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Abstract 

There are large racial and gender disparities in healthcare that are not explained by differences 
in patient access, preferences, or severity. These disparities are believed to contribute to 
differences in health outcomes, and are often ascribed to prejudicial providers. To evaluate 
this theory, we use simple economic insights to distinguish between two competing views of 
physician behavior, each with very different policy implications. If prejudicial, providers use 
a higher benefit threshold before providing care to minority groups; these patients should 
therefore have higher returns from being treated. Under statistical-discrimination, race and 
gender are statistically related to the benefit from treatment. Using data on heart-attack 
treatments, we find no evidence that of prejudicial behavior against women or minorities by 
providers. We also evaluate alternative explanations for differences in the treatment of women 
and minorities, such as different triage rules, different implicit values of life, different 
treatment objectives, greater clinical uncertainty, differences in costs, or differences in 
provider skill. We test and reject each of these explanations. Understanding why women and 
minorities receive less benefit from intensive treatment deserves further examination as the 
underlying cause of disparities in the treatment of heart attacks. 

                                                
* This research was funded by the National Institute of Aging (NIA) P01 AG19783-02. We thank, 

without implicating, David Cutler and Jonathan Skinner for comments that have greatly influenced 
this paper. Dan Gottleib, Lee Lucas, and Weiping Zhou provided expert assistance with the data. We 
obtained access to the proprietary data used in this paper through a data use agreement between the 
Centers for Medicare and Medicaid Services (CMS) and Dartmouth Medical School. Readers wishing 
to use these data must obtain them from CMS. Programs  and output are available from the authors. 
The opinions in this paper are those of the authors and should not be attributed to the National Institute 
of Aging or the National Bureau of Economic Research. 
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I. Introduction  

There are large racial and gender disparities in healthcare that are not explained by 

differences in patient access, preferences, or severity.1 These disparities are believed to 

contribute to differences in health outcomes, and are often ascribed to prejudicial providers 

[Green et. al (2007), Fincher et.al (2004), van Ryn and Fu (2003), Ayanian et.al (1999), 

Bogard et. al (1994), van Ryan (2002), Schulman et. al (1999) and]. This view is shared by 

the Institute of MedicineÕs (IOM) influential Unequal Treatment report that reviewed the 

literature on racial and ethnic disparities in healthcare in order to understand its principal 

determinants. The report concludes that provider prejudice in the context of the clinical 

encounter was amongst the leading determinants of disparitiesÑ more important than 

insurance, income, access, and historical and contemporary inequities. The prescription for 

such bias is clear: cultural competency training for physicians and expansions in the pipeline 

of minority physicians. Yet, the case for bias is not established by presence of disparities in 

treatment, even in clinically identical patients. Under statistical-discrimination, race and 

gender are statistically related to the benefit from treatment because of factors such as 

differences in information, biology, provider skill, or follow-up care. If providers observe 

these factors, or are aware of their correlation with race and gender, the differential treatment 

of women and minorities is not indicative of provider bias. Of course, even with this 

explanation, one must be sure that providers correctly assess the effect of these factors on 

benefit; ignorance may reflect another dimension of prejudice. We note that statistical 

discrimination may not be benign and its presence does not imply a languid policy response. 

But policies that target statistical discrimination would encourage the development of new 

therapies, race and gender specific trials, provider improvements, and greater followup care, 

and would be very different than those that seek to reduce provider prejudice. 

We use simple economic intuition to develop a test for provider prejudice against 

minorities and women. The key to our model is the Beckerian insight that under prejudice 

providers use a higher benefit threshold before providing care to minority groups; these 

patients should therefore have higher returns from being treated. As we note in Section II, it is 

                                                
1 This is a large literature in medicine and public health. See the Institute of MedicineÕs report 
Unequal Treatment for the single most rigorous survey of this literature (Smedley Stith and 
Nelson (2003)).  
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tempting to execute this test by comparing the treatment benefit for the marginal black and 

white (or male and female) patient. Under statistical discrimination the marginal returns will 

be the same (despite whites having higher average returns); under prejudice they will have 

higher marginal returns. Despite the intuitive flavor of this test, the presence of patient 

heterogeneity in treatment effects complicates operationalizing it. Experiments, instrumental 

variables, and OLS (in the absence of selection bias) all estimate a Ôtreatment on treatedÕ 

parameter. This parameter will be different from the benefit to the marginal patient, for in 

healthcare, some patients being treated will benefit more from the treatment than the marginal 

patient. And in the absence of observing exactly what the physician observes about the 

patient, it is impossible to recover the benefit from treatment to the marginal patient. Our 

proposed test addresses this complication by proposing a test for provider prejudice that relies 

on measuring a treatment of the treated parameter. This nuance could be ignored in other, 

ostensibly similar, contexts, where the goal was to evaluate the role of Ôracial-profilingÕ by 

police officers, as in Knowles, Persico and Todd (2001). There, because of an equilibrium 

condition that relies on motorists responding to the threat of being searched, there is no 

distinction between the marginal and treatment on treated effects in the absence of prejudice.  

Our approach to identifying the case for provider prejudice provides several 

advantages over ostensibly simpler methods to evaluate prejudice. It is tempting to perform 

audit-studies to see how the providers treat similar patients from different demographic 

backgrounds. There are important limitations to this approach: it is difficult to send patient-

actors to physicians without fabricating an entire paper trail of insurance forms and lab-work, 

a task that is even more onerous in acute settings that involve treating heart attacks and 

strokes. Second, the fact that providers may offer fewer treatments to women and minorities is 

not by itself evidence of prejudiceÑ if the therapeutic benefit to these groups is lower (on 

average) because of demand-side factors, then such behavior would be labeled as statistical 

discrimination, and not prejudice. Yet, because it is impossible to measure outcomes for 

simulated heart attacks it would be impossible to distinguish between the two explanations. 

An identical concern limits the use of Implicit Association Tests (IAT) where physiciansÕ 

recommendations for treatment are correlated against their implicit bias [Green et.al (2007)].  

Similarly, it may be tempting to see how physicians of one race (or gender) treat patients of 
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their demographic versus others, as has been done in recent studies of racial bias in motor 

vehicle searches (Antonovics and Knight, 2004; Anwar and Fang, 2006). However, this 

approach can only identify whether there is differential bias across physicians of different 

race, and previous evidence based on the same data as we use here has found no difference in 

the how white and black physicians treat heart attack patients (Chen et al., 2001). Morover, 

since the care of minority patients is highly concentrated within a small set of physicians, 

studies (including audit studies) that focus on whether these physicians treat white and black 

patients differently exclude the substantial number of physicians who only treat patients of 

one race. In theory, such providers may be the most or the least prejudicial, and patients may 

sort into providers in way that makes this evidence very unrepresentative of the discrimination 

being faced by a typical patient (Heckman, 1998).  

Section III of our paper provides background on the etiology of heart attacks, the 

pathology of their treatments, and introduces data from the Cooperative Cardiovascular 

Project (CCP). In Section IV we detail our estimation strategy, paying particular attention to 

how the theoretical model outlined in Section II will be evaluated using the CCP data. Section 

5 presents evidence in support of the model of statistical discrimination. Under certain 

conditions, this evidence could be the consequence of alternative manifestations of physician 

prejudice, including ignorance and uncertainty, and we extend our estimation framework to 

evaluate these competing explanations. We test, and reject, explanations such as providers 

choosing different triage rules, different implicit values of life, or having different objectives 

of care for minorities and women. Nor do we find support for greater clinical uncertainty for 

minority patients, or differences in providers and provider skill.  

