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Abstract

Purpose—The two-step floating catchment area (2SFCA) method of measuring access to care 

has never been used to study cancer disparities in Appalachia. First, we evaluated the 2SFCA 

method in relation to traditional methods. We then examined the impact of access to 

mammography centers and primary care on late stage breast cancer diagnosis and receipt of 

adjuvant hormonal therapy.

Methods—Cancer registries from Pennsylvania, Ohio, Kentucky, and North Carolina were 

linked with Medicare data to identify the stage of breast cancer diagnosis for Appalachia women 

diagnosed between 2006–2008. Women eligible for adjuvant therapy had stage I, II, or III 

diagnosis; mastectomy or breast conserving surgery; and hormone-receptor positive breast 

cancers. Geographically weighted regression (GWR) was used to explore non-stationarity in the 

demographic and spatial access predictor variables.

Results—Over 21% of 15,299 women diagnosed with breast cancer had late-stage (stages III–

IV) diagnosis. Predictors included age at diagnosis (odds ratio [OR], 0.86; P < 0.001), insurance 

status (OR, 1.32; P < 0.001), county primary care to population ratio (OR, 0.95; P < 0.001), and 

primary care 2SFCA score (OR, 0.96; P = 0.006). Only 46.9% of eligible women received 

adjuvant hormonal therapy, and predictors included comorbidity status (OR, 1.18; P = 0.047), 

county economic status (OR, 1.32; P = 0.006), and mammography center 2SFCA scores (OR, 

1.12; P = 0.021).

Conclusion—Methodologically, the 2SFCA method offered the greatest predictive validity of 

the access measures examined. Substantively, rates of late stage breast cancer diagnosis and 

adjuvant hormonal therapy are substandard in Appalachia.
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INTRODUCTION

The Appalachia region of the United States has reduced health outcomes and treatment 

patterns across a number of diseases, including breast cancer.1–3 Because many areas of 

Appalachia have lower socioeconomic status.4 and occupy rural, mountainous terrain, 

reduced access to care is often implicated in the region’s cancer disparities.5

Spatial access to care is traditionally measured using either provider to population ratios or 

by computing the travel time between patient and provider.6 Both methods have limitations, 

however. Provider to population ratios use fixed geographic boundaries (e.g., counties) that 

do not reflect actual patient behaviors, while travel time fails to account for supply and 

demand factors.7 More recently, the two-step floating catchment area (2SFCA) method was 

developed to overcome these limitations.8 Despite its improvement over traditional 

measures of spatial access to care, the 2SFCA method has never been used to study cancer 

outcomes or treatment patterns in Appalachia.

We recently evaluated the impact of different 2SFCA parameter options when measuring 

access to mammography centers and primary care physicians in Appalachia. Here, we used a 

linked central cancer registry and Medicare dataset across four Appalachian states to 

evaluate the relationship between spatial access to care and two important clinical indicators 

for breast cancer—late stage diagnosis and receipt of adjuvant hormonal therapy. Late stage 

breast cancer diagnosis leads to fewer treatment options and increased mortality9 and is 

more prevalent in lower socioeconomic, rural, and black populations.10–12 Adjuvant 

hormonal therapy is recommended for hormone receptor positive patients after either breast 

conserving surgery or mastectomy.13,14 Lower socioeconomic status is also associated with 

reduced rates of adjuvant hormonal therapy.15

First, we focused on the methodological aspects of spatial access to care by evaluating the 

predictive ability of the 2SFCA method compared to traditional spatial access approaches. 

We then focused on the substantive clinical outcomes of interest in the Appalachia region. 

We used geographically weighted regression (GWR) to examine whether the influence of 

demographic or spatial access predictor variables on stage of breast cancer diagnosis or 

receipt of adjuvant hormonal therapy differed throughout the study region.

METHODS

This research was approved by the institutional review board at the University of Michigan.

STUDY POPULATION

We used PA, OH, KY, and NC Central Cancer Registry (CCR) datasets to identify 15,299 

women diagnosed with breast cancer between 2006 and 2008 who lived in Appalachia 

counties, defined by the Appalachia Regional Commission (ARC). To examine receipt of 

hormonal therapy, CCR datasets were linked with Medicare claims to further limit the 

sample to patients with Medicare Part D enrollment; diagnosis during year 2007; stage I, II, 

or III diagnosis;16 confirmed mastectomy or breast conserving surgery; and hormone-

receptor positive breast cancers; resulting in 834 women eligible for adjuvant hormonal 

Donohoe et al. Page 2

Med Care. Author manuscript; available in PMC 2016 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



therapy.17 The methods used to link CCR and Medicare datasets have been previously 

described.18 Briefly, Medicare claims and cancer registry data were linked by Center for 

Medicare and Medicaid Services contractors with a probabilistic match algorithm based on a 

finders file supplied from the cancer registry data. The standard matching string consisted of 

Social Security number, last name and the first 3 characters of the first name.

