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ABSTRACT
This article suggests a causal framework for separating individual-level treatment effects and spillover
effects such as general equilibrium, interference, or interaction effects related to treatment distribution.
We relax the stable unit treatment value assumption assuming away treatment-dependent interaction
between study participants and permit spillover effects within aggregates, for example, regions. Based
on our framework, we systematically categorize the individual-level and spillover effects considered in
the previous literature and clarify the assumptions required for identification under different designs, for
instance, based on randomization or selection on observables. Furthermore, we propose a novel difference-
in-differences approach and apply it to a policy intervention extending unemployment benefit durations in
selected regions of Austria that arguably affected ineligibles in treated regions through general equilibrium
effects in local labor markets.
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1. Introduction

Most studies on treatment evaluation implicitly or explicitly
rule out general equilibrium, interference, or interaction effects
related to individual treatment assignment. The stable unit
treatment value assumption (SUTVA) formalizes the absence of
any such spillovers between study participants (see, e.g., Rubin
1990). However, the satisfaction of SUTVA appears unrealistic
in many scenarios including labor market, development, health,
and educational interventions, see Heckman, Lochner, and
Taber (1998) for a critical discussion. Considering for instance
a training program, the share of individuals who receive some
training in a region may have an impact on someone’s employ-
ment probability even net of the individual training status, due
to an increase in the regional supply of a particular skill. When
assessing the effects of book provision to high school students,
spillover effects may occur through sharing the books with peers
in class who did not receive the books. The share of vaccinated
individuals in a country might affect the health status of non-
vaccinated subjects through the likelihood of transmitting some
disease. In such cases, the overall treatment effect would be
different from the (average) individual one, see, for instance,
Sobel (2006) for a framework to characterize the bias in the
presence of interactions. Spillover effects are also a likely reason
why many interventions deemed successful in a small-scale
randomized experiments, where the treatment group is small
compared to the population, fail to produce similar effects when
scaled-up to a larger group (Deaton and Cartwright 2016).

As first contribution, this article proposes a general non-
parametric framework for separating individual-level treat-
ment effects from spillover effects and systematically categorizes
the effects considered in the previous literature on spillovers.

CONTACT Andreas Steinmayr andreas.steinmayr@econ.lmu.de Department of Economics, University of Munich, Ludwigstraße 33, 80539, Munich, Germany.
Color versions of one or more of the figures in the article can be found online at www.tandfonline.com/r/UBES.

Without imposing parametric restrictions, we discuss the iden-
tification of various effects under alternative assumptions like
random assignment and selection on observables. As second
contribution, we propose novel common trend assumptions that
permit difference-in-differences(DiD)-based identification and
illustrate the method reconsidering data from Lalive, Landais,
and Zweimüller (2015). The latter study the spillover effects
of an extension of unemployment benefits in selected regions
of Austria and find that this policy decreased the job-search
duration of ineligible individuals in treated regions. We use
our framework to provide a sharper definition of the identi-
fied effects and apply our DiD methodology to assess the total
effect, the total effects on eligibles, and the spillover effects on
ineligibles in treated regions. Furthermore, we compare estima-
tion based on (i) a common trend assumption within groups
having the same eligibility status and (ii) a stronger common
trend assumption across groups and discuss testable implica-
tions of the latter. The results suggest that the stronger assump-
tion, as considered in some estimations of Lalive, Landais, and
Zweimüller (2015), is most likely violated. Even though the
estimates under common trends within groups are smaller in
absolute terms, they qualitatively confirm results under the
stronger assumption, namely a substantial positive total effect
on eligibles and negative spillovers on ineligibles.

One crucial condition underlying all our approaches is the
satisfaction of SUTVA on some aggregate level, see Hong and
Raudenbush (2006), while it (in contrast to the standard lit-
erature) may be violated on the individual level. Throughout
the article, we will refer to the aggregate entities as regions.
Regional SUTVA allows for spillover effects between individuals
within regions, but rules out such effects across regions. Given
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regional SUTVA, the total treatment effect may be split up into
two causal mechanisms: (i) an individual effect and (ii) a within-
region spillover effect that is driven by the treatment of other
individuals in the region. The regional treatment may be defined
as a binary variable, for example, whether a region is targeted by
a treatment at all or not, or by a multivalued regional treatment
intensity, in either case reflecting specific distributions of treated
individuals in a region. The individual treatment is a binary
indicator for whether an individual is treated as even in targeted
regions, only a subgroup may actually be treated. As an impor-
tant feature of our framework, individual and regional treatment
effects may interact arbitrarily. This permits that spillover effects
depend on the individual treatment status and that individual
treatment effects depend on the regional treatment intensity.
Albeit this makes the analysis more complex, it appears impor-
tant in practice. For instance, a training may be more effective in
a labor market where only few other individuals obtain a similar
skill.

Our article is distinct from approaches of the literature on
peer effects that typically rely on structural assumptions not
imposed here. See, for instance, Graham (2008), who shows that
conditional variance restrictions on outcomes point identify
peer effects if outcomes are linear in average characteristics
within some region or group, as discussed in Manski (1993).
Our approach of defining and identifying effects is more closely
related to nonparametric mediation analysis, which aims at dis-
entangling the causal mechanisms through which a treatment
affects an outcome (see, e.g., Robins and Greenland 1992; Pearl
2001; Robins 2003; Petersen, Sinisi, and van der Laan 2006;
VanderWeele 2009; Hong 2010; Imai, Keele, and Yamamoto
2010; Huber 2014, among others). Our framework is at least
in terms of notation also related to the dynamic treatment
effects literature aiming to analyze sequences of treatments (see,
e.g., Robins 1986, 1989; Robins, Hernan, and Brumback 2000;
Lechner 2009; Lechner and Miquel 2010).

We use the principal stratification framework of Frangakis
and Rubin (2002) to investigate effects for subpopulations or
strata defined by the relation between the individual treatment
state and regional treatment intensity, for example, eligibles
and ineligbles. Principal stratification has been applied in the
context of mediation analysis for instance by Rubin (2004)
and VanderWeele (2008, 2012) and in the context of spillover
effects by Forastiere, Mealli, and VanderWeele (2016). The latter
study similarly to this article investigates stratum-specific causal
mechanisms, however, the proposed identifying assumptions
are different. While Forastiere, Mealli, and VanderWeele (2016)
impose homogeneity assumptions on potential outcomes or
effects across specific strata conditional on observables, our
DiD approach relies on common time trends of potential out-
comes within strata, but across regions (possibly conditional on
observables).

Further strategies for evaluating spillovers include double
randomization of both the regional and individual treatments,
see, for example, Hudgens and Halloran (2008), Crépon et al.
(2013), Baird et al. (2014), and Angelucci et al. (2018), or assum-
ing selection on observables w.r.t. the regional and individual
treatments, see Ferracci, Jolivet, and van den Berg (2014), which
implies quasi-randomness given observed covariates. In con-
trast to identification within principal strata, neither of these

approaches permits distinguishing effects between subpopu-
lations receiving and not receiving the individual treatment
under a specific regional treatment intensity. In so-called partial
population experiments, see Moffitt (2001), regional treatment
is randomized, while individual treatment is deterministically
assigned based on an observed eligibility criterion, for example,
a poverty index as in Angelucci and Giorgi (2009), implying that
not everyone is eligible to treatment in treated regions. This per-
mits identifying a subset of principal strata effects, namely the
total effect on eligibles in treated regions as well as the spillover
effect on the ineligibles in treated regions. See also Angelucci
and Maro (2016), who discussed non- and quasi-experimental
methods such as conditional independence, regression discon-
tinuity, and instrumental variable assumptions aiming for the
same principal strata effects. We complement these strategies by
suggesting a DiD approach, one variant of which also permits
identifying the spillover effect on eligibles in treated regions
(rather than the total effect alone). Our method shares the fea-
ture of partial population experiments that individual treatment
must be deterministic in observed covariates, but replaces the
randomization of the regional treatment by a common trend
assumption, which is weaker than the one imposed in Lalive,
Landais, and Zweimüller (2015).

The remainder of this article is organized as follows. Section 2
proposes a general framework for defining spillover and individ-
ual treatment effects for various subpopulations and systemat-
ically reviews the effects considered in the previous literature.
Section 3 provides identification results under various sets of
assumptions related to randomization and selection on observ-
ables. It also suggests a novel DiD approach for the identification
of spillover and individual treatment effects within principal
strata. Section 4 presents an applications to a labor market
intervention in Austria that extended unemployment benefits
in selected regions. Section 5 concludes.

2. Definition of Effects

This section first introduces a general framework for defining
individual and spillover effects based on a regional SUTVA. It
then systematically categorizes the effects considered in several
empirical studies according to this framework. Finally, it dis-
cusses further parameters not assessed in these studies that may
nevertheless be of policy interest.

2.1. A General Framework for Individual and Spillover
Effects

We denote by Z the regional treatment intensity, by D the
individual treatment assignment, and by Y an individual level
outcome. Within a region, Z might affect Y also other than
through the individual treatment decision D, reflecting general
equilibrium, interaction, or other spillover effects. The regional
intensity of a training for job seekers, for instance, may affect the
employment probability net of individual training participation
through general equilibrium effects in the region: the larger the
proportion of trained individuals, the lower may employment
chances be for individuals in that labor market, conditional on
their own treatment state. As a second example, the distribu-
tion of books to students in developing countries may have
spillover effects on the academic performance of other students
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through book sharing or more broadly through book-induced
and performance-relevant interactions. We note that our defini-
tion of such effects may also include the impact inherent to the
mere assignment of Z if it exists, for example, if book provision
to students is organized through a school fair which has an effect
by itself regardless of the actual distribution of books and the
resulting student interactions.

