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Abstract

This paper studies regional exposure designs that use commodity prices as instruments
to study local effects of aggregate shocks. Unlike standard shift-share designs that leverage
differential exposure to many shocks, the price-exposure relies on exogenous variation from a
single shock, leading to challenges for both identification and inference. We motivate the design
using a multi-sector labor model. Under the model and a potential outcomes framework, we
characterize the 2SLS and TWFE estimands as weighted averages of region- and sector-specific
effects plus contamination terms driven by the covariance structure of prices and by general-
equilibrium output responses. We derive conditions under which these estimands have a clear
causal interpretation and provide simple sensitivity analysis procedures for violations. Finally,
we show that standard inference procedures suffer from an overrejection problem in price-
exposure designs. We derive a new standard error estimator and show its desirable finite-sample
properties through Monte Carlo simulations. In an application to gold mining and homicides
in the Amazon, the price-exposure standard errors are roughly twice as large as conventional

clustered standard errors, making the main effect statistically insignificant.
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1 Introduction

A pervasive empirical strategy in economics is to use regional-exposure designs with panel data
to exploit heterogeneous exposure across locations facing a common shock.? This paper studies
a particularly influential class of these strategies that leverages international commodity prices to
identify local causal effects of a specific economic activity. The key empirical variable is typically

constructed as:

Ziy =A; XE

where A; denotes regional exposure which is fixed in time (e.g., mineral endowments), and F, is
a time-varying aggregate price which is the same for all units (e.g., the log international gold price).
Unlike the typical shift-share design, which aggregates several shocks using weights for differential
exposure, the price-exposure design focuses on a single shock.

This setup has been used, for example, to study the effect of different commodities on conflict
(Dube and Vargas, 2013; Berman et al., 2017) and of cocaine production on child outcomes (Sviatschi,
2022).> However, while this approach is ubiquitous, there is little formal discussion about its
underlying identification assumptions and econometric properties. In particular, it is often unclear
what causal parameter is recovered in a two-stage least squares (2SLS) or two-way-fixed-effects
(TWFE) regressions, what assumptions about the first stage justify its causal interpretation, and how
local labor-market dynamics or general equilibrium responses affect identification.

The first contribution of this paper is to provide microfoundations for the price-exposure design
using a stylized multi-sector labor model. In our model, changes in the world price of a commodity in
the sector of interest (we denote it as sector q) affect local wages and the allocation of labor across the
other sectors, which determines the first stage relationship even for outcomes that are not themselves
labor-market variables (e.g., human capital, crime, or conflict). This stylized environment makes

explicit that a regression of Y ;; on Zj; (or of Y;; on Xj, instrumented with Z;;) implicitly imposes

2See Borusyak and Hull (2023) and Majerovitz and Sastry (2023)
30ther applications span the effects of oil exploitation on public finances (Martinez, 2023), health spending

(Acemoglu, Finkelstein and Notowidigdo, 2013), crime (Soares and Souza, 2025), human capital (Balza et al., 2025), and
political outcomes (Carreri and Dube, 2017; Fetzer and Kyburz, 2024); coffee production on schooling (Carrillo, 2020);
maize on drug production (Dube, Garcia-Ponce and Thom, 2016); and mining on human capital (Mejia, 2020), crime
(Vasquez-Cortés, 2025), household consumption (Bazillier and Girard, 2020), deforestation (Girard, Molina-Millan and
Vic, 2025), and proto-state formation (Sanchez De La Sierra, 2020).



strong restrictions on region-specific labor supply elasticities, sectoral demand parameters, and the
way in which prices in different sectors move together. We derive closed-form expressions for the
sector-q first stage and show that the slope of the relationship between Z;; and sector-q output is
heterogeneous across regions and can even change sign when local labor supply is inelastic and
exposure to co-moving sectors is high. This yields a transparent monotonicity condition for price-
exposure designs.

Second, we place price—exposure regressions into a potential-outcomes framework and charac-
terize the finite-population estimands of common estimators. We follow Adao, Kolesar and Morales
(2019) — hereafter AKM — and treat the observed panel of regions and periods as the population
of interest, with uncertainty coming from the stochastic process for prices. Under a linear potential-
outcomes model in sectoral outputs, we show that the 2SLS estimand obtained by instrumenting
sector-q output Xjq; with Z;o; = A;qpgs can be decomposed into two terms: (i) a weighted average of
region-specific causal effects from an increase in the output of sector g, with weights proportional
to the elasticity in the first-stage, exposure and the variance of the price in sector q; and (ii) a
contamination term that aggregates effects of other sectors §;; weighted by the elasticity from the
other sectors, exposures, and the covariance of prices from other sectors with the price in sector q.

The IV estimand is therefore a convex average of sector-q effects only when (a) the first stage
is monotone (the price-elasticity of the output in sector q is nonnegative for all regions) and (b)
the focal price is uncorrelated with other prices. Otherwise, it is a “weakly causal” object in the
sense of Blandhol et al. (2022), combining multiple channels in a model-dependent way. A similar
contamination term appears even in the absence of price co-movement if the potential outcomes
depend on the output of multiple sectors and general equilibrium responses lead to changes in sector-
q price affecting outputs in other sectors.

Third, we clarify the interpretation of TWFE specifications that regress Y ;; on Zjg; = A;jqpg; With
region and time fixed effects, a specification often described as a continuous-treatment differences-
in-differences (DiD) or a reduced-form intention-to-treat (ITT). We show that the TWFE estimand
can also be written as a weighted average of the same region-specific 8;;, plus a contamination
term involving other sectors, but with weights that depend only on the variance and covariance of
changes in prices. In contrast to IV, the TWFE estimand can be given a weakly causal decomposition
under a weaker exogeneity assumption: mean-independence of Ap,; from changes in potential

outcomes and sectoral outputs, conditional on the finite-population filtration of effects and first



stage elasticities. This assumption resembles a parallel-trends restriction in first differences,
but it operates on the common price shocks rather than on outcome trends. Our derivation
highlights that this design is not the same as difference-in-differences and hence does not require
the same identification assumptions. Under additional restrictions on the first stage (for instance,
homogeneous elasticities equal to 1 for all regions), together with monotonicity and absence of cross-
price comovement, the TWFE estimand coincides with a convex weighted average of sector-q effects.
We revisit the reduced form specifications in Dube and Vargas (2013) and Sviatschi (2022) to discuss
how including controls for other price shocks can affect the magnitudes of estimated effects.

Building on these decompositions, we derive sensitivity formulas that quantify how much the
2SLS estimand can be shifted by plausible values of the contamination term. We show how
assumptions about the magnitude of the contamination term map into an identified set for the
weighted average of interest, and we highlight “breakdown” values at which qualitative conclusions
(e.g., the sign of the effect) change.

Finally, we study estimation and inference for price-exposure designs. Within the finite—
population framework, we show the 2SLS estimator based on Zi;; = A;qpg is consistent and
asymptotically normal at rate \/ﬁ, with an asymptotic variance that takes a shift-share-type
randomization form analogous to AKM, but exploiting time-series rather than cross—sectional
variation. We use this characterization to construct a feasible “price—exposure” (PE) variance
estimator that aggregates residuals across regions using only the variation in py;, and we show that it
delivers valid inference under heterogeneous effects and arbitrary correlation in the outcome shocks.
In contrast, conventional Eicker-Huber-White standard errors can severely understate sampling
uncertainty when residuals inherit a shift-share structure from other prices, leading to systematic
overrejection.

We document the magnitude of these distortions in Monte Carlo simulations under different
combinations of N and T, and show that the PE standard errors achieve close-to-nominal coverage
once the panel is moderately rich in the time dimension. To illustrate the practical relevance of these
issues, we carry out a stylized empirical application to gold mining and homicides in the Brazilian
Amazon. In this example, conventional clustered standard errors suggest a precisely estimated
positive effect, whereas the PE standard errors are roughly twice as large and render the estimate
statistically insignificant, highlighting how it can be important to take the specific sampling structure

of price-exposure designs into account in empirical settings.



We conclude with brief guidance for applied work, emphasizing the importance of transparent
discussion of the potential outcomes and identifying assumptions underlying causal claims. At a
minimum, empirical researchers using price-exposure designs should state explicitly how the price
process enters the relevant potential outcomes in their setting. Our goal is to offer a framework
that clarifies the target parameters in price—exposure designs and serves as a starting point for these
discussions.

Our analysis relates to long-standing questions in econometrics about the interpretation of causal
parameters. Angrist, Graddy and Imbens (2000) showed that, under standard IV assumptions,
the 2SLS estimator identifies a weighted average of marginal treatment effects. Recent work
has extended these insights to characterizes how these weights depend on treatment effect
heterogeneity (Blandhol et al., 2022; Alvarez and Toneto, 2024). A parallel literature studies
difference-in-differences and two-way fixed-effects estimands as weighted averages of underlying
causal effects, documenting the possibility of negative or counterintuitive weights in designs with a
continuous treatment (de Chaisemartin and d’Haultfeeuille, 2018; de Chaisemartin, d’Haultfeeuille
and Vazquez-Bare, 2024; Callaway, Goodman-Bacon and Sant’Anna, 2024). We build on these
perspectives by showing that price-exposure estimands can be written as weighted averages
of region- and sector-specific causal effects, with weights that have a transparent economic
interpretation, and by characterizing when these weights are convex.

A second strand of the literature that we contribute to studies exposure designs, in which a
common aggregate shock is transmitted through heterogeneous exposure shares (e.g., Goldsmith-
Pinkham, Sorkin and Swift, 2020; Borusyak and Hull, 2023). Within this literature, we focus on the
special case in which the aggregate shock is a single commodity price and develop a microfoundation
and design-based inference strategy tailored to this setting. We build on results on shift-share
identification with exogenous shocks (Adao, Kolesar and Morales, 2019; Borusyak, Hull and Jaravel,
2022), emphasizing a many-time-period rather than many-sector asymptotic framework, and on
work showing how inference is complicated when exposure instruments load on a single aggregate
shock (Arkhangelsky and Korovkin, 2019; Majerovitz and Sastry, 2023), exploiting the structure of
prices to microfound and interpret the parameters of interest.

The rest of the article is organized as follows. We begin by discussing motivating examples of how
the design has been implemented in previous empirical work in Section 1.1. Section 2 presents the

economic model which microfounds the design. Section 3 develops a potential-outcomes framework



and studies the causal interpretation of IV and TWFE estimands. Section 4 discusses estimation and
inference. Section 5 reports Monte Carlo simulations. Section 6 discusses examples from empirical

applications, and Section 7 concludes.

