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Small-Area Estimation of Spatial Access to Care
and Its Implications for Policy

Monica Gentili, Kim Isett, Nicoleta Serban, and Julie Swann

ABSTRACT Local or small-area estimates to capture emerging trends across large
geographic regions are critical in identifying and addressing community-level health
interventions. However, they are often unavailable due to lack of analytic capabilities in
compiling and integrating extensive datasets and complementing them with the
knowledge about variations in state-level health policies. This study introduces a
modeling approach for small-area estimation of spatial access to pediatric primary care
that is data Brich^ and mathematically rigorous, integrating data and health policy in a
systematic way. We illustrate the sensitivity of the model to policy decision making
across large geographic regions by performing a systematic comparison of the estimates
at the census tract and county levels for Georgia and California. Our results show the
proposed approach is able to overcome limitations of other existing models by
capturing patient and provider preferences and by incorporating possible changes in
health policies. The primary finding is systematic underestimation of spatial access, and
inaccurate estimates of disparities across population and across geography at the county
level with respect to those at the census tract level with implications on where to focus
and which type of interventions to consider.

KEYWORDS Spatial access, Health policy, Optimization, Small-area estimates

INTRODUCTION

Data-driven local inferences on health care delivery and health outcomes across
large geographic areas can facilitate targeted and comparative actions in a way that
resources are effectively allocated for maximum impact.1–3 Local inferences rely on
high geographic resolution measures, often called small-area estimates. Many
existing studies in the fields of epidemiology, environmentrics,4,5 and health care
planning literature6–10 have introduced and applied models for deriving small-area
estimates from large, national administrative datasets or/and publicly available data.

Small-area estimates at high geographic resolution may not however be available for
policymaking by federal agencies, state health departments, and community health
organizations because of resource constraints in acquiring relevant data or/and lack of
analytic capabilities to derive such estimates.11,12 While local health departments may
collect some administrative data that can be used in small-area inferences, they likely do
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not collect the types of data that can aid in deriving small-area estimates and identifying
emerging trends across large geographic regions (e.g., statewide or multiple states).

Because of this important challenge, it is common practice to derive estimates at
lower geographic resolution (e.g., county) for statewide or national compari-
sons.6–10,13,14 However, division of states into counties varies greatly; for example,
a large state such as California has 58 counties, whereas a smaller state such as
Georgia has 159 counties. Within-county variations in demographics, population
health, and economics can lead to high error rates of the county-level estimates. In
turn, making decisions based on such estimates can suggest interventions that do not
appropriately address health care disparities and/or improve outcomes. Estimation
at the highest geographic resolution is important to overcome these limitations.

Small-area estimation at the highest geographic resolution is particularly critical
in estimation of spatial access, measuring accessibility and availability of health care
services.15 Spatial access is a system outcome varying across communities due to
geographic variations in health care infrastructure and in population’s choice of
health care provider,16 both coupled with variations in state-level health policies, for
example, Medicaid reimbursement and eligibility.

To this end, this paper applies a modeling approach for obtaining small-area
estimates of spatial access to pediatric primary care that is data Brich^ and
mathematically rigorous, integrating data and health policy in a systematic way.
The model is general and can be applied widely to different types of care, different
states, and different countries. The methodology is particularly relevant for deriving
local estimates because it employs a systems approach, allowing for trade-offs
between supply (providers) and need (patients), and for constraints in other forms of
access such as acceptance rate of governmental insurance.17,18 The approach
characterizes spatial access assuming that not all patients are covered or served by
the system of care because of their lack of access in all its forms,19 and it separately
provides estimates of spatial access for those served by private and public insurance
while accounting for their competition on available resources. It incorporates timely
information specified in the Patient Protection and Affordable Care Act (ACA); it
considers all options of primary care for children, with preferences depending on the
provider type and patient age; and it accounts for patient’s trade-off between
accessibility (measured by distance traveled) and availability (measured by
congestion at the provider or wait time).

Statistical inference is used to demonstrate the sensitivity of the model in
capturing trends within states derived from estimates at different geographic
resolution levels, i.e., census tract and county level, with implications in policy
decision making on where to focus interventions for improving access and on which
type of intervention to consider for more appropriate health care delivery,
particularly for different population groups differentiated by insurance type.

We piloted our approach in two states, Georgia and California, selected because
of the differences in their administrative geographic subdivisions.

DATA SOURCES

Data: Administrative Subdivision in Georgia
and California
Census tract-level data containing geographic information for the two states were
downloaded from the census bureau’s website.20 Georgia has 1969 census tracts and
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159 counties. After eliminating census tracts with missing data, the analysis includes
1951 census tracts. California has 8057 census tracts and 58 counties. After
eliminating census tracts with missing data, the analysis includes 7984 census tracts.

Data: Demand for Pediatric Primary Care
Recommendations by the American Academy of Pediatrics21 about the type and
frequency of visits are heeded resulting in consideration of three age classes requiring
different numbers of visits/year: age 0–1, age 1–5, and age 6–18 with an average
number of visits/year equal to 8, 1.6, and 1, respectively. Patient population is
aggregated at the census tract level and located at the census tract centroid. The
2010 SF2 100 % census data and the 2012 American Community Survey data are
used to compute the total number of children in each census tract and in each age
class. Specifically, the following tables were used to compute the value of the
parameters for the optimization model: PCT3, B17024, PCT10, PCT7, B19001, and
B08201 (see Appendix 2 which provides a detailed description on the applied
methodologies to derive model parameters from the different tables.)

Medicaid and the Children’s Health Insurance Program (CHIP) are social health
care programs for families and individuals with low income and limited resources.
They constitute the primary sources of coverage for low-income children in the USA.
Several requirements need to be met to be eligible in the programs, including total
family income which cannot be greater than a fixed threshold which varies by state.
We derive the Medicaid and CHIP eligible population counts using a threshold of
247 % of the Federal Poverty Level (FPL) for the state of Georgia and a threshold of
261 % for the state of California, consistent with the new threshold limits of the
ACA.22 It is assumed that patients can be assigned to a provider whose distance is
less than or equal to 25 miles, in accordance with the guidelines of the Department
of Health and Human Services (DHHS).23 Since patients without a private vehicle
must use alternative means of transportation, we also assign a maximum distance
threshold for these patients equal to 10 miles.

Data: Supply of Pediatric Primary Care
The set of providers and their addresses were obtained from the 2013 National
Provider Identification (NPI) database.24 This dataset provides information of all
providers currently being reimbursed for health care services. Individual and
institutional records are distinguished by the entity type attribute where entity 1
corresponds to individual (e.g., physicians, sole proprietors) and entity 2 corre-
sponds to health care providers who are not individual. We restricted our network
of providers only to entity 125 because the dataset does not report how many
providers of a particular type are represented by the organization’s listed
taxonomies raising the possibility of double-counting between individuals and
organizations.

We selected only those providers who have, among the declared set of taxonomy
codes, one of the following: Family Medicine (207Q00000X), Internal Medicine
(207R00000X), Pediatrics (208000000X), and Nurse Practitioner Pediatrics
(363LP0200X). We used the Business Practice Address attribute in the dataset to
geolocate each selected provider using the Texas A&M Geocoding Services.26 The
NPI database is used not only because geolocation information of each provider was
needed, but also because of the inconsistencies27 in other databases. Street network
distances between census tract centroids and provider addresses are computed using
the ArcGIS Network Analyst28 using the National Highway Planning Network
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downloadable from the Federal Highway Administration website.29 Total distances
correspond to the shortest network path between the centroid location and the
provider location. If a centroid does not fall onto the street network, it is moved to
the closest street.

