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Parnassus Avenue, Suite 366, San Francisco, CA 94143-1390

Abstract

Neighborhood characteristics and the built environment are important determinants in shaping
health inequalities. We evaluate the role of a retail density ordinance in reducing concentration of
tobacco stores based on neighborhood characteristics and land use pattern in San Francisco. The
study evaluated the spatial distribution of tobacco retailers before and after the ordinance to
identify geographic pockets where the most significant reduction had occurred. A generalized
additive model was applied to assess the association between the location of the closure of tobacco
retailer and socio-demographic characteristics and land use pattern. We did not find a meaningful
change in the overall concentration of retailers based on neighborhood income and ethnicity but
found a significant association based on patterns of land use. Our findings suggest that future
polices must account for the differential distribution of retailers based on land use mix to lower
concentration in areas where it is needed the most.

Keywords
tobacco retailers; land use; spatial inequity; neighborhood

Introduction:

Tobacco is the leading preventable cause of disease and deaths in the United States. It is
estimated that 480,000 Americans die each year due to cigarette smoking (US Department
of Health and Human Services 2014). Neighborhood factors and built environment
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contribute towards disparities in tobacco use and smoking prevalence (Northridge, Sclar, and
Biswas 2003). Neighborhood characteristics such as proximity and density of stores affect
access to tobacco products and increases exposure to tobacco marketing and advertising.
Prior studies have also shown that tobacco prices vary based on income and racial ethnic
composition of the neighborhood, and based on socio-economic characteristics of the
schools that are in proximity to tobacco retailers (Dalglish et al. 2013; Henriksen et al.
2017). High density of tobacco retailers has been linked to increased exposure to tobacco
advertisements, and increased intention to smoke among never smoking youth (Cantrell et
al. 2015; Johns et al. 2013). Retailer density is also linked to changes in attitude towards
smoking, and difficulty in quitting among adults (Kirchner et al. 2013; Paul et al. 2010).

Regulating the density of tobacco retailers is, therefore, increasingly recognized as an
integral part of tobacco control policy for state and local governments (Cohen and Anglin
2009). Yet, few studies have evaluated the effectiveness of density-based restrictions in
reducing spatial concentration of tobacco retailers. A study conducted in Santa Clara county
in California described the effect of the retail density ordinance based on the distribution of
retailers before and after the ordinance in relation to schools and in proximity to active
retailers (Coxe et al. 2014). Two studies that have attempted to evaluate the potential effect
of a retail density ordinance prospectively were conducted based on a simulation of
scenarios such as complete ban near schools or based on multiple criterion such as proximity
from an active retailer and a complete ban near schools and at pharmacies and found an
effect in reducing disparities (Ribisl et al. 2016; Myers et al. 2015). In reality, actual density
ordinances do not affect existing retailers in many cases and only apply to new retailers.
Therefore, examining geographic variation in the closure of retailers and identifying key
factors that drive the closure of retailers is important to understand whether or not the
ordinance in having an effect in the neighborhoods where it is the most required. This paper
fills the gap in the literature by examining the changes in the distribution of tobacco retailers
before and after the ordinance based on actual policy implementation in San Francisco and
seeks to identify neighborhood factors that are likely to drive this process.

