
Supplementary Appendix

A Proofs

In this section, we provide proofs for all theoretical results we discussed in the paper.

A.1 Effect-Generalization

We examine identification and estimation of the T-PATE when dealing with X- and C-validity

together. The well-researched problem of X-validity is a special case of this setting.

A.1.1 Identification

Assumption A1 (Identification Assumptions for X- and C-validity)

• Contextual Exclusion Restriction: For all t ∈ T , m ∈M, and all units,

Yi(T = t,M = m, c) = Yi(T = t,M = m, c∗), (1)

where M are context-mediators as defined in Section 3.2.4. T is the support of the

treatment variable T and M is the support of the context mediators M.

• Ignorability of Sampling and Treatment Effect Heterogeneity: For all x ∈ X , m ∈M,

Yi(T = 1,M = m)− Yi(T = 0,M = m) ⊥⊥ Si | Xi = x,Mi = m, Ci = c (2)

Yi(T = 1,M = m)− Yi(T = 0,M = m) ⊥⊥ Ci | Xi = x,Mi = m, (3)

where X is the support of the pre-treatment covariates X.

• Positivity: For all x ∈ X , m ∈M,

0 < Pr(Si = 1 | Xi = x,Mi = m, Ci = c) < 1 (4)

0 < Pr(Ci = c | Xi = x,Mi = m) < 1 (5)

0 < Pr(Ci = c∗ | Xi = x,Mi = m) < 1 (6)

• Consistency: For all units,

Yi = Yi(T = Ti,M = Mi) (7)
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Theorem A1 (Identification of the T-PATE under X- and C-validity)

Under Assumption A1 and the randomization of treatment assignment in experiments, the

T-PATE is identified as follows.

EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)]

=
∑

m∈M

∑
x∈X
{E(Yi | Ti = 1, Si = 1, Ci = c,Mi = m,Xi = x)

−E(Yi | Ti = 0, Si = 1, Ci = c,Mi = m,Xi = x)}Pr(Mi = m,Xi = x | Ci = c∗),

where the sum may be interpreted as integral when appropriate.

Proof. In this proof, for notational simplicity, we use Yi(1,m) and Yi(0,m) instead of Yi(T =

1,M = m) and Yi(T = 1,M = m).

EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)]

=
∑

m∈M

∑
x∈X

E{Yi(T = 1, c∗)− Yi(T = 0, c∗) |Mi = m,Xi = x}Pr(Mi = m,Xi = x | Ci = c∗)

=
∑

m∈M

∑
x∈X

E{Yi(1,m)− Yi(0,m) |Mi = m,Xi = x}Pr(Mi = m,Xi = x | Ci = c∗)

=
∑

m∈M

∑
x∈X

E{Yi(1,m)− Yi(0,m) | Ci = c,Mi = m,Xi = x}Pr(Mi = m,Xi = x | Ci = c∗)

=
∑

m∈M

∑
x∈X

E{Yi(1,m)− Yi(0,m) | Si = 1, Ci = c,Mi = m,Xi = x}Pr(Mi = m,Xi = x | Ci = c∗)

=
∑

m∈M

∑
x∈X

[
E{Yi(1,m) | Ti = 1, Si = 1, Ci = c,Mi = m,Xi = x}

−E{Yi(0,m) | Ti = 0, Si = 1, Ci = c,Mi = m,Xi = x}
]

Pr(Mi = m,Xi = x | Ci = c∗),

=
∑

m∈M

∑
x∈X
{E(Yi | Ti = 1, Si = 1, Ci = c,Mi = m,Xi = x)

−E(Yi | Ti = 0, Si = 1, Ci = c,Mi = m,Xi = x)}Pr(Mi = m,Xi = x | Ci = c∗),

where the first equality follows from the definition of the T-PATE and the rules of conditional

probability, the second from the contextual exclusion restriction (equation (1) in Assump-

tion A1), the third from the conditional ignorability of the selection into contexts (equation (2)

in Assumption A1), and the fourth from the conditional ignorability of the selection into exper-

iments (equation (3) in Assumption A1). The fifth inequality follows from the randomization

of treatment assignment within the experiment, which implies

{Yi(1,m), Yi(0,m)} ⊥⊥ Ti | Si = 1, Ci = c,Mi = m,Xi = x, (8)
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for all x ∈ X , m ∈ M. Note that, as we emphasize in Section 3.2.4, it is critical that both

context-mediators Mi and covariates used for the X-validity Xi are pre-treatment, that is,

not affected the treatment variable (Rosenbaum, 1984). The final sixth equality follows from

the consistency of the potential outcomes (equation (7) in Assumption A1). This completes

the proof. 2

A.1.2 IPW Estimator

To account for the X- and C-validity together, we need to extend conventional sampling

weights that only consider the X-validity. In particular, we need two sampling weights:

πi =
1

Pr(Si = 1 | Ci = c,Mi,Xi)
(selection into experiments)

θi =
Pr(Ci = c∗ |Mi,Xi)

Pr(Ci = c |Mi,Xi)
(selection into contexts)

Using these two sampling weights, we can show the consistency of the inverse probability

weighted (IPW) estimator.

Theorem A2 (Consistency of IPW Estimator)

Consider the following IPW estimator.

τ̂IPW ≡

∑R
i=1 θ̂iπ̂iδi1{Ci = c}SiTiYi∑R
i=1 θ̂iπ̂iδi1{Ci = c}SiTi

−

∑R
i=1 θ̂iπ̂i(1− δi)1{Ci = c}Si(1− Ti)Yi∑R
i=1 θ̂iπ̂i(1− δi)1{Ci = c}Si(1− Ti)

, (9)

where δi ≡ Pr(Ti = 1 | Si = 1, Ci = c,Mi,Xi) is the treatment assignment probability known

from the experimental design. We use R to denote the sum of the sample size in the experiment

(n) and in the target population data (N). Then, as R→∞,

τ̂IPW
p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)], (10)

when the sampling models are correctly specified, i.e., θ̂i
p−→ θi and π̂i

p−→ πi.

Proof. By the weak law of large number, 1
R

∑R
i=1 θ̂iπ̂iδi1{Ci = c}SiTiYi

p−→ E[θiπiδi1{Ci =

c}SiTiYi] under the standard regularity conditions and the correct specification of the sampling

models.

