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Abstract

We study the econometric properties of the Bartik instrument, a commonly used ap-
proach for identification in economics. We develop a formal econometric framework for
the Bartik instrument and show an exact relationship between the Bartik approach and
an overidentified GMM estimator. We also use our structure to highlight several points
that are relevant for practice. With these insights, we develop a checklist of recommen-
dations for how to implement the Bartik instrument and how to test the plausibility of
the exclusion restriction.
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The Bartik, or shift-share, instrument is named after Bartik (1991) and popularized
in Blanchard and Katz (1992).1 These papers defined the Bartik instrument as the pre-
dicted local employment growth created by the interaction of local industry employment
shares with national industry employment growth rates. This instrument and variants have
since been widely used across many fields in economics, including labor, public, macroe-
conomics, international trade, and finance. (See Table 1.)

Despite the ubiquity of the instrument in practice, there is little work laying out exactly
what the Bartik instrument is, what the identifying assumptions are, and why it works.
The goal of this paper is to fill this gap. We first develop an econometric structure that de-
fines what we mean by a Bartik instrument, and show that this set-up encompasses several
instruments used in applied economics. Second, we use our structure to specify the identi-
fying assumption in the Bartik instrument. Third, we show why Bartik is effective. Finally,
our framework is informative for a number of smaller practical issues.

We begin by developing a formal econometric structure for the Bartik instrument. To
fix ideas, let xl = Z′l Gl = ∑k zlkglk, where xl is the location l employment growth rate, Zl is
the vector of location-specific industry shares (where zlk is the kth entry in Zl) and Gl is the
vector of location-specific growth rates (where glk is the kth entry). The Bartik instrument
is constructed by replacing the location-specific Gl with some national average, G, so that
Bl = Z′l G, and the researcher uses Bl as an instrument for xl .

We define a Bartik-like instrument as an instrument in which, as in the previous para-
graph, the researcher exploits the inner product structure of the endogenous variable to
construct an instrument. This encompasses several instruments in the applied literature,
which are not always labelled as Bartik instruments per se. First, the simulated instrument
of Currie and Gruber (1996b) interacts local laws with national population characteristics.
Second, the “immigrant enclave” instrument introduced by Altonji and Card (1991) inter-
acts initial immigrant composition of a place with immigration flows from origin countries.
Third, the “China shock” instrument of Autor, Dorn, and Hanson (2013) interacts local in-
dustry composition with the growth of Chinese imports to European countries. Fourth,
researchers, such as Greenstone, Mas, and Nguyen (2015), have interacted pre-existing
bank lending shares with changes in bank lending volumes to instrument for credit sup-
ply. Fifth, Acemoglu and Linn (2004) interact age-group spending patterns with demo-
graphic changes to instrument for market size. Finally, the “judge” instrument interacts a
case’s assigned judge with a measure of the leniency of the judge. While many substantive
questions have been studied using Bartik-like instruments, for concreteness our running
example is the canonical application of national industry growth rates interacted with local

1Arguably the Bartik instrument pre-dates Bartik (1991) and is also sometimes known as a shift-share in-
strument. See Freeman (1980) for an earlier use.
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industry composition.
We first show that the exogeneity of the Bartik instrument relies on the exogeneity of the

local industry shares, while the relevance of the Bartik instrument relies on the variation in
the national industry growth rates. As an extreme example, with only two industries, the
Bartik instrument is numerically equivalent to using either industry share as an instrument.
Moreover, for an arbitrary number of industries, the Bartik instrument in two stage least
squares is numerically equivalent to a generalized methods of moments estimator with the
industry shares as instruments, where the weight matrix is constructed from the national
industry growth weights. This finding sheds light on a common argument that the na-
tional nature of the average industry growth rates avoids correlation with local economic
conditions.2 Instead, we show that researchers do not need to make arguments about the
properties of the national industry growth rates to support the validity of the Bartik instru-
ment, and should instead focus on arguing for the the exogeneity of the industry shares.

This set-up clarifies the endogeneity concerns that Bartik can address. Consder the
local-industry growth rates as the sum of two terms: the national industry growth rate and
an idiosyncratic industry-location specific growth rate. The Bartik instrument addresses the
concern that the idiosyncratic industry-location specific growth rates are correlated with
the error term. For example, suppose there are two industries, service and manufacturing,
and that both national growth rates are zero. Then, if a location has positive growth in both
manufacturing and services, then we might be concerned that this reflects a supply shock
in the location. If this supply shock is uncorrelated with the industry shares, then using the
Bartik instrument can address this issue.

We then show that the Bartik instrument should be thought of as an estimator de-
signed to overcome the problem of a high-dimensional first-stage, rather than an instru-
ment. Given that the Bartik instrument assumes the exogeneity of industry shares, the
question is why the researcher constructs the Bartik instrument, rather than using the in-
dustry shares as instruments directly. Our answer is that it reduces the dimension of the
first stage. Under the assumption of the exogeneity of industry shares (Z), the first-stage
estimation problem is to estimate El [x|Z], where this expectation is taken over all locations
(subscripted by l). With the inner product structure of x, this first-stage estimation problem
can be rewritten as follows:

El [x|Z] = El [Z′G|Z] = Z′El [G|Z].
2For example, Bound and Holzer (2000, pg. 31): “The [Bartik] index should capture exogenous shifts in local

labor demand that are predicted by the city-specific industry mix, while avoiding the endogeneity associated
with local employment growth rates. We use this index as an instrument for the overall local employment
growth.”
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The dimension of this first-stage, however, is proportional to the number of industries,
and thus potentially large. The Bartik instrument avoids a high-dimensional first-stage by
focusing on the El [G|Z] component and estimating it in the following way:

Êl [G|Z] = El [G].

This approximation ignores the information in how growth rates vary by industry compo-
sition; for example, it might be that the restaurant industry grows quickly in locations with
a large entertainment industry presence, or the restaurant industry growth rate depends
on the initial restaurant industry share. By ignoring this information, the Bartik instrument
avoids the appearance of a high-dimensional first stage.3

Nevertheless, Bartik is still leveraging a high-dimensional set of instruments and so
thinking about the implicit dimensionality of the first stage provides guidance as to how
finely to divide industries and locations. In finite samples, having a high-dimensional
first stage can induce bias by overfitting the first stage (i.e., Angrist, Imbens, and Krueger
(1999)). In practice, researchers should make choices to avoid having “too many” parame-
ters to estimate relative to the amount of data. In finite, for example, by using a very fine set
of industry shares with very few firms in each industry, in finite samples the Bartik estima-
tor may be a poor approximation. A similar observation explains the value of the common
practice of using a leave-one-out estimator to construct the national averages.

Given that the identifying assumption is the exogeneity of industry shares, our struc-
ture shows that if changes in local industry composition are partially driven by endogenous
shocks, then updating industry shares may bias estimates. For example, if the endogeneous
component of growth is serially correlated, then the industry shares are mechanically cor-
related with this endogeneous component, rendering the instrument invalid. Hence, re-
searchers should use the earliest potential version of their industry shares to avoid this
correlation.

By clarifying that the identifying assumption is the exogeneity of industry shares, our
structure provides guidance to researchers about how to explore the plausibility of their
research design. We recommend two tests in particular. First, researchers should present
balance tests in terms of industry shares to show that the industry shares are not related to
other location characteristics. Since the Bartik instrument is typically in changes, these tests
should examine both levels and changes. Second, researchers should examine pre-trends.
Testing for pre-trends in the Bartik setting cannot be done directly, since if the instrument is

3Given the same identifying assumption as the Bartik instrument, there are potentially more powerful es-
timators that exploit knowledge of the industry growth rates across different locations. However, we show
that in this context, industry-specific growth rates explain almost 25% percent of the variance of industry-by-
location growth rates (using PUMAs and 3 digit industries). As a result, the use of industry averages in Bartik
is a surprisingly well-supported approximation.
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valid and correlated through time, then parallel trends will not hold. We propose a simple
method for partialling out the effect of previous values of the instrument such that under
the assumed exogeneity conditions, parallel trends ought to hold.

Finally, we illustrate our points about the Bartik instrument in the empirical context
of using the Bartik instrument as an instrument to estimate labor supply and in simula-
tions. In the empirical example, we show that 1) the industry shares are correlated with
many observable characteristics (including education), 2) controlling for these observable
differences attenuates estimates, and 3) there appear to be pre-trends. Via simulation, we
show that 1) endogeneity of growth rates is not necessarily a problem for identification, 2) a
small variance of the industry common component leads to noisy estimates, and 3) a small
number of locations relative to the number of industries also appears to lead to bias.

