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ABSTRACT 

BACKGROUND   

Spending trends vary greatly across medical conditions.  Nervous system conditions 

comprising epilepsy has shown an increase in spending growth contrary to a decrease observed 

in aggregate spending growth of 15 condition categories from 2000 to 2010.   Increases in total 

spending of a medical condition can be explained by an increase in either costs per case or the 

number of cases or in both elements.  Determining the number of epilepsy cases and the cost to 

treat an individual with epilepsy helps to explain spending trends of the disease.  Significant 

variation in overall Medicare spending across geographic regions unrelated to health outcomes 

has been well-documented.  It is uncertain whether reducing payment rates to high-cost areas 

would curb spending growth without adversely affecting health care quality for Medicare 

beneficiaries.  Reducing geographic variation is therefore, desirable only if the measured 

variation represents inefficiencies in the health system. In terms of health care, efficiency is a 

function of cost of care and quality of care. The identification of factors contributing to 

inefficiency may guide policy change for its improvement.  

OBJECTIVES   

The overall objective of this research was to evaluate the potential for change in 

prevalence of epilepsy cases, the magnitude of maximum inefficiency and factors contributing to 

inefficiency for the treatment of epilepsy among Medicare beneficiaries.  The first specific aim 

was to determine whether there has been change in the prevalence of epilepsy among Medicare 

beneficiaries since 2005.  The second aim examined the effects of two value-based programs on 

the geographic variation of Medicare spending per beneficiary.  The third aim sought to identify 
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influential factors driving inefficiency in inpatient care among the beneficiaries with epilepsy by 

examining cost and quality, accounting for spatial dependence.   

METHODS   

Analyses for all specific aims included individual-, county-, and state-level data.  

Individual-level medical data including beneficiaries’ age, race, sex, zip code, and utilization 

information five percent random sample were obtained from US Medicare administrative data 

(2011 to 2013).  Epilepsy prevalence information for Medicare beneficiaries (2001 to 2005) was 

estimated by a previous study.  County-level data were obtained from Area Health Resources 

Files (AHRF) and the American Community Survey.  State-level data were obtained from State 

Physician Workforce Data Book; Dartmouth Atlas of Health Care; Centers for Medicare and 

Medicaid Services; Tracking Accountability in Government Grants System; US Department of 

Commerce; National Association of Epilepsy Centers; and US Census Bureau.  Epilepsy cases 

were defined using Medicare claims data with any of the following International Classification 

of Disease-Version 9-Clinical Modification (ICD 9-CM) diagnostic codes:  At least one ICD 9-

CM 345.xx (epilepsy), or at least two ICD 9-CM 780.3x (seizure) claims occurring at least 30 

days apart.  Inpatient inefficiency was defined as a function of cost over quality.  Inpatient cost 

was defined by state-level average adjusted inpatient services spending per hospital stay (AIH).  

The proxy measure for the quality of inpatient care for beneficiaries with epilepsy was the 

proportion of hospital stays with an epilepsy or seizure admission diagnosis (PHE).  Association 

analysis was performed using the Spearman correlation coefficient.  Generalized linear models 

with log link and gamma distribution were used for the adjusting and modeling of cost dependent 

variables.  Spatial regression models were used when appropriate to account for spatial 

dependence.   
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RESULTS    

The prevalence of epilepsy among older Medicare beneficiaries was estimated to be 22.2 cases 

per 1,000 persons (2011 to 2013).  An increase was observed for all racial groups.  However, the 

subgroup with highest prevalence estimate shifted from the younger age group of 65 to 69 years 

to the female, 85 years and older.  Black beneficiaries persistently had the highest prevalence 

compared to other racial groups.    

Analysis for the second specific aim showed that state-level total medical expenditures 

per beneficiary with epilepsy varied from 11,690 to 29,048 (average 19,890, SD 3,774, US$ 

2013), 5.3 times the spending variation for those without epilepsy which ranged from 6,466 to 

9,458 (average 7,631, SD 710, US$ 2013).  Post-implementation of two value-based programs 

(hospital readmissions reduction program (HRRP) and the hospital value-based purchasing 

program (HVBP)), spending variation decreased for both the epilepsy and non-epilepsy cohorts 

(-14.6% and -9.0% respectively).  The primary factor contributing to spending variation was 

health status for beneficiaries with epilepsy (51.9% of variation) and location of the beneficiary 

for those without epilepsy (26.1% of variation).   

Analysis conducted to address the third specific aim showed that different factors 

influenced inefficiency in inpatient care of beneficiaries with epilepsy among US census regions.  

For the Northeast region, the number of primary physicians was an inefficiency factor.  For the 

South region, inpatient inefficiency factors included the number of medical residents and 

fellows, proportion of physicians who were primary care physicians, and retention of physicians 

who graduated from an institution in the state of practice.  Some evidence of defensive medicine 

was detected in the West region while no specific factors were influential to inpatient 

inefficiency in the Midwest region.  The highest and lowest state-level average adjusted inpatient 



16 

 

services spending per hospital stay (AIH) were observed in the District of Columbia (13,376 US$ 

2013) and South Dakota (7,901 US$ 2013).  Rhode Island (1.06%) had the lowest while Idaho 

(11.29%) had the highest proportion of hospital stays with an epilepsy admission diagnosis 

(PHE).  Rhode Island also had the lowest inpatient inefficiency index or least inefficient (86) 

compared to the highest inpatient inefficiency index or most inefficient observed in Idaho 

(1,417).  

 

CONCLUSION   

The prevalence of epilepsy among Medicare beneficiaries appeared to have increased from 

previous estimates.  Heterogeneity among the 48 contiguous states and District of Columbia with 

respect to inefficiency in inpatient care was detected.  Across-the-board cost reduction policy 

based on cost alone may not be appropriate for all geographic areas across the US and may even 

be detrimental to health outcomes in some areas.  On both national and regional level, inpatient 

inefficiency was significantly associated with PHE but not with AIH, indicating that the focus to 

decreasing inpatient inefficiency for beneficiaries with epilepsy should be based on increasing 

quality or decreasing PHE.  Changes made to decrease PHE (increase in quality) may also 

increase AIH (increase in cost); therefore, it would be wise to monitor both cost and quality when 

considering policy change while focusing on quality improvement.  Programs such as the HVBP 

and HRRP that link cost to outcomes appeared to be successful in reducing geographic variation 

of medical expenditures.   Instead of total spending per individual, updated knowledge of the 

prevalence and cost per case treated for specific chronic medical conditions may better assist 

resource allocation, budget planning, and health program development. 
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CHAPTER 1 

 

1.1 Background and Significance 

1.1.1 Health Care Expenditures of the United States 

Health economics has been receiving much attention as healthcare expenditures continue 

on an increasing trend.  National health expenditures in the United States (US) increased 3.8 

percent from 2011 to 2012, 2.9 percent from 2012 to 2013, and 5.3 percent from 2013 to 2014 

(CDC 2016) while the US gross domestic product’s annual growth in 2012, 2013, and 2014 was 

only 2.2 percent, 1.5 percent, and 2.4 percent, respectively (CDC 2016).  Figure 1- 1 shows that 

the growth rate of health expenditures in the US has consistently been higher than that of the 

nation’s gross domestic product (GDP).  Although growth rate of healthcare spending in the US 

decreased beginning in the early 2000s (Dunn, Rittmueller et al. 2016), total national health 

expenditures continued to increase and grew at a faster rate than GDP (Figure 1- 1).   

Figure 1- 1  Annual Percent Change in US Health Expenditures and Gross Domestic Product (GDP)  

(WorldBank 2016) 
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The majority of Medicare beneficiaries are 65 and over.  The proportion of the younger 

beneficiaries with disabilities only increased slightly over time, from 15.8 percent to 16.3 percent 

from 2005 to 2014 (CMS 2016).  Figure 1- 2 shows that Medicare expenditures contribute to the 

largest portion of public health expenditure (WorldBank 2016).   

Figure 1- 2  Composition of Total US National Health Expenditures (2001-2014) 

(WorldBank 2016) 
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In 2015, Medicare enrollment included 55 million people ages 65 years and over or 
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US federal budget in 2014 (Calfo, Smith et al. , KFF 2015).  In 2013, Medicare represented 22% 

of total national health spending with 26% of spending on hospital care and 22% of spending on 

physician services.  About two-thirds (63% in 2014) of Medicare expenditures was for services 
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in 2014) and Part D (Medicare prescription drug program) for 11% (Cubanski, Swoope et al. 

2015).   

1.1.2.1 Traditional Medicare or Fee-for-service Payments 

The payment systems used to pay most providers in the fee-for-service (traditional) 

Medicare are prospective payment systems that begin with a base rate for a specific unit of 

service (e.g. a hospital stay).  This base payment is then adjusted for the provider’s geographic 

location and severity or complexity of the patient.  Medicare payment rates are updated annually 

(Cubanski, Swoope et al. 2015).  It is important to understand what factors have already been 

considered when analyzing Medicare payments to avoid double counting and biased results.  

1.1.2.2 Geographic Adjustments 

Health care spending variation among geographic areas in the United States had long 

been observed.  This spending variation included certain costs that are beyond the providers’ 

control (e.g. staff salaries and benefits, rent, malpractice insurance).  To improve the accuracy of 

Medicare payments to providers, geographic adjustment in payment amounts to reflect the price 

differences was established under Sections 1848(e) and 1886(d)(3)(E) of Title XVIII of the 

Social Security Act.  Medicare fee-for-service payments are adjusted by the hospital wage index 

(HWI) and three geographic practice cost indexes (GPCIs) (Edmunds and Sloan 2012).  Centers 

for Medicare and Medicaid Services (CMS) first implemented the GPCIs as part of the Medicare 

fee-for-service payment system in 1992 and required the GPCIs to be updated at least every three 

years (MaCurdy, Shafrin et al. 2014). 

1.1.3 Health Care Expenditures by Medical Condition and Regions 

Although the CMS has been documenting national health expenditures and Medicare 

spending, many have long advocated the monitoring of health care expenditures by medical 
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condition (Scitovsky 1964, Berndt, Cutler et al. 2000, NRC 2010).  The financial contribution of 

specific medical conditions or sets of conditions is of particular interest in the health policy arena 

(Trogdon, Finkelstein et al. 2006).  Organizations such as the National Institutes of Health (NIH) 

and the World Health Organization (WHO) have commonly used cost-of-illness (COI) studies 

that incorporate both prevalence and cost to prioritize funding (Murray, Lopez et al. 1994, 

Trogdon, Finkelstein et al. 2006).  Cost-of-illness estimates provide insight in spending patterns 

and resource allocation, laying the ground work to potentially identify influential factors 

important in determining how to treat the disorder more effectively (Begley and Beghi 2002, 

Trogdon, Finkelstein et al. 2006).  For funding systems that cover smaller regions, such as state 

funded Medicaid or the state funded Medicare assistance program, regional cost-of-illness 

estimates may be more meaningful in terms of budget planning.  Recognizing that chronic 

diseases are among the most prevalent, most costly, and most importantly, preventable of all 

health problems, the Centers for Disease Control and Prevention (CDC), in collaboration with 

RTI International, published a Chronic Disease Cost Calculator that provides state-level 

estimates of the economic burden of chronic diseases (CDC 2015).  Patients with chronic 

disorders, especially the older population, account for a high proportion of health care spending 

in the United States (Hong, Abrams et al. 2014, Aronson, Bautista et al. 2015, Powers, 

Chaguturu et al. 2015). 

1.1.4 Health Care Expenditures in the Elderly Medicare Population with Epilepsy 

Similar to other industrialized countries, the percentage of total population age 65 years 

and older in the United States is projected to increase by 33% in 2020 from the year 2000.  In 

contrast, the percentage increase in 2000 from 1980 was only 12% (Anderson and Hussey 2000). 

The World Health Organization describes epilepsy as a “chronic non-communicable disorder of 
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the brain” (WHO 2016).  The highest risk of developing epilepsy is found in the older population 

starting at age 60 (Banerjee, Filippi et al. 2009).   

1.1.5 The Role of Geographic Variation in the Practice of Neurology 

 Geographic variation of health care, whether utilization or spending, is a well-

documented phenomenon (Welch, Miller et al. 1993, Wennberg, Fisher et al. 2002, Skinner and 

Fisher 2010, Cooper, Craig et al. 2015).  As part of the effort to improve quality and reduce 

health care costs mandated by the Patient Protection and Affordable Care Act (PPACA), the US 

Department of Health and Human Services (HHS) has been transitioning from a fee-for-service 

(FFS) payment scheme to a quality-based reimbursement system (Burwell 2015). Changes such 

as bundled payments for key neurological diagnoses with the expected geographic variation in 

health care may require much adaptation from health care providers, especially with an 

anticipated 19 percent shortage of neurologists by 2025 (Dall, Storm et al. 2013).  Regional 

information on prevalence of epilepsy in the older population and descriptions of their health 

care utilization and spending will play an important role in preparing for policy changes 

(Gorelick 2016).  
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1.2 Statement of the Problem 

1.2.1 Unexplained Variation in Health Care Spending 

Despite the effort to balance Medicare FFS payments by adjusting for hospital wage 

index (HWI) and geographic practice cost indexes (GPCIs), significant variation in Medicare 

spending across geographic regions unrelated to health care outcomes continue to be observed.   

On the financial front, this geographic variation of traditional Medicare spending 

attracted additional attention when Medicare Part C (Medicare Advantage) was established in the 

1980s (Newhouse, Garber et al. 2013).  Payment to Medicare Part C was based on spending for 

traditional Medicare in the beneficiary’s county of residence.   When traditional Medicare 

payments varied widely, payments to Part C Medicare plans also varied widely among 

geographic areas.  If the regional variation of spending was unrelated to health care outcomes, 

the reason for lower spending might be more efficient health care providers in those regions.  

Under the Medicare advantage payment scheme, more efficient or high-value regions were 

ironically being penalized with less resources allocated (Newhouse, Garber et al. 2013). 

It is uncertain whether cutting payment rates to high-cost areas would solve a problem of 

inefficiency without adversely affecting health care quality for Medicare beneficiaries.  Even in 

an efficient health care system, some variation in spending is expected due to population 

differences in age, sex, health status, race, income, insurance as well as employer characteristics 

and market factors (Newhouse, Garber et al. 2013).  Reducing geographic variation is, therefore, 

desirable only if the measured variation represents inefficiencies in the health care system. 

Countless factors can potentially take part in the residual geographic variation after adjusting for 

available measured variables.  Specific factors that play a significant role in this residual 

variation are difficult to identify because these factors may not have been observed or be 
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observable.  Whether an identified influential factor represents inefficiencies adds another 

obstacle in calculating fair payments to Medicare providers. 

1.2.2 Medical Condition Specific Health Care Spending 

The examination of the geographic variation of overall health care spending alone may 

not be sufficient in identifying the influential factors that can be used to devise a fair Medicare 

payment system.  Dunn et al. in their analysis of health care spending slowdown from 2000 to 

2010 indicated that different medical conditions exhibit different spending patterns. All 15 

conditions examined in their study showed a slowdown in spending growth during the study 

period, except for nervous system conditions (e.g. epilepsy), infectious diseases, skin conditions, 

and pregnancy (Dunn, Rittmueller et al. 2016).  Nervous system conditions had an annual 

spending growth increase of one percentage point while the annual spending growth for all 

conditions decreased by 2.3 percentage points during the same period.  If the spending patterns 

differed among different medical conditions, geographic variation of health care spending might 

also vary across populations with different medical conditions.  The examination of geographic 

variation of health care spending in a population with respect to specific medical conditions is 

needed to broaden our understanding of the unexplained spending variation. 

1.2.3 Updated Disease Prevalence and Treatment Costs 

  In the spending slowdown analysis by Dunn et al., the unit of measure was spending per 

capita defined as the product of cost per case and the number of treated cases per capita (Dunn, 

Rittmueller et al. 2016).  To explain the spending growth increase of nervous system conditions, 

either the cost per case or the number of treated cases per capita (treated prevalence) or both 

measures have increase.  Estimate of the prevalence of epilepsy for Medicare beneficiaries from 

2001-2005 reported the average annual prevalence to be 10.8 per 1,000 (Faught, Richman et al. 
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2012).  More recent estimates for populations of 65 years of age and older seem to indicate an 

increase in the prevalence of epilepsy with prevalence estimates ranging from 13 per 1,000 

(CDC 2012)  to 19.3 per 1,000 (Tang, Malone et al. 2015).  Updated prevalence and incidence of 

nervous system conditions, such as epilepsy, and more current medical expenditures for these 

patients are needed to identify the source(s) of the observed cost growth increase. 

1.2.4 Total Medicare Payment and Utilization 

Medicare payments to providers are set by Medicare using different formulas depending on the 

type of services provided (e.g. inpatient versus clinic visits).  Total Medicare inpatient payments, 

for example, include payments aside from costs of providing medical services (e.g. medical 

education payments).  The Dartmouth Atlas project has been reporting price, age, sex, race-

adjusted Medicare expenditures since 2003 (Dartmouth 2017).  Prices can be adjusted using 

methods suggested by Gottlieb et al. to reflect the true costs of providing medical services in the 

corresponding geographic areas (Gottlieb, Zhou et al. 2010).  Their methods of price adjustment 

with respect to hospital referral regions (HRRs) require at least 20% Medicare sample data.  For 

hospital inpatient utilization, Diagnosis-Related Group (DRG) prices were used to estimate the 

true costs of medical services.  When price adjusting 5% Medicare data, the calculations 

recommended by O’Donnell et al. are considered more appropriate (O'Donnell, Schneider et al. 

2012). 

1.2.5 Consideration of Health Care Payment Policy Changes  

Section 3025 of the Affordable Care Act added section 1886(q) to the Social Security Act 

established the Hospital Readmissions Reduction Program (HRRP) is the program that required 

CMS to reduce payments to Inpatient Prospective Payment System (IPPS) hospital with excess 

readmissions (Medicare and Services 2012).  Effective on October 1, 2012, an adjustment was 
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made to the base operating DRG payment to account for excess readmissions.  On the same date, 

the Hospital Value-based Price (VBP) program was implemented by which the base operating 

DRG payments were to be reduced to fund value-based incentive payments based on the 

hospital’s overall performance on a set of quality measures (Medicare and Services 2012).  

These payment policy changes not only directly affected the total payment value measured, they 

also could influence clinical or administrative practices of the hospital.  When studying Medicare 

hospital payments, researchers needed to be aware of policy changes that could potentially have 

significant effect on the study analysis. 

1.2.6 Spatial autocorrelation 

Spatial autocorrelation is the relationship between nearby geographical units (Fischer and 

Getis 2009).  Invoked by Waldo Tobler, the first law of geography (commonly known as 

Tobler’s First Law) states that “everything is related to everything else, but near things are more 

related than distant things" (Tobler 1970).  When two geographic units that are related (e.g. 

states, counties), this imply that there is a positive or negative correlation between these units 

(Miller 2004).  Tobler’s First Law is at the core of spatial autocorrelation statistics.  These are 

quantitative techniques for analyzing correlation with respect to distance.  Although spatial 

autocorrelation is a description of spatial associations among geographic units, it is often 

adjusted in a regression model similar to confounding (Miller 2004).  The magnitude of 

influence from spatial autocorrelation can potentially be significant enough to affect study 

outcomes.  It is therefore necessary to determine whether spatial autocorrelation exists when 

comparing health care expenditures in different regions in the US and account for it accordingly 

to assess more precisely the contributors to the geographic variation. 
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1.3 Objectives and Research Hypotheses 

1.3.1 Regional Prevalence of Epilepsy in the United States  

1.3.1.a  To estimate overall prevalence, prevalence in demographic subgroups, and state-

level prevalence of epilepsy among Medicare beneficiaries for each year in 2011 to 2013. 

 No testable hypothesis 

1.3.1.b  To evaluate the association between state-level prevalence of epilepsy and state 

characteristics.  

 𝐻01.3.1.𝑏.𝑖
:  There is no association between state-level prevalence of epilepsy and 

number of active patient care physicians by state. 

 𝐻01.3.1.𝑏.𝑖𝑖
:  There is no association between state-level prevalence of epilepsy and 

number of active patient care medical interns and fellows by state. 

 𝐻01.3.1.𝑏.𝑖𝑖𝑖
:  There is no association between state-level prevalence of epilepsy and 

number of epilepsy centers by state. 

 𝐻01.3.1.𝑏.𝑖𝑣
:  There is no association between state-level prevalence of epilepsy and 

proportion of beneficiaries within distance categories in miles to nearest epilepsy 

center by state. 

 𝐻01.3.1.𝑏.𝑣
:  There is no association between state-level prevalence of epilepsy and 

percentage population in urban areas by state. 

 𝐻01.3.1.𝑏.𝑣𝑖
:  There is no association between state-level prevalence of epilepsy and 

percentage of urban areas by state. 

 𝐻01.3.1.𝑏.𝑣𝑖𝑖
:  There is no association between state-level prevalence of epilepsy and 

proportion of beneficiaries 75 years and older by state. 
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 𝐻01.3.1.𝑏.𝑣𝑖𝑖𝑖
:  There is no association between state-level prevalence of epilepsy and 

proportion of beneficiaries 85 years an older by state. 

 𝐻01.3.1.𝑏.𝑖𝑥
:  There is no association between state-level prevalence of epilepsy and 

proportion of female beneficiaries by state. 

 𝐻01.3.1.𝑏.𝑥
:  There is no association between state-level prevalence of epilepsy and 

proportion of black beneficiaries by state 

 𝐻01.3.1.𝑏.𝑥𝑖
:  There is no association between state-level prevalence of epilepsy and 

life expectancy from birth by state 

 𝐻01.3.1.𝑏.𝑥𝑖𝑖
:  There is no association between state-level prevalence of epilepsy and 

life expectancy at age 65 by state 

 𝐻01.3.1.𝑏.𝑥𝑖𝑖𝑖
:  There is no association between state-level prevalence of epilepsy and 

healthy life expectancy by state 

 

1.3.2 Geographic Variation of Medicare Spending and Its Sources Pre and Post 

Implementation of Two Value-Based Programs 

1.3.2.a  To describe the geographic variation of average state-level Medicare spending 

per beneficiaries pre- and post-implementation of two value-based programs (VBPs) in 

three cohorts:  All-beneficiaries, beneficiaries with epilepsy, and beneficiaries without 

epilepsy. 

 No testable hypothesis 
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1.3.2.b  To identify the sources of variation in state-level Medicare spending in the same 

three cohorts as objective 1.3.2.a.    

 No testable hypothesis 

 

1.3.3 Factors Associated with Inpatient Inefficiency among Medicare Beneficiaries with 

Epilepsy:  A Spatial Analysis 

1.3.3.a To identify inefficiency factors associated with state-level average inpatient 

services spending per hospital stay (AIH) for beneficiaries with epilepsy, accounting for 

spatial dependence.   

 𝐻01.3.3.𝑎.𝑖
:  There is no associations between any of the inefficiency factors 

examined and state-level average inpatient services spending per hospital stay 

(AIH) for beneficiaries with epilepsy. 

1.3.3.b  To identify inefficiency factors associated with health outcomes for beneficiaries 

with epilepsy, represented by the proportion of hospital stays with primary diagnosis of 

epilepsy or seizure (PHE), accounting for spatial dependence. 

 𝐻01.3.3.𝑏.𝑖
:  There is no associations between any of the inefficiency factors 

examined and state-level proportion of hospital stays with primary diagnosis 

of epilepsy or seizure (PHE) for beneficiaries with epilepsy. 

1.3.3.c  To compare the efficiency of hospital care among beneficiaries with epilepsy at 

state level using an inefficiency index. 

 No testable hypothesis 
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1.4 Epilepsy 

1.4.1 Classification of Seizures and Epilepsy 

 An epileptic seizure is defined as “a transient occurrence of signs and/or symptoms due to 

abnormal excessive or synchronous neuronal activity in the brain” (Fisher, Boas et al. 2005).  

There are three main classifications of seizures categorized as generalized, focal (partial), and 

unknown.  Generalized seizures are epileptic seizures originating within the brain, rapidly 

engaging, and bilaterally distributed networks (Berg, Berkovic et al. 2010).  Generalized seizures 

are further subdivided into absence, myoclonic, clonic, tonic, atonic, and tonic-clonic (in any 

combination) based on current understanding of the mechanisms involved.  Absence and 

myoclonic seizures are again further subclassified.  Focal seizures originate within networks in 

the brain and are limited to one hemisphere (Berg, Berkovic et al. 2010).  The distinction of focal 

(partial) seizures into types such as complex partial and simple partial has been eliminated by the 

International League Against Epilepsy (ILAE) Commission on Classification and Terminology 

in the revised terminology and concepts of seizures and epilepsies (Berg, Berkovic et al. 2010).  

However, references to the two distinctions of focal (partial) seizures in the literature are still 

common; thus, the two types of focal (partial) seizures (complex partial and simple partial) will 

be used in this study.   

1.4.2 Epilepsy in the Older Population 

Seizures and epilepsy are the third most frequent neurologic problem encountered in the 

elderly after cerebrovascular disorders and dementias (Krämer 2001).  The type of seizures 

experienced by the elderly depend primarily on their etiology.  Complex partial seizures are the 

most common in the elderly population (48.6%) (Hauser 1992).  Generalized tonic-clonic 

seizures and simple partial seizures constitute approximately 25 percent and 15 percent of 
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epileptic events in the elderly respectively (Hauser 1992, Krämer 2001).  Convulsive tonic-clonic 

status epilepticus, a neurologic emergency is more frequent in persons with advanced age than in 

earlier years (Pohlmann-Eden, Hoch et al. 1996, Lowenstein, Bleck et al. 1999).  Approximately 

one third of acute symptomatic seizures at an advanced age manifests as status epilepticus.  In 

persons greater than 80 years of age, the mortality rate associated with status epilepticus is 

greater than 50 percent (DeLorenzo 1997, Krämer 2001). 

1.4.3 Etiology 

The most recent recommended terms used to classify the etiology of epilepsy are 

“genetic”, “structural/metabolic”, and “unknown cause” (Berg, Berkovic et al. 2010).  For about 

35 percent of cases with identified causes, cerebrovascular disease (structural/metabolic) is the 

most important antecedent.  In the age group of 65 and over, the largest proportion of cases with 

identified causes is shared by vascular and degenerative diseases (Hauser 1992).  Of the epileptic 

seizures occurring in the elderly, 40 percent are due to cerebrovascular disease, 15 percent 

caused by hypoglycemia and other systemic, metabolic, or toxic disorders, 10 percent due to 

brain tumors, and less due to head trauma (5%), dementias (<5%), and central nervous system 

infections (~1%) (Verellen and Cavazos 2011).  For the portion due to cerebrovascular disease, 

stroke accounts for 30% to 40% of all cases (Hauser 1997).  A large proportion of the stroke-

associated seizures occur in the first three to seven days after the ischemia, thus presenting as 

acute sporadic seizures (early seizures).  Between three and 14 percent of stroke-associated 

seizures are late seizures that occur much later after the ischemia (Heuts-Van Raak, Lodder et al. 

1996, Krämer 2001).  Many seizures resulting from intracerebral hemorrhage are also early 

seizures.  Epileptic seizures and epilepsy are more frequent after subarachnoidal hemorrhage 

than after intracerebral bleeding (Krämer 2001). 
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Metabolic-toxic causes of epilepsy, such as alcohol, seem to be less important for the 

elderly than for younger adults.  Metabolic-toxic causes of epilepsy may be due to thyroid 

toxicosis, postoperative conditions, withdrawal from benzodiazepines or other psychotropic 

drugs, alcoholism, hypoglycemia, nonketotic hyperglycemia, and other metabolic disorders 

(Thomas and Andermann 1994, Krämer 2001).  A status epilepticus of metabolic-toxic origin 

accounts for ten percent of seizures (Sung and Chu 1989, Krämer 2001).  At advanced age, non-

convulsive status epilepticus occurs more frequently than sporadic seizures of metabolic-toxic 

origin.   

Primary or secondary metastatic brain tumors are the third most common cause of 

epileptic events among the elderly.  Epileptogenic brains tumors are mostly malignant gliomas, 

benign astrocytomas (particularly meningiomas located in the frontal or temporal lobe), 

oligodendrogliomas, primary CNS lymphomas, and less frequently cerebral metastases from 

lung, breast, stomach, and urogenital carinomas, and melanomas (Krämer 2001).  The location of 

the tumor is also of decisive importance.  Tumors in the temporal lobes appear to be associated 

with epileptic seizures most frequently compared to other tumors in the frontal lobes, parietal 

lobes, and medullary tumors in decreasing frequency (Krämer 2001). 

The majority of the epileptic events in the elderly are, however, of unknown cause and 

sometimes labelled as idiopathic (Krämer 2001). Increasing age appears to be an independent 

risk factor for epilepsies with an increased magnitude of 1.3 for every decade from the age of 30 

onward (Krämer 2001). 

1.4.4 Prevalence and Incidence 

Prevalence of epilepsy is defined as “a diagnosis of epilepsy at some point prior to the 

prevalence period or date” and incidence of epilepsy is defined as “the number of new cases of 
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epilepsy over a specified time period”  (Banerjee, Filippi et al. 2009).  Prevalence is important 

for determination of health care needs for resource allocation and may assist hypothesis 

generation (Hauser, Annegers et al. 1993, Trogdon, Finkelstein et al. 2006).  Incidence is more 

appropriate in evaluating etiologic factors and prognosis (Hauser, Annegers et al. 1993).  The 

Rochester prevalence study reported prevalence of epilepsy in Rochester, Minnesota and 

examined trends in epilepsy prevalence over a time span of 50 years from 1940 to 1980.  The 

study reported the prevalence of epilepsy for those aged 65 and older to be 10.6 per 1,000 in 

1980.  This is 1.4 times the epilepsy prevalence for younger adults between the years of age of 

25 to 64 who had an incidence rate of 7.5 per 1,000 in the same year.  The study also found an 

increasing trend in overall age-adjusted prevalence from 2.7 per 1,000 in 1940 to 6.8 per 1,000 in 

1980.  The authors attributed the dramatic increase to the improvement in case identification by 

the latter part of the study period (Hauser, Annegers et al. 1991).   

It was previously believed that the onset of epilepsy occurs primarily during infancy  

(Hauser 1992).  More recent studies however have shown a bimodal relationship between 

incidence rates and age.  The estimated incidence rate for epilepsy in infants up to 1 year of age 

is 0.8 per 1,000 (Hauser, Annegers et al. 1993, Rowan 2000, Garrard, Harms et al. 2007).  The 

incidence rate declines sharply in older children and levels off between the age of about 15 to 60 

before increasing dramatically, reaching an incidence rate of 1.4 per 1,000 for those aged 75 

years and older.  During the first 5 years of life, epilepsy is mostly manifested by generalized 

seizures.  Entering adulthood, the incidence of epilepsy is equally manifested by partial seizures 

and generalized seizures.  At about 60 years of age, the incidence of partial seizure begins to rise 

dramatically (Hauser 1992).  A more recent study on Medicare beneficiaries 65 years of age and 

over reported average annual prevalence and incidence rates of 10.8 per 1,000 and 2.4 per 1,000 
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respectively (Faught, Richman et al. 2012).  The rapidly increasing elderly population has led to 

the increasing prevalence of age-related disorders (e.g. cerebrovascular and neurodegenerative 

disorders) which in turn may have contributed to the increasing incidence of epilepsy (Verellen 

and Cavazos 2011). 

1.4.5 Presentation and Diagnosis 

Seizures in the elderly are nearly exclusively focal (partial) seizures (Rowan 2000, 

Werhahn 2009).  Complex partial seizures are the most commonly occurring seizures in this age 

group.  The clinical manifestations of complex partial seizures include confusion, disorientation, 

and fixed gaze (unresponsive staring) and may be both subtle and prolonged (for hours or days) 

(Rowan 2000).  An diagnosis of epilepsy can be easily overlooked with similar symptoms of 

other common conditions of old age (e.g. syncope, vertigo, dementia) (Werhahn 2009).  

Premonitory sensations (aura) are rare in older patients, making diagnosis of epilepsy even more 

difficult (Werhahn 2009).   

The electroencephalogram (EEG) remains a convenient and relatively inexpensive 

technique for the diagnosis and management of epileptic seizures and epilepsy (Smith 2005).  In 

elderly patients, focal slowing is the most frequent EEG finding in addition to general slowing of 

the background rhythm (Krämer 2001).  The epileptiform EEG changes in advanced age.  

Patients with periodic lateralized epileptiform discharges (PLEDs) tend to regularly have focal 

(partial) and often secondary generalized seizures (generalized seizures evolved from focal 

seizures) with the possibility of evolution toward status epilepticus (Pohlmann-Eden, Hoch et al. 

1996, Krämer 2001).  A more typical EEG pattern for the older persons is the periodic 

epileptiform discharges in the midline (PEDIMs) (Westmoreland, Frere et al. 1997). 
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An EEG should be performed to verify the possibility of an epileptic seizure or non-

convulsive status epilepticus whenever an elderly patient presents with acute confusion with no 

apparent explanation and evidence of structural changes revealed by computerized tomography 

(Werhahn 2009).  Reliable personal accounts from third persons about epileptic seizures in 

elderly patients are rarely available because seizures occur more frequently in patients living 

alone (Jeandel, Vesignani et al. 1991, Krämer 2001).  Accounting for potential accompanying 

dementia or other neurologic and psychiatric diseases in the older population, self-reported 

information of the afflicted patient may not be reliable.  Furthermore, common events such as 

sudden falls and “blackouts” may be but not necessarily, the result of epileptic seizures (Krämer 

2001).  It is not surprising that one French study examining the diagnosis of the aged with 

epilepsy found that only every second patient was diagnosed correctly upon admission (Jeandel, 

Vesignani et al. 1991).  The study also observed the frequent documentation of undefined crises 

with suspected states of confusion, or transient ischemic attacks.  Common recurrence of focal 

(partial) seizures, age related cognitive difficulties, and comorbid medical conditions treated with 

multiple medications contribute to the complexity in diagnosing epilepsy in the elderly (Verellen 

and Cavazos 2011). 

1.4.6 Treatment 

The physical and cognitive consequences of seizures can be severe, including fractures, 

subdural hematomata, intracerebral bleeding, and prolonged postictal states that can persist for 

days or weeks (Tinuper 1997, Rowan 2000).  Other consequences of epilepsy are psychosocial 

including fear of socialization, increasing isolation, decreased mobility, and depression.  For an 

older individual who is already at risk of falls and loss of self-confidence, losing independence 

and driving privilege as the result of an epilepsy diagnosis can have significant quality of life 
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implications (Laccheo, Ablah et al. 2008, Lees 2010, Leppik and Birnbaum 2014).  The goal of 

treating epilepsy is to eliminate seizures without adverse effects.  In other words, successful 

treatment means successful aging or maintaining quality of life despite having epilepsy (Rowan 

2000).  Quality of life in the elderly is composed of three parts:  avoiding disease, engaging in 

life, and maintaining a high level of cognitive and physical function.  The key to successful 

treatment is to understand how epilepsy and its treatment impact the ability of elderly patients to 

maintain quality of life (Rowan 2000).   

 Antiepileptic drugs (AEDs) are the primary treatment for seizures or epilepsy although 

this class of medications is also used to treat other conditions common among older adults such 

as agitation, mania, neuropathic pain, and tremor (Garrard, Cloyd et al. 2000).  Prescribing AEDs 

to the elderly patients involve many considerations including appropriate dosing of AEDs 

because both hepatic and renal dysfunctions affect AED pharmacokinetics via a variety of 

mechanisms (Gupta and Wyllie 2005).  A dose reduction for most AEDs is therefore often 

necessary to avoid toxic side effects in elderly patients (Krämer 2001).  Various body organs and 

systems undergo changes with increasing age.  Changes in the stomach and bowels, the liver, the 

kidneys, the arterial vascular and hormonal systems all contribute to slower metabolism, 

decreased ratio of body water to fat, decreased protein binding, decreased creatinine clearance, 

and decreased rate of gastrointestinal absorption. These factors in turn influence the absorption, 

distribution, metabolism, and excretion of AEDs in the elderly population (Ahronheim 1997, 

Rowan 2000, Krämer 2001).  Other considerations such as side effects from AED treatment and 

adherence issues are not to be ignored.  Side effects from AEDs, especially those of the nervous 

system (e.g. ataxia, tremor, confusion) are exaggerated in elderly patients.  Low income and 

memory impairment are two common reasons that interfere with treatment adherence.  AED 
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dose should be titrated based on patient response because standard therapeutic ranges do not 

accommodate the physiological changes elderly patients undergo (Rowan 2000). 

 The prevalence of AED use for individuals residing in the nursing home setting in the 

United States has consistently found to be 10 percent to 11 percent (Lackner, Cloyd et al. 1998, 

Schacter, Cramer et al. 1998, Garrard, Cloyd et al. 2000).  Age and gender differences have been 

observed among the AED recipients.  Fifteen percent of those in the age group of 65 to 84 years 

received an AED compared to 6.1 percent of those 85 years and older (p < 0.001).  A higher 

percentage of male residents (13.4%) were treated with an AED comparing to 9.4 percent of 

female residents (p < 0.001).  However, AEDs are used to treat not only seizures and epilepsy, 

but other neuropsychiatric disorders (Lackner, Cloyd et al. 1998).  The higher percentage of 

AED use in male residents aged 65 to 84 years may indicate higher prevalence of seizures, 

epilepsy, and other neuropsychiatric disorders.  A multivariate analysis adjusting for seizure 

indication, age group, and geographic region concluded that the use of AED among elderly in the 

nursing home setting declines with age, perhaps due to healthy survivor bias (Garrard, Cloyd et 

al. 2000).   

 Epilepsy treatment decisions can be complicated in the older patients (Thomson and 

Brodie 1992, Garrard, Cloyd et al. 2000).  Not only older patients are more susceptible to side 

effects and an increased likelihood of multiple medical comorbidities, age-related alterations in 

physiology can limit the choice of medications (Cloyd 1997, Garrard, Cloyd et al. 2000).   

1.4.7 Prognosis 

 The probability of remission from epilepsy depends on age of onset and seizure type 

(Annegers, Hauser et al. 1979).  In general, the probability of remission is highest for patients 

who were diagnosed before 10 years of age with generalized-onset seizures.  Prognosis for 
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patients diagnosed during adulthood, especially those 60 and over with partial complex seizures 

is less favorable.  Considering the elderly population, the probability of remission at 10 years 

after diagnosis for those diagnosed after 60 years of age is approximately 60 percent (about 73% 

for those diagnosed before 10 years of age).  Without medication, the probability of remission at 

10 years after diagnosis for patients diagnosed after 60 drops to approximately 6 percent 

(Annegers, Hauser et al. 1979).  This finding emphasizes the importance of appropriate 

medication treatment for older epilepsy patients. 

 

1.5 Economic Burden 

1.5.1 Cost of Illness 

The late 1950s and early 1960s were prolific with respect to the conduct of cost-of-illness 

(COI) studies.  COI studies conducted during this period, such as Fein’s analysis of mental 

illness, have been recognized as ground-breaking works in health economics (Fein 1959, 

Hartunian, Smart et al. 1980).  It was also in this period that questions on the methodology of 

conducting COI studies were brought forth for discussion among health economists, setting the 

stage for the landmark study by Rice, detailing a methodology for estimating the costs of a 

disease (Rice 1967).  An update was published a decade later (Cooper and Rice 1976).  Another 

decade later, Hodgson and Meiners formulated guidelines in conducting COI studies (Hodgson 

and Meiners 1982).  Present researchers of COI studies continue to refer to these foundational 

works when COI methods are the subject of interest.  

1.5.2 Demand for Cost-of-Illness studies 

Because COI studies involve only the analysis of costs, their usefulness and accuracy of 

describing costs have been questioned by many researchers who prefer the cost-effectiveness or 
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cost-benefit studies that account for benefits to allow for the determination of how resources are 

to be allocated (Drummond 1992, Segel 2006).  Even with the varying methods used to conduct 

COI studies, limiting the comparability of findings, many researchers recognize the value of 

estimating the financial impact of a disease for specific stakeholders.  These studies document 

the need for increased allocation of prevention or treatment resources.  The federal government 

is interested in the COI estimates in public programs (e.g. Medicare) for budget preparation and 

program planning (Taylor and Sloan 2000, Finkelstein, Fiebelkorn et al. 2003, Xu, Bishop et al. 

2015).  Employers have special interests in the cost of diseases to budget adequately to provide 

sufficient benefits to their employees (Thompson, Edelsberg et al. 1998, Goetzel, Long et al. 

2004).  Regardless of conflicting opinion of the usefulness of COI studies, they are frequently 

used by policy makers.  The financial contribution of specific medical conditions or sets of 

conditions is of particular interest in the health policy arena (Trogdon, Finkelstein et al. 2006).  

Organizations such as the National Institutes of Health (NIH) and the World Health Organization 

(WHO) have commonly been using cost-of-illness (COI) studies that incorporate both 

prevalence and cost to prioritize funding (Murray, Lopez et al. 1994, Trogdon, Finkelstein et al. 

2006).   

1.5.3 Costs 

Before discussing the techniques used to conducting COI studies, the understanding of the costs 

involved in health economic evaluations is essential.  The comprehensive economic cost of 

illness includes direct (medical or non-medical) and indirect costs (morbidity or mortality) 

(Cooper and Rice 1976).  A major category of costs often excluded are intangible or 

psychosocial costs (e.g. pain and suffering) because of the difficulty in quantifying this 

dimension of illness.  The intangible (psychosocial) costs of illness however seem to play a role 



39 

 

in the allocation of resources.  Depending on the focus of the study, direct and indirect costs are 

not always both necessary to be included in a COI study (Segel 2006).  In their guidelines to COI 

methodology, Hodgson and Meiners described a common process to costing an illness and the 

components involved (Hodgson and Meiners 1982).  The process begins with identifying the 

cost-generating components and then attributing to them a monetary value.  The appropriate 

monetary value is the “opportunity cost” referring to the “value of the forgone opportunity to use 

in a different way those resources that are used or lost due to illness” (Hodgson and Meiners 

1982). 

1.5.3.1 Direct Costs 

The direct costs measured by most COI studies are more accurately termed as total direct costs 

that includes the value of health care used to prevent, diagnose, and treat a particular disease 

(Hodgson and Meiners 1982).  Total direct costs can be further categorized into direct medical 

and direct non-medical costs (Table 1- 1).  Direct medical costs are included in the National 

Health Expenditure Accounts (NHEA) published by CMS.  The NHEA are the official estimates 

of total health care expenditures in the US (CMS.gov).  Direct non-medical costs on the other 

hand are borne by patients and other individuals and are not included in the NHEA.   

1.5.3.2 Indirect costs 

Indirect costs are the results of productivity loss due to morbidity and mortality       

(Table 1- 1).  The most common components of productivity loss are earnings and the market 

value of unperformed housekeeping services.  Nonmarket activities in addition to housekeeping 

services are also a form of indirect costs.  The monetary loss as a result of nonmarket activities is 

however very difficult to calculate due to lack of data and its conceptual basis.  Three major 
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methods used to measure indirect costs are the human-capital method, friction-cost method, and 

the willingness-to-pay method (Jo 2014). 

1.5.3.2.a  Human capital method 

In a COI study, human capital refers to the productivity of an individual in a society (Jo 

2014).  The loss of productivity associated with morbidity and mortality is therefore the loss of 

market value of an individual’s future contribution to production in a society in full health.  In 

other words, the human capital method (HCM) counts any normal working hour not worked by 

an individual as an hour of productivity that is lost (Van den Hout 2010).  The method estimates 

the value of human capital as the present value of an individual’s future earnings with the 

assumption of future earnings as the proxy to future productivity and that a worker cannot be 

replaced even during times of high unemployment (Mincer 1958, Johansson 1995, Pauly 1995).  

This method therefore tends to over-estimate the loss of productivity.  Nevertheless, this method 

is widely adopted by researchers. 

1.5.3.2.b  Friction-cost method 

In contrast to the HCM, the friction-cost method (FCM) takes productivity loss as only 

those hours not worked until another individual takes the work (Van den Hout 2010).  The FCM 

assumes that illness and/or premature death do not affect total productivity following the 

replacement of lost productivity (Koopmanschap, Rutten et al. 1995, Johannesson and Karlsson 

1997, Goeree, O'Brien et al. 1999).  Both methods can produce widely different results (Van den 

Hout 2010).   

1.5.3.2.c  Willingness-to-pay method 

The willingness to pay (WTP) method measures the amount that an individual is willing to pay 

to reduce the probability of illness or mortality (Hodgson and Meiners 1982).  WTP is sometimes 
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referred to as contingent valuation (CV).  An individual’s CV can be determined by conducting 

surveys about willingness to pay for risk reduction or for accepting risk (Hirth, Chernew et al. 

2000).   

1.5.3.3   Intangible (psychosocial) costs 

Intangible or sometimes termed as psychosocial costs refer to deterioration in the quality 

of life.  Such deterioration may not only affect the victims of illness, their children, spouses, 

siblings, friends, coworkers may all be affected (Table 1- 1).  Although intangible costs are not 

reflected in the direct and indirect economic costs, they may increase direct and indirect costs 

classified under different diseases.  Some medical conditions may reduce quality of life beyond 

the restorative capability of current rehabilitation efforts (Hodgson and Meiners 1982).   

