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Abstract

Introduction: In the United States, tens of thousands of inspections of tobacco retailers are con-
ducted each year. Various sampling choices can reduce travel costs, emphasize enforcement in 
areas with greater noncompliance, and allow for comparability between states and over time. We 
sought to develop a model sampling strategy for state tobacco retailer inspections.
Methods: Using a 2014 list of 10,161 North Carolina tobacco retailers, we compared results from 
simple random sampling; stratified, clustered at the ZIP code sampling; and, stratified, clustered 
at the census tract sampling. We conducted a simulation of repeated sampling and compared 
approaches for their comparative level of precision, coverage, and retailer dispersion.
Results: While maintaining an adequate design effect and statistical precision appropriate for a 
public health enforcement program, both stratified, clustered ZIP- and tract-based approaches 
were feasible. Both ZIP and tract strategies yielded improvements over simple random sampling, 
with relative improvements, respectively, of average distance between retailers (reduced 5.0% and 
1.9%), percent Black residents in sampled neighborhoods (increased 17.2% and 32.6%), percent 
Hispanic residents in sampled neighborhoods (reduced 2.2% and increased 18.3%), percentage of 
sampled retailers located near schools (increased 61.3% and 37.5%), and poverty rate in sampled 
neighborhoods (increased 14.0% and 38.2%).
Conclusions: States can make retailer inspections more efficient and targeted with stratified, clus-
tered sampling. Use of statistically appropriate sampling strategies like these should be consid-
ered by states, researchers, and the Food and Drug Administration to improve program impact and 
allow for comparisons over time and across states.
Implications: The authors present a model tobacco retailer sampling strategy for promoting com-
pliance and reducing costs that could be used by US states and the Food and Drug Administration 
(FDA). The design is feasible to implement in North Carolina. Use of the sampling design would 
help document the impact of FDA’s compliance and enforcement program, save money, and 
emphasize inspections in areas where they are needed most. FDA should consider requiring prob-
ability-based sampling in their inspections contracts with states and private contractors.
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Introduction

Since 2010, Food and Drug Administration (FDA) contractors have 
conducted over 660,000 compliance checks at retailers that sell 
tobacco products to enforce tobacco sales and marketing regula-
tions.1 These compliance inspections, authorized under the Family 
Smoking Prevention and Tobacco Control Act of 2009 (FSPTCA),2 
are designed to reduce underage purchase of tobacco products and 
enforce advertising/labeling provisions such as restrictions on self-
service for tobacco products and bans on the sale of single cigarettes. 
The FDA contracts with states, territories, and some private organi-
zations to enumerate tobacco retailers and develop a sampling strat-
egy for inspections.3 FDA advises that sampling strategies should 
take into consideration areas where youth smoking rates are higher, 
youth access is greater, if the retailer is near a school, and “regions 
with lower socioeconomic populations (historically associated with 
market targeting)” (p. 15).3 Additionally, the FDA requires states to 
ensure inspection coverage in racial/ethnic minority communities.3

There is no requirement for states to use probability-based 
sampling strategies for FDA inspections, but FDA has the power 
to approve sampling plans.3 Previous recommendations regarding 
tobacco retailer inspections have not discussed sampling and have 
noted a wide variation in state approaches to implementing youth 
access programs.4–6 Visiting tobacco retailers can be expensive. Law 
enforcement, youth staff, and travel routes must be efficiently coor-
dinated because public health budgets are limited. However, even 
among researchers, the sampling of tobacco retailers does not typ-
ically consider cost-saving efficiencies from clustered sampling. 
A 2014 systematic review found that while a substantial proportion 
of research-related audits of tobacco marketing at tobacco retail-
ers used random sampling (ie, 45% of those reporting a sampling 
strategy) or conducted censuses (41%), fewer than 10% mentioned 
strategies for stratified or cluster sampling.7

