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Introduction: Tobacco use is common and remains one of the
leading causes of preventable death in developed countries. Smok-
ing commonly begins in adolescence, and hence, it is important to
understand how smoking behavior develops during this period.

Methods: In a U.K.-based birth cohort, we analyzed repeated
measures of smoking frequency in a sample of 7,322 young ado-
lescents. Latent class analysis was used to summarize the data,
and the resulting classes of behavior were related to a range of
smoking risk factors. Results from a complete case analysis were
compared with estimation using full-information maximum
likelihood (FIML) and estimation using multiple imputation (MI).

Results: Fifty-three percent of the sample reported having
smoked a whole cigarette by age 16 years. The longitudinal data
were summarized by 4 distinct patterns of smoking initiation:
nonsmokers (79.7%), experimenters (10.3%), late-onset regu-
lar smokers (5.5%), and early-onset regular smokers (4.5%).
Social disadvantage, other substance use, conduct problems,
and female sex were strongly related to being a regular smoker;
however, no risk factors studied showed any strong or consis-
tent association with experimentation. In the complete case
sample, smoking prevalence was lower, and in addition, the
association between different smoking patterns and covariates
was often inconsistent with those obtained through FIML/MI.

Conclusions: Most young people have experimented with
tobacco smoking by age 16 years, and regular smoking is estab-
lished in a substantial minority characterized by social disadvan-
tage, other substance, use and conduct disorder. Prevention
strategies should focus on this subgroup as most children who
experiment with tobacco do not progress to regular smoking.

Introduction

The harmful consequences of tobacco use are well established,
and it remains one of the leading causes of preventable death in
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developed countries (Dani & Harris, 2005). One in three adults
worldwide use tobacco, with the majority using cigarettes, and
while tobacco production and consumption has declined in
developed countries over the last thirty years, it has more than
doubled in developing countries over the same period (Davis,
Wakefield, Amos, & Gupta, 2007). While effective pharmacologi-
cal and behavioral treatments for smoking cessation now exist,
reducing the burden of tobacco-related disease requires the pre-
vention of uptake as well as improvements in methods that facili-
tate cessation. Smoking commonly begins in adolescence, and
about half of those who do not stop smoking will die of a smok-
ing-related disease (Doll, Peto, Boreham, & Sutherland, 2004).
Smoking history within an individual can be characterized as
consisting of distinct phases including, for example, early experi-
mentation, progression to regular use, development of depen-
dence, and potentially cessation, which in turn is frequently
followed by relapse. Despite this general pattern, there is consid-
erable variation within these phases—in particular, many indi-
viduals do not progress to regular use and continue as irregular
nondependent smokers (sometimes called “chippers”).

By age 11 years, about one third of children in the United
Kingdom have tried a cigarette, although only 1% smoke every
week, and by age 15 years, about two thirds have tried at least
one cigarette (Woodhouse, 2004). A recent U.K. survey showed
that 20% of 11- to 16-year-olds smoked regularly (Action on
Smoking and Health, 2007), with more girls now smoking than
boys. This has obvious implications for the future. The majority of
adults who are tobacco dependent started smoking as teenagers.
In the United Kingdom alone, it is estimated that 3,000 teenagers
a week start to smoke (Royal College of Physicians, 1992). Those
who start early are more likely to smoke as adults and are less
likely to stop (DiFranza et al., 2002; Karp, O’Loughlin, Paradis,
Hanley, & Difranza, 2005; Khuder, Dayal, & Mutgi, 1999;
Wellman, DiFranza, Savageau, & Dussault, 2004). Despite the
overall decline in smoking over the last three decades, in the
United Kingdom, cigarette smoking is highest among 20- to
24-year-olds. It is estimated that 38% of males and 35% of
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females in this age group are smokers (Office for National
Statistics, 2004). Experimentation usually commences between
the ages of 11 and 13, and a complex mixture of factors may
influence subsequent tobacco use behavior, including biological,
attitudinal, interpersonal, and socioeconomic factors. Mental
health problems (e.g., depression and anxiety) may also increase
the risk of smoking (Patton et al., 1998; Tyas & Pederson, 1998).
Dependence often develops rapidly, and it has been suggested
that the adolescent brain may be more sensitive to the effects of
nicotine (Slotkin, 2002). It is therefore important to understand
the patterns and predictors of smoking initiation in adolescence
and young adulthood in order to inform the development of
more effective prevention.

