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ABSTRACT 

Prior research has shown disparities in pharmacy access related to race/ethnicity, income, and 

other sociodemographic factors. There is currently no consistent definition of low pharmacy 

access and there is no federal designation for areas underserved by pharmacies. The purpose of 

this study was to expand on prior pharmacy accessibility research and develop a conceptual 

model of pharmacy access in selected racially diverse urban areas of United States. Through the 

application of geographic information software (GIS) mapping, the enhanced two-step floating 

catchment area (E2SFCA) methodology, and multiple discriminant analysis, the pharmacy 

landscape and relative pharmacy access were qualitatively and quantitatively described for the 

study areas. Models of pharmacy access based on distance and travel time were also derived. 

Pharmacy access varied by racial composition. Factors most influential to pharmacy access 

included socioeconomic position, transportation use, and population vulnerability. 
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1 BACKGROUND 

1.1 Study Overview 

 This retrospective, cross-sectional study conceptualized the construct of pharmacy access 

through the examination of spatial and aspatial population and community factors in the context 

of racial segregation. Grounded in established frameworks of health care access and health 

disparities, previous literature on pharmacy accessibility, and “food desert” theory, a model for 

relative pharmacy access was developed through enhanced geospatial analysis and the 

application of discriminant analysis. Specifically, this study focused on the urban context of 

historically racially segregated metropolitan areas to identify influential factors that may lead to 

disparities in pharmacy access for vulnerable populations. Utilizing publicly available population 

and community estimates related to health disparity concepts and pharmacy location data, a 

quantitative and qualitative description of the pharmacy landscape was achieved. Associations 

between individual factors and levels of pharmacy access were identified to derive a model that 

defines areas of low pharmacy access (‘pharmacy deserts’). 

1.2 Background 

 Disparities in health care access among medically underserved populations (MUPs) are 

well investigated.1 MUPs are defined as subgroups of people who reside in medically 

underserved areas (MUAs) and may experience barriers to care leading to decreased access and 

utilization of primary care and preventative services.2 According to the Health Resources and 

Services Administration (HRSA), MUPs include racial and ethnic minorities, homeless 

individuals, the uninsured or underinsured, chronically ill, those who are of a lower income 

status, or those who are otherwise vulnerable to experiencing health disparities.3 Factors leading 

to decreased access and disparities in utilization among MUPs are complex and interrelated; they 

may be cultural, economic, geographic, or linguistic in nature and exist at the individual, 
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provider, health system, or societal level. These disparities have been shown to negatively impact 

health status and health outcomes.3-7 

 To address ongoing and pervasive health disparities among vulnerable populations, public 

health efforts have centered on reducing disparities in access to quality health care, increasing 

capacity of the health professional workforce, ensuring strategies that focus on at-risk 

communities, and supporting research aimed at identifying effective strategies to eliminate 

disparities altogether.8 Emerging strategies for improving health care access include addressing 

social determinants of health, adopting new or innovative care strategies such as telehealth or the 

use of midlevel providers, optimizing transitions of care, and enhancing collaborative efforts 

between health care professions.9 Recent years  have seen pharmacists emerge as potential 

resources for addressing the gap in access to primary care while providing specialized 

medication knowledge that could improve outcomes.10 The scope of pharmaceutical care has 

expanded to provide essential preventative health care services such as immunization services, 

health screening and assessment, medication therapy management, wellness education, and 

wellness programs.11-14 Expanded pharmaceutical care services in the community setting, 

including pharmacist interventions to identify and refer some patients for expanded care, 

improve health and cost outcomes, particularly for vulnerable populations.15-17 

 Despite this expanding role in public health, pharmacists are underutilized by the 

community in this capacity, often due to a lack of recognition as healthcare providers.18 

Furthermore, there is currently no specific designation or recognition for communities that may 

be underserved by pharmacies. Prior research shows that disparities in pharmacy access may 

exist in areas of “pharmacy deserts”, or areas of geographical inaccessibility to a pharmacy.19-21 

Pharmacy inaccessibility and varying levels of pharmacy density may also disproportionately 
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exist in minority and lower income communities.19, 20, 22 In 2014, Qato et. al. identified 

disparities in both geographic accessibility and availability of pharmacies between white and 

racial minority communities that have worsened over time.19 Additional research shows that 

these disparities extend to reduced medication access, including studies that found pharmacies 

located in minority neighborhoods were less likely to maintain adequate stock of opioids 23, 24, 

asthma-related equipment 25, or other commonly prescribed medications.21 There is a growing 

body of evidence suggesting that residential segregation may play a key role in the availability 

and utilization of health care services, including pharmacy and medication access, that 

disproportionately affects racial and ethnic minority groups.26 Consequences of racial and ethnic 

segregation include racial and ethnic differences in socioeconomic status, health status, 

employment, educational opportunities, housing quality, health behaviors, access to medical 

care, and crime.27 Many of these disparities are described as social determinants of health, 

including their dynamic interaction with systems level factors that can lead to health inequities 

and health inequalities.28  

1.3 Accessibility 

 

 Definitions of health care access have evolved over time, driven by a changing health care 

system that reflects shifting concerns of efficiency and effectiveness.29 They have evolved from 

availability of resources30, to number of providers in a given area, to having health insurance 

coverage, and to the efficiency of health care service delivery.31 Additional definitions of access 

have focused on the timely use of personal health services to achieve optimal outcomes 32, and 

the potential barriers and facilitators of actual use of personal health services.33 These definitions 

have been modified and validated over time in different populations to address health care access 

disparities within specific communities and to guide further research. 
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 Much literature is devoted to the development of frameworks to provide logical structures 

of meaning in the context of health care access and utilization research. They are developed to 

derive consistent definitions of health care access and health care use enabling health researchers 

to link research findings to meaningful concepts and standard definitions while providing 

evidence to inform health policy.31 While there is an abundance of literature deriving health care 

access frameworks, there is a paucity of research related to definitions of access that specifically 

incorporate pharmacy accessibility. Further, a conceptual framework specific to pharmacy access 

has yet to be developed or validated. 

1.4 Statement of the Problem and Research Purpose 

 Several studies examine pharmacy accessibility in rural and urban areas, however, there is 

no consensus as to how the relative levels of pharmacy access should be defined. Some studies 

incorporate distance and travel time into their analysis, while others have investigated 

racial/ethnic composition, hours of operation, availability of medications, cost of medications, 

and pharmacy type. No prior study has included all these elements into their relative definitions 

of pharmacy access, though several studies have explored the most influential factors. Only one 

prior study factored crime risk scores into pharmacy access analyses34 while no studies explore 

crime rate prevalence in an urban setting, a factor known to affect enabling health behaviors.35 

Given the well-known health care inequities and disparities experienced by MUPs, and the 

known effects of pharmacy care services on health outcomes of this population, it was important 

to further understand the pharmacy landscape and the factors that affect pharmacy access. 

Having a more uniform definition of pharmacy access levels based on real-world data is 

important to draw sound conclusions for future research.36 Constructing a conceptual model 

using validated theoretical frameworks, real-world population estimates of sociodemographic 

characteristics, and spatial data models measuring geographic accessibility served this purpose. 
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Through MDA, the most influential factors in varying levels of pharmacy access were identified 

and the pharmacy landscape is better understood in this context. Additionally, areas of low 

pharmacy access (i.e., “pharmacy deserts”) were identified. 

 The purpose of this study was to expand on prior pharmacy access research and further 

elucidate the definition of pharmacy access levels. Specifically, this study sought to develop a 

conceptual model of pharmacy access in selected racially diverse urban areas of the Midwest 

Region of the United States. It identified factors associated with relative pharmacy access levels 

and determined what study areas experience the lowest level of pharmacy access (i.e., are 

“pharmacy deserts”). To answer specific aims, this study used data source triangulation 37, 

because there was no single data source consisting of all variables examined in this study. United 

States (US) Census Bureau data, including 5-year estimates of the American Community Survey 

(ACS), were described at the census tract level to identify demographic characteristics including, 

but not limited to, total population, population by race or ethnicity, median household income, 

poverty level, vehicle ownership, and other population  and community characteristics known to 

influence access to or utilization of health care services. Crime indices and community 

WalkScore® and their association with pharmacy access were also explored. Pharmacies were 

identified by obtaining Pharmacy Master Files from State Boards of Pharmacy, and information 

on pharmacy type, pharmacy location, and pharmacy operating hours were obtained. Through 

location mapping in geographic information software (GIS), the pharmacy landscape was 

described against select sociodemographic variables of the population and community. Using an 

enhanced two-step floating catchment area (E2SFCA) methodology, pharmacy accessibility was 

mapped at the census tract level and the varying levels of pharmacy access (by access score 
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thresholds) were identified. Through stepwise analysis and Multiple Discriminant Analysis 

(MDA), a model for pharmacy access was constructed. 

1.5 Research Aims, Objectives, and Hypotheses 

 

1.5.1 Primary Objectives 

1. To develop a model of pharmacy access 

2. To estimate levels of pharmacy access among selected racially and/or ethnically 

segregated urban communities 

1.5.2 Secondary Objectives 

1. To map the relative spatial distribution of pharmacies in selected urban communities 

2. To map non-spatial/aspatial factors associated with accessibility to pharmacies in selected 

urban communities 

3. To determine the pharmacy-to-resident ratio in selected urban communities 

4. To identify factors associated with pharmacy access 

5. To determine pharmacy accessibility scores in selected urban communities 

 

1.5.3 Specific Aims and Hypotheses 

Specific Aim 1: To describe the pharmacy landscape of selected urban communities. 

a. Hypothesis 1.1: There will be a non-uniform distribution of pharmacies across census 

tracts 

b. Hypothesis 1.2: There will be a non-uniform distribution of non-spatial/aspatial 

factors associated with pharmacy access across census tracts 

c. Hypothesis 1.3: There will be a lower pharmacy-to-resident ratio in census tracts that 

contain predominantly ethnic/racial minority populations 
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d. Hypothesis 1.4: Pharmacy accessibility scores will be lower in census tracts that 

contain predominantly ethnic/racial minority populations 

Specific Aim 2: To develop a conceptual model defining levels of pharmacy access in 

selected urban communities 

a. Hypothesis 2.1: [variable of interest] will be associated with pharmacy access  

b. Hypothesis 2.2: [variable of interest] will be associated with low pharmacy access 

c. Hypothesis 2.3: [significant variable of interest] will be predictive of [level of 

pharmacy access] 

(Appendix A) 

Specific Aim 3: To determine relative levels of pharmacy access across the pharmacy 

access landscape 

a. Hypothesis 3.1: There will be low pharmacy access in census tracts that contain 

predominantly ethnic/racial minority populations 

b. Hypothesis 3.2: There will be high pharmacy access in census tracts that contain a 

predominantly White population 

c. Hypothesis 3.3: Pharmacy deserts will be concentrated in areas with predominantly 

minority populations 
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2 CONCEPTUAL FRAMEWORK 

2.1 Introduction 

 This study draws on previous frameworks developed to describe health care access and 

utilization and factors that contribute to disparities of such access and use, including Andersen’s 

Behavioral Model 38-40, the Model of Social Determinants of Health 5, and the Institute of 

Medicine Model of Access Monitoring.32 Andersen developed the original Behavioral Model in 

1968 to understand reasons people utilize health services. This model suggested that health 

service use was a function of individuals’ predisposition to use health services, several factors 

that enable or impede the use of services, and an individual’s health care needs.38-40 This model 

has since been validated in different patient populations and further developed or modified for 

special populations, including vulnerable groups.40 The Institute of Medicine has also 

constructed a Model for Monitoring Access that depicts the dynamics of participation in the 

healthcare system as a function of access barriers (e.g., financial, structural, and personal) 

leading to underuse and poor health outcomes.32 Both models incorporate factors that have also 

been described as social determinants of health, which are defined as environmental conditions 

that affect health, functioning and quality of life outcomes.5 Several conceptual models of social 

determinants of health have been developed, revised, and validated, some conflicting, to address 

multidimensional health issues in the context of a dynamic health care system.41 For the purposes 

of this study, the World Health Organization (WHO) Model of Social Determinants of Health 

was applied due to its systematic integrated and dynamic approach. Additionally, certain 

elements of Andersen’s Behavioral Model and The Institute of Medicine’s Model of Access 

Monitoring were incorporated into the conceptual model of this study to address factors at the 

community or neighborhood level.  
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 This study expands on previous research by Qato et. al. (2014) in which the concept of 

food deserts was applied to pharmacy access.19 According to the United States Department of 

Agriculture (USDA), food deserts are areas of the country with less access to  fresh fruit and 

vegetables or other healthy whole foods and are usually within impoverished area. They are 

characterized by less grocery stores, farmers’ markets, and providers of healthy food. More 

specifically, in urban areas they are defined as a community with “at least 500 people and/or at 

least 33 percent of the census tract’s population residing more than one mile from a supermarket 

or large grocery store.42 Based on this definition, literature shows that food deserts are 

disproportionately present in lower-income and minority areas contributing to inequalities in 

health.43 Qato et. al. (2014) employed this specific definition in their research on “pharmacy 

deserts” on Chicago’s South Side, which has garnered some media attention.19 Other studies on 

pharmacy access have also applied this definition of pharmacy access in their analyses, however, 

the validity of this application remains to be determined.  

 The application of these conceptual frameworks in the context of this research is further 

explained in subsequent sections. Using these established and validated conceptual frameworks, 

in conjunction with known socioeconomic determinants of health, this study sought to develop a 

conceptual model for the definition of pharmacy access in selected urban areas paying specific 

attention to ethnically and/or racially segregated neighborhoods. Building on the research of 

Qato et. al. (2014) and others on “pharmacy deserts” and “pharmacy density”, and the concept of 

“food deserts” 42, this research quantitatively and qualitatively investigated several factors seen 

across the literature to construct a multilevel conceptual model of pharmacy access.  

2.2 Access to Health Care 

 Several studies have examined health care access and utilization in the United States (US), 

including the potential barriers to the use of health services by vulnerable populations.44 Access 
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to healthcare is defined as “the timely use of personal health services to achieve the best possible 

health outcomes” 32, and requires that individuals gain entry into the healthcare system, have 

geographic availability to health care service locations,  and are able to develop a personal 

relationship with a provider they are able to communicate with.45 Much literature has been 

devoted to identifying potential barriers to health care access.46, 47 Some of these barriers include 

transportation access and availability 48, inadequate or lack of insurance coverage 49, health care 

service availability 46, lack of culturally competent care50, 51, and high healthcare costs.52 Barriers 

to access in care can lead to decreased utilization of health care services and treatments and, 

consequently, disparities in health outcomes and quality of life, including heightened financial 

burden 53, delays in receiving needed health care including preventative services 54, 55, increased 

hospital admissions or readmissions 56-58 59, and unmet health needs.54 Disparities in access to 

care and utilization varies based on several factors and are more pronounced in minority, low-

income, or otherwise vulnerable populations.2, 44, 60 Findings demonstrate that these disparities 

exist at all levels of care (e.g., individual, provider, and system) 32, leading to pervasive 

disparities in health status among vulnerable populations.61 

2.2.1 Health Care Access Designations 

 As of 2019 , over 8 million individuals reside in 3,576 Medically Underserved Areas 

(MUAs) in the US, 1,342 of which are non-rural areas.3 Of those, 3 million individuals are part 

of a Medically Underserved Population (MUPs). MUAs are defined by the Health Resources and 

Services Administration (HRSA) as areas that have too few providers, high poverty rates, high 

infant mortality rates, or a large elderly population. Residents of these areas experience a 

shortage of health services and face economic, cultural, and linguistic barriers to health care 

access and utilization.3 Several studies have examined health care accessibility in MUAs and 

MUPs.62 63 32, 44, 64 Having a usual source of care has shown to increase access to health care 65, 
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reduce emergency department (ED) visits 2, 66, 67, reduce hospital admissions2, 67, 68 and improve 

the utilization of preventative services.65 Unfortunately, these areas also suffer from a shortage of 

primary care health professionals. In fact, 79 million individuals reside in 7,027 Health 

Professional Shortage Areas (HPSAs). Of 1,319 geographic areas specifically, 241 HPSAs are 

non-rural.3 To date, there is no federal designation for areas that experience shortages of 

pharmacies or pharmacists, who are, at the time of this writing, not uniformly recognized as 

health care providers on a national level. 

2.2.2 Barriers to Health Care Access 

 Research has routinely linked barriers to health care access with disparities across 

sociodemographic groups and health outcomes.69 Studies have shown that spatial access to 

primary care services and differences in sociodemographic characteristics are associated with 

preventable Emergency Department (ED) visits and hospitalizations.57, 62 Specifically, in 

individuals who reside in MUAs and areas that have lower spatial access to primary care 

facilities, odds of preventable ED visits were higher.62 In a study of U.S. urban areas, there were 

significant differences in admissions for ambulatory care-sensitive conditions (i.e., diagnoses for 

which timely and effective outpatient care can help to reduce the risks of hospitalization) 

between low-income and high-income areas. In fact, average admission rates were 3.7 times 

higher in low-income areas, with individual low-income ZIP code areas having admission rates 

20 times higher than the most affluent ZIP code areas.70 While admissions for ambulatory care-

sensitive conditions have decreased over time for White populations, they have remained 

stagnant for low-income communities and minorities.71, 72 Health care access has been linked to 

insurance status and income level where insurance coverage was the strongest predictor of 

having a usual source of care and thus, strongly correlated with ease of access. Further, when 

individuals became eligible for Medicaid, health access was improved.73 Across several studies, 
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a strong link between lack of health insurance and poor outcomes and quality of care has been 

demonstrated, including the correlation between lack of health insurance and a greater likelihood 

of mortality.74 This association is even more pronounced among low-income and minority 

populations.75 Despite efforts to expand health care coverage through the Affordable Care Act, 

which mitigated racial and ethnic disparities in health insurance coverage in the early years of 

implementation 76, many minority and low-income populations often forgo seeking medical 

attention for fear of ability to pay high deductibles or copays.77 Coupled with the fact that low-

income and minority populations may be less likely to travel to distant medical facilities to seek 

out care leading to preventable hospitalizations or higher severity illnesses78, 79 health care access 

barriers have a disproportionate impact on the health of vulnerable populations. Although efforts 

to expand health care access through the use of retail clinics,  such as those within a community 

pharmacy that are staffed by nurse practitioners, a study by Pollack & Armstrong (2009), found 

that these clinics were more likely to be present in areas of a higher income and lower poverty. 

They were also less likely to be present in MUAs, including areas with a higher black 

population.63 Differences in the availability of outpatient care continue to be a problem for 

vulnerable populations especially among impoverished urban communities.80 Despite the 

existing federal systems for identifying HPSAs and MUAs, the true availability or supply of 

resources of a community, including the supply of resources of neighboring communities and the 

distance and travel times to those resources, may be underestimated.81, 82 Improvements have 

been made to the methodology for classifying these areas; however, the actual spatial 

distributions of providers and the road network and travel time are often not accounted for.80 

Recent years have continued to see an improvement in health care access; however, disparities in 

access persist across socioeconomic, racial, and ethnic lines.2, 83  
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2.2.3 Summary of Pharmacy Access 

 Limited research exists on pharmacy access areas and what factors contribute to decreased 

pharmacy accessibility. Community pharmacies have often been overlooked in discussions on 

access to care.84 Previous research has utilized existing definitions of “food deserts” in the 

analysis of pharmacy access areas.19, 85 Additional factors hypothesized to contribute to or affect 

varying levels of pharmacy access and utilization have been incorporated into these models and 

include prescription drug costs, availability of drug discount programs, hours of operation, 

staffing levels of the pharmacy, availability of preventative services, sociodemographic 

characteristics, travel time, urban and rural designation, and travel distance.21, 86 Of the studies 

examining pharmacy accessibility in urban areas, the majority have concluded that “pharmacy 

deserts” exists in communities with lower income and vulnerable populations.19, 22 There are few 

studies specifically related to pharmacy access and outcomes, but some studies have found 

differences readmissions, increased use of sterile syringes versus non-sterile syringes, increased 

use of emergency contraception when needed, reduced hemoglobin A1c levels during a 

community pharmacy based diabetic care program, effective smoking cessation interventions, 

and improved medication adherence.87-92 Pharmaceutical care services have expanded in recent 

years 93 but the end effect of pharmacy access on vulnerable populations remains to be realized. 

With a better understanding of levels of pharmacy access, and factors most associated with them, 

future investigations can better describe the impact access to a pharmacy has on these outcomes. 

2.3 Racial and Ethnic Disparities in Access to Health Care 

2.3.1 Residential Segregation 

 The US has a long history of residential segregation based on income and race. During the 

1970’s, poverty in America became more geographically concentrated within inner-city 

neighborhoods and the poor became poorer as income inequality increased.94 This was especially 
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pronounced and persistent for racial and ethnic minorities. Poverty concentration has been 

explained by a strong interaction between income distribution and segregation level where the 

highest level of poverty concentration is associated with high poverty rates and a high degree of 

residential segregation.95 Poverty concentration rose most dramatically in urban areas that saw a 

downward shift in income distribution coupled with a highly segregated environment, such as 

occurred in cities like New York and Chicago.94 Overall, segregation has remained high and, in 

areas where there is a higher number of African-Americans, they remain hyper-segregated and 

reside in centralized, dense, and racially homogenized areas.96 Income disparity often extends 

beyond urban centers into the suburbs where middle-class African-Americans live in less 

affluent communities relative to whites with the same socioeconomic characteristics. Further, 

African-American homeowners tend to live among fewer white neighbors which indicates a 

persistent dual housing market.97, 98 This dual housing market has been the product of an 

extensive history of institutionalized racism where segregation has been imposed by legislation 

and enforced by the judicial system, incorporated into federal housing policies, and supported by 

economic institutions.27 This is evident from a policy of “redlining” in which the Federal 

Housing Administration (FHA) did not insure mortgages in or near neighborhoods with a 

predominant African-American population while simultaneously subsidizing builders to build 

subdivisions in white neighborhoods.99 With the New Deal came the federal government 

sponsored Home Owners’ Loan Corporation (HOLC) that was established to prevent foreclosure 

via home mortgage refinancing. The company recruited mortgage lenders, real estate appraisers 

and developers to create maps of 250 metropolitan cities that were color-coded based on credit-

worthiness. Neighborhoods with a predominantly African-American population, or 

neighborhoods that were near predominantly African-American populations, were color coded 
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red to indicate higher levels of risk. Consequently, loans to the African-American population 

were not insured. The FHA went as far as to have an Underwriting Manual which stated, 

“incompatible racial groups should not be permitted to live in the same communities.” This 

policy extended well into the 1960’s and was even adopted by the Veterans Administration 

(VA). Although African-Americans may have been able to afford an FHA or VA mortgage 

funded home, they were prohibited from purchasing one.99-101 The passage of The Fair Housing 

Act in 1968 had a tremendous impact on both sellers and renters, and although progress was 

visible, the consequences of a history of discrimination in lending is still felt in the persistent 

racially segregated communities across the nation.102 Empirical evidence demonstrates the 

continued systemic discrimination against minority populations where modern day “redlining” 

persists in many metropolitan areas.103 A report from The Center for Investigative Reporting 

completed an analysis of 31 million Home Mortgage Disclosure Act records across multiple 

metropolitan areas and found a disproportionate pattern of mortgage lending denials for people 

of color, even when controlling for loan amount, income, and neighborhood 104. Additional 

research has also revealed continued discriminatory credit-scoring systems, including 

discrimination in the credit card industry, and their negative impact on people of color.105, 106 

Ultimately, these institutionalized practices, and the resulting residential segregation, are 

grounded in structural racism. Not only do they impede the ability of communities of color to 

build wealth, but they also lead to racial health inequalities.107-109 Specifically, health disparities 

between race and ethnicity and income lead to thousands of preventable deaths each year, 

including an estimated 80,000 excess preventable deaths among African-Americans, a 

phenomenon referred to by the former Surgeon General as the “Black-White Mortality Gap”.75 
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2.3.2 Residential Segregation and Health 

 Racial residential segregation is considered one of the fundamental social determinants of 

health disparities 27, 110, research has established that the social and physical conditions, including 

the housing environment, access to health care, food access, and walkability of a community are 

also primary influencers of residents’ health and well-being.111-113 Residential segregation has 

negative effects at the individual and neighborhood level leading to health inequalities.114 Effects 

of residential segregation at the neighborhood level include increased crime 27, 115, decreased 

educational and employment opportunities 27, disparities in exposure to environmental hazards 

116, lower access to healthy foods 117, lower access to recreational facilities118, and disparities in 

health care quality.117 In addition to differences in health behaviors and social support, 

residential segregation has been linked to poor birth outcomes 119, decreased cancer survival 120, 

121, higher mortality rates110, 122, higher body mass index (BMI) 123, poor self-rated health 111, 114, 

124 and differences in morbidity of chronic illnesses such as asthma, diabetes, and cardiovascular 

disease.125-128 Recently, literature has focused on residential segregation as a factor influencing 

health care access, including pharmacy access.19, 22, 129 

2.4 Systematic Literature Review 

 As part of this research, a systematic review of literature on pharmacy access was 

completed. A literature search was conducted of electronic databases (PubMed/MEDLINE, 

EMBASE, Web of Science, Google Scholar) for all years since inception of the database through 

June 30th, 2020. Eligible studies were peer-reviewed original research published in the English 

language. All evaluative methodologies examining community pharmacy access were assessed 

according to predetermined selection criteria using a standard screening tool. Studies must have 

assessed one of the following topics, even if not the primary outcome: (1) geographic/spatial 

access to a pharmacy, (2) pharmacy distribution or density, or (3) pharmacy availability. Studies 
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evaluating medication access were also included if at least one of the pre-defined topics was also 

assessed. Due to differences in statistical geographic boundaries and health care system 

structures, studies conducted outside of the US were excluded as part of the systematic review 

but are summarized in Section 2.4.2. Studies that did not include community pharmacies, as 

defined in this research, were also excluded. Figure 1 depicts study selection. Three additional 

studies published after the initial review were included, as they met inclusion and exclusion 

criteria. In total, there were 43 peer-reviewed articles that examined pharmacy access in the US. 
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2.4.1 Pharmacy Access Research in the United States 

 Some research on pharmacy access in the US has focused on economic barriers to 

pharmacy access or pharmacy market analyses and does not assess the ability of a population to 

access a pharmacy.130-134 Other research investigated rural areas, special populations, and access 

to specific medications such as emergency contraception,135, 136  or opioids.24, 137 Findings 

suggest that access to pharmacy services and medications may be limited in some regions, 

especially for rural, minority or vulnerable populations.23, 138-143 One such study examined access 

to community pharmacies among elderly populations in Illinois.139 Lin hypothesized that, 

although community pharmacies are more readily accessible than other health care facilities on a 

per capita basis and since there is little to support the assumption that pharmacy geographic 

distribution corresponds to the health care needs of the community, certain vulnerable 

populations may have less access to pharmacies. Examining census blocks, weighted by the 

number of elderly residents, Lin calculated travel distance to a pharmacy in miles. This was 

stratified by the urban/rural designation of census block groups based on Census 2000 definitions 

of urban and rural communities (urban area = core census block groups/blocks have a population 

density ≥ 1000 people per square mile and surrounding census blocks have a population density 

≥500 people per square mile; rural area = all others not classified as urban). Findings suggested 

that elderly people travel further to a pharmacy compared to younger people, especially among 

rural communities.139 Another study  described rural retail pharmacies in the Midwest (e.g., 

North Dakota, South Dakota, Minnesota), including services provided, staffing, and 

organizational characteristics.138 Researchers investigated the availability of pharmacy services 

and the incidence of pharmacy closures. By completing phone surveys and interviews with 

pharmacy, public health, and social services staff in rural communities, analyzing the distances 

between rural pharmacies, and describing pharmacy closures, researchers were able to evaluate 
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barriers to access of pharmacy services in these areas. Criteria for measuring access to pharmacy 

services was based on the distance criteria for measuring access to primary medical care in 

federal Health Professional Shortage Areas (HPSA) (i.e., 20 miles on primary roads under 

normal conditions). Many of the areas more than 20 miles from a pharmacy were underserved by 

primary medical care and other health care providers as well. Nearly 30% of counties were 

federally designated Health Professional Shortage Areas for primary medical care. Based on the 

2000 Census, 1.6% of the population within the three states were more than 20 miles from a 

pharmacy and had a significantly higher percentage of the population living below the poverty 

line. Through the survey data, researchers concluded that many rural pharmacies may not have 

adequate staffing levels to support longer hours of operation. While authors determined that most 

of the population had adequate geographic access to pharmacies across the three states, many 

pharmacists worked longer hours to maintain that level of access. Authors concluded that 

financial access to pharmacy services in rural communities may be more of concern than 

geographic access. Further, at the time of study, many independent and small chain pharmacies 

experienced financial hardship due to competition from large chain pharmacies and mail order 

companies, reductions in third party reimbursement levels, and discriminatory pricing.138 

 The concept of “pharmacy deserts” gained awareness with a publication by Qato, et. al. 

(2014) that found a disproportionate lack of pharmacy access among minority and low income 

communities on Chicago’s south side.19, 144 This study used data from the American Community 

Survey (ACS), the United States Census Bureau, and Health Resources and Services Information 

(HRSA) to geocode information at the census-tract level on pharmacy locations. A “pharmacy 

desert” was defined as an area that was both low access (>33% of its population lived more than 

a half-mile from a pharmacy or >33% of a “low vehicle access” community lived more than a 
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half-mile from a pharmacy) and low income (≥20% of residents had household incomes below 

the federal poverty line or a median household income that did not exceed 80% of the median 

household income for the city of Chicago).  Using measures derived from the US Department of 

Agriculture (USDA) and the Centers for Disease Control and Prevention (CDC) definitions of 

food deserts, researchers found a lower number of pharmacies in segregated minority 

communities compared to integrated or white communities throughout a 12-year study period. 

Additionally, in a cross sectional analysis with 2012 data, more “pharmacy deserts” existed in 

Black communities, low-income communities, and those communities that were federally 

designated as Medically Underserved Areas (MUAs).19 

 Expanding on this research on Chicago’s South Side, Qato, et. al. (2017) examined the 

associations between pharmacy accessibility (“pharmacy deserts”), utilization, and the underuse 

of prescription medication among low-income Black and Hispanic communities. Using 

multivariable regression models of population-based probability samples generated by the South 

Side Health and Vitality Studies, researchers were able to identify that most residents of these 

minority communities were not using pharmacies close to their home. They found that low-

income and uninsured residents traveled the farthest for prescription medications and reported 

more cost-related underuse. Based on these findings, they concluded that insurance and the 

affordability of accessible pharmacies are implicated in medication access and use. Prior findings 

that residents of Chicago’s south side had lower access to chain, community health center, and 

clinic pharmacies within one mile of their home was corroborated.20 

 In a subsequent investigation, Qato et. al. (2017) examined trends in the availability of 

community pharmacies at a national level, including describing specific pharmacy characteristics 

across counties (e.g., home delivery, drive through, 24-hour, e- prescribing capability, and 
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multilingual staffing). They hypothesized that access varied by pharmacy type. Pharmacy 

locations were mapped and linked to county level data population demographics and pharmacy 

characteristics. Researchers also determined if pharmacy availability changed over time. Results 

showed that although the number of pharmacies increased by 6.3% over a 9-year period, the 

availability of pharmacies and pharmacy services varied across localities. There was a 3-fold 

difference in growth between the number of pharmacies per-capita in the highest versus the 

lowest quintile; counties in the lowest quintile were clustered in the Pacific West, Southwest, and 

Great Lakes regions. In medically underserved areas (MUAs), there was a disproportionately 

higher number of independent pharmacies and, although there was no significant difference in 

the availability or accessibility of pharmacies by MUA status, there were less pharmacies 

offering 24-hour services in MUAs. Additional findings included: a lack of multilingual staff in 

areas with a higher non-English speaking population, a lack of home-delivery services despite a 

growing homebound elderly population, and the underuse of e-prescribing services.145 

 Additional research on pharmacy accessibility has been conducted in other regions of the 

United States, including Oregon, Michigan, New York, Texas, Pennsylvania, Tennessee, and 

Louisiana. A study by Erickson and Workman (2014) investigated services provided by 

community pharmacies at the county level in Michigan. This cross sectional survey involved 

telephone surveys to pharmacies to determine the out of pocket costs for 30-day supplies of 

common medications used for chronic disease states. Other services examined were the 

availability of discount drug programs, home delivery services, hours of pharmacy operation, 

and the availability of immunization services. ZIP code level census data was obtained to 

describe the characteristics of county residents and pharmacy data was aggregated at the county 

level. Researchers found that ZIP codes with lower household incomes had significantly higher 
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prescription cash prices, a lower percentage of pharmacies offering generic discount programs, 

fewer hours of pharmacy operation, and fewer pharmacies offering immunization programs. 

Additionally, demographic data was dichotomized on race (white vs. minority). Among ZIP 

codes with a higher percentage of white residents, more pharmacies offered discount generic 

drug programs, more hours of operation, lower home delivery services, and a greater percentage 

of immunization programs. Citing prior research showing that people choose pharmacies based 

on location, prices of medication, and services provided,146 researchers concluded that residents 

living in ZIP codes with higher proportions of minority or low income populations may not have 

the options of choosing pharmacies based on these characteristics.129 

 Chisholm-Burns et. al. (2017) investigated disparities in drug pricing, pharmacy services, 

and community pharmacy access in Shelby County, Tennessee. Using a cross-sectional survey of 

community pharmacies, researchers collected data on “out-of-pocket” drug prices, hours of 

operation, availability of pharmacy services, crime risk, and ZIP-code level data on 

sociodemographics of the population. They found that areas with a higher percentage of minority 

residents had lower pharmacy density relative to areas with a higher percentage of a white 

population. Availability of home delivery services were correlated with income level, 

employment rate, and crime risk.34 

 Ikram et. al. (2015) explored spatial accessibility of pharmacies, incorporating non spatial 

factors, using both the proximity and the two-step floating catchment area (2SFCA) method in 

Baton Rouge, Louisiana. The 2SFCA method measures accessibility in two steps by considering 

both supply and demand.80 Using 2010 Census and road-network data,  researchers examined 

geographic variability in accessibility and identified possible ‘pharmacy deserts’ within Baton 

Rouge. They also investigated interactions between geography and race and their effect on 
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disparities in pharmacy accessibility. Researchers found that African-Americans are 

disproportionally concentrated in areas closer to their nearest pharmacy in terms of travel time 

compared to white counterparts; however, this seeming advantage in accessibility disappeared 

when the two-step catchment method was used. The 2SCA method showed that whites are 

disproportionately located in areas with above average accessibility and African Americans are 

concentrated in areas with below average accessibility scores. Although more African Americans 

are located closer to pharmacies, these pharmacies are more crowded (i.e., have higher demand). 

That is, these pharmacies serve a greater population in central city high density areas which may 

lead to longer wait times and supply issues.22 

 A study by Amstislavski et. al. (2012) examined the relationship between the 

socioeconomic context of a community and residents’ geographic access to prescription 

medications at pharmacies. By visiting over 400 pharmacies, researchers gathered information 

on type of pharmacy, hours of operation, medication availability, and the cash prices of 13 

commonly prescribed medications. Using hierarchical linear regression, they assessed the 

association of a community’s socioeconomic conditions and in-stock availability of medications. 

Findings showed that geographic access, pharmacy type, and in-stock availability varied 

significantly across communities. For each 10 percentage-point increase in household poverty, 

medication unavailability increased by 24%. There was a significant difference in density of 

chain pharmacies in the poorest neighborhoods compared to the middle- and low-poverty 

communities where residents in the poorest communities had the least geographic access to chain 

pharmacies. There was also a significant association between high community poverty, lower 

access to a private vehicle, and unavailability of the most commonly prescribed medications.21 
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 Pednekar and Peterson (2018) identified pharmacy deserts and investigated availability of 

types of community pharmacies and their services for elderly enrolled in a state pharmaceutical 

assistance program (SPAP) in the state of Pennsylvania. Locations of community pharmacies 

and elderly households enrolled in SPAP were derived from the Pharmaceutical Assistance 

Contract for the Elderly programs database and street addresses were geocoded.85 Distance to 

nearby pharmacy was calculated for the study sample using the haversine formula, which is an 

appropriate measure when two places are close to each other and considers the spherical shape of 

the Earth.147 Using descriptive statistical analysis, sociodemographic characteristics were 

estimated and compared between enrollees living in pharmacy deserts and pharmacy non-deserts. 

A pharmacy desert was defined as an area that had more than 33% of enrollees living more than 

1 mile from a nearby community pharmacy and was defined at the US census tract level. Each 

county in Pennsylvania had at least one pharmacy desert and pharmacy deserts were more 

prevalent in Southcentral counties. Pharmacy deserts were less prevalent in minority 

communities and more concentrated in counties with a higher percentage of white population, 

which is contrary to other research in other areas. This is likely explained by the population 

included in the study which was mostly white and female. But this study is consistent with 

research suggesting that rural areas have pharmacy deserts.138 Importantly, pharmacies in 

pharmacy deserts were less likely to have additional services such as delivery and 24 hour 

availability.85 

 Several studies focused on health indicators such as medication adherence, medication 

access, and the purchase or use of sterile syringes.137, 148-162 The study Syed et. al. (2016) focused 

on medication adherence among a diabetic population and investigated how distance to a 

pharmacy may affect adherence to angiotensin-converting enzyme inhibitors and angiotensin 
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receptor blockers. Using retrospective claims data to determine the proportion of days covered, 

and mapping distances to pharmacies based on the Euclidean principle (i.e., straight line), 

researchers concluded there was no significant difference in distance to a pharmacy between 

adherent and non-adherent patients. Multivariate regression revealed that a greater number of 

prescribers in a given area was associated with adherence.158 Lin et. al. (2005) estimated 

potential and revealed accessibility, from a geographic access perspective, of Controlled 

Substance Schedule II (CII) opioids. Researchers used a computerized CII prescription data set 

from the Michigan Official Prescription Program to identify prescriptions written and dispensed 

for ambulatory-care patients across the state of Michigan. Like the study by Syed et. al. (2016), 

revealed access was determined using the straight-line distance between the patient and the 

community pharmacy to define travel distance. They determined that only half of the CII 

prescriptions were dispensed with a 5-mile radius of patients’ residences demonstrating a 

discrepancy between potential and revealed accessibility. That is, patients traveled unnecessary 

distances to fill their prescriptions for opioids. Researchers concluded that policymakers should 

consider more than area configuration of health care resources when evaluating and improving 

health care access, as it may be an overly optimistic indicator for actual access to health care.159 

Additional studies by Cooper et. al. (2009; 2012) explored the relationship of pharmacy access to 

sterile syringes and odds of injecting with a sterile syringe versus a non-sterile syringe. Using 

generalized linear models and multilevel models in separate analyses, they determined that 

spatial access to syringe exchange programs (SEPs), provided by pharmacies selling syringes 

over-the-counter (OTC), increased odds that individuals would inject using a sterile syringe.160, 

161 In the multilevel analysis, they found that results were confounded by arrest levels where 

arrest rates eroded protective effects of spatial access to syringe.161 In a separate study, Cooper 
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et. al. (2009) used hierarchical linear models (HLM) to investigate the relationship between need 

and the temporal trajectories in the Expanded Syringe Access Demonstration Program and 

whether this relationship varied by the racial/ethnic composition of the community. They found 

that although OTC pharmacy access to syringes increased overall, this expansion occurred 

disproportionately in communities with a higher proportion of non-Hispanic whites. In both low 

and high need districts, spatial access to OTC pharmacies was higher in “Whiter” districts.160 

This finding was also consistent with prior literature by Williams and Metzger (2010) that found 

that the relationship between spatial access to syringes and injecting with sterile versus non-

sterile syringe may vary by race and ethnicity. Specifically, Blacks and Latinos were less likely 

to access syringes from SEPs, which was distant dependent.163 

 Moo Young et. al. (2018) described the risk of medication primary nonadherence in 

relation to the distance an individual must travel to a pharmacy among a population of patients at 

a dermatology clinic in Dallas, Texas. This population consisted of mostly low income patients 

who may live in pharmacy desert. Street distance to the pharmacy was calculated from the 

patients’ home using distance by roadway from patients’ home ZIP code centroid to pharmacy 

street address. Driving time was calculated for non-traffic hours along the same street distance 

using ArcGIS. Primary non-adherence was defined as not filling and picking up all prescriptions 

within one year of the date on which the prescriptions were written. After adjusting for patient 

demographics (e.g., race, ethnicity, sex, age, language, relationship status) there was no 

difference in risk of non-adherence based on street distance to the pharmacy. Researchers also 

found no association between increased driving time to the pharmacy and non-adherence, which 

is consistent with prior literature 158 showing adherence to chronic medications was not 

associated with distance to a pharmacy or a provider and may indicate that pharmacy 
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accessibility is affected by factors other than just travel distance. Building on prior literature that 

showed that the impact of travel time and distance to health care facilities was equivocal,164 

researchers concluded that this unexpected congruence is due to the availability of transportation 

and could negate the impact of increased distance. Additionally, authors speculated that patients 

may fill prescriptions closer to work or commuting routes.165 

 A smaller number of studies examined access to specific pharmacy services including 

influenza vaccines, addiction treatment, disease-specific services, medication management, and 

cost-savings drug programs.85, 166-172 

 Of literature focusing on pharmacy accessibility, only three investigated direct health 

outcomes influenced by varying levels of pharmacy access.88, 173, 174 The first, by Bissonnette et. 

al. (2016), characterized pharmacy density in rural and urban communities with hospitals present 

and examined the association of pharmacy density with readmission rates in the state of Oregon. 

Pharmacy density was defined as the cumulative number of outpatient pharmacy hours in a 

primary care service area (PCSA) and classified into low, medium, and high pharmacy density 

areas. Hospital readmission rates were obtained from Centers for Medicare and Medicaid 

Services claims data among patients 65 years of age or older who were readmitted within 30 

days of a hospital discharge. Using multivariate linear regression, researchers examined the 

association of 30 day readmission rates with level of pharmacy density adjusting for PCSA land 

area in square miles, total number of hospital discharges per 1000 Medicare beneficiaries 

residing in the PCSA area, and the number of clostridium difficile cases per hospital. Hospital 

readmission rates ranged from 13.5% to 16.5%. Rural communities had lower pharmacy 

densities and higher readmissions, which was expected. Authors concluded that pharmacy 

density was highly correlated with the population size in a PCSA.88 A second study analyzed the 
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distribution of overdose death rates in relation to naloxone-distributing pharmacies in Allegheny 

County, Pennsylvania. Researchers mapped the trends of overdose death rates, locations of 

actively licensed pharmacies in the county, and pharmacies carrying naloxone across Zip Code 

Tabulation Areas (ZCTAs). Descriptive statistics and 2-sided t-tests were used to determine if 

the study areas of interest had any significant factors contributing to overdose deaths. Findings 

indicated a significantly higher number of overdose deaths in areas with naloxone-distributing 

pharmacies; although this finding may be counterintuitive, researchers concluded that there may 

not be enough awareness on the part of residents and pharmacists that naloxone can be 

administered via a standing order. Researchers concluded that findings were limited by the 

definition of study area (ZCTAs), which are established by the post-office and not as robust as 

census tract data, and the locator map (i.e., Naloxone Finder)  may not represent the true number 

of pharmacies that carry naloxone.173 Table 1 provides a description of pharmacy accessibility 

studies included in the systematic review. 
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Author Study Area Pharmacy Access 

Metrics 

Population and Pharmacy Sample Methodology Outcome Measures Conclusion(s) 

Amstislavski, et al. 

(2012)21 

New York City Pharmacy density per 

1,000 residents 

Medication 

availability 

Population: New York City (2000 

Census) 

Pharmacy Sample: Pharmacies in 168 

socio-economically diverse 

communities (n=408) 

Geocoded walk-in pharmacies 

and overlaid with community 
level variables 

 

Assessed relationship between 
community socio-economic 

context and geographic access 

to prescription medications via 
hierarchical linear models   

In-stock availability 

of common 
medications  

Geographic access to a 

pharmacy, type of pharmacy, 
and availability of 

medications vary across 

communities; “Medication 
deserts” exist in some 

communities with poor 

access. 

 

There are disparities in 
access to prescription 

medications in urban areas 

with ethnically and 

socioeconomically diverse 

neighborhoods.  

Barber, et al. (2019)148 Genesee County, 

Michigan 

Mean weekly 

pharmacy business 
hours 

Mean distance to 

nearest pharmacy 

Mean proportion of 

pharmacies within 1, 

5, or 10 miles 

Service availability 

(contraception 

access) 

Population: Random sample women 

aged 18 or 19 residing in Genesee 
County, Michigan via the 2008-2009 

(Data Source: Relationship Dynamics 

and Social Life Study) (n=1003) 

Pharmacy sample: Community 

pharmacies in Genesee County (Data 

Source: 2013 Community Pharmacy 
Survey) (n=40) 

Obtained pharmacy 

characteristics by survey 
 

Computed proportion of 

pharmacies within specific 
radii relative to population 

 

Analyzed merged data sources: 
mean differences, ordinary 

least squares regression, 

multinomial logistic 
regression, and logistic 

regression to assess whether 

race differences were a net of 
poverty differences 

 

Weekly pharmacy 

operating hours 

Access to 

contraception 

African-Americans may live 

in “contraception deserts”, 
where pharmacy 

characteristics may impede 

the purchase of contraception 

Bear, et al. (2010)149 Maryland Medication 
availability 

Number of 

pharmacies per ZIP 
code stratified by risk 

Population: Population of Maryland 
suburbs of Washington D.C. (2000 

Census) 

Pharmacy sample: Community 
pharmacies identified through ZIP code-

based internet yellow page search 

engine stratified by regional risk 
assessment and income (n = 44)  

Administered telephone 
surveys to pharmacists to 

assess availability of in-stock 

antimalarial medications 
 

Compared high- and moderate- 

risk regions against low-risk 
regions using  t-tests. 

 

Described community 
demographics by population, 

race, ethnicity, prior malaria 

cases, and income 

In-stock availability 
of antimalarial 

medications 

Time frame of 
availability if not in 

stock 

There are disparities in 
availability of outpatient-

antimalarial medications; 

pharmacies in high-income 
ZIP codes were more likely 

to stock first-line therapy 

medications compared to 
moderate-income, low-

incidence, low-risk ZIP 

codes. 

Bissonette, et al. 

(2016)88 

Oregon Pharmacy density per 

10,000 residents 

Population: Patients ≥65 years of age 

readmitted to hospitals within 30 days 

from July 2012 to June 2013 ; All 
hospitals within Oregon (n=58) (Data 

Explored pharmacy hours and 

readmission rates through 

multivariable linear regression 

Oregon hospital 30-

day all-cause 

readmission rates 

Hospitals in urban areas have 

higher pharmacy access. 

