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S.1 Further results from the Miguel et al. (2004) application

We compute the 95% projection-based confidence intervals for both endogenous variables. The
projection-based confidence interval for 6; is formed by all points of the 95% confidence set
plane of 61-02 projected into space 6;. We also compute ratios of the asymptotic and wild
bootstrap AR intervals relative to the asymptotic Wald interval along with the first-stage robust
F-test for each parameter. The results are reported in Table As in the other figures from this
application, many of the confidence intervals are unbounded.

The lower panel of Table[S.1|shows p-values from the joint null hypotheses that the primary
parameters are both equal to zero. As opposed to the p-values from the the |Acemoglu et al.
(2012) application, the p-values based on the asymptotic Wald tests are larger than the p-values
obtained from the asymptotic and bootstrapped AR tests. Only the last specification indicates a
statistically significant effect of economic performance on civil war at the 1% significance level.
From the projected confidence intervals, however, we cannot conclude if this effect is negative

or positive.

[Table 1 about here.]

S.2 Tests robust to the presence of weak instruments

The AR, KLM, and CLR tests were originally developed under the assumption that the distribu-
tion of the errors is iid, but they have been adapted to allow for arbitrary heteroskedasticity or
cluster dependence of the residuals (Chernozhukov and Hansen| [2008} |[Finlay and Magnusson),

2009). The equations in (7) can be further rewritten as

bw (00) = T,d (6o) + Hy + (W'W) " W'e (b))
| —
8 (00) (CS 1)
I, = MH,+ (WW) WV,

where &, (60) = [0- (60) 0= (60)) = (W'W) ' W'Y (6) and II,, = [II/,II,) = (W'W)"!
W'y, are, respectively, the OLS estimators of the reduced-form parameters d,, (6y) and IL,,.
The ky (p + 1) X ky (p + 1) “sandwich” matrix that corresponds to the cluster-robust estimator

of the variance of [0, (60)’, vec(IL,)] is

0 (00) = (o1 @ WW) ' E(6p) (s @ WW) 1, (CS2)



where = (6o) = [éee (6o) , éeV (6p) : éVe (6o) , ivv (90)] is the estimator of the &, (p+ 1) x
kw (p + 1) variance matrix of vec(W'e (6y) , W’ V)EI Let us introduce two more statistics before

presenting the cluster versions of the KLM and CLR tests:

Akim (6o) =TI, (6o)’ {ﬁazaz (90)}_1 d. (fp) and

IL (6o) = mat <7r — 05 (60) [65252 (90)] s, (9@) , (CS 3)

where ;\KLM (6o) is the Lagrange multiplier of a constrained minimum-distance minimization
problemﬁ #, = vec(Il,) is a k.p x 1 vector, and mat is the rematricizing operator that maps
the k.p x 1 vector vec(ﬁz) onto the k., x p matrix ﬁz. The submatrices of Q) (60) ﬁ . (6p) and
f\lﬁzlgz (0p), are the variance and covariance estimators of 5, (6p) and <(5 , Z) espect1ve1y
The estimator of the variance of Axium (0p) is Var (XKLM (90)> =1L, (6p) [Qg 5. (6 )] I, (o).

The tests for the structural parameter that are robust to the presence of weak instruments for

the cluster IV model are defined as follows:

Definition 1 (Weak instrument robust tests with clustered residuals). The AR, KLM, and CLR

statistics for testing the null hypothesis Hy : d (fy) = 0 are, respectively:

Aar (00) = - (60)' [Oss. (00)] 62 (80) 5 3 (k2),

Axim (60) = Mam (6o)' [\//a\r (S\KLM (90)” Mxim (6o) 5 X (p), and

ACLR (90) = {;AAR (90) —rk (90) +

\/[AAR (90) +rk (90)]2 —4 [AAR (90) — Axam (90)] X rk (90)} ,

where rk (6p) is a statistic for testing the rank of I, (6y). The symbol # 4 stands for convergence
in distribution as G — +00, and x? (s) is the chi-squared distribution with s degrees of freedom.
The CLR-statistic converges to a nonpivotal distribution. However, its critical values, for a

given value of rk (fy), can be simulated from independent x?(k. — p) and x?(p) distributions.

The above tests have the correct sizes asymptotically even when the structural parameter
6 is not identified. When II, ~ 0, the tests will not have power to reject the null hypothesis,
indicating the presence of weak instruments. The degrees of freedom of the distribution of the

asymptotic AR test depends on k., the number of excluded instruments, which can be larger

'Details about the computation of E (6o) are in Section
2See the derivation in Section
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than p, the number of tested parameters. The larger the difference k. — p, the less powerful the
AR test is. The number of degrees of freedom for the KLM test is equal to the number of tested
structural parameters, independent of the number of excluded instruments. Nevertheless, the
KLM test, as an LM type of test, loses power at the local extrema and inflection points of the AR
test. The CLR test, because it is a function of the AR test, does not exhibit the spurious decline

of power experienced by the KLM test.

Remark S.2.1. If 0 is scalar, the rank statistic rk is defined as:

1k (60) = I1. (0)' [Var (TL. (60) )| L (00),

e . - ~ —1
where Var (Hz (00)) = Qr.n. — Qr.s, (6o) |:ng52 (00)} Qs (00). If 6 is not scalar, then the

rank statistics proposed by [Robin and Smith| (2000) using the moment-variance weighting

described in Andrews and Guggenberger| (2017) should be usedﬂ

S.3 Derivation of the Lagrange multiplier estimator

Our KLM test is the Lagrange multiplier test derived from the following restricted minimiza-

tion problem under Hy : d (6p) = 0:

/

o <5w (80) — T, d (60) — H7> )] (5 (60) — T, (60) — H'y) sy

T — T

Tw — T
Tw, Y w T w

s.t. d (90) =0

where H= [ (/ I, | and the estimator Q (0o) is defined as in equation (CS 2). In the following,

we omit (8g) from 6, (6o), d(dp), and © (6p) to simplify the exposition. From the first-order

condition, we obtain:

H (0,5.) (5~ H3(8)) =0, and T, (00) (5,0.) (0 ~H7(00)) =3(60),  (CS55)

from which we derive 7 (6g) = [H'(Qs,5,) " HI'H (Q5,5,) 10w and  A(6y) = IL (6o)
(ﬁ(gw(gw)_l MI({Q‘;“’&“’)A(?W, where Mgl‘sw‘s“’rl = I—sz‘;w‘s“’)il and szgw‘sw)ile [H/(ng(gw)_l
H]' H (Qs,5,)"" is an oblique projection Using the fact that (SAZ(;M;w)*lMI(é2 swiw)

3Andrews and Guggenberger| (2017) show that rank tests based on the variance of the Jacobian, as in Kleibergen
and Paap| (2006), do not necessarily have the correct asymptotic size in models with two or more endogenous
explanatory variables.

)71
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“The oblique projection P';?w%w satisfies the properties H'((s, 5, ) P\ 2w =H'(Qs,5,)" " and

& -1
pwow) H=H.
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[(Qs.5.)%, 0: 0,0], further simplification allows us to write the Lagrange multiplier estimator
as A (6y) = IL (6p) (Qs.5.)"" 6.. An estimator of the variance of A (6y) conditional on IL, (6,)
is \7a\r(5\ (60)) = IL, (6p) (535252)_1 1., (). Finally, the estimator for II,, derived from equation
(CS 5) is

7w (6p) = vec (ﬁw) — ﬁ,rwgz (?25252) ! 5.,

. ~ Y Y —1
with the variance estimator Var (7 (6y)) = Qrpry — oo, <Q5252> Qs
Remark S.3.1. The KLM test is originally derived from the continuously updating estimator
(CUE) objective function rather than from the two-step minimum-distance estimator objective
function above, which is a simpler problem to be solved. Because the regression model is linear,

the minimum-distance estimates of the untested well-identified parameters are the same as the

GMM-CUE estimator under the null assumption (Goldberger and Olkin, 1971).

The AR test also has a Lagrange-multiplier interpretation. It can be rewritten as

AR (80) = Aar (60)' [Var(Aar (60))] " Aar (60) .

where Aar (60) = [Qs.5. (60)] 7162 (6) is the Lagrange multiplier of the constrained-minimization
problem

(6 - 5w)’ (5.5 - (6w —4u), (CS 6)

[N

min
0w
st.0,=0

and Var (:\ AR (90)) is the estimated variance of A\ (0p). From the first-order conditions with
respect to J, and the Lagrange multiplier \, we find Aag (6p) = (Qs.5.)20., and 4, (6y) =

S — (AZ(;I 5. MR (Ap), which is the same as the minimum-distance estimator for - in Equation

o).

S.4 Cluster variance-covariance matrix

Define h, (0) = Z?:gl h;, (0) = W;eg (0p) with h;, = w;gei,g (6p) and qy = Z?:gl dig =
(Ip ® wy)vy with q; g = (I, ® Wi )vig, where wy = (z,: Xg), vg = vec(yzg — Wylly), e =

Y, (o) — wgdy. Let us partition =(6p), the variance matrix in Equation (CS 2), as = (6y) =



[ZEhn (00) , Zhq (00) : Eqn (6o) , Eqq (60)]. Each component of = (6) is estimated as

G
1
Zrs 00 — Z I'g 90 ngF (90)) (Sg (00) - nggg (90))//
g=1

3

where r, (0g) = hy (6p) or q4 (6p) with T (0y) = Zf 1Tg (0p) and sy (0g) = hy (6p) or qg4 (6p)

with §(6y) = 25:1 s (6p). To compute the variance of the weak-instrument-robust tests in

Section@ we replace (e, (6p) ,v,) with (&, (60),%4) = (Yg(60) — Wybu (60) , 2,4 — Wylly). In

the case of the EE bootstrap, we use

G
hy (60) = wghs (6p) = wg (w &, (6o) — Z )

in place of h, (6p). The remaining variance terms of the EE bootstrap are not computed because
we are conditioning on I (6y). For the residual bootstrap cases, the covariance matrix is ob-
tained by substituting (e, (60) , vg) with (ef  (6o), vy, ) inthe hy (6p) and qq equations defined
above, where ej | = Y7 (00) — wydy, (60), viy , = ¥3 4 (60) — WylL}, (60), and (&3, (6o) , 113, (o)) are

the bootstrap estimate values.

S.5 Other bootstrap methods

We present two additional residual bootstrap methods for the AR and KLM tests. The first
is the multi-equation (ME) residual bootstrap in which bootstrap samples are obtained from
drawing the first- and second-stage residuals simultaneously. The second is the Davidson and
MacKinnon| (2010) bootstrap method for linear IV models adapted for the cluster framework,
which we refer to as the DM bootstrap. We also present three bootstrap methods for the Wald

test at the end of this Section.