We note three limitations to our analysis. First, we study a setting where locations
are independent. This focus means that we ignore the possibility of spatial spillovers and
spatial correlation. Second, we consider settings where the number of locations grows
large, but the number of industries is fixed. There are potentially many instruments issues
that arise when we allow both to grow large. Finally, we will not write down or try to find
an economic model that would justify the Bartik instrument in the canonical application
(see Kovak (2013) for one version).

Roadmap: Section 1 introduces our notation and shows that the key identifying as-
sumption is the exogeneity of industry shares. Section 2 discusses estimation issues, and
points out that the Bartik instrument is really an estimation approach. Section 3 lays out
two tests for confounds, and shows that in the canonical application of Bartik there is a lack
of balance, and pre-trends. Section 4 illustrates some of our identification results via sim-
ulation. Section 5 relates our structure to several other instruments in economics. Section
6 concludes by summarizing the results of the paper in a checklist of recommendations for
practice.

1 Identification

We first focus on understanding the identifying assumptions in using a Bartik instrument.
We begin by setting up the notation for the cross-sectional data case. We then specialize
to the two-industry case where it is easiest to see the result that industry shares are the
instrument. We then generalize in two directions: first, by showing how the result holds in
a panel setting and second by showing how the result holds with an arbitrary number of
industries and time periods.
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1.1 Cross-sectional data

We start with the cross-sectional data case. We are interested in estimating β in the follow-
ing equation:

yl = β0 + βxl + ε. (1.1)

We consider {εl , xl}L
l=1 to be independent and identically distributed with L going to in-

finity. In the canonical Bartik set-up, l indexes a location, yl is wage growth, and xl is
employment growth. To make the problem interesting, we assume that El [xlεl ] 6= 0, so
that the OLS estimator for β is biased and we want an instrument (where the l subscript
indicates that the expectation is taken over locations).

The Bartik instrument depends on the inner product structure of xl . Specifically, assume
that there are K industries and let

xl = Z′l Gl =
K

∑
k=1

zlkglk, (1.2)

where Zl is a K × 1 vector of industry-location shares and ∑K
k=1 zlk = 1 and Gl is a K × 1

vector industry-location growth rates where the kth entry is glk. It is helpful to think of
decomposing the industry-location growth rate as follows:

glk = gk + g̃lk, (1.3)

where gk is the industry component of growth, and g̃lk is the idiosyncratic industry-location
component of growth.

We are now in a position to construct the Bartik instrument. Let

ĝk =
1
L

L

∑
l=1

glk (1.4)

be the estimate of the national growth rate in industry k, and let Ĝ = (ĝ1, · · · , ĝK)
′ be the

vector of national growth rates. Then the Bartik instrument is constructed as follows:

B̂l = Z′l Ĝ. (1.5)

Hence, our set-up with two stage least squares (2SLS) is as follows:

yl = β0 + βxl + εl (1.6)

xl = γ0 + γB̂l + ηl . (1.7)
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The two assumptions for the 2SLS estimator are that the Bartik instrument is relevant so
that El [B̂lxl ] 6= 0, and that the instrument is exogenous so that El [B̂lεl ] = 0, where the
expectations are taken over locations. So far this is just a restatement of standard results.
We now ask: what do assumptions about B̂l imply about properties of Zl and Ĝ?

Two industries

It is easiest to see the answer to this question in the two industry case. Let K = 2. We might
think of the industries as manufacturing and services. Then zl2 = 1− zl1 so that we can
write Bartik explicitly:

B̂l = zl1 ĝ1 + zl2 ĝ2 (1.8)

= zl1 ĝ1 + (1− zl1)ĝ2 (1.9)

= ĝ2 + (ĝ1 − ĝ2)zl1. (1.10)

With two industries, using the Bartik instrument in 2SLS is formally identical to using zl1 as
an instrument. While with more than two industries this exact equivalence does not hold,
we show below that this equivalence is recovered in a generalized method of moments
(GMM) set-up and the insights that we describe below also generalize.

The first stage in the two industry case is:

xl = γ0 + γB̂l + ηl (1.11)

xl = γ0 + γĝ2︸ ︷︷ ︸
constant

+ γ(ĝ1 − ĝ2)︸ ︷︷ ︸
coefficient

zl1 + η1. (1.12)

Hence, for exogeneity we need E[zl1εl ] = 0 and for relevance we ĝ1 − ĝ2 6= 0 and γ 6=
0. That is, the shares are about exogeneity and the growth rates are about relevance (or,
power).

It is helpful to see why in our set-up OLS might be inconsistent and thus what endo-
geneity concern Bartik can address. Consider the difference between β and β̂OLS:

β− β̂OLS =
(g1 − g2)∑L

l=1((z1l − z̄1))εl

∑L
l=1[(xl − x̄)2]

(1.13)

+
∑L

l=1

[
(g̃1l − g̃2l)z1l −

[
∑L

j=1(g̃1j − g̃2j)z1j

]]
εl

∑L
l=1[(xl − x̄)2]

. (1.14)

OLS is inconsistent when corr((g̃1l − g̃2l), εl) 6= 0. Recall that g̃ means deviation from the
national average. One way this correlation could be non-zero is if locations that have an un-
usually large gap between services and manufacturing growth rates have unusually large
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amenity growth, where amenity growth is a factor affecting wages that does not directly
affect employment growth.

The result also shows that it is mechanical that using national industry growth rates
avoids correlation with the error term. The reason is that the national industry growth
rates are a constant across locations and a constant has zero correlation with a random
variable. This finding emphasizes that when researchers wish to make the case for Bartik
the argumentation should be about the exogeneity of the industry shares, and not about
the properties of the national growth rates.

1.2 Panel data

We now show that when Bartik is used in a panel, it is equivalent to allowing for time-
variation in the weights on the industry shares. We also show that when there is serial
correlation in the endogenous component of x, researchers should use the initial industry
shares to estimate Bartik.

Maintaining the assumption of two industries, define the Bartik instrument so that it
varies over time:

B̂lt = g1tz0
1l + g2tz0

2l ,

where now there are L locations and T time periods, indexed by l and t respectively. (We
fix the z to an initial time period, for reasons that we explain below).

To see the relationship between the cross-sectional and the panel estimating equations,
it is helpful to write the setup with place and time fixed effects:

ylt = αl + αt + xltβ + εlt (1.15)

xlt = τl + τt + B̂ltγ + ult. (1.16)

Now substitute in the Bartik instrument and rearrange the first stage:

xlt = τl + τt +
(

g1tz0
1l + g2tz0

2l
)

γ + ult (1.17)

= τl + (τt + g1tγ)︸ ︷︷ ︸
τ̃t

+z0
2l (g2t − g1t)γ︸ ︷︷ ︸

γ̃t

+ult (1.18)

= τl + (τt + g1tγ)︸ ︷︷ ︸
τ̃t

+z0
l2 ∆g,tγ︸ ︷︷ ︸

γ̃t

+ult. (1.19)

Here a critical difference emerges between Bartik and using the shares as instruments: us-
ing the time-invariant industry shares as instruments necessitates using time-varying coef-
ficients, as otherwise the predicted effect of a given industry on growth is fixed, and would
be subsumed by the location fixed effects. Bartik puts the time-variation into the calculation
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of the instrument. To see this, compare the first-stage using z0
2l as an instrument:

xlt = τ̃l + τ̃t + z0
2lγ̃ + ult. (1.20)

Formally, Bartik and industry shares as instruments are only equivalent if the coefficient
on z0

l2 (γ̃) can be transformed into γ: γ = γ̃/∆g,t. This will only hold generally if γ̃ is
time-varying. Intuitively, Bartik allows a high service share to predict high growth in one
period, but low growth in a different period, whereas the simplest form of using industry
shares as instruments forces a high service share to always predict high (or low) growth.

To recover the equivalence between Bartik and using shares as instruments in the panel
setting, we can interact industry shares with time fixed effects. Anticipating a point that we
return to later, this approach means having many more instruments than in Bartik. Bartik
is a single instrument whereas interacting T time periods and K industries gives T × K
instruments.

Since the industry shares are time-invariant, the approach is similar to a differences-in-
differences estimator. Here, the size of the policy is measured by the dispersion in national
industry growth, ∆g,t = g2t − g1t, and the exposure to the policy is given by z0

2l . And,
because the industry shares are time invariant, γ̃t can only be estimated relative to a base
period. This gives the familiar estimating equation:

ylt = αl + αt + xltβ + εlt (1.21)

xlt = τl + (τt + g1tγ)︸ ︷︷ ︸
τ̃t

+z0
l2 ∆g,tγ︸ ︷︷ ︸

γ̃t

+uit (1.22)

= τl + τ̃t + z0
l2 ∆g,tγ︸ ︷︷ ︸

γ̃t

+ult (1.23)

= τl + τ̃t + ∑
s 6=0

z0
l2γ̃s1(t = s) + ult. (1.24)

This setup is familiar to the now-standard difference-in-difference setup with contin-
uous treatment exposure, and non-parametrically estimated exposure. Cross-sectionally,
some groups are exposed more or less to a treatment, which is measured by z0

2l . to test for
parallel trends.

