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Abstract

Simulation models of smoking behaviour provide vital forecasts of exposure to inform policy targets, estimates of the
burden of disease, and impacts of tobacco control interventions. A key element of useful model-based forecasts is a clear
picture of uncertainty due to the data used to inform the model, however, assessment of this parameter uncertainty is
incomplete in almost all tobacco control models. As a remedy, we demonstrate a Bayesian approach to model calibration
that quantifies parameter uncertainty. With a model calibrated to Australian data, we observed that the smoking cessation
rate in Australia has increased with calendar year since the late 20th century, and in 2016 people who smoked would
quit at a rate of 4.7 quit-events per 100 person-years (90% equal-tailed interval (ETI): 4.5-4.9). We found that those who
quit smoking before age 30 years switched to reporting that they never smoked at a rate of approximately 2% annually
(90% ETI: 1.9-2.2%). The Bayesian approach demonstrated here can be used as a blueprint to model other population
behaviours that are challenging to measure directly, and to provide a clearer picture of uncertainty to decision-makers.
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| Background

Similar to other developed nations, the tobacco epidemic in Australia is now in its fourth stage,! having peaked at an esti-
mated 72% current smoking prevalence in the 1940s for men and 30% in the 1970s for women.>* As a signatory to the
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WHO Framework Convention on Tobacco Control (FCTC) and a world leader in tobacco control measures such as plain
packaging, Australia has been considered a tobacco control success story, with adult current daily smoking prevalence as
low as 11.6% in 2019.* However, government investment in evidence-based tobacco control measures has fluctuated over
time> and Australia currently falls short of complying with the full suite of the WHO MPOWER policies at the highest
implementation level. Since 2018, Australia has fallen out of the best-practice group in relation to taxation, mass media
campaigns, and the provision of cessation services.® Contemporary and reliable estimates of the impact of tobacco smok-
ing on disease burden, health services, and societal costs are key to maintaining impetus in tobacco control. Simulation
modelling studies are heavily relied upon by decision makers for these estimates; notably the U.S. Smoking History Gen-
erator from the Cancer Intervention and Surveillance Modeling Network (CISNET),” SimSmoke,® the Burden of Disease
Epidemiology, Equity and Economics model® and others (see Huang et al.'® and Singh et al.!' and references therein),
however, they are prone to several sources of uncertainty that are seldom addressed.

Of 25 tobacco control policy models included in a recent review by Huang et al.,!* we found that only 11 reported on
uncertainty. Of particular interest is ‘parameter uncertainty’, which is uncertainty in predictions due to the limitations of the
data used to estimate parameter values, including sample size, sampling bias, precision, and indirect relationships between
observable quantities and parameters. Structurally, almost all models assumed that uncertainties in quit and relapse rates
were distributed independently. We found only one study, by Blakely et al.,” that both; (a) used probability distributions to
quantify parameter uncertainty for each of the key events of starting, stopping and relapsing smoking and; (b) facilitated any
dependence between parameters. Strong or unrealistic assumptions about independence will lead to misleading estimates
of uncertainty.

We propose wider use of Bayesian statistical methods as an antidote to infrequent and inconsistent reporting of parameter
uncertainty among tobacco control policy models and more broadly in public health simulation modelling. The Bayesian
approach to simulation model development provides a clear framework for quantifying parameter uncertainty in the form
of ‘posterior distributions’, and can: (a) incorporate additional prior information along with a more detailed model of the
collection of the observed data; (b) easily accommodate weaker assumptions about dependence, and; (c) is supported by a
range of mature software packages, particularly in R!? and Python (https://www.python.org).

To aid contemporary decision-making in the Australian context, and as a demonstration of the Bayesian approach to
simulation model calibration, we built a model of life-course smoking behaviours for the Australian population in the pre-
vape era using nationally representative data on smoking status collected between 1962 and 2016. The pre-vape era is an
important baseline with extensive data for future modelling of the impact of any disruptions. We complement and extend the
existing tutorials on Bayesian calibration!>'® with concise, and more complete, steps from parameterisation to (posterior)
prediction. With the calibrated model, we describe estimates of the historical trends in key quantities of smoking behaviour
in Australia; the proportion that initiated smoking in birth cohorts born between 1910 and 1996; the rate of quitting smoking
between 1930 and 2016, and; the rate that individuals who smoked early in life switched to reporting as never smoking
when surveyed later in life. This latter quantity has never been estimated using smoking data from cross-sectional health
surveys. Furthermore, we estimate uncertainty allowing for dependence between all parameters; throughout, we report 90%
equal-tailed intervals (ETIs) to demonstrate that descriptions of uncertainty are not confined to 95% confidence intervals,
which may be helpful when engaging with decision-makers.

2 Methods

The structure of our model was based on a previous Australian model of population-wide smoking behaviours by Gartner
et al.!” that used data 1983-2007. We extended the observation period using individual-level data from 26 cross-sectional
surveys conducted 1962-2016. In an earlier analysis of the 26 surveys, Vaneckova et al.? identified trends in smoking
prevalence at younger ages consistent with an effect where those who formerly smoked switched to reporting as having
never smoked. We updated the original model to accommodate this transition. We also replaced estimates of ‘net cessation’
in the model with ‘permanent cessation’ using clear assumptions about relapse.

The calibration process was as follows:

(1) The parameters to be calibrated were determined by examination of structural identifiability (see Cole'®).

(2) The model parameters were assigned prior distributions (“priors’), which included hazard ratio (HR) estimates of death
from a cohort study.

(3) A statistical model of survey sampling and responses was constructed.

(4) A suitable neighbourhood of parameter-values from which to sample was identified via analysis of a measure of
‘practical identifiability” introduced by Raue et al.”
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Figure |. Structure of the compartmental model of lifetime smoking behaviour. Line with filled circle represents transition to
death. Transition rates between boxes depend upon age and sex, except for the transition from having recently quit to formerly
smoked which occurs at two years in the recently-quit state. uy, is the never-smoked mortality rate. u- = HRcuy and up = HRppy,
where HR¢ and HRg are the hazard ratios of death for those who currently smoke and those who formerly smoked, respectively,
compared to those who never smoked.

(5) 200 samples of parameter values were obtained using a Markov Chain Monte Carlo algorithm for each of eight models
under consideration.

(6) The best model was selected based on Deviance Information Criterion (DIC) and summary statistics of estimated
‘model inadequacy’ as defined by Kennedy and O’Hagan.?°

Using the sample of parameter values we quantified historical trends in life-course smoking behaviours by the correspond-
ing sample of: the expected proportion that initiated smoking; the expected smoking cessation rate, and; the expected rate
that those who formerly smoked switched to reporting that they never smoked.

In the following subsections we describe the model using its real-world context, we describe the data sources, and we
outline the choices made and algorithms used in each step of the calibration and to compute the outputs. Throughout,
references are provided to Supplemental Material for more technical detail: which includes equations that may assist some
readers.

2.1 Model structure

We used a compartmental model of the lifetime smoking behaviour of an individual (or cohort), summarised in Figure 1.
The life-course of an individual proceeded in the following order:

[u—

. An individual either started smoking before age 20 years, or they did not smoke throughout their adult lifetime.
2. If they started smoking;

(a) they would eventually quit and enter a ‘recently quit’ state, according to their age-at-quit group;

(b) after 2 years they entered a ‘formerly smoked’ state according to their age-at-quit group, and;

(c) they may switch to reporting as having never smoked, i.e. enter the ‘reporting-as-never’ state.

