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Mortality differences between university, non-teaching public and for-profit hospitals are investigated using an exhaustive French administrative dataset of patients admitted for heart attack. Our results show that innovative procedures play a key role in explaining the effect of ownership status on hospital quality. When age, sex, diagnoses and co-morbidities are held constant, the mortality rates in for-profit and university hospitals are similar, but they are lower than in non-teaching public hospitals. When additionally controlling for innovative procedures, the mortality rate is higher in for-profit hospitals than in the two groups of public hospitals. This suggests that the quality of care in for-profit hospitals relies on their capacity to perform innovative procedures. A counterfactual exercise shows that if patients in non-teaching public hospitals were treated with innovative procedures following the assignment rule of for-profit hospitals rather than that of non-teaching public hospitals, their probability of death after a duration of 7 days would be 1.8 points lower.

I. Introduction

In many countries, there is debate among politicians and scholars about the extent to which hospital ownership status influences hospital performance. An extensive literature has developed in the US to compare the performance of for-profit and not-for-profit hospitals (Sloan, 2000; Kessler and McClellan, 2001). In parallel, other research has focused on the diffusion of new efficient technologies which have spread since the 1990s and improved hospital outcomes (Cutler and McClellan, 1996; Heidenreich and McClellan, 2001; Ho, 2002; Bradley et al., 2005; Skinner and Staiger, 2009). Our paper shows the important role of innovative procedures in explaining the effect of ownership status on hospital quality. European countries usually have a mix of public hospitals that are required to treat all patients, and of for-profit hospitals which select their patients. Public hospitals have a limited global budget funded by the government, and the total cost of disposable medical supplies is charged to this budget. Because of their research and teaching activities, university hospitals have a larger budget than non-teaching public hospitals, so they can perform more innovative procedures. By contrast, for-profit hospitals are most often considered to be profit-maximizing entities and each unit of disposable medical supply used for a procedure is fully reimbursed. In France, for-profit hospitals have no research or teaching activities.

In this paper, we address the issue of whether patients are treated better in for-profit hospitals than in public hospitals, and whether this is driven to some extent by differences in the use of innovative procedures as the funding system varies across hospital ownership statuses. More precisely, we study the in-hospital mortality differences between French public and for-profit hospitals for patients admitted for a heart attack. 4 In contrast with other studies, we distinguish university hospitals from non-teaching public hospitals, as they have different health practices and different budgets. We assess to what extent mortality differences can be explained by differences in case-mix and use of innovative procedures. Our empirical strategy relies on the estimation of a very flexible duration model with hospital-specific baseline hazards on a French exhaustive administrative dataset. Once this model is estimated, we use an original approach to build counterfactuals of mortality rates in non-teaching public hospitals when patients receive treatment according to the assignment rules of for-profit hospitals. In particular, our approach takes into account the observable characteristics of patients when assigning treatment to patients.

The literature is plagued with two types of selection issues. First, the type of insurance can vary across patients, as is the case in the US. There is a selection effect if patients with better insurance coverage are admitted to a specific type of hospital. To overcome this problem, authors focus on patients with the same insurance (McClellan and Staiger, 2000), or study countries where there is universal coverage, such as Taiwan (Lien, Chou and Liu, 2008). In France, there is universal coverage as a single payer reimburses costs at a flat rate for all patients.

A selection bias also appears when patients with the lowest chances of survival due to comorbidities and secondary diagnoses tend to be admitted to or transferred from a specific type of hospital. In France, for-profit hospitals may refuse the sickest patients to maximize their profit (as in-hospital deaths are costly and a hospital's reputation depends on its success statistics), whereas public hospitals are required to provide them with care. Non-teaching public hospitals may transfer the sickest patients because they do not have the equipment needed to treat them. We limit this bias in our study by controlling for a wide range of secondary diagnoses and propose suggestive robustness checks which show that our qualitative conclusions are not altered by a possible selection on remaining unobservables.

Our results show that when age, sex, diagnoses and comorbidities are held constant, the mortality rates in for-profit and university hospitals are similar, but they are lower than in non-teaching public hospitals. When additionally controlling for innovative procedures, the mortality rate is higher in for-profit hospitals than in the two groups of public hospitals. This suggests that the quality of care in for-profit hospitals relies on the capacity to perform innovative procedures. Our counterfactual exercise shows that if patients in non-teaching public hospitals were treated with innovative procedures (catheters, possibly with angioplasties and stents) following the assignment rule of for-profit hospitals rather than that of non-teaching public hospitals, their probability of death after a duration of 7 days would be 1.8 points lower.

The structure of the paper is as follows. Section 2 presents our exhaustive administrative dataset on patients' stays. Section 3 develops the empirical strategy used to compute the probability of death by ownership status, net of case-mix and innovative procedures. While section 4 presents the results, section 5 discusses the existence of unobserved patient heterogeneity as well as possible biases induced in the estimations. Section 6 gives the results of our counterfactual exercise and section 7 provides our conclusions.

II. Data

We use the exhaustive data on stays in French hospitals provided by the "Programme de Médicalisation des Systèmes d'Information" over the 1998-2003 period. We select patients aged over 35 admitted for heart attack (i.e., acute myocardial infarction: AMI) to a university hospital, a non-teaching public hospital or a for-profit hospital.

We know the duration of stay and the type of entry: whether patients came from home or were transferred from another service or hospital. As we do not have any details on previous hospitalization for transferred patients, we focus on patients coming from home, who constitute 81.6% of the original sample. 5 We end up with a sample of 325,760 patients in 1,020 hospitals, among whom 21.0% are in for-profit hospitals, 28.5% are in university hospitals and 50.6% are in non-teaching public hospitals. We also know the type of exit: death (8%), home return (59%), transfer to another service (2%), to another acute care hospital (24%) or to another type of hospital (7%).

As we cannot follow patients when they are discharged, we study patients during their stay within the hospital. We focus on exits to death and treat all other exits as right-censored.

We have information on the age and sex of patients, as well as detailed information on comorbidities (i.e., pre-existing conditions), secondary diagnoses and treatment procedures.

Detailed comorbidities and diagnoses are related to the way of life (smoking, alcoholism, obesity, hypertension), chronic health problems (diabetes, conduction diseases, history of coronary disease), disease complications (renal failure, heart failure), and site of heart attack (anterior, posterior, sub-endocardial, other).

Treatments include bypass surgery, which is a traditional procedure, and catheter, angioplasty and stent, which are more recent. All these procedures are designed to unblock the clogged section of the vein or artery that caused the heart attack. A bypass surgery reroute involves grafting a vein or artery taken from elsewhere in the body to bypass the blockage. A catheter is a thin tube inserted into a vein to facilitate injections and drips. Angioplasty consists of inflating a balloon catheter to crush a blockage and open up the blood vessel for improved flow. The stent is a spring-shaped prosthesis used alongside angioplasty to keep the artery dilated. This was the most innovative procedure in use during our period of study, and its use has increased over time.

