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A1l Additional Identification Results

Al1.1 Indirect ITT Effects

The following result characterizes the indirect ITT effect.

Lemma A1l Under Assumptions 1-3,

E[Yig|Zig = 0, Zjqg = 1] = E[Yig| Zig = 0, Zjg = 0] =
E[Yig(1,0) = Yig(0,0){SCig} x {GCjg, NTjy}]

x P[{SCig} x {GClg, NTjg}]

+E[Yig(1,1) = Yig(0,0){SCig} x {SCjg, Cjg}]
x P[{SCig} x {5Cjg, Cjg}]

+E[Yi9(1a 1) - Yig(oa 1)|Scig’ ATJ’Q]
x P[SCiq, ATjg]

+E[Yig(0,1) = Yig(0,0){Cig, GCig, NTig} x {SCjg, Cjg}]
x P[{Cig, GCig, NTig} x {SCjg, Cjg}]

+E[Yig(1,1) = Yig(1,0)[{ATig} x {5Cjg, Cjg}]
x P{ATig} x {SCjg, Cjg}l-

A1.2 Total ITT Effects

The following result characterizes the total ITT effect.

Lemma A2 Under Assumptions 1-3

EYig|Zig = 1, Zjg = 1] = E[Yig|Zig = 0, Zjg = 0] =
E[Yig(1,0) = Yig(0,0)[{SCig, Cig, GC:ig} x {NTjg}]

x P[{SCig, Cig, GCig} x {NTjg}]

+E[Yig(1,1) = Yig(1,0)[{ATig} x {SCjg, Cjg, GCjg}]
x P[{ATig} x {SCjg, Cjg, GCg}]

+E[Yig(0,1) = Yig(0,0){NTig}, {SCig, Cjg, GCjg}]
X P{NTig}, {SCig, Cig, GCjg}]

+E[Yig(1,1) = Yig(0, 1) [{SCiy, Cig, GCig} x {ATjq}]
X P[{SCig, Cig, GCig} x {ATjg}]

FE[Yig(1,1) = Yig(0,0){SCiy, Cig, GCig} x {SCjg, Cjg, GClg}]
x P[{SCig, Cig, GCig} x {SCjg, Cjg, GCjg}].



A1.3 Identification Under Monotonicity

In the absence of spillovers, Imbens and Rubin (1997) show that different combinations of D,
and Z;4 can be exploited to identify average potential outcomes for compliers. The intuition
behind this approach is that a unit with D;, = 1 and Z;; = 0 is necessarily an always-taker,
whereas a unit with D;; = 1 and Z;; = 1 can be an always-taker or a complier, and hence the
combination of these two cases identifies E[Y;y(1)|Cjg] (and an analogous argument implies
identification of E[Y;4(0)|Cjg]). To see why does approach does not work in the presence of
spillovers, notice that a unit with D;y = 1,D;, =1, Z;; = 0, Zj, = 0 is an always-taker with
an always-taker peer. However, a unit with D;y = 1,D;, =1,7Z;4 = 1, Zj4, = 0 could be an
always-taker, a social complier or a complier, and her peer could be an always-taker or a
social complier, and it is not possible to disentangle each unit’s compliance type.

Table Al shows what can be identified under monotonicity without further restrictions
by exploiting the variation in (Dsg, Djg, Zig, Zjq). For instance, the first row in the table

indicates that:
E[Yig|Dig =1,Djg=1,2i5=0,Zj5 = O] = E[Yig(L 1)|ATi9’ATj9]'

The table shows that, without further assumptions, is it not possible to point identify aver-
age potential outcomes for specific compliance types, with the exception of E[Y;4(1, 1)|ATig, ATj]
and E[Yig(0,0)|NTig, NTjg].

On the other hand, Table A2 illustrates why one-sided noncompliance is enough to obtain
identification of causal parameters. Importantly, under one-sided noncompliance, the event
Cig U GCiy U NT;, covers the whole sample space, and therefore, for example, E[Y;4|D;y =
L, Djg =0, Zig = 1, Zjy = 0] = E[Yiy(1,0){Cig} x {Cig, GCig, NTig}] = E[Yi4(1,0)|Cig].

Finally, Table A3 illustrates that this strategy does not work when ruling out always-

takers only.

A1l.4 Multiple Treatment Levels

The identification results in the paper can be extended to the case of multi-level treat-
ments. To adapt the notation to this case, suppose that D;; € D = {0,1,...,K}. The
potential outcome is Yi,(k, k") (which implicitly imposes the exclusion restriction) where

k, k" €{0,1,..., K} indicate different treatment levels. The observed outcome is:

Yig= Y > Yig(k,K)1(Dig = k)L(Djy = k).
keD k'eD
Suppose that the instrument Z;, takes as many values as the treatment, that is, Z;; € Z
where Z = D. For example, Z;, could indicate random assignment into different treatment
levels, and D;, indicates whether unit ¢ actually receives the assigned treatment level. The
potential treatment status is D;q4(k, k') where k, k' € Z. Each unit i can have up to (K +1)?



Table Al: System of equations under monotonicity

Dig ng Zig ng Yig(d> d/) gig gjg

1 1 0 0 Yig(l, 1) AT AT

1 1 0 1 Yig(l, 1) AT,SC AT.,SC,C

1 1 1 0 VYg,(l,1) ATSCC AT,SC

1 1 1 1 Yg,(1,1) ATSCCGC ATSCCGC
0 0 1 1 Y,(0,0) NT NT

0 0 1 0 Y00 GC,NT C,GCNT
0 0 0 1 Y00  CGCNT GC,NT

0 0 0 0 Y,000) SCCGCNT SCCGCNT
I 0 0 0 Y,(1,0 AT SC,C,GC,NT
1 0 0 1 Y;g(l,O) AT,SC GC,NT

1 0 1 0 VYg,1,0 ATSCC C,GCNT
1 0 1 1 Y,(1,00 ATSCC.CC NT

0 1 1 1 Yig(O, 1) NT AT,SC,C,GC
0 1 1 0 Y,01) GC,NT AT,SC

0 1 0 1 Y01 CGCNT AT,SC,C

0 1 0 0 Y,0,1) SCCGCNT AT

Q

Table A2: System of equations under monotonicity and OSN

Dig ng Zig ng Yig (d7 d/) gig éjg
1 1 1 1 Yig(l, 1) C,GC C,GC
0 0 1 1 V4,000 NT NT
0 0 1 0 Y00 GCNT CGCNT
O 0 0 1 Y,00 CGCNT GCNT
O 0 0 0 Y,00 CGCNT CGCNT
1 0 1 0 Y,(1,0) C C,GCNT
1 0 1 1 Yig(l,O) C,GC NT
0 1 1 1 Yig(O, 1) NT C,GC
0 1 0 1 Y,0,1) CGCNT C

