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Behavioural risk factor prevalence was estimated using the Besag, York and Mollié (BYM)
model [1] to account for the spatial correlation in risk factor prevalence between adjacent areas.
For this study, individual (i.e. “unit-level”) survey responses were the level of modeling, but
micro area prevalence estimates of current smoking and excess bodyweight were of interest for
mapping and analysis. Unit-level data were responses to the Canadian Community Health
Survey (CCHS) and micro area data were from the 2006 Census Dissemination Areas (DAS) [2].
The equations used to model prevalence estimates are detailed in this section. Modeling was
done separately for males and females.

Model Specification

An individual’s response to a dichotomized risk factor question from the CCHS survey was
assumed to be associated with individual and micro area level factors. The following equations
define the multi-level prevalence model in a full Bayesian approach. The first level of the

Bayesian model is shown in equation 1:
Yijk ~ Bernoulli (p;ji) 1)

Here, y; ;x is the self-reported individual response to a relevant risk factor question as a binary
outcome variable (1=yes; 0=no) and p; j is the probability of an individual having the risk factor
based upon an individual’s age group i (i=1-8) and survey cycle j (j=1-5), and residence in micro
area k (k=1-1,111). The number of micro areas (k) varied by sex and by risk factor depending on
data suppression. For example, 1,026 micro areas had complete covariate data for the male

current smoking model that included income (model 2).

In the next level, the logit of the binary outcome is predicted by individual and micro area level

covariates in the form of the BY M model:



log (1 pi}; > = logit(pijx) = a+Bi+vj + 6x + w + vy (2)
— Dijk

where, p; j is the probability of the binary outcome for an individual of age group i, survey cycle
j and residing in micro area k; the natural log is the link function; « is the individual-level
intercept and includes the referent groups; g; is a vector of coefficients for age group i; y; is a
vector of coefficients for survey cycle j; § is the coefficient for micro area income in vector x;;
and, u;, and vy, are the micro area level random effect terms. The BY M model random effects

(uy and vy, specified below) account for micro area level variation in the outcomes not

explained by the covariates.

The individual level variables were categorical and median micro area household income was
continuous. To simplify equation 2, categorical covariates are represented as a single variable,
but the full equation contained variables for each category (excluding the referent group). The
age groups were 12-19, 20-29, 30-39, 40-49, 50-59, 60-69, 70-79, 80 and older with the 50-59
year old age group (i=5) as the referent group. Similarly, the CCHS survey cycle categories were
cycles 1.1, 2.1, 3.1, 2007-2008, and 2009-2010 with cycle 1.1 (j=1) as the referent group. Micro

area median household income (x;) was mean-centered.
In Bayesian inference, specification of the prior distributions is required to commence
modeling. Uniform priors were specified for the random effects, as per equations 3 and 4:
Upe | Ui~ N(Z U /Ny T3) (3)
lepy
v~ N(0,72) 4)

where u;, (k=1,...,1,026) models the micro area level spatially correlated random effect for micro

area k having I neighbours, a set of immediately adjacent neighbours ¢, , n;, number of
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neighbours for micro area k, and variance t2, with u, constrained to sum to zero. This
specification is based on the conditional autoregressive (CAR) approach, which pools
information from immediately adjacent micro areas, and thus has a smoothing effect, and is
robust [3]. The uncorrelated random effect, v,, was specified as Normally distributed with a
standardized mean of zero and variance 7. This unstructured random effect allows each micro
area to vary independently of its adjacent neighbours. The variances (z2, t) were specified in

another level of the model with uniform distributions having a range between 0 and 100.

The model parameters were derived from three chains of Markov chain Monte Carlo
(MCMC) simulations. The first 500,000 simulations in each chain were discarded (burn-in) and
the next 50,000 samples were kept. Every 10th sample was saved to estimate the model
parameters, for a total of 5,000 saved iterations. Chain convergence was assessed using
traceplots, autocorrelation plots, and the Gelman-Rubin statistic [4].

Model Prediction

To derive a neighbourhood-based population-scaled risk factor prevalence estimate, the
individual-level modeled probabilities for the 8 age groups (f;), 5 survey cycles (y;), median
micro area household income (x;) and random effects (u;, v, ) were obtained for all possible
combinations (total combinations = 8 age groups x 5 cycles = 40). These individual-level
probabilities were obtained for each MCMC sample in each DA in the study area using the

following equation:

mn _ exp@™ 4 By A 8™ 4+ u™ + v

UK T 1 4+ exp(a™ + B+ yM 4 ST 4+ ultt + v
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where p;7' is the predicted risk factor probability in an individual of age group i, survey cycle j

residing in micro area k for each MCMC chain m and sample n. The variables are otherwise as
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defined in equation 2. These probability estimates for each saved MCMC chain and sample were
then scaled by CCHS survey cycle and Census populations for a multi-level prediction model via
the application of post-stratification methods [5], which are described below. Any micro areas
that were not part of the CCHS sampling frame (i.e. Aboriginal Reserves), had missing risk
factor data, or had suppressed census data were excluded (N=1,111-1,026=85 micro areas for

current smoking in model 2 for males).

The five CCHS cycles were scaled equally at 1/5 or 0.20. Age group scales were the
proportion of the neighbourhood population within each age category based on the 2006 Census
population. For example, if 10% of the population was in the 40-49 year old age group for a
given micro area, a scale of 0.10 was used. The cycle and age group scales were applied across
each combination of individual-level probability estimate (40) within each micro area (1,026),
MCMC chain (3) and sample (5,000), summed and then divided by the micro area population to
derive micro area prevalence estimates for each MCMC chain and sample using the following
equation:

1
ZiZj(piT?I? X Popy, X g) (6)
Popy,

mn __
prevy’ =

where prev;"™ is a micro area level MCMC sample risk factor prevalence. Subscripts and
superscripts i, j, k, m, n represent age group, survey cycle, micro area (DA) and MCMC chain

and sample, respectively. Pop;; is the population within age group i in micro area k, Pop, is the
total population in micro area k, and % is the survey cycle. Together, these factors scale the

prevalence estimates to a) reflect that individuals from various age groups do not have equal
probability of being sampled in the survey and b) treat each survey cycle equally since they are

independent samples.



Finally, the posterior mean of each of these micro area level risk factor prevalence MCMC

sample estimates was calculated to obtain the population- and cycle-scaled estimate:

mn
Zmn prevy

prevy = o
Ny

(7)

where prev, is the micro area level posterior mean estimate of the risk factor prevalence, the
subscripts and superscripts are defined as before: prev;*"is from equation 6 and N;*" is the total
number of MCMC samples by micro area (15,000). Each estimate (prevy,) is the smoothed,
predicted micro area prevalence of a risk factor based upon individual response variables in the
CCHS, median micro area household income, and the spatially correlated and uncorrelated

random effects, scaled by survey cycle and population.

The Bayesian approach can be influenced by the user-specified priors when there is
insufficient data to inform the posterior distribution. To verify that the results were not sensitive
to the choice of priors, the models were re-run using priors based on the Gamma distribution
(shape=0.5, rate=0.005). Comparing the results from different prior specifications, the micro area
posterior estimates had low root mean square deviations (all <0.07). Additionally, sample plots
for model 2 demonstrate that the micro area prevalence estimates were similar for each prior, as

shown in the Figure.



Figure: Density Plots of Risk Factor Posterior Estimates for Gamma vs. Uniform
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