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Abstract

Objectives

Limited studies have investigated geographic accessibility to a nearby community pharmacy
for elderly which is an essential determinant of the access to medications and pharmacy ser-
vices. This research identified pharmacy deserts and investigated availability of different
types of community pharmacies and their services for elderly enrolled in a State Pharma-
ceutical Assistance Program (SPAP).

Methods

The state of Pennsylvania in the US was used as a case to demonstrate the geographic
accessibility to community pharmacy and services for elderly enrolled in SPAP. The loca-
tions of community pharmacies and households of elderly enrolled in SPAP were derived
from Pharmaceutical Assistance Contract for the Elderly programs’ database. The street
addresses were geocoded and the distance to a nearby community pharmacy was calcu-
lated for study sample using the haversine formula. The demographic and geographic data
were aggregated to Census Tracts and pharmacy deserts were identified using the prede-
fined criteria. Descriptive statistical analysis was used to determine whether there are statis-
tical differences in the socio-demographic profiles and distribution of different types of
community pharmacies and their services in pharmacy deserts and non-deserts. This
research used hot spot analyses at county level to identify clusters of pharmacy deserts,
areas with high concentration of different racial/ethnic groups and clusters of high densities
of chain and independent pharmacies.

Results

The Spatial analysis revealed that 39% and 61% Census Tracts in Pennsylvania were phar-
macy deserts and non-deserts respectively (p < 0.001). Pharmacy deserts were found to
have significantly more females, married and white elderly and fewer blacks and Hispanics
compared to pharmacy non-deserts. Pharmacy deserts had significantly fewer chain and
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independent pharmacies and less delivery and 24-hour services in pharmacies than phar-
macy non-deserts. Hot spot analyses showed that clusters of pharmacy deserts were more
concentrated in southcentral, northwest and northeast regions of the state which represent
rural areas and overlapped with clusters of high concentration of white individuals.

Conclusions

The findings suggest that urban-rural inequality, racial/ethnic disparity and differences in
availability of pharmacies and their services exist between pharmacy deserts and non-
deserts. The methodological approach and analyses used in this study can also be applied
to other public health programs to evaluate the coverage and breadth of public health
services.

Introduction

Elderly use prescription medications more than any other age groups as they are more likely to
have multiple and/or severe chronic conditions and more frequent seasonal illnesses[1,2]. In
the US, elderly use about 25-30% of all prescription medications[3]. An elderly patient takes,
on average, four or five prescription drugs and two over-the-counter (OTC) medications[4].
Elderly people are also more likely to have adverse drug reactions, drug-drug interactions and
medication errors[5-7]. The accessibility to a pharmacy is therefore an important facilitator of
overall health of elderly population.

In addition to dispensing medications, the community pharmacies offer a wide spectrum of
services including patient counselling, screening tests, immunization services, wellness pro-
grams, and education programs[8]. With extended hours of operation, availability of home
delivery of medications, and no need to schedule an appointment for counselling, community
pharmacies are in the unique position being the most accessible than the other healthcare set-
tings. Previous studies have indicated that the pharmacists, in collaboration with physicians
and other health professionals, can improve medication safety[9], promote health, prevent dis-
ease, improve medication adherence[10,11] and other patient outcomes[12] and reduce health
care costs[13]. For example, the group of patients which received medication management
interventions by a community pharmacy had 3% higher medication adherence, 1.8% less hos-
pital admissions, 2.7% less emergency room visits, and 0.53 fewer mean outpatient visits com-
pared to the group of patients which did not receive medication management services from a
community pharmacy[14]. Because of this role, the accessibility to community pharmacies is
critical to ensure proper utilization of medications and adequate delivery of healthcare
services.

Previous studies investigating determinants of access to prescription medications for elderly
focused on physical and psychological patient factors and socio-economic factors such as
income, cost of medication, lack of health insurance and prescription drug coverage[15-17].
In addition to economic factors, geographic accessibility to a community pharmacy is also an
essential determinant of the access to prescription medications as it may affect the older indi-
vidual’s ability to fill prescriptions even in the absence of economic barriers. There are several
State Pharmaceutical Assistance Programs (SPAPs) for older adults which provide free or low-
cost prescription drugs to low-income older individuals[18]. These programs however, require
older individuals to fill their prescriptions in pharmacies which participate in SPAPs. Elderly
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people that live in communities without such pharmacy, or require travelling more to find
such pharmacy, may experience geographic barriers to fill their prescriptions regardless of
their financial access. Recently, the term ‘pharmacy deserts’ was coined based on the concept
of ‘food deserts’ and it refers to geographic areas which lack access to a nearby pharmacy and
where pharmacy services are scarce or difficult to obtain[19]. There is a lack of knowledge
about the pharmacy deserts for an SPAP-enrolled elderly population. It is important to investi-
gate because elderly living in pharmacy deserts may experience greater difficulty in accessing
medications and other pharmacy services, even if economic access to medications was
improved through SPAPs. It may further result in increased medication non-adherence and
ultimately poorer health outcomes and increased healthcare cost.

Spatial analytical methods and Geographic Information Systems (GIS) have been used to
assess the accessibility to pharmacies and mainly focused on the racial/ethnic disparity or
urban-rural inequality [19-26]. In Chicago, pharmacy deserts were predominantly present in
segregated African-American and Hispanic communities as compared to segregated white
and integrated communities. The types of pharmacies available also significantly differed
across communities in 2012; white communities had more chain (58.6% vs. 38%) and less
independent (23.3% vs. 38%) pharmacies than black communities[19]. In New York City
health districts, Cooper et al. also found that white residents had substantially greater geo-
graphical access to pharmacies than black residents[26]. However, Ikram examined accessibil-
ity to pharmacies in Baton Rouge, Louisiana and reported that more African-Americans were
in areas closer to pharmacies, in terms of travel time, as compared to Whites, but these areas
had fewer pharmacies per 10,000 residents[25]. In 2004, Lin compared the geographic accessi-
bility to retail pharmacies for elderly between rural and urban areas in Illinois. This study
found that 93.8% of pharmacies were located in urban areas. The mean number of pharmacies
per 10,000 elderly patients was less in rural areas compared to urban areas. Lin also calculated
the travel distance to nearest pharmacy and found that it was less in urban areas (0.9 miles)
than rural areas (5.9 miles)[24].

Several key concerns can be raised about this earlier research. These studies identified geo-
graphic accessibility to pharmacy based on the ‘centroid approach’ which considers the simple
geographic centroid of a geospatial unit of analysis (for example, census tracts, Zip codes or
census blocks) as the location of the population and measures the straight-line distance
between the centroid and its corresponding nearest facility. Though the ‘centroid approach’ is
commonly used by researchers in locational analysis, it uses aggregated data and does not cal-
culate the distance between the household address of each individual in the population and the
closest pharmacy. This may introduce an error because it is possible that the actual distance
that an individual needs to travel to visit a pharmacy is less than the distance between the cen-
troid and its corresponding nearest pharmacy. Several studies have used density of pharmacies
or population density per pharmacy to examine spatial access to pharmacies[20,21,27]. How-
ever, these measures do not truly measure geographical access to pharmacies. Several studies
measured access as a driving distance. Since driving retirement is inevitable for most elderly
individuals, such measurement methods may not be the best way to evaluate access to pharma-
cies[19,28,29]. Our study, however, identified pharmacy deserts using geospatial methods
based on the distance between the household address and nearest community pharmacy.

Hot spot analysis is a statistically based method used to identify spatial clusters of high and
low values of a phenomenon of interest. Recent studies using this technique have studied geo-
graphic variations in medication adherence[30,31], health care spending[32], locations of
over-the-counter (OTC) syringe-selling pharmacies[33], health disparities in delivery of pri-
mary care[34], availability of healthcare professionals[35] and locations requiring more
Women, Infants, and Children (WIC) program services[36]. To our knowledge, however, hot
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spot analysis has not been employed to identify clusters of pharmacy deserts for elderly
enrolled in SPAPs.

