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Abstract
There is considerable evidence pointing to large regional variations in health care utilization and spending without corresponding improvements in patient outcomes.  Since this evidence largely comes from the Medicare program, however, it is not clear whether these findings generalize to the private health care sector.  Public agencies have weaker incentives than private payers to eliminate any cost-inefficiencies associated with these regional differences. This paper provides a theoretical and empirical analysis of regional variations in the public and private sectors. We first show that the incentives for cost control in the private sector drive differences in utilization and spending between the two sectors and across regions. We use individual level data for patients with heart disease in Medicare and in a large sample of private claims to estimate and compare the regional variations in each. Our main finding is that regional variations are more prounoucned in the public sector than in the private sector, particularly with regards to utilization.  We also find that regional variation contributes surprisingly little to the total variation in utilization and spending across patients.  We discuss the policy implications of these findings, such as whether Medicare’s administrative costs are too low, the likely effects of a “public option” versus expanding Medicare Advantage, and the value of comparative effectiveness research in reducing variations.    

1: Introduction


There is considerable variation in health care utilization and spending across different areas in the U.S., but little evidence of corresponding differences in health outcomes or satisfaction with care.
  This variability is often cited as evidence that current levels of health care spending reflects “flat-of-the-curve” medicine, i.e., treatment for which the marginal benefit of an additional unit of care is essentially zero. Taken in this context, these findings have dramatic implications for the potential to increase the productivity of health care spending in the U.S.

Yet despite the prominent role that health care variations have played in policy debates about how to reduce health care costs, the evidence of regional variations is almost exclusively limited to public insurance systems such as Medicare.  Little is understood about whether these cost-inefficiencies are also present in the private sector.  Focusing on public programs alone, it is perhaps not surprising that care is provided at a level that fails to reduce cost-inefficiencies. Indeed, one would suspect that private payers have stronger incentives to eliminate cost-inefficiencies in the pursuit of more competitive premium pricing or higher profits.  Put bluntly, there is no one at the Centers for Medicare and Medicaid Services (CMS) whose standard of living is raised by reductions in health care variations.  


This paper provides a theoretical and empirical analysis of how regional variations in health care differ in the public and private sectors.  We first examine conceptually how private efforts to weed out inefficient providers within a region affect differences across regions in utilization and spending. In particular, we show how cost control measures in the private sector that eliminate excessive utilization within regions also drive down the variation across regions, compared to the public-sector.  

We examine these predictions empirically using individual level data on patients with heart disease, comparing patients with private insurance to similar patients with Medicare.  We examine patients with a history of heart disease in a large database of private sector medical claims and compare those with similar patients in the Medicare Current Beneficiary Survey (MCBS).  Both data sets include measures of patient level demographics as well as comorbidities, allowing us to identify regional variation distinct from indiivudal characteristics such as their health.
Using these data, we report two main findings.  First, we find that regional variations in health care are considerably more pronounced in the public sector than in the private sector, in the sense that there is much more dispersion in the distribution of estimated regional fixed effects for utilization and spending.  In particular, both regional variations in inpatient and outpatient utilization are greater in the public sector than in the private sector.  Interestingly, drug utilization is similar in the two sectors, which we attribute to both being largely provided through the private sector during the period observed. Second, we find that the share of the overall variation in spending and utilization attributable to regional fixed effects is surprisingly small, less than one percent at the Metropolitan Statistical Area (MSA) level.  In other words, the variation in health care spending and utilization across patients within regions dominates the variation across regions.    


The paper proceeds as follows. Section 2 provides the conceptual analysis of the impact of cost-control measures in the private sector on differences in variations across the two sectors. Section 3 provides our empirical analysis focusing on the distributions of the fixed effects of regions for the two sectors.  Section 4 discusses how our findings relate to the existing literature on health care variations. Lastly, Section 5 concludes with a discussion of the policy implications of our findings such as the potential harm associated with low administrative costs for public payers when due to lack of cost-controls, the impact of a public option versus Medicare Advantage expansion, as well as the value of comparative effectiveness research in reducing variations.    

Section 2: A Simple Analysis of Regional Variations in Utilization

This section uses a simple model to generate predictions about how regional differences in health care utilization and spending will compare between private and public payers.  This analysis is general enough to nest several possible sources of regional differences, and in particular allows for such differences to be efficient.
  

The main assumption is that private payers have a greater incentive to limit inefficient utilization than a public payer such as Medicare.   Medicare does not have to compete for market share, and its residual claimants are taxpayers rather than shareholders.  As a result, the private sector has developed a number of mechanisms to control inefficient care.  They can explicitly manage care, for example, through utilization review and case management to pressure providers to limit costly services.  They can also implicitly do so by selectively incorporating certain doctors into their network--and excluding others--based on their practice style.  Finally, they can steer patients towards efficient care through benefits management--for example, by not covering certain services unless some clinical criteria are met.  In what follows, we use the shorthand of utilization restrictions (UR) to refer to all these practices.

We interpret UR to limit spending on treatments whose costs exceed the benefits.  This does not lead to uniform utilization because there is substantial heterogeneity among apparently similar patients in the efficacy of different treatments; excessive care for one patient can be cost-effective for another.  For this reason and because UR is costly, private payers do not pursue UR to the point of eliminating variation in medical practices in any region.  Instead, they tolerate some inefficient care that would cost more to eliminate than the cost of the inefficiency.   The greater use of UR by private payers compared to public payers, driven by private payers’ greater incentive to limit costs, yields a set of predictions about how levels of and variation in utilization and spending differ across private and public payers.

Figure 1 illustrates the implications of UR in our analysis.  The x-axis represents a range of different utilization levels for patients with the same health conditions.  The y-axis measures the marginal costs and benefits of greater utilization.  The utilization level at which marginal benefits fall below marginal costs is the optimal utilization, y*.  Compared to Medicare, private payers have stronger incentives to limit utilization to not exceed levels at which marginal costs exceed marginal benefits.  They do this via UR, which places an upper-bound on the utilization, yUR ≥ y, and thus eliminate inefficient utilization above that level.
2.1 Variation in Utilization within Regions
Within any region, there is a distribution of providers in terms of their utilization levels--i.e., that is, how much care the provider or doctor would recommend for the same patient.  This is shown in Figure 2 and represented by the cumulative distribution function F(y) for the utilization variable Y.  Were it not for cost concerns among private payers, private and public patients would distribute themselves across the population of providers in proportion to their representation among the population.  Private payers’ UR procedures limit utilization and thereby limit the support of the providers covered by the private plans, resulting in the private mean (priv= E(Y|Y≤ yUR) as opposed to the public mean (pub=E(Y).  The limits on private utilization imposed by UR directly implies that the average level of utilization in the public sector is higher

(priv ≤ (pub.  

