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ABSTRACT 

Nonlinear two-stage residual inclusion (2SRI) estimators have become 

increasingly favored over traditional linear two-stage least squares (2SLS) methods for 

instrumental variables analysis of empirical models with inherently nonlinear dependent 

variables.  Rising adoption of nonlinear 2SRI is largely attributable to simulation 

evidence showing that nonlinear 2SRI generates consistent estimates of population 

average treatment effects in nonlinear models, while 2SLS and nonlinear 2SPS do not.  

However, while it is believed that consistency of 2SRI for population average treatment 

effects is a general result, current evidence is limited to simulations performed under 

unique and restrictive settings with regards to treatment effect heterogeneity and 

conditions underlying treatment choices.  This research contributes by describing existing 

simulation evidence and investigating the ability to generate absolute estimates of 

population average treatment effects (ATE) and local average treatment effects (LATE) 

using common IV estimators using Monte Carlo simulation methods across 10 alternative 

scenarios of treatment effect heterogeneity and sorting-on-the-gain.  Additionally, 

estimates for the effect of ACE/ARBs on 1-year survival for Medicare beneficiaries with 

acute myocardial infarction are generated and compared across alternative linear and 

nonlinear IV estimators.  Simulation results show that, while 2SLS generates unbiased 

and consistent estimates of LATE across all scenarios, nonlinear 2SRI generates unbiased 

estimates of ATE only under very restrictive settings.  If marginal patients are unique in 

terms of treatment effectiveness, then nonlinear 2SRI cannot be expected to generate 

unbiased or consistent estimates of ATE unless all factors related to treatment effect 

heterogeneity are fully measured.
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PREFACE 

This research is a response to growing adoption of sophisticated nonlinear 

estimation strategies for analysis in models with binary and other inherently nonlinear 

dependent variables, often under beliefs that these methods are generally superior to more 

traditional linear models.  While these methods may offer advantages under certain 

settings, validity and interpretability of absolute treatment effect estimates generated 

using these models is often complicated by added strong assumptions of the nonlinear 

model.  Unfortunately, these assumptions and the implications of violating them appear 

to remain unclear for many health services researchers.  This research is intended as a 

clear and thorough explanation of assumptions underlying identification with popular 

linear and nonlinear instrumental variables methods.  This research is not intended as a 

condemnation of sophisticated nonlinear regression methods, but rather as a suggestion 

that there is presently no “silver bullet” to generate absolute estimates of population 

average treatment effects.  The interpretation of absolute treatment effect estimates 

generated by instrumental variables estimators is a function of the characteristics of 

treatment effect heterogeneity in the relevant population, which of the factors related to 

treatment choice and treatment effect heterogeneity are measured by the researchers, and 

the instruments specified in the model.  This is true regardless of the estimator used for 

analysis, linear or nonlinear.  I also seek to draw attention to the interesting possibilities 

for inferences from LATE estimates that are often taken for granted.  Population averages 

are often thought of as the ultimate goal, but I am skeptical that this should always be the 

case if treatment effects are heterogeneous.  Under settings of heterogeneous treatment 

effects where treatment decisions are related to this heterogeneity, population averages 

offer little insight for potential benefits from increasing or decreasing treatment rates.  

LATE estimates, on the other hand, may often be considered as an average effect across 

individuals whose treatment decisions may be most likely affected by policy changes. 
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CHAPTER 1 

INTRODUCTION AND BACKGROUND 

Estimation of policy-relevant treatment effects using observational data is a core 

component of health outcomes and comparative effectiveness research.  Large 

observational data sets have not only become increasingly accessible and user-friendly 

but may be, in many contexts, the only socially or ethically acceptable treatment variation 

available.  Unfortunately, the non-experimental nature of these data often complicates its 

use in research.  While simple, direct risk-adjustment methods may be sufficient for 

estimating the effect of a treatment on outcomes when treatment assignment can be 

assumed to be essentially random—such as in randomized controlled trials (RCTs)—

researchers must often consider the likelihood that choice of treatment was based upon 

unobserved factors associated with outcomes in the data.  This complication—commonly 

referred to as unmeasured confounding, residual confounding, or endogeneity—is a 

frequent threat to validity in health outcomes research using observational data where 

factors such as underlying patient health and clinical complexity are not only 

exceptionally difficult to define and quantify, but unlikely to be measurable.  Fortunately, 

when theory suggests sources of endogeneity between treatment choice and outcomes 

may exist, instrumental variables methods can offer a potential pathway to causality.  

However, as more complex instrumental variables methods become readily and easily 

usable through advanced statistical packages, researchers must be made aware of their 

limitations. 

Instrumental variables methods make it possible to circumvent endogeneity in 

treatment assignment by taking advantage of exogenous variation in observed factors that 

are directly related to treatment choice but thought to be unrelated to outcomes or other 

unmeasured variables related to outcomes.  These factors are commonly referred to as 

instrumental variables (IVs).1-3  Under these conditions, the treatment variation 
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determined by the IVs can be regarded as similar to randomization.4,5  In fact, random 

treatment assignment in RCTs can be considered an instrumental variable that affects 

treatment but is unrelated to outcomes or other unmeasured factors affecting outcomes.  

However, unlike RCTs which randomize treatment choice for every patient, instruments 

often only affect treatment choice for a subpopulation of individuals—a subset 

commonly referred to as the “marginal patients” or “compliers”.  Treatment effect 

estimates generated using only the variation in treatment choice from the instruments are 

only directly interpretable as the average treatment effect for this subset of marginal 

patients.1-4,6  This average treatment effect parameter is referred to as the local average 

treatment effect (LATE).2,7 

While the potential for policy-relevant inferences from LATE may at first seem 

limited, LATE estimates hold an important place in comparative effectiveness and 

outcomes research.  LATE estimates generated from observational data often represent 

the average effect of treatment for patients with a high degree of uncertainty in treatment 

choice, perhaps the patients most likely to have treatment decisions influenced by policy 

changes.2,4,8-11  Alternatively, researchers may seek estimates of other averages such as 

the population average treatment effect (ATE)—an estimate of the average treatment 

effect across all patients with a given condition.  But if treatment effects vary or are 

heterogeneous across a population then estimates of ATE may arguably be less 

informative then estimates of LATE.  For example, consider that only very rarely will a 

policy change affect the treatment choices for all patients.  It is often more likely that 

policy changes will affect treatment decisions for only those patients for whom the 

benefits of treatment are less clear.  In these cases, if the research objective is to inform 

policy-makers and treatment decision makers about the potential implications of 

expanding treatment rates, LATE may be more informative than ATE.   

The two-stage predictor substitution (2SPS) method is perhaps the most common 

approach for IV-based regression models estimating LATE.  In the first stage of 2SPS, 
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treatment choice is predicted by one or more IVs and other measured variables associated 

with treatment choice.  The predicted treatment value generated from the first-stage 

regression is then substituted for observed treatment in the second-stage outcome model 

and health outcomes are regressed on predicted treatment and other measured factors 

associated with outcomes.  The most prevalent form of 2SPS is two-stage least squares 

(2SLS), in which both first- and second-stage regressions are linear models estimated 

using ordinary least squares (OLS).  In 2SLS, the coefficient estimate on predicted 

treatment in the second-stage model is the LATE estimate.1,2  The statistical properties of 

LATE estimates generated using 2SLS methods are based on the central limit theorem.  

With large datasets, distributional assumptions for the model error terms are not required 

for testing model parameters.8,12,13  Consistency and interpretability of results generated 

by nonlinear models, on the other hand, are conditional on distributional assumptions.12,14 

While LATE is generally considered to be interpretable only for the population of 

marginal patients, other researchers have argued that, under certain circumstances related 

to treatment effect heterogeneity and treatment choice, LATE estimates can be used to 

estimate alternative average treatment effect parameters, such as the ATE.  

Generalization of LATE to ATE requires that either (1) treatment effects are 

homogeneous across patients in the population, or (2) if treatment effects are 

heterogeneous across patients then treatment decision makers are not using information 

on patients’ idiosyncratic gains from treatment when making treatment decisions.15-17 

However, if the research goal is to estimate an ATE, recent research by Terza and 

colleagues has suggested that IV-based nonlinear two-stage residual inclusion (2SRI) 

estimators can be used as an alternative to 2SLS or nonlinear 2SPS methods for 

generating consistent ATE estimates in models with binary or otherwise limited 

dependent variables, without requiring the assumptions previously deemed necessary to 

extend LATE to ATE.18,19  This research using simulation modeling showed that 

nonlinear 2SRI methods generate consistent estimates of ATE in models with inherently 
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nonlinear dependent variables while both linear and nonlinear 2SPS estimators yield 

generally inconsistent estimates of ATE in these same models.18-20  For the remainder of 

this research paper, the term inherently nonlinear dependent variable will be used to refer 

to dependent variables which have a structure (e.g., non-negative, binary, skewed) that is 

suggestive of a nonlinear relationship between the dependent and independent variables.  

The current literature does not give a more precise definition of the term “inherently 

nonlinear” dependent variables.   

Based upon simulation results showing that nonlinear 2SRI is less biased than 

2SLS or 2SPS for estimating ATE, Terza et al. (2008) suggest that researchers should 

broadly adopt the nonlinear 2SRI method—in place of 2SLS or nonlinear 2SPS 

methods—for analysis of empirical models with inherently nonlinear dependent variables 

and problems of endogeneity.19  This suggestion, made broadly regardless of project 

research goals, has taken hold.  Terza et al.’s 2008 paper19 has been cited in excess of 230 

times, often as substantiation for use of IV-based nonlinear 2SRI methods in place of 

linear 2SLS or other IV-based methods.5,21-41  However, the simulation studies that serve 

as the basis of this recommendation did not discuss the LATE parameter or compare 

estimates generated by 2SRI, 2SLS, or 2SPS methods to true values of LATE.1-3,7  This 

point is commonly overlooked by empirical researchers citing Terza et al. who imply that 

2SLS is generally inconsistent in models with inherently nonlinear dependent variables 

regardless of the treatment effect parameter of interest.21,23,28,30-32,34,39-42  If it is theorized 

that policy-changes may affect treatment choices for only a subset of patients for whom 

the benefits of treatment, relative to costs, are uncertain, then an estimate of LATE, not 

ATE, may be the parameter of interest.  Estimates of LATE represent the average 

treatment effect for patients whose treatment choices were affected by the instrument; in 

certain scenarios it may be argued that these are the patients characterized by uncertainty 

in treatment choice and that estimates of LATE are valuable for informing policy-makers 
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on the potential impacts of slightly increasing or decreasing treatment rates in a 

population.7,11,16,43,44  

The 2SRI method is an extension of an endogeneity test proposed by Hausman 

(1978) and represents a special case of control function (CF) methods.45-47  The first-stage 

regression of 2SRI is identical to that of the 2SPS method.  The residual term from the 

first-stage regression is then estimated and included as a covariate, along with observed 

treatment, in the second-stage outcome regression.  Applications of the 2SRI method to 

models with inherently nonlinear dependent variables are most often estimated using a 

nonlinear regression method, such as logit or probit in the case of binary treatment or 

outcome.  For models in which both the first- and second-stage equations are estimated 

using linear models, the 2SPS (i.e., 2SLS) and 2SRI methods will yield identical 

estimates.19,45  It is curious, then, why non-linearity in estimation, in and of itself, enables 

researchers to suspend the need to justify assumptions that link LATE estimates to ATE.  

Given the quick adoption of this method by empirical researchers, it is vital to assess the 

implied assumptions underlying the simulation approaches used to show the positive 

properties of 2SRI, and assess whether these results are robust to model specification. 

When looking deeper into the simulation approach of Terza and colleagues that 

provide the basis for asserting the superiority of nonlinear 2SRI over other estimators, it 

becomes apparent that their result reflects only one unique theoretical scenario related to 

treatment effect heterogeneity and treatment choice.  In their scenario (1) the absolute 

effect of treatment varies or is heterogeneous across patients as a nonlinear function of all 

other factors that affect outcome directly; (2) the only unmeasured variation in treatment 

choice is the unmeasured confounder itself; (3) the marginal population is approximately 

uniformly distributed across the distribution of treatment effectiveness; and (4) absolute 

treatment effect differences across patients do not consistently influence individual 

treatment choices such that patients with higher benefit from treatment are more likely 

treated, all else equal.  This narrow theoretical scenario clearly is not reflective of the 
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many and varied scenarios that exist in clinical practice.  As such, significant knowledge 

gaps exist with respect to the identification and consistency properties of estimates 

generated by nonlinear IV estimators when (1) absolute treatment effects differ across 

patients and this influences treatment choices directly such that those patients with 

greater benefit from treatment are more likely treated; (2) factors exist that affect 

treatment effectiveness but are not related to outcomes independent of treatment (e.g., 

genetics); or (3) factors exist that affect outcomes directly but do not affect treatment 

effectiveness (e.g., socio-economic status).  If, for a given empirical problem, it is 

theorized that any of these settings may apply, the advantages or disadvantages of 

nonlinear 2SRI estimators relative to alternative estimators is unknown. 

Consider the consequences of a case in which treatment decision makers do 

recognize patient characteristics related to treatment effectiveness and are using this 

information about individual patient idiosyncratic gains from treatment to make treatment 

decisions—a phenomenon termed “passive personalization” or essential 

heterogeneity.17,48  Suggestions that physicians do use information about patients 

idiosyncratic gains from treatment when making treatment decisions have been given in 

several recent papers by Joshua Angrist, Anirban Basu, and others.6,7,9,15-17,48-50  The 

decision to be treated with mastectomy versus breast-conserving radiation therapy for 

women with breast cancer is an example of this, as Basu and Heckman (2007) reported 

strong evidence of self-selection into treatment based on heterogeneous treatment 

effectiveness across women with breast cancer.17  While 2SLS methods still yield 

consistent estimates of LATE under these settings, the LATE estimate will only be 

“locally interpretable” for the subpopulation of marginal individuals whose treatment 

choices were affected by the instruments and who are unique in terms of treatment 

effectiveness.  This limitation of 2SLS is well established.1,2,7,17  The limitations for 

identification and interpretability of ATE or LATE estimates generated by nonlinear 

2SRI methods, on the other hand, have not been examined explicitly under settings of 
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essential heterogeneity.  It could be expected that nonlinear 2SRI methods will not 

produce parameter estimates that are interpretable across the entire population and 

therefore not produce valid estimates of the ATE under settings of essential heterogeneity 

because treated and untreated subpopulations differ on unmeasured characteristics related 

to treatment effect heterogeneity.  Moreover, even if parameter estimates are unbiased for 

the subpopulation of marginal individuals, absolute LATE estimates may not be 

estimable because the subpopulation of marginal individuals cannot be identified directly 

from the data.  To my knowledge, no existing methodological research has examined the 

ability of nonlinear 2SRI methods to generate unbiased LATE estimates from 

observational data.  The distributional assumptions underpinning nonlinear 2SRI are not 

necessary for consistent estimation of LATE using linear 2SLS.12,13 

This research is a first step towards characterizing the settings under which 

common IV estimators identify alternative average treatment effects.  I focus particularly 

on the ability to generate unbiased estimates of LATE and ATE using 2SLS, nonlinear 

2SPS, and nonlinear 2SRI methods in a model with binary outcome and single binary 

treatment.  A key goal of this research is to find settings in which alternative common IV 

methods may have comparative advantages or disadvantages.  Identification of the ATE 

and LATE will be assessed across scenarios varying by whether:  (1) factors exist that 

affect the effectiveness of treatment but not outcomes directly (e.g., genetics); (2) factors 

exist that effect outcomes directly but not the effectiveness of treatment (e.g., socio-

economic status); and (3) heterogeneity in treatment effectiveness is essential and 

patients with greater benefit from treatment are more likely to be treated.  In each 

theoretical scenario, true and estimated values of the ATE and LATE will be generated 

using Monte Carlo simulation methods—a common strategy in research evaluating 

properties of IV estimators.7,18-20  Finally, nonlinear 2SRI, nonlinear 2SPS, and linear 

2SLS estimators will be applied to a real world problem in estimating the effects of 

angiotensin converting-enzyme (ACE) inhibitors and angiotensin receptor blockers 
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(ARBs) on 1-year survival among Medicare beneficiaries with new acute myocardial 

infarction (AMI).  It has been shown that the effectiveness of ACE/ARBs is 

heterogeneous across AMI patients by presence of certain comorbid conditions and 

clinical characteristics (e.g., diabetes, left ventricular ejection fraction) and that there may 

be some degree of selection into treatment with ACE/ARBs based on these expected 

gains.51-58  Using Medicare administrative claims data, estimates for the effect of 

ACE/ARB use after AMI on 1-year survival will be generated using nonlinear 2SRI, 

nonlinear 2SPS, and linear 2SLS estimators.  These estimates will be compared and 

discussed in context of the simulation results for alternative possible theoretical scenarios 

that may apply to this clinical problem.  This is, to my knowledge, the first 

methodological research attempting to characterize the robustness and interpretability of 

nonlinear 2SRI estimators across various scenarios of treatment effect heterogeneity and 

choice. 

Specific Aims 

1. Characterize the ability to generate consistent estimates of population average 

treatment effects (ATE) and local average treatment effects (LATE) using popular 

linear and nonlinear instrumental variables methods across alternative scenarios 

of treatment effect heterogeneity and choice. 

a. Investigate ability to generate unbiased estimates of ATE and LATE using 

nonlinear two-stage residual inclusion (2SRI), nonlinear two-stage predictor 

substitution (2SPS), and linear two-stage least squares (2SLS) estimators. 

b. Examine these estimators across alternative scenarios of treatment effect 

heterogeneity and choice. 

i. Heterogeneity in treatment effectiveness is essential or non-essential. 

ii. Factors exist that affect treatment effectiveness but have no effect on 

outcome independent of treatment. 
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iii. Factors exist that affect outcome but do not affect treatment effect 

heterogeneity. 

iv. Factors exist that affect both treatment effectiveness and outcome 

directly. 

2. Compare treatment effect estimates generated by alternative instrumental 

variables methods in an empirical example with observational data and discuss 

the potential inferences that could be made from these estimates in light of a 

theoretical model characterizing the settings of treatment effect heterogeneity and 

treatment choice in the clinical scenario. 

a. Investigate the effects of angiotensin converting-enzyme inhibitors (ACE) 

and angiotensin receptor blockers (ARB) on 1-year survival amongst 

Medicare beneficiaries with acute myocardial infarction.   

i. Effectiveness of ACE/ARBs has been shown to vary by 

characteristics of patients such as presence of diabetes and left 

ventricular ejection fraction.  Evidence suggests diabetes and left 

ventricular ejection fraction are related to both treatment choice and 

outcomes directly. 

ii. Survival has been shown to be affected by individual’s 

socioeconomic status (e.g., income and education) but there is no 

evidence to suggest that these factors may affect the effectiveness of 

ACE/ARBs on survival. 

b. Generate estimates of ATE and LATE using nonlinear two-stage residual 

inclusion and nonlinear two-stage predictor substitution.  Compare with 

estimates of LATE generated by linear two-stage least squares. 

c. Discuss interpretability of estimates given theoretical settings, in the context 

of simulation results. 
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CHAPTER 2 

BACKGROUND AND REVIEW OF THE LITERATURE 

Treatment Effect Heterogeneity 

As originally discussed by Brooks and Fang (2009), if the objective of a 

researcher is to make causal inferences about the effect of a treatment (!) on outcome (") 

using observational data, then the researcher must first make assumptions regarding 

characteristics of treatment effect heterogeneity and circumstances underlying treatment 

choice.7,16  Three types of factors must be considered: (1) #$ factors that affect treatment 

effectiveness but have no direct effect on outcomes independent of treatment, (2) #% 

factors that affect both treatment effectiveness and outcomes directly, and (3) #& factors 

that affect outcomes directly but do not have any effect on the effectiveness of treatment.  

Using this notation, and letting '(")* + '(") , 1* be the underlying probability that 

individual . is “cured” (indicated by observed dichotomous outcome ")), a general 

outcome model is: 

'(")* , 0(!(#$), #%)*, #%), #&)*          2314 

For a given empirical problem, the researcher may theorize that any number of 

#$, #%, and/or #& factors exist.  If only #& factors exist then the treatment effect is 

homogeneous, or constant, across individuals.  This scenario can be illustrated as a 

simple linear model: 

'(")* , 56 7 5$!) 7 5&#&).          2324 

56 is the baseline probability of positive outcome, ".  5$ is the true treatment 

effect and 5& is the effect of a unit change of #& on '("*.  Alternatively, if either #$ or 

#% factors exist, then treatment effects are heterogeneous across individuals.  If only 

#$ factors exist then treatment effects are heterogeneous, but no factors related to 

heterogeneity have a direct effect on outcome, independent of treatment.  This scenario 

can be illustrated linearly as  
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'(")* ,  56 7 (5$6 7 5$$#$)*!).          2334 

The effect of treatment on outcome for individual . in {E3} is (5$6 7 5$$#$)*.  

The treatment effect for any individual is determined by a constant component (5$6) and 

a heterogeneous component (5$$#$)) that is subject to individual’s #$ characteristics.  If 

#% factors exist, then treatment effects are heterogeneous and #% factors affecting 

heterogeneity are also related to outcomes directly.  This scenario can be illustrated as 

'(")* , 56 7 (5$6 7 5$%#%)*!) 7 5%#%).          2344 
Once again, the absolute effect of treatment on outcome (5$6 7 5$%#%)* is determined by 

both a fixed and heterogeneous component.  The scenario depicted by {E4} is distinct 

from that of {E3} because #%) has a direct effect on outcome (through 5%), independent 

of treatment.  Combining {E2}-{E4}, a general linear outcome model including #$, #%, 

and #& factors is 

'(")* , 56 7 (5$6 7 5$$#$) 7 5$%#%)*!) 7 5%#%) 7 5&#&).           2354 

An alternative to this linear modeling approach ({E5}) is a nonlinear discrete 

outcome model.  In this model, the observed binary outcome is the result of an index 

function on a continuous latent (i.e., unobserved by the researcher) variable.  The general 

form of the nonlinear latent index model can be illustrated as 

")
= ,  5>!) 7 5%#%) 7 ?),          2364 

") , A1  .B  (")
= C 0*

0  .B  (")
= E 0*

F  .          2374 

"= is a continuous latent outcome variable, 5> is the effect of treatment (!) on "=, 

5% is the effect of #% on "=, " is the observed dichotomous outcome, and ? is a random 

disturbance term drawn from a specified distribution (e.g., ?~I(0, 1* is the probit 

model).  Unlike linear models that benefit from straightforward interpretation of absolute 

treatment effects, 5> in {E6} cannot be interpreted as the true absolute effect of treatment 

on probability of outcome.  5> is a relative effect, the absolute effect of treatment must be 

estimated by a nonlinear function of all other factors affecting "= (i.e., #% factors).13  In 
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this model, the true absolute effect of treatment (!3)) is forced to vary across individuals 

by their “baseline risk” determined by the covariates and the random disturbance term (?) 

which defines the nonlinear function.  Assuming that the error term (?) is drawn from a 

standard normal distribution, {E6}-{E7} is the probit model and the absolute effect of 

treatment for individual . is  

!3) , Ф(5> 7 5%#%)* K Ф(5%#%)*,          2384 
where Ф represents the standard normal distribution function.18,59  Because {E8} is 

nonlinear, !3) varies across individuals by their #%) characteristics.  #%) also affects 

outcome, independent of treatment choice.  The absolute effect of an incremental increase 

of #%) on outcome can be calculated as 

#%MNNOPQ)
, ФR5>!) 7 5%(#%) 7 1*S K Ф(5>!) 7 5%#%)*.          2394 

Nonlinear latent variable models of the form illustrated by {E6}-{E7} are 

commonly used to generate data for simulations that demonstrate consistency and 

identification properties of nonlinear instrumental variables methods.18,20  However, 

common nonlinear models of the form of {E6}-{E7} require acceptance of several 

restrictive assumptions.  The first of these assumptions is that this model forces the 

absolute effect of treatment to depend on all covariates affecting outcome.  As illustrated 

by {E8}, all factors affecting outcome directly in this model are assumed to be “#% 

factors” (as defined above for {E4}) in that they also affect treatment effectiveness.  

Additional assumptions imposed by this model will be discussed in the next section. 

It is possible to expand upon this simple nonlinear model to allow for #$ and/or 

#& factors to exist or for heterogeneity to be essential.  A nonlinear model with #$ factors 

can be modeled by specifying #$ as an interaction term, such that: 

")
= ,  (5>#$)*!) 7 5%#%) 7 ?).          23104 
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5> is the constant effect of treatment on "=.  #$ affects the effectiveness of treatment on 

outcome but not outcome directly, independent of treatment.  The absolute effect of 

treatment for individual . is 

!3) , Ф(5>#$) 7 5%#%)* K Ф(5%#%)*. 
Unlike #% factors, which influence outcome (through 5%) regardless of whether ! , 1 or 

! , 0, #$ factors are interacted with ! and therefore have no influence on outcome when 

! , 0.  Assuming #$ is a continuous random variable, the absolute effect of an 

incremental increase in #$) on outcome can be illustrated by 

#$_3BBVWX) , Ф(5>(#$) 7 1*!) 7 5%#%)* K Ф(5>(#$)*!) 7 5%#%)*.          23114 
All variables are defined as in {E6}.  If #$) is constant across observations then {E10} is 

analogous to {E6}. 

A nonlinear model with #& factors—factors affecting outcomes but unrelated to 

treatment effectiveness—is less straightforward to model because #& must be linearly 

additive to the probability of outcome determined by the nonlinear function generating "= 

in order to be unrelated to treatment effectiveness.  A nonlinear model with #& factors is 

therefore a combination of both the linear and nonlinear modeling approaches; this model 

is similar to the quasi-linear utility model discussed by Varian.60  The following model 

illustrates this approach: 

'(")* ,  B(!), #%); 5* 7 5&#&).          23124 
The probability of outcome '(")* in {E12} includes both a nonlinear component 

(B(!), #%); 5*) and linear component (5&#&)).  The nonlinear component is analogous to 

{E6}.  The function B(Z* represents the nonlinear functional form; in the case of a 

binary outcome with normally distributed error term, B(Z* will be the standard normal 

distribution function and 0 [ B(!), #%); 5* [ 1.  The effect of treatment on outcome in 

this model is determined solely by the nonlinear component.  The linear component of 

{E12} includes only the #& factors that affect probability of outcome through 5&.  
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Because #&) is not within the nonlinear function and is not interacted with treatment, it is 

not related to the effectiveness of treatment on outcome. 

Treatment Choice and Conditions Necessary for Sorting-

on-the-Gain 

Beyond considerations for the types of factors in the outcome model, it must be 

acknowledged that observed treatment exposures in observational data are actually the 

result of treatment choices made by providers and patients.7,16,17,48  These choices reflect 

a cost-benefit decision made by providers and patients.  Costs could include monetary 

costs, travel costs, and expected side effects that may vary across patients.  Benefits may 

include the value that the patient assigns to being cured and the expected effect of the 

treatment on outcome, which may be heterogeneous across patients.  Therefore, in 

addition to considering what #$, #%, and #& factors exist in the outcome model, 

researchers must consider the treatment choice model and the conditions underlying 

treatment choice.  If it is theorized that treatment decision makers may be “sorting-on-

the-gain” with respect to individual’s idiosyncratic gains from treatment, then the 

researcher must be careful in interpreting for whom estimated treatment effects may 

apply.17,61 

Others have described sorting-on-the-gain (or what is known as essential 

heterogeneity17) as being present when selection into treatment is based on individual 

patient idiosyncratic gains from treatment.17  Essential heterogeneity may be especially 

common in the analysis of treatment decisions since the choice of treatment is likely to be 

guided by expectations of individual patient benefits and risks associated with alternative 

treatment options.17  When characteristics related to essential heterogeneity are 

unmeasured in empirical models, individuals with the same observed characteristics may 

be treated or untreated based upon unobserved factors contributing to different expected 

gains from treatment. 
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For the purposes of this research, we define essential heterogeneity more 

specifically as being present when treatment effectiveness and treatment value are 

directly related and strictly positively correlated.  Under this definition of essential 

heterogeneity, patients with greater expected benefit from treatment (through higher 

treatment effectiveness) are more likely treated, all else equal, than those with lesser 

expected benefit.  More formally, letting !)
= be the value associated with treatment for 

individual . and !3) be the effect of treatment on being “cured”, essential heterogeneity 

is present when \!= \!3⁄ C 0.  Following the simple linear models introduced above, 

essential heterogeneity can be modeled by including the factors that modify treatment 

effectiveness (i.e., #$ and/or #% factors) in the first-stage treatment choice model.  For 

example, a scenario of essential heterogeneity is represented by:  

!)
= , ^$#$) 7 ^%#%) 7 ^&#&) 7 ^_#_) 7 `)          23134 

!) , A1  .B  (!)
= C 0*

0  .B  (!)
= E 0*

F ,          23144 

'(")* , 56 7 (5$6 7 5$$#$) 7 5$%#%)*!) 7 5%#%) 7 5&#&).          23154 
!)

