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Summary

During the past decade, public and private efforts to measure the performance of health care providers have proliferated. In general, these programs aim either to improve the quality of provider performance or to control health care costs (or both). Providing health care consumers with the information to make well-informed purchases is one way in which performance measurement efforts can achieve their goals. 

Not surprisingly, given these goals, most evaluations of performance measurement programs focus on the programs' impact on average quality and cost. Researchers have directed less attention to distributional questions, though economic theory would lead one to expect improved information to have a differential impact across groups with different income levels or different types of insurance coverage. 

This paper explores the distributional impact of one such program, New York State’s coronary artery bypass graft (CABG) mortality rate reporting program. Specifically, the paper seeks to determine if the program has contributed to increased quality sorting by ability-to-pay. In other words, the paper tries to identify if the program has facilitated the matching of the surgeons with the lowest reported mortality rates to the patients with the highest incomes and best insurance coverage, and vice versa.

In preliminary results using ordinary least squares, evidence is found that the sorting of surgeons’ services by income level and type of insurance coverage increased during the decade following the program’s inception. Being African American also emerged as a stronger predictor of seeing a surgeon with a poorer mortality rate in the later years.  

Through 1991, having Medicaid coverage (i.e., coverage through the government health insurance program for the poor) is weakly predictive of seeing a surgeon with a lower, and therefore better, mortality rate. This pattern reversed in 1992 (the year the state released its first report), and Medicaid coverage emerged as a highly significant predictor of seeing a surgeon with a higher (worse) mortality rate.1 Income shows a similar pattern. Residing in a higher income zip code is weakly predictive of seeing a surgeon with a higher mortality rate through 1991. The pattern reverses in 1992, with residence in a higher income zip code emerging as predictive of seeing a surgeon with a lower mortality rate. The magnitudes of the coefficients trend upwards through 1999, as do the T-ratios (p- values< .0001 in 1994 through 1999).

The preliminary findings strongly suggest that the reporting program has facilitated sorting by ability to pay. It does not follow that the poor are worse off. However, there is evidence in the data that the average performance of the surgeons treating those in the $10,000 to $30,000 income range has improved less than the statewide average. Interestingly, the average performance of the surgeons treating those in the lowest income group (those residing in zip codes with median income below $10,000) shows an improvement comparable in magnitude to that of surgeons treating the upper income groups. Thus, there is cause for concern that the working poor have not shared in the benefits of the reporting program. 

The intellectual foundations of performance reporting

Two approaches to reshaping the health care delivery system inform performance-reporting efforts. The phrases “evidence-based medicine” and “incentive compatible medicine” describe these approaches. While the two approaches are conceptually distinct, they are often complementary in practice.

The phrase “evidence-based medicine” is almost self-explanatory. Advocates of evidence-based medicine believe that providers can achieve better results for their patients if they rely on hard evidence to make their treatment decisions. Anecdote, custom, and individual physician predilection too often drive treatment decisions, according to this view, resulting in variations in care across individual providers, institutions, and regions. Advocates of evidence-based medicine support policy interventions to improve and modernize the practice of low-performing health care providers, for example, through the development and vigorous dissemination of practice guidelines. 

Incentive compatible medicine, on the other hand, aims to structure the economic environment so that the pursuit of individual goals contributes to social ends. It draws its intellectual foundation from economics – specifically, from the economic model of human behavior as the outcome of rational and self-interested decision-making. To change what health care providers do, according to this view, one should change what they are rewarded and punished for doing. 

This view of provider behavior motivates the public release of outcomes data, which changes the incentives facing providers. In the market for heart surgeons, the expectation is that informed consumers will take their money where the data indicate they will get the best value. The surgeon who achieves a better mortality rate will gain more patients. He may gain also the ability to select patients with better insurance coverage – that is, with coverage that reimburses him at a higher rate. This will be true whether the consumers are individuals, employers or health plans and whether they learn of the information from a newspaper or the Department of Health’s website, or gain access to it through the medium of a referring cardiologist. Thus, the reporting program creates market incentives for providers to improve performance, which in turn should lead to better health outcomes, at least on average.

Market-mediated improvements in outcomes raise distributional concerns, however. Competitive markets allocate commodities to the highest valued uses, where value is measured as “willingness to pay,” which in turns depends on ability to pay, among other factors. Thus, theory leads one to expect that programs that provide information about which doctors and hospitals are best will facilitate the allocation of those doctors’ and hospitals’ services to those willing to pay the most, who are unlikely to be the poor.2
This sorting would be expected to occur not only in the market for surgeries – as better off patients schedule surgeries with high-performing surgeons – but also in the market for surgeons. Thus, low-performing surgeons may lose privileges or referrals at hospitals serving wealthier markets and find havens only in poorer or less geographically desirable (rural or inner city) markets. High-performing surgeons serving poor communities may find doors open to them in wealthy communities, as their high ratings become known.

