 95% CI† AIC†,§

14 Ever smoking Yes/no 15.74 7.53, 32.88 7,289

Age at initiation 5 years 0.73 0.62, 0.84

15 Ever smoking Yes/no 15.05 7.08, 32.00 7,130

Age at initiation 5 years 0.77 0.65, 0.91

Intensity 15 cigarettes/day 1.48 1.30, 1.68

16 Ever smoking Yes/no 13.32 6.23, 28.47 6,993

Age at initiation 5 years 1.39 1.11, 1.75

Intensity 15 cigarettes/day 1.63 1.42, 1.88

Duration 10 years 2.56 1.88, 3.49

17 Ever smoking Yes/no 11.45 4.93, 26.56 6,996

Age at initiation 5 years 1.64 0.91, 2.97

Intensity 15 cigarettes/day 1.63 1.42, 1.87

Duration 10 years 3.54 1.17, 10.74

Time since 
cessation¶ >15 years 1.63 0.15, 18.02

10–15 years 1.43 0.30, 6.90

5–10 years 1.66 0.65, 4.68

2–5 years 1.48 0.81, 2.70

18 Ever smoking Yes/no 16.85 7.84, 36.21 7,009

Age at initiation 5 years 1.00 0.85, 1.17

Cigarette-years 800 1.83 1.51, 2.21

Time since 
cessation¶ >15 years 0.22 0.10, 0.46

10–15 years 0.44 0.22, 0.86

5–10 years 0.80 0.52, 1.25

2–5 years 1.06 0.70, 1.61
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the estimated effect of cigarette-years and its confidence
interval are very close to those obtained using only current
smokers and including only cigarette-years (model 13 in
table 5). Model 18 also shows that after adjustment for ciga-
rette-years and time since cessation, age at initiation did not
independently contribute to lung cancer risk, whereas longer
time since cessation was still associated with significantly
lower risk.

Thus, when investigating or adjusting for time since cessa-
tion and/or age at initiation, use of cigarette-years is prefer-
able to the use of intensity and duration.

DISCUSSION

These analyses suggested four things. First, when esti-
mating the effect of smoking status or adjusting for smoking
status, the distinction between current smokers and ex-
smokers should be carefully defined and reported. Second,
when using never smokers in the analysis, including an indi-
cator of ever smoking and centering the continuous smoking
variables allows for easier interpretation of the estimates.
Third, the effects of intensity and duration should be
compared after excluding ex-smokers, to avoid confounding
by time since cessation; and separating intensity and dura-
tion may lead to a better fit than cigarette-years. Fourth,
when investigating the effects of time since cessation and/or
age at initiation, adjusting for cigarette-years rather than for
duration and intensity reduces multicollinearity between
several time-related variables.

Overall, our results show that the estimated effects of
various aspects of smoking history may depend substantially
not only on their exact definitions but also on the inclusion of
never smokers and/or ex-smokers in the analysis and on the
other smoking variables taken into account. Considerable
variation in the way different studies address these issues
may limit the comparability of their findings.

Our study emphasizes the importance of information on
smoking duration, intensity, and time since cessation. The
importance of their independent effects suggests that some

studies which considered smoking a potential confounder
but adjusted only for smoking status (1–4) may have been
subject to residual confounding (43). However, after current
age is accounted for, multicollinearity makes it impossible to
separate the effects of age at initiation, duration, and time
since cessation among ex-smokers, as well as the effects of
the first two variables among current smokers. Thus, a priori
knowledge, possibly based on previous analyses, is neces-
sary to decide which collinear variables should be included.
For example, Barbone et al. (16) chose to include age at initi-
ation and time since cessation, in addition to current age, in
a multiple logistic regression analysis of the impact of
smoking on lung cancer. Whereas both age at initiation and
time since cessation had significant effects (16), these esti-
mates could be confounded by duration, especially for age at
initiation, which did not independently affect risks in our
study.

