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Introduction
The efficacy of medical care and medical care spending in producing health has been a topic of central concern to health economics since the beginning of the field in the 1960s.  Fuchs (1965) provided one of the first systematic analyses of the issue and reached this conclusion:

“There is no significant relation between health levels and the number of physicians per 

capita in the U.S. across states….Also, while the total contribution of physicians to health 
is undoubtedly very large, it is possible that their marginal contribution is small.” (Fuchs 
1965, p.29).

Fuchs’ characterization of the contribution of physicians to health would now be referred to as an example of “flat-of-the-curve” medicine.  Fuchs’ description is noteworthy, however, because at that time he made it, the US spent under $200 per person on health care and health care spending represented just six percent of the nation’s output.
  We now spend approximately $7,900 per person and health care spending represents nearly 17 percent of national income.
  The same “flat-of-the-curve” argument has been made in reference to medical spending during the late 1970s.  Gruber (2006) summarized the findings from the Rand Health Insurance Experiment, which took place roughly between 1975 and 1980, as follows:


“It suggests that, at least at the time of the experiment, the typical enrollee in the study 
was on the ‘flat of the medical effectiveness curve’, the portion where additional care was 
not buying medically effective care.” (Gruber 2006, p.5)

And Fuchs (2004) returned to the issue some 40 years later stating with respect to spending on medical care for those on Medicare:

“The bottom line is that a considerable amount of the care delivered in the United States 

is ‘flat-of-the-curve’ medicine.”  (Fuchs 2004, p.105) 
These quotes by well known health economists spanning 40 years reflect the widely held view that a significant amount of health care spending in the US is unnecessary and wasteful, and that the problem is not a new phenomenon.  Indeed, this view has seeped into mainstream media, as exemplified by this quote from Consumer Reports:

“Though the idea that more health care is better seems to make sense, recent research 

has shown that none of the above [specialist care] necessarily helps you live better or 

longer.  In fact, too much medical care might shorten your life.” (Consumer Reports 2008)

The amount of supposed waste is not small.  According to some estimates, we are not at the beginning, but well along the “flat-of-the-curve.”  For example, research by those associated with the Dartmouth Atlas of Health Care concluded that Medicare spending in recent years could be reduced by approximately 20 to 30 percent with no impact on mortality (Skinner et al. 2001; Fisher et al. 2003; Skinner et al. 2005).  The inefficiency of medical care spending is also not limited to government run programs.  Results from the Rand Health Insurance Experiment suggested that 30 percent of spending in the private insurance market in the late 1970s had no noticeable effect on health (Newhouse 1993).  Finally, there is the fact that the US spends nearly twice as much on health care per capita than most other developed countries and has little to show for it in terms of life expectancy.
While the “flat-of-the-curve” argument is conventional wisdom and appears to have some empirical validity, there are reasons to expect that waste of this magnitude (e.g., 20 to 30 percent of spending) would be rooted out by self-interested organizations such as large corporations that self-insure medical expenditures and large health insurers.  Moreover, there is still relatively little study of the issue.  Evidence for or against the hypothesis comes largely from non-experimental studies with the exception of the Rand Health Insurance Experiment.  The most obvious problem with non-experimental research in this area is that causality is as likely to go from health to spending as it is from spending to health; more resources are typically spent on sicker people.  While obvious, this is a difficult problem to overcome empirically.  Studies that have addressed the issue in a credible way have produced mixed evidence as to whether spending and medical care is on the “flat-of-the-curve.”  These studies are relatively few in number and most have been limited to heart attacks or other severe, acute conditions.  
In summary, the magnitude of the problem, the limited amount of previous study, and the absence of a consensus as to the efficacy of medical care in producing health suggests additional study is needed.  In this paper, we add to this limited literature by examining the effect of inpatient spending on the mortality and failure-to-rescue (FTR) of Medicare patients admitted to the hospital between 2001 and 2005.  We consider a broad range of patients including those admitted for surgery (general, orthopedic, vascular) and medical conditions (AMI, CHF, Stroke, and gastrointestinal Bleeding).  An advantage of using FTR, in addition to the more commonly used mortality, is that because it is a conditional outcome—measured subsequent to an in-hospital health shock or complication—there is less likelihood that the association between spending and FTR will be confounded by unmeasured patient severity (Silber et al. 1992, Silber et al. 1995a, Silber et al. 1995b, Silber et al. 2007, Silber et al. 2009).   All patients included in the FTR analysis developed complications and thus were more uniformly ill than patients who had surgery and did not develop complications.
To further address the potential reverse causality that likely characterizes the relationship between spending and health outcomes, we use an instrumental variables procedure.  We make use of the evidence produced by the Dartmouth Atlas for Health Care that shows that the intensity of treatment and resource use for patients in a hospital is strongly associated with the intensity of treatment for patients at the end-of-life in that hospital.  Therefore, we use these end-of-life measures of treatment of decedents to predict inpatient spending for a specific patient and use the predicted variation in inpatient spending (between hospitals) to measure the efficacy of medical spending.  This is similar to the procedure used by Skinner et al. (2001; 2005).  The identifying assumption is that variation in end-of-life spending on decedents between hospitals, which is measured on decedents who had several chronic conditions, is uncorrelated with unmeasured health of patients between hospitals.  We provide evidence to support this assumption.  In addition to the instrumental variables approach, we include an unusually large set of patient level risk adjusters that minimize the reverse causality problem.  We use six months prior information on patients to construct measures of patient severity that are strong predictors of mortality and failure-to-rescue.  

Results from our analysis indicate that spending is significantly and negatively associated with mortality and FTR.  The increase in survival was non-trivial—a ten percent increase in inpatient spending is associated with a one to two percent increase in survival.  However, measured against conventional estimates of the value of life of approximately $100,000, such improvements are costly.  Our rough estimates suggest a cost of life year saved of between $177,000 and $4 million depending on the illness.  These findings add to other recent studies that have found that greater spending is beneficial (Doyle 2005, 2008; Chandra and Staiger 2007; Card et al. 2008).  This growing body of literature raises questions as to the applicability of the “flat-of-the-curve” argument, at least for inpatient spending.
Assessing the Evidence for the “Flat-of-the-Curve” Argument