A maximum provider caseload of 7500 visits/year for an average patient panel
size of 2500 patients28 is used. It is assumed that a higher value will significantly
impair quality of access. Caseloads of General Pediatricians and Pediatric Nurse
Practitioners are assumed to be completely devoted to pediatric care while Family/
Internal Medicine physicians are assumed to devote only 10 % of their caseload to
children.29

To account for different acceptance rates of Medicaid/CHIP insurance, varying by
state,30,31 practice setting, and provider type,32 the 2009 MAX Medicaid claims
data is used to obtain county-level estimates of the percentage of primary care
physicians participating in the Medicaid program (see Appendix 1 which provides
additional information on the data used and methodology used to compute county-
level Medicaid acceptance ratios). Using these ratios, the same approach used in a
previous work17 is applied, and a subset of providers is randomly selected in each
county who accept Medicaid/CHIP insurance such that the total number of selected
providers equals the estimated percentage of providers in the county.

METHODS

The Mathematical Model
The optimization model in Nobles et al.17 is extended to take into account several
additional factors that influence patients’ and providers’ behavior, including
different patient age classes, different needs for age class, different provider types,
and different patient preferences for provider types.

The decision variables of the model represent the total number of patients in each
census tract of a given age class who are assigned to a specific provider. Since the
Medicaid/CHIP eligible and privately insured populations may face different
barriers to health care, the model considers the two populations separately when
matched to providers, while accounting for their competing access to providers
accepting both types of insurance.

Our model is based on the assumptions that both families and policy makers
value children having a primary care provider, that patients prefer to visit nearby
physicians, and that they prefer to schedule visits when the office is not too busy
(low congestion); however, when physician congestion is considered too high,
families prefer nonphysician providers such as Nurse Practitioners.33 Under these
assumptions, the objective function of the optimization model is a weighted sum
of the total distance traveled (which needs to be minimized) and the provider
preference contingent upon demand volume (which needs to be maximized). The
balance between these two components of the objective function is controlled by
a trade-off parameter, which is used to define the relative importance of each
component in the objective function. Its value is empirically selected such that (i)
neither of the two components of the objective function dominates the other, and
(ii) the optimized decision results in sufficient spatial autocorrelation to indicate
that close neighbors experience similar travel distance and similar congestion
level (see Appendix 3 for a detailed description of the empirical selection of the
trade-off parameter).
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TABLE 1 The parameters used in the model, together with their description and the data
sources used to set the corresponding value

Parameters
of the
model Description Value Data source

pik
M Total number of children

under Medicaid/CHIP
insurance at census
tract i in age class k

– 2010 SF2 100 % Census
data, 2011 American
Community Survey
(see Appendix 2)

pik
O Total number of children

under private insurance
at census tract i in age
class k

– 2010 SF2 100 % Census
data, 2011 American
Community Survey
(see Appendix 2)

Total Medicaid/CHIP
population at census
tract i

– –

Total population with
private insurance at
census tract i

– –

mobi
M Percentage of Medicaid/

CHIP population in
census tract i that owns
at least one vehicle

– 2010 SF2 100 % Census
data, 2011 American
Community Survey
(see Appendix 2)

mobi
O Percentage of population

with private insurance
in census tract i that
owns at least one vehicle

– 2010 SF2 100 % Census
data, 2011 American
Community Survey
(see Appendix 2)

mimax Maximum allowed distance
(in miles) between a
patient and the
matched provider

25 US Department of
Human and Health
Services23

(Department of
Health and Human
Services (DHHS),
website accessed
August 2014)

mobmax Maximum allowed distance
(in miles) between a
patient and the matched
provider when the patient
does not own a vehicle

10 –

dij Distance between centroid
of census tract i and
provider j

ArcGis, ESRI, NPPES (for
provider location),
2010 SF2 100 % Census
data (for centroid
location)

fk Number of yearly visits of
a child in age class k

f1=8
f2=1.6
f3=1

American Academy of
Pediatricians21

λ Weight parameter for the
distance component
in the objective function

Experimentally evaluated
(see Appendix 3)

cmin Percentage of the total
patient population that
require a health insurance

90 % –

POP Total patient population 2010 SF2 100 % Census
data

PC Maximum number of yearly
visits of a provider

7500 US Department of
Human and Health
Services28,44

pcj Percentage of the provider’s
caseload devoted to visits

100 % if Pediatric
Specialist 10 % if

29

GENTILI ET AL.868

pMi ¼∑
k
pMik

pOi ¼∑
k

pOik



Constraints in the model reflect trade-offs and behaviors in the system. From
patients’ perspective, constraints in the resulting matching take into account the
obstacles that patients encounter when choosing a provider (such as distance,
provider congestion, Medicaid/CHIP insurance acceptance and provider type). From
providers’ perspective, constraints are considered so that: (i) the total number of
patients assigned to each provider does not exceed maximum caseload capacity, (ii)
the total number of assigned patients under Medicaid/CHIP insurance does not
exceed Medicaid/CHIP acceptance caseload, and (iii) different provider types have
different caseload capacities and different Medicaid/CHIP acceptance levels. The
detailed description of the model is provided in Appendix 3.

The output of the model consists of the optimal assignment of needed demand in
each census tract to providers in the network, while the demand within a census
tract may be assigned to different providers or/and a proportion of the demand may
not be served. Hence, the model provides estimates of the served demand for
primary care. The optimization model is implemented using the optimization
programming language OPL34 and the CPLEX solver on a UNIX system.

Parameters of the model are estimated for each state by integrating the different
data sources mentioned in the previous section together with the different health
policies (i.e., Medicaid/CHIP eligibility criteria) implemented in each state. Table 1
provides a summarized description of the set of parameters, their values, and the
data source we used to determine their value.

Spatial Access Measures: Accessibility and Availability
We use the results of the optimization model to measure accessibility and availability
of primary care for overall population of children, Medicaid/CHIP-insured children,

TABLE 1 Continued

Parameters
of the
model Description Value Data source

to children Family/Internal
Medicine physician

lcj Percentage of provider’s
caseload necessary to
remain in practice

15 % for Georgia
0 % for California

Experimentally evaluated

pamj Probability that provider j
accepts Medicaid/CHIP
patients

pamj=1 if provider
accepts Medicaid/
CHIP patients

pamj=0 if provider
does not accept
Medicaid/CHIP
patients

Medicaid claims data

αk Percentage of the total patients
in age class k that is served
by pediatrics specialists

α1=80 %
α2=70 %
α3=50 %

45

uj Disutility perceived by patients
when served by physician j

uj=5 if General
Pediatric

uj=40 if Family/
Internal Medicine
Physician

uj=10 if Nurse
Pediatric

Experimentally evaluated
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and privately insured children, both at the county and census tract levels.
Accessibility is measured as the average distance a child must travel for each visit
to his/her assigned provider. Availability is measured as the congestion a child in the
census tract or in the county experiences for each visit at his/her assigned provider.
Since children who are not assigned to a provider have the worst possible spatial
access, regions whose population is not assigned to any provider are assumed to
experience a distance of 25 miles and 100 % congestion.

Statistical Comparison of the Measures at the County
and Census Tract Levels
Inference statistical methods are used to compare the distributions of accessibility
and availability at the county and census tract levels and to compare the level of
disparities in accessibility and availability between the Medicaid/CHIP-insured and
the privately insured population when analyzed at the census tract level or at the
county level.

In particular, denote by M(s) and by O(s) the spatial access measures (either the
availability or the accessibility measure) derived from the optimization model for the
Medicaid/CHIP-insured population and for the privately insured population,
respectively, where s denotes the spatial aggregation (i.e., either census tract or
county). We test whether summaries of the distributions of the two processes,
including median and variance, are statistically different. Because both processes are
observed over the same spatial units, we apply paired testing procedures.