The individual treatment is assumed to be binary, partici-
pation versus nonparticipation. The framework could also be
extended to multivalued individual treatments, which is omitted
for the sake of simplicity. Depending on the application, Z might
be either binary or multivalued to reflect different distributions
of treated individuals in a region. Even though we henceforth
refer to Z as regional treatment intensity, which suggests consid-
ering different proportions of treated individuals across regions,
we bear in mind that different values in Z may more generally
reflect different choices of individuals to be treated in a region.

While the SUTVA is allowed to be violated on the individual
level within some region, we assume throughout that SUTVA
holds on the regional level. This rules out spillover effects across
(rather than within) regions. For a more formal discussion, let k
∈ {1, . . . , R} index a specific region, with R being the number of
regions. Using the potential outcome notation, see, for instance,
Rubin (1974), let Di,k(z1, . . . , zR) denote the potential individual
treatment state of subject i in region k when setting intensities
Z in regions 1 to R to the respective values z1, . . . , zR. Fur-
thermore, let Yi,k(z1, . . . , zR, d) denote the potential outcome
of individual i in region k when setting the regional treatment
intensities (or distributions) to z1, . . . , zR and the individual
treatment D to d ∈ {1, 0}. Regional SUTVA implies that the
potential treatment state of some individual i in some region k
is only affected by zk, the intensity in the own region, but not
by any other region. This rules out migration across regions,
which is related to the intact clusters assumption of Hong and
Raudenbush (2006). Likewise, regional SUTVA requires that no
intensity other than that of region k influences the potential out-
comes. This rules out treatment effects across regional borders.
Assumption 1 formalizes these requirements.

Assumption 1 (SUTVA on the regional level). Di,k(z1, . . . , zR) =
Di,k(zk) and Yi,k(z1, . . . , zR, d) = Yi,k(zk, d), for all z1, . . . , zR in
the support of Z, d ∈ {1, 0}, and any subject i in any region k.

For notational convenience, we will henceforth keep the
indices i and k implicit and write Yi,k(zk, d) simply as Y(z, d)

and Di,k(zk) as D(z), which appears permissible after invoking
regional SUTVA. Furthermore, we denote by T some target
population of interest, which may, for instance, comprise all
individuals receiving the individual treatment (D = 1). This
allows defining average individual and spillover effects for some
population T = t:

δt(z) = E[Y(z, 1) − Y(z, 0)|T = t] with z in the
support of Z,

θt(z′, z, d) = E[Y(z′, d) − Y(z, d)|T = t] with z′ �= z and
z′, z in the support of Z and d ∈ {0, 1}.

(1)

δt(z) is the impact of the individual treatment D given Z = z and
may thus, be a function of the regional treatment intensity. For

instance, an individual training could be less effective if a larger
share of labor market participants receive the same qualification.
θt(z′, z, d) is the spillover effect when comparing the regional
treatment intensities z′ versus z conditional on D = d and
may therefore, be a function of the individual treatment state.
For instance, the spillover effect of providing some students
with books on academic performance (Frölich and Michaelowa
2011) may be larger for students not receiving books (D = 0)
than for students receiving books (D = 1). Only if there are no
interaction effects between Z and D on Y are δt(z) and θt(z′, z, d)

not functions of z and d, respectively, and may be written as
δt and θt(z′, z). This is for instance satisfied under the con-
stant unit-level treatment effect assumption of Robins (2003),
requiring that Y(1, 1) − Y(0, 1) = Y(1, 0) − Y(0, 0) for any
individual. We will henceforth allow for interactions between Z
and D. If the regional treatment intensity has only two levels,
the spillover effect reduces to a binary comparison of θt(d) =
E[Y(1, d) − Y(0, d)|T = t] with z = 1 and z = 0 denoting the
higher and lower regional treatment intensity, respectively. We
consider the binary case for most of the remainder of this article,
but deviate whenever appropriate, as in parts of Sections 2.2, 2.3,
and 3.

We introduce further notation for defining target popula-
tions determined by how the individual treatment state varies
with the regional treatment intensity. Similar to the principal
stratification approach of Frangakis and Rubin (2002) and the
instrumental variable framework of Angrist, Imbens, and Rubin
(1996), any individual i belongs to one of four compliance types
T defined by the potential individual treatment states under
z = 1 and z = 0: always takers (Ti = a : Di(1) = Di(0) = 1)
who are individually treated both under high and low regional
treatment intensity, compliers (Ti = c : Di(1) = 1, Di(0) = 0)
who receive individual treatment under high, but not under
low regional treatment intensity, defiers (Ti = d : Di(1) =
0, Di(0) = 1) who behave opposite to the compliers, and never
takers (Ti : Di(1) = Di(0) = 0) who do not receive individual
treatment under either regional intensity. Ti cannot be learned
for any individual without further assumptions, because either
Di(1) or Di(0) is observed, depending on Z.

2.2. Effects Considered in Empirical Examples

We consider empirical examples that are representative for
identification approaches and effects typically investigated in
the literature on spillover effects to provide a categorization
according to the framework of Section 2.1. Our first example
is PROGRESA, a partial population experiment in the sense of
Moffitt (2001). It consists of a conditional cash transfer program
for poor households in Mexico, in which treatment villages are
randomly chosen, but only parts of the households in treated
villages are actually offered the cash transfer as a function of
a poverty index. For related examples, see Miguel and Kremer
(2004), who study the spillover effects of a deworming treatment
in Kenya, Baird et al. (2014), who assessed the spillover effects
of a cash transfer program in Malawi, and Dahl, Løken, and
Mogstad (2014), who estimated the peer effects of paid paternity
leave in Norway using a regression discontinuity design. In
PROGRESA, individual treatment D is the eligibility for cash
transfers. The lower treatment intensity (Z = 0) corresponds to
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zero such that no individual obtains a transfer. That is, Pr(D =
1|Z = 0) = 0 and Di(0) = 0 for all i, which rules out defiers and
always takers. In treated villages (Z = 1), households below a
particular poverty threshold were entitled to cash transfers (D =
1), while wealthier households were not (D = 0). Therefore, the
types have a clear interpretation: never takers are noneligible,
wealthier households, while compliers are poorer and eligible if
the village is randomized in.

The design of PROGRESA allows identifying the spillover
effect on the never takers in the absence of the individual
treatment, θn(0) = E[Y(1, 0) − Y(0, 0)|T = n], under regional
SUTVA, because Z is random, typeTi of any individual i is deter-
ministic in the observed poverty index, and D is deterministic in
Z and the poverty index. This permits identifying never takers in
both treated and nontreated villages, see the formal discussion
in Section 3.1. Angelucci and Giorgi (2009), among others,
used this strategy and found that PROGRESA cash transfers
to eligible households indirectly increase the consumption of
ineligible households. What they called the indirect treatment
effect corresponds to θn(0) in this article. Angelucci and Giorgi
(2009) also considered the (total) average effect of the policy
intervention on the compliers (eligible households), denoted
by �c = E[Y(1, 1) − Y(0, 0)|T = c]. The latter parameter
comprises both the individual and spillover effects on eligible
households:

�c = E[Y(1, 1) − Y(1, 0)|T = c] + E[Y(1, 0)

− Y(0, 0)|T = c] = δc(1) + θc(0)

= E[Y(0, 1) − Y(0, 0)|T = c] + E[Y(1, 1)

− Y(0, 1)|T = c] = δc(0) + θc(1). (2)

Equation (2) shows that the total effect on the compliers
adds up to the individual treatment effect in villages receiving
cash transfers (δc(1)) and the spillover effect when not treated
individually (θc(0)). Alternatively, it adds up to the individual
treatment effect in villages not receiving cash transfers (δc(0))
and the spillover effect when treated individually (θc(1)). That
is, the two decompositions differ with respect to whether the
interaction effects of Z and D are assigned to the individual
or to the spillover effect. Arguably, δc(0) appears particularly
interesting, because it corresponds to the individual effect if no
one else received the treatment in the region. This corresponds
to the effect we have in mind when imposing the individual
level SUTVA, which rules out any spillover effects. However,
whenever Z = 0 represents a regional treatment intensity of
zero as in PROGRESA, δc(0) and θc(1) cannot be nonparamet-
rically identified. The reason is that Pr(D = 1|Z = 0) = 0
implies that individually treated do not exist for Z = 0, such that
E[Y(0, 1)|T = t] cannot be inferred for any t. In a related study,
Lalive and Cattaneo (2009) nevertheless decomposed individual
and spillover effects among compliers, but require a tighter
model that parametrically determines how spillover effects
come about. Finally, Lalive, Landais, and Zweimüller (2015)
evaluated the total effect on compliers and the spillover effect on
never takers in treated regions, �c,Z=1 θn,Z=1(0), however, based
on DiD rather than assuming randomization of the regional
treatment, see the discussion in Section 4. The contribution
of the present article is to provide DiD-based identification of
�c,Z=1 θn,Z=1(0) under somewhat weaker assumptions and to

provide conditions that permit identifying spillover effects on
compliers, see Section 3.4.