A quit event was defined as the event that an individual stopped smoking daily/regularly and did not smoke again. No
explicit model of quit attempts and relapse was included. The conditions required for consistent estimates of permanent-quit
rates given the data sources discussed below are stated in Supplemental Material Appendix A.
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We assigned an age-at-quit category so that those who smoked for a short duration may transition to reporting-as-never
at a different rate from those who smoked for longer.

The starting age in the simulation was 20 years, where each individual starts in either the ‘never’, ‘currently’, ‘recently-
quit’, or ‘former’ smoking category. The assumptions governing the initial proportion in each category are provided in
Supplemental Material Section B.1.

At all times, an individual may die at a rate specific to their smoking status, sex, and piece-wise constant by age:

e Individuals who never smoked and reported-as-never died at the same rate, denoted .

e Individuals who currently smoked and those who recently quit died at the rate y = HR X u,,, with age-specific hazard
ratio HR .

o Individuals who formerly smoked died at the rate u, = HR, X uy, with age-specific hazard ratio HRj..

We assumed the population mortality rate u (age, sex and year-specific) satisfied:

M= UnPN + HcPc T HEPR (1

where p,, was the (population) proportion in the union of the never smoked and reporting-as-never categories, p- was the
proportion in the union of the currently smoke and recently quit categories, and p; was the proportion in the union of the
formerly smoked categories.

For a mathematical description of the compartmental model shown in Figure 1 and described above, see Supplemental
Material Section B.1. The population proportions for each category of smoker were computed from the mathematical
description, as outlined in Supplemental Material Section B.1.1, provided values of the model-parameters were specified.

2.2 Model parameterisation

The two key quantities for the initial population at age 20 years were the proportion of individuals that formerly smoked
(amongst current and former), denoted P, and the proportion that initiated, denoted P; (one minus the proportion that
never smoked). We modelled the logit-transformed proportion that initiated as a natural cubic spline-function of the birth
year. Recall that the initial size of each category is formulated in Supplemental Material Section B.1.

The quit rate, which we defined as the rate amongst those who smoked of quit events as described above, was denoted
as A (also the rate of exit from the ‘currently smoke’ state in Figure 1), and we modelled the log-transformed value as the
sum of natural cubic spline-functions of age and calendar year. We assumed that the rate of transition between the formerly
smoked category to the reporting-as-never state, denoted A, for each age-at-quit group (<30 years, 30-39 years, > 40
years) was constant.

We pre-specified the domain of each spline and the location of their knots, for the precise specification see Supplemental
Material Section B.2. To test different models, we used differing numbers of knots, which were sequentially included to
form eight different models, including a ‘null’ model with only intercept terms and no reporting-as-never (see Supplemental
Material Section B.3 and Table B1). We assumed that the total number of degrees of freedom, including the age-group
specific HRs, would be small compared to the number of observations in the surveys so that the parameters might be
practically identifiable in each model.

2.3 Data sources

2.3.1 Smoking status
Data on population-level smoking behaviour were obtained from nationally representative surveys. The Australian Data
Archive and Cancer Council Victoria (CCV) provided; the National Drug Strategy Household Surveys (NDSHS) and
selected predecessors 19852016 (Australian Institute of Health and Welfare?! and McAllister??> and ref. therein); the
Risk Factor Prevalence Study (RFPS) 1980-89 (Risk Factor Prevalence Study Management Committee?® and ref. therein);
the CCV Australian adult smoking surveys 1974-95 (Hill et al.>* and ref. therein), and; selected Australian Gallup Polls
1962—67.2-28 While additional data were available for 2019,* we did not include these in the model to eliminate structural
uncertainty in the vape era, thus our model can, in future, be used to compare observed prevalence in the post-vape era
to a counter-factual no-vaping scenario. We have previously reported the sample size, collection method, response rate,
weighting approach, and other details about the surveys in Vaneckova et al.3

Details about how we categorised the smoking status of participants are provided in Supplemental Material Appendix A.
In brief, smoking status was defined as ‘currently smoking’ for participants who smoked on a daily/regular basis depending
on the survey questionnaire (see Vaneckova et al.?), with the remainder of non-missing responses classified as not actively
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smoking. In all surveys except those of the Gallup Polls, participants were further categorised as those who ‘recently quit’,
‘formerly smoked’, or ‘never smoked’. For participants with sufficient information on a quit event, we further divided those
who formerly smoked or recently quit into age-at-quit categories.

The surveys contained 254,231 observations in total. We singly-imputed age in years for those whose age-at-survey was
grouped using a Penalised Composite Link Model fitted to each individual survey (i.e. 60,131 participants had their age
imputed).?’ We included participants of age 2099 years at the time of the survey, born from 1910 onwards (229,581 par-
ticipants). We excluded 3400 observations for missing smoking status, leaving a total of 226,181 observations. Participants
who had quit smoking but had missing age-at-quit were assigned to ‘formerly smoked’.

Non-random sampling occurred in the surveys, either due to a multi-stage stratified or quota-sampling design, or due to
non-response bias. All surveys supplied weights (except those from the AGP in 1967, the CCV surveys in 1974 and 1980,
the National Campaign Against Drug Abuse and Social Issues Survey in 1991 and the additional Victorian sample of the
NDSHS in 1995) which were designed to match the weighted count of responses to Australian population data by age, sex
and in some cases, other demographic variables. We applied an iterative proportional fitting procedure’®3! to all surveys
to estimate a correction to the supplied weights such that the re-weighted response counts matched population counts by
age, sex, state, and capital city versus non-capital city residence.’?3

2.3.2  Mortality
Australian population mortality data by age and sex for the period 1930-2016 was obtained from the Human Mortality
Database.>*

2.3.3 Hazard ratios of mortality by smoking status

We estimated smoking-status specific HRs of death from the 45 and Up Study, a prospective cohort study of 267,153
residents of New South Wales aged > 45 years at baseline (2006-2009), randomly sampled from the Services Australia
(formerly the Department of Human Services and Medicare Australia) enrolment database.3® People > 80 years of age and
residents of rural and remote areas were oversampled by design, and the overall response rate was about 18% of invitees.
Fact of death to August 2017 was ascertained from the NSW Registry of Births Deaths and Marriages, with data linkage
performed by the NSW Ministry of Health’s Centre for Health Record Linkage (CHeReL; www.cherel.org.au). Ethics
approval for the 45 and Up Study was provided by the University of New South Wales (UNSW) Human Research Ethics
Committee (reference: HC210602) on 25 July 2005 (with regular extensions granted, most recently from 9 September
2021 to 8 September 2026), and for this specific analysis by the NSW Population Health Services Research Ethics Com-
mittee (reference: 2014/08/551). All participants consented to participate by signing a consent form that accompanied the
questionnaire. All procedures were performed in accordance with the Declaration of Helsinki.

We applied Cox proportional hazards regressions separately by sex for each 5-year age stratum from 45 to 99 years to
estimate HRs and 95% confidence intervals (CI) of death in relation to smoking status at baseline (‘currently smoking’
— including those who had quit within 2 years of baseline — and ‘formerly smoked’, relative to ‘never smoked’) using
previously reported methods by Banks et al.3® Briefly, participants were excluded from analysis if at baseline they were
aged > 100 years, had data linkage errors, had a self-reported history of chronic disease (heart disease, stroke, blood clot,
and cancer except melanoma and non-melanoma skin cancer), and/or missing information on smoking status. HRs were
adjusted for age. After exclusions, 191 031 participants were included for analysis. Ethics approval for the 45 and Up Study
was provided by the University of NSW Human Research Ethics Committee, and approval for data linkage by the CHeReL
was provided by the NSW Population and Health Services Research Ethics Committee.