This sorting process need not leave the poor worse off. Even if market mechanisms tend to allocate the poorest care to the poorest patients, those on the bottom of the heap may benefit if the absolute level of performance at the bottom improves. In addition, as a practical matter, information from performance measurement programs is an input to government regulatory actions, as well as to the health care market. The distributional implications of regulatory mechanisms probably differ from those of market mechanisms. Thus, the distributional impact of a reporting program is a matter for empirical evaluation. Theory cannot tell us whether to expect such a program to harm the poor. Theory also cannot tell us whether to expect such a program to increase distributional inequalities.

Sorting in Static and Dynamic Contexts

There is a well-established line of argument in the economics of information justifying the provision of information as a public good in a static context. However, the main policy motivation for releasing quality information to the public is rooted in dynamic considerations. Specifically, it is hoped that making information about quality public gives providers incentives to make costly investments of time, effort, or money to improve their quality in the future. Of course, a reporting program for quality information may also create incentives for providers to manipulate the available information -- not to be better, but only to seem to be better. (See the discussion in the literature review below, especially the 2002 paper by Dranove et al.)

In the traditional static analysis, accurate information makes it possible for the market to allocate products of different quality levels to their highest valued uses. The consumer’s willingness-to-pay for a product of a particular quality level measures the value of the product when used by that consumer. Information about quality facilitates matching of products at each quality level to the consumers’ individual willingness-to-pay for products of that quality. 

It is precisely this facilitation of static allocative efficiency that raises distributional concerns, however. Willingness-to-pay depends on ability-to-pay, as well as on differences in preferences. For example, in the market for coronary artery bypass surgeries, a patient’s willingness-to-pay for the procedure depends on his income and on the type of insurance coverage he has. However, it may also depend on how sick the individual is and how complicated and risky his case is. Ceteris paribus for income, the patient may be willing to pay more for a surgeon of particularly high quality if his illness is of such a nature as to increase the expected benefit of having a skillful surgeon perform the procedure. (Alternatively, and perhaps of greater practical importance, referring cardiologists may direct the more difficult cases to the more skillful surgeons. The addition of information about surgeon quality also could facility sorting through this mechanism.)

From a policy perspective, many would consider it desirable to facilitate the matching of the best surgeons to the most difficult cases (although, if the most difficult cases tend to be the oldest patients with the poorest prospects for extended survival, even this proposition is open to debate). Clearly, facilitating the matching of the best surgeons to the patients with the best insurance coverage would not command a similar consensus.

Ability-to-pay may also correlate closely with ability to make use of information, which in turn depends on education, intelligence, and personality. Perhaps a government program to publicize quality ratings will yield disproportionate benefits to those with the greatest ability to use information. On the other hand, and equally plausibly, perhaps the gist of the rankings was already available to those “in the know.” In this case the government program may democratize access to information about surgeon quality, resulting in a narrowing of the information advantage of the well-educated, intelligent, well-connected, and aggressive members of society. 

While quality sorting by ability-to-pay and quality sorting by ability to make use of information may be closely correlated, they are conceptually distinct. The distinction is important, moreover, because the policy responses to the two mechanisms are different. Measures to make information more accessible -- such as publicizing ratings in the newspaper, seeking out Spanish-language publications, aggressively getting the information out at public clinics, and so forth -- address sorting by ability to make use of information. Payment policies -- such as disproportionate share payments, or quality-adjusted payments by Medicare or Medicaid -- are required to address sorting by ability-to-pay. (Quality adjusting payments, however, greatly strengthens the incentives for information manipulation through patient selection. This is a concern the Bush administration should take seriously if it carries through with announced intentions to introduce such adjustments in provider payments from federal health programs.)

New York’s CABG reporting program

New York’s program is one of about a half a dozen state government programs that collect and publicize outcomes data for specific procedures and conditions. Pennsylvania, like New York, makes available to the general public risk-adjusted mortality ratings by hospital and surgeon for coronary artery bypass graft (CABG) procedures. Northern New England collects similar information, but shares it only with regulatory agencies and health care providers. California rates hospitals’ risk adjusted mortality for patients admitted with acute myocardial infarction (heart attacks), and also tracks some obstetrical outcomes. Missouri rates hospitals in terms of obstetrical outcomes and programs.3
Of these reporting programs, the New York CABG program, which started measuring mortality performance in 1989 and released its first report in 1992, is one of the oldest and most intensively studied. A recent review article (Marshall et al., 2000) identified 21 peer-reviewed evaluations of performance report programs, of which eight pertained to New York’s CABG program. The program measures in-hospital mortality rates rather than long term outcomes.4 The state risk-adjusts the rates to reflect differences in patient populations in an effort to avoid penalizing hospitals and surgeons with more difficult caseloads or rewarding those with easier caseloads.5
The CABG procedure is the most common type of heart surgery, accounting in 1995-97 for 73 percent of all heart surgeries in New York. The procedure increases the supply of blood to the heart by bypassing blocked coronary arteries and directing blood flow through unclogged arteries that the surgeon removes from elsewhere in the body and grafts to the heart. About 60,000 CABG procedures were performed statewide during the 1995-97 period.