Longitudinal cohort studies have become a popular source
of information on changing patterns of smoking behavior
through adolescence. In recent years, a substantial number of
studies have modeled such longitudinal data either by using
polynomial growth models (Brook, Zhang, Brook, & Finch,
2010; Simons-Morton, 2007; Windle & Windle, 2001) or in
combination with a mixture component, for example, Growth
Mixture Models (Brook et al., 2010; Colder, Flay, Segawa, &
Hedeker, 2008; Orlando, Tucker, Ellickson, & Klein, 2004). As
dropout is a common problem with cohort studies, estimation
using full-information maximum likelihood (FIML), which
allows any participant who responds on one or more occasion
to be included in the analysis, is becoming more and more pop-
ular. However, this method does not deal with missing data
present among covariates, so the sample used for the multivari-
able analysis can still be depleted. Alternatively, missing data
imputation has been used on occasion to address this problem
(e.g., Capaldi, Stoolmiller, Kim, & Yoerger, 2009; Duncan,
Duncan, Biglan, & Ary, 1998; Guo et al., 2002; Hix-Small, Duncan,
Duncan, & Okut, 2004; Li, Duncan, & Hops, 2001); however,
we are aware of no substance use papers that have used multiple
imputation (MI) prior to the estimation of a mixture model. In
the present study, therefore, we aimed to extract distinct pat-
terns of cigarette smoking initiation in a large population-based
cohort of adolescents in the United Kingdom and assess their
utility against a number of known risk factors for cigarette
smoking in adolescence and early adulthood. In addition, we
assessed the feasibility of MI within a mixture model setting and
compared these results with those obtained using the more tra-
ditional approaches.

Participants

The sample comprised participants from the Avon Longitu-
dinal Study of Parents and Children (ALSPAC; Golding,
Pembrey, & Jones, 2001). ALSPAC is an ongoing population-
based study investigating a wide range of environmental and
other influences on the health and development of children.
Pregnant women resident in the former Avon Health Author-
ity (Bristol) in south-west England with an estimated date of
delivery between April 1, 1991 and December 31, 1992 were
invited to take part, resulting in a “core” cohort of 14,541
pregnancies and 13,973 singletons/twins alive at 12 months of
age. The primary source of data collection was via self-com-
pletion questionnaires administered at least annually to the
mother, her partner, and the study child. Since the age of 7,

the cohort has been invited to annual “focus” clinics for a va-
riety of hands-on assessments. More detailed information on
the ALSPAC study is available at http://www.alspac.bris.ac
.uk. All aspects of the study were reviewed and approved
by the ALSPAC Law and Ethics Committee, which is regis-
tered as an Institutional Review Board. Approval was also
obtained from the National Health Service Local Research
Ethics Committees.

Repeated Smoking Measures

The measures of current smoking behavior used in these
analyses were collected on three occasions. Current smoking
behavior was defined as a four-category ordinal variable with
categories “none,” “less than weekly” (from here on referred
to as occasional), “weekly,” and “daily” smoking. At 14 and 16
years, the measure was derived by collapsing over levels of a
question on current smoking behavior with six response op-
tions: “I have only ever tried smoking cigarettes once or
twice”/“ I used to smoke sometimes but I never smoke ciga-
rettes now”/“I sometimes smoke cigarettes but I smoke less
than one a week”/“I usually smoke between one and six ciga-
rettes a week”/“T usually smoke more than six cigarettes a
week, but not every day”/“I usually smoke one or more ciga-
rettes every day.” At 15 years, a similar variable was derived
from information on whether the respondent has “smoked in
last 30 days,” respondent “smokes weekly,” respondent
“smokes daily.” The 14- and 16-year data were collected via
postal questionnaire, while the 15-year data were collected in
a clinic setting via a computer terminal. The median ages at
data collection were 14 years 2 months, 15 years 5 months,
and 16 years 7 months.