In San Francisco, tobacco retail density is high in low-income and in ethnic-minority
neighborhoods, (San Francisco Community Health Improvement Partnership 2016) and
smoking rates are also high in these neighborhoods (San Francisco Community Health
Improvement Partnership 2016). Widespread availability of tobacco products normalizes
uses (Non-Smokers Rights Association 2011) and affects difficulty in quitting, especially for
those living in low-income areas. In 2015 San Francisco Board of Supervisors issued an
ordinance that set a cap of 45 tobacco licenses per supervisory district which applies to new
license applications. In addition, the law prevents new licenses for tobacco from being
issued if the store is within 500 feet of an active retailer, or within 500 feet of a school, or at
a place that previously did not sell tobacco. However, the law does not apply to existing
retailers that continue to remain in business and pay for their fees. We evaluated the spatial
distribution of tobacco retailers before and after the ordinance to examine where the change
in retailer concentration had occurred and test the association whether reduction was
significantly more likely to have occurred in low-income and minority neighborhoods.
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Numerous approaches exist to measure tobacco retailer density. These can be broadly
classified into area or zone-based approaches (Schneider et al. 2005; Siahpush et al. 2010)
and surface-based approaches (Rodriguez et al. 2013; Cantrell et al. 2015; Shortt et al.
2015). Area-based or zone-based approaches typically aggregate data at political or
administrative units whereas surface-based approaches model retailer density as a
continuous measure by extrapolating point data from outlet locations and assigning density
values at every location over the entire study area. This results into a spatial pattern of
continuous phenomenon that is not constrained by boundaries (Kramer et al. 2010; Shortt et
al. 2015; Cantrell et al. 2015). Area-based density measures include retailer counts or
percentages at census tract level or administrative units (Siahpush et al. 2010), based on road
network distances (Yu et al. 2010; Marsh, Doscher, and Robertson 2013), counts within
buffer based on straight line distances or Euclidean distance (Henriksen et al. 2008), or
retailer counts based on population of 1000 or 10,000 (Chaiton et al. 2013; Lee et al. 2017;
Lipperman-Kreda, Grube, and Friend 2012).

A direct problem with area-based measures that aggregate data at political or administrative
units is that the administrative units are not of the same geographic area, and the population
distribution within these units is not homogenous (Higgs 2004). Retail counts based on
population of 1000 or 10,000 can lead to over-concentration in densely populated areas.
Besides, it does not account for exposure from adjacent census tracts or countries when the
units are small, a concern that has been raised in the context of alcohol outlet density (CDC
2017). Area-based measures do not take into consideration cross-boundary flows or the
population distribution and land use types within the area (Higgs 2004; CDC 2017). Due to
these limitations, an increasing number of studies are now adopting surface-based methods
or approaches that measure retailer density over a continuous surface using fixed or adaptive
bandwidths based on distances or population distribution (Rodriguez et al. 2013; Marashi-
Pour et al. 2015). Given the limitations of area-based approaches and the availability of
retailer data at point-level, we did not aggregate data at census tracts or supervisory districts.
Instead, we used statistical approaches suitable for point-level data.

Outcome variable:

Data on Tobacco Retailers Licenses (TRL) were obtained from the San Francisco Public
Health Department, prior to 2015 and until 2017. We geocoded the locations of retailers and
classified them into two categories — retailers that existed prior to 2015 and no longer existed
in 2017 and those that existed prior to 2015 and continued to remain in business until 2017.
This classification was done by comparing the geo-location of retailers based on the two-
time period. We modeled our response variable as a binary outcome. Each tobacco retailer
that shut down post the ordinance was coded as 1 and O if a tobacco retailer existed prior to
the density ordinance and continued to remain in business post the ordinance.
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Neighborhood measures:

To test whether neighborhood characteristics such as median household income, race, and
land use mix predicted closure of retailers, we defined neighborhood based on a 1000 feet
buffer around each retailer. While there is no consensus on this matter, it is suggested the
size of the buffer and analysis should be based on the health problem and scale (Lovasi et al.
2008). An overlay operation was performed to estimate the socio-demographic
characteristics including race and income within the buffer using Maptitude. This procedure
uses areal weighting to disaggregate the data from a higher administrative unit to a smaller
one (Lovasi et al. 2008; Gabriel et al. 2000; Gregorio and Samociuk 2003). For example, if
three census tracts fall within a 1000 feet buffer, then the variable is weighted based on the
proportion of the census tract that falls within the buffer. Data on land use for San Francisco
were obtained from the Open Data.Gov website. We reduced the classification into
residential, commercial, and mixed residential land use and estimated the proportion of each
type within a 1000 feet buffer around each retailer.