To assess the sensitivity of the model predictions to the selection of priors for the HRs, we conducted a sensitivity
analysis whereby we calibrated the selected model using estimates of HRs derived from the 12-year follow-up of the CPS-I
cohort,’” recruited in the United States (US) 1959—1960, as the prior instead of the 45 and Up Study estimates. Given that
the estimates of the HRs have increased over time in the US,3® this was a prior that greatly under-estimated smoking-related
mortality in the later period of the smoking survey data.

2.4 Bayesian calibration

2.4.1 Parameters to calibrate

An initial step in model calibration, Bayesian or otherwise,?® is to determine for which parameters would values be esti-
mated, thus we informally examined structural identifiability.'® In brief, structurally identifiable parameters are those that
can be calibrated with observations of the modelled process, while structurally non-identifiable parameters will require
other data sources or observations. We proposed that the quantities P, and P, could be identified from the observed propor-
tions at the starting age. The remaining four quantities, 4, Ag, f¢, and pg, were not identifiable from observed proportions,
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but if any one of these were known, the remaining three would be identifiable. Details are provided in Supplemental Mate-
rial Section B.4. Therefore, if these four parameters were all to be quantified via calibration, at least one would need to
have an informative prior, rather than a non-informative prior.

2.4.2  Prior distribution

We assumed that the prior of the parameters could be decomposed into independent priors for; the HRs, the proportion
Pp; the coefficients of the spline describing P, (including an intercept); the coefficients of the sum of the splines in 4,
(including an intercept), and; each rate of switching to reporting-as-never.

We used an informative prior for the HRs, given by the asymptotic distribution of the estimate from the Cox regressions
(see Section 2.3). In doing so, we addressed the non-identifiability described above by supplying information on both y and
Hp via equation (1) and the integration routine outlined in Supplemental Material Section B.1.1. Although our examination
of structural identifiability suggested we only needed prior information on one of these two, there was no reason to leave
additional readily available information out of the calibration process.

The proportion P, was given a uniform prior on [0, 0.5], indicating indifference to any value in that range. We assigned
data-dependent multivariate normal priors to the coefficients of P; and 4, centred at no effect and intended to have min-
imal impact on their posterior distribution compared to the impact of the observed data. One nuisance parameter was
introduced for each data-dependent prior. We assigned each rate of switching to reporting-as-never, Ap, the prior 1/ \/Z .
See Supplemental Material Section B.5 for further details about the values of the parameters of the prior distribution.

2.4.3  Model of smoking survey responses

We constructed a statistical model of the ‘observation process’ and a mapping between the parameters of the model and
the parameters of the observation process. The dependence structure of the priors, the model, the smoking survey data,
and the population mortality data are shown in Supplemental Material Figure B2. To obtain a maximum a priori (MAP)
estimate of the parameter values and to sample parameter values within this structure (i.e. calibrate the model) we derived
an expression for likelihood of the smoking survey data.

We assumed each survey response was drawn from a categorical distribution, with sex-, age-, and birth year-specific
probabilities. The three categories were named ‘current’, ‘former’ (by age-at-quit group), and ‘never’, with definitions as
per above. We assumed the probabilities for each category were the same as the sum of one or more expected proportions
in the model. The ‘current’ probabilities were given by the sum of the model’s ‘currently smoking’ and ‘recently-quit’
proportions; ‘former’ probabilities were given by the model’s ‘former smoking’ proportions; and ‘never’ probabilities
were the remainder. We found the expected proportions for the model by numerically solving its governing equations (see
Supplemental Material Section B.1).

Uncertainty introduced by non-random sampling was accounted for using the effective sample size of each cell in the
cross-tabulation of each survey by sex, age, and birth year. The likelihood for each independent cell was given by a Dirichlet
distribution with parameters determined by observed weighted proportions and the effective sample size (see Supplemental
Material Section B.7).

2.4.4  Suitable sampling region
There is less risk of non-convergence when practical identifiability holds in the parameter space. We found a suitable region
to sample from by investigating local practical identifiability of the MAP estimate of the parameters. For this step, only, we
fixed the HRs at their prior mode. We defined local practical identifiability as the posterior-based 95% CI of the estimate
being finite in extent.'® We used the optim() command in R to find the MAP estimate.'> We calculated the profile posterior
of each component using a predictor-corrector approach (see Supplemental Material Section C.1), in the neighbourhood
given by +7.1 standard deviations of the asymptotic distribution of the MAP estimate. We then estimated the highest level
of confidence for which the CI was contained within the neighbourhood; if the level was less than 95% then practical
identifiability of the parameter near the MAP estimate was questionable.

The degree to which the HRs were identified by the survey data was investigated with the overlap statistic*>*! which
was calculated using the approach outlined in Supplemental Material Section C.2 and the posterior sample obtained in the
next step; the threshold 0.35 or less was used as evidence of weak identifiability, as suggested by Garrett and Zeger.*?

2.4.5 Parameter-value samples

We used the Metropolis-within-Gibbs algorithm to sample from the joint posterior of the HRs, the model parameters, and
the nuisance parameters. Each of these was the basis of a block in the Gibbs sampler. Five chains were simulated, starting
at random points drawn from a distribution over-dispersed with respect to the asymptotic distribution of the estimate of the
HRs and the MAP estimate of the other parameters. After a burn-in phase of length 1600 samples per chain, the samples



Wade et al. 551

were discarded and the algorithm resumed until an estimated effective sample size of 50 was obtained (see Gelman et al.*?

equation 11.8). We culled each chain to 40 evenly-spaced samples, for a total of 200 samples of parameter values (see
Supplemental Material Appendix D). We used this procedure for each of the eight models listed in Supplemental Material
Table B1.

2.4.6  Model selection

We estimated the DIC for each model to assess improvement in predictive accuracy between models. The procedure to
calculate the DIC using the samples from the joint posterior is detailed in Supplemental Material Section E.1. We also
considered summary measures of the model discrepancy, or inadequacy, (defined by Kennedy and O’Hagan®® as the dif-
ference between the model’s expected value and corresponding observed data) in the proportion of ‘currently smoking’;
the proportion of ‘never smoked’ among those not ‘currently smoking’; and the proportion of ‘formerly smoked” who had
quit before age 30 years. The discrepancy was summarised using the expected mean and standard deviation on a log-odds
scale of the discrepancy for the observed survey data; with the expectation taken over the parameter-posterior. We applied
some discretion in selecting the final model if improvement in the DIC or discrepancy over a preceding model was small
to reduce risk of poorer out-of-sample predictive performance (‘over-fitting’).

2.5 Cross-sectional smoking prevalence

We generated 200 samples of the predicted proportions of individuals with never, current, and former smoking status for
each survey by sex and calendar year using Dirichlet-Multinomial random variables (see Supplemental Material Section
B.7). Each sample corresponded to one prediction from the model using one of the samples of the parameter values.
We compared the observed proportions in the NDSHS 2016 to model predictions via the probabilities that each model
prediction was more extreme than the observed value, i.e. the ‘two-tailed’ statistic 2 min(g, 1 — ¢) where ¢ is the quantile
at the observed value. The probabilities were estimated using the corresponding proportions in the sample.

