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B Appendix: Notations

d, s : Indicates demand and supply. E.g., ¢¢, ¢° = i are the elasticities of demand and supply.
gy, My Aggregate shocks.

Cy: Controls affecting variable x.

A: Factor loadings.

uy: Idiosyncratic shocks.

iy = Quy: Idiosyncratic shocks residualized by a projection matrix Q).

2z = Muy: GIV.
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C Additional Proofs

C.1 Complement to the proof of Proposition 2

We detail the derivation of o4 (I'), which follows the same steps as that of oy (I'). We have

Y — Ope = ef with €/ == A\zn; + up,. This implies

phe — i — Er[ygez] ¢t — Er [(yz — ¢'pt) = _ Er [e/ur] _ r
r Er [ptzt] Er [ptzt] Er [ptuFt] dT’

where

dr =Er [pturt] N d=E [pturt] = ¢ME [UStUFt] .

By the central limit theorem, vTar % N (0,02), where

a ur*

o2 =E|(e)ub,| =E |E |(e})? | ub,| = E[02u},] = o202

This implies that /T <¢:dp’€ - ¢d> 4N (O, a;d>, where

Oq Oey Oy

T d T [ ME[ugur]|

oy (I')

C.2 Complement to the proof of Proposition 4

Verification that the solution of E [¢; (/)] = 0 is unique. First, we show that the equation
E[g} (#)] = 0 identifies m¥Y. We observe that §; = yi; — yg: can be written §; = Q‘y;, with
Q' =1 —F', and likewise CY = Q*C?. In the following, we shall use

RQ =R, Q@ =0, Q=0 (72)
which are easy to verify. We have
i (m?) = RN (y, — CPm?) = RAQ (yy — C¥m¥) = R* (g, — C¥m¥)
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SO

g — CPmY — Ay (m¥) = (I - 5\R5‘> (3. — CYmY) = Q* (3: — CYmY)
= Q;\QL (yr — CYm¥) = Q* (y, — CYm?)

= Q (L¢dpt + A+ Ut) = QM = Uy (73)
Next, as Q*CY = Q*Q'CY = Q*C?, and using Q* = (Q’\)/Q’\ per (53),
—g; (0)' = CY'Q* (y, — CYm?) = CY'QYQ* (y, — CYm¥) = (Q*CY) (@ e — Q*CYmY)

so that, using the full rank Assumption 5, there is a unique solution.

Given m?, the other equations (E [gf ()] = 0 for k = 2,3) are linear in all the other parameters
in 6, so that unicity of the solution is guaranteed if those linear equations have full rank. We
thus verify that they have full rank. Take the equation E[¢? (§)] = 0. Calling 8 = (¢, b, m?'),
Ay = (yse, 7, CY') and By = (2,1, CY), we have g7 (6) = (—p; + BA¢) Bi. Hence, if E[A,B] is
invertible, the solution in f is unique. To verify that E[A,;B;| is invertible, we remark that it is
a upper triangular block matrix with block diagonal elements E [ys:z], E [i747], E [C!'CY]. So, by
(4), which implies the relevance condition E [ys;z¢] # 0, and the full rank Assumption 5, E [A;B;] is
indeed invertible.

The argument is the same for E g7 ()] = 0, using the relevance result E [p;z] # 0, which comes
from E [pz¢] = pE [usiurs] # 0 because of (4) and 1 # 0.

So, we proved that the solution of E[g; (6)] = 0 is indeed unique.

2

e The argument is exactly the same as for ¢». We

Derivation of the asymptotic variance o
zoom on ¢>*:

9" = (_yEt + ¢pe + Wi (m¥) + C%tmy> z(m”) (7)
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At the true value, ¢7”* = —¢¥z,. We thus have
E|g}7] = E [pia] = i Jugiur], (75)

which is nonzero because ¢ # 0 implies p # 0, and (4) implies E [ug,ury] # 0. But all the other

derivatives E [gg;j] are 0. We verify this in the same way, e.g.

E (g,
Elg] = B|(-L —y i, + O'pe + 005 (m?) + C% m?¥ (-
G| = dm, Yge + O pe + 0% (M L el i
d

= E |:(dmy77t (my)> Zt:| +E[ETCY]=0+0=0

[E—1

E [ﬁtzt] =0

Indeed, E [e/T'CY] = 0 as ! = n; + ug,, with ni; and ugz, uncorrelated with CY.
Hence, E [gg”z] only has one non-zero component, the E [gg’:] corresponding to 6, = 1. Then,

applying Newey and McFadden (1994)’s Theorem 6.1 allows us to conclude that:

, _ var (gf’z)

7 (elw])

(76)

. 3,z
Given ¢;”* = —&¥z,

var (g?’z) =o0%,02,

and given (75), and that &} is homoskedastic conditional on uy,

E 2
05 = %U@T (7).
12E [us 2]

The optimal T" remains as in Proposition 3, even for Uid. This is proven exactly as at the end

of the proof of Proposition 4.
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C.3 Proof of Proposition 5

We use the controls ¢, (m¥) = (C7, C¥%,, 7, (m¥)). We define the function g, = (gf) ey g DY
gt (8) = (=0 + Nij, (m¥) + CYm?) WCY, (77)
g; (0) = (=pe + pze (m¥) + P (m?)) (2 (") , e (m¥)), (78)
g; (0) = (—yse + Mz (m¥) + 0er (m"))" (2 (m") , e (m”)). (79)

The reasoning is very similar to that in the proof of Proposition 4, so we are a bit more concise.
Indeed, the unicity of the solution E [g, ()] = 0, the consistency and v/T-normality of the estimator
are exactly like for the proof of proof of Proposition 4. The calculations of the asymptotic variance
do change, however.

Asymptotic variance of Mf. We use the moment function
9. = (=ysr + Mz (m¥) + bc, (m)) 2 (m¥) .

At the true value 6, gf’ “ = —elz. We take all derivatives at the true value 6y. For notational
simplicity, we again drop the ¢ when the meaning is clear. We have E [g?\ﬂ =E[2] and E [ggyz} —
E [c;z] = 0. Less straightforwardly, but by the same reasoning as for the proof of Proposition 4, we
have E [g,‘lﬂ = 0. Indeed, using (70),
E [gif} = E [(i (—yse + Mz (m¥) + bYey (my))> 2 — €r ( d 2 (my))}
v dm dmy

Y

_ E [(—Mrfcty - b?,RXQ”) zf} FE[LTCY =040 =0.

Hence, E [gg’z] only has one non-zero component, the E [gg’l’j] corresponding to 6, = M. Then,
applying Newey and McFadden (1994)’s Theorem 6.1 allows us to conclude that
z 2 2
var (g) _var (etz) _BE[Cu]#] mpza o2

2
g = = = e = .
YRR BRI E (2] L o
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E|(e? ?
By the same reasoning (using ¢** rather than ¢*#), we have Ui = %.
“t

The optimal T' remains as in Proposition 3. This is proven exactly as at the end of the proof of

Proposition 4.

C.4 Proof of Corollary 2

In this example A = ¢, where ¢ is an N-dimensional vector of ones. So, with £/ = + a N-dimensional

vector with coefficients equal to %:

/

Q:I—L(L/L)_IL,:I—%:I—LE,

For a vector u, @ = Qu = u — wug, which means @; = uy; — ug. So, z = Y, Silly =

> Si (wiy — upe) = ugy — upge. Finally, oy, = ho, comes from (57).

Generalization For instance, if A\; = (1, x;) with 2 = 0, the variance is UZF =025'QS i.e.

1 2%
2 2 (12 s
Oy = O, (h — N02> : (80)

2
where 02 = % This illustrates how controlling for more factors reduces the standard deviation

of the GIV, resulting in a lower precision of the estimator (as in Proposition 2), especially if 2% is

large and N is small. An advantage of having lots of small firms (large N) is that they make the

estimation of the aggregate shocks 7); easier, and hence increase the precision of the GIV estimator

by shrinking the last term in (80), %:2%)
10 B
Derivation of (80). First note that £ XA = . Define Q := A (NA)"" X so that Q =
0 o2
I—Q. With X = (2:),_, n Q= 2w/ + 2% This implies:
SOS = §'S—S'0S = §'S — ~ _ (S'X)" _ e _ 5
N  No? No?’
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0'2 x?
where h? = 5'S — % and zg = S’X. So % =5'QS = h? — =2

No2-

C.5 Proof of Proposition 6

We provide the proof in both the homoskedastic and heteroskedastic cases, anticipating Proposition

8. For that, we will use two useful lemma.

Lemma 2 Suppose we have x = A\b where x, A and b are matrices with dimensions N x k, N x r

and 1 X k respectively. Then, for any N x N weight matrices W and W, using the definition (52),
Q,\,VV _ Q)\,WQx,W (81)
Proof of Lemma 2. As Q)"W)\ = 0, we can write
Q)\,W _ Q)\,WQ;B,W _ Q)\,W (] _ Q:c,W) _ QA,W (me,W) _ QA,W/\me,W —0,
so that QM = QAW Q=W O

Lemma 3 With & = R®W and T’ = S’QA’W, for W = (V“)_1 and W any invertible N x N matriz:

E [Euury] = 0, Ex = Iy. (82)

Proof of Lemma 3. We have Ex = I}, by (53). Moreover, using (81),
~ N/ , RN
E[Suur] =E[Suwul] = VT = RV (QM) 5= RV w1 (@) (M) s =0,

as REWIY -1 (Q‘T’W)/ = 0, per the general properties in (53).** O

Proposition 9 Take a vector T satisfying (4), so that z, .= T (y, — C{Ym¥) = Tuy, and a k X N

44We note that E [ursug:] = T'V4S = S Q MV VuS, which we need to be non-zero. This is generically the case.
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matriz £ satisfying (82). Then, we can identify gz'ﬁd via the moment:

E [(5 (g — CVmY) — q'sdpt) zt} —0,

d E[€y:z]
i.e. gb Blper] -

(83)

Note that (82) and (83), for the parametric-heterogeneous elasticity case, are the natural gener-

alizations of the homogeneous elasticity case, in particular of (10), which said that E [uz,ur] = 0,

and (11), which said that E [(yEt — ¢dpt) zt} = 0: we replace E' by €.
Proof of Proposition 9. We have vy, — CYm¥ — ¢¥p, = \n, +u, and E¢ = Exgd = ¢ s

Eye — Czdmy) - éd =£ (Z/t - CYm" — <Z5dpt) =& (A +uy) = EMyy + Euy

As E[nz) = 0 and E [Eugury] = 0, we have E [(8 (ye — C{mY) — édpt> zt] =0.0
Proof of Proposition 6. Together, Proposition 9 and Lemma 3 imply Proposition 6.

C.6 Proof of Proposition 7

With Q" = I—E’ the demeaning operator, we define the demeaned values ¢, = Q'y, and CY
and the function g (6) = (gf (9)), _ as

(=
(-
g; (0) = (—pe+ Vyse + b1 (my )\) + Cpm”) (2 (m?, 5\) 1 (m?, 5\) ,C?)

—Yir + QS Dt + bynt (my )\) + C%tmy> (zt (my7 5‘) af/t (my) X)/>

=Q'CY,

The reasoning is very similar to that in the proof of Proposition 4, so we are a bit more concise.
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At the true value, E[g (6))] = 0. E[g) (6p)] = 0 is equivalent to E [Q* (An; + uw) CYQ'] = 0,
which is true from our maintained assumption that C{ L n;,u;. Elg} (0)] = 0 is equivalent to
E [Q"t;7;] = 0, which is true as Lemma 1 implies &, L 7. E [gF (6)] = 0 with k = 2, 3 were verified

in the proof of Proposition 4

The solution of E [g; (§)] = 0 is unique. We first show that the equation E [¢ ()] = 0 uniquely
identifies m¥. Indeed it is equivalent to m¥ = E [(C’yé’f)}_l E [C’ty'Qj‘yft}, since E [(C’yéty)}_l has
full rank by Assumption 5.