The “flat-of-the-curve” hypothesis has been around a long time, as the various quotes reported earlier illustrate.  The apparent persistence of the problem presents challenges to those who seek to identify causes of the problem and propose solutions.  The group associated with the Dartmouth Atlas of Health Care suggests that the root cause of inefficient spending on medical care is due to “supply-sensitive” care—care that is intensive (e.g., many visits to specialist), expensive (e.g., invasive procedures), and driven by provider preferences (Wennberg 2005).  Whether this explanation can explain the existence of “flat-of-the-curve” medicine from 1960 to the current period is a question that merits further scrutiny.  The Dartmouth explanation implies that in each period during which a given level of medical knowledge and medical technology operate, a significant number of providers (manifested by geographic practice patterns) adopt costly and largely ineffective forms of treatment and that these ineffective treatment practices persist.  For example, Skinner and Staiger (2009) argue that many hospitals are slow to adopt low-cost, highly-effective technology preferring instead to use high-cost resources as substitutes.
Economists would naturally argue that market mechanisms would tend to eliminate such inefficient care.  Market solutions may not be appropriate for Medicare and Medicaid in the current context, but in 1960 when Fuchs was writing, the health care market was largely private.  In the current period, large, self-insured employers have the incentives and the expertise, or the ability to buy the expertise, to eliminate 20 to 30 percent of their health care spending that is ostensibly ineffective.  However, health care spending in these firms tends to be more or less the same, and grow as rapidly, as spending in government programs (Kaiser Family Foundation 2008).  Similarly, large payers such as BlueCross/Blue Shield companies that operate across many regions clearly have the incentive (e.g., competition) and expertise to identify and eliminate grossly inefficient spending.  Given these apparently available market solutions, why has “flat-of-the-curve” medicine persisted? 
One possible answer is that the “flat-of-the-curve” argument is overstated and that medical spending is more productive than is commonly thought.  Chandra and Staiger (2007) argued that this is the case, at least for treatment of heart attacks.  They presented a model based on productivity spillovers that is consistent with large regional variation in treatment, which is often used as evidence of “flat-of-the-curve” medicine, and effective medical care (i.e., more spending better health).  The key aspect of the Chandra and Staiger (2007) model is the sorting of patients and providers; additional resource use is effective if patients in need of intensive treatment are matched to providers specialize in such treatment.  Chandra and Staiger (2007) found that, in the case of heart attacks of Medicare patients in the mid-1990s, more spending was associated with reduced 1-year mortality on average.  In fact, the effect was quite large; every $1000 (approximately five percent) increase in spending reduced 1-year mortality by 1.6 percentage points, or approximately two percent.
  These figures imply a very low cost per life year saved.  If we assume that survival would result in seven additional life years, then the cost per life year saved is approximately $9,000, which is far below the $100,000 conventionally accepted estimates of the value of a life year (Cutler 2004).  Moreover, the effect of spending was twice as large for those who were most appropriate for intensive treatment.  The explanation of this large, positive effect of spending on average is that sorting is generally appropriate.
 For those patients viewed as less appropriate candidates for aggressive treatment (e.g., catherization), additional spending had little effect, but there were relatively few of them.  The novel contribution of Chandra and Staiger (2007) is that they offer a model that can explain regional variation in treatment that does not depend on provider preferences, but rather on technological explanations (e.g., knowledge spillovers) that may be plausible.  More importantly, in their model, greater intensity of treatment (spending) is effective.  Finally, empirically, they found that more spending improves health at a relatively low cost.
A simpler argument than that offered by Chandra and Staiger (2007) is that the “flat-of-the-curve” argument may be overstated due to a lack of sufficient empirical evidence.  Besides the Rand Health Insurance Experiment, the evidence supporting the “flat-of-the-curve” hypothesis is based largely on non-experimental methods that face significant challenges.  As noted, the most obvious and serious problem with non-experimental research in this area is that causality is as likely to go from health to spending as it is from spending to health; more resources are typically spent on sicker people.  Several recent studies based on plausible “natural experiments” have reported results that contradict the “flat-of-the-curve” hypothesis.  Chandra and Staiger (2007) is one such study, but there are others.
Doyle (2005) examined differences in spending and mortality between insured and uninsured patients admitted to hospitals after severe automobile accidents in Wisconsin.  He found that the insured patients received more services and were significantly less likely to die in the hospital than uninsured patients.  In fact, additional spending in this case had a large effect—a 20 percent increase in spending reduced inpatient mortality by 40 percent, and Doyle (2005) calculates a cost of life year saved of $11,000 for the increased spending.  Another novel natural experiment exploited by Doyle (2008) to assess the “flat-of-the-curve” hypothesis is that of vacationers to Florida who seek treatment for heart conditions.  The key to this study is that inpatient spending (treatment) differs by areas within Florida because of local factors (e.g., demand) and these differences in spending are unlikely to be correlated with the health of vacationers.  Thus, spending differences are plausibly exogenous.  Doyle (2008) found that a 10 percent increase in spending was associated with a 9 percent decrease in inpatient mortality after admission for heart conditions.  In this case, a cost-of-life year saved was between $30,000 to $40,000 (Doyle 2008).  In both papers, Doyle (2005, 2008) examined differences in spending and mortality within the same hospital.  Therefore, the observed relationship between spending and mortality is unlikely to be confounded by quality differences; the declines in mortality are driven by greater quantity.
Card et al. (2008) examined differences in mortality subsequent to emergency admission to a hospital for those just under and just over age 65.  The age 65 distinction is significant because at that age all persons become eligible for Medicare, which will virtually eliminate the likelihood of being uninsured at age 65.
  These authors found that spending on patients just over age 65 is approximately three percent greater than spending on patients just under age 65, and these spending differences are associated with a greater number of procedures.  Card et al. (2008) also found that mortality of patients just over age 65 is lower than mortality of patients just under age 65; 7-day mortality is 14 to 20 percent lower and 1-year mortality is 2 to 4 percent lower.  The mortality results suggest that the small increase in spending is associated with a large, positive effect on short term mortality and a moderate effect on 1-year mortality.  
In contrast to the findings reported by Doyle (2005, 2008) and Card et al. (2008), Finkelstein and McKnight (2008) used the introduction of Medicare in 1966 to study the effects of spending on mortality, and found evidence supportive of the “flat-of-the-curve” hypothesis.  In this study, the authors compared changes in health care spending and mortality pre- and post-Medicare of those in areas with relatively high rates of uninsured prior to Medicare to those in areas with relatively lower rates of uninsured prior to Medicare.  Medicare was likely to have larger effects in places where more were uninsured.  The results suggest that the introduction of Medicare significantly increased spending, particularly inpatient spending, of those age 65 to 74, but it had no effect on mortality for this group of elderly. 
 
Another paper that fails to find a significant positive relationship between Medicare spending and mortality is Skinner et al. (2005) who conducted an analysis of the effect of medical care spending on mortality of a general population of Medicare patients in 1995-96.  The unit of analysis was the hospital referral region (HRR); the mortality rate of a HRR was regressed on per-capita Medicare spending in the HRR.  Skinner et al. (2005) used an instrumental variables approach to address the reverse causality that characterizes the relationship between spending and mortality.  The instrument for medical spending was physician visits for patients in the last six months of life.
  Results indicated that an additional $1,000 (20 percent) of Medicare spending was associated with either a 0.9 percentage point (one percent) increase in mortality or a 4.7 percentage point (five percent) decrease in mortality depending on whether the estimates were obtained using weights.  Neither estimate was statistically significant.

Researchers have also studied the effect of spending on health using the Medicaid expansions of the late 1980s that targeted pregnant women and children as a natural experiment.  Like some of the Medicare studies, the evidence on the relationship between spending and medical care is indirect and is derived from separate estimates of the effect of Medicaid on utilization and the effect of Medicaid on health (e.g., infant health).  Unfortunately, the validity of the Medicaid natural experiment is suspect because there is considerable evidence that the timing and magnitude of the state expansions in Medicaid eligibility were correlated with measured and unmeasured factors that affect health insurance choices, use of medical services and health (e.g., infant health).
  Research in this area also suffers from a lack of statistical power (Dave et al. 2008).  
Ignoring the potential weaknesses of this empirical literature, results from these studies generally found an increase in use of medical services associated with Medicaid expansions (Currie and Gruber 1996; Hadley 2003; Davidoff et al. 2005; Kenney 2007; Currie et al. 2008).  However, studies that examined the association between Medicaid expansions and infant health generally found small and insignificant associations, which are supportive of the “flat-of-the-curve” hypothesis (Howell 2001).  The absence of an association between medical care and infant health, as measured by birth weight and infant mortality, is not surprising, as the clinical literature suggests that there is limited scope for care to be effective (Strong 2000; Lu et al. 2003; Behrman and Butler 2006).  Therefore, it is likely that greater prenatal care use is relatively ineffective, but prenatal care is a small part of total health care spending.  For infant mortality, Currie and Gruber (1997) find a beneficial effect of Medicaid that is most likely the result of expanded availability of Neonatal Intensive Care Units (NICUs) brought about by the increase in hospital revenue associated with declines in non-payment (uninsured) resulting from Medicaid expansions.


There have been fewer studies of the association between Medicaid expansions and child health.  In this case, the evidence is more mixed vis-à-vis the “flat-of-the-curve” hypothesis.  Several studies found little evidence that Medicaid expansions were associated with better health (Weissman et al. 1992; Kaestner et al. 2000, 2001).  Gruber and Currie (1996) found a large and positive association between Medicaid expansions and child mortality and Aizer (2007) found that increases in Medicaid enrollment in California zip codes due to greater outreach were associated with a reduction in the number of avoidable hospitalizations in those zip codes.
To summarize, the “flat-of-the-curve” hypothesis suggests that a significant amount of health care spending is for ineffective care, and estimates suggest that it is not a trivial amount.  While market mechanisms are not generally applicable to public programs like Medicare and Medicaid, private payers would have an incentive to limit ineffective care, particularly if it represents 30 percent of spending.  However, evidence that private payers have done so is non-existent.  In addition, managed care contracting in public programs such as Medicaid and Medicare would provide an incentive to eliminate unnecessary care in these programs at least for patients covered by such plans, but evidence does not suggest that these types of plans have significantly reduced spending (Chernew et al. 2008).  

The failure of market forces to eliminate ineffective spending, which some argue is obvious and relatively straightforward to accomplish (e.g., Dartmouth Atlas of Health Care 2008), raises the possibility that the “flat-of-the-curve” hypothesis is not as valid or general as believed.  In fact, several studies that used plausible natural experiments and examined outcomes of patients admitted to hospitals for critical care found a strong, positive association between more medical care (spending) and mortality (McClellan et al. 1994; Doyle 2005, 2008: Decker 2005; Chandra and Staiger 2007; Card et al. 2008; Skinner and Staiger 2009).  Given the high share of intensive treatment for serious medical conditions in total spending, results from these studies focusing on intensive treatment suggest that “flat-of-the-curve” medicine may be an inappropriate characterization for average health care spending.

