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Abstract
Increasingly, researchers are interested in questions regarding treatment-effect variation across
partially or fully latent subgroups defined not by pretreatment characteristics but by postrandomization actions. One promising approach to address such questions is principal stratification.
Under this framework, a researcher defines endogenous subgroups, or principal strata, based on
post-randomization behaviors under both the observed and the counterfactual experimental conditions. These principal strata give structure to such research questions and provide a framework
for determining estimation strategies to obtain desired effect estimates. This article provides a
nontechnical primer to principal stratification. We review selected applications to highlight the
breadth of substantive questions and methodological issues that this method can inform. We then
discuss its relationship to instrumental variables analysis to address binary noncompliance in an
experimental context and highlight how the framework can be generalized to handle more complex
posttreatment patterns. We emphasize the counterfactual logic fundamental to principal stratification and the key assumptions that render analytic challenges more tractable. We briefly discuss
technical aspects of estimation procedures, providing a short guide for interested readers.
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Introduction
A truism of social science research is that everything varies. While we cannot expect to understand all
aspects of impact variation, we can often learn about variation in effects across particular
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subpopulations. For example, we might estimate how the effect of an intervention varies across certain
observable individual characteristics—such as gender, race/ethnicity, or socioeconomic status. In the
context of a randomized controlled trial (RCT), estimating these subgroup treatment effects is typically
a straightforward analytic exercise, often completed by estimating a treatment-control difference within
the subsample defined by the subgroup characteristic of interest or by including interaction terms
between treatment and subgroup indicators in a linear model.1 These methods give an estimated treatment effect for each subgroup, and testing procedures such as likelihood ratio tests can determine
whether the subgroup effects are significantly different. In essence, these approaches view the subgroups
of interest as mini-experiments and return estimates of treatment impact for each such experiment.
Increasingly, however, researchers are interested in treatment-effect variation across partially
observed—or even fully latent—subgroups, defined not by standard pretreatment characteristics,
such as gender or race/ethnicity, but instead by post-randomization behaviors, actions, or decisions.
For example:
1.

2.

3.

What is the impact of the offer of a private school voucher among those children who would
enroll in private school only when given a voucher, but who would otherwise enroll in public
school?
What is the impact of a multifaceted dropout prevention program among those students who
would fail to complete high school regardless of whether they have the opportunity to participate in the program? In contrast, does the program only improve outcomes for students
who graduated from high school as a result of the opportunity to participate in the program?
What is the impact of participating in an early childhood program among those children who
would participate in the program when offered the opportunity to enroll in the program but
who would have received home-based care absent that opportunity? And how does this compare to the impact for those children who would have otherwise enrolled in some other
center-based care?

As compared to standard subgroup analysis, in these examples we are not able to observe individual membership in the subgroups of interest, thus preventing classic subgroup approaches. Two
key features are worth highlighting about the subgroups of interest identified in these research questions. First, the subgroups are defined by specific post-randomization behaviors. Second, to classify
study participants into these subgroups of interest, we would need to be able to observe individuallevel behavior under both the observed and the unobserved (i.e., counterfactual) experimental conditions. In the first question mentioned previously, we are interested in those children who would
enroll in public school under assignment to the control condition but who would enroll in private
school upon receipt of the randomly assigned voucher. In the second, we are interested in those students who would fail to graduate from high school regardless of the experimental condition to which
they are assigned. In the third, we are interested in those children who would take up the early childhood program if offered, grouped by the care setting that these children would experience if assigned
to the control condition. All these types of questions allow us to further unpack overall intent-to-treat
(ITT) effects to understand for whom and under what circumstances a given intervention impacts
outcomes for children and families. Answers could help to determine whether observed ITT effects
are driven by one particular latent subgroup, and if so, how the intervention might be restructured to
better serve the full range of intended participants.
In reality, of course, we can only observe a study participant’s post-randomization behavior under
assignment to treatment or control—but not both. One analytic framework for handling such
research questions is principal stratification (Frangakis & Rubin, 2002). The idea behind principal
stratification is to first define endogenous (or program-related) subgroups, referred to as principal
strata, based on sample members’ post-randomization choices, actions, or experiences under both
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the observed and the counterfactual experimental conditions and then to leverage statistical methods
to estimate impacts for these subgroups, even though they are not fully observed.
Like many statistical concepts, principal stratification has several, independent origins. In the
program evaluation literature, the idea appears to originate in the analysis of the Job Training
Partnership Act (Bloom et al., 1997), with further discussion in Orr (1999), and eventually as
endogenous or program-related subgroups (Peck, 2003; see Peck, 2013, for a discussion). In statistics, the term principal stratification arose from complications in medical trials and was eventually formalized by Frangakis and Rubin (2002). A particular contribution of this framework is
that it provides clarity in differentiating the process of defining treatment effects of interest from
the analytic strategies used to estimate those quantities, as we illustrate further below. Consequently, researchers can articulate treatment effects using natural language to define and describe
specific groups of interest while also clarifying the assumptions necessary to estimate treatment
effects for those groups. Importantly, in this framework, stratum membership is considered a pretreatment characteristic of each study participant—just like age or socioeconomic status—
because the participants’ set of potential responses to the different treatments is also considered
to be a fixed, pretreatment characteristic. Thus, stratum-specific treatment effects, or principal
causal effects, are subgroup treatment effects, just like treatment effects for other subgroups, such
as boys and girls.
This article is intended as a nontechnical primer on principal stratification. In the second section,
we highlight several different applications of the principal stratification framework to illustrate the
breadth of substantive questions and methodological issues to which it can be applied. In the third
section, we focus on key assumptions that underlie our identification and estimation of stratumspecific treatment effects. In the fourth section, we present two different approaches to estimating
key principal causal effects in the context of a randomized trial that suffers from simple (i.e., binary)
noncompliance, and highlight how certain estimation procedures can be extended to handle more
complex applications of the principal stratification framework. We close by highlighting the benefits
and limitations of the principal stratification framework as well as the current state of the field
regarding analytic tools that would be of interest and value to the applied quantitative researcher.
Throughout, we emphasize the counterfactual logic fundamental to this type of analysis as well
as the assumptions that undergird this approach and render analytic challenges more tractable.
Although we touch on estimation procedures, they are not the primary focus.