Covariates

Covariates considered as risk factors for cigarette smoking in
adolescence included (a) demographic variables collected
pre-birth around the time of enrollment, which comprised sex,
housing tenure (coded as owned/mortgaged, privately rented,
subsidized housing rented from council/housing association),
crowding status (coded as the ratio of number of residents to
number of rooms in house), maternal educational attainment
(coded as no high school qualifications, high school, beyond
high school), and parity (coded as whether study child is
first/second/third child or greater); (b) young person’s risky be-
haviors collected through focus clinic at age 13 years and postal
questionnaire at 11 years, which comprised cigarettes use at
13 years (yes/no), alcohol use at 13 years (none/less than
weekly/weekly consumption of at least one whole drink),
cannabis use at 13 years (yes/no), maximum number of alco-
hol drinks consumed on one occasion at 13 years (none/up
to 4 U/more than 4 U), and conduct problems at 11 years
(score of 0-1/2-3/4+ on the conduct problems subscale of
the maternal-report Strengths and Difficulties Question-
naire; Goodman & Scott, 1999); and, (c) maternal substance
use in the offspring’s later childhood collected via question-
naire, which comprised maternal smoking when the young
people were 12 years old (yes/no), maternal alcohol con-
sumption also at age 12 years (evidence of bingeing and high
weekly consumption derived from detailed record of beers,
wines, and spirits consumed in previous week), and maternal
cannabis use when the young people were aged 9 years (yes/
no).
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Statistical Analysis

Latent Class Analysis

We used latent class analysis (LCA) to describe heterogeneity in
patterns of response by deriving distinct profiles of smoking
behavior. LCA has often been applied in a longitudinal setting
(e.g., Croudace, Jarvelin, Wadsworth, & Jones, 2003; Joinson,
Heron, Butler, & Croudace, 2009; Munafo, Heron, & Araya,
2008). The aim is to create a latent grouping of the data, which
adequately explain the relationship between the observed vari-
ables. Starting with a single class, additional classes are added
until the various assessments of model fit reach an acceptable
level. A number of the statistical criteria (e.g., entropy, Bayesian
information criteria, bivariate residuals) were assessed to de-
termine the optimal number of classes—more details in the
Supplementary Material. Model fitting was carried out in Mplus
version 6 (Muthén & Muthén, 2010) and checked with results
obtained with Latent Gold version 4.5 (Vermunt & Magidson,
2005).

Missing Data

The LCA was repeated three times. First, the latent classes were
derived for the sample for which all three measures of smoking
behavior were available (complete case dataset), that is,
obtained through listwise deletion. The validity of any results
based on this small subset will depend on the degree to which
the nonresponse is missing completely at random (MCAR), that
is, that nonresponse is neither related to measured nor unmea-
sured variables. We refer the interested reader to excellent intro-
ductory texts on the various types of missing data (MCAR/
MAR/MNAR; Graham, 2009; Schafer & Graham, 2002; Sterne
et al., 2009).

Second, the latent class estimation was repeated for those
with at least one of the three smoking measures present (par-
tially missing dataset). Mplus achieves this through estimation
using FIML. Here, the assumption is that missing data are missing
at random (MAR) conditional on the repeated measures data
that are observed (nonresponse is random, conditional on these
data). Rather than imputing data to fill in any of the missing
values, FIML directly estimates all parameters using all available
data (Enders, 2001; Enders & Bandalos, 2001). As stated in
Enders and Bandalos (2001) “ . . . under MAR, the partially
observed cases provide important information about the under-
lying marginal distributions of the incomplete variables and
hence may reduce the bias that would result from the listwise
deletion of cases.” Results from regression models involving the
output from this latent class model will be referred to and
labeled as the “FIML” results to distinguish them from imputa-
tion results described below.

