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1. Introduction

In this paper, we develop and apply methods for addressing two core problems in evauating the
qudity of medicd care: determining the effect of medicd treatments on patient outcomes, and determining
whether and why hedth outcomes differ across hedlth care providers.

Randomized controlled trids are generdly regarded as the only definitive method for estimating
treatment effects. However, in response to a variety of percelved problems with randomized controlled trids,
ranging from their expense and timeliness to their externd vaidity and the “ethical” problems of conducting
trids for many commonly-used trestments, some investigators have advocated supplementing dclinica-trid
results with andlyses of various types of observationd data. As medica data systems improve, increasingly
detailed observationd data on large patient populations have become available for potentiad use in such
studies. These datainnovations do not diminate the centra problem with observationa data: trestments are
not randomly assigned across patients and are likely to be related to hard-to-measure factors that al'so
influence outcomes.

Two magjor approaches have been taken to this problem of endogenaty in estimating trestment
effects (see McCldlan and Noguchi, 2000). One approach has been to collect detailed patient information
(e.g. from charts) and control directly for risk factors other than treatment that may influence patient
outcomes. This approach isinevitably limited becauseit is difficult to measure al of the patient preferences,
comorbidities, and other characteritics that may influence both trestment choice and outcomes; relative to
the many complex patient characteristics that are observed by patients and their hedlth care providers and
that may influence trestment choices, the effects of particular medical treatments are often quite modest. A
second gpproach has been to use instrumenta variables (V) estimation. In IV estimation one uses observed

variables (indruments) that influence treatment decisions but are assumed to be unrelated to patient risk



factors, to identify how treatment variation independently influences patient outcomes. This gpproachis
limited by the avallability of suitable instruments with adequate explanatory power, particularly in casesin
which many treatments must be considered (see McClelan and Newhouse, 2000).

In this paper we propose amethod of estimating treatment effects that combines these two prior
approaches, that makes more efficient use of “good” variation in treatments that gppears unrelated to
individud characterigtics, and that clearly describes which trestments are separately identified. We estimate
modd s of the effects of medicd trestments on individua patients based on hospital-level and area-level
variation in trestment intendty as an instrument for the trestment variables. We focus on hospita-leve
andyds, after controlling for the observable risk factors, we argue that variation in trestment across hospitals
isunlikely to be related substantidly to unobserved risk factors affecting patient outcomes— in contrast to the
variation in patient treetments within hospitals. To do this, we develop a new estimator, based on a Genera
Method of Moments (GMM) approach derived from methods developed in McCldlan and Staiger (1999,
1999, 2000), which dlows more precise identification of true or systematic variation in treetments and
outcomes across hospitals. Because these treatment variations occur at the level of hospitals or smdll areas
and do not appear to be related sgnificantly to differencesin patient mix, they provide a much more powerful
gpproach to identifying consegquences for patient outcomes.

Thisfeature of our approach dso makesit rdlevant to evauating qudity of care of different hedth
care providers. Because patients can never be effectively randomized to dternative hospitas or other
medica providers, observationd data will dways provide the foundation for comparisons of qudity across
providers. In addition to the problems of bias that generadly confound observationa studies, provider-leve
studies are dso complicated by substantid noise. Many patient and other factors influence most treatments

and outcomes of interest, and most providerstreat only alimited number of patientsin aparticular time



period. Inaddition, many dimengons of qudity — numerous different processes of care and outcomes — may
be rdevant to the judgments of patients and their physicians about qudity of care. Asaresult, virtualy dl
estimates of provider quality reported to date are very imprecise and incomplete, and many experts have
expressed doubt whether meaningful empirical qudity assessment isfeasble at dl for most aspects of
medica care (see McCldlan and Staiger, 2000, for amore detailed discussion). In this paper, we not only
develop and gpply methods for obtaining more precise estimates of many dimengons of trestment at the
hospitd levd amultaneoudy; we dso develop and gpply methods for summarizing these many dimensions
accuratdy and determining whether these differences in practice patterns help explain the subgstantid
differencesin hedth outcomes that we a S0 observe across providers. Thus, our methods help address many
of the difficult issuesin evduating hedth care providers.

We apply our GMM method to evaluate hospitals and the effects of the treatments they provide for
elderly Americans with heart attacks. We use detailed medical chart review data and linked Medicare
adminigtrative records from the Cooperative Cardiovascular Project on over 170,000 elderly heart attack
patients from 1994-1995. Our andyssincludes avariety of medicd and surgicd treatments thought to
improve survivd following a heart atack, including cardiac catheterization, angioplasty, bypass surgery, the
use of aspirin, and the use of beta blockers. To evduate the methodology, we compare our GMM estimates
to dternative estimates based on OL S regresson and ingrumentd variables methods.

We present anumber of empirical results that provide support for the GMM method. Firgt, we
document that there is considerable systematic variation in trestment intensity across hospitals. Second, we
find that the GMM method, which uses this variation in trestment intengty across hospitals to estimate
treatment effects, yields treatment effect estimates that are quite Smilar to recent 1V estimates (e.g.,

McCldlan et d., 1994) but that are considerably more precise. In addition, the GMM estimates appear to



be robugt to controlling for detailed information on patient severity. Findly and most importantly, we are
able to reach a number of conclusions about how medica practices for heart attack care differ across
hospitals, and the consequences of these differences for heart attack mortdity and for providing indghts into

why some hospitals are able to achieve much better mortality outcomes than others.

2. Background
A. Estimating treatment effects

Unbiased estimation of treetment effectsis of mgor interest in many branches of gpplied economics
and gatidtics, for usein guiding individua decisonsinvolving treetment use as well as policy decisons that
may influence treatment use. The gold-standard method for estimating treatment effects without biasisthe
randomized controlled trid, in which subjects are randomized to receive ether the treatment of interest or a
“control” treatment protocol that differs only in awel-defined trestment of interest. But randomized trids
are often very costly, and individuas often do not want to be subject to randomization when expensive
treatments and important outcomes are at stake, and when they have some prior beliefs about expected
benefitswith each dterndtive. Moreover, it may be especidly difficult to enroll asufficient number of
patients to estimate relevant treatment effects precisdly. Peatients and their physicians may believe, based on
limited evidence, that a particular thergpeutic dternative may be more beneficid for them; especidly if the
trestment decisons have potentidly important implications for survivd (e.g., mgor treatments for heart
attacks), they may rationdly believe that randomization is not worthwhile.

These limitations of randomized studies have resulted in continued interest in the estimation of
treatment effects with observational data. One set of observationd-data techniquesis based on direct

comparisons of treated and non-treated individuals. These methods use regression techniques, case-control



comparisons within smilar subgroups, or related adjustments such as propensity scores to account for
observable differences between treated and non-treated groups that may result directly in outcome
differences. Bias concerns arise because these methods assume no substantial correlation between trestment
choice and many unmessured factors or “omitted variables,” including unmeasured differencesin the
individuas sdlected into the trestment groups as well as unmeasured differences in other treatments and
environmentd conditions to which the groups are exposed.

Another set of observationa-data methods, instrumental -variables methods, rely instead on
comparisons between groups that differ in an observable way that is assumed to influence trestment choice
but not to influence outcomes directly -- much like randomization in aclinicd trid.  The indrumenta-
variables methods, however, will be biased if the instrumental varigbleis correlated with unobserved
individud or environmentd factors that dso affect outcomes. Moreover, changesin the vaue of insrumenta
variables generdly affect treatment for only a subset of individuds, so that the consequences of any such
correlation are multiplied. Findly, gpplication of thismethod in practice is limited by the avallability of
suitable instruments, particularly in Stuations where there are many dimensions of trestment. Lingering
concerns about the potential for bias, dong with practicd detalimitations in terms of suitable insruments and
measures of patient severity, have limited the acceptance of observationd methods for estimating treatment

effects.

B. Evidence on treatment effects for heart attack patients
In this paper, we focus on treatment of heart attacks. Heart disease is the leading cause of death in
the United States, and heart atacks or acute myocardia infarctions (AMIs) are directly or indirectly

respongble for most of these desths. An important set of intensive treatments for heart attack care begins



with cardiac catheterization, a procedure that visualizes blood flow to the heart muscle through continuous
radiologic pictures of the flow of dye injected into the coronary arteries. If this procedure detects substantial
blockages, it may be followed by a*revascularization” procedure intended to improve blood flow to the
heart. The two commonly-used types of procedures are angioplasty (PTCA, or percutaneous trandumina
coronary angioplasty), which involves the use of abaloon a the end of a catheter to iminate blockages,
and bypass surgery (CABG, or coronary-artery bypass graft surgery), amagjor openheart surgicd
procedure to bypass the areas of blockage. 1n addition, patients can be treated with avariety of drugs
following ther heart attack. These include aspirin and thrombolytics (which inhibit clotting, and thereby
improve blood flow to the heart) and Beta blockers and ACE inhibitors (which reduce demand on the heart,
thereby reducing required blood flow to the heart).  All of these drug treatments have been shown to reduce
AMI mortdity sgnificantly, though most of the studies did not use elderly AMI patients.