As noted earlier, statistical discrimination encapsulates a constellation of explanations 

where race and gender are markers of lower benefit. To narrow the set of potential 

mechanisms, in Section VI we explore the role of cost differences (if itÕs cheaper to perform 

the intervention in women and minorities it may justify doing more in these groups), 

differences in provider skill in treating patients, and the importance of followup care in 

explaining race and gender differences in the benefit from intensive treatment. We find no 

evidence for the first two explanations, but are encouraged by the preliminary evidence in 

favor of the importance of followup care.  
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In Section VII we offer concluding comments that emphasize different stories that 

underlie statistical discrimination against women and minorities. For women, a nascent, yet 

growing, literature from cardiology emphasizes biological differences in the nature of 

cardiovascular disease in men and women. Additionally, lower levels of non-medical 

followup care to women and blacks after a heart attack may reduce the therapeutic benefit 

from heart-attack treatments. Both groups are more likely to be single and socially isolated at 

the time of their heart attack.  

 

II. Theory  

 A simple model of patient treatment choice will guide our empirical work.  In this 

model, we assume that treatment is provided to each patient whenever the expected benefit 

from the treatment exceeds a minimal threshold. Thus, in the terminology of Heckman, Urzua 

and Vytlacil (2006), our model allows for essential heterogeneity where the decision to 

provide treatment to each patient is made with knowledge of their idiosyncratic response to 

treatment.   Within this framework there are two ways in which a patientÕs race or gender 

could affect treatment choice: race or gender could be related to the expected benefit of 

treatment, or could alter the minimal threshold that must be met to receive care.  Prejudice 

exists whenever the expected benefit from treatment for patients of a certain race or gender 

must exceed a higher threshold for them to receive treatment.  When this is the case, the 

treatment of two patients with the same expected benefit of treatment will differ because of 

their race or gender.  In the absence of any prejudice, treatment will differ by race or gender 

only if the expected benefits of treatment are different.  

Let B represent the expected (B)enefit from treatment for a given patient.  For now, we 

will focus on the health benefits of the treatment, which would include any reduction in 

mortality or morbidity that was expected from the treatment, e.g. the impact of the treatment 

on Quality Adjusted Live Years (QALYs).  Later, we will also incorporate the expected 

impact of the treatment on the patientÕs medical costs (to the extent that these costs are borne 

by the patient or, perhaps, by the medical care provider).  Suppose that the expected benefit 

from treatment (that is, the gain in survival relative to not receiving the treatment) depends on 

the patientÕs gender (ignoring race for the moment to simplify the presentation), observable 
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patient characteristics (X) such as age, medical history, and lab results, and other factors that 

are known to the medical care provider when making the treatment decision but unobserved 

by the econometrician (!): 

(1) !"" ++= 21 FemaleXB  

Note that gender (and race) could be statistically related to the benefit of treatment in 

Equation (1) because of differences in biology, pre-existing medical conditions, follow-up 

care, or quality of the treatment provider.  Yet from the point of view of the current treatment 

decision, all such differences by gender and race should be taken into account by the medical 

provider if the goal is to maximize the benefit to the patient. Thus, differences in treatment 

that arise from differences in expected benefit are not the result of prejudice in the current 

treatment decision, even though they may be the result of discrimination more broadly.  

Each patient receives treatment if the expected benefit from treatment exceeds a 

minimal threshold ("), where the threshold can vary by gender (or race): 

(2) 
21

!!! Female+=  

Women experience prejudice if 02 >!  in Equation (2), i.e. if the expected benefits must be 

higher for women to receive treatment.2   

 Equation (1) and (2) imply a very simple tobit structure that determines both the 

probability of treatment as well as the expected benefit conditional on being treated (the 

treatment-on-the-treated parameter).  The probability of receiving treatment is just the 

probability that expected benefits exceed the minimum threshold: 

(3) ( ) ( ) ( ),PrPr1Pr IBTreatment <!=>== "#  

 ( ) 1221 !!"" ##+= FemaleXIwhere  

Equation (3) highlights why difference in treatment rates by gender (or race), holding all else 

equal, are not by themselves evidence of prejudice. Women may be less likely to receive 

treatment because of lower expected benefits of treatment ( )02 <!  or because of 

prejudice( )02 >! .  Thus, it is not possible to identify the effect of prejudice ( )2!  from binary 

dependent variable estimates of Equation (3) alone. 

                                                
2 Equations (1) and (2) follow from a Roy model of treatment allocation, where a patient 
receives treatment if the utility gain exceeds a cost hurdle of  ! 1 . 
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 However, the effect of prejudice can be identified if information on the treatment 

effect among the treated population is available.  The treatment-on-the-treated parameter is 

defined as: 

(4) ( ) ( ) ( )IEFemaleXIBETreatmentBE <!++=<!== ""##" ||1| 21  

Noting that FemaleIFemaleX 2121 !!"" ++=+ , we can rewrite Equation (4) as: 

(5) ( ) ( ),1| 2 IgFemaleTreatmentBE +== !  

 ( ) ( )IEIIgwhere <!++= ""# |1  

Equation (5) states that in the absence of prejudice( )0
2

=! , two patients receiving treatment 

who have the same propensity to get the treatment (same I) will have the same expected 

benefit from the treatment.  Since the propensity to get the treatment (or equivalently the 

index I) can be estimated directly from Equation (3), we can therefore identify prejudice from 

an estimate of the treatment-on-the-treated parameter:  If there is prejudice ( )02 >!  the 

treatment-on-the-treated effect is larger for women than it is for men with the same propensity 

to get treatment.   

 It is important to note that for g(I) to depend only on the index, we must assume a 

single-index selectivity model, so that the truncated mean of the error in equation (5) depends 

only on the truncation point (I). This would not be the case if the distribution of the error 

differed by gender or by race. For example, if the error variance were larger for women and 

minorities, then the truncated mean would be higher for any given truncation point Ð leading 

to higher expected benefits from treatment for women or minorities, despite facing the same 

minimal threshold.  However, if this were the case, we would also expect to observe a 

different (more muted) relationship between the observable patient characteristics and the 

propensity to be treated for any group for which unobservable factors played a larger role in 

treatment.  Thus, while we will maintain the single index assumption, we will also explore its 

validity empirically. 

 Finally, note that Equation (5) does not imply that the treatment-on-the-treated 

parameter is the same for all men and women in the absence of prejudice.  In fact, Equation 

(5) implies that the treatment-on-the-treated effect will tend to be larger among men if men 

have a higher propensity to be treated (since g(I) is increasing in I).  The treatment effect is 

the same only for men and women with the same propensity to be treated, or equivalently for 
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any population of men and women that have the same propensity distributions (e.g. are 

matched on propensity to be treated).  These are the key empirical implications that we will 

test in our empirical work. 