Hospitals in rural areas have 
higher readmissions 

Table 1 Description of United States based pharmacy accessibility studies 
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Pharmacy hours per 
10,000 residents 

Cumulative 

outpatient pharmacy 
hours in a service 

area:  low-, medium-, 

and high-density 

Sources: Dartmouth Atlas of Health 
Care Project using 2010 Census data, 

2006-2010 American Community 

Survey, Medicare data) 

Pharmacy sample: Licensed retail 

pharmacies within 48 PCSA1 in Oregon 

in 2015 (n=507). 

Pharmacy density highly 
correlated with population 

size in a PCSA. Pharmacy 

access or population density 
were not independently 

associated with readmissions 

Burrel, et al. (2017)173 Allegheny 
County, 

Pennsylvania 

Naloxone-carrying 
pharmacy within 

ZCTA2 

Number of 
pharmacies per 

ZCTA 

Population: Population of Allegheny 
County, Pennsylvania in 87 ZCTAs 

Pharmacy sample: All licensed 

pharmacies in the study area (n=322) 

Identified trends in overdose 
death rates across ZCTAs, 

locations of active licensed 

pharmacies, and pharmacies 
carrying naloxone 

 

Performed descriptive statistics 
to determine significant factors   

Number and 
distribution of 

overdose deaths 

Number and 
distribution of 

naloxone-

distributing 
pharmacies  

There is value in GIS3 
mapping of pharmacies to 

explore relationships between 

access and outcomes to 
identify important access 

related health outcomes 

trends.  

Casey, et al. (2002)138 Rural counties of 

Minnesota, North 
Dakota, South 

Dakota 

20 miles to a nearest 

pharmacy 

Pharmacy sample: Rural retail 

pharmacies in study areas for a period 
from January to March 2000 (n=537) 

Performed descriptive statistics 

of pharmacy characteristics 
from phone surveys, pharmacy 

licensure data, and phone 

interviews with clinicians 
 

Calculated distances between 

pharmacies on basis of 
longitude and latitude of ZIP 

code centroid and earth’s 

radius 

Geographic access 

to pharmacies 

Access to pharmacy 

services 

Financial access to 
pharmacy services 

Most rural residents have 

adequate geographic access 
to a pharmacy but financial 

access to pharmacy services 

was rated as a major problem 
for uninsured and elderly by 

clinicians 

Chisolm-Burns, et al. 

(2017)34 

Shelby County, 

Tennessee 

Pharmacies per 

10,000 residents  

Population: 2010 population of Shelby 

County, Tennessee 

Pharmacy sample: Community 

pharmacies in Shelby County (n=90) 

Determined associations 

between population 

characteristics (obtained from 
the 2010 ACS) and pharmacy 

access variables through 

ANOVA 
 

Examined associations of 

pharmacy density with resident 
characteristics and crime risk 

 

Assessed relationship of 
pharmacy variables to 

percentages of pharmacies in 

mental health shortage areas 
via correlational analysis 

Associations 

between ZIP-code 

delineated 
population 

characteristics and 

pharmacy access 
variables 

Association between 

pharmacy density 
and pharmacy 

access and 

pharmacy pricing 

  

Areas with higher percentage 

of minority residents had 

lower pharmacy density than 
areas with a high percentage 

of white residents 

Pharmacies in low-income, 
high crime risk, and low 

employment areas less likely 

to offer home medication 
delivery services. 

Chuang & Shank 

(2006)150 

Pennsylvania Medication 

availability by 

pharmacy type (chain 

vs. non-chain) and 

Pharmacy sample: Community 

pharmacies located in Northeast (NE) 

Pennsylvania that participated in a 

telephone survey (n=186) 

Compared emergency 

contraception availability in rural 

and urban pharmacies via 

bivariate analyses 

In-stock availability 

of EC4 

There is low availability of 

EC in pharmacies in NE 

Pennsylvania.  

 
1 PCSA: Primary Care Service Area 
2 ZCTA: Zip Code Tabulation Area 
3 GIS: Geographic Information Systems 
4 EC: Emergency Contraception 
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rural vs. urban 
designation Barriers in rural settings 

could hinder timely access to 

EC for rural women 

 

Cooper, et al (2009)160 New York City 
(NYC) 

1 mile to a syringe 
access site (ESAP5 

pharmacy) 

Pharmacies per 
square mile 

Population: Population of NYC within 
42 health districts at the ZIP code level 

based on 2000 Census 

Pharmacy sample: Pharmacies enrolled 
in the Expanded Syringe Access 

Demonstration Program (ESAP) from 

2001 to 2006 

Characterized spatial access to 
ESAP  pharmacies within each 

health district via kernel 

density estimation  
 

Assessed relationship between 

need and temporal trajectories 
in syringe access program by 

district racial/ethnic 

composition via hierarchical 
linear models  

 

Spatial access to 
ESAP pharmacies 

by racial/ethnic 

composition. 

Spatial access to ESAP 
pharmacies is a racialized 

feature of the risk 

environment in NYC 

Cooper, et al. (2011)175 New York City 1 mile to a syringe 
access site (ESAP 

pharmacy) 

Population: Injectors who took part in 
Risk Factors for AIDS among 

Intravenous Drug Users study who 

resided in NYC health districts between 
1995 and 2006 (n=4067) 

Pharmacy sample: ESAP pharmacies 

operating each year between 2001 and 
2006 (n=1316) 

 

Explored hierarchical generalized 
linear models to describe 

temporal trajectories of district-

level spatial access to sterile 
syringes 

Syringe flow, 
District-level 

syringe access 

Increasing spatial access to 
ESAP pharmacies reduces 

odds of unsterile syringe use. 

Relationship of spatial access 
to syringes with odds  of 

unsterile syringe use did not 

vary across racial/ethnic 
groups 

 

Deshpande, et al. 
(2019)151 

Springfield, 
Illinois 

Median travel 
distance to a 

pharmacy (miles) 

Population: Adults diagnosed with 
asthma, aged 18-85 years, who visited 

SIU6 primary care clinics in 2014 and 

resided in Springfield, Illinois (n=519) 

 

 

 

Determined travel distance 
between patient’s address and 

clinic and preferred pharmacy 

using Central Cancer 
Registries’ shortest path finder 

tool 

 
Determined differences 

between medication use and 

patient characteristics 
 

Assessed odds of inappropriate 

or inadequate medication use 
via logistic regression  

 

Asthma medication 
use (inappropriate or 

inadequate) 

Proximity to pharmacies may 
play a role in medical 

management of chronic 

diseases. Effect of spatial 

access was mitigated when 

other factors were considered 

Dodson, et al.(2018)174 Pittsburgh, 

Pennsylvania 

Travel time to 

pharmacy 

Medication 

availability 

Population: Cases of suspected nonfatal 

opioid overdoses in which naloxone 
was administered from 2013 to 2016 

(n=3182) 

Pharmacy sample: Naloxone 
distributing pharmacies actively 

operating for the study period (n=24) 

Performed location–allocation 

analysis evaluating locational 
efficiency of distribution of 

pharmacies stocking naloxone 

using the p-median model in 
ArcGIS 10.5.1 

Suspected nonfatal 

opioid overdose 
events relative to 

naloxone 

distributing sites 

Accessibility to naloxone can 

be improved with location-
allocation approaches 

 
5 ESAP: Expanded Syringe Access Program 
6 SIU: Southern Illinois University 
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Doucette, et al.(1999)131 United States Pharmacies per 

10,000 population 

 

Population: County-level national 

population measures from 1994 Area 

Resource File (Bureau of Health 

Professions) and 1994 ZIP Code 
Business Patterns (US Census Bureau) 

Pharmacy sample: All licensed 

pharmacies in the U.S. in 1994 

 

Assessed relationship between 

market factors and number of 

community pharmacies per 

population and proportion of 
independently owned pharmacies 

using regression models 

Number of 

community 

pharmacies per 

10,000 population 

Proportion of 

independently 

owned community 
pharmacies 

There is variability in the 

availability of community 

pharmacies across the US 

with fewer community 
pharmacies in areas with a 

high percentage of elderly 

people, rural settings, or a 
high HMO penetration rate. 

Rural areas have fewer 

community pharmacies per 
10,000 population and tend to 

be serviced by independently 

owned pharmacies. 

 

Egan, et al. (2020)152 North Carolina 

(NC) 

Medication 

availability 

Population: Population characteristics 

at the census tract level based on ACS 
2013-2017 estimates 

Pharmacy sample: Stratified random 

sample of licensed pharmacies in North 
Carolina in November 2018 (n=200) 

 

Conducted phone surveys of 

stratified random sample to 
obtain pharmacy characteristics 

 

Performed descriptive statistics 
of overall survey weighted 

sample and naloxone 

availability  
 

Examined correlates of 

naloxone availability and out-
of-pocket cost of naloxone via 

logistics regression 

Naloxone 

availability without 
a prescription 

Out-of-pocket cost 

for intranasal 
naloxone 

Odds of naloxone availability 

were lower for independent 
pharmacies than chains. 

Naloxone availability was 

lower in communities with 
higher percentages of 

residents with public health 

insurance. 

Erickson & Workman 
(2014)129  

Wayne County, 
Michigan 

Number of residents 
per number of 

pharmacies 

Service availability 

Weekly hours of 

operation 

Population:  Population characteristics 
of Wayne County, Michigan at ZIP 

code level (2010 Census) 

Pharmacy sample: All licensed 
community pharmacies open for 

business in Wayne County, Michigan 

during February 2011 (n=503) 

 

Descriptive statistics of pharmacy 
characteristics 

Examined association between 

ZIP code characteristics and 
numbers of residents per number 

of pharmacies 

Out of pocket cost 
for 30 day supply of 

chronic medications 

Pharmacy service 
availability 

 

There are disparities in costs 
of drugs and availability of 

services based on race and 

household income. 

Gadkari, et al.  

(2009)171 

 

Wisconsin Service availability 

Hours of operation 

 

Population: Communities in non-

metropolitan counties in Wisconsin in 

2005 

Pharmacy sample: Non-metropolitan 

pharmacy sites in Wisconsin (n = 279) 

Described pharmacy sites and 

provision of drug therapy 

services 
 

Assessed relationship between 

variables and provision of 
drug therapy services 

performed using multivariate 

logistic regression 

Provision of disease 

state management 

programs and drug 
therapy services 

Higher service orientation, 

rural area status, and lower 

workloads were positively 
associated with provision of 

drug therapy services. The 

negative association of 
workload with provision of 

disease state management 

may affect patient access in 
rural areas. 

 

Gai & Feng (2017)166 United States Pharmacists per 
1,000 population 

Population:  Nationally representative 
sample of 1,696,119 adults 18 years of 

Predicted influenza vaccination 
via sample-weighted multivariate 

Influenza 
vaccination status 

Pharmacist density was 
significantly associated with 
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age and older across the 50 US (Data 
Source: 2008-2012 BRFSS7) 

Pharmacy sample: Currently licensed 

pharmacists residing within their state 
of licensure (Data Source: 2010 

AHRF8) 

 

logistic models using number of 
pharmacists per 1,000 population 

individual influenza 
vaccination and varied across 

racial/ethnic groups, rural 

versus urban regions, 
employment status, and age. 

 

Green, et al. (2005)24 Michigan Medication 
availability 

Number of 

pharmacies within 
minority vs. white 

ZIP codes 

Population:  Population demographics 
within selected ZIP codes based on 

2000 Census 

Pharmacy sample: Weighted random 
sample of pharmacies based on ethnic 

composition (n=93 “minority and n=95 

“white”) 

 

Described opioid analgesic 
supplies, barriers to 

availability, presence of a 

hospital, and population and 
community demographics. 

 

Compared ethnic composition 
and opioid availability to all 

potential covariates via design 

based Rao-Scott x2 and t-tests 

 

Explored the relationship 

between ethnic composition 
and opioid analgesic 

availability using design-based 

multivariate logistic regression 
models 

 

Availability of 15 
common opioid 

analgesics 

There are differences in 
prescription opioid 

accessibility in Michigan; 

people living in minority and 
low income ZIP codes have 

significantly less access 

compared to white ZIP codes 
and pharmacies in minority 

zip codes were less likely to 

have sufficient opioid 
supplies.  

 

Guagliardo, et al. 
(2007)162 

Washington, DC 
and near-in 

Maryland suburbs 

Travel time to 
pharmacies (driving) 

Number of 

pharmacies within 
specified round-trip 

travel times 

Population:  Sub-sample of asthmatic 
pediatric patients prescribed an inhaled 

corticosteroid (ICS) and enrolled at the 

Children’s National Medical Center 
from April 2002 to January 2004 

(n=137) 

Pharmacy sample: Non-institutional 
retail pharmacies within the study 

region that were within 10 miles of any 

patient residence (n=339) 

Assessed relationship between 
ICS compliance and selected 

variables  

ICS compliance at 
1, 3, and 6 months 

after intervention 

Spatial accessibility to retail 
pharmacies was not 

associated with ICS 

compliance in disadvantaged 
urban children with severe 

asthma. 

Henkel & Marvanova 

(2018)170 

North Dakota, 

South Dakota, 

West Virginia, 
Northern 

California, and 

Southern Oregon 

Medication 

availability 

Service availability 

 

 

Population:  County level population 

data within study areas from American 

Community Survey 5-Year Estimates 
(2009-2013) 

Pharmacy sample: Rural community 

pharmacies in the study areas (n=1166) 

 

Assessed relationship between 

rurality of community 

pharmacies and availability of 
services and in-stock 

medication, and pharmacist 

knowledge  

 

In-stock availability 

of cognitive 

enhancers 

Pharmacist 

knowledge of 

cognitive enhancers 

Availability of 

immunizations 

Pharmacy access disparities 

persist in rural areas. 

There was a negative 
relationship between 

increasing rurality and 

services in community 
pharmacies with limited 

availability of 

immunizations, reduced 

access to in-stock cognitive 

enhancers, and lack of 

pharmacist knowledge of 
cognitive enhancers.  

 
7 BRFSS: Behavioral Risk Factor Surveillance System 
8 AHRF: Area Health Resources File 
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Ikram, et. al (2015)22 Baton Rouge, 
Louisiana 

 Pharmacies per 
10,000 residents 

Drive time to a 

pharmacy (minutes) 

Pharmacy desert 

Population: Population of Baton Rouge 
Parish Louisiana in census blocks (n = 

7,896 census blocks) 

Pharmacy sample: Community 
pharmacies in East Baton Rouge Parish 

(n=110) 

Calculated accessibility using 
the proximity method and two-

step floating catchment area 

Accessibility scores 
by census block 

Accessibility scores 

by race 

Using the 2SFCA9 whites are 
disproportionately located in 

areas with above-average 

accessibility scores while 
African Americans are 

located closer to pharmacies 

that are more crowded 

 

Joudrey et al. (2020)168 Indiana, 

Kentucky, Ohio, 

Virginia, and 
West Virginia 

Median minimum 

drive time to 

pharmacy (minutes) 

Pharmacies per 

100,000 people 

Population: Population at census tract 

level in study areas from 2010 Census 

Pharmacy sample: Most prevalent chain 
pharmacies in study areas in 2017 

(n=3293) 

 

Compared census tract median 

population, assessed 

association between RUCA10 
urban-rural classification and 

drive time to the nearest 

dispensing facility, and 
compared mean difference in 

drive time between OTPs11 and 

pharmacies using Kruskal-

Wallis test 

 

Compared drive times to the 
nearest OTP with drive times 

to nearest chain pharmacy and 

to nearest CVS pharmacy 
among all census tracts and 

across RUCA urban-rural 
strata.  

 

Median minimum 

drive time to 

pharmacy and OTP 
in minutes 

Number of 

pharmacies and 
OTP per 100,000 

people 

Census tracts in rural areas 

have disproportionately 

longer drive times to opioid 
treatment programs than to 

community pharmacies. 

Implementation of pharmacy-
based methadone dispensing 

could increase  

Kleinman, RA 

(2020)176 

United States Drive time to 

pharmacy (minutes) 

Population: population at the census 

tract level where mean population 
center was within 3 miles of a road 

Pharmacy sample: community or retail 

pharmacies with active National 
Provider Identifiers in the US 

Calculated  great-circle 

distance to OTP12 and 
pharmacies using the 

Haversine formula 

 

Calculated drive time to OTP 

and pharmacies up to 12 hour 

max 
 

Performed a Welch analysis of 

variance (ANOVA) to 
determine differences in 

driving time to by NCHS13 

county classification 
 

Population-weighted 

mean drive time to 
OTPs and 

pharmacies in the 

US 

Mean drive time to OTP were 

longer to an OTP versus a 
pharmacy 

 

Lin, SJ (2004)139 Illinois Distance to nearest 

pharmacy (miles) 
 

Population: Elderly population of 

Illinois based on 2000 Census by census 
block group 

Calculated weighted distance 

based on centroid of census 
block group and locations of 

community pharmacies 

Average distance for 

elderly to a 
community 

pharmacy 

Geographic access to 

communities’ pharmacies 
appears to be appropriate but 

a small portion of rural 

 
9 2SFCA: 2-Step Floating Catchment Area 
10 RUCA: Rural-Urban Commuting Area 
11 OTPs: Opioid Treatment Program 
12 OTP: Opioid Therapy Program 
13 NCHS: National Center for Health Statistics 
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Pharmacies per 
10,000 people Pharmacy sample: Community 

pharmacies operating in Illinois in 2001 

(n=1373) 

elderly may warrant special 
attention 

 

Lin, et al. (2005)159 Michigan Distance to a 

pharmacy (miles) 

Population: Outpatients requiring 

access to a Schedule I opioid dispensing 
pharmacy (n=206,054 total 

prescriptions) 

Pharmacy sample: Community 
pharmacies that filled Schedule II 

opioids in Michigan in 1997 (n = 1915) 

 

  

Calculated Euclidean distance 

from residence to pharmacy 
location to fill prescription 

opioid summarized at 5-, 10-, 

and 20-miles by ZIP code 
centroid and intrazonal distance 

Number of 

prescription opioids 

Distance in miles to 

a pharmacy 

There is a discrepancy 

between potential and 
revealed access. 

Policymakers must move 

beyond considering only area 
configuration of health care 

resources.  

Look et al. (2019)177 Wisconsin Pharmacies per 

county 

Pharmacy sample: Community 

pharmacies with active, in-state licenses 

labeled by county via 5-digit ZIP-code 

(n=941) 

Described distribution of and 

relationships between county-
level opioid-related overdose 

death rates and number of 

treatment facilities or 
community pharmacies in rural 

and urban counties 

 

Correlation between 

distribution of 

pharmacies or 

treatment facilities 

and opioid relation 
overdose deaths 

Community pharmacies are 

ideally positioned in areas 

that could support 

medication-assisted addiction 

treatment, especially in rural 
areas without  substance 

abuse treatment facilities. 

Mayer et al. (2008)137 Washington Medication 
availability 

Population: Population estimates at ZIP 
code level (Data Source: 2000 Census) 

Pharmacy sample: Community 

pharmacies in Washington (n = 1349) 

 

Surveyed community 
pharmacies on opioid 

availability 

 
Performed multivariate logistic 

regression to assess 
associations between non-white 

residents and residents living 

below poverty with access to 
short-acting or long-acting 

opioids 

Availability of 
opioids (rural vs. 

urban, white vs. 

nonwhite, income) 

Pharmacies in areas with 
high percentage of nonwhite 

residents or residents below 

poverty level were more 
likely to have reduced opioid 

availability. 

 

Moo-Young, et. al 

(2018)165 

Dallas County, 

Texas 

Distance from 

patient’s home from 
ZIP code centroid to 

pharmacy (miles) 

Drive time to 
pharmacy (minutes) 

Population: Dermatology clinic patients 

in Parkland Health and Hospital System 
(PHHS) seen between January 1, 2011, 

and December 31, 2013, with no visits 

in prior 3 years who had: 1) one or more 
formulary dermatologic medications 

prescribed, and 2) insurance coverage 

for uninsured or low-income residents 

 

Explored association between 

distance and non-adherence 

Primary non-

adherence (not 
filling/picking up 

prescription within 

one year of date of 
prescription) 

Adherence stratified 

by full, some, and 
complete non-

adherence 

In urban setting, distance 

between a patient's home and 
pharmacy was not associated 

with primary nonadherence 

Pednekar & Peterson 
(2018)85 

Pennsylvania Pharmacy desert 
(33% of population 

>1 mile from 

pharmacy) 

Population: Elderly (≥65 years old) in 
Pennsylvania enrolled in a State 

Pharmaceutical Assistance Program in 

2015 (n=172,967) (Data Source: 
PACE14 dataset) 

Identified differences in 
sociodemographic profiles and 

distribution of different 

pharmacy types and their 
services. 

 

Proportion of 
pharmacy deserts 

 

Percent of pharmacy 
deserts 

 

There is urban/rural 
inequality, racial/ethnic 

disparity, and differences in 

availability of pharmacies 
and their services between 

 
14 PACE: Pharmaceutical Assistance Contract for the Elderly 
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Pharmacies per 100 
enrollees at county 

level 

Distance to a 
pharmacy (miles) 

Pharmacy sample: Community 
pharmacies in the state at the tract level 

(n=2,752) 

Calculated distance in miles to 
a nearest community pharmacy 

using the haversine formula. 

  
Performed hot spot analysis 

determining location clusters 

of pharmacy deserts at county 
level 

Pharmacy density 
 

Pharmacy hot spots 

and cold spots 

pharmacy deserts and non-
deserts. 

Qato, et al. (2014)19 Chicago, IL Pharmacy desert 

defined as low-access 

and low-income 

Population: Communities/Population 

within the city of Chicago at census 

tract level (Data Source: 2000/2010 US 
Census and 2007-2011 American 

community Survey) 

Pharmacy sample: Community 
pharmacies in 2000 (n=505) and 2012 

(n=511) 

Compared differences and 

trends over time in distribution 

of pharmacies across 
communities 

 

Assessed significance of mean 
difference of pharmacy 

numbers across community 

types 

 

Mean number of 

pharmacies 
 

Prevalence of 

pharmacy types 
 

Prevalence of 

pharmacy deserts 

 

 

Geographic pharmacy 

accessibility  varies by 

racial/ethnic composition of 
neighborhoods with the 

poorest access in segregated 

black and Hispanic 
neighborhoods and 

disparities worsening over 

time 

Qato et al. (2017)20 Chicago, IL Pharmacies per 
square mile 

Distance (>1 mile 

from pharmacy) 

Median travel 

distance (miles) 

Population: Probability sample of 
adults 35 years of age or older residing 

on the South Side of Chicago in 2012 to 

2013 (SSHVS) who reported using at 
least one prescription medication on 

regular basis (n=169) 

Pharmacy sample: Pharmacies within 
the 349 census tract in the South Side 

study region (n=147) 

Examined pharmacy accessibility, 
utilization, and travel distance to 

primary pharmacy, and cost-

related underuse overall and by 
pharmacy type 

Pharmacy 
accessibility where 

low access = living 

>1 mile from 
pharmacy 

 

Median travel 
distance in miles 

(pharmacy 

utilization) 
 

Cost-related 

underuse 

Most residents of minority 
communities not using 

pharmacies closest to their 

home to obtain prescriptions 

Qato, et al. (2017)145 United States Pharmacies per 

10,000 population 

 

Population: National annual population 

estimates from US Census (2007-2015) 

and 5-year (2010-2014) American 
Community Survey (ACS) estimates 

Pharmacy sample: Active community 

pharmacies in the U.S. (2007-2015) 
using data from the National Council 

for Prescription Drug Programs (2007-

2015) 

Determine differences in 

pharmacies per capita over 

time using Ordinary Least 
Squares (OLS) 

 

Determine differences in 
distribution of pharmacy type 

and pharmacy characteristics 

using time-series logistic 
regression to 

 

Measured amount of variation 
in availability of pharmacies, 

prevalence of pharmacy type, 

and pharmacy characteristics 

using coefficient of variation 

 

Availability of 

pharmacies (number 

of pharmacies and 
per-capita) 

Pharmacy 

characteristics 

Despite growth, pharmacy 

availability and 

characteristics vary across 
local areas. There should be a 

designation to identify 

pharmacy shortage areas 

Qin, et al. (2018)154 Baltimore, 

Maryland 

Median number of 

pharmacies per 
100,000 population 

Population: Census tract demographic 

and economic data from 2011-2015 
ACS (n=200 census tracts) 

Compared pharmacy density at 

ZIP-code level using kernel 
density estimation 

 

Pharmacy-level 

barriers to 
prescription 

Areas defined as pharmacy 

deserts had larger proportions 
of minorities vs. non-

Hispanic whites. Barriers to 
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Pharmacy desert 

(>33% not within 

walking distance of 

0.5 mile, low vehicle 
access, and low 

income) 

Pharmacy sample: Pharmacies within 
Baltimore, MD neighborhoods with 

highest rates of Chlamydia trachomatis 

(Ct) (n=57) 
 

Assessed relationship between 
pharmacy density and Ct 

incidence 

 
Described relationship between 

pharmacy deserts and 

population characteristics. 
 

Measured association between 

medication cost and census 
tract characteristics 

expedited partner 
therapy 

prescription expedited 
partner therapy included 

limited geographic pharmacy 

access, lack of pharmacist 
awareness of expedited 

partner therapy, and 

medication cost. 

Samson, et al. (2012)156 Kansas Distance to a 

pharmacy (miles) 

Medication 
availability 

Pharmacy sample: Sample of 

community pharmacies willing to be 

surveyed (n=186) 

Population: rural and urban populations 

of Kansas (year not specified) 

Identified significant differences 

in access to (rural vs. urban) and 

type of (corporate vs. 
independent) pharmacies 

Availability of 

emergency 

contraceptives 

Ability to dispense 

emergency 

contraceptives 

within 24 hours 

Disparities exist in pharmacy 

ability to provide EC within 

24 hours (corporate vs. 
independent) and there are 

geographic and pharmacy-

type differences in EC stock. 
Providing independent and 

rural pharmacies with 

immediate stock of EC might 
reduce the human and 

financial costs of unintended 

pregnancies in Kansas. 

 

Singer, et al. (1998)157 Hartford, 

Connecticut 

Syringe availability 

Number of syringe-
carrying pharmacies 

Population: Two samples of injecting 

drug users in the study area (n = 850 
and n = 1165) between 1992 and 1997 

Pharmacy sample: Community 

pharmacies in the Hartford, Connecticut 
area (n =27) during June and July of 

1997 

 

Surveyed attending pharmacists 

on prevalence of injecting drug 
users, policies and practices of 

syringe sales, reasons for not 

selling syringes, syringe 
packaging, and perceived role 

of the pharmacist in HIV 

prevention 

 

Interviewed injecting drug 

users on personal risk, risk-
avoiding behaviors, purchases 

of syringes from pharmacies, 

and use of pharmacies in 
accessing clean syringes 

 

Non-prescription 

syringe purchases 

Pharmacies are a primary 

source of sterile syringes for 
injecting drug users. Supply 

of syringes is not adequate to 

serve the entire community 
and pharmacy sales have 

dropped over time in part due 

to changing policies on 
syringe sales. Stakeholders 

should explore 

implementation of syringe 
exchange programs within 

community pharmacies. 

 

Stone  & Young 
(2020)155 

Georgia Medication 
availability 

Number of naloxone-

carrying pharmacies 

Pharmacy sample: Random selection of 
community pharmacies from each 

NCHS15 Rural-Urban Classification 

Scheme for Counties  surveyed in 2017 
(n=330) 

 

Examine differences in 
naloxone availability across 

pharmacy location (rural and 

urban), pharmacy type (chain 
and independent), and areas of 

greater opioid overdose 

mortality 

Pharmacist-reported 
naloxone stock 

status 

There are barriers accessing 
naloxone. Naloxone was less 

likely to be available from 

independent pharmacies and 
in areas of lower than 

average opioid mortality 

rates. Strategies are needed to 
increase access to naloxone 

in an effort to combat the 

opioid epidemic. 

 
15 NCHS: National Center for Health Statistics 
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Stopka, et al. (2012)153 San Francisco, 

California 

Number of 

pharmacies within ¼ 

mile of IDU16 

residence 

Distance to a 

pharmacy (walking 

via road network) 

Euclidean distance to 

a pharmacy (miles) 

Travel time to a 
pharmacy (walk 

time) 

Population: Convenience sample of 

injectable drug users in San Francisco 

18 years of age or older who injected 

illicit drugs during past 30 days (n=563) 

Pharmacy sample: All retail pharmacies 

operating in San Francisco in 2008 that 

sell OTC syringes (n=65) 

 

Estimated prevalence ratios 
 

Assessed relationship between 

OTC syringe purchase and 
explanatory variables. 

 

Determined associations 
between explanatory variables 

and OTC syringe purchase 

 
Performed spatial analyses to 

describe placement and 

distribution of all pharmacies, 
OTC syringe-selling 

pharmacies, syringe exchange 

programs, and IDUs. 
 

Non-prescription 

syringe purchase 

Demographic characteristics, 

risky behaviors, and 

geographic factors associated 

with OTC syringe purchase is 
better assessed using 

statistical and spatial 

analyses. Understanding 
characteristics associated 

with ability to purchase OTC 

syringes at pharmacies and 
whether OTC syringes are 

purchased can inform 

infectious disease 
preventative interventions. 

Some geographic areas in 

San Francisco have large 

densities of IDUs who have 

limited access to OTC 

syringe-selling pharmacies. 

Stopka et. al. (2013)178 Los Angeles 

County, CA 

Service availability 

Number of OTC17 

syringe-selling 
pharmacies 

Pharmacy sample: All licensed LA 

County pharmacies (n=1,623) in 2008 

(Data Source: CA State Board of 
Pharmacy) 

Population: 5-year population estimates 

from American Community Survey 
Data (2005-2009) 

Descriptive mapping to visualize 

pharmacy distribution, spatial 

autocorrelation, and hot-spot 
analyses 

 

Multivariable regression analyses 
to determine association of 

sociodemographic characteristics 

of census tract residents with 
pharmacy presence in Los 

Angeles (LA) County during 

2008. 

Prevalence of OTC 

syringe-selling 

pharmacies per 
capita 

Pharmacies were clustered 

closer to older populations 

and farther from poorer 
populations. 

Population size, median age, 

and percent of households 
receiving public assistance 

were associated with 

presence of pharmacies but 
only 12% of census tracts had 

at least one OTC syringe-

selling pharmacy. 

Syed, et al. (2016)158 Chicago, IL Distance to a 

pharmacy (miles) 

Population: Patients aged 18-64 with 

diabetes who had at least one 

prescription fill for an ACEI18 or ARB19 
and had continuous Medicaid coverage 

in the greater Chicago area in 2009 

(n=6532) (Data Source: Illinois 
Department of Healthcare and Family 

Services database) 

Pharmacy sample: 

 

 

Multivariate regression model to 

measure association between 

medication adherence and 
distances to a pharmacy and/or 

prescriber 

Medication 

adherence defined 

as proportion of 
days covered (PDC) 

ACEI or ARB adherence was 

not associated with distances 

to pharmacies and prescribers 

 
16 IDU: Intravenous drug user 
17 OTC: Over The Counter 
18 ACEI: Angiotensin Converting Enzyme Inhibitor 
19 ARB: Angiotensin Receptor Blocker 



 
56 

Tsui, et al. (2020)179 United States Number of 
pharmacies per 

census tract 

Pharmacy sample: Health care 
environment, demographic, and 

socioeconomic data between 2000 and 

2014 for all land-based census tracts in 
the continental United States (n = 

72,246) using 2017 data from National 

Establishment Time-Series (NETS) and 
2010 US Census geographies. 

 

 

Described health care facilities, 
demographics, and 

socioeconomic characteristics 

for 2000, 2010, and 2014. 
Categories of health care 

facility presence were mapped 

over time and frequencies 
compared across states.  

 

Predicted change in health care 
facilities between 2000 and 

2014 via bivariate analysis 

 
Estimated associations between 

change in 

demographic/socioeconomic 
characteristics and change in 

health care facility presence 

(2000-2014) via longitudinal 
multinomial logistic regression 

models 

 

Neighborhood-level 
geographic access of 

health care facilities 

(e.g., pharmacies, 
ambulatory centers, 

and drug stores) 

There was differential change 
in presence of health care 

facilities across 

neighborhoods; 
socioeconomically 

disadvantaged neighborhoods 

never had or lost facilities. 
Non-Hispanic black, 

Hispanic/Latino, and 

racially/ethnically mixed 
census tract areas more likely 

to never have or to lose 

health care facilities between 
2000 and 2014. Geographic 

access to care is important for 

health outcomes and spatial 
distribution of health care is 

important to monitor in the 

context of population health 
disparities. 

Westrick, et al. 
(2018)167 

United States Service availability 

Percent of 

pharmacies offering 
vaccinations 

Pharmacy sample: Stratified random 
sample of nationally-representative 

community pharmacies in the United 
States from April to July 2017 (n = 292) 

 

Surveyed a random sample of 
community pharmacies in the 

US to assess availability of 
immunization services 

Availability of 
immunizations by 

type 

Majority of US pharmacies 
provide at least one type of 

vaccine, but the scope of 
immunization services varies. 

Patient-related barriers 

should be addressed to 
enhance pharmacy-based 

immunization services. 

 

Wisseh, et al. (2021)180 Los Angeles 
County, 

California 

Driving distance 
(miles) 

Pharmacy desert 

Population: Population estimates from 
2012–2017 American Community 

Survey (ACS) at census tract level 

Pharmacy sample: Retail and 
independent pharmacies in the study 

area 

Applied K-means clustering to 

group pharmacy deserts based 

on indicators of social 

determinants of health  

Percent of pharmacy 
deserts (census tract 

centroids >1 mile 

from a pharmacy) 

 

SDOH20 associated 

with pharmacy 
deserts 

 

25% of LA county census 
tracts were pharmacy deserts. 

Pharmacy deserts can be 

classified into two types 
where type two pharmacy 

deserts were characterized by 

denser population, more 
minorities, lower 

socioeconomic status, less 

vehicle ownership, and 
higher crime. 

Zhang, et al. (2012)172 United States Driving distance to a 

retail pharmacy with 
$4 drug program 

(miles) 

Medication 
availability 

Population: A 5% random sample of 

elderly Medicare Part D beneficiaries 
without Medicaid coverage or low-

income subsidies in 2007 (n=347,653) 

and population characteristics at ZIP-
code level from 2010 US Census.  

Identified proportion of 

beneficiaries living within 
specific driving distances to 

closest pharmacy offering $4 

generic program 
 

Evaluated factors associated 

with the use of $4 programs 

Driving distance to 

pharmacy 

Probability of use of 

$4 program based 

on covariates 

Driving distance to pharmacy 

with $4 program strongly 
associated with use of the 

program. Improved 

accessibility could increase 
use of low-cost generics. 

 
20 SDOH: social determinants of health 
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Pharmacy sample: Wal-Mart and 
Target retail pharmacies in 2007 with 

$4 generic program 

 
Modeled probability of use of a 

$4 program among 

beneficiaries 
 

Calculated proportion of non-

users whose savings would be 
greater than travelling costs if 

they switched to $4 programs. 

 

Potential savings 
from switching to $4 

generics 
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2.4.2 Pharmacy Access Research Worldwide 

 Although this research focuses on pharmacy access in the US, a discussion of pharmacy 

access literature conducted internationally warrants discussion. Despite different health care 

system structures and different definitions to describe populations within geographic boundaries, 

some international communities face similar pharmacy access barriers to those in the US. As 

such, investigations on pharmacy access have been of interest to international governments in 

recent years. Todd et. al.(2014) conducted an area level analysis spatial study using postcodes for 

all community pharmacies in England. The postcodes were assigned to a population lookup table 

and lower super output area which was then matched to urbanity and deprivation deciles. 

Researchers determined the access to a community pharmacy within a 20 minute walk and found 

that over 89.2% of the population has access to a community pharmacy. However, when 

comparing between lowest and highest deprivation scales, in areas of lower deprivation, 90.2% 

of the population had access to a community pharmacy within a 20 minute walk versus 99.8% in 

areas of highest deprivation. This greater access in areas of highest deprivation shows an inverse 

pharmacy care law for community pharmacy distribution in England.84 In a subsequent study, 

Todd et. al. (2015) examined the relationship between walking distance to general practitioner 

(GP) premises and community pharmacies and found a positive correlation. Households who had 

high access to a GP also had high access to a community pharmacy.181  

 A study conducted in New Zealand by Norris et. al. (2014) investigated how the number of 

pharmacies and their locations changed over time and whether this led to changes in the number 

of people with poor access to pharmacy services. The number of pharmacies in New Zealand 

decreased by half over the last several decades. By using New Zealand’s Deprivation Index, 

which measures the relative socioeconomic deprivation in each area, researchers determined that 

urbanization of pharmacies led to poor access to pharmacies in rural areas but concluded that 
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there was no association between socioeconomic deprivation and proximity to a pharmacy.182 

Another study conducted in Ontario, Canada investigated geographic access to pharmacies and 

simulated the impact of pharmacy closures. Pharmacy locations were geocoded using pharmacy 

addresses and data was merged with road network data from Digital Mapping Technologies Inc 

Spatial and 2006 Census data from Statistics Canada. Population statistics were used at the 

dissemination block level (small areas bounded by roads). Using network analysis, walking, and 

driving services areas were constructed for each pharmacy. Monte Carlo simulations were 

performed to analyze changes in the proportions of the Ontario population living in census 

dissemination blocks within each distance of one to five or more pharmacies. Researchers found 

that most Ontario residents can access community pharmacies within reasonable travel distance 

both walking and driving.183 Law et. al. (2013) also conducted a study using population estimates 

at the census block level and network analysis on the locations of almost 300 community 

pharmacies to determine the number of Nova Scotia residents living within walking or driving 

distance of a pharmacy. Defined pharmacy access thresholds were 800 meters (walking) and 2 

kilometers or 5 kilometers (driving) from a pharmacy. Researchers used Monte Carlo 

simulations to analyze the effect of pharmacy closures on geographic access on both rural and 

urban communities and results revealed that most Nova Scotia residents have good overall 

access to a community pharmacy with approximately 75% residing within a 5 kilometer driving 

distance to at least one pharmacy. There were differences in urban and rural access because of 

urbanization of pharmacies (i.e., pharmacies opening in urban areas and closing in rural areas). 

The Monte Carlo simulation demonstrated that even with a hypothetical closure of 50% of 

pharmacies, more than 30% of rural residents would still live within 5 kilometers driving 

distance to a pharmacy.184   
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 Unlike other international studies, a study conducted in Lisbon, Portugal that investigated 

the geographical pedestrian accessibility to community pharmacies among an elderly population 

found a high spatial variability of proximity to pharmacies. They found that approximately 60% 

of the elderly population lived less than a 10 minute walk to the nearest pharmacy while 77% 

lived less than 15 minutes away. While this walking distance may seem relative across cultures, 

the authors concluded that their findings were in opposition to the common view that pharmacies 

are highly accessible in urban areas.185 Padeiro et. al. (2018b) also compared alternative methods 

for measuring pedestrian access to community pharmacies. Twelve measures of pedestrian 

access between spatial units and the nearest pharmacy were calculated based on distance type, 

location, definition of a centroid, and the level of spatial unit using a list of 801 community 

pharmacies and population data from the 2011 Census. Correlations for the different methods 

was performed and estimates of the populations served by a pharmacy were analyzed revealing a 

broad range between percentages of the population served based on methodology. They 

concluded that the “finest” parameters of population assignment are the most inclusive (i.e., 

census blocks/tracts versus county level) and that network distances (as opposed to straight-line 

distances) are more accurate.185 

 Several other international studies focus on access inequalities and inequalities 186-189 and 

geographic distribution of community pharmacies.63, 190, 191 Identifying similarities in research 

methodology and the variables that may have an impact on pharmacy access is important to 

understanding the larger concept of pharmacy access. 

2.5 Limitations of Current Pharmacy Access Research 

 Across pharmacy accessibility studies, there was no consistent definition of relative 

pharmacy access. Variables used to determine or describe pharmacy access varied and most 

studies evaluated access to medications or pharmacy services in the context of distance, travel 
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time, or pharmacy distribution and/or density. Some evaluations focused on geographic access, 

such as proximity to a pharmacy, while others incorporated sociodemographic (i.e., community 

racial composition, income, vehicle access, crime risk) or financial barriers (i.e., drug cost). Few 

studies used consistent pharmacy access measures and pharmacy access parameters were 

measured using diverse methodologies or constructs. Studies that incorporated existing access 

constructs (i.e., food deserts) differed by how they were applied and none of the studies used a 

specific definition for pharmacy access based on a validated pharmacy access model. Significant 

secondary pharmacy access metrics, such as community pharmacy characteristics or population 

and community factors, were mixed. The variation in how pharmacy access was defined across 

the literature may limit how stakeholders interpret and apply significant findings in their regions 

or communities. There may be a need for individual cities or counties to address disparities in 

pharmacy access differently. 

 Factors included in statistical models to determine level of access varied. Some studies 

included driving or walking distance, and not travel time or travel patterns, which could pose 

barriers to minority groups who may be less likely to own a vehicle and more likely to utilize 

public transportation.19, 145 Several studies did not consider additional financial, cultural, or 

administrative barriers such as sociodemographic variables, lack of prescription drug coverage, 

low literacy among certain populations, insufficient stock of medications such as opioids, 

medication type, access by public transportation, type of pharmacy services provided or 

pharmacist supply.84, 138, 139, 165, 183 In the study by Ikram et. al. (2015) that did consider both 

supply and demand, travel time may be underestimated, and authors explained that the 2SFCA 

method of analysis may not represent actual patient behavior with regard to pharmacy access.22 

The study by Amstislavski, et. al. (2012) specifically mentions that the analysis did not examine 
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procurement of medications at the patient level including other methods such as mail order; that 

is, it was not considered whether patients visited pharmacies outside of their residence area (i.e., 

closer to work, school, or other locations). Additionally, they used lack of health insurance as a 

proxy to lack of prescription medication coverage, which in some cases may be independent of 

health insurance status.21 Casey et. al. (2004) specifically mention that the lack of consumer 

interviews limits their findings138 and Qato et. al. (2017) state that their definition of nearest 

pharmacy as near place of residence might not be representative of actual patient prescription 

filling behavior.145 

 Most studies did not account for prescription drug coverage or drug costs. Among some 

that did, generalizability is limited to the population of study such as patients within a specific 

health plan or those visiting in-network pharmacies.85, 165 Further, the study by Pednekar et. al. 

(2018) that investigated an elderly population within a specific health plan did not measure 

driving or walking distance and assumed that people only filled prescriptions close to their 

home.85 Moo-Young et. al. (2018) researched pharmacy accessibility on adherence among a 

homogenous population within a specific health plan and excluded paper prescriptions that may 

have affected their findings.165 Chisolm-Burns (2017) surveyed pharmacies in Shelby County, 

Tennessee for out-of-pocket costs (“cash price”) for generic levothyroxine, methylphenidate, and 

hydrocodone-acetaminophen finding that levothyroxine prices differed significantly by 

pharmacy density where pricing was higher in areas of lower density. Methylphenidate prices 

were also significantly lower in areas with the lowest employment rates, yet there were no 

significant socioeconomic and racial differences in generic drug programs, immunization 

services, or medication therapy management services.34 These findings were in contrast to the 

work of Erickson & Workman (2014) who also investigated out-of-pocket costs for 30-day 
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supplies of common prescription medications. They identified lower drug costs in ZIP codes 

with higher household income and a higher percentage of White residents.86 These conflicting 

findings may be the result of limited generalizability based on population and location and 

highlight the need for individual cities or counties to address disparities in pharmacy access 

within specific geographic regions.  

  All studies are limited to the regions in which their study is conducted. Findings from the 

Qato et. al. studies on Chicago’s South Side are limited to that region, though authors state that it 

may be possible to generalize their findings to other urban areas that experience similar 

persistence in racial and ethnic segregation, such as Detroit; however, findings may not be 

applicable to all low-income communities.19, 20 Similarly, the study conducted in Oregon is 

limited by the lack of racial diversity compared to other regions of the United States (U.S.). 

Further, this study only included variables in which there was complete data, and it is uncertain 

how the level of missingness of hospital patient and performance survey data may have impacted 

their results. Like other studies, their estimates were based on population data rather than 

individual patient-level data.88 Generalizability is also limited by the pharmacy type. 138, 139 In the 

national analysis on pharmacy access, additional factors that may impact access, such as hours of 

operation, walkability, vehicle ownership, public transportation characteristics of counties, and 

geographic accessibility based on travel distance/time to the nearest pharmacy were not included. 

Although this analysis did characterize how pharmacy characteristics varied at the county level, 

it did not measure geographical pharmacy demand based on medication demand or disease 

burden.145 

 The studies on pharmacy accessibility also used a variety of methods to measure level of 

access and incorporated a wide array of variables into their models. Aside from the studies by 
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Qato et. al. (2014; 2017), Pednekar & Peterson (2018), and Erickson & Workman (2014), none 

of the studies used a specific definition for pharmacy access based on any validated theoretical 

model. Distances to pharmacies were also calculated using different methods including ZIP code 

centroid,139, 165 arbitrary distance thresholds,139, 182-184 or the definition of a HPSA.138 The former 

is not representative of the patient’s actual address and may result in an artificial characterization 

by ZIP code such as occurs with the boundary effect.165 Additionally, this method may introduce 

an aggregation error bias.80, 139 Some studies used the number of pharmacies per person as a 

proxy of geographic access as opposed to more robust methods such as kernel density estimates 

used elsewhere in the literature.21, 34, 129, 160, 161, 192 In the study that did use resident address as the 

locus of access, travel patterns were not incorporated.183 In studies characterizing urbanization of 

pharmacies, using older Census data likely understated the current degree of urbanization and 

limited the analysis to census blocks versus individual addresses.184 

 Notably, the greatest limitation across study findings is the lack of a uniform definition of 

pharmacy access that incorporates factors such as demographics or barriers known to impact 

access of a specific community. Definitions of pharmacy access  may be different for rural and 

urban areas or may be different for specific populations (i.e., Medically Underserved Populations 

or minority populations) as there may be distinct issues at the individual, community, and 

societal level that would affect their ability to access a pharmacy. Although several studies 

investigated associations between pharmacy access and outcomes or between specific factors 

(i.e., distance, travel times) and actual pharmacy access via statistical methodologies, 

conclusions of these associations are limited by the elements included in their models, which 

may not be wholly representative of pharmacy accessibility.  
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 Despite several studies that investigate pharmacy accessibility, there is currently no widely 

recognized definition of what decreased pharmacy access means. Some prior studies have drawn 

definitions of low access pharmacy areas from the concept of food deserts. Several factors are 

known to affect healthcare and pharmacy access; however, factors included in analyses of 

pharmacy access vary considerably. Most studies have not employed existing conceptual models 

of healthcare access in their analyses. Those studies that have extended the USDA food desert 

definition to pharmacy deserts, to date, have not validated this method. Some researchers focused 

on geographic access, such as proximity to a pharmacy, while others incorporated elements like 

travel time, sociodemographic characteristics, financial access (e.g., insurance coverage, drug 

cost), and availability of specific services or medication. Studies investigating factors most 

associated with pharmacy access are limited. Additionally, within urban areas specifically, crime 

risk which is shown to affect health care access35 has only been explored in two studies.34, 180 No 

iterative, quantitative analysis incorporating all these factors, or the factors determined to be 

most relevant, have been performed.  