Table 1- 1  Examples of Costs in Cost-of-illness Studies 
Total direct costs 

Indirect costs Intangible costs 
Direct medical costs Direct non-medical costs 

Hospitalization 
Costs of transportation to 

health providers 

Time spent visiting health 

providers 
Loss of a body part or speech 

Outpatient clinical care 
Care provided by family and 

friends 

Presenteeism lessening 

productivity  
Disfigurement and disability 

Nursing home care Costs of relocating 
Time lost from work (patient 

and/or family) 

Pain and/or grief of 

impending death 

Home health care 

Property losses:  Depressed 

value of property due to risks 

to health due to 

environmental conditions 

Illness lessening productivity 

while on the job 

Anxiety, reduced self-

esteem, resentment, family 

conflict 

Medical services:  primary 

physicians, specialists, 

dentists, other health 

professionals 

Household expenditures:  

cleaning, laundering, 

cooking, babysitting, special 

diets, special clothing, 

humidifiers, dehumidifiers, 

vocational counseling 

Absenteeism increasing costs 

of production 
Antisocial behavior, suicide 

Medicines  Unwanted job changes 
Psychology of unwanted job 

changes 

Rehabilitation counseling  
Loss of opportunities for 

promotion 

Loss of opportunities for 

promotion 

Other rehabilitation costs:  

prostheses, appliances, 

eyeglasses, hearing aids, 

speech devices 

 
Loss of opportunities for 

education 

Loss of opportunities for 

education 

 

1.5.3.4   Challenges and issues in costs calculation 

To calculate direct medical costs in the US, specifically hospital costs, the distinction 

between costs and charges must be determined (Finkler 1982).  Hospital charges often do not 
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accurately reflect the underlying costs.  The challenge is that hospital charges are often the only 

data available.  Charges are what was billed to the patient or the patient’s insurance plan for 

health or medical services used by the patient.  The costs are the actual payment received by the 

provider. Charges are often higher than costs because most insurers negotiate substantial 

discounts off the listed charges.  Some patients may not be able to pay copayments or 

deductibles of their health insurance plan, resulting in differences between the amount billed to 

them and the amount received by the provider.  Use of charge data from the National Inpatient 

Sample and the American Hospital Association annual survey will overestimate the costs of an 

illness.  To avoid overestimation from using charge data, a cost-to-charge ratio must be used in 

cost calculations from charge data.  The Centers of Medicare and Medicaid Services (CMS) 

provide cost-to-charge ratios for specific hospitals (CMS 2016) and the Agency for Healthcare 

Research and Quality (AHRQ) publishes hospital-level cost-to-charge ratios as part of the 

Healthcare Cost and Utilization Project (HCUP) (AHRQ 2015). 

 Some direct non-medical costs are generally excluded from COI studies (Hodgson and 

Meiners 1982).  Direct non-medical costs such as research, training are difficult to attribute to a 

particular disease.  Direct non-medical costs such as capital costs of constructing a new hospital 

wing are often reflected in the charges of care.  Accounting for capital costs separately would 

therefore lead to double-counting.  Depending on the purpose of the study, the inclusion of direct 

non-medical costs may not be necessary.  Nonmonetary direct non-medical costs are difficult to 

capture and therefore are often not the focus of a COI study. 

1.5.3.5   Costs to Include in a Cost-of-illness Study 

Current methodology and data often do not permit the estimation of all costs incurred by 

an illness or disease (Hodgson 1983).  Some cost data such as direct medical costs are more 
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available than others.  Direct non-medical costs and indirect costs incurred by others besides the 

patient are much more difficult to obtain.  In addition, non-medical costs may vary significantly 

from disease to disease. Numerous COI studies based on various disease conditions reported 

indirect costs being a much higher proportion of total costs than direct costs.  Some examples in 

the societal perspective include a report of indirect costs accounting for more than two-thirds of 

the total costs of cancer (Jonsson and Wilking 2007),  89.7% (87.1% – 92.3%) of total costs of 

acute otitis media (Alsarraf, Jung et al. 1999), and 3.3 to 6.4 times the direct costs of epilepsy 

(Murray, Halpern et al. 1996, Begley, Famulari et al. 2000).  Indirect costs can be an important 

component of costs of illness or disease (Hodgson 1983).  

Direct and indirect costs of illness do not reflect the intangible (psychosocial) costs of the 

illness.  Quantifying intangible costs is challenging.  It is well recognized that intangible 

(psychosocial) costs due to an illness or disease are likely to be large; omitting intangible 

(psychosocial) costs from the total cost-of-illness calculation could result in underestimation of 

the impact of disease (Hodgson 1983).  Such misrepresentation of the total cost-of-illness can 

give an incomplete assessment of health interventions, and bias decision-making. 

1.5.4 Cost-of-illness Methodology 

The choice of method and approach to conducting COI studies depends on the type of 

funding decision to be made or research question to be answered.  There are generally two 

approaches to conducting COI studies, prevalence-based or incidence-based conducted in the 

top-down, bottom-up, or econometrics modeling method.  The COI study can be prospective or 

retrospective in design (Byford, Torgerson et al. 2000, Kotsopoulos, Evers et al. 2001, Tarricone 

2006).  The methods and approaches are described in the following sections. 
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1.5.4.1 Prevalence-based and incidence-based approach cost-of-illness studies 

Prevalence-based COI studies are more commonly conducted than incidence-based COI 

studies (Hartunian, Smart et al. 1980, Rice 1994).  Prevalence-based COI studies estimate the 

direct and indirect costs of an illness or disease incurred in a period of time (most often a year) as 

the result of the prevalence of the disease during this same period (Hodgson 1983).  Prevalence 

costs therefore measure the value of resources used in monetary terms during a specified period 

of time, regardless of the time of the onset of disease.   

Incidence-based COI studies involves calculating the lifetime costs (all direct, morbidity, 

and mortality costs) of cases from the time of diagnosis (Hartunian, Smart et al. 1980, Rice 

1994).  Incidence costs in a specified study year refer to the total lifetime costs of all new cases 

in that year (onset of disease in study year) (Hodgson 1983).  It is difficult to estimate incidence 

costs because numerous pieces of information are required:  knowledge of the likely course of a 

disease from time of onset to all events; and survival rates. This information is not always 

available.   

Both the prevalence-based and incidence-based approaches will include the same type of 

costs depending on the scope of the study (section 1.5.6 Scope of Cost of Illness Studies).  The 

two methods differ in terms of which cases in the specified period are included in the analysis 

and the time period in what costs are to be counted (Hodgson 1983). Whether to use the 

prevalence-based or the incidence-based approach depends on the purpose of the analysis (Rice 

1994).  Prevalence-based approach is appropriate for studies aimed to control current medical 

costs and absenteeism because this approach identifies the main components of expenditures to 

identify targets for possible economic savings (Hartunian, Smart et al. 1980, Rice 1994).  For 

decision-making on what treatment or research strategy to employ, the incidence-based approach 
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is more appropriate because it identifies the likely savings from disease prevention programs or 

programs that improve outcomes (Rice 1994). The incidence-based approach is also useful for 

cost-evaluating diseases that are short lived, such as infections and conditions with high 

mortality rates (Hartunian, Smart et al. 1980). 

Results generated from the prevalence-approach tend to be larger than those calculated 

from the incidence approach, particularly for illnesses that produce long-term sequelae with the 

exception when incidence rises at a higher rate than the real discount rate (Hartunian, Smart et al. 

1980, Tarricone 2006).  When the illness is of limited duration, the two approaches in this 

situation would be assigning all costs to the same year and the difference between the prevalence 

and incidence approaches will be rather small.  Considering everything else being equal, the 

following circumstances contribute to a higher cost for the prevalence-based approach as 

compared to using the incidence-based approach (Hartunian, Smart et al. 1980):  (1) when 

incidence is declining and the prevalence-based estimates capture the costs of chronic conditions 

from the larger incidence cohorts of earlier years; (2) when annual treatment costs and disability 

losses declines over time, resulting in lower future costs of present incidence cases; (3) rise of 

annual treatment costs and disability losses over the course of the disease.    

For both prevalence-based and incidence-based cost estimates, future monetary values 

must be discounted to present values to have meaningful comparisons among costs incurring in 

different time periods (Hodgson 1983).  A review on the practice of discounting in health 

economic evaluations found 16 official sources all recommending a positive discount rate for 

both health effects and costs (Smith and Gravelle 2001).   
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1.5.4.2 Top-down, bottom-up, econometric approaches to direct costs estimation 

 The top-down approach estimates costs using national data on health related indicators 

such as mortality, morbidity, hospital admissions along with a population-attributable fraction 

(PAF) developed by Morgenstein et al. (Morgenstern, Kleinbaum et al. 1980) to calculate the 

attributable costs (Liu, Maniadakis et al. 2002, Segel 2006).   The PAF is a metric that describes 

the contribution of a risk factor to a disease or a death (WHO).  One advantage of this approach 

is that national data are usually open-source and therefore readily available (Liu, Maniadakis et 

al. 2002).  However, data are limited to what have been collected.  Not all disease states have 

national data available for research.  The top-down approach usually requires data on both the 

costs and the relative risks needed to calculate the PAF (Segel 2006).  The equations used to 

calculate the PAF does not account for confounders such as age and sex, possibly leading to 

inaccurate estimations (Benichou 2001). 

 The bottom-up approach uses unit cost data and utilization data to calculating the average 

cost of treatment of the illness which is then multiplied by the prevalence of the illness to 

produce the cost-of-illness estimate (Rice and Miller 1998, Rice 1999, Segel 2006).  This 

approach is useful for less common illnesses and often requires data from multiple sources on the 

unit cost and utilization rate of the different types of health services (Segel 2006). 

 The econometric or incremental approach estimates the difference in costs between the 

presence and the absence of a disease. This is usually achieved by modeling the costs as the 

dependent variable and independent variables include an indicator for the presence or absence of 

the disease of interest and individual-level characteristics such as sociodemographic variables 

(e.g. sex and age) and comorbidities (Segel 2006, Honeycutt, Segel et al. 2009).   The 

econometric method measures the incremental difference between those with the disease and 
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those without; therefore, one dataset with costs, demographics, medical condition information is 

sufficient (Yelin, Herrndorf et al. 2001, Birnbaum, Kessler et al. 2005, Segel 2006).  There are 

two methods within the econometric approach:  1) mean differences; 2) multistage regression.  

The mean differences method compares the mean costs incurred by each of the cohort with the 

disease and the cohort without the disease to determine the incremental cost attributed by the 

disease (Rubenstein, Chrischilles et al. 1997, Fleming, Mundt et al. 2000, Swensen, Birnbaum et 

al. 2003, Birnbaum, Kessler et al. 2005, Segel 2006). 

A multiple-stage regression method is typically used in situations where large number of 

cases with zero costs and a few cases incurring very high costs. The incremental cost of the 

disease is measured by comparing the cost estimates generated between binary selections of the 

disease indicator independent variable (e.g. with or without disease) (Greenberg, Sisitsky et al. 

1999, Yelin, Herrndorf et al. 2001, Yelin, Trupin et al. 2002, Finkelstein, Fiebelkorn et al. 2003, 

Segel 2006).  In one example of the multiple-stage regression method, a two-stage regression 

process is performed to first estimate the likelihood of an individual to receive care and then the 

incremental cost of care if care is received.  

1.5.5 Scope of Cost-of-illness Studies 

A cost of illness may study be expressed in terms of the costs resulting from the 

occurrence of disease or from reducing the prevalence, incidence, or severity of disease 

(Hodgson 1983). The scope of a COI study is often decided upon by the perspective and can vary 

from being very comprehensive to including only one type of costs for a specific disease in a 

limited geographic area and/or population.     

1.5.5.1 Perspective 

The perspective(s) determines the type(s) of costs to be included in a COI study (Luce et al. 1996; 

Hodgson and Meiners 1982; Choi, Robson, and Single 1997).  For the health care system perspective, all 
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medical costs should be included in the study.  In the perspective of businesses, a COI study would 

include covered medical costs, morbidity costs, and mortality costs.  A COI study is not limited to a 

single perspective.  Table 1- 2 summarizes costs included in COI studies according to perspectives (Luce 

et al. 1996; Hodgson and Meiners 1982; Choi, Robson, and Single 1997). 

Table 1- 2  Costs in Cost-of-illness Studies by Perspective 

Perspective 

Total direct costs Indirect costs 

Transfer 

payments 
Medical 

costs 

Non-

medical 

costs 

Mortality costs Morbidity costs 

Societal All costs All costs All costs All costs --- 

Health care 

system 
All costs --- --- --- --- 

Third-party 

payer 

(public or 

private) 

Costs covered 

by payer 
--- Included --- --- 

Businesses 

Costs covered 

by employer 

(self-insured) 

--- Lost productivity 
Lost productivity 

(presenteeism/absenteeism) 
--- 

Government 
Costs covered 

by plan 

Criminal 

justice 

costs 

--- --- 
Attributable to 

illness 

Participants 

and families 

Out-of-pocket 

costs 

Out-of-

pocket 

costs 

Lost 

wages/household 

production 

Lost wages/household 

production 

Amount 

received 

1.6 Cost of Epilepsy 

 Numerous studies have been conducted to estimate the cost of epilepsy in the United 

States and internationally.  The comparability of these studies is limited due to the different 

methodologies used, study population involved, and different health care systems.  To compare 

the results of COI studies accurately, it is important to consider the study design, perspective, 

study method and approach used, types of costs included, demographics of study population, 

type of health care system, and currency used.  A systematic review of the direct costs of 

epilepsy in the United States published in 2015 included 24 publications and found wide 

variation in study methods and cost estimates (Begley and Durgin 2015).  Four studies in the 
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systematic review included claims from federally funded health plans such as Medicaid 

(Gardner, Murtaugh et al. 1999, Faught, Weiner et al. 2009, Wilner, Sharma et al. 2012).  The 

remaining 21 studies used data from the private insurance, provider billing medical records, 

and/or population survey.  All estimates were calculated in US dollars and adjusted to 2013 

values.  Most of the studies reported cost estimates for the general US population of persons with 

epilepsy but some reported cost estimates for subpopulations (e.g. uncontrolled or refractory 

epilepsy and the controlled or treatment-responsive epilepsy).  The cost estimates reported 

greatly differ as expected as the result of the very different methods used.  However, the review 

reported two consistent findings.  One was that the costs of uncontrolled or refractory epilepsy 

are higher than those for controlled or treatment-responsive epilepsy, ranging from 2.1 to 10.6 

times higher (Manjunath, Paradis et al. 2012, Cramer, Wang et al. 2014).  The second consistent 

finding was that patients who were nonadherent to AED treatment incurred higher costs than 

adherent patients.  One study estimated annual total costs were $1,032 (2013 US$) higher for 

nonadherent patients ($25,502 vs. $24,470) (Ettinger, Manjunath et al. 2009).  Another study 

examined the mean annual per person total direct costs and found it to be $2,189 (2013 US$) 

higher for the nonadherent group compared to the adherent group (Davis, Candrilli et al. 2008).  

A third study compared the costs to adherence and nonadherence to AED treatment using a 

longitudinal “cross-over” design.  This study concluded that nonadherence was associated with 

increases for inpatient and emergency department care costs that substantially out-weighted 

reductions in outpatient care and medication costs (Faught, Weiner et al. 2009).  

Table 1- 3 presents the descriptions of a number of epilepsy COI studies with similar 

outcome variables presented in costs per person at a point in time or lifetime that were not 

included in Begley and Durgin’s systematic review.  To increase comparability, only studies 
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based in countries of one of the major developed economies (G7) were included (UN 2012).  The 

studies in Table 1- 3 are grouped first by outcome estimates, then by the approach used, and 

finally by country in lowest to highest direct medical costs.  The cost components of these 

studies are presented in Table 1- 4.  Eleven prevalence-based studies from Table 1- 3 were 

selected for further analysis because prevalence is an important determinant of health care needs 

for resource allocation.  Table 1- 5 presents the characteristics of the selected 11 prevalence-

based studies.  Most were in the societal perspective except two in the third party perspective.  

Nine of the 11 studies were conducted in the bottom-up approach.  Seven out of the 11 studies 

analyzed retrospective data.  Sample size of the seven retrospective studies varied widely from 

128 to 4,323 cases.  The sample size for the prospective studies were understandably smaller 

from 101 cases to 1,942 cases.  The cost estimate results in the tables were converted to the same 

units and purchasing power parity (PPP) adjusted to 2014 values in international dollars (I$).  

The PPP exchange rate is the currency conversion rate that equalizes countries’ ability to buy the 

same amount of goods and services (Callen 2007).  
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Table 1- 3  Cost-of-illness Studies on Epilepsy 

Study Year  Country 

Results 
Direct medical Indirect costs Indirect 

costs I$a 

(PPPb, 2014) 

Transfer 

payments 

Transfer 

payments 

I$a 

(PPPb, 2014) 

Medical Medical I$a 

(PPPb, 2014) 

Non-

medical 

Non-medical 

I$a 

(PPPb, 2014) 

Total direct 

Medical 

Total direct 

medical I$a 

(PPPb, 2014) 

Per person per annum estimates 

Prevalence-based 
Begley et al. (2000) 1995 USA 725 US$ 1,775 N/A N/A N/A N/A 4,647 US$ 7,203 N/A N/A 

Halpern et al. (2000) 1995 USA 1,350 US$ 2,093 N/A N/A N/A N/A N/A N/A N/A N/A 

Murray et al.1 (1996) 1994 USA 2,723 US$ 4,357 N/A N/A N/A N/A 8,929 US$ 14,286 N/A N/A 

Ivanova et al. (2010) 2005 USA 10,258 US$ 15,294 N/A N/A N/A N/A 3,192 US$ 3,862 N/A N/A 

Ivanova et al.3 (2010) 2005 USA 11,276 US$ 16,812 N/A N/A N/A N/A 3,431 US$ 4,152 N/A N/A 

Cockerell et al. (1994)  1993 UK 396 £ 1,010 964 £ 2,458 1,360 £ 3,469 3,132 £ 7,988 1,226 £ 3,127 

Swingler et al.2 (1994) 1991 UK 525 £ 1,457 N/A N/A N/A N/A N/A N/A 4419 £ 12,263 

Jacoby et al. (1998) 1993 UK 689 £ 1,757 879 £ 2,242 1,568  £ 3,999 N/A N/A 1,167 £ 2,976 

Beghi et al.2 (2004) 2003 Italy 1302 € 1,900 N/A N/A N/A N/A N/A N/A N/A N/A 

Berto et al. (2000) 1996 Italy 2,388,285 

(1,229) 

L (€) 2,097 N/A N/A N/A N/A 337,831 

(174)  

L (€) 297 N/A N/A 

Hamer et al.1,2 (2006) 2003 Germany 4040 € 5,457 N/A N/A N/A N/A 1610 € 2,175 N/A N/A 

Incidence-based 
Halpern et al. (2000) 1995 USA 3,057 US$ 4,738 N/A N/A N/A N/A N/A N/A N/A N/A 

Begley et al. (2001) 1995 USA Y1:  3,157 

Y2:  702 

Y3:  471 

Y4:  411 

US$ Y1:  4,893 

Y2:  1,188 

Y3:  730 

Y4:  637 

N/A N/A N/A N/A N/A N/A N/A N/A 

Murray et al. (1996) 1994 USA 4,116 US$ 6,586 N/A N/A N/A N/A 8,846 US$ 14,154 N/A N/A 

Beghi et al. (2004) 2003 Italy 976 € 1,424 N/A N/A N/A N/A N/A N/A N/A N/A 

Cockerell et al. (1994)  1993 UK Y1:  917 

Y4:  282 

Y8:  254 

US$ Y1:  1,558 

Y4:  480 

Y8:  431 

N/A N/A N/A N/A N/A N/A 

 

N/A N/A 

De Zélicourt et al. 

(2000) 

1998 France Y1:  

14,305 

(2,175) 

Y2:  3,766 

(573) 

F (€) Y1:  3,144 

Y2:  828 

N/A N/A N/A N/A N/A N/A N/A N/A 

Lifetime per person estimates 
Begley et al. (1994) 1990 USA 7,730 US$ 13,991 N/A N/A N/A N/A 12,654 US$ 22,904 N/A N/A 

Begley et al. (2000) 1995 USA 9,692 US$ 15,023 N/A N/A N/A N//A 51,662 US$ 80,076 N/A N/A 

a I$ = International dollar 
b PPP = Purchasing Power Parity 
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Table 1- 4  Cost Components of Cost-of-illness Studies 
Study Cost components 

Direct Indirect 
Begley et al. (1994) Medical: 

Emergency services; inpatient services; outpatient services; diagnostics; AED 

treatment, surgery 

Restricted activity days; excess 

unemployment; lost earnings 

associated with excess mortality 

Murray et al. (1996) Medical: 

Tests and procedures; hospital/ambulatory care; laboratory fees; AED costs; 

costs of adverse reactions to AEDs 

Loss of productivity (unemployment/ 

underemployment); caretaker 

earnings 

Halpern et al. (2000) Medical: 

Outpatient and medical provider visits; emergency room visits; hospitalization; 

AED treatment: diagnostics; laboratory tests; surgery; adverse drug reactions 

to AEDs 

Not measured 

Begley et al. (2000) Medical: 

Physician and hospital services; diagnostics; laboratory tests; AED treatment; 

surgery 

Reduction in labor market earnings; 

reduction in household productivity 

Begley et al. (2001) Medical: 

Physician and hospital services; diagnostics; laboratory tests; AED treatment 

Not measured 

Ivanova et al. (2010) Medical: 

AED treatment; inpatient; emergency department; outpatient 

Disability; absenteeism 

Ivanova et al. (2010) Medical: 

Drug cost; inpatient; emergency department; outpatient 

Disability; 

absenteeism 

De Zélicourt et al. (2000) Medical: 

Inpatient care; outpatient care; neurologist visits; EEG; CT scan or MRI; 

laboratory tests; AED treatment; other investigations 

Not measured 

Cockerell et al. (1994)  Medical:  general physician visits; inpatient; hospital out-patient; emergency 

visits; surgical procedures; investigations; AED treatment; ancillary 

Non-medical:  residential care; community care; training and rehabilitation; 

travel costs to hospital 

Unemployment; excess mortality 

Swingler et al. (1994) Medical: 

AED treatment; inpatient care; outpatient care; general physician visits; 

radiology; electrophysiology; laboratory assays; other health costs 

Not measured 

Jacoby et al. (1998) Medical:  general physician visits; district/practice nurse; health visitor; social 

worker; psychology/psychiatry 

Non-medical:  residential care; day care 

Not measured 

Beghi et al. (2004) Laboratory tests; diagnostics; specialist consultations; AED treatment; hospital 

admission; day hospital 

Not measured 

Berta et al. (2000) Medical: 

Specialist ambulatory visit; hospital inpatient; day-hospital visits; EEG; brain 

CT scan, brain MRI; angiography; AED treatment 

Productive days 

Hamer et al. (2006) Medical: 

AED treatment; hospital admission; rehabilitation; diagnostics; outpatient 

clinics; physical therapy; special equipment 

Working days lost due to early 

retirement; productivity loss due to 

part-time work; off-work days due to 

seizures 
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Table 1- 5  Summary Table of 11 Prevalence-based Cost-of-illness Studies on Epilepsy 

Study Year  Country 

Results Demographics 

(perspective) 

Cost components 

Direct medical (per person) Indirect 

costs per 

person US$ 

(PPP, 2014) 

Transfer 

payments per 

person US$ 

(PPP, 2014) 

Direct Indirect 

Medical US$ 

(PPP, 2014) 

Non-medical 

US$ 

(PPP, 2014) 

 

Begley et al. 

(2000) 

1995 USA 1,775 N/A 7,203 N/A All ages  

(societal) 

Medical: 

Physician and hospital services; diagnostics; 
laboratory tests; antiepileptic drug (AED); surgery 

Reduction in labor 

market earnings; 
reduction in household 

productivity 

Halpern et al. 
(2000) 

1995 USA 2,093 N/A N/A N/A All ages 
(societal) 

Medical: 
Outpatient and medical provider visits; emergency 

room visits; hospitalization; AED: diagnostics; 

laboratory tests; surgery; adverse drug reactions to 
AEDs 

N/A 

Murray et al.1 

(1996) 

1994 USA 4,357 N/A 14,286 N/A All ages; 

refractory epilepsy 
(societal) 

Medical: 

Tests and procedures; hospital/ambulatory care; 
laboratory fees; AED; costs of adverse reactions to 

AEDs 

Loss of productivity 

(unemployment/ 
underemployment); 

caretaker earnings 

Ivanova et al. 

(2010) 

2005 USA 15,294 N/A 3,862 N/A Ages 16 to 64 

(third-party payer) 

Medical: 

AED; inpatient; emergency department; outpatient 

Disability; 

absenteeism 

Ivanova et al.3 

(2010) 

2005 USA 16,812 N/A 4,152 N/A Ages 16 to 64; 

partial onset seizure  

(third-party payer) 

Medical: 

AED; inpatient; emergency department; outpatient 

Disability; 

absenteeism 

Cockerell et al. 
(1994)  

1993 UK 1,010 2,458 7,988 3,127 All ages 
(societal) 

Medical:  general physician visits; inpatient; 
hospital out-patient; emergency visits; surgical 

procedures; investigations; AED; ancillary 

Non-medical:  residential care; community care; 
training and rehabilitation; travel costs to hospital 

Unemployment; 
excess mortality 

Swingler et al.2 

(1994) 

1991 UK 1,457 N/A N/A 12,263 All ages; 

specialist epilepsy 
service  

(societal) 

Medical: 

AED; inpatient care; outpatient care; general 
physician visits; radiology; electrophysiology; 

laboratory assays; other health costs 

N/A 

Jacoby et al. 

(1998) 

1993 UK 1,757 2,242 N/A 2,976 All ages 

(societal) 

Medical:  general physician visits; district/practice 

nurse; health visitor; social worker; 
psychology/psychiatry 

Non-medical:  residential care; day care 

N/A 

Beghi et al.2 
(2004) 

2003 Italy 1,900 N/A N/A N/A ≥ 18 years; 
epilepsy centers 

(societal) 

Laboratory tests; diagnostics; specialist 
consultations; AED; hospital admission; day 

hospital 

N/A 

Berto et al. 
(2000) 

1996 Italy 2,097 N/A 297 N/A All ages 
(societal) 

Medical: 
Specialist ambulatory visit; hospital inpatient; day-

hospital visits; EEG; brain CT scan, brain MRI; 

angiography; AED treatment 

Productive days 

Hamer et al.1,2 
(2006) 

2003 Germany 5,457 N/A 2,175 N/A Ages 18 to 78; 
refractory epilepsy 

in epilepsy centers 

(societal) 

Medical: 
AED; hospital admission; rehabilitation; 

diagnostics; outpatient clinics; physical therapy; 

special equipment 

Working days lost due 
to early retirement; 

productivity loss due 

to part-time work; off-
work days due to 

seizures 
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 A number of monetary issues have to be considered when comparing results of COI 

studies from different countries.  Exchange rates are often used to convert currencies to reflect 

relative prices of goods and services traded internationally.  Exchange rates however do not 

reflect relative prices of products for which international markets do not exist, services in 

particular.  In addition, exchange rates are affected by factors such as interest rates and capital 

flows that often induce volatility unrelated to price developments across countries.  An 

alternative is the PPP (OECD 2017).  PPPs are the “rates of currency conversion that eliminate 

the differences in price levels between countries” (OECD 2017) .  A “Health PPP” has been 

developed to equalize the purchasing power of different currencies specifically for a range of 

health care goods and services.  Eurostat/OECD reported in 2013 that prices of health care goods 

and services of different countries tend to fluctuate more than other types of goods and services.  

The Health PPP was developed and was shown to equalize healthcare prices more successfully 

than the GDP PPP (Koechlin, Konijn et al. 2014) (Figure 1- 3).  The PPPs shown in Figure 1- 3 

based on 2011 data collected from 31 countries on hospital activity and quasi-prices for a basket 

of 32 hospital products (Koechlin, Konijn et al. 2014).   

Figure 1- 3  Comparison of Purchasing Power Parity (PPP) for Gross Domestic Product and Health, 2011, 
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Country code Country name Country code Country name 

BE Belgium IS Iceland 

CH Switzerland IT Italy 

CY Cyprus LU Luxembourg 

EL Greece MK Republic of Macedonia 

ES Spain NL Netherlands 

IE Ireland PT Portugal 

 

Figure 1- 3 shows that Health PPPs vary more across countries than GDP PPPs.  The Health 

PPPs currently available are referenced to the European Union and a Health PPP referenced to 

the US dollar has not been developed; therefore, GDP PPPs were used in this analysis to equalize 

values for comparison.  Inflation was adjusted by using a calculator with latest Bureau of Labor 

Statistics (BLS) inflation information provided in the Consumer Price Index (CPI) (BLS 2017).  

Table 1- 6 presents the GDP PPP conversion factors and US inflation rates used to generate the 

equalized values expressed in International dollar (I$) in Table 1- 3 and Table 1- 5. 

Table 1- 6  Purchasing Power Parity (PPP) Conversion Factor and Inflation Rates Used to Equalize 

Results of Reviewed Studies 

Year Country Purchasing power parity (PPP) factor Inflation rate (study year to 2014) 

1990 United States 1.000 1.81 

1991 United Kingdom 0.627 1.74 

1993 United Kingdom 0.643 1.64 

1994 United States 1.000 1.60 

1995 United States 1.000 1.55 

1996 Italy 0.885 1.51 

1998 France 1.003 1.45 

2003 Italy 0.884 1.29 

2003 Germany 0.955 1.29 

2005 United States 1.000 1.21 

 

 

1.6.1 US Cost of Epilepsy Studies 

 In Table 1- 5, there were five studies based in the United States.  Three were conducted 

in the societal perspective (Murray, Halpern et al. 1996, Begley, Famulari et al. 2000, Halpern, 

Rentz et al. 2000) and two by Ivanova et al. based on the third-party perspective (Ivanova, 
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Birnbaum et al. 2010, Ivanova, Birnbaum et al. 2010).  Comparing the three US societal studies, 

Murray et al. reported the highest estimate on direct medical costs, followed by Halpern et al. 

and Begley et al. (4,357 I$ per person, 2,093 I$ per person, 1,775 I$ per person respectively).  

These results support previous findings that refractory epilepsy, the population measured by 

Murray et al., incurred the highest costs compared to other stages of epilepsy.  Another reason 

for Murray et al.’s particularly high direct medical costs estimate may be the inclusion of the 

costs of adverse reactions to AEDs in their calculation.  Halpern et al. also included the costs of 

adverse reactions to AEDs in their estimate, resulting in a higher estimate than that of Begley et 

al., who excluded the costs of AED adverse reactions.  Comparing the total direct medical costs 

per person adjusted to 2014 values, estimates from the third-party perspective (15,294 I$ to 

16,812 I$) were much higher than estimates in the societal perspective (1,775 I$ to 4,357I$). 

1.6.2 Cost of Epilepsy Studies from the US, UK, Italy, and Germany 

 The studies presented in Table 1- 5 were conducted in four G7 countries, the United 

States, United Kingdom, Italy, and Germany.  The German study (Hamer, Spottke et al. 2006) 

and one of the US studies (Murray, Halpern et al. 1996) specifically analyzed refractory 

epilepsy.  Direct medical cost estimates of refractory epilepsy respectively were 5,457 I$ and 

4,357 I$ per person which are higher than other societal studies that analyzed all epilepsy cases 

(1,010 I$ to 2,097 I$ per person).  This observation concurs with the recent US systematic 

review (Begley and Durgin 2015) and previous cost of epilepsy studies (Tetto, Manzoni et al. 

2002, Cardarelli and Smith 2010, Cramer, Wang et al. 2014).  The total direct medical costs per 

person for all levels of severity in the societal perspective across three G7 countries were 

surprisingly comparable (Table 1- 5).  Two of these studies from the US presented 1,775 I$ and 

2,093 I$ per person (Begley, Famulari et al. 2000, Halpern, Rentz et al. 2000).  The three UK 
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studies had results of 1,010 I$, 1,457 I$, and 1,757 I$ per person (Cockerell, Hart et al. 1994, 

Swingler, Davidson et al. 1994, Jacoby, Buck et al. 1998).  Two studies from Italy reported 

1,900 I$ and 2,097 I$ per person (Berto, Tinuper et al. 2000, Beghi, Giussani et al. 2015)  Using 

the higher study findings of each country and US as the benchmark (2,093 I$), the United 

Kingdom spends 336 I$ (16%) less to treat each person with epilepsy.  Italy spends about the 

same as the US to treat each person with epilepsy (Italy: 2,097 I$ verses US: 2,093 I$).  This 

observation is surprising because the 2014 overall health care expenditure per capita in the US 

($9,403, 2014 I$) was close to tripled those for the UK and Italy ($3,377, $3,239 respectively, in 

2014 US$) (WorldBank 2016).   

Another indication that treatment spending on epilepsy cases may not follow the same 

trend as overall medical spending (non-disease specific) is the recent analysis of health care 

spending slowdown by Dunn et al. (Dunn, Rittmueller et al. 2016).  The analysis utilized the 

Health Care Satellite Account (HCSA) (a new measure developed to track national health care 

spending by medical condition) to study the US health spending slowdown during year 2000 to 

2010.  The annual growth rate in health care spending of 6.8 percent in 2000 to 2005 decreased 

to 4.5 percent in the period of 2005 to 2010. The study combined survey data and information 

from large claims databases to construct nationally representative estimates.  It was concluded 

that most of the slowdown was due to a reduction in the growth of cost per case but spending 

trends varied greatly across conditions.  The overall slowdown in annual spending growth across 

all conditions from year 2000 to 2005 and 2005 to 2010 was -2.3 percent.  Out of 15 condition 

categories examined, ten exhibited annual spending growth slowdown varying widely from -2.0 

percent and -6.5 percent.   Endocrine system conditions such as diabetes, high cholesterol, and 

thyroid disorders presented the highest slowdown of -6.5 percent in annual spending growth in 
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the study period.  Nervous system conditions including epilepsy however had an annual spending 

growth increase of one percentage point over this same period.  (Dunn, Rittmueller et al. 2016)  

Although the increase was not in the same magnitude as the pregnancy category including 

deliveries and contraceptives (+3.9 percent), these anomalies suggest that spending in specific 

conditions may not follow the trend of the aggregate spending across all conditions (Dunn, 

Rittmueller et al. 2016).  The contrary increase in spending growth for nervous system conditions 

including epilepsy may be the result of newly marketed antiepileptic drugs (AEDs) between year 

2000 and 2010 (oxcarbazepine, zonisamide, pragabalin, lacosamide, rufinamide, vigabatrin) 

(FDA , Sirven, Noe et al. 2012). 

 According to numerous COI studies, hospitalization and AED treatment have been the 

primary direct cost components, with the cost of AEDs accounting for 20 percent to 60 percent 

of direct medical costs (Begley, Annegers et al. 1994, Cockerell, Hart et al. 1994, Begley, 

Famulari et al. 2000, De Zelicourt, Buteau et al. 2000, Beghi, Garattini et al. 2004, Hamer, 

Spottke et al. 2006).  The more recent the study, the higher the proportion of direct medical costs 

contributed by AEDs (Gaoet al. 2015 > Beghi Et al. 2004 > Hamer et al. 2006 > Zélicourt et al. 

2000 > Begley et al. 2000 > Begley et al. 1994 > cockerell et al. 1994) (Figure 1- 4).  This 

observation may be the result of more than doubling of the number of AEDs approved over the 

past two decades.  In the United States, there were 23 AEDs for epilepsy treatment in 2011 

(Sirven, Noe et al. 2012). 
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Figure 1- 4  Percentage of Direct Medical Costs Spent on Antiepileptic Drugs (AEDs) and Number of 

AEDs Marketed in the United States over Time 

 
 

 

1.7 Geographic Variation in Health Care 

Variation in medical practice and costs has been observed throughout human history.  

The first known publication on regional variation in utilization being a publication by Sir Alison 

Glover in 1938 that reported rates of tonsillectomies performed across different regions in 

England varied widely (Newhouse, Garber et al. 2013).  Contrary to general expectations, the 

author found no correlation between the incidence of tonsillectomy in elementary school children 

and environmental factors such as over-crowding, poverty, bad housing, climate, or efficiency of 

the school’s medical and dental services (Glover 1938).  In fact, the incidence of tonsillectomy 

was at least threefold higher in the children of the “well-to-do” (Glover 1938).   More recently, 

the Dartmouth Atlas project has been describing the use and distribution of medical resources in 

the US for more than 20 years and results from the project demonstrate glaring variations of 

health care delivery across the country (Bronner 2016). The project’s observations have intrigued 
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researchers and attracted the attention of policy makers because the observed spending variation 

cannot be explained by apparent factors such as the regional differences in wages, cost of living, 

demographics, and health burden (Newhouse and Garber 2013).  Although regional variations 

exist in other industries, the variations in health care are different.  After accounting for 

legitimate causes for this variation, the magnitude of variation in health care is so large to the 

extent that its elimination could potentially be substantial gain (Skinner 2011). Medicare gross 

benefits spending in 2015 was 3.6% of the GDP (WorldBank , CMS.gov 2015). 

Numerous researchers have attempted to find the influential factors of the observed 

geographic variation of health care spending and utilization.  Results vary from a lack of 

consensus among physicians about which services are required, the mixture of primary care 

physicians and specialists in the area (Welch, Miller et al. 1993), disease burden (Reschovsky, 

Hadley et al. 2013), to inpatient/specialist service utilization (Fisher, Wennberg et al. 2003).   As 

presented in section 1.6.2, spending on epilepsy cases may not follow the same trend as overall 

medical spending (non-disease specific) and therefore, analyzing the spending patterns 

specifically for epilepsy may facilitate the identification of influential factors associated with the 

geographic variation of spending.     

1.7.1 Spatial Dependence and Spatial Heterogeneity 

 There are two general types of spatial aspects of data.  They are spatial dependence and 

spatial heterogeneity.  The concept of spatial dependence arises in cross-sectional data when the 

data represent observations associated with points or regions (e.g. homes, cities, counties, states, 

or countries) (LeSage and Pace 2009).  When examining non-spatial data or data that are not 

associated with points or regions, observations are independent of each other.  Such 

independency is typically assumed for linear regression models.  When the attributes of one 
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observation may be influenced by the attributes of another observation, the assumption of 

independence is no longer valid (Zhukov 2010).  Spatial regression models account for spatial 

dependence by accounting for spatial autocorrelation.  Sometimes used interchangeably with the 

term, spatial dependence (Anselin 2013), spatial autocorrelation is the relationship between 

neighboring geographical units (Fischer and Getis 2009).  Tobler’s First Law which states that 

“everything is related to everything else, but near things are more related than distant things" 

(Tobler 1970), is at the core of spatial autocorrelation statistics, quantitative techniques for 

analyzing correlation with respect to distance. Spatial autocorrelation as a description of spatial 

associations among geographic units, it is often adjusted in a regression model as confounding 

(Miller 2004).  The most widely used test for spatial autocorrelation amongst ordinary least 

squares regression residuals is the Moran I statistics (Arbia 2014).  The general measure of 

spatial correlation was introduced by Moran (Moran 1950).  It wasn’t until the 1970’s when Cliff 

and Ord proposed its use as a test statistics (Cliff and Ord 1972, Arbia 2014).  The notion of 

space is not restricted to the Euclidean sense of distance (Anselin 2013).  Isard’s concept of 

general space (e.g. policy space) introduced many opportunities to apply the phenomenon of 

spatial dependence (Isard 1969, Anselin 2013).  Spatial regression models are employed in 

various disciplines, some examples are listed in Table 1- 7 (Ward and Gleditsch 2008, Zhukov 

2010). 

Table 1- 7  Examples of Applications of Spatial Regression Models 

Discipline Application examples 

Epidemiology Modeling the spread of contagious disease 

Real estate Predicting house prices 

Criminology Identifying clusters of criminal activities 

Organizational learning and network diffusion Modeling the adoption of innovations 

Social Sciences  Modeling levels of democracy 
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There are various causes to spatial dependence.  It can be caused by measurement issues such as 

the arbitrary delineation of spatial units (e.g. state boundaries, census tracts), spatial aggregation, 

and the presence of spatial externalities and spillover effects (Anselin 2013).  Spatial units such 

as state boundaries were often defined arbitrary without consideration of specific attribute(s) or 

characteristic(s) of the units.  Spatial aggregation is “the aggregation of all data points for a 

group of resources over a specified period (the granularity)” (IBM).  Externalities of economic 

activity are non-monetary effects upon non-participants while spillover effects are economic 

events in one context that occur because of something else in a seemingly unrelated context. 

Spillover effects are often referred to as indirect effects in the analysis of a spatial model.  More 

details on direct and indirect effects are provided in later section.  Aside from measurement 

issues, the inherent spatial organization and structure can generate complex patterns of 

interaction and dependencies (Anselin 2013). 

The second type of spatial effect, spatial heterogeneity, is related to the lack of stability 

over space of the relationships under study (Anselin 2013).  In other words, functional forms and 

parameters vary with location and are not homogeneous throughout the data set.  An example of 

spatial heterogeneity in econometric models is when the models were estimated on data of spatial 

units that are characteristically different such as the spatial units divided by north and south.  The 

north unit happens to be composed of more affluent neighborhoods than the south unit (Anselin 

2013).    

 In contrast to spatial dependence, spatial heterogeneity can be accounted for by using 

standard econometric techniques such as varying parameters and random coefficients.  

Theoretical knowledge of the data often lead to more efficient procedures for treating spatial 

heterogeneity.  There is also the situation where the interaction between spatial structure and 
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spatial flows may generate a combination of spatial dependence and spatial heterogeneity.  In 

this situation, it is very difficult to distinguish between spatial dependence and spatial 

heterogeneity.  As a result, a spatial econometric approach is required (Anselin 2013).    

Most of the studies that analyzed health care expenditures including most of the 

Dartmouth studies did not examine or account for spatial autocorrelation (spatial dependence) 

(Ricketts and Holmes 2007, Skinner 2011).  Adjusting for spatial autocorrelation often, although 

not always results in wider confidence intervals.  It is therefore possible that some of these 

studies could have falsely rejected the null hypothesis and reported significant difference across 

regions (Skinner 2011). 

1.7.2 Standard Econometric Models versus Spatial Econometric Models 

Econometric models are statistical models used to specify the statistical relationship that 

is believed to hold between the various economic quantities pertaining to a particular economic 

phenomenon under study.  An econometric model may or may not be tied to a particular 

economic theory.  There is no clear definitions that distinguish a spatial econometric model from 

a standard econometric model.  If the distinction is based on subject matter, any regional 

econometric models carried out by using standard econometric techniques could be classified as 

spatial econometric models.  Another method of classification is based on whether the spatial 

aspects or effects of data and model require spatial econometric treatment (Anselin 2013).  For 

the present study, a spatial econometric model is defined as a statistical model constructed from 

spatial data or data associated with points or regions, with a monetary outcome variable, using 

spatial econometric techniques.  
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1.7.3 Interaction Effects in Spatial Models 

In terms of the standard linear regression model, three types of interaction effects are 

identified in a spatial model that are not considered in a standard model.  They are endogenous 

interaction effects among the dependent variable (Y), exogenous interaction effects among the 

independent variables (X), and interaction effects among the error terms (𝜀). (Elhorst 2014)  

A standard ordinary least square (OLS) is expressed in the following form: 

 

𝑦 = 𝛼 + 𝑋𝛽 +  𝜀 
 

Where 

𝛼 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡  

𝑦 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  
𝑋 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  
𝛽 = 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 

𝜀 = 𝑒𝑟𝑟𝑜𝑟 
 

 

A general form of a spatial linear regression is given by the following sets of equations: 

 

𝑦 =  𝜆𝑊𝑦 + 𝛼 + 𝑋𝛽 + 𝑊𝑋𝜃 + 𝑢          |𝜆| < 1 

𝑢 = 𝜌𝑊𝑢 +  𝜀                                             |𝜌| < 1 
 

where 

𝑦 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  
𝑊𝑦 = 𝑒𝑛𝑑𝑜𝑔𝑒𝑛𝑜𝑢𝑠 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 

𝛼 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 

𝑋 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

𝑊𝑋 = 𝑒𝑥𝑜𝑔𝑒𝑛𝑜𝑢𝑠 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 

𝑊𝑢 = 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑎𝑚𝑜𝑛𝑔 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚𝑠 

𝜆, 𝛽 𝜃, 𝜌 = 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 
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The following Table 1- 8 lists the spatial regression models and the types of interaction effect 

they evaluate comparing to the non-spatial OLS model. 