2.6 Trends in life-course of smoking

We generated 200 samples of;

e the expected proportion who initiated smoking before age 20 years by birth year and sex;

e the expected rate of quitting smoking by age, calendar year, and sex, and;

e the expected rate that individuals who formerly smoked would switch to reporting-as-never in a survey by sex and
age-at-quit group.

Predictions for the cross-sectional prevalence were obtained using the (set of) expected proportions generated above, the
effective sample size, and the distribution assumed for the survey in (see Supplemental Material Section B.7). In total, 90%
ETIs of these outputs were given by the Sth and 95th percentiles over the 200 samples obtained for each.

The quit rate could not be validated directly using the survey data as the quit event in our model was conditional upon
no future relapse, and we did not know which individuals in a survey would relapse. However, evidence suggests that 95%
of those with at least two years abstinence, maintain abstinence over the next year,* therefore we compared the model to
an estimate of the quit rate from two years prior to a survey given sustained abstinence of at least two years.

2.7 Sensitivity analyses

We tested the sensitivity of the selected model’s predictions to different choices in calibration. We tested: (a) the prior for
the HRs of death in relation to smoking status; (b) the age at which initiation of smoking was completed within a cohort;
(c) using a cohort term in the quit rate as opposed to a calendar year term; (d) whether those who quit after age 40 years
could report as never smoking; (e) allowing any individual who formerly smoked to report as never; and (f) whether survey
weights were used in the likelihood (details in Supplemental Material Sections F.1 to E.5).

3 Results

3.1 Calibration and model selection

The neighbourhood of the MAP estimate for each model met our requirements for a suitable region for sampling parameter-
values. The Hessian of the posterior function at the MAP estimate was positive definite for each model, therefore the
neighbourhoods all contained a local maximum. Practical identifiability in the neighbourhood was supported by the
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confidence-level test in all but a few cases. Notable exceptions were; the nuisance parameters, for which the highest con-
fidence level varied between 65% and 98% depending on the model, and; the parameter describing the rate that men who
formerly smoked switched to reporting-as-never smoked, with age-at-quit 30—39 years, for which the level was no greater
than 70% in any model. The highest confidence level for which the corresponding interval was contained within the com-
puted neighbourhood is provided for each model in Table E2 (Supplemental Material). Mortality HRs did not meet the
criteria of weak identifiability (as expected) according to the overlap statistic; the distributions of the prior mortality HRs
and the posterior HRs are summarised by their median and 5th and 95th percentiles in Table E3 (Supplemental Material),
along with the overlap statistics.

The parameter-value samples from the MCMC algorithm satisfied our criteria regarding (non-) convergence. All samples
reached an effective sample size of at least 50.0, and the estimated potential variance reduction was at most 1.11 for any
component after 1710 iterations per chain.

Based on the DIC estimates for each tested model, as shown in Table E4 (Supplemental Material), the model selected
for the main analysis had three degrees of freedom in the effect of birth year in the proportion of a cohort that initiated
smoking; two degrees of freedom each for the effects of age and calendar-year in the smoking quit rate; and non-zero
rates of switching to reporting as never smoked by age-at-quit group for those who quit before age 40 years (model ‘F’ in
Supplemental Material Table E4).

The measures of discrepancy of the selected model were much smaller than those for the ‘null’ model. The magnitude
of the mean discrepancy — a measure of bias — in either the proportions of individuals in the population that smoke or the
proportions of individuals that never smoked amongst those not currently smoking, both on a log-odds scale, was at most
0.024 in the selected model, compared to at most 0.170 for the ‘null’ model. Likewise, the standard deviation — a measure
of incomplete variation — was no greater than 0.153 in the selected model, compared to at most 0.497 in the ‘null” model.
The magnitudes of the mean and the standard deviations of the discrepancy in the proportion of individuals that formerly
smoked who had quit prior to age 30 years were greater than for the other proportions (for each model), with values for the
selected model at most 0.114 and 0.409 respectively. The mean and standard deviation in the discrepancy for each model
and each proportion evaluated is shown in Supplemental Material Table ES.

3.2 Model estimates of trends in smoking behaviour

3.2.1 Cross-sectional smoking prevalence

The predicted cross-sectional proportion of Australian men and women aged > 20 years in each smoking status category
is shown by survey in Figure 2. Overall, 52.7% of the survey proportions were within the 90% ETIs (indicating some
under-coverage). The Pearson correlations between the survey data and the model-sampled predictions are also presented.
These were lower for the quantities with more non-linear calendar year trends and higher for simpler trends (e.g. 90% of
correlations for the proportion of men that currently smoked were in the interval 0.969-0.981).

The proportions of participants in the NDSHS in 2016 by smoking status and the corresponding 90% ETIs from the
model are shown in Table 1, along with the estimate of the p-value that predictions were more extreme than the survey
value. The p-values for the proportion that never smoked were all equal or greater than 0.800. The p-values for the pro-
portions of those who currently and formerly smoked were no less than 0.080 for men, and no greater than 0.070 for
women or persons.

3.2.2 Initiation, cessation, and reporting smoking status

The sample obtained from the model of the proportion of Australians that initiated daily smoking by 10-year birth cohorts
from 1910 to 1996 is summarised in Table 2. Uptake peaked for women born in 1962, with just over half of all women
born at that time estimated to have initiated smoking (sample median 55.4%, 90% ETI 54.8%—56.1%). Since the peak, the
proportion decreased and for women born in 1996, the sample median was 16.2% (90% ETI: 15.3%—17.2%). For men,
uptake was highest in the earliest cohort (1910), with 87.4% (90% ETI: 86.1%—88.6%) estimated to have initiated smoking,
and decreased with each successive birth cohort to 22.4% (90% ETI: 21.0%—24.0%) for those born in 1996.

The sample obtained from the model of the quit rate per 100 person-years (PY) amongst Australians who smoke daily
is summarised in Table 3. The sampled quit rates increased with calendar year throughout. The effect of age varied by sex,
where in a given calendar year, women quit at higher rates at earlier and later ages compared to age 50 years. For example,
in the last year of the calibration period, 2016, the median sampled quit rate per 100PY for women at age 30 and 70 years
was 5.52 (90% ETI: 5.18-5.86) and 5.89 (90% ETI: 5.22—6.48), respectively, whereas at age 50 years, the sample median
was 5.08 (90% ETI: [4.80,5.30]) events per 100PY. Whereas for men, the quit rate increased with age in a fixed calendar
year. That is, the median sampled quit rate per 100PY for men at age 30 years in 2016 was 3.66 (90% ETI: 3.44-3.90),
whereas at age 70 years was 4.78 (90% ETI: 4.16-5.35). The quit rate for women grew faster than for men through the
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Figure 2. The observed proportion of Australian men and women aged >20 years by smoking status (current/former/never) in four
smoking survey series conducted between 1962 and 2016 (markers), and corresponding osterior predictive intervals from the model
(error bars) given by the 5th and 95th percentiles of the sample we obtained via Markov Chain Monte Carlo. Size of marker indicates
number of respondents aged >20 years in the survey in the category, Ngpcerved- Median Pearson correlation between survey data and
the model-samples (and interval given by 5th and 95th percentiles) shown on each panel. AGP: Australian Gallup Polls; CCV: Cancer
Council Victoria adult smoking survey; RFPS: Risk Factor Prevalence Study; NDSHS: National Drug Strategy Household Survey.

Table 1. Distribution of respondents > 20 years of age in the 2016 National Drug Strategy Household Survey by smoking status,
and corresponding posterior predictions sampled from the model via Markov Chain Monte Carlo, for men, women and persons.