The FIML approach deals with missing data among the
repeated measures but not within the independent variables.
Consequently, as an alternative to FIML estimation, MI was car-
ried out using chained equations (van Buuren, Boshuizen, &
Knook, 1999) using the ice routine (Royston, 2009) in Stata.
This is an iterative procedure, which uses univariable regression
equations applied to each variable in turn to predict any missing
data, based on the other variables included in the imputation
model. Unlike the FIML approach, MI creates multiple datasets
over which any imputed data can vary, reflecting the uncertain-
ly in the true values. This approach avoided any drop in sample
size, which would otherwise occur when the covariates were
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regressed on the latent class outcome (see Supplementary Material
for more details on the ice procedure). Previous substance use
work combining imputation and mixture modeling has simplified
the task either by using a single imputed dataset (Hix-Small
et al., 2004; Li et al., 2001) or by restricting the imputation step
to the covariates (Guo et al., 2002). The derivation of the latent
classes was carried out on each imputed dataset in turn; however,
the choice of the optimal number of classes was based on the
earlier CC/FIML analyses. While Mplus is capable of working
with multiply imputed datasets and producing a singled set of
pooled results, these pooled results are only useable if the same
class ordering is achieved for each imputed dataset. Note that
the ordering of classes is somewhat arbitrary, such that different
permutations of the same four classes can result from different
starting values. In this analysis, it was apparent that the ordering
of the classes was not consistent across the datasets (e.g., the
nonsmoking classes might be the first class for some imputed
datasets and the second class for others), consequently we chose
to carry out the LCA on each dataset in turn and pool the results
ourselves.

Regression Modeling of Risk Factors

To examine the relationship between risk factors and our latent
classes, a two-stage modeling procedure was used. Following the
LCA, class assignment probabilities were exported to in Stata
version 11-MP2 (StataCorp., 2009). These probabilities were
incorporated as an importance weighting (iweight) in a series of
univariable multinomial logistic regression models. For the
imputed data, the 100 imputed datasets were re-stacked and
analyzed using by Stata’s mi routines.

Characteristics of Participants

The starting sample for these analyses is the 13,973 singletons/
twins who survived at least until 1 year of age. Of these, 3,038
respondents provided complete data on the three measures
(1,245/41% boys and 1,793/59% girls). A further 2,232 missed
one response and 2,052 missed two responses, resulting in a
dataset of 7,322 with at least one of the three measures (3,351/46%
boys and 3,971/54% girls). First, the relationship between level
of response (complete/partial/none) and baseline demographics
was studied. There was evidence of an association between level
of response and gender as well as housing tenure, parity, and
maternal education with complete responders being more likely
to be female, have parents who own their own home, have a
mother educated beyond high school, and have fewer siblings
(data available on request). Level of response was also related to
smoking frequency. Table 1 shows the relationship between
smoking frequency at each time point and whether the respon-
dent provided complete or partial smoking information. There
is strong evidence that those who provide partial smoking infor-
mation are more likely to smoke regularly.

Latent Class Analyses

Nonimputed Data

For the latent class model, there were 64 possible patterns of
response. Of these, 46 were observed in the complete case data-
set of 3,038 participants. This sample was dominated by a non-
smoking pattern (none/none/none), which was the response for
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Table 1. Relationship Between Smoking Frequency and Degree of Response

14-year smoking (%)

15-year smoking (%)

16-year smoking 1(%)

Complete Incomplete Complete Incomplete Complete Incomplete

(n=3,038) (n=2631) (n=3,038) (n=2,069) (n=3,038) (n=2,631)
None 2,897 (95.4) 2,438 (92.3) 2,626 (86.4) 1,588 (76.8) 2,485 (81.8) 1,413 (77.8)
Occasional 79 (2.6) 67 (2.6) 203 (6.7 162 (7.8) 225 (7.4) 129(7.1)
Weekly 24(0.8) 48(1.8) 93 (3.1 100 (4.8) 121 (4.0) 83 (4.6)
Daily 38(1.3) 78 (3.0) 116 (3.8 219 (10.6) 207 (6.8) 191 (10.5)
% 33.22,p < .001 112.4,p < .001 22.3,p<.001

Note. Incomplete samples contain those among the sample of 7,332 who have the measure in question but are missing one of the other two; hence,

this value varies across the different time points.

a total of 2,339 (77%) respondents. There was little evidence
of regular smoking before the age of 15, with other common
response patterns being none/nonel/occasional (n = 151, 5.0%),
noneloccasional/none (85, 2.8%), and none/none/weekly (52,
1.7%). The partially missing dataset contained an additional 57
response patterns. Based on the model fit criteria displayed in
Supplementary Material Table A1, there was good support for the
four-class model for both the complete case (n = 3,038) and the
FIML (n =7,322) models. Model fit statistics for between two- and
five-class models can be found in the Supplementary Material
along with a more detailed justification of our model choice.