In contrast, similar (experimental and quasi-experimental) studies of broader populations found little evidence that more medical care (i.e., spending) was effective (Newhouse 1993; Skinner et al. 2005; Finkelstein and McKnight 2008).  However, Card et al. (2008) also reported that Medicare was associated with a reduction in mortality for those admitted for non-emergency care, which suggests that medical care improves health for elderly, non-critical patients.  Studies using the Medicaid natural experiment are arguably less credible, but those focused on children where it is more likely that medical care matters found some evidence that medical care is effective.  
Overall, there is relatively little study of this important issue and there is clearly no consensus answer even for a narrow question as to whether spending on critically ill, elderly patients matter.  In this study, we add to this literature by examining the effect of inpatient medical spending on the mortality and failure-to-rescue of Medicare patients admitted to the hospital for surgery (general, orthopedic, vascular), and mortality (not FTR) patients admitted to the hospital for medical conditions (AMI, CHF, Stroke, and gastrointestinal Bleeding) between 2001 and 2005.  We use an instrumental variables procedure similar to Skinner et al. (2005) that makes use of evidence showing that the intensity of treatment and resource use for patients in a hospital is strongly associated with the intensity of treatment for patients at the end-of-life.
Research Design


Our objective is to obtain estimates of the association between inpatient spending and patient outcomes for patients covered by Medicare admitted to hospitals for surgery (general, orthopedic and vascular ) and medical conditions (AMI, CHF, stroke, and GI bleed) during the 2001 to 2005 period.  We will focus on two outcomes: 30-day mortality and failure-to-rescue, which is defined as 30-day mortality subsequent to a major health shock after admission to the hospital.  The use of 30-day mortality (or death within 30 days from admission) is the window of observation most commonly utilized in Medicare studies of hospital quality, as longer follow-up may be contaminated with factors not relevant to care delivered at the hospital. Furthermore, in most studies, comparison of in-hospital death, 30-day and 60-day mortality lead to similar results (Chassin et al. 1989, Silber et al. 1992).  Specifically, we estimate a model such as the following:
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In equation (1), MORT is indicator of 30-day mortality of patient i in hospital j in year t; INPAT$ is the total inpatient spending associated with the admission of patient i; Z are hospital characteristics such as bed size, nurse-to-bed ratio, nurse-mix, and resident-to-bed ratio (a measure of teaching intensity); and X are an extensive set of patient-level controls for the severity of illness that are constructed from six months prior information on patients to the index admission.  The model also contains year dummy variables (
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As noted, we will use an instrumental variables approach to address the likely reverse causality between inpatient spending and mortality (failure-to-rescue).  The instrumental variables procedure makes use of the firmly established relationship between end-of-life (EOL) spending, or resource use such as ICU days, on decedents and broader measures of medical treatment intensity.  EOL spending at the regional level has been shown to be correlated with spending on acute care episodes, use of specialists, ICU days and total per-capita Medicare payments (Dartmouth Atlas of Health Care 2008).  In addition, EOL spending at the regional level has been shown to be unrelated to illness levels at the regional level (Fisher et al. 2003; Skinner et al. 2001; Skinner et al. 2005).  The value of EOL measures is that they are derived using a sample of decedents and therefore implicitly hold constant health status.  Therefore, EOL measures of resource use are plausibly exogenous and are the result of “supply-sensitive” care that is unrelated to patient illness (Dartmouth Atlas of Health Care 2008).
  
The instrumental variables procedure predicts inpatient spending (INPAT$) in equation (1) using the following regression:
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Equation (2) contains the same variables of equation (1) with the addition of end-of-life spending, which in our case includes ICU days per decedent and hospital days per decedent.  In equation (2), we have used the symbol (~) to indicate that parameters differ in equations (1) and (2).  Note that the EOL measures vary only by hospital.  Therefore, we cannot include hospital level dummy variables in the model.  This relates to the identifying assumption of the instrumentals variables strategy.  It assumes that in equation (1), after conditioning on measured hospital characteristics and measured patient characteristics, there are no omitted hospital level characteristics that are correlated with patient mortality and failure-to-rescue.  Below, we provide some evidence to support this assumption.

Previous studies of the association between EOL spending and mortality have found that EOL spending is unrelated to mortality, which implies that in the US, we are practicing “flat of the curve” medicine (Fisher et al. 2003; Skinner et al. 2001; Skinner et al. 2005).  These studies have estimated the reduced form model obtained by substituting equation (2) into equation (1):
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Equation (3), which uses the symbol (… ) to indicate different parameters, relates mortality to end-of-life measures directly.  While EOL spending is plausibly exogenous, there remain doubts as to whether it fully eliminates the possibility of reverse causality—sicker patients may be found in sicker hospitals (regions).  Studies that used the EOL measures include minimal risk adjustment for patient characteristics, and have been implemented at the regional level.  In contrast, we include an extensive number of patient-level controls drawn from six months of claims data.  Second, we also study failure-to-rescue (FTR).  FTR is defined as death subsequent to a major health shock (complication) while in the hospital.  Because FTR is a conditional outcome—subsequent to an in-hospital health shock—it is less likely to be the case that the association between EOL spending and FTR will be confounded by unmeasured severity (Silber et al. 1992; Silber et al. 1995a; Silber et al. 1995b; Silber et al. 2007; Silber et al. 2009).  In sum, previous research on this issue may not be predictive of the results of our study because of the more complete risk adjustment model we use, the use of FTR and the inclusion of surgical outcomes.  
Data
Data for the analysis comes primarily from the Medicare Provider Analysis and Treatment File (MEDPAR), which includes information on principal and secondary diagnoses, age, sex, comorbidities, and discharge status, including dates of death.  The sample includes all Medicare patients admitted to short-term, acute-care, general US nonfederal hospitals from July 1, 2000, to June 30, 2005, with a principal diagnosis of AMI, CHF, gastrointestinal bleeding, or stroke or with a diagnosis related group classification of general, orthopedic, or vascular surgery.
  We excluded patients from hospitals that were not in continuous operation during the period (9600 patients from 33 hospitals) and from small hospitals—those with fewer than 350 admissions in any year (40 756 patients from 1640 hospitals).  We also excluded patients younger than 66 years (n = 1 562 532) because we use the period 180 days prior to admission to construct measures of patient level health that we use as risk adjusters (X variables in equations 1 and 2 above) in the analysis.  Patients older than 90 years (n = 720 191) were also excluded because salvage treatment (FTR) may not be given with the same intensity in this age group.  Patients enrolled in managed care plans were excluded because there are no claims data for these patients.  Finally, patients who had dates of death earlier than their discharge dates (n = 488), who were transferred in from other hospitals (n = 13 615), and AMI or stroke patients discharged alive in fewer than 2 days (n = 50 926) were excluded.  The last exclusion was based on evidenced that such early discharge may not represent actual AMIs or strokes (Second Report of the California Hospitals Outcomes Project 1996).  We use only the first admission for each patient during this period.  First admission is defined as an admission with no prior admission for the medical condition or surgical category within five years (using data back to July 1, 1995, or for patients less than 70 back to the time the person turned 65 and entered the Medicare system).  After all selection criteria, the sample consisted of 8,529,595 patients from 3321 hospitals. 
We used two dependent variables: 30-day mortality for patients admitted for acute myocardial infarction (AMI), stroke, gastrointestinal bleeding, congestive heart failure (CHF); and 30-day mortality and failure-to-rescue (FTR) for general surgery, orthopedic surgery, or vascular surgery.  FTR is defined in surgical patients as the probability of death following a complication. Complications are defined as events noted in the discharge record likely to have developed after admission, and not present prior to the hospitalization. There are 42 complication categories ranging from cardiac arrest to wound infection. All of these complications increase the probability of death, and a detailed description of these complications, and a description of the construction of the complication list for an FTR analysis, is provided in a recent publication by Silber et al. (2007) and complete documentation of the measure is available from the National Quality Forum (National Quality Forum 2009). One of the beneficial properties of using FTR is that the measure is often less sensitive to omitted severity of illness than mortality. The medical conditions we selected were a subset of the Agency for Healthcare Research and Quality (AHRQ) Quality Indicators for which mortality was a relevant outcome. 
The key explanatory variables are the Dartmouth Atlas End-of-Life (EOL) measures of hospital-specific treatment intensity of decedents and total inpatient reimbursement (spending) for the Medicare admission, which comes from the MEDPAR data.  The Dartmouth Atlas of Health Care 2008 (Wennberg et al. 2008) constructed measures of a hospital’s intensity of resource use during the last two years of life for all decedents with nine chronic illnesses: Malignant Cancer/Leukemia, Congestive Heart Failure, Chronic Pulmonary Disease, Dementia, Diabetes with End Organ Damage, Peripheral Vascular Disease, Chronic Renal Failure, Severe Chronic Liver Disease, and Coronary Artery Disease.  Decedents were assigned to the hospital in which they were admitted most often, and the EOL measures were calculated for the period 2001 to 2005.  All EOL measures were adjusted for differences in patient demographic characteristics (e.g., age and sex).  We focus on two measures: total ICU days in last two years of life and total hospital days in last two years of life.  Both measures are highly correlated with actual inpatient spending associated with the admission of the patients in our sample.
Other explanatory variables include an extensive set of patient-level risk adjusters.  These variables help diminish the severity of reverse causality by providing a better characterization of patient health.  We adopt the approach of developed by Elixhauser et al. (1998).  This approach is based on identifying 27 comorbidities and has been shown to be highly predictive of mortality (Stukenborg et al. 2001; Southern et al. 2004).  For surgical patients, we also adjusted for diagnosis related groups (DRGs) and categories within DRGs that had homogenous risks.  Comorbidities were constructed from data during the index hospitalization and on prior hospitalizations in the six-month period prior to admission. 
Hospital characteristics are also included in the regression analysis and these variables were obtained Medicare Cost Reports from CMS (HCRIS) and the 2003 American Hospital Association (AHA) survey of hospitals.  The resident-to-bed ratio was obtained from the Cost Reports.  We use the resident-to-bed ratio, defined as the number of interns plus residents divided by the mean number of operational beds, as a measure of teaching intensity.  The AHA data provided information on technology level, hospital size, nurse-to-bed ratio, share of nurses that are RNs.  HCRIS data were used to identify hospitals that merged, opened, or closed during the study period. 
Estimates of Effects of Inpatient Spending and Dartmouth EOL Measures on Mortality and FTR
Table 1 presents estimates of the effect of inpatient spending and Dartmouth EOL measures on 30-day mortality and failure-to-rescue for patients admitted to the hospital for general surgery.  Each estimate comes from a separate regression model and estimates are obtained using several model specifications and estimation procedures.  Estimates in column (1) are from a basic model that controls only for year and sub-category of admission.  In column (2), patient-level controls for medical risk factors are added to the model, and in column (3) hospital-level factors (e.g., resident-to-bed ratio) are added to the model.  Estimates in Column (4) and (5) are obtained using a complete set of controls (patient- and hospital-level) and instrumental variables (IV); column (4) estimates are based on a model that uses ICU days and hospital days of decedents as instruments for inpatient spending and estimates in column (5) use only ICU days of decedents as an instrument.  In this second model, hospital days (non-ICU) are included in the second stage and the model is just identified.  We also estimated a third IV model that used total Medicare spending on decedents in addition to ICU days and hospital days.  Results (not presented, but available form authors) from that model are very similar to those presented.