Table 1- 8  Comparison of the Types of Interaction Effect in Various Regression Models 

Spatial regression models Types of interaction effect 

Endogenous Exogenous Error 

Ordinary least square (OLS) (non-spatial)    

Spatial lag model (SLM) or spatial 

autoregressive (SAR) model 

X   

Spatial error model (SEM)   X 

Spatial Lag of X (SLX) model  X  

Spatial autoregressive with additional 

autoregressive error structure (SARAR) model 

X  X 

Spatial Durbin model (SDM) X X  

Spatial Durbin error model (SDEM)  X X 

General nesting spatial model (GNS) X X X 

 

 

1.7.4 Outcomes of a Spatial Model:  Direct and Indirect (Spillover) Effects 

 A spatial model estimates both the direct and indirect effects between independent 

variables and dependent variable(s).  The direct effect refers to the spatial dependence effect of 

the independent variables for a geographical unit on its own dependent variable (LeSage and 

Pace 2009).  The indirect effect, also known as the spillover effect is the spatial dependence 

effect of the independent variables for a geographical unit on the dependent variables of 

neighboring units.  The total effect is the sum of the direct and indirect effects (LeSage and Pace 

2009).  Specific to the present study, the direct effects account for the impact of changes in each 

independent variable for a state on its dependent variable (e.g. average state-level inpatient 

spending per hospital stay).  The indirect (spillover) effects measure the changes in the 

dependent variable (e.g. average state-level inpatient spending per hospital stay) of neighboring 

states caused by changes in each independent variable for a state. 
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1.8 Conceptual Framework 

A number of conceptual models in the health care have been developed to provide 

guidance to define variables and to specify relationships between them to evaluate the utilization 

of health care services.  Some examples include models of patient decision making, health belief 

model, models of consumers’ demand for medical care, and the demand and supply model 

(Rebhan 2011, Skinner 2011).  None of the aforementioned models offers a complete description 

of the health care market, specifically the US health care market.  In his influential paper on the 

health care markets, Evans described the incomplete vertical integration nature of the health care 

industry (Evans 1983). The American Management Association’s definition of vertical 

integration is “the process whereby a company extends its business interests into all stages of its 

production and distribution” (Kurian 2013).  In this process, at least two companies responsible 

for several steps in the production and/or distribution of a product or service merge and thus the 

production steps are now controlled by a single company, increasing the company's power in the 

marketplace (WebFinance 2017).  Most economic relationships are one of two types.  There are 

arm’s-length exchange transactions in which the seller and the consumer seek their own interest.  

The other type of economic relationship is in the form of command structures where a firm or 

public agency exercise joint efforts toward a common goal (Evans 1983).  The physician-patient 

relationship is not easily categorized in either of the aforementioned relationships.  In health 

care, the seller of services is represented by the physician while the consumer is the patient.  

Physicians are not only the providers of services, they also act in the patient’s interest by 

directing utilization implicitly via the physician-patient exchange process.  The direction of this 

relationship leads to forward integration.  Simultaneously, backward integration is in action 

through public regulatory process, different forms of insurance, and self-government.  Different 
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health care systems present different patterns of incomplete integration.  In any type of health 

care system, a predominance of arm’s-length market relationships is rare if ever found (Evans 

1983).  The concept of incomplete integration in health care is further explained below. 

In the health care market, the patient may be the one who initiates an outpatient clinic 

visit.  It is however the physician who advises and controls the type and number of services the 

patients require.  The provider (e.g. physician) therefore exercises at least some if not all of the 

functions of the consumer (e.g. patient).   In the hospital setting, it is the provider or physician 

who decides whether to admit a patient in the hospital and controls the service utilization and the 

prescribing of medications.  It would therefore be misleading to analyze the hospital market as 

bilateral exchange directly between hospital and patient or the prescription drug market between 

pharmaceutical firms and the patient (Evans 1983).  The systems of health insurance and health 

care regulatory agencies are also characterized by incomplete vertical integration according to 

Evans.   

1.8.1 Study Conceptual Framework Development 

In a traditional market, transactions are assumed by two classes of independent 

participants, the suppliers of a product and the consumers (Evans 1983).  The market is defined 

by the exchange relationships between pairs of independent participants (i.e. supplier/consumers 

pairs).  Evans identified at least five classes of participants in the health care market instead of 

two in the traditional market:  1) consumers (patients); 2) first-line providers (e.g. primary care 

physicians); 3) second-line providers (e.g. medical specialists); 4) government (e.g. federal, state, 

local agencies that regulate public health); and 5) insurance (e.g. private and public insurers).   

The health care industry is generally a blend of command (e.g. government controlled) and 
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market exchange (e.g. commercial insurers) competing for enrollment.  It would be inaccurate to 

analyze the health care industry only focusing on market and ignoring command exchange.     

The conceptual framework for this study was developed to include four of the classes of 

participants because this study was set forth to analyze health care expenditures exclusively for 

those enrolled in a publically funded and government managed insurance plan, traditional 

Medicare.  The characteristics of traditional Medicare, being a national health plan, funded by 

the public, and managed by the government resemble partially Evans’ universal public health 

insurance model (Evans 1983) after which the framework for the study was modeled.  Figure 1- 

5 is Evan’s model illustrating the relationships among public, insurance, and professionals.  This 

model includes direct public or patient influence through a publically funded insurance system.  

Unlike traditional Medicare, costs of care in this model are completely raised via taxes and 

premiums.   
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Figure 1- 5  Evans’ Universal Public Health Insurance Model (Evans 1983) 
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Labels Definitions 

Utilization Use of all health care services (e.g. outpatient, inpatient, prescriptions) by the patient 

Insurance  Universal health insurance specifically defined by the World Health Organization as a system in 

which all people are able to receive health service of sufficient quality to be effective when 

needed, without fear of being exposed to financial hardship 

First-line 

providers 

Contacted directly by patients 

Second-line 

providers 

Provide either services to the patient under the direction of the first-line provider or 

intermediate products to first-line or other second-line providers 

Governments Agencies that exercise or delegate regulatory authority over health care 

 Direct influence or control (strong) 

 Direct influence or control (weak) 

 Primary location of influence or control 

 At least two imply institutionalized conflict 

① Direct influence of providers over utilization 

② Providers collectively regulate individuals (self-regulation) 

③ First-line providers direct hospital and prescription use (prescriptive power) 

④ Providers directly influence insurance function by control or collective negotiation  

⑤ Government regulates and subsidizes hospitals and other second-line provision under first-line 

direction 

⑥ Direct public control of insurance, funneling to control of providers indirectly 

⑦ Patient influence on provider behavior, a non-market relationship 

 

The study’s framework illustrated by Figure 1- 6 adapted Evan’s universal insurance model with 

adjustments to reflect the traditional Medicare’s payment system and to incorporate the basic 

demand and supply market structure (Evans 1983, Richardson 2001, Skinner 2011, CMS 2017). 

Utilization 

First-line 

providers 

Government 

Second-line 

providers 
Insurance 
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Figure 1- 6  Study Conceptual Framework of Traditional Medicare Health System 
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      Authorized funds      Part B and Part D              
                          premiums,                  ①       ②                                     ② 
                          interests from                                                                                         Payroll and income taxes, 

                          fund investment                                                                                     interests from fund investment 

 

  Deductibles and copayments                                                                                                       Deductibles and copayments 

 

Labels Definitions 

Utilization Use of all health care services (e.g. outpatient, inpatient, prescriptions) by the 

patient 

Part B medical Medicare medical insurance that pays for ambulatory and preventive services 

Part D pharmaceuticals Medicare insurance that pays for medications 

Part A medical Medicare hospital insurance that pays for inpatient hospital care, skilled nursing 

facility care, home health care, and hospice care 

SMI Trust Fund One of the two funds that pay for Medicare.  It is raised by funds authorized by 

Congress, premiums from people enrolled in Medicare Part B and Medicare Part , 

and interest earned on the trust fund investments 

HI Trust Fund One of the two funds that pay for Medicare.  It is raised by collecting payroll 

taxes, income taxes paid on Social Security benefits, interest earned on the trust 

fund investments, and Medicare Part A premiums from people who aren't eligible 

for premium-free Part A 

Government:  US Congress Authorizes funds to contribute to the SMI Trust Fund 

First-line providers Contacted directly by patients:  outpatient (Primary care or family physicians) 

Second-line providers Provide either services to the patient under the direction of the first-line provider 

or intermediate products to first-line or other second-line providers:  Inpatient 

(hospitalists) 

Public/patients Consumers and funders of the traditional Medicare system 

 Direction of influence or control 

 Direction of funding 

 Supply 

 Demand 

① Utilization initiated by patient:  patient preference, health status 

② Utilization influenced by providers:  supplier induced demand (Richardson 2001), 

practice norms 

③ Outpatient and preventive services 

④ Inpatient services 

⑤ Prescription of pharmacological treatment 

⑥ Patient’s preference and behavior on medication intake 

⑦ Referrals:  First-line to second-line; second-line to second-line 

⑧ Copayments 
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 Figure 1- 6 shows explicit patient influence or preference during an outpatient visit with 

the first-line provider, and patient’s direct decision on whether to obtain and consume the 

medications prescribed by either the first-line provider or the second-line provider.  The patient 

exerts much lesser degree of, if any influence during an inpatient or hospital visit because it is 

the physician who decides whether to admit the patient and to make decisions on the course of 

treatment.  Besides the severity of the patient’s health state, supply such as the number of beds 

available also plays a part in the hospital admission decision.  When pharmaceuticals are 

administered by a health professional such as a nurse in the inpatient ward, there is no need for 

the patient to decide whether to purchase or consume the medications.  Patient preference is 

therefore more influential on the demand side of the model (e.g. outpatient (Part B), 

pharmaceuticals (Part D)).  Following this logic, inpatient (Part A) utilization involves very little 

if any patient preference. As illustrated in Figure 1- 6, demand is from the patients and supply is 

from the providers.   

1.8.2 Demand Variables 

To identify measurement variables of demand, the behavioral model of health services utilization 

originally developed by Ronald Andersen is particularly helpful.  The original model illustrated 

by Figure 1- 7 assumes that utilization of health services is a function of the interactions of three 

categories:  predisposing (predisposition toward using services), enabling (ability to obtain 

services), need (the state of health) (Andersen 1995; Nabalamba and Millar 2007).   

Figure 1- 7  Behavioral Model (1960s) 
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The following Table 1- 9 lists examples of demand variables categorized by Andersen 

Behavioral Model. 

Table 1- 9  Demand Variables as Categorized by the Behavioral Model 

Individual (patient) level Variables 

Predisposing characteristics Age, sex, race 

Enabling Income, distance to nearest hospital 

Need Health status, patient preference 

 

1.8.3 Provider and Supply Variables 

A number of provider variables have been recognized to be important influence to 

utilization including:  1) provider financial incentives; 2) provider beliefs; 3) provider practice 

norms; and 4) provider density (Gawande, Fisher et al. 2009, Yasaitis, Fisher et al. 2009, Skinner 

2011).  Supplier induced demand occurs when the variation in health service use of 200 to 400 

percent is observed and could not be explained by other factors such as the patient’s age, sex, 

income, and health status (Richardson 2001).  Several studies have reported inexplicable increase 

in health service utilization per person following fee schedule freeze.  The most convincing 

evidence of supplier induced demand is from a randomized controlled trial where physicians 

randomized to receive income by a fee-for-service structure scheduled nearly 30 percent more 

follow-up visits than physicians on a fixed salary (Phelps 1997).  Traditional Medicare sets the 

fees for medical services and pays physicians via a fee-for-service system.  Other provider 

financial incentives include physician-owners treating higher volumes of profitable diagnosis-

related groups (DRGs), low-severity cases, and higher percentages of cases with generous 

insurance compared to physician-nonowners (Mitchell 2005).  A study that examined patient 

demand factors and physician supply factors with respect to regional variation in health care 

spending concluded that patient demand factors were relatively unimportant and physician 

beliefs about treatment is the single most important factor that explains regional variation in 
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health care spending (Cutler, Skinner et al. 2013).  Song et al. studied Medicare beneficiaries 

who moved from areas of low intensity to areas of high intensity of diagnosis and found that 

moving to a high intensity area increased the number of diagnoses more than age.  They 

concluded that observed differences in diagnostic practice in the US are unlikely to be related to 

patient characteristics (Song, Skinner et al. 2010).  If patient characteristics or demand factors 

are not associated to the observed differences in diagnostic practice, provider characteristics or 

supply factors may be relevant to this variation.  Other researchers found density of hospital beds 

and proportion of primary care physicians to be associated with health spending variations 

(Welch, Miller et al. 1993, Bodenheimer and West 2010).   

1.8.4 Medicare price adjustment variables 

 Despite the setting of medical services provided (e.g. inpatient or outpatient), Medicare 

payments to providers are adjusted to local wages and operating costs.  These price adjustments 

are warranted because the costs to provide medical services are different across the US.  For 

hospitals, payments unrelated to providing medical services such as training of medical residents 

and fellows are included in Medicare payments.  When analyzing Medicare expenditures, 

researchers need to be aware of the components of Medicare payments before making any 

conclusion on the magnitude of Medicare expenditures variation.  

1.8.5 Behavior variables 

 Researchers have observed since the early 1960’s that those who reside in rural areas 

have different spending and saving habits than those who reside in urban areas even at similar 

income levels (Murphy 1965).   Accounting for income alone when analyzing health care 

spending may not be sufficient in terms of gaining understanding spending behavior.  A study by 
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Bose found that state gross domestic product (GDP) had a positive effect on state-level per capita 

health spending (Bose 2015).   

1.8.6 Warranted Geographic Variation versus Inefficiency 

Even in an efficient health care system, some variation in spending is expected.  Patients 

differ in characteristics and have different needs for health care services (Newhouse, Garber et 

al. 2013).  In addition, the costs of providing health care services vary among regions due to 

varying wages and cost of living in different regions.  These are warranted geographic variation 

because they are not sources of inefficiency.  In the 2010 World health Report, the World Health 

Organization provided a list of ten leading sources of inefficiency in health systems with 

common reasons for inefficiency, and ways to address them (WHO 2014).  Out of the ten 

sources of inefficiency, three are related to medicines, four concern health-care products and 

services, one each corresponds to health workers, health system leakages, and health 

interventions.  Table 1- 10 presents the three health care products and services inefficiencies that 

are associated with the present study.  

Table 1- 10  Sources of Health System Inefficiency Pertaining to Present Study with Relevant Variables 

and Analysis (WHO 2014) 
Source of inefficiency Common reasons for inefficiency Relevant variables 

Overuse or supply of 

equipment, diagnostics, 

and procedures 

Supplier-induced demand; fee-for-service 

payment; fear of litigation or defensive 

medicine 

 Number of malpractice 

payments  

 Provider practice 

Inappropriate hospital 

admissions and length of 

stay 

Lack of alternative care arrangements; 

insufficient incentives to discharge; limited 

knowledge of best practice 

 Compare variation in 2011 

before and in 2013 after the 

implementation of HRRP1 

and HVBP2 

Inappropriate hospital 

size 

Inappropriate level of managerial resources for 

coordination and control; too many hospitals 

and inpatient beds in some areas and not 

enough in others 

 Number of  hospital beds 

Number of hospitals  

 Number of epilepsy centers  

1Hospital Readmission Reduction Program 
2Hospital Value-based Program 
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Indicators of defensive medicine, insufficient incentives to discharge, and inappropriate supply 

levels of health facilities can guide in identifying the degree of unwarranted variation in health 

care spending due to inefficiency. 

1.8.7 Health Outcomes 

The evaluation of efficient spending in a health system is not complete without accounting for 

health outcomes.  Although a rather crude measure, life expectancy has been used to measure 

health outcomes against monetary input into health systems to evaluate system efficiency (WHO 

2014). Improvement in life expectancy measure could also be the result of equality of health care 

access and coverage.   

1.8.8 Selection of Study Variables     

 A number of studies have been conducted to examine the phenomenon of geographic 

variation in health care spending.  Although the studies were not uniquely based on the 

individuals with epilepsy, their findings can provide guidance in selecting relevant variables in 

future research.  Table 1- 11 to Table 1- 16 present a summary literature review of potential 

influential factors in health care spending variation.  Relevant variables can be parsed into 

demand or non-demand variables to facilitate the design of the studies.  
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Table 1- 11  Literature Review of Potential Influential Factors Associated with the Variation in Health Care Spending 
Title Key findings Relevant parameters 

Distance and Health Care Utilization Among the 

Rural Elderly 

(Nemet and Bailey 2000) 

 Significant predictors of utilization:  having a 

regular physician, having a chronic illness, having 

a provider located within one’s activity space  

 Those with chronic illness travel two thirds the 

distance to a physician compared to those who 

without chronic illness 

Health status 

Distance to hospital 

Who Ordered That?  The Economics of Treatment 

Choices in Medical Care 

(Chandra, Cutler et al. 2012) 

 Three categories of factors influencing treatment:  

Demand (price, income, tastes); supply 

(provider/institution faith in different guidelines or 

technologies, supply-induced demand, financial 

incentives); situational (contextual or behavioral, 

independent to geography, availability heuristic, 

framing/choice/risk, status quo and confirmation 

bias, channel factors, resource factors) 

Three categories of factors:  Demand, supply, 

situational 

Effects of Physician-Owned Limited-Service 

Hospitals:  Evidence from Arizona 

(Mitchell 2005) 

 Physician-owners of limited-service cardiac 

hospitals treat higher volumes of profitable cardiac 

surgical diagnosis-related groups (DRGs), higher 

percentages of low-severity cases, and higher 

percentages of cases with generous insurance 

compared to physician-nonowners 

Physician-owned hospitals 

Neurology Today 

(Stump 2008) 
 Epilepsy-related hospitalizations increased 43 

percent from 2000 to 2005 

 Epilepsy experts speculated the increase may be 

due to more elective admissions for evaluation and 

the increasing elderly population 

 May or may not be an increase in prevalence of 

epilepsy 

 More patients with convulsions used Medicare 

while patients with epilepsy more often used 

private insurance and Medicaid 

Prevalence of epilepsy 
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Table 1- 12  Literature Review of Potential Influential Factors Associated with the Variation in Health Care Spending 
Title Key findings Relevant parameters 

Physician beliefs and patient preferences:  A new 

look at regional variation in health care spending 

(Cutler, Skinner et al. 2013) 

 Tested whether patient demand factors or 

physician supply factors explain regional variation 

in health care spending, using patient and 

physician surveys linked to Medicare expenditures 

 Patient demand relatively unimportant 

 Physician beliefs about treatment is the single most 

important factor 

Physician beliefs 

Geographic Variation in Expenditures for 

Physicians’ Services in the United States 

(Welch, Miller et al. 1993) 

 Physician service expenditures for Medicare 

beneficiaries varied at least twofold between 

lowest and highest spending areas 

 Areas with high hospital admission rates had high 

payments per admission 

 Lower expenditures in areas with high proportion 

of primary care physicians 

 Expenditures not related to number of physicians 

per capita 

 Highest overall payment per beneficiary in states 

of Florida, Louisiana, and Michigan 

Proportion of primary care physicians 

Geographic Variation in Fee-for-Service Medicare 

Beneficiaries’ Medical Costs is largely Explained 

by Disease Burden 

(Reschovsky, Hadley et al. 2013) 

 Population health likely responsible for 75% to 

85% of cost variations 

Health status 

The Implications of Regional Variations in 

Medicare Spending.   Part 1:  The content, quality, 

and accessibility of care 

(Fisher, Wennberg et al. 2003) 

 Regional differences in Medicare end-of-life 

spending largely explained by inpatient and 

specialist service utilization 

 Quality of care and access to care did not appear to 

be better in higher-spending areas 

Specialists 

Regional Variations in Health Care Intensity and 

Physician Perceptions of Quality of Care 

(Sirovich, Gottlieb et al. 2006) 

 End-of-life expenditure index used to determine 

intensity of US regions 

 High-intensity regions had more hospital beds and 

specialists per capita 

 Lower proportion of physicians who felt able to 

obtain elective hospital admissions and high-

quality specialist referrals in high-intensity than 

low-intensity regions 

Hospital beds 

Specialists 
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Table 1- 13  Literature Review of Potential Influential Factors Associated with the Variation in Health Care Spending 
Title Key findings Relevant parameters 

The Effects of Geography and Spatial Behavior on 

Health Care Utilization among the Residents of a 

Rural Region 

(Arcury, Gesler et al. 2005) 

 Having a driver’s license and distance to regular 

check-up and chronic care (not acute care visits) 

were significantly related to health care utilization 

after adjusting for age, sex, race, household 

income, and health status 

Distance to care 

Age 

Sex 

Race 

Household income 

Health status 

Quantifying Geographic Variation in Health Care 

Outcomes in the United States Before and After 

Risk-Adjustment 

(Rosenberg, Kellar et al. 2016) 

 There is large variation in health outcomes in the 

US even after adjusting for differences in 

population, comorbidities, and health system 

factors. 

 2.1-fold difference in risk-adjusted mortality 

outcomes 

 2.3-fold difference in risk-adjusted acute 

myocardial infarction inpatient mortality 

 10.2-fold difference in risk-adjusted patient safety 

outcomes 

 18.3-fold difference in risk-adjusted central venous 

catheter bloodstream infection rates 

 3.0-fold difference in prevention outcomes 

 2.2-fold difference in risk-adjusted congestive 

heart failure admission rates 

Mortality rate 

Proportion of residents with admission 

diagnosis of epilepsy 

Regional Variations in Diagnostic Practices 

(Song, Skinner et al. 2010) 
 Studied Medicare beneficiaries within each 

spending quintile with similar number of diagnoses 

and hierarchical condition categories (HCC) risk 

score who moved during the study period to 

regions with a higher or lower intensity of practice 

 Moving to high intensity regions increased number 

of diagnoses more than age 

 Observed differences in diagnostic practice in the 

US are unlikely to be related to patient 

characteristics 

Regional practice norms 

Regional financial incentives 

Inefficiencies:  Defensive medicine, supply 

of hospital beds, and supply of physicians 
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Table 1- 14  Literature Review of Potential Influential Factors Associated with the Variation in Health Care Spending 
Title Key findings Relevant parameters 

Low-cost Lessons from Grand Junction, Colorado 

(Bodenheimer and West 2010) 
 Seven features of the health care system that may 

be responsible for low health care costs in Grand 

Junction:  leadership by primary care community; 

risk sharing payment system by physicians; 

equalization of physician payment for services 

provided to Medicare, Medicaid, and privately 

insured;  regional arrangement of primary, 

secondary, and tertiary care; limits on expensive 

resources (e.g.) hospital beds; payment to primary 

care physicians for hospital visits; robust end-of-

life support system 

Hospital beds 

Clarifying Sources of Geographic Differences in 

Medicare Spending 

(Zuckerman, Waidmann et al. 2010) 

 The highest quintile of Medicare beneficiaries was 

33% higher than lowest quintile after adjusting for 

demographics, baseline health characteristics, and 

changes in health status 

 Health status explained 29% of the unadjusted 

difference in spending per beneficiary 

Health status 

Prices Don’t Drive Regional Medicare Spending 

Variations 

(Gottlieb, Zhou et al. 2010) 

 Price-adjustment to Medicare spending resulted in 

only slightly less variation regional Medicare 

payments 

Medicare price adjustment 

Sources of Geographic Variation in Health Care:  

Evidence from patient migration 

(Finkelstein, Gentzkow et al. 2016) 

 Studied migration of Medicare patients to separate 

the role of demand and supply 

 Accounted demand differences resulting from 

observable and unobservable patient characteristics 

 40-50% of geographic variation in utilization due 

to demand-side factors and remaining variation due 

to place-specific supply factors 

Supply-side factors 
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Table 1- 15  Literature Review of Potential Influential Factors Associated with the Variation in Health Care Spending 
Title Key findings Relevant parameters 

Health Care Spending Slowdown from 2000 to 

2010 was Driven by Lower Growth in Cost per 

Case, According to a New Data Source 

(Dunn, Rittmueller et al. 2016) 

 Health care spending growth slowdown in 2000-10 

 Slowdown was driven by reduction in growth of 

cost per case 

 Spending trends varied across conditions:   By 

contrary, nervous system conditions (cataract, 

migraines, epilepsy, chronic nerve pain) annual 

spending growth increased by one percent 

Nervous system conditions (e.g. epilepsy) 

may be spending anomaly 

Association Between Physician Supply, Local 

Practice Norms, and Outpatient Visit Rates 

(Yasaitis, Fisher et al. 2009) 

 Used Medicare claims and national surveys. 

 Adjusted for patient health status, race, and 

preferences for care (demand-side factors) 

explained < 20 percent of the associations between 

outpatient visit rates and physician supply and 

practice norms (supply-side factors). 

Physician supply 

Practice norms 

The Cost Conundrum 

(Gawande 2009) 
 Compared and described low cost and high cost 

US regions and health systems. 

 McAllen versus El Paso, Texas:  Similar 

demographics but McAllen spent twice as much as 

El Paso per Medicare enrollee in 2006 

 Higher “entrepreneurial spirit” in McAllen. 

 Mayo Clinic known to provide high quality-low 

cost service:  Core tenet is “The needs of the 

patient come first”; eliminate financial barriers. 

 Grand Junction, Colorado achieved some of 

Medicare’s highest quality-of-care scores:  Doctors 

get piecework fees from insurers; agreed to similar 

fee payments regardless of type of insurance (e.g. 

Medicare, Medicaid, private-insurance). 

Physician-owned hospitals 
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Table 1- 16  Literature Review of Potential Influential Factors Associated with the Variation in Health Care Spending 
Title Key findings Relevant parameters 

Comparing Local and Regional Variation in Health 

Care Spending 

(Zhang, Baik et al. 2012) 

 Examined prescription drug and medical claims 

from five percent random Medicare sample. 

 Hospital referral regions (HRRs) incorporate 

numerous local hospital service areas (HSAs). 

 Only about half of the HSAs located within high 

spending HRRs are also high spending. 

 HRR-based policies may be too crude. 

Payment policy 

The Economic Downturn and Its Lingering Effects 

Reduced Medicare Spending Growth by $4 Billion 

in 2009-2012 

(Dranove, Garthwaite et al. 2015) 

 Medicare spending growth slowed 14 percent 

during the macroeconomic slowdown of the 

recession in 2007-2009. 

 Medicare spending growth slowdown was 

significant but relatively small because of lack of 

labor-force participation from Medicare 

beneficiaries aged 65 and older. 

Gross domestic product (GDP) 

Wide Variation in Hospital and Physician Payment 

Rates Evidence of Provider Market Power 

(Ginsburg 2010) 

 Wide variation in private insurer payments rates to 

hospitals and physicians across US regions and 

within local markets. 

 Suggested that Medicare and Medicaid payment 

reductions to hospitals may result in higher private 

insurer payment rates. 

Payment policy 

Contrary to Cost-Shift Theory, Lower Medicare 

Hospital Payment Rates for Inpatient Care Lead to 

Lower Private Payment rates 

(White 2013) 

 10 percent reduction in Medicare payments rates 

lead to 3 to 8 percent reduction in private payment 

rates. 

Payment policy 
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Table 1- 17 summarizes observed variables representing different sources contributing to 

geographic variation of health care spending discussed in previous sections.  The measurements 

of provider beliefs, practice norms, and patient preferences often rely on survey data.  Unless the 

researcher has access to suitable survey data or has resources to conduct surveys to extract data, 

these variables are often not available for analysis.  Although it is very difficult to measure 

separately the influence of provider beliefs, practice norms, patient preferences, and other 

unobserved factors (Dranove and Wehner 1994), certain proxy measurements can be used (Table 

1- 17).  For example, the proportion of proprietary hospitals in a region may be an indicator of 

the level of ‘entrepreneurial spirit’ of the providers in the area (Gawande 2009).  Practice norms 

may be related to the site of training.  Whether the retention rate of medical interns or the 

number of medical interns on duty is associated with health care spending differences among 

states has not yet been assessed, especially in the epilepsy population. 

 Many measurements in Table 1- 17 are available or calculated from Medicare claims and 

publically available data.  Out of all the demand variables, patient preference is not measurable 

from available data.  Patient preference exerts lesser influence on Medicare Part A utilization 

because it is usually second-line providers who make hospital admission decisions.  One 

hypothesis is that if only Medicare Part A spending is examined and accounted for all known and 

observed demand variables, remaining regional differences should largely be explained by the 

supply variables.   
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Table 1- 17  Observed Variables, the Type(s) of Medicare Payment Influenced, and Their Utilization in Each Study 
Sources Studies described in Chapter 2, 3, and 4 

Demand Measurements 

Medicare 

Part  

A, B, D 

Use of measurement variables in studies 

A B D 
Study 1:  

Prevalence 

Study 2:  

Variation 

Study 3:  

Inefficiency 

Predisposing Age, sex, race X X X X X X 

Enabling Median household income, county-level X X X X X X 

Distance to nearest hospital/epilepsy center X X  X X X 

Need Health Status (Charlson comorbidity index) X X X X X X 

Cultural behaviors Proportion of urban areas X X X X X X 

Percentage population in urban areas X X X X   

Patient preference Unobserved for present studies  X X    

Non-demand Measurements 

Medicare 

Part  

A, B, D 

   

A B D    

Provider supply 
Number of active patient care physicians  X X X X X X 

Number of hospital beds  X   X X X 

Provider beliefs/ norms Percentage retention of medical residents X X X   X 

Provider financial 

incentives  

Proportion of proprietary hospitals 
X X    X 

Defensive medicine Malpractice payments amount X X X   X 

New technology Research funding  X X X   X 

Resource management Proportion of physicians who are primary care 

physicians 
X X   X X 

Price adjustments Number of medical residents  X X   X  

Hospital wage index X X   X X 

Geographic adjustment factor X X   X X 

Poverty level X   X X  

Health outcomes life expectancy at 65 years X X X X   

Geographic 

characteristics 

State-level gross domestic product 
X X X   X 

 

 

 



84 

 

Table 1- 18  Sources of Demand Variables and Rationale for their Selection 

Demand variables Rationale for selection Sources 

Age, sex, race Associated with health care utilization (Arcury, Gesler et al. 2005) Medicare master summary beneficiary files 

(sourced from Medicare claims data) 

Median household income  

(county-level) 

Associated with health care utilization (Arcury, Gesler et al. 2005) American Community Survey (open source)  

(ACS 2017) 

Distance to nearest hospital/epilepsy 

center 

Associated with health care utilization (Arcury, Gesler et al. 2005) 

Significant predictor of health care utilization (Nemet and Bailey 2000) 

Regional differences in Medicare end-of-life spending largely explained by inpatient 

and specialist service utilization (Fisher, Wennberg et al. 2003) 

High intensity health care regions had more specialists per capita (Sirovich, Gottlieb et 

al. 2006) 

Zipcode to zipcode calculation with SAS© 

statistical package. 

Hospital zipcodes from Medicare.gov. 

Epilepsy zipcodes from National Association 

of Epilepsy Centers. 

(open source)  

(Data.Medicare.gov 2017, NAEC 2017) 

Proportion with primary payer other 

than Medicare 

Without removing both geographic and policy-based facility type differentials (e.g. 

wage index, disproportionate share hospital, graduate medical education), Medicare 

cost comparisons can be biased (O'Donnell, Schneider et al. 2012) 

 

Calculated from Medicare claims charged to 

primary payers other than Medicare. 

(sourced from Medicare claims data) 

Health Status (Charlson comorbidity 

index) 

Associated with health care utilization (Arcury, Gesler et al. 2005) 

Significant predictor of health care utilization (Nemet and Bailey 2000) 

Population health explains 75 to 85% of cost variations (Reschovsky, Hadley et al. 

2013) 

Health status explained 29% of the unadjusted difference in spending per beneficiary 

(Zuckerman, Waidmann et al. 2010) 

Charlson comorbidity index calculated from 

ICD-9 CM codes from Medicare claims. 

(sourced from Medicare claims data) 

Proportion of urban areas Spending habits differ between urban and rural areas (Murphy 1965) Percent population in urban areas and 

percent urban areas (open source) 

(USCensusBureau 2015) 
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Table 1- 19  Sources of Non-demand Variables and Rationale for their Selection 

Non-demand variables Rationale for their selection Sources 

Number of active patient care 

physicians per 100,000 persons 

Outpatient visits rates associated with physician supply (Yasaitis, Fisher et al. 

2009) 

The number of physicians per 100,000 is an influential factor to per capita state-

level health expenditures (Bose 2015) 

Center for Workforce Studies:  State Physician 

Workforce Data Book (open source)  

(AAMC 2015) 

Number of hospital beds per 1,000 

persons 

High-intensity health care regions had more hospital beds (Sirovich, Gottlieb et al. 

2006) 

Limits on expensive resources such as hospital beds may be responsible for low 

health care costs (Bodenheimer and West 2010) 

Center for Workforce Studies:  State Physician 

Workforce Data Book (open source)  

(AAMC 2015) 

Percentage retention of medical 

residents 

Outpatient visit rates associated with practice norms (Yasaitis, Fisher et al. 2009) 

Physician beliefs about treatment is the single most important factor that explains 

regional variation in health care spending (Cutler, Skinner et al. 2013) 

Center for Workforce Studies:  State Physician 

Workforce Data Book (open source)  

(AAMC 2015) 

Proportion of proprietary hospitals Physician-owners of limited-service performed higher volumes of profitable 

diagnosis-related groups procedures and served more low-severity cases with 

generous insurance compared to physician nonowners (Mitchell 2005) 

Higher “entrepreneurial spirit” in high spending McAllen, Texas (Gawande 2009) 

Data.Medicare.gov:  Hospital General Information  

(open source)  

(Data.Medicare.gov 2017) 

Number/amount of malpractice 

payments per 1,000 active physicians 

Fear of litigation –defensive medicine is a source of inefficiency in health systems 

(WHO 2014) 

National Practitioner Data Bank (open source)  

(Singh) 

Research funding by state Advances in medical technology have contributed to rising overall U.S. health 

care spending (KFF 2007) 

Tracking Accountability in Government Grant System 

(TAGGS) (open source) (HHS 2017) 

Proportion of physicians who are 

primary care physicians 

Lower expenditures in areas with high proportion of primary care physicians 

(Welch, Miller et al. 1993) 

Center for Workforce Studies:  State Physician 

Workforce Data Book (open source) (AAMC 2015) 

Number of medical residents per 

100,000 habitants 

Without removing both geographic and policy-based facility type differentials 

(e.g. wage index, disproportionate share hospital, graduate medical education), 

Medicare cost comparisons can be biased (O'Donnell, Schneider et al. 2012) 

Center for Workforce Studies:  State Physician 

Workforce Data Book (open source) (AAMC 2015) 

Wage index Without removing both geographic and policy-based facility type differentials 

(e.g. wage index, disproportionate share hospital, graduate medical education), 

Medicare cost comparisons can be biased (O'Donnell, Schneider et al. 2012) 

Price-adjustment to Medicare spending resulted in only slightly less variation in 

regional Medicare payments (Gottlieb, Zhou et al. 2010) 

Bureau of Labor Statistics (open source) 

(BLS 2017) 

Geographic adjustment factor Same as wage index Center for Medicare and Medicaid Services (open 

source) (CMS.gov 2016) 

Proportion living at 100 percent poverty 

level 

Low socioeconomic status has been found both as a risk factor for epilepsy and 

also associated with negative treatment outcome (Hesdorffer, Tian et al. 2005) 

United States Census Bureau Data (open source) 

(USCensusBureau) 

Healthy life expectancy at 65 years A crude measure of health outcome (WHO 2014) Center of Disease Control and Prevention (open source) 

(CDC 2013) 

State-level gross national product Medicare spending growth slowed during recession (Zhang, Baik et al. 2012) 

Gross national product by state is an influential factor to per capita state-level 

health expenditures (Bose 2015) 

Bureau of Economic Analysis (open source) (DOC 2017) 
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1.8.9 Motivations to study hospital inpatient expenditures 

Aside from focusing the study on supply variables, there are several other motivations to 

studying Medicare inpatient spending.  Inpatient spending represents a large share of Medicare 

total spending.  Changes in inpatient spending can be impactful in terms of Medicare resource 

allocation.  The Geographic Variation Public Use Files published by CMS provide summary data 

indicating that Medicare actual spending on inpatient services for beneficiaries 65 years of age 

and over has been consistently about one third of total Medicare actual spending (33.3 percent in 

2011, 32.8 percent in both 2012 and 2013) (CMS).  The Statistical Brief #46 published by 

AHRQ presented data from the Healthcare Cost and Utilization Project (HCUP) reported that 

epilepsy-related hospital stays showed a U-shaped trend between 1993 and 2005 (Holmquist, 

Russo et al. 2008). There was a decline in hospital stays for epilepsy between 1993 and 2000.  

However, hospitalizations with a principal diagnosis for epilepsy increased 51 percent between 

2000 and 2005.  Some speculation for the reason behind this observation included possible 

increase in prevalence of epilepsy, increase in elective admissions for evaluation, and an increase 

in elderly population who would be more likely to be admitted after a convulsion and may 

require more intensive care (Stump 2008).  These observations warrant closer examinations on 

hospitalization in the older population with epilepsy. 

1.8.10   Motivations to Study Health Care Expenditures by the Geographical Units of States 

 State-level health care expenditures are of particular interest to policymakers and 

administrators responsible for setting global budgets at state level.  Especially after policy 

changes, updated state level health care expenditures can provide information on the impact of 

the changes and assist in future resource allocation planning (Levit, Lazenby et al. 1993).  

Medicare is a federally funded health insurance program.  State-level Medicare expenditures 
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estimates are therefore useful indicators of the impact on health care spending as a result of 

policy changes such as the Hospital Readmission Reduction Program (HRRP) and the Hospital 

Value-based incentive payments Program (Hospital VBP Program) implemented in October, 

2012 (Medicare and Services 2012).  When inefficiency is being examined, variables that can 

serve as indicator to inefficiency are readily available at the state level (e.g. number of hospital 

beds per 1,000 persons).  Such information at the county or zip code level may not be readily 

available.  In addition, the assessment of spatial dependence among the designated geographical 

units requires the computing of n x n matrix where n is the number of units.  Calculating a 50 x 

50 matrix for units of states is not a difficult task with today’s computing power.  Calculating a 

3000 x 3000 matrix for units of counties across the US would be computational daunting and 

generally not recommended.   

 

1.8.11   Variations in Health Care Expenditures by US States 

 A number of publically available sources provide state-level health care expenditures 

information.  The CMS geographic variation public use files provide data specifically on 

Medicare spending (CMS).  Few known studies examined factors influential to health care 

expenditures variations among geographical units of states in the US.  Two studies examined 

specifically Medicare Expenditures per enrollee at state level (Kane and Friedman 1997, 

Cuckler, Martin et al. 2011).  One study used average utilization and payment data published in 

Medicare and Medicaid Statistical supplement issued by the Health Care Financing 

Administration (HCFA) (Kane and Friedman 1997).  This study utilized modeling methods to 

determine the association of demand, supply, and control variables.  The study found that 

Medicare expenditures per enrollee varied substantially by state in 1992, ranging from $2,157 

(US$ 1992) in Hawaii to $4,430 (US$ 1992) in Maryland.  The same two states held the low 
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(Hawaii, $1,193 US$ 1992) and high (Maryland, $2,450 US$ 1992) end of the range in average 

hospital inpatient expenditures per enrollee in the same year with a coefficient of variation of 

0.160.  Average expenditures per enrollee varied the most in home health agency, skilled nursing 

facility, and their combination with coefficients of variation of 0.548, 0.397, and 0.400 

respectively.  Table 1- 20 presents the significant factors associated with Medicare expenditures 

per enrollee in this study. 

Table 1- 20  Significant Factors Associated with Medicare Expenditures Per Enrollee 

(Kane and Friedman 1997) 
Positive association P-values 

Proportion of elderly living in urban areas 0.001 

Hospital beds per capita 0.005 

Aged mortality rate 0.012 

Interaction between percentage of Black elderly and 

nursing home supply 

0.012 

Negative association P-values 

Medicare HMO penetration rate < 0.001 

Proportion of physicians who are primary care 

practitioners 

0.042 

Interaction between proportion of urban elderly and 

percentage of primary care physicians 

0.005 

 

A Medicare and Medicaid Research Review (MMRR) in 2011 presented summary 

information on health spending by state of residence from 1991 to 2009 (Cuckler, Martin et al. 

2011).  Specifically for Medicare, 14 out of 51 states including District of Columbia had per 

enrollee spending greater than the national average in 2009.  These high spending states were 

generally in the east of the US and had a high population density with high concentration of 

older habitants.  The combined Medicare enrollment for these states accounted for more than 

half of all Medicare enrollees nationwide.  New Jersey and Florida had the highest Medicare 

spending per enrollee in 2009 ($11,903 and $11,893 respectively).  Florida however had the 

highest share of its total health spending by Medicare in 2009, at 29.5 percent, in comparison to 

the national share of 22.5 percent (Cuckler, Martin et al. 2011).  A follow-up issue of MMRR in 

2013 extended the summary information into a model to investigate possible influential factors 
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on per capita state health expenditure (Cuckler and Sisko 2013).  This study concluded that state-

specific income per capita, hospital beds per 1,000 persons, percentage of population age 65 or 

older and technology (measured as spending growth by a linear time trend) explained most of the 

variation in per capita health expenditures among states. 

Only one identified study examined state-level health expenditures and considered spatial 

autocorrelation by conducting a spatial panel analysis utilizing a Spatial Durbin Panel model 

(Bose 2015).  Although the study was not focused on Medicare expenditures, the results serve as 

guidance to the type of independent variables to examine when studying influential factors to 

state-level health expenditures.  The study concluded that gross domestic product by state, 

Medicaid expenditures, proportion of elderly in the population, number of active physicians per 

100,000 habitants, and poverty rate are influential factors to per capita state-level health 

expenditures.   
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1.9 Definitions 

Agency for Healthcare Research and Quality:  A Federal agency develops the knowledge, 

tools, and data needed to improve the safety and quality of America's health care system (AHRQ 

2017). 

  

Bureau of Labor Statistics:  The principal Federal agency responsible for measuring labor 

market activity, working conditions, and price changes in the economy (BLS 2016). 

 

Centers for Medicare and Medicaid Services:  A part of the Department of Health and Human 

Services (HHS) that administers a number of programs including Medicare, Medicaid, the 

Children’s Health Insurance Program (CHIP), and the Health Insurance Marketplace (CMS 

2017). 

 

Consumer Price index:  An index of the variation of the prices paid by urban consumers for a 

representative basket of goods and services (BLS 2017). 

 

Contingent Valuation:  A method of estimating the value that a person places on a good. The 

approach asks people to directly report their willingness to pay to obtain a specified good, or 

willingness to accept to give up a good (FAO 2017) . 

 

Disability Adjusted Life Years:  The sum of years of potential life lost due to premature 

mortality and the years of productive life lost due to disability (WHO 2017). 
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Diagnosis-related Group:  A patient classification scheme that provides a means of relating the 

type of patients treated to the costs incurred by the hospital (CMS 2016). 

 

Geographic Practice Cost Indexes:  Indexes established for each Medicare payment locality.  It 

is applied in the calculation of a fee schedule payment amount by multiplying the relative value 

unit for each component (i.e., the RVUs for work, practice expense, and malpractice) (CMS). 

 

Fee-for-service Medicare (Original Medicare or Traditional Medicare):  Medicare program 

paid by encounter basis and managed by the Centers for Medicare and Medicaid Services. 

 

Health Care Satellite Account:  A statistic on health care spending by disease.   It defines the 

commodity provided to patients as the treatment of disease (for example, cancer or diabetes) 

rather than the specific types of medical care that individuals purchase (such as visits to a 

doctor’s office or the purchase of a drug) (BEA 2017). 

 

Healthcare Cost and Utilization Project:  A comprehensive source of hospital care data, 

including information on in-patient stays, ambulatory surgery and services visits, and emergency 

department encounters (AHRQ 2017).  

 

Hospital Referral Regions:  Health care markets regions for tertiary medical care. Each hospital 

referral region contains at least one hospital that performs major cardiovascular procedures and 

neurosurgery (Dartmouth 2017). 
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Hospital Readmissions Reduction Program:  Program established by section 3025 of the 

Affordable Care Act added section 1886(q) to the Social Security Act that requires the Centers 

for Medicare and Medicaid Services to reduce payments to hospitals with excess readmissions, 

effective for discharges beginning on October 1, 2012 (CMS 2016). 

 

Hospital Wage Index:  Relative factor used to adjust hospital wage level in the geographic area 

of the hospital compared to the national average hospital wage level.  The index reflects the 

geographic reclassification of hospitals to another labor market area in accordance with sections 

1886(d)(8)(B) and 1886(d)(10) of the Act.  It is updated annually, based on a survey of wages 

and wage-related costs of short-term, acute care hospitals (CMS 2016). 

 

International Classification of Disease, 9th revision, Clinical Modification:   The official 

system of assigning codes to diagnoses and procedures associated with hospital utilization in the 

United States. It is based on the World Health Organization's Ninth Revision, International 

Classification of Diseases (ICD-9) (CDC 2015). 

 

Inpatient Prospective Payment System:  A prospective payment system for the operating costs 

of hospital inpatient stays under Medicare Part A set forth by section 1886(d) of the Social 

Security Act (CMS 2016). 

 

Medicare:   The US federal health insurance program for those who are 65 and older, certain 

people less than 65 years of age with disabilities, and people with End-Stage Renal Disease.   

Medicare consists of four parts (Part A, B, C, and D).     
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Medicare Part A:  The hospital insurance that covers inpatient hospital stays, limited service 

from a skilled nursing facility, hospice care, and some home health care services. Medicare being 

a federal health insurance program for those who are 65 and older, certain people less than 65 

years of age with disabilities and/or with end-stage renal disease (CMS 2017). 

 

Medicare Part B:  The medical insurance that covers certain doctors’ services, including 

outpatient care, some medical supplies, and preventive services (CMS 2017). 

 

Medicare Part C (Medicare Advantage (MA)):  A combination of Part A and Part B benefits 

offered by private insurance companies contracted by Medicare.  Prescription drug coverage is 

included in most MA plans (CMS 2017).  

 

Medicare Part D:  The prescription drug coverage for traditional Medicare, some Medicare 

Cost Plans, some Medicare Private-Fee-for-Service Plans, and Medicare Medical Savings 

Account Plans. These plans are offered by companies approved by Medicare (CMS 2017) 

 

National Health Expenditure Accounts:  The official estimates of health care spending in the 

US, produced by the Centers for Medicare and Medicaid Services (BEA 2010). 