As a further example, Crépon et al. (2013) assess a ran-
domized job placement assistance program in France, where
the treatment probability differs across regions, which corre-
sponds to a multivalued Z. They find that the regional intensity
of the program negatively affects the employment chances of
individuals not taking the treatment. The analysis differs from
PROGRESA in that not only Z, but also the individual treatment
D is randomized. This implies that characteristics and effects do
not vary across populations T defined in terms of Z, D, or T
and correspond to those in the total population: δt(z) = δ(z) =
E[Y(z, 1) − Y(z, 0)] and θt(z′, z, d) = θ(z′, z, d) = E[Y(z′, d) −
Y(z, d)]. The authors consider four regional treatment inten-
sities corresponding to the share of treated job seekers (with
0 corresponding to 0% and 1 to 100%). z ∈ {0, 0.25, 0.5, 0.75}
to assess heterogeneity in individual treatment effects δ(z) over
positive values z. To see this, consider the following saturated
potential outcome model: E[Y(Z, D)] = β0 + β1D + β2I{Z =
0.25} + β3I{Z = 0.5} + β4I{Z = 0.75} + β5DI{Z = 0.25} +
β6DI{Z = 0.5} + β7DI{Z = 0.75}. Under heterogeneous
treatment effects, the β coefficients are means or mean effects.
For instance, β0 = E[Y(0, 0)]. Therefore, differences in the
interactions are identified over positive values z. For instance,
β5 − β6 identifies δ(0.25) − δ(0.5).

However, δ(0) is not nonparametrically identified in this
setup because individually treated do not exist when the regional
treatment intensity is exactly zero. See the formal discussion in
Section 3.2 and in particular common support Assumption 6,
which is not satisfied. The reason is that E[Y(0, 1)] = β0 + β1
(and thus, δ(0)) cannot be identified as D is collinear with its
interaction with Z in a regression. For instance, when comparing
Z = 0.25 versus Z = 0, β1 cannot be separated from the
interaction β5. However, evaluations with treatment intensities
close to zero in some region may come close to measuring δ(0).
This might appear interesting because δ(0) gives the individ-
ual treatment effect that would occur under a satisfaction of
individual-level SUTVA, that is, in the absence of any spillovers.
Based on a selection on observables assumption implying quasi-
randomization conditional of observed characteristics, Ferracci,
Jolivet, and van den Berg (2014), for instance, considered the
evaluation of δ(z) with the minimum regional intensity amount-
ing to a treatment probability of just 2%. Analogously, the design
of Crépon et al. (2013) permits identifying spillover effects
θ(z′, z, 1) for z′ �= z and z′, z ∈ {0.25, 0.5, 0.75}, as well as any
θ(z′, z, 0) for z′ �= z and z′, z ∈ {0, 0.25, 0.5, 0.75}. However, the
spillover effect of some positive versus a zero regional treatment
intensity under individual treatment assignment, θ(z, 0, 1) =
E[Y(z, 1) − Y(0, 1)] for z ∈ {0.25, 0.5, 0.75}, remains uniden-
tified. Again, close-to-zero regional treatment intensities per-
mit approximating θ(z, 0, 1), see Baird et al. (2014). Table 1
summarizes the various effects which have been considered in
previous studies based on the causal framework introduced in
Section 2.1.

2.3. Further Effects

It is worth mentioning that the spillover and individual
treatment effects θ(z′, z, d) and δ(z) identified by double
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Table 1. Summary of effects and empirical examples.

Parameter Symbol Description Examples

E[Y(1, 1) − Y(0, 0)|T = c] �c (Total) treatment effect on compliers Angelucci and Giorgi (2009) and Lalive
and Cattaneo (2009)

E[Y(1, 1) − Y(0, 0)|T = c, Z = 1] �c,Z=1 (Total) treatment effect on compliers
in treated regions

Lalive, Landais, and Zweimüller (2015)

E[Y(z, 1) − Y(z, 0)|T = c] δc(z) Individual treatment effect on
compliers

Lalive and Cattaneo (2009)

E[Y(1, d) − Y(0, d)|T = n] θn(d) Spillover effect on never takers Angelucci and Giorgi (2009) and Lalive
and Cattaneo (2009)

E[Y(1, d) − Y(0, d)|T = n, Z = 1] θn,Z=1(d) Spillover effect on never takers Lalive, Landais, and Zweimüller (2015)
E[Y(z, 1) − Y(z, 0)] δ(z) Individual treatment effect in the

population
Crépon et al. (2013) and Ferracci, Jolivet,

and van den Berg (2014)
E[Y(z′ , d) − Y(z, d)] θ(z′ , z, d) Spillover effect in the population Crépon et al. (2013) and Baird et al. (2014)

randomization as in Crépon et al. (2013) or selection on
observables as in Ferracci, Jolivet, and van den Berg (2014)
can be defined for potentially infeasible combinations of
regional and individual treatments. For instance, θ(0.25, 0, 1) =
E[Y(0.25, 1) − Y(0, 1)] is practically infeasible, as it yields the
average spillover effect of 25% versus 0% treated when in fact
setting the individual treatment to 1 for all individuals, that
is, for 100% of the population. Such effects may nevertheless
appear interesting if policy makers aim at maintaining random
assignment of D beyond the experiment such that treated and
nontreated are representative for the total population at any
intensity z, because θ(z′, z, d) and δ(z) can also be interpreted as
effects on the average individual. However, most empirical prob-
lems are characterized by nonrandom selection into individual
treatment assignment. Caseworkers in employment offices, for
instance, typically assign active labor market programs to job
seekers depending on education and previous labor market
experience, among other factors. Under selection, the interpre-
tation of such practically infeasible parameters as effects on the
average individual appears less attractive, as the composition
of treated changes with z and does not necessarily match the
average individual.

We, therefore, discuss further effects that might be of policy
interest, have not been considered in the review of Section 2.2,
and are not defined in terms of infeasible combinations of
regional and individual treatments. For a binary Z, for instance
δZ=1,D=1(1) = [Y(1, 1) − Y(1, 0)|Z = 1, D = 1], the average
effect of D on those individually treated in treated regions,
appears relevant for judging whether D was effective among
those who actually received it. We note that the latter parameter
is a mixture of the impacts on compliers and always takers, as
for either group D(1) = 1, such that observing Z = 1 implies
D = 1. If Z is such that Pr(D = 1|Z = 0) > 0 and treated exist
under a low treatment intensity, then δZ=0,D=1(0) = E[Y(0, 1)−
Y(0, 0)|Z = 0, D = 1], the effect of D on the individually treated
in regions with low treatment intensity appears interesting, too,
which is a mixture of impacts on always takers and defiers (if
the latter exist). Furthermore, policy makers might also want to
learn about θZ=1,D=1(1) = E[Y(1, 1) − Y(0, 1)|Z = 1, D = 1]
and θZ=0,D=1(1) = E[Y(1, 1) − Y(0, 1)|Z = 0, D = 1], that is,
the spillover effects on individually treated subjects in regions
with high or low treatment intensity. Likewise, the spillover
effects on nontreated individuals, θZ=1,D=0(0) = E[Y(1, 0) −
Y(0, 0)|Z = 1, D = 0] and θZ=0,D=0(0) = E[Y(1, 0) −
Y(0, 0)|Z = 0, D = 0] appear of policy interest.

Finally, we consider the spillover effect conditional on the
potential individual treatment state under a particular regional
treatment intensity, denoted by D(z), rather than setting D to
some value d for every individual. Analogous to the denomina-
tion of Pearl (2001) in the context of causal mediation analysis,
we refer to this parameter as natural spillover effect. For illustra-
tion, we focus on the natural spillover effect in treated regions
with Z = 1, given D(1), that is the individual treatments actually
occurring in Z = 1:

θZ=1(D(1)) = E[Y(1, D(1)) − Y(0, D(1))|Z = 1]. (3)

In contrast to θ(z′, z, d) and δ(z), this parameter is by definition
not defined in terms of infeasible combinations of D and Z,
but reflects the spillover effects actually occurring in treated
regions on both individually treated (D(1) = 1) and nontreated
(D(1) = 0) subpopulations. θZ=1(D(1)) is thus a weighted
average of the previously discussed spillover effects θZ=1,D=1(1)

and θZ=1,D=0(0), where the weights correspond to the shares of
the individually treated and nontreated in the treated regions,
which follows from the law of total probability:

θZ=1(D(1)) = E[Y(1, 1) − Y(0, 1)|Z = 1, D(1) = 1]
· Pr(D(1) = 1|Z = 1)

+ E[Y(1, 0) − Y(0, 0)|Z = 1, D(1) = 0]
· Pr(D(1) = 0|Z = 1)

= E[Y(1, 1) − Y(0, 1)|Z = 1, D = 1]︸ ︷︷ ︸
θZ=1,D=1(1)

· Pr(D(1) = 1|Z = 1)

+ E[Y(1, 0) − Y(0, 0)|Z = 1, D = 0]︸ ︷︷ ︸
θZ=1,D=0(0)

· Pr(D(1) = 0|Z = 1).

Section 3.3 provides identification results based on selection on
observables assumptions for the causal parameters considered
in this section.

3. Identifying Assumptions

We formally discuss different sets of assumptions and their
identifying power for various effects introduced in Section 2. We
consider (i) randomization of Z and deterministic assignment of
D as in PROGRESA, (ii) double randomization of Z and D as in
Crépon et al. (2013), (iii) selection on observables w.r.t. Z and D
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as in VanderWeele (2010), and (iv) DiD approaches as in Lalive,
Landais, and Zweimüller (2015). Throughout, we assume that
regional SUTVA holds, see Assumption 1 in Section 2.1.

3.1. Randomization of Z and Deterministic D

This section focusses on the identification of θn(0) and �c
in partial population experiments. We subsequently formalize
the assumptions of random regional treatment assignment and
deterministic individual treatment assignment, assuming that Z
and D are binary to identify θn(0) and �c.

Assumption 2 (Random assignment of the regional treatment).
{Y(z′, d), D(z)}⊥Z for all z′, z, d ∈ {0, 1} and Z not being
degenerate.