 Definitions of access areas (census tracts, meshblock groups, ZIP-code tract areas, etc.) 

also widely vary. While some research highlights the significance of geographic access, other 

research recommends and exploration of additional factors (i.e., travel time, travel routes). With 

a model that determines which factors are most relevant, research identifying relationships 

between pharmacy access and associated outcomes is more unequivocal; that is, a more uniform 

definition of the factors most influential to varying levels of pharmacy access among a specific 

population allows for research on the consequences of varying levels of pharmacy access to be 

more meaningful. 
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2.6 Theoretical Frameworks 

 Historically, researchers concluded that both patient demand factors (e.g., education, 

income, race, insurance status) and health service availability (e.g., geographic location, number 

of facilities, quality of care, hours of operation, waiting times, medication availability) influence 

differences in health care access and use.62 Differences in health outcomes are compounded by 

factors at all levels of the health care system (e.g., individual, provider, system, and 

environment).193 As such, several theoretical models were developed, incorporating these 

elements at each level of the healthcare system, to explain health outcomes and health disparities 

across different populations. The following is a discussion of theoretical models used in 

developing a conceptual model of pharmacy access. Section 2.6.1 describes the World Health 

Organization’s Commission on Social Determinants of Health (CSDH) framework. Andersen’s 

Behavioral Model and the Institute of Medicine’s Model of Access are presented in Section 

2.6.2, which were used to identify important community factors that may contribute to disparities 

in pharmacy access. Additional relevant access frameworks (i.e., food deserts) are also 

discussed. Finally, Section 2.7 describes the proposed pharmacy access logic model. 

2.6.1 Social Determinants of Health 

 At the most fundamental level, health inequalities are the result of differences in 

socioeconomic conditions.  There is no single and clear definition of social determinants of 

health (SDH) and several conceptual models were developed to understand the direct and 

indirect mechanisms of their role in health inequalities. The United States Centers for Disease 

Control (CDC) defines social determinants of health as “life enhancing resources… whose 

distribution across populations effectively determines length and quality of life”. 194 Similarly, 

the World Health Organization (WHO) defines social determinants of health as “the conditions, 

in which people are born, grow, work, live, and age, and the wider set of forces and systems 
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shaping the conditions of daily life”.195 While several models and definitions of social 

determinants have been proposed, and differences among them exist, certain common elements 

and pathways have emerged.194 A narrative review of conceptual models revealed these common 

indicators of socioeconomic status: classic (e.g. education, income, occupation), 

fixed/demographic (e.g. genetics, sex/gender, ethnicity/race, age, body mass index, marital 

status, religion), and proxy/complementary indicators (e.g. wealth and asset, size of household, 

social capital and trust, social and familial support, access and utilization of health services, 

health behaviors, cultural factors, place of residence, and safety).41 In 2005, WHO established 

The Commission on Social Determinants of Health (CSDH) to support investigating and 

explaining the social factors that contribute to health inequities and inequalities.196 They were 

tasked with the development of an action oriented conceptual model to explain these factors and 

how they influence disparity. Drawing from prior literature on social position and the 

mechanisms of health inequality, two categories of social determinants were identified: structural 

and intermediary determinants. These were further explained using the concepts of 

socioeconomic-political context and socioeconomic position.197 The socioeconomic-political 

context refers to a spectrum of societal factors that cannot be directly measured on an individual 

level. More specifically, it includes a “broad set of structural, cultural, and functional aspects of a 

social system”, including governance, public policy, macroeconomic and social policy, and 

social culture and values, which cannot be quantified, yet powerfully influence patterns of social 

stratification leading to differences in health opportunity. Socioeconomic position refers to 

marked socioeconomic differences in access to material resources influenced by mutable and 

immutable characteristics (e.g., education, occupation, income, social class, ethnicity/race, and 

gender) that can be stratified into three levels (e.g., individual, household, and neighborhood) 
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where each independently contribute to variances in exposure and outcomes. Structural 

determinants reinforce this social stratification to define an individual’s or a population’s 

socioeconomic position within hierarchies of access to resources. In conjunction with systems 

and processes embedded in the socioeconomic-political process, these structural mechanisms can 

be conceptualized as the social determinants of health inequities. Structural effects on 

intermediary determinants such as environmental conditions, biological, sociopsychological and 

behavioral factors, and health systems, lead to differences in health and welfare.41 It is because of 

this dynamic and systematic approach that the WHO’s conceptual model of social determinants 

of health was chosen to inform this study. Not only does the model describe independent social 

determinants of health, but it does so in the context of social position. More specifically, this 

conceptual model utilizes a framework developed by Diderichsen and Hallqvist, and later 

modified by Diderichsen, Evans, and Whitehead, in which they interpreted “the mechanisms of 

health inequality”.198 This later framework emphasized the role that the distribution of power, 

wealth, and risks, played in determining the pattern of social stratification, and consequently, in 

stratifying health. In developing a model for interpreting pharmacy access, and the potential 

effect on health outcomes, this component of social stratification is relevant, as evidenced by the 

previous discussion on residential segregation that was largely the result of imposed systematic 

discrimination based on race and class and perpetuated by socioeconomic-political factors. 

 To my knowledge, the WHO’s model of social determinants has not been investigated in 

its entirety from an empirical or quantifiable perspective. However, each of the contained 

elements has been studied extensively to answer specific research questions on the causes and 

effects of individual indicators on specific health outcomes.199, 200 Socioeconomic status is the 

primary non-medical factor to affect health status; socioeconomic status can be assessed by 
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wealth and income, education, or occupation and employment. Currently, poverty in the U.S. is 

not evenly distributed and income inequality continues to expand. Income has been shown to be 

a proximate indicator of access to resources, and while there is debate about the meaning of 

income across age groups (i.e., income has been shown to follow a curvilinear trajectory with 

age and measures of income at one point in time may fail to capture information about income 

fluctuations), household income is still the single best indicator of material living standards.201-203 

Employment and occupational class are strongly related to income and, consequently, to an 

individual’s ability to access material resources including health care, health education, or higher 

quality care. It may also affect health through psychosocial processes of social networks or 

work-based stressors.200, 204 There are racial and ethnic disparities in which racial and ethnic 

minorities are disproportionately represented among lower income groups or in which they are 

more likely to be unemployed or underemployed.205 This disparity has been directly linked to 

lower educational attainment due to neighborhoods of concentrated poverty.206 Education is 

another indicator frequently explored in health epidemiology research and can be measured as a 

continuous or categorical variable.207 It is a strong determinant of employment and income, as 

well as one’s ability to navigate the health care system or understand health education 

messages.207, 208 As such, educational attainment, along with income and employment, is linked 

to differences in morbidity and mortality, particularly for racial and ethnic minorities.200, 206, 209, 

210 Additional components of the CSDH model relevant to this study include transportation, 

race/ethnicity, gender, and crime/violence.  

 A large systematic literature revealed that transportation is a major barrier to health care 

access, especially for lower income and underinsured or uninsured populations.48 Transportation 

barriers to health care access leads to missed appointments, delayed medical care, delayed, or 
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missed medication use, and poor management of chronic disease states.200 Several studies have 

examined the relationship between transportation and medication use, identifying an inverse 

relationship. Transportation barriers led to less medication refills, an inability to afford 

medications, and admissions related to stopping medication.211, 212 One study found that a high 

percentage of diabetic ketoacidosis admissions were related to stopping insulin due to 

transportation barriers.213 Patients also reported that they would improve medication use with 

less transportation barriers.212, 214 Low-income and minority populations are more likely to utilize 

“active transportation”; that is, they are more likely to walk, bike, or use public transportation. 

Despite this, lower income and minority communities tend to have poorer infrastructure for these 

modes of transportation.200, 215 Consequently, these populations experience disparities in health 

outcomes and thus, transportation access is a crucial element to consider when measuring 

pharmacy access. 

 As previously discussed, race, ethnicity, and socioeconomic status are connected in a 

multidimensional way that independently or in combination affects one’s health status or health 

outcomes.200 Discrimination systems, including systemic practices and biases result in 

inequalities in resources, capacities, power, and opportunities across minority groups. These 

manifest in stereotypes, prejudices, and discrimination that translate to differences in health 

outcomes such as poor physical health, poor mental health, and poor quality of life.103, 200, 216, 217 

Compounded discrimination experienced by oppressed races and ethnicities leads to “biological 

expressions of racism” that are associated with other determinants related to disadvantaged 

positions. However, race and ethnicity are social constructs, not biological categories, wherein 

groups share cultural heritage and ancestry, and are shaped by systems of power and the 

dominance of one group over another.207, 218 
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 Like race and ethnicity, gender is a social construct that involves culturally created 

conventions, roles, and behaviors shaping relationships between women, men, and other 

genders.219 Gender is a fundamental basis for discrimination and women experience systematic 

discrimination in access and use of health care, including preventative care, and other resources 

leading to negative outcomes such as poorer mental health, decreased cancer survival, and 

increased mortality.207, 220-224 Women are also more likely to received lower quality of health care 

compared to men.225-227 This finding is further compounded for women of color.225, 227 Most of 

the literature devoted to pharmacy access and gender is focused on access to contraception, 

another issue shaped by socioeconomic-political context.228, 229 Approximately 30% of women 

experience access barriers when attempting to obtain contraception that lead to unintended 

pregnancies.229 Contraception use is lower among low-income women in medically underserved 

areas, often due to access related barriers.230 

 Crime and violence are another important social determinant of health that are the result of 

the social-environment and psychosocial circumstances.207 Violence is considered a public health 

issue and is one of the leading causes of death among people under the age of 50. Violence leads 

to even more injuries than death and can have lasting physical, psychological, and social impacts 

, though data quantifying this may be lacking due to underreporting.231 Intimate partner violence 

can lead to poorer mental and physical health, especially among women, as well as premature 

death. It also serves as a risk factor for certain conditions such as obesity, high blood pressure, 

and asthma morbidity.232-234 Crime and violence pose health risks and, consequently, may 

increase demand for health services. Homicide continues to be a leading cause of death among 

non-Hispanic Black Americans235 especially for non-Hispanic Black Youth. Among Black youth 

aged 15 to 19, it is the leading cause of death. Further, among the urban poor, there is a 
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population of African-Americans who are disproportionately physically disabled by crime and 

violence.236 Crime and violence lead to periods of frequent and prolonged activation of stress 

pathways that are believed to negatively impact health and health behaviors.35, 237, 238 They also 

affect how populations seek out and use health care.35 

 The CSDH framework is widely accepted for the purposes of health care research and has 

been adopted in analyses of the impact of indicators on health outcomes. One study explored the 

interdependence between socioeconomic status, lifestyles, and health in a single measure and 

sought to compare the relative strength of different predictors of health groups (i.e., clusters) at 

the individual level. Researchers used Discriminant Analysis (DA) to evaluate suitability of 

classifications and explanatory power of several determinants of health and found that people’s 

health is simultaneously shaped by structural and intermediary social determinants of health that 

were consistent with the CSDH framework. Through this process, they concluded that 

multidimensional models are useful in synthesizing effects of interrelated indicators, such as 

those from the CSDH framework, in a complex measure that allows for comparisons across 

groups. By combining cluster and discriminant analysis to identify and validate a health gradient 

into three main groups, they were able to integrate more complexity into their model compared 

to traditional cause and effects relationships.199 A recent study quantified social determinants of 

health (SDOH) in the United States as multilevel dimensions using cross-sectional Census 

Bureau data at the census tract level. The resulting four SDOH indices (e.g., advantage, isolation, 

opportunity, immigrant cohesion and accessibility), based on a collection of demographic 

characteristics of vulnerable groups, social and neighborhood characteristics, housing and 

transportation availability, and economic status, were used to estimate age-adjusted mortality 

rates in the city of Chicago. Findings indicated an association between all SDOH indices and 
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pre-mature mortality after adjusting for violent crime and spatial structures (R2 = 0.63; 

p<0.001).239 Given the findings of these previous studies, and the relatedness of social 

determinants of health in pharmacy access research, the CSDH was an appropriate framework by 

which to develop a model of pharmacy access using a similar methodology that is further 

explained in Chapter 3. 

 

2.6.2 Models of Health Care Access and Utilization 

 Health care utilization is dependent on health care system structures and patient 

characteristics.240 Several health care access frameworks have been constructed and modified 

over the years to describe patterns of utilization within developing or changing health care 

landscapes. Frameworks evolved from a behavioral perspective (i.e., Andersen Model), to 

focusing on barriers and health care utilization (i.e., Penchasky and Thomas), to access of 

personal health services (i.e., Institute of Medicine’s Access Model of Utilization). Additional 

models focused on the influence of contextual factors on a person’s demand for health care and 

physician behavior.1 Below is a discussion of health care access frameworks used for the purpose 

of this study. 

Andersen’s Behavioral Model 

 Andersen’s Behavioral Model is the most common framework used to understand an 

individual’s access to health care and explains use of health care services as a function of 

predisposing factors (i.e., individual characteristics), enabling and impeding factors (i.e., health 

insurance, income, distance to a provider), and need factors (i.e., health status, health 

conditions).1, 38 Andersens’s Behavioral Model has been used extensively over time to explain 

health care use and was modified and refined to distinguish between potential access (i.e., usual 

source of care) and realized access (i.e., actual use of services and patient satisfaction).1, 240-242 It 
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was also adapted to explain health care use among vulnerable populations such as homeless, 

immigrants, racial minorities, or rural populations.40, 243 These refined or expanded models have 

added complexity through the addition of environmental factors, specific health behaviors or 

health outcomes, health status and well-being, efficiency of health care systems, effectiveness of 

treatment, and equity.244 Some refined models also incorporated variables at the neighborhood or 

community level that may affect health care access and use.245  

 The Andersen Behavioral Model has also been applied to pharmacy utilization research. A 

version of the model was adapted to measure pharmacy utilization within a group of community 

pharmacies in Wisconsin. This version sought to determine time spent with the pharmacist and 

the amount of information received by the patients depending on predisposing (age, gender), 

enabling (distractions, business of the pharmacy), and need factors (English proficiency, mobility 

of the patient, type of prescription, and number of patient questions).246 The model has also been 

used or modified to investigate factors associated with multiple pharmacy use perceived barriers 

obtaining prescriptions169, 247and help seeking from community pharmacies.248 The model was 

applied in an investigation of potential and revealed geographic pharmacy access to fill 

prescription opioids. However, this study did not account for individual characteristics such as 

race and ethnicity, income, health insurance status or others.159 The behavioral model is 

multilevel, incorporating both individual and contextual determinants of health care use. One 

iteration of the model emphasizes that access to care can be improved by focusing on both these 

contextual and individual determinants.249 Contextual determinants refer to provider and health 

system related factors and community characteristics that are measured as an aggregate, such as 

local communities, metropolitan statistical areas, provider institutions, or health plans. 

Individuals are related to the aggregate via their membership or residence. These contextual and 



 
75 

individual determinants of health care use are divided in the same way as the original Andersen 

Behavioral Model: predisposing, enabling, and need characteristics. Predisposing contextual 

characteristics include demographics (age, gender, and marital status composition of the 

community), social characteristics (the supportive or detrimental nature of the community), and 

beliefs (cultural norms, community values, or political perspectives on the organization or 

financing or health services in the community). Enabling contextual characteristics include 

health policies (public policies at the local to national level pertaining to health), financial 

characteristics (per capita community income, wealth, or resources available to pay for services), 

and organization (amount and distribution of health services or personnel and their structure to 

offer services). Contextual need characteristics include environmental need (health-related 

measures of the physical environment) and population health indices (general or condition 

specific rates of morbidity and mortality). They can influence health behaviors and outcomes via 

individual characteristics or influence them directly. One example of the latter is when the 

presence of community health clinics in metropolitan statistical areas leads to increased 

utilization by lower-income individuals regardless of their personal characteristics.249 

Predisposing individual characteristics include demographics (age and gender), social factors 

(education, occupation, and ethnicity, or expanded measures such as social network or social 

interaction), and health beliefs (attitudes, values, and knowledge of health and health services). 

Enabling individual characteristics include financing of health services (income and wealth of 

the patient and price of health care for the patient) and the organization of health services 

(regular source of care and the type of care, means of transportation, travel time, and waiting 

time). Individual need characteristics include perceived need (self-rated health status or 
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perception of illness) and evaluated need (objective measure of patient’s health status or need for 

care).249 

 Another domain of the Behavioral Model by Andersen and Davidson (2001) are health 

behaviors which is divided into personal health practices (nutrition, exercise, self-care, 

adherence, alcohol or tobacco use, and stress reduction), the process of medical care (behavior of 

the providers at the provider-patient interaction including counseling, education, quality of 

communication, prescribing patterns, or test ordering),  and use of personal health services 

(measures of health service use that may be condition specific). Although this latter component 

may be a specific measure that could be more informative, the authors acknowledged that global 

measures of health (e.g., number of physician visits, self-rated health) are comprehensive 

indicators that could be used to evaluate policy changes over time and still have their merit.250 

The focus of this model remains on health behaviors of individuals and the influence on health 

outcomes and satisfaction with services. The ultimate portion of the model is described as 

outcomes divided into perceived health status (e.g., symptoms of illness, disability, or self-rated 

health), evaluated health status (tests of function, diagnosis, prognosis, etc.), and consumer 

satisfaction (e.g., patient ratings of travel time, communication with providers, or technical care 

they received).250  

 The Anderson and Davidson version of the Behavioral Model was subsequently expanded 

and applied to lower-income adults in large urban communities.245, 251 Davidson et. al. (2004), 

designed a framework focusing on the contextual determinants influencing access to health care 

presenting a wider range of community-level variables and empirical sources for constructing 

these variables. The framework also differentiated between community-level variables for low-

income insured and uninsured populations and suggested how public policy and financing 
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variables affect health care delivery leading to different levels of access.251 This framework has 

three broad domains with related sub-domains: (1) individual characteristics, (2) community-

level variables, and (3) health care access and outcomes. Individual characteristics are 

categorized in the same way as the original Andersen Behavioral Model (predisposing, enabling, 

need factors) and include well documented predictors of access. Community-level variables 

include the structure of health care markets and services within a geographic area, the 

characteristics of the low-income and safety-net populations within these areas, and the health 

policies supporting the provision of services to these populations.251 An abundance of literature 

shows that predisposing characteristics leads to decreased access in medical care among those 

who are unemployed,252 immigrants who speak a different language than their providers,253 

individuals with lower educational attainment,2 people with certain health beliefs and ethnic 

minority groups.254 Underutilization of health care has been associated with enabling 

characteristics such as a lower household income, no usual sources of care, and lack of health 

insurance coverage255-257 Individuals of a lower socioeconomic status are also less likely to 

receive effective and timely care because of reduced access.257 The construct of individual 

predictors of access from the original Andersen’s Behavioral Model has been tested and 

validated over several years.240, 251 Empirical evidence shows an estimated 20-25% of variance in 

access is explained by these individual characteristics, considering access-related characteristics 

of the population.251 The model has also been applied across numerous populations and 

regions.240 Building on this previous population-based research, Davidson et. al. expanded their 

model to include community determinants of access that capture the “social, economic, structural 

and public environment”. The framework also suggests the incorporation of variables that 

measure characteristics of an uninsured or underinsured population (i.e., safety-net population), 
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public policy support for the uninsured/underinsured or low-income populations, and the 

structure of health care markets and services serving these populations.251 The safety-net 

population is comprised of uninsured individual, Medicaid beneficiaries, and vulnerable 

populations. Vulnerable populations represent economically disadvantaged people whose 

sociodemographic and health characteristics increase their risk for health care need. Examples 

include elderly, disabled, low-income children, mentally ill, substance abusers, and homeless. 

Geographic variations in the ability of safety-net populations to obtain health insurance coverage 

and medical care has been documented.258 As previously discussed in Section 2.3 there are also 

access disparities related to race and ethnicity.251 

 Size and characteristics of these safety-net populations geographically vary and could 

affect health care access and outcomes. Given that safety-net populations may exhibit higher 

need for medical care often exacerbated by inadequate care to begin with, large groups of safety-

net populations residing in a geographic area may compete for resources that are already strained 

and lack financial support necessary to sustain their capacity.251, 259 This geographic variation in 

access for lower-income or vulnerable populations has been shown to extend to community 

pharmacy access.19, 20 More importantly, changes in reimbursement rates for prescriptions under 

Medicare Part D and Medicaid, increases in reimbursement rates by private third-party 

prescription programs, and a higher prevalence of below-cost reimbursements has led to 

pharmacy closures in these higher need areas, especially among independent pharmacies.260-263 

 Davidson et. al. (2004) state that community level variables can be used to estimate the 

magnitude of safety-net subgroups expressed as percentage of the total population within the 

geographic area of interest.251 Examples of community level safety-net variables included in the 

model are percent on Medicaid, percent low-income that are employed and uninsured, percent 
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low-income that are non-elderly and uninsured, percent of female-headed households, percent 

immigrant noncitizen status, and percent homeless. Support for safety-net populations also varies 

by community and is influenced by local, state, and federal policy. Medicaid eligibility and 

payment levels influence access to medical for these communities. Further, public, and non-

profit hospital and community health centers use Medicaid and Medicare payments to cover 

beneficiaries and subsidize uncompensated care for these vulnerable groups.264 Although the 

Affordable Care Act (ACA) led to decreases in uncompensated care burdens in states that opted 

for Medicaid expansion, the financial viability of safety-net health systems may still be at risk 

due to the elimination of the individual mandate penalty beginning in 2019.265-267 The Davidson 

et. al. (2004) framework suggests including a domain of safety-net support that can be measured 

via per capita expenditures, payment rates for disproportionate share hospitals (DSH), or the 

extent of charity care in the geographic area. However, this data was only available at the state, 

county, or municipal level, which does not provide the level of granularity for the purposes of 

this research.  

 Another important domain representing community determinants of access include the 

health care market. Davidson et. al. (2004) suggest variables such as physician supply, number of 

hospital beds per capita, Medicaid and Medicaid managed care penetration, and health 

maintenance organization (HMO) penetration and competition. Similarly, services that the health 

care market supplies to safety-net populations, such as volume of services, percent of outpatient 

department visits within teaching or public hospitals, or number of federally qualified health 

centers per capita for low-income populations, are important community-level variables. These 

domains were applied to this research on pharmacy access research and were translated as 
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number of community pharmacies in a given area, pharmacy-to-population ratios, and weekly 

operating hours. 

 The last component of the Davidson et. al. modified Andersen’s Behavioral Model include 

health care access and outcomes. Each of the previously described domains lead to differences in 

potential or realized access and, consequently, health outcomes. Indicators of potential access 

may be represented by health insurance coverage or having a usual source of care. Realized 

access may be represented by the actual utilization of health care services, including physician 

visits, hospital admissions, or filling of prescriptions. Effective and efficient access can be 

measured several ways depending on the research question. Some examples include hospital use 

rates for ambulatory care sensitive conditions, preventable hospitalization or relative risk, or 

hospital use rates for high-risk conditions.251 A study by Brown et. al., (2004) measured the 

adjusted effects of community and individual-level factors as suggested by the Davidson et. al. 

modified Anderson’s Behavioral Model on access to ambulatory care for lower-income adults in 

large urban communities. This study investigated whether the size of a community’s population 

dependent on safety-net services had an effect on the potential or realized access of lower-

income adults, how that dependence varied by health insurance status, and whether a larger 

supply of safety-net health services generated better potential or realized access for the study 

population. They also examined whether greater support for safety-net services or greater 

penetration and competition of HMO’s led to increased access. Variables incorporated into their 

evaluation and taken from Andersen’s Behavioral Model included predisposing factors (e.g., age, 

gender, race, ethnicity, educational attainment, marital status, and recent immigrant), enabling 

factors (e.g., household income, health insurance coverage, usual source of care), and perceived 

need (e.g., self-rated health status). They obtained these data from the National Health Interview 
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Survey (NHIS) and used the metropolitan statistical area (MSA) as their geographic unit. 

Community-level factors included low-income population support (measured by the index of 

Medicaid generosity), safety-net services, and support for safety-net services (e.g., grant funding 

and Medicaid payments). They also included the health care market domain, measuring the 

supply of physicians as the number of non-federally employed medical doctors providing patient 

care per 1,000 population and the level of HMO market penetration and competition. They 

determined the most important community-level factors using hierarchical logistic regression, 

which revealed that the health care safety net had a significant effect on realized, but not 

potential, access. Lower-income residents also reported higher rates of having a usual source of 

care in areas where the state’s Medicaid program paid providers more and in areas where there is 

greater HMO penetration. Findings also showed that both uninsured and insured adults living in 

areas with a larger proportion of lower-income individuals, especially uninsured ones, were less 

likely to have a usual source of care. Among communities of color, researchers found that 

insurance status played a key role in having a usual source of care. More specifically, insured 

people of color were more likely than non-Latino whites to identify a usual source of care; 

however, Latinos were worse off in areas with a higher low-income population and in areas with 

high HMO penetration. Researchers concluded that among communities studied, safety-nets may 

have been developed to meet the needs of concentrated communities of color. Yet, this study did 

not include any indicators of segregation in their analysis.245 

 Several other studies have applied the Davidson et. al. framework to investigate health care 

access.268, 269  Using preventable hospitalizations as an indicator, Begley et. al. showed that there 

was limited access in certain regions of Texas considering predisposing, enabling, and need 

variables such as sociodemographics, health insurance coverage, and status of illness.268 A 
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retrospective study applied the framework to examine the association between the local safety-

net infrastructure and preventable hospitalizations accounting for demographics, household 

income, health insurance status. Safety-net characteristics included the presence of public 

hospitals, teaching hospitals, and clinics.56, 269 Additional studies have applied the framework in 

investigations on mental health treatment for youth270 and the experience of racial and ethnic 

minorities receiving behavioral health in a safety-net setting during health insurance reform.271, 

272, 273 2010, An examination of safety net care utilization by race, ethnicity, and nativity status, 274, 275 2012, Do community and caregiver 

factors influence hospice use at the end of life among older adults with Alzheimer disease? One study used multilevel logistic 

regression to assess the effect of individual and neighborhood characteristics on mental health 

service use finding that neighborhoods of lower socioeconomic status had decreased health 

service use while residential stability increased used. Approximately 13% of the variance in 

mental health service utilization was at the neighborhood level.276 Despite these numerous 

applications, the framework has not been validated outside of specific populations. Rather, 

safety-net population characteristics have been measured and analyzed using multivariate models 

to answer specific research questions. Studies examining public policy support variables have 

been descriptive in nature with minimal multivariate studies to validate findings.251 Further, there 

is limited research on the effect of levels of pharmacy access on health outcomes. However, this 

limited research suggests that these measurable health outcomes may vary based on an 

individual’s potential or realized access to a pharmacy.88, 165, 173 

Other Models of Access 

 The meaning of “access” in the health care context may be difficult to define and measure. 

There are few direct definitions in health services research and no standard definition exists. 

Historically, researchers have equated access with health insurance coverage or having an 

adequate supply of health care providers in their community. However, empirical evidence 
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shows that having health insurance coverage or an abundance of health care providers in the 

community does not guarantee that people who have medical needs will use medical services.32 

Access has been conceptualized in several ways and is often used to describe characteristics or 

factors affecting entry into the health care system or health care system utilization. However, 

there is debate about whether the definition of access should emphasize the processes of health 

care or characteristics of providers; some authors view access as an attribute of health services 

that can be achieved by those needing care while others recognize that characteristics of health 

care users, health care providers, and health care resources (or lack thereof) may all be mediating 

factors between access and use.277, 278 Some view access as a function of both supply and demand 

of health care services 279, while others see access as the fit between characteristics of providers 

or health services and the characteristics or expectations of consumers (e.g., patients).280 Still, 

others view access as a function of the characteristics of the population; that is, they define 

access as the ability of the population to seek out and obtain care.281 Some conceptualizations of 

health care access highlighted the relationship between access and utilization and the influence 

of health care resource characteristics on individuals’ use of those services.277, 282, 283 Several 

access frameworks consist of disaggregated dimensions of access, such as financial accessibility, 

physical accessibility, resource availability, adequacy of services, quality of care, cultural 

acceptability, or geographic accessibility.277 This deconstruction of frameworks allows for more 

operational measures via the study of specific determinants of access, but access measurement is 

complex and influenced by several factors, including those on a macro level (i.e., governmental 

policies). Comprehensive views on access should consider structural, individual, and process 

factors and two such models pertinent to this research are described here.277  
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 One comprehensive framework of access is the Institute of Medicine (IOM) Model for 

Monitoring Access which defined access as “the timely use of personal health services to achieve 

the best possible health outcomes”.32 The IOM’s Model for Monitoring Access underscores the 

equal importance of actual use of health services and subsequent health outcomes to determine 

whether access has been achieved. In this framework, equity is determined by identifying 

systematic differences in utilization and outcomes between groups because of barriers. 

Importantly, the committee emphasized moving beyond standard indicators of access such as 

number of providers, number of uninsured, or the number of patient-provider encounters to 

identify access barriers.32 A point of interest in this framework is the participation in the personal 

health care system. More specifically, access issues are the result of barriers that lead to underuse 

of health care services and poor health outcomes. The IOM committee sought to identify, 

quantify, and relate these aspects of the model (e.g., barriers, utilization, and outcomes) pointing 

to access problems among individuals or groups. Like other access models, barriers to access 

may be structural (e.g., availability, organization, transportation), financial (e.g., insurance 

coverage, levels of reimbursement, public support), or personal (e.g., acceptability, cultural, 

language, attitudes, educational attainment, income). Some utilization indicators include 

frequency of visits to providers and use of medical procedures. The model also includes 

mediators, which must be considered in selecting indicators or drawing conclusions about access. 

Examples of mediators may be appropriateness of the medical care or treatment received, quality 

of care, or patient adherence to treatment. The IOM committee suggests that utilization rates 

alone may be problematic in evaluating equity of access and state that outcome measures should 

be selected carefully based on specific measures such as death rates, incidence of disease, or 

conditions requiring hospitalization that may indirectly provide information about barrier to 



 
85 

health care access. These outcome measures can be broadly thought of as health status (e.g., 

mortality, morbidity, well-being, functioning) or equity of services. Overall, types of barriers are 

highly interrelated and are part of a complex process of health care seeking and attaining good 

health outcomes from obtained care and should be thought of in the context of measures of 

equity (e.g., financial, structural, and personal/cultural factors. Further, the IOM committee 

acknowledges that indicators are subject to the changing health care environment and 

recommend that future indicators, such as prescription drug access, be incorporated into 

subsequent models are analyses of health care access.32 

 Another comprehensive framework developed by Khan and Bhardwaj (1994) expands on 

concepts from several previous models, including Aday and Andersen (1974), Penchasky and 

Thomas (1981), Lewis (1977), Donabedian (1972), and Joseph and Phillips (1984), to include a 

typology of access comprised of dichotomized categories enabling researchers to differentiate 

between (I) potential spatial/geographic access, (II) potential aspatial/social access, (III) realized 

spatial/geographical access, and (IV) realized aspatial/social access. The importance of this 

conceptual model is the distinction between spatial (or geographic) and aspatial (or social) access 

where spatial access refers to space or distance barriers/facilitators and aspatial access refers to 

non-geographic barriers/facilitators (e.g., economic, social, cultural, or political) that may still 

have a geographic expression or spatial pattern of social access.284 More simply, spatial 

accessibility refers to where one is while aspatial (also referred to as non-spatial) accessibility 

refers to who one is 22. Additional domains of the model include characteristics of the health care 

system (e.g., number, volume/size, distribution/location, organization, price, quality, 

preferences/prejudices), characteristics of potential users (e.g., number, distribution/location, 

need for service, ability to obtain service, demand, preferences/prejudices, attitudes/values). 
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Potential and realized access, mediated by barriers or facilitators of access including both spatial 

and aspatial, leads to present access (e.g., the degree or level of access, the spatial pattern, the 

aspatial pattern) that is deemed inadequate or adequate to guide future improvements. Overall, 

this conceptual model was created to guide spatial planning processes to generate a more 

equitable distribution of health care service systems.284 

 Drawing from previous literature on models of access, especially from the two 

comprehensive models of access described by Khan & Bhardwaj and the IOM, this study 

incorporated factors previously defined as important indicators of access across studies including 

structural, individual, and process indicators. Although mentioned as a future indicator of access 

in the IOM model and described as “access to prescription drugs”, pharmacy access has not been 

previously defined or specifically incorporated into these models. To conceptualize access using 

a more widely accepted definition, recent research has applied the definition of food deserts to 

pharmacy access. The concept of food deserts is described below. 

Food Deserts.  

 The term “food desert” is believed to originate from Scotland in the 1990’s and was used 

to describe poor access to health and affordable foods.43, 285, 286 It was first used in official 

capacity as part of the Low Income Project Team of the UK's Nutrition Task Force .285 Studies of 

food deserts have investigated the differences in accessibility to healthy and affordable food 

options between communities or populations. A systematic review of multiple countries showed 

disparities in food access. In 18 studies of food deserts in the U.S., research showed that 

geographic areas underserved by food retailers had a high proportion of African-American or 

low-income residents. More specifically, there were fewer supermarkets or chain stores selling 

food items per capita in these areas. In addition, 3 studies showed that African-Americans and 

low-income residents had to travel a farther distance to supermarkets. In studies of selling space, 
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research showed that there was less selling space in supermarkets in low-income areas relative to 

middle-income areas. One study also found a higher percentage of convenience stores among 

areas of low-income and African-American populations.43 Another systematic review conducted 

within the U.S. found racial and ethnic disparities in food access such as fewer supermarkets in 

predominately Black neighborhoods relative to White neighborhoods, 52% less accessibility of 

supermarkets among Black neighborhoods after controlling for income, and that impoverished 

African-American neighborhoods were on average 1.1 mile farther from a supermarket relative 

to impoverished White neighborhoods.287 

 There are varying definitions of “food deserts” throughout the literature. They have been 

defined as “urban areas with 10 or fewer stores and no stores with more than 20 employees” 288 

and as “poor urban areas where residents cannot buy affordable, healthy food”.285 Other 

definitions have varied based on urban or rural designation, financial barriers to access such as 

price of food or cost of transportation, distances to the nearest food stores, types of foods 

available, and access to nutritional foods.285, 287-290 The U.S. Farm Bill of 2008 defined food 

deserts as “[areas] with limited access to affordable and nutritious food, particularly such an area 

composed of predominantly lower income neighborhoods and communities”.291 The USDA 

Economic Research Service was tasked with developing a definition for food deserts and created 

the USDA Food Locator in 2009.292  In addition, the Food Access Research Atlas was created to 

map food access indicators by census tracts using 0.5 mile and 1 mile distances to the nearest 

supermarket for urban areas. Vehicle availability is also mapped accordingly. These thresholds 

were based on 2000 Census Data using the Socioeconomic Data and Applications Center 

(SEDAC) grid data. These data are at the block group level, allocated to blocks and then 

allocated aerially to 1 square kilometer grids across the U.S. This allowed for improved estimates 
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of household and resident location in larger areas (such as census tracts) and transforms irregular 

shapes and sizes of census geographies into regular grid cells allowing for faster spatial analysis 

at the national level.42 Based on median distances to the nearest supermarkets calculated for the 

nation, across various subpopulations, the grid measure of distance was categorized into high-, 

medium-, and low-access for walking and driving distances. For walkability, levels of access 

were defined as follows:1) low-access: more than a mile away from a supermarket, 2) medium-

access: between 0.5 and 1 mile from a supermarket, and 3) high access: a supermarket is within 

0.5 miles.42 It was these thresholds that became the focal point for the Food Access Locator in 

which the USDA formally defined food deserts. Further, research using this definition and data 

found that 2.2% of the U.S. population lives more than a mile from a supermarket and does not 

own a vehicle. Additional findings showed that over 20 million people (~8% of the population) 

lived in low-income areas that were more than a mile from a supermarket. Within urban areas 

specifically, 10 million people (~20% of the population) resided more than a mile from a 

supermarket. Further, data on travel times and travel modes found that residents of low-income 

areas spend more time traveling to a supermarket compared to the national average (19.5 minutes 

vs. 15 minutes, respectively). Additional findings revealed significant disparities in travel 

distances and travel times among minority populations. The USDA Economic Research Service 

was tasked with assessing the extend of limited access to affordable and nutritious food by 

identifying the characteristics as well as the cause and effects of limited access on local 

populations. Given conflicting evidence on differential access to supermarkets among low-

income, minority, or racially mixed neighborhoods and its effect on health disparities, part of the 

assessment examined the interaction of neighborhood and household characteristics in explaining 

limited access areas.42, 293-295 Through multiple discriminant analysis, researchers were able to 
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posit that low-, medium-, and high food access could be predicted by factors such as roadway 

connectivity and complexity, the index of disadvantage,  and the percent of the population who 

were 65 years of age or older. Most importantly, these findings indicated that food access is 

associated with factors other than proximity as well as the interaction of these factors. It also 

supported the hypothesis that segregation by race and income are also associated with limited 

access.42 

2.7 Pharmacy Access Model 

 Research on “pharmacy deserts” is built upon prior findings of “food deserts”. More 

specifically, Qato et. al. recognized the significant role that neighborhood segregation may play 

on access to other services that could impact health.19 Using the USDA definition of a “food 

desert”, researchers found that segregated minority communities, especially segregated Black 

communities, were more likely to encounter barriers to pharmacy access. They concluded that 

pharmacy accessibility may be more associated with race, rather than income.19  

 The use of the USDA definition of “food deserts” has not yet been validated in pharmacy 

access research nor have the interactions between factors associated with pharmacy accessibility 

been examined substantially using quantitative methods. The current definition of food deserts in 

the U.S. has also been criticized by stakeholders in larger urban areas.296 Officials have claimed 

that the food desert identification does not account for differences in urban density of 

neighborhoods (i.e., high density versus low density) or car ownership (i.e., residents in high-

density areas may not have vehicles). Urban areas may also have additional factors that could 

contribute to access barriers for other services such as health care. Research indicates that 

differences in measures of food deserts can lead to differences in their categorization 297. These 

limitations may affect their applicability to definitions of pharmacy deserts, particularly in urban 

settings. Thus, using the method of Multiple Discriminant Analysis (MDA) previously used in 
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food desert research and incorporating additional access related factors into the analysis that 

affect urban populations, this dissertation sought to better define pharmacy access in urban areas 

not only through a qualitative examination of the pharmacy landscape but through the 

quantitative construction of a conceptual model of pharmacy access levels. 

2.7.1 Pharmacy Access Designations 

 In the absence of a formal pharmacy access designation, there is heterogeneity in how 

pharmacy access is defined across the literature. Prior research has defined a “pharmacy desert” 

as an area that was both low access (>33% of its population lived more than a half-mile from a 

pharmacy or >33% of a “low vehicle access” community lived more than a half-mile from a 

pharmacy) and low income (≥20% of residents had household incomes below the federal poverty 

line or a median household income that did not exceed 80% of the median household income for 

the city of Chicago).19, 85 This definition has not been validated in urban centers. Bissonette et. al. 

(2016) classified pharmacy density into natural tertiles (low-, medium-, high-density) based on 

pharmacy operating hours. These method of classifying pharmacy density was based on a study 

exploring obesogenic food environments and the association between socioeconomic factors and 

fast-food outlet access in which the number of fast-food outlets in each neighborhood was 

divided into access categories based on tertile split.298 Other studies classified pharmacy density 

as number of pharmacies per 10,000 residents.20, 22, 34 and the number of pharmacies per 1,000 

residents 21. Some studies quantified pharmacy density at the census block, ZIP code, or county  

levels. One study calculated the Proportion of Pharmacy Deserts (PPD) defined as the number of 

census tracts identified as pharmacy deserts in the county divided by the total number of census 

tracts in the county.85 To date, there is no uniform method of defining or quantifying pharmacy 

deserts. 
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 One approach to quantifying health care access is the two-step floating catchment area 

(2SFCA) proposed by Luo & Wang.299 It was applied to pharmacy accessibility in an 

investigation of interactions between geography and race in Baton Rouge, Louisiana.22 This 

method accounts for both supply and demand in accessibility measures based on the idea of 

scarcity of a resource or service.22, 299 Prior to the development of this methodology, 

examinations of health care accessibility employed the economically based supply-demand ratio, 

as evident in the US Department of Health and Human Services physician-to-population ratio to 

define shortage areas at specific thresholds.3 The major limitation to using a simple supply-

demand ratio is that it does not reveal any spatial variations within the areal unit of interest, nor 

does it acknowledge the supply-demand interactions across administrative borders (such as a ZIP 

code or census tract boundary). The 2SFCA overcomes these limitations by computing a supply-

demand ratio Rj within a catchment area around a service facility to measure its availability (in 

the case of this research, a pharmacy).22 Ikram et. al. (2015) used the following 2SFCA model to 

assess how a pharmacy’s “crowdedness” is affected by the demands (i.e., number of residents) 

within the catchment area. The availability of pharmacies within the catchment area also 

contributes to the demand location’s accessibility. The formula used in Ikram et. al. (2015), 

based on the research of Luo & Wang (2003), computed an accessibility value (AiF) where a 

larger the value of Ai represented better accessibility at that location. The accessibility scores 

represent a weighted average score that is the ratio of the total number of pharmacies and the 

total population in the study area (i.e., census tract or census block). These numbers can be 

inflated for better interpretation through multiplication of values by 10,000 that is then 

interpreted as the number of pharmacies per 10,000 residents or the pharmacies per capita.22, 299 

Of note, travel time in this formula is dichotomized as a threshold where a pharmacy location is 
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either accessible or inaccessible.299 There is much debate about the appropriate thresholds to 

utilize in a spatial accessibility analysis and previous literature recommends a travel time of 30 

minutes for primary road conditions, which is the same threshold used for the HPSA designation 

and the most common threshold used across the literature.3, 299, 300 Multiple time thresholds were 

assessed in the analysis of pharmacy deserts in Baton Rouge, Louisiana and researchers 

determined that 15 minutes may be an appropriate threshold for the study area.22 Given the likely 

differences between this study area and the study areas of this research (i.e., Chicago and Detroit 

metropolitan areas), multiple thresholds across census tracts were assessed. Identifying a specific 

threshold allows for the examination of the spatial variation of pharmacy accessibility. 

Additionally, within the GIS platform, it is possible to employ accessibility classes based on 

natural breaks in ArcGIS (breakpoints between classes that uses a statistical formula minimizing 

the sum of variance within each of the classes). These class groupings based on accessibility 

were the basis for the distinct levels of pharmacy access incorporated into the multiple 

discriminant analysis model in Specific Aim 2. A more thorough explanation of the application 

of the 2SFCA methodology in this research, including the use of an enhanced method to account 

for travel distance decay, is explained in Chapter  3. 

2.7.2 Construct Overview 

 Thus far, Chapter 2 described several variables that can contribute to differences in health 

care access, including the impact of racial and ethnic segregation on pharmacy access. Across the 

literature on pharmacy access specifically, the impact of these factors has been described 

individually or in various combinations. Factors examined include travel times, hours of 

operation, distance to a pharmacy, neighborhood racial/ethnic composition, drug costs, previous 

experiences of crime, dissimilarity indices, type of pharmacy, services provided, and the 

socioeconomic context of the pharmacy location. In measures of proximity, some literature relied 
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on the existing definition of a food desert then applied to pharmacy access, despite the criticisms 

of the usefulness of this definition in urban areas. Currently, no validated definition of a 

“pharmacy desert” exists and this can lead to different interpretations of findings that have 

significant implications for stakeholders.  

 This research sought to define the construct of pharmacy access and characterize low 

pharmacy access (i.e., “pharmacy desert”) through the analytical method of Multiple 

Discriminant Analysis (MDA), which has been applied previously in the construction of the food 

desert definition used by the USDA. In Multiple Discriminant Analysis (MDA), a latent variable 

is formed by the linear combination of a qualitative dependent variable (i.e., pharmacy access). 

The objective of discriminant analysis is to test if the group classifications in the variable (Y) 

depend on at least one of the independent variables (Xi). More simply, the purpose is to obtain an 

overall model that can predict a single qualitative variable from one or more independent 

variables. In the study of food deserts, MDA was applied to examine the interaction between 

neighborhood characteristics to explaining areas of limited access to a food desert. Elements 

believed to be relevant to classifying food deserts as low-, medium-, and high-access were 

incorporated into the model first through the selection by experts and then through univariate 

analyses. Similarly, in this research of pharmacy access, important variables revealed to have an 

impact on pharmacy access through a comprehensive literature review were incorporated into the 

model. The levels of pharmacy access were decided a priori based on results of the enhanced 

2SFCA analysis performed in Specific Aim 1. Through geographic information system (GIS) 

methods and MDA, the construct of pharmacy access was categorized. The pharmacy landscape 

was described in the context of “pharmacy deserts”, or areas of “low” pharmacy access. The 

MDA equation and discriminant functions are further described in Chapter 3. 
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2.7.3 Variable Selection 

Population and Community Level Variables 

 Population and community level continuous variables that are known to indicate disparity 

or vulnerability were assessed in this research based on prior examinations in health care and 

pharmacy access literature. Drawing from conceptual models of the social determinants of health 

and various models of health care access and utilization, independent variables were derived 

from the analysis of the pharmacy landscape (i.e. travel times, distance, pharmacy-to-population 

ratios), the American Community Survey (ACS) 5-year estimates from 2014-2018, community 

indices gathered from the US Census Bureau, WalkScore®, The Eviction Lab eviction rates, and 

crime indices calculated from Uniform Crime Reporting (UCR) statistics. 

 Thirty-seven variables from the ACS previously recognized as related to health care access 

and health outcomes were selected a priori based on a survey of literature and included in seven 

domains of neighborhood social condition and socioeconomic disadvantage: vulnerability, 

socioeconomic position, race/ethnicity, social class, culture, residential stability, and 

transportation.  