Sex (n) Smoking status Observed proportion Model sample p-value

Median [5th,95th percentile]

Women (12 120) Never 65.2% 65.1% [64.2%,66.0%] 0.80
Current 13.8% 12.9% [12.2%,13.6%] 0.03
Former 21.0% 21.9% [21.1%,22.7%] 0.07

Men (10 032) Never 57.6% 57.5% [56.4%,58.6%] 093
Current 18.1% 17.2% [16.3%,18.0%] 0.08
Former 24.3% 25.3% [24.3%,26.5%] 0.12

Persons (22 152) Never 61.5% 61.4% [60.7%,62.1%] 0.86
Current 15.9% 15.0% [14.4%, 15.5%] <00l
Former 22.6% 23.6% [23.0%,24.3%] <00l

The p-value is the proportion of the model-sampled predictions that were more extreme than the observed value in the survey.

years 1930 until 2016 (Table 4). In 2016, the quit rate over all age groups for men who smoke was 4.1 events per 100PY
(90% ETTI: 3.9-4.4), the rate for women was 5.4 events per l00PY (90% ETTI: 5.1-5.7), and for men and women (combined)
who smoke it was 4.7 events per 100PY (90% ETI: 4.5-4.9).

People switched smoking status from former to reporting-as-never at higher rates if they quit earlier. The median sampled
rate for those who quit before age 30 years was 2.05 (90% ETI: 1.92-2.18) switch-to-reporting-as-never events per 100PY,
and for those who quit between ages 30 and 39 years it was 0.29 (90% ETI: 0.14-0.45) events per 100PY.

The sample of the proportion of those who started smoking before age 20 years who had also quit smoking by age 20
was 8.6% (90% ETI: 7.2%—9.8%) for men and 8.0% (90% ETI: 6.8%—9.2%) for women. The estimate of the quit rate from
three years prior to a survey (given sustained abstinence of at least two years) compared to the model’s quit rate is shown
in Supplemental Material Figure E3. The survey estimate was, on average, marginally higher than the model, which may
be partly explained by relapse after two years amongst some individuals.
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Table 2. Model estimate of the proportion and annual growth rate in the proportion of Australians that initiated smoking among

men, women, and persons born in selected single years between 1910 and 1996.

Birth year Women Men Persons p-value: M =W
Proportion initiated smoking (Median [5th,95th percentile])

1910 43.9% [42.4%,45.6%] 87.4% [86.1%,88.6%] 66.4% [65.4%,67.5%] <0.001
1920 43.1% [42.1%,44.2%] 82.5% [81.4%,83.5%] 63.2% [62.5%,63.9%] <0.001
1930 43.5% [42.8%,44.4%] 76.7% [75.8%,77.6%] 60.4% [59.8%,61.0%] <0.001
1940 46.4% [45.7%,47.3%] 70.9% [70.0%,71.6%] 59.0% [58.5%,59.5%] <0.001
1950 51.8% [51.1%,52.4%] 65.7% [65.0%,66.3%] 58.9% [58.4%,59.3%] <0.001
1960 55.3% [54.7%,56.0%] 60.0% [59.4%,60.6%] 57.7% [57.3%,58.2%] <0.001
1970 52.2% [51.6%,52.9%] 52.0% [51.3%,52.6%] 52.1% [51.7%,52.6%] 0.830
1980 40.1% [39.5%,40.7%] 40.8% [40.2%,41.6%] 40.5% [40.1%,41.0%] 0.154
1990 24.2% [23.3%,25.1%] 28.8% [27.7%,30.1%] 26.6% [25.8%,27.4%] <0.001
1996 16.2% [15.3%,17.2%] 22.4% [21.0%,24.0%] 19.4% [18.4%,20.3%] <0.001
Annual growth in proportion initiated smoking (Median [5th,95th percentile])

1910 —0.23% [—0.41%,—0.03%] —0.49% [—0.52%,—0.46%] —0.37% [—0.47%,—0.27%] 0.028
1920 —0.09% [—0.27%,0.09%] —0.66% [—0.72%,—0.60%] —0.38% [—0.48%,—0.29%] <0.001
1930 0.34% [0.21%,0.45%] —0.78% [—0.85%,—0.7 1%] —0.23% [—0.31%,—0.16%] <0.001
1940 0.99% [0.91%,1.05%] —0.77% [—0.81%,—0.72%] 0.09% [0.04%,0.13%] <0.001
1950 1.01% [0.92%,1.08%] —0.79% [—0.85%,—0.72%] 0.10% [0.04%,0.15%] <0.001
1960 0.17% [0.11%,0.23%] —1.09% [—1.16%,—1.01%] —0.47% [—0.52%,—0.42%] <0.001
1970 —1.54% [—1.61%,—1.46%] —1.88% [—1.95%,—1.79%] —1.71% [—1.76%,—1.66%] <0.001
1980 —3.84% [—4.03%,—3.65%] —2.95% [—3.17%,—2.72%] —3.39% [—3.55%,—3.23%] <0.001
1990 —6.17% [—6.51%,—5.78%] —3.96% [—4.35%,—3.56%] —5.03% [—5.31%,—4.75%] <0.001
1996 —7.09% [—7.48%,—6.64%] —4.40% [—4.87%,—3.94%] —5.71% [—6.03%,—5.38%] <0.001

Shown are the sample median and the interval given by the 5th and 95th percentiles from the posterior sample obtained via Markov Chain Monte
Carlo. The p-value is the mean proportion of more extreme values for men compared to women.

3.3 Sensitivity analyses

Detailed results of each sensitivity analysis are in Supplemental Material Tables G6 to G11. The models in each sensitivity
analysis were less compatible with the data (greater value of DIC) compared to the selected model, except for the marginal
improvement in DIC when women who had quit after the age of 40 years were allowed to switch to reporting-as-never. The
proportion that initiated smoking did not appear sensitive to the source of prior smoking-related mortality HRs, the use of
a nonlinear cohort effect in the quit rate (as opposed to calendar year), nor allowing those who quit after age 40 years to
switch to reporting-as-never. There were small increases in the proportion initiated in the sensitivity analyses where: no
switch to reporting-as-never was allowed; the survey weights were ignored, and; the age at completed initiation was raised
to 25 years.

The sample of the quit rate was most sensitive to the use of a non-linear cohort effect in the model of the quit rate
compared to a calendar year effect (main analysis), resulting in a greater quit rate across all ages and for both men and
women; however this was less compatible with the survey data than the main analysis according to the DIC. The sample of
the quit rate at younger and older ages was also sensitive to raising the age at completed initiation from 20 to 25 years, which
resulted in greater quit rates in the sample. For all the other variations in the models tested, the effects were mostly seen
at older ages, with one exception. The estimated quit rate at younger ages decreased marginally if the switch to reporting-
as-never was not allowed. At older ages, the quit rate increased for both men and women when the prior mortality HR
by smoking status was taken from the CPS-I study. Amongst women, but not men, at older ages, the estimated quit rate
increased marginally if assumptions about the switch to reporting-as-never were varied. The sample of the rate of switching
to reporting-as-never was sensitive to raising the age at completed initiation, increasing marginally for those who had quit
prior to age 30 years. The posterior HR was consistent with the main analysis except for a marginal increase in the HR for
those that formerly smoked when no switch to reporting-as-never was allowed.