Sampling strategies can be used to maximize scarce enforcement 
resources by oversampling areas where noncompliance is highest. 
The distribution of both underage sales and advertising/labeling 
violations are not random.8,9 In national FDA data from 2015, like-
lihood of sale to a minor is positively associated with neighbor-
hood lower socioeconomic status; greater segregation of American 
Indian, African American, and Hispanic residents; and, the propor-
tion of American Indian, African American, and Hispanic residents.9 
Smaller studies confirm these disparities, showing more noncompli-
ance in areas with greater population density,10 areas with greater 
Hispanic population,11 areas with greater African American popula-
tion,12,13 and areas with greater foreign-born population.10 Similarly, 
single cigarette sales, another FSPTCA violation, are not distrib-
uted evenly across neighborhoods, with greater presence of single 
cigarettes in neighborhoods with a higher proportion of African 
American residents.14,15

We aimed to examine three sampling strategies (simple random 
sampling; stratified, clustered sampling at the ZIP code; and strati-
fied, clustered sampling at the census tract) designed to (1) improve 
inspection program impact by emphasizing inspections in areas with 
greater noncompliance, (2) create cost savings, and (3) generate data 
for public health surveillance. We hope these could provide a model 
for states’ proposed strategies to FDA. We compare sampling strate-
gies by the neighborhood poverty of selected retailers, the racial/eth-
nic neighborhood characteristics of sampled retailers, proportion of 
retailers near schools, average distance between all sampled retailers 
(a proxy for travel costs), average distance to the nearest neighbor (a 
proxy for travel costs), design effect (ie, how much less statistically 

efficient the sampling strategy is than simple random sampling), and 
expected margin of error of the violation rate (ie, the range around 
the sample estimate that the true population estimate is likely to fall 
if all sites were inspected).

Methods

We used a list of likely tobacco retailers in NC in 2014. As NC does 
not have tobacco retailer licensing, the list was constructed using 
methods previously validated in NC.16 Briefly, we identified and 
deduplicated likely tobacco retailers from ReferenceUSA business 
listing service and alcohol sales licenses for off-premise consumption. 
We geocoded stores to a latitude and longitude using Texas A&M 
University’s Geocoding service (http://geoservices.tamu.edu/Services/
Geocode). An earlier version of this service was validated with ground 
truthing and reported a >99% match rate.17 Past research from NC 
has shown use of ReferenceUSA store lists results in >90% of tobacco 
retailers being geocoded to the correct census tract.16 After list clean-
ing and geocoding, this resulted in 10,161 likely tobacco retailers. We 
calculated a 305 m (1,000 foot) buffer around the school points in NC 
State Plane Projection, using data from the North Carolina OneMap 
GeoSpatial Portal to identify stores near schools.18,19 This distance has 
been suggested in US policy debates about restrictions on tobacco 
retailing.20,21 This approach identified 806 retailers as being near 
schools. Using Census Bureau American Community Survey, 5-Year 
Estimates, 2008–2012, we calculated ZIP code and census tract 
Black racial composition (% of residents identifying as Black/African 
American alone or in combination with other races), Latino/Hispanic 
ethnic composition (% of residents identifying as Latino/Hispanic of 
any race), and poverty (% of residents living below the poverty line). 
We defined high-poverty areas as those above the 75th percentile of 
percent of residents living below the poverty line (ie, above 24.20% 
in ZIPs, 27.16% in tracts). Maps of poverty strata for a given sample 
are available online in Supplementary File 1. Phi coefficients between 
retailers being near schools and high poverty designation were weak 
for ZIP codes, 0.02, p = .13, and tracts, 0.03, p = .01.

Based on FDA requirements to conduct compliance checks for at 
least 20% of retailers,3 we wished to achieve a final sample of 20% 
of the frame (2,032 retailers). To allow for retailers who were out 
of business, closed, or impossible to find, we adjusted our sample 
size to 2,184 given an anticipated eligibility rate of 93.1%, which 
was based on the 2016 NC Synar data.22 Design 1 was a simple ran-
dom sample where we selected the sample of 2,184 retailers from the 
frame, giving each retailer equal probability of selection.