= is a latent variable indicating an individual’s “value” associated with treatment and !) 

is the observed discrete treatment choice of individual ..  This interpretation of the latent 

variable !)
= in {E13} as an individual’s “value” associated with treatment suggests that 

individuals with positive value associated with treatment are treated and those with zero 

or negative value are not treated.  #$), #%), and #&) in {E13} and {E15} are defined as in 

{E5}.  â is the coefficient relating #a) to treatment value (!)
=*.  #_) are measured factors 

that affect treatment value, and therefore treatment choice, but have no effect on 

outcomes (i.e., they are not in {E15})—these factors are candidates for instrumental 

variables.  The effect of treatment on outcome for individual . is !3) , (5$6 7 5$$#$) 7
5$%#%)*.  `) is a random disturbance term composed of all unmeasured variation in 

treatment value.  Sorting-on-the-gain, as defined for the purposes of this research, is 

present when corresponding coefficients ^$ and 5$$, and ^% and 5$%, are of the same sign 
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(i.e., either both positive or both negative).  If, on the other hand, ^$ and 5$$ are of 

opposite signs then treatment decision makers would be preferentially treating patients 

with lower benefit from treatment—those with less to gain from treatment would be more 

likely treated, all else equal.  While past definitions of essential heterogeneity have not 

explicitly excluded this possibility, this is counterintuitive to ideas of rationality and 

utility maximization.  Why would individuals choose treatment if not for the associated 

positive effect on a valued outcome? 

If treatment effects are heterogeneous but decision makers are not sorting-on-the-

gain then heterogeneity is non-essential.17  Under non-essential heterogeneity #$ and/or 

#% factors are theorized to exist but are either not observed by treatment decision makers 

prior to treatment choice or decision makers ignore the treatment effect information from 

these variables.17  In a simple linear model, non-essential heterogeneity can be modeled 

by omitting #$ and/or #% factors from the first-stage treatment choice model when these 

factors affect treatment effectiveness in the outcome model.  For example, assuming 

{E15} is the outcome model, non-essential heterogeneity can be modeled as  

!)
= , #&) 7 #_) 7 `)          23164 

!) , A1  .B  (!)
= C 0*

0  .B  (!)
= E 0*

F .          23174 

In this scenario, #$ and #% do not affect treatment value or choice and therefore 

the distribution of #$ and #% factors can be assumed to be evenly distributed across 

treated and untreated individuals.  As stated in the introduction, when heterogeneity is 

non-essential—as in {E16}—estimates of LATE can be generalized to estimate ATE.17,61  

This point will be explained in greater detail in the following section. 

Understanding the ideas of essential and non-essential heterogeneity now allows 

us to discuss a second key assumption imposed by the traditional nonlinear model.  

Assuming the standard nonlinear model {E6}-{E7} is the outcome model, the treatment 

choice model in the common nonlinear modeling approach can be illustrated by  
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!)
= ,  ^%#%) 7 ^_#_) 7 `),          23184         

!) , A1  .B  (!)
= C 0*

0  .B  (!)
= E 0*

F  .          23194 

#_) are factors related to treatment value (!)
=) but unrelated to outcome in {E7}—

these are candidates for instrumental variables.  `) is a random disturbance term.  While 

#%) factors in this common nonlinear model are related to both treatment effectiveness 

({E8}) and treatment choice ({E18}), this scenario may not be consistent with our 

definition of essential heterogeneity.  Treatment effectiveness in this common nonlinear 

model affects treatment choice in a nonlinear manner and, depending upon the parameter 

values (i.e, 5% in {E6}), may be negatively associated with treatment value and 

probability of being treated.  This does not make intuitive sense—why would patients 

with greater benefit from treatment be less likely to be treated, all else equal?  This 

nonlinear model ({E6}, {E18}) does not fit the current description of non-essential 

heterogeneity, either.  Scenarios of non-essential heterogeneity have been described as 

circumstances where treatment effectiveness is either unobserved or ignored by decision 

makers, such that average treatment effects for treated, untreated, or other subpopulations 

can be expected to be equal.17  This will not be the case for this nonlinear model where 

treatment effect heterogeneity is forced to vary across patient subpopulations by a 

nonlinear function of factors in the outcome equation.  Therefore, while distinct factors 

(#%)) driving heterogeneity in treatment effectiveness enter into the treatment choice 

equation, treatment effect heterogeneity cannot necessarily be characterized as either 

essential or non-essential in this non-linear specification. 

Characterizing Essentiality in Terza Simulation Model 

This point can be illustrated with the nonlinear binary treatment and binary 

outcome model used by Terza et al. (2007) to demonstrate the superiority of nonlinear IV 
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methods, relative to 2SLS, for estimating ATE in inherently nonlinear models.18  

Treatment choice was modeled as 

!)
= ,  ^%$#%$) 7 ^%%#%%) 7 ^_$#_$) 7 ^_%#_%),          23204 

!) , A1  .B  (!)
= C 0*

0  .B  (!)
= E 0*

F , 

and outcome was modeled as 

")
= ,  5>!) 7 5%$#%$) 7 5%%#%%) 7 ?),          23214 

") , A1  .B  (")
= C 0*

0  .B  (")
= E 0*

F . 

Variable definitions for this example are detailed in Table 1.  The value of treatment for 

individual . is !)
= from {E20} and the absolute treatment effect for individual . is 

!3) , Ф(5> 7 5%$#%$) 7 5%%#%%)* K Ф(5%$#%$) 7 5%%#%%)*.  
If heterogeneity in this simple nonlinear model example is essential then this 

should be evident by (1) a clear positive correlation between !3 and !=, and (2) true 

treatment effectiveness being greater for treated individuals than untreated individuals.  

Figure 1 shows a quadratic prediction fit for the relationship between !3 and != based on 

200,000 simulated observations using the Terza treatment choice and outcome model—

{E20} and {E21}, respectively.  Figure 2 shows a scatter plot of this same data.  From 

this simple illustration, it is clear that treatment effectiveness across patients is not 

directly and positively related to the value of treatment, as would be expected under 

scenarios of essential heterogeneity. 
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Table 1:  Variable Definitions for Terza et al. (2007) Binary Treatment and Outcome 
Model18 

Covariate Definition 
#%$ Uniform(-1.73, 1.73) 

#%% Normal(0, 1) 

#_$ Uniform(-2.45, 2.45) 
#_% Uniform(-2.45, 2.45) 

? Normal(0, 1) 
^%$ 0.1 

^%% 1 

^_$ -0.25 

^_% 0.2 
5> 2.5 

5%$ 1 

5%% 1 
!3) Ф(5> 7 5%$#%$) 7 5%%#%%)* K Ф(5%$#%$) 7 5%%#%%)* 

Ф Standard Normal Distribution Function 
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Figure 1:  Quadratic Fit of Treatment Value and Treatment Effectiveness (N = 200,000) 
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Figure 2:  Scatter-Plot of Treatment Value and Treatment Effectiveness (N = 200,000) 

 

While this does not fit the definition for essential heterogeneity, treatment effect 

heterogeneity in this example cannot be characterized as non-essential either because 

there is some apparent sorting.  Heterogeneity in this standard nonlinear scenario may 

perhaps be described as “quasi-essential”—treatment effectiveness is related to treatment 

value, but they are not directly or strictly positively correlated.  Patients with higher 

benefit from treatment do not have higher probability of treatment, as would be expected.  

Somewhat illogically, treatment decision makers in this simulated example are sorting 

patients such that the patients more likely to be treated (greater !)
= value) are the patients 

with lower treatment effectiveness.   Table 2 shows the summary statistics for treatment 

effectiveness, treatment value, probability of treatment, and probability of positive 

outcome across deciles of treatment effectiveness.  From this table, it is clear that the 

average value of treatment and probability of being treated decreases as treatment 

effectiveness increases.   Patients in the highest decile of treatment effectiveness also 
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have the lowest mean probability of positive outcome without treatment, '(") , 1|!) ,
0*. 

Table 2:  Summary Statistics by Deciles of Treatment Effectiveness 

Treatment Effectiveness 
Decile (1 = Low, 10 = High) N 

Average 
Treatment 
Effect (TE) 

Average 
Treatment 
Value (T*) 

% 
Treated % Y = 1 % 

Marginal* 

  
     

1 20,000 .012 1.41 98 99.6 4.5 

2 20,000 .067 .67 82 97 18 

3 20,000 .16 .32 66 90 22 

4 20,000 .27 .070 55 81 20 

5 20,000 .39 -.13 47 71 19 

6 20,000 .51 -.29 40 59 18 

7 20,000 .61 -.42 33 48 17 

8 20,000 .70 -.50 29 39 18 

9 20,000 .75 -.56 25 33 20 

10 20,000 .78 -.58 28 30 22 

 
 

     
Total 200,000 .42 -.0015 50 65 18 

* Marginal defined as -.25 < T* < .25. 

  

Table 2 also shows the proportion of marginal patients across deciles of treatment 

effectiveness.  Terza et al. do not discuss or provide a definition for marginal patients.  

For the purposes of this example, marginal patients are defined as individuals satisfying 

K.25 [ !)
= [ .25; approximately 18% of the population meets these criteria.  These 

patients are those for whom a small positive or negative change in the value of 
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instruments may change treatment choice.  As shown in Table 2, the marginal patients are 

fairly evenly distributed across the distribution of treatment effectiveness—with the 

exception of the lowest quintile which has a relatively low proportion of marginal 

patients.  This could be a considered as representing a rather unique clinical scenario. 

Under essential heterogeneity, it may be more likely that treatment choices are fairly 

certain for those with very high or low treatment effectiveness and marginal patients are 

unique in terms of treatment effectiveness. 

Results from simulations examining the bias of 2SLS and nonlinear 2SRI using 

this model are given in Table 3.  Results in Table 3 reflect the percentage difference 

between mean estimates and mean true values across 1,000 simulations of 20,000 

observations per simulation.  The estimates from 2SRI were less biased for ATE than 

estimates from 2SLS or 2SPS—a result consistent with the findings of Terza and 

colleagues—though no method produces completely unbiased estimates of ATE here.  

Comparing estimates to true LATE, however, shows that 2SLS is consistent and 

drastically less biased than 2SRI for estimating LATE.  2SPS is also substantially less 

biased for LATE than 2SRI, and is just slightly more biased than 2SLS.  Claims that 

2SLS is generally inconsistent in models with inherently nonlinear dependent variables 

are misleading; 2SLS may not provide consistent estimates of the ATE, but is unbiased 

and consistent for LATE with minimal assumptions.  Density plots showing the bias of 

estimates for alternative estimators are provided in Figure 3:  The left column shows bias 

of each estimator (indicated by label on the left) relative to true ATE, and the right 

column shows bias of each estimator relative to true LATE. 
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Table 3:  Average % Bias of Estimate, by Estimator (Terza et al. model) 

Estimator % Bias for ATE % Bias for LATE 

2SLS 9.11 0.51 

2SRI -6.79 -14.14 

2SPS 7.58 -0.90 

Figure 3:  Density Plot of % Bias of Estimates, by Estimator, for Terza Scenario 
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Identification in Alternative Models of Treatment Effect 

Heterogeneity and Choice 

Direct risk adjustment estimators (e.g., linear regression by OLS) generate 

estimates of the average treatment effect on the treated (ATT).12,16,59  Two-stage moment 

based estimators using instrumental variables (e.g., 2SLS) generate estimates of local 

average treatment effects (LATE)—an estimate of the average treatment effect across the 

subpopulation of “compliers”, or “marginal patients” whose treatment choice was 

determined by the instrumental variables used.2  Alternative average treatment effect 

parameters, such as the average treatment effect across everyone (ATE), the average 

treatment effect across untreated patients (ATU), or the average treatment effect for 

distinct patients or patient subgroups cannot be identified without further 

assumptions.1,2,8,15,16  The extent to which alternative average treatment effect parameters 

can be identified depends on the following considerations: (1) which factors in #$, #%, 

and #& exist; (2) whether heterogeneity in treatment effectiveness, if it exists, is essential 

(i.e., whether #$ or #% factors exist and affect treatment choice); (3) which factors in #$, 

#%, and #& factors are measured and included in the empirical model of the researcher; 

and (4) whether specified instruments affect treatment choices across all distinct patient 

subpopulations.15  The evidence provided by Terza et al. (2007, 2008), however, shows a 

specific scenario where nonlinear 2SRI methods generate consistent estimates of ATE in 

models with unmeasured confounders and treatment effect heterogeneity.18,19  Terza et al. 

(2002) suggests that estimation of average treatment effects for specific patient subgroups 

is possible using nonlinear 2SRI, without needing to accept any of these aforementioned 

assumptions.62 The remainder of this section discusses identification of treatment effect 

parameters across alternative possible scenarios of the circumstances underlying 

treatment choice, treatment effect heterogeneity, and outcomes. 
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The simplest scenario is that of homogeneous treatment effects.  Under this 

scenario, there are #& factors but no #$ or #% factors.  This scenario can be illustrated 

using the following linear model: 

!)
= ,  ^6 7 ^&#&) 7 ^_#_)          23224 

'("*) ,  56 7 5$!) 7 5&#&).          23234 

Consistent with previous examples, !)
= represents the latent treatment value and !) 

is the observed treatment choice for individual ..  If all #& factors are measured and 

included in the empirical model then direct regression methods will identify the ATT.  

Because treatment effects are homogenous in this scenario, estimates of ATT can be 

generalized to alternative treatment effect parameters such as LATE, ATE, ATT, and 

ATU.  If any #& factors are unmeasured or not included in the empirical model then 

simple direct regression estimation of 5$ will be biased for the ATT.  In this case, two-

stage moment based estimators, such as 2SLS, with a valid instrumental variable (#_) can 

be used to generate consistent estimates of the LATE.  Because the treatment effect is 

homogeneous across observations, LATE=ATT=ATE=ATU.16,17 

Alternatively, a scenario with #$ factors—factors related to the effect of treatment 

on outcome but not outcome directly—can be illustrated by 

!)
= ,  ^6 7 ^$#$) 7 ^&#&) 7 ^_#_)          23244 

'("*) ,  56 7 (5$6 7 5$$#$)*!) 7 5&#&).          23254 

Assuming ^$ and 5$$ have the same sign, this is a scenario of essential 

heterogeneity—#$ factors affect both treatment effect heterogeneity and treatment choice 

and \!= \!3⁄ C 0.  If ^$ and 5$$ have opposite signs then patients with higher 

effectiveness will be less likely to be treated—this scenario is not logical and is excluded 

from our definition of essential heterogeneity.  Provided that all #&) factors in {E25} are 

measured and included in the empirical model, direct regression methods will identify the 

ATT.12,16,59,63  Similarly, two-stage moment-based estimators with valid instruments (#_)) 

can be used to identify the LATE.  Heterogeneity is essential in this scenario; decision 
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makers are sorting on the gain with respect to #$) such that individuals with higher values 

of #$) will have higher treatment effects and higher probability of treatment.  As such, 

treatment effect estimates will be sensitive to the distribution of #$ characteristics in the 

sample and estimates of ATT or LATE cannot generally be used to make inferences 

about ATE or ATU as #$ will be distributed differently across these groups.15,16  If #$ is 

measured, it may be possible to make inferences about treatment effect heterogeneity by 

either stratifying the sample by #$ (if #$ is a factor variable) to make inferences about 

treatment effects within #$-defined groups or modeling an interaction term between 

treatment and #$ in the empirical model to generate an estimate of 5$$.  As purported by 

Angrist and demonstrated in an example by Brooks, instrumental variables estimators can 

only possibly identify alternative average treatment effects beyond LATE under settings 

of essential heterogeneity if (1) the instruments affect treatment choice across all patient 

subpopulations and (2) all factors driving essential heterogeneity are measured by the 

researcher.15,16,49  This limitation has not been discussed, however, in the context of 

estimating average treatment effect parameters using the nonlinear 2SRI estimator.  Terza 

et al. (2008) suggest that nonlinear 2SRI methods generate generally consistent estimates 

of ATE in models with inherently nonlinear dependent variables, but 2SRI has not been 

evaluated in models with #$ factors or essential heterogeneity.19 

If, on the other hand, we suppose that #$ factors do not affect treatment choice, 

then heterogeneity is non-essential.  Consider a scenario in which the outcome model is 

{E25}, but #$) is either unobserved or ignored by treatment decision makers, such that: 

!)
= ,  ^6 7 ^&#&) 7 ^_#_).          23264 

This may represent a scenario where, for example, technology or current medical 

knowledge has not allowed for physicians to be aware of individual’s distinct 

#$) characteristics.  While physicians may know that treatment effects vary across 

individuals, they are not able to predict individual’s idiosyncratic gains when making 
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treatment decisions and therefore cannot “sort” patients based on these expected gains.  

Under non-essential heterogeneity, simple direct regression methods will identify the 

ATT and two-stage moment based estimators using instrumental variables will identify 

the LATE.  These estimates of ATT and LATE are not subject to the distribution of #$ in 

the sample and LATE=ATT=ATE=ATU, even though treatment effects do vary or are 

heterogeneous across individuals in truth.17 

Another scenario can be illustrated if we suppose that there are no #$ factors 

present but both #% factors and #& factors exist, such that 

!)
= ,  ^6 7 ^%#%) 7 ^&#&) 7 ^_#_)          23274 

'("*) ,  56 7 (5$6 7 5$%#%)*!) 7 5%#%) 7 5&#&).          23284 

Assuming ^% and 5$% have the same sign, heterogeneity in this example is 

essential because #%) affects both treatment effect heterogeneity and treatment choice 

directly such that \!= \!3⁄ C 0.  #%) also affects outcomes directly and is therefore a 

confounder.  Assuming #&) and #_) are measured, while #%) is observed by the 

patient/provider making treatment decisions but unmeasured by the researcher, direct 

regression methods will generate estimates of the ATT that are biased and two-stage 

moment based IV methods will generate consistent estimates of the LATE.  Because 

heterogeneity is essential and decision-makers are sorting-on-the-gain with respect to 

individual’s idiosyncratic gains (#%) factors) the estimates of LATE will reflect the 

distribution of #% in the group of patients whose treatment choice was sensitive to the 

instruments and LATE≠ATT≠ATE.15,16  While Terza et al. (2008) suggests that nonlinear 

2SRI methods may generate consistent estimates of ATE in nonlinear models, this has yet 

to be shown in scenarios of essential heterogeneity.19  As was demonstrated in the 

previous section, the common nonlinear models in which 2SRI has been examined do not 

have the essential heterogeneity property.  If #% is measured, it may be possible to make 

inferences about treatment effect heterogeneity by either stratifying the sample by #% (if 

#% is a factor variable) to make inferences about treatment effects within #%-defined 
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groups or by modeling an interaction term between treatment and #% in the empirical 

model to generate an estimate of 5$%. 

If we instead suppose that #% factors exist but do not affect treatment choice, then 

heterogeneity is non-essential.  Under non-essential heterogeneity the treatment choice 

model becomes analogous to {E26}.  Unmeasured #% factors are no longer confounders 

and estimates from simple direct regression methods and 2SLS methods will be 

consistent for the ATT and LATE, respectively.  Additionally, because there is no 

sorting-on-the-gain, the distribution of #% factors can be assumed to be consistent across 

treated and untreated populations and LATE=ATT=ATE=ATU.17 

Similar concepts can be demonstrated using a nonlinear modeling approach.  

Using the nonlinear binary outcome model, outcome (")) is the observed binary result of 

an index function on an underlying latent variable (")
=).  A simple illustration of this 

model is given by: 
!)

= ,  ^%#%) 7 ^_#_) 7 `) 

!) , 1(!)
= C 0*          23294 

 
")

= ,  5$!) 7 5%#%) 7 ?) 

") , 1(")
= C 0*.          23304 

In {E29} and {E30}, observed binary treatment status !) and outcome ") are 

generated by index functions on the underlying latent variables !)
= and ")

=, respectively.   

`) and ?) are random disturbance terms drawn from some theorized distribution, such as 

the standard normal in the case of the probit model.  Unlike previous scenarios, 5$ in 

{E30} cannot be interpreted as the absolute effect of treatment on outcome (e.g., change 

in the probability of a cure).  The absolute effect of treatment on outcome for the model 

illustrated by {E30} is a nonlinear function varying with #%).  Given individual .’s #%), 

the absolute effect of treatment on outcome is the difference between the probability that 

")
= C 0 when !) , 1 and !) , 0, which is a calculated by a function related to the model 
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disturbance term (?)).  Using an example of the probit model—where ?~I(0,1*—the 

absolute treatment effect at the individual level is  

!3) , Ф(5$ 7 5%#%)* K Ф(5%#%)*.          23314 

Ф(·* denotes the standard normal distribution function.  In this example, the ATE is the 

mean of {E31} across the population of observations, ATT is the mean of {E31} across 

the treated subpopulation, and LATE is the mean of {E31} over the subset of marginal 

individuals whose treatment choice was influenced by the instruments (#_)). 

As discussed previously, even though #%) affects both !3) and !)
=, the scenario 

illustrated by {E29}-{E30} cannot be immediately described as either essential, or non-

essential.  For the purposes of this research, essential heterogeneity is defined as being 

present when treatment effectiveness has a direct effect on treatment choice, such that 

!3) and !)
= are positively correlated over their ranges.  While there may be some 

relationship between !3) and !)
= in the nonlinear model {E29}-{E30}, such that 

ATU≠ATT≠ATE, this relationship will be nonlinear and treatment effectiveness does not 

have a direct or necessarily positive effect on treatment value and therefore the 

probability of treatment. 

If it is theorized that either #$ or #& factors exist, or that decision makers are 

sorting-on-the-gain such that those with greater expected benefit from treatment are more 

likely treated, then this common nonlinear model may be inappropriate.  Despite these 

limitations and the potential threats they pose for accuracy and interpretability of 

treatment effect estimates, this restrictive scenario ({E29}-{E30}) is, to my knowledge, 

the only scenario under which properties of nonlinear 2SRI models have been 

demonstrated in simulations with binary dependent variables.18-20,46,64 

Building on the common nonlinear binary treatment-outcome model illustrated by 

{E29}-{E30}, #$ factors that directly modify treatment effectiveness but are not related 

to outcomes, independent of treatment, can be modeled as an interaction term on 
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treatment choice in the outcome model.  Assuming that heterogeneity in non-essential, 

this model can be illustrated as    

!)
= ,  ^_#_) 7 `) 

!) , 1(!)
= C 0*          23324 

 
")

= ,  5$#$)!) 7 ?)  

") , 1(")
= C 0*.          23334 

#$) in {E33} affects the effect of treatment on outcome, but is unrelated to 

outcome independent of treatment—#$) does not affect outcome when !) , 0.  All other 

variables are defined as in {E29}-{E30}.  Heterogeneity in this model is non-essential 

because #$) does not affect !)
= and is therefore unrelated to probability of treatment.  

Similar to the linear model with #$ factors, risk adjustment estimators will identify an 

estimate of the ATT and two-stage moment based estimators will identify LATE.  

Because decision makers are not sorting on the gain, ATE=ATT=ATU=LATE.  

Alternatively, it may be that #$) affects treatment choice, such that the treatment choice 

model becomes 

!)
= ,  ^$#$) 7 ^_#_) 7 `).          23344 

In this scenario, #$) has a direct effect on treatment value and, as an interaction term on 

5$ in {E33}, has a direct effect on treatment effectiveness.  If ^$ and 5$ (in {E33}) have 

the same sign, then treatment effectiveness and treatment value will be positively 

correlated and this scenario is one of essential heterogeneity.  Two-stage moment based 

IV estimators such as 2SLS will identify LATE but, because the distribution of #$ factors 

will differ across treated and untreated subpopulations, it may not be possible to use these 

LATE estimates to estimate alternative average treatment effect parameters such as the 

ATE, ATT, or ATU.  Our definition of essential heterogeneity does not allow for ^$ and 

5$to be of opposite sign. 
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Two-Stage Instrumental Variables Methods 

The simple theoretical dummy endogenous variable model illustrated below will 

be the basis for demonstration and comparison of the 2SLS and 2SRI instrumental 

variables estimators.  The model in this example is analogous to the homogeneous 

treatment effect scenario discussed in the previous section ({E22}-{E23}).  Notation used 

below follows from the previous sections.  For person ., let ") be the observed continuous 

health outcome, !) be observed binary treatment status that is determined by the 

unobserved latent variable !)
=.  #&) is an unobserved confounding factor, #_) is a set of 

one or more instrumental variables, and #d) is a set of one or more observed factors 

affecting outcomes directly but unrelated to treatment choice.  This simple binary model 

can be written as: 

!)
= ,  ^6 7 ^&#&) 7 ^_#_) 7 `)          23354 

") ,  56 7 5$!) 7 5&#&) 7 5d#d) 7 ?),          23364 

where 

!) , 1(^6 7 ^&#&) 7 ^_#_) 7 `) C 0* + A 1   .B   !)
= C 0

 0   .B   !)
=  E 0.F           23374 

5$ represents the homogeneous causal effect of treatment (!)) on outcome (")).  

The index function {E37} generating !) as a function of !)
= follows from the notion that 

treatment choice is determined by a comparison of the expected benefit from treatment to 

the expected costs incurred from treatment.  If expected benefit exceeds expected costs 

then net expected utility from treatment is positive (i.e., !)
= C 0) and the individual 

chooses treatment.  Only the result of this cost-benefit decision (!)) is observed by the 

researcher, !)
= is unobserved.  This simple model is a common econometric approach for 

representing discrete choice.2,16,18,20 

Endogeneity of  !) in {E36} is caused by the one or more unmeasured #&) factors 

that are directly related to both !)
= and "), such that there is correlation between the 

disturbance terms `) and ?) (i.e., 3e`)?)f g 0).  This will result in biased estimates of 5$ 
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from simple direct regression methods.  However, given minimal assumptions, two-stage 

moment based estimators can be used to generate consistent estimates of causal local 

average treatment effects (LATE).2  The first of these assumptions is that there must exist 

one or more observable factors (#_) that are independent of disturbance terms—` and 

?—in each equation, such that: 

3e#_`f , 0,     3e#_?f , 0.          2h14 

In other words, the researcher must have measured #_ factors available that are 

conditionally independent of outcomes or other unmeasured variables related to 

outcomes.  If {A1} holds, then any effect of #_ factors on " must be through the effect of 

#_ on !.  A second key assumption is that the covariance between ! and #_ is non-zero, 

or 

Wij(!, #_* g 0.          2h24 

Assumption {A2} mandates that ^_ in {E35} be significantly different from zero—that 

the specified instruments have a significant, non-arbitrary effect on treatment choice.  

Taken together, {A1} and {A2} suggest that the variation in the observed endogenous 

treatment (!) determined by #_ factors is significantly different from zero and exogenous 

with respect to outcomes. 

An additional assumption is Stable Unit Treatment Value Assignment (SUTVA).2  

SUTVA implies that potential outcomes for any individual are unrelated to the treatment 

status of any other individual. Violation of SUTVA occurs, for example, when there are 

spillover effects of treatment.  A scenario in which SUTVA may be violated is in 

estimating effects of vaccination:  As individuals receive vaccination the probability of 

being exposed to the disease that the vaccination was intended to prevent may decrease 

for all vaccinated and unvaccinated individuals through effects of herd immunity.  This 

represents a change in the potential outcomes for these individuals and violation of 

SUTVA. 
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The final assumption to be noted is the monotonicity assumption.  Monotonicity 

requires that there is no individual who does the opposite of the assignment implied by 

the instrument.2  In other words, the monotonicity assumption asserts that the direction of 

the effect of #_ on !=, whether positive or negative, is consistent across individuals.  

