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A Appendix Results

A.1 Heterogeneous Treatment Effects

In this appendix we consider what a linear SSIV identifies when the structural relationship between y,
and z, is nonlinear. We show that under a first-stage monotonicity condition the large-sample SSIV
coefficient estimates a convexly weighted average of heterogeneous treatment effects. This holds even
when the instrument has different effects on the outcome depending on the underlying realization
of shocks, for example when y, = > SenBenTen + €0 With Ben capturing the effects of (possibly
unobserved) observation- and shock-specific treatments x4, making up the observed x, = Zn StnTon-

Consider a general structural outcome model of

Y = y(xflv <oy TUR, 52)7 (Al)

where the R treatments are given by xy. = x,(g, n-) with g collecting the vector of shocks g,, and with
¢ = (Ne1,...,Mer) capturing first-stage heterogeneity. We consider an IV regression of y, on some
aggregated treatment x, = ) ay2¢ with oy, > 0. Note that this nests the case of a single aggregate
treatment (R = 1 and ay; = 1) with arbitrary effect heterogeneity, as well as the special case above
(R = N and ay. = sp,). We abstract away from controls wy and assume each shock is as-good-as-
randomly assigned (mean-zero and mutually independent) conditional on the vector of second-stage
unobservables €, and the matrices of first-stage unobservables 7y,., exposure shares sg,, importance
weights e/, and aggregation weights ., collected in Z = {ey, e, {ner, aer},. , {8¢n}, },- This assump-
tion is stronger than Assumption 3 but generally necessary in a non-linear setting while still allowing for
the endogeneity of exposure shares. For further notational simplicity we assume that y(-,¢) and each
Zr(+,mer) are almost surely continuously differentiable, such that S.(-) = %y(,w) captures the ef-
fect, for observation ¢, of marginally increasing treatment r on the outcome and 7, (-) = %xr(-, Ner)
captures the effect of marginally increasing the nth shock on the rth treatment at £.

Under an appropriate law of large numbers, the shift-share IV estimator approximates the IV

estimand:

3 — M 0 _ Z( Zn E [Seneegnye) .
- E [ZZ 6[2’@33‘(] i (1) Zé Zn Zr E [Senefgnahxh] - p(]-) (A2)

Given this, we have the following result:

Proposition A1 When 7, ([§; 9—r]) > 0 almost surely for all g € R, equation (A2) can be written

0 S0 S B[S Bonr (@ ()]
S T S E | [t ()] dy

8= +0,(1), (A3)



where wgp,-(g) > 0 almost surely and

Bunn() = Ber(1(193 9—nls ne1), - - - 2R([F5 9—n], MeR)) (A4)

6778

is a rescaled treatment effect, evaluated at (21 ([g; g—n], 7e1), - - - TR([F; 9—n], Ner) for [§; 9—n] =

(917"'7971—17‘57971-‘1-17'"gN)/'

PROOF See Appendix B.3.

This shows that in large samples B estimates a convex average of rescaled treatment effects, Bgm (9),
when the first stage is monotone in each shock. Appendix B.3 shows that the weights wyy,,(§) are pro-
portional to the first-stage effects mon,([J; g—n]), exposure shares s, regression weights ey, treatment
aggregation weights ay,., and a function of the shock distribution. In the case without aggregation, i.e.
R = oy, = 1, there is no rescaling in the S, (7). Equation (A3) then can be seen as generalizing the
result of Angrist et al. (2000), on the identification of heterogeneous effects of continuous treatments,
to the continuous shift-share instrument case. Intuition for the wg,,(g) weights follows similarly from
this connection. With aggregation—that is, when the realization of shocks may have heterogeneous
effects on y, holding the aggregated x, fixed—equation (A3) shows that SSIV captures a convex aver-
age of treatment effects per aggregated unit. Thus in the leading example of y, = Zn szn@nxm + ey
and xy = ), Sinen, this result establishes identification of a convex average of the Ben. In this way
the result generalizes Adao et al. (2019), who establish the identification of convex averages of rescaled

treatment effects in reduced form shift-share regressions.

A.2 Unobserved n-level Shocks Violate Share Exogeneity

In this appendix, we show that the assumption of SSIV share exogeneity from Goldsmith-Pinkham
et al. (2020) is violated when there are unobserved shocks v, that affect outcomes via the exposure

shares sy, i.e. when the residual has the structure

€ :ZSgnVn—l-ég. (A5)

We consider large-sample violations share exogeneity in terms of the asymptotic non-ignorability of the
&, terms in the equivalent moment condition (5). It is intuitive that the cross-sectional dependence
between sg, and ¢, will not asymptotically vanish when N is fixed (as in Goldsmith-Pinkham et
al. (2020)) and each v, shock contributes significantly to the residual, causing &, % 0 for some or
all n. We next prove this result and show that it generalizes to the case of increasing N, where
the contribution of each v, to the variation in ¢, becomes small. The intuition here is that the SSIV

relevance condition generally requires individual observations to be sufficiently concentrated in a small



number of shocks (see Section 3.1), and under this condition the share exogeneity violations remain
asymptotically non-ignorable even as N — oco.

We define share endogeneity as non-vanishing Var [£,,] at least for some n. This will tend to make
the SSIV estimator inconsistent, unless shocks are as-good-as-randomly assigned (Assumption 1), even
if the importance weights of individual shocks, s,,, converge to zero (Assumption 2). Here we treat e,

and sy, as non-stochastic to show this result with simple notation.

Proposition A2 Suppose condition (A5) holds with the v, mean-zero and uncorrelated with the
& and with each other, and with Var[v,] = 02 > o2 for a fixed 02 > 0. Also assume
Hp =Y ,e >, s2 — H >0 such that first-stage relevance can be satisfied. Then there

exists a constant 6 > 0 such that max,, Var [€,] > ¢ for sufficiently large L.

PROOF See Appendix B.4.

A.3 Comparing SSIV and Native Shock-Level Regression Estimands

In this appendix we illustrate economic differences between the estimands of two regressions that
researchers may consider: SSIV using outcome and treatment observations y, and xy (which we show
in Proposition 1 are equivalent to certain shock-level IV regressions), and more conventional shock-level
IV regressions using “native” y, and x,. These outcomes and treatments capture the same economic
concepts as the original y, and z, in contrast to the constructed ¢, and Z,, discussed in Section 2.3.
In line with the labor supply and other key SSIV examples, we will for concreteness refer to the ¢ and
n as indexing regions and industries, respectively. We consider the case where both the outcome and
treatment can be naturally defined at the level of region-by-industry cells (henceforth, cells)—y;,, and
Zyn, respectively—and thus suitable for aggregation across either dimension with some weights Fy,
(e.g., cell employment growth rates aggregated with lagged cell employment weights): y, = > senYin
for s¢p, = % and yn, = Y, wWenyen for we, = %, with analogous expressions for x, and x,,.
We further define Ey =Y, Ey, and E, =Y, Eg,.!

We consider the estimands of two regression specifications: § from the regional level model (2),
instrumented by z; and weighted by e, = Ey/E for E =}, Ey, and finq from a simpler industry-level
IV regression of

Yn = 5indxn +én, (AG)

instrumented by the industry shock g,, and weighted by s, = E,,/E. For simplicity we do not include

any controls in either specification and implicitly condition on {E,},, (and some other variables as

IThis formulation nests reduced-form shift-share regressions when x4, = gn for each £. The labor supply example
of Section 2.1 fits only partially in this formal setup because the industry or regional wage growth y, is not equal to a
weighted average of wage growth across cells: reallocation of employment affects the average wage growth even in the
absence of wage changes in any given cell.



described below), viewing them as non-stochastic.?
We show that 8 and fing generally differ when there are within-region spillover effects or when
treatment effects are heterogeneous. We study these cases in turn, maintaining several assumptions:

(i) a first stage relationship analogous to the one considered in Section 3.1:

Loy = Tondn + Nen, (A7)

for non-stochastic mg, > 7 > 0, (ii) a stronger version of our Assumption 1 that imposes E|[g,] =
E [gneen'] = E[gnnen’] = 0 for all ¢, n, and n’, with e¢,,» denoting the unobserved cell-level residual of
each model, (iii) the assumption that g, is uncorrelated with g,  for all n and n’, and (iv) that all

appropriate laws of large numbers hold.

Within-Region Spillover Effects Suppose the structural model at the cell level is given by
Yon = BO‘rén - Bl Z Sen'Ten + Eon. (A8)

Here By captures the direct effect of the shock on the cell outcome, and 1 captures a within-region
spillover effect. The local employment effects of industry demand shocks from the model in Appendix
A7 fit in this framework, see equation (A31).3 The following proposition shows that the SSIV estimand
B captures the effect of treatment net of spillovers (i.e. Sy — 1), whereas Sinq subtracts the spillover
only partially; this is intuitive since the spillover effect is fully contained within regions but not within

industries.

Proposition A3 Suppose equation (A8) holds and the average local concentration index H; =
ZZ n 6[5%71 is bounded from below by a constant H; > 0. Further assume 7y, = 7 and

Var [g,] = o for all £ and n. Then the SSIV estimator satisfies
B = Po— 1+ 0,(1) (A9)
while the native industry-level IV estimator satisfies
Bina = o — B1HL + 0,(1), (A10)

If 8y # 0 (i.e. in presence of within-region spillovers), B and Bina asymptotically coin-
cide if and only if H; % 1, which corresponds to the case where the average region is

asymptotically concentrated in one industry.

2Note that we thereby condition on the shares sy, and importance weights e;. Yet we still allow for share endogeneity
by not restricting E [eg,,] to be zero.

3In the labor supply example from the main text gy, is the cell wage, which is equalized within the region, and x,
is cell employment. Equation (A8) therefore holds for 3o = 0 and —3; being the inverse labor supply elasticity.



PROOF See Appendix B.5.

Treatment Effect Heterogeneity Now consider a different structural model which allows for
heterogeneity in treatment effects:

Yin = ﬁlnxln + Een- (A].].)

We also allow the first-stage coefficients 7, and shock variance o2 to vary. The following proposition

shows that 8 and fSi,q differ in how they average effect [y, (here treated as non-stochastic) across

the (¢,n) cells. The weights corresponding to the SSIV estimand g are relatively higher for cells that

represent a larger fraction of the regional economy. This follows because in the regional regression

Sen, determines the cell’s weight in both the outcome and the shift-share instrument, while in the
2

industry regression only the former argument applies. Heterogeneity in the 7, and o7, in contrast,

has equivalent effects on the weighting scheme of both estimands.

Proposition A4 In the casual model (A11),

Z[m EZnSZn’/TZnO—?L : Bfn

3 = 1 A12
B S s o) (A12)
and )
~ Zg Eénﬂ'ﬂngn . Bén
ind = e 1), A13
d Z@ . Elnﬂ-lno—q% + Op( ) ( )

PRrROOF See Appendix B.6.

A.4 Connection to Rotemberg Weights

In this appendix we rewrite the decomposition of the SSIV coefficient B from Goldsmith-Pinkham
et al. (2020) that gives rise to their “Rotemberg weight” interpretation, and show that these weights
measure the leverage of shocks in our equivalent shock-level IV regression. We then show that, in
our framework, skewed Rotemberg weights do not measure sensitivity to misspecification (of share
exogeneity) and do not pose a problem for SSIV consistency. We finally discuss the implications of
high-leverage observations for SSIV inference.

Proposition 1 implies the following decomposition:

A Z Sngngl A
f=S0—"=> anbh, Al4
Zn Sngnxﬁ zn: ( )
where
—1 1
R VL e (415)

1 €L
‘rfJ{ E( €eSenTy



and

L
SngnTy,
an = —nInTn (A16)
" Zn’ S"/gn/xﬂz_’

This is a shock-level version of the decomposition discussed in Goldsmith-Pinkham et al. (2020): By is
the IV estimate of S that uses share s4, as the instrument, and «,, is the so-called Rotemberg weight.
To see the connection with leverage (defined, typically in the context of OLS, as the derivative of
each observation’s fitted value with respect to its outcome) in our equivalent IV regression, note that
) (25) _ T _ g (A17)
r T swgwTn
In this way, «,, measures the sensitivity of 3 to By.