Despite the importance of heart attacks for population health and the importance of these intensve
procedures for hedlth care resource use, the procedures have been studied in only afew randomized clinica
trias. Severd trids were performed for bypass surgery in the early 1980's and on angioplasty in the
following years, in generd, these trias found limited mortality benefitsin afew subgroups of patients*
Nonethd ess, the procedures have become much more widely used in heart attack patients, for severd

reasons. Firg, the equipment qudity and technica skill of personnel involved in the procedures has

Trids of bypass surgery versus no intensive procedures included a VA study and a European trid. Tridls of
angioplasty included Erbe et d. (1986), Smmoons et d. (1989), TIMI Study Group (1989), and Zijlstra et
d., 1993. Mos of these studies focused on the immediate use of angioplasty, rather than itsuse a al during
the episode of treatment for heart attack. Reflecting changes in expectations about trestment benefits, recent
trias have focused on narrower questions about use of the intengve procedures, such as the timing of
catheterization (e.g., Cdliff et d., 1991), the choice between angioplasty and bypass surgery, and the use of
catheterization in very narrow subsets of patients (e.g., VANQWISH Study Group, 1998).



improved substantidly since the time of the trids, leading to much lower complication rates. Second, trids
on many types of heart disease patients, such as women and the elderly, were regarded astoo codly to
justify additiond studies given the previous trid results. Third, as experience accumulated, fewer and fewer
patients were willing to be randomized for such an important decision as undergoing an intensive cardiac
procedure. Aswith many other intensive medica technologies, these heart procedures are now used in a
much broader range of patients than have been explicitly supported by randomized trias.

Consequently, these procedures have been studied frequently using observational methods. Studies
based on direct comparisons of treated and non-treated patients have generdly found that intensve cardiac
procedures like bypass surgery were associated with significant and substantia mortality reductionsin these
additiond patients, even after accounting for observable differences. For example, using the propensity-
score method, Rosenbaum and Rubin (1984) estimate a large improvement in functiond status and in surviva
for patients with heart disease undergoing bypass surgery. In contrast, observationd studiesusing
ingrumenta- variables methods (based on adminigtrative data with little clinica detail) have found smaler
mortaity effectsin patients undergoing procedures, and the effects gppeared to be due at least in part to
acute treatmernts other than catheterization (e.g., McClelan, McNell, and Newhouse, 1994; McClelan and
Newhouse, 1997). Thus, different observationd estimation methods appear to give substantialy different
results. The source of the differencesis not clear, athough recent work that controls for detailed patient
Severity information supports the validity of the insrumental variable estimates (McCldlan and Noguchi,
2000). Nevertheless, these kinds of inconsstencies have plagued observationa studies of treatment effects,
and limited their relevance for dinicd practice and policiesintended to influenceit.

Randomized studies of drug therapies have been somewhat easier to perform, at least in nonelderly

male patients. Thrombolytics have been shown to reduce mortdity significantly compared to noninvasve



treatments; whether thrombolytics lead to outcomesthat are as good as primary (immediate) angioplasty
after heart attack is more controversa. Tridsin the early 1990s generdly found no difference in outcomes;
however, some recent trids have concluded that primary angioplasty leads to lower mortdity, and many
cardiologists have expressed concerns about the safety of thrombolytics in elderly patients who are more
prone to bleeding complications (the randomized trids of thrombolytic drugs have mostly been performed in
nondderly patients, without many comorbid illnesses). Beta blockers, aspirin, and (for the subset of patients
with heart fallure after AMI) ACE inhibitors have al been shown to reduce mortality after AMI. Some
sudies, primarily observationd, have suggested that routine use of cacium channel blockers may lead to
worse outcomes, at least in the 1994-95 period, no randomized trids had found a clear benefit to usng
cacium channel blockers shortly after heart attack. Routine use of lidocaine is associated with worse
outcomes, and nitrate use is suspected to have limited benefits (at least for mortdity) in AMI patients treated
with these other “modern” therapies. Because most of these trials were limited to nonelderly patients with

few comorbid diseases, however, their relevance to elderly AMI patients has been questioned.

C. Evidence on Hospital Quality Differences

Evidence on the qudity or effectiveness of particular hospitasin caring for AMI patients has been
even more difficult to obtain. Because hospitas treet only alimited number of AMI patients and because
many patient and environmentd factors influence AMI outcomes, standard comparisons of mortdlity rates
across hospita's even after adjusting for observable patient differences are imprecise (Thomas and Hofer,
1999). They are dso very likdy to identify hospitals as high-mortaity “outliers’ by chance, rather than asa
result of true or systematic differencesin qudity. Our previous work (McClelan and Staiger, 1999a, 1999b,

2000) developed and gpplied methods to distinguish true or systematic variation in treatments and outcomes



across hospitals from such random variation. Our methods are closely related to Bayesian methods for
“smoothing” hogpita estimates, but they make use of the fact that many dimensions of care are rdated to
each other. For example, hospitds that have lower mortdity ratesin one year tend to have lower mortdity
rates in other years, and hospitals that perform better in some dimensions of care tend to perform better (and
occasiondly worse) in other dimensions. We showed that such correlations can be used to reduce the noise
problem subgtantialy in estimating hospitd effects.

However, our previous work did not provide any evidence on how lower-mortdity hospitas
achieved better outcomes; nor did it provide any evidence on whether the observationa data underlying our
edimates of hospital qudity could provide further indghtsinto the effects of particular medicd trestments.
These are important issues. Thereis considerable evidence that hospitas often fail to provide care that has
been shown to be effective (eg., Asch et. d., 2000). Y &, because of problemsin identifying differencesin
hospita practices with any useful degree of precision, such studies are often reported only at the level of
broad groups of hospitas (e.g., low- and high-volume hospitals, or teaching and nonteaching hospitals) or at
the level of geographic regions, entire states, or the country asawhole (e.g, Allison et. d, 2000). At such
broad levels of aggregation, it is difficult to develop policy or management interventions that encourage
appropriate hospitd practices and discourage ineffective ones. The inability to identify important differences
in practices and their consegquences a the hospitd leve thusinhibits the implementation of programsto

improve qudity of care.



3. Methods
A. Overview and identification

A key problem with estimating trestment effects with observationd dataiis that treetment is likely to
be correlated with unmeasured patient characterigtics that dso influence outcomes. Two Smple examples
illustrate the fundamenta nature of this problem. Firgt, apatient may be considered a poor candidate for
surgery if admitted with a severe heart atack aong with multiple pre-existing conditions (such as diabetes or
groke). If this patient information effects outcomes but is unobserved by the econometrician, then OLS
estimates will be biased toward overstating the effect of treatment on outcomes because “sicker” patients
will not receive treetment. As a second example, consider the case of an average patient admitted with a
heart attack but who never stabilizes and dies within hours of admission. This patient will not receive many
treatments (e.g. bypass) because of their short survivad, leading to a classic problem of reverse causation.
Again, OLS edstimates will tend to overstate the effect of trestment, Since only survivors receive trestment.
This second exampleis particularly problematic because even controlling for complete information on patient
Severity a admission would not eiminate the biasin OLS estimates. Asaresult, any estimate of trestment
effectsthat relies on patient-leve variation in trestment will be biased.

Our approach uses hospita-leve variaion in trestment intendty as an ingrument to identify the
relationship between trestment and outcomes. In other words, we rely on between-hospita variation rather
then within-hospital (patient-level) variation. This approach requires that treatment intengity is uncorrelated
with systematic unobserved differencesin patient mix at the hospita levd, eg. aggressve trestment hospitas
do not attract patients that differ in ways that are unobserved at admission. Of course, hospitals may
attract different types of patients based on their style of treatment, e.g. teaching hospitals may attract more

severe cases. However, apatient’s choice of hospita will be based on the information available & the time
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of admisson. Therefore, itis, a least in principle, possible to control for systematic differencesin case mix
across hogpitals provided one has sufficient information on the patient at the time of admisson. Moreover,
the acute nature of the AMI admisson decision limits opportunities for selection at the time of admisson. As
areault, it is possible to estimate treatment effects based on hospita-leve variation in trestment combined
with data on patient severity a the time of admisson.

In practice, this gpproach has two important drawbacks. One drawback of this gpproachisthat it is
difficult to estimate treatment intengty based on the rlaively smdl patient samples observed a each hospitd.
Asaresult, much of the observed variation in treatment rates across hospitas is due to random factors rather
than systematic differences across hospitas in treatment intendty. Therefore, we use an estimation method
that explicitly addresses thisissue of estimation error in observed treatment rates.

A second important drawback of this approach is that some important aspects of trestment are hard
to measure, but are likely to be corrdlated with a hospita’ s trestment intengity for measured treatments,
leading to bias. For example, hospitas that tend to treat heart attack patients with aggressive surgica
procedures (bypass, angioplasty) may aso have amore skilled nurang staff, better technology availablein
their Intensive Care Units, or provide additiond follow-up care after the patient is discharged. In thiscase,
the estimated trestment effect may be the result of related trestments that were not included in the mode!.
Therefore, we develop afactor mode that summearizes the varition in trestment intendty with asmaller-
dimensiond set of factors, and then relate these factors to patient outcomes. This approach acknowledges
that one cannot estimate the effect of individud trestments, but retains the ability to relate observed
differencesin practice patterns to patient outcomes.

Edtimation of the modd is atwo-stage process. The first sage conssts of patient-leve regressons

for the outcome measure and for each treatment measure. These regressions estimate reduced-form modeds
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in which the outcome/trestment depends on hospitd fixed effects and patient characteristics. The regressons
generate hospital fixed effects for both outcome and trestments, controlling for the patient mix admitted to the
hospitd. In the second stage of the estimation, treatment effect models (or factor models) are estimated
based on the relationship between the outcome fixed effect and the trestment fixed effects, carefully
accounting for the estimation error in the estimates from the first stage. The second stage provides estimates
of the systematic variation in treetment across hospitas, as well as estimates of the effect of each treatment
(or factor) on the outcome of interest.
B. Setup and Notation

Suppose that the outcome (Y;) for patient i admitted to hospita j depends on a 1xK vector of
trestments (T;;) and a 1xL vector of patient characteristics messured a admission (X;;) according to the
following eguation:
(D Yy=Tib+X;P +a;+e;,
The parameters of interest are b (a Kx1 vector of treatment effects) and P (a Lx1 vector of covariate
effects). We decompose the error into two parts. A hospitd component (a ), which as discussed above is
assumed to be uncorrelated with T; and a patient component (€) that may be correlated with T. Peatient
characterigtics a the time of admisson (X) are assumed to be uncorrelated with e.