Furthermore, D is assumed to be a deterministic function of the
regional intensity and observed characteristics, denoted by X,
which are measured at or prior to the assignment of Z.

Assumption 3 (Deterministic individual treatment assignment).
D = g(Z, X), with g being a known function.

In PROGRESA, for instance, the individual treatment is
fully determined by Z and a poverty index. Specifically, D =
g(0, X) = 0, while D = g(1, X) might be either 1 or 0 depending
on the score of the poverty index X. By Assumption 3, both
D(0) and D(1) and thus, also the type T is identified for any
subject. By Assumption 2, types have identical proportions in
treated and nontreated regions. This implies that Z and X are
independent, as no determinants of D must affect Z. Therefore,
the spillover effect on never takers and the total effect on com-
pliers is identified, given that these types exist in the population,
as postulated in Assumption 4.

Assumption 4 (Existence of never takers and compliers).
Pr(g(1, X) = g(0, X) = 0) > 0 and Pr(g(1, X) − g(0, X) =
1) > 0.

Proposition 1. Under Assumptions 2–4,

θn(0) = E[Y(1, 0) − Y(0, 0)|T = n] = E[Y(1, 0)|Z = 1,
T = n] − E[Y(0, 0)|Z = 0, T = n]

= E[Y|Z = 1, T = n] − E[Y|Z = 0, T = n], (4)
�c = E[Y(1, 1) − Y(0, 0)|T = c] = E[Y(1, 1)|Z = 1,

T = c] − E[Y(0, 0)|Z = 0, T = c]
= E[Y|Z = 1, T = c] − E[Y|Z = 0, T = c]. (5)

Disentangling the total effect on the compliers requires further
assumptions, for instance, effect homogeneity in spillover effects
across types. If one assumes for instance that θc(0) = θn(0), then
δc(1) = �c − θn(0).

We refer to Forastiere, Mealli, and VanderWeele (2016)
for a more thorough discussion of homogeneity assumptions
on potential outcomes or effects across types for identifying
spillover effects. Finally and as a deviation from the PROGRESA
setting, consider the case that g(0, X) may be 1 or 0 depending
on X. That is, households with a very low poverty index always
receive transfer payments (even if Z = 0), such that always

takers exist, implying Pr(g(1, X) = g(0, X) = 1) > 0. Together
with Assumptions 2 and 3, spillover effects on always takers are
in this case identified by θa(1) = E[Y(1, 1) − Y(0, 1)|T = a] =
E[Y|Z = 1, T = a] − E[Y|Z = 0, T = a]. If defiers exist, their
total effect is given by �d = E[Y(1, 1) − Y(0, 0)|T = d] =
E[Y|Z = 0, T = d] − E[Y|Z = 1, T = d].

3.2. Randomization of the Regional and Individual
Treatment

This section discusses the identification of δ(z), θ(d), and
θ(D(z)) based on double randomization. We subsequently
maintain Assumption 2, but replace Assumption 3 by random
individual treatment assignment conditional on Z:

Assumption 5 (Random assignment of the individual treatment
within regions). Y(z′, d)⊥D|Z = z, for all z′, z, d ∈ {0, 1}.

The individual-level treatment effect δ(z) is identified under
double randomization if the following common support condi-
tion is satisfied:

Assumption 6 (Existence of individuals with D = 1 and D = 0
conditional on Z = z). 0 < Pr(D = 1|Z = z) < 1.

For the identification of δ(0), for instance, Assumption 6 is
violated if Z = 0 implies that nobody is individually treated,
that is Pr(D = 1|Z = 0) = 0.

Proposition 2. Under Assumptions 2, 5, and 6, the individual
effect among the individually treated is given by

δ(z) = E[Y|Z = z, D = 1] − E[Y|Z = z, D = 0] (6)

= E[Y · D|Z = z]
Pr(D = 1|Z = z)

− E[Y · (1 − D)|Z = z]
1 − Pr(D = 1|Z = z)

.

Identification of the spillover effect θ(d), on the other hand,
requires the satisfaction of the following common support con-
dition:

Assumption 7 (Existence of regions with Z = 1 and Z = 0
conditional on D = d). 0 < Pr(Z = 1|D = d) < 1.

Assumption 7 is closely linked to Assumption 6, albeit tai-
lored to θ(d) rather than δ(z). By Bayes’ theorem, Pr(D = 1|Z =
0) = 0 for example implies that Pr(Z = 0|D = 1) = 0 such that
Pr(Z = 1|D = 1) = 1 and Assumption 7 is violated for the
identification of θ(1).

Proposition 3. Under Assumptions 2, 5, and 7, the spillover effect
conditional on Z, D is given by

θ(d) = E[Y|Z = 1, D = d] − E[Y|Z = 0, D = d] (7)

= E[Y · Z|D = d]
Pr(Z = 1|D = d)

− E[Y · (1 − Z)|D = d]
1 − Pr(Z = 1|D = d)

.

Finally, for the identification of the natural spillover effect,
θ(D(z)), common support as postulated in Assumption 7 needs
to hold for both D = 1 and D = 0:

Assumption 8 (Existence of regions with Z = 1 and Z = 0 given
D = 1 and D = 0). 0 < Pr(Z = 1|D = d) < 1 for all d ∈ {1, 0}.
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It is easy to see from Bayes’ theorem that Assumption 8
implies both Assumptions 6 and 7.

Proposition 4. Under Assumptions 2, 5, and 8, the natural
spillover effect in treatment regions is given by

θ(D(z)) = E
[(

Y · Z
Pr(Z = 1|D)

− Y · (1 − Z)

1 − Pr(Z = 1|D)

)

· Pr(Z = z|D)

Pr(Z = z)

]
. (8)

Proof. See Appendix A.1.

Albeit double randomization appears intuitively attractive,
a conceptual shortcoming already raised in Section 2.3 w.r.t.
δ(z) and θ(d) also applies to the natural spillover effect. θ(D(z))
is only properly identified if the individual treatment remains
randomly assigned beyond the experimental evaluation. If the
assignment rule is, however, selective in real world applications,
the distribution of D(z) as well as θ(D(z)) remain unknown.
We refer to Imai, Tingley, and Yamamoto (2013) for a further
discussion on this issue.

3.3. Selection on Observables

This section considers selection on observables assumptions for
identifying δZ=z,D=1(z), θZ=z,D=d(d), and θZ=1(D(z)), as well
as a weighted version of the spillover effect. As a relaxation
of the assumptions in Section 3.2, we assume that regional
treatment assignment is quasi-random conditional on a set
of observables, denoted by X, and that individual treatment
assignment is quasi-random conditional on Z, X. Such or simi-
lar sequential exogeneity assumptions have among others been
considered by Pearl (2001), Flores and Flores-Lagunes (2009),
Hong (2010), VanderWeele (2010), Imai, Keele, and Yamamoto
(2010), Tchetgen Tchetgen and Shpitser (2012), Vansteelandt,
Bekaert, and Lange (2012), and Huber (2014) in the context
of causal mediation analysis, while VanderWeele et al. (2013)
extend the framework to distinguish between spillovers and
other causal mechanisms. We replace Assumptions 2 and 5 by
Assumptions 9 and 10.

Assumption 9 (Conditional independence of the regional treat-
ment). {Y(z′, d), D(z)}⊥Z|X = x for all z′, z, d ∈ {0, 1} and
x in the support of X.

Assumption 9 states that the joint distribution of the poten-
tial outcomes and individual treatments are independent of the
regional treatment intensity conditional on X. This rules out
unobserved confounders affecting regional treatment assign-
ment on the one hand and the potential outcomes and/or
individual treatment under z = 0 on the other hand, when
controlling for X.

This is known as conditional independence, selection on
observables, or exogeneity in the treatment evaluation literature
(see, e.g., Imbens 2004).

Assumption 10 (Conditional independence of the individual treat-
ment). Y(z′, d)⊥D|Z = z, X = x for all z′, z, d ∈ {0, 1} and x in
the support of X.

Assumption 10 states that the individual treatment is con-
ditionally independent of the potential outcomes conditional
on the actual regional treatment intensity Z and covariates X.
It rules out unobserved confounders jointly affecting the indi-
vidual treatment and the potential outcomes under z = 0 after
controlling for X and Z. As a conceptual improvement over the
double randomization framework w.r.t. real world applications,
individual treatment assignment may now be a function of X (in
addition to Z). If, for instance, caseworkers assign a training pro-
gram D to job seekers based on their individual characteristics
and if all characteristics also affecting outcome Y are observed
in X, identification is obtained despite nonrandom treatment
assignment.

Assumption 11 (Common support restrictions).

(a) 0 < Pr(D = 1|Z = z, X = x) < 1 for all x in the support of
X,

(b) 0 < Pr(Z = 1|D = d, X = x) < 1 for all x in the support of
X,

(c) 0 < Pr(Z = 1|D = d, X = x) < 1 for all d ∈ {1, 0} and x in
the support of X.

Assumptions 11(a)–(c) are analogous to Assumptions 6–8,
but are stronger in the sense that they are required to hold
conditional on X. Similarly as before, Assumption 11(c) is
stronger than (and implies) Assumptions 11(a) and (b). Note
that Assumption 11(a) is necessarily violated if individual treat-
ment assignment given Z depends deterministically on (an
index of) X, as it is the case in PROGRESA.