The objective of our study was to identify pharmacy deserts in Pennsylvania for elderly
enrolled in the SPAP. Data were mapped and distances were calculated between the household
address and nearest community pharmacy participating in the SPAP. The study identified the
county-level geographic regions of Pennsylvania that contain clusters of pharmacy deserts.
Additional analysis examined urban-rural inequalities, racial/ethnic disparity and geographic
variation in distribution of different types of community pharmacies and availability of their
services in pharmacy deserts and non-deserts. Findings were intended to provide the Pennsyl-
vania’s SPAP with an evidence base for funds allocation, to inform program decisions for a
subset of counties and census tracts, and to strategically target specific areas and demographic
groups which experience poorer access to community pharmacies.

Materials and methods
Study area and data sources

This study focuses on the state of Pennsylvania, which is a single state in the US that offers two
pharmaceutical assistance programs for elderly[37]. For this study, Pennsylvania was divided
into six geographic regions (Table 1). The U.S 2010 Census definitions for Urban and rural
areas at county level were used for this study.

This cross-sectional study used data obtained from Pennsylvania’s Pharmaceutical Assis-
tance Contract for the Elderly (PACE) and the PACE Needs Enhancement Tier (PACENET)
programs’ database (together referred to as PACE dataset). The PACE and PACENET are
state-funded pharmaceutical assistance programs administered by the Pennsylvania Depart-
ment of Aging that offer low-cost prescription medications to more than 300,000 older adults
with limited incomes[37]. A data use agreement was signed by study investigators prior to
obtaining the data. The study was approved by the University of the Sciences’ Institutional
Review Board.

PACE dataset provided demographic characteristics of the study subjects such as age, sex,
annual household income, marital status, race and ethnicity, along with the street address
where the patient lived at the time of enrollment. Data on community pharmacies (pharmacies
licensed to dispense prescriptions to the public in Pennsylvania) were obtained from PACE
and included the name and type of pharmacy as well as street address of each pharmacy. These
data also provided information about services offered by pharmacy such as delivery services,
emergency delivery services, times and days of operation.

Table 1. Geographic regions and counties in Pennsylvania.

Geographic County
Region

Northeast Bradford, Lackawanna, Luzerne, Lycoming, Pike, Sullivan, Susquehanna, Tioga, Wayne,
Wyoming

Central Cameron, Centre, Clearfield, Clinton, Potter, Union

Northwest Clarion, Crawford, Elk, Erie, Forest, Jefferson, McKean, Mercer, Venango, Warren

Southwest Allegheny, Armstrong, Beaver, Butler, Fayette, Greene, Indiana, Lawrence, Washington,
Westmoreland

Southcentral Bedford, Blair, Cambria, Franklin, Fulton, Huntingdon, Juniata, Mifflin, Northumberland,
Perry, Snyder, Somerset

Southeast Adams, Berks, Bucks, Carbon, Chester, Columbia, Cumberland, Dauphin, Delaware, Lancaster,
Lebanon, Lehigh, Monroe, Montgomery, Montour, Northampton, Philadelphia, Schuylkill,
York

https://doi.org/10.1371/journal.pone.0198173.t001
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Identification of pharmacy deserts

Step 1: Mapping community pharmacies. The list of pharmacies which were licensed to
practice in Pennsylvania and participated in PACE program in 2015 was acquired from PACE.
We included independently pharmacist-owned pharmacies and pharmacies attached to a cor-
porate chain store. They were labeled as “independent pharmacies” and “chain pharmacies”
respectively; and together were referred as “community pharmacies”. As we were interested in
geographic accessibility to community pharmacies which serve non-institutionalized walk-in
elderly individuals, we excluded pharmacies located in nursing homes and hospitals, home
infusion pharmacies, pharmacies that fill prescriptions over internet and mail-order
pharmacies.

The dataset obtained from PACE included the street address of community pharmacies, a
composite of house number, street name, city, state and zip code. The street addresses of com-
munity pharmacies included in the study were geocoded into geographic co-ordinates (longi-
tude and latitude) using ArcGIS 10.5 software (ESRI Redlands, CA). We observed 100%
geocoding matching rate. We then conducted a “point in polygon join” (i.e., reverse geocod-
ing) within the ArcGIS to assign a US 2010 census tract number to each geocoded address
point. Total 2,752 eligible community pharmacies were mapped, of which 36% were indepen-
dent pharmacies and remaining 64% were chain pharmacies.

Step 2: Mapping households of PACE enrollees. Elderly residents of Pennsylvania who
were alive and continuously enrolled in the PACE program for a full year starting January 1,
2015 were included in the study regardless of their disease status. For this study, these subjects
were referred to as ‘enrollees’. Enrollees must have been at least 65 years of age at the time of
enrollment to be included in the study. Enrollees who were institutionalized (e.g., living in
nursing homes or long-term care settings) were excluded because our study intended to calcu-
late the distance between enrollee’s home and nearest community pharmacy. Total 216,350
PACE enrollees were found to be eligible.

The dataset obtained from PACE included the street address of households of enrollees
included in the study, a composite of house number, street name, city, state and zip code.

The street addresses of households were geocoded into geographic co-ordinates (longitude
and latitude) using ArcGIS 10.5 software (ESRI Redlands, CA). Out of eligible PACE enrollees
(n =216,350), 43,383 patients were not geocoded because of missing street addresses. The geo-
coding mapped households of total 172,967 PACE enrollees (geocoding accuracy rate = 75%).
We then conducted a “point in polygon join” (i.e., reverse geocoding) within the ArcGIS to
assign a US 2010 census tract number to each geocoded address point.

Step 3: Distance to a nearest community pharmacy. The distance between household of
enrollee and each community pharmacy (independent or chain pharmacy) in Pennsylvania
were calculated (in miles) using geographic coordinates. These distances were computed for
each enrollee using the ‘haversine’ formula with SAS software, v.9.4 (SAS Institute, Inc., Cary,
NC)[38]:

d = R x arcos(sin(latl) = sin(lat2) + cos(latl) * cos(lat2) * cos(long2 — longl)), (1)

where:
d = Distance from a household of an enrollee to a community pharmacy in miles
R = Polar Radius of earth in miles (3949.99 miles)
Latl = Latitude of enrollee’s household location in radians
Longl = Longitude of enrollee’s household location in radians
Lat2 = Latitude of community pharmacy’s location in radians
Long2 = Longitude of community pharmacy’s location in radians
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Proportion of Pharmacy Deserts (PPD) =

The shortest distance (in miles) was considered as the distance required for an enrollee to
visit a nearest community pharmacy. The haversine formula considers spherical shape of the
earth and is appropriate when two places on the earth are close to each other[39-45]. This
study did not use ‘centroid approach’ as it does not precisely measure proximity. We consid-
ered the fact that enrollees may visit pharmacies in neighboring census tracts within Pennsyl-
vania, however the community boundaries were restricted to the state of Pennsylvania only.
Hence, nearest community pharmacy identified can be in the same or neighboring census
tract in Pennsylvania.

Step 4: Identifying pharmacy deserts. Details of sociodemographic characteristics and
distance to a nearby community pharmacy for enrollees were aggregated at Census Tract level.
A census tract was designated as a ‘pharmacy desert’ if it had more than 33% of enrollees living
more than 1 mile from a nearby community pharmacy [19]. Census tracts which had house-
holds of enrollees but were not considered as pharmacy deserts according to the aforemen-
tioned criteria, were denoted as ‘pharmacy non-deserts’. For the purpose of this study, we
opted to define ‘pharmacy deserts” at U.S. Census 2010 tracts level because they cover well-
defined small geographic area, provide more granularity and have definite boundaries[27,46].
In addition, the concept of ‘pharmacy deserts’ is based on the ‘food deserts’ which have been
defined at census tract level by the US Department of Agriculture and the Centers for Disease
Control and Prevention[47,48].