Q




Table A3: System of equations under monotonicity and no AT

Dig ng Zig ng ng(d? d/) 529 gjg
1 1 0 1 Y11 SC SC,C
11 1 0 Y11 SC,C SC
1 1 1 1 Y,1,1) SCCGC SC,C,GC
0 0 1 1 Y,(0,0 NT NT
0 0 1 0 Y00 GCNT C,GCNT
0 0 0 1 Y00 CGCNT GCNT
0 0 0 0 Y00 SCCGCNT SCC,GCNT
1 0 0 1 Y,(1,0) SC GCNT
1 0 1 0 Y10 SC,C C,GC,NT
1 0 1 1 Y100 SCCGC NT
0 1 1 1 Y,(0,1) NT SC,C,GC
0 1 I 0 Y,0,1) GCNT SC
0 1 0 1 Yg0,1 CGCNT SC,C

different potential treatment statuses given by own and peer’s treatment assignment.

I will assume that non-compliance is one-sided, and that units cannot switch between
non-control treatment statuses. For example, in Foos and de Rooij (2017), the treatment
assignment consists of three treatment levels: control, low-intensity treatment and high-
intensity treatment. In this setting, units may refuse the treatment they are assigned, but
units assigned to the low-intensity treatment cannot receive the high-intensity treatment and

vice versa.

Proposition A1 Suppose that, in addition to Assumption 2, D = Z2 ={0,1,2,...,K}, and:
(a) Dig(0,k") =0 for all k' € Z,
(b) Dig(k, k') € {0,k} for all k, k' € Z.

Then, for any k, k' € {0,1,..., K} such that E[1(D;4(k,0) = k)] > 0 and E[1(D;4(0,k") =
K] >0,

E[1(Dig = k)| Zig = k, Zjq = 0] = E[1(Dig(k,0) = k)]

ElYig|Zig = k,Zjy = 0] — E[Yj4|Zig = 0, Zj4 = 0]
E[E(Dig = k)‘Zig =k, Zjq = 0]

EYig|Zig = 0, Zjq = k'] — E[Yig|Zig = 0, Zjg = O]
E[]l(ng = k/)‘Zig =0,Zjy = k']

= E[Yy(k,0) — Yiy(0.0)| Dig (k,0) = K]

= E[Y;g(0, k") — Yig(0,0)|Dj4(K', 0) = K]

Condition (a) in Proposition A1 implies that units who are assigned to the control condi-
tion remain untreated, and Condition (b) states that a unit who is offered treatment level k
can either receive that treatment level or remain untreated. This result shows how to identify

the proportion of units who comply with treatment level k, E[1(D;4(k,0) = k)|, the average



direct effect on units who comply with treatment level k, E[Y;,(k,0) —Yi4(0,0)|D;q(k,0) = k],

and the average spillover effect on units whose peer complies with treatment level &’

A2 Further Details on Estimation and Inference

All the parameters of interest in Section 4 can be recovered by estimating expectations using

sample means. More precisely, let

1(Ziyg = 0,Z;, = 0)
17— |1y = 1,255 =0)
YU Ziy=0,Zj,=1)
1(Zig=1,Zjy=1)

and let H(-) be a vector-valued function whose exact shape depends on the parameters to be

estimated, as illustrated below. Then the goal is to estimate:

z
1z

n=E
H(Y;g’ Dig, ng) ® szg

where the first four elements correspond to the assignment probabilities P[Z;, = z, Z;4 = 7]
and the remaining elements corresponds to estimands of the form E[Y;,1(D;q = d, Dj, =

d)1(Zig = z,Z;jq = 7')]. The most general choice of H in this setup is the following:
[ 1(Djy=0,Djg=0) ]

]l(Dig = 1,ng = 1)

H(Yig, Dig, Dj
Wio» Dia: Dia) = Yigl(Dig = 0, Djg = 0)

_Y;QJL(DW = 17Dj9 = 1)_

which is a vector of dimension equal to eight that can be used to estimate all the first-stage
estimands E[1(D;y = d,Djq = d')|Zig = 2,Zjy = 2'| and average outcomes E[Y; 1(D;q =
d,Dj, = d')|Zig = 2,Zjq = 2']. In this general case, the total number of equations to be
estimated is 36: four probabilities P[Z;; = z,Zj, = 2] plus the four indicators 1(Z;; =
z,Zjq = 2') times each of the eight elements in H(-). The dimension of H(-) can be reduced,

for example, by focusing on ITT parameters E[Y;4|Z;y = 2, Z;4 = 2], which corresponds to:

H(Yig, Dig, Djg) = Yig,



or by imposing the assumptions described in previous sections. For instance, under one-sided

noncompliance, the parameters in Corollaries 1 and 2 can be estimated by defining:

IL(Zig =0, ng = O)
Ilfg = IL(Zig =1,Z;4= 0)
l(Zig =0,Zj4 = 1)

and
D;q
Yig
H(Y;,, Dy, D) =
(Yig, Dig, Djg) Yi,(1 - Dyy)

Yi (1 - ng)

Regardless of the choice of 1% and H(-), the dimension of the vector of parameters to be

estimated is fixed (and at most 36). Consider the following sample mean estimator:

where
(1%, +13,)/2
(H(Y1g, D1g, D2g) ® 1%, + H(Y2g, D2g, D1g) ® 15) /2 .
It is straightforward to see that under assumption 5, fi is consistent for g and converges

in distribution to a normal random variable after centering and rescaling as G — oo:
VG(i - p) 3 N(0,3)

where X = E[(W, — p)(W, — p)'], and where the limiting variance can be consistently
estimated by:

$= 23 W, - )W, - )
g

Finally, once fi has been estimated, the treatment effects of interest can be estimated as (pos-

sibly nonlinear) transformations of fi, and their variance estimated using the delta method.

