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1. Introduction 

In this paper, we develop and apply methods for addressing two core problems in evaluating the 

quality of medical care:  determining the effect of medical treatments on patient outcomes, and determining 

whether and why health outcomes differ across health care providers.  

Randomized controlled trials are generally regarded as the only definitive method for estimating 

treatment effects. However, in response to a variety of perceived problems with randomized controlled trials, 

ranging from their expense and timeliness to their external validity and the “ethical” problems of conducting 

trials for many commonly-used treatments, some investigators have advocated supplementing clinical-trial 

results with analyses of various types of observational data.  As medical data systems improve, increasingly 

detailed observational data on large patient populations have become available for potential use in such 

studies. These data innovations do not eliminate the central problem with observational data:  treatments are 

not randomly assigned across patients and are likely to be related to hard-to-measure factors that also 

influence outcomes.   

Two major approaches have been taken to this problem of endogeneity in estimating treatment 

effects (see McClellan 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 is inevitably limited because it is difficult to measure all of the patient preferences, 

comorbidities, and other characteristics that may influence both treatment choice and outcomes; relative to 

the many complex patient characteristics that are observed by patients and their health care providers and 

that may influence treatment choices, the effects of particular medical treatments are often quite modest.  A 

second approach has been to use instrumental variables (IV) estimation.  In IV estimation one uses observed 

variables (instruments) that influence treatment decisions but are assumed to be unrelated to patient risk 
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factors, to identify how treatment variation independently influences patient outcomes.  This approach is 

limited by the availability of suitable instruments with adequate explanatory power, particularly in cases in 

which many treatments must be considered (see McClellan and Newhouse, 2000). 

In this paper we propose a method of estimating treatment effects that combines these two prior 

approaches, that makes more efficient use of “good” variation in treatments that appears unrelated to 

individual characteristics, and that clearly describes which treatments are separately identified.  We estimate 

models of the effects of medical treatments on individual patients based on hospital-level and area-level 

variation in treatment intensity as an instrument for the treatment variables.  We focus on hospital-level 

analysis; after controlling for the observable risk factors, we argue that variation in treatment across hospitals 

is unlikely to be related substantially to unobserved risk factors affecting patient outcomes – in contrast to the 

variation in patient treatments within hospitals.  To do this, we develop a new estimator, based on a General 

Method of Moments (GMM) approach derived from methods developed in McClellan and Staiger (1999a, 

1999b, 2000), which allows more precise identification of true or systematic variation in treatments and 

outcomes across hospitals.  Because these treatment variations occur at the level of hospitals or small areas 

and do not appear to be related significantly to differences in patient mix, they provide a much more powerful 

approach to identifying consequences for patient outcomes. 

 This feature of our approach also makes it relevant to evaluating quality of care of different health 

care providers.  Because patients can never be effectively randomized to alternative hospitals or other 

medical providers, observational data will always provide the foundation for comparisons of quality across 

providers.  In addition to the problems of bias that generally confound observational studies, provider-level 

studies are also complicated by substantial noise.  Many patient and other factors influence most treatments 

and outcomes of interest, and most providers treat only a limited number of patients in a particular time 
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period.  In addition, many dimensions of quality – numerous different processes of care and outcomes – may 

be relevant to the judgments of patients and their physicians about quality of care.  As a result, virtually all 

estimates of provider quality reported to date are very imprecise and incomplete, and many experts have 

expressed doubt whether meaningful empirical quality assessment is feasible at all for most aspects of 

medical care (see McClellan and Staiger, 2000, for a more detailed discussion).  In this paper, we not only 

develop and apply methods for obtaining more precise estimates of many dimensions of treatment at the 

hospital level simultaneously; we also develop and apply methods for summarizing these many dimensions 

accurately and determining whether these differences in practice patterns help explain the substantial 

differences in health outcomes that we also observe across providers.  Thus, our methods help address many 

of the difficult issues in evaluating health 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 

administrative records from the Cooperative Cardiovascular Project on over 170,000 elderly heart attack 

patients from 1994-1995.  Our analysis includes a variety of medical and surgical treatments thought to 

improve survival following a heart attack, including cardiac catheterization, angioplasty, bypass surgery, the 

use of aspirin, and the use of beta blockers.  To evaluate the methodology, we compare our GMM estimates 

to alternative estimates based on OLS regression and instrumental variables methods.  

We present a number of empirical results that provide support for the GMM method.  First, we 

document that there is considerable systematic variation in treatment intensity across hospitals. Second, we 

find that the GMM method, which uses this variation in treatment intensity across hospitals to estimate 

treatment effects, yields treatment effect estimates that are quite similar to recent IV estimates (e.g., 

McClellan et al., 1994) but that are considerably more precise.  In addition, the GMM estimates appear to 
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be robust to controlling for detailed information on patient severity.  Finally and most importantly, we are 

able to reach a number of conclusions about how medical practices for heart attack care differ across 

hospitals, and the consequences of these differences for heart attack mortality and for providing insights into 

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

 

2. Background 

A. Estimating treatment effects 

Unbiased estimation of treatment effects is of major interest in many branches of applied economics 

and statistics, for use in guiding individual decisions involving treatment use as well as policy decisions that 

may influence treatment use.  The gold-standard method for estimating treatment effects without bias is the 

randomized controlled trial, in which subjects are randomized to receive either the treatment of interest or a 

“control” treatment protocol that differs only in a well-defined treatment of interest.  But randomized trials 

are often very costly, and individuals 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 

benefits with each alternative.   Moreover, it may be especially difficult to enroll a sufficient number of 

patients to estimate relevant treatment effects precisely.  Patients and their physicians may believe, based on 

limited evidence, that a particular therapeutic alternative may be more beneficial for them; especially if the 

treatment decisions have potentially important implications for survival (e.g., major treatments for heart 

attacks), they may rationally 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 observational-data techniques is based on direct 

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

choice and many unmeasured factors or “omitted variables,” including unmeasured differences in the 

individuals selected into the treatment groups as well as unmeasured differences in other treatments and 

environmental conditions to which the groups are exposed.   

 Another set of observational-data methods, instrumental-variables methods, rely instead on 

comparisons between groups that differ in an observable way that is assumed to influence treatment choice 

but not to influence outcomes directly -- much like randomization in a clinical trial.   The instrumental-

variables methods, however, will be biased if the instrumental variable is correlated with unobserved 

individual or environmental factors that also affect outcomes.  Moreover, changes in the value of instrumental 

variables generally affect treatment for only a subset of individuals, so that the consequences of any such 

correlation are multiplied.  Finally, application of this method in practice is limited by the availability of 

suitable instruments, particularly in situations where there are many dimensions of treatment.  Lingering 

concerns about the potential for bias, along with practical data limitations in terms of suitable instruments and 

measures of patient severity, have limited the acceptance of observational 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 attacks or acute myocardial infarctions (AMIs) are directly or indirectly 

responsible for most of these deaths.  An important set of intensive treatments for heart attack care begins 
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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 transluminal 

coronary angioplasty), which involves the use of a balloon at the end of a catheter to eliminate blockages, 

and bypass surgery (CABG, or coronary-artery bypass graft surgery), a major open-heart surgical 

procedure to bypass the areas of blockage.  In addition, patients can be treated with a variety of drugs 

following their 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 mortality significantly, 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 intensive 

procedures for health care resource use, the procedures have been studied in only a few randomized clinical 

trials.  Several trials were performed for bypass surgery in the early 1980's and on angioplasty in the 

following years; in general, these trials found limited mortality benefits in a few subgroups of patients.1  

Nonetheless, the procedures have become much more widely used in heart attack patients, for several 

reasons.  First, the equipment quality and technical skill of personnel involved in the procedures has 

                                                 
1Trials of bypass surgery versus no intensive procedures included a VA study and a European trial.  Trials of 
angioplasty included Erbel et al. (1986), Simmoons et al. (1989), TIMI Study Group (1989), and Zijlstra et 
al., 1993.  Most of these studies focused on the immediate use of angioplasty, rather than its use at all during 
the episode of treatment for heart attack. Reflecting changes in expectations about treatment benefits, recent 
trials have focused on narrower questions about use of the intensive procedures, such as the timing of 
catheterization (e.g., Califf et al., 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). 
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improved substantially since the time of the trials, leading to much lower complication rates.  Second, trials 

on many types of heart disease patients, such as women and the elderly, were regarded as too costly to 

justify additional studies given the previous trial 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.  As with many other intensive medical technologies, these heart procedures are now used in a 

much broader range of patients than have been explicitly supported by randomized trials. 