We apply the nonparametric Wilcoxon test to test the null hypothesis for
equality of medians at the census tract level and at the county level
(H0:μCTY=μCENSUS; H1:μCTY9μCENSUS) of the two dimensions (accessibility
and availability) for the two states. The nonparametric Wilcoxon test and a
modified version of the nonparametric Wilcoxon test are used to test equality of
medians (H0:μM=μO; H1:μM9μO) and equality of variances (H0:σM

2=σO
2;

H1:σM
29σO

2), respectively, of the two processes M(s) and O(s) both at the
census tract level and at the county level (see Appendix 4 for details on the
statistical methods used).

Threshold maps are constructed to visualize where accessibility and/or availability
is higher or lower than the 85th percentile and the 15th percentile, respectively.

To analyze the association between accessibility and availability at the census
tract and county levels, a nonparametric regression method is applied to find a
smooth relationship between the two measures using the GAM function in the mgcv
library in R.35

Simultaneous confidence bands for the difference measure of the two populations
are estimated to identify census tracts or counties where the difference in either
accessibility or availability between the two populations is statistically significant.
Positive or negative significance maps are then derived at the 0.01 significance level
(see Appendix 4 for details).

RESULTS

The total number of children in the two states is approximately equal to 12.5
million, and the total number of children eligible for public insurance is equal to 6.8
million. The total number of providers under consideration in the state of Georgia is
approximately equal to 8000, while in the state of California, it is approximately
equal to 32,000. Fifty-three percent of the providers in the state of Georgia accept
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Medicaid/CHIP-insured children, for a total of approximately 4200 providers; 59 %
of the providers in the state of California accept Medicaid/CHIP-insured children,
for a total of approximately 18,800 providers.

Comparing Accessibility and Availability at the County
and Census Tract Levels
Summary statistics of the accessibility and availability measures are computed at the
county and the census tract levels for each population group in each state and are
given in Table 2. Boxplots of the distributions of the accessibility and availability
measures for the two states, both at the county and census tract levels, are shown in
Fig. 1. Tables 3 and 4 show the results of the statistical tests. Figure 2 shows the
threshold maps, with the census tracts (or counties) with accessibility or availability
measures higher than the 85th percentile or lower that the 15th percentile (denoted
as Bhigher^ or Blower^). Figure 3 shows the smooth nonparametric relationship
between availability and accessibility. Figure 4 shows the significance maps at the
census tract level and at the county level for both states and for both the accessibility
and the availability dimensions.

Accessibility The median distance traveled at the census tract level for the three
population groups for Georgia and California is 7.94 miles (standard deviation
(SD)=6.65) and 4.92 miles (SD=5.86) for the overall population, 8.62 miles (SD=
7.29) and 6.92 miles (SD=7.03) for the Medicaid/CHIP population, and 6.07 miles
(SD=6.03) and 1.01 miles (SD=4.73) for the privately insured population,
respectively.

The median distance at the county level is greater than the median distance at the
census tract level in both states, and for all the three population groups, such a
difference is statistically significant for both states (Table 3).

The 85th percentile of the travel distance distribution at the census tract (county)
level is 15.84 (19.58) miles in Georgia and 10.55 (15.69) miles in California. The
15th percentile of the travel distance distribution at the census tract (county) level is
1.07 (7.39) miles in Georgia and 0.45 (5.55) miles in California (Fig. 2).

Availability The median congestion experienced at the census tract level for the
three population groups for Georgia and California is 0.43 (SD=0.27) and 0.49
(SD=0.25) for the overall population, 0.42 (SD=0.28) and 0.43 (SD=0.26) for the
Medicaid/CHIP population, and 0.39 (SD=0.28) and 0.49 (SD=0.29) for the
privately insured population, respectively.

The median congestion at the county level is greater than the median congestion
at the census tract level in both states, and for all the three population groups, such a
difference is statistically significant for both states (Table 3).

The 85th percentile of the congestion distribution at the census tract (county)
level is 0.78 (0.85) in Georgia and 0.81 (0.73) in California. The 15th percentile of
the congestion distribution at the census tract (county) level is 0.15 (0.39) in Georgia
and 0.23 (0.45) in California (Fig. 2).

The correlation coefficient between availability and accessibility at the census
tract level is r=0.73 for Georgia and r=0.59 for California, while at the county level
it is, respectively, r=0.85 and r=0.88 (Fig. 3).

Disparities between Population Groups at the Census Tract and the County
Levels The significance maps (Fig. 4) show that in Georgia (California), the
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Medicaid/CHIP-insured population has a statistically significantly lower accessibility
than the privately insured population in 53 % (74 %) of the census tracts and in 100
% (98 %) of the counties. The Medicaid/CHIP-insured population in Georgia
(California) experiences a statistically significantly higher congestion than the
privately insured population in 18 % (12 %) of the census tracts and 47 % (31
%) of the counties. As shown in Table 4, the median and variance of distance
(accessibility) for the Medicaid/CHIP-insured population are statistically significant-
ly higher than for the privately insured population at both the census tract and
county levels for both states. The median congestion (availability) for the Medicaid/
CHIP-insured population is statistically significantly higher than for the privately
insured population both at the census tract and county levels, only for the state of
Georgia.

GEORGIA 

CALIFORNIA 

FIG. 1 The boxplots of the distributions of the accessibility dimension (distance (miles)—on the
left) and of the availability dimension (congestion—on the right) at the census tract level and at the
county level for the Medicaid/CHIP-insured population and the privately insured (non-Medicaid)
population for the state of Georgia (top) and for the state of California (bottom). Horizontal lines in
the figures represent mean values at the state level for the overall population.
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DISCUSSION

A modeling approach for small-area estimates of spatial access to pediatric primary
care is introduced along with a systematic comparison of estimates of spatial access
at the census tract and county levels for Georgia and California.

The approach can address the limitations of other existing models such as simple
ratios of providers to population15 and the two-phase catchment method (2SFCA)36

which does not account for the unserved demand due to lack of access in all its
dimensions and the trade-offs between supply and need of care. The proposed
approach is able to capture patient and provider preferences17,18 and to incorporate
health policies changes by a different setting of the values of the model parameters.
Additionally, the model is able to capture the differences in the trends across large
regions derived from estimates with different resolution levels. The constraints
included in the model are basic barriers to accessibility, availability, and
acceptability; the model can take into account other dimensions of access such as
accommodation.