E[πiθiδi1{Ci = c}SiTiYi]
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=
∑

m∈M

∑
x∈X

E[πiθiδi1{Ci = c}SiTiYi |Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)

×E[πiδi1{Ci = c}SiTiYi |Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)
× Pr(Ci = c |Mi = m,Xi = x)

×E[πiδiSiTiYi | Ci = c,Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)
× Pr(Ci = c |Mi = m,Xi = x)

× 1

Pr(Si = 1 | Ci = c,Mi = m,Xi = x)

×E[δiSiTiYi | Ci = c,Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)
× Pr(Ci = c |Mi = m,Xi = x)

× 1

Pr(Si = 1 | Ci = c,Mi = m,Xi = x)
× Pr(Si = 1 | Ci = c,Mi = m,Xi = x)

×E[δiTiYi | Si = 1, Ci = c,Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)
× Pr(Ci = c |Mi = m,Xi = x)

× 1

Pr(Si = 1 | Ci = c,Mi = m,Xi = x)
× Pr(Si = 1 | Ci = c,Mi = m,Xi = x)

× 1

Pr(Ti = 1 | Si = 1, Ci = c,Mi = m,Xi = x)

×E[TiYi | Si = 1, Ci = c,Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)
× Pr(Ci = c |Mi = m,Xi = x)

× 1

Pr(Si = 1 | Ci = c,Mi = m,Xi = x)
× Pr(Si = 1 | Ci = c,Mi = m,Xi = x)

× 1

Pr(Ti = 1 | Si = 1, Ci = c,Mi = m,Xi = x)
× Pr(Ti = 1 | Si = 1, Ci = c,Mi = m,Xi = x)

×E[Yi(1) | Si = 1, Ci = c,Mi = m,Xi = x] Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

E[Yi(1) | Si = 1, Ci = c,Mi = m,Xi = x]

×Pr(Ci = c∗ |Mi = m,Xi = x) Pr(Mi = m,Xi = x)

=

{ ∑
m∈M

∑
x∈X

E[Yi(1) |Mi = m,Xi = x] Pr(Mi = m,Xi = x | Ci = c∗)

}
Pr(Ci = c∗)

= EP∗ [Yi(T = 1, c∗)]× Pr(Ci = c∗).
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Similarly, we can show that 1
R

∑R
i=1 θ̂iπ̂i(1− δi)1{Ci = c}Si(1− Ti)Yi

p−→ EP∗ [Yi(T = 0, c∗)]×

Pr(Ci = c∗), 1
R

∑R
i=1 θ̂iπ̂iδi1{Ci = c}SiTi

p−→ Pr(Ci = c∗), and 1
R

∑R
i=1 θ̂iπ̂i(1 − δi)1{Ci =

c}Si(1− Ti)
p−→ Pr(Ci = c∗). This completes the proof. 2

A.1.3 Weighted Least Squares

Theorem A3 (Consistency of Weighted Least Squares Estimator)

Consider the following weighted least squares estimator.

(α̂, τ̂wLS, γ̂) = argmin
α,τ,γ

1

n

n∑
i=1

wi(Yi − α− τTi − Z>i γ)2 (11)

where wi = θ̂iπ̂i{δiTi + (1− δi)(1− Ti)}, and Zi are pre-treatment covariates measured within

the experiment. Then, as n→∞,

τ̂wLS
p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)], (12)

when the sampling models are correctly specified, i.e., θ̂i
p−→ θi and π̂i

p−→ πi.

Proof. We rely on the proof technique by Lin (2013). Using the estimated coefficient γ̂, we

can rewrite the main objective function as follows.

(α̂, τ̂wLS) = argmin
α,τ,γ

1

n

n∑
i=1

wi{(Yi − Z>i γ̂)− α− τTi}2.

Therefore, using the well-known equivalence between the weighted least squares regression and

the weighted difference-in-means, we can write that

τ̂wLS =

∑n
i=1wi(Yi − Z>i γ̂)Ti∑n

i=1wiTi
−

∑n
i=1wi(Yi − Z>i γ̂)(1− Ti)∑n

i=1wi(1− Ti)
.

We now further examine this quantity.

τ̂wLS =

∑n
i=1wi(Yi − Z>i γ̂)Ti∑n

i=1wiTi
−

∑n
i=1wi(Yi − Z>i γ̂)(1− Ti)∑n

i=1wi(1− Ti)

=

∑n
i=1wiYiTi∑n
i=1wiTi

−

∑n
i=1wiYi(1− Ti)∑n
i=1wi(1− Ti)

+


∑n

i=1wiZ
>
i Ti∑n

i=1wiTi
−

∑n
i=1wiZ

>
i (1− Ti)∑n

i=1wi(1− Ti)

 γ̂.

Using the weak law of large number, 1
n

∑n
i=1wiZ

>
i Ti

p−→ E[wiZ
>
i Ti],

1
n

∑n
i=1wiZ

>
i (1 − Ti)

p−→

E[wiZ
>
i (1− Ti)], 1

n

∑n
i=1wiTi

p−→ E[wiTi], and 1
n

∑n
i=1wi(1− Ti)

p−→ E[wi(1− Ti)].
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We can also show that

E[wiZ
>
i Ti] =

∑
m∈M

∑
x∈X

θiπiE[Zi | Si = 1, Ci = c,Mi = m,Xi = x]> Pr(Mi = m,Xi = x | Si = 1, Ci = c)

E[wiZ
>
i (1− Ti)] =

∑
m∈M

∑
x∈X

θiπiE[Zi | Si = 1, Ci = c,Mi = m,Xi = x]> Pr(Mi = m,Xi = x | Si = 1, Ci = c)

E[wiTi] =
∑

m∈M

∑
x∈X

θiπi Pr(Mi = m,Xi = x | Si = 1, Ci = c)

E[wi(1− Ti)] =
∑

m∈M

∑
x∈X

θiπi Pr(Mi = m,Xi = x | Si = 1, Ci = c).

Combined together, 
∑n

i=1wiZ
>
i Ti∑n

i=1wiTi
−

∑n
i=1wiZ

>
i (1− Ti)∑n

i=1wi(1− Ti)

 γ̂
p−→ 0,

given that γ̂ converges to some constant γ∗ under the standard regularity conditions.

Finally, we note that∑n
i=1wiYiTi∑n
i=1wiTi

−

∑n
i=1wiYi(1− Ti)∑n
i=1wi(1− Ti)

=

∑R
i=1 θ̂iπ̂iδi1{Ci = c}SiTiYi∑R
i=1 θ̂iπ̂iδi1{Ci = c}SiTi

−

∑R
i=1 θ̂iπ̂i(1− δi)1{Ci = c}Si(1− Ti)Yi∑R
i=1 θ̂iπ̂i(1− δi)1{Ci = c}Si(1− Ti)

= τ̂IPW

p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)].

where we use Theorem A2. This completes the proof. 2

A.1.4 Outcome-Based Estimator

Theorem A4 (Consistency of Outcome-based Estimator)

Consider the following weighted least squares estimator.