Selected Applications of Principal Stratification in the Social Sciences
Researchers have utilized the principal stratification framework in the context of RCTs to define
treatment effects of interest, while rigorously handling analytic challenges and addressing substantive questions related to many concerns. Some examples, discussed below, are simple and
complex patterns of noncompliance to treatment assignment (e.g., Barnard, Frangakis, Hill, &
Rubin, 2003); naturally occurring variation in the counterfactual, nontreatment condition (Feller,
Grindal, Miratrix, & Page, 2014); missing or unobserved intermediate outcomes (e.g., Frumento,
Mealli, Pacini, & Rubin, 2012); and the identification of shorter term ‘‘surrogate’’ outcomes of
longer term outcomes of interest (VanderWeele, 2011). We highlight recent applications in each
of these domains drawn from research in education and workforce development to provide a
sense for the breadth of questions to which researchers have fruitfully applied the principal stratification framework.

Simple and Complex Patterns of Noncompliance With Assignment to Treatment
In experimental studies in the social sciences, study participants often do not comply with the randomized assignment to an active intervention. Those assigned to the treatment condition may fail to
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take up the treatment, and those assigned to the control condition may nevertheless gain access to the
treatment. Barnard, Frangakis, Hill, and Rubin (2003), for example, encountered this challenge in
their analysis of the New York City (NYC) School Choice Scholarship Program. Through this intervention, eligible students were randomly selected to receive scholarship vouchers to help cover the
cost of private (primarily parochial) school enrollment in NYC. In this context, students could react
to random assignment in different ways. For those randomly offered the voucher (the treatment
group), students could either use the voucher to enroll in a private school or decline the voucher and
enroll in public school. For those not offered a voucher (the control group), students could either
enroll in private school regardless of being denied the financial support or enroll in public school.
Figure 1 shows these possible responses to random assignment, as originally articulated by
Angrist, Imbens, and Rubin (1996). In this figure, the row headings correspond to how students
would respond under assignment to the voucher (treatment) condition—either they enroll in private
school or not. The column headings similarly indicate students’ response under the no-voucher (control) condition. The four possible pairs of potential responses under assignment to the treatment and
control conditions categorize individuals as falling into one of the four response ‘‘profiles,’’ our principal strata of interest in this context, as shown in Figure 1.
A key goal in this intervention was to understand the impact of private schooling on students’
educational outcomes. Analytically, therefore, there is substantive interest in the impact of treatment
within the subgroup of students who are ‘‘compliers,’’ those who only enroll in private school when
offered the voucher. For reference, the other groups that are definitionally possible are ‘‘always
takers,’’ students who would enroll in private school regardless of assignment; ‘‘never takers,’’ students who would never enroll in private school regardless of their assignment; and ‘‘defiers,’’ students who would enroll in public school if offered the voucher but who would enroll in private
school without the voucher offer.2 In this case, Barnard and colleagues (2003) find that the voucher
offers improved mathematics outcomes among those compliers who attended schools performing
below the citywide median prior to the study.
Because imperfect compliance is typical in social science experiments, this goal of estimating the
treatment effect for the subset of individuals who participate in the experiment as intended is fairly
common. In addition to understanding impacts among compliers, this framing also encourages the
policy maker to consider why certain individuals did not respond according to the intention of the
experimental design. Indeed, viewing simple noncompliance in this way is now standard practice
(e.g., Abdulkadiroglu, Angrist, Dynarski, Kane, & Pathak, 2011; Bloom, 1984; Howell, Wolf,
Campbell, & Peterson, 2002).
However, more complex noncompliance patterns are also possible. For example, if an experiment
is conducted over an extended time period, it is possible that individuals’ compliance with assigned
treatment may not be simply an either/or phenomenon. Rather, compliance to the assigned treatment
may vary over time. We can still use a principal stratification framework to handle these more complex patterns of noncompliance, as was done by Jin and Rubin (2009) to extend analyses of the NYC
voucher experiment to consider the study’s multiyear timeframe.
Here the authors observed that even among voucher recipients who took up the voucher offer in
the first year, some reverted to attending public school over the subsequent years of the study. Such
patterns created a need to define principal strata for varying degrees of compliance over time, known
as partial noncompliance. In this context, strata were defined by the various patterns of private
school enrollment students could have exhibited over a 3-year period under both experimental conditions. Structuring the analysis in this way allowed the authors to isolate effects for children who
would take up the voucher and attend private school for different durations and to explore a variety
of hypotheses, such as whether the voucher offer has a negative impact on those who would only
partially comply with assignment due to an ‘‘adjustment hardship’’ that they might experience from
multiple changes in school environment.
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Figure 1. Cross-classification of treatment take-up behavior for defining principal strata in study of vouchers to
support private school enrollment.
Random assignment to
no-voucher condition
(control)
Private school enrollment Public school enrollment
Random assignment to voucher
condition (treatment)