The graphical intuition for our model can be seen in Figure 1a for the case of no 

prejudice, and in Figure 1b for the case of prejudice against women. The expected benefit 

from treatment (B) is given on the vertical axis, while the index I (which determines the 

propensity of being treated) is given on the horizontal axis. The thick curve in Figure 1a 

represents the treatment-on-the-treated effect for a patient with index I, that is it gives 

( )!>BBE | .  Treatment-on-the-treated approaches the minimum threshold (") for a patient 

with a low propensity of being treated (a very negative I), since no patient is ever treated with 

a benefit below this threshold.  For a patient with a high propensity of being treated (a very 

positive I), truncation becomes irrelevant and the treatment-on-the-treated effect asymptotes 

to the 45 degree line crossing the y-axis at " (representing the unconditional benefit of 

treatment, !"" +=+ IFemaleX 21 ).  Figure 1b shows how treatment-on-the-treated differs 

for men and women when there is prejudice against women. The treatment effect among 

women is higher at every point, reflecting the fact that the benefit of treatment must exceed a 

higher minimum threshold for women ("w> "m).  

 When there is no prejudice, as in Figure 1a, if men have a higher propensity to receive 

treatment (IM>IF), they will also have greater benefits from treatment (BM>BF).  But in the 

absence of prejudice, any two people with the same propensity will have identical treatment 

effects if treated. In contrast, when there is prejudice, as in Figure 1b, for any two people with 

the same propensity, the discriminated against group (females in this example) will always 

have greater treatment effects if treated.  Thus, even if men have a higher propensity to 

receive treatment (IM>IF), they may have smaller benefits from treatment (BM<BF) if there is 

prejudice against women. 

 The model of racial bias in motor vehicle searches developed in Knowles, Persico and 

Todd (2001) is conceptually similar to our model of prejudice, but differs in one important 

respect which makes our empirical test of prejudice more complicated.  In both models, the 

decision to take an action (search a motorist for contraband, or treat a patient) is determined 

by whether the expected benefit exceeds a threshold, and prejudice exists when the threshold 
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differs by race or gender. But in the Knowles et al. model, the return to searching motorists in 

the absence of prejudice are equalized across all subgroups in equilibrium Ð otherwise, police 

would always search motorists with higher returns and motorists would react by carrying less 

contraband.  The key difference in our setting is that patients are not choosing any action 

analogous to carrying contraband, so there will be some subgroups of patients (those with 

high propensity to be treated) who continue to have higher returns in equilibrium even in the 

absence of prejudice.  Thus, in the absence of prejudice, the Knowles et al. model implies that 

the returns to search are identical across subgroups unconditionally, while our model implies 

that the returns to treatment are identical across subgroups only conditional on the propensity 

to receive treatment (I). 

   

III. Heart -Attacks: Biology, Treatments, and Data 

Heart-Attack Biology and Treatments 

 Heart attacks occur when the heart-muscle (the myocardium) does not receive 

sufficient oxygen, because of a blockage in one of the coronary arteries which supply blood to 

the heart. The blockage is typically caused by a blood clot that occurs because of coagulation 

induced by the rupture of atherosclerotic plaque inside the coronary arteries. Timely 

angioplasty or Coronary Arterty Bypass Graft (CABG) are two intensive treatments that can 

be used for revascularization (opening up the coronary artery).3 

We focus our empirical work on the treatment of AMI for three principal reasons. 

First, cardiovascular disease, of which heart-attacks are the primary manifestation, is the 

leading cause of death in the US. A casual perusal of the leading medical journals would 

indicate that heart-attack treatments are constantly being refined, and large body of trial 

                                                
3 In angioplasty, a catheter (thin tube) is inserted into an artery or vein in the arm or leg, from 
where it is advanced into the coronary arteries.  The catheter has a balloon on its tip that is 
inflated in order to compress the atherosclerotic plaque to improve blood flow. A stent 
(flexible metal tube) is often inserted to keep the artery open after the procedure. 
Alternatively, a hospital may perform CABG surgery, where the artery with the blockage is 
bypassed using grafts (veins from the legs or chest) taken from other parts of the body. Other, 
less-invasive (and remarkably cheap) treatments are also required for the successful 
management of heart-attacks: beta-blockers, ACE inhibitors and aspirin are vital components 
of high-quality care.  
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evidence points to large therapeutic gains from many of these treatments. In this context, 

racial and gender disparities in treatments may directly translate into lost lives. This view is 

shared by others, and there is a rich tradition of studying disparities in treatments and 

outcomes after heart-attacks (Barnato et.al (2005), Skinner et.al (2006), Jha et.al (2007)).  

Second, because mortality post-AMI is high (survival rates at one year are less than 70 

percent), a well-defined endpoint is available to test the efficacy of heart-attack treatments. 

This would not be true if we focused on treatment disparities for more chronic conditions such 

as diabetes, chronic obstructive pulmonary disease, or arthritis.  

Our third reason for focusing on heart attacks is that it is an acute condition for which 

virtually all patients are hospitalized and receive some medical care, thereby allowing us to 

evaluate the case for provider prejudice comprehensively. Ò911Ó operators and emergency 

medical teams are especially trained to recognize the symptoms of heart attacks. This would 

be less true of chronic diseases that progress gradually. Nor do we believe that patient 

preferences matter as much for treating heart attacksÑ at least during the acute phase of the 

heart attack the therapeutic emphasis is on maximizing survival which is achieved by timely 

reperfusion, and hospital staff (not patients and their families) make treatment decisions. 

While providers may specialize in the use of surgical or medical management of heart-attacks, 

as in Chandra and Staiger (2007), the fact that patients are generally taken to the nearest 

hospital for treatment, renders the nature of treatment received as exogenous to the patient 

preferences. This feature of heart attack treatments would not be true of cancer therapies 

where two clinically identical patients may chose different therapies based on their 

idiosyncratic valuation of side-effects and treatment duration.   

Data 

Because acute myocardial infarction is both common and serious, it has been the topic 

of intense scientific and clinical interest. One effort to incorporate evidence-based practice 

guidelines into the care of heart attack patients, begun in 1992, is the Health Care Financing 

Administration's Health Care Quality Improvement Initiative Cooperative Cardiovascular 

Project (CCP). Information about more than 200,000 patients admitted to hospitals for 

treatment of heart attacks was obtained from clinical records. The CCP is considerably 

superior to administrative data (of the type used by McClellan et al. (1994)) as it collects chart 
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data on the patientsÑ detailed information is provided on laboratory tests, the location of the 

myocardial infraction, and the condition of the patient at the time of admission.  

The CCP used administrative data to identify patients admitted with an AMI 

(International Classification of Diseases, Ninth Revision, Clinical Modification, principal 

diagnosis of 410.xx, excluding episodes with a fifth digit of 2, which designates a subsequent 

episode of care). Among patients with multiple myocardial infarction (MIs) during the study 

period, only the first AMI was examined. Our sample consisted of all Medicare beneficiaries 

admitted during an 8-month period between 1994 and 1995. Detailed clinical data were 

abstracted from each patientÕs chart using a standard protocol. For our analysis, we included 

only whites or blacks and excluded all patients who were transferred from another emergency 

room or acute care facility. Further details about the CCP data are available in Marciniak et.al 

(1998) and OÕConnor et.al (1999).  In the data Appendix we provide a detailed account of the 

estimation sample used in this paper. Following the work of McClellan et al. (1994) and 

McClellan and Newhouse (1997), we measure the use of intensive therapy by focusing on the 

use of cardiac catheterization since it is a well-understood marker for surgically intensive 

management of patients. Patients who received bypass or angioplasty are included in the set 

of persons receiving catheterization, and therefore, intensive treatment.  

