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Abstract

In an instrumental variable framework, we define supercompliers as the subpopulation
whose treatment take-up positively responds to eligibility and whose outcome positively
responds to take-up. Supercompliers are the only subpopulation to benefit from treatment
eligibility and, hence, are important for policy evaluation. We propose conditions for
characterizing supercompliers, and show how estimation and inference can be conducted
with instrumental variable regression. In two job training experiments, we demonstrate our
machinery’s utility, particularly in incorporating social welfare weights into marginal value
of public funds analyses.
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1 Introduction

Seminal studies by Imbens and Angrist (1994), Angrist and Imbens (1995), and Angrist, Im-
bens, and Rubin (1996) establish the now well-known local average treatment effect (LATE)
interpretation of an estimand from an instrumental variable regression. In the canonical
setting with a binary instrument and binary treatment, the LATE is the average treatment
effect for individuals who comply with treatment assignment (i.e., compliers). Unsurpris-
ingly, methodological interest in describing compliers followed (Imbens and Rubin 1997;
Abadie 2003), and estimation of complier characteristics, popularized by Angrist and Pis-
chke (2009), is now widely implemented in empirical studies.! Describing the characteristics
of compliers provides a direct answer to the question: who is induced to take up treatment
when eligible? In this paper, we extend the complier literature and devise tools to provide
a direct answer to a different but related question: who benefits from gaining treatment
eligibility? This population consists of those whose treatment take-up responds positively
to treatment eligibility and whose outcome improves following treatment take-up. In other
words, it is the subset of compliers for whom treatment improves the outcome. We term this

subpopulation “supercompliers.”

As with compliers, supercompliers cannot be directly observed. However, we show that their
characteristics are identified with expressions analogous to those of complier characteristics.
Furthermore, our identification result gives rise to estimators for supercomplier average and
distributional characteristics that can be easily implemented with standard instrumental
variable regressions. Additionally, in our exploration of various estimators, we show that
the plug-in complier characteristics estimators used in the literature can be equivalently

implemented using simple instrumental variable regression.

Our analysis of supercomplier characteristics is complementary to subsample heterogeneity
analysis of a treatment effect (see Smith 2022 for a recent review). While conventional hetero-
geneity analysis—whether it is based on simple subsampling or machine learning methods
(e.g., Athey and Imbens 2016; Wager and Athey 2018; Knaus, Lechner, and Strittmatter
2021)—asks which subgroups benefit more, our supercomplier analysis collects all benefi-
ciaries and profiles them. Characterizing supercompliers mirrors the increasingly common

practice of describing compliers, which researchers have accepted as a natural complement

'Recent examples include Borghans, Gielen, and Luttmer (2014), Dahl, Kostgl, and Mogstad (2014),
Dobbie, Goldin, and Yang (2018), Finkelstein and Notowidigdo (2019), Ouss and Stevenson (2023), and
Agan, Doleac, and Harvey (2023).



to subsample heterogeneity analysis of treatment take-up. Complier analysis is typically
used to assess how representative the complier subpopulation is of the broader experimen-
tal population, informing whether the local average treatment effect generalizes beyond the
experiment. Supercomplier analysis serves an analogous purpose on the outcome side: by
profiling those who actually benefit from the intervention, it speaks to whether the benefits
are concentrated in a narrow subgroup or distributed more broadly—information that is

directly relevant for distributional and welfare assessments of the kind we develop in this

paper.

For ease of exposition, we first focus on the case of a binary instrument, a binary treatment,
and a binary outcome. In this setting, we maintain the standard LATE assumptions along
with an additional assumption we call outcome monotonicity: treatment either does not
affect the outcome or changes it in a single direction. Outcome monotonicity is the outcome
counterpart of the treatment monotonicity assumption in the LATE framework and has
been imposed in other studies (e.g., Manski 1997, Manski and Pepper 2000, Lee 2009, and
Celislami, Kastoryano, and Mastrobuoni 2023). These assumptions partition the population
into groups defined by their potential responses to eligibility and treatment, giving rise to the
supercomplier concept. We show that the supercomplier average of baseline characteristics
X is identified by a Wald estimand: the intent-to-treat effect on the product of X and
outcome Y, divided by the intent-to-treat effect on Y. It can be estimated with a standard

two-stage least squares regression.

Our results generalize beyond the restrictions in the focal case. When the instrumental
variable is continuous, an analogous estimand identifies “marginal supercomplier character-
istics,” connecting our framework to the marginal treatment effects literature that started
with Heckman and Vytlacil (1999). When the treatment variable is non-binary, we can still
interpret the identified characteristics as the average among those whose outcome responds
to a change in eligibility (because the treatment variable does not appear in our estimand).
When the outcome variable is non-binary, we can either “binarize” it by setting thresholds
(Balke and Pearl 1997), or apply our estimand regardless of the outcome distribution and in-
terpret the identified parameter as a weighted average of supercomplier characteristics, with
weights proportional to individual treatment effects. Finally, without outcome monotonicity,
the treatment effects and therefore the weights can be negative, which could be appropriate

in certaln contexts.



One such context is the analysis of the marginal value of public funds (MVPF; Hendren
and Sprung-Keyser 2020), which has become commonplace in empirical studies. An input
into the MVPF is the social willingness to pay (WTP) for a policy, which is often quantified
by the LATE of the policy on some outcome of interest (e.g., earnings). Although social
WTP (and therefore MVPF) should be calculated by taking a weighted sum of treatment
effects, with weights reflecting redistributive preferences, it is not feasible when only the
overall LATE is reported. We show, however, that when welfare weights depend linearly on
observed characteristics, a weighted MVPF can be computed by combining supercomplier
characteristics with the reported LATE. A key advantage of this approach is that access to
the study’s microdata may not be necessary for recomputing an MVPF with different social
welfare functions. Further, this reweighting exercise requires only the LATE assumptions,

highlighting the utility of our estimand in the absence of outcome monotonicity.

We illustrate our proposed method using data from two well-known randomized experiments
on job training, the National Job Corps Study (Schochet, Burghardt, and McConnell 2008)
and the National Job Training Partnership Act (JTPA) Study (Bloom et al. 1997). For labor
market outcomes, we find that the Job Corps beneficiaries are more advantaged relative to
the study population. In contrast, among the group that experienced the largest impact
from JTPA—adult women—Dbeneficiaries are relatively less advantaged. For a social planner
who favors redistribution and places greater welfare weight on the more disadvantaged, our
results suggest that the MVPF is lower for Job Corps and higher for JTPA.

While our exposition focuses on randomized experiments, our framework extends to other
research designs. In regression discontinuity designs, we can identify supercomplier char-
acteristics at the policy threshold under smoothness conditions. In difference-in-differences
designs, researchers (e.g., Ouss and Stevenson 2023; Tadjfar and Vira 2025) have conducted
complier analysis by invoking LATE-type assumptions, beyond the standard parallel trends.
Our framework extends to these settings as well, though additional assumptions (e.g., out-

come monotonicity) may be needed depending on the parameter of interest.

Related theoretical results were independently developed in exemplary research by Yu (2025).2
Yu (2025) and our baseline result rely on the same set of assumptions, propose the same
estimand, and derive essentially the same key identification for a binary Y (Our Propositions

1 and 4 and Yu 2025’s Theorem 3.2). Our paper goes further in several directions. First, we

2We became aware of Yu (2025) in November 2024, which was first circulated in November 2022 as a job
market paper. We first posted ours on arXiv in December 2022.



show that the estimand remains interpretable when the treatment or outcome is non-binary,
and we relate our framework to the marginal treatment effects literature when the instrument
is continuous. Second, we connect our estimand to the increasingly influential MVPF liter-
ature and illustrate how they can be used to compute MVPF under different social welfare
weights. As mentioned above, this connection requires only the standard LATE assump-
tions, and not outcome monotonicity, substantially broadening the scope of applicability.
Third, we address statistical issues of direct interest to applied researchers, including the
interpretation of estimands under stratified randomization, the precision of supercomplier
characteristics estimates, and the relationships among complier characteristics estimators
used in the literature. Finally, while Yu (2025) is oriented toward the political persuasion

literature, our paper is aimed at a general audience in economics.

2 Identification and Estimation

2.1 Theoretical Framework and Identification

We begin with an extension of the potential outcomes framework with a binary instrument
Z € {0,1}, binary treatment D € {0, 1}, and binary outcome Y € {0,1}. Let D, represent
the potential treatment status for an individual when she is assigned the instrument value
z. Let Y,4 represent a potential outcome for Z = z and D = d. (These notations implicitly

incorporate the stable unit treatment value assumption, or SUTVA.)

Throughout this paper, we maintain the standard assumptions for the identification of LATE
by Angrist, Imbens, and Rubin (1996).

Assumption 1 (IV)
1. Random Assignment: (Yoo, Yo1, Y10, Y11, Do, D1) 1L Z and 0 < Pr(Z =1) < 1.
2. Ezclusion: Pr(Yiy = Yoq) = 1 for d € {0, 1}.
3. Treatment Monotonicity: Pr(Dy > Dy) = 1.
4. First Stage: Pr(Dy = 1) > Pr(Dy = 1).

With Assumptions 1.1 and 1.2 along with binary D and Y, we can partition the popula-

tion into 16 unobserved groups (e.g., Balke and Pearl 1993), which we refer to as “extended



principal stratification.” First, we categorize individuals by how treatment D responds to

assignment Z. This corresponds to the well-known principal strata (Frangakis and Rubin

” W ”

2002) in the LATE context, comprising “always takers,” “never takers,” “compliers,” and
“defiers.” Second, the exclusion assumption allows us to extend the principal stratification
to incorporate how outcome Y responds to treatment D using the same taxonomy. Corre-
spondingly, we define Y; = Y., for 2z € {0, 1} to simplify notation. In Table 1, we index each
of the 16 groups G by the pair to, where t € {a,n,c, f} indexes the four strata based on
treatment response and o € {a,n,c, f} indexes the four strata based on outcome response.

Supercompliers correspond to the group G = cc, where Dy > Dy and Y; > Yj.

