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1 Introduction

The global commodity price fluctuations—including periods of sustained price change known
as commodity super-cycles—have long been an important driver of economic activity in
emerging economies. A substantial literature documents their effects on output volatility and
long-run economic growth. Yet, how these booms affect productivity of commodity-exporting
countries remains unclear, with several potential mechanisms pointing in different directions.
Understanding these mechanisms matters for a large number of resource-dependent developing
countries, from copper and lithium exporters in Latin America and Africa to oil producers
in the Middle East. For these countries, whether commodity windfalls translate into lasting
productivity gains, rather than transitory income, shapes long-run development. These
questions are newly relevant as commodity markets appear to have entered a new super-cycle,
driven by the global energy transition and rising demand for critical minerals.

This paper provides micro-level evidence on how commodity booms affect firm produc-
tivity and resource allocation. We focus on Chile, a commodity-dependent economy that
experienced a striking pattern of productivity dynamics during the 2000s: the China-driven
commodity boom generated massive export revenue increases, yet aggregate mining sector
productivity declined sharply. Between 2005 and 2013, real mining total factor productivity
(TFP) fell by approximately 8 percent even after controlling for geological factors, while
non-mining sectors saw productivity gains (Figure 1 and A.1; De Solminihac et al., 2018).
This aggregate pattern contradicts both the traditional “scale effect” prediction—where rising
revenues could stimulate productivity by boosting investment or technological upgrading—and
the classical Dutch disease mechanism, which predicts productivity declines in non-resource
tradables rather than in the booming commodity sector itself (e.g., Corden and Neary 1982;
Corden 1984).

What micro-level mechanisms can explain this aggregate pattern?! We argue that the
answer lies in understanding how commodity booms interact with pre-existing distortions
in resource allocation and affect firm-level efficiency—dynamics that granular firm- and
worker-level data uniquely reveal. Chile offers an ideal setting for such an investigation due to

the availability of detailed administrative microdata. We construct a comprehensive firm-level

LA natural explanation for the aggregate decline is geological: higher commodity prices make lower-grade
deposits profitable, raising inputs per unit of output. This channel is far from negligible—unadjusted estimates
put the productivity decline at roughly 70 percent over the super-cycle (De Solminihac et al., 2018). But the
series we cite already nets out ore-grade deterioration, along with related geological margins (the waste-to-ore
ratio, pit slope) and the long gestation lag. The 8 percent decline we study is what remains after these factors
are removed.



Figure 1: Global Copper Price and Chile’s Mining TFP
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Notes. All series are expressed as ratios relative to the base year 2002. Global copper price is obtained
from the London Metal Exchange, and TFP estimates are sourced from the Chilean National Commission of
Productivity, which are obtained after controlling for geological factors such as ore grades, waste-to-ore ratio,
pit slope, and the long gestation period of capital investments. See CNEP (2017) for details (CNEP 2017).

dataset by merging multiple administrative sources: transaction-level customs data on export
and import prices (unit values) and quantities, firm-to-firm production networks capturing
domestic supply chains, matched employer-employee records tracking worker mobility and
wages, and administrative tax records on firm operations. This combined dataset, covering
from 2003 to 2013, allows us to trace how global price shocks affect within-firm productivity,
across-firm reallocation, workers, and propagation through supply chains at a highly detailed
level of granularity, thereby uncovering the mechanisms underlying the aggregate productivity
decline.

Our identification exploits differential price changes across commodity products, driven
by China’s WTO accession and rapid industrialization (Fernandez et al., 2023). We assign
these product-level price changes to firms using their pre-boom export shares. Because
Chilean commodity exporters are highly specialized, each firm’s shock is largely inherited
from its dominant product, so the identifying variation comes from differences across firms in
which product they specialize in, rather than from diversification within a firm’s own export
portfolio. To address a remaining concern about endogenous Chilean supply responses, we
use a leave-one-out instrument—Chinese import prices from all countries except Chile, an

approach common in the trade and labor literature (Autor et al., 2013)—which isolates the



China-driven demand component and lets us attribute differences in firm outcomes to the
commodity price shock itself.?