Beginning with mortality (left panel), estimates in columns (1) through (3) indicate that greater resource use, as measured by Medicare inpatient spending, is associated with higher rates of mortality.  The estimate in column (1) indicates that a $10,000 (30%) increase in spending is associated with a 0.0056 percentage point (11%) increase in mortality.  Adding patient-level characteristics to the model, as shown in column (2), reduces this association by approximately half, which illustrates the expected selection problem.  However, the estimate remains positive and statistically significant.  Adding hospital-level characteristics has little effect on the estimate of the effect of inpatient spending.
In contrast, estimates of the association between the Dartmouth EOL measures and mortality are always negative and mostly statistically significant.  Moreover, the addition of patient-level controls has relatively little effect on these estimates, which is consistent with the argument that the Dartmouth measures implicitly control for patient severity because they are based on a sample of decedents.  Estimates in column (2) indicate that three additional ICU days for decedents, which represent a change from the 25th to 75th percentile in the distribution, is associated with a 0.0015 percentage point (3%) decrease in mortality.  Adding hospital-level characteristics reduces this association by approximately half, which suggest that treatment of decedents is positively associated with hospital characteristics that also reduce mortality.  However, even after controlling for these differences in hospital characteristics, greater intensity of treatment for decedents—the propensity to treat patients more aggressively—is associated with lower mortality.  

Columns (4) and (5) present instrumental variables estimates of the effect of inpatient spending on mortality.  To obtain these, we used the Dartmouth EOL measures as instruments for actual inpatient spending.  The assumption underlying this approach is that conditional on inpatient spending (and other measured controls), the Dartmouth measures do not affect mortality (or failure-to-rescue).  Evidence that this approach is reasonable can be found in Appendix Table 1.  In this table, we present differences in sample mean characteristics by whether patient was in hospital above or below the median value of the Dartmouth EOL measures.  A striking finding evident in Appendix Table 1 is that inpatient spending on general surgery patients is strongly associated with each of the Dartmouth measures; inpatient spending on a general surgery patient is 20 to 30 percent of a standard deviation greater in hospitals that are above the median value of the Dartmouth measures.  For all other characteristics including predicted mortality (summary of patient severity), differences between patients in hospitals above or below the median Dartmouth value are always less than or equal to seven percent of a standard deviation.  These results suggest that the IV approach is reasonable.  The Dartmouth measures are strongly associated with inpatient spending (see partial F-statistics reported in Table 1) and weakly, if at all, related to all other measured characteristics.  Moreover, we control for these characteristics in the regression.  Nevertheless, we cannot definitively rule out the possibility that there may be some omitted variables that affect patient mortality and failure-to-rescue that are correlated with the Dartmouth measures.  If so, then the IV estimates reflect the effect of inpatient spending and those characteristics that affect mortality and failure-to-rescue that are correlated with the Dartmouth measures.  IV estimates in Table 1 indicate that greater inpatient spending is associated with lower mortality of general surgery patients.  Estimates in column (5) indicate that a $10,000 (30%) increase in inpatient spending is associated with a non-significant 0.0005 percentage point (1%) decrease in mortality. 

Estimates related to failure-to-rescue (FTR) are shown in the right panel of Table 1.  The first item to note is that estimates of the association between inpatient spending and FTR In columns (1) through (3) are positive, but much smaller in absolute and relative terms than similar estimates related to mortality.  This result reflects the fact that FTR implicitly controls for patient severity because it is a conditional outcome based on the occurrence of an in-hospital health shock or complication.  In contrast, estimates of the association between the Dartmouth EOL measures and FTR are all negative and always statistically significant.  The estimate in column (2) indicates that three additional ICU days for decedents is associated with a 0.005 percentage point (4%) decrease in mortality from FTR.  This estimate is reduced by a third when hospital characteristics are added to the model.  IV estimates indicate that greater inpatient spending decreases FTR; a $10,000 (20%) increase in spending is associated with a 0.002 percentage point (2%) reduction in FTR.  Assuming that patients in this sample, who have an average age of 76, live another five years after survival, the cost of a life year saved is roughly $1.1 million [$10,000/(0.0019*5)].  While this figure is well beyond conventional estimates of the value of a life year, it nevertheless shows a beneficial effect of more spending and more aggressive treatment of patients.  
The next outcomes we examined were 30-day mortality and FTR for patients admitted for vascular surgery.  These estimates are shown in Table 2 and the presentation is similar to Table 1.  For vascular surgery patients, greater inpatient spending is positively associated with mortality, which reflects the likely reverse causality of sicker patients receiving more care.  This point is further evidenced by the substantial effect—reducing by half—the addition of patient severity measures has on the association between inpatient spending and mortality.  In contrast, the Dartmouth EOL measures are negatively and significantly associated with mortality and the addition of patient-level risk factors has no effect on estimates.  In column (3), the estimate associated with ICU days indicates that three additional ICU days is associated with a 0.005 percentage point (4%) decrease in mortality.  Again, we see evidence that more refined control for patient severity reverses the relationship between spending (i.e., resource use) and mortality.  IV estimates of the effect of inpatient spending based on the Dartmouth measures indicate that greater spending is associated with lower mortality.  A $10,000 (20%) increase in spending is associated with a 0.0034 percentage point (3%) decrease in mortality.  Using the same assumption as before, this estimate implies a cost of life year saved of approximately $588 thousand.  While still a relatively high cost of life year saved, the estimate it is based on suggests that greater spending is beneficial and that decreases in spending will adversely affect mortality.  
Estimates of the association between spending and FTR of vascular surgery patients are shown in the right panel of Table 2.  Here too, we see evidence that the use of FTR partly solves the selection bias that is expected to occur due to omitted patient severity.  Estimates of the association between spending and FTR are positive (barely) only in column (1). The Dartmouth measures are negatively and significantly associated with FTR.  IV estimates indicate that a $10,000 (17%) increase in inpatient spending is associated with approximately a 0.005 percentage point (3%) decrease in FTR.  The implied value of a life year saved is about $400 thousand. 