DEFINITION OF VARIABLES

Dependent Variables—Breast cancer stage at diagnosis and receipt of adjuvant hormonal 

therapy were the two dependent variables. Similar to previous research,19 early stage 

diagnosis was defined as stages 0, I, or II, while late stage was defined as stages III and IV. 

Patients with prescription codes for tamoxifen, anastrozole, letrozole, or exemestane were 

defined as having received adjuvant hormonal therapy.13

Spatial Access Measures—Three spatial access methods were evaluated: 1) county 

provider to population ratios, 2) travel time to closest provider, and 3) the 2SFCA method.

Provider to population ratios were calculated for primary care physicians and mammography 

centers. The American Medical Association (AMA) Physician Masterfile from 2008 was 

used to identify primary care physicians, which we defined as having specialties of Family 

Practice, General Practice, Internal Medicine, and General Pediatrics.20 The number of 

primary care physicians in each county was divided by that county’s population, using 

counties and populations from the 2010 Census, to yield a ratio for each county. All 2008 

U.S. Food and Drug Administration (FDA) accredited mammography centers in Appalachia 

counties of the study region were identified. The number of mammography centers in each 

county was divided by that counties population of women age 45 and older. Although 2008 

guidelines called for mammography screening beginning at age 40, the 2010 Census used 

age groups 25–34 and 35–44. We chose to use women age 45 and older. Each patient was 

assigned a primary care ratio and a mammography center ratio based on their county of 

residence.

For travel time calculations, the physician and mammography centers were geocoded using 

ArcGIS 10.1. Exact office addresses were available for 8,039 of the 9,483 physicians. For 

the remaining 1,444 physicians, the population weighted centroid of the census tract 

associated with the physician’s office was geocoded. All 1,181 mammography centers had 

geocodable addresses. We used ArcGIS Network Analyst extension to calculate the driving 

time between the closest physician and mammography center and the population weighted 

centroid of every census block group in the study region. For reference, census block groups 

are generally composed of between 600 and 3,000 people. Each patient was assigned a 

travel time to their closest primary care physician and mammography center based on the 

census block group of their residence.

More detailed methodological explanations of the 2SFCA method are described 

elsewhere.21 To complete the first step of the 2SFCA, we created service provider to 

population ratios using each provider and the sum of all the census block group populations 

(or populations of females 45 and older for mammography centers) within that provider’s 

catchment area. Catchment areas were set to 60 minutes to reflect the rural nature of 
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Appalachia.22 Step two then moved to each block group population center and identified all 

service providers within the designated 60 minute catchment around that block group. The 

step one ratios within each population’s catchment were summed, resulting in each block 

group having a primary care access score and a mammography center access score.

Two critiques of the original 2SFCA method are its failure to vary catchment sizes based on 

population needs and its failure to account for distance decay within catchments.23 We 

added a distance decay function by breaking catchments into four time zones: 0–10 minutes, 

11–20 minutes, 21–30 minutes, and 31–60 minutes.23 Two sets of weights were chosen for 

the distance decay function, corresponding to fast decay (weights 1, 0.60, 0.25, 0.05) and 

slow decay (weights 1, 0.80, 0.55, 0.15).21 Distance decay was applied at both steps.

We also varied the catchment size at each step of the 2SFCA, using McGrail’s (2012) 

approach. At step one, the technique uses a set of rules to determine whether the distance 

decay weights are applied (thereby expanding or reducing a service provider’s coverage 

area). No step one decay weight was applied if the travel time between a provider and 

population was less than 10 minutes, if the provider was one of the 25 closest (5 closest for 

mammography centers) to that population center, or if the population center had a 

population less than 5,000 and less than half the population of the service provider’s town.21 

For step two, catchments were varied by only including the closest 100 primary care 

physicians and only the closest 20 mammography centers.21 Thus, each census block group 

in the study region was given an original 2SFCA score without any distance decay or varied 

catchments, a slow decay 2SFCA score with the variable catchment rules, and a fast decay 

2SFCA score with the variable catchment rules. Patients were matched to 2SFCA scores by 

the census block group of their address.