Our empirical analysis uncovers three key mechanisms through which commodity booms
affect productivity. First, we document that while more exposed commodity exporters
experience greater increases in revenues, material expenditures, and employment, they show
no differential improvement in revenue-based TFP (TFPR) or sales per employee. This null
effect persists across various production function specifications (including Cobb-Douglas,
translog, and Leontief forms) that allow for flexible returns to scale.® Since commodity price
increases likely raise firm-level output prices, an unchanged TFPR is consistent with declining
physical productivity (TFPQ), potentially reflecting deteriorating ore grades or input quality
as firms rapidly expand.? Moreover, these firms show no differential increase in domestic sales
or capital accumulation, suggesting that export revenues flow primarily into variable inputs
associated with exports rather than productivity-enhancing investments.

Second, we find evidence of labor misallocation across firms within the commodity sector:
firms respond differently depending on initial productivity—not because low-TFPR firms face
larger shocks, but because they expand more in response. Using matched employer-employee
data, we show that among more exposed firms, those with high initial TFPR (above-median
revenue productivity) do not differentially increase employment relative to less exposed high-
TFPR firms. In contrast, low-TFPR firms that are more exposed to the commodity shock
significantly expand their workforce relative to less exposed low-TFPR firms. This asymmetry
is not a selection effect: the correlation between shock exposure and initial TFPR is essentially
zero (-0.027). In addition, more exposed commodity exporters grow by hiring workers from
other firms in the same sector, with a disproportionate share coming from more productive
employers. This pattern of labor reallocation—from high- to low-productivity firms—provides
direct micro-level evidence of increasing misallocation. When combined with our finding that
more exposed exporters offer relatively higher wages, these results suggest that commodity
booms enable less productive but export-favored firms to poach workers from more efficient
producers, thereby reducing aggregate sectoral productivity.

Third, in contrast to the muted productivity response among commodity exporters,

we document positive productivity spillovers to upstream domestic suppliers. Using firm-

2We provide an argument and evidence that Chile is not a global commodity price setter and the law of
one price does not necessarily hold even at the disaggregated commodity level.

3Appendix B.4 provides a formal analysis of how decreasing returns to scale would manifest in measured
productivity under our baseline approach.

4This interpretation further assumes that firm-specific input prices do not rise as fast as the output price
increase.



to-firm transaction data, we construct measures of indirect exposure: firms that supply
commodity exporters but do not themselves export commodities. We find that suppliers with
greater indirect exposure (those more connected to commodity exporters) experience larger
increases in sales, employment, materials expenditure, and importantly, capital investment and
productivity—outcomes absent among directly exposed commodity exporters. This positive
spillover effect aligns with the observed productivity gains in Chile’s non-mining sectors
during the commodity boom (Figure A.1) and is consistent with demand-driven productivity
improvements documented in other contexts (Ilzetzki, 2024).

To interpret the first two empirical patterns and clarify the aggregate implications, we
develop a tractable theoretical framework. Our model features a small open economy with
heterogeneous firms facing two distortions. First, firm-specific export wedges capture differ-
ential access to foreign markets (arising from subsidies, other differential policies, historical
relationships, or others) that allow some firms to export more easily than others, regard-
less of their underlying productivity. Because such a wedge could be read as reduced-form
heterogeneity rather than a real distortion, we discipline it in two ways: we provide three
microfoundations, and we measure a concrete policy component directly from administrative
data and show it moves firm behavior in the direction the mechanism requires (Section 6.4.2).
Second, we model the labor market as oligopsonistic. Firms’ wage-setting power generates
firm-specific labor wedges, letting the model reproduce the wage increases and labor poaching
we document in the data.

In this environment, a uniform increase in commodity demand has asymmetric effects
across firms. Consistent with our empirical findings, the mechanism operates through dif-
ferential sensitivity: firms with larger export wedges expand disproportionately, drawing
labor and materials away from more productive but less export-favored competitors. This
reallocation exacerbates misallocation: resources shift toward firms that generate high rev-
enues due to privileged market access rather than superior technology. The model shows
that aggregate sectoral productivity—properly measured as the output-weighted average
of productivities—can decline even as output and employment rise. The framework also
explains our empirical findings on labor reallocation and wage premia: in an oligopsonistic
labor market, expanding low-productivity firms must offer higher wages to attract workers
from more productive employers, generating the “poaching” patterns we observe in the data.