Now consider a pure change in utilization making it more wasteful, represented by a larger mass P(y ≥ yUR) to the right of the limit on utilization imposed by the private sector.  This will clearly increase the difference in mean utilization across the two sectors 


(pub - (priv
 In other words, UR has a larger negative effect on utilization in areas in which many providers provide inefficiently high levels of utilization. 
2.2 Variation in Utilization across Regions for the Two Sectors

Consider now how differences in utilization between private and public patients within regions translate into differences in utilization between regions, as represented by the distribution G((pub, (priv) of mean utilization levels across regions.  If the underlying utilization distribution F differs across regions with the same efficient level of utilization y* then we may consider how the change in the mean of F, i.e. the public mean, affects the difference between the two sectors    


d [(pub - (priv]/d(pub = 1- d(priv/d(pub.

Figure 3 depicts this case in ((pub, (priv) space, where the curve shows the case when private utilization does not rise as fast as public utilization across regions because the more waste there is, the more care is denied in private plans.  In other words, as discussed, in regions with large amounts of inefficient care in the public sector, the difference between the public and private sector will be the largest.  This occurs if the slope of the private sector mean with respect to the public sector mean is less than unity;  d(pub. ≤ 1. 

To illustrate, consider when the public sector distribution F(y) is normal, Y~N((pub,().  In this case, mean utilization in the private sector follows from the formula for the mean of a truncated normal random variable,
(priv = (pub + ((((),
 where ((() = - ((()/((() is the inverse Mills’ ratio and ( = (yUR – (pub)/(.  Using the fact that the derivative of the inverse Mills ratio with respect to  ( satisfies  (’(()((0,1) (Sampford 1953), it follows that the slope of the private mean as a function of the public mean is less than unity or, equivalently, that the sector impact rises with the public mean,


0 ≤ d(priv/d(pub. ≤ 1           &   d [(pub - (priv]/d(pub  ≥ 0.
A positive relationship between the sector impact and public utilization has direct implications for regional variations in the two sectors.  For two regions r and r’, Figure 4 shows how a given difference in public utilization translates into a smaller difference in private utilization.  This occurs because the mapping of private and public utilization across regions has a slope below unity when more public waste induces larger differences between the two sectors.  More generally, consider when private utilization scales down public utilization in the joint distribution G as in the (Taylor approximated) linear relationship (priv = θ0+θ1(pub, where 0 ≤ θ1 ≤ 1. It then directly follows that the public variation across regions, as measured by the marginal variance, is larger than the private variation


V((priv) = (θ1)2V((pub) ≤ V((pub)    
In the empirical analysis, we will attempt to control for the efficient level of utilization by looking at patients with demographics, co-morbidities, and plan generosity and then analyze these features of the distribution G((pub, (priv) across regions.  

Section 3: Empirical Analysis 
3.1 Data and Empirical Specification
To study the geographic variation in health care expenditures for patients in private plans, we use data from a retrospective cohort analysis on a large data set of private-sector claims.  This database is a modified version of the Ingenix Touchstone product, supplemented to provide additional beneficiary and health plan information.  The data capture all health care claims, including prescription drugs, inpatient, emergency, and ambulatory services from 35 Fortune 500 firms. The analytic database integrates component datasets of medical claims, pharmacy claims, and enrollment records.  This allows us to calculate spending and utilization for all services provided to the patients over our study period.  In addition, the enrollment records allow us to identify plan-generosity in co-pays as well as basic demographics of the patients, including age, gender and some information on income.
  Importantly for our purposes, the data also include the three digit zip code of residence for plan members, allowing us to analyze health care spending and utilization patterns at different levels of geographic aggregation.    
To compare the spending and utilization patters of patients in the private plans to that of patients in Medicare, we use the Medicare Current Beneficiary Survey (MCBS).  The MCBS is a survey administered to a nationally representative sample of aged, disabled and institutionalized Medicare beneficiaries, sponsored by the Center for Medicare & Medicaid Services (CMS).  Respondents are interviewed up to twelve times over a three year period, and these interviews are attempted regardless of whether the respondent resides in the community or at a facility; institutionalized respondents are interviewed by proxy.  There is oversampling of the disabled (under 65 years of age) and oldest-old (85 years of age or older).


The MCBS was originally designed as a longitudinal sample that tracked respondents indefinitely.  The survey design was changed in1994, however, and it became a rotating panel design with limited periods of participation. Each fall a new panel is introduced, with a target sample size of 12,000 respondents and each summer a panel is retired. The MCBS includes detailed information on self-reported health status, health care use and expenditures, coverage, and demographic characteristics.  Additional Medicare claims data for beneficiaries enrolled in fee-for-service plans are also incorporated to provide more accurate information on health care use and expenditures.  The MCBS does not include actual claims data on prescription drugs; all information on perception drug spending and utilization in the MCBS is self reported.   

In order to make the patient population as comparable as possible across the two sectors and across regions, we condition on a specific health condition—heart disease.  Specifically, we restrict the sample to those patients with a history of ischemic heart disease (IHD).
  Heart disease is one of the most common health risks in the U.S., so it leaves us with sufficient observations in both samples to study variations across a wide number of geographic areas.

The primary geographic unit of analysis for our study is the MSA.  There are several potential candidates, either a standard geopolitical unit of analysis such as state, county, MSA or the hospital referral region (HRR) level that is used by the Dartmouth Atlas.  The HRR areas are designed to correspond to the actual patterns of utilization observed by patients in certain areas.  We conduct an MSA-level analysis, because, unlike the Dartmouth Atlas, we are constrained by sample size.  (Dartmouth has a census of Medicare claims).  We restrict our sample to 99 MSAs where we have at least 100 patients in both the private and public samples.  These are larger regions than HHRs, so may explain a smaller share of variation, but for this reason we also examine regions defined by 3 level zip codes.