Private school
enrollment

1: Always (private school) 2: Compliers
takers

Public school
enrollment

3: Defiers

4: Never (private school)
takers

Variation in Counterfactual Condition
Another use of principal stratification recently forwarded by Feller, Grindal, Miratrix, and Page
(2014) is to investigate naturally occurring variation in counterfactual conditions. Using data from
the Head Start Impact Study (HSIS), the authors observed that children not offered the opportunity to
enroll in Head Start experienced different forms of child care such as alternate, non-Head Start child
care centers, or care at home provided by a parent or other relative. This variation motivated the
question of whether there was variation in the impact of Head Start participation according to the
care setting that children would have experienced absent the Head Start offer.
Here the principal strata of interest are defined by the care setting children would have experienced under assignment to treatment and under assignment to control, as illustrated in Figure 2.
These principal strata in Figure 2 generalize the noncompliance represented in Figure 1. In this
application, the key subgroups are the two types of compliers: those compliers who would otherwise
experience center-based care (Cell 2 in Figure 2) and those compliers who would otherwise experience home-based care (Cell 3). Importantly, Feller and colleagues find that the main treatment
effects of the Head Start intervention were largely realized by those children who were induced into
Head Start and out of a home-based care setting as a result of the randomized offer to enroll, whereas
the impact of enrolling in Head Start was essentially zero for those children who would otherwise
have been in another non-Head Start center-based setting. Such results have implications regarding
determinations of program effectiveness and the targeting of program expansion.

Handling Unobserved or Undefined Outcomes
Another circumstance in which principal stratification can be useful occurs when an outcome of
interest is only observable for the subset of individuals who experienced another, related outcome.
For example, consider interventions that focus on workforce development, such as Job Corps (e.g.,
Frumento et al., 2012; Zhang, Rubin, & Mealli, 2008). In assessing the impact of such programs, we
may have a particular interest in how assignment to the program affects wages. The complication is
that wages are only observable and well defined for individuals who are employed. One naive
approach would simply be to compare wages among all individuals observed to be employed posttreatment. However, an obvious problem with this approach is that the intervention might induce
into the labor market those who earn particularly low wages when employed. If this is the case,
we might conclude incorrectly that the intervention has a negative impact on wages. Another option
is to assign a value of zero for the wages of those who are not working. This decision, however,
would lead to the estimation of the program’s impact on a combination of employment and wages
conditional on employment.
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Figure 2. Cross-classification of child care setting experienced for defining principal strata in study of variation
in the impact of Head Start according to type of care otherwise experienced.
Random assignment to
no Head Start offer
(control)
Head Start

Center Care

Home Care

1: Always Head Start 2: Center Compliers
3: Home Complier
Random assignment to Head Start
Head Start offer
Center Care (A)
4: Always Center Care (B)
(treatment)
Home care

(C)

(D)

5: Always Home Care

Principal stratification offers a useful solution to this common analytic problem. Zhang, Rubin,
and Mealli (2008) use a principal stratification framework and define strata according to employment status under assignment to treatment and control, as illustrated in Figure 3. Here, individuals
can belong to one of the four possible groups: those who would always be employed regardless of
treatment, those who would never be employed regardless of treatment, those who would be
employed only if assigned to treatment, and those who would be employed only if assigned to the
control condition. This framework allows the authors to estimate the effects that are of particular
interest in understanding the impacts of the program. First, by estimating the share of participants
in each stratum, the authors estimate the impact of the intervention on employment. They do so
by comparing the share of individuals in two strata: those who would be employed only if treated
(i.e., individuals for whom the program had a positive impact on employment) and those who would
be employed only if not treated (i.e., individuals for whom the program had a negative impact on
employment).3 The difference between the share in the second and the share in the first is the impact
on employment. Second, for those who would be employed under either experimental condition,
they can examine the impact of treatment assignment on wages. In related work, Lee (2009), for
example, finds that Job Corps does lead to an increase in wages for those who would be employed
under either experimental conditions and, based on these results, concludes that the program impacts
labor market outcomes both by increasing human capital as measured by increased wages among
this subset of study participants and by increasing rates of employment among those who would not
be employed absent the opportunity to participate in Job Corps.
This type of application of the principal stratification framework, involving unobserved or undefined outcomes (e.g., wages for those who are unemployed), is sometimes referred to as the ‘‘truncation by death’’ problem (see also McConnell, Stuart, & Devaney, 2008, for an excellent review;
Rubin, 2006; Zhang & Rubin, 2003). This terminology arose from the original application of principal stratification to quality of life studies where the analytic challenge is that quality of life is not
well defined for those study subjects who have passed away during the course of the intervention or
follow-up period.

Surrogate Outcomes and Mediation
A third application of principal stratification involves surrogate outcomes and mediation. Surrogate
outcomes become important when it is unduly expensive or infeasible to track longer run outcomes
of interest. Questions of mediation are important for efforts to understand causal pathways by which
interventions operate. One recent application in this domain is Page’s (2012) study of career academy high schools. MDRC’s experimental evaluation of this high school model found that the randomized offer to enroll in a career academy had no effects on traditional educational outcomes, such
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Figure 3. Cross-classification of employment behavior for defining principal strata when the outcome of interest is observed conditional on employment.
Random assignment to
no job training program
(control)
Employed
Random assignment to
job training program
(treatment)