To better achieve FDAs goals of oversampling in low income 
areas and retailers near schools, Designs 2 and 3 were stratified, 
cluster designs, also known more formally as stratified probability 
proportional to size cluster sampling with oversampling of high pov-
erty neighborhoods. Cluster designs also have the benefit of reducing 
travel distances between sampled retailers as two stages are used 
in the sampling. Retailers selected in the second stage are selected 
only within areas selected in the first stage. Thus, selected retailers 
are located in more limited areas, which can reduce travel costs. 
Stratified designs allow retailers or areas to be classified in a cat-
egory (ie, a stratum), such as high or low poverty. Sampling can then 
disproportionately select from one stratum over another. In this way, 
for example, one can oversample retailers in high-poverty areas giv-
ing them a greater probability of selection than those in low-poverty 
areas. Sampling weights are applied to adjust estimates of the state’s 
violation rate for the sampling strategy used.

http://geoservices.tamu.edu/Services/Geocode
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NC has 808 5-digit ZIP code tabulation areas, and 685 ZIP codes 
had a tobacco retailer present (tobacco retailers per ZIP code: mean 
= 33.3, SD = 21.1). In Design 2, clusters were defined as ZIP codes. 
That is, ZIP codes served as the primary sampling units (PSUs), 
which are selected in the first stage of a cluster design. First, ZIP 
codes were stratified based on their poverty rate into high-poverty 
and low-poverty areas, classifying the 25% of ZIP codes with the 
highest poverty rates as high poverty and the remaining ZIP codes as 
low poverty. Second, 250 ZIP codes were selected (172 from high-
poverty areas and 78 from low-poverty areas) using a probability 
proportionate to size with minimal replacement23 method that selects 
PSUs proportional to their size (in this case, the count of retailers 
in the ZIP code). This stratification and allocation approach maxi-
mized the percent of sampled retailers in high-poverty areas while 
controlling the statistical efficiency of the sample. In the second stage 
of sampling, within selected PSUs, retailers were selected based on a 
stratified simple random sample, with a target sample of nine retail-
ers selected within each PSU and with retailers near schools sampled 
at a rate three times greater than retailers not near schools.

NC has 2,184 census tracts of which 1,861 had a tobacco retailer 
present (tobacco retailers per census tract: mean = 8.57, SD = 5.04). 
Design 3 was identical to Design 2, except that PSUs were census 
tracts, and 350 tracts were selected (238 from high-poverty areas 
and 112 from low-poverty areas), with a target sample size of seven 
retailers per cluster. The stratification and allocation approach was 
similarly designed to maximize the percent of sampled retailers 
in high-poverty areas while controlling statistical precision in the 
resulting sample. The additional clusters for the census tracts were 
needed because census tracts are smaller than ZIP codes and this 
larger sample of clusters allowed us to achieve the desired sample 
size while maintaining statistical efficiency.

We compared the three designs based on anticipated statistical 
characteristics, neighborhood characteristics, and retailer proxim-
ity to compare the statistical efficiency, oversampling success, and 
potential for cost savings across the three designs. We compared the 
comparative level of precision (reporting the anticipated design effect 
and the expected margin of error on the violation rate, defined subse-
quently), coverage, and retailer dispersion in each sampling strategy.

The design effect quantifies statistical inefficiencies in the cluster 
designs due to oversampling of retailers in high-poverty areas and 
near schools and due to the clustering by either ZIP code or census 
tract. That is, clustering retailers in a ZIP code or tract reduces the 
available information as each retailer’s characteristics can be par-
tially predicted by neighboring retailers, assuming retailers near each 
other are more similar than retailers far from each other. A design 
effect is relative to the statistical precision in a simple random sam-
ple, so a design effect of 2 would indicate that the design is half as 
statistically efficient as a simple random sample.24 We calculated the 
overall design effect (DEFFO) for each of the three designs as the 
product of the design effect due to clustering (DEFFC) and the design 
effect due to weighting (DEFFW), as follows:25
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The ICC is the intraclass correlation, which represents the similar-
ity of retailer violation rates within clusters (ZIP codes or tracts). 
For the two stratified cluster designs, we estimated the ICC with 
2016 NC Synar data.22 c  represents the average cluster size, or the 

number of retailers in the final sample divided by the number of 
clusters (2,032/250  =  8.1 for ZIP codes and 2,032/350  =  5.8 for 
census tracts). n represents the overall sample size (2,032), and WT 
represents the weight of each retailer, or its inverse probability of 
selection. Because it is dependent on the specific sample of retailers 
selected, DEFFO was calculated for each simulated sample and the 
average was computed across all 1,000 replicate samples for each 
design.