τ̂out =
1

N

∑
j∈P∗

{ĝ1(Xj ,Mj)− ĝ1(Xj ,Mj)}

where

ĝ1(Xi,Mj) ≡ Ê(Yi | Ti = 1,Mi,Xi, Si = 1, Ci = c),

ĝ0(Xi,Mj) ≡ Ê(Yi | Ti = 0,Mi,Xi, Si = 1, Ci = c).

Then, as N →∞,

τ̂out
p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)], (13)
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when the outcome models are correctly specified, i.e., ĝ1(Xi,Mj)
p−→ E(Yi | Ti = 1,Mi,Xi, Si =

1, Ci = c), and ĝ0(Xi,Mj)
p−→ E(Yi | Ti = 0,Mi,Xi, Si = 1, Ci = c).

Proof. Due to the weak law of large number,

1

N

∑
j∈P∗

{ĝ1(Xj ,Mj)− ĝ1(Xj ,Mj)}

p−→
∑

m∈M

∑
x∈X
{E(Yi | Ti = 1,Mi = m,Xi = x, Si = 1, Ci = c)− E(Yi | Ti = 0,Mi = m,Xi = x, Si = 1, Ci = c)}

×Pr(Mi = m,Xi = x | Ci = c∗)

= EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)],

where we used Theorem A1 in the final equality. This completes the proof. 2

A.1.5 Doubly Robust Estimator

To account for potential model misspecification, we explicitly parameterize the outcome models

and sampling weights. First, we define outcome models with a finite dimensional parameter

ξ; g1(Mi,Xi; ξ1) and g1(Mi,Xi; ξ0). We use ξ∗ to denote correctly specified outcome models,

that is,

g1(Mi,Xi; ξ
∗
1) = E(Yi | Ti = 1,Mi,Xi, Si = 1, Ci = c), (14)

g0(Mi,Xi; ξ
∗
0) = E(Yi | Ti = 0,Mi,Xi, Si = 1, Ci = c). (15)

Similarly, we define sampling weights a finite dimensional parameter ψ; θ(Mi,Xi;ψC) and

π(Mi,Xi;ψS). We use ψ∗ to denote correctly specified sampling weights, that is,

π(Mi,Xi;ψ
∗
S) =

1

Pr(Si = 1 | Ci = c,Mi = m,Xi = x)

θ(Mi,Xi;ψ
∗
C) =

Pr(Ci = c∗ |Mi = m,Xi = x)

Pr(Ci = c |Mi = m,Xi = x)

Then, using these extended sampling weights and outcome models, we propose the augmented

IPW (AIPW) estimator as follows.

Theorem A5 (Double Robustness of AIPW Estimator)

Consider the following AIPW estimator.

τ̂AIPW ≡
∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi{Yi − g1(Mi,Xi; ξ̂1)}∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi
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−
∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti){Yi − g0(Mi,Xi; ξ̂0)}∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti)

+

∑R
i=1 1{Ci = c∗}{g1(Mi,Xi; ξ̂1)− g0(Mi,Xi; ξ̂0)}∑R

i=1 1{Ci = c∗}
,

where we use R to denote the sum of the sample size in the experiment (n) and in the target

population data (N). Then, if the outcome models or sampling weights are correctly specified,

the AIPW estimator is consistent. Formally,

if {ξ̂1
p−→ ξ∗1 , and ξ̂0

p−→ ξ∗0} or {ψ̂C
p−→ ψ∗C , and ψ̂S

p−→ ψ∗S},

τ̂AIPW
p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)], as R→∞.

Proof. Following the standard convention (Tsiatis, 2006), we assume that ξ̂1 and ξ̂0 converge

in probability to some value ξ̃1 and ξ̃0 as R goes to infinity. When ξ̃1 = ξ∗1 and ξ̃0 = ξ∗0 , we will

say the outcome models are correctly specified. Similarly, ψ̂C and ψ̂S converge in probability

to some value ψ̃C and ψ̃S as R goes to infinity. When ψ̃C = ψ∗C and ψ̃S = ψ∗S , we will say the

sampling weights are correctly specified.

First, we consider cases under which sampling weights are correctly specified. Then, based

on Theorem A2, we know that∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTiYi∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi

(16)

−

∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti)Yi∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}Si(1− Ti)
(17)

p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)]. (18)

Therefore, we need to verify that∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTig1(Mi,Xi; ξ̂1)∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi

−

∑R
i=1 1{Ci = c∗}g1(Mi,Xi; ξ̂1)∑R

i=1 1{Ci = c∗}
p−→ 0∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti)g0(Mi,Xi; ξ̂0)∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti)

−

∑R
i=1 1{Ci = c∗}g0(Mi,Xi; ξ̂0)∑R

i=1 1{Ci = c∗}
p−→ 0.
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Using the weak law of large number, we obtain

1

R

R∑
i=1

θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTig1(Mi,Xi; ξ̂1)
p−→ E[θiπiδi1{Ci = c}SiTig1(Mi,Xi; ξ̃1)],

(19)

where we use θi and πi to denote the correctly specified weights. Using the same proof strategy

as Theorem A2,

E[θiπiδi1{Ci = c}SiTig1(Mi,Xi; ξ̃1)] (20)

=
∑

m∈M

∑
x∈X

{
g1(Mi,Xi; ξ̃1) Pr(Mi = m,Xi = x | Ci = c∗)

}
Pr(Ci = c∗). (21)

Therefore, we get∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTig1(Mi,Xi; ξ̂1)∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi
p−→ E

{
g1(Mi,Xi; ξ̃1) | Ci = c∗

}

It is easy to see that

∑R
i=1 1{Ci = c∗}g1(Mi,Xi; ξ̂1)∑R

i=1 1{Ci = c∗}
p−→ E

{
g1(Mi,Xi; ξ̃1) | Ci = c∗

}
. We can

use the similar proof for the expression for the control group. Thus, we obtain the desired

result for cases when sampling weights are correctly specified.