A3 Further Details on AR confidence intervals

In this section I outline the procedure to construct weak-instrument-robust confidence inter-
vals for the direct effect on compliers (the procedure for the spillover effect is analogous).
Given some hypothesized value 37 for this effect, consider the following regression on the

subsample of units with untreated peers:

}/ig - BT ig = 0o + 01Zig + €ig-



Since Zjy is binary, 6) = 41— f D1g where D1g = " ; DigZig(1—Z;4)/ 3 ,.; Zig(1— Zj4g) is the
first-stage estimate and 41 is the reduced-form estimate >_  ; YigZig(1 — Zjg)/ >_, ; Zig(1 —
Zjg) — g Yig(1 — Zig)(1 — Zjg)/ >_,:(1 — Zig)(1 — Zj4). By previous results, as G —
00, 01 —p (E[Y;4(1,0) — Y;4(0,0)|Cig] — B7) P[Cyg] and thus under the null hypothesis that
E[Yig(1,0) — Yig(0,0)|Cyg] = 57, 61 = 0 and:

Ui >
V(él) —D X1

where x? is the chi-squared distribution and V(él) is the variance of 6;. Noting that both
0 and its variance depend on Bf, an AR confidence interval for E[Y;,(1,0) — Y;4(0,0)|C;,] is
given by:

{B1: 07 <V(B)xii-a)-

Finally, since 6; = 4, — 8 D1g, V(61) = V(31) + (83)2V (D1o) — 2681 Cov(41, D1g). Therefore,

the AR confidence interval can be obtained by solving the inequality:
(81)% [DYo — xT.1_aV (D10)] + 2BF [X3 1-aCov(31, D10) — 51D10] + 47 — X3 1oV (51) <0

which depends only on the vector of estimated coefficients, their variance matrix and a
quantile from the X% distribution. In particular, notice that this quadratic function is strictly
convex whenever D3,/V (Dyg) > Xil_a, which holds when the null hypothesis the first-stage
coefficient is zero is rejected at the « level. In this case, the AR confidence interval is bounded

and convex.

A4 Additional Empirical Results

The experiment conducted by Foos and de Rooij (2017) included two different treatment
levels. More precisely, the sample of 5,190 two-voter households with landline numbers were
stratified into three blocks based on their last recorded party preference (Labor party sup-
porter, rival party supported, unattached) and randomly assigned to one of three treatment

arms:

e High-intensity treatment: the telephone message had a strong partisan tone, explicitly
mentioning the Labour party and policies, taking an antagonistic stance toward the

main rival party.

e Low-intensity treatment: the telephone message avoided statements about party com-

petition and did not mention the candidate’s affiliation nor the rival party.
e Control: did not receive any form of contact from the campaign.

Finally, within the households assigned to the low- or high-intensity treatment arms, only

one household member was randomly selected to receive the telephone message.



Table A4: Estimation Results with Multiple Treatments

Low-intensity treatment High-intensity treatment

ITT
Zig 0.0300 0.0310
(0.0145) (0.0146)
[0.0016 , 0.0584] [0.0023 , 0.0597]
Zjg 0.0485 0.0433
(0.0148) (0.0149)
[0.0195 , 0.0775] [0.0142 , 0.0724]
2SLS
D, 0.0662 0.0688
(0.0318) (0.0323)
[0.0039 , 0.1285] [0.0055 , 0.1322]
Dij, 0.1070 0.0962
(0.0324) (0.0328)
[0.0435 , 0.1706] [0.0318 , 0.1606]
N 7,750 7,696
Clusters 3,875 3,848

Notes: estimated results from reduced-form regressions (“ITT”) and 2SLS regressions (“2SLS”) separately for
each treatment arm against the control households. The first column shows the ITT and 2SLS results for the low-
intensity treatment arm. The second column shows the ITT and 2SLS results for the high-intensity treatment arm.
Standard errors in parentheses. 95%-confidence intervals are based on the large-sample normal approximation.
Estimation accounts for clustering at the household level.

In this section, 1 apply the results from Proposition Al to analyze the effect of each
treatment arm by separately comparing households exposed to each treatment intensity to
the control households. The empirical results are shown in Table A4. The estimates suggest

that both treatment arms had very similar effects.

A5 Proofs of Main Results

A5.1 Proof of Proposition 1

By Assumption 2, E[Dy|Ziy = 2,Zj; = 2'] = E[Dj4(z,7")]. Thus, under monotonicity

E[ng|Zzg 07 Zlg = O] = ]E[Dlg(ov O)] = P[Aﬂg]

E[Diy|Zig = 0, Ziy = 1] = E[D;,(0,1)] = P[AT;,] + P[SC;,]

E[Di9|Zig L, Zig = 0] = E[Dig(lv 0)] = ]P)[ATig] + ]P[Sclg] + [ng]

E[Dig|Zig =1, Zzg = 1] = E[Dig(la 1)] = ]P)[ATig] + IF’[SC,Q] + P[Cz‘g] + P[Gcig]



Table Ab5: System of equations

S
<
AS
N
Q

Probabilities

baA
PAA +Pas +Pac + Psa + Pss + Psc
PAA +Pas +Pac + Psa + Pss + Psc
1 —2pn + pyn
PNN
PGc + PGG + PGN + PNC + PNG + PNN
PGc + PGG + PGN + PNC + PNG + PNN
1 —2pa+paa
PAs + Pac + Pac + PAN
PNA + DNs + PNnc + PNG
PAG + PAN + Psc + Psn
PAC + PAG + PAN + Psc + Psc + PsN + Pcc + Pca + Pon
DAs + pac + pac + pan
PNA +PNS + PNC + PNG
PaG + Pan + psc + Psn
Pac + PAG + PAN + Psc + Psa + psn + pcc + Pea + PonN

NS}

cooolRR R ROOCOOR R R~
il ol N v R en B en R en) Nevhev Bl an RN an) il
O R R Ok, OFROO0OOFFFF=OO
HOP—‘OO)—‘HOOHO»—‘»—*OI—‘OQN

and by solving the system it follows that:

and by monotonicity P[NT;,| = 1 — P[AT;y] — P[SC;4] — P[Cs4] — P[GCj4]. Finally,

E[Dingg|Zig =0,2 = 0] = E[Dig(ov O)ng(07 0)] = MATigv ATjg]
E[(1 = Dig)(1 = Djg)|Zig = 1, Zig = 1] = E[(1 — Dig(1,1))(1 — Dj4(1,1))] = P[NTig, NTjg].