 Measures of residential segregation obtained from US Census Bureau Data were also used 

in a description of the pharmacy landscape relative to community demographics. These variables 

are based on the work of Massey and Denton (1988) which identified 20 different indices of 

segregation and classified them into 5 dimensions (measures of evenness, measures of exposure, 

measures of concentration, measures of centralization, and measures of clustering) through 

extensive literature review and cluster analyses.301 Selected indices (i.e., Isolation Index and 

Segregation Index) from domains of measures of evenness and exposure were described based 

on precedent in the literature, including studies demonstrating these indices may have an impact 

on health care access 302-304. While the Segregation Index is concerned with the distribution of 
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majority and minority populations across geographic areas (defined as the proportion of a racial 

group that would need to move to another comparable unit of area to be evenly distributed), the 

Isolation Index (computed as the minority-weighted average of the minority proportion in each 

area where lower values of interaction and higher values of isolation indicate higher segregation) 

has been shown to be more correlated with socioeconomic resources in minority populations.305 

These indices were found to have a significant impact on food access and were included in a 

multiple discriminant analysis model of the food access landscape.42 An additional index known 

as the Gini Index of Segregation, a standard measure of income inequality, was also included as 

an independent variable.306 It has been used extensively in studies focusing on income 

distribution as a social determinant of health.307 Studies have shown that income distribution, as 

measured by the Gini coefficient, were predictive of life expectancy at birth.308 In a study across 

several countries, income inequality was shown to be correlated with overall life expectancy.309 

More recently, the Gini Index of Segregation has been incorporated into health care access 

models including those measuring spatial accessibility.310 One demonstrated that a subset of the 

population of Ohio had unmet health care needs that increased linearly with county level income 

inequality.311 Like the Index of Isolation and the Segregation Index, the Gini Index of 

Segregation was included as a variable in multiple discriminant analysis models of food access 

research.42 It is represented by a value from 0 to 1 where 0 indicates complete equality across 

race and 1 indicates complete inequality across race. A higher Gini Index value of the study area 

indicates a more unequal distribution of income among racial groups whereas a lower value 

indicates that income is distributed more equally across racial groups. Any score above 0.5 

indicates that income is distributed unequally and is, thus, a barrier to pharmacy access. For these 

many reasons, it was included as an informative independent variable in this study. Together, 
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these three indices represent domains of race/ethnicity and socioeconomic position in the 

conceptual model of pharmacy access.  

 The walkability of a census tract was described by the Walk Score®, which is a patented 

index on a 0 to 100 scale where higher scores indicate more walkable neighborhoods, and lower 

scores indicate less walkable neighborhoods. A more specific description is provided in Figure 

2. 

  

 Relative crime risk within study areas was also included in this research. This was 

described with a calculated crime index using the same reporting categories as the Federal 

Bureau of Investigation (FBI) Uniform Crime Report (e.g., personal and property crimes). 

Included in these data are seven major crime types: murder, robbery, rape, assault, burglary, 

theft, and motor vehicle theft. Crime is a well-documented determinant of health and may affect 

health access and health outcomes. The impact of historical and structural racism has led to 

increased crime rates, including firearm assaults, which may be concentrated in minority 

communities.115 Poor neighborhood safety has also been associated with low potential access to 

health care facilities, including pharmacies. In fact, the mere perception of low neighborhood 

Walk Score® 

90–100 Walker's Paradise 

Daily errands do not require a car. 

70–89 Very Walkable 

Most errands can be accomplished on foot. 

50–69 Somewhat Walkable 

Some errands can be accomplished on foot. 

25–49 Car-Dependent 

Most errands require a car. 

0–24 Car-Dependent 

Almost all errands require a car. 
 

 

Figure 2 Description of walkability variable  
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safety by residents led to decreased access.35 Another study found that areas of higher crime risk 

also have less available pharmacy services.34 Given this prior literature, the crime risk of a 

neighborhood may be a crucial factor in levels of pharmacy access and, thus, was included as an 

independent variable in the multiple discriminant analysis model of pharmacy access. 

 Eviction rates (reported as a percentages) were obtained from Eviction Lab. These data 

capture formal evictions for which there are court proceedings. The rate is calculated by the 

number of evictions divided by the number of occupied renting households in each area. 

Importantly, duplicate cases were not included in the data and data were validated against local 

reports of eviction rates showing high validity.312 

Pharmacy Landscape Variables 

 Several variables related to spatial access of health care have been identified in the 

literature. The total number of pharmacies divided by total population provided a “per capita” 

description of the pharmacy landscape, or pharmacy-to-population ratio. The minimum distance 

from census tract population-weighted centroid to a pharmacy allows for comparisons in 

distances to a pharmacy across census tracts while the minimum travel time from census tract 

population-weighted centroid to a pharmacy allows for comparisons in travel times to a 

pharmacy across census tracts.  

 Population and community estimates at the census tract level allowed for a manageable 

analysis of the population and community context within the pharmacy access landscape. A full 

population and community variable map is available in Table 2.
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2.7.4 Variable Map 

Domain Data Label Variable Description Data Source / Table 

Identifier 

Literature Citations 

 POP_TOTAL Total Population ACS 5-year 

Estimates 

 

B01003 

 

Culture 

 CRIME_INDEX 

 

 

Total Crime Index The Federal Bureau 

of Investigation 

(FBI) Uniform 

Crime Report 

35 

 ENGLIMITED Percentage of population 5 years and over 

speaking a language other than English at home 

that speak English less than “very well” 

ACS 5-year 

Estimates  

 

DP02 

313-316  

 IN_SCHOOL Percentage of population 3 years and over 

enrolled in Kindergarten to 12th grade 

ACS 5-year 

Estimates  

 

S1401 

317, 318 

 IMMIGRANT Percentage of population that is not a U.S. born 

citizen 

ACS 5-year 

Estimates 

 

B05002 

313, 319 

 MEDIAN_AGE Median age of total population in years ACS 5-year 

Estimates 

 

DP05 

320 

 NONCITIZEN Percentage of population that is not a U.S. 

citizen 

ACS 5-year 

Estimates 

 

B05001, DP02 

321 

 NOTMARRIED Percentage of population 15 years and over that 

are not married 

ACS 5-year 

Estimates 

 

S1201 

322 

Race/Ethnicity 

Table 2 Study Independent Variable Map 
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 DISSIMILAR 

 

 

Segregation Index US Census  24, 27, 323-327 

 ISO_WHITE 

ISO_BLACK 

 

 

Isolation Index for White and Black population US Census 328-333 

 NON_WHITE Percentage of population that is non-white ACS 5-year 

Estimates 

 

DP05 

24, 63, 143, 334  

Residential Stability 

 EVICTIONRT Eviction Rate EvictionLab 

 

312, 335 

 HH_CROWDED Percent of occupied housing units with more 

than one occupant per room 

ACS 5-year 

Estimates 

 

DP04 

193, 336, 337 

 HOME_VALUE Median value of owner-occupied units in dollars ACS 5-year 

Estimates 

 

DP04 

337 

 OWNERCOST Percent housing units where owner costs are 

35% or more of household income  

ACS 5-year 

Estimates 

 

DP04 

338 

 RENTERS Percent of occupied housing units that are 

renter-occupied 

ACS 5-year 

Estimates 

 

DP04 

337, 338 

 RENTERCOST Percent of occupied housing units paying rent 

where gross rent in 35% or more of household 

income 

ACS 5-year 

Estimates 

 

DP04 

337 

 VACANCY Percent of total housing units that are vacant ACS 5-year 

Estimates 

 

DP04 

339, 340 

Social Class 
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 HH_FEMALE Percent of total household with single female 

household with own children < 18 years 

ACS 5-year 

Estimates 

 

DP02 

341-343 

 NO_COMP Percentage of total households with no 

computer 

ACS 5-year 

Estimates 

 

S2801 

344-348 

 NO_LABOR Percentage of population 16 years and older not 

in labor force 

ACS 5-year 

Estimates 

 

DP03 

349 

 NO_PHONE Percentage of occupied housing units with no 

telephone service available 

ACS 5-year 

Estimates 

  

B25043 / DP04 

350 

 NOT_HSGRAD Percentage of population 25 years and over that 

is less than high school graduate 

ACS 5-year 

Estimates 

 

S1501 

208, 322, 351-354 

 ONE_PARENT Percentage of households with single parent of 

children < 18 years old 

ACS 5-year 

Estimates 

 

DP02 

341, 342 

Socioeconomic Position 

 FAM_POV Percentage of families with income below 

poverty level in prior 12 months 

ACS 5-year 

Estimates 

 

S1702 

63, 193, 326, 355-357 

 GINI_INDEX Gini Index ACS 5-year 

Estimates 

 

B19083 

311, 358 

 HH_PUBASST Percentage of households receiving public 

assistance income or food stamps/snap in the 

past 12 months 

ACS 5-year 

Estimates 

 

B19058 

273, 356 

 MEDIAN_INC Median household income in the past 12 months 

(in 2018 inflation-adjusted dollars) 

ACS 5-year 

Estimates 

 

193, 202, 322, 355 
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S1901 

 UNEMP_RATE Unemployment Rate ACS 5-year 

Estimates 

 

DP03 

359, 360 

Transportation/Mobility 

 BIKED Percent of workers 16 years and over 

commuting to work who biked 

ACS 5-year 

Estimates 

 

S0801 

361 

 CARPOOL Percent of workers 16 years and over 

commuting to work in a car, truck, or van and 

carpooled 

ACS 5-year 

Estimates 

 

DP03 / S0801 

 

 CAR_ALONE Percent of workers 16 years and over 

commuting to work in a car, truck, or van and 

drove alone 

ACS 5-year 

Estimates 

 

DP03 / S0801 

48 

 NO_VEHICLE Percent of occupied housing units with no 

vehicle available 

ACS 5-year 

Estimates 

 

DP04 

239 

 PUB_TRANS Percent of workers 16 years and over 

commuting to work using public transportation 

(excluding taxicab) 

ACS 5-year 

Estimates 

 

DP03 / S0801 

48, 362 

 WALKED Percent of workers 16 years and over 

commuting to work who walked 

ACS 5-year 

Estimates 

 

S0801 

361, 362 

Vulnerability 

 DISABLED Percentage of total Civilian Non-

institutionalized Population with a disability 

ACS 5-year 

Estimates 

 

DP02 

60 

 HH_DISASST Percentage of total households that received 

Food Stamps/SNAP in the past 12 months with 

1 or more persons with a disability 

ACS 5-year 

Estimates 

 

B22010 

273, 356 
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 HH_OVER65 Percentage of total households with one or more 

people 65 years and over 

ACS 5-year 

Estimates 

 

DP02 

193, 320 

 HH_UNDER18 Percentage of total households with one or more 

people < 18 years 

ACS 5-year 

Estimates 

 

DP02 

193, 320 

 POP18_ASST Percentage of population under 18 years living 

in household with Supplemental Security 

Income (SSI), cash public assistance income, or 

Food Stamps/SNAP in the past 12 months  

ACS 5-year 

Estimates 

 

B09010 

273, 356 

 POP18_POV Percentage of families whose income in the past 

12 months is below the poverty level with 

related children of the householder <18 years 

ACS 5-year 

Estimates 

 

DP03 

273, 356 

 UNINSURED Percent of civilian noninstitutionalized 

population with no health insurance 

ACS 5-year 

Estimates 

 

DP03 

60, 77 

 VETERAN Percentage of civilian population 18 years and 

over that are veterans 

ACS 5-year 

Estimates 

 

DP02 

363 
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SOCIOECONOMIC POSITION 
Median Household Income 

Households Below Poverty Level 

Unemployment Rate 

Gini Index of Segregation 

Households Receiving Assistance 

 

 

 

Characteristics of Potential Users 

(Populations and Communities) 

 

RESIDENTIAL STABILITY 
Renters 

Monthly housing cost 

Vacancy 

Median Home Value 

Crowdedness 

Eviction Rate 

 

CULTURE 
Median Age 

Immigrant Status / Citizen Status 

School Enrollment 

Limited English Speaking Household 

Marital Status 

Crime Index 

 

RACE/ETHNICITY 
Population by Race / Non-White Population 

Isolation Index 

Segregation Index 

 

SOCIAL CLASS 
Female Headed Household w/ Children 

Unemployment Rate 

Workforce Participation  

No Phone Service / No Computer 

Households w/ Single Parent 

Educational Attainment 

 

 

 

Characteristics 

of Pharmacy 

System 

Population 

Variables 

Community 

Variables 

Residential 

Stability 

Transportation 

Culture (Crime) 

Socioeconomic 

Position 

Social Class 

Race/Ethnicity 

Vulnerability 

Culture 

VULNERABILITY 
Households w/ Person Over 65 / Under 18 

Households w/ Children Receiving Assistance 

Households Receiving SNAP w/ Disabled Person 

Uninsured 

Disability Status 

Veteran Status 

Families With Children Below Poverty Level 

PHARMACY ACCESS 

VARIABLES 

Roadway Network Alpha Index 

Minimum Distance to a 

Pharmacy 

Minimum Travel Time to a 

Pharmacy 

Total Number of Pharmacies 

Divided by Population 
Pharmacy 

Landscape 

Variables 

 

Roadway Network 

Distance 

Travel Time 

Pharmacy-to-

Population Ratio 

Pharmacy 

Accessibility 

Scores 

Barriers & Facilitators 

(Spatial/Aspatial) 

Pharmacy Access Levels 

TRANSPORTATION 
Worker Commute by Car / Bike / Walking / Public 

Transportation 

Households Without Vehicle 

Workers Who Carpool 

Walk Score 

 

SUPPLY DEMAND 

Figure 3 Pharmacy Access Logic Model 
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3 MODEL DEVELOPMENT 

3.1 Introduction 

 This chapter is composed of  seven sections and presents the research methodology for this 

study. Section 3.2 describes data sources and data extraction. Section 3.3 provides information 

on the study areas, study population, and pharmacy eligibility criteria. Sample size is also 

discussed. Section 3.4 explains each of the study measures, including their meaning and 

relevance to the research. Section 3.5 explains the specific methodology and rationale by specific 

aim. Data management and software programs are described in Section 3.6. 

3.2 Data Sources and Data Extraction 

3.2.1 Pharmacy Master Files 

Pharmacies were identified by submitting a Freedom of Information Act (FOIA) request in 

December of 2019 for Pharmacy Master Files from the Illinois Department of Financial and 

Professional Regulation for the state of Illinois and from the Michigan Department of Licensing 

and Regulatory Affairs for the state of Michigan. Pharmacy location data (e.g., pharmacy names 

and addresses) and other attributes (e.g., operating hours and services provided) were cross-

validated through online sources such as Google API or active pharmacy websites when 

necessary. In addition, a telephone screen was performed for pharmacies that did not have an 

active, functioning online website. Two independent researchers performed a telephone screen 

following a standardized script asking the following:  

1) is the pharmacy a community or retail pharmacy?  

2) is the pharmacy open to the public? 

3) what are the normal operating hours? 
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Pharmacies that were unable to be reached were called once more at a different time of day so 

that pharmacies were contacted during daytime and evening hours. Pharmacies were classified 

into a standardized data collection sheet as active, permanently closed, non-community, or 

unverifiable. Cross-validation and telephone screening took place in April and May of 2020 in 

order to have the most current pharmacy location data. Active community pharmacies were also 

categorized by pharmacy type (e.g., chain, independent, clinic outpatient, hospital outpatient) 

based on the following definitions: 

 

Hospital Outpatient Pharmacy 

 

A community pharmacy located on a hospital campus, usually 

within the lobby of the hospital. 

  

Clinic Outpatient Pharmacy A community pharmacy located within, and/or affiliated with, 

a medical office building. 

  

Chain Pharmacy A community pharmacy that is part of a group of four or more 

establishments conducting business under the same business 

name or operating under common ownership/management 

pursuant to a franchise agreement with the same franchisor.  

  

Independent Pharmacy A community pharmacy that is a privately held business not 

directly affiliated with any chain of pharmacies and that is not 

owned or operated by a publicly traded company. 

 

 

Business hours of each pharmacy were also collected, when available, and the total weekly 

operating hours calculated. If available, the services each pharmacy provided were also recorded. 

Pharmacy addresses were geocoded with ArcGIS version 10.6.1364 using X and Y coordinates 

(latitude and longitude) to a physical address with a >90% match rate. Geocoded addresses were 

projected using the North American Datum Illinois State Plane West Projected Coordinate 



 
107 

System and the North American Datum 1983 Geographic Coordinate System. The pharmacy-to-

resident ratio was calculated for each state, county, and census tract within the study area. 

3.2.2 American Community Survey 

 The United States Census Bureau conducts The American Community Survey (ACS) 

annually to estimate demographic and economic characteristics of the US population. The US 

Census Bureau initiated the ACS in 2005 to gather information for every state, county, city, 

town, place, American Indian Area, Hawaiian Home Land, and Alaska Native Area including 

census tracts and block groups. It is publicly available via the U.S. Census Data Ferret Query 

System.365  

 A random sample of addresses is selected by the Census Bureau from the Census Bureau’s 

Master Address File (MAF) which is an official inventory of known living quarters and non-

residential units. Overall, each address has a 1-in-480 chance of being selected in any given 

month. Using this method, no address is selected more than one time in a five year period. The 

ACS samples more than 3 million housing unit addresses annually leading to over 2 million final 

interviews of independent housing unit addresses throughout over 3000 counties and county-

equivalent areas in the U.S. These data are collected in two sampling phases: 1) US Census 

Bureau assigns all blocks and addresses to sixteen sampling strata to determine the base rate and 

calculate stratum sampling rates. A supplemental form of processing involves matching new 

addresses by block and assigning them to sampling strata. New addresses are systematically 

assigned to five existing subframes, and sub frames associated with a given year are identified. 

Data is then collected via several methods: internet, mail, and computer assisted telephone 

interviews; 2) Non-responses are identified, and a select sample are referred for Computer 
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Assisted Personal Interviewing (CAPI), which is conducted in over 30 languages and includes 

questions on race, sex, and economic indicators (i.e., education, income, place of work, veteran). 

Using the two-phase method, response rates for the ACS have remained over 95%. This study 

used the 2014 to 2018 5-year ACS estimates for county and tract level data for the selected study 

areas. It was obtained using the US Census Bureau’s query system in March 2020.365 

3.2.3 United States Census Bureau 

 US Census Bureau data is collected every 10 years with the last full collection occurring in 

2010 and the most recent for 2020 ongoing. These data are de-identified and publicly available 

for use; however, at the time of this study, the 2020 Census data was not yet available. The US 

Census Bureau provides estimates on population demographics. Based on these estimates and 

based on the work of Massey and Denton (1988),301 the US Census Bureau also reports 

population index equations on race and income. Population and community level data not 

otherwise available from the ACS 2014-2018 5-year estimate files were collected using the US 

Census Bureau data query system and were extracted into Excel files for data calculation and 

transformation into shape files for use in the ArcMap program. The Isolation Index (a measure of 

racial/ethnic segregation) and Segregation Index (the uniformity of racial population groups 

located within areas) were calculated using the block group level total population and race data 

to calculate the Segregation Index and Isolation Index for each census tract. The Segregation 

Index and Isolation Index were also calculated for each county and for the larger study areas to 

provided additional context for comparison. 

 Population-weighted-centroids were obtained for every census tract from the US Census 

Bureau website. Population-weighted centroids provide an aggregate location that represents the 
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majority of the population within an area. A full description of the methods used by the US 

Census Bureau for calculating this population-weighted-centroid is further elucidated 

elsewhere.366 

3.2.4 Additional Data Sources 

Walk Score®. Patented walk scores were obtained from the Walkability Index using ArcGIS 

Online open data sources. The walkability index, which is based on The Walk Score®, measures 

walkability of an address by analyzing hundreds of walking routes to nearby amenities and 

facilities such as food outlets/farmer’s markets, restaurants/cafes, transit locations, parks, or 

other nearby businesses. Walkability points are awarded based on the walking distance to 

amenities/facilities within each of these categories. Those amenities that are within a 5 minute 

walk (or 0.25 miles in distance) are awarded the maximum points while amenities that are more 

than a 30 minute walk are awarded no points. Pedestrian friendliness is also considered within 

the Walk Score® through an analysis of population density and road metrics (i.e., block length or 

intersection density). The walkability index score (as a continuous variable) was calculated as an 

average of the total scaled walk scores at the block level for each census track and inputted 

associated as an independent variable in the multiple discriminant analysis model.367 

Crime Index. A standardized crime index provides an assessment of relative crime risk based on 

seven major crime types (e.g., murder, robbery, rape, assault, burglary, theft, and motor vehicle 

theft) summarized at the census tract level. These relative crime rate scores, derived from crime 

statistics reported by law enforcement jurisdictions at the national level, using the same crime 

definitions of the Federal Bureau of Investigation (FBI) in its Uniform Crime Report (UCR) and 

are reported for data in 2018.368 
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Eviction Lab. Eviction Lab is a collection of researchers at Princeton University that have 

published a publicly available dataset of eviction in America dating back to the year 2000. The 

endeavor was established with the work of Matthew Desmond who investigated the 

intersectionality of poverty, race, and housing in Milwaukee, Wisconsin by living and working 

alongside low-income tenants and their landlords. With the financial assistance of large non-

profit organizations, the Eviction Lab was founded in 2017 and provides accessible nationwide 

eviction data via their organization website. Reported variables include formal eviction records 

from 48 states and Washington, D.C. that include information on eviction court cases, monetary 

judgements, case outcomes, and demographic information from the Census.312 For the purposes 

of this research, the eviction rate (reported as a percentage) was analyzed at the census tract 

level. 

Road Network. To construct a network of travel between population-weighted centroids and 

community pharmacies, information on the road network of the study areas was obtained from 

publicly available data sets from the Illinois Department of Transportation (e.g., 2017 Illinois 

Highway System File) and the Michigan Department of Transportation (e.g., All Roads 

Michigan Geographic Framework 2017 File).369, 370 These data provided the coordinates and 

additional information required to construct a roadway network dataset to analyze distance and 

travel time between population-weighted centroids and community pharmacies in the study 

areas. Travel time was calculated by dividing the road segment length variables in miles by the 

speed limit variable for that road segment and multiplied by sixty to determine the travel time in 

minutes. Where speed limit information was missing, a default value based on state laws was 

utilized. For Illinois, 55 miles per hour (MPH) was used for interstate highways and expressways 
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and 30 MPH was used for urban areas. For Michigan, 55 MPH was used for highways and 

interstates and 25 MPH was used for residential or business district streets. 

3.3 Study Design 

 This was a retrospective, cross-sectional study of selected urban areas (i.e., Chicago Metro 

Area and Detroit Metro Area). The primary goal of this study was to conceptualize the construct 

of pharmacy access in these selected areas. Specifically, this research sought to develop a 

conceptual model of pharmacy access (low-, medium-, and high-access) through a description of 

the pharmacy landscape, derivations of pharmacy accessibility scores using an enhanced two-

step floating catchment (E2SFCA) methodology, and the application of Multiple Discriminant 

Analysis (MDA). Retrospective population and community level estimates and pharmacy 

specific data were obtained from public data sources. Variables of interest were informed by 

theoretical frameworks on health care access, analyses on food deserts, and previous literature on 

pharmacy accessibility. MDA analysis identified significant associations between individual 

variables and levels of pharmacy access. A model of significant variables that describes low 

pharmacy access (‘pharmacy deserts’) was derived.  

3.3.1 Study Area 

 Chicago, Illinois and Detroit, Michigan are historically two of the most racially segregated 

cities in the nation and this segregation has persisted over time.371-373 Previous research revealed 

that urban racial or ethnic segregation has a negative impact on health care access and health 

outcomes.324, 374, 375 Other research explored differences in health care access specific to these 

areas and suggests that minority populations experience decreased access that may be influenced 

by a persistent history of racial and ethnic segregation.110, 111, 122 Although each of these cities has 

a similar history and presence of racial segregation leading some researchers to conclude 
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generalizability to one another in terms of pharmacy access,19 they have differences in 

population and community demographics that may be individual predictors of pharmacy access 

levels. As such, this research sought to determine pharmacy accessibility in each of these urban 

areas separately adding to the robustness of conclusions.  

 The Chicago Metropolitan Statistical Area (MSA) was originally designated in 1950 by the 

US Census Bureau. With shifting demographics noted in each census, the definition of this MSA 

has changed over the years. Currently, the tri-state Chicago MSA (Chicago-Naperville-Elgin, IL-

IN-WI) is the third largest MSA by population within the U.S. It is comprised of  four distinct 

Metropolitan Subdivisions: Chicago Naperville-Arlington Heights, IL; Elgin, IL; Lake County-

Kenosha, IL-WI; and Gary, IN. This research focused 8 counties that together encompass the 

Chicago Urban Area (e.g., Cook, DuPage, Grundy, Kane, Kendall, Lake, McHenry, Will) 

emphasizing the urban context of this research (Figure 4). Based on US Census Data, this area is 

5,342.3 square miles with a population density of 1,602.6 residents per square mile, compared to 

a population density of 231 resident per square mile for the entire state of Illinois. It includes 

1988 out of 3123 census tracts in the state (63.7%). The extension of landscape beyond the city 

of Chicago into surrounding suburban areas provided a buffer zone to account for edge effects as 

described in Luo & Wang.299 Additionally, it added important context to the variation of 

pharmacy access across different community settings while focusing on the urban center of 

Chicago. 

 The Detroit-Warren-Ann Arbor, MI Combined Statistical Area (CSA) is comprised of five 

subdivided Core Based Statistical Areas (Detroit-Warren-Dearborn, MI MSA; Flint, MI MSA; 

Ann Arbor, MI MSA; Monroe, MI MSA; and Adrian, MI MSA) and at the 2010 census was the 
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11th most populous urban core in the nation. The Detroit-Warren-Dearborn, MI Metro Area 

includes six counties: Wayne, Oakland, Macomb, Livingston, St. Clair, and Lapeer (Figure 5). 

The area is comprised of 3,889.2 square miles with a population density of 1,112 residents per 

square mile and includes 1302 of Michigan’s 2,813 census tracts (46.2%). Like the Chicago 

Naperville-Arlington Heights MSA, the Detroit-Warren-Dearborn MSA provided additional 

context to the analysis of pharmacy access and accounted for edge effect through the 

incorporation of buffer areas that are more suburban in nature. 
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Figure 4 Michigan study area: Lapeer County, Livingston County, Macomb County, Oakland County, St. Clair County,  

Wayne County 

Figure 5 Illinois study area: Cook County, Dupage County, Grundy County, Kane County, Kendall County, Lake County,  

McHenry County, and Will County 
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3.3.2 Study Population 

 This study used the 2014 to 2018 5-year American Community Survey period estimates 

that provide an aggregate of population characteristics over a 5-year period. Data from the ACS 

has been used extensively in literature on health care access, including pharmacy access.19 All 

population and community characteristics were analyzed at the census tract level unless 

otherwise noted. Census tracts with a code range in the 9800s and 9900s were excluded from this 

research. The code range of 9800 represents special land-use census tracts, such as large parks or 

employment locations with minimal residential population while the code range of 9900 

represents large bodies of water. Census tracts without residents were also excluded from data 

analysis. 

3.3.3 Community Pharmacy Eligibility Criteria 

 All active, licensed community pharmacies were included in the analysis. Community 

pharmacies were defined as any pharmacy that engages in general community pharmacy practice 

and that is open to, or offers pharmacy service to, the general public. Since this study examined 

public, geographic access to pharmacies within communities, “closed-door” pharmacies (e.g., 

hospital “inpatient” pharmacies, long-term care inpatient pharmacies, home infusion or infusion 

clinics, internet pharmacies, tele-pharmacies, or mail-order pharmacies), internet pharmacies, 

and out-of-state pharmacies without physical practice sites in the study areas were excluded. 

Duplicate records within Pharmacy Master Files were not included if a single pharmacy location 

had multiple licenses and pharmacies with only P.O. Boxes for mail pickup and no physical 

location in the study area were excluded. Pharmacies that could not be verified as “active” 

through a Google API and telephone screen were categorized as “unverifiable” and also 
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excluded from the analysis. Active pharmacies were pharmacies that were open for operations to 

the public at the time of this research. 

3.3.4 Sample Size 

Population 

 According to the 2014-2018 American Community Survey 5-year estimates, the Chicago-

Naperville-Arlington Heights, IL Metro Division had a population of 7,327,083 people and 2124 

people per square mile. With the addition of Lake County and Kane County, the Chicago Urban 

Area had 2,718,555 people making it the 3rd largest city in the country. The Detroit-Warren-

Dearborn, MI Metro Area had a population of 4,317,179 with 1110 people per square mile.365  

Community Pharmacies 

 Figure 6 outlines the selection of community pharmacies included in data analysis for the 

state of Illinois. Out of 3,854 pharmacies listed as “Community” pharmacies in the Illinois 

Pharmacy Master Files, only 2,340 had licensed registered as “Active”. With the exclusion of 

out-of-state pharmacies and duplicate listings, there were 2,218 active community pharmacies. 

After an internet and telephone screening, there were 2,007 active community pharmacies in 

Illinois and 1270 active community pharmacies in the study area. 

 Figure 7 summarizes Michigan community pharmacy inclusion criteria. Of 9,337 records 

listed in the Pharmacy Master Files provided by the State Board of Pharmacy, there were 3,293 

active pharmacy licenses reported. Of those, there were 2,742 active community pharmacies. 

Approximately 570 pharmacies were excluded during the internet and telephone screen resulting 

in 2,178 active community pharmacies verified for the state of Michigan. Within the Detroit-

Warren-Dearborn, MI Metro Area there were 1,108 active and verified community pharmacies 

included in the analysis. 
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Pharmacies with “Active” 

License 

(n = 2340) 

Geocoded Active Illinois 

community pharmacies  
(n = 2007) 

Active IL Community 

Pharmacies in Study Area 

(n = 1268) 

Chain (n =960) 

Independent (n = 190) 

Clinic Outpatient (n = 64) 

Hospital Outpatient (n = 54) 

 

Excluded (n=1514) 
Expired (n = 29) 

Closed (n = 566) 
Change of Ownership (n = 678) 

Suspended/Probation (n = 11) 

Cancelled/Withdrawn (n = 31) 

Application in Process (n = 133) 

Not Renewed/Revoked/Denied (n = 64) 

Insufficient Funds (n = 2) 

Excluded (n = 122) 
Out of State (n = 112) 

Duplicates (n = 10) 

Excluded (n = 249) 

Non-community (n = 147) 

Closed (n = 81) 

Non-pharmacy (n = 2) 

Unverifiable (n = 19) 
 

Online API/Phone Screen 

(n = 2258) 

Identified during online 

API/Phone Screen 

(n = 38) 

Illinois (IL) “Community” pharmacies 

by license number  

(n = 3854) 

IL “Community” Pharmacies 

with “Active” License 

(n = 2218) 

Figure 6 Illinois Community Pharmacy Eligibility Criteria 
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Michigan pharmacy records provided  

(n = 9337) 

Duplicates removed 

(n = 113) 

Active Pharmacies 

(n = 3,293) 

Excluded (n = 5931) 

Wholesale Distributors (n = 1436) 

Licensed ADDs* (n = 202) 

Manufacturers (n = 592) 

Veterinary Facilities (n = 59) 

Controlled Substance* (n = 3642) 

Internet API/Phone 

Screening 

(n = 2,742) 

Excluded (n = 568) 

Duplicates (n = 15) 

Non-community (n = 358) 

Permanently Closed (n = 135) 

Unverifiable (n = 60) 

 

Active Community 

Pharmacies in Michigan 

(n = 2178) 

 

Active Community 

Pharmacies in Study Area 

(n = 1108) 

 

Chain (n=595) 

Independent (n=401) 

Clinic Outpatient (n=74) 

Hospital Outpatient (n=38) 

Figure 7 Michigan Community Pharmacy Eligibility Criteria 
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3.4 Study Measures 

3.4.1 Spatial Accessibility 

 The following measures were included in the description of spatial accessibility of the 

pharmacy landscape: distance to nearest pharmacy, travel time to nearest pharmacy, pharmacy-

to-population ratio, and pharmacy accessibility scores derived from an enhanced two-step 

floating catchment area (E2SFCA) methodology. A detailed description of how these variables 

were used or derived is in Section 3.5. These study measures were selected based on their use in 

prior literature and their relevance to spatial accessibility to a pharmacy. The original 2SFCA 

methodology incorporates a travel time threshold to define the catchment area as part of the 

equation. That is, the travel time to a health care facility or provider is dichotomized such that a 

facility or provider outside of this threshold is deemed “inaccessible” to the population that 

reside within that catchment area. This approach was applied by Ikram et al. (2015) in a study of 

pharmacy access as a refined measure of accessibility proposed by Luo & Wang.22, 299 There are 

other iterations of the 2SFCA methodology, including enhancements that incorporate different 

travel modes 376and probabilistic gravity models,377 but these may require real-world data (i.e., 

knowledge of patient preference) that is beyond the scope of this work. It is important to 

acknowledge the limitations of the refined 2SFCA applied in the work by Ikram et. al. (2015). 

Notably, the use of a travel time threshold that dichotomizes access to a pharmacy assumes that 

all population centers and pharmacy locations within the designated travel time all have equal 

access. There is no difference between a 5-minute drive and a 20-minute drive. Further, the 

2SFCA is only concerned with one mode of transportation (i.e., personal vehicle).378 Thus, this 

research employed an enhanced 2SFCA (E2SFCA) methodology that accounted for distance 

decay through the assignment of different weights associated with different travel time zones. 
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That is, there is an assumption that travel preference decreases as a person moves away from the 

point of origin. This methodology reveals a more precise spatial accessibility pattern that is more 

consistent with the intuitive notion that individuals are less likely to travel to a farther 

pharmacy.378, 379 Compared to other methods of spatial accessibility, the E2SFCA has been 

shown to be more accurate and is preferred.378 A more detailed explanation of this methodology 

and its application in this research is presented in Section 3.5.1. Pharmacy landscape variables 

were reported as continuous variables: pharmacy to resident ratio, minimum distance from 

census tract population-weighted centroid to a pharmacy (in miles), and minimum travel time 

from census tract population-weighted centroid to a pharmacy (in minutes). 

3.4.2 Aspatial Accessibility 

Thirty-seven variables obtained from the American Community Survey 2014-2018 estimates 

were included in the model and grouped by the following domains: Culture, Social Class, 

Socioeconomic Position, Race/Ethnicity, Vulnerability, Residential Stability and Transportation 

(Figure 3). These population and community level variables are reported as continuous variables 

at the census tract level (percentages of the population within that tract or median numerical 

values) and provide information about potential aspatial barriers to pharmacy access.  

 Select indices on racial/ethnic segregation and income where data was publicly available 

were also incorporated into the model including: Dissimilarity Index of Segregation (estimates 

the uniformity of racial population groups located within areas with respect to other racial 

population groups), The Isolation Index (estimates the extent to which minority populations live 

in areas where they are only exposed to people of their own race/ethnicity), and the Gini Index of 

Isolation (estimates income inequality by race).   
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 Walkability was obtained using publicly available walkability data. This continuous 

variable represents the neighborhood walkability with a normalized value on a scale from 0 to 

100. For Specific Aim 1, scores below 50 represented an area with walkability barriers. Crime 

data was obtained from publicly available crime data from municipal and state government 

websites,368 normalized to the county level and reported at the census tract level. Any score 

above 100 indicates a higher than average crime index and was considered a barrier to pharmacy 

access in this study. 
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3.4.3 Summary of Pharmacy Landscape Workflow 

The workflow of this methodology is best described in steps. First, pharmacy location data was 

obtained and mapped using geocoded addresses within ArcGIS 10.6.1.364 Population-weighted 

centroids were obtained from the 2010 US Census data and mapped at the census tract level. 

Population and community demographic estimates were obtained at the census tract level from 

the 2014-2018 American Community Survey and mapped on a projection of each study area to 

overlap with pharmacy location and population count data. Using road network data obtained 

from corresponding Department of Transportation organizations and the Enhanced Two-Step 

Floating Catchment Method, a pharmacy landscape was derived depicting numbers of 

pharmacies relative to the population (e.g., pharmacy-to-population ratio). From population and 

pharmacy location data, pharmacy accessibility scores could be calculated at different distance 

and travel time thresholds and were presented in the context of the conceptual logic model for 

this study. 
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Road Network  
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Links 
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Enhanced Two-Step Floating Catchment Areas 
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Figure 8 Pharmacy Landscape Workflow 
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3.5 Analysis by Specific Aim 

3.5.1 SPECIFIC AIM 1: DESCRIBE THE PHARMACY LANDSCAPE OF SELECTED 

URBAN COMMUNITIES 

 

a. Hypothesis 1.1: There will be a non-uniform distribution of pharmacies across census 

tracts 

H0: µ1 = µ2  

H1: µ1 > µ2  

 

where µ1 represents the average number of pharmacies in an ethnic/racial dominant 

census tract and µ2 represents the average number of pharmacies in an ethnic/racial non-

dominant census tract 

 

b. Hypothesis 1.2: There will be a non-uniform distribution of non-spatial/aspatial factors 

associated with pharmacy access across census tracts 

 

H0: µ1 = µ2  

H1: µ1 > µ2  

 

where µ1 represents the average number of non-spatial/aspatial barriers in an ethnic/racial 

dominant census tract and µ2 represents the average number of non-spatial/aspatial 

barriers in an ethnic/racial non-dominant census tract 

 

c. Hypothesis 1.3: There will be a lower pharmacy-to-resident ratio in census tracts that 

contain predominantly ethnic/racial minority populations 

H0: p1 = p2  

H1: p1 < p2  

 

where p1 represents the number of pharmacies per resident in an ethnic/racial dominant 

census tract and p2 represents the number of pharmacies per resident in an ethnic/racial 

non-dominant census tract. 

 

d. Hypothesis 1.4: Pharmacy accessibility scores will be lower in census tracts that contain 

predominantly ethnic/racial minority populations 

 

H0: Ai
F

(x) = Ai
F

(y) 

Ha: Ai
F

(x) < Ai
F

(y) 
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where Ai
F

(x) represents the pharmacy accessibility scores in an ethnic/racial dominant 

census tract and Ai
F

(y) represents the pharmacy accessibility scores in an ethnic/racial 

non-dominant census tract. 

 

To achieve Specific Aim 1, this research performed GIS modeling using ArcGIS version 10.6.1 

364 to map the locations of pharmacies and population-weighted centroids at the census tract level 

throughout the study areas. To represent the city of Chicago, counties (n=8) that included any 

part of the Chicago Urban Area comprised the study area. The entirety of this area was analyzed 

to provide data on local variations in detail while also studying the most densely populated areas. 

For Detroit, counties (n=6) within the Detroit–Warren–Dearborn Metropolitan Statistical Area 

(MSA) were studied, as these counties grouped together included the Detroit Urban Area. This 

study selected the census tract as the unit of analysis for population distribution because it is the 

lowest areal unit of measurement in shortage-area designations. Although pharmacy practitioners 

are not currently included in the shortage-designation definition established by the Department of 

Health and Human Services (DHHS), it is the only widely studied definition of health 

professional shortage areas at the state and national level. Health Professions Shortage Areas 

(HPSAs) and Medically Underserved Areas were also mapped as layers for the study areas to 

provide additional context to areas of pharmacy access. 

Part 1. Description of the Pharmacy Landscape 

 Spatial coverages of census tracts were generated with the American Community Survey 

2014-2015 5-year estimate census tract geodatabase.365 The population-weighted centroid (e.g., 

described as the mean center) for each census tract was obtained from the 2010 US Census 

Bureau website. Centroid locations are provided as latitudes and longitudes that allows for easy 

integration into GIS software.380 The advantage of using a population-weighted centroid of a 
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tract is that it is a more accurate reflection of population density, as it accounts for the 

heterogeneous distribution of a population in a given area 381. The geographic centroid might not 

always correspond to the population centroid of a census tract, especially in peripheral suburban 

(or rural) areas because there are areas of larger space where there may be concentrated 

populations within a limited space. The calculation of these weighted centroids are described are 

explained in the context of the 2SFCA methodology in Luo and Wang, 2003.299 Since population 

weighted centroids were reported as X and Y coordinates, they were reverse coded into address 

locations using ArcGIS 10.6 to identify their physical and routing address in relation to 

roadways. Operating pharmacy addresses were obtained from Pharmacy Master Files provided 

by the Illinois Department of Financial and Professional Regulation and Michigan Board of 

Pharmacy. Physical address information was converted into X and Y coordinates (latitude and 

longitude) within the ArcGIS platform via matching the address name and interpolating the 

address range stored in the digital map.  

 A network dataset of roadways was created using the 2017 Illinois Department of 

Transportation (IDOT) roadway dataset for Illinois and the US Department of Transportation 

Highway Performance Monitoring System (HPMS) dataset for Michigan. Community pharmacy 

locations and population weighted centroid locations were added to the roadway network data set 

based on their geocoded X and Y coordinates and validated using their physical address 

locations. Using the Closest Facility and OD Cost Matrix Network Analyst Tool in ArcGIS, the 

minimum distance and minimum travel time from a population weighted centroid to a pharmacy 

were calculated in miles and minutes, respectively. This was achieved by calculating Drive 

Times and Walk Times using roadway segment length and speed limit data. Pharmacy 
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accessibility scores were calculated combining the output data from these two tools and 

normalized into spatial access ratios (SPAR). The distribution of these SPAR values was graphed 

and natural breaks in the data distribution were compared to quantiles to determine access 

thresholds categorized as low-, medium-, and high pharmacy access. 

  Distances in miles between physical pharmacy addresses and population-weighted 

centroids were calculated for each census tract in the study areas. Each mode of travel (e.g., 

personal vehicle and walking) was simulated in the GIS platform using the ArcGIS Network 

Analyst Tool to perform a network analysis based on travel time where network distance was 

converted to travel time based on speed limits (driving) and walking speed (3 miles per hour). 

The spatial distribution of pharmacies were described according to their overall numbers, 

average numbers per census tract, and pharmacy-to-population ratio by census tract. Additional 

variables, such as operating hours or services, were described where available. 

 Sociodemographic variables from the U.S. Census Bureau, the American Community 

Survey, and Other Data Sources were superimposed on the pharmacy landscape map as layers to 

provide additional contextual information about the communities, including but not limited to the 

crime index, Isolation Index, Gini Index of Segregation, Segregation Index, and Walkability to 

give rise to a non-spatial pharmacy landscape. Socioeconomic Status, Social Class, 

Vulnerability, Residential Stability, Transportation and Culture barriers were described in 

relation to their geography and any identified trends across census tracts were described 

according to the logic model in Figure 3. 

Part 2. Enhanced Two-Step Floating Catchment Area (E2SFCA) analysis of the 

pharmacy landscape 

 



 
128 

The E2SFCA method of spatial accessibility uses travel times and is implemented in two steps as 

explained in Luo & Wang (2003).299 

Step 1 (supply). A 30-minute service area was constructed around each pharmacy mapped on the 

pharmacy landscape and divided into travel subzones (5 minutes, 10 minutes, 20 minutes, and 30 

minutes). Population weighted-centroids were identified within each subzone. A pharmacy-to-

population ratio, Rj, was calculated based on the following formula: 

 

Rj = (Sj) / ∑kϵ {dkj ≤Dr} Pk Wr = 

(Sj)/( ∑kϵ {dkj ≤D1} Pk W1+∑kϵ {dkj ≤D2} Pk W2 + ∑kϵ {dkj ≤D3} Pk W3+ ∑kϵ {dkj ≤D4} Pk W4) 

 

where Pk is population of the census tract k whose population-weighted centroid is within the 

catchment area j, dkj is the travel time between k and j, and Sj is the number of pharmacies at 

location j. Dr is the rth travel time zone (where r =1, 2, 3, or 4) 

 Step 2 (demand). For each population location i, all pharmacy locations (j) that were within the 

service area were identified in ArcGIS. The pharmacy-to-population ratio, Rj, for the pharmacy 

within the location are summed according to the following model: 

Ai
F =  

 

∑ RjWr       

jϵ{dijϵDr}        

= 
∑ RjW1 + ∑ RjW2  + ∑ RjW3  + ∑ RjW4 

jϵ{dijϵD1}  jϵ{dijϵD2}  jϵ{dijϵD3}  jϵ{dijϵD4}  

 

where Ai
F represents accessibility at the population-weighted centroid location i to the pharmacy 

Rj represents the pharmacy-to-population ratio at the pharmacy location j whose centroid falls 
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within the catchment i and dij is the travel time between i and j. In Luo and Qi’s model, Wr is the 

distance decay weight.379 The distance decay in this study followed a Gaussian distribution and 

mimicked the weights used for the travel zones, as these weights represent a sharper distance 

decay, which is more relevant to an urban context in which there may be multiple service 

facilities.300 Like the original 2SFCA model, larger accessibility scores (Ai
F) indicate better 

accessibility. Put more simply, these steps correspond to the assignment of an initial ratio to each 

pharmacy service area centered as pharmacy locations (Step 1) and the summation of the initial 

ratios in overlapped pharmacy service areas where residents have access to multiple pharmacies 

(Step 2). The advantage of this method is that, generally, an E2SFCA method considers the 

interaction between patients and their community pharmacies across borders based on travel 

times, computing an accessibility measure that varies from one census tract to another.  

 After applying the E2SFCA methodology, accessibility values were normalized as 

proposed by.382 Spatial Access Ratio (SPAR) values were calculated between the spatial 

accessibility score (Ai
F) and the mean spatial accessibility of the entirety of population for each 

travel threshold. This provided a normalized spatial accessibility index. When SPAR 

methodology was applied within the GIS environment, spatial accessibility to a pharmacy 

location could be analyzed by driving and walking using the previously established travel 

networks. Tertile classification method was used to group the SPAR values as previously done in 

Khakh et. al.300 Additionally, the grouping of accessibility classes was performed based on 

natural breaks in ArcGIS to identify breakpoints between levels of pharmacy accessibility that 

minimize the sum of variance between levels. These were compared to the quantile classification 
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method to identify final levels of pharmacy access that were used in Specific Aim 2 and mapped 

in Specific Aim 3. 

3.5.2 SPECIFIC AIM 2: DEVELOP A CONCEPTUAL MODEL DEFINING LEVELS OF 

PHARMACY ACCESS IN SELECTED URBAN COMMUNITIES 

 

Hypothesis 2.1: I hypothesized that [variable of interest] would be associated with pharmacy 

access (Appendix A) 

H0: βi=0, for i=1,2…, p 

Ha: βi ≠ 0 for i for y1, y2, or y3. 

Hypothesis 2.2: I hypothesized that [variable of interest] would be associated with low pharmacy 

access  

H0: βi=0, for i=1,2…, p 

Ha: βi ≠ 0 for i for y1. 

Hypothesis 2.3: I hypothesized that [significant variable of interest] will be predictive of 

pharmacy access. 

 

H0: Bi=0, for i=1,2…, p 

(H0: Y does not depend on any of the Xi’s) 

Ha: Bi ≠ 0 for at least one i. 

(Ha: Y depends on at least one of the Xi’s) 

 

To achieve Specific Aim 2, analyses of the associations between variables of interest and 

pharmacy access was performed to determine level of significance. A stepwise discriminant 

analysis was also performed to determine significance of associations. Independent variables 

determined to be significant were added to the Multiple Discriminant Analysis (MDA) model 

based on the levels of pharmacy access defined during analysis of Specific Aim 1. The purpose 

of this application was to obtain a model that predicts pharmacy access based on a collection of 
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independent variables identified a priori. Pharmacy access (i.e., the dependent variable) can 

consist of more than two groups of classification. Through discriminant analysis, an equation 

was derived that is a linear combination of independent variables that discriminated best between 

the groups within the dependent variable. This equation (i.e., the discriminant function) is 

explained as: 

F = β0 + β1X1 + β2X2 + … + βpXp + ε 

where F is a latent variable formed by the combination of the dependent variable (in this study, 

pharmacy access); X1, X2, …, and Xp are independent variables (Table 2); ε is the error term, and 

β0, β1, β2, and βp are discriminant coefficients.383 The objective of this analysis was to test if the 

group classification in the dependent variable, pharmacy access, depended on at least one of the 

independent variables. The hypothesis is written as follows: 

H0: Bi=0, for i=1,2…, p versus Ha: Bi ≠ 0 for at least one i. 