REMARK 1.1. In a panel setting, to maintain the analogy to difference-in-difference, the regression
should include place and time fixed effects. A key difference compared to the standard setting is
that a typical DinD will have a well-defined “shock” that treats one group vs. the other in one time
period going forward, while the Bartik instrument generates a continuously varying treatment that
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can change over the sample.4 For example, there is a shock in 1970-1980, 1980-1990, and etc., of
varying size across groups. This continuous variation in the treatment makes testing for parallel
trends less direct. We return to this issue in section 3.4.

In many applications, researchers are faced with the choice about whether to allow zlk

to vary over time, or fix it in an initial period. Let the initial period shares be denoted by
z0

lk. To see the need for fixing industry shares, consider the expression for next period’s
industry shares in the two-industry case, denoted by z1

lk and let g0
lk be period 0 growth

rates:

z1
l1 =

g0
l1z0

l1

g0
l1z0

l1 + g0
l2z0

l2
; z1

l2 =
g0

l2z0
l2

g0
l1z0

l1 + g0
l2z0

l2
. (1.25)

Note that the Bartik instrument is used due to concerns that either Cov(g0
l1, ε0

l ) 6= 0 or
Cov(g0

l2, ε0
l ) 6= 0. (Or, more specifically, that g̃0

l1 = g0
l1 − g0

1 is correlated with ε0
l ). If the εt

i

are not independent over time (i.e., Cov(ε0
l , ε1

l ) 6= 0), then updating the weights can induce
a correlation between the instrument and the error term, rendering the instrument invalid.

REMARK 1.2 (General Industry Shares based on Initial Condition). Generally, it is worth
noting that this implies recursively:

zt
lk = z0

lk

t−1

∏
s=0

πs
lk (1.26)

where πs
lk =

gs
lk

xs
l

is the relative growth in industry k in location l in period s. Hence, we can write
the first-stage estimand as

E(X|Z0) = Z0′E(
t−1

∏
s=0

πsGt|Z0) (1.27)

where πs is a K × K diagonal matrix with the πs
k (relative growth of industry k in period s) along

the diagonals.

As a result of this potential bias, we use the initial industry share for each location, and
hold it fixed across time periods. Hence, the Bartik estimator will be calculated as

Blt = g1tz0
l1 + g2tz0

l2.
4For example, a simple case would be a change in trade tariffs in period t = 0: manufacturing is more

affected than services. Hence, for t > 0, γ̃s would be positive, and would be a valid instrument so long as
industry shares affected xlt only through xlt.
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1.3 Many industries, many time periods

We now present the case with multiple industries and time periods. As in the two industry
case, our goal is to show the relationship between Bartik and using industry shares as
instruments. Let there be K industries, T time periods and N locations, with k,t, and i
denoting a particular industry, time or location. Extending the two industry case, we now
have that employment growth in location i at time t is given by:

Xit =
K

∑
k=1

GiktZikt (1.28)

where Gikt is the location-industry-time growth rate, and Zikt are the industry shares such
that ∑k∈I Zikt = 1, ∀i, t.

We first derive an expression of the estimator using the Bartik instrument. Define

B̂it = ∑
k∈Σ

GktZikt, (1.29)

where Gkt = N−1 ∑i Gikt is the average industry growth rate for industry k in time period
t.5 The two stage least squares system of equations is:

Yit = Witα + Xitβ + εit (1.30)

Xit = Witτ + B̂itγ + uit, (1.31)

where Wit is a 1× L vector of controls. Typically in a panel context, Wit will include location
and year fixed effects, while in the cross-sectional regression, this will simply include a
constant. It may also include a variety of other variables. Let n = N × T, the number of
location-years. For simplicity, let Yn denote the n× 1 stacked vector of Yit, Wn denote the
n× L stacked vector of Wit controls and Xn denote the n× 1 stacked vector of Xit and B̂n

denote the stacked vector of B̂it. Denote PW = Wn(Wn
′Wn)−1Wn

′ as the n× n projection
matrix of Wn, and MW = In− PW as the annhilator matrix. Then, because this is an exactly
identified instrumental variable our estimator is

β̂bartik =
(MWBn)′Yn

(MWBn)′Xn
. (1.32)

We now consider the alternative approach of using industry shares as instruments. The

5We return to leave-one-out below.
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two-equation system is:

Yit = Witα + Xitβ + εit (1.33)

Xit = Witτ + Zitγt + uit, (1.34)

where Zit is a 1× K row vector of industry shares, and γt is a K × 1 vector, and, reflecting
the lessons of previous section, the t subscript allows the effect of a given industry share to
be time-varying. In matrix notation, we write

Yn = Wnα + Xnβ + εn (1.35)

Xn = Wnτ + Z̃nγT + un, (1.36)

where γT is a stacked 1× (T × K) row vector such that

γT = [γ1 · · · γT] , (1.37)

and Z̃n is a stacked n× (T × K) matrix such that

Z̃n =
[

Zn � 1t=1 · · · Zn � 1t=T

]
, (1.38)

where 1t=T is an n× K indicator matrix equal to one if the nth observation is in period t,
and zero otherwise. � indicates the Hadamard product, or pointwise product of the two
matrices. Let Z⊥n = MWZ̃n and PZ⊥ = Z̃⊥n (Z̃⊥

′
n Z̃⊥n )−1Z̃⊥

′
n . Then, the 2SLS estimator is

β̂2SLS =
Xn
′PZ⊥Yn

Xn
′PZ⊥Xn

. (1.39)

Alternatively, using the Zn as instruments, the GMM estimator is:

β̂GMM =
Xn
′MWZ̃nΩ−1Z̃′nMWYn

Xn
′MWZ̃nΩ−1Z̃′nMWXn

, (1.40)

where Ω is a (K× T)× (K× T) weight matrix.
We now turn to the relationship between Bartik and using industry shares as instru-

ments. To show the relationship between GMM and Bartik, it is helpful to write Bn in
terms of the underlying industry shares and growth rates. Define a row vector G̃ which
has an analogous structure to γT. We do this in two steps. First, let Gt be a 1×K row vector
where the kth entry is Gkt. Second, stack the Gt to have the following row vector

G̃ =
[
G1 · · ·GT

]
, (1.41)
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where this vector is 1× (K× T). Then

Bn = Z̃nG̃
′
. (1.42)

PROPOSITION 1.1. If Ω−1 = G̃
′
G̃, then β̂GMM = β̂bartik.

Proof. See Appendix A.

This proposition shows that Bartik is equivalent to doing GMM with industry shares as
instruments when the inverse of the weight matrix is given by G̃

′
G̃.

Our framework also shows why—-starting with Autor and Duggan (2003)—the litera-
ture has often used a leave-one-out estimator of the industry growth rates to construct the
Bartik instrument. In our notation,

Blo
n =

N
N − 1

Z̃nG̃
′
− 1

N − 1
Xn, (1.43)

where this expression is the same as Bn except that the own-location growth rate is sub-
tracted off. Specifically, it is possible to derive an expression for the finite sample bias that
emerges from including own-location in the computation of the growth rates.6

PROPOSITION 1.2. In finite samples, the difference between the Bartik estimator of β and the true
β is given by:

β̂bartik − β =
G̃Z̃′nMWεn

G̃Z̃′nMWXn
(1.44)

where

G̃Z̃′nMWεn = N−1 ∑
i

ZiG′i Miiεi. (1.45)

Proof. See Appendix A.

Since Gi and εi are correlated, there will be bias in estimation when N is not sufficiently
large. The leave-one-out mean estimator solves this problem directly, and is analogous to
the jackknife estimator in JIVE (Angrist, Imbens, and Krueger (1999)).

6Note that in the presence of leave-one-out, the equivalence between Bartik and GMM no longer holds.
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2 Estimation

So far we have established that using the Bartik instrument is equivalent to using industry
shares as an instrument. Hence, what is distinctive about the Bartik instrument is not as an
instrument per se, but as an estimation approach to dealing with a high-dimensional first stage
when the endogenous variable has an inner product structure. Put differently, to call it the
Bartik instrument is a slight misnomer, and it in fact could be called the Bartik approach.

We first explain the sense in which using industry shares as instruments generates a
high-dimensional first stage. In the traditional two-stage estimator set-up, the generic first-
stage estimation problem is to estimate El [x|Z]. If a researcher estimates this conditional
expectation using least squares with a vector of industry shares in the first-stage, the esti-
mation would be very noisy if Z is high-dimensional and might lead to bias in the two-stage
estimator. For example, a state-level analysis might have 50 (or 51) states and there are 312
4-digit NAICS industries. That is, in a single cross-section there would be more instruments
than observations. In this case, even once the number of instruments is reduced to match
the number of states, the high degree of over-identification instruments would generate
substantial bias. As we emphasized above, moving to a panel setting does nothing to alle-
viate this problem because the industry shares are interacted with period dummies and so
the number of instruments scales with the number of periods.