At county level, proportion and percentage of pharmacy deserts were calculated:

Number of census tracts identified as pharmacy deserts in a county

(2)

Total number of census tracts present in a county

Percentage of pharmacy deserts = PPD x 100, (3)

Statistical analysis

Basic descriptive statistics for sociodemographic characteristics of enrollees were estimated.
Population density was calculated for pharmacy deserts and pharmacy non-deserts by dividing
the number of enrollees residing in those areas by respective land areas in square miles. For
comparing socioeconomic and demographic characteristics between enrollees residing in
pharmacy deserts and pharmacy non-deserts, t-tests for continuous variables and Chi-square
tests for categorical variables were used. Total pharmacy density was computed per 100 enroll-
ees for pharmacy deserts and pharmacy non-deserts by dividing total number of pharmacies
in the community (pharmacy deserts or pharmacy non-deserts) by the total number of enroll-
ees living in the community. Similarly, the density of independent and chain pharmacies per
100 enrollees was computed for pharmacy deserts and pharmacy non-deserts. The pharmacy
densities and frequency distribution of services offered by community pharmacies in phar-
macy deserts and pharmacy non-deserts were compared using t-test and chi-square test. All
statistical analyses were performed using SAS 9.4 software (Cary, NC). All comparisons had
statistical significance at levels < 0.05.

We used descriptive GIS mapping techniques to assess the spatial distribution of pharmacy
deserts at the state and county levels. We explored the density of PACE enrollees per square
mile and percentages of pharmacy deserts at county level with thematic maps. Proportion of
Pharmacy Deserts, percentages of PACE enrollees by racial and ethnic groups and densities of
independent and chain pharmacies per 100 PACE enrollees were computed at county level.

To determine the location of statistically significant clusters of pharmacy deserts at county
level, hot spot analysis was conducted using ArcGIS 10.5 software (ESRI Redlands, CA). This
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spatial analysis calculates Getis-ORD Gi* statistic for each feature (e.g., county), within the
context of neighboring features and against all features in the dataset, and results in a z-score
and p-value. From this, one can determine an area of high or low occurrence and if that result
is too great to be due to chance. A small negative z-score and a small p-value indicates a statis-
tically significant low-value clusters (cold spots) of a phenomenon of interest. The local mean
for a feature along with its neighbors is compared with the mean of all features (e.g., all coun-
ties in a state). When the local mean is much different than the expected global mean and the
magnitude of difference is too great to be due to chance, a statistically significant z-score
results that indicates a hot spot cluster[49].

In the current study, the hot spot analysis tool calculated Getis-ORD Gi* statistic for each
county and resulted in a z-score and p value. The larger the z-score, the more concentrated the
clustering of high values (hot spot). The lower the z-score, the more concentrated the cluster-
ing of low values (cold spot). While determining the statistically significant clusters of phar-
macy deserts, hot spots refer to higher PPD, while cold spots refer to lower PPD. A county
with a z-score that is neither high nor low is considered neutral and it was not statistically sig-
nificantly different from its neighbors. Similarly, hot spot analysis was conducted to determine
the statistically significant clusters of higher densities of chain and independent pharmacies in
Pennsylvania. Hot spots refer to counties with higher densities of chain and independent phar-
macies and cold spots refer to lower densities of chain and independent pharmacies. Hot spot
analysis was also conducted to determine the locations of statistically significant clusters of
enrollees of specific racial and ethnic group, where hot spots and cold spots refer to higher and
lower percentage of enrollees with particular race or ethnicity respectively.

Results
I. Spatial distribution and hot spot analysis of pharmacy deserts

Fig 1 shows the distribution of all community pharmacies which participated in PACE pro-
gram in 2015 by geographic regions in Pennsylvania. The visual depiction shows that the clus-
ters of pharmacies were prominent in Southeast and Southwest regions of Pennsylvania.

The distance to the nearest community pharmacy was calculated for a total of 172,967
enrollees living in 3,013 of the 3,218 total census tracts in Pennsylvania. Of these, 1,183 (39%)
census tracts, which included 69,555 enrollees, were identified as pharmacy deserts and 1,830
(61%) census tracts, which included 103,412 enrollees, were identified as pharmacy non-
deserts (p-value < 0.001). For a list of census tracts which were identified as pharmacy deserts
and pharmacy non-deserts, refer to S1 File.

There are Total 67 counties in Pennsylvania. Each county had at least one pharmacy desert
(which was defined at census tract level). The percent of pharmacy deserts at county level in
the state, which represents the geographic accessibility of pharmacies, is shown visually in Fig
2. It illustrates that pharmacy deserts were more prevalent among counties located in South-
central (Somerset, Bedford, Fulton, Huntingdon, Juniata, Perry, Snyder), Northeast (Tioga,
Sullivan, Susquehanna, Wyoming and Wayne), Central (Potter) and Northwest (Warren, For-
est and Clarion) regions in Pennsylvania. Though pharmacy deserts were comparatively less
within counties in Southeast and Southwest regions, there were total 15 counties (Carbon,
Monroe, Schuylkill, Columbia, Montour, Lebanon, York, Chester, Butler, Armstrong, Indiana,
Washington, Greene, Westmoreland, Fayette), which had more than 50% census tracts identi-
fied as pharmacy deserts. Fig 3 shows the distribution of urban and rural areas at county level
in Pennsylvania. Comparison of Figs 2 and 3 indicates that the pharmacy deserts are more
prevalent in rural counties. More details specific at county level are provided in Supporting
Information Files section [see S2 File].
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Fig 1. Pharmacy locations in Pennsylvania by geographic regions, 2015.

https://doi.org/10.1371/journal.pone.0198173.g001

Results from hot spot analysis at the county level portray a detailed picture of the statisti-
cally significant clusters of pharmacy deserts (Fig 4). In statewide analyses (67 counties), we
found statistically significant hot spot clusters (Red shading) in 31 counties, with the highest
proportion of pharmacy deserts (dark red) having a mean PPD of 0.74 + 0.18 for 14 counties;
and the light red with an average PPD of 0.72 + 0.24 for 17 counties. Significant cold spot clus-
ters (blue shading) existed in 17 counties, with the lowest PPD (dark blue) in 5 counties (mean
PPD = 0.25 + 0.23); and light blue with a mean PPD of 0.45 + 0.15 for 12 counties. Total 19
(28.4% of 67) counties (yellow colored) had statistically non-significant PPD with mean PPD
of 0.57 £ 0.16.

Fig 4 also indicates that hot spots (with higher PPD in a county) tended to be in the north-
ern counties of the state, while the southern part of the state had a mix of hot (higher PPD)
and cold (lower PPD) spots. The greatest concentration of cold spots was in the southeast and
southwest region of the state. These regions represent many of the urban areas of the state con-
taining higher density of PACE enrollees (Figs 3 and 5). The hot spots were more concentrated
in southcentral, northwest and northeast regions of the state. The counties included in the hot
spots were rural areas containing lower density of PACE enrollees (Figs 3 and 5). However,
Lackawanna and Erie counties were the exceptional hot spots as they were urban areas with
higher density of PACE enrollees.
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Fig 2. A quartile map of percent of pharmacy deserts at county level in Pennsylvania, 2015.
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II. Socioeconomic inequalities, racial/ethnic minority hot spots and
pharmacy deserts

Table 2 provides the selected socio-economic and demographic characteristics of the sampled
enrollees living in identified pharmacy deserts and pharmacy non-deserts in Pennsylvania.
The population was predominantly female (71%) and most enrollees were white (84%).
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Fig 3. Urban and rural counties in Pennsylvania, 2015.

https://doi.org/10.1371/journal.pone.0198173.g003
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Enrollees living in pharmacy deserts were slightly younger than enrollees living in pharmacy
non-deserts (78.5 years vs. 78.8 years, p < 0.0001). Median annual household income was sig-
nificantly higher for enrollees living in pharmacy deserts than those living in pharmacy non-
deserts ($17,517 vs. $16,223 p <0.0001). Pharmacy deserts were more likely to have males
(31%), married (33%), white (93%) and non-Hispanic (99%) enrollees as compared to phar-
macy non-deserts.

