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Motivation

I Treatment effects often depend on subjects’ “take-up” behavior.

I Take-up depends on how subjects assess treatments relative to
available alternatives.

I When we apply treatments in different contexts, available
alternatives can vary.

I This contributes to heterogeneity in average treatment effects.
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Contribution

I Replication of a large field experiment on schools in rural
Afghanistan.

I Development of “principal stratification” bounding methods to
decompose treatment effects on the basis of potential take-up
behavior.

I Draw out implications for variation in treatment efficacy,
whether treatment can be harmful in some contexts, and point
identification of principal effects using replications.
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Outline

1. Applied setting: community based schools in Afghanistan.

2. Formal setting: principal effects.

3. Results: comparing principal effects.

4. Implications: why ATEs and ITTs are not enough.
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Applied Setting

I “Community based education” classes in rural Afghanistan.
I First field experiment in 2007-8 (Burde & Linden, 2013, AEJ: Applied).
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Applied Setting

I Large effects, cost effective (JPAL meta-analysis).
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Applied Setting

I “Community based education” classes in rural Afghanistan.
I First field experiment in 2007-8 (Burde & Linden, 2013, AEJ: Applied).

I Replication in 2014-15.
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Applied Setting

I In replication, effects are much smaller:

t=1 (2008) t=2 (2015)
ITT Effect 0.73 0.31

(0.11) (0.13)
Control mean -0.36 -0.10

(0.09) (0.11)
N 689 1463

Table: Least squares regression estimates of the intention-to-treat (ITT)
effects and control group means. Outcome is combined math-verbal test
score, standardized. Standard errors accounting for village-level clustering
in parentheses.

I (NB: focusing just on effects for girls.)
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Applied Setting

What’s going on?
I Different population?
I Different program?
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Applied Setting
Covariate t=1 (2008) t=2 (2015)
Child’s age (in yrs.) mean 8.58 8.26

(sd) (1.56) (1.52)

Household head age (in yrs.) mean 40.61 44.33
(sd) (10.57) (15.19)

Household head yrs. of school mean 3.35 3.34
(sd) (3.39) (3.31)

Household head farmer (0/1) mean 0.77 0.54
(sd) (0.42) (0.50)

Land owned (jeribs) mean 1.13 0.68
(sd) (1.50) (0.47)

Tajik ethnicity (0/1) mean 0.26 0.25
(sd) (0.44) (0.43)

NGO from 2008 (0/1) mean 1.00 0.73
(sd) (0.00) (0.44)

N 689 1463

Table: Covariates means and standard deviations (in parentheses) for the t=1 (in 2008) and t=2 (in 2015) study populations.

I No striking population differences.
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Applied Setting
I But consider take-up behavior:

t = 1 t = 2
Control Treated Control Treated

No school 0.78 0.28 0.36 0.20
Govt. school 0.22 0.03 0.48 0.29
CBE 0.00 0.69 0.16 0.51

Table: Attendance rates for girls in control (no CBE) and treated (with CBE)
communities in the t=1 (in 2008) and t=2 (in 2015) study populations. Note
that the proportions for t = 2 use the design weights that account for unequal
treatment assignment and sampling probabilities.

I Contexts differ in terms of access to alternatives.
I How does this contribute to differences in the ITT effects?
I NB: choices over the alternatives are post-treatment. Cannot

simply control for this choice behavior.
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Analytical Strategy

I Decompose ITT effect into subgroup effects for those who, in
absence of CBE:

I Would not attend school,
I Would attend government school.

I “Principal stratum” approach.
I Partial identification.
I Cf. Kowalski (2016); Miratrix et al. (2017); Jiang et al. (2015);

Lee (2009).
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Formal framework
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Formal framework

Three identifying assumptions:

1. Random assignment.

2. Monotonicity: if there is an effect, it is to induce take-up of CBE.

3. Exclusion restriction: outcomes depend on treatment taken-up.
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Formal framework
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Formal framework

Defining effects:
I Treatment assigned: Z ∈ {0,1} (no CBE, CBE).

I Take up, D(Z): (D(0),D(1)) ∈ {{0,1,2}×{0,1,2}} (no school,
govt. school, CBE).

I Principal strata:

S = (D(0),D(1)) Share
Never taker (0, 0) π(0,0)
Govt. adherent (1, 1) π(1,1)
Always taker (2, 2) π(2,2)
Complier (0, 2) π(0,2)
Substitutor (1, 2) π(1,2)

I Strata shares identified by monotonicity: e.g., π(0,0) by
D = 0,Z = 1, etc.