We now explain how Bartik uses the inner product structure of the endogenous variable
to do dimension reduction. Given the inner product structure of x in the Bartik setting, the
first-stage estimation problem can be rewritten as follows:

El [x|Z] = El [Z′G|Z] = Z′El [G|Z].

In this case, instead of estimating El [x|Z], a researcher would need to estimate El [G|Z]
and then pre-multiply it by Z. This estimation problem is still very high-dimensional. The
Bartik instrument avoids the high-dimensional first-stage by making the following approx-
imation:

El [G|Z] ≈ El [G].

Then, and to return to the 4-digit industry example, rather than having 312 instruments,
the researcher constructs a single instrument:

B = Z′Ê[G].

In this case, Êl [G] is a valid estimator for El [G|Z], but just not necessarily the most efficient.
Substantively, this Bartik approximation means that the expectation of the growth rate

of a particular industry does not depend on a location’s industry composition. It would be
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consistent with the identifying assumption of Bartik to allow for inter-industry spillovers
through input-output linkages, i.e., the restaurant industry might have a different growth
rate in locations with a large and small entertainment industry presence because restaurant
industry demand comes primarily from the entertainment industry. Similarly, it is consis-
tent with the Bartik assumption to allow for the effects of a shock to depend on levels, i.e.,
it might be that there is curvature in the location-industry production function and a given
shock has a larger (or smaller) effect in locations where the industry is more prominent.

There are potentially many ways to efficiently estimate El [G|Z]. Surprisingly, however,
the Bartik estimator does extremely well in our application compared to other potential
alternatives, in large part due to the fact that industry means explain almost 50% of the
overall location-industry variance (see below for more details). Hence, simple means are a
very reasonable approximation. In unreported results, we attempted other approximations
to El [G|Z] but none worked any better than Bartik.

Since this process constructs a generated instrument to be used in a just-identified two-
stage estimation procedure, there is no impact on the asymptotic distribution of the esti-
mator. See Section 6.1.2 in Wooldridge (2002, pg. 117). This implies that under standard
asymptotics, any improvement in estimating E[x|Z] by estimating El [G|Z] more efficiently
will only improve our results in finite samples.

2.1 Industry and location bins: theoretical considerations

An important issue that arises in practice is how finely to divide industry and location
bins. So far we have assumed a sampling frame in which it is not possible to discuss this
question. The reason is that we have assumed that each location contains information on
all industries. Hence, implicitly, as we divide industries and locations more finely, we get
additional data on the additional industries and locations (and they are all independent),
so there is no reason to not divide them arbitrarily finely. Here we consider an alternative
sampling frame where it is possible to discuss this issue.

To be able to discuss the choice of how finely to divide locations (the set-up for indus-
tries would be analogous), we consider a sampling frame where the number of locations
with a given industry is fixed as the sample size grows. We can motivate this frame by
imagining that there are a fixed number of firms in a particular industry, so as we divide
locations more finely we get no more information about the industry growth rates. For-
mally, let there be N locations, T time periods, and K industries. For each industry k, there
are Nk locations where growth rates are observed. A simple way to envision this is that
there are a number of individuals who are employed, and they are dispersed across loca-
tions in finite quantity. Hence, as N grows with K fixed, there are more and more cities
with individuals in industry k, and so Nk → ∞.
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Another way of thinking about the fineness of industry and location bins is to think
about the relationship between the assumptions at different levels of aggregation. Here we
show two straightforward results. First, if Bartik is valid at a finer level of aggregation,
then it is also valid at a coarser level. Second, the converse is not necessarily true, but we
state assumptions that make this hold.

DEFINITION 2.1. Let Z1
i and Z2

i be K1× 1 and K2× 1 vectors defining industry shares at different
levels of aggregation (K1 < K2). We assume that there exists a surjective function f such that for
each k ∈ [1, . . . , K2], f (k) ∈ [1, . . . , K1]. Moreover, ∑ks.t. f (k)=j Z2

k = Z1
j .

PROPOSITION 2.1. If E(Z2
i εi) = 0, then E(Z1

i εi) = 0.

Proof. Note that E(Z1
ikε) = E(∑js.t. f (j)=k Z2

ijεi) = ∑js.t. f (j)=k E(Z2
ijεi) = 0.

REMARK 2.1. If E(Z1
i εi) = 0, this does not necessarily imply that E(Z2

i εi) = 0. Note that

∑js.t. f (j)=k E(Z2
ijεi) = 0 does not necessarily imply that E(Z2

ijεi) = 0. However, it would require
a particular knife edge case for this to hold that is unlikely under most empirical settings, as this
combination of covariances would need to equal zero across all k ∈ [1, . . . , K1].

The theoretical results thus suggest that there is no strong reason to not arbitrarily di-
vide industries as finely as possible.

2.2 First stage coefficient

A natural intuition is that the first stage coefficient in Bartik should be one. Here we show
that the first-stage coefficient will be one (in the limit) when the Bartik approximation is
exact.

Note that we can write Gi = Ḡ + ui, where ui is a K× 1 vector. Similarly, Bi = Z′i Ḡ.

Var(Xi) = Var(Z′i Gi) = Var(Z′i Ḡ + Z′i ui) (2.1)

= Var(Z′i Ḡ + 2Cov(Z′i Ḡ, Z′i ui) + Var(Z′i ui), (2.2)

In the limit as the number of industries grows large, the first stage coefficient is:

γ̂ =
Cov(Bi, Xi)

Var(Bi)
(2.3)

= 1 +
Cov(Z′i Ḡ, Z′i ui)

Var(Z′i Ḡ)
. (2.4)

Hence, whether the first stage coefficient is 1 depends on the properties of Cov(Z′i Ḡ, Z′i ui).
One sufficient condition for Cov(Z′i Ḡ, Z′i ui) = 0 is that E[G|Z] = E[G].
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PROPOSITION 2.2. Suppose that G and Z are independent which implies that E[G|Z] = E[G].
Then E[γ̂] = 1.

Proof.

Cov(Z′i Ḡ, Z′i ui) = E[Z′i ḠZ′i ui]−E[Z′i Ḡ]E[Z′i ui] (2.5)

= E[Z′i ḠZ′i(Gi − Ḡ)]−E[Z′i Ḡ]E[Z′i(Gi − Ḡ)] (2.6)

= E[Z′i Ḡ(Gi − Ḡ)′Zi]−E[Z′i Ḡ]E[Z′i(Gi − Ḡ)] (2.7)

= E[Z′iE[Ḡ(Gi − Ḡ)′|Zi]Zi]−E[Z′i E[Ḡ|Zi]]E[Z′i E[(Gi − Ḡ)]|Zi] (2.8)

= E[Z′iE[Ḡ(Gi − Ḡ)′]Zi]−E[Z′i ]E[Ḡ]E[Z′i ]E[(Gi − Ḡ)]] (2.9)

= 0. (2.10)

The first line is the definition of covariance, the second line is the definition of ui, the third
line takes the transpose of a scalar, the fourth line is the law of iterated expectations, the
fifth line is the assumptin that G and Z are independent, and the sixth follows from the fact
that E[Gi − Ḡ] = 0 and Cov(Ḡ, Gi − Ḡ) = 0.

In finite samples, this result does not necessarily hold. Moreover, the term Cov(Z′i Ḡ,Z′i ui)

Var(Z′i Ḡ)

can be large if Bartik has low explanatory power.
We explore this further in Section 4 when we perform simulations.

3 Testing for confounds

So far we have emphasized that the key assumption of Bartik is the exogeneity of indus-
try shares. We now present some simple descriptive results that illustrate how one might
go about probing this assumption. The key challenges are that industry shares are high-
dimensional, and that Bartik allows for a new shock in every period so that testing for
pre-trends is nonstandard. While Bartik is used for many questions (and the generic ap-
proach is used in many setting besides industry-location), we focus on variables related to
labor supply, since this is the canonical application.

3.1 Dataset

We use the 5% sample of IPUMS (Ruggles et al. (2015)) for 1980, 1990 and 2000 and we
pool the 2009-2011 ACSs for 2010. We look at PUMAs and 3-digit IND1990 industries. In
Appendix C we show all our results with states and 2 digit industries and results are very
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similar.7 To construct the remaining aspects of our dataset, we follow Autor and Duggan
(2003). In the notation given above, our y variable is earnings growth, and X is employment
growth. We use people aged 18 and older who report usually working at least 30 hours per
week in the previous year. We fix industry shares at the 1980 values, and then construct the
Bartik instrument using 1980 to 1990, 1990 to 2000 and 2000 to 2010 leave-one-out growth
rates.

