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Measuring Spatial Health Disparity Using a Network-Based Accessibility
Index Method in a GIS Environment: A Case Study of Hillsborough
County, Florida

Abstract
In recent decades, the health care delivery system in the United States has been greatly transformed and more
widely examined. Even with one of the most developed health care systems in the world, the United States still
experiences great spatial disparity in health care access. Increasing diversity of class, culture, and ethnicity also
has a significant impact on health disparity. The goal of this paper is to address the spatial disparity of health
care access using a network-based health accessibility index method (NHAIM) in a Geographic Information
System (GIS) environment. Ensuring a desired level of accessibility for patients is the goal of the health care
delivery system, through which health care service providers are supplied to populations in need. GIS plays an
increasing role in understanding and analyzing accessibility to health care by incorporating geographical
physical barriers, network-based travel time, and transportation costs required for access to health care
services. In this study, we develop a NHAIM to examine the spatial disparity in health care access in
Hillsborough County, Florida, determining the locations of registered medical doctors and facilities using
data from Medical Quality Assurance Services (MQA) and the U.S. Census. This research reveals the spatial
disparity of health care accessibility and availability in this region and provides an effective method for
capturing health care accessibility surplus and shortage areas for future health care service planning.
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1. INTRODUCTION 
 

Accessibility is the key element within the health care delivery system. Ideally, all should 

have equal access to quality health care. Such equal access has come to be recognized as 

being as essential to public health as individual health status (Aday and Andersen 1974; 

Culyer and Wagstaff 1993; Oliver and Mossialos 2004). Penchansky and Thomas (1981) 

described five dimensions of health access: availability, accessibility, affordability, 

acceptability, and accommodation. The first two are related to geographical locations and 

thus inherently spatial. Among them, accessibility reflects the travel impedance between 

population in demand and health facilities, and is usually measured in travel distance or 

time. Availability refers to the amount of health facilities available for population in 

demand to choose from. In health geography literature, the term “spatial accessibility” is 

used to refer to the combination of these two dimensions (Guagliardo et al. 2004; Luo 

and Wang 2003a; Luo 2004).  

Generally speaking, the spatial distributions of health facilities and population in need 

are not matched perfectly over geographical space (Guagliardo 2004; Luo and Wang 

2003b; Parker and Campbell 1998). Therefore, the goal to substantially reduce the 

inequality in accessing health care services is far from being achieved in the United 

States. According to Rosenberg and Hanlon (1996), middle and high income individuals 

are more likely to benefit from better access to family physicians, maintaining a higher 

health status and practicing preventive health care. Some other studies demonstrate that 

blacks are more likely to receive late-stage breast cancer diagnosis compared to whites 

and therefore have higher mortality rates. Additionally, African-Americans are more 

likely to experience the negative influence of socioeconomic disadvantages, such as low 

educational attainment and linguistic barriers over late diagnosis (McLafferty and Wang 

2009; Meliker et al. 2009a; Meliker et al. 2009b; Wang et al. 2008). Since socioeconomic 

and neighborhood inequalities are significantly correlated with health care accessibility, it 

is not surprising that the shortage of health care supply is especially severe in rural areas 

and impoverished urban communities (COGME 1998; COGME 2000; Rosenblatt and 

Lishner 1991; Rosenthal et al. 2005; Shen 1998). 

Thus, it is of great importance in understanding this dynamic context and exploring 

accessibility as a multidimensional concept contingent upon the interaction between a 

variety of spatial factors (e.g., geographical location, travel distance) and aspatial factors 

(e.g., socio-economic status, age, gender, and ethnicity) (Joseph and Bantock 1984; 

Meade and Earickson 2000; Penchansky and Thomas 1981). Theoretically, health 

facilities should be located according to potential demand such as in areas with high 

population density to ensure maximum coverage. However, population in demand might 

not necessarily be covered by the service range of health facilities in reality. Shi et al. 

(2012) identified “islands” with no coverage of major cancer care facilities at a national 

scale. For example, the most visible high-demand area for cancer care services is located 

at the contact of Kansas, Missouri, Arkansas and Oklahoma, which happens to be the 

biggest uncovered “island” in the Midwest. This spatial mismatch between the 

geographical locations of health facilities and population in demand raises the following 

question: how do we define, measure and evaluate the accessibility to health care services?  

Geographers and public health researchers recognize the significance of measuring 
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accessibility and apply a broad spectrum of techniques to solve this issue. While some 

focus on mathematical modeling or statistical analysis (Field 2000; Gu et al. 2010; Higgs 

2005; Joseph and Bantock 1982), others apply a more qualitative approach (Hanlon and 

Halseth 2005; Hawthorne and Kwan 2013; Kiwanuka et al. 2008). Within this body of 

literature, Geographic Information System (GIS) plays an increasingly significant role in 

understanding and analyzing accessibility to health care. In particular, the capability of 

GIS highlights the spatial dimensions of accessibility. For example, Langford and Higgs 

(2006) estimated ‘demand-side’ population, or potential health care client locations, by 

applying various spatial interpolation techniques. Yang et al. (2006) evaluated access to 

dialysis health care by using specialized gravity models. Luo and Wang (2003a) 

measured spatial accessibility to health care and identified health shortage areas in 

Chicago region. In conclusion, GIS enables researchers to store and manage sensitive yet 

complicated information for both patients and health service locations (Bullen et al. 1996; 

Gu et al. 2010; Verter and Lapierre 2002; Zhang et al. 2009), measure access to health 

services for populations in need (Curtis et al. 2006; Lo and Wang 2005; Wang 2006; 

Wang 2012), and analyze the evolving spatial distribution patterns of health facilities 

(Gesler and Albert 2000; Higgs 2005; Kurland and Gorr 2012; Pedigo and Odoi 2010; 

Ross et al. 1994). 

In this paper, we present an alternative set of health accessibility measures, which 

comprehensively evaluate both spatial dimensions of health accessibility and availability 

in order to address spatial disparity problems. The goal of this paper is to measure and 

evaluate spatial accessibility to health care by using a network-based health accessibility 

index method (NHAIM) in a GIS environment. Based on data downloaded from the 

Florida Geographic Data Library Documentation and US Census Bureau, this paper 

demonstrates the application of NHAIM in measuring spatial accessibility to health 

facilities in Hillsborough County, Florida. Both dimensions of accessibility and 

availability are measured and presented as indexes to reveal patterns of health disparity, 

as well as to capture underserved areas. 

This paper is organized as follows. In the next section, we provide a brief review of 

existing spatial accessibility measures. In the third section, we demonstrate the 

application of an alternative method – the network-based health accessibility index 

method (NHAIM), using Hillsborough County, Florida as a case study. The NHAIM 

consists of two sub-indexes to measure accessibility and availability respectively and a 

comprehensive index to evaluate the overall level of health disparity. The fourth section 

provides the analysis results of the case study, followed by conclusions in the fifth section. 