Table 3 presents results for patients admitted for orthopedic surgery.  In this case, we focus on the IV estimates because other estimates suggest similar conclusions: estimates of the association between inpatient spending and mortality are biased upward (too positive) by omitted patient severity and the use of the Dartmouth measures and FTR mitigates this problem.  IV estimates indicate that a $10,000 (approximately 30%) increase in inpatient spending is associated with a 0.0014 percentage point (6%) decrease in mortality and a 0.002 percentage point (3%) decrease in FTR.  The imply costs of life year saved of $1.4 million in the case of mortality and $1 million for FTR.
We now turn to estimates of the association between inpatient spending and mortality of patients admitted for medical conditions: Congestive Heart Failure (CHF), Acute Myocardial Infarction (AMI), Stroke, and Gastrointestinal Bleeding (GI Bleeding).  For these patients, we examine only mortality because there is no in-hospital health shock, or complication to condition, as in the case of patients admitted for surgery.  Table 4 presents estimates for CHF and AMI.  Estimates in the left panel of Table 4 indicate that greater inpatient spending is associated with higher mortality of CHF patients, which is most likely due to inadequate risk adjustment.  Indeed, adding controls for patient-level medical risk factors significantly reduces the positive association.  Estimates of the association between the Dartmouth measures and mortality are all negative and statistically significant.  Three additional ICU days is associated with a 0.005 percentage point (6%) decrease in mortality.  IV estimates indicate that a $10,000 (50%) increase in inpatient spending is associated with a 0.0067 (8%) decrease in mortality.  The implied cost of a life year saved is $299 thousand assuming five years more of life as a result of the spending.  This cost of a life year saved is approaching conventional estimates of the value of a life year of $100 thousand.  

The right panel of Table 4 presents estimates of the association between spending and AMI.  Here we observe a markedly different pattern of estimates.  Surprisingly, estimates in columns (1) through (3) suggest that greater inpatient spending is associated with lower mortality.  Moreover, adding controls for patient severity or hospital characteristics has no effect on the estimate of the association between spending and mortality of AMI patients. In addition, many of the estimates related to the Dartmouth measures are positive and the addition of patient-level characteristics appears to have a considerable effect on these estimates.  Figures in Appendix Table 2 illustrate the problem.  Predicted mortality (summary of patient severity) is highly correlated with the Dartmouth measures—patients in hospitals that are above the median value have significantly higher likelihood of dying than patients in hospitals below the median.  In this case, it is less evident that the Dartmouth measures will be valid instruments; while they remain strongly associated with inpatient spending, they are also strongly associated with patient severity.  Consistent with these facts, IV estimates indicate that greater inpatient spending is associated with higher mortality.  A $10,000 (25%) increase in spending is associated with between 0.0005 and 0.0023 percentage point (0 to 2 %) increase in mortality of AMI patients.  This result is consistent with the claims of those associated with the Dartmouth Atlas that Medicare spending could be significantly reduced without adversely affecting health (mortality).  However, it is clear that the results related to AMI are different from those for previous outcomes analyzed.

The last results pertain to mortality for patients admitted for stroke and GI Bleeding.  These are presented in Table 5, which has the same presentation structure as other tables.  Estimates in column (1) of the left panel of Table 5 indicate that inpatient spending is positively related to mortality of stroke patients.  However, adding controls for patient severity and hospital characteristics reverses the sign, although the magnitude of the estimate remains small.  The Dartmouth measures are always negatively and significantly associated with mortality of stroke patients.  Estimates related to the Dartmouth measures are largely unaffected by the addition of controls for patient severity or hospital characteristics, which is consistent with using them as instruments.  IV estimates suggest that a $10,000 (50%) increase in inpatient spending is associated with a 0.0113 percentage point (6%) decrease in mortality and a cost of life year saved of $177 thousand assuming an additional five years of survival.  

The right panel of Table 5 presents estimates related to patients admitted for GI Bleeding.  The findings are much the same as for most other outcomes.  Inpatient spending is positively associated with mortality of these patients and there is clear evidence of selection—sicker patients getting more treatment.  Controlling for patient severity only partly eliminates this problem.  In contrast, the Dartmouth measures are always negatively and significantly associated with mortality and are virtually unaffected by controls for patient severity and hospital characteristics.  IV estimates indicate a beneficial effect of spending; a $10,000 (60%) increase in inpatient spending is associated with a 0.0028 percentage point (4%) decrease in mortality.  The implied cost of a life year saved is $714 thousand assuming an additional five years survival.  

To this point, we have not investigated whether there were heterogeneous effects of spending on mortality and FTR.  It may be the case that additional spending is more or less effective for patients of varying severity or across different types of hospitals.  For example, results presented in Chandra and Staiger (2006) revealed that additional spending for treatment of AMI is much more effective for younger (<80) than older patients.  Here, we examine whether the effect of spending differs by age (<80, ≥80), whether the patient has a previous diagnosis of cancer, and the resident-to-bed ratio of the hospital (<0.25, ≥0.25), which is a measure of the teaching intensity of the hospital.  IV estimates of the effect of spending are presented in Table 6.  In general, estimates in Table 6 reveal an absence of much heterogeneity in the effect of spending.  For example, it is not the case that spending is systematically less effective for older patients, or patients with cancer.  Similarly, the effect of spending is relatively uniform according to hospital type.
Conclusions


Table 7 presents a summary of our findings.  For all patients except those admitted for AMI, we found that greater inpatient spending is associated with lower mortality for medical patients (CHF, Stroke, GI Bleeding), and lower mortality and failure-to-rescue for surgery patients (General, Orthopedic, Vascular).  In general, IV estimates indicated that a 10 percent increase in inpatient spending is associated with between a one and two percent decrease in mortality and failure-to-rescue.  These improvements in outcomes come at a relatively high cost. Assuming that preventing 30-day mortality (or 30-day FTR) was associated with five additional years of life, estimates of the cost of a life year saved in our analyses were between $177 thousand (Stroke mortality) and $4 million (General Surgery mortality).  These estimates of the cost of life year saved are well above conventional estimates of a value of a life year of approximately $100 thousand.  Even if we double to 10 the amount of years of life gained, estimates of the cost of life year saved would still be high relative to conventional standards.
Recently, however, Becker et al. (2007) have argued that conventional estimates of the value of a life year may not accurately reflect the willingness to pay of older patients facing death, which characterizes the patients in our sample.  Becker et al. (2007) hypothesized that the apparently large fraction of lifetime spending on medical care that occurs in the last year of life may be rational (i.e., worth it) because an additional year of survival is valued much more when there are few expected years left; because extra spending increases the hope of survival and raises the value of current life; and because of the willingness to pay of family members who derive value from the life of the ill person.  While we do believe that such considerations would render our estimates of the cost of life year saved acceptable to most readers, the Becker et al. (2007) argument suggests that patients at the end of life may be willing to spend more than commonly believed to extend life.  Consider the tradeoff between spending and mortality expressed in a slightly different way than cost of life year saved.  Estimates in Table 6 suggest that elderly patients at the end of life can spend 10 percent more, in our data between $2000 and $5000, in return for a one to two percent increase in survival.  We do not think it unreasonable for people to be willing to make this tradeoff, even though the implied cost of a life year is very high.

More importantly, results suggest that while it may be cost-effective to eliminate some portion of inpatient spending, the reduction in spending would come at a cost.  Greater inpatient spending is associated with improved survival and lower failure-to-rescue.  Thus, statements that spending in Medicare could be reduced by 20 to 30 percent without adverse health effects may be misleading.  In addition, such arguments may be misinterpreted as suggesting that there are no benefits instead of an imbalance between costs and benefits.  The no benefit argument implies that there is no life extending treatment, and as suggested by the earlier reported passage from Consumer Reports that more treatment is harmful.  This is clearly not the case, at least according to our estimates and estimates from other recent studies.  In contrast, the imbalance argument suggests that we need to find ways to lower the costs or raise the benefits of life extending treatment.