The anticipated margin of error is a measure that estimates the 
true proportion of violations that exists in the population of all 
tobacco retailers based on the sampled retailers. The margin of error 
is the range around the sample estimate in which the true population 
estimate is likely to fall if all sites were inspected. The anticipated 
margin of error applies the design effect to the estimated violation 
rate, 15% based off of national data,9 with a 95% confidence inter-
val, calculated as follows.
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Where DEFFO is as defined previously for each simulated sample, 
1.96 is the critical value for a 95% confidence interval, p is the 
assumed violation rate (15%), and n represents the overall sample 
size (2,032). It is important to note that the assumptions in our simu-
lation are reasonable for the state of NC, and should be reviewed 
and revised, as appropriate, when applied to other states. The result-
ing utility of the three designs might change depending on these 
assumptions.

To quantify the effectiveness of our oversampling, we also assess 
the tract characteristics expected with each sampling approach: aver-
age poverty rate, percent of the sample in clusters that are in high-
poverty areas, percent Black residents, and percent Hispanic residents. 
We further examine oversampling by comparing the percent of the 
sample located within 305 m of schools for each of the three designs. 
Finally, we calculate the average distance between selected retailers 
and the average nearest neighbor distance using SAS’s GEODIST 
function. The GEODIST function, available in SAS 9.2 and newer edi-
tions, provides the straight-line distance between two sets of latitude 
and longitude coordinates using the Vincentry distance formula.26

The average distance between selected retailers and nearest 
neighbor metrics serve as indicators of potential cost savings asso-
ciated with each design, as shorter distances would indicate lower 
travel costs for conducting the inspections.

We used PROC SURVEYSELECT commands in SAS 9.3. 
Appendix A contains example SAS code for selecting a sample based 
on each of the three designs. To control for random variation that 
would be observed in a single sample, we conducted a simulation 
where we selected 1,000 samples for each of the three designs and 
averaged the observed characteristics across the 1,000 samples. We 
present the results of the simulation study in Table 1. As no human 
subjects were involved in this research, IRB approval was not sought.

Results

As shown in Table 1, each of the three sampling strategies was feas-
ible for sampling of tobacco retailers. The statistical precision of the 
simple random sample as indicated by the estimated margin of error 
was superior. Because simple random sampling does not include any 
oversampling, the pooled characteristics of retailers selected in sim-
ple random sampling are similar to the characteristics of the entire 
sampling frame. Simple random sampling used alone, therefore, does 



not provide the cost savings and ability to target specific areas that 
stratification and clustering provide.

Compared to simple random sampling, both ZIP and tract strati-
fied, clustered sampling showed advantages, respectively, in average 
distance between retailers (relative reduction of 5.0% and 1.9%), 
in nearest neighbor (relative reduction of 54% and 25%), percent 
Black residents in sampled neighborhoods (relative increases of 
17.2% and 32.6%), percent Hispanic residents in sampled neigh-
borhoods (relative decrease of 2.2% and increase of 18.3%), per-
centage of sampled retailers located near schools (relative increases 
of 61.3% and 37.5%), and poverty rate in sampled neighborhoods 
(relative increases of 14.0% and 38.2%). We note that the small 
reduction in travel distance could be substantial over time. Yet, these 
improvements came at a cost of statistical precision, raising the 
design effect to 2.8 and 2.2, respectively. Figure 1 shows an example 
of each strategy.

Discussion

Principal Findings
Policy makers will need to decide the appropriate balance between 
ensuring greater numbers of inspections where there are likely to 
be more violations, travel costs, and statistical precision. Simple 
random sampling provides the smallest margin of error. However, 
the two stratified, cluster sampling approaches may maximize pro-
gram impact by emphasizing inspections in areas with inequalities in 
health and lower retailer compliance. They do so while also reducing 
the distance between inspection locations. These sampling strategies 
are suitable for advancing the work of tobacco retailer regulators, 
including their focus on addressing disparities in compliance rates. 
Importantly, these can be implemented in ways that also allow for 
tracking violation rates over time and comparing violation rates 
between states. Stratified, clustered sampling strategies are feas-
ible to implement at the state level. When oversampling by poverty 
and retailers near schools, we found that, in NC, the inspections 
also oversampled areas that have historically been associated with 
greater noncompliance.9 This has important implications for ensur-
ing the racial or ethnic identity of neighborhood youth does not pre-
dict easier access to regulated tobacco products.