We calibrate the model to match key moments from Chilean administrative data, including
export shares, sales dispersion, and export intensity variation across firms. Without targeting

any of our firm-level regression coefficients, the calibrated model reproduces the muted



productivity response and the disproportionate employment expansion among low-TFPR
firms, both close to their empirical counterparts. These coefficients identify differential
responses across firms that differ in exposure and initial productivity, net of the common
boom absorbed by the intercept, and validate the reallocation mechanism at the firm level.
Taking the same calibrated model to the aggregate level, we simulate a commodity boom
comparable to Chile’s experience. The resulting reallocation toward low-TFPR firms lowers
sectoral productivity by 3.94 percent, roughly half of the 8% TFP decline documented by CNEP
(2017). The remaining gap likely reflects factors outside our parsimonious framework, such as
capacity constraints in mining capital investment, within-firm productivity slowdown due to
declining ore grades, or other sector-specific shocks and frictions. Our results demonstrate that
the misallocation channel, operating through the interaction of export distortions and labor
market power, can quantitatively explain a substantial portion of the aggregate productivity

decline.

Literature Review. This paper contributes to several strands of literature. First, it adds
to research on commodity price shocks and economic performance in small open economies
(SOEs), which documents that many SOEs are highly sensitive to fluctuations in commodity
prices. A central debate in this literature often concerns whether terms-of-trade shocks are
key drivers of business cycle dynamics (Mendoza, 1995; Schmitt-Grohé and Uribe, 2018;
Fernandez et al., 2023). There are multiple channels through which commodity price shocks
affect the aggregate economy, including wealth effects that benefit non-exporters more and
low-tradability industries (Corden and Neary, 1982), a sovereign risk premium channel that
affects borrowing costs (Shousha, 2016; Drechsel and Tenreyro, 2018), a wage channel that
increases the cost of less skill-intensive industries and induces labor reallocation across sectors
(Benguria et al., 2024a), and a banking sector liquidity channel that amplifies real responses
(Toma and Cuba, 2024). Another recent literature quantifies the economic consequences
of commodity super-cycles (Reinhart et al., 2016; Alberola and Benigno, 2017; Fernandez
et al., 2017; Kohn et al., 2021; Gonzalez, 2021). Across this work, the focus is on aggregate
and cross-country outcomes rather than on how a boom reallocates resources across firms
within a sector. We use firm-level data to open that question, and find that pre-existing
export distortions can channel inputs toward low-TFPR firms and lower the booming sector’s
productivity even as revenues surge.

Second, the paper also adds to the recent literature that studies the transmission of

commodity price shocks using disaggregated data. For example, Benguria et al. (2024a)



analyzes the transmission of commodity price super-cycles in Brazil by focusing on regional
variations and identifying wealth and cost channels through which these cycles affect local
economies. Benguria et al. (2024b) extends this analysis to study spatial linkages, documenting
substantial heterogeneity in how commodity booms affect workers across regions and skill levels,
with inter-regional trade and migration playing crucial roles in the transmission. Similarly,
Allcott and Keniston (2018) studies oil and gas booms in the United States, finding that
manufacturing grows through upstream linkages rather than being crowded out—contradicting
the classical Dutch disease prediction for non-resource tradables. Silva et al. (2024) investigates
how commodity price shocks propagate through upstream and downstream linkages, affecting
sectoral outputs and prices in SOEs. Amodio et al. (2025) use firm-to-firm transaction data
to trace how a surge in Chinese beef demand propagates across sectors in Uruguay, finding
sizable indirect gains in services linked to the export value chain. Taken together, these studies
find that commodity booms propagate across regions and sectors, lifting output, wages, and
producer prices in connected parts of the economy. We document a more troubling possibility
within the booming sector itself: the same demand expansion that lifts firms downstream
depresses productivity at its center, as inputs flow toward low-TFPR firms.

Third, we relate to the literature on misallocation and productivity. Following Hsieh
and Klenow (2009)’s influential framework, numerous studies have documented substantial
productivity losses from resource misallocation across firms (Oberfield, 2013; Restuccia
and Rogerson, 2017; Adamopoulos et al., 2022; Heise and Porzio, 2022). A key question
is how aggregate shocks reshape misallocation. Larrain and Stumpner (2017) and Bau
and Matray (2023) show that positive shocks can reduce misallocation when they relax
binding capital constraints on productive firms. We show how positive external shocks can
instead ezacerbate misallocation within the booming sector itself, where pre-existing export
distortions channel inputs toward low-TFPR firms.® This perspective builds on Gopinath
et al. (2017), who document that capital inflows in Southern Europe flowed to high-net-worth
but low-productivity firms, reducing aggregate TFP. While their mechanism operates through
selection, ours operates through differential sensitivity: low-TFPR firms do not face larger
commodity shocks but respond more strongly to common shocks. Our perspective relates

to Bai et al. (2024), which demonstrates that trade liberalization can worsen misallocation

