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Abstract

There are large racial and gender disparities in healthcare that are not explained by differences
in patientaccess, preferences, or severity. These disparities are believed to contribute to
differences in health outcomes, and are often ascribed to prajymmviders. 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 benefithresholdoefore poviding care to minority groups; these patients should
therefore have higher returns from being treated. Under statidiscaimination, race and
gender are statistically related to the benefit from treatment. Using data oathaezkt
treatments, wéind no evidence thatf prejudicial behavior against women or minorities by
providers.We alsoevaluatealternativeexplanationgor differences in the treatment of women
and minotties, such aglifferent triage rules, different implicit values of lifgifferent
treatmenbbjectives greater clinical uncertaintylifferences in costs, or differences in

provider skill. We test and reject each of these explanatibrderstanding whywomen and
minoritiesreceive less benefit from intensive treatm#ggerve further examination ake
underlyingcause ofdisparities in the treatment of heart attacks.
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l. Introduction

There are large racial and gender disparities in healthcare that are not explained by
differences irpatientaccess, preferences, or sevetifihese disparities are believed to
contribute to differences in health oatnes, and are often ascribed to prejudicial prosider
[Green et. al (2007Fincher et.al (2004)an Ryn and Fu (2003)\yanian et.al (1999),
Bogard et. al (1994), van Ryan (2002), Schulman et. al (1884)This view is shared by
the Instituteof MedicineDIOM) influential Unequal Treatmemnteportthatreviewedthe
literature on racial and ethniisparitiesn healthcaren order to understand its principal
determinantsThe report concludebatproviderprejudicein the context othe clinical
encountewasamongst the leading determinants of dispai\tigsore important than
insurancejncome,accessandhistorical anccontemporarynequities.The prescription for
such bias is clear: cultural competemi@iningfor physicians and expansions netpipeline
of minority physiciansYet, the case for bias is not establishegt®sence of disparities in
treatment, even in clinically identical patieritgider statisticatliscriminationrace and
genderarestatistically related to the benefit frone@itment because of factors such as
differences in information, biology, provider skill, Tmlow-up care. If providers observe
these factors, or are aware of thearrelationwith race and gendehedifferential treatment
of women and minorities is notdicative of provider biaOf course, even with this
explanation one must be sure that providers correctlysssbe effect of these factors on
benefit ignorance may reflect another dimension of prejudiée note that statistical
discrimination maynot 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 womenlhe key to our model is the Beckerian insight that under prejudice
providers use a higher benefiitresholdoefore providing care to minority groups; these

patients should therefore have higher returns from being trésede note in Section Ilf is

! This is a large literature imedicine and public healtBee the Institute of Medicifs report
Unequal Treatmerfor the single most rigorous survey of this literat{8medleyStith and
Nelson (2003))



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 samé&espte 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, ins&lumen
variables, and OLS (in the absence of selection bias) all estimate a Otreatment on treated®
parameter. This parameter will be different from the benefit to the marginal patient, for in
healthcare, some patiertsing treated wilbenefitmorefrom the treatmentan the marginal
patient And in the absence of observing exactly what the physician observes about the
patient, it is impossible to reger the benefit from treatment to the marginal pati@nt.
proposed test addresses this complicalip 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-gnafitiagO by
police offices, as in Knowles, Persico and Todd (200here, 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 absenagdafeprej
Our approach to identifying the case for provipezjudiceprovides several
advantages over ostensibly simpler methods to evaluate prejudice. It is tempting to perform
auditstudies to see how the providers treat similar patients fromehtfeemographic
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 amorkab
a task that is even more onerous in acute sstthag 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 prejudifidf the therapeutic benefit to these groups is lower (on
average) because of demaside 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 idential concern limits the use of Implicit Association Tests (IAT) where physiciansO
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 gendéepdtieats of



their demographic versus otheas has been done in recent studies of racial bias in motor
vehicle searches (Antonoviesd Knight, 2004Anwar and Fang, 2006However, this
approach can only identify whether there is differential biassagrbysicians of different

race, and previous evidence based on the same data as we use here has found no difference in
thehow white and black physicians treat heart attack patiésr( et al., 2001Morover,

since the care of minority patians hidily concentrated within a small set of physicians,
studieg(including audit studieghatfocus on whether these physicians treat white and black
patients differentlyexcludethe substantial number of physicians who only treaépes of

one race. In theory, such providers may be the ordste leasprejudicial and patients may
sort into providers in way thatakes this evidence very unrepresentative ofltberimination
being faced by a typical patieffieckman,1999.