 Consequently, these procedures have been studied frequently using observational methods.  Studies 

based on direct comparisons of treated and non-treated patients have generally found that intensive cardiac 

procedures like bypass surgery were associated with significant and substantial mortality reductions in these 

additional patients, even after accounting for observable differences.  For example, using the propensity-

score method, Rosenbaum and Rubin (1984) estimate a large improvement in functional status and in survival 

for patients with heart disease undergoing bypass surgery.  In contrast, observational studies using 

instrumental-variables methods (based on administrative data with little clinical detail) have found smaller 

mortality effects in patients undergoing procedures, and the effects appeared to be due at least in part to 

acute treatments other than catheterization (e.g., McClellan, McNeil, and Newhouse, 1994; McClellan and 

Newhouse, 1997).  Thus, different observational estimation methods appear to give substantially different 

results. The source of the differences is not clear, although recent work that controls for detailed patient 

severity information supports the validity of the instrumental variable estimates (McClellan and Noguchi, 

2000). Nevertheless, these kinds of inconsistencies have plagued observational studies of treatment effects, 

and limited their relevance for clinical practice and policies intended to influence it.  

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

male patients.  Thrombolytics have been shown to reduce mortality significantly compared to noninvasive 
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treatments; whether thrombolytics lead to outcomes that are as good as primary (immediate) angioplasty 

after heart attack is more controversial.  Trials in the early 1990s generally found no difference in outcomes; 

however, some recent trials have concluded that primary angioplasty leads to lower mortality, and many 

cardiologists have expressed concerns about the safety of thrombolytics in elderly patients who are more 

prone to bleeding complications (the randomized trials of thrombolytic drugs have mostly been performed in 

nonelderly patients, without many comorbid illnesses).  Beta blockers, aspirin, and (for the subset of patients 

with heart failure after AMI) ACE inhibitors have all been shown to reduce mortality after AMI. Some 

studies, primarily observational, have suggested that routine use of calcium channel blockers may lead to 

worse outcomes; at least in the 1994-95 period, no randomized trials had found a clear benefit to using 

calcium 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 mortality) 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 quality or effectiveness of particular hospitals in caring for AMI patients has been 

even more difficult to obtain.  Because hospitals treat only a limited number of AMI patients and because 

many patient and environmental factors influence AMI outcomes, standard comparisons of mortality rates 

across hospitals even after adjusting for observable patient differences are imprecise (Thomas and Hofer, 

1999). They are also very likely to identify hospitals as high-mortality “outliers” by chance, rather than as a 

result of true or systematic differences in quality.  Our previous work (McClellan and Staiger, 1999a, 1999b, 

2000) developed and applied methods to distinguish true or systematic variation in treatments and outcomes 
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across hospitals from such random variation.  Our methods are closely related to Bayesian methods for 

“smoothing” hospital estimates, but they make use of the fact that many dimensions of care are related to 

each other.  For example, hospitals that have lower mortality rates in one year tend to have lower mortality 

rates in other years, and hospitals that perform better in some dimensions of care tend to perform better (and 

occasionally worse) in other dimensions.  We showed that such correlations can be used to reduce the noise 

problem substantially in estimating hospital effects.  

However, our previous work did not provide any evidence on how lower-mortality hospitals 

achieved better outcomes; nor did it provide any evidence on whether the observational data underlying our 

estimates of hospital quality could provide further insights into the effects of particular medical treatments.  

These are important issues.  There is considerable evidence that hospitals often fail to provide care that has 

been shown to be effective (e.g., Asch et. al., 2000). Yet, because of problems in identifying differences in 

hospital practices with any useful degree of precision, such studies are often reported only at the level of 

broad groups of hospitals (e.g., low- and high-volume hospitals, or teaching and nonteaching hospitals) or at 

the level of geographic regions, entire states, or the country as a whole (e.g, Allison et. al, 2000).  At such 

broad levels of aggregation, it is difficult to develop policy or management interventions that encourage 

appropriate hospital practices and discourage ineffective ones.  The inability to identify important differences 

in practices and their consequences at the hospital level thus inhibits the implementation of programs to 

improve quality of care. 
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3. Methods  

A. Overview and identification 

A key problem with estimating treatment effects with observational data is that treatment is likely to 

be correlated with unmeasured patient characteristics that also influence outcomes. Two simple examples 

illustrate the fundamental nature of this problem.  First, a patient may be considered a poor candidate for 

surgery if admitted with a severe heart attack along with multiple pre-existing conditions (such as diabetes or 

stroke).  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 treatment.  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 survival, leading to a classic problem of reverse causation. 

Again, OLS estimates will tend to overstate the effect of treatment, since only survivors receive treatment.  

This second example is particularly problematic because even controlling for complete information on patient 

severity at admission would not eliminate the bias in OLS estimates.  As a result, any estimate of treatment 

effects that relies on patient-level variation in treatment will be biased. 

Our approach uses hospital-level variation in treatment intensity as an instrument to identify the 

relationship between treatment and outcomes.  In other words, we rely on between-hospital variation rather 

than within-hospital (patient-level) variation.  This approach requires that treatment intensity is uncorrelated 

with systematic unobserved differences in patient mix at the hospital level, e.g. aggressive treatment hospitals 

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, a patient’s choice of hospital will be based on the information available at the time 
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of admission.  Therefore, it is, at least in principle, possible to control for systematic differences in case mix 

across hospitals provided one has sufficient information on the patient at the time of admission.  Moreover, 

the acute nature of the AMI admission decision limits opportunities for selection at the time of admission.  As 

a result, it is possible to estimate treatment effects based on hospital-level variation in treatment combined 

with data on patient severity at the time of admission.  

In practice, this approach has two important drawbacks.  One drawback of this approach is that it is 

difficult to estimate treatment intensity based on the relatively small patient samples observed at each hospital.  

As a result, much of the observed variation in treatment rates across hospitals is due to random factors rather 

than systematic differences across hospitals in treatment intensity.  Therefore, we use an estimation method 

that explicitly addresses this issue of estimation error in observed treatment rates.  

A second important drawback of this approach is that some important aspects of treatment are hard 

to measure, but are likely to be correlated with a hospital’s treatment intensity for measured treatments, 

leading to bias. For example, hospitals that tend to treat heart attack patients with aggressive surgical 

procedures (bypass, angioplasty) may also have a more skilled nursing staff, better technology available in 

their Intensive Care Units, or provide additional follow-up care after the patient is discharged.  In this case, 

the estimated treatment effect may be the result of related treatments that were not included in the model.  

Therefore, we develop a factor model that summarizes the variation in treatment intensity with a smaller-

dimensional set of factors, and then relate these factors to patient outcomes. This approach acknowledges 

that one cannot estimate the effect of individual treatments, but retains the ability to relate observed 

differences in practice patterns to patient outcomes.   

Estimation of the model is a two-stage process. The first stage consists of patient-level regressions 

for the outcome measure and for each treatment measure.  These regressions estimate reduced-form models 
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in which the outcome/treatment depends on hospital fixed effects and patient characteristics. The regressions 

generate hospital fixed effects for both outcome and treatments, controlling for the patient mix admitted to the 

hospital. 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 treatment 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 treatment across hospitals, 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 (Yij) for patient i admitted to hospital j depends on a 1xK vector of 

treatments (Tij) and a 1xL vector of patient characteristics measured at admission (Xij) according to the 

following equation: 

(1)  Yij = Tijβ  + XijΠ + α j + ε ij ,  

The parameters of interest are β  (a Kx1 vector of treatment effects) and Π (a Lx1 vector of covariate 

effects).  We decompose the error into two parts: A hospital component (α), which as discussed above is 

assumed to be uncorrelated with T; and a patient component (ε) that may be correlated with T.  Patient 

characteristics at the time of admission (X) are assumed to be uncorrelated with ε. 

 The expected level of treatment is assumed to depend on patient characteristics and also to depend 

on the hospital to which the patient was admitted, so that: 

(2) Tij = XijΓ + δ j + νij , 

Where equation 2 is a multivariate regression where Γ is a LxK matrix of parameters, and δ j is a 1xK vector 

of hospital fixed effects representing the treatment intensity at hospital j on each of the K treatments. Again, 

patient characteristics at the time of admission are assumed to be uncorrelated with νij. 
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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 variable: 

(3) Yij = XijΨ + θj + ωij , 

Where: Ψ = Γβ  + Π; θj = δ jβ  + α j ; and ωij = νijβ  + ε ij .   