Next, we show that the equation E [g} (6)] = 0 uniquely identifies X. To do so, we are going to

—C¥my

show that E [¢¥ (§)] = 0 is equivalent to saying that A/ is an eigenvector of V¥ The proof

goes as follows. For notational simplicity, let us replace y; — C{m¥ by y;. Given our normalization

XA — [ we have 22 = [._, so that R =

~ ]?‘ N. Hence 7, = Rj‘QLyt = %X’yt. The moment

N
E[g¢ (0)] = 0 is then E [(—g; + Aij,) 77,] = 0 i.e.

. 1

1.
AE [77) = E [5277;] = E [9:34] N

s _vu b
A VN)\.

As part of our normalizations, E [1j7;] is diagonal i.e. E[ij] = Diag(dy),_, ,_, for some d.**

Post-multiplying by ef, the basis vector with entry 1 at position f and 0 elsewhere,
NNdp =VIN

Therefore, A is an eigenvector of V¥, with eigenvalue Nd ¢. Given our normalizations stated before
Proposition 4.2, this ensures that A’ is indeed uniquely identified: it is the f-th largest eigenvector
of matrix V#=¢/m",

Finally, given m¥ and A, the other parameters of 8 satisfy a linear equation, like in the proof of

Proposition 4. So, by the rank conditions of Assumption 5, the solution is unique.

#5Indeed, as is well-known, A7j; can be expressed as \U'U7); for any unitary matrix U (with U'U = I,.). We can
choose U so that U7, has diagonal variance-covariance matrix.
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The estimator is consistent. As in the proof of Proposition 4, we proceed to apply general
GMM results (Hansen (1982); Newey and McFadden (1994)). In particular under the regularity
conditions and i.i.d. sampling, by Newey and McFadden (1994), Theorem 2.6, the estimator is

consistent.

The estimator is vT-asymptotically normal. Under the regularity conditions we assumed
(and in particular that 1¢? # 1, which ensures bounded gradients), by Newey and McFadden
(1994), Theorem 3.4, v/T (85 — 0) converges in distribution to a normal distribution with mean 0

and positive definite variance covariance matrix V.

C.7 Proof of Proposition 8

The earlier proofs were written in such a way that they readily generalize, where one replaces Q*,
R* by QMY and RMV as in (52), with W = (V*)~! as spelled out in Proposition 8. Similarly, cross-
sectional moments in the proofs become weighted by W as stated in Proposition 8, for instance
g (0) in (65) becomes g} (0) = (=g + Mjs (m¥) + C’fmy)/ WCY. Then all the arguments above go
through, with heteroskedasticity. To generalize the optimality of I'* in Proposition 3, the arguments

just repeat the Cauchy-Schwarz arguments of the proof of Proposition 3 for the optimality of I'*.

D Complements

D.1 Detailed links with previous literature

Procedures containing elements of GIVs A few papers have explored the idea of using
idiosyncratic shocks as instruments to estimate spillover effects, such as Leary and Roberts (2014)
in the context of firms’ capital structure choice and Amiti et al. (2019) in the context of firms’ price

setting decisions. The structure of the estimating equations in these papers is similar to the model
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that we consider here:*6

Ye = Nt + mCy + uy,

where y,,; = w'y; can be equally-weighted (Leary and Roberts (2014)) or size-weighted (Amiti et al.
(2019)), depending on the weights w. Both papers use industry and/or year fixed effects, which
can be viewed as a choice of controls or exogenous factors, 7;, to which all firms in a given industry
have the same exposure.

There are two main differences compared to GIV. First, both papers use idiosyncratic shocks
to another variable than y;, say ¢, to construct an instrument for y,,. Leary and Roberts (2014)
use idiosyncratic stock returns and Amiti et al. (2019) use shocks to competitors’ marginal cost,
exchange rates, or export prices. We, instead, propose to use idiosyncratic shocks to g, rather than
another instrument (this way requiring fewer times series). Second, and related, we control for
heterogeneous exposures to common factors to extract the idiosyncratic shocks, which is important
in asymptotic theory and in practice in realistic samples.

A third difference is specific to Leary and Roberts (2014). GIVs crucially depend on the dif-
ference between size- and equal-weighted averages of variables. If the estimating equation depends
on equal-weighted averages, GIV cannot be applied. In most models, however, not all competitors
receive equal weight and larger firms, or perhaps firms that are closer in product space, receive a
larger weight.

Lastly, the use of model-based idiosyncratic shocks has some similarities with Amiti and Wein-
stein (2018), who extract bank supply shocks from Japanese data using a panel of fixed effects, and
then estimate the sensitivity of aggregate investment to these shocks. However, unlike our model,
Amiti and Weinstein (2018) assume a uniform sensitivity to the aggregate shocks (A;n; with A\; = 1
for all 7), and do not allow for general equilibrium effects: shocks to banks affect aggregate invest-
ment, but aggregate investment does not circle back around to affect individual bank behavior.

This is the key source of endogeneity in many of the models we consider, and by tackling it we are

46 Amiti et al. (2019) study the price setting decision of firms. In their model, the pricing equation features two
endogenous variables, namely the same firm’s marginal cost and the size-weighted average of competitors’ prices. We
focus on the spillover effects of competitors’ prices in our discussion in this section.
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able to estimate a richer set of parameters.

In a tangentially related recent paper, Sarto (2022) uses factor analysis to extract values of 7,
(much as we do when we “recover” a factor 7;). Take the basic example in our paper. Then, Sarto
does not identify ¢* = i: even if 7, (the aggregate shock to demand) were perfectly identified,
that would not allow to estimate p;. In the supply and demand example, Sarto’s approach would

identify the demand elasticity ¢, but not the supply elasticity ¢°.

Other methods to estimate aggregate elasticities Rigobon (2003) introduces another
method that can be used to estimate spillover effects and aggregate multipliers using time-variation
in second moments. If shocks are heteroskedastic and the structural parameters are stable across
regimes, then the different volatility regimes add additional equations to the system so that the
structural parameters can be identified. GIV does not require heteroskedasticity, but can accommo-

date it, and is therefore complementary to identification methods that rely on heteroskedasticity.

Spatial econometrics In some applications of GIVs we have considered separately, growth
in a region affects that of the other regions. So there is a similarity between our setup and that of
spatial econometrics (e.g. Kelejian and Prucha (1999)). However, the estimators are quite different.
The reason is that spatial econometrics studies the “local” influence (e.g. of neighboring cities on
a city), while GIVs study the global influence. Hence, the sources of variation, identifiability
conditions and methods are quite different. Certainly, the spatial literature has not identified, as
we do, the GIVs as a simple way to estimate elasticities in contexts such as supply and demand
problems, and models with general equilibrium effects as opposed to local effects. Still, some of
the sophisticated techniques of the spatial literature might be used one day to enrich a GIV-type

analysis.

Quasi-experimental instruments and identification by functional form A large lit-
erature explores identification by functional form, where consistency of the estimator depends on
functional form or distributional assumptions. Classic examples include the Heckman (1978) se-

lection model, identification via heteroskedasticity, as in Rigobon (2003) and Lewbel (2012), and
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Arellano and Bond (1991) and Blundell and Bond (1998) in the context of dynamic panel data
models. The typical concern with these approaches, compared to quasi-experimental instruments
that are outside of the model, is that the estimators are inconsistent when the model is misspecified.

In the case of GIVs, we generally start from a structural model that motivates the estimating
equation, as in our empirical example. This prescribes the definition of the size vector S and, in
some cases, the characteristics that determine the exposures x;. To extract idiosyncratic shocks,
we rely on statistical factor models.*

Instead of viewing this last step as a merely statistical exercise that is hard to validate externally,
GIVs provide an empirical strategy to understand the economic drivers of the instrument by screen-
ing the top shocks narratively. By understanding the nature of the shock based on news coverage
(as in the narrative examination we just discussed), for instance, we can ensure that the shocks are
truly idiosyncratic and interpretable. For instance, a large negative return associated with a failed
stress test of a bank in the context of doom loops, a negative supply shock in Kuwait and Iraq
during the First Gulf War, or a positive demand shock in China in the early 2000s in the context
crude oil markets, are all valid instruments. While alternative identification methods might rely on
functional form assumptions only, GIVs, by being able to screen the shocks economically, provide

a systematic way to construct instruments more in the spirit of quasi-experimental instruments.

D.2 A benchmark model: A simple supply and demand model

For clarity, we lay out a concrete economic model of the equilibrium in, for instance, the oil market.
There is a succession of i.i.d. economies indexed by t. Demand by country ¢ at date t is D;, =
QS; (1 + yi), where Q is the average total world production, y; is a demand shift term, and S; is

country 4’s share of demand, normalized to follow Zfil S; = 1. The demand shift y;; is

Yit = <Z5dpt + il 4 Wi, (88)

4TWe discuss the robustness of GIVs to various forms of misspecification in Section 3.3.
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where p, = & i;p is the proportional deviation from P, which can be thought as the average price of

oil, ¢¢ is the elasticity of demand, 1, € R" is an r — dimensional vector of common shocks, \; € R" is
country ¢’s sensitivity to the common shocks, and wu;; is the idiosyncratic demand shock by country
1.

All shocks are i.i.d. across dates. Then, total world demand is D; = ) . Dy = Q (1 +ys:),
where yg, == >, S;y;s is the size-weighted average demand disturbance. We suppose that supply is

Q: = Q (1 + s;), where the supply shift s, is
sy = O°py + €}, (89)

where ¢° = i is the elasticity of demand and ¢ is a supply shock. This can also be written as in

(2)
pr = Yyst + &, Y= — (90)

with Er = —;—é

Then, to equilibrate supply and demand (D; = Q;), the price must adjust so that Q (1 + yg;) =

Q (1 + ¢°pr + &1), i.e., ysy = sy, which gives

_ Ugt + )\57]15 — &t

Dt = & — o = pugs; + €, (91)

_ AsMm—¢€t

where p = is the price impact of a demand shock ug;, and &} == pe is made of aggregate

1
¢s_¢d
shocks. The equilibrium quantity produced is given by:

Pust + O A — ey

St = Yst = & — o = Mug + €, (92)
where the multiplier M = % is quantity impact of a demand shock ug;, and €} = %

is made of aggregate shocks. We want to estimate the elasticity of supply and demand, ¢* and ¢¢,
and their related quantities, yp and M. A 1% demand shock leads to a u% price increase and an

M% supply increase.
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D.3 Estimating the variance of heteroskedastic idiosyncratic shocks

When the u; have a potentially different variance o7, we need to estimate o = diag (o). This is
not a difficult problem, but it requires some care as the u; are estimated as residuals from a factor

model. Accordingly, we proceed in the following way. First, we make an observation.

Lemma 4 Suppose that we have recovered residuals i, = QW u, for some arbitrary A, with W =

(V)™ = diag (0.2) and QW defined as in (52). Then,

var () = Q3" o (93)

Proof. We have

V% =E [u}] = QF [uu}] Q' = QV Q' = QW 'Q'.

Using (I — Q)W1Q' = 0 (see (53)), V& = WQ' = V*Q', so, using the fact that V* is diagonal,
we get (93). O

Next, we have the following.