In the preferred interpretation of Goldsmith-Pinkham et al. (2020), exposure to each shock is a
valid instrument such that Bn 2 B for each n. However, in our framework deviations of Bn from
B reflect nonzero £, in large samples, and such share endogeneity is not ruled out; thus «, does
not have the same sensitivity-to-misspecification interpretation. Moreover, a high leverage of certain
shocks (“skewed Rotemberg weights,” in the language of Goldsmith-Pinkham et al. (2020)) is not a
problem for consistency in our framework, provided it results from a heavy-tailed and high-variance
distribution of shocks (that still satisfies our regularity conditions, such as finite shock variance), and
each s, is small as required by Assumption 2.

Nevertheless, skewed «,, may cause issues with SSIV inference, as would high leverage observations
in any regression. In general, the estimated residuals &;- of high-leverage observations will tend to be
biased toward zero, which may lead to underestimation of the residual variance and too small standard
errors (e.g., Cameron and Miller 2015). This issue can be addressed, for instance, by computing
confidence intervals with the null imposed, as Adao et al. (2019) recommend and as we discuss in
Section 5.1. In practice our Monte-Carlo simulations in Appendix A.11 find that the coverage of
conventional exposure-robust confidence intervals to be satisfactory even with Rotemberg weights as

skewed as those reported in the applications of Goldsmith-Pinkham et al. (2020) analysis.

A.5 Consistency of Control Coefficients

This appendix shows how the control coefficient 7, defined in main text footnote 5, can be consis-
tently estimated as required in Proposition 3 (Assumption B2). We discuss conditions for 3", e,wee, 2>
E >, eqwees], where by definition E [}, e;wee,] = 0. Consistency of the estimator 4 = v+(>~, eqwew))
follows, provided the elements of (3, e[wgwé)*l are stochastically bounded (i.e., Op(1)). For simplic-
ity we consider control vectors w, of fixed length.

The argument for convergence of ), e;weey depends on the source of randomness in w; and &,.

We consider two characteristic cases. In the first case, (es, w},e¢)’ can be viewed as iid or clustered

-1 D o €rweEy



in a conventional way. For example, wy and £, may contain observed and unobserved local labor
supply shocks which are uncorrelated across markets, clusters of markets (e.g. states), or beyond a
given distance threshold. In this case conventional laws of large numbers can be used to establish
Dy eowees 2, 0. For instance if (eq,wy,e¢)" is @id then ), ejweey gives a vector of sample averages
of mutually uncorrelated mean-zero random variables, which weakly converge to zero when the e,
weights are asymptotically dispersed (E [Y_, €] — 0) and when E [w}e? | €] is uniformly bounded.

In the second case, either wy or £, has a shift-share structure like zy: i.e. wy = Zn Senqn for an
observed ¢, (in line with our Proposition 3) or g, = Zn SenVn for an unobserved v, (capturing, for
example, a set of unobserved industry-level factors averaged with the employment weights sg,). In
this case convergence of ), e;wye; can be shown to follow similarly to the convergence of the sample
analog of the instrument moment condition (3). If, for instance, e, = ) spnty with Efv, | s,w] =0
and Cov [Vp, U, | s, w] = 0 for w = {wy,},,, then for each control )~ , eqwimer = >, SpVnWnm weakly
converges when the s,, weights are dispersed (E [Y_,, s2] — 0) and both Var [v,, | s,w] and E [@2,,, | 5]
are uniformly bounded. This argument can be extended to the case where either wy or €y is formed from
different exposure shares Sy, perhaps defined over a different range of K observed g or unobserved
vk, and when the ¢ or vy are clustered or otherwise weakly mutually correlated.

More generally, the two cases can be combined to settings where wy = >, Sprqr + w¢ and e, =
> ok Sewr Vi + ¢ where (eg, W), é;)" is iid or conventionally clustered and where g, and vy are many
weakly correlated random shocks or, even more generally, allowing for multiple shift-share terms with

different exposure shares.

A.6 Estimated Shocks

This appendix establishes the formal conditions for the SSIV estimator, with or without a leave-
one-out correction, to be consistent when shocks g, are noisy estimates of some latent g satisfying
Assumptions 1 and 2. We also propose a heuristic measure that indicates whether the leave-one-out
correction is likely to be important and compute it for the Bartik (1991) setting. Straightforward
extensions to other split-sample estimators follow.

Suppose a researcher estimates shocks via a weighted average of variables gp,. That is, given

weights wg, > 0 such that ), wy, =1 for all n, she computes
In = Zwéngf'm (AlS)
[

A leave-one-out, (LOO) version of the shock estimator is instead

Ze';ﬁg Werngern

Al
Zz';ée Wern (419)

9n,—0 =



We assume that each ge,, is a noisy version of the same latent shock g :

Gen = G, + Ven, (A20)

where g* satisfies Assumptions 1 and 2 and )y, is estimation error (in Section 4.1 we considered
the special case of 1y, o e¢). This implies a feasible shift-share instrument of z, = z; + 1

and its LOO version 2190 = 27 + 99, where 2} = Yo StnGns Ve = >, Sen Yy Wernern, and

LOO _ Ee’#e Wor Vi
= s ———
wé Z" n Ze’;ﬁe Weln

Speccebe B0 and Y, epe kO B 0 respectively.

. Consistency with these instruments, given a first stage, requires that

We now present three sets of results. First, we establish a simple sufficient condition under which
the LOO instrument satisfies ), egsﬂ)éLOO 20. We also propose stronger conditions that guarantee
consistency of LOO-SSIV. Second, we explore the conditions under which the covariance between &,
and 1y, is ignorable, i.e. asymptotically does not lead to a “mechanical” bias of the conventional
non-leave-one-out estimator. We propose a heuristic measure that is large when the bias is likely to
be small. Lastly, we apply these ideas to the setting of Bartik (1991) using the data from Goldsmith-
Pinkham et al. (2020). In line with previous appendices, we condition on sz, we,, and e, and treat
them as non-stochastic for notational convenience. We also assume the SSIV regressions are estimated

without controls wy.

LOO Identification and Consistency The following proposition establishes three results. The
first is the most important one, providing the condition for orthogonality to hold . The second
strengthens this condition so that the estimator converges, which naturally requires that most shocks
are estimated with sufficient amount of data. A tractable case of complete specialization is considered

in last part, where there should be many more observations than shocks.

Proposition A5
1. fE [Eﬂl)g/n] =0 for all £ 7é ¢ and n, then E [Zé 65551/1&“)0] =0.

2. IfE [(Ee,?/)zn) \ {(Ee/,wg/n/)}e,#m,} = 0 for all £ and n, then the LOO estimator is consistent,
provided it has a first stage and two regularity conditions hold: E [|e¢, e8¢ n,Yern,|] < B for

a constant B and all (¢4, 0o, 0}, 05,n1,n2) and

wl’ ni U‘)ZI no

E €0,€0550,n1 Slons Z ! » Z 2 » — 0, (A21)
14 l

(5174272/1 72/2)€L7, 0 bt N2

ni,n2

with 7 denoting the set of tuples ({1, ¢s, ¢}, ¢5) for which one of the two conditions hold: (i)
El = 62 and 6/1 = K/Q 7’5 61, (11) 61 = E/Q and Eg = 6/1 7é El.

3. Condition (A21) is satisfied if % — 0 in the special case where each region is specialized in



one industry, i.e. sg = 1[n = n(¢)] for some n(-), there are no importance weights (e, = 1),
and shocks estimated by simple LOO averaging among observations exposed to a given shock
(wen, = 7 for L, = >, 1[n(¢) = n]), assuming further that L,, > 2 for each n so that the LOO

estimator is well-defined.

PRrROOF See Appendix B.7.

The condition in the first part of Proposition A5 would be quite innocuous in random samples of £ —
the environment in which leave-one-out adjustments are often considered (e.g. Angrist et al. (1999))
— but is strong without random sampling. It requires ¢, and 1y, to be uncorrelated for ¢/ # ¢,
which may easily be violated when both ¢ and ¢’ are exposed to the same shocks—a situation in which
excluding own observation is not sufficient. Moreover, since we have conditioned on the exposure shares
throughout, E [e4t)p,] = 0 generally requires either & or 1y, to have a zero conditional mean—the
share exogeneity assumption applied to either the residuals or the estimation error. At the same time,
this condition does not require E [eyt)y,,] = 0 for £ = ¢/, which reflects the benefit of LOO: eliminating

the mechanical bias from the residual directly entering shock estimates.

Heuristic for Importance of LOO Correction We now return to the non-LOO SSIV estimator.
As in Proposition A5, we assume that E[g,¢)p,] = 0 for ¢/ # ¢ and all n, so the LOO estimator is
consistent under the additional regularity conditions. We also assume, without loss of generality, that
z¢ is mean-zero. Then the “mechanical bias” mentioned in Section 4.1 is the only potential problem:

under appropriate regularity conditions (similar to those in part 2 of Proposition A5),

55 EDCcecetd]
B—B= E[S, cezerd] +0,(1)
_ > 0n €eSenwenE [eeen]

E [Zé 622’4%[]

+ 0p(1). (A22)

With |E [g4¢,]| bounded by some By > 0 for all £ and n, the numerator of (A22) is bounded by
Hy By, for an observable composite of the relevant shares Hy = Z&n e¢Senwen. The structure of the
shares also influences the strength of the first stage in the denominator. Imposing our standard model
of the first stage from Section 3.1 (but specified based on the latent shock g7), i.e. o =3 Senzen
for x¢n, = Teng), + Men, Nen mean-zero and uncorrelated with g, for all ¢,n,n’, Var[g}] > 5’3 > 0 and

Ten > T > 0, yields:

E lz emz@] = Z esE

14 L

(Z Stn (g: + w/n)> (Z Sen’ (Wéng:/ + 7’@71’))]

n n’

= Z egsgn T Var [gr] + Z er Z SenSen'E [Yon (Tengr + Nens)] - (A23)

Ln 14 n,n’

10



Excepting knife-edge cases where the two terms in (A23) cancel out, E [Ze egzj-xg] # 0 provided
Hp =Y, , es;, > H for some fixed H > 0.

We thus define the following heuristic:
_ HL Zé,n 8(5?71

= =hn en (A24)

H =L _
Hy Z&n €eSenWin

When H is large, we expect the non-LOO SSIV estimator to be relatively insensitive to the mechanical
bias generated by the average covariance between 1)y, and ¢4, and thus similar to the LOO estimator.

We note an important special case. Suppose all weights are derived from variable Ey, (e.g. lagged

employment level in region ¢ and industry n) as sz, = i;, Wen = 22 and e; = %, for B, =", En,

E E,
E, =% ,Em,and E =3, E,. Then
E¢ Etn Epn, E, (Ewm\’ )
H — -7 = _ _— = n 5 A25

where s,, = % is the weight in our equivalent shock-level regression. Therefore, Hy is the weighted

average across n of n-specific Herfindahl concentration indices, while Hj is the weighted average
across ¢ of ¢-specific Herfindahl indices. With FEy,, denoting lagged employment, H is high (and thus
we expect the LOO correction to be unnecessary) when employment is much more concentrated across
industries in a typical region than it is concentrated across regions for a typical industry.