Not Employed

Employed

1: Always employed

2: Employed if treated

Not employed

3: Employed if not treated

4: Never employed

as high school performance, high school completion, or college attainment. Yet, several years after
high school, students randomized to a career academy had substantially higher earnings than their
control group counterparts. This set of results presented a puzzle, given that we often look to these
traditional educational milestones as important pathways to subsequent labor market success. Page
(2012) explored the hypothesis that exposure to the world of work through opportunities such as
internships and job shadowing provided by the program contributed to these positive effects. To
explore this hypothesis, a key analytic step is to stratify students according to the extent of the
change in labor market exposure they would have experienced if given the opportunity to participate
in the career academy. The strata of interest for this analysis, therefore, were defined by the level of
world-of-work exposure students would have received under the treatment and control conditions.
Based on student-reported information on participation in labor-market exposure activities, Page
categorized students into low, moderate, and high levels of exposure in both the treatment and the
control conditions.4 The strata of interest in this application are illustrated in Figure 4. By estimating
treatment effects within each stratum, Page finds that treatment effects on subsequent earnings are
largest among those students who also experienced the largest change in exposure to the world of
work as a result of the career academy offer.5 This finding is relevant because it is consistent with
hypotheses regarding the key programmatic components of career academies that lead to subsequent
labor market success for students. Nevertheless, concluding that a surrogate outcome is a mediator
involves making further assumptions regarding mechanism. Currently, there is some debate as to
how to do this within a principal stratification framework.6

Applying Assumptions to Incorporate Knowledge and Support
Estimation
A principal stratification-based analysis proceeds in three stages. The first stage is to identify the
principal strata as we described earlier. In general, this process involves thinking about the substantive questions in a relatively high-level manner. The next stage is to formalize these strata and also
encode further substantive information that can ease later estimation. We discuss these first two
stages in this section. The final stage is estimation, discussed in the fourth section.
First, for strata to be well defined, we need to make some assumptions as to how the randomized
trial works. Principal stratification is based on the potential outcomes framework (Frangakis &
Rubin, 2002; Neyman, 1923; Rubin, 2005), which effectively considers each study individual to
have individual potential outcomes and associated potential treatment effect. The potential outcomes
of person i, Yi(1) and Yi(0) are the outcomes we potentially would see if we treated or did not treat the
person, respectively. Given these values, a key quantity of interest, the overall average treatment
effect, is the average of these individual treatment effects. This framework has great power in that
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Figure 4. Cross-classification of world-of-work exposure for defining principal strata in study of impact of the
career academy high school model on post-high school earnings.
Random assignment to
no career academy offer
(control)
Low labor market Moderate labor
High labor
exposure
market exposure
market exposure
Random assignment
to Career academy
offer(treatment)

Low labor market
exposure

Always low

(A)

Moderate labor
market exposure

Low to moderate Always moderate

(C)

High labor market
exposure

Low to high

Always high

Moderate to high

(B)

the causal impact is well defined and does not rely on any distributional or sampling assumptions:
the population consists of the individuals in the experiment and no more. The challenge is that while
all the potential outcomes are defined, for each person, only one potential outcome is actually
observed, according to the randomized treatment assignment.
To progress from these basic definitions, we first make two generally accepted assumptions.
The first is that the treatment was in fact randomized, which we express as an independence
assumption between whether an individual gets treated and what the person’s potential outcomes
are. The second, commonly called the stable unit treatment value assumption (SUTVA) (Rubin,
1978, 1980, 1990), effectively says that treating one person does not impact another (i.e., treating
one student has no spillover effect that helps some other student). For those not familiar with the
potential outcomes framework, we suggest Angrist et al.’ study (1996), which discusses this in the
case of noncompliance. For further discussion, see Imbens and Rubin (2015) or the first third of
Rosenbaum (2010).
The above-mentioned assumptions give us well-defined strata and well-defined treatment
effects within each stratum. The reasoning is as follows: given SUTVA, how an individual would
respond to either experimental condition is essentially a characteristic of the individual. This, in
turn, implies that each individual’s stratum of membership is in essence a characteristic of the
individual. Given that treatment assignment is randomized, it is unrelated to stratum membership.
Therefore, within-stratum treatment effects are causal effects, just as other subgroup treatment
effects would be. With strata and stratum-level treatment effects defined, we move to the next
stage where we add substantive assumptions to place constraints on the strata. These restrictions
are important as, without which, it is often difficult to make progress toward estimating the key
quantities of interest. More importantly, assumptions allow us to formally incorporate our substantive knowledge of the problem into our analyses. This is a particular benefit of the principal stratification framework. We briefly discuss the two most common assumptions in the context of
standard noncompliance, monotonicity, and exclusion restrictions, before discussing the other settings for principal stratification mentioned earlier.7

Monotonicity and Exclusion Restrictions in the Context of Binary Noncompliance
The two common assumptions in the context of noncompliance in randomized experiments are
monotonicity and the exclusion restriction (Angrist, Imbens, & Rubin, 1996). Monotonicity relates
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to how people actually respond to the randomized offer to take up a given intervention. Monotonicity is the assumption that an individual would be at least as likely to take up the treatment under
assignment to the treatment condition as under assignment to the control condition. Returning to
Figure 1, which presents the principal stratification set up for binary noncompliance in the context
of the NYC school voucher experiment, the monotonicity assumption rules out the possibility of any
‘‘defiers,’’ as children in this stratum would have enrolled in private school without the voucher offer
but not with the voucher offer.
The second major assumption is the exclusion restriction, which relates to how assignment to
the treatment condition will impact those individuals who would not actually take up the treatment, if offered. Again, in the context of the example represented in Figure 1, these are the children whose school type would be unchanged by the randomized voucher offer. The always takers
would always enroll in private school, with or without the voucher, whereas the never takers
would always enroll in public school. Given that randomization does not change the type of
schooling for these subgroups of children, we make the assumption that randomization similarly
does not impact subsequent outcomes for these children. Equivalently, we assume that, within
these strata, the effect of treatment is zero.
Importantly, these assumptions are inherently substantive rather than statistical. Therefore, it is
critical to reason through whether such assumptions are plausible in the context of each substantive
application. In the context of the voucher study, monotonicity seems entirely plausible, as it is hard
to imagine a student or family being more likely to take up private schooling without the financial
assistance that the voucher provides. The exclusion restrictions for always takers and never takers,
however, merit further consideration. Never takers are those children who would attend public
school regardless of the voucher offer. Because school setting and, quite likely, actual school building were unchanged for these children, it is reasonable to assume that the treatment offer did not
impact subsequent school-related outcomes. For always takers, however, it is conceivable that the
voucher offer could have led families to select different private schools for their children. If the voucher allowed some families to opt into higher quality private school settings, the treatment effect
among always takers could plausibly be nonzero. Given this, research must rigorously consider and
defend the application of the exclusion restriction for always takers or not apply this assumption and
instead estimate a treatment effect for this subgroup. These assumptions can in some cases be tested,
as we discuss in the estimation section below.