Next, we consider cases under which the outcome models are correctly specified. In this

case, we have

∑R
i=1 1{Ci = c∗}{ĝ1(Mi,Xi)− ĝ0(Mi,Xi)}∑R

i=1 1{Ci = c∗}
(22)

p−→ EP∗ [Yi(T = 1, c∗)− Yi(T = 0, c∗)]. (23)

Therefore, we need to verify that∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi{Yi − g1(Mi,Xi; ξ̂1)}∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi
p−→ 0∑R

i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti){Yi − g0(Mi,Xi; ξ̂0)}∑R
i=1 θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)(1− δi)1{Ci = c}Si(1− Ti)

p−→ 0

Now, using the weak law of large number, we obtain

1

R

R∑
i=1

R∑
i=1

θ(Mi,Xi; ψ̂C)π(Mi,Xi; ψ̂S)δi1{Ci = c}SiTi{Yi − g1(Mi,Xi; ξ̂1)}

p−→ E[θ(Mi,Xi; ψ̃C)π(Mi,Xi; ψ̃S)δi1{Ci = c}SiTi{Yi − g1(Mi,Xi;ψ
∗
1)}].
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Now, we can rewrite the expression as follows.

E[θ(Mi,Xi; ψ̃C)π(Mi,Xi; ψ̃S)δi1{Ci = c}SiTi{Yi − g1(Mi,Xi;ψ
∗
1)}]

=
∑

m∈M

∑
x∈X

E[θ(Mi,Xi; ψ̃C)π(Mi,Xi; ψ̃S)δi1{Ci = c}SiTi{Yi − g1(Mi,Xi;ψ
∗
1)} |Mi = m,Xi = x]

×Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X

E[Ti{Yi − g1(Mi,Xi;ψ
∗
1)} | Si = 1, Ci = c,Mi = m,Xi = x]

×δiθ(Mi,Xi; ψ̃C)π(Mi,Xi; ψ̃S)× Pr(Si = 1, Ci = c |Mi = m,Xi = x) Pr(Mi = m,Xi = x)

=
∑

m∈M

∑
x∈X
{E[Yi | Ti = 1, Si = 1, Ci = c,Mi = m,Xi = x]− g1(Mi,Xi;ψ

∗
1)}

×θ(Mi,Xi; ψ̃C)π(Mi,Xi; ψ̃S)× Pr(Si = 1, Ci = c |Mi = m,Xi = x) Pr(Mi = m,Xi = x)

= 0

which provides the desired result for the treatment group. We can use the similar proof for

the expression for the control group. Therefore, this provides the proof for cases when the

outcome models are correctly specified. This completes the proof. 2

A.2 Sign-Generalization

A.2.1 Proof of Theorem 1

We want to show that the under the taget null H∗0 : EP{Y ∗i (T = 1, c) − Y ∗i (T = 0, c)} ≤ 0,

Pr(p̃ ≤ α) ≤ α where p̃ ≡ maxk pk and each p-value is valid for its corresponding null

hypothesis.

First, under Assumption 5, the taget null hypothesis implies the union of the K null

hypotheses. Formally,

H∗0 ⇒
K⋃
k=1

Hk
0 .

Under the union of the K null hypotheses, there is at least one true null hypothesis. We refer

to it as H`
0 and its corresponding p-value as p`. Then,

Pr(p̃ ≤ α) = Pr

{
K⋂
k=1

(pk ≤ α)

}
≤ Pr(p` ≤ α) ≤ α.

Taken together, under the target null hypothesis, Pr(p̃ ≤ α) ≤ α, which completes the proof.

2
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A.2.2 Partial-Conjunction Test

In the partial conjunction test, we consider the following hypothesis.

H̃r
0 :

K∑
k=1

1{Hk
0 is false} < r

versus H̃r
1 :

K∑
k=1

1{Hk
0 is false} ≥ r (24)

For completeness, we reproduce all the necessary formal results on the partial conjunction test.

Result 1 (Validity of Partial Conjunction Test (Benjamini and Heller, 2008))

p̃(r) is a valid p-value for the partial conjunction null hypothesis H̃r
0 .

Proof. We want to show that under the partial conjunction null hypothesis H̃r
0 , Pr(p̃(r) ≤

α) ≤ α.

Under the partial conjunction null hypothesis, there are at least K−r+1 true null hypothe-

ses. We use q1, . . . , qK−r+1 to denote p-values corresponding to such true null hypotheses.

Now, we consider the main quantity.

Pr(p̃(r) ≤ α) ≤ Pr
{

(K − r + 1)p(r) ≤ α
}

= Pr

(
p(r) ≤

α

K − r + 1

)
. (25)

This implies that at least one of {q1, . . . , qK−r+1} is smaller than α
K−r+1 . Therefore,

Pr(p̃(r) ≤ α) ≤ Pr

(
p(r) ≤

α

K − r + 1

)
≤ Pr

{
K−r+1⋃
i=1

(
qi ≤

α

K − r + 1

)}

≤
K−r+1∑
i=1

Pr

(
qi ≤

α

K − r + 1

)
≤ α,

where the first inequality comes from equation (25), the second from a definition of {q1, . . . , qK−r+1},

the third from the union bound, and the final from the fact that each p-value is valid for its

corresponding null hypothesis. This completes the proof. 2

Result 2 (Reporting all thresholds (Benjamini and Heller, 2008))

No additional multiple testing correction is required when considering p-value p̃(r) for all levels

r ∈ {1, . . . ,K}. Formally, suppose the partial conjunction null holds when r = s, i.e., H̃s
0 is

true. Then, Pr{
⋃K
r=s(p̃(r) ≤ α)} ≤ α.

11



Proof. By the definition of p̃(r), it satisfies the monotonicity, that is, p̃(r) ≤ p̃(r+1). Therefore,

under the partial conjunction null H̃s
0 ,

Pr{
K⋃
r=s

(p̃(r) ≤ α)} = Pr{p̃(s) ≤ α} ≤ α,

where the first equality follows from the monotonicity, and the second from the validity of the

partial conjunction p-value (Result 1). 2

Result 3 (Confidence Interval of True Non-Nulls (Heller, 2011))

Define r∗ to be the number of true non-nulls. Then, Pr(r∗ ∈ [rmax,K]) ≥ 1 − α where

rmax ≡ max{r : p̃(r) ≤ α}.

Proof. If r∗ = K, then Pr(r∗ ∈ [rmax,K]) = 1. Therefore, we consider cases where r∗ < K.

Pr(r∗ ∈ [rmax,K]) = Pr(r∗ ≥ rmax)

= Pr(p̃(r∗+1) > α)

= 1− Pr(p̃(r∗+1) ≤ α)

≥ 1− α

where the first equality follows from the definition of the confidence interval, the second from

the definition of rmax, and the third from a rule of probability. When the true number of

non-nulls is r∗, H̃r∗+1
0 holds. Therefore, Pr(p̃(r∗+1) ≤ α) ≤ α, from which the final inequality

follows. This completes the proof. 2

A.2.3 Fisher’s Combined p-value

In some applications, researchers can obtain p-values that are independent across variations.