The formula simplifies further with Ey, = 1[n = n(¢)] for all ¢,n, corresponding to the case of
complete specialization of observations in shocks with no regression or shock estimation weights, as

in part 3 of Proposition A5. In that case,

1 1

o B L
= T T = N
ZE % Lo % Zn ZZ: n(l)=n L, N

(A26)

Our heuristic is therefore large when there are many observations per estimated shock.*

Application to Bartik (1991) We finally apply our insights to the Bartik (1991) setting, using the
Goldsmith-Pinkham et al. (2020) replication code and data. Table C6 reports the results. Column
1 shows the estimates of the inverse local labor supply elasticity using SSIV estimators with and
without the LOO correction and using population weights, replicating Table 3, column 2, of Goldsmith-
Pinkham et al. (2020) except with employment on the left-hand side and wages on the right-hand

side.® Column 2 repeats the analysis without the population weights.® We find all estimates to range

4Here 1/H = N/L is proportional to the “bias” of the non-LOO estimator, which is similar to how the finite-sample
bias of conventional 2SLS is proportional to the number of instruments over the sample size (Nagar 1959).

5Goldsmith-Pinkham et al. (2020) estimate the inverse labor supply elasticity. By properties of IV estimation, our
coefficient is the inverse of theirs.

6Industry growth shocks in this column are the same as in Column 1, again estimated with employment weights.

11



between 1.2 and 1.3, showing that in practice for Bartik (1991) the LOO correction does not play a
substantial role.

This is however especially true without weights, where the LOO and conventional SSTV estimators
are 1.30 and 1.29, respectively. Our heuristic provides an explanation: H is almost 8 times bigger
when computed without weights. The intuition is that large commuting zones, such as Los Angeles
and New York, may constitute a substantial fraction of employment in industries of their comparative
advantage. This generates a potential for the mechanical bias: labor supply shocks in those regions
affect shock estimates; this bias is avoided by LOO estimators. However, the role of the largest
commuting zones is only significant in weighted regressions (by employment or, as in Goldsmith-

Pinkham et al. (2020), population).

A.7 Equilibrium Industry Growth in a Model of Local Labor Markets

This appendix develops a simple model of regional labor supply and demand, similar to the model in
Adao et al. (2020). Our goal is to show how the national growth rate of industry employment can
be viewed as a noisy version of the national industry-specific labor demand shocks, and how regional
labor supply shocks (along with some other terms) generate the “estimation error.”

Consider an economy that consists of a set of L regions. In each region ¢ there is a prevailing wage

We, and labor supply has constant elasticity ¢:
Ey = MW}, (A27)

where F, is total regional employment and M, is the supply shifter that depends on the working-age
population, the outside option, and other factors. Labor demand in each industry n is given by a

constant-elasticity function
Ep = AnfenW[a, (A28)

where FEy, is employment, A,, is the national industry demand shifter, &, is its idiosyncratic compo-

nent, and o is the elasticity of labor demand. The equilibrium is given by
Z Ey, = Ey. (A29)
n

Now consider small changes in fundamentals A,,, &, and M,. We use log-linearization around the
observed equilibrium and employ the Jones (1965) hat algebra notation, with ¢ denoting the relative

change in v between the equilibria. We then establish:

Proposition A6 After a set of small changes to fundamentals, the national industry employment
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growth is characterized by

9n = Zwéngfna (A30)
L

for wen = Epn/ Yy Epp denoting the share of region ¢ in industry employment, and the

change in region-by-industry employment g, is characterized by

g

+¢

~ o ~
n = q n — ——— n | G n ), A3l
Gon = o+~ + & U+¢;SZ <gn+£e> (A31)
where g = A,, is the national industry labor demand shock, ¢, = M, is the regional labor

supply shock, and s¢p, = Epn/ >, Eenr.
PRrROOF See Appendix B.8.

The first term in (A31) justifies our interpretation of the observed industry employment growth as
a noisy estimate of the latent labor demand shock g). The other terms constitute the “estimation
error.” The first of them is proportional to the residual of the labor supply equation, £,; we have
previously established the conditions under which it may or may not confound SSIV estimation. The
other terms, that we abstracted away from in Section 4.1, include the idiosyncratic demand shock égn
and shift-share averages of both national and idiosyncratic demand shocks. If the model is correct,

all of these are uncorrelated with ey, thus not affecting Assumption 1.

A.8 SSIV Consistency in Short Panels

This appendix shows how alternative shock exogeneity assumptions imply the consistency of panel
SSIV regressions with many fixed effect coefficients. We consider the incidental parameters problem
in “short” panels, with fixed T and L. — oo and with unit fixed effects, in which case the control
coefficient v cannot be consistently estimated with the fixed effects included in wy,. We show how an
analog of Assumption 3 can be instead applied to a demeaned shock-level unobservable that partials
out the fixed effect nuisance coefficients. A similar argument applies to period fixed effects in the fixed
L and T — oo asymptotic.

Suppose for the linear causal model yg = B + € and control vector wy; (which includes unit
FEs), we define v = E [}, eqwiw§’] 'E [>-, eqwsies;| where vf is a subvector of the (weighted)
unit-demeaned observation of variable vy, ver — %, that drops any elements that are iden-
tically zero (e.g. those corresponding to the unit FEs in wy). Note we have assumed no perfect
multicollinearity in the remaining elements such that E [Ze egtwﬁwﬁ’} is invertible. We can then
write yﬁ = Bxft + wﬁ’w + 51%. Suppose also that _, egtzﬁxj; 2y 7 for some 7 # 0 and the analog

of Assumption B2 for unit-demeaned controls holds. Then, following the proof to Proposition 3, S is
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consistent if and only if

antgntgﬁt 3} 07 (A32)

n,t

A
— Z@ C€rtSent€py
Z@ €rtSent

1,2, and B1 hold, or under the various extensions discussed in Section 3. In particular when wy; con-

where s,; = >, €t5¢ns and éﬁt . This condition is satisfied when analogs of Assumptions
tains t-specific FE the key assumption of quasi-experimental shock assignment is E [gm | €4, s] = [,
for all n and ¢, allowing endogenous period-specific shock means y; via Proposition 4. This assumption
avoids the incidental parameters problem by considering shocks as-good-as-randomly assigned given

the set of unobserved &5},

each of which is a function of the time-varying €y, across all periods p.
An intuitive special case is when the exposure shares and importance weights are time-invariant:

Sent = Seno and egr = egp. Then the weights in (A32) are also time-invariant, s,; = spno, and

A
A >0 Ce0Senolpy

S eesmo
_ Ze €£05¢n0 (5£t - % ZT €er)
> ¢ €005eno
1
=ént — 5 Zgnﬂ (A33)
T T

>, €e0Senotet

where &,,; = S crosino is an aggregate of period-specific unobservables ;. It is then straightfor-

ward to extend Propositions 3 and 4 under a shock-level assumption of strong exogeneity, i.e. that
E [gnt | €, 8] = pn + ¢ for all n and ¢t. Here endogenous n-specific shock means are permitted by the
observation in Section 4.3, that share-weighted n-specific FEs at the shock level are subsumed by

{-specific FEs in the SSIV regression when shares and weights are time-invariant.

A.9 SSIV Relevance with Panel Data

This appendix shows that holding the exposure shares fixed in a pre-period is likely to weaken the
SSIV first-stage in panel regressions. Consider a panel extension of the first stage model used in
Section 3.1, where z¢ = Y, Sent@ent With Zent = TentGnt + Nent, Ten > 7 for some fixed 7 > 0, and the
gn¢ are mutually independent and mean-zero with variance o2, > 63 for fixed 03 > 0, independently
of {ngnt}g7n7t. As in other appendices, we here treat sg,:, es, and 7y, as non-stochastic. Then an
SSIV regression with zg = Zn Spa+Gnt @s an instrument, where sy, is either sp,¢ (updated shares) or

seno (fixed shares), yields a first-stage of

E

S eazmet] >02T > > €t D SiniStin: (A34)
14 t 4 t

n
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For panel SSIV relevance we require the eg-weighted average of Zn SppiSent 1O DOt vanish asymptoti-
cally. With updated shares this is satisfied when the Herfindahl index of an average observation-period
(across shocks) is non-vanishing, while in the fixed shares case the overlap of shares in periods 0 and

t, Zn Sen0Sent, may become weak or even vanish as T' — oo, on average across observations.

A.10 SSIV with Multiple Endogenous Variables or Instruments

This appendix first generalizes our equivalence result to SSIV regressions with multiple endogenous
variables and instruments, and discusses corresponding extensions of our quasi-experimental frame-
work via the setting of Jaeger et al. (2018). We also describe how to construct the effective first-stage
F-statistic of Montiel Olea and Pflueger (2013) for SSIV with one endogenous variable but multiple
instruments. We then consider new shock-level IV procedures in this framework, which can be used
for efficient estimation and specification testing. Finally, we illustrate these new procedures in the

Autor et al. (2013) setting.

Generalized Equivalence and SSIV Consistency We consider a class of SSIV estimators of an

outcome model with multiple treatment channels,
Yo = B'rg + 7w + e, (A35)

where z; = (214, ..., 2k¢) is instrumented by z; = (21¢,...,2¢) , for zjs = Y, Sengjn and J > K, and
observations are weighted by e,. Members of this class are parameterized by a (possibly stochastic)

full-rank K x J matrix ¢, which is used to combine the instruments into a vector of length J, czy. For

example the two-stage least squares (2SLS) estimator sets ¢ = x'ez(z'ez*)~!, where z* stacks

observations of the residualized 2. IV estimates using a given combination are written as

B = (czext) lezeyt, (A36)
where y and x! stack observations of the residualized y;- and 2, z stacks observations of 2}, and e
is an L x L diagonal matrix of e, weights. In just-identified IV models (i.e. J = K) the two ¢’s cancel
in this expression and all IV estimators are equivalent. Note that while the shocks g;, are different
across the multiple instruments, we assume here that the exposure shares sy, are all the same.

As in Proposition 1, B can be equivalently obtained by a particular shock-level IV regression.
Intuitively, when the shares are the same, cz, also has a shift-share structure based on a linear

combination of shocks cg,, and thus Proposition 1 extends. Formally, write z = sg where s is an

15



L x N matrix of exposure shares and g stacks observations of the shock vector g/ ; then,

B _ (Cg/s/ewl)—lcg/s/eyL

= (cg'Sz") " (cg'STY"), (A37)

where S is an N x N diagonal matrix with elements s,, Z+ is an N x K matrix with elements Eé‘n,
and gyt is an N x 1 vector of g;-. This is the formula for an s,-weighted IV regression of ¢ on
Ti,,..., T3, with shocks as instruments, no constant, and the same ¢ matrix. Furthermore, as in

Proposition 1,

/Syt = Z sngf; = Zee <Z 54n> yj‘ = Zegyj‘ =0, (A38)

n 0 n 4

and similarly for ./SZ’, where ¢ is a N x 1 vector of ones. Therefore, the same estimate is obtained by
including a constant in this IV procedure (and the same result holds including a shock-level control
vector ¢, provided ) s, has been included in wy, as in Proposition 5). The ¢ matrix is again
redundant in the just-identified case.

A natural generalization of the quasi-experimental framework of Section 3 follows. Rather than
rederiving all of these results, we discuss them intuitively in the setting of Jaeger et al. (2018). Here
ye denotes the growth rate of wages in region ¢ in a given period (residualized on Mincerian con-
trols), x1, is the immigrant inflow rate in that period, and x9, is the previous period’s immigration
rate. The residual ¢, captures changes to local productivity and other regional unobservables. Jaeger
et al. (2018, Table 5) estimate this model with two “past settlement” instruments ziy = >, Singin
and zop = Zn Sengon, wWhere sgp, is the share of immigrants from country of origin n in location ¢
at a previous reference date and g,, = (gin, gon) gives the current and previous period’s national
immigration rate from n. When this path of immigration shocks is as-good-as-randomly assigned
with respect to the aggregated productivity shocks &, (satisfying a generalized Assumption 1), the
g,, are uncorrelated across countries and E [Zn si] — 0 (satisfying a generalized Assumption 2), and
appropriately generalized regularity conditions hold, the multiple-treatment shock orthogonality con-

dition is satisfied: ) $ngrnén L5 0 for each k. Then under the relevance condition from Proposition

2, again appropriately generalized, the SSIV estimates are consistent: B 5.