2

Proposition 10 (GIV estimation when the variances o, are estimated). Let the assumptions in
Proposition 8 hold, except that we now we need to estimate W = diag (0;,2). Take the system of

Proposition 8, and append (aii) _y to the vector 6 of parameters to estimate; and append the

i=1.

collection of N sample moments:

T
Sk =TQyV o2, = QM (y — CimY) (94)
t=1

to the moments of Proposition 8. Then, under the true value 6y, all the sample moment conditions,
including (94), hold in expectation. Furthermore, assuming ¢ # 0 and that 0y is the unique solution

of the aforementioned moment conditions, then the vector 0y is consistently estimated (with T — oo

and fired N ), and we have VT (05 — 6y) — N (0,V?) for a matriz V.
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Proof. Using the matrix ¢ := I — (E’, we demeaned ¢, = y; — LY g, 1s also

Up = Qs = g + quy

Next, with A = (¢, A), we apply QM". We remark that: 4

QM = QMg (95)

Hence,

Q/\’Wgt = @)\’qut =M (5\7715 + qut) = QM =

Hence we obtain #; as the residual. We then use the moment (93), with W = (V)" i.e. (94).

This shows that,

Formally, defining

then we have, at the true value 6,

E [g; (60)] = On.

We append gf* (#) to the vector of conditions g¢; (6). We just proved that at the true value,
E[g¢ (6p)] = 0. We also assumed that this was the only solution.”?

We thus proceed to apply general GMM results (Hansen, 1982; Newey and McFadden, 1994).
In particular under the regularity conditions and i.i.d. sampling, by Newey and McFadden (1994),

Theorem 2.6, the estimator is consistent.

The estimator is \/T-asymptotically normal. Under the regularity conditions we assumed, by

“Indeed, we have QMW — QMWg = QMW (I — q) = QMWLE' = 0.
49While so far we dealt with block-linear equations in #, now we have a non-linear equation. We suspect that in
most cases of interest, the solution is unique, but we assume this rather than attempt to prove it.
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Newey and McFadden (1994), Theorem 3.4, /T (6% — 6) converges in distribution to a normal
distribution with mean 0 and positive variance covariance matrix V?. O
There is a fixed point in (94): given the o2 s, we form W = diag ( ) which in turns gives an

estimate of ¢ via (94).

Stochastic volatility This procedure assumes constant volatility. It could also be extended, to

stochastic volatility, along the lines of the GARCH literature. Recall that the generalization of

was E; : #, see (54). Then, the correct generalization of (54) is Ej = ﬁ

2

b = N

2

i = B [u?] is the conditional expected variance.”® Then, with I'; = S — E;, we have

where o
the generalization of (10),%!

]Et—l [uEttuFtt} =0 (97)

Likewise, when constructing the weighing matrices (52) with W = (V“)fl, we replace W by W,_; =
(E._1 [V;*])~". Those remarks might be useful to a full econometric analysis of GIV with stochastic

volatility, but we leave such an analysis to future research.

D.4 Relation between Bartik instruments and GIVs
D.4.1 Relating the Bartik setup to the GIV setup

Bartik instruments are widely used to estimate parameters of interest. In this appendix, we compare
the assumptions under which Bartik instruments are valid to those under which GIVs are valid.
This comparison is useful also to highlight settings in which GIVs can and cannot be used (and
vice versa for Bartik).

As a general matter, in a number of cases where a cross-section is used (e.g. Autor et al. (2013)),

50The reason is that all we need is to control expressions of the type E;_1 [usu}], i.e. Ey_1 [V}4].
S1Derivation: with Ej = k; /02 with Y, By =1,

Ujg|t—1"

Ei [UEttuFtt] = ZEzt (S Ezt) B, 1 Zt ZEzt ( ) Uiim_l = Zkt (Si - Eit)
ky <ZS ZEt> =k(1-1)=0.
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Bartik applies, but GIV does not apply, for instance because there is no large idiosyncratic shock
that one can use.
Next, to study the difference between GIV and Bartik more analytically, we start from the setup

1.52

in Borusyak et al. (2022), and then map it to our model.>® Their model can be summarized as

y = B, + €,

where we omit observable controls, wjy. In this specification, | corresponds to locations. The
endogeneity concern is that E[z;g] # 0. The endogenous variable can be written in terms of

industry-location shares, where industries are indexed by n,

T = g SinGin,

n

and ) s, = 1. To connect Bartik instruments to GIV, we assume a simple factor model in g;,,

Jin = Gn + glna

that is, the loadings on the common factor, g,, are equal to one. In Bartik applications, a concern is
typically that E[g;,€] # 0, for instance, when local economic conditions in location [ are correlated
with the idiosyncratic growth rate of industry n in location [.

To express the identifying assumption in Borusyak et al. (2022), they write the model at the
industry level

Yn = @ + ﬁjn + €, (98)
_ 2o Sinbi

where b,, = T
1 SIn

main identifying assumption is that E[g,€,] = 0.

, for some variable b;. The shares, s;,, are assumed to be non-stochastic, and the

52We are grateful to a referee for suggesting this connection.
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D.4.2 Defining and comparing the Bartik and GIV instruments

The Bartik instrument is defined as

Bartlk §
Gin-

The GIV is defined as

1
GIV ~
Zn = E SinGin — Z E Gin,
l l
Bartik

where §y,, is the location share of industry n so that ), 5, = 1. Hence, we have lim_,«, 2 = gn

and limj;_, . zGI

= lim; 00 Y, $inbin = Jg,- In the remainder of this section, we work with the
large L version of the instruments to simplify the exposition.

For Bartik instruments to be valid in (98), we need E[g,€,] = 0. For the GIV to be valid, we need
E>>, $ingimén) = ED°, $indin 2 ;76’] = 0. As E[g1,6;] may not be zero in cross-sectional settings, as
discussed before, GIV is not the most natural instrument in those circumstances.

By the same logic, the identifying assumption of the Bartik instrument may be less appealing in
settings where the identifying assumption of the GIV is more plausible. To connect the Borusyak
et al. (2022) setup to the one we consider in this paper, we relabel [ to i = 1,..., N and n to
t=1,..,T. In addition, we set \; = 1, gin t0 Yir, gn t0 N, Gin tO wu;, which implies y;; = 1 + wgy.
For simplicity, we assume that the shares do not vary across time (and thus across n in the Bartik

setup). We use S;, with S;; = 5;, to denote the relative size such that ), S; = 1.

We redefine the Bartik instrument and the GIV using these definitions:

Barmk E :
git = JEt,

and

GIV Z Szgzt AT Z Git-

GI

Bartik — n, and limy e 277V = ug;. As before, we work with the large N

Hence, we have limy_, 2;

version of the instruments to simplify the exposition. To provide a simple example where the Bartik
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instrument may be less appealing, we consider a trivial version of our baseline model in Section 2

(with ¢ = 0)

Yit = N + Uy,

5= @°py + &y,

where pg; = (n; + use — €¢)/¢°. If we average the model in the cross-section (again using the limit

when N — o0)

Yetr = M,

5¢ = Q°py + €,

To estimate ¢°, we can use two instruments. First, we can use GIV, which requires

E [EtuSt] =0.

Alternatively, we can use the Bartik instrument and assume

E [8t77t] = 0.

In this example, the Bartik instrument requires assumptions that are too strong in models in which
7; and g; are correlated. These are the settings that we focus on in this paper, and GIV is well

suited to estimate the parameters of interest.

D.5 More general setup and multipliers

We now propose a more general setup with potentially several factors and rich heterogeneity.
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D.5.1 Framework

Consider the following model of outcome variables y;; (such as employment, investment, TFP shocks,
returns, and so on)for “actor” i (e.g., a firm or industry 7 in a closed-economy setting, or a country

i in an international setting):

Yit = Z )\f-ctth + uy + Chm, (99)
f

where each th is a factor, )\th is factor loading, u; is an idiosyncratic shock, and C, is a vector of
controls that may include lagged demands and other characteristics. We could also add constants,

but we omit them for notational simplicity. Factor f follows:
F/ = alys +nf +Cfm?. (100)

It depends on an exogenous shock n{ , and potentially on the mean action ys;, and on a set of controls
C’tf (potentially different from C},). Those controls may include, for instance, lagged values. We
assume that the “size” weights have been normalized to add to one, > . S; = 1.

We use the structure (99)-(100) because many economic models of interest follow this structure,
at least after linearization, so that the GIV allows to estimate some of their parameters.

We partition the factors into “exogenous factors”, where we know o/ = 0, and “endogenous”
factors where of may be non-zero. As in the rest of the paper, we make the mild assumption that
all our variables (e.g. !, u,;) have finite second moments

In the baseline case here we study the parametric case. We have some characteristics x;; of
actors: for instance, depending on the application we know that the loading is an affine function of
log market capitalization, or the stock market beta of a bank, or OPEC membership. We also have

a priori knowledge that for some parameter A/ to be estimated we have:

o= N+ Mt (101)

This is consistent with the practice in modern finance in which risk exposures (betas) align with

characteristics (see e.g. Fama and French (1993)), so that parametric approaches are preferred, in
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particular because they are more stable than non-parametric approaches.

We make the following identifying assumptions. For all f, ¢, the shocks wu;; are idiosyncratic:

but the 77{ may be correlated across f’s, and 77{ may be correlated with the controls, C} and th :
The u;; may have some correlation across i’s and can be heteroskedastic, as we discuss later. For
expositional simplicity we assume that all dates are i.i.d.

We rewrite model (99) in vector form:
Yr = My +up + Cfm, th = alys + 77{ + thmf> (103)

with A\; a N x r matrix, F; a r X 1 vector, C{ an N X ¢ matrix, m is ¢ x 1, where ¢ is the dimension

of the controls.??

D.5.2 Multipliers

Solving the model gives yg; = At Iy + ust + Cg,m, that is, ys; = Astays + us: + €7, where « is the

vector stacking the a/’s and &/ satisfies €/ L u;. So, we can solve for the aggregate outcome yg; as

_ usitef :
Yst = Tosga that is,

yst = My (use +¢€7) , (104)

where the multiplier M; measures the total impact of shocks, after going through all general equi-

librium effects (where we assume that the denominator is not 0):

B 1 B 1
I=Asiax 1 — Zf )\étozf.

M, (105)

Hence, an idiosyncratic shock has an impact on the aggregate action yg; that is M, times bigger

53Qur initial examples are particular cases of the general procedure.
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than its direct effect. Also, the total impact of an idiosyncratic shock on factor f is:
F/ = MyaTug, + ¢/, (106)

where it again holds that 5{ 1 wugs. This shows intuitively, and we will prove formally below, that
our regressions will allow to identify M, and M,a/.

In some cases, we may not observe all endogenous factors, th . In this case, we still recover the
correct multiplier, M;, and it should be interpreted as accounting for all general equilibrium effects
in the economy, including those operating via the unobservable, endogenous factors. However, we

can obviously not estimate o for those unobserved factors.

D.6 The GIV with multi-dimensional outcomes for each entity

Suppose now that the outcome or action y;; is g—dimensional, for some ¢ > 1 — and so are u;. For
instance, y;;’s components might be the growth rate and the labor share of firm ¢, and then ¢ = 2.
Then, the general GIV procedure extends well, as we shall now see.

We call a € {1,...,q} (as in action) a component of y. We consider the model

Yo = > AN P4 ula,

f
Fo= o+ olybey,
a

Here u;; is ¢ dimensional, « is a r X ¢ dimensional matrix, and Ag is a ¢ X r dimensional matrix.
We can also estimate M (hence ), Mal), the of. Indeed, for &; a composite of aggregate

shocks,

Yst = Hygsy +uge + &4,

where

H=X=> Md,
f

with Agy = A§a ; and Ajp, = o matrices with dimensions ¢ x 7 and r x ¢ respectively, so that H is
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q X q, and

Ugr = (uasat)azl,...,q'

This implies
Yst = M (U'St + Et) , (107)

where the multiplier M is now a ¢ X ¢ matrix:
M=(-H)".