Literature Review

A considerable empirical literature explores how effective the public release of outcomes data has been in achieving cost and quality goals in particular cases. For example, Jin and Leslie (2001) find beneficial impacts from Los Angeles County's public reporting program of the grades that restaurants receive for hygiene (see also the recent Newsweek article, 11/18/02, p. 67). Chernew et al. (2001) report that General Motors Corporation employees derived benefits from the health plan performance report cards provided by their employer. 

After early controversy, the current consensus in the medical scholarly literature is that New York’s program has contributed to substantial improvements in the state’s CABG mortality rates. Hannan et al. (1994), examining New York CABG patients during 1989 to 1992, the first years of the reporting program, found that average actual mortality declined by 21 percent. However, the population undergoing the surgery in New York became sicker and older, on average, during this period, so that one would have expected mortality to increase if hospital and surgeon performance levels had remained unchanged. Thus, the decline in actual mortality understated the level of improvement. Risk-adjusted mortality, the authors reported, declined by 41 percent.  

Peterson et al. (1998) also found that the reduction in mortality in New York was greater than the national average between 1987 and 1992. The only other region of the country with a similar improvement was Northern New England, which also has a CABG reporting program.[footnote] In addition, Peterson and his colleagues discredited early anecdotal reports that New York surgeons were “gaming” the reporting system by declining to operate on high-risk patients. They found no change in the proportion of New York State CABG patients going out of state, and no decline in risk factors like age or a number of co-morbidities about which information was available from Medicare.

A recent NBER working paper (Dranove et al., 2002) reopens this controversy. The authors first establish a theoretical basis for patient selection behavior even if the risk adjustment process is accurate.7 In addition, they hypothesize that surgeons and hospitals will often possess an information edge over the state in evaluating the riskiness of individual patients. In the empirical portion of the paper, Dranove et al. report substantial selection behavior, adducing as evidence a relative decline in in-patient hospital expenditure in the year prior to CABG surgery for all Medicare patients in states with reporting programs. They also report a relative increase in states with reporting programs in adverse outcomes for elderly heart attack patients (whether they received CABG surgery or some other treatment), which they link to this selection behavior.

As mentioned above, several researchers have reported results that suggest that New York’s CABG reporting program may have facilitated the sorting of high-performing hospitals’ and surgeons’ services to high-income customers. Mukamel and Mushlin (1998) found that high-performing surgeons and hospitals increased their share of the total CABG market after the reporting program began, and that fees for high-performing surgeons increased more steeply than fees on average. They did not take the additional step of showing that the higher fees resulted in higher-performing surgeons having a higher-income caseload, although that is the result one would expect.

A study of some 59,000 patients admitted for CABG surgery in New York State during 1993 to 1996 confirms the existence of sorting by income, although its main focus was the impact of managed care on hospital quality. Erickson et al. (2000) found that patients covered by private or Medicare managed care plans were significantly less likely to undergo the surgery at lower-mortality hospitals than were patients with fee for service coverage. They also found that patients from low-median income zip codes were significantly less likely to undergo the surgery at lower-mortality hospitals than were patients from high-median income zip codes. 

Health maintenance organizations and other types of managed care insurers sometimes argue that they deliver both higher quality and lower cost care to their enrollees than do traditional fee for service insurers. Erickson and his coauthors wished to shed light on the validity of this claim. Their approach addressed this issue effectively. 

However, their approach was not intended to evaluate the impact of the CABG reporting program on sorting by income or insurance coverage, and was not effective at doing so. They confined their analysis to 1993-1996 data, i.e. to data from the period after New York began its CABG reporting program. They did not compare results with pre-program probabilities for different categories of patients. In addition, they did not analyze changes over time within the period, but simply pooled all years’ observations. Therefore, while they showed poor patients and managed care patients were less likely to have the procedure performed at a lower-mortality hospital, they did not show that they were less likely to have the procedure performed at a lower-mortality hospital than they would have been in the absence of the reporting program. 

Data

The goal of this research is to identify the effect of New York’s CABG reporting program on the quality of the surgeons operating on individuals with different incomes and different types of insurance coverage. In the last few  years, it has become possible to link individual patients to their operating surgeons and, therefore, to the surgeons’ risk adjusted mortality rates (RAMR).8 Thus, one can now evaluate how the risk adjusted mortality rates of the surgeons treating patients from different income groups or with different types of insurance coverage have changed over time since the CABG reporting program began. This is likely to be a more sensitive indicator than hospital mortality rates since considerable sorting by income or insurance coverage may take place within each hospital.