For example, when researchers run experiments across multiple contexts, experimental data

across context are independent and thus, p-values are independent. In such cases, researchers

can use the Fisher’s method to combine p-values and compute the partial conjunction p-value

(Benjamini and Heller, 2008). For the partial conjunction null hypothesis H̃r
0 , the partial-

conjunction p-value is

p̃(r) = Pr

(
χ2
2(K−r+1) ≥ −2

K∑
i=r

log p(i)

)
.

12



B Empirical Applications: Full Analysis

We apply the proposed methodologies to the three empirical applications described in Section

2. In this section of the supplementary material, we provide additional discussion and analyses

for the three studies.

B.1 Field Experiment: Reducing Transphobia

In Section 6.1, we discussed effect-generalization for Broockman and Kalla (2016). In this

section, we provide additional implementation details for the described estimators. We also

discuss T - and C-validity within the context of this experiment.

B.1.1 Effect-Generalization: Estimation Details

To estimate the T-PATE, we adjust for age, sex, race/ethnicity, ideology, religiosity, and

partisan identification, which include all variables measured in both the experiment and the

CCES.1 We focus on estimation of the intent-to-treat effect in the target population, defined

using the CCES data of respondents from Florida. We estimate the T-PATE using three

classes of estimators we discussed in Section 4.1. Weighting-based estimators include IPW

and weighted least squares with the control variables pre-specified in the original authors’

pre-analysis plan. Sampling weights are estimated via calibration (Deville and Särndal, 1992;

Hartman et al., 2015), which matches weighted marginals of the experimental samples to the

target population marginals. For the outcome-based estimators, we use OLS and a more

flexible model, BART (Hill, 2011). Finally, we implement three doubly robust estimators;

the AIPW with OLS, the AIPW with BART, and the weighted least squares projection as

1In the experiment, the authors used age, sex, and race/ethnicity as reported on the voter file. There may be

some measurement differences compared to the self-reported measures used in the CCES. The remainder of the

variables used the same question, although we collapsed responses to common values across the two datasets.

Age is measured using a five-category age bucket for weighting, and age in years for BART. Race/ethnicity is

coded as a three-way category for “Black”, “Hispanic”, and “White/Other”. Ideology and partisanship are coded

as seven-point scales, and religiosity is a five-category factor. Indicators are created for factors in regression and

weighting methods, and are entered as ordered categories for the causal BART. In the supplementary material

of Broockman and Kalla (2016), the original authors compared a subset of the above six variables, {age, sex,

and race/ethnicity}, of the experimental sample with those of all voters in Miami-Dade county using the voter

file.
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described in Section 4.1, where the weights are estimated using calibration. We use function

tpate in our forthcoming R package evalid to implement all estimators.

B.1.2 Y -validity

In addition to the measurement of outcomes over time, Broockman and Kalla (2016)’s study

improves Y -validity in a number of ways. First, they measure outcomes in surveys ostensibly

unrelated to the intervention. While not easily quantifiable, this helps increase external validity

of the measure by avoiding survey satisficing among respondents aware of the intervention.

Second, typical of modern field experiments, Broockman and Kalla (2016) measure a variety of

survey questions on attitudes toward transgender people, which jointly approximate real-world

attitudes. We follow the original analysis that combines multiple outcomes into a single index.

In particular, we estimate the impact on this index 3 days, 3 weeks, 6 weeks, and 3 months

after the intervention. These multiple outcome variations can also be used to conduct the

sign-generalization test described in Section 5 under much weaker assumptions. An example

of this approach is discussed in our reanalysis of Bisgaard (2019) and Young (2019).

B.1.3 T -validity

The intervention used in Broockman and Kalla (2016) is a complex, compound treatment.

The authors note “we cannot be certain that perspective-taking is responsible for any effects

or that active processing is responsible for their duration; being primarily concerned with

external validity and seeking to limit suspicion, we did not probe intervening processes or

restrict the scope of the conversations as a laboratory study would” (p. 222). This implies the

target treatment is the whole canvassing interaction, not merely the perspective-taking aspect.

Individuals were randomly assigned to receive a door-to-door canvassing intervention from

either a self-identified transgender or non-transgender individual, who revealed their identity

during the intervention. This provides an opportunity to evaluate one aspect of T -validity.

Having a conversation with a self-identified transgender individual may have a different effect

than a conversation with a non-transgender individual. The authors partnered with an LGBT

organization, where about a quarter of the canvassers self-identified as transgender, a much

larger proportion than the general population, and one that may be infeasible in a larger-scale

intervention. Therefore, researchers may be interested in whether the treatment is robust to
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Figure A1: PATE Estimates for Broockman and Kalla (2016) By Canvasser Identity Note:
The x-axis within panels represents survey waves (3 days, 3 weeks, 6 weeks, 3 months). Panels
present canvasser identity. Estimates are for the SATE, with pre-specified controls (magenta)
and the T-PATE with weighted least squares (blue).

partnerships with organization with a different distribution of canvasser identity in which fewer

individuals identify themselves as transgender.

Figure A1 presents the T-PATE estimates by canvasser identity and time-period. The

SATE (pink) and weighted least squares (blue) estimator, both with pre-specified controls,

have positive effects across canvasser identity and time-period, and the T-PATE estimates are

similar to the SATE estimates. This suggests that the intervention can have similar effects

even after considering three dimensions together, i.e., X-, Y -, and T -validity. It is important

to re-emphasize that no formal analysis can guarantee “full” external validity, and we should

be clear about the targets of external validity. This analysis provides evidence for (1) X-

validity with all adults in Florida under Assumption 1, (2) Y -validity over three months, and

(3) T -validity with respect to the identity of canvassers.

B.1.4 C-validity

As is common in field experiments, the authors conducted their analysis in one geography,

Miami. Therefore, it is difficult to evaluate C-validity in terms of geography. However, the

authors discuss one important aspect of context that could impact the effectiveness of the inter-
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vention, noting that “[a]ttack ads featuring antitransgender stereotypes are another common

feature of political campaigns waged in advance of public votes on nondiscrimination laws”

(p. 223). This contextual variable, the ad environment, might change how the treatment affects

outcomes, which is the C-validity question. To address this concern, they evaluate support

for the Miami-Dade anti-discrimination law during each post-treatment survey wave. During

wave three, to “examine whether support for the law would withstand such [negative attack

ads], we showed subjects one of three such ads from recent political campaigns elsewhere, then

immediately asked about the law again” (p. 223). They note that, while support for the law

decreases in response to the attack ad, individuals subjected to the perspective-taking inter-

vention were still more positive towards the law than those in the control group. The negative

impact of the ad on support for the law diminished by wave 4.