 

 

2. SPATIAL ACCESSIBILITY AND DISPARITY IN HEALTH CARE 

SYSTEMS 
 

Spatial accessibility to health service locations is usually measured through addressing 

the geographical barriers like travel distance or time (Cromley and McLafferty 2012; 

Guagliardo 2004). The interaction between population in need and health care providers 

decrease with increasing travel distance, following a function of distance decay. Shorter 

geographical distance can lead to more frequent visits to health facilities, and eventually 
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better health for individuals. For example, Buchmueller et al. (2006) found that 

increasing distances from hospitals result in higher death rates from heart attacks and 

unintentional injuries. Another study by Arcury et al. (2005) shows that a shorter distance 

between patients and physicians can increase the frequency of regular family physical 

exams. Other studies also confirm that early detection of disease and treatment is 

negatively associated with the spatial separation between medical services and patients 

(Campbell et al. 2000; Meyer 2012; Monnet et al. 2006; Onega et al. 2008). Distance 

decay is a fundamental aspect to measure spatial accessibility, and it varies for different 

types of medical practice and health care needs. For example, cardiovascular emergencies 

requires patients be delivered to an emergency center within a critical time window 

(Busingye et al. 2011; Hare and Barcus 2007). For routine health check-ups, there are 

much less restrictions over travel time or distance (Lovett et al. 2004).  

Most existing measures of spatial accessibility are based on the potential interaction 

between health care providers (e.g., primary care physicians, cancer treatment centers, 

hospitals, etc.) and population in need, or supply and demand (Guagliardo 2004; Higgs 

2005; Wang 2012). One commonly used measure is the supply-demand ratios, or 

provider-population ratios, which are computed within bordered areas. The ratios are 

effective for gross comparisons of supply between geographical units, and are widely 

applied to set minimal standards for local supply and identify underserved areas 

(Cervigni et al. 2008; Khan 1992; Perry and Gesler 2000; Radke and Mu 2000). For 

example, the U.S. Department of Health and Human Services (DHHS) uses a minimum 

population-physician ratio to identify Health Professional Shortage Areas (HPSA). 

However, this basic measurement has difficulty capturing the border crossing of patients 

among neighborhood spatial units. Detailed variations in accessibility across space and 

the distance dimension of access are ignored (Guagliardo et al. 2004; Wang 2012). 

Another basic method is to measure average travel distance to nearest providers (Fryer Jr 

et al. 1999; Goodman et al. 1992). This method applies the straight line distance between 

the population point and the location of the health provider. However, travel routes are 

rarely straight lines in reality. It also cannot fully represent clusters of health providers in 

an urban setting and ignores the availability dimension of access.  

Gravity models, initially developed for land use planning, are also utilized to account 

for the spatial interaction between heath care supply and demand (Hansen, 1959; Joseph 

and Bantock, 1982; Shen, 1998). The simplest formula for gravity–based accessibility Ai 

can be written as follows: 

  (1)  
  

Ai is the index of spatial accessibility from population point i, such as a personal 

residence or population centroid of certain spatial unit. Sj is the service capacity of health 

facilities (e.g., the number of hospital beds or doctors) at location j. dij is the distance or 

travel time between i and j, and β is the travel friction coefficient. n is the number of 

health facilities. Spatial accessibility improves if the number of health facilities increases, 

the service capacity increases, or the travel distance decreases. The improved gravity–

based accessibility model proposed by Joseph and Bantock (1982) adds a population 
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adjustment factor to the denominator. The formula can be written as:  

                                                                               

 

  (2) 

 

 

Pk is the population at location k, dkj is the distance or travel time between j and k, and the 

indexes n and m represent the total number of facility locations and population locations, 

respectively. The gravity-based accessibility model is essentially the ratio of supply to 

demand (Huff 1963, 2000; Luo and Qi 2009; Wang 2012). Despite its elegance in 

revealing geographic variation in accessibility, gravity models are not easy for public 

health professionals to interpret or implement. A large amount of geo-coded data for the 

locations of both population and health facilities are required to estimate the travel 

friction coefficient β. Sometimes the models also involve great effort of computation and 

programming (Luo and Whippo 2012; Taaffe et al. 1996).  

Another development in spatial accessibility modeling is the two–step floating 

catchment area method (2SFCA) proposed by Luo and Wang (2003a and 2003b). The 

fundamental assumption of 2SFCA is that availability and accessibility are not mutually 

exclusive and they can compensate each other. A health provider is defined as accessible 

if located inside the catchment, and inaccessible if located outside of the catchment. The 

catchment of a provider location is defined as a buffer area within a threshold travel 

distance or time from the provider. The 2SFCA can be implemented in a GIS 

environment using two steps. First for each physician location j, search all population 

locations k that are within the catchment area and compute the provider – population ratio 

Rj. Then for each population location i, search all provider locations j that are within the 

threshold distance from location i, and sum up Rj derived from the first step at these 

locations. Eventually the accessibility index Ai can be written as follows (Luo and Wang 

2003a): 
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Rj is the measurement of potential service intensity of facility j, the provider-population 

ratio. Sj is the service capacity of facility location j, Pk is the population in need at 

location k, dkj is the travel distance or time between k and j, and d0 is the threshold. 
 

The 2SFCA has been popular and used in a number of studies (Cheng et al. 2012; Dai 

2010; McGrail and Humphreys 2009; Ngui and Apparicio 2011; Shi et al. 2012; Wan et al. 

2013; Yang et al. 2006). However, Luo and Wang demonstrate that their model is not 

fundamentally different from the gravity-based accessibility model (Luo and Wang, 

2003a, b). The 2SFCA overcomes the restriction of using pre-defined geographical 

boundaries. However, the limitation of 2SFCA is mainly found in assuming a health 

provider inside a catchment area is accessible and one outside the catchment area is 

inaccessible, which tends to be arbitrary, ignoring the possibility of overlapping areas in 

coverage. In addition, potential improvements may be made to account for different 

transportation options, as well as variable catchment sizes for different populations and 

health services. While the above methods make significant contributions in revealing 
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health disparity, we seek to complement such spatial accessibility literature by providing 

an alternative measure. Recognizing that spatial accessibility is a complex concept 

including both accessibility and availability, we seek to develop a method that can reveal 

and represent both dimensions respectively.  

 

 

3. ANALYTICAL FRAMEWORKS AND STUDY AREA 
 

3.1 NETWORK-BASED HEALTH ACCESSIBILITY INDEX METHOD (NHAIM) 
 

The concept of spatial accessibility to health care includes both dimensions of 

accessibility and availability. In general, accessibility refers to the ease to reach health 

services from the demand side while availability emphasizes choices of local service 

locations from the supply side. Spatial accessibility to health services is primarily 

dependent on the geographical locations of health care providers and population in need, 

as well as the travel distance/time between them (Wan et al. 2013). Since distance decay 

is a fundamental aspect in understanding spatial accessibility, the following questions 

were raised when developing our methodology: [1] how to define travel distance and 

reflect distance decay, [2] how to represent both health care demand and supply, and [3] 

how to apply the most reasonable measure for travel distance to health care services. 