1.1 Price Exposure Designs in the Applied Literature

Applied researchers are often interested in estimating the causal effect of some economic activity
on an outcome. Price-exposure designs proxy for endogenous or unobserved local activity
by interacting a time-invariant exposure A; (e.g., geological endowments, suitability, historic
production) with an aggregate price K common to all regions, building Z;; = A; X B. Two
implementations are typical: (i) a reduced-form TWFE regression of outcomes on Zj;, interpreted
as an ITT effect, and often called a variant of DiD; and (ii) an IV specification that instruments a
measure of local activity X;; with Z;;. Both approaches implicitly assume a positive and sufficiently
homogeneous first stage linking Z;; to Xj;, an assumption rarely discussed in detail.

Below, we summarize a few examples of how this design has been used in applied work.*

Dube and Vargas (2013) The authors study the effects of commodity price shocks on violence
in Colombia. Using a municipality-year panel with data from 1988 to 2005, they construct two
price-exposure variables, Z9}' = q¥lggs X pf!l and Z§PTe = gf5hee x pioee. Here ¢ff is used as
the pre-period production, and Z%f¢ is instrumented with an interaction of local temperature and
rainfall and production in other countries. They estimate it with 2SLS as a single equation including
both oil and coffee, and call it a difference-in-differences estimator where time variation stems from

movements in annual prices.

Bermanetal. (2017) The study analyzes 55 km x 55 km grid cells across Africa, defining treatment
as the interaction Z;; = 1{number of mines; > 0} X p}*, where p{" is the international price of the
mineral extracted in cell i. The authors estimate different specifications with time and cell-fixed
effects, and do not elaborate on what the strategy is called. They find that conflict increases when

the price rises.

4We simplify and adapt the original notation of the papers to standardize methodologies across different settings.



Carrillo (2020) The paper exploits municipality-level heterogeneity in pre-existing coffee cultiva-

coffee

foffee % pltee, where i is baseline coffee area and p§°™

tion to build the exposure term Z;; = qjy X pj
is the world price of coffee. A cohort-specific reduced form specification compares children whose
school-age years coincided with coffee booms to those who faced busts, controlling for municipality
and birth-cohort fixed effects. The paper finds that higher coffee prices lower completed years of

schooling and depress adult earnings.

Sviatschi (2022) The author studies Peruvian districts whose geographical conditions make them
suitable for coca. Treatment is Z;; = s{°* X Eﬁ with s{° fixed suitability and E‘E the price of
coca leaves in Peru instrumented by production in Colombia. A TWFE specification shows that
price spikes raise child labor in coca farming, reduce schooling, and increase the probability of

incarceration three decades later.

Mejia (2020) This work combines satellite-based measures of gold mining pits with Colombian

R I1d 1d
administrative school records and defines exposure as Z;; = s; X pf

. where s; denotes the
standardized number of gold deposits in the vicinity of school i. Using school and year fixed
effects, the author shows both reduced form TWFE estimates and 2SLS where the number of cells
with detected mining activity is instrumented by Z;;. The paper finds that mining raises primary

enrollment and lowers dropout, but harms test scores and tertiary enrollment.

Balza et al. (2025) The authors assemble well-level drilling data and micro-school enrollment

oil
i

oil oil

i XDt
oil

i and p7" is the global oil price. A 2SLS specification, with the first stage predicting the number of

records for Colombia. Their instrumentis Z;; = § ,where s?" is a proxy for local oil endowment

wells drilled, shows that oil exploitation reduces higher-education enrollment and delays college

entry.

2 Economic Model

In this section, our goal is to derive a microfoundation for the first stage relationship between Z;;,
the price-exposure instrument, and Xj;, the local activity that researchers are interested in. We
develop a simple multi-sector model with region-specific labor to illustrate how omitting explicit

equilibrium conditions can complicate interpretation of estimated coefficients due to heterogeneous



elasticities between regions, general equilibrium responses, and co-movements in commodity prices.

The model draws heavily from Appendix C in AKM.

Regions and sectors. Consider an economy composed of multiple regions, indexed byi =1, ..., N.
Each region i is endowed with a fixed labor supply L;, which is fully employed and can be reallocated
across sectors within a region but is immobile across regions. Sectors are indexed by s € § = 87 U {0},
where 87 are tradable sectors with exogenous world prices B; and s = 0 is a nontradable (internal)
sector whose price is normalized to 1. Throughout, it is useful to think of a tradable sector as a sector

producing a commodity such as gold; Fq,; is then the international price of gold at time ¢.

Production. In tradable sector s € St and region i, output at time ¢ is

1-6, , 0
Xist = AisEist Kis " Lig;

S ist?

0<6<1, (1)

where A;; > 0 is a time-invariant productivity/capacity shifter (e.g. the number of mineral gold
deposits in our running example), E;;; > 01is a time-varying sector-region productivity shock, K;; > 0
is a sector-region capital stock (time-invariant within the short-run window), and L;, is labor in

sector s. The internal sector produces

Ii = BiVyKi NP, 0<6,<1.

with notation analogous to (1) and labor N;.

Preferences/demand and market structure. Within each sector s, a standard CES aggregator
across varieties with elasticity of substitution o; > 1 yields the usual isoelastic revenue schedule;

firms are price takers up to a constant markup (which is absorbed into sectoral constants).

Wage equalization and labor supply. Within region i, labor is mobile across sectors, so a single

wage wj; clears markets. Reduced-form labor supply in region i is
Lf = vewf',  $:i>0, @

where v;; is a (possibly slowly varying) shifter capturing demographics, participation, etc. Total labor

demand is Li? = ZsesT Lis + N;. Equilibrium requires Lif = Ll-lt).



Sectoral Labor Demand Profit maximization in (1) with CES demand implies, for each tradable

SEST,

S (os—1)8 1-6 -1)8
List = ¢is witas : (AisEistPst) ’ * Ki(s s)@s=1) S, (3)

where ;; > 0 is a time-invariant constant that collects markups and sectoral demand primitives,
1

1+(05=1)(1-65)

labor demand to the revenue shifter A;(E;;B;, which depends on technology through 6; and on the

and §; = ds € (0,1) is a reduced-form parameter governing the sensitivity of sector-s
elasticity of substitution o;.

Taking logs and deviations from a reference equilibrium (-)*,
dinLiy; = (0,—1)6;dInR; + (0, —1)6;dInE;,, — oy6sdlnwy, 4)

where all other terms in (3) are time-invariant and thus drop out in first differences.’

For the internal sector s = 0 (price 1) we obtain the same form with R, = 1 and E;p; = V j;:

dlnNit = (O'O - 1)50d1n Vit - Uoéodln Wi;- (5)
Normalization and Baselines Let ¢} , = Lj;/L; denote baseline employment shares (with s = 0

covering the internal sector). Fix baselines B, Ejq, 0; and define centered shocks

Pst =InEB; —InR, e = InE;; — In Ejq, Vi = Invy — In oy,

with E;[pg] = E¢[ejs] = E¢[vit] = 0.

Equilibrium Wage Feedback With the normalizations above, linearizing the market-clearing

condition L = L? using (2), (4), and (5) yields

¢rdInw;, +dinvy = e;*;,o[(as —1)8,dInB; + (o, — 1)8,dIn Eyy; — 0,6, d In wit]

SEST

+ e;ko[(ao ~1)8,dInV; — 0,8, d1n wit]. (6)
Collecting the wage terms defines the key denominator

A = ¢+ ) lho08s > 0,

SES

so that

1 * *
dln Wit = /1_ Z €iS,O(US - 1)53 dpst + Z €iS,0(US - 1)53 deist - dvit . (7)

L (sest SES

SIf capital K varies at horizon t, an additional term (g — 1)8,(1 — 6;) d In K;; appears; we treat K; as fixed over

the short run.



Price co-movement. Allow other tradable prices to co-move with sector g:

dps; = Pgs dpqt + dug, Pqq = 1, ®)

where duy, is orthogonal to dpy;. Holding de and dv orthogonal to dpy;, the wage elasticity to the
sector-q price is

dlnw; 1

WR;: - 1 Z €;ks,0(o-s — 1)d; Pgs- (9)

l SEST

Proposition 1 (Heterogeneous first stage ). Under the model described above, sector-q output in region

i admits the local levels approximation
Xiqt ~ OCiq + Kiq[Aiq pqt] + Eiqt’ (10)

where the heterogeneous coefficient multiplying A;q is

_ 1-6 O'q 1
Kig = EiqKyy ' (Ligo)% X (og—1)6,, 1_F7 D ek olos— D85 pgs |- (A1)

L SEST

pre-period capacity (fixed at baseline)

With A; = ¢; + X s Cis,0050s and pgs from (8).

Proof: See Appendix A.
Remark 1 (Monotonicity). Define the exposure index

1
Siq = ﬂ,— Z €;’O(O'S—1)5Spqs,

i SEST
so that the elasticity of sector-q output with respect to its own price is

0 lnXiqt
dInEy,

g

= (05— 1)63 8| 1 - o Siq

Since A;; > 0 and the capacity term in (11) is strictly positive, monotonicity (a positive first stage)

is equivalent to
dln Xiqt

dInEy,

aq—l

Kig>0 < >0 <= S <

o,
q
If this inequality fails, the general-equilibrium wage effect dominates and the first stage slope A; x4

becomes negative.

10



Intuition: when prices in other tradable sectors co-move with py; (large pg), those sectors also
expand and bid up the local wage. This wage-drag offsets the direct effect of py, on sector q, and can
overturn it if the co-moving bundle is strong enough.

The wage-drag term ﬁS iq is large when: i) Local labor supply is inelastic (¢; small), so 4; is
small and the wage moves a lot; ii) the region is highly exposed to co-moving tradables: ) €} ; ogs is
large (e.g., concentrated mining hubs; many sectors rise together); iii) demand/congestion elasticities
are high in those sectors (large o, or &), amplifying their labor pull; and iv) co-movement is tight
and positive (oqs ~ 1 for many s). Conversely, the first stage remains positive when the region is
diversified (small ¢} , on co-moving sectors), labor supply is elastic (large ¢; = 4; large), or co-
movement is weak/negative (small or negative pg,). If one allows nontradables to co-move as well

(a local-demand channel), this enters exactly like an additional term in the sum (with pgo > 0) and

pushes toward violation.

Remark 2 (Economic interpretation of a;,). With the normalization p;; = InB, —InE and e;y; =
In E;, — In Eg, the linearization in (10) is taken around the pre-period baseline (P, E). The intercept

equals the baseline level of sector-q output in region i:

Itis the quantity produced when the centered log price satisfies p,; = 0 and the centered productivity
shock satisfies e;5; = 0 (i.e., at baseline prices and productivity). Economically, a;, captures time-
invariant capacity combining geology A;,, installed capital K , and the baseline labor allocation L;g
determined in the pre-period equilibrium across all sectors.