Most of the phenomena discussed here are sufficiently
general to apply to any study design and type of analysis.
Indeed, all of our major findings were replicated using
multiple logistic regression instead of Cox’s model (data not
shown). Still, the relative advantage of Cox’s model versus
logistic regression in analyses of case-control studies with
time-varying exposures needs further systematic evaluation.
Whereas some numerical results may depend on whether a
linearity assumption is imposed on the effects of continuous
smoking-related variables, the general phenomena illus-
trated in this study are probably quite robust. Indeed, in our
sensitivity analyses, the logarithmic transformations of
intensity, duration, and cigarette-years improved the good-
ness of fit and, for current smokers only, eliminated the
difference in AIC between using intensity and duration
(model 12) and using cigarette-years (model 13). However,
all other conclusions were not affected by nonlinear transfor-
mations. Moreover, some numerical results may depend on
study population, design, and/or outcome. For example, in
contrast to the case with our findings, Karlson et al. (35)
found that the effect of smoking duration on risk of rheuma-
toid arthritis was the same for both current smokers and ex-

FIGURE 3. Theoretical relations between age at initiation of smoking, duration of smoking, time since cessation of smoking, and current age.
The value of each variable can be deduced from that of the three other variables.
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smokers. Our finding that ex-smokers were at higher risk
than current smokers for several years after quitting smoking
(figure 1) may also be outcome-specific, as it may reflect a
substantial lag in the impact of smoking on lung cancer (44).
This lag implied that the “effective” cumulative exposure for
current smokers was much smaller than that for ex-smokers
with the same duration. If so, the effect of time since cessa-
tion may be quite different for other outcomes such as
cardiovascular disease, where the lag time seems to be much
shorter (44). Accordingly, the patterns of confounding
between time since cessation and duration may also differ
substantially between different diseases. Moreover, while
the small number of nonsmoking case patients (n = 8) might
have affected the numerical stability of analyses based on the
use of never smokers as the reference group, the findings
illustrated in table 3 were replicated when we used ex-
smokers as the reference group (data not shown). Finally,
while the effects of particular variables may be different for
women and men, the methodological problems illustrated by
our analyses probably apply to women as well.

Another limitation was that we had no information on
interruptions in a subject’s smoking throughout his lifetime
or on variation in smoking intensity over time. While the
former information might be helpful, as it would reduce
some of the multicollinearity problems, the latter would be
useful to enhance the accuracy of the estimated effect of
intensity. In our own study population, we doubt that inter-
ruptions represented a large enough fraction of total expo-
sure time to make a difference. Most of our subjects were
born between 1910 and 1935 and incurred their smoking
exposure prior to the 1980s, before there were widespread
antismoking programs.

As in most other studies of the impact of smoking, we had
no data on the actual composition of cigarettes smoked by
our subjects in different periods. As has been demonstrated
in regard to esophageal cancer (15) and other outcomes, the
kind of tobacco smoked can influence risk. This could have
distorted some of our findings. If the higher tar levels of
cigarettes in the past increased their carcinogenic potency,
our inability to take this into account might have increased
the estimated impact of a long duration of smoking. To
account for temporal changes in cigarette composition, one
could attempt to adjust for calendar time (45). However, this
would further complicate the problem of multicollinearity
between several time-related aspects of smoking history.
This issue requires further investigation.

The relevance of some methodological issues addressed in
this study is not limited to smoking. The reverse-causality
bias discussed in relation to table 3 has also been discussed
in the context of the association between antidepressant use
and breast cancer (37, 46), and solutions proposed in that
context were analogous to ours. Moreover, including never-
exposed subjects in the analysis may affect the estimated
effect of any quantitative exposure. Furthermore, the
problem of multicollinearity concerns not only time-related
smoking variables but also other lifestyle, occupational, and
environmental risk factors, including (for example) different
nutrients that add up to total energy intake (47).

In contrast to some previous sophisticated proposals for
dealing with specific aspects of smoking history (36, 48–50),

all solutions suggested here can be easily implemented with
any standard statistical software. We believe that the use of
these methods would result in more comprehensive, robust,
and comparable assessments of the impact of different
aspects of smoking history on various health outcomes.
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