Proposition 5. Under Assumptions 9, 10, and 11(a),

δZ=z,D=1(z) = E
[(

Y · D
Pr(D = 1|Z = z, X)

− Y · (1 − D)

1 − Pr(D = 1|Z = z, X)

)

· Pr(Z = z|X) · Pr(D = 1|Z = z, X)

Pr(Z = z) · Pr(D = 1|Z = z)

]
, (9)

while under Assumptions 9, 10, and 11(b),

θZ=z,D=d(d) = E
[(

Y · Z
Pr(Z = 1|D = d, X)

− Y · (1 − Z)

1 − Pr(Z = 1|D = d, X)

)

· Pr(Z = z|X) · Pr(D = d|Z = z, X)

Pr(D = d) · Pr(Z = z|D = d)

]
, (10)

and finally, under Assumptions 9, 10, and 11(c),

θZ=1(D(z)) = E
[(

Y · Z
Pr(Z = 1|D, X)

− Y · (1 − Z)

1 − Pr(Z = 1|D, X)

)

· Pr(Z = z|D, X)

Pr(Z = z|X)
· Pr(Z = 1|X)

Pr(Z = 1)

]
. (11)

The proofs for Equations (9)–(11) are provided in Appendix A.2
and are closely related to those in Huber (2014).
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Under particular conditions, one can identify type-specific
effects (�c, θc(d), δc(z), θn(d), θa(d)) despite the fact that in
contrast to Assumption 3, Assumptions 9 and 10 do not per-
mit learning the types from the data. However, the assump-
tions imply that heterogeneity in potential outcomes across
types is exclusively driven by X. Formally, Y(z′, d)⊥D(z)|X =
x, see Imai, Keele, and Yamamoto (2010), that is, types
and potential outcomes are conditionally independent given
X. The additional assumption that D is monotonic in Z
given X allows identifying the type proportions, see Abadie
(2003):

Assumption 12 (Monotonicity). Pr(D(1) ≥ D(0)|X = x) = 1
for all x in the support of X.

In analogy to the concept of weighted treatment effects in
Hirano, Imbens, and Ridder (2003), reweighing observations to
appropriately average over X for replicating the covariate distri-
bution in some target population yields the effects on compliers,
always takers, and never takers.

Proposition 6. Under Assumptions 9, 10, 11(b), and 12 as well
as E[ω(X)] > 0, the weighted spillover effect is given by

θω(d) = E
[(

Y · Z
Pr(Z = 1|D = d, X)

− Y · (1 − Z)

1 − Pr(Z = 1|D = d, X)

)
· ω(X)

E[ω(X)]
]

, (12)

where ω(X) is the weighting function, whose absolute value
is assumed to be bounded from above. Setting ω(X) = 1 −

D(1−Z)
1−Pr(Z=1|X)

− (1−D)Z
Pr(Z=1|X)

identifies θc(d), as this reweighs obser-
vations according to the distribution of X among compliers, see
Abadie (2003). The weighting functions for always and never
takers are D(1−Z)

1−Pr(Z=1|X)
and (1−D)Z

Pr(Z=1|X)
, respectively.

3.4. Difference-in-Differences

Based on DiD methods, we subsequently discuss the identi-
fication of three effects considered in the empirical applica-
tion of Section 4: the spillover effect among never takers in
treated regions, θZ=1,n(0), the total effect among compliers
in treated regions, �Z=1,c, and the (total) average treatment
effect in treated regions (ATET), which is formally defined as
�Z=1 = E[Y(1, D(1)) − Y(0, D(0))|Z = 1]. In addition, two
further parameters are considered, namely the spillover effects
on always takers in treated regions, θZ=1,a(1), and on compliers
under a multivalued Z, θZ=2,c(z′ = 2, z = 1, d = 1).

A precondition for DiD-based identification is that the out-
come is observed both in a baseline period prior to the assign-
ment of Z and D and in a follow-up period after the treatments
when the effects are evaluated, requiring either panel data or
repeated cross sections. For this reason, we introduce a time
index for the period in which the outcome is measured: Y0
denotes the pretreatment outcome, while Y1 is the outcome
in the follow-up period. Note that in the previous discussion,
Y1 = Y . Likewise, Y1(z, d) denotes the potential outcome in
the follow-up period for Z = z and D = d, while Y0(z, d)

denotes the potential outcome in the pretreatment period, that

is, prior to the actual assignment of Z and D. Therefore, Y0(z, d)

is defined in terms of (anticipating) treatments not yet real-
ized, because any treatment state is assumed to be zero in the
baseline period. Identification of type-specific effects is based
on combining common trend assumptions on outcome changes
over time with deterministic individual treatment assignment
(Assumption 3). (We refer to Deuchert, Huber, and Schelker
(2018) for alternative DiD approaches to the identification of
type-specific effects when Z is in contrast to the present frame-
work assumed to be random, while the compliance type is not
directly observed, i.e., not a deterministic function of Z and X
as imposed by Assumption 3.)

Identification of the total effect on compliers and the spillover
effect on never takers rests on the same assumptions. Assump-
tion 13 states that the mean potential outcomes in the absence
of any regional and individual treatment within a type would
change by the same magnitude from the baseline to the follow-
up period across (actual) regional treatment intensities.

Assumption 13 (Common trends within never takers/compliers
across regions). E[Y1(0, 0) − Y0(0, 0)|Z = z, T = τ ] =
E[Y1(0, 0) − Y0(0, 0)|Z = z′, T = τ ] for all z �= z′ and τ ∈
{n, c}.

Assumption 14 rules out any average effects of Z or D on the
outcome on never takers or compliers in the baseline period.
Such effects could arise, for example, if some units changed their
behavior already in the baseline period in anticipation of the
individual or regional treatment to come.

Assumption 14 (No average anticipation effect). E[Y0(z, d) −
Y0(0, 0)|Z = z′, T = τ ] = 0 for all z, z′, d in the support of
D, Z and τ ∈ {n, c}.

Note that Assumptions 13 and 14 do not restrict the pro-
portions of types to remain constant across regions (as Z is not
randomized) or over time. However, the types of interest must
be observed for any time period and regional treatment state,
which requires Assumption 4 to hold conditionally. Assuming
that Z and D are binary, the spillover effect on never takers and
the total effect on compliers in the treated regions are given by
the following expressions.

Proposition 7. Under Assumptions 3, 4 given Z in either period,
13, and 14:

θZ=1,n(0) = E[Y1|Z = 1, T = n] − E[Y0|Z = 1, T = n]
− [E[Y1|Z = 0, T = n] − E[Y0|Z = 0, T = n]] ,

�Z=1,c = E[Y1|Z = 1, T = c] − E[Y0|Z = 1, T = c]
− [E[Y1|Z = 0, T = c] − E[Y0|Z = 0, T = c]] .

(13)

Proof. See Appendix A.3.

We also consider a further common trends condition as
used, for instance, in Lalive, Landais, and Zweimüller (2015).
Assumption 13′ states that the mean potential outcomes in the
absence of any regional and individual treatment would change
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by the same magnitude from the baseline to the follow-up
period across (actual) regional treatment intensities and types.

Assumption 13′ (Common trends across types and regions).
E[Y1(0, 0) − Y0(0, 0)|Z = z, T = τ ] = E[Y1(0, 0) −
Y0(0, 0)|Z = z′] for all z �= z′ and τ ∈ {n, c}.

Proposition 8. Under Assumptions 3, 4 given Z in either period,
13′, and 14,

θZ=1,n(0) = E[Y1|Z = 1, T = n] − E[Y0|Z = 1, T = n]
− [E[Y1|Z = 0] − E[Y0|Z = 0]] ,

�Z=1,c = E[Y1|Z = 1, T = c] − E[Y0|Z = 1, T = c]
− [E[Y1|Z = 0] − E[Y0|Z = 0]] . (14)

Proof. See Appendix A.3.

Assumption 13′ is stronger than Assumption 13, implying
a common trend in the mean potential outcomes of compliers
and never takers in nontreated regions, that is across (rather
than within) types. This yields the following testable implication
(under Assumptions underlying Equation (13)): E[Y1 −Y0|Z =
0, T = c] = E[Y1 − Y0|Z = 0, T = n]. Identification using
Assumption 13′ is feasible even if the variables X underlying
the deterministic treatment assignment are not observed in
nontreated regions, which is not the case for Assumption 13.

In many applications like PROGRESA and the one presented
in Section 4, always takers and defiers can be ruled out based
on the individual treatment rule of Assumption 3. The ATET
is then identified (by the law of total probability) as weighted
average of θZ=1,n(0) and �Z=1,c. The weights depend on the
shares of compliers and never takers in treated regions in the
follow-up period:

�Z=1 = �Z=1,c · Pr(T = c|Z = 1) + θZ=1,n(0)

· Pr(T = n|Z = 1). (15)

If always takers exist, the spillover effect θZ=1,a(1) can be
identified based on the following assumption.

Assumption 15 (Common trends within always takers across
regions). E[Y1(0, 1) − Y0(0, 0)|Z = z, T = a] = E[Y1(0, 1) −
Y0(0, 0)|Z = z′, T = a] for all z �= z′.