3 Potential Outcomes Framework and Causal Interpretation

In this section, we build on the results from the model presented in Section 2 and derive the causal
interpretation of point estimates from two popular approaches towards the price-exposure design.
The starting point is to define potential outcomes in the price-exposure setting. The economic
model with multiple sectors motivates a potential outcomes model which depends on multiple
shifters. Let Y ;;(xy, ..., Xg) denote the potential outcome of region i in period ¢t that would occur
if the outputs of the S sectors were set to (xy, ..., Xg). We assume that potential outcomes are linear

functionals of the outputs in each sector:

11



s
Y (X1, Xs) = ) Xsfis + Wit (12)
s=1

Under this model, we have n;; = Y ;;(0,...,0) as the potential outcome associated to output 0
across all sectors and f3;, as the causal effect of an increase of the output from sector q by one unit:

aYit(xl,
dxg

We follow AKM and take a finite-population approach towards identification and inference.

’xS) =6'
lq

That is, we define the population of interest to be the observed set of N regions over T periods of
time, instead of focusing on a large superpopulation over from which the observations are drawn.
Uncertainty in the setting arises from the stochastic nature of the shock, while causal effects and
potential outcomes are taken as given. Define Fy = {9, €ist» Bis> Xiso Kis}?i’l]: ;S:LSZI. as the collection of
parameters that determine the panel of causal effects and potential outcomes. We study the property
of different estimators conditional on #,, under the assumption that the price of the sector of interest

is exogenous. Our setup can be summarized by the two following assumptions:

Assumption 1 (Potential outcomes and first stage).

(i) The observed outcomes are generated by
Yit = Yit(xl, veey xq, veey XS),

where Y ;;(-) follows the specification in equation (12).
(ii) Output in each sector is determined according to the structure in Section 2, so that Proposition 1

holds.

Assumption 1 can be seen as the usual exclusion restriction in this setting. Part (i) says that
prices do not have a direct effect on Y ;;. Instead, they only affect the outcome to the extent that they
affect outputs. In particular, we rule out direct regional effects of p,; on the outcome even holding
the sectoral outputs fixed, such as direct local political responses to commodity price shocks. This
corresponds to the common applied interpretation that the price-exposure instrument identifies the
effect of “sector q activity® as long as there are no other direct channels of the price on the outcome.
Thus Assumption 1(i) is purely a restriction on the way outcomes depend on sectoral activity; it does

not by itself impose any statistical exogeneity condition on the price process.®

® Applied work often invokes small-open-economy intuition or external instruments for the commodity price to argue
that the country is a price taker and local conditions do not feed back into pg,. Thatkind of argument speaks to a separate

exogeneity condition (in Assumption 2 below), not to the exclusion restriction as stated in Assumption 1(i).

12



What Assumption 1(i) does not restrict is how a shock to p,; propagates across sectors: our multi-
sector model implies that a change in py, will generally move outputs in many sectors, through
both general-equilibrium labor reallocation and co-movement in other tradable prices. Whenever
Y ;; depends on these additional sectors (i.e., B;; # 0 for some s # q), standard price-exposure
regressions implicitly combine the effect of sector-q activity with effects operating through other
sectors. Characterizing how this multi-sector structure contaminates the usual estimands is one of
our goals in this paper.

At the same time, in principle Assumption 1(i) need not require that there is a single economic
mechanism from sector q to Y ;;. In practice, the outcome might be affected by several economic
channels related to sector q (such as employment or income in the gold mining sector), and not
only by the actual output X, (the amount of gold produced). The outcome is allowed to depend
on employment, income, or other variables in sector g, as long as these are (possibly complicated)
functions of X;q; formally, these channels are absorbed into the response function Y ;;(-). The
restrictive component of the assumption, which we adopt for simplicity, is the linear form in
equation (12), which compresses all such mechanisms for each sector into a one-dimensional
sufficient statistic X;,; and an additive effect 8;,. This is usually acknowledged by applied researchers
studying the effect of “sector-q activity”, but it underscores the need to think carefully about how
different choices of proxies for X, (e.g., mined area, physical output, or sectoral employment) map

into the economic effect that the resulting estimates are taken to represent.

Assumption 2 (Price exogeneity). The price in sector q is as good as randomly assigned, in the sense

thatforallt € {1,..., T},

E [pqtlfo] =0

Assumption 2 imposes that the price shock in sector q is mean-independent from poten-
tial outcomes, given the mean-independence from 7; and the vector (B;i,...,Bis), and also
mean-independence from the potential “treatments” in each sector, which follows from mean-
independence from {(as, k;s, €i5¢)}is- Thus, Assumption 2 can be interpreted as the standard
exogeneity assumption in IV settings that the instrument is mean-independent from potential

quantities, but expressed in terms of the parameters from the stylized economic model.” In

"This assumption is substantively strong. Our multi-sector model suggests that general-equilibrium labor reallocation

will cause outputs in other sectors to respond to changes in py;, even when the other sectoral prices {pst}s;ﬁq are

13



applications, this is typically motivated by viewing the country as a small open economy that takes
Dq: as given, or by constructing an external instrument for the commodity price (such as with shocks

to global demand or to supply in other countries).

3.1 IV Estimands

We begin with the causal interpretation of IV estimates, which exploit the price-exposure as an
instrument for output in sector q. We define the instrument as Z;; = Ajq X py;, Where pg; =
InE; —In Pqt.g In this setting, the 2SLS estimator stacked across time-periods of the coefficient on

Xiq: 1s given by

N T
A2SLS _ Zi=1 Zt:l Zithit
ﬁq T N T
Zi=1 thl Zithiqt

Given the finite-population framework, the 2SLS estimand is defined as the population analogue

of the 2SLS estimator under repeated sampling of the shocks:

N T
2SLS _ Z:i=1 2t=1 E [ZithitLTO]
q T N T
Zi:l Zt:l E [Zithitho]

The following proposition establishes the causal interpretation of the 2SLS estimand:

Proposition 2. Suppose that Assumption 2 holds and the potential outcomes model is correctly specified

(i.e. Assumption 1 holds). Then,

N T N T
2SLS Zi:l Zt:l ﬂiqtﬁiq + Zi=1 Zt=1 {Zs;eq ﬂisqtﬁis}

q N T N T
Dim1 2= Tigt Dim1 2= Tigt

where Tigt = KiinZq\/ (pqtlfo) and Tisqt = KisAisAiqCOU (pqt’ DPst |‘TO)

statistically independent of p,;. Requiring mean-independence from the entire vector {€ist}i,s,¢ effectively ignores this
channel. It amounts to imposing [E[pqtaist | F 0] = 0 for all i, s, t, so any component of Xjg; that moves systematically
with pg, must be captured in the structured part of the first stage rather than in ;5. In other words, we allow the
outcome to move with the output in sector s # g, but only through co-movement of pg; with pg;, ignoring the channel
of output changes via changes in wages. We derive our main results under this assumption for expositional simplicity.
In Section 3.1.1 we show how allowing such general-equilibrium terms to enter €;5; generates additional contamination

even when sectoral prices are mutually independent.
8Results are equivalent without demeaning the price, as long as time fixed effects are included.
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Proof: See Appendix B.

Proposition 2 decomposes the IV estimand in two terms. The first is a weighted average of region-
specific parameters associated to an increase in the output of sector q. The weights are increasing
in the region-specific elasticity x;, and the region-specific exposure A;,. The weights are positive as
long as x;; > 0, which can be interpreted as the monotonicity condition from IV settings mapped to
the economic model from Section 2 (see Remark 1).

The second term is a linear combination of region-specific parameters associated to increases
in the output of all the other sectors stemming from movements in other prices. The sign of the
coefficients associated to these causal parameters depends on the region-specific elasticity of the

sectors, {x;s}..., and the covariances between the price of sector q and prices of other sectors. The

5#q
2SLS estimand can only be interpreted as a weighted average of causal effects in the case where the
prices of all sectors are independent from the price in sector q. If all elasticities and price covariances
are positive — and thus the monotonicity condition in Remark 1 holds —, then the 2SLS estimand
holds a weakly causal interpretation in the Blandhol et al. (2022) sense.

In the case of panel data it is common to include time fixed effects to account for changes in the
mean of the shift over time. Adding time fixed effects is equivalent to demeaning the price shock.

Also, note that serial correlation in international prices does not affect the causal interpretation of

the estimand, as the causal model rules out dynamic effects.

3.1.1 Causal Interpretation under General Equilibrium Effects

Proposition 2 provides the causal interpretation of the 2SLS estimand under the light of the economic
model from Section 2. It follows from the causal decomposition that the contamination from causal
effects of the output from other sectors affects the interpretation of the 2SLS estimand in the presence
of price co-movement. The model, however, rules general equilibrium effects outside of price co-
movement which might be relevant in applied settings.

In this section, we derive the causal interpretation of the 2SLS estimand considering a general
equilibrium channel in which the prices of sector g affect the output in other sectors. To that end,
we write the variable € as ;g = &5 + ). 25 Viss' Ds'ts where £;; is idiosyncratic and the vector of
parameters y ;. captures how the output in sector s at time ¢ responds to changes in prices from
other sectors at the same time period.

Under these new specification of the model, we define the filtration as
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_ , N,T,S

Fo = {77“, Uiss Biss Viss') » Kis» Ais gist},
i=1,t=1,s=1

The exogeneity assumption we invoke is E [ ps;|Fy] = 0. In the next proposition, we show that

even when prices are independent, the 2SLS estimand can be decomposed as a weighted average of

causal effects associated to the output in sector g and a contamination term.

Proposition 3. Suppose Assumption 1 holds and that E | py|#,| = 0 foralls = 1, .., S. Then,

N T N T ~ N T ~
Zi:l Zt:l ﬂiqtﬁiq N Zizl Zt=1 {Zs;éq ”isqt;gis} " Zizl Zt:l {2S¢inqyisq\/ (pqtlfo)ﬁis}

N T N T N T _
Zi:l Zt:l ﬂiqt Zi:l Zt:l ﬂiqt Zi:l Zt:l ”iqt

where 7tiq, = Kiinzq\/ (pqtlFo) and 7isq; = x;5A;5AigCOV (D Pst|Fo)-

2SLS _
q =

Proof: See Appendix B.

Proposition 3 shows that if the prices of sector q directly affect the output in other sectors, then
the 2SLS estimand does not hold a straightforward causal interpretation even in the absence of price
co-movement. The estimand holds a weakly causal interpretation if for all s # g, the parameter
Yisq is nonnegative. That is, if an increase in the price of sector q affects positively the output in all
sectors (or at least does not affect any sector negatively), then the estimand holds a weakly causal

interpretation.

3.1.2 Sensitivity Analysis

Propositions 2 and 3 imply that the exogeneity of the price of sector q is not sufficient to provide
a clear causal interpretation to the IV estimand. The two possible sources of contamination are (i)
causal effects from other sectors affecting the estimand, which is driven by price co-movement and
(ii) the effect of the price in sector q affecting the output of other sectors.