The research was conducted using the 1988 through 1999 SPARCS (Statewide Planning and Research Cooperative System) administratively releasable in-patient data set, which contains demographic, medical and insurance coverage information for all patients discharged from New York hospitals. Records were extracted for those patients for whom CABG procedures were listed as the principal procedure. CABG procedures were identified through their International Classification of Diseases Clinical Modification (ICD-9-CM) codes 36.10 through 36.19.9 

The SPARCS data include the license numbers of surgeons for those patients who underwent surgery. The surgeons’ license numbers were used to match the SPARCS data with the surgeon mortality rates available from the Department of Health in three reports: Coronary Artery Bypass Graft Surgery in New York State, 1989-1991, 1992-1994, and 1995-1997. These reports were issued in 1992, 1995 and 1998, respectively. 

For patients who underwent surgery before the first report had been released in 1992, the mortality rate from the first report was used. For the other patients, the mortality rate from the most recent report available at the time they chose their surgeon was used. Thus the records of patients who underwent surgery during the 1988 to 1994 period were linked to the surgeon mortality rates in the first report, which the Department of Health released in 1992, based on data from 1989-1991. The records of patients who underwent surgery during the 1995 to 1997 period were linked to the mortality rates in the second report, which the Department of Health released in 1995, based on data from 1992-1994. The records of patients who underwent surgery in 1998 or 1999 were linked to the mortality rates in the third report, which the Department of Health released in 1998, based on data from1995-97. The mortality rates in the analysis thus represent the information available in the health care market at the time the surgery took place (for 1992 and later) rather than the actual performance of the surgeon at that time.

The SPARCS data do not include patient income. They do, however, include patient zip code. The SPARCS data were augmented with the 1990 median household income as reported by the U.S. Census for the zip code corresponding to each patient’s residence. Thus the estimated effects of patient “income” must be interpreted with caution. The variable clearly picks up neighborhood effects that may operate independently of individual income. For example, a poor person living in a rich neighborhood may be more likely to use the same health care providers as others in his neighborhood, both because those are the nearest providers to his home and because those are the providers recommended to him by his neighbors.

Of 217,465 observations in the 12 years of SPARCS data, 4,761, or about two percent, had no match in the census data, either because the zip code was missing or because the listed zip code was not a valid code. These observations were excluded from the analysis.

There is a second, and more important, group of observations that have been excluded from the analysis thus far. The state did not report a mortality rate for the surgeons who operated on about 35,000, or 17 percent, of the patients. In general, these are low volume surgeons who did not meet the Department of Health’s criteria for inclusion in its reports. In the results that follow, all patients lacking an individual surgeon mortality rate in the data are excluded. It will be important to include these patients in future work [see appendix].

Preliminary results: Descriptive statistics

As a first step in the analysis, mean surgeon risk-adjusted mortality rates were compared across income groups (proxied by zip code median incomes). For this purpose, patients were grouped into nine income categories. The bottom category included patients from zip codes with median incomes below $10,000. The next category included patients from zip codes with median incomes from $10,000 to $19,999, and so on, until the top category, which included patients from zip codes with median incomes of $80,000 or above. 

Several interesting patterns emerged. First, every income group saw improvements – that is, declines in average risk adjusted mortality rates – over the 12-year period, as shown in Table 1.  The improvements were substantially smaller for Group 2 (incomes in the $10,000 to $19,999 range) than for other groups. Group 2’s average RAMR fell from 2.99 to 2.77 – an improvement of 0.22 percentage points, compared to an improvement of 0.56 percentage points for Group 3, the group with the next smallest improvement. Group 6 (incomes in the $50,000 to $59,999 range) saw the largest improvement, with a decline of 0.97 in its average RAMR. Interestingly, the poorest group, with incomes under $10,000, saw a fairly large improvement, with a decline of 0.83 percentage points in its average RAMR from 2.89 to 2.06. And the richest group, with incomes of $80,000 or more, saw a fairly small improvement, with a decline of 0.59 percentage points from 2.64 to 2.05.

The spread between the minimum (best) rate and the maximum (worst) rate almost doubled between 1988 and 1999. The minimum rate was 2.64 in 1988 while the maximum rate was 3.04, yielding a spread of 0.4. In 1999, the minimum rate was 2.00 and the maximum was 2.77, yielding a spread of 0.77. Note that the change in the proportional spread is even larger, since both minimum and maximum rates were smaller in 1999 than in 1988. This result is important since quality sorting by ability-to-pay is of less practical concern if there is a strong tendency toward quality convergence over time. That does not appear to be the case.

In another interesting pattern, it appears that market share moved towards surgeons with higher mortality rates from 1988 to 1990, and then reversed starting in 1991. The average RAMR for each income group worsened between 1988 and 1990. For example, for group 1, the poorest group, the average mortality rate was 2.9 in 1988, rising to 3.2 in 1990. For group 9, the richest group, the average RAMR worsened from 2.64 in 1988 to 2.96 in 1990. The pattern reversed in 1991, with the RAMR for group 1 falling to 3.09 and the RAMR for group 9 falling to 2.66. The downward trend continued through 1999. This pattern holds for every income group. 