Assumptions 1.3 and 1.4 place restrictions on the shares of these groups. Most importantly,
Assumption 1.3 rules out all treatment defiers, i.e. G € {fa, fn, fc, ff} (for clarity, we
use the word “treatment” as a qualifier when referring to the conventionally defined always
takers, never takers, compliers, and defiers). Together, the two assumptions also require
a nonzero share of treatment compliers. Next, we impose an additional assumption that

further restricts group shares from Table 1.

Assumption 2 (Outcome Monotonicity and Reduced Form)
1. Outcome Monotonicity: Pr(Y; > Yy) = 1.

2. Reduced Form: Pr(G = cc) = Pr(Y; > Yy, D1 > Dg) > 0.

Assumption 2 is the outcome analog of Assumptions 1.3 and 1.4. Assumption 2.1 rules out
the existence of all outcome defiers (i.e., G € {af,nf,cf, ff}). Together, Assumption 1.3 and
Assumption 2.1 rule out 7 of the 16 groups, and the 9 remaining groups are bolded in Table
1.3 While Assumption 1.4 implies a nonzero share of treatment compliers and consequently a
nonzero first stage, Assumption 2.2 requires a nonzero share of supercompliers, which implies
a nonzero intent-to-treat effect (or reduced form) as shown in Lemma 1 below. (Along with

Assumptions 1.1-1.3, Assumption 2.2 implies Assumption 1.4.)

While Assumption 1 is standard in the randomized controlled trial (RCT) literature, As-
sumption 2.1 (outcome monotonicity) warrants more discussion. Previous studies have main-

tained similar assumptions. Outcome monotonicity corresponds to “monotone treatment

3Balke and Pearl (1997) do not eliminate groups with monotonicity assumptions but partially identify
the average treatment effect instead. Celislami, Kastoryano, and Mastrobuoni (2023) consider groups jointly
defined by two outcomes, both subject to outcome monotonicity.



response” in Manski (1997) and Manski and Pepper (2000) or “monotonicity” in Lee (2009).
In the motivating examples of these seminal studies, outcome monotonicity is taken to mean
that the demand curve is weakly downward sloping, that education does not decrease wages,
or that participating in the Job Corps training program does not lower employment. Out-

come monotonicity is also implicit in the classic model of Heckman (1978).

As with Assumption 1, the practical plausibility of Assumption 2 depends on the context.
For example, it is quite plausible for the relationship between job training and labor mar-
ket outcomes or between health insurance coverage and doctor visits to be weakly positive.
However, there is more ambiguity concerning the relationship between, say, health insur-
ance coverage and out-of-pocket medical spending. Health insurance may lead to significant
savings during emergency room visits, but it may also incentivize healthcare utilization and
lead to higher spending. In this case, researchers may not want to assume outcome mono-

tonicity.

Even in cases where the identifying assumptions are plausible, it is prudent to test them
and probe the consequences of their violation. In previous versions of this paper (Comey
et al. 2024), we proposed a joint test of the identifying assumptions by building on Kitagawa
(2015). For a binary Y, our test is based on the same inequalities as Yu (2025)’s; we extend
the test to a general Y. In Appendix A.8, we investigate the consequence of violating outcome
monotonicity and show that the bias is small when the degree of violation is low. Finally, as
we discuss below, our estimand remains useful even in the absence of outcome monotonicity,
and we illustrate a situation—incorporating social welfare weights into marginal value of

public funds analyses—in which outcome monotonicity is not required.

Lemma 1. Under Assumptions 1 and 2.1, the supercomplier share is identified by:

Pr(G =cc) = E[Y|Z=1] - E[Y|Z = 0].

All proofs are in the Appendix.

Lemma 1 states that the share of the supercompliers is identified by the reduced form.
This corresponds naturally to the well-known result that the share of treatment compliers
is identified by the first stage. Since the reduced form is the product of the local average
treatment effect and the first stage, the LATE (given a binary outcome) is simply the share

of supercompliers as a fraction of the treatment compliers. This result is intuitive: only



the outcome compliers have a nonzero treatment effect (their treatment effect is equal to
one), while all other admissible treatment compliers have a zero treatment effect. The more

supercompliers there are, the higher the LATE.

In fact, the supercomplier group is the only subpopulation under Assumptions 1 and 2 whose
outcome changes with the assignment Z. That is, they are the only ones who benefit from
being assigned to the treatment group. Thus, learning about supercompliers should be of

great importance to policymakers and evaluators.

This result is related to a broader literature that partially identifies the distribution of
treatment effects (e.g., Fan and Park 2010) or the share of units affected by treatment
(e.g., Borusyak 2015; Huang et al. 2017; Huang et al. 2019). The share of units with a
strictly positive treatment effect is generally only partially identified, but Borusyak (2015)
notes that point identification is achieved when the outcome Y is binary and under outcome
monotonicity (termed “non-negative treatment effect” by Borusyak 2015), as in our setting.
While this prior literature is primarily interested in counting the size of this beneficiary

subpopulation, we place more emphasis on describing its characteristics.

As with compliers, we cannot pinpoint members of the supercomplier subpopulation, but we
can identify the distribution of their characteristics. Let X be a variable determined prior to
random assignment Z, so it is reasonable to assume that jointly with (Y3, Yy, Dy, Dy), X is
independent of Z (hereafter we use X 1l Z as a shorthand for this joint independence). For
simplicity, we consider the case of a one-dimensional X, but many of our results generalize

to covariate vectors of any dimension. Let h be a function satisfying E[|h(X)|] < oc.

Proposition 1 Under Assumptions 1 and 2 and provided that X 1l Z, the supercomplier
average of h(X) is identified by:

EI(X)|G = ec] = = Elnh(X)], 1)

where RF = EY|Z =1 - E[Y|Z =0], and 7 = k — (koY + r1(1 = Y)) with

. D1-2) (1-DZ
k=1-— —

Pr(Z=0) Pr(Z=1)

nz(l_D(l_Z> (1-D)Z

Pr(Z=0) Pr(Z=1)



DZ D(1— 2)
R1 = —

Pr(Z=1) Pr(Z=0)

The supercomplier average can also be identified by a Wald-type estimand.:

EWX)Y|Z =1] - E[W(X)Y|Z = 0]
EY|Z=1-E[Y|Z =0

E[h(X)|G = cc] = (2)

The weights k, kg, and k1 are the unconditional counterparts of those defined by Abadie
(2003) in his study of compliers. While Abadie (2003) assumes the LATE assumptions hold
conditional on X, our Lemma 2 in Appendix A.1 shows that these weights identify compliers’
X distribution and that kg (k1) identifies their Y, (Y7) distribution under our (unconditional)
assumptions. That is, Lemma 2 provides the unconditional analog of Theorem 3.1 of Abadie
(2003).

Remark 1. (Compliers and Supercompliers) There is a parallel between the identifi-
cation results for supercomplier characteristics above and those for complier characteristics
from the literature. While the x weights from Abadie (2003) “find compliers” (Angrist and
Pischke 2009), our 7 weights find supercompliers. Heuristically,  starts from the popula-
tion and subtracts the treatment always-takers and never-takers, while 7 starts from the
treatment compliers and subtracts the G = ca and G = ¢n groups. There is also a com-
plier analog to equation (2): complier characteristics are identified by replacing Y with D
in (2) (Kline and Walters 2016 and Marbach and Hangartner 2020).* This correspondence
reflects a fundamental parallel between compliers and supercompliers. To see this, define
alternative potential outcomes Y, = Yp.. Assumptions 1 and 2 jointly imply the standard
LATE assumptions for the relationship between Z and Y: random assignment, monotonicity
(Y; > Yp), and a nonzero “first stage” (Pr(Y; = 1) > Pr(Yy = 1)). Under this relabeling, su-
percompliers are the “compliers” in the reduced form, and equation (2) holds under standard
complier reasoning. Intuitively, supercompliers are the only group whose outcome changes
with Z, so the reduced-form effect of Z on h(X)Y isolates them (just as the effect of Z on
h(X)D isolates the treatment compliers), and scaling by the share of supercompliers iden-
tifies their average characteristics. This interpretation is agnostic to the distribution of D

and applies whether the treatment variable is binary, multi-valued, or continuous.

Remark 2. (Supercomplier Characteristics and Subsample LATEs) The supercom-

4One can rearrange the terms in 7 and show that it can be similarly obtained from the Abadie x by

replacing D with Y: 7 =1 — F};((1Z;ZO)) — P()1r(7ZY=)12)




plier distribution of characteristics X and the LATEs within subsamples defined by the value

of X (we focus on a discrete X for ease of exposition) are related by the identity:

ElYy - Yy [ X ==, D > Dy

Pr(X =2 |G=cc) = -Pr(X =z | Dy > Dy).

This equality, which follows from Bayes’ Rule, shows that the supercomplier X-distribution
equals the complier X-distribution reweighted by the ratio of the subsample LATE to the
overall LATE. In particular, a subgroup can have a large supercomplier share either because
it is prevalent among treatment compliers or because it has a large conditional treatment
effect—supercomplier characteristics reflect both margins. This feature is useful for welfare
analysis: a social planner assessing the total benefit of an intervention to a preferred subgroup
needs to account for both the subgroup’s prevalence among those induced into treatment and
its treatment effect. Supercomplier characteristics combine these two factors into a single
object, whereas subsample LATESs, by design, abstract from the subgroup’s prevalence among

compliers.

Remark 3. (Identification of Characteristics Distributions) When h is the identity
function, Proposition 1 identifies average supercomplier characteristics. For a k-dimensional

X, setting h = 1[x<,) for € R” identifies the joint distribution of X among supercompliers.

Remark 4. (Share and Characteristics of Other Groups) We can also identify the
shares and characteristics of the other two groups within the treatment compliers: G = ca
and G = cn. See Appendix A.2.

Remark 5. (Connections to Marginal Treatment Effects) Our identification results
connect to the literature on marginal treatment effects (MTE) that started with Heckman
and Vytlacil (1999). Specifically, we can interpret the estimand on the right hand side of (2)
as identifying an M'TE-weighted average of supercomplier characteristics. Going beyond our
focal framework, with a continuous instrument that traces out the propensity score, we can
formulate an analogous estimand that identifies the “marginal supercomplier characteristics”

at each value of the propensity score. We provide details in Appendix A.3.