Effective First-Stage F-statistics With one endogenous variable and multiple instruments, the
Montiel Olea and Pflueger (2013) effective first-stage F-statistic provides a state-of-art heuristic for
detecting a weak first-stage. Here we describe a correction to it for SSIV that generalizes the F'-
statistic in the single instrument case discussed in Section 5.2. The Stata command weakssivtest,

provided with our replication archive, implements this correction.”

7Our package extends the weakivtest command developed by Pflueger and Wang (2015).
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Consider a structural first stage with multiple instruments and one endogenous variable:
xy =720 + pwi + N (A39)

Suppose each of the shocks satisfies Assumption 3, i.e. El[gj, | £,q,5] = pjgn, where 3 simq, is
included in wy, and the residual shocks g%, = gjn — 1jgn are independent from {7n},. The Montiel
Olea and Pflueger (2013) effective F-statistic for the 2SLS regression of y, on xy, instrumenting with
21¢, - - -, 2Je, controlling for wy, and weighting by ey, is given by

Fop — >, egxglzzly (X et zyf) ’ (A40)

tr (V)

where V estimates V = Var [Ze egzj-ng] . Note that, as before, the first-stage covariance of the original

SSIV regression equals that of the equivalent shock-level one from Proposition 5:

11 1L —1 —1
E €Ty zp = E erTy zp = E SngnT, = E Sngnl Ty (A41)
14 4 n n

where ¢, is the residuals from an s,-weighted projection of g, on ¢,, which consistently estimates
g». A natural extension of Proposition 5 to many mutually-uncorrelated shocks further implies that

V' is well-approximated by
V= Z SignngLﬁi’ (A42)

where, per the discussion in Section 5.2, 7, denotes the residuals from an IV regression of f# on
Zi, ..., 23, instrumented with g1y, ..., gn, weighted by s, and controlling for g,,. Plugging this 1%

into (A40) yields the corrected effective first-stage F-statistic.

Efficient Shift-Share GMM In overidentified settings (J > K), it is natural to consider which
estimators are most efficient; for quasi-experimental SSIV, this can be answered by combining the
asymptotic results of Adao et al. (2019) with the classic generalized methods of moments (GMM)
theory of Hansen (1982). Here we show how standard shock-level IV procedures (such as 2SLS) may
yield efficient coefficient estimates B *, depending on the variance structure of multiple quasi-randomly
assigned shocks.

We first note that the equivalence result (A37) applies to SSIV-GMM estimators as well:

B = arg mbin (y*" - :cl‘b)/ ezW2'e (yJ‘ —zb)

= argmin (5" — z'b) SgWq'S (gt — z*b), (A43)
where W is an J x J moment-weighting matrix. This leads to an IV estimator with ¢ = ' SgW.
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For 2SLS estimation, for example, W = (z''ez*)~!

. Under appropriate regularity conditions, the
efficient choice of W™ consistently estimates the inverse asymptotic variance of z'e (y= — x*f8) =
g'Sé + 0p(1). Generalizations of results in Adao et al. (2019) can then be used to characterize this
W™ when shocks are as-good-as-randomly assigned with respect to £. Given an estimate W*, an
efficient coefficient estimate 5* is given by shock-level IV regressions (A37) that set ¢* = &L SQW*.
A x%_ ) test statistic based on the minimized objective in (A43) can be used for specification testing.

As an example, suppose shocks are conditionally homoskedastic with the same variance-covariance
matrix across n, Var|[g,, | £, s] = G for a constant J x J matrix G. Then the optimal 3* is obtained

by a shock-level 2SLS regression of g~ on all Z-, (instrumented by g;, and weighted by s,,). We show

this in the case of no controls (and mean-zero shocks) for notational simplicity. Then,

Var [¢'S (y* — 2"B)] = E[¢'Sgg’ Se]
= tr (E[¢'SGSg])
= kG (A44)

for k = tr (E[S&’S]). The optimal weighting matrix thus should consistently estimate G, which is
satisfied by G = ¢’Sg. Under appropriate regularity conditions, a feasible optimal GMM estimate is
thus given by

b = (@"'SgG g'Szt) @V SgG g'Syt)

- ((Pg:EJ‘)/ S:EJ‘)_l (P&t Sy, (A45)

where Py, = g(g'Sg)~'g’S is an s,-weighted shock projection matrix. This is the formula for an
sp-weighted IV regression of ;- on the fitted values from projecting the a‘cé-n on the shocks, cor-
responding to the 2SLS regression above. Straightforward extensions of this equivalence between
optimally-weighted estimates of 5 and shock-level overidentified IV procedures follow in the case of
heteroskedastic or clustered shocks, in which case the 2SLS estimator (A45) is replaced by the estima-
tor of White (1982). We emphasize that these shock-level estimators are generally different than 2SLS
or White (1982) estimators at the level of original observations, which are optimal under conditional
homoskedasticity and independence assumptions placed on the residual ¢, (assumptions which are

generally violated in our quasi-experimental framework).

Many Shocks in Autor et al. (2013) Appendix Table C5 illustrates different shock-level overiden-
tified IV estimators in the setting of Autor et al. (2013), introduced in Section 6.2.1. ADH construct
their shift-share instrument based on the growth of Chinese imports in eight economies comparable to

the U.S., together. We separate them to produce eight sets of industry shocks g;», 7 =1,...,8, each
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reflecting the growth of Chinese imports in one of those countries. As in Section 6.2, the outcome of
interest is a commuting zone’s growth in total manufacturing employment with the single treatment
variable measuring a commuting zone’s local exposure to the growth of imports from China (see foot-
note 39 in the main text for precise variable definitions). The vector of controls coincides with that
of column 3 of Table 4, isolating within-period variation in manufacturing shocks. Per Section 5.1,
exposure-robust standard errors are obtained by controlling for period main effects in the shock-level
IV procedures, and we report corrected first stage F-statistics constructed as detailed above.
Column 1 reports estimates of the ADH coefficient 8 using the industry-level two-stage least
squares procedure (A45). At -0.238, this estimate it is very similar to the just-identified estimate in
column 3 of Table 4. Column 2 shows that we also obtain a very similar coefficient of -0.247 with
an industry-level limited information maximum likelihood (LIML) estimator. Finally, in column 3
we report a two-step optimal IV estimate of 8 using an industry-level implementation of the White
(1982) estimator. Both the coefficient and standard error fall somewhat, with the latter consistent
with the theoretical improvement in efficiency relative to columns 1 and 2. From this efficient estimate
we obtain an omnibus overidentification test statistic of 10.92, distributed as chi-squared with seven
degrees of freedom under the null of correct specification. This yields a p-value for the test of joint
orthogonality of all eight ADH shocks of 0.142. Table C5 also reports the corrected effective first-
stage F-statistic which measures the strength of the relationship between the endogenous variable
and the eight shift-share instruments across regions. At 15.10 it is substantially lower than with one

instrument in column 3 of Table 4 but still above the conventional heuristic threshold of 10.

A.11 Finite-Sample Performance of SSIV: Monte-Carlo Evidence

In this appendix we study the finite-sample performance of the SSIV estimator via Monte-Carlo
simulation. We base this simulation on the data of Autor et al. (2013), as described in Section 6.2.
For comparison, we also simulate more conventional shock-level IV estimators, similar to those used
in Acemoglu et al. (2016), which also estimate the effects of import competition with China on U.S.
employment. We begin by describing the design of these simulations and the benchmark Monte-
Carlo results. We then explore how the simulation results change with various deviations from the
benchmark: with different levels of industry concentration, different numbers of industries and regions,
and with many shock instruments. Besides showing the general robustness of our framework, these
extensions allow us to see how informative some conventional rules of thumb are on the finite-sample

performance of shift-share estimators.®

8Naturally, these simulation results may be specific to the data-generating process we consider here, modeled after
the “China shock” setting of Autor et al. (2013). In practice, we recommend that researchers perform similar simulations
based on their data if they are concerned with the quality of asymptotic approximation—a suggestion that of course
applies to conventional shock-level IV analyses as well.
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Simulation design We base our benchmark data-generating process for SSIV on the specification
in column 3 of Table 4. The outcome variable y; corresponds to the change in manufacturing em-
ployment as a fraction of working-age population of region £ in period ¢, treatment x; is a measure of
regional import competition with China, and the shift-share instrument is constructed by combining
the industry-level growth of China imports in eight developed economies, g,:, with lagged regional
employment weights of different industries sg,;- We also include pre-treatment controls wy; as in
column 3 of Table 4 and and estimate regressions with regional employment weights es; see Section
6.2.1 for more detail on the Autor et al. (2013) setting.

In a first step we obtain an estimated SSIV second and first stage of

Yor = Bro + Y wer + Ee, (A46)

Tor = T2t + ﬁ/wgt + Upy. (A47)

We then generate 10,000 simulated samples by drawing shocks g7,, as detailed below, and constructing
the simulated shift-share instrument zj, = > seeg;, and treatment zj, = 7zj, + Ug. Imposing a
true causal effect of §* = 0, we use the same y}, = &y as the outcome in each simulation (note that
it is immaterial whether we include #’wg and p'wy, since all our specifications control for wg). By
keeping £p; and 4y fixed, we study the finite sample properties of the estimator that arises from the
randomness of shocks, which is the basis of the inferential framework of Adao et al. (2019); we also
avoid having to take a stand on the joint data generating process of (g4, 1), which this inference
framework does not restrict.

We estimate SSIV specifications that parallel (A46)-(A47) from the simulated data

Yo = B g + 7 wer + €4, (A48)

T = T2 + M W + gy (A49)

using the original weights e and controls wy;. We then test the (true) hypothesis 8* = 0 using either
the heteroskedasticity-robust standard errors from the equivalent industry-level regression or their
version with the null imposed, as in Section 5.1.° As in column 3 of Table 4, we control for period
indicators as ¢y¢ in the industry-level regression.

Our comparison estimator is a conventional industry-level IV inspired by Acemoglu et al. (2016).
However, we try to keep the IV regression as similar to the SSIV as possible, thus diverging from
Acemoglu et al. (2016) in some details. Specifically, the outcome y,; is the industry employment

growth as measured by these authors. It is defined for 392 out of the 397 industries in Autor et

9Note that there is no need for clustering since we generate the shocks independently across industries in all simu-
lations. We have verified, however, that allowing for correlation in shocks within industry groups and using clustered
standard errors yields similar results.
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al. (2013), so we drop the remaining five industries in each period. The endogenous regressor ,,; = g%/°
(growth of U.S. imports from China per worker) and the instrument g,; (growth of China imports
into eight developed economies) are those from which we built the shift-share endogenous regressor
and treatment, respectively (see main text footnote 39). Construction of those variables differ from
Acemoglu et al. (2016) who measure imports relative to domestic absorption rather than employment.
We also follow our SSIV analysis in using period indicators as the only industry-level control variables
gn: and taking identical regression importance weights s,,;.

The Monte-Carlo strategy for the conventional shock-level IV parallels the one for SSIV; we obtain

an estimated industry-level second and first stage of

Ynt = Bindajnt + ’AYIQnt + €nt, (A50)

Tnt = 7Arindgnt + pAIQ'rLt + ﬁnt- (A51)

using the s,; importance weights. We then perform 10,000 simulations where we regenerate shocks
g, and regress y, = £,; (consistent with a true causal effect of "¢ = 0, given that we control for
Gnt) ON T, = Tindg; + Unt, instrumenting by g,, controlling for ¢,;, and weighting by s,:. We test
Bina = 0 by using robust standard errors in this IV regression or the version with the null imposed,
which corresponds to a standard Lagrange Multiplier test for this true null hypothesis.

In both simulations we report the rejection rate of nominal 5% level tests for 8 = 0 and Sijuq =0
to gauge the quality of each asymptotic approximation. We do not report the bias of the estimators
because they are all approximately unbiased (more precisely, the simulated median bias is at most 1%
of the estimator’s standard deviation). However we return to the question of bias at the end of the

section, where we extend the analysis to having many instruments with a weak first stage.