Angrist et al. (1996) define four “types” of observations: always-takers, never-takers, 

compliers, and defiers.2  For the case in which #_ is binary, let !)(#_* , ! represent 

treatment choice (!) for individual . with #_) , #_.  For example, !)(1* , 1 indicates 

that individual . received treatment (!) , 1) for #_) , 1.  With this notation, always-

takers are those who will always choose treatment regardless of the value of the 

instrument, such that !)(1* , !)(0* , 1.  Never-takers are those who will never choose 

treatment, regardless of the value of the instrument, such that !)(1* , !)(0* , 0.  

Compliers are those whose treatment choice is sensitive to the instruments, such that 

either  !)(1* C !)(0* or  !)(1* [ !)(0*.  The existence of defiers—individuals whose 

treatment choice goes against the direction suggested by the instrument—is precluded by 

the monotonicity assumption, which implies that either !)(1* k !)(0* or !)(1* E !)(0* 

for all . , 1, … , I.2 

Interpreting the Instrumental Variables Estimand 

The potential outcomes framework formalized by Rubin (1974, 1978, 2000) and 

further discussed in the context of IV models by Imbens et al. (1994) and Angrist et al. 

(1996) suggests that all individuals have distinct potential outcomes under all 

counterfactual treatment states, despite their ultimately being observed in only one of 

these states.1,2,65-67  For example, in the binary treatment-control model ({E32}-{E33}), 

each treated individual has an observable outcome in the treated state and an 

unobservable counterfactual outcome in the control state.  Similarly, each untreated 

individual has an observed outcome in the untreated state and an unobserved 

counterfactual outcome in the treated state. 
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This framework suggests that a true causal treatment effect exists for each 

individual unit of observation that is equal to the difference in potential outcomes 

between the treated and untreated states.  To illustrate this point more clearly, let ")
$ be 

the potential outcome for individual . in the treated state (!) , 1) and ")
6 be the potential 

outcome for individual . in the untreated state (!) , 0).  The causal effect of treatment for 

individual . is  

5) , ")
$ K ")

6.          23384 

However, because it is generally the case that only a single outcome state can be 

observed for any single individual, this individual treatment effect cannot be directly 

observed or calculated.  Instead, researchers have focused on the estimation of various 

average causal treatment effects such as the average treatment effect across the entire 

population (ATE), the average treatment effect on the treated (ATT), the average 

treatment effect on the untreated (ATU), and the Local Average Treatment Effect 

(LATE). 

Two-stage moment-based estimators—such as 2SLS—generate estimates of 

LATE.2  Estimates of LATE represent the average effect of treatment for individuals 

whose treatment choices were sensitive to the instrumental variable.  Using these 

methods, the causal effect of treatment for person . is estimated as the causal effect of 

changes in the instrument #_) on outcome "), or 

(")
$ K ")

6* · R!)(#_) , 1* K !)(#_) , 0*S.          23394 

")
$ and ")

6 represent the outcomes for individual . when the treatment (!)) equals 1 and 0, 

respectively.  !)(#_) , 1* and !)(#_) , 0* represent the treatment decision for 

individual . when the instrument (#_) equals 1 and 0, respectively.  The estimate 

represented by {E39} is nonzero only when treatment choice is influenced by the 

instrument.  The IV estimand is therefore the weighted sum of average causal effects for 

the subpopulation of individuals whose treatment choice was sensitive to the 
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instrument—that is, the individuals for whom !)(#_) , 1* g !)(#_) , 0*.  If treatment 

choice is not changed as a result of a change in the instrument then R!)(#_) , 1* K
!)(#_) , 0*S , 0 and {E39} will equal zero.  Since the monotonicity assumption rules 

out the existence of defiers, the IV estimand is the average causal effect of treatment for 

the compliers.  The average causal effect across the compliers is the Local Average 

Treatment Effect (LATE).  Assuming a binary IV, the LATE parameter is 

5mn>M , 3o(")(1* K ")(0*S|!)(1* K !)(0* , 1f.          23404 

As discussed in the previous section,  5mn>M cannot be interpreted as the average 

treatment effect for the entire population (ATE) or the average treatment effect amongst 

the treated population (ATT) without further strong assumptions about characteristics of 

treatment effect heterogeneity and treatment choice.  Moreover, since the specific 

observations belonging to the group of compliers cannot be identified directly from 

observational data, inferences may not be made for any specific subpopulation defined in 

terms of the covariates.2 

Two-Stage Least Squares (2SLS) 

Following the example drawn in {E35} and {E36}, and assuming that #& factors 

are unmeasured by the researcher, the 2SLS approach can be operationalized by replacing 

the endogenous regressor (!)) by its linear projection 

p(!|#_* + #_
q3r$(#_#_

q*3(#_!*,           23414 

where #_ is a vector of valid instrumental variables.  This is the “first stage” of the two-

stage least squares method.  In the second stage, p(!)|s), #)* replaces observed !) in the 

outcome equation, such that 

") ,  56 7 5$!) 7 ε) 

, 56 7 5$R(!) K p(!)|#_)** 7 p(!)|#_)*S 7 ε)          23424 

, 56 7 5$p(!)|#_)* 7 uε) 7 5$R!) K p(!)|#_)*Sv.          2343439 
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Because 5$R(!) K p(!)|#_)** 7 p(!)|#_)*S is additive in the linear model 

({E42}), the variation in !) that is not predicted by the linear projection ({E41}) can be 

relegated directly to the error term (2ε) 7 5$(!) K p(!)|#_)**4), which is assumed to be 

uncorrelated with #_) or p(!)|#_)* through the exclusion restriction ({A1}).  If the 

assumptions for a valid instrument—{A1} and {A2}—hold, then the least squares 

estimator of ") on p(!)|#_)* is consistent for mean 5$ across the compliers (i.e., 

5mn>M).2,47  

More simply put, the first stage of the 2SLS procedure generates predicted values 

of the endogenous treatment variable (p(!)|#_)*) by regressing observed treatment (!)) 

on one or more IVs (#_)) and other variables related to outcomes or treatment choice 

using the ordinary least squares (OLS) method.  p(!)|#_)* replaces observed treatment in 

the second stage linear regression on outcome and the parameter estimate 5w$ , 5wmn>M 

from {E40}. 

Two-stage least squares is a special case of the more general class of two-stage 

predictor substitution estimators (2SPS).  The 2SPS method is carried out identically to 

the 2SLS method described above, with the exception that first- and second-stage 

regressions may be estimated by a nonlinear regression method (e.g., quantile regression, 

logistic, probit, negative binomial, etc).  The first-stage regression of 2SPS methods is 

often estimated using linear OLS because, with a linear first-stage model, a correctly 

specified second-stage nonlinear model will be consistent even if the relationship 

between treatment and independent variables is not linear in truth.12,19  Consistency of the 

second-stage when first-stage models are estimated using nonlinear regressions, on the 

other hand, depends on correctly specifying the nonlinear first stage.12,19  The main 

disadvantage of nonlinear 2SPS is that the distributional and functional form assumptions 

imposed by a second-stage nonlinear estimator are very difficult to justify.47   2SPS has 

been suggested as a generally inconsistent estimator of the ATE when estimated using 

nonlinear regression methods.19,68 
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Two-Stage Residual Inclusion (2SRI) 

The models and notation below follow from {E35}-{E36}, with the assumption 

that confounding factors (#&) are unmeasured by the researcher.  The first stage of the 

2SRI procedure is carried out as in the first-stage of 2SPS methods:  endogenous 

treatment (!)) is regressed on one or more instrumental variables (#_)).  The residual term 

from this first stage equation is then calculated ( x̀)) and included as a covariate in the 

second stage regression model with the observed endogenous treatment variable (!)).  For 

example,  

!) ,  y(^6 7 ^_#_* 7 `)          2E444 
") ,  y(56 7 5$!) 7 5{`|} * 7 ε).          23454 

 y(·* is a functional form chosen by the researcher (identity, probit, logit, negative 

binomial, etc…).  When y(·* is the identity function (i.e., the model is estimated by 

linear OLS), the coefficient estimate for 5$ can be interpreted as the absolute LATE 

estimate.  For models where y(·* is a nonlinear function, estimates of 5$ are relative 

effects and absolute effect estimates must be calculated as average marginal effects of 

treatment (i.e., average derivatives). 

Hausman first suggested the 2SRI approach using linear models as a method to 

test for endogeneity where significance of the residual term in the outcome model 

represents a test for the presence of unmeasured confounding.45  The 2SRI method is a 

special case of the control function (CF) method.  Control function methods assume that 

some function of the first-stage residuals can be used as an appropriate control for 

unmeasured confounders.19,46,64  In the case of 2SRI, the “control function” is assumed to 

be the raw residual term from the first-stage regression (`) in {E44}).  In other words, the 

2SRI method assumes that the residual term from the first-stage regression provides a 

valid estimate of all variation in unmeasured confounders, such that this can be used as a 

covariate in the second-stage outcome model to control for variation in the unmeasured 

confounders and produce unbiased parameter estimates that can then be used to calculate 
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unbiased estimates of ATE.  The 2SRI method has been suggested as a generally 

consistent nonlinear method for estimating the ATE in models with inherently nonlinear 

dependent variables.19  As such, 2SRI is most commonly applied in empirical settings 

suggestive of nonlinear relationships between treatment and outcomes.  In a completely 

linear specification of 2SRI (i.e., both first and second stage regression equations are 

linear, y(·* is the identity function), the 2SRI and 2SLS estimators are analogous and 

produce identical absolute effect estimates of the LATE.19,45 

The main and minimal assumption of the 2SRI model is that the conditional mean 

of the outcome (")) is of the form 

3e")|!), #)f , y(5$!) 7 5#)*.          23464 

y(·* is a known nonlinear function, #) is a vector containing all observed and 

unobserved confounding factors, and 5 is a vector of parameters relating #) to ").19  The 

2SRI method works by assuming that the regression parameters in the first stage 

treatment choice model (i.e., ^6, ^_) can be consistently estimated such that the 

regression error term ( x̀)) is an estimate of the unmeasured confounders (#&)).  Including 

x̀) in the second stage outcome regression as a consistent estimate of the unmeasured #&) 

is assumed to control for the unmeasured confounder.  Nonlinear 2SRI estimators require 

additional distributional and functional form assumptions not imposed by linear IV 

estimators such as 2SLS, but may provide efficiency gains and potentially grant statistical 

significance where less efficient, but more robust, linear methods may not.12,47,64 

Based on theoretical reasoning and simulation evidence, Lee (2012) recommends 

that both two-stage substitution methods (e.g., 2SLS) and nonlinear control function (e.g., 

2SRI) methods should be applied when using two-stage IV methods.47  If estimates from 

these two methods differ, Lee recommends adjusting the functional form of the control 

function method until estimates are similar to those obtained by the more robust 2SLS 

method.  Estimates from the nonlinear 2SRI method could then be used for inference, as 
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the standard errors will be smaller.47  This logic follows closely from a statement by 

Joshua Angrist; “when simple and sophisticated estimation strategies do differ, I 

invariably prefer the simple!”12  However, these ideas suggest that nonlinear 2SRI and 

2SLS are estimating the same average treatment effect concepts—which may not 

necessarily be the case if nonlinear 2SRI generates estimates of ATE in models where 

ATE and LATE are not equal. 

Methodological Research on Nonlinear 2SRI Estimators 

A linear application of the 2SRI method was first suggested by Hausman (1978) 

as a test for endogeneity in instrumental variables applications.45  Hausman notes that 

linear applications of the 2SRI method are analogous to 2SLS and shows that the 

significance of the residual in the second stage of 2SRI can be used as a large sample test 

for the presence of unmeasured confounding in the relationship between treatment and 

outcome.45  Examples for the use of the 2SRI approach as a test for presence of 

endogeneity between treatment and outcome remain common in the literature.24,26,33,69-76  

Over the past 30 years, several extensions of this IV-based residual inclusion method 

have been discussed for specific nonlinear models and applications by Newey (1987), 

Blundell and Smith (1989), and Wooldridge (2002).59,77,78  However, Terza et al. (2008) 

were the first to suggest 2SRI as a general nonlinear two-stage IV method for producing 

consistent estimates of ATE in models with inherently nonlinear dependent variables.19 

Terza et al. (2007) brought attention to the nonlinear 2SRI method when they 

issued a cautionary note that linear 2SLS methods may produce inconsistent estimates of 

the ATE in models with nonlinearity between dependent and independent variables—that 

is, models with inherently nonlinear dependent variables.18  The authors recommend that 

nonlinear IV methods, such as 2SRI, should be used in place of 2SLS in these models.  

The authors illustrated this point using simulated data in two common nonlinear 
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regression contexts:  the first a non-negative dependent variable model and the second a 

binary response model. 

Outcomes for simulations in the non-negative dependent variable model were 

generated using a variant of the inverse Box-Cox model.  Using this simulated data, the 

authors generated average marginal effect estimates using both the traditional linear 

2SLS method and a nonlinear 2SRI method.  The 2SRI model is based on the same 

inverse Box-Cox model that was used to generate the data.  The true average marginal 

effect (AME) of the continuous endogenous regressor on the non-negative outcome was 

approximated and used as the benchmark for evaluation of estimator performance.  This 

true AME—an average effect across the whole population—is compared to the 

coefficient estimate generated from 2SLS models and to an estimate of the AME derived 

from 2SRI estimates.  Simulation results showed that estimates from 2SLS were 

significantly more biased than 2SRI estimates—49% versus 7% biased, respectively, at 

sample size of 1,000.  Moreover, the bias of 2SRI estimates, but not 2SLS estimates, is 

attenuated to near zero as sample size increases. 

For simulations in the binary outcome context, the authors generated data based 

on a bivariate probit (BVP) sampling design with a binary endogenous regressor.  For 

this simulation, estimates from traditional 2SLS were compared with estimates from a 

BVP estimation method.  The target parameter for estimation is the ATE.  An estimate of 

true ATE generated using the true parameter values is used as a benchmark for 

comparison to 2SLS estimates and an estimate of the ATE calculated using the 

parameters estimates generated by the BVP model.  Results showed that BVP is less 

biased then 2SLS for ATE—15% versus 16% at sample size of 1,000—and that bias of 

BVP estimates, but not 2SLS estimates, decreases as sample size increases. 

While these results are intriguing, they are not particularly surprising.  These 

simulations represent absolutely ideal settings with regards to the performance and use of 

the nonlinear 2SRI and BVP methods.  For both simulations, the functional forms applied 
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to the nonlinear IV estimators match exactly those of the data generation processes.  

Moreover, the methods for producing the absolute treatment effect estimates from the 

nonlinear IV estimators are exactly analogous to those producing the true parameter 

estimates used for comparison.  The estimates generated using 2SLS, on the other hand, 

are not necessarily comparable to the population average treatment effects used as 

benchmarks in this study.  2SLS yields estimates of the LATE, not the ATE or other 

population average treatment effects and LATE estimates cannot be generalized to 

estimate population average treatment effect concepts without further 

assumptions1,4,6,11,15,17,43,49—assumptions not discussed by Terza et al. in their study.  The 

apparent bias of 2SLS estimates in this study, relative to 2SRI estimates, may be 

observed because true LATE does not equal true ATE in this scenario; Terza et al. do not 

discuss estimates of the LATE in these scenarios. 

In a related simulation study of the nonlinear 2SRI method, Terza et al. (2008) 

compared bias of ATE estimates generated by nonlinear 2SPS and 2SRI methods in two 

nonlinear models.19  The results of these simulations show that 2SRI produces consistent 

ATE estimates but 2SPS is inconsistent for ATE across these models.  Based on these 

results, Terza et al. propose the 2SRI method as a generally consistent IV-based estimator 

of ATE for models with inherently nonlinear dependent variables.  The first, of two, 

simulations is a duration model with multinomial endogenous treatments.  The authors 

specify the outcome as belonging to a Weibull distribution and estimate treatment effects 

using identically specified 2SPS and 2SRI methods.  Results show that estimates 

generated by the 2SPS method are significantly more biased than those from 2SRI.  

Moreover, the bias of 2SRI estimates converges quickly to 0 as sample size increases 

while bias in 2SPS estimates does not.  The second simulation models an ordered logit 

outcome with count-valued endogenous treatment.  Once again, average absolute effect 

estimates generated by 2SRI are significantly less biased than those generated by 2SPS. 
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The simulations from Terza et al. (2008) clearly demonstrate the inconsistency of 

nonlinear 2SPS methods—and the comparative consistency of nonlinear 2SRI—for 

estimating the ATE in nonlinear models.19  Once again, however, the authors do not 

report estimates of the LATE or discuss the relative ability of 2SPS and 2SRI estimators 

to yield consistent estimates of LATE in these models.  Moreover, no simulation models 

consider the possibility of X1 or X3 factors, or represent scenarios of essential 

heterogeneity as defined in this research paper.  The properties of 2SRI and 2SPS 

methods remain unknown in alternative nonlinear models where factors affect treatment 

effect heterogeneity but not outcomes directly, factors affect outcomes directly but not 

the effectiveness of treatment, or individuals idiosyncratic gains from treatment affect 

treatment choices directly in a manner consistent with essential heterogeneity.  Under 

these alternative scenarios, the parameter estimates generated by nonlinear 2SRI methods 

may be only locally interpretable and use of these estimates to calculate average 

derivative effects may be inappropriate. 

Methodological Research on Robustness of Nonlinear 2SRI 

Methods 

Based on the simulation evidence detailed above, many have been quick to adopt 

nonlinear 2SRI methods for models with inherently nonlinear dependent variables.  

However, some researchers have expressed concern regarding several assumptions 

inherent to the 2SRI method.  Recognizing that the 2SRI method may be, in some 

instances, a misapplication of the control function approach—which suggests that some 

function of the residuals, not necessarily the raw residual, itself, may be an appropriate 

control function—Garrido et al. (2012) compared estimates from linear 2SLS and 

nonlinear 2SRI estimators using various forms of the residual for the 2SRI model.46  This 

research was performed using an empirical example for the problem of estimating the 

effect of palliative care consultations on costs in the Veterans Health Administration.  
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The authors attempt to generate and compare estimates of LATE and ATT across 2SRI 

models with alternatively specified control functions of the residuals to estimates of 

LATE and ATT generated by traditional 2SLS methods.  Alternative control functions 

included response residuals, Pearson residuals, Anscombe residuals, and deviance 

residuals.  The authors also examined using higher-degree polynomials of these residuals 

as control function. 

Estimates of LATE and ATT from traditional 2SLS methods are reported by 

Garrido et al. as the parameter estimate generated by the 2SLS model.  Though theory 

about the characteristics of treatment effect heterogeneity and choice in their data is not 

discussed, the authors assumption that ATT is identified using 2SLS implies that the 

authors must believe treatment effects are either homogenous across individuals or that 

heterogeneity is non-essential.   Absolute effect estimates of ATT and LATE from 

nonlinear 2SRI models were calculated as the average marginal effect of treatment 

(binary) across treated individuals and individuals defined by the authors as being 

member to the subpopulation of “compliers”, respectively.  The authors define compliers 

as individuals observed to have either received a consultation when one was ordered or 

not receive a consultation when one was not ordered.  Note that this methodology 

assumes no always-takers or never-takers exist.  If this assumption is violated then 

estimates of LATE will include treatment effects from other subpopulations and may be 

inaccurate. 

Garrido et al. showed that estimates from the various alternative nonlinear 2SRI 

models were only modestly sensitive to the type of control function specified.46  

However, ATT and LATE estimates generated by 2SLS models were found to be 

drastically different from estimates generated by nonlinear 2SRI models.  Estimates from 

2SLS were generally at least an order of magnitude greater in value than 2SRI estimates.  

Based on these findings, Garrido et al. recommended nonlinear 2SRI over 2SLS for IV-
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based estimation in models with skewed dependent variables.  However, the methods 

used leave some issues to be considered. 

While the substantial difference across estimates generated by 2SLS and 2SRI 

methods may be due to bias of 2SLS estimates, estimates from linear and nonlinear 

models are often similar in magnitude and it is possible that these observed differences 

are at least partially attributable to bias of the 2SRI estimates, which depend on 

considerably heavier assumptions.  Both first- and second-stage regressions of the 2SRI 

approach were estimated by nonlinear least squares methods.  If parametric assumptions 

are not strictly held, particularly for the first-stage treatment choice model, then average 

derivative estimates may not be accurate.  The strategy of estimating average marginal 

treatment effects across specific subgroups of observations leans heavily on strong 

assumptions that parameter estimates generated using only the variation in treatment 

choice related to variation in the instrument can be used to obtain absolute treatment 

effect estimates across all patient subpopulations.  In other words, assuming that the true 

treatment effect differs across all patient subpopulations defined by the covariates, this 

method assumes that heterogeneity across these groups follows strictly the parametric 

assumptions imposed on the model.  If parametric assumptions are not held, then relative 

effect estimates may be only locally interpretable for the subpopulation of marginal 

patients and average derivative estimates may be inaccurate for true absolute effects.  To 

my knowledge, no existing methodological research has examined the ability of nonlinear 

2SRI methods to generate unbiased absolute LATE estimates from observational data.  

Without knowledge of the true treatment effect parameters (true ATT and LATE), it is 

not possible to conclude whether estimates from the nonlinear 2SRI models, which rely 

on much stronger assumptions than the linear 2SLS model, are in fact closer to the truth. 

Also noting the need for research on the comparative operating characteristics of 

popular IV-based estimators, O’Malley et al. (2013) compared estimates from traditional 

2SLS and nonlinear 2SRI methods using both an empirical application and simulations.64  
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The empirical work is done in the context of evaluating whether new antipsychotic drugs 

(a binary variable) may be associated with lower long-term mental health related costs (a 

non-negative, skewed dependent variable) for individuals with schizophrenia in Florida’s 

Medicaid program. The authors’ a priori theory is that newer drugs, though more 

expensive, may lower costs in the long run, and that observed correlations suggesting 

newer antipsychotics are associated with increasing costs may be attributable to 

confounding by unobserved factors related to mental health comorbidities, illness 

severity, and treatment preferences. 

Estimation was carried out using OLS, 2SLS, nonlinear 2SPS, nonlinear 2SRI, 

and likelihood based methods.  In all models, log-transformed costs were used as the 

dependent variable.  Nonlinear 2SPS and 2SRI models were operationalized as follows:  

the first stage regression modeling treatment choice was estimated using a probit model, 

and the second-stage outcome model was estimated by OLS.  Treatment effect estimates 

generated by 2SLS suggested a negative, though insignificant, effect of new 

antipsychotics on cost; a relationship consistent with the a priori theory of the authors.  

Nonlinear 2SPS and 2SRI approaches, on the other hand, each generated positive 

estimates for the effect of treatment on costs—though the effect was not statistically 

significant. 

To shed light on which of these estimates should be preferred, O’Malley et al. 

simulated data based on the Florida Medicaid data to examine the operating 

characteristics of the various estimators when assumptions underlying the methods are 

violated.64  The simulated outcome is modeled using a linear process while the binary 

endogenous treatment variable is the result of a discrete choice process based upon an 

underlying continuous latent variable.  This scenario represents one of theorized 

homogeneous treatment effects (similar to {E22}-{E23}). 

Simulation settings were altered to test the robustness of methods to violation of 

the exclusion restrictions (i.e., instrument exogeneity assumptions {A1}) and to 
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increasing degrees of correlation between the residual terms of first- and second-stage 

models.  Sensitivity to distributional assumptions was explored by drawing error terms 

alternatively from normal, t, and gamma distributions.  Results showed that 2SLS 

performed well across all scenarios except when the exclusion restrictions were violated, 

which resulted in 2SLS estimates that were more biased than OLS estimates.   When the 

distribution of the underlying error term was symmetric, 2SRI models generated more 

precise (i.e., lower root mean-squared error) estimates than 2SPS or 2SLS.  When the 

distribution of the underlying error term was not symmetric, 2SLS was less biased and 

more precise than 2SRI. 

Based upon these findings, the authors suggest that 2SLS is appropriate except in 

circumstances where exclusion restrictions are violated—although 2SRI and 2SPS also 

performed poorly in these scenarios.  2SLS was found to be more robust than 2SRI or 

2SPS if there is evidence that the outcome residual term has a skewed distribution.  On 

the other hand, 2SRI may be best when evidence supporting validity of the IV is strong 

but analysts are working with a small sample size and the study may be insufficiently 

powered under 2SLS.  In general, this study emphasizes the robustness of 2SLS when 

there is a valid IV available and the ability of nonlinear IV estimators, particularly 2SRI 

estimators, to increase efficiency under ideal settings.  However, these simulations are all 

performed under a scenario of homogeneous treatment effects, O’Malley et al. is do not 

consider alternative scenarios of treatment effect heterogeneity or sorting-on-the-gain, 

where results may differ. 

In a thorough discussion of various IV-based estimators useful for limited 

dependent variables models, Lee (2012) formally discusses the consistency properties, 

method, and assumptions of alternative IV-based estimators.47  Lee compares predictor 

substitution and control function estimators in simulations of both binary and continuous 

limited dependent variable settings.  Across simulations, the control function approach 

has significantly smaller standard errors than 2SPS models.  Lee explores the 
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repercussions of applying a miss-specified functional form for the control function 

estimator and finds that misspecification causes substantial bias.  In concluding remarks, 

Lee notes that, while control function approaches can be useful for reducing the error 

term variance—even in the presence of misspecification—it may be more biased than 

simpler substitution-based estimators when functional form assumptions are violated.  In 

practice, Lee suggests the following approach:  First, use both substitution and control 

function estimators; if estimates from the two methods differ, alter the functional form of 

the control function until estimates from the two models are comparable, at which point 

inferences can be made using the more efficient control function estimates.  Comparison 

of linear 2SLS and nonlinear control function estimates is limited, however, if researchers 

are interested in absolute treatment effects.  Unless it is possible to identify the 

subpopulation of marginal individuals in the data, it may not be possible to generate 

estimates of LATE from nonlinear 2SRI models.  Assuming that nonlinear 2SRI models 

generate unbiased parameter estimates in the nonlinear outcome model, from which 

estimates of the ATE can be generated, 2SLS generates estimates of LATE that may not 

equal the ATE without acceptance of restrictive assumptions about the nature of 

treatment effect heterogeneity and the circumstances underlying treatment 

choice.4,7,11,16,17,43,49 

Surprisingly, no studies of the 2SRI method examine the potential to identify 

alternative absolute average treatment effects under settings of essential heterogeneity 

where treatment choice is directly affected by treatment effect heterogeneity.  Stuart, 

Doshi, and Terza (2009) state that, if the parametric assumptions underlying the nonlinear 

2SRI model reflect the truth, then all sources of potential heterogeneity in the marginal 

treatment effects will be appropriately controlled for by the nonlinear function so that 

estimated average marginal treatment effect estimates are consistent, but that if any 

assumptions are violated then results may only be “locally” interpretable—that is, 

interpretable only for the marginal population.14  In other words, if heterogeneity in 
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treatment effectiveness is solely a product of a known nonlinear function of all covariates 

in the outcome model, and individuals idiosyncratic gain from treatment is not directly 

and positively related to treatment choice then absolute treatment effect estimates 

calculated from 2SRI models are consistent.  If these conditions do not hold, however, 

then parameter estimates generated by nonlinear 2SRI methods may only be accurate for 

the marginal population.  Moreover, if it is the case that parameter estimates are only 

accurate for the marginal population, then it may not be possible to calculate absolute 

treatment effect estimates—as an average derivative of the nonlinear function—unless 

the marginal individuals can be identified in the data.  To my knowledge, the ability to 

generate absolute LATE estimates using 2SRI has not been shown.  Stuart, Doshi, and 

Terza (2009) also note that the local interpretation of estimates generated by nonlinear 

average derivative estimators, such as nonlinear 2SRI, has not been studied and is not 

well understood.14  In general, the limitations of nonlinear 2SRI methods are not well 

understood and rarely acknowledged by empirical researchers using observational data. 