See Tables A5 and A6 for the whole system of equations. [J
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Table A6: System of equations - simplified

Diy Dj, Zig Zjg Probabilities Independent?
1 1 0 0 PAaA 1
1 I 0 1 patps— (pac+pan+psc+psn) 2
1 I 1 0 patps— (pac+pan +psc+psn) -
11 11 1— 2y + pyy 3
0 0 1 1 PNN 4
0 0 1 0 pg+pnv—(pag+pan +psc+Dsn) 5
0 0 0 1 pg+pnv—(pag+pav+psa + psn) -
0 0 0 0 1 — 24 + pan 6
1 0O 0 0 PA — PAA -
1 0 1 1 PN — PNN -
1 o 0 1 pac + pan + psc + psn 7
1 0 I 0 pc + (Pac + pan + psa + Psn) -
0 1 0 0 PA — PaA -
0 1 1 1 PN — PNN -
0 1 r 0 pac + pan + Psg + Psn -
0 1 0 1 pc + (pac + pan + psc + Psn) -

A5.2 Proof of Lemma 1

Using that:

]
+ E[(Yig(1,0) — Yig(0,0)) Dig(z, 2)(1 - ng(zl’ z))]
+ E[(Yig(0,1) — Y;4(0,0))(1 — Djy(z,2"))Djg(2, 2)]
+ E[(Yig(1,1) — Yig(0,0)) Dig(z, z’)DJg(z’, z)],

we have:

E[Yiﬂzig =1,7j4 = 0] — E[Y%gwig =0,Zj = 0] =
+ E[(Yig(1,0) = Yig(0,0))(Dig(1,0)(1 = Djg(0,1)) = Dig(0,0)(1 = Djg(0,0)))]
+ E[(Yig(0,1) = Yig(0,0))((1 — Dig(1,0))D;g(0,1) = (1 — Dig(0,0)) D;g(0,0))]
+ E[(Yig(1,1) = Yig(0,0))(Dig(1,0)Djg(0,1) — Dig(0,0)Djy(0,0))].

Tables A7, A8 and A9 list the possible values that the terms that depend on the potential

treatment statuses can take, which gives the desired result after some algebra. [J

11



Table AT: Dyy(1,0)(1 — D;4(0,1)) — D;iy(0,0)(1 — Dy, (0,0))

5j9

Dig(1,0) Djg(0,1) Di(0,0) Djy(0,0) | Difference | &

SC

AT

C,SC C,GCNT

1

Table A8: (1 — Dyy(1,0))D;,(0,1) — (1 — Dy, (0,0))D;,(0,0)

fjg

fi g

Dig(1,0) Djy(0,1) D;(0,0) Dyy(0,0) | Difference |

C,SC AT

GC,NT SC

-1

1

Table A9: D;,(1,0))D;,(0,1) — Diy(0,0)D;4(0,0)

gjg

SC

AT

C,SC AT

C,sC SC

1
1
1

Diy(1,0) Djy(0,1) D;(0,0) Dyy(0,0) | Difference | &,

12



A5.3 Proof of Proposition 2

The result follows using that

]
+ E[(Yig(1,0) — Yig(0,0)) Dig(2, 2)(1 - ng(zl7 z))]
+ E[(Yig(0,1) = ¥i4(0,0))(1 — Dig(2,2')) Djg(#', 2)]
+ E[(Yig(1,1) — Yig(0,0)) Dig(2, Z/)ng(zl7 z)],

combined with the facts that under one-sided noncompliance, D;4(0,1) = D;4(0,0) = 0,

for all i, D;g(1,0) = 1 implies that i is a complier and D;4(1,1) = 0 implies ¢ is a never-

taker (see Table A2). In particular, E[Y;yDi4|Ziy = 1,Z;4 = 0] = E[Y;4(1,0)D;4(1,0)] =
E[Kg(l,O)]Dig(l,O) = I]P[Dig(lao) = 1] andE[Y;ngg’Zig =0,Zj4 = 1] = E[Y;Q(Q 1)‘Dj9(170) =
1]P[Dj4(1,0) = 1]. On the other hand, E[Yj4|Z;y = 0, Z;4 = 0] = E[Yi4(0,0)] = E[Yig(0, 0)|Cig]P[Cig]+
E[Yig (0, O)ICng]P[Cng] and E[Yig(1-Dig)| Zig = 1, Zjg = 0] = E[Yig(0,0)[Dig(1,0) = O]P[Dig(1,0) =

0] = E[Y;4(0,0)|CF,]P[CF,]. The remaining parts follow analogously. [J

A5.4 Proof of Corollary 1

Combine lines 2 and 5 from the display in Proposition 2 and the results in Proposition 1,

noting that under one-sided noncompliance E[D;4|Z;; = 0, Z;q = 1] = 0. O

A5.5 Proof of Corollary 2

We have that E[Y;4(0,0)] = E[Y;4(0, 0)|C;g]P[Cig] + E[Yig(0, 0)|CF JP[CF, ] and thus

E[Yig(0,0)] — E[Yig(0, 0)|Cig]P[Cig]

E[Y;(0,0)|Cf)] = 1 —P[C;]

from which

E[Yig(0,0)|Cig] — E[Yig(0,0)]

E[Yiy(0,0)|Cig] — E[Yig(0,0)|CF,] = 1 - P[Cy,]

Using Proposition 2, we obtain

E[Yig(0,0)|Cig] — E[Yig(0,0)|Cfy] =

E[Y;g(l - Dig)‘Zig =1, ng - 0] 1
1— E[Dig\Zig =1, ng = 0] E[Dig|Zig =1, Zig = O]'

{E[Yig‘zig =0, ng - 0] -

Similarly,

E[Yig((), 0)|ng] - E[YQQ(O, 0)] .