SExamining a commodity boom in Chile, Weinberger (2020) and Heresi (2023) use firm- and industry-
level data to show that the accompanying real exchange rate appreciation reallocates resources within
manufacturing toward less productive firms, lowering its measured productivity. In Heresi’s setting this reflects
efficient adjustment to the higher cost of capital rather than a worsening of distortions, in contrast to the
distortion-driven mechanism we identify within the booming sector.



by disproportionately selecting subsidized, less efficient firms into exporting, contributing
to emerging evidence that gains from trade can be muted in second-best environments
(Choi, 2025; Berthou et al., 2020). While their mechanism largely operates on the extensive
margin (which firms become exporters), ours operates on the intensive margin, showing how
commodity demand shocks induce differential expansion among existing exporters.

Lastly, our paper adds to research on how firm-level demand shocks affect productivity.
lzetzki (2024) shows that firms facing capacity constraints experience productivity gains
following government purchase shocks. Atkin et al. (2017) finds that gaining export market
access enhances firm-level productivity in Egyptian manufacturers. Aghion et al. (2024)
documents that French firms respond to export demand shocks by increasing innovation,
particularly among initially more productive firms. In contrast to these findings in manu-
facturing, we document that commodity exporters do not improve productivity following
demand shocks, instead channeling revenue gains into inputs without efficiency improvements.
However, we find that upstream suppliers to commodity exporters do experience productivity
gains, consistent with this literature, suggesting that the muted response among commodity
exporters reflects sector-specific distortions rather than a departure from established mecha-
nisms. This distinction highlights important heterogeneity in how different sectors respond to
demand expansions.

The remainder of the paper is structured as follows. Section 2 provides background on
Chile’s commodity dependence and the China-driven boom. Section 3 describes the data and
key features. Section 4 outlines our empirical strategy. Section 5 presents empirical results on
direct and indirect effects. Section 6 develops the theoretical framework and quantifies the

misallocation channel, and Section 7 concludes.

2 The China-Driven Global Commodity Boom: Context
for Chile

The role of commodities in Chile’s economy. Chile’s economy is heavily dependent on
commodity exports, with mining products consistently accounting for over 50 percent of total
exports during the 2000s. This dependence, combined with China’s emergence as a global
economic power following its WTO accession in 2001, created a natural experiment: Chile
faced a massive external demand shock that was plausibly exogenous to domestic economic

conditions.



Chile’s mining sector exhibits substantial heterogeneity across firms and deep integration
with domestic supply chains. The sector includes a mix of large state-owned and multinational
mining companies alongside smaller private operators, varying widely in productivity, energy
use, and capital and export intensity, even among firms operating under comparable geological
conditions.® Firms differ in their product specialization—some focus on copper concentrate,
others on refined copper or copper alloys—and in their geographic markets, with some firms
exporting predominantly to China while others serve diverse destinations.

Beyond these direct exporters, the mining sector is deeply integrated with Chile’s domestic
economy through supply chain linkages. According to the 2010 Input-Output table, mining was
the largest purchaser of intermediate inputs from domestic suppliers—including specialized
equipment and machinery, transportation services, construction materials, and business
services. This combination of firm heterogeneity among commodity exporters and extensive
domestic production networks provides rich variation for understanding how commodity

shocks propagate through the economy.

Figure 2: Copper Market Dynamics: Chinese Demand, Global Prices, and Chile’s
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Commission. All series are expressed as ratios relative to the base year (2003).

6In 2015, the most efficient operation required just 43 labor hours per kiloton moved, while the least
efficient needed 115 hours—nearly three times as much (CNEP, 2017).



The commodity boom and aggregate patterns. Figure 2 illustrates the magnitude
and nature of Chile’s commodity boom experience in the early 2000s. Panel A shows that
global copper prices nearly tripled between 2003 and 2011. This price surge coincided with a
rapid increase in China’s copper imports following its WTO accession in 2001, as the country
undertook massive infrastructure development and urban construction programs (Fernandez
et al., 2023). As a major copper exporter, Chile was heavily exposed to this demand shock.