Network distance has gained certain popularity in recent literature as a replacement for 

Euclidean distance and Manhattan distance. It is considered to be a more accurate 

measurement for real travel distance and time (Brabyn and Beere 2006; Cheng et al. 2012; 

Dai 2010; Delmelle et al. 2013; Pearce et al. 2006; Shi et al. 2012; Wan et al. 2013). 

However, Apparicio et al. (2008) found that Euclidean and Manhattan distances are 

strongly correlated with network distances. However, local variations are still observed, 

notably in suburban areas. Thus in those areas, network-based distance may provide more 

accurate results. In our study, we applied network-based distance rather than Euclidean 

distance and Manhattan distance, since the study site includes both urban and suburban 

areas.  

In NHAIM, the population centroid within each spatial unit is used to represent 

aggregated health care demand location. When health care demand is aggregated, the true 

distance to health care services from each individual or household is replaced by the 

distance from the aggregation point (Current and Schilling 1990). The aggregation 

method can reduce the complexity of location and routing problems as well as protect the 

privacy of the individual or household by masking their individual locations, especially in 

sensitive research. The population centroid for each health care demand area can be 

obtained in a GIS environment through preprocessing.  

The fundamental issue in spatial accessibility literature is addressing the potential 

interaction between health care providers and population in need. However, it is difficult 

to predict people’s choices and behaviors, especially with border crossing problems. The 

term “edge effect” is coined to describe the possibility of accessing health providers 

across borders (Cromley and McLafferty 2012; Guagliardo 2004; Higgs 2005; Wang 

2012). The NHAIM tries to mitigate edge effect by evaluating and integrating both 

dimensions of health care accessibility and availability. As summarized in Table 1, the 
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NHAIM consists of three sub-indexes. The first sub-index, the Network-Based Health 

Accessibility Supply Index (NHA-SI), is developed from the supply side and reveals the 

availability of health care providers in each spatial unit. The second one, the Network-

Based Health Accessibility Demand Index (NHA-DI), is developed from the demand side 

and evaluates health care accessibility for the population in demand residing within each 

spatial unit. The third sub-index, the Network-Based Health Access Disparity Index 

(NHA-DP), is a global index summarizing both dimensions. Ultimately, the NHAIM is 

designed to evaluate the interaction between health demand and supply, and present both 

sides of the interaction.  
 

Table 1. The Indexes of NHAIM. 

NHAIM NHA-SI Network-Based Health Accessibility Supply Index:  

• Reflects health care access from the supply side 

• Measures service availability in terms of health facilities 

NHA-DI Network-Based Health Accessibility Demand Index: 

• Reflects health care access from the demand side 

• Measures overall health care accessibility for the population in 

demand 

NHA-DP Network-Based Health Access Disparity Index: 

• Combines both the NHA-SI and NHA-DI 

• Measures both health care accessibility and availability 

 

1) NETWORK-BASED HEALTH ACCESSIBILITY SUPPLY INDEX (NHA-SI) 
 

The Network Health Accessibility Supply Index (NHA-SI) addresses health care access 

problems from the supply side. The NHA-SI is an indicator quantifying the availability of 

health care supply within the measured spatial unit.  

As illustrated in Figure 1, the NHA-SI can be achieved through the following four 

steps in a GIS environment. The first step (Step 1 in Figure 1) is to represent health care 

demand locations using population centroids. As suggested by Current and Schilling 

(1990), the population centroid within each spatial unit can be used to represent the 

aggregated health care demand location. The demand aggregation method reduces the 

complexity of location problems and protects the privacy of individuals or households, 

especially in sensitive researches. Demand aggregation can result in over- or 

underestimation of true distance and health care supply coverage (Cromley and 

McLafferty 2012; Openshaw 1983). According to Hewko et al. (2002), aggregation error 

is a result of spatial separation between the distribution of individuals and the centroid of 

spatial unit. Thus accessibility measured for smaller units tends to be more reliable than 

that measured for larger spatial units. The second step (Step 2 in Figure 1) involves 

calculating the network demand area of health care for each population centroid. A health 

care demand area is defined as a network-distance travel zone from the population 

centroid. Coverage is measured based on travel distances calculated using road networks. 

The sizes of demand areas vary according to different types of health services. For 

example, cancer treatment centers generally cover larger demand areas than primary care 

providers. Luo and Qi (2009) defined the threshold travel distance to Primary Care 
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Physicians as 30 minute network travel distance. Wan et al. (2013) ex

time to 60 minute focusing on access to cancer screening and treatment facilities. Thus 

the thresholds for travel distances are flexibly set to reflect different types of health 

services. The size of a demand area expands as the threshold

the third step (Step 3 in Figure

generated in the previous step. The calculated population is denoted by 

every demand area that covers health care f

care facility j serving n demand areas (

facility j). In the end, we calculate 

that facility j is serving, which is expressed by 

residing within the overlapping areas (i.e., intersections in Step 3 in 

counted once to get the most accurate

sj, the health care accessibility for each facility 

where  

Cj: the capacity of facility 

capacity), 

Pj: the total population residing within 

k : is the scalar to adjust the ratio.

  

Figure 1. The procedure for calculating the 

 

Physicians as 30 minute network travel distance. Wan et al. (2013) extended the travel 

time to 60 minute focusing on access to cancer screening and treatment facilities. Thus 

the thresholds for travel distances are flexibly set to reflect different types of health 

services. The size of a demand area expands as the threshold travel distance increases. In 

Figure 1), we calculate the population within each demand area 

generated in the previous step. The calculated population is denoted by pi. Next we search 

every demand area that covers health care facility j. This can be interpreted as the health 

demand areas (n ≥ 0; n = the number of demand areas covering 

). In the end, we calculate Pj, the total population residing within n demand areas 

which is expressed by ∑=
n

i ipP
j

. Note that the population 

residing within the overlapping areas (i.e., intersections in Step 3 in Figure 

counted once to get the most accurate result. The final step (Step 4 in Figure 1) calculates 

, the health care accessibility for each facility j using following formula: 

js
P

C
ks j

j

j

j
∀<<= ,10,     

: the capacity of facility j (e.g., the number of beds/rooms as a proxy for supply 

: the total population residing within n demand areas that facility j is serving  

is the scalar to adjust the ratio. 

1. The procedure for calculating the Network-Based Health Accessibility Supply Index

tended the travel 

time to 60 minute focusing on access to cancer screening and treatment facilities. Thus 

the thresholds for travel distances are flexibly set to reflect different types of health 

travel distance increases. In 

1), we calculate the population within each demand area i 

. Next we search 

. This can be interpreted as the health 

= the number of demand areas covering 

demand areas 

. Note that the population 

 1) is only 

1) calculates 

 (3) 

(e.g., the number of beds/rooms as a proxy for supply 

 

 
Based Health Accessibility Supply Index. 
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Now, as each spatial unit i will contain n (n ≥ 0) health facilities j with attribute sj, the 

Si, the NHA-SI for spatial unit i is calculated as follows: 

RjsS
n

j

ji ∈=∑
=

,
1

                (4) 

where 

R: the set of facilities j located within spatial unit i. 