In sum, we provided an analysis of the association between inpatient spending—greater resource use—and patient outcomes.  We extended a relatively small literature by examining the effect of inpatient medical spending on the mortality and failure-to-rescue of Medicare patients admitted to the hospital for surgery (general, orthopedic, vascular) and mortality (not FTR) for patients admitted for medical conditions (AMI, CHF, Stroke, and GI Bleeding) between 2001 and 2005.  Use of FTR is novel and partly addresses the reverse causality that is likely to bias estimates.  We further addressed this issue by using an instrumental variables procedure that makes use of evidence showing that the intensity of treatment and resource use for patients in a hospital is strongly associated with the intensity of treatment for patients at the end-of-life (decedents).  While this approach seemed reasonable based on evidence we presented, there may be omitted hospital-specific factors that affect both inpatient spending and survival.  Thus, IV estimates have to be interpreted with appropriate caution.  
Given this caveat, we found that greater inpatient spending is significantly and positively associated with mortality and failure-to-rescue of surgical patients, and positively associated with mortality of medical patients (except for AMI).  The increase in survival was non-trivial—a ten percent increase in inpatient spending is associated with a one to two percent increase in survival—but measured against conventional estimates of the value of life, such improvements are costly.  These findings add to other recent studies that have found that greater spending is beneficial (Doyle 2005, 2008; Chandra and Staiger 2007; Card et al. 2008).  This growing body of literature raises questions as to the applicability of the “flat-of-the-curve” argument, at least for inpatient spending.  While it is undoubtedly true that there is some amount of inefficiency and waste in the US health care system, it may not be as large as commonly believed.  We have argued that there appear to be market mechanisms that would work to eliminate such waste and the incentive to do so grows with the amount of waste.  Spending 20 to 30 percent more than is necessary, indeed without any benefit, seems to be sufficiently large for such incentives to spur action.  On the other hand, if the amount of waste is significantly less than 20 to 30 percent, then there is relatively no problem and no mystery as to why market mechanisms have not eliminated the problem.  The “flat-of-the-curve” argument may not be particularly accurate.  Clearly, more research is needed, and particularly research that provides a credible assessment of the causal relationship between spending and health.  While casual observation strongly suggests that there is a great deal of waste, such beliefs is inconsistent with economic incentive and behavior, and a growing body of evidence.
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Table 1

Estimates of the Effects of Inpatient Spending and Dartmouth End-of-Life Measures on Mortality and Failure-to-Rescue

Sample of Patients Admitted for General Surgery 

	
	Mortality
	Failure-to-Rescue

	
	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV


	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV



	Inpatient Spending (10,000s) 
	0.0056**
	0.0032**
	0.0033**
	-0.0006
	-0.0005
	0.0029**
	0.0010**
	0.0011**
	-0.0021**
	-0.0019**

	
	(0.0003)
	(0.0002)
	(0.0002)
	(0.0004)
	(0.0004)
	(0.0002)
	(0.0001)
	(0.0001)
	(0.0005)
	(0.0005)


	Dartmouth EOL Variables:
	
	
	
	
	
	
	
	
	
	

	 ICU Days
	-0.0002
	-0.0005**
	-0.0002
	Yes
	Yes
	-0.0012**
	-0.0016**
	-0.0010**
	Yes
	Yes

	
	(0.0002)
	(0.0001)
	(0.0001)
	
	
	(0.0003)
	(0.0003)
	(0.0003)

	
	

	 Hospital Days
	-0.0004**
	-0.0004**
	-0.0002**
	Yes
	No
	-0.0011**
	-0.0012**
	-0.0008**
	Yes
	No

	
	(0.0001)
	(0.0001)
	(0.0001)
	
	
	(0.0002)
	(0.0002)
	(0.0002)

	
	

	Patient-level Characteristics
	No
	Yes
	Yes
	Yes
	Yes
	No
	Yes
	Yes
	Yes
	Yes

	Hospital Characteristics
	No
	No
	Yes
	Yes
	Yes
	No
	No
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	

	Partial F-Excluded Instruments
	
	
	
	119**
	88**
	
	
	
	117**
	82**

	
	
	
	
	
	
	
	
	
	
	

	Mean of Dependent Variable
	0.0517
	0.0517
	0.0517
	0.05173
	0.05174
	0.1089
	0.1089
	0.1090
	0.1089
	0.1089

	Number of Observations
	1640918
	1640918
	1639643
	1664841
	1635707
	779182
	779182
	778588
	790528
	776773


Notes:  

1. In each cell is an estimate from a separate regression.

2. Estimates in column (1) are from a regression model that includes year dummy variables and dummy variables for admission type (for example separate dummy variables for sub-categories of admission within General Surgery category).  

3. Estimates in column (2) add patient-level characteristics (i.e. patient risk adjustment) to regression model.  

4. Estimates in column (3) add hospital-level characteristics (e.g., teaching hospital) to regression model.

5. Estimates in columns (4) and (5) are from instrumental variables procedure.  Instruments are Dartmouth measures and those included are indicated.  In column (5), non-hospital ICU days are included in second stage.
6. Sample sizes listed in table are the maximum number associated with that dependent variable.

7. Robust (Huber sandwich estimator) errors that allow for non-independence of observations within hospital are in parentheses.

8. * p < 0.05; ** p < 0.01

Table 2
Estimates of the Effects of Inpatient Spending and Dartmouth End-of-Life Measures on Mortality and Failure-to-Rescue

Sample of Patients Admitted for Vascular Surgery 

	
	Mortality
	Failure-to-Rescue

	
	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV


	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV



	Inpatient Spending (10,000s) 
	0.0031**
	0.0015**
	0.0016**
	-0.0038**
	-0.0034**
	0.0004*
	-0.0011**
	-0.0009**
	-0.0055**
	-0.0048**

	
	(0.0002)
	(0.0002)
	(0.0002)
	(0.0009)
	(0.0008)
	(0.0002)
	(0.0002)
	(0.0002)
	(0.0011)
	(0.0010)


	Dartmouth EOL Variables:
	
	
	
	
	
	
	
	
	
	

	 ICU Days
	-0.0016**
	-0.0018**
	-0.0016**
	Yes
	Yes
	-0.0029**
	-0.0030**
	-0.0026**
	Yes
	Yes

	
	(0.0004)
	(0.0004)
	(0.0004)
	
	
	(0.0006)
	(0.0005)
	(0.0005)

	
	

	 Hospital Days
	-0.0012**
	-0.0013**
	-0.0013**
	Yes
	No
	-0.0022**
	-0.0023**
	-0.0022**
	Yes
	No

	
	(0.0002)
	(0.0003)
	(0.0003)
	
	
	(0.0004)
	(0.0004)
	(0.0005)

	
	

	Patient-level Characteristics
	No
	Yes
	Yes
	Yes
	Yes
	No
	Yes
	Yes
	Yes
	Yes

	Hospital Characteristics
	No
	No
	Yes
	Yes
	Yes
	No
	No
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	

	Partial F-Excluded Instruments
	
	
	
	80**
	72**
	
	
	
	80**
	70**

	
	
	
	
	
	
	
	
	
	
	

	Mean of Dependent Variable
	0.1276
	0.1276
	0.1276
	0.1277
	0.1272
	0.1884
	0.1884
	0.1884
	0.1882
	0.1885

	Number of Observations
	370819
	370819
	370559
	375145
	369844
	251120
	251120
	250962
	253640
	250477


See Notes to Table 1.

Table 3
Estimates of the Effects of Inpatient Spending and Dartmouth End-of-Life Measures on Mortality and Failure-to-Rescue

Sample of Patients Admitted for Orthopedic Surgery 

	
	Mortality
	Failure-to-Rescue

	
	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV


	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV



	Inpatient Spending (10,000s) 
	0.0053**
	0.0034**
	0.0034**
	-0.0014**
	-0.0014**
	0.0045**
	0.0024**
	0.0025**
	-0.0023**
	-0.002**

	
	(0.0004)
	(0.0002)
	(0.0002)
	(0.0002)
	(0.0003)
	(0.0003)
	(0.0002)
	(0.0002)
	(0.0005)
	(0.0006)


	Dartmouth EOL Variables:
	
	
	
	
	
	
	
	
	
	

	 ICU Days
	-0.0003**
	-0.0004**
	-0.0003**
	Yes
	Yes
	-0.0004**
	-0.0007**
	-0.0006**
	Yes
	Yes

	
	(0.0001)

	(0.0001)

	(0.0001)

	
	
	(0.0002)

	(0.0002)

	(0.0002)

	
	

	 Hospital Days
	-0.0003**
	-0.0003**
	-0.0003**
	Yes
	No
	-0.0007**
	-0.0008**
	-0.0008**
	Yes
	No

	
	(0.0001)

	(0.0001)

	(0.0001)

	
	
	(0.0002)

	(0.0002)

	(0.0002)

	
	

	Patient-level Characteristics
	No
	Yes
	Yes
	Yes
	Yes
	No
	Yes
	Yes
	Yes
	Yes

	Hospital Characteristics
	No
	No
	Yes
	Yes
	Yes
	No
	No
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	

	Partial F-Excluded Instruments
	
	
	
	118**
	94**
	
	
	
	109**
	90**

	
	
	
	
	
	
	
	
	
	
	

	Mean of Dependent Variable
	0.0238
	0.0238
	0.02375
	0.0237
	0.0237
	0.0638
	0.0638
	0.0638
	0.0637
	0.0638

	Number of Observations
	2457310
	2457310
	2455534
	2499181
	2451720
	914799
	914799
	914088
	929206
	912500


See Notes to Table 1.