E[Yig((xo)‘cjg] - E[KQ(O’O)‘CJQSJ] - 1-— P[Cj ]

13



and thus

E[Yig(OaONng} - E[E’g(O,O)ICL] =
E[Yz (1 - ng)|Zig =0, ng - 1] 1
E

.0
1- E[Dig|Zig =0,Zj5 = 1] ng|Zig =0,Ziy = 1]

{Emg%g —0,Z;, = 0] -

A5.6 Proof of Proposition 3

Under one-sided noncompliance, for any Borel set ),

P[Yiy € ¥, Dig = 01 Zig = 1, Zj = 0] = P[Yjg(0,0) € ¥, Dig(1,0) = 0|Zig = 1, Zj = 0]
IP’[Y;g(0,0) € y,Dig(l,O) =0]
P[Yiy(0,0) € ¥,C5]

and

PlYiy € V|Zig = 0, Zjy = 0] = P[Y;4(0,0) € Y|Ziy = 0, Zjy = 0]
P[Yig(0,0) € V]
P[Yig(0,0) € ¥, Ci] + P[Yig(0,0) € ¥, Cig]

from which
PYig(0,0) € ¥, Cig] = PYiy € V|Zig = 0, Zjg = 0] = P[Yig € Y, Dig = 0|Zig = 1, Zjy = 0].
Since P[Yj4(0,0) € ), Ciy] > 0, a testable implication of this model is:
PYiy € Y|Zig =0,Z;5 = 0] —P[Y;g € Y, Dijg =0|Z;g = 1, Zj, = 0] > 0.
By the same reasoning,
P[Yig(0,0) € ¥, Cjg] = P[Yig € V| Zig = 0, Zjy = 0] = P[Yig € ¥V, Djg = 0| Zig = 0, Zjy = 1]
and the testable implication is;
PlYig € Y|Zig = 0,Zjg = 0] = P[Yig € ¥, Djy = 0| Zig = 0, Zjy = 1] > 0
as required. [

A5.7 Proof of Theorem 1

First, consider the 2SLS regression of Y;, on 1 — D;, and D;, (without an intercept) using

Zig and 1 — Z;4 as instruments, on the subsample of units with Z;, = 0. The 2SLS estimator

14



is given by:

R 1— 27
&= (ZD)'ZY = | ) g

g5t

[1 - Dig Dig] (1 - ng) Z

ig

The cluster-robust variance estimator is:
1 -1 1 =,=\ "
~ ~ A Al ~ /
Vcr(a) @ <2GZ D> Eg Zgugugzg <2G!D Z)

where fLig = (}/zg — do(l — ng) — 6&1D29)(1 — ng) and fl/g = [leg ﬂgg]. Next,

Z/ ﬁ ﬁ/z (1 - Zlg)(l - ZQQ)(a%g + ﬁ%g + 21219&29) 0 ]
gUgZg = R N
9o 0 Z1g(1 = Zag)i3, + Zog(1 — Zrg)ii3,

Then, .
‘/cr,ll(d) 4G2]52 Z(l Zlg)(l ZJQ)(uzg + ulgujg)
00
and
Ver () = S 21— Zyi, + S DO g 7@ 4 i)
w®) = e, 2 Zal) ~ ) g, 20~ A~ )y i)

Now, for any invertible transformation A, consider the transformed variables ZA and DA.
Let: 6(A) = ((ZA)(DA))"'(ZA)'Y. The 2SLS estimator using this transformed variables

is:

and

Now, setting:

gives the 25LS estimator from the regression of Y;, on D;,, and a constant using Z;, as an

instrument, conditional on Z;; = 0, which is the parameterization considered in the paper.
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It follows that the conditional Wald estimator of the direct effect on compliers is:
Vi~ Yoo
= =2
Do

and

Ver(01) = Ver11(&) + Ver 22(&).
The case for the spillover effect estimator based on the regression of Y;, on Dj, using Zj,
as an instrument on the subsample of units with Z;; = 0 follows analogously.
Next, consider the 2SLS regression of Y, on (1—D;g)(1—Djg), Dig(1—Djg), (1—D;g)Djg4
and D;gDjq using (1 — Zig)(1 — Zjg), Zig(1 — Zjg), (1 — Zig) Zjq and Z;qZj, as instruments.
The 2SLS estimator is:

. 1 -1
0:<Z’D) —7'Y.

2G 2G
Now,
(1= Zig)(1 = Zjy)
1 1 Zio(1 — Z,)
5aZD =55 Z Z ot (1 - Dig)(l - ng) Dig(l - ng) (1 - Dig)ng Dingg}
2G 2G gy (1= Zig)Zjq
Zingg
Poo 0 0 0
(1= D1o)pro Diopio 0 0
(1 — D1o)pro 0 Dropro 0
DYp1q Di%py1 DYp1n Diipn
where

. 1
Pz = 2% Z IL(Zlg = Z)]]-(ng = Z/)
gy

5 22 Digl(Zig = 2)1(Zj = 2)
o > i W Zig = 2)1(Zjg = 2')
~dd Zg,i 1(Dig = d)1(Djg = d')1(Zig = 2)1(Zjg = 2')

D>, =

The inverse can be found by direct calculation as the matrix Q such that %Z’ DxQ=L

This gives:
1
oo, 0 0 0
1 (1=D1o) _ 1 0 0
Q: LZ/D _ Diopoo Diopio

2G (L=Dio) 0 - 0

_ Diopoo _ - Digpio
0l (paj - D bk B

| Poo D} D1o poo DI D1oDiip1o D1oDi{p1o  Diipi1 ]
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On the other hand,

YooPoo
LZ’ _ Yi0P10
2G Yo1P10
Yi1p11
where ,
5 Zgiyig]l(zig =2)1(Zjg = 7)
= Zgz]]'( g_z)]l(ng:Z/)
Thus:
Yoo
Yig—Ye
é _ 10D10 00 + YOO

Yo1—Yoo +YQQ

Dy
Yi1—Yoo _ DY (OY10+K01—2Y00) Y,
L D11 Dl% D1o + Yoo

Now, for any invertible transformation A, consider the transformed variables ZA and DA.
Let: B(A) = ((ZA) (DA))"*(ZA)'Y. The 2SLS estimator using this transformed variables
is:
B(A) = ((ZA)(DA)) ' (ZA)Y

= (A'’ZDA)'A'Z'Y

= A YZD) Y A)TA'Z'Y

= A YZD)'Z'Y

=A"'4.

and

Now, setting:

1000
11

A 0 0
1 010
1111

gives the 25LS estimator from the regression of Y;, on D;gy, Dj4, DigDj, and a constant using

Zig, Zjq, ZigZjq as instruments, which is the parameterization considered in the paper. It
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follows that the 2SLS estimator, B, is:

[ Bo 1 0 0 0
~ | A -1 1 0 0|4
/3 = ~ =
B2 -1 0 1 0
B3 1 -1 -1 1
Yoo
Y19—Yoo
_ _Dig
- Yo1—Y00
5 5 11 51010 o o
Yi,-Y5 _ (PutDy; Yio—Yoo | Yo1—Yoo
b1l b1l b b

which implies that the treatment effect estimators Bl and Bg are identical to the conditional
Wald ratio estimators.