 

Patient Protection and Affordable Care Act:  The first part of the comprehensive health care 

reform law enacted on March 23, 2010.  The law expands the Medicaid program to cover more 

people with low incomes and provides numerous rights and protections that make health 
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coverage more fair and easy to understand, along with subsidies to make it more affordable 

(Healthcare.gov). 

 

Research, Condition, and Disease Categorization:  A computerized process the National 

Institute of Health uses to categorize and report the amount it funded in each of 233 reported 

categories of disease, condition, or research area (NIH 2012). 
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1.10 List of Acronyms 

AHRQ – Agency for Healthcare Research and Quality 

BLS – Bureau of Labor Statistics 

CMS – Centers for Medicare and Medicaid Services 

COI – Cost-of-illness 

CPI – Consumer Price Index 

CV – Contingent Valuation 

DALY – Disability-Adjusted Life Years 

DRG – Diagnosis-Related Group 

FCM – Friction-Cost Method 

GDP – Gross Domestic Product 

GPCI – Geographic Practice Cost Indexes 

HCM – Human Capital Method 

HCSA – Health Care Satellite Account 

HCUP – Healthcare Cost and Utilization Project 

HRR – Hospital Referral Regions 

HRRP – Hospital Readmissions Reduction Program 

HWI – Hospital Wage Index 

I$ - International Dollar 

ICD-9-CM – International Classification of Disease, 9th revision, Clinical Modification  

IPPS – Inpatient Prospective Payment System 

NHEA – National Health Expenditure Accounts 

NIH – National Institute of Health 
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PPACA – Patient Protection and Affordable Care Act 

PPP – Purchasing Power Parity 

RCDC – Research, Condition, and Disease Categorization  

WTP – Willingness-to-pay 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



97 

 

CHAPTER 2 

National and Regional Prevalence of Epilepsy in the United States 

2.1 Introduction 

Being the fourth most common neurologic disorder after migraine, stroke, and 

Alzheimer’s disease (Hirtz, Thurman et al. 2007), it has been estimated that one in 26 individuals 

in the United States (US) will develop epilepsy in their lifetime (England, Liverman et al. 2012).  

Although epilepsy may occur at any time in the life span, the prevalence of epilepsy increases 

with age and is most common among individuals aged 75 and older (Cloyd, Hauser et al. 2006, 

Thurman, Beghi et al. 2011, England, Liverman et al. 2012).  The number of epilepsy-related 

hospitalizations in the US increased 43 percent from year 2000 to 2005 (Stump 2008).  Some 

have speculated is due to an increase in the prevalence of epilepsy, the increasing elderly 

population, and changes in diagnostic coding practice.  A recent study concluded that the overall 

health care spending growth decrease from 2000 to 2010 was driven by lower growth in cost per 

case (Dunn, Rittmueller et al. 2016).  The investigators also noted that this observation of all 

medical conditions spending was not transferrable to specific medical conditions when 

considered separately.  Nervous system conditions, including epilepsy, demonstrated an increase 

in spending growth contrary to the aggregate decrease.  If there was a lower growth in cost per 

case, an increase in spending growth could signify an increase in the number of treated cases (i.e. 

prevalence).   

In an Institute of Medicine (IOM) study, four areas of public health dimensions of the 

epilepsies were examined (England, Liverman et al. 2012).  For the area in public health 

surveillance, data collection and integration, the study committee identified several information 

gaps concerning epilepsy.  Regardless of the type of epilepsy surveillance systems (e.g. 
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administrative data, clinical records, and population-based surveys and registries), data collected 

should provide timely and accurate estimates of information such as incidence and prevalence.  

One of the recommendations made by the study committee was to fund surveillance efforts that 

use large, representative samples to determine the overall incidence and prevalence of epilepsy 

over time and those in specific populations (e.g. different types of epilepsy, ages, genders, 

races/ethnicities, socioeconomic statuses).  Current information on how epilepsy affects the US 

population is essential to guide health policy and program efforts for its prevention and 

intervention, service delivery, and quality improvement (England, Liverman et al. 2012). 

A previous study of older Medicare beneficiaries from 2001-2005 reported the average annual 

prevalence of epilepsy to be 10.8 per 1,000 (Faught, Richman et al. 2012).  Although based on 

different populations and methods of case ascertainment, more recent estimates indicate an 

increase in the prevalence of epilepsy.  Specifically among low-income elderly, the 2009 

prevalence of epilepsy was estimated to be 19.3 per 1,000 (Tang, Malone et al. 2015). The 

prevalence of epilepsy was reported to be 13 per 1,000, using data from the US National Health 

Interview Survey (NHIS) 2010 for 65 years and over (CDC 2012).  Among the commercially 

insured US population, a rise in prevalence was observed from 2007 to 2011 from 2.7 per 1,000 

(95% CI 2.65 – 4.82) to 4.8 per 1,000 (95% CI 4.77 – 4.82) (Helmers, Thurman et al. 2015).  

The primary objective of this study is to estimate the prevalence of epilepsy among older 

Medicare beneficiaries using the methods from a previous study as the reference methods to 

increase comparability for determining changes in prevalence over time in the entire Medicare 

population and in subgroups (i.e. demographic and geographic subgroups).  The secondary 

objective is to assess the associations between state-level prevalence and state characteristics.  
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2.2 Methods 

Determining an accurate number of individuals with epilepsy in the United States 

remains challenging, in particular, the prevalence of the diseases in subpopulations by age, sex, 

race, and geography (England, Liverman et al. 2012).   Epilepsy-related methods are not 

standardized across studies, limiting the accuracy of case ascertainment and coding which in turn 

hinders the monitoring and comparing of key attributes of epilepsy (e.g. prevalence, incidence, 

costs) (England, Liverman et al. 2012).  In order to detect changes accurately, the prevalence of 

epilepsy compared should be estimated with standardized methods and from data representative 

of the same population.  To achieve our primary objective, we adopted the prevalent case 

ascertainment methods from a previous study of older Medicare beneficiaries from 2001-2005 

(Faught, Richman et al. 2012) which we used as the reference study accompanied with more 

recent Medicare data from 2011 to 2013.  For the secondary objective, we evaluated the 

associations between state-level prevalence and a number of state characteristics.  The state 

characteristics were selected by the subgroup analysis for the primary objective, and the 

following hypotheses:  increase in access to physicians and epilepsy specialty centers increases 

the number of epilepsy diagnosis; possible association between (healthy) life expectancy with 

epilepsy.  The state characteristics considered include: 

 Number of active patient care physicians by state; 

 Number of active patient care medical interns and fellows by state; 

 Number of epilepsy centers by state; 

 Proportion of beneficiaries within categories in miles to nearest epilepsy center by state; 

 Percentage population in urban areas by state; 

 Percentage of urban areas by state; 
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 Proportion of beneficiaries 75 years and older by state; 

 Proportion of beneficiaries 85 years an older by state; 

 Proportion of female beneficiaries by state; 

 Proportion of black beneficiaries by state; 

 Life expectancy at age 65 by state; and 

 Healthy life expectancy by state; 

For the association assessments, all 50 states and Puerto Rico were included except for life 

expectancy at age 65 years and healthy life expectancy at 65 years because of unavailability of 

information for Puerto Rico. 

2.2.1 Data Source:  prevalence estimation and state characteristics 

Medicare administrative data for a five percent random sample obtained from the Centers 

for Medicare and Medicaid Services were used to estimate the prevalence of epilepsy from 2011 

to 2013.  The random five percent samples of Medicare beneficiaries used for the study was 

based on a random 20 percent sample that is split into three mutually exclusive groups of one 

percent, four percent, and 15 percent.  The five percent sample was the combination of the one 

percent and the four percent groups (ResDac 2016).  The data contained claims made by 

Medicare beneficiaries enrolled in fee-for-service Medicare, the same Medicare population 

examined in the reference study (Faught, Richman et al. 2012).   

The number of active patient care physicians per 100,000, and active patient care medical 

interns per 100,000 by state were extracted from the State Physician Workforce Data Book 

published by the Association of American Medical Colleges (AAMC).  This open source data is 

a biennial report that examines current physician supply, medical school enrollment, and 

graduate medical education for each state, the District of Columbia, and Puerto Rico (AAMC 
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2015).  Because of its biennial publication schedule, the 2011 data book was based on 2010 

information and the 2013 publication was based on 2012 information.  For the current study, 

2011 data were extracted from the 2011 report, 2012 data from the 2013 version, and 2013 data 

were based on the 2015 publication (AAMC).  The number of epilepsy centers in each state was 

determined from the list of all epilepsy center locations published by the National Association of 

Epilepsy Centers (NAEC).  Only epilepsy centers for adult care were included.  The distance to 

the nearest epilepsy center for each beneficiary was calculated by taking the distance between the 

beneficiary’s resident zip code from the Medicare master summary files and the zip codes of the 

epilepsy centers from the list of centers published by NAEC (NAEC 2017) using the following 

formula (CDC 2015): 

𝑑 = 3963 𝑥 arccos [𝑠𝑖𝑛 (
𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒1

57.2958
) 𝑥 𝑠𝑖𝑛 (

𝑙𝑎𝑡𝑖𝑡𝑢𝑡𝑑𝑒2

57.2958
)

+ 𝑐𝑜𝑠 (
𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒1

57.2958
) 𝑥 𝑐𝑜𝑠 (

𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒2

57.2958
)  𝑥 𝑐𝑜𝑠 (

𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒1

57.2958
−  

𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒2

57.2958
)] 

 

where d = distance and latitude and longitude are in decimal form (USCensusBureau 2013).  The 

value, 3963 is the radius of the earth in miles (Wayana 2015).  The latitude and longitude values 

in the above formula were divided by 180/pi (approximately 57.2958) to convert latitude and 

longitude from decimal degrees to radians (Wayana 2015).  The radian is the Standard 

International unit measurement of plane angles (TechTarget 2017).  The shortest distance 

between the zip code of a beneficiary and an epilepsy center would be the distance to the nearest 

epilepsy center for the beneficiary.  Beneficiary zip codes that did not exist in the US Census 

Bureau file were assumed the next closest zip code (e.g. the zip code 02401 was not present and 

was replaced by 02402).  This assumption was based on the general organization of zip codes 

having neighboring zip codes of similar figures. 
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Both state-level percent population in urban areas and percent urban areas were provided 

by the US Census Bureau (USCensusBureau 2015).  The US Census Bureau also supplied the 

poverty status information for the study (USCensusBureau 2016).  The weighted person counts 

were used for below 100, 125, 135, 150, 185, and 200 percent poverty from the Current 

Population Survey (CPS).  Poverty in the United States is measured by comparing family income 

with one of 48 poverty thresholds (USCensusBureau 2016).  The poverty thresholds are updated 

each year by the US Census Bureau and vary by size of family and the ages of the members (IRP 

2016).  The thresholds are used to define and quantify poverty in America, providing a yardstick 

for progress or regress in antipoverty efforts (IRP 2016). The CPS is a survey sponsored jointly 

by the U.S. Census Bureau and the U.S. Bureau of Labor Statistics (BLS) to provide labor force 

statistics for the population of the United States (USCensusBureau 2016).  Each year’s survey 

asks questions concerning financial status of the prior year; therefore, the previous year’s data 

were used for each of the study year (e.g. 2012 dataset used for 2011 study year).  Missing data 

due to inadequate sample size were filled in with data from the nearest year (e.g. the poverty 

status from all percentage point for Wyoming in the 2012 study year were filled in with data 

from 2012 dataset (2011 study year)).  The proportion of black beneficiaries, beneficiaries who 

were 75 years/85 years and older, and female beneficiaries were tabulated from the Medicare 

five percent sample data used for prevalence estimation. 

2.2.2 Inclusion criteria 

Similar to a previous study by Faught et al., the following inclusion criteria were used: 1) 

enrolled in fee-for-service (FFS), and 2) enrolled in Medicare as a result of being age-qualified 

(≥ 65 years of age), and  3) enrolled in Medicare Part A and Part B for 12 consecutive months in 
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the year of enrollment. These criteria excluded Medicare Advantage (MA) beneficiaries and 

those who qualified for Medicare due to disability or end-stage renal disease.   

 

 

2.2.3 Definition of epilepsy cases 

One of the recommendations made by the 2010 IOM study on the public health dimensions of 

the epilepsies was the validation and implementation of standard definitions for epilepsy case 

ascertainment (England, Liverman et al. 2012).  The current study adopted the case 

ascertainment methods used by Faught et al. and defined epilepsy cases as having any of the 

following International Classification of Disease-Version 9-Clinical Modification (ICD 9-CM) 

diagnostic codes recorded on Medicare claims data:  At least one ICD 9-CM 345.xx (epilepsy), 

or at least two ICD 9-CM 780.3x (seizure) claims occurring at least 30 days apart (Faught, 

Richman et al. 2012).  Although these ascertainment methods are not considered standard 

definitions for an epilepsy case, the goal was to use the same methods of ascertainment from a 

previous study that examined the same population with the same type of data to increase 

comparability of the results.   

2.2.4 Subgroup categories 

Demographic subgroups included age, sex, and race.  Geographic subgroups were 

defined by state of residence recorded in the master summary files of the Medicare data.  

Prevalence estimates were determined for 50 states, District of Columbia, Puerto Rico, and a 

combined region, “Other” to include Medicare beneficiaries who resided in American Samoa, 

Commonwealth of Northern Mariana Islands, the US Virgin Islands, Guam, and countries other 

than the United States. 



104 

 

2.2.5 Analysis 

Overall prevalence was estimated for each specific year as the number of prevalent cases per 

1,000 eligible beneficiaries.  Average annual prevalence was calculated for the total study 

population and various demographic and geographic subgroups.  The unadjusted odds ratios 

(OR) were generated from contingency table analysis while the 95% CIs were estimated using 

the standard formula (Plichta, Kelvin et al. 2013) to estimate the relationship within each 

subgroup prevalence estimates.  An alpha value of 0.05 was the significance level considered for 

all statistical tests on the prevalence of epilepsy.  To assess the association of state-level health 

system and demographic characteristics with state-level prevalence of epilepsy, Spearman 

correlation coefficients (SCC) were calculated for each comparison between a state characteristic 

and state-level prevalence.  Table 2- 1 presents the set of rule of thumb interpretation adopted to 

assess the size of a correlation coefficient (Hinkle, Wiersma et al. 2003).  Analyses were 

generated using SAS software 9.4. Copyright, SAS Institute Inc. SAS and all other SAS Institute 

Inc. product or service names are registered trademarks or trademarks of SAS Institute Inc., 

Cary, NC, USA.   

 Table 2- 1  Rule of Thumb Interpretation of the Strength of Correlation (Hinkle, Wiersma et al. 2003) 

Spearman correlation coefficient Interpretation of the strength of correlation 

0.90 to 1.00 (-0.90 to -1.00) Very strong positive (negative) 

0.70 to 0.90 (-0.70 to -0.90) Strong positive (negative)  

0.50 to 0.70 (-0.50 to -0.70) Moderate positive (negative) 

0.30 to 0.50 (-0.30 to -0.50) Weak positive (negative) 

0.00 to 0.30 (0.00 to -0.30) Negligible 

 

 

2.3 Results 

 

Table 2- 2 presents the characteristics of the study population over three years.  The proportions of 

beneficiaries aged 80 years and older, females, black individuals, and Hispanic individuals are higher 

among beneficiaries with epilepsy.  These observations were consistent across the three years.  The 
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average annual prevalence of epilepsy among Medicare beneficiaries was 22.2 per 1,000 persons.  As 

shown in  

 

 

 

 

 

 

 

 

 

 

Table 2- 3, the highest subgroup prevalence was consistently found in the oldest age 

group (85 years and older), females, and black beneficiaries across three years.  Table 2- 4 shows 

the average of these subgroup prevalence estimates to summarize our findings.   

 

Table 2- 2  Characteristics of Medicare Epilepsy Population (2011-2013) 

 2011 2012 2013 

 Total Cases Total Cases Total Cases 

(n) 1,378,314 30,681 1,382,188 30,579 1,388,231 30,807 

Age (%)       

65 to 69 23.4 19.9 24.1 21.0 25.0 21.7 

70 to 74 22.9 20.1 23.3 20.3 23.7 21.1 

75 to 79 19.5 19.3 19.1 19.1 18.8 18.7 

80 to 84 16.1 18.0 15.5 17.4 14.9 16.6 

85 and over 18.1 22.6 18.0 22.3 17.7 21.9 

Sex (%)       

Female 60.9 61.8 60.4 61.9 59.8 60.7 

Male 39.1 38.2 39.6 38.1 40.2 39.3 

Race (%)       

White 87.0 83.0 86.8 82.6 86.5 82.3 

Black 7.7 12.4 7.6 12.7 7.6 12.8 

Asian 1.7 1.1 1.7 1.1 1.8 1.0 

Hispanic 1.6 1.9 1.6 2.0 1.6 1.9 

Native American 0.4 0.5 0.4 0.5 0.4 0.5 

Other1  1.6 1.2 1.8 1.2 2.1 1.5 
1Other = combination of Medicare race categories, “Other” and “Unknown” 
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Table 2- 3  Subgroup Annual Prevalence of Epilepsy (per 1,000) in Medicare Beneficiaries (2011-2013) 

Year 2011 OR 95% CI 2012 OR 95% CI 2013 OR 95% CI 

Overall 22.3 − − 22.1 − − 22.2 − − 

Age          

65 to 69 18.9 1.00 ref 19.2 1.00 ref 19.2 1.00 ref 

70 to 74 19.6 1.03 1.00 - 1.07 19.3 1.00 0.97 - 1.04 19.5 1.02 0.98 - 1.06 

75 to 79 22.1 1.17 1.13 - 1.22 22.1 1.15 1.11 - 1.19 22.1 1.16 1.12 - 1.20 

80 to 84 24.9 1.32 1.28 - 1.37 24.9 1.30 1.26 - 1.35 24.9 1.31 1.26 - 1.36 

85 and over 27.8 1.48 1.43 - 1.53 27.4 1.44 1.39 - 1.49 27.5 1.45 1.40 - 1.50 

Sex          

Female 22.6 1.00 ref 22.7 1.00 ref 22.6 1.00 ref 

Male 21.7 0.96 0.94 - 0.98 21.3 0.94 0.92 - 0.96 21.6 0.95 0.93 - 0.97 

Race          

White 21.2 1.00 ref 21.1 1.00 ref 21.1 1.00 ref 

Black 36.0 1.72 1.66 - 1.78 36.7 1.77 1.71 - 1.83 36.7 1.76 1.70 - 1.82 

Asian 14.5 0.68 0.61 - 0.75 14.0 0.66 0.59 - 0.74 13.8 0.65 0.58 - 0.72 

Hispanic 26.0 1.23 1.13 - 1.34 27.2 1.30 1.20 - 1.41 26.5 1.26 1.16 - 1.37 

Native Amn1 25.0 1.18 1.00 - 1.40 24.4 1.16 0.98 - 1.37 24.6 1.17 0.99 - 1.38 

Other2  15.8 0.74 0.67 - 0.82 14.5 0.68 0.61 - 0.76 15.1 0.71 0.64 - 0.79 

OR = odds ratio; CI = confidence interval; ref = reference group; 1Native American 
2 Other = combination of Medicare race categories, “Other” and “Unknown” 

 

 
Table 2- 4  Average Subgroup Annual Prevalence of Epilepsy (per 1,000) in Medicare Beneficiaries 

(2011-2013) 

Year 2011 to 2013 OR 95% CI 

Overall 22.2 − − 

Age    

65 to 69 19.2 1.00 ref 

70 to 74 19.5 1.02 0.98 -1.06 

75 to 79 22.1 1.16 1.12 -1.20 

80 to 84 24.9 1.31 1.26 -1.36 

85 and over 27.5 1.45 1.40 -1.50 

Sex    

Female 22.6 1.00 ref 

Male 21.6 0.95 0.93 - 0.97 

Race    

White 21.1 1.00 ref 

Black 36.7 1.76 1.70 - 1.82 

Asian 13.8 0.65 0.58 - 0.72 
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Hispanic 26.5 1.26 1.16 - 1.37 

Native American 24.6 1.17 0.99 - 1.38 

Other1  15.1 0.71 0.64 - 0.79 

OR = odds ratio; CI = confidence interval; ref = reference group 
1 Other = combination of Medicare race categories, “Other” and “Unknown” 

Table 2- 5 and Figure 2- 1 to Figure 2- 3 present the state-level prevalence of each study year.  In 

reference to the four United States Census Bureau statistical regions, the figures illustrated a 

general pattern of lower prevalence in the West region of the United States.  Areas of highest 

prevalence are scattered in the Midwest, Northeast, and South regions.  Puerto Rico was 

consistently within the highest prevalence category (greater than 29.4 per 1,000 persons) and was 

not included in the US Census Bureau regions.  Among the high prevalence regions, Puerto Rico, 

the states of New York, Michigan, Louisiana, Rhode Island, and District of Columbia had 

prevalence of 24.5 per 1,000 or higher across the three study years. 
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Table 2- 5  State-level Prevalence of Epilepsy (per 1,000) in Medicare Beneficiaries (2011-2013) from 

Highest to Lowest 
State Prevalence 2011 State Prevalence 2012 State Prevalence 2013 

DC1 32.7 Puerto Rico 35.8 Puerto Rico 38.3 

Puerto Rico 32.5 DC1 34.0 New York 28.9 

New York 27.7 New York 27.5 Michigan 26.9 

Rhode Island 26.9 Michigan 26.3 DC1 26.9 

Louisiana 26.3 Louisiana 26.2 Maryland 26.7 

Michigan 26.3 Maryland 25.3 Rhode Island 26.3 

New Jersey 25.5 Rhode Island 25.2 Louisiana 26.2 

Maryland 24.2 Mississippi 24.3 New Jersey 24.9 

Pennsylvania 24.2 New Jersey 24.3 Texas 24.4 

Kentucky 23.9 Massachusetts 24.2 Mississippi 24.4 

Ohio 23.9 Kentucky 24.1 Massachusetts 24.0 

Connecticut 23.8 Ohio 23.8 Kentucky 24.0 

West Virginia 23.8 West Virginia 23.6 Florida 23.6 

Massachusetts 23.7 Florida 23.4 Ohio 23.6 

Florida 23.6 Texas 23.4 Alabama 23.3 

North Dakota 23.3 Delaware 23.3 Pennsylvania 23.0 

Alabama 23.1 Alabama 23.3 Connecticut 22.9 

North Carolina 23.0 Pennsylvania 23.0 West Virginia 22.9 

Texas 23.0 Georgia 22.9 Georgia 22.5 

Georgia 22.8 Connecticut 22.8 Illinois 22.5 

Illinois 22.6 Illinois 22.4 Tennessee 22.2 

Nevada 22.5 South Carolina 22.4 North Carolina 21.8 

Indiana 22.5 Missouri 22.4 Indiana 21.7 

Mississippi 22.0 North Carolina 22.0 North Dakota 21.5 

Missouri 22.0 Tennessee 21.5 Delaware 21.4 

Virginia 21.7 Indiana 21.4 Missouri 21.1 

Delaware 21.6 Virginia 21.4 South Carolina 20.9 

South Carolina 21.4 North Dakota 21.0 Virginia 20.8 

Tennessee 21.2 Nevada 20.8 Nevada 20.8 

California 20.6 Arkansas 20.5 Arkansas 20.0 

Arkansas 20.2 California 20.2 California 19.8 

Oklahoma 20.1 Oklahoma 19.9 Wisconsin 19.6 

Colorado 19.8 Hawaii 19.2 Oklahoma 19.4 

Wisconsin 19.4 Colorado 19.0 Maine 19.2 

Minnesota 19.0 New Hampshire 18.6 New Hampshire 19.1 

Vermont 18.7 Minnesota 18.5 Minnesota 18.8 

Arizona 18.6 Wisconsin 18.3 Colorado 18.6 

Hawaii 17.8 Arizona 18.1 Hawaii 17.9 

Idaho 17.1 Kansas 17.8 Arizona 17.5 

Utah 16.6 South Dakota 17.7 Montana 17.4 

Montana 16.6 Washington 17.5 Kansas 16.9 

New Hampshire 16.5 Maine 16.7 Nebraska 16.6 

Nebraska 16.5 Iowa 16.7 Washington 16.5 

Washington 16.4 Wyoming 16.2 Vermont 16.2 

Oregon 16.1 Utah 15.9 Iowa 15.9 

Kansas 15.8 Vermont 15.8 Wyoming 15.7 

Iowa 15.7 New Mexico 15.7 New Mexico 15.7 

New Mexico 15.6 Nebraska 15.5 South Dakota 15.5 

Maine 15.6 Oregon 15.3 Utah 15.5 

South Dakota 15.3 Alaska 14.9 Idaho 15.3 

Wyoming 14.4 Montana 14.9 Oregon 15.3 

Alaska 12.0 Idaho 14.6 Alaska 13.7 

Others2 4.4 Others2 2.8 Others2 3.6 
1DC = District of Columbia 
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2Others = American Samoa, the Commonwealth of Northern Mariana Islands, Guam, and the US Virgin 

Islands 
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Figure 2- 1  State-level Prevalence of Epilepsy among Medicare Beneficiaries in 2011 
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Figure 2- 2  State-level Prevalence of Epilepsy among Medicare Beneficiaries in 2012 
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Figure 2- 3  State-level Prevalence of Epilepsy among Medicare Beneficiaries in 2013 
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The associations between state-level prevalence and state characteristics are presented in 

Table 2- 6.  The proportion of black beneficiaries and percentage of urban areas had strong 

associations with state-level prevalence.  As the proportion of black beneficiaries and the 

percentage of urban areas increased, state-level prevalence increased.  Weak to moderate positive 

association was observed between state-level prevalence and the number of patient active 

medical intern.  The proportion of females had a moderate positive association with state-level 

prevalence of epilepsy.  The percentage population in urban areas by state was positively 

associated with state-level prevalence of epilepsy but the strengths of the association was weak.  

In terms of life expectancy, healthy life expectancy had a weak negative association with state-

level prevalence. 

Table 2- 6  Spearman Correlation Coefficients for State-level Prevalence and 13 State Characteristics 
Correlation with state-level prevalence1  

 
2011 2012 2013 Strength3 

Coef. P-value Coef. P-value Coef. P-value  

Number of physicians2 per 100,000 

habitants 

0.28 0.041 0.28 0.043 0.31 0.024 Negligible 

Number of primary physicians2 per 

100,000 habitants 

0.10 0.46 0.09 0.54 0.09 0.50 N/S 

Number of active medical interns per 

100,000 habitants 

0.50 0.0001 0.49 0.0002 0.50 0.0002 Weak/ 

moderate (+) 

Percentage population in urban areas 0.38 0.0054 0.34 0.014 0.31 0.027 Weak (+) 

Percentage of urban areas 0.75 <.0001 0.79 <.0001 0.77 <.0001 Strong (+) 

Proportion of beneficiaries 75 years and 

older 

0.24 0.086 0.20 0.15 0.26 0.061 N/S 

Proportion of beneficiaries 85 years and 

older 

-0.01 0.95 0.04 0.77 0.13 0.36 N/S 

Proportion of black beneficiaries 0.66 <.0001 0.76 <.0001 0.73 <.0001 Strong (+) 

Proportion of females 0.52 <.0001 0.57 <.0001 0.60 <.0001 Moderate (+) 

Life expectancy from birth -0.23  

 

 

0.11 -0.31  

 

0.026 -0.29  

 

 

0.037 Negligible 

Life expectancy at age 65 years4 -0.24 0.095 -0.31 0.028 -0.31 0.027 N/S 

Healthy life expectancy4 -0.37 0.0072 -0.41 0.0026 -0.43 0.0018 Weak (-) 
150 states, District of Columbia, and Puerto Rico 2active patient care  
3N/S = non-significant (at least one year with p-value ≥ 0.05), (+) = positive association, (-) = negative association 
4Excluded Puerto Rico –data unavailable 
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The associations between the state-level number of epilepsy centers, state proportion of 

beneficiaries’ distance to nearest epilepsy center and poverty status are shown in Table 2- 7 and 

Table 2- 8.    

Table 2- 7  Spearman Correlation Coefficients for State-level Prevalence and Epilepsy Centers 

Correlation with state-level prevalence1  
2011 2012 2013 Strength2 

Coef. P-value Coef. P-value Coef. P-value  

Number of epilepsy centers 0.38 0.006 0.35 0.0102 0.36 0.0083 Weak (+) 

Proportion of beneficiaries in distance to closest epilepsy center: 

Within 5 miles to an epilepsy center 0.34 0.0138 0.32 0.0206 0.32 0.0225 Weak (+) 

Within 10 miles to an epilepsy center 0.44 0.0011 0.41 0.0024 0.40 0.0037 Weak (+) 

Within 20 miles to an epilepsy center 0.58 <.0001 0.53 <.0001 0.52 <.0001 Moderate (+) 

Within 30 miles to an epilepsy center 0.61 <.0001 0.56 <.0001 0.54 <.0001 Moderate (+) 

Within 40 miles to an epilepsy center 0.59 <.0001 0.56 <.0001 0.54 <.0001 Moderate (+) 

Within 50 miles to an epilepsy center 0.60 <.0001 0.57 <.0001 0.57 <.0001 Moderate (+) 

Within 60 miles to an epilepsy center 0.60 <.0001 0.57 <.0001 0.56 <.0001 Moderate (+) 

Within 70 miles to an epilepsy center 0.61 <.0001 0.58 <.0001 0.58 <.0001 Moderate (+) 

Within 80 miles to an epilepsy center 0.63 <.0001 0.61 <.0001 0.60 <.0001 Moderate (+) 

Within 90 miles to an epilepsy center 0.64 <.0001 0.62 <.0001 0.61 <.0001 Moderate (+) 

Within 100 miles to an epilepsy center 0.63 <.0001 0.64 <.0001 0.62 <.0001 Moderate (+) 

Within 110 miles to an epilepsy center 0.58 <.0001 0.60 <.0001 0.58 <.0001 Moderate (+) 

Within 120 miles to an epilepsy center 0.57 <.0001 0.60 <.0001 0.57 <.0001 Moderate (+) 

Within 130 miles to an epilepsy center 0.55 <.0001 0.59 <.0001 0.56 <.0001 Moderate (+) 

Within 140 miles to an epilepsy center 0.56 <.0001 0.60 <.0001 0.57 <.0001 Moderate (+) 

Within 150 miles to an epilepsy center 0.54 <.0001 0.58 <.0001 0.55 <.0001 Moderate (+) 

Within 160 miles to an epilepsy center 0.54 <.0001 0.59 <.0001 0.55 <.0001 Moderate (+) 

Within 170 miles to an epilepsy center 0.55 <.0001 0.58 <.0001 0.55 <.0001 Moderate (+) 

Within 180 miles to an epilepsy center 0.53 <.0001 0.57 <.0001 0.54 <.0001 Moderate (+) 

Within 190 miles to an epilepsy center 0.52 <.0001 0.57 <.0001 0.53 <.0001 Moderate (+) 

Within 200 miles to an epilepsy center 0.52 <.0001 0.56 <.0001 0.52 <.0001 Moderate (+) 

> 200 miles to an epilepsy center -0.52 <.0001 -0.56 <.0001 -0.52 <.0001 Moderate (-) 
150 states, District of Columbia, and Puerto Rico   
2N/S = non-significant (at least one year with p-value ≥ 0.05), (+) = positive association, (-) = negative association 

 

The number of epilepsy centers by state had a weak positive association with prevalence 

(average SCC 0.36, all p-values < 0.05).  Distance within 10 miles to the closest epilepsy center 

was only weakly associated with the prevalence of epilepsy (i.e. Spearman correlation coefficient 

0.3 to 0.5).  Starting at 20 miles from the closest epilepsy center, this association became 

moderate (i.e. Spearman correlation coefficient 0.5 to 0.7) and was the highest at distance within 

100 miles to the closest epilepsy center.  For all three years, the mean proportion of beneficiaries 

within 100 miles to the closest epilepsy center was 73.9 percent (95% CI 66.1 – 81.7) and 17 

states had less than 66.1 percent of beneficiaries within 100 miles to an epilepsy center 
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(Alabama, Alaska, Hawaii, Idaho, Kansas, Louisiana, Maine, Minnesota, Montana, Nebraska, 

New Mexico, North Dakota, Oklahoma, Oregon, South Dakota, Utah, Wyoming). 

Table 2- 8  Spearman Correlation Coefficients for State-level Prevalence and Poverty Status 
Correlation with state-level prevalence1  

 
2011 2012 2013 Strength2 

Coef. P-value Coef. P-value Coef. P-value  

Proportion of beneficiaries’ poverty status        

Below 100 percent of poverty 0.34 0.016 0.25 0.072 0.47 0.0006 N/S 

Below 125 percent of poverty 0.28 0.048 0.091 0.52 0.46 0.0007 N/S 

Below 135 percent of poverty 0.14 0.34 0.054 0.704 0.46 0.0006 N/S 

Below 150 percent of poverty 0.25 0.072 0.18 0.20 0.43 0.0015 N/S 

Below 185 percent of poverty 0.25 0.074 0.15 0.30 0.45 0.001 N/S 

Below 200 percent of poverty 0.13 0.36 -0.042 0.77 0.43 0.0018 N/S 
150 states and District of Columbia   
2N/S = non-significant (at least one year with p-value ≥ 0.05), (+) = positive association, (-) = negative association 

 

Poverty status was weakly associated with state-level prevalence only in 2013 with proportion of 

beneficiaries below 100 percent poverty having a strongest association among all poverty 

categories (SCC 0.47, p-value = 0.0006). 

2.3.1 Sensitivity analyses 

The average annual incidence of epilepsy of older Medicare beneficiaries was determined to be 

2.4/1,000 by our reference study (Faught, Richman et al. 2012).  Our reference prevalence in 

2005 was 10.8/1,000.  Among the Medicare population aged 65 years or older, the all-cause 

annual death rate in percent for 2006 to 2013 was 5.0, 5.0, 5.0, 4.8, 4.8, 4.8, 4.7, 4.7 respectively 

(Krumholz, Nuti et al. 2015).  Each year’s prevalence was projected by accounting for the death 

rate and the additional new cases (Table 2- 9).  Our annual average prevalence for (2011 to 2013) 

was found to be equal to the projected annual average prevalence extrapolated from the 

incidence rate estimated from the study by Faught et al. (Faught, Richman et al. 2012). 
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Table 2- 9  Comparison of Projected Prevalence with Direct Estimates from Medicare Data 

Year Annual 

death rate 

Accounted for deaths 

(per 1,000) 

Added 2.4 new cases 

(per 1,000) 

Study estimates from 

Medicare data (per 1,000) 

2006 5.0% 10.3 12.7 N/A 

2007 5.0% 12.0 14.4 N/A 

2008 5.0% 13.7 16.1 N/A 

2009 4.8% 15.3 17.7 N/A 

2010 4.8% 16.9 19.3 N/A 

2011 4.8% 18.4 20.8 22.3 

2012 4.7% 19.8 22.2 22.2 

2013 4.7% 21.1 23.5 22.2 

Average annual prevalence (2011-2013) 22.2 22.2 

 

A sensitivity analysis was performed on the association tests between state-level prevalence and 

state characteristics.  For the state characteristics that included Puerto Rico, we repeated the 

association tests excluding Puerto Rico. The strength and direction of resulting correlation 

coefficients interpreted with the same rule of thumb remained the same. 

 

2.4 Discussion 

Prevalence information is useful for informing the planning for resources to meet the 

health care and social needs of individuals with epilepsy (England, Liverman et al. 2012).  

Among the number of research gaps identified by the IOM epilepsy study in 2012 is the study of 

epilepsy prevalence based on active and ongoing surveillance of epilepsy over time (England, 

Liverman et al. 2012).  The five percent Medicare data used for the current study were collected 

from strict sampling and did not guarantee the exact same Medicare beneficiaries were 

represented in the same sample group from one year to the next (ResDac 2016).  Although, three 

years of administrative data may be less than ideal for the study of incidence of epilepsy (Bakaki, 

Koroukian et al. 2013), the data used for our study were randomly sampled each year and were 

considered nationally representative, permitting the study of annual prevalence and subgroup 

analysis over time.  Subpopulation (subgroup) studies (e.g. demographics and geographic) on 
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incidence and prevalence were also encouraged by the IOM study (England, Liverman et al. 

2012).  To answer to the recommendations from the IOM study, the current study used the same 

data source previously used in the reference study to increase comparability to detect change in 

prevalence over time.   In addition, the current study also assessed the associations of state-level 

prevalence with state characteristics to potentially provide additional assistance in resource 

planning.   Epilepsy is a neurological disease of heavy burden.  Prevalence informs us the 

number of persons with epilepsy.  The total cost to treat Medicare beneficiaries can be estimated 

by multiplying the number of beneficiaries with epilepsy and the total cost to treatment each 

person with epilepsy.  The monitoring of these two pieces of information over time would give 

indication to the reason(s) change in total costs or utilization attributed to treating beneficiaries 

with epilepsy.  For example, an increase in total costs in treatment beneficiaries with epilepsy 

could be explained by the increase of the number of beneficiaries with epilepsy and/or by the 

increase in costs to treat each case.  This study found that prevalence of epilepsy for older 

Medicare beneficiaries has increased by two folds since 2005 from 10.8/1,000 to 22.2/1,000.  If 

demand for treatment services for epilepsy increased by a magnitude of two folds, it would be 

necessary to allocate adequate accessible resources to meet treatment demand.  The state-level 

prevalence estimated in the current study identified the locations (e.g. states) of most need for 

epilepsy treatment services.  Further studies in finding the cost per person with epilepsy of the 

same population during the same times being compared would help explain the changes in total 

cost in treating beneficiaries with epilepsy.   Concurring to the reference study, black 

beneficiaries had the highest prevalence compared with white beneficiaries.  Our study showed 

an increasing prevalence with increasing age and a slightly higher prevalence for females while 
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the reference study showed the highest prevalence in the youngest age group of 65 to 69 years 

and no difference in prevalence between females and males.   

Our association study on state-level prevalence showed non-significant association 

between state-level prevalence and proportion of beneficiaries aged 75 and over.  This finding 

questioned the speculation that higher hospital utilization for epilepsy patients due to the 

increasing older US population (Stump 2008).  The strong association between state-level 

prevalence and proportion of black beneficiaries however indicated a reasonable expectation of 

higher prevalence with higher proportion of black beneficiaries in a geographical area.  Low 

socioeconomic status has been documented not only as a risk factor for epilepsy, but also a 

negative factor on treatment outcome (Hesdorffer, Tian et al. 2005).  The current study found an 

inconsistent weak association between state-level prevalence and poverty status from year to 

year.  Out of the three study years, 2013 was the only year with the association.  More research is 

needed to assess the degree of association of socioeconomic status with prevalence of epilepsy 

and treatment outcomes (e.g. refractory epilepsy).  In terms of access to epilepsy centers, the 

association between distance to closest epilepsy centers and state-level prevalence was moderate 

and was the highest within 100 miles from beneficiaries.   Although the number of epilepsy 

centers by state had only a weak positive association with state-level prevalence, the states with 

the highest number of epilepsy centers were the areas with the highest prevalence across the 

three study years (i.e. District of Columbia, Puerto Rico, New York, Rhode Island, Louisiana, 

Michigan).  This observation could be an indication of a higher number of centers to meet the 

demand for treatment.  The strong association between state-level prevalence and proportion of 

urban areas signaled further studies on urban environmental effects on epilepsy.  There is also 

the possibility of elected migration of epilepsy patients to urban areas for better access to 



119 

 

medical care.  The current study however showed that the percentage of beneficiaries in urban 

areas by state had a much weaker association with state-level prevalence than percentage of 

urban areas by state.  

There are several limitations that should be considered when interpreting the results.  A 

limitation of this study is that Medicare beneficiaries do not always choose to use Medicare 

services even if they are enrolled for various reasons and therefore, Medicare data like other 

administrative data, may not capture all diagnostic information of its enrollees.   The five percent 

Medicare sample is randomly selected and is representative of the entire Medicare population. 

For the estimation of state-level prevalence however, it was uncertain whether state-level 

samples devised from the nationwide five percent sample were representative of the states.   

 

2.5 Conclusion 

The average annual prevalence of epilepsy based on Medicare administrative data (2011 

to 2013) was estimated to be 22.2 per 1,000.  The subgroup analysis showed that Black 

beneficiaries who are 85 years and over, female, and had the highest prevalence of epilepsy from 

other subgroups.  From our geographical analysis, Puerto Rico had the highest or second highest 

prevalence consistently from 2011 to 2013.  Among the contiguous states, the state of New York 

and District of Columbia were consistently (2011-2013) among the top three highest prevalence 

areas.  State proportion of black beneficiaries and state percentage of urban areas were strongly 

associated with state-level prevalence.
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CHAPTER 3 

Geographic Variation of Medicare Spending and Its Source Pre and Post 

Implementation of Two Value-Based Programs  

3.1 Introduction 

The increasing cost of the Medicare program and the concern that the Medicare trust fund 

may soon become insufficient in funding the program are natural triggers for the interest in 

Medicare reform (Cutler and Sheiner 1999).  Marked geographic variation in Medicare spending 

both at state and regional levels has been well observed and documented for several decades by 

the Dartmouth Institute (Dartmouth 2017).  It has been hypothesized that if all areas in the US 

spend at the same level as the areas at the 10th percentile ranking of spending by metropolitan 

statistical areas (MSAs), Medicare spending would reduce by close to 30 percent (Skinner and 

Fisher 1997). The reduction of this variation in Medicare spending was viewed by some 

researchers and policy makers as an area of opportunity for reducing overall spending (Cassidy 

2014).  The director of the Office of Management and Budget in 2009 cited an estimated saving 

of 700 billion US$ per year (29 percent reduction) if high-spending areas adopted practice 

patterns of the lowest-spending areas (Cassidy 2014).   

A number of research studies have been conducted to identify the causes of the variation.  

Results are conflicting depending on the methods use, the geographic units studied, the type of 

costs, and the population examined.  From studies of various study designs, health status 

explained 29 percent to more than 85 percent of Medicare spending variation (Sutherland, Fisher 

et al. 2009, Song, Skinner et al. 2010, Reschovsky, Hadley et al. 2013, Sheiner 2014).  Whether 

this spending variation is appropriate and how spending can be reduced in high-spending areas 

remain unclear (Cassidy 2014).  Spending variation as a result of patient demand factors (e.g. 
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health status) is a justified and logical explanation of higher spending in one area with habitants 

of poorer health than a lower spending area.  It is the remaining variation aside from that caused 

by patient characteristics that continues to puzzle researchers and policy makers.  In an effort to 

narrow the spending variation and hence decrease spending, the Institute of Medicine (IOM) 

once considered the creation of a geographic value index to adjust Medicare payments to 

providers serving a high-spending areas.  However, the institute later recommended against such 

payment reform because providers within a small geographical area do not provide uniform 

quality of care; such payment mechanism would penalize high-value providers in high-spending 

areas and reward low-value providers in low-spending areas (Cassidy 2014).  Reducing 

geographic variation is desirable if the measured variation represents inefficiencies in the health 

care system (Newhouse, Garber et al. 2013).  Measuring spending variation alone however does 

not indicate how much of the variation is due to inefficiencies (Sheiner 2014).  In terms of health 

care, efficiency is a measure of the quality and/or quantity of output (i.e. health outcomes or 

services) for a given level of input (i.e. resources used) (WHO 2010).  The measurement of 

efficiency therefore requires the quantification of a health outcome and the cost used to produce 

the outcome. 

A number of legislations have been put in place as results of health system reform 

(Figure 3- 1).  The Centers for Medicare & Medicaid Services (CMS) is part of the U.S. 

Department of Health and Human Services (HHS) that oversees a number of federal healthcare 

programs including value-based programs (VBPs) for Medicare patients (CMS 2017).  Under 

these VBPs, physicians and healthcare organizations are reimbursed based on their performance 

scores on health care quality and patient satisfaction measures (Medicare and Services 2012).  

Two of the first VBPs implemented after the passage of the Patient Protection and Affordable 
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Care Act (PPACA) were the Hospital Readmissions Reduction Program (HRRP) and the 

Hospital Value-Based Purchasing Program (HVBP).  These VBPs were implemented on October 

1st, 2012.  Under the HRRP, excess readmissions for patients with acute myocardial infarction, 

heart failure, and pneumonia would result in an adjustment to the base operating diagnosis-

related groups (DRG) payment.  Under the HVBP, Medicare payments to participating hospitals 

were reduced to fund value-based incentive payments to hospitals according to performance 

based on a set of quality measures.  The intention of VBPs was to progress to paying providers 

based on the quality of care they provide to patients to improve quality of care while decreasing 

costs (CMS 2017), in other words, to increase efficiency.  The VBPs are gradually being 

implemented.  First were the End-Stage Renal Disease Quality Incentive Program (ESRD-QIP), 

the Hospital Value-Based Purchasing Program (HVBP), and the Hospital Readmissions 

Reduction Program (HRRP) in 2012 (Figure 3- 1).  We would expect a decrease in spending 

variation if the VBP succeeded to any degree in increasing efficiency in the Medicare system 

post-implementation. 