Secton Il 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 attentio
how the theoretical model outlined in Section Il 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 alternatiéestations 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 ingiivalues of life or having different objectives
of carefor minorities and womerNor do we find support for greater clinical uncertainty for
minority patients, or differences in providers and provider skill.

As noted earlier, statistical discrimination encapsulatzmatellation of explanations
where race and gender are markers of lower benefit. To narrow the set of potential
mechanismsin Section Viwe explore the role of cost differences (if itOs cheaper to perform
the intervention in women and minorities it magtjfy 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 explanat®rbut are encouraged by the preliminary evidence in
favor of the importance of followup care.



In Section VI we offer concluding comments that emphasize different stories that
underlie statistical discrimination against women and minorities. For wonmascant, yet
growing, literature from cardiology emphasizes biological differences in the nature of
cardiovascular disease in men and women. Additionally, lower levels ehadical
followup care to women and blacks after a heart attack may reducetapdttic benefit
from heartattack treatments. Both groups are more likely to be single and socially isolated at
the time of their heart attack.

Il. Theory

A simple model of patient treatment choice will guide our empirical work. In this
model, we asgne that treatment is provided to each patient whenever the expected benefit
from the treatment exceeds a minimal threshbkalis, in the terminology of Heckmadrzua
and Vytlacil (2006), our model allows fessentiaheterogeneityvherethe decision to
provide treatment to eagatientis madewith knowledge of their idiosyncratic response to
treatment. Within this framework there are two ways in which a patientOs race or gender
could affect treatment choice: race or gender could be related to tlotegkpenefit of
treatment, or could alter the minimal threshold that must be met to receivd’cajuedice
exists whenever the expected benefit from treatment for patients of a certain race or gender
must exceed a higher threshold for them to receia¢nrent. 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 teatment 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 theatment, e.g. the impact of the treatment
on Quality Adjusted Live Years (QALYSs). Later, we will also incorporate the expected
impact of the treatment on the patientOs medical costs (to the extent that these costs are borne
by the patient or, perhaps, the medical care provider). Suppose that the expected benefit
from treatmen(that is,the gain in survival relate to not receiving the treatmemi@pends on
the patientOs gender (ignoring race for the moment to simplify the presentation), observable



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 b#ruedbs
by the econometrician (!):
(1) B=X",+Femalée,+!

Note that gender (and race) could be statistically related to the benefit of treatment in
Equation (1) because of differences in biology;exesting medical conditions, followp
care, or quaty 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, difiesandreatment
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 berafit treatment exceeds a
minimal threshold ("), where the threshold can vary by gender (or race):
(2) I'=! +Femaléd,
Women experience prejudice!if > 0 in Equation (2), i.e. if the expected benefits must be

higher for women to eeive treatmertt.

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
treatmervon-the-treated parameter). The probability of reasy treatment is just the
probability that expected benefits exceed the minimum threshold:

(3) Pr(Treatment =1): Pr(B > T): Pr(—s < I),

wherel = X", + Femald", #/,)#!,
Equation (3) highlights why differenge treatment rates by gender (or race), holding all else
equal, are navy themselves evidence of prejudice. Women may be less likely to receive

treatment because of lower expected benefits of treatthgrt 0) or because of
prejudice(! , >0). Thus, it is not possible to identify the effecipoéjudice(’ ,) from binary

dependent variable estimates of Equation (3) alone.

2 Equations (1) and (Fpllow from a Roy model of treatment allocatiowhere gatient
receives treatment if the utility gain exceeds a cost huodlé; .