To control for the underlying health status of individuals, we use the diagnosis codes on medical claims to identify whether patients were treated for any of 30 different conditions in a calendar year.
  We use the supplemental medical claims data with the MCBS to construct these objective health measures.  The MCBS also has self-reports of a number of distinct health conditions, as well as the individual’s self-reported general health status (coded 1 to 5, with 1 indicating poor and 5 indicating excellent).
  


An important limitation of our data is that our private sample does not represent a random, national sample of individuals.  In fact, the total private sample represents a skewed sample of individuals, oversampling the South and Midwest and undersampling the Northeast and West regions of the country.
  Even the MCBS, which is a national random sample, is not designed to be representative for any particular geographic subset of the population.  While our data are not representative nationally, however, it is not clear that our data are biased within a particular area.  That is, conditional on having at least 100 observations in an MSA in our sample, we have no reason to think that we have a biased sample of individuals.  If the health care utilization of individuals in our sample is representative conditional on other observable characteristics, i.e., if we assume our model is correctly specified, then our comparison of public and private utilization in this set of areas will be unbiased.
3.1.1 Descriptive Statistics 


Table 1 presents some descriptive statistics for health care spending and utilization in the public and private samples.  We present the mean and standard deviation, as well as the 25th percentile, median and 75th percentile values.  Our utilization measures include the number of hospitalizations, total hospital days across all hospitalizations, the number of outpatient visits and the number of 30 day equivalent prescriptions in both samples.  For spending, we record total (inpatient + outpatient), inpatient, outpatient, as well as spending on prescription drugs.  
As the theory discussed predicts, utilization is lower for private plans than Medicare. Indeed, the number of hospitalizations, hospital days and outpatient visits are all higher in the public sample than in the private sample.  Some of this, however, is likely due to the advanced age of individuals in the public sample.  There are also some noticeable differences in spending patterns in these unconditional levels.  Total spending for patients in the private plans exceeds that in the public sample.  Total medical spending for the individuals in the private plans is $8,397 per year, compared to $6,633 for the Medicare patients, about a 27% difference.  There are also differences in the composition of spending: inpatient spending is higher for the Medicare patients, while outpatient and prescription drug spending are higher for the patients in private plans.   Obviously, many other factors may be driving these spending patterns, including prices, demographics, and underlying health status.  In the next section, we develop a model to control for these factors.
3.1.2 Empirical Specification
In order to control for underlying differences in the two samples, we consider specifications that identify the contribution of demographic characteristics and individual health to spending and utilization, as well as identify the effect of regional differences separately from these.  Formally, we estimate the following model with regional fixed effects:
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Here Yurt represents some measure of spending or utilization by patient i in region r at time t.  
The vector X includes the following demographic characteristics about the patients: age, age squared, gender, income, and the health measures described above.  The vector Z includes vectors describing the generosity of health plans.  For the private patients we use the average co-pay for inpatient care, outpatient care and prescription drugs, to control for variation in plan generosity.  For the Medicare patients, we include a dummy for whether or not the patient is enrolled in a Medicare HMO.  Finally, the terms  ( and ( represent fixed effects for year and MSA, respectively.
We estimate a separate model for each sector, component of spending, and utilization.
   All regressions are weighted by the number of observations in the MSA, and the standard errors are calculated allowing for MSA-level clustering.  Each regression model provides us with an estimated set of region fixed effects
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, which indicate the time-invariant, area-specific heterogeneity in utilization and spending.  The distribution of these fixed effects across the two sectors is the primary object of interest.
3.2 Distribution of Fixed Effects

This section discusses our findings regarding the estimated joint distribution G((pub, (priv) of fixed effects of the two sectors, as distributed across regions. 
3.2.1 The Dependence in Fixed Effects across Sectors 


Figure 5 is a scatter plot for utilization that is the empirical analog to the Figure 4 from the theory section.  Each region is represented by one circle in the plot.  The x-coordinate of each region’s circle is the region fixed effect for hospital days by public patients; the y-coordinate is the region fixed effect for hospital days by private patients.  The dashed line represents the linear regression line of the fixed effects for the private patients fitted on those of the public patients.  The solid line represents a line with a slope of unity extending from the lowest public fixed effect.  
Nearly all of the observations lie below the 45-degree line, indicating a slope of less than unity. The fitted regression line has a slope of 0.07 (p=0.26), which clearly indicates how weakly correlated the two are.  Moreover, the figure shows that the differences in utilization between the MSAs with lowest utilization and highest utilization, controlling for observable demand characteristics, is considerably less among the private patients in our sample; that is, the range on the x-axis is larger than the range of the y-axis.  

Figure 6 shows the analogous scatter plot for outpatient visits.  Again, the regional variation in utilization among Medicare patients is far greater than that among private patients.  The best linear prediction indicates that private outpatient visits tend to be slightly lower in regions in which public utilization of outpatient visits is high than in regions in which public utilization is low (the slope is -0.11 with p=0.03).  As is the case with the number of hospital days, it appears the large regional differences in utilization of outpatient in the public sector are dampened in the private sector. 


We performed two tests to rule out that the different ages of the two sectors was the source of this finding.  These two tests were beyond the controls for age and age squared in the regressions.  First, we restricted the private sample to patients aged 60-64 and the public sample to individuals aged 66-70 and replicated our analysis.  The results of this analysis are reported in Figure 7.  As before, we plot the region fixed effects for the patients in private plans on the vertical axis and the fixed effects for the public patients on the horizontal axis.  The left panel compares the scatter plot for the region fixed effects for the number of hospital days in the public and private samples, while the right panel compares the fixed effects for the number of outpatient visits.  The sample is restricted to the 83 MSAs in which we observe at least 100 patients in both samples with this smaller age range.  We can see from the figure that our results are essentially unchanged.  For both the number of hospital days and the number of outpatient visits, the range is considerably wider for the public sample than the private sample.


The second test we ran was to consider only the private sample, and compare the 60-64 year olds to the 55-59 year olds in those private data.  If our findings were driven primarily by age effects, we would expect the results to be similar to the comparison of public and private patients.  If the differences are driven more by differences between patients in public and private plans, however, we would expect to find much more similarity between the region fixed effects.