 

C. Estimation 

The parameters of equation 1 cannot be estimated consistently by OLS because the treatment 

variable is endogenous.  However, we can estimate the parameters in the reduced form equations (2 and 3) 

by OLS with hospital fixed effects (since X is uncorrelated with both ν and ε).  With consistent estimates of 

the parameters in the reduced form equations, one could estimate the treatment effects by conventional 

instrumental variable methods, e.g. by two stage least squares, using hospital fixed effects in the first stage 

(equation 2) as the instruments for treatment.  In our application, however, first stage estimates of the hospital 

fixed effect (δ j) are based on small samples in each hospital, with over half of all hospitals admitting fewer 

than 30 heart attack patients.  Thus, the assumption that the first-stage parameters are consistently estimated 

is problematic.  In particular, we face a situation of having many weak instruments, and recent work has 

documented that parameter estimates and standard errors from traditional IV estimators such as 2SLS are 

biased in this situation (see Bekker, 1994; Bound, Jaeger and Baker, 1995; Staiger and Stock, 1997).   

Therefore, we take a different approach to estimation, similar to that taken by Deaton (1985) in 

estimating cohort models from many years of cross-section data, and similar to that taken by McClellan and 

Staiger (1999a,b, 2000) in estimating hospital quality from many years of patient-level data.  Our approach 

is also closely related to the hierarchical bayes model proposed by Chamberlain and Imbens (1996) for IV 
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estimation with many instruments.  The estimation is a two-stage process. We describe each of these in turn 

below. 

C.1. First Stage  

 In the first stage, we estimate the patient-level 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 all of the parameters of interest, along with an unbiased 

estimate of the covariance matrix for these estimates.  Let jjjM δθ ˆ,ˆ=  be the 1x(K+1) vector of 

estimated fixed-effect parameters for hospital j, and let Sj be the OLS 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 (Γ,Ψ) are known asymptotically and, as a result, the estimates Mj 

and Sj are independent across hospitals. 

C.2. Second Stage 

 In the second stage, we use the hospital-level data from the first stage (Mj,Sj) to estimate the 

remaining parameters by General Method of Moments (GMM).  Note that the fixed effect estimates from 

the first stage are equal to the true hospital-specific intercepts plus estimation error: 

(4) jjjjjjM ζδθδθ +== ,ˆ,ˆ  

Where jjjjj δαβδδθ ,, += , and jζ  is the 1x(K+1) vector of estimation error which is mean zero 

and uncorrelated with jj δθ , .  This implies that: 

(5) ( ) ( )jjjjjjjj EEMME ζζδθδθ ′+




 ′

=′ ,,  
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Note that the first stage estimate of the covariance matrix for the fixed effect parameters (Sj) is an unbiased 

estimate of the variance in the estimation error, ( )jjE ζζ ′ .  Therefore, we have: 

(6) ( ) 




 ′

=−′ jjjjjjj ESMME δθδθ ,,  

 Equation 6 states that the variance of the true fixed effect parameters is equal in expectation to the 

variance of the estimated fixed effect parameters minus the estimation error variance.  Plugging in to equation 

6 for θj and assuming that hospital treatment intensity (δ j) is independent of hospital-level variation in 

unobserved case-mix (α j) yields: 

(7) ( ) 







ΩΩ
Ω′+Ω′

=−′
δδ

δαδ

β
βσββ 2

jjj SMME  

where ( )jVar δδ =Ω , and ( )jarV ασ α =2 .   

 Equation 7 provides the basis for a just-identified GMM estimator of the treatment effect parameters 

(β), along with estimates of the variance (and covariance) of treatment intensities across providers (Ωδ) and 

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

parameters by setting the theoretical moments (the right hand side of equation 7) equal to a sample estimate 

of these moments calculated as the weighted average of Mj'Mj - Sj across hospitals, using the number of 

admissions at each hospital as weights.  Standard errors for the estimates are calculated as in Chamberlain 

(1984).   

 Our GMM method can be interpreted in a simple way.  The fixed effect in the reduced form 

outcome equation is related to the fixed effect in the treatment equations by the equation: 

(8) θj = δ jβ  + α j 
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where α j is assumed to be independent of  δ j.  Thus, if we observed θj and δ j without any estimation error, 

then equation 8 could be estimated by weighted least squares using hospital-level data and weighting by the 

number of patients in each hospital.  Traditional two-stage least squares estimates of β , using hospital fixed 

effects as instruments, estimate equation 8 exactly in this way, replacing the unobserved parameters θj and δ j 

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

(correlated) measurement error in the estimates jθ̂  and jδ̂ .  Thus, rather than estimating β  with the usual 

least squares formula (ignoring the weights) of ( ) ( )θδδδ ˆˆˆˆ 1
′′

−
, we use estimates of the moment matrices that 

correct for the measurement error.  For example, ( )δδ ˆˆ1 ′
N  overstates the variance in treatment across 

hospitals ( ( ) δδδ Ω≡′E ) because of the estimation error in δ̂ .  Therefore, our method “subtracts off” the 

estimation error and estimates the variance in treatment across hospitals ( δΩ ) with ( )
δ

δδ ˆ
1 ˆˆ SN −′ , where 

δ̂
S  

is the average estimation error variance for the treatment fixed effects ( jδ̂ ). 

 More generally, our GMM method provides a simple and intuitive framework for addressing the 

problem of weak instruments.  In our application, the problem of weak instruments corresponds to the 

problem that θj and δ j are observed with substantial (and correlated) estimation error, whereas the 

conventional asymptotic properties of 2SLS rely on this estimation error disappearing asymptotically.  The 

presence of estimation error in θj and δ j biases the 2SLS estimate of β  (toward OLS, because the 

correlation in the estimation error is in that direction) and biases standard error estimates of 2SLS (usually 

downward, because the estimation error overstates the variance of δ j).  Our GMM method relies on the 

hierarchical 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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2SLS.  In a similar approach, Chamberlain and Imbens (1996) also exploit this hierarchical structure to 

derive alternative IV estimators that are robust to weak instruments.  Other approaches to overcoming weak 

instruments are also easy to interpret in this framework.  For example, Angrist and Krueger (1995, 1999) 

take a split-sample approach, estimating θj and δ j 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 δ j. 

 

D. Factor Models 

 Our key identifying assumption is that hospital treatment intensity (δ j) is uncorrelated with any 

unobserved factor influencing the hospital’s average outcome (α j).  As argued earlier, as long as we can 

condition on the same information about patient severity that was used by patients in selecting hospitals, there 

is no reason to expect that treatment intensity is correlated with unobserved casemix differences across 

hospitals.  However, treatment intensity may still be correlated with other unobserved hospital factors that 

influence outcomes.  For example, any omitted aspect of treatment at a hospital that influences outcomes and 

is correlated with the included treatments will violate our identifying assumption and bias the results.   

 Given the difficulty in measuring all relevant treatments in most medical situations, one would like a 

model that is able to estimate the effect of observed differences in practice patterns on patient outcomes, yet 

at the same time acknowledges that one cannot attribute the effect to individual treatments.  The approach 

that we adopt is to use a factor model in which all treatments (both observed and unobserved) depend on a 

smaller-dimensional set of factors, and then these factors (rather than the treatments themselves) affect 

patient outcomes.  Thus, we assume that mortality rates at a hospital depend on overall practice patterns 

(summarized by the factors) that can be identified from variation in the intensity of observed treatments.   
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 More specifically, suppose that we replace equation 8 with a factor model in which both a hospital’s 

treatment intensity (δ j) and patient outcomes (θj) depend on a small-dimensional set of latent factors: 

(8’)  (θj,δ j) =  Fj Λ + >j 

where Fj is a 1xJ vector of factors with dimension less than the number of treatments (J<K), Λ is a matrix of 

coefficients (the factor loadings) giving the effect of the factors on the treatments and outcomes, and >j is a 

vector of independent residuals with Var(>)=Ψ a diagonal matrix.  Without loss of generality we normalize 

the factors so that Var(F)=I.  Thus, the factor loadings (Λ) can be interpreted as the increase in treatment 

intensity or patient outcomes associated with a one standard deviation increase in each factor.   

 The factor structure (equation 8’) implies that E(Mj'Mj - Sj) = Var(θj,δ j) = Λ’Λ+Ψ.  Thus, the 

parameters of the factor model (Λ,Ψ) can be estimated by Optimal Minimum Distance (OMD) methods 

(Chamberlain, 1984), i.e. by choosing the parameters so that the theoretical moment matrix, Λ’Λ+Ψ, is as 

close as possible to the corresponding sample moments from the (weighted) sample average of  Mj'Mj - Sj.  