Main results Table C7 reports the rejection rates for shift-share IV (columns 1 and 2) and conven-
tional industry-level IV (columns 3 and 4) in various simulations. Specifically, column 1 corresponds
to using exposure-robust standard errors from the equivalent industry-level IV, and column 2 imple-
ments the version with the null hypothesis imposed. Columns 3 and 4 parallel columns 1 and 2 when
applied to conventional IV: the former uses heteroskedasticity-robust standard errors and the latter
tests Bina = 0 with the null imposed, which amounts to using the Lagrange multiplier test.

The simulations in Panel A vary the data-generating process of the shocks. Following Adao et
al. (2019) in row (a) we draw the shocks #d from a normal distribution with the variance matched
to the sample variance of the shocks in the data after de-meaning by year. The rejection rate is close
to the nominal rate of 5% for both SSIV and conventional IV (7.6% and 6.8%, respectively), and in
both cases it becomes even closer when the null is imposed (5.2% and 5.0%).

This simulation may not approximate the data-generating process well because of heteroskedastic-
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ity: smaller industries have more volatile shocks.'® To match unrestricted heteroskedasticity, in row
(b) we use wild bootstrap, generating g, = gn:v;; by multiplying the year-demeaned observed shocks
gnt Dy v, u (0,1) (Liu 1988). This approach also provides a better approximation for the marginal
distribution of shocks than the normality assumption. Here the relative performance of SSIV is even
better: the rejection rate is 8.0% vs. 14.2% for conventional IV.

We now depart from the row (b) simulation in several directions, as a case study for the sensitivity
of the asymptotic approximation to different features of the SSIV setup. Specifically, we study the
role of the Herfindahl concentration index across industries, the number of regions and industries,
and the many weak instrument bias. We uniformly find that the performance of the SSIV estimator
is similar to that of industry-level IV. Our results also suggest that the Herfindahl index is a useful

statistic for measuring the effective number of industries in SSIV, and the first-stage F-statistic is

informative about the weak instrument bias, as usual.

The Role of Industry Concentration Since Assumption 2 requires small concentration of in-
dustry importance weights, measured using the Herfindahl index 3, , s2,/ (Znt Snt)2, Panel B of
Table C7 studies how increasing the skewness of s,; towards the bigger industries affects coverage of
the tests.!! For conventional IV this simply amounts to reweighting the regression. Specifically, for a

parameter o > 1, we use weights

Zn/ t’ Sn't!
= o
Donr S

~ «
Snt = Spt -

We choose the unique a to match the target level of HHI by solving, numerically,

(Z (; i a2)
Zn,t Snt

Matching the Herfindahl index in SSIV is more complicated since we need to choose how exactly
to amend shares 5y, and regional weights é;; that would yield 5,; from (A52). We proceed as follows:
we consider the lagged level of manufacturing employment by industry Eg,; = egsen: and the total
regional non-manufacturing employment Eyy; = ez (1 — Zn sent).lz We then define Elnt = Fpy - :ETE
for manufacturing industries (and leave non-manufacturing employment unchanged, Epr = Eor)-

This increases employment in large manufacturing industries proportionately in all regions, while

10T his is established by unreported regressions of |gnt| on sn¢, for year-demeaned gn: from ADH, with or without
weights. The negative relationship is significant at conventional levels.

HNote that in ADH >, Sent €quals the lagged share of regional manufacturing employment, which is below one. We
thus renormalize the shares when computing the Herfindahl.

12The interpretation of Ey,; as the lagged level is approximate since ey; is measured at the beginning of period in
ADH, while sy, is lagged.
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reducing it in smaller ones. We then recompute shares Sg,; and weights €y, accordingly:

N ~
Z Z Eénta

€pt =
n=0 t
~ o Eme
Stnt = : .
0t

Rows (c¢)—(e) of Table C7 Panel B implement this procedure for target Herfindahl levels of 1/50,
1/20, and 1/10, respectively. For comparison, the Herfindahl in the actual ADH data is 1/191.6
(Table 1, column 2). The table finds that even with the Herfindahl index of 1/20 (corresponding to
the “effective” number of shocks of 20 in both periods total) the rejection rate is still around 7%, a level
that may be considered satisfactory. It also shows that the rejection rate grows when the Herfindahl is
even higher, at 1/10, suggesting that the Herfindahl can be used as an indicative rule of thumb. More

importantly, the rejection rates are similar for SSIV and conventional industry-level IV, as before.

Varying the Number of Industries and Regions The asymptotic sequence we consider in
Section 3.1 relies on both N and L growing. Here we study how the quality of the asymptotic
approximation depends on these parameters.

First, to consider the case of small N, we aggregate industries in a natural way: from 397 four-
digit manufacturing SIC industries into 136 three-digit ones and further into 20 two-digit ones and
reconstruct the endogenous right-hand side variable and the instrument using aggregated data.'®> Rows
(f) and (g) of Table C7 Panel C report simulation results based on the aggregated data. They show that
rejection rates are similar to the case of detailed industries, and between SSIV and conventional IV.
This does not mean that disaggregated data are not useful: the dispersion of the simulated distribution
(not reported) increases with industry aggregation, reducing test power. However, standard errors
correctly reflect this variability, resulting in largely unchanged test coverage rates.

Second, to study the implications of having fewer regions L, we select a random subset of them
in each simulation. The results are presented in Rows (h) and (i) of Panel C for L = 100 and 25,
compared to the original L = 722, respectively.'* They show once again that rejection rates are not

significantly affected (even though unreported standard errors expectedly increase).

Many Weak Instruments In this final simulation we return to the question of SSIV bias. Since

our previous simulations confirm that just-identified SSIV is median-unbiased, we turn to the case of

13Specifically, we aggregate imports from China to the U.S. and either developed economies as well as the number
of U.S. workers by manufacturing industry to construct the new g,: and ggts ‘We then aggregate the shares sg,¢ and
s@fére“t to construct zy; and zp; (see main text footnote 39 for formulas). We do not change the regional outcome,
controls, or importance weights. For conventional IV, we additionally reconstruct the outcome (industry employment
growth) by aggregating employment levels by year in the Acemoglu et al. (2016) data and measuring growth according
to their formulas.

14When we select regions, we always keep observations from both periods for each selected region. We keep the
second- and first-stage coefficients from the full sample to focus on the noise that arises from shock randomness.
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multiple instruments. We show that the problem of many weak instruments is similar between SSIV
and conventional IV, and that first-stage F'-statistics, when properly constructed, can serve as useful
heuristics.

For clarity, we begin by describing the procedure for the conventional shock-level IV that is a small
departure from Column 3 of Table C7. For a given number of instruments J > 1, in each simulation
we generate g7, j = 1,...,J, independently across j using wild bootstrap (as in Table C7 Row
(b)).> We make only the first instrument relevant by setting ¥, = finagi,; + Z;’zg 0 gne + Une.
We then estimate the IV regression of y;;, = €,; on z},,, instrumenting with g{,,,...,g%,;, controlling
for ¢, and weighting by s,:. We use robust standard errors and compute the effective first-stage
F-statistic using the Montiel Olea and Pflueger (2013) method.

The procedure for SSIV is more complex but as usual parallels the one for the conventional shock-
level IV as much as possible. Given simulated shocks g7,,, we construct shift-share instruments
Zipe = D¢ StntG;ny and make only the first of them relevant, zj, = 7zj,, + Zj:2 0 27,4 + G- Since
the equivalence result from Section 2.3 need not hold for overidentified SSIV, we rely on the results
in Appendix A.10: we estimate 8* from the industry-level regression of g} (based on y}, = &/ as
before) on z:+ by 2SLS, instrumenting by ¢i,;,---, 3%, controlling for g,; and weighting by s,.
We compute robust standard errors from this regression to test 5* = 0. For effective first-stage F'-
statistics, we follow the procedure described in Appendix A.10 and implemented via our weakssivtest
command in Stata.

Table C8 reports the result for J = 1,5, 10,25, and 50, presenting the rejection rate corresponding
to the 5% nominal, the median bias as a percentage of the simulated standard deviation, and the
median first-stage F-statistic. Panel A corresponds to SSIV and Panel B to the conventional shock-
level IV. For higher comparability, we adjust the first-stage coefficient 7j,q in the latter in order to
make the F-statistics approximately match between the two panels. We find that the median bias is
now non-trivial and grows with .J, at the same time as the F-statistic declines. However, the level of
bias is similar for the two estimators. The rejection rates tend to be higher for conventional IV than

SSIV, although they converge as J grows.

5For computational reasons we perform only 15,000/J simulations when J > 1 (but 10,000 for J = 1 as before).
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B Appendix Proofs

B.1 Proposition 4 and Extensions

This section proves Proposition 4 and extensions that allow for certain forms of mutual shock depen-
dence (Assumptions 5 and 6). Proposition 3 is obtained as a special case, where ¢, = 1. In addition
to Assumptions 3 and 4 and the relevance condition of }_, eozeTy 2y 7 with # 0, the proof of

Proposition 4 uses two regularity conditions:

Assumption B1: E [§2 | £,¢,s] and E [€2 | 5] are uniformly bounded by some fixed B, and B..

Assumption B2: ||, eqweesl|, = op(1), max |(3, eqwew)) 7! = Op(1), and max |y, eqwezs| =

Op(1).

The first of these is a weak condition on the second moments of shocks and shock-level unobserv-
ables which we show below permits a shock-level law of large numbers. The second condition en-
sures the consistency of the IV estimate of the control coefficient, 4 = (3, eqwew}) =1 >, eqwees =
v+ (X, eewew)) ~1 S, eqwee, (see footnote 5 in the main text), and stochastic boundedness of the
weighted average ), ejwysm2¢, while generally allowing the length of the control vector to increase
with L. We discuss low-level conditions for the consistency of 4 in Appendix A.5.

To prove Proposition 4, we first note that under Assumption B2,
angngn - angngi = Zele (Eé - EZL)
n n 4
= (Z 6z22w2> ¥ =)
[
= (Z engU)%) (Z 6@’[0@11)2) -1 Z EpWeEy LN 0, (B].)

14 L 1

so that, when the relevance condition holds,

B _ B — Zn Sngnéi
> SnGnTp

=71 sngnén (14 0p(1)). (B2)

Furthermore, since ) s¢, = 1, we also have under Assumption B2 that

!
anq;,uén = <Z 64’[2)254) w0 (B3)
n L
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Thus

with

under Assumption 3.

Z Sngn€n = Z Spgnén + Op(1)7
n n

E

Z Sngngn] =0

To prove consistency of /3, it remains to show that Var >, 5ngnén] — 0. Since

]E[gngn’ | g,q,s] = Cov [gnygn/ ‘ é,q,s] =0

under Assumptions 3 and 4,

Var

n

2

(B6)

=Y E[snSn GndnEnén’]
n n’

=Y E[sE[E[g)|2,q,5] €,

Then, by Assumption B1 and the Cauchy-Schwartz inequality:

Var

Extensions

< B,B.E

n

Zn:s

i} — 0.

]

(B7)

(B8)

Similar steps establish equation (B8) when Assumption 4 is replaced by either Assump-

tion 5 or 6. Under Assumption 5 we have, for N (¢) = {n: ¢(n) = ¢},

Var

n

g 5n§n§n

Z Z SnGn€n

¢ neN(c)

]_E

=E

; s’E Z

neN (c)

=E > s )

c

Sn Sn’

Se S
c n,n’€N(c) ¢ -

Zsi] — 0.