When the facility capacity is fixed, the NHA-SI index will be smaller if a greater 

health care demand is identified. Both higher facility capacity and smaller population in 

need will result in a larger NHA-SI value, which reflects less constraints over the 

facilities and represents a higher level of availability in the measured spatial unit. 

 

2) NETWORK-BASED HEALTH ACCESSIBILITY DEMAND INDEX (NHA-DI) 
 

The Network Health Accessibility Demand Index (NHA-DI) evaluates the overall 

accessibility from the demand side by calculating the percentage of population residing 

within the service ranges of health care facilities in each spatial unit, as well as taking the 

capacities of those facilities into consideration. It reveals the general level of health care 

accessibility in the measured spatial unit. As illustrated in Figure 2, the NHA-DI index is 

achieved in the following four steps.  

In the first step (Step 1 in Figure 2), we identify the locations of health care facilities 

within each spatial unit. Next, we calculate the network service area for each facility j 

(Step 2 in Figure 2). The service area is defined as the network distance travel zone from 

facility j. Similar to the demand areas generated from population centroids when 

calculating NHA-SI, the sizes of service areas also vary for different types of health 

services according to different travel time thresholds (Luo and Qi 2009; Wan et al. 2013). 

In the third step (Step 3 in Figure 2), we calculate the population ratio covered by the 

network service area of facility j in spatial unit i: ��
�
/�� ���

�
� ���.  ��

�
 is the population in 

spatial unit i that falls within the network service area of health facility j, while pi is the 

overall population residing in spatial unit i. The final step (Step 4 in Figure 2) involves 

calculating Di, the NHA-DI index for each spatial unit using the following formula: 

iD
p

p
CkD i

i

n

i

ji

j

i ∀≤≤= ∑
=

,10,
1

   (5) 

where 

��
�
/��:  the ratio of population covered by the network service area of health facility j to 

the total population in spatial unit i. According to the formula, either a higher percentage 

of population covered by the network health service areas ( ��
�

) or higher facility 

capacities results in a higher NHA-DI index. A higher NHA-DI index indicates that more 

people have access to higher capacity facilities, which is considered as having better 

health accessibility.  
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Figure 2. The procedure for calculating the 
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unit by evaluating both indexes: the NHA
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facilities with summed up attribute 

i is represented as: 

 

Accordingly, spatial units in the study area can be categorized in four quadrants based 

on indexes Ai illustrated in 

units with High Accessibility & High Availability

proportion of the population has access to higher

little constraints over the facilities available for the population in need. This is considered 

to be the most ideal situation in the health care delivery system. The second quadrant (2Q) 

describes Low Accessibility & High Availability

category are identified with sufficient health supply. Measured facilities have either high 

capacities or are serving a smaller population. However, the population in need have low 

access to the measured health facilities. Only

rocedure for calculating the Network-Based Health Accessibility Demand Index

EALTH ACCESS DISPARITY INDEX (NHA-DP) 

Network Health Access Disparity Index (NHA-DP) is a comprehensive index that 

examines the balance between health care accessibility and availability at each

unit by evaluating both indexes: the NHA-SI and NHA-DI. Each spatial unit will contain 

two attributes: a population centroid in spatial unit i with attribute Di and 

facilities with summed up attribute Sj. The level of spatial disparity Ai for each spatial unit 

Ai = [NHA-SI, NHA-DI] = [Di, Si],     i∀   

Accordingly, spatial units in the study area can be categorized in four quadrants based 

illustrated in Figure 3. In detail, the first quadrant (1Q) includes spatial 

High Accessibility & High Availability (HAc & HAv), indicating that a higher 

proportion of the population has access to higher-capacity health care facilities. There are 

ts over the facilities available for the population in need. This is considered 

to be the most ideal situation in the health care delivery system. The second quadrant (2Q) 

Low Accessibility & High Availability (LAc & HAv). Spatial units within this 

category are identified with sufficient health supply. Measured facilities have either high 

capacities or are serving a smaller population. However, the population in need have low 

access to the measured health facilities. Only a small percentage of population is covered 

 
d Health Accessibility Demand Index.  

DP) is a comprehensive index that 

examines the balance between health care accessibility and availability at each spatial 

DI. Each spatial unit will contain 

and n health 

for each spatial unit 

 (6) 

Accordingly, spatial units in the study area can be categorized in four quadrants based 

ure 3. In detail, the first quadrant (1Q) includes spatial 

(HAc & HAv), indicating that a higher 

capacity health care facilities. There are 

ts over the facilities available for the population in need. This is considered 

to be the most ideal situation in the health care delivery system. The second quadrant (2Q) 

). Spatial units within this 

category are identified with sufficient health supply. Measured facilities have either high 

capacities or are serving a smaller population. However, the population in need have low 

a small percentage of population is covered 
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by the service areas of facilities, which indicates a mismatch between the spatial 

distribution of health care demand and supply.  The third quadrant (3Q) represents the 

spatial units with Low Accessibility & Lo

population in need has a low level of accessibility to health facilities within travel range. 

The facilities located inside the spatial unit are considered as being less ‘available’ due to 

great constraints. It could be a result of having no facilities within the spatial unit, or 

facilities serving a large population with limited capacities. This category includes spatial 

units with unsatisfied demand and limited supply, representing a great shortage in health 

care provision. The fourth quadrant (4Q) identifies spatial units with 

Low Availability (HAc & LAv). Low availability indicates that facilities are over

constrained to serve a large population, or there are no facilities located within 

unit at all. Nevertheless, local residents are able to access facilities located across borders, 

which compensates the shortage of health care supply within the spatial unit. 

 

Figure 3. The classification of spatial units using the NHA

Av=Availability, Ac=Accessibility)

 

Given this categorization, the results based on the NHA

interpret and easy to apply for any geographic scale. 

applied to different levels of hea

tertiary care, depending on research interests. In the following case study, we demonstrate 

the application of NHAIM using hospital data in Hillsborough County, Florida. Note that 

hospitals generally incorporate different levels of health care, which provides a good 

estimate for the overall local health resources. 

 

3.2 STUDY AREA  AND DATA

 

To test the NHAIM, we selected Hillsborough County in Florida as the study area. 

Hillsborough County is locate

metropolitan area. It is the largest county by metropolitan area and the fourth largest 

county in the state.  Hillsborough County has a relatively even and flat landscape, which 

decreases the effect of geographic barriers. As shown in 
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distribution of health care demand and supply.  The third quadrant (3Q) represents the 

Low Accessibility & Low Availability (LAc & LAv). In this case, the 

population in need has a low level of accessibility to health facilities within travel range. 
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could be a result of having no facilities within the spatial unit, or 
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units with unsatisfied demand and limited supply, representing a great shortage in health 

are provision. The fourth quadrant (4Q) identifies spatial units with High Accessibility & 

(HAc & LAv). Low availability indicates that facilities are over

constrained to serve a large population, or there are no facilities located within 

unit at all. Nevertheless, local residents are able to access facilities located across borders, 

which compensates the shortage of health care supply within the spatial unit.  