I Potential outcomes: Y(d,z) = Y(d) (exclusion)
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Formal framework

Defining effects:

ITT = E [Y(D(1),1)−Y(D(0),0)] = E [Y(D(1))−Y(D(0))]

LATE = E [Y(D(1),1)−Y(D(0),0)|D(1) 6= D(0)]

= E [Y(2)−Y(0)|S = (0,2)]
π(0,2)

π(0,2)+π(1,2)

+E [Y(2)−Y(1)|S = (1,2)]
π(1,2)

π(0,2)+π(1,2)

I These effects are identified in the usual way.
I LATE shows linear relationship between effects for compliers

and substitutors.
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Formal framework

I Consider effect for compliers:

E [Y(2)−Y(0)|S = (0,2)]=E [Y(2)|S = (0,2)]−E [Y(0)|S = (0,2)]

I Right term is identified:

E [Y(0)|S = (0,2)] =
π(0,0)+π(0,2)

π(0,2)
E [Y|Z = 0,D = 0]

− π(0,0)
π(0,2)

E [Y|Z = 1,D = 0]

I Left is not, however: Z = 1,D = 2 units are a mix of
always-takers, compliers, and substitutors.
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Formal framework
I Nonetheless, our assumptions imply that the mixture distribution

for complier and substitutor treated outcomes is identified:

FY(2) (y|S ∈ {(0,2),(1,2)}) =
π(0,2)+π(1,2)+π(2,2)

π(0,2)+π(1,2)
Ft,Y(2)(y|S ∈ {(0,2),(1,2),(2,2)})

− π(2,2)
π(0,2)+π(1,2)

Ft,Y(2)(y|S = (2,2))

=
π(0,2)+π(1,2)+π(2,2)

π(0,2)+π(1,2)
Ft,Y(2)(y|Z = 1,D = 2)

− π(2,2)
π(0,2)+π(1,2)

Ft,Y(2)(y|Z = 0,D = 2)

I We also know the share π(1,2) of substitutors, which we can use
to trim this distribution.

I Trimming allows us to bound E [Y(2)−Y(0)|S = (0,2)] and in
turn E [Y(2)−Y(1)|S = (1,2)] through the LATE.

I Can implement as difference in trimmed means or using a kernel
density approach.
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Formal framework

C
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A
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Results

I Principal strata distribution under monotonicity.
I ITT and LATE.
I Bounds on principal effects.
I Point identification.
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Results

Principal stratum t=1 t=2
Never taker 0.28 0.20
Govt. adherent 0.03 0.29
Always taker 0.00 0.16
Complier 0.49 0.16
Substitutor 0.20 0.19

Table: Estimation distribution of girls population across principal strata in
the t=1 (in 2008) and t=2 (in 2015) study populations, assuming
monotonicity. Shares may not add up to 1 due to rounding.
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Results

t=1 (2008) t=2 (2015)
ITT Effect 0.73 0.31

(0.11) (0.13)
Control mean -0.36 -0.10

(0.09) (0.11)
N 689 1463

Table: Least squares regression estimates of the intention-to-treat (ITT)
effects and control group means. Outcome is combined math-verbal test
score, standardized. Standard errors accounting for village-level clustering
in parentheses.

I Recall major differences in ATE/ITT.
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Results

t=1 t=2
LATE 1.06 0.91

(0.14) (0.48)
First stage 0.69 0.36

(0.04) (0.04)
N 689 1463

Table: Two-stage least squares regression estimates of the LATE on test
scores, and least squares regression estimates of the first stage effect on CBE
take-up. Standard errors accounting for village-level clustering in
parentheses.

I Apparent homogeneity in LATE.
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Results

I Bounds overlap across replications.
I Complier effect bounded as positive.
I Cannot rule out negative substitutor effect.
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Results

Under homogeneous principal effects, LATE for two time periods yields
two equations and two unknowns⇒ point identification:

LATE = E [Y(2)−Y(0)|S = (0,2)]
π(0,2)

π(0,2)+π(1,2)

+E [Y(2)−Y(1)|S = (1,2)]
π(1,2)

π(0,2)+π(1,2)

I Implies complier effect of 1.22 and substitutor effect of 0.66.
I Other types of identification possible – e.g.,

covariate-conditional homogeneity.
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Inference

I Usual asymptotic inference for ITT, LATE.
I For bounds, under regularity conditions similar to Lee (2009),

asymptotic normality; motivates bootstrap inference.
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Implications

I An important aspect of contextual heterogeneity is access to
alternatives.

I One of the ways field experiments differ from lab.
I Importance of these factors became evident when comparing

effects from two replications. But we should always be attentive
to these issues: ATE and ITT obscure them.

I Substantive findings establish the following:
I Distinguish between CBE efficacy, which is consistently strong,

from CBE effectiveness, which depends on context.
I Need for further investigation of possible negative substitutor

effects.
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