Figure 3- 1  Value-based Programs Implementation Schedule (adapted from Centers for Medicare and 

Medicaid Services) 

 

 

 

 

Year 2008 2010 2012 2014 2015 2018 2019

Legislation MIPPA PPACA PAMA MACRA

Program
ESRD-QIP

HVBP 
HRRP

HAC VM SNF-VBP
APMs     
MIPS

Legislation 
ACA:  Patient Protection Affordable Care Act 

MACRA:  Medicare Access & CHIP Reauthorization Act of 2015 

MIPPA:  Medicare Improvements for Patients & Providers Act 

PAMA:  Protecting Access to Medicare Act 

 

 Programs 
APMs:  Alternative Payment Models 

ESRD-QIP:  End-Stage Renal Disease Quality Incentive Program 

HACRP:  Hospital-Acquired Condition Reduction Program 

HRRP:  Hospital Readmissions Reduction Program 

HVBP:  Hospital Value-Based Purchasing Program 

MIPS:  Merit-Based Incentive Payment System 

VM:  Value Modifier or Physician Value-Based Modifier (PVBM) 

SNFVBP:  Skilled Nursing Facility Value-Based Purchasing Program 
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Health economists have long emphasized the importance of tracking health care costs by 

medical condition (Scitovsky 1964, Berndt, Cutler et al. 2000, NRC 2010).  Using the Health 

Care Satellite Account, Dunn et al. assessed the overall decrease of health care spending growth 

during the period of 2000 to 2010 and that for various medical condition categories (Dunn, 

Rittmueller et al. 2016).  It was concluded that spending trend varied across medical condition 

categories.  The overall percentage decrease in health care spending growth was -2.3 percent.  

Most medical conditions also showed a decrease.  Some with a higher decrease such as 

endocrine system conditions (i.e. -6.5%) while neoplasms had a spending growth decrease of 

only -1.6%.  However, six out of 15 condition categories examined had an increase in spending 

growth.  Nervous system conditions, which included epilepsy, showed an increase of 1.0 percent.  

As a chronic condition with a high incidence in older age with an opposing spending trend 

compared to the overall trend (Everitt and Sander 1998, Dunn, Rittmueller et al. 2016), it is 

possible that the geographic variation of medical spending among older individuals with epilepsy 

may be different from that of that of older individuals without epilepsy.   

The first objective of this study was to assess effect of the HVBP and HRRP had on the 

variation in Medicare spending during the first year of their implementation for each of three 

cohorts:  all-beneficiaries; those with epilepsy; and those without epilepsy.  The second objective 

was to identify the sources of the observed spending variation for each cohort pre- and post-

implementation of the two VBPs. 
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3.2 Methods 

3.2.1 Data Sources 

Medicare administrative data from a five percent sample in 2011 and 2013 were used to 

provide beneficiary-level information for the study (i.e. age, sex, race, zip code, costs per claim, 

and diagnostic codes). The Medicare data files included Master Beneficiary Summary file 

(MBSF), Part A inpatient and outpatient, and Part B claims files.  County-level data were 

obtained from the Area Health Resources Files (AHRF) containing data from more than 50 

sources, designed for research on the US health care delivery system.  Variables extracted from 

the AHRF for the study included the number of individuals below poverty level, rural-urban 

areas, hospital beds per capita, physicians per capita, medical interns per capita, and ratio of 

primary physicians over all physicians.  County-level median income for habitants 65 years of 

age or older was obtained from the American Community Survey (ACS 2013).  Wage indexes 

and geographic adjustment factors for each study year were obtained from CMS (CMS 2016).  

3.2.2 Inclusion Criteria 

A beneficiary was considered eligible when all of the following criteria were met: 1) 

enrolled in fee-for-service (FFS); 2) enrolled in Medicare as a result of being age-qualified (≥ 65 

years of age); 3) enrolled in Medicare Part A and Part B for 12 consecutive months in the year of 

enrollment; 4) recorded residence state was one of the 50 US states or District of Columbia; 5) 

had at least one recorded claim for medical services.  These criteria excluded Medicare 

Advantage (MA) beneficiaries, those who qualified for Medicare due to disability or end-stage 

renal disease, and the beneficiaries who did not use Medical services via the Medicare program.  

Beneficiaries with epilepsy were identified by those with at least one ICD 9-CM 345.xx 
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(epilepsy), or at least two ICD 9-CM 780.3x (seizure) claims occurring at least 30 days apart 

(Faught, Richman et al. 2012).   

3.2.3 Statistical analysis 

The geographic variation of medical spending before and after the implementation of two 

VBPs were compared by analyzing the variation of state-level medical spending per beneficiary 

(SSPB) pre-implementation in 2011 and post-implementation in 2013, using generalized linear 

models (GLMs) with log link and gamma distribution.  The comparison was further examined in 

subgroups, specifically those with and without epilepsy.  The factors contribution to the variation 

were analyzed by a series of quintile GLMs with SSPB as the dependent variable and a quintile 

variable as the only explanatory variable.  Contribution factors were described by explanatory 

variable groups: price standardization factors; demographics; health status, socioeconomics; 

access to medical services; supply of medical resources; and location of beneficiary. 

Price standardization factors 

Medicare payments to providers are calculated with consideration of hospital wage index, 

geographic adjustment factor, a disproportionate rate reflecting the indigent population, and 

payment supporting medical intern training.  Without adjusting for these considerations, the total 

payment would not reflect the true costs of medical services utilization, skewing the medical 

spending variation.  For the present study, the contribution of price standardization factors to 

spending variation was examined.  The variables used to represent these factors were hospital 

wage index (WI), geographic adjustment factor (GAF), number of habitants below poverty at 

county level, number of medical interns at county level.  The first two variables were published 

by Medicare and the last two were obtained from Area Health Resources Files (AHRF) (HRSA 

2016). 
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Demographics 

Demographics group included the variables age, sex, and race in categorical formats at 

individual level. 

Health status  

Health status was measured using the Charlson comorbidity index (CCI).  The CCI is a 

single score that summarizes weighted comorbidities at the patient level.  The score is calculated 

using 19 comorbidity categories (Charlson et al., 1987) based on ICD 9-CM diagnosis codes.  

Not all comorbidities are given equal weight. Each comorbidity category has an associated 

weight from one to six, based on the adjusted risk of mortality or resource use.  The CCI score 

for a patient is the sum of the weights. 

Socioeconomic status 

The American Psychological Association (APA) defined socioeconomic status as “the 

social standing of an individual or group, often measured as a combination of education, income 

and occupation” (APA 2017).  For this study, education was measure by a dichotomous variable 

indicating whether 20 percent or more of county habitants age 25 to 64 had a high school 

diploma or equivalent (HRSA 2016).  County-level median income for habitants 65 years of age 

or older was obtained from the American Community Survey (ACS 2013).  Occupation at 

county-level was indicated by the county typology variable in the AHRF based on six mutually 

exclusive categories of economic dependence (HRSA 2016):  nonspecialized; farming-dependent 

county; mining-dependent county; manufacturing-dependent county: federal/state government-

dependent county: or recreation-dependent county. 
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Access to health care services 

Access to health care services was measured by distance to nearest hospital and whether 

the beneficiary had primary medical services coverage other than Medicare.  The distance to 

nearest hospital for each beneficiary was calculated using the beneficiary’s residence zip code 

and zip codes of hospitals that accepted and treated Medicare beneficiaries.  Beneficiaries’ zip 

codes were obtained from the Medicare master beneficiary summary file and hospital zip codes 

were obtained from Medicare Hospital General Information (Data.Medicare.gov 2017).  

Distance between each pair of beneficiary zip code and hospital zip code was computed using 

the following formula (CDC 2015): 

𝑑 = 3963 𝑥 arccos [𝑠𝑖𝑛 (
𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒1

57.2958
) 𝑥 𝑠𝑖𝑛 (

𝑙𝑎𝑡𝑖𝑡𝑢𝑡𝑑𝑒2

57.2958
)

+ 𝑐𝑜𝑠 (
𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒1

57.2958
) 𝑥 𝑐𝑜𝑠 (

𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒2

57.2958
)  𝑥 𝑐𝑜𝑠 (

𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒1

57.2958
−  

𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒2

57.2958
)] 

 

where d = distance and latitude and longitude are in decimal form (USCensusBureau 2013).  The 

shortest distance between the zip code of a beneficiary and a hospital would be the distance to 

the nearest hospital for the beneficiary.  Any payments made to providers from payers other than 

Medicare recorded in the study Medicare claims data indicated other medical services coverage 

in addition to Medicare. 

Supply of medical resources 

Supply of medical services was measured by the number of physicians per inhabitant, the 

number of hospital beds per inhabitant, and the ratio of primary care physicians over the total 

number of physicians.  All three variables were at county level and calculated from data provided 

by the AHRF. 
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Location of beneficiary 

It has been observed that spending and saving patterns for individuals residing in rural 

areas are different from those who reside in urban areas (Murphy 1965).  In addition, a previous 

study observed an increase in the number of diagnoses when individuals moved from low 

intensity area to high intensity area (Song, Skinner et al. 2010).  To consider both observations, 

location was measured by the rural-urban continuum codes provided by the AHRF and the four 

US census regions (i.e. northeast, Midwest, south, and west) (USCensusBureau 2015).  The 

rural-urban continuum codes consisted of eight categories (HRSA 2016).  Counties were first 

grouped according to their official metro/non-metro status, defined by the Office of Management 

and Budget (OMB).  Metro counties were further divided into three categories according to their 

total population size of the metro area of which they are a part.  Non-metro counties were 

classified into three urban-size categories and each sub-divided by whether or not the county is 

adjacent to one or more metro areas (HRSA 2016).   

Dependent variable   

 The dependent variable of the study was state-level medical spending per beneficiary 

(SSPB).  It was calculated by summing the Medicare claim payment amounts, deductibles and 

copayments paid by patient, and payments made by primary payers other than Medicare.  For 

inpatient payments, the claim pass-through per diem payments made by Medicare were added to 

the claim payment amount by including the product of the pass-through amount (daily per diem 

amount) and the number of Medicare-covered days.  Pass-through amounts are payments made 

by Medicare to cover capital-related costs, direct medical education costs, kidney acquisition 

costs, and bad debts (ResDAC 2016).   
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To estimate the degree of medical spending variation among US states, the SSPB for 

each of the 50 US states and District of Columbia (DC) were calculated.  The resulting 51 

observations of SSPB were then assigned a quintile ranking representing their ranking of medical 

spending with quintile one (Q1) being the lowest spending and highest quintile (Q5) representing 

the highest spending.  To estimate the degree of spending variation, a generalized linear model 

(GLM) was constructed with SSPB as the dependent variable and the quintile ranking as the sole 

explanatory variable.  This model is referred to as the quintile model for the study.  The 

coefficient of Q5 of this quintile model represented the variation in spending.   The first quintile 

model was a GLM with unadjusted SSPB as the dependent variable and the quintile explanatory 

variable.  A second model was specified as a GLM as the dependent variable with SSPB adjusted 

for all the explanatory variables and the quintile explanatory variable.  The Q5 coefficient of this 

model was compared to that of the first model.  A larger higher percentile from the second model 

as compared to the first indicated that one or more explanatory variables included in the 

adjustment of SSPB may not be a contributor to the observed variation.  The next step was to 

build a series of quintile models with dependent variable of SSPB adjusted for different 

explanatory variable groups to determine which explanatory group(s) were contributors to 

spending variation and to estimate the contribution of each group. The goal was to find the 

smallest set of explanatory variable groups that explained the maximum of the observed 

spending variation; therefore, variable groups that did not change the Q5 coefficient were 

excluded in the final model.  The price standardization and demographic groups were mandatory 

adjustments.  Price standardizations group comprised of characteristics connected to the 

geographical differences in Medicare payments for which must be accounted in order to isolate 

the demand and supply contributions to the spending variation.  Demographic variables are 
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biological characteristics that were not changed by the geographic location of the beneficiary and 

do not necessarily differentiate demand for medical service utilization among beneficiaries.  

Health status, socioeconomic status, and access to medical services were characteristics of 

beneficiaries that represent the demand side of utilization (e.g. patient preference and need for 

medical care).  Supply of medical resources and location represented the supply side of 

utilization (e.g. practice pattern, supply-induced demand).  This analysis was performed for each 

of the following cohorts pre-implementation of VBPs (year 2011) and post-implementation of 

VBPs (year 2013):  all eligible beneficiaries, those with epilepsy, and those without epilepsy.   

 

3.3   Results 

 The inclusion process and identification of epilepsy groups for both year 2011 and 2013 

is shown in Figure 3- 2. The spending variation of each study cohort is shown in Table 3- 1.  The 

state-level medical spending per beneficiary were similar for the all-beneficiaries cohort and the 

cohort without epilepsy in both 2011 and 2013 (34.1% and 31.1% difference between Q1 and Q5 

in 2011; 31.2% and 28.3% in 2013, respectively).  However, the spending variation for the 

cohort with epilepsy was much larger (80.6% in 2011 and 68.8% in 2013) as well as the average 

spending per beneficiary with epilepsy in Q5 being three times that for either of the other 

cohorts.  Spending variations decreased for all three cohorts post-implementation of the VBPs.  

The decrease was most pronounced for the cohort with epilepsy (14.6% versus 9.0% for the 

cohort without epilepsy).  

 Table 3- 2 presents the five lowest and five highest spending states for each cohort.  Post-

implementation in 2013, Maryland was not only the highest spending state for all three cohorts, 

its medical spending per beneficiary increased the most compared to other states.  The majority 
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of states experienced a decrease or very modest increase in spending after the implementation of 

the VBPs.  Overall, all states in the highest quintile in 2011 remained in the same quintile in 

2013 except for Connecticut and the changes in spending were subtle.  For beneficiaries with 

epilepsy however, spending of Nevada decreased most dramatically post-implementation from 

32,354 to 26,171 in 2013 US$ (-19.1%). 

 

Figure 3- 2   Inclusion Process 

 

 

With epilepsy Without epilepsy  With epilepsy Without epilepsy 

30,475 1,259,973  30,617 1,262,117 

 

Deducted beneficiaries with no claims

1,369,262 1,379,461

Deducted foreign state codes

1,375,134 1,384,849

Fee-for-service and > 65 years of age

1,378,314 1,388,231

Total number of enrollees

2,808,725 2,972,192

Year

2011 2013
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 Table 3- 1  Variation of medical spending 

2011  2013   

Average state-level medical spending per Medicare beneficiary   

Q1 N2 Avg3 SD4 Min5 Max6 % diff7  Q1 N2 Avg3 SD4 Min5 Max6 % diff7 % change8 

1 10 7,076 213 6,836 7,345 N/A  1 10 7,036 191 6,686 7,292 N/A   

5 10 9,485 305 9,096 10,047 34.1  5 10 9,234 412 8,735 10,019 31.2 -8.5 

Average state-level medical spending per Medicare beneficiary with epilepsy   

1 10 15,038 2,205 11,023 17,619 N/A  1 10 14,958 1,730 11,690 16,827 N/A   

5 10 27,157 2,641 24,009 32,355 80.6  5 10 25,251 1,938 22,888 29,048 68.8 -14.6 

Average state-level medical spending per Medicare beneficiary without epilepsy   

1 10 6,870 217 6,534 7,156 N/A  1 10 6,861 184 6,466 7,050 N/A   

5 10 9,003 281 8,719 9,542 31.1  5 10 8,804 346 8,348 9,458 28.3 -9.0 
1Q = quintile 
2N = number of observations 
3Avg = average 
4SD = standard deviation 
5Min = minimum 
6Max = maximum 
7% diff = percentage difference from quintile 1 (variation) 
8% change = percentage change of variation (Q5 versus Q1) in 2013 from 2011 

N/A = not applicable 
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Table 3- 2  Lowest and highest spending states 

2011 

All-beneficiaries Beneficiaries with epilepsy Beneficiaries without epilepsy 

Lowest (US$) Lowest (US$) Lowest (US$) 

Hawaii 6,836 Alaska 11,023 Colorado 6,979 

New Mexico 6,860 Idaho 13,005 Oregon 6,858 

Montana 6,861 Montana 13,546 Hawaii 6,535 

Idaho 6,911 Minnesota 13,804 Idaho 6,798 

Utah 7,005 Vermont 14,867 Utah 6,821 

Highest (US$) Highest (US$) Highest (US$) 

Connecticut 9,432 California 27,656 California 8,878 

Dist. of Columbia 9,568 New Jersey 28,256 Florida 8,751 

New Jersey 9,749 Maryland 29,081 Maryland 9,542 

New York 9,827 Dist. of Columbia 29,178 Dist. of Columbia 8,847 

Maryland 10,047 Nevada 32,354 New York 9,334 

2013 

All-beneficiaries Beneficiaries with epilepsy Beneficiaries without epilepsy 

Lowest (US$) Lowest (US$) Lowest (US$) 

Hawaii 6,686 Utah 11,690 Hawaii 6,466 

New Mexico 6,893 North Dakota 13,031 New Mexico 6,701 

Idaho 6,908 South Dakota 13,810 Idaho 6,763 

Utah 6,911 Oregon 14,586 Utah 6,831 

Oregon 6,968 Iowa 14,836 Oregon 6,838 

Highest (US$) Highest (US$) Highest (US$) 

New Jersey 9,258 California 25,409 New Jersey 8,780 

Nevada 9,402 Nevada 26,171 Dist. of Columbia 8,989 

Dist. of Columbia 9,493 Dist. of Columbia 26,189 Nevada 9,000 

New York 9,649 New Jersey 26,913 New York 9,148 

Maryland 10,019 Maryland 29,048 Maryland 9,458 

US$ = 2013 US$ 
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The quintile models for each cohort with dependent variable (SSPB) adjust for various 

explanatory factors are illustrated in Table 3- 3 to Table 3- 5 where spending variation was 

presented by the Q5 coefficient (Q5 coef.), its exponentiated value (exp), and the percentage 

difference between Q5 from Q1 (% Q5 > Q1).  Figure 3- 3 to Figure 3- 5 are visualizations of the 

contributions of different factors to medical spending variation in the three study cohorts based 

on the most appropriate quintile models in Table 3- 3 to Table 3- 5.   

For the all-beneficiaries cohort and the beneficiaries without epilepsy cohort, price 

standardization was the largest contributor to medical spending variation before and after 

implementation of VBP, followed by location.  For the cohort with epilepsy, the overall variation 

for the epilepsy group in both years were more than two times the variations observed in the 

other cohorts, the variations for the epilepsy group were largely explained by the variable groups 

examined in the study (only 1.5% in 2011 and 2.2% in 2013 of the observed variation 

contributed by unobserved factors).  The largest contributor to the spending variation in the 

epilepsy cohort was health status.  Table 3- 6 summarizes the contribution factors and the 

magnitude of their contribution to the state-level variation of medical spending for each study 

cohort.  The characteristics of the contributors to spending variation were very similar for the all-

beneficiaries cohort and the cohort without epilepsy.  The implementation of the VBPs not only 

narrowed medical spending variation for the beneficiaries with epilepsy, location of beneficiary 

no longer explained the observed variation post-implementation, transferring an even higher 

portion of the variation contribution to health status from 44.4% to 51.9%. 
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Table 3- 3  Model Specification – All-beneficiaries 
2011 dependent variable of quintile models Q5 coef. exp % Q5 > Q1 Interpretation of models 

State-level medical spending per beneficiary (SSPB) unadjusted 0.2931 1.341 34.1 Observed variation between Q1 and Q5 

SSPB adjusted for price, demographics, health status, socioeconomics, access, 
supply, and location 

0.4859 1.626 62.6 At least one of the observed variables does not explain 
the observed variation 

SSPB adjusted for price  0.1353 1.145 14.5 Essential adjustment of price 

SSPB adjusted for price, demographics 0.1454 1.157 15.7 Essential adjustments of price and demographics 

SSPB adjusted for price, demographics, health status 0.4311 1.539 53.9 Health status is not an explanation of the observed 
variation (Q5 coefficient > Q5 coefficient of base model) 

SSPB adjusted for price, demographics, socioeconomics  0.1484 1.160 16.0 Socioeconomics may explain part of the observed 
variation 

SSPB adjusted for price, demographics, socioeconomics, access 0.1476 1.159 15.9 Access may not be an explanation of the observe variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply  0.1484 1.160 16.0 Supply may not be an explanation of the observe variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply, 
location 

0.2365 1.267 26.7  

SSPB adjusted for price, demographics, socioeconomics, access, and location 0.2390 1.270 27.0  

SSPB adjusted for price, demographics, socioeconomics, supply, and location 0.2388 1.270 27.0  

SSPB adjusted for price, demographics, socioeconomics, and location 0.2405 1.272 27.2 Model that explains most of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, location, unobserved  0.2931 1.341 34.1 Components of observed variation between Q1 and Q5 

2013 dependent variable of quintile models Q5 coef. exp % Q5 > Q1 Interpretation of models 

State-level medical spending per beneficiary (SSPB) unadjusted 0.2718 1.312 31.2 Observed variation between Q1 and Q5 

SSPB adjusted for price, demographics, health status, socioeconomics, access, 
supply, location 

0.323 1.381 38.1 At least one of the observed variables does not explain 
the observed variation 

SSPB adjusted for price  0.1376 1.148 14.8 Essential adjustment of price 

SSPB adjusted for price, demographics 0.1468 1.158 15.8 Essential adjustments of price and demographics 

SSPB adjusted for price, demographics, health status 0.2966 1.345 34.5 Health status is not an explanation of the observed 
variation (Q5 coefficient > Q5 coefficient of base model) 

SSPB adjusted for price, demographics, socioeconomics  0.151 1.163 16.3 Socioeconomics may explain part of the observed 
variation 

SSPB adjusted for price, demographics, socioeconomics, access 0.1503 1.162 16.2 Access may not be an explanation of the observe variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply  0.1507 1.163 16.3 Supply may not be and explanation of the observe 
variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply, 
location 

0.2261 1.254 25.4  

SSPB adjusted for price, demographics, socioeconomics, access, location 0.2273 1.255 25.5  

SSPB adjusted for price, demographics, socioeconomics, supply, location 0.2272 1.255 25.5  

SSPB adjusted for price, demographics, socioeconomics, location 0.2278 1.256 25.6 Model that explains most of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, location, unobserved  0.2718 1.312 31.2 Components of observed variation between Q1 and Q5 
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Table 3- 4  Model Specification – Beneficiaries with Epilepsy 
2011 dependent variable of quintile models Q5 coef. exp % Q5 > Q1 Interpretation of models 

State-level medical spending per beneficiary (SSPB) unadjusted 0.5911 1.806 80.6 Observed variation between Q1 and Q5 

SSPB adjusted for demographics, health status, socioeconomics, access, 
supply, location 

0.5828 1.791 79.1 All observed variables likely explain the observed 
variation 

SSPB adjusted for price  0.2252 1.253 25.3 Essential adjustment of price 

SSPB adjusted for price, demographics 0.2503 1.284 28.4 Essential adjustments of price and demographics 

SSPB adjusted for price, demographics, health status 0.4957 1.642 64.2  

SSPB adjusted for price, demographics, health status, socioeconomics  0.4937 1.638 63.8 Socioeconomics may not be an explanation of the 
observed variation 

SSPB adjusted for price, demographics, health status, socioeconomics, access 0.5005 1.650 65.0  

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply  

0.5079 1.662 66.2  

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, location 

0.5828 1.791 79.1 Model that explains most of the observed variation 

SSPB adjusted for price, demographics, health status, access, supply, location 0.5823 1.790 79.0  

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, location, unobserved  

0.5911 1.806 80.6 Components of observed variation between Q1 and Q5 

2013 dependent variable of quintile models Q5 coef. exp % Q5 > Q1 Interpretation of models 

State-level medical spending per beneficiary (SSPB) unadjusted 0.5236 1.688 68.8 Observed variation between Q1 and Q5 

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, location 

0.5879 1.800 80.0 At least one of the observed variables does not explain 
the observed variation 

SSPB adjusted for price  0.2232 1.250 25.0 Essential adjustment of price 

SSPB adjusted for price, demographics 0.2488 1.282 28.2 Essential adjustments of price and demographics 

SSPB adjusted for price, demographics, health status 0.4941 1.639 63.9  

SSPB adjusted for price, demographics, health status, socioeconomics  0.4961 1.642 64.2  

SSPB adjusted for price, demographics, health status, socioeconomics, access 0.5041 1.655 65.5  

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply  

0.5104 1.666 66.6 Model that explains most of the observed variation 

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, location 

0.5879 1.800 80.0  

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, unobserved  

0.5236 1.688 68.8 Components of observed variation between Q1 and Q5 
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Table 3- 5  Model Specification – Beneficiaries without Epilepsy 
2011 dependent variable of quintile models Q5 coef. exp % Q5 > Q1 Interpretation of models 

State-level medical spending per beneficiary (SSPB) unadjusted 0.2705 1.311 31.1 Observed variation between Q1 and Q5 

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, location 

0.4662 1.594 59.4 At least one of the observed variables does not explain the 
observed variation 

SSPB adjusted for price  0.1269 1.135 13.5 Essential adjustment of price 

SSPB adjusted for price, demographics 0.1349 1.144 14.4 Essential adjustments of price and demographics 

SSPB adjusted for price, demographics, health status 0.4223 1.525 52.5 CCI not be an explanation of the observed variation 

SSPB adjusted for price, demographics, socioeconomics  0.1377 1.148 14.8  

SSPB adjusted for price, demographics, socioeconomics, access 0.1369 1.147 14.7 Access may not be an explanation of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply  0.1376 1.148 14.8 Supply may not be an explanation of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply, 
location 

0.2183 1.244 24.4  

SSPB adjusted for price, demographics, socioeconomics, supply, location 0.2210 1.247 24.7  

SSPB adjusted for price, demographics, socioeconomics, access, location 0.2208 1.247 24.7  

SSPB adjusted for price, demographics, socioeconomics, location 0.2225 1.249 24.9 Model that explains most of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, location, 
unobserved  

0.2705 1.311 31.1 Components of observed variation between Q1 and Q5 

2013 dependent variable of quintile models Q5 coef. exp % Q5 > Q1 Interpretation of models 

State-level medical spending per beneficiary (SSPB) unadjusted 0.2493 1.2831 28.3 Observed variation between Q1 and Q5 

SSPB adjusted for price, demographics, health status, socioeconomics, 
access, supply, location 

0.2953 1.3435 34.4 At least one of the observed variables does not explain the 
observed variation 

SSPB adjusted for price  0.1302 1.1391 13.9 Essential adjustment of price 

SSPB adjusted for price, demographics 0.1373 1.1472 14.7 Essential adjustments of price and demographics 

SSPB adjusted for price, demographics, health status 0.2778 1.3202 32.0 Health status was not an explanation of the observed 
variation 

SSPB adjusted for price, demographics, socioeconomics  0.1405 1.1508 15.1  

SSPB adjusted for price, demographics, socioeconomics, access 0.1401 1.1504 15.0 Access may not be an explanation of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply  0.1403 1.1506 15.1 Supply may not be an explanation of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, access, supply, 
location 

0.2017 1.2235 22.3  

SSPB adjusted for price, demographics, socioeconomics, supply, location 0.2026 1.2246 22.5  

SSPB adjusted for price, demographics, socioeconomics, access, location 0.2032 1.2253 22.5  

SSPB adjusted for price, demographics, socioeconomics, location 0.2032 1.2253 22.5 Simplest model that explains most of the observed variation 

SSPB adjusted for price, demographics, socioeconomics, location, 
unobserved  

0.2493 1.2831 28.3 Components of observed variation between Q1 and Q5 
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Figure 3- 3  Geographic Variation of State-level Per Capita Medical Spending among Medicare Beneficiaries 
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Figure 3- 4  Geographic Variation of State-level Per Capita Medical Spending among Medicare Beneficiaries with Epilepsy 
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Figure 3- 5  Geographic Variation of State-level Per Capita Medical Spending among Medicare Beneficiaries without Epilepsy 
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Table 3- 6  Summary of Factor Contribution to Medical Spending Variation 

Year 2011 2013 

Percentage (%) Q5 > Q11 Variation2 Q5 > Q11 Variation2 

All beneficiaries     

Total variation 34.1 100 31.2 100 

Factor contribution to variation     

Price standardization  14.5 42.5 14.8 47.4 

Demographics  1.2 3.5 1.0 3.2 

Health status (demand) − − − − 

Socioeconomic status (demand) 0.3 0.9 0.5 1.6 

Access to medical care (demand) − − − − 

Supply of medical services (supply) − − − − 

Location (supply) 11.2 32.8 9.3 29.8 

Unobserved  6.9 20.2 5.6 17.9 

Total contribution from demand 0.3 0.9 0.5 1.6 

Total contribution from supply 11.2 32.8 9.3 29.8 

Beneficiaries with epilepsy     

Total variation 80.6 100 68.8 100 

Factor contribution to variation     

Price standardization  25.3 31.4 25 36.3 

Demographics  3.1 3.8 3.2 4.7 

Health status (demand) 35.8 44.4 35.7 51.9 

Socioeconomic status (demand) − − 0.3 0.4 

Socioeconomic status + access to medical care 

(demand) 
0.8 1.0 − − 

Access to medical care (demand) − − 1.3 1.9 

Supply of medical services (supply) 1.2 1.5 1.1 1.6 

Location (supply) 12.9 16.0 − − 

Unobserved  1.5 1.9 2.2 3.2 

Total contribution from demand 36.6 45.4 37.3 54.2 

Total contribution from supply 14.1 17.5 1.1 1.6 

Beneficiaries without epilepsy     

Total variation 31.1 100 28.3 100 

Factor contribution to variation     

Price standardization  13.5 43.4 13.9 49.1 

Demographics  0.9 2.9 0.8 2.8 

Health status (demand) − − − − 

Socioeconomic status (demand) 0.4 1.3 0.4 1.4 

Access to medical care (demand) − − − − 

Supply of medical services (supply) − − − − 

Location (supply) 10.1 32.5 7.4 26.1 

Unobserved  6.2 19.9 5.8 20.5 

Total contribution from demand 0.4 1.3 0.4 1.4 

Total contribution from supply 10.1 32.5 7.4 26.1 
1 Q5 > Q1 = percent increase from quintile 1 
2 Variation = proportion of variation in percent 
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3.4   Discussion 

 The implementation of value-based programs in 2012 appeared to have reduced spending 

variation among states for all three cohorts examined.  The degree of reduction post-

implementation could be interpreted as the eliminated spending variation due to an increase in 

efficiency in the hospital treatment for acute myocardial infarction, heart failure, and pneumonia, 

and other hospital performance metrics.  The reduction was most pronounced among 

beneficiaries with epilepsy, a chronic condition that results in a two to three fold increase in 

medical spending variation comparing to beneficiaries without epilepsy (Table 3- 1).  In general, 

costs incurred by Medicare beneficiaries with chronic medical conditions tend to be higher and 

vary more among geographic areas than costs incurred by beneficiaries without chronic medical 

conditions.  This study showed that epilepsy is one such condition.  Another example would be 

end-stage renal disease (ESRD).  It had been found that spending per beneficiary with ESRD 

varied threefold across hospital referral regions (HRRs) from 17,791 to 59,025 (average 38,966, 

SD 6,774 in 1997 US$) (Hirth, Tedeschi et al. 2001).  Spending per beneficiary for all Medicare 

enrollees in the same year varied from 3,093 to 9,284 across HRRs (average 5,435, SD 1,056 in 

1997 US$) (Dartmouth 2017). 

 Differences in study design render much difficulty in comparing the sources of spending 

variation among overall Medicare population and among subgroups with specific medical 

conditions identified by previous studies.  Using the Medicare Current Beneficiaries Survey 

(MCBS), Zuckerman et al. concluded their measure of health status which comprised of smoking 

status, body-mass index, and various health conditions such as myocardial infarction accounted 

for 29% (the largest influence compared to other variables examined) of the spending variation 

(Zuckerman, Waidmann et al. 2010).  The current study assessed health status measured by the 
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CCI which weighted 19 medical conditions and did not find it to explain the observed variation 

in spending in the all-beneficiaries cohort.  Location of beneficiary represented by rural/urban 

status and US census regions was found to be the most influential factor to the spending variation 

among Medicare beneficiaries at 32.8% in 2011 and 29.8% 2013.  This finding indicated that 

where an individual resides influences health care consumption.  Location of the beneficiary was 

likely a supply side variable because demand side variables generally arise from the patient, not 

the place.  The sum variation contribution from the demand side and from the supply side are 

presented in Table 6.  Even if the contribution from unobserved factors was added to the demand 

side contribution, the supply side contribution to spending variation still dominates in the all-

beneficiaries cohort and the beneficiaries without epilepsy cohort by about ten percentage points.  

The reverse was observed in the epilepsy cohort; the demand side contribution to spending 

variation clearly outweighs the contribution from the supply side, particularly post-

implementation of VBPs.  Health status is considered a warranted source of spending variation.  

One would expect that the cohort with epilepsy having health status being the main contributor 

to spending variation would gain the least decrease of spending variation post-implementation of 

VBPs, compared to the other cohorts having more supply side contribution to spending variation. 

Contrary to this expectation, a much larger decrease in spending variation was observed in the 

epilepsy cohort post-implementation of VBPs that was intended to improve efficiency.  This 

observation supports and extends Steiner’s proposal that geographic variation of spending does 

not provide information on efficiency or quality (Sheiner 2014).  Our study extends Sheiner’s 

proposal to include the sources of spending variation do not provide information on efficiency.  

Although different measures were used for assessment, the current study did concur with 

Zuckerman et al.’s study in finding unimportant or nonsignificant contribution to spending 
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variation from socioeconomic status, access to medical services, and supply of medical 

resources. 

 Hirth et al. studied the sources of geographic variation in Medicare end-stage renal 

disease expenditures.  Using a very different study design and adjusted price with the wage index 

only, they found price to be the most influential contributor to spending variation, followed by 

standardized hospitalization ratio (SHR), and then demand characteristics such as income and 

education (Hirth, Tedeschi et al. 2001).  It was unclear whether the measure of SHR was a 

demand-side or supply-side variable because it was expected to reflect a mix of unobserved 

comorbidity variation, other characteristics of individuals with ESRD, practice patterns, and 

quality of renal care.  Health status in Hirth’s study represented by demographics and percentage 

of diabetic versus nondiabetic cause of ESRD indicated weak contribution to spending variation.   

The current study examining beneficiaries with epilepsy and found that demand-side 

variables, specifically health status represented by CCI was the largest contributor to spending 

variation (44.4% in 2011, 51.9% in 2013).  The contribution of price was substantial (31.4% in 

2011, 36.3% in 2013) but lower than that from health status.  The sources of spending variation 

among beneficiaries with different high-cost chronic medical conditions can differ greatly.  The 

study by Hirth et al. on beneficiaries with ESRD found price to be the largest contributor to 

spending variation.  Although, the long-time observed variation in Medicare spending across 

geographical areas of the United States (US) has been viewed by many as evidence of 

inefficiency in care delivery (Cutler and Sheiner 1999, Fisher, Wennberg et al. 2003, Sutherland, 

Fisher et al. 2009, Zuckerman, Waidmann et al. 2010), this study indicated the appropriateness 

of spending variation may depend on the type of population examined. 
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 Spending variation information in different groups with chronic medical conditions 

would provide insights into subgroup spending patterns.  This information, coupled with disease 

prevalence information, can potentially assist in identifying the appropriateness of spending 

variation in high-cost areas.  As a simple example, the spending variation in high-cost areas with 

high prevalence of epilepsy may be more appropriate than a high-cost areas with low prevalence 

of epilepsy because more than half of the spending variation is caused by patient demand.  

Regional information from other high-cost chronic conditions would help in refining the 

analysis.  This proposal of identifying contributors to spending variation with respect to specific 

medical conditions is supported by Reschovsky et al who examined the variation of costs of 

condition-specific treatment episodes (Reschovsky, Hadley et al. 2014).  Contrary to the current 

study, their study found population health (e.g. health status in the current study) to be the most 

influential factor for local per-beneficiary Medicare costs while local practice patterns was more 

influential for condition-specific episode costs.  The comparison between these studies is 

however not appropriate because of many notable differences between the studies in study 

designs.  Aside from different data sources used, our measure of health status was individual-

level CCI while Reschovsky et al used an average Hierarchical Condition Categories (HCC) for 

each geographical unit.   In addition, epilepsy was not included in the ten medical conditions 

studied. 

 

3.5   Limitations 

 The most important limitation of the current study with respect to informing policy 

change is that only one medical condition was examined.  Spending patterns for a larger set of 

chronic or high-cost conditions would be much more informative in the policy-change 
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perspective.  Due to data limitation, the current study is only an early assessment of the effect of 

two VBPs on Medicare spending variation.  The long term effect can only be determined with 

continuous assessment with longitudinal data.  Since its implementation, HRRP includes more 

medical conditions while other VBPs have been implemented in addition to the two examined in 

the study.  Further studies pre and post VBPs would provide information on their effects on 

spending variation.  Our five-percent sample was not sufficient to estimating a standardized price 

(Gottlieb, Zhou et al. 2010).  Nevertheless, the price standardization variables used in the study 

estimated the price contribution to the observed spending variation.   

 

3.6   Conclusion 

 In the first year after the implementation of the HVBP and the HRRP (2013), a reduction 

in spending variation was observed among Medicare beneficiaries, beneficiaries with epilepsy, 

and beneficiaries without epilepsy.  The reduction was most prominent among those with 

epilepsy (-14.6%) compared to those without epilepsy (-9.0%) and all beneficiaries (-8.5%).  

Spending variation among beneficiaries with epilepsy was more than two times that among those 

without epilepsy.  The sources of spending variation among all beneficiaries and those without 

epilepsy were very similar.  The largest contribution to spending variation among all 

beneficiaries and those without epilepsy was from price standardization factors (42.5% to 47.4% 

and 43.4 to 49.1 respectively), followed by supply-side variables, specifically location of 

beneficiary (29.8% to 32.8% and 26.1% to 32.5% respectively).  For beneficiaries with epilepsy, 

demand-side variables contributed an average of 49.8% of spending variation pre- and post-

implementation of VBPs.  In this cohort, health status composed the largest portion of the 

demand-side contribution, representing 44.4% in 2011and 51.9% in 2013 of the observed 



147 

 

spending variation.  The degree and sources of geographic variation of state-level medical 

spending appeared to vary with respect to the population being examined.  The quantification of 

spending variation and the identification of its sources do not provide information on efficiency 

of the system.  Further examination of spending variation in groups with different chronic 

medical conditions over time during which various VBPs are implemented could provide insight 

to better identify the appropriateness of spending variation in high-cost areas.    
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CHAPTER 4 

Factors Associated with Inpatient Inefficiency among Medicare Beneficiaries 

with Epilepsy:  A Spatial Analysis 

4.1 Introduction 

Health expenditure in the United States (US) in the 2000s grew on average 3.6 percent 

per year, outpacing gross domestic product (GDP) growth by more than three times.  Following 

the economic recession in 2008 and 2009, per capita health spending growth in the US decreased 

to 1.5 percent in 2013 (OECD 2015).  Although current overall health spending growth rate is 

aligned with GDP growth, expenditures for hospital (2.3%) and specialist care (2.2%) have 

increased at a faster rate than GDP growth rate (OECD 2015).   The fact that the US spends more 

than two times than other OECD countries on health spending per capita (8713 US$ versus 3453 

US$ in 2013) (OECD 2015) brings attention to the topic of efficiency.   

4.1.1 Efficiency 

The term, “efficiency” in the discipline of economics generally refers to the best use of 

resources in production (Shone 1981).  Efficiency is comprised of two components, technical 

and allocative efficiency (Hollingsworth, Dawson et al. 1999).  Technical efficiency is either 

producing the maximum output from a given amount of input or producing a given output with 

the minimum amount of inputs (Farrell 1957).  Allocative efficiency on the other hand is the 

allocation of scare resources corresponding to the pattern of consumer demand.  In terms of 

health care, efficiency is a measure of the quality and/or quantity of output (i.e. health outcomes 

or services) for a given level of input (i.e. resources used) (WHO 2010).  Technical efficiency in 

health care may refer to the maximum use of an imaging machine or the minimization of hospital 

length of stay while ensuring safe and appropriate discharge (WHO 2014).  Allocative efficiency 
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in health care could be described as the distribution of services or interventions that maximizes 

health outcomes, with respect to a particular medical condition or across all health states.  

Whether technical or allocative, the measurement of efficiency requires measurement(s) of input 

and measurement(s) of output.   

Potential savings from improving efficiency in high-income countries (i.e. United States) 

was estimated by the WHO to range from $189 to $1548 per capita (WHO 2010).  It is important 

to note that reducing inefficiency does not always translate to reducing input (e.g. less health 

care workers, less hospitals, decreased spending,…etc). Hollingsworth reviewed 317 studies to 

examine the efficiency and productivity of health care delivery and concluded that average 

hospital efficiency was about 85 percent.  In other words, hospitals could potentially produce 15 

percent more than they do for the same resources consumed.  Another interpretation is that 

hospitals could provide the same levels of service at a 15 percent reduction in cost 

(Hollingsworth 2008).  

Significant geographic variation in Medicare spending both at state and regional levels 

has been well documented for several decades (Dartmouth 2017).  It has been suggested that if 

all areas in the US spend at the same level as the areas lowest spending, Medicare spending 

would reduce by close to 30 percent (Skinner and Fisher 1997).  Studies have examined the 

association between health care spending and health outcomes using the geographic variation of 

expenditures across regions.  The results of these studies vary widely because of the differences 

in study cohorts, risk-adjustment methods, data sources, and overall study designs.  In addition, 

most of these studies assumed independence among the geographical units.  Although not 

always, this relationship in geography, namely spatial dependence or spatial autocorrelation is 

often neglected in health care research.  Ignoring this assumption of independence may lead to 
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inaccurate estimations of the associations between the dependent variable and the explanatory 

variables (Skinner 2011). 

4.1.2 Spatial dependence (autocorrelation) 

There are two general types of spatial characteristics to data, spatial dependence and 

spatial heterogeneity.  The concept of spatial dependence arises in cross-sectional data when the 

data represent observations associated with points or regions (e.g. homes, cities, counties, states, 

or countries) (LeSage and Pace 2009).  When examining non-spatial data or data that are not 

associated with points or regions, observations are independent of each other in their geographic 

location.  Such independency is typically assumed for linear regression models.  When the 

attributes of one observation may be influenced by the attributes of another observation, the 

assumption of independence is no longer valid (Zhukov 2010).  Spatial regression models 

account for spatial autocorrelation.  Often used interchangeably with spatial dependence (Anselin 

2013), spatial autocorrelation is the relationship between neighboring geographical units (Fischer 

and Getis 2009).  Tobler’s First Law states that “everything is related to everything else, but near 

things are more related than distant things" (Tobler 1970).  This is the core of spatial 

autocorrelation statistics, quantitative techniques for analyzing correlation with respect to 

distance.  When addressing spatial autocorrelation, researchers often treat it as confounding in a 

regression model (Miller 2004).  Not all spatial data are dependent on each other.  To test for 

spatial autocorrelation in an ordinary least squares (OLS) regression model, the Moran I statistic 

is the most widely used (Arbia 2014).   

4.1.3 Spatial heterogeneity 

The second type of spatial effect, spatial heterogeneity, is related to the lack of stability 

over space of the relationships under study (Anselin 2013).  In other words, functional forms and 
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parameters vary with location and are not homogeneous throughout the data.  An example of 

spatial heterogeneity in econometric models is when the models were estimated on data of spatial 

units that are characteristically different such as the spatial units divided by north and south.  For 

example, the north unit happens to be composed of more affluent neighborhoods than the south 

unit (Anselin 2013).   In contrast to spatial dependence, spatial heterogeneity can be accounted 

for by using standard econometric techniques such as varying parameters and using random 

effects coefficients.  Theoretical knowledge of the data often lead to more efficient procedures 

for treating spatial heterogeneity.  There is also the situation where the interaction between 

spatial structure and spatial flows may generate a combination of spatial dependence and spatial 

heterogeneity.  In this situation, it is very difficult to distinguish between spatial dependence and 

spatial heterogeneity.  As a result, a spatial econometric approach is required (Anselin 2013).  

4.1.4 Spatial regression models 

 In terms of the standard linear regression model, three types of interaction effects are 

identified in a spatial model that are not considered in a standard model.  They are endogenous 

interaction effects among the dependent variable (Y), exogenous interaction effects among the 

independent variables (X), and interaction effects among the error terms (𝜀) (Elhorst 2014).  

A standard ordinary least square (OLS) is expressed in the following form: 

𝑦 = 𝛼 + 𝑋𝛽 +  𝜀 
 

Where 

𝛼 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡  

𝑦 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  
𝑋 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  
𝛽 = 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 

𝜀 = 𝑒𝑟𝑟𝑜𝑟 
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A general form of a spatial linear regression is given by the following sets of equations: 

 

𝑦 =  𝜆𝑊𝑦 + 𝛼 + 𝑋𝛽 + 𝑊𝑋𝜃 + 𝑢          |𝜆| < 1 

𝑢 = 𝜌𝑊𝑢 +  𝜀                                             |𝜌| < 1 
 

 

where 

𝑦 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  
𝑊𝑦 = 𝑒𝑛𝑑𝑜𝑔𝑒𝑛𝑜𝑢𝑠 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 

𝛼 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 

𝑋 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

𝑊𝑋 = 𝑒𝑥𝑜𝑔𝑒𝑛𝑜𝑢𝑠 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 

𝑊𝑢 = 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑎𝑚𝑜𝑛𝑔 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚𝑠 

𝜆, 𝛽 𝜃, 𝜌 = 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 
 

The following Table 4- 1 lists the spatial regression models and the types of interaction effect 

they evaluate comparing to the non-spatial OLS model. 