The expected level of treatment is assumed to depend on patient characteristics and aso to depend
on the hospita to which the patient was admitted, so that:
@ T;=X;G+d;+n;,
Where equation 2 isamultivariate regresson where Gisa LxK matrix of parameters, and d; isa 1xK vector
of hospitd fixed effects representing the treatment intensity at hospital j on each of the K trestments. Again,

petient characterigtics at the time of admission are assumed to be uncorrelated with n;;.
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Treatment is endogenous in equation 1, but we can plug equation 2 into equation 1 to arrive at the
reduced form equation for the outcome varigble:
(3) Yij = Xin +q +wi,

Where Y :G)+P;Qj:djb +aj;6ndwij:nijb + €.

C. Estimation

The parameters of equation 1 cannot be estimated consistently by OL S because the treatment
variableis endogenous. However, we can estimate the parameters in the reduced form equations (2 and 3)
by OLS with hospitd fixed effects (Snce X is uncorrelated with both n and e). With consistent estimates of
the parametersin the reduced form equations, one could estimate the treatment effects by conventiond
insrumentd variable methods, e.g. by two stage least squares, using hospitd fixed effectsin the first sage
(equation 2) asthe ingruments for treatment. 1n our application, however, first stage estimates of the hospital
fixed effect (d;) are based on small samples in each hospitd, with over haf of dl hospitals admitting fewer
than 30 heart attack patients. Thus, the assumption that the firs- tage parameters are consstently estimated
isproblematic. In particular, we face a Stuation of having many week instruments, and recent work has
documented that parameter estimates and standard errors from traditiond 1V estimators such as29L.S are
biased in this stuation (see Bekker, 1994; Bound, Jaeger and Baker, 1995; Staiger and Stock, 1997).

Therefore, we take a different approach to estimation, smilar to that taken by Deaton (1985) in
estimating cohort models from many years of cross-section data, and Smilar to that taken by McCldlan and
Stager (1999ab, 2000) in estimating hospitd quality from many years of patient-level data. Our gpproach

isadso closdly related to the hierarchica bayes model proposed by Chamberlain and Imbens (1996) for IV
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edimation with many indruments. The estimation is a two- stage process. We describe each of thesein turn
below.
C.1. First Sage

In the first stage, we estimate the patient-leve reduced form models for the outcome measure
(equation 3) and each treatment measure (equation 2) by OLS. Under the assumptions stated in section

3(B), these regressions provide unbiased estimates of dl of the parameters of interest, aong with an unbiased

estimate of the covariance matrix for these estimates. Let M| = <ci J. ,cf j > be the 1x(K+1) vector of

edtimated fixed-effect parameters for hospitd j, and let § be the OL'S estimate of the (K+1)x(K+1)
covariance matrix for these parameters. Assuming that equations 2 and 3 are estimated on a large sample of
patients, the patient covariate parameters (G,Y ) are known asymptotically and, as aresult, the estimates M;
and S are independent across hospitals.
C.2. Second Sage

In the second stage, we use the hospital-level data from the first stage (M;,S) to estimate the
remaining parameters by Generd Method of Moments (GMM). Note that the fixed effect estimates from

the first stage are equd to the true hospital-specific intercepts plus estimation error:
4 M, =(d,d)=(q,d)+z
Where <qj d, > = <d b +a,,d, > and z ; isthe Ix(K+1) vector of estimation error which is mean zero

and uncorrdlated with (g ,d, ) . Thisimpliesthat:

) Ea?qj,d ><qj,d > %rEe,)
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Note thet the first Sage estimate of the covariance matrix for the fixed effect parameters (S) is an unbiased

edimate of the variance in the etimation error, E(z @, ) Therefore, we have:
¢ I
(6) E(MWI'-Sj):quJ’di><qJ’di>g

Equation 6 Sates that the variance of the true fixed effect parametersis equa in expectation to the
variance of the estimated fixed effect parameters minus the estimation error variance. Plugging in to equation
6 for g; and assuming thet hospita treatment intengity (d;) is independent of hospital-leve varigtion in
unobserved case-mix (a;) yidds:

, i \
@  EMo, -s)=P WP s bW
e Wb W,

oOC\C

where W, =Var(d,),and s 2 :Var(aj ).
Equation 7 provides the basis for ajudt-identified GMM estimator of the treatment effect parameters
(b), dong with estimates of the variance (and covariance) of treatment intensities across providers (W) and

the variance of unexplained outcome differences across providers (s 2). In paticular, we estimate the

parameters by setting the theoretical moments (the right hand side of equation 7) equa to a sample estimate
of these moments calculated as the weighted average of M;'M; - S across hospitals, using the number of
admissions a each hospital asweights. Standard errors for the estimates are caculated asin Chamberlain
(1984).

Our GMM method can be interpreted in asmple way. Thefixed effect in the reduced form
outcome equetion is related to the fixed effect in the trestment equations by the equation:

® g=db+a
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where a; is assumed to be independent of d;. Thus, if we observed g; and d; without any estimation error,
then equation 8 could be estimated by weighted least squares using hospita-level data and weighting by the
number of patientsin each hospital. Traditiona two-stage least squares estimates of b, usng hospitd fixed
effects as insruments, estimate equation 8 exactly in this way, replacing the unobserved parameters g; and d;

with their estimates from equations 2 and 3. Our method Ssmply estimates equation 8 correcting for the

(corrdlated) measurement error in the estimates d ; and d ;- Thus, rather than estimating b with the usud

least squares formula (ignoring the weights) of ( id ) 1( AqA ) , We use estimates of the moment matrices that
correct for the measurement error. For example, & ( T ) overdtates the variance in treatment across
hospitals (E(d @) © W, ) because of the estimation error in d . Therefore, our method “ subtracts off” the
estimation error and estimates the variance in trestment across hospitals (W, ) with & (of d ) S;, where S;
isthe average estimation error variance for the treatment fixed effects (of 0)-

More generally, our GMM method provides a smple and intuitive framework for addressng the
problem of weak instruments. In our application, the problem of weak instruments corresponds to the
problem that ¢ and d; are observed with substantial (and correlated) estimation error, whereas the
conventiona asymptotic properties of 2SL.Srely on this estimation error disgppearing asymptoticadly. The
presence of estimation error in g; and d; biasesthe 2SL.S estimate of b (toward OLS, because the
corration in the estimation error isin that direction) and biases sandard error estimates of 29L.S (usudly
downward, because the estimation error overstates the variance of d;). Our GMM method relies on the

hierarchica structure of the data (with multiple observations for each hospital) to generate estimates of the

variance and covariance in the estimation error, and then uses these estimates to correct for the biases of
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29.S. Inadmilar gpproach, Chamberlain and Imbens (1996) dso exploit this hierarchica structureto
derive dternative IV estimators that are robust to weak instruments. Other gpproaches to overcoming weak
instruments are aso easy to interpret in this framework. For example, Angrist and Krueger (1995, 1999)
take a split-sample approach, estimating ¢ and d; from different samples. This results in independent
estimation error and, therefore, a bias toward zero (rather than OLS). Standard errors still have to be

adjusted in their approach, since the estimation error overstates the variance of d;.

D. Factor Models

Our key identifying assumption is that hospital trestment intengty (d;) is uncorrelated with any
unobserved factor influencing the hospita’ s average outcome (a;). Asargued earlier, aslong aswe can
condition on the same information about patient severity that was used by patientsin seecting hospitals, there
IS No reason to expect that treatment intengity is correlated with unobserved casemix differences across
hospitds. However, treatment intengity may till be correlated with other unobserved hospita factors that
influence outcomes. For example, any omitted aspect of trestment at a hospita that influences outcomes and
is corrdated with the included trestments will violate our identifying assumption and bias the results.

Given the difficulty in measuring dl relevant trestments in most medica Stuations, onewould like a
modd that is able to estimate the effect of observed differences in practice patterns on patient outcomes, yet
a the same time acknowledges that one cannot attribute the effect to individua treetments. The approach
that we adopt isto use afactor modd in which al treatments (both observed and unobserved) depend on a
smdler-dimensiond set of factors, and then these factors (rather than the treatments themsdlves) affect
patient outcomes. Thus, we assume that mortdity rates at a hospita depend on overdl practice patterns

(summarized by the factors) that can be identified from variation in the intengity of observed trestments.
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More specificaly, suppose that we replace equation 8 with afactor mode in which both a hospitd’s

trestment intengity (d;) and patient outcomes () depend on asmal-dimensond set of latent factors:

(8) (o) = FL+>

where F; isa 1xJ vector of factors with dimension less than the number of treatments (J<K), L isameatrix of
coefficients (the factor loadings) giving the effect of the factors on the trestments and outcomes, and >; isa
vector of independent resduaswith Var(>)=Y adiagona matrix. Without loss of generdity we normdize
the factors so that Var(F)=I. Thus, the factor loadings (L) can beinterpreted as the increase in treatment
intengity or patient outcomes associated with a one standard deviation increase in each factor.