Panel B reveals a striking pattern: while the value of Chilean copper exports surged
alongside prices, production volume remained nearly flat. Copper production grew by only
20 percent during this period, even as export revenues more than tripled. This modest
output expansion required disproportionate increases in inputs—energy use rose 79 percent,
employment increased 157 percent, and capital stock grew 178 percent—roughly an eightfold
increase relative to what would be expected under constant productivity.

This input-output pattern points to deteriorating productivity at the aggregate level.
Indeed, Chile’s National Productivity Commission (CNEP, 2017) documented that mining
sector total factor productivity (TFP) declined by approximately 8 percent between 2005
and 2013, averaging roughly 1 percent per year, even after accounting for two sector-specific
factors: declining ore grades as easier deposits were exhausted, and the long gestation lags
associated with mining capital investments. The fact that TFP fell substantially even after
these adjustments suggests that other mechanisms must be at work.

These aggregate observations reveal an intriguing disconnect: a large and sustained
positive price shock, driven by surging external demand, coincided with stagnant production
and falling sectoral productivity. This divergence suggests that the China-led commodity
boom may have acted as a large exogenous demand shock with adverse implications for mining
TFP in Chile.

However, identifying the impact of a shock and its underlying mechanisms at the
aggregate level poses significant challenges. Reverse causality and concurrent macroeconomic
events (such as shifts in interest rates, credit expansion, or industrial restructuring) confound
identification. In addition, aggregate data masks important within-firm dynamics and between-
firm reallocations that affect aggregate productivity outcomes. To address these limitations,
we turn to administrative microdata that enable the construction of firm-specific shocks and
the detailed analysis of within- and across-firm dynamics. We describe the dataset in Section

3 and outline our identification strategy in Section 4.



Chile’s Role in the Global Copper Market. One might worry that Chile, as a major
copper producer, could influence global prices, which would complicate identification. However,
Chile contributed less than 25 percent of global exports in 2003, insufficient to unilaterally
influence global prices.” In contrast, China’s share of global copper consumption exceeds 50
percent, highlighting its dominant role in driving the global commodity boom. In addition,
copper is a globally traded commodity with prices determined in international markets, where
Chile faces competition from numerous other producers. Moreover, China’s copper imports
from Chile represent only a fraction of China’s total copper consumption; China also imports
substantial quantities from other countries and produces domestically. These observations,
together with statistics and tests at the firm-product level in Section 4, provide the foundation

for our identification strategy.

3 Data

Our analysis uses microdata to trace how commodity price shocks affect firm-level produc-
tivity and resource allocation. We construct a comprehensive database by merging several
administrative datasets from Chile’s Internal Revenue Service (IRS) with international trade
data. The result is a rich micro-level view of firm behavior, labor dynamics, and supply chain
interactions in a commodity-dependent economy.

The administrative datasets cover all firms and employees in Chile’s formal sector since
2004. Each firm and individual receives a unique tax ID, which allows us to link observations
across data sources. Following Huneeus (2018), we define a firm as a tax ID.® Our final merged
sample spans 2003 to 2013 and includes firms with positive sales and material costs and at

least one employee.

Firm-Level Administrative Tax Records

Our dataset draws on comprehensive firm-level administrative records from Chile’s IRS. We
use two primary tax forms that provide detailed financial and operational information. Form
F22 reports annual information, including fixed assets, the main 6-digit industry classification
(adapted from ISIC by the Chilean IRS), and headquarters location. Form F29 includes

"Unlike oil, the copper market does not have a centralized producer cartel like OPEC or a strategic stock-
piling mechanism. Global copper producers operate independently, and there is no institutional coordination
to manage supply or influence prices.

8Plant-level information is not available in this dataset. As noted by Huneeus et al. (2021), firms may
have multiple tax IDs, but we cannot observe firm ownership.

10



monthly data, which we aggregate to the annual level, covering domestic sales, exports,
domestic and imported material goods expenditures, and investments. Because these forms
cover all formal firms, we can observe the universe of formal-sector activity without the

sampling biases inherent in survey data.”

Firm-to-Firm Transaction Data

A particularly valuable feature of our dataset is the detailed firm-to-firm transaction data
(Form F3323), available from 2004 to 2010. This source maps Chile’s domestic production
network by recording buyer and seller tax IDs along with transaction years and values for each
supplier-customer relationship. Firms with total intermediate goods expenditures exceeding
approximately USD 390,000 must report a complete list of suppliers and buyers each year
after meeting this threshold once. These reporting firms account for roughly 80 percent of
Chile’s total value added (Huneeus, 2018).