For each hospital, we compute a non-parametric estimator of the survival function (the Kaplan-Meier estimator) for exit to death, while other types of exits are treated as censored. The probability of death is constructed for each hospital as one minus the survival function. It is then averaged by ownership status, weighted by the number of patients admitted to the hospital.

Figure 1 shows the probability of death as a function of duration (in days) by ownership status. This probability is similar for for-profit and university hospitals, but is significantly higher for non-teaching public hospitals. 6 For instance, the probability of death after 5 days is 4.2% for forprofit hospitals, 4.4% for university hospitals and 6.6% for non-teaching public hospitals, as shown in Table 1.

Descriptive statistics reported in Table 2 show that despite these disparities, the average duration before death is similar for for-profit and non-teaching public hospitals at 6.6 days. This contrasts with differences in the average duration before death for other types of exits across hospital statuses. Whereas transfer rates are very similar for for-profit and university hospitals, nonteaching public hospitals have a higher rate of transfers to other acute care hospitals, probably because they are less able to treat patients needing surgery. The average duration before this type of transfer is the shortest for non-teaching public hospitals at around 6.1 days, and is a bit longer for for-profit hospitals (6.5 days) and university hospitals (7.0 days). There are more disparities in the average duration before home return, as it reaches 9.5 days for non-teaching public hospitals but only 7.7 days and 7.4 days for university and for-profit hospitals, respectively. These disparities could be due not only to differences in healthcare, but also to the strategic behaviours of hospitals in the for-profit sector, which may try to avoid death in hospital by sending some patients back home quickly or may want to increase their turnover in order to increase profits. Indeed, patients occupying a bed without receiving any additional surgical procedure are not profitable.

[ Insert Figure 1 ] [ Insert Table 1 ] 6 We also conducted log rank tests to assess whether the profiles of probabilities of death are significantly different over the first 30 days of stay. As expected from the Figures, we find that probabilities of death are significantly different at the 1% level when comparing non-teaching hospitals with for-profit hospitals (statistic value: 21.6), as well as when comparing non-teaching hospitals with university hospitals (statistic value: 24.4). The equality cannot be rejected even at the 10% level when comparing university and for-profit hospitals (statistic value: 0.06).

Table 2 also presents descriptive statistics by ownership status on demographic characteristics (full interactions between sex and age brackets), comorbidities, secondary diagnoses and procedures. In particular, for-profit and university hospitals both treat a smaller proportion of patients above age 80 than non-teaching public hospitals; they use more than twice as many catheters as non-teaching public hospitals (70% vs. 28%); and treatments with stents are more than three times more frequent (40% and 36% vs. 11%).

We now propose an approach to assess whether the in-hospital mortality differences between forprofit, university and non-teaching public hospitals can be explained by differences in patients' characteristics and treatment procedures.

III. Empirical strategy

We present in this section the econometric approach used to compute the probability of death net of the effects of case mix and innovative procedures by ownership status. We also explain how counterfactuals can be derived.

Model and estimation approach

The empirical strategy is as follows. Let i index the patient and ) (i j the hospital where patient i is admitted. We specify the latent duration before death as a Cox model stratified by hospital. The hazard rate is given by:

( ) ( ) ( ) ( ) ( ) β λ λ i i j i X t i j X t exp , =
where i X includes the patient's characteristics (age, sex, comorbidities and secondary diagnoses)

and the procedures, and 𝑗(𝑖) is the hospital in which individual 𝑖 is admitted. The vector of coefficients β captures their effect on mortality, and ( )

t j λ
is the hazard rate specific to hospital j , which is left completely unspecified. This allows considerable flexibility in the way hospitals may differ, in particular across ownership status. This specification is quite general, as it allows for hospital shocks that possibly correlate with patient variables that enter the hospital-specific baseline hazards. Biases in estimated coefficients and standard errors due to hospital shocks are thus avoided, whereas this is not the case for the standard Cox model.

Exits other than death, that is to say transfers and home returns, are treated as exogenous censorship. In particular, this assumption is verified only if there is no unobserved heterogeneity affecting both exit to death and other exits. We discuss this assumption and provide robustness checks in Section V.

The parameters of patient variables are estimated by Stratified Partial Likelihood (Ridder and Tunali, 1999; Gobillon, Magnac and Selod, 2011). Denote by Ω 𝑗 (𝑡) the set of patients at risk of dying in hospital 𝑗 after duration 𝑡. The probability of patient 𝑖 dying at duration 𝑡 conditionally on someone in his hospital dying at that duration is given by:

ℒ 𝑖 (𝑡) = ( ) β i X exp ∑ exp(𝑋 𝑛 𝛽) 𝑛∈ Ω 𝑗(𝑖) (𝑡)
Conditioning on the population at risk in the hospital (instead of the whole population at risk, as would be the case for the standard Cox model) cancels out the hospital-specific baseline hazard.

As a consequence, there is no need for specifying the functional form of the hospital-specific baseline hazard. The stratified likelihood function is then given by the product of the probabilities for all the patients. Its maximization yields some estimates for the coefficients of patient variables denoted by 𝛽 ̂.

We run a specification test of the proportional hazard model using the now standard approach proposed by Grambsch and Therneau (see for instance Lawless, 2003, for details). For each explanatory variable, residuals called Schoenfeldt residuals can be defined. In the case that the model is a Cox proportional hazard model, these residuals should not be correlated with duration at exit to death (for individuals for whom this exit is observed). We also perform a Hausman test to assess whether a stratified Cox model is needed instead of a standard Cox model with dummies for hospital statuses. This test can be conducted using estimated coefficients of patient variables (those for hospital status being excluded), because under the null assumption that the standard Cox model is verified by the data, estimators of coefficients obtained with non-stratified partial likelihood are consistent and efficient; those obtained with stratified partial likelihood are consistent. Under the alternative assumption that there is some unobserved hospital heterogeneity, estimators of coefficients obtained with non-stratified partial likelihood are not consistent; but those obtained by stratified partial likelihood still are.

In a second step, it is possible to estimate the integrated baseline hazard of a given hospital 𝑗,

given by
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using the Breslow (1974)'s estimator:
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is the number of patients in the risk set 𝛺 𝑗 (𝑠), and
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is a dummy equal to one if any patient in hospital 𝑗 dies in an arbitrarily short period of time before duration 𝑠, and zero otherwise. The asymptotic covariance matrix of the vector
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where 𝐽 is the number of hospitals and 𝑇 is the maximum number of days considered in the study, can be computed following Ridder and Tunali (1999), as shown in Appendix A.