The factor structure (equation 8') impliesthat E(M;'M; - §) = Var(q;,d;)) =L’L+Y. Thus, the
parameters of the factor model (L ,Y') can be estimated by Optima Minimum Distance (OMD) methods
(Chamberlain, 1984), i.e. by choosing the parameters so that the theoreticad moment matrix, L'L+Y , isas
close as possible to the corresponding sample moments from the (weighted) sample average of M;'M; - S.
More specificaly, let d be avector of the non-redundant (lower triangular) elements of M;'M; - §, and let
D=g(L,Y') be avector of the corresponding moments from the true moment matrix. Then the OMD
estimates of (L ,Y) minimize the following objective function:

@ a=N[d- oY)V olL.v)
whereV is the sample estimate of the covariance matrix for d, and d isthe sample average of d, and both
edimates are weighted by the number of admissions at each hospitd.

If the factor modd is correct, the value of the objective function, g, will be distributed c? (p) where p

is the degree of over-identification (the difference between the number of dementsin d and the number of

parameters being estimated). Thus, q provides a goodness of fit Satigtic that indicates how well the factor
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modd fitsthe actud covariance in the data. However, there is considerable evidence that this goodness of fit
datistic tends to over-rgect in practice (Hansen et. a, 1996; Stock and Wright, 1996). Thus, to avoid
over-fitting the data we will goply this Satistic conservatively.

Thereis Smilar evidence suggesting that conventiona standard errors for OMD estimates tend to be
too smdll, and that confidence intervals derived directly from the objective function tend to have better
coverage (Hansen et. a, 1996; Stock and Wright, 1996). Therefore, we derive standard errors from a
ddta-method estimate for the variance of the parameters, where the ddlta- method estimates are derived
directly from the objective function. In particular, notethat d issimply avector of sample averages with
var(d )=V/N. Thusthe OMD parameter estimates are an implicit function of the estimated parameter vector
(d), as defined by the objective function (equation 9). Letting g=(L,Y ), by the delta method we have:

varfj) =1 1a &/ 619 *

¥ _Eg NgTd
where we estimate the derivatives of the OMD estimates with respect to d numerically. Standard errors
based on this approach were generally 2-10 times larger than the conventiond OMD standard errors.

There are anumber of advantages of the factor model. Most importantly, if some treatments are
unobserved, the remaining parameters (i.e. the componentsof L and Y that correspond to the observed
trestments and outcomes) can ill be consgtently estimated. Thus, this approach avoids the omitted variable
bias inherent in estimating trestment effects by assuming thet it isthe variation in the latent factors, rather than
specific treatments, that influences outcomes. |n addition, the assumptions of the factor model can be tested
through the goodness of fit gatistic. This goodness of fit atistic isa globd test of the over-identifying
assumptionsin the factor mode, which imply that consstent parameter estimates could be obtained using any

just-identified subset of the observed treetments. Findly, the factor modd summarizes the multi-dimensond
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variation in treetment patterns across hospitals with only afew factors, and thereby focuses attention on a
few ample dimensons on which practice patterns vary.

There are dso a number of important limitations of the factor modd. Firgt, the estimated factor
loadings (7) are only unique up to an ortho-normd rotation. We report estimates from the varimax rotation,
which is commonly used in factor anelys's because it maximizes the amount that each outcome is associated
with a unique factor, thus helping with interpretation of the factors (Johnson and Wichern, 1998). A second
limitation of the factor modd is that the appropriate number of factorsis not obvious. We choose the
number of factors empiricaly, based on a combination of gatisticd sgnificance and robustness of results with
the incrementd addition or remova of factors. A find limitation isthat, even though we have sought to
isolate the consequences of incrementa variations in the use of additiona trestments to the extent our
empirica evidence dlows, it remains possible (and perhaps likdly) that each of the observed “practice
patterns’ described by the factors are related to other, unobserved treatments. Nonetheless, the factor
mode provides a more quantitative proxy for overal practice patterns thet, like the complex characteristics

of patients that influence treatment, can only be partidly observed in the data.

4. Data

To illugrate the application of our GMM methods to evauating treatments and understanding the
causes of differences in outcomes among medica care providers, we use data from the Cooperative
Cardiovascular Project (CCP), amgjor policy initiative to improve the quadity of care for Medicare
beneficiaries with AMI undertaken by the Hedlth Care Financing Administration (HCFA). During the
“national” phase of the project, HCFA conducted standardized abstractions of the medica records of al

Medicare beneficiaries hospitdized with areported AMI over an eight-month period at essentidly all
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hospitds in the United States that had not participated in afour-state “pilot” phase. The eight-month
sampling frame was continuous a each hospitd, and dl sampling occurred between April 1994 and July
1995. Marciniak et d. (1998) provides more details on CCP god's, sampling and data collection Strategy,
and methods used to assure standardization and completeness of the medical record reviews. Altogether,
charts were abstracted for gpproximately 185,000 ederly AMI patients. The sample we use includes all
patients admitted with an AMI to a hospitd that had at least 3 such admissonsin thistime frame, with
patients assgned to the initia hospita a which they were admitted. These data were linked to Medicare
adminigrative records (enrollment and hospitaization files), which have been used in previous observationa
gudies of AMI practices and outcomes but do not include the clinica details present in the medica record
abgracts. The enrollment files include comprehensive dl-cause mortdity information from Socid Security
records.

The CCP data provide extensve clinicd information on trestments and outcomes for each patient,
aong with adetailed set of patient covariates covering demographic information, information on the presence
of comorbidities, and information on the severity of the heart attack on admisson. Our anadyss usesthe
following variables:

Treatment measures. CCP data permit construction of a broad range of medical treatment
measures. Diagnostic trestments included whether or not a set of laboratory tests were performed (e.g.,
blood counts and chemistries) and the outcome of these tests; whether or not a chest X-ray,
electrocardiogram (EKG), and other relaively routine diagnostic tests were performed, and their outcomes,
aswell as the performance and findings of some more specidized diagnostic tests including cardiac
catheterization and echocardiography during the hospital admisson. A range of treestments with commonly-

used drugs after AMI were dso reported, including aspirin, beta blockers, ACE inhibitors, cacium channd
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blockers, heparin, 1V nitroglycerin, and lidocaine. Aswe describe in more detall below, some of these
treatments (but not al) have been shown in clinica trids to reduce heart attack mortdity. CCP dataadso
report whether or not the patient received athrombolytic or “clot-busting” drug, which isintended to head
off aheart atack in progress by dissolving the blood clot and associated blockage that caused the heart
attack. While thrombolytics have been shown in numerous clinical trids to reduce heart attack mortdity
ggnificantly, serious hemorrhage (including Gl and intracranid bleeding) is a complication of treatment,
particularly in the ederly.

From the linked adminigirative clam data, we determined whether patients received intengve cardiac
procedures within 90 days after AMI: cardiac catheterization, PTCA (angioplasty), and cardiac bypass
(CABG) surgery. We dso congtructed a measure of the use of “primary” angioplasty within 1 day of AMI.
This intengve trestment seeks to re-open the blockage causing a heart attack within hours of its occurrence,
in order to restore blood flow to the affected heart muscle beforeit dies, thereby limiting the damage from a
heart atack. Thus, it isviewed clinicaly as an dternative to the use of thrombolytic drugs. Whileit avoids
the bleeding complications associated with thrombolytics, it is much more resource-intensive (e.g., “on-cal”
specidly-trained cardiologists and technicians are required) and may be associated with some complications
of itsown (e.g., re-blockage).

Outcome measures. We use desth dates from dl causes vaidated by the Socid Security
adminigtration to cdculate surviva times from the initid hospitdization. Based on these dates, we compute
30-day and 1-year mortdity rates.

Patient Covariates. The CCP data include detailed measures of patient clinica characterigtics.
These measures enable us to control for important clinica information observed at admisson that islikely to

influence patient outcomes. We include three types of patient covariates.
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(1) demographic measures including gender, race, age, and urban resdence;

(2) comorbidity measures including measures of mobility, dementia, digbetes, CVA/Stroke, Angina,

and CHF or pulmonary edema; and

(3) severity measuresincluding, heart rate, mean arterial pressure, respiratory rate, and whether the

patient is verbdly oriented.
For detail on how these variables are constructed, see McClellan and Noguchi (2000); for a more detailed
description of comorbidity and severity variables that are predictive of mortdity in CCP, see Normand et dl.
(1997).

Table 1 provides summary statistics for the key treatment and outcome varigblesin our anadyss. We
report means and standard deviations for the hospital-leve treatment and outcome measures adjusted for the
detaled ligt of patient covariates just described (i.e., the estimates of hospita fixed effects from equations 2
and 3). All gatistics have been weighted by the number of new AMI admissons a each hospital. Mortdity
for heart attack patientsis rdatively high, with 17% in the first 30 days, and 30% in thefirs year following
the heart attack. Estimated mortality rates aso vary consderably across hospitds, e.g., the standard
deviation of 30-day mortdity across hospitals is 6 percentage points. Because the average hospitd admitted
only 43 ederly heart atack patients during the study period, a subgtantid part of this variation islikely dueto
estimation error in each hospital’s estimate. Around 47% of patients receive catheterization within 90 days
after the heart attack, with over 18% of these patients going on to have primary (one-day) angioplasty (8.7%
of the tota) and an additiona 23% going on to have angioplasty within 90 days (11.0% of the totd).

Around 1/3 subsequently undergo bypass surgery (16.0%). Treatment rates for the medications we study,
beta blockers (46.7% during hospitdization (and avirtualy identica rate at discharge) and aspirin (78.5%),

are dso substantia — though substantialy lower than most experts believe is gppropriate. The variaionin
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these estimates of treatment rates across hospitasis large, with a sandard deviation across hospitals ranging
from 7.1 (bypass) to around 10-15 percentage points (catheterization, aspirin, beta blockers).