We will form a GIV:

2y = Urt,

which is ¢g—dimensional: ur = (uf.),_,; ,. We want, with £* = S* —T'?,

=1,...,q

E [ugiur,) =0

i.e., for all a,b, Q% = 0, where
b . b
Q" = E [ufe, ] -
Let us focus on the case where u;, u;, are uncorrelated for i # j, but for a given 4, u$, u’, can be
correlated. (If a firm has an investment boom, it will likely hire more labor, so that the components

of its idiosyncratic shock in y;; € R? will be correlated.)

We have:

) 7

Q=" BT v = [ulul] . (108)

For simplicity, we will suppose that that there are v and o? such that
v = o2, (109)

Hence, we can simply take E; = % with k = < and set, for all ¢, E* = E; and ['* = §* — E°.
Y = VL i
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Then,

Q=" %rﬁ?afvab = k™) T =0,

so that we have achieved our goal that E [ugur,] = 0. In the more general case, other I'¢ can
probably be found.
Given (107), we have

Ysr = M (uSt + St) =M (uFt + upy + gt) )

SO

E [ysiz] = ME 2],

hence our estimator is

M = E[ys;2)] E [22] " (110)

Finally, we can also estimate a/ M by regressing on z:

th = 77{ + Z a{:yga,t = 77{ + OéfZ/St = 77tf +al M (ure + up + €41)
so B/ = a/ M (a row vector) obtains by simply regressing
Ef = szt + 51{7

and get 8/ =/ M, B/ =E [thzg} E [z2)] "

Extension: causal estimation of the actor-specific multiplier The following is a refinement.

We can also identify causally p; = Ao =D / )\zf af. Indeed, use

Urt,—; = Ure — S?Uit, (111)
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which is the granular shock purged of a correlation with ;. Then, a shock ug; creates an impact

ju—itt = Ma, hence an impact
dy;
Yit = )\ZMa
dus;
Hence, we can identify p;, by regression
i = piMury—; + ¢'Crtel, (112)

with some noise ¢¥,. This is the average impact of a causal impact of idiosyncratic shocks of the

other entities on entity .

D.7 Nonlinear GIV

We imagine a nonlinear GIV. Suppose that instead of the simple p, = ¥ys; + ; (equation (1)) we

have a more complex

e =P (Yse, V) + & (113)

for ® a nonlinear function. We can use the moment:

E{(pr — @ (yse,¥)) 2] = 0 (114)

and can still identify a one-dimensional . For a higher-dimensional ¢, we might add z? as instru-

ment, though the instrument becomes weaker.

D.8 When the researcher assumes too much homogeneity

Take the supply and demand example, and imagine that the econometrician assumes a homogeneous
elasticity of demand ¢?, even though there are in fact heterogeneous elasticities ¢¢. What happens

then?
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The model becomes, for the demand:

Yit = Qb?pt + i+ Wi,
and for the supply
5= ¢°py + &

As supply equals demand, ys; = s;, which gives the price

_Uspt Aty — &

Pt = ¢s_¢ds

(115)

In this thought experiment, the econometrician assumes identical elasticities of demand across
countries, ¢¢ = ¢¢. He runs a panel model for y;; — yg;, and we assume that N is large, so that
the econometrician can extract 7, successfully.”® The GIV (we use the notation Z; rather than z;

to denote the GIV before controls by ;) is then

d
. 1 -
Zy = yre = ¢Lpe + Army + ury = (1 + %) ure + Nl = —ury + A7,
¢° — 9§ (4

SO

1 . 1 ¢ —¢f

Zy= —urg + N0y, =, (116)

(4 v — ¢

where i = 1 in the homogeneous-elasticity case, 7, = (1, &, ug;) gathers the common shocks, and

A\ is a vector of loadings.

Hence, when we run the first stage

pe =W Z + P + €7,

we will gather

ot

¢* — ¢

540ne of the factors, formally, will be p,. We assume that it is not included in the vector of factors 7.
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If we run

sp = b"Zy + B°n + €},

we will estimate

(bs
R —
¢* — ¢%

The ratio of the two coefficients still gives ¢°. Likewise, the IV on the elasticity of demand will give
¢

In the polar opposite case where 7; cannot be estimated or controlled for, then the simple
procedure becomes biased, however, as (116) shows. To fix it, one can estimate the model with

non-parametric coeflicients (Section D.9).

D.9 Heterogeneous demand elasticities: Non-parametric extension

Non-parametric version for ¢¢ We present a variant of the procedure in Section 4.1, but now

with non-parametric heterogeneous demand elasticities ¢¢. The model is
_
Yt = Qpr + Any + uy, (117)

We still assume parametric loading of unobserved factors 7.

We propose two procedures to estimate ¢°.

D.9.1 First procedure for the nonparametric estimation of heterogeneous demand

elasticities

Recall the model (117). We replace ¢? by ¢ = (¢1,...,¢x) for notational simplicity:
Yt = PPt + Ay + uy, (118)

We now need not assume parametric knowledge of \.

We define I'™* := (Q<>"¢>)/ S, where @) is the usual projection operatoer Q* = I — A (A’A)_l A,
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with A formed by the span of A and ¢. We assume that ['* # 0: this is saying that S is not spanned
by the factor loadings A and the vector of demand elasticities ¢.

We propose the following procedure.

1. Guess a candidate for ¢, called ¢¢, and W = (V*)~" (initially, as it’s enough to know all those
up to a multiplicative factor, we might take ¢ = ¢, and W = I, or W = Diag (1/var (yi))).

We define Q¢ := Q**"W, keeping W implicit in this step and the next. If ¢¢ = ¢, then
Q% = (Q°N) m + Q%uy (119)

-~ X - . /
2. We estimate A == Q?\, nf = R*Q%;, V¥, iy = QM%u;. We form z; == Sy, and I := <QM’> S.

3. We estimate the vector of sensitivities ¢. We use a specific instrument z;; for each entity .

We proceed as follows:

a) We define the debiasing vector a’. As i, = Quy, we have V% = QV*(Q’, and we define
(a) g : :

R A
al = L (120)

TV

(b) We define the instrument for entity i,
zip =S (U — a't5,) (121)
Morally, it’s the size weighted sum idiosyncratic shocks of the entities different from 4.%°
55Indeed, if we had no common shocks, we’d have

al =1li—; (122)

so that z;; = i S’jdjt is a “leave one out” estimator. In the general case, z;; is in some sense a refined quasi-leave
one out estimator, refined so that (126) holds. In the simple case of Section 2.1 with an additive shock (A\; = 1), we
just have ;s = uir — upe, ie. Qi = 1,—; — % and

Ll w
=1 (123)
N

This may be useful as a starting point numerically.
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(¢) We use the following moment to identify ¢;:
E [(yie — ¢ape — Aitff) 2] = 0 (124)

4. Given this new estimates of ¢ and V*, we go back to step 1-3, and loop until convergence.

This algorithm also applies to the parametric case where we know that ¢;; = Xié (Section 4.1), but
keep the loadings A non-parametric. Then, in steps 1-2 we replace ¢ by X, and in the last step we

replace ¢ by X gb and estimate ¢.

Proposition 11 (Moment conditions to identify non-parametric elasticities). Define u; = Q;\’¢ut
in the notations above, and the entity-i specific GIV zy defined in (121). Then the moment condition
(124) holds.

Proof of Proposition 11. Definition (120), together with #; = Qu; and V* = QV“Q’, implies

. T

; W (125)

so that
E [zt = E [S" (G — a'y) ] = 0 (126)

As z; is also uncorrelated with 7f, moment (124) holds. [

D.9.2 Second procedure for the nonparametric estimation of heterogeneous demand

elasticities

We premultiply (117) by Q = Q* and set #; = Qz;. So ¥J; = o, + 4. With T' = @Q'S, we have
yr: = ¢&p; + urs. To ease on notations, we call 1 = ¢&. Given a candidate estimate ¥ of ¢ we

form the associated GIV: z; (¢¥°) := yry — ¥ py.
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If we have the correct 2, the following moments hold®®:°7, with b = — the coefficient of the

¢°— %
first stage regression, p; = bz + ¥,
E [(yt — ¢dpt) Zt} = VUF, E [(pt — bp2t> Zt] =0 (129)
. 2 .
E {(y;-t ~ din) ] = Vi, E[f]=TV'T (130)

which potentially allow to estimate, respectively, ¢¢, b (hence ¢°), V¥ and ¢¢. Indeed, if we know
2, we know ¢? and bP.%8
We examine in more detail how to estimate 1 := ¢¢. Calling the true value 2, () = ur;, we have

E[27] = o, where 02 = I"V"I is the theoretical variance of z given in (130). So, we solve for

1° (a candidate answer for 1) so that the empirical variance of the GIV is equal to its theoretical

variance:

E [z (¥9)°] —02. =0

ie. Ep?] (v — 2E [yrpi] ¥ + E [y2,] — os. = 0. This is a quadratic equation in ¢, which yields

U

Efzfpd]
E[p7]

there is an economic way to determine which is the correct root. Calling G (resp. B) the estimation

two roots:* a good (i.e. correct) root, 1»“ = ¢, and a bad root, ¥ = 1) 4 2 Fortunately,

with the good (resp. bad) root, one can show that:

WP = —ppC (131)

%6Indeed, we should have E [(y; — ¢%p;) 2] = E [ugze] = E [wy (ujI')] = VUI. Also, as @t = §j—p, and Y“ = QVUQ'.
5T As a variant, we decompose into the equal weighted version, which gives ¢z (we premultiply by E’):

E(yg, — ¢ape) 2] =0 (127)

and the deviation from the mean, which gives ¢; via:

E [(git — dipr) 2] = (QV'T); (128)

58We recommend starting from the parametric estimates of Section 4.1, which gives potentially good starting
values for ¢?, z; and V.
5 Indeed, calling 1> = )¢ — 1) the error, we have

0= [2 (0] ~ol =B [ = w%p0)"] B[] = ~20°Blefpd + (5%) B o]
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Hence, if we have a prior on the sign of of the first stage coefficient b (e.g. we know that & > 0
in a demand and supply model), we can choose the correct root as the one yielding a positive b in

the first stage.

Justification of the proposed procedure Consider an econometrician who would use the bad

root:
B _ B _ B _ _LE [2ep4]
zy = yre — ¢rpe = ure + ¢rpe — Grpe = 2 — P, p=2 E [p]]
t
This bad root satisfies E [2Pp;] = E [(2: — 8p¢) pi] = —E [zp4], so:
2
E [2/p:] = —E [aupt] E [(zf) } =E [7]] (132)

Hence, when estimating b7 in the “first stage” via E [(p; — 02;) 2] = 0, the econometrician will

find:

E B —E
bp,B — [ptzt :| — [ptzt] — _bp,eG (133)

E|p)] Bl

Hence, the coefficient in the first stage will have the wrong sign. This allows to find the correct

root.