Figure 1 shows the four smoking profiles extracted with the
CC and FIML models. These comprise “non-smokers,” “experi-
menters,” “late-onset regular smokers,” and “early-onset regular
smokers.” The individual bars indicate the likely behavior of a
given class member at each time point. For instance, experiment-
ers have a low probability of reporting smoking at age 14, but by
16, most will report some recent smoking activity, typically at less
than weekly frequency. The majority of the respondents (CC:
85.4%; FIML: 80.7%) fall into the nonsmokers group, who have a
very low probability of reporting any smoking across the time pe-
riod. The responses for those reporting greater exposure to smok-
ing were summarized by three latent classes: Early-onset regular
smokers (CC: 1.7%; FIML: 3.3%) were mostly daily smokers by
age 14 years and all daily smokers by age 16 years; few late-onset
regular smokers (CC: 4.3%; FIML: 7.3%) were smoking at 14
years but over 60% were daily smokers by age 16 years; and finally,
experimenters (CC: 8.7%; FIML: 8.7%) smoked more commonly
on a monthly basis and showed a more gradual increase.

Imputed Data

The average prevalence of the four classes across the 100 imputed
datasets was as follows: nonsmokers 79.7% (SD = 2.2%),
experimenters 10.3% (SD = 2.6%), late-onset regular smokers
5.5% (SD = 1.8%), and early-onset regular smokers 4.5% (SD =
1.1%), with the earlier FIML results falling within the spread of
values obtained from the imputation. These results are as one
would expect. Adolescent smoking behavior has previously
been shown to be strongly socially patterned in this cohort
(Macleod et al., 2008), and in the current manuscript, we report
an association between sociodemographic measures and level
of response. By incorporating the partial responders through
either FIML or MI estimation, we are permitting more of the
regular smokers to be included in the analyzed sample and
hence obtaining an upwardly revised prevalence of these groups
in the ALSPAC cohort. Table 2 shows how the imputed preva-

lence of smoking behavior varies across response patterns com-
pare with those we were originally able to derive from the
observed data. These results show an increasing prevalence of
regular users as we move from the complete case (OOO)
through moderate missing (OOM/OMO/MOO) and into more
severe levels of missing data (OMM/MOM/OMM). The imputed
sample of 7,332 contains approximately twice the proportion of
daily smokers at each time point.

Covariate Analysis

Table 3 show a series of univariable associations between smok-
ing risk factors and latent class membership resulting from the
MI/LCA analysis. These regression estimates were obtained
through a series of multinomial logit models (mlogit) using the
nonsmokers as the reference outcome level. There is a clear and
consistent pattern with the majority of the covariates consid-
ered being related to the increasingly severe smoking status with
increasing strength of association for instance, being female
increases your odds of being an experimental smoking by 42%,
of being a late-onset regular smoking by 51%, and of being an
early-onset regular smoker by 69%. The change in odds is often
more marked, for example, maternal smoking at age 12 years
increases the odds of being experimental by 42%, while dou-
bling the odds of being a late-onset regular user and quadru-
pling the odds of being an early-onset regular user. Patterns of
association with experimental smoking were similar though in
general these effects were weaker and of smaller magnitude.
Post-estimation comparisons were then made across the three
smoking classes using each in turn as the reference (data not
shown). As one would expect given the dose-response nature of
many of the associations, there was stronger evidence for differ-
ences between experimenters and early-onset regular users than
for either of these classes when compared with the late-onset
regular users. Of particular interest would be factors that might
distinguish between early- and late-onset regular users. Maternal
smoking at age 12 years; self-reported smoking at age 13 years;
and self-reported weekly alcohol, bingeing, and also cannabis
use at age 13 years conferred a risk of being an early- compared
with late-onset regular smoker.

Effect of Missing Data Treatment on

Conclusions

Table A2 in the Supplementary Material shows the univariable
results obtained through CC, FIML, and imputation. Here, log-
odds ratios are displayed to permit the use of SEs. The first two
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Figure 1.
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Table 2. Observed and Imputed Smoking Frequencies by Missing Data Pattern