 
3. The classification of spatial units using the NHA-DP (Note: H=High, L=Low, 

Av=Availability, Ac=Accessibility). 

Given this categorization, the results based on the NHA-DP are straightforward to 

interpret and easy to apply for any geographic scale. Notice that the NHAIM can be 

applied to different levels of health services, including primary care, secondary care, and 

tertiary care, depending on research interests. In the following case study, we demonstrate 

the application of NHAIM using hospital data in Hillsborough County, Florida. Note that 

y incorporate different levels of health care, which provides a good 

estimate for the overall local health resources.  

ATA 

To test the NHAIM, we selected Hillsborough County in Florida as the study area. 

Hillsborough County is located on the west coast of Florida in the Tampa-St. Petersburg 

metropolitan area. It is the largest county by metropolitan area and the fourth largest 

county in the state.  Hillsborough County has a relatively even and flat landscape, which 

t of geographic barriers. As shown in Figure 4, this county comprises 

by the service areas of facilities, which indicates a mismatch between the spatial 

distribution of health care demand and supply.  The third quadrant (3Q) represents the 

(LAc & LAv). In this case, the 

population in need has a low level of accessibility to health facilities within travel range. 

The facilities located inside the spatial unit are considered as being less ‘available’ due to 
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units with unsatisfied demand and limited supply, representing a great shortage in health 

High Accessibility & 
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unit at all. Nevertheless, local residents are able to access facilities located across borders, 
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To test the NHAIM, we selected Hillsborough County in Florida as the study area. 

St. Petersburg 

metropolitan area. It is the largest county by metropolitan area and the fourth largest 

county in the state.  Hillsborough County has a relatively even and flat landscape, which 
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several major cities, including Tampa, Temple Terrace, Lutz, Plant City, Brandon, Apollo 

Beach, Ruskin, and Sun City Center. Noticeably, many hospitals are clustered in those 

cities along major highways. The population data was extracted from the 2010 Census 

Summary File (US Bureau of Census 2010). In this case study, we used ZIP code areas as 

the basic spatial unit to apply the NHAIM. Population–weighted centroid was used to 

represent aggregated demand location, which is considered to be a more accurate 

representation than simple geographic centroid (Hwang and Rollow 2000). The 

population centroids for ZIP code areas were generated based on Census Tract level 

population data in a GIS environment. ZIP code areas are aggregated to develop Primary 

Care Service Areas (PCSAs) by the U.S. Department of Health and Human Services 

(DHHS), which are the basic spatial units used to identify Medically Underserved 

Areas/Populations (MUA/Ps) and Health Professional Shortage Areas (HPSAs). Fifty-

five ZIP code areas were identified in the study area with a total population of 1,229,226 

(as of 2010). The network distance between any pair of population centroids and health 

facility locations was measured based on the road networks for travel–time distance 

estimation using the 2010 Census TIGER/Line files. 

 

 
Figure 4. The study area: distribution of Hospitals in Hillsborough County, FL. 

 

The hospital data for Hillsborough County was downloaded and extracted from the 

Florida Geographic Data Library Documentation. The original dataset includes the 

addresses and capacity information of hospitals in Florida in 2010. The hospital locations 

were geo-coded using ArcGIS 10.1. To apply the NHAIM, we needed to define two key 

parameters – the travel time threshold and health care facility capacity. In the previous 
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literature, a 30 minute travel time threshold for primary road conditions is suggested (Lee 

1991). The 30 minute threshold is also used for defining rational service area and 

capturing HPSAs by DHHS (Wang and Luo 2005). In this case, we used both 30 minute 

and 10 minute travel zones for comparison. By applying different thresholds, we were 

able to evaluate how travel distances influence spatial accessibility. Since the information 

on number of physicians is lacking, we used the number of hospital beds as a 

measurement for facility capacity.  

 
 

4. RESULTS 
 

Figure 5 shows the NHA-SI indexes for both 10 minute and 30 minute thresholds. 75% of 

the ZIP code areas are identified with zero number of hospitals (Si=0), and most of them 

are rural areas. In contrast, the NHA-SI obtains highest values within and around Tampa, 

followed by Brandon and Temple Terrace, which are urban areas with high population 

densities. The NHA-SI decreases as the threshold increases from 10 minute to 30 minute. 

As the travel time increases, the service range of a hospital increases. The hospital 

becomes less ‘available’ for it is serving a larger population while the capacity is fixed. 

The NHA-SI becomes smaller as the denominator – the number of population gets larger.  

 

 
Figure 5. Spatial pattern by the NHA-SI, 10 (5-a) and 30 minutes time zone buffer (5-b). 

 

Compared to Figure 5, Figure 6 highlights the spatial heterogeneity of the NHA-DI. 

First, the highest values are observed in Tampa (West and South, in particular) and 

Temple Terrace, while most rural areas obtain much lower values. The high values of 

NHA-DI indicate the satisfaction for the demand-side. The population residing in urban 

areas with high NHA-DI values benefit from accessibility to local hospitals with large 

capacities. Second, NHA-DI is highly dependent on the threshold. As the threshold 

increases from 10 (Figure 6-a) to 30 minutes (Figure 6-b), more spatial units obtain 

higher NHA-DI values. Hospitals further away from the population centroid will become 

accessible when the threshold increases, which improves the overall level of accessibility. 

The NHA-DP evaluates the interaction between both dimensions of accessibility and 
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availability. Figure 7 shows that ZIP code areas are categorized into groups based on 

NHA-DP. We calculate the Means – the average values for both NHA-SI and NHA-DI, 

respectively to determine area’s positionality among quadrants. The availability level of a 

ZIP code area is High Availability (HAv) if the NHA-SI value is above the Mean and Low 

Availability (LAv) if it’s below the Mean. Similarly, the accessibility level of a ZIP code 

area is classified as High Accessibility (HAc) if the NHA-DI is above the Mean and as 

Low Accessibility (LAc) if the index value is below the Mean. According to the results, 

four quadrants of NHA-DP are identified.  

 

 
Figure 6. Spatial pattern by the NHA-DI, 10 (6-a) and 30 minutes time zone buffer (6-b). 

 

• 1Q: the west and north areas of Tampa benefits from both HAv & HAc, which is 

considered as being ideal in terms of balance between health care demand and supply. 

There are two possible reasons behind this pattern. First, areas identified with HAv & 

HAc are recognized as being the core of the Tampa metropolitan area. It consists of a 

fast-growing population area called New Tampa, and the Tampa downtown area, where 

most hospitals are located. Second, the Tampa downtown area is the center of 

Hillsborough and the well-developed transportation network ensures great accessibility. 

• 2Q: Several pockets with HAc & LAv are captured around Tampa and Temple Terrace. 

These ZIP code areas contain either none or very few hospitals, but the local population 

is able to access other facilities in neighboring areas. Since the level of accessibility is 

high, this case is considered as being acceptable.  