A more general argument We show how even with other procedures there are two roots for
a nonparametric model with heterogeneous elasticities, and that fortunately (as in our outlined

procedure) there is a simple economic way to identify the correct root. The model is, in vector

form:

Yo = AN + Opi + Uy, Pt = QYst + &
with a = #, and we use notation €; as we wish to keep the simpler notation &; for later. So solving
for yo, = M (Asmy + ¢sér +ust), M = 1—;ssav we get, for a properly defined &; (an unimportant

linear combination of &; and n;), py = aMug; + &;, hence:

Ye = A\ + 0 + aM pug + uy, pr = &+ aMug,
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We wish to estimate ¢ and aM.
We consider the vector Y; = (y,p;) stacking together y, and p,. Then, with U, = (u},0)
® = (¢',1)", A= (X,0), and adding a weight “0” to the last component of the vector S (extended

here to have 1 more component, with a mild abuse of notations) we have®

Y; = /\T]t + (I)é‘t + OCM(I)USt + Ut (134)

i.e., with ¥ := aM®, and ¢, := ﬁé’t,

}/t = )\7]15 + \Ijéft + \Iqut + Ut = >‘77t + ‘1/615 + (I + \I/S/) Ut (135)

All the information is in VY = E [V;Y/]:

VY o= AN 402U 4o (A 4+ N + (1 + US) VY (T + ST (136)
= AN+ AUV + U + 0V + VY (137)

b = o, A+VYS (138)

vy = o2+ 8SVUS (139)

The idea for the multiplicity of roots in ¥ is that we have a second degree equation in ¥, so
that we can have multiple roots — like in the one-dimensional case. Let us next calculate the roots,

which will lead to a procedure to identify the correct root. Forming the vector a = _7117, we have

(W—a)(V—a) =C==V"=VY=022\) +ad (140)

1
8
Suppose that we have estimated all the parameters, and it remains to estimate V¥, i.e. solve for W¢

(as in a candidate value for ¥) the equation:

(V¢ —a) (¥ —a) =C

60This idea of stacking together then y; and p;, with a “size 0” for the innovations to the price, could be fruitfully
used more generally.
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We know that this identity holds under the correct root, so that C' = (¥ — a) (¥ — a)’. Now, there
are two solutions to the equation X X’ = DD’, with X the unknown vector and D a known vector:
X =D and X = —D. Hence, the two solutions are V¢ —a =V — g and V¢ —a = — (V — a). The

first one is the good root, ¥¢ = ¥, and the second one is the bad root:
UP =20 -0 (141)

Now, because A, and S, (i.e., the component of those vectors on the last coordinate, corresponding
to p) are both 0, we have b, = 0 (see 138) and thus a, = 0. So the component of the bad root on
the price is \Iljf,B =2a, -V, = -V,

vl =-v, (142)

This allows to distinguish between the two roots, as the right one has ¥, = oM and the other one
has ¥, = —aM. Hence, if economic reasoning tells us the sign of aM (e.g., it is positive in a supply

and demand context), we can pick the good root by inspecting the sign of U,

D.10 When only some shocks are kept in the GIV

If we truncate the residuals, i.e. use
Zt = Z’T (Sﬂllt)
for the hard thresholding function

T (x) = xligp

for some b > 0, then everything works too. Indeed, we have that u; = u;; — ug; is orthogonal to
ug. Let us assume that it is independent. Also, this could be narratively checked. In our basic
example of Section 2.1, we still have E [(p; — ¥yst) 2:] = 0, so that the IV procedure still works.

Furthermore, the OLS estimates still hold. The key is that we can write:

_ <
ury = 2 + 24,
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where 2~ = >, 7% (Sitl), using 7< (x) = xljgj<p, so that 2z, L z7. Hence, regressing ur; on this

truncated z; gives a coefficient of 1, and all the analysis goes through.

D.11 Sporadic factors

A potential issue is that of a “sporadic factor”, i.e. a factor n; that affects a few actors special
ways, but is not recurrent. An example would be a one-off policy announcement by the European
Central Bank that they will buy both Italian and Spanish bonds, so that the truth is not that Italy
is affecting Spain or vice-versa, but rather the ECB affecting both.

One solution, besides the narrative check, would be to filter out days with a high “sporadicity

statistic” S; that we now propose. Suppose that for each date we filter out the idiosyncratic shocks

;. For each date and actor ¢ we form b; = U;’i’il, where a high b; is an indicator of extra
activity, and agi’t_l is a predictor of the volatility of u;;. We may allow that one entity has a large
idiosyncratic shock, but if two (or more) do, this is suspicious, and possibly the sign of a sporadic
factor. So, calling b2y, the activity of the second more active actor, we form &; = b(z)t.ﬁl Over the

entire sample, we might remove the days with anomalously high sporadicity statistics, e.g. in the

top 5% by that metric.

D.12 PCA and IPCA

We can have time-varying factors. For instance, suppose that we have a vector of characteristics
X (with 1 as a first component). Then, we could have \; = Xit}\ for some \ to be estimated. We
could also have a mixture, as in \; = [Xt}\ : Xfixed], where A'*d is fixed while X}, is allowed to
vary. We have A has dimensions k x s with & > s, implying that we can model the loadings more
flexibly as a function of a larger number of characteristics. Kelly et al. (2020) refer to this model
as Instrumented Principal Components Analysis (IPCA) and they develop the asymptotic theory.

We can consider the case where we impose no structure on the loadings and we use PCA to

estimate the loadings and the factor realizations. One can use the GMM procedure of Proposition

6'We could also sum over the most active K entities, excluding the most active one.
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7, which works with finite N. The asymptotic theory for PCA (with N — 00) has been developed
in Bai (2003) and in the context of GIV by Banafti and Lee (2022).9 To compute standard errors,
we can use the GMM values from Proposition 7; or a bootstrap. The NBER Working Paper of this
version contains detailed guidance of this.

When using more flexible factor models, one can estimate the required number of common
factors (Bai and Ng (2002); Onatski (2009)). In addition, a missing factor may be detected by
testing the stability of estimates across GIVs as we add more factors. As is common practice in the
weak factors literature, one can verify the stability of the estimates by adding one or two factors

beyond what is estimated by formal procedures for the number of factors.

D.13 Full recovery when different factors have different “size” weights

In the basic model, we can identify of, M = but not A7.

5, Wal
We give some conditions under which we can actually also identify the A/ (in addition to o
and M). We show here that this is the case if we assume that the size S7 differs across all factors
f, and this knowledge is given to us (from a model).
Here we take the basic set up as in Section D.5.1, in the simplified case where )\zf = )\ for all

“endogenous” factors, i.e. for the factors f such that af # 0, the other exogenous factors 7 all have

an impact of 1:

Yit — Uy + Z )\thf + 77;“/, (143)
f
Fl = ofyer, +nf. (144)

This implies

yt:ut—i-LZ)\thf—i-mt :ut—kLZ)\f (nf—l—afolyt) + /.
f f

621t is also possible to first extract factors using loadings that depend on observed characteristics, 7;°¢, and then
estimate additional factors using PCA on the residuals, nf “4:¢ We then use the final residuals in constructing the

GIV and use nf = (nf’e, nfCA’e) as factors.
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With “c*” denoting some combination of the various 1’s, and as usual M = m,
f

-1

Y = ([—LZ,\fafsf’> (ue + tef)
!

= ([—i—MLZ)\fafo') (ug + te))

f
Yy = Ut+MLZ)\fOéquf7t+L€i/, (145)
!
i.e., since F/ =nf f his gives:
.., h n; + o’ ygr . this gives:
th = af (Ugfi + MZ )\gOégUJSQ,t> + €tf. (146)
g

Hence, suppose that we extracted the @;; = u;; — ug; (following our usual procedure). Then, we
form

Rrie = Sf/ﬁt = Ugft — UE¢. (147)

Then, regressing th on the various zrg,
9
(for /! some residual noise) yields a regression coefficient:
bl =af (1j—y + MNa?). (149)

This allows to recover everything, and with several overidentifying restrictions. Indeed,

b =) "b)=af (1 +MZ>\9ag> =al M,

g g

which identifies af M. Next, for f # g,

bg

29 _ \9nY
i Nad,
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which gives Ma? (and should be equal for all f), thus M. Hence, we obtained o/ M, M and \a¢

— therefore all quantities: o/, \/, M.

D.14 When we have disaggregated data for both the demand and the
supply side

To estimate supply and demand elasticities, it is enough to have idiosyncratic shocks to one side
of the market — demand in our basic example (Proposition 5). We complete our examination of
supply and demand, with disaggregated data for both the demand and the supply side.

We posit that demand and supply disturbances follow:

Yk = ¢ p + NenF 4k, (150)

for type k = s,d for supply and demand. Total quantity demanded or supplied in side k of the
market is (as a disturbance from the average), y&,, = 3. SFy¥ where S¢ (resp. Sf) is the average
fraction of demand (resp. supply) accounted by country i) The price p; adjusts so that supply

equals demand, yg., = ygdt, ie.

d s d ,.d S 8
Uga — Ugs + Ngally — ANgsT

- (151)
(2555 - Csld

Pt =
So, the aggregate supply that was s; = ¢°p; + €; in the aggregated model is now
St =Ygy = O + Aoom)f + Ul
so that the supply shock is
0 = Ny + Uy

We allow E [u5u]| to be nonzero: for instance, if the US has a “fracking shock” that affects both
supply and demand, it will be captured by both u$, and ug for i = USA. Then, the initial exclusion

restriction E [uye,] = 0 (see (3)) fails. A fracking shock in the US both increases idiosyncratic US
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demand (as the US is richer) and also world supplies (as the US supplies more oil via its fracking
technology).

But the situation is not so bleak. We make the following assumption
E [u?tnfl} =0 for all k, k" € {s,d}. (152)

For instance, when k = d and k' = s, (152) means that idiosyncratic demand shocks are uncorrelated
with the aggregate supply shocks 1, — once we control for idiosyncratic supply shocks (i.e. they
may be correlated with €; but not with 7;). For simplicity, we discuss the homoskedastic case (where
the (u%,u,) are iid. across i, t).

Then, we can still identify the elasticity of supply and demand. Indeed, we can form two GIVs,

based on supply and demand respectively:
2= TyF = uby,, (153)

for k = s,d (with I'* = Q’\k’Sk in the general case and I'* = S* — E* in the simple case \¥ = ¢, as
in Corollary 2).

Then we have

E [ztknf/] =0 for all k, k" € {s,d}.

and one can easily see (as in the main paper) that the following identification moments hold, for
k. k' € {s,d}

E [(y’v&t —¢*pi) Zﬂ = 0. (154)

So, we can estimate the demand and supply elasticities.®'04.

Proposition 12 (Identification with disaggregated supply and demand data). Suppose that we

have disaggregated supply and demand data following (150). Suppose that the shock are idiosyncratic

63The optimal instrument is z; = z — 27, as this is the most correlated with the price (151) (this generalizes the
reasoning of Proposition 3).

4One could imagine variants. For instance, if we assume only that E [z{nf| = 0 for a given (k, £), we can identify
oF via E [(y%t — ¢kpt) zf] =0.
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in the sense of (152), and that we have i.i.d. (u%,uj) across i, t. Then, the GIVs z, z; in (153)

identify ¢ and ¢°, via moments (154).

In summary, in that example, the GIV fails if aggregate shocks (g;) are importantly made of
idiosyncratic shocks. However, in the same example, having more disaggregated data (on both the
demand and supply side), together with a slightly different exclusion restriction, allow estimation

of both elasticities by GIV.

D.15 GIV for differentiated product demand systems

We develop the basic ideas for the logit demand model and extend these ideas to the random-

coefficients logit model as in Berry et al. (1995) in the next subsection.%

D.15.1 Logit demand

The utility that household i derives from product i, for i = 0, ..., N, is given by%®

Unit = 0t + €nit,

dit = —pic + B'ru + i + &,

where ep;; follows a Type-1 extreme-value distribution, p;; denotes the log price, x;; observable
characteristics, and E [§;] = 0. We refer to i = 0 as the outside option and normalize §o, = 0. This
model implies that the market share s;; is the probability that a given household selects product i,
meaning that s;; = P (Up; > max;; Upjt), and can be expressed as

exp(dir)

Sit = N

ijo exp(d;t) .