The number of functions that were computed is one less than the number of classification groups 

in the dependent variable, Y. In this research, since there were three classifications, two 

discriminant functions were reported. Discriminant function coefficients were also reported (βi) 

which are partial coefficients reflecting the contribution of each independent variable to the 

classification of the groups of the dependent variable (i.e., levels of pharmacy access).  The 

structure coefficients reflected these correlations between independent and dependent variables. 

As such, the higher the value, the higher the association.  

 There are several assumptions of MDA, including that the independent variables are 

independent of each other and follow a multivariate normal distribution, groups are independent 

and group sizes are not grossly different, the number of independent variables is not greater than 
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two less the sample size (as a rule, at least 20 cases for each independent variable), the variance-

covariance structure of the independent variables are similar within each group of the dependent 

variable, and residuals are randomly distributed. Tests for normality and the equality of variance-

covariance structures in the independent variables were performed to ensure the data met 

assumptions. Transformations were performed as necessary. Eigenvalues (the ratio between the 

explained and unexplained variance in the model) for the discriminant functions and Wilk’s 

lambda (1-explained variation), to test significance of the discriminant functions, were reported. 

A small lambda value indicates significance of the function. The larger the Eigenvalue, the 

stronger the discriminating power of the function. To determine whether the final model had 

good prediction of membership to the levels of pharmacy access, the classification matrix was 

reported.  

3.5.3 SPECIFIC AIM 3: DETERMINE RELATIVE LEVELS OF PHARMACY ACCESS 

ACROSS THE PHARMACY ACCESS LANDSCAPE 

 

Hypothesis 3.1: There will be low pharmacy access in census tracts that contain predominantly 

ethnic/racial minority populations. 

 

Hypothesis 3.2: There will be high pharmacy access in census tracts that contain a predominantly 

White population.  

 

Hypothesis 3.3: Pharmacy deserts will be concentrated in areas with predominantly minority 

populations. 

 

To achieve Specific Aim 3, variables determined to be significant for predicting low pharmacy 

access were mapped in ArcGIS by census tract against the spatial pharmacy landscape map 

constructed in Specific Aim 1. Accessibility scores and Spatial Access Ratios (SPAR) based on 

categories derived in Specific Aim 1 were mapped according to their category. A final 

description of the pharmacy landscape based on trends was provided noting variations across 
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census tracts and regions of the study areas.  These trends or variations were described in the 

context of the conceptual model. Where differences were noted in areas of ethnic/racial 

segregation, trends and variations were explained in the context of historical and/or structural 

racism as discussed in Chapter 2.  

3.6 Data Management 

Population variables were tested using census tract-level data estimates obtained from the 

publicly available US Census Bureau Data Query website. These data were downloaded and 

managed by the principal investigator. Pharmacy data (e.g., business name, business address, 

license numbers, license status) was acquired via a Freedom of Information Act (FOIA) request 

from The Illinois Department of Financial and Professional Regulation and the Michigan 

Department of Licensing and Regulatory Affairs. Additional pharmacy location data (e.g., phone 

number, services provided) was obtained by the principal investigator through online websites, 

Google API, and contacting pharmacies by phone. All data were maintained in a secured 

computer, protected by a password, and accessible only to the principal investigator. The study 

used publicly available de-identified, secondary data and met the University of Arizona Internal 

Review Board requirements for exempt non-human subject research. All data manipulation, 

mapping, and statistical analyses were conducted in Microsoft Excel (Microsoft Corporation, 

Albuquerque, NM), ArcGIS 10.6.1 364, SPSS Version 27 384, and SAS 9.4.385 Statistical tests 

performed included t-tests, Mann-Whitney U test, and chi square where appropriate. 

Additionally, the %multinorm macro to assess multivariate normality SAS 9.4.385 
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4 RESULTS 

4.1 Introduction 

4.2 Population and Community Demographics  

Differences between study areas were identified in predictor variables of interests. Significant 

differences between the Chicago Metro Area and Detroit Metro Area were median household 

income (p<0.0001), family poverty level (p<0.0007), unemployment rate (p = 0.0433) and 

percent population in the labor force (p<0.0001). The measure of income inequality, the Gini 

Index, was also significantly different (p<0.0001). More households in the Detroit-Warren-

Dearborn, MI MSA also received public assistance, including those households with disabled 

individuals (p<0.0001) and children (p<0.0005). The Detroit Metro Area also had a higher 

percent of vulnerable populations, such as elderly, children, disabled individuals, and veterans 

(p<0.0001). The Chicago Metro Area had a higher percentage of immigrants, non-citizens, and 

households with limited English ability (p<0.0001). Home values and housing cost burden were 

significantly lower in the Detroit (p<0.0001) but there was a higher eviction rate across census 

tracts (1.7 vs. 1.1, p<0.0001). The majority of residents in the Detroit Metro Area also commuted 

to work by car with approximately 7.7% relying on carpool. Only a small number of residents 

reported walking or taking public transit to work (0.7% and 0.4%, respectively). In the Chicago 

Metro Area, the number of workers commuting to work in a car alone was significantly lower 

(70.1 vs. 77.8, p<0.0001) with a lower percentage reporting carpooling (6.6% vs. 7.7%, 

p<0.0001) but a higher percentage reporting walking (1.6% vs. 0.7%, p<0.0001) or using public 

transit (12.1% vs. 0.4%, p<0.0001). Lastly, more Chicago Metro Area residents reported their 

race as non-white (48.3% vs. 22.5%, p<0.0001). Yet, there was no different between segregation 

index or isolation index. 
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 When compared at the city level (Detroit City vs. Chicago City), differences between 

community and population characteristics were even more pronounced. A higher percentage of 

the Detroit population had housing barriers such as higher eviction rates (p<0.0001) and higher 

housing cost burden (p<0.0001). Home values were also significantly lower with higher vacancy 

rates. A higher percentage of Detroit residents also received public assistance in the form of cash 

assistance and food stamps and there were higher percentages of vulnerable populations (e.g., 

children, elderly, disabled) receiving this aid compared to residents in Chicago. At the city level, 

there were no differences in the percentage of the population that were uninsured or renters, but 

unemployment rates were significantly different (7.5% in Chicago vs. 17.2% in Detroit, 

p<0.0001). Furthermore, the median family income in Chicago was  approximately $51,000 

compared to $22,000 in Detroit (p<0.0001). The racial composition differences across the cities 

were also evident, yet there were no differences in the segregation index. However, the isolation 

index (the extent to which minority populations live in areas where they are only exposed to 

people of their own race/ethnicity) was significantly different for both White and Black 

populations (p<0.001). Table 3 shows selected population and community demographics across 

census tracts and between regions. 

 Given these significant differences within the larger urban areas and at the city level, a 

pharmacy access model was constructed for each city separately.
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 Chicago Metro Area Detroit Metro Area  Chicago City Detroit City  

Census Tracts (n) 1987 1283  867 310  

DEMOGRAPHICS Median  P25 P75 Median  P25 P75 p-value Median  P25 P75 Median P25 P75 p-value 

Total Population (n) 

 
4307 2913 5358 3152 2311 4196 <.0001 3210 2074 4587 2165 2646 4523 <0.0001 

Socioeconomic Position               

Median Household Income  

(USD x 1,000) 
68.4  46.5 93.8 56.2 35.9 78.5 <.0001 5.1 3.5 7.9 2.7 2.2 3.4 <0.0001 

Families w/ income below poverty level in prior 

12 months (%) 9.4  3.0 15.8 8.0 3.4 22.2 0.0007 13.1 5.3 24.7 19.1 24.1 40.2 <0.0001 

Unemployment rate (%) 

 
6.9  3.7 9.6 6.1 3.7 11.6 0.0433 7.5 4.2 15.9 17.2 12.6 23.5 <0.0001 

Households Receiving Cash Public Assistance 

or Food Stamps/SNAP (%) 
13.7  4.6 23.0 12.3 4.9 30.3 0.0076 180.0 7.0 35.6 44.3 35.1 51.4 <0.0001 

Gini Index21 

 
0.4870  0.383 0.469 0.41 0.38 0.46 <.0001 0.450 0.410 0.500 0.470 0.426 0.516 <0.0001 

Social Class               

Households w/ Single Female w/children under 

18 years (%) 
6.4  2.9 9.8 5.7 2.8 11.0 0.1362 7.2 3.1 13.1 10.2 6.5 16.2 <0.0001 

16 years and older not in the labor force (%) 

 
33.1  27.9 38.7 37.7 32.9 44.1 <.0001 34.2 27.9 41.7 47.2 40.9 54.2 <0.0001 

Occupied Housing Units w/ No Telephone (%) 

 
2.1  0.7 2.9 1.8 0.91 3.0 0.1100 2.1 1.0 3.8 2.7 1.3 4.1 <0.0332 

Occupied Housing Units w/ No Computer (%) 

 
10.8  5.1 16 10.4 5.9 16.7 0.3110 14.3 7.4 21.8 21.8 14.8 28.7 <0.0001 

Households w/ Single Parent (%) 8.3  4.1 12.8 7.9 4.7 13.8 0.0090 9.4 4.2 15.7 17.6 11.7 22.8 <0.0001 

 
21 Gini Index ranges from 0, indicating perfect equality, to 1, indicating perfect inequality. 

Table 3 Differences in Population and Community Characteristics Across Study Areas at the Census Tract Level 
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Population Over 25 Less Than High School 

Graduate (%) 
11.8  4.2 18.5 9.3 5.1 15.6 0.2086 13.6 6.0 23.0 19.1 13.4 25.3 <0.0001 

Race and Ethnicity               

Population Non-White (%) 46.3 23.1 83.1 22.5 10.6 70.5 <.0001 74.9 37.0 97.3 96.0 86.5 98.3 <0.0001 

Segregation Index22 

 
30.8 13.8 48.0 36.9 34.0 54.7 0.4073 36.0 20.9 53.4 35.2 21.3 54.3 0.7513 

Black (%) 

 
8.0 2.3 31.4 6.43 5.06 25.2 0.5199 19.6 6.2 92.3 95.6 86.0 98.0 <0.0001 

White (%) 

 
92.5 50.6 97.8 97.0 85.4 97.3 0.5108 90.1 14.7 96.7 10.0 4.4 21.8 <0.0001 

Vulnerability               

Households w/ Person Over 65 (%) 

 
26.1 20.0 32.8 28.5 22.8 33.9 <.0001 24.8 16.9 32.0 27.3 19.5 33.9 0.0012 

Households w/ Person Under 18 (%) 

 
32.8 25.9 40.2 29.4 24.3 34.6 <.0001 30.4 21.6 39.2 29.7 23.1 37.4 0.6816 

Households Receiving SSI, cash assistance, 

Food Stamps/SNAP w/ Children Under 18 (%) 
20.7 6.2 42.4 23.5 7.9 51.9 0.0005 33.6 11.8 59.9 71.8 56.3 82.0 <0.0001 

Households Receiving SNAP w/ Disabled 

Person (%) 
3.7 1.5 7.6 5.7 2.1 14.2 <.0001 6.1 2.3 13.0 19.0 14.9 25.2 <0.0001 

Families whose income in the past 12 months is 

below the poverty level w/ related children of 

the householder under 18 years (%) 

10.4 3.1 23.7 12.8 4.3 33.8 <.0001 18.6 6.0 34.4 45.6 34.7 58.4 <0.0001 

Population Uninsured(%) 

 
7.2 3.7 11.9 5.6 3.4 8.7 <.0001 9.1 4.9 14.0 9.2 6.3 12.1 0.8206 

Population w/ Disability (%) 

 
9.3 7.1 12.2 14.1 10.1 18.6 <.0001 9.5 6.7 14.1 11.3 8.2 16.1 <0.0001 

Population Civilian Veteran (%) 

 
4.3 2.8 6.0 6.9 4.8 8.9 <.0001 3.3 1.8 4.8 5.9 4.5 7.8 <0.0001 

Culture               

Median Age (years) 37.7 33.2 42.1 40.5 36.0 44.6 <.0001 34.8 31.4 39.6 35.7 30.5 40.7 0.2228 

 
22 Segregation Index (0-100); 0 indicates complete equality across race and 100 indicates complete inequality across race 
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Population Immigrant (%) 

 
15.1 7.1 27.1 4.9 2.1 10.9 <.0001 15.3 4.4 30.4 1.7 0.3 3.6 <0.0001 

Population Non-Citizen (%) 

 
6.2 2.3 13.2 1.9 0.6 4.4 <.0001 7.2 1.7 16.0 0.41 0.0 2.0 <0.0001 

Population under 18 w/ School Enrollment (K-

12) (%) 
92.8 88.9 95.9 92.1 87.2 95.5 0.0002 

92.5 

 
88.0 96.4 89.5 82.6 94.5 <0.0001 

Households w/ Limited English (Speak English 

less than “very well”) (%) 
7.3 2.7 17.9 1.3 0.4 3.6 <.0001 7.2 1.7 21.9 3.0 1.2 5.9 <0.0001 

Population Not Married (%) 

 
53.8 43.9 65.7 54.3 43.2 70.7 0.9368 64.8 54.1 77.0 80.3 74.5 85.7 <0.0001 

Crime Index23 

 
85.0 52.3 138 151 105.8 217.1 <0.001 95.0 61.7 138 151 105 217 0.0011 

Residential Stability               

Renter-occupied housing units (%) 

 
36.1 17.5 57.4 30.0 13.3 47.4 <.0001 55.5 37.7 69.1 49.5 40.9 61.5 0.0633 

Occupied Housing Units w/ more than one 

person per room (%) 
2.0 0.6 4.5 1.0 0.0 2.4 

<.0001 

 
2.8 1.0 5.3 

2.0 

 
0.0 4.2 <0.0001 

Vacant Housing (%) 

 
7.4 4.3 11.9 7.4 4.3 14.4 0.1582 10.5 6.4 16.1 28.4 18.8 40.4 <0.0001 

Median Home Value of owner occupied units 

(USD x 10,000) 
22.7 15.9 33.2 13.2 61.7 21.4 <.0001 23.4 15.4 34.2 

4.0 

 
3.0 5.1 <0.0001 

Occupied Rental Units where Gross Rent 35 

percent or more of household income (%) 
40.6 30.1 52.5 40.6 28.2 53.5 0.2301 42.3 31.3 53.9 56.0 45.8 66.3 <0.0001 

Occupied Units where Owner Costs 35 percent 

or more of income 
25.3 30.1 52.5 18.7 13.9 27.0 <.0001 28.9 19.7 40.1 33.0 21.6 47.2 0.0019 

Percent Eviction Rate24 

 
1.1 0.44 2.3 1.7 0.38 4.3 <.0001 0.81 0.3 1.7 4.8 3.0 7.2 <0.0001 

Transportation               

Workers Commute by Car Alone (%) 72.5 54.1 80.5 84.8 77.8 88.7 <.0001 52.6 40.5 64.1 69.4 60.6 75.9 <0.0001 

 
23 Total Crime Index represents relative crime (personal and property) in the United States where <100 = lower crime, 100 = average crime, and >100 = 

higher crime 
24 Eviction Rates are based on formal eviction records 
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Occupied Housing Units w/ no vehicle (%) 

 
8.1 3.1 20.5 5.8 2.5 15.9 <.0001 22.4 12.6 36.3 24.8 17.3 33.0 0.0489 

Workers Carpooling (%) 

 
6.7 4.5 10.4 7.7 5.1 11.3 <.0001 

6.9 

 
4.1 10.9 11.8 7.6 17.7 <0.0001 

Walked (%) 

 
1.5 0.4 3.4 0.7 0.0 2.1 <.0001 2.9 0.9 5.4 1.6 0 4.1 <0.0001 

Biked (%) 

 
0.0 0.0 0.9 0.0 0.0 0.0 <.0001 0.5 0.0 2.2 0.0 0.0 0.5 <0.0001 

Workers Using Public Transit (%) 

 
10.8 4.6 23.0 0.4 0.0 2.5 <.0001 27.0 18.0 37.6 7.3 3.2 12.6 <0.0001 
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4.3 Pharmacy Landscape and Pharmacy Access Models 

4.3.1 Illinois Pharmacy Landscape 

Illinois Community Pharmacies 

Of 3854 licensed pharmacies in the state of Illinois, there were 2220 pharmacies with an active 

license physically located within the state. After an online API and phone screen, 249 

pharmacies were excluded for being permanently closed within the last license renewal period 

(~2 years), not being community pharmacies as defined within this study, or being unverifiable 

(i.e., pharmacy could not be contacted to verify operations). During the online API and phone 

screen, 38 additional active community pharmacies were identified that were not provided on the 

original list by The Illinois Department of Financial and Professional Regulation. Active Illinois 

community pharmacies were geocoded (n=2009) and 1268 were physically located within the 

study area. Figure 6 provides a schematic of pharmacy eligibility and inclusion. Of active 

community pharmacies within the study area, 76% were chain pharmacies, 15% were 

independent pharmacies, 5% were pharmacies associated with outpatient clinics, and 4% were 

hospital outpatient pharmacies. There were two locations that had multiple community 

pharmacies the public could access for prescriptions and services (University of Illinois Hospital 

& Health Sciences System and Loyola University Medical Center, both located within the 

Chicago Metropolitan Area). Active community pharmacies within the Chicago Metropolitan 

Area made up over 60% of all active community pharmacies in the state of Illinois. Table 4 

provides information on population density, number and type of pharmacies, and the pharmacy-

to-population ratio at the state and county level. The lowest pharmacy-to-population ratios at the 

county level were in Grundy County (1.19), McHenry County (1.33), and Will County (1.34). 

Cook County had a lower pharmacy-to-resident ratio than the state of Illinois (1.51 vs. 1.56).  
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Across census tracts within the Chicago Metropolitan Area, the mean pharmacy-to-population 

ratio was 1.54 (SD=2.65). Pharmacy-to-population ratio differed by racial composition of census 

tracts where non-white census tracts had lower pharmacy-to-population ratios within the larger 

Chicago Metro Area (1.36 vs. 1.70, p<0.001) and within the smaller Chicago urban area (1.36 vs. 

1.74, p<0.001). 

 Most pharmacies across the state of Illinois and within the Chicago Metro area were 

community chain pharmacies (71.4% and 75.7%, respectively). Grundy County and Kendall 

County were only serviced by community chain pharmacies while Cook County had the most 

diversity in community pharmacy types; 70.4% were chain pharmacies, 17.4% were 

independents, 7.1% were pharmacies associated with an outpatient clinic such as a medical 

office or community health center, and 5.1% were pharmacies located within a hospital. From 

the time the Pharmacy Master File was updated by the Illinois Department of Financial and 

Professional Regulation (IDFPR) to the Google API and Phone Screening Period, 81 pharmacies 

reported as permanently closed, the majority of which were independent pharmacies (n = 56) and 

located within Chicago (n = 16). Figure 9 shows the distribution of pharmacies across the 

metropolitan area. 

 On average, throughout the state, pharmacies were open 70 hours per week. The median 

number of operating hours per week was 75, with 58 pharmacies operating as 24-hour 

pharmacies. Within the study area, community pharmacies had an average of 71.5 operating 

hours per week (median = 76 hours/week); 40 were 24-hour pharmacies. Within the city of 

Chicago specifically, only 6 pharmacies were open 24 hours a day with an average of 65.4 hours 

per week across all pharmacies.  Average weekly operating hours were significantly different 
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between white and non-white census tracts within the Chicago Metro Area where non-white 

census tracts had lower average weekly operating hours (23 hours vs. 37 hours, p<0.001).
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Table 4 Population density, pharmacy number and type, and pharmacy-to-population ratio by county 

Geographic Region Total 

Population 

Land Area 

(mi2) 

Density 

(residents per mi2) 

Number of 

Pharmacies 

Pharmacy Types, n (%) Pharmacy-to-population  

ratio (n/10,000 residents) 

Illinois 12,821,497 55,514 231.0 2007 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

1432 (71.4) 

407 (20.3) 

99 (4.9) 

69 (3.4) 

1.56 

Chicago Metro 

Area 

8,561,541 5,342.3 1,602.6 1268 

 

 

Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

960 (75.7) 

190(15.0) 

64 (5.0) 

54 (4.3) 

1.54 

Cook 5,223,719 944.9 5,528.3 787 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

554 (70.4) 

137 (17.4) 

56 (7.1) 

40 (5.1) 

1.51 

Dupage 931,743 327.7 2,843.3 146 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

120 (82.2) 

18 (12.3) 

3 (2.1) 

5 (3.4) 

1.57 

Grundy 50,509 418.1 120.8 6 

 

Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

6 (100) 

-- 

-- 

-- 

1.19 

Kane 530,839 524.0 1013.1 70 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

52 (74.3) 

13 (18.6) 

2 (2.9) 

3 (4.3) 

1.32 

Kendall 124,626 320.3 389.1 19 Chain 

Independent 

Clinic Outpatient 

19 (100) 

-- 

-- 

1.52 
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Hospital Outpatient -- 

Lake 703,619 1368.0 514.3 107 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

95 (88.8) 

9 (8.4) 

1 (0.9) 

2 (1.9) 

1.52 

McHenry 307,789 603.4 510.1 41 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

38 (92.7) 

1 (2.4) 

1 (2.4) 

1 (2.4) 

1.33 

Will 688,697 835.9 823.9 92 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

77 (83.7) 

11 (11.9) 

1 (1.1) 

3 (3.3) 

1.34 



 
146 

 

  
Figure 9 Distribution of pharmacies by pharmacy type 
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Illinois Population Demographics 

 Based on  2014-2018 American Community Survey 5-year estimates, there were 12.8 

million people residing in the state of Illinois and 8.6 million people residing in the Chicago 

Metropolitan Area (e.g., Cook, Dupage, Grundy, Kane, Kendall, Lake, McHenry, and Will 

Counties). Cook County, where the city of Chicago is located, represents the majority of that 

population with 5.2 million residents. Table 5 shows population estimates for the study area, 

categorized by county. The city of Chicago is further divided into 77 communities grouped by 

directional divisions (North, South, West, and Central). Figure 10 outlines these grouped 

divisions.  

 Across counties within the study area median household income ranged from $62,000 to 

$92,000 where residents of Cook County had the lowest median income (p <0.0001). More 

families had incomes below the poverty level (11.4%) relative to the larger metropolitan area 

(9.4%) and the state (9.4%). There was higher unemployment (7.8%), a higher percent of 

households receiving public assistance (15.9%), and a higher percentage of the population that is 

uninsured (9.5%).  Relative to all other counties in the study area, Cook County had a higher 

Gini Index (p<0.0001) and more non-white census tracts (p<0.0001). The unemployment rate for 

non-white census tracts within Cook County was significantly higher compared to white census 

tracts (12.9% vs. 4.4 %, p <0.0001).
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Table 5 Selected Population Characteristics of the Chicago Metropolitan Area from the American Community Survey (2014-2018) by County 

 

 

Geographic Region 

 

Illinois State 
Chicago 

Metro Area 
Cook County 

Dupage 

County 

Grundy 

County 

Kane 

County 

Kendall 

County 

Lake 

County 

McHenry 

County 
Will County 

Total Population (n) 12,821,497 7,327,083 5,223,719 931,743 50,509 530,839 124,626 703,619 307789 688,697 

Socioeconomic Position 

Median Household 

Income ($) 
63,575 68,444  62,088 88,711 74,140  64,958 91,764  89,715 84,803  83,504  

Families with 

income below 

poverty level in 

prior 12 months (%) 

9.4  9.4  11.4 4.8  6.9  5.7 3.5  4.0 5.1 5.4  

Unemployment rate 

(%) 
6.6  6.9  7.8  4.5  5.1  5.1 4.9  5.0 4.4  5.2  

Households 

Receiving Cash 

Public Assistance or 

Food Stamps/SNAP 

(%) 

13.7  13.7  15.9  6.6  11.0  11.4 8.3  5.4 7.5  10.0  

Gini Index 0.4816  0.4870  0.5069  0.4530 0.3925 0.3933 0.3577  0.4100 0.4062  0.4111  

Social Class 

Households with 

Single Female 

Household with own 

children under 18 

years (%) 

6.5  6.4  6.9  4.5  4.8  6.1 6.2  5.15 5.1  6.1  

16 years and older 

not in the labor 

force (%) 

34.7  33.1  34  30.9  32.4  30.3 26.9  30.7 29.7  31.1  

Occupied Housing 

Units with No 

Telephone (%) 

2.2  2.1  2.4  1.3  1.5  1.5 1.2  1.2 1.3  1.4  

Occupied Housing 

Units with No 

Computer (%) 

11.7  10.8  12.4 7.1  9.1 8.2 4.7 5.8 5.8  6.9  

Households with 

Single Parent (%) 
8.6 8.3 8.8 5.9 7.7  7.9 8.7  6.4 7.2  8.0  

Population Over 25 

Less Than High 

School Graduate 

(%) 

11.1 11.8  13.3 7.4  7.0  13.0 7.9  4.7 7.2  9.1 

Race/Ethnicity 

Population that is 

Non White (%) 
 49.9  57.5  32.7  13.5  44.9 29.7 30.4 18.5 35.8 

Vulnerability 
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Households with 

Person Over 65 (%) 
27.7  26.5  26.7  27.1  24.2  22.6 19.6  25.1 26.0  25.1  

Households with 

Person Under 18 

(%) 

31.0  31.2  29.4  32.9  36.8  40.6 44.2  37.4 36.5  39.3  

Households 

Receiving SSI, cash 

assistance, Food 

Stamps/SNAP With 

Children Under 18 

(%) 

26.5  26.8  31.9  13.3  17.5  20.5 16.0  8.3 14.0  17.9  

Households 

Receiving SNAP 

with Disabled 

Person (%) 

5.3  5.0  5.8  2.3  2.9 4.1 3.4  2.0 2.9 3.3  

Families whose 

income in the past 

12 months is below 

the poverty level 

with related 

children of the 

householder under 

18 years (%) 

14.8  14.3  17.4  7.2 9.4  9.1 5.0 
5.1 

 
8.4  8.0 

Population 

Uninsured 

(%) 

7.3  8.4 9.5  5.9  4.2 8.2 4.4 4.9 5.4 5.6  

Population With 

Disability (%) 
10.9  9.7  10.2 8.2  9.4  8.3 7.7 8.9 9.4  8.8  

Population Civilian 

Veteran (%) 
6.0  4.5  4.1  4.7 8.1  5.2 6.2 5.6 6.5  5.9  

Culture 

Median Age (years) 37.9  37.1  36.6  39.1  37.6  36.4 34.9  40.0 40.2  37.6  

Population 

Immigrant, U.S. 

Citizen (%) 

7.0  9.9  10.5  11.0  2.5  18.5 5.4 14.6 5.4  6.7 

Population Non-

Citizen (%) 
7.0  9.3  10.5  8.0  1.2  8.1 4.0 6.2 4.2  5.4  

Population with 

School Enrollment 

(K-12) (%) 

65.8  65.6  64 65.8  72  93.0 74.1  94.0 72.3  71.2 

Households with 

Limited English 

(Speak English less 

than “very well”) 

(%) 

8.7  12.1  13.9  9.1  2.1  10.7 5.6  5.9 5.1 7.5  

Population Not 

Married (%) 
35.1  38.3  41.6  30.1 26.3  50.0 28.8  45.3 27.4 31.5  
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25

 Total Crime Index represents relative crime (personal and property) in the United States where 100 = average crime, > 100 = higher crime, and < 100 = lower crime 

26 Eviction Rates are based on formal eviction records. Eviction rates not reported for McHenry County in 2018. 

Crime Index25 85 -- 109 51 58 72.2 42 52.9 47 55 

Residential Stability 

Renter-occupied 

housing units (%) 
34  37.6  43.1  26.8  28.9 29.0 17  22.3 20.7  19  

Occupied Housing 

Units with more 

than one person per 

room (%) 

2.5  3.0  3.4  2.3 1.3  3.2 1.9  
1.3 

 
1.5  1.8  

Vacant Housing (%) 9.7  9.0  10.3 4.9  6.6  5.1 3.1  6.3 5.3  6.1 

Median Home Value 

of owner occupied 

units ($) 

187,200  242, 500  237,200  299,000 191,300 193,400 224,200  231,40 219,600 224,800 

Occupied Rental 

Units where Gross 

Rent 35 percent or 

more of household 

income (%) 

40.1 41.2 41.6 37.9 26.8 39.0 36.1  37.2 38.2 43.6 

Occupied Units 

where Owner Costs 

35 percent or more 

of income 

21.7 25.2 27.5 21.5 15.5 23.9 20.4 22.7 20.5 21.5 

Percent Eviction 

Rate26 1.58 -- 1.22 1.62 1.70 1.1 2.62 1.7 -- 3.97 

Transportation/Mobility 

Workers Commute 

by Car Alone (%) 
73.1 67.2  61.4 76.9 88.6 80.0 83.8  78.3 82.4  83.9  

Occupied Housing 

Units with no 

vehicle (%) 

10.8  13.9  17.7  4.1  3.8  3.8 2.0  3.1 3.6 3.7  

Workers Carpooling 

(%) 
7.9  7.6  8.0 6.9  5.9  9.3 7.1  6.8 6.7  6.0 

Workers 

Biking/Walking (%) 

 

Walked 

Biked 

 

 

3.0  

0.6  

 

 

3.4  

0.8 

 

 

4.3  

1.1  

 

 

1.6 

0.3  

 

 

0.6 

0.1  

 

 

0.95 

0.0 

 

 

0.7 

0.0 

‘ 

 

0.7 

0.0 

 

 

0.8 

0.2 

 

 

0.8 

0.1  

Workers Using 

Public Transit (%) 
9.4  14.8  19  7.1  0.8  2.1 2.8  3.9 2.7  3.8 
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Non-spatial factors varied significantly between white and non-white census tracts. A higher 

percentage of residents from non-white census tracts were uninsured, received public assistance, 

lived below the poverty level, and were unemployed (p<0.0001). More residents from non-white 

census tracts were immigrants, non-citizens, and had limited English language ability. A higher 

percentage of households had no phone, no computer, and no vehicle. Additionally, a higher 

percentage of the population in non-white census tracts were not high school graduates, not in 

the labor force, and were living in more crowded homes. The eviction rates, the crime index, and 

costs of living were also higher. Within white census tracts, school enrollment, median home 

 Figure 10 Chicago Community Area by Division 
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values, and median incomes were higher (p<0.0001). The median age was also higher with a 

higher number of households with residents over the age of 65.  

 Primary transportation methods differed between white and non-white census tracts with 

more residents from non-white census tracts using public transportation or carpools to commute 

to work (p<0.0001). The majority of residents from white census tracts drove to work alone. 

Walkability was significantly higher in non-white census tracts and more residents walked to 

work (p<0.0001). There was no difference in the percentage of the population that biked to work 

or used other transportation methods. Overall, non-spatial variables had a non-uniform 

distribution across census tracts between white and non-white census tracts. Across the entire 

study area, census tracts who had community pharmacies within them and whose racial 

composition majority non-white had a 2.72 median pharmacy-to-resident ratio. Nonwhite census 

tracts had significantly less community pharmacies relative to white census tracts (0.5 vs. 0.76, 

p<0.0001) and the mean pharmacy-to-resident ratio was significantly lower (1.36 vs. 1.70, 

p<0.001). 

 Within the city of Chicago, the distribution of pharmacies varied by census tracts and 

community areas. Central and Northern neighborhoods had more pharmacies than West or 

Southern community areas (44.3% vs. 37.2%). The west side of Chicago, an area where 83% of 

the census tracts were predominantly or majority non-white, had 48 of the 446 (10.8%) 

pharmacies in the Chicago community area. The south side of Chicago, an area where 96% of 

the census tracts are non-white, had 35 pharmacies (7.8%). Nonwhite census tracts were 

concentrated on the south and west sides of Chicago in areas that have lower walkability scores 

and higher crime indices (p<0.0001). The majority of these areas are also designated Health 
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Professions Shortage Areas (HPSA) and Medically Underserved Areas (MUA) according to 

Health Resources and Services Administration (HRSA). Figure 11 and Figure 12 show a 

geospatial representation of Health Professions Shortage Areas and Medically Underserved areas 

relative to white and non-white Census Tracts. Non-white and low-income census tracts were 

disproportionally within these areas. Non-white census tracts had less community pharmacies 

relative to white census tracts and the mean pharmacy-to-resident ratio was significantly lower 

(1.36 vs. 2.1, p<0.0001)
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Figure 11 Non-white and low-income census tracts, Chicago Metro Area Figure 12 Non-white census tracts relative to medically underserved areas and health 

professions shortage areas, Chicago Metro Area 
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Illinois Accessibility Scores 

Accessibility scores and Spatial Access Ratios (SPARs) were derived for different thresholds of 

each travel mode. Based on data distributions for access thresholds, 0.5-, 1-, and 2 mile distances 

were selected to construct separate distance-based pharmacy access models. For walking and 

driving modes pharmacy access models were derived for 5 minute, 10 minute, 15 minute, and 20 

minute thresholds. Pharmacy access based on distance and travel times were also modeled in 

ArcGIS to illustrate access to pharmacies by census tract. In the analysis of travel times, the 10-

minute walk SPARs corresponded to the half-mile distance threshold and the 20-minute walk 

SPARs corresponded to the one mile distance threshold. That is, the 10-minute walk access 

thresholds were the same as that of the half-mile access thresholds and the 20-minute walk 

thresholds were the same as the mile access thresholds. For driving, analyses revealed no 

difference between 20 minute and 30 minute drive times (i.e., no change in quantitative 

accessibility thresholds). 

Distance  

Across all census tracts within the larger Chicago Metro Area, the median minimum distance in 

miles to a pharmacy was 0.7 miles (mean = 0.8 miles). Nonwhite census tracts had a lower 

minimum median distance to a pharmacy versus white census tracts (0.67 vs. 1.0, p<0.0001). 

However, within Chicago city limits, nonwhite census tracts had a higher median minimum 

distance to a pharmacy compared to white census tracts (0.46 vs. 0.33, p<0.0001). Across all 

tracts within Chicago city limits, the median distance to a pharmacy was 0.42 miles (range: 1.89) 

with a mean of 0.49 miles (SD: 0.3). Analysis of the number of pharmacies by distance threshold 

revealed that, across the Chicago Metro Area, nonwhite census tracts had access to fewer 
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pharmacy choices within a half mile relative to white census tracts but had access to more 

pharmacy choices within one mile (p<0.0001). Within a half mile driving distance, 30.3% of 

nonwhite census tracts did not have access to a pharmacy versus 8.9% of white census tracts 

(p<0.0001). Within a mile, 9.2% of nonwhite census tracts did not have access to a pharmacy 

while 19.6% of white census tracts did not have access to a pharmacy. More white census tracts 

had low pharmacy access compared to nonwhite census tracts (p=0.02). Importantly, 22 white 

census tracts had access to 20 or more pharmacies within a mile while only one nonwhite census 

tract had access to over 20 pharmacies (n=26). At two miles, more nonwhite census tracts had 

low pharmacy access relative to white census tracts (p<0.0001). 

 Distance access thresholds by natural breaks in the data are shown in Table 6. The 

Enhanced 2-Step Floating Catchment (E2SFCA) spatial analysis results revealed that  across all 

distance thresholds, at least one census tract did not have access to a community pharmacy. 

Additionally, at one quarter mile and one-half mile travel distance by roadway, the majority of 

census tracts did not have access to community pharmacy. Travel distances beyond one-half mile 

showed that, on average, residents had to travel at least one mile to reach a community 

pharmacy. With the expansion of each distance threshold, the distribution of pharmacies at the 

census tract level became more uniform. At 1 mile, most census tract population centers could 

reach at least one pharmacy and there was a median of two choices of pharmacies at this travel 

distance. There were marginal differences in the average minimum distance to a pharmacy 

beyond 1.5 miles. 
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 Distance Thresholds 
 

0.25 miles 0.5 miles 1 mile 1.5 miles 2 miles 

Pharmacy Access Levels 

Accessibility Scores 
     

Low <0.805 <0.126 <0.119 <1.269 <0.127 

Medium 0.805-3.258 0.126-0.518 0.119-0.393 1.269-3.455 0.127-0.295 

High >3.258 >0.518 >0.393 >3.455 >0.295 

Spatial Access Ratios 
     

Low <3.483 <1.627 <0.903 <0.876 < 0.847 

Medium 3.483-14.093 1.627-6.718 0.903-2.996 0.876-2.39 0.847-1.986 

High >14.093 >6.718 >2.996 >2.39 >1.986 

Mean distance (SE) 0.231(0.017) 0.771 (0.035) 1.313 (0.0356) 1.448 (0.030) 1.484 (0.025) 

Median distance (SD) 0 (0.758) 0 (1.573) 0.997 (1.584) 1.232 (1.325) 1.338 (1.115) 

Range 7.893 21.325 12.507 10.432 9.817 

 

 Accessibility scores were significantly different between white and non-white census tracts 

for the 0.5-, 1.5-, and 2-mile travel distances for the Chicago Metro Area. Non-white tracts had 

higher accessibility scores for half-mile distance (0.805 vs. 0.741, p<0.0001) but had lower 

accessibility scores compared to white census tracts at a 1.5-mile travel distance (1.29 vs. 1.59, 

p<0.001) and a 2-mile travel distance (1.30 vs. 1.65, p<0.0001). There was no difference 

between nonwhite and white tracts at 0.25 miles (0.23 vs. 0.23, p =0.808) and 1 mile (1.25 vs. 

1.37, p = 0.154).   When limited to the city of Chicago only, accessibility scores remained 

significantly different between white and non-white census tracts at 0.5-mile, 1.5-mile, and 2-

miles (p<0.001).  The difference in accessibility scores at 1.5 miles (1.29 vs. 1.651) and 2 miles 

(1.20 vs. 1.68) was more pronounced relative to the larger Chicago Metro Area. 

Table 6 Pharmacy access levels descriptive statistics of pharmacy accessibility scores and spatial access ratios 
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Figure 14 Pharmacy Access Levels by Racial Composition for Quarter-Mile Travel 

Distance, Chicago Metro Area 

Figure 13 Pharmacy Spatial Access Ratios for Quarter-Mile Travel Distance, Chicago 

Metro Area 
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Figure 16 Pharmacy Access Levels by Racial Composition for Half-Mile Travel Distance, 

Chicago Metro Area 

Figure 15 Pharmacy Spatial Access Ratios for Half-Mile Travel Distance, 

Chicago Metro Area 
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Figure 17 Pharmacy Access Levels by Racial Composition for One-Mile Travel Distance, 

Chicago Metro Area 

Figure 18 Pharmacy Spatial Access ratios for One Mile Travel Distance, Chicago 

Metro Area 
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Figure 20 Pharmacy Access Levels by Racial Composition for One and One-Half Mile Travel 

Distance, Chicago Metro Area 

Figure 19 Pharmacy Spatial Access Ratios for One and One Half Mile Travel Distance, Chicago 

Metro Area 
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Figure 22 Pharmacy Access Levels by Racial Composition for Two-Mile Travel Distance, 

Chicago Metro Area 
Figure 21 Pharmacy Spatial Access Ratios for One and Two-Mile Travel Distance, Chicago 

Metro Area 
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Walk Time  

 Of 1986 census tracts, only 1976 were able to be mapped via road network. Across all 

census tracts, average minimum walk time to a pharmacy was 17.2 minutes (SE = 0.37) and 

median minimum walk time was 13.2 minutes (SD = 16.3). Most census tracts had low 

pharmacy access and most population centers within 5- and 10-minute walk times did not have 

access to a community pharmacy. Census tracts with high pharmacy access were concentrated in 

central Chicago community areas and some suburban areas. Within the city of Chicago, median 

minimum walk times to a pharmacy were shorter (median: 8.5 minutes; mean: 9.6 minutes). 

While most census tracts in Chicago did not have access to a pharmacy within a 5-minute walk, 

60% of census tracts had at least one pharmacy within a 10-minute walk time. At 20-minutes, 

population centers in Chicago had an average of 5 community pharmacies within walking 

distance and, when expanded to a 30-minute walking distance, population centers had access to 

an average of 11 community pharmacies. 

 Walk Time Thresholds 
 

5 minutes 10 minutes 15 minutes 20 minutes 30 minutes 

Pharmacy Access Levels 

Accessibility Scores 
     

Low <0.082 <0.126 <1.14 <0.118 <0.128 

Medium 0.082-0.326 0.126-0.518 1.14-4.05 0.118-0.393 0.128-0.345 

High >0.326 >0.518 >4.05 >0.393 >0.345 

Spatial Access Ratios 
     

Low <3.484 <1.629 <1.022 <0.903 <0.878 

Medium 3.484-14.093 1.629-6.728 1.022-3.671 0.903-2.996 0.878-2.386 

High >14.093 >6.728 >3.671 >2.996 >2.386 

Mean (SE) 0.023 (0.002) 0.077 (0.004) 1.104 (0.037) 0.131 (0.004) 0.145 (0.003) 

Median (SD) 0 (0.076) 0 (0.157) 0.416 (1.647) 0.099 (0.159) 0.123 (0.133) 

Range 0.789 2.133 16.592 1.251 1.043 

Table 7 Pharmacy Accessibility Scores by Walk Time, Chicago Metro Area 
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 There were significant differences in pharmacy access based on walk time between white 

and non-white census tracts across the Chicago Metro Area. White census tracts had a higher 

median minimum walk time to a community pharmacy (20 minutes vs. 13 minutes, p<0.001). 

There were no differences in average walk times to a pharmacy based on racial composition 

except at 10-minute and 15-minute walk thresholds. Residents from non-white census tracts had 

longer median walk times to a pharmacy (8 minutes vs. 10 minutes, p = 0.008) and more non-

white census tracts did not have access to a community pharmacy compared to white census 

tracts (45% vs. 28.6%, p<0.001). Differences in Pharmacy Accessibility Scores and Spatial 

Access Ratios are shown in Figure 23 and Figure 24. Non-white census tracts had significantly 

lower mean accessibility scores for 30-minute walk times (p<0.001). Non-white census tracts 

had significantly higher accessibility scores at 10-minute and 15-minute walk times (p<0.001). 

There were no differences in accessibility scores at 5-minute or 20-minute walk times.  

Figure 23 Average Walk Time Accessibility Scores by Census tract Racial Composition for Chicago Metro Area 
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 Within the Chicago Urban Area, there were significant differences in pharmacy 

accessibility scores between white and non-white census tracts at 10-minute, 15-minute, and 30-

minute walk times. The mean pharmacy accessibility score for non-white census tracts was 

higher at a 10-minute walk time (p<0.001) but lower at 15-minutes (p=0.002) and 30-minute 

(p<0.001). The proportion of non-white census tracts that were in high pharmacy access areas 

was significantly lower at 15-minute, 20-minute, and 30-minute walk times. At a 30-minute walk 

time, there were more non-white census tracts in low pharmacy access areas (56.5% vs. 45.1%, 

p<0.001).  

Figure 24 Average Walk Time Spatial Access Ratios by Census Tract Racial Composition for Chicago Metro 

Area 
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 White Non-White p-value 

Pharmacy Accessibility Scores, mean (SE) 

5-minute 0.024 (0.003) 0.023 (0.002) 0.613 

10-minutes 0.077 (0.005) 0.082 (0.005) <0.001 

15-minutes 1.138 (0.055) 1.119 (0.051) 0.002 

20-minutes 0.141 (0.006) 0.126 (0.005) 0.326 

30-minutes 0.162 (0.005) 0.130 (0.004) <0.001 

Pharmacy Access Categories, n(%) 

5
 m

in
 Low 888 (89.4) 810 (87.9) N.S. 

Medium 91 (9.2) 103 (11.2) N.S. 

High 14 (1.4) 9 (1.0) N.S. 

1
0
 

m
in

 

Low 757 (76.2) 702 (76.1) N.S. 

Medium 215 (21.7) 199 (21.6) N.S. 

High 21 (2.1) 21 (2.3) N.S. 

1
5
 

m
in

 

Low 627 (63.1) 556 (60.3) N.S. 

Medium 301 (30.3) 326 (35.4) 0.005 

High 65 (6.5) 40 (4.3) 0.005 

2
0
 

m
in

 

Low 536 (54.0) 515 (55.9) N.S. 

Medium 379 (38.2) 367 (39.8) N.S. 

High 78 (7.9) 40 (4.3) 0.006 

3
0
 

m
in

 

Low 448 (45.1) 521 (56.5) <0.001 

Medium 453 (45.6) 364 (39.5) <0.001 

High 92 (9.3) 37 (4.0) <0.001 

N.S. = Not Significant 

  Within the urban community areas of Chicago (i.e., Chicago city limits), pharmacy access 

metrics remained significantly different between white (n=256) and non-white census tracts 

(n=560). Residents from non-white census tracts walked a minimum of 10 minutes while 

residents in white census tracts walked 7.5 minutes to reach a community pharmacy (p<0.001). 

Residents within a 5- or 10-minute walk time to a pharmacy could travel less than 5-minutes to 

reach a community pharmacy. Across all walk time thresholds, average walk times to a 

pharmacy were marginally different between groups (mean difference <1). The number of 

pharmacies accessible at each walk time threshold were significantly different between census 

tract racial composition at 10-, 15-, 20-, and 30-minutes. Residents from non-white census tracts 

Table 8 Pharmacy Access Categories and Accessibility Scores by Racial Composition for Chicago Urban Area (Walk Times) 
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had fewer pharmacy choices with the greatest disparity at a 30-minute walk time (9 pharmacies 

vs. 18 pharmacies, p<0.001). 