3.2 Why might Bartik work?

Our theoretical results emphasize that the Bartik instrument uses cross-industry variation
in national growth rates. And, if there is no cross-industry variation, then the instrument
has no power. A simple variance decomposition of the industry-location growth rates
shows that indeed there is a national component of the industry growth rates.

Consider the following expression for the industry-location growth rates in location i
and industry k in a particular time period:

gik = gk + gi + εik. (3.1)

We can operationalize this equation as a regression where we include location and industry
fixed effects. By computing the covariance of each estimated component with the overall
growth rate, we can then ask how much of the variance of the industry-location growth
rates reflect the common industry component, how much is a location component, and
how much is in the interaction.8

Table 2 provides evidence that there is indeed a common industry component to growth
rates. At the 3 digit level and using PUMAs we find that the industry component explains
15-20% of the variance of growth rates. Interestingly, the location component is quite small–
explaining less than 5% of the variance of the industry location growth rates. Table A2
shows analogous statistics at the 2-digit level and using locations, and finds a similarly
small role for location in explaining the industry-location growth rates, but a substantially
larger for industry (the industry component is about 45% of the variance).

The table also emphasizes a point that we return to in our simulations: there are many
zeros in the industry-location growth rates—at the 3 digit level and with PUMAs, about a
quarter of the industry-location level observations are zeros. In contrast, Table A2 shows
that at the state and 2 digit industry level less than 5% of the state-industry observations

7We have also looked at the other 2 possible combinations of location and industry, and results are again
quite similar. There are 244 3-digit IND1990 industries and 91 such 2 digit industries. There are 543 PUMAs.

8Formally, : Cov(glk ,ĝk)
Var(glk)

(the industry share); Cov(glk ,ĝl)
Var(glk)

(the location share); and Cov(glk ,ε̂lk)
Var(glk)

(the residual share).
We have also considered versions where we compute the industry share as the national leave-one-out mean
and compute the gk component directly, and get similar answers.
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are zeros.

3.3 Balance

While the previous section showed that there is an important national component to indus-
try growth rates, our theoretical results emphasized that identification in Bartik comes from
the exogeneity of industry shares. A natural way to begin to probe the plausibility of this
assumption is to examine the relationship between industry composition and observable
characteristics of a place.

Table 3 shows that observables in both levels and changes are closely related to the Bar-
tik projection of industry composition. The left-hand side of the table shows the relation-
ship between these three different values of Bartik and levels of observable characteristics
of the PUMAs. The right-hand side of the table shows these relationships for changes in
observable characteristics of places. Observable characteristics explain a large share of the
variance in the Bartik instrument. In the first period, the R2 is over 0.6. The characteris-
tic that is most consistently related to the Bartik instrument is education. Thus, any trend
that is correlated with these characteristics—for example, skill biased technological change,
immigration, or rising female labor force participation—will be correlated with Bartik.

The relationship between the Bartik instrument and the observable characteristics is
because industry composition is related to observable characteristics, and not because of
properties of the growth rates. In Table 4, we show the results of an analogous exercise
where we do dimension reduction on the 1980 industry shares using principal component
analysis, which does not use any information in the subsequent growth rates. We then
relate the first principal component of 1980 industry shares to time-varying observable
characteristics of a location. We find, if anything, a tighter relationship between the first
principal component of the 1980 industry shares and characteristics. Notably, the relation-
ship between the levels and the characteristics does not fade over time.

There are two broad classes of reactions to this observation. First, if we think that we
live in a selection on observables world, then we have measured the observables and so we
can control for them. Second, we might think that we live in a selection on unobservables
world, and then worry that the extent of selection on observables suggests how much we
should worry about selection on unobservables.

Table 5 pursues the selection on observables logic and reports the results of the IV es-
timates of the inverse labor supply elasticity with and without controlling for observables.
The main take-away is that the inverse elasticity estimates are sensitive to the inclusion of
controls for observable differences of locations. The table shows the results of pooling data
for three ten-year changes (to 1990, 2000 and 2010). The benchmark IV estimate of the in-
verse elasticity of labor supply is shown in column (6) and is 1.08. Columns (7) through (9)
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report results when we control for observable characteristics. Controlling for observables
attenuates estimates by over 20% (from 1.08 to 0.82). Even though the regression includes
location fixed effects, it is when we control for levels of observable characteristics rather
than changes that the attenuation occurs.

3.4 Pre-trends

Besides balance, another natural way to explore the validity of an instrument is to consider
pre-trends. While looking at balance forced us to focus on observables, examining pre-
trends allows us to say something the relationship between unobservables and Bartik. A
notable feature of Bartik is that it allows for a new shock in every period so that it implies
that we do not expect parallel trends to hold. Here we develop a simple procedure to test
for parallel trends even in the face of a time-varying instrument and show that there is
evidence of pre-trends using the Bartik instrument.

3.4.1 Why parallel trends might not hold, even if Bartik is a valid instrument

It is consistent with the validity of the Bartik instrument to find evidence of pre-trends. To
see this, suppose we have two periods of data, t = {1, 2} and the same set-up we have been
using:

yt,i = α0 + βXt,i + εt,i (3.2)

Xt,i = α1 + γBt,i + νt,i, (3.3)

where Bt,i is a valid instrument. Note that y is already in changes. I.e., y might be wage
growth. Testing for pre-trends then amounts to asking whether Corr(y1, B2) = 0. That is,
do places with a higher period 2 instrument have faster (or slower) wage growth in period
1?

To see why there might be pre-trends even if the Bartik instrument is valid, note that
we can write:

Cov(y1, B2) = Cov(α0 + βα1 + βγB1 + βν1 + ε1,, B2). (3.4)

Hence, Cov(y1, B2) can be nonzero if Cov(B1, B2) is nonzero. That is, if the Bartik instru-
ment is correlated through time (because, for example, industry growth rates are correlated
through time), then we will find evidence of pre-trends.
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3.4.2 Adjusting for mechanical pre-trends

Mechanically, we ask whether the residuals from the second stage in the current period can
be predicted by the values of Bartik in a future period. That is, we remove the part of wage
growth that we would predict from the Bartik instrument. Formally, we compute

ỹ1,i = y1,i − βγB1. (3.5)

Then this adjustment purges the most mechanical reason for pre-trends, and we have:

Cov(ỹ1, B2) = Cov(α0 + βα1 + βν1 + ε1,, B2). (3.6)

3.4.3 Evidence from Bartik

Column (1) of Table 6 shows that there is evidence of pre-trends. Namely, we pool wage
growth from 1980 to 1990 and 1990 to 2000, and regress it on Bartik constructed one period
forward, so the Bartik constructed using 1990 to 2000, and 2000 to 2010. Column (1) shows
that we can predict past wage growth using future values of the instrument.

There is reason to think that some of this relationship might be mechanical. Namely,
the correlation between adjacent period values of the Bartik instrument is 0.4272. Hence,
it might be that the future value of the instrument is simply correlated with the past good
shocks that led to the wage growth.

Columns (2) through (5) of Table 6 show that after addressing the mechanical reason
for correlation that values of the Bartik instrument are correlated over time, we still find
evidence of pre-trends. The columns correspond to the residualization in columns (6)-
(9) of table 5 and show that for various ways of residualizing earnings growth for that
predicted by the Bartik instrument we can still predict past values of wage growth using
future values of the Bartik instrument. Two aspects of the table are quantitatively notable.
First, controlling for observable characteristics of the location does reduce the magnitude
of the implied pre-trends. Second, however, the size of the coefficient is still large. For
example, the reduced-form for the effect of Bartik on wage growth for the specification in
column (5) is 0.2624.9 Hence, the coefficient in column (5) of 0.0403 of future values of
Bartik on past values of wage growth is large.

4 Simulations

We now show a number of simulations that illustrate a few of the points we have made.
Appendix B provides details on the simulations and Table A1 shows the parameters. The

9This multiplies the main effect in in column (5) and column (9) of Table 5.
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baseline parameters are chosen such that Bartik “works.”
Table 7 summarizes the interesting simulations. The first point that emerges from con-

sidering the various simulations is the role of the relative number of industries and loca-
tions. In the baseline simulation, we have 300 locations and 10 industries, that is, the ratio
of locations to industries is 30. In this case, IV appears to be median and mean unbiased.
When we drop the number of locations to 20 (so that the ratio of locations to industries is
2), we find that IV appears to be median and mean biased. Figure 1 shows the continuous
version of this point. A similar way of showing this point is to hold the number of locations
constant and raise the number of industries. Figure 2 shows that as we increase the number
of industries the mean estimate of θ drifts down, while the variance across simulation runs
increases. Table 7 shows that when we reach 200 industries (so that the ratio of locations to
industries is 1.5), that IV is median and mean biased.