000 MOO OMO 00M MMO MOM OMM Total
(n=3,038) (n=436) (n=990) (n=806) (n=390) (n=827) (n=835) (n=7,332)
14 years, %
None 95.4 [92.1] 95.2 93.2 [90.5] [88.6] 89.2 [93.2]
Occasional 2.6 [2.9] 1.8 3.0 [3.4] [3.9] 3.0 [2.8]
Weekly 0.8 [1.6] 1.2 1.7 [2.0] [2.4] 2.6 [1.5]
Daily 1.3 [3.4] 1.8 2.1 [4.1] [5.1] 5.2 [2.6]
15 years, %
None 86.4 81.7 [83.1] 77.8 [78.5] 73.2 [78.3] [81.9]
Occasional 6.7 6.7 [7.1] 8.2 [7.3] 8.1 [7.4] [7.2]
Weekly 3.1 4.6 [3.7] 6.0 [4.4] 3.9 [4.1] [3.8]
Daily 3.8 7.1 [6.1] 8.1 [9.8] 14.9 [10.3] [7.1]
16 years, %
None 81.8 78.0 78.8 [74.6] 75.1 [70.5] [74.7] [77.9]
Occasional 7.4 7.1 7.1 [8.3] 7.2 [8.1] [7.5] [7.5]
Weekly 4.0 44 5.2 [5.0] 33 [5.1] [4.4] [4.4]
Daily 6.8 10.6 9.0 [12.2] 14.4 [16.3] [13.4] [10.2]

Note. 0 = observed; M = missing; hence 000 indicates the complete cases, MOO indicates those who only missed the 14-year question, OMO

missed the 15-year question, etc. Results coming wholly or in part from imputation are shown in square brackets.

columns show a steady drop in sample size as the time since

FIML cases will be dropped from the analysis, increasing to ap-

initial enrollment increases. In a univariable analyses, typically ~— proximately a third (CC) and half (FIML) of the observations in

10% of the 3,038 complete cases and 25%-20% of the 7,322

any multivariable analysis.

Table 3. Univariable Associations Between Covariates and Latent Class Membership

(results for imputed sample, n = 7,322)

OR (95% CI)
Covariate Risk category Experimenters Late-onset regular use  Early-onset regular use ~ p Value
Sex! Female 142(1.17,1.73)  1.51(1.18,1.92) 1.69 (1.29,2.22) <.001
Housing tenure’ Rented 1.15(0.83,1.59)  1.37(0.92,2.03) 1.72 (1.12,2.64) <.001
Subsidized housing 1.13(0.81,1.59) 1.86 (1.24,2.80) 3.30(2.35,4.63)
Parity’ Second child 1.19(0.98,1.45)  1.35(1.04,1.75) 1.43 (1.06,1.92) <.001
Third child or higher ~ 1.22(0.95,1.57)  1.55(1.11,2.16) 2.29(1.61,3.25)
Overcrowding* >1 person/room 1.29(0.82,2.02)  2.08(1.22,3.57) 3.51(2.31,5.35) <.001
Maternal education’ High school 1.01(0.82,1.24)  1.43(1.01,2.01) 1.84 (1.34,2.52) <.001
qualifications
No high school 1.00 (0.78,1.29) 1.68 (1.14,2.48) 2.71(1.94,3.79)
qualifications
Maternal weekly alcohol at 12 years® 14+ U/week 1.23(1.01,1.49)  1.17(0.90,1.53) 1.21(0.90,1.63) .099
Maternal alcohol binge at 12 years® Yes 1.19(0.98,1.43)  1.25(0.96,1.63) 1.36 (1.02,1.80) .030
Maternal smoking at 12 years Yes 1.42(1.09,1.85)  2.25(1.61,3.16) 4.30(3.07,6.01) <.001
Maternal cannabis use at 9 years Yes 1.93(1.34,2.77)  2.57(1.63,4.07) 4.07 (2.63,6.29) <.001
YP smoking at 13 years Yes 3.66 (2.59,5.18)  8.03(5.23,12.3) 18.3 (12.1,27.6) <.001
YP alcohol at 13 years Less than weekly 1.82(1.38,2.40)  2.26(1.60,3.18) 2.88(1.90,4.36) <.001
Weekly 3.00 (2.16,4.16)  5.43(3.61,8.15) 11.6 (7.70,17.5)
YP maximum number of 1-4 2.02(1.58,2.59)  2.83(2.12,3.77) 4.10 (2.86,5.86) <.001
drinks at 13 years 5 or more 3.39(2.17,5.30)  7.47(4.33,12.9) 19.2(11.8,31.4)
YP cannabis at 13 years Yes 2.50(1.33,4.70)  4.43(2.10,9.35) 10.7 (5.91,19.3) <.001
YP conduct problems at 11 years’ Med 1.23(0.99,1.53)  1.80(1.35,2.39) 2.20(1.62,2.99) <.001
High 151 (1.01,2.24)  3.50(2.21,5.54) 5.22(3.44,7.92)