Spatial analysis:

While limited approaches exist to map spatial variation in a binary response variable,
common approaches from spatial epidemiology include using non-parametric methods of
smoothing such as bivariate kernel density estimation (Kelsall and Diggle 1995; Davies,
Jones, and Hazelton 2016; Prince et al. 2001). However, these methods do not account for
the effect of covariates. We, therefore, used a generalized additive model (GAM) with a
bivariate locally weighted regression smoother (loess) that was applied on latitude and
longitude (Webster et al. 2006; Di Salvo et al. 2015; Chen et al. 2015; Bristow et al. 2014;
Vieira et al. 2017; Hoffman et al. 2015). This approach can account for the location while
simultaneously adjusting for the covariates and can be used to produce a smoothed map of
the odds ratio for the entire study area. This is like a logistic regression, except that it
includes a smooth term for latitude and longitude as shown in the equation below:

logitlp(x)] =a+y'z+ S(xl, X2)

Where the left hand side is the log of the odds of a retailer closure at a location x, zis a
vector of covariates and S(x; X,) denotes a smooth terms for the latitude and the longitude
(Webster et al. 2006; Di Salvo et al. 2015). Thus, the smoothed map denotes the spatial odds
at each grid point over the entire study area. The smoothing combines the kernel density
estimation and nearest neighbor approach by giving more weight to the points that are near
each point and as the distance increases the weights decrease. The optimal smoothing is
done by choosing a span size that minimizes the Akaike Information Criterion (AIC). The
optimal span size is based on the percentage of data that is used for smoothing. A larger span
size indicates less overall spatial variability in the data and smaller span size can be used to
detect more variability in the data. For example, an optimal span of .85 implies using 85
percent of the data around in both the directions from a point to assign weights (Webster et
al. 2006; Di Salvo et al. 2015; Chen et al. 2015; Bristow et al. 2014; Vieira et al. 2017;
Hoffman et al. 2015).
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To test the association between location and the closure of retailers, we conducted a test of
999 permutations based on the null hypothesis that location is not a significant predictor of
the retailer closures. We repeated this test after adjusting for the covariates to assess whether
there was a change in the crude map. In other words, we assess whether accounting for
predictors based on income, race, and land use pattern would remove the residual
autocorrelation in the maps. If the global p-value suggested evidence of a significant
association between location and the closure of retailers, then the local point-wise
permutation tests were conducted to identify statistically significant areas of increased and
decreased odds of retailer closure. This was implemented using the R package MapGAM as
it offers convenient method to map binary response variable while adjusting for covariates
(Webster et al. 2006; Di Salvo et al. 2015; Chen et al. 2015; Bristow et al. 2014; Vieira et al.
2017; Hoffman et al. 2015).

Descriptive results

San Francisco is divided into eleven supervisorial districts. It has a population density of
17,179 persons per square mile and spans across an area of 49 square miles. Population
ranges between 67,000 to 80,000 in each of the 11 supervisorial districts, yet these districts
are very different in their geographic extent and land use pattern.

Figure 1 shows the temporal pattern in the decline of new permits being issued after the
ordinance. Figure 2 shows land use pattern by supervisorial district. It can be observed that
District Six, Three, and Ten have a larger portion of land parcels designated for commercial
land use whereas Districts One, Four, and Seven have the largest residential land use parcels.
This inequitable pattern in zoning also reflects in the overall distribution of tobacco retailers
as districts which have higher commercial and retail permits have a higher concentration of
retailers and districts four, seven, and eleven which are predominantly residential have a
smaller number of retailers. Yet in many of the predominantly commercial and mixed
residential areas low-income Asian and Hispanic population resides (Figure 3).

Statistical results:

We tested association in location of closure of retailers and neighborhood median income,
ethnicity and land use characteristics. Results from generalized additive model without
smoothing for location found a positive and significant association between the closure of
retailers and the percent of commercial land in the buffer (p = 0.02, Cl =1.001-1.0144). In
mixed residential areas, the reduction was lower (p = 0.05, C1=0.964-1.000). There was no
significant association between the percent of Hispanic (p = 0.54, OR = 0.974-1.013) Asian
(p =0.66, ClI = (0.983-1.010) or median household income (p = 0.68, Cl =0.99-1.00) in the
neighborhood. To assess whether there was a significant association in the location and the
closure of retailers, we repeat the above analysis with and without covariates while
smoothing on latitude and longitude. Table 1 shows the results based on the comparison of
the crude or the unadjusted model and the adjusted model. The global statistic for the crude
model is marginally significant (p=0.05), suggesting that location is associated with the
closure of the retailers. The adjusted model that accounts for race, and income also indicates
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a significant geographic variation in the closure of retailers (p=0.02). However, in the fully
adjusted model that accounts for race, income, and land use mix, there is no evidence of
geographic variation (p=0.23).