Our stratified, clustered sampling designs addressing both area 
characteristics and retailer-level characteristics represent a useful strat-
egy that may be emulated by other states and should be considered by 
the FDA. Without inspection and enforcement, regulations alone will 
have little effect on youth access.27 Stratified, clustered designs may 
be particularly useful to improving compliance in targeted areas as 
inspections can have an effect on nearby retailers,28 and more frequent 
inspections promote compliance.6 Given the likely use of nonprob-
ability sampling approaches, FDA inspection results cannot currently 
be compared across time, between states, or with other inspection pro-
grams. However, use of probability-based sampling could help docu-
ment program outcomes and inform quality improvement efforts.

We believe the stratified, clustered at the tract design is superior 
to simple random sampling as having precise estimates of violation 
rates is likely a lower priority for FDA’s compliance and enforcement 
program than is ensuring that inspections are being conducted in 
areas where they are needed most. Indeed, the margin of error and 
design effect may matter less given the minimum of 20% of retailers 
being inspected in a given year. Reducing cost is also an import-
ant consideration for government programs. The ZIP code approach 
did slightly better in increasing the percent of retailers near schools Ta
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than did the tract-based approach. However, it does not perform 
as well in reaching high-poverty areas. ZIP codes, which are larger 
area units, often consist of both high- and low-poverty areas mak-
ing it harder to select PSUs that will yield retailers in high-poverty 
neighborhoods. This is consistent with long-standing evidence as one 
modifies the area unit of study, extremes in smaller areas may be 
attenuated.29 Geographers term this the modifiable area unit prob-
lem,30 and it explains how the use of a larger area unit (ZIP codes) 
may perform less well in targeting inspections than the smaller area 
unit (tract) in this study. Nonetheless, both design 2 and design 3 
outperform the simple random sample in design 1 with respect to 
targeting inspections where compliance is likely lower while also 
reducing the distance between retailers.

Strengths and Weaknesses
This study is strengthened by use of a simulation to show differ-
ences across repeated samples and use of a validated16 approach to 

enumerate tobacco retailers. However, there are important limita-
tions. Our sampling plan is specific to NC, and other states may find 
the same process yields different results given different demographic 
patterning of race, ethnicity, schools, and poverty. NC does not have 
tobacco retailer licensing; there may be some measurement error in 
the creation of our sampling frame. Tobacco retailer licensing could 
improve the quality of the sampling frame. We cannot directly cal-
culate costs saving associated with clustered sampling, and our met-
rics of distance do not reflect real world travel costs; future research 
should examine travel optimization strategies and use actual travel 
distances from street networks. We did not exhaust all possible 
approaches to sampling and different approaches may be feasible or 
superior for other states.

Unanswered Questions and Future Research
Further optimizations of this sampling strategy can likely be identi-
fied based on correlates of noncompliance that help target inspec-
tions in areas with greatest noncompliance. Our sampling strategy 
decreases the average distance between inspections; however, it does 
not address how to most efficiently assign inspections. Nor does it 
address a potential challenge with clustered designs: the possibility 
that retailers advise neighboring retailers of an inspection team in 
the area.

States also participate in youth inspections requiring a probabil-
ity-based sampling strategy required under the Synar Amendment 
and reported to Substance Abuse and Mental Health Services 
Administration.5 These are used for tracking trends and evaluat-
ing state efforts to reduce youth access. In addition to use of clus-
tered sampling for inspections, this approach may also be useful 
for state Synar sampling. As states could lose federal funding if vio-
lation rates are reported to be over 20%, states have an incentive 
to underreport violation rates and to adopt protocols that minim-
ize the identification.4 Use of probability-based sampling in FDA 
inspections also could help assess the validity of Synar inspection 
results. However, this would still be subject to the validity of FDA’s 
unpublished inspection protocols. Many inspection protocols used 
likely do not reflect real-world purchase attempts and thus under-
estimate youth access.31,32

Conclusion

Probability-based sampling offers advantages that should be consid-
ered by FDA and state contractors. Stratified, cluster sampling strate-
gies can reduce the cost of conducting state FDA compliance check 
inspections by reducing the average distance between inspections 
and can do a better job focusing enforcement resources in areas with 
more vulnerable populations, such as youth and populations that 
are racially and ethnically diverse. FDA has the power to review and 
approve state sampling plans.3 This power could—and we would 
argue should—be used to require probability-based sampling strate-
gies in ways to allow for comparisons between states and across time 
while also advancing a regulatory agenda of targeting inspections to 
areas where violations are most common.