The probability of death within duration t after admission to hospital 𝑗 for a patient with the average effect of individual variables is given by:

𝑃 � 𝑗 (𝑡) = exp�-𝛬 𝑗 (𝑡)𝑒𝑥𝑝(𝑋𝛽) ����������� �
where 𝑒𝑥𝑝(𝑋𝛽) ����������� is the average of the effects of individual variables 𝑒𝑥𝑝(𝑋𝛽), computed using the overall population of patients. 7 An estimator of this probability of death is obtained by replacing 𝛽 and 𝛬 𝑗 (𝑡) with their estimators. In fact, we are rather interested in the probability of death within any given duration t for an average patient admitted to a hospital with given status 𝑘, which can be for-profit, university or non-teaching. The theoretical expression for this probability of death is 𝑃 � 𝑘 (𝑡) = 𝐸�𝑃 � 𝑗(𝑖) (𝑡)|𝑗(𝑖) ∈ 𝑘�, where the expectation is computed conditionally on being admitted to a hospital of status 𝑘. Consider the case where the average patient has probabilities of being admitted to hospitals that are simply given by the distribution of patients across hospitals. The empirical counterpart of the probability of death is then the average estimated probability of death computed across hospitals with the right status, weighted by the number of patients admitted to these hospitals:

𝑃 � �𝑘 (𝑡) = 1 𝑁 𝑘 ∑ 𝑗∈𝑘 𝑁 𝑗 𝑃 � � 𝑗 (𝑡)
where 𝑁 𝑗 is the number of patients in hospital 𝑗 and 𝑁 𝑘 is the number of patients in hospitals of 7 Considering a patient with the average effect of individual characteristics is just a descriptive device for computing a probability of death whose level makes sense. Real counterfactuals are computed in Section VI.

status k. The confidence interval of this estimated probability can be computed from its asymptotic variance, which can be obtained using the delta method. Indeed, 𝑃 � �𝑘 (𝑡) can be expressed as a function of the vector �𝑃 � � 1 (𝑡), … , 𝑃 � � 𝐽 (𝑡)�′, which is itself a function of Λ ˆ, whose asymptotic covariance matrices can be computed. 8 An estimator of the standard error is obtained taking the square root of the asymptotic variance and is denoted 𝜎 � 𝑘 (𝑡). As the vector of integrated hazards of hospitals Λ ˆ is asymptotically normal, this is also true for the estimated probability of death in a hospital of status 𝑘, and the confidence interval of this estimated probability can be approximated with �𝑃 � �𝑘 (𝑡) -1.96 𝜎 � 𝑘 (𝑡), 𝑃 � �𝑘 (𝑡) + 1.96 𝜎 � 𝑘 (𝑡)�. Alternatively, the confidence interval can also be bootstrapped.

We compare the probability of death across status when introducing different sets of patient variables (individual characteristics and/or treatment procedures). This approach allows us to compare the probabilities of death net of the effects of case-mix and innovative procedures between the three types of hospitals across durations.

Construction of counterfactuals

To quantify the disadvantage of non-teaching public hospitals in treating patients with innovative procedures compared to for-profit hospitals, we propose a counterfactual exercise. More precisely, we quantify the difference in probability of death for patients admitted to non-teaching public hospitals if they receive innovative treatment (catheter, possibly with angioplasty and stent) according to the assignment rule of for-profit hospitals rather than that of non-teaching public hospitals. Note that we do not compare the actual probability of death of patients in nonteaching public hospitals with the counterfactual probability of death derived from the treatment assignment rule of for-profit hospitals, as the selection of patients over time depends on their characteristics (due to transfers and home returns). This influences the actual probability of death.

By contrast, the counterfactual probabilities of death obtained when assigning treatment 8 In fact, 𝑒𝑥𝑝 � β X � �������������� is an estimator with a sampling error which should be taken into account in the computation of the variance of 𝑃 � �𝑘 (𝑡). This is hard to do, and we therefore considered that the corresponding sampling error is negligible. This amounts to saying that 𝑒𝑥𝑝 � β X � �������������� is simply a scaling factor used for normalizing the probability of death.

alternatively with the rules of for-profit and non-teaching public hospitals are computed while holding the composition of patients constant across the days of stay.

More formally, the probability of death within 𝑡 days for patient 𝑖 with characteristics 𝑋 𝑖 treated in a hospital 𝑗(𝑖) is given by:

𝑃(𝑡|𝑋 𝑖 )= 1 -exp�-Λ 𝑗(𝑖) (𝑡)exp(𝑋 𝑖 𝛽)�
We want to construct the average of this probability for patients admitted to non-teaching public hospitals if they were treated using the assignment rule of for-profit hospitals or non-teaching public hospitals, while holding the composition of patients constant across the days of stay. The counterfactual treatment will depend on patient characteristics. We divide the set of explanatory variables 𝑋 𝑖 into a subset containing age-and-sex dummies, secondary diagnoses and comorbidity dummies, as well as the bypass dummy, denoted by 𝑋 𝑖1 , and a dummy for catheter (possibly with angioplasty and stent), denoted by 𝑋 𝑖2 .

The counterfactual probability of death for patients admitted to non-teaching public hospitals (whose type is denoted by 𝑛𝑡) if they were treated using the assignment rule of a given hospital status ℓ (for-profit denoted fp or non-teaching public nt) is given by:

𝑃 � ℓ (𝑡) = 1 𝑁 𝑛𝑡 � 𝐸 𝑋 𝑖2 ℓ �𝑃(𝑡|𝑋 𝑖 )|𝑋 𝑖 = �𝑋 𝑖1 , 𝑋 𝑖2 ℓ �� 𝑖|𝑗(𝑖)∈𝑛𝑡
where 𝑁 𝑛𝑡 is the number of patients in non-teaching public hospitals, the sum is computed over all individuals whose hospital is of status 𝑛𝑡, and 𝑋 𝑖2 ℓ the random variable corresponding to treatment when using the assignment rule of hospitals of type ℓ. This assignment rule can depend on the first subset of explanatory variables 𝑋 𝑖1 considered to be exogenous. The probability of death can be rewritten as:

𝑃 � ℓ (𝑡) = 1 𝑁 𝑛𝑡 � � 𝑃�𝑋 𝑖2 ℓ = 𝑘�𝑋 𝑖1 �𝑃�𝑡|𝑋 𝑖 = (𝑋 𝑖1 , 𝑘)� 𝑘∈{0,1} 𝑖|𝑗(𝑖)∈𝑛𝑡
The right-hand side probabilities need to be evaluated. The probabilities 𝑃�𝑡|𝑋 𝑖 = (𝑋 𝑖1 , 𝑘)� can be directly computed from their expression after replacing terms Λ 𝑗 (𝑡) and 𝛽 with their estimators. We model 𝑃�𝑋 𝑖2 ℓ = 1�𝑋 𝑖1 � as a Probit whose parameters are estimated in the subsample of patients admitted to hospitals of type ℓ.9 These parameters are used to compute 𝑃�𝑋 𝑖2 ℓ = 𝑘�𝑋 𝑖1 � for patients admitted to non-teaching public hospitals. The confidence intervals of the counterfactual average probabilities of death using alternatively the treatment assignment rules of for-profit and non-teaching public hospitals, as well as their differences, are computed using bootstrap. The propensity to die is nearly constant across time. Comorbidities and secondary diagnoses have a negative or positive effect on in-hospital mortality. The negative effect is a little surprising, but patients with detected pathologies may be better monitored and thus better treated than other patients. Finally, the infarction site given by secondary diagnoses is an important determinant of the propensity to die.

IV. Estimation results

In column (2), we add a dummy for catheter (possibly used jointly with an angioplasty or a stent). 10 It has the expected negative effect on mortality. Finally, in column (3), we replace the dummy for catheter with dummies for detailed procedures (catheter only, angioplasty with catheter, stent with angioplasty and catheter). All the procedures have the expected negative effect on mortality. Note that the estimated coefficient of stent is lower in absolute terms than the estimated coefficient of catheter, whereas patients treated with a stent also have a catheter and their care is more costly for the hospital. In fact, surgeons treating patients use a catheter first and then add stents if they consider them necessary, because the patient is at risk from severely damaged arteries or veins. Nevertheless, we do not expect any sorting of patients across ownership status based on this risk, because this risk can be evaluated only when the surgical procedure to insert a catheter is performed.

[ Insert Table 3 ]

We now investigate the differences in probability of death between for-profit, university and nonteaching public hospitals when controlling for the different subsets of individual variables. 11

Figure 2 represents the probability of death as a function of duration by type of hospital when controlling only for age, sex, comorbidities and secondary diagnoses in the first step (see also the values reported in Table 1). 12 The probabilities of death in the different types of hospitals are much closer than those obtained on raw data (which are reported in Figure 1). 13 During the first ten days, the period during which innovative procedures are performed, the probabilities of death in for-profit and university hospitals are lower than the probability of death in non-teaching public hospitals. University and for-profit hospitals have similar probabilities of death. After ten days, the probability of death in university hospitals is lower than that in for-profit hospitals.14 substantial difference of 3.9 points in one-year survival between the highest and lowest quintiles of US hospitals ranked according to their rate of innovation diffusion across time (Skinner and Staiger, 2009). Here, catheters have an impact of 4.3 points on the mortality difference between for-profit and non-teaching public hospitals at 15 days, which is also large.

The change induced by the introduction of catheter can be explained by the more intensive use of catheters in university and for-profit hospitals and by the fact that the negative effect of catheters on mortality is now netted out. Interestingly, there is now a gap between for-profit and university hospitals even though their catheter use is similar. Differences in mortality rate across ownership status may be due to differences in healthcare organization. In particular, a for-profit hospital admitted on average 38 patients over the 1998-2003 period. The corresponding figure is nearly two times larger for a non-teaching public hospital, with an average of 72 patients, and around ten times larger for university hospitals, with an average of 362 patients.

[ Insert Figure 3 ]

Our results are confirmed by Figure 4, which represents the probabilities of death obtained when replacing the catheter with some dummies for detailed procedures (see also the values reported in Table 1). 15 We see that the curves remain unchanged. Overall, our results suggest that the quality of care in for-profit hospitals relies much on their capacity to perform innovative procedures.

When neutralizing the effects of case-mix and innovative treatments on mortality, it is found that mortality is lower in public hospitals than in for-profit hospitals.

[ Insert Figure 4 ] 15 The results of the test using Schoenfeldt residuals suggest that the model is approximately a proportional hazard model. When considering alternatively every explanatory variable, the correlation between the Schoendeldt residual and time is always lower than 0.1, and lower than 0.05 for all variables except two. However, the test most often rejects the nullity of correlation, and the overall test that all correlations are simultaneously zero is rejected at 1%. The test result can be influenced by the large size of our sample though. When dropping the two patient characteristics with a correlation between 0.05 and 0.1, the ranking between hospital statuses remains the same.

V. Endogeneity issues

In this work, we study mortality using a competitive risk model where exits other than death -in particular home returns and transfers to another acute care hospital-are treated as censorship. A key assumption is that censorship is exogenous when conditional on patient variables and hospital effects. This assumption may be questioned because of selection on unobservables.

Patients may be sent home because they are in good shape and thus exhibit unobserved characteristics that make them unlikely to die when back in their place of residence.

Alternatively, some patients may be sent home because their health condition is very poor and they want to die in their bed. Moreover, transferred patients could be those in bad shape requiring the care of specialists that are located in other hospitals. Some establishments may also transfer very sick patients to avoid them dying on-site and negatively affect their statistics, and thus their reputation. As we are interested in mortality differences between hospital ownership statuses, selection on unobservables is an issue for us if we do not capture well the heterogeneity among patients, and if hospitals (according to their status) do not have the same practices for transfers and home returns.

The usual approach in the literature toward avoiding endogeneity issues is to control, as well as possible, patient comorbidities and secondary diagnoses that serve as proxies for health status. This is the approach adopted in our work. Most papers introduce only a comorbidity index on top of age and sex in regressions to control for heterogeneity in mortality risk among patients, as more detailed information is not available (see for instance Cooper et al., 2011). Here, we have some data at a fine level for comorbidities and secondary diagnoses. McClellan and Staiger (1999) show that, to take into account heterogeneity among patients, the main comorbidities and secondary diagnoses affecting mortality are enough, and more detailed medical data do not influence the results of the analyses. We believe that we are in line with published articles that have carefully taken into account heterogeneity among patients.

The existence of possible biases in the effect of catheter on mortality due to unobservables has also been raised by recent papers trying to construct bounds on the effect of catheter for different primary diagnoses. 16 They find suggestive evidence that, for some primary diagnoses, the effect of catheter on survival may be underestimated (Bhattacharya, Shaikh and Vytlacil, 2012; Henry and Mourifié, 2014). 17 In our context, this means that, due to differences in innovative treatments, the difference in mortality between for-profit and non-teaching public hospitals may be even larger (although taking into account unobservables could also change the baseline hazards between the two types of hospitals). At the same time, our study includes many more secondary diagnoses and comorbidities than the papers cited, which study several primary diagnoses in a general way; and this lowers the likelihood of the biases they describe.