 

IV. Estimation 

We use data on heart-attack treatments to estimate the key components of our model, 

and follow earlier work in using receipt of cardiac catheterization as our marker for the receipt 

of intensive treatment. The propensity to receive intensive treatment (I in the theoretical 

model) is estimated by obtaining the index from a model that regresses whether a patient 

received cardiac catheterization within 30days of the heart-attack on gender, race, and all the 

CCP risk-adjusters (X): 

Pr(Cardiac Cathij)= F(" 0 + " f Female + " b Black + Xi#  + ui)   (6) 

In equation (6) the effect of race and gender on the probability of receiving 

catheterization only operates through intercept shifts, but that is not required by the theoryÑ

in practice, because of ignorance, prejudice, or actual knowledge, providers may attach 

different weights to each of the covariates by race and gender (for example, the effect of 
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diabetes of age may operate differently in blacks). Alternatively, the variance of the 

unobservables (ui) could differ by race and gender if there is greater clinical uncertainty in 

how women and minorities should be treated. Because probit models estimate ! /" u  

differences in the variances of the unobservable characteristics will manifest themselves by 

scaling the estimated !  vector up or down in models that are separately estimated by race and 

gender. Finally, if it is the case that providers are maximizing a different benefit in one group 

than other (for example, maximizing survival in whites, but weighting survival and costs in 

blacks) then this possibility would also manifest itself as different probit coefficients for 

blacks and whites.4 Each of these three concerns may be evaluated by estimating separate 

models by race and gender, and testing to see if the !  vector differs from the model specified 

in equation 6. In the empirical work, we do not find support for these concerns.  

The key test is to ask whether amongst patients with the same propensity to be treated, 

is the survival benefit to intensive treatment greater for women relative to men, or for 

minorities relative to whites? We start with models where survival is measured as a binary 

variable that measures survival to a certain date (e.g. survival to 7 days, or survival to 1 year).  

This suggests estimating models of the following type for women (equation 7a) and 

minorities (equation 7b), and focusing on the interaction term with CATH: 

Survivali = ! 0 + ! 1Cath + ! 2 (Cath*Female) + !3 Female    + X#  + e  (7a) 

Survivali = ! 0 + ! 1Cath + ! 2 (Cath*Black)    + !3 Black + X#  + e  (7b) 

In equation 7a, ! 1  is the  survival gain from CATH for men, and ! 2  is the differential 

benefit for women (! 1 = Bm, ! 2 = Bf - Bm ). However, ! 2  is estimated over different 

distributions of the propensity to receive CATH for men and women, and is therefore not a 

precise test of our model. In other words, evidence that ! 2  < 0 is not sufficient evidence to 

conclude that there is no prejudice against women, if women are generally less appropriate for 

                                                
4  In the context of the theory (equation 3), a patient receives treatment if the benefit exceeds a 
hurdle: ( ) ( ) ( ),PrPr1Pr IBTreatment <!=>== "# ( ) 1221 !!"" ##+= FemaleXIwhere . If 
the definition of benefit varies by race or gender, so will ! 1 in models that are separately 
estimated by race or gender. 
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treatment and consequently, have lower treatment propensities.5 Under statistical 

discrimination, our model states that the treatment on treated (TT) effect is the same only for 

men and women with the same propensity to be treated, or equivalently for any population of 

men and women that have the same propensity distributions (e.g. are matched on propensity 

to be treated). To achieve this rebalancing, we follow the insights in Barsky et.al (2002) and 

reweight the distribution of male propensities to look like the female (black) distribution of 

propensities at the time of estimation.6 The rebalancing takes men who are similar to women 

in terms of their CATH propensity and puts greater weight on them in the estimation. We 

compute the precise weights by first computing the value of the 100 percentiles of the female 

distribution of propensity. By construction 1 percent of women are in each of these 

percentiles. Suppose that mp percent of men are in the pth percentile of the female distribution 

of propensity. For these men, we will assign them a weight of 1/mp. We provide evidence of 

the success of this strategy in the results section. 

A second complication that we address in the empirical work is the potential 

endogeniety of CATH. Here, we follow two approachesÑ OLS and instrumental variables. 

We justify the former by noting that the CCP data contains a vastly richer set of covariates 

than administrative claims data, and consequently, has been used by clinicians to justify a 

Òselection of observablesÓ approach in the medical literature. However, even though we have 

excellent information on the patientÕs clinical condition at admission, the attending physician 

or cardiologist is likely to make the treatment choice based on information that is not 

observable in the CCP (for example, using information observed in the weeks following the 

initial admission).  In particular, the selection problem that confounds OLS estimation of the 

above equation is that intensive treatment is recommended to patients who will benefit most, 

and these patients are typically in better health (e.g. did not die in the first 24 hours after the 

                                                
5 Formally, one can see this by noting that the (B)enefit to men and women may be expressed 
as:  

Bm = $E(Benefit | Cath=1, Male,  I)   g(I|Male) dI 
Bf =  $E(Benefit | Cath=1, Female, I) g(I|Female) dI 
 

6 In other words, we estimate the benefit to men as: 
Bm = $E(Benefit | Cath=1, Male, I) g(I|Female )dI 
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heart attack).  This selection of healthy patients into treatment biases OLS estimates toward 

finding a large effect of intensive treatment. We follow the work of McClellan et.al (1994) 

and estimate equation (7) using instrumental variables. In particular, we use differential 

distance (measured as the distance between the patientÕs zip-code of residence and the nearest 

catheterization hospital minus the distance to the nearest non-cath hospital) as an instrument 

for intensive treatment, with a negative value of differential distance indicating that the 

nearest hospital is a cath hospital. Similarly, we instrumented for the interactions of cath with 

race and gender using interactions of differential distance with race and gender. We capped 

differential distance at +/- 25 miles based on preliminary analysis that suggested little effect 

of differential distances beyond 25 miles on the probability that a patient receives 

catheterization.  

Finally, we need to be sure that any estimation that relies on instrumental variable 

techniques recovers a treatment on treated effect (as opposed to a local average treatment 

effect). In the results section, we argue that our instrument, differential distance to the nearest 

catheterization hospital, has this property.  

 

V. Results 

In Table 1 we report some basic characteristics of our sample by sex and race. Women 

are older than men at the time of their first heart-attack, and perhaps consequently, theyÕre 

also substantially sicker, as measured by the presence of heart-failure and hypertension. 

Blacks are younger than whites, but have significantly higher rates of heart-failure and 

diabetes. We summarize how much sicker women and minorities are relative to men and 

whites by comparing predicted 1 year survival rates (where the prediction is made using all 

the CCP data, but not using race or gender). These differences in underlying sickness are the 

principal reason for why estimation of equation 7 in the absence of weighting, does not 

provide a powerful test for provider-prejudice. Table 1 also demonstrates that women and 

minorities are  substantially less likely to receive catheterization and revascularization after 

their first heart-attacks. 

Table 2 reports the effect of sex and race receipt of cardiac catheterizationÑ marginal 

effects are ported in parenthesis. Predictions from this model, which represents equation 6, 
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provides the index I that is key to our test for provider prejudice. Even after full risk-

adjustment using the CCP data, women are 6.4 percentage points less likely to receive 

catherterization, while blacks are 5.4 percent points less likely to receive this procedure 

relative to whites. However, as noted in the theory section, the probit coefficients on race and 

sex capture both differences in the benefit from treatment, as well as potential differences in 

the treatment hurdle for these groups. As such, these negative coefficients do not provide us 

with a test of prejudice.  