Funding
This research was partially funded by the National Institutes of Health/
National Cancer Institute grant U01CA154281. Opinions are those of the 
authors and do not necessarily represent those of the National Institutes of 
Health.Figure 1. Examples of three sampling approaches, North Carolina.



Declaration of Interests
KMR serves as an expert consultant in litigation against cigarette manufac-
turers. JGLL and KMR have a royalty interest in a store mapping and audit 
system owned by the University of North Carolina at Chapel Hill, but these 
systems were not used in this study.

Acknowledgments
The authors thank Marcella H.  Boynton for thoughtful comments on the 
manuscript and William D. Kalsbeek for his consultations on the sampling 
strategy. An earlier version of this manuscript was presented at the 2017 
National Conference on Tobacco or Health, Austin, TX.

References
	1. Food and Drug Administration. Compliance Check Inspections of

Tobacco Product Retailers. [Internet Site]. 2016. http://www.accessdata.
fda.gov/scripts/oce/inspections/oce_insp_searching.cfm. Accessed August
28, 2016.

2.	 Family Smoking Prevention and Tobacco Control Act. , Pub L. 111-31,
123 Stat 1776 (2009).

	3. General Services Administration. Compliance and Enforcement
Tobacco Retail Inspections Program, Solicitation Number: FDA-16-
Tobacco-1143096. 2015. https://www.fbo.gov/spg/HHS/FDA/DCASC/
FDA-16-Tobacco-1143096/listing.html. Accessed April 19, 2016.

	4. General Accounting Office. Synar Amendment Implementation: Quality
of State Data on Reducing Youth Access to Tobacco Could be Improved. 
2001. http://www.gao.gov/new.items/d0274.pdf. Accessed January 4,
2016.

	5.	 DiFranza JR, Dussault GF. The federal initiative to halt the sale of tobacco 
to children--the Synar Amendment, 1992–2000: lessons learned. Tob 
Control. 2005;14(2):93–98.

	6.	 DiFranza JR. Best practices for enforcing state laws prohibiting the sale of 
tobacco to minors. J Public Health Manag Pract.  2005;11(6):559–565.

	7.	 Lee JG, Henriksen L, Myers AE, Dauphinee AL, Ribisl KM. A systematic
review of store audit methods for assessing tobacco marketing and prod-
ucts at the point of sale. Tob Control. 2014;23(2):98–106.

	8. Lee JG, Baker HM, Ranney LM, Goldstein AO. Neighborhood inequali-
ties in retailers’ compliance with the family smoking prevention and
tobacco control act of 2009, January 2014-July 2014. Prev Chronic Dis. 
2015;12:E171.

	9. Lee JG, Landrine H, Torres E, Gregory KR. Inequities in tobacco retailer
sales to minors by neighbourhood racial/ethnic composition, poverty and
segregation, USA, 2015. Tob Control. 2016;25(e2):e142–e145.

	10. Lipton R, Banerjee A, Levy D, Manzanilla N, Cochrane M. The spatial
distribution of underage tobacco sales in Los Angeles. Subst Use Misuse. 
2008;43(11):1594–1614.

	11. Asumda F, Jordan L. Minority youth access to tobacco: a neighborhood
analysis of underage tobacco sales. Health Place. 2009;15(1):140–147.

	12. Landrine H, Klonoff EA, Alcaraz R. Racial discrimination in minors’
access to tobacco. Journal of Black Psychology. 1997;23:135–147.

	13. Lipperman-Kreda S, Grube JW, Friend KB. Contextual and community
factors associated with youth access to cigarettes through commercial
sources. Tob Control. 2014;23(1):39–44.

	14. Klonoff EA, Fritz JM, Landrine H, Riddle RW, Tully-Payne L. The
problem and sociocultural context of single-cigarette sales. JAMA. 
1994;271(8):618–620.