The results of hot spot analyses (Fig 6) showed that African American hot spots (red coun-
ties representing higher percentage of black enrollees) were mainly concentrated in Southeast
and Southwest regions (Fig 6B). On the contrary, white cold spots (blue counties representing
lower percentage of white population) were found to be in those regions (Fig 6A). Enrollees
who were identified as ‘Other’ race were concentrated in east part of Southeast region of Penn-
sylvania (Fig 6C). Hispanic hot spots were also concentrated in Southeast region of the state
(Fig 6D). Based on the maps (Figs 4 and 6), it is evident that pharmacy deserts are less preva-
lent in minority communities and more concentrated in counties with higher percentage of
white population.

ITII. Pharmacy deserts and accessibility to community pharmacies and their
services

There were total 3,195 pharmacies in Pennsylvania which participated in the PACE program
in 2015. After excluding pharmacies which were not independent or chain pharmacies, we
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found that there were 2,752 pharmacies in Pennsylvania, of which only 24% pharmacies were
present in pharmacy deserts (Table 3).

Table 3 describes the characteristics of community pharmacies and services present in iden-
tified pharmacy deserts and pharmacy non-deserts in the state of Pennsylvania. Independent
and chain pharmacies were more likely to be found in the pharmacy non-deserts than phar-
macy deserts (p < 0.0001). Fig 7 depicts the statistically significant clusters of different types of
community pharmacies at county level. Hot spot clusters of chain pharmacies (Fig 7A) were
found to be in Southeast and Southwest regions, exactly where pharmacy non-deserts are
more prevalent (Fig 4). Cold spots of chain pharmacies were concentrated in the regions
including counties with high proportion of pharmacy deserts (Figs 4 and 7A). Hot spot clusters
of independent pharmacies were prevalent among counties with both more PPD (Northeast
and Northwest regions) as well as less PPD (Southeast region) (Figs 4 and 7B). For more details
about the accessibility to pharmacies in each census tract is provided in S1 File.

From Table 3 Pharmacy deserts were less likely to have delivery services (28.3% vs. 37.0%,

p <0.0001) and 24-hours services (1.2% vs. 0.3%, p = 0.0192) than pharmacy non-deserts.
However, there was no significant difference in the presence of emergency delivery services
and everyday services offered in pharmacies located in pharmacy deserts and pharmacy non-
deserts.

We found that each pharmacy located in pharmacy deserts had to provide service to more
enrollees than a pharmacy located in pharmacy non-deserts (107 vs. 49, respectively). There
was a significant difference in distance to nearest pharmacy between enrollees residing in
pharmacy deserts and pharmacy non-deserts (p = <0.0001), with enrollees living in pharmacy
deserts having to travel more to visit the nearest pharmacy as compared to those living in phar-
macy non-deserts (median = 2.09 miles vs. 0.36 miles respectively). For the mean distance to
nearest community pharmacy for each census tract in Pennsylvania, see S1 File.
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Table 2. Socio-economic and demographic characteristics of the sampled enrollees by community type, 2015.

Variable Level Total Pharmacy Deserts | Pharmacy Non-deserts | p-value
N % N % N %
Total number of enrollees - 172,967 - 69,555 - 103,412 - -
Population density per square mile - 15.05 - 1.72* - 28.38° - -
Age at enrollment in PACE (in years) Mean (S.D) 78.73 (£7.58) 78.50 (+7.40) 78.88 (+7.69) <0.0001"
Annual household income (in USD) Median (IQR) 16,715 (7,632) 17,517 (8,170) 16,223 (7,259) <0.0001"
Sex Male 49,631 28.7 21,804 31.4 27,827 26.91 <0.0001?
Female 123,336 71.3 47,751 68.6 75,585 73.09
Marital Status Single/Widowed 105,846 61.2 38,980 56.0 66,866 64.7 <0.0001°
Married 44,609 25.8 23,064 33.2 21,545 20.8
Divorced 18,896 10.8 6,370 9.2 12,226 11.8
Married but living separately 3,916 2.3 1,141 1.6 2,775 2.7
Race White 145,177 83.9 64,532 92.8 80,645 77.9 <0.0001°
African American 13,072 7.6 704 1.0 12,368 11.9
Other? 1,943 1.12 416 0.2 1,527 1.5
Multiple 777 0.5 197 0.3 580 0.6
Unknown 11,998 6.9 3,706 53 8,292 8.0
Ethnicity Hispanic 2,964 1.7 511 0.7 2,453 2.4 <0.0001%
Non-Hispanic 170,003 98.3 69,044 99.3 100,959 97.6

"T-test was statistically significant at o = 0.05

2Chi-square test was statistically significant at o = 0.05

*Includes American Indian and Alaska Native, Asian, Pacific Islander and other
*Total land area of census tracts defined as pharmacy deserts = 40,461.4 sq. miles

PTotal land area of census tracts defined as pharmacy non-deserts = 3,644.2 sq. miles

https://doi.org/10.1371/journal.pone.0198173.t1002

Discussion

The results of these analyses identified pharmacy deserts and investigated availability of differ-
ent types of community pharmacies and their services, that can affect geographic access to
medications and other services offered by community pharmacies for elderly even if their eco-
nomic access was improved by being enrolled in SPAPs. The study findings confirm the pres-
ence of spatial heterogeneity in data. The results can be used to inform interventions aimed at
improving access to prescription medications and community pharmacies and SPAP program
management by targeting specific geographic areas which need more attention, rather than
delivering interventions to the entire study area. The results can also be used as a guide for
resource allocation decisions, target outreach efforts, and help guide public health policy and
program enhancement decisions. The methodological approach and analyses demonstrated
here for PACE program can also be applied to other public health programs in the US and
globally to evaluate the coverage and breadth of public health services. Several states in coun-
tries around the world, such as New Zealand, Brazil, and Canada, are currently experiencing
similar problems associated with geographic accessibility to community pharmacies[20,28,50].

This study detected clusters of pharmacy deserts at county level in the southcentral, north-
west and northeast regions of the state. These clusters of high proportion of PPD appeared to
parallel areas of low densities of PACE enrollees, while the clusters of low PPD appeared to
overlap with areas of high densities of PACE enrollees. County-level hot spot analysis
highlighted locations in which the PACE directors could consider outreaching to more com-
munity pharmacies to participate in the SPAP, or the state government could consider
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Fig 6. County-specific hot spot maps for the percentage of PACE enrollees by racial-ethnic group in Pennsylvania, 2015: (A) White; (B) Black; (C) ‘Other’
including Asian, American Indian and Alaska Native, Pacific Islander and other; (D) Hispanic.

https://doi.org/10.1371/journal.pone.0198173.9g006

providing incentives to increase the number of community pharmacies on the local level. Con-
versely, statistically significant cold spots highlighted regions in which expanded PACE ser-
vices or more number of pharmacies may not have been needed and in which PACE may have
been adequately serving those communities’ needs. Further research needs to be done to inves-
tigate whether the coverage of PACE services and number of community pharmacies are ade-
quate to serve neighborhood’ needs in pharmacy deserts and non-deserts.