 Pharmacy accessibility scores also varied by racial composition. Non-white census tracts 

had lower accessibility scores at 10-minutes (0.046 vs. 0.130 p<0.001), 15-minutes (1.00 vs.1.78, 

p<0.001), and 30-minutes (0.118 vs. 0.173, p<0.001). Pharmacy access levels and Spatial Access 

Ratios are mapped in Figures 25-34.
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Figure 26 Pharmacy Spatial Access Ratios for 5-minute Walk Time, Chicago Metro Area Figure 25 Pharmacy Access Levels by Racial Composition for 5-minute Walk Time, Chicago 

Metro Area 
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Figure 27 Pharmacy Spatial Access Ratios for 10-minute Walk Time, Chicago Metro Area 
Figure 28 Pharmacy Access Levels by Racial Composition for 10-minute Walk Time, Chicago 

Metro Area 
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Figure 29 Pharmacy Spatial Access Ratios for 15-minute Walk Time, Chicago Metro Area 
Figure 30 Pharmacy Access Levels by Racial Composition for 15-minute Walk Time, Chicago 

Metro Area 
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Figure 31 Pharmacy Spatial Access Ratios for 20-minute Walk Time, Chicago Metro Area Figure 32 Pharmacy Access Levels by Racial Composition for 20-minute Walk Time, Chicago 

Metro Area 
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Figure 34 Pharmacy Spatial Access Ratios for 30-minute Walk Time, Chicago Metro Area 
Figure 33 Pharmacy Access Levels by Racial Composition for 30-minute Walk Time, Chicago 

Metro Area 
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Drive Time 

 Pharmacy access analyses by drive time showed a non-uniform distribution of community 

pharmacies across census tracts with highest pharmacy access concentrated in central and north 

sides of Chicago. Most census tracts had medium pharmacy access with the central part of 

Chicago and several localized suburban areas having the highest access. Within the 5-minute 

drive threshold, 41.8% of all census tracts had low pharmacy access and 11.8% had high 

pharmacy access. The median minimum drive time to a pharmacy was 1.5 minutes and there was 

a median of 12 pharmacies within access of a 5-minute drive. When averaged across all census 

tracts, most residents could travel approximately 3 minutes by car to reach a pharmacy. Of 

census tracts population centers within a 10-minute drive to a community pharmacy, most 

residents could travel between 6 and 7 minutes and reach a pharmacy, with a median of 55 

pharmacy choices. On average, residents that made a 10-minute drive could reach 78 

pharmacies. Within a 10-minute driving threshold, 20.6% of census tracts had high pharmacy 

access and 29.6% of census tracts had low pharmacy access. Almost half of the census tracts had 

medium access to a pharmacy (49.8%). Similar to the 5- and 10-minute drive time analyses, the 

10-minute drive time analysis revealed a non-uniform distribution of pharmacies and a more 

pronounced concentration of high pharmacy access in central and northern regions of the 

Chicago urban community areas, though most census tracts had at least medium pharmacy 

access (51.3%). The number of census tracts with high and low pharmacy access were similar 

(25.2% and 23.5%, respectively). At a 20-minute drive threshold, only 10.7% of census tracts 

were considered to have low pharmacy access. This finding did not change at the 30-minute 

drive threshold (10.5%). Residents could reach, on average, 280 pharmacies within a 20-minute 
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drive with a median drive time of approximately 13 minutes. Although the number of 

pharmacies within reach increased with the 30-minute drive threshold, normalized accessibility 

thresholds were the same. That is, the supply to demand ratio at the census tract level did not 

change and most census tracts had at least medium access to a pharmacy. Pharmacy 

Accessibility Scores and Spatial Access Ratios are shown in Table 8. 

 Drive Time Thresholds 
 

5 minutes 10 minutes 15 minutes 20 minutes 30 minutes 

Pharmacy Access Levels 

Accessibility Scores 
     

Low <1.274 <1.254 <1.269 <1.164 <1.157 

Medium 1.274-2.429 1.254-1.860 1.269-1.738 1.164-1.667 1.157-1.667 

High >2.429 >1.860 >1.738 >1.667 >1.667 

Spatial Access Ratios 
     

Low <1.257 <0.833 <0.838 <0.758 <0.757 

Medium 1.257-2.396 0.833-1.240 0.838-1.151 0.758-1.096 0.757-1.099 

High >2.396 >1.240 >1.151 >1.096 >1.099 

Mean Accessibility Scores 

(SE) 

1.492 (0.019) 1.502 (0.011) 1.509 (0.009) 1.512 (0.008) 1.517 (0.008) 

Median Accessibility Scores 

(SD) 

1.404 (0.824) 1.500 (0.483) 1.510 (0.3379) 1.504 (0.346) 1.519 (0.335) 

Range 6.071 3.293 2.500 2.388 2.235 

 

 Drive time pharmacy access by racial composition revealed significant differences between 

white and non-white census tracts. Across the larger Chicago Metro Area, residents from white 

census tracts had a longer minimum drive to a pharmacy compared to residents from non-white 

census tracts (1.7 minutes vs. 1.3 minutes). Non-white census tracts also had access to a higher 

number of pharmacies within all drive time thresholds (p<0.001). However, when considering 

the number of pharmacies relative to the population, results revealed that white census tracts had 

Table 9 Pharmacy Accessibility Scores by Drive Time, Chicago Metro Area 
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higher pharmacy access compared to non-white census tracts. Non-white census tracts had more 

census tracts with low pharmacy access compared to white census tracts (25% vs. 17%, p<0.001) 

and white census tracts had more census tracts with high pharmacy access (8.4% vs. 3.3%, 

p<0.001). Most white census tracts (27.5%) had at least medium access to a pharmacy. On 

average, residents from non-white census tracts also had to travel farther to reach a pharmacy 

(p<0.001) and had fewer choices of pharmacies (p<0.001).  Within a 5-minute drive, differences 

in pharmacy accessibility scores between white and non-white census tracts was statistically 

significant (1.38 vs. 1.61, p<0.001). Similarly, the 10-minute drive analysis demonstrated a 

statistically significant difference between white and non-white census tracts in the number of 

census tracts with low pharmacy access (11.0% vs 18.6%, p<0.001) and high pharmacy access 

(15.9% vs. 4.7%, p<0.001). The majority of both white and non-white census tracts had medium 

pharmacy access (49.4% and 50.2%, respectively). Of 588 low pharmacy access census tracts 

within a 10-minute drive to a pharmacy, most (63.1%) were non-white. Results at 15-minute and 

20-minute drives were similar where more non-white census tracts had lower pharmacy access 

relative to white census tracts (p<0.001). At a 30-minute drive time, more non-white census 

tracts had higher pharmacy access (32.5% vs 27.6%) and the percentage of census tracts with 

low pharmacy access were the same between racial compositions (10.5%).  

 Accessibility scores were significantly different between white and non-white census tracts 

in the Chicago Metro Area. Non-white census tracts had lower accessibility scores across all 

driving times, except for the 30-minute drive time in which they had higher accessibility scores 

(p<0.001). Mean accessibility scores and spatial access ratios are shown in Figure 35 and Figure 

36, respectively.  
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Figure 35 Average Drive Time Spatial Access Ratios by Census Tract Racial Composition for Chicago Metro 

Area 

Figure 36 Average Drive Time Accessibility Scores by Census tract Racial Composition for Chicago Metro Area 
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 Limited to Chicago’s Urban Area, differences in accessibility scores was even more 

pronounced. Similar to the larger metropolitan area, non-white census tracts had significantly 

lower accessibility scores across all census tracts except for the 30-minute drive time (Table 9). 

Among non-white census tracts, accessibility scores increased as drive times increased whereas 

among white census tracts, accessibility scores decreased as drive times decreased. Differences 

across all pharmacy access categories (e.g., low, medium, high) were significant between white 

and non-white census tracts at 5-minutes (p<0.05). For the 10-minute, 15-minute, and 20-minute 

drive, differences were significantly different between white and non-white census tracts at the 

low and high pharmacy access categories (p<0.05). At 30-minutes, differences were significant 

for the low and medium access categories. There were significantly more non-white census tracts 

that had low pharmacy access and significantly less non-white census tracts that had high 

pharmacy access. At a 30-minute drive, more non-white census tracts had low pharmacy access 

but there was no difference in the number of census tracts with high access to a pharmacy. 

 White Non-White p-value 

Pharmacy Accessibility Scores, mean (SE)  

5-minute 1.684 (0.029) 1.320 (0.029) <0.001 

10-minutes 1.645 (0.016) 1.392 (0.016) <0.001 

15-minutes 1.593 (0.118) 1.458 (0.012) <0.001 

20-minutes 1.564 (0.010) 1.500 (0.010) <0.001 

30-minutes 1.541 (0.010) 1.545 (0.010) N.S. 

Pharmacy Access Categories, n(%)  

5
 m

in
 Low 304 (30.6) 482 (52.3) p<0.001 

Medium 528 (53.2) 374 (40.6) p<0.001 

High 160 (16.2) 66 (7.2) p<0.001 

1
0
 

m
in

 

Low 188 (19) 361 (39.2) p<0.001 

Medium 494 (50) 467 (50.7) N.S. 

High 310 (31) 94 (10.2) p<0.001 

1 5
 

m i n
 

Low 153 (15.4) 266 (28.9) p<0.001 

Table 10 Pharmacy Access Categories and Accessibility Scores by Racial Composition for Chicago (Drive Times) 
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Medium 513 (51.7) 483 (52.4) N.S. 

High 326 (32.9) 173 (18.8) p<0.001 

2
0
 

m
in

 

Low 64 (6.5) 104 (11.3) p<0.001 

Medium 556 (56) 552 (59.9) N.S. 

High 372 (37.5) 266 (28.9) p<0.001 

3
0
 

m
in

 

Low 60 (6.1) 90 (9.8) p = 0.001 

Medium 641 (64.6) 529 (57.4) p = 0.001 

High 291 (29.3) 303 (32.9) N.S. 

 N.S = Not significant 

Figures 38-46 show relative pharmacy access by racial composition across drive time thresholds 

and corresponding Spatial Access Ratios (SPARs)
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Figure 37 Pharmacy Spatial Access Ratios for 5-minute Drive Time, Chicago Metro Area 
Figure 38 Pharmacy Access Levels by Racial Composition for 5-minute Drive Time, Chicago 

Metro Area 
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Figure 39 Pharmacy Spatial Access Ratios for 10-minute Drive Time, Chicago Metro Area Figure 40 Pharmacy Access Levels by Racial Composition for 10-minute Drive Time, Chicago 

Metro Area 
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Figure 41 Pharmacy Spatial Access ratios for 15-minute Drive Time, Chicago Metro Area Figure 42 Pharmacy Access Levels by Racial Composition for 15-minute Drive Time, Chicago 

Metro Area 
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Figure 43 Pharmacy Spatial Access Ratios for 20-minute Drive Time, Chicago Metro Area 
Figure 44 Pharmacy Access Levels by Racial Composition for 20-minute Drive Time, Chicago 

Metro Area 
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Figure 45 Pharmacy Spatial Access Ratios for 30-minute Drive Time, Chicago Metro Area 
Figure 46 Pharmacy Access Levels by Racial Composition for 30-minute Drive Time, Chicago 

Metro Area 
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Illinois Accessibility Score Summary  

Accessibility scores varied by census tract racial composition across distance and travel mode. 

There were significant differences between white and non-white census tracts throughout the 

Chicago Metro Area and within the Chicago urban communities. Residents from non-white 

census tracts had lower accessibility scores, longer travel distances, and longer travel times. 

Based on these differences between white and non-white census tracts, for Specific Aim #1, the 

null hypothesis for Hypothesis 1.4 was rejected. 

Hypothesis 1.4: Pharmacy accessibility scores will be lower in census tracts that contain 

predominantly ethnic/racial minority populations 

 

H0: Ai
F

(x) = Ai
F

(y) 

Ha: Ai
F

(x) < Ai
F

(y) 

 

where Ai
F

(x) represents the pharmacy accessibility scores in an ethnic/racial dominant census 

tract and Ai
F

(y) represents the pharmacy accessibility scores in an ethnic/racial non-dominant 

census tract. 

 

 

4.3.2 Illinois Pharmacy Access Models 

In examination of normality and collinearity, several variables were significantly correlated, and 

some were removed to optimize discriminant analysis. Variables included in multiple 

discriminant analysis are shown in Table 11. Variables were normalized using fractional ranks as 

described in Conover & Iman.386, 387  
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Domain Variable 

Socioeconomic 

Position 

% of households receiving public assistance income or food stamps/snap in 

the past 12 months 

 Unemployment Rate 

 Median Household Income 

 Gini Index 

Social Class % of total households with no computer 

 % of population 25 years and over that is less than high school graduate 

 % of occupied housing units with no telephone service available 

 % of households with single parent of children < 18 years old 

Race/Ethnicity % of population that is non-white 

 Segregation Index 

Vulnerability % of total households with one or more people 65 years and over 

 % of total households with one or more people < 18 years 

 % of total Civilian Non-institutionalized Population with a disability 

 % of civilian noninstitutionalized population with no health insurance 

 % of civilian population 18 years and over that are veterans 

Culture Median Age 

 % of population 3 years and over enrolled in Kindergarten to 12th grade 

 % of population 15 years and over that are not married 

 % of population that is not a U.S. born citizen 

 Crime Index 

Residential Stability % of occupied housing units that are renter-occupied 

 % of occupied housing units with more than one occupant per room 

 % of total housing units that are vacant 

 Home Value 

 % of occupied housing units paying rent where gross rent in 35% or more of 

household income 

 Eviction Rate 

Transportation Walk Index 

 % of workers 16 years and over commuting to work who walked to work 

 % of occupied housing units with no vehicle available 

 % of workers 16 years and over commuting to work using public 

transportation (excluding taxicab) 
 

Distance 

Half Mile Distance 

Variables that significantly differentiated between pharmacy access levels in the half-mile 

distance model were: Walk Index, households with children, commuters who walked to work or 

Table 11 Independent variables included in multivariate analysis 
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used public transit, Crime Index, and percent of population who were immigrants (Table 12). 

Natural logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 27.652; High Access = 27.646). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.901 

(p<0.0001) with a canonical correlation of 0.315 and a significant Eigenvalue of 0.110 

(p<0.0001). Approximately 90.1% of model variability can be explained by the model 

discriminant function (Figure 47). Cross-validation classification revealed that 84.2% of cases 

could be correctly classified (Table 13). 

Step Entered 

Wilks' Lambda 

Statisti

c df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormWALK_INDEX .936 1 1 1893 129.088 1 1893 .000 

2 NormHH18 .917 2 1 1893 85.318 2 1892 .000 

3 NormWALKED .913 3 1 1893 60.398 3 1891 .000 

4 NormCRIME_INDEX .909 4 1 1893 47.473 4 1890 .000 

5 NormPUBTRANS .906 5 1 1893 39.223 5 1889 .000 

6 NormIMMIGRANT .901 6 1 1893 34.680 6 1888 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

Crime Index -0.005 

% of total households with one or more people < 18 years -0.037 

% of population that is not a U.S. born citizen 0.021 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.022 

Table 12 Stepwise univariate analyses for half-mile distancea,b,c,d 
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Walk Index 0.217 

% of workers 16 years and over commuting to work who walked to work 0.030 

Constant -1.791 

Discriminant Function  

Function = -1.791 – 0.005(Crime Index) – 0.037 (households with children) + 0.021 (percent 

immigrants) + 0.022 (commuters using public transit) + 0.217 (Walk Index) = 0.030(commuters 

who walked to work)  

 

 
  

Half-Mile Distance 

Predicted Group Membership 

Total 
  

Low Access High Access 

Original Count Low Access 1578 37 1615 

High Access 263 36 299 

Ungrouped cases 1 0 1 

% Low Access 97.7 2.3 100.0 

High Access 88.0 12.0 100.0 

Ungrouped cases 100.0 .0 100.0 

Cross-validatedb Count Low Access 1577 38 1615 

High Access 264 35 299 

% Low Access 97.6 2.4 100.0 

High Access 88.3 11.7 100.0 

a. 84.3% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

c. 84.2% of cross-validated grouped cases correctly classified. 

 

One Mile Distance 

Variables that significantly differentiated between pharmacy access levels in the one mile 

distance model were: households with children, Walk Index, Crime Index, commuters using 

public transit, households receiving public assistance (Table 14). Natural logarithms of 

determinants were similar between access levels and equality of variance-covariance matrices 

could be assumed (Low Access = 24.786; High Access = 24.721). Multivariate statistics and F 

Figure 47 Model Discriminant Function and Function Coefficients for half-mile distance 

 

Table 13 Cross-validation Classification Results for half-mile distancea,c 
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approximations revealed a significant Wilk’s Lambda of 0.931 (p<0.0001) with a canonical 

correlation of 0.263 and a significant Eigenvalue of 0.074 (p<0.0001). Approximately 93.1% of 

model variability can be explained by the model discriminant function (Figure 48). Cross-

validation classification revealed that 69.5% of cases could be correctly classified (Table 14). 

Step Entered 

 Wilks' Lambda 

 

Statistic df1 df2 df3 

Exact F 

 Statistic df1 df2 Sig. 

1 NormHH18  .972 1 1 1893 53.836 1 1893 .000 

2 NormWALK_INDEX  .958 2 1 1893 41.363 2 1892 .000 

3 NormNOVEHICLE  .943 3 1 1893 37.755 3 1891 .000 

4 NormCRIME_INDEX  .939 4 1 1893 30.890 4 1890 .000 

5 NormPUBTRANS  .936 5 1 1893 26.038 5 1889 .000 

6 NormHHPUBASST  .931 6 1 1893 23.362 6 1888 .000 

7  NormNOVEHICLE .931 5 1 1893 28.036 5 1889 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

Crime Index 0.005 

% of households with single parent of children < 18 years old 0.047 

% of households receiving public assistance income or food stamps/snap in the past 12 months 0.028 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.028 

Walk Index -2.98 

Constant 0.810 

Discriminant Function  

Table 14 Stepwise univariate analyses for one-mile distancea,b,c,d 
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Function = 0.810+0.005(Crime Index)+0.047(households with children)+0.028(households 

receiving public assistance) + 0.028 (commuters using public transit) – 2.98 (Walk Index) 

 

  

One-Mile Distance 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1527 19 1546 

High Access 349 19 368 

Ungrouped cases 1 0 1 

% Low Access 98.8 1.2 100.0 

High Access 94.8 5.2 100.0 

Ungrouped cases 100.0 .0 100.0 

Cross-validatedb Count Low Access 1527 19 1546 

High Access 349 19 368 

% Low Access 98.8 1.2 100.0 

High Access 94.8 5.2 100.0 

a. 69.7% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 69.5% of cross-validated grouped cases correctly classified. 

 

Two Mile Distance 

Variables that significantly differentiated between pharmacy access levels in the two-mile 

distance were: Walk Index, percent of adults (>25 years old) without a high school education, 

percent of commuters who walked or took public transit to work, households with children, 

households without computer access, renter cost of living, and percent of population that were 

veterans (Table 16). Natural logarithms of determinants were similar between access levels and 

equality of variance-covariance matrices could be assumed (Low Access = 30.117; High Access 

= 29.860). Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 

0.873 (p<0.0001) with a canonical correlation of 0.356 and a significant Eigenvalue of 0.145 

(p<0.0001). Approximately 87.3% of model variability can be explained by the model 

Figure 48 Model Discriminant Function and Function Coefficients for one-mile distance 

Table 15 Cross-validation Classification Results for one-mile distancea,c 
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discriminant function (Figure 49). Cross-validation classification revealed that 69.5% of cases 

could be correctly classified (Table 17). 

Step Entered 

 Wilks' Lambda 

 

Statistic df1 df2 df3 

Exact F 

 Statistic df1 df2 Sig. 

1 NormONE_PARENT  .941 1 1 1893 118.874 1 1893 .000 

2 NormWALK_INDEX  .913 2 1 1893 90.077 2 1892 .000 

3 NormNOTHSGRAD  .902 3 1 1893 68.787 3 1891 .000 

4 NormPUBTRANS  .893 4 1 1893 56.411 4 1890 .000 

5 NormHH18  .883 5 1 1893 50.102 5 1889 .000 

6 NormNOCOMP  .879 6 1 1893 43.209 6 1888 .000 

7  NormONE_PARENT .880 5 1 1893 51.534 5 1889 .000 

8 NormWALKED  .877 6 1 1893 43.995 6 1888 .000 

9 NormRCOST  .875 7 1 1893 38.479 7 1887 .000 

10 NormVETERAN  .873 8 1 1893 34.201 8 1886 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

% of total households with one or more people < 18 years 0.041 

% of total households with no computer 0.030 

% of population 25 years and over that is less than high school graduate 0.028 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.027 

% of occupied housing units paying rent where gross rent in 35% or more of household income 0.010 

% of civilian population 18 years and over that are veterans -0.049 

Walk Index -0.241 

% of workers 16 years and over commuting to work who walked to work -0.036 

Constant 0.434 

Table 16 Stepwise univariate analyses for two-mile distancea,b,c,d 



 
191 

Discriminant Function  

Function = 0.434 + 0.041 (households with children) + 0.030 (no computer access) + 0.028 

(percent without high school education) + 0.027 (commute via public transit) + 0.010 (renter 

cost of living) -0.049 (percent veterans) – 0.241 (Walk Index) – 0.036 (commuters who walked 

to work) 

 

 
  

Two-mile distance 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1326 61 1387 

High Access 417 110 527 

Ungrouped cases 1 0 1 

% Low Access 95.6 4.4 100.0 

High Access 79.1 20.9 100.0 

Ungrouped cases 100.0 .0 100.0 

Cross-validatedb Count Low Access 1323 64 1387 

High Access 417 110 527 

% Low Access 95.4 4.6 100.0 

High Access 79.1 20.9 100.0 

a. 69.7% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 69.5% of cross-validated grouped cases correctly classified. 

 

Drive Time 

Five minute Drive 

Stepwise univariate analyses showed the following significant variables for the 5-minute drive 

model: Walk Index, percent of households without a computer, percent of households with 

children,  percent of renters, racial composition of census tracts, percent uninsured, and 

commuters using public transit (Table 18). A comparison of natural logarithms of determinants 

revealed equality of variance-covariance matrices could be assumed (Low Access = 30.094; 

High Access = 30.272). Multivariate statistics and F approximations revealed a significant 

Figure 49 Model Discriminant Function and Function Coefficients for two-mile distance 

 

Table 17 Cross-validation Classification Results for two-mile distancea,c 
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Wilk’s Lambda of 0.804 (p<0.0001). The canonical correlation was 0.443 with a significant 

Eigenvalue of 0.244 (p<0.0001). Thus, 80.4% of model variability can be explained by model 

functions. The discriminant function is shown in Figure 50. Model cross-validation revealed that 

69.5% of cross-validated group cases could be correctly classified (Table 19). 

Step Entered Removed 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormONE_PAREN

T 

 
.926 1 1 1893 152.211 1 1893 .000 

2 NormWALK_INDE

X 

 
.863 2 1 1893 149.965 2 1892 .000 

3 NormNOTHSGRAD  .839 3 1 1893 121.316 3 1891 .000 

4 NormNOCOMP  .831 4 1 1893 95.915 4 1890 .000 

5 NormHH18  .820 5 1 1893 82.781 5 1889 .000 

6  NormONE_PARENT .821 4 1 1893 103.148 4 1890 .000 

7 NormNONWHITE  .813 5 1 1893.000 86.915 5 1889 .000 

8  NormNOTHSGRAD .814 4 1 1893.000 108.260 4 1890 .000 

9 NormRENTERS  .811 5 1 1893.000 88.003 5 1889 .000 

10 NormUNINSURED  .808 6 1 1893.000 74.768 6 1888 .000 

11 NormPUBTRANS  .804 7 1 1893.000 65.655 7 1887 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

% of total households with one or more people < 18 years 0.032 

% of total households with no computer 0.050 

% of population that is non-white 0.011 

% of workers 16 years and over commuting to work using public transportation  0.015 

% of occupied housing units that are renter-occupied -0.013 

Table 18 Stepwise univariate analyses for 5-minute drive timea,b,c,d 
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% of civilian noninstitutionalized population with no health insurance 0.042 

Walk Index -0.275 

Constant 1.142 

Discriminant Function  

Function = 1.142 + 0.032(households with children) + 0.05 (no computer) +0.011 (non-white) + 

0.015 (commute via public transit) -0.013 (renters) + 0.042 (uninsured) -0.275 (walk index) 

  

 

 

Total   Low Access High Access 

Original Count Low Access 948 192 1140 

High Access 387 387 774 

Ungrouped cases 0 1 1 

% Low Access 83.2 16.8 100.0 

High Access 50.0 50.0 100.0 

Ungrouped cases .0 100.0 100.0 

Cross-validatedb Count Low Access 948 192 1140 

High Access 391 383 774 

% Low Access 83.2 16.8 100.0 

High Access 50.5 49.5 100.0 
a. 69.7% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the functions 

derived from all cases other than that case. 
c. 69.5% of cross-validated grouped cases correctly classified. 

 

Ten Minute Drive  

 Stepwise univariate analyses revealed the following significant variables for the 10-minute 

drive model: home value, walk index, racial composition of census tracts, households with 

children, no computer access, percent of renters, commuters who walked to work or used public 

transit, vacancy rate and housing crowdedness, percent uninsured, median age, and crime index 

(Table 20).  A comparison of natural logarithms of determinants revealed equality of variance-

covariance matrices could be assumed (Low Access = 60.601; High Access = 61.151). 

Figure 50 Model Discriminant Function and Function Coefficients, 5-minute drive time 

 

Table 19 Cross-validation Classification Results, 5-minute drive timea,c 
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Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.738 

(p<0.0001) and the canonical correlation was 0.512 with a significant Eigenvalue of 0.355 

(p<0.0001). Approximately 73.8% of model variability can be explained by the model 

discriminant function (Figure 51). Cross-validation classification revealed that 71.8% of cases 

could be correctly classified (Table 21). 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormHOMEVALUE .878 1 1 1893.000 263.009 1 1893 .000 

2 NormWALK_INDEX .806 2 1 1893.000 227.917 2 1892 .000 

3 NormNONWHITE .782 3 1 1893.000 176.234 3 1891 .000 

4 NormHH18 .774 4 1 1893.000 137.833 4 1890 .000 

5 NormNOCOMP .765 5 1 1893.000 116.231 5 1889 .000 

6 
NormRENTERS 

.760 6 1 1893.000 99.601 6 1888 .000 

7 NormWALKED .753 7 1 1893.000 88.268 7 1887 .000 

8 
NormVACANCY 

.750 8 1 1893.000 78.396 8 1886 .000 

9 NormUNINSURED .748 9 1 1893.000 70.564 9 1885 .000 

10 NormPUBTRANS .745 10 1 1893.000 64.469 10 1884 .000 

11 NormHHCROWDED .743 11 1 1893.000 59.261 11 1883 .000 

12 NormMEDAGE .741 12 1 1893.000 54.743 12 1882 .000 

13 NormCRIME_INDEX .740 13 1 1893.000 50.926 13 1881 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 
b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

% of civilian noninstitutionalized population with no health insurance -0.038 

% of total housing units that are vacant -0.020 

Table 20 Stepwise univariate analyses for 10-minute drive timea,b,c,d 
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% of occupied housing units that are renter-occupied 0.021 

% of occupied housing units with more than one occupant per room 0.054 

Home Value 2E-6 

% of population that is non-white -0.011 

Median Age 0.024 

% of workers 16 years and over commuting to work who walked to work -0.034 

% of total households with no computer -0.039 

Crime Index -0.002 

% of total households with one or more people < 18 years -0.015 

% of workers 16 years and over commuting to work using public transportation -0.009 

Walk Index 0.325 

Constant -3.960 

Discriminant Function  

Function = -3.960 -0.038(uninsured) -0.020 (vacancy rate) +0.021 (renters) + 0.054 (housing 

crowdedness) -2-6 (home value) -0.011 (non-white) +0.024 (median age)-0.034 (walked to work) 

-0.039(no computer)-0.002(crime index)-0.015 (households with children)-0.009 (used public 

transit)+0.325 (walk index) 

 

  

10-minute Drive 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 762 226 988 

High Access 308 618 926 

Ungrouped cases 0 1 1 

% Low Access 77.1 22.9 100.0 

High Access 33.3 66.7 100.0 

Ungrouped cases .0 100.0 100.0 

 

Cross-validatedb 

Count Low Access 757 231 988 

High Access 308 618 926 

     

% Low Access 76.6 23.4 100.0 

High Access 33.3 66.7 100.0 

Figure 51 Model Discriminant Function and Function Coefficients, 10-minute drive time 

Table 21 Cross-validation Classification Results, 10-minute drive timea,c 
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a. 72.1% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the functions 

derived from all cases other than that case. 

c. 71.8% of cross-validated grouped cases correctly classified. 

 

Fifteen Minute Drive 

The following variables were significant for the 15-minute drive model: walk index, home value, 

households with children, unemployment rate, percent of renters, racial composition of census 

tracts, commuters who walked to work, no computer access, housing crowdedness, percent with 

disability, median income, percent of veterans, crime index, and vacancy rate (Table 22). Natural 

logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 87.350; High Access = 88.013). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.771 

(p<0.0001) with a canonical correlation of 0.479 and a significant Eigenvalue of 0.297 

(p<0.0001). Approximately 77.1% of model variability can be explained by the model 

discriminant function (Figure 52). Cross-validation classification revealed that 69.6% of cases 

could be correctly classified (Table 23). 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormWALK_INDEX .883 1 1 1893 249.947 1 1893 .000 

2 NormHOMEVALUE .828 2 1 1893 196.895 2 1892 .000 

3 NormHH18 .815 3 1 1893 142.737 3 1891 .000 

4 NormUNEMP .809 4 1 1893 111.721 4 1890 .000 

5 NormRENTERS .801 5 1 1893 93.754 5 1889 .000 

6 NormNONWHITE .795 6 1 1893 80.952 6 1888 .000 

7 NormWALKED .790 7 1 1893 71.805 7 1887 .000 

8 NormNOCOMP .785 8 1 1893 64.390 8 1886 .000 

9 NormHHCROWDED .781 9 1 1893 58.591 9 1885 .000 

Table 22 Stepwise univariate analyses for 15-minute drive timea,b,c,d 
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10 NormDISABLED .779 10 1 1893 53.545 10 1884 .000 

11 NormMEDINC .777 11 1 1893 49.225 11 1883 .000 

12 NormVETERAN .774 12 1 1893 45.663 12 1882 .000 

13 NormCRIME_INDEX .773 13 1 1893 42.571 13 1881 .000 

14 NormVACANCY .771 14 1 1893 39.896 14 1880 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 
c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

% of total housing units that are vacant -0.018 

% of occupied housing units that are renter-occupied 0.24 

% of occupied housing units with more than one occupant per room 0.065 

Home Value 2E-6 

% of population that is non-white -0.009 

% of workers 16 years and over commuting to work who walked to work -0.041 

% of total households with no computer -0.024 

Crime Index -0.002 

% of total households with one or more people < 18 years -0.022 

% of total Civilian Non-institutionalized Population with a disability 0.58 

% of civilian population 18 years and over that are veterans -0.47 

Unemployment Rate -0.018 

Median Income 1E-5 

Walk Index 0.281 

Constant -4.088 

Discriminant Function  

Function = -4.088 -0.018(vacancy rate)+0.24(percent renters)+0.065(crowdedness) + 2E-6 

(home value)-0.009 (non-white) -0.041 (walk to work) – 0.024 (no computer)-0.002 (crime 

index) -0.022(households with children)+0.058(percent with disability)-0.47 (percent veterans)-

0.018 (unemployment rate)+1E-5 (median income) +0.281 (walk index) 
Figure 52 Model Discriminant Function and Function Coefficients for 15-minute drive 
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15-minute Drive 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 671 257 928 

High Access 316 670 986 

Ungrouped cases 0 1 1 

% Low Access 72.3 27.7 100.0 

High Access 32.0 68.0 100.0 

Ungrouped cases .0 100.0 100.0 

Cross-validatedb Count Low Access 667 261 928 

High Access 321 665 986 

% Low Access 71.9 28.1 100.0 

High Access 32.6 67.4 100.0 

a. 70.1% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 69.6% of cross-validated grouped cases correctly classified. 

 

 

Twenty minute Drive 

Variables that significantly differentiated between pharmacy access levels in the 20-minute drive 

model were: walk index, home value, percent of renters, unemployment rate, Gini Index, 

households with children, percent of veterans, commuters who walked to work, percent 

immigrants, percent disabled, and median income (Table 24). Natural logarithms of determinants 

were similar between access levels and equality of variance-covariance matrices could be 

assumed (Low Access = 63.719; High Access = 65.028). Multivariate statistics and F 

approximations revealed a significant Wilk’s Lambda of 0.773 (p<0.0001) with a canonical 

correlation of 0.477 and a significant Eigenvalue of 0.294 (p<0.0001). Approximately 77.3% of 

model variability can be explained by the model discriminant function (Figure 53). Cross-

validation classification revealed that 69.5% of cases could be correctly classified (Table 25). 

Table 23 Cross-validation Classification Results for 15-minute drive timea,c 
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Step Entered 

Wilks' Lambda 

Statisti

c df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormWALK_INDE

X 

.877 1 1 1893 265.346 1 1893 .000 

2 NormHOMEVALU

E 

.838 2 1 1893 182.328 2 1892 .000 

3 NormRENTERS .801 3 1 1893 156.911 3 1891 .000 

4 NormUNEMP .791 4 1 1893 124.925 4 1890 .000 

5 NormGINI_INDEX .787 5 1 1893 102.385 5 1889 .000 

6 NormHH18 .784 6 1 1893 86.542 6 1888 .000 

7 NormVETERAN .781 7 1 1893 75.764 7 1887 .000 

8 NormWALKED .778 8 1 1893 67.203 8 1886 .000 

9 NormIMMIGRANT .776 9 1 1893 60.400 9 1885 .000 

10 NormDISABLED .774 10 1 1893 54.964 10 1884 .000 

11 NormMEDINC .773 11 1 1893 50.403 11 1883 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

% of occupied housing units that are renter-occupied 0.031 

Home Value 3E-6 

% of workers 16 years and over commuting to work who walked to work -0.025 

% of population that is not a U.S. born citizen 0.011 

Gini Index -2.652 

% of total households with one or more people < 18 years -0.016 

% of total Civilian Non-institutionalized Population with a disability 0.045 

% of civilian population 18 years and over that are veterans -0.066 

Unemployment Rate -0.027 

Median Income 7E-6 

Table 24 Stepwise univariate analyses for 20-minute drive timea,b,c,d 
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Walk Index 0.208 

Constant -3.637 

Discriminant Function  

Function = -3.637 + 0.031(percent renters)+ 3E-6 (home value) – 0.025(walk to work) + 2E-6 

(home value) + 0.011 (percent immigrants) -2.652 (Gini Index) -0.016 (households with 

children) + 0.045 (percent disabled) – 0.066 (percent veterans) -0.027 (unemployment rate) + 

7E-6 (median income) +0.208 (walk index) 

 

 

 
  

20-minute Drive 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 758 239 997 

High Access 340 577 917 

Ungrouped cases 0 1 1 

% Low Access 76.0 24.0 100.0 

High Access 37.1 62.9 100.0 

Ungrouped cases .0 100.0 100.0 

Cross-validatedb Count Low Access 757 240 997 

High Access 343 574 917 

% Low Access 75.9 24.1 100.0 

High Access 37.4 62.6 100.0 

a. 69.7% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 69.5% of cross-validated grouped cases correctly classified. 
  

Figure 53 Model Discriminant Function and Function Coefficients for 20-minute drive 

 

Table 25 Cross-validation Classification Results for 20-minute drive timea,c 
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Walk Time 

Five Minute Walk 

Variables that significantly differentiated between pharmacy access levels in the 5-minute walk 

model were: walk index, percent of population who walked to work or used public transit, 

percent immigrants, percent veterans, households with children, and the Gini Index (Table 26). 

Natural logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 15.651; High Access = 14.472). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.941 

(p<0.0001) with a canonical correlation of 0.242 and a significant Eigenvalue of 0.062 

(p<0.0001). Approximately 94.1% of model variability can be explained by the model 

discriminant function (Figure 54). Cross-validation classification revealed that 92.1% of cases 

could be correctly classified (Table 27). 

Step Entered 

Wilks' Lambda 

Statisti

c df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormWALK_INDEX .967 1 1 1894 63.766 1 1894 .000 

2 NormWALKED .959 2 1 1894 40.824 2 1893 .000 

3 NormIMMIGRANT .955 3 1 1894 29.590 3 1892 .000 

4 NormPUBTRANS .951 4 1 1894 24.467 4 1891 .000 

5 NormVETERAN .947 5 1 1894 21.130 5 1890 .000 

6 NormHH65 .944 6 1 1894 18.566 6 1889 .000 

7 NormGINI_INDEX .941 7 1 1894 16.766 7 1888 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 
 

 

Table 26 Stepwise univariate analyses for 5-minute walk timea,b,c,d 
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Canonical Discriminant Function Coefficients 

Gini Index 4.136 

% of total households with one or more people < 18 years -0.30 

% of population that is not a U.S. born citizen 0.41 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.025 

% of civilian population 18 years and over that are veterans 0.136 

Walk index 0.159 

% of workers 16 years and over commuting to work who walked to work 0.051 

Constant -4.918 

Discriminant Function  

Function = -4.918 + 4.136(Gini Index) -0.30(households with children) +0.41(percent 

immigrants)+0.025(used public transit) +0.136 (percent veterans)+0.159(Walk Index) +0.051 

(walked to work) 

 

 

 
  

5-minute Walk 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1762 0 1762 

High Access 151 2 153 

% Low Access 100.0 .0 100.0 

High Access 98.7 1.3 100.0 

Cross-validatedb Count Low Access 1761 1 1762 

High Access 151 2 153 

% Low Access 99.9 .1 100.0 

High Access 98.7 1.3 100.0 

a. 92.1% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 92.1% of cross-validated grouped cases correctly classified. 
 

 

Figure 54 Model Discriminant Function and Function Coefficients for 5-minute walk 

 

Table 27 Cross-validation Classification Results for 5-minute walk timea,c 
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Ten Minute Walk 

Variables that significantly differentiated between pharmacy access levels in the 10-minute walk 

model were: Walk index, households with children, percent of commuters who walked to work 

or used public transit, Crime Index, and percent of population that were immigrants (Table 28). 

Natural logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 27.653; High Access = 27.650). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.902 

(p<0.0001) with a canonical correlation of 0.312 and a significant Eigenvalue of 0.108 

(p<0.0001). Approximately 90.2% of model variability can be explained by the model 

discriminant function (Figure 55). Cross-validation classification revealed that 84.2% of cases 

could be correctly classified (Table 29). 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormWALK_INDEX .936 1 1 1894 129.264 1 1894 .000 

2 NormHH18 .918 2 1 1894 84.338 2 1893 .000 

3 NormWALKED .913 3 1 1894 59.741 3 1892 .000 

4 NormCRIME_INDEX .910 4 1 1894 46.690 4 1891 .000 

5 NormPUBTRANS .907 5 1 1894 38.567 5 1890 .000 

6 NormIMMIGRANT .902 6 1 1894 34.061 6 1889 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 
c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 
 

Canonical Discriminant Function Coefficients 

Crime Index -0.005 

Table 28 Stepwise univariate analyses, 10-minute walk timea,b,c,d 
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% of total households with one or more people < 18 years -0.037 

% of population that is not a U.S. born citizen 0.020 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.022 

Walk Index 0.219 

% of workers 16 years and over commuting to work who walked to work 0.030 

Constant -1.872 

Discriminant Function  

Function = -1.872 – 0.005(Crime Index) – 0.037 (households with children) + 0.020 (percent of 

immigrants) + 0.022 (commute via public transit) + 0.219 (Walk Index) + 0.030(walked to 

work) 

 

 

  

10-mintue Walk 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1581 34 1615 

High Access 265 35 300 

% Low Access 97.9 2.1 100.0 

High Access 88.3 11.7 100.0 

Cross-validatedb Count Low Access 1578 37 1615 

High Access 266 34 300 

% Low Access 97.7 2.3 100.0 

High Access 88.7 11.3 100.0 

a. 84.4% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 84.2% of cross-validated grouped cases correctly classified. 

 

 

Fifteen Minute Walk 

Variables that significantly differentiated between pharmacy access levels in the 15-minute walk 

model were: Walk Index, households with children, Crime Index, percent immigrants, percent 

Figure 55 Model Discriminant Function and Function Coefficients, 10-minute walk time 

Table 29 Cross-validation Classification Results, 10-minute walk timea,c 
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uninsured, percent not married, percent veterans (Table 30). Natural logarithms of determinants 

were similar between access levels and equality of variance-covariance matrices could be 

assumed (Low Access = 29.469; High Access = 29.124). Multivariate statistics and F 

approximations revealed a significant Wilk’s Lambda of 0.910 (p<0.0001) with a canonical 

correlation of 0.300 and a significant Eigenvalue of 0.099 (p<0.0001). Approximately 91% of 

model variability can be explained by the model discriminant function (Figure 56). Cross-

validation classification revealed that 80.2% of cases could be correctly classified (Table 31). 

Step Entered 

Wilks' Lambda 

Statisti

c df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormWALK_INDE

X 

.944 1 1 1894 112.608 1 1894 .000 

2 NormHH18 .929 2 1 1894 72.496 2 1893 .000 

3 NormCRIME_INDE

X 

.922 3 1 1894 53.460 3 1892 .000 

4 NormIMMIGRANT .919 4 1 1894 41.786 4 1891 .000 

5 NormUNINSURED .916 5 1 1894 34.811 5 1890 .000 

6 NormNOTMARRIE

D 

.914 6 1 1894 29.781 6 1889 .000 

7 NormVETERAN .910 7 1 1894 26.589 7 1888 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 60. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

 

Canonical Discriminant Function Coefficients 

Crime Index -0.006 

% of total households with one or more people < 18 years -0.27 

% of population that is not a U.S. born citizen 0.40 

Table 30 Stepwise univariate analyses, 15-minute walk timea,b,c,d 
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% of population 15 years and over that are not married 0.23 

% of civilian noninstitutionalized population with no health insurance -0.071 

% of civilian population 18 years and over that are veterans 0.077 

Walk Index 0.314 

Constant -4.149 

Discriminant Function  

Function = -4.149 – 0.006 (Crime Index) – 0.27 (households with children) + 0.40 (percent 

immigrants) + 0.23 (percent not married) – 0.071 (uninsured) + 0.077 (percent veterans) + 0.314 

(Walk Index) 

 

 

 

  

15-minute walk 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1501 36 1537 

High Access 341 37 378 

% Low Access 97.7 2.3 100.0 

High Access 90.2 9.8 100.0 

Cross-validatedb Count Low Access 1500 37 1537 

High Access 343 35 378 

% Low Access 97.6 2.4 100.0 

High Access 90.7 9.3 100.0 

a. 80.3% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 80.2% of cross-validated grouped cases correctly classified. 
 

Twenty Minute Walk 

Variables that significantly differentiated between pharmacy access levels in the 20-minute walk 

model were: households with children, Walk index, Crime Index, commuters who used public 

transit, and households receiving public assistance (Table 32). Natural logarithms of 

determinants were similar between access levels and equality of variance-covariance matrices 

Figure 56 Model Discriminant Function and Function Coefficients, 15-minute walk 

 

Table 31 Cross-validation Classification Results, 15-minute walk timea,c 
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could be assumed (Low Access = 24.787; High Access = 24.710). Multivariate statistics and F 

approximations revealed a significant Wilk’s Lambda of 0.930 (p<0.0001) with a canonical 

correlation of 0.265 and a significant Eigenvalue of 0.076 (p<0.0001). Approximately 77.3% of 

model variability can be explained by the model discriminant function (Figure 57). Cross-

validation classification revealed that 80.6% of cases could be correctly classified (Table 32). 

Step Entered 

 Wilks' Lambda 

 Statisti

c df1 df2 df3 

Exact F 

 Statistic df1 df2 Sig. 

1 NormHH18  .972 1 1 1894 53.942 1 1894 .000 

2 NormWALK_INDE

X 
 

.957 2 1 1894 42.897 2 1893 .000 

3 NormNOVEHICLE  .942 3 1 1894 38.831 3 1892 .000 

4 NormCRIME_INDE

X 
 

.937 4 1 1894 31.819 4 1891 .000 

5 NormPUBTRANS  .934 5 1 1894 26.720 5 1890 .000 

6 NormHHPUBASST  .929 6 1 1894 23.882 6 1889 .000 

7 
 

NormNOVEHICL

E 

.930 5 1 1894 28.654 5 1890 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

 

 

Canonical Discriminant Function Coefficients 

Crime Index 0.005 

% of total households with one or more people < 18 years 0.046 

% of households receiving public assistance income or food stamps/snap in the past 12 months 0.028 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.028 

Walk Index -0.305 

Table 32 Stepwise univariate analyses, 20-minute walk timea,b,c,d 
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Constant 0.935 

Discriminant Function  

Function = 0.935 + 0.005(Crime Index) +0.046(households with children) + 0.028 (households 

receiving public assistance) + 0.028 (commuters using public transit) – 0.305 (Walk Index) 

 

 

 
  

20-minute Walk 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1524 19 1543 

High Access 353 19 372 

% Low Access 98.8 1.2 100.0 

High Access 94.9 5.1 100.0 

Cross-validatedb Count Low Access 1524 19 1543 

High Access 353 19 372 

% Low Access 98.8 1.2 100.0 

High Access 94.9 5.1 100.0 

a. 80.6% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 80.6% of cross-validated grouped cases correctly classified. 

 

 

Thirty Minute Walk 

Variables that significantly differentiated between pharmacy access levels in the 30-minute walk 

model were: Walk Index, Crime Index, households receiving public assistance, households with 

children, commuters using public transit, commuters who walked to work, and eviction rate 

(Table 34). Natural logarithms of determinants were similar between access levels and equality 

of variance-covariance matrices could be assumed (Low Access = 28.713; High Access = 

28.677). Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 

0.905 (p<0.0001) with a canonical correlation of 0.308 and a significant Eigenvalue of 0.105 

Figure 57 Model Discriminant Function and Function Coefficients, 20-minute walk 

Table 33 Cross-validation Classification Results, 20-minute walk timea,c 
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(p<0.0001). Approximately 90.5% of model variability can be explained by the model 

discriminant function (Figure 58). Cross-validation classification revealed that 75.8% of cases 

could be correctly classified (Table 35).  
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Step Entered 

 Wilks' Lambda 

 

Statistic df1 df2 df3 

Exact F 

 Statistic df1 df2 Sig. 

1 NormONE_PAREN

T 
 

.955 1 1 1894 90.080 1 1894 .000 

2 NormWALK_INDE

X 
 

.936 2 1 1894 64.984 2 1893 .000 

3 NormCRIME_INDE

X 
 

.929 3 1 1894 48.302 3 1892 .000 

4 NormHHPUBASST  .924 4 1 1894 38.936 4 1891 .000 

5 NormHH18  .916 5 1 1894 34.494 5 1890 .000 

6  NormONE_PARENT .917 4 1 1894 42.659 4 1891 .000 

7 NormPUBTRANS  .910 5 1 1894 37.244 5 1890 .000 

8 NormWALKED  .907 6 1 1894 32.282 6 1889 .000 

9 NormEVICTIONRT  .905 7 1 1894 28.266 7 1888 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

 

 

Canonical Discriminant Function Coefficients 

Crime Index 0.004 

Eviction Rate -0.100 

% of total households with one or more people < 18 years 0.045 

% of households receiving public assistance income or food stamps/snap in the past 12 months 0.040 

% of workers 16 years and over commuting to work using public transportation (excluding 

taxicab) 

0.025 

Walk Index -0.219 

% of workers 16 years and over commuting to work who walked to work -0.43 

Constant 0.085 

Table 34 Stepwise univariate analyses, 30-minute walk timea,b,c,d 
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Discriminant Function  

Function = 0.085+ 0.004(Crime Index) – 0.100 (Eviction Rate) + 0.045 (households with 

children) + 0.040 (households receiving public assistance) + 0.025(commuters using public 

transit) - 0.219(Walk Index) – 0.43 (commuters who walked to work) 

 

 

  

30-minute walk 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1396 46 1442 

High Access 415 58 473 

% Low Access 96.8 3.2 100.0 

High Access 87.7 12.3 100.0 

Cross-validatedb Count Low Access 1394 48 1442 

High Access 415 58 473 

% Low Access 96.7 3.3 100.0 

High Access 87.7 12.3 100.0 

a. 75.9% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 75.8% of cross-validated grouped cases correctly classified. 