In the case where the prices and outputs from other sectors are observed by the applied
researcher, the natural solution is to control for such quantities and close the channels of potential
contamination of the estimand. Nevertheless, it is often the case in price-exposure designs that these
quantities are not available for the researcher. Many applications, especially in the development
economics literature, focus on the interaction between informal or illegal markets and legal markets,

and is often the case that prices and outputs in illegal markets are not available.
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Our framework motivates a simple procedure for sensitivity analysis based on the 2SLS estimand.
When the sources of contamination cannot be observed in the data, researchers may place
assumptions on the magnitude of the bias and obtain identified sets for the weighted average of
causal effects from sector q and conduct inference on the partially identified causal estimand S,,.

Concretely, assume the contamination terms lie in the interval [Q, E]g. Propositions 2 and 3 imply
that 3, lies in the interval [855, B7®], where

‘3513 _ ﬁCZISLS _b, ﬁéJB — 5£SLS —b

A natural estimation procedure is to plug-in the 2SLS estimator ACZISLS in the expression above,

which yields unbiased estimates for the bounds. By choosing different values for b and b, researchers

can assess the robustness of the qualitative takeaways of the study.

3.2 Two-Way Fixed Effects Estimands

Another pervasive approach in the applied literature is to specify a two-way fixed effect (TWFE)

regression, with time (6;) and individual (y;) fixed effects, and the price-exposure variable:

Yi=6+y;+pTVEE (Aiqpqt) + U

For the sake of simplicity, we consider the case of panel data with two periods of time, so that the

regression model can be expressed as

AYi = (92 - 61) + ,BTWFEAiquq + Aui
and the TWFE coefficient associated to the price-exposure variable as

N
Zi:l AZ;i AY

N 2
Zi:l (AZiq)
The TWFE estimand is defined as the population analogue of the TWFE estimator under repeated

ATWFE _
q =

sampling of the shocks:

The interpretation of these sensitivity parameters is straightforward in the case where only one of the channels of
contamination poses a threat to the causal interpretation of the estimand. Nevertheless, the procedure is valid in all

cases.
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N
BTWFE — 2i E [AZiqAYiU:O]

T E[(azig) 17

It is common for applied researchers to claim a 'reduced form’ or Intention-to-Treat (ITT)

interpretation for the TWFE estimand. The proposition below provides the causal interpretation

of the estimand:

Proposition 4. Suppose that Assumption 2 holds and the potential outcomes model is correctly

specified. Then,
N 5 N
BTWFE _ Zi:l Kiq(Aiq) \/(qu|3t0)‘8iq " Zi=1 {Zs;eq KisAisAiquv(Apss qulfo)ﬁis}
= ~ -
2121 (Aig)*V(Apg|Fo) 21 (Aig)*V(Apg|Fo)

Proof: See Appendix B.

Proposition 4 shows that the TWFE can be decomposed as a linear combination of causal
parameters. The first term is a linear combination of region-specific effects of an increase in
the output of sector q. The linear combination holds a weakly causal interpretation as long as
monotonicity in the first-stage holds. However, it can be interpreted as a convex weighted average
of causal effects only in the case when the Al-zq-weighted average of ;4 equals one (which holds, for
example, if x;; = 1 for all regions). The second term is a contamination term similar to the one in
Propostion 2, but depends on the covariance of the variation of prices across time.

Hence, it follows that the TWFE estimand holds the interpretation of a weighted average of causal
effects only under additional restrictions on the first-stage (which is why researchers usually claim
a reduced form interpretation towards this estimand) and an additional assumption regarding the
covariance of prices from different sectors.

Nevertheless, it is worth noting that the causal decomposition from Proposition 4 can be obtained
under an exogeneity assumption weaker than Assumption 2. By exploiting within-regions variation

. L . S
across time, the time-invariant parameters from the model such as {a;s},_, are cancelled out.

N,S
i=1,s=1

Moreover, define A%y = {An;, A, Big> Kis} to invoke the following exogeneity assumption:

Assumption 3 (Price exogeneity in trends). The price in sector q is randomly assigned in the sense

that

E[ApglAFs] =0

18



Assumption 3 is weaker than Assumption 2, and can be interpreted as a parallel trends

assumption for potential outcomes and potential output. It is different than the usual parallel trends

S

. : : . S
assumption, however, as it assumes exogeneity conditional on the parameters {8;,};_, and {x;s};_;

which usually is not the case in TWFE/Two-stage TWFE settings. This is necessary because unlike
the standard DiD settings, there is no time-period in which regions are fully untreated nor a time-
period where the instrument has value zero for all regions. Contrary to a common interpretation
in empirical work, the reduced form price-exposure design allows for non-parallel trends in Y ;;
across regions with different exposure levels, and the exposures A; may be endogenous as long as
innovations in p,, are mean-independent of the finite-population primitives. Below, we show that

the estimand BT ¥F maintains its causal decomposition under the weaker exogeneity assumption.

Corollary 1. Suppose Assumption 3 holds. Then,

N N
6TWFE _ Zi:l Kiq(Aiq)z\/(qu|A.T0),3iq 4 Zi:l {Zs¢q KisAisAiqCOU(Aps’ qu|A-T0)ﬁis}

TN (AigPV(Apy|AF,) TN (A V(Apg|AF,)

Corollary 1 provides a straightforward motivation for the TWFE approach towards the price-
exposure design. Despite the fact that in general it only holds a weakly causal interpretation,
the estimand holds its causal interpretation under a weaker exogeneity assumption than the one
necessary for the IV estimand. In general, researchers choose the TWFE approach when they have
access to the price-exposure variable but not to the actual variable of interest, which is why it is
often referred to as a reduced form approach. Proposition 4 and Corollary 1 formalize such an

interpretation in terms of the stylized economic model from Section 2.

4 Estimation and Inference

In this section, we analyze the statistical properties of the 2SLS estimator B?ISLS. We consider large-
sample properties of ESSLS as the number of regions grows to infinity (N — o), and the number
of time periods grows to infinity (T — o). Here we describe the main assumptions, technical
regularity conditions are stated in Appendix C. Alongside Assumptions 1 and 2, we invoke the

following assumption regarding the panel of sector prices:
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Assumption 4 (Price independence).
(i) Forallt € {1,..., T}, the prices (py;, -.., Ps; ) are independent conditional on F,;

(ii) For all s € {1, ..., S}, the prices (ps;, ..., PsT) are independent conditional on F,.

Assumption 4 (i) requires sector prices to be independent. Under this assumption, it follows that
Cou(pgs» Pst|Fo) = 0 for all s, and thus the 2SLS estimand captures the weighted average of sector
q causal effects without the contamination terms that affect its causal interpretation. Assumption 4
(ii) requires the sector prices to be independent across time periods. These assumptions combined
extend to our setting the assumption underlying randomization style inference in randomized
controlled trials that the treatment assignment is independent across units.

We now establish the asymptotic properties of the 2SLS is consistent and asymptotically normal,

with  NT convergence rate.

Theorem 1. Suppose Assumptions 1, 2, 4, and Assumptions 5 and 6 from Appendix C hold. Then,

B\qZSLS — 6CZISLS + Op(l)

and

\/ﬁ(ﬁq - ;Bq) — 0, — I;IT .
(ﬁ z:i=1 zt:l Zithiqt)

where

N T
1
Vnr = 57V (Z Z(Aiqpqt)“id?o)

i=1t=1

with u;; being the residual in the structural equation.

Proof: See Appendix C.

Theorem 1 shows that the asymptotic variance has the usual ’sandwich’ format. To construct
a consistent estimator for the standard error, it is sufficient to construct a consistent estimator for
Vnr. Consider first the case of homogeneous treatment effects, 8;; = . Then it follows under

Assumptions 2 and 4 that

2

T N
1
VNt = NT Z V (pgclFo) (Z Aiquit)
=1

i=1
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which motivates the following plug-in estimator for the variance:
VNT

1 N T
(57 Zits Ziea ZiarXiqr)

V) =

2

where 1/7\NT = $ Zthl pflt (ZﬁilAiqa“)z. The estimator for the variance is similar to the one
proposed by AKM, but instead of exploring variation across sectors, we exploit variation across time
periods. The variance estimate leads to valid inference in the case of constant treatment effects, and
inference remains valid under heterogeneous effects under additional regularity conditions stated in
Appendix C.

As in AKM, our asymptotic results point to a possible overrejection problem associated to
standard inference procedures. Take, for instance, the Eicker-Huber-White (or cluster-robust)
standard errors. The expected difference between our proposed variance estimator and the robust
variance estimator is a function of the correlation between residuals across regions and the exposures
of these regions. Thus, if residuals are positively correlated, then it leads to an overrejection problem
for the EHW variance estimator.

As AKM point out, “standard inference methods may overreject even when the unobserved
shifters (prices from other sectors in our settings) contained in the residual vary along a different
dimension than the shift-share (price-exposure in our setting) covariate of interest” if the variance
of prices from other sectors is large and the correlation structure from the exposures in the residual
is similar to the structure of the exposure in sector q. That seems to be the main channel driving
overrejection in our setting. In the next section, we conduct a series of Monte Carlo simulations to
assess how large N and T need to be for these asymptotics to provide a good approximation to the

finite sample distribution of the 2SLS estimator.

4.1 Inference for Sensitivity Analysis

The results from Theorem 1 can be combined with existing results from the partial identification
literature to produce valid confidence intervals for the partially identified causal parameter 5,. We
adapt the confidence intervals from Imbens and Manski (2004) for our setting. Let B = b— b denote
the length of the identified set. The Imbens-Manski confidence interval in the price-exposure setting

takes the form
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[/?ISLS - Cy/ V pe(B), @SLS + Cy/ I//\PE(B\)]

+ C) — ®(—C) =1 — a, with ®(.) being the standard

where C is a constant that solves @ ( >
normal CDF. The Imbens-Manski conﬁdengg interval can be used to conduct breakdown analysis in
order to assess the robustness of qualitative takeaways from the study.

The breakdown point b* is the value of contamination required to overturn a causal conclusion.
For instance, how large must the contamination be in order for the Imbens-Manski interval to
contain a null effect.

Standard error estimates for 2515

are weakly conservative, and thus Imbens-Manski CIs for
the identified set will be conservative as well as estimated breakdown points. See Appendix D of
Rambachan and Roth (2025) for a thorough discussion on inference in identified sets under design-

based uncertainty.

5 Monte Carlo Simulations

In this section, we conduct a series of Monte Carlo experiments in order to study the finite sample
properties of the 2SLS estimator and different inference procedures in price-exposure settings. The
main objective of this exercise are (i) to verify that under Assumptions 1, 2, and 4 the 2SLS yields an
unbiased estimate for the estimand 3, and (ii) to assess how large the panel must be in order for the
asymptotic results from Theorem 1 to provide a good approximation for the finite sample distribution
of the 2SLS estimator.