TABLE 3 p values of the statistical test for equality of medians at the census tract level and at
the county level (H0:μCTY9μCENSUS; H1:μCTY9μCENSUS) of the two dimensions (accessibility and
availability) for the state of Georgia and the state of California

Georgia California

Median Median

Medicaid/CHIP
Non-
Medicaid All Medicaid/CHIP

Non-
Medicaid All

p value p value p value p value p value p value

Accessibility 0.00 0.00 0.00 0.00 0.00 0.00
Availability 0.00 0.00 0.00 0.00 0.00 0.02

Values in italics indicate p values less than or equal to 0.05, i.e., worse accessibility or availability at the
county level

TABLE 4 p values of the statistical test for equality of medians (H0:μM=μ0; H1:μM9μ0) and
equality of variances (H0:σM

2=σO
2 : H1:σM

29σO
2) of the two dimensions (accessibility and

availability) both at the census tract level and at the county level between the Medicaid/CHIP-
insured population and the privately insured (non-Medicaid—(OTH)) population

Georgia California

Median Variance Median Variance

Census
tract County

Census
tract County

Census
tract County

Census
tract County

p value p value p value p value p value p value p value p value

Accessibility 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Availability 0.00 0.00 1.00 0.01 1.00 0.06 1.00 0.27

Values in italics indicate p values less than or equal to 0.05, i.e., worse accessibility or availability for the
Medicaid/CHIP population or greater variation in accessibility or availability for the Medicaid/CHIP population
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For both availability and accessibility, the results show that county-level estimates
tend to underestimate spatial access. The medians of the measures estimated at the
county level are significantly greater than the medians of the measures at the census
tract level, because the within-county distributions of the estimates are highly
skewed. Hence, spatial access is underestimated at the county level. The implication
of this finding is that decisions based on the county-level estimates about where to
locate or incentivize new practices could be misaligned to need.
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FIG. 2 The threshold maps for both states and for both accessibility (i.e., distance (miles)) and
availability (i.e., congestion). In each map on the left, the gray-shaded areas and triangles correspond
to counties and census tracts, respectively, where the local estimates are lower than the 15th
percentile (denoted BLower^). In each map on the right, the gray-shaded areas and dots correspond
to counties and census tracts, respectively, where the local estimates are higher than the 85th
percentile (denoted BHigher^).
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The results show also that geographic disparities for each population group
(public and privately insured) are consistently underestimated when measured at the
county level: variability of the measures at the county level is lower than variability
at the census tract level on all but one measure reported here.

For the two states, the choice of where to focus interventions for improving
access, if based on the county-level estimates, would target regions that do not
experience greater needs for improvement in spatial access. For Georgia, many areas
of the state would not be identified as Bin need^ according to the county estimates,
although it is evident from the census tract estimates. For example, Burke County in
Georgia with six census tracts has an average travel distance at the county level of
17.7 miles, which is lower than 19.5 miles, the 85th percentile of the travel distance
distribution at the county level for this state. However, the average travel distance of
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FIG. 3 The smoothed nonparametric relationship between accessibility (distance) and availability
(congestion) obtained using the Bgam^ function in the library mgcv in the R statistical software. The
resulting function for the county level is shown on the left, and the function for the census tract level is
shown on the right. Results for Georgia are on the top, and results for California are on the bottom.
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the six census tracts in the county is 23.6, 22.5, 18.1, 13.3, 8.9, and 925 miles. The
high variability of the travel distances at the census tract level is not captured at the
county level, and an intervention based on county-level estimates would neglect in
this case to intervene in communities which are potentially most in need.

County estimates are misleading when trying to understand which type of
intervention is more appropriate to deliver. In the two states, the county-level
estimates suggest that regions with low (high) availability also have consistently low
(high) accessibility. Thus, although appointments may be available, they are
practices that are difficult to travel to. In contrast, the census tract estimates reveal
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FIG. 4 Significance maps both at the census tract level (on the left) and at the county level (on the
right) for the two dimensions of access (i.e., accessibility and availability). Each dot on the map
corresponds to a census tract or a county where Medicaid/CHIP-insured population has a
statistically significantly lower accessibility (i.e., greater distance) or lower availability (i.e., greater
congestion) than the privately insured population, at α=0.01 significance level. The gray-shaded
regions on the maps correspond to counties where the Medicaid/CHIP-insured population does not
experience a significantly worse accessibility or availability.
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a different relationship; specifically, in Georgia, these estimates show that there are
several regions that experience lower distance but higher congestion.

Finally, local estimates are a much better tool for capturing disparities across
populations. Our results reveal that disparities in access between Medicaid/
CHIP-insured and privately insured populations based on the county level
metrics are underestimated. Specifically, the county-level estimates for availabil-
ity in Georgia do not capture the statistically significant gaps in some counties
in the northern part of the state, as evident from the census tract estimates. In
California, according to the county-level estimates for availability, there is no
county with a statistically significant difference in the central and south regions.
However, the census tract estimates reveal statistically significant differences for
many areas in these regions. In terms of accessibility, 100 % of the counties in
Georgia show a statistically significant difference between the two population
groups; however, the census tract estimates show that this is not true for some
areas in the southeastern region of the state.

The study has several limitations. The primary challenge in this study is the
limited availability of data. Because of limited state-level information, eligible
populations are evaluated considering federal net income thresholds instead of
modified adjusted gross income (MAGI)-equivalent thresholds. The procedure for
evaluating the MAGI-equivalent threshold depends on state-level policies with too
many unknown parameters to be realistically considered. Additionally, because of
lack of data, multiple data sources are considered for different years to estimate
demand parameters. Finally, Medicaid/CHIP acceptance rates are computed using
2009 data; although this limitation does not affect the overall findings of the
analysis, these parameters could be underestimated because of the implementation
of the ACA.

A second limitation is the set of assumptions specifying some of the system
constraints. For example, the provider capacity is assumed to be uniform across
geographies (i.e., 2500 patients or 7500 visits/year). Similarly, the same
willingness to travel for all populations in rural and urban areas is assumed.
Moreover, variations in the percentage of physicians practicing pediatric
primary care after the implementation of the ACA are not accounted for.
These assumptions can be relaxed, and the system constraints can be better
informed with the acquisition of detailed local-level data.

Our study brings us to several conclusions. Much research in health services
considers access to care, either as a primary study topic or as a factor for which to
control.8,37–43 These existing studies often rely on measures of access that are too
simple to account for systemwide trade-offs, or measures computed at high
geographic aggregation levels. This paper demonstrates that these limitations can
result in misleading policies and interventions and that high geographic resolution
estimates are needed to understand the nuances in health care access where county-
level estimates wash out important differences.

By understanding access at high geographic resolution, it is also possible to
separate out different dimensions of access and may facilitate designing targeted
interventions that will have the highest impact at the community level. Local
estimation approaches are the best available tool and can ultimately help improve
the health of our nation’s children. The models used in this paper (and the associated
code) are available at www.healthanalytics.gatech.edu so that other researchers or
health organizations can use them to assist in quantifying measures of access, with
no software license required.
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APPENDIX 1

In this appendix, additional information on data used in our optimization model is
presented and the procedure applied to compute the providers’ Medicaid acceptance
ratio at the county level is detailed.

Patient Data
The total number of children in the two states under consideration is approximately
equal to 12.5 million, and the total number of children eligible for public insurance
is equal to 6.8 million.

For the state of Georgia, the distribution of the proportion of population eligible
for Medicaid/CHIP at the census tract level has a median equal to 0.60, mean equal
to 0.58, and standard deviation equal to 0.23. The same distribution at the county
level has a median equal to 0.66, mean equal to 0.65, and standard deviation equal
to 0.18.

For the state of California, the distribution of the proportion of population
eligible for Medicaid/CHIP at the census tract level has a median equal to 0.53,
mean equal to 0.51, and standard deviation equal to 0.26. The same distribution at
the county level has a median equal to 0.56, mean equal to 0.55, and standard
deviation equal to 0.12.

The distribution of the proportion of population eligible for Medicaid/CHIP at
the county and census tract levels for the two states is shown in Fig. 5.