4 Discussion

Our Australian smoking behaviour model is the first cohort-specific model of life-course smoking behaviours calibrated
using Bayesian statistics. The discrepancy between the observed and modelled smoking prevalence was < 2.3% over the
whole study period. In recent years, fewer Australians within a birth cohort started daily smoking than at any time over
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Table 4. Model estimate of the growth in the smoking quit rate of Australians by sex, and ten-year increments of calendar year

from 1930 to 2010 and in 2016.

Calendar year Women Men p-value
1930 6.40% [5.47%,7.23%] 5.28% [4.71%,5.96%] 0.092
1940 6.26% [5.37%,7.06%] 5.14% [4.60%,5.79%] 0.079
1950 5.86% [5.08%,6.57%] 4.75% [4.28%,5.32%] 0.048
1960 5.22% [4.61%,5.77%] 4.12% [3.74%,4.54%] 0.012
1970 4.31% [3.93%,4.65%] 3.24% [3.01%,3.48%] < 0.001
1980 3.28% [3.13%,3.44%] 2.22% [2.09%,2.34%] <0.001
1990 2.49% [2.32%,2.63%] 1.43% [1.25%,1.57%] <0.001
2000 1.95% [1.70%,2.19%] 0.90% [0.66%,1.13%] < 0.001
2010 1.66% [1.36%,1.97%] 0.62% [0.34%,0.90%] <0.001
2016 1.61% [1.30%,1.93%] 0.57% [0.29%,0.86%] <0.001

Shown are the sample median and the interval given by the 5th and 95th percentiles of the posterior sample obtained via Markov Chain Monte Carlo.
p-value; the mean proportion of more extreme values for men compared to each value for women.

the past 80 years. This is also the first study to estimate long-term historical trends in smoking cessation rates by age, sex,
birth cohort and calendar year in Australia. The rate that people quit daily smoking increased with every successive birth
cohort, however by 2016, women were quitting at a higher rate than men across all age groups.

We utilised 26 surveys 1962—2016 to identify age-, sex-, and calendar year-specific trends in permanent quit-event rates.
In settings where there are fewer surveys available, the effects may need to be simplified in order to satisfy identifiability
requirements. For example, the calendar year effect may be simplified to a step function at a particular a priori known year
where policy was imposed. The practical identifiability analysis we performed could be a useful blueprint for determining
when simplifications to the model are needed due to sparse or scarce data.

Our model allowed those that had quit smoking to report as having never smoked, which is one of the mechanisms that
may explain increases in the never-smoked proportion observed at early ages within a cohort.® This transition was more
frequent for those who quit smoking before age 30 years than those who quit later in life. We speculate that it would also
be associated with those who had smoked occasionally or at a lower intensity. The inclusion of this pathway decreased
the discrepancy in the proportion of those who quit at younger ages, and was more compatible with the data than a model
without this pathway. Removing this pathway decreased the estimated proportion that initiated smoking and increased the
quit rate at middle or older ages. There is some evidence that this event’s rate is near zero amongst men aged 30—39 years.
Other models may obtain better estimates of the initiation rates and quit rates by including this effect.

We modelled the discrepancy between observed and predicted outcomes in a similar, but not identical, fashion to that
of Kennedy and O’Hagan,?® and we estimated it with a widely available and efficient procedure.** We described bias and
unexplained variance by age and cohort for a more diverse set of outcomes than was used in both the Australian model by
Gartner et al.!” upon which this work was based, and the US CISNET Smoking History Generator (i.e. expected proportions
of; current-smoking vs non-smoking, former-smoking as a proportion of non-smoking, and proportion who quit smoking
before age 30 years).” Our approach may be a useful blueprint for assessing model performance in a manner that mutes the
effects of aleatory uncertainty; in our example this means the uncertainty due to the random selection of a finite number
of survey and study participants.

The estimated discrepancy in the proportion of those who formerly smoked and had quit before age 30 years suggested
the model was biased towards earlier ages at quitting. This could be caused by an over-estimated quit rate, or an insufficient
model of the switch to reporting-as-never. We are not aware of any assessment of this in other smoking behaviour models,
and therefore it is unclear if this bias is considered a significant problem. If it is indeed a problem, then one could, rather
than revising the model and calibrating again, incorporate the estimate of the discrepancy into predictions.*’

We found that 53% of the observed cross-sectional proportion of participants by smoking status (never/current/former
smoking) were contained in the 90% ETIs. This finding could be caused by either an imprecise model of the survey
data, for example our ambivalence to between-survey effects, selection bias that was not alleviated via our use of iterative
proportional fitting, or that the model is lacking some detail or effect. There is visual evidence of between-survey effects
in Figure 2, and these may be driven by one or more of the following; changes in delivery and sequences of questions,
different participation and response rates, or changes in the questionnaire which could cause inconsistent categorisation of
smoking status (see Supplemental Material Appendix A). The under-coverage of the prediction intervals for the surveys
could be addressed with more explicit (or hierarchical) modelling of these factors; we propose this would only marginally
improve accuracy of our statements made about the population.
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We present here a comprehensive outline for a generalisable Bayesian approach to calibrate a model of population-wide
behaviours. We did this by bringing together key elements from several previous introductions and tutorials for Bayesian
calibration.'3"!® The calibration methodology incorporated identifiability analyses, Bayesian evidence synthesis of multiple
data sources, and uncertainty quantification. This provided the following advantages over earlier smoking behaviour model
calibration efforts: (a) we could show that model predictions were measurably improved by allowing those who had quit
smoking long-term to switch to reporting as having never smoked; (b) we quantified uncertainty in trends of smoking
initiation and cessation due to the random sampling in the surveys and trials used to calibrate the model; and (c) we
accounted for competing events exactly as all transitions were calibrated together.

The modelling approach had some structural limitations. (a) We did not consider interactions between calendar year
and age in cessation rates, meaning we could not examine differences in the long-term effects of social norms and tobacco
policy between age groups. (b) Those who quit at younger ages have a lower risk of smoking-related mortality than those
who quit at later ages, however our model did not vary the hazard ratio of mortality by age-at-quit, therefore our estimate
of the quit rate may be underestimated at older ages and overestimated at younger ages. (¢) We did not account for the
effect of migration in and out of the population. Differences in smoking prevalence between immigrants and emigrants,
combined with enough migration, would bias the estimates of the rates and the model predictions.!” (d) Earlier cohorts of
women initiated smoking later? and this could cause underestimation of the quit rate at younger ages in earlier cohorts;
although this bias appeared mild in sensitivity analyses.

5 Conclusions

We have provided a step-by-step approach to Bayesian calibration of a simulation model of smoking behaviour in Aus-
tralia, which can form a blueprint for modelling in other jurisdictions where decision makers need reliable accounting of
uncertainty. Our calibration synthesised multiple data sources including 26 representative smoking surveys, population
mortality data, and a large Australian cohort study, the 45 and Up Study. Using the model we demonstrated that the propor-
tion of a cohort that initiate smoking has declined from earlier peaks, that smoking cessation rates have been increasing,
and that those who quit smoking at earlier ages may have switched to reporting that they have never smoked in surveys.
Furthermore, unlike many models, we provided estimates of the level of uncertainty that policy-makers can consider. This
model can be used to forecast smoking prevalence in the Australian population and assess the potential impact of new or
ongoing interventions in tobacco control.

Acknowledgements

This research was completed using data collected through the 45 and Up Study www.saxinstitute.org.au. The 45 and Up Study is managed
by the Sax Institute in collaboration with major partner Cancer Council NSW; and partners: the Heart Foundation; NSW Ministry of
Health; NSW Department of Communities and Justice; and Australian Red Cross Lifeblood. We thank the many thousands of people
participating in the 45 and Up Study.