The clusters of pharmacy deserts were located in rural areas and pharmacy non-deserts
were more prevalent in urban areas. These findings are consistent with the findings of the pre-
vious studies that residents of rural areas generally have to travel more to visit a pharmacy[24].
Pharmacy deserts were found to have fewer blacks and Hispanics and more white individuals
compared to pharmacy non-deserts. Hot spot analysis also indicated that the counties with
lower PPD mostly overlapped with counties with less percentage of PACE enrollees of racial
and ethnic minority groups. These findings are contradictory to results found in other studies,
which have demonstrated that the racial and ethnic minority communities generally have low
access to pharmacies and other community services as compared to whites[19,26]. This can be
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Table 3. Access to community pharmacies in pharmacy deserts and pharmacy non-deserts in Pennsylvania, 2015.

Characteristics of Community Pharmacies Total Pharmacy Deserts Pharmacy Non-deserts p-value
Total number of community pharmacies, n (%) 2,752 648 (24) 2,104 (76) -
Total pharmacy density per 100 enrollees (mean + S.D) 3.33 £ 14.67 1.76 + 6.32 4.34 + 18.06 <0.0001"
Density of Independent pharmacy per 100 enrollees 1.16 £ 6.74 0.59 +3.92 1.53 £8.04 <0.0001"
(mean + S.D)
Density of Chain pharmacy per 100 enrollees 216 £11.25 1.17 + 4.81 2.80 + 13.87 <0.0001"
(mean + S.D)
Delivery Service, n (%) Yes 965 (34.9) 184 (28.3) 781 (37.0) <0.0001%
(Missing values = 443) No 1,355 (49.0) 362 (55.7) 993 (46.9)
Emergency Delivery Service, n (%) Yes 1,243 (45.0) 291 (44.8) 952 (45.1) 0.8489
(Missing values = 442) No 1,078 (39.0) 256 (39.4) 822 (38.9)
Everyday Service, n (%) Yes 1,385 (50.1) 337 (51.8) 1,048 (49.6) 0.2826
(Missing values = 445) No 933 (33.8) 209 (32.2) 724 (34.3)
24-Hours Service Yes 32(1.2) 2(0.3) 30 (1.4) 0.0192%
(Missing values = 450) No 2,281 (82.6) 543 (83.5) 1,738 (82.3)
Total number of enrollees per pharmacy (n) 63 107 49 -
Distance to nearest pharmacy in miles, median (range) 0.59 (0.29-1.55) 2.09 (1.08-3.92) 0.36 (0.20-0.58) 0.0001"

"T-test was statistically significant at o. = 0.05
%Chi-square test was statistically significant at o = 0.05

https://doi.org/10.1371/journal.pone.0198173.t003

explained by the fact that PACE enrollees belonging to racial/ethnic minority groups were pre-
dominantly located in urban areas where pharmacy deserts were found to be less.
Pharmacy deserts had less total pharmacy density and less chain pharmacy density per 100
enrollees than pharmacy non-deserts. This finding is consistent with past studies which have
shown that pharmacy owners, particularly chain pharmacies, generally make decisions about
market entry and exit based on the population density and income status of the community
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[51,52]. Hot spot analysis also showed that clusters of high density of chain pharmacies were
located in pharmacy non-deserts, which are urban areas. The results can be used to target
interventions at these geographic areas to attract more chain pharmacies to participate in the
PACE program. Pharmacy deserts had fewer independent pharmacies as compared to phar-
macy non-deserts per 100 enrollees. This may be explained by the idea that independent phar-
macies may have closed their business in pharmacy deserts due to competition with chain
pharmacies and low population density. Hot spot maps, however, revealed that clusters of
higher density of independent pharmacies were located in both urban and rural counties. Fur-
ther research is needed to study whether distribution of different types of pharmacies present
in pharmacy deserts and pharmacy non-deserts is parallel with the communities’ needs. More
delivery services in pharmacy non-deserts than pharmacy deserts can be explained by the
higher number of independent pharmacies which generally provide such services to thrive in
competition with chain pharmacies. Fewer 24-hour pharmacies in pharmacy deserts, despite
having more chain pharmacies than non-deserts, can be explained by the low population den-
sity. However, the results of distribution of pharmacy services across pharmacy deserts and
non-deserts should be analyzed with caution considering the missing data.

Our study only included elderly enrolled in PACE and examined their accessibility to phar-
macies in PACE network. As our study did not involve out-of-network pharmacies, where
PACE enrollees are not allowed to fill their prescriptions through SPAP, possible edge effect
has been removed. It is important to note some limitations of the study. This study has used
the distance calculated based on the haversine formula which considers spherical shape of the
earth to identify the nearest pharmacy and did not measure the driving or walking distance
(over the road networks) people travel. Hence, it is possible that when the road network and
transportation means available in the city are considered, the nearest pharmacy identified by
our method may be more inconvenient or even farther. The future research should consider
total network travel distance and time while identifying geographic accessibility to a commu-
nity pharmacy. Future researchers should consider the means of travel such as foot, public
transit, private vehicle and driving distance while calculating network distance or time. It is
also possible that study participants could have moved to a different address from what was
recorded in the dataset later in the year. We also assumed that patients refilled their prescrip-
tions only at the pharmacy nearest to their residences. Though it is a logical assumption, we
cannot be completely certain that it is true. Patients may choose a pharmacy which is located
on their journey, where medications are available, or based on the referrals and past experi-
ences with the pharmacy services. Market dynamics including competition between supplies
and availability of frequently prescribed medications may also affect patient’s accessibility to
medications even though a pharmacy is located nearby patient’s residence. Future researchers
should consider these factors while developing the criteria for pharmacy deserts. Patients may
refill their prescriptions in pharmacies located in hospitals, nursing homes, physician offices
or long-term care facilities, however, they were not considered in this study. Since this study
focused on access to community pharmacies used by elderly residents, we did not consider
other avenues of acquiring prescription medications, such as via internet, mail-order or
through family member or social network member.

Our study extends findings from previous research that focused on access to health care
and to medications for elderly, a vulnerable population. Knowing the geographic locations
of “hot spots” of pharmacy deserts is critical to improve the geographic accessibility to phar-
macies in the communities and help in increasing intervention efficiency. Future research
investigating the effect of pharmacy deserts and availability of different types of community
pharmacies and pharmacy services on the health outcomes such as medication adherence
rates, healthcare costs and utilization is highly warranted.
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Conclusions

To the best of our knowledge, this study is the first to report pharmacy deserts and availability
of community pharmacies and their services for elderly enrolled in a SPAP and our methodo-
logical approach should be reasonably generalizable to other public health programs globally.

The findings of our study suggest that geographic access to a nearby community pharmacy,
the type of pharmacy and pharmacy services vary significantly across pharmacy deserts and
pharmacy non-deserts. This study shows the need for improvements in the distribution of
pharmaceutical services in rural areas. The findings of this study also showed that racial and
ethnic disparities exist in geographic accessibility to a nearby pharmacy for elderly. Moreover,
additional studies are required to better understand the relationship between pharmacy deserts
and healthcare utilization and costs to develop effective strategies to achieve equitable access to
medications and pharmacy services in disadvantaged communities.

Supporting information

S1 File. Sociodemographic characteristics and geographic accessibility to a community
pharmacy for the census tracts in Pennsylvania, 2015. S1 File contains details at Census
Tracts level of Pennsylvania for 2015 in terms of County name in which it is located, geo-
graphic information such as land area per sq. mile, pharmacy desert status and mean distance
to nearest pharmacy; socio-demographic details of PACE enrollees living in the Census Tract;
and information about different types of community pharmacies.