< B,B.E
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Here the last line used Assumption Bl and the Cauchy-Schwartz inequality twice: to establish, for

n,n’ € N(c),
E[gngn’ ‘ quas] S \/IE [gn | §7q58]E[§n’ | gaQ7s]
< B, (B10)
and
Ellenllew! | sl < \/E[E2 | SIE[E2, | 5]
< B.. (B11)

If we instead replace Assumption 4 with Assumption 6, we have

2
Var angnén] =E (Z Sn§n5n>

n n

= Z Z E [S”SH'E [gngn’ | €, 4, S] gngn’]
< B Z Z f (|TL/ —n))E|snénsn&n]

N—1N-—
= By, (ZE [(Sngn Z Z |5n+7"5n+7“ |S7L§7L|] f(T’))
N-1
< <BL S E[EE | sn) (f<o> r2y f<r>)
N—1
B. (f(O) +2)° f(r)) (BLE ZS?LD -0, (B12)
r=1

using E [5% | sn] < B in the last line. Here the second-to-last line follows because for any sequence

of numbers aq,...,ay and any r > 0,

1 N-—r N—r
SEEEIO TS oM
n n=1 n=1
1 N-—r N—r
== 5 (an - an+r)2 + Z Ay Aty
n=1 n=1
N—r

(B13)

Y%
o
3
o
3
1

and the same is true in expectation if a,, = |s,&,| are random variables. We note that allowing By,
to grow in the asymptotic sequence imposes much weaker conditions on the correlation structure of

shocks. For example, with shock importance weights s,, approximately equal, i.e. ) 52 =0, (1/N),
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it is enough to have |Cov [Gn,Gn | & ¢,8]| < B1/N® for any o > 0: in this case one can satisfy

Assumption 6 by setting By, = BiN'=%/2 and f(r) = r—17/2,

B.2 Proposition 5 and Related Results

This section proves Proposition 5 and then establishes several additional results mentioned in Section
5.1. First, we show the heteroskedasticity-robust standard error from estimating equation (10) is
numerically equivalent to the baseline IV standard error of Adao et al. (2019) when w, contains only
a constant. Second, we show that when Assumption B4 on the structure of controls is relaxed, the
standard errors from Proposition 5 are conservative. We also discuss the likely difference between
our standard error estimates and those of Adao et al. (2019) when Assumption B4 holds. Finally, we
show how the alternative null-imposed inference procedure of Adao et al. (2019) is also conveniently
obtained from our equivalent shock-level regression.

We prove Proposition 5 under additional assumptions that largely follow Adéo et al. (2019):
Assumption B3: The first stage satisfies o = ) 8¢, Tengn + n¢, for all £

Assumption B4: The control vector can be partitioned as wy = [Wp,up)’, for Wy = Y, Sengn.

The vector g, captures all sources of shock confounding: E|[g, | Zr] = ¢,u, for all n and

I, = {{qn}n ) {’LLg, €¢,Me, {5€n7 7T'Zn}n y 6@}(}-
2
Assumption B5: The g, are mutually independent given Zj,, max,, s, — 0, and max,, 725,"32/ — 0.

Assumption B6: E [|g,,|*™ | Z,.] is uniformly bounded for some v > O and >, e, 3", 57, Var (g, | Zp] mpn #
0 almost surely. The support of 7y, is bounded, the fourth moments of €, 1, us, ¢,, and g, exist
and are uniformly bounded, >, e;wow; L Qww for positive definite ., and > $,¢nq), LN Qyq for
positive definite 44. The control vector v is consistently estimated by ¥ = (>, egwgwg)_l >y erweey.

We note that Assumption B5 both strengthens our baseline Herfindahl index condition in As-
sumption 4 and implicitly treats the set of s, as non-stochastic, following Assumption 2 of Adao
et al. (2019). The regularity condition B6 includes the relevant conditions from Assumptions 4 and
A.3 of Addo et al. (2019). These assumptions strengthen those of Proposition 4: Assumptions B3-B6
imply our Assumptions 3, 4, B1, and B2. Relative to Adao et al. (2019), we do not impose that L > N
or that the shares are non-collinear.

To establish the equivalence of IV coefficients in Proposition 5, note that when ) s¢, ¢y is included

in Wy

ZSnQngr% = ZCZWL (Z Sann) =0 (B14)
n 4 n

and similarly for > s,q,Z;;. The s,-weighted regression of y and Z;} on g, thus produces a

coefficient vector that is numerically zero, implying the s,-weighted and g,-instrumented regression
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L

of g on Z; is unchanged with the addition of ¢, controls. Proposition 1 shows that the IV coefficient
from this regression is equivalent to the SSIV estimate A.

To establish validity of the standard errors, note that the conventional heteroskedasticity-robust
standard error from for the s,-weighted shock-level IV regression of 7i;* on Z;- and ¢, instrumented

by gn, is given by

2 22 22
S€equiv = ‘

B15
Zn s"i'#gn‘ ’ ( )

where &, = §- — Bz, is the estimated shock-level regression residual (where we used the fact that
the estimated coefficients on ¢, in that regression are numerically zero) and §, = g, — [ig,, where
a= 00, annqg)f1 > SnGngn, is the residual from a projection of the instrument in equation (10)
on the control vector ¢,. By Proposition 1, &, coincides with the share-weighted aggregate of the
SSIV estimated residuals &, = y;- — S}

1 1 A
& — D eeSemyy Al D0 €eSmTy Doy €eStmée
" =

25625671 Z@eésﬁn B Z@WSETL.

(B16)

The squared numerator of (B15) can thus be rewritten

2
S -3 (z ) . (B17)
n 4

n

The expression in the denominator of (B15) estimates the magnitude of the shock-level first-stage

covariance, which matches the ey-weighted sample covariance of z, and z:

Z sn:_rf;gn = Z (Z egsen:cj‘> Gn = Zegmj‘zz. (B18)
n n l 4

Thus

~ \/Zn (S eesene)” 32

S€equiv — ’Ez egl‘é‘zg‘

(B19)

We now compare this expression to the standard error formula from Ad&o et al. (2019), incorporating

the e, importance weights. Equation (39) in their paper yields

_ VS (S ersmén) 2

SCAKM — ’Zz 8(@'?2[’ 5

(B20)

where g, denotes the coefficients from regressing the residualized instrument zj on all shares sy,
without a constant; note that to compute this requires L > N and that the matrix of exposure shares
Sgr, is full rank. The formulas for Séequiy and Seaxwn therefore differ only in the construction of shock

residuals, g, versus .
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2

equiv and sAeiKM, and thus the asymptotic

We establish the general asymptotic equivalence of Se
validity of $eequiv, by showing that both capture the conditional asymptotic variance of B given Zj,
under Assumptions B3-B6. Both of the resulting confidence intervals are then asymptotically valid
unconditionally, since if Pr(8 € cI | Zr.) = o then Pr(p € C/q') =E {]E [1[6 eCI | ILH = « by the
law of iterated expectations. Under Assumptions B3-B6, Proposition A.1 of Adao et al. (2019) applies

and shows that
- B) SN (o, :) (B21)

for V = plim;_, rrVy, where rp, =1/ (3, s2) and Vp = Y, (3, essmee)” Var [g, | Zp], provided

such a limit exists. To establish the asymptotic validity of Seaxn, i-e. that rp, (Zn > 6¢Sgné()2 g2 — VL> 2
0, Adao et al. (2019) further assume that L > N, the matrix of sy, is always full rank, and additional
regularity conditions (see their Proposition 5). We establish r, (Zn >y eosmée)’ G2 — VL> 2,0, and

thus r. >, (3, ersmée)’ 92 2V, without imposing those assumptions.

To start, we write g, = g, — ¢, and decompose

2 2
L Z <Z egSgnég> QTQL -V | =rL Z (Z 6€5€n5€> g?z -V

n V4 n 4

2 2
+ry Z (Z egSgnég> - (Z (3(5671,5@) gi
n 14

Y4
2
—+ 7, Z <Z 6@55n55> (gi — g%) . (B22)
n £

Adao et al. (2019) show that the second term of this expression is o,(1) under our assumptions, using

the fact (their Lemma A.3, again generalized to include importance weights) that for a triangular array

{AL17 e 7ALL7 BLla R BLLa C(le R CLNL }ZO:]_ with E I:AA[L”@ | {{Sé’n}n B 64/}@} 3 E [B%Z | {{Sé/n}n 765’}5/]7
and E [C3,, | {{sen'},, - €c},] uniformly bounded,

TLZZzeéeé/slnsi’nALlBLl’CLn = Op(l) (B23)
e v

n

Here with Dy = (z4,w})’, 8 = (8,7')’, and § = (5,4') we can write

2 2
(Z egSgnég> = (Z G(Sgn€g> +2 Z Z egenggnSg/nDé (9 — é) Epr
14 4 [
+3°Y eer D, (9 - é) D, (9 - é) , (B24)
e v

and both D, and &y, have bounded fourth moments by the assumption of bounded fourth moments of
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€0, Mg, Ug, and gy, and g, in Assumption B6. Thus by the lemma

2 2
rLYy (Z €e$méz> - (Z 6@$en8z> Jn =2 (9 - é) ' (TL DD even SenSe'nﬁDew)
n ‘ ¢ ¢ ¢ o n

+ (9 — é) ! (T‘L Z Z Z 6@65/84n84/n§3D5D2/> (9 — é)
VA4 n
- (9 - é) '0,(1) + (9 - é) '0,(1) (9 - é) . (B25)

which is o,(1) by the consistency of 6 (implied by Assumptions B3-B6). Adao et al. (2019) further
show the first term of equation (B22) is 0,(1), without using the additional regularity conditions of
their Proposition 5.

It thus remains for us to show the third term of (B22) is also o0,(1). Note that

~2

N2 ~ N 2 ~ ~
0n = (gn — o) =G + (@, (2 — 1)" = 2Gnd), (0 — 1) , (B26)

so that

"y (z ) 2 - 32)

n

=Ly (Z emm) (@n (20— 1) = 290) a, (o — 1)

n

=Ly (Z 645£n€e> (dr, (A — 1) = 29n) d, (A — 1)
14

n

Ly (Z ef%@) - (Z wS@nEé) (g (1= 1) = 2gn) qp, (1 — 1) - (B27)
n V4 V4

Using the previous lemma, the first term of this expression is O, (1) (4 — ) since €¢, gn, and g, have
bounded fourth moments under Assumption B6. The second term is similarly O,(1) (i — ) by the
lemma and the decomposition used in equation (B25). Noting that fi—p = (>, an,,,qg)_l Y on Snndn 2

0 under the assumptions completes the proof.

The Case of No Controls We show that when there are no controls besides a constant, i.e
wy = g, = 1, the standard errors are numerically the same. To prove this, it suffices to show that
Gn = §n. Absent controls, g, = gn—> ., Sngn is the s,,-weighted demeaned shock. The §,, are obtained

as the projection coefficient of zj- = zp— Ze epzp on the N shares. Note that

dem = > SmGn = Sngn, (B28)
14 )4 n n
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so that, with >~ sp, =1,

2= €= StnGn— D SnGn =Y Stnin- (B29)
L n n L

This means that the projection in Ad&o et al. (2019) has exact fit and produces g, = gy,

Relaxing Assumption B4 We now show that the standard errors from our equivalent regression in
Proposition 5 are asymptotically conservative under a weaker assumption on the structure of controls

than Assumption B4:

Assumption B4’: There exists a K-dimensional vector p,,, with uniformly bounded fourth moments,
such that wy = )", s¢npn + ue for some K-dimensional vector ug and E[g,, | Zr] = pl,p for

all n and for Zp, = {{pn},, . {ue, €0, e, {Sen, Tin},, €0}, }-

This assumption requires that the controls w, can be represented as noisy versions of some latent
shift-share confounding variables )", s¢npn. Since the variance of uy is unrestricted, this assumption
relaxes not only our Assumption B4 but also the assumption of approximate shift-share controls in
Adao et al. (2019).