We use a sign-generalization test to evaluate C-validity of the results across the pre- and

post-attack ad measurement in wave 3, as well as the measurement in wave 4.2 The target

context here is one in which negative attack ads are present during the canvassing period.

The pre-ad measurement likely has a larger effect than might be present in a context with a

large negative ad campaign, where as the post-ad measurement, taken directly after viewing

an attack ad, likely represents a stronger impact of a negative ad campaign, giving credence to

the overlap assumption. The measurement in wave 4 is likely somewhere in the middle, given

the time since the individual viewed the attack ad.

We first focus on C-validity together with Y -validity. To do so, we consider an OLS

estimator with pre-specified controls without sampling weights (i.e., we are not considering X-

validity for now). We find that the point estimates of the intervention effect are all positive,

and using the partial conjunction test, we find that all outcomes across three time periods

have a p-value that is significant at the α = 0.05 level.

We then evaluate three dimensions together, C-, Y -, and X-validity. In this analysis, since

the focus is on a law in Miami-Dade county, we address X-validity by weighting to a target

population defined by the full list of registered voters from which the experimental sample was

2The authors note in their original analysis that the term “transgender” had not been defined for the control

group in the first and second waves, mitigating the effect of the intervention. Therefore, we focus on the later

waves where “transgender” is defined for all subjects.
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drawn.3 We incorporated estimated sampling weights to a weighted least squares estimator

we described in Section 4. Using the partial conjunction test, while the point estimates are

all positive and consistent with the theory, no estimate rejects the conventional significance

level at any threshold. Therefore, there is limited evidence that the intervention has the same

positive effects across different ad environments among all Miami-Dade voters.4

B.2 Survey Experiment: Partisan-Motivated Reasoning

In Section 6.2, we discussed a sign-generalization test for Bisgaard (2019) focusing on Y - and

C-validity. We discuss X- and T -validity in this section.

B.2.1 X-validity

The studies, conducted by YouGov, are population-based surveys of the voting-age popula-

tion. Population-based survey experiments are intended to be representative of the target

population, increasing the likelihood of X-validity. The analyses in the original manuscript do

not incorporate survey weights5; however, as noted in footnote 1 of the original manuscript,

YouGov used an “Active Sampling” technique for Studies 1-3, in which respondents are invited

continuously to match “key characteristics of the target population” (p. 828). We conduct un-

weighted analyses here, and our target population is the same as the sample Bisgaard (2019)

focused on.

B.2.2 T -validity

In each study, individuals are randomly assigned to read about a positive or negative change

in GDP, or assigned to a control group in studies 1 and 2. To the degree possible, the only

difference in the prompts is whether the change in GDP is cast in a positive or negative

light. The target treatment is the provision of positive or negative economic information in

everyday life, such as when reading news articles. The treatment is designed to “[keep] in

touch with reality” while also “relatively strong and unambiguous to create a situation in

3Weighting is done using all available voter file characteristics, including sex, race/ethnicity, age, turnout in

2010, 2012, and 2014, and party registration.

4We note that, in the original manuscript, the authors focus on the complier average causal effect, which

was statistically significant at the α = 0.05 level in a one-tailed test for each of the measurement described.

5Weights are not available in the replication file.
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Figure A2: Sign-Generalization Test for Bisgaard (2019). Note: We combine causal estimates
on multiple outcomes across four survey experiments in three contexts. Following Section 5,
we report partial conjunction p-values for all thresholds.

which both stripes of partisans would acknowledge the facts at hand” (p. 828), indicating

that the treatment effect considered within this experiment might be stronger than what we

would observe in the real world. In this experiment, unfortunately, there is only one treatment

implemented, and therefore, there is no purposive variation we can use for sign-generalization.

If we can incorporate several treatments with varying degrees of reality, we can use the proposed

sign-generalization test to evaluate this aspect of the T -validity.

B.2.3 C-validity

We considered the main contextual variations across the United States and Denmark in Sec-

tion 6.2. Here, we consider an additional contextual variation available in the study. This

another source of contextual variation occurs within Denmark, where the ruling party changes

from a center-left to a center-right coalition between Studies 2 and 3. Therefore, if Bisgaard

(2019)’s theory holds, those who support a center-left coalition would attribute responsibility

to the government in the face of positive economic information in Study 2 (as supporters of the

incumbent party), but the same people would attribute little responsibility to the government

in the face of positive economic information in Study 3 (now as supporters of the opposition

party).

Figure A2 presents the analysis from Section 6.2 of the main text, including the additional

contextual variation of the Denmark ruling coalition. As can be seen, results for opposition
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supporters are strongest, including across the coalition variation in Denmark. However, the

results from the Denmark center-right coalition do not support the hypothesis for incumbent

supporters.

B.3 Lab Experiment: The Effect of Emotions on Dissent in Autocracy

Young (2019) finds that fear plays a key roll in shaping individual’s risk assessment of repression

in autocracy, which in turn affects the likelihood of dissent. We now consider how to conduct a

formal external validity analysis of this theory. Like Bisgaard (2019), Young (2019)’s research

question and hypotheses, which focus primarily on the direction of causal effects, fit well with

sign-generalization. In particular, she formulates her main hypotheses as follows. Individuals

in a state of fear will: (H1) express less dissent, (H2) be more pessimistic about the risk

of repression, and (H3) be more pessimistic in their expectations of whether others will also

dissent.6

We use the sign-generalization test to take into account T - and Y -validity together. We

show how to conduct the sign-generalization test by combining variations in treatments and

outcomes. We also discuss X- and C-validity.

B.3.1 T -validity

Young (2019) implemented two versions of the treatment in which participants were either

directed to describe general fears, and directed away from experiences related to politics and

elections (general fear condition), or they were directed to describe fears related to politics and

elections (political fear condition). These two conditions are designed based on considerations

of both preciseness and realism of treatments (see also Section 3.2.2). The general fear condi-

tion is designed to be a “cleaner test of the effect of fear because in this condition participants

are not even reflecting on information about repression that they already have,” and the po-

litical fear condition “more closely approximates the way that fear may be induced in practice

in repressive environments, through memories or stories of brutal violence” (p. 144). These

two treatment conditions are compared against a control condition, in which participants were

asked to describe activities that make them feel relaxed.