Data linkage of 45 and Up Study and NSW Registry of Births Deaths and Marriages performed by the NSW Ministry of Health’s
Centre for Health Record Linkage (CHeReL; www.cherel.org.au).

The authors acknowledge the Australian Data Archive (www.ada.edu.au) for providing the following datasets, and declare that those
who carried out the original analysis and collection of the data bear no responsibility for the further analysis or interpretation of them:

National Drug Strategy Household Survey 1995, 1998, 2001, 2004, 2007, 2010, 2013, and 2016.
Victorian Drug Strategy Household Survey 1995.

National Campaign Against Drug Abuse and Social Issues Survey 1991, and 1993.

Victorian Drug Household Survey 1993.

Social Issues Australia Survey 1985.

Risk Factor Prevalence Study 1980, 1983, and 1989.

Cancer Council Victoria Australian adult smoking survey 1974, 1980, and 1983.

Australian Gallup Polls no. 158, 160, 168, and 193 (1962-1967).

The authors acknowledge Cancer Council Victoria for providing the following data sets:
e Cancer Council Victoria Australian adult smoking survey data 1976, 1986, 1989, 1992, and 1995.

Some of data analysis for this paper was generated using SAS software, Version 9.4 Release M6 of the SAS System for Windows
(x64). Copyright © 2018 SAS Institute Inc. SAS and all other SAS Institute Inc. product or service names are registered trademarks or
trademarks of SAS Institute Inc., Cary, NC, USA.


www.saxinstitute.org.au
www.cherel.org.au
www.ada.edu.au

558 Statistical Methods in Medical Research 34(3)

Declaration of conflicting interests

The authors declared the following potential conflicts of interest with respect to the research, authorship, and/or publication of
this article: K.C. is co-principal investigator of an unrelated investigator-initiated trial of cervical screening in Australia (Compass;
ACTRN12613001207707 and NCT02328872), which is conducted and funded by the VCS Foundation, a government-funded health
promotion charity. She is also an investigator of Compass New Zealand (ACTRN12614000714684), which was conducted and funded
by Diagnostic Medlab (DML), now Auckland District Health Board. The VCS Foundation received equipment and a funding contri-
bution from Roche Molecular Systems and Ventana USA and DML received equipment and a funding contribution for Compass from
Roche Molecular Systems. However, neither K.C. nor her institution on her behalf (Cancer Council New South Wales) receives direct
funding from industry for this trial or any other project. The remaining authors declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Ethical approval

Ethics approval for the 45 and Up Study was provided by the University of New South Wales (UNSW) Human Research Ethics Com-
mittee (reference: HC210602) on 25 July 2005 (with regular extensions granted, most recently from 9 September 2021 to 8 September
2026), approval for this specific analysis was provided by the NSW Population Health Services Research Ethics Committee (reference:
2014/08/551), and approval for data linkage by the CHeReL was provided by the NSW Population and Health Services Research Ethics
Committee.

Informed consent

All participants consented to participate by signing a consent form that accompanied the questionnaire. All procedures were performed
in accordance with the Declaration of Helsinki.

Funding

The authors disclosed receipt of the following financial support for the research, authorship, and/or publication of this article: This work
was developed as part of an independent programme of work examining the health impacts of e-cigarettes funded by the Australian
Government Department of Health; and this work was supported by the National Health and Medical Research Council of Australia
[grant number 1136128 to E.B.; 1198301 to C.G. and T.B.].

ORCID iDs

Stephen Wade (12 https://orcid.org/0000-0002-2573-9683

Peter Sarich (2 https://orcid.org/0000-0001-9596-6825

Pavla Vaneckova (2 https://orcid.org/0000-0001-9213-8733
Silvia Behar-Harpaz (2} https://orcid.org/0000-0003-2287-8220
Preston J Ngo (2} https://orcid.org/0000-0001-5453-0734

Paul B Grogan (2 https://orcid.org/0000-0002-7680-1811
Sonya Cressman (=) https://orcid.org/0000-0003-4769-8082
Coral E Gartner (2 https://orcid.org/0000-0002-6651-8035
John M Murray (2 https://orcid.org/0000-0001-9314-2283
Tony Blakely () https://orcid.org/0000-0002-6995-4369

Emily Banks (2 https://orcid.org/0000-0002-4617-1302

Martin C Tammemagi (|2 https://orcid.org/0000-0002-4989-5058
Karen Canfell (2} https://orcid.org/0000-0002-6443-6618
Marianne F Weber (2 https://orcid.org/0000-0001-5731-9651
Michael Caruana () https://orcid.org/0000-0002-5439-6552

Supplemental material

Supplemental material for this article is available online.

References

1. Thun M, Peto R, Boreham J, et al. Stages of the cigarette epidemic on entering its second century. 70b Control 2012; 21: 96-101.

2. Greenhalgh EM, Scollo MM and Winstanley MH. Tobacco in Australia: facts and issues, 2024. www.TobaccolnAustralia.org.au.

3. Vaneckova P, Wade S, Weber M, et al. Birth-cohort estimates of smoking initiation and prevalence in 20th century Australia:
Synthesis of data from 33 surveys and 385,810 participants. PLoS ONE 2021; 16: 1-17.

4. Australian Institute of Health and Welfare. National drug strategy household survey 2019. Technical report, AIHW, Canberra, 2020.
DOI: 10.25816/e42p-a447.

5. Grogan P and Banks E. Far from ‘mission accomplished’: time to re-energise tobacco control in Australia. Public Health Res Pract
2020; 30: €3032016.


https://orcid.org/0000-0002-2573-9683
https://orcid.org/0000-0001-9596-6825
https://orcid.org/0000-0001-9213-8733
https://orcid.org/0000-0003-2287-8220
https://orcid.org/0000-0001-5453-0734
https://orcid.org/0000-0002-7680-1811
https://orcid.org/0000-0003-4769-8082
https://orcid.org/0000-0002-6651-8035
https://orcid.org/0000-0001-9314-2283
https://orcid.org/0000-0002-6995-4369
https://orcid.org/0000-0002-4617-1302
https://orcid.org/0000-0002-4989-5058
https://orcid.org/0000-0002-6443-6618
https://orcid.org/0000-0001-5731-9651
https://orcid.org/0000-0002-5439-6552
www.TobaccoInAustralia.org.au

Wade et al. 559

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.
21.

22.

23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.

37.

. World Health Organization. WHO report on the global tobacco epidemic 2021: addressing new and emerging products. Technical

report, World Health Organization, Geneva, 2021. https://www.who.int/publications/i/item/9789240032095.

. Holford TR, Levy DT, McKay LA, et al. Patterns of birth cohort-specific smoking histories, 1965-2009. Am J Prev Med 2014; 46:

e31-e37.

. Levy DT, Cummings M and Hyland A. A simulation of the effects of youth initiation policies on overall cigarette use. Am J Public

Health 2000; 90: 1311-1314.

. Blakely T, Cobiac LJ, Cleghorn CL, et al. Health, health inequality, and cost impacts of annual increases in tobacco tax: multistate

life table modeling in New Zealand. PLoS Med 2015; 12: 1-21.

Huang V, Head A, Hyseni L, et al. Identifying best modelling practices for tobacco control policy simulations: a systematic review
and a novel quality assessment framework. Tob Control 2023; 32: 589-598.