By construction, the mortality rates for the individual surgeons are constant until 1995. Annual means for each income group for the years prior to 1995 were simply the rates from the first report, since they were the only information available. Therefore, the increase in average RAMR for all income groups during the 1988 to 1990 period indicates that market share was moving to the surgeons with higher mortality rates during the early years. Perhaps the state’s reporting program contributed to reversing this trend. The turnaround occurred the year before the state released its first report. However, it is possible the information was being used for regulatory purposes earlier, and that there was some pre-report leakage to the medical community.

Mean mortality rates for patients across different Health Service Areas (HSAs) were also examined. These are geographic regions defined by the Department of Health for administrative and planning purposes. They roughly correspond to the cachement areas for one or more tertiary care hospitals (hospitals providing the most technically sophisticated and complex types of care). The degree of variation in ratings was much greater across regions than across income groups (as defined using the zip code-dependent proxy). The average RAMRs for individual HSAs also showed considerable variability over time, perhaps reflecting the movements of surgeons from one hospital to another. The patterns over time were quite different across HSAs, as well. For example, the average RAMR worsened over the first six years of the data and then dramatically improved in the second six years for HSA 5. The average RAMR improved steadily over the whole 12 years for HSA 3.

Preliminary results II: Regression analysis

The OLS Model: As a first pass at analyzing the data, the mortality rate of the surgeon operating on each patient was regressed against a number of explanatory variables. The model takes the following form:

RAMR = 0 + trend*Trend  + hsa*HSAD + inc*Inc*YD + race*AfAm*YD + ins*InsD*YD

The symbols have the following meanings:

RAMR – the risk adjusted mortality rate of the surgeon who operated on the patient taken from the appropriate state report

Trend – a time indicator running from 0 (1988) through 11 (1999)

HSAD – a set of eight discrete indicator variables indicating eight health service areas, with the New York City area being the excluded category

 
Inc – household income for the patient’s zip code as reported in the 1990 census

YD – a set of 12 discrete indicator variables, each indicating a year from 1988 to 1999. Since these appear only in interaction terms with other variables, there is no excluded category.


AfAm – a discrete indicator variable indicating the patient was African American

InsD – a set of four indicator variables, each indicating a type of insurance coverage: self-pay (usually charity care), Medicare (government program for the elderly), Medicaid (government program for the poor), and commercial health maintenance organization.

My main interest is to see if sorting by ability to pay (as reflected in both income level and type of insurance coverage) increased since the reporting program began. I begin with a working hypothesis that the impact of the reporting program on sorting is likely to be cumulative over time, as the information about surgeon and hospital mortality rates became more broadly disseminated. This dictates the specification of the model. I include a time trend, because I do not want a general trend towards lower mortality rates to obscure any sorting that might be taking place within a given time period. However, I do not interact the time trend with the key explanatory variables (income, the indicators for insurance type, and the indicator for being African American). Instead, I interact the key explanatory variables with separate indicator variables for each year.

I chose this specification because it places fewer constraints on the results. If the explanatory variables were interacted with a time trend, it would constrain the estimated effect for each year to be a sequential multiple of the first year’s effect. That is, if the estimated effect for year 1 was , then the estimated effect for year 2 would have to be 2, and that for year 3 would have to be 3. By interacting the explanatory variables with a series of indicator variables for each year, it is possible for the data to reveal non-linear changes in the effects over time and non-monotonic changes in the effects. 

There is an unavoidable omitted variable bias because we have neither a direct measure nor a proxy for the patient’s education level.

Despite these serious econometric issues, the OLS approach does cast light on the key question posed in the introduction – has the CABG reporting program contributed to increased inequality in the quality distribution of surgeons’ services across income groups and groups with different insurance coverage? The approach establishes how the correlations among surgeon mortality rates and patient ability to pay have changed over time, and thus is a useful first step in exploring the distributional impact of the program.

Results: The results, summarized in Table 2, indicate that sorting by ability to pay has increased during the period since the reporting program began. The adjusted R-squared for the model is 14 percent, perhaps not a disappointing result for a model of a choice behavior in which random factors might be expected to play a large role, especially in the years before the reporting program began. The time trend indicates a four-tenths of a percentage point improvement each decade.

Figure 1 shows how the estimated effects of median income of residence zip code change over time. Through 1991, with the exception of 1988, there is weak evidence that reverse sorting is taking place. The estimated coefficients on the interactions of the indicator variables for each year with income are positive, indicating that living in a higher income zip code tends to be associated with using a surgeon reported by the state to have a high mortality rate. However, with the exception of 1990, the coefficients are not significant at conventional levels. The direction of sorting reverses in 1992, as the coefficients become negative, indicating that living in a higher income zip code now tends to be associated with using a surgeon with a lower reported mortality rate. 

While the trend is not perfectly monotonic, the influence of income tends to increase with the passage of time. Income is clearly a more significant predictor of RAMR after the state released its first report than before, with p-values < .0001 for the entire second six years of the data set. 