• 3Q: The spatial mismatch between health supply and demand is captured in areas 

identified with LAc & HAv, such as Plant City, Brandon, and Sun City Center. 

Although the hospitals are considered as being ‘available’ with satisfactory capacities, 

the local population somehow do not obtain a high level of accessibility. This could be 

the result of either a low percentage of population covered by service areas or poor 

transportation networks. The LAc & HAv areas can potentially evolve into an ideal 

level, HAc & HAv. For example, when the threshold increases from 10 minute to 30 

minute, Brandon is re-classified as a HAc & HAv area. Further research is needed to 

explore the cause of this spatial mismatch and improve the accessibility level from a 
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health planning perspective.  

• 4Q: Most rural areas in Hillsborough County are identified as having both LAc & LAv. 

Those areas are considered as health service shortage areas. As the threshold increases, 

the level of spatial accessibility in some areas improve from LAc & LAv to HAc & 

LAv, since population become able to access hospitals further away. Still, LAc & LAv 

areas require extra attentions when allocating health resources in the future. 

 

 
Figure 7. Spatial disparity by the NHA-DP, 10 (7-a) and 30 minutes time zone buffer (7-b).  

 

 

5. CONCLUDING REMARKS 
 

This paper aims to propose an alternative set of methodology – the NHAIM to measure 

spatial disparity in the health care delivery system. We demonstrate the application of the 

NHAIM in a case study of Hillsborough County, Florida. The NHAIM applies network 

distance rather than Euclidean distance, which improves accuracy in capturing distance 

decay. The greatest strength of the NHAIM is in measuring and representing both 

dimensions of accessibility and availability, respectively. Instead of using one single 

index to represent the overall level of spatial accessibility, the NHAIM evaluates the 

interaction between both dimensions of accessibility and availability, and examines the 

potential access to health care facilities located in neighboring spatial units. In the end, 

spatial units are categorized in four groups. Areas with HAc & HAv or HAc & LAv are 

considered as being acceptable, while areas with LAc & HAv and LAc & LAv need 

further investigation and improvement. The results are straightforward for health 

professionals and policy makers to interpret. Since applying network distances and 

generating population centroids can be easily achieved in GIS, the application of the 

NHAIM should not be intimidating for most professionals. 

This research has several limitations that need to be further explored in the future. 

First, we only applied hospital data as a general estimate of health care resources for our 

analysis. The NHAIM is supposed to be applicable for different levels of health services 

in theory. Since the major focus of this paper is methodology, we didn’t demonstrate how 

NHAIM can also be applied to other levels of health care such as primary care services. 
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We would like to expand the application of NHAIM to other levels of health care in 

future studies. Second, there are smaller spatial units than ZIP code areas that can be 

applied in the future research. Using smaller spatial units can reduce aggregation errors 

when applying accessibility measures. Third, we didn’t include aspatial factors in this 

study. People with low socioeconomic status might still have no desirable access to health 

care despite that they are residing in areas identified with high levels of spatial 

accessibility. Thus, the results of the NHAIM can be complemented by qualitative 

analysis. Fourth, further improvement of the NHAIM can be made by applying different 

thresholds for urban and rural areas, as well as taking into account of multiple 

transportation modes. For example, network travel distances might be smaller in urban 

areas when the travel time is fixed considering traffic congestion. 

In summary, this paper demonstrates the application of the proposed method – the 

NHAIM by measuring spatial accessibility to hospitals in Hillsborough County, Florida. 

Some areas are identified as having a spatial mismatch between health care demand and 

supply, or simply being short of supply. The results provide a direct and straightforward 

reference for future health planning in the study area.  

 

 

REFERENCES 
 

Arcury, T.A., Gesler, W.M., Preisser, J.S., Sherman, J., Spencer, J. and Perin, J. (2005) 

The effects of geography and spatial behavior on health care utilization among 

the residents of a rural region. Health Services Research, 40(1), 135-155. 

Aday, L. and Andersen, R. (1974) A framework for the study of access to medical care. 

Health Services Research, 9(3), 208-220. 

Apparicio, P., Abdelmajid, M., Riva, M. and Shearmur R. (2008) Comparing alternative 

approaches to measuring the geographical accessibility of urban health services: 

Distance types and aggregation-error issues. International Journal of Health 

Geographics, 7(7). doi:10.1186/1476-072X-7-7 

Brabyn, L. and Beere, P. (2006) Population access to hospital emergency departments and 

the impacts of health reform in New Zealand. Health Informatics Journal, 12(3), 

227-237. 

Buchmueller, T.C., Jacobson, M. and Wold, C. (2006) How far to the hospital? The effect 

of hospital closures on access to care. Journal of Health Economics, 25, 740-761. 

Bullen, N., Moon, G. and Jones, K. (1996) Defining localities for health planning: a GIS 

approach. Social Science and Medicine 42(6), 801-816. 

Busingye, D., Pedigo, A. and Odoi, A. (2011) Temporal changes in geographic disparities 

in access to emergency heart attack and stroke care: Are we any better today? 

Spatial and Spatio-temporal Epidemiology, 2(4), 247-263. 

Campbell, N.C., Elliott, A.M., Sharp, L., Ritchie, L.D., Cassidy, J. and Little, J. (2000) 

Rural factors and survival from cancer: analysis of Scottish cancer registrations. 

British Journal of Cancer, 82(11), 1863-1866. 

Cervigni, F., Suzuki, Y., Ishii, T. and Hata, A. (2008) Spatial accessibility to pediatric 

services. Journal of Epidemiology and Community Health, 33, 444-448. 

Cheng, Y., Wang J. and Rosenberg, M.W. (2012) Spatial access to residential care 

15

Ye and Kim: Measuring Spatial Health Disparity Using a Network-Based Accessibility Index Method in a GIS Environment

Published by UWM Digital Commons, 2014



resources in Beijing, China. International Journal of Health Geographics, 11(32). 

COGME (Council on Graduate Medical Education) (1998) Physician distribution and 

health care challenges in rural and inner-city areas. US Department of Health 

and Human Services, Health Resources and Services Administration 10th Report: 

Washington, DC. 

COGME (Council on Graduate Medical Education) (2000) Financing graduate medical 

education in a changing health care environment. US Department of Health and 

Human Services, Health Resources and Services Administration 15th Report: 

Washington, DC. 

Culyer, A.J. and Wagstaff, A. (1993) Equity and equality in health and health care. 

Journal of Health Economics, 12, 431-457.  

Current, J.R. and Schilling, D.A. (1990) Location modeling: perspective and overview. 

Geographical Analysis, 22(1), 1-3. 

Curtis, A., Mills, J.W. and Leitner, M. (2006) Spatial confidentiality and GIS: re-

engineering mortality locations from published maps about Hurricane Katrina. 

International Journal of Health Geographics, 5(44). 

Cromley, E.K. and McLafferty, S. L. (2012) GIS and Public Health. New York and 

London: The Guilford Press. 