The results of this test are presented in Figure 8.  The figure is constructed similarly to before, with the fixed effects for the sample of younger patients (55-59) plotted on the vertical axis against the fixed effects for the sample of older patients (60-64) on the horizontal axis.  The MSAs in this figure are the same 83 MSAs in which we have sufficient sample for the 60-64 population to compare to the patients in the public plans.  Here we see that, as predicted, the fixed effects are much more comparable across the private patients in the different age groups than across the public and private patients.  While the regression line dips below the 45-degree line in both, indicating some trend of older workers to more treatment even beyond our controls, we do find that the slopes are much closer to 1, and the range of estimates is much more similar. 

3.2.2 The Variance in Regional Fixed Effects 
To illustrate the main findings in the extent of geographic variation across the two sectors, we estimate the empirical distribution of the fixed effects in the toe sectors.  To facilitate comparisons of the two sectors, we de-mean each set of fixed effects—that is, we normalize a regions fixed effect to
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 is the mean fixed-effect across all regions (computed separately in the public and private samples).  Figure 9 reports the estimated kernel densities of fixed effects for the number of hospital days in the left panel and the number of outpatient visits in the right panel.  The solid line in blue represents the kernel estimate for the density in the private sample, while the dashed line in red represents the kernel estimate for the density in the public sample.  For both hospital days and outpatient visits, the region fixed effects are clearly more centered on zero in the private sample than they are in the public sample.  Again this suggests that the predicted difference in utilization in the highest and lowest MSAs is greater for Medicare than for the private sample.    

In Figure 10 we compare the kernel densities of the fixed effects for total inpatient and outpatient spending in the public and private samples. Our findings are somewhat mixed with respect to spending in the two categories, which may partly be due to the price differences across regions, both within and across the two sectors.  Here there is a clear spike indicating that there is lower variance in the region fixed effects for inpatient spending in the private sample.  The density for outpatient spending, however, suggests there is less variance in the public sample than the private sample.  The fact that outpatient spending has higher variance in the private sample even though the variance in outpatient visits is noticeably lower suggests the possibility that there could be unexplained price variance in the private plans that exceeds that in the public plans.
Figure 11 reports the estimated distribution of region fixed effects for prescription drug spending and the number of prescriptions.   The distribution of spending on prescription drugs overlaps quite closely in the two samples.  There is a slight spike indicating lower geographic variation in the number of prescriptions for patients in the private plans, but the overall difference is relatively small.  This indicates that the distributions of the regional fixed effects for prescription drug spending utilization are very similar in the public and private samples.  This is actually consistent with what we would predict, because for most of this sample the majority of prescriptions were not covered by Medicare.  Medicare Part D did not take effect until 2006, the end of our sample, so a majority of the insurance coverage for prescription drugs held by patients in the public sample was actually through private health plans.  Thus, it is perhaps not surprising that the distribution of region fixed effects is closest in the two samples for the prescription drug categories.
Table 2 reports the standard deviation, 25th and 75th percentile values and the inter-quartile range of the region fixed effects for all the models.  The table confirms the graphical findings from the kernel density estimates.  The standard deviation of the region fixed effects is higher in the public sample than in the private sample for all utilization categories.  This does not appear to be a scaling effect.  While average utilization is higher in the public sample, the standard deviation over the mean utilization value (from Table 1) is still larger in the public sample for all categories except hospital days.  The interquartile range of region fixed effects divided the mean value (from Table 1) is larger in the public sample than in the private sample for all utilization categories.  Also consistent with the figures, the distribution of prescription drug utilization exhibits little or no difference in the variance across the public and private samples.  

The final column of the table presents the test statistics and p-values of Kolmogorov-Smirnov tests for the equality of distributions in the two samples.  The p-values suggest that at conventional significance levels we can reject the null hypothesis that the number of hospitalizations, the number of hospital days, and the number of outpatient visits are drawn from the same distributions for Medicare and private payers.  We fail to reject the null hypothesis that the number of prescriptions for both payer types are drawn from the same distribution. 

These findings are mostly consistent when we compare the geographic variability of spending in the public and private samples, though the effects are not as pronounced.  For example, the standard deviation of the total inpatient and outpatient spending region fixed effects in the private sample is 1,223, compared to 1,342 in the public sample.  While the variance is higher in the public sample, we fail to reject the null hypothesis that the total spending is distributed identically in the two samples.  The finding of lower variability in the private sample fixed effects is pronounced for inpatient spending.  On the other hand, as illustrated in Figure 10, outpatient spending has higher variance of region fixed effects in the private sample.
To summarize, our findings suggest that the systematic geographic variation in health care utilization and spending is considerably more pronounced in public plans than in private plans.  We find that areas that have higher levels of inpatient and outpatient utilization in Medicare do not exhibit noticeably higher utilization in private plans.  Comparing the distribution of the region fixed effects in the public and private samples, we find that the distribution for the public sample is more disperse than the distribution for the private sample.  In other words, we find that the difference in the average utilization of both inpatient and outpatient care  between the low utilization areas and the high utilization areas is significantly more pronounced for the patient in Medicare than for the patients in private plans.
3.3 Analysis of the Variance in Health Care Spending and Utilization


Having looked at regional variations in care--and seen that the private sector exhibits less variation, especially for utilization measures--it is reasonable to ask: how important is this variation across regions in explaining overall spending variation?  This section reports a simple analysis of variance (ANOVA) decomposition that compares how well the fixed effects and the individual characteristics explain the variation in health care spending and utilization. 
Table 3 reports the fraction of the total variance that can be explained by MSA-level fixed effects and the fraction that can be explained by the other independent variables in our regressions for public and privately insured.  The top panel reports the variance shares for the different spending categories, while the bottom panel reports the variance shares for the different utilization categories.


The table indicates that the share of variance explained by the MSA fixed effects is generally much lower than that explained by the individual characteristics.  This finding is consistent in both the public and private samples.  It is noteworthy that in only four of the 16 regressions do the regional effects explain more than 1% of the total variation.  This share of patient variation explained by regional fixed effects is surprisingly low. As a check we performed the analysis with smaller regions on the 3-digit zip code level, but the results remained unchanged.
  It appears that the within region variation is considerably higher than the between region variation.  