S.5.1 Estimating equations (score) bootstrap for KLM and CLR tests

We can extend the procedure above to compute the KLM and CLR bootstrap tests conditional

onII, (6p) and rk (Ay). We define the bootstrap estimator of AKLM (fp) and its variance as:

Siwna (60) = L (00) [5.5. (60)] 5 (A0), and Cs7)

Var (o (60)) = L (60)' 55,5, (60)] 1 (6).



The bootstrapped KLM test is obtained by replacing Ay, (6o) and Var (S\I’QLM (90)> in the
formula of the asymptotic version of the KLM test, whereas, conditional on rk (6), the boot-

strapped CLR test is computed from the bootstrapped realizations of the AR and KLM tests.

S.5.2 Single-equation residual bootstrap for the KLM and CLR tests

Conditional on II, (6) and rk (6p), the KLM and CLR SE bootstrap test statistics are obtained in
the same way as their EE bootstraps. Here, the bootstrap values of Axim (0p) and Var (XKLM (00)>

are, respectively,

, ~ ‘ -1,
Sion (60) = T (60)' [%.5: (60)] 5 (80), and

— /e, ~ T 1
Var (3 (00)) = TL. (60)' [$¥:5: (60)] T (60)
where Q§: 52 (60) and 6* (6y) are obtained from the AR SE described in Subsection

S.5.3 Multi-equation residual bootstraps

A simple procedure for obtaining bootstrap samples using the first- and second-stage residuals

together is
Y (00) = Wybu (0) + & (60)

~

Pk _ Pk
y2,g - WgHw + vg7

where {& (60) ,v;}le = {wgby (00) . wg¥g}5 1, & (00) = Yy (60) — wydy (6) and ¥y = ya, —
w, Tl

If the errors are homoskedastic and sampled at the individual level, |[Davidson and MacK-
innon, (2010) propose replacing II,, and ¥, by, respectively, IT,, (6p) and ¥, (8y), where IL,, (6o)

is the OLS estimator of II,, obtained from the following auxiliary regression model
y2 = WIL, + é (6p) I + residuals,

and ¥ (6y) = yo — WII,, (6p). Davidson and MacKinnon|show that this bootstrap DGP is a more
efficient one because it incorporates information about the correlation between e, and v, when

estimating the first-stage residualsE]

5If the residuals are homoskedastic, then I1,, (6) would be equivalent to the three-stage least squares (3SLS) or
limited-information maximum likelihood estimator (under residuals join normality).
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In the cluster case, however, we can use ﬁw (0p), the estimator of II,, derived from
@), and 4, (fp) = (0,7 (Ap)), where 7 (6p) is the continuous updating estimator derived from
Equation (CS 4), in place of ﬁw and 5w (fo). A new bootstrap residual method, therefore, uses
€, (6o) = Y4 (00)—x47 (00) and v (6p) = ng—Wgﬁw (6p) in place of é, (6p) and ¥, respectively,
for the bootstrap DGP.

Definition 2 (Multi-equation residual (ME) bootstrap). Let {wg}g’;l be a sequence of bootstrap

weights satisfying F [wy] = 0 and Var (wg) = 1. The bootstrap data generating process for

{Y, (60) ,yzg}gG:l is:

1. Inefficient ME (ME-in):

. G , ~
{Y; (60) ,y;g}gzl - {wg(sw (60) + & (6) , woll,, + vg}gzl, where

, ~x1G . ~ G
{e; (90) 7VZ g=1 = {wgeg (90) 7wgvg}g:1 ;

2. Efficient ME (ME-eff):

~ G
- {xga (60) + & (60) , WylL, (6) + ¥ (90)}921, where

(%6095, 00}

g=1

{85 (60), %5 (90) ) = {wyy (60) ,wy¥y (G0)}S, -

Remark S.5.1. Since the AR test does not depend on the first-stage equation, the SE-in and ME-in

bootstraps are equivalent. Similarly, the SE-eff and ME-eff bootstraps are equivalent.

Remark S.5.2. In contrast with the EE and SE bootstraps, IL, (6,) needs to be computed for every
bootstrap sample when computing the KLM ME bootstrap test. The ME bootstrap version
of CLR test, as explained in Davidson and MacKinnon| (2008), requires a double bootstrap
procedure: one bootstrap for the rank statistic and a second bootstrap conditional on the

bootstrapped rank statistic. Therefore, we have not computed the ME version of this statistic.



S.5.4 Davidson and MacKinnon(s bootstrap for linear IV models

The DM bootstrap method is a residual bootstrap based on the original AR and KLM tests,

which are

n—ky Y (00) MxZ(Z'MxZ) " Z'Mx Y (6))
ks Y (60) MwY (6o)
Y (90)/ PMXZﬁw (GO)Y (00)
Y (60) MwY (6p)

AR(6y) = , and (CS8)

KLM(6) = (n — kq) (CS9)

Bootstrap realizations of (y,y2) are obtained from residuals sampled at the individual level.

When errors are homoskedastic, the AR and KLM tests defined on Equations and
E[) are distributed asymptotically as, respectively, . ;) and x* (p) . These tests, however, are
not pivotal when errors are heteroskedastic. Davidson and MacKinnon| (2010) show that the
limiting distributions of n~2ZMxY (0p) and n~2Z'MxY* (6o), where Y* () is the bootstrap
realization of Y (f), are equal. The same is true for the probability limits of n =YY (6p)'MwY (6p)
and n7'Y* (0))MwY* (6y). Therefore, the AR bootstrap test is valid under heterogeneity
because it converges to the same limit distribution as the asymptotic AR test, irrespective of
the instrument strength. This argument extends to the KLM bootstrap test, but only when
the concentration parameter is high. Davidson and MacKinnon| (2010) name their bootstrap
method the wild restricted efficient (WRE) residual bootstrap.

We define the Davidson and MacKinnon/ (DM) bootstrap method as the WRE bootstrap but
with residuals sampled at cluster level instead of individual level. The bootstrap sample is,

therefore,

G

’, G & 2
{Y; (00) 7y;79}g:1 - {ngw <90) + e‘:; (00) ,ngw (00) + ‘7; (00)}9:1 ’

where {& (6) , ¥ (90)}; = {wyég (00) , wa¥g (60) Y5, , with &, (60) = y1,4 — Wgbu (f0) and

’

Vg (60) = y2,§ — WgllL, (6p). We can use the same arguments in Davidson and MacKinnon, (2010)
to show that the DM bootstrap for the AR test with cluster residuals is consistent, assuming that
the number of clusters is increasing and the number of observations within clusters is constant.

The DM bootstrap tests, however, do not perform satisfactorily in small samples with high
degrees of heterogeneity. In order to illustrate this, we simulate the baseline model of 400
observations with 20 clusters of the same size, 5 instruments, normal errors, and a noncentrality

parameter s, of 18. We change the skedastic function by removing the scaling factor in (12),
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which now becomes

f (214, k) = (g + 221,4)" . (CS 10)

Table in Section [S.8| shows that the DM bootstrap tests rejection rates are close to the
nominal level of 5% under cluster random effect errors framework (x = 0). In the presence of
strong heteroskedastic residuals (x = 2), the rejection rates of the DM bootstrap tests are above
the rejection rates of asymptotic tests. In the same table, the proposed EE, SE-eff, and ME-eff

bootstraps for the AR and KLM tests have rejection rates close to the nominal size.

S.5.5 Wald bootstrap tests

We investigate three methods for bootstrapping the Wald test. The first one, which is similar to

the multi-equation residual bootstrap described at Subsection the bootstrap residuals are

{55 ) 55}, = {eos (o) )
@ () %3}, = {enty () v
qg 7gg:1 grg 799921'

where 1, <éIV) and ¥, are the IV and first-stage OLS residuals, respectively. Let 8, be the IV

obtained from

estimate obtained from the bootstrap sample. The Wald multi-equation instrumental variable

(ME-1V) bootstrap test is
~ ~ —_— ~ _1 ~ ~
(bt — ) (Var(Ov)) By — bv),
where @(éf‘v) is the variance estimate of éikv computed in the same way as \//5"(9}\/) in Equation
().
We can also use the DGP of the ME efficient procedure for bootstrapping the Wald test. In

this case the Wald bootstrap test is computed with (éf‘v—ﬁo) and @(va) in place of respectively

(03 — 0rv) and Var(ff,), where
‘ ~ % ~% -1 4 - %
Oiv = (73 (60) Pyixz¥3 (60)) 73 (60) Pyxz¥i (fo),

with y7 (60) = ¥3, (6o) x 0o +x7 (o) + é" (6), and \//5"(9;‘\,) is a suitable variance estimate of
éi“v. This is the IV bootstrap, which is based on samples generated under the null assumption,
similar to the bootstraps used in the main manuscript. In our simulations, they have better size

properties than the remaining Wald bootstrap methods presented in this subsection.

The third Wald bootstrap method is the classical pairs bootstrap. This method is a completely
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nonparametric one. In the pairs bootstrap, the bootstrap sample is generated as

Pr ({Y1,g7y2,gawg} = {YI,jayQ,jaWj}) = a/ Jj=1... 7G'

The pairs bootstrap data generating process does not impose the null hypothesis on the boot-
strap samples. Therefore, this Wald bootstrap test is centered at the IV estimate.

Table [S.2|shows a summary of the bootstrap methods investigated in the study.

[Table 2 about here.]

S.6 Bias of the cluster IV estimator for 0

In matrix notation, the cluster residual model system (3) is

yi= y20+Xy+u . uu’ uv’
yo = ZIL +XII, +V

Euu ZUV
W| = ,
ZV'Ll EVV

G . .
Yuv = [Zuvys-- .,Zuvp]’, with Xy, = diag]

where, v =vec (V), Syu = diag[{Eugug}gzl],

. . G .
{3y, u,to] forj = 1,...,p,and 5y y,, = diag [{Ev]',gvm,g}g:l} for jym =1,...,p. Letn =

25:1 ng and assume that rank (II,) = p. The IV estimator 01y can be written as
. _ a1
Oy — 0 = (yhPuxzy2) viPuxzu= (I+Q'A) ' Q'C, (CS 11)

where Q = IILZ'MxZII,, A = II,Z’MxV + V'MxZII, + V'Py,zV,and C = II,Z'Mxu
+ V'Puyzu. We have Q7! = n7! x O,(1) and A = /n x O, (1), which implies that,
as n — +oo, (I+ Q_lA)_l = O, (1). By Taylor expansion around II, = 0, we derive

1+Q'a)™

~I-Q!A. Therefore, Equation (CS 11) can be simplified to
v —0=Q ' {Cvu— (Av +Ay) Q'Cy} + H,

where Cyy =V'Pyyzu, Ay = [I,Z'MxV, C, =II,Z'Mxu, and H has terms related to odd
moments of the joint distribution of (u’,v’)" and terms which are of small order.