Singh A, Wilson N and Blakely T. Simulating future public health benefits of tobacco control interventions: a systematic review of
models. Tob Control 2021; 30: 460-470.

R Core Team. R: A language and environment for statistical computing, 2023. https://www.R-project.org/.

O’Hagan A. Bayesian analysis of computer code outputs: a tutorial. Reliab Eng Syst Saf 2006; 91: 1290-1300.

Jackson CH, Jit M, Sharples LD, et al. Calibration of complex models through Bayesian evidence synthesis: a demonstration and
tutorial. Med Decis Making 2015; 35: 148-161.

Menzies NA, Soeteman DI, Pandya A, et al. Bayesian methods for calibrating health policy models: a tutorial. PharmacoEconomics
2017; 35: 613-624.

Collis J, Connor AJ, Paczkowski M, et al. Bayesian calibration, validation and uncertainty quantification for predictive modelling
of tumour growth: a tutorial. Bull Math Biol 2017; 79: 939-974.

Gartner CE, Barendregt JJ and Hall WD. Predicting the future prevalence of cigarette smoking in Australia: how low can we go and
by when? Tob Control 2009; 18: 183—-189.

Cole DIJ. Parameter redundancy and identifiability. 1st ed. Boca Raton: Chapman and Hall/CRC, 2020. DOI:
10.1201/9781315120003.

Raue A, Kreutz C, Theis FJ, et al. Joining forces of Bayesian and frequentist methodology: a study for inference in the presence of
non-identifiability. Philos Trans R Soc A: Math Phys Eng Sci 2013; 371: 20110544.

Kennedy MC and O’Hagan A. Bayesian calibration of computer models. J R Stat Soc: Ser B Stat Methodol 2001; 63: 425-464.
Australian Institute of Health and Welfare. National drug strategy household survey 2016: detailed findings. Technical report, AITHW,
Canberra, 2017. DOI: 10.25816/5ec5bc1bed176.

McAllister I. The 1985-1993 NDS surveys: measuring patterns of alcohol and tobacco use. In: The national drug strategy: the first
ten years and beyond: proceedings from the eighth national drug and alcohol research centre annual symposium (ed P Dillon),
pp-17-33. University of New South Wales: National Drug and Alcohol Research Centre.

Risk Factor Prevalence Study Management Committee. Risk factor prevalence study. Survey No 3 1989. Canberra: National Heart
Foundation of Australia and Australian Institute of Health, 1990.

Hill DJ, White VM and Scollo MM. Smoking behaviours of Australian adults in 1995: trends and concerns. Med J Aust 1998; 168:
209-213.

Australian Gallup Opinion Polls. Australian gallup polls subscriber reports. Technical report, Australian Public Opinion Polls,
Melbourne, 1962.

Australian Gallup Opinion Polls. Australian gallup polls subscriber reports. Technical report, Australian Public Opinion Polls,
Melbourne, 1963.

Australian Gallup Opinion Polls. Australian gallup polls subscriber reports. Technical report, Australian Public Opinion Polls,
Melbourne, 1964.

Australian Gallup Opinion Polls. Australian gallup polls subscriber reports. Technical report, Australian Public Opinion Polls,
Melbourne, 1968.

Rizzi S, Gampe J and Eilers PHC. Efficient estimation of smooth distributions from coarsely grouped data. Am J Epidemiol 2015;
182: 138-147.

Battaglia MP, Hoaglin DC and Frankel MR. Practical considerations in raking survey data. Surv Pract 2009; 2(5): 1-12.

Deville JC, Siarndal CE and Sautory O. Generalized raking procedures in survey sampling. J Am Stat Assoc 1993; 88: 1013-1020.
Australian Bureau of Statistics. Historical population, 2019. https://www.abs.gov.au/statistics/people/population/historical-popu
lation/2016.

Australian Bureau of Statistics. National, state and territory population, 2020. https://www.abs.gov.au/statistics/people/population/
national-state-and-territory-population/jun-2020.

HMD. Human mortality database, 2020. www.mortality.org.

Bleicher K, Summerhayes R, Baynes S, et al. Cohort profile update: the 45 and up study. /nt J Epidemiol 2022; 52: €92—e101.
Banks E, Joshy G, Weber MF, et al. Tobacco smoking and all-cause mortality in a large Australian cohort study: findings from a
mature epidemic with current low smoking prevalence. BMC Med 2015; 13: 38.

Burns DM, Shanks TG, Choi W, et al. The American cancer society cancer prevention study I: 12-year followup of 1 million men
and women. In: Burns DM, Garfinkel L and Samet JM (eds) Changes in cigarette-related disease risks and their implications for
prevention and control, Tobacco Control Monograph, vol. 8. Bethesda: National Cancer Institute, 1997. pp.113-304.


https://www.who.int/publications/i/item/9789240032095
https://www.R-project.org/
http://dx.doi.org/10.1201/9781315120003
https://www.abs.gov.au/statistics/people/population/historical-population/2016
https://www.abs.gov.au/statistics/people/population/national-state-and-territory-population/jun-2020
www.mortality.org

560 Statistical Methods in Medical Research 34(3)

38. Thun MJ, Carter BD, Feskanich D, et al. 50-year trends in smoking-related mortality in the united states. N Engl J Med 2013; 368:
351-364.

39. Vanni T, Karnon J, Madan J, et al. Calibrating models in economic evaluation. PharmacoEconomics 2011; 29: 35-49.

40. Garrett ES and Zeger SL. Latent class model diagnosis. Biometrics 2000; 56: 1055-1067.

41. Rutter CM, Miglioretti DL and Savarino JE. Bayesian calibration of microsimulation models. J Am Stat Assoc 2009; 104: 1338—1350.

42. Gelman A, Carlin JB, Stern HS, et al. Bayesian data analysis. 3rd ed. New York: Chapman and Hall/CRC, 2013. DOI:
10.1201/b16018.

43. Herd N, Borland R and Hyland A. Predictors of smoking relapse by duration of abstinence: findings from the international tobacco
control (ITC) four country survey. Addiction 2009; 104: 2088-2099.

44. Wood SN. Generalized additive models: an introduction with R. 2nd ed. Boca Raton: Chapman and Hall/CRC, 2017. DOI:
10.1201/9781315370279.

45. Bayarri MJ, Berger JO, Paulo R, et al. A framework for validation of computer models. Technometrics 2007; 49: 138-154.


http://dx.doi.org/10.1201/b16018
http://dx.doi.org/10.1201/9781315370279

	1 Background
	2 Methods
	2.1 Model structure
	2.2 Model parameterisation
	2.3 Data sources
	2.3.1 Smoking status
	2.3.2 Mortality
	2.3.3 Hazard ratios of mortality by smoking status

	2.4 Bayesian calibration
	2.4.1 Parameters to calibrate
	2.4.2 Prior distribution
	2.4.3 Model of smoking survey responses
	2.4.4 Suitable sampling region
	2.4.5 Parameter-value samples
	2.4.6 Model selection

	2.5 Cross-sectional smoking prevalence
	2.6 Trends in life-course of smoking
	2.7 Sensitivity analyses

	3 Results
	3.1 Calibration and model selection
	3.2 Model estimates of trends in smoking behaviour
	3.2.1 Cross-sectional smoking prevalence
	3.2.2 Initiation, cessation, and reporting smoking status

	3.3 Sensitivity analyses

	4 Discussion
	5 Conclusions
	Acknowledgements
	Declaration of conflicting interests
	Ethical approval
	Informed consent
	Funding
	ORCID iDs
	Supplemental material
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