Despite our belief that unobserved characteristics are unlikely to play a large role, we also conduct a suggestive test of the existence of an endogeneity bias based on a sample that includes not only patients coming from home, but also those transferred from another acute care hospital. 18 Indeed, transferred patients may not have the same characteristics as those coming from home, as they may be sent to the destination hospital for surgery because of a bad health condition or, alternatively, because their health condition is good enough that they can be moved to a more adequate establishment. Our test consists in introducing into our regressions a dummy for being transferred and assessing whether the related coefficient decreases in absolute terms towards zero as we introduce demographic, secondary diagnoses and comorbidity variables.

Indeed, this would suggest that our patients' explanatory variables are likely to capture most of the individual heterogeneity.

Our complemented sample contains 397,303 stays, among which 18.0% are those of patients who have been transferred from another acute care hospital. Table 4 reports the estimated coefficients of patient variables for five specifications when varying the set of individual explanatory variables. In column 1, there are only year dummies and the dummy for being transferred from an acute care hospital. Patients being transferred are less likely to die than patients coming from home, with the estimated coefficient associated with the transfer dummy being -0.345. Column 2

shows that when adding age-and-sex dummies, the transfer dummy decreases greatly in absolute terms and reaches -0.155. This occurs because we now control for the fact that transferred patients are, on average, younger and thus less likely to die. Adding secondary diagnoses and comorbidities makes the coefficient decrease slightly more in absolute terms and it reaches -0.138, 17 More precisely, they revisit the results obtained by Connors et al. (1996), who found for many primary diagnoses that catheter increases mortality. Using partial identification techniques based on the construction of bounds, they show that catheter would most often instead have a negative or non-significant effect on mortality. 18 We thank the editor, Xavier D'Haultfoeuille, for suggesting this test.

as shown in column 3; but this decrease is not statistically significant. The bottom line is that even important observable comorbidities do not much affect the estimated coefficient of the transfer dummy, and this estimated coefficient decreases in absolute term when adding patient characteristics and end up being rather small. In fact, the estimated effect of the transfer dummy is much smaller than age-and-sex effects, and also much smaller than most secondary diagnoses and comorbidity effects. The remaining negative effect can be due to unobserved comorbidities or to the decrease in mortality that is usually observed after a few days, as transferred patients have already spent some time in a hospital before their transfer. Interestingly, when adding a transfer dummy to specifications that include innovative treatments, the estimated coefficients of these treatments are only very marginally affected (see columns 4-8). This is also the case for mortality rates at 15 days for every ownership status which remains virtually unchanged. 19 This suggests that innovative treatments and mortality rates for every ownership status are unlikely to reflect the effect of patient unobservables and, more generally, that patient unobservables play a lesser role.

[ Insert Table 4 ]

We also conducted an additional robustness check that consisted in conducting our analysis only for patients 80 years old and over. Indeed, we expect patients to be less strategic in their choice of hospital at that age, because they have less information on hospitals and perhaps less intellectual clarity. Results are qualitatively quite similar: the probability of death is more important in forprofit hospitals than in public hospitals once we have controlled for sex, comorbidities, secondary diagnoses and all innovative treatments. Indeed, the probability of death at 15 days is 27.6% in for-profit hospitals, but only 23.9% in university hospitals, and 24.0% in non-teaching hospitals.

Interestingly, the mortality in university and non-teaching public hospitals is now very similar instead of being lower in non-teaching public hospitals, as in our benchmark results. This suggests a possible effect of patient unobserved heterogeneity on the relative ranking in the public sector. This is why we do not comment much on the net difference in mortality between non-teaching public and university hospitals in our paper, and prefer to stick to the net difference in mortality between for-profit and public hospitals.

VI. Implications of the results

The important socio-economic question underlying our analysis is whether patients would receive better care in public hospitals -in particular, in non-teaching public hospitals-if these hospitals could treat them the same as for-profit hospitals.

Indeed, hospitals do not have the same incentives to treat patients with innovative procedures, as the reimbursement rules differ depending on the ownership status, and innovative procedures can be very costly. For instance, a stent for one stay induces an increase in costs that ranges from 30% to 60% (Dormont and Milcent, 2002). For-profit hospitals are financed via a fee-for-service system, and innovative supplies involving expensive devices that are used only once (e.g., angioplasty or stent) are reimbursed ex-post in addition to a fee-for-service payment. By contrast, non-teaching public hospitals have a limited global budget and all procedures, including the innovative ones, are charged to this budget. Hence, the use of expensive devices such as stents for a patient implies a lower budget for the care of other patients. It explains why the propensity to use innovative supplies is much lower in non-teaching public hospitals than in for-profit hospitals. Whereas teaching hospitals are also under the global budget system, they receive additional budget for their research activities. Part of this budget is used to purchase innovative devices, and therefore the propensity to treat patients with innovative procedures is higher than in non-teaching public hospitals. As shown in Table 2, this propensity is similar to that of for-profit hospitals.

To quantify the disadvantage of non-teaching public hospitals in treating patients as compared to for-profit hospitals, we conduct the counterfactual exercise presented in Section II. More precisely, we compare the counterfactual probabilities of death for patients admitted to nonteaching public hospitals, in particular when changing the treatment assignment rules from that of non-teaching public hospitals to that of for-profit hospitals. This is done by holding the composition of patients constant across the days of stay.

Table 5 shows that, for patients in non-teaching public hospitals, the average probability of death under the treatment assignment rule of non-teaching hospitals at 7 days is 7.56%. 20 We then compute the average probability of death of the same patients under the treatment assignment rule of for-profit hospitals, and find it to be much lower at 5.73%. Hence, the difference in probability of death due in particular to a difference in treatments is rather large, reaching 1.83 points, and is highly significant.

VII. Conclusion

Mortality differences between university, non-teaching public and for-profit hospitals are investigated using a French exhaustive administrative dataset on patients admitted for heart attack. The use of innovative procedures varies across ownership statuses, in particular because of different reimbursement rules. More specifically, whereas innovative procedures are reimbursed ex-post in addition to a fee-for-service payment to for-profit hospitals, there is a restrictive budget constraint for non-teaching public hospitals that significantly constrains their use of innovative procedures.

Our results show that innovative procedures are a key factor in explaining the high quality of care in for-profit hospitals. Moreover, when holding constant the use of innovative procedures and case-mix, the mortality rate in for-profit hospitals is higher than in public hospitals. When performing a counterfactual exercise, we also find that the probability of death at 7 days of patients admitted to non-teaching public hospitals would be 1.8 points lower if they were treated as in for-profit hospitals.