Remark 6. (Binarizing a Non-Binary Y) As mentioned in the introduction, we can
recode a non-binary Y into a binary variable (“high” or “low”) by setting thresholds, al-
lowing us to identify supercomplier characteristics for each “binarized” Y. Whereas using

a binarized treatment variable can violate the exclusion restriction and invalidate the Wald



estimand (Angrist and Imbens 1995; Andresen and Huber 2021; Rose and Shem-Tov forth-

coming), binarizing ¥ does not violate our IV assumptions or outcome monotonicity.

Although we can characterize the supercompliers for any given binarized outcome, we cannot,
in general, separately identify the shares and characteristics of different supercomplier types
when Y is non-binary. Identification fails even in a simple example where Y takes only three
values (0, 1, and 2), in which case there are three supercomplier groups whose Y changes

from 0 to 1, from 0 to 2, and from 1 to 2 because of treatment. See Appendix A.4.°

When Y is continuous, it is impossible and impractical to characterize infinitely many su-
percomplier types. Instead, we extend the identification results in Lemma 1 and Proposition
1 to accommodate non-binary Y. The proposition below shows that regardless of the Y-
distribution, the reduced-form estimand in Lemma 1 identifies the supercomplier population
share scaled by the average treatment effect among the supercompliers (supercompliers are
still defined as those with D; > Dy and Y; > Y} and referred to with the shorthand G = cc).
Similarly, the Wald estimand in Proposition 1 identifies a weighted average of supercomplier

characteristics, where the weights are proportional to treatment effects.

Proposition 2 Under Assumptions 1 and 2, the reduced form identifies the supercomplier

share scaled by the supercomplier average treatment effect:
Pr(G = co)E[Y1 — Yo|G =ccl = E[Y|Z =1] — E[Y|Z =(]. (3)

With the additional assumption that X 1L Z, the Wald estimand identifies supercomplier

characteristics weighted by treatment effect:

EMX)(Y1 = Yo)|G =cc] _ EMX)Y|Z=1] - E[nNX)Y|Z = 0] (1)
E[Y: — Yo|G = ¢ EY|Z=1-EY|Z=0

As we explore below in Sections 3 and 4, welfare analysis may require weighted treatment
effects as inputs, where weights correspond to social planner preferences. A consequence of
equation (4) is that the weighted treatment effect for compliers, where the weights are a

function of observable characteristics, is equal to the unweighted treatment effect, “scaled”

5 Relatedly, while Y, = 0 and Y; = 1 among the supercompliers when Y is binary, the marginal
distributions of Yy and Y; among the supercompliers are not identified in general for a non-binary Y. See
the last paragraph of Appendix A.4.
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by our estimand for supercomplier characteristics (see Appendix A.1 for derivation):

EWX)Y|Z =1] - EW(X)Y|Z = 0]
EY|Z=1-E[Y[Z=0]

E[h(X;)(Y1; — Yo;)|complier| = LATE, (5)
where LATE = E[Y; — Yy|complier] is the (unweighted) average treatment effect for treat-
ment compliers. It is important to note that while equation (5) can be derived from equation

(4), it holds under weaker assumptions:

Proposition 3 Under Assumption 1 and provided that X 1L Z and that the reduced form
EY|Z =1] — E]Y|Z = 0] is nonzero, equation (5) holds.

That is, equation (5) does not require outcome monotonicity but only a nonzero reduced
form. The weaker assumptions that are required substantially broaden the scope of applica-
bility of the MVPF analysis discussed in Section 3.

2.2 Estimation and Inference

The Wald-type estimand in (2) and (4) can be implemented via a two-stage least squares
(2SLS) regression. For example, when A(X) is the identity function—corresponding to the
mean supercomplier characteristics—we can obtain point estimates and conduct inference in
Stata with

ivregress 2sls XY (Y = Z) [, options] (6)

where XY is defined as the product of X and Y. In the remainder of this paper, we rely
on (6) for estimation and inference because the estimator naturally accommodates arbitrary
distributions of Y—it is akin to the complier IV estimator used by Alsan et al. (2025) for
a non-binary treatment. In Appendix A.5, we survey alternative complier characteristics

estimators and discuss their supercomplier analogs.

Remark 7. (2SLS First Stage and Precision) The 2SLS regression (6) instruments Y
with Z. Consequently, the relevant “first stage” for profiling supercompliers is the reduced-
form effect of Z on Y. For a binary Y, Lemma 1 shows that this reduced form estimates
the share of supercompliers, which cannot exceed the share of treatment compliers. Since
the latter is the relevant first stage for profiling treatment compliers (Appendix A.5), su-
percomplier characteristics estimates tend to be less precise than complier characteristics

estimates. Appendix A.6 provides details for this result and also relates the variance of the

11



(super)complier characteristics estimator to the F-statistic from the relevant first stage for a
general Y. The bottom line is that it is advisable to limit characterization of supercompliers
to settings with a strong reduced-form effect (i.e., compelling evidence that supercompliers

exist).

Remark 8. (Conditional Independence and Stratified Randomization) Our iden-
tification and estimation results can be naturally generalized to accommodate cases where
independence (Assumption 1.1) holds conditionally on covariate set W-—we just need to
add W into the conditioning set in Lemma 1 and Proposition 1. A common situation that
calls for conditional independence is stratified randomized experiments, in which researchers
typically include stratum fixed effects in treatment effect regressions (Bruhn and McKenzie
2009). It is then natural to also include the stratum fixed effects in the IV regression estimat-
ing supercomplier characteristics. In Appendix A.7, we follow Blandhol et al. (forthcoming)
to show that the resulting population regression coefficient still identifies a non-negatively

weighted average of supercomplier characteristics across strata.

3 Relationship to Welfare Analysis

In this section, we discuss how supercomplier characteristics can enrich welfare analyses. In
particular, we consider the case where a social planner places more weight on individuals with
certain characteristics who may differentially benefit from a particular intervention or policy.
We first describe how social weights are (and are not) used in the widely adopted framework
of Hendren and Sprung-Keyser (2020), and then discuss how the result in Proposition 3
allows us to appropriately weight treatment effects in this framework using supercomplier

characteristics.

Hendren and Sprung-Keyser (2020) advocate for the systematic reporting of the marginal
value of public funds, or MVPF, to facilitate comparisons of public policies. The starting
point for the MVPF is that the government is interested in the impact of a policy on social

welfare, defined as the weighted sum of individual utilities:

12



U; is expressed as a money-metric, and 7; is the social welfare impact of transferring $1 to

individual . A small policy change, denoted by dp, impacts social welfare by:

AW dU;
= Zm% = Zi:n,-WTPi, (7)

(2

where WTP; is individual i’s “willingness to pay” (WTP) for the policy. Equation (7)
encapsulates the benefits of the policy change. The cost of the policy, GG, equals its impact
on the government’s budget. Hendren and Sprung-Keyser (2020) formally define the MVPF
as
MV PF = —ZZ MG/TPi,

or, the ratio of the (unweighted) aggregate WTP to the government net costs. Note that
while the benefits of a policy change should incorporate social weights, the formal definition
of the MVPF leaves the weights out, presumably because it is difficult to implement in
practice. Hendren and Sprung-Keyser (2020) suggest, therefore, to use MVPFs to compare
policies that benefit similar beneficiaries to “reduce the role of social preferences in driving
conclusions.” However, we show that we can use supercomplier characteristics to incorporate
weights into the MVPF to reflect a social planner’s redistributive preferences, so long as the

weights are functions of the characteristics reported.

The MVPF of a policy is calculated by plugging in estimates of its effect on the government
budget (denominator) and the WTP (numerator). We focus our discussion on the numerator
because that is the relevant quantity for incorporating social weights. In a typical job
training application, for example, the WTP is equal to its causal effect on beneficiaries’
after-tax earnings net of transfers from government safety net programs. If the policy also
affects other outcomes (e.g., improved health), those effects are also translated into a dollar
amount and enter the WTP.” The use of causal estimates as “plug-in” components of an
MVPF calculation means that it corresponds to the subpopulation for which the causal

estimates are identified. In particular, when using estimates from an RCT with imperfect

6 Any utility function can be normalized to a money-metric by dividing by the marginal utility of income.
Since U; is already a money-metric, the weights n; are the “generalized weights” from Saez and Stantcheva
(2016).

"The denominator in the job training example will contain the upfront cost of the intervention to the
government, the causal effects on tax revenue, and any effects on government transfers. In other settings, the
denominator may also incorporate spillover effects on government spending, such as changes in government-
subsidized healthcare utilization, changes in public school enrollment, or changes in criminal justice system
involvement. Since it is typically assumed that these costs are borne by an “average” taxpayer, there is no
need to apply social weights to the costs.
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compliance as inputs, the resulting MVPF is the value of the policy for the (treatment)

complier group.

A social planner may desire to place different weights on individuals’ WTP, even within the
complier group. Suppose that the WTP is measured by the effect of the policy on an outcome
Y (e.g., earnings), so WT'P;, = Y1;,—Yp,;. Proposition 3 shows that if we have the (unweighted)
local average treatment effect, we can obtain the weighted WTP for the complier group
by scaling with the proposed estimand for supercomplier characteristics, provided that the
social weights n; are a linear function of observable characteristics X;. Linearity need not
be restrictive in practice. In our empirical applications below, for example, baseline family
income was recorded in predefined bins. By including an indicator variable for each bin (i.e.,
a fully saturated set of dummies), we effectively allow the welfare weights to vary flexibly

across income categories, and the specification remains linear.

While it is possible to simply estimate the weighted WTP directly by estimating the treat-
ment effect on weighted outcomes, the formulation in (5) shows that it can be done without
microdata. If supercomplier characteristics are documented along with the LATE, readers
can construct a customized weighted WTP and MVPF themselves, to the extent that the
desired social weights are a linear function of those reported characteristics. While it is
true that our proposed method is slightly more restrictive than if one were to calculate the
weighted MVPF directly with microdata, a major advantage of our approach is that it allows
for readers to use different social weights than those chosen by the researchers who estimate
the relevant treatment effect. Since social weights are quite subjective, researchers typically

report MVPFs using unweighted causal effects.