Table 4- 1  Comparison of the Types of Interaction Effect in Various Regression Models 

(Elhorst 2014) 

Spatial regression models Types of interaction effect 

Endogenous Exogenous Error 

Ordinary least square (OLS) (non-spatial)    

Spatial lag model (SLM) or spatial autoregressive 

(SAR) model 

X   

Spatial error model (SEM)   X 

Spatial Lag of X (SLX) model  X  

Spatial autoregressive with additional 

autoregressive error structure (SARAR) model 

X  X 

Spatial Durbin model (SDM) X X  

Spatial Durbin error model (SDEM)  X X 

General nesting spatial model (GNS) X X X 

 

The choice of model depends on the type(s) of spatial interaction present.  Although there is no 

fixed methods for spatial model specification, one procedure proposed by Anselin (Anselin and 

Rey 2014) is presented in Figure 4- 1.  Depending on the type of spatial interaction indicated by 

the Lagrange-multiplier (LM) diagnostics, either a spatial lag model (SLM) which addresses 

endogenous interaction effect or the spatial error model (SEM) which addresses error interaction 

effect would be selected.  If the SLM and the SEM are equally as significant, the SLM is usually 
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selected because the consequences for not adjusting for spatial lag is generally more important 

than not adjusting for spatial error.  The SARAR model which addresses both endogenous 

interaction effects and those among error terms could be a possible choice when both the spatial 

lag and spatial error are both very important (highly significant).  The spatial Durbin model 

(SDM) can also be considered by comparing the LM diagnostics results (Bose 2015).  Models 

such as the spatial error model (SEM) that do not address spatial lag are generally not 

recommended due to the importance of spatial lag in coefficient estimation.  The general nesting 

spatial model (GNS) which addresses all three types of interaction effects is usually not 

necessary.  To our knowledge, no published study on spatial models specified a GNS model. 

Figure 4- 1  Spatial Specification Process  

(Anselin and Rey 2014) 
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The first objective of this study was to identify inefficiency factors associated with the 

inpatient services spending per hospital stay (AIH) among Medicare beneficiaries with epilepsy 

at state level, accounting for price standardization and spatial dependence.  The second objective 

is to identify inefficiency factors associated with the proportion of hospital stays with primary 

diagnosis of epilepsy or seizure (PHE) using the same methods for the first objective. The 

selection of inefficiency factors examined in the study was guided by a list of sources of 

inefficiency in health systems proposed by the WHO (WHO 2010).  Three of the ten sources of 

inefficiency concerned medicines.  The other seven that concerned health care services were 

examined in this study (Table 4- 2). 

Table 4- 2   Top Leading Sources of Inefficiency (WHO 2010) 

Source of inefficiency in health care services 

1. Health care products and services: overuse or supply of equipment, investigations and procedures 

2. Health workers: inappropriate or costly staff mix, unmotivated workers 

3. Health care services: inappropriate hospital admissions and length of stay 

4. Health care services: inappropriate hospital size (low use of infrastructure) 

5. Health care services: medical errors and suboptimal quality of care 

6. Health system leakages: waste, corruption and fraud 

7. Health interventions: inefficient mix/ inappropriate level of strategies 

 

The third objective of the study is to compare the efficiency of inpatient services among 

beneficiaries with epilepsy at state level using an inefficiency index. 

 

4.2 Methods:  Data sources 

4.2.1 Objective one dependent variable:  State-level average adjusted inpatient services 

spending per hospital stay (AIH) 

4.2.1.1 Individual level 

Individual level data including beneficiaries’ age, race, sex, zip codes, and utilization 

information were obtained from the 2013 five percent random sample Medicare administrative.  
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The random five percent samples of Medicare beneficiaries used for the study was based on a 

random 20 percent sample that is split into three mutually exclusive groups of one percent, four 

percent, and 15 percent.  The five percent sample was the combination of the one percent and the 

four percent groups.  The random sample was created using standard CMS processes (ResDac 

2016).  The data contained claims made by Medicare beneficiaries enrolled in fee-for-service 

Medicare.  The Master Summary Beneficiary file and the inpatient utilization file in particular 

were used for the study.   

4.2.1.1.1 Claims inclusion criteria 

Claims were included in the study if  they were made by beneficiaries who met the 

following criteria:  1) enrolled in fee-for-service (FFS); 2) enrolled in Medicare as a result of 

being age-qualified (≥ 65 years of age); 3) enrolled in Medicare Part A and Part B for 12 

consecutive months in the year of enrollment; 4) recorded residence state was one of the 48 

contiguous US states or District of Columbia; 5) had at least one recorded claim for medical 

services; 6) had epilepsy defined by at least one ICD 9-CM 345.xx (epilepsy), or at least two 

ICD 9-CM 780.3x (seizure) claims occurring at least 30 days apart (Faught, Richman et al. 

2012). 

4.2.1.2 State-level 

The State Physician Workforce Data Book published by the Association of American Medical 

Colleges provided state-level number of active patient care physicians, active patient care 

medical interns, primary physicians, and retention rates of medical interns (AAMC 2015).  The 

data book is a biennial report that provides data on current physician supply, medical school 

enrollment, and graduate medical education for each state, the District of Columbia, and Puerto 

Rico (AAMC 2015).  Information from 2015 data book which is based on 2014 data was used 
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for the study because of its biennial publication schedule (AAMC 2015).  The number of hospital 

beds by state in 2013 was obtained from The Dartmouth Atlas of Health care (Dartmouth 2013).  

Medicare supplies information on participating hospitals including the type of ownership and 

performance ratings (Data.Medicare.gov 2017).  Research grants information was obtained from 

Tracking Accountability in Government Grants System (TAGGS), an information site 

maintained by U.S. Department of Health and Human Services (HHS 2017).  Regional economic 

measures such as state-level GDP are published by the US Department of Commerce (BEA).   

The initial selection of explanatory variables for each inefficiency factor was made with the assistance of 

the Pearson correlation coefficient matrix ( 

 

Table 4- 3), using the rule of thumb interpretation presented in Table 4- 4. 
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Table 4- 3  Explanatory Variables Selection Using Pearson Correlation Coefficient Matrix 

  AIH2 mal_amt3 mal_count4 hosp_beds5 dr6 intern7 ratio_prim8 primdr9 prop_ratio10 retention11 NIH_201312 gdp13 Explanatory 

IF1 AIH2 1 0.19 0.23 0.03 0.39 0.36 -0.32 0.31 0.05 -0.24 0.06 0.30 

variable per 

IF1 

1 mal_amt3 0.19 1 0.91 -0.09 0.17 0.21 -0.43 0.07 -0.01 0.11 0.33 0.66 mal_amt3 

 mal_count4 0.23 0.91 1 -0.15 0.08 0.11 -0.40 -0.02 0.15 0.22 0.23 0.85  

2 hosp_beds5 0.03 -0.09 -0.15 1 0.24 0.38 -0.01 0.20 0.06 -0.13 -0.02 -0.26 hosp_beds5 

3 dr6 0.39 0.17 0.08 0.24 1 0.92 -0.49 0.95 -0.15 -0.28 0.26 0.01  

 intern7 0.36 0.21 0.11 0.38 0.92 1 -0.55 0.81 0.01 -0.22 0.23 0.04 intern7 or 

 ratio_prim8 -0.32 -0.43 -0.40 -0.01 -0.49 -0.55 1 -0.22 -0.34 0.00 -0.28 -0.31 ratio_prim8  

 primdr9 0.31 0.07 -0.02 0.20 0.95 0.81 -0.22 1 -0.33 -0.29 0.12 -0.07 primdr9 

4 prop_ratio10 0.05 -0.01 0.15 0.06 -0.15 0.01 -0.34 -0.33 1 0.33 0.03 0.20 prop_ratio10 

5 retention11 -0.24 0.11 0.22 -0.13 -0.28 -0.22 0.00 -0.29 0.33 1 0.06 0.31 retention11 

6 NIH_201312 0.1 0.33 0.23 -0.02 0.26 0.23 -0.28 0.12 0.03 0.1 1 0.17 NIH_201312 

7 gdp13 0.30 0.66 0.85 -0.26 0.01 0.04 -0.31 -0.07 0.20 0.31 0.17 1 gdp13 

1Inefficiency factor 
2AIH = State-level average adjusted inpatient services spending per hospital stay 
3mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
4mal_count = medical malpractice settlement (number of cases) 
5hosp_beds = number of hospital beds per habitants 
6dr = number of physicians per 100,000 habitants 
7intern = number of medical interns per 1,000 habitants 
8ratio_prim = primary care physicians per 100 physicians 
9primdr = number of primary physicians per 100,000 habitants 
10prop_ratio = proprietary hospitals per 1,000 hospitals 
11retention = retention rate of medical interns 
12NIH_2013 = National Institute of Health (NIH) research grant funding received by hospitals 
13gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 

 

Table 4- 4  Rule of Thumb Interpretation of the Strength of Correlation  

(Hinkle, Wiersma et al. 2003) 

Spearman correlation coefficient Interpretation of the strength of correlation 

0.90 to 1.00 (-0.90 to -1.00) Very strong positive (negative) 

0.70 to 0.90 (-0.70 to -0.90) Strong positive (negative) 

0.50 to 0.70 (-0.50 to -0.70) Moderate positive (negative) 

0.30 to 0.50 (-0.30 to -0.50) Weak positive (negative) 

0.00 to 0.30 (0.00 to -0.30) Negligible 
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4.2.1.3 Payment standardization 

 Efficiency may be improved by decreasing cost or increasing health outcomes, or both to 

maximize the output-to-input (e.g. cost-to-quality) ratio.  In order to focus our analysis on 

inpatient service inefficiency, the dependent variable of AIH was payment standardized and 

adjusted for patient characteristics (e.g. age and sex), individual health status (e.g. Charlson 

comorbidity index), and enabling factors for health services (e.g. income by county, distance to 

closest hospital).  Payment standardization was necessary to filter out Medicare payments to 

providers that were unrelated to health care services provided (e.g. payments to support medical 

intern training).  Our standardized total spending per hospital stay included deductibles and 

copayments paid by patients, and payments made by non-Medicare primary payers to better 

reflect the total cost of services provided during the inpatient stay.  To estimate the standardized 

total cost per hospital stay (i.e. standardized IPPS payment in equation one), four equations were 

utilized (O'Donnell, Schneider et al. 2012). Equation components are described in Table 4- 5. 

 
Table 4- 5  Description and Sources of Equation Components 

Equation 

components1 

Full name Source variable name  Source of information 

comp_1:   

NCH DRG outlier 

approved payment 

amount 

national claims history 

diagnosis-related 

groups outlier 

approved payment 

amount 

nch_drg_outlier_aprvd_pmt

_amt 

Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_2:   

wage index 

wage index occ mix adjusted wage 

index 

CMS.gov:  FY 2013 Final Rule 

Wage Index Analyses 

files/FY_2013_FINAL_cbsaoc

cmix_nooccmix/cbsaOM_noO

M073012 

CBSA:  

Linkage for comp_2 

to comp_4 and 

comp_6 

core-based Statistical 

Area 

cbsageo CMS.gov:  county to CBSA 

crosswalk 

file/CBSAtoCountycrosswalk_

FY13 

comp_3: 

labor share 

labor share labor share CMS.gov:  FY 2013 Final Rule 

Tables/Table 1A and 1B 
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Table 4- 4  Description and Sources of Equation Components continued 
comp_4: 

non-labor share 

non-labor share non-labor share CMS.gov:  FY 2013 Final Rule 

Tables/Table 1A and 1B 

comp_5: 

claim PPS capital 

outlier amount 

claim prospective 

payment system 

capital outlier amount 

clm_pps_cptl_outlier_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_6: 

capital adjustment 

factor 

capital geographic 

adjustment factor 

GAF CMS.gov:  FY 2013 Final Rule 

Tables/Wage Index Final Rule 

and Correction Notice/Tables 

4A, 4B, 4A-CN, 4B-CN 

comp_7: 

operating base 

capital standard 

federal payment rate 

capital standard federal 

payment rate 

CMS.gov:  FY 2013 Final Rule 

Tables/Table 1A and 1B 

comp_8: 

capital base 

national adjusted 

operating standardized 

amount 

national adjusted operating 

standardized amount 

CMS.gov:  FY 2013 Final Rule 

Tables/Table 1D 

comp_9: 

DRG weight 

diagnosis-related 

groups weight 

clm_pps_cptl_drg_wt_num Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_10: 

operating IME 

operating indirect 

medical education 

(IME) amount 

ime_op_clm_val_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

Comp_11: 

capital IME 

claim prospective 

payment system 

capital indirect 

medical education 

(IME) 

clm_pps_cptl_ime_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_12: 

operating DSH 

operating 

disproportionate share 

amount 

dsh_op_clm_val_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_13: 

capital DSH 

claim prospective 

payment system 

capital 

disproportionate share 

amount 

clm_pps_cptl_dsprprtnt_shr

_amt 

Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_14: 

claim PPS capital 

outlier amount 

claim prospective 

payment system 

capital outlier amount 

clm_pps_cptl_outlier_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_15: 

claim payment 

amount 

claim (Medicare) 

payment amount 

clm_pmt_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_16: 

NCH inpatient total 

deductible/coinsuranc

e amount 

national claims history 

inpatient (or other Part 

A) total 

deductible/coinsurance 

amount 

nch_ip_tot_ddctn_amt Medicare institutional claims 

file (Part A or hospital 

inpatient) 

comp_17: 

NCH primary payer 

(if not Medicare) 

claim paid amount 

national claims history 

primary payer (if not 

Medicare) claim paid 

amount 

nch_prmry_pyr_clm_pd_a

mt 

 

Medicare institutional claims 

file (Part A or hospital 

inpatient) 

1Components 1 to 17 = comp_1 to comp_17 
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4.2.1.3.a Equation one 

Standardized IPPS payment = [operating base + capital base] * DRG weight + add-on payments + 

standardized outlier payments 

 

4.2.1.3.b Equation two 

Standardized outlier payments = nch_drg_outlier_aprvd_pmt_amt/(wage_index*labor share.+non-labor 

share) + clm_pps_cptl_outlier_amt/(wage_indexcapital adjustment factor) 

 

4.2.1.3.c Equation three 

Actual IPPS payment = [operating base * labor share * wage index + operating base * (1-labor share) 

+capital base * (wage index)capital adjustment factor)] * DRG weight + operating IME + capital IME + operating 

DSH + capital DSH + add-on payments + (nch_drg_outlier_aprvd_pmt_amt + clm_ 

pps_cptl_outlier_amt) 

 

4.2.1.3.d Equation four 

Actual IPPS payment = clm_pmt_amt + nch_ip_tot_ddctn_amt + nch_prmry_pyr_clm_pd_amt 

where, 

operating base = national adjusted operating standardized amount 

capital base = capital standard federal payment rate 

DRG weight = diagnosis-related groups weight 

add-on payments = new technology payments 

standardized outlier payments = payments for cases that are extremely costly 

nch_drg_outlier_aprvd_pmt_amt = national claims history diagnosis-related groups outlier approved 

payment amount 

wage_index = wage index 

labor share = labor share published by CMS 

non-labor share = non-labor share published by CMS 

clm_pps_cptl_outlier_amt = claim prospective payment system capital outlier amount 

capital adjustment factor = capital geographic adjustment factor 

IPPS = inpatient prospective payment system 

operating IME = operating indirect medical education amount 

capital IME = claim prospective payment system capital indirect medical education amount 

operating DSH = operating disproportionate share amount 

capital DSH = claim prospective payment system capital disproportionate share amount 

clm_pmt_amt = claim payment amount 

nch_ip_tot_ddctn_amt = national claims history inpatient (or other Part A) total deductible/coinsurance 

amount 

nch_prmry_pyr_clm_pd_amt = national claims history primary payer (if not Medicare) claim paid 

amount 
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All components in equations one and two could be obtained from either the study 

Medicare data or Medicare public use files except add-on payments.   Equation four was 

substituted into actual IPPS payment in equation three to estimate add-on payments (O'Donnell, 

Schneider et al. 2012).  Actual IPPS payment can be calculated using equation four because add-

on payments are included in the claim payment variable and all other variables on the right side 

of the equation can be obtained from the study Medicare data.  The calculated actual IPPS 

payment was substituted into equation three.  Add-on payments could then be estimated by 

substituting in all other variables on the right side through straight-forward algebraic procedures.   

The standardized payment was adjusted for beneficiary predisposing and enabling factors 

for health services utilization (i.e. age, sex, income, Charlson comorbidity index (CCI), and 

distance to nearest hospital) in a generalized linear model (GLM) with log link and gamma 

distribution.  Age and sex were available from Medicare data.  Median household income for 65 

years and over at county level was extracted from the US Census Bureau (ACS 2013).  The 

Charlson comorbidity index (CCI) is a single score that categorizes comorbidities of patients 

based on International Classification of Diseases (ICD) diagnosis code.  We calculated the CCI 

with 19 comorbidity categories (Charlson et al., 1987) using the ICD 9-CM diagnosis codes 

extracted from Medicare data.  Each comorbidity category has an associated weight (from 1 to 

6), based on the adjusted risk of mortality or resource use, and the CCI score is the sum of all 

elements.  The distance to nearest hospital for each beneficiary was calculated using the 

beneficiary’s residence zip code and zip codes of Medicare hospitals.  Beneficiaries’ zip codes 

were obtained from the Medicare master beneficiary summary file and zip codes of hospitals 

were obtained from Medicare Hospital General Information (Data.Medicare.gov 2017).  
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Distance between each pair of beneficiary zip code and hospital zip code was computed using 

the following formula (CDC 2015): 

4.2.1.3.e Equation five 

𝑑 = 3963 𝑥 arccos [𝑠𝑖𝑛 (
𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒1

57.2958
) 𝑥 𝑠𝑖𝑛 (

𝑙𝑎𝑡𝑖𝑡𝑢𝑡𝑑𝑒2

57.2958
)

+ 𝑐𝑜𝑠 (
𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒1

57.2958
) 𝑥 𝑐𝑜𝑠 (

𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒2

57.2958
)  𝑥 𝑐𝑜𝑠 (

𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒1

57.2958
−  

𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒2

57.2958
)] 

 

where d = distance and latitude and longitude are in decimal form (USCensusBureau 2013).   

The shortest distance between the zip code of a beneficiary and a Medicare hospital would be the 

distance to the nearest hospital for the beneficiary.  The adjusted AIH for each state was 

calculated by dividing the total of the expected values of the GLM by the number of observations 

(i.e. number of hospital stays) in each state. 

4.2.1.4 Explanatory variables 

 The explanatory variables of the spatial econometric model for objective one were state 

characteristics that could potentially serve as indicators of inefficiency.  They were selected with 

the guidance of the list of top ten sources of inefficiency in health systems proposed by the WHO 

with the criteria of pertinence to the current study and being measurable either directly or 

indirectly (WHO 2010).  In a fee-for-service payment system where doctors and hospitals are 

paid by product or procedure, providers are not encouraged to improve efficiency by providing 

best quality and services (Gawande 2015).  The use of diagnosis-related groups in the Medicare 

hospital payment structure is one method to address inefficiency induced by a fee-for-service 

system (WHO 2010).  Over-supply of health products and overuse of health services are another 

source of inefficiency.  For the current study, over-supply of health products was not examined 
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and the overuse of health services was measured indirectly by the number of malpractice 

settlements to indicate the level of the practice of defensive medicine.  Inappropriate supply level 

of human medical resources is another source of inefficiency and was estimated by the number 

of hospital beds per 1,000 habitants, the number of physicians per 100,000 habitants, or the 

number of medical interns per habitants.  It has been found by previous studies that a higher 

proportion of primary physicians to total number of physicians decreases total health care 

spending.  The proportion of primary physicians at state level was therefore included as a 

possible indicator of the appropriateness of resource allocation.  Insufficient incentive to 

discharge was indirectly measured by the proportion of Medicare hospitals that were proprietary. 

Gawande documented geographic variation of health spending in demographically similar areas 

in Texas.  One of his interviewees observed that “entrepreneurial spirit” may play a part in the 

differences in health care spending among the high and low spending areas (Gawande 2009).  

When providers’ financial gain is tied to the profit of the hospital, longer hospital stay may be 

incentivized.  For this study, the level of financial incentive for health care utilization was 

measured by the proportion of Medicare hospitals that were privately owned.   Insufficient 

knowledge or application of clinical-care standards was difficult to measure.  Low retention rate 

of physicians who graduated in the same state where they practice may indicate the loss of 

physicians who were familiar with clinical-care standards and protocols specific to practice site.  

The state-level physician retention rate was therefore used as a proxy to insufficiency of 

knowledge and level of practice norms.  Whether an institution is funding high-cost, low-effect 

interventions or low-cost, high-impact options were not measurable because the primary 

treatment of epilepsy is pharmacological (e.g. antiepileptics) and the choice of medication is very 

individual based on adverse effects.  The amount of National Institute of Health (NIH) funding 
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or grants received by hospital to conduct clinical research was used as an indicator to the level of 

dissemination of new technology and the use of newer or more expensive technology for 

research purposes at state level.  The hospital research funding for 2013 was used in the study.  

Although the differences were not large, our data showed the highest correlation between the 

2013 research funding and spending per hospital stay in the same year compared to funding from 

prior years (Table 4- 6).   

Table 4- 6  Pearson Correlation Coefficients between Objective One Dependent Variable (AIH) and 

Hospital National Institute of Health (NIH) Research Funding in 2010, 2011, 2012, and 2013. 
 AIH NIH_2010 NIH_2011 NIH_2012 NIH_2013 

AIH 1 0.0549 0.0516 0.0529 0.0551 

 

A study on the determinants of per capita state-level health expenditures in the US found that 

state-level gross domestic product (GDP) positively influence per capita health expenditures 

(Bose 2015).  GDP is a measure of the health of an economy.  States with higher per capita GDP 

are generally considered more affluent.  Spending habits could be a reason for more affluent 

states to spend more on health care.  If more affluent states achieve better outcome, health care 

disparity may be indicated.  Explanatory variables examined for the current study are listed in 

Table 4- 7. 
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Table 4- 7  Summary of the Available Explanatory Variables for Analysis 

Inefficiency 

factor  

Sources of inefficiency  Possible measurements at state 

level 

Variable name 

1 Overuse of health services 

(defensive medicine) 

Medical malpractice settlement 

amount (USD 2011 in ten million) 

mal_amt 

Medical malpractice settlement 

(number of cases) 

mal_count 

2 Inappropriate supply level of 

medical facilities 

Number of hospital beds per 

habitant 

hosp_beds 

3 Inappropriate supply level of 

human resources 

Number of physicians per 100,000 

habitants 

dr 

Number of medical interns per 

1,000 habitants 

intern 

Primary care physicians per 100 

physicians 

ratio_prim 

Number of primary physicians per 

100,000 habitants 

primdr 

4 Insufficient incentive to 

discharge 

Proprietary hospitals per 1,000 

hospitals (2017) 

prop_ratio 

5 Insufficient knowledge or 

application of clinical-care 

standards 

Retention rate of medical interns 

(Physicians retained from 

Undergraduate Medical Education 

and Graduate Medical Education 

combined over total number of 

active physicians in 2014) 

retention 

6 Investment in clinical research 

(access or awareness to new 

technology) 

NIH research grant funding 

received by hospitals (USD 2013 

in millions) 

NIH_2013 

7 Spending behavior or health care 

disparity 

State GDP per capita (USD 2013 

in 100,000) 

gdp 
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4.2.2 Objective two dependent variable:  state-level proportion of hospital stays with 

admission diagnosis of epilepsy or seizure (PHE) 

Seizure freedom is the goal for epilepsy treatment.  The probability of remission is a 

function of age of onset and seizure type (Annegers, Hauser et al. 1979).  Administrative data do 

not capture seizure episodes not associated with health services utilization.  Previously reported 

cost of epilepsy estimates differ because of varying methods used.  However, one consistent 

finding was that the costs of uncontrolled epilepsy were higher than those for controlled or 

treatment-responsive epilepsy, ranging from 2.1 to 10.6 times higher (Manjunath, Paradis et al. 

2012, Cramer, Wang et al. 2014).  For this study, the proportion of hospital stays with admission 

diagnosis of epilepsy or seizure at state level was used as a proxy for uncontrolled epilepsy, a 

representation of treatment outcome.  

4.2.2.1 Explanatory variables 

The same explanatory variables for objective one were examined for objective two. 

4.2.3 Objective three:  Inefficiency index 

The efficiency in hospital care among Medicare beneficiaries with epilepsy was 

compared using an inefficiency index.  The formula for the inefficiency index is based on the 

basic definition of efficiency of input/output or cost/outcome (Equation six).  The definition of 

efficiency for this study was AIH/PHE.  It was necessary to rescale PHE to provide a measure 

that increases with outcome by taking the reciprocal of PHE (e.g. 1/ PHE).  To avoid comparing 

very large numbers, the reciprocal of PHE was multiplied by 100 for ease of interpretation. 

4.2.3.1 Equation six   

AIH/(1/PHE*100) 
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4.3 Methods:  Model construction 

Both objectives one and two assess the associations between the respective dependent 

variable and the explanatory variables, accounting for spatial dependence among 49 contiguous 

US states.   

4.3.1 Model assumptions 

The first step was to build a conventional or non-spatial ordinary least square (OLS) regression model that 

met all model assumptions (i.e. multicollinearity, normality of residuals, constant variance, linearity).  

The linear relationships between the dependent variable (AIH) and the explanatory variables were 

assessed by correlation coefficients, shown on the first row of  

 

Table 4- 3.  Multicollinearity refers to the perfect linear relationship among multiple pairs 

of explanatory variables.  As the degree of multicollinearity increases, the coefficient estimates 

of the regression model become unstable, resulting in wildly inflated standard errors for the 

coefficients (IDRE 2017).  There are a number of indicators for multicollinearity.  One is the 

multicollinearity condition number (MCN).  The MCN is an indicator of the degree to which the 

columns in the explanatory variable matrix show a linear relationship (Anselin and Rey 2014).  

The rule of thumb to assess excessive multicollinearity is when the MCN exceeds 30 or 50.  

These are arbitrary cut-off points.  It is the MCNs in the hundreds or even thousands that send 

alarms for concern (Belsley, Kuh et al. 2005).   The assumption of normally distributed error 

terms assures valid p-values for t-tests (IDRE 2017).  The errors themselves are however not 

observed and therefore the normality of the residuals, representatives of errors was assessed 

(Anselin and Rey 2014).  Many tests have been suggested to assess the normality of regression 

residuals.  The Jarque and Bera test was considered in this study.  For a well-fitted model, there 

should not be any pattern to the residuals plotted against the fitted values (IDRE 2017).  Non-

constant variance of the residuals is described to be heteroscedastic.  Non-graphical methods 

were used to assess heteroscedasticity of the OLS regression in the current study.  The Breusch-
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Pagan (BP) statistic and the Koenker and Bassett (KB) statistic were compared (Anselin and Rey 

2014).  A large difference between the two statistics would be an indication of non-normality, 

indicating heteroscedasticity.   

4.3.2 Spatial matrix 

In order to assess the presence of spatial dependence, a spatial matrix that described the 

spatial relationships among the geographical units was constructed.  In this study, the 

geographical units were 49 contiguous US states and district, using a contiguity matrix.  The 

most commonly used configurations for constructing a contiguity matrix are the queen and rook 

configurations.  The choice of configuration depends on logic pertaining to the study topic and 

the resulting distribution of neighbor numbers.  A row standardized spatial matrix attributes 

equal proportion of influence from each neighbor with each row adding up to one.  This 

procedure facilitates interpretation of spatial models.  It is therefore ideal to have symmetrical 

distribution of neighbor numbers (e.g. left side of the distribution similar to the right side if the 

distribution was divided in the middle).  Other distributions may potentially introduce bias.  For 

example, a bimodal distribution would introduce heterogeneity.  For the present study, the queen 

configuration and contiguity method (Figure 4- 2) produced are more ideal neighbor distribution 

compared to rook configuration and the minimum threshold method (Figure 4- 3 and Figure 4- 

4).  The states of Alaska and Hawaii were excluded from the study because they do not share 

borders with other states and considered non-contiguous.  Including District of Columbia in our 

analysis resulted in models that better explained the data. 

 

 

Figure 4- 2  Queen Configuration and Contiguity Method 



169 

 

 

Figure 4- 3  Rook Configuration and Contiguity Method 

 

Figure 4- 4  Minimum Threshold Distance Method (Euclidean distance 8.243501) 
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The Moran I’s statistic is the most commonly used statistic to assess for the presence of 

spatial dependence.  The Moran’s I statistic was calculated on the residuals of the OLS 

regression with respect to the spatial matrix (Arbia 2014).   A statistically significant Moran’s I > 

1 indicates positive spatial dependence.  A Moran’s I < 1 indicates negative spatial dependence 

and a Moran’s I = 0 indicates no spatial dependence.  In the case of a zero Moran’s I or a non-

significant Moran’s I, an ordinary OLS regression may be appropriate to describe the data.  The 

Lagrange multiplier tests were used both in confirming the existence of spatial dependence and 

to assist model selection in the presence of spatial dependence.   

4.3.4 Chow test for spatial heterogeneity 

The Chow test was used to assess spatial heterogeneity (Anselin and Rey 2014).  To 

assess for the presence of spatial heterogeneity, the 49 geographical units were grouped into four 

US census regions.  The census regions are defined by the US Census Bureau and is a commonly 

used classification system (Lewison 1997, Bradburn, Sudman et al. 2004, Kittler, Sucher et al. 

2011).  The census regions comprise of four statistical regions, with nine divisions, listed in 

Table 4- 8 (USCensusBureau 2015).  Other classification systems include the Standard Federal 

Regions (10 regions), Federal Reserve Banks (10 regions), and Bureau of Economic Analysis 

regions (8 regions).  There were 49 observations in our analytical dataset, representing the 49 

geographical units.  Dividing the dataset into eight or ten regions would result in four to seven 

units in each region which would not be sufficient for statistical testing. 

 

 

 

 
 

Table 4- 8  US Census Bureau Regions 
Northeast Midwest South West 
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Connecticut      Illinois         Delaware         Arizona          

Maine            Indiana          District of Columbia  Colorado        

Massachusetts    Michigan         Florida          Idaho            

New Hampshire    Ohio            Georgia          Montana          

Rhode Island     Wisconsin        Maryland         Nevada           

Vermont          Iowa            North Carolina   New Mexico       

New Jersey       Kansas           South Carolina   Utah             

New York         Minnesota        Virginia         Wyoming          

Pennsylvania     Missouri         West Virginia    Alaska*           

 Nebraska         Alabama          California       

 North Dakota     Kentucky         Hawaii*           

 South Dakota     Mississippi      Oregon           

  Tennessee        Washington  

  Arkansas          

  Louisiana                

  Oklahoma             

  Texas  

*Excluded from analysis due to non-contiguity 

SAS statistical program was used for data management.   GeoDa and GeoDaSpace were used for 

model specification and spatial analysis.  

 

 

 

 

 

 

 

 

 

 

 

 

4.4 RESULTS 
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4.4.1 Claims inclusion 

There were 29,821 inpatient claims extracted from Medicare data in 2013 by 

beneficiaries who met inclusion criteria (section 4.2.1.1.1, Figure 4- 5). 

 

Figure 4- 5  Number of Claims Included in the Study 
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4.4.2 Objective one:  State-level average adjusted inpatient services spending per hospital 

stay (AIH)   

4.4.2.1   Model construction 

Presented in Table 4- 7 were inefficiency factors numbered one to seven.  Guided by the 

correlation matrix shown in  

 

Table 4- 3, an OLS regression model included a variable representing each inefficiency factor, best fitted 

the data while meeting all model assumptions was constructed (Table 4- 9) (F-statistic 3.05, p-value = 

0.015).  The Pearson correlation coefficients ranged from 0.03 to 0.39 between AIH and each explanatory 

variable.  Adhering to interpretation rules, the relationships were weak to negligible.  

 

Table 4- 9  Non-spatial Ordinary Least Square (OLS) Regression Model 
Dependent Variable:  AIH     

R-squared     0.30 F-statistic     3.05 

Adjusted R-squared     0.20 P-value (F-statistic)     0.015 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 10516.92 1049.66 10.02 0.0000000 

gdp1 133.75 31.76 4.21 0.0001 

retention2 -1607.52 1137.24 -1.41 0.165 

hosp_beds3 -0.04 0.25 -0.14 0.887 

intern4 92.21 51.30 1.80 0.079 

mal_amt5 -14.15 6.81 -2.08 0.044 

prop_ratio6 0.620 1.40 0.444 0.660 
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 

 

The linear relationship with number of hospital beds per habitant and the proportion of 

proprietary hospitals were particularly weak.  They were however included in the analysis 

because they represent inefficiency factors of interest.  For the inefficiency factors where there 

was more than one explanatory variables, the variable with the highest linear correlation with 
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AIH without extreme correlation with other explanatory variables (e.g. number of medical interns 

per 1,000 habitants) were included in the first conventional regression model. 

4.4.2.2   Model assumptions check 

For our conventional (OLS) model, the MCN was 13.72 (Table 4- 10), a value well 

below the conservative cut-off value of 30. 

Table 4- 10  Regression Diagnostics of Ordinary Least Square (OLS) Model 

Multicollinearity 

Multicollinearity condition number 13.72 

Normality of residuals 

Test Degrees of freedom Value P-value 

Jarque-Bera 2 0.31 0.85 

Non-constant error of variance (heteroscedasticity) 

 

Random coefficients Degrees of freedom Value P-value 

Breusch-Pagan test 6 13.35 0.04 

Koenker-Bassett test 6 13.40 0.04 

 

Specification robust test Degrees of freedom Value P-value 

White 27 37.27 0.09 

 

The Jarque and Bera test was used to assess the normality of regression residuals (Table 4- 10).  

The p-value for normality was 0.85 (> 0.05); therefore we fail to reject the null hypothesis of 

normality and the normality assumption was met.  For the assessment of heteroscedasticity, the 

BP statistic and the KB statistic were compared (Table 4- 10).  The difference between the two 

statistics was minute (BP 13.35, KB 13.40), indicating normality.  Normality was confirmed with 

a third test statistic, the White test.  The p-value for the White test was 0.09 (> 0.05) and 

therefore, we failed to reject the null hypothesis of homoscedasticity.  The assumption of 

constant variance was met. 

4.4.2.3   Assessment for spatial dependence 
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 Once the non-spatial OLS regression was specified, the presence of spatial dependence 

was assessed using the Moran’s I statistic (Table 4- 11) 

 

Table 4- 11  Diagnostics for Spatial Dependence 
Test Moran’s I/DF Value P-value 

Moran's I (error) -0.03 0.19 0.849 

Lagrange Multiplier or LM (lag) 1 0.17 0.684 

Robust LM (lag) 1 0.08 0.777 

Lagrange Multiplier  (error) 1 0.10 0.757 

Robust LM (error) 1 0.01 0.918 

Lagrange Multiplier (SARMA) 2 0.18 0.916 

 

The Moran’s I statistic was slightly below zero (-0.03) with an associated z-value of 0.19.  With 

a p-value well over 0.05, we failed to reject the absence of spatial dependence.  The Moran’s I 

test is a sensitive test which does not exclusively detect spatial dependence.  Multicollinearity, 

non-normality, and heteroscedasticity are also detected along with spatial dependence.  This was 

the reason why the assumptions for the non-spatial OLS regression had to be assessed carefully.  

Because all regression assumptions were met, we could be confident that a significant non-zero 

Moran’s I would indicate the presence of spatial dependence.  In our case, no spatial dependence 

was detected by the Moran’s I test.  The Lagrange multiplier tests against spatial lag 

autocorrelation, spatial error autocorrelation, and higher order autocorrelation confirmed the 

absence of spatial autocorrelation.  However, the Moran’s I test is a global test for spatial 

dependence, spatial dependence can be regional, meaning that spatial heterogeneity might be 

present. 

4.4.2.4   Assessment of spatial heterogeneity   

A non-spatial OLS regression was generated for each US census region using the same 

explanatory variables from the global OLS regression model (Table 4- 8).  Table 4- 12 presents 

the results of each non-spatial OLS regression.  Not all regional models were significant.  The 
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models for the South and West regions were significant.  In addition, the explanatory variables 

that have significant associations with the dependent variable differ from model to model, 

indicating spatial heterogeneity.  To verify the existence of spatial heterogeneity, the Chow test, 

a global test for heterogeneity was used and the Lagrange Multiplier tests served as the final 

diagnostic to assess if the same spatial processes are at work in each region (Anselin and Rey 

2014).  The Chow global test showed a very high significance (p-value = 0.0005) of spatial 

heterogeneity (Table 4- 13).  Of the separate tests, strong evidence for coefficient heterogeneity 

was suggested for state GDP per capita, number of medical interns per 1,000 habitants, and 

medical malpractice settlement amount.  The number of medical interns was significant in two of 

the four regional models. 
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Table 4- 12  Objective One Non-spatial Ordinary Least Square (OLS) Models 

Global (non-regional) model 

1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 

 

Dependent Variable:  AIH     

R-squared     0.30 F-statistic     3.05 

Adjusted R-squared     0.20 P-value (F-statistic)     0.015 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 10516.92 1049.66 10.02 0.0000000 

gdp1 133.75 31.76 4.21 0.0001 

retention2 -1607.52 1137.24 -1.41 0.165 

hosp_beds3 -0.04 0.25 -0.14 0.887 

intern4 92.21 51.30 1.80 0.079 

mal_amt5 -14.15 6.81 -2.08 0.044 

prop_ratio6 0.620 1.40 0.444 0.660 

Northeast South 

Dependent Variable:  AIH     Dependent Variable:  AIH     

R-squared     0.39 F-statistic     0.21 R-squared     0.83 F-statistic     8.31 

Adjusted R-squared     -1.45 P-value (F-statistic)     0.942 Adjusted R-squared     0.73 P-value (F-statistic)     0.002 

Explanatory variable Coefficient Std.Error t-Statistic P-value Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 6963.53 5881.85 1.18 0.358 Constant 7709.98 876.53 8.80 0.000005 

gdp1 977.65 1513.30 0.65 0.584 gdp1 115.69 68.16 1.70 0.120 

retention2 -1232.04 8269.87 -0.15 0.895 retention2 2694.71 1158.54 2.33 0.042 

hosp_beds3 1.49 3.52 0.42 0.714 hosp_beds3 0.10 0.34 0.30  0.773 

intern4 72.33 315.29 0.23 0.840 intern4 217.51 54.79 3.97 0.003 

mal_amt5 -175.15 287.79 -0.61 0.605 mal_amt5 26.77 37.07 0.72 0.487 

prop_ratio6 -9.95 13.81 -0.72 0.546 prop_ratio6 -4.77 2.26  -2.11 0.061 

Midwest West 

Dependent Variable:  AIH     Dependent Variable:  AIH     

R-squared     0.45 F-statistic     0.67 R-squared     0.92 F-statistic     7.52 

Adjusted R-squared     -0.22 P-value (F-statistic)     0.682 Adjusted R-squared     0.80 P-value (F-statistic)     0.036 

Explanatory variable Coefficient Std.Error t-Statistic P-value Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 10683.54 5228.92 2.04 0.096 Constant 15266.91 1580.55 9.66  0.0006 

gdp1 1.16 674.14 0.09 0.999 gdp1 -358.19 155.61  -2.30 0.083 

retention2 618.52 7050.09 -0.15 0.895 retention2 1365.48 1159.55 1.18 0.304 

hosp_beds3 -0.55 0.71 -0.77 0.474 hosp_beds3 -0.82 0.46  -1.76 0.153 

intern4 186.95 498.90 0.37 0.723 intern4 -2305.38 446.88 -5.16 0.007 

mal_amt5 14.70 132.84 0.11 0.916 mal_amt5 517.53 161.85 3.20 0.033 

prop_ratio6 -3.16 6.97 -0.45 0.670 prop_ratio6 -3.44 1.80 -1.91 0.129 
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Table 4- 13  Objective one Chow Test for Heterogeneity 

Explanatory variable DF Value P-value 

constant 3 17.72 0.0005 

gdp1 3 8.17 0.043 

retention2 3 0.85 0.838 

hosp_beds3 3 2.98 0.395 

intern4 3 31.51 0.0000 

mal_amt5 3 9.40 0.024 

prop_ratio6 3 0.41 0.938 

Global test 21 60.52 < 0.00001 
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 

 

The Lagrange Multiplier tests for the global spatial dependence showed no evidence of spatial 

dependence (all spatial models were non-significant with p-values > 0.05) while the Lagrange 

Multiplier tests for individual regions were not consistent.   

Table 4- 14 presents the global LM tests and the LM tests for individual regions for 

comparison.  The global LM tests showed no significance with spatial lag, spatial error, or higher 

order spatial models (all p-values > 0.05).  However, not all regional LM tests showed no spatial 

dependence.  The LM tests for the Northeast was significant for spatial lag autocorrelation.  This 

is added evidence that there is spatial heterogeneity.  The presence of spatial heterogeneity 

suggested that the regional regressions provide better insight into model specification than the 

global regression.  OLS regressions for the South and West regions were both significant with no 

indication of spatial autocorrelation (Table 4- 12 and  

Table 4- 14).  The non-spatial OLS regressions for the South and West regions were 

therefore sufficient assessing the associations between the explanatory variables and the 

dependent variable.  For South region, retention of medical interns and the number of interns had 

a positive association with AIH (Table 4- 12).  For the West region, the number of medical 
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interns had a negative association with AIH while malpractice settlement amounts had a positive 

association with AIH (Table 4- 12).  The OLS regression for the Northeast was not significant 

but the LM tests detected spatial autocorrelation (Table 4- 12 and  

Table 4- 14).  For this region, we considered a spatial lag model (Table 4- 15).  The 

Anselin-Kelejian was non-significant (p-value > 0.05), suggesting no remaining spatial 

autocorrelation.  None of the explanatory variables had significant association with AIH in the 

Northeast Table 4- 15). Therefore, a new OLS model with explanatory variables from  

 

Table 4- 3 adjusted for spatial dependence for the Northeast region was specified ( 

Table 4- 16).  The new spatial lag model found a significant association between the 

number of primary physicians and AIH (Anseliin-Kelejian p-value > 0.035).   

For the Midwest region, the non-spatial OLS regression was non-significant with no 

indication of spatial autocorrelation (Table 4- 12 and  

Table 4- 14).  No association between explanatory variables and AIH was detected.  A 

new OLS model was constructed for the Midwest region with other explanatory variables from  

 

Table 4- 3.  The only explanatory variable found to be associate with AIH in the Midwest 

was primary care physicians per 100 physicians.  The results and regression diagnostics for the 

Midwest region are shown in Table 4- 17 and Table 4- 18. 
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Table 4- 14  Objective One Lagrange Multiplier tests:  Global and Regional 

Global Lagrange Multiplier tests DF Value P-value 

Lagrange Multiplier (lag) 1 0.43 0.512 

Robust LM (lag) 1 0.006 0.936 

Lagrange Multiplier (error) 1 0.75 0.387 

Robust LM (error) 1 0.33 0.569 

Lagrange Multiplier (SARMA) 2 0.76 0.685 

Northeast: Lagrange Multiplier tests DF Value P-value 

Lagrange Multiplier (lag) 1 7.78 0.005 

Robust LM (lag) 1 8.80 0.003 

Lagrange Multiplier (error) 1 0.17 0.676 

Robust LM (error) 1 1.20 0.274 

Lagrange Multiplier (SARMA) 2 8.97 0.011 

Midwest: Lagrange Multiplier tests DF Value P-value 

Lagrange Multiplier (lag) 1 0.51 0.475 

Robust LM (lag) 1 0.96 0.326 

Lagrange Multiplier (error) 1 0.70 0.403 

Robust LM (error) 1 1.15 0.283 

Lagrange Multiplier (SARMA) 2 1.66 0.435 

South: Lagrange Multiplier tests DF Value P-value 

Lagrange Multiplier (lag) 1 1.16 0.282 

Robust LM (lag) 1 0.05 0.825 

Lagrange Multiplier (error) 1 1.24 0.266 

Robust LM (error) 1 0.13 0.718 

Lagrange Multiplier (SARMA) 2 1.29 0.526 

West: Lagrange Multiplier tests DF Value P-value 

Lagrange Multiplier (lag) 1 1.27 0.260 

Robust LM (lag) 1 0.89 0.347 

Lagrange Multiplier (error) 1 2.25 0.133 

Robust LM (error) 1 1.87 0.172 

Lagrange Multiplier (SARMA) 2 3.14 0.208 
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Table 4- 15  Objective One:  Northeast Spatial Lag Model 

Dependent Variable:  AIH     
 

1gdp = state gross domestic product (GDP) per capita 

in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 

habitants 
5mal_amt = medical malpractice settlement amount 

(USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 

 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 21099.72 39842.58 0.53 0.596 

gdp1 3184.92 3435.12 0.93 0.354 

retention2 1856.92 16668.28 0.11 0.911 

hosp_beds3 -2.73 5.57 -0.49 0.624 

intern4 231.51 558.27 0.41 0.678 

mal_amt5 -548.97 638.55 -0.86 0.390 

prop_ratio6 -6.99 21.65 -0.32 0.747 

 

Table 4- 16  Objective One:  New Spatial Lag Model for Northeast 

Dependent Variable:  AIH     

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 7419.93 2797.09 2.65 0.008 

gdp 143.85 82.10 1.75 0.078 

primdr 40.66 19.30 2.11 0.035 

prop_ratio -0.79 4.13 -0.19 0.848 
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2primdr = Number of primary physicians per 100,000 habitants 
3prop_ratio = proprietary hospitals per 1,000 hospitals 

 

Table 4- 17  Objective One:  New Ordinary Least Square Regression for Midwest 

Dependent Variable:  AIH     

R-squared     0.49 F-statistic     4.32 

Adjusted R-squared     0.38 P-value (F-statistic)     0.048 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 22161.48 4253.21 5.21 0.0004 

ratio_prim1 -325.72 112.52 -2.89 0.014 
1ratio_prim = primary care physicians per 100 physicians 

 

Table 4- 18  Objective One:  New Ordinary Least Square Regression Diagnostics for Midwest 

Multicollinearity 

Multicollinearity condition number 39.34 

Normality of residuals 

Test Degrees of freedom Value P-value 

Jarque-Bera 2 0.91 0.635 

Non-constant error of variance (heteroscedasticity) 

Random coefficients 
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Test Degrees of freedom Value P-value 

Breusch-Pagan test 1 1.40 0.237 

Koenker-Bassett test 1 1.31 0.252 

 

For the new OLS regression for the Midwest region, all model assumptions were met and no 

evidence of spatial dependence was detected by the Lagrange Multiplier tests (all p-values > 

0.05) (Table 4- 19). 