 

4.3.3 Illinois Pharmacy Access Variable Associations 

Table 36 presents the standardized discriminant coefficients (access group predictors). Several 

variables were associated with pharmacy access. Across all pharmacy access models (e.g., 

distance, drive time, walk time), significant variables included: the percent of households with 

children, percent of population that were veterans, percent of population that were immigrants, 

Crime Index, Walk Index, and commuters who either walked to work or used public transit. 

Additional variables significant to pharmacy access based on distance were the percent of 

households receiving public assistance, percent of households without a computer, percent of 

households with elderly, and percent of population 25 years and older without a high school 

Figure 58 Model Discriminant Function and Function Coefficients, 30-minute walk time 

Table 35 Cross-validation Classification Results, 30-minute walk timea,c 
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education. Variables that emerged as significant to drive time models were predominantly 

representative of socioeconomic position (e.g., Gini Index, median household income, 

unemployment rate), vulnerability (e.g., percent of population with a disability, percent 

uninsured), and residential stability (e.g., housing crowdedness, vacancy rate, median home 

value, percent of renters). Racial composition and median age of census tracts were also 

significant.  In pharmacy access models based on walk time, variables from domains of 

transportation (e.g., Walk Index, commuting to work via walking or public transit), culture (e.g., 

Crime Index, percent of population that were immigrants, marital status), vulnerability (e.g., 

households with children, percent of population that were veterans, percent uninsured), and 

socioeconomic position (e.g., Gini Index, percent of households receiving public assistance) 

were significant. Variables significant across walk time thresholds were Walk Index, use of 

public transit, and households with children. 
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Walk Time Drive Time Distance 

5-min 10-min 15-min 20-min 30-min 5-min 10-min 15-min 20-min 0.25 

mile 

0.5 mile 1 mile 2mile 

Socioeconomic Position              

Gini Index 0.278   
      

-0.178 0.279 
   

Unemployment Rate         -0.124 -0.187     

Median Income         0.344 0.264     

% of households receiving 

public assistance income or 

food stamps/snap in the past 

12 months 

     0.397 0.565       0.401  

Social Class              

% of total households with 

no computer 

     0.424 -0.325 -0.205     0.254 

% of population 25 years 

and over that is less than 

high school graduate 

             0.298 

Race/Ethnicity              

% of population that is non-

white 

     0.327 -0.329 -0.281       

Vulnerability              

% of total households with 

one or more people 65 years 

and over 

-0.310 0.534 
       

-0.310 0.273 
  

% of total households with 

one or more people < 18 

years 

  -0.405 -0.303 0.508 0.501 0.350 -0.164 -0.236 -0.172  -0.414 0.519 0.451 

% of total Civilian Non-

institutionalized Population 

with a disability 

       0.268 0.205     

% of civilian population 18 

years and over that are 

veterans 

0.429   0.244     -0.148 -0.203 0.429   -0.156 

% of civilian 

noninstitutionalized 

population with no health 

insurance 

    -0.438   0.252 -0.230        

Table 36 Standardized Canonical Coefficients, Access Group Predictors 
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Culture              

Median Age       0.153        

% of population that is not a 

U.S. born citizen 

0.544 0.270       0.143 0.544    

% of population 15 years 

and over that are not 

married 

    0.342           

Crime Index  -0.274 -0.351 0.277 0.248   -0.097 -0.112    -0.288 0.273  

Residential Stability              

Eviction Rate       -0.166         

% of occupied housing units 

that are renter-occupied 

     -0.317 0.488 0.556 0.709     

% of occupied housing units 

with more than one 

occupant per room 

      0.184 0.220       

Home Value        0.252 0.245 0.481    

Vacancy Rate       -0.146 -0.133      

% of occupied housing units 

paying rent where gross 

rent in 35% or more of 

household income 

             0.170 

Transportation              

% of workers 16 years and 

over commuting to work 

using public transportation 

(excluding taxicab) 

0.357 0.301 
 

0.393 0.354 0.208 -0.122 
  

0.357 0.303 0.401 0.381 

Walk Index 0.385 0.522 0.751 -0.739 -0.533 -0.652 0.753 0.650 0.479 0.383 0.516 -0.723 -0.583 

% of workers 16 years and 

over commuting to work 

who walked to work 

0.293 0.171 
  

-0.249   -0.193 -0.233 -0.143 0.294 0.168 
 

-0.207 
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4.3.4 Michigan Pharmacy Landscape 

Michigan Community Pharmacies 

Of over 9,000 pharmacy records provided by the Michigan State Board of Pharmacy, only 2,742 

pharmacies were identified as active community pharmacies. However, following an internet and 

telephone screen there were only 2,178 active community pharmacies in the state of Michigan. 

The majority of these pharmacies were chain pharmacies (52.8%). Independent pharmacies made 

up 40.0% of the pharmacy market and approximately 10% were hospital or clinic outpatient 

pharmacies. Within the Detroit-Warren-Dearborn, MI Metro Area, there were 1,108 active 

pharmacies with a pharmacy-to-resident ratio of 2.57. Chain pharmacies made up 53.7% of the 

market, independents made up 36.2% and the remaining 10% was made up of hospital and clinic 

outpatient pharmacies. Within Wayne county, however, the majority of pharmacies were 

independent pharmacies (45.7%). All other counties within the study area had a 

disproportionately higher number of chain pharmacies. One county, Lapeer, lacked any hospital 

outpatient pharmacy and the counties of St. Clair and Livingston only had one clinic outpatient 

pharmacy. Several pharmacies were excluded due to being non-community pharmacies (n=358), 

permanently closed (n=135), or unverifiable (n=60). Out of the 135 pharmacies that were 

reported as permanently closed, 85% were independent pharmacies. Table 37 describes 

population density relative to numbers of pharmacies within the study area categorized by 

county. Wayne county had the highest population density and the highest pharmacy-to-resident 

ratio (2.78). Across the study area, pharmacy-to-resident ratios were lower in nonwhite census 

tracts (2.6 vs. 2.8, p<0.0001). 

 Throughout Michigan, pharmacies were open for an average of 63 hours per week (median 

= 64) with 23 pharmacies operating as 24-hour pharmacies. Within the Detroit-Warren-
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Dearborn, MI, MSA there were 1,108 pharmacies that had an average of 61 weekly operating 

hours (median = 63). This region also had 12 (52%) of the state’s 24-hour pharmacies. The 

average number of weekly operating hours were lower in nonwhite census tracts (50.5 vs. 64, 

p<0.0001). 
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Figure 59 Distribution of community pharmacies by pharmacy type, Detroit Metro Area 
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Geographic Region Total 

Population 

Land Area Density Number of 

Pharmacies 

Pharmacy Types 

n(%) 

Pharmacy-to-

resident ratio 

Michigan 9,995,915 56,602.9 176.6 2,178 Chain  

Independent 

Clinic Outpatient 

Hospital Outpatient 

1150(52.8) 

805(40.0) 

154(7.1) 

69(3.7) 

2.18 

Detroit-Warren-

Dearborn, MI 

MSA 

4,317,179 3,889.8 1110.0 1108 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

595(53.7) 

401(36.2) 

74(6.7) 

38(3.4) 

2.57 

Lapeer 

24 census tracts 

88,202 644.6 136.8 14 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

10(71.4) 

3(21.4) 

1(7.1) 

0 

1.59 

Livingston 

61 census tracts 

188,482 565.2 333.5 33 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

23(70.0) 

7(21.2) 

2(6.1) 

1(3.0) 

1.75 

Macomb 

217 census tracts 

868,704 479.2 1,813.0 230 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

140(60.9) 

76(33.0) 

8(3.5) 

6(2.6) 

2.65 

Oakland 

338 census tracts 

 

1,250,843 867.4 1442.0 310 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

197(63.5) 

83(26.8) 

21(6.8) 

9(2.9) 

2.48 

St. Clair 

50 census tracts 

159,566 721.3 221.2 31 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

21(67.7) 

8(25.8) 

1(3.2) 

1(3.2) 

1.94 

Wayne 

611 census tracts 

1,761,382 612 2878.1 490 Chain 

Independent 

Clinic Outpatient 

Hospital Outpatient 

 

204(41.6) 

224(45.7) 

41(8.4) 

21(4.3) 

2.78 

Table 37 Description of Michigan population density and pharmacy numbers and type 
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Michigan Population Demographics 

Based on  2014-2018 American Community Survey 5-year estimates, there were 9.9 million 

people living in Michigan and 7.3 million people living in the Detroit Metropolitan Area (e.g., 

Lapeer, Livingston, Macomb, Oakland, St. Clair, and Wayne Counties). The majority of the 

Michigan population, resided in Wayne County with 1.7 million residents.  Table 38 shows 

population estimates for Detroit Metro Area, categorized by county.  

 Across counties within the Detroit Metro Area median household income ranged from 

approximately $45,000 to $80,000 where residents of Wayne County had the lowest median 

income (p <0.0001). In Wayne County there were more families living below poverty level 

(p<0.0001) and receiving public assistance (p<0.0001). Home values were also lower 

(p<0.0001). Although the population of Wayne County were younger, approximately 40% were 

not in the labor force with an unemployment rate of 10.1%.  Those who worked primarily 

commuted to work by car alone (80%) yet 13.8% of households had no vehicle available. 

Approximately 2.8% of workers relied on public transit.  Wayne County also had a higher Gini 

Index (p<0.0001) and higher crime rate (p<0.0001) relative to other counties. 

 Non-spatial factors varied significantly between white and non-white census tracts. The 

Segregation Index was higher in white census tracts (p<0.0001) with the isolation index higher 

for the black population across all tracts (p<0.0001). White census tracts had higher median 

incomes, higher home values, more households with residents aged 65 or over, and more 

households with disabled individuals (p<0.0001). More veterans also resided in white census 

tracts (p=0.03). Although white census tracts reported a higher immigrant population (6.21% vs. 
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1.91%, p<0.0001), more immigrants in white census tracts were naturalized (p<0.0001). 

Residents in non-white census tracts reported limited English language ability (p<0.0001). 

 Cost of living for owners and renters were higher for nonwhite census tracts but home 

values were lower (p<0.0001). There was also a high vacancy rate in nonwhite census tracts 

relative to white census tracts (23.2% vs 5.8%, p<0.0001). The percentage of renters was double 

that of white census tracts (49.3% vs. 20.2%, p<0.0001). Residents in nonwhite census tracts 

also lived in more crowded living conditions (p<0.0001) with less access to vehicles for workers 

(p<0.0001). These workers were more reliant on public transportations, carpooling, walking, or 

other means of transportation to get to work (p<0.0001). 

 A higher percentage of households in nonwhite census tracts had household incomes 

below the poverty line and relied on public assistance. This was notably true with households 

with children or disabled residents (p<0.0001). Additionally, nonwhite census tracts had a higher 

percentage of single parent homes or homes with single moms (p<0.0001). More residents also 

reported being unmarried (p<0.0001). The unemployment rate was higher for nonwhite census 

tracts with more residents reporting not being in the labor force, despite having a lower median 

age (p<0.0001). More residents were also uninsured or relied on public insurance options 

(p<0.0001). 

 Nonwhite census tracts had higher eviction rates (4.28% vs. 0.95%, p<0.0001), less school 

enrollment for school age children (p<0.0001), more residents over the age of 25 without a high 

school education (p<0.0001), and less access to phone or computers in the home (p<0.0001). 

However, average walkability in nonwhite census tracts was higher and there was no difference 

in the crime index across the study area.
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Characteristics Geographic Region 

Michigan 

State 

Detroit 

Metro Area 

Lapeer 

County 

Livingston 

County 

Macomb 

County 

Oakland 

County 

St. Clair 

County 

Wayne 

County 

Total Population (n) 9,957,488 7,327,083 88,202 188,482 868,704 1,250,843 159,566 1,761,382 

Socioeconomic Position 
Median Household Income ($) 54,938 58,544 58,952 80,897 60,466 76,387 55,240 45,321 

 

Families with income below poverty 

level in prior 12 months (%) 

 

10.4 

 

11.1 

 

7.2 

 

3.7 

 

 

8.6 

 

5.8 

 

9.6 

 

17.8 

 

Unemployment rate (%) 

6.5 7.1 6.4 4.2 5.7 4.8 6.7 10.2 

 

Households Receiving Cash Public 

Assistance or Food Stamps/SNAP (%) 

 

14.7 

 

15.9 

 

12.9 

 

5.8 

 

12.5 

 

8.2 

 

15.2 

 

24.6 

 

Gini Index1 

  0.395 0.373 0.387 0.406 0.409 0.435 

Social Class 
Households with Single Female 

Household with own children under 

18 years (%) 

6.5 7.0 4.4 3.6 6.3 4.7 6.1 9.7 

 

Percent 16 years and older not in the 

labor force (%) 

38.7 37.7 41.7 34.0 36.4 33.9 39.5 41.1 

 

Occupied Housing Units with No 

Telephone (%) 

2.2 2.1 2.4 1.8 2.0 1.9 2.6 2.2 

 

Occupied Housing Units with No 

Computer (%) 

12.0 11.2 11.2 6.9 11.0 7.4 11.9 14.4 

 

Households with Single Parent (%) 

8.8 9.1 7.1 5.8 8.3 6.3 8.4 12.1 

 

Population Over 25 Less Than High 

School Graduate (%) 

9.5 14.0 9.3 4.6 3.9 10.3 6.2 9.6 

Race/Ethnicity 
Population that is Non White (%) 24.8 33.4 8.1 5.6 20.4 27.7 8.8 50.4 

Population by Race (%) 

White 75.2 66.6 91.9 94.4 79.6 72.3 91.2 49.6 

Black/African-American 

 

13.7 22.1 1.2 0.6 11.4 13.6 2.1 38.7 

 
1 Gini Index ranges from 0, indicating perfect equality, to 1, indicating perfect inequality. https://www.census.gov/topics/income-poverty/income-inequality/about/metrics/gini-index.html 

Table 38 Selected Population Characteristics of the Detroit Metropolitan Area from the American Community Survey (2014-2018) by County 
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Asian 3.0 4.3 0.5 0.9 3.9 7.2 0.7 3.2 

American Indian/Alaska 

Native/Native Hawaiian/ 

 

Pacific Islander 

0.5 0.3 0.2 0.3 0.2 0.1 0.3 0.2 

Hispanic/Latino 5.0 4.4 4.6  2.4 2.6 4.0 3.3 5.9 

Some Other Race (alone) 

 

0.1 0.2 0.1 0.1 0.2 0.2 0.1 0.3 

Two or More Races 2.5 2.2 1.3 1.3 2.1 2.5 2.5 2.1 

Vulnerability 
Households with Person Over 65 (%) 29.3 28.7 29.2 28.9 29.5 28.2 30.6 28.4 

Households with Person Under 18 

(%) 

29.1 29.7 30.7 31.3 29.4 29.0 28.5 30.3 

Households Receiving SSI, cash 

assistance, Food Stamps/SNAP With 

Children Under 18 (%) 

27.9 29.9 22.8 11.3 23.6 14.3 25.8 45.2 

Households Receiving SNAP with 

Disabled Person (%) 

7.1 7.5 6.5 2.3 6.2 4.0 8.3 11.3 

Families whose income in the past 12 

months is below the poverty level with 

related children of the householder 

under 18 years (%) 

17.5 18.1 12.0 5.8 14.1 8.7 17.6 28.4 

Population Uninsured (%) 6.1 6.0 7.4 4.0 5.7 4.9 5.6 7.2 

Population With Disability (%) 14.3 14.1 14.3 10.4 14.0 11.7 16.9 16 

Population Civilian Veteran (%) 7.3 6.5 7.6 7.6 7.3 5.7 9.1 6.2 

Culture 
Median Age (years) 39.7 39.9 43.9 43.2 40.8 40.9 43.5 37.9 

Population Immigrant, U.S. Citizen 

(%) 

3.5 5.5 1.1 1.9 7.0 6.6 1.6 4.9 

Population Non-Citizen (%) 3.2 4.3 1.5 1.0 3.9 6.1 1.0 4.0 

Households with Limited English 

(Speak English less than “very well”) 

(%) 

3.4 4.9 1.5 0.8 5.9 4.7 0.7 5.5 

Population Not Married (%) 52.0 53.8 44.5 41.1 51.0 48.1 47.7 61.7 
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Crime Index2   86 52 137 92 107 194 

Residential Stability 

Renter-occupied housing units (%) 29.0 31.2 16.5 14.8 27.0 29.2 76.8 38.0 

Occupied Housing Units with more 

than one person per room (%) 

1.6 1.6 1.6 1.0 1.8 1.1 1.0 2.2 

Vacant Housing (%) 14.7 11.1 8.9 5.9 5.7 6.7 10.0 17.0 

Median Home Value of owner 

occupied units ($) 

146,200 160,600 159,000 233,400 157,700 228,800 146,500 102,700 

Occupied Rental Units where Gross 

Rent 35 percent or more of household 

income (%) 

40.9 41.8 41.3 37.1 39.4 35.5 40.8 46.7 

Occupied Units where Owner Costs 

35 percent or more of income (%) 

17.9 18.4 21.5 16.5 18.1 16.8 17.1 20.8 

Eviction Rate3         

Transportation 
Workers Commute by Car Alone (%) 82.4 84.1 86.8 86.9 87.0 85.8 84.0 80.6 

Occupied Housing Units with no 

vehicle (%) 

7.8 8.9 5.0 3.3 6.1 5.4 6.6 13.8 

Workers Carpooling (%) 8.8 8.3 7.8 6.5 7.8 7.2 10.9 9.7 

Workers Biking/Walking (%) 

 

Walked 

Biked 

 

 

 

2.2 

 

 

 

1.4 

 

 

 

1.3 

 

 

 

1.0 

 

 

 

1.0 

 

 

 

1.1 

 

 

 

 

1.4 

 

 

 

2.0 

Workers Using Public Transit (%) 1.4 1.4 0.48 0.34 0.78 0.46 0.72 2.8 

 
2 Total Crime Index represents relative crime (personal and property) in the United States where 100 = average crime, > 100 = higher crime, and < 100 = lower crime. https://www.arcgis.com/home/item.html?id=b3802d8a309544b791c2304fece864dc 

3 Eviction Rates are based on formal eviction records. https://evictionlab.org/methods/#what-data 

https://www.arcgis.com/home/item.html?id=b3802d8a309544b791c2304fece864dc
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Michigan Accessibility Scores 

Accessibility scores and Spatial Access Ratios (SPARs) were derived for different thresholds of 

each travel mode. Pharmacy access was categorized based on 0.5 and 1 mile distance thresholds. 

For walking and driving modes, 5 minute, 10 minute, 15 minute, 20 minute, and 30 minutes 

thresholds were analyzed for travel time. In the analysis of travel times, the 20-minute walk 

SPARs corresponded to the one mile distance. For driving, the 20 minute and 30 minute drive 

catchments were equivalent. There was no change in access thresholds between a 20-minute 

drive time and a 30-minute drive time. With the expansion of each distance or travel time 

catchment, the distribution of pharmacies at the census tract level became more uniform. At a 

travel time (driving and walking) of 20 minutes, all census tracts had access to at least one 

pharmacy. At a 30 minute walking time, the majority of census tracts located within Detroit had 

access to at least one pharmacy; though there were several census tracts that still had no access. 

Pharmacy access based on distance and travel times were also modeled in ArcGIS to illustrate 

access to pharmacies by census tract. 
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Distance  

 The average minimum distance to a pharmacy across all census tracts in the Detroit 

Metropolitan Area was 1.2 miles (median: 0.8 miles). Non-white census tracts had lower 

minimum distance to a pharmacy (0.7 miles vs. 0.9 miles, p<0.0001). Across all distance 

thresholds, non-white census tracts had lower minimum distance to a pharmacy (p<0.0001) and 

more available pharmacy choices within the travel distance (p<0.0001). At a half mile distance, 

most census tracts did not have a pharmacy within reach. At one mile, non-white census tracts 

had a median of two pharmacy choices while white census tracts had one pharmacy choice 

(p<0.0001) but, on average, residents from non-white census tracts had to travel farther (0.54 

miles vs. 0.42 miles, p<0.0001). At two miles, residents from nonwhite census tracts had 

approximately 8 pharmacy choices while residents from white census tracts had 5 (p<0.0001).  

 Pharmacy accessibility scores and Spatial Access Ratios are presented in (Table 39). At 

both half mile and one mile distances, non-white census tracts had higher accessibility scores and 

higher Spatial Access Ratios relative to white census tracts (p<0.0001). There was no difference 

in accessibility at a two mile distance.   
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Distance Thresholds 
 

0.5 miles 1 mile 2 miles 

Pharmacy Access Levels 

Accessibility Scores 
   

Low <0.266 <0.300 <0.237 

Medium 0.266-1.012 0.300-1.031 0.237-0.623 

High >1.012 >1.031 >0.623 

Spatial Access Ratios 
   

Low <2.648 <1.283 <0.902 

Medium 2.648-10.132 1.283-4.419 0.902-2.38 

High >10.132 >4.419 >2.38 

Mean distance (SE) 0.381(0.009) 0.704(0.010) 1.37(0.012) 

Median distance (SD) 0.395(0.082) 0.717(0.160) 1.38(0.213) 

Range 0.410 0.673 1.24 

 

 Within Detroit city limits, the majority of census tracts were nonwhite (94%). At a half 

mile distance, 218 census tracts did not have access to a pharmacy and at a mile distance, 65 

census tracts did not have access to a pharmacy. Only one census tract did not have access to a 

pharmacy at a distance of two miles. Among census tracts that did have access to a pharmacy, 

the average minimum distance to a pharmacy was 0.7 miles. Within the half mile distance, 

residents had, on average, between 1 and 2 pharmacy choices and at a mile distance they had 3 

pharmacy choices. At two miles, residents could choose between, on average, 10 pharmacies to 

travel to. Average travel distance to a pharmacy was between 0.3 miles and 1.4 miles across all 

travel distances. Normalized accessibility scores revealed that most census tracts had low 

pharmacy access at half mile (79%), mile (75%), and two mile travel distances (63%). There was 

no difference between non-white and white census tracts for minimum distance to a pharmacy or 

pharmacy choice within a given area. Furthermore, there was no difference in accessibility 

Table 39 Pharmacy access levels descriptive statistics of pharmacy accessibility scores and spatial access ratios by distance, 

Detroit MSA 
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scores or SPAR. Figures 60-65 depict Spatial Access Ratios with relative pharmacy access levels 

and pharmacy accessibility by racial composition of census tracts. Across distance thresholds, 

more white census tracts had low pharmacy access. However, beyond a half-mile distance, more 

white census tracts had high pharmacy access .
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Figure 60 Pharmacy Spatial Access Ratios for Half-Mile Travel Distance, Detroit MSA 
Figure 61 Pharmacy Access Levels by Racial Composition for Half-Mile Travel Distance, 

Detroit MSA 
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Figure 62 Spatial Access Ratios for One Mile Travel Distance, Detroit MSA Figure 63 Pharmacy Access Levels by Racial Composition for One Mile Travel Distance, 

Detroit MSA 
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Figure 64 Spatial Access Ratios for Two Mile Travel Distance, Detroit MSA Figure 65 Pharmacy Access Levels by Racial Composition for Two Mile Travel Distance, 

Detroit MSA 
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Drive Time 

 Analysis of drive times for the Detroit Metropolitan Statistical Area revealed a minimum 

drive time of 1.3 minutes to a pharmacy. Across all drive time thresholds, nonwhite census tracts 

had lower minimum travel times (p<0.0001) and a higher number of pharmacy choices within a 

given travel time (p<0.0001). Within a 5-minte and 10-minute drive time, nonwhite census tracts 

traveled, on average, a higher distance compared to white census tracts (p<0.0001). Beyond a 10-

minute drive time, nonwhite census tracts traveled a lower average distance to a pharmacy. There 

was no difference in accessibility scores or SPAR values at a 5-minute or 10-minute drive time, 

but at 20-minute and 30-minute drive times, nonwhite census tracts had significantly higher 

accessibility scores and SPAR values (p<0.0001). 

 Within the city of Detroit, the minimum drive time to a pharmacy was 1.4 minutes. Within 

a 5-minute drive, residents had, on average, access to 25 pharmacy choices with an average drive 

time of 3.5 minutes. A 10-minute drive time expanded the number of pharmacy choices to 137 

with an average drive time of 7 minutes. At 20 minutes residents could reach 549 pharmacies 

and at 30 minutes, they could reach 871 pharmacies. Average drive times were 13 minutes and 

17 minutes, respectively.  

 Examining differences based on racial composition revealed no difference in the minimum 

drive time to a pharmacy or the number of pharmacy choices between white and nonwhite 

census tracts at a 5-minute drive time threshold. Average drive times were higher for nonwhite 

census tracts versus white census tracts (p=0.0104). White census tracts also had higher 

accessibility scores (p=0.0224) and SPAR values (p=0.0224). At 10-minute drive times, 

nonwhite census tracts had more pharmacy choices relative to white census tracts (p<0.0001) but 
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had higher average travel times to get to them (p<0.0001). There was no difference in 

accessibility scores or SPAR values at a 10-minute drive time between nonwhite and white 

census tracts. At 20 minutes, there was no difference between white and nonwhite census tracts 

in minimum drive time to a pharmacy and average drive times to a pharmacy were similar. On 

average, residents from nonwhite census tracts had more pharmacy choices within a 20 minute 

drive and residents from nonwhite census tracts could reach over 500 pharmacies within a 20 

minute drive time. Accessibility scores and SPAR values were significantly higher for nonwhite 

census tracts within a 20 minute drive threshold (p<0.001). Findings were similar for the 30 

minute drive threshold.  

 Drive Time Thresholds 
 

5 minutes 10 minutes 20 minutes 30 minutes 

Accessibility Scores 
    

Low <0.225 <0.180 <0.189 <0.190 

Medium 0.224-0.512 0.180-0.328 0.189-0.296 0.190-0.295 

High >0.512 >0.328 >0.296 >0.295 

Spatial Access Ratios     

Low <0.847 <0.683 <0.714 <0.712 

Medium 0.847-1.942 0.683-1.248 0.714-1.120 0.712-1.109 

High >1.942 >1.248 >1.120 >1.109 

Mean Accessibility Scores (SE) 0.263 (0.005) 0.262 (0.003) 0.263(0.002) 0.266(0.002) 

Median Accessibility Scores 

(SD) 

0.238(0.195) 0.271(0.109) 0.278(0.081) 0.279(0.082) 

Range 1.6 0.767 0.454 0.418 

 

  

Table 40 Pharmacy access levels descriptive statistics of pharmacy accessibility scores and spatial access ratios by drive 

time, Detroit MSA 
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Figure 66 Spatial Access Ratios for 5-minute Drive Time, Detroit MSA Figure 67 Pharmacy Access Levels by Racial Composition for 5-minute Drive Time, Detroit 

MSA 
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Figure 68 Spatial Access Ratios for 10-minute Drive Time, Detroit MSA Figure 69 Pharmacy Access Levels by Racial Composition for 10-minute Drive Time, Detroit 

MSA 
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Figure 71 Spatial Access Ratios for 20-minute Drive Time, Detroit MSA 
Figure 70 Pharmacy Access Levels by Racial Composition for 20-minute Drive Time, Detroit 

MSA 
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Figure 72 Spatial Access Ratios for 30-minute Drive Time, Detroit MSA 

Figure 73 Pharmacy Access Levels by Racial Composition for 30-minute Drive Time, Detroit 

MSA 
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Walk Time  

 On average, residents in the Detroit Metro Area had to travel a minimum walk time of 24 

minutes to reach a pharmacy. Most census tracts could reach a pharmacy within a 16 minute 

walk. To reach more than one pharmacy, the majority of residents had to walk at least 19 

minutes. At a 30 minute walk, most residents could reach three pharmacies. Walk time analysis 

for the Detroit Metro Area revealed significant differences between white and nonwhite census 

tracts for minimum distance to a pharmacy, number of pharmacy choices, and accessibility 

scores. At the 5-minute and 10-minute walk thresholds, residents from nonwhite census tracts 

had a significantly lower average minimum distance to a pharmacy (18 minutes vs 13.8 minutes, 

p<0.0001). Residents from nonwhite census tracts also had a significantly higher number of 

pharmacy choices and could reach at least two pharmacies within a 10 minute walk time 

(p<0.0001). Accessibility scores and SPAR values were also higher for nonwhite census tracts 

(p<0.0001). Differences in accessibility remained at the 20-minute walk time. There were no 

differences in accessibility scores or SPAR values at a 30-minute walk time. 
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 Walk Time Thresholds 
 

5 minutes 10 minutes 20 minutes 30 minutes 

Accessibility Scores 
    

Low 0.000 <0.399 <0.304 <0.286 

Medium 0.001-0.566 0.399-3.25 0.304-1.031 0.286-0.855 

High >0.566 >3.25 >1.031 >0.855 

Spatial Access Ratios 
    

Low 0.000 <0.458 <1.304 <1.116 

Medium 0.001-0.720 0.458-3.727 1.304-4.429 1.116-3.348 

High >0.720 >3.727 >4.429 >3.348 

Mean (SE) 0.020(0.003) 0.101(0.008) 0.228(0.008) 0.255(0.008) 

Median (SD) 0.00(0.11) 0.00(0.272) 0.114(0.306) 0.186(0.295) 

Range 1.23 3.25 2.55 2.96 

  

 Within Detroit, the average minimum walk time to a pharmacy was 14.5 minutes. Within 

the 5- and 10-minute walk times, 295 census tracts (95%) and 217 census tracts (70%) did not 

have pharmacy access, respectively. Of the census tracts that did have pharmacy access within a 

5-minute walk, 15 had high access and one had low access. No census tracts were categorized as 

having medium access. Within a 10-minute walk to a pharmacy, 219 (70.1%) census tracts had 

low pharmacy access, 40 (12.9%) had medium pharmacy access and 51 (16.5%) census tracts 

had high pharmacy access. Among census tracts that did have pharmacy access, the average 

travel time to a pharmacy was 3.7 minutes for the 5-minute threshold and 7.6 minutes for the 10-

minute threshold. A 20-minute walk time provided an average of at least 2 pharmacy choices and 

an average walk time to a pharmacy of 11 minutes. Of 310 census tracts, 11 had high pharmacy 

access, 70 had medium pharmacy access, and 232 had low pharmacy access. Still, 65 (21%) 

census tracts did not have access to a pharmacy. At a 30-minute walk threshold, 9 (3%) census 

Table 41 Pharmacy access levels descriptive statistics of pharmacy accessibility scores and spatial access ratios by walk 

time, Detroit MSA 
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tracts did not have access to a pharmacy. The majority of census tracts had low pharmacy access 

(73%) but had an average of 5 pharmacy choices within an average of 20 minute walk time. 

Walk time analysis revealed no significant differences between white and nonwhite census tracts 

at the city level for minimum distance to a pharmacy, average drive time to a pharmacy, 

pharmacy choice, or accessibility across all walk time thresholds.
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Figure 74 Spatial Access Ratios for 5-minute Walk Time, Detroit MSA 
Figure 75 Pharmacy Access Levels by Racial Composition for 5-minute Walk Time, Detroit 

MSA 
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Figure 76 Spatial Access Ratios for 10-minute Walk Time, Detroit MSA 

Figure 77 Pharmacy Access Levels by Racial Composition for 10-minute Walk Time, Detroit 

MSA 
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Figure 78 Spatial Access Ratios for 20-minute Walk Time, Detroit MSA 

Figure 79 Pharmacy Access Levels by Racial Composition for 20-minute Walk Time, Detroit 

MSA 
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Figure 80 Spatial Access Ratios for 30-minute Walk Time, Detroit MSA 

Figure 81 Pharmacy Access Levels by Racial Composition for 30-minute Walk, Detroit MSA 
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4.3.5 Michigan Pharmacy Access Models 

 

Similar to the analysis using data from the Chicago Metro Area, an examination of variable 

normality and collinearity revealed several variables that were significantly correlated or skewed. 

The variables used in the analysis for the Chicago Metro Area were used to construct the 

Michigan pharmacy access models (Table 11). Most variables were normalized using fractional 

ranks as described in Conover & Iman.386, 387 Four variables were transformed using the natural 

logarithm (e.g., commuters using public transit, commuters who walked to work, household 

crowdedness, and eviction rate). 

Distance 

Half Mile Distance 

Variables that significantly differentiated between pharmacy access levels in the half-mile 

distance were percent of population that were renters and non-white (Table 42). Natural 

logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 30.117; High Access = 29.860). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.873 

(p<0.0001) with a canonical correlation of 0.356 and a significant Eigenvalue of 0.145 

(p<0.0001). Approximately 87.3% of model variability can be explained by the model 

discriminant function (Figure 82). Cross-validation classification revealed that 90% of cases 

could be correctly classified (Table 43). 
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Step Entered 

 Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormRENTERS .909 1 1 297 29.906 1 297 .000 

2 NormNONWHITE .873 2 1 297 21.5 2 297 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

% of occupied housing units that are renter-occupied 0.067 

% of population that is non-white -0.23 

Constant -1.831 

Discriminant Function  

Function = -1.831 + 0.047 (percent renters) + 0.030 (percent nonwhite) 

 

 

  

Half-mile distance 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 1151 18 1169 

High Access 110 17 127 

% Low Access 98.5 1.5 100.0 

High Access 86.6 13.4 100.0 

Cross-validatedb Count Low Access 1149 20 1169 

High Access 110 17 127 

% Low Access 98.3 1.7 100.0 

High Access 86.6 13.4 100.0 

a. 90.1% of original grouped cases correctly classified. 
b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 
c. 90.0% of cross-validated grouped cases correctly classified. 

 

 

Table 42 Stepwise univariate analyses for half-mile distance, Detroit MSAa,b,c,d 

Figure 82 Model Discriminant Function and Function Coefficients for half-mile distance, Detroit MSA 

 

Table 43 Cross-validation Classification Results for half-mile distance, Detroit MSAa,c 
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One Mile Distance 

Variables that significantly differentiated between pharmacy access levels in the one-mile 

distance were households with children, percent of population that was non-white, and percent of 

population that were renters (Table 44). Natural logarithms of determinants were similar between 

access levels and equality of variance-covariance matrices could be assumed (Low Access = 

15.920; High Access = 17.373). Multivariate statistics and F approximations revealed a 

significant Wilk’s Lambda of 0.876 (p<0.0001) with a canonical correlation of 0.356 and a 

significant Eigenvalue of 0.142 (p<0.0001). Approximately 87.6% of model variability can be 

explained by the model discriminant function (Figure 83). Cross-validation classification 

revealed that 77.1% of cases could be correctly classified (Table 45). 

Step Entered 

 Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormHH18 .960 1 1 297 12.403 1 297 .000 

2 NormNONWHITE .932 2 1 297 10.755 2 296 .000 

3 NormRENTERS .876 3 1 297 13.935 3 295 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

 

 

  

Table 44 Stepwise univariate analyses for one-mile distance, Detroit MSAa,b,c,d 
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Canonical Discriminant Function Coefficients 

% of total households with one or more people < 18 years 0.037 

% of occupied housing units that are renter-occupied -0.048 

% of population that is non-white 0.032 

Constant -0.687 

Discriminant Function  

Function = -0.687+0.037(households with children) – 0.048 (renters) + 0.032 (percent 

nonwhite) 

 
  

  

One Mile Distance 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 949 84 1033 

High Access 201 62 263 

% Low Access 91.9 8.1 100.0 

High Access 76.4 23.6 100.0 

Cross-validatedb Count Low Access 942 91 1033 

High Access 206 57 263 

% Low Access 91.2 8.8 100.0 

High Access 78.3 21.7 100.0 

a. 78.0% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 77.1% of cross-validated grouped cases correctly classified. 

 

  

Figure 83 Model Discriminant Function and Function Coefficients for one-mile distance, Detroit MSA 

Table 45 Cross-validation Classification Results for one-mile distance, Detroit MSAa,c 
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Two Mile Distance 

Variables that significantly differentiated between pharmacy access levels in the two-mile 

distance were home value, isolation index, percent of population that were renters, and percent 

uninsured (Table 46). Natural logarithms of determinants were similar between access levels and 

equality of variance-covariance matrices could be assumed (Low Access = 30.117; High Access 

= 29.860). Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 

0.874 (p<0.0001) with a canonical correlation of 0.407 and a significant Eigenvalue of 0.199 

(p<0.0001). Approximately 87.4% of model variability can be explained by the model 

discriminant function (Figure 84). Cross-validation classification revealed that 66.2% of cases 

could be correctly classified (Table 47). 

Step Entered 

 Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormHOMEVALUE .932 1 1 297 21.755 1 297 .000 

2 NormRENTERS .891 2 1 297 18.129 2 296 .000 

3 NormUNINSURED .864 3 1 297 15.504 3 295 .000 

4 NormISO_BLK .834 4 1 297 14.609 4 294 .000 

 At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

 a. Maximum number of steps is 60. 

 b. Minimum partial F to enter is 3.84. 

 c. Maximum partial F to remove is 2.71. 

 d. F level, tolerance, or VIN insufficient for further computation. 

  

Table 46 Stepwise univariate analyses for two-mile distance, Detroit MSAa,b,c,d 
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Canonical Discriminant Function Coefficients 

Home Value 6E-6 

Isolation Index -0.019 

% of occupied housing units that are renter-occupied 0.045 

% of civilian noninstitutionalized population with no health insurance -0.145 

Constant -0.473 

Discriminant Function  

Function = -0.473 + 6E6-6(home value) – 0.019 (isolation index) + 0.045 (percent renters) – 

0.145 (percent uninsured) 

 

 

 

 

 

Two Mile Distance 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 777 217 994 

High Access 195 107 302 

% Low Access 78.2 21.8 100.0 

High Access 64.6 35.4 100.0 

Cross-validatedb Count Low Access 756 238 994 

High Access 200 102 302 

% Low Access 76.1 23.9 100.0 

High Access 66.2 33.8 100.0 

a. 68.2% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 66.2% of cross-validated grouped cases correctly classified. 

 

Drive Time 

Five Minute Drive Time 

Variables that significantly differentiated between pharmacy access levels in the 5 minute drive 

time were: single parent homes, households with elderly, percent uninsured, Gini Index, Isolation 

Index for African-Americans, and the percent of population that were renters (Table 48). Natural 

Figure 84 Model Discriminant Function and Function Coefficients for two-mile distance, Detroit MSA 

Table 47 Cross-validation Classification Results for two-mile distance, Detroit MSAa,c 
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logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 15.935; High Access = 16.589). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.878 

(p<0.0001) with a canonical correlation of 0.390 and a significant Eigenvalue of 0.179 

(p<0.0001). Approximately 87.8% of model variability can be explained by the model 

discriminant function (Figure 85). Cross-validation classification revealed that 55.3% of cases 

could be correctly classified (Table 49). 
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Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormONEPARENT .933 1 1 296 21.174 1 296 .000 

2 NormHH65 .911 2 1 296 14.325 2 295 .000 

3 NormUNINSURED .895 3 1 296 11.558 3 294 .000 

4 NormGINI_INDEX .878 4 1 296 10.147 4 293 .000 

5 NormISO_BLK .861 5 1 296 9.436 5 292 .000 

6 NormRENTERS .848 6 1 296 8.694 6 291 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 62. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

Gini Index -5.666 

% of total households with one or more people 65 years and over 0.38 

Isolation Index (African-American) 0.020 

% of households with single parent of children < 18 years old 0.080 

% of occupied housing units that are renter-occupied -0.024 

% of civilian noninstitutionalized population with no health insurance 0.126 

Constant -0.546 

Discriminant Function  

Function = -0.546 -5.666(Gini Index) +0.38 (households with elderly) + 0.020 (Isolation Index) 

– 0.024 (percent renters) +0.126(percent uninsured) 

  

Table 48 Stepwise univariate analyses for 5 minute drive time, Detroit MSAa,b,c,d 

 

 

Figure 85 Model Discriminant Function and Function Coefficients for 5 minute drive time, Detroit MSA 
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5 minute Drive Time 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 536 312 848 

High Access 232 216 448 

Ungrouped cases 8 0 8 

% Low Access 63.2 36.8 100.0 

High Access 51.8 48.2 100.0 

Ungrouped cases 100.0 .0 100.0 

Cross-validatedb Count Low Access 511 337 848 

High Access 242 206 448 

% Low Access 60.3 39.7 100.0 

High Access 54.0 46.0 100.0 

a. 58.0% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 55.3% of cross-validated grouped cases correctly classified. 

 

Ten Minute Drive Time 

Variables that significantly differentiated between pharmacy access levels in the 5 minute drive 

time were: percent of population that were immigrants, school enrollment of children, Gini 

Index, Eviction Rate, and percent of population that were veterans(Table 50). Natural logarithms 

of determinants were similar between access levels and equality of variance-covariance matrices 

could be assumed (Low Access = 7.414; High Access = 7.678). Multivariate statistics and F 

approximations revealed a significant Wilk’s Lambda of 0.844 (p<0.0001) with a canonical 

correlation of 0.395 and a significant Eigenvalue of 0.185 (p<0.0001). Approximately 84.4% of 

model variability can be explained by the model discriminant function (Figure 86). Cross-

validation classification revealed that 66.0% of cases could be correctly classified (Table 51). 

 

Table 49 Cross-validation Classification Results for 5 minute drive time, Detroit MSAa,c 
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Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 NormImmigrant .929 1 1 296 22.709 1 296 .000 

2 NormIN_SCHO

OL 

.900 2 1 296 16.448 2 295 .000 

3 NormGINI_IND

EX 

.874 3 1 296 14.136 3 294 .000 

4 NormEVICTRT .856 4 1 296 12.342 4 293 .000 

5 NormVETERA

N 

.844 5 1 296 10.816 5 292 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 62. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

Eviction Rate -0.130 

Gini Index 7.527 

% of population that is not a U.S. born citizen 0.050 

% of population 3 years and over enrolled in Kindergarten to 12th grade 0.068 

% of civilian population 18 years and over that are veterans 0.094 

Constant -9.787 

Discriminant Function  

Function = -9.787 -0.130(Eviction Rate) +7.527 (Gini Index) + 0.050 (percent immigrant) 

+0.068(school enrollment) +0.094(percent veterans) 

 

 

 

  10 minute Drive Predicted Group Membership Total 

Table 50 Stepwise univariate analyses for 10 minute drive time, Detroit MSAa,b,c,d 

 

Figure 86 Model Discriminant Function and Function Coefficients for 10 minute drive time, Detroit MSA 

Table 51 Cross-validation Classification Results for 10 minute drive time, Detroit MSAa,c 
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  Low Access High Access 

Original Count Low Access 48 401 449 

High Access 31 816 847 

Ungrouped cases 0 8 8 

% Low Access 10.7 89.3 100.0 

High Access 3.7 96.3 100.0 

Ungrouped cases .0 100.0 100.0 

Cross-validatedb Count Low Access 44 405 449 

High Access 35 812 847 

% Low Access 9.8 90.2 100.0 

High Access 4.1 95.9 100.0 

a. 66.7% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 66.0% of cross-validated grouped cases correctly classified. 

 

Twenty Minute Drive Time 

Variables that significantly differentiated between pharmacy access levels in the 5 minute drive 

time were: home values and percent of population that were immigrants (Table 52). Natural 

logarithms of determinants were similar between access levels and equality of variance-

covariance matrices could be assumed (Low Access = 26.702; High Access = 27.262). 

Multivariate statistics and F approximations revealed a significant Wilk’s Lambda of 0.922 

(p<0.0001) with a canonical correlation of 0.280 and a significant Eigenvalue of 0.085 

(p<0.0001). Approximately 92.2% of model variability can be explained by the model 

discriminant function (Figure 87). Cross-validation classification revealed that 73.3% of cases 

could be correctly classified (Table 53). 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 Exact F 

Table 52 Stepwise univariate analyses for 20 minute drive time, Detroit MSAa,b,c,d 
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Statisti

c df1 df2 Sig. 

1 NormHOMEVA

LUE 

.975 1 1 296 7.688 1 296 .006 

2 NormImmigrant .922 2 1 296 12.536 2 295 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 62. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

Canonical Discriminant Function Coefficients 

Home Value 2E-6 

% of population that is not a U.S. born citizen -0.081 

Constant -0.477 

Discriminant Function  

Function = -0.477 +2E-6 (Home Value) -0.081(percent immigrants) 

  

 

Figure 87 Model Discriminant Function and Function Coefficients for 20 minute drive time, Detroit MSA 
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20 minute Drive 

Predicted Group Membership 

Total   Low Access High Access 

Original Count Low Access 28 306 334 

High Access 20 942 962 

Ungrouped cases 0 8 8 

% Low Access 8.4 91.6 100.0 

High Access 2.1 97.9 100.0 

Ungrouped cases .0 100.0 100.0 

Cross-validatedb Count Low Access 15 319 334 

High Access 27 935 962 

% Low Access 4.5 95.5 100.0 

High Access 2.8 97.2 100.0 

a. 74.8% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

c. 73.3% of cross-validated grouped cases correctly classified. 
 

Walk Time 

 

 

Table 53 Cross-validation Classification Results for 20 minute drive time, Detroit MSAa,c 

Table 54 Univariate Test Statistics, Walk Time, Detroit MSA 

Variable Total Std. 

Deviation 

Pooled Std. 

Deviation 

Between Std. 

Deviation 

R-Square R-Square / (1-

RSq) 

F Value Pr > F 

5-minute walk        

Home Value 0.0000136 0.0000136 7.18E-07 0.0014 0.0014 0.32 0.5699 

Percent renters 0.1901 0.1892 0.0318 0.0141 0.0143 3.31 0.0702 

Percent walked to work 0.055 0.0543 0.0134 0.0299 0.0309 7.16 0.008 

Walkability 1.6024 1.6005 0.1848 0.0067 0.0067 1.56 0.213 

Owner cost of living 0.2071 0.2062 0.0339 0.0134 0.0136 3.16 0.0769 

Renter cost of living 0.1636 0.1614 0.0402 0.0303 0.0313 7.25 0.0076 

Gini Index 0.0695 0.0696 0.005824 0.0035 0.0035 0.82 0.366 

Percent immigrants 1.4153 1.3976 0.3405 0.0291 0.0299 6.95 0.009 

Percent non-white 1.8606 1.8625 0.1261 0.0023 0.0023 0.54 0.4648 

10-minute walk        
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Five Minute Walk Time 

All census tracts within a five minute walk time were categorized into high or low access. 