Assuming that the first and third moments of the joint distribution are equal to zeroﬁ the

o1f (u,v) follows a multivariate distribution, we can invoke Isselis’s or Wick’s theorem, which say that the
expected value of odd moments of a centered multivariate normal distribution are 0.
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bias of the IV estimator is, approximately,
E [e}v - 9} ~E {Q—l [V'PMXZHZLU - AVQ—lcu} } (CS 12)

where Py, 7zt = Puvyz—Puxzi. - The first element of V' Py 71 uis viPyy, 701, whose ex-

pectation is E[VIIPMXzHé‘ u] = traCG(PMxZH§ Euvl ) SO, E[V/Pszné‘ u] = [trace(Pszni Zuvl ),
e trace(PMXZHZL Yuv, )]’ Partition Q 'asQ ' =[Q',..., Q7] Therefore, we obtain
/ P ;
E [Q*lv Pytzii: u} = trace (PMXZHZL zuvj) QY. (CS 13)
j=1

To study E[QflAvQ_lcu], we rewrite AyQ~'Cy as
vec(CLQ ' AY) = ITLZ'Mx (V @ ') (I, © MxZIL, ) vec(Q ).

Since B(V @ 0)=[Sv,u, . - -, Zv,u, we have E[C,Q 'A% ] = Y_ I, Z'Mx Sy,u MxZIL.QY,

and, consequently,

p
E[Q 'AvQ 'Cy =) Q' Z'MxZ,,uMxZIL.Q". (CS 14)
j=1

Substituting Equations (CS 13) and (CS 14) into (CS 12)) we obtain

p p
E [éIV — 9] ~ Z trace (PMXZHZl Euvj> IpQ'j _ Z Q—ll_[,zZ/Msz].quzHZQ'j, (CS 15)
j=1 j=1
When p = 1, Equation (CS 15) simplifies to trace(PyyzYuy) Q! —2(II,Z'Mx YuyMx ZI1,)Q 2,
which is the same as the bias derived by Bun and de Haan|(2010). Assuming that (Z'MxZ) =
nly, and IT, = ||IL,| Iy, we find:

/
E {01v—0} mu*QM {1_2(1_[08121_[0)}

trace (S22) trace (Si2)

where S;y = n 'Z'MxZuwMxZ, Spo = n 'Z'MxXwMxZ, and p? = [trace (Spo)] " n ||I1.|%,
which plays similar role as the concentration parameter (see Olea and Pflueger(s Theorem 1).
If the residuals are homoskedastic, then X, ; = 7jln, and Equation (CS 19) is simplified to
(k. —p—1)Q~17, where 7'= [r{, ..., 7).

The errors of the model are generated as uy = t,,,v4 + €4 and vec(vy) = [V @ tp, | + €, for

11/35



g = 1,...,G.The random variable v, is scalar, and v, and €, are p x 1 and (nyp) x 1 vectors
with (vg,vy)" ~ /ogN(0, [1, p' : pl, 1), (eg.€5)" ~ J@gN(0,[1,0 : 0]1,)®],,), and ¢,
is a scalar such that 1 > ¢, > 0. The p x 1 correlation vectors p’ = [p1,...,pp] and @' =
[01,...,0p) capture the intra-cluster and the idiosyncratic on the endogeneity degree. Under

these assumptions, the joint distribution of (uf,, vec(v,)’ )/ is:

Uy ~nlo Wy +Wy  (p' @15,) Wy + (2 @ In,) W,

vec(vg) : I, ® (W, + W,)

where Wy = ¢g tn, iy, , W, = (1 — ¢g) In,. We interpret ¢4 and (1 — ¢,) as the weights due to
the cluster and idiosyncratic effects in the correlation. We can rewrite ¥yy; and Z'Mx Yuv,MxZ
as Yy, = diag{ p;W, + oW, }5, and Z’MxZuy,MxZ = Z'Mx (p;W+ 0;W)MxZ for

j =1,....,p, where W = diag {Wg} and W = diag {Wg}jzl. Then, after further

=1’

simplifications, the bias of IV estimator turns out to be

E [éw - e] ~ {trace [PMXZHZLW} I, - Q I, (ZMxWMxZ) HZ} Qlp

+ {trace |:PMXZHZLW:| L, - Q ', (Z’MxWMx Z) Hz:} Q'o

The first term captures the bias of the IV estimator due to the cluster effect while the second
term is a function of the within cluster correlations. Let us define Z and MxZ as Z =
[, + 9, ..., dgil, + 9] and MxZ = [z{',....28] = [(d @)y, + (91—, 0), .,
(de —d) i, + (VG — tng?)) whered = (n‘l > ngdg)and J = (n_l Yo L%g§g>. We
interpret d, and the part of instruments which is common to all observations in cluster g, while
that 9, captures the part which is idiosyncratic for each observation. Define J, = n '/, nyUg-
If we further impose in the data generate process that 9, = ¥ = 0, ¢, = ¢, n, = 7 for all g,
then we have Z’MxZ =n ZG: [(d — H)’ (dg — H) +19’gz99], Z'MxWMxZ= (1 — ¢) ZMxZ, and
Z’MxWMxZ=¢n <Z MxZ — ZQG 050 ) When generating the data, we rescale the values of

d, such that 29:1 ng (dy —d)’ (dy —d) = (1 - A)nly, and (Z? \0,0g) = Anly,, so ZMxZ

= nly, for 0 < X\ < 1. Then, the bias of IV estimator becomes

Eldy 0]~ én(1l-N(-p-1)Q 7 p+(1-0)(k-p-1)Q e
~ (b=p-1)Q ' en(1 =N p+(1-0¢)e]
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The last equation is the same as Equation (15).

S.7 The first-stage F- and effective F-tests

If there is one endogenous variable, the first-stage F-statistic for the null hypothesis Hy : II, = 0
is defined as .
f[’z (Var(ﬂz)> 11,

F ,
k.

(CS 16)

where \//a\r(f[z) is the cluster-robust variance matrix. Testing instrument weakness in the cluster

IV model can be performed by the effective F-test, see Olea and Ptlueger| (2013). It is defined as

_ y/2 ZL ZL/y2

le:eff =T /A N\’
n tr (522>

(CS 17)

with effective degrees of freedom

_ ir(8)] (1+27)

ks = tr (§/22922) +2f o (Sﬂ) maxeval <S22>

7

where Z1 = (ZMXZ)_%MXZ, Sys is the lower k., x k, submatrix of S, defined as

N 1 -8
§ = AZA A= ® L.,

0 1

where 2 is the estimator of Z, the asymptotic variance of n=2ZY (e, V), tr(-) and maxeval (-)

are the trace and the maximum eigenvalue operators, respectively, and f is an estimator of

_ B (E,Q)

T

f

where T represents a tolerance parameter. The scalar By (£, Q2) is defined as

b (=, 5,11
Blv(E,Q)E sup ‘ ( 767 0)’

= Bwv(EQ) <1,
serMMyesk—1 BM(E, 8)

where S*~!is a k, — 1 dimension unit sphere.
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Let partition matrix S as S= [S11,S12 : S21, S22]. Then, b(Z, 8, I1p) is defined as

b(E, 5.1L) = <trace (S12) {1 _2(1'[68121'[0)}),

trace (Sa2) trace (S12)

and BM(Z, 5) = % The benchmark BM (Z, 3) is interpreted as the worst case IV estimator
bias. The Nagar bias is 12 xb(Z, 3, IIy), where p? = [trace (Sy2)] " n ||IL||%. The null hypothesis
of instrument’s weakness is Hy : u? x By (Z,Q) > 7, which indicates that the relative bias of
the IV estimator is greater than a certain tolerance level.

The estimation of k, ff requires a numerical algorithm. We translated the Stata code
of Pflueger and Wang| (2015) into Matlab. The simplified version for estimating k.;; sets
Brv (£, ) = 1. Therefore, for a tolerance of 10% we set f equal to 10. In our simulation results,
we report both versions of the effective F tests. The rejection rates of the simplified effective
F-test are only slightly smaller than the generalized one in the majority of cases.

When p = 1, the F-first stage on Equation (CS 16) can be asymptotically approximated by
pr, + F (., +00) under the alternative hypothesis H; # 0, where py,, = IT., |k, Varoo(ﬂz) ! I1,
is the noncentrality parameter, and F'(k,, +00) represents the asymptotic F-distribution.

The parameter . is closely related to the measure p?. In our baseline simulation (k = 0,
n = 0), n"'E[Z'Mx VV'MxZ] is, under our assumptions about the distribution of the errors,

n1¢ (¢, n,\) Z'MxZ, where € (¢,7,\) = ¢n (1 — A) + (1 — ¢). Then, the Feff can be approxi-

mated to
I, (ZMxZ) 11, V'MxZ (ZMxZ) ™ (ZMx V)
£(¢p,n, \) trace (n"1Z/MxZ) = £(p,n, \) trace (n"1Z'MxZ)

Using the fact that Var(ll,) = ¢(¢,7,)) (ZMxZ)™' and n~'Z'MxZ =I,_, the later term
. 71
becomes py, + k,~1V'MxZ [Var(HZ)} (Z’Mx V). The second term of the above expression

is asymptotically distributed as F'(k,, +00).

The effective degrees of freedom is defined as

race (W)rm

n

k)eff =

E[Z'Mx VV'/Mx Z] E[Z'Mx VV'/MxZ E[Z'Mx VV/MxZ E[Z'Mx VV'/MxZ
trace( [2'Mx xZ] B X X ]> + 2 trace (M> maxeval(wyr

n n n

In our case, the numerator is simplified to [trace (¢ (¢, 7, A) nli,)]? (1 + 2z), while the denomi-

nator becomes trace ([5 (6,71, V)2 n21k2) 2 trace (€ (¢, 7, A) nly, ) max eval (€ (¢, 7i, \) nly, ) z. There-
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fore, k.ys becomes

P (€ (.7, A) k2)? (1 + 20) _ka(1422)
I b N ks +2(E (6 N2 ko (1 22) &

S.8 Extra Simulation Results

We provide simulation results for the KLM and CLR asymptotic and bootstrap tests discussed
in the main manuscript using the same simulation designs. We also report results for the DM
bootstrap tests, and for the Wald ME-IV and pairs bootstraps. These bootstrap procedures
are respectively described in Subsections and The rejection rates are computed by
testing the true null assumption Hy : = 0 at 5% significance level. We also include the
rejection rates of the first-stage F test as well as the conservative version of the effective F-test.