However, the effect of prejudice can be identified if information on the treatment
effect among the treated population is available. The treaipmethietreated parameter is
defined as:

(4) E(B|Treatment=1)=E(B|! " <1)= X#, + Female#, +E(" |1 " <1)
Noting that X", + Female”, =1 +!, +! ,Female , we can rewrite Equation (4) as:
(5)  E(B|Treatment1)=/,Female+ g(l )
whereg(l)=#+1+E("|!' " <1I)
Equation (5) states that in the absence of prejt(’d)'GEO), two patients receiving treatment

who have the same propensity to get the treatment (9amiehave the same expected
benefit from the treatment. Since the propensity to get the treatment (or equivalently the
index|) can be estimated directly from &&gion (3), we can therefore identify prejudice from

an estimate of the treatmemt-the-treated parameter: If there is prejud(te > 0) the

treatmenton-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 fa@y(l) to depend only on the index, we must assume a
singleindex selectivity model, so that the truncated mean of the error in equation (5) depends
only on the truncation point)( This would not be thease 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 truncatiodpeaaling
to higher expected benefits franeatment 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 taged 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 treatmethetreated
parameter is the same for all men and women in the absence of prejudice. In fact, Equation
(5) implies that the treatment+the-treated effect will tend to be larger among men if men
have a higher propensity to be treated (sg(teis increasing ifl). The treatment 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 tregte@hese are the key empirical implications that we will
test in our empirical work.

The graphical intuition for our model can be seen in Figure la for the case of no
prejudice, and in Figure 1b for the case of prejudice against women. The expectéd benef
from treatment (B) is given on the vertical axis, while the indgwhich determines the
propensity of being treated) is given on the horizontal axis. The thick curve in Figure 1a
represents the treatmemnt-thetreated effect for a patient with indexhat is it gives

E(B|B>!). Treatmenbnthetreated approaches the minimumesshold (") for a patient

with a low propensity of being treated (a very negdfjysince no patient is ever treated with

a benefit below this threshold. For a patient with a high propensity of being treated (a very
positivel), truncation becomes irtant and the treatmeat-the-treated effect asymptotes

to the 45 degree line crossing thaxis at " (representing the unconditional benefit of

treatmentXp, + Femalgd, =1 +t). Figure 1b shows how treatmemtthetreated differs

for men and women ken 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,¢'" ).

When there is no prejudice, as in Figure 1ajeh have a higher propensity to receive
treatment ly>I¢), they will also have greater benefits from treatmegnt@). But in the
absence of prejudice, any two people with the same propensity will have identical treatment
effects if treated. In contrasthen 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
receivetreatmentl>lg), they may have smaller benefits from treatmept<®:) 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 prejaediut 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 exdea threshold, and prejudice exists when the threshold



differs by race or gender. But in the Knowétsal. model, the return to searching motorists in

the absence of prejudice are equalized across all subgroups in equiilmiberwise, police

would alvays 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 p#tiesgsifith

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 subgrowoesdiionally, while our model implies

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

to receive treatment)(

lll. Heart -Attacks: Biology, Treatments, and Data
Heart-Attack Biology and Treatments

Heartattacks occur when the heantiscle (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 otiooagula
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).

We focus orr empirical work on the treatment of AMI for three principal reasons.
First, cardiovascular disease, of which hedtacks are the primary manifestation, is the
leading cause of death in the US. A casual perusal of the leading medical journals would
indicate that heatattack treatments are constantly being refined, and large body of trial

% In angioplasty, @atheter (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 balit®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 thenawith the blockage is
bypassed using grafts (veins from the legs or chest) taken from other parts of ti@thedy.
lessinvasive (and remarkably cheap) treatments are also required for the successful
management of heaattacks: betdlockers, ACEmhibitors and aspirin are vital components
of high-quality care.



evidence points to large therapeutic gdmosn many of these treatments. In this context,
racial and gender disparities in treatments may directly translate intivésstThis view is
shared by others, and there is a rich tradition of studying disparities in treatments and
outcomes after headttacks (Barnato et.al (2005), Skinner et.al (2006), Jha et.al (2007)).

Second, because mortality p@g¥ll is high (survivalrates at one year are less than 70
percent), a weltlefined endpoint is available to test the efficacy of kathack treatments.

This would not be true if we focused on treatment disparities for more chronic conditions such
as diabetes, chronic obstrivet 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 jodice comprehensively. 09110 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 asuch for treating heart attadkst 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 fttaekdg,
as in Chandra and Staiger (2007), the fact that patients are generally taken to the nearest
hospital for treatment, renders the nature of treatment receivedgenexis 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 sideffects and treatment datron.