In Tables 3 and 4 we present our key results from the estimation of equation 7 for 

women  and blacks. The tables report both OLS and IV results, and for each estimation 

technique we report unweighted and weighted estimates of the differential effect of 

cathererization for women relative to men (Table 3) and for blacks relative to whites (Table 

4). The coefficient on CATH reports the survival benefit of CATH for men (or whites), and 

the interaction effect with sex or race reports the differential for women and blacks. Focusing 

on the unweighted results in Table 3, we see that CATH improves the probability of surviving 

to one year for men by 17.3 percentage points. But for women the effect is almost 3 

percentage points less. However, as noted by our theory, this is not a sufficient test for 

prejudice because the treatment-on-the-treated effect will tend to be larger among men if men 

have a higher propensity to be treated (since g(I) is increasing in I). Using weighted 

estimation, where the distribution of male propensities is reweighted to look like that of 

women, is the direct test of the theoretical model. Here, we see that the benefit to CATH is 

lower for women and minorities, and this finding is true regardless of the time-interval that 

the benefit is evaluated over. Finding a lower survival benefit for women and minorities after 

the propensity distributions have been equalized is, in the context of our model, evidence for 

prejudice against men and whites. 

Before exploring explanations for the above result, we first examine the validity of 

three key assumptions that underlie these results. Figure 2 displays the propensities for 

women and men (Panel A), and for blacks and whites (Panel 2). Similar to what was observed 

in the raw means reported in Table 1, itÕs easy to see that men and whites have higher 

propensities to be treated. But the re-weighted male and white distributions (where greater 
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weight is put on the observations that are similar to those of the minority group) look identical 

to those for women and blacks.  

Table 5 examines the validity of differential distance as an instrument in our sample. 

Following McClellan et al. (1994), we split the sample in half and compare average 

characteristics of the sample above and below the median differential distance (-2.0 miles).  

The first two columns show that among all patients, there is a 6.1 percentage point difference 

in the CATH rate between the samples above and below the median, with higher differential 

distance to a CATH hospital associated with lower rates of CATH. These differences are all 

highly significant, even after controlling for the full set of patient controls from the CCP (the 

first-stage F-statistics on differential distance are over 50 for all specifications reported in 

Table 3). 

Our model developed a test for provider prejudice that relied on estimating a treatment 

of the treated parameter, and it is important to confirm that the differential-distance 

instrument is able to recover such a parameter. In the final columns of Table 5 we compare 

average 30-day predicted CATH rates (the propensity to get CATH) for only those patients 

getting CATH in the areas above and below median differential distance.  If the additional 

patients getting CATH in the low differential distance sample were less appropriate for 

CATH, we would expect to see that the average patient getting CATH in these areas would 

have a lower propensity (suggesting that we have estimated a LATE instead of a TT effect).  

In contrast, we see little difference in the sample that is nearer to a CATH hospital. To ensure 

that this pattern is true not only in the means, but also throughout the distribution of 

propensities, in Figure 3 we graph the distribution of propensities for patients who received 

CATH in areas with high and low differential distance. Here too, it is not the case the the 

latter distribution is shifted to the left. Thus, it appears that differential distance is an 

instrument that increases CATH rates among a sample of patients that is very similar (at least 

on observable factors) to the average patient being treated.  

On a priori grounds we would expect that our instrument would estimate a TT effect 

rather than a LATE if differential distance discouraged patients from considering intensive 

treatment before they were informed about the potential benefit of treatment. In this case, 

differential distance would be similar to a randomized trial that made treatment potentially 
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available to some patients, and then among those patients the treatment was given to the 

subset of patients who would benefit. This seems likely, since heart attack patients typically 

have little information at the time of choosing a hospital, and are simply taken to the nearest 

hospital.  Therefore, it appears reasonable on both empirical and theoretical grounds to 

interpret the IV coefficients as estimates of the treatment effect in the treated population.  

 

VI. Understanding Differences in Benefits 

There are a number of reasons for why the benefits to CATH are lower for women and 

minorities. Some of these reasons may actually reflect prejudice and itÕs important to rule 

them out prior to concluding statistical discrimination. Other explanations that we consider 

below, explore the role of followup and costs in determining treatment. 

A. Differences in Triage Rules 

 First we consider the idea that physicians are using different triage rules to rank 

patients (by sex or race) for treatment. If  this were true, the reason for lower benefits for 

women and blacks could be that less appropriate patients from these populations were getting 

the treatment because physicians spend less time and effort in doing the triage for these 

groups. This concern may be evaluated by estimating separate models by race and gender, and 

testing if the !  vector differs from the (common effects) model specified in equation 6.7 We 

also examined whether predicted values from these two models were substantively different. 

The advantage of examining predicted values from the two models is that, in theory, it is 

possible that the two models yield similar estimates when pooling across all patients, but 

produce very different estimates for non-standard patients. For example, it may be the case 

that the common-effects model produces estimates of receiving catheterization that are 

considerably different than those from the race-specific model for extremely young or old 

patients. To examine this possibility we used each patientÕs actual values for each covariate 

and obtained the probability of receiving the treatment from the common-effects and race-

                                                
7 To formally evaluate whether the two models yielded statistically different predictions, we 
performed a Wald test to determine if the interactions effects were jointly equal to zero.  We 
also computed likelihood-ratio tests to assess the fit of the two models, and noted that the 
results were indistinguishable from the conclusion of the Wald tests.  
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specific models. If the two models yield similar predictions (not only on average, but 

throughout the distribution of covariates), then a plot of predictions obtained from the sex and 

race specific models on those obtained from the common effects model, should align along a 

45-degree line. In the two panels of Figure 4 we illustrate this test, and note that the common-

effects model provides an excellent summary of how patients are being triaged. There are also 

no differences by sex and race in these triage rules. These figures also rule out the explanation 

that providers maximize different dimensions of benefit in different populations, or that the 

variance of the unobservables in the triage rule differs by sex and race; each of these 

possibilities would have resulted in different coefficients in the race and sex specific models. 

B. Differences in Knowing Who Benefits From Treatment 

 An alternative explanation for the fact that minorities and women receive lower 

returns is that providers are unaware of how to rank patients: in other words, they use the 

same decision rule to rank patients, but this is the wrong rule. Our theory relies on this 

possibility not being true (equation 5 requires that the benefit from treatment should be an 

increasing function of the propensity to receive intensive treatment). In Table 6 (reproduced 

from Chandra and Staiger (2007)) we report IV estimates of the benefit to CATH for all 

patients in the first row, and then perform separate analysis by CATH propensity, where 

patients are split by high and low values of their CATH propensity. Across all patients, the 

receipt of CATH immediately after a heart-attack increases the probability of surviving to one 

year by 14.2 percentage points. Reassuringly, the benefit is increasing in propensity: for 

patients with propensities greater than the median propensity, the survival benefit is 18.4 

percentage points. It is not statistically different from zero for those with lower propensities to 

receive treatment. This evidence demonstrates that physicians are able to rank patients on a 

single index, the propensity to receive CATH, and they work down that distribution by first 

performing CATH in the most appropriate patients.  

 An even more nuanced version of prejudice involves ignorance in how patients ought 

to be treated. Here, even though physicians use the same decision rule to rank patients, they 

should not. This would happen if medical textbooks and clinical trials are biased towards 

studying the etiology of disease in whites and men, and physicians assume that this 

knowledge applies equally to women in blacks. To evaluate this possibility we need to 
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confirm that the benefit from treatment is the same for men and women (or blacks and whites) 

with the same propensity. Performing this test requires a table similar to Table 6 and requires 

us to split the data by sex, race and propensity, and perform an IV analysis in each of the 

different groups. The CCP data is simply too small to permit these cuts and weÕre working on 

utilizing 10 years of Medicare claims data to perform this vital test. 