In these simulations, it appears that when the ratio of locations to industries approaches
2 or 3 that there is bias, while in our empirical work above we considered 543 locations and
244 industries (and in the appendix we considered 51 states and 91 industries). While we
have not yet designed a simulation that we feel fully captures the empirical setting, this
suggests that the fine-ness of industry and location bins can play a large role.

The other interesting point that emerges from the simulations is that reducing the vari-
ance of common industry component has large effects. The table shows the effect of drop-
ping the variance by a factor of 7 (from σ2

k = 7 to σ2
k = 1). These simulations leave classic

traces of a weak instrument, in the sense that the IV estimates are incredibly unstable (the
2.5th to 97.5th percentile of θ̂ across the simulations is −7.9 to 9.0). Figure 3 provides the
continuous version of these results.

We have also explored how varying other dimensions of our baseline simulation affect
results, but there are no notable or interpretable results. (See figures A1 to A3).

To understand the identification result, we consider three alternative simulations. First,
having the industry common component in the error term does not necessarily constitute
a problem. We draw a set of random vectors Rl in a way analogous to the Z, interact these
with Gk, and enter them in the error term. The row titled “Gk in ε (R)” shows that having
the industry growth rates in the first stage error does not by itself constitute a problem.
Second, having some function of the industry shares in the error does constitute a problem
for identification. We can show this in a couple ways. By analogy to the previous sim-
ulation, we take the inner product of the local industry shares and the national industry
components and enter them in the error term. The next row titled “Gk in ε (Z)” shows that
this leads to enormous bias in IV. We also generate a random vector, εK, which is unrelated
to the Gk, interact this vector with the industry shares and enter it in the error term. This
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also leads to substantial bias.10

5 Instruments encompassed by our structure

We now discuss several other instruments that our encompassed by our framework. This
list cannot be exhaustive, but illustrates the widespread applicability of our results.

5.1 Immigrant enclave instrument

The immigrant enclave instrument popularized by Altonji and Card (1991) is also a Bartik-
like instrument. They are interested in the effects of immigration on native wages, and are
concerned that the correlation between immigrant inflows and local economic conditions
may confound their estimates. To instrument for immigrant inflows, they “use the fraction
of immigrants in a city in 1970 to predict the change in the fraction of immigrants over
the following decade” (pg. 219). More recently, Lewis (2011) uses this instrument and
argues that “persistence of regional immigration patterns derives from new immigrants’
preference to resettle with family—and much of U.S. immigration is “family-based”—or
to be in a culturally familiar environment.” (pg. 1048). He constructs the instrument by
country of origin.

To fit our notation, let xl denote the number of newly arriving immigrants in a location
in a given interval. Let k denote one of K countries of origin and Let zlk denote the share
of people arriving from origin country k living in location l. Hence, ∑L

l=1 zlk = 1, ∀k. In
contrast, in the industry-location setting it is the sum over k that sums to one. Let gk denote
the number of people arriving from location k. Then xl = ∑k zlkgk. The instrument comes
from lagging the zlk. Once we lag z, say z0

lk in some initial period, then let ilk be the number
of immigrants from origin country k arriving in destination l. Then define glk =

ilk
z0

lk
to be the

hypothetical flow of immigrants from k that would have to have occurred to have generated
the extent of flows; this allows us to write xl = ∑k z0

lkglk. Then rather than using the glk that
makes this an identity, the researcher uses gk = ∑l ilk = ∑l glkz0

lk. (This is analogous to
in the industry-location setting weighting the glk by the zlk to compute the gk, rather than
equal-weighting across locations). This emphasizes that researchers should be using leave-
one-out to compute the gk.

The type of endogeneity that this deals with is that locations that receive an unusually
large volume of immigrants from a particular origin might be hit by a good shock. I.e., let
g̃lk = glk − gk. Then the instrument addresses the possibility that g̃lk is correlated with the
error term.

10Admittedly, to get this to work, we need to make the element-by-element variance quite large: 70.
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As has been recognized, the identifying assumption is that the z are exogenous. That is,
that the initial immigrant enclaves are not correlated with trends in labor demand. For
example, it would be problematic if immigrants are more likely to be (successful) en-
trepreneurs and so immigrant enclaves tend to be faster-growing areas.

5.2 China shock

Autor, Dorn, and Hanson (2013) are interested in understanding the effect of the increase in
imports from China on local labor market outcomes. They are concerned that “realized US
imports from China...may be correlated with industry import demand shocks” (pg. 2128)
and thus propose an instrument. They describe their empirical strategy as follows: they
exploit “cross-market variation in import exposure stemming from initial differences in
industry specialization and instrument for US imports using changes in Chinese imports
by other high-income countries” (pg. 2121).

In our notation, the authors’ endogeneous variable of interst, xl , is the commuting zone-
specific increase in worker exposure to imports from China. This can written in inner prod-
uct form, where Zl is commuting-zone specific industry composition (lagged by several
years). Ideally, the authors would observe glk, or commuting-zone and industry specific
growth in import competition from China. That is, ideally it would be possible to map the
rise of the import of each good from China to the local labor market. Instead, they observe
gk, or the national growth in imports. Hence, xl = ∑k zlkgk.

The problem of not observing glk is that gk might contain import growth that reflects
supply shocks in location l. To get around the problem that they do not observe the glk

(and thus cannot do a leave-one-out estimator of ĝk), they use growth in imports to other
high income countries from China.

This strategy addresses the following endogeneity concern. Let go
k be the growth in

imports from China experienced by high-income countries in industry k. Then define
g̃lk = glk − go

k as the industry-location idiosyncratic component of the imports. Loosely
speaking, we might worry that some locations are more affected by the rise of imports in
industry k than other locations in ways that are not predicted by variation in zlk, and that
these differences are correlated with supply shocks. This empirical strategy addresses this
concern.

The key exogeneity assumption is that the industry shares are exogenous with respect
to shocks. For example, if there are other trends in labor demand (or supply) that are corre-
lated with industry composition, then this would be a problem for the empirical strategy.
By focusing on within manufacturing variation, Autor, Dorn, and Hanson (2013) address
some concerns.
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5.3 Bank lending relationships

Greenstone, Mas, and Nguyen (2015) are interested in the effects of changes in bank lending
on economic activity during the Great Recession. They observe county-level outcomes, and
loan origination by bank to each county. Hence, in our notation, let xl be credit growth in a
county, let zlk be the share of loan origination in county l from bank k in some initial period,
and let glk be the growth in loan origination in county l by bank k over some period. Then
xl = ∑k zlkglk.

The most straightforward Bartik estimator would compute ĝ−l,k =
1

L−1 ∑l′ 6=l gl′k. How-
ever, Greenstone, Mas, and Nguyen (2015) are concerned that there is spatial correlation in
the economic shocks and so leave-one-out is not enough to remove mechanical correlations.
One approach would be to instead leave out regions. Instead, they pursue a generalization
of this approach and regress:

glk = gl + gk + εlk, (5.1)

where the gl and gk are indicator variables for location and bank. Then the ĝl captures the
change in bank lending that is common to a county, while ĝk captures the change in bank
lending that is common to a bank. To construct their instrument, they use B̂l = ∑k zlk ĝk,
where the ĝk comes from equation (5.1).

This approach addresses the endogeneity that comes through ĝl + ε̂lk. I.e., it removes
the part of loan origination growth that is common to location, and idiosyncratic to bank-
location pairs.

The identifying assumption remains that the zlk are exogenous. As Greenstone, Mas,
and Nguyen (2015) recognize, one way the zlk would be endogenous is if the pre-existing
bank lending relationships are not randomly assigned. For example, it is possible that some
banks only operate in locations that were particularly hard hit by the recession. One way
this could happen is if a bank specialized in subprime mortgages and thus was concen-
trated in locations that were hit hard by the recession.

5.4 Simulated instruments

Currie and Gruber (1996a) are interested in the effect of Medicaid eligibility on infant mor-
tality and low birth weight. They want to exploit the expansion of Medicaid eligibility,
and look at aggregate outcomes. They emphasize that “the actual fraction eligible depends
on economic and demographic characteristics of the state, which may also be correlated
with birth outcomes" (pg. 1275). Hence, they “instrument the actual fraction eligible with a
measure of the generosity of Medicaid in a state and year that depends only on the state’s
eligibility rules.”
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To see this instrument as a Bartik-like instrument, let xl be the share of the population
in state l eligible for Medicaid, and note that rather than k indexing industries, k indexes one
of K discrete types, where the types are defined by eligibility criterion of the policy. Zl is the
Medicaid eligibility rules in state l for each type. Finally, G is the share of the population in
each state that is of each type. In this case, for Ê[G|Z] , Currie and Gruber use the national
shares of each type of person. (Note that their estimation is in a panel with state and time
fixed effects, so in practice they exploit changes in Z).