Empirical Work Employing Nonlinear 2SRI with 

Observational Data 

Popularity of the 2SRI method as a nonlinear estimator for IV applications in 

health services research has grown considerably since 2008.  Since Terza and colleagues 

(2008) published results of simulations showing positive properties of nonlinear 2SRI 

methods in Health Economics in 2008, their study has been cited over 230 times.19  Over 

60 of these studies were studies in health care and health services research that implement 

the nonlinear 2SRI methods in place of linear 2SLS or other IV methods.5,21-41  Many of 

these studies cite Terza and colleagues work as showing that 2SLS is inconsistent in 

models with inherently nonlinear dependent variables to support their only using 2SRI in 

estimation.21,23,28,30-32,34,39-42  This is surprising for two reasons, (1) Terza et al. (2008) 

never actually discuss the linear 2SLS estimator in this paper; and (2) Terza and 
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colleagues focus entirely on the ability to generate accurate estimates of population 

average treatment effects—they do not discuss the LATE parameter, for which it is well 

established 2SLS yields consistent estimates.19 

Despite assertions that 2SRI methods should be used to gain efficiency when 

estimates are comparable to those of more robust linear 2SLS methods, only a small 

proportion of studies implementing nonlinear 2SRI estimators actually perform this 

robustness check.  It seems that many researchers believe the 2SRI method to be 

generally superior to 2SLS, despite the very limited evidence.  Lack of methodological 

research examining the properties of 2SRI and making the potential limitations of the 

method clear, paired with growing adoption of the 2SRI method in empirical research has 

led to increased pressure placed on researchers to adopt nonlinear 2SRI methods.  

Because the added assumptions of the 2SRI method and the differences between 2SRI 

and 2SLS in terms of what average treatment effect concept is being estimated have not 

been made clear, the stronger assumptions required with nonlinear 2SRI and the potential 

consequences of those assumptions being violated are not well understood or appreciated.  

Of 51 published health-related studies that use 2SRI as their main method for estimation, 

only 6 report results from a comparable 2SLS model.35-37,39,42,62  Across these 6 studies, 4 

studies report using 2SLS as a robustness check and prefer 2SRI for efficiency gains.35-

37,42  None of these 6 studies, however, discuss the idea that nonlinear 2SRI and 2SLS 

methods may actually estimate different treatment effect concepts.  Bonsang (2009), for 

example, reported statistically significant 2SLS and 2SRI estimates that were in opposite 

directions of effect and proceeded to disregard the 2SLS estimate as inconsistent, stating 

that the standard 2SLS approach is inconsistent when applied to nonlinear models.39  

However, at least these 6 studies report 2SLS estimates so that readers may draw their 

own inferences.  For the 45 reviewed papers using nonlinear 2SRI that do not report 

estimates from 2SLS for comparison, readers cannot even be aware that there may be 

inconsistencies for inference across methods.  The belief that nonlinear 2SRI is generally 
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superior to 2SLS is exampled also by Gibson et al. (2010), whom state that their addition 

to the literature is to use a consistent method (i.e., nonlinear 2SRI) to evaluate a model 

that has in the past only been estimated by linear 2SLS, which they suggest is 

inconsistent.34  

An additional consideration that is often overlooked in studies implementing 

nonlinear 2SRI methods is the local interpretation of estimates generated by IV 

regressions (i.e., LATE).  Perhaps because Terza et al. discuss the 2SRI estimator only in 

the context of identifying population average treatment effects,18,19 many empirical 

papers seem to take for granted that parameter estimates generated by these models are 

based on the marginal population whose treatment choice was sensitive to the 

instruments; unless these relative effects are truly constant across the population then 

2SRI estimates may not be used to calculate the ATE.  For example, Hadley and 

Reschovsky (2012) find that treatment effect estimates depend upon the instruments used 

in their nonlinear 2SRI model and attribute this to things such as over-identification or 

imprecision, but fail to consider that if parameter estimates reflective of the marginal 

patient are not representative of the entire population then estimates are only locally 

interpretable.30  Under this scenario, average derivative effects calculated across the 

entire population may be inaccurate and alternative instruments may identify treatment 

effects for alternative “local” populations.30  This is not a unique occurrence; of the 51 

reviewed papers that use nonlinear 2SRI as their primary estimator, only 5 studies discuss 

LATE and how treatment effect estimates from their IV regressions may only be only 

locally interpretable—4 of these 5 studies also implement a 2SLS approach.5,14,79-81 
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CHAPTER 3 

METHODOLOGY 

Simulation 

The 2SRI model suggested by Terza and colleagues (2007, 2008) is discussed in 

settings in which treatment effectiveness varies in a continuous manner across patients as 

a nonlinear function of all factors affecting outcomes directly, but treatment effectiveness 

does not directly affect treatment choice for decision-makers in a manner consistent with 

essential heterogeneity, as defined in Section 2.2.18,19  Under these settings, Terza and 

colleagues show that nonlinear IV methods such as 2SRI are consistent for population 

average treatment effects (ATE).  However, this scenario is just one of several possible 

scenarios that could be theorized in the real world.  The properties and interpretability of 

estimates generated by nonlinear 2SRI methods in alternative settings of treatment effect 

heterogeneity and choice remain untested. 

The simulation approach used to assess the settings under which 2SLS, nonlinear 

2SPS, and nonlinear 2SRI methods identify the ATE and LATE is adapted from 

approaches used by Terza et al. (2007) and Brooks & Fang (2009).16,18  The outcome (")) 

is a binary variable representing whether an individual is observed to have been cured 

from a given condition.  Patients can be cured (i.e., ") , 1) without treatment (!)), but 

treatment can increase the probability of cure.  The magnitude of the effect of treatment 

on outcome is termed treatment effectiveness.  Treatment effectiveness is heterogeneous 

across simulated patients based on factors (#$) and/or #%)) that may be either observed or 

unobserved by the patient/provider dyad when making treatment decisions.  If individual 

patient treatment effectiveness affects treatment choice for the patient/provider dyad 

directly, such that those patients with greater benefit from treatment have higher value 

associated with treatment and are more likely treated, all else equal, then heterogeneity is 

essential.  If treatment effectiveness is unrelated to treatment choice then heterogeneity is 
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non-essential.  The equations determining outcome and treatment choice vary across 

simulated scenarios. 

Estimation of ATE and LATE using alternative linear and nonlinear IV estimators 

will be considered across 10 unique scenarios.  These scenarios will cover alternative 

theoretical circumstances underlying heterogeneity in treatment effectiveness and 

treatment choice.  The first two scenarios (Scenario 1a and Scenario 1b) follow directly 

from the nonlinear binary model used by Terza et al. and discussed in previous sections, 

differing only through minor modifications to parameter values.  The goal of these slight 

changes is to test the sensitivity of results to assumptions that (1) treatment effectiveness 

is negatively associated with treatment value, and (2) marginal patients exist in a fairly 

consistent proportion across the distribution of treatment effectiveness.  For both 

Scenarios 1a and 1b, all factors that affect outcome are also related to the effectiveness of 

treatment on outcome through a nonlinear function but heterogeneity is not essential—it 

is quasi-essential.  Unlike the model of Terza et al., however, parameters for the model of 

Scenario 1a will be chosen such that treatment effectiveness is positively correlated with 

treatment value—though there remains no direct relationship between treatment 

effectiveness and treatment choice.  Consistent with the simulation modeled by Terza et 

al., Scenario 1a can be characterized as having a fairly consistent proportion of marginal 

individuals across the distribution of treatment effectiveness.  However, this notion of 

having marginal individuals throughout the distribution of treatment effectiveness may be 

unique.  It may be more likely in certain clinical settings that marginal individuals exist 

primarily in the “middle” of the treatment effectiveness distribution—while those with 

greater and lesser effectiveness may be always-treated or never-treated, respectively.  

Scenario 1b will explore the sensitivity of results to these conditions by choosing 

parameter values such that the proportion of marginal patients is not consistent across the 

distribution of treatment effectiveness.   
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The remaining 8 scenarios introduce concepts not considered by existing 

methodological work examining nonlinear 2SRI, nonlinear 2SPS, and 2SLS methods. 

Scenario 2 departs from Scenarios 1a and 1b by modeling heterogeneity as non-

essential—this is done by assuming factors related to treatment effect heterogeneity are 

unrelated to treatment choice.  Scenario 3 builds on Scenarios 1a, 1b, and 2 by assuming 

that treatment effectiveness has a direct positive effect on treatment choice, thereby 

modeling heterogeneity as essential.  Scenarios 4, 5, and 6 will depart from Scenarios 1a, 

1b, 2, and 3 by modeling factors that are related to the effectiveness of treatment, but 

unrelated to outcome independent of treatment (i.e., #$ factors).  Heterogeneity in 

Scenario 4 will be non-essential, while heterogeneity in Scenarios 5 and 6 will be quasi-

essential and essential, respectively, in order to examine the properties of IV estimators 

under alternative settings related to sorting-on-the-gain in models with #$ factors.   

Scenarios 7, 8, and 9 will be unique from previous scenarios by modeling factors that are 

related to outcomes, but unrelated to the effectiveness of treatment on outcomes (i.e., #& 

factors).  To examine the properties of IV estimators under alternative settings related to 

treatment effect heterogeneity and how it is related to treatment choices in models with 

#& factors, heterogeneity will be non-essential in Scenario 7, quasi-essential in Scenario 

8, and essential in Scenario 9.  Table 4 provides a description of each scenario.  Details of 

the modeling and estimation strategies for each scenario follow.  
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Table 4:  Characteristics of Simulation Scenarios 

 Types of Factors in Model Characteristics of Heterogeneity 
and Sorting-on-the-Gain 

Scenario 1 

X2 factors exist:  Related to 
outcome and effectiveness of 
treatment on outcome.   
No X1 or X3 Factors. 

Quasi-Essential:  Treatment 
effectiveness not consistently 
positively correlated with 
probability of treatment. 

Scenario 1b 
Quasi-Essential:  Proportion of 
marginal individuals not 
consistent across distribution of 
treatment effectiveness. 

Scenario 2 
Non-Essential:  Treatment 
effectiveness unrelated to 
probability of treatment. 

Scenario 3 
Essential:  Treatment 
effectiveness directly and 
positively related to probability 
of treatment. 

Scenario 4 

X1 factors exist:  Related to 
effectiveness of treatment on 
outcome, not related to outcome 
independent of treatment.   
No X2 or X3 factors. 

Non-Essential:  Treatment 
effectiveness unrelated to 
probability of treatment. 

Scenario 5 

Quasi-Essential:  Treatment 
effectiveness indirectly related to 
treatment choice through 
nonlinear function of factors 
affecting outcome and treatment 
choice.   

Scenario 6 
Essential:  Treatment 
effectiveness directly and 
positively related to probability 
of treatment. 
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Table 4 (continued) 

Scenario 7 

X3 factors exist:  Related to 
outcome, not related to 
effectiveness of treatment on 
outcome.   
No X1 or X2 factors. 

Non-Essential:  Treatment 
effectiveness unrelated to 
probability of treatment. 

Scenario 8 

Quasi-Essential:  Treatment 
effectiveness indirectly related to 
treatment choice through 
nonlinear function of factors 
affecting outcome and treatment 
choice. 

Scenario 9 
Essential:  Treatment 
effectiveness directly and 
positively related to probability 
of treatment. 

 

Scenario 1a:  Nonlinear, Quasi-Essential, X2 Factors Only 

Scenario 1a will be comparable to the binary outcome model used by Terza et al. 

(2007) and used as an example in a previous section.18  Observed cure (")) will be 

generated from an index function on an underlying continuous latent variable (")
=).  The 

model generating outcome will be 

")
= ,  5$!) 7 5%$#%$) 7 5%%#%%) 7 ?)          23474 

") ,  1(")
= C 0* + A1   .B   ")

=  C 0
0   .B   ")

= E 0
F .          23484 

!) is the observed binary treatment status of individual ..  5$, 5%$, and 5%% are parameters 

relating !), #%$), and #%%) to latent outcome ")
=, respectively.  ?) is the value of a random 

disturbance term drawn from a standard normal distribution (i.e., ?~I(0,1*).  In this 

scenario, we assume that #%%) is an unobserved confounding characteristic. 
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Because observed ") is generated from an index function on underlying ")
=, the 

absolute effect of treatment on outcome is heterogeneous across observations as a 

nonlinear function of all factors affecting outcome (i.e., #%$), #%%)).  Since the error term 

in this model is drawn from the standard normal distribution, the effect of treatment on 

outcome for individual . is 

!3) , Ф(5$ 7 5%$#%$) 7 5%%#%%)* K Ф(5%$#%$) 7 5%%#%%)*.          23494 

Ф denotes the standard normal distribution function.  The value of {E49} varies with 

individuals #%$) and #%%) values; in other words, absolute treatment effects are 

heterogeneous with these factors. 

The treatment choice model used by Terza et al. (2007) in simulations has 

observed treatment status (!)) generated as the result of a cost-benefit decision by patients 

and providers where individuals are treated (!) = 1) if the value of treatment, net costs, is 

positive.18  The underlying treatment value is represented by !)
=.  The treatment choice 

model will be  

!)
= ,  ^%$#%$) 7 ^%%#%%) 7 ^_$#_$) 7 ^_%#_%)          23504 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F .           23514 

#%$) and #%%) are defined as in the outcome equation {E47}.  #_$) and #_%) are 

factors related to treatment choice but unrelated to outcomes.  These factors are 

candidates for instrumental variables.   ^%$, ^%%, ^_$, and ^_% are parameters relating 

#%$), #%%), #_$), and #_%) to treatment value !)
=, respectively.  Heterogeneity in Scenario 

1a does not fit the description of either essential heterogeneity or non-essential 

heterogeneity.  The effectiveness of treatment ({E49}) does not affect treatment choice 

directly, but treatment effectiveness does vary across patients in a nonlinear manner 

related to treatment value such that ATE, ATT, and ATU may not be equal.  However, 

depending upon the coefficient values, the patients with higher treatment benefit may be 

less likely to be treated.  This is the case for the scenario modeled by Terza et al. 
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(2007).18  Parameter values and details regarding the distribution of variables are 

available in Table 5. 

In each simulation, the absolute effect of treatment on outcome will be estimated 

using empirical models where "), !), #%$), #_$), and #_%)are measured and #%%) is 

unmeasured.  True values of the average absolute effect of treatment on outcome across 

the population (ATE) will be calculated based on equation {E49}.  The true Local 

Average Treatment Effect (LATE)—the average treatment effects for the marginal 

population—will be calculated as the average value of {E49} across the subpopulation of 

marginal observations whose treatment value (!)
=) is proximal to 0.  The marginal 

population will be defined as those observations satisfying  

y~�0.�~�) , 1     .BB   K 0.25 [ !)
= [ 0.25.          23524 

The definition for marginal is based upon the notion that an incremental change in the 

values of instrumental variables may change treatment choices for marginal patients.  As 

such, the absolute value of bounds defining marginal patients are based upon the absolute 

values of the true parameter values on the instrumental variables in the treatment choice 

model. 

Scenario 1b:  Nonlinear, Quasi-Essential, X2 Factors Only, 

Proportion Marginal not Consistent Across TE 

Scenario 1b will depart from Scenario 1a by parameterizing the model such that 

individuals with very high or very low treatment effectiveness are less likely to be 

marginal, while those with treatment effectiveness near the mean are more likely to be 

marginal.  The treatment choice and outcome models in Scenario 1b are exactly 

analogous to the treatment choice and outcome models of Scenario 1a ({E50}-{E51}; 

{E47}-{E48}), and treatment effectiveness is estimated by {E49}.  The only manner in 

which Scenario 1a and 1b differ is the parameter values chosen.  Details for parameter 

values and the distribution of variables are available in Table 5.  Like Scenario 1a, 
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treatment effectiveness is “quasi-essential”; while treatment effectiveness is correlated 

with treatment value, there is no direct relationship and the correlation may not be strictly 

positive such that \!= \!3⁄ C 0. 

In each simulation, the effect of treatment on outcome will be estimated using 

empirical models where "), !), #%$), #_$), and #_%)are measured and #%%) is unmeasured.  

True values of the average absolute effect of treatment on outcome across the population 

(ATE) will be calculated using equation {E55}.  The true Local Average Treatment 

Effect (LATE) will be calculated as the average value of {E55} across the subpopulation 

of marginal observations whose treatment value (!)
=) is proximal to 0—defined 

consistently with {E52}. 

Scenario 2:  Nonlinear, Non-Essential, X2 Factors Only 

Scenario 2 is distinct from Scenarios 1a and 1b by modeling a scenario of non-

essential heterogeneity.  Under non-essential heterogeneity, treatment decision makers 

are not using any information related to treatment effectiveness when making treatment 

decisions.  Treatment effectiveness has absolutely no influence on treatment choice.  

There is no sorting of patients based upon heterogeneity and therefore ATE will be 

expected to be equal to LATE.  The outcome model in Scenario 2 is exactly analogous to 

the outcome model of Scenario 1a ({E47}-{E48}), and treatment effectiveness is 

estimated by {E49}.  However, #%$) and #%%)—both factors related to treatment 

effectiveness—are not present in the treatment choice model for Scenario 2.  As such, 

#%$) and #%%) are not confounders.  Details for parameter values and the distribution of 

variables in Scenario 2 are available in Table 5. 

In each simulation, the effect of treatment on outcome will be estimated using 

empirical models where "), !), #%$), #_$), and #_%)are measured and #%%) is unmeasured.  

True values of the average absolute effect of treatment on outcome across the population 

(ATE) will be calculated using equation {E55}.  The true Local Average Treatment 
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Effect (LATE) will be calculated as the average value of {E55} across the subpopulation 

of marginal observations whose treatment value (!)
=) is proximal to 0—defined 

consistently with {E52}. 

Scenario 3:  Nonlinear, Essential, X2 Factors Only 

Scenario 3 will depart from Scenarios 1a, 1b, and 2 by modeling heterogeneity as 

essential.  In Scenario 3 patient/provider dyads are using information about individual’s 

idiosyncratic gains from treatment—!3)  from {E49}—when making treatment 

decisions, such that patients who stand benefit more from treatment are more likely 

treated.  The outcome model in Scenario 3 is exactly analogous to the outcome model of 

Scenario 1a ({E47}-{E48}), and treatment effectiveness is estimated by {E49}.  

However, in Scenario 3, individuals own idiosyncratic gain from treatment (!3)) enters 

directly into the treatment choice model such that \!= \!3⁄ C 0 (i.e., ^>M C 0) and 

heterogeneity is essential.  The treatment choice model therefore becomes 

!)
= ,  ^6 7 ^>M!3) 7 ^_$#_$) 7 ^_%#_%) 7  `)           23534 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F .          23544 

Where  

!3) , Ф(5$ 7 5%$#%$) 7 5%%#%%)* K Ф(5%$#%$) 7 5%%#%%)*.          23554 

!), #_$), and #_%) are defined as in {E41} of Scenario 1a.  `) is a random disturbance 

term, drawn from a standard normal (I(0,1*) distribution.  ^6 is a constant.  !3) is a 

function of #%$) and #%%) ({E55}).  Details for parameter values and the distribution of 

variables are available in Table 5. 

In each simulation, the effect of treatment on outcome will be estimated using 

empirical models where "), !), #%$), #_$), and #_%)are measured and #%%) is unmeasured.  

!3) will not be included in empirical models for estimation of treatment effects.  #%%) 

does not directly affect !)
= in {E53}, but affects !)

= through !3) and is therefore an 
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unmeasured confounder.  True values of the average absolute effect of treatment on 

outcome across the population (ATE) will be calculated using equation {E55}.  The true 

Local Average Treatment Effect (LATE) will be calculated as the average value of {E55} 

across the subpopulation of marginal observations whose treatment value (!)
=) is 

proximal to 0—defined consistently with {E52}.  

Table 5:  Parameter and Variable Definitions (Scenarios 1a, 1b, 2, and 3) 

 Scenario 1a Scenario 1b Scenario 2 Scenario 3 
#%$ Uniform(-1.5, 1.5) 
#%% Normal(0, 1) 
#_$ Uniform(-2, 2) 
#_% Uniform(-2, 2) 
? Normal(0, 1) 
` -- -- Normal(0, 1) Normal(0, 1) 
^6 -- -- -0.25 -0.25 
^%$ 1 
^%% 1 
^_$ -0.25 
^_% 0.25 
^>M -- -- -- 3 
5$ 1.5 2.5 1.5 1.5 
5%$ 0.75 1 0.75 0.75 
5%% -0.75 1 -0.75 -0.75 

!3) Ф(5$ 7 5%$#%$) 7 5%%#%%)* K Ф(5%$#%$) 7 5%%#%%)* 
Ф Standard Normal Distribution Function 

True ATE 1
I � !3)

�

)�$
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Scenario 4:  Nonlinear, Non-Essential, X1 and X2 Factors 

Scenario 4 will be distinct from Scenarios 1-3 by assuming that #$ factors—

factors that affect treatment effectiveness but are unrelated to outcomes, independent of 

treatment—exist.  Like Scenario 2, heterogeneity in Scenario 4 is non-essential.  

Heterogeneity in treatment effectiveness in Scenario 4 has absolutely no influence on 

treatment choice and there is no sorting of patients based upon heterogeneity; ATE will 

be expected to be equal to LATE in Scenario 4.  Building upon the outcome model of 

Scenarios 1-3, #$) will be modeled as an interaction term modifying the effect of 

treatment (!)) on outcome.  #$) does not affect outcomes independent of treatment.  The 

outcome model for Scenario 4 will be  

")
= ,  #$)5$!) 7 5%#%) 7 ?)          23564 

") ,  1(")
= C 0* + A1   .B   ")

=  C 0
0   .B   ")

= E 0
F .          23574 

The absolute effect of treatment on outcome is heterogeneous across observations as a 

function of #$) and #%).  Since the error term in this model is drawn from the standard 

normal distribution, the effect of treatment on outcome for individual . is  

!3) , Ф(#$)5$ 7 5%#%)* K Ф(5%#%)*.          23584 

As in previous scenarios, observed treatment status (!)) is the result of a cost-

benefit decision by patients and providers where individuals are treated (!) = 1) if the 

value of treatment (!)
=) is positive.  The treatment choice model will be  

!)
= ,  ^_$#_$) 7 ^_%#_%) 7 `)           23594 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F .          23604 

`) in {E59} is a random disturbance term .  Heterogeneity in Scenario 4 is non-

essential—the only variation in treatment effectiveness comes from variation in #$), 

which does not affect treatment choice.  There are no unmeasured confounders in 
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Scenario 4.  Details for parameter values and variable definitions/distributions are given 

in Table 6. 

For Scenario 4, the absolute effect of treatment on outcome will be estimated 

using empirical models where "), !), #%), #_$), and #_%)are measured and #$) is 

unmeasured.  True values of the average absolute effect of treatment on outcome across 

the population (ATE) will be calculated by {E58}.  The true Local Average Treatment 

Effect (LATE)—the average treatment effects for the marginal population—will be 

calculated as the average value of {E58} across the subpopulation of marginal 

observations whose treatment value (!)
=) is proximal to 0. The marginal population will 

be defined as those observations satisfying  

y~�0.�~�) , 1     .BB   K 0.25 [ !)
= [ 0.25.          23614 

The definition for marginal is based upon the notion that an incremental change in the 

values of instrumental variables may change treatment choices for marginal patients.  As 

such, the absolute value of bounds defining marginal patients are based upon the absolute 

values of the true parameter values on the instrumental variables in the treatment choice 

model. 

Scenario 5:  Nonlinear, Quasi-Essential, X1 and X2 Factors 

Similar to Scenario 4, Scenario 5 will model #$ factors.  However, similar to the 

“Terza model” and Scenarios 1a and 1b, Scenario 5 will model quasi-essential 

heterogeneity of treatment effectiveness by including a factor in the treatment choice 

model that is nonlinearly related to treatment effect heterogeneity.   Under quasi-essential 

heterogeneity treatment effectiveness is only indirectly related to treatment choice and 

physicians may not be sorting-on-the-gain, this is distinct from essential heterogeneity 

where treatment effectiveness is directly positively related to treatment value, such that 

\!= \!3⁄ C 0.    The outcome model in Scenario 5 will be exactly analogous to {E56}-
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{E57}, and treatment effectiveness will be estimated by {E58}.  However, the treatment 

choice model in Scenario 5 will be  

!)
= ,  ^6 7 ^%#%) 7 ^_$#_$) 7 ^_%#_%) 7 `)           23624 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F. 

!), #_$), and #_%) are defined consistently with previous scenarios.  #%) is a factor directly 

related to treatment choice and outcome, and is also nonlinearly related to treatment 

effectiveness through {E58}.  #%) is driving the quasi-essential heterogeneity.  ^6 is an 

intercept term specified with the goal of making true ATE distinct from true LATE.  

Details for parameter values and variable definitions/distributions are given in Table 6. 

The absolute effect of treatment on outcome will be estimated using empirical 

models where "), !), #%), #_$), and #_%)are measured and #$) is unmeasured.  Because 

#$) is not related to outcome directly—independent of treatment choice—it is not an 

unmeasured confounder.  There are no unmeasured confounders in Scenario 5.  True 

values of the average absolute effect of treatment on outcome across the population 

(ATE) will be calculated using equation {E58}.  The true Local Average Treatment 

Effect (LATE) will be calculated as the average value of {E58} across the subpopulation 

of marginal observations whose treatment value (!)
=) is proximal to 0. The marginal 

population will be defined as illustrated by {E61}. 

Scenario 6:  Nonlinear, Essential, X1 and X2 Factors  

Similar to Scenarios 4 and 5, Scenario 6 will model #$ factors.  However, 

Scenario 6 will be distinct from Scenarios 4-5 by including !3)—the treatment effect for 

individual ., which is a function of #$) and #%)—in the treatment choice model such that 

heterogeneity is essential (i.e., \!= \!3⁄ C 0).    This represents decision-makers sorting 

patients into treatment based upon their expected gains from treatment—those with 

higher expected gains are more likely to be treated, all else equal. The outcome model in 
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Scenario 6 will be exactly analogous to {E56}-{E57}, and treatment effectiveness will be 

estimated by {E58}.  The treatment choice model in Scenario 6 will be  

!)
= ,  ^>M!3) 7 ^_$#_$) 7 ^_%#_%) 7 `)          23634 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F.                           

!), #_$), and #_%) are defined consistently with previous scenarios.  ^>M and 5$ are 

defined to be positive.  If ^>M and 5$ were of opposite sign then this scenario would not 

fit our definition of essential heterogeneity.  Further details for parameter values and 

variable definitions/distributions are given in Table 6. 

The absolute effect of treatment on outcome will be estimated using empirical 

models where "), !), #%), #_$), and #_%)are measured and #$) is unmeasured.  !3) will not 

be measured or specified in any empirical model.  Because #$) is not related to outcome 

directly—independent of treatment choice—it is not an unmeasured confounder.  There 

are no unmeasured confounders in Scenario 6.  True values of the average absolute effect 

of treatment on outcome across the population (ATE) will be calculated using equation 

{E58}.  The true Local Average Treatment Effect (LATE) will be calculated as the 

average value of {E58} across the subpopulation of marginal observations whose 

treatment value (!)
=) is proximal to 0. The marginal population will be defined as 

illustrated by {E61}. 
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Table 6:  Parameter and Variable Definitions (Scenarios 4, 5, and 6) 

 Scenario 4 Scenario 5 Scenario 6 
#$ Uniform(-1, 3) 
#% Uniform(-2, 2) 
#_$ Uniform(-2, 2) 
#_% Uniform(-2, 2) 
` Normal(0, 1) 
? Normal(0,1) 
^6 -- 0.5 -- 
^% -- 1 -- 
^>M -- -- 2 
^_$ -0.25 
^_% 0.25 
5$ 1.5 
5% -0.75 
!3) Ф(#$)5$ 7 5%#%)* K Ф(5%#%)* 
Ф Standard Normal Distribution Function 
True ATE 1

I � !3)
�

)�$
 

 

Scenario 7:  Quasi-Linear, Non-Essential, X2 and X3 

Factors Only 

Scenario 7 will be distinct from all previous Scenarios by assuming that #& 

factors—factors that affect treatment choice and outcome directly, but are unrelated to 

the effect of treatment on outcomes—exist.  Similar to Scenarios 2 and 4, heterogeneity 

in Scenario 7 will be non-essential.  For Scenario 7, heterogeneity in treatment 

effectiveness will have absolutely no influence on treatment choice and ATE will be 

expected to be equal to LATE.  The outcome model for Scenario 7 will be quasi-linear, 
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outcomes are modeled using both a linear and nonlinear component.  The base 

probability of outcome will first be estimated as the result of inputting the value of latent 

outcome (")
=)—generated from a model analogous to {E38}—into the standard normal 

cumulative density function (Ф).  This returns a probability, '(")|#%)*.  #&) will then be 

linearly added to '(")|#%)* to produce a final probability of outcome, '(") , 1|#%), #&)*.  