Assumptions Applied to Other Principal Stratification Examples
To further highlight the use of these assumptions, we briefly discuss their application in the context
of the other examples noted above. First, consider the examination of the impact of Head Start
according to alternative care settings, as represented in Figure 2 (Feller et al., 2014). The monotonicity assumption in this context implies that children would be at least as likely to participate in
Head Start if offered a slot than if not offered a slot. By applying this assumption, we rule out the
possibility of children belonging to the strata labeled as (A) and (C), as these are children who would
participate in Head Start under assignment to the control condition but who would take up other
center-based care or home-based care, respectively, if offered the opportunity to enroll in Head Start.
Feller and colleagues (2014) also rule out the possibility of children belonging to the strata labeled
(B) and (D). Analogous to a monotonicity assumption, the authors make the assumption that the
Head Start offer would not induce families to switch from, say, center-based care to a homebased care setting or vice versa.
Further, the authors apply an exclusion restriction to the cells on the main diagonal of Figure 2,
making the assumption that the effect of the treatment offer is zero among those children whose
child care sector would be unchanged by the randomized offer to participate in Head Start. As in
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the application above, it is useful to consider scenarios under which this assumption would be violated. Consider, for example, the children belonging to the always Head Start stratum. It is possible
that without the Head Start offer, these children could have participated in a low-quality Head Start
center but that the randomized offer corresponded to the opportunity to enroll in a high-quality Head
Start center. Under such circumstances, it is plausible that these children would experience a positive
effect of treatment on subsequent outcomes. In the HSIS, however, these control group children
often enrolled in the very same Head Start centers to which their access was supposedly denied. This
understanding of the roll out of the HSIS, therefore, justifies this application of the exclusion
restriction.
In the wage example, neither monotonicity nor exclusion restriction assumptions seem plausible.
Regarding monotonicity, participation in the job training program may increase expectations for
wage and job quality and may lead individuals to engage in a longer job search (see Note 3). As
a result, participating in the program might decrease the probability of having a job. Therefore,
in this context, it is possible for all four strata to exist. Regarding the exclusion restriction (i.e., the
assumption of zero impact within certain strata), there is only one stratum—the always employed—
within which a treatment effect on wages will be estimated, and the effect of the treatment on wages
is undefined in all other cells.
Finally, we consider Page’s (2012) application of principal stratification to the context of career
academy high schools. In this context, Page invokes a monotonicity assumption, arguing that participating in labor market exposure activities would be at least as high when offered the opportunity to
enroll in a career academy. This assumption rules out the possibility of students belonging to the
strata (A), (B), or (C) in Figure 4. She does not, however, apply an exclusion restriction, given that
the intervention could have influenced students’ outcomes through mechanisms other than labor
market exposure. Therefore, she allows treatment effects to be nonzero for students whose level
of labor market exposure would be unchanged by the opportunity to participate in a career academy
but finds impact estimates within these strata to be small compared to those strata within which labor
market exposure increased with the career academy offer.

Strategies for Estimating Stratum-Specific Treatment Effects
As the above-mentioned discussion indicates, principal strata are defined and substantive assumptions to restrict the characteristics of these strata are applied without reference or prior to estimation.
In our view, this separation is a beneficial aspect of utilizing the principal stratification framework:
the first articulate the groups and quantities of interest and the second identify the substantive knowledge (e.g., assumptions) that could be useful to further restrict or inform these quantities, and only
then assess whether and how estimation is possible. In short, the process of estimation is separate and
distinct from the process of articulating those quantities to be estimated.
Depending on the constraints imposed on the problem, there are different general strategies one
might take for estimation. These strategies can be divided into moment-based methods (nonparametric) and model-based methods. In the first, we rely purely on our original assumptions to express
target quantities (such as stratum-specific average treatment effects) as functions of directly observable characteristics of the data. When this is not possible, moment-based approaches can be weakened to instead attempt to bound target quantities. The second approach is to directly model part or
all of the data. This typically requires making distributional assumptions on the outcomes within the
principal strata and also utilizing baseline covariates to inform prediction of individuals’ stratum
membership.
We refer to the first approach as ‘‘moment-based,’’ because we can estimate relevant stratumspecific treatment effects based on estimable ‘‘moments’’ or quantities such as means and proportions. The second approach is ‘‘model-based,’’ because our estimation procedure involves
Downloaded from aje.sagepub.com by guest on July 30, 2015

Page et al.