In order to visualize statistically significant hot and cold spots, we conducted a test based on
999 permutations based on the null hypothesis that the location was not a significant
predictor of the closure of the retailers. We repeated this test for the adjusted model based on
race, income, and land use mix. Figure 4(a) shows the unadjusted or crude map without any
covariates. Based on the crude map, there is a significant hotspot detected in the commercial
district of San Francisco. Figure 4(b) shows the persistence of hotspot even after accounting
for race and income in the model. However, the adjusted maps based on income, race, as
well as proportion of commercial and mixed residential land use suggests that once land use
is accounted for in the model, there is no evidence of unexplained geographic variation in
the closure of retailers and and hot spots identified in the earlier figures (Figure 4a—b) no
longer persist (Figure 4(c)).

Discussion:

This is the first paper to examine the effect of a local law in reducing spatial concentration of
tobacco retailers based on neighborhood characteristics with regard to race, income, and
land use patterns. Unlike previous studies conducted in diverse places such as New Jersey,
New York, Omaha, lowa, Ontario, and New South Wales, that have shown association
between tobacco retail density and neighborhood income and ethnic composition, (Loomis
et al. 2013; Reid et al. 2013; Schneider et al. 2005; Marashi-Pour et al. 2015; Yu et al. 2010;
Siahpush et al. 2010; Chaiton et al. 2013), this paper does not find an association between
closure of retailers and neighborhood characteristics. Rather we find that land use is a key
driver of inequitable concentration of tobacco retailers. This also manifests in inequitable
pattern in closure of retailers. We found that the density ordinance did not have a
homogenous effect across the city. Instead, our paper demonstrates that land use pattern is
highly inequitable in San Francisco due to which some supervisorial districts and census
tracts within these districts have a disproportionate share of commercial areas and mixed
residential housing while others are predominantly residential. Therefore, the effect of
density ordinance was the steepest in the districts that are predominantly commercial and
lower in residential and mixed residential neighborhoods. The findings from this paper have
practical implications for policies and developing interventions that take into account built
environment and its effect on health outcomes (Northridge, Sclar, and Biswas 2003).
Policies related to tobacco retail density that do not account for the uneven pattern of land
use mix can have a limited effectiveness in reducing concentration in communities and
neighborhoods where the most reduction is needed.

Our paper highlights the spatial process by which retail density ordinances have an effect in
reducing concentration. The San Francisco Retail Density Ordinance applies a combination
of criterion such as density-based caps and proximity-based measures to assess whether or
not to grant new permits to tobacco retailers. Density-based caps prevent new licenses from
being issued in administrative units where the existing number of licenses exceed beyond the
threshold set by the density ordinance whereas proximity-based restrictions prevent new
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permits from being issued based on proximity of retailer to another retailer or near school
within a specific distance. At the time the ordinance was implemented no supervisory
district was below the cap of 45 except for District 7 due to which no new permits can be
granted in most districts. Since the law does not apply to existing retailers but only new
retailers, the process by which retailer concentration gets reduced is mainly through attrition
or when existing stores decide to give up their permit. This analysis finds that proximity-
based measures will have the most impact in smaller geographic area that have the highest
concentration of retailers due to retailer attrition, but these policies may not have the same
effect in low-income and minority areas if the market is not highly concentrated and retailers
do not give up their permits. The empirical findings from this paper support previous studies
that have argued from a legal perspective that the law must be applied to existing retailers
after a specific time period. This would ensure the most effectiveness of the ordinance and
reduce concentration (Ackerman et al. 2017).