4 Empirical Applications

To demonstrate the utility of our tools for characterizing supercompliers, we consider exper-
imental evaluations of the Job Corps and Job Training Partnership Act programs (JTPA).
We show estimated supercomplier characteristics when the outcome of interest is binary
(educational attainment in Job Corps) and when it is continuous (measures of earnings in
Job Corps and JTPA). Finally, we use the framework from Section 3 to compare weighted
MVPFs with respect to the earnings impacts in both programs.
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4.1 Job Corps

Job Corps is a federally sponsored job training program for disadvantaged youths in the
United States that offers academic education, vocational training, and job search assistance.
In the 1990s eligible applicants ages 16 to 24 were randomly assigned access to Job Corps in
the National Job Corps Study (Schochet, Burghardt, and Glazerman 2001).

Job Corps had large educational impacts during the 48-month follow-up period: Members of
the treatment group were 22.3 percentage points more likely to obtain a vocational certificate
(37.5 percent compared to 15.2 percent; t-stat: 27.1; N: 11,151) and 15.0 percentage points
more likely to obtain a GED (41.6 vs. 26.6 percent; ¢-stat: 14.3; N: 8,579; among those
without high school credentials). Labor market impacts were more moderate. The intent-to-
treat effects on employment and earnings in the 16th quarter after random assignment—the
final quarter of study by Schochet, Burghardt, and Glazerman (2001)—were 2.4 percentage
points (71.1 vs. 68.7 percent; t-stat: 2.59; N: 10,872) and $266, or 11 percent of the control
mean (t-stat: 4.76; N: 10,872), respectively.

In Table 2, we present supercomplier and complier characteristics with respect to educational
attainment, as well as differences in characteristics between supercompliers and both compli-
ers and the full experimental population (standard errors for the differences are estimated via
stacked regressions). In Panel A, we examine characteristics for those attaining a GED, re-
stricting to the sample without high school credentials prior to random assignment. In Panel
B, we examine characteristics for those attaining a vocational credential. In both panels,
we define (treatment) compliers as those who ultimately enrolled in Job Corps. They made
up 73 percent and 72 percent of the respective samples. Panel A shows that supercompliers
with respect to GED attainment were more likely to be female and white, and also to have
had employment prior to random assignment, all relative to both the full population and
compliers. Although not statistically significant at the 5 percent level, supercompliers also
appeared to be slightly more advantaged with respect to family income. Similar patterns
hold for supercompliers with respect to vocational certificate attainment (Panel B), and here

we also find that supercompliers were statistically less likely to have had a prior arrest.

In Table 3, we present supercomplier characteristics with respect to a labor market outcome.
Because of the relatively weak intent-to-treat effect on employment reported above, we fo-
cus on earnings in the 16th quarter after random assignment. But even for this earnings

outcome, its reduced-form ¢-stat is smaller than those of the education outcomes underlying
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Table 2, and therefore—consistent with Remark 7— the standard errors of the supercomplier
characteristics are larger here.® Nevertheless, the patterns in Table 3 share many similari-
ties with Table 2: individuals whose earnings increased as a result of treatment were more
likely to be white, older, less likely to have been arrested, and more likely to have had an
employment history. But the magnitude differences are much more pronounced for two of
these characteristics. Compared to Table 2, supercompliers were substantially more likely to
be white and older. While not statistically significant at the 5 percent level, point estimates
suggest that supercompliers were also more likely to come from higher-income families. Fi-
nally, for all outcomes in Tables 2 and 3, the tests proposed in Comey et al. (2024) cannot
reject our identifying assumptions at the 5 percent level, indicating their plausibility (as
stated in Comey et al. 2024, our tests only report whether the null hypothesis is rejected at

a given level, which is consistent with Mourifi¢é and Wan 2017).

Overall, our findings suggest that participants who benefited most from Job Corps tended
to be those who were less marginalized upon application: they were less likely to have had
an arrest history, more likely to have been white, more likely to have had an employment
history, and tended to be from families with higher income. We return to this point and its

normative implications at the end of Section 4.2.

4.2 Job Training Partnership Act

The National Job Training Partnership Act (JTPA) Study evaluated job training programs
targeting disadvantaged adults and out-of-school youths across 16 US sites in the late 1980s.
Eligible applicants were randomly assigned to control or treatment groups that offered class-
room training, subsidized on-the-job training, or other services. Following Bloom et al.
(1997), we focus on 30-month earnings impacts. Hendren and Sprung-Keyser (2020) also use
this outcome to calculate the MVPF.

While Bloom et al. (1997) estimated program effects for four distinct groups—adult men,
adult women, male youths, and female youths—we restrict our analysis to adult women.”
Among the four groups, adult women saw the largest impact of the intervention with an
intent-to-treat effect of $1,190, or 10 percent of the control mean (¢-stat: 3.63; N: 6,102).

Adult men saw an intent-to-treat effect of $1,051, or 6 percent of the control mean (¢-stat:

8Similarly, because the first-stage effect of treatment on Job Corps take-up is much stronger (F-statistic
of 15027.53) than the reduced-form effects underlying Tables 2 and 3, the complier characteristics reported
in both tables are more precisely estimated.

9Treatment take-up was around 60 percent for all four groups.
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2.01; N: 5,102). The intent-to-treat effects for the youth groups were insignificant at the
5 percent level. Since the intent-to-treat effect is the supercomplier “first stage,” it is only

strong for adult women by the conventional rule of thumb of F-stat > 10.%°

Following the same format as Tables 2 and 3, Table 4 reports the characteristics of the adult
women in the study. We find that compliers were similar to the experimental population,
but that supercompliers were somewhat different. With the caveat that standard errors
are large (Remark 7) and that none of the differences are statistically significant at the 5
percent level, we see that supercompliers were less attached to the labor force at baseline:
they had lower prior earnings and weeks worked, were more likely to be on Aid to Families
with Dependent Children (AFDC, i.e., cash assistance), and had lower family income.’ As
with Job Corps, we also cannot reject our identifying assumptions in the JTPA data for the

earnings outcome, using the test proposed in Comey et al. (2024).

We now turn to the normative implications of these results. Following the framework from
Section 3, we estimate the JTPA program’s socially weighted MVPF. Hendren and Sprung-
Keyser (2020) estimate that the unweighted MVPF of the JTPA program for adults (pooling
men and women) is 1.38. This is calculated by assuming that participants value the program
by their post-tax earnings impacts, net of AFDC benefits. Since the earnings impacts for
women appear to be driven by less advantaged participants, and to the extent that one places

a larger social weight on these participants, the weighted MVPF will be higher.!?

To compute the weighted WTP (the numerator of the weighted MVPF'), we first estimate the

average social weight of the supercompliers. We assume a textbook social welfare function

0The “first-stage” F-statistics for Table 2 are 205.72 for receiving a GED and 731.56 for receiving a
vocational certificate. The F'-statistics for earnings outcomes are smaller but still above 10: 22.63 for
quarter-16 earnings in Table 3 and 13.15 for 30-month earnings in Table 4. Lee et al. (2022) suggest that
a much higher F-stat threshold of 104.7 is needed to ensure valid inference with a standard ¢-test (though
Angrist and Kolesar 2024 argue that conventional inference in a just-identified TV setting is typically reliable).
As a robustness check, we compute Anderson-Rubin (AR) confidence intervals, which are valid regardless
of instrument strength. While the AR confidence intervals are 9 to 13 percent (17 to 25 percent) wider for
the characteristics reported in Table 3 (Table 4) than conventional counterparts, our qualitative conclusions
remain the same: The statistical significance (at the 5 percent level) of the differences for white and older
youths in Table 3 is unchanged by applying a conservative test based on the Bonferroni inequality.

HNote that estimated characteristics shares of supercompliers (or compliers) are not guaranteed to lie
between zero and one, though none of our point estimates in Tables 2-4 are outside this interval.

12While the WTP calculated by Hendren and Sprung-Keyser (2020) contains earnings and AFDC impacts
for both men and women, we only weight the earnings impacts for women. The reduced form earnings effect
for men and the AFDC effects for both men and women are not strong enough to compute supercomplier
weights. AFDC effects contribute minimally to the MVPF: without accounting for it, the unweighted MVPF
is 1.35 (vs. 1.38).
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U(u) = 111:; (Salanié, 2011), where ¢ denotes the extent to which the social planner desires

redistribution and w is income.'> A value of » = 0 means that a dollar transfer has the

same impact on social welfare regardless of income, while larger values of ¢ imply greater
preference for redistribution. For a given ¢, the estimation of the average supercomplier

social welfare weight proceeds in three steps:

1. Calculate the marginal social welfare of transferring $1 to someone at the midpoint of
each of the five income bins. That is, calculate u~¢ by setting u equal to each midpoint.
We truncate the top income bin (greater than $12K) to ($12K,$15K) for the purpose

of calculating marginal utilities.*

2. Calculate the social weights by normalizing the marginal welfare so that they average
to one across the five income bins. For example, when ¢ = 0.5, the weights are 1.83,

1.05, 0.82, 0.69, and 0.61, respectively.

3. Multiply each weight with the corresponding supercomplier share from Table 4 and
sum the products to arrive at the average supercomplier social weight. When ¢ = 0.5,

the average weight estimate is 1.29.

After these three steps, we multiply the average supercomplier weight with the reported
LATE as per equation (5), and plug the result into the companion program by Hendren and
Sprung-Keyser (2020) to arrive at the weighted MVPF. We find that when ¢ = 0.5, the
weighted MVPF is 1.63, while ¢ = 1 implies a weighted MVPF of 1.97.

As discussed above, this MVPF exercise depends on the normalization of the weights. Had
we included additional higher income bins, supercompliers would receive an even greater
weight, driving up the MVPF. The bottom line is that, whatever the choice of social welfare
weights, it is possible to compute the weighted MVPF using only the reported supercomplier

characteristics, provided that the weights are a linear function of those characteristics.