11

estimating parameters from an articulated model (Imbens & Rubin, 1997). The key difference
between these two approaches is that the moment-based approach only uses sample-level information while the model-based approach uses individual-level information, as we discuss below. In the
context of noncompliance, the first strategy may be more familiar to the applied quantitative
researcher, while the tools and procedures associated with the second strategy are often necessary
for estimating principal causal effects in more complex applications of principal stratification. For
a textbook discussion comparing these two approaches, see Imbens and Rubin (2015). Also see the
introduction of Stuart, Perry, Le, and Ialongo (2008).
These two general approaches have different strengths and weaknesses. Moment-based, nonparametric methods rely on weaker assumptions and allow for nonstandard and unknown distributional
forms of the outcomes under consideration. However, this lack of structure makes disentangling
many strata more difficult. Model-based methods can, at least in principle, separate out multiple
strata to allow for insight into complex patterns of treatment impact. Importantly, however, the fundamental analytic exercise is one of separating mixtures—a notoriously difficult problem—and
doing this can be somewhat of a delicate business, with treatment effect estimates potentially being
sensitive to modeling choices.
To illustrate the conceptual underpinnings, we walk through both approaches for the now wellunderstood case of simple noncompliance (such as the voucher study represented in Figure 1). Here,
using the moment-based method together with the monotonicity and exclusion restriction assumptions, we can use instrumental variables (IVs) estimation to estimate the treatment effect among
compliers (Angrist et al., 1996). We then provide intuition for applying a model-based approach
to this analytic problem.

Moment-Based IVs
For moment methods, we are usually concerned with differences in means for different groups.
In the context of noncompliance, we typically denote the overall difference in treatment and
control group means for a given outcome (or the overall impact of randomization) as the ITT
effect, and the difference in treatment and control group means specific to the compliers as
ITTc. This latter quantity is also referred to as the complier average causal effect or local average treatment effect.8
In general, we can rewrite an overall treatment effect as a weighted average of subgroup-specific
effects. For example, if we were examining the impact of an intervention on high school students, we
can decompose the overall effect into the weighted average of the effect on students in each grade, 9
through 12:
ITT ¼ p9 ITT9 þp10 ITT10 þ p11 ITT11 þ p12 ITT12 ;
where pg denotes the proportion of all students in Grade g, and ITTg is the impact of randomization
for students in Grade g.
In the context of noncompliance, we instead decompose the overall treatment effect into the
effect on each of the four principal strata represented in Figure 1:
ITT ¼ pc ITTc þpa ITTa þ pn ITTn þ pd ITTd ;

ð1Þ

where the c, a, n, and d subscripts refer to compliers, always takers, never takers, and defiers, respectively. As shown by Angrist et al. (1996), with the monotonicity and exclusion restrictions, we are
able to derive the ITTc, the principal causal effect for compliers, even though we do not know which
individual is in which group. First, recall that with the application of the monotonicity assumption,
we rule out the existence of defiers. In Equation 1, this assumption corresponds to pd ¼ 0 Second,
with the application of exclusion restrictions, we assume a treatment effect of zero for always takers
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and never takers. In Equation 1, this pair of restrictions corresponds to ITTa ¼ 0 and ITTn ¼ 0. With
these additional restrictions, Equation 1 reduces to the following:
ITT ¼ pc ITTc þ pa ITTa þ pn ITTn þ pd ITTd ¼ pc ITTc :
|ﬄ{zﬄ}
|ﬄ{zﬄ} |{z}
0

0

0

ð2Þ

Next, we estimate both ITT and pc directly from the data. First, we estimate the overall ITT as the
difference in mean outcomes between the treatment and the control groups. Second, we estimate pc
as the observed share of individuals in the treatment group who take up the treatment (which
^ c and p
^ a ) minus the share of individuals in the control group
includes compliers and always takers, p
^ a ). We then scale the overall ITT estimate by the estimated
who take up treatment (always takers, p
share of compliers to obtain our final estimate. This is called the ratio estimator or the IV estimator
for the effect of treatment on the subset of compliers.

Model-Based IVs
An alternative approach is to focus on each individual’s stratum membership. Of course, we cannot observe this directly, since each individual is assigned to either treatment or control. Still, we
do observe partial information. For example, in the voucher study, if a child is randomized to
receive the voucher and subsequently enrolls in private school, we know that the child is either
a complier or an always taker. At the same time, if a child receives the voucher but still enrolls
in public school, then, by assumption, we know that we have a never taker. These possible relationships are shown in Table 1.
We refer interested readers to Imbens and Rubin (2015) for a detailed discussion of model-based
IV. To give some intuition, we provide a brief sketch of the Bayesian estimation method here, which
is known as data augmentation. Data augmentation is based on the idea that if we knew each individual’s stratum membership, estimating the effect for compliers would be easy—we would simply
estimate the treatment effect for the subgroup of individuals known to be compliers. The basic idea,
therefore, is to predict stratum membership and then proceed as if that membership was known.
Since there is uncertainty in this prediction, we repeat this procedure many times, via Markov chain
Monte Carlo.
Since this is model-based estimation, we need to impose a model on the data. In this example, we
assume that the outcome distribution for each principal stratum follows a normal distribution with
mean ms and variance s2s , which we write as yi j Si ¼ s * N ðms ; s2s Þ for stratum s. Due to the exclusion restrictions, we assume that, for always takers and never takers, these model parameters are the
same under treatment and control, so we have four parameters for these two groups: ðma ; s2a Þ and
ðmn ; s2n Þ. For the compliers, we also have four parameters to estimate, two each under treatment and
control: ðmc0 ; s2c0 Þ and ðmc1 ; s2c1 Þ. We continue with the monotonicity assumption that defiers do
not exist. Once we have estimated all these parameters, we can directly estimate the ITTc, which
is the simple difference in means between compliers in the treatment group and compliers in the
control group (mC1 % mC0).
The basic estimation strategy has two steps: (1) assuming we know stratum membership, estimate
model parameters and (2) assuming we know the model parameters, predict stratum membership.
The first step is immediate—once we know each individual’s stratum membership, we can simply
estimate the mean and variance of the outcome within each stratum and also directly estimate the
proportion of students within each stratum. The second step, however, is more complicated. For
some students, such as those who are offered a voucher but still attend public school, compliance
type is known: These students are never takers. However, as shown in Table 1, a student who is
offered a voucher and attends private school could be either a complier or an always taker. In this
instance, we essentially perform a weighted coin flip to determine the student’s compliance type.
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Table 1. Possible Principal Strata Under Monotonicity.
Treatment assigned