Demographic and Additional Independent Variables—We included age, insurance 

status, race/ethnicity, and county economic status along with the spatial access measures for 

the late stage breast cancer diagnosis model. Age was categorized as younger than 50, 50–

64, or 65 or older. Insurance status was split into five categories: private, Medicare, 

Medicaid, uninsured, and unknown. Race/ethnicity was defined as white, black, or Hispanic/

other. We used the Appalachia Regional Commission’s (ARC) designation for labeling 

counties as either attainment, competitive, transitional, at-risk, or distressed.24 The ARC 

uses the three-year average unemployment rate, the per capita market income, and the 

poverty rate to calculate an average for every county in the nation, and then ranks each 

county into quintiles to yield the final economic status descriptor.

When creating the model for receipt of adjuvant hormonal therapy, we included age, race/

ethnicity, county economic status, cancer stage, and comorbidity index along with the spatial 

access measures. Age was defined as 65–69, 70–74, 75–79, and older than 80. Race/

ethnicity and county economic status were defined as described in the above model. Cancer 

stage was categorized as stage I, II, or III, reflecting those patients eligible for adjuvant 

hormonal therapy. The Charlson Comorbidity Index, which creates a weighed score of 

comorbidity, was constructed from Medicare claims data.25
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DATA ANALYSIS

Initial exploratory analysis and goodness-of-fit statistics were used to determine which 

spatial access and demographic variables to include in the logistic regression models 

predicting late stage breast cancer diagnosis and receipt of adjuvant hormonal therapy.26,27 

Goodness-of-fit statistics included the corrected Akaike’s Information Criterion (AICc) and 

the area under the receiver operating characteristic curve (AUC). AICc values lower than 3 

indicate better model fit.27 An AUC value of 1 indicates that a model perfectly predicts the 

dependent variable, while an AUC value of 0.5 indicates random chance.28 Adjusted R 

squared, a measure of variation explained by the chosen predictor variables, was also used to 

compare models.26

Once an appropriate model was specified for the traditional logistic regression and the 

logistic GWR, we looked for evidence of spatial non-stationarity of the predictor variables. 

Briefly, GWR includes geographic coordinates at each study observation to construct a 

series of local regressions, resulting in unique predictor coefficients at each study 

observation. Traditional global logistic regression creates one coefficient for each predictor 

variable that is assumed to be stationary across the entire study region. We used a fixed 

Gaussian kernel type and the golden selection search to minimize the AICc when selecting 

bandwidth size for the logistic GWR. GWR 4.0 software was used for the logistic GWR 

(available at https://geodacenter.asu.edu/gwr_software). Fotheringham et al. (2002) provide 

a more detailed methodological overview of the GWR approach.

We also examined descriptive statistics of the local coefficients in the logistic GWR to 

identify large minimum to maximum ranges, existence of both positive and negative 

coefficient values, skewness, or any other indicators of spatial non-stationarity. When spatial 

non-stationarity was found, we mapped the coefficients onto the geographic study area to 

examine varying geographic effects of each predictor variable.

RESULTS

There were 15,299 women living in Appalachia counties of PA, OH, KY, and NC diagnosed 

with breast cancer between years 2006 and 2008. Table 1 provides descriptive and chi-

square statistics of the study variables characterized by early and late stage breast cancer 

diagnosis. The majority of women had early stage diagnosis (78.8%), were older than 65 

(mean age = 71.1, SD = 10.4), and were insured by Medicare (65.5%). Although race/ 

ethnicity was not included in Table 1, most women were white (95.3%). Race/ethnicity was 

not associated with stage at diagnosis (X2 = 4.26, p = 0.119). The fast decay 2SFCA scores 

for primary care and mammography centers showed a stronger relationship to stage of 

diagnosis than slow decay and original 2SFCA scores in both chi-square analysis and 

subsequent regression modeling, and for brevity are the only 2SFCA scores shown in Table 

1. 2SFCA scores are broken into quintiles for ease of interpretation, with larger scores (and 

larger quintiles) indicating greater spatial access to care.

Table 2 provides descriptive and chi-square statistics characterized by receipt of adjuvant 

hormonal therapy for the 834 eligible women living in Appalachia during 2007. The 

majority of women (53.1%) did not receive adjuvant hormonal therapy. Most women were 
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white (97.1%), and race/ethnicity was again omitted from the table for brevity. Unlike the 

stage at diagnosis analysis, the slow decay 2SFCA scores showed a stronger relationship to 

receipt of adjuvant hormonal therapy compared to fast decay and original 2SFCA scores, 

and are the only 2SFCA scores shown in Table 2.