GA-CENSUS

Medicaid/CHIP Percentage

F
re

q
u
e

n
c
y

0.0 0.2 0.4 0.6 0.8 1.0

0
1

0
0

2
0
0

3
0

0

GA-COUNTY

Medicaid/CHIP Percentage

F
re

q
u
e

n
c
y

0.0 0.2 0.4 0.6 0.8 1.0

0
2
0

4
0

6
0

CA-CENSUS

Medicaid/CHIP Percentage

F
re

q
u
e

n
c
y

0.0 0.2 0.4 0.6 0.8 1.0

0
4

0
0

8
0
0

CA-COUNTY

Medicaid/CHIP Percentage

F
re

q
u
e

n
c
y

0.0 0.2 0.4 0.6 0.8 1.0

0
2

4
6

8
1

2

FIG. 5 The distribution of the percentage of the population eligible for Medicaid/CHIP at the
census tract level (top) and the county level (bottom) for the state of Georgia (on the left) and the
state of California (on the right).
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Provider Data
An NPI is assigned to entities that respect the definition of Bhealth care provider.^
The definition of health care provider includes several categories of providers such
as hospitals, nursing homes, ambulatory care facilities, durable medical equipment
suppliers, clinical laboratories, pharmacies, and many other Binstitutional^ type
providers; physicians, dentists, psychologists, pharmacists, nurses, chiropractors and
many other health care practitioners and professionals; group practices, health
maintenance organizations, and others.

Individual and institutional records are distinguished by the entity type attribute:

Entity 1 Individual (e.g., physicians, sole proprietors)
Entity 2 Health care providers that are not individual

Data for organizational NPIs were excluded because the dataset does not report
how many providers of a particular type are represented by the organization’s listed
taxonomies (each organization can list up to 15 different taxonomy codes). It is also
unknown how many of the providers listed under an organization’s umbrella have
their own individual NPI, raising the possibility of double-counting between
individuals and organizations.

The total number of providers under consideration in the state of Georgia is
approximately equal to 8000, while in the state of California it is approximately
equal to 32,000.

Fifty-three percent of the providers in the state of Georgia accept Medicaid/CHIP-
insured children, for a total of approximately 4200 providers; 59 % of the providers
in the state of California accept Medicaid/CHIP-insured children, for a total of
approximately 18,800 providers.

The network of providers in Georgia consists of 21 % pediatricians, 74 % Family
Internal Medicine physicians, and 5 % Nurse Pediatrics, and in California, it consists of
21 % pediatricians, 76 % Family Internal Medicine physicians, and 3 % Nurse
Pediatrics. Given our capacity assumptions, the capacity of our network of providers for
children care is such that, for the state of Georgia, 63 % of the visits are provided by
General Pediatricians, 22 % are provided by Family/Internal Medicine physicians, and
the remaining 15 % are provided by Nurse Pediatrics. Meanwhile, the capacity of the
network of providers for children care for the state of California is such that 67% of the
visits are provided by General Pediatricians, 24 % are provided by Family/Internal
Medicine physicians, and the remaining 9 % are provided by Nurse Pediatrics.

The distribution of the providers in the two states under consideration is mapped
in Fig. 6. In Georgia, at the county level, six counties have zero providers, and 50 %
of the remaining counties have fewer than 10 providers. The average number of
providers in each county is equal to 53.

When analyzing census tracts, 40 % of the census tracts (953 out of 1951) have
zero providers, and 50 % of the remaining census tracts have less than 4 providers.
The average number of providers in each census tract is equal to 8, and the standard
deviation is equal to 17 providers.

In California, at the county level, two counties have zero providers, and 50 % of
the remaining counties have less than 164 providers. The average number of
providers in each county is equal to 593. At the census tract level, 54 % of the
census tracts (4354 out of 7984) have zero providers, and 50 % of the remaining
tracts have fewer than 4 providers. The average number of providers in each census
tract is equal to 8, and the standard deviation is equal to 15 providers.
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Additional Tables and Figures
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FIG. 6 Information about the provider distribution for Georgia (top) and California (bottom). On
the left, boxplot of the distribution of the number of providers per 100,000 children at the census
tract level and the county level are shown. On the right, histograms of the distribution of the total
number of providers per 100,000 children at the census tract level and the county level are shown.
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FIG. 7 The distribution of the total number of census tracts per county in Georgia (left) and in
California (center). The table on the right gives the summarizing statistics of the distribution for both
states.
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PROCEDURE TO COMPUTE PROVIDERS’ MEDICAID
ACCEPTANCE RATIO AT COUNTY LEVEL

1. Data used

� The Medicaid claims data: specifically the OT (other services) file and PS
(personal summary) file.

� NPI data: This data is used to locate the number of providers in each state.
� Zip code to county code crosswalk: map from zip code to the county it

resides. The crosswalk can be downloaded here: http: / /
www.huduser.org/portal/datasets/usps_crosswalk.html.

2. Assumptions

� Billing Provider ID behaves like NPI where it has a one-to-one match with
the actual provider.

� The county with the greatest number of visits from a provider is the county
where the provider is located.

3. Procedure

� Calculation of providers in each county.

– Convert the zip code of the providers in the NPI data into county code
using the zip code-county code crosswalk.

– Count the number of providers in each county.

� Calculation of providers that accept Medicaid in each county.

– Join the OT file and PS file in the claims data to get patient’s zip code for
each of the claims.

– Covert the zip code into county code using the zip code-county code crosswalk.
– Count the number of providers in each county that accepts Medicaid.

� Calculation of the Medicaid acceptance ratio

– Divide the number of providers accepting Medicaid by the total number
of providers in each county.

The resulting ratios for the state of Georgia and California are provided in Table 5.

TABLE 5 The percentage of providers accepting Medicaid/CHIP patients in each county in
Georgia and California computed using the MAX Medicaid claims data. Due to confidentiality
issues, the percentages for counties with a number of physicians less than 11 are not reported.
For these counties, a weighted average is shown (corresponding to BOther counties^)

Georgia
counties

Ratio
(%)

Georgia
counties

Ratio
(%)

California
counties

Ratio
(%)

California
counties

Ratio
(%)

Baldwin County 76 Gwinnett County 53 Alameda County 39 Sacramento
County

55

Barrow County 67 Habersham
County

71 Amador County 23 San Benito
County

61

GENTILI ET AL.882

http://www.huduser.org/portal/datasets/usps_crosswalk.html
http://www.huduser.org/portal/datasets/usps_crosswalk.html


APPENDIX 2: MAIN STEPS TO COMPUTE VALUES
OF THE PARAMETERS FOR THE OPTIMIZATION MODEL

1. Summary. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
2. Medicaid Eligibility for Children in GA after ACA . . . . . . . . . . . . . . . . . 2
3. Data Sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

TABLE 5 Continued

Georgia
counties

Ratio
(%)

Georgia
counties

Ratio
(%)

California
counties

Ratio
(%)

California
counties

Ratio
(%)

Bartow County 61 Hall County 64 Butte County 33 San Bernardino
County

51

Bibb County 43 Haralson County 86 Calaveras County 38 San Diego County 36
Bryan County 71 Henry County 52 Colusa County 49 San Francisco

County
47

Bulloch County 64 Houston County 65 Contra Costa
County

32 San Joaquin
County

83

Carroll County 71 Jackson County 80 Del Norte County 48 San Luis Obispo
County

22

Catoosa County 80 Laurens County 62 El Dorado County 26 San Mateo
County

26

Chatham County 59 Lowndes County 51 Fresno County 59 Santa Barbara
County

27

Cherokee
County

55 Lumpkin County 72 Glenn County 63 Santa Clara
County

48

Clarke County 62 Muscogee
County

43 Humboldt County 25 Santa Cruz
County

30

Clayton County 51 Newton County 76 Imperial County 100 Shasta County 34
Cobb County 57 Oconee County 72 Inyo County 32 Siskiyou County 36
Coffee County 88 Paulding County 77 Kern County 61 Solano County 24
Colquitt County 79 Pickens County 75 Kings County 48 Sonoma County 25
Columbia

County
57 Polk County 65 Lake County 45 Stanislaus

County
71

Coweta County 66 Richmond
County

25 Lassen County 24 Sutter County 37

Crisp County 83 Rockdale County 83 Los Angeles
County

59 Tehama County 55

Dekalb County 46 Spalding County 72 Madera County 42 Trinity County 30
Dodge County 78 Stephens County 94 Marin County 14 Tulare County 66
Dougherty