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 evidwsassa practice
guidelines into the care of heart attack patients, begu@dg, 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 fromadirrecords. The CCP is considerably
superior to administrative data (of the type used by McClellan et al. (1994)) as it collects chart



data on the patieritsdetailed information is provided on laboratory tests, the location of the
myocardial infraction, iad 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, excludingpisodes 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 8nmonth period between 1994 and 19B8tailed clinical data were
abstracted from each patientOs chart using a standard protocol. For our analysis, we included
only whites or blacks and excluded all patients who were transferred from anoéngeeay
room or acute care facilitfzurther details about the CCP data are available in Marciniak et.al
(1998) and OOConnor et.al (1999) the data Appendix we provide a detailed account of the
estimation sample used in this paper. Following the wbMaglellan et al. (1994) and
McClellan and Newhouse (199%ye measure the use of intensive therapy by focusing on the
use ofcardiac catheterization since it is a watiderstood marker for surgically intensive
management of patienBatients who receed bypass or angioplasty are included in the set

of persons receiving catheterization, and therefore, intensive treatment.

IV. Estimation

We use data on heaattack treatments to estimate the key components of our model,
and follow earlier work in usingeceipt 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
receivedcardiac catheterization within 30days of the ha#tdick on gender, race, and all the
CCP riskadjusters (X):

Pr(Cardiac Cath)= F('o + "1 Female +,Black + X# + u) (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 théltheory
in practice because of ignorance, prejudice, or actual knowlguigejders may attach
different weights to each of the covariates by race and gender (for exanepéffect of

10



diabetes of age may operate differently in blackkgrnatively, the variance of the
unobservables (ucould differ by race and gender if there is greater clinical uncertainty in
how women and minorities should be treated. Becaudet pnodels estimaté/”
differences in the variances of the unobservable characteristics will manifest themselves by
scaling the estimateddvectorup or down in models that are separately estimated by race and
gender Finally, if it is the case that primlers 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 whés? Each of these three concerns magbaluatecby estimating separate
models by race and gendand testing to see if thlevector differs from thenodel specified
in equation6. In the empirical work, weo 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 treatmgreeater 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 figgevomen(equation 7a) and
minorities (equation 7b), and focusing on the interaction term with CATH:

Survival = ! o+ ! 1Cath + !, (Cath*Female) + s Female + X# + e (7a)

Survival =1 o+ ! 1Cath + !, (Cath*Black) + !3Black+ X# + e (7b)

In equation 74,1 is the survival gain from CATH for men, ahg is the differential
benefit for women!(;=Bn, ! 2= B¢- Bm). However,! ; 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! thatO isnot sufficient evidenceo

conclude that there is rpyejudice against women, if women are generally less appropriate for

* In the context of the theory (equation 3), a patient receives treatment if the benefit exceeds a
hurdle:Pr(Treatment =1)= Pr(B >7)=Pr(-e <), wherel = X", + Femald", #!,)#!,. If

the definition of benefit vargeby race or gender, so will in models that are separately

estimated by race or gender.
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treatment and consequently, have lower treatment propenditieger statistical
discrimination, our model states that the treatranteated (TT) effect is the same only for
men and women with treame propensitio 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 shrebalancing, we follow the insightsBarskyet.al(2002) and
reweight the distribution of male propensities to look like the female (black) distribution of
propensities at the time of estimatfofihe rebalancing takes men who areikir 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 ohvea are in each of these
percentiles. Suppose thag percent of men are in tipgh percentile of the female distribution
of propensity. For these men, we will assign them a weighthpf We provide evidence of
the success of this strategy in the ressgistion.

A second complication that we address in the empirical work is the potential
endogeniety of CATH. Here, we follow two approadhé3LS and instrumental variables.
We justify the former by noting that the CCP data contains a vastly richer setobtes
than administrative claims data, and consequently, has been used by clinicians to justify a
Oselection of observablesO approach in the medical literature. However, even though we have
excellent information on the patientOs clinical condition aisatbn, 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 select 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

® Formally, one can see this by noting ttret (B)enefit to men and women may be expressed
as

Bm= ¥E(Benefit| Cath=1, Male, 1) g(l|Male) di

Bi= ¥E(Benefit| Cath=1, Female, 1) g(I|Female) dI

® In other words, we estimate the benefit to men as:
Bm= E(Benefit| Cath=1, Male, 1) g(l|Female )dI