In order to do so, we consider the performance of the 2SLS estimator in terms of its mean bias,
and the performance of the proposed standard error estimator (we label it P-E) and the Eicker-Huber-
White estimator (we label it Robust) in terms of its empirical 95% coverage probability and mean
standard error size under different sizes of the panel sample.

We consider a simple data generating process (DGP) with only two tradable sectors. For each of
the time periods, the prices from each sector are drawn from uniform distributions with mean zero
independent across the sectors and time periods, ensuring that Assumptions 1, 2, and 4 hold.

The idiosyncratic shock in the ouptut of each sector, ¢;, follows a Gaussian distribution. The

exposures A;; are drawn from uniform distributions in which the lower limit is greater than zero.
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The terms «a;¢ are generated by multiplying A;; with a positive constant. Finally, the elasticity terms
;s are drawn from a standard uniform distribution, which ensures that monotonicity holds.

The untreated potential outcomes #;, are drawn from a Gaussian distribution. The causal effects
Bis follow a uniform distribution between 0 and 2. Under this definition for the values that comprise
Fo, the estimand B25L5 is equal to 1.

We document the performance of the standard error estimators over the randomization
distribution. We first generate the filtration which generates potential outcomes and then simulate
the data through different simulations of price sectors, holding potential treatments fixed. We
conduct 1.000 Monte Carlo simulations for each exercise.

The finite sample properties of the 2SLS estimator and the inference procedures are compared
under two scenarios. In the first, the number of regions is fixed at N = 1.000 and we study the
performance of the estimators under different numbers of time periods. The results are summarized
in Table 1.

In terms of bias, the 2SLS estimator exhibits desirable finite sample properties across all panel
specifications. Naturally, the average bias exhibits its small value in magnitude when T = 100. Yet,
even in the worst case scenario with a single time period available, the mean bias is smaller than 1%
of the true causal parameter. In terms of inference, the simulation results illustrate the overrejection
problem associated to standard inference procedures. The robust standard errors are substantially
smaller than our proposed standard error estimator across all panel sizes. The empirical coverage of
the 95% confidence interval goes from 0 in the cross-sectional case to 62% in the largest panel. The
proposed P-E estimator outperforms the robust standard error under in all panels, but only exhibits
empirical coverage close to 95% when the number of time periods reaches triple digits.

In the second scenario, the number of time-periods is fixed at T = 1.000 and we study the
performance of the standard error estimators under different numbers of regions. The results are
displayed in Table 2.

Once again, the average bias of the 2SLS estimator is negligible across the different sizes of
the panel. When it comes to inference, the robust standard error estimators yield severely biased
confidence intervals across all specifications. The overrejection problem appears to be more dramatic
than in the case of a large cross-section and a growing number of time periods. In the best case, the
empirical coverage of the 95% confidence interval is 26%, almost half of what is observed in the

best case under Scenario 1. The simulation results show that the P-E standard error estimator only
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Table 1: Monte Carlo Simulations - Scenario 1

Mean Bias Mean SE Coverage

Robust P-E Robust P-E

N =1.000,T =1 0.008 0.0 0.002 0 0
N =1.000,T =5 -0.009 0.048  0.519 0.369  0.560
N =1.000,T =10 0.007 0.032 0.376 0.463 0.717
N =1.000,T =20 0.001 0.051 0.382 0.471 0.818
N =1.000, T = 100 -0.002 0.015 0.310 0.617 0.938

Note: Simulations based on 1.000 Monte Carlo experiments with sample size N = 1.000 under the DGP
described in the Section.”Mean bias”, "Mean SE” and ”"Coverage” stand for the mean simulated bias, mean

simulated size of standard errors and 95% coverage

Table 2: Monte Carlo Simulations - Scenario 2

Mean Bias Mean SE Coverage

Robust P-E Robust P-E

N=1,T =1.000 -0.027 0.004 0.006 0 0
N =5,T =1.000 -0.001 0.023  0.049 0 0
N =10,T = 1.000 0.010 0.042  0.099 0.214 0.554
N =20,T = 1.000 -0.001 0.031 0.126 0.227  0.591
N =100, T = 1.000 0.001 0.015 0.115 0.263 0.961

Note: Simulations based on 1.000 Monte Carlo experiments with sample size N = 1.000 under the DGP
described in the Section.”Mean bias”, "Mean SE” and "Coverage” stand for the mean simulated bias, mean

simulated size of standard errors and 95% coverage

exhibits desirable finite-sample properties when N = 100. Under the other time periods, it exhibits

a severe overrejection problem as well.

6 Empirical Applications

6.1 Other price shocks: evidence from existing reduced form applications

Our model implies that when multiple sectoral prices move together, local exposure to a “focal” price

is typically correlated with exposure to other prices. In that case, the coefficient on a single price-

exposure term conflates several channels unless other price exposures are included explicitly. A few
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prominent applications already add such controls, but mostly present them as robustness checks.
This section documents what those specifications do in Dube and Vargas (2013) and Sviatschi (2022),
and how the magnitudes of their key coefficients change once other price shocks are included.

Table 3 summarizes the main numbers.

Dube and Vargas (2013). Dube and Vargas (2013) study how international coffee and oil prices
affect civil conflict in Colombian municipalities. Their baseline specification (Table 2) interacts log
coffee and log oil prices with pre-determined measures of coffee intensity and oil production, and
estimates effects on four measures of violence: guerrilla attacks, paramilitary attacks, clashes, and
casualties. For paramilitary attacks, the coefficient on coffee intensity x log pf°® is —0.160 and the
coefficient on oil production x log p¢! is 0.726.1°

In Appendix Table A.VII, they extend this regression by adding interactions of log prices for other
agricultural commodities (sugar, banana, palm, and tobacco) with corresponding pre-determined
intensity measures. The coffee coefficient for paramilitary attacks remains negative and highly
significant but becomes smaller in magnitude, at —0.125. For guerrilla attacks, clashes, and
casualties, the coffee coefficients move from —0.611, —0.712, and —1.828 in the baseline to —0.463,
—0.639, and —1.192 once sugar, banana, palm, and tobacco price exposures are included. These
are non-trivial adjustments—roughly a 20-30% reduction in the size of the coffee effect across
outcomes—but they leave the qualitative pattern unchanged: higher coffee prices reduce violence
in coffee-intensive areas, even after controlling for other commodity price shocks. In the original
paper, the multi-commodity specification is presented as a robustness exercise about “other crops.”
In our framework, it is exactly the sort of specification that recovers a cleaner causal interpretation

of the coffee-price exposure coefficient in an environment with multiple relevant price processes.

Sviatschi (2022): child labor. Sviatschi (2022) studies how exposure to coca price shocks during
childhood affects later outcomes. Her main child-labor specification (Table I, column (1)) regresses
labor-force participation on a district-level coca price-exposure index, PriceShocky;, interacted with
age-group indicators. The coefficient on PriceShocky, X 1{11-14} is 0.144, capturing the additional
increase in child labor at ages 11-14 relative to older ages. The baseline coefficient on PriceShock;;

(the effect for the omitted age group) is 0.244, so the implied total effect at ages 11-14 is 0.244 +

10Table 2, column (2). The coefficients for guerrilla attacks, clashes, and casualties on coffee intensity X log p$° are

—0.611, —0.712, and —1.828, respectively.
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0.144 = 0.388.

Appendix Table A.II repeats this regression but adds exposure to price shocks for gold, coffee,
cacao, cotton, and sugar, each constructed analogously by interacting international prices with
pre-determined suitability or deposit measures. Once these additional commodity exposures are
included, the coefficient on PriceShocky; X 1{11-14} remains 0.144 (with a slightly smaller standard
error), while the baseline PriceShock,; coefficient falls from 0.244 to 0.201. The implied total effect
at ages 11-14 moves from 0.388 to 0.345. In contrast, some of the coefficients on other commodities

are sizable and significant for child labor.

Sviatschi (2022): adult incarceration. For adult criminal outcomes, Sviatschi (2022) aggregates
exposure to coca prices at ages 11-14 into a single index, PriceShockAgell-14,., and relates
it to adult incarceration. In her main specification (Table III, column (1)), the coefficient on
PriceShockAgel1-14,. for the all-crimes incarceration rate is 3.607. Table V then adds exposure
to price shocks for gold, coffee, cacao, cotton, and sugar (again interacted with pre-determined
suitability or deposits). The coefficient on PriceShockAgel1-14,4. declines slightly to 3.523, while
the other commodity exposures are small and statistically indistinguishable from zero. As in the
child-labor regressions, the coca exposure coefficient at ages 11-14 is very stable, but the additional
commodity shocks matter enough to be worth including if one seeks a structural interpretation of

the coca coefficient.

Taken together, these examples deliver two messages that our framework clarifies. First, in both
applications the focal price-exposure coefficient remains large and significant once other commodity
price exposures are controlled for. This is reassuring about the robustness of their substantive
conclusions. Second, the fact that the coefficients do move, sometimes by 10-30%, highlights
that omitting other prices changes the object estimated by the focal price-exposure coefficient. In
Dube and Vargas (2013) and Sviatschi (2022), these multi-commodity specifications are presented as
robustness checks. Our analysis suggests that, whenever the outcome is plausibly affected by several
correlated sectoral prices, such specifications should instead be treated as the preferred empirical

implementation of a price-exposure design.
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Table 3: Price-Exposure Coefficients With and Without Controls for Other Price Shocks

Baseline specification 4 Other price shocks

1) (2)
Panel A: Dube and Vargas (2013), Colombia
Guerrilla attacks: coffee int. x log p§°fiee —0.611** (0.249) —0.463*** (0.163)
Paramilitary attacks: coffee int. X log p?"ffee —0.160*** (0.061) —0.125*** (0.036)
Clashes: coffee int. x log ps°fee —0.712*** (0.246) —0.639*** (0.195)
Casualties: coffee int. X log ps°ffee —1.828 (0.987) —1.192* (0.639)
Panel B: Sviatschi (2022), Peru
Child labor (age 11-14): coca price shock x1{11-14} 0.144*** (0.028) 0.144*** (0.036)
Adult incarceration: coca price shock at ages 11-14 3.607*** (0.917) 3.523*%* (0.901)

Note: Each entry reports the coefficient and standard error on the focal price-exposure term in the cited
specification, taken directly from the original tables. * p < 0.10, %% p < 0.05, * * * p < 0.01. Panel A
uses the coefficients on coffee intensity X log coffee price from Dube and Vargas (2013). Column (1)
reproduces Table 2, columns (1)-(4), which include exposure to coffee and oil price shocks. Column (2)
uses Appendix Table A.VII, which augments the regression with exposure to price shocks for sugar, banana,
palm, and tobacco. Panel B uses Sviatschi (2022). For child labor, column (1) reports the coefficient on
PriceShockg; X 1{11-14} from Table I, column (1); column (2) reports the same coefficient from Appendix
Table A.II, which adds exposure to price shocks for gold, coffee, cacao, cotton, and sugar. For adult
incarceration, column (1) reports the coefficient on PriceShockAgell-14,. from Table III, column (1),
and column (2) reports the corresponding coefficient from Table V, column (1), which adds the same set of

other commodity price exposures.