Tables [S.3| and [S.4 have results according to different distributions of the errors when in-
struments are strong (i, = 18) and weak (1, = 0.1), respectively. Tables and show
results when the number of instruments increase, while Tables and contain the rejection
rates when the number of clusters increases but the number of instruments are kept constant
(k; = 5). In all those tables, we simulate DGPs with a high degree of endogeneity (p = 0.95)

and 20 observations per cluster. We note that:

1. When instruments are strong, the Wald multi-equation efficient (ME-eff) bootstrap, which
is the bootstrap method with simulates the bootstrap samples imposing the null assump-
tion, has superior size performance when compared with the other Wald bootstraps. The
AR, KLM and CLR bootstraps have rejection rates close to the nominal values in almost
all cases. The exception is the estimation equations bootstrap with multinomial weights

and a high number of instruments (k, > 5).

2. When instruments are extremely weak (u;, = 0.1), only the AR bootstrap tests rejection
rates remain close to the nominal level for all levels of error heterogeneity (x). Under
weak instruments, the Wald bootstrap procedures can be as size distorted as the asymp-

totic Wald test.

Tables|(S.9/and highlight the role of endogeneity for different levels of instrument strength.
In the strong instrument scenario (Table , rejections rates are not sensitive to variations of
p. Only when instruments are weak (Table[S.10) do the Wald rejections rates increase together

with the degree of endogeneity p.
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Finally, Table shows simulation evidence of the size distortion of the DM bootstrap
tests under severe heteroskedasticity. In the same table, we observe that the remaining AR and
KLM bootstrap tests still have rejection rates close to the nominal level.

Figures |S.1] to [S.3| show the AR bootstrap test power curves for different degrees of error
heteroskedasticity (v = 0 to k = 2) at i, = 18. Finally, Figures to show the power
curves for the bootstrapped Wald, KLM, and CLR tests when x = 1 and p,, = 18.

[Table 3 about here.]
[Table 4 about here.]
[Table 5 about here.]
[Table 6 about here.]
[Table 7 about here.]
[Table 8 about here.]
[Table 9 about here.]
[Table 10 about here.]
[Table 11 about here.]
[Figure 1 about here.]
[Figure 2 about here.]
[Figure 3 about here.]
[Figure 4 about here.]
[Figure 5 about here.]

[Figure 6 about here.]

16/135



References

Acemoglu, Daron, Simon Johnson, and James A. Robinson. 2012. The Colonial Origins of
Comparative Development: An Empirical Investigation: Reply. American Economic Review
102(6): 3077-110. doi:10.1257 /aer.102.6.3077

Andrews, Donald W.K. and Patrik Guggenberger. 2017. Asymptotic Size of Kleibergen’s LM
and Conditional LR Tests for Moment Condition Models. Econometric Theory 33(5): 1046-80.
doi:10.1017/50266466616000347

Bun, Maurice and Monique de Haan. 2010. Weak Instruments and the First Stage F-Statistic
in IV Models With a Nonscalar Error Covariance Structure. UvA Econometrics Discussion
Paper 2010/02.

Chernozhukov, Victor and Christian Hansen. 2008. The Reduced Form: A Sim-
ple Approach to Inference with Weak Instruments. Economics Letters 100(1): 68-71.
doi:10.1016/j.econlet.2007.11.012

Davidson, Russell and James G. MacKinnon. 2008. Bootstrap Inference in a Linear Equation
Estimated by Instrumental Variables. Econometrics Journal 11(3): 443-77. d0i:10.1111/j.1368-
423X.2008.00247.x

. 2010. Wild Bootstrap Tests for IV Regression. Journal of Business and Economic Statistics
28(1): 128—44. d0i:10.1198/jbes.2009.07221

Finlay, Keith and Leandro M. Magnusson. 2009. Implementing Weak Instrument Robust Tests
for a General Class of Instrumental Variables Models. Stata Journal 9(3): 398—421.

Goldberger, Arthur and Ingram Olkin. 1971. A Minimum-Distance Interpretation of Limited-
Information Estimation. Econometrica 39(3): 635-39.

Kleibergen, Frank and Richard Paap. 2006. Generalized Reduced Rank Tests Us-
ing the Singular Value Decomposition. Journal of Econometrics 133(1):  97-126.
d0i:10.1016/j.jeconom.2005.02.011

Miguel, Edward, Shanker Satyanath, and Ernest Sergenti. 2004. Economic Shocks and Civil
Conflict: An Instrumental Variables Approach. Journal of Political Economy 112(4): 725-53.
doi:10.1086/421174

Nagar, A. L. 1959. The Bias and Moment Matrix of the General k-Class Estimators of the
Parameters in Simultaneous Equations. Econometrica 27(4): 575-95.

Olea, José Luis Montiel and Carolin Pflueger. 2013. A Robust Test for Weak Instruments. Journal
of Business and Economic Statistics 31(3): 358-69. doi:10.1080/00401706.2013.806694

Pflueger, Carolin and Su Wang. 2015. A Robust Test for Weak Instruments in Stata. Stata Journal
15(1): 216-25.

Robin, Jean-Marc and Richard J. Smith. 2000. Tests of Rank. Econometric Theory 16(2): 151-75.

17/35



Table S.1: Application summary, 95% projection-based confidence intervals, First-stage robust F tests,

and p-values (x100) for Hy : 61 = 0 = 0,Miguel et al.|(2004).

95% projection-based confidence interval Ratio of CIs First
Source of Wald AR AR AR  ARboot. Stage
dependent variable asym. asym. wild boot. /Wald  /Wald  F-test
61
PRIO/Uppsala [-7.72,1.42] [-13.10,0.71]  (—o0, 4+00) 1.51 +o0 5.12
Doyle and Sambanis [-4.25,1.00] [-8.86,0.28] (—o0,0.38] 1.74 400 5.24
Fearon and Laitin [-2.75,1.08] [-3.59,1.44] [-3.95,1.88] 1.31 1.52 5.18
02
PRIO/Uppsala [-5.47,1.79] [-10.32,29.90] (—o0,+00) 5.54 +00 3.43
Doyle and Sambanis [-2.65,0.72] [-3.25,996] [-3.53, 4+00) 3.92 400 4.28
Fearon and Laitin [-1.63,-0.07] [-4.43,211] [-5.50,3.25] 4.18 5.60 4.20
Hy:00=60,=0 p-values
PRIO/Uppsala 0.179 0.101 0.114
Doyle and Sambanis
Fearon and Laitin 0.018 0.005 0.008

Notes: The wild bootstraps use Rademacher resampling weights. The boxes indicate if the test is not rejected at the 1%
significance level, the | 5% | level, the level, and the level. Mortality rates have been capped at 250 deaths

per year per 1000 population.
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Table S.2: Bootstrap methods for cluster IV

Method Tests Weights  Estimator for d,, (6p) Fixed ﬁz (60)? Hpimposed
Estimating Equations (EE) AR,KLM,CLR M, T, R S (6o) Yes Yes
Residuals Single Equation

Inefficient (SE-in) AR, KLM, CLR I',R Sw (6o) Yes Yes

Efficient (SE-eff) AR, KLM, CLR I, R Sw (6o) Yes Yes
Residuals Multiple Equation

IV (ME-IV) Wald IR No No

Inefficient (ME-in) KLM IR Ow (6o) No Yes

Efficient (ME-eff) KLM, Wald IR bw (00) No Yes
Davidson-MacKinnon (DM) AR, KLM I''R 5w (6o) No Yes
Pairs Wald M No

Notes: The weights M, T, and R correspond to the multinomial, gamma, and Rademacher weights, respectively. The Wald

ME-1V, Wald pairs, KLM ME-in, KLM ME-eff, and DM bootstraps are presented in the Supplementary material.
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Table S.3: Rejection percentages for testing Hy : 6 = 0 against H; : 0 # 0 at the 5% significance level,
DGP with first-stage F-test noncentrality parameter p;,, = 18, endogeneity degree p = 0.95, varying
error distributions

N errors x? errors t errors

Stat. Method x — 0 1 2 0 1 2 0 1 2
Wald Asymp. 33.70 41.88 45.73 34.75 41.71 50.10 31.12 41.02 46.54
ME-IV r 2746  34.65 38.03 27.08 3398  40.86 25.59 34.11 38.74
R 30.01 37.60 41.44 30.24 3772  45.20 28.29 3737  42.56
ME-eff T 0.52 0.77 1.19 0.08 0.51 0.60 0.72 1.12 1.64
R 1.42 2.06 2.40 0.53 1.24 1.46 2.06 2.27 2.97
Pairs 10.58 18.00 22.26 7.13 17.27  24.62 11.21 19.37 2457
AR Asymp. 17.08 16.99 16.95 13.33 13.75 13.41 15.56 15.89 15.22
EE M 4.42 4.30 4.06 2.93 3.10 2.65 3.51 3.10 2.90
r 6.30 6.23 6.17 4.75 5.24 4.68 5.51 5.54 5.46
R 4.46 4.48 443 3.52 4.34 3.75 4.02 4.16 4.06
SE-in r 6.89 6.90 6.82 5.00 5.48 5.06 6.57 6.60 6.29
R 5.39 5.28 5.24 3.87 4.44 3.89 4.99 5.20 5.04
SE-eff r 6.58 6.92 6.77 5.38 5.72 5.34 6.63 6.45 6.42
R 5.07 5.00 5.00 3.98 4.41 4.08 4.67 4.72 4.63
DM r 2.69 1.76 0.54 2.25 1.40 0.66 2.26 1.54 0.73
R 5.59 5.63 571 5.05 5.30 5.43 5.45 5.71 5.66
KLM  Asymp. 12.13 12.12 11.81 9.66 10.56 9.74 11.32 11.04 10.83
EE M 2.38 1.89 1.68 2.05 1.76 1.45 2.61 1.70 1.45
r 3.83 3.83 3.46 3.06 3.26 3.25 3.57 3.33 3.03
R 3.83 3.81 3.63 3.04 3.59 3.48 3.55 3.69 3.42
SE-in r 5.42 5.28 5.21 4.10 4.25 4.47 5.00 4.73 5.03
R 6.35 6.14 5.89 4.45 4.90 491 5.65 5.57 5.34
ME-in r 5.22 5.10 4.99 4.05 4.25 4.39 4.75 4.59 4.87
R 5.53 5.50 5.33 4.23 4.69 4.55 5.09 5.08 5.02
ME-eff T 5.31 5.45 5.17 3.87 4.26 4.04 4.89 4.32 4.75
R 5.33 5.29 5.06 3.83 4.30 417 4.79 4.89 473
DM r 1.10 3.04 4.26 1.11 2.65 415 1.00 2.72 4.01
R 3.46 3.75 391 3.67 4.23 4.62 3.67 3.79 4.20
CLR  Asymp. 12.05 12.02 11.66 9.64 10.50 9.69 11.22 10.96 10.77
EE M 2.38 1.89 1.67 2.05 1.75 1.45 2.61 1.69 1.45
r 3.86 3.83 3.45 3.03 3.26 3.24 3.54 3.33 3.03
R 3.82 3.81 3.64 3.05 3.59 3.48 3.57 3.68 3.42
SE-in r 5.42 5.28 5.21 412 4.25 4.45 5.01 471 5.02
R 6.35 6.14 5.88 4.46 4.90 4.88 5.63 5.54 5.34
SE-eff r 5.41 541 511 4.01 4.30 417 4.92 4.54 4.87
R 6.03 5.87 5.43 412 4.59 4.34 5.17 5.16 4.98
Fise Asymp. 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Fefy  Asymp. 96.57  99.72  99.94 92.38 97.71 98.84 93.43 97.69  98.61
Fgff Asymp. 95.67 99.57  99.93 91.42 97.35  98.64 92.70 97.51 98.41