12



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 usentidder
distance (measured as the distance between the patient@dezgd residence and the nearest
catheterization hospital minus the distance to the nearestatibrinospital) as an instrument
for intensive treatment, with a negative value of diffae¢mlistance indicating that the
nearest hospital is a cath hospi&imilarly, we instrumented for the interactions of cath with
race and gender using interactions of differential distance with race and g&¥ed=pped
differential distance at +25 mniles 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
tecmiques recovers a treatment on treated effect (as opposed to a local average treatment
effect). In the results section, \meguethat our instrument, differential distance to the nearest
catheterization hospitahas 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 haddck, and perhaps consequently, theyOre
also substantially sicker, as measured by the presence ofdikme andhypertension.
Blacks are younger than whites, but have significantly higher rates offaibae 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 {ioeds made using all
the CCP databut not using race or genjlefhese 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 providg@rejudice. Tale 1 also demonstrates that women and
minorities are substantially less likely to receive catheterization and revascularization after
their first hearattacks.

Table 2 reports the effect of sex and race receipt of cardiac catheteNzaigoginal
effectsare ported in parenthesis. Predictions from this model, which represents equation 6,
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provides the index | 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 likedyvto re
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 treatmemiell 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 blackd he 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 cefficient 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 prolaislitywiving
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 treatmentthe-treated effect will tend toeblarger among men if men
have a higher propensity to be treated (sg(teis increasing in). Using weighted
estimation, where the distribution of male propensities is reweighted to look like that of
women, is the direct test of the theoretical modele, we see that the benefit to CATH is
lower for women and minorities, and this finding is true regardless of therttergal that
the benefit is evaluated over. Finding a lower survival benefit for women and minorities after
the propensity distributits have been equalized is, in the context of our medelence 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 digpgy®pensities 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, itOs easy to see that men and whites have higher
propensities to be treated. But thenreighted male and/hite 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 distafiariles).

The first two columns show that among all patients, there is a 6.1 percentagdifference

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 setpaitient controls from the CCP (the
first-stage Fstatistics on differential distance are over 50 for all specifications reported in
Table3).

Our model developed a test for provider prejudice that relied on estimating a treatment
of the treated parameteamnd it is important to confirm that the differentibétance
instrument is able to recover such a parametehdtinal columns of able5 we compare
average 3@lay 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, butthlsaghout 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 lefthus, 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 wevould expect thabur instumentwould estimate a TT effect
rather than a LATH differential distance discouraged patients from considering intensive
treatment before they were informaldout the potential benefit of treatmdntthis case,
differential distance would be similty 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
subsebf patientsvho would benefitThis seems likely, sindeeart attaclpatients typically

have littleinformationat the time of choosing a hospital, and are simply taken to the nearest
hospital. Therefore, it appears reasonataeboth empirical and theoretical grounds

interpret the IV coefficients as estimates of the treatment effect in the treatedipapula

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 itOs important to rule
them outprior to concluding sttistical discriminationOther explanationthat we consider
below, explore the role of followup and costs in determining treatment.
A. Differences in Triage Rules

Firstwe considethe idea that physicians are using different triage rules to rank
patierts (by sex or race) for treatmefitthisweretrue thereasorfor lowerbenefitsfor
women and blacksould bethat less appropriate patients from these populati@negetting
the treatment because physicians spend lessamaheffort indoingthe triage fothese
groups This concermmay be evaluated by estimating separate models by race and gender, and

testing if the/ vector differs from thécommon effectsinodel specified in equation’8\Ve

alsoexamined whether predicted values from titesemodels were substantively different.
The advantage of examining predicted values from the two models imttiegory, it is

possible that the two models yield similar estimates when pooling across all patients, but
produce very different estimatés nonstandard patients. For example, it may be the case
that the commoseffects model produces estimates of receiving catheterization that are
considerably different than those from the rapecific model for extremely young or old
patients. To examinthis possibility we used each patientOs actual values for each covariate
and obtained the probability of receiving the treatment from the corefifects and race