6.2 Inference in 2SLS: an application to gold mining and violence

In this section, we present a stylized empirical application using data on gold mining and homicides
in the Brazilian Amazon to compare conventional cluster-robust standard errors with the price-
exposure standard errors developed in Section 4. This application is inspired by the setting in Pereira
and Pucci (2024), who study the impact of gold market deregulation on violence. Their paper does
not use a price-exposure design; instead, they implement a DiD design exploiting a 2013 deregulation
law that weakened monitoring of gold transactions. They show that deregulation increased illegal

gold mining in protected areas and that municipalities more exposed to illegal mining experienced
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large increases in homicides after the deregulation.

Because their analysis clearly documents a mechanism linking gold-related rents, illegal mining,
and local violence, this setting is a natural context in which to illustrate the implications of using
a price-exposure design. In what follows, we implement a deliberately naive price-exposure
specification that interacts the number of gold deposits in a municipality with the international
gold price. Our goal is purely illustrative: unlike Pereira and Pucci (2024), we abstract from the
institutional details of the 2013 reform, omit additional controls, and do not interpret the resulting
coefficients as new causal estimates.

We built a panel for 591 municipalities, observed between 2000 and 2022. For each municipality
i and year t, we observe the homicide rate per 100,000 inhabitants, Y ;;, the area of gold mining
within the municipality in square kilometers, X;;, and the number of identified gold deposits, A4;.'*
We match these data to the international gold price p; and construct the standard price-exposure

instrument
Zi; = (A log py.

We estimate the canonical price-exposure specification with municipality and year fixed effects.

Specifically, we begin with a first-stage regression of mining area on the price-exposure instrument,
Xi; = af + AX + nZy; + vy,
and a reduced-form regression of homicide rates on the same instrument,
Yy =a + A +pZi + 1y
Second, we estimate an ordinary least squares (OLS) regression of Y ;; on Xj;,
Yi = o+ A+ BOXy + uyy,

and a 2SLS specification that instruments X;; with Z;; in the same two-way fixed-effects framework.

With fitted values

2

the second stage takes the form

Yi=a+4+ BZSLSXit + €t

HFor more details about the data and summary statistics, see Appendix D.
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All regressions include municipality and year fixed effects and cluster standard errors by
municipality. The results are summarized in Table 4. Higher gold prices are strongly associated
with increases in mining activity, and the reduced-form and 2SLS estimates suggest that expansions

in mining are accompanied by higher homicide rates, consistent with Pereira and Pucci (2024).

Table 4: Gold Prices, Mining, and Homicides in the Brazilian Amazon

Mining area Homicide Rate

FS: XonZ RF:YonZ OLS:YonX 2SLS: Y on X

€] (2) (3) 4)
Price exposure Z;; 0.161%** 0.086***
(0.023) (0.026)
Mining area 0.320%** 0.535"*
(0.114) (0.220)
Municipality FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Clusters Municipality = Municipality = Municipality =~ Municipality
Observations 13,593 13,593 13,593 13,593
R? 0.807 0.374 0.374 0.373

Note: This table reports first-stage, reduced-form, OLS, and 2SLS estimates relating gold prices, mining
area, and homicide rates in Brazilian Amazon municipalities. All specifications include municipality and
year fixed effects. Standard errors, clustered by municipality, are reported in parentheses. See Appendix D

for details about the variables. * p < 0.1; ** p < 0.05; *** p < 0.01.

We then focus on the 2SLS specification and compare standard errors. Using the same underlying
regressions, we compute both the usual cluster-robust variance estimator and the price-exposure
variance derived in Section 4. Table 5 reports the 2SLS coefficient on mining area together with (i) the
municipality-clustered standard error and (ii) the price-exposure standard error. Numerically, the
point estimate of 8 is around 0.54: an additional square kilometer of mining area is associated with
roughly 0.5 additional homicides per 100,000 inhabitants. The cluster-robust standard error is about

0.22, implying statistical significance at conventional levels, whereas the price-exposure standard
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error is roughly twice as large (about 0.48) and renders the estimate statistically indistinguishable

from zero at the 5% level.

Table 5: 2SLS Estimate with Clustered and Price-Exposure Standard Errors

Homicide rate

Clustered SE ~ Price-Exposure SE

ey (2)
Mining area 0.535** 0.535
(0.220) (0.476)
Observations 13,593 13,593
R? 0.373 0.373

Note: This table reports 2SLS estimates of the effect of mining area on homicide rates in Brazilian
Amazon municipalities. Column (1) reports the conventional standard error clustered by municipality;
column (2) reports the corresponding price—exposure standard error. See Appendix D for details about the

variables. *p<0.1; **p<0.05; ***p<0.01.

This simple exercise illustrates our main message. A standard empirical implementation of
a price—-exposure design, using off-the-shelf 2SLS and clustered standard errors, would lead to
the conclusion that mining has a precisely estimated effect on violence in this setting. Once we
account for the sampling structure implied by the price-exposure design and use the corresponding
price—exposure variance, the point estimate is unchanged but the uncertainty around it increases
substantially, and the result is no longer statistically significant. Interpreting these estimates
substantively would require exactly the kind of careful work done by Pereira and Pucci (2024):
tracing the institutional details of deregulation, documenting the mechanisms linking rents to illegal

mining and violence, and specifying a research design that aligns with those mechanisms.

7 Conclusion

It is a common empirical strategy in applied microeconomics to estimate treatment effects using

price-exposure designs.
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In this paper, we develop a multi-sector labor model that microfounds the approach and
clarifies what 2SLS and continuous-treatment TWFE estimates recover. Within a finite—population
potential-outcomes framework, we show that both estimands can be written as weighted averages of
region- and sector-specific causal effects of the focal price, plus contamination terms that depend on
causal effects of other sectoral outputs whenever prices co-move or general-equilibrium channels
are active. We characterize transparent conditions under which these estimands admit a causal
interpretation.

We then study estimation and inference in these designs and quantify the consequences of
ignoring the shift-share structure of the residual. We derive a randomization-style asymptotic
variance for the 2SLS estimator, show in simulations that conventional Eicker—-Huber-White
and cluster-robust standard errors can substantially overreject in empirically relevant settings,
and propose a feasible price-exposure variance estimator that achieves better coverage. Re-
examining prominent applications through this lens, we conclude that price-exposure designs
remain powerful tools for applied work, but that credible causal interpretation requires explicit
modeling of mechanisms, careful discussion of price co-movement and general-equilibrium forces,
and design—consistent inference.

Our results have several implications for applied work. In practice, we recommend that
researchers (i) make the theory of change and the associated potential-outcomes model explicit,
clarifying which sectoral outputs are allowed to enter the outcome and how the price shock is
assumed to operate; (ii) discuss co-movement and general equilibrium channels, and control for
other relevant price shocks or sectoral outputs whenever possible, especially in settings where
multiple commodities or sectors plausibly matter; (iii) report first stages whenever a measure
of sectoral activity is available, and discuss the plausibility of monotonicity and the sources of
heterogeneity in the price-output relationship; (iv) be explicit about the validity of exogeneity of the
focal price process, which is the central identifying assumption in most settings, rather than parallel
trends in outcomes or the exogeneity of exposure shares; and (v) treat short panels with particular
caution when conducting inference, given that standard errors that ignore the shift-share structure
of residuals can exhibit substantial overrejection in designs with limited time-series variation.

This is still a work in progress. For the next steps, we intend to derive explicit equivalencies to
results from previous work, improve the empirical applications, study inference for TWFE and in

settings with serial correlation or co-movement in prices, examine implications of adding covariates
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to the estimation, and expand the labor model to allow for migration and time-varying changes in

capital or other structural parameters.
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Appendices

A Labor Model Derivation

In this appendix we verify the expressions used in Section 2 with an expanded microfoundation
and derive the first-stage equation linking tradable-sector output to the exogenous price in

Proposition 1.

34



A.1 Microfoundation of sectoral labor demand

To microfound (3), we enrich the environment in Section 2 with standard assumptions on
within-sector differentiation and price setting, while keeping the regional structure and production
technology in (1) unchanged.'? Start from a firm producing a differentiated variety € Q in sector

s € 8t and region i at time ¢ with Cobb-Douglas technology
Xist(@) = AysEigy kise(0) 179 Ligy () s, 0<6;<1, (13)

where k; ;(w) and l;;(w) are capital and labor for variety w. The sector-region capital stock is

K;s = st kis;(w) dw, which is fixed in the short run.

Unit cost. Given wages w;,; and rental rate r;gy, a firm that wants to produce one unit of output
solves
n;lclln witl + rl-stk S.t. Al.SEistkl_esles > 1.
The Lagrangian
L = wltl + ristk + /1|:1 _AisEistkl_esles]

yields the first-order conditions

alL] =0 => Wi = MisEisteskl_esles_l,

kL =0 = rig = AAj;Ei5 (1 — es)k_esles-

Taking the ratio,
wi o G ko k_1-Guwy
Vist 1_esl ! es rist.

At the sector level (under symmetry of varieties),

K _, Wit

— @S

, =550 (14)
List > Fise S es

Substituting the optimal factor demands into the cost function c;g; (wj;, s, AisEist ) gives the dual

of (13):

6, 1-6 _
Cist = Xs Wig Figy *(AisEist) L (15)

where y; > 0 depends only on 6.

12This step is identical in spirit to Appendix C.1 of AKM. We follow similar algebra but adapt all notation to our setting

and allow for the additional multiplicative shock Ejs;. Our equation (3) is analogous to their equation C.4.
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Demand and revenue. Within sector s, a standard CES aggregator with elasticity of substitution
os > 1 delivers isoelastic demand for each differentiated variety. Let B, denote the sectoral CES price
index and Cy; total nominal expenditure on sector-s varieties in the world economy. For a variety w
produced in region i,

is ( ) —Is
xist(w) = (%) Cyt-

Revenue of variety w is

Rist(w) = pist(w) xist(w)

1-o os—1 1-0
=pus CyRy® ist
7 os—1 - 6s(1—0 1-65)(1—0
=PisB° " (AjsEig)s ™! witS( ? rigt X S)a (16)
where {; = /,csl s Cy, )(Sl_as > 0 absorbs sectoral constants. We interpret the economy as a collection

of small regions embedded in a large world market. Sectoral prices {B;}; and nominal expenditures
{Cy:}s are determined in the world economy and are taken as exogenous by each region, so firms treat
(B4, Cy;) as given when choosing inputs. Under symmetry of varieties, sectoral revenue is

Rist = f Rist(w)dwa
Q

N

which inherits the same dependence on (A;(Ejs, Wis, ¥ist» B) Up to a constant that we absorb into

z»bis-

Labor demand at the variety level. With Cobb-Douglas technology, labor’s share in variable cost

is 6;. Total variable cost per variety equals revenue divided by the markup, so

Rigi(w 6

wilo(@) =67 5 1y (@) = 2w Rigw)
S S
=vg

Under symmetry, sectoral labor and revenue satisfy L;;; « l;;;(w) and R;5; < R;;(w), SO We can write
List = O wi_thist’ (17)

for some constant 0, > 0 that absorbs vy and the mass of varieties.