More specifically, let dj be a vector of the non-redundant (lower triangular) elements of Mj'Mj - Sj, and let 

∆=g(Λ,Ψ) be a vector of the corresponding moments from the true moment matrix.  Then the OMD 

estimates of (Λ,Ψ) minimize the following objective function:  

(9) ( )[ ] ( )[ ]ΨΛ−
′

ΨΛ−= − ,, 1 gdVgdNq  

where V is the sample estimate of the covariance matrix for d, and d is the sample average of d, and both 

estimates are weighted by the number of admissions at each hospital.   

If the factor model is correct, the value of the objective function, q, will be distributed χ2 (p) where p 

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

parameters being estimated).  Thus, q provides a goodness of fit statistic that indicates how well the factor 
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model fits the actual covariance in the data.  However, there is considerable evidence that this goodness of fit 

statistic tends to over-reject in practice (Hansen et. al, 1996; Stock and Wright, 1996).  Thus, to avoid 

over-fitting the data we will apply this statistic conservatively.   

There is similar evidence suggesting that conventional standard errors for OMD estimates tend to be 

too small, and that confidence intervals derived directly from the objective function tend to have better 

coverage (Hansen et. al, 1996; Stock and Wright, 1996).  Therefore, we derive standard errors from a 

delta-method estimate for the variance of the parameters, where the delta-method estimates are derived 

directly from the objective function.  In particular, note that d  is simply a vector of sample averages with 

var(d )=V/N.  Thus the OMD parameter estimates are an implicit function of the estimated parameter vector 

(d ), as defined by the objective function (equation 9).  Letting θ=(Λ,Ψ), by the delta method we have: 
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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 conventional OMD standard errors.  

 There are a number of advantages of the factor model.  Most importantly, if some treatments are 

unobserved, the remaining parameters (i.e. the components of Λ and Ψ that correspond to the observed 

treatments and outcomes) can still be consistently estimated.  Thus, this approach avoids the omitted variable 

bias inherent in estimating treatment effects by assuming that it is the variation in the latent factors, rather than 

specific treatments, that influences outcomes.  In addition, the assumptions of the factor model can be tested 

through the goodness of fit statistic.  This goodness of fit statistic is a global test of the over-identifying 

assumptions in the factor model, which imply that consistent parameter estimates could be obtained using any 

just-identified subset of the observed treatments.  Finally, the factor model summarizes the multi-dimensional 
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variation in treatment patterns across hospitals with only a few factors, and thereby focuses attention on a 

few simple dimensions on which practice patterns vary.   

 There are also a number of important limitations of the factor model.  First, the estimated factor 

loadings (7) are only unique up to an ortho-normal rotation.  We report estimates from the varimax rotation, 

which is commonly used in factor analysis 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 model is that the appropriate number of factors is not obvious.  We choose the 

number of factors empirically, based on a combination of statistical significance and robustness of results with 

the incremental addition or removal of factors.  A final limitation is that, even though we have sought to 

isolate the consequences of incremental variations in the use of additional treatments to the extent our 

empirical evidence allows, it remains possible (and perhaps likely) that each of the observed “practice 

patterns” described by the factors are related to other, unobserved treatments.  Nonetheless, the factor 

model provides a more quantitative proxy for overall practice patterns that, like the complex characteristics 

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

 

4. Data 

 To illustrate the application of our GMM methods to evaluating treatments and understanding the 

causes of differences in outcomes among medical care providers, we use data from the Cooperative 

Cardiovascular Project (CCP), a major policy initiative to improve the quality of care for Medicare 

beneficiaries with AMI undertaken by the Health Care Financing Administration (HCFA).  During the 

“national” phase of the project, HCFA conducted standardized abstractions of the medical records of all 

Medicare beneficiaries hospitalized with a reported AMI over an eight-month period at essentially all 
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hospitals in the United States that had not participated in a four-state “pilot” phase.  The eight-month 

sampling frame was continuous at each hospital, and all sampling occurred between April 1994 and July 

1995.  Marciniak et al. (1998) provides more details on CCP goals, sampling and data collection strategy, 

and methods used to assure standardization and completeness of the medical record reviews.  Altogether, 

charts were abstracted for approximately 185,000 elderly AMI patients. The sample we use includes all 

patients admitted with an AMI to a hospital that had at least 3 such admissions in this time frame, with 

patients assigned to the initial hospital at which they were admitted.   These data were linked to Medicare 

administrative records (enrollment and hospitalization files), which have been used in previous observational 

studies of AMI practices and outcomes but do not include the clinical details present in the medical record 

abstracts.  The enrollment files include comprehensive all-cause mortality information from Social Security 

records. 

 The CCP data provide extensive clinical information on treatments and outcomes for each patient, 

along with a detailed set of patient covariates covering demographic information, information on the presence 

of comorbidities, and information on the severity of the heart attack on admission.  Our analysis uses the 

following variables: 

Treatment measures.  CCP data permit construction of a broad range of medical treatment 

measures.  Diagnostic treatments 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 relatively routine diagnostic tests were performed, and their outcomes; 

as well as the performance and findings of some more specialized diagnostic tests including cardiac 

catheterization and echocardiography during the hospital admission.  A range of treatments with commonly-

used drugs after AMI were also reported, including aspirin, beta blockers, ACE inhibitors, calcium channel 
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blockers, heparin, IV nitroglycerin, and lidocaine.  As we describe in more detail below, some of these 

treatments (but not all) have been shown in clinical trials to reduce heart attack mortality.  CCP data also 

report whether or not the patient received a thrombolytic or “clot-busting” drug, which is intended to head 

off a heart attack in progress by dissolving the blood clot and associated blockage that caused the heart 

attack.  While thrombolytics have been shown in numerous clinical trials to reduce heart attack mortality 

significantly, serious hemorrhage (including GI and intracranial bleeding) is a complication of treatment, 

particularly in the elderly. 

From the linked administrative claim data, we determined whether patients received intensive cardiac 

procedures within 90 days after AMI:  cardiac catheterization, PTCA (angioplasty), and cardiac bypass 

(CABG) surgery.  We also constructed a measure of the use of “primary” angioplasty within 1 day of AMI.  

This intensive treatment 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 before it dies, thereby limiting the damage from a 

heart attack.  Thus, it is viewed clinically as an alternative to the use of thrombolytic drugs.  While it avoids 

the bleeding complications associated with thrombolytics, it is much more resource-intensive (e.g., “on-call” 

specially-trained cardiologists and technicians are required) and may be associated with some complications 

of its own (e.g., re-blockage).  

Outcome measures.  We use death dates from all causes validated by the Social Security 

administration to calculate survival times from the initial hospitalization. Based on these dates, we compute 

30-day and 1-year mortality rates. 

Patient Covariates.  The CCP data include detailed measures of patient clinical characteristics.  

These measures enable us to control for important clinical information observed at admission that is likely to 

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

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

and CHF or pulmonary edema; and   

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

patient is verbally 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 mortality in CCP, see Normand et al. 

(1997).  

Table 1 provides summary statistics for the key treatment and outcome variables in our analysis.  We 

report means and standard deviations for the hospital-level treatment and outcome measures adjusted for the 

detailed list of patient covariates just described (i.e., the estimates of hospital fixed effects from equations 2 

and 3).  All statistics have been weighted by the number of new AMI admissions at each hospital.  Mortality 

for heart attack patients is relatively high, with 17% in the first 30 days, and 30% in the first year following 

the heart attack.  Estimated mortality rates also vary considerably across hospitals, e.g., the standard 

deviation of 30-day mortality across hospitals is 6 percentage points. Because the average hospital admitted 

only 43 elderly heart attack patients during the study period, a substantial part of this variation is likely due to 

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 total) and an additional 23% going on to have angioplasty within 90 days (11.0% of the total).  

Around 1/3 subsequently undergo bypass surgery (16.0%).  Treatment rates for the medications we study, 

beta blockers (46.7% during hospitalization (and a virtually identical rate at discharge) and aspirin (78.5%), 

are also substantial – though substantially lower than most experts believe is appropriate.  The variation in 
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these estimates of treatment rates across hospitals is large, with a standard deviation across hospitals ranging 

from 7.1 (bypass) to around 10-15 percentage points (catheterization, aspirin, beta blockers). 