This network data allows us to identify which firms supply commodity exporters, measure
the strength of these supply chain linkages, and quantify indirect spillovers from commodity

exporters to their upstream partners.

Employer-Employee Matched Data

We also use employer-employee matched data (Form DJ1887) to analyze labor market dynamics
and worker reallocation. This dataset links every formal-sector employee to their employer
via unique tax IDs and provides monthly information on total labor income, including wages,
salaries, bonuses, tips, and other taxable compensation.

We aggregate the data to the annual level and use it to track how workers move across
firms and how labor gets reallocated across firms with different productivity levels. Because we
observe individual workers over time, we can identify job switchers, measure the productivity
of their origin and destination firms, and test whether commodity exporters differentially
attract workers from high- versus low-productivity competitors. This perspective is important

for understanding labor misallocation.

9Chile’s informal sector is relatively small by Latin American standards, and our analysis focuses on
commodity exporters and their suppliers—firms that are virtually all formal due to export documentation
requirements and the scale of transactions involved.

11



International Trade Data (Customs, BACI, WITS)

We combine the domestic administrative records with three international trade datasets
crucial for identifying exogenous shocks and measuring firms’ external exposure and export

responses.

Customs data. Provided by the Chilean Customs public agency, this transaction-level data
includes firm tax IDs, destination and origin countries for exports and imports, transaction
values, and 6-digit HS product codes. This highly disaggregated information is essential for
constructing each firm’s initial export basket and measuring exposure to product-level global
commodity price changes. Note that we are only permitted to match the specific exposure
share utilized in Section 4 to the firm data and cannot utilize other variables from the Customs

data.'?

BACI data. Published by CEPII, BACI is a cleaned version of UN Comtrade data with
information on global trade flows at the product-country-month level (Gaulier and Zignago,
2010). It includes exporting and importing countries, year, 6-digit HS code, month, transaction
value, and quantity. This global trade data lets us construct product-level price changes—
both Chilean export prices to China (our baseline measure) and Chinese import prices from
countries other than Chile (our instrumental variable), which isolates price variation unrelated

to Chilean firm behavior.

WITS data. Tariff information is sourced from the World Integrated Trade Solution (WITS)
database published by the World Bank. This dataset provides comprehensive tariff rates,
including Most Favored Nation (MFN) applied rates for China in 2003 as well as China’s
preferential tariff rates applied to Chile in 2011 under the Chile-China Free Trade Agreement.
We use all tariff figures as Ad Valorem Equivalent (AVE) percentages, which convert specific
duties into a comparable value-based format and allow for consistent analysis of trade barriers
over time and across policy regimes. We use this data to examine the Law of One Price

relationship in Section 4.3.

10Customs data is maintained separately from the IRS administrative data. To satisfy confidentiality
requirements, we aggregated product-level prices by destination (China vs. other countries) and anonymized
firm identifiers before matching the exposure measure to the IRS firm data.

12



Sample Construction and Key Products

We merge all datasets using common firm tax IDs. Following the cleaning procedures in
Huneeus (2018), we keep only firms with positive sales, positive material costs, at least one
employee, and a non-missing industry classification. This merged dataset covers a substantial
portion of Chile’s formal economy and supports a detailed, multi-faceted analysis of how
commodity price booms affect firms.

Our analysis specifically focuses on 83 commodity products that are actively sold from
Chile to the global economy and are also demanded by China from third countries (excluding
Chile). This selection ensures that our firm-specific shocks are directly relevant to the Chilean
commodity sector’s exposure to global demand shifts. The 83 products span copper products
(refined copper, copper ore, copper concentrates, copper alloys, copper wire), other metals
(molybdenum, iron ore), agricultural commodities (fresh fruit, wine, fishmeal, wood products),

and industrial minerals (lithium, iodine, sodium nitrate).

4 Empirical Strategy and Identification

This section details our empirical strategy to identify the impact of global commodity
demand on Chilean firms. Our identifying variation comes from differential changes in global
commodity prices across granular products, which firms inherit through their initial export
specialization. Micro-level data are particularly useful in this context: even for a globally
significant commodity like Chilean copper, individual firms and products account for small
shares of the global market, allowing us to isolate the China-driven demand shock from other
confounding factors. We detail the construction and measurement of our key variables and

explain how our identification approach addresses endogeneity.