Table 4
Estimates of the Effects of Inpatient Spending and Dartmouth End-of-Life Measures on Mortality
Sample of Patients Admitted for Congestive Heart Failure (CHF) or Acute Myocardial Infarction (AMI) 

	
	CHF-Mortality
	AMI-Mortality

	
	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV


	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV



	Inpatient Spending (10,000s) 
	0.0034**
	0.0025**
	0.0027**
	-0.0075**
	-0.0067**
	-0.0016**
	-0.0019**
	-0.0018**
	0.0023**
	0.0024**

	
	(0.0002)
	(0.0002)
	(0.0002)
	(0.0008)
	(0.0009)
	(0.0001)
	(0.0001)
	(0.0001)
	(0.0008)
	(0.0007)


	Dartmouth EOL Variables:
	
	
	
	
	
	
	
	
	
	

	 ICU Days
	-0.0018**
	-0.0020**
	-0.0018**
	Yes
	Yes
	0.0015**
	0.0007*
	0.0011**
	Yes
	Yes

	
	(0.0002)
	(0.0002)
	(0.0002)


	
	
	(0.0004)
	(0.0003)
	(0.0003)
	
	

	 Hospital Days
	-0.0014**
	-0.0015**
	-0.0013**
	Yes
	No
	0.0006*
	-0.00008
	-0.0001
	Yes
	No

	
	(0.0003)
	(0.0003)
	(0.0003)


	
	
	(0.0003)
	(0.0002)
	(0.0002)
	
	

	Patient-level Characteristics
	No
	Yes
	Yes
	Yes
	Yes
	No
	Yes
	Yes
	Yes
	Yes

	Hospital Characteristics
	No
	No
	Yes
	Yes
	Yes
	No
	No
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	

	Partial F-Excluded Instruments
	
	
	
	120**
	108**
	
	
	
	95**
	114**

	
	
	
	
	
	
	
	
	
	
	

	Mean of Dependent Variable
	0.0849
	0.08492
	0.08490
	0.08468
	0.08487
	0.14944
	0.14944
	0.14943
	0.14968
	0.14934

	Number of Observations
	1133032
	1133032
	1132364
	1154580
	1127861
	934618
	934618
	934096
	946514
	931551


See Notes to Table 1.

Table 5
Estimates of the Effects of Inpatient Spending and Dartmouth End-of-Life Measures on Mortality
Sample of Patients Admitted for Stroke or GI Bleeding 

	
	Stroke-Mortality
	GI Bleeding-Mortality

	
	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV


	(1)
	(2)
	(3)
	(4) – IV


	(5) – IV



	Inpatient Spending (10,000s) 
	0.0018**
	-0.0001
	-0.0005**
	-0.0145**
	-0.0113**
	0.0076**
	0.0050**
	0.0051**
	-0.0037**
	-0.0028**

	
	(0.0002)
	(0.0002)
	(0.0002)
	(0.0015)
	(0.0022)
	(0.0004)
	(0.0003)
	(0.0003)
	(0.0007)
	(0.0009)



	Dartmouth EOL Variables:
	
	
	
	
	
	
	
	
	
	

	 ICU Days
	-0.0025**
	-0.0025**
	-0.0029**
	Yes
	Yes
	-0.0004**
	-0.0007**
	-0.0006**
	Yes
	Yes

	
	(0.0005)
	(0.0004)
	(0.0004)


	
	
	(0.0002)
	(0.0002)
	(0.0002)
	
	

	 Hospital Days
	-0.0025**
	-0.0028**
	-0.0035**
	Yes
	No
	-0.0002*
	-0.0006**
	-0.0006**
	Yes
	No

	
	(0.0007)
	(0.0007)
	(0.0008)


	
	
	(0.0001)
	(0.0001)
	(0.0002)
	
	

	Patient-level Characteristics
	No
	Yes
	Yes
	Yes
	Yes
	No
	Yes
	Yes
	Yes
	Yes

	Hospital Characteristics
	No
	No
	Yes
	Yes
	Yes
	No
	No
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	

	Partial F-Excluded Instruments
	
	
	
	106**
	109**
	
	
	
	104**
	94**

	
	
	
	
	
	
	
	
	
	
	

	Mean of Dependent Variable
	0.17490
	0.17490
	0.17489
	0.17496
	0.17487
	0.06268
	0.06268
	0.06267
	0.06264
	0.06265

	Number of Observations
	894368
	894368
	893909
	906830
	891118
	727272
	727272
	726748
	739348
	724061


See Notes to Table 1.

Table 6

IV Estimates of the Effects of Inpatient Spending on Mortality and Failure-to-Rescue, By Patient and Hospital Characteristics

	
	General Surgery
	Orthopedic Surgery
	Vascular Surgery
	AMI
	Stroke
	GI-Bleeding
	CHF

	
	Mortality
	FTR
	Mortality
	FTR
	Mortality
	FTR
	Mortality
	Mortality
	Mortality
	Mortality 

	Patient Age 
	
	
	
	
	
	
	
	
	
	

	     Age <80
	-0.0002   
	-0.0014 **  
	-0.0005**   
	-0.0009*   
	-0.0030 **  
	-0.004**   
	0.0015*   
	-0.0111**   
	-0.0023**   
	-0.0050**   

	
	(0.0004 )     
	(0.0005 )           
	(0.0002 )           
	(0.0005 )           
	(0.0009 )            
	(0.0011 )           
	(0.0007 )           
	(0.0018 )            
	(0.0008 )            
	(0.0008 )           

	Mean of Dependent Variable
	0.0371    
	0.0856    
	0.0120    
	0.0385    
	0.1081    
	0.1642    
	0.1112    
	0.1395    
	0.0484    
	0.0633    

	Number of Observations
	1138171
	493267
	1632109
	509845
	258304
	170063
	571842
	486951
	395587
	603466

	
	
	
	
	
	
	
	
	
	
	

	     Age 80+
	-0.0010*   
	-0.0026**   
	-0.0026**   
	-0.0031**   
	-0.0043**   
	-0.0062**   
	0.0040**   
	-0.0114**   
	-0.0034**   
	-0.0085**   

	
	(0.0005 )           
	(0.0006 )           
	(0.0005 )            
	(0.0009 )           
	(0.0013 )            
	(0.0015 )           
	(0.0011 )            
	(0.0030 )            
	(0.0014 )           
	(0.0012 )           

	Mean of Dependent Variable
	0.0833    
	0.1476    
	0.0456   
	0.0943    
	0.1697    
	0.2372    
	0.2084    
	0.2161    
	0.0791    
	0.1081    

	Number of Observations
	526670
	297261
	867072
	419361
	116841
	83577
	374672
	419879
	343761
	551114

	
	
	
	
	
	
	
	
	
	
	

	Patient Comorbidity
	
	
	
	
	
	
	
	
	
	

	     Has Cancer
	-0.0005   
	-0.0026**   
	-0.0021   
	-0.0035   
	-0.0009   
	-0.0011   
	0.0007   
	-0.0085*   
	0.0023   
	-0.0056**   

	
	(0.0008 )           
	(0.0010 )           
	(0.0015 )          
	(0.0023 )           
	(0.0023 )            
	(0.0029 )            
	(0.0027 )            
	(0.0049 )           
	(0.0033 )            
	(0.0021 )           

	Mean of Dependent Variable
	0.0987    
	0.1775    
	0.1004   
	0.2095   
	0.1521    
	0.2276   
	0.2629   
	0.3001    
	0.1929    
	0.1813    

	Number of Observations
	242345
	134742
	83568
	40047
	21910
	14645
	40206
	44080
	53660
	64943

	
	
	
	
	
	
	
	
	
	
	

	     Does Not Have Cancer
	-0.0005   
	-0.0017**   
	-0.0013**   
	-0.0018**   
	-0.0035**   
	-0.0050**   
	0.0025**
	-0.0115 **  
	-0.0032**   
	-0.0067**   

	
	(0.0004)      
	(0.0005)       
	(0.0003)      
	(0.0006)      
	(0.0008)      
	(0.0010)       
	(0.0007 )     
	(0.0021 )           
	(0.0008 )           
	(0.0009 )            

	Mean of Dependent Variable
	0.0437    
	0.0948    
	0.0210    
	0.0571   
	0.1257    
	0.1858    
	0.1447   
	0.1686   
	0.0525   
	0.0789    

	Number of Observations
	1422496
	655786
	2415613
	889159
	353235
	238995
	906308
	862750
	685688
	1089637

	
	
	
	
	
	
	
	
	
	
	

	Hospital Type
	
	
	
	
	
	
	
	
	
	

	     Resident-to-Bed Ratio>=0.25
	-0.0003   
	-0.0003   
	-0.0013**   
	-0.0022**   
	-0.0030*   
	-0.0030   
	0.0018   
	-0.0042   
	-0.0012   
	-0.0052**   