Assumption 15 may appear nonintuitive, as pre- and post-
treatment potential outcomes are defined on distinct d. How-
ever, adding and subtracting Y1(0, 0) in the conditional expec-
tations shows that the following two comprehensible condi-
tions are sufficient for Assumption 15. First, a common trend
assumption analogous to Assumption 13 must hold for always
takers: E[Y1(0, 0) − Y0(0, 0)|Z = z, T = a] = E[Y1(0, 0) −
Y0(0, 0)|Z = z′, T = a]. Second, the average individual treat-
ment effect on always takers under a low regional intensity must
be constant across (actual) regional intensities: E[Y1(0, 1) −
Y1(0, 0)|Z = z, T = a] = E[Y1(0, 1) − Y1(0, 0)|Z = z′, T =
a]. To see this, note that E[Y1(0, 1) − Y0(0, 0)|Z = z, T =
a] = E[Y1(0, 1) − Y0(0, 0)|Z = z′, T = a] is the same as
E[Y1(0, 1) − Y1(0, 0) + Y1(0, 0) − Y0(0, 0)|Z = z, T = a] =
E[Y1(0, 1)−Y1(0, 0)+Y1(0, 0)−Y0(0, 0)|Z = z′, T = a], which
holds if E[Y1(0, 1) − Y1(0, 0)|Z = z, T = a] = E[Y1(0, 1) −

Y1(0, 0)|Z = z′, T = a], that is, mean effects are constant,
and E[Y1(0, 0) − Y0(0, 0)|Z = z, T = a] = E[Y1(0, 0) −
Y0(0, 0)|Z = z′, T = a], that is, common trends hold.

Assumption 15 seems tighter than Assumption 13, but the
two are not strictly nested. Under the existence of always takers
given Z in either period and the satisfaction of Assumptions 3,
14, and 15, θZ=1,a(1) is identified by (the proof is similar to that
of (13) and omitted).

Proposition 9. Under Assumptions 3, 14, and 15, as well as the
presence of always takers given Z in either period,

θZ=1,a(1) = E[Y1|Z = 1, T = a] − E[Y0|Z = 1, T = a]
− [E[Y1|Z = 0, T = a] − E[Y0|Z = 0, T = a]] .

(16)

We subsequently propose a strategy for identifying spillover
effects on compliers on top of the total effect, which requires
multiple regional treatment intensities. Suppose that Z can take
three values: 0 (no regional treatment), 1 (low intensity), and
2 (high intensity). Furthermore, we restate Assumption 3 more
precisely by requiring g(z′, X) = g(z, X) for any z′, z > 0:
eligibility depends on the same criteria in all regions because
compliers satisfy D(0) = 0, D(1) = D(2) = 1. Therefore,
variation in regional treatment intensity does not originate from
different eligibility criteria, but from differences in the distri-
bution of X across regions. This also entails different complier
shares, which is required for identifying spillover effects.

Assumption 16 (Effect homogeneity among compliers across
regions). E[Y1(1, 1) − Y1(0, 0)|Z = 2, T = c] = E[Y1(1, 1) −
Y1(0, 0)|Z = 1, T = c].

By Assumption 16, the average total effect on compliers of
a low versus no regional treatment is constant across (actually)
high and low treatment regions.

This allows separating the total effect of Z = 2 versus Z = 0
on compliers in high treatment regions into the total effect of
Z = 1 versus Z = 0, which by Assumption 16 equals the
respective effect in low treatment regions, and the spillover effect
of Z = 2 versus Z = 1.

Proposition 10. Under the existence of compliers given Z in
either period and Assumptions 3, 13, 14, and 16, the spillover
effect of Z = 2 versus Z = 1 is identified by

θZ=2,c(z′ = 2, z = 1, d = 1)

= E[Y1|Z = 2, T = c] − E[Y0|Z = 2, T = c]
− [E[Y1|Z = 1, T = c] − E[Y0|Z = 1, T = c]] . (17)

Proof. See Appendix A.3.

Finally, DiD assumptions might be relaxed to hold given
observed covariates, denoted by W. This requires conducting
DiD conditional on W and averaging over W to mimic the
covariate distribution in period 1 of the respective type given
Z = 1.

Proposition 11. Under the conditional validity (conditional on
W in either period) of Assumptions 3, 4 given Z in either period,
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13, and 14, the spillover effect on never takers and the total effect
on compliers is identified:

θZ=1,n(0) = EW1|Z=1,T =n[E[Y1|W1, Z = 1, T = n]
− E[Y0|W0, Z = 1, T = n]
− [E[Y1|W1, Z = 0, T = n]
− E[Y0|W0, Z = 0, T = n]]],

�Z=1,c = EW1|Z=1,T =c[E[Y1|W1, Z = 1, T = c]
− E[Y0|W0, Z = 1, T = c]
− [E[Y1|W1, Z = 0, T = c]
− E[Y0|W0, Z = 0.T = c]]], (18)

where W1, W0 denote the observed covariates in periods 0 and
1, respectively.

4. Application

To illustrate the proposed DiD approach in an empirical appli-
cation, we reconsider the setting studied in Lalive, Landais, and
Zweimüller (2015), henceforth LLZ. They study the effect of a
large-scale extension of the duration of unemployment benefit
eligibility on the job search behavior of eligible and ineligible
workers in the same labor market. LLZ define as the micro effect
changes in the search strategy of unemployed workers induced
by changes in unemployment insurance generosity. They refer
to market externalities as changes in equilibrium labor market
conditions induced by changes in unemployment insurance
policies. These effects correspond to our individual treatment
and spillover effects.

The Regional Extension Benefit Program (REBP) in Austria
extended unemployment benefit eligibility from one to four
years for a large subset of workers in selected regions of Austria
from June 1988 until August 1993. Individuals were eligible
if they were above 50 years old at the start of their spell and
had more than 15 years of continuous work history in the past
25 years. In line with our conceptual framework, we refer to
individuals fulfilling the individual criteria as compliers (T = c)
and to those not fulfilling the criteria as never takers (T = n).
To identify spillover effects, LLZ restrict their sample to workers
aged 46–54 as those are most likely to compete with eligible
unemployed for the same vacancies. They further restrict the
sample to men who never worked in the steel sector. We impose
the same restrictions. The Austrian government enacted REBP
in 28 labor market districts. To be eligible for the extended bene-
fits, newly unemployed workers had to reside in of these districts
for at least 6 months prior to the claim in addition to meeting the
criteria described above. A reform in 1991 abolished REBP in 6
of the 28 regions and tightened eligibility criteria requiring that
beneficiaries not only resided in but also had to be employed in
REBP regions. We follow LLZ and exclude the regions where
REBP was phased out early. Regional treatment (Z) is 1 for
counties covered by REBP and 0 otherwise. D equals one if
Z = 1 and T = c and zero otherwise.

In the notation of the current article, LLZ estimate the total
effect on compliers (�c,Z=1) and the spillover effect on never
takers (θn,Z=1(0)) in treated regions using a DiD identifica-
tion strategy. We also aim for these parameters based on the
identification result presented in Equation (13). In addition, we

estimate the ATET, that is, the total effect in treated regions
�Z=1. This effect captures the total increase in unemployment
duration in the treated regions and is the relevant parameter
for assessing the fiscal effects of the policy. We deviate from
the analysis of LLZ in three dimensions. First, we investigate
only the period 1988–1993, whereas LLZ in addition consider
1994–1997 when no new entries into the program occurred,
but market externalities might have still persisted. Second, we
only use the pretreatment period 1980–1987 as the untreated
reference period while LLZ exploit both years before and after
the program as untreated reference years. Third, we do not
control for covariates in our baseline specification.

We make several advances relative to LLZ. First, our frame-
work allows a refined interpretation of the effects in LLZ. Sec-
ond, we estimate the total treatment effect in treated regions that
is the relevant parameter to assess the fiscal consequences of the
policy. Third, we discuss and show identification under different
sets of common trend assumptions. Fourth, we discuss potential
violations of regional SUTVA not considered by LLZ. In what
follows, we assess the plausibility of the assumptions outlined in
Section 3.4.

4.1. Assessment of Assumptions

4.1.1. Assumption 1: Regional SUTVA
Regional SUTVA rules out spillover effects across treated and
nontreated labor markets. To ensure that control regions are
not affected by spillovers from REBP, LLZ exclude non-REBP
counties with more than 5% of new hires coming from REBP
regions from the analysis. But LLZ keep REBP regions with
a strong integration with non-REBP regions. In the median
REBP county, 35% of new hires come from non-REBP regions.
However, regional SUTVA implies that spillover effects are not
directional in the sense that they can only occur in control
regions integrated with treated regions. Integration of REBP
regions with control regions also constitutes a violation of
regional SUTVA. We would expect that spillover effects are
biased toward zero in REBP regions that are integrated with
non-REBP regions. Reduced labor supply of compliers is poten-
tially offset by the inflow of workers from non-REBP regions.
Thus, our estimated spillover effects might be biased toward
zero in regions integrated with non-REBP regions.

A potential solution is to drop REBP regions that are highly
integrated with non-REBP regions. However, due to a high
integration, applying the rule to drop REBP counties with more
than 5% of new hires coming from non-REBP would drop 96%
of observations ins REBP counties from the sample. We thus,
restrain from any further sample restrictions.

4.1.2. Assumption 3: Deterministic Individual Treatment
Assignment

Individuals who fulfill certain observed criteria at the begin-
ning of the unemployment spell are eligible for the extended
benefits. This rule satisfies deterministic individual treatment
assignment. However, the inflow into unemployment may not
be exogenous to regional treatment status and meeting the
individual eligibility criteria. Firms may lay off workers who
are eligible for the extended benefits with higher probability.
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Figure 1. Share of compliers by REBP status of the county and year of entry into
unemployment. NOTES: The figure depicts the share of compliers by REBP status of
the county and year of entering unemployment. We refer to individuals fulfilling the
individual criteria as compliers and to those not fulfilling the criteria as never takers.
The sample includes all men between 46 and 54 years who became unemployed in a
given year. Non-REBP counties with high labor market integration to REBP counties
are excluded from the sample.

Characteristics of these marginal workers may differ from those
of workers who would have been laid off also in the absence of
REBP.