The cluster-robust variance estimator for 0 is:

a1 (1 - 1 -
Ver(0) = 12 (QGZ’D> 7y€4€ 2 <2GD’Z>
9

where &, = Yy — D;gé. We have that:

(1= 2Z1)(1 - ZZQ)(é%g + €19829) (1= Zag)(1 - Zlg)(é%g + €19829)
1 &l — Zlg(l - ZQQ)é%g + Z2g(1 - Zlg)élgé% ZQg(l - Zlg)é%g + Zlg(1 - Z2g)é19529
SN (U= 21g) Z2g3, + (1 — Zog) Zrglrgéng (1 — Zag) Z1g3, + (1 — Z1g) Zoglrgéag

ZngQg(é%g + Z—flgégg) Zng2g(é%g + é1gé2g)

and

~

o ! 2 al
Q= E 2,€€ 2Zg
g

w11 0 0 0

0 w22 W23 0

0 wo3z w3z O
0 0 0 Waq4
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where
w11 = Z(l — Zig)(1 - ng)(é?g + €igéjg)
gy
w22 = Z Zig(1
g,t

w23 = Z Zig(1 = Zjg)€ige g

gt
~2
w33 = E (1 - Zig)ZJgszg
g,%
) A A
wis =Y ZigZjg(€5y + Ligéig)-
gt

Let
gu 0 O

Q- <1ZD>_1: @1 g2 O
2G @21 0 g2 O

q41 Q942 443 Q44

where the exact values of the matrix were given above. The cluster-robust variance estimator

for @ can be rewritten as:

~ A 1 A~ a
Ver(6) = Q0
Then,
Vcr 11 2A2 Z ng)(é?g +éigéj9)
e Pio ‘57
. “ (1 — D10)2 2 ~ A
V (7] Z; 0 )ES e 1-7Z;)(1 - Z; - i0Eig).
cr 22( ) 4G2D10]§%0 ; zg zg + 4G2D%0]§30 ;( ZQ)( ]9)(515; + 5195]!])
But notice that, if the residuals are the same, we have that ‘A/cryn(é) = Vcr’ll(&) and

Vcr’gg(é) = ‘A/;r,gg (&) which in turns implies that the cluster-robust variance estimators for Bl
and 81 are equal.

To see that the residuals are indeed equal, note that:

(1= Zjg)ig, = (1 - Zjg)

= (1= Zjg)(Yig — é0<1 - ) = 61Dig)
= (1 - ng)é?g
which implies that & = Bo, Ver(d9) = Ver(Bo), 61 = B1 and Ver(61) = Vir(B1). The results for

b5 and S35 follow by the same argument. [J
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A5.8 Proof of Lemma 2

This result is well-known and follows from standard 2SLS properties and using Theorem 1

as G — oo. To find the exact formula for 83, note that

E[Yig|Zig = 2, Zjg = 2l =Bo+ BiE[Dig|Zig = 2, Zjg = 2']
+ BoE[Djg|Zig = 2, Zjg = 2]
+ B3E[DigDjg| Zig = 2, Zjg = 7]

Under one-sided noncompliance, E[D;4|Z;q = 0,Zjy = 2’| = E[Djq4|Zig = 2, Zj3 = 0] = 0
and thus:

E[Yig’Zig =0, ng = O] = fo
ElYig|Zig = 1, Zjq = 0] = Bo + A1E[Dig| Zig = 1, Zjg = 0]
E[Yig’Zig =0, ng = 1] = Bo + /62E[Dig|zig =0, ng = 1]

from which:

Bo = E[Yig|Zig = 0, Zj, = 0] = E[Y;,(0,0)]

E[Yig|Zig =1, Zjs = 0] — E[Yig|Ziy = 0, Z;4 = 0]
’ E[Diy[Z = 1.2,y — O [¥ig(1,0) = Y3y 0, 0)[Cig

EYiy|Zig = 0,Z;y = 1] — E[Yiy| Ziy = 0, Z;y = 0]

= = }/Z , 1) — }/Z , .
P E[Djg|Zig = 0,Z;q = 1] [Yig(0,1) 4(0,0)|Cjg]
By = E[Yig|Zig = 1, Zjq = 1] — Bo — B1E[Dsg(1,1)] — B2E[D;y(1,1)]
E[Dj9(1> 1)Dj9(17 1)}

as long as E[D;,(1,1)D;4(1,1)] > 0 (otherwise, 3 is not identified). Finally, note that

+ E[Yig(1,0) — Yig(0,0)[Dig(1,1) = 1]E[Dj(1,1)]
+ E[Yig(0,1) — Yig(0,0)|Djg(1,1) = 1E[Djy(1,1)]
FE[Yy(L 1) — ig(L,0) — Yig(0.1) 4 Yig(0.0)| Dig(1,1) = 1, Dy (1, 1) = 1]

and use the fact that D;,(1,1) =1 if i is a complier or a group complier to get that:

P[Gcig]
E[Dig(L 1)ng(171)]
P[Gng]
E[Dig<1a 1)ng(17 1)}

+ E[Yig(lv 1) — Yig(l,O) - (Y;g(O, 1) - Y;g(oao))‘Dig(l: 1) = 17ng(1, 1) = 1]-

B3 = (E[Yig(lao) - Yz‘g(OaOHGCig] - E[Yig(lvo) - Eg(OvoﬂcigD

+ (E[Yig(0,1) = ¥ig(0,0)[GCg] = E[Yig(0,1) = Yig(0,0)|Cjg])
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which gives the desired result. [J
A5.9 Proof of Proposition 4
First,

E[Dig\Zz-g =1, ng = O,Xg] = E[Dig(l,O)]Z,-g = 1,ng = O,Xg]
= E[Dig(lv 0)|Xg] = P[Cig|Xg]

and

E[Dig’Zig = 17ng = LXg] = E[Dig(L 1)‘Zig =1, ng = 17Xg]
= E[Dig(l’ 1)|Xg] = P[Cig|Xg] + P[GCi9|Xg]-

For the second part, we have that for the first term,

(1- Zig)(l — ng) _ (1- Zig)(l _ ng)
S s el R L ey

o))

=Ex, {E[g(Yig, Xg)| Zig = 0, Zjy = 0, X,]}
= Ex, {E[9(Yig(0,0), Xy)| Zig = 0, Zjy = 0, Xy}
= Ex, {E[g(Yig(0,0), Xg)| Xg]}

Elg(Yig(0,0), Xg)].