Finally, we note the contrast between the results for the JTPA and Job Corps studies. The
earnings supercompliers (among women) in the JTPA study are less advantaged compared to

the experimental population while the opposite is true in the Job Corps study. Although we

13We apply this social welfare function directly to income rather than utility to avoid needing to make
assumptions about the utility function. If we instead define u(I) as utility, where I is income, the weight in
step 1 below would be u~%u/(I) instead of u~?.

14This truncation artificially lowers the assumed income for individuals in the top bin, which inflates their
marginal utility and results in a higher social weight, thereby biasing against our results.
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do not have the data to estimate a weighted MVPF for Job Corps that directly corresponds to
Hendren and Sprung-Keyser (2020), our results from survey-based public-use data indicate
that incorporating social welfare weights would decrease the MVPF for Job Corps youths by
up to 43 percent depending on the value of ¢.!5 In contrast, the MVPF with social welfare
weights increases by up to 43 percent for the JTPA adults as shown above.

5 Conclusion

In this paper, we develop methods to characterize supercompliers—those who comply with
treatment assignment and benefit from treatment. Under standard LATE assumptions plus
outcome monotonicity, we can consistently estimate supercomplier characteristics using sim-
ple IV regressions. Under the LATE assumptions alone, we can use our estimand to incor-

porate social weights into MVPF calculations.

We illustrate the utility of our methods using two job training experiments, the National Job
Corps Study and the National Job Training Partnership Act Study. We find that participants
whose labor market outcomes were improved by Job Corps had relatively higher baseline
incomes, while the adult women who benefited from JTPA had relatively lower baseline
incomes. To the extent that a social planner values redistribution, our results imply a lower
MVPF for Job Corps and a higher MVPF for JTPA.
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Table 1: Extended Principal Stratification

G-value Treatment Type Outcome Type Dy, D; Y,

aa Always Taker Always Taker 1 1 1
an Always Taker Never Taker 1 1 0
ac Always Taker Complier 1 1 0
af Always Taker Defier 1 1 1
na Never Taker Always Taker 0 0 1
nn Never Taker @ Never Taker 0 0 O
nc Never Taker Complier O 0 O
nf Never Taker Defier 0o 0 1
ca Complier Always Taker 0 1 1
cn Complier Never Taker O 1 0
cc Complier Complier 0O 1 O
cf Complier Defier 0 1 1
fa Defier Always Taker 10 1
m Defier Never Taker 1 0 0
fe Defier Complier 1 0 O
i Defier Defier 1 0 1
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Table 2: Job Corps Supercomplier Characteristics for Education Outcomes

Panel A: Outcome: Receiving GED

Means Differences
Population  Complier  Supercomplier SC-Pop SC-C
Female 0.38 0.38 0.48 0.10 0.11
(0.01) (0.01) (0.04) (0.04) (0.04)
White 0.25 0.25 0.34 0.08 0.09
(0.01) (0.01) (0.04) (0.04) (0.04)
Age >=20 0.17 0.16 0.21 0.04 0.05
(0.00) (0.01) (0.03) (0.03) (0.03)
Never Arrested 0.69 0.71 0.78 0.09 0.06
(0.01) (0.01) (0.04) (0.04) (0.04)
Previously Employed 0.60 0.61 0.75 0.15 0.14
(0.01) (0.01) (0.04) (0.04) (0.04)
Family Income <$3K 0.16 0.15 0.11 -0.05 -0.04
(0.00) (0.01) (0.03) (0.03) (0.03)
Family Income $3-6K 0.13 0.12 0.09 -0.04 -0.04
(0.00) (0.01) (0.03) (0.03) (0.03)
Family Income $6-9K 0.06 0.07 0.05 -0.02 -0.02
(0.00) (0.00) (0.02) (0.02) (0.02)
Family Income $9-12K 0.06 0.06 0.09 0.03 0.03
(0.00) (0.00) (0.02) (0.02) (0.02)
Family Income >$12K 0.59 0.60 0.67 0.08 0.07
(0.01) (0.01) (0.04) (0.04) (0.04)
Panel B: Outcome: Receiving Vocational Certificate
Means Differences
Population Complier  Supercomplier SC-Pop SC-C
Female 0.41 0.39 0.44 0.03 0.04
(0.00) (0.01) (0.02) (0.02) (0.02)
White 0.27 0.27 0.31 0.04 0.05
(0.00) (0.01) (0.02) (0.02) (0.02)
High School 0.23 0.21 0.24 0.01 0.03
(0.00) (0.01) (0.02) (0.02) (0.02)
Age >=20 0.27 0.25 0.28 0.01 0.03
(0.00) (0.01) (0.02) (0.02) (0.02)
Never Arrested 0.71 0.73 0.78 0.07 0.05
(0.00) (0.01) (0.02) (0.02) (0.02)
Previously Employed 0.64 0.64 0.69 0.05 0.05
(0.00) (0.01) (0.02) (0.02) (0.02)
Family Income <$3K 0.16 0.15 0.16 0.00 0.01
(0.00) (0.01) (0.01) (0.01) (0.01)
Family Income $3-6K 0.13 0.12 0.12 0.00 0.00
(0.00) (0.00) (0.01) (0.01) (0.01)
Family Income $6-9K 0.07 0.07 0.09 0.02 0.01
(0.00) (0.00) (0.01) (0.01) (0.01)
Family Income $9-12K 0.06 0.06 0.06 0.00 0.00
(0.00) (0.00) (0.01) (0.01) (0.01)
Family Income >$12K 0.59 0.59 0.57 -0.01 -0.02
(0.00) (0.01) (0.02) (0.02) (0.02)

Notes: This table reports the population (Pop), complier (C), and supercomplier (SC) averages in baseline
characteristics as well as the SC-Pop and SC-C differences. As with Schochet, Burghardt, and Glazerman
(2001) and Schochet, Burghardt, and McConnell (2008), we use weights included in the public use data to
adjust for sample and survey designs. Standard errors are in parentheses. The F-statistics for the reduced
form effects on receiving a GED and receiving a vocational certificate (i.e., the “first-stage” F-stats for the
supercompliers estimates) are 205.72 and 731.56, respectively.
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Table 3: Job Corps Supercomplier Characteristics for Earnings

Means Differences

Population  Complier  Supercomplier SC-Pop SC-C

Female 0.41 0.39 0.38 -0.03 -0.02
(0.01) (0.01) (0.13) (0.13) (0.12)

White 0.27 0.27 0.65 0.38 0.39
(0.00) (0.01) (0.15) (0.15) (0.14)

High School 0.23 0.22 0.25 0.02 0.04
(0.00) (0.01) (0.13) (0.13) (0.12)

Age >=20 0.27 0.25 0.55 0.28 0.30
(0.00) (0.01) (0.14) (0.14) (0.14)

Never Arrested 0.72 0.74 0.79 0.08 0.05
(0.00) (0.01) (0.13) (0.13) (0.13)

Previously Employed 0.64 0.64 0.75 0.12 0.12
(0.00) (0.01) (0.12) (0.12) (0.12)

Family Income <$3K 0.16 0.15 0.10 -0.06 -0.05
(0.00) (0.01) (0.09) (0.09) (0.09)

Family Income $3-6K 0.13 0.12 0.01 -0.11 -0.11
(0.00) (0.00) (0.09) (0.09) (0.09)

Family Income $6-9K 0.07 0.07 0.01 -0.06 -0.06
(0.00) (0.00) (0.08) (0.08) (0.07)

Family Income $9-12K 0.06 0.06 0.07 0.00 0.00
(0.00) (0.00) (0.06) (0.006) (0.06)

Family Income >$12K 0.58 0.59 0.81 0.23 0.22
(0.00) (0.01) (0.14) (0.14) (0.14)

Notes: This table reports the population (Pop), complier (C), and supercomplier
(SC) averages in baseline characteristics as well as the SC-Pop and SC-C differ-
ences for the outcome of earnings during the 16th quarter after random assign-
ment (quarter 16 is the final quarter of study for the initial Job Corps assessment
by Schochet, Burghardt, and Glazerman 2001). As with Schochet, Burghardst,
and Glazerman (2001) and Schochet, Burghardt, and McConnell (2008), we use
weights included in the public use data to adjust for sample and survey designs.
Standard errors are in parentheses. The F-statistic for the reduced form effect on
earnings in the 16th quarter (i.e., the “first-stage” F-stat for the supercompliers
estimates) is 22.63.
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Table 4: National JTPA Study Supercomplier Characteristics for Earnings

Means Differences

Population  Complier  Supercomplier SC-Pop SC-C

Black 0.26 0.24 0.37 0.11 0.13
(0.01) (0.01) (0.13) (0.13) (0.13)

Hispanic 0.12 0.13 0.02 -0.09 -0.10
(0.00) (0.01) (0.09) (0.09) (0.09)

Has High School/GED Credential 0.68 0.69 0.70 0.03 0.02
(0.01) (0.01) (0.14) (0.14) (0.13)

Ever Received Vocational Training 0.45 0.45 0.48 0.03 0.03
(0.01) (0.01) (0.15) (0.15) (0.15)

Earnings in Year before RA 2489 2461 1773 -717 -688
(40) (63) (1282) (1279) (1284)

Worked 1-12 Weeks in Year before RA 0.16 0.16 0.21 0.04 0.05
(0.00) (0.01) (0.10) (0.10) (0.10)

Worked 13-52 Weeks in Year before RA 0.43 0.45 0.13 -0.29 -0.32
(0.01) (0.01) (0.18) (0.18) (0.18)

Received AFDC in Year before RA 0.38 0.38 0.49 0.11 0.10
(0.01) (0.01) (0.16) (0.16) (0.16)

Married 0.22 0.22 0.29 0.07 0.07
(0.01) (0.01) (0.12) (0.12) (0.12)

Number of Children 1.75 1.76 2.51 0.76 0.74
(0.02) (0.03) 0.47) (0.47) 0.47)

Family Income <$3K 0.31 0.29 0.46 0.15 0.17
(0.01) (0.01) (0.13) (0.13) (0.13)

Family Income $3-6K 0.34 0.35 0.15 -0.18 -0.20
(0.01) (0.01) (0.15) (0.15) (0.15)

Family Income $6-9K 0.16 0.16 0.26 0.10 0.10
(0.00) (0.01) (0.11) (0.11) (0.11)

Family Income $9-12K 0.09 0.09 0.04 -0.05 -0.05
(0.00) (0.01) (0.10) (0.10) (0.10)

Family Income >$12K 0.09 0.10 0.08 -0.02 -0.03
(0.00) (0.01) (0.10) (0.10) (0.10)

Notes: This table reports the population (Pop), complier (C), and supercomplier (SC) averages
in baseline characteristics as well as the SC-Pop and SC-C differences. Our regressions control
for the same covariates as in the impact analysis by Bloom et al. (1997). Standard errors are
in parentheses. “RA” is short for random assignment. The F-statistic for the reduced form
effect on 30-month earnings (i.e., the “first-stage” F-stat for the supercompliers estimates) is
13.15.
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Appendix (For Online Publication Only)

A Additional Theoretical Results

A.1 Proofs of Lemma 1 and Propositions 1-3

Proof of Lemma 1: We start from the right hand side of the equation

EY|Z =1] - E[Y|Z = 0]
=Pr(Y=12Z=1)-Pr(Y =1/Z=0)
=Pr(G = aa, ac,na, ca,cc|Z = 1) — Pr(G = aa, ac,na, calZ = 0)

=Pr(G = co).