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The
sample size is 400 observations with 20 clusters and 20 observations per cluster. Number of excluded/included instruments:
k. =5/ k. = 1. Within cluster error correlation: ¢ = 0.5. Skedastic function: f (z1,4, k) = h (k) (t4 + 221,4)". The weights
M, T" and R correspond to the multinomial, gamma and Rademacher weights, respectively. Effective F-tests use 5% critical

values under a 10% tolerance for the relative bias.
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Table S.4: Rejection percentages for testing Hy : § = 0 against H; : § # 0 at the 5% significance
level, DGP with first-stage F-test noncentrality parameter y;,, = 0.1, endogeneity degree p =

0.95, varying error distribution

N errors x? errors t errors

Stat. Method &k — 0 1 2 0 1 2 0 1 2
Wald Asymp. 93.67 92.68 91.84 91.54 89.37 89.49 9144 90.27 89.25
ME-IV T 82.13 81.19 7884 76.77 7475 7511 7796 7659 7532
R 82.67 8093 78.22 76.79 74.68 74.05 7851 76.76 74.40
ME-eff T 44.02 43.14 4190 39.35 39.03 3774 40.65 40.77 38.65
R 31.54 3057 29.65 29.65 2759 26.63 30.47 29.68 28.84
Pairs 71.61 68.60 64.71 5759 5549 53.68 63.92 60.82 57.16
AR Asymp. 17.08 16.99 16.95 13.33 13.75 1341 1556 15.89 15.22
EE M 442 430 4.06 293 310 265 351 310 290
r 630 623 6.17 475 524 468 551 554 546
R 446 448 443 352 434 375 4.02 416 4.06
SE-in r 6.89 690 6.82 500 548 5.06 657 6.60 6.29
R 539 528 524 387 444 389 499 520 5.04
SE-eff r 658 692 6.77 538 572 534 6.63 645 642
R 507 500 5.00 398 441 4.08 467 472 463
DM r 269 176 054 225 140 0.66 226 154 073
R 559 563 571 505 530 543 545 571 5.66
KLM  Asymp. 34.78 3480 3343 28.63 28.06 27.51 29.93 3024 29.79
EE M 951 9.05 816 640 6.03 524 786 710 6.24
r 1583 1592 14.87 11.69 1158 11.41 13.15 13.00 12.56
R 1535 1547 14.60 1140 11.62 10.99 1252 12.65 12.15
SE-in r 17.05 17.63 16.30 12.68 12.73 1212 14.62 1443 14.08
R 17.84 1835 17.36 13.32 13.14 1237 1495 15.00 14.31
ME-in r 16.68 1693 15.83 12.76 1237 12.05 1413 1413 13.87
R 13.63 14.02 13.04 10.30 1024  9.65 11.84 12.03 11.65
ME-eff T 16.85 1720 16.23 12.82 12.82 12.45 1435 14.42 14.08
R 11.37 1156 11.27 943 954 9.14 10.10 10.44 10.15
DM r 278 384 284 194 275 272 208 289 3.00
R 410 425 419 325 376 3.88 359 393 4.03
CLR  Asymp. 33.72 34.05 3290 27.65 2748 2697 29.37 29.62 29.19
EE M 8.77 838 747 577 547 463 704 649 5.65
r 1491 15.04 14.15 10.81 10.89 10.78 1217 1236 1191
R 1395 14.08 13.52 10.35 10.87 10.34 1139 11.82 11.52
SE-in r 1629 16.57 15.37 11.75 1199 11.73 13.81 1390 13.67
R 1643 17.03 16.11 1229 1228 11.58 13.92 1435 13.64
SE-eff r 16.18 16.47 15.14 12.03 1239 11.71 13.69 13.73 13.38
R 15.64 1629 15.29 12.06 12.01 11.42 13.13 13.63 12.93
Fyse Asymp. 7629 79.69 80.83 76.63 7873 81.43 7511 7839 81.34
Fepy  Asymp. 029 041 0.64 035 053 0.82 035 058 098
Ft;p  Asymp. 021 029 042 025 041 0.69 027 045 0.77

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each
simulation. The sample size is 400 observations with 20 clusters and 20 observations per cluster. Number of
excluded/included instruments: k. = 5 / k, = 1. Within cluster error correlation: ¢ = 0.5. Skedastic function:
f(z1,9,k) = h (k) (tg + 221,4)". The weights M, I" and R correspond to the multinomial, gamma and Rademacher

weights, respectively. Effective F-tests use 5% critical values under a 10% tolerance for the relative bias.
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Table S.5: Rejection percentages for testing Hy : § = 0 against H; : 0 # 0 at the 5% significance level, DGP with
first-stage F-test noncentrality parameter p;,, = 18, endogeneity degree p = 0.95, normal random errors, varying
number of excluded instruments

k=0 k=1 k=2

Stat. Method &k, — 2 5 10 15 2 5 10 15 2 5 10 15
Wald Asymp. 16.16 33.70 24.18 2950 1794  41.88 24.24 32.80 21.34 45.73 2447  36.68
ME-IV T 13.86 27.46 17.81 20.26 15.20 34.65 17.80 2546 16.87 38.03 17.52 29.15
R 13.93 30.01 15.39 2280 15.38 37.60 15.81 27.59 17.10 41.44 15.67  31.79
ME-eff T 7.27 0.52 14.41 3.13 7.44 0.77 14.40 3.81 7.67 1.19 12.91 4.90
R 5.58 1.42 7.81 5.72 5.70 2.06 8.06 6.00 5.65 2.40 7.66 6.42
Pairs 8.33 10.58 8.90 13.31 9.74 18.00 9.82 18.12 11.54 22.26 10.49 21.73
AR Asymp. 6.86 17.08 60.93 96.98 6.59 16.99 61.03 97.03 6.19 16.95 6044  96.99
EE M 3.21 4.42 53.67  99.01 3.12 4.30 54.40 99.13 2.51 4.06 53.46 99.05
r 5.79 6.30 7.37 5.99 5.29 6.23 7.21 6.44 5.15 6.17 7.83 5.86
R 4.70 4.46 4.30 264 470 4.48 4.25 2.87 470 443 4.47 2.53
SE-in T 5.92 6.89 8.52 7.30 5.81 6.90 8.30 7.64 5.60 6.82 8.66 6.85
R 5.39 5.39 5.37 5.85 5.30 5.28 5.27 6.00 5.26 5.24 5.47 5.51
SE-eff T 5.96 6.58 8.78 7.39 5.69 6.92 8.64 7.86 5.64 6.77 8.95 7.09
R 5.38 5.07 5.02 5.69 5.21 5.00 491 5.66 5.04 5.00 5.07 5.36
DM T 2.64 2.69 2.90 0.14 3.62 1.76 1.01 0.01 3.19 0.54 0.06 0.00
R 5.44 5.59 6.50 8.15 5.53 5.63 6.46 8.68 5.63 5.71 6.85 8.85
KLM Asymp. 7.74 12.13 37.00 67.60 7.28 12.12 37.72 68.18 6.81 11.81 36.44 66.86
EE M 4.43 2.38 24.00 66.63 3.75 1.89 23.83 65.93 3.26 1.68 22.26 64.68
r 5.24 3.83 6.60 5.81 4.83 3.83 6.28 5.77  4.59 3.46 6.19 5.75
R 4.86 3.83 5.29 346 470 3.81 491 3.59 4.60 3.63 5.11 3.28
SE-in T 5.60 5.42 7.35 7.01 5.11 5.28 7.02 713 478 5.21 7.14 6.69
R 5.34 6.35 6.61 6.75 5.30 6.14 6.32 6.51 5.28 5.89 6.39 6.20
ME-in T 5.56 5.22 7.42 7.01 5.24 5.10 7.13 713 495 4.99 7.21 6.73
R 5.16 5.53 6.41 6.63 5.33 5.50 6.25 6.58 5.25 5.33 6.26 6.21
ME-eff T 5.34 5.31 7.36 6.68 5.18 5.45 7.25 7.04 4.89 5.17 7.30 6.41
R 5.06 5.33 5.65 5.63 5.22 5.29 5.58 5.59 5.03 5.06 5.61 5.45
DM Tr 3.69 1.10 2.05 2.09 4.67 3.04 3.99 4.19 5.63 4.26 5.45 3.72
R 5.03 3.46 4.28 456 490 3.75 4.53 4.62 5.13 3.91 491 4.84
CLR Asymp. 7.80 12.05 63.58 52.42 7.32 12.02 63.25 52.14 6.89 11.66 60.27  51.62
EE M 4.42 2.38 12.47 4.53 3.77 1.89 11.77 3.50 3.23 1.67 10.10 2.67
T 5.18 3.86 2.58 0.45 4.94 3.83 2.53 0.51 4.54 3.45 2.26 0.22
R 4.83 3.82 1.82 0.31 4.71 3.81 1.86 034 4.62 3.64 1.72 0.18
SE-in T 5.63 5.42 3.01 0.49 5.13 5.28 2.80 0.56 4.81 5.21 2.61 0.28
R 5.27 6.35 2.31 050 5.25 6.14 2.21 0.45 5.26 5.88 2.06 0.23
SE-eff T 5.44 5.41 3.10 053 5.24 5.41 2.84 0.57 490 5.11 2.55 0.25
R 5.13 6.03 2.16 0.39 5.21 5.87 2.12 0.40 5.10 5.43 1.86 0.23
Fise  Asymp. 99.97 100.00 100.00 100.00 99.99 100.00 100.00 100.00 99.97 100.00 100.00 100.00
Fery Asymp. 95.01 96.57  99.22 100.00 96.22 99.72 99.64 100.00 97.57 99.94 99.84 100.00
Fgff Asymp. 83.49 95.67 99.09 100.00 88.21 99.57 99.61 100.00 93.36 99.93 99.82  100.00