Following McCléelan et d. (1994), we congtruct “differentid distance’ variables for each patient,
based on the difference between the distance to the nearest hospita able to perform catheterization, less the
distance to the nearest hospital not performing catheterization. We congtruct smilar variables for high volume
hospitds (75+ patients) and hospitals able to perform primary angioplasty. Distance estimates are measured
between population centroids of the zip code of residence and the zip code of each hospitd. Thisvariable
has been shown to perform well as an insrument for catheterization, in that it is correlated with receiving
catheterization (patients nearer a catheterization hospital are sgnificantly more likely to receive this
treatment), and it does not appear to be related subgtantidly to differencesin patient health characteristics
that directly influence outcomes. For amore details on the congtruction, use, and vdidation of this
instrumenta variable, see McCldlan et d. (1994) and McClelan and Noguchi (2000). Making use of our
GMM ggnd extraction methods, we aso congtruct 1V estimates based on zip-code differentid distance
groups defined by dividing the three distance variablesinto 0.5-mile increments in urban areas, and 4.0-mile

incrementsin rural aress.

5. Results

In this section we report our GMM estimates of differences in outcomes and medica practices
across hospitals, and of the relationship between hospitd- and zip-levd differencesin medicd practice
patterns and mortality outcomes. We begin by reporting our GMM estimates of the variance in outcomes
and treatment intensity across hospitals. These estimates are of independent interest, since they document

the extent of practice and outcome variations across hospitas after accounting for measured differencesin
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patient mix as well as gpparent differences due to statistical noise. We then report dternative estimates of
smple modesin which the only trestment variable is whether the patient received cardiac catheterization
within 90 days of the initid heart attack, comparing our GMM results to the effect of catheterization
estimated using smple OL S methods and previoudy-reported differentid-distance IV methods (McCldlan et
d., 1994; McCldlan and Noguchi, 2000). After discussing the limitations of al of these models of specific
trestment effects in comparison to methods that account for hospita- or zip-level noise and the correaions
among many medical trestments, we present our GMM-1V estimates of the effects of dternative practice

patterns, usng individua hospitals and zip code differentia distance groups as instruments.

Estimates of Variance and Correlation in Treatment and Outcomes Across Hospitals

We find substantid variation in both treatment rates and mortdity rates across hospitas, after
adjusting for observed differences in case mix and random hospitd-level variation. Tables 2 and 3 report the
GMM edtimates for the variation across hospitals in measures of mortaity and treatment intengty,
respectively. Along the diagond of each table, we report estimates of the standard deviation in eech
messure of hospita qudity, while the off-diagona elements of each table report the estimated correlations
between pairs of measures. All of these estimates are quite precise, with sandard errors for each estimate
given in parentheses. The estimates reported in these tables are based on mortaity and treatment rates that
were adjusted for the detailed list of patient covariates available in the CCP data.

Table 2 reports estimates for our outcome measures. 30-day mortality and 1-year mortdity. The
estimated standard deviation in mortality rates across hospitals is substantia at 3.2 percentage points for 30-
day mortdlity (relative to abase of 17.2 percentage points). Note that these GMM estimates are estimates

of the true variation in mortdity rates across hospitds. Thus, they are smdler than the sandard deviations
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reported in Table 1 because they have corrected for the over-disperson in the estimated mortality rates
across hospitals due to estimation error.  Between 30 days and 1 year, very little additiond systematic
variation mortality across hospitasis observed: the standard deviation for 1-year mortaity isaso 3.2
percentage points (relative to abase of 29.5%). Thus, additiond mortdity that occurs after 30 daysis
essentidly “random noise” from the standpoint of the qudity of theinitid treating hospital. The variaionin
mortality rates across hospitals is also highly correlated across the mortality measures, with a correlation of
over 0.9 between the 30-day and 1-year measures. Thus, differencesin mortality across hospitas that
appear in short-term mortality measures perdgst through 1-year mortdity. These results are congstent with
our earlier findings (McCldlan and Staiger, 2000), which concluded from aless clinically-detaled time series
that the systemétic variation in mortdity across hospitals treating AMI patients approached its maximum
within the first month of trestment; observation of longer-term mortality outcomes added little to the quaity
evauation.

Aswe noted in that sudy, this result is dso consstent with arange of clinicd trid results showing
subgtantial and persstent benefits of many trestments acutely after AMI. However, we did not have data
with enough clinical detailsto alow us to observe what those particular trestments were. Here, our chart-
review dataalow usto evauate the extent to which a broad range of trestments differed across hospitals.

Table 3 reports smilar GMM estimates of the true variation across hospitals for nine selected
treatment measures. Again, the sandard deviation in treatment rates across hospitals is large for most of the
measures, e.g., 13 percentage points for catheterization within 90 days, 9 percentage points for primary
angioplasty (1-day PTCA), 9 percentage points for aspirin, 13 percentage points for beta blockers, and over
7 percentage points for thrombolytic use. Thus, treatments differ subgtantidly across hospitals, even for

inexpengve drugs. In most cases, treatment rates are positively corrdated, suggesting that many dimengons
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of hospita practice are complements for each other. Hospitals that use one surgica trestment aggressively
tend to use other surgicd treatments aggressively aswell. Hospitas that are more likely to perform
catheterization are dso much more likely to perform bypass surgery and angioplasty (correlaions of 0.6 and
0.7 respectively). Hospitals that are more likely to perform bypass surgery are dso more likely to perform
angioplagty; thus, these dternative revascularization procedures are not substitutesin practice. The strong
correlaions suggest thet it may be difficult to distinguish the effects of catheterization (if any) from bypass and
angioplasty in our estimates based on variation across hospitals.

In addition, hospital's that use intensive procedures more often aso gppear more likely to use some
potentialy beneficia drug therapies like aspirin (correlation with catheterization use of over 0.3). Thus, some
of the drug treatments that have been shown to reduce heart attack mortdity in clinicd tridsarein generd
more likely to be used a hospitals that treet patients more intensively in other respects, again complicating
efforts to distinguish the effects of particular medical practices. One exception is thrombolytic drug use,
which is negatively corrdated with the use of the catheterization and quite negatively correlated with the use
of primary angioplasty. Thus, thrombolytic drugs are to some extent subgtitutes for the use of cardiac
procedures to restore blood flow to the heart soon after a heart attack. Another exception (not shown in the
table) is counsdling for smoking cessation, which differs from the other treatmentsincluded in the table in that
itisnot aspecific “medicd” therapy but rather a psychosocid activity. This treatment gppearslesslikey to

be used (or at least reported) at the hospitals that provide the most intensive treetment in other respects.

Estimates of Treatment Effects for Catheterization
Table 4 reports estimates of the treatment effect (b) for smple versons of equation 1 in which the

dependent varigble is mortality within a specified time period after admission and the only trestment variable
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is whether the person recelved cardiac catheterization within 90 days of their heart attack. As suggested by
the strong correlation between catheterization and other invasive revascularization proceduresin Table 3,
these results might be viewed as dternative estimates of the effects of generaly more “intensive’ heart attack
treatment. Each column reports estimates for two mortality windows. 30-day and 1-year. Theleft two
columns report estimates that control for the full set of patient covariates avalable in the CCP data. Theright
two columns report estimates of mortaity effects for the same time intervas that only control for alimited set
of demographic variables (gender, race, age, urban residence) commonly available in cdamsdata. Thefirst
row reports our GMM estimates based on true hospita-levd vaiaionsin catheterization use and mortdity,
the second row reports IV estimates based on differentid distance to a hospitd performing catheterization
(see, eg., McCldlan et d., 1994), and the third row reports OL S estimates that do not account for
unmeasured differencesin patient sdection for catheterization.

If the assumptions required for consstency of the GMM estimator are correct, then the GMM
results should be consstent but more efficient than the 1V estimates, because the 1V estimates use less of the
gystemtic variation in trestment rates across hospitas. In contrast, the OL'S estimates will most likely be
biased toward overstating the treatment effect due to selection (patients who die soon after admission and
patients who have other, potentidly hard-to-measure comorbidity or severity characteristics are lesslikdly to
recelve catheterization). Thisis the pattern observed in the estimates that control for the full set of patient
covariates (the left haf of thetable). The GMM point estimates are not Sgnificantly different from the IV
estimates, but they are consderably more precise, with standard errors 3-4 times smdler than the IV
esimates. For example, in column 2 we estimate that catheterization is associated with a reduction in 30-day
mortality of 8.0 percentage points with a standard error of 1.0 percentage point. Instrumentd variable

esimates of the treetment effect are dightly larger (11.3 percentage points) but not significantly different from
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the GMM estimates because of their large standard error (3.4 percentage points). Findly, the OLS estimate
of the treatment effect is 12.8 percentage points, more than 50% larger than the GMM estimate. Because of
the precison of the OLS estimate, we can easily rgect that OLS and GMM estimates are equd.

Theright pand of Table 4 report estimates from asamilar set of modelsto the left pand, but with
controls for amuch more limited set of patient covariates (demographics only). These estimates inform us
about the robustness of the GMM, 1V and OL S methods when using the type of data commonly found in
clams databases, and aso provide some suggestive evidence on the extent of resdud biases in estimates
based on the dternative methods. The results demondirate that, at least in this application to heart attack
mortdity, the GMM and IV methods are rdatively insengtive to the excluson of detailed patient covariates,
especialy a acute periods after AMI. For example, the GMM and 1V estimates of the effect of cardiac
catheterization on 30-day mortality are nearly identica to the esimates in the left panel of Table 4 that
controlled for amore detailed set of covariates.  Although the differences are not sgnificant, the GMM
esimates show adightly different time pattern compared to the IV estimates, with the effect magnitudes
growing larger over time at amore rapid rate, epecidly a oneyear. In our discusson of Table 6 below, we
return to the question of whether the hospita-based GMM agpproach may contain ardatively smal amount
of resdud bias. In contrast to both of these IV approaches, OL S estimates are extremely sendtive to the
excluson of detailed patient covariates, with the estimated trestment effect nearly doubling when we use the
more limited set of control variables. Thus, it ssemslikely that the OL S estimates (even with detailed
covariates included) that have been widdly reported in the medicd literature, are much more likely to be
biased as aresult of resdua unmeasured differencesin patient selection.