65We thank Robin Lee, Alex MacKay, and Ariel Pakes for very helpful feedback on this section.
66We use the log price, p;;, instead of the price, Py, in the formulation of &;; to simplify some of the expressions,
but the basic logic extends to the case where §;; depends on Pj;.
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Firms set prices to maximize profits and we assume that each product is produced by a single firm,
which solves

Ir})ax Qit (-Pit - Oit) )

it

where C}; equals marginal cost and Q;; = s Q¢ with @)y the total size of the market. The firm

1 —1
Pit = (1 - _> Cit7
€it

that is, the negative of the price elasticity of demand. The goal is to estimate

optimally sets the price to

_ Olnsy

where ¢;; = ot

0= (8,7).
It is convenient to rewrite the model as
it

s
log <S—) = —ypit + f'wir + i + it
0t

To identify (3, it is commonly assumed that E [z;,£;;] = 0 and we maintain this assumption. However,
as prices respond to demand shocks, &;, we cannot assume E [p;£;] = 0. There are three common
approaches to create instrumental variables in the demand estimation literature. First, variables
that capture variation in marginal cost, C, that is unrelated to demand shocks. Second, Berry

et al. (1995) suggest to use the average of characteristics of other firms

1
BLP
G T N1 > T

JJ#
which results in valid instruments under some assumptions (see Nevo (2000) and the references
therein).” The resulting moment is E [z757¢;] = 0.% Third, one can use panel data for the
same firm that operates in different locations. Under the assumption that demand shocks are
uncorrelated across locations, prices in other locations of the same firm will be valid instruments.

The intuition is that prices across locations share the same marginal cost but the demand shocks

are, by assumption, uncorrelated, see Nevo (2001).

67For other recent advances to construct instruments, see Sweeting (2013) and MacKay and Miller (2019).
681f a firm offers multiple products, the average of characteristics of other products produced by the same firm can
be used as well.
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GIV provides an alternative by exploiting exogenous variation in markups due to idiosyncratic

demand shocks to large firms. We assume that demand shocks follow a factor model,

it = T + U, (155)

which can be extended to allow for heterogeneous exposures, i.e. replacing n, by A\, = Y., Aink.
Also, we assume for simplicity that 7, and w; are i.i.d. over time, but the logic in this section can
be extended to persistent demand shocks (see also Sweeting (2013)).

We propose to use the GIV instrument as the weighted sum of idiosyncratic demand shocks of

the competitors:

Zip = Z Sjt—1Ujt, (156)

jijti
where 5;,_1 is the average market share for product j up to time ¢ — 1. This allows us to add a

moment condition

which identifies 7. Remember that we use E [2,£;] = 0 to identify £.

The intuition for why z;; is a meaningful instrument is the following: if there is a high idiosyn-
cratic shock for Tesla cars (high uj:, with j being Tesla), this leads Ford (firm 7) to reduce the price
of its cars (in this particular model, this is because the positive shock for Tesla cars reduces the
demand for Ford, which sees its market share s;; fall, so that it wants to lower its price p;).

Generalizing this intuition, we sum over all the demand shocks of the competitors, z; =
> i Sit—1Ujt, weighing them by size, i.e. market share. As in our general GIV, even a single
shock uj; is a valid instrument (for j # i). The size-weighted sum is simply a typically useful way
to pool those idiosyncratic shocks. It is optimal in our basic GIV, and is likely to be reasonably
close to optimal in this IO context. The same idea generalizes: e.g. using a weighted sum of the
idiosyncratic cost shocks, rather than demand shocks, of the competitors would also be a valid GIV
instrument.

A motivation for the weighting in (156) is as follows. Recall that in this simple model the
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demand elasticity is

€it = ’Y(l - Sit>7

and also that %{f“ = —5jt, so that ag"Tg{j’“ = —s;; (controlling for the price p;;). This implies that
J J

the direct impact of all idiosyncratic demand shocks to other companies on s;;, and hence €, is

Odlog s;
85 tth = — Z Sjtuj't. (158)
gat 0t i

Hence, shocks to companies with larger market shares have a larger impact.

D.15.2 Random coefficients logit as in BLP

Berry, Levinsohn, and Pakes (1995) extend the standard logit model by allowing for random varia-
tion in the preference parameters

Hh:0+uh,

where v, = <y5 ,1/2) and v, ~ F,(v;0), for some vector of parameters ©. The market share

equation modifies to

Sy = /ShitdFu (1;0),

where
exp <5it — V) pis + V}?-%t)

- .
i €XD <5jt —vlpjit + V,f’xjt>

Shit =

To estimate the model, Berry (1994) suggests to recover d;; from the market shares using a contrac-
tion mapping (see Nevo (2000) for an introduction). With §;; in hand, we form moment conditions
as before to estimate (6, ©).

To construct a GIV instrument in this model, one can also use (156) as an instrument.

One can also refine it. For instance, we can recompute the total impact of idiosyncratic shocks

to other firms on the demand elasticity, which is now slightly more involved. The negative of the
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demand elasticity, which enters into the pricing equation via the markup, is given by

Sit

€1 = /V;Z Shit (1 — spy) dF, (v;©).

An approximation of the model around 6, = 6 yields the same weights as before, although it is

feasible to numerically calculate the optimal weights by computing

This suggests forming

2ip = Z Sh 1 Ujt, (159)

JigFi

where s, is
0log s

= — . 1
s (160)

7
Sjt

Indeed, in the homogeneous elasticity case, s;t = sj;. This generalization to heterogeneous elasticity
allows to capture that if firms ¢ and j tend to serve the same consumers (e.g., both sell family cars),

then the sé-’t will be high, and w;; receives a high weight in the firm-i specific GIV z;.

D.16 Dealing with fat tails

Here we propose an enrichment of the GIV when there are outliers.

D.16.1 OLS with winsorized residuals

For clarity, we consider the following problem first — our main problem is just a more complex

variant. Suppose that we want to estimate § in a regression:
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with z; independent of u;, and the w;’s are i.i.d. with density p (u) with mean 0. Suppose that there

are outliers, e.g. fat-tailed u;. What to do?

Background: Traditional winsorization yields biased estimates With outliers, a common

procedure is to winsorize y;, e.g. replace y; by

y!" = sign (y;) min (||, ), (162)

a winsorization at ¢ for some o > 0. This can be equivalently rewritten as:

i =it (W) (163)

with

r(u) :=rs(u) = —max (Ju| — §,0)sign (u) . (164)

While common, there are difficulties with this procedure. The OLS estimator is biased, as in general
E (4" — Bx;) ;] #0 (165)
In addition, there is no clear micro foundation of this procedure, e.g. via MLE.

Winsorization of the residual, not of outcome variables Instead, we use a simple variant
that solves both those difficulties, following Huber (1964) and e.g. Sun et al. (2020). It uses the

following “winsorization of the residual”, by defining:

Y =y + 1 (yi — By) (166)

instead of the traditional (163), and then to run OLS of ¥ = fz; + ;.
This is a fixed point problem, which leads following algorithm. We initialize 8%, e.g. setting it

to the plain OLS value. The two steps are as follows:
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1. Define yzu’(n) =y +r (yi - B(n)xi)'

2. Run the OLS of

" = Br; + e (167)

which yields an update "t and we iterate until convergence.
We next justify this. Define L (u) = —Inp (u), the log likelihood of y is >, L (y; — fz;), so the

maximum likelihood estimator is

min L (y; — Bz, 168
i Z (yi — B;) (168)

whose first order condition is
If the residuals u; are Gaussian distributed, we have L (u) = ku®+ k' for some constants k and

k', so L' (u) = ku, and we obtain the familiar OLS estimator. But otherwise, we have a nonlinear

equation, which is a bit painful to solve. In general, we express:
L' (u) =k (u+r(u)) (170)

where intuitively the residual term 7 (u) is “small”. For instance, for the log density

2

u )
LHuber (u) = 51|x|§5 + (’U| — 5) 51|u|>6 (171)

then we have L1 (y) = o + r (u) with 7 (u) exactly as in (164). This is why we take this value
of r (u) in practice. But we continue the discussion for a general r (u).

Then, the FOC (169) becomes
Z (yi — Bri + 7 (yi — Bri)) 2 =0 (172)

To get more intuition, we define v} == y; + r (y; — fz;) as in (166), which has the interpretation of
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sort of “winsorized” y;, hence the w superscript. Then FOC is

> (P — B ai =0 (173)

i

Hence, we can estimate 8 by OLS, once we have an estimate of y}".

We next state a simple proposition.

Proposition 13 Suppose that E [r (u;) x;] = 0 for all i.. Then, at the true value B we have
E[(y" — Bri) xi] =0 (174)

with yi’ = Bx; + 1 (y; — Br;) .

Proof. At the correct value of 3, we have

E[(y — ;) z;) = E[r (y; — pr;) z;) = Er (w;) z;] = 0.

The proof is almost a tautology. But the advantage is that it lays out a simple procedure to
“winsorize” outliers: run the OLS (167), v = fz; +¢; . If u; is e.g. non-symmetric, it shows a
simple criterion for other residual functions, E [r (u)] = 0, e.g. by choosing a function r (u) that is

non-symmetric.

D.16.2 Factor models with winsorized residuals

We state a proposition summarizing the situation. We define for z € RY, we define r (z) =

(r (@:))izy_n-

Proposition 14 (Factor model with winsorized residuals) Using the tail-extraction function r in

(164), consider the value p; € RY™™ sych that, defining: ul = —r (uy — M\uy) the tail residual, and
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v = uy — uj the winsorized residual, we have

pe = RMW ", (175)

Assume that p; exists. Then, with y' =y, —u] the outcome modified to have winsorized residuals,
and

f]t =T + th =T + Mt 'lv)t =V — )\th = QA’WvUt (176)

we have the decomposition of the factor model with winsorized residuals:

Yy = A+ v = Nijg + O, (177)
and vy L 1.
In addition,
uf = =1 (Yt — Aip) (178)
Finally, we have:
NV (g = i) = 0 (179)
EW? (g — X)) = 0 (180)

so the factor model (177) can be estimated in the usual way, via miny z >, (Y2 — Aije) W2 (y& — Mijz).

Equation (178) says that the tails terms u] are tails of the estimated factor model; so that ;" is
the value of y;, but winsorizing the residuals, as in Section D.16.1, but for a factor model. The term
vy can be thought of as the “winsorized” version of u; — Apy; so v, can be thought of a winsorized
version of wu;, while uy is its tail. The term Ay, is there because we keep finite NV, as in Lemma 1
and the rest of the paper; in practice is is small.

Pragmatically, given the tails u], we estimate a factor model by (179), which gives the value of

7, and (180), which gives the value of A; and given the factor model, we estimate the tails by (178).
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Hence this is a fixed point problem given by equations (178)-(180).

Practical algorithm One can use the following algorithm.5

1. Start from some (), 7};) and 6.
2. Compute u] using (178).
3. Compute y;" =y — uj

4. Run PCA on y}* to update (A, 7). Note that we use a weighted PCA, weighing by W".

5. Get the new residuals and update § in (164) so that the fraction winsorized remains 5% in

each step.
6. Iterate until convergence.
Proof of Proposition 14 Given this p;, we have y; — u] = A\ + vy, and (177) comes from

Lemma 1, extended for heteroskedastic v;, as in the proof of Lemma 1. Then, p; = R (u; — u]) =

R (y — Ay — u] ) = Rv, and
Yy — Aije = N+ 0p — Ay = 0 = vp — ARvp = 0 — A = up — u — Ay
so that
Up — My = Y — Ny +uf =y, — A

which proves (178) by:

T

uj = —r(ug — M) = —r (y — \jy)
Finally, (179) and (180) hold by the properties of factor models, as in the main paper.lJ

D.16.3 Implication for the GIV

We now see how the procedure in Section D.16.2 allows to form a GIV.