The table also suggests that the share of variation that is explained by the MSA fixed effects is consistently higher in the public sample than it is in the private sample.  The MSA fixed effects explain 0.2% and 0.3% of the variation in the number of hospitalizations and the number of hospital days, respectively, in the private sample, compared to 0.9% and 0.8% in the public sample.  The MSA fixed effects explain more of the variation in outpatient visits in the private sample than the public sample, though this is the only category in which that is the case.  
Another finding from the table is the large residual variation in health care spending at the individual level.  This is true for both public and private plans, with the total share of variance explained by the model being less than 10% for all but a handful of the dependant variables.  As a general rule, it is not that unusual to have low a R2 for regression analyses in large micro databases.  Nevertheless, it is noteworthy that neither geography nor individual health and demographics are able to explain much of the individual variation in utilization of health care services.
Section 4: Comparing Our Findings to the Existing Literature
In this section we discuss the literature related to our main findings:  regional variation in utilization and spending is much lower among private patients than among Medicare patients, and region of residence explains a very small share of the overall variation in medical spending across individuals.  We divide the studies into those that use region level data and attempt to control for non-regional determinants of care, and those that, like ours, use individual level patient data.

 4.1 Regional level data 

Numerous studies document the wide variation in health care utilization and spending across areas in the United States, which we summarize briefly in Table 4.
  See Wennberg and Gittelsohn (1975) for an early example.  These studies typically use region-level data and focus exclusively on Medicare.  Following the Dartmouth Atlas, the unit of analysis typically chosen is hospital referral regions (HRR’s), but occasionally metropolitan statistical areas (MSA’s) or states are used.  The magnitudes of the differences in spending are substantial.  The 2008 Dartmouth Atlas of Health Care reports that spending on health care in the last two years of life (for deaths occurring from 2001-2005) ranged from a high of $59,379 in New Jersey to $32,523 in North Dakota (Wennberg et al, 2008), a range of 28% above to 30% below the national average.  This is similar to the range of quantity utilization reported across metropolitan statistical areas (MSA’s) by MedPac, which ranged from 39% above the national average in Miami to 30% below in rural Hawaii (MedPac, 2009).  

These variations persist even after accounting for the area-specific profiles of such potentially confounding factors as age, insurance coverage, average income, and rates of illness of disease.  Cutler and Sheiner (1999) investigate the extent to which variation in spending across HRR’s can be explained by regional differences in illness, in factors that affect demand conditional on illness (e.g. income and race), or in “exogenous differences in the structure of medical-care markets” (e.g. generalists vs. specialists and medical training).  They find that regional demographics can explain about 70 percent of the variation in medical spending across regions, but the unexplained variation remains large.  Reforms that reduced Medicare spending in all regions down to the 10th percentile region, for example, would reduce total Medicare spending by 15 percent.

It is particularly noteworthy that areas exhibiting high utilization of health care services do not exhibit demonstrably better outcomes for patients (e.g., Fisher et al. 2003a).  This has led many to conclude that the areas with high resource use are practicing “flat of the curve” medicine; that is, that physicians in these areas provide treatments that provide a marginal benefit that is essentially zero.

There exists one study, performed independently of ours, that compare public and private regional variations, but this study considers aggregated measures as well.  Chernew et al (2010) compare HRR-level variations in medical spending and utilization by Medicare and a sample of large firms in the Thomson Reuters (Medstat) MarketScan Commercial Claims and Encounters Database.  They estimate that the geographic variation in private sector spending is greater than in Medicare spending (coefficient of variation of 0.21 vs. 0.16).  This is in contrast to our finding for individual level data of smaller variation in private spending, as measured by a smaller standard deviation of the regional fixed effects (1,253 vs. 1,430).  Possible reasons for the differences include our ability to control for individual-specific factors, or our focus on a specific set of patients (those with heart disease).  Further research should investigate the causes of the differences in individual level data and not aggregated across diseases.

4.2 Individual level data

We do not know of any paper about geographic variations that uses individual level data to estimate the differences in sectors and the share of variation in spending or utilization that is explained by geographic location.  

However, there exists a large literature in health economics that investigates the “predictability” of individual level medical spending, i.e., how much of the variation in spending can be explained using predetermined person-level data (Ellis and McGuire 2007).  Unlike our paper which focuses on regional variations, this literature is mostly interested in how predictability affects health plans’ selection of enrollees under prospective payment (e.g., Feldman and Dowd 1982) and the consequences for risk adjustment procedures (e.g., Newhouse et al. 1989).  These papers typically conclude that the predictable component of variance in individual level health spending is about 15-25%.  

We believe this literature also has unrecognized implications that are important for the literature on regional variations.  In particular, our result that region of residence explains a very small share of the overall variation in medical spending across individuals is consistent with those from this literature on the predictability of individual medical spending.  Indeed, many papers about the predictability of medical expenses also find that region of residence has little predictive value.  For example, using data from the Netherlands for instance, Val Vliet and van de Ven (1992) find that adding regional dummies increased the R-squared of a model with age and sex dummies by just .006 from .028 to .034.  In addition, Ellis and McGuire (2007) report that county of residence, age, gender, and Medicaid status, together explain just one percent of the variance in total medical spending among Medicare enrollees.  Our finding that outpatient care is much more predictable than inpatient care is also consistent with this literature (see, for example, Newhouse et al, 1989).  

An important recent paper uses individual level data on treatments and outcomes to argue that the lack of a correlation between aggregate utilization and aggregate health need not imply “flat of the curve” medicine (Chandra and Staiger 2007).  In particular, they show how a model with productivity spillovers – whereby regions get better at the treatments they perform frequently and worse at those they perform infrequently – can match several patterns in the data concerning heart attack treatments.  Most notably, the productivity spillovers model can reconcile the seemingly contradictory evidence that intensive treatments such as surgery often appear highly effective at the individual level yet regions that practice more intensive medicine do not have better health outcomes on average.  This arises naturally with productivity spillovers because the beneficial effects of intensive treatment on the patients treated intensively is offset by the negative effects on the patients not treated intensively.  

One interpretation of their paper is that regional differences in practice style may be efficient given regional differences in patient populations or technology or capital – and their results for heart attack treatments support this interpretation.  But our results that private payers, who have stronger incentives to weed out providers or procedures that whose costs exceed their benefits, exhibit less regional variation than Medicare are at least suggestive that the Medicare program has more than the efficient amount of regional variation.  In particular it appears that some of the very intensive care practiced in some areas is valued at less than the cost of production. 