" To formally evaluate whether the two models yielded sizdi$t different predictions, we
performed a Wald test to determine if the interactions effects were jointly equal to zero. We
also computed likelihoodatio tests to assess the fit of the two models, and noted that the
results were indistinguishable fraitme conclusion of the Wald tests.
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specific models. If the two models yield similar predictions (not only on average, but
throudhout the distribution of covariates), then a plot of predictabtained from the sex and
race specific models dhoseobtainedrom thecommon effects modethould align along a
45-degree lineln the two panels dFigure 4 we illustrate this test, andte that the commen
effects model provides an excellsaimmary of how patients are being triaged. There are also
no differences by sex and race in these triage rilesse figures also rule out the explanation
that providers maximize different dimenssoof benefit in different populationss;, that the
variance of the unobservables in the triage rule diffigrsex and race; each of these
possibilities would have resulted in differeaefficientsin the race and sex specific models.

B. Differences inKnowing Who BenefitsFrom Treatment

An alternative explanation for the fact that minorities and women receive lower
returns is thaproviders are unaware of how to rank patiemsither wordsthey use the
same decision rule to rank patients, but thitéswrong rule. Our theory relies on this
possibility not being trueequation 5 requires thtite benefit from treatmesthould bean
increasing function of the propensity to receive intensive treatneritable6 (reproduced
from Chandra and Staige2q07)) 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 propen&dsoss all patients, the
receipt of CAH immediately after a headftadk increases the probability efirvivingto one
year by 14.2 percentageints Reassuringly, thbenefit is increasing in propensity: for
patients with propensities greater than the median propensity, the survival iself&#t
percentage points. It is not statistically differerotm zerofor those with lower propensities to
receive treament.This evidence demonstrates that physicians are able to rank patients on a
single index, the propensity to receive CATaid theywork down that distribution by first
performing CATH in the most appropriate patients.

An even morewuancedversion of prejudice involhgignorance in how patients ought
to be treatedHere,even thouglphysicians use the same decision rule to rankepaEtthey
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 appliesquallyto women in blacks. Tevaluate this possiliiy we need to
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confirm thatthe benefifrom treatment ishe same for men and women (or blacks and whites)
with the same propensiti?erforming this tesequires a table similar to Taldeandrequires
us to split the data by sex, race and propenraity perform an IV analysis in each of the
different groupsThe CCP data is simply too small to permit thests and weOre working on
utilizing 10 years of Medicare claims data to perform vite test.
C. Differences in Followup

Herewe examine the hyploesisthat women and blacks have lower returns at one year
because ofdifferences in followup care. In particular, we were concerned thatvleg lo
benefitreflectslessfollow-up care for these groups.is plausible thaintensive treatment
provides snilar shortrun benefits to blacks and women, but that a lack of follgppacare
leads to worse outcomes after one ydanstead,the differences noted at oyear reflecthe
benefit of thanitial treatmentwe should se¢he lower benefit emerge in the days
immediatelyafter aheart attackDuring this time, the patient is being intensively treated in
the hospital and there is no room for variation in followup care. Differences in fofjavare
are potenally important br women (Table 3): the gap in the benefit between men and
women grows with time, but atdays, thalifferencein benefit is still half of what it is aine
year.However, for blacks (Table 4) the case for race differences in followup care i§l weak
the racal disparityin the benefit from CATH is the same atldys after the heaadttack, as it
is at one year.
D. Differences in Hospital Skill

Onepotential explanation fastatisticaldiscrimination in healthcare is that blacks and
whites go to different hepitals, and thdtospitals which treat blackse not good at the
intensive management of heattacks.This explanation is motivated I8kinner et.al (2005)
who present evidencthat minoritysurviving hospitals aredt particularly good at the
managemerof heartattacks: these hospitals exhilatver 90-day survival for both black and
white patientgthis explanation cannot be a determinant of gender disparities jrsicene
men and women go to similar hospijalBo explore this theory, we modifieduation 7 to
include hospital fixed effects as well as hospital fixed effects interacted with whether a patient
received CATH. With these fixed effects @ allowing hospitals to vary in their expertise on

both the intensive and nentensive dimensionsf @are.Any remaining difference in the
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effect of getting CATH by gender and race is the result of whibgpital differences in the
impact of CATH.Including thesdixed-effectsresulted in nearly identicaistimatego the
results reporte in Tables 3 and4. Thus, differences across hospitals in the returns to
treatment are not able to explain the racial or gender differences.
E. Differencesin the Cost of Treatment

Thus far, we have focused on the survival benefits of treatment. But the perceived
benefit from treatment, and therefore the decisidnetat, 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 benefitsttdatment 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, prejdice could appear in a more subtle form if medical care providers placed a
smaller weight on costs in the decision to treat whites andbimeplicitly placing a higher
value on their life.