Goodness-of-fit statistics revealed that the model with variables age, insurance status, fast 

decay 2SFCA primary care score, and county primary care to population ratio was the best 

predictor of late stage breast cancer diagnosis. Table 3 shows the resulting parameter 

estimates for the global logistic regression using these variables to predict stage at diagnosis. 

Travel time to the closest primary care provider was not a significant predictor in the global 

logistic regression (OR, 1.051; p = 0.241) and did not improve overall model fit. The 

mammography center spatial access scores did not fit the model as well as the primary care 

spatial access scores, as measured by AICc, AUC, and adjusted r2.

Descriptive statistics for the identical logistic GWR model predicting stage at diagnosis are 

presented in Table 4. The range of coefficient estimates, including both positive and 

negative values for each predictor variable, suggests spatial non-stationarity across the study 

region. Goodness-of-fit statistics showed that the logistic GWR model performed better than 

the global logistic regression model when predicting late stage breast cancer diagnosis 

(Table 5). The logistic GWR model had a lower AICc (15,590.5 vs. 15,680.6), higher AUC 

(0.623 vs. 0.562), and higher adjusted r2 (0.033 vs 0.009), demonstrating better model 

performance because of spatial non-stationarity in the final predictor variables (Table 5). 

This non-stationarity is displayed in Figure 1, where the effects of the final predictor 

variables clearly vary throughout the four state study region.

The model with variables Charlson comorbidity index, county economic status, and slow 

decay 2SFCA mammography score was the best predictor of adjuvant hormonal therapy 

receipt. The parameter estimates for the resulting global logistic regression model are shown 

in Table 3. Travel time to the nearest mammography center (OR, 0.954; p = 0.621) and the 

county mammography center to women age 45 and older ratio (OR, 0.985; p = 0.792) did 

not improve overall model fit. Unlike the stage at diagnosis model, the mammography 

access scores resulted in a better fitting model than using primary care access scores. The 

receipt of adjuvant therapy model also used the slow decay 2SFCA score rather than the fast 

decay 2SFCA score, based on improved AICc, AUC, and adjusted r2 values.

Descriptive statistics for the identical logistic GWR model predicting receipt of adjuvant 

hormonal therapy are presented in Table 4. The smaller coefficient ranges and lack of 

positive and negative values indicate that the effect of the predictor variables were more 

stationary across the study region. Goodness-of-fit statistics demonstrated that the logistic 

GWR model was no better than the global logistic regression model in predicting receipt of 

adjuvant hormonal therapy. There were no meaningful differences between the AICc 

(1,143.9 vs 1,143.0), AUC (0.587 vs 0.583), and adjusted r2 values (0.017 vs 0.016) of the 

GWR model compared to the global logistic regression approach (Table 5). As a result, we 

did not map the geographic variability of the logistic GWR parameter coefficients because 

we found no evidence of spatial non-stationarity in the predictor variables
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DISCUSSION

Our analysis of breast cancer patients in Appalachia PA, OH, KY, and NC made several 

substantive clinical findings. Over 20% of women were diagnosed with late stage breast 

cancer. Age and insurance status predicted late stage diagnosis, as well as the spatial access 

to care measures of fast-decay 2SFCA primary care score and primary care to county 

population ratio. In our sample, only 46.9% of eligible women received adjuvant hormonal 

therapy following breast cancer surgery. Patients’ comorbidity and county economic status 

predicted receipt of adjuvant therapy. The slow-decay 2SFCA mammography center score 

also predicted receipt of adjuvant therapy.

Our analysis also made several important methodological findings. The analysis showed the 

superior predictive validity of the 2SFCA method compared with the traditional spatial 

access measure of driving time from patient to provider. We also demonstrated the necessity 

of considering spatial non-stationarity across study areas. A GWR approach was more 

appropriate for our late stage diagnosis model than a traditional global regression.

Previous research using similar early (0–II) and late (III–IV) stage classification found late 

stage breast cancer diagnosis in anywhere from 13 percent of cases in Kentucky29 16.7 

percent of cases in Georgia,19 and 17.3 percent of cases in Appalachia counties of 

Pennsylvania, Ohio, and Kentucky.30 The national average from Surveillance, 

Epidemiology, and End Result data is 16 percent. Our 21.2 percent finding continues the 

trend of increased late stage diagnosis in Appalachia.