Observed dichotomous outcome ") will then be generated from probability '(") ,
1|#%), #&)* using the rbinomial process in STATA.  The outcome model for Scenario 7 

will be 

")
= ,  5$!) 7 5%#%) 7 ?)          23644 

'(") , 1|#%)* , Ф(5$!) 7 5%#%)*          23654 

'(") , 1|#%), #&)* , '(") , 1|#%)* 7 5&#&)          23664 

'��a(") , 1|#%), #&)*

, '(") , 1|#%), #&)* 7 |minR'(") , 1|#%), #&)*S|
�minR'(") , 1|#%), #&)*S� 7 maxR'(") , 1|#%), #&)*S.          23674 

Ф denotes the standard normal distribution function.  '(") , 1|#%), #&)* is a probability 

and must therefore be bound between 0 and 1. However, this may not be the case for 

{E66}.  Therefore '��a(") , 1|#%), #&)* will be calculated as the standardized/adjusted 

value, bound between 0 and 1.  Definitions for model parameters and distributions from 

which variable values will be drawn are available in Table 7. 

Because #& factors affect outcome linearly, outside of the nonlinear function 

({E64}-{E65}), the absolute effect of treatment on outcome is not affected by #&.  The 

absolute effect of treatment on outcome is heterogeneous with #% and is calculated as 

!3) , Ф(5$ 7 5%#%)* K Ф(5%#%)*.          23684 

This true treatment effect must be adjusted to account for the standardization process 

({E67}) performed on probability of outcome '��a(") , 1|#%), #&)*.  The adjusted 

treatment effect is calculated as 
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!3_~��) , !3)
�minR'(") , 1|#%), #&)*S� 7 maxR'(") , 1|#%), #&)*S.          23694 

As in previous scenarios, observed treatment status (!)) is generated as the result 

of a cost-benefit decision by patients and providers where individuals are treated (!) = 1) 

if the value of treatment, net costs, is positive.  The underlying treatment value is 

represented by !)
=.  The treatment choice model will be  

!)
= ,  ^6 7 ^&#&) 7 ^_$#_$) 7 ^_%#_%) 7 `)          23704 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F .          23714 

`) is a random disturbance term containing all unmeasured variation in treatment choice.  

Because treatment effect heterogeneity does not affect treatment choice, heterogeneity in 

Scenario 7 is non-essential.  

The absolute effect of treatment on outcome will be estimated using empirical 

models where "), !), #%), #_$), and #_%)are measured and #&) is unmeasured.  #&) is an 

unmeasured confounder.  True values of the average absolute effect of treatment on 

outcome across the population (ATE) will be calculated using equation {E69}.  The true 

Local Average Treatment Effect (LATE)—the average treatment effects for the marginal 

population—will be calculated as the average value of {E69} across the subpopulation of 

marginal observations whose treatment value (!)
=) is proximal to 0. The marginal 

population will be defined as those observations satisfying  

y~�0.�~�) , 1     .BB   K 0.25 [ !)
= [ 0.25.          23724 

The definition for marginal is based upon the notion that an incremental change in the 

values of instrumental variables may change treatment choices for marginal patients.  As 

such, the absolute value of bounds defining marginal patients are based upon the absolute 

values of the true parameter values on the instrumental variables in the treatment choice 

model. 
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Scenario 8:  Quasi-Linear, Quasi-Essential, X2 and X3 

Factors Only 

Similar to Scenarios 7, Scenario 8 models #& factors.  However, similar to 

Scenario 5, Scenario 8 will model quasi-essential heterogeneity of treatment effectiveness 

by including a factor in the treatment choice model that is nonlinearly related to treatment 

effect heterogeneity.   As described previously, under quasi-essential heterogeneity 

treatment effectiveness is indirectly related to treatment choice and physicians may not be 

sorting-on-the-gain.  The outcome model in Scenario 8 will be exactly analogous to 

{E64}-{E67}, and treatment effectiveness will be estimated and adjusted by {E68} and 

{E69}, respectively.  However, the treatment choice model in Scenario 8 will be  

!)
= ,  ^6 7 ^%#%) 7 ^&#&) 7 ^_$#_$) 7 ^_%#_%) 7 ^>M!3) 7 `)          23734 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F. 

!), #%), #&), #_$), #_%), and `) will be defined consistently with Scenario 7.  #%) is a 

factor directly related to treatment choice and outcome, and is also nonlinearly related to 

treatment effectiveness through {E68}.   #%) is driving the quasi-essential heterogeneity.  

^6 is a constant intercept term.  Definitions for model parameters and distributions from 

which variable values will be drawn are available in Table 7. 

The absolute effect of treatment on outcome will be estimated using empirical 

models where "), !), #%), #_$), and #_%)are measured and #&) is unmeasured.  #&) is an 

unmeasured confounder.  True values of the average absolute effect of treatment on 

outcome across the population (ATE) will be calculated using equation {E69}.  The true 

Local Average Treatment Effect (LATE) will be calculated as the average value of {E69} 

across the subpopulation of marginal observations whose treatment value (!)
=) is 

proximal to 0.  The marginal population will be defined as illustrated by {E72}. 
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Scenario 9:  Quasi-Linear, Essential, X2 and X3 Factors 

Only 

Similar to Scenarios 7-8, Scenario 9 will model #& factors.  However, Scenario 9 

will be distinct from Scenarios 7 and 8 by including a measure of the effectiveness of 

treatment (!3)) directly in the treatment choice model such that heterogeneity is essential 

(i.e., \!= \!3⁄ C 0).  This represents decision-makers sorting patients into treatment 

based upon their expected gains from treatment—those with higher expected gains are 

more likely to be treated, all else equal.  The outcome model in Scenario 9 will be exactly 

analogous to {E64}-{E67}, and treatment effectiveness is estimated by {E69}.  In 

Scenario 9, individuals own idiosyncratic gain from treatment calculated (!3) from 

{E68}) will have a direct positive effect on !)
= (i.e., ^>M C 0).  The treatment choice 

model in Scenario 9 will be  

!)
= ,  ^&#&) 7 ^_$#_$) 7 ^_%#_%) 7 ^>M!3) 7 `)          23744 

!) ,  1(!)
= C 0* + A1   .B   !)

=  C 0
0   .B   !)

= E 0
F. 

Where  

!3) , Ф(5$ 7 5%#%)* K Ф(5%#%)*.          23754 

Note that, because the adjusted value for treatment effectiveness cannot be calculated 

until treatment choice is determined, the unadjusted value for treatment effectiveness 

(!3)) affects treatment choice.  !), #%), #&), #_$), #_%), and `) will be defined consistently 

with Scenario 7.  Definitions for model parameters and distributions from which variable 

values will be drawn are available in Table 7. 

The absolute effect of treatment on outcome will be estimated using empirical 

models where "), !), #%), #_$), and #_%)are measured and #&) is unmeasured.  #&) is an 

unmeasured confounder.  True values of the average absolute effect of treatment on 

outcome across the population (ATE) will be calculated using equation {E69}.  The true 

Local Average Treatment Effect (LATE) will be calculated as the average value of {69} 
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across the subpopulation of marginal observations whose treatment value (!)
=) is 

proximal to 0.  The marginal population will be defined as illustrated by {E72}. 

Table 7:  Parameter and Variable Definitions (Scenarios 7, 8, and 9) 

 Scenario 7 Scenario 8 Scenario 9 
#% Uniform(-1.5, 1.5) 
#& Uniform(-1, 1) 
#_$ Uniform(-2, 2) 
#_% Uniform(-2, 2) 
` Normal(0, 1) 
? Normal(0, 1) 

^6 0.5 0.5 -- 

^% -- 1 -- 

^& 1 
^_$ -0.25 
^_% 0.25 
^>M -- -- 1 
5$ 1.5 
5% 0.75 
5& -0.2 

!3) Ф(5$ 7 5%#%)* K Ф(5%#%)* 

!3_~��) !3)
�minR'(") , 1|#%), #&)*S� 7 maxR'(") , 1|#%), #&)*S 

Ф Standard Normal Distribution Function 

True ATE 1
I � !3_~��)

�

)�$
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Estimation and Simulation Approach 

For each scenario, models will be estimated by (1) nonlinear 2SRI, (2) nonlinear 

2SPS, and (3) linear 2SLS methods.  The first-stage of both the nonlinear 2SRI and 

nonlinear 2SPS methods will be estimated using linear OLS regressions.12,19  With a first-

stage OLS model, estimates generated by a correctly specified second-stage outcome 

models will be consistent, regardless of whether the first-stage is linear in truth.12  The 

nonlinear second-stage model of the 2SRI and 2SPS methods will be estimated using a 

probit regression model—the appropriate nonlinear method for models of this form with 

error term (?) drawn from a I(0,1* distribution.18,20,59  #_$) and #_%) will be specified as 

instrumental variables in each method. 

For all scenarios, final true and estimated values of ATE and LATE will be 

generated using Monte Carlo simulations.  Each simulation will be completed with 1,000 

iterations of 20,000 observations per iteration.  The absolute treatment effect estimates 

generated by 2SRI, 2SPS, and 2SLS will be averaged over these 1,000 simulations and 

compared with mean values of true ATE and LATE.  Bias of estimates will be calculated 

as the absolute percentage difference between the mean values of the parameter estimate 

from each regression method and the mean value of the true parameter value.  STATA 

12.1 will be used for simulating all data and for all analyses.82 

Empirical Application 

The objective of this empirical example will be to discuss what inferences can be 

made from estimates generated by alternative linear and nonlinear instrumental variable 

(IV) methods when using observational data.  IV methods will be used to generate 

estimates of the effects of renin-angiotensin system antagonists including angiotensin 

converting enzyme (ACE) and angiotensin receptor blockers (ARBs) on 1-year survival 

among Medicare beneficiaries with acute myocardial infarction (AMI).  Use of 

ACE/ARBs for patients with AMI is an interesting clinical setting for discussion of the 
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interpretability of estimates generated by alternative IV estimators because the benefits of 

these treatments are known to be heterogeneous across AMI patients, with patients at 

greater risk of future cardiovascular events receiving greatest benefit.83,84  Moreover, 

many of the factors related to future risk of cardiovascular events, propensity to be 

treated using ACE/ARBs, and heterogeneity in the effects of ACE/ARBs on outcomes 

are likely to be unmeasured in observational claims data.  Observed geographic variation 

in rates of ACE/ARB treatment suggests that prescribing of ACE/ARBs may be sensitive 

to the beliefs, preferences, or practice styles of physicians across areas.85-87  This 

geographic variation forms the foundation for our instrumental variables analysis.  A 

theoretical model for the factors likely to be affecting decision to use ACE/ARBs, the 

effectiveness of ACE/ARBs, and survival for patients with AMI is described below.  The 

validity and interpretability of estimates generated by 2SLS, nonlinear 2SRI, and 

nonlinear 2SPS estimators will be discussed in light of this theoretical model and the 

results of simulations outlined in the previous section. 

Theoretical Model 

It has been shown that the effectiveness of ACE/ARBs is heterogeneous across 

AMI patients by underlying severity of patients AMI (e.g., left ventricular ejection 

fraction) and presence of certain comorbid conditions (e.g., diabetes).  Moreover, 

research strongly suggests that providers are knowledgeable as to patients expected 

idiosyncratic gains from ACE/ARB treatment and that they may use this knowledge to 

accomplish some degree of selection into treatment based upon patients expected gains.51-

58  In other words, it is likely that sorting-on-the-gain (i.e., passive personalization, 

essential heterogeneity) is present in this clinical scenario such that those with greater 

expected benefit from ACE/ARBs are more likely to be treated, all else equal.  These 

heterogeneous treatment benefits are highlight by Gustafsson et al. who, using data on 

patients with AMI from the Trandolapril Cardiac Evaluation (TRACE) study, found that 
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diabetic patients treated using the ACE-inhibitor trandolapril had significantly greater 

reduction in risk of all-cause mortality than non-diabetic patients with the same 

treatment.55  Niskanen et al. noted heterogeneity in the effectiveness of ACE-inhibitors 

even within a cohort of diabetic patients, where patients with impaired metabolic control 

were observed to benefit most from ACE-inhibitor based treatment.88  The existence of 

heterogeneity in ACE/ARB benefits and associated selection into treatment is evidenced 

strongly by the 2005 clinician guidelines published by the American College of 

Cardiology/American Heart Association (ACC/AHA) Task Force on Practice 

Guidelines.89  Guidelines suggest, for example, that ACE/ARBs may be of greater benefit 

to patients with diabetes, patients at risk of renal failure, patients at higher risk of future 

heart failure or cardiovascular death, and patients with lower left ventricular ejection 

fraction.89  Guidelines recommend that ACE/ARBs be used for these patients, excepting 

cases of patients who are intolerant to therapies or who have conditions that may 

complicate their use—such as hyperkalemia or hypotension.89  Following the notation 

used throughout previous sections, factors such as diabetes, left ventricular ejection 

fraction, and AMI severity may be considered examples of X2 factors—they are related 

both to effectiveness of treatment and outcomes directly.  While diabetes is likely 

measurable in observational data—diabetes will be a covariate in the empirical model for 

this research—left ventricular ejection fraction and other factors related to patients 

underlying health or AMI severity are not measurable using Medicare administrative 

data.  Therefore, left ventricular ejection fraction and patients underlying health and AMI 

severity may be considered unmeasured confounders (unmeasured X2 variables) in this 

empirical model. 

It can also be argued that factors exist that are related to both patient outcomes 

and treatment choice directly, but not related to the effectiveness of treatment on outcome 

(i.e., X3 factors).  For example, socio-economic status may affect treatment choice for 

individuals as those with lower income are less able to afford treatment or less likely to 
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choose treatment because the opportunity cost of treatment is greater than for those with 

higher income.90  Income can also be expected to affect outcomes directly; low income 

has been shown to be associated with lower health, perhaps due to a less healthful diet 

and lower utilization of health care services.91,92  However, there is no evidence to 

suggest that income may be associated with the effectiveness of ACE/ARBs for patients 

with AMI.  Individual patient income is not observed in Medicare administrative claims 

and is unlikely to be available in many observational data sets.  Income may therefore be 

considered an unmeasured X3 variable in the empirical model. 

The theoretical model for ACE/ARB use and survival across patients with AMI 

suggests that the effectiveness of ACE/ARBs for survival after AMI is heterogeneous 

with measured diabetes (measured X2) and unmeasured left ventricular ejection fraction 

and AMI severity (unmeasured X2s).  It is also theorized that  providers are likely aware 

of whether patients have these conditions when making treatment decisions and use 

information about patients expected gains from treatment when making treatment 

decisions such that those with greater expected benefit are more likely treated, all else 

equal.  As such, this scenario is likely one of essential heterogeneity.  Patient 

socioeconomic characteristics (e.g., income) are theorized to affect both choice of 

treatment and outcomes for patients, but are not expected to be related to the 

effectiveness of ACE/ARB treatment on survival—these factors are X3’s.  This 

theoretical model most resembles simulation Scenario 9 (X2 and X3, essential 

heterogeneity). 

There is substantial observed geographic variation in ACE/ARB use amongst 

AMI patients in Medicare,87 suggesting that use of ACE/ARBs may be sensitive to the 

beliefs and preferences of treatment decision makers.  This variation in provider’s beliefs 

and preferences underlies the instrumental variables specified in this research.  Variation 

in providers beliefs and preferences regarding ACE/ARB use that ultimately affects their 

proclivity to prescribe ACE/ARBs for patients with AMI are examples of X4 factors—
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factors related to treatment choice but not related to outcomes, independent of treatment 

choice.  These factors are candidate instrumental variables.  If heterogeneity is essential 

and providers are sorting patients with greatest expected benefits into treatment, then 

estimates of LATE generated by two-stage moment based estimators are expected to 

reflect the effectiveness of treatment for patients whose use of ACE/ARBs is unclear and 

determined by the proclivity of physicians in their local area—these patients are likely 

those in the middle of the distribution of effectiveness.6,7,16,43,49  Consistency of estimates 

generated by IV methods leans on assumptions that variation in ACE/ARB practice styles 

across local areas are unrelated to unmeasured factors associated with patient’s 

cardiovascular health or outcomes.  Examples of factors that could threaten the validity of 

IV estimates include characteristics of the health care delivery system, social or 

environmental characteristics, area health behaviors, pollution, or regional disease 

prevention efforts.  For example, if geographic variation in ACE/ARB use rates reflect 

the quality of physicians across these areas, then these key assumptions necessary to 

validate the IV approach may be violated. 

Data and Analytical Sample 

Data will include all Medicare claims files, beneficiary enrollment information, 

and Medicare Part D prescription drug event files for Medicare beneficiaries hospitalized 

with AMI in 2008, and with no previous AMI in the 365-days preceding the incident 

AMI.  The Chronic Care Warehouse definition of AMI as an inpatient stay with an 

International Classification of Diseases, 9th Revision (ICD-9) code 410.xx (excluding 

410.x2) in the first or second diagnosis position will be used to identify AMI events.93   

The period of hospitalization for AMI will be defined to begin on the date of initial 

hospitalization for AMI and include all institutional stays (acute, long-term care hospital, 

inpatient stay, or nursing facilities) with overlapping admission and discharge dates.  The 

analytical sample will be limited to individuals with continuous Medicare part A and B 
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fee-for-service enrollment for at least 1-year prior to the AMI hospitalization and at least 

1-year after discharge from the hospital for AMI (or until death).  The analytical sample 

will be further restricted to patients discharged alive with continuous Medicare Part D 

enrollment for at least 6-months prior to AMI-hospitalization and at least 1-year after 

discharge from their stay for AMI, or until death.  To assure that all Part D events are 

observed during the 30-day post-index treatment exposure period, individuals who used 

any hospice or skilled nursing facility care, were readmitted to a hospital for inpatient 

care, or died within 30-days after discharge for AMI will be excluded.  Finally, because 

driving times are used in defining both control variables and IVs, individuals with invalid 

or missing zip codes or with valid zip codes outside of the continental United States will 

be excluded. 

Measures 

The primary dependent variable in this analysis will be 1-year survival, defined 

using a binary variable equaling 1 if the patient survived 365-days after AMI discharge 

and 0 otherwise.  The independent variable of interest will be whether individuals used an 

ACE/ARB for treatment after AMI.  ACE/ARB use after AMI will be defined using a 

binary variable set to 1 if part D event files indicate that the patient filled a prescription 

for an ACE/ARB within 30-days after discharge for AMI, 0 otherwise.  Covariates will 

include comorbid diagnoses and procedures observed in the 365-days prior to the index 

AMI event, medications used during the 180-days prior to AMI, characteristics of 

individuals AMI, comorbid diagnoses and procedures observed during the stay for AMI, 

other relevant medications filled after discharge (i.e., statins, beta-blockers), individual 

demographic characteristics (i.e., age, race), part D premium levels and phase at 

diagnosis, whether individuals were dual-eligible for Medicaid in the AMI month, and 

patient zip code socio-economic characteristics (i.e., per capita income, poverty rate, 

education level, English speaking percentage, racial mix).  Full information on control 
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variable to be included in the analytical models is available in Table A-1 of the 

Appendix.   

Instrumental variables will be Area Treatment Rates (ATRs) of ACE/ARBs in the 

local area around patient’s zip code.  These measures represent the proclivity of 

physicians to use ACE/ARBs.  The Driving Area for Clinical Care (DACC) method will 

be used to define the local areas around Medicare AMI patient’s residence zip codes and 

create ATRs.94,95  This method creates local areas around each zip code by consecutively 

adding the next nearest zip code—distance measured using driving times between zip 

code centroids—until a defined threshold number of patients within the local area is 

reached.  Using this method, the geographic size of local areas reflect differences in 

health care access across urban and rural areas, as well as the notion that patients in rural 

areas are expected to travel greater distances for health care.94  Following the findings of 

previous work exploring the validity of ATRs as instruments in this clinical setting, 

instrumental variables will be defined in this study using a threshold of 150 patients to 

create local areas.87  Area treatment ratios (ATRs) will be calculated for each zip code-

defined local area as the ratio of the number of patients observed to have received an 

ACE/ARB after AMI over the sum of the estimated probabilities of these patients 

receiving an ACE/ARB after AMI.  Predicted ACE/ARB probabilities will be generated 

using a multivariate logistic model of ACE/ARB receipt across all patients in the 

analytical sample.  Because predicted probabilities for ACE/ARB receipt will be 

generated using the full analytical sample, these probabilities reflect a mix of the 

preferences and styles of all physicians in the sample, while the number observed to have 

received an ACE/ARB in a local area will be sensitive to the physician practice styles in 

that area alone.  The sensitivity of results to alternative thresholds will be tested using 

thresholds of 100 and 200 patients. 
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Analytical Approach 

Modeling approaches will include the linear 2SLS, nonlinear 2SPS, and nonlinear 

2SRI instrumental variable estimators.  Linear 2SLS yields consistent estimates of LATE 

that are robust to underlying distributional assumptions regarding the model error 

terms.8,12  In the first stage of 2SLS, a linear probability model (LPM) of ACE/ARB 

choice (binary) will be estimated for all patients in the analytical sample.  Independent 

variables will include all covariates and instrumental variables described above and 

detailed in Table A-1 of the Appendix.  The instrument will be specified using 4 binary 

variables indicating quintiles of individuals ATR values, across all individuals.  In the 

second stage of 2SLS, an LPM model predicting 1-year survival (binary) as a function of 

the predicted value of ACE/ARB from the first stage treatment choice model and all 

covariates from the first stage model (excluding instrumental variables) will be estimated.  

Using the 2SLS approach, the parameter estimate on the second stage predicted 

ACE/ARB choice probability is the LATE estimate.  This estimate of LATE is not 

thought to be generalizable to the ATE because it is theorized that treatment effect 

heterogeneity exists and is essential—that is, treatment decision makers are using 

information about heterogeneity in treatment effectiveness that exists with patient 

characteristics including diabetes, left ventricular ejection fraction, and other factors 

related to patients AMI severity. 

The first stage of the nonlinear 2SPS model will be estimated using a linear 

probability model.  As long as the nonlinear second stage outcome model is specified 

correctly, estimating the first stage treatment choice model as an LPM is robust to 

underlying error distribution assumptions.12,19  The predicted ACE/ARB probability then 

replaces observed ACE/ARB choice in the second stage outcome model of 2SPS, which 

will be estimated using a probit specification.  Similarly, the first stage of the nonlinear 

2SRI approach will be estimated using a LPM.  The residual from this first stage model is 

then included as a covariate in the second stage outcome model of the 2SRI approach, 



80 
 

along with observed ACE/ARB treatment status and all other covariates, excepting 

instruments, which will be estimated using a probit model.  The parameter estimates for 

effect of ACE/ARB on 1-year survival from probit regressions of 2SRI and 2SPS models 

are not absolute treatment effect estimates.  Absolute effect estimates from these 

nonlinear models will be estimated as the average absolute marginal effect of treatment 

across individuals in the sample.  The average absolute treatment effect (ATE) for 

nonlinear models will be estimated as 

1
I � ФR5w$ 7 5w%#%) 7 � 7 5w�#�)S K ФR5w%#%) 7 � 7 5w�#�)S

�

)�$
. 

Ф represents the standard normal distribution function, which follows from the probit 

specification.  5w$ is the parameter estimate on ACE/ARB in each nonlinear model.  

5w%, … , 5w� are estimated parameters on covariates #%), … , #�) for individual ..  To test the 

sensitivity of results to alternative nonlinear specifications, nonlinear 2SRI and 2SPS 

models will also be estimated using a first-stage probit and second-stage probit 

specification.  If parametric assumptions do not hold in any of these nonlinear models, 

then parameter estimates may be either inconsistent or only “locally interpretable” for the 

marginal population—in which case ATE estimates may be inaccurate. 

Estimates of LATE from nonlinear 2SPS and 2SRI models will be estimated 

using an approach that attempts to identify the approximate subgroup of marginal patients 

or “compliers”.  Marginal patients are theoretically those with the greatest degree of 

uncertainty in treatment choice.  Therefore, marginal patients will be defined as those 

patients whose predicted probability of receiving ACE/ARB treatment—the predicted 

value of the dependent variable from ACE/ARB treatment choice models—is around 0.5.  

These are the patients whose measured characteristics suggest treatment choice is most 

uncertain.  Marginal patients in this study will be defined as those patients whose 

predicted probability of ACE/ARB treatment is between 0.45 and 0.55.  The sensitivity of 
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results will be tested by defining marginal patients with a larger and smaller range around 

0.5.  As a further robustness check, an additional estimate of LATE will be calculated as 

the absolute effect of treatment at the mean of all covariates.  This alternative estimate of 

LATE is illustrated by 

ФR5w$ 7 5w%#% 7 � 7 5w�#�S K ФR5w%#% 7 � 7 5w�#�S. 
Where Ф represents the standard normal distribution function;  5w$ is the parameter 

estimate on ACE/ARB; and 5w%, … , 5w� are estimated parameters on mean values of 

covariates #%, … , #� across all individuals in the sample. 

Because this example will be using observational claims data, it will not be 

possible to compare estimated ATE and LATE values to true values of ATE or LATE.  

Therefore, the potential interpretability of estimates generated by all models will be 

discussed in the context of the theoretical model developed above—where heterogeneity 

is theorized to be essential. 
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CHAPTER 4 

RESULTS 

Simulation Results 

Results for each of the 10 alternative simulation scenarios follow.  For each 

scenario, the primary statistic of interest is the extent to which estimates generated by 

2SLS, 2SPS, and 2SRI estimators were biased for estimates of true ATE and true LATE.  

Five regression estimates are generated for each scenario: (1) the parameter estimate 

generated by linear 2SLS; (2) the average absolute effect of treatment across all 

observations using parameter estimates generated by nonlinear 2SPS (2SPS_ATE); (3) 

the average absolute effect of treatment across only marginal observations using 

parameter estimates generated by nonlinear 2SPS (2SPS_LATE);  (4) the average 

absolute effect of treatment across all observations using parameter estimates generated 

by nonlinear 2SRI (2SRI_ATE); and (5) the average absolute effect of treatment across 

only marginal observations using parameter estimates generated by nonlinear 2SRI 

(2SRI_LATE).  Each of these estimates is compared to an estimate of the true absolute 

effect of treatment across all observations (ATE), and an estimate of the true absolute 

effect of treatment across the marginal observations (LATE).  The percent to which each 

estimate is biased is calculated as the difference between the mean values of the estimate 

and the truth, divided by the truth. 

Scenario 1a 

Scenario 1a is similar to the binary outcome model used by Terza et al. (2007) 

and examined as an example in an earlier section.18  However, parameters values for 

Scenario 1a were chosen such that treatment effectiveness is not negatively correlated 

with treatment value, though there remains no direct relationship between treatment 

effectiveness and treatment choice—treatment effectiveness is “quasi-essential”.  As with 

Terza’s original model, Scenario 1a is characterized by having an approximately uniform 
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proportion of marginal individuals across the distribution of treatment effectiveness.  

Summary statistics for percentage of marginal patients, mean treatment value (T*), and 

other factors across deciles of treatment effectiveness are provided in Table 8.  These 

statistics are based on a sample of 200,000 observations, generated using the models 

relevant to Scenario 1a described in detail in the methods section. 

Table 8:  Summary Statistics by Treatment Effectiveness Decile (Scenario 1a) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal* 
Average 

Treatment 
Value (T*) 

% Treated % Y = 1 
(Cured) 

       

1 20,000 .05 20 -.43 38 96 

2 20,000 .14 14 -.0034 56 90 

3 20,000 .22 13 .11 58 82 

4 20,000 .3 13 .13 57 75 

5 20,000 .37 14 .1 54 68 

6 20,000 .42 13 .069 51 61 

7 20,000 .47 13 .048 49 57 

8 20,000 .51 13 .015 47 52 

9 20,000 .53 12 -.017 45 48 

10 20,000 .54 13 -.025 45 47 

 
 

     
Total 200,000 .36 14 .00044 50 67 

* Marginal defined as -.25 < T* < .25. 

 

Simulation results for Scenario 1a are provided in Table 9.  True ATE was 

estimated to be 0.36.  True LATE was estimated to be 0.34.  Results show that nonlinear 

2SRI generated less biased estimates of ATE than nonlinear 2SPS or 2SLS.  This results 

is consistent with the suggestions of Terza, Basu, and Rathouz (2008) and Terza, 

Bradford, and Dismuke (2007), as well as the simulation results from Terza, Bradford, 
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and Dismuke (2007).18,19  While Terza et al. (2007) state that 2SLS is inconsistent in 

nonlinear models,18 2SLS generated consistent estimates of LATE that are less biased 

than nonlinear 2SPS or nonlinear 2SRI—even while it is assumed that the population of 

marginal individuals is identifiable in the data.  Note that, while the LATE estimate 

generated by nonlinear 2SPS is the least biased estimate of ATE, this is an artifact of 

chance and should not be interpreted as a general result.  Density plots showing the bias 

of estimates for the alternative estimators in Scenario 1a are given in Figure 4:  The left 

column shows bias of each estimator (indicated by label on the left) relative to true ATE, 

and the right column shows bias of each estimator relative to true LATE. 