Note. Reference categories indicated by superscript: 1: male; 2: mortgaged/owned home; 3: first child; 4: up to one person per room; 5:

qualifications beyond high school; 6: weekly use of < 14 U; 7: Score of 0 or 1 on conduct problems (strengths and difficulties); in all other instances,
reference = No/None. Ages shown refer to the age of the young person at the time of data collection.
“Binge defined as 4+ Units of alcohol on one occasion. One unit of alcohol is equivalent to 0.8 g ethanol.
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When performing data imputation, it is of interest to exam-
ine the relative contribution to the SEs of within- and between-
imputation dataset variability. In the current models, we find that,
as one might expect, for sociodemographic measures suffering
from little nonresponse, the majority (~75%) of the variance
comes from within each dataset. However, for self-reported
substance use measures and other predictors, which suffer from
greater levels of nonresponse, the between-dataset contribution
has increased considerably to be typically 50% of the total vari-
ance (details available on request). The effect of this can be seen
in Supplementary Table A2 when comparing the FIML and im-
putation SEs. SEs for imputation estimates are higher than FIML
for covariates that suffer from little missing data (e.g., gender/
demographics) since in this situation, the main source of vari-
ability is the different latent class estimates across the multiply
imputed data; however, as one moves further down the table to
covariates more badly affected by dropout, the SEs for imputa-
tion and FIML become more comparable. Any benefit one
might expect from maintaining the sample size at 7,332
using the imputation method is offset by the variability in both
the covariate and the outcome across the imputed datasets.

Finally, to summarize the findings as a whole, the FIML and
imputation results are broadly consistent with each usually
being within one SE of the other; however, the bias is clear when
examining the complete case estimates as these are often consid-
erably larger or smaller than the other two.

We describe patterns on smoking initiation in sample of adoles-
cents from a large representative birth cohort based on reported
current smoking frequency at ages 14—16 years. Missing obser-
vations, social position, and smoking were related. Following
missing data imputation, the classes comprised nonsmokers
(80%), experimenters (10%), late-onset regular smokers
(5.5%), and early-onset regular smokers (4.5%). About 53% of
our sample had ever smoked a cigarette by the age of 16, indicating
that in this instance, “experimenters” means those who irregu-
larly use cigarettes over an extended period without developing
a consistent pattern of use (and in particular without their use
escalating over time). The latent classes had clearly distinct pat-
terns of smoking, with over 60% of the early-onset class smoking
daily by age 14 years and all by age 15 years, none of the late-onset
class smoking daily by age 14 years and 50% by age 15 years, and
weekly smoking being the commonest level of smoking at ages
15 and 16 years among those in the experimenter class. There
was good support for a four-class solution across the fit statis-
tics, and there were clear univariable associations between sev-
eral important risk factors and being in a smoking class which
also were stronger for membership of early-onset smoking.
These included being female, having older siblings, living in
social housing, low maternal education, maternal substance use,
and early exposure by the adolescent to tobacco, alcohol, or
cannabis.

Previous work describing applying mixture models to
smoking initiation in adolescence has typically reported
between three and six classes of smoking behavior (e.g., 3: White,
Nagin, Replogle, & Stouthamer-Loeber, 2004; 4: Audrain-
McGovern et al., 2004; 5: Brook et al., 2008; 6: Pollard, Tucker,
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Green, Kennedy, & Go, 2010). It has been argued that the number
of classes identified in such analyses may be sensitive to a various
aspects of the data and chosen model (Jackson & Sher, 2005, 2006,
2008) and that apparent phenotypic variation within- and
between-study samples may partly reflect these methodological
differences rather than true differences. In the first U.K.-based
study to apply these methods, we show that heterogeneity in the
frequency of use of tobacco over time can be summarized by
four classes of behavior with response profiles consistent with
those reported previously, suggesting that patterns of smoking
initiation may be similar across countries such as the United
States and United Kingdom. Further evidence for the validity of
the groupings we identified was reflected in the risk factors that
predicted class membership, which have previously been shown
to be associated with smoking status more generally. The class
prevalences are also consistent with other U.K. surveys, which
suggest that 15% of young people are regular smokers (Office
for National Statistics, 2003).