Overdl, the resultsin Table 4 support three important conclusions. First, the GMM estimates are

quite Smilar to, but more precise than, estimates from the one-trestment IV modd of McCldlan et d.
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(1994). Thus, provided that patient sorting to hospitals based on unobserved severity is not a sgnificant
problem, our method substantidly expandsthe Vs available for estimating trestment effects with
observational data. Second, as previous 1V estimates have suggested, OL S estimates gppear to be biased
ggnificantly toward overdating the effects of intensve cardiac treatments, even in andyses that control for
clinicaly detailed patient covariates. Thus, at least for intensive procedures after heart attack, OLS and
amilar methods based on controlling for observed differences between treated and nontrested patients
gppears to be afundamentally flawed gpproach to estimating treatment effects. A third conclusion is that the
GMM method, like the IV method of McClelan et d., gppears to provide unbiased estimates even in
datasets with limited patient covariates. Thus, GMM methods appear to be a practical approach for
esimating treetment effects usng commonly-available claims datasets (provided that trestments are
measured in the claims data).

However, even though the GMM and 1V methods appear to perform much better in resolving the
problem of biased estimation due to patient selection for trestment, interpreting estimates based on dl of
these methodsiis limited by the fact that more use of intensive procedures like catheterization isin generd
sgnificantly correlated with abroad range of other potentidly beneficid treatments. In other words, while
the IV and GMM estimates of catheterization effects provide some insights about the overal effect of more
“intensve’ medicd practice on heart attack mortdity, the estimated effect is unlikdly to be the result of
catheterization per se, but rather of other treatments that are correlated with catheterization. Indeed,
McCléelan et a. (1994) and McCldlan and Noguchi (2000) found that most if not al of the gpparent effect
of catheterization in IV analys's could be explained by the corrdation of catheterization use with trestments
other trestments. We now turn to estimating models using our GMM methods that account for a much more

comprehensive set of heart attack treatments.
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Estimates of Treatment Effectsin More General Models

In this section we estimate factor models of mortdity, which include surgica treatments (bypass,
angioplasty) and drug treatments (aspirin, beta blockers) in addition to catheterization. A very important
advantage of our method isthat it more easly extends to the andysis of many trestments. In contrast, while
IV edimates asin McClelan et d. (1994) have proven feasble for andyzing severd treatments, they are
difficult to gpply to modds with many trestments, because it is difficult to identify additiona strong
indruments that generate sgnificant independent variation in the additiona treatments. In Table 5, we make
use of the large variation across hospitals in a broad range of heart atack trestments, including but not limited
to the illudtrative treatments described in Table 3. In particular, we use factor models (equation 8) to
estimate the mortdity effects of underlying factors that summarize the impact on mortadity of groups of
treatments that tend to vary together.

Tables 5 and 6 report mortdity effect estimates from GMM factor analyses that eva uate the
relationship between the mortaity outcomes and “ practice patterns’ estimated from the hospita-levd or
area-level variationsin medica practices. Table 5A reports results of factor models for 30-day mortdity,
and table 5B for 1-year mortdity, usng hospitd IVs. Table 6 reports results of factor models for 30-day
mortaity usng the zip-code IVs. All modds were estimated with afull set of demographic, comorbidity, and
disease severity controls included (i.e., andogousto the left hdf of Table 4). In each table the estimates of
the association of each factor with the mortdity outcome and with the use of each trestment islisted. The
estimated factor effects on outcomes and the trestment loadings are reported in percentage points (with
standard errors in parentheses); these estimates show the effect of a one-unit change in the factor, which is

normalized to have a sandard deviation of 1. We as0 report the proportion of variation in mortaity and

31



each of the treatments that is explained by the factors, and the proportion of the totd variation in mortaity
and dl treatments explained by each factors. The factors have been ordered from Ieft to right in the table
according to the proportion of total variation each factor explains. Thisisasomewhat arbitrary ranking, asit
depends on the particular treetments included in our empiricd andyss. We comment further on thisissue
below.

The factor loadings reported in Tables 5A and 5B indicate that each factor was associated with
sgnificantly greater rates of performance of some aspects of heart attack treatment, and each was associated
with a least margindly lower mortdity(the first row of the Table labeled “Mortdity Effect”). Moreover, the
factor loadings were quite Smilar in the 30-day and 1-year models. Factor 2 was associated with the largest
mortdity reduction. The trestments loading most strongly on this factor were aspirin use (6.6 percentage-
point loading for 30-day mortdity, and Smilar loading for 1-year mortality), beta blocker use (9.0
percentage-point loading), and ACE inhibitor use (3.6 percentage-point loading). The use of each of these
drugs has been shown in highly-regarded clinica tridsin the 1980s and early 1990s to be associated with
sgnificantly lower mortality after heart attack. Thus, this factor might be regarded as an * evidence-based
best practice” factor — hospitas scoring highly on it generdly appear to be more effective in implementing the
results of clinicd tridsin heart attack care. This factor explains by far the largest share of variation in 30-day
and 1-year mortdity across hospitals. However, it accounts for only around 20% of the tota systematic
variation in between-hospita mortdity. Thus, other processes or aspects of care not related to “evidence-
based” best practice account for most of the variation in outcomes across hospitals.

Factors 1, 4, 5, and 6 are al associated with more aggressive use of intensve cardiac procedures,
beginning with cardiac catheterization. Factor 5, which has the largest mortdity effect of the intengve-

procedure practice patterns, is associated with more aggressve use of catheterization and primary
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angioplasty, aswell as much less use of thrombolytic drugs. As noted above, primary angioplasty isamore
intendve dternative to the use of thrombolytic drugsin restoring blood flow immediately after a heart atack.
Thus, this factor captures a more aggressve syle of cardiologist intervention, and is associated with
congderably lower mortaity. A one standard-deviation higher score on thisfactor is associated with a 2.4
percentage-point higher rate of use of PTCA, a4 percentage-point lower rate of use of thrombolytic drugs,
and 1 percentage-point lower mortdity rate. Thislarge mortdity effect suggeststhat primary angioplasty isa
preferable treatment to thrombolytic drug use, and that thrombolytic drugs may even be harmful or at least
should be used judicioudy. However, because the magnitude of the effect of this factor istoo largeto be
dinicdly plaugble, it islikdly that the associated practices are in part proxying for hospitas that are providing
higher-qudity carein other unmeasured dimensions. For comparison, Factor 1 is associated with much
more primary angioplasty use (loading of 7.1 percentage points) and with somewhat less thrombolytic use
(loading of —2 percentage points), but this factor has only a modest effect on 30-day and 1-year mortdity.
Together, these factors indicate that hospitas usng more primary angioplasty instead of thrombolys's tend to
have better outcomes, but that it is difficult to estimate a precise effect of primary angioplasty because of its
apparent correlation even in our detalled analyss with other unmeasured practices. Some of the hospitals
that perform more primary angioplasty and that are selective in their use of thrombolytic drugs tend to have
particularly good outcomes.

Factor 4, which involves more use of catheterization and bypass surgery (and to some extent primary
angioplasty), is associated with an intermediate mortdity reduction at 30 days, around 0.7 percentage points.
However, the magnitude of the effect of this practice patterns increases over time, to 1 percentage point at 1
year, when the longer-term benefits of mgor surgery might be expected to be observed. Factor 6is

associated with much greater use of catheterization as well as greater use of non-“primary” angioplagty. Itis
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aso associated with somewhat greater use of thrombolytics and less use of primary angioplasty. Thus, this
practice pattern describes hospitas that tend to use thrombolytic drugs to restore blood flow initidly, but that
provide more intengve followup trestment. This factor is associated with amodest beneficid mortdity effect
at 30 daysand 1 year, suggesting that thrombolytic drug use is an effective dterndive to primary angioplasty,
provided that followup angioplasty is performed aggressvely.

Factor 3 is associated with somewhat grester use of primary angioplasty (3.3 percentage-point
loading) and a greeter likdihood of performing and reporting arange of diagnostic tests on heart attack
patients, including various blood tests, a chest X-ray, and an eectrocardiogram. While these diagnostic tests
are unlikely to lead to better outcomesin themselves, their greater performance may be an indicator of good
“basics’ of medica care, including perhaps better documentation practices. These good “basics’ are dso
associated with aminima (and inggnificant) beneficid mortdity effect.

We have estimated arange of other models that included additiond trestments, but these models
provide few additiona indgghtsinto our practice pattern analyss. For example, use of specific drugs at
discharge from the hospitd (i.e., use of aspirin and beta blockers at discharge asindicators of the intensity or
qudity of post-hospita care) load very smilarly to use of the same drugs during hospitdization Use of other
“badc’ diagnodtic tests loaded similarly to the diagnostic testsin Factor 3. Use of smoking cessation
counsding and some other medicd trestments including 1V nitroglycerin, lidocaine, and cacium channd
blocker use was not strongly associated with other trestments nor with 30-day or 1-year mortdity. Aswe
noted above, these drug therapies would not be expected to have substantia mortality effects based on
exiding clinica evidence. While smoking cessation would be expected to reduce long-term mortdity, it is

possible that effects are not apparent by one year, or that counsding is heterogeneous enough that it is
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difficult to discern an effect. Findly, we were not able to identify any other treatments that were strongly
associated with the notable mortality effect in Factor 5.