59Tt does not require the calculation of u; (which is simply useful to state the existence conditions).
"0A good starting point can be obtained by winsorizing y;; and use this to obtain these initial estimates.
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Elasticity of supply For the GIV, we form
’Ith = Dt -+ U:, 2y = S'ﬂt

so we do include the tails (recall that 7, is the winsorized main term, and u] is the tails) in the GIV

z;. Then, we have:

E [(pr — Yyst) 2] = 0.

so we can identify ¢) with that z,. We can also control for 7, in the first and second stage.

Elasticity of demand We have v, L 7}, by Proposition 14. But there is no guaranty that u; L 7,
as the term p; might introduces correlations between the two. In practice, those correlations can
be expected to be small ( O (%)), so that pragmatically one might be tempted to ignore this. But
to be strict, it is useful to have a rigorously grounded proven procedure, so we present one here.
So we propose to proceed as follows. We estimate A globally. Then, for each i, we use the
subsample made of all observations except for those of entity ¢, and from this subsample we estimate
ﬁfi) (using the winsorized residuals, as in 77 R’\(Z)yt ;where A®) and v’ () are the vectors of

dimensions N —1 that exclude the i-th entry) and ati = T)t(l) —I—utT’(i) (using both winsorized residuals,

and the tails). We set u = 0. We form the GIV for entity ¢, zt = S’ . This guaranties
a7 L (181)
Then, the following moment holds

E [(yit - ¢dpt) Zt@} =0 (182)

(4)

and we can estimate ¢¢ for instance by >, , (vit — ¢pt) 2 @)

= 0. We can also control for 7,7, as in

E{ (e = o%p = bai”) (47 0")] = 0 (183)
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for some b; also to be estimated.

The same can be used for the network GIV. For each entity i, we estimate the nt(i) with winsoriza-

tion of the residuals of entities 7, but use also the tail events from the GIV, with al@ = T)Ei) + utT’(i).
The cost is that it requires N?T' estimations rather than NT estimations (as we need to estimate
(i

ujt) rather than just u;;). The benefit is that this is robust to outliers, and to misspecification in

heteroskedasticity.

D.17 When aggregate shocks are made of idiosyncratic shocks

GIVs extend to economies where aggregate shocks 7, are themselves made of idiosyncratic shocks
u;. We summarize the situation here.

Take the basic supply and demand model of Section 2.1. We achieved identification provided that
ury L g; we did not need ur; L 1, so aggregate demand shocks can be influenced by idiosyncratic
shocks, but not aggregate supply shocks. If aggregate supply shocks are affected by idiosyncratic
shocks, the elementary strategy does not work, but a variant does work, with a slightly different
identification assumption. We suppose disaggregated supply and demand data (for the commodity
in question, e.g. oil) is available, at least for large countries. We model country i’s supply and

demand with the following factor model:
yh = "o+ N+ ul, (184)

where k£ = s,d indicates supply or demand, respectively. We allow E [uftuflt} to be nonzero: for
instance, if the US has a positive “fracking shock” that affects both supply and demand, it will be
captured by a positive u, and ug for i = USA. This is a concrete case in which supply and demand
shocks are correlated: this happens via the correlations in country-level shocks. At the same time,
we impose that the u¥ are uncorrelated with the aggregate shocks n for k, k' € {s,d}. Then,
Section D.14 shows how to identify the elasticities of supply and demand.

One can also consider an economy as a network (Long and Plosser (1983); Gabaix (2011);

Acemoglu et al. (2012); Carvalho and Gabaix (2013); Carvalho and Grassi (2019)). Under some
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assumptions, one can obviate the network structure, for instance via aggregation theorems such
as Hulten’s theorem. This is developed in Section D.18. It shows that we can identify important
multipliers even if we have only crude proxies for the primitive shocks such as TFP. The GIV for a
general network is a rich topic, which are developing in another paper.

In conclusion, one can often handle cases where aggregate shocks are made of idiosyncratic
shocks: then, some more disaggregated data and economic reasoning allows to use a GIV to estimate

macro parameters of interest.

D.18 Identification of the TFP to GDP multiplier in a production net-

work economy

Suppose a two-period model with a production network, as in Long and Plosser (1983); Gabaix
(2011); Acemoglu et al. (2012); Carvalho and Gabaix (2013); Carvalho and Grassi (2019). There
are both idiosyncratic TFP shocks S\Z-t and a government reform that creates correlated shocks 7,
to TFP and change in labor supply Ly. Utility is C; — en Li 1/ ¢, so that ¢ is the Frisch elasticity
of labor supply. We call )\; total TFP, which depends on the industry TFPs ;. So, as C; = A\ Ly,
labor supply is L; = ¢ <5\t - 77,{:) Land GDP is Y, = Ly + A, i.e.

Yo=mh—onf, m=1+9¢ (185)

We seek to find the “GDP multiplier” m = 1+ ¢, so that a TFP increase of 1 percent translates
into a GDP increase of m percent.”

This is potentially a complicated problem, as for instance, in the Long and Plosser (1983) case
with input-output matrix A, output changes are Y, = (I — A)f1 N+ it, so that output changes

are correlated in complicated ways. However, one can sidestep using this disaggregated production

"I The problem is maxy, ALt e L;H/(b, which leads to (1 + é) Li/(ﬁ = )\te*”f«L, hence the announced expression.

"2If more than one factor changes, m has the broader interpretation of a multiplier between TFP and GDP.
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data. We assume that TFP change in industry ¢ is:
Nit = Ny + wir. (186)

In the neoclassical equilibrium, TFP follows Hulten’s theorem, so is 5\t =5 si;\it where s; is the
Domar weight (sales of industry i over GDP).

We can identify the multiplier m if we have disaggregated TFP data. In the simplest case, we
assume that industry-level productivities are available, and we get the residuals u,. Then, we can
identify the multiplier m by GIV.

We can identify the multiplier m if we have even crude prozies for disaggregated TFP. The

same procedure works (with less efficiency) if our data is made of proxies for productivity growth

~

it (where the tilde indicates that we deal with a proxy). An example could be growth of sales per

employee, or even the growth rate of sales. We assume a factor model
Nit = Ny + i (187)

The proxy is of better quality when the proxy’s idiosyncratic shock u; has a high correlation with

the true idiosyncratic shock w;;. Then, we extract the uf, from a factor model, form 2z, = u%, — u%,

J

(with S; = Zsisj), and use the moment E [(Yt — mj\t> zt} = 0, which identifies the TFP to GDP
multiplier m.

Using more general models (e.g. taking into account imperfections as in Baqaee and Farhi
(2020)) would be very interesting, but would be a new paper by itself. Indeed, even in that case
z is likely to be a useful instrument, even though it won’t be the optimal one. In any case, those
examples show how GIV, with some economic reasoning, translate to more complex economies

where aggregate shocks can be made of idiosyncratic shocks.
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D.19 Identification of the elasticity of substitution between capital and

labor / Elasticity of demand in partially segmented labor markets

Here we show how GIVs can estimate the elasticity of substitution between capital and labor; and
how to estimate the elasticity of demand in partially segmented markets. The first problem uses
the second one.

As a motivation, imagine that industry ¢ has the CES production function™

¢i—1 1 b=l §;—1
Qit = By (Kit"’i + AL L ) (188)

€L —=
The first order condition of the problem max,, 1., Qi — R Ky — Wiz Ly is Ay ( [L(tt > P W e

a demanded labor / capital ratio:

L; Wi\ %
K, " ( R, ) (189)

We'd like to estimate the elasticity of substitution ¢; between capital and labor. This is the wage
elasticity of demand. GIVs allow to estimate that, as we shall see.
Let us use our general notations, and define y;-it =1In Ly, piy = InWy, Cy = In K, and ¢f = —¢;

(as this is the elasticity of labor demand). Then, we can write (189) as:
Yir = & + Ci + Ny + (190)

where Cj; is a control, and as usual vector 7; is a common shock, and u, is a demand shock (those
in turn come from the productivity A;). For notational simplicity we will drop Cj;, but this is not
important.

Now, log labor supply is modeled as:

Vi = Oipie — Vibse + Aine + uj, (191)

3We thank Julieta Caunedo for prompting us to think about this identification problem.
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It is increasing in wage p;; in industry ¢, and decreasing in the wage in the other industries (pg;).
One could imagine replacing ¥;ps; by a different average for each industry, and we will examine
that in an extension. But for now we keep the simple structure.

As supply equals demand in each market (y& = 3,), we obtain the price of labor in each market

Vipse + uly — ufy + (A = X5) 1

Dit = 5 — o (192)
le.
Pit = VilPst + Vie + Xt (193)
uf—uf o\ AN

when we define v; = Vi =

i
;-0

Problem (193) is a standard GIV. In the general case, we can estimate 7; as in Section (D.9).™

pr—¢? 1 i T gr—gd”

So, we obtain 7; and vf, (the proxy for v;) in (193). We also form z; = S’ (v¢ — a'vf,) as in
(121). This is the GIV formed of the idiosyncratic shock of all industries but industry i. We will
use the shock to those other industries, and their impact on the outside wage, as an instrument to
estimate labor demand. Indeed, we go back to the labor demand equation (190), and instrument
for p;; using the z;

pit = bizit + €} (194)

we estimate b;, and define p§, = b;2;; as the price in industry ¢ instrumented by the changes in other

industries. We use the estimated 7y as controls, and run

Yir = S0 + Con + AJ1f + gy (195)

which yields a consistent estimate ¢¢ of the labor demand.

"This procedure is much simplified if the v; and A\l are assumed to be constant. Then, we can just define
2zt '= pr¢ = PS¢t — PEt, so that z; = vpy and as pgy = %, regressing pg; = bz; + ¢ yields b = ﬁ

98



References for Online Appendix

References

Acemoglu, D., V. M. Carvalho, A. Ozdaglar, and A. Tahbaz-Salehi (2012). The network origins of

aggregate fluctuations. Econometrica 80(5), 1977-2016.

Adao, R., M. Kolesar, and E. Morales (2019). Shift-share designs: Theory and inference. The
Quarterly Journal of Economics 184 (4), 1949-2010.

Adrian, T., F. Grinberg, N. Liang, S. Malik, and J. Yu (2022). The term structure of growth-at-risk.

American Economic Journal: Macroeconomics 14(3), 283-323.

Amiti, M., O. Itskhoki, and J. Konings (2019). International shocks, variable markups, and domestic
prices. The Review of Economic Studies 86(6), 2356-2402.

Amiti, M. and D. E. Weinstein (2018). How much do idiosyncratic bank shocks affect investment?

evidence from matched bank-firm loan data. Journal of Political Economy 126(2), 525-587.

Andrews, 1., J. H. Stock, L. Sun, et al. (2019). Weak instruments in instrumental variables regres-

sion: Theory and practice. Annual Review of Economics 11(1), 727-753.

Antolin-Diaz, J. and J. F. Rubio-Ramirez (2018). Narrative sign restrictions for svars. American

Economic Review 108(10), 2802-29.

Arellano, M. and S. Bond (1991). Some tests of specification for panel data: Monte carlo evidence

and an application to employment equations. The Review of Economic Studies 58(2), 277-297.

Autor, D. H., D. Dorn, and G. H. Hanson (2013). The china syndrome: Local labor market effects

of import competition in the united states. American Economic Review 103(6), 2121-68.