Figure 1 shows the share of compliers in REBP and non-
REBP regions among 46 to 54-year-old entrants into unemploy-
ment. In the pre-REBP period, this share was about 40% in both
types of regions. During the REBP period, the share of compliers
increased above 50% in non-REBP regions but to more than
70% in REBP regions. In the post-REBP period, the share of
compliers decreased to roughly 40% in both types of regions
but remains somewhat higher in REBP regions. Overall, these
patterns point to a substantial effect on unemployment inflow
as a consequence of REBP (see Winter-Ebmer 2003).

These endogenous separations have several consequences.
First, the level of the regional treatment intensity Z is higher
as labor supply is further reduced. Second, the characteristics
of the pool of compliers might change. LLZ show that log wage
and tenure was slightly higher for compliers who entered during
REBP period. There was no such difference for never takers. The
size of the spillover effect is influenced by both, the level of the
regional treatment as well as the characteristics, and related, the
potential outcomes of the compliers. Thus, endogenous layoffs
change the nature of the regional treatment Z. LLZ discuss
potential consequences of endogenous layoffs in their Appendix
A.4.

4.1.3. Assumption 13 and 13′: Common Trends
Figure 2 shows the average unemployment duration of com-
pliers and never takers by residence in REBP and non-REBP
counties by year of entry into unemployment. Unemployment
duration was relatively stable and similar for all four groups
between 1981 and 1986, suggesting that common trends across
regions, see Assumption 13′ (henceforth A13′), might hold.
However, during the REBP period, the unemployment dura-
tion of compliers in non-REBP regions rose sharply while the
same was not true for never takers in non-REBP regions. The

Figure 2. Unemployment duration by eligibility and REBP status of the county by
year of entry into unemployment. NOTES: The figure depicts the average unemploy-
ment duration in weeks for four distinct groups by year of entering unemployment.
The first group are individuals in REBP counties who fulfill the REBP eligibility criteria
of being above 50 and having more than 15 years of work history in the past 25 years
prior to becoming unemployed. The second group are individuals who would fulfill
the eligibility criteria but do not live in REBP counties. The third group are individuals
in REBP counties who do not fulfill the eligibility criteria (less than 50 and/or less
than 15 years of continuous work history). The fourth group are individuals who
do not live in REBP counties and do not fulfill the eligibility criteria. We refer to
individuals fulfilling the individual criteria as compliers and to those not fulfilling the
criteria as never takers. The sample includes all men between 46 and 54 years who
became unemployed in a given year. Non-REBP counties with high labor market
integration to REBP counties are excluded from the sample.

analysis in Table 2 confirms that the assumption of a common
trend across never takers and compliers in non-REBP regions
as implied by A13′ can be rejected. Thus, identification under
the weaker Assumption 13 (henceforth A13), which invokes
common trend within rather than across types, appears more
credible. LLZ mix the usage of A13 and A13′ but do not discuss
the implications of either assumption. The approach graphically
showing yearly effects introduced in their Equation (2) is implic-
itly based on A13 while the approach showing average affects
introduced in Equation (3) is based on A13′.

4.1.4. Assumption 14: No Anticipation Effects
Assumption 14 rules out average effects on the potential out-
comes within compliance types in the baseline period in antic-
ipation of the individual or regional treatment. Such anticipa-
tion effects may, for example, occur if individuals who became
unemployed between the announcement and enactment of
REBP changed their search efforts. The flat and equal pretreat-
ment trends in Figure 2 do not point to anticipation effects.

4.2. Results

Table 2 presents the results for the total effect �Z=1, the total
effect on compliers (�c,Z=1), and the spillover effect on never
takers (θn,Z=1(0)) in treated regions. All results are given sepa-
rately under the two common trend assumptions A13 and A13′.

Panel 1 of Table 2 presents the estimated average effects
for the period 1988–1993. The first two columns provide the
total effect in treated regions. Columns 3 and 4 show the total
effect on compliers in treated regions. Columns 5 and 6 provide
the spillover effect on never takers in treated regions. The last
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Table 2. Total effect on compliers and spillover effect on never takers.

�Z=1 �c,Z=1 θn,Z=1(0) Test A13′

A13′ A13 A13′ A13 A13′ A13

Panel 1: Average effect 1988–1993

Average effect 29.43*** 28.95*** 53.99*** 51.50*** −5.80** −3.39 4.90***
(5.32) (5.31) (6.35) (6.66) (2.61) (2.33) (1.52)

Panel 2: Average effect 1988–1993—conditional on observables

Average effect 27.88*** 27.06*** 51.74*** 48.43*** −6.35*** −3.59* 5.79***
(5.11) (5.03) (6.16) (6.47) (2.45) (2.14) (1.54)

Panel 3: By year of entering unemployment

1988 8.84 8.75 25.67** 24.60** −3.03 −2.42 1.69
(7.25) (7.27) (12.00) (12.10) (4.97) (4.96) (1.04)

1989 8.05 7.99 25.07*** 23.53*** −6.25 −5.08 2.71
(6.21) (6.28) (8.12) (8.65) (5.60) (5.26) (1.71)

1990 11.41 11.34 27.92*** 26.25*** −5.27 −3.73 3.21*
(7.58) (7.68) (9.81) (10.29) (6.43) (6.02) (1.68)

1991 49.02*** 48.67*** 72.02*** 70.94*** −5.88 −4.48 2.47
(13.67) (13.77) (15.34) (15.70) (6.93) (6.52) (1.72)

1992 23.75*** 23.45*** 44.84*** 42.52*** −8.75 −5.96 5.11**
(8.45) (8.57) (10.43) (10.92) (6.41) (6.00) (2.09)

1993 43.93*** 39.06*** 63.20*** 53.13*** −14.74** −3.75 21.06**
(10.88) (11.24) (11.27) (13.53) (6.93) (6.73) (9.11)

Observations 102,299 102,299 87,464 45,923 87,039 56,376 72,204

NOTES: Results are presented for the main REBP period 1988–1993 and the 1980–1987 pretreatment period. Panel 1 presents nonparametric estimates of the average
effects over the period 1988–1993. Panel 2 presents semi-parametric estimates of the average effects over the period 1988–1993 conditional on education, family status,
and tenure. Panel 3 presents nonparametric estimates separately by year of entering unemployment. Standard errors stem from a clustered bootstrap at the region ×
year level with 499 replications. The estimation samples includes male workers between 46 and 54 years that were not employed in the steel sector. All duration outcomes
are expressed in weeks.
*Statistical significance at the 10% level.
**Statistical significance at the 5% level.
***Statistical significance at the 1% level.

column is on testing A13′ as outlined in Section 3.4. Under A13′,
the unemployment duration of compliers and never takers in
non-REBP counties has the same trend.

The average total effect on compliers in treated regions
amounts to 53.99 weeks increased unemployment duration
under A13′ and 51.5 under A13. The average spillover effect
on never takers in treated regions corresponds to −5.8 under
A13′ and −3.39 weeks under A13. The latter estimate is not
statistically significant at conventional levels but of the same
magnitude as the effect reported in LLZ under a somewhat
different evaluation approach. Based on these estimates and the
share of compliers in the treated regions in the treatment period
(58.92%), the total effect of REBP in treated regions amounts to
29.43 under A13′ (column 1) and 28.95 under A13 (column 2).
Column 7 shows that the unemployment duration of compliers
increases significantly compared to the unemployment duration
of never takers in non-REBP regions. Thus, A13′ is unlikely
to hold and results based on A13 should be considered more
credible.

Panel 2 presents estimates for the same effects as in Panel 1,
however, based on conditional DiD as discussed at the end of
Section 3.4 by controlling for the covariates education, family
status, and tenure. We apply semiparametric inverse probability
weighting, see Abadie (2005), using probit specifications for the
conditional probabilities. Observations are reweighted to match
the covariate distribution of the respective target population,
that is, compliers in columns 3 and 4 and never takers in
columns 5 and 6, in REBP counties in the treatment period.
In column 7, the target population are unemployed meeting

eligibility criteria in non-REBP counties in the treatment period.
All results are similar to those in Panel 1. Panel 3 of Table 2
presents the estimates by year of entering unemployment. The
total effect on compliers is largest in 1991 while the spillover
effect on never takers is largest in 1992 and 1993.

5. Conclusion

Most contributions in the field of treatment evaluation rule out
spillover effects related to individual treatment assignment. This
can be formalized by the SUTVA, which assumes away any
form of treatment-dependent spillover between study partici-
pants. However, such spillovers likely occur in many empiri-
cal problems as for instance the assessment of labor market,
development, or educational interventions. This article suggests
a general framework for separating individual level treatment
effects and spillover effects under the assumption that SUTVA
holds on an aggregate rather than individual level, for example,
across regions rather than individuals. We use the framework
to systematically categorize the individual-level and spillover
effects considered in the previous literature. We discuss iden-
tifying assumptions under different designs, for instance, based
on randomization or selection on observables, and also propose
a novel DiD approach.

As an empirical illustration, we reconsider data from Lalive,
Landais, and Zweimüller (2015) who studied the spillover effects
of a large-scale extension of unemployment benefits in selected
regions of Austria and find that this policy decreased the
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job-search duration of ineligible individuals in treated regions.
Our framework provides a sharper definition of the identi-
fied effects. Furthermore, we apply our DiD methodology to
estimate the total effect, the total effects on eligibles, and the
spillover effects on ineligibles in treated regions under some-
what weaker common trend assumptions than underlying some
of the results in Lalive, Landais, and Zweimüller (2015). Even
though the stronger common trend assumption is rejected by
the data, both approaches qualitatively point into the same
direction of a strong positive effect on the job-search duration
of eligibles and a negative spillover effect on ineligibles.