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The sample size
is 400 observations with 20 clusters and 20 observations per cluster. Number of included instruments: k, = 1. Within cluster error
correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (tg + 221,9)". The weights M, I' and R correspond to the multinomial, gamma

and Rademacher weights, respectively. Effective F-tests use 5% critical values under a 10% tolerance for bias.
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Table S.6: Rejection percentages for testing Hy : 6 = 0 against H; : 6 # 0 at the 5% significance level,
= 0.1, endogeneity degree p = 0.95, normal random

DGP with first-stage F-test noncentrality parameter y,,
errors, varying number of excluded instruments

k=0 k=1 K=2

Stat. Method k., — 2 5 10 15 2 5 10 15 2 5 10 15
Wald Asymp. 69.20 93.67 99.54 9995 69.93 92.68 99.26 99.89 69.76 91.84 99.29 99.89
ME-IV T 55.34 82.13 96.20 99.37 55.99 81.19 95.85 98.79 55.80 78.84 95.02 98.39
R 56.97 82.67 96.02 98.68 5794 8093 95.54 97.70 57.63 7822 94.53 96.77
ME-eff T 2527 44.02 81.01 99.03 26.64 43.14 80.61 98.37 2729 4190 79.10 97.88
R 19.05 31.54 71.45 97.13 20.03 30.57 70.63 9598 21.34 29.65 69.06 95.09
Pairs 4943 71.61 90.35 9482 5045 68.60 89.29 9145 4982 64.71 87.43 88.62
AR Asymp. 6.86 17.08 60.93 96.98 6.59 1699 61.03 97.03 6.19 1695 60.44 96.99
EE M 3.21 442 53.67 99.01 3.12 430 54.40 99.13 2.51 4.06 53.46 99.05
I 5.79 6.30 7.37 5.99 5.29 6.23 7.21 6.44 5.15 6.17 7.83 5.86
R 4.70 4.46 4.30 2.64 4.70 4.48 4.25 2.87 4.70 443 4.47 2.53
SE-in T 5.92 6.89 8.52 7.30 5.81 6.90 8.30 7.64 5.60 6.82 8.66 6.85
R 5.39 5.39 5.37 5.85 5.30 5.28 5.27 6.00 5.26 5.24 5.47 5.51
SE-eff T 5.96 6.58 8.78 7.39 5.69 6.92 8.64 7.86 5.64 6.77 8.95 7.09
R 5.38 5.07 5.02 5.69 5.21 5.00 491 5.66 5.04 5.00 5.07 5.36
DM r 2.64 2.69 2.90 0.14 3.62 1.76 1.01 0.01 3.19 0.54 0.06 0.00
R 5.44 5.59 6.50 8.15 5.53 5.63 6.46 8.68 5.63 5.71 6.85 8.85
KLM Asymp. 12.89 34.78 69.18 86.06 1290 34.80 69.80 8594 1233 3343 6947 84.82
EE M 5.80 9.51 5348 84.45 5.35 9.05 53.64 84.27 4.56 8.16 53.02 83.35
Tr 9.43 1583 2343 12.68 9.01 1592 2297 13.10 9.06 14.87 23.02 12.45
R 9.04 1535 20.35 6.21 891 1547 19.71 6.65 8.92 14.60 20.11 6.37
SE-in T 9.68 17.05 24.48 14.27 937 17.63 24.35 14.77 9.12 1630 24.62 14.01
R 9.33 17.84 2297 13.65 9.69 1835 22.69 14.34 945 17.36 23.18 13.56
ME-in T 9.83 16.68 25.36 13.76 9.60 1693 25.14 14.39 948 15.83 25.07 13.67
R 8.27 13.63 18.68 12.23 8.79 14.02 18.40 12.87 8.63 13.04 1849 12.22
ME-eff T 9.59 16.85 25.03 13.77 948 1720 24.90 14.13 9.38 16.23 2497 13.94
R 7.84 1137 1643 11.12 8.02 1156 16.04 11.25 8.05 1127 16.41 11.28
DM r 3.34 2.78 3.44 2.64 4.11 3.84 3.84 2.89 4.24 2.84 3.02 1.22
R 5.03 4.10 4.51 4.76 4.99 4.25 4.85 5.01 4.89 4.19 4.82 5.35
CLR Asymp. 11.33 33.72 82.70 80.48 11.35 34.05 83.98 79.24 1094 3290 83.28 77.99
EE M 4.61 8.77 30.15 45.46 4.21 8.38 29.90 43.99 3.72 747 3041 42.05
N 8.46 1491 11.25 4.79 8.06 15.04 10.93 4.89 8.13 14.15 11.60 4.19
R 7.76 13.95 9.54 2.77 7.77 14.08 8.97 2.75 8.05 13.52 9.98 2.50
SE-in T 8.60 1629 11.71 5.30 852 1657 11.66 5.49 8.36 1537 12.21 5.07
R 829 1643 10.67 5.00 8.63 17.03 10.58 4.90 8.75 16.11 11.28 4.51
SE-eff T 8.55 16.18 11.85 541 855 1647 11.79 5.34 8.30 15.14 1215 5.02
R 8.11 15.64 9.97 4.49 8.29 16.29 9.66 4.45 841 1529 1048 4.04
Fis«  Asymp. 31.83 76.29 9327 100.00 34.27 79.69 9340 100.00 37.32 80.83 93.66 100.00
Ferp Asymp. 2.73 0.29 0.48 20.19 3.12 0.41 0.59 21.84 4.00 0.64 0.61 23.47
Fgff Asymp. 0.35 0.21 0.47 20.11 0.58 0.29 0.55 21.80 0.83 0.42 0.57 23.42

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The sample
size is 400 observations with 20 clusters and 20 observations per cluster. Number of included instruments: k. = 1. Within
cluster error correlation: ¢ = 0.5. Skedastic function: f(z1,q,k) = h (k) (tg + 221,4)". The weights M, T" and R correspond to the
multinomial, gamma and Rademacher weights, respectively. Effective F-tests use 5% critical values under a 10% tolerance for bias.
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Table S.7: Rejection percentages for testing Hy : § = 0 against H; : 6 # 0 at the 5% significance level, DGP with first-
stage F-test noncentrality parameter 1, = 18, endogeneity degree p = 0.95, normal random errors, varying number
of clusters

k=0 k=1 K=2

Stat. Method G — 10 20 40 80 10 20 40 80 10 20 40 80
Wald Asymp. 38.18 3370  28.08 1713 4339 4188 38.15 2486 46.77 4573 4422 2798
ME-IV T 2499 2746  26.62 16.22 2891 3465 3539 2129 33.13 38.03 39.25 2157
R 26.41 30.01 28.64 1542 3020 3760 3854 21.17 34.04 4144 43.03 21.03
ME-eff T 0.21 0.52 1.54 9.09 0.27 0.77 2.87 9.75 0.37 1.19 4.09 10.14
R 1.52 1.42 2.10 6.11 1.73 2.06 291 6.41 2.01 2.40 3.50 6.64
Pairs 8.04 10.58 10.75 9.50 10.76 18.00 22.03 15.56 1449 2226 27.24 16.82
AR Asymp. 47.50 17.08 8.32 5.63 47.32 16.99 7.70 518 4691 16.95 8.12 4.88
EE M 53.54 4.42 1.60 1.17 53.44 4.30 1.03 0.86  53.03 4.06 1.04 0.77
T 6.05 6.30 6.22 6.08 5.87 6.23 5.93 5.86 5.72 6.17 5.92 5.46
R 2.94 4.46 4.79 5.02 297 4.48 4.64 4.95 2.72 443 4.65 4.76
SE-in T 7.62 6.89 6.18 5.95 7.17 6.90 5.90 5.84 7.48 6.82 5.78 5.42
R 6.65 5.39 4.99 5.11 6.70 5.28 4.70 5.03 6.42 5.24 4.69 4.89
SE-eff T 741 6.58 6.18 5.91 6.81 6.92 6.00 5.89 7.09 6.77 5.89 5.47
R 5.40 5.07 493 5.17 5.22 5.00 4.67 5.20 5.11 5.00 4.68 4.85
DM r 1.43 2.69 2.72 2.54 0.59 1.76 2.00 2.37 0.10 0.54 1.06 1.51
R 7.93 5.59 5.05 5.17 7.98 5.63 5.14 5.40 8.42 5.71 5.25 5.45
KLM Asymp. 37.72 12.13 6.54 6.52  38.36 12.12 5.42 6.28  37.49 11.81 5.71 6.28
EE M 22.72 2.38 1.73 224 2244 1.89 1.15 133  21.79 1.68 1.04 1.08
T 4.38 3.83 4.45 5.38 448 3.83 3.54 5.07 4.35 3.46 3.85 5.11
R 2.89 3.83 497 5.35 2.80 3.81 4.26 5.23 2.64 3.63 4.55 5.29
SE-in T 6.38 5.42 5.03 5.23 6.39 5.28 4.35 497 6.09 5.21 4.65 5.04
R 6.95 6.35 6.07 5.47 6.89 6.14 5.61 5.56 6.86 5.89 6.01 5.58
ME-in T 6.32 5.22 4.65 5.20 6.27 5.10 412 4.89 6.09 4.99 4.45 4.94
R 6.84 5.53 497 5.19 6.84 5.50 4.64 5.27 6.82 5.33 5.08 5.38
ME-eff T 5.86 5.31 4.94 5.08 5.59 5.45 4.32 5.00 5.46 5.17 4.68 491
R 5.43 5.33 5.30 5.32 5.27 5.29 4.73 5.29 5.20 5.06 5.33 5.32
DM T 0.05 1.10 2.35 3.72 0.40 3.04 3.94 5.33 2.07 4.26 5.38 5.51
R 0.91 3.46 4.84 5.13 0.89 3.75 4.64 5.38 1.24 391 5.23 5.45

CLR Asymp. 40.12  12.05 6.51 6.46  40.74  12.02 5.34 6.27 3982 11.66 5.69 6.23
EE

M 22.29 2.38 1.69 218  22.04 1.89 1.12 1.31 2153 1.67 1.04 1.08

r 435 3.86 4.49 5.39 4.46 3.83 3.52 5.06 426 3.45 3.86 5.09

R 2.81 3.82 4.90 5.35 2.77 3.81 426 524 2.59 3.64 4.54 529

SE-in T 6.27 542 5.03 525 6.23 528 433 5.00 5.99 521 4.64 5.00

R 6.66 6.35 6.06 548 6.67 6.14 5.60 5.53 6.79 5.88 6.00 5.59

SE-eff T 5.86 541 5.02 522 5.54 541 4.36 4.98 5.44 511 4.68 491

R 5.36 6.03 6.00 5.58 5.31 5.87 541 5.39 524 5.43 5.87 5.55

Fise  Asymp. 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Feyr Asymp. 98.83 96,57 9448 9422 9949 9972 99.88 99.62 99.86 99.94 9998  99.54
Fc;; Asymp. 98.80 95.67 91.84 8911 9947 9957 99.81 99.33 99.86 99.93 99.96  99.29