 Following McClellan et al. (1994), we construct “differential distance” variables for each patient, 

based on the difference between the distance to the nearest hospital able to perform catheterization, less the 

distance to the nearest hospital not performing catheterization. We construct similar variables for high volume 

hospitals (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 hospital.   This variable 

has been shown to perform well as an instrument for catheterization, in that it is correlated with receiving 

catheterization (patients nearer a catheterization hospital are significantly more likely to receive this 

treatment), and it does not appear to be related substantially to differences in patient health characteristics 

that directly influence outcomes.  For a more details on the construction, use, and validation of this 

instrumental variable, see McClellan et al. (1994) and McClellan and Noguchi (2000).  Making use of our 

GMM signal extraction methods, we also construct IV estimates based on zip-code differential distance 

groups defined by dividing the three distance variables into 0.5-mile increments in urban areas, and 4.0-mile 

increments in rural areas. 

 

5. Results 

 In this section we report our GMM estimates of differences in outcomes and medical practices 

across hospitals, and of the relationship between hospital- and zip-level differences in medical 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 hospitals after accounting for measured differences in 
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patient mix as well as apparent differences due to statistical noise.  We then report alternative estimates of 

simple models in which the only treatment variable is whether the patient received cardiac catheterization 

within 90 days of the initial heart attack, comparing our GMM results to the effect of catheterization 

estimated using simple OLS methods and previously-reported differential-distance IV methods (McClellan et 

al., 1994; McClellan and Noguchi, 2000).  After discussing the limitations of all of these models of specific 

treatment effects in comparison to methods that account for hospital- or zip-level noise and the correlations 

among many medical treatments, we present our GMM-IV estimates of the effects of alternative practice 

patterns, using individual hospitals and zip code differential distance groups as instruments. 

 

Estimates of Variance and Correlation in Treatment and Outcomes Across Hospitals 

 We find substantial variation in both treatment rates and mortality rates across hospitals, after 

adjusting for observed differences in case mix and random hospital-level variation.  Tables 2 and 3 report the 

GMM estimates for the variation across hospitals in measures of mortality and treatment intensity, 

respectively.  Along the diagonal of each table, we report estimates of the standard deviation in each 

measure of hospital quality, while the off-diagonal elements of each table report the estimated correlations 

between pairs of measures.  All of these estimates are quite precise, with standard errors for each estimate 

given in parentheses.  The estimates reported in these tables are based on mortality 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 mortality.  The 

estimated standard deviation in mortality rates across hospitals is substantial at 3.2 percentage points for 30-

day mortality (relative to a base of  17.2 percentage points). Note that these GMM estimates are estimates 

of the true variation in mortality rates across hospitals.  Thus, they are smaller than the standard deviations 
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reported in Table 1 because they have corrected for the over-dispersion in the estimated mortality rates 

across hospitals due to estimation error.   Between 30 days and 1 year, very little additional systematic 

variation mortality across hospitals is observed:  the standard deviation for 1-year mortality is also 3.2 

percentage points (relative to a base of 29.5%).  Thus, additional mortality that occurs after 30 days is 

essentially “random noise” from the standpoint of the quality of the initial treating hospital.  The variation in 

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, differences in mortality across hospitals that 

appear in short-term mortality measures persist through 1-year mortality.  These results are consistent with 

our earlier findings (McClellan and Staiger, 2000), which concluded from a less clinically-detailed time series 

that the systematic variation in mortality across hospitals treating AMI patients approached its maximum 

within the first month of treatment; observation of longer-term mortality outcomes added little to the quality 

evaluation.  

 As we noted in that study, this result is also consistent with a range of clinical trial results showing 

substantial and persistent benefits of many treatments acutely after AMI.  However, we did not have data 

with enough clinical details to allow us to observe what those particular treatments were.  Here, our chart-

review data allow us to evaluate the extent to which a broad range of treatments differed across hospitals. 

 Table 3 reports similar GMM estimates of the true variation across hospitals for nine selected 

treatment measures.  Again, the standard 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 substantially across hospitals, even for 

inexpensive drugs.  In most cases, treatment rates are positively correlated, suggesting that many dimensions 
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of hospital practice are complements for each other.   Hospitals that use one surgical treatment aggressively 

tend to use other surgical treatments aggressively as well.  Hospitals that are more likely to perform 

catheterization are also much more likely to perform bypass surgery and angioplasty (correlations of 0.6 and 

0.7 respectively).  Hospitals that are more likely to perform bypass surgery are also more likely to perform 

angioplasty; thus, these alternative revascularization procedures are not substitutes in practice.  The strong 

correlations suggest that 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, hospitals that use intensive procedures more often also appear more likely to use some 

potentially beneficial 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 mortality in clinical trials are in general 

more likely to be used at hospitals that treat 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 correlated with the use of the catheterization and quite negatively correlated with the use 

of primary angioplasty.  Thus, thrombolytic drugs are to some extent substitutes 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 counseling for smoking cessation, which differs from the other treatments included in the table in that 

it is not a specific “medical” therapy but rather a psychosocial activity.  This treatment appears less likely to 

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

 

Estimates of Treatment Effects for Catheterization 

 Table 4 reports estimates of the treatment effect (β) for simple versions of equation 1 in which the 

dependent variable is mortality within a specified time period after admission and the only treatment variable 
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is whether the person received cardiac catheterization within 90 days of their heart attack.  As suggested by 

the strong correlation between catheterization and other invasive revascularization procedures in Table 3, 

these results might be viewed as alternative estimates of the effects of generally more “intensive” heart attack 

treatment.  Each column reports estimates for two mortality windows:  30-day and 1-year.  The left two 

columns report estimates that control for the full set of patient covariates available in the CCP data.  The right 

two columns report estimates of mortality effects for the same time intervals that only control for a limited set 

of demographic variables (gender, race, age, urban residence) commonly available in claims data.  The first 

row reports our GMM estimates based on true hospital-level variations in catheterization use and mortality, 

the second row reports IV estimates based on differential distance to a hospital performing catheterization 

(see, e.g., McClellan et al., 1994), and the third row reports OLS estimates that do not account for 

unmeasured differences in patient selection for catheterization.   

 If the assumptions required for consistency of the GMM estimator are correct, then the GMM 

results should be consistent but more efficient than the IV estimates, because the IV estimates use less of the 

systematic variation in treatment rates across hospitals. In contrast, the OLS 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, potentially hard-to-measure comorbidity or severity characteristics are less likely to 

receive catheterization).  This is the pattern observed in the estimates that control for the full set of patient 

covariates (the left half of the table).  The GMM point estimates are not significantly different from the IV 

estimates, but they are considerably more precise, with standard errors 3-4 times smaller than the IV 

estimates.  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.  Instrumental variable 

estimates of the treatment effect are slightly larger (11.3 percentage points) but not significantly different from 



 29

the GMM estimates because of their large standard error (3.4 percentage points).  Finally, the OLS estimate 

of the treatment effect is 12.8 percentage points, more than 50% larger than the GMM estimate.  Because of 

the precision of the OLS estimate, we can easily reject that OLS and GMM estimates are equal. 

 The right panel of Table 4 report estimates from a similar set of models to the left panel, but with 

controls for a much more limited set of patient covariates (demographics only).  These estimates inform us 

about the robustness of the GMM, IV and OLS methods when using the type of data commonly found in 

claims databases, and also provide some suggestive evidence on the extent of residual biases in estimates 

based on the alternative methods.  The results demonstrate that, at least in this application to heart attack 

mortality, the GMM and IV methods are relatively insensitive to the exclusion of detailed patient covariates, 

especially at acute periods after AMI. For example, the GMM and IV estimates of the effect of cardiac 

catheterization on 30-day mortality are nearly identical to the estimates in the left panel of Table 4 that 

controlled for a more detailed set of covariates.   Although the differences are not significant, the GMM 

estimates show a slightly different time pattern compared to the IV estimates, with the effect magnitudes 

growing larger over time at a more rapid rate, especially at one year.  In our discussion of Table 6 below, we 

return to the question of whether the hospital-based GMM approach may contain a relatively small amount 

of residual bias.  In contrast to both of these IV approaches, OLS estimates are extremely sensitive to the 

exclusion of detailed patient covariates, with the estimated treatment effect nearly doubling when we use the 

more limited set of control variables.  Thus, it seems likely that the OLS estimates (even with detailed 

covariates included) that have been widely reported in the medical literature, are much more likely to be 

biased as a result of residual unmeasured differences in patient selection. 