For the second term,

= IEXg {E g(Ylgng) Zg‘ Zig=1,Zj5 = 0>Xg]}
= EXg {E Q(ng(lvo) Xg)ng(LO)‘ Zig=1,Zj4=0,X 1}
= Ex, {E[g(Yig(1,0), Xg)Dig(1,0)| Xy]}
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For the third term,

E |g(Yig, Xg )ngm} =Ex, {IE [g(Y- Xg)ngm Xg]}

:E—Xg {E Q(YEgv g) 19’219 =0,Zj=1X ]}

For the fourth term,

Zig(l - ng)
p10(Xy)

Zig(l - ng)

E |9(Yig, Xg)(1 — D) p10(Xy)

] _Ex, {E {gmg, X,)(1— Diy)

o)y

=Ex, {E[9(Yig, Xg)(1 — Dig)| Zig = 1, Zj4 = 0, X4}

= Ex, {E[g(Yig(0,0), Xg)(1 — Dig(1,0))[ Zig = 1, Zjg = 0, Xg]}
= EXg {E [Q(ng(oa 0)’Xg)(1 - Dig(la 0))| Xg]}

= E[g(Yig(0,0), Xg)(1 = Dig(1,0))]

= E[g(Yig(0,0), Xg)|Ciy JP[CF]

and the result follows from E[g(Y;4(0,0), Xg)] = E[g(Yig(0,0), Xg)[Cig]P[Cig]+E[g(Yig(0,0), X¢)|C, IP[C, |-
Similarly for the fifth term,
6}

(1 - Zz‘g)ng

E |g(Yig X,)(1 ng>(1‘Z’g)Z”]:EXQ{E[Q%Xg)(l—Dw) Por(Xy)

Po1(Xy)

= Ex, {E[9(Yig, Xg)(1 = Djg)| Zig = 0, Zjy = 1, X,l}
—EXg {E[g( zg(O, 0), g)( ng(l’omzig =0,Zj4 = 1an]}
*EXQ {E[g( zg(oa 0), g)( ng(170))|Xg]}

E[g(Yig(0,0), Xg)(1 = Djy(1,0))]

E[g(Yig(0,0), Xg)[CFo[PICF]

and it can be seen that all these equalities also hold conditional on X,. [

A5.10 Proof of Proposition 5

By independence, E[D;y|Z;y = 2, Wiy = w] = E[D;4(2,w)]. Then, under monotonicity,
E[D;g|Zig = 0,W;y = 0] = E[D;4(0,0)] = P[D;4(0,0) = 1] = P[AT;4]. Next, E[D;g|Z;y =
0, Wig = w*|=E[Djg|Zig = 0, Wiy = w*—1] = E[D;(0,w*)|—E[D;4(0, w*—1)] = P[D;y(0, w*) >
D;g(0,w* — 1)] = P[SCjy(w*)]. Similarly, E[D;4|Zig = 1, Wiy = 0] — E[D;g|Ziy = 0, Wiy =
ngl = P[Dig(1,0) > Dig(0, ng)] = P[Cig] and E[Dig| Ziy = 1, Wiy = w*]=E[Dig| Zig = 1, Wiy =
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w* — 1] = P[ng(l,w*) > Dig(l,w* - 1)] == IP’[GC’Zg(w*)] Finally, E[l - Dig|Zig == 1’Wig ==
ngl = P[Djy(1,ny4) = 0] = P[NT;,]. O

A5.11 Proof of Proposition 6

Under the assumptions in the proposition,

E[Yig|Dig = d, Sig = 8, Zig = 2,Wig = w] = Y _E[Yig| Dig = d, Sig = s, Zig = 2, Wig = w, Zy)y = 2]

Zg
x P[Z)g = 24| Dig = d. Sig = 8, Zig = 2, Wig = u]
- ZE[Yig(d, 8)|Dig(z,w) = d, Sig(2,2¢) = 5, Zig = 2, L(3)g = 2g)
Zg
x P[Z)g = 24| Dig = d. Sig = 8, Zig = 2, Wig = u]
- ZE[Y;Q(CL 8)‘Dig(za w) = d, Sig(Z, Zg) = 3]
Zg
X PZ), = 2g| Dig = d, Sig = 8, Zig = 2, Wiy = w]
= E[Y;g<da 8)|Dig(z, 'LU) = d]

where the second equality uses the fact that S;; depends on the whole vector of instruments,
the third equality follows by independence and the fourth equality uses independence of
peers’ types.

Now, note that for any s, E[Y;¢|Dig = 1, Sig = s, Zig = 0, Wiy = 0] = E[Yi4(1, 5)|D;ig(0,0) =
1] = E[Yi4(1, s)|ATig] which shows that E[Y,(1, s)|ATjy] is identified. Then,

E[Yig| Dig = 1, Sig = 8, Zig = 0, Wiy = 1] = E[Yi4(1, 5)| Dy (0, 1) = 1]
PAT)
[ATig] + PISC(1)s]
PSCi(1)]
[ATiq] + P[SCi(1)]

= E[Eg(173)|Aﬂg]P

+E[Yig (1, 5)[SCig (1]

and hence E[Yj4(1,5)|SCi¢(1)] is identified by the results above and Proposition 5. By the

same logic,

E{Y;Q|ng = 1, Sig =S, Zig = O,I/Vig = 2] = E[}/,Lg(l, 8)|Dig(0, 2) = 1]
P[AT)
[ATig] + P[Sc(l)ig] + P[SC(Q)ig]
P[SCig(1)]
RIS W B RS0 0),] + PISC@))
P[SCig(2)]
[ATig] + PISC(1)ig] + P[SC(2)ig]

= E[Yig(l’s)mﬂ'g]ﬂp

+ E[Yig(1, 5)|SCZ'9(2)]P

and thus E[Yj,(1,s)[SCi4(2)] is identified. The same reasoning shows that as long as all

required probabilities are non-zero, E[Y;4(1, 5)|&;4] is identified for all values of &4 except for
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Table A10: D;,(0,1)(1 — D;,(1,0)) — Diy(0,0)(1 — D;,(0,0))