Table 9:  Average % Bias of Estimate, by Estimator (Scenario 1a) 

Estimator % Bias for ATE % Bias for LATE 

2SLS -4.79 -0.12 

2SPS_ATE -6.62 -2.04 

2SPS_LATE 0.17 5.08 

2SRI_ATE -1.69 3.13 

2SRI_LATE -7.12 -2.56 
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Figure 4:  Density Plot of % Bias of Estimates, by Estimator (Scenario 1a).  X2 Factors, 
Unmeasured X2, Quasi-Essential Heterogeneity, Marginal population 
uniformly distributed across TE. 

 

Scenario 1b 

Scenario 1b follows from Scenario 1a and the binary outcome model used by 

Terza et al. (2007).18  However, Scenario 1b departs from these models by assuming that 

marginal individuals are those near the mean of treatment effectiveness, while those with 

higher and lower treatment effectiveness are less likely to be marginal.  This is distinct 

from Scenario 1a and the Terza model, which assume that marginal individuals are fairly 

uniformly distributed across the distribution of treatment effectiveness.  Like Scenario 1a, 

treatment effectiveness in Scenario 1b is “quasi-essential”.  The only differences between 

Scenarios 1a and 1b are in the coefficient values of the models.  Summary statistics for 
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percentage of marginal patients, mean treatment value (T*), and other factors across 

deciles of treatment effectiveness are provided in Table 10.  These statistics are based on 

a sample of 200,000 observations, generated following the models relevant to Scenario 

1b described in detail in the methods section. 

Table 10:  Summary Statistics by Treatment Effectiveness Decile (Scenario 1b) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 .017 0 2.3 100 100 

2 20,000 .081 .025 1.3 99 99 

3 20,000 .18 5.2 .78 96 96 

4 20,000 .29 20 .31 84 90 

5 20,000 .41 33 -.1 62 77 

6 20,000 .52 35 -.46 37 59 

7 20,000 .62 25 -.76 17 39 

8 20,000 .7 14 -.99 5.5 23 

9 20,000 .76 4.8 -1.2 .76 15 

10 20,000 .78 .57 -1.2 0 11 

 
 

     
Total 200,000 .43 14 .00044 50 61 

* Marginal defined as -.25 < T* < .25.  
 

Simulation results for Scenario 1b are provided in Table 11.  True ATE was 

estimated to be 0.43.  True LATE was estimated to be 0.49.  For Scenario 1b, no 

estimator generates an unbiased or consistent estimate of the ATE.  IV methods use only 

the variation in treatment choice that is driven by the instruments—variation in treatment 

choice for the marginal individuals.  Because the marginal population is not distributed 

evenly throughout the distribution of treatment effectiveness, IV methods do not appear 



87 
 

able to yield consistent estimates of the ATE.  All estimators are approximately 14% 

biased for the true ATE, excepting the 2SPS_LATE estimate, which is more biased 

(22.6%).  This result is not consistent with the suggestions of Terza, Basu, and Rathouz 

(2008) that nonlinear 2SRI methods can yield unbiased and consistent estimates of the 

ATE across models with inherently nonlinear dependent variables.  Moreover, only two 

estimators generate unbiased and consistent estimates of the LATE; 2SLS was 0.29% 

biased for LATE and 2SPS_ATE was 0.77% biased for LATE.  Both nonlinear 2SRI 

estimates had absolute bias of approximately 24% for LATE.  For Scenario 1b, LATE is 

the only identifiable average absolute treatment effect parameter and 2SLS produced the 

least biased estimate.  Density plots showing the bias of estimates for the alternative 

estimators in Scenario 1b are given in Figure 5:  The left column shows bias of each 

estimator (indicated by label on the left) relative to true ATE, and the right column shows 

bias of each estimator relative to true LATE. 

Table 11:  Average % Bias of Estimate, by Estimator (Scenario 1b) 

Estimator % Bias for ATE % Bias for LATE 

2SLS 13.18 0.29 

2SPS_ATE 13.72 0.77 

2SPS_LATE 22.64 8.68 

2SRI_ATE -14.46 -24.19 

2SRI_LATE -13.22 -23.10 
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Figure 5:  Density Plot of % Bias of Estimates, by Estimator (Scenario 1b).  X2 Factors, 
Unmeasured X2, Quasi-Essential Heterogeneity, Marginal population not 
uniformly distributed across TE. 

 

Scenario 2 

The outcome model for Scenario 2 is identical to that of Scenarios 1a and 1b.  

However, treatment effect heterogeneity is non-essential in Scenario 2—there is no 

correlation between treatment effectiveness and treatment value (i.e., treatment 

effectiveness is unrelated to probability of treatment).  Non-essential heterogeneity was 

accomplished by omitting X2 factors from the treatment choice model.  This is evident in 

the summary statistics for percentage of marginal patients, mean treatment value (T*), 

and other factors across deciles of treatment effectiveness, provided in Table 12.  These 
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statistics are based on a sample of 200,000 observations, generated following the models 

relevant to Scenario 2 described in the methods section. 

Table 12:  Summary Statistics by Treatment Effectiveness Decile (Scenario 2) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 0.05 18 -0.23 41 95 

2 20,000 0.14 18 -0.26 41 87 

3 20,000 0.22 18 -0.24 41 79 

4 20,000 0.30 18 -0.24 41 71 

5 20,000 0.36 18 -0.24 42 64 

6 20,000 0.42 17 -0.25 41 57 

7 20,000 0.47 18 -0.25 41 52 

8 20,000 0.51 18 -0.26 40 49 

9 20,000 0.53 18 -0.26 41 46 

10 20,000 0.54 18 -0.25 41 45 

 
       

Total 200,000 0.35 18 -0.25 41 65 

* Marginal defined as -.25 < T* < .25. 

 

Simulation results for Scenario 2 are provided in Table 13.  True ATE and true 

LATE were both estimated to be 0.36.  Because treatment effect heterogeneity is non-

essential in Scenario 2, true LATE is approximately equal to true ATE.  All estimators 

generated unbiased and consistent estimates of ATE and LATE.  While there is not 

meaningful difference in the percent bias of estimates across estimators, 2SRI_LATE 

estimates were least biased for LATE, on average.  This greater precision of the probit 

2SRI model is likely explained by their being no unmeasured confounders and probit 

being the correct functional form for the outcome model, which is probit in truth.  



90 
 

Density plots showing the bias of estimates across the alternative estimators in Scenario 2 

are given in Figure 6:  The left column shows bias of each estimator (indicated by label 

on the left) relative to true ATE, and the right column shows bias of each estimator 

relative to true LATE. 

Table 13:  Average % Bias of Estimate, by Estimator (Scenario 2) 

Estimator % Bias for ATE % Bias for LATE 

2SLS 0.24 0.21 

2SPS_ATE -0.11 -0.14 

2SPS_LATE -0.49 -0.52 

2SRI_ATE 0.16 0.13 

2SRI_LATE 0.18 0.15 
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Figure 6:  Density Plot of % Bias of Estimates, by Estimator (Scenario 2).  X2 Factors, 
Unmeasured X2, Non-Essential Heterogeneity. 

 

Scenario 3 

Scenario 3 introduces the idea of essential heterogeneity:  treatment effectiveness 

has a direct and positive effect on treatment choice, such that \!= \!3 C 0⁄ .  This is 

distinct from quasi-essential heterogeneity demonstrated by Scenarios 1a and 1b, which 

assume treatment effectiveness is only indirectly and nonlinearly associated with 

treatment choice.  Essential heterogeneity in Scenario 3 is evidenced by the summary 

statistics of factors, including treatment value (T*), across deciles of treatment 

effectiveness provided in Table 14.  It is clear from this table that treatment value is 

increasing with treatment effectiveness.  Moreover, treatment effectiveness is a factor in 

the treatment choice model that affects treatment value directly and positively.  Statistics 
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presented in Table 14 are based on a sample of 200,000 observations, generated 

following the models relevant to Scenario 3 described in detail in the methods section. 

Table 14:  Summary Statistics by Treatment Effectiveness Decile (Scenario 3) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 .05 18 -.11 46 96 

2 20,000 .14 18 .16 56 89 

3 20,000 .22 17 .41 65 84 

4 20,000 .3 15 .64 72 79 

5 20,000 .37 13 .85 78 77 

6 20,000 .42 12 1 83 75 

7 20,000 .47 10 1.2 86 74 

8 20,000 .51 9.6 1.3 88 73 

9 20,000 .53 8.5 1.3 89 72 

10 20,000 .54 8.3 1.4 90 72 

 
 

     
Total 200,000 .36 13 .81 75 79 

* Marginal defined as -.25 < T* < .25. 
 

Simulation results for Scenario 3 are provided in Table 15.  True ATE was 

estimated to be 0.36.  True LATE was estimated to be 0.31.  In Scenario 3 treatment 

decision makers are “sorting-on-the-gain” and only variation in treatment choice for the 

marginal individuals is used in estimating treatment effects.  Because the marginal 

population is unique in terms of treatment effectiveness and does not accurately reflect 

the distribution of treatment effectiveness in the entire population, IV methods cannot 

produce accurate estimates of the ATE.  Table 15 shows that no estimator generates an 

unbiased or consistent estimate of the ATE.  2SRI_ATE generates the least biased 
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estimate of ATE (-6.2%) but was the most biased estimator of LATE.  With the exception 

of 2SRI_ATE, bias in LATE was relatively small across estimators.  LATE estimates 

generated by 2SLS were less biased than estimates generated by any nonlinear method.  

Density plots showing the bias of estimates for the alternative estimators in Scenario 3 

are given in Figure 7:  The left column shows bias of each estimator (indicated by label 

on the left) relative to true ATE, and the right column shows bias of each estimator 

relative to true LATE. 

Table 15:  Average % Bias of Estimate, by Estimator (Scenario 3) 

Estimator % Bias for ATE % Bias for LATE 

2SLS -13.48 -0.48 

2SPS_ATE -12.55 0.58 

2SPS_LATE -14.82 -2.02 

2SRI_ATE -6.18 7.91 

2SRI_LATE -12.10 1.10 
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Figure 7:  Density Plot of % Bias of Estimates, by Estimator (Scenario 3).  X2 Factors, 
Unmeasured X2, Essential Heterogeneity. 

 

Scenario 4 

Scenario 4 introduces the idea of X1 factors—factors that affect the effectiveness 

of treatment but not outcomes directly.  This is distinct from Scenarios 1-3, which assume 

all factors are X2 factors that affect both treatment effectiveness and outcomes.  

Treatment effect heterogeneity is non-essential in Scenario 4—there is no correlation 

between treatment effectiveness and treatment value (i.e., treatment effectiveness is 

unrelated to probability of treatment).  This is evident in the summary statistics for 

percentage of marginal patients, mean treatment value (T*), and other factors across 

deciles of treatment effectiveness provided in Table 16.  These statistics are based on a 
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sample of 200,000 observations, generated following the models relevant to Scenario 4 

described in detail in the methods section. 

Table 16:  Summary Statistics by Treatment Effectiveness Decile (Scenario 4) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 -0.35 18 -0.01 50 46 

2 20,000 -0.13 18 0.01 51 34 

3 20,000 0.00 18 -0.01 50 50 

4 20,000 0.09 19 0.00 50 84 

5 20,000 0.16 18 0.00 50 79 

6 20,000 0.25 18 0.00 50 74 

7 20,000 0.36 18 0.00 50 70 

8 20,000 0.50 18 0.00 50 66 

9 20,000 0.66 18 -0.01 50 61 

10 20,000 0.83 18 0.01 50 56 

 
       

Total 200,000 0.24 18 0.00 50 62 

* Marginal defined as -.25 < T* < .25. 
 

Simulation results for Scenario 4 are provided in Table 17.  True ATE and true 

LATE were estimated to be 0.236.  Because treatment effect heterogeneity is non-

essential in Scenario 4, true LATE is equal to true ATE.  All estimators generated 

unbiased and consistent estimates of ATE and LATE.  However, while differences in bias 

are small, 2SLS generates the least biased estimates for both ATE and LATE.  Density 

plots showing the bias of estimates for the alternative estimators in Scenario 4 are given 

in Figure 8:  The left column shows bias of each estimator (indicated by label on the left) 
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relative to true ATE, and the right column shows bias of each estimator relative to true 

LATE. 

Table 17:  Average % Bias of Estimate, by Estimator (Scenario 4) 

Estimator % Bias for ATE % Bias for LATE 

2SLS 0.28 0.30 

2SPS_ATE -1.97 -1.95 

2SPS_LATE -1.93 -1.91 

2SRI_ATE -1.93 -1.91 

2SRI_LATE -1.93 -1.91 
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Figure 8:  Density Plot of % Bias of Estimates, by Estimator (Scenario 4).  X1 and X2 
Factors, Unmeasured X1, Non-Essential Heterogeneity. 

 

Scenario 5 

Scenario 5 builds upon Scenario 4 by assuming that X1 and X2 factors exist but 

treatment effect heterogeneity is quasi-essential, as in Scenarios 1a and 1b.  Treatment 

effectiveness is indirectly related to treatment choice through X2 factors that are directly 

related to treatment choice and related to treatment effectiveness nonlinearly.  Table 18 

shows summary statistics for mean treatment value (T*), percent marginal, and other 

factors across deciles of treatment effectiveness.  This table illustrates the nonlinear 

relationship between treatment effectiveness and treatment value (T*)—which is related 

to probability of treatment.  These statistics are based on a sample of 200,000 
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observations, generated following the models relevant to Scenario 5 described in detail in 

the methods section. 

Table 18:  Summary Statistics by Treatment Effectiveness Decile (Scenario 5) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 -0.35 15 -0.05 49 47 

2 20,000 -0.13 9 0.88 71 32 

3 20,000 0.00 9 0.45 58 51 

4 20,000 0.09 10 -0.74 26 81 

5 20,000 0.16 13 -0.30 38 77 

6 20,000 0.25 15 0.09 50 75 

7 20,000 0.36 16 0.49 63 75 

8 20,000 0.50 13 0.88 76 78 

9 20,000 0.66 10 1.32 87 85 

10 20,000 0.83 4 1.94 96 94 

 
           

Total 200,000 0.24 11 0.50 62 69 

* Marginal defined as -.25 < T* < .25. 

 

Simulation results for Scenario 5 are provided in Table 19.  True ATE was 

estimated to be 0.24.  True LATE was estimated to be 0.19.  In Scenario 5, no estimator 

generates an unbiased or consistent estimate of the ATE.  Though heterogeneity is not 

strictly essential in this scenario, there exists some degree of sorting into treatment 

choice—albeit nonlinearly with effectiveness—and marginal individuals are not 

uniformly distributed throughout the distribution of treatment effectiveness.  Because IV 

methods use only variation in treatment choice for the marginal individuals in estimating 

treatment effects, and the population of marginal individuals is not reflective of the 
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population as a whole, IV methods do not produce accurate estimates of the ATE.  2SLS 

produced the least biased estimate of LATE (1.08% bias), though 2SPS_ATE and 

2SRI_ATE were also relatively unbiased (2.18% biased and 1.73% biased, respectively).  

Density plots showing the bias of estimates for the alternative estimators in Scenario 5 

are given in Figure 9:  The left column shows bias of each estimator (indicated by label 

on the left) relative to true ATE, and the right column shows bias of each estimator 

relative to true LATE. 

Table 19:  Average % Bias of Estimate, by Estimator (Scenario 5) 

Estimator % Bias for ATE % Bias for LATE 

2SLS -20.31 -1.08 

2SPS_ATE -21.20 -2.18 

2SPS_LATE -24.71 -6.53 

2SRI_ATE -20.84 -1.73 

2SRI_LATE -23.55 -5.10 
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Figure 9:  Density Plot of % Bias of Estimates, by Estimator (Scenario 5).  X1 and X2 
Factors, Unmeasured X1, Quasi-Essential Heterogeneity. 

 

Scenario 6 

As in Scenarios 4 and 5, Scenario 6 assumes that X1 and X2 factors exist.  

However, treatment effect heterogeneity in Scenario 6 is essential—treatment 

effectiveness has a direct positive effect on treatment choice, such that \!= \!3 C 0⁄ .  In 

other words, treatment decision makers are sorting-on-the-gain and treated individuals 

are unique, relative to untreated individuals, in terms of the distribution of treatment 

effectiveness.  This is evident in the summary statistics for mean treatment value (T*), 

and other factors across deciles of treatment effectiveness given in Table 20.  These 

statistics are based on a sample of 200,000 observations, generated following the models 

relevant to Scenario 6 described in detail in the methods section. 
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Table 20:  Summary Statistics by Treatment Effectiveness Decile (Scenario 6) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 -0.35 15 -0.69 27 54 

2 20,000 -0.13 18 -0.25 41 35 

3 20,000 0.00 18 0.00 50 51 

4 20,000 0.09 18 0.18 57 84 

5 20,000 0.16 17 0.33 62 81 

6 20,000 0.25 16 0.49 67 78 

7 20,000 0.36 15 0.71 74 78 

8 20,000 0.50 12 0.99 82 81 

9 20,000 0.66 9 1.31 89 86 

10 20,000 0.83 6 1.66 94 92 

 
           

Total 200,000 0.24 14 0.47 64 72 

* Marginal defined as -.25 < T* < .25. 
 

Simulation results for Scenario 6 are provided in Table 21.  True ATE was 

estimated to be 0.236.  True LATE was estimated to be 0.159.  For Scenario 6, no 

estimator generates an unbiased or consistent estimate of the ATE.  2SLS estimates were 

least biased, at 34% absolute bias.  Like Scenario 3, treatment decision makers are 

“sorting-on-the-gain” in Scenario 6.  Only variation in treatment choice for the marginal 

individuals is used in estimating treatment effects and, because the marginal population is 

unique in terms of treatment effectiveness, IV methods do not produce accurate estimates 

of the ATE.  Moreover, while 2SLS and 2SPS_ATE generated relatively unbiased 

estimates of LATE, the percentage of bias of LATE estimates generated by nonlinear 

2SRI methods was not insubstantial.  Density plots showing the bias of estimates for the 

alternative estimators in Scenario 6 are given in Figure 10:  The left column shows bias 
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of each estimator (indicated by label on the left) relative to true ATE, and the right 

column shows bias of each estimator relative to true LATE. 

Table 21:  Average % Bias of Estimate, by Estimator (Scenario 6) 

Estimator % Bias for ATE % Bias for LATE 

2SLS -33.72 -1.50 

2SPS_ATE -34.61 -2.83 

2SPS_LATE -37.19 -6.66 

2SRI_ATE -38.19 -8.15 

2SRI_LATE -40.38 -11.41 
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Figure 10:  Density Plot of % Bias of Estimates, by Estimator (Scenario 6).  X1 and X2 
Factors, Unmeasured X1, Essential Heterogeneity. 

 

Scenario 7 

Scenario 7 introduces the idea of X3 factors—factors that affect outcomes directly 

but are unrelated to the effectiveness of treatment on outcome.  This is distinct from 

Scenarios 1-6, where no factor exists that affects outcome but is unrelated to the 

effectiveness of treatment on outcome.  Treatment effect heterogeneity is non-essential in 

Scenario 7—there is no correlation between treatment effectiveness and treatment value 

(i.e., treatment effectiveness is unrelated to probability of treatment).  This is evident in 

the summary statistics for percentage of marginal patients, mean treatment value (T*), 

and other factors across deciles of treatment effectiveness provided in Table 22.  These 
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statistics are based on a sample of 200,000 observations, generated following the models 

relevant to Scenario 7 described in detail in the methods section. 

Table 22:  Summary Statistics by Treatment Effectiveness Decile (Scenario 7) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 0.12 15 0.50 66 80 

2 20,000 0.16 15 0.50 65 78 

3 20,000 0.21 15 0.50 65 76 

4 20,000 0.27 15 0.51 65 72 

5 20,000 0.32 14 0.52 66 69 

6 20,000 0.37 15 0.49 65 65 

7 20,000 0.40 15 0.50 66 58 

8 20,000 0.42 15 0.49 66 51 

9 20,000 0.43 15 0.49 65 52 

10 20,000 0.43 15 0.48 65 51 

 
   

  
    

Total 200,000 0.31 15 0.50 66 65 

* Marginal defined as -.25 < T* < .25. 
 

Simulation results for Scenario 7 are provided in Table 23.  True ATE and true 

LATE were both estimated to be 0.315.  Because treatment effect heterogeneity is non-

essential in Scenario 7, true LATE is equal to true ATE.  All estimators generated 

unbiased and consistent estimates of ATE and LATE.  The estimates from nonlinear 

2SRI_ATE model are least biased.  This greater precision of the probit 2SRI model may 

be explained by probit being the correct functional form for the outcome model, which is 

probit in truth.  Density plots showing the bias of estimates for the alternative estimators 

in Scenario 7 are given in Figure 11:  The left column shows bias of each estimator 



105 
 

(indicated by label on the left) relative to true ATE, and the right column shows bias of 

each estimator relative to true LATE. 

Table 23:  Average % Bias of Estimate, by Estimator (Scenario 7) 

Estimator % Bias for ATE % Bias for LATE 

2SLS -0.32 -0.31 

2SPS_ATE -1.26 -1.24 

2SPS_LATE -0.70 -0.68 

2SRI_ATE 0.06 0.08 

2SRI_LATE -0.78 -0.77 
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Figure 11:  Density Plot of % Bias of Estimates, by Estimator (Scenario 7).  X2 and X3 
Factors, Unmeasured X3, Non-Essential Heterogeneity. 

 

Scenario 8 

Scenario 8 builds upon Scenario 7 by assuming that X2 and X3 factors exist but 

treatment effect heterogeneity is quasi-essential.  Treatment effectiveness is indirectly 

related to treatment choice through X2 factors that affect treatment choice and are related 

to treatment effectiveness nonlinearly.  Table 24 shows summary statistics for mean 

treatment value (T*), percent marginal, and other factors across deciles of treatment 

effectiveness.  This table illustrates the nonlinear relationship between treatment 

effectiveness and treatment value (T*)—which represents probability of treatment.  

These statistics are based on a sample of 200,000 observations, generated following the 

models relevant to Scenario 8 described in detail in the methods section. 
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Table 24:  Summary Statistics by Treatment Effectiveness Decile (Scenario 8) 

Treatment 
Effectiveness Decile 
(1 = Low, 10 = High) 

N 
Average 

Treatment 
Effect (TE) 

% Marginal 
Average 

Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

     
1 20,000 0.12 5 1.85 93 83 

2 20,000 0.16 8 1.54 89 82 

3 20,000 0.21 10 1.24 84 80 

4 20,000 0.27 12 0.96 78 76 

5 20,000 0.32 14 0.65 70 70 

6 20,000 0.37 16 0.34 61 64 

7 20,000 0.40 15 -0.08 48 51 

8 20,000 0.42 15 -0.48 35 39 

9 20,000 0.43 14 -0.50 34 38 

10 20,000 0.43 15 -0.50 34 39 

 
           

Total 200,000 0.31 12 0.50 63 62 

* Marginal defined as -.25 < T* < .25. 
 

Simulation results for Scenario 8 are provided in Table 25.  True ATE was 

estimated to be 0.31.  True LATE was estimated to be 0.34.  In Scenario 8, no estimator 

generates an unbiased or consistent estimate of the ATE.  This is, once again, because 

there is quasi-essential heterogeneity and the marginal patients are unique in terms of 

treatment effectiveness.  2SLS produced the least biased estimate of LATE (0.00% bias).  

Density plots showing the bias of estimates for the alternative estimators in Scenario 8 

are shown in Figure 12:  The left column shows bias of each estimator (indicated by label 

on the left) relative to true ATE, and the right column shows bias of each estimator 

relative to true LATE. 
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Table 25:  Average % Bias of Estimate, by Estimator (Scenario 8) 

Estimator % Bias for ATE % Bias for LATE 

2SLS 9.36 0.00 

2SPS_ATE 7.43 -1.77 

2SPS_LATE 14.41 4.62 

2SRI_ATE 10.07 0.65 

2SRI_LATE 10.95 1.46 

 

Figure 12:  Density Plot of % Bias of Estimates, by Estimator (Scenario 8).  X2 and X3 
Factors, Unmeasured X3, Quasi-Essential Heterogeneity. 

 



109 
 

Scenario 9 

As in Scenarios 7 and 8, Scenario 9 assumes that X2 and X3 factors exist.  

However, treatment effect heterogeneity in Scenario 9 is essential—treatment 

effectiveness has a direct and positive effect on treatment choice, such that 

\!= \!3 C 0⁄ .  In other words, treatment decision makers are sorting-on-the-gain and 

treated individuals are unique, relative to untreated individuals, in terms of the 

distribution of treatment effectiveness.  This is evident in the summary statistics for mean 

treatment value (T*), and other factors across deciles of treatment effectiveness given in 

Table 26.  These statistics are based on a sample of 200,000 observations, generated 

following the models relevant to Scenario 9 described in detail in the methods section. 

Table 26:  Summary Statistics by Treatment Effectiveness Decile (Scenario 9) 

Treatment 
Effectiveness 

Decile (1 = 
Low, 10 = 

High) 

N 
Average 

Treatment 
Effect (TE) 

Unadjusted 
TE 

% 
Marginal 

Average 
Treatment 
Value (T*) 

% 
Treated 

% Y = 1 
(Cured) 

 
 

 
 

    
1 20,000 0.12 0.15 15 0.45 64 79 

2 20,000 0.16 0.20 14 0.59 68 79 

3 20,000 0.21 0.27 13 0.80 74 78 

4 20,000 0.26 0.33 11 1.02 79 77 

5 20,000 0.32 0.40 10 1.20 84 75 

6 20,000 0.37 0.46 9 1.37 87 72 

7 20,000 0.40 0.51 8 1.52 90 68 

8 20,000 0.42 0.53 7 1.58 90 62 

9 20,000 0.43 0.54 7 1.59 90 63 

10 20,000 0.43 0.55 7 1.63 91 62 

 
    

 
    

 
Total 200,000 0.31 0.39 10 1.17 82 71 

* Marginal defined as -.25 < T* < .25. 
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Simulation results for Scenario 9 are provided in Table 27.  True ATE was 

estimated to be 0.32.  True LATE was estimated to be 0.29.  For Scenario 9, no estimator 

generates an unbiased or consistent estimate of the ATE.  2SRI_ATE is least biased, but 

absolute bias of these estimates is not negligible at 7.4%.  Like Scenarios 3 and 6, 

treatment decision makers are “sorting-on-the-gain” in Scenario 9.  Because only the 

variation in treatment choice for the marginal individuals is used in estimating treatment 

effects, and because the marginal population is unique in terms of treatment effectiveness 

under essential heterogeneity, IV methods cannot produce accurate estimates of the ATE.  

2SLS generates the least biased estimate of LATE (-0.88% biased), followed closely by 

2SPS_ATE (-1.1% biased) and 2SRI_LATE (-1.4% biased).  Density plots showing the 

bias of estimates for the alternative estimators in Scenario 9 are given in Figure 13:  The 

left column shows bias of each estimator (indicated by label on the left) relative to true 

ATE, and the right column shows bias of each estimator relative to true LATE. 

Table 27:  Average % Bias of Estimate, by Estimator (Scenario 9) 

Estimator % Bias for ATE % Bias for LATE 

2SLS -11.37 -0.88 

2SPS_ATE -11.55 -1.08 

2SPS_LATE -13.73 -3.52 

2SRI_ATE -7.44 3.52 

2SRI_LATE -11.82 -1.39 
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Figure 13:  Density Plot of % Bias of Estimates, by Estimator (Scenario 9).  X2 and X3 
Factors, Unmeasured X3, Essential Heterogeneity. 

 

Summary of Simulation Results 

Taken together, simulation results support ideas that IV methods only identify 

treatment effects for the marginal individuals and cannot be used to make more general 

inferences without additional assumptions about the nature of treatment effect 

heterogeneity and treatment choice.  Table 28 summarizes results across all simulations.  