Dai, D. (2010) Black residential segregation, disparities in spatial access to health care 

facilities, and late-stage breast cancer diagnosis in metropolitan Detroit. Health 

and Place, 16, 1038-1052. 

Delmelle, E.M., Cassell, C.H., Dony, C., Radcliff, E., Tanner, J.P., Siffel, C. and Kirby, 

R.S. (2013) Modeling travel impedance to medical care for children with birth 

defects using Geographic Information Systems. Birth Defects Research Part A: 

Clinical and Molecular Teratology, 97(10), 673-684. 

Field, K. (2000) Measuring the need for primary health care: an index of relative 

disadvantage. Applied Geography, 20, 305-332. 

Florida Geographic Data Library Documentation. (2010) www.fgdl.org 

Fryer Jr, G.E., Drisko, J., Krugman, R.D., Vojir, C.P., Prochazka, A., Miyoshi, T.J. and 

Miller, M.E. (1999) Multi-method assessment of access to primary medical care 

in rural Colorado. Journal of Rural Health, 15(1), 113-121. 

Gesler, W.M. and Albert, D.P. (2000) How spatial analysis can be used in medical 

geography. In Spatial analysis, GIS and remote sensing applications in the health 

sciences, ed. D. P. Albert, W. M. Gesler, and B. Levergood, 11-38. Chelsea, MI: 

Ann Arbor Press. 

Goodman, D.C., Barff, R.A. and Fisher, E.S. (1992) Geographic barriers to child health 

services in rural northern New England: 1980 to 1989. Journal of Rural Health, 

8(2), 106-113. 

Gu, W., Wang X. and McGregor, S.E. (2010) Optimization of preventive health care 

facility locations. International Journal of Health Geographics, 9(17).  

Guagliardo, M.F. (2004) Spatial accessibility of primary care: concepts, methods and 

challenges. International Journal of Health Geographics, 3(3). 

Gualiardo, M.F., Ronzio, C.R., Cheung, I., Chacko, E. and Joseph, J.G. (2004) Physician 

accessibility: an urban case study of pediatric primary. Health and Place 10(3), 

273-283. 

16

International Journal of Geospatial and Environmental Research, Vol. 1, No. 1 [2014], Art. 2

https://dc.uwm.edu/ijger/vol1/iss1/2



Hanlon, N. and Halseth, G., (2005) The greying of resource communities in northern 

British Columbia: implications for health care delivery in already-underserviced 

communities. The Canadian Geographer, 49(1), 1-24. 

Hansen, W.G., (1959) How accessibility shapes land use. Journal of the American 

Institute of Planners, 25, 73-76. 

Hare, T.S. and Barcus, H.R. (2007) Geographical accessibility and Kentucky's heart-

related hospital services. Applied Geography, 27(3–4), 181-205. 

Hawthorne, T. L. and Kwan, M. (2013) Exploring the unequal landscapes of health care 

accessibility in lower-income urban neighborhoods through qualitative inquiry. 

Geoforum, 50, 97-106. 

Hewko, J., Smoyer-Tomic, K.E. and Hodgson, M.J. (2002) Measuring neighbor-hood 

spatial accessibility to urban amenities: Does aggregation error matter? 

Environment and Planning, 34(7), 1185-1206. 

Higgs, G. (2005) A literature review of the use of GIS-based measures of access to health 

care services. Health Service and Outcomes Research Methodology, 5, 119-139. 

Huff, D.L. (1963) A probabilistic analysis of shopping center trade areas. Land 

Economics, 39(1), 81-90. 

Huff, D.L. (2000) Don’t misuse the Huff model in GIS. Business Geographers, 8(8), 12. 

Hwang, H.L. and Rollow, J. (2000) Data processing procedures and methodology for 

estimating trip distances for the 1995 American Travel Survey (ATS). Oak Ridge 

National Laboratory Knoxville, Tennessee. 

Joseph, A.E. and Bantock P.R. (1982) Measuring potential physical accessibility to 

general practitioners in rural areas: a method and case study. Social Science and 

Medicine, 16, 86-90. 

Joseph, A.E. and Bantock P.R. (1984) Accessibility and utilization–geographical 

perspectives on health care delivery. New York: Happer and Row Publishers. 

Khan, A.A. (1992) An integrated approach to measuring potential spatial access to health 

care services. Socio Economic Planning Sciences, 26(4), 275-287. 

Kiwanuka, S.N., Ekirapa, E.K., Peterson, S., Okui, O., Rahman, M.H., Peters, D. and 

Pariyo, G.W. (2008) Access to and utilization of health services for the poor in 

Uganda: a systematic review of available evidence. Transactions of the Royal 

Society of Tropical Medicine and Hygiene, 102, 1067-1074. 

Kurland, K.S. and Gorr, W.L. (2012) GIS Tutorial for Health. Redlands: ESRI press. 

Langford, M. and Higgs, G. (2006) Measuring potential access to primary healthcare 

services: the influence of alternative spatial representations of population. 

Professional Geographer, 58, 294-306. 

Lee, R.C. (1991) Current approaches to shortage area designation. Journal of Rural 

Health, 7, 437-450. 

Lo, L. and Wang, L. (2005) A GIS approach to examining the delivery of immigrant 

settlement services in Toronto. Paper presented at the Annual Meetings of the 

Association of American Geographers, Denver, USA, April. 

Lovett, A., Sunnenberg, G. and Haynes, R. (2004) Using GIS to assess accessibility to 

primary health care service. In GIS in Public Health Practice: Opportunity and 

Pitfalls, ed. C. Massimo, and M. Ravi, 187- 204. CRC Press. 

17

Ye and Kim: Measuring Spatial Health Disparity Using a Network-Based Accessibility Index Method in a GIS Environment

Published by UWM Digital Commons, 2014



Luo, W. and Wang, F. (2003a) Measures of spatial accessibility to health care in a GIS 

environment: synthesis and a case study in the Chicago region. Environment and 

Planning B: Planning and Design, 30, 865-884. 

Luo, W. and Wang, F. (2003b) Spatial accessibility to primary care and physician 

shortage area designation: a case study in Illinois with GIS approaches. In 

Geographic Information Systems and Health Applications, ed. R. Skinner, and O. 

Khan, 260-278. Hershey: Ideal Group Publishing. 

Luo, W. (2004) Using a GIS-based floating catchment method to access areas with 

shortage of physicians. Health and Place, 10(1), 1-11. 

Luo, W. and Qi, Y. (2009) An enhanced two-step floating catchment area (E2SFCA) 

method for measuring spatial accessibility to primary care physicians. Health and 

Place, 15, 1100-1107. 

Luo, W. and Whippo, T. (2012) Variable catchment sizes for the two-step floating 

catchment area (2SFCA) method. Health and Place, 18, 789-795. 

McGrail, M.R. and Humphreys, J.S. (2009) A new index of access to primary care 

services in rural areas. Australian and New Zealand Journal of Public Health, 

33(5), 418-423. 

McLafferty, S. and Wang, F. (2009) Rural reversal? Rural-urban disparities in late-stage 

cancer risk in Illinois. Cancer, 115, 2755-2764. 