Eliminating capital prices. Use (14) to express r;y in terms of wj;, L, and Kjg:

Kis — wy _ Lig
L =l = Figt = s Wit K.
ist Fist is
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Substituting into (16),
1 (1 ) (1-65)(1—05)
T O's_ - s —0Og i
Rist = Pis By (AjsEis)°s Tw [[s Wit %]
A
=§5is (1-65)(1- Gs)Pas_l(AisEist)O's—l .QS(I—O'S)+(1—65)(1—GS)

« [ 4=8901-03) g ~(1-89)1-35)

ist

O's I(AlSElSt)G —1 1 O'sL(l 05)(1- US)K—(l 0s)(1- O's) (18)

— Yis Sl’ ist

where ;; = ¥; §1 —05)(1=05)

Solving for sectoral labor demand. Plugging (18) into (17) gives

|
Ligs = 05wy Ry

- _ 1-05; (1-65)(1—0y —(1-05)(1—05
= 0, P (AlSElSt) lwlw} o Ll(St (1o )K (1-65)(1—0y)
— { BS‘ (AiSEiSt)Us_l O-SLl(Slt 05)(1— US)K—(l 05)(1— O's) (19)

where & = 0,1, > 0.

Rearranging (19), we isolate the power of L;y; on the left:

Ligt = € B0 (A Ergy) 5= w0 [0 (1-00) g ~(1-80)(1-03)

ist

1-(1-6 1-0 ;' O -1 — —0 —-(1-6 1-0
; [ ist ( S)( s) ; tS (Als El t)Gs 1 it N Kl ( s)( S)- (20)
Deﬁl 1€

Ag=1-(1-6,)(1 —o0y)
=1—[1-6;— o, + 650;]
= 6 + g, — 6,0

=1+ (0, — 1)(1 - 6,). 21)

Since og > 1and 0 < 6; < 1, we have A > 1, and we set

1 1
A, 1+(—DA-0)

8 = € (0,1). (22)

Raising both sides of (20) to the power &, then yields

Ss s—1)8s - —058s 1-—(1-65)(1-05)85s
L; _§ P(a ) (AjsEiq )(os Dosy,° Kis( Y1=os)

ist —

(05s—1)8s TdsagKlg;—es)(os_l)5s, (23)

— is (AlsElStPs‘t)
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where we used 1 — o = —(0g — 1) to rewrite the exponent on Kj;. Defining

Pis =G0 >0, (24)

we obtain the sectoral labor demand equation

<8 (os—-1)é 1-6,)(o5—1)8;
lst - lplS U (AlsEzstht) ’ ’ Ki(s )@ )

: (25)

which coincides with (3).

A.2 Proof of Proposition 1

Sector-q Employment and Output Responses Fix a tradable sector ¢ € St. Substituting the
wage-—price elasticity (9) into (4) with s = q gives the exact log response of sector-q employment to

its own price:

61nqut 1
FInk, = (0= 1dq — 049¢ - N D i o(os — 185 pgs (26)
sEST
=(0g—D8g [1—- — 1 T ZS] %, o(0s — 1)85 pys | -
SeEoT

Sector-q output is, from (1),

Taking differentials,
dInXje; = dlnAy; + dInEjg, + (1-6)dInK;; + 6;dInLyy,. (28)

Evaluating (28) at a baseline where A;y, K;, are fixed (short-run) and focusing on the semi-

elasticity w.r.t. the exogenous price B,
d1In X, dInLq o 1
alant - 9q alant - (Gq - l)eq 5‘1 1- oy —1 1 Z is, O(Gs 1)d Pgs | - (29)

l sEST

Pre-period equilibrium objects. We’ll use the semi elasticity to derive a first order expansion of

the equilibrium output. For that, we treat baseline objects as fixed and observed in the pre-period:

*
qu 0= qu’ Xiq,O = qu’
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_ 1-6
Xigo = Aig FigKig " (Lig0)%.

and use this notation below to emphasize they are time-invariant conditioning variables.

Thus, the levels semi-elasticity (evaluate at baseline X{’;) is

- a}(iqt O'q 1
Mia = Glnp,| = Mo (0 —=1)608q |1~ -1 ZS;:T 0005 — D pgs |- (30)

For expositional purposes, also define the scaled elasticity:

(31)

Kig = —»
We also need to calculate the semi elasticity of the random shock. Let e;o; be a centered (log)

idiosyncratic efficiency shock defined by

eiqt = lnEiqt —lnEiq,

so that

Eiqt = Ejq exp(eiqt)s ejqr = 0 at the baseline Ejy; = Ejg.
Since 0 In Ej4;/de;q; = 1, the semi elasticities below are invariant to this normalization. From sectoral
labor demand in (4) applied to sector g:

dinLy = (6,—1)8,dInB, + (5, —1)8;dInEyy — 0,6, dInwy,

and holding the common price fixed for this derivative (d In E;; = 0) while d In E;y; = de;q;, we get

dln Liqt
ael-qt

_ dlnwj,
= (Uq 1) 5q Uq 5q ae—lqt

The market clearing condition in (6) implies the wage semi-elasticity with respect to a local shock

in (i, q):
dlnw; 1
- it _ T €0 (0g — 1) 8, A=+ ) 0056
iqt i

SES
where ¢} , are baseline employment shares. Hence
040,

all’lLiqt q ,x
Sem (0g—1) Sqll -4 g0 |-

. . 1-645.64 .
Using production Xq; = AjqEiqK;q "Lig; gives
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dIn X, d1In Ejg dInL;g 0494
= =14+(c,—1)6,8,|1———2¢% .|
aeiqt aeiqt q éeiqt ( q ) 74 Ai 19,0

=1

Evaluating at the baseline and multiplying by X;, o yields

Iq o)

Xiqy )
KE ar) - _ iq’o{l + (0, - 1)6, 5q[1 - 4 eiq,ol}.

iq — aeiqt

0

First-Order Linear Approximation in Levels From Taylor’s Theorem, a first-order approxima-

tion of (27) around the baseline yields the empirical first stage

X, 3x,

qt qt
Xt ® Xigo + —2L| por + —X| ¢
qt iq,0 qt . iqt
Then, using (30):
~ ” E

Define x;; as in (11) so that %;; = A;q%;q. Substituting into (32) and collecting all shocks

orthogonal to p,; (including xgeiqt) into g;, yields

Xiqt ~ aiq + [Aiq Kiq] pqt + Eiqt’ (33)

which is exactly (10), concluding the proof.
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B Other Proofs
B.1 Proof of Proposition 2

N T N T
2SLS _ Zi:l Zt:l E [Zithit|?0] _ Zi:l Zt:l E [(Aiqpqt) Yit|70]
2SLS = =
Sis Die E[ZigXiqrd o] Dity Doy E[(AigPar) XigelF0]
i\; 23;1 E (Aiqpqt) Zf=1 BisXist + Mt ) 1Fo
>
Sy Zimr E[(Aiqpar) (tig + iq [AigPar] + iqe) 1%0]
_ Zi\il ZtT=1 E [(Aiqpqt) (Zle ﬁis {ais + Kis [Aispst] + Eist} + 77it) |5t0]
ZL Zthl E [(AigPqr) (g + Xig [AiqPqt] + €iqe) 10]
N T 2
Zi:l Zt=1 E [Kiq (Aiqpqt) ;Biqlfo] le ZtT=1 E [Zs;ﬁq KisAisAiqpstpqtﬁislfO]

T TN T 2 + N T 2

izt 2=t E [Kiq (AiqPqt) |70] Yzt 2= E [Kiq (AiqPqt) |f0]

N T

_ Zi\il ZtT=1 Kigq (Aiq)2 \% (pqt|j'“0) ﬁiq N Zi:l Zt=1 Zs;,gq KisAisAiqgCov (pst’ Pqt|5to) Bis
- N T 2 N T 2

Dic1 =1 Kig (Aiq) \ (pqt|?0) iz 2i=1 Kig (Aiq) \ (pqt|5t0)

N T

_ Zi\il ZtT=1 ”iqtﬁiq Zi:l Zt:l {Zs;,gq ﬂisqtﬁis}
= N T + N T

zi:l Zt:l Tigt zi:l Zt:l Tigt

B.2 Proof of Proposition 3
To obtain this result, we write the numerator of the reduced form as

Z E [ZithiterFo] = ZZ E [(Aiqpqt)Yitl-rfO] = ZZ E
¢ it

it

S
(AigPqt) (Uit + Z Xistﬁis) |f0]

s=1

1

=Zzt:[E

1

ZZ ﬁiqtﬁiq + ZZ Z ﬁisqtﬁis + ZZ Z Z Aiqyiss’COU (pqt’ ps’tlfo)ﬁis

i i t s#q it s#qs'#s

S
(AigPqt) (ﬁit + > {ais + Ki5(AsPse) + Eist}ﬁis) |~7?o]

s=1

where 7;q; = Kiinzq\/ (pqt|-rfF0) and 7 = K;5A;5AiqCov (pqt’ pstlfo)-

B.3 Proof of Proposition 4

The proofis similar to the one from Proposition 2, the main difference comes from the decomposition

of the denominator. Note that

41



i E[(az) 175 = Izj: E[(Aigapy) 170 = g:Aizq\/ (Apg|%o)

which concludes the proof.

C Asymptotics

In this section we provide additional details for the asymptotic results in Section 4.

C.1 Additional Assumptions
Assumption 5 (Regularity Conditions for Consistency).
1. The support of Bis is bounded.
2. The second moments of ;; exist and are uniformly bounded over i, t.
3. The second moments of a;; are uniformly bounded over i, t.
4. The second moments of A are uniformly bounded over i, t.
5. The second moments of x;; are uniformly bounded over i, t.
6. # > 2 Eise = 0, and ﬁ i 2 Eise = 0.
7. ﬁ 22 KisAZV( Dgs|,) converges in probability to a strictly positive non-random limit.
8. Forsomev >0, E [lpstlzw |5°"0] exists and is uniformly bounded.
Assumption 6 (Regularity Conditions for Normality).
1. The fourth moments of n;; exist and are uniformly bounded over i, t.
2. The fourth moments of a;s are uniformly bounded over i, t.
3. The fourth moments of A;s are uniformly bounded over i, t.
4. The fourth moments of x;; are uniformly bounded over i, t.