Treatment received

0
0
1
1

Principal stratum

0
1
0
1

Complier or never taker
Always taker
Never taker
Complier or always taker

The key question is how to determine the weights. The simplest option is to use the relative proportions of compliers and always takers in the overall sample:
Pðchild i is a complierÞ ¼

^c
p
:
^a
^c þ p
p

For example, if there are twice as many compliers as always takers, then the student is predicted
to be a complier with the probability two thirds. However, what if compliers under treatment tend, on
average, to have a higher value of the outcome of interest than always takers, that is, mc1 > ma? Under
this assumption, if student i has a relatively high outcome value (e.g., a standardized test score), then
we believe that the student is more likely to be a complier than if the student had a relatively low test
score. We can incorporate this information via Bayes’ rule:
*
Pðstudent i is a complier j yi ; y Þ ¼

^c & N ðyi ; mc1 ; s2c1 Þ
p
;
^c & N ðyi ; mc1 ; s2c1 Þ þ p
^a & N ðyi ; ma ; s2a Þ
p

*
where yi is the outcome for student i, y is the vector of model parameters, and N ðyi ; ms ; s2s Þ is the
probability of observing outcome yi from a Normal distribution with mean ms and variance s2s . This
ensures that a student’s predicted membership also incorporates information from the outcome.
Importantly, unless certain strong assumptions are met, failing to include this outcome information
can lead to bias in the estimates of stratum-specific treatment effects.
These two steps, associated with ‘‘knowing’’ each individual’s stratum membership and knowing
the model parameters, are in essence the two key steps in our Bayesian estimation algorithm. We
‘‘start’’ the algorithm with initial guesses at the model parameters. Using these initial guesses, we
predict the unknown stratum membership classification. Having assigned individuals to strata based
on these predictions, we then estimate anew the model parameters. The algorithm iterates between
these two steps while recording values of model parameters at each step.
Alternatively, instead of Bayesian approaches, one can implement data augmentation via the
Expectation-maximization (EM) algorithm (Dempster, Laird, & Rubin, 1977). Both the EM
approach and Bayesian approach rely on the idea of imputing the missing values of these latent
(or partially observed) variables, but EM is a maximum likelihood-based approach. EM is often easier to implement (if the data are sufficiently informative about the model parameters of interest)
using various stand-alone tools such as MPlus (Muthén & Muthén, 2010).

Adding Covariates
Up to this point, we have discussed the moment- and model-based estimation approaches without the
inclusion of covariates. Of course, both can be extended to include covariates to improve the precision of estimates. For the first approach, this extension, known as two-stage least squares (TSLS), is
ubiquitous in the social sciences. Although TSLS has some desirable robustness properties (e.g.,
Abadie, 2005), it can be difficult to interpret TSLS estimates in the presence of covariates—this only
estimates the overall ITTc in special cases (Angrist & Pischke, 2008).
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To add covariates to the model-based approach, we make the following changes to the modeling
strategy. First, we allow ps (the shares of participants in each strata) to depend on covariates. In this
context, this means fitting a multinomial logistic regression model that predicts individual stratum
membership based on covariates at each iteration. Second, we allow the parameters of the outcome
distributions to depend on covariates. This similarly means modeling the means of the stratumspecific outcome distributions using a linear regression at each iteration, rather than simply taking
sample means. For further discussion of the use of covariates in model-based IV, see, for example,
Zigler and Belin (2012).

Sensitivity Checks
In general, if one can reasonably estimate the desired quantities with moment-based methods, we
recommend using these approaches as a sensitivity check at the very least. While model-based methods are more powerful in that they can disentangle more complex effect structures and might have
higher levels of precision, they are also more sensitive to modeling and functional form assumptions.
Therefore, it is important to pressure test these models to see how much estimates change, given
small perturbations and relaxations. For example, we advocate verifying that the point estimates
from moment-based methods are more or less in line with the point estimates from model-based
methods, up to measured uncertainty, if possible. One can also examine the sensitivity of results
to model choices such as whether and which covariates are included. These sensitivity checks are
distinct from those of relaxing underlying assumptions such as exclusion restrictions.
Nevertheless, assessing sensitivity to these identifying assumptions (e.g., exclusion restrictions
and monotonicity) is also important and there are a variety of strategies to do so.9 At root, the substantive justification and application of these types of assumptions lead to more tractable estimation.
To check the validity of these assumptions, one can attempt to estimate the desired quantities with
these assumptions relaxed in some form. If the overall pattern of results is consistent, then one has no
cause for concern. As a final word, to paraphrase Grilli and Mealli (2007), results derived from
model-based estimation must be viewed cautiously, as they are obtained through a process that
invokes multiple assumptions. Therefore, an important first step in a principal stratification analysis
is to estimate simple bounds on the key quantities of interest—how large or how small could the key
treatment effects of interest be? It may be that the answer to this question would provide sufficient
insight into the key research questions at hand.