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The sample size is
G x 20 observations with 20 observations clusters. Number of included instruments: k, = 1. Within cluster error correlation: ¢ = 0.5.
Skedastic function: f (z1,4,%) = h (k) (g + 221,4)". The weights M, I" and R correspond to the multinomial, gamma and Rademacher weights,
respectively. Effective F-tests use 5% critical values under a 10% tolerance for bias.
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Table S.8: Rejection percentages for testing Hy : 6 = 0 against H; : 6 # 0 at the 5% significance level, DGP
with first-stage F-test noncentrality parameter ;;,, = 0.1, endogeneity degree p = 0.95, normal random

errors, varying number of clusters

k=0 k=1 k=2

Stat. Method G — 10 20 40 80 10 20 40 80 10 20 40 80
Wald Asymp. 9484 93.67 9325 9282 9620 9497 9428 9546 9920 99.51 99.51 99.83
ME-IV T 82.04 8213 8198 81.69 85.11 8597 85.02 86.67 9529 9746 98.27 98.68
R 80.53 82.67 8248 8216 8351 8531 85.02 87.07 9413 9738 9836 98.72
ME-eff T 6227 44.02 3243 29.79 6633 5154 4394 4592 8585 87.66 90.71 92.28
R 48.64 3154 2280 2244 5230 36.63 33.18 38.60 73.02 8051 8854 91.72
Pairs 61.76 7161 7557 76.84 6451 7457 7697 8144 80.85 9415 96.85 98.09
AR Asymp. 47.50 17.08 8.32 5.63 47.68 16.74 7.48 499 43.03 13.35 5.39 3.23
EE M 53.54 4.42 1.60 1.17 53.96 3.88 0.65 0.51 48.87 1.77 0.07 0.00
T 6.05 6.30 6.22 6.08 5.71 6.56 5.86 5.62 5.00 4.72 4.25 4.62
R 2.94 4.46 4.79 5.02 2.94 4.79 4.50 5.10 2.44 3.92 3.57 4.50
SE-in T 7.62 6.89 6.18 5.95 7.09 7.06 5.76 5.60 6.37 6.69 5.44 5.56
R 6.65 5.39 4.99 5.11 6.49 5.46 4.77 5.05 5.93 5.09 4.35 5.00
SE-eff T 7.41 6.58 6.18 591 6.83 7.05 5.70 5.59 5.90 6.64 5.41 5.66
R 5.40 5.07 493 5.17 5.46 5.16 4.70 5.02 5.08 5.39 4.79 5.28
DM r 143 2.69 2.72 2.54 0.26 0.81 1.33 2.08 0.92 591 8.18 8.70
R 7.93 5.59 5.05 5.17 9.19 6.42 5.50 560 15.62 1429 1151 1211
KLM Asymp. 58.32 34.78 2348 21.07 5994 37.02 2556 2355 65.05 36.13 20.85 21.24
EE M 44.22 9.51 5.64 6.02 4496 8.56 2.94 290 4791 4.13 0.39 0.28
r 10.25 15.83 16.74 1776 1031 17.25 1822 20.67 944 1456 13.82 18.62
R 582 15.35 1694 18.28 6.15 1697 1832 2091 559 15.20 13.85 18.52
SE-in T 1239 17.05 16.70 1723 1290 1898 1871 20.02 1248 2026 17.29 20.92
R 1343 17.84 17.77 1831 13.71 1945 19.14 20.83 14.00 1898 1498 19.61
ME-in T 12.61 16.68 1598 17.27 1296 18.07 1792 19.74 1255 19.22 16.23 20.43
R 1249 13.63 12.83 1344 1281 1491 1374 1554 1264 1469 1125 15.25
ME-eff T 12.02 16.85 1545 1545 1199 1851 1723 1790 1155 1935 15.82 19.30
R 991 11.37 10.19 10.22 986 1233 1093 11.85 10.83 13.28 10.01 13.20
DM r 2.29 2.78 2.77 3.35 3.07 3.89 3.94 4.87 5.14 7.43 8.99 4.85
R 4.11 4.10 4.16 4.57 4.77 5.02 5.15 5.43 8.17 9.86 9.62 6.15
CLR Asymp. 72.08 33.72 20.64 1637 7322 36.19 2317 1992 70.09 35.92 20.06 20.09
EE M 18.29 8.77 3.88 3.72 17.80 7.87 1.81 1.67 1443 3.88 0.19 0.06
r 427 1491 14.87 1491 443 16.31 1659 17.96 3.11 1421 1347 17.88
R 257 1395 14.37 14.99 275 15.73 1645 1841 193 1487 1347 17.66
SE-in T 513 16.29 1459 14.53 514 17.79 17.03 17.72 3.80 20.03 16.67 20.14
R 514 1643 1525 14.89 482 18.27 17.37 1843 3.78 18.58 1442 18.66
SE-eff T 488 16.18 1454 1450 466 17.73 17.01 17.76 344 1959 1640 20.28
R 3.80 15.64 15.04 1493 3.63 1750 17.04 1847 3.20 18.21 1453 1897
Fis:  Asymp. 95.87 7629 5312 3694 9654 8294 6810 52.62 9850 9588 94.13 53.87
Ferp Asymp. 9.50 0.29 0.00 0.00 11.13 0.87 0.27 0.07 32.01 3743 18.73 0.24
Fgff Asymp. 9.15 0.21 0.00 0.00 10.72 0.72 0.13 0.02 31.35 34.15 13.82 0.12

Notes: Authors’

bias.

calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The
sample size is G x 20 observations with 20 observations per cluster. Number of included instruments: k, = 1. Within cluster
error correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (tg + 221,4)". The weights M, T' and R correspond to the
multinomial, gamma and Rademacher weights, respectively. Effective F-tests use 5% critical values under a 10% tolerance for
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Table S.9: Rejection percentages for testing Hy : 6 = 0 against H; : § # 0 at the 5% significance level, DGP with
first-stage F-test noncentrality parameter ;. = 18, normal random errors, varying degree of endogeneity

k=0 k=1 K=2

Stat. Method p — 0.20 0.50 0.70 0.95 0.20 0.50 0.70 0.95 0.20 0.50 0.70 0.95
Wald Asymp. 33.89 3390 33.85 3370 4293 42.63 4246 41.88 4783 4737 46.60 45.73
ME-IV T 31.25 3076 2955 2746 3748 36.77 35.85 3465 4156 4030 39.58  38.03
R 3412 3323 3197 30.01 4122 4036 3939 37.60 4529 4423 43.07 41.44
ME-eff T 0.67 0.65 0.70 0.52 0.85 0.92 0.84 0.77 0.97 1.14 1.28 1.19
R 1.84 1.75 1.65 1.42 2.15 2.26 2.30 2.06 2.19 2.23 2.40 2.40
Pairs 20.70 18.14 15.24 10.58 27.85 2537 2253 18.00 31.73 2946 27.01 22.26
AR Asymp. 17.08 17.08 17.08 17.08 16.99 16.99 16.99 16.99 16.95 16.95 16.95 16.95
EE M 4.76 4.76 4.76 4.76 4.56 4.56 4.56 4.56 4.22 4.22 4.22 4.22
T 6.15 6.15 6.15 6.15 6.25 6.25 6.25 6.25 6.12 6.12 6.12 6.12
R 4.32 4.32 4.32 4.32 4.14 4.14 4.14 4.14 4.25 4.25 4.25 4.25
SE-in T 6.89 6.89 6.89 6.89 6.90 6.90 6.90 6.90 6.82 6.82 6.82 6.82
R 5.39 5.39 5.39 5.39 5.28 5.28 5.28 5.28 5.24 5.24 5.24 5.24
SE-eff T 6.58 6.58 6.58 6.58 6.92 6.92 6.92 6.92 6.77 6.77 6.77 6.77
R 5.07 5.07 5.07 5.07 5.00 5.00 5.00 5.00 5.00 5.00 5.00 5.00
DM T 2.69 2.69 2.69 2.69 1.76 1.76 1.76 1.76 0.54 0.54 0.54 0.54
R 5.59 5.59 5.59 5.59 5.63 5.63 5.63 5.63 5.71 5.71 5.71 5.71

KLM Asymp. 1198 1193 1214 1213 1161 11.60 1192 1212 1178 1185 11.88 11.81

EE M 2.52 245 244 2.46 1.97 2.02 2.03 2.14 1.77 1.77 1.79 1.81
T 3.35 3.51 3.65 3.62 3.29 343 3.58 3.74 3.17 3.34 3.39 3.46
R 3.32 3.35 3.42 3.60 3.30 3.47 3.54 3.65 3.08 3.18 3.25 3.42
SE-in T 4.85 5.10 5.33 5.42 475 476 5.02 5.28 4.82 497 5.10 521
R 5.44 5.63 5.78 6.35 5.40 5.60 5.74 6.14 5.27 525 5.46 5.89
ME-in T 4.79 5.01 5.14 522 4.89 4.83 4.83 5.10 4.88 4.85 494 4.99
R 5.03 527 5.36 5.53 5.17 5.31 5.35 5.50 5.10 5.17 5.12 5.33
ME-eff T’ 4.66 4.88 5.05 531 4.57 4.87 497 5.45 4.60 4.82 475 517
R 4.59 4.75 4.90 533 4.64 4.87 4.87 5.29 4.36 4.45 4.60 5.06
DM T 1.07 1.04 1.01 1.10 2.90 2.86 2.84 3.04 3.94 3.89 4.05 4.26
R 3.14 3.18 3.24 3.46 3.44 3.47 3.49 3.75 3.69 3.70 3.82 391

CLR Asymp. 1192 1185 1213 1205 1156 1154 11.86 1202 11.75 11.79 11.74 11.66
EE

M 2.55 2.47 2.44 2.44 1.97 2.02 2.04 2.14 1.79 1.77 1.79 1.81

T 3.36 3.49 3.63 3.63 3.29 3.43 3.58 3.73 3.17 3.34 3.36 3.47

R 3.34 3.36 3.42 3.61 3.31 3.47 3.54 3.65 3.08 3.19 3.25 3.45

SE-in T 4.87 5.10 5.33 5.42 4.76 4.75 5.00 528 4.82 4.95 5.10 521

R 5.42 5.62 5.75 6.35 5.40 5.60 5.74 6.14 5.28 525 5.43 5.88

SE-eff T 4.84 5.01 5.15 5.41 4.78 4.87 5.04 541 4.65 4.83 493 5.11

R 4.92 528 5.42 6.03 5.04 5.20 5.38 5.87 4.81 4.88 493 543

Fiseo  Asymp. 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Fepr Asymp. 96.27 9637 9650 9657 99.67 99.64 99.64 99.72 9996 9991 9991 99.94
Fo;; Asymp. 9529 9545 9566 95.67 99.61 9954 9949 9957 9992 99.87 99.87  99.93