Specifically, we show that under Assumptions B3, B4’, B5, and B6 the shock-level regression from
Proposition 5 that controls for a subvector of confounders ¢, C p, yields asymptotically conservative

standard errors. Consider )
AL =TL Z (Z EgSgnég> Q?L — TLVL (B30)
n L

with gy, still denoting the s,-weighted projection of g,, on g, (only), and Vi, =>- (>, egSgneg)Q Var [gy,

where 7y is the expanded set from Assumption B4’. Write

= Gn +py, (0= f1), (B31)
where the non-zero elements of i correspond to the g, subvector. We show that
Ar—-AL B0 (B32)

for the non-negative

Ap=rL) (Z ezsenée> (P}, (=), (B33)
n 4

when i = 0,(1).16

16We note this is a weaker condition than convergence of the incorrect shock-level projection (i.e. that i = 1z + op(1)
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First note by equation (B31) that, for g, = g, — p,, 1,
p = ~ - 2
92 = G2+ 2000 (n— 1) + (P (n— 1)
Thus
2
Ap —Ap =rp, Z (Z 6@$gn55> gi —r.VL
n 14
2
+2rr Z (Z eeSenée> Gn (11— 1) . (B34)
n L

We showed that the first term is 0,(1) in the proof of Proposition 5. It remains to show the second

term is also 0, (1). To see this, write

2 2
TL Z (Z ezsm@) GnPn =TL Z (Z eesmsg> GnDn (B35)
n 0 n 7 2 2
+rr Z <Z eesmée) - (Z egSgngg> GnPn- (B36)
n Vi P

We have

2 2
E|r.) (Z eszfz) Gnpn | =E 1) (Z eem&z) E[gn | ZLlpn| =0 (B37)
n 14 n 4

since E [gy, | Z1]. Furthermore,

2 4
Var |ry, Z (Z 645@5@) Gnpn | = 1"12: Z E (Z egSgnEZg) Var (g, | Zr] pupl, | — O, (B38)
n L n

14

implying the first term of (B35) is 0,(1). The second term of this expression can also be shown to be
op(1) by applying the lemma from Ad&o et al. (2019) and the representation used in equation (B25).
Thus

2
2Ly <Z 6255n5z> gnr (1 — 1) = 0p(1)' Oy (1), (B39)
n ¢
completing the proof.

Comparison of Standard Errors under Assumption B4 The characterization of the standard

errors in equations (B19)—(B20) also offers insights into how these standard errors may differ in

for some ).
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presence of controls, when both standard error calculations are asymptotically valid. We argue that
under the conditions of Proposition 5, our standard errors are likely smaller in finite samples. More
precisely, we show that the homoskedastic version of (B19) is smaller than the homoskedastic version
of (B20). This is suggestive of the comparison under heteroskedasticity, but is not a proof.

To see this, consider versions of the two standard error formulas obtained under shock homoskedas-

ticity (i.e. Var|[g, | Zp] = 07):

{;\ehomo \/(Zn S%é%) (En Sng%)

0 — B40
T o
~homo _ V(320 5267) (30, 5ndin)
se = , B41
AKM |Z€ eng_ 20 | ( )

which differ by a factor of \/>", $,G2/>_,, Sni2.

When the SSIV controls have an exact shift-share structure, wy; = >, s/n¢yn, the share projection
producing §, has exact fit such that one can represent g, = gn — ¢, fiaxnm for some faxp. In
this case the s,-weighted sum of squares of shock residuals is lower in our equivalent regression by
construction of fir > $,92 < > sn§2 (with strict inequality when jiaxm # /). Similarly, when
wy instead contains controls that are included for efficiency only and are independent of the shocks,
projection of z, on the shares produces a noisy estimate of g, — >, sngn, which again has a higher

weighted sum of squares.

Null-Imposed Inference Procedure Finally, our shock-level equivalence provides a convenient
implementation for the alternative inference procedure that may have superior finite-sample perfor-
mance. Addo et al. (2019) show how standard errors that impose a given null hypothesis § = §y in
estimating the residual €, can generate confidence intervals with better coverage in situations with
few shocks (and a similar argument can be made in the case of shocks with a heavy-tailed distribu-
tion).!” Building on Proposition 5, such confidence intervals can be constructed in the same way as
in any regular shock-level IV regression. To test 3 = By, one regresses y- — BoZ;> on the shocks g,
(weighting by s, and including any relevant shock-level controls ¢,,) and uses a null-imposed residual
variance estimate. This procedure corresponds to the standard shock-level Lagrange multiplier test
for B = By that can be implemented by standard statistical software.'® The confidence interval for 3

is constructed by collecting all candidate Sy that are not rejected.

17As explained by Addo et al. (2019), the problem that this “AKMO0” confidence interval addresses generalizes the
standard finite-sample bias of cluster-robust standard errors with few clusters (Cameron and Miller 2015). With few or
heavy-tailed shocks, estimates of the residual variance will tend to be biased downwards, leading to undercoverage of
confidence intervals based on standard errors that do not impose the null.

18For example in Stata one can use the ivreg2 overidentification test statistic from regressing gjrf - Bofﬁ on gn with
no endogenous variables and with g, specified as the instrument (again with s, weights).
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B.3 Proposition Al

We consider each expectation in equation (A2) in turn. For each n, write

fin(g—nee,m0) = M y(@1(lgn: g=—nl 1), - - 2R ((gns 9-nl, ner), 20)

such that

Sin€ednlYe =Sin€ednkin (g—ny €, 77@)

dn a
+s/zneegn/ @y(wl(['ﬁgin],na)w TR([V; 9—nlsMer), €0)dy.

By as-good-as-random shock assignment, the expectation of the first term is
E [anelgnﬂn(gfn; €y, 775)] =E [SlneZE [gn | S$,€6,9—n,E, 772] Hﬂ-(g*nv &, 772)] = 0’
while the expectation of the second is

E[smgn [ st gel o) onllys g en), Ee)dv]

o 9n 8
=E [Slnef/ / gngy(xl(h/; g—n]v nll)a cee xR(h/; g—n]a n@R), Sl)d’)/an(gn | I)]

E[ /jo gym([ L) 2w gnls o). £0) /Oognan@nmdv}

where F,,(- | Z) denotes the conditional distribution of g,,. Thus

oo

E [sineegnye) = E |:$£nef/ 3.

=38 | smcituminDig i | D)

where

,un(7 | I) E/Oo gnan(gn |I)

Y@ (7 9nds 1) 2R ([ Gn]s ), € )tim (Y | I)dv}

(B42)

(B43)

(B44)

(B45)

(B46)

=[Egn [ 9n 27 I —Elgn | gn <7, Z])) Pr(gn =27 | T)(1 = Pr(gn 27| Z)) >0 a.s.

Similarly

E [seneegnwe] = ZE[/ senee0terTorn ([V; g—n])pn (v | T)dy| -
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Combining equations (B46) and (B48) completes the proof, with
wérn(’y) = S¢nCeQyrlin (’7 | I)'”Zrn(h/; g*n]) Z 0 a.s. (B49)

B.4 Proposition A2

By definition of &,

g = Ze €rSin (Zn/ Son!Vn' + é@)

" Ze €¢Sein
= Vs + En, (B50)
n/
for auy, = % and &, = % Therefore,
Var [g,] = Z 02,02, + Var [,]
n/
> o0, (B51)
and
max Var [£,] > o2 max . (B52)

To establish a lower bound on this quantity, observe that the s,-weighted average of «,, satisfies:
2
€yS
D
n n
= Hy. (B53)

Since Y, s, = 1, it follows that max, a,, > Hy, and therefore max, Var[g,] > 0c2H?. Since Hy, —

H > 0, we conclude that, for sufficiently large L, max,, Var [£,,] is bounded from below by any positive

§ < oZH?.

B.5 Proposition A3

To prove (A9), we aggregate (A8) across industries within a region using FEj, weights:

ye = (Bo — B1) we + &y, (B54)
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where ¢ = Zn Sencom. The shift-share instrument z, is relevant because

E

5 eexm] =E e/E E Stn (ﬁgn+wn)~§ Sen/Gn'
L ¥4 n n’
= E egsfnﬁ'aj
Ln

> Hproy, (B55)

while exclusion holds because

E 6525641 =§ e E SenEen'E Sen' gn
¥4 £ n n’

=0. (B56)

E

Thus by an appropriate law of large numbers, B=8— B1 + op(1).
To study fBina, we aggregate (A8) across regions (again with Ej, weights):

Yn = ﬁol‘n - /61 wan Z Son'Ton' + Eny (B57)
4 n’

for ¢, = Ze wWenEen- The resulting IV estimate yields

5 - Zn SnYndn
Bind — Bo = S Sntngn Bo
_ Zn Sn (_51 Zz Wen Zn’ Spn' Tyn' + 5n) 9n ) (B58)
Zn SnTndn
The expected denominator of Bind is non-zero:
E lz Snxngn‘| = Z SnE lz Wen (ﬁ—gn + nfn) 9n
n n 4
= Z snwznme
n
_ En E@n _ 2
~Z~E B
= 702, (B59)
while the expected numerator is
E Z Sn <_61 ZwZn Z Sen'Ten' + En) gn] = _61 Z SnWZ’rLSZn77'(-0-2
n 4 n’ n,f
= —pHy7o?, (B60)
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where the last equality follows because

En Efn Eﬁn
E SnWenSin = T
- tnot E E, E,

n,f
Ei (Em\’
= ety
n,l

=Hyp. (B61)
Thus by an appropriate law of large numbers,
Bina = Bo — BLHL + 0,(1). (B62)

B.6 Proposition A4

By appropriate laws of large numbers,

B _ E [Zz Ey (Zn SenYen) (Zn/ Sen' gn )]
E [Z@ EZ (En Sénxfn) (Zn’ Sén’gn’)]
>t Eestnmeno Ben Foy(1)
- o
ZZ n Ezsinﬂ—énagz i
. Zém Eﬁnsfnﬂ-éno-r%ﬁén

Zé,n Eﬁnsénﬂén(f%

+ 0p(1)

+0p(1) (B63)

while

find = S
— E [Zn En (Z( w@nyin) gn}
Z Enwfn’]r[norzlﬁln
== 7+ op(1)
Zz,n Enwmmmos,
N Zl,n Eénﬂ'eno'%ﬂén
Zﬁ,n Elnﬂ_fno—%

+ 0p(1)

+0p(1). (B64)

B.7 Proposition A5

We prove each part of this proposition in turn.

38



1. Expanding the moment condition yields:

E

> 645Z¢Z,LOO] => E
¢ ¢

> e WenE [Ecen]
ey B,
7 - Ez/#wé’n

Zl’;&f wé’an’n
€pEy E Stin——
n D Wem

=0. (B65)

2. The assumption of part (1) is satisfied here, so E[>, esestbe,roo] = 0. We now establish that
E {(Ze egagw,Loo)Q} — 0, which implies ), eseet)r, oo 2 0 and thus consistency of the LOO

SSIV estimator provided it has a first stage:

Wen, Z@#gz Wen,

2
wé’ ni w@' no
E E eeeer,Loo = E €0, €0, 50,n1 Slans : . E [e0,€0,00,n, Yyn, ]
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0 #0050
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(5174274/174/2)6\7, bl T Sttty TR

ni,n2

(B66)

Here the second line used the first regularity condition, which implies that E [sgle& we;mwe;m] =
0 whenever there is at least one index among {/1, £2, ¢}, ¢4} which is not equal to any of the others,

i.e. for all (£q,0s,01,0,) & J.

3. We show that under the given assumptions on sg,, e, and wy,, the expression in (A21) is

bounded by 4N/L:

Z Wé/lnl w[é’n&
eel 6[2 Sélnl Séz?’m
we We
(41,4215,11/2)6\7’ Zé;ﬁll " 257&[2 "
ni,n2
_ Z 1 Weln(ey) Weyn(£s)

(€1,62,07,04)eT L2 Yz wenien) Lot Weniea)
12,87 ,%9

1 1 1
X Loty — 1 Lz — 1
(€,02,04,65)eT ! 2

n(&y)=n(t),
n(ly)=n(l2)

1 2Ln (Ln—1) _ N
= — _— < _—
e zn: T 45 (B67)

Here the second line plugs in the expressions for sy, and ey, and the third line plugs in wy,. The
last line uses the fact that any tuple (¢1, f2, ¢}, ¢5) € J such that n(¢;) = n(¢1) and n(€) = n(¢s)

has all four elements exposed to the same shock n. Moreover, it is easily verified that all of these
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tuples have a structure (€4,¢p,0a,¢p) or (£a,€p,¢p,04) for any £4 # {p exposed to the same

shock. Therefore, there are 2L,, (L, — 1) of them for each n. Finally, LL”_'I <2as L, >2

B.8 Proposition A6

National industry employment satisfies £, =), E¢y; log-linearizing this immediately implies (A30).
To solve for gep, log-linearize (A27), (A28), and (A29):

Ez = (;SWZ + €y, (B68)
gon = g:; + é@n - UWla (B69)
E, = Z Sengen- (B70)

Solving this system of equations yields

Wg = 5 i P (Zn: Son (g:b —|—égn> — 6@) (B71)

and expression (A31).
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C Appendix Figures and Tables

Figure C1: Industry-Level Variation in the Autor et al. (2013) Setting
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°
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4 0 .
L
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.