County
67 Sumter County 71 Mariposa County 21 Tuolumne

County
21

Douglas County 77 Thomas County 57 Mendocino
County

30 Ventura County 23

Effingham
County

81 Tift County 54 Merced County 60 Yolo County 44

Emanuel County 88 Toombs County 63 Modoc County 48 Yuba County 39
Fannin County 68 Troup County 76 Mono County 27 Other county 0
Fayette County 64 Union County 88 Monterey County 37
Floyd County 74 Upson County 100 Napa County 22
Forsyth County 48 Walton County 79 Nevada County 15
Fulton County 37 Ware County 74 Orange County 49
Gilmer County 94 Wayne County 92 Placer County 24
Glynn County 67 Whitfield County 74 Plumas County 25
Gordon County 65 Other county 61 Riverside County 52
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4. Procedure to Obtain the Desired Parameter Values . . . . . . . . . . . . . . . . . 9

1. Summary
This appendix explains the main steps we carried out to obtain the
information needed to calculate the values of the parameters for the
mathematical model described in the paper. The parameters are specified
considering both CHIP and Medicaid eligibility criteria for children in
Georgia and California after the Affordable Care Act (ACA). The steps are
explained considering numerical examples for the state of Georgia. Similar
steps were carried out when considering the state of California.
2. Medicaid Eligibility for Children in GA after ACA

We defined three age classes:

� Age class 1: children under 1 year of age (i.e., the child has not yet reached his
or her first birthday)

� Age class 2: children at least 1 year old and less than 6 years old (i.e., the child
is age 1 or older, but has not yet reached his or her sixth birthday)

� Age class 3: children at least 6 years old and no more than 19 years old
(i.e., the child is age 6 or older, but has not yet reached his or her 19th
birthday)

To be eligible for Medicaid after the ACA, a child in age class 1, age class 2, and
age class 3 must be living in a household with an income below 205, 149, and
133 % of the Federal Poverty Level (FPL), respectively.
To be eligible for CHIP insurance after the ACA in the state of Georgia, a child in
any age class must be living in a household with an income below 247 % of the
FLP. We consider eligible for Medicaid/CHIP insurance those children that have
access to either Medicaid or CHIP.
For each census tract in Georgia, we need to compute the values of the following
parameters:

1. Age class 1: the total number of children in age class 1
2. Age class 2: the total number of children in age class 2
3. Age class 3: the total number of children in age class 3
4. Total populationG=18: the total number of children who are no more than

18 years old
5. Age class 1 eligible: the total number of children in age class 1 who

are eligible for Medicaid (parameter pi1
M in the optimization

model)
6. Age class 2 eligible: the total number of children in age class 2 who are

eligible for Medicaid (parameter pi2
M in the optimization model)

GENTILI ET AL.884



7. Age class 3 eligible: the total number of children in age class 3 who
are eligible for Medicaid (parameter pi3

M in the optimization
model)

8. Total eligible populationG=18: the total number of children no more than
18 years old who are eligible for Medicaid

9. mob_med: the proportion of households with at least one child less than 18
years old that have at least one vehicle and are eligible for Medicaid
(parameter mobi

M in the optimization model)
10. mob_oth: the proportion of households with at least one child less than 18

years old that have at least one vehicle and are ineligible for Medicaid
(parameter mobi

O in the optimization model)

Parameters pik
O, k=1, 2, 3 in the optimization model were computed as

the difference between the total number of children in census tract i and age
class k minus the total number of children in census tract i and age class k
who are eligible for Medicaid/CHIP (i.e., age class k eligible).

3 Data Sources
The primary data sources are the 2010 SF2 100 % census data and the

2012 American Community Survey data, downloaded from the website:
http://factfinder2.census.gov/faces/nav/jsf/pages/searchresults.xhtml?refresh=t.

Remarks on data processing:

� Tract names and locations specified by a unique Geographic Identifier code
(GEOID) can be found in any census table.

� Data from tracts present in the ACS data but not in the census data are
ignored.

We used the following tables:

� PCT3: Sex by Age
� B17024: Age by Ratio of Income to Poverty Level in the Past 12 Months
� PCT10: Household by Presence of People under 18 by Household Type by Age of

People Under 18 Years
� PCT7: Average Household Size by Age
� B19001: Household Income in the Past 12 Months (in 2012 Inflation-Adjusted

Dollars)
� B08201: Household Size by Vehicles Available

A snapshot and a brief explanation of each table are provided in the tables
below.
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4. Procedure to Obtain the Desired Parameter Values

In this section, we provide a numeric example of how we computed the model
parameters. Examples are provided for one census tract (9501, Appling County,
Georgia).

1. Age class 1:

– Using PCT3, sum the data in the columns corresponding to BMale: - Under 1
year^ and BFemale: - Under 1 year.^

Example (refer to Snapshot 1):
Age class 1=32+20=52

2. Age class 2:

– Using PCT3, sum the data in the columns corresponding to BMale: - 1 year^
through BMale: - 5 years^ and BFemale: - 1 year^ through BFemale: - 5 years.^

Example (refer to Snapshot 1):
Age class 2=(18+14+27+10+24)+(18+24+12+32+22)=201

3. Age class 3:

– Using PCT3, sum the data in the columns corresponding to BMale: - 6 years^
through BMale: - 18 years^ and BFemale: - 6 years^ through BFemale: - 18 years.^

Example (refer to Snapshot 1):
Age class 3=(17+28+21+17+19+23+28+22+33+33+35+22+21)+(22+20+
25+20+19+23+28+28+19+23+15+18+14)=593

4. Total PopulationG=18:

– Sum the values of age class 1, age class 2, and age class 3.

Example
Total PopulationG=18=52+201+593=846

5. Age class 1 eligible:

– Using B17024, in the BUnder 6 years^ age interval, find the value A=the total
number of children under 6 with income under 2.47 of the FPL. This is the sum
of all income intervals under 2.00 plus a fraction of the number in the 2.00 to
2.99 interval assuming a uniform distribution within that interval. That is:

A ¼ A1þ A2þ A3þ A4þ A5þ A6þ A7þ A8þ A9*A10

Where:
A1 – Total number of children with income under 0.50
A2 – Total number of children with income between 0.50 and 0.74
A3 – Total number of children with income between 0.75 and 0.99
A4 – Total number of children with income between 1 and 1.24
A5 – Total number of children with income between 1.25 and 1.49
A6 – Total number of children with income between 1.50 and 1.74
A7 – Total number of children with income between 1.75 and 1.84
A8 – Total number of children with income between 1.85 and 1.99
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A9 – Total number of children with income between 2.00 and 2.99

– Using Table B17024, find the total number of children under 6➔Obtain value B
– Find the eligible proportion ➔ Obtain value C

C ¼ A=B

– Find the total eligible population in age class 1 by multiplying C by total
people in age class 1:

Age Class 1 Eligible ¼ Age Class 1*C :

Example (refer to Snapshot 2 for Census Tract 9501, Appling County, Georgia):

B ¼ 176

C ¼ 62:747
176

¼ 0:3565

Age Class 1 Eligible ¼ 52*0:3565 ¼ 18:539

6. Age class 2 eligible:

– Multiply the value of C by the total people in age class 2 to get the desired
value, that is:

Age Class 2 Eligible ¼ Age Class 2*C

Example:
Age Class 2 Eligible=201*0.3565=71.660

7. Age class 3 eligible:

– Using the B6 to 11 years^ age interval in Table B17024 and the same method to
obtain value B, find value D1=the total number of children 6 to 11 years with
income under 2.47 of the FPL