In the light of legalization of recreational cannabis (Berg et al. 2018), the need to monitor
tobacco and marijuana retailers concentration based on land use pattern is even greater as the
areas with high concentration of tobacco retailers may also attract cannabis outlets due to
zoning restrictions that govern the location of these outlets. A study comparing spatial equity
in the distribution of cannabis stores in four large cities in United States found that zoning
policies contributed towards a disproportionate share of cannabis stores in certain census
tracts of the city (Németh and Ross 2014). Our paper is timely and relevant as we argue that
public health departments and urban planning department must examine the differential
distribution of tobacco and cannabis stores based on land use pattern and zoning regulations
to prevent geographic concentration. In many of these commercial neighborhoods, poverty,
income, homelessness and violence already contribute to worse health indicators and
outcomes in these neighborhoods (San Francisco Community Health Improvement
Partnership 2016). Without taking into consideration the differential pattern based on
zoning, a blanket policy based on “one size fits all” approach may not be the most effective
in reducing concentration across the city.

By increasing the level of awareness among the health officials on the role of land use policy
in influencing health, health departments can develop policies aimed at improving
population health by integrating them with urban planning policies. Ultimately, efforts to
reduce inequity in tobacco availability and excess supply in specific neighborhoods will
need to be linked to health promoting infrastructure, developing capacity within community-
based organizations to engage with land use planning and policy, and fostering cross-
government collaboration in order to integrate health and health equity into land use
decisions.

and Limitations:

This research demonstrates a novel approach to assess spatial variation in exposure or risk
that can be applied in the context of health outcomes such as obesity, substance-abuse and
those related non-communicable diseases. Unlike some of the studies that have attempted to
model the impact of density ordinances based on simulation (Myers et al. 2015; Ribisl et al.
2016), our paper is based on changes in the retailer licensing data based on an actual law and
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grounded in reality. Therefore, the findings from this study can be useful as more cities
consider similar laws.

A limitation of this study is that it is geographically limited to San Francisco and the
findings may be limited to larger cities of similar nature such as New York, Philadelphia, or
Boston. However, it still provides useful context to other cities and counties that may be
considering a retail density ordinance. The study could also not account for gentrification
and changes in rents in residential and commercial areas, which could also have a role in
retailer attrition. In commercial districts where tobacco retailer density is high, changes in
commercial rents could affect the choice of retailers to remain in business. In predominantly
residential areas where corner store or a convenience store primarily sell tobacco,
competition from retail chains could affect the viability of the business. Increased
gentrification can have implications on driving retailer concentration from one area to
another and should be addressed in future studies.

Conclusion:

We found a significant geographic variation in the closure of the tobacco retailers. However,
once we accounted for race, income, and land use mix there was no spatial variation in the
reduction of tobacco retailers. Our results indicate an increased odd of the closure of
retailers in the commercial areas. Policies related to tobacco retail density that do not
account for the uneven pattern of land use mix can have a limited effectiveness in reducing
concentration in communities and neighborhoods where the most reduction is needed.
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Figure 1:
New permits issued to retailers for selling tobacco in San Francisco since 2005. The red

vertical line indicates the year when the ordinance came into effect.
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Figure 2:

Land Use Pattern in San Francisco and Distribution of Tobacco Retailers by Supervisory
District. The number highlighted within the district are the official supervisory district

number.
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Figure 3:

Distribution of tobacco outlets and the socio-demographic profile of the census tracts in San
Francisco. Darker color indicates a higher percentage. Locations of retailers no longer in
business are in red and the ones that continued to remain in business are in black
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Figure 4:
Spatial variation in the reduction of tobacco retailers in San Francisco after the density

ordinance. The map shows the significant hotspots based on 999 permutations A) Crude map
without adjusting for any covariates B) Adjusted map based on race and income C) Adjusted
map based on race, income, and land.
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Results from generalized additive model testing the significance of location of closure of retailers with and

without covariates.

Table 1:

Global P-value

Adjusted Odds Ratio Range

Optimal span size

Crude 0.05 0.52 -2.73 0.85
Adjusted for race and income 0.02 0.36-2.42 0.80
Adjusted for race, income, and land use | 0.23 0.44-1.49 0.95
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