We have shown the important role of innovative procedures when studying hospital quality by ownership status over the 1998-2003 period. With the implementation of the French hospital payment reforms (T2A) in 2004-2008, financial incentives have changed for both public and forprofit hospitals. Public hospitals are not in a global budget system anymore, but are now paid a fee depending on the diagnosis-related group (DRG) of stays. For-profit hospitals have also adopted this system, although their fee by DRG is different (it can be higher or lower depending on the DRG). An interesting extension of our work could be to assess how these changes in the hospital payment system affect the quality of care by ownership status.

formula for this estimator, as it can be directly recovered with the usual estimation software.

Some estimators of 𝑉�𝜂 𝑗,𝑡 � and 𝑐 𝑗,𝑡 are:

𝑉 � �𝜂 𝑗,𝑡 � = 1 �𝑑 𝑗,𝑡 � 2 � 1 �𝑁 𝑗 (𝑠)>0� 1 �𝑆 𝑗 0 �𝛽 ̂, 𝑠�� 2 𝑑𝑁 𝑗 (𝑠) 𝑡 0 𝑐ĵ ,𝑡 = - 1 𝑑 𝑗,𝑡 � 1 �𝑁 𝑗 (𝑠)>0� 𝑆 𝑗 1 �𝛽 ̂, 𝑠� �𝑆 𝑗 0 �𝛽 ̂, 𝑠�� 2 𝑑𝑁 𝑗 (𝑠) 𝑡 0
These estimators have to be programmed in order to be computed. Note: For a given duration, the point estimate is reported on the first row and the confidence interval is reported in brackets on the second row. Details on the computation of the non-parametric estimator of the probability of death is given in Section II, and details on the computation of the estimator of the probability of death derived from the model are given in Section III. Note: a : "Another service" refers to a service which is not ischemic, where patients are treated for a pathology different from their AMI. "Duration, X" gives the average duration of stay for patients experiencing an exit of type X. Note: for a given hospital status, an aggregate probability of death is computed as a weighted average of the estimated probabilities of death for hospitals with that status (each probability of death being obtained as the exponential of minus the Breslow estimator of the integrated hazard for a patient with the average effect of individual variables), where the weight is the number of patients admitted to each hospital. The probability of death at t days is thus the probability that the patient has died within the first t days. Note: for a given hospital status, an aggregate probability of death is computed as a weighted average of the estimated probabilities of death for hospitals with that status (each probability of death being obtained as the exponential of minus the Breslow estimator of the integrated hazard for a patient with the average effect of individual variables), where the weight is the number of patients admitted to each hospital. The probability of death at t days is thus the probability that the patient has died within the first t days. Note: for a given hospital status, an aggregate probability of death is computed as a weighted average of the estimated probabilities of death for hospitals with that status (each probability of death being obtained as the exponential of minus the Breslow estimator of the integrated hazard for a patient with the average effect of individual variables), where the weight is the number of patients admitted to each hospital. The probability of death at t days is thus the probability that the patient has died within the first t days. Note: for a given hospital status, an aggregate probability of death is computed as a weighted average of the estimated probabilities of death for hospitals with that status (each probability of death being obtained as the exponential of minus the Breslow estimator of the integrated hazard for a patient with the average effect of individual variables), where the weight is the number of patients admitted to each hospital. The probability of death at t days is thus the probability that the patient has died within the first t days. Confidence intervals are bootstrapped using 100 replications. 
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 23 Figure 3 represents the probabilities of death obtained from the model when adding a dummy for catheter, possibly used jointly with an angioplasty or a stent (exact values are reported in Table
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  Table3reports some of the estimated coefficients of patients' variables for three specifications

(other coefficients, which are not of major interest, are reported in Table

A

.1. in Appendix). In column (1), only variables related to age, sex, comorbidities and secondary diagnoses are introduced. As usually reported in the literature, older people and women are more likely to die.

Table 1 )

 1 . Non-teaching public hospitals now have the lowest mortality rates. It is possible to draw a comparison with clinical trials showing that aspirin, beta blockers and reperfusion explain the 11 Estimated coefficients of dummies for hospital status included in a standard Cox model without stratification by hospital are reported in TableA.2. We conducted a Hausman test for the validity of the standard Cox model and it highly rejects the specification, whatever the set of explanatory variables introduced (see columns 1-3 of Table3). For the full specification, including dummies for innovative treatments, the Hausman test statistic is 1580.1, whereas the threshold value for statistical significance at the 0.001 level is 59.7. Nevertheless, results obtained when using a standard Cox model are qualitatively in line with those obtained with the stratified Cox model, which are presented in the text.

Table 1 :

 1 Probability of death by model and ownership status

		Non-parametric estimator	Model including age, sex, diagnoses	Model including age, sex, diagnoses,	Model including age, sex, diagnoses,
						and comorbidities		comorbidities and catheter	comorbidities and procedures
		For-profit	University	Non-teaching	For-profit	University	Non-teaching	For-profit	University	Non-teaching	For-profit	University	Non-teaching
	1 day	0.012	0.014	0.023	0.015	0.016	0.020	0.020	0.018	0.019	0.020	0.018	0.019
		[0.012,0.013] [0.013,0.015] [0.022,0.024] [0.014,0.016] [0.015,0.017] [0.019,0.021] [0.018,0.021] [0.017,0.019] [0.018,0.019] [0.018,0.021] [0.017,0.019] [0.018,0.019]
	3 days	0.029	0.030	0.048	0.034	0.034	0.042	0.046	0.041	0.039	0.045	0.040	0.039
		[0.028,0.030] [0.029,0.031] [0.047,0.049] [0.032,0.036] [0.033,0.036] [0.041,0.043] [0.043,0.048] [0.039,0.042] [0.038,0.041] [0.043,0.048] [0.038,0.042] [0.038,0.041]
	5 days	0.042	0.044	0.066	0.049	0.049	0.057	0.066	0.058	0.054	0.065	0.057	0.054
		[0.041,0.044] [0.042,0.045] [0.065,0.068] [0.047,0.051] [0.047,0.051] [0.056,0.059] [0.063,0.069] [0.056,0.060] [0.052,0.055] [0.062,0.068] [0.055,0.059] [0.052,0.056]
	10 days	0.074	0.071	0.104	0.079	0.075	0.085	0.107	0.088	0.080	0.106	0.087	0.080
		[0.071,0.077] [0.068,0.073] [0.102,0.106] [0.075,0.083] [0.072,0.078] [0.083,0.087] [0.102,0.112] [0.085,0.091] [0.078,0.082] [0.101,0.0111] [0.084,0.090] [0.078,0.083]
	15 days	0.113	0.104	0.145	0.110	0.100	0.110	0.149	0.117	0.104	0.147	0.116	0.105
		[0.107,0.120] [0.101,0.108] [0.142,0.148] [0.104,0.117] [0.097,0.104] [0.107,0.113] [0.140,0.158] [0.113,0.121] [0.101,0.108] [0.139,0.156] [0.111,0.120] [0.102,0.108]