– Repeat the previous step for the age interval B12 to 17 years^→Obtain value D2
– Repeat again for the age interval B18 to 24 years^→Obtain value D3
– Find the value E=the total number of children 6 to 18 years that are eligible in

B17024, assume a uniform distribution in the B18 to 24 years^ interval
obtained by dividing the number of children from that interval by the width of
that interval, that is:

– Using Table B17024, find the value F=total population whose age is 6 to 18:

F ¼ F1 þ F2 þ F3
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A10 ¼ 2:47−2:00
2:99−2:00

A ¼ 0 þ 28 þ 0 þ 0 þ 0 þ 9 þ 21 þ 0 þ 10*
2:47−2:00
2:99−2:00

¼ 62:747

E ¼ D1 þ D2 þ D3= 24−18 þ 1ð Þ



Where:
F1 – Total number of children 6 to 11 years;
F2 – Total number of children 12 to 17 years;
F3 – Total number of children of children whose age is 18 in the class 18 to 24
(assuming a uniform distribution obtained by dividing the total number of
children in the class by the width of the class that is 24−18+1=7)
– Find the eligible proportion →Obtain value G: G ¼ E=F
– Find the total eligible population in age class 1 by multiplying F by total people

in age class 3:

Age Class 3 Eligible ¼ Age Class 3*G

Example (refer to Snapshot 2):

E ¼ 184:828þ 214:646þ 51:242=7 ¼ 406:795

F ¼ 315þ 310þ 159=7 ¼ 647:714

G ¼ 406:795=647:714 ¼ 0:6280

Age Class 3 Eligible ¼ 593*0:6280 ¼ 372:432

8. Total eligible populationG=18:

– Sum the values of age class 1 eligible, age class 2 eligible, and age class 3
eligible.

Example
Total eligible populationG=18=18.539+71.660+372.432=462.631

9. mob_med:

– From PCT10, find the number of households with one or more people under
18 years→Obtain value H

Observation 1: to be consistent with the age class definition, we should consider
the total number of households with at least one child less than 19 years old;
however, this information is not available in the table.
– From PCT7, find the total average household size→Obtain value I
– Using the 2012 Department of Health and Human Services poverty guidelines

formula found on http://aspe.hhs.gov/poverty/12poverty.shtml and the average
household size, estimate value J=247 % of the FPL in dollars. That is
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D1 ¼ 0þ 0þ 0þ 97þ 0þ 36þ 11þ 0þ 86*
2:47−2:00
2:99−2:00

¼ 184:828

D2 ¼ 10þ 0þ 0þ 117þ 30þ 0þ 22þ 29þ 14*
2:47−2:00
2:99−2:00

¼ 214:646

D3 ¼ 0þ 37þ 0þ 0þ 0þ 0þ 0þ 0þ 30*
2:47−2:00
2:99−2:00

¼ 51:242

J ¼ 2:47* 11; 170þ 3960* I −1ð Þð Þ

http://aspe.hhs.gov/poverty/12poverty.shtml


APPENDIX 3: MATHEMATICAL MODEL AND SELECTION
VALUE OF THE TRADE-OFF PARAMETER

Optimization models are a very common mathematical tool in the operations
research community to make decision about complex system. The three main
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– Using B19001, find the value K=percent of households below 247 % of the
FPL. This is done by summing the number of households below the estimated
FPL (assuming a uniform distribution in the interval containing the FPL) and
dividing that sum by the total number of households listed in that same table.
That is:

K ¼ K1þ K2*
J −K3
K4−K3

� �
=K5

Where:
K1 – The sum of the data in all income intervals with an upper bound lower than J;
K2 –The number of households in the income interval containing J;
K3 –The value of the lower bound of the income interval containing J;
K4 –The value of the upper bound of the income interval containing J;
K5 –The total number of households given in the table
– Using B08201, divide the total number of households with no vehicle available

by the total number of households to get the proportion of all households with
no vehicles→Obtain value N

– Multiply M and the complement of N to obtain mob_med, that is:

mob med ¼ K* 1−Nð Þ

Observation 2: This number is calculated assuming independence between
income level, size of household, and vehicle ownership.
Example (refer to Snapshot 3, Snapshot 4, Snapshot 5, and Snapshot 6):

H=436
I=2.49
J=2.47*(11,170+3960*(2.49−1))))=$42,163.89

K ¼ 55þ 80þ 89þ 56þ 113þ 125þ 108þ 65* 42;163:89−40;000
44;999−40;000

� �
=1189 ¼ 0:5502

N ¼ 31
1189 ¼ 0:0261

mob_med=.5502*(1−0.0261)=0.5358

10. mob_oth:

– Multiply the proportion of ineligible households, the complement of K, by the
proportion of households with at least one vehicle, the complement ofN. That is:

mob oth ¼ 1−Kð Þ* 1−Nð Þ

Observation 3: The same assumption as noted above applies here.
Example

mob oth ¼ 1−0:5502ð Þ* 1−0:0261ð Þ ¼ 0:4381



components of an optimization model are the following: (i) the decision variables,
which are a mathematical representation of the decisions that need to be made; (ii)
the constraints of the model, which together restrict the set of the decisions that can
be made; and (iii) the objective function, which assigns a performance value to each
decision. Solving an optimization model means choosing, among all the decisions
represented by the constraints of the model, the one whose associated value of the
objective function is the best (either the minimum value or the maximum value). The
output of the model is represented by the values of the variables, which represent the
best-chosen decision.

In our context, the decision variables represent the total number of patients in
each census tract of a given age class who are assigned to a specific provider, namely
xijk

M and xijk
O, where index i∈S represents a census tract, index j∈P represents a

provider, and index k=1,2,3 denotes a specific age class. We also use the
superscripts M and O to distinguish between those children covered by the
Medicaid/CHIP insurance (xijk

M) and those children covered by private insurance
(xijk

O). Constraints in the model ensure that the assignment of patients to providers
mimics the process by which families choose primary care for their children.
However, the Medicaid/CHIP eligible population and private insurance covered
population may face different barriers to health care. For this reason, the model
considers the two populations separately.

Our model is based on the assumptions that both families and policy
makers value children having a primary care provider, that patients prefer to
visit nearby physicians, and that they prefer to schedule visits when the office
is not too busy (congestion); however, when physician congestion is
considered too high, families prefer nonphysician providers such as Nurse
Practitioners.33 Under these assumptions, the objective function of the model
is a weighted sum of the total distance traveled (which needs to be minimized)
and the provider preference contingent upon demand volume (which needs to
be maximized).

To be more specific, the objective function of the model is as follows:

where fk is the yearly number of visits required by a patient in age class k, dij is the
distance between the centroid of census tract i and physician j, yj is the level of
congestion at physician j computed as the ratio between assigned number of visits
and maximum physician caseload, and uj is a weight assigned to each provider. We
note that the congestion level for Family/Internal Medicine is computed considering
the physicians’ caseload that is devoted to visits to children. That is, we are assuming
that these physicians are fully loaded, respecting the general perception of shortage
of primary care supply for adult population.48

This objective function takes into account both the total distance and the total
utility associated with the final assignment. In particular, the total weighted
distance, represented by the first summation, is minimized, and the total patient
satisfaction, represented by the second summation, is maximized. Different from
the model in Nobles et al. 17 we add the second component to take into account
preferences of patients toward different provider types. Existing studies show a
general preference for physicians with respect to nurse practitioners, but nurse
practitioners could be preferred to physicians when the latter are too
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min 1−λð Þ
X
i∈S

X
j∈P

X
k¼1;2;3

di j f k xMi jk þ xOi jk
� �

−λ
X
j∈P

1−y j
� �

u j

 !



congested.33,49 The model mimics this behavior by assigning the utility uj to each
provider j; this parameter is initially set such that physicians (that is, Family/
Internal Medicine and Pediatric physicians) are preferred to nurse practitioners.
Such a utility is, however, penalized in the function so that the more congested the
provider is, the less utility is gained. The two components of the objective function
are weighted by the nonnegative trade-off parameter λ∈ [0,1]. This parameter is
used to define the relative importance of each component in the objective function.
Its value is empirically evaluated by performing several runs of the model to choose
the value of the parameter such that (i) neither of the two components of the
objective functions dominates the other, and (ii) the resulting optimized decision
reflects the fact that close neighbors experience the same travel distance and the
same congestion level. Details of this experimental evaluation of the trade-off
parameter are given in the next section.