Therefore, discriminant analysis resulted in two levels (High Access, Low Access) and one 

Discriminant Function (DF). Variables that did not contribute significantly to the model were 

removed and the resulting model revealed the following significant variables: percent of renters, 

Home Value 1.36E-05 1.35E-05 2.66E-06 0.0254 0.0261 3.01 0.0511 

Percent renters 0.1901 0.1899 0.0245 0.0111 0.0113 1.3 0.2742 

Percent walked to work 0.055 0.0535 0.0168 0.0624 0.0665 7.68 0.0006 

Walkability 1.6024 1.5787 0.3802 0.0377 0.0392 4.52 0.0118 

Owner cost of living 0.2071 0.2055 0.0396 0.0245 0.0251 2.9 0.057 

Renter cost of living 0.1636 0.1604 0.0434 0.0471 0.0494 5.71 0.0038 

Gini Index 0.0695 0.0697 0.004284 0.0025 0.0025 0.29 0.7453 

Percent immigrants 1.4153 1.396 0.3262 0.0356 0.0369 4.26 0.0153 

Percent non-white 1.8606 1.8571 0.2523 0.0123 0.0125 1.44 0.2391 

20-minute walk        

Home Value 1.33E-05 1.29E-05 4.14E-06 0.0653 0.0698 9.6 <.0001 

Percent renters 0.0529 0.052 0.0131 0.0413 0.0431 5.92 0.003 

Percent walked to work 1.528 1.5101 0.3252 0.0303 0.0313 4.3 0.0145 

Walkability 0.1999 0.1954 0.0556 0.0518 0.0547 7.52 0.0007 

Owner cost of living 0.1618 0.16 0.0336 0.0288 0.0297 4.08 0.0179 

Renter cost of living 1.7909 1.7625 0.4292 0.0384 0.04 5.49 0.0046 

Gini Index 1.33E-05 1.29E-05 4.14E-06 0.0653 0.0698 9.6 <.0001 

Percent immigrants 0.0529 0.052 0.0131 0.0413 0.0431 5.92 0.003 

Percent non-white 1.528 1.5101 0.3252 0.0303 0.0313 4.3 0.0145 

30-minute walk        

Home Value 1.4E-05 1.3E-05 5.06E-06 0.0923 0.1017 11.74 <.0001 

Percent Renters 0.1901 0.1863 0.051 0.0482 0.0507 5.85 0.0033 

Walked to Work 0.055 0.0514 0.0248 0.1357 0.157 18.13 <.0001 

Walk Index 1.6024 1.5549 0.5053 0.0666 0.0713 8.24 0.0004 

Owner Cost of Living 0.2071 0.2025 0.0579 0.0523 0.0552 6.38 0.002 

Renter Cost of Living 0.1636 0.1596 0.0475 0.0564 0.0598 6.91 0.0012 

Gini Index 0.0695 0.0688 0.0143 0.0283 0.0292 3.37 0.0361 

Percent Immigrant 1.4153 1.3954 0.3295 0.0363 0.0377 4.35 0.014 

Percent Non-White 1.8606 1.8349 0.4304 0.0358 0.0372 4.29 0.0148 
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percent of workers walking to work, walkability, renter cost of living, and percent of the 

population that were immigrants . Multivariate statistics and F approximations revealed a 

significant Wilk’s Lambda of 0.869 (p<0.0001). As such, 86.9% of model variability can be 

explained by model functions, F(5, 243)=7.35 with average unweighted R-square of 0.0421and 

average weighted R-square of 0.0278. The Canonical Correlation was 0.362390 for the 

Discriminant Function-1 (DF1). DF1 had a significant Eigenvalue of 0.1512 (p<0.0001) (Table 

37). Standardized Canonical Coefficients are shown in Table 38 representing the Discriminant 

Function for pharmacy access levels (high vs. low). Squared distances between access levels 

were significant (p<0.0001).  

 

Variable High Low 

Constant -41.804 -37.4884 

Percent Renters -5.00226 -6.95413 

Walked to Work 2.94601 -11.4506 

Walk Index 5.31615 5.10498 

Renter Cost of Living 9.74994 14.09957 

Percent Immigrant -0.78285 -1.28077 

 

Cross-validation revealed a re-substitution posterior probability error rate of 5.6%. 

 

Ten Minute Walk Time 

Discriminant analysis of the 10-minute walk catchment results in three levels of pharmacy access 

(High-, Medium-, Low-Access) with two Discriminant Functions. Variables that did not 

contribute significantly to the model (Gini Index, percentage of renters, percentage of non-white 

population, owner cost of living) were removed and the resulting model revealed the following 

significant variables: home value, percent of workers walking to work, walkability, renter cost of 

Table 55 Linear Discriminant Function for 5-minute walk pharmacy access 
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living, and percent of the population that were immigrants  Multivariate statistics and F 

approximations revealed a significant Wilk’s Lambda of 0.8435 (p<0.0001). As such, 84.4% of 

model variability can be explained by model functions, F(10, 466)=4.14 with an average 

unweighted R-square of 0.0409 and average weighted R-square of 0.0381. The Canonical 

Correlations were 0.384654 for Discriminant Function-1 (DF1) and 0.099567 for Discriminant 

Function-2 (DF2). DF1 had a significant Eigenvalue of 0.1737 (p<0.0001) but DF2 was not 

significant (p=0.6733). Standardized Canonical Coefficients are shown in representing the 

Discriminant Functions for pharmacy access levels (high, medium, low). Squared distances 

between access levels were significant only for discriminating between high and low pharmacy 

access levels (p<0.0001). 

 
Variable High Low Medium 

Constant -41.5555 -37.6015 -41.04808 

Home Value 76331 69232 49996 

Walked to Work 3.42015 -5.56262 0.70409 

Walk Index 5.30277 4.95875 5.27242 

Renters’ Cost of Living 6.35778 10.01279 7.85964 

Percent Immigrants -0.86927 -1.07269 -0.79316 

 

Cross-validation revealed a re-substitution posterior probability error rate of 25.7%. 

 

Twenty Minute Walk Time 

Discriminant analysis of the 20-minute walk catchment results in three levels of pharmacy access 

(High-, Medium-, Low-Access) with two Discriminant Functions. Variables that did not 

contribute significantly to the model (Gini Index, percentage of renters, percentage of 

immigrants) were removed and the resulting model revealed the following significant variables: 

home value, percent of workers walking to work, walkability, owner cost of living, renter cost of 

Table 56 Linear Discriminant Function, 10-minute walk 
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living and percent of the population that were non-white. Multivariate statistics and F 

approximations revealed a significant Wilk’s Lambda of 0.837 (p<0.0001). As such, 83.7% of 

model variability can be explained by model functions, F(12, 540)=4.18. The Canonical 

Correlations were 0.392217for Discriminant Function-1 (DF1) and 0.102941 for Discriminant 

Function-2 (DF2). DF1 had a significant Eigenvalue of 0.1818 (p<0.0001) but DF2 was not 

significant (p=0.7149).Standardized Canonical Coefficients are shown in Table 38 representing 

the Discriminant Functions for pharmacy access levels (high, medium, low). Squared distances 

between access levels were significant for discriminating between all levels; however, the 

discrimination between high and medium access was marginal. The average unweighted R-

square was 0.0427 and average weighted R-square of 0.035. 

Variable High Low Medium 

Constant -51.5594 -43.8941 -46.73118 

Home value 30994 97849 81047 

Walked to Work 3.87673 -13.9398 -11.99575 

Walk Index 6.32637 5.76284 6.0592 

Owner Cost of Living 7.67997 11.23043 9.32734 

Renter Cost of Living 14.69656 16.06804 14.70152 

Percent Non-White -1.87303 -1.45375 -1.53234 

 

Cross-validation revealed a re-substitution posterior probability error rate of 22.4%. 

 

Thirty Minute Walk Time 

Discriminant analysis of the 30-minute walk catchment resulted in three levels of pharmacy 

access (High-, Medium-, Low-Access) with two Discriminant Functions. Variables that 

contributed significantly to the model included: home value, percentage of renters, percent of 

workers walking to work, walkability, owner cost of living, renter cost of living, percent of 

population that were immigrants and percent of the population that were non-white. Multivariate 

Table 57 Linear Discriminant Function, 20-minute walk 
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statistics and F approximations revealed a significant Wilk’s Lambda of 0.6867 (p<0.0001). 

Therefore, 68.7% of model variability can be explained by model functions, F(18,446)=5.12. The 

Canonical Correlations were 0.540697 for Discriminant Function-1 (DF1) and 0.089485 for 

Discriminant Function-2 (DF2). DF1 had a significant Eigenvalue of 0.4131 (p<0.0001) but DF2 

was not significant (p=0.5569). Standardized Canonical Coefficients are shown in Table 38. 

representing the Discriminant Functions for pharmacy access levels (high, medium, low). 

Squared distances between access levels were significant for discriminating between all levels. 

The average unweighted R-square was 0.0613 and average weighted R-square of 0.0458.  

Variable High Low Medium 

Constant -51.5594 -43.8941 -46.73118 

Home value 30994 97849 81047 

Walked to Work 3.87673 -13.9398 -11.99575 

Walk Index 6.32637 5.76284 6.0592 

Owner Cost of Living 7.67997 11.23043 9.32734 

Renter Cost of Living 14.69656 16.06804 14.70152 

Percent Non-White -1.87303 -1.45375 -1.53234 

 

Cross-validation revealed a re-substitution posterior probability error rate of 22.4%. 

 

 

Table 58 Linear Discriminant Function, 20-minute walk 
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 Variable Function 1 Function 2 

5-minute walk 

 Percent Renters 0.208254106  

 Walked to Work 0.555300051  

 Walk Index 0.203091618  

 Owner Cost of Living -0.119893807  

 Renter Cost of Living -0.389925277  

 Percent Immigrants 0.39858131  

10-minute walk 

 Constant -0.06823 0.970387 

 Home Value 0.459986 0.311398 

 Walked to Work 0.570341 0.024775 

 Walk Index -0.52951 -0.55835 

 Renters’ Cost of Living 0.36415 -0.35378 

20-minute walk   

 Home Value 0.373036 -0.24193 

 Walked to Work -0.31374 0.675063 

 Walk Index -0.50756 -0.50298 

 Owner Cost of Living 0.422836 0.437044 

Table 59 Canonical Discriminant Analysis, Canonical Correlations and Eigenvalues, Walking 

Canonical 

Correlation 

Adjusted 

Canonical 

Correlation 

Approximate 

Standard Error 

Squared 

Canonical 

Correlation 

Eigenvalues of Inv(E)*H = CanRsq/(1-CanRsq) 

 
Eigenvalue Difference Proportion Cumulative Likelihood 

Ratio 

Approx. 

F-value 

Num DF Den DF Pr > F 

5-minute walk 

1 0.36239 0.343693 0.055161 0.131326 0.1512 
 

1 1 0.86867 7.35 5 243 <.0001 

10-minute walk             

1 0.384654 0.361602 0.055114 0.147959 0.1737 0.1636 0.9455 0.9455 0.84359472 4.14 10 466 <.0001 

2 0.099567 0.039909 0.064043 0.009914 0.0100   0.0545 1.0000 0.99008647 0.59 4 234 0.6733 

20-minute walk             

1 0.392217 0.368963 0.050841 0.153834 0.1818 0.1711 0.9444 0.9444 0.83719945 4.18 12 540 <.0001 

2 0.102941 0.035900 0.059447 0.010597 0.0107   0.0556 1.0000 0.98940320 0.58 5 271 0.7149 

30-minute walk             

1 0.540697 0.515794 0.046359 0.292353 0.4131 0.3827 0.9313 0.9313 0.68672012 5.12 18 446 <.0001 

2 0.171966 0.089485 0.063575 0.029572 0.0305   0.0687 1.0000 0.97042764 0.85 8 224 0.5569 

Table 60 Total-Sample Standardized Canonical Coefficients for Discriminant Functions, Walk Time 
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 Renter Cost of Living 0.195074 0.455473 

 Percentage Non-White 0.286221 -0.35446 

 Percent Non-white -0.04717132 -0.173861758 

30-minute walk    

 Percent Renters 0.0600086 0.410886342 

 Waked to Work 0.501054792 0.568163419 

 Walk Index 0.477900473 -0.530066831 

 Owner Cost of Living -0.295588688 -0.058487198 

 Renter Cost of Living -0.326851363 0.369105421 

 Gini Index 0.240203542 0.149797201 

 Percent Immigrant 0.184152699 -0.372026713 

 Percent Non-white -0.04717132 -0.173861758 
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4.3.6 Summary of Findings 

 

 Within both study areas, there was a non-uniform distribution of pharmacies at the census 

tract level. In the Chicago Metro Area, there were less pharmacies in non-white census tracts 

while in the Detroit Metro Area there were more pharmacies in non-white census tracts. The 

pharmacy-to-resident ratio also differed by census tract racial composition. In both study areas, 

the pharmacy-to-resident ratio was lower within nonwhite census tracts. 

 Similarly, population and community demographic variables differed by the racial 

composition of census tracts. Overall, nonwhite census tracts had higher indicators of 

socioeconomic and social vulnerability relative to white census tracts. There were more also 

more barriers to pharmacy access for nonwhite census tracts such as less vehicle access and 

higher crime rates. Accessibility scores were lower for nonwhite census tracts in the Chicago 

Metro Area but not in the Detroit Metro Area. 

Thus, for Specific Aim #1, the null hypotheses were rejected. 

Hypothesis 1.1: There will be a non-uniform distribution of pharmacies across census tracts 

 

H0: µ1 = µ2 

H1: µ1 > µ2 

 

where µ1 represents the average number of pharmacies in an ethnic/racial dominant census tract and µ2 represents 

the average number of pharmacies in an ethnic/racial non-dominant census tract 

 

 

Hypothesis 1.2: There will be a non-uniform distribution of non-spatial/aspatial factors associated with pharmacy 

access across census tracts 

 

H0: µ1 = µ2 

H1: µ1 > µ2 

 

where µ1 represents the average number of non-spatial/aspatial barriers in an ethnic/racial dominant census tract 

and µ2 represents the average number of non-spatial/aspatial barriers in an ethnic/racial non-dominant census tract 
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Hypothesis 1.3: There will be a lower pharmacy-to-resident ratio in census tracts that contain predominantly 

ethnic/racial minority populations 

 

H0: p1 = p2 

H1: p1 < p2 

 

where p1 represents the number of pharmacies per resident in an ethnic/racial dominant census tract and p2 

represents the number of pharmacies per resident in an ethnic/racial non-dominant census tract. 

Hypothesis 1.4: Pharmacy accessibility scores will be lower in census tracts that contain predominantly ethnic/racial 

minority populations 

 

H0: Ai
F

(x) = Ai
F

(y) 

Ha: Ai
F

(x) < Ai
F

(y) 

 

where Ai
F

(x) represents the pharmacy accessibility scores in an ethnic/racial dominant census tract and Ai
F

(y) 

represents the pharmacy accessibility scores in an ethnic/racial non-dominant census tract. 

 

 Several variables were significant for differentiating between  pharmacy access levels. 

Variables associated with  relative pharmacy access levels varied by catchment mode and size. 

Significant variables also differed between study areas.  Not all variables hypothesized to be 

associated with pharmacy access were significant for  predicting classification to relative access 

levels. A summary of  variables and associated outcome (i.e., reject the null hypotheses or fail to 

reject the null hypotheses) for Specific Aim #2 are presented in Appendix  A. 

 Pharmacy access models for the Chicago Metro Area were predominantly characterized by 

indicators of population vulnerability, transportation infrastructure and use, and residential 

stability. Additional indicators of socioeconomic position, social class, and culture were 

influential on travel time models. Racial composition was only influential on drive time. 

Distance access models were more influenced by vulnerability and transportation use. 

 In the Detroit Metropolitan Area, pharmacy access models were primarily influenced by 

indicators of residential stability, socioeconomic position, and vulnerability. Immigrant status, 
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racial composition, and residential segregation (i.e., the Isolation Index for African-Americans) 

emerged as predictors of access in drive time models. Walk time access models were 

additionally influenced by racial composition and immigrant status. Immigrant status was 

significant only in walk times of 10 minutes or less. In distance models, Isolation Index of 

African-Americans emerged as influential at the two mile distance threshold. 

 The comparison of accessibility scores and Spatial Access Ratios between white and 

nonwhite census tracts revealed that in the Chicago Metro Area, that there were more nonwhite 

census tracts with low pharmacy access and more white census tracts with high pharmacy access. 

In the Detroit Metro Area, nonwhite census tracts had higher accessibility scores within the 

shortest travel times and shortest distances (i.e., within the city center) relative to white census 

tracts. However, this finding was confounded by the noticeable racial residential segregation 

when census tracts were groups according to their predominant racial composition. Thus, for 

Specific Aim#3, the null hypotheses were rejected.  

Hypothesis 3.1: There will be low pharmacy access in census tracts that contain predominantly ethnic/racial 

minority populations. 

Hypothesis 3.2: There will be high pharmacy access in census tracts that contain a predominantly White population.  

 

 



 
267 

EXAMINATION OF PHARMACY DENSITY IN SELECTED URBAN AREAS: 

DEVELOPMENT OF A CONCEPTUAL MODEL 

 

 

Chapter 5: DISCUSSION 

 

 

 

 

 

 

 

Lea E. Mollon, PharmD 

Dissertation Final Defense 

Tuesday, July 6, 2021 

  



 
268 

 

5 DISCUSSION 

5.1 Introduction 

 The purpose of this study was to improve understanding of the concept of  pharmacy 

access and identify factors influential in in different pharmacy access levels. It sought to develop 

a conceptual model of pharmacy access in racially diverse, urban areas with a focus on racial 

disparities through exploratory, quantitative analyses of population and community estimates, 

and the application of geospatial methodology to categorize pharmacy access by distance or 

travel mode. The study had three aims, which were to (1) describe the pharmacy landscape of 

selected urban communities (e.g., Chicago Metropolitan Area and Detroit Metropolitan Area), 

(2) develop a conceptual model defining levels of pharmacy access in selected urban 

communities, and (3) determine relative levels of pharmacy access across the pharmacy access 

landscape. The conceptualization of the pharmacy models developed in this study were based on 

previously conceived theory-derived conceptual frameworks (see Chapter 2). The domain-driven 

selection of variables was derived from rigorous analysis of research on health access among 

underserved populations, literature on social determinants of health, and health disparities 

specific to the United States. The study’s conceptual model integrated social determinants of 

health, the concept of supply and demand, elements of Andersen’s Model and models of health 

care access, and previous exploratory analyses of pharmacy access. 

5.2 Aim-Specific Discussion of Findings 

5.2.1 SPECIFIC AIM 1: DESCRIBE THE PHARMACY LANDSCAPE OF SELECTED 

URBAN COMMUNITIES 
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Key Findings: Chicago Metropolitan Area 

The majority of pharmacies in the Chicago Metropolitan Area were chain pharmacies that were 

open for an average of 76 operating hours per week. Pharmacies within the city of Chicago were 

open for less operating hours relative to the larger urban area. The distribution of pharmacies 

across the Chicago Metropolitan Area was not uniform. Of 1268 active, community pharmacies, 

62% were within Cook County and the majority of those were in Chicago with a higher 

concentration in Central and Northern neighborhoods that also had a higher percentage of 

predominantly White census tracts. The distribution of community pharmacies across the city 

center mirrored the distribution of Medically Underserved Areas (MUAs). Nonwhite census 

tracts had significantly less community pharmacies and lower mean pharmacy-to-resident ratios. 

These nonwhite census tracts were also disproportionately located within MUAs (Figure 11-12). 

This finding supports prior research concluding that there are disparities in health care access, 

including pharmacy access, for racial minorities and populations residing in MUAs.62 

 The analysis of community and population factors associated with pharmacy access also 

revealed a non-uniform distribution with residents in nonwhite census tracts experiencing 

disparities in income (p<0.0001), family poverty (p<0.0001), and employment status (p<0.0001). 

Residents from nonwhite census tracts also faced additional disparities in social determinants of 

health including access to transportation, educational attainment, or by being a part of a 

vulnerable population. When analyzing pharmacy access, nonwhite census tracts had a 

significantly lower pharmacy-to-resident ratio (1.36 vs. 1.70, p <0.0001) highlighting the 

synergistic association of living in an urban, racially segregated area like Chicago and the 

experience of racial minorities in these contexts.  
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 Accessibility scores and Spatial Access Ratios (SPARs) were derived for different 

thresholds of each travel mode. SPARs for the 10-minute walk corresponded to the half-mile 

distance and SPARs for the 20-minute walk corresponded to the mile distance. Accessibility 

scores did not change between a 20-minute drive time and a 30-minute drive time. Similarly, the 

distribution of pharmacies became more uniform with expansion of each distance thresholds 

where, at 1 mile, the majority of census tracts had access to at least one pharmacy regardless of 

location. Across the larger Chicago Metropolitan Area, residents from nonwhite tracts had higher 

accessibility scores for the half-mile distance (1.05 vs. 0.963, p<0.0001) but had lower 

accessibility scores at two miles (0.873 vs. 1.11, p<0.0001). There was no difference between 

nonwhite and white tracts at 1 mile. Nonwhite census tracts had lower mean accessibility scores 

for 5-, 20- and 30-minute walk times compared to white census tracts and had higher mean 

accessibility scores in the 10-minute walk time relative to nonwhite census tracts.  

 Within Chicago, a census tract’s racial composition had a significant role in travel distance 

and travel time to pharmacies. Additionally, accessibility scores varied at different distance 

thresholds for based on race. Nonwhite tracts had higher accessibility scores for half-mile 

distance (1.05 vs. 0.963, p<0.0001) but had lower accessibility scores compared to white tracts at 

two miles (0.873 vs. 1.11, p<0.0001). Nonwhite census tracts had lower mean accessibility 

scores for all walk times. Drive time analyses also revealed a non-uniform distribution of 

pharmacies with higher accessibility scores in the central and northern sides of Chicago. 

Accessibility scores were significantly different between nonwhite and white census tracts. 

Within the Chicago Metro Area, nonwhite census tracts had lower accessibility scores across all 

driving times, except for the 30-minute drive time (p<0.0001). Within the Chicago Urban Area, 
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the  significant difference in accessibility scores by drive time was even more pronounced 

(p<0.0001).  

Key Findings: Detroit Metropolitan Area 

 Across the Detroit Metropolitan Area, there were 1108 active community pharmacies with 

a pharmacy-to-resident ratio of 2.57. Similar to the Chicago Metropolitan Area, chain 

pharmacies comprised the majority of the pharmacy market (53.7%); however, in the city of 

Detroit, the majority of pharmacies were independent pharmacies (45.7%). A significant 

ancillary finding during the collection of data was that 135 pharmacies on the Michigan Board of 

Pharmacy list of active pharmacies had permanently closed, 85% of which were independent 

pharmacies.  

 An analysis of population and community demographics revealed significant differences 

between census tracts based on location and racial composition. Within Wayne Country where 

the city if Detroit is located, the median income was significantly lower (p<0.0001). There were 

more families living below poverty and receiving public assistance, and home values were lower 

(p<0.0001). Despite this, the cost of living was higher for both renters and homeowners as 

suggested by more renters or owners paying 35% or more of their income to housing costs 

(p<0.0001). There were significant differences between white and non-white census tracts on the 

domains of socioeconomic position, vulnerability, culture, and residential stability. White census 

tracts had higher indicators of socioeconomic and residential stability such as higher median 

incomes, lower cost of living, higher home values, less crowded housing, and higher home 

ownership whereas populations from nonwhite census tracts were more likely to require public 

assistance or live below the poverty line. Nonwhite census tracts also had less residential 
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stability represented by higher vacancy rates, lower home values, and higher costs of living. 

Further, nonwhite census tracts also had higher indicators of social vulnerability such as more 

households with elderly, children, and disabled.  

 The distribution of pharmacies across the Detroit Metropolitan Area was non-uniform. 

Pharmacies were concentrated within the city center with several census tracts not having access 

to a single pharmacy within their boundaries. Pharmacies were concentrated within the city 

center where there were more non-white census tracts. Populations from non-white census tracts 

had more pharmacy choices and had short travel distances and shorter travel times to a pharmacy 

(p<0.0001).  

 Non-white census tracts had higher accessibility scores and higher Spatial Access Ratios 

(SPAR). These findings were significant at both half mile and one mile distances (p<0.0001). 

Similarly, within the 20-minute travel time (driving and walking), accessibility scores and SPAR 

values for nonwhite census tracts were higher (p<0.0001). There were no significant differences 

in accessibility beyond a 20-minute travel time or 1 mile distance threshold. Importantly, at the 

time of this study, these findings were confounded by the fact that within the city center, 95% of 

the population was a minority population (>90% African-American). Suburban areas were 

predominantly white with fewer pharmacies and longer travel times. This was demonstrated by a 

statistically significant difference in Segregation Index (p<0.0001) and a significant Isolation 

Index for the African-American population (p<0.0001) across the study area.  

Implications 

The description of the pharmacy landscape revealed several implications for research. This 

research identified access disparities at the census tract level in urban areas with a history of 
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residential segregation. This finding supports prior research concluding that there are disparities 

in health care access, including pharmacy access, for racial minorities and populations residing 

in MUAs 62. There were disparities based on distance to a pharmacy and racial composition 

where in one urban area, racial minorities had less access to pharmacies, and in another urban 

area, had higher access to pharmacies. However, categorizing pharmacy access based on distance 

thresholds alone may not identify disparities in access that exist at neighborhood level. Distance 

models revealed that relative access to pharmacies in a supply (number of pharmacies) and 

demand (population) context may be more difficult to discern in concentrated urban centers 

where other factors related to the community and population may facilitate or impede the ability 

of a population to reach a pharmacy. This finding suggests that the use of a 1 mile distance, as 

previously applied in food desert research292 and prior pharmacy accessibility studies 19, 20, 85, 

may not be an optimal threshold to categorize pharmacy access. Using a 1 mile distance to 

delineate pharmacy access, whether by roadway network or straight line distance, may 

overestimate a population’s access to a pharmacy, particularly in urban centers with concentrated 

neighborhoods or community areas. Although the Segregation Index did not surface as a 

significant factor in pharmacy access, there are regional variations in racial composition where 

nonwhite populations may be concentrated in specific areas of the city center with barriers to 

accessing health care resources outside of their immediate area. Importantly, the Segregation 

Index calculated in this study used block group racial population data from the 2010 Census in 

which race was categorized to include Hispanic in the White racial group. This may be the 

reason the Segregation Index was not significant in more models due to the overestimation of the 

White population. Considering there are neighborhoods in Chicago with a high concentration or 
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a majority of Hispanic residents (i.e. Humboldt Park, Pilsen), this is a limitation. Furthermore, 

recent data shows that Latinos have experienced high growth in recent years and are now the 

largest minority population in Chicago.388  

 Findings from this research emphasize the interrelation of characteristics of a population 

and the community context, and their impact on pharmacy access as proposed in the conceptual 

model. That is, low-access to a pharmacy may be heavily influenced by socioeconomic 

environments (i.e., income inequality, social vulnerability, housing deprivation) and 

neighborhood characteristics (i.e., racial segregation, Crime Index, walkability) in addition to 

transportation infrastructure. When infrastructure is improved in medically underserved areas, 

health outcomes of vulnerable populations improve.389 However, there is currently no reliable 

classification of areas underserved by pharmacies. Explaining interactions between communities 

and populations in the framework of pharmacy access remains limited. As such, there are critical 

gaps in understanding associations between the pharmacy landscape and health indicators 

particularly among vulnerable populations that are at a higher risk for poor health outcomes. 

5.2.2 SPECIFIC AIM 2: DEVELOP A CONCEPTUAL MODEL DEFINING LEVELS OF 

PHARMACY ACCESS IN SELECTED URBAN COMMUNITIES 

Key Findings 

 The most influential community and population characteristics in differentiating between 

pharmacy access levels were indicators of residential stability, vulnerability, and transportation. 

Race and ethnicity emerged as significant in drive time models in the Chicago Metro Area and 

across all model types in the Detroit Metropolitan Area. Additionally, the Isolation Index for 

African-Americans was significant in the two mile distance model in the Detroit MSA. Given the 

pronounced racial residential segregation in this study area (i.e., whites concentrated in suburban 
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areas, non-whites concentrated in the urban center), this finding is pertinent to understanding the 

interaction between community variables and measures of access. Although accessibility scores 

were higher for non-white census tracts, the pharmacy access model finding demonstrate that 

racial composition and, consequently, racial segregation, can have an impact on a population’s 

ability to access a pharmacy. This is consistent with original research findings food desert 

literature that identified a strong association between segregation by race and income with 

limited food access.42 

 Importantly, multiple variables across the proposed domain constructs were influential in 

discriminating between pharmacy access levels. Some variables emerged as reliable predictors 

across access modes and across study areas. Other research proposed quantifying social 

determinants of health as multiple dimensions and validated these measures as health indices in 

urban areas.239 Through dimension reduction and clustering machine learning, significant social 

determinants of health were used to predict mortality rates. Several of the same social 

determinants of health identified as significant measures of health indices emerged as significant 

predictors of pharmacy access levels in this research. To date, only one other study has applied 

quantitative methodologies to identify specific social determinants of health associated with 

pharmacy access. Findings from Wisseh et. al. concluded that clusters of community and 

population characteristics may influence access to community pharmacies. Specifically, 

vulnerable populations and communities, including racial minorities, may have lower pharmacy 

access within urban areas.180 

 Pharmacy access models varied by mode of access and study area suggesting that 

quantitative approaches to access may not be generalizable across communities. Although 



 
276 

previous research suggests that the application of pharmacy access definitions may be valid from 

one urban community to the next19, findings from this research conclude otherwise. 

Communities like the Chicago Metro Area with developed public transportation infrastructure 

may not experience the same barriers as communities like the Detroit Metro Area where there 

are higher levels of residential deprivation and a lack of developed public transit infrastructure. 

Individual communities and populations may face different barriers to access. Thus, community 

assessments by stakeholders may be warranted to identify the most relevant and modifiable 

characteristics  

Implications 

Studies have evaluated a variety of factors believed or known to affect a population’s ability to 

access a pharmacy. Pharmacy access research pointed to established distance or travel time 

parameters used in other areas of epidemiological research such as food deserts, rural health, or 

access to primary health care facilities. This study found a discordance between these previously 

established thresholds and pharmacy access for urban areas. Applying a quantitative model that 

considered the supply of pharmacies, defined as the number of pharmacies within reach of each 

distance or time parameter, and the demand for pharmacies, defined by the population centers of 

each census tract, revealed that dichotomized models of access (access or no access based on 

specific distances or travel times) may not be ideal to discern a population’s level of pharmacy 

access. By applying a Gaussian distribution that is suggestive of preference for proximity, this 

study found that pharmacy access is more complex than the ability to walk or drive to a 

pharmacy via road networks. Furthermore, once access thresholds were quantitatively developed 

using the Enhanced 2-Step Floating Catchment Model, it was discovered that aspatial factors 
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contributed to the categorization of census tracts based on level of pharmacy access. In some 

access models, levels of access were significant when categorized into three separate thresholds 

(High, Medium, Low) and, in others, when categorized into only two thresholds (High, Low). 

This indicates that two levels of access may provide a higher degree of accuracy when 

classifying certain regions. In the Chicago Metro Area, initial discriminant analysis revealed 

minimal differences between medium- and high- pharmacy access levels. For the final models, 

classification of pharmacy access into “high” versus “low” based on Spatial Access Ratios 

revealed more reliable access group predication when considering population and community 

contextual effects. In the Detroit Metropolitan Area, utilizing a high-, medium-, and low 

classification of pharmacy access for travel times allowed for higher accuracy in identifying 

associations between predictor variables and levels of access as indicated by higher Eigenvalues 

and higher canonical correlations. Aspatial factors that contributed to the discriminant functions 

were, to some extent, consistent across access thresholds. That is, some of the variables surfaced 

repeatedly as contributing factors to the classification of pharmacy access regardless of travel 

mode. These contributing factors may be key in understanding pharmacy access in urban areas.  

In the Chicago Metro Area, indicators of population vulnerability, transportation, and culture 

were most relevant to differentiating between a community’s relative access to a pharmacy. In 

the Detroit Metropolitan Area, indicators of vulnerability, transportation, and residential stability 

were most important.  
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5.2.3 SPECIFIC AIM 3: DETERMINE RELATIVE LEVELS OF PHARMACY ACCESS 

ACROSS THE PHARMACY ACCESS LANDSCAPE 

Key Findings 

Across the Chicago Metro Area landscape, there were more low pharmacy access areas within 

predominantly racial or ethnic minority communities and neighborhoods. In pharmacy access 

models based on distance, much of the western and southern neighborhoods of the Chicago 

Urban Area had low pharmacy access. High pharmacy access areas existed in downtown, 

predominantly white neighborhoods. With each expansion of the distance thresholds, census 

tracts with a predominantly white racial composition had more high pharmacy access areas. 

Beyond a one mile distance, the western and southern neighborhoods still had low pharmacy 

access. At two miles, predominantly ethnic and racial minority census tracts had a significantly 

higher number of low access areas (408 vs. 508 p<0.0001). Walk time pharmacy access models 

revealed that predominantly white census tracts had more high access areas relative to non-white 

census tracts across all walk time thresholds. With the expansion of each walk time threshold, 

the number of low pharmacy access areas increased for non-white census tracts and the number 

of high pharmacy access areas increased for white census tracts. Similarly, for drive time 

pharmacy access models white census tracts had more high access pharmacy areas and lower low 

access pharmacy areas relative to non-white census tracts. 

 Within the Detroit Metro Area, there were differences in the number of high and low 

pharmacy access areas by racial composition. There were more low access pharmacy areas 

among non-white census tracts using distance, walk time, and drive time pharmacy access 

models. There was one exception and that was at the 0.5 mile distance threshold where more 

white census tracts had low pharmacy access areas (80% vs. 88%, p<0.0001) and more non-
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white census tracts had high pharmacy access areas (3% vs. 1%). Beyond the half mile distance 

parameters, non-white census tracts had more low access pharmacy areas.  

Implications 

 The differences in number of pharmacy access areas between diverse urban neighborhoods 

is consistent with prior pharmacy access literature.19, 85, 154, 180 Previous research has concluded 

that “pharmacy deserts” are more prevalent among minority communities when considering 

interactions between race and other social indicators.180 Findings from this research on the 

Chicago Metro Area and Detroit Metro Area reinforces the important contextual effects the 

interactions of social, economic, and physical environments may have on measures of pharmacy 

access. It also highlights the need for conceptual frameworks of pharmacy access that 

acknowledge underlying indicators of health access and health outcomes. A model incorporates 

both spatial and aspatial accessibility may have more explanatory power relative to changes in 

medical technologies. Further, the finding that non-white census tracts have higher pharmacy 

access at an urban core demonstrates the need for more granular levels of analysis, such as at the 

neighborhood level. Although previous pharmacy accessibility literature applied the conceptual 

framework of food deserts to pharmacy deserts, the measures included (i.e., living >1 mile from 

a pharmacy) may not capture small-area variations in access. This suggests support for situation-

specific policy and research on pharmacy accessibility. 
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5.3 Discussion of Overall Study 

5.3.1 Limitations 

A number of noteworthy study limitations should be acknowledged when considering the results 

of this study. In summary the limitations highlight: (1) public transit, (2) population perspective, 

and (3) prescription drug coverage. In the development of roadway connectivity, public transit 

models were excluded due to complexity. Given that some urban communities, like Chicago, 

utilize public transit to a higher degree relative to other urban communities, it is likely this study 

did not capture important variables related to transit modalities. Vehicle access varied by race, 

but this variable did not arise as a significant variable in the pharmacy access models. It is likely 

public transit would have contributed to the differentiation of pharmacy access levels across 

study areas. This study also did not consider population perspective. That is, patient preference 

for a pharmacy was not acknowledged in the conceptual model. Much research is devoted to the 

patient perspective in health care access and utilization. This study assumed that patients had 

preference for pharmacies in close proximity to their residence. Not all patients may use 

pharmacies close to their home. Future research on factors that lead patients to choose one 

pharmacy over another is warranted. An additional factor that may affect a patient’s ability to use 

one pharmacy over another is prescription drug coverage. Given the high cost of prescription 

drugs, the type and extent of drug coverage a patient has plays an important role in medication 

use. Some pharmacies contract with certain prescription drug plans and not others. These 

contracts can change from year to year resulting in levels of prescription drug benefits also 

changing, This can have an impact on a patient’s ability to pay or a patient’s ability to use 

pharmacies closest to their residence. Lastly, it was not feasible to include every variable 

specified in the conceptual frameworks that informed this research. Additionally, some variables 
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could not be included in the models due to degree of missingness, collinearity, and inability to 

transform some continuous variables into normal or near-normal distributions for inclusion in the 

discriminant analyses. 

5.3.2 Strengths 

 This study is one of few studies that aimed to quantify pharmacy access and examine the 

interaction of spatial barriers and social determinants of health. Through the application of 

geospatial modeling and a rigorous statistical exploration, variables that predicted classification 

of geographic areas into relative pharmacy access levels based on community and population 

characteristics could be achieved. Prior research on pharmacy access concluded that pharmacy 

access measures used in one community could be extended to other locations with similar 

population densities or racial compositions; however, the validity of pharmacy access 

designations across communities or populations has not been established.19, 21 Given the likely 

difference in type and degree of access barriers (i.e., distance measures, crowdedness, 

transportation access), definitions of pharmacy access may be different for rural and urban areas, 

specific populations (i.e., Medically Underserved Populations or minority populations), or 

regions and there may be distinct issues at the individual, community, and societal level that 

would affect pharmacy accessibility. This research supported the hypothesis that pharmacy 

accessibility can vary across communities, including those that may ostensibly appear similar.  

 Using existing frameworks of social determinants of health and health care access this 

research was able to integrate standard economic and social indicators associated with health 

outcomes into conceptual domains. Variables chosen for analysis were informed by 

comprehensive synthesis of health care access and pharmacy access research. By limiting 
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variables to continuous variables at the census tract level, a cross-sectional multivariate analysis 

allowed for small area estimations at a neighborhood level with an empirical model. The 

application of multiple discriminant analysis was useful to identify characteristics that predict 

classification into high or low pharmacy access groups and thereby be interpreted as indicators of 

associated risk for low accessibility. The relative contributions of community or population 

characteristics of differentiating group membership to low or high pharmacy access could be 

identified. Additionally, a measured identification of the most powerful predictors of access 

group classifications allows for more meaningful interpretation within the complex economic, 

social, and physical environment. 

 This study used publicly available data to empirically assess population patterns to better 

understand how social determinants of health may interact differently across regions and lead to 

differential outcomes. Comparing population and community variables as well as resulting 

access models between two urban areas considered to be similar for the purposes of access 

research led to the conclusion that pharmacy access policy and research may need to be situation 

and community specific.    

5.3.3 Public Health Implications 

 Despite significant efforts to address disparities in social determinants of health over the 

last several years through government backed strategies such as Healthy People 2010 and 

Healthy People 2020, health disparities persist. There is a growing abundance of literature 

indicating that the connections among race, spatial context, and poverty have an important role in 

urban health inequalities. A greater understanding of social and economic disparities and their 

association with health care access, including pharmacy access, can improve the development 
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and implementation of effective public health policies that improve health outcomes for 

vulnerable populations.  

 Pharmaceutical care services have expanded in recent years and the need for pharmacy 

access, especially access to pharmacy services such as immunizations, has increased 

proportionally.93 This has become even more evident during the recent Coronavirus disease 

2019 (COVID-19) pandemic that has, as of this writing, killed over half a million Americans.390 

Prior to the COVID-19 pandemic, community pharmacy participation in immunization services 

varied; although, in the US most offered at least one type of vaccine.167  Community pharmacies 

have now been tasked with wide-scale administration of COVID-19 tests and COVID-19 

vaccinations.391 Access to community pharmacies that provide these services is more significant 

than ever, especially among medically and socially vulnerable populations that are 

disproportionately affected by COVID-19 in the US. The mortality burden among at-risk 

populations, such as racial minorities and low-income populations that already experience 

disparities in pre-disposing chronic disease states, is intensified by persistent inequities in health 

care access.392-394 Despite community pharmacies having a key role in public health during the 

COVID-19 pandemic, and despite the opportunity for pharmacists to confront ongoing health 

inequities, there remains no formal or federal designation to define pharmacy shortage areas or 

low pharmacy access.145 

 In this study, my objectives were to develop a model of pharmacy access and estimate 

levels of pharmacy access among selected urban communities with a history of racially based 

residential segregation. Specifically, I used publicly available data representative of these 

populations of interest at the census tract level to identify community and neighborhood factors 
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associated with access to a pharmacy. Significant factors were analyzed quantitatively to 

construct a model of pharmacy access categorization that incorporated travel distance or travel 

time using normalized accessibility scores. I identified racial variations in community and 

neighborhood factors that may affect a population’s ability to access a pharmacy. Similar to 

previous research, 180 I described pharmacy access in the context of social determinants of health 

and racial disparities, highlighting the need for public health research and policies to consider 

and integrate these issues into interventions aimed at improving access. Limited access to a 

pharmacy is associated with indicators of socioeconomic and sociocultural disadvantage 

reinforcing the need for stakeholders to consider the notion of pharmacy-underserved areas 

similar to how areas can be federally designated as medically underserved or as health 

professions shortage areas. Establishing a quantitative, reliable designation for pharmacy access 

would be more consistent with the objectives of governmental bodies to improve measurement 

and advance knowledge of the relationships between vulnerable populations and health 

outcomes.  
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6 CONCLUSION 

Despite higher direct and indirect spending on health care in the United States, population health 

outcomes in the United States have not progressed alongside other developed nations, especially 

for minority populations. The consequences of health disparities remain a central focus for public 

health education and programs while health policy frameworks have attempted to untangle the 

complex relationships between social determinants of health, health behavior, and health care 

infrastructure. Some research has quantified health indicators with an emphasis on population 

vulnerability and influential neighborhood or community components with the goal of 

understanding health care access and use. Similar to this previous research, this study sought to 

develop a conceptual model of pharmacy by quantifying the effect of spatial and aspatial factors 

on pharmacy access levels. I hypothesized that pharmacy landscapes would differ across 

communities and that several indicators of socioeconomic disadvantage and vulnerability would 

be associated with pharmacy access in the context of urban racial residential segregation. By 

implementing a cross-sectional multivariate analysis that incorporated quantified pharmacy 

accessibility, I uncovered relationships between characteristics of disadvantaged communities 

and access to community pharmacies. Further, this research highlighted a need for a measurable 

construct of community pharmacy access, such as a formal or federal designation, to enable more 

vigorous, quantitative explorations of pharmacy access, including enhanced interpretation and 

applicability in the public health sphere. Exploratory models of pharmacy access from this 

research may be valuable in future investigations that focus on the prioritization of resources and 

interventions related to pharmaceutical care in vulnerable communities.  
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APPENDIX A: SUMMARY OF SPECIFIC AIM#2 HYPOTHESES AND RESULTS 

 Hypothesis 2.1 Hypothesis 2.2 Hypothesis 2.3 

Variables of Interest Reject null hypothesis? 

Total Crime Index Y Y Y 

Percentage of population 5 years and 

over speaking a language other than 

English at home that speak English 

less than “very well” 

N N N 

Percentage of population 3 years and 

over enrolled in Kindergarten to 12th 

grade 

N N N 

Percentage of population that is not a 

U.S. born citizen 

Y Y Y 

Median age of total population in years Y N Y 

Percentage of population 15 years and 

over that are not married 

Y N N 

Segregation Index N N N 

Isolation Index (White Population) N N N 

Isolation Index (Black Population) Y N Y 

Percentage of population that is non-

white 

Y Y Y 

Eviction Rate Y Y Y 

Percent of occupied housing units with 

more than one occupant per room 

Y Y Y 

Median value of owner-occupied units 

in dollars 

Y Y Y 

Percent housing units where owner 

costs are 35% or more of household 

income  

N N N 

Percent of occupied housing units that 

are renter-occupied 

Y Y Y 

Percent of occupied housing units 

paying rent where gross rent in 35% or 

more of household income 

Y Y Y 

Percent of total housing units that are 

vacant 

Y Y Y 

Percent of total household with single 

female household with own children < 

18 years 

N N N 

Percentage of total households with no 

computer 

Y Y Y 

Percentage of population 16 years and 

older not in labor force 

N N N 

Percentage of occupied housing units 

with no telephone service available 

N N N 

Percentage of population 25 years and 

over that is less than high school 

graduate 

Y N N 

Percentage of households with single 

parent of children < 18 years old 

N N N 
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Percentage of families with income 

below poverty level in prior 12 months 

N N N 

Gini Index Y Y Y 

Percentage of households receiving 

public assistance income or food 

stamps/snap in the past 12 months 

Y Y Y 

Median household income in the past 

12 months (in 2018 inflation-adjusted 

dollars) 

Y N Y 

Unemployment Rate Y Y Y 

Percent of workers 16 years and over 

commuting to work who biked 

N N N 

Percent of workers 16 years and over 

commuting to work in a car, truck, or 

van and carpooled 

N N N 

Percent of workers 16 years and over 

commuting to work in a car, truck, or 

van and drove alone 

N N N 

Percent of occupied housing units with 

no vehicle available 

N N N 

Percent of workers 16 years and over 

commuting to work using public 

transportation (excluding taxicab) 

Y Y Y 

Percent of workers 16 years and over 

commuting to work who walked 

Y Y Y 

Percentage of total Civilian Non-

institutionalized Population with a 

disability 

Y N Y 

Percentage of total households that 

received Food Stamps/SNAP in the 

past 12 months with 1 or more persons 

with a disability 

N N N 

Percentage of total households with 

one or more people 65 years and over 

Y N N 

Percentage of total households with 

one or more people < 18 years 

Y Y Y 

Percentage of population under 18 

years living in household with 

Supplemental Security Income (SSI), 

cash public assistance income, or Food 

Stamps/SNAP in the past 12 months  

Y Y Y 

Percentage of families whose income 

in the past 12 months is below the 

poverty level with related children of 

the householder <18 years 

N N N 

Percent of civilian noninstitutionalized 

population with no health insurance 

Y Y Y 

Percentage of civilian population 18 

years and over that are veterans 

Y N Y 

Hypothesis 2.1: I hypothesized that [variable] will be associated with pharmacy access (H0: βi=0, for i=1,2…, p; Ha: βi ≠ 0 for i for y1, y2, or y3) 

Hypothesis 2.2: I hypothesized that [variable] will be associated with low pharmacy access (H0: βi=0, for i=1,2…, p; Ha: βi ≠ 0 for i for y1) 

Hypothesis 2.3: I hypothesized that [significant variable of interest] will be predictive of pharmacy access (H0: Bi=0, for i=1,2…, p; H0: Y does 
not depend on any of the Xi’s; Ha: Bi ≠ 0 for at least one i.; Ha: Y depends on at least one of the Xi’s) 
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