 Overall, the results in Table 4 support three important conclusions.  First, the GMM estimates are 

quite similar to, but more precise than, estimates from the one-treatment IV model of McClellan et al. 
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(1994).  Thus, provided that patient sorting to hospitals based on unobserved severity is not a significant 

problem, our method substantially expands the IVs available for estimating treatment effects with 

observational data.  Second, as previous IV estimates have suggested, OLS estimates appear to be biased 

significantly toward overstating the effects of intensive cardiac treatments, even in analyses that control for 

clinically detailed patient covariates.  Thus, at least for intensive procedures after heart attack, OLS and 

similar methods based on controlling for observed differences between treated and nontreated patients 

appears to be a fundamentally flawed approach to estimating treatment effects.  A third conclusion is that the 

GMM method, like the IV method of McClellan et al., appears to provide unbiased estimates even in 

datasets with limited patient covariates.  Thus, GMM methods appear to be a practical approach for 

estimating treatment effects using commonly-available claims datasets (provided that treatments are 

measured in the claims data).   

 However, even though the GMM and IV methods appear to perform much better in resolving the 

problem of biased estimation due to patient selection for treatment, interpreting estimates based on all of 

these methods is limited by the fact that more use of intensive procedures like catheterization is in general 

significantly correlated with a broad range of other potentially beneficial treatments.  In other words, while 

the IV and GMM estimates of catheterization effects provide some insights about the overall effect of more 

“intensive” medical practice on heart attack mortality, the estimated effect is unlikely to be the result of 

catheterization per se, but rather of other treatments that are correlated with catheterization.  Indeed, 

McClellan et al. (1994) and McClellan and Noguchi (2000) found that most if not all of the apparent effect 

of catheterization in IV analysis could be explained by the correlation of catheterization use with treatments 

other treatments.  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 Effects in More General Models 

 In this section we estimate factor models of mortality, which include surgical treatments (bypass, 

angioplasty) and drug treatments (aspirin, beta blockers) in addition to catheterization.  A very important 

advantage of our method is that it more easily extends to the analysis of many treatments.  In contrast, while 

IV estimates as in McClellan et al. (1994) have proven feasible for analyzing several treatments, they are 

difficult to apply to models with many treatments, because it is difficult to identify additional strong 

instruments that generate significant independent variation in the additional treatments.  In Table 5, we make 

use of the large variation across hospitals in a broad range of heart attack treatments, including but not limited 

to the illustrative treatments described in Table 3.  In particular, we use factor models (equation 8) to 

estimate the mortality effects of underlying factors that summarize the impact on mortality of groups of 

treatments that tend to vary together. 

 Tables 5 and 6 report mortality effect estimates from GMM factor analyses that evaluate the 

relationship between the mortality outcomes and “practice patterns” estimated from the hospital-level or 

area-level variations in medical practices.  Table 5A reports results of factor models for 30-day mortality, 

and table 5B for 1-year mortality, using hospital IVs.  Table 6 reports results of factor models for 30-day 

mortality using the zip-code IVs.  All models were estimated with a full set of demographic, comorbidity, and 

disease severity controls included (i.e., analogous to the left half of Table 4).  In each table the estimates of 

the association of each factor with the mortality outcome and with the use of each treatment is listed.  The 

estimated factor effects on outcomes and the treatment 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 standard deviation of 1.  We also report the proportion of variation in mortality and 
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each of the treatments that is explained by the factors, and the proportion of the total variation in mortality 

and all treatments explained by each factors.  The factors have been ordered from left to right in the table 

according to the proportion of total variation each factor explains.  This is a somewhat arbitrary ranking, as it 

depends on the particular treatments included in our empirical analysis. We comment further on this issue 

below. 

 The factor loadings reported in Tables 5A and 5B indicate that each factor was associated with 

significantly greater rates of performance of some aspects of heart attack treatment, and each was associated 

with at least marginally lower mortality(the first row of the Table labeled “Mortality Effect”).  Moreover, the 

factor loadings were quite similar in the 30-day and 1-year models.  Factor 2 was associated with the largest 

mortality reduction.  The treatments loading most strongly on this factor were aspirin use (6.6 percentage-

point loading for 30-day mortality, and similar 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 clinical trials in the 1980s and early 1990s to be associated with 

significantly lower mortality after heart attack.  Thus, this factor might be regarded as an “evidence-based 

best practice” factor – hospitals scoring highly on it generally appear to be more effective in implementing the 

results of clinical trials in heart attack care. This factor explains by far the largest share of variation in 30-day 

and 1-year mortality across hospitals.  However, it accounts for only around 20% of the total systematic 

variation in between-hospital mortality.  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 all associated with more aggressive use of intensive cardiac procedures, 

beginning with cardiac catheterization.  Factor 5, which has the largest mortality effect of the intensive-

procedure practice patterns, is associated with more aggressive use of catheterization and primary 
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angioplasty, as well as much less use of thrombolytic drugs.  As noted above, primary angioplasty is a more 

intensive alternative to the use of thrombolytic drugs in restoring blood flow immediately after a heart attack.  

Thus, this factor captures a more aggressive style of cardiologist intervention, and is associated with 

considerably lower mortality.  A one standard-deviation higher score on this factor is associated with a 2.4 

percentage-point higher rate of use of PTCA, a 4 percentage-point lower rate of use of thrombolytic drugs, 

and 1 percentage-point lower mortality rate.  This large mortality effect suggests that primary angioplasty is a 

preferable treatment to thrombolytic drug use, and that thrombolytic drugs may even be harmful or at least 

should be used judiciously.  However, because the magnitude of the effect of this factor is too large to be 

clinically plausible, it is likely that the associated practices are in part proxying for hospitals that are providing 

higher-quality care in 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 mortality.  

Together, these factors indicate that hospitals using more primary angioplasty instead of thrombolysis 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 detailed analysis 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 mortality 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 major surgery might be expected to be observed.  Factor 6 is 

associated with much greater use of catheterization as well as greater use of non-“primary” angioplasty.  It is 
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also associated with somewhat greater use of thrombolytics and less use of primary angioplasty.  Thus, this 

practice pattern describes hospitals that tend to use thrombolytic drugs to restore blood flow initially, but that 

provide more intensive followup treatment. This factor is associated with a modest beneficial mortality effect 

at 30 days and 1 year, suggesting that thrombolytic drug use is an effective alternative to primary angioplasty, 

provided that followup angioplasty is performed aggressively.   

 Factor 3 is associated with somewhat greater use of primary angioplasty (3.3 percentage-point 

loading) and a greater likelihood of performing and reporting a range of diagnostic tests on heart attack 

patients, including various blood tests, a chest X-ray, and an electrocardiogram.  While these diagnostic tests 

are unlikely to lead to better outcomes in themselves, their greater performance may be an indicator of good 

“basics” of medical care, including perhaps better documentation practices.  These good “basics” are also 

associated with a minimal (and insignificant) beneficial mortality effect.   

 We have estimated a range of other models that included additional treatments, but these models 

provide few additional insights into our practice pattern analysis.  For example, use of specific drugs at 

discharge from the hospital (i.e., use of aspirin and beta blockers at discharge as indicators of the intensity or 

quality of post-hospital care) load very similarly to use of the same drugs during hospitalization.  Use of other 

“basic” diagnostic tests loaded similarly to the diagnostic tests in Factor 3.  Use of smoking cessation 

counseling and some other medical treatments including IV nitroglycerin, lidocaine, and calcium channel 

blocker use was not strongly associated with other treatments nor with 30-day or 1-year mortality.  As we 

noted above, these drug therapies would not be expected to have substantial mortality effects based on 

existing clinical evidence. While smoking cessation would be expected to reduce long-term mortality, it is 

possible that effects are not apparent by one year, or that counseling is heterogeneous enough that it is 
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difficult to discern an effect. Finally, we were not able to identify any other treatments that were strongly 

associated with the notable mortality effect in Factor 5.   

 Table 6 presents analogous factor analysis results for our zip-based GMM IV models, that is, 

models using variation in treatments and outcomes across zip code differential distance groups rather than 

hospitals.  This analysis allows us to explore whether relatively minor but still potentially important biases in 

patient selection at the hospital level may complicate the interpretation of the estimates in Table 5 (see the 

discussion of the GMM and IV results of Table 4, above).  Because of the substantially lower signal 

(systematic) variation associated with the zip code groups – the magnitude of the signal variation in zip 

mortality is only around one-third the size of the magnitude of the signal variation in hospital mortality – we 

were only able to identify two practice patterns that explained a significant proportion of the variation in 

treatments and outcomes across zips.     