Table 6 presents andlogous factor anadysis results for our zip-based GMM IV moddls, that is,
models using variation in trestments and outcomes across zip code differential distance groups rather than
hospitdls. Thisandyssdlows usto explore whether rdatively minor but till potentiadly important biasesin
patient selection at the hospitd level may complicate the interpretation of the estimatesin Table 5 (see the
discussion of the GMM and 1V results of Table 4, above). Because of the substantidly lower sgnd
(systemattic) variation associated with the zip code groups — the magnitude of the Sgnd variationin zip
mortdity is only around one-third the Sze of the magnitude of the Sgnd variation in hospital mortdity — we
were only able to identify two practice patterns that explained a significant proportion of the variationin
treatments and outcomes across zips.

Despite thislimitation, the estimates of practice patterns and their effects bear some important
differences and Smilarities to the results presented using hospita-level analyses. One amilarity isthet the
most important practice pattern for explaining mortality differences, Factor 1, again consists of “evidence-
based best practice,” including more use of ACE inhibitors, aspirin, and especidly betablockers. This
practice pattern explains ardatively large share (over one-third) of the betweenzip variaions in outcomes.
A second amilarity isthat Factor 2 shows that more aggressive use of intensve procedures, particularly
catheterization and primary angioplasty, is associated with lower mortaity. However, the magnitude of this
“intengive procedure” effect is smdler than the effects associated with Smilar factorsin Table 5, and isno
longer datigticdly Sgnificant. These results suggest that, even though the hospitd |V estimates of Table 5
appear to be relatively free of selection bias, the hospitas with the most aggressive use of intensve

procedures may be attracting heart attack patients with somewhat better prognoses in dimengons that we

35



are not able to measure, even with very detailed medica chart reviews. Thus, the benefits of intengve
practices suggested by some of the factorsin Table 5 may be somewhat overstated.

Table 7 reports goodness- of-fit tests for the models reported in Tables5 and 6. As discussed
previoudy, such tests tend to over-rgect modds, suggesting that these results should be interpreted
consarvatively. The Table shows that the addition of a saventh factor in the hospital 1V models (Table 5) led
to addidicdly sgnificant but reaively modest improvement in goodness of fit. Moreover, the addition of
the seventh factor had minimal effect in terms of predictive power. Asthefind row of Tables 5A and 5B
shows, the gixth factor explained less than 5% of the totdl variance in hospita-level trestments and outcomes.
Models with additiond factors explained less than an additiona 2% of the variaion, and so did not dter any
of our substantive conclusions. For our zip IV andlyss, the addition of athird factor had asmilar, minima
effect on explanatory power.

Overdl, our results indicate that our GMM estimation methods appear to provide a much clearer
and more precise way of interpreting the evidence provided by observationd data on hedlth care providers,
treatments, and health outcomes. We are ableto: remove the substantia noise that has confounded anayses
a theleve of individud providers or smal groups, summarize concisdy how alarge number of medicd
practices differ across hospitds; and estimate relatively precise treatment effects in modd s that account for
many covariates and the joint use of many treatments. Moreover, our strongest practice pattern effects are
tightly consstent with biomedica knowledge. That is, greater use of aspirin, beta blockers, and ACE
inhibitors — the treatments found to have the most notable benefits for heart attack outcomes in the decade
preceding our analysis — is clearly associated with lower mortdity. However, our results also show that
better adherence to “evidence-based” guideines aone does not account for the bulk of the large variaions

in outcomes across hospitals or geographic areas. Thus, the evidence we develop on the benefits of arange
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of other medicdl practices, particularly those involving intensive cardiac procedures, may provide important

supplements to evidence from clinicd trids.

5. Conclusion

Edtimating the effects of medicd and surgica trestmentsin a vaid manner is the foundation of
evidence-based medicine. Despite the fact that the number of clinical trids performed isrising rapidly, most
medicd practices— and particularly intensve practices that vary considerably across hospitals and areas—
have not been evaluated in formd dlinica trids. Moreover, dinicd tridswill never be able to provide vdid
evidence on differences in performance across hedlth care providers. In this paper, we have developed and
goplied a set of methods for identifying the relationship between differences in medica practices and hedth
outcomes using obsarvationd data, while avoiding the usud problems of selection biasin observationd
anayss. Our methods aso strengthen the methods we have devel oped and gpplied in previous work (eg.,
McCldlan et d., 1994; McCldlan and Staiger, 2000) by alowing far more precise estimation of both
treatment effects and the specific ways in which medicd practices differ across hospitas.

On asubgtantive leve, our analyss of hospitd practices shows thet the effects of drug treatments
(aspirin, beta blockers, ACE inhibitors) and surgica treatments (bypass, angioplasty) on surviva are both
ggnificant and subgtantial. We aso find some suggestive evidence that more aggressive use of intensive
cardiac procedures, better performance and documentation of basic diagnostic procedures, and (in
conjunction with certain other procedures) more use of thrombolytic drugs are dso associated with
somewhat better outcomes. However, because of the more limited zip-based variation in practices, we have
not able to confirm fully that the results on intensive procedures are robust to additiona steps to control for

resdua sdlection biases.
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Substantid variation continues to exist across hospitalsin the rates a which heart atack patients are
provided with al of these treetments. Our results provide consderable insights into which practices tend to
go together, thus improving our understanding of the reasons for variations in treetments and outcomes
across hospitals and areas. Since these treetments vary dramaticdly in their costs as well as estimated effects
on survivd, it will be important for future work to evaluate the cost- effectiveness of these dternative
treatments. They dso dlow much more precise analyss of practices at particular hospitals, providing a
clearer evauation mechanism for improving practices in the future.

Our method may be generdly gpplicable for estimating trestment effects and for eucidating the
underlying reasons for the large differencesin hedth outcomes across providers. The method can, in
principa, be goplied to any outcome and any combination of treatments for a condition, aslong asthereis
variaion in trestment rates across hospitas, geographic areas, and other units of observation (e.g.,
physicians, medica groups, or hedth plans), and aslong as selection bias across these observationa unitsis
not substantial. We have aso developed some empirical tests for evauating the extent to which sdlection
biasislikely to be a problem. Evauating the performance of our methods in other goplications, in hedth care

aswdl as other fidds, is an important topic for future work.
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Table 1: Summary Hospital Statistics
(standard deviations in parentheses)

Admissions
Mean Number of admissions 43.1
(46.5)
Median Number of admissions 27.0
Outcomes
30-day mortality 17.2
(6.2)
1-year mortality 295
(7.0)
Treatments
90-Day Catheterization 47.6
(14.1)
90-DAY CABG 16.0
(7.1)
1-DAY PTCA 8.7
(9.8)
90-Day PTCA 11.0
(6.2)
ACE Inhibitor at discharge 25.3
(8.4)
Thrombolytics in hospital 15.2
(8.6)
Aspirin in hospital 78.5
(10.9)
Beta Blockers in hospital 46.7
(14.6)
Chest X-ray 89.1
(9.2)
CK (Blood test for MI) 96.0
(5.7)
Blood glucose test 96.1
(5.4)
Hemoglobin count 96.4
(4.6)

Weighted means and standard deviations across hospitals were computed for a sample of 3963 hospitals with at
least 3 admissions, with adjustment for a detailed set of patient covariates. Each hospital was weighted by the
number of admissions.
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Table 2: GMM estimates of standard deviations and correlations among outcomes
Adjusted for detailed set of patient covariates
(SDs on diagonal; correlations off diagonal; std. errors in parentheses)

30-day mortality 1-year mortality
30-day mortality 0.032 0.901
(0.003) (0.053)
1-year mortality 0.901 0.032
(0.053) (0.003)
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Table 3: GMM estimates of standard deviations and correlations among treatments

Adjusted for detailed list of patient covariates

(SDs on diagond; correlaions off diagond; std. errorsin parentheses)

90-Day 90-DAY 1-DAY 90-Day ACE Thrombolytics  Aspirin in Beta Chest
Cath CABG PTCA PTCA Inhibitor at in hospital hospital  Blockers X-ray

discharge in hospital
90-Day Cath 0.126 0.590 0.737 0.205 0.179 -0.314 0.321 0.026 0.434
(0.002) (0.033) (0.010) (0.027) (0.033) (0.024) (0.022) (0.022) (0.022)
90-DAY 0.590 0.046 0.395 -0.082 0.068 -0.226 0.181 0.024 0.341
CABG (0.033) (0.002) (0.031) (0.042) (0.048) (0.037) (0.032) (0.030) (0.034)
1-DAY PTCA  0.737 0.395 0.089 -0.241 0.312 -0.597 0.353 0.046 0.601
(0.010) (0.031) (0.001) (0.021) (0.027) (0.017) (0.015) (0.02) (0.019)
90-Day PTCA 0.205 -0.082 -0.241 0.042 -0.142 0.413 -0.045 -0.035 -0.307
(0.027) (0.042) (0.021) (0.001) (0.043) (0.034) (0.032) (0.03) (0.027)
ACE Inhibitor ~ 0.179 0.068 0.312 -0.142 0.054 -0.203 0.531 0.454 0.218
atdischarge  (0.033) (0.048) (0.027) (0.043) (0.002) (0.035) (0.036) (0.033) (0.033)
Thrombolytics -0.314  -0.226  -0.597 0.413 -0.203 0.069 -0.080 -0.029 -0.490
in hospital (0.024) (0.037) (0.017) (0.034) (0.035) (0.002) (0.027) (0.026) (0.022)
Aspirin in 0.321 0.181 0.353 -0.045 0.531 -0.08 0.092 0.455 0.264
hospital (0.022) (0.032) (0.015) (0.032) (0.036) (0.027) (0.002) (0.02) (0.025)
Beta Blockers  0.026 0.024 0.046 -0.035 0.454 -0.029 0.455 0.129 0.081
in hospital (0.022) (0.030) (0.020) (0.030) (0.033) (0.026) (0.020) (0.002) (0.022)
Chest X-ray 0.434 0.341 0.601 -0.307 0.218 -0.49 0.264 0.081 0.080
(0.022) (0.034) (0.019) (0.027) (0.033) (0.022) (0.025) (0.022) (0.002)