C. Differences in Followup 

Here we examine the hypothesis that women and blacks have lower returns at one year 

because of  differences in followup care. In particular, we were concerned that the lower 

benefit reflects less follow-up care for these groups. It is plausible that intensive treatment 

provides similar short-run benefits to blacks and women, but that a lack of follow-up care 

leads to worse outcomes after one year. If instead, the differences noted at one-year reflect the 

benefit of the initial treatment, we should see the lower benefit emerge in the days 

immediately after a heart attack. During this time, the patient is being intensively treated in 

the hospital and there is no room for variation in followup care. Differences in follow-up care 

are potentially important for women (Table 3): the gap in the benefit between men and 

women grows with time, but at 7-days, the difference in benefit is still half of what it is at one 

year. However, for blacks (Table 4) the case for race differences in followup care is weakÑ

the racial disparity in the benefit from CATH is the same at 7-days after the heart-attack, as it 

is at one year. 

D. Differences in Hospital Skill 

 One potential explanation for statistical discrimination in healthcare is that blacks and 

whites go to different hospitals, and that hospitals which treat blacks are not good at the 

intensive management of heart-attacks. This explanation is motivated by Skinner et.al (2005) 

who present evidence that minority surviving hospitals arenÕt particularly good at the 

management of heart-attacks: these hospitals exhibit lower 90-day survival for both black and 

white patients (this explanation cannot be a determinant of gender disparities in care, since 

men and women go to similar hospitals). To explore this theory, we modified equation 7 to 

include hospital fixed effects as well as hospital fixed effects interacted with whether a patient 

received CATH. With these fixed effects weÕre allowing hospitals to vary in their expertise on 

both the intensive and non-intensive dimensions of care. Any remaining difference in the 
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effect of getting CATH by gender and race is the result of within-hospital differences in the 

impact of CATH. Including these fixed-effects resulted in nearly identical estimates to the 

results reported in Tables 3 and 4. Thus, differences across hospitals in the returns to 

treatment are not able to explain the racial or gender differences. 

E. Differences in the Cost of Treatment 

Thus far, we have focused on the survival benefits of treatment.  But the perceived 

benefit from treatment, and therefore the decision to treat, may also depend on the costs of 

treatment if these costs are borne by the patient (through copays and deductibles) or the 

medical care provider (through capitation or prospective payment).  Thinking about the costs 

as well as the health benefits of treatment is useful for two reasons. First, differences in the 

cost of treatment by race or gender may offset the survival differences, e.g. the larger impact 

of CATH on survival for men may be offset by higher costs of doing CATH among men.  

Second, prejudice could appear in a more subtle form if medical care providers placed a 

smaller weight on costs in the decision to treat whites and men Ð implicitly placing a higher 

value on their life.  

Within the model we developed in Section 2, it is straightforward to incorporate costs 

by defining the benefit of treatment (B) to equal the survival benefits net of costs.  Let S 

represent the expected survival benefit from treatment for a given patient, and let C represent 

the expected cost (in 1000s) of treatment for a given patient. Then the net benefit of treatment 

is defined as: 

(8) CSB !"=  

where # is a measure of survival per dollar tradeoff that the medical care provider is willing to 

accept. For example, when #=0, the medical care provider focuses solely on survival benefits 

and ignores costs entirely in the treatment decision.  A value of #=0.002 would imply that the 

medical provider would tradeoff $500k per survivor.  Given that a Medicare patient who 

survives one year after their heart attack gains, on average, about 5 life years (Cutler and 

McClellan, 2002), this would imply a reasonable value of about $100k per life year. A 

minimum value for a life year commonly used in cost-effectiveness studies would be about 

$20k per life year, which implies a value of #=0.01.  Thus, reasonable values of # lie between 

0 and .01. 
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 Letting both the survival benefits and the expected costs of treatment vary across 

patients and depend on patient characteristics allows us rewrite equation 1 in terms of survival 

and costs:  

(1a) SSS FemaleXS !"" ++= 21  

(1a) CCC FemaleXC !"" ++= 21  
(1c) !"" ++= 21 FemaleXB ,   

where CSCSCS andCSB !!!"###"###" $=$=$=$= ,,, 222111  
 
Thus, to incorporate costs into our framework, we need estimates of the difference between 

women and men (or blacks and whites) of the impact of cath on both survival and costs (using 

the same reweighting methods as before so that the propensity distribution is the same for 

both groups).  Estimates for survival are derived as before from estimating equations (7a) and 

(7b). Estimates for cost are derived from the analogous equations: 

Costi = "0 + "1Cath + " 2 (Cath*Female) + "3 Female    + X#  + e  (9a) 

Costi = "0 + "1Cath + "2 (Cath*Black)    + "3 Black + X#  + e  (9b) 

where the dependent variable is cost of care in the one year following the heart attack. 

  For any given value of #, we can test whether the net benefit is the same for blacks and 

whites or for men and women (after matching on propensity) by testing the hypothesis that 

022 =! "#$  (where estimates of ! 2 and "2 come from estimating equations 7 and 9).  

Rejecting this test is evidence of prejudice against the group with the higher net benefit. 

Rather than choosing a value of #, we simply report the range of values for # that are 

consistent with no discrimination, and the values of # that are consistent with discrimination 

against either group. 

 The results of these estimates are reported in Table 7.  We report weighted estimates 

using only OLS, since the IV estimates were imprecise. The top two rows report coefficient 

estimates for the effect of cath on survival (identical to corresponding estimates in Tables 3-

4), the next two rows report estimates for the effect of cath on costs, and the final rows report 

the range of values for # that are consistent with no discrimination or discrimination against 

either group.  Interestingly, both the expected survival benefit and the expected cost of 

treatment are lower for females and blacks.  However, for reasonable values of # (#<.01, as 

discussed previously), these estimates either cannot reject they hypothesis of no prejudice or 
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reject this hypothesis in favor of prejudice against men and whites. Thus, even after 

accounting for lower costs of treatment for women and blacks, we find no evidence of 

prejudice. 

 Throughout this discussion, we assumed that the value of # used to determine the net 

benefit of treatment was the same for all groups.  An interesting alternative would be if 

medical care providers used lower values of # (and hence a higher value of life) for whites or 

males.  While this alternative form of prejudice is plausible, it is inconsistent with two pieces 

of evidence.  First, since the coefficients in the benefit equation (9c) depend on #, different 

values of # by race or gender would necessarily imply different coefficients determining the 

propensity to be treated (the probit equation defined in Equation 6.  But as we have already 

seen, there is little difference (aside from the intercept shift) in the propensity when estimated 

separately by race or gender.  In addition, if # were lower for whites or males this would be 

equivalent to using a lower threshold for determining treatment. As we have already noted, 

lower thresholds for treatment would imply, if anything, lower survival benefits from getting 

cath Ð which is also not consistent with our earlier evidence from Tables 3-4. 