Section 5: Concluding Remarks

Motivated by the stronger incentives for cost-control in the private sector, this paper provided a theoretical and empirical analysis of the differences in regional variations between the two sectors. We first analyzed conceptually how utilization restrictions in the private sector, limiting the reliance on inefficient providers in a region, affected regional variations in utilization across between the two sectors. We then compared patient level data on heart disease outcomes for the two sectors and reported two main findings. First, regional variation is larger in the public sector than the private sector in the sense that there is much more dispersion in the distribution of estimated regional fixed effects.  Second, the share of the overall variation in spending and utilization attributable to regional fixed effects is surprisingly small, less than one percent. These findings suggest that the private sector may be able to better control cost-inefficiencies associated with regional variations.  We do not argue that regional variations are not significant or large in magnitude-they are, but that they represent just one of many factors explaining variations in care across patients, and one that explains comparatively little. The first finding is about coefficient sizes, the second about goodness-of-fit.  If our basic findings generalize to other data, they have important implications for several topics related to improving the productivity of US health care spending. 
5.1 Are the Administrative Costs of Medicare too Low?

A common argument in favor of public insurance over private insurance has been the argument that public payers have lower administrative costs. This is important for the desirability of a public option or for the expansion of Medicare Part C through which private plans serve publicly financed health care.  Medicare’s administrative costs are often estimated to be about a third of those of private payers. 
 
Part of the difference is administrative spending stems from profits, marketing, and utilization review efforts being present in the private sector.  However, lower administrative spending in a plan, whether public or private, may not be desirable for several reasons. First, and most directly related to this paper, if spending on utilization reviews were higher in Medicare, total costs would likely be lower through elimination of inefficient care. Private insurers may more efficiently monitor spending through administration and utilization reviews to balance the total impact on premiums. This issue is closely related to lowering the high amounts of fraud in Medicare, sometimes estimated to be as high as 15% of spending, through higher administrative costs.  The more optimal utilization review that may take place in the private sector may better balance the costs of labor in performing it with the gains in cost-control associated with it.   


Second, it ignores that a dollar spent in a public program costs more than a dollar spent under private financing because of the excess burden of taxation. In addition, related to the issue of taxation is that part of the difference in administrative spending between private insurers and Medicare is due to state premium taxes paid by private insurers – from which Medicare is exempt.  
 
Third, recent evidence by Sood et al (2009) suggest that Medicare’s per-enrollee administrative costs are actually the same as those of private insurers.  Medicare’s administrative costs as a share of medical spending are smaller only because medical spending is higher for the 65+ population in the program.
  


Lastly, profits and marketing serve an important purpose of motivating competion and driving efficiency in the private sector. We do not make all industries public ,even though it would cut profits and marketing, because of these efficiency gains from private enterprise. More importantly, despite considerable concentration in insurance markets, the evidence on accounting profits for the industry suggests that they are not abnormal. A December 2008 PricewaterhouseCoopers study estimated insurers profits at just 3% which is quite normal compared to most other industries. An anti-industry advocacy group, Health Care for America Now (HCAN), has claimed that “profits at 10 of the country’s largest publicly traded health insurance companies” rose to $12.9 billion in 2007.  Even accepting this figure at face value, this means that large insurers’ profits in 2007 accounted for about half a percent of the U.S.’s $2.2 trillion health care tab at the time.  Some insurers are for-profit, others not-for-profit, but it does not make a big difference when competition makes for-profits de facto non-profits.    

5.2 Health Care Variations and Comparative Effectiveness Research
As both private and public payers attempt to improve efficiency of health care spending, comparative effectiveness research (CER) has been offered as a potential solution to raise quality and lower costs.  The rationale for CER is to generate better evidence, and to disseminate it to patients, payers and providers, about what works and does not work in health care and to pay for the former and not the latter.  Indeed, a common motivation for the use of CER to reducing cost-inefficiencies due regional differences in spending across the country.   
The issues raised by CER are not new; they have been part of a long-standing debate of the role the public sector should play in assessing new medical products and technology.  The level of awareness and focus on CER in the US has been heighted recently due to significant public subsidization through the American Recovery and Reinvestment Act of 2009 (ARRA) as well as measures contained in current health care reform proposals.  The explicit use of comparative effectiveness assessments is much more common outside the U.S., particularly in the European Union.  This is a relatively recent trend, with no European countries formally requiring economic assessments for pricing and reimbursement decisions as of 1993, with a majority either having such a policy in place or in development by 1999  (Drummond et al., 1993, 1999).  
The evidence discussed raises the question on whether public spending on CER to reduce regional variations in the public sector is misplaced. Those variations may more cheaply be reduced through increased reliance on private markets that have higher incentives to discipline inefficient behavior.  Be that as it may, we believe a useful focus of public funding of CER should be to better illuminate the cost-inefficiencies due to procedures, rather than those due to medical products.   Owners of medical products about which there is inaccurate or misleading evidence, thereby reducing the demand for their products, have strong incentives to generate and market better evidence.  On the other hand, these incentives do not exist for procedures, which are not owned or patentable. Mandated effectiveness research through regulatory agencies such as the FDA often adds to the extent of research done on medical products.  This would favor focusing comparative effectiveness research on procedures, which do not have intellectual property or mandated effectiveness research, rather than medical products, which do.  

5.3 Limitations and Future Research

There are several limitations of the paper that also relates to important avenues of future research.  First, due to data constraints we were not able to observe health outcomes for either private or public payers. This is a limitation of the study as we cannot assess the impact on health from additional spending across or within regions. Second, while our data on private plans are large and extensive, the sample still represents only an extremely small portion of the private market, nor is it a geographically representative one.  Lastly, our analysis focused on heart disease patients, but should be broadened for a much larger set of conditions.  Despite these limitations, however, we feel that these findings suggests that the stronger incentives to reduce cost-inefficiencies in the private sector has been over-looked in analyzing health care variations but have crucial implications for how to move forward in attempt to reduce them. 
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Figure 1. Utilization Restrictions (UR) limits inefficient utilization whose costs exceed its benefits.
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Figure 2. Utilization Restrictions (UR) truncates the utilization of care received by private patients compared to public patients.
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Figure 3. Using the incremental difference in average utilization to measure waste
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Figure 4. Comparing differences in average utilization across public and private sectors
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Figure 5. Scatter plot of region fixed effects estimates for hospital days in the public and private samples.
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Figure 6. Comparison of Region Fixed Effects Estimates for Outpatient Visits in the Public and Private Samples.
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Figure 7. Comparison of Region Fixed Effects Estimates for the Utilization of Patients Aged 60-64 in the Private Sample and 66-70 in the Public Sample.
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Figure 8. Region Fixed Effects Estimates for the Utilization of Patients in the Private Sample Aged 55-59 Compared to Patients in the Private Sample Aged 60-64.
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Figure 9.  Kernel Density Estimates of Regional Fixed Effects for Public and Private Utilization
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Figure 10.  Kernel Density Estimates of Regional Fixed Effects for Public and Private Spending 
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Figure 11. Kernel Density Estimates of Regional Fixed Effects for Public and Private Prescription Drug Spending and Utilization
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	Table 1.  The Distributions of Spending  and Utilization by Category in the Private and Public Samples