A nontrivial question beyond the scope of this article is how
the boundaries of aggregate units should be defined. Regional
SUTVA is only plausible if the aggregate units coincide with
relevant markets. Predefined regional or administrative entities
formed for example by industry, education, or age as used in
most empirical studies might only crudely approximate relevant
markets. Nimczik (2018) provided a data-driven method to
define labor markets and shows that traditional definitions per-
form quite poorly in separating distinct labor markets. Future
research should therefore, make use of the increasing availability
of microdata and advances in econometric modeling to imple-
ment data-driven approaches for defining relevant markets.

Appendix A: Proofs

A.1. Proof of Equation (8)

Under Assumptions 2, 5, and 8,
θZ=1(D(z))

= θ(D(z)) = ED(z)[E[Y(1, d) − Y(0, d)|D(z) = d]]
= ED|Z=z[E[Y|Z = 1, D] − E[Y|Z = 0, D]]
= ED|Z=z

[
E[Y · Z|D]

Pr(Z = 1|D)
− E[Y · (1 − Z)|D]

1 − Pr(Z = 1|D)

]

= ED|Z=z

[
E[Y · Z|D]

Pr(Z = 1|D)
− E[Y · (1 − Z)|D]

1 − Pr(Z = 1|D)

]

= E
[(

Y · Z
Pr(Z = 1|D)

− Y · (1 − Z)

1 − Pr(Z = 1|D)

)
· Pr(Z = z|D)

Pr(Z = z)

]
.

The second equality follows from Assumptions 2 and 5, the fourth from
Bayes’ theorem and the fifth from the law of iterated expectations. Also
note that EA|B[C] denotes the expectation of C over A conditional on B.

A.2. Proof of Equations (9)–(11)

Under Assumptions 9, 10, and 11(b),
δZ=z,D=1(z)

= E[Y(z, 1) − Y(z, 0)|Z = z, D = 1]
= EX|Z=z,D=1[E[Y(z, 1) − Y(z, 0)|Z = z, D = 1, X]]
= EX|Z=z,D=1[E[Y|Z = z, D = 1, X] − E[Y|Z = z, D = 0, X]],
= EX|Z=z,D=1

[
E[Y · D|Z = z, X]

Pr(D = 1|Z = z, X)

− E[Y · (1 − D)|Z = z, X]
1 − Pr(D = 1|Z = z, X)

]

= E
[(

Y · D
Pr(D = 1|Z = z, X)

− Y · (1 − D)

1 − Pr(D = 1|Z = z, X)

)

· Pr(Z = z|X) · Pr(D = 1|Z = z, X)

Pr(Z = z) · Pr(D = 1|Z = z)

]
,

where the second equality follows from the law of iterated expectations,
the third from Assumptions 9 and 10, the fourth from probability
theory, and the fifth from the law of iterated expectations and Bayes’
theorem.

Under Assumptions 9, 10, and 11(c),

θZ=z,D=d(d)

= E[Y(1, d) − Y(0, d)|Z = z, D = 1]
= EX|Z=z,D=d[E[Y(1, d) − Y(0, d)|Z = z, D = 1, X]]
= EX|Z=z,D=d[E[Y|Z = 1, D = d, X] − E[Y|Z = 0, D = d, X]]
= EX|Z=z,D=d

[
E[Y · Z|D = d, X]

Pr(Z = 1|D = d, X)
− E[Y · (1 − Z)|D = d, X]

1 − Pr(Z = 1|D = d, X)

]

= E
[(

Y · Z
Pr(Z = 1|D = d, X)

− Y · (1 − Z)

1 − Pr(Z = 1|D = d, X)

)

· Pr(Z = z|X) · Pr(D = d|Z = z, X)

Pr(D = d) · Pr(Z = z|D = d)

]
,

where the second equality follows from the law of iterated expectations,
the third from Assumptions 9 and 10, the fourth from probability
theory, and the fifth from the law of iterated expectations and Bayes’
theorem.

Under Assumptions 9, 10, and 11(d),

θZ=1(D(z))
= EX|Z=1[ED(z)|Z=1,X[E[Y(1, d) − Y(0, d)|D(z) = d, X]]]
= EX|Z=1

[
ED|Z=z,X [E[Y|Z = 1, D, X] − E[Y|Z = 0, D, X]]]

= EX

[
ED|X

[(
E[Y · Z|D, X]

Pr(Z = 1|D, X)
− E[Y · (1 − Z)|D, X]

1 − Pr(Z = 1|D, X)

)

· Pr(Z = z|D, X)

Pr(Z = z|X)

]
· Pr(Z = 1|X)

Pr(Z = 1)

]

= E
[(

Y · Z
Pr(Z = 1|D, X)

− Y · (1 − Z)

1 − Pr(Z = 1|D, X)

)

· Pr(Z = z|D, X)

Pr(Z = z|X)
· Pr(Z = 1|X)

Pr(Z = 1)

]
,

where the first equality follows from the law of iterated expectations,
the second from Assumptions 9 and 10, the third from probability
theory, and the fourth from the law of iterated expectations and Bayes’
theorem.

A.3. Proof of Equations (13) and (17)

Under Assumptions 3, 13, and 14,

E[Y1|Z = 1,T = n] − E[Y0|Z = 1,T = n]
− [E[Y1|Z = 0,T = n] − E[Y0|Z = 0,T = n]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y0(1, 0)|Z = 1,T = n]
− [E[Y1(0, 0)|Z = 0,T = n] − E[Y0(0, 0)|Z = 0,T = n]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y0(0, 0)|Z = 1,T = n]
− [E[Y1(0, 0)|Z = 0,T = n] − E[Y0(0, 0)|Z = 0,T = n]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y0(0, 0)|Z = 1,T = n]
− [E[Y1(0, 0)|Z = 1,T = n] − E[Y0(0, 0)|Z = 1,T = n]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y1(0, 0)|Z = 1,T = n]
= θn,Z=1(0),

where the first equality follows from the fact that never takers are
identified by Assumption 3 and the observational rule (Y|Z = z,T = n
corresponds to Y(z, 0)|T = n), the second from Assumption 14 (such
that E[Y0(1, 0)|Z = 1,T = n] = E[Y0(0, 0)|Z = 1,T = n]),
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and the third from Assumption 13. The proof for the total effect on
the compliers in treated regions (�c,Z=1) is analogous and therefore,
omitted.

Under Assumptions 3, 13′, and 14,

E[Y1|Z = 1,T = n] − E[Y0|Z = 1,T = n]
− [E[Y1|Z = 0] − E[Y0|Z = 0]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y0(1, 0)|Z = 1,T = n]
− [E[Y1(0, 0)|Z = 0] − E[Y0(0, 0)|Z = 0]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y0(0, 0)|Z = 1,T = n]
− [E[Y1(0, 0)|Z = 0] − E[Y0(0, 0)|Z = 0]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y0(0, 0)|Z = 1,T = n]
− [E[Y1(0, 0)|Z = 1,T = n] − E[Y0(0, 0)|Z = 1,T = n]]

= E[Y1(1, 0)|Z = 1,T = n] − E[Y1(0, 0)|Z = 1,T = n]
= θn,Z=1(0),

where the first equality follows from the fact that never takers are
identified by Assumption 3 and the observational rule (Y|Z = z,T = n
corresponds to Y(z, 0)|T = n), the second from Assumption 14 (such
that E[Y0(1, 0)|Z = 1,T = n] = E[Y0(0, 0)|Z = 1,T = n]),
and the third from Assumption 13′. The proof for the total effect on
the compliers in treated regions (�c,Z=1) is analogous and therefore,
omitted.

Under Assumptions 3, 13, 14, and 16,

E[Y1|Z = 2,T = c] − E[Y0|Z = 2,T = c]
− [E[Y1|Z = 1,T = c] − E[Y0|Z = 1,T = c]]

= E[Y1(2, 1)|Z = 2,T = c] − E[Y0(2, 1)|Z = 2,T = c]
− [E[Y1(1, 1)|Z = 1,T = c] − E[Y0(1, 1)|Z = 1,T = c]]

= E[Y1(2, 1)|Z = 2,T = c] − E[Y0(0, 0)|Z = 2,T = c]
− [E[Y1(1, 1)|Z = 1,T = c] − E[Y0(0, 0)|Z = 1,T = c]]

= E[Y1(2, 1)|Z = 2,T = c] − E[Y0(0, 0)|Z = 2,T = c]
− [E[Y1(1, 1)|Z = 1,T = c] − E[Y1(0, 0)|Z = 1,T = c]
+ E[Y1(0, 0)|Z = 1,T = c] − E[Y0(0, 0)|Z = 1,T = c]]

= E[Y1(2, 1)|Z = 2,T = c] − E[Y0(0, 0)|Z = 2,T = c]
− [E[Y1(1, 1)|Z = 2,T = c] − E[Y1(0, 0)|Z = 2,T = c]
+ E[Y1(0, 0)|Z = 2,T = c] − E[Y0(0, 0)|Z = 2,T = c]]

= E[Y1(2, 1)|Z = 2,T = c] − E[Y1(1, 1)|Z = 1,T = c]
= θc,Z=2(z′ = 2, z = 1, d = 1),

where the first equality follows from the fact that compliers are identi-
fied by Assumption 3 and the observational rule (Y|Z = z,T = c cor-
responds to Y(z, 1)|T = c for z > 0), the second from Assumption 14
(such that E[Y0(1, 0)|Z = 2,T = c] = E[Y0(0, 0)|Z = 2,T = c]), the
third from subtracting and adding E[Y1(0, 0)|Z = 1,T = c], and the
fourth from Assumptions 13 and 16.
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