Prior research was inconclusive as to whether spatial access to care increased risk of late 

stage diagnosis, with some research29 finding that greater travel time to mammography 

centers did increase risk, while other research9,31 found no increase due to longer travel 

times. Our work adds clarity by using a more advanced spatial access method than travel 

time, the 2SFCA method, and by including access to primary care instead of only 

mammography centers. For our study population, a fast-decay 2SFCA primary care score 

was a better predictor of late stage diagnosis than 2SFCA mammography scores, travel time 

to mammography centers, or travel time to primary care providers. This result supports the 

finding that primary care providers are often a crucial gateway to breast cancer care.32 Stage 

at diagnosis is a relatively early event in the course of breast cancer identification and 

treatment, and we hypothesize that access to primary care services is therefore particularly 

important when considering stage at diagnosis as an outcome measure. Similarly, we 

hypothesize that fast-decay primary care scores were a better predictor than slow-decay 

scores because primary care services are more regular and thus require closer geographic 

proximity than more specialized services. We also found that lower primary care to county 

population ratios predicted late stage diagnosis. This ratio may reflect the increased risk of 

late stage diagnosis among lower socioeconomic groups,33 as it was strongly correlated with 

county economic status (p < 0.001).

Only 46.9 percent of eligible women in our sample received adjuvant hormonal therapy of 

tamoxifen, anastrozole, letrozole, or exemestane. This is considerably lower than the 67 

percent reported for an analysis of patients in California, Florida, Illinois and New York,34 
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and the 64 percent reported in an analysis of low-income patients throughout North 

Carolina.35 Again, the 2SFCA method was a better predictor of adjuvant hormonal therapy 

than travel time. In this model, slow decay 2SFCA mammography scores were a better 

predictor of treatment than primary care 2SFCA scores. We hypothesize that it is access to 

these more specialized cancer care services, rather than primary care providers, that impact 

later stages of care, such as our measure of adjuvant hormonal therapy. Previous research 

has found that access to specialized cancer care services improves cancer outcomes and 

reduces treatment complications.36 We also hypothesize that slow-decay scores were better 

predictors than fast-decay scores because closer geographic proximity (as was the case for 

fast-decay primary care scores) is not as important for less regular, specialized cancer care 

services.

There are both methodological and clinical strengths to this study. To the best of our 

knowledge, this is the first study that uses the more advanced 2SFCA method to measure 

spatial access to care in Appalachia. Because Appalachia is largely rural and mountainous, 

and many areas experience physician shortages,37 accurately measuring spatial access to 

care is essential. Another strength was our GWR approach. Logistic GWR allowed us to 

visualize the varying effects of our included predictor variables, such as the finding that 

having Medicaid, being uninsured, or having an unknown insurance status are more 

important predictors of late stage diagnosis in northeastern PA than 2SFCA scores. 

Clinically, our study benefits from the inclusion of both access to primary care services and 

mammography centers. Access to care is multifaceted, with variables contributing 

differentially depending on the outcome or treatment pattern studied.8

There are also important limitations to the study. We were not able to obtain provider data 

for states bordering our study area. We did include bordering populations when calculating 

the 2SFCA scores, but additional provider data would have further reduced any edge effects 

in our spatial access calculations. Additionally, we used the closest provider and 

mammography centers to patients, not the actual service providers. For patients with more 

restrictive or no insurance, this could represent a significant discrepancy. We also did not 

included non-automobile transportation, which is possible to account for in the 2SFCA 

method.38

Overall, we found disparities wihtin our sample of breast cancer patients in Appalachia. The 

2SFCA method offered the best predictive ability of all access measures. GWR was useful 

in identifying spatial non-stationarity in our model predicting late stage breast cancer 

diagnosis. More research is needed to understand patient behaviors in relation to various 

spatial access measures, which would help elucidate the assumptions inherent in each 

approach. Future research is also needed to examine our unexpected finding that higher 

comorbidity scores had a positive effect on receipt of adjuvant hormonal therapy, which was 

beyond the scope of this study. Additional research is also needed to identify the clinical 

decisions that lead to reduced rates of adjuvant hormonal therapy among women in 

Appalachia.
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Figure 1. 
Local coefficient estimates for the logistic GWR model predicting late stage breast cancer 

diagnosis across variables (a) age, (b) insurance status, (c) two-step floating catchment area 

(2SFCA) score, and (d) county primary care to population ratio.
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