Discussion
The principal stratification framework provides several benefits for considering important counterfactual questions such as those highlighted in the earlier examples. First, use of the framework
requires great clarity in articulating the post-randomization experiences, decisions, or actions taken
by experimental subjects under treatment and under control that are relevant to a given research
question. This is useful in its own right. Second, having identified relevant strata, the framework
additionally brings to the forefront the assumptions on which the estimation of treatment effects
relies. For example, in the applications above, monotonicity assumptions ruled out the existence
of certain strata and exclusion restrictions fixed treatment effects in certain strata to zero.
The principal stratification framework is beneficial for fostering clear thinking about defining the
key quantities of interest. Yet, the process of estimation is comparatively less straightforward. That
being said, some standard models are well understood, such as applications dealing with binary noncompliance and where the monotonicity and exclusion restriction assumptions are substantively
defensible. Here moment-based IV is a classic solution, and model-based IV yields very similar estimates of the ITTc (Imbens & Rubin, 1997). This equivalence is generally true in cases where there is
a large sample size and a large proportion of compliers. In such cases, a reasonable question is why
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bother with the more complex model-based IV? One reason is that, if the proposed parametric model
is approximately correct (here, most importantly, that the stratum outcome distributions are normally distributed), the model-based approach can lead to substantially more precise estimates
(Imbens & Rubin, 1997). More importantly, however, the model-based approach provides a flexible
framework within which to handle additional analytic complexity, such as missing data and the need
to relax certain modeling assumptions.
For example, with a model-based approach, we can assess the sensitivity of the estimate of ITTc
to the exclusion restriction for never takers by allowing ITTa to be nonzero. Recall the discussion
above regarding the possibility that always takers who received a private school voucher would have
the opportunity to attend a better private school. As would be expected, model stability is, in general,
increased with the imposition of additional assumptions, but in many instances, this type of sensitivity check can be utilized to illustrate that the estimate of the ITTc is not particularly sensitive to
this exclusion restriction (Hirano, Imbens, Rubin, & Zhou, 2000). A final benefit of the model-based
approach, and the one that makes it particularly important for some of the more complex applications of principal stratification discussed above, is that it is readily extended to settings in which the
strata of interest are no longer defined by a binary variable (as in the Head Start and career academies examples above) and to settings in which monotonicity and exclusion restrictions are not valid
assumption (as in the Job Corps example above).
There are potential drawbacks to this analytic strategy. First, model-based approaches can be sensitive to deviations from the model. Second, there is not a closed-form solution for the model-based
IV estimate, which can make the estimation process seem opaque and difficult to explain to practitioners, as well as computationally difficult to execute. Finally, as we described previously, the
model-based approach incorporates the outcome into the prediction of stratum membership. While
sensible from a Bayesian perspective, this can be a hard sell. We point out, however, that sensitivity
of results to modeling choices is not a problem specific to analytic strategies such as those discussed
here. Nevertheless, for the many reasons that we highlight, sensitivity checks such as those described
earlier are a key component of the analytic process.
Finally, it is important to note that the field has yet to progress to the point of providing applied
researchers with the robust guidance and statistical software that would allow for broad utilization of
model-based estimation strategies within the framework of principal stratification. In our own work,
we have sought to make available tutorials and code that make it possible to replicate our own analyses (e.g., Feller et al., 2014) but recognize that more extensive adoption will require the development of analytic routines and user-friendly packages. Nevertheless, for readers interested in
furthering their understanding of principal stratification, we recommend overviews provided by
Imbens and Rubin (2015), Mealli and Mattei (2012), and Schochet, Puma, & Deke (2014) as a next
set of references to investigate.
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Notes
1. Throughout the article, we use the term ‘‘treatment’’ to refer generically to a program or intervention of
interest.
2. As discussed further below, a common step when using the principal stratification framework is to apply
content-specific knowledge to rule out the existence of certain strata, such as defiers in this instance.
3. At first blush, it may be hard to imagine a circumstance under which individuals would only be employed if
they did not receive the intervention, since these are individuals for whom the impact of the program on
employment would be negative. One possibility is that the training that individuals received through the program raised their expectations for the types of jobs to which they should have access. If a program raised
such expectations disproportionate to the increase in skills for these individuals, the program may render
some individuals less likely to be employed because they are less willing to take up the jobs for which they
are able to be hired. If training leads individuals to seek jobs in fields where the search and hire period are
longer or more involved, we may observe a short-run decline in employment as a result of the program. As
we discuss later, a standard step in this type of analysis is to reason about which strata are likely to exist and
to apply assumptions to reduce the number of strata. In this instance, it would be up to the analyst to gauge
whether this stratum containing individuals who would be employed only without the job training program
could possibly exist.
4. This highlights a limitation of the principal stratification framework that the variables utilized to define
strata are typically categorical rather than continuous. See Jin and Rubin (2008) for one example of a principal stratification analysis utilizing a continuous measure to define strata.
5. Importantly, findings from this analysis are consistent with the hypothesized mechanism but are not able to
provide conclusive evidence without further assumptions.
6. For a general discussion of mediation, see VanderWeele (2008) and Pearl (2011). A recent literature has
sought to combine mediation with principal stratification (see, e.g., Jo 2008; Elliott, Raghunathan, & Li
2010; Imai, Jo, & Stuart 2011; Page 2012). Also see Rubin (2004) for a broader discussion of how principal stratification can help clarify investigation and interpretation of mediated (direct and indirect)
effects.
7. While we discuss the most common assumptions here, there is a large literature on a broader set of possible
assumptions for estimating principal causal effects. These include stochastic dominance (Zhang et al., 2008),
moment constraints (Jo, 2002), and principal ignorability (Jo & Stuart, 2009).
8. Here, the use of the term ‘‘local’’ refers to the fact the treatment effect of interest is local to the compliers.
9. These strategies include constructing nonparametric bounds (e.g., Cheng & Small, 2006; Grilli & Mealli,
2007; Jo & Vinokur, 2011), using auxiliary information such as proper priors (Hirano et al., 2000), covariates (Jo, 2002), or secondary outcomes (Mealli & Pacini, 2013), or explicitly changing sensitivity parameters
(Roy, Hogan, & Marcus, 2008).
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