The first equality follows from Y being binary. The second equality follows from Assumptions
1.2, 1.3, and 2.1. The last equality follows from Assumption 1.1 and the fact that the groups

in Table 1 are mutually exclusive. QFED.

To prove Proposition 1, we first state a lemma that provides the analog of Theorem 3.1 of
Abadie (2003) under our Assumption 1.

Lemma 2. Let g(-) be any function of (Y,D,X) such that E[|g(Y,D,X)|] < co. Under
Assumption 1, provided that X 1L Z, and with k, ko, and k1 defined in Proposition 1,

(a) Elg(Y, D, X)| Dy > Do = 5;

1
(D1 >D0)

El[rg(Y, D, X)]. Also,

(b) Elg(Yo, X)|D1 > Do| = 5

mE[Rog(Y, X)], and

(c) Elg(Y1,X)|D1 > Do| = 5

1
(D1 >D0)

E[’ilg<y7 X)] .

We omit the proof of Lemma 2 as it follows the same line of reasoning as the proof of
Theorem 3.1 in Abadie (2003). However, Lemma 2 is not a special case of Theorem 3.1 of
Abadie (2003). Abadie (2003) assumes conditional independence, and only the covariates
in the conditioning set appear in his Theorem 3.1. We assume unconditional independence,
which means our conditioning set is empty, but we still have covariates in Lemma 2. We can
generalize Lemma 2 to nest both our unconditional case and Abadie (2003) by allowing for

an arbitrary conditioning set and additional covariates not in the conditioning set.



Proof of Proposition 1: To prove the identification result in equation (1), we note that

under Assumption 2, the treatment complier population consists of three groups: G =
ca, cn, cc. Thus,

E[h(X)|G = cc] Pr(G = cc|Dy > Dy)
E[h(X)|Dy > Dy — E[h(X)|G = ca] Pr(G = ca|Dy > Dy)
— Eh(X)|G = en] Pr(G = en|Dy > Dy).

(A1)

We examine each of the three terms on the right-hand side of equation (A1). The first term

is simply the average h(X) for the treatment compliers. Per Lemma 2(a),

E[WX)| Dy > Dy) = mmmh(X)].

For the second term,

E[h(X)|G = ca| Pr(G = ca|D; > Dy)

—E[h(X)|Dy > Do, Yy =Yy = 1]Pr(Yy = Y; = 1|D; > Dy)
O [h(X)|Dy > Dy, Yy = 1] Pr(Yy = 1|D; > D)
—E[h(X)Ye| D1 > Do, Yo = 1] Pr(Yy = 1|D1 > Do)
—E [h(X)Yy| D1 > Dy
(i) 1

Pr(D; = Dgy oY X)L

where equality (i) follows from Assumption 2.1 and (ii) from Lemma 2(b).

Analogously, for the third term, we can show that

E[h(X)|G = en|Pr(G = en|Dy > Dy) = mE[m(l —Y)h(X)].

Plugging these results back into equation (A1), we have

E[rh(X)] Elrh(X)]
Eh(X)|G = cc] = Pr(G = cc¢|D; > Dy) Pr(Dy > Dy) - Pr(G = CC).

Because Lemma 1 implies the denominator in the equation above to be the reduced form,
RF', we have the desired result.



For equation (2), we note that it is a special case of Proposition 2, which we prove next.
Specifically, when Y is binary, we can plug Y; — Yy = 1 into equation (4) and obtain the
desired result. QFED.

Proof of Proposition 2: For equation (3),

ElY|Z=1]-E[Y|Z =0]
—E[Y; — Yo|Dy > Dy] Pr(D; > D)
—E[Y; — Yo|Dy > Dy, Y > Yo] Pr(Yi > Yo| Dy > Do) Pr(D; > D)
=Pr(G = cc)E[Y) — Y5|G = cc.

For equation (4), the first term in the numerator of the Wald estimand is

—E[W(X)Y|Z =1,(Dy = Dy or Yi = Yy)] Pr(Dy = Dy or Vi = Yo|Z = 1)+
Eh(X)Y|Z =1,G = cc]Pr(G = cc|Z = 1).

We can similarly expand the second term in the numerator. The difference between the two

terms is nonzero only for the supercomplier group. Therefore,

EhX)Y|Z =1]—- EMX)Y|Z = 0]
=E[hX)Y|Z=1,G =cc|Pr(G =cc|Z =1)—
Eh(X)Y|Z =0,G = cc] Pr(G = cc|Z = 0)
=E[h(X)(Y1 — Y))|G = cc] Pr(G = ce).

Plugging the left hand side of equation (3) into the denominator of the Wald estimand, we
have the desired result. QED.

Proof of Proposition 3: We show that equation (5) holds under two sets of assumptions.
We first show that it follows from equation (4) under the assumptions of Proposition 2. We

then show that equation (5) holds under the weaker assumptions of Proposition 3.

Equation (4) implies equation (5) under the assumptions in Proposition 2 because

E[h(X;)(Y1; — Yo;)|complier]



(i)

=E[h(X;) (Y1 — Yoi)|supercomplier] Pr(Yy; — Yy > 0|complier)
i Eh(X;)Y;|Z; =1 — Elh Yi|Z; = ) )
@ (A E)[Y}Z J E{Y(|Z) | 0] O]E[YM — Yo;|supercomplier] Pr(Y3; — Yy; > 0|complier)
w0 BIR(X)YilZ: = 1] — E[h(X,)Yi|Z = 0] |
EYy, — Yo |

ENi|Z = 1] — EYi|Z =0 [Y1; — Yoi|complier]
o BIBXYIZ, = 1) = EIRXOVIZ =0

ElY|Z; = 1] - E[Yi|Z; = 0]

where equalities (i) and (iii) follow from the definition of supercompliers, equality (ii) from

Proposition 2, and equality (iv) from the definition of LATE.

To show that equation (5) holds under the assumptions in Proposition 3, i.e., to prove

Proposition 3, note that

E[h(X;)(Y1; — Yp;)|complier]
_E[h(X,)Y;|Z = 1] - B[M(X,)Yi| Zi = 0]
B E[D;|Z; = 1] — E|D;|Z; = 0]
_B[M(X)Yi|Zi = 1] - E[h(X,)Yi| Z; = 0
- EM|Zi=1]- EYi|Z = 0]

] LATE,

where the first equality follows from standard local-average-treatment-effect identification
reasoning, and the second equality follows from dividing and multiplying the (non-zero)
reduced form. QED.

A.2 Shares and Characteristics of Other Groups

Lemma 1 and Proposition 1 show that we can identify the share and characteristics of the
supercompliers. The proposition below establishes identification of the shares and charac-

teristics of the other two groups within the stratum of compliers, G = ca, cn.

Proposition 4 Under Assumptions 1 and 2 and provided that X 1L Z, the shares of the

two groups are

Pr(G = ca) = ElroY] = E[(1 — D)Y|Z = 0] — B[(1 — D)Y|Z = 1]
Pr(G = cn) = E[k1(1 - Y)| = E[D(1 - Y)|Z = 1] — E[D(1 - Y)|Z = 0],



and their characteristics can be identified as

- ElmYh(X)] _ E[(1 - D)Yh(X)|Z = 1] - E[(1 - D)Yh(X)|Z = 0]
B XIG = cal = = T = = B - DVIZ =1 - E[(1—D)Y|Z =0
Elri(1-Y)h(X)] _ EDQ-Y)h(X)|Z=1] - E[D(1 = Y)h(X)|Z = (]
PG =l == 0=y =~ EDQ-NZ=1-ED(1-V)IZ 0]

Proof of Proposition 4: We only prove the identification results for G = ca, as the proof

for G = cn is analogous. For the share of the G = ca group, first note that
PI'(G = ca) = PI"(YE) =1, Dy > Do) = E[YE)|D1 > Do] PI'(Dl > Do) = E[/{()Y],

where the last equality follows from Lemma 2(b). This proves the first part of the equality,
and the second part can be easily proved by plugging in the definition of £y and simplifying.

For the characteristics result, note that

EYoh(X)|Dy > Dyl

E(X)|G = ca] = E[M(X)|D1 > Do, Yo = 1] =

E[Yy| D1 > Dy
Since Lemma 2(b) also implies
1
EYoh(X)|Dy > D] = =————FE[roYh(X
[Yoh(X)|Dy > D] Br(D; = D) [koY h(X)],
we have the first part of the identification result:
El[roY h(X)]
Eh(X)|G = =
A(X)IG = o) = 5

We obtain the second part of the equality, i.e., identification by the Wald-type estimand, by
plugging in the definition of kg and simplifying. QFED.

Like Proposition 1, the identification result in Proposition 4 leads to natural estimators. We
can estimate the population share of the G = ca group by regressing (1—D)Y on (1—Z2) and
the population share of the G = cn group by regressing D(1—Y') on Z. With the Wald-type
estimand for the characteristics, we can implement the corresponding 2SLS estimators like

we do for the supercomplier characteristics.