Table 4: Estimates of effect of catheterization on 30-day and 1-year mortality
Comparison of estimates from GMM, IV and OLS methods
with and without detailed patient covariates
(Standard errors of estimates in parentheses)

90-day 30-day 1-year 30-day 1-year
catheterization mortality mortality mortality mortality
effects
Detailed Controls Demographic Controls
GMM -8.0 -12.0 -8.0 -14.9
(1.0) (1.1) (2.0) (1.1)
v -11.3 -12.2 -10.7 -10.9
(3.4) (3.9 (3.5) 4.1)
OLS -12.8 -15.8 -20.8 -28.7
(0.2) 0.2) 0.2) (0.2)




Table 5A: IV Estimates of Hospital Practice Pattern Effects
Based on AMI admissions from the CCP Project, 1994-95

30-DAY MORTALITY

PRACTICE EXp.
PATTERN/ FACTOR| 1 2 3 4 5 6 Var.
MORTALITY -0.039 -1.549 -0.027 -0.669 -1.035 -0.234
EFFECT (0.107) (0.228) (0.123) (0.197) (0.272) (0.164) 0.390
90-DAY CATH 9.658 1527 2925 4.750 1.021 3.256

(0.466) (0.251) (0.301) (0.515) (0.378) (0.294) 0.862
90-DAY CABG 1.189 0.282 0689 4.403 0323 -0.149

(0.106) (0.131) (0.153) (0.219) (0.127) (0.108) 0.999
1-DAY PTCA 7.151 1554 3.293 0956 2.435 -1.330

(0.401) (0.143) (0.307) (0.213) (0.347) (0.163) 0.910
90-DAY PTCA 0.199 -0.176 -0.977 -0.068 -0.633 3.995

(0.087) (0.108) (0.096) (0.096) (0.145) (0.140) 0.999
ACE INHIBITOR 0.831 3.588 0608 -0.207 0.371 -0.480

AT DISCHARGE (0.151) (0.222) (0.167) (0.210) (0.233) (0.198) 0.506
THROMBOLYTICS | 5049 -0.419 -2094 -0.313 -5.038 1.757

IN HOSPITAL (0.498) (0.228) (0.191) (0.201) (1.332) (0.421) 0.772
ASPIRIN 2352 6577 1113 0594 -0.899 -0.124
IN HOSPITAL (0.243) (0.407) (0.224) (0.285) (0.460) (0.269) 0.582
BETABLOCKERS | 1308 9.047 0031 0061 0439 0076
IN HOSPITAL (0.273) (0.499) (0.286) (0.316) (0.784) (0.314) 0.503
CHEST X-RAY 2302 1.133 5.628 1157 1.651 -0.983

(0.250) (0.208) (0.338) (0.251) (0.387) (0.213) 0.686
CK(BLOODTEST | 9427 1106 3.132 1132 1323 -0.161

FOR MI) (0.153) (0.123) (0.257) (0.179) (0.477) (0.109) 0.621
BLOOD GLUCOSE | 439 0331 3233 0054 0123 -0.310
TEST (0.114) (0.109) (0.197) (0.113) (0.101) (0.097) 0.544
HEMOGLOBIN 0.462 -0.241 2712 0016 0.007 -0.385
COUNT (0.087) (0.098) (0.201) (0.102) (0.200) (0.094) 0.601
Explained Hospital

Variance 0.220 0.199 0.116 0.062 0.053  0.044

Standard errors of estimatesin parentheses. Factor effects and treatment |oadings reported in percentage points; they
show the effect of aone-unit (one standard deviation) change in the factor. Includes adjustment for demographics, co-

morbidities, and severity of illness; results with demographic controls only do not differ substantially.
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Table 5B: IV Estimates of Hospital Practice Pattern Effects
Based on AMI admissions from the CCP Project, 1994-95

1-YEAR MORTALITY

PRACTICE Exp.
PATTERN/ FACTOR| 1 2 3 4 5 6 Var.
MORTALITY -0.267 -1.495 -0.044 -0.966 -0.935 -0.350
EFFECT (0.187) (0.231) (0.157) (0.256) (0.423) (0.222) 0.390
90-DAY CATH 9421 1604 2954 4978 0910 3.268

(0.525) (0.305) (0.313) (0.598) (0.844) (0.305) 0.848
90-DAY CABG 1.131 0.252 0.672 4425 0260 -0.19

(0.125) (0.145) (0.165) (0.222) (0.158) (0.118) 0.999
1-DAY PTCA 7.261 1.645 3.182 1.068 2.545 _1.329

(0.628) (0.150) (0.362) (0.256) (0.727) (0.192) 0.934
90-DAY PTCA 0.167 -0.166 -0.961 -0.039 -0.592 4.008

(0.142) (0.107) (0.101) (0.099) (0.237) (0.146) 0.999
ACE INHIBITOR 0.787 3.632 0591 -0.156 0.368 -0.486

ATDISCHARGE | (0.146) (0.228) (0.176) (0.212) (0.278) (0.202) 0.515
THROMBOLYTICS | 5161 .0.431 -2.079 -0.408 -4.412 1.898

IN HOSPITAL (0.725) (0.211) (0.252) (0.211) (1.386) (0.518) 0.666
ASPIRIN 2291 6583 1146 0.678 -1.071 -0.135
IN HOSPITAL (0.307) (0.436) (0.228) (0.290) (0.575) (0.277) 0.595
BETABLOCKERS | 1580 9.179 -0.069 0165 0.899  0.099
IN HOSPITAL (0.271) (0.543) (0.299) (0.369) (0.799) (0.322) 0.521
CHEST X-RAY 2260 1.171 5532 1237 1.840 -1.003

(0.289) (0.221) (0.394) (0.285) (0.499) (0.234) 0.680
CK(BLOODTEST | p392 1071 3.071 1177 1522 -0.178

FOR M) (0.187) (0.124) (0.303) (0.195) (0.633) (0.131) 0.629
BLOOD GLUCOSE | 476 0.34 3.208 0.066 0.132 -0.326

TEST (0.134) (0.111) (0.199) (0.120) (0.132) (0.099) 0.534
HEMOGLOBIN 0.456 -0.221 2799 -0.012 -0.062 -0.378
COUNT (0.087) (0.099) (0.256) (0.105) (0.243) (0.091) 0.648
Explained Hospital

Variance 0.217 0.203 0.113 0.067 0.048 0.045

Standard errors of estimatesin parentheses. Factor effects and treatment loadings reported in percentage points; they
show the effect of aone-unit (one standard deviation) changein the factor. Includes adjustment for demographics, co-
morbidities, and severity of illness; results with demographic controls only do not differ substantially
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Table 6: IV Estimates of Zip Code Practice Pattern Effects
Based on AMI admissions from the CCP Project, 1994-95

30-DAY MORTALITY

PRACTICE Exp.
PATTERN/ FACTOR 1 2 Var.
MORTALITY -0.922 -0.144
EFFECT (0.196) (0.183) 0.399
90-DAY CATH .0.808 5.175

(0.445) (0.341) 0.821
90-DAY CABG 0.162 0.639

(0.205) (0.249) 0.551
1-DAY PTCA -0.678 3.661

(0.357) (0.243) 0.903
90-DAY PTCA 0.140 0.311

(0.208) (0.238) 0.681
ACE INHIBITOR 1.166 0.237
AT DISCHARGE (0.258) (0.269) 0.402
THROMBOLYTICS 0.711 -0.269
IN HOSPITAL (0.251) (0.251) 0.237
ASPIRIN 1.576 1.836
IN HOSPITAL (0.294) (0.293) 0.370
BETA BLOCKERS 7.248 -0.043
IN HOSPITAL (0.247) (0.651) 0.987
CK (BLOOD TEST -0.008 -0.383
FOR M) (0.124) (0.151) 0.674
BLOOD GLUCOSE .0.592 .0.124
TEST (0.157) (0.159) 0.642
HEMOGLOBIN -0.860 -0.063
COUNT (0.14) (0.145) 0.897
Explained Hospital
Variance 0.357 0.264

Standard errors of estimates in parentheses. Factor effects and treatment loadings reported in percentage points; they
show the effect of aone-unit (one standard deviation) changein the factor. Includes adjustment for demographics, co-
morbidities, and severity of illness; results with demographic controls only do not differ substantially
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Table 7: Goodness-of-Fit Test

P-value
Outcome Number of P-value Versus one
Measure Factors GMM Statistic D.F. Overall more factor
30-day mortality
Hospital IV 5 130.1 23 0.000 0.000
6 37.7 15 0.001 0.0003
7 10.7 8 0.222 0.999
Zip IV 1 189.8 54 0.000 0.000
2 69.9 43 0.006 0.0013
3 40.9 33 0.163 0.103
1-year mortality
Hospital IV 5 122.8 23 0.000 0.000
6 39.6 15 0.001 0.0007
7 14.3 8 0.075 0.720
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