 

VI I . Conclusions 

We have used a simple economic framework to argue that provider prejudice can be 

identified by combining information on the propensity to receive treatment with estimates of 

the benefits this treatment provides to those patients who receive the treatment. In the absence 

of prejudice, this framework assumes that treatment differs by race and gender only if the 

expected benefits of treatment are different. While blacks and women are less likely to receive 

intensive treatment following a heart attack, this is not evidence of prejudice since blacks and 

women may have lower expected benefits of treatment.  Instead, to test for prejudice we 

compare the benefits of intensive treatment among those receiving treatment among blacks 

and women to the benefits among whites and men with a similar propensity to receive 

treatment. If there is prejudice against blacks or women, our model implies that these groups 

should receive higher benefits from treatment (reflecting the higher benefit threshold they 

must overcome to receive care).  We conclude that, if anything, there is prejudice against men 

and whites. 
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 There are a number of reasons that we might observe prejudice against men and 

whites in providing treatment.  First, medical care providers may be aware of the lower 

benefits of treatment among women and minorities, but choose to increase treatment rates for 

these groups (or lower treatment for other groups) because of perceived equity concerns.  This 

behavior may be reinforced by malpractice concerns if providers worry that their decision not 

to treat a patient based on their race or gender could expose them to litigation.  Alternatively, 

medical care providers may be unaware of the extent to which the benefits of treatment are 

lower among women and minorities (since few medical trials separately estimate the benefits 

of treatments by race or gender), or unwilling to make treatment decisions without a 

documented medical reason based solely on a statistical association between benefits and 

gender or race. In this case, women and minorities should be treated less often than observed, 

and would have lower benefits of treatment (because of the factors that were not taken into 

account in the decision to treat, but that lower the benefit of treatment for women and 

minorities). 

 While the current results provide no evidence of prejudice against women or 

minorities, there are some important caveats.  First, in future work it will be important to 

document the mechanism that leads to lower returns to intensive treatment for heart attack 

patients who are female or black.  Some mechanisms, such as differences in the biology of 

men and women, are relatively benign and simply suggest that alternative treatments must be 

developed for women. One might argue that the development of past treatments has been 

biased in favor of those that help white men, but at least current medical care providers are 

not prejudiced.  Other mechanisms, such as lack of prevention (and corresponding presence of 

pre-existing conditions) or lack of follow-up care might reflect prejudice at other points in the 

care process, and therefore would be less benign. For example, the returns to any treatment 

might be low unless other treatments are also being provided, leading to an equilibrium in 

which no treatments are ever provided (although the evidence in Baicker et al. 2004 suggest 

that racial disparities in care within hospitals and within areas are not correlated). 

Understanding the mechanism, therefore, is an important next step in evaluating the welfare 

implications of our results. 
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 Another important caveat is that many of our tests based on IV estimates were 

relatively imprecise, particularly for comparisons of blacks and whites.  In future work, we 

plan to implement the empirical tests using a much large sample derived from Medicare 

claims data from 1992-2005. In such large samples, we will have more precise estimates of 

the benefits from treatment by race and gender, and will also be able to more fully explore 

whether the returns to treatment increase with the propensity to receive treatment for all 

subgroups. 
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Appendix . Construction of CCP Estimation Sample:  

The CCP used bills submitted by acute care hospitals (UB-92 claims form data) and 
contained in the Medicare National Claims History File to identify all Medicare discharges 
with an International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-
9-CM) principal diagnosis of 410 (myocardial infarction), excluding those with a fifth digit of 
2, which designates a subsequent episode of care.  The study randomly sampled all Medicare 
beneficiaries with acute myocardial infarction in 50 states between February 1994 and July 
1995, and in the remaining 5 states between August and November, 1995 (Alabama, 
Connecticut, Iowa, and Wisconsin) or April and November 1995 (Minnesota); for details see 
OÕConnor et al. (1999).  The Claims History File does not reliably include bills for all of the 
approximately 12% of Medicare beneficiaries insured through managed care risk contracts, 
but the sample was representative of the Medicare fee-for-service (FFS) patient population in 
the United States in the mid-1990s.  After sampling, the CCP collected hospital charts for 
each patient and sent these to a study center where trained chart abstracters abstracted clinical 
data.  Abstracted information included elements of the medical history, physical examination, 
and data from laboratory and diagnostic testing, in addition to documentation of administered 
treatments.  The CCP monitored the reliability of the data by monthly random reabstractions.  
Details of data collection and quality control have been reported previously in Marciniak et al. 
(1998). Finally, the CCP supplemented the abstracted clinical data with diagnosis and 
procedure codes extracted from Medicare billing records and dates of death from the 
Medicare Enrollment Database. For each AMI patient we computed Medicare Part A and Part 
B costs within 1 year by weighting all Diagnosis Related Groups (DRGs) and Relative Value 
Units (RVUs) nationally. This measure of costs abstracts from the geographic price 
adjustment in the Medicare program.  

For our analyses, we delete patients who were transferred from another hospital, 
nursing home or emergency room since these patients may already have received care that 
would be unmeasured in the CCP. We transformed continuous physiologic variables into 
categorical variables (e.g., systolic BP < 100 mm Hg or > 100 mm Hg, creatinine <1.5, 1.5-
2.0 or >2.0 mg/dL) and included dummy variables for missing data.  We used date of death to 
identify patients who did or did not survive through each of three time points: 1-day, 30-days, 
and 1-year after the AMI.  For all patients, we identified whether they received each of 6 
treatments during the acute hospitalization: reperfusion (defined as either thrombolysis or PCI 
within 12 hours of arrival at the hospital), aspirin during hospitalization, aspirin at discharge, 
beta-blockers at discharge, ACE inhibitors at discharge, smoking cessation counseling, and 
each of 3 treatments within 30-days of the AMI: cardiac catheterization, PCI, or CABG.  We 
used the ACC/AHA guidelines for coronary angiography to identify patients who were ideal 
(Class I), uncertain (Class II), or inappropriate (Class III) for angiography; these details are 
provided in Scanlon et al. (1999). 

The choice of variables was based on those selected by Fisher et al. (2003a,b) and 
Barnato et al. (2005). With the exception of two variables that are both measured by blood-
tests, albumin and bilirubin (where the rates of missing data were 24 percent), we do not have 
a lot of missing data (rates were less than 3 percent). Furthermore, there is no relationship 
between the presence of  missing values for albumin and bilirubin and the intensity of an area. 
Nor does having missing values for these variables affect the probability of receiving 
catheterization. Included in this model are the following risk-adjusters: 



 

Age, Race, Sex (full 
interactions) 
previous revascularization 
(1=y) 
hx old mi (1=y) 
hx chf (1=y) 
history of dementia  
hx diabetes (1=y) 
hx hypertension (1=y) 
hx leukemia (1=y) 
hx ef <= 40 (1=y) 
hx metastatic ca (1=y) 
hx non-metastatic ca (1=y) 
hx pvd (1=y) 
hx copd (1=y) 
hx angina (ref=no) 
 

hx angina missing (ref=no) 
hx terminal illness (1=y) 
current smoker 
atrial fibrillation on 
admission 
cpr on presentation 
indicator mi = anterior 
indicator mi = inferior 
indicator mi = other 
heart block on admission 
chf on presentation 
hypotensive on admission 
hypotensive missing 
shock on presentation 
peak ck missing 
peak ck gt 1000 

no-ambulatory 
(ref=independent) 
ambulatory with 
assistance 
ambulatory status 
missing 
albumin low(ref>=3.0) 
albumin 
missing(ref>=3.0) 
bilirubin high(ref<1.2) 
bilirubin 
missing(ref<1.2) 
creat 1.5-<2.0(ref=<1.5) 
creat >=2.0(ref=<1.5) 
creat missing(ref=<1.5) 
hematocrit low(ref=>30) 
hematocrit 
missing(ref=>30) 
ideal for CATH 
(ACC/AHA criteria)