Table 4- 19  Objective One:  Midwest New Ordinary Least Square Regression:  Diagnostics for Spatial 

Dependence 

Region Midwest Lagrange Multiplier tests DF Value P-value 

Lagrange Multiplier (lag) 1 1.19 0.275 

Robust LM (lag) 1 0.87 0.350 

Lagrange Multiplier (error) 1 1.04 0.309 

Robust LM (error) 1 0.72 0.397 

Lagrange Multiplier (SARMA) 2 1.909 0.385 

 

4.4.2.5   Results summary 

In summary for objective one, spatial heterogeneity was detected and separate models 

were constructed for each of the four US census regions.   Different explanatory variables were 

associated with AIH in each region.  Only the Northeast region required a spatial model.  The 

following factors were associated with AIH in each region:  Number of primary physicians for 

the Northeast region,  number of primary care physicians per 100 physicians for the Midwest 

region, retention of medical interns and the number of medical interns for the South region, and 

state GDP, number of medical interns, and medical malpractice settlement amount for the West 

region.   
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4.4.3 Objective two:  State-level proportion of hospital stays with admission diagnosis of 

epilepsy or seizure (PHE) 

4.4.3.1 Model construction, assumptions, spatial dependence and heterogeneity check 

The proxy measure of quality of care for the study was PHE.  A high PHE would be 

interpreted as low overall outcome of treatment for epilepsy (quality).  The same model building 

methods for objective one were used with PHE as the dependent variable, considering the same 

explanatory variables in the global model for objective one.  The global regression model (Table 

4- 20) was not significant, but all regression assumptions were met, even the strict 

multicollinearity condition cut-off of 30.  Neither the Moran’s I nor the Lagrange Multiplier tests 

detected any spatial dependence.  The next step was to assess for the existence of spatial 

heterogeneity.  Consistent with objective one, the four regions devised by US Census Bureau 

were considered.  
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Table 4- 20  Objective Two Non-spatial Ordinary Least Square Models and Spatial Diagnostics 

Global OLS regression model Regression diagnostics Diagnostics for spatial dependence 

Dependent Variable:  PHE     Multicollinearity Test MI/DF Value Prob 

R-squared     0.05 F-statistic     0.39 Multicollinearity condition # 13.72 Moran's I (error) -0.04 0.25 0.799 

Adjusted R-squared     -0.08 P-value (F-statistic)     0.879 Normality of residuals LM (lag) 1 0.26 0.612 

Explanatory variable Coef. Std.Error t-Statistic Prob Test DF Value Prob Robust LM (lag) 1 0.84 0.359 

Constant 6.55 1.24 5.29 0.000004 Jarque-Bera 2 6.28 0.043 LM (error) 1 0.14 0.712 

gdp -0.06 0.10 -0.60 0.555 Heteroscedasticity Robust LM (error) 1 0.72 0.396 

retention -1.18 1.34 -0.88 0.386 Random coef. DF Value Prob LM (SARMA) 2 0.98 0.613 

hosp_bed -0.0001 0.0004 -0.38 0.709 Breusch-Pagan  6 16.10 0.013     

intern -0.04 0.08 -0.45 0.658 Koenker-Bassett  6 9.34 0.155     

mal_amt -0.002 0.03 -0.07 0.945 Specification robust test     

prop_ratio 0.0008 0.003 0.29 0.777 White 27 39.03 0.063     

Northeast:  OLS regression model    

Dependent Variable:  PHE     Multicollinearity Test MI/DF Value Prob 

R-squared     0.95 F-statistic     6.19 Multicollinearity condition # 61.46 LM (lag) 1 8.35 0.004 

Adjusted R-squared     0.80 P-value (F-statistic)     0.146 Normality of residuals Robust LM (lag) 1 9.00 0.003 

Explanatory variable Coef. Std.Error t-Statistic Prob Test DF Value Prob LM (error) 1 0.03 0.862 

Constant 1.43 2.64 0.54 0.642 Jarque-Bera 2 0.42 0.811 Robust LM (error) 1 0.68 0.411 

gdp 2.01 0.68 2.96 0.097 Heteroscedasticity LM (SARMA) 2 9.03 0.011 

retention -8.30 3.71 -2.24 0.154 Random coef. DF Value Prob     

hosp_beds 0.004 0.002 2.76 0.110 Breusch-Pagan  6 4.54 0.604     

intern -0.40 0.14 -2.82 0.106 Koenker-Bassett  6 5.45 0.487     

mal_amt -0.36 0.13 -2.80 0.107 Specification robust test     

prop_ratio -0.02 0.006 -3.98 0.058 Not computed due to multicollinearity     

Mideast:  OLS regression model   

Dependent Variable:  PHE     Multicollinearity Test MI/DF Value Prob 

R-squared     0.56 F-statistic     1.08 Multicollinearity condition # 54.50 LM (lag) 1 0.13 0.717 

Adjusted R-squared     0.04 P-value (F-statistic)     0.476 Normality of residuals Robust LM (lag) 1 2.07 0.151 

Explanatory variable Coef. Std.Error t-Statistic Prob Test DF Value Prob LM (error) 1 2.67 0.102 

Constant 13.95 6.35 2.20 0.079 Jarque-Bera 2 0.11 0.949 Robust LM (error) 1 4.61 0.032 

gdp 0.11 0.82 0.13 0.902 Heteroscedasticity LM (SARMA) 2 4.74 0.094 

retention -6.64 8.56 -0.78 0.473 Random coef. DF Value Prob     

hosp_beds -0.0004 0.0009 -0.52 0.626 Breusch-Pagan  6 6.67 0.353     

intern -0.61 0.61 -1.01 0.357 Koenker-Bassett  6 6.46 0.374     

mal_amt -0.05 0.16 -0.29 0.783 Specification robust test     

prop_ratio -0.01 0.008 -1.74 0.143 Not computed due to multicollinearity     

South:  OLS regression model    

Dependent Variable:  PHE     Multicollinearity Test MI/DF Value Prob 

R-squared     0.46 F-statistic     1.40 Multicollinearity condition # 23.34 LM (lag) 1 0.02 0.877 

Adjusted R-squared     0.13 P-value (F-statistic)     0.303 Normality of residuals Robust LM (lag) 1 4.24 0.039 

Explanatory variable Coef. Std.Error t-Statistic Prob Test DF Value Prob LM (error) 1 0.23 0.633 

Constant 3.38 1.48 2.29 0.045 Jarque-Bera 2 0.60 0.740 Robust LM (error) 1 4.45 0.035 

gdp -0.10 0.12 -0.84 0.422 Heteroscedasticity LM (SARMA) 2 4.47 0.107 

retention 3.81 1.96 1.95 0.080 Random coef. DF Value Prob     

hosp_beds 0.000007 0.0006 0.01 0.990 Breusch-Pagan 6 3.22 0.781     

intern 0.15 0.09 1.58 0.145 Koenker-Bassett  6 4.34 0.631     

mal_amt 0.02 0.06 0.28 0.783 Spec. robust DF Value Prob     

prop_ratio -0.006 0.004 -1.45 0.179 White 27 -1279 1.000     

West:  OLS regression model   

Dependent Variable:  PHE     Multicollinearity Test MI/DF Value Prob 

R-squared     0.92 F-statistic     7.27 Multicollinearity condition # 27.83 LM (lag) 1 0.000 0.984 

Adjusted R-squared     0.79 P-value (F-statistic)     0.038 Normality of residuals Robust LM (lag) 1 0.000 0.991 

Explanatory variable Coef. Std.Error t-Statistic Prob Test DF Value Prob LM (error) 1 0.01 0.940 

Constant 20.44 3.40 6.01 0.004 Jarque-Bera 2 0.64 0.728 Robust LM (error) 1 0.01 0.942 

gdp 0.79 0.33 2.37 0.077 Heteroscedasticity LM (SARMA) 2 0.01 0.997 

retention -12.55 2.49 -5.03 0.007 Random coef. DF Value Prob     

hosp_beds -0.005 0.001 -4.76 0.009 Breusch-Pagan 6 6.02 0.421     

intern 2.06 0.96 2.14 0.099 Koenker-Bassett  6 6.42 0.378     

mal_amt -0.90 0.35 -2.58 0.061 Spec. robust DF Value Prob     

prop_ratio 0.005 0.004 1.20 0.297 White 27 -13347 1.000     
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Out of the four regional OLS models, only the West region found no indication of spatial 

dependence.  Significance detected by the Chow test for heterogeneity strengthened the 

suspicion of spatial heterogeneity (Table 4- 21).  Although the OLS models for Northwest, 

Midwest, and South regions were not significant, evidence of spatial dependence was indicated 

by the Lagrange Multiplier tests (Table 4- 20).  Spatial models were therefore required for these 

regions. 

Table 4- 21  Chow Test for Heterogeneity for PHE*   
Explanatory variable DF Value P-value 

constant 3 25.51 0.0000 

gdp1 3 14.90 0.002 

retention2 3 28.93 0.0000 

hosp_beds3 3 28.30 0.0000 

intern4 3 16.05 0.001 

mal_amt5 3 12.77 0.005 

prop_ratio6 3 17.57 0.0005 

Global test 21 108.24 0.0000 
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 
*PHE = proportion of hospital stay with primary admission diagnosis of epilepsy or seizure 

The spatial lag models for the Northeast, Midwest, and South regions are presented in Table 4- 22.  After 

accounting for spatial lag, we failed to reject the null hypothesis of no spatial dependence (DF = 1, value 

= 0.006, p-value = 0.94).  None of the spatial regression models for these three regions was significant.  

New models were required to describe the data from these regions. New OLS regression models were 

constructed, considering the list of explanatory variables in  

 

Table 4- 3.  Table 4- 23 presents the new models with the respective Lagrange Multiplier tests.  

For the South, the number of medical interns and the number of primary care physicians per 100 

physicians were significant factors with respect to PHE with no evidence of spatial dependence.  

Spatial dependence was detected in the Northeast and the spatial lag model is presented in Table 

4- 24 where the number of medical interns was significant with respect to PHE.  Another new 

OLS model was constructed for the Midwest because neither significant factors nor spatial 

dependence was found in the previous models. This newest model for Midwest indicated 
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significance of proprietary hospitals per 1,000 hospitals adjusting for the number primary care 

physicians with respect to PHE (Table 4- 24). 

Table 4- 22  Objective Two: Spatial Lag Models for Regions Northeast, Midwest, and South 

Northeast 

Dependent Variable:  PHE    

Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 17.77 44.11 0.40 0.687 

gdp1 6.08 9.13 0.67 0.506 

retention2 -16.27 17.96 -0.91 0.365 

hosp_beds3 0.008 0.008 1.10 0.273 

intern4 -0.91 1.26 -0.73 0.467 

mal_amt5 -1.34 2.20 -0.61 0.543 

prop_ratio6 0.02 0.11 0.14 0.888 

Midwest 

Dependent Variable:  PHE     

Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 25.64 34.94 0.73 0.463 

gdp1 0.12 1.52 0.08 0.936 

retention2 -0.92 18.91 -0.05 0.961 

hosp_beds3 0.0007 0.004 0.20 0.838 

intern4 0.17 1.81 0.09 0.924 

mal_amt5 -0.08 0.33 -0.25 0.801 

prop_ratio6 -0.01 0.01 -1.01 0.311 

South 

Dependent Variable:  PHE     

Explanatory variable Coefficient Std.Error t-Statistic P-value 

Constant 19.30 38.88 0.50 0.620 

gdp1 0.49 1.46 0.34 0.735 

retention2 12.80 22.04 0.58 0.561 

hosp_beds3 0.0002 0.004 0.04 0.966 

intern4 0.39 0.74 0.53 0.600 

mal_amt5 -0.22 0.58 -0.38 0.705 

prop_ratio6 -0.02 0.04 -0.51 0.608 
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 
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Table 4- 23  Objective Two: New Regional Ordinary Least Square Regression Models (Northeast, 

Midwest, and South) and Lagrange Multiplier tests 
Northeast 

Dependent Variable:  PHE     

R-squared     0.31 F-statistic     0.77 

Adjusted R-squared     -0.10 P-value (F-statistic)     0.560 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 6.57 10.26 0.64 0.550 

retention1 3.20 5.26 0.61 0.570 

intern2 -0.40 0.35 -1.15 0.302 

ratio_prim3 -0.05 0.24 -0.20 0.852 

TEST MI/DF VALUE PROB 

Lagrange Multiplier (lag) 1 5.05 0.025 

Robust LM (lag) 1 0.36 0.549 

Lagrange Multiplier (error) 1 10.20 0.001 

Robust LM (error) 1 5.51 0.019 

Lagrange Multiplier (SARMA) 2 10.56 0.005 

Midwest 

Dependent Variable:  PHE     

R-squared     0.27 F-statistic     0.98 

Adjusted R-squared     -0.01 P-value (F-statistic)     0.449 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 17.91 12.07 1.48 0.176 

retention1 -6.61 5.84 -1.13 0.290 

intern2 -0.65 0.41 -1.61 0.147 

ratio_prim3 -0.17 0.25 -0.67 0.519 

TEST MI/DF VALUE PROB 

Lagrange Multiplier (lag) 1 0.14 0.714 

Robust LM (lag) 1 0.30 0.582 

Lagrange Multiplier (error) 1 3.40 0.065 

Robust LM (error) 1 3.57 0.059 

Lagrange Multiplier (SARMA) 2 3.71 0.157 

South 

Dependent Variable:  PHE     

R-squared     0.44 F-statistic     3.45 

Adjusted R-squared     0.32 P-value (F-statistic)     0.048 

Explanatory 

variable 

Coefficient Std.Error t-Statistic P-value 

constant -6.46 4.27 -1.51 0.154 

retention1 1.21 1.16 1.04 0.318 

intern2 0.18 0.06 3.13 0.008 

ratio_prim3 0.28 0.11 2.50 0.027 

TEST MI/DF VALUE PROB 

Lagrange Multiplier (lag) 1 0.002 0.967 

Robust LM (lag) 1 1.18 0.277 

Lagrange Multiplier (error) 1 0.48 0.490 

Robust LM (error) 1 1.66 0.198 

Lagrange Multiplier (SARMA) 2 1.66 0.436 
1retention = retention rate of medical interns 
2intern = number of medical interns per 1,000 habitants 
3ratio_prim = primary care physicians per 100 physicians 
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Table 4- 24  Objective Two New Spatial Lag Regression Model for the Northeast and New Ordinary 

Least Square Model for the Midwest 

Northeast (spatial lag regression model) 

Dependent Variable:  PHE     

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 11.0 4.35 2.53 0.012 

retention1 0.95 1.91 0.50 0.619 

intern2 -0.51 0.21 -2.48 0.013 

ratio_prim3 -0.04 0.10 -0.39 0.696 

Midwest  (OLS regression model) 

Dependent Variable:  PHE     

R-squared     0.49  F-statistic     4.29  

Adjusted R-squared     0.37 P-value (F-statistic)     0.049 

Explanatory variable Coefficient Std.Error t-Statistic P-value 

constant 14.52 5.06 2.87 0.018 

primdr4 -0.10 0.06 -1.66 0.131 

prop_ratio5 -0.02 0.007 -2.91 0.017 
1retention = retention rate of medical interns 
2intern = number of medical interns per 1,000 habitants 
3ratio_prim = primary care physicians per 100 physicians 
4primdr = number of primary physicians per 100,000 habitants 
5prop_ratio = proprietary hospitals per 1,000 hospitals 

 

4.4.3.2 Results summary 

In summary for objective two, significant heterogeneity was detected with respect to 

PHE among the geographical units.  Out of the four US census regions, a spatial model was 

required for only the Northeast.  OLS regression models were sufficient for the Midwest, South, 

and West regions.  For the Northeast, the number of medical interns had negative association 

with PHE.  For the Midwest, the number of proprietary hospitals per 1,000 hospitals had a 

negative association with PHE.  The number of primary physicians per 100 physicians and the 

number of medical interns had positive associations with PHE in the South after adjusting for the 

retention of medical interns.  Both retention of medical interns and number of hospital beds had a 

negative associations with PHE in the West. 
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4.4.4 Objective three:  Inefficiency index 

For objective three, the inefficiency index was calculated for each state and were 

compared.   

4.4.4.1 National ranking 

The AIH, PHE, and inefficiency index were ranked nationally in Table 4- 25 to Table 4- 27.  The 

cartographic illustrations are presented in Figure 4- 6 to Figure 4- 8.  The state of Idaho was 

consistently inefficient in being the state with the highest AIH (costs), highest PHE (quality), and 

highest inpatient inefficiency.  At the other end, Rhode Island was the least inefficient in 

inpatient care for Medicare patients with epilepsy and the lowest PHE (quality).  For spending, 

Rhode Island had the second lowest AIH, just above South Dakota. 
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Table 4- 25   State-level Average Adjusted Inpatient Services Spending per Hospital Stay (AIH) Ranking 

(Rank 1 = lowest cost in 2013 US$) 
Rank State AIH Rank State AIH 

1 South Dakota 7901 26 Michigan 10261 

2 Rhode Island 8158 27 Arkansas 10311 

3 New Mexico 8780 28 North Carolina 10316 

4 Kansas 8817 29 Louisiana 10389 

5 Alabama 8845 30 Washington 10468 

6 Nebraska 8922 31 Connecticut 10485 

7 New Hampshire 8970 32 Massachusetts 10527 

8 Delaware 8988 33 Colorado 10595 

9 Utah 9046 34 North Dakota 10613 

10 Iowa 9136 35 Pennsylvania 10692 

11 Virginia 9148 36 Arizona 10722 

12 Kentucky 9675 37 Minnesota 10803 

13 New Jersey 9682 38 New York 10845 

14 Tennessee 9695 39 Ohio 10899 

15 Mississippi 9757 40 Missouri 10920 

16 South Carolina 9772 41 Georgia 11008 

17 West Virginia 9810 42 Texas 11124 

18 Wisconsin 9852 43 Maryland 11166 

19 Oklahoma 9876 44 Vermont 11355 

20 Maine 9945 45 Nevada 11475 

21 Florida 9946 46 California 11939 

22 Wyoming 9980 47 Montana 12028 

23 Oregon 9988 48 Idaho 12552 

24 Indiana 10108 49 District of Columbia 13376 

25 Illinois 10155    

 
Figure 4- 6  Map of State-level Average Adjusted Inpatient Services Spending per Hospital Stay (AIH) 

Ranking (Rank 1 = lowest spending in 2013 US$) 
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Table 4- 26  State-level proportion of hospital stays with admission diagnosis of epilepsy or seizure 

(PHE) Ranking (Rank 1 = highest quality) 
Rank State PHE Rank State PHE 

1 Rhode Island 1.06 26 Florida 4.92 

2 Arizona 2.89 27 California 4.96 

3 Massachusetts 2.97 28 New Hampshire 5.08 

4 Montana 3.13 29 Georgia 5.23 

5 Oklahoma 3.64 30 North Carolina 5.36 

6 Tennessee 3.76 31 Connecticut 5.45 

7 Texas 3.91 32 Maryland 5.5 

8 South Dakota 4 33 New York 5.56 

9 Louisiana 4.1 34 Kentucky 5.67 

10 Illinois 4.18 35 South Carolina 5.69 

11 Delaware 4.23 36 Alabama 5.89 

12 Ohio 4.27 37 Wisconsin 5.96 

13 Kansas 4.3 38 Oregon 5.97 

14 Missouri 4.36 39 Nebraska 6 

15 Minnesota 4.41 40 Maine 6.15 

16 Virginia 4.49 41 Wyoming 6.45 

17 Pennsylvania 4.52 42 District of Columbia 6.54 

18 Michigan 4.56 43 Arkansas 6.57 

19 Mississippi 4.61 44 West Virginia 6.67 

20 Nevada 4.66 45 Washington 7.74 

21 Indiana 4.72 46 New Mexico 7.92 

22 New Jersey 4.74 47 North Dakota 8.7 

23 Colorado 4.83 48 Utah 9.23 

24 Vermont 4.84 49 Idaho 11.29 

25 Iowa 4.89    

 
Figure 4- 7  Map of State-level proportion of hospital stays with admission diagnosis of epilepsy or 

seizure (PHE) Ranking (Rank 1 = best outcome) 
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Table 4- 27  Inefficiency Index Ranking (Rank 1 = least inefficient) 
Rank State Index Rank State Index 

1 Rhode Island 86 26 Alabama 521 

2 Arizona 310 27 Nebraska 535 

3 Massachusetts 313 28 Nevada 535 

4 South Dakota 316 29 Kentucky 549 

5 Oklahoma 359 30 Vermont 550 

6 Tennessee 365 31 North Carolina 553 

7 Montana 376 32 South Carolina 556 

8 Kansas 379 33 Connecticut 571 

9 Delaware 380 34 Georgia 576 

10 Virginia 411 35 Wisconsin 587 

11 Illinois 424 36 California 592 

12 Louisiana 426 37 Oregon 596 

13 Texas 435 38 New York 603 

14 Iowa 447 39 Maine 612 

15 Mississippi 450 40 Maryland 614 

16 New Hampshire 456 41 Wyoming 644 

17 New Jersey 459 42 West Virginia 654 

18 Ohio 465 43 Arkansas 677 

19 Michigan 468 44 New Mexico 695 

20 Missouri 476 45 Washington 810 

21 Minnesota 476 46 Utah 835 

22 Indiana 477 47 District of Columbia 875 

23 Pennsylvania 483 48 North Dakota 923 

24 Florida 489 49 Idaho 1417 

25 Colorado 512    

 
Figure 4- 8  Map of Inefficiency Index Ranking (Rank 1 = least inefficient) 
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Overall, inpatient inefficiency was highly associated with PHE (quality).  No association 

between inpatient inefficiency and AIH (cost) was detected (Table 4- 28).     

Table 4- 28   Spearman Correlation Coefficient Matrix (national) 

 Inefficiency index AIH1 PHE2 

Inefficiency index 1.000 0.267 0.939 

P-value n/a3 0.640 <0.0001 

AIH1 0.267 1.000 -0.021 

P-value 0.064 n/a3 0.885 

PHE2 0.939 -0.0212 1.000 

P-value <0.0001 0.885 n/a3 

1AIH = State-level Average Adjusted Inpatient Services Spending Per Hospital Stay 
2PHE = State-level Proportion of Hospital Stays with Admission Diagnosis of Epilepsy or seizure 
3n/a = not applicable 

 

4.4.4.2 Regional ranking 

 In the Northeast, Rhode Island had the lowest inefficiency index while Maine had the 

highest inefficiency index (Table 4- 29).  PHE (quality) appeared to be a stronger indicator of 

inpatient inefficiency in this region.  The number of active patient care primary care physicians 

per 100,000 habitants was the only factor found to be associated to inefficiency with respect to 

AIH (cost) in this region. 

Table 4- 29  Northeast Region – Ranking of Inpatient Inefficiency (Rank 1 = least inefficient) 

Rank State AIH State PHE State Inefficiency 

index 

primdr1 

1 Rhode Island 8158 Rhode Island 1.06 Rhode Island 86 102.4 

2 New 

Hampshire 

8970 Massachusetts 2.97 Massachusetts 313 115.5 

3 New Jersey 9682 Pennsylvania 4.52 New 

Hampshire 

456 101.4 

4 Maine 9945 New Jersey 4.74 New Jersey 459 86.7 

5 Connecticut 10485 Vermont 4.84 Pennsylvania 483 88 

6 Massachusetts 10527 New 

Hampshire 

5.08 Vermont 550 119.2 

7 Pennsylvania 10692 Connecticut 5.45 Connecticut 571 93.2 

8 New York 10845 New York 5.56 New York 603 94 

9 Vermont 11355 Maine 6.15 Maine 612 117.1 
1 Number of active patient care primary care physicians per 100,000 habitants 

 

The Spearman correlation matrix presented in Table 4- 30 confirmed the observation.  The 

association between inefficiency index and AIH (cost) was not significant while the association 



194 

 

between inefficiency index and PHE (quality) was significant with a Spearman correlation 

coefficient (SCC) of 0.883 (p-value = 0.002).  In the Northeast region, improving quality of care 

(i.e. health outcomes) would likely decrease inefficiency. 

Table 4- 30   Spearman Correlation Coefficient Matrix (Northeast) 

 Inefficiency index AIH1 PHE2 primdr3 

Inefficiency index 1.000 0.500 0.883 0.050 

P-value n/a4 0.171 0.002 0.898 
1AIH = State-level average adjusted inpatient services spending per hospital Stay 
2PHE = State-level proportion of hospital stays with admission diagnosis of epilepsy or seizure 
3primdr = Number of active patient care primary care physicians per 100,000 habitants 
4n/a = not applicable 

 

 In the Midwest region, South Dakota had the lowest inefficiency index which was 

logically explained by its highest ranking in AIH (cost) and the lowest ranking in PHE (quality).  

North Dakota had the highest inefficiency index and the lowest ranking in PHE (quality) but it 

was the fourth highest ranking in AIH (cost).   

Table 4- 31  Midwest region – Ranking of Inpatient Inefficiency (Rank 1 = least inefficient) 

Rank State AIH State PHE State Inefficiency index 

1 South Dakota 7901 South Dakota 4 South Dakota 316 

2 Kansas 8817 Illinois 4.18 Kansas 379 

3 Nebraska 8922 Ohio 4.27 Illinois 424 

4 Iowa 9136 Kansas 4.3 Iowa 447 

5 Wisconsin 9852 Missouri 4.36 Ohio 465 

6 Indiana 10108 Minnesota 4.41 Michigan 468 

7 Illinois 10155 Michigan 4.56 Missouri 476 

8 Michigan 10261 Indiana 4.72 Minnesota 476 

9 North Dakota 10613 Iowa 4.89 Indiana 477 

10 Minnesota 10803 Wisconsin 5.96 Nebraska 535 

11 Ohio 10899 Nebraska 6 Wisconsin 587 

12 Missouri 10920 North Dakota 8.7 North Dakota 923 

  

In the Midwest, none of the inefficiency factors examined was found to be associated 

with inpatient inefficiency (Table 4- 31).  South Dakota had the lowest inefficiency index which 

was driven by both AIH (cost) and PHE (quality).  The PCC describing the association between 

inpatient inefficiency and PHE (quality) indicated a strong association (Table 4- 32).  The 
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association between inpatient inefficiency and AIH (cost) however was not significant (Table 4- 

32).  Improving quality rather than cutting cost would likely be more effective as means of 

decreasing inpatient inefficiency in this region. 

Table 4- 32   Spearman Correlation Coefficient Matrix (Midwest) 

 Inefficiency index AIH1 PHE2 

Inefficiency index 1.000 0.350 0.837 

P-value n/a3 0.264 0.001 
1AIH = State-level average adjusted inpatient services spending per hospital Stay 
2PHE = State-level proportion of hospital stays with admission diagnosis of epilepsy or seizure 
3n/a = not applicable 

 

 Inpatient inefficiency in the South is summarized in Table 4- 33.  In the South, a high 

number of medical interns, low retention rate of medical interns, and low proportion of 

physicians being primary care were characteristics of the District of Columbia that may have 

contributed to its high inpatient inefficiency. The reverse of these inefficiency factors were not 

necessarily predictors for low inpatient inefficiency in Oklahoma, the state with the lowest 

inefficiency index.    

Table 4- 33  South Region – Ranking of in Inpatient Inefficiency (Rank 1 = least inefficient) 
Rank State_name AIH State_name PHE State_name Inefficiency Index retention2 intern3 ratio_prim5 

1 Alabama 8845 Oklahoma 3.64 Oklahoma 359 74.3 19.8 38 

2 Delaware 8988 Tennessee 3.76 Tennessee 365 66.1 35.6 35 

3 Virginia 9148 Texas 3.91 Delaware 380 0 38.9 36 

4 Kentucky 9675 Louisiana 4.1 Virginia 411 64.3 26.4 36 

5 Tennessee 9695 Delaware 4.23 Louisiana 426 68.4 44.1 33 

6 Mississippi 9757 Virginia 4.49 Texas 435 80.6 29.1 34 

7 South Carolina 9772 Mississippi 4.61 Mississippi 450 76.5 18.6 35 

8 West Virginia 9810 Florida 4.92 Florida 489 78.1 19.9 34 

9 Oklahoma 9876 Georgia 5.23 Alabama 521 75.1 27.8 37 

10 Florida 9946 North Carolina 5.36 Kentucky 549 74.1 25.1 36 

11 Arkansas 10311 Maryland 5.5 North Carolina 553 66.9 32.1 36 

12 North Carolina 10316 Kentucky 5.67 South Carolina 556 76.9 26.4 36 

13 Louisiana 10389 South Carolina 5.69 Georgia 576 72.2 20.6 36 

14 Georgia 11008 Alabama 5.89 Maryland 614 53.2 47.5 33 

15 Texas 11124 DC1 6.54 West Virginia 654 62.5 37.9 39 

16 Maryland 11166 Arkansas 6.57 Arkansas 677 81.1 25.2 40 

17 DC1 13376 West Virginia 6.67 DC1 875 20.3 255.3 29 
1DC = District of Columbia 
2retention = proportion of active physicians who graduated from medical institution in state, and are active in state 
3intern = number of interns per 100,000 habitants 
4ratio_prim = proportion of active physicians who are primary care physicians 
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When the associations between inpatient inefficiency and cost or quality were examined, PHE 

(quality) had a very strong association with inpatient inefficiency (Table 4- 34).  Although not 

significant, the association between cost and inefficiency in this region showed signs of being 

important compared to other regions (Table 4- 34). 

Table 4- 34   Spearman Correlation Coefficient Matrix (South) 

 Inefficiency Index AIH1 PHE2 retention3 intern4 ratio_prim5 

Inefficiency Index 1.000 0.473 0.900 0.208 -0.015 0.047 

P-value n/a6 0.055 <.0001 0.422 0.955 0.860 
1AIH = State-level average adjusted inpatient services spending per hospital Stay 
2PHE = State-level proportion of hospital stays with admission diagnosis of epilepsy or seizure 
3retention = proportion of active physicians who graduated from medical institution in State, and are active in State 
4intern = number of interns per 100,000 habitants 
5ratio_prim = proportion of active physicians who are primary care physicians 
6n/a = not applicable 

 

In the West, medical malpractice settlement amount was determined to be a significant 

contributing factor to AIH (cost) from the regression analysis, it does not appear to be a good 

predictor of inpatient inefficiency ranking (Table 4- 35).   Arizona had the lowest inefficiency 

index but medical malpractice settlement amount was not the highest.  Similar results were found 

for Idaho which had the highest inefficiency and highest AIH (cost), the medical malpractice 

settlement amount for the state was on the lower side of the range in the region.   

Table 4- 35  West Region – Ranking of Inpatient Inefficiency (Rank 1 = least inefficient) 

Rank State AIH State PHE State Inefficiency Index mal_amt1 

1 New Mexico 8780 Arizona 2.89 Arizona 310 7.8 

2 Utah 9046 Montana 3.13 Montana 376 1.7 

3 Wyoming 9980 Nevada 4.66 Colorado 512 4.6 

4 Oregon 9988 Colorado 4.83 Nevada 535 1.6 

5 Washington 10468 California 4.96 California 592 21.6 

6 Colorado 10595 Oregon 5.97 Oregon 596 3.4 

7 Arizona 10722 Wyoming 6.45 Wyoming 644 0.4 

8 Nevada 11475 Washington 7.74 New Mexico 695 2.8 

9 California 11939 New Mexico 7.92 Washington 810 6.1 

10 Montana 12028 Utah 9.23 Utah 835 2.8 

11 Idaho 12552 Idaho 11.29 Idaho 1417 2.1 
1mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
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When examining the contribution of cost AIH (cost) and PHE (quality) to the inefficiency index, 

there was a strong association between PHE (quality) and inpatient inefficiency while AIH (cost) 

was not associated with inefficiency in the West region (Table 4- 36). 

Table 4- 36   Spearman Correlation Coefficient Matrix (West) 

 Inefficiency index AIH1 PHE2 mal_amt3 

Inefficiency index 1.000 -0.318 0.982 -0.191 

P-value n/a4 0.340 <.0001 0.574 
1AIH = State-level average adjusted inpatient services spending per hospital Stay 
2PHE = State-level proportion of hospital stays with admission diagnosis of epilepsy or seizure 
3mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
4n/a = not applicable 

 

4.5 IDENTIFICATION OF INPATIENT INEFFICIENCY FACTORS 

To identify factors that may contribute to inpatient inefficiency via either AIH (cost) or 

PHE (quality), a summary of the results of the regional regression models accounting for spatial 

autocorrelation when appropriate is presented in Table 4- 37.  This table allows us to identify 

inefficiency factor in inpatient care in each region.  Positive association with either AIH or PHE 

would indicate inefficiency.   

In the Northeast, AIH increased as the number of primary physicians increased, indicating 

a potential inappropriate level, mix or distribution of primary care physicians in the region.  

None of the inefficiency factors examined was significant in the Midwest.  In the  

South, there was evidence of inappropriate level, mix, or distribution of human resources 

(number of interns and primary care physician distribution) and insufficient knowledge or 

application of clinical-care standards (retention of physicians who graduated from an institution 

in the state).  The number of medical interns in this region seems to be the most important source 

of inefficiency because as the number of interns increased, both the AIH and PHE increased.  For 

the West, an association was detected between the practice of defensive medicine and AIH (i.e. 

costs).    The inefficiency factors for each US census region are summarized in Table 4- 38.
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Table 4- 37  Grand Summary of Objective One and Two Model Results 

Objective one (input) Objective two (output) 

Dependent variable:  AIH (cost)a Dependent variable:  PHE (quality)b 

Explanatory variables in model P-value Significant Direction Explanatory variables in model P-value Significant Direction 

Northeast (Spatial Lag) Northeast (Spatial Lag) 

gdp1 0.078   retention2 0.619   

primdr7 0.035 √ + intern4 0.013 √ ˗ 

prop_ratio6 0.848   ratio_prim8 0.696   

Midwest  (OLS) Midwest (OLS) 

ratio_prim8 0.014 √ ˗ primdr7 0.131   

    prop_ratio6 0.017 √ ˗ 

South  (OLS) South (OLS) 

gdp1 0.120   retention2 0.318   

retention2 0.042 √ + intern4 0.008 √ + 

hosp_beds3 0.773   ratio_prim8 0.027 √ + 

intern4 0.003 √ +     

mal_amt5 0.487       

prop_ratio6 0.061       

West (OLS) West (OLS) 

gdp1 0.083 √ ˗ gdp1 0.077   

retention2 0.304   retention2 0.007 √ ˗ 

hosp_beds3 0.153   hosp_beds3 0.009 √ ˗ 

intern4 0.007 √ ˗ intern4 0.099   

mal_amt5 0.033 √ + mal_amt5 0.061   

prop_ratio6 0.129   prop_ratio6 0.297   
OLS = ordinary least square 

AIH = state-level average inpatient services spending per hospital stay 

PHE = proportion of hospital stays with primary diagnosis of epilepsy or seizure 
aHigher AIH = higher cost 
bHigher PHE = lower quality  
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitants 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 
7primdr = Number of primary physicians per 100,000 habitants 
8ratio_prim = primary care physicians per 100 physicians 
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Table 4- 38  Regional Inefficiency Factors 

US census 

regions 

Inefficiency factors Sources of inefficiency 

Northeast Number of primary care physicians Inappropriate level, mix or distribution of 

human resources (health care providers) 

Midwest None None 

South Retention of physicians Insufficient knowledge or application of 

clinical-care standards 

Number of medical interns Inappropriate level, mix, or distribution of 

human resources (health care providers) 
Ratio of primary physicians over 

total number of physicians 

West Malpractice settlement amount Overuse of health services (defensive medicine) 

 

4.6 DISCUSSION 

Different types of efficiency (technical, productive, and allocative) have been defined in 

the literature, however, it is not always possible to clearly distinguish among them.   Productive 

efficiency implies technical efficiency and allocative efficiency implies productive efficiency, 

but not vice versa (Palmer and Torgerson 1999).  Whichever type of efficiency is under 

consideration, the general principle of improving efficiency involves minimizing input while 

holding output constant, maximizing output while holding input constant, or decreasing input 

and increasing output at the same time.  The interest of the first objective of this study was the 

input of resources with respect to spending per hospital stay (AIH).  The interest of the second 

objective was the output measured by the proportion of hospital stays with an epilepsy or seizure 

admission diagnosis (PHE).  A high degree of heterogeneity was detected both with respect to 

AIH and PHE, indicating that a single nationwide policy that affects the same inefficiency 

factors may not be appropriate for Medicare beneficiaries with epilepsy.   

The association analyses using the Spearman correlation coefficient (Table 4- 28) 

suggested that national policies that focus on improving quality of care would be much more 

effective in decreasing inefficiency than policies that only focus on lowering inpatient costs 
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alone.  The same indication was found at the regional level.   As presented by the regional 

Spearman correlation coefficient matrixes (Table 4- 30, Table 4- 32, Table 4- 34, and Table 4- 

36), PHE (quality) was significantly associated with inpatient inefficiency in all four regions.  

The parameter of AIH (cost) although not significantly associated with inefficiency appeared to 

be more important in the South compared to the other three regions. 

To develop concrete policy change to decrease inefficiency, the study results suggested 

the improvement of PHE (quality) to be most important both nationally and at regional level.  

Table 4- 37 identified the factors to change that may result in a decrease in inefficiency by 

improving quality.  In the Northeast, the number of medical interns had a significant negative 

association with PHE (quality) (Table 4- 37).  The states in the Northeast with low numbers of 

medical interns in the region may consider increasing the number of interns.  The spatial lag 

regression model for the Northeast (Table 4- 24) may guide the magnitude of increase.  The 

coefficient for the intern variable in the model was -0.51; the increase of one medical intern per 

1,000 habitants was estimated to result in a decrease of 0.51 in PHE.   

In the Midwest, the number of proprietary hospitals was a significant factor associated 

with PHE.  Estimated by the OLS regression model for this region (Table 4- 24), an increase of 

one proprietary hospital per 1,000 hospitals, a decrease of 0.02 was expected in PHE.   

In the South, every increase of one medical intern per 1,000 habitants would result in 

0.18 increase in PHE as estimated by the OLS regression model for the region (Table 4- 23).  In 

this region, decreasing the number of medical interns was additionally enticing as a measure of 

decreasing inefficiency because the number of medical interns was also a significant factor in the 

cost model with a positive association with spending (AIH) (Table 4- 37).  In the case of the 

South region, the distribution of medical interns was very concentrated in the District of 
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Columbia (Table 4- 33).  A more even distribution in the region may be considered before 

decreasing the number of medical interns because aside from the District of Columbia, other 

states in the South support moderate numbers of interns compared to states in other regions.  The 

number of primary care physicians per 100 physicians was also a significant factor associated 

with PHE.  For every addition of primary care physicians per 100 physicians in the South, a 

decrease of 0.28 in PHE was expected (Table 4- 23).  Special attention on the anticipated 

shortage of neurologist balance distribution of primary care physicians versus specialists may be 

a beneficial approach to decreasing PHE or increasing quality of care among beneficiaries with 

epilepsy in the South. 

In the West, the OLS regression model in Table 4- 20 estimated that a percent increase in 

retention rate of medical graduates in the state would result in a decrease of 12.55 in PHE and 

every hospital bed per habitant increase would result in a decrease of 0.005 in PHE.  The PHE in 

this region ranged from 2.89 to 11.29.  An increase of retention rate of not even one percent has 

the potential to decrease PHE substantially.  States such as Idaho, Montana, and Wyoming had a 

zero retention rate.  These states do not provide medical training.  In addition to Washington 

State, the University of Washington recruits students from the WAMI region comprising of 

Wyoming, Alaska, Montana, and Idaho.  The retention data published by the State Physician 

Workforce Data book for the state of Washington do not include graduates who are active in the 

WAMI region.  The retention rate for undergraduate medical education for the WAMI states 

including Washington State was 58.2 percent in 2014 (AAMC 2015).  According to the 

regression model, the effect of hospital bed per habitant on PHE although significant but rather 

modest.  Efforts on increasing retention rate of medical graduates would likely be most effective 

in decreasing PHE to improve quality in this region.  For any of the four regions, changes to 
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some inefficiency factors such as an increase in the number of medical interns to improve quality 

may consequently increase AIH (cost); therefore, it would be a wise practice to monitor both cost 

and quality when considering policy change while focusing on quality improvement.   

4.7 LIMITATIONS 

There were several limitations to the study.  Limitations related to the data are the 

primary limitations.  Although the five percent Medicare sample is randomly selected and is 

representative to the Medicare population with epilepsy nationally, the sample size was not 

sufficient to examine smaller geographical units (e.g. hospital referral regions).  Some of the 

explanatory variables were at the state level, and may not be reflective of local or regional 

practices.  Great effort was taken to standardize Medicare payments to reflect true spending on 

health services.  However, the standardized costs were algebraic estimates using recommended 

formulas.  The CMS started publishing standardized payments in 2014.  Access to data starting 

in 2014 or later years would help shift more efforts from data management to model construction 

and analysis.   Depending on the medical condition, administrative or claims data may not 

capture enough information on outcomes.  The outcome measure of the study, PHE may or may 

not be a good indicator of treatment outcome because of temporal issues.  PHE may also be an 

indicator of the proportion of beneficiaries with more severe epilepsy and not necessarily the 

proportion of beneficiaries with poor outcome.  PHE was however the only measure available 

for quality or outcome for the study.  For the purpose of informing policy change, including data 

from Medicare Part C in the analysis would give a more complete picture on spending patterns.   
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4.8 CONCLUSION 

 Heterogeneity among 48 contiguous states and District of Columbia with respect to 

inefficiency in inpatient care indicated that nationwide policy influencing the same inefficiency 

factors may not be appropriate.  Influential inefficiency factors differ from region to region.  For 

the Northwest, it was the number of primary care physicians.  For the South, it was mainly the 

number of medical interns.  For the West region of the US, there was evidence of the practice of 

defensive medicine or overuse of medical services.  Although none of the inefficiency factors 

was found to be significant in the Midwest region, there could be influential inefficiency factors 

that were not measured.  Overall, the association between inefficiency and PHE (quality) was 

significant while AIH (cost) was not associated with inefficiency.  The same association was 

observed at the regional level, indicating that the focus to decreasing inpatient inefficiency for 

beneficiaries with epilepsy should be based on increasing quality or decreasing PHE for all four 

regions.  The approach to decreasing regional PHE would be different as indicated by the unique 

models specified for each region:  1) in the Northeast, it was increasing the number of medical 

interns; 2) in the Midwest, it was increasing the proportion of proprietary hospitals; 3) in the 

South, decreasing the number of medical interns and primary care physicians per 100 physicians 

were indicated; 4) in the West, it was increasing the retention rate of medical graduates. It is 

important to keep in mind that changes to some inefficiency factors to decrease PHE (increase in 

quality) may consequently increase AIH (cost); therefore, it would be a wise practice to monitor 

both cost and quality when considering policy change while focusing on quality improvement.   
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CHAPTER 5 
 

5.1 PROJECT SUMMARY 

 The geographic variation of Medicare expenditures has been well-documented for 

decades.  This variation was viewed by some researchers and policymakers as a cost-saving 

opportunity by cutting payments of high spending areas to the spending level of low spending 

areas.  This cost-saving suggestion was not passed as policy because more efficient or high-value 

providers would be penalized with less resources allocated under such payment scheme.  The 

elimination of this spending variation is therefore only worthwhile if it represents inefficiency 

(Newhouse, Garber et al. 2013).  As suggested by Sheiner, the quantification of spending 

variation does not inform efficiency or quality (Sheiner 2014).  Attention began to shift from 

quantifying the spending variation to finding the source of spending variation to determine how 

much of the variation was justifiable.  Spending variation due to patient characteristics such as 

health status is expected.  The cost saving opportunities may lie in identifying the remaining 

spending variation caused by some form of inefficiency.  Results of research on this topic varied 

widely depending on the study design, the studied population, and type of data used.  Whether 

the identification of the source of spending variation indicate the level of efficiency or quality to 

inform payment reform remained uncertain.  The struggle to determine strategies or policy to 

bend the cost curve without jeopardizing the quality of care or health outcomes continued.  In 

order to balance cost and quality, they both must be measured and used to evaluate efficiency.   