One way to grasp the intuitive meaning of the coefficients on the income interactions in the later years is to compare them to the coefficient on the time trend. A $10,000 increase in the median income of the patient’s residence zip code is estimated to have a modestly larger effect on surgeon mortality rate than the passage of a year – a $100,000 increase is estimated to have a somewhat larger impact than the passage of a decade. In other words, those who live in wealthy neighborhoods, on average, enjoy a quality of care years in advance of that afforded those who live in poor neighborhoods.

The coefficients on the interactions of the indicator variables for each year with the indicator variable for coverage by Medicaid, the government insurance program for the poor, also suggest reverse sorting is taking place through 1991, though the reverse sorting becomes less pronounced over the period. (See Figure 2.) The magnitude of the estimated negative relationship between Medicaid coverage and surgeon mortality rate falls monotonically from 1988 to 1991 while the p-levels show the effect becoming monotonically less significant. The relationship shifts to a positive one in 1992, as sorting in the expected direction emerges and continues through 1999. Again, the trend is not perfectly monotonic, but Medicaid coverage is clearly a more significant predictor of RAMR after the reporting program began than before. 

In every year except 1995, being African American is predictive of seeing a surgeon with a worse mortality rate. The size of the coefficients on the interaction terms and the significance levels bounce around with no obvious pattern over time, although they are relatively large and highly significant in 1998 and 1999, the last two years of the data. (See Figure 3.) Two hypotheses come to mind to explain this influence of race, even after controlling for income and type of insurance coverage. The first is that conscious or unconscious racism may play a role, perhaps through the mechanism of cardiologist referrals. The second is that race may serve as a proxy for education level, a potentially important explanatory factor that is not available in the SPARCS data.

The effects of being a self-pay patient on surgeon quality are less clear-cut, though in general, the coefficients on the interaction terms are positive. That is, being a self-pay patient is usually predictive of seeing a surgeon with a high mortality rate.

HMO coverage also shows a highly nonmonotonic effect on surgeon quality over time. It is a significant predictor of seeing a surgeon with a lower mortality rate through 1992, though the effect is becoming steadily smaller over that period. It emerges as a highly significant predictor of seeing a surgeon with a higher mortality rate in 1995, 1996, and 1997. Then it is weakly predictive of seeing a surgeon with a lower mortality rate in 1998 and 1999.10
Conclusions

Sorting of surgeon quality by ability to pay – whether indicated by zip code residence median income or by type of insurance coverage – appears to have increased since New York began its CABG reporting program, supporting the hypothesis that the policy intervention has facilitated sorting. The small gain in average mortality rate for income group 2, with median income in the $10,000 to $19,999 range, causes concern that the working poor may not be sharing in the benefits of the reporting program.

On the other hand, the emergence of sorting following the release of the first report, and the existence of reverse sorting prior to the release of the first report, provide indirect evidence that consumers were poorly informed about surgeon quality prior to the reporting program. This view finds further corroboration in the fact that market share appears to have been shifting to lower quality surgeons in the years prior to the release of the first report.

Directions for further research

Future work will include analysis of sorting with respect to secondary insurance coverage. In particular, since the great majority of those undergoing bypass operations are over 65, the great majority of patients have Medicare coverage. The presence or absence of supplemental insurance – either private Medigap coverage or supplemental coverage through Medicaid – may thus prove a more important indicator of patient ability-to-pay for the operation than does primary insurance coverage. This might provide an explanation for the relatively large improvement in the average performance of surgeons treating the poorest patients. 

There are a number of additional steps necessary to refine data.

The first and most important step is to include in the analysis patients who used low-volume surgeons. (See appendix.)

Another data refinement is to apply an adjustment for geographical variations in the cost of living to the income variable.

Finally, it is probably incorrect to treat my OLS errors as homoskedastic. Instead, it is likely that surgeon-specific effects are expressed in the error terms. (For example, one surgeon with a high mortality rate may nevertheless have a high-income clientele because he attended a prestigious medical school or possesses an impressive “bedside manner.” Another surgeon with a low mortality rate may nevertheless have a low-income clientele because he has strong altruistic motivations to care for the poor.) 

I am very open to suggestions for a more sophisticated and sensitive econometric modeling approach.

Notes

1I use “highly significant” in the standard statistical sense that we have 95 percent confidence that the effect is different from zero. In fact, in most years, the p-values are less than .0001 – i.e. we have better than 99.99 percent confidence that the effect is different from zero.

2Contract theory provides a more formal basis for establishing the circumstances (restrictions on the utility functions) under which consumer behavior will perfectly reveal income "type" when consumers are presented with a range of quality-price "bundles" among which to choose. (An insurance policy quality-premium level choice could represent one such bundle, for example.) See, for example, Salanie (1997), chapter 2. Fernandez (    ), describes a number of adaptations of this basic theoretical approach to income sorting in the intertwined choices of residence, taxation levels, and public education quality.