Within the model we developed in Section 2, it is straightfoivt@incorporate costs
by defining the benefit of treatment (B) to equal the survival benefits net of costS. Let
represent the expected survival benefit from treatment for a given patient, @rdpeesent
the expected cost (in 1000s) of treatmentafgiven patient. Then the net benefit of treatment
is defined as:
(8) B=S"/C
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 val#e00®02 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
MccClellan, 2002), this would imply a reasorabhlue of about $100k per life year. A
minimum value for a life year commonly used in eelfectiveness studies would be about
$20k per life year, which implies a value of0#1. Thus, reasonable values of # lie between
0 and .01.
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Letting both the swival 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:

(la) S=X"°+Femalg; +/°
(la) C=XBS +Femalgs +¢°
(1c) B=X",+Femal¢e',+!,
whereB=S-AC, B, =8"-AB ., B, =B —ABs,ande =¢£° —¢°

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 asobbefso 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:

Cost = "o+ ";Cath +" ,(Cath*Femal¢ + "; Female + X# + e (9a)

Cost = "o+ "1Cath +",(Cath*Black) +";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 exfii is the same for blacks and
whites or for men and women (after matching on propensity) by testing the hypothesis that

$,! "#, =0 (where estimates % and", come from estimating equations 7 and 9).

Rejecting this test is evidence okjudice 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 gup.

The results of these estimates are reported in Tabige report weighted estimates
usingonly OLS since the IV estimates were impreci$ée top two rows report coefiamnt
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 ofatu@s<.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 blagk 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 value# ¢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 (9¢c) 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 pigpehen 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 anytdp lower survival benefits from getting
cathbwhich is also not consistent with our earlier evidence from Tabfes 3

VI1. Conclusions

We have used a simple economic framework to argue that provider prejudice can be
identified by combining informatioan 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 beefits 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 {@sjtmlice 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 mopkés 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 reasohattwe 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 treagnt 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. Altgrnativel
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 treatmeniatecisithout 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 (becausesdattiors 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 casedtirst, 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 relaly 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 prejuiced. Other mechanisms, such as lack of prevention (and corresponding presence of
pre-existing conditions) or lack of followp care might reflect prejudice at other points in the
care process, and therefore would be less beRmnexample, the returns any treatment
might below unless other treatments are also being provided, leadargetuilibriumin
which no treatments areverprovided(although the evidence in Baicketral. 2004uggest
thatracial disparities in care within hospitals andhivi 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 impreciseparticularly 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 1992005. In such large samples, we will have more precise estimates of
the benats 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 hospitals9Q@J8aims form data) and
contained in the Medicare National Claims History File to identify all Medicare discharges
with an International Classifation of Diseases, Ninth Revision, Clinical Modification (KCD
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
benefigaries 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, lowa, and Wisconsin) or April and November 1995 (Minnesota); for details see
O@onnor 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 Medicaréofeservice (FFS) @tient population in
the United States in the mi®90s. 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 elenseritthe 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 codiction 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
MedicareEnrollment Databasé&or 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 eaanisphysiologic variables into
categorical variables (e.g., systolic BP < 100 mm Hg H00 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 suvei through each of three time pointsddy, 30days,
and lyear 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 hoursof arrival at the hospital), aspirin during hospitalization, aspirin at discharge,
betablockers at discharge, ACE inhibitors at discharge, smoking cessation counseling, and
each of 3 treatments within @M&ys of the AMI: cardiac catheterization, PCIC#BG. We
used the ACC/AHA guidelines for coronary angiography to identify patients who were ideal
(Class 1), uncertain (Class 1), or inappropriate (Class Ill) for angiography; these details are
provided in Scanlon et al. (1999).