5. Forsomev > 0, E [lpst|4+v |3"0] exists and is uniformly bounded.
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C.2 Proof of Theorem 1
Consistency

Under Assumptions 1 and 5. Assuming that the price shocks (pg, ..., pgr) are independent

conditional on #,, we can show that

Z Z ZigtXiqr = Z Z KigAiqTqt + 0p(1)

Begin by writing

Z Z ZigtXiqt = ﬁ Z Z (AigPqr) (atiq + k(AigPqe) + €iqr)
Z Z (Alqpqt) alq NT E Z Klq 'q(pét - o'c%t) + m Z ZAiqpntiqt
i t

_T Z 2 Kiinqo-ét + Op(l)
l

The proof follows by showing that the first three terms of the second equality are o, (1).

The first term has mean zero conditional on ¥, and variance conditional on A, equal to

1 1
Va, (ﬁ Zl: Zt: (Aigpgt) aiq) = Vg4, (ﬁ ZiAiqaiq Zt: pqt)

- BTy [ZGWZ(A”““I)Z] mTF [Z(Aiq“iq)zl*o

Convergence to zero follows from Assumption 5.1 and 5.2.

For the second term, note that

14+v/2

E|(NT)! |Fo

1+v/2
= (NT)1+”/2 Z( KigA )1+V/2[E [Z 'pqt O'qt| Fo

2 2 2
- th) Z Kiquq
i

. )1+v/2 >0

1
> (]VT)—IHI/ZZ( lq

Where the first inequality follows from Assumption 5.6 and the second follows from Assumption

5.2 and 5.3. The third term has mean zero conditional on ¥, and variance

1 1 5
\/ﬂq (ﬁ Zi;Aiqpntiqt) (NT)Z Aq [ZZ O'CltAlq lqt] = (NT)2 Eiqt — 0
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Similarly, we show that

1 1
NT Z Z ZigtY it = NT Z Z KiqA%qUétﬁiq + 0p(1)
T Tt

First, note that

s
% Z Z ZigeY iy = % Z Z(Aiq pqt)(nit + Z XistBis)
i t i t s=1

- % Z zt:Aiqpqm” + % Z Z(Aiqpqt)xiqtﬁiq + % 2.2 2 (Aigbe)XisiBis
l L

i t s#q

The first term has mean zero conditional on #, and variance equal to

i

1 1 i 2
Va, (ﬁ Z ZAiqpqmit) = INTR Ea, [z Z a5t (Aigie) ]

< ﬁ[@zq [Z zt:(AiqUit)Zl -0

i
Asymptotic Distribution

Write the regression error associated to 3, as

e = Y it — XiqeBg = Nie + Xiqe(Big — By + O, XistBis

s#q
=7t + {Ofiq + xiq(AiDge) + Eiqt} (Big — By + Z XistBis
5#q
Nit + (aiq + Eiqt)(ﬁiq - ﬁq) + Kiq(Aiqpqt)(;Biq - Bq) + Z Xistﬁis

5%

From the consistency result, it follows that
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6 ﬁq (1 +o0 (1)) (NT Z Z qu th) X (% Z Z(Aiqpqt)Yit - Kl'inZqo-étBiq)
Tt
1 1
= (1+0,(1)) NT Zl: Zt: KigAy 93t | X (JW Zl: Z(Aiqpqt)(nit + sz::lXist,Bis) - KiinZqo'ét;Biq)

-1
= (1 + Op(l)) NT Z Z Klquq qt (NT Z Z(Alqpqt)uzt + (Alqpqt)qutﬁq Klquq qtﬁlq)

-1

1
= (1+ 0y(1)) NT Z Z KigAf, 04t
it

1
X (ﬁ Z Z(Aiqpqt)uit + (Aiqpqt)(aiq + Eiqt)ﬁq + KiinZq pczzt;gq - Kiinzqo'étﬁiq>
it

-1
1
=1+ Op(l)) (ﬁ Z Z Kiinzqo'ét>
i t
1 2 .2 2 2 2 2
X NT Z Z(Aiqpqt)uit + (Aiqpqt)(aiq + Eiqt);Bq + Kiinq pqtﬁq - KiinqO'qt(Biq - ﬁq) - Kiinqo'qtﬁq
i t

Note that — Z > Klquq 0at(Big — Bg) = 0 and hence, it follows that

-1
;8 Bq =1+ Op(l)) (NT Z Z KigAj th)

1
X (ﬁ Z Z(Aiqpqt)uit + (Aiqpqt)(aiq + giqt)ﬁq + KiinZq(p(zzt - Oét)ﬁq)
it

And therefore,

-1
VNT(E, - ﬁq>—(1+op<1>>(NTZlequq qt)

1
X (—\/m Z Z(Aiqpqt)uit + (AigPqt)(@iq + €igt)Bg + KiinZq(pét — Cfczlt)ﬁq)
it

-1
1 1
=(1+0,(1)) (— KigAZ 02 ) X (— (AigPa)Uis + 0 (1))
p NTZZ g iq-qt \/ﬁ;; lqeqt/= P
d
In order to prove the result, it suffices to show that ﬁ 22 2 (Aigpg)uie = N(O,V yr). We do

so by showing that the Lindeberg conditions hold, and thus the convergence in distribution follows

from the Lindeberg CLT.
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1
We decompose T Zi D> (AigDge)uir as

; Z Z(Aiqpqt)uit = ; z Z(Aiqpqt)nit + \/% Z Z(Aiqpqt)(aiq + Eist)(ﬁiq - Bq)
+ \/: Z Z Kig 1qpqt(61q ﬁq + \/T Z Z Z(Alqpqt)(azs + ElSt)ﬁlS

i t s#q
+ Z Z Z KlSAlSAlSpStpqtﬁlS
T it s#q

= \/’ﬁ Z Z(Aiqpqt)nit + \/—ﬁ Z ;(Aiqpqt)(aiq + gist)(ﬁiq - 5q)
+ ; Z Z Kiinzq(plet - Uéf)(ﬁiq - ﬁq) +—— \/N_ Z z Z(Alqpqt)(azs + €ise)Bis

i t s#q

+ T Z Z Z KisAisAisDst pqtﬁls = NT Z Z y(l) (2) (3) y(4) y(S)
i t s#q

DR

To show that the Lindeberg condition holds, it suffices to show that for some v > 0,

2+ /2
(NT)1+”/4 2 24 Eag [ ’ ] — 0.

The Lindeberg condition holds if

<NT>2 S 3 [(68) ] 0 g ST ke[ (52) ] - 0
(NT)1+V/4 Z Z 4, [(y(3))2+v/2] (NT)Z ZZ . [ y ] o
(NT)zzz ““q[y ]*0

The first follows from Assumptions 6.1 and 6.5. The second follows from Assumptions 5.1, 5.6, 6.1
and 6.5. The third follows from Assumptions 6.3, 6.4 and 6.5. The fourth follows from Assumptions
5.1, 5.6, 6.2 and 6.5. The fifth follows from Assumptions 5.1, 6.2 and 6.6. Therefore, it follows from
the Lindeberg CLT that

1 d
B Z Z(Aiqpqt)uit — N,V nT)
t

VNT

which concludes the proof.
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Inference under Heterogeneous Effects

For valid, yet conservative, inference under heterogeneous effects, it must be the case that

Zt pczltl/g\%

NT > vNT + Op(l)

In order to assess the conditions under which the inequality holds, note that

2
_ \/(Zt pqth|?0) _ Zt E [PétRﬂfo] 4 Zt;ét’ Cov (pqth’pqt’Rt’|f0) _ Zt E [Pqth|5to]

VT NT - NT NT NT
= D1 + DZ - D3
Note that

_ Zt#/ Uczltogt' Zi,j KiZqA?q(;Biq - ﬁ)KquA;}q(ﬁjq - ﬁq)

D
) NT ,
2
2 2
D, = Zt (Zz Kiinqut (Biq - ﬁq))
3T NT
And thus, in the case of homogeneous effects D, = D; = 0, the standard error estimator

consistently estimates D;. In order for inference to be valid, yet conservative, under treatment effect

heterogeneity, it must be the case that D, = o0,(1).

D Empirical application details

All data used in the empirical application come from publicly available sources: DATASUS'?
(mortality microdata from SIM, considering ICD-10 codes X86-Y09), Servico Geoldgico do Brasil'*
(mineral deposit locations), IBGE'® (municipal population), World Bank'® (international gold
prices), and MapBiomas'’ (machine-learning based satellite mining data).

There are 591 municipalities in the panel, observed between 2000 and 2022. Table 6 reports

summary statistics for the variables used. The average homicide rate is about 22 per 100,000

Bhttps://datasus.saude.gov.br/

“https://geoportal.cprm.gov.br/geosgb/
Bhttps://www.ibge.gov.br/estatisticas/economicas/contas-nacionais.html
https://www.worldbank.org/en/research/commodity-markets

https://mapbiomas.org/en/download-dos-atbds?cama_set_language=en
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inhabitants, with substantial cross-sectional variation and a long right tail. Mining activity is highly
concentrated: mean mining area is roughly 1 km?, with most municipality-years at zero and a small
number of locations with very large mines. The count of deposits and the price-exposure variable
Z;; display similarly skewed distributions. Figures 1 and 2 show the evolution of gold prices, mining
area, and homicide rates over time, illustrating the rise in gold prices was accompanied by an increase
in mining activity (which motivates the first stage) and in homicides in municipalities with more gold

deposits (which motivates the empirical analysis).

Table 6: Summary Statistics

Statistic N Mean St. Dev. Min Max

Homicide rate (per 100k) 13,593 22.38 27.47 0.00 658.32

Mining area (km?) 13,593 0.98 7.69 0.00 412.22
Gold deposits (count) 13,593 3.92 21.29 0 459
Gold price (USD/oz) 13,593  1,046.22 515.99 270.99 1,800.60
Price exposure Z 13,593 26.61 145.10 0.00 3,440.61

Note: This table reports summary statistics for the variables used in Tables 4 and 5. Statistics are

calculated over the full panel of 591 municipalities and 23 years.
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Figure 1: Gold Prices and Mining Area in the Brazilian Amazon

Average Gold Price Over Time
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(b) Average gold mining area over time.

Note: Panel (a) plots the average international gold price (USD per ounce) by year. Panel (b) plots the average gold
mining area (km?) across municipalities by year. Both series are computed from the same municipality-year panel

used in the empirical application.
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Figure 2: Homicides and Gold Deposit Intensity in the Brazilian Amazon

Average Homicide Rate by Gold Deposit Intensity
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Note: The figure plots average homicide rates per 100,000 inhabitants by municipality group, where groups are defined
by the number of gold deposits (no deposits, below-median deposits, and above-median deposits among municipalities

with positive deposits). Series are computed from the municipality-year panel used in the empirical application.
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