The key strength of this study is the size of the cohort, which
has been well characterized for multiple factors and has collect-
ed contemporaneous repeated measures of tobacco exposure.
However, there are several limitations. First, the data were col-
lected in different ways (two postal surveys and one clinic-based
assessment) and used slightly different questions. This is the
likely cause of the raised residuals in the model fit assessment
(see Supplementary Material), which might have led to the
extraction of more classes than may have occurred with a more
consistent set of questions. Nevertheless, as a data reduction
technique, this analysis provided results with good face validity
and which performed well against a number of known risk fac-
tors for adolescent smoking. Second, our missing data modeling
focused on those subjects who had at least one smoking mea-
sure from age 14—16 years with the assumption that data were
MAR conditional on the range of variables included in the
imputation model. This resulted in a sample of 7,322 subjects
(52% of the total ALSPAC sample), as opposed to 3,038 (22%)
with complete measures. However, as we have demonstrated
that smoking behavior and missingness are socially patterned, it
is likely that adolescent smoking would be even higher in par-
ticipants without any measures and that the proportion in the
smoking classes may be still underestimated compared with the
sample of all who originally enrolled in ALSPAC. In an earlier
publication based on data from this cohort, Macleod et al.
(2008) reported that associations with substance use at age
10 years derived from a complete case analysis were consistent
with those from an imputation analysis, despite the difference
in substance use prevalence between samples. Our results are
consistent with these findings in that missing data techniques
mainly led to an increase in apparent smoking prevalence; how-
ever, patterns of association between different smoking pheno-
types and risk factors were very similar. In the current
manuscript, missing data can have an impact in two areas—the
latent class derivation and the covariate analysis that follows.
Estimation of latent classes under FIML assumes that nonre-
sponse is MAR, that is, the measures we have observed are a
good representation of each respondent’s status across the full
time period. There were differences in class size between these
results and those obtained from the complete case analysis,
which makes the stricter assumption that dropout is MCAR.
The imputation approach also assumes MAR but this time con-
ditional on a broader range of measures increasing the chance
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that this assumption holds. We feel the MAR assumption to
be more justifiable on inclusion of these covariates; hence, the
similarity between the FIML and imputation results is encour-
aging. Nevertheless, we cannot rule out the possibility that
smoking behavior may be Not Missing At Random (i.e., nonre-
sponse related to the actual underlying value), and methods
that could address this remain underdeveloped. This is a po-
tential limitation to these findings. When it comes to the re-
gression analysis, both CC and FIML samples were reduced
due to necessary listwise deletion but to a different degree.
There was some benefit to having carried out an initial FIML
estimation step; however, the sample size was still seen to im-
pact on the magnitude of some results compared with the im-
puted models.

Estimation using FIML is the favored method for longitu-
dinal mixture models, now commonplace in the adolescent
substance use literature. A problem with this approach is that
much of the boost to sample size obtained by including partial
nonresponders can then be lost when incorporating covari-
ates. MI is now the standard approach for dealing with nonre-
sponse in epidemiological research. We have shown here that
it is now feasible to combine imputation with the estimation
of a longitudinal mixture model. To the best of our knowl-
edge, this is the first adolescent substance use study to have
done this. There were clear benefits to this approach in the
current analysis due to the levels of nonresponse within these
data and also the strong social patterning of smoking
behavior within this cohort. The future application of these
methods may afford greater statistical power by allowing the
use of a greater proportion of available data within longitudi-
nal datasets. This is likely to be particularly important when
considering influences likely to be of small effect (e.g., genetic
variation).

Conclusions

By the age of 16, the majority of children in the United Kingdom
have experimented with tobacco smoking. Only a minority,
characterized by early onset of use, social disadvantage, other
substance use, and conduct disorder, have progressed to regular
smoking. It is this minority who are likely to experience the
most adverse health effects of smoking in the later life course
and who are therefore most likely to benefit from targeted
prevention efforts.

Supplementary Material

Supplementary Material can be found online at http://www.ntr.
oxfordjournals.org
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