3There has been a recent flurry of highly-publicized report cards on health care providers. The federal Centers for Medicare and Medicaid Services (CMS) released report cards on nursing home quality, accompanied by full-page advertisements in major daily newspapers. In New York, the private Alliance for Quality Health Care, a coalition of business groups and consumer advocates, just released well-publicized report cards on the state's hospitals.

4 According to E. L. Hannan, one of the originators of New York’s CABG reporting program, the decision to focus on in-hospital mortality was taken because it was viewed as a better indicator of the skill of the surgeon and the hospital’s surgical team than longer-term mortality. Longer-term outcomes were thought to reveal more about the appropriateness of the treatment for the patient’s specific condition. (Personal email communication to the author.) This is interesting in light of the contentions by Dranove and co-authors that the rating reports for CABG mortality have driven treatment choices in a fashion that has resulted in increased adverse outcomes for heart attack patients. 

5The Department of Health models the probability of in-hospital mortality following a CABG procedure based on information about approximately 200 risk factors – including age, gender, a variety of measures of heart function, severity of the atherosclerotic process, and secondary conditions such as renal failure. In introductory remarks to the mortality reports, the department explains, “The risk-adjusted mortality rate (RAMR) is the best estimate, based on the statistical model, of what the provider’s mortality rate would have been if the provider had a mix of patients identical to the statewide mix.”

6 The fact that Northern New England shows improvements comparable to those in New York suggests that regulatory attention to low performers may be more important than market incentives in causing improved outcomes. On the other hand, if mortality rates become known among the referring cardiologist community, market incentives may still play an important role in Northern New England even though the rates are not released to the general public.

7Dranove et al. point out that selection behavior is possible even in the presence of accurate risk adjustment for two reasons. First, surgeons, whatever their skill level, may choose to avoid patients with more variable expected otcomes if the surgeons are risk averse. Second, less skilled surgeons may avoid more complex cases because they know that the risk for these patients will be higher if they (the less skilled surgeons) perform the surgery than is true on average. This second type of selection behavior is desirable from the standpoint of patient outcomes, of course, but it does raise questions about what, exactly, the mortality rates measure.

8Physician license numbers have always been part of the hospital discharge data collected by the state Department of Health. However, this information was deemed confidential in the past and generally not available to researchers. The license numbers became “administratively releasable,” to use the department’s phrase, after a successful Freedom of Information Act suit brought by the Long Island daily newspaper Newsday.

9In constructing the rates, the Department of Health uses only “isolated CABGs,” excluding patients who have another significant heart procedure, such as a transplant or repair of a tear in the aorta. In general, I believe that when such an additional procedure has been performed, it, rather than the CABG, will show up as the principal procedure in the data – the CABG will show up as “other procedure.” So my data set will have excluded most such patients. 

I will add that it is not clear that the economic impact of the reporting program will be confined to patients undergoing the type of procedure on which the rates are based. In fact, I became interested in this program because my family used the rates to choose a surgeon to perform a valve replacement operation on my father. Valve replacement operations are not included when the Department of Health devises the ratings.

10Perhaps there is a story to be told here tying these results to the strategies adopted by HMOs breaking in to new markets in the early part of the decade, and fighting to negotiate discounted fees in the middle part of the decade. 
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	Income Group
	1988

mortality rate
	1999

mortality rate
	Improvement

	Under $10,000
	2.89
	2.06
	.83

	$10 – 19,999
	2.99
	2.77
	.22

	$20 – 29,999
	2.9
	2.34
	.56

	$30 – 39,999
	3.04
	2.32
	.72

	$40 – 49,999
	2.93
	2.19
	.74

	$50 – 59,999
	3.01
	2.04
	.97

	$60 – 69,999
	2.79
	2.00
	.79

	$70 – 79,999
	2.85
	2.01
	.84

	$80 – 89,999
	2.64
	2.05
	.59


In 1988: minimum = 2.64, maximum = 3.04, spread = .4 (14%)

In 1999: minimum = 2.00, maximum = 2.77, spread = .77 (32%)

Table 1: Average risk-adjusted mortality rates by income group

	Year
	Income1
	Incerror2
	AfAm
	AfAmerror

	88
	-0.00666
	0.00540
	0.06364
	0.07386

	89
	0.00536
	0.00504
	0.17794**
	0.06843

	90
	0.02175***
	0.00495
	0.08213
	0.06517

	91
	0.00056
	0.00434
	0.15994**
	0.06019

	92
	-0.01649***
	0.00439
	0.14644**
	0.05727

	93
	-0.00116
	0.00405
	0.18780***
	0.05406

	94
	-0.01563***
	0.00382
	0.16872***
	0.04784

	95
	-0.06191***
	0.00392
	-0.03937
	0.04748

	96
	-0.04524***
	0.00402
	0.05008
	0.04420

	97
	-0.04406***
	0.00430
	0.06384
	0.04809

	98
	-0.05368***
	0.00439
	0.45461***
	0.03993

	99
	-0.05653***
	0.00466
	0.33648***
	0.04428


Table 2: Coefficients on interactions between year

  and income and between year and African American

1Income was measured in units of $10,000 

2Standard errors

*significant at 5 percent confidence level, 

**significant at 1 percent confidence level,

***significant at 0.1 percent confidence level

	Year
	CommHMO
	HMOerror1
	Selfpay
	selferror
	Medicare
	Mcareerror
	Medicaid
	Mcaiderror