Table 2 :

 2 descriptive statistics

	For-profit	University Non-teaching	All

Table 3 :

 3 Cox model stratified by hospital, propensity to die

	Explanatory variables	Age, sex,	Age, sex,	Age, sex,
		diagnoses	diagnoses,	diagnoses, and all
			catheter	procedures
	Female, age 35-60	< ref >	< ref >	< ref >
	Female, age 60-70	0.659***	0.592***	0.594***
		(0.081)	(0.081)	(0.081)
	Female, age 70-80	1.182***	1.007***	1.008***
		(0.073)	(0.073)	(0.073)
	Female, age 81+	1.821***	1.447***	1.447***
		(0.071)	(0.072)	(0.072)
	Male, age 35-60	-0.459***	-0.433***	-0.444***
		(0.078)	(0.078)	(0.078)
	Male, age 60-70	0.380***	0.350***	0.347***
		(0.075)	(0.075)	(0.075)
	Male, age 70-80	1.009***	0.882***	0.883***
		(0.072)	(0.072)	(0.072)
	Male, age 81+	1.652***	1.321***	1.321***
		(0.072)	(0.072)	(0.072)
	CABG or Coronary Bypass surgery		-0.663***	-0.614***
			(0.084)	(0.084)
	Catheter		-1.074***	-0.900***
	(possibly with dilatation or stent)		(0.021)	(0.091)
	Catheter alone			-1.289***
				(0.031)
	Catheter with dilatation			-0.667***
				(0.040)
	Catheter with dilatation and stent			-1.030***
				(0.028)
	Year Dummies	X	X	X
	Dummies for comorbidities and	X	X	X
	secondary diagnoses			
	Number of observations	325,760	325,760	325,760
	Number of deaths	25,964	25,964	25,964
	Note: ***: significant at 1% level; **: significant at 5% level; *: significant at 10% level. Dummies for year of admission,
	comorbidities and secondary diagnoses are included, and their estimated coefficients are reported in Table A.1.

Table 4 :

 4 Cox model stratified by hospital, propensity to dieThe sample includes patients transferred from another acute care hospital A dummy for being transferred is included in the regressions Probability of death as a function of duration (in days), non-parametric estimator Note: for a given hospital status, an aggregate survival function is computed as a weighted average of the Kaplan-Meier estimators of survival functions for hospitals with that status, where the weight is the number of patients admitted to each hospital. The probability of death is then defined as one minus the resulting aggregate survival function. The probability of death at t days is thus the probability that the patient has died within the first t days.

	Explanatory variables	None	Age, sex	Age, sex,	Age, sex,	Age, sex,	Age, sex,	Age, sex,
				diagnoses	diagnoses,	diagnoses,	diagnoses,	diagnoses,
					catheter	and all	catheter	and all
						procedures		procedures
	Catheter				-1.010***		-1.012***	
	(possibly with dilatation or stent)				(0.020)		(0.020)	
	alone					-1.176***		-1.178***
						(0.028)		(0.028)
	Catheter with dilatation					-0.640***		-0.642***
						(0.037)		(0.037)
	Catheter with dilatation and stent					-0.990***		-0.991***
						(0.025)		(0.025)
	Transferred	-0.345***	-0.155***	-0.138***	-0.113***	-0.114***		
		(0.022)	(0.022)	(0.022)	(0.022)	(0.022)		
	Year dummies	X	X	X	X	X	X	X
	Age-and-sex dummies		X	X	X	X	X	X
	Dummies for secondary diagnoses			X	X	X	X	X
	and comorbidities							
	Number of observations	397,303	397,303	397,303	397,303	397,303	397,303	397,303
	Number of deaths	28,622	28,622	28,622	28,622	28,622	28,622	28,622
	Note: ***: significant at 1% level; **: significant at 5% level; *: significant at 10% level.				

Table A .

 A 1: Cox model stratified by hospital, propensity to die Estimated coefficients for dummies for year of admission, comorbidities and secondary diagnoses Note: ***: significant at 1% level; **: significant at 5% level; *: significant at 10% level. Estimated coefficients for age x sex dummies and treatments are reported in Table 3. Table A.2: Cox model including dummies for hospital status, propensity to die

	Explanatory variables Anterior location Explanatory variables Posterior location	Age, sex, -0.293*** (0.017) Age, sex, diagnoses -0.563***	Age, sex, -0.203*** (0.017) Age, sex, -0.462*** diagnoses, catheter	Age, sex, -0.209*** Age, sex, (0.017) diagnoses, and all -0.469*** procedures
	Catheter Sub-endocardial (possibly with dilatation or stent)	diagnoses (0.020) -1.030***	diagnoses, catheter (0.020) -0.923*** -0.982*** (0.019)	diagnoses, and all (0.020) procedures -0.982***
	Year 1998 Catheter alone	< ref > (0.028)	< ref > (0.028)	< ref > (0.028) -1.175***
	Other location	-0.530***	-0.455***	-0.458*** (0.030)
	Year 1999 Catheter with dilatation	0.032 (0.027)	0.047** (0.027)	0.047** (0.027) -0.549***
		(0.022)	(0.022)	(0.022) (0.038)
	Year 2000 Catheter with dilatation and stent	-0.004	0.033	0.035 -0.848***
		(0.022)	(0.022)	(0.022) (0.025)
	Year 2001 For-profit hospital	-0.001 < ref >	0.056** < ref >	0.057** < ref >
		(0.022)	(0.022)	(0.022)
	Year 2002 University hospital	-0.026 -0.026	0.031 -0.049**	0.031 -0.057***
		(0.022) (0.021)	(0.022) (0.021)	(0.022) (0.021)
	Year 2003 Non-teaching public hospital	-0.031 0.103***	0.025 -0.139***	0.025 -0.130***
		(0.023) (0.018)	(0.023) (0.018)	(0.023) (0.018)
	Alcohol problems Year dummies Diabetes Age-and-sex dummies Secondary diagnoses and comorbidities	0.450*** (0.066) X -0.048*** X X	0.345*** (0.066) X -0.061*** X X	0.346*** X (0.066) X -0.061*** X
	dummies	(0.018)	(0.018)	(0.018)
	Obesity Number of observations	-0.286*** 325,760	-0.232*** 325,760	-0.233*** 325,760
	Number of deaths	(0.042) 25,964	(0.042) 25,964	(0.042) 25,964
	Renal failure	0.421***	0.366***	0.366***
		(0.019)	(0.019)	(0.019)
	Excessive smoking	-0.545***	-0.473***	-0.476***
		(0.042)	(0.042)	(0.042)
	Hypertension	-0.591***	-0.568***	-0.566***
		(0.016)	(0.016)	(0.016)
	Vascular disease	-0.413***	-0.410***	-0.409***
		(0.030)	(0.030)	(0.030)
	Peripheral arterial disease	-0.008	-0.016	-0.013
		(0.025)	(0.025)	(0.025)
	Stroke	0.352***	0.291***	0.293***
		(0.025)	(0.025)	(0.025)
	History of coronary artery disease	-0.217***	-0.231***	-0.228***
		(0.030)	(0.030)	(0.030)
	Heart failure	0.101***	0.057***	0.058***
		(0.014)	(0.014)	(0.014)
	Conduction disease	0.910***	0.889***	0.886***
		(0.013)	(0.013)	(0.013)
	Location unknown or not reported	< ref >	< ref >	< ref >