6Note that we focus our external validity analysis on the three main hypotheses listed above because no

explicit purposive variation is available for the final fourth hypothesis (see p.142 of the original article).
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Because the two treatments address both preciseness and realism, many interesting target

treatments will satisfy the required overlap assumption (Assumption 5) under the purposive

variations in Young (2019). We formally test whether causal estimates are consistently negative

across variations in these treatment conditions. If we find the sign of causal estimates is stable,

we can expect that a broad range of treatments inducing fear will also negatively affect the

expressions of dissent.

B.3.2 Y -validity

For each of the hypotheses, Young (2019) measures a host of outcomes that are contextually

relevant and span a range of risk levels. For the first hypothesis (H1), she measures six hypo-

thetical acts (wearing an opposition party t-shirt, sharing a funny joke about the president,

going to an opposition rally, refusing to go to a rally for the ruling party, telling a state security

agent that she supports the opposition, and testifying in court against a perpetrator of vio-

lence) as well as one behavioral outcome (selecting a plastic wristband with a pro-democracy

slogan vs. a non-political message). Similarly, for the second hypothesis (H2), measurements

are taken to assess the likelihood individuals would experience six types of repression (threats,

assault, destruction of property, sexual abuse, abduction, and murder) if they attended an op-

position rally or meeting. Finally, for the third hypothesis (H3), she asks about the proportion

of other opposition supporters that would engage in the six hypothetical acts of dissent from

the first hypothesis. For each hypothetical attitude question, the respondents were also asked

to evaluate the item for both the current period, when risks are lower, as well as around the

next election, when risks are likely heightened.

The key is that these various questions were selected to cover a range of risky dissent

behaviors. If the target outcome is a low-risk dissent behavior, it might be reasonable to

assume that the purposive outcome variations in Young (2019) satisfy the required assumption

(Assumption 5). However, some high-risk dissent behaviors are unlikely to overlap with the

purposive variations. We take a conservative approach and we interpret the sign-generalization

test only with respect to low-risk dissent behaviors.
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Hypothesis Variations for T -Validity Variations for Y -Validity

H1 General Fear, Political Fear, Control Hypothetical acts of dissent (12) + Behavioral measure (1)

H2 General Fear, Political Fear, Control Probability of experiencing different forms of repression (12)

H3 General Fear, Political Fear, Control Proportion of other opposition supporters who will

engage in hypothetical acts of dissent (12)

Table A1: Design of Purposive Variations for Young (2019).

B.3.3 Sign-Generalization Test

For each hypothesis, we combine purposive variations for T -validity and Y -validity (see Table

A1 for a summary). We have 2 (treatments)× 13 (outcomes) estimates for (H1), 2×12 for (H2),

and 2×12 for (H3). We recode all outcomes such that each hypothesis predicts negative effects.

We estimate effects using weighted least squares, accounting for the differential probability of

treatment defined in the original analysis, and use HC2 robust standard errors as implemented

in the estimatr package . Then, using the partial conjunction test (Section 5.2.2), we formally

quantify the proportion of negative causal effects for each hypothesis. Given the number of

comparions is large for each hypothesis, the importance of employing the proposed approach

and properly accounting for multiple comparisons is high.

Figure A3 presents the results from the partial conjunction tests for each hypothesis. We

present the partial conjunction p-values for each threshold. Each p-value is colored by their

treatment condition, with the general fear condition (pink) and political fear condition (blue).

The outcomes are represented by symbols, with the behavioral outcome presented as dots,

survey questions assessed for the current period as triangles, and survey questions assessed for

the future election as squares. For the first hypothesis, we find that 26 out of 26 outcomes

(100%) have partial conjunction p-values less than the conventional significance level 0.05.

There is strong evidence for the sign-generalizability of the first hypothesis (H1), that fear will

reduce expressions of political dissent.

The evidence for the second and third hypotheses is more mixed. Young (2019) hypothe-

sizes that people in a state of fear will be more pessimistic about the risk of repression in the

second hypothesis (H2). We find that only 12 out of 24 outcomes (50%) have partial conjunc-

tion p-values less than 0.05, with support from the political fear condition but not from the
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Figure A3: Sign-Generalization Test for Young (2019). Note: We combine causal estimates
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report partial conjunction p-values for all thresholds.

general fear condition, indicating that a weaker treatment might not generalize. Regarding

their belief about whether others will also engage in dissent (the third hypothesis), we find

that the partial conjunction p-values are less than 0.05 for 18/24 (75%) of the outcomes, where

again the political fear condition shows stronger support for the theory than the general fear

condition. Therefore, there exists stronger evidence for the political fear treatment than for

the general fear treatment.

B.3.4 C-validity

Young (2019)’s analysis does not provide a clear opportunity to test for context validity. The

author notes that Zimbabwe has “a long history of repressive violence designed to reduce

the political participation of opposition supporters” but that “when the study was carried

out, active violence against opposition supporters was very low”, which allowed for a context

where individuals are in a repressive regime but did not require “exposing participants to

unjustifiable risks” (p. 143). While the author does take hypothetical measures that prime

different political contexts, asking if they would engage in dissent in the current time period

as well as during the upcoming election, the measurements are not taken in different contexts.

To formally evaluate C-validity, future experiments can include purposive variations in

context. For example, we can run one experiment close to an election and another far away
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from an election. This will induce variations in authoritarian pressure, which we can use to test

the sign generalization in terms of C-validity. A multi-site experiment is a popular strategy to

induce variations in geography and we can assess whether causal effects are generalizable to

other authoritarian regimes. The variations should be carefully chosen to meet the required

overlap assumption for sign-generalization.

B.3.5 X-validity

In the appendix of the original paper, the author compares her sample to two nationally

representative surveys across a number of important measures, including potential moderators.

Overall, she finds her sample is representative across a number of measures, including gender,

education, and many measures of victimization of pro-opposition individuals. She does find

differences among poverty rates, as well as the number of pro-opposition individuals who

reported that a family member had been killed for political reasons since 1980.

To account for some of the measurable differences, she conducts an analysis using an

IPW estimator, using post-stratification weights, to match the Afrobarometer on gender, age,

education, and subjective measures of poverty. The resulting point estimates are very similar to

the original analysis, indicating that concerns of X-validity are not impacting the results, under

the assumption that the variables controlled for with the weights make sample selection and

treatment effect heterogeneity conditionally independent (Assumption 1). She also conducted

a sensitivity analysis on the number of strong opposition supporters in the sample, which

cannot be accounted for in the weighting analysis. It also indicates that the results are robust

to changes on this dimension, providing additional strength to the credibility of the X-validity

argument.
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C Literature Review of American Political Science Review

To evaluate current practice for addressing concerns about external validity, we conducted a

review of the five most recent years of all articles that use randomized experiments and are

published in the American Political Science Review (APSR). Using the advanced search on the

APSR website, we searched for all articles that mention “experiment” in the years 2015-2019

(inclusive). We read each article to determine if the author(s) used a randomized experiment.