 

5.2 SUMMARY OF STUDY FINDINGS 

  This research project was the geographic (state) examination of three main elements:  

epidemiology (prevalence of epilepsy), medical condition specific costs (cost of epilepsy), and 



205 

 

inefficiency (inpatient).  Two studies were conducted to estimate the burden of epilepsy in terms 

of cost and epidemiology and a third study evaluated costs and quality of inpatient care for 

beneficiaries with epilepsy to evaluate inpatient inefficiency to address the problem statements of 

the research project (Section 1.2).  The outcomes of interest for the three studies were: 

 Study one:  national and state-level prevalence of epilepsy in cases per 1,000; 

 Study two:  state-level total medical spending per beneficiary in three cohorts (all-

beneficiaries, beneficiaries with epilepsy, beneficiaries without epilepsy); and the 

incremental difference between lowest and highest quintiles among three cohorts; and 

 Study three:  state-level average adjusted inpatient services spending per hospital stay 

(AIH); state-level proportion of hospital stays with admission diagnosis of epilepsy or 

seizure (PHE); and an overall inefficiency index. 

 

The Medicare national prevalence of epilepsy (10.8 per 1,000) based on five percent 

sample data (2001 - 2005) was last estimated by Faught et al. (Faught, Richman et al. 2012).  

There is evidence of an increase in the prevalence of epilepsy since 2005.  A report by Stump 

detailed a nationwide increase in hospital admissions for epilepsy and convulsions from 1993 to 

2005 (Stump 2008).    A number of studies since 2005 have reported higher prevalence estimates 

than 10.8 per 1,000 (CDC 2012, Helmers, Thurman et al. 2015, Tang, Malone et al. 2015).  The 

current study found a doubling in the prevalence of epilepsy among older Medicare beneficiaries 

since 2005.  If considering the US in two main regions, East and West, the states with the highest 

prevalence of epilepsy were located in the East while those with lowest prevalence were in the 

West. 
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From studies of various study designs, health status explained 29 percent to more than 85 

percent of Medicare spending variation (Sutherland, Fisher et al. 2009, Song, Skinner et al. 2010, 

Reschovsky, Hadley et al. 2013, Sheiner 2014).  Whether this spending variation is appropriate 

and how spending can be reduced in high-spending areas remain unclear (Cassidy 2014).  As 

results of health system reform in 2008, a number of value-based programs (VBPs) were created 

to progress to paying providers based on the quality of care they provide to patients (CMS 2017).   

The intention of the VBPs was to improve quality of care while decreasing cost (eliminating 

inefficiency).  One would expect the spending variation caused by the eliminated inefficiency to 

disappear post-implementation of the VBPs. The implementation of VBPs was gradual (Figure 

3- 1).  This study examined the change in spending variation in the year immediately after the 

implementation of the Hospital Value-Based Purchasing Program (HVBP) and the Hospital 

Readmissions Reduction Program (HRRP) in 2013 and found a decrease in spending variation in 

all three cohorts examined.  The magnitude of the decrease was similar between the all-

beneficiaries cohort and the cohort of beneficiaries without epilepsy (-8.5% and -9.0% 

respectively).  The cohort of beneficiaries with epilepsy had a decrease in spending variation 

more than 1.5 times the other two cohorts (-14.6%).  The source of spending variation also differ 

among the cohorts.  The major source of spending variation for the cohort with epilepsy was 

health status while the location of the beneficiary was the major source of spending variation for 

the other two cohorts.  The source of spending variation therefore did not appear to indicate the 

magnitude of inefficiency that can potentially be eliminated.  In order to meaningfully inform 

policy change, the magnitude of inpatient inefficiency and its source were measured in the third 

part of the project.  Inpatient inefficiency was assessed accounting for spatial dependence by 

measuring cost and quality of inpatient services provided to beneficiaries with epilepsy.  Factors 
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influencing inefficiency differ from region to region.  AIH (cost) was not related to PHE 

(quality) with respect to inpatient services for beneficiaries with epilepsy (all SCC p-values 

>>>0.05).  PHE (quality) had a strong association with inefficiency (all SCC p-value < 0.05).  

AIH (cost) however was not association with inefficiency (all SCC p-value > 0.05).  More 

detailed descriptions of the findings from the three studies are presented in subsections 5.1.1 to 

5.1.3. 

 

5.1.1 Study one:  The National and State-level Prevalence of Epilepsy among Medicare 

Beneficiaries Aged 65 and Older 

The primary objectives of this study was to: 1) estimate overall prevalence, prevalence in 

demographic subgroups, and state-level prevalence of epilepsy in the Medicare population for 

each year in 2011 to 2013; and 2) evaluate the association between state-level prevalence of 

epilepsy and state characteristics.  The case ascertainment methods used by Faught et al. were 

used in this study (subsection 2.2.3). 

In this study, the estimated average annual prevalence of epilepsy among older Medicare 

beneficiaries was found to be 22.2 per 1,000 during the years 2011 to 2013.  The US territory of 

Puerto Rico had the highest prevalence of epilepsy, followed by the District of Columbia and the 

state of New York.  The states and district with the higher prevalence are scattered in the 

Northeast, Midwest, and South US census regions.  The states with the lowest prevalence are all 

in the West US census region (Figure 5- 1). 
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Figure 5- 1  Average annual state-level prevalence of epilepsy of older Medicare Beneficiaries (2011-

2013) 

 

 

The overall and demographic subgroup prevalence of epilepsy were compared with the 

findings of Faught et al. who used similar data and case ascertainment methods (Faught, 

Richman et al. 2012).  The overall and demographic subgroup prevalence of epilepsy were 

consistent during the years 2011 to 2013.  Since 2005, the highest prevalence among the 

beneficiaries has shifted from those who were black and 65 to 69 years to those who were black, 

female, and 85 years and older (Table 5- 1).  
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Table 5- 1   Subgroup annual prevalence of epilepsy (per 1,000) in Medicare beneficiaries (2011-2013):  

A comparison with a previous study (Faught et al. 2012) 

 

 Faught et al. Current study 

Year 2001-2005 2011 2012 2013 

Overall 10.8 22.3 22.1 22.2 

Age     

65 to 69 11.4 18.9 19.2 19.2 

70 to 74 9.9 19.6 19.3 19.5 

75 to 79 10.8 22.1 22.1 22.1 

80 to 84 11.2 24.9 24.9 24.9 

85 and over 10.4 27.8 27.4 27.5 

Sex     

Female 10.8 22.6 22.7 22.6 

Male 10.8 21.7 21.3 21.6 

Race     

White 10.2 21.2 21.1 21.1 

Black 18.7 36.0 36.7 36.7 

Asian 5.5 14.5 14.0 13.8 

Hispanic − 26.0 27.2 26.5 

Native American 7.7 25.0 24.4 24.6 

Other1  − 15.8 14.5 15.1 
1Other = combination of Medicare race categories, “Other” and “Unknown” 

 

 

The associations between state-level prevalence and state characteristics were assessed 

using the Spearman correlation coefficient and the interpretation rule by Hinkle et al.  The 

proportion of black beneficiaries and percentage of urban areas had strong associations with 

state-level prevalence of epilepsy.  As the proportion of black beneficiaries and the percentage of 

urban areas increased, state-level prevalence of epilepsy increased.  Weak to moderate positive 

association was observed between state-level prevalence and the number of patient active 

medical intern.  The proportion of females had a moderate positive association with state-level 

prevalence of epilepsy.  The percentage population in urban areas by state was positively 

associated with state-level prevalence of epilepsy but the strengths of the association was weak.  
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In terms of life expectancy, healthy life expectancy had a weak negative association with state-

level prevalence while overall life expectancy was not associated with prevalence of epilepsy.   

The number of epilepsy centers by state had a weak positive association with prevalence 

of epilepsy (average SCC 0.36, all p-values < 0.05).  Distance within 10 miles to the closest 

epilepsy center was only weakly associated with a higher prevalence of epilepsy (i.e. Spearman 

correlation coefficient 0.3 to 0.5).  Starting at 20 miles from the closest epilepsy center, this 

association became moderate (i.e. Spearman correlation coefficient 0.5 to 0.7) and was the 

highest (SCC = 0.64) at distance within 90 miles to the closest epilepsy center.  For all three 

years, the mean proportion of beneficiaries within 90 miles to the closest epilepsy center was 

69.8 percent (95% CI 62.0% – 77.5%) and 18 states had less than 62 percent of beneficiaries 

within 90 miles to an epilepsy center (Alabama, Alaska, Arkansas, Hawaii , Idaho, Kansas, 

Louisiana, Maine, Minnesota, Montana, Nebraska, New Mexico, North Dakota, Oklahoma, 

Oregon, South Dakota, Utah, Wyoming). 

Low socioeconomic status has been documented as a risk factor for epilepsy (Hesdorffer, 

Tian et al. 2005).  The current study however found an inconsistent weak association between 

state-level prevalence and poverty status from year to year among Medicare beneficiaries. 

Poverty status was weakly associated with state-level prevalence only in 2013 with proportion of 

beneficiaries below 100 percent poverty having a strongest association among all poverty 

categories (SCC 0.47, p-value = 0.0006).   

 

5.1.1.1 Study one:  Key findings 

1. The average annual prevalence of epilepsy among older Medicare beneficiaries has more 

than doubled since 2005 from 10.8 per 1,000 to 22.2 per 1,000.   
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2. The highest annual average prevalence in the subgroups have shifted from those aged 65 to 

69 to 85 years and older and female. 

3. Black beneficiaries remained having the highest prevalence compared to other racial groups. 

4. The proportion of black beneficiaries and percentage of urban areas had strong associations 

with state-level prevalence of epilepsy.  As the proportion of black beneficiaries or the 

percentage of urban areas increased, state-level prevalence of epilepsy increased. 

5. The proportion of beneficiaries within 90 miles to the closest epilepsy center was moderately 

associated with state-level prevalence of epilepsy.  Eighteen states had less than the average 

percentage of beneficiaries within 90 miles to an epilepsy center (Alabama, Alaska, 

Arkansas, Hawaii , Idaho, Kansas, Louisiana, Maine, Minnesota, Montana, Nebraska, New 

Mexico, North Dakota, Oklahoma, Oregon, South Dakota, Utah, Wyoming).  Whether 

epilepsy is under-diagnosed in these states required further examination. 

6. Poverty status was weakly associated with state-level prevalence only in 2013 and not in the 

other two study years. 

 

5.1.2 Study two:   Geographic Variation of Medicare Spending and Its Sources Pre and 

Post Implementation of Two Value-Based Programs 

The first objective of study two was to examine the effect of two value-based programs 

(VBPs) on the geographic variation of average state-level Medicare spending per beneficiaries in 

the first year of implementation in three cohorts:  All-beneficiaries, beneficiaries with epilepsy, 

and beneficiaries without epilepsy.  The second objective was to identify the sources of variation 

in state-level Medicare spending in the same three cohorts. 
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The state-level medical spending per beneficiary (SSPB) varied similarly for the all-

beneficiaries cohort and the cohort without epilepsy in both 2011 and 2013 (34.1% and 31.1% 

difference between lowest and highest quintile in 2011; 31.2% and 28.3% in 2013, respectively).  

Not only the spending variation for the cohort with epilepsy was much larger (80.6% in 2011 and 

68.8% in 2013), average spending per beneficiary with epilepsy in the highest quintile was about 

three times that for either of the other cohorts.  Spending variations decreased for all three 

cohorts post-implementation of the VBPs.  The decrease was more pronounced for the cohort 

with epilepsy (-14.6% versus -8.5% or -9.0% for the other two cohorts).    

The intention of the VBPs was to improve quality and efficiency of the health care 

delivery system.  The decrease in spending variation in all three cohorts post-implementation of 

VBPs may indicate success of improving efficiency and as the result, eliminating the portion of 

spending variation linked to inefficiency in the system.  The major source of spending variation 

for the cohort with epilepsy was from health status, a demand-side variable (44.4% and 51.9% of 

variation in 2011 and 2013 respectively) while it was location of the beneficiary (supply-side), 

the major source of spending variation for the other two cohorts.  Spending variation caused by 

health status is expected and yet, the decrease in inefficiency by implementing VBPs was much 

higher in this cohort than in the other two cohorts.  This observation showed either the source of 

spending variation may not indicate the level of inefficiency in the system or that the levels of 

inefficiency in treating different medical conditions are different.  These findings not only 

support the viewpoint that geographic variation in spending does not provide any information on 

efficiency (Sheiner 2014), the source of this variation also does not necessarily reflect the level 

of inefficiency in a health system.  Whether the source of spending variation is driven by the 

demand-side or supply-side did not indicate how much inefficiency there is for improvement. 
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5.1.2.1 Study two:  Key findings 

1. State-level total medical spending per beneficiary varied less between highest spending 

quintile and lowest spending quintile during the first year of VBPs implementation in all 

three cohorts examined, indicating an improvement in efficiency post VBPs implementation. 

2. The decrease in spending variation during the first year of VBPs implementation was most 

pronounced among beneficiaries with epilepsy. 

3. The dominant source of spending variation among all beneficiaries and beneficiaries without 

epilepsy was supply-side sources specifically location of the beneficiary. 

4. For beneficiaries with epilepsy, health status (demand-side) was the dominant source for 

spending variation. 

5. Neither the quantification of spending variation nor whether the source of spending variation 

is driven by the demand-side or supply-side indicated how much inefficiency there is for 

improvement. 

6. The level and source of inefficiency in treating different medical conditions may be different 

and should be examined separately so that providers of different disciplines can adjust their 

practice appropriately. 

7. Further studies on the effects of VBPs on the geographic variation of Medicare spending over 

time (not just the first year) during which various VBPs were gradually being implemented 

would provide insight into the effectiveness of VBPs on improving efficiency of the 

Medicare medical system. 

8. Further examination of the effects of various VBPs on spending variation among 

beneficiaries with different chronic conditions could provide information on whether 

different VBPs were effective in improving efficiency of the medical care system. 
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5.1.3 Study three:  Factors Associated with Inpatient Inefficiency among Medicare 

Beneficiaries with Epilepsy:  A Spatial Analysis 

The first objective of the third study was to identify inefficiency factors associated with 

inpatient costs for the treatment of Medicare beneficiaries with epilepsy.  The dependent variable 

for this objective was state-level average inpatient services spending per hospital stay (AIH), 

accounting for spatial dependence.  The second objective was to identify inefficiency factors 

associated with health outcomes for beneficiaries with epilepsy, represented by the proportion of 

hospital stays with primary diagnosis of epilepsy or seizure (PHE), accounting for spatial 

dependence.  The third objective was to compare the efficiency of hospital care among 

beneficiaries with epilepsy at state level using an inefficiency index. 

 In order to focus our analysis on inpatient service inefficiency, the dependent variable of 

AIH was payment standardized and adjusted for patient characteristics (e.g. age and sex), 

individual health status (e.g. Charlson comorbidity index), and enabling factors for health 

services (e.g. income by county, distance to closest hospital).  Payment standardization was 

necessary to filter out Medicare payments to providers that were unrelated to health care services 

provided (e.g. payments to support medical intern training).  Our standardized total spending per 

hospital stay included deductibles and copayments paid by patients, and payments made by non-

Medicare primary payers to better reflect the total cost of services provided during the inpatient 

stay.  Forty-eight contiguous states and the District of Columbia were included in the analysis; 

therefore, there were forty-nine data points or geographic units in total.   

The model specification process proposed by Anselin and Rey was used to specify the regression 

models for each US census regions (Anselin and Rey 2014):  
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The resulting regional models are presented in Table 5- 2 where the most appropriate 

model for the Northeast was a spatial lag model and OLS models were specified for the other 

three regions.  Table 5- 3 shows the explanatory variables of each model and the significant 

variables in each region. 

Table 5- 2   Resulting cost models (dependent variable = AIH) from following procedure by Anselin and 

Rey (Anselin and Rey 2014) 

 Northeast Midwest South West 

Model 1 (OLS) No No Yes Yes 

Spatial dependence (LM) Yes No No No 

Model 1 (spatial lag) No - - - 

Model 2 (OLS) Yes - - - 

Spatial dependence (LM) Yes - - - 

Model 2 (spatial lag) Yes - - - 

Model 3 (OLS) - Yes - - 

Spatial dependence (LM) - No - - 
Yes = significant, No = non-significant, Yes = final model 

OLS = ordinary least square, LM = Lagrange Multiplier tests 

AIH = average adjusted inpatient services spending per hospital stay 

 

Table 5- 3   Significant explanatory variables for each region from cost models 

Region Model 1:  OLS explanatory variables 

South gdp1 retention2 hosp_beds3 intern4 mal_amt5 prop_ratio6 

West gdp1 retention2 hosp_beds3 intern4 mal_amt5 prop_ratio6 

 Model 2:  Spatial lag explanatory variables 

Northeast gdp1 primdr7 prop_ratio6    

 Model 3:  OLS explanatory variables 

Midwest ratio_prim8      
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 
7primdr = Number of primary physicians per 100,000 habitants 
8ratio_prim = primary care physicians per 100 physicians 

Italics = significant 

 

The same procedure was used to detect spatial dependence and to specify appropriate 

models for the proportion of hospital stays with primary diagnosis of epilepsy or seizure (PHE).  

The resulting models and significant variables are shown in Table 5- 4 and Table 5- 5. 
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Table 5- 4   Resulting quality models (dependent variable = PHE) from following procedure by Anselin 

and Rey 

 Northeast Midwest South West 

Model 1 (OLS) No No No Yes 

Spatial dependence (LM) Yes Yes Yes No 

Model 1 (spatial lag) No No No - 

Model 2 (OLS) No No Yes - 

Spatial dependence (LM) Yes No No - 

Model 2 (spatial lag) Yes - - - 

Model 3 (OLS) - Yes - - 

Spatial dependence (LM) - No - - 

Yes = significant, No = non-significant, Yes = final model 

OLS = ordinary least square, LM = Lagrange Multiplier tests 

PHE = proportion of hospital stays with primary diagnosis of epilepsy or seizure 

Table 5- 5   Significant explanatory variables for each region from quality models (dependent variable = 

PHE) 

Region Model 1:  OLS explanatory variables 

West gdp1 retention2 hosp_beds3 intern4 mal_amt5 prop_ratio6 

 Model 2:  OLS explanatory variables 

South retention2 intern4 ratio_prim8    

 Model 2:  Spatial lag explanatory variables 

Northeast retention2 intern4 ratio_prim8    

 Model 3:  OLS explanatory variables 

Midwest prop_ratio6 primdr7     
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 
7primdr = Number of primary physicians per 100,000 habitants 
8ratio_prim = primary care physicians per 100 physicians 

Italics = significant 

PHE = proportion of hospital stays with primary diagnosis of epilepsy or seizure 

 

 Influential inefficiency factors can be selected by combining the results of the AIH and 

PHE as shown in Table 5- 6, summarizing the results of the regional regression models 

accounting for spatial autocorrelation when appropriate.  This table allows us to identify whether 

there is evidence of inefficiency in inpatient care in each region for beneficiaries with epilepsy.  

Positive association with either AIH or PHE would indicate inefficiency. 
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Table 5- 6   Grand summary of cost and quality model results 

Cost (input) Quality (output) 

Dependent variable:  AIH Dependent variable:  PHE 

Explanatory 

variables in model 

P-

value 

Significant Direction Explanatory 

variables in model 

P-

value 

Significant Direction 

Northeast (Spatial Lag) Northeast (Spatial Lag) 

gdp1 0.078   retention2 0.619   

primdr7 0.035 √ + intern4 0.013 √ ˗ 

prop_ratio6 0.848   ratio_prim8 0.696   

Midwest  (OLS) Midwest (OLS) 

ratio_prim8 0.014 √ ˗ primdr7 0.131   

    prop_ratio6 0.017 √ ˗ 

South  (OLS) South (OLS) 

gdp1 0.120   retention2 0.318   

retention2 0.042 √ + intern4 0.008 √ + 

hosp_beds3 0.773   ratio_prim8 0.027 √ + 

intern4 0.003 √ +     

mal_amt5 0.487       

prop_ratio6 0.061       

West (OLS) West (OLS) 

gdp1 0.083 √ ˗ gdp1 0.077   

retention2 0.304   retention2 0.007 √ ˗ 

hosp_beds3 0.153   hosp_beds3 0.009 √ ˗ 

intern4 0.007 √ ˗ intern4 0.099   

mal_amt5 0.033 √ + mal_amt5 0.061   

prop_ratio6 0.129   prop_ratio6 0.297   

OLS = ordinary least square 

AIH = state-level average inpatient services spending per hospital stay 

PHE = proportion of hospital stays with primary diagnosis of epilepsy or seizure 
1gdp = state gross domestic product (GDP) per capita in 100,000 2013 USD 
2retention = retention rate of medical interns 
3hosp_beds = number of hospital beds per habitant 
4intern = number of medical interns per 1,000 habitants 
5mal_amt = medical malpractice settlement amount (USD 2011 in ten million) 
6prop_ratio = proprietary hospitals per 1,000 hospitals 
7primdr = Number of primary physicians per 100,000 habitants 
8ratio_prim = primary care physicians per 100 physicians 

 

 

In the Northeast, AIH increased as the number of primary physicians increased, indicating 

a potential inappropriate level, mix or distribution of primary care physicians in the region.  

None of the inefficiency factors examined was significant in the Midwest.  In the South, there 

was evidence of inappropriate level, mix, or distribution of human resources (number of interns 

and primary care physician distribution) and insufficient knowledge or application of clinical-

care standards (retention of physicians who graduated from an institution in the state).  The 
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number of medical interns in this region seems to be the most important source of inefficiency 

because as the number of interns increased, both the AIH and PHE increased.  For the West, an 

association was detected between the practice of defensive medicine and AIH (cost). 

Inefficiency in inpatient care among Medicare beneficiaries with epilepsy was compared 

using an inefficiency index.  The formula for the inefficiency index is based on the basic 

definition of efficiency of input/output or cost/quality.  The measure of inefficiency for this study 

was AIH/(1/PHE*100).  It was necessary to rescale PHE to provide a measure that increases with 

quality by taking the reciprocal of PHE (e.g. 1/ PHE).  To avoid comparing very large numbers, 

the reciprocal of PHE was multiplied by 100 for ease of interpretation.  The states and district 

were ranked by AIH (costs), then by PHE (quality) and the inefficiency indexes were ranked 

from the least inefficiency to the highest inefficiency (Table 4- 24 to Table 4- 26). 

In the Northeast, PHE (quality) was a stronger determinant of inpatient inefficiency in the 

treatment of epilepsy patients than AIH (i.e. costs).  Although the number of primary care 

physicians may be a contributing factor to the low efficiency in Maine, Rhode Island remained as 

the least inefficient state with an average number of primary care physicians.  

In the South, PHE appeared to be a better indicator for low inpatient inefficiency while 

both AIH and PHE seemed to participate in high inpatient inefficiency states.  A high number of 

medical interns, low retention rate of medical graduates, and low proportion of physicians being 

primary care were likely associated with the high inpatient inefficiency in the District of 

Columbia relative to other states in the South.  The reverse of these inefficiency factors were not 

necessarily predictors for low inpatient inefficiency in Oklahoma.   This observation indicates 

that high number of medical interns, low retention rate of medical graduates, and low proportion 
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of primary care physicians may take part in increasing the AIH (costs) and inflating the 

inefficiency index for the District of Columbia.  

Although medical malpractice settlement amount was determined to be a significant 

contributing factor to AIH (cost) from the regression analysis, it is likely not a good predictor of 

inpatient inefficiency in the West because there is no association between medical malpractice 

amount and inefficiency index. 

 

5.1.3.1 Study three:  Key findings 

1. Heterogeneity was detected among four US census regions with respect to state-level per 

hospital stay spending (AIH) and proportion of hospital stays with admission diagnosis of 

epilepsy or seizure (PHE). 

2. Among 49 contiguous geographical units, South Dakota had the lowest average inpatient 

medical spending per hospital stay (AIH) (7,901 US$ 2013); whereas the District of 

Columbia had the highest AIH (13,376 US$ 2013). 

3. Rhode Island had the lowest proportion of hospital stays with admission diagnosis of 

epilepsy or seizure (PHE) among 49 geographical units (1.06%); whereas, Idaho had the 

highest PHE (11.29%). 

4. The top three states of lowest inpatient inefficiency in treating beneficiaries with epilepsy 

were Rhode Island (rank 1), Arizona (rank 2), and Massachusetts (rank 3). 

5. The most inefficient states in inpatient treatment for beneficiaries with epilepsy were 

Idaho (rank 49), North Dakota (rank 48), and District of Columbia (rank 47).   

6. PHE (quality) had a strong association with inpatient inefficiency in the treatment of 

Medicare beneficiaries with epilepsy both on the national and regional level. 
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7. Comparing to the states in the South region, District of Columbia seemed to be the outlier 

with respect to human resource distribution for the region (i.e. number of interns, intern 

retention rate, and the ratio of primary care physicians to all active care physicians).  The 

low intern retention rate drove up AIH (cost) and the low ratio of primary care physicians 

to all physicians drove down quality (i.e. high PHE).  The number of interns being 

trained in the district was exceptionally higher than any state in the region, driving both 

AIH (cost) up and quality (i.e. high PHE) down. 

 

5.2 DISCUSSION AND IMPLICATIONS OF STUDY FINDINGS 

5.2.1 Study one:  Prevalence of epilepsy 

 The prevalence of epilepsy among older Medicare beneficiaries appeared to have 

increased from 10.8 per 1,000 in 2005 to 22.2 per 1,000 in 2013 based on the findings of this 

study.  During the same period, the highest subgroup prevalence has shifted from the younger 

age group of 65 to 69 years to the female, 85 years and older.  Black beneficiaries persistently 

had the highest prevalence compared to other racial groups.  An increase in the prevalence of 

epilepsy can explain partially the observed spending growth increase for nervous system 

conditions contrary to an aggregate decrease for all medical conditions examined by Dunn et al 

(Dunn, Rittmueller et al. 2016).  The average annual prevalence was very consistent from year to 

year during the study period (22.3 per 1,000 in 2011, 22.1 per 1,000 in 2012, and 22.2 per 1,000 

in 2013).  The slight fluctuation from year to year could simply be the difference from the five 

percent random sample or beneficiaries with epilepsy switching from the fee-for-service to 

Medicare Part C plans or vice versa.  Unfortunately, Medicare Part C claims information is not 

available from CMS.  Not unlike other studies, this analysis found that patients with chronic 
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disorders, especially the older population, account for a large proportion of health care spending 

in the United States (Hong, Abrams et al. 2014, Aronson, Bautista et al. 2015, Powers, 

Chaguturu et al. 2015).  Epilepsy, a chronic neurological disorder can pose substantial economic 

burden on a health system.  Although studying a different population (Medicaid recipients), Tang 

et al. found that individuals newly diagnosed with epilepsy consumed 77.6 percent more in total 

direct medical costs than matched controls (Tang, Malone et al. 2015).  Medicare is federally 

funded.  Local authorities however may wish to pay attention to changes in prevalence of chronic 

diseases like epilepsy to ensure adequate levels of health care providers and facilities in their 

jurisdictions to meet the care needed by their program enrollees.  The highest increase and 

decrease of epilepsy prevalence were observed in Puerto Rico and the District of Columbia 

respectively (+5.8 per 1,000, -5.8 per 1,000).  The District of Columbia has three epilepsy 

centers and 625 physicians per 100,000 habitants while Puerto Rico has one epilepsy center and 

231 physicians per 100,000 habitants (AAMC 2015).  Across the US survey data from 2011 

suggested a shortage of epilepsy specialists (Gumnit J 2012).  The average waiting time to see an 

epileptologist was three weeks (Gumnit J 2012).  An increase in the prevalence of epilepsy may 

be a reason for the observed long waiting time.   

 Our association study further explored opportunities to improve the identification of 

epilepsy cases to better allocate epilepsy specialty services, There was no significant association 

between state-level prevalence and proportion of beneficiaries aged 75 and over or 85 and over, 

questioning the notion that higher hospital utilization for epilepsy patients was due to the 

increasing older US population (Stump 2008).  There was a strong association between state-

level prevalence and proportion of black beneficiaries.  Previous studies have found low 

socioeconomic status to be a risk factor for epilepsy and also a negative factor for treatment 
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outcome (Hesdorffer, Tian et al. 2005, Li, Sundquist et al. 2008).  The current study only found 

an inconsistent weak association between state-level prevalence and poverty status from year to 

year.  Out of the three study years, 2013 was the only year with a significant association. 

The association between distance to closest epilepsy centers and state-level prevalence 

was strongest for beneficiaries living within 90 miles.  Out of the 52 geographic units studied, 18 

states had less than the lower bound of 95% CI of the average proportion within 90 miles to 

nearest epilepsy center (Alabama, Alaska, Arkansas, Hawaii, Idaho, Kansas, Louisiana, Maine, 

Minnesota, Montana, Nebraska, New Mexico, North Dakota, Oklahoma, Oregon, South Dakota, 

Utah, Wyoming).  Further investigation is need to determine whether habitants of states with 

lower than average proportion within 90 miles to nearest epilepsy center are undiagnosed of 

epilepsy.  The states with the most epilepsy centers were not always areas with the highest 

prevalence across the three study years (i.e. California, New York, Florida, Texas, New Jersey).  

This observation may suggest that more treatment centers have opened to meet the demand in 

states where the prevalence of epilepsy is higher (e.g. New York, New Jersey).  For states with 

closer to the average prevalence of epilepsy, such as California, Florida, and Texas, the high 

number of epilepsy centers may indicate an oversupply of specialty services in these areas.  

Whether a higher number of epilepsy generates competition that improves efficient requires 

further study.  If increased competition does result in inefficiency, decreasing the number of 

epilepsy centers in these states would be detrimental.  A strong association was found between 

state-level prevalence and proportion of urban areas.  There is also the possibility of elected 

migration of epilepsy patients to urban areas for better access to medical care.  The percentage of 

beneficiaries in urban areas was however weakly associated with prevalence.  
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5.2.2 Study Two:  Geographic Variation of Medicare Spending 

 The implementation of Medicare’s value-based programs in its first year (2013) appeared 

to have reduced spending variation for all three cohorts examined.  The degree of reduction post-

implementation could be interpreted as the eliminated spending variation due to an increase in 

efficiency in the hospital treatment for acute myocardial infarction, heart failure, and pneumonia, 

and other hospital performance metrics.  The reduction in spending variation was the largest 

among beneficiaries with epilepsy, a chronic medical condition.  Previous studies have indicated 

that costs incurred by Medicare beneficiaries with chronic medical conditions tend to be higher 

and vary more among geographic areas than costs incurred by beneficiaries without chronic 

medical conditions.  An example of a chronic medical condition with higher spending and wider 

spending variation is end-stage renal disease (ESRD).  It had been found that spending per 

beneficiary with ESRD varied threefold across hospital referral regions (HRRs) from 17,791 to 

59,025 (average 38,966, SD 6,774 in 1997 US$) (Hirth, Tedeschi et al. 2001) comparing to 

spending per beneficiary for all Medicare enrollees in 1997 which varied from 3,093 to 9,284 

across HRRs (average 5,435, SD 1,056 in 1997 US$) (Dartmouth 2017).  This study showed that 

epilepsy is one such condition with total medical expenditures varying across states from 11,690 

to 29,048 depending on the state (US$ 2013).  Spending for Medicare beneficiaries without 

epilepsy ranged from 6,686 to 10,019 (US$ 2013) across the states.   

 Differences in study design make comparisons of spending variation among overall 

Medicare population and among subgroups with specific medical conditions challenging.  

However, Zuckerman et al. used data from the Medicare Current Beneficiaries Survey (MCBS), 

and found that smoking status, body-mass index, and various health conditions such as 

myocardial infarction accounted for 29% (the largest influence compared to other variables 
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examined) of the spending variation (Zuckerman, Waidmann et al. 2010).  The current study 

assessed health status measured by the Charlson comorbidity index (CCI) which weighted 19 

medical conditions, but did not find that the CCI was able to explain the observed variation in 

spending across all-beneficiaries.  Location of beneficiary represented by rural/urban status and 

US census regions was found to be the most influential factor to the spending variation among 

Medicare beneficiaries at 32.8% in 2011 and 29.8% 2013.  This finding suggests that where an 

individual resides influences health care consumption, a finding supported by Finkelstein et al. 

who studied spending patterns of Medicare beneficiaries who migrated from one area to another 

of different spending levels (Finkelstein, Gentzkow et al. 2016).  Finkelstein et al. had found that 

40-50 percent of geographic variation in utilization was contributed by demand-side factors, 

including health and preferences, with the remainder due to place-specific supply factors.  The 

current study had similar results for the all-beneficiaries cohort.  After accounting for price 

adjustment, the remaining spending variation was contributed by demand-side (7.7%), 

unobserved factors (35.2%), and supply-side factors (57.1%).  Assuming the unobserved factors 

represents patient preferences, a demand-side factor, the total demand-side attribute to spending 

variation would be 42.9 percent similar to the 40-50 percent estimate by Finkelstein et al.  Even 

if the contribution from unobserved factors was added to the demand side contribution, the 

supply side contribution to spending variation still dominates in the all-beneficiaries cohort and 

the beneficiaries without epilepsy cohort by about ten percentage points.  The reverse was 

observed in the epilepsy cohort; the demand side contribution to spending variation clearly 

outweighs the contribution from the supply side, particularly post-implementation of VBPs.   

Health status is a characteristic that expectedly takes part in health care spending 

variation (demand-side contributor).  It was the major contributor to spending variation only in 
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the cohort with epilepsy. The major contributor to spending variation for the other two cohorts 

was beneficiary location (supply-side contributor).  By linking payment to performance, the 

VBPs under examination were expected to improve efficiency in inpatient care.  The largest 

decrease in spending variation was observed in the cohort with epilepsy post VBPs 

implementation.  The effects of VBPs on the other two cohorts were much smaller.  Identifying 

whether the main source of spending variation is from the demand-side or supply-side doesn’t 

necessary provide information on efficiency.  Sheiner proposed that the geographic variation of 

spending does not provide information on efficiency or quality (Sheiner 2014).  Our study 

extends Steiner’s suggestion to include the source of spending variation also does not provide 

information on efficiency.  Demand side sources of spending variation, such as health status, are 

known sources of spending variation (Newhouse, Garber et al. 2013).  The total of supply side 

and unobserved sources of spending variation could roughly be a quantification of the maximum 

degree of variation that may be decreased by improving efficiency of the system.  How much of 

the supply-side-plus-unobserved source of spending variation is due to inefficiency is still 

unknown. 

Although different measures were used for assessment, the current study did concur with 

Zuckerman et al.’s study in finding unimportant or nonsignificant contribution to spending 

variation from socioeconomic status, access to medical services, and supply of medical 

resources. 

 Our findings were compared to another study on a chronic medical condition.  Hirth et al. 

studied the sources of geographic variation in Medicare end-stage renal disease expenditures.  

Using a very different study design and adjusted price with the wage index and found price to be 

the most influential contributor to spending variation, followed by standardized hospitalization 
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ratio (SHR), and then demand characteristics such as income and education (Hirth, Tedeschi et 

al. 2001).  It was unclear whether the measure of SHR was a demand-side or supply-side variable 

because it was expected to reflect a mix of unobserved comorbidity variation, other 

characteristics of individuals with ESRD, practice patterns, and quality of renal care.  Health 

status in Hirth’s study represented by demographics and percentage of diabetic versus 

nondiabetic cause of ESRD and was a weak contributor to spending variation.  The current study 

examining beneficiaries with epilepsy found that demand-side variables, specifically health 

status represented by Charlson comorbidity index (CCI), was the largest contributor to spending 

variation (44.4% in 2011, 51.9% in 2013).  The contribution of price was substantial (31.4% in 

2011, 36.3% in 2013) but lower than that of health status.  The sources of spending variation 

among beneficiaries with different high-cost chronic medical conditions can differ greatly. The 

long-time observed variation in Medicare spending across geographical areas of the United 

States (US) has been viewed by many as evidence of inefficiency in care delivery (Cutler and 

Sheiner 1999, Fisher, Wennberg et al. 2003, Sutherland, Fisher et al. 2009, Zuckerman, 

Waidmann et al. 2010), this study indicated the appropriateness of spending variation may 

depend on the type of population examined. 

 Spending variation information in different groups with chronic medical conditions could 

provide insights into subgroup spending patterns.  Sources of variation coupled with disease 

prevalence information can potentially assist in identifying the appropriateness of spending 

variation in high-cost areas.  As a simple example, the spending variation in high-cost areas with 

high prevalence of epilepsy may be more appropriate than a high-cost geographical areas with 

low prevalence of epilepsy because more than half of the spending variation in the cohort with 

epilepsy was due to patient demand.  Regional information from other high-cost chronic 
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conditions would help in refining the analysis.  This theory of identifying contributors to 

spending variation with respect to specific medical conditions is supported by Reschovsky et al. 

who examined the variation of costs of condition-specific treatment episodes (Reschovsky, 

Hadley et al. 2014).  Contrary to the current study, Reschovsky et al. found population health 

(e.g. health status in the current study) to be the most influential factor for local per-beneficiary 

Medicare costs while local practice patterns was more influential for condition-specific episode 

costs.  The comparison between these studies is not completely appropriate because of many 

differences between the studies in study design.  Aside from different data sources used, our 

measure of health status was individual-level CCI while Reschovsky et al. used an average 

Hierarchical Condition Categories (HCC) for each geographical unit.   In addition, epilepsy was 

not included in Reschovsky’s study.   

 Another study conducted by Reschovsky et al. examined factors associated with the cost 

of treating high-cost Medicare beneficiaries to address the potential effectiveness of the 

initiatives supported by the PPACA (Reschovsky, Hadley et al. 2011).  Assessing 2004 to 2006 

Medicare data, the authors concluded that the initiatives such as accountable care organizations 

(ACOs), bundled payments, and patient-centered medical homes may have only minor effects on 

high-cost patients who consume most Medicare resources.  It was suggested the development of 

interventions customized for the complex and costly beneficiaries may be more promising to 

achieve the goal of “bending the health spending curve” (Reschovsky, Hadley et al. 2011).  One 

should note that the VBPs were implemented in 2012, after Reschovsky’s study (Reschovsky, 

Hadley et al. 2011).  Both VBPs specifically targeted inpatient hospital spending which is the 

major portion (69%) of Medicare Part A spending (HHS.gov 2017).  The HRRP specifically 

targeted the readmission rates associated with three medical conditions:  Acute myocardial 
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infarction, heart failure, and pneumonia.  Additional medical conditions were included in the 

HRRP since the first year of its implementation.  Chronic obstructive pulmonary disease 

(COPD), and elective primary total hip and/or total knee replacement (THA/TKA) were included 

in the HRRP in 2015.  Coronary artery bypass graft (CABG) was added in 2017.  All of these 

conditions are debilitating and/or high-cost.  Epilepsy as well, is a high-cost medical condition, 

costing a state average of 11,690 to 29,048 (US$ 2013) per beneficiary compared to 6,466 to 

9,458 (US$ 2013) per beneficiary without epilepsy.  Although epilepsy may not be a condition 

associated with high readmission rates, initiatives that decrease the chance of hospitalization of 

patients with epilepsy could contribute to decrease spending.  Improving adherence to 

antiepileptic drugs (AEDs) is an example of such initiative.  About 70 percent of patients with 

epilepsy taking AEDs achieve seizure freedom (Brodie and Kwan 2005). 

 

5.2.3 Study Three:  Inpatient Inefficiency 

Different types of efficiency (technical, productive, and allocative) have been defined in 

the literature, however, it is not always possible to clearly distinguish among them.   Productive 

efficiency implies technical efficiency and allocative efficiency implies productive efficiency, 

but not vice versa (Palmer and Torgerson 1999).  Whichever type of efficiency is under 

consideration, the general principle of improving efficiency involves minimizing input while 

holding output constant, maximizing output while holding input constant, or decreasing input 

and increasing output at the same time.  The interest of the first objective of this study was the 

input of resources with respect to spending per hospital stay (AIH).  The interest of the second 

objective was the output measured by the proportion of hospital stays with an epilepsy or seizure 

admission diagnosis (PHE).  Heterogeneity was detected both with respect to AIH and PHE, 



 

229 

 

indicating that a single nationwide policy that affects the same inefficiency factors may not be 

appropriate for Medicare beneficiaries with epilepsy.  In the Northeast region of the US, AIH 

increased as the number of primary care physicians increased, indicating a potential 

inappropriate level, mix or distribution of primary care physicians in the region.  None of the 

inefficiency factors examined were significant in the Midwest.  In the Southern region of the 

country there was evidence of inappropriate level, mix, or distribution of human resources 

(number of interns and primary care physician distribution) and low retention rate of physicians 

who graduated from an institution in the state.  The number of medical interns in this region 

seems to be the most important source of inefficiency because as the number of interns 

increased, both the AIH and PHE increased.  For the West, an association was detected between 

the practice of defensive medicine and AIH (costs).  This association however did not appear to 

affect the inefficiency index measure as much as PHE (quality). 

 

5.3 LIMITATIONS, RECOMMENDATIONS FOR FUTURE RESEARCH, AND 

CONCLUSION 

Medicare data like other administrative data may not capture all diagnostic information of 

its enrollees.   The five percent Medicare data used for the current study were based on a 

complex sampling strategy and does not guarantee the same Medicare beneficiaries were 

represented in sample group from one year to the next (ResDac 2016). This limits the ability to 

conduct longitudinal studies.  In addition, the five percent Medicare sample is randomly selected 

and is representative of the entire Medicare population. For the state-level estimations, it was 

uncertain whether state-level samples sectioned from the nationwide five percent sample were 

representative of the states.  Due to data limitation, the current study is limited in its ability to 
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measure the effect of two VBPs on Medicare spending variation.  Long-term consequences can 

only be determined with continuous assessment over a longer period of time than was available 

for this analysis.  Efforts were made to standardize Medicare payments to reflect true spending 

on health services subtracting payments that were unrelated to health services.  However, the 

standardized costs were algebraic estimates using recommended formulas. CMS started 

publishing standardized payments in 2014 (ResDac 2016).  Access to data starting in October, 

2014 and later years would help shift more efforts from data management to model construction 

and analysis.  Depending on the medical condition, administrative or claims data may not capture 

sufficient information on outcomes.  The outcome measure of the study, PHE may or may not be 

a good indicator of treatment outcome because of temporal issues.  PHE may also be an indicator 

of the proportion of beneficiaries with more severe epilepsy and not necessarily the proportion of 

beneficiaries with poor outcome.  PHE was, however, the only measure available for quality or 

outcome for the study.   

 Approximately 40 percent of the epileptic seizures occurring in the elderly are due to 

cerebrovascular disease (Verellen and Cavazos 2011).  Studies assessing the temporal 

relationship between epilepsy and cerebrovascular diseases may provide information to develop 

epilepsy prevention strategies.  Socioeconomic status is defined by the American Psychological 

Association (APA) as “the social standing or class of an individual or group often measured as a 

combination of education, income, and occupation.”  The first study of this research project only 

assessed the association between prevalence and poverty level and found an inconsistent weak 

association.  Further studies examining the association between prevalence and education status 

and occupation in addition to income may help confirm previous findings of socioeconomic 

status being not only a risk factor for epilepsy but also a negative factor to treatment outcome 
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(Hesdorffer, Tian et al. 2005, Li, Sundquist et al. 2008).  Whether distance to epilepsy centers 

and the number of epilepsy centers are associated with epilepsy diagnosis or treatment outcome 

remain unclear.  Further studies using 100 percent data may clarify these associations.  The 

strong association between prevalence of epilepsy and the proportion of urban areas identified in 

the study signaled further research examining urban environmental effects on epilepsy. 

Spending variation information in different groups with chronic medical conditions 

would provide insights into subgroup spending patterns.  This information coupling with disease 

prevalence information can potentially assist in identifying the appropriateness of spending 

variation in high-cost areas.  As an example, the spending variation with high-cost areas having 

high prevalence of epilepsy may be more appropriate than high-cost areas with low prevalence of 

epilepsy because more than half of the spending variation in the cohort with epilepsy was related 

to patient demand.  Regional prevalence information of other high-cost chronic conditions would 

help in refining the analysis.  Since its initial implementation, the hospital readmission reduction 

program (HRRP) now includes more medical conditions and other Value-based programs 

(VBPs) have been implemented in addition to the two examined in the study.  Further studies 

pre- and post-VBPs would provide information on their effects on spending variation. 

For the purpose of informing policy change, including data from Medicare Part C in the 

analysis would give a more complete picture on spending patterns and efficiency. The mapping 

of efficiency in health delivery for different chronic medical conditions may guide the 

identification of geographic areas that may require assistance in improving spending and health 

outcomes.   

In conclusion, the prevalence of epilepsy among Medicare beneficiaries appears to have 

increased two folds since 2005.  A high degree of heterogeneity in Medicare spending with 
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respect to geography and specific medical conditions was indicated.  Across-the-board cost 

reduction policy based on cost alone may not be appropriate for all geographic areas across the 

US and may even be detrimental to health outcomes in some areas.  This project demonstrated 

the following:  1) the prevalence of epilepsy among older Medicare beneficiaries has increased 

by two folds; 2) programs such as the HVBP and HRRP that link cost to outcomes appeared to 

be successful in reducing geographic variation of medical expenditures during the first year of 

their implementation in 2013; 3) factors influencing inpatient inefficiency for beneficiaries with 

epilepsy are different from region to region in the US; 4) quality of care was a significant 

associated with inpatient inefficiency while cost was not; therefore, policy changes focusing on 

quality improvement are expected to decrease inpatient inefficiency to a higher degree than 

policies that decrease cost alone; 5) instead of total spending per individual, updated knowledge 

of the prevalence and cost per case treated of specific chronic medical conditions may better 

assist resource allocation, budget planning, and health programs development. 
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