 

Figure 1a: Graphical Illustration of Unprejudiced Provider Behavior  
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Figure 1b: Graphical Illustration of Prejudiced Provider Behavior  
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Figure 2: Reweighting the Distributions of Propensities by Sex (Panel A), and Race (Panel B) 
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Figure 3: Distribution of Propensity to receive Catheterization for Patients who received 
Catheterization, by Differential-Distance 
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Figure 4: Predicted Probability of Receiving Catheterization from Alternative Models by Sex 
(Panel A), and Race (Panel B). 
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Table 1: Means by Sex and Race of Selected Variables 
 
 
 
 
 

Total Females Males Blacks Whites

Patient Characteristics

Age 76.7 78.1 75.3 75.6 76.7

Congestive Heart Failure 0.22 0.25 0.19 0.27 0.21

History of Dementia 0.06 0.08 0.05 0.08 0.06

Diabetes 0.30 0.33 0.28 0.42 0.30

Hypertension 0.62 0.68 0.56 0.80 0.61

Non-Ambulatory 0.03 0.04 0.02 0.06 0.03

Ambulatory With Assistance 0.16 0.20 0.12 0.20 0.16

Prediction Based on All Patient Characteristics

Pr(Cath within 30 days) 0.46 0.42 0.50 0.43 0.46

Pr(survive to 1 year) 0.68 0.66 0.69 0.65 0.68

Patient Outcomes

Survive to 1 year 0.67 0.65 0.70 0.67 0.67

cost in 1st year 22.5 21.4 23.7 21.7 22.6

Cath within 30 days 0.46 0.40 0.52 0.39 0.47

Revasc within 30 days 0.30 0.25 0.35 0.21 0.31
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Table 2: Probit estimates [Marginal Effects] of the Effect of Sex and Race on the Probability 
of Receiving Catheterization 
 
 
 Dependent Variable: Cath within 30 days (mean=0.46)

No Controls Full Controls

Effect of:
Female -0.318 -0.165

(0.007) (0.008)
[-0.126] [-0.064]

Blacks -0.159 -0.142
(0.014) (0.016)
[-0.063] [-0.054]

# Observations 138873 138873
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Table 3: Female-Male Differences in the Survival Benefit from Cardiac Catheterization 
 
 
 

cath cath*fem cath cath*fem cath cath*fem cath cath*fem

1 Day Survival 0.049 0 0.052 -0.003 0.06 -0.012 0.087 -0.042
0.002 0.002 0.002 0.002 0.023 0.031 0.028 0.035

7 Day Survival 0.108 -0.005 0.115 -0.013 0.133 -0.001 0.166 -0.035
0.002 0.003 0.003 0.003 0.033 0.045 0.04 0.051

30 Day Survival 0.123 -0.011 0.131 -0.019 0.13 0.011 0.134 0.005
0.003 0.004 0.003 0.004 0.039 0.053 0.047 0.059

1 Year Survival 0.173 -0.027 0.184 -0.033 0.197 -0.118 0.209 -0.132
0.003 0.004 0.004 0.005 0.046 0.062 0.054 0.068

2 Year Survival 0.199 -0.025 0.21 -0.028 0.183 -0.077 0.198 -0.093
0.003 0.005 0.004 0.005 0.047 0.063 0.054 0.068

4 Year Survival 0.213 -0.017 0.221 -0.011 0.164 -0.093 0.188 -0.117
0.003 0.005 0.004 0.005 0.047 0.064 0.054 0.068

OLS (n=138,873) IV (n=129895)
Unweighted Weighted Unweighted Weighted
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Table 4: Black-White Differences in the Survival Benefit from Catheterization 

cath cath*black cath cath*black

1 Day Survival 0.05 -0.011 0.049 -0.012
0.001 0.055 0.002 0.002

7 Day Survival 0.108 -0.032 0.109 -0.036
0.002 0.007 0.002 0.003

30 Day Survival 0.12 -0.03 0.122 -0.032
0.002 0.008 0.003 0.004

1 Year Survival 0.162 -0.036 0.166 -0.039
0.003 0.009 0.003 0.005

2 Year Survival 0.19 -0.043 0.196 -0.045
0.003 0.01 0.004 0.005

4 Year Survival 0.208 -0.055 0.215 -0.054
0.003 0.01 0.004 0.005

OLS (n=138,873)
Unweighted Weighted
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Table 5: WALD Estimates of the Effect of Catheterization of Survival 
 
 
 

  

30-day CATH rate  
 
 
 

1-year Survival  
 
 
 

1-year Predicted 
Survival  

 
 

30-day predicted  
CATH rate for 
patients getting 

CATH  
 DD 

Below 
Median  

DD 
Above 
Median  

DD 
Below 
Median  

DD 
Above 
Median  

DD 
Below 
Median  

DD 
Above 
Median  

DD Below 
Median  

DD 
Above 
Median  

Sample:                  
                  
All patients  48.9% 42.8% 67.6% 66.7% 67.6% 67.2% 62.7% 62.7% 
  (n=1 38,873)                
                  
By Gender                  
   Female  42.5% 36.4% 65.2% 64.7% 65.9% 65.5% 60.9% 61.0% 
     (n=6 8,770)                

   Male  55.1% 49.1% 70.0% 68.8% 69.1% 68.8% 64.1% 63.9% 
     (n= 70,103)                
                  
By Race                  
   Black  41.5% 36.9% 66.7% 66.8% 64.1% 64.6% 60.5% 59.6% 
     (n=8,285 )                

   Non -Black  49.3% 43.2% 67.7% 66.7% 67.8% 67.3% 62.9% 62.9% 
     (n= 130,588)                
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Table 6: Instrumental Variable Estimates of the Effect of Intensive Management on One-Year 
Survival, by Propensity to Receive Catheterization (from Chandra and Staiger, 2007) 
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Table 7a: OLS Estimates of Female-Male Differences in the Net Survival Benefit from 
Intensive Management

Weighted OLS

Dependent Variable: Survival to 1 year
Effect of Cath for Men 0.184

(0.004)

Female-Male Difference -0.033
in Effect of Cath (0.005)

Dependent Variable: Costs in 1st year ($1000)
Effect of Cath for Men 15.033

(0.129)

Female-Male Difference -0.905
in Effect of Cath (0.167)

No Prejudice (a2=0) (.025 -.060)

Prejudice against women (a2>0) (.060 - .100)

Prejudice against men (a2<0) (0 - 0.025)

# Observations 138873



 

Table 7b: OLS Estimates of Black-White Differences in the Net Survival Benefit from 
Intensive Management 
 

Weighted OLS

Dependent Variable: Survival to 1 year
Effect of Cath for Whites 0.166

(0.003)

Black-White Difference -0.039
in Effect of Cath (0.005)

Dependent Variable: Costs in 1st year ($1000)
Effect of Cath for Whites 15.29

(0.131)

Black-White Difference -4.251
in Effect of Cath (0.172)

No Prejudice (a2=0) (.007 -.011)

Prejudice against blacks (a2>0) (.011 -.100)

Prejudice against whites (a2<0) (0 -0.007)

# Observations 138873