(XLSX)

S2 File. Sociodemographic characteristics and geographic accessibility to a community
pharmacy for counties in Pennsylvania, 2015. S2 File contains details at County level of
Pennsylvania for 2015 in terms of geographic region in which it is located, other geographic
information such as land area per sq. mile, urban-rural designation, percent of pharmacy
deserts and mean distance to nearest pharmacy; socio-demographic details of PACE enrollees
living in the County; and information about different types of community pharmacies.
(XLSX)

Acknowledgments

We thank Debra Heller for her support in data collection. The authors would like to thank the
reviewers for their helpful comments on the original version of this paper.

Author Contributions
Conceptualization: Andrew Peterson.
Data curation: Priti Pednekar.

Formal analysis: Priti Pednekar.
Investigation: Priti Pednekar.
Methodology: Priti Pednekar.

Project administration: Priti Pednekar.
Resources: Andrew Peterson.

Software: Priti Pednekar, Andrew Peterson.

Supervision: Andrew Peterson.

PLOS ONE | https://doi.org/10.1371/journal.pone.0198173  June 4, 2018 16/19


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0198173.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0198173.s002
https://doi.org/10.1371/journal.pone.0198173

@° PLOS | ONE

Pharmacy deserts and accessibility to pharmacy services

Validation: Andrew Peterson.

Visualization: Priti Pednekar.

Writing - original draft: Priti Pednekar.

Writing - review & editing: Andrew Peterson.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Kantor ED, Rehm CD, Haas JS, Chan AT, Giovannucci EL. Trends in Prescription Drug Use Among
Adults in the United States From 1999-2012. JAMA. 2015; 314: 1818. https://doi.org/10.1001/jama.
2015.13766 PMID: 26529160

Linjakumpu T, Hartikainen S, Klaukka T, Veijola J, Kivela SL, Isoaho R. Use of medications and poly-
pharmacy are increasing among the elderly. J Clin Epidemiol. 2002; 55: 809-817. https://doi.org/10.
1016/S0895-4356(02)00411-0 PMID: 12384196

Divine H. Medication use in the elderly [Internet]. [cited 14 Oct 2017]. http://www.cecentral.com/assets/
2634/020-Divine.pdf

Wooten James G J. Polypharmacy: Keeping the elderly safe [Internet]. 2005 [cited 14 Oct 2017]. http://
www.modernmedicine.com/content/polypharmacy-keeping-elderly-safe

Fialova D, Onder G. Medication errors in elderly people: Contributing factors and future perspectives.
British Journal of Clinical Pharmacology. 2009. pp. 641-645. https://doi.org/10.1111/j.1365-2125.2009.
03419.x PMID: 19594531

Hines LE, Murphy JE. Potentially Harmful Drug—Drug Interactions in the Elderly: A Review. Am J Geriatr
Pharmacother. 2011; 9: 364—377. https://doi.org/10.1016/j.amjopharm.2011.10.004 PMID: 22078863

Pretorius RW, Gataric G, Swedlund SK, Miller JR. Reducing the risk of adverse drug events in older
adults. Am Fam Physician. 2013; 87: 331-336. PMID: 23547549

Melton B, Lai Z. Review of community pharmacy services: what is being performed, and where are the
opportunities for improvement? Integr Pharm Res Pract. 2017; Volume 6: 79-89. https://doi.org/10.
2147/IPRP.S107612 PMID: 29354554

Spears T. Community Pharmacists Play Key Role in Improving Medication Safety. In: Pharamcy Times
[Internet]. 2010 [cited 14 Oct 2017]. http://www.pharmacytimes.com/publications/issue/2010/
november2010/communitypharmacists_medsafety

Smith M, Bates DW, Bodenheimer T, Cleary PD. Why pharmacists belong in the medical home. Health
Affairs. 2010. pp. 906—913. https://doi.org/10.1377/hlthaff.2010.0209 PMID: 20439879

Tan ECK, Stewart K, Elliott RA, George J. Pharmacist consultations in general practice clinics: The
Pharmacists in Practice Study (PIPS). Res Soc Adm Pharm. 2014; 10: 623-632. https://doi.org/10.
1016/j.sapharm.2013.08.005 PMID: 24095088

Delolme M-P, Law-Ki A, Belon J-P, Creuzot-Garcher C, Bron A. [Role of community pharmacist in the
management of patients in ophthalmology]. J Fr Ophtalmol. 2011; 34: 168—174. https://doi.org/10.1016/
j.jfo.2010.11.003 PMID: 21388708

Kieran Dalton SB. Role of the pharmacist in reducing healthcare costs: current insights. Integr Pharm
Res Pract. 2016; 6: 37—46. https://doi.org/10.2147/IPRP.S108047

Akinbosoye OE, Taitel MS, Grana J, Hill J, Wade RL. Improving Medication Adherence and Health
Care Outcomes in a Commercial Population through a Community Pharmacy. Popul Health Manag.
2016; 19: 454—-461. https://doi.org/10.1089/pop.2015.0176 PMID: 27035728

Xu KT, Smith SR, Borders TF. Access to prescription drugs among noninstitutionalized elderly people
in west Texas. Am J Heal Pharm. 2003; 60: 675—682.

Morgan S, Kennedy J. Prescription drug accessibility and affordability in the United States and abroad.
Issue Brief (Commonw Fund). 2010; 89: 1-12. Available: http://www.ncbi.nim.nih.gov/pubmed/
20614652%5Cnhttp://www.commonwealthfund.org/publications/issue-briefs/2010/jun/prescription-
drug-accessibility-and-affordability-in-the-united-states-and-abroad

Dombrower H, Izukawa TA, Veinish SL. Factors affecting access to drug therapy in the elderly. Drugs
Aging. 1998; 13: 303-309. https://doi.org/10.2165/00002512-199813040-00006 PMID: 9805211

Prescription Assistance Programs for Seniors [Internet]. [cited 14 Oct 2017]. https://www.ncoa.org/
economic-security/benefits/prescriptions/spaps-paps/

Qato DM, Daviglus ML, Wilder J, Lee T, Qato D, Lambert B. “Pharmacy deserts” are prevalent in
chicago’s predominantly minority communities, raising medication access concerns. Health Aff. 2014;
33: 1958—-1965. https://doi.org/10.1377/hlthaff.2013.1397 PMID: 25367990