Finally, we note that it is easy to directly identify the observations assigned to treatment

(control) as belonging to the G = na (G = an) group, namely those with D =0 and Y =1



(D =1and Y = 0). Therefore, we can identify the shares and characteristics of these
two groups by directly using these observations. However, we cannot identify the shares
and characteristics of the four remaining groups in Table 1, G = aa, ac,nc,nn. To see this,
suppose for the sake of contradiction that we can identify the share of the aa group. Because
we can identify the share of the treatment always takers, we will also be able to identify
the share of the ac group (by subtraction) and, consequently, the probability of being in the
ac group conditional on being a treatment always taker. However, the latter is simply the

treatment effect for the treatment always takers:
Pr(G = ac|Dy = Dy = 1) = E[Y1 — Yo| Dy = Dy = 1],

which we know cannot be identified. This contradiction shows the non-identifiability of the

aa group share, and the proofs for the other groups are analogous.

A.3 Connections to Marginal Treatment Effects

Remark 5 notes the connections between our identification results and the marginal treat-

ment effect literature. We provide details in this section.

Vytlacil (2002) shows that the LATE framework characterized by Assumption 1 is equivalent
to a latent index threshold crossing formulation: D = 1p,z)>p) where p(z) denotes the
(non-constant) propensity score function Pr(D = 1|Z = z) and “resistance” U a uniform
random variable with Z 1l (Y3,Yy,U). It follows that the treatment compliers are those
with U € [p(0), p(1)].

Focusing on a binary Y, we define the marginal supercomplier characteristics as
SC(u) = E(O)|U = w,Y; > Yy

for u € [p(0),p(1)].} SC(u) represents the average characteristics among the supercompli-
ers with U = wu. The next proposition shows that our estimand identifies an average of

supercomplier characteristics weighted by MTEs.

!Technically, SC(u) is only well-defined when Pr(Y; > Yp|U = u) > 0. When Pr(Y; > Y,|U = u) = 0,
we can define SC(u) arbitrarily since it receives zero weight in the integrals in Proposition 5.



Proposition 5 Under Assumptions 1 and 2 and provided that X 11 Z,

o) SCMTEW)du  Eln(X)Y|Z = 1] — E[h(X)Y|Z = 0]
SR MTE@dy  EYIZ=1-E}[Z=0 "

where MTE(u) is the marginal treatment effect E[Yy — Yo|U = ul].

Proof of Proposition 5: Under Assumptions 1 and 2 and with X 1l Z,

EnX)Y|Z =1] — E[h(X)Y|Z = 0]
=E[h(X)(Y1 = Yo)|p(0) < U < p(1)] Pr(p(0) < U < p(1))
=mewxm«4@w=Mm
p(0)

p(1)
= [ BB = 0 ¥i > YA - ¥olU =
p
p(1)
—/ SC(u)MTE(u)du,
p(0)

where the first equality follows from Assumption 1, X 1l Z, and the definition of U, the
second equality from the definition of conditional expectation, the third equality from As-
sumption 2 and the observation that Pr(Y; > Yo|U = u) = E[Y) — Yy|U = u], and the final
equality from the definitions of SC(u) and MTE(u). Similarly,

p(1)
E[Y|Z = 1] - E[Y|Z = 0] = / MTE(w)du,
p(0)

and the desired result follows. QED.

As mentioned in Remark 5, with a continuous instrument that traces out the propensity
score from zero to one, we can formulate the corresponding estimand that identifies SC(u)

at any value of u between 0 and 1:

] .

_ aEMX)Y|p(Z)

SC(u) = 7 B () (A2)

u]
Our estimand in equation (A2) is the continuous analog of that in Proposition 5: It is con-
structed from derivatives—as opposed to differences—of the relevant conditional expectation

functions. Previous studies have established that the denominator of the right hand side of



(A2) identifies MTE(u) (e.g., Heckman, Urzua, and Vytlacil 2006; Carneiro, Heckman, and
Vytlacil 2011; Cornelissen et al. 2016). Similar reasoning reveals that the corresponding
numerator identifies the product SC(u) - MTE(u), and (A2) follows.

MTE(u) and SC(u) describe the supercomplier population at the margin as the instru-
ment shifts treatment take-up among individuals with different resistance levels u. MTE(u)
tells us the average gains at each u; in the binary-Y, monotone-outcome case it equals the
marginal fraction of beneficiaries. SC(u) additionally characterizes the composition of these

beneficiaries in terms of pre-treatment covariates.

A.4 (Non-)Identification of Separate Supercomplier Shares and
Characteristics for a Non-Binary Y

In this section, we provide details on the simple example from Section 2.1 to illustrate the

general non-identifiability of the various supercomplier shares and characteristics associated

with a non-binary Y. We consider the simple case where Y takes on three values in {0, 1,2}

and assume perfect compliance (D = Z). We can categorize each unit as one of six types:

ao, a1, Az, Co1, Co2, C12, Where
&y:YvO:le:y foryG{O,l,Q},
Cyoyn * (Y0,Y1) = (yo,41)  for yo, 51 € {0,1,2} and yo < y1.
The (unknown) shares of each type relate to the six observed probabilities of Pr(Y = vy |

Z = z) for y € {0,1,2} and z € {0,1} by

Pr(Y =0| Z =0) = Pr(ag) + Pr(co1) + Pr(cp2)

Pr(Y =1| Z =0) = Pr(a;) + Pr(c12)

Pr(Y =2|Z =0) =Pr(ay)

Pr(Y =0|Z=1) =Pr(ap)

Pr(Y =1|Z=1) =Pr(ay) + Pr(cor)

Pr(Y =2| Z =1) = Pr(az) + Pr(co2) + Pr(ci12). (A3)

These six equations form a linear mapping

(Pr(ao),Pr(al),Pr(@z),Pr(cm),Pr(cog),Pr(clg)) — (Pr(Y =0|2=0),....,Pr(Y=2|2= 1)),



but the corresponding 6 x 6 coefficient matrix is singular. Consequently, while we directly
observe Pr(ag) and Pr(as) in the data, we cannot separately recover Pr(ay), Pr(co1), Pr(cpa),
and Pr(cip). Hence, shares of the different supercomplier types are not identified, and,

following similar reasoning, the corresponding characteristics are also not identified.

A related observation from this non-identification result is that the distributions of Yy and
Y, among the supercompliers are also not identified in general. To see this in the simple

example above, suppose the observed data satisfy

Pr(Y=0|Z2=0)=05 Pr(Y=1|Z2=0)=05Pr(Y=2|Z=0)=0
Pr(Y =0[Z=1)=0; Pr(Y =1 Z=1)=0.5 Pr(Y =2 | Z = 1) = 0.5.

Then (A3) admits an infinite number of solutions for the shares of the latent types. We

focus on two of these solutions; the first one is
(Pr(ao), Pr(a1), Pr(az), Pr(cor), Pr(coz), Pr(ci2)) = (0,0,0,0.5,0,0.5),

in which all units are supercompliers, so among the supercompliers Yj takes values 0 and 1
with probability 0.5 each and Y; takes values 1 and 2 with probability 0.5 each. The other

solution is
(Pr(ag), Pr(ay), Pr(as), Pr(co1), Pr(coz), Pr(012)) = (0, 0.5,0,0,0.5, 0),

in which only the cgo units are supercompliers, so among the supercompliers Yy = 0 and Y; =
2 with probability one. Because these two latent solutions (or data generating processes) yield
the same observed distribution of (Y, Z) (and hence of (Y, D, Z), since D = Z) but imply
different marginal distributions of Y and Y; among the supercompliers, those distributions

are not identified.

A.5 Estimation and Inference: Additional Discussion

In this section, we discuss alternative supercomplier characteristics estimators by focusing on
those with a direct analog in the existing complier characteristics literature. First, we note
that the Stata command in (6) does not estimate an exact sample analog of the Abadie-style

equation (1) from Proposition 1. As we show in Comey, Eng, and Pei (2023), the estimand



from equation (1) also has a Wald-type representation similar to (2):

ERX){Y - (1 —7)}Z =1] - E[R(X){Y — (1 —7)}|Z =0
EY —(1-7)Z=1-E[Y —(1-n)|Z=0] ’

(A4)

where 7 = Pr(Z = 1) denotes the proportion of units assigned to treatment. Therefore, the
sample analog of (1) can also be implemented using 2SLS. But we need to first transform Y
by subtracting from it the proportion of observations in the control group, and then use this
transformed outcome variable in the 2SLS regression (it turns out that we can ignore the
sampling variation in estimating 7 when conducting inference). We also show in Comey, Eng,
and Pei (2023) that neither of the two estimators based on (1) and (2) has an asymptotic

variance that dominates the other in all data generating processes (DGPs).

Estimators based on complier analogs of both (1) and (2) have been used in existing studies,
for which Y is replaced by D. Angrist and Pischke (2009) implement the complier analog of
(1). Other empirical studies referenced in the introduction (e.g., Finkelstein and Notowidigdo
2019) use a different estimator, which is equivalent to the complier analog of (2) (see Comey,
Eng, and Pei 2023 for details). However, these studies do not use 2SLS regression to estimate
complier characteristics. Instead, implementation involves assembling separately estimated
quantities. In addition, these studies either do not report standard errors on estimated
complier characteristics or report bootstrapped standard errors. Our results here imply that
inference results can be easily obtained for both estimators using existing Stata commands,

including those that account for a weak instrument.

Recent work by Angrist, Hull, and Walters (2023) follows and extends the arguments by
Abadie (2002) and uses additional estimators to characterize compliers. In addition to the
complier analog of (2), which amounts to using k; weights, they also consider weighting
covariates by kg, equivalent to replacing Y by 1 — D in (2). Angrist, Hull, and Walters
(2023) also propose a “pooled” estimator, which is the average of the k; and ko weighted
estimators and can be implemented via a stacked regression. While we can easily use the
supercomplier analogs of these additional estimators, replacing Y with 1—Y seems unnatural
when Y is non-binary. Therefore, as stated in Section 2.2, we simply use the sample analog
of the Wald estimand in (2) and (4) to estimate supercomplier characteristics, which is akin
to the complier IV estimators used by Alsan et al. (2025) when the treatment variable is

non-binary.
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A.6 Details on Remark 7

In this section, we provide more details on Remark 7 and discuss the factors that influence
the precision of (super)complier characteristics estimates. We focus on the case of estimating
supercomplier characteristics without controls, but our reasoning easily extends to estimation

with controls after proper residualizing.