-6

0 50 100 150 0 50 100 150
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Notes: This figure shows binned scatterplots of shock-level outcome and treatment residuals, gjf;t and iﬂ;t, corresponding
to the SSIV specification in column 3 of Table 4. The manufacturing industry shocks, gnt, are residualized on period
indicators (with the full-sample mean added back) and grouped into fifty weighted bins, with each bin representing
around 2% of total share weight s,:. Lines of best fit, indicated in red, are weighted by the same s,:. The slope
coefficients equal 5.71 x 1073 and —1.52 x 1073, respectively, with the ratio (-0.267) equaling the SSIV coefficient in
column 3 of Table 4.
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Table C1: Shift-Share IV Estimates of the Effect of Chinese Imports on Other Outcomes

(1) (2) 3) (4) (5) (6) (7)

Unemployment growth ~ 0.221 0217 0.063  -0.014  0.104  0.107  0.235
(0.049)  (0.046) (0.060) (0.079) (0.079) (0.083) (0.178)

NILF growth 0553  0.534  0.008  0.149  0.142  0.117  0.187
(0.185) (0.183) (0.133) (0.083) (0.155) (0.161)  (0.297)

Log weekly wage growth  -0.759 -0.607 0.227 0.320 0.145 0.063 -0.211
(0.258)  (0.226)  (0.242) (0.209) (0.264) (0.260) (0.651)

# of industry-periods 796 794 794 794 794 794 794
# of region-periods 1,444 1444 1444 1444 1444 1444 1,444

Notes: This table extends the analysis of Table 4 to different regional outcomes in Autor et al. (2013): unemployment
growth, labor force non-participation (NILF) growth, and log average weekly wage growth. The specifications are
otherwise the same as in the corresponding columns of Table 4. SIC3-clustered exposure-robust standard errors are

computed using equivalent industry-level IV regressions and reported in parentheses.
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Table C2: Alternative Standard Errors in the Autor et al. (2013) Setting

(1) ) (3) (4) (5) (6) (7
Coefficient 0.596  -0.489  -0.267  -0.314  -0.310  -0.290  -0.432
Table 4 SE (0.114)  (0.100)  (0.099)  (0.107)  (0.134)  (0.129)  (0.205)
State-clustered SE (0.099)  (0.086)  (0.086)  (0.097) (0.104)  (0.101)  (0.193)

Ad3o et al. (2019) SE (0.126)  (0.116)  (0.113)  (0.107)  (0.143)  (0.140)  (0.192)

Confidence interval with  [-1.059, [-0.832,  [-0.568, [-0.637, [-0.705, [-0.699, [1.207,
the null imposed -0.396]  -0.309] -0.028] -0.018]  -0.002] 0.002] 0.122]

Notes: This table extends the analysis of Table 4 by reporting conventional state-clustered standard errors, the Adao
et al. (2019) SIC3-clustered standard errors, and confidence intervals based on the equivalent industry-level IV regression
with the null imposed, as discussed in Section 5.1. The specifications are the same as those in the corresponding columns
of Table 4; for comparison we repeat the coefficient estimates and exposure-robust standard errors from that table.
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Table C3: Period-Specific Effects in the Autor et al. (2013) Setting

(1) () ®3) (4)
Mfg. emp. Unemp. NILF Wages
Coefficient (1990s) -0.491 0.329 1.209 -0.649
(0.266)  (0.155)  (0.347) (0.571)
Coeflicient (2000s) -0.225 0.014 -0.109 0.391

(0.103)  (0.083) (0.123) (0.288)

Notes: This table reports coefficient estimates for versions of the shift-share IV specification in column 3 of Tables 4 and
C1, allowing the treatment coefficient to vary by period. This specification uses two endogenous treatment variables
(treatment interacted with period indicators) and two corresponding shift-share instruments. The controls are the same
as in column 3 of Table 4. SIC3-clustered exposure-robust standard errors are obtained by the equivalent shock-level

regressions and reported in parentheses.
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Table C4: Robustness to Acemoglu et al. (2016) Controls in the Autor et al. (2013) Setting

(1) (2) 3) (4)

Coefficient -0.200  -0.293  -0.241  -0.232
(0.093) (0.125) (0.115) (0.122)

Regional controls (we)

Autor et al. (2013) controls
Period-specific lagged mfg. share

Lagged 10-sector shares

NS

Local Acemoglu et al. (2016) controls

N NN

Local Acemoglu et al. (2016) pre-trends v v

SSIV first stage F-stat. 118.9 53.3 65.9 56.6
# of region-periods 1,444

# of industry-periods 794

Notes: This table extends Table 4 by adding exposure-weighted sums of the other industry-level controls in Table 3 of
Acemoglu et al. (2016). Pre-trends controls refer to the changes in industry log average wages and in the industry share
of total U.S. employment over 1976-91; see the notes to Table 4 notes for details on the other controls and calculation
of the SIC3-clustered exposure-robust standard errors (in parentheses) and first-stage F-statistics.
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Table C5: Overidentified Shift-Share IV Estimates of the Effect
of Chinese Imports on Manufacturing Employment

(1) (2) (3)

Coefficient -0.238 -0.247 -0.158
(0.099) (0.105) (0.078)

Shock-level estimator 2SLS LIML GMM
Effective first stage F-statistic 15.10
X>(7) overid. test stat. [p-value] 10.92 [0.142]

Notes: Column 1 of this table reports an overidentified estimate of the coefficient corresponding to column 3 of Table 4,
obtained from a two-stage least squares regression of shock-level average manufacturing employment growth residuals
¥, on shock-level average Chinese import competition growth residuals Z;-,, instrumenting by the growth of imports
(per U.S. worker) in each of the eight non-U.S. countries from ADH, g, for k = 1,...,8, controlling for period fixed
effects gnt, and weighting by average industry exposure sp¢. Column 2 reports the corresponding limited information
maximum likelihood estimate, while column 3 reports a two-step optimal generalized method of moments estimate.
Standard errors, the optimal weight matrix, and the Hansen (1982) x? test of overidentifying restrictions all allow for
clustering of shocks at the SIC3 industry group level. The first-stage F-statistic is computed by a shift-share version of
the Montiel Olea and Pflueger (2013) method described in Appendix A.10.
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Table C6: Bartik (1991) Application

(1) (2)

Leave-one-out estimator 1.277 1.300
(0.150)  (0.124)

Conventional estimator 1.215 1.286
(0.139) (0.121)

H heuristic 1.32 10.50
Population weights v
# of region-periods 2,166

Notes: Column 1 replicates column 2 of Table 3 from Goldsmith-Pinkham et al. (2020), reporting two SSIV estimators
of the inverse labor supply elasticity, with and without the leave-one-out adjustment. Regions are U.S. commuting
zones; periods are 1980s, 1990s, and 2000s; all specifications include controls for 1980 regional characteristics interacted
with period indicators (see Goldsmith-Pinkham et al. (2020) for more details). Standard errors allow for clustering by
commuting zones. Column 1 uses 1980 population weights, while column 2 repeats the same analysis without population
weights. The table also reports the H heuristic for the importance of the leave-one-out adjustment proposed in Appendix
A.6 (equation (A24)).
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Table C7: Simulated 5% Rejection Rates for Shift-Share and Conventional Shock-Level IV

SSIV Shock-level IV
Exposure-Robust SE Robust SE
Null not Null Null not Null
Imposed  Imposed Imposed Imposed

(1) (2) (3) (4)

Panel A: Benchmark Monte-Carlo Simulation
(a) Normal shocks 7.6% 5.2% 6.8% 5.0%
(b)  Wild bootstrap (benchmark) 8.0% 4.9% 14.2% 4.0%

Panel B: Higher Industry Concentration

(¢) 1/HHI =50 5.6% 4.9% 8.4% 6.1%
(d) 1/HHI=20 7.3% 5.5% 7.0% 10.7%
(e) 1/HHI=10 9.0% 8.2% 14.8%  23.8%

Panel C: Smaller Numbers of Industries or Regions
f) N =136 (SIC3 industries) 5.4% 4.5% 7.7% 4.3%
g) N =20 (SIC2 industries) 7.7% 3.7% 7.9% 3.2%
h) L =100 (random regions) 9.7% 4.5% N/A
i) L =25 (random regions) 10.4% 4.3% N/A

Notes: This table summarizes the results of the Monte-Carlo analysis described in Appendix A.l11l, reporting the
rejection rates for a nominal 5% level test of the true null that 8* = 0. In all panels, columns 1 and 2 are simulated
from the SSIV design based on Autor et al. (2013), as in column 3 of Table 4, while columns 3 and 4 are based on
the conventional industry-level IV in Acemoglu et al. (2016). Column 1 uses exposure-robust standard errors from the
equivalent industry-level IV and column 2 implements the version with the null hypothesis imposed. Columns 3 and 4
parallel columns 1 and 2 when applied to conventional IV. In Panel A, the simulations approximate the data-generating
process using a normal distribution in row (a), with the variance matched to the sample variance of the shocks in the
data after de-meaning by year, while wild bootstrap is used in row (b), following Liu (1988). Panel B documents the
role of the Herfindahl concentration index across industries, varying 1/HHI from 50 to 10 in rows (c) to (e), compared
with 191.6 for shift-share IV and 189.7 for conventional IV. Panel C documents the role of the number of regions and
industries. We aggregate industries from 397 four-digit manufacturing SIC industries into 136 three-digit industries in
row (f) and further into 20 two-digit industries in row (g). In rows (h) and (i), we select a random subset of region in
each simulation. See Appendix A.11 for a complete discussion.
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Table C8: First Stage F-statistics as a Rule of Thumb: Monte-Carlo Evidence

Number of Instruments

1 5 10 25 50
1) (2) (3) (4) (5)

Panel A: SSIV

5% rejection rate 8.0% 89% 11.5% 15.0% 23.0%
Median bias, % of std. dev.  0.3%  14.6% 28.3% 43.2% 72.1%
Median first-stage F' 54.3 14.8 9.1 6.4 7.7

Panel B: Conventional Shock-Level IV
5% rejection rate 13.6% 13.9% 14.9% 17.7% 22.0%
Median bias, % of std. dev. -0.3% 10.1% 27.1% 57.0% 80.2%
Median first-stage F' 59.4 19.4 13.2 10.0 11.2

Number of simulations 10,000 3,000 1,500 500 300

Notes: This table reports the results of the Monte-Carlo analysis with many weak instruments, described in Appendix
A.11. Panel A is simulated from the SSIV design based on Autor et al. (2013), as in column 3 of Table 4, while Panel B
is based on the conventional industry-level IV in Acemoglu et al. (2016). The five columns increase the number of shocks
J =1,5,10, 25, and 50, with only one shock relevant to treatment. The table reports the rejection rates corresponding
to a nominal 5% level test of the true null that 8* = 0, the median bias of the estimator as a percentage of the simulated
standard deviation, and the median first-stage F-statistic obtained via the Montiel Olea and Pflueger (2013) method
(extended to shift-share IV in Panel A, following Appendix A.10). See Appendix A.11 for a complete discussion.
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