There are two differences from the Bartik setting. First, future values of Z are not me-
chanically related to past values of G, and so they update the weights by allowing for
changes in policy to generate variation in the instrument over time. Second, the Z’s are not
shares and do not sum to one. This means that even if the G were constant—i.e, glk =

1
|K|—

then the instrument could still have variation and be relevant.
The simulated instrument deals with correlation between the states economic and de-

mographic characteristics and birth outcomes. Divide the shares into the national compo-
nent and the local component: glk = gk + g̃lk, where gk =

1
L ∑L

l=1 glk and g̃lk = glk − gl . This
approach addresses the possibility that the error term is correlated with g̃lk. That is, that
states with unusually high shares of poor women are likely to have worse birth outcomes
for reasons that are independent of Medicaid.

As Currie and Gruber (1996a) explain (pg. 1276), “these models treat state Medicaid
policy as though it were exogenous to birth outcomes.” That is, the identifying assumption
is that the Zs are exogenous. For example, if Medicaid eligibility is a function of last pe-
riod’s share of low birth weight babies, then this would be problematic for the instrument.
They partially address this by including state fixed effects and by controlling for some
time-varying characteristics. As we discuss below, since this is a continuous difference-in-
differences approach, a more “modern” approach to this would be to look at balance and
pre-trends.

Identical to the Bartik setting, the justification for using a simulated instrument is that
it is dealing with a very high-dimensional instrument set. As (Currie and Gruber (1996a,
pg. 1275)) emphasize, the simulated instrument “can be thought of as a convenient param-
eterization of legislative differences....in different states and years.” That is, just as industry
shares constitute a high-dimensional set of instruments, the details of eligibility also con-
stitute a high-dimensional set of instruments. So the simulated instrument reduces the
dimensionality of this instrument. Similarly, they recognize that the weights are in some
sense arbitrary (pg. 1275, note 9): “the use of a national sample does not affect the consis-
tency of our estimates, since any set of weights will still yield a measure that is a function
only of state rules. ”
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5.5 Market size and demography

5.6 The “judge” instrument

6 Summary: recommendations for practice

This note develops a formal econometric structure to study the Bartik instrument. Develop-
ing such a structure is valuable because the Bartik instrument is widely used but not fully
understood. We summarize this paper by the implications for practice that our structure
delivers:

• The argument about exogeneity is in terms of the industry shares, and not growth
rates.

• Use the initial period shares – don’t update.

• Make sure to use leave-one-out means.

• Check to see how “filled” industries are – don’t go too fine-grained in industry cuts
if there aren’t many cities covering the means. Check this. You want Nk ∝ N.

• Balance tests– check for confounders using initial composition.

• Try looking for pre-trends after partialling out the direct effects of previous values of
Bartik.

We wish to emphasize that while some of these recommendations may seem obvious parts
of the applied microeconomics toolkit, we are struck by how rarely, if at all, they are used
in the context of Bartik instruments.
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Table 2: Variance decomposition of industry-location growth rates (Puma 3-Digit)

Industry Location Residual Share of zeros
1990 .1896 .0356 .7748 .2675
2000 .2015 .0255 .773 .2561
2010 .1352 .0183 .8465 .2911

30



Table 3: (Puma) 1980 3-Digit Industry Share Bartik Instrument
Levels Changes

1990 2000 2010 1990 2000 2010
Male -0.31∗∗∗ -0.24∗∗∗ 0.02 0.04 0.10∗ -0.12∗∗

White -0.08 0.04 -0.04 -0.07 -0.13∗∗∗ 0.01
Native Born -0.32∗∗∗ -0.14∗∗ -0.27∗∗∗ -0.13∗∗∗ 0.10∗ -0.09∗

12th Grade Only 0.07 0.52∗∗∗ 0.20 -0.36∗∗∗ -0.59∗∗∗ -0.22∗∗

Some College 0.69∗∗∗ 0.93∗∗∗ 0.95∗∗∗ -0.53∗∗∗ -1.14∗∗∗ -1.28∗∗∗

Veteran 0.29∗∗∗ -0.14 0.37∗∗ 0.15∗∗∗ -0.19∗∗∗ 0.10∗∗

# of Children 0.05 0.03 0.26∗∗∗ -0.04 0.18∗∗∗ -0.22∗∗∗

Total Income -0.63∗ 0.11 -0.80∗∗∗ 0.56∗∗∗ 0.47∗∗∗ 0.78∗∗∗

Social Security Income 0.17 -0.04 0.35∗∗∗ -0.03 -0.01 -0.07
5-Year Same State -1.14∗∗∗ -0.03 -0.29 0.71∗∗ 0.23

R2 0.66 0.42 0.27 0.62 0.30 0.43
F 104.45 42.08 20.80 85.78 17.32 35.31
p 0.00 0.00 0.00 0.00 0.00 0.00
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 4: (Puma) 1980 3-Digit Industry Share Principal Component 1
Levels Changes

1980 1990 2000 2010 1990 2000 2010
Male -0.39∗∗∗ -0.38∗∗∗ -0.38∗∗∗ 0.02 0.24∗∗∗ 0.09∗

White -0.18∗∗∗ -0.11∗∗∗ -0.10∗∗∗ -0.22∗∗∗ -0.22∗∗∗ -0.08
Native Born -0.61∗∗∗ -0.44∗∗∗ -0.42∗∗∗ -0.15∗∗ -0.20∗∗∗ -0.20∗∗∗

12th Grade Only 0.08∗ 0.29∗∗∗ 0.20∗∗∗ -0.34∗∗∗ -0.18 -0.90∗∗∗

Some College 0.26∗∗∗ 0.50∗∗∗ 0.46∗∗∗ -0.11 -0.02 -1.05∗∗∗

Veteran 0.17∗ -0.11 -0.09 -0.39∗∗∗ -0.31∗∗∗ -0.18∗∗∗

# of Children -0.14∗∗∗ -0.12∗∗∗ -0.17∗∗∗ -0.07 0.28∗∗∗ 0.06
Total Income 1.91∗∗∗ 0.93∗∗∗ 0.54∗∗∗ 0.63∗∗∗ 0.26∗ -0.13
Social Security Income -0.74∗∗∗ -0.26∗∗∗ -0.22∗∗∗ 0.01 0.10∗∗ 0.07∗

5-Year Same State -0.21 -0.10 -0.05 0.36 0.76

R2 0.82 0.87 0.85 0.73 0.57 0.52
F 213.22 259.03 229.78 121.45 66.23 59.52
p 0.00 0.00 0.00 0.00 0.00 0.00
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 6: Regression of 1-Lagged Wage Growth Residuals on Bartik, Puma 3-Digit
Residualized

Lag Wage Growth No Controls Levels Changes Levels+Changes
(1) (2) (3) (4) (5)

bartik_1980 0.112∗∗ 0.0988∗∗∗ 0.0558∗∗∗ 0.0567∗∗∗ 0.0403∗∗∗

(0.0360) (0.0125) (0.0104) (0.0106) (0.0101)
N 1086 1086 1086 1086 1086
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 7: Simulation results

OLS IV

Mean(θ̂) Median (θ̂) θ̂2.5 θ̂97.5 Mean(θ̂) Median (θ̂) θ̂2.5 θ̂97.5

Benchmark 2.5760 2.5606 2.3321 2.8806 1.9927 2.0016 1.7686 2.1764
L = 20 2.5684 2.5472 2.0478 3.1621 1.4084 1.9365 -0.1614 2.5931
K = 200 3.1263 3.1262 3.0017 3.2485 1.8036 1.9053 0.5218 2.5212
σ2

k = 1 3.1030 3.1038 2.9735 3.2267 0.7719 1.8535 -7.8606 8.9783
Gk in ε (R) 2.5736 2.5638 2.2961 2.8884 1.9930 1.9992 1.7434 2.1963
Gk in ε (Z) 3.0628 3.0613 2.9821 3.1590 3.0008 3.0018 2.8482 3.1512
εk in ε (Z) 2.6803 2.6695 -0.8200 6.1420 2.2531 2.1527 -5.1831 10.6310

35



Figure 1: Bartik simulation: changing number of locations

Notes: The blue line shows the TSLS estimates using Bartik. The red dashed line shows
OLS. The thin black line shows the truth (θ = 2). The thin lines show the 2.5 to 97.5th
percentiles across the 1000 simulations at each point. The parameter values are as in Table
A1, except that L varies. The benchmark number of locations is 300.