Let vy denote the Wald estimand of the mean supercomplier characteristics underlying (6),
i.e., the right hand side of equations (2) and (4) when setting h(X) = X. Using standard
asymptotics with the delta method, it is easy to show that the asymptotic variance of the

2SLS estimator Ay is the constant

2 2 2 2
. 1 O%vj1  9xvylo 91 %y

_ 2%/ (Uxi,in i UXY,Y|0>:| 7 (A5)

1—7

where 0y = E[Y|Z = 1]— E[Y|Z = 0] denotes the reduced-form effect, afﬁ,‘z =var(XY|Z =
z), 052,‘2 =war(Y|Z = z), and oxyy|. = cov(XY,Y|Z = z) denote second moments within
the treatment (z = 1) and control (z = 0) groups, and 7 represents the probability of
being assigned to the treatment group as defined in Appendix A.5. Note that we can define
u = XY — Y and 02, = var(u|Z = z), and the quantity inside the square bracket of
equation (Ab) is simply 03‘1/7' + O'Z‘O/(l — 7).

Three observations emerge from equation (A5). First, the same derivation applies to the
analogous 2SLS estimator of mean complier characteristics 4p, and its asymptotic variance is
given by the right hand side of (A5) with Y replaced by D where dp represents the first-stage
effect of Z on D. Second, the asymptotic variance of 4y (4p) is inversely proportional to 6%
(62). When Y is binary, dy and dp are the shares of supercompliers and treatment compliers,
respectively, under our identifying assumptions, and therefore, dy < dp. Consequently, all
else equal, we might expect the standard error of 4y to be larger than 4p. And third, we

can rewrite equation (A5) as

N oy /THol/(1—7)

- ) (AG)

avar(Yy) =

where N is the sample size, and Fy = N - 5,2//(03241/7 + 052,‘0/(1 — 7)) is the asymptotic F-
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statistic from the reduced form. Therefore, regardless of the distribution of Y, avar(dy) is
inversely proportional to Fy-.2 Just like the first observation above, equation (A6) also applies
to avar(yp) with Y replaced by D, and it follows that avar(9p) is inversely proportional to
Fp, the asymptotic F-statistic from the first stage. It is common in empirical applications
to have Fy < Fp and often substantially so; as a result, it would be harder to precisely

estimate supercomplier characteristics than complier characteristics.

As we emphasize in Remark 7, it makes sense to apply our machinery in settings where the
reduced-form effect is strong. That is, it will be meaningful to characterize supercompliers

only if there is compelling evidence that they exist.

A.7 Implications under Conditional Independence

In this section, we analyze the supercomplier characteristics estimand under the conditional
independence assumption. Specifically, we investigate identification under the corresponding
2SLS regression of (6) with covariate controls, and we focus on the case of stratified exper-
iments where the controls are the set of stratum dummies. We show that the population
2SLS estimator identifies a non-negatively weighted average of supercomplier characteris-
tics, as opposed to an expression where other unobserved subpopulations receive positive
weight. This result is analogous to the Blandhol et al. (forthcoming) finding on “weak
causality”—under certain conditions, the LATE estimand with covariate controls identifies

a non-negatively weighted average of complier treatment effects.

Assumption 3 (Stratified Experiment)

1. Stratified Random Assignment: (Yoo, Yo1, Y10, Y11, Do, D1) 1L Z conditional on W
and 0 < Pr(Z =1|W) < 1.

2. Conditional Reduced Form: The population coefficient on Z from the reduced-form

regression of Y on Z and W is nonzero.
3. Saturation: E[Z|W] =1L(Z|W), where IL(Z|W) is the linear projection of Z on W.

Assumptions 3.1 and 3.2 are the covariate-control counterparts to Assumptions 1.1 and 2.2,

respectively. Assumption 3.3 stipulates that the true conditional probability of treatment

2The result is similar in spirit to that by Shea (1997) who connects the asymptotic variance of a 2SLS
estimator with the R? of the first stage.
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eligibility assignment can be recovered with linear regression. This condition is satisfied when

the controls are saturated stratum fixed effects in a stratified randomized experiment.

Proposition 6 Denote the population coefficient from a supercomplier characteristics re-
gression with covariate control W by [asrs. Under Assumptions 1.2, 1.3, 2 and 3, and
provided that X 1L Z|W,

Basrs = Elww E[MX)|G = cc, W]/ Elww],
where the weight wy is nonnegative for all values of W.

Proof of Proposition 6: We define Z = Z — IL(Z|W) and use Equation 8 of Blandhol

et al. (forthcoming) to write

Brsrs — E[h(X)Y Z]
2SLS = —E[Y Z] -
Decompose the numerator of fyg75 as
E[h(X)Y Z] = E[E[MX)Y Z|W]]
= Elcov(W(X)Y, Z|W) + E[h(X)Y|W|E[Z|W]]

fov(h(X)Y, Z|WZ+?[h(X)Y\W]E[

0 (ih)

—

N
=
=
-

where the last equality follows from the fact that conditional on W, L(Z|W) is a constant
and is therefore uncorrelated with h(X)Y.

We can further decompose term (i) of equation (A7) as:

cov(W(X)Y, Z|W) = E[W(X)Y(Z — E[Z|W])|W]
= Bh(X)Y|Z = 1,W](1 — E[Z|W])E[Z|W]
~ E[h(X)Y|Z = 0,W)(E[Z|W])(1 - E[Z|W))
= (E[MX)Y|Z =1,W] — E[M(X)Y|Z = 0,W])(1 — E[Z|W])E[Z|W]
= E[h(X)|G = ce, W] x RFy x (1 — E[Z|W))E[Z|W] (A8)

where the last equality follows from the conditional version of Proposition 1, with RFy =
EY|Z =1,W] — E[Y|Z = 0,W] being the reduced form conditional on W.
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For term (ii) of equation (A7), note that
E[ZIW] = E[Z|W] —L(Z|W) =0

if E[Z|W] =1L(Z|W). Thus, term (ii) is zero whenever the expectation of Z is linear in W,

which is true in stratified experiments with W being the full set of stratum dummies.

Hence, the numerator of (o975 is
E[h(X)YZ] = E[E[h(X)\G =cc, W] x RFy x (1 — E[Z\W])E[Z|WH (A9)

We can similarly show that the denominator of Bygr5 is:

E[YZ] = E[RFy x (1 — E[Z|W))E[Z|W]],

and the result of Proposition 6 follows with weight wy = RFw x (1 — E[Z|W])E[Z|W].
Under Assumptions 1.2, 1.3, 2.1, and 3.1, the conditional version of Lemma 1 holds and
implies RFyy = Pr(G = cc | W) > 0; since Z is binary, wy > 0 for all values of W.
QED.

A.8 Relaxing Outcome Monotonicity

Focusing on the case of a binary Y, Proposition 7 below shows what the supercomplier
characteristics estimand identifies when we relax outcome monotonicity (Assumption 2.1).
It is analogous to Proposition 3 in Angrist, Imbens, and Rubin (1996) on relaxing treatment

monotonicity (our Assumption 1.3).

Proposition 7 Under Assumptions 1 and 2.2, and provided that X L Z and E|Y|Z =
1] - E[Y[|Z =0] #0,

EWMX)Y|Z =1] - E[W(X)Y|Z = 0]
EY|Z=1-E[Y|Z =0

=E[h(X)|G = cc]+

E{ENX)|G = cc] = E[M(X)|G = cf]},

where we define

Pr(G = cf)
ElY|Z=1-EY|Z=0]

§
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Proof of Proposition 7: The numerator of the estimand is

=

h =1] - E[h(X)Y|Z = 0]
=E[WX)Y1|Z =1,Dy = 1]Pr(Dy = 1|1Z = 1) + E[h(X)Yy|Z = 1,D; = 0| Pr(D; = 0|Z = 1)+

X)Y\|Z

E[WMX)Y1|Z = 1,Dy > Do) Pr(Dy > Dy|Z = 1) — E[W(X)Y1|Z = 0,Dy = 1] Pr(Dy = 1|Z = 0)—
E[hMX)Yy|Z =0,D; = 0] Pr(Dy = 0|Z = 0) — E[h(X)Yy|Z = 0, Dy > Do] Pr(Dy > Do|Z = 0)
=E[h(X)Y1|Dy > D] Pr(D;y > Do) — E[h(X)Yy|Dy > D] Pr(Dy > D)

—E[h(X)|Dy > Do, Y1 = 1,Yy = 1]Pr(Y; = 1,Yy = 1|Dy > Do) Pr(D; > D)+

Pr( )

E[h(X)|Dy > Dy, Yy = 1,Yy = 0] Pr(Y; = 1,Yy = 0| Dy > Dy) Pr(D; > Dy)—

E[h(X)|Dy > Do, Y1 = 1,Yy = 1] Pr(Y1 = 1,Yy = 1|Dy > D) Pr(Dy > Dy)—

E[WMX)|Dy > Dy, Y1 =0,Yy = 1]Pr(Y; = 0,Yy = 1|Dy > Do) Pr(D; > Dy)
(X

[
[
[
[
[
[
[
[
[
=E[h(X)|G = ¢ Pr(G = cc) — E[h(X)|G = cf] Pr(G = cf).

(X)
(X)
(X)
(X)
(X)
(X)
(X)
(X)
(X)
(X)

Similarly, we can show that the denominator is

E[Y|Z = 1] — E[Y|Z = O] = PI‘(Yl > Y(),Dl > D()) — PI‘(Y1 < Yo,Dl > Do)

Combining the numerator and denominator expressions and rearranging, we have our desired
result. QED.

Proposition 7 says that when outcome monotonicity does not hold, the estimand for super-
complier characteristics will be biased unless the supercompliers and the cf group have the
same average characteristics. The bias increases linearly with the cf share, which can be
interpreted as the degree of an outcome monotonicity violation. The bias is small when the

degree of outcome monotonicity violation is low.
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