From Table 28, it is clear that no IV method can be generally expected to generate 

consistent estimates of the ATE across all possible scenarios. 
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Table 28:  Summary of Simulation Results – All Scenarios 

Non-Essential 
Quasi-Essential 

(“Terza”; 
Balanced) 

Quasi-Essential Essential 

% Bias 
for ATE 

% Bias 
for 

LATE 

% Bias 
for ATE 

% Bias 
for 

LATE 

% Bias 
for ATE 

% Bias 
for 

LATE 

% Bias 
for ATE 

% Bias 
for 

LATE 

X2 only         

2SLS 0.24 0.21 -4.79 -0.12 13.18 0.29 -13.48 -0.48 

2SPS_ATE -0.11 -0.14 -6.62 -2.04 13.72 0.77 -12.55 0.58 

2SPS_LATE -0.49 -0.52 *0.17 5.08 22.64 8.68 -14.82 -2.02 

2SRI_ATE 0.16 0.13 -1.69 3.13 -14.46 -24.19 -6.18 7.91 

2SRI_LATE 0.18 0.15 -7.12 -2.56 -13.22 -23.10 -12.10 1.10 

        
X1 and X2 

        
2SLS 0.28 0.30 

  
-20.31 -1.08 -33.72 -1.50 

2SPS_ATE -1.97 -1.95 
  

-21.20 -2.18 -34.61 -2.83 

2SPS_LATE -1.93 -1.91 
  

-24.71 -6.53 -37.19 -6.66 

2SRI_ATE -1.93 -1.91 
  

-20.84 -1.73 -38.19 -8.15 

2SRI_LATE -1.93 -1.91 
  

-23.55 -5.10 -40.38 -11.41 

        
X2 and X3 

        
2SLS -0.32 -0.31 

  
9.36 0.00 -11.37 -0.88 

2SPS_ATE -1.26 -1.24 
  

7.43 -1.77 -11.55 -1.08 

2SPS_LATE -0.70 -0.68 
  

14.41 4.62 -13.73 -3.52 

2SRI_ATE 0.06 0.08 
  

10.07 0.65 -7.44 3.52 

2SRI_LATE -0.78 -0.77 
  

10.95 1.46 -11.82 -1.39 

*This result should not be interpreted as suggesting 2SPS_LATE generates unbiased estimates of ATE in this 
scenario.  Rather this result was due to “chance”:  the biased of 2SPS_LATE estimates coincidentally equal 
the true ATE in this model specification, alternative model specifications run in sensitivity analyses 
demonstrate bias of 2SPS_LATE for true ATE. 

 

Under non-essential heterogeneity, all methods generate unbiased estimates of 

LATE.  Because ATE = LATE under non-essential heterogeneity, all IV methods also 

generate consistent ATE estimates.  Conversely, when treatment effects are 

heterogeneous across patients and treatment decision-makers are sorting-on-the-gain such 
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that those with higher effectiveness are more likely to be treated—that is, heterogeneity is 

essential—IV methods do not yield estimates of the ATE.  Under scenarios of essential 

heterogeneity: no method generates consistent ATE estimates, 2SLS generates consistent 

estimates of LATE that are less biased than any nonlinear method examined, and 

nonlinear 2SRI may generate inconsistent estimates of the LATE.  These results are 

similar in scenarios of quasi-essential heterogeneity except under particular unique 

settings where no X1 or X3 factors exist and marginal patients are uniformly distributed 

across the distribution of treatment effectiveness.   

Similar to the findings of Terza et al., our simulations suggest that nonlinear 2SRI 

generates consistent estimates of the ATE under settings of quasi-essential heterogeneity 

when marginal patients are uniformly distributed across the distribution of treatment 

effectiveness and only X2 factors exist.  This is the “Quasi-Essential Balanced” scenario 

shown in Table 28 (i.e., Scenario 1a).  When marginal individuals are well representative 

of the population as a whole—in terms of treatment effectiveness—average derivative 

estimates generated by 2SRI appear to be unbiased for the ATE.  However, even under 

these settings it is not necessarily true that unbiased absolute average treatment effects for 

subpopulations can be estimated using nonlinear 2SRI—as Terza et al. (2002) have 

suggested.62  Even when all marginal individuals are assumed to be directly identifiable 

in the data, such that an average marginal effect could be calculated across the 

subpopulation, nonlinear 2SRI generates biased and inconsistent estimates of LATE in 

our simulation.  Note that, while simulation results for Scenario 1a (i.e., the “Terza”, 

Balanced Quasi-Essential scenario in Table 28) appear to suggest that 2SPS_LATE 

generates the least biased estimate of ATE, this is misleading.  This result is an artifact of 

coincidence related to the specific model parameters specified in this scenario.  

Sensitivity analyses using alternative parameter values generated 2SPS_LATE estimates 

that are biased for ATE. 



114 
 

Though it may be taken for granted, a significant finding from these simulations is 

that linear 2SLS generates consistent estimates of LATE across all scenarios.  This is not 

a surprising finding—it is well established that 2SLS generates consistent estimates of 

LATE with minimal assumptions—but it is a point that often goes under-appreciated.  

LATE estimates seem to be often viewed as a “second-best” option—researchers report 

LATE estimates with the mentality of “there is confounding, so we will take what we can 

get”.  This is unfortunate.  For clinical scenarios where treatment effects are 

heterogeneous and treatment decision makers are sorting patients based upon patients 

expected idiosyncratic gains, LATE may be the treatment effect parameter of greatest 

value to clinicians and policy-makers.  If treatment decision makers are already able to 

clearly identify those patients who stand to benefit most and least from treatment, and use 

this information when making treatment decisions, then the uncertainty lies in the 

patients for whom this cost-benefit calculation is least clear.  These “marginal patients” 

may often be the patients for whom research efforts may provide the most benefit.  

Researchers can be confident that 2SLS generates unbiased estimates of LATE, 

regardless of the circumstances underlying treatment effect heterogeneity and treatment 

choice.  This is not necessarily the case when using nonlinear 2SRI or nonlinear 2SPS.  

Interestingly, however, results from these simulations suggest that estimation of LATE 

using nonlinear 2SPS is not encumbered by the need to identify the subpopulation of 

marginal individuals.  Nonlinear 2SPS estimates are unbiased for LATE when average 

derivate estimates are calculated across the entire population (i.e., 2SPS_ATE is unbiased 

for LATE), but biased for LATE when average derivative is taken over the marginal 

subpopulation directly (i.e., 2SPS_LATE is biased for LATE). 

Model Performance Under Full Information 

Though IV methods are traditionally used as a tool to estimate treatment effects 

when unmeasured confounding is present, we examine the ability of IV estimators to 
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generate unbiased and consistent estimates of ATE and LATE when all relevant variables 

are measured to see how these estimators perform under “ideal” settings.  With all 

variables measured, nonlinear IV methods—particularly 2SRI—may correctly model 

treatment effect heterogeneity such that average derivative estimates are unbiased for true 

ATE and LATE.  It is expected that 2SLS will still generate consistent estimates of 

LATE, but that these estimates will not be generalizable to estimate ATE without 

additional assumptions.  To examine the ability of alternative estimators to generate 

consistent estimates of ATE and LATE under settings of full information, the 10 

scenarios above were run in models with all variables measured and included as 

covariates in regressions.  Results of these simulations are summarized in Table 29. 



116 
 

Table 29:  Summary of Full Information Simulation Results – All Scenarios 

Non-Essential 
Quasi-Essential 

(“Terza”; 
Balanced) 

Quasi-Essential Essential 

% Bias 
for ATE 

% Bias 
for 

LATE 

% Bias 
for ATE 

% Bias 
for 

LATE 

% Bias 
for ATE 

% Bias 
for 

LATE 

% Bias 
for ATE 

% Bias 
for 

LATE 

X2 only         

2SLS 0.17 0.14 -4.79 -0.12 13.19 0.30 -13.57 -0.58 

2SPS_ATE -0.81 -0.83 -4.76 -0.08 9.52 -2.94 -10.80 2.60 

2SPS_LATE -1.18 -1.20 -4.61 0.07 114.81 90.36 -19.66 -7.59 

2SRI_ATE 0.07 0.04 0.06 4.97 0.09 -11.31 0.11 15.15 

2SRI_LATE 0.10 0.07 -4.61 0.07 12.84 -0.01 -12.95 0.12 

        
X1 and X2 

        
2SLS 0.25 0.27 

  
-20.37 -1.15 -33.74 -1.53 

2SPS_ATE 0.94 0.96 
  

-8.29 13.85 -20.99 17.42 

2SPS_LATE 1.00 1.01 
  

-11.82 9.47 -21.02 17.37 

2SRI_ATE 1.41 1.43 
  

-11.22 10.21 -24.77 11.79 

2SRI_LATE 1.42 1.43 
  

-13.85 6.95 -27.27 8.08 

        
X2 and X3 

        
2SLS -0.37 -0.36 

  
9.29 -0.06 -11.38 -0.89 

2SPS_ATE -1.08 -1.06 
  

7.88 -1.35 -10.24 0.38 

2SPS_LATE -1.43 -1.41 
  

12.71 3.07 -16.20 -6.29 

2SRI_ATE 0.93 0.95 
  

10.10 0.68 -5.80 5.34 

2SRI_LATE -0.29 -0.27 
  

9.47 0.10 -11.40 -0.91 

 
 

It appears clear from the results of Table 29 that relative estimator performance 

for estimation of ATE and LATE is not sensitive to whether there are unmeasured 

variables or confounding.  The exception, however, is with nonlinear 2SRI in Scenarios 

1-3.  Under settings of full information and only X2 factors (i.e., Scenarios 1-3), nonlinear 
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2SRI_ATE appears to generate consistent estimates of ATE and 2SRI_LATE appears to 

be unbiased for LATE, even in scenarios with essential or quasi-essential heterogeneity.  

This is likely because treatment effect heterogeneity is properly modeled by nonlinear 

2SRI when all factors are measured and included as covariates.  Nonlinear 2SRI works 

under the premise that the residual from the first-stage treatment choice model can serve 

as a valid approximation of the unmeasured confounder.  However, when all variables are 

measured in the treatment choice and outcome model, the residual term is purely noise 

and has no impact on the model (this is similar to why nonlinear 2SRI performed well in 

non-essential scenarios for simulations with unmeasured variables discussed in the 

previous section).  Under these settings, the nonlinear 2SRI model becomes comparable 

to a single stage probit model with full information and average derivative estimates will 

be consistent.  However, this does not hold true when either X1 or X3 factors exist 

because including the nonlinear 2SRI model assumes that these are X2 factors and models 

treatment effect heterogeneity incorrectly. 

Unlike the nonlinear 2SRI model, nonlinear 2SPS does not identify ATE and 

LATE in Scenarios 1-3 with full information.  While 2SRI carries forward information 

from the first-stage treatment choice model in the form of a residual term—which can be 

correctly given an estimated coefficient of zero in the regression model on outcome—

2SPS carries forward the information by replacing observed treatment with predicted 

treatment and therefore forces the information from the first-stage treatment choice 

model to persist in the outcome model, affecting absolute treatment effect estimates.  

Under scenarios of full information where only X2 factors exist, the arguments made by 

Terza et al. (2008) regarding superiority of 2SRI to 2SPS hold true.19  As in the limited 

information scenarios, 2SPS_ATE estimates are unbiased for LATE.  For 2SLS and 

2SPS, the ability to generate consistent estimates of ATE and LATE is determined 

primarily by the circumstances regarding treatment effect heterogeneity and how it is 

related to treatment choices.  2SLS generates consistent estimates of LATE across all 
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Scenarios, but these estimates can only be generalized to ATE under non-essential 

heterogeneity or when ATE is equal to LATE by coincidence. 

Empirical Result:  Effect of ACE/ARBs on Survival 

The purpose of this empirical example is to demonstrate the differences in 

estimates generated by linear 2SLS, nonlinear 2SPS, and nonlinear 2SRI estimators in 

actual practice.   The focus for interpretation of results is on comparisons of ATE and 

LATE estimates generated by alternative estimators.  After all inclusion criteria are 

applied, the analytical sample includes 63,685 fee-for-service Medicare beneficiaries 

with a new AMI in 2008. 

The instrumental variable used in this analysis is ACE/ARB area treatment ratios 

(ATRs), a zip code level variable representing the ratio of predicted to actual patients 

treated using ACE/ARBs in the geographic region around beneficiaries’ Medicare-

associated zip code.  The instrument is specified in the first-stage treatment choice model 

using binary variables indicating the quintile of the ATR to which a beneficiary’s zip 

code is a member.  First-stage instrument exclusion tests (Chow Test) were used to test 

the assumption that instruments are significantly related to treatment choice, independent 

of all other measured covariates.96  The F-Statistic for the Chow test is 54.53, well above 

the commonly accepted threshold of weak instrument tests of F > 10.  The instrument 

exclusion restriction—the assumption that the instruments are unrelated to the outcome 

or other unmeasured variables related to the outcome, independent of treatment—is not 

directly testable.  However, the exclusion restriction is supported by Table 30, which 

shows no clear trend in the means of measured covariates related to patient health and 

outcomes across quintiles of ACE/ARB ATRs. 
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Table 30:  Means of select covariates across quintiles of ACE/ARB Area Treatment 
Ratios 

Quintiles of Area Treatment Ratio (ATR), 
150-person Circles   

1 2 3 4 5 
 

Total 

       
N    12,738 12,739 12,738 12,734 12,736  63,685 

           

Treatment and Outcome 
       

   Survival Post 365 0.84 0.85 0.85 0.85 0.84 
 

0.85 

   ACE/ARB 0.44 0.47 0.49 0.51 0.54 
 

0.49 

        
Comorbidities in 365-days prior 
to AMI        
   Charlson pre365 1.8 1.9 1.8 1.8 1.9 

 
1.8 

   Stroke pre365 0.054 0.052 0.054 0.053 0.057 
 

0.054 

   Diabetes pre365 0.37 0.37 0.37 0.37 0.38 
 

0.37 

   Heartfailure pre365 0.3 0.3 0.3 0.3 0.31 
 

0.3 

   CABG pre365 0.025 0.027 0.025 0.025 0.025 
 

0.025 

   Stent pre365 0.026 0.029 0.029 0.029 0.029 
 

0.028 

        
Characteristics of AMI 

       
   AWAMI index 0.06 0.062 0.066 0.068 0.06 

 
0.063 

   NSTEMI index 0.76 0.75 0.75 0.74 0.76 
 

0.75 

        
Comorbidities during stay for AMI 

       
   Charlson index 3.4 3.4 3.3 3.3 3.4 

 
3.4 

   Stroke index 0.029 0.025 0.028 0.026 0.027 
 

0.027 

   Diabetes index 0.37 0.37 0.37 0.37 0.37 
 

0.37 

   Heartfailure index 0.45 0.46 0.45 0.45 0.46 
 

0.45 

   CABG index 0.39 0.4 0.4 0.4 0.4 
 

0.4 

   Stent index 0.31 0.32 0.32 0.32 0.32 
 

0.32 
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Table 30 (continued)        

Demographics and Area Socio-
Economic Factors        
   Female 0.58 0.57 0.57 0.57 0.57 

 
0.57 

   White 0.86 0.84 0.83 0.82 0.82 
 

0.83 

   Black 0.074 0.07 0.069 0.086 0.094 
 

0.078 

   Other race 0.068 0.092 0.1 0.096 0.089  0.09 

   Age 66-70 0.2 0.2 0.21 0.21 0.2 
 

0.2 

   Age 71-75 0.19 0.2 0.2 0.2 0.2 
 

0.2 

   Age 76-80 0.21 0.2 0.2 0.21 0.2 
 

0.2 

   Age 81-85 0.2 0.19 0.19 0.18 0.18 
 

0.19 

   Age 85+ 0.21 0.21 0.2 0.21 0.21 
 

0.21 

   % Low Income Area 0.49 0.48 0.51 0.51 0.49 
 

0.5 

   High No HS Education Area 0.5 0.48 0.5 0.5 0.49 
 

0.49 

   High % Poverty Area 0.47 0.49 0.5 0.49 0.51 
 

0.49 
 

Table 31 provides estimates for the effect of ACE/ARB use after acute 

myocardial infarction generated by alternative IV estimators.  While no model generated 

an estimate for the effect of ACE/ARBs on 1-year survival that is statistically significant, 

principle interest for this example lies in comparisons of absolute effect estimates across 

and within estimators.   
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Table 31:  Comparing Estimators for Regression Estimates of ACE/ARB on Survival 
(150-person circle ATR Quintiles for Instruments) 

 
2SLS 

2SPS 
(Linear-Probit) 

2SRI 
(Linear-Probit) 

2SPS 
(Probit-Probit) 

2SRI 
(Probit-Probit) 

      

ATE  0.023 0.024 0.027 -0.024 

      

LATEb 0.017 0.023 0.024 0.027 -0.024 

      

LATE  
(at means) 

0.017 0.022 0.023 0.026 -0.023 

      

N 63,685     

Under ID 217.14     

(P-Value) (p<0.0001)     

Chow Testa
 54.53     

(P-Value) (p<0.0001)     
a F-Test of excluded instrumental variables (ATR quintiles) in first-stage treatment choice equation 
b Patients marginal if predicted probability of treatment ('(!*) satisfied 0.45 [ '(!* [ 0.55 
* p < 0.05, ** p < 0.01, *** p < 0.001 

  

The parameter estimate generated by 2SLS was 0.017.  It is well established that 

two-stage least squares generates consistent estimates of LATE with minimal 

assumptions—this idea was supported by the simulation results in the previous section.  

As such, the 2SLS estimate is considered the “gold standard” for comparisons of LATE 

in this example.  LATE estimates generated by nonlinear 2SPS (0.023) and nonlinear 

2SRI (0.024) models are not meaningfully different from the LATE estimate generated 

by 2SLS when estimated using a linear first-stage model and probit outcome model.  

Similarly, the LATE estimate generated by nonlinear 2SPS with a probit specification for 

both the first- and second-stage models is comparable to the 2SLS estimate of LATE.  



122 
 

However, estimates generated by 2SRI methods with a nonlinear (probit) first-stage 

model are considerably different from estimates yielded by all other models—the probit-

probit 2SRI estimate is, in fact, similar in magnitude but opposite in direction of effect.  

This finding may indicate that the additional assumptions imposed by the nonlinear first-

stage model results in inconsistent treatment effect estimates.  Estimates of LATE 

generated by 2SPS and 2SRI models do not differ by the method used to identify the 

marginal individuals in the data.  Treatment effect estimates from models using 

alternative methods for defining the marginal population are provided in appendix Tables 

A-2 and A-3. 

The theoretical model discussed in relation to this empirical problem was most 

similar to simulation Scenario 9—essential heterogeneity with both X2 and X3 factors 

present.  Simulation results for Scenario 9 suggest that 2SLS, 2SPS_ATE, 2SPS_LATE, 

2SRI_ATE, and 2SRI_LATE are all relatively unbiased for the true LATE.  2SLS was 

least biased for LATE in the simulation.  These trends from simulation Scenario 9 fit well 

to the findings of the empirical results.  All estimates—excepting those generated by 

probit-probit 2SRI—are similar in magnitude, though nonlinear estimates differed 

slightly from the linear 2SLS estimate.  However, no estimator generated consistent 

estimates of the ATE in simulation Scenario 9—or any simulation scenario of essential 

heterogeneity.  As such, it is unlikely that any estimate reported in Table 31 is reflective 

of the true ATE, unless we alter our theory regarding the characteristics of treatment 

effect heterogeneity and treatment choice or accept additional strong assumptions.  For 

example, estimates may be interpreted as ATE if it is assumed that treatment effect 

heterogeneity is actually non-essential or that the true ATE and true LATE in this 

population are equal by coincidence. 

Estimates of LATE reflect the benefits of ACE/ARBs for patients whose 

treatment decisions were influenced by their geography.  Theory suggests that the 

benefits of ACE/ARBs are heterogeneous and that treatment decision-makers are 
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“sorting-on-the-gain” with respect to this heterogeneity, such that heterogeneity is 

“essential”—those with higher effectiveness are more likely to be treated, all else equal.  

It would be expected that the true average treatment effect for the treated population 

would be greater than LATE, while true the average treatment effect for the untreated 

population would be less than LATE.  In this empirical example, absolute treatment 

effect estimates of ATE generated by nonlinear 2SRI and 2SPS were nearly equal to 

estimates of LATE for each model and specification.  If it were assumed that nonlinear 

2SRI and nonlinear 2SPS methods yield unbiased estimates of both the ATE and LATE, 

then the approximately equal estimates of ATE and LATE generated by these nonlinear 

estimates would suggest that true ATE and true LATE are approximately equal.  

However, while this is indeed possible, simulation results discussed in the previous 

section suggest that neither nonlinear 2SRI, nor nonlinear 2SPS, can identify the ATE in 

scenarios of essential heterogeneity.  Moreover, estimates of ATE generated by nonlinear 

estimators were found to be less biased for true LATE then true ATE in simulation 

scenarios modeling essential heterogeneity.  With these considerations, it is likely that 

both ATE and LATE estimates for the effects of ACE/ARBs on survival reflect only the 

treatment benefits for the marginal population and cannot be interpreted as reflecting 

average treatment effects across the entire population. 

These inferences are robust to alternative specifications of the instrumental 

variables (i.e., larger or smaller geographic regions used to define ATRs), though 

magnitude of effect estimates is somewhat variable across these alternative model 

specifications.  Tables of results for models using ATRs created from 100-person and 

200-person circles are provided in the appendix (Appendix Tables A-2 and A-3, 

respectively). 
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CHAPTER 5 

DISCUSSION AND CONCLUDING REMARKS 

Simulations performed in this research support ideas that IV methods only 

identify treatment effects for the marginal individuals and cannot be used to make more 

general inferences without additional assumptions about the nature of treatment effect 

heterogeneity and treatment choice.  For example, if researchers assume that 

heterogeneity in treatment effectiveness can be characterized as non-essential, then 

estimates from 2SLS, 2SPS, and 2SRI can be used to make inferences about population 

average treatment effects.17,48  Or, if researchers can assume that all factors in the 

relationships being modeled are X2 factors and are measured and specified in empirical 

models, then correctly specified nonlinear 2SRI (or a naïve nonlinear regression) may 

yield estimates of ATE even under settings of essential heterogeneity.  Unfortunately, 

these may not be reasonable assumptions for many clinical scenarios in health care.  

Rather, if treatment effects are heterogeneous across patients then it may be likely that 

physicians are knowledgeable about variation in expected benefits of treatment across 

distinct patients.  This knowledge may stem from their own expertise and training or 

through experience gained through accumulated clinical practice—a phenomena termed 

passive personalization.48  If it is the case that treatment decision-makers are sorting 

patients into treatment based upon their expected idiosyncratic gains, then IV methods 

cannot be expected to generally yield estimates interpretable as population average 

treatment effects.  However, across all potential clinical scenarios, 2SLS can be depended 

upon to generate consistent estimates of the LATE given only minimal assumptions 

regarding validity of the specified instrumental variables—fundamental assumptions to 

all IV methods, linear or nonlinear.2,12  Assertions that nonlinear 2SRI should be adopted 

because 2SLS results in inconsistent estimates do not hold true in cases where LATE is 

the parameter of interest. 
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When marginal individuals are well representative of the population as a whole 

average derivative estimates generated by correctly specified nonlinear 2SRI models may 

be unbiased for the ATE.  It is not necessarily true, however, that unbiased average 

treatment effects for subpopulations can be estimated using even correctly specified 

nonlinear 2SRI—as has been suggested to be a benefit of nonlinear 2SRI, relative to 

2SLS, in the past.62  Terza (2002) reports heterogeneous effects of alcohol abuse on 

employment, asserting that this is possible because the nonlinear 2SRI method accounts 

for heterogeneity on both the observables and unobservables.62  However, the results of 

our simulations suggest that these conclusions may only be valid if it can be assumed that 

marginal individuals are uniformly distributed across the distribution of treatment 

effectiveness—assumptions not discussed by Terza.  Moreover, even if the above 

assumption is satisfied, the conditions necessary to consistently estimate absolute effects 

for subgroups using nonlinear 2SRI have not been clearly defined.  Simulation results 

from Scenarios 1b, 5, and 6 show that absolute LATE estimates generated by 2SRI, 

calculated as an average derivative over the known marginal population, were biased for 

LATE.  It may not be possible to consistently estimate subgroup absolute effects when 

there is heterogeneity on the unobservables.  Nonlinear models force treatment effects to 

be heterogeneous across all patient subpopulation, as defined by the covariates affecting 

outcome directly.  This is an artifact of the nonlinear model, but is an untestable 

assumption that may not reflect the truth.  As such, inferences from nonlinear models for 

treatment effect differences across populations may be misleading.  For example, while 

nonlinear 2SRI or 2SPS models would suggest that treatment effectiveness varies across 

X3 groups in simulation Scenarios 7-9, the X3 characteristics have no relationship with 

treatment effectiveness in truth and such inferences would be erroneous. 

This research serves as support for the importance of, and need for well-

developed theoretical models in empirical work.  These theoretical models underlie the 

validity of inferences made by empirical researchers when discussing and interpreting 
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estimates generated using observational data.  A principle motivation for this research has 

been an apparent lax in interpretation of empirical results, particularly when instrumental 

variables methods are used.  The job of the researcher is not to simply provide estimates, 

but to responsibly interpret those estimates and provide discussion regarding to whom 

those estimates may apply, given theory about treatment effect heterogeneity and 

circumstances underlying treatment choices.  While it is likely that some degree of 

essential heterogeneity exists in a plurality of clinical settings, only 5 of 51 reviewed 

papers that use nonlinear 2SRI as their primary estimator include discussion stating that 

treatment effect estimates from their IV regressions may only be only locally 

interpretable.  Many empirical works simply provide estimates and proceed to interpret 

them as a general effect with no discussion given to whether treatment effects may be 

heterogeneous or to whom these estimates may apply.  Researchers need to be clear about 

interpretation of estimates, especially from IV estimators.  Proper discussion of the 

theorized treatment choice model and characteristics of treatment effect heterogeneity is 

an important first step.  IV models do not simply remove bias, as a surgeon would 

remove a tumor.  IV methods estimate treatment effects for a specific subpopulation that 

may be very unique in terms of treatment effects and not reflective of the larger 

population.  While this has been repeatedly stated and stressed by researchers in the IV 

methods literature, it is often left unsaid in empirical work.  This may be a particularly 

prevalent issue in empirical work employing nonlinear 2SRI methods because the 

methodological work commonly cited as evidence that nonlinear 2SRI should be used in 

place of 2SLS includes no discussion of LATE or local interpretability of IV 

estimates.18,19 

Perspectives of LATE as an interesting parameter in and of itself, and not a 

treatment effect parameter that researchers must settle for when there is unmeasured 

confounding, is something I feel must be stressed.  If treatment effects are truly 

heterogeneous across patients then population average treatment effects may often be far 
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less meaningful or clinically relevant than LATE.  Who really is the “average” patient?  

Ideas of sorting-on-the-gain or “passive personalization” represents the artistry of 

medicine.  The richness and clinical importance of information observed and analyzed by 

physicians when making treatment decisions, as compared to the very limited information 

available in observational data, cannot be overemphasized.  With this data, treatment 

decision makers may often be able to use their clinical expertise to identify those patients 

who stand to benefit most and least from treatment and ultimately would be expected to 

use this information when making treatment decisions.  In such cases, the uncertainty lies 

in the patients for whom this cost-benefit calculation is least clear.  For these patients, 

naturally random factors unrelated to treatment effectiveness or outcomes may affect 

treatment decisions.  These are the marginal patients whose treatment choices may be 

influenced by policies seeking to influence treatment rates.  These marginal patients may 

be the patients for whom research efforts may provide the most benefits, and for whom 

LATE estimates may most accurately represent. 

There are several limitations that must be discussed regarding this research.  The 

simulation scenarios examined are not exhaustive of all possible clinical settings.  This 

research is a small step that I hope will further both the understanding and discussion of 

the ability of IV estimators to produce estimates of ATE and LATE across alternative 

possible clinical scenarios.  Previous research has suggested that nonlinear 2SRI can be 

generally used to obtain consistent estimates of population average treatment effects in 

models with inherently nonlinear dependent variables.  However, past research did not 

examine the properties of estimators across alternative scenarios of treatment effect 

heterogeneity and sorting-on-the-gain.  As a result, the interpretability of estimates across 

many relevant clinical settings was not known and swift adoption of nonlinear 2SRI 

methods may have resulted in potentially misleading inferences.  The simulations 

conducted in this research aid by clearly describing alternative possible scenarios and 
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demonstrating the limitations of nonlinear 2SRI and potential benefits of linear 2SLS 

methods across these scenarios. 