Dig(1,0) Dj4(0,1) Di(0,0) Dyy(0,0) | Difference | & &g
1 1 1 1 0
1 1 1 0 -1 AT SC,C
1 0 1 0 0
1 1 0 1 0
1 1 0 0 0
1 0 0 0 1 SC GCNT
0 1 0 1 0
0 1 0 0 0
0 0 0 0 0

&g = NT, since the assignment (1,s) is never observed for never-takers. Identification of

E[Yig(0, 5)|&4] for all values of &4 # AT follows similarly. [

A6 Proofs of Additional Results

A6.1 Proof of Lemma Al

Using that:

ElYig|Zig = 2, Zjg = Z/] = E[Yi4(0,0)

]
+ E[(Yig(1,0) = Yig(0,0)) Dig(2, 2')(1 — Djg(2', 2))]
+ E[(Yig(0,1) = Yig(0,0))(1 — Dig(2,2')) Djg(#, 2)]
+ E[(Yig(1,1) — Yig(0,0)) Dig(2, 2") Djg (2, )],

we have:

E[Yig|Zig =1, Zjy = 0] = E[Yig|Zig = 0, Zjy = 0] =

+ E[(Yig(lv 0) — Yig(ov 0))<Di9(07 1)(1 - ng(lv 0)) - Dig(ov 0)(1 - Dj9<07 O)))]
+ E[(Yig(0,1) = Yig(0,0))((1 — Dig(0,1)) Djg(1,0) — (1 — Dig(0,0)) Djy(0,0))]

+ E[(Yig(1,1) = Yig(0,0))(Dig(0,1) Djg(1,0) — Dig(0,0)Djg(0, 0))].

Tables A10, A1l and A12 list the possible values that the terms that depend on the

potential treatment statuses can take, which gives the desired result after some algebra. [J
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Table A11: (1 — Dyy(0,1))D;y(1,0) — (1 — D;,(0,0))D;,(0,0)

éjg

Eig

Dig(1,0)  Dj4(0,1) Di(0,0) Dyy(0,0) | Difference |

AT

SC

C,CG,NT SC,C

1

Table A12: D;,(0,1)D;,(1,0) — D;,(0,0)D,,(0,0)

éjg

Dig(1,0) Djg(0,1) Di(0,0) Dyy(0,0) | Difference | &

AT SC,C

SC AT
SC sC,C

1
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Table A13: D;y(1,1)(1 — Djy(1,1)) — Diy(0,0)(1 — D;4(0,0))

Dig(1,1) Dj,(1,1) Dy(0,0) D;y(0,0) | Difference | & &g
1 1 1 1 0
1 1 0 1 0
0 1 0 1 0
1 1 1 0 -1 AT SC,C,GC
1 1 0 0 0
0 1 0 0 0
1 0 1 0 0
1 0 0 0 -1 SC,C,GC NT
0 0 0 0 0

A6.2 Proof of Lemma A2

Using that:

]
+ E[(Yig(1,0) = Yi4(0,0)) Dig(2, 2')(1 — Djg(2', 2))]
+ E[(Y@(O, 1) — Yig(0> 0))(1 — ng(z, z/))ng(z ;7))
+ E[(Yig(1,1) — Yig(0,0))Dig(2, 2 )ng(zlv z)],

we have:

E[Yig’Zig =1,7j4 = 1] - E[Y%gwig =0,Zj = 0] =
+ E[(Yig(1,0) = Yig(0,0))(Dig(1,1)(1 = Djg(1,1)) — Dig(0,0)(L — Dj(0,0)))]
+ E[(Yig(0,1) = Yig(0,0))((1 — Dig(1,1))Djg(1,1) = (1 — Dig(0,0)) D;g(0,0))]
+ E[(Yig(1,1) = Yig(0,0))(Dig(1,1) Djg(1,1) — Dig(0,0)Djy (0, 0))].

Tables A13, Al4 and A15 list the possible values that the terms that depend on the

potential treatment statuses can take, which gives the desired result after some algebra. [J

A6.3 Proof of Proposition Al

Under the conditions of the proposition,

E[L(Diy = k)|Zig = k. Zjy = 0] = E[L(Diy (k,0) = d)| Zig = k, Zjg = 0] = E[L(Dyy (k, 0) = k)]
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Table Al4: (1 — Diy(1,1))D;,(1,1) — (1 — D;y(0,0))D;,(0,0)

53‘9

gi g

Dig(1,1) Djy(1,1) Di(0,0) Dj4(0,0) | Difference |

AT

SC,C,GC

SC,C,GC

NT

-1

Table A15: D;y(1,1)D;,(1,1) — D;y(0,0)D;,(0,0)

fjg

gi g

Dig(1,1) Dj4(1,1) Di(0,0) Djy(0,0) | Difference |

AT

SC,C,GC

SC,C,GC

AT
SC,C,GC SC,C,GC

1

1
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On the other hand, for any k € {0,1,..., K},

EYigl(Dig = k)| Zig = k, Zjg = 0] = E[Yig(k, 0)1(Dig(k, 0) = k)]
E[Yig1(Dig = 0)|Zig = k, Zjq = 0] = E[Yi4(0,0)1(Diy(k, 0) = 0)]
= E[Y;g(0,0)| Dig(k, 0) = OJE[L(Dsq(k, 0) = 0)]
= E[Yig(0,0)1(Dig(k, 0) = k)] + E[Yig(0,0)1(Dig(k, 0) = 0)]

and E[Yig’Zig = k’ng = 0] = E[Yigﬂ(Dig = k)|Zig = k’ng = 0] "‘E[Yigﬂ(Dig = 0)‘Zig =
k,Z;q = 0], from which:

EYig|Zig = k, Zjg = 0] — E[Yig| Zig = 0, Z;y = 0] _
E[1(Dig = k)| Zig = k, Zjy = 0]

E[Yig(kv 0)|Dig(k> O) = k]

Similarly,

ElYiy|Zi

0,Zjg = k] — E[Yig|Zig = 0, Zjg = 0] = E[Yig(0, k)| Djg(k,0) = k]
( o |

[ jg:k)|Zzg—0’ZJg—k?]

as required. [
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