	88
	-0.41112***
	0.05275
	-0.06683
	0.08508
	-0.03007
	0.02279
	-0.20595**
	0.07453

	89
	-0.36050***
	0.04952
	0.16525
	0.09455
	-0.02830
	0.02184
	-0.16246*
	0.06987

	90
	-0.34076***
	0.04469
	0.15535
	0.09371
	-0.00691
	0.02173
	-0.08541
	0.06265

	91
	-0.15932***
	0.03978
	0.04826
	0.07859
	0.03087
	0.01947
	-0.01471
	0.05415

	92
	-0.10279**
	0.03827
	0.24085**
	0.08521
	0.02887
	0.01958
	0.13666**
	0.04821

	93
	-0.04647
	0.03560
	-0.08154
	0.07382
	0.02245
	0.01861
	0.11878**
	0.04696

	94
	0.01981
	0.03112
	0.06724
	0.05565
	-0.01529
	0.01726
	0.25781***
	0.04082

	95
	0.13278***
	0.02879
	0.27303***
	0.05416
	0.04395**
	0.01735
	0.13222***
	0.03917

	96
	0.15632***
	0.02716
	0.21233***
	0.04786
	0.04881
	0.01767
	0.18047***
	0.04094

	97
	0.17296***
	0.02640
	0.14936
	0.08237
	0.07876***
	0.01865
	0.08739*
	0.04244

	98
	-0.02847
	0.02480
	0.51266***
	0.07320
	-0.06037***
	0.01877
	0.18968***
	0.03542

	99
	-0.03950
	0.02561
	0.03450
	0.07678
	-0.08462***
	0.01956
	0.21323***
	0.03819


Table 3: Coefficients on interactions between year and type of insurance coverage

1Standard errors
*significant at 5 percent confidence level,

 **significant at 1 percent confidence level,

***significant at 0.1 percent confidence level
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Figure 1: The changing impact of income on mortality over time
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Figure 2: The changing impact of Medicaid on mortality over time
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Figure 3: The changing impact of race on mortality over time
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Appendix 2: Constructing mortality rates for low volume surgeons

Until 1997, the state did not report mortality rates for surgeons who performed fewer than 200 surgeries during the three-year period covered by the mortality report. However, the criteria for inclusion have changed over time. With the 1995-1997 report, which was released in 1998, the state narrowed its exclusions, exempting from its ratings only surgeons who both had performed fewer than 200 surgeries, and who had not performed any surgeries in one of the three years covered in the report. Thus, for example, a surgeon who performed 20 surgeries in each of the three years would be excluded from the first and second reports but included in the third report. A surgeon who performed 30 surgeries in each of two years, but none in the third year, would be excluded from all three reports.

The Department of Health has changed the way in which it reports mortality rates somewhat over time, as well. In all three reports, the mortality rates are three-year averages. In the first report, the DOH lists rates only for surgeons who performed more than 200 surgeries at a particular hospital. In the latter two reports, the DOH reports the rates of high volume surgeons separately for each hospital – even when the surgeon performed fewer than 200 surgeries at a particular hospital. 

All three reports list an “all others” rate which is the average rate (weighted by number of cases) for unlisted surgeons at each hospital. In the first and second reports, this “all others” category includes both high and low volume surgeons who performed fewer than 200 procedures at that specific hospital. However, for the second report, the “all others” rate can be decomposed into a “high volume all others” rate and a “low volume all others” rate using the separate information on hospital-specific mortality rates for high volume surgeons. This information is not available in the first report. In the third report, the all others category includes only low volume surgeons who performed fewer than 200 procedures in total and who performed no surgeries during at least one of the years covered by the report.

It is well established that low volume surgeons perform more poorly, on average, than high volume surgeons. (Hannan et al., 1989 and 1995.) A calculation of the average (weighted by number of cases) “all other low volume” and “all other high volume” surgeon rating in the 1992-1994 report confirms this view. For the “high volume all others,” representing 2,152 cases, the average risk adjusted mortality rate (RAMR) was 2.75. For the “low volume all others,” representing 5,202 cases, the average RAMR was 4.34. A T-test rejects the hypothesis that the mortality rates were the same for high and low volume surgeons performing fewer than 200 procedures at a specific hospital at the 99 percent confidence level. 

The substantial difference between these two rates, coupled with the substantial number of surgeries that fall into these two categories, justifies future efforts to procure the data necessary to decompose the “all others” rate in the first report. This would allow me to use the appropriate, hospital-specific “all others” rate for low volume surgeons. My results may change if I am able to add this information to the analysis.
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