	
	(0.0008)      
	(0.0011)      
	(0.0005)      
	(0.0009)      
	(0.0018)      
	(0.0020)       
	(0.0018)       
	(0.0028)       
	(0.0019)      
	(0.0013)       

	Mean of Dependent Variable
	0.0480    
	0.1034    
	0.0211   
	0.0570    
	0.1175   
	0.1773    
	0.1411   
	0.1909   
	0.0669   
	0.0740  

	Number of Observations
	255310
	118585
	340473
	125849
	79368
	52566
	131310
	131308
	90262
	141011

	
	
	
	
	
	
	
	
	
	
	

	     Resident-to-Bed Ratio<0.25
	-0.0006   
	-0.0023**   
	-0.0014**   
	-0.0019**   
	-0.0036**   
	-0.0054**   
	0.0026**   
	-0.0134**   
	-0.0031**   
	-0.0070**   

	
	(0.0004)      
	(0.0005)       
	(0.0003)       
	(0.0007)       
	(0.0009)      
	(0.0012)       
	(0.0008)      
	(0.0023)      
	(0.0009)      
	(0.0011)       

	Mean of Dependent Variable
	0.0524   
	0.1099    
	0.0241   
	0.0647    
	0.1299    
	0.1911   
	0.1511   
	0.1723   
	0.0621   
	0.0862   

	Number of Observations
	1409531
	671943
	2158708
	803357
	295777
	201074
	815204
	775522
	649086
	1013569


See notes to Table 1.  
Table 7
Summary of Estimates of the Effects of Inpatient Spending on Patient Mortality and Failure-to-Rescue

Relative Effect of a 10 Percent Increase in Spending and Cost of Life Year Saved

	
	General Surgery
	Vascular Surgery
	Orthopedic Surgery
	CHF
	AMI
	Stroke
	GI Bleeding

	
	Mortality
	FTR
	Mortality
	FTR
	Mortality
	FTR
	Mortality
	Mortality
	Mortality
	Mortality

	Relative (percent) Effect of 10% Increase in Inpatient Spending 
	0.3
	0.9
	1.4
	1.5
	1.7
	1.1
	2.2
	NA
	1.5
	0.8

	
	
	
	
	
	
	
	
	
	
	

	Cost of Life Year Saved (000s)
	$4,000
	$1,053
	$588
	$416
	$1,429
	$1,000
	$299
	NA
	$177
	$714

	
	
	
	
	
	
	
	
	
	
	


Notes:

1. Figures are based on IV estimates from column (5) of Tables 1 through 5.

2. Estimates of the cost of life year saved are based on the assumption that additional spending would lead to survival and five additional life years.

Appendix Table 1

Differences in Measured Characteristics by Dartmouth End-of-Life Measures

Sample of Patients Admitted for General Surgery

	
	Hospital Days
	ICU Days

	
	Above Median
	Below

Median
	Difference/

Std. Dev.
	Above Median
	Below

Median
	Difference/

Std. Dev.

	Inpatient Spending
	3.8246
	2.8772
	0.21854
	3.9788
	2.6839
	0.3018

	30-Day Mortality
	0.0517
	0.0516
	0.00064
	0.0521
	0.0511
	0.00448

	FTR
	0.1073
	0.111
	0.01189
	0.1083
	0.1096
	0.00418

	Age
	76.0785
	76.0423
	0.00555
	76.0372
	76.094
	0.00872

	Male
	0.3943
	0.3991
	0.00994
	0.3977
	0.3948
	0.00601

	Number of Comorbidities
	2.2823
	2.1533
	0.07472
	2.2609
	2.1799
	0.04689

	Hypertension
	0.5603
	0.5344
	0.05196
	0.5544
	0.5418
	0.02541

	COPD
	0.1932
	0.1951
	0.00482
	0.1934
	0.1949
	0.00391

	Diabetes
	0.1832
	0.167
	0.04256
	0.1791
	0.1722
	0.01817

	CHF
	0.1411
	0.1335
	0.02204
	0.1384
	0.1369
	0.00442

	Peripheral Vas. Disease 
	0.0627
	0.0578
	0.0208
	0.0614
	0.0593
	0.0089

	Renal Failure
	0.0354
	0.0292
	0.03504
	0.0347
	0.03
	0.02639

	Predicted Mortality
	0.0529
	0.0501
	0.04107
	0.0527
	0.0504
	0.03327


Appendix Table 2

Differences in Measured Characteristics by Dartmouth End-of-Life Measures

Sample of Patients Admitted for AMI

	
	Hospital Days
	ICU Days

	
	Above Median
	Below

Median
	Difference/

Std. Dev.
	Above Median
	Below

Median
	Difference/

Std. Dev.

	Inpatient Spending
	4.3363
	3.2629
	0.21562
	4.5439
	2.9743
	0.32025

	30-Day Mortality
	0.1512
	0.1482
	0.00855
	0.15
	0.1496
	0.00129

	Age
	77.3975
	77.245
	0.02263
	77.3076
	77.3539
	0.00687

	Male
	0.5074
	0.5281
	0.04144
	0.5159
	0.5181
	0.00434

	Number of Comorbidities
	2.2128
	2.0805
	0.08375
	2.1837
	2.1136
	0.04429

	Hypertension
	0.5914
	0.5726
	0.03819
	0.5867
	0.5779
	0.01785

	COPD
	0.2422
	0.2357
	0.01519
	0.2409
	0.2372
	0.00867

	Diabetes
	0.2571
	0.2413
	0.03649
	0.2508
	0.2488
	0.00463

	CHF
	0.0744
	0.0602
	0.05708
	0.0704
	0.0649
	0.02179

	Peripheral Vas. Disease 
	0.1042
	0.1031
	0.00337
	0.1039
	0.1035
	0.00114

	Renal Failure
	0.0729
	0.0629
	0.0396
	0.0718
	0.0639
	0.03141

	Predicted Mortality
	0.1521
	0.1471
	0.05622
	0.1506
	0.1488
	0.02098

	
	
	
	
	
	
	








� Auster et al. (1969) conducted an analysis similar to Fuchs (1965) and reported an elasticity of mortality with respect to medical spending of approximately -0.1 that was not statistically significant at conventional levels of statistical significance.


� Figures come from projections for 2008 of the Centers for Medicare and Medicaid Services (CMS): � HYPERLINK "http://www.cms.hhs.gov/NationalHealthExpendData/Downloads/proj2007.pdf" ��http://www.cms.hhs.gov/NationalHealthExpendData/Downloads/proj2007.pdf�, website accessed December 16, 2008.


� Assuming similar cost differences, this effect is approximately three times larger than McClellan et al. (1994) who conducted a similar analysis using data from an earlier period.


� For example, approximately 20 percent of patients in the bottom half of the distribution of the propensity score for catherization received catheters and approximately 70 percent of patients in the top half of the distribution of the propensity score for catherization received catheters. 


� Decker (2005) conducted a similar pre- and post-age 65 analysis and found that Medicare increased breast screening and decreased the probability of late-stage diagnosis and mortality. 


� Finkelstein and McKnight (2008) also compared the pre- to post-Medicare changes in spending and mortality of those ages 65 to 74 (treatment) to those ages 55 to 64 (comparison).  This analysis also indicated that Medicare had no effect on mortality.


� Skinner et al. (2005) also used two additional instruments, the percentage of decedents in last six months of life admitted to ICU and Medicare expenditures for AMI patients in 1993-94, in another analysis that yielded qualitatively similar results.


� Previous studies and the ongoing debate related to insurance crowd out have demonstrated that there are state-specific trends correlated with the timing and magnitude of the Medicaid expansions that can significantly affect estimates (Card and Shore-Sheppard 2004; Gruber and Simon 2008; Shore-Sheppard 2008).  Sensitivity analyses conducted by Currie and Gruber (1996) also illustrated that Medicaid expansions were not a good experiment.  The addition of measured state-specific variables such as state maternal and child health spending and number of neonatal intensive beds change estimates of the effect of Medicaid eligibility on low birth weight by 160 to 532 percent. 


� Alternatively, and more problematically for the validity of the IV strategy, the variation in EOL spending may be due to the type of specialization suggested by Chandra and Staiger (2007).


� This section draws heavily from Volpp et al. (2007).  The data used in our study is the same as that used in this study.  Like Volpp et al. (2007), we exclude patients in hospitals that did not have Medicare Cost Report data (14 514 patients from 39 hospitals), that were missing more than two months of data at various times during the period (276 040 patients from 703 hospitals), and whose hospitalization spanned July 1, 2003 (n = 26 856).  These exclusions were related to the objective in Volpp et al. (2007) and should not affect the current analysis. 
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