There are several sets of constraints in the model. Figure 8 in this appendix shows
the complete mathematical formulation, while Table 6 provides a summarized view
of the set of parameters. A brief explanation of the constraints of the model is given
next.

The first set of constraints is assignment constraints that ensure that the
assignment of patients to providers is nonnegative and that the total number of
patients assigned to a provider in each census tract is not greater than the census
tract population.

FIG. 8 Detailed mathematical formulation of the optimization model.
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The second set of constraints takes into account the individual mandate provision
in the ACA. The individual mandate requires every person to be insured; hence, the
total number of patients to be assigned to providers should be equal to the total
population of the state; however, we take into account the fact that the response of
people to the individual mandate will not be universal, but we require that at least a
given percentage of the total state population is assigned to providers.

The third set of constraints mimics distance barriers encountered by patients
(accessibility constraints), taking into account a maximum distance allowed between
patients and providers and barriers due to the ownership of a vehicle.

The fourth set of constraints takes into account provider capacity and mimics
availability barriers (availability constraints). In particular, since providers have a
maximum patient capacity based on the time they must spend with each patient to
provide quality care, we consider constraints that ensure that the total number of
patients assigned to each pediatric specialist cannot exceed his or her maximum
caseload. Moreover, we add constraints that mimic the fact that for a provider to
remain in practice, he or she must maintain a sufficiently large number of visits per
year. Finally, we consider constraints that allow for different participation in the
Medicaid program by limiting the total number of patients covered by Medicaid/
CHIP insurance who can be assigned to each provider.

TABLE 6 The parameters used in the model, together with their description

Parameters of the model Description

pik
M Total number of children under Medicaid/CHIP insurance at

census tract i in age class k
pik
O Total number of children under private insurance at census

tract i in age class k
Total Medicaid/CHIP population at census tract i

Total population with private insurance at census tract i

mobi
M Percentage of Medicaid/CHIP population in census tract i

that owns at least one vehicle
mobi

O Percentage of population with private insurance in census
tract i that owns at least one vehicle

mimax Maximum allowed distance (in miles) between a patient
and the matched provider

mobmax Maximum allowed distance (in miles) between a patient
and the matched provider when the patient does not own
a vehicle

dij Distance between centroid of census tract i and provider j
fk Number of yearly visits of a child in age class k
λ Weight parameter for the distance component in the objective

function
cmin Percentage of the total patient population that require a health

insurance
POP Total patient population
PC Maximum number of yearly visits of a provider
pcj Percentage of the provider’s caseload devoted to visits to

children
lcj Percentage of provider’s caseload necessary to remain in

practice
pamj Probability that provider j accepts Medicaid/CHIP patients
αk Percentage of the total patients in age class k that is served

by pediatrics specialists
uj Disutility perceived by patients when served by physician j
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Finally, the last set of constraints considered in the model specifies that pediatric
specialists cover a greater percentage of visits by children45,50 with respect to Family/
Internal Medicine physicians (preference constraints). To this end, these constraints
ensure that a given percentage αk of the total patients in age class k is served by
pediatric physicians and pediatric nurse practitioners.

The optimization model described above is implemented using the optimization
programming language OPL and the CPLEX solver on a UNIX system. The result of
the model is a matching of patients to providers that satisfies all the constraints and
optimizes the objective function.

Choice of the Trade-off Parameter Value
We run our optimization model several times to choose the value of the trade-off
parameter λ in the objective function of the optimization model. Parameter λ should
be such that the two following criteria hold:

A1: Neither one of the two components of the objective function dominates the
other

A2: Close neighbors should experience same travel cost and congestion

The optimization model is run (for each state separately) for different values of
the parameter λ and the following metrics are evaluated for each run:

– Total distance traveled: the total weighted distance traveled is computed by
summing up the distances for each patient for each assigned visit (first element of
the objective function)

– Total patient satisfaction: sum, over all the providers of the network, of the
associated utility computed as a function of the provider congestion (second
element of the objective function)

– Spatial autocorrelation Geary index for the total congestion and the total distance
traveled: the Geary index is a global index of spatial autocorrelation and provides
a summary over the entire study area of the level of spatial similarity of a given
measure observed among neighboring census tracts.51 The index varies between 0
and 2. Values of the index less than 1 denote positive spatial autocorrelation
among neighboring census tracts. The Geary index is computed both for the
average congestion experienced by patients at each census tract and for the total
distance traveled by patients in each census tract.

The values of the first two metrics are evaluated to check whether the first
assumption A1 holds, while the value of the Geary indices is considered to check
whether assumption A2 holds.

Figure 9 shows the four abovementioned metrics for the optimization model for
the state of Georgia and for the state of California computed for different values of
the trade-off parameter, where the values of the total traveled distance and total
patient satisfaction are normalized [0,1]. The leftmost parameter value corresponds
to shortest distance, and the far right corresponds to a scenario with best patient
satisfaction. Both total distance traveled and total patient satisfaction increase with
the trade-off parameter. For small values of the trade-off parameter, distance is very
important in the assignment, and thus, providers that are close to each other may
have different levels of congestion and, therefore, different level of patient
satisfaction. For larger values of the trade-off parameter, the situation is reversed
and total patient utility plays an important role in the assignment while distance is
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not considered at all. The figures also show that the Geary indices for both distance
and congestion are always lower that 1, denoting positive spatial autocorrelation.
Using the two principles, reasonable values for the parameter λ are selected within
the gray-shaded bands.

APPENDIX 4: DETAILS ON STATISTICAL METHODS USED

Hypothesis Test for Equality of Variances of Two
Population Samples
We test the null hypothesis of equality of the variances. In particular, we
consider the process Z(s), for each spatial unit s∈S, representing either the
availability or the accessibility of either one of the two populations. The process
can be decomposed as follows: Z(s)= μ(s)+Δ ϵ(s), where μ(s) is its mean trend,
Δ its standard deviation, and ϵ(s) is a random error. To obtain an estimation of
the variance of the process:

GEORGIA

CALIFORNIA

FIG. 9 The overall performance measures for different parameter settings of the trade-off
parameter λ in the optimization model with highlighted area of recommended values. Georgia is on
the top, California is on the bottom.

SPATIAL ACCESS TO CARE AND ITS IMPLICATIONS FOR POLICY 905



Furthermore, we used the method proposed by Serban46 and Krivobokova et al.47 to
estimate the simultaneous confidence bands [ls, us] for the regression functions f(s).
Using the confidence bands, we are able to identify where the difference process Z(s) is
statistically significantly positive or negative. Indeed, for those spatial units s such that
usG0, we can say that the difference is statistically significantly negative, while for those
spatial units s such that ls90, we can say that the difference is statistically significantly
positive. These units can then be visualized on a significance map.
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