 Despite this limitation, the estimates of practice patterns and their effects bear some important 

differences and similarities to the results presented using hospital-level analyses. One similarity is that 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 especially beta blockers.  This 

practice pattern explains a relatively large share (over one-third) of the between-zip variations in outcomes.   

A second similarity is that Factor 2 shows that more aggressive use of intensive procedures, particularly 

catheterization and primary angioplasty, is associated with lower mortality.  However, the magnitude of this 

“intensive procedure” effect is smaller than the effects associated with similar factors in Table 5, and is no 

longer statistically significant.  These results suggest that, even though the hospital IV estimates of Table 5 

appear to be relatively free of selection bias, the hospitals with the most aggressive use of intensive 

procedures may be attracting heart attack patients with somewhat better prognoses in dimensions that we 
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are not able to measure, even with very detailed medical chart reviews. Thus, the benefits of intensive 

practices suggested by some of the factors in Table 5 may be somewhat overstated. 

 Table 7 reports goodness-of-fit tests for the models reported in Tables 5 and 6.  As discussed 

previously, such tests tend to over-reject models, suggesting that these results should be interpreted 

conservatively.  The Table shows that the addition of a seventh factor in the hospital IV models (Table 5) led 

to a statistically significant but relatively modest improvement in goodness of fit. Moreover, the addition of 

the seventh factor had minimal effect in terms of predictive power.  As the final row of Tables 5A and 5B 

shows, the sixth factor explained less than 5% of the total variance in hospital-level treatments and outcomes.  

Models with additional factors explained less than an additional 2% of the variation, and so did not alter any 

of our substantive conclusions.  For our zip IV analysis, the addition of a third factor had a similar, minimal 

effect on explanatory power.   

Overall, our results indicate that our GMM estimation methods appear to provide a much clearer 

and more precise way of interpreting the evidence provided by observational data on health care providers, 

treatments, and health outcomes. We are able to:  remove the substantial noise that has confounded analyses 

at the level of individual providers or small groups; summarize concisely how a large number of medical 

practices differ across hospitals; and estimate relatively precise treatment effects in models that account for 

many covariates and the joint use of many treatments. Moreover, our strongest practice pattern effects are 

tightly consistent with biomedical 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 mortality.  However, our results also show that 

better adherence to “evidence-based” guidelines alone does not account for the bulk of the large variations 

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

supplements to evidence from clinical trials.    

 

5. Conclusion 

Estimating the effects of medical and surgical treatments in a valid manner is the foundation of 

evidence-based medicine.  Despite the fact that the number of clinical trials performed is rising rapidly, most 

medical practices – and particularly intensive practices that vary considerably across hospitals and areas – 

have not been evaluated in formal clinical trials.  Moreover, clinical trials will never be able to provide valid 

evidence on differences in performance across health care providers.  In this paper, we have developed and 

applied a set of methods for identifying the relationship between differences in medical practices and health 

outcomes using observational data, while avoiding the usual problems of selection bias in observational 

analysis.  Our methods also strengthen the methods we have developed and applied in previous work (e.g., 

McClellan et al., 1994; McClellan and Staiger, 2000) by allowing far more precise estimation of both 

treatment effects and the specific ways in which medical practices differ across hospitals.    

 On a substantive level, our analysis of hospital practices shows that the effects of drug treatments 

(aspirin, beta blockers, ACE inhibitors) and surgical treatments (bypass, angioplasty) on survival are both 

significant and substantial.  We also 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 also 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 additional steps to control for 

residual selection biases. 
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Substantial variation continues to exist across hospitals in the rates at which heart attack patients are 

provided with all of these treatments.  Our results provide considerable insights into which practices tend to 

go together, thus improving our understanding of the reasons for variations in treatments and outcomes 

across hospitals and areas. Since these treatments vary dramatically in their costs as well as estimated effects 

on survival, it will be important for future work to evaluate the cost-effectiveness of these alternative 

treatments.  They also allow much more precise analysis of practices at particular hospitals, providing a 

clearer evaluation mechanism for improving practices in the future. 

 Our method may be generally applicable for estimating treatment effects and for elucidating the 

underlying reasons for the large differences in health outcomes across providers. The method can, in 

principal, be applied to any outcome and any combination of treatments for a condition, as long as there is 

variation in treatment rates across hospitals, geographic areas, and other units of observation (e.g., 

physicians, medical groups, or health plans), and as long as selection bias across these observational units is 

not substantial.  We have also developed some empirical tests for evaluating the extent to which selection 

bias is likely to be a problem. Evaluating the performance of our methods in other applications, in health care 

as well as other fields, 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 29.5 
(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 
(0.003) 

0.901 
(0.053) 

1-year mortality 0.901 
(0.053) 

0.032 
(0.003) 



Table 3: GMM estimates of standard deviations and correlations among treatments 
Adjusted for detailed list of patient covariates 

(SDs on diagonal; correlations off diagonal; std. errors in parentheses) 
 

 90-Day 
Cath 

90-DAY 
CABG 

1-DAY 
PTCA 

90-Day 
PTCA 

ACE 
Inhibitor at 
discharge 

Thrombolytics 
in hospital 

Aspirin in 
hospital 

Beta 
Blockers 
in hospital 

Chest  
X-ray 

90-Day Cath 0.126 
(0.002) 

0.590 
(0.033) 

0.737 
(0.010) 

0.205 
(0.027) 

0.179 
(0.033) 

-0.314 
(0.024) 

0.321 
(0.022) 

0.026 
(0.022) 

0.434 
(0.022) 

90-DAY 
CABG 

0.590 
(0.033) 

0.046 
(0.002) 

0.395 
(0.031) 

-0.082 
(0.042) 

0.068 
(0.048) 

-0.226 
(0.037) 

0.181 
(0.032) 

0.024 
(0.030) 

0.341 
(0.034) 

1-DAY PTCA 0.737 
(0.010) 

0.395 
(0.031) 

0.089 
(0.001) 

-0.241 
(0.021) 

0.312 
(0.027) 

-0.597 
(0.017) 

0.353 
(0.015) 

0.046 
(0.02) 

0.601 
(0.019) 

90-Day PTCA 0.205 
(0.027) 

-0.082 
(0.042) 

-0.241 
(0.021) 

0.042 
(0.001) 

-0.142 
(0.043) 

0.413 
(0.034) 

-0.045 
(0.032) 

-0.035 
(0.03) 

-0.307 
(0.027) 

ACE Inhibitor 
at discharge 

0.179 
(0.033) 

0.068 
(0.048) 

0.312 
(0.027) 

-0.142 
(0.043) 

0.054 
(0.002) 

-0.203 
(0.035) 

0.531 
(0.036) 

0.454 
(0.033) 

0.218 
(0.033) 

Thrombolytics 
in hospital 

-0.314 
(0.024) 

-0.226 
(0.037) 

-0.597 
(0.017) 

0.413 
(0.034) 

-0.203 
(0.035) 

0.069 
(0.002) 

-0.080 
(0.027) 

-0.029 
(0.026) 

-0.490 
(0.022) 

Aspirin in 
hospital 

0.321 
(0.022) 

0.181 
(0.032) 

0.353 
(0.015) 

-0.045 
(0.032) 

0.531 
(0.036) 

-0.08 
(0.027) 

0.092 
(0.002) 

0.455 
(0.02) 

0.264 
(0.025) 

Beta Blockers 
in hospital 

0.026 
(0.022) 

0.024 
(0.030) 

0.046 
(0.020) 

-0.035 
(0.030) 

0.454 
(0.033) 

-0.029 
(0.026) 

0.455 
(0.020) 

0.129 
(0.002) 

0.081 
(0.022) 

Chest X-ray 0.434 
(0.022) 

0.341 
(0.034) 

0.601 
(0.019) 

-0.307 
(0.027) 

0.218 
(0.033) 

-0.49 
(0.022) 

0.264 
(0.025) 

0.081 
(0.022) 

0.080 
(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  
catheterization 

effects 

 
30-day  

mortality 

 
1-year 

mortality 

 
30-day  

mortality 

 
1-year 

mortality 

     
 Detailed Controls Demographic Controls 
     

GMM -8.0 -12.0 -8.0 -14.9 
 (1.0) (1.1) (1.0) (1.1) 
     

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

 
 30-DAY MORTALITY 
PRACTICE 
PATTERN/ FACTOR 

 
1 

 
2 

 
3 

 
4 

 
5 

 
6 

Exp. 
Var. 