Meade, S.M. and Earickson, R.J. (2000) Medical Geography 2nd Edition. New York: The 

Guilford Press. 

Meliker, J.R., Goovaerts, P., Jacquez, G.M., AvRuskin, G.A. and Copeland, G. (2009a) 

Breast and prostate cancer survival in Michigan: can geographic analyses assist 

in understanding racial disparities? Cancer, 115, 2212-2221. 

Meliker, J.R., Jacquez, G.M., Goovaerts, P., Copeland, G. and Yassine, M. (2009b) 

Spatial cluster analysis of early stage breast cancer: a method for public health 

practice using cancer registry data. Cancer Causes Control, 20, 1061-1069. 

Meyer, S.P. (2012) Comparing spatial accessibility to conventional medicine and 

complementary and alternative medicine in Ontario, Canada. Health and Place, 

18, 305-314. 

Monnet, E., Collin-Naudet, E., Bresson-Hadni, S., Minello, A., Di Martino, V., Carel, D., 

Jooste, V., Cagnaire, A., Evrard, P., Obert-Clerc, B., Miguet, J.P. and Hillon, P. 

(2006) Place of residence and distance to medical care influence the diagnosis of 

hepatitis C: a population-based study. Journal of Hepatology, 44, 499-506. 

Ngui, A. and Apparicio, P. (2011) Optimizing the two-step floating catchment area 

method for measuring spatial accessibility to medical clinics in Montreal. BMC 

Health Services Research, 11, 166. 

Oliver, A. and Mossialos, E. (2004) Equity of access to health care: outlining the 

foundations for action. Journal of Epidemiology Community Health, 58, 665-658. 

Onega, T., Duell, E.J., Shi, X., Wang, D., Demidenko, E. and Goodman, D. (2008) 

Geographic access to cancer care in the US. American Cancer Society, 112(4), 

909-918. 

Openshaw, S. (1983) The modifiable areal unit problem. Concepts and Techniques in 

Modern Geography, 38. 

18

International Journal of Geospatial and Environmental Research, Vol. 1, No. 1 [2014], Art. 2

https://dc.uwm.edu/ijger/vol1/iss1/2



Parker. E.B. and Campbell. J.L. (1998) Measuring access to primary medical care: some 

examples of the use of geographical information systems. Health and Place, 4(2), 

183-193. 

Pearce, J., Witten, K. and Bartie, P. (2006) Neighborhoods and health: A GIS approach to 

measuring community resource accessibility. Journal of Epidemiology and 

Community Health, 60(5), 389-395. 

Pedigo, A. and Odoi, A. (2010) Investigation of disparities in geographic accessibility to 

emergency stroke and myocardial infarction care in east Tennessee using 

Geographic Information Systems and network analysis. Annals of Epidemiology, 

20(12), 924-930. 

Penchansky, R. and Thomas, J. W. (1981) The concept of access: definition and 

relationship to consumer satisfaction. Med Care, 19(2), 127-140. 

Perry, B. and Gesler, W. (2000) Physical access to primary care in Andean Bolivia. Social 

Science and Medicine, 50, 1177-1188. 

Radke, J. and Mu, L. (2000) Spatial decompositions, modeling and mapping service 

regions to predict access to social programs, Geographic Information Sciences 

6(2), 105-112. 

Rosenberg, M.W. and Hanlon, N.T. (1996) Access and utilization: a continuum of health 

service environments. Social Science and Medicine, 43, 975-984. 

Rosenblatt, R.A. and Lishner, D.M. (1991) Surplus or shortage? Unraveling the physician 

supply conundrum. Western Journal of Medicine, 154(1), 43-50. 

Rosenthal, M.B., Zaslavsky, A. and Newhouse, J.P. (2005) The geographic distribution of 

physicians revised. Health Services Research, 40(6), 1931-1952. 

Ross, N.A., Rosenberg, M.W. and Pross, D.C. (1994) Siting a women’s health facility: a 

location-allocation study of breast cancer screening services in Eastern Ontario. 

The Canadian Geographer, 38(2), 150-161. 

Shen, Q. (1998) Location characteristics of inner-city neighborhoods and employment 

accessibility of low-income workers. Environment and Planning B: Planning and 

Design, 25, 345-365. 

Shi, X., Alford-Teaster., J. Onega, T. and Wang, D. (2012) Spatial access and local 

demand for major cancer care facilities in the United States. Annals of the 

Association of American Geographers, 102(5), 1125-1134. 

Taaffe, E., Gauthier, H. and O’Kelly, M. (1996) Geography of transportation. Prentice 

Hall. 

US Census Bureau. (2010) Census 2010 Summary File 3. http://www/census.gov 

Verter, V. and Lapierre, S.D. (2002) Location of preventive health care facilities. Annals 

of Operations Research, 110, 123-132. 

Wan, N., Zhan, F.B., Zou, B. and Wilson, J.G. (2013) Spatial access to health care 

services and disparities in colorectal cancer stage at diagnosis in Texas. The 

Professional Geographer, 65(3), 527-541. 

Wang, F. and Luo, W. (2005) Accessing spatial and nonspatial factors for healthcare 

access: towards an integrated approach to defining health professional shortage 

areas. Health and Place, 11, 131-146. 

Wang, F. (2006) Quantitative Methods and Applications in GIS. CRC Press. 

19

Ye and Kim: Measuring Spatial Health Disparity Using a Network-Based Accessibility Index Method in a GIS Environment

Published by UWM Digital Commons, 2014



Wang, F. (2012) Measurement, optimization, and impact of health care accessibility: A 

Methodological Review. Annals of the Association of American Geographers, 

102(5), 1104-1112. 

Wang, L., Rosenberg, M. and Lo, L. (2008) Ethnicity and utilization of family physicians: 

A case study of mainland Chinese immigrants in Toronto, Canada. Social Science 

and Medicine, 67, 1410-1422. 

Yang, D.H., Goerge, R. and Mullner, R. (2006) Comparing GIS-based methods of 

measuring spatial accessibility to health services. Journal of Medical Systems, 

30(1), 23-32. 

Zhang, Y., Berman, O. and Verter, V. (2009) Incorporating congestion in preventive 

healthcare facility network design. European Journal of Operational Research, 

198, 922-935. 

20

International Journal of Geospatial and Environmental Research, Vol. 1, No. 1 [2014], Art. 2

https://dc.uwm.edu/ijger/vol1/iss1/2


	International Journal of Geospatial and Environmental Research
	June 2014

	Measuring Spatial Health Disparity Using a Network-Based Accessibility Index Method in a GIS Environment: A Case Study of Hillsborough County, Florida
	Huairen Ye
	Hyun Kim
	Recommended Citation

	Measuring Spatial Health Disparity Using a Network-Based Accessibility Index Method in a GIS Environment: A Case Study of Hillsborough County, Florida
	Abstract
	Keywords


	Microsoft Word - 397218-convertdoc.input.385336.DWev0.docx