	
	
	Mean
	Std. Dev.
	25th Percentile
	Median
	75th Percentile

	Private (N = 240,028)
	
	
	
	
	
	

	Utilization
	
	
	
	
	
	

	Hospitalizations 
	Private
	0.36
	1.15
	0.00
	0.00
	0.00

	
	Public
	0.58
	1.21
	0.00
	0.00
	1.00

	
	
	
	
	
	
	

	Total Hospital Days 
	Private
	1.23
	7.13
	0.00
	0.00
	0.00

	
	Public
	2.96
	8.90
	0.00
	0.00
	1.00

	
	
	
	
	
	
	

	Outpatient Visits 
	Private
	5.56
	5.86
	1.00
	4.00
	8.00

	
	Public
	6.02
	10.97
	1.00
	3.00
	7.00

	
	
	
	
	
	
	

	Prescriptions
	Private
	45.89
	42.16
	13.33
	36.20
	66.00

	
	Public
	39.21
	35.26
	15.00
	31.00
	55.00

	Spending
	
	
	
	
	
	

	Total (Inpatient + Outpatient)
	Private
	8,397
	22,979
	563
	2,099
	6,872

	
	Public
	6,633
	16,112
	72
	784
	6,440

	
	
	
	
	
	
	

	Inpatient 
	Private
	4,014
	18,353
	0
	0
	0

	
	Public
	5,096
	14,363
	0
	0
	4,638

	
	
	
	
	
	
	

	Outpatient 
	Private
	4,383
	9,836
	536
	1,850
	4,858

	
	Public
	1,536
	5,337
	34
	341
	1,291

	
	
	
	
	
	
	

	Prescription Drugs
	Private
	2,834
	5,838
	545
	1,692
	3,461

	
	Public
	2,280
	2,981
	628
	1,551
	3,029

	

	Note: The table compares the distribution of spending and utilization in the private and public samples.  All spending and utilization values represent the total amount for the year, from 2000-2006.  Patients in each sample are those with a history of heart disease; self-reported in the public sample and identified using medical claims in the private sample.  The private sample has 240,028 observations, while the public sample has 26,483 observations.




Table 2.  Distribution of Estimated Region Fixed Effects by Spending and Utilization Category in Private and Public Payer Samples

	

	
	
	Std. Dev.
	25th Percentile
	75th Percentile
	Interquartile Range
	Test for Equality of Distributions
(p-value)

	All sets of region fixed effects have mean zero by construction

	Utilization
	
	
	
	
	
	

	Hospitalizations 
	Private
	0.05
	-0.02
	0.03
	0.05
	0.232

	
	Public
	0.11
	-0.09
	0.07
	0.16
	(0.006)

	
	
	
	
	
	
	

	Total Hospital Days 
	Private
	0.38
	-0.21
	0.09
	0.30
	0.263

	
	Public
	0.74
	-0.54
	0.54
	1.08
	(0.001)

	
	
	
	
	
	
	

	Outpatient Visits 
	Private
	1.30
	-0.56
	0.96
	1.52
	0.364

	
	Public
	2.01
	-1.29
	1.17
	2.46
	(<0.001)

	
	
	
	
	
	
	

	Prescriptions
	Private
	4.82
	-2.90
	3.58
	6.48
	0.091

	
	Public
	5.53
	-3.38
	3.72
	7.10
	(0.761)

	
	
	
	
	
	
	

	Spending
	
	
	
	
	
	

	Total (Inpatient + Outpatient)
	Private
	1,223
	-962
	816
	1,778
	0.121

	
	Public
	1,342
	-963
	1,007
	1,970
	(0.398)

	
	
	
	
	
	
	

	Inpatient 
	Private
	834
	-412
	429
	841
	0.131

	
	Public
	1,149
	-805
	898
	1,703
	(0.303)

	
	
	
	
	
	
	

	Outpatient 
	Private
	617
	-550
	343
	893
	0.192

	
	Public
	444
	-272
	274
	546
	(0.037)

	
	
	
	
	
	
	

	Prescription Drugs
	Private
	362
	-201
	221
	422
	0.202

	
	Public
	293
	-199
	194
	393
	(0.024)

	
	
	
	
	
	
	

	Note: The table compares the distribution of estimated MSA-level fixed effects for the spending and utilization in the private and public samples.  Fixed effects come from OLS regressions of each category on demographic, health and plan generosity measures, as well as year fixed effects.  All spending and utilization values represent the total amount for the year, from 2000-2006.  Patients in each sample are those with a history of heart disease; self-reported in the public sample and identified using medical claims in the private sample.  The fixed effects are rescaled to have mean zero for each category.  Equality test is based on a two-sample Kolmogorov-Smirnov test of equality of the distributions in the public and private samples.  The null hypothesis is that the two samples were drawn from the same distribution.



Table 3.  Variance Decomposition of Region Fixed Effects, Individual Characteristics and Residual Variance

	

	
	Private
	Public
	Private
	Public
	Private
	Public
	Private
	Public

	
	Spending

	
	Hospitalizations 
	Hospital 

Days 
	Outpatient 

Visits 
	Prescriptions 

	Share of Total Variance Explained by:
	
	
	
	
	
	
	
	

	MSAS
	0.002
	0.009
	0.003
	0.008
	0.052
	0.033
	0.008
	0.024

	Individual Characteristics
	0.067
	0.080
	0.041
	0.076
	0.259
	0.044
	0.222
	0.065

	
	Utilization

	
	Total
Spending
	Inpatient
Spending
	Outpatient
Spending
	Prescription Drug Spending

	Share of Total Variance Explained by:
	
	
	
	
	
	
	
	

	MSAS
	0.003
	0.006
	0.002
	0.007
	0.003
	0.007
	0.002
	0.011

	Individual Characteristics
	0.079
	0.059
	0.049
	0.050
	0.071
	0.028
	0.080
	0.101

	


Table 4. Summary of Key Findings on the Magnitude of Variations in Regional Spending Using Medicare Data
	

	Study
	Geographic Aggregation
	Summary
	Key Findings

	Wennberg and Gittelsohn, 1975
	Hospital Service Area
	Study geographic variations in the use of surgical procedures.
	Find wide variations between and within Vermont and Maine. 