MORTALITY 
EFFECT 

-0.039 
(0.107) 

-1.549 
(0.228) 

-0.027 
(0.123) 

-0.669 
(0.197) 

-1.035 
(0.272) 

-0.234 
(0.164) 0.390 

90-DAY CATH 9.658 
(0.466) 

1.527 
(0.251) 

2.925 
(0.301) 

4.750 
(0.515) 

1.021 
(0.378) 

3.256 
(0.294) 0.862 

90-DAY CABG 1.189 
(0.106) 

0.282 
(0.131) 

0.689 
(0.153) 

4.403 
(0.219) 

0.323 
(0.127) 

-0.149 
(0.108) 0.999 

1-DAY PTCA 7.151 
(0.401) 

1.554 
(0.143) 

3.293 
(0.307) 

0.956 
(0.213) 

2.435 
(0.347) 

-1.330 
(0.163) 0.910 

90-DAY PTCA 0.199 
(0.087) 

-0.176 
(0.108) 

-0.977 
(0.096) 

-0.068 
(0.096) 

-0.633 
(0.145) 

3.995 
(0.140) 0.999 

ACE INHIBITOR  
AT DISCHARGE  

0.831 
(0.151) 

3.588 
(0.222) 

0.608 
(0.167) 

-0.207 
(0.210) 

0.371 
(0.233) 

-0.480 
(0.198) 0.506 

THROMBOLYTICS 
IN HOSPITAL  

-2.049 
(0.498) 

-0.419 
(0.228) 

-2.094 
(0.191) 

-0.313 
(0.201) 

-5.038 
(1.332) 

1.757 
(0.421) 0.772 

ASPIRIN  
IN HOSPITAL 

2.352 
(0.243) 

6.577 
(0.407) 

1.113 
(0.224) 

0.594 
(0.285) 

-0.899 
(0.460) 

-0.124 
(0.269) 0.582 

BETA BLOCKERS  
IN HOSPITAL 

-1.308 
(0.273) 

9.047 
(0.499) 

0.031 
(0.286) 

0.061 
(0.316) 

0.439 
(0.784) 

0.076 
(0.314) 0.503 

CHEST X-RAY 2.302 
(0.250) 

1.133 
(0.208) 

5.628 
(0.338) 

1.157 
(0.251) 

1.651 
(0.387) 

-0.983 
(0.213) 0.686 

CK (BLOOD TEST 
FOR MI) 

0.427 
(0.153) 

1.106 
(0.123) 

3.132 
(0.257) 

1.132 
(0.179) 

1.323 
(0.477) 

-0.161 
(0.109) 0.621 

BLOOD GLUCOSE 
TEST 

0.439 
(0.114) 

0.331 
(0.109) 

3.233 
(0.197) 

0.054 
(0.113) 

0.123 
(0.101) 

-0.310 
(0.097) 0.544 

HEMOGLOBIN 
COUNT 

0.462 
(0.087) 

-0.241 
(0.098) 

2.712 
(0.201) 

-0.016 
(0.102) 

0.007 
(0.200) 

-0.385 
(0.094) 0.601 

Explained Hospital 
Variance 

 
0.220 0.199 0.116 0.062 0.053 0.044  

Standard errors of estimates in parentheses.  Factor effects and treatment loadings reported in percentage points; they 
show the effect of a one-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 
PATTERN/ FACTOR 

 
1 

 
2 

 
3 

 
4 

 
5 

 
6 

Exp. 
Var. 

MORTALITY 
EFFECT 

-0.267 
(0.187) 

-1.495 
(0.231) 

-0.044 
(0.157) 

-0.966 
(0.256) 

-0.935 
(0.423) 

-0.350 
(0.222) 0.390 

90-DAY CATH 9.421 
(0.525) 

1.604 
(0.305) 

2.954 
(0.313) 

4.978 
(0.598) 

0.910 
(0.844) 

3.268 
(0.305) 0.848 

90-DAY CABG 1.131 
(0.125) 

0.252 
(0.145) 

0.672 
(0.165) 

4.425 
(0.222) 

0.260 
(0.158) 

-0.19 
(0.118) 0.999 

1-DAY PTCA 7.261 
(0.628) 

1.645 
(0.150) 

3.182 
(0.362) 

1.068 
(0.256) 

2.545 
(0.727) 

-1.329 
(0.192) 0.934 

90-DAY PTCA 0.167 
(0.142) 

-0.166 
(0.107) 

-0.961 
(0.101) 

-0.039 
(0.099) 

-0.592 
(0.237) 

4.008 
(0.146) 0.999 

ACE INHIBITOR  
AT DISCHARGE  

0.787 
(0.146) 

3.632 
(0.228) 

0.591 
(0.176) 

-0.156 
(0.212) 

0.368 
(0.278) 

-0.486 
(0.202) 0.515 

THROMBOLYTICS 
IN HOSPITAL  

-2.161 
(0.725) 

-0.431 
(0.211) 

-2.079 
(0.252) 

-0.408 
(0.211) 

-4.412 
(1.386) 

1.898 
(0.518) 0.666 

ASPIRIN  
IN HOSPITAL 

2.291 
(0.307) 

6.583 
(0.436) 

1.146 
(0.228) 

0.678 
(0.290) 

-1.071 
(0.575) 

-0.135 
(0.277) 0.595 

BETA BLOCKERS  
IN HOSPITAL 

-1.580 
(0.271) 

9.179 
(0.543) 

-0.069 
(0.299) 

0.165 
(0.369) 

0.899 
(0.799) 

0.099 
(0.322) 0.521 

CHEST X-RAY 2.260 
(0.289) 

1.171 
(0.221) 

5.532 
(0.394) 

1.237 
(0.285) 

1.840 
(0.499) 

-1.003 
(0.234) 0.680 

CK (BLOOD TEST 
FOR MI) 

0.392 
(0.187) 

1.071 
(0.124) 

3.071 
(0.303) 

1.177 
(0.195) 

1.522 
(0.633) 

-0.178 
(0.131) 0.629 

BLOOD GLUCOSE 
TEST 

0.476 
(0.134) 

0.34 
(0.111) 

3.208 
(0.199) 

0.066 
(0.120) 

0.132 
(0.132) 

-0.326 
(0.099) 0.534 

HEMOGLOBIN 
COUNT 

0.456 
(0.087) 

-0.221 
(0.099) 

2.799 
(0.256) 

-0.012 
(0.105) 

-0.062 
(0.243) 

-0.378 
(0.091) 0.648 

Explained Hospital 
Variance 0.217 0.203 0.113 0.067 0.048 0.045  
Standard errors of estimates in parentheses.  Factor effects and treatment loadings reported in percentage points; they 
show the effect of a one-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 6: IV Estimates of Zip Code Practice Pattern Effects 
Based on AMI admissions from the CCP Project, 1994-95 

 
 30-DAY MORTALITY 
PRACTICE 
PATTERN/ FACTOR 

 
1 

 
2 

Exp. 
Var. 

MORTALITY 
EFFECT 

-0.922 
(0.196) 

-0.144 
(0.183) 0.399 

90-DAY CATH -0.808 
(0.445) 

5.175 
(0.341) 0.821 

90-DAY CABG 0.162 
(0.205) 

0.639 
(0.249) 0.551 

1-DAY PTCA -0.678 
(0.357) 

3.661 
(0.243) 0.903 

90-DAY PTCA 0.140 
(0.208) 

0.311 
(0.238) 0.681 

ACE INHIBITOR  
AT DISCHARGE  

1.166 
(0.258) 

0.237 
(0.269) 0.402 

THROMBOLYTICS 
IN HOSPITAL  

0.711 
(0.251) 

-0.269 
(0.251) 0.237 

ASPIRIN  
IN HOSPITAL 

1.576 
(0.294) 

1.836 
(0.293) 0.370 

BETA BLOCKERS  
IN HOSPITAL 

7.248 
(0.247) 

-0.043 
(0.651) 0.987 

CK (BLOOD TEST 
FOR MI) 

-0.008 
(0.124) 

-0.383 
(0.151) 0.674 

BLOOD GLUCOSE 
TEST 

-0.592 
(0.157) 

-0.124 
(0.159) 0.642 

HEMOGLOBIN 
COUNT 

-0.860 
(0.14) 

-0.063 
(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 a one-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 7:  Goodness-of-Fit Test 

Outcome 
Measure 

Number of 
Factors GMM Statistic D.F. 

P-value 
Overall 

P-value 
versus one 
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 
 

 

 

 