	15. Archbald C. Sale of individual cigarettes: a new development. Pediatrics. 
1993;91(4):851.

	16. D’Angelo H, Fleischhacker S, Rose SW, Ribisl KM. Field validation of
secondary data sources for enumerating retail tobacco outlets in a state
without tobacco outlet licensing. Health Place. 2014;28:38–44.

	17. Goldberg DW, Cockburn MG. Improving geocode accuracy with candi-
date selection criteria. Transactions in GIS. 2010;14(s1):149–176.

	18. NC Department of Public Instruction. Public Schools in North Carolina.
North Carolina OneMap GeoSpatial Portal. http://data.nconemap.com/; 
2012.

	19. NC Department of Administration Division of Non-Public Education.
Non-public Schools. North Carolina OneMap GeoSpatial Portal. http://
data.nconemap.com/; 2013.

	20.	Luke DA, Ribisl KM, Smith C, Sorg AA. Family Smoking Prevention And
Tobacco Control Act: banning outdoor tobacco advertising near schools
and playgrounds. Am J Prev Med. 2011;40(3):295–302.

	21. Ribisl KM, Luke DA, Bohannon DL, Sorg AA, Moreland-Russell S.
Reducing disparities in tobacco retailer density by banning tobacco prod-
uct sales near schools. Nicotine Tob Res. 2017;19(2):239–244.

	22.	North Carolina Department of Health and Human Services. Annual Synar 
Report: FFY 2016 North Carolina. Raleigh, NC: NC Department of
Health and Human Services; 2016.

	23. Chromy JR. Sequential sample selection methods. Proceedings of the
American Statistical Association, Survey Research Methods Section. 
1979;1979:401–406.

	24.	Valliant R, D’ever J, Kreuter F. Practical Tools for Designing and Weighting 
Survey Samples. New York, NY: Springer; 2013.

	25.	Gabler S, Häder S, Lahiri P. A model based justification of Kish’s formula for 
design effects for weighting and clustering. Surv Methodol. 1999;25:105–106.

	26. Zdeb M. Driving Distances and Drive Times using SAS and Google
Maps. 2016. http://www.sascommunity.org/wiki/Driving_Distances_and_ 
Drive_Times_using_SAS_and_Google_Maps.

	27. DiFranza JR. Which interventions against the sale of tobacco to minors
can be expected to reduce smoking? Tob Control. 2012;21(4):436–442.

	28.	Erickson DJ, Smolenski DJ, Toomey TL, Carlin BP, Wagenaar AC. Do alco-
hol compliance checks decrease underage sales at neighboring establish-
ments? J Stud Alcohol Drugs. 2013;74(6):852–858.

	29.	Spielman SE, Folch D, Nagle N. Patterns and causes of uncertainty in the
American Community Survey. Appl Geogr. 2014;46:147–157.

	30.	Fotheringham AS, Rogerson PA. GIS and spatial analytical problems. Int J 
Geogr Inf Syst. 1993;7(1):3–19.

	31.	Landrine H, Klonoff EA. Validity of assessments of youth access to tobacco: 
the familiarity effect. Am J Public Health. 2003;93(11):1883–1886.

	32.	Lee JG, Gregory KR, Baker HM, Ranney LM, Goldstein AO. “May I Buy
a Pack of Marlboros, Please?” A systematic review of evidence to improve 
the validity and impact of youth undercover buy inspections. PLoS One. 
2016;11(4):e0153152.

http://www.accessdata.fda.gov/scripts/oce/inspections/oce_insp_searching.cfm
http://www.accessdata.fda.gov/scripts/oce/inspections/oce_insp_searching.cfm
https://www.fbo.gov/spg/HHS/FDA/DCASC/FDA-16-Tobacco-1143096/listing.html
https://www.fbo.gov/spg/HHS/FDA/DCASC/FDA-16-Tobacco-1143096/listing.html
http://www.gao.gov/new.items/d0274.pdf
http://data.nconemap.com/
http://data.nconemap.com/
http://data.nconemap.com/
http://www.sascommunity.org/wiki/Driving_Distances_and_Drive_Times_using_SAS_and_Google_Maps
http://www.sascommunity.org/wiki/Driving_Distances_and_Drive_Times_using_SAS_and_Google_Maps