PLOS ONE | https://doi.org/10.1371/journal.pone.0198173  June 4, 2018 17/19


https://doi.org/10.1001/jama.2015.13766
https://doi.org/10.1001/jama.2015.13766
http://www.ncbi.nlm.nih.gov/pubmed/26529160
https://doi.org/10.1016/S0895-4356(02)00411-0
https://doi.org/10.1016/S0895-4356(02)00411-0
http://www.ncbi.nlm.nih.gov/pubmed/12384196
http://www.cecentral.com/assets/2634/020-Divine.pdf
http://www.cecentral.com/assets/2634/020-Divine.pdf
http://www.modernmedicine.com/content/polypharmacy-keeping-elderly-safe
http://www.modernmedicine.com/content/polypharmacy-keeping-elderly-safe
https://doi.org/10.1111/j.1365-2125.2009.03419.x
https://doi.org/10.1111/j.1365-2125.2009.03419.x
http://www.ncbi.nlm.nih.gov/pubmed/19594531
https://doi.org/10.1016/j.amjopharm.2011.10.004
http://www.ncbi.nlm.nih.gov/pubmed/22078863
http://www.ncbi.nlm.nih.gov/pubmed/23547549
https://doi.org/10.2147/IPRP.S107612
https://doi.org/10.2147/IPRP.S107612
http://www.ncbi.nlm.nih.gov/pubmed/29354554
http://www.pharmacytimes.com/publications/issue/2010/november2010/communitypharmacists_medsafety
http://www.pharmacytimes.com/publications/issue/2010/november2010/communitypharmacists_medsafety
https://doi.org/10.1377/hlthaff.2010.0209
http://www.ncbi.nlm.nih.gov/pubmed/20439879
https://doi.org/10.1016/j.sapharm.2013.08.005
https://doi.org/10.1016/j.sapharm.2013.08.005
http://www.ncbi.nlm.nih.gov/pubmed/24095088
https://doi.org/10.1016/j.jfo.2010.11.003
https://doi.org/10.1016/j.jfo.2010.11.003
http://www.ncbi.nlm.nih.gov/pubmed/21388708
https://doi.org/10.2147/IPRP.S108047
https://doi.org/10.1089/pop.2015.0176
http://www.ncbi.nlm.nih.gov/pubmed/27035728
http://www.ncbi.nlm.nih.gov/pubmed/20614652%5Cnhttp://www.commonwealthfund.org/publications/issue-briefs/2010/jun/prescription-drug-accessibility-and-affordability-in-the-united-states-and-abroad
http://www.ncbi.nlm.nih.gov/pubmed/20614652%5Cnhttp://www.commonwealthfund.org/publications/issue-briefs/2010/jun/prescription-drug-accessibility-and-affordability-in-the-united-states-and-abroad
http://www.ncbi.nlm.nih.gov/pubmed/20614652%5Cnhttp://www.commonwealthfund.org/publications/issue-briefs/2010/jun/prescription-drug-accessibility-and-affordability-in-the-united-states-and-abroad
https://doi.org/10.2165/00002512-199813040-00006
http://www.ncbi.nlm.nih.gov/pubmed/9805211
https://www.ncoa.org/economic-security/benefits/prescriptions/spaps-paps/
https://www.ncoa.org/economic-security/benefits/prescriptions/spaps-paps/
https://doi.org/10.1377/hlthaff.2013.1397
http://www.ncbi.nlm.nih.gov/pubmed/25367990
https://doi.org/10.1371/journal.pone.0198173

@° PLOS | ONE

Pharmacy deserts and accessibility to pharmacy services

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.

Fernandes BD, Lirio AF, De Freitas RR, Melchiors AC. Use of Spatial Analysis to Assess Geographic
Accessibility of Community Pharmacies in Sdo Mateus. Pharmacol Pharm. 2013; 4: 438—442.

Ward K, Sanders D, Leng H, Pollock AM. Assessing equity in the geographical distribution of commu-
nity pharmacies in South Africa in preparation for a national health insurance scheme. Bull World Health
Organ. 2014; 92: 482—-489. https://doi.org/10.2471/BLT.13.130005 PMID: 25110373

Casey MM, Klingner J, Moscovice |. Pharmacy services in rural areas: is the problem geographic
access or financial access? J Rural Heal. 2002; 18: 467-477.

Green CR, Ndao-Brumblay SK, West B, Washington T. Differences in prescription opioid analgesic
availability: Comparing minority and white pharmacies across Michigan. J Pain. 2005; 6: 689-699.
https://doi.org/10.1016/j.jpain.2005.06.002 PMID: 16202962

Lin SJ. Access to community pharmacies by the elderly in lllinois: A geographic information systems
analysis. J Med Syst. 2004; 28: 301-309. hitps://doi.org/10.1023/B:JOMS.0000032846.20676.94
PMID: 15446619

Ikram SZ, Hu Y, Wang F. Disparities in Spatial Accessibility of Pharmacies in Baton Rouge, Louisiana.
Geogr Rev. 2015; 105: 492-510. https://doi.org/10.1111/j.1931-0846.2015.12087 .x

Cooper HLF, Bossak BH, Tempalski B, Friedman SR, Des Jarlais DC. Temporal trends in spatial
access to pharmacies that sell over-the-counter Syringes in New York city health districts: Relationship
to local racial/ethnic composition and need. J Urban Heal. 2009; 86: 929-945. https://doi.org/10.1007/
$11524-009-9399-7 PMID: 19911283

Amstislavski P, Matthews A, Sheffield S, Maroko AR, Weedon J. Medication deserts: survey of neigh-
borhood disparities in availability of prescription medications. Int J Health Geogr. 2012; 11: 48. https://
doi.org/10.1186/1476-072X-11-48 PMID: 23137192

Law MR, Dijkstra A, Douillard JA, Morgan SG. Geographic Accessibility of Community Pharmacies in
Ontario. Healthc Policy. 2011; 6: 36—45. https://doi.org/10.12927/hcpol.2011.22097 PMID: 22294990

Strauss K, MacLean C, Troy A, Littenberg B. Driving distance as a barrier to glycemic control in diabe-
tes. J Gen Intern Med. 2006; 21: 378-380. https://doi.org/10.1111/j.1525-1497.2006.00386.x PMID:
16686817

Hoang C, Kolenic G, Kline-Rogers E, Eagle KA, Erickson SR. Mapping geographic areas of high and
low drug adherence in patients prescribed continuing treatment for acute coronary syndrome after dis-
charge. Pharmacotherapy. 2011; 31: 927-933. https://doi.org/10.1592/phco.31.10.927 PMID:
21950639

Erickson SR, Lin YT. Geospatial analysis of statin adherence using pharmacy claims data in the State
of Michigan. J Manag Care Pharm. 2014; 20: 1208-1215. Available: https://www.scopus.com/inward/
record.uri?eid=2-s2.0-84925378085&partnerD=40&md5=2b7b70212d12d1ddd755c65d8acc3f19

Holzer J, Canavan M, Cherlin E, Bradley E. Health Hot Spots: Mapping Hospital Costs and Social
Determinants of Health. Open J Prev Med. 2014; 4: 717-722. https://doi.org/10.4236/0jpm.2014.49081

Stopka TJ, Geraghty EM, Azari R, Gold EB, DeRiemer K. Factors associated with presence of pharma-
cies and pharmacies that sell syringes over-the-counter in Los Angeles county. Journal of Urban Health.
2013. pp. 1079-1090. https://doi.org/10.1007/s11524-013-9798-7 PMID: 23567984

Hardt N. Neighborhood-Level Hot Spot Maps to Inform Delivery of Primary Care and Allocation of Social
Resources. Perm J. 2013; 17: 4-9. hitps://doi.org/10.7812/TPP/12-090 PMID: 23596361

Bejleri |, Steiner R, Neff D, Harman J, Lutz B, Yoon S, et al. Informing planning to address health care
disparities: Assessing spatial accessibility to health care using GIS analysis. CUPUM 2015 - 14th Inter-
national Conference on Computers in Urban Planning and Urban Management. 2015.

Stopka TJ, Krawczyk C, Gradziel P, Geraghty EM. Use of spatial epidemiology and hot spot analysis to
target women eligible for prenatal women, infants, and children services. Am J Public Health. 2014;
104. https://doi.org/10.2105/AJPH.2013.301769 PMID: 24354821

State Pharmaceutical Assistance Programs. In: Medicare Rights Center [Internet]. 2017. https://www.
medicareinteractive.org/pdf/SPAP-Chart.pdf

Zdeb M. SAS Global Forum 2010 Coders 4€™ Corner Driving Distances and Times Using SAS® and
Google Maps. NY SAS Glob Forum 2010 Coders €™ Corner. 2010; 1-8. http://support.sas.com/
resources/papers/proceedings10/050-2010.pdf%5Cnhttp://www.sascommunity.org/wiki/Driving_
Distances_and_Drive_Times_using_SAS_and_Google_Maps

Great-circle distance [Internet]. [cited 15 Mar 2017]. http://openride.xeneris.net/svn-public/branches/
saml-auth/src/OpenRideServer/OpenRideShareMaster/doc/RouteMatching/docs/Great-circledistance.
pdf

Sinnott RW. Sky and Telescope. Virtues of the Haversine. 1984; 68: 159.