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The sample size is 400
observations with 20 clusters and 20 observations per cluster. Number of included instruments: k, = 1. Within cluster error correlation:
¢ = 0.5. Skedastic function: f (z1,4,%) = h (k) (tg + 221,4)". The weights M, I and R correspond to the multinomial, gamma and Rademacher
weights, respectively. Effective F-tests use 5% critical values under a 10% tolerance for bias.
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Table S.10: Rejection percentages for testing Hy : § = 0 against H; : § # 0 at the 5% significance level,
DGP with first-stage F-test noncentrality parameter p,, = 0.1, normal random errors, varying degree of

endogeneity
k=0 k=1 k=2

Stat. Method p — 020 050 070 0.95 020 050 070 0.95 020 050 070 095
Wald Asymp. 1290 3321 5829 93.67 1448 36.18 60.26 92.68 16.04 3636 60.04 91.84
ME-IV T 6.70 21.60 4289 8213 795 23.66 4540 81.19 861 24.06 44.83 78.84

R 726 2325 4524 8267 8.66 2513 4747 8093 9.07 2557 4657 78.22

ME-eff T 337 1070 2041 44.02 351 1146 2206 43.14 378 1157 21.72 4190

R 425 980 1541 3154 428 981 16.07 3057 448 10.17 1590 29.65

Pairs 282 1334 3117 7161 341 1497 3378 68.60 382 1540 33.63 64.71

AR Asymp. 17.08 17.08 17.08 17.08 16.99 1699 1699 1699 1695 1695 1695 16.95
EE M 476 476 476 476 456 456 456 456 422 422 422 422

r 615 615 615 615 625 625 625 625 612 612 612 612

R 432 432 432 432 414 414 414 414 425 425 425 425

SE-in T 689 689 689 689 690 690 690 690 682 682 682 682

R 539 539 539 539 528 528 528 528 524 524 524 524

SE-eff T 658 658 658 658 692 692 692 692 677 677 677 677

R 507 507 507 507 500 500 500 500 500 500 500 500

DM T 269 269 269 269 176 176 176 176 054 054 054 054

R 559 559 559 559 563 563 563 563 571 571 571 571

KLM Asymp. 1591 1891 2291 3478 1596 18.67 2262 3480 1599 18.66 2220 33.43
EE M 570 623 718 9.85 525 587 706 938 520 547 622 845

r 553 697 912 1554 589 696 913 1595 552 690 853 14.89

R 472 631 803 1507 516 650 856 15.09 501 617 8.02 1453

SE-in T 595 762 951 1705 626 770 968 1763 6.08 749 938 16.30

R 58 735 970 17.84 592 737 988 1835 583 730 951 1736

ME-in T 611 753 973 16.68 616 767 9.68 1693 614 756 933 15.83

R 526 623 830 13.63 573 671  8.62 14.02 545 644 8.00 13.04

ME-eff T 595 741 980 1685 606 730 988 1720 581 710 924 16.23

R 497 588 734 1137 531 629 791 1156 512 613 729 1127

DM Tr 381 379 369 278 355 350 367 384 181 188 201 284

R 487 489 493 410 511 504 495 425 481 474 473 419

CLR Asymp. 16.51 19.05 2290 33.72 1645 1891 2280 34.05 1653 1899 2227 3290
EE M 537 599 675 910 496 569 652 867 490 522 577 779

r 545 667 867 1463 584 694 883 1511 563 678 814 14.16

R 459 576 741 1366 490 611 801 1393 482 583 739 1348

SE-in T 594 729 942 1629 621 765 956 1657 598 737 919 1537

R 557 698 911 1643 570 723 942 1703 576 7.02 895 16.11

SE-eff T 596 728 929 1618 598 754 963 1647 599 721 888 1514

R 521 652 862 1564 535 670 882 1629 533 649 842 1529

Fis¢  Asymp. 75.73 7627 7627 7629 7759 7866 7899 79.69 79.07 79.77 80.24 80.83
Feyr Asymp. 023 016 018 029 023 022 031 041 028 026 043 0.64
Fc;; Asymp. 016 011 011 021 019 016 024 029 022 020 035 042

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each simulation. The
sample size is 400 observations with 20 clusters and 20 observations per cluster. Number of included instruments: k, = 1. Within
cluster error correlation: ¢ = 0.5. Skedastic function: f (z1,4, k) = h (k) (tg + 221,4)". The weights M, T" and R correspond to the
multinomial, gamma and Rademacher weights, respectively. Effective F-tests use 5% critical values under a 10% tolerance for

bias.
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Table S.11: Rejection percentages for testing Hy : 6 = 0 against H; : 6 # 0 at the
5% significance level, DGP with normal random errors, Rademacher bootstrap weights,
comparison with Davidson-MacKinnon bootstraps

n=20 n=1 n=2
K — 0 1 2 0 1 2 0 1 2
Stat.  Method Panel A: p = 0.20
AR Asymp. 17.08 16.74 13.35 19.01 19.52 18.55 27.07 26.52 21.79
EE 446 479 392 432 439 529 420 468 4.01
SE-eff 507 516 539 518 502 531 551 551 585
DM 5.59 6.42 14.29 5.39 6.43 8.23 5.93 771 2235
KLM Asymp. 1198 11.71 12.24 16.74 16.59 15.68 21.35 21.76 21.77
EE 337 365 3.68 433 438 4.18 443 454 467
ME-eff 459 463 504 503 501 484 521 532 594
DM 3.14 401 1232 4.30 474 546 437 647 2478
Ferr  Asymp. 96.27 99.62 98.55 98.93 99.61 99.64 97.73 9890 98.11
Panel B: p = 95
AR Asymp. 17.08 16.74 13.35 19.01 19.52 18.55 27.07 26.52 21.79
EE 446 479 392 432 439 529 420 468 4.01
SE-eff 507 516 539 518 502 531 551 551 585
DM 559 642 1429 539 643 823 593 771 2235
KLM Asymp. 1213 12,53 15.68 16.43 1698 17.43 21.39 2221 25.03
EE 383 405 511 442 460 5.05 466 466 556
ME-eff 533 542 648 522 525 559 546 546 7.05
DM 346 423 11.77 428 468 571 451 640 2591
Ferr  Asymp. 96.57 98.69 68.70 98.95 98.85 81.19 97.82 98.30 7597

Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 199 bootstrap replications for each
simulation. The sample size is 400 observations with 20 clusters: n = 0 indicates 20 observations per cluster, and
n = 1 and n = 2 indicate observations per cluster in the range of 12 to 29 and 7 to 42, respectively. Number of
excluded/included instruments: k. = 5 / k; = 1. Noncentrality parameter of first-stage F-test: p11, = 18. Within
cluster error correlation: ¢ = 0.5. Degree of endogeneity: p = 0.95. Skedastic function: f (z1,4, ) = (¢4 + 221,4)".
Effective F-test uses 5% critical values under a 10% tolerance for the relative bias.
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Figure S.1: Power comparisons of bootstrapped AR tests with noncentrality parameter of first-
stage F-test at 11, = 18 and residual heterogeneity at x = 0.
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Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 999 bootstrap replications for each
simulation using Rademacher weights and a DGP with normal errors. The sample size is 400 observations with
20 clusters: 7 = 0 indicates 20 observations per cluster, and 7 = 1 and = 2 indicate observations per cluster in the
range of 12 to 29 and 7 to 42, respectively. Number of excluded/included instruments: k. = 5 / k, = 1. Within
cluster error correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (¢4 + 221,4)" evaluated at k = 0.

29/B35



Figure S.2: Power comparisons of bootstrapped AR tests with noncentrality parameter of first-
stage F-test at 11, = 18 and residual heterogeneity at x = 1.
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Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 999 bootstrap replications for each
simulation using Rademacher weights and a DGP with normal errors. The sample size is 400 observations with
20 clusters: 7 = 0 indicates 20 observations per cluster, and 7 = 1 and = 2 indicate observations per cluster in the
range of 12 to 29 and 7 to 42, respectively. Number of excluded/included instruments: k. = 5 / k, = 1. Within
cluster error correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (¢4 + 221,4)" evaluated at k = 1.
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Figure S.3: Power comparisons of bootstrapped AR tests with noncentrality parameter of first-
stage F-test at 11, = 18 and residual heterogeneity at xk = 2.
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Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 999 bootstrap replications for each
simulation using Rademacher weights. DGP with normal errors. The sample size is 400 observations with 20
clusters: 7 = 0 means 20 observations per cluster, 7 = 1 and 1 = 2 indicate observations per cluster in the range of
12 to 29 and 7 to 42, respectively. Number of excluded/included instruments: k. = 5 / k, = 1. Within cluster error
correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (¢4 + 221,4)" evaluated at k = 2.
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Figure S.4: Power comparisons of bootstrapped Wald tests with noncentrality parameter of
tirst-stage F-test at 15, = 18 and residual heterogeneity at x = 1.
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Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 999 bootstrap replications for each
simulation using Rademacher weights and a DGP with normal errors. The sample size is 400 observations with
20 clusters: 7 = 0 indicates 20 observations per cluster, and 7 = 1 and = 2 indicate observations per cluster in the
range of 12 to 29 and 7 to 42, respectively. Number of excluded/included instruments: k. = 5 / k, = 1. Within
cluster error correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (¢4 + 221,4)" evaluated at k = 1.
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Figure S.5: Power comparisons of bootstrapped KLM statistics with noncentrality parameter

of first-stage F-test at /i,

= 18 and residual heter ity at Kk = 1.
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Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 999 bootstrap replications for each
simulation using Rademacher weights, and a DGP with normal errors. The sample size is 400 observations with 20
clusters: n = 0 indicates 20 observations per cluster, and n = 1 and = 2 indicate observations per cluster in the
range of 12 to 29 and 7 to 42, respectively. Number of excluded/included instruments: k. = 5 / k, = 1. Within
cluster error correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (¢4 + 221,4)" evaluated at k = 1.
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Figure S.6: Power comparisons of bootstrapped CLR statistics with noncentrality parameter of

tirst-stage F-test at 15, = 18 and residual heterogeneity at x = 1.
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Notes: Authors’ calculation from 10,000 Monte Carlo simulations with 999 bootstrap replications for each
simulation using Rademacher weights. DGP with normal errors. The sample size is 400 observations with 20
clusters: 7 = 0 means 20 observations per cluster, 7 = 1 and 1 = 2 indicate observations per cluster in the range of
12 to 29 and 7 to 42, respectively. Number of excluded/included instruments: k. = 5 / k, = 1. Within cluster error
correlation: ¢ = 0.5. Skedastic function: f (z1,4,k) = h (k) (¢4 + 221,4)" evaluated at k = 1.
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