4.1 Regression Specification

Our empirical strategy estimates the impact of commodity price shocks on firm-level outcomes

using the following regression specification:
y]’i :ﬁo—i—ﬁlshockf—i-X}fy—i-ef. (1)

The dependent variable, y?, represents the growth rate of firm f’s outcome (Yy) over 2005~

2013, defined as y} = % Following the literature on firm dynamics (e.g., Davis
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et al., 1998), this growth rate is symmetric around zero and bounded between -2 and 2,
mitigating outlier influence without requiring arbitrary winsorization. We examine growth
rates for various outcomes, including exports, domestic sales, material expenses, number of
employees, sales per employee, investment, and productivity, as well as measures related to
worker mobility, such as the share of workers moving between firms with specific characteristics.
Our key independent variable, shocky, measures the firm-specific commodity price shock
between 2003 and 2011, constructed as detailed in Section 4.2. We measure outcomes over
20052013 to allow a two-year lag for firms to adjust their operations in response to price
changes observed during 2003-2011.

This long-difference specification is designed to capture the cumulative, long-run effects
of the commodity boom.'* For our two-period panel (2003-2011 for the shock, 2005-2013 for
outcomes), the long-difference approach is econometrically equivalent to including firm fixed
effects, differencing out time-invariant firm characteristics that might correlate with both
export exposure and outcome growth. The intercept [, absorbs aggregate trends common
to all firms over this period, such as economy-wide macroeconomic shocks or technological
changes. The coefficient of interest, 1, thus identifies the differential impact of firm-specific
commodity price shocks on outcomes, conditional on firm-level controls in Xjy.

Our identification of f; relies on constructing an exogenous export shock variable based
on two components: (i) firm-level export shares across products and destinations in the initial
period, and (ii) subsequent changes in Chinese import demand for each product from third
countries (i.e., excluding Chile). Identification holds if either the product-level price shifts are
exogenous to individual Chilean firms (which our leave-one-out IV ensures by using Chinese
imports from third countries) or firms’ initial export shares are uncorrelated with unobserved
growth determinants. We primarily rely on the former and provide a detailed discussion of
the shock construction and instrument validity in Section 4.2.

Our control variables X include 2-digit industry fixed effects, allowing us to compare
firms within major sectors rather than relying solely on cross-sector variation. These fixed

effects ensure that we compare, for example, a firm primarily producing copper products with

I An alternative approach would use a panel model with annual observations and firm fixed effects. However,
this introduces complications our framework avoids: (i) annual specifications primarily identify short-run
elasticities, which can misrepresent cumulative long-run impacts if effects materialize gradually over time;
(ii) recent difference-in-differences literature (De Chaisemartin and d’Haultfoeuille, 2020; Dube et al., 2023)
highlights issues like units ’shifting from treatment to control over time’ and 'negative weighting’ problems
where heterogeneous treatment effects and varying intensity can lead to misleading average treatment estimates;
and (iii) firm fixed effects provide limited control for time-varying unobservables that may confound the
relationship between commodity shocks and firm outcomes over the boom period.
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other copper producers rather than with firms from unrelated industries. In addition, we
control for the firm’s initial commodity share to account for differences across firms in exposure
intensity. Standard errors are clustered at the 4-digit industry level in all specifications. Results

are also robust to controlling for initial firm size measured by sales or employment.

4.2 Global Commodity Product Price Changes

To construct firm-specific shocks from global commodity price movements, we calculate a
weighted average of the relevant product-level price changes experienced by each firm. These
underlying product-level price changes, denoted A ln P,, are consistently defined across both
our baseline regressor and instrumental variable (IV) specifications. Specifically, we restrict
our analysis to commodity products and the 2003-2011 period.*?

We focus on commodities—primary goods ranging from industrial metals to agricultural
products—because their prices are predominantly determined by global supply and demand
forces and traded on international exchanges, representing a largely exogenous shock to
individual Chilean exporters. Furthermore, commodities are highly standardized, mitigating
confounding factors related to product differentiation or firm-specific quality variations. This

allows for consistent comparisons of firm responses to external price changes.

Direct Regressor: Chilean Export Prices to China. For our direct baseline regressor,

we define P, as Chilean export prices to China. The price change is calculated as:
Aln PE* = 1n Py, — In Py, (2)

where Pp(;tL is the price of product p (defined at the 6-digit HS level) exported from Chile to
China at time t. This measure exploits China’s rapid increase in commodity demand driven
by accelerated industrialization and WTO accession in 2001. Importantly, the resulting global
commodