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Abstract 
Despite the fact that the sale of tobacco to minors is illegal in Ontario, youth 
are still able to purchase tobacco. This study aims to determine the geographic 
variations of underage tobacco sales at the neighborhood level within the 
Windsor-Essex County Health Unit. Data were collected on all inspections of 
tobacco retail stores from 2007 to 2011 in the Windsor-Essex County Health 
Unit. Data were split into season 1 (September-February) and season 2 
(March-August) to assess a possible seasonal effect. Relative risks were calcu-
lated for each dissemination area (DA) by modeling the risks in a hierarchical 
Bayesian fashion, incorporating appropriate random effects terms for both 
spatially correlated and uncorrelated random errors with adjustments for 
neighborhood income. The association between violation rate and proximity 
to a school was assessed through a buffer analysis. Elliptical analysis detected a 
significant cluster of high risk DAs in season 1 in Windsor (p-value = 0.022) 
but no significant cluster in season 2. Some DAs exhibited higher relative risks 
of tobacco sales to minors, however after adjusting the model for neighbor-
hood income no excess risk was observed. The results of the buffer analysis 
showed that in season 1 there was a significantly higher probability (p-value = 
0.045) of tobacco vendors located closer to schools to sell tobacco to minors. 
This analysis demonstrates the utility of a systematic approach to identifying 
neighborhoods with higher risks of tobacco sales to minors. The insights pro-
vided by this exploratory, ecologic study are valuable for program planning 
and directing tobacco enforcement efforts to high risk areas. 
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1. Introduction 

Adolescent tobacco use continues to be a serious problem. Most tobacco users 
become addicted while still under the legal age to purchase tobacco products [1]. 
Decades of research have identified significant individual and social-level pre-
dictors of tobacco use. However, ecological influences have only recently been 
explored. Recent advancements in software programs that use geographic in-
formation systems (GIS) technology have provided the necessary tools for inno-
vative exploratory analyses of ecological influences on tobacco use.  

In January 2012, Ontario’s Action Plan for Health Care, was released as part 
of the government’s Healthy Change Strategy. The Action Plan identifies the 
Smoke Free Ontario (SFO) strategy as a priority for keeping Ontario healthy. A 
key tactic towards one of the goals of the SFO strategy, the prevention of ex-
perimentation and escalation of tobacco use among youth and young adults, are 
Ministry directed tobacco vendor compliance checks. Under this directive, Pub-
lic Health Units in Ontario are mandated to conduct a minimum of two inspec-
tions annually on each tobacco vendor in accordance with the Ministry’s En-
forcement Directives [2]. 

It has been illegal to sell or supply a tobacco product to a person under the age 
of 19 in Ontario (youth access) since 1994. Enforcement of the youth access re-
striction has been ongoing since then, yet communities in Ontario are still seeing 
sales of tobacco to minors. The historical youth access enforcement procedure 
(test shopping—sending an underage youth into a tobacco vendor to attempt the 
purchase of a tobacco product) has been standard operating procedure. There is 
currently no provincial system that distinguishes between tobacco vendors based 
on risk, location, or other factors. Despite the ongoing debate questioning the 
utility and validity of the compliance checks [3] [4], many researchers believe 
that compliance checks remain one of the most effective ways to reduce access to 
tobacco and lower the prevalence of smoking among young people [5] [6]. 

In 2012, the tobacco enforcement team at the Windsor Essex County Health 
Unit (WEHCU) began to look at the process and methodology behind test 
shopping in the community. The annual compliance rate had shown very little 
fluctuation from year to year (around 95.5%) despite new educational interven-
tions aimed to reduce the likelihood of retailers selling tobacco to minors.  

This study was undertaken to identify a relationship between tobacco vendor 
compliance rates and proximity to schools. Anecdotally, it was believed that that 
there was a higher likelihood for tobacco vendors who were situated within 
walking distance of a school to sell to minors. Additionally, there was interest in 
exploring the relationship that vendor compliance had with income levels.  

The goal was to identify “high risk” vendors, which could then be targeted 
through a risk-based strategy. High risk vendor status would be determined by a 
few key factors, if the relationship could be established:  
• proximity to schools—closer to school equals higher risk 
• income levels of geographic area—lower income neighbourhoods equal 
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higher risk 
This use of risk-based categorization strategies is not a new concept in the 

field of public health. The Public Health Food Safety programs in Ontario em-
ploy programs based on the Risk Categorization Model for Food Retail/Food 
Service Establishments [7]. Other studies involving tobacco vendors, have also 
been conducted in other Ontario Public Health Units [8]. These studies have 
also used the concept of risk categories for tobacco vendors that include low, 
moderate, and high risk establishments.  

2. Study Location 

Essex County is located in south western Ontario, Canada. Essex County is 
1850.78 square kilometers in size, with a 2011 population of 388,782. The county 
encompasses various municipalities; Essex, Leamington, Kingsville, Amherts-
burg, Lakeshore, Tecumseh, Pelee, LaSalle, and the largest Windsor, which had a 
population of 210,891 in 2011 (Figure 1). 73% of the population, reports a 
European ethnic background, 28% reports a North American background (e.g., 

 

 
Figure 1. Essex County and the Municipalities. 
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Canadian, Québécois), 13% reports an Asian background (this includes Middle 
Eastern, West-Central, South, East, and Southeast Asian), 4% reports a North 
American Aboriginal background, and 2% of people report an African back-
ground (a person may report more than one ethnic origin) [9]. Fifteen percent 
of individuals within Essex County report that they are a visible minority. 

3. Methodology 
3.1. Data Source 

The WECHU has collected data on unannounced inspections of all outlets in 
Essex County from 2007-2011. The data include details on name of retailer, date 
of inspection, and a full address of the retailor. However, no information on 
gender, age and, ethnicity of either the tobacco vendor or the decoys was col-
lected during the inspections. The address of Essex County secondary schools 
were also used to identify the proximity of sales to school locations. These data 
were collected from the School Health department at WECHU. There were no 
missing addresses in both the school and tobacco vendors’ data sets and all the 
addresses were successfully geocoded. 

The geographic boundary files used for the analysis in this project are shape 
files of 2006 Canada census dissemination areas [10] [11]. A dissemination area 
(DA) is the smallest standard geographic area for which all census data are dis-
seminated and is composed of one or more neighboring dissemination blocks, 
with a population of 400 to 700 persons. These boundary files were obtained 
from the Statistics Canada and were used within the Rapid Inquiry Facility (RIF) 
Version 3.2 [12] to characterize and visualize the areas of interest. Statistics 
Canada classifies Canadian geography using two systems; the Standard Geo-
graphic Classification (SGC) and the Statistical Area Classification (SAC) [13]. 
The SGC is a hierarchical classification that breaks down provinces and territo-
ries into census divisions (CDs), CDs into census subdivisions (CSDs), and 
CSDs into DAs. The SAC is also used for data dissemination purposes and 
breaks down urbanized areas of Canada into census metropolitan areas (CMAs), 
census agglomeration areas (CAs), census tracts (CTs) and DAs. 

Average household income data from the 2006 Canadian Census was used for 
covariate adjustment. Income per person equivalent (IPPE) is a household size- 
adjusted measure of household income at the census DA level. The DA average 
IPPE was used to rank all DAs nationally and within the local census metropoli-
tan area (CMA), the population was then divided into approximate fifths to cre-
ate community-specific income quintiles (QAIPPE) based on IPPE. Throughout 
the study we label the QAIPPE as the socio-economic status (SES). The majority 
of DAs with low SES (QAIPPE = 1, 2) were located in Windsor and Leamington. 

3.2. Data Processing 

Entries with street address, city, and zip code in the database provided by to-
bacco department and school health team were geocoded using ArcGIS Desktop 
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version 10.0 [14]. Geocoding is the process of finding associated geographic co-
ordinates (latitude and longitude) of a place using other geographic data, such as 
street addresses or postal codes. Numbers of inspections as well as violations 
were counted per DA. 

The Rapid Inquiry Facility (RIF) Version 3.2, developed by the Small Area 
Health Statistics Unit at Imperial College London, a novel extension to ArcGIS 
Desktop, was used to estimate the smoothed RRs using BYM model. This pack-
age is designed for disease mapping and for risk analysis related to environ-
mental hazards and it has been programmed to be database independent. All the 
geographical boundaries are defined during the creation of the RIF database, which 
can be in either Microsoft Access or Oracle. Moreover, the RIF Version 3.2 inter-
faces with WinBUGS [15] and INLA to provide smoothed estimates of Bayesian 
hierarchical modeling [16] [17] using MCMC and INLA algorithm. Moreover, RIF 
interfaces with SaTScan to identify and detect clusters. In our analysis, we used the 
RIF interface with INLA and SaTScan to estimate smoothed RRs using BYM 
model and detect significant clusters in Essex County (Figure 2).  

 

 
Figure 2. Essex County neighborhood income at the DA level. 
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3.3. Estimation of Small Area Relative Risk 

The population data was the total number of inspections during 2007-2011 in 
Essex County and the number of violations ( iy ) per DA was assumed to follow 
Poisson distribution with mean 

, 1, 2, ,i i i i nEµ θ ==                       (1) 

where iE  is the expected cases in ith DA obtained by indirect standardization, 
and iθ  is the ith DA relative risk (RR) of underage tobacco sale. The Essex 
County as a whole was considered as the comparison area to calculate RRs and 
since no information on vendors’ sex and age was collected, the rates were not 
sex and age adjusted. The maximum likelihood estimate of iθ  known as the 
Standardized Incidence Ratio (SIR) is î i iy Eθ = . However, in small populations 
with small numbers of expected and observed counts, the SIR estimates will be 
unstable and unreliable. To overcome this problem, a spatial random effect 
model was specified. 

The most commonly used model which takes into account both extra Poisson 
variability and spatial correlation is the Besag-York-Mollié (BYM) [18] model 
which is defined as follows 

( )
( ) ( )

log

or log log
i i i

i i i i

u v

E u v

θ α

µ α

= + +

= + + +
                 (2) 

This model uses Poisson’s generalized linear mixed model with two random 
effects, one spatially structured ( iv ) and one unstructured ( iu ), to estimate the 
RRs. The smoothed RR estimates will be obtained in a fully Bayesian modeling 
with the following specifications: 

A flat prior distribution is assigned to the intercept; 1α ∝ , a normal distribu-
tion for the unstructured random effect: ( )20,i uu N σ∼ , an intrinsic conditional 
autoregressive (CAR) model for the spatially structured random effect which uses 
a neighborhood structure based on adjacency: ( )2

~| ~ ,i i j i v ij iv N v n nσ− ∑v , 
where ( )1 1 1, , , , ,i i i nv v v v− − +=v    and ~j i  indicates adjacency of area i and j. 
It should be noted that where additional fixed covariates (e.g. neighbourhood in-
come quintiles) are included in the model; these are subsumed in the E[i] term. 

Finally, prior distributions were assigned to the hyper-parameters: 2 2,u vσ σ ∼

( )Gamma 0.5,0.0005 . 
The smoothed RR estimate for each area was calculated as the mean of the 

posterior distribution for each area, along with the posterior probability of each 
area having above average risk (i.e., RR > 1). The posterior distribution was ob-
tained using the Integrated Nested Laplace Algorithm (INLA) [19].  

Markov chain Monte Carlo (MCMC) algorithm is the standard and most 
commonly used technique for making inference in hierarchical Bayesian models, 
which sometimes requires hours to do the computation due to highly correlated 
samples. The main advantage of INLA over MCMC is that it is much faster in 
computation [20]. Cluster analysis was also performed using the package 
SaTScan v9.1.1 [21] to corroborate the results from the BYM model.  

https://doi.org/10.4236/ojs.2017.76064


S. Fallahpour et al. 
 

 

DOI: 10.4236/ojs.2017.76064 926 Open Journal of Statistics 
 

Based on consolations with tobacco department experts, the data was split 
into two separate time intervals to include a seasonal effect on underage youth 
tobacco sale RRs. Season 1 contained inspections conducted between the begin-
ning of September and the end of February and Season 2 from the beginning of 
March to the end of August. All analyses were done separately for each season to 
see if a seasonal pattern in RRs and clusters existed. Furthermore, to examine the 
effect of school contiguity to vendors’ violations, a 1.5 km buffer was created 
around each school and the rate of violation within and outside the buffer was 
assessed separately for each season. 

4. Findings 
4.1. Descriptive Results 

As previously mentioned, separate analysis was done per season. In total 1755 
inspections were done in season 1 and 1850 inspections were done in season 2, 
out of which 85 and 78 violations were detected respectively. The number of in-
spections and violations per municipality are presented in Table 1.  

As expected most cases occurred in Windsor, the most populous city in the 
Essex County. We excluded Pelee from the analysis as no violations occurred 
there from 2007 to 2011. 

Maps of DAs with the lowest and second lowest SES along with the violation 
locations are shown in Figure 3 and Figure 4. The majority of these DAs were 
located in Windsor and Leamington. Through visualization alone, it appeared 
that the poorer neighborhoods hosted most of the violations. In fact, 63% of the 
violations in season 1 (54 out of 85) and 96% of the violations in season 2 (74 out 
of 77) occurred in DAs in the lowest and second lowest income quintile.  

4.2. Elliptical Analysis 

As an initial step the raw SIRs (with no smoothing effect) per DA were calculated  
 

Table 1. Number of inspections and violations in both seasons in different municipalities. 

Municipality 
Num. of inspections  

Season 1 
Num. of violations 

Season 1 
Num. of inspections 

Season 2 
Num. of violations 

Season 2 

Pelee 0 0 8 0 

Leamington 131 9 190 17 

Kingsville 99 2 64 2 

Essex 92 1 93 1 

Amherstburg 72 1 60 1 

LaSalle 124 4 85 5 

Windsor 957 55 1109 49 

Tecumseh 138 4 107 2 

Lakeshore 142 9 134 1 

Total 1755 85 1850 78 
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Figure 3. DAs with lowest and second lowest income quintile (shaded areas) and violations in season 1. 

 

 

Figure 4. DAs with lowest and second lowest income quintile (shaded areas) and violations in season 2. 
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and elliptical analysis was utilized to see whether or not there was a significant 
cluster in both seasons, i.e., to detect areas of significantly high or low rates of 
violation and to test whether violations were randomly distributed over the re-
gion. Essex County is divided into 654 DAs of which some have no records of 
inspection as there was no tobacco vender in that DA. 

At the significance level of 0.05, based on calculated SIRs, no significant clus-
ter was detected in Essex County in season 1, whereas in season 2, one signifi-
cant cluster with a p-value of 0.022 was detected in Windsor. The magnitude and 
direction of the cluster is displayed in Figure 5. A visual inspection of the cluster 
suggests a tendency for violations to occur in the central Windsor (area indi-
cated). This area ranges from South Windsor to downtown, with more violations 
focused in the downtown area. 

4.3. Bayesian Modelling 

For the next step, the smoothed RR of underage tobacco sales using a BYM 
model in two seasons for all DAs were calculated. The posterior probability (pp) 
of an excess risk (Pr [RR > 1 | data]) associated with the smoothed RR was also 
calculated. A relative risk of 1 represents the average risk of the Essex County as 
the comparison population and DAs with RR > 1 and posterior probability ≥ 
0.80 are DAs where we are at least 80% confident of an excess relative risk. 

In season 1, the RRs ranged from RR = 0 to RR = 1.55. Higher risk was associ-
ated with 53 DAs in the county (31 DAs with pp = 0.80 - 0.89; five DAs with pp 
= 0.90 - 0.94; and 17 DAs with pp > 0.95) with Windsor accounting for the ma- 

 

 
Figure 5. DAs identified as a potential cluster (shaded areas) in season 2 along with vio-
lation locations within the cluster. 
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jority (more than 65% of high risk DAs) followed by Leamington with 19%. 
Out of the 53 DAs identified as having an increased risk of underage tobacco 

sales in Season 1, 42 were in the lowest or second lowest income quintiles, 5 were 
in the middle and upper middle quintile and 6 were in the highest income quin-
tile. After adjusting for SES no excess risk was observed in DAs. The variability 
in these RR estimates seems to be explained by SES, suggesting that this variable 
has important explanatory value in interpreting RR of underage tobacco sale at 
this geographical level. Results are shown cartographically in Figure 6 and Fig-
ure 7. The dotted areas in these figures are DAs with no tobacco vendors; there-
fore, no inspection data was available. 

In Season 2, the RRs ranged from RR = 0 to RR = 1.75. Higher risk was asso-
ciated with 41 DAs in the County (10 DAs with pp = 0.80 - 0.89; 16 DAs with pp 
= 0.90 - 0.94; and 15 DAs with pp > 0.95) with Windsor accounting for the ma-
jority of high risk DAs (more than 73% of DAs with exceedance probabilities ≥ 
0.80), followed by Leamington with 16%. 

Out of the 41 DAs identified as having an increased risk of underage tobacco 
sales in season 2, 30 were in the lowest and second lowest income quintiles, 7 
were in the middle and upper middle quintiles and were in the highest income 
quintile. As with season 1, after adjusting for SES no excess risk was observed in 
DAs in this season as well (see Figure 8 and Figure 9). High risk DAs in Win-
dsor in season 2 were mainly located in the central Windsor area. The elliptical 
SaTScan analysis corroborated this finding with detection of a statistically sig- 

 

 
Figure 6. Relative Risk of Tobacco violation incidence 2007-2011, Essex County, full 
Bayesian smoothing, by 2006 DA—Season 1. 
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Figure 7. Relative Risk of Tobacco violation incidence 2007-2011, Essex County, full Bayesian smoothing and adjusted for average 
household income quintiles, by 2006 DA—Season 1. 
 

 
Figure 8. Relative Risk of Tobacco violation incidence 2007-2011, Essex County, full Bayesian smoothing, by 2006 DA—Season 2. 
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Figure 9. Relative Risk of Tobacco violation incidence 2007-2011, Essex County, full 
Bayesian smoothing and adjusted for average household income quintiles, by 2006 
DA—Season 2. 

 
nificant cluster of 19 contiguous DAs. 

4.4. Buffer Analysis 

Based on our findings that the majority of high risk DAs in both seasons were 
located in Windsor and Leamington, we further assessed the association between 
violations and proximity to the nearest school in these two municipalities, with 
the following mutually exclusive buffer categories: 1) within 1.5 km of a school 
and 2) more than 1.5 km from a school. Equality of the proportion of violations 
within and beyond 1.5 km of school property for each season was tested using a 
chi-square test of homogeneity. 

The rate for each buffer zone (<1.5 km and >1.5 km from schools property) 
was defined as the number of violations divided by the total number of inspec-
tions. For example the rate of violation within 1.5 km of schools is the number of 
violations that occurred within 1.5 km of a school divided by the total inspec-
tions made within that buffer. The same definition was applied for calculating 
the rate of violation for the >1.5 km buffer.  

A chi-square test of homogeneity for equality of rates for both seasons was 
performed. In season 1 the p-value was 0.045 which indicates that the two pro-
portions are significantly different at the significance level of 0.05. As shown in 
Table 2, there was a higher rate of violation in sellers less than 1.5 km from the 
nearest school. However, in season 2, the difference in rates was not significant  
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Table 2. Rate of violation two buffer zones in both seasons. 

 
Rate of violation in <1.5 km  

of schools property 
Rate of violation in >1.5 km  

of schools property 
p-value 

Season 1 0.065 0.023 0.045* 

Season 2 0.048 0.059 0.602 

*Significant at 0.05. 
 

(p-value = 0.60). 

5. Discussion 

This analysis identified a few key factors that should help better implement to-
bacco test shopping programs. In season 1 (during the school year), there was a 
significantly higher probability for tobacco vendors located within 1.5 km of a 
school to make an illegal sale of tobacco to a minor (in comparison to those lo-
cated further from a school). The same probability however, did not occur in 
season 2 (during the summer). In addition, vendors in areas with lower SES lev-
els were more likely to sell tobacco to minors. The combination of these findings 
can be used to refine test shopping strategies to help target high risk vendors.  

5.1. Creating a Targeted Strategy 

Previous research has shown that the primary source of cigarettes for youth is 
other youth who purchase cigarettes and that disrupting the purchasing of ciga-
rettes by youth results in a decline in smoking among youth [22]. Historically, 
most public health units have approached the SFO program through a regional 
perspective, which may have saved on time and costs, but does not include a 
strategy for increasing compliance rates by targeting high risk areas. By creating 
a list of high risk vendors (determined by their proximity to schools and income 
areas) and increasing or only test shopping these vendors in season 1 it may be 
possible to engage in a targeted strategy to uncover chronic violations. The pro-
spective end result is positive behaviour change by tobacco vendors as a result of 
increased consequences and greater educational intervention, which has been 
shown to help reduce the number of tobacco sales to youth [23]. This will hope-
fully result in lower smoking rates among youth, as studies have shown that vio-
lation rates among retailers are significantly associated with smoking rates 
among youth [24].  

While our findings found that vendors located closer to schools had higher 
violation rates, previous research has found that tobacco vendors proximity to 
school was not associated with higher smoking prevalence while the density of 
vendors was associated [25]. Further research may want to include an assess-
ment of the density of retailers to further refine high risk areas. Most other ge-
ography based analysis of tobacco sales to minors did not include a measure of 
income level. Our finding however, of increased violations in areas of lower SES 
is consistent with previous findings that Canadian youth from lower SES levels 
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are more likely to take up smoking [26]. 

5.2. Limitations of the Study 

This analysis did not stratify by the type of vendor (e.g. convenience store, gas 
station, etc.). Previous studies have found differences in the likelihood of selling 
tobacco products to minors by the type of vendor [27] [28]. This study also did 
not account for the demographics of the vendors or shoppers, while previous 
work has found that this may impact the likelihood of sales to minors [28]. 

6. Conclusion 

Overall, the results of this study provide valuable insights and directions into 
multiple areas of the SFO strategy for more effective local implementations. As 
youth anti-smoking efforts work in an environment of limited resources and in-
creasing demand, it is important to better plan the deployment of resources into 
the community areas that are in greatest need. If public health units are success-
ful at directing their enforcement focus to high risk and higher offence rate 
vendors they will be better able to isolate areas in need of prevention and cessa-
tion programming.  
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