Geographic Information Systems FAQ [Internet]. 1997 [cited 7 May 2018]. http://www.fags.org/fags/
geography/infosystems-faqg/

PLOS ONE | https://doi.org/10.1371/journal.pone.0198173  June 4, 2018 18/19


https://doi.org/10.2471/BLT.13.130005
http://www.ncbi.nlm.nih.gov/pubmed/25110373
https://doi.org/10.1016/j.jpain.2005.06.002
http://www.ncbi.nlm.nih.gov/pubmed/16202962
https://doi.org/10.1023/B:JOMS.0000032846.20676.94
http://www.ncbi.nlm.nih.gov/pubmed/15446619
https://doi.org/10.1111/j.1931-0846.2015.12087.x
https://doi.org/10.1007/s11524-009-9399-7
https://doi.org/10.1007/s11524-009-9399-7
http://www.ncbi.nlm.nih.gov/pubmed/19911283
https://doi.org/10.1186/1476-072X-11-48
https://doi.org/10.1186/1476-072X-11-48
http://www.ncbi.nlm.nih.gov/pubmed/23137192
https://doi.org/10.12927/hcpol.2011.22097
http://www.ncbi.nlm.nih.gov/pubmed/22294990
https://doi.org/10.1111/j.1525-1497.2006.00386.x
http://www.ncbi.nlm.nih.gov/pubmed/16686817
https://doi.org/10.1592/phco.31.10.927
http://www.ncbi.nlm.nih.gov/pubmed/21950639
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84925378085&partnerID=40&md5=2b7b70212d12d1ddd755c65d8acc3f19
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84925378085&partnerID=40&md5=2b7b70212d12d1ddd755c65d8acc3f19
https://doi.org/10.4236/ojpm.2014.49081
https://doi.org/10.1007/s11524-013-9798-7
http://www.ncbi.nlm.nih.gov/pubmed/23567984
https://doi.org/10.7812/TPP/12-090
http://www.ncbi.nlm.nih.gov/pubmed/23596361
https://doi.org/10.2105/AJPH.2013.301769
http://www.ncbi.nlm.nih.gov/pubmed/24354821
https://www.medicareinteractive.org/pdf/SPAP-Chart.pdf
https://www.medicareinteractive.org/pdf/SPAP-Chart.pdf
http://support.sas.com/resources/papers/proceedings10/050-2010.pdf%5Cnhttp://www.sascommunity.org/wiki/Driving_Distances_and_Drive_Times_using_SAS_and_Google_Maps
http://support.sas.com/resources/papers/proceedings10/050-2010.pdf%5Cnhttp://www.sascommunity.org/wiki/Driving_Distances_and_Drive_Times_using_SAS_and_Google_Maps
http://support.sas.com/resources/papers/proceedings10/050-2010.pdf%5Cnhttp://www.sascommunity.org/wiki/Driving_Distances_and_Drive_Times_using_SAS_and_Google_Maps
http://openride.xeneris.net/svn-public/branches/saml-auth/src/OpenRideServer/OpenRideShareMaster/doc/RouteMatching/docs/Great-circledistance.pdf
http://openride.xeneris.net/svn-public/branches/saml-auth/src/OpenRideServer/OpenRideShareMaster/doc/RouteMatching/docs/Great-circledistance.pdf
http://openride.xeneris.net/svn-public/branches/saml-auth/src/OpenRideServer/OpenRideShareMaster/doc/RouteMatching/docs/Great-circledistance.pdf
http://www.faqs.org/faqs/geography/infosystems-faq/
http://www.faqs.org/faqs/geography/infosystems-faq/
https://doi.org/10.1371/journal.pone.0198173

@' PLOS | ONE

Pharmacy deserts and accessibility to pharmacy services

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Erra U, Capece N. Engineering an advanced geo-location augmented reality framework for smart
mobile devices. J Ambient Intell Humaniz Comput. 2017; https://doi.org/10.1007/s12652-017-0654-6

Bullock R. Great Circle Distances and Bearings Between Two Locations. In: 2007 [Internet]. https://
dtcenter.org/met/users/docs/write_ups/gc_simple.pdf

Ivis F. Calculating geographic distance: Concepts and methods. Proc 19th Annu Northeast SAS Users
Gr. 2006; 1-10. https://www.lexjansen.com/nesug/nesug06/dm/da15.pdf

Hijmans R. Introduction to the”geosphere” package (Version 1.2—19) [Internet]. 2011 [cited 7 May 2018]
p. 2. http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.205.120&rep=rep1&type=pdf

10 Reasons to use Census Tract Versus ZIP Code. In: ProximityOne [Internet]. [cited 12 Feb 2017].
https://dced.pa.gov/housing-and-development/weatherization/income-eligibility/

A Look Inside Food Deserts. In: Centers for Disease Control and Prevention [Internet]. [cited 5 Feb
2017]. https://www.cdc.gov/features/fooddeserts/

USDA defines food deserts. In: American Nutrition Association [Internet]. [cited 4 Feb 2017]. http:/
americannutritionassociation.org/newsletter/usda-defines-food-deserts

Hot Spot Analysis (Getis-Ord Gi*) (Spatial Statistics) [Internet]. [cited 14 Oct 2017]. http://resources.
esri.com/help/9.3/arcgisengine/java/gp_toolref/spatial_statistics_tools/hot_spot_analysis_getis_ord_
gi_star_spatial_statistics_.htm

Norris P, Horsburgh S, Sides G, Ram S, Fraser J. Geographical access to community pharmacies in
New Zealand. Heal Place. 2014; 29: 140—-145. https://doi.org/10.1016/j.healthplace.2014.07.005 PMID:
25087053

Schommer JC, Singh RL, Cline RR, Hadsall RS. Market dynamics of community pharmacies in Minne-
sota. Res Social Adm Pharm. 2006; 2: 347-58. https://doi.org/10.1016/j.sapharm.2006.07.004 PMID:
17138519

Schommer JC, Yusuf AA, Hadsall RS. Market dynamics of community pharmacies in Minnesota, U.S.
from 1992 through 2012. Res Soc Adm Pharm. 2014; 10: 217—231. https://doi.org/10.1016/j.sapharm.
2013.03.006 PMID: 23669250

PLOS ONE | https://doi.org/10.1371/journal.pone.0198173  June 4, 2018 19/19


https://doi.org/10.1007/s12652-017-0654-6
https://dtcenter.org/met/users/docs/write_ups/gc_simple.pdf
https://dtcenter.org/met/users/docs/write_ups/gc_simple.pdf
https://www.lexjansen.com/nesug/nesug06/dm/da15.pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.205.120&rep=rep1&type=pdf
https://dced.pa.gov/housing-and-development/weatherization/income-eligibility/
https://www.cdc.gov/features/fooddeserts/
http://americannutritionassociation.org/newsletter/usda-defines-food-deserts
http://americannutritionassociation.org/newsletter/usda-defines-food-deserts
http://resources.esri.com/help/9.3/arcgisengine/java/gp_toolref/spatial_statistics_tools/hot_spot_analysis_getis_ord_gi_star_spatial_statistics_.htm
http://resources.esri.com/help/9.3/arcgisengine/java/gp_toolref/spatial_statistics_tools/hot_spot_analysis_getis_ord_gi_star_spatial_statistics_.htm
http://resources.esri.com/help/9.3/arcgisengine/java/gp_toolref/spatial_statistics_tools/hot_spot_analysis_getis_ord_gi_star_spatial_statistics_.htm
https://doi.org/10.1016/j.healthplace.2014.07.005
http://www.ncbi.nlm.nih.gov/pubmed/25087053
https://doi.org/10.1016/j.sapharm.2006.07.004
http://www.ncbi.nlm.nih.gov/pubmed/17138519
https://doi.org/10.1016/j.sapharm.2013.03.006
https://doi.org/10.1016/j.sapharm.2013.03.006
http://www.ncbi.nlm.nih.gov/pubmed/23669250
https://doi.org/10.1371/journal.pone.0198173