This research examines only the ability of nonlinear IV methods to generate 

unbiased estimates of absolute treatment effects.  Many clinicians believe that absolute 

treatment effects are the most valuable for patients and physicians when making 

treatment decisions.97  However, the properties of relative effect estimates generated by 

nonlinear IV models, which may be the concepts of interest for some empirical research 

applications, are not examined or discussed.  Furthermore, results reported for the 

magnitude of bias of absolute treatment effect estimates are sensitive to parameter values 

and model specification.  Alternative model specifications—including changes to 

parameter values in data generation models—may result in different results for 

magnitude of bias. 

The empirical example performed presents special limitations because it is not 

possible to know with certainty the true ATE or true LATE values from observational 

data.  Previous research, as well as the simulation results of this research, suggests that 

2SLS generates consistent estimates of LATE with minimal assumptions that are 

fundamental to all IV estimators.  As such, we use the 2SLS estimate as a gold standard 

in the empirical scenario.  However, if assumptions of essential heterogeneity in 

ACE/ARB use for AMI patients are correct, then no method generates an estimate of the 

ATE and there is no reliable gold standard for comparison.  Additionally, it is not 

possible to directly identify the marginal individuals whose treatment choices were 

influenced by the instruments in the observational data.  While average derivative 

estimates of LATE did not differ in any meaningful way across alternative methods used 

to approximate the subpopulation of marginal individuals, the methods used here are 

untested and no known research has demonstrated a valid method for identifying the 

marginal population from observational data. 
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Though not the immediate focus of this research, it is important to restate the 

added strong assumptions and potential dangers of using a nonlinear first-stage treatment 

choice model when employing nonlinear IV methods.  Consistency of second-stage 

treatment effect estimates is robust to a linear first-stage treatment choice model, even if 

the relationships modeled in the first-stage are not linear in truth.12  This robustness 

property does not hold for models with nonlinear first-stage regressions.12  Given the 

results of the empirical example for ACE/ARB use on survival, absolute treatment effect 

estimates generated using nonlinear 2SRI appear to be especially sensitive to nonlinear 

misspecification of the first-stage.  Estimates generated using a probit-probit 2SRI model 

were opposite in direction of effect, compared to all other estimators.  Estimates 

generated using probit-probit 2SPS models were not significantly different from 2SLS or 

linear-probit model estimates.  However, despite these potential risks, researchers 

employing 2SRI methods for models with “inherently nonlinear dependent variables” 

commonly opt for a nonlinear regression in the first stage treatment choice 

model.5,21,23,25,26,33,34,62,80  If estimates generated from models with nonlinear first-stage 

equations differ significantly from estimates generated by linear models, it may be likely 

that the nonlinear models are generating inconsistent estimates.12,47  Incomplete 

understanding of this could easily lead too improper inferences.  For example, estimating 

the effect on informal care receipt on formal care use, Bonsang et al. (2009) report 

estimates from 2SLS suggesting a statistically significant positive effects while nonlinear 

2SRI—with a nonlinear first stage model—estimates suggested statistically significant 

negative effects.39  Bonsang and colleagues disregard the 2SLS estimate as inconsistent 

based upon the assertions of Terza et al. (2008)—stating that “the standard approach of 

instrumental variables estimation used in linear models provides inconsistent estimates 

when applied to nonlinear models”.39  However, this is not completely accurate.  As 

shown in our simulations, 2SLS yields consistent estimates of LATE.  Nonlinear 2SRI 

estimates, on the other hand, lean heavily on assumptions that are not discussed by 
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Bonsang and colleagues.  Given these added strong assumptions, it may be likely that the 

significant negative effect estimated by nonlinear 2SRI models is inconsistent and should 

not be used to inform policy-makers. 

It is my hope that this research highlights the necessity for researchers to consider 

concepts of treatment effect heterogeneity and “sorting-on-the-gain” when interpreting 

regression estimates.  IV methods yield estimates of LATE that are interpretable for only 

a specific subset of the population.  Generalization of these estimates requires that the 

researcher justifies additional strong assumptions about the nature of treatment effect 

heterogeneity and circumstances underlying treatment choices.  These assumptions are 

integral to making responsible inferences from treatment effect estimates using 

observational data and should be stated and defended through theory laid out by 

empirical researchers up front.  If these assumptions cannot be reasonably accepted, then 

researchers must consider that LATE is itself may be an interesting parameter and, while 

ATE may often be more “palatable” because of its nature as a straightforward population 

average, population average treatment effects may often be less informative or useful 

than LATE for clinicians and policy-makers.   

The pursuit of innovative statistical methodologies that enable researchers to 

produce consistent estimates of alternative population and patient-centered treatment 

effects using observational data is a laudable goal and certainly something to continue 

striving for.  The availability and richness of observational data will only increase as we 

technology advances and we move forward in the age of electronic medicine, 

surveillance, and record keeping.  However, as implementation of advanced regression 

methods becomes increasingly easy through convenient statistical packages, researchers 

must be careful to avoid using these methods simply for the sake of using them.  Without 

understanding and careful thought of the added strong assumptions and potential 

limitations on inferences that can be made from treatment effect estimates generated by 
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these estimators, it can be far too easy to make potentially inappropriate inferences that 

may ultimately misguide patients, clinicians, or policy-makers. 
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APPENDIX 

COVARIATE DEFINITIONS AND ADDITIONAL RESULTS 

Table A-1:  Coding scheme for study covariates 

Variable Definition/Source Source of Data Values 
Patient demographics 

A
ge

 Categories will be: 66-70, 71-75, 76-80, 81-85, 
Over 85 

Beneficiary 
Summary Files 
(2008) 

1 if in age 
category, 0 
otherwise 

G
en

de
r 

Categories will be M, F 
Beneficiary 
Summary Files 
(2008) 

1 if male, 0 
female 

Ra
ce

 

Categories will be Unknown, White, Black, 
Other, Asian, Hispanic, Native American 

Beneficiary 
Summary Files 
(2008) 

1 if in race 
category, 0 
otherwise 

M
et

ro
/N

on
-

M
et

ro
 

G
eo

gr
ap

hi
c 

Lo
ca

tio
n Will use Rural-Urban Continuum Codes (1-9) 

developed by the USDA Economic Research 
Service (ERS): summarized to metro (1-3) and 
non-metro (4-9) areas. 

Beneficiary 
Summary Files 
(2008) 

1 if in 
location 
category, 0 
otherwise 

A
ve

ra
ge

 
Li

fe
 

Ex
pe

ct
an

cy
 

Average life expectancy in quartiles by zip 
code98 

U.S. Census, 
NCHS 

1 if in each 
category, 0 
otherwise 

D
ua

l E
lig

ib
le

 S
ta

tu
s 

Dual eligibility status at the time of index AMI 
and recent change in dual eligibility status 

Beneficiary 
Summary Files 
(2008) 

1 if dual 
eligible in 
AMI month, 
0 otherwise; 
1 if dual 
eligibility 
status 
changed 
within last 12 
months 
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Table A-1 (continued) 
Lo

w
 In

co
m

e 
Su

bs
id

y Whether individuals received a low income 
subsidy available under Medicare part D 
prescription drug program. 

Beneficiary 
Summary Files 
(2008) 

1 if 
individuals 
received a 
low-income 
subside; 0 
otherwise 

A
re

a 
Ch

ar
ac

te
ris

tic
s 

Median percent of: residents living in poverty, 
non-English speakers, immigrant residents, low 
income residents, residents who did not 
complete high school by zip code  

2000 U.S. 
Census 

Beneficiaries 
in above-
median zip 
codes 
received a 
“1” for that 
variable, and 
“0” 
otherwise. 

Baseline medical history/comorbidities 

Ti
m

e 
Pe

rio
d Two sets of variables will measure: (1) up to 

365 days pre admission and (2) during 
admission  

  

A
M

I (
A

cu
te

 
M

yo
ca

rd
ia

l 
In

fa
rc

tio
n)

 

At least 1 inpatient claim with ICD-9 codes 
410.01, 410.11, 410.21, 410.31, 410.41, 410.51, 
410.61, 410.71, 410.81, 410.91 (ONLY first or 
second ICD-9 on the claim) 99 

Part A 
(Inpatient) 

1 if code 
occurs, 0 
otherwise 

St
ro

ke
 

At least 1 inpatient claim or 2 HOP or Carrier 
claims with ICD-9 codes  430, 431, 434.00, 
434.01, 434.10, 434.11, 434.90, 434.91, 435.0, 
435.1, 435.3, 435.8, 435.9, 436, 997.02 (any 
ICD-9 on the claim); If any of the qualifying 
claims have: 800 <= ICD-9 Code <= 804.9, 850 
<= ICD-9 Code <= 854.1 in any ICD-9 position 
or ICD-9 V57xx as the principal ICD-9 code, 
then EXCLUDE. 99  Exclude 435.X per Mini-
Sentinel (2011) 100 

Part A 
(Inpatient) Part 
B (outpatient, 
Carrier) 

1 if code 
occurs, 0 
otherwise 

TI
A

 
(T

ra
ns

ie
nt

 
Is

ch
em

ic
 

A
tta

ck
) 

ICD-9 codes 435.x in hospitalization or 
emergency encounter data 100 Part A/B 

1 if code 
occurs, 0 
otherwise 
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Table A-1 (continued) 
H

ea
rt 

Fa
ilu

re
 ICD-9 398.91, 402.01, 402.11, 402.91, 404.01, 

404.11, 404.91, 404.03, 404.13, 404.93, 428.0, 
428.1, 428.20, 428.21, 428.22, 428.23, 428.30, 
428.31, 428.32, 428.33, 428.40, 428.41, 428.42, 
428.43, 428.9 (Any ICD-9 on the claim); At 
least 1 inpatient, HOP or Carrier claim with 
ICD-9 codes 99 

Part A 
(Inpatient) Part 
B (outpatient, 
Carrier) 

1 if code 
occurs, 0 
otherwise 

A
tri

al
 

Fi
br

ill
at

io
n 

ICD-9 427.31 (ONLY first or second ICD-9 on 
the claim); At least 1 inpatient claim or 2 HOP 
or Carrier claims with ICD-9 code99 

Part A 
(Inpatient) Part 
B (outpatient, 
Carrier) 

1 if code 
occurs, 0 
otherwise 

CK
D

 (C
hr

on
ic

 K
id

ne
y 

D
ise

as
e)

 

ICD-9 016.00, 016.01, 016.02, 016.03, 016.04, 
016.05, 016.06, 095.4, 189.0, 189.9, 223.0, 
236.91, 249.40, 249.41, 250.40, 250.41, 250.42, 
250.43, 271.4, 274.10, 283.11, 403.01, 403.11, 
403.91, 404.02, 404.03, 404.12, 404.13, 404.92, 
404.93, 440.1, 442.1, 572.4, 580.0, 580.4, 
580.81, 580.89, 580.9, 581.0, 581.1, 581.2, 
581.3, 581.81, 581.89, 581.9, 582.0, 582.1, 
582.2, 582.4, 582.81, 582.89, 582.9, 583.0, 
583.1, 583.2, 583.4, 583.6, 583.7, 583.81, 
583.89, 583.9, 584.5, 584.6, 584.7, 584.8, 
584.9, 585, 585.1, 585.2, 585.3, 585.4, 585.5, 
585.6, 585.9, 586, 587, 588.0, 588.1, 588.81, 
588.89, 588.9, 591, 753.12, 753.13, 753.14, 
753.15, 753.16, 753.17, 753.19, 753.20, 753.21, 
753.22, 753.23, 753.29, 794.4 (any ICD-9 on 
the claim); At least 1 inpatient, SNF or HHA 
claim or 2 HOP or Carrier claims with ICD-9 
codes99 

Part A 
(Inpatient, SNF, 
HHA)  
Part B 
(outpatient, 
Carrier) 

1 if code 
occurs, 0 
otherwise 

D
ia

be
te

s 

ICD-9 249.00, 249.01, 249.10, 249.11, 249.20, 
249.21, 249.30, 249.31, 249.40, 249.41, 249.50, 
249.51, 249.60, 249.61, 249.70, 249.71, 249.80, 
249.81, 249.90, 249.91, 250.00, 250.01, 250.02, 
250.03, 250.10, 250.11, 250.12, 250.13, 250.20, 
250.21, 250.22, 250.23, 250.30, 250.31, 250.32, 
250.33, 250.40, 250.41, 250.42, 250.43, 250.50, 
250.51, 250.52, 250.53, 250.60, 250.61, 250.62, 
250.63, 250.70, 250.71, 250.72, 250.73, 250.80, 
250.81, 250.82, 250.83, 250.90, 250.91, 250.92, 
250.93, 357.2, 362.01, 362.02, 366.41 (any 
ICD-9 on the claim); At least 1 inpatient, SNF 
or HHA claim or 2 HOP or Carrier claims with 
ICD-9 code 99 AND add a dummy for insulin 
use from pharmacy claims  

Part A 
(Inpatient, SNF, 
HHA)  
Part B 
(outpatient, 
Carrier) 
Part D 

1 if code 
occurs, 0 
otherwise 
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Table A-1 (continued) 
H

yp
er

te
ns

io
n 

(c
om

pl
ic

at
ed

) 

ICD-9 402.10, 402.90, 404.10, 404.90, 405.1, 
405.9101 Part A/B 

1 if code 
occurs, 0 
otherwise 

H
yp

er
te

ns
io

n 
(u

nc
om

pl
ic

at
ed

) 

 ICD-9 401.1, 401.9 101 Part A/B 
1 if code 
occurs, 0 
otherwise 

H
yp

er
lip

id
em

ia
 

ICD-9 272.xx OR a pharmacy claim for a lipid 
lowering medication102 Part A/B/D 

1 if code 
occurs, 0 
otherwise 

CO
PD

 ICD-9 491.0, 491.1, 491.20, 491.21, 491.22, 
491.8, 491.9, 492.0, 492.8, 494.0, 494.1, 496 
(any ICD-9 on the claim)99 

Part A/B 
1 if code 
occurs, 0 
otherwise 

Ca
nc

er
 

(g
en

er
al

) 

ICD-9 140.x-172.x, 174.x-195.8, 200.x-208.x103 Part A/B 
1 if code 
occurs, 0 
otherwise 

M
et

as
ta

tic
 

Ca
nc

er
 

ICD-9 196.x-199.x101 Part A/B 
1 if code 
occurs, 0 
otherwise 

A
sth

m
a 

ICD-9 493.0, 493.1, 493.9104 Part A/B 
1 if code 
occurs, 0 
otherwise 

 

 



136 
 

Table A-1 (continued) 
N

on
-A

M
I I

sc
he

m
ic

 H
ea

rt 
D

ise
as

e 
(A

M
I c

od
es

 
re

m
ov

ed
) 

ICD-9 410.00, 410.02, 410.10, 410.12, 410.20, 
410.22, 410.30, 410.32, 410.40, 410.42, 410.50, 
410.52, 410.60, 410.62, 410.70, 410.72, 410.80, 
410.82, 410.90, 410.92, 411.0, 411.1, 411.81, 
411.89, 412, 413.0, 413.1, 413.9, 414.00, 
414.01, 414.02, 414.03, 414.04, 414.05, 414.06, 
414.07, 414.10, 414.11, 414.12, 414.19, 414.2, 
414.3, 414.8, 414.9  
PROC 00.66, 36.01, 36.02, 36.03, 36.04, 36.05, 
36.06, 36.07, 36.09, 36.10, 36.11, 36.12, 36.13, 
36.14, 36.15, 36.16, 36.17, 36.19, 36.2, 36.31, 
36.32 HCPCS 33510, 33511, 33512, 33513, 
33514, 33516, 33517, 33518, 33519, 33521, 
33522, 33523, 33533, 33534, 33535, 33536, 
33542, 33545, 33548, 92975, 92977, 92980, 
92982, 92995, 33140, 33141 (any ICD-9, PROC 
or HCPCS on the claim); At least 1 inpatient, 
SNF, HHA, HOP or Carrier claim with ICD-9, 
Procedure or HCPC codes99 

Part A 
(Inpatient, SNF, 
HHA)  
Part B 
(outpatient, 
Carrier) 
 

1 if code 
occurs, 0 
otherwise 

U
ns

ta
bl

e 
A

ng
in

a 

ICD-9 411.xx Part A/B 
1 if code 
occurs, 0 
otherwise 

A
ng

io
ed

em
a 

ICD-9 995.1x Part A/B 
1 if code 
occurs, 0 
otherwise 

D
ep

re
ss

io
n 311.xx, 298.0x, 300.4x, 309.1x; 296.20-296.26; 

296.30-296.36; 296.50-296.56; 296.60-296.66; 
296.89 
Exclude if BETOS code not in D1A, D1B, D1C, 
D1D, D1E, D1F, D1G, O1A 

Part A/B 
1 if code 
occurs, 0 
otherwise 

CA
BG

 

ICD-9 Procedure codes 36.0-36.39 or CPT 
33510-33536105,106 Part A/B 

1 if code 
occurs, 0 
otherwise 

St
en

t 

Stent alone CPT codes 92980-92981106 
 ICD-9-CM procedure  code 36.06,drug-eluting 
stent (ICD-9-CM procedure code 36.07), or 
both107 

Part A/B 
1 if code 
occurs, 0 
otherwise 
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Table A-1 (continued) 
Pa

ce
m

ak
er

 
Im

pl
an

ta
tio

n 

ICD-9 procedure codes  37.80-37.89108 Part A/B 
1 if code 
occurs, 0 
otherwise 

PT
CA

 

Angioplasty only: ICD-9 procedure codes  
36.01, 36.02, 36.05, 36.06105  Part A/B 

1 if code 
occurs, 0 
otherwise 

Ch
ar

lso
n 

Co
m

or
bi

di
ty

 
In

de
x Comorbidity Score from 0 to 19 possible 

points103 Part A/B 0-19 points 
possible  

Se
rio

us
 M

yo
pa

th
y 

A primary or secondary discharge code for 
myoglobinuria((ICD-9-CM 791.3), OR a 
primary code for “other disorders of muscle,” 
(ICD-9-CM 728.89, 729.1, 359.4,359.8, 359.9, 
710.4, 728.9, 729.8X, E942.2) OR a secondary 
code for any of the above codes ”accompanied 
by a claim for a CK test within 7 days of 
hospitalization or a discharge code for acute 
renal failure (CPT codes 82550, 82552, 82554, 
80012, 80016, 80018, or 80019).109 

Part A/B 
1 if code 
occurs, 0 
otherwise 

N
on

-
se

rio
us

 
M

yo
pa

th
y 

All codes above, but no claim type or position 
restrictions, and no CK test required. Part A/B 

1 if code 
occurs, 0 
otherwise 

Br
ad

yc
ar

di
a 

ICD-9 code 427.8110 Part A/B 
1 if code 
occurs, 0 
otherwise 

H
ea

rt 
Bl

oc
k 

ICD-9 code 426.x110 Part A/B 
1 if code 
occurs, 0 
otherwise 

H
yp

er
ka

le
m

ia
 

ICD-9 code 276.7111 Part A/B 
1 if code 
occurs, 0 
otherwise 
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Table A-1 (continued) 
H

ep
at

ic
 

Ev
en

ts Acute/sub-acute necrosis of liver (570.xx) or 
hepatitis(573.3x)  or other disorders of liver 
(573.8x, 573.9x)112 

  

Ca
rd

ia
c 

A
rre

st 

ICD-9 427.5113 Part A/B 
1 if code 
occurs, 0 
otherwise 

V
en

tri
cu

la
r 

A
rrh

yt
hm

ia
 

ICD-9 427.1x, 427.4x , 427.41, 427.42114 Part A/B 
1 if code 
occurs, 0 
otherwise 

O
th

er
 

A
rrh

yt
hm

ia
 

ICD-9 427.xx, 798.xx Part A/B 
1 if code 
occurs, 0 
otherwise 

Ca
rd

io
ge

ni
c 

Sh
oc

k 

ICD-9 785.51113 Part A/B 
1 if code 
occurs, 0 
otherwise 

H
yp

ot
en

sio
n 

ICD-9 458.x110  or ICD-9 458.0115  
and ICD-9 458.9, 785.5x, and 998.0116 

Part A/B 
1 if code 
occurs, 0 
otherwise 

Re
na

l 
Fa

ilu
re

 acute renal failure/acute tubular necrosis (ICD-9 
584.xx) or  
acute glomerulonephritis (ICD-9 580.xx)112,117 

Part A/B 
1 if code 
occurs, 0 
otherwise 

Baseline and Post-Discharge medications 

Ti
m

e 
Pe

rio
d 180 days prior to index admission date AND 30 

days post discharge for ACE/ARBs and beta 
blockers only 

  

D
ru

g 
Cl

as
se

s 

All drug classes identified by linking Part D 
claims to Multum Lexicon Plus dataset 
(Copyright 2012 Lexi-Comp, Inc. and/or Cenner 
Multum, Inc) 
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Table A-1 (continued) 
N

itr
at

es
 

 Part D 

1 if 
prescription 
filled during 
time period,  
0 otherwise 

Cl
op

id
og

re
l 

 Part D  

A
CE

 
In

hi
bi

to
rs

 

 Part D  

A
RB

s 

 Part D  

Be
ta

 
Bl

oc
ke

rs
 

 Part D  

Li
pi

d-
lo

w
in

g 
A

ge
nt

s 

 Part D  

Ca
lc

iu
m

-
ch

an
ne

l 
Bl

oc
ke

rs
 

 Part D  

Lo
w

 
m

ol
ec

ul
ar

 
w

ei
gh

t 
H

ep
ar

in
 

 Part D  

W
ar

fa
rin

 

 Part D  

D
iu

re
tic

s 
(lo

op
 

di
ur

et
ic

s, 
th

ia
zi

de
 

 Part D  
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Table A-1 (continued) 
O

th
er

 
an

tih
yp

er
te

ns
iv

e 

 Part D  

Fe
no

fib
ra

te
s 

an
d 

ot
he

r 
lip

id
-lo

w
er

in
g 

ag
en

ts 

 Part D  

In
su

lin
 

 Part D  

O
th

er
 a

nt
i-d

ia
be

tic
s  

Alpha-glucosidase, amylin analogues, 
biguanides, dipeptidylpeptidase 4 inhibitors, 
glucagon-like peptide 1 receptor agonists, 
meglitinides, sulfonylureas, thiazolidinediones, 
others (epalrestat, exenatide, glybuzole) 

Part D  

Diagnosis on admission 

A
nt

er
io

r 
w

al
l A

M
I 

ICD-9 410.0 410.1118 Part A/B 
1 if code 
occurs, 0 
otherwise 
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Table A-1 (continued) 
Su

be
nd

oc
ar

di
al

 
In

fa
rc

tio
n 

(N
ST

EM
I) 

ICD-9 410.7x118 Part A/B 
1 if code 
occurs, 0 
otherwise 

O
th

er
 

A
M

I 
lo

ca
tio

ns
 

Other  AMI locations ICD-9 410.5-410.6, 
410.8-410.9118 Part A/B 

1 if code 
occurs, 0 
otherwise 

Complications during admission 

Se
ps

is 

ICD-9 995.91100 Part A/B 
1 if code 
occurs, 0 
otherwise 

Pn
eu

m
on

ia
 

Secondary ICD-9 481 to 483119 Part A/B 
1 if code 
occurs, 0 
otherwise 

Procedures during hospitalization 

St
re

ss
 T

es
t ICD-9 89.4x, CPT 93015 or CPT codes 93015-

93018, 93350, 78460-78465, 78472-78483, 
78494, 78496, 78491-78492 (includes nuclear 
imaging)106 

Part A/B 
1 if code 
occurs, 0 
otherwise 

Ca
rd

ia
c 

Ca
th

et
er

iz
at

io
n 

CPT codes 93508, 93510-93529, 93539-93540, 
93543, 93545-93552106 Part A/B 

1 if code 
occurs, 0 
otherwise 

Ec
ho

ca
rd

io
gr

ap
hy

 

On inpatient claim, ICD-9 procedure code  
88.72; on outpatient claim, CPT 93307, 93320, 
93325, 93308120 

Part A 
(Inpatient) 
Part B 
(outpatient) 

1 if code 
occurs, 0 
otherwise 
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Table A-1 (continued) 

Insurance variables 

Be
ne

fit
 

Ph
as

e Will indicate whether patient was in deductible, 
“donut hole” or catastrophic phase at index 
admission 

Part D Event 
Data  

1 if code 
occurs, 0 
otherwise 

Pl
an

 
Pr

em
iu

m
 

Q
ua

rti
le

 

Plan premium rates by beneficiary separated 
into quartiles  

Pharmacy 
characteristics 
file 

1 if in each 
category, 0 
otherwise 

Cu
m

ul
at

iv
e 

Be
ne

fic
ia

ry
 

Re
sp

on
sib

ili
ty

 
A

m
ou

nt
 

Cumulative beneficiary responsibility at index 
admission amount by beneficiary separated into 
quartiles  

PDE 
1 if in each 
category, 0 
otherwise 

Cu
m

ul
at

iv
e 

To
ta

l C
os

t 

Cumulative total cost at admission by 
beneficiary separated into quartiles  PDE 

1 if in each 
category, 0 
otherwise 

Utilization variables 

D
ay

s i
n 

IC
U

 Number of days in ICU as measured by 
occurrence of revenue center code 0201 Part A Number 

D
ay

s i
n 

CC
U

 

Number of days in CCU as measured by 
occurrence of revenue center code 0210 Part A Number 

D
ay

s i
n 

IM
C Number of days in IMC as measured by 

occurrence of revenue center code 0206 Part A Number 

O
th

er
 A

cu
te

 
D

ay
s Number of other acute days as measured by 

remainder of days in acute LOS Part A Number 
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Table A-1 (continued) 
O

th
er

 n
on

-a
cu

te
 

In
sti

tu
tio

na
l D

ay
s 

Number of other institutional days as measured 
by remainder of all other days in LOS Part A Number 

ER
 U

se
 

Occurrence of revenue center code 0450 Part A 1 if used, 0 
otherwise 

Tr
an

sf
er

re
d 

to
 

an
ot

he
r f

ac
ili

ty
 

Occurrence of multiple short term or CAH 
hospitals in overall stay Part A 

1 if 
transferred, 0 
otherwise 
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Table A-2:  Comparing Estimators for Regression Estimates of ACE/ARB on Survival 
(100-person circle ATR Quintiles for Instruments) 

 
2SLS 

2SPS 
(Linear-Probit) 

2SRI 
(Linear-Probit) 

2SPS 
(Probit-Probit) 

2SRI 
(Probit-Probit) 

      

ATE  -0.002 -0.001 0.009 -0.043 

      

LATE 
(0.05 band) 

0.000 -0.002 -0.001 0.009 -0.042 

      

LATE 
(at means) 

0.000 -0.001 -0.0009 0.009 -0.041 

      

LATE  
(0.02 band) 

0.000 -0.002 -0.001 0.009 -0.043 

      

LATE 
(0.1 band) 

0.000 -0.001 -0.0009 0.009 -0.041 

      

N 63,685     

Under ID 261.80     

(P-Value) (p<0.0001)     

Chow Testa
 65.85     

(P-Value) (p<0.0001)     
a F-Test of excluded instrumental variables (ATR quintiles) in first-stage treatment choice equation 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table A-3:  Comparing Estimators for Regression Estimates of ACE/ARB on Survival 
(200-person circle ATR Quintiles for Instruments) 

 
2SLS 

2SPS 
(Linear-Probit) 

2SRI 
(Linear-Probit) 

2SPS 
(Probit-Probit) 

2SRI 
(Probit-Probit) 

      

ATE  0.010 0.011 0.022 -0.041 

      

LATE 
(0.05 band) 

-0.002 0.010 0.011 0.022 -0.040 

      

LATE 
(at means) 

-0.002 0.010 0.010 0.021 -0.039 

      

LATE 
(0.02 band) 

-0.002 0.011 0.011 0.023 -0.041 

      

LATE 
(0.1 band) 

-0.002 0.010 0.010 0.021 -0.039 

      

N 63,685     

Under ID 162.85     

(P-Value) (p<0.0001)     

Chow Testa
 40.83     

(P-Value) (p<0.0001)     
a F-Test of excluded instrumental variables (ATR quintiles) in first-stage treatment choice equation 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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