	Fisher et al., 2003a,b
	HRR
	Calculate the share of the regional variation in Medicare spending that can be accounted for by regional differences in health and demographics.
	Regional differences in demographics can explain about 70% of regional differences in Medicare spending, but significant differences remain unexplained.

	Fisher et al., 2006
	HRR
	Compared variation in the intensity of treatment to physician perceptions of the quality of care.
	Total spending in highest quintile 1.61 times that in lowest quintile.

	Sirovich et al., 2006
	MSA
	Compare variation in the intensity of treatment to physician perceptions of the quality of care.
	Medicare spending per capita in highest cost quintile 1.58 times that in the lowest quintile.

	Fowler et al., 2008
	HRR
	Specify a model of patient treatment choice with productivity spillovers.  Test the model using treatment choices and health outcomes of heart attack patients. 
	The patterns of which patients benefit and which lose from intensive medical care are consistent with the productivity spillover model. 

	Fowler et al., 2008
	HRR
	Use a patient survey to compare local variation in spending and utilization to patient perceptions of quality.
	Three states spent more than 20% above the national average of $46,412. Conversely, three states spent 25% below the national average or less.  Interquartile ratio (75th percentile over 25th) was 1.26 for HRRs.

	Wennberg et al., 2008
	HRR
	Summary of the Dartmouth Atlas findings on geographic variation in Medicare spending and their implications.
	Three states spend more than 20% above the national average of $46,412. Conversely, three states spend 25% below the national average or less.  Interquartile ratio (75th percentile over 25th) is 1.26 for HRRs.

	Rettenmaier and Saving, 2009
	State
	Study how state rankings in terms of per-capita medical spending change when use different definitions of spending, such as Medicare only or total spending by all payers.
	Find that the state-level correlation between Medicare spending and total spending 0.21, and that variation in Medicare spending exceeds variation in private spending.

	Sutherland et al., 2009
	HRR
	Summarize the Dartmouth Atlas findings on geographic variation in Medicare spending and their implications.
	Inpatient days per beneficiary in highest cost quintile 1.50 times that in the lowest quintile;

Physician visits in highest cost quintile 1.36 times that in the lowest quintile

	Chernew et al., 2010
	HRR
	Compare HRR-level variation in medical spending between Medicare and large firms.
	Find substantial regional variation in spending, greater for large firms than for Medicare (coefficient of variation 0.21 vs. 0.16).  Correlation between private and public inpatient utilization is 0.59.

	Gottlieb et al., 2010
	HRR
	Examine the role of Medicare prices in driving geographic variations in health care.  
	Prices explain a small portion of the variation in spending.  Price-adjusted outpatient spending in the highest cost quintile 1.37 times that in the lowest quintile
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� The main data source used to document regional variations is the Dartmouth Atlas of Health Care, which can be found at �HYPERLINK "http://www.dartmouthatlas.org/"�http://www.dartmouthatlas.org/� (accessed Jan 15, 2010).


� For example, differences in liability (Kessler and McClellan 1996, 2002a, 2002b; Baicker and Chandra, 2007) or productivity (Chandra and Staiger (2007)) may imply differences in efficient levels of care.


� We proxy for income based on Census-data for the median income at the 3-digit zip code level. 


� We have replicated our analysis without including the disabled (under 65) MCBS population in the sample, and generally find that our results are unaffected.  We keep them in our primary analyses to maximize the sample sizes in different geographic areas.


� Also called ischemic myocardial ischaemia, IHD is characterized as reduced blood flow to the heart.  In the claims data, we identify patients with IHD as those with at least one inpatient or outpatient claim with a primary diagnosis ICD-9 code of 410.xx, 411.xx, 412.xx, 413.xx or 414.xx.


� The specific conditions considered are: essential hypertension, congestive heart failure (CHF), diabetes, asthma, hypercholesteremia, ulcer, depression, chronic obstructive pulmonary disease (COPD), allergic rhinitis, migraine, arthritis, chronic sinusitis, anxiety disorder, cardiac disease, vascular disease, epilepsy, gastric acid disorder, glaucoma, gout, hyperlipidemia, irritable bowel syndrome (IBS), malignancies, psychotic illness, thyroid disorder, rheumatoid arthritis, tuberculosis, angina, human immune-deficiency virus (HIV), anemia or stroke.  Most co-morbidities are relatively uncommon, except for the ones involving heart disease (or risk factors for heart disease).


� We have compared the public and private samples using the objective measures, or using the objective measures in the MCBS, and our findings are nearly identical.


� In the data 43% of enrollees resided in the South, 32% in the North Central region, 14% in the West and 11% in the Northeast.  


� We use OLS regression to estimate the fixed effects for each spending and utilization category.  This is likely appropriate in most of the spending and utilization categories, which are nonzero for the majority of observations.   For inpatient spending and utilization, however, the large number of zeros suggests that OLS estimates might be biased, and a tobit or count model might be more appropriate.  While the general consistency of our findings across estimates (described below) suggests this is likely not a significant source of bias, it is nonetheless something we will address in the future.


� That is, the results are unchanged in that the fraction of total variation that can be explained by regional variation is low even when we use 3-digit zip codes.  As we would expect, the less aggregated areas explain more than the MSAs, but it is still generally true that less than 1% of the variation in the private sector utilization is explained by regional variation.


� The literature on geographic variations in health care is extensive.  For useful summaries from both the economic and clinical literatures, see Wennberg and Cooper (1999), Wennberg and Birkmeyer (2000), Phelps (2000), Fisher et al (2003a; 2003b), Chandra and Staiger (2007) and Sutherland et al. (2009).


� Spending is higher in Medicare than compared to the general population.  That comparison is different than we make using our data, which focused on patients with heart disease in both samples and found higher average spending in the private plans.
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