The choice oWvariables was based on those selected by Fisher et al. (2003a,b) and
Barnato et al. (2005)Vith 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 thakplibpof receiving
catheterizationlncluded in this model are the following rigkljusters:
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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 (1y

hx leukemia (1=y)

hx ef <= 40 (1=y)

hx metastatic ca (1=y)

hx nonmetastatic 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 presentatio
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)
ambulabry 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 la: Graphical Illustration of Unprejudiced Provider Behavior




Figure 1b: Graphical lllustration of Prejudiced ProvidehBvior
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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
Catheteization, by DifferentialDistance
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Figure 4: Predicted Probability of Receiving Catheterization from Alternative Models by Sex
(Panel A), and Race (Panel B).

Males Females

Predictions from Sex Specific Model

T T T T T T T T T T T T T T

0.1 2 3 456 .7 8 91 0.1 .2 3 456 .7 .8 91
Predictions from Common-Coefficients Model

Non-blacks Blacks

Predictions from Race Specific Model
w

1 2 3 45 6 .7 8 91 0.1 .2 3 4.5 6 .7 .8 .91
Predictions from Common-Coefficients Model

o

33



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) 0.46 042 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

costin 1st year 225 214 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



Tale 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: Femaldlale Differences in the Survival Benefit from Cardiac Catheterization

1 Day Survival

7 Day Survival

30 Day Survival

1 Year Survival

2 Year Survival

4 Year Survival

OLS (n=138,873)

IV (n=129895)

Unweighted Weighted Unweighted Weighted
cath | cath*fem | cath |cath*fem| cath |cath*fem| cath | cath*fem
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
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
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
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
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
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
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Table 4: BlackWhite Differences in th&urvival Benefit from Catheterization

OLS (n=138,873)
Unweighted Weighted
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




Table 5: WALD Estimates of the Effect of Catheterization of Survival

30-day CATH rate 1-year Survival 1-year Predicted 30-day predicted
Survival CATH ratefor
patients getting
CATH
DD DD DD DD DD DD DD
Below Above Bdow Above Below Above DD Bdow Above
Median Median M edian Median Median Median Median M edian
Sample
All patients 48.9% 42.8% 67.6% 66.7% 67.6% 67.2% 62.7% 62.7%
(n=138,873)
By Gender
Female 425% 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: Instrumenta¥ariable Estimates of the Effect of Intensive Management orY@ae

Survival, by Propensity to Receive Catheterizafoom Chandra and Staiger, 2007)

TABLE 1
INSTRUMENTAL VARIABLE ESTIMATES OF INTENSIVE MANAGEMENT AND SPENDING ON

ONE-YEAR SURVIVAL BY CLINICAL APPROPRIATENESS OF PATIENT

INSTRUMENTAL VARIABLE ESTIMATES OF

Impact of Cath

On One-Year

On One-Year

Impact of $1,000 on

Survival Cost ($1,000s) One-Year Survival
SAMPLE (1) (2) (3)
A. All patients (N = 129,805) 142 9.086 016
(.036) (1.810) (.005)
B. By cath propensity:
Above the median (N = 184 4.793 .038
64,799) (.034) (1.997) (.017)
Below the median (N = 035 17.183 .002
65,096) (.083) (3.204) (.005)
Difference 149 —12.39 036
(.090) (3.775) (.018)
C. By age:
65-80 (N = 89,947) 171 6.993 024
(.037) (1.993) (.009)
Over 80 (N = 39,948) 016 16.026 .001
(.108) (2.967) (.007)
Difference 155 —-90.033 023
(.114) (3.574) (.011)

NotE.—Cath propensity is an empirical measure of patient appropriateness for intensive treatments. We define this
measure by using fitted values from a logit model of the receipt of cardiac catheterization on all the CCP risk adjusters.
Differential distance (measured as the distance between the patient’s zip code of residence and the nearest catheter-
ization hospital minus the distance to the nearest hospital) is the instrument. Each model includes all the CCP risk

adjusters, and the standard errors are clustered at the level of each HRR.
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Table & OLS Estimateof FemaleMale 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)

Ranges of A between 0-0.1 that are consistent with:

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

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

Prejudice against men (a2<0) (0 - 0.025)
# Observations 138873
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Table 7b: OLS Estimates of Blatkhite 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)

Ranges of A between 0-0.1 that are consistent with:

No Prejudice (a2=0) (.007 -.011)
Prejudice against blacks (a2>0) (.011 -.100)
Prejudice against whites (a2<0) (0 -0.007)

# Observations 138873