Note: ***: significant at 1% level; **: significant at 5% level; *: significant at 10% level. Estimated coefficients of year, age-andsex, secondary diagnoses and comorbidity dummies are not reported to save space.

Table A .

 A 2: Probit model of treatment with catheter (possibly with angioplasty and stent), By hospital status

		(0.018)	(0.025)
	Excessive smoking	0.097***	0.414***
		(0.011)	(0.019)
	Hypertension	0.122***	0.223***
		(0.008)	(0.012)
	Variable Vascular disease	Non--0.190*** -0.130*** For-profit
		teaching (0.021)	(0.021)
	Peripheral arterial disease	public 0.167***	-0.019
	Year 1998	< ref > (0.015)	< ref > (0.020)
	Year 1999 Stroke Year 2000 History of coronary artery disease Year 2001 Heart failure Year 2002 Conduction disease Location unknown or not reported	0.054*** -0.220*** -0.135*** 0.109*** (0.013) (0.022) (0.029) (0.019) 0.131*** -0.179*** -0.089*** 0.219*** (0.012) (0.020) (0.023) (0.019) 0.203*** -0.220*** -0.212*** 0.313*** (0.012) (0.011) (0.016) (0.019) 0.259*** -0.080*** -0.175*** 0.285*** (0.012) (0.009) (0.014) (0.019) < ref > < ref >
	Year 2003	0.324***	0.154***
	Anterior location	(0.012) 0.134***	(0.019) 0.253***
	Female, age 35-60	< ref > (0.010)	< ref > (0.017)
	Female, 60-70 year old Posterior location Female, 70-80 year old Sub-endocardial Female, more than 80 year old Other location Male, 35-60 year old CABG or Coronary Bypass surgery Male, 60-70 year old Constant Male, 70-80 year old Number of observations Pseudo-R2	0.149*** -0.205*** -0.138*** 0.298*** (0.024) (0.010) (0.017) (0.040) 0.003 0.066*** -0.465*** -0.394*** (0.021) (0.013) (0.021) (0.035) 0.054*** 0.109*** -1.282*** -1.148*** (0.022) (0.014) (0.022) (0.035) 0.066*** -0.322* -0.979*** 0.049 (0.019) (0.170) (0.041) (0.033) -0.107*** -0.512*** 0.589*** -0.075** (0.020) (0.006) (0.011) (0.034) 164779 68272 -0.358*** -0.240*** (0.020) (0.034) 0.116 0.135
	Male, more than 80 year old	-1.011*** -0.867***
		(0.022)	(0.036)
	Alcohol problems	-0.371*** -0.242***
		(0.030)	(0.053)
	Diabetes	-0.048***	-0.025*
		(0.010)	(0.015)
	Obesity	0.095***	0.259***
		(0.015)	(0.022)
	Renal failure	-0.147*** -0.196***

Note: ***: significant at 1% level; **: significant at 5% level; *: significant at 10% level.

In France, there are also not-for-profit hospitals funded as public hospitals but run as private ones. They treat only 4.8% of heart attack patients and are excluded from our analysis for simplicity.

Patients transferred from another acute care hospital constitute 17.9% of the original sample and thus most of the discarded patients.

We implicitly assume that the dummy for by-pass surgery included in 𝑋 𝑖1 is exogenous. This makes sense, as bypass surgery usually has a specific use. Our assumption simplifies the analysis and is in fact innocuous, since the proportion of patients treated with bypass surgery is very small.

 10 We also added a dummy for by-pass surgery, but its introduction is innocuous for the analysis since only 0.9% of patients in our sample are treated with by-pass surgery. We could check that the introduction of this dummy does not affect our results.

The level of probabilities cannot be directly compared between Figure1and Figures2-4. Figure1represents the average probability of death by ownership status. By contrast, Figures2-4represent the probability of death for a patient with an average effect of individual variables by ownership status. Nevertheless, it is still insightful to compare the differences in probability of death between university, non-teaching public and for-profit hospitals across figures.

Figure A.1 gives the probabilities of death with bootstrapped confidence intervals when using 100 replications rather than confidence intervals computed using their asymptotic distribution. Results are very close.

Mortality in for-profit hospitals seems to catch up with that in non-teaching public hospitals after fourteen days. However, this result should be considered with caution, as changes in probabilities of death after ten days are computed with a limited number of patients (since most patients have been discharged), and selection biases may increase. In particular, after 14 days, only 14.5% of patients remain in our sample.

In particular, some methods make use of the weekday of admission as an instrument for treatment. We do not have such information in our data.

Corresponding figures are available upon request.

Results of a Probit model for treatment with catheter (possibly with angioplasty and stent) by hospital status are reported in TableA.3. 

Appendix A:

Variance of estimated coefficients

In this Appendix, we explain how to compute the covariance matrix of the hospital-specific integrated hazards following Ridder and Tunali (1999), the computations being summarized in Gobillon, Magnac and Selod (2011). We first introduce the following notations:

According to Ridder and Tunali (1999) -equation (A28), we have:

where 𝜀 𝑗,𝑡 = 𝛬 ̂𝑗(𝑡) -𝛬 𝑗 (𝑡), 𝑁 = ∑ 𝑁 𝑗 𝑗 and: can be estimated using estimators of the right-hand side terms of these two equations. An estimator of 𝑉�𝛽 ̂� is obtained from the Fisher information matrix of the stratified partial likelihood estimation. It is not necessary to establish a theoretical