Figure 2: Bartik simulation: changing number of industries

Notes: The blue line shows the TSLS estimates using Bartik. The red dashed line shows
OLS. The thin black line shows the truth (θ = 2). The thin lines show the 2.5 to 97.5th
percentiles across the 1000 simulations at each point. The parameter values are as in Table
A1, except that K varies. The benchmark number of industries is 10.
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Figure 3: Bartik simulation: changing variance of industry shocks

Notes: The blue solid line shows the TSLS estimates using Bartik. The red dashed line
shows OLS. The thin black line shows the truth (θ = 2). There are 1000 simulations at each
point. The parameter values are as in Table A1, except that σ2

k varies. The benchmark value
of σ2

k is 7.
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A Omitted proofs

Proposition 1.1

Proof. Start with the Bartik estimator,

β̂bartik =
(MWBn)′Yn

(MWBn)′Xn
(A1)

=
B′nMWYn

B′nMWXn
(A2)

=
G̃Z̃′nMWYn

G̃Z̃′nMWXn
(A3)

=
X′nMWZ̃nG̃

′
G̃Z̃′nMWYn

X′nMWZ̃nG̃
′
G̃Z̃′nMWXn

, (A4)

where the second equality is algebra, the third equality follows from the definition of Bn,
and the fourth equality follows because X′nMWZ̃nG̃

′
is a scalar. By inspection, if Ω−1 =

G̃
′
G̃, then β̂GMM = β̂bartik.

Proposition 1.2

Proof. Note that if Bn is defined using a leave-one-out estimator for each location, this
equivalence does not hold exactly. Instead, Bn can be written as

Bn =
N

N − 1
Z̃nG̃

′
− 1

N − 1
Xn. (A5)

To see this, note that in this case,

Blo
it = ∑

k
∑

i
Zikt(N − 1)−1 ∑

j 6=i
Gjkt (A6)

= ∑
k

∑
i

Zikt(N − 1)−1(NGkt − Gikt) (A7)

= (N − 1)−1

[
N ∑

k
∑

i
ZiktGkt − ZiktGikt

]
(A8)

= (N − 1)−1N ∑
i

∑
k

ZiktGkt − (N − 1)−1 ∑
k

ZiktGikt (A9)

= (N − 1)−1N ∑
i

∑
k

ZiktGkt − (N − 1)−1Xi. (A10)
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Hence, this implies that

β̂bartik =

[
G̃Z̃′n − N−1Xn

′
]

MWYn[
G̃Z̃′n − N−1Xn

′
]

MWXn

. (A11)

Note that for sufficiently large N, β̂bartik ≈ β̂GMM. This also highlights where the finite
sample bias from failing to use the leave-one-out mean in G comes from. Note that

β̂bartik − β =
G̃Z̃′nMWεn

G̃Z̃′nMWXn
(A12)

and

G̃Z̃′nMWεn = ∑
i

∑
j

ZiG′Mijεj. (A13)

For i 6= j, we have assumed independence, so bias would arise when i = j:

G̃Z̃′nMWεn = ∑
i

ZiG′Miiεi (A14)

= ∑
i

ZiN−1 ∑
j

G′j Miiεi (A15)

= N−1 ∑
i

ZiG′i Miiεi. (A16)
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B Simulation details

B.1 Overview

We first set-up a simulation where Bartik works. Here is the notation:

• K: number of industries

• L: number of locations

• gk ∼ N(0, σ2
k ): industry growth rates

• gkl ∼ N(0, σ2
kl): industry-location growth rates

• gl ∼ N(0, σ2
l ): location growth rate

• gtot
lk = gk + gkl + gl : total growth observed in the industry-location

• Gl : the vector version of gtot
lk

• To construct Zl : draw independent standard normal variables, take the absolute val-
ues, and then normalize such that the Z’s sum to one in each location

• Xl = Z′l Gl : growth rate of “employment” in the location

• yl = 0.5 + θXl + εl : per capita earnings growth in the location, where εl ∼ N(0, σ2
ε )

and εl is correlated with Xl through Corr(gl , εl) = ρ

Table A1: Base simulation

Parameter Value
K 10
L 300
σ2

k 7
σ2

kl 1
σ2

l 1.5
θ 2
σ2

ε 2
σ2

z 1
ρ 0.6

We show simulations where we do the following:

• Vary K, L, σ2
k , σ2

kl , σ2
l and σ2

ε .

• Define: yl = 0.5 + θXl + εl + Z′l Gk, where Gk is the vectorized version of gk
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Figure A1: Bartik simulation: changing variance of industry-location shocks

Notes: The blue solid line shows the TSLS estimates using Bartik. The red dashed line
shows OLS. The thin black line shows the truth (θ = 2). There are 1000 simulations at each
point. The parameter values are as in Table A1, except that gk varies. The benchmark value
of σ2

kl is 1.

Figure A2: Bartik simulation: changing variance of location shocks

Notes: The blue solid line shows the TSLS estimates using Bartik. The red dashed line
shows OLS. The thin black line shows the truth (θ = 2). The thin lines show the 2.5 to
97.5th percentiles across the 1000 simulations at each point. The parameter values are as in
Table A1, except that σ2

l varies. The benchmark value of σ2
l is 1.5.
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Figure A3: Bartik simulation: changing variance of error term

Notes: The blue solid line shows the TSLS estimates using Bartik. The red dashed line
shows OLS. The thin black line shows the truth (θ = 2). The thin lines show the 2.5 to
97.5th percentiles across the 1000 simulations at each point. The parameter values are as in
Table A1, except that σ2

ε varies. The benchmark value of σ2
ε is 2.
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C Additional tables

Table A2: Shares State 2-Digit

Industry Location Residual Share of zeros
1990 .4562 .0543 .4896 .0509
2000 .4756 .0662 .4582 .0269
2010 .4006 .0323 .5672 .0304

Table A3: (State) 1980 2-Digit Industry Share Bartik Instrument

Levels Changes

1990 2000 2010 1990 2000 2010

Male -0.35∗ -0.46∗∗ -0.08 0.18 0.04 0.06
White -0.14 0.06 -0.07 -0.03 0.08 0.24
Native Born -0.46∗∗∗ -0.34∗∗∗ -0.25 -0.12 -0.12 -0.10
12th Grade Only -0.02 0.23 0.73 -0.29∗ -1.05∗∗∗ 0.36
Some College 0.18 0.43∗ 1.43∗∗ -0.82∗∗∗ -1.50∗∗∗ -1.78∗∗

Veteran 0.66∗ 0.40 -0.12 0.14 -0.12 0.22
# of Children 0.13 0.07 0.27 -0.07 0.11 -0.27
Total Income 0.43 0.20 -0.96∗ 0.04 0.20 0.39
Social Security Income 1.47∗ 0.35 0.52 0.12 -0.08 -0.23
5-Year Same State -1.14 -0.14 -1.70∗∗∗ -0.78 1.77

R2 0.74 0.63 0.47 0.63 0.67 0.65
F 22.83 9.15 8.51 29.30 12.55 20.11
p 0.00 0.00 0.00 0.00 0.00 0.00
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table A4: (State) 1980 2-Digit Industry Share Principal Component 1

Levels Changes

1990 2000 2010 1990 2000 2010

Male -0.27 -0.52 -0.00 -0.15 0.18 0.11
White 0.46∗∗∗ 0.51∗ 0.35∗ -0.12 -0.06 -0.38∗

Native Born 0.17 0.14 0.44∗∗ 0.59∗∗ 1.11∗∗∗ 0.65∗∗∗

12th Grade Only 0.31∗ 0.14 -0.17 0.02 0.54 0.18
Some College 0.09 -0.28 -0.61 1.05∗ 0.53 1.87∗∗

Veteran -0.10 -0.07 -0.86 -0.56∗∗∗ -0.63∗∗ -0.72∗∗∗

# of Children -0.01 -0.03 -0.23 0.28 0.45∗ 0.48∗

Total Income -2.06 0.77 0.83∗ 0.31 1.43 0.39
Social Security Income -2.19∗ -0.29 0.04 -0.21 0.13 0.11
5-Year Same State 4.00∗∗∗ 1.91∗∗∗ 2.15∗∗∗ -2.44∗∗ -2.17

R2 0.85 0.75 0.79 0.77 0.58 0.63
F 59.34 16.38 19.15 23.51 7.52 8.63
p 0.00 0.00 0.00 0.00 0.00 0.00
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table A6: Regression of 1-Lagged Wage Growth Residuals on Bartik, State -Digit
OLS Residualized

Lag Wage Growth No Controls Levels Changes Levels+Changes
bartik_1980 0.459∗∗∗ 0.140∗∗ 0.0306 0.0225 0.0133

(0.129) (0.0486) (0.0331) (0.0330) (0.0315)
N 102 102 102 102 102
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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