Bai, J. (2003). Inferential theory for factor models of large dimensions. Econometrica 71(1), 135—
171.

99



Bai, J. and S. Ng (2002). Determining the number of factors in approximate factor models. Econo-

metrica 70(1), 191-221.

Banafti, S. and T.-H. Lee (2022). Inferential theory for granular instrumental variables in high

dimensions. arXiw preprint arXiw:2201.06605.

Baqaee, D. R. and E. Farhi (2019). The macroeconomic impact of microeconomic shocks: beyond

hulten’s theorem. Econometrica 87(4), 1155-1203.

Baqaee, D. R. and E. Farhi (2020). Productivity and misallocation in general equilibrium. The
Quarterly Journal of Economics 135(1), 105-163.

Bartik, T. J. (1991). Who benefits from state and local economic development policies? W.E.

Upjohn Institute for Employment Research.

Baumeister, C. and J. D. Hamilton (2023). A full-information approach to granular instrumental

variables. Working Paper, UCSD.

Berry, S., J. Levinsohn, and A. Pakes (1995). Automobile prices in market equilibrium. Economet-
rica 63(4), 841-890.

Berry, S. T. (1994). Estimating discrete-choice models of product differentiation. The RAND
Journal of Economics 25(2), 242-262.

Blundell, R. and S. Bond (1998). Initial conditions and moment restrictions in dynamic panel data

models. Journal of Econometrics 87(1), 115-143.

Borusyak, K., P. Hull, and X. Jaravel (2022). Quasi-experimental shift-share research designs. The
Review of Economic Studies 89(1), 181-213.

Brownlees, C. and G. Mesters (2021). Detecting granular time series in large panels. Journal of

Econometrics 220(2), 544-561.

Caldara, D., M. Cavallo, and M. Iacoviello (2019). Oil price elasticities and oil price fluctuations.

Journal of Monetary Economics 103, 1-20.

100



Camanho, N., H. Hau, and H. Rey (2022). Global portfolio rebalancing and exchange rates. The
Review of Financial Studies 35(11), 5228-5274.

Carvalho, V. and X. Gabaix (2013). The great diversification and its undoing. American Economic

Review 103(5), 1697-1727.

Carvalho, V. M. and B. Grassi (2019). Large firm dynamics and the business cycle. American
Economic Review 109(4), 1375-1425.

Chodorow-Reich, G. (2019). Geographic cross-sectional fiscal spending multipliers: What have we

learned? American Economic Journal: Economic Policy 11(2), 1-34.

Chodorow-Reich, G., A. Ghent, and V. Haddad (2021). Asset insulators. The Review of Financial
Studies 34(3), 1509-1539.

di Giovanni, J. and A. A. Levchenko (2012). Country size, international trade, and aggregate

fluctuations in granular economies. Journal of Political Economy 120(6), 1083-1132.

di Giovanni, J.; A. A. Levchenko, and I. Méjean (2014). Firms, destinations, and aggregate fluctu-
ations. Econometrica 82(4), 1303-1340.

Dong, X., N. Kang, and J. Peress (2022). Fast and slow arbitrage: The predictive power of capital
flows for factor returns. Awvailable at SSRN 3675163.

Fama, E. F. and K. R. French (1993). Common risk factors in the returns on stocks and bonds.

Journal of Financial Economics 33(1), 3-56.
Flynn, J. P. and K. Sastry (2022). The macroeconomics of narratives. Available at SSRN 4140751 .
Gabaix, X. (2011). The granular origins of aggregate fluctuations. Econometrica 79(3), 733-772.

Gabaix, X. and R. S. Koijen (2022). In search of the origins of financial fluctuations: The inelastic
markets hypothesis. NBER Working Paper No. 28967.

101



Galaasen, S., R. Jamilov, R. Juelsrud, H. Rey, et al. (2021). Granular credit risk. NBER Working
Paper No. 2799} .

Gaubert, C. and O. Itskhoki (2021). Granular comparative advantage. Journal of Political Econ-

omy 129(3), 871-939.

Goldsmith-Pinkham, P., I. Sorkin, and H. Swift (2020). Bartik instruments: What, when, why, and
how. American Economic Review 110(8), 2586-2624.

Hansen, L. (1982). Large sample properties of generalized method of moments estimators. Econo-

metrica 50(4), 1029-54.

Heckman, J. (1978). Dummy endogenous variables in a simultaneous equation system. Economet-

rica 46(4), 931-59.

Huber, K. (2023, 08). Estimating general equilibrium spillovers of large-scale shocks. The Review
of Financial Studies 36(4), 1548-1584.

Huber, P. J. (1964). Robust estimation of a location parameter. The Annals of Mathematical

Statistics 35(1), 73-101.

Jorda, O. (2005). Estimation and inference of impulse responses by local projections. American

Economic Review 95(1), 161-182.

Kelejian, H. H. and I. R. Prucha (1999). A generalized moments estimator for the autoregressive

parameter in a spatial model. International Economic Review 40(2), 509-533.

Kelly, B. T., S. Pruitt, and Y. Su (2020). Instrumented principal component analysis. Awvailable at
SSRN 2983919.

Kundu, S. and N. Vats (2021). Banking networks and economic growth: From idiosyncratic shocks

to aggregate fluctuations. Awvailable at SSRN 3556299.

Leary, M. T. and M. R. Roberts (2014). Do peer firms affect corporate financial policy? The

Journal of Finance 69(1), 139-178.

102



Lee, Y., L. A. N. Amaral, D. Canning, M. Meyer, and H. E. Stanley (1998). Universal features in

the growth dynamics of complex organizations. Physical Review Letters 81(15), 3275.

Lewbel, A. (2012). Using heteroscedasticity to identify and estimate mismeasured and endogenous

regressor models. Journal of Business & Economic Statistics 30(1), 67-80.

Long, J. B. and C. I. Plosser (1983). Real business cycles. Journal of Political Economy 91 (1),

39-69.

Ludvigson, S. C., S. Ma, and S. Ng (2020). Shock restricted structural vector-autoregressions.
NBER Working Paper No. 23225.

Ma, Y., T. Paligorova, and J.-L. Peydro (2022). Expectations and bank lending. Working Paper.

MacKay, A. and N. Miller (2019). Estimating models of supply and demand: Instruments and
covariance restrictions. Awvailable at SSRN 3025845 .

Montiel Olea, J. L. and C. Pflueger (2013). A robust test for weak instruments. Journal of Business

& FEconomic Statistics 31(3), 358-3609.

Nakamura, E. and J. Steinsson (2018, August). Identification in macroeconomics. Journal of

Economic Perspectives 32(3), 59-86.

Nevo, A. (2000). A practitioner’s guide to estimation of random-coefficients logit models of demand.

Journal of Economics & Management Strategy 9(4), 513-548.

Nevo, A. (2001). Measuring market power in the ready-to-eat cereal industry. Econometrica 69(2),

307-342.

Newey, W. K. and D. McFadden (1994). Large sample estimation and hypothesis testing. Handbook

of Econometrics 4, 2111-2245.

Onatski, A. (2009). Testing hypotheses about the number of factors in large factor models. Econo-
metrica 77(5), 1447-1479.

103



Plagborg-Mgller, M. and C. K. Wolf (2022). Instrumental variable identification of dynamic variance

decompositions. Journal of Political Economy 130(8), 2164-2202.

Ramey, V. A. (2016). Macroeconomic shocks and their propagation. Handbook of Macroeconomics 2,

71-162.

Rigobon, R. (2003). Identification through heteroskedasticity. Review of Economics and Statis-
tics 85(4), T77-792.

Sarto, A. (2022). Recovering macro elasticities from regional data. Working Paper.

Schubert, G., A. Stansbury, and B. Taska (2022). Employer concentration and outside options.
Awvailable at SSRN 3599454 .

Stock, J. H. and M. W. Watson (2016). Dynamic factor models, factor-augmented vector autoregres-
sions, and structural vector autoregressions in macroeconomics. Handbook of Macroeconomics 2,

415-525.

Stock, J. H. and M. W. Watson (2018). Identification and estimation of dynamic causal effects in

macroeconomics using external instruments. The Economic Journal 128(610), 917-948.

Sun, Q., W.-X. Zhou, and J. Fan (2020). Adaptive huber regression. Journal of the American

Statistical Association 115(529), 254-265.

Sweeting, A. (2013). Dynamic product positioning in differentiated product markets: The effects
of fees for musical performance rights on the commercial radio industry. Econometrica 81(5),

1763-1803.

Uhlig, H. (2005). What are the effects of monetary policy on output? results from an agnostic

identification procedure. Journal of Monetary Economics 52(2), 381-419.

104



	1 Introduction
	2 GIVs: Main results
	2.1 The baseline GIV
	2.2 Optimal GIV weights and the precision of the GIV estimator
	2.3 Controlling for observed and latent factors
	2.3.1 Introducing recoverable factors
	2.3.2 GIV, controlling for observable and recovered controls

	2.4 Using the GIV via OLS

	3 Discussion
	3.1 The intuition behind GIV estimators
	3.1.1 GIVs in a simple model
	3.1.2 GIV estimators are more precise in concentrated economies with volatile idiosyncratic shocks

	3.2 Instrument strength
	3.3 Robustness to misspecification and threats to identification

	4 Extensions
	4.1 Heterogeneous demand elasticities
	4.2 When the factor loadings are estimated
	4.3 Heteroskedasticity
	4.4 Generalization of the GIV to other setups

	5 Conclusion
	A Appendix: Proofs
	A.1 Variance facts
	A.2 Proof of Propositions 1 and 2
	A.3 Proof of Proposition 3
	A.4 Proof of Lemma 1
	A.5 Proof of Proposition 4

	
	B Appendix: Notations
	C Additional Proofs
	C.1 Complement to the proof of Proposition 2
	C.2 Complement to the proof of Proposition 4
	C.3 Proof of Proposition 5
	C.4 Proof of Corollary 2
	C.5 Proof of Proposition 6
	C.6 Proof of Proposition 7
	C.7 Proof of Proposition 8

	D Complements
	D.1 Detailed links with previous literature
	D.2 A benchmark model: A simple supply and demand model
	D.3 Estimating the variance of heteroskedastic idiosyncratic shocks
	D.4 Relation between Bartik instruments and GIVs
	D.4.1 Relating the Bartik setup to the GIV setup
	D.4.2 Defining and comparing the Bartik and GIV instruments

	D.5 More general setup and multipliers
	D.5.1 Framework
	D.5.2 Multipliers

	D.6 The GIV with multi-dimensional outcomes for each entity 
	D.7 Nonlinear GIV
	D.8 When the researcher assumes too much homogeneity
	D.9 Heterogeneous demand elasticities: Non-parametric extension
	D.9.1 First procedure for the nonparametric estimation of heterogeneous demand elasticities
	D.9.2 Second procedure for the nonparametric estimation of heterogeneous demand elasticities

	D.10 When only some shocks are kept in the GIV
	D.11 Sporadic factors
	D.12 PCA and IPCA
	D.13 Full recovery when different factors have different “size” weights
	D.14 When we have disaggregated data for both the demand and the supply side
	D.15 GIV for differentiated product demand systems
	D.15.1 Logit demand
	D.15.2 Random coefficients logit as in BLP

	D.16 Dealing with fat tails
	D.16.1 OLS with winsorized residuals
	D.16.2 Factor models with winsorized residuals
	D.16.3 Implication for the GIV

	D.17 When aggregate shocks are made of idiosyncratic shocks
	D.18 Identification of the TFP to GDP multiplier in a production network economy
	D.19 Identification of the elasticity of substitution between capital and labor / Elasticity of demand in partially segmented labor markets