This resulted in 35 articles, outlined in Table A2.

We then coded each article for the type of experiment, and found 18 field, 3 lab, and 14

survey experiments. With regards to external validity, we reviewed two dimensions: (1) There

were 4 articles (11%) that conducted some formal analysis in the main text to address external

validity. All of these papers were survey experiments and used survey weights to adjust for

sample representativeness for X-validity. (2) There were 29 articles (83%) that included some

purposive variations in one of four dimensions of external validity.

Table A2: Randomized experiments published in the APSR from 2015-2019.

Authors Year Title

Allison P. Anoll 2018 What Makes a Good Neighbor? Race, Place,

and Norms of Political Participation

Eric Arias and Pablo Balán

and Horacio Larreguy and

John Marshall and Pablo

Querubin

2019 Information Provision, Voter Coordination,

and Electoral Accountability: Evidence from

Mexican Social Networks

Adam Michael Auerbach and

Tariq Thachil

2018 How Clients Select Brokers: Competition and

Choice in India’s Slums

Alexandra Avdeenko and

Michael J. Gilligan

2015 International Interventions to Build Social

Capital: Evidence from a Field Experiment

in Sudan

Andy Baker 2015 Race, Paternalism, and Foreign Aid: Evi-

dence from U.S. Public Opinion
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Robert A. Blair and Sabrina

M. Karim and Benjamin S.

Morse

2019 Establishing the Rule of Law in Weak and

War-torn States: Evidence from a Field Ex-

periment with the Liberian National Police

Christopher Blattman and

Jeannie Annan

2016 Can Employment Reduce Lawlessness and

Rebellion? A Field Experiment with High-

Risk Men in a Fragile State

Pazit ben-nun Bloom and

Gizem Arikan and Marie

Courtemanche

2015 Religious Social Identity, Religious Belief, and

Anti-Immigration Sentiment

Céline Braconnier and Jean-

yves Dormagen and Vincent

Pons

2017 Voter Registration Costs and Disenfranchise-

ment: Experimental Evidence from France

Daniel M. Butler and Hans

J.g. Hassell

2018 On the Limits of Officials’ Ability to Change

Citizens’ Priorities: A Field Experiment in

Local Politics

Taylor N. Carlson 2019 Through the Grapevine: Informational Con-

sequences of Interpersonal Political Commu-

nication

Nicholas Carnes and Noam

Lupu

2016 Do Voters Dislike Working-Class Candidates?

Voter Biases and the Descriptive Underrepre-

sentation of the Working Class

James D. Fearon and Macar-

tan Humphreys and Jeremy

M. Weinstein

2015 How Does Development Assistance Affect

Collective Action Capacity? Results from a

Field Experiment in Post-Conflict Liberia

Jens Grosser and Thomas R.

Palfrey

2019 Candidate Entry and Political Polarization:

An Experimental Study

Guy Grossman and Kristin

Michelitch

2018 Information Dissemination, Competitive

Pressure, and Politician Performance be-

tween Elections: A Field Experiment in

Uganda
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Hahrie Han 2016 The Organizational Roots of Political Ac-

tivism: Field Experiments on Creating a Re-

lational Context

Andrew Healy and Katrina

Kosec and Cecilia Hyunjung

Mo

2017 Economic Development, Mobility, and Politi-

cal Discontent: An Experimental Test of Toc-

queville’s Thesis in Pakistan

Alexander Hertel-fernandez

and Matto Mildenberger and

Leah C. Stokes

2019 Legislative Staff and Representation in

Congress

John B. Holbein 2017 Childhood Skill Development and Adult Po-

litical Participation

Leonie Huddy and Lilliana

Mason and Lene Aaroe

2015 Expressive Partisanship: Campaign Involve-

ment, Political Emotion, and Partisan Iden-

tity

Joshua L. Kalla and David E.

Broockman

2018 The Minimal Persuasive Effects of Campaign

Contact in General Elections: Evidence from

49 Field Experiments

Amy E. Lerman and Meredith

L. Sadin and Samuel Tracht-

man

2017 Policy Uptake as Political Behavior: Evidence

from the Affordable Care Act

Zhao Li 2018 How Internal Constraints Shape Interest

Group Activities: Evidence from Access-

Seeking PACs

Edmund Malesky and Markus

Taussig

2019 Participation, Government Legitimacy,

and Regulatory Compliance in Emerging

Economies: A Firm-Level Field Experiment

in Vietnam

Neil Malhotra and Benôıt

Monin and Michael Tomz

2019 Does Private Regulation Preempt Public Reg-

ulation?
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Kristin Michelitch 2015 Does Electoral Competition Exacerbate In-

terethnic or Interpartisan Economic Discrimi-

nation? Evidence from a Field Experiment in

Market Price Bargaining

Alexandra Scacco and Shana

S. Warren

2018 Can Social Contact Reduce Prejudice and

Discrimination? Evidence from a Field Ex-

periment in Nigeria

Gabor Simonovits and Gabor

Kezdi and Peter Kardos

2018 Seeing the World Through the Other’s Eye:

An Online Intervention Reducing Ethnic Prej-

udice

Dawn Langan Teele and

Joshua Kalla and Frances

Rosenbluth

2018 The Ties That Double Bind: Social Roles and

Women’s Underrepresentation in Politics

Ali A. Valenzuela and Melissa

R. Michelson

2016 Turnout, Status, and Identity: Mobilizing

Latinos to Vote with Group Appeals

Dalston G. Ward 2019 Public Attitudes toward Young Immigrant

Men

Ariel R. White and Noah L.

Nathan and Julie K. Faller

2015 What Do I Need to Vote? Bureaucratic Dis-

cretion and Discrimination by Local Election

Officials

Jonathan Woon 2018 Primaries and Candidate Polarization: Be-

havioral Theory and Experimental Evidence

Lauren E. Young 2019 The Psychology of State Repression: Fear and

Dissent Decisions in Zimbabwe

Adam Zelizer 2019 Is Position-Taking Contagious? Evidence of

Cue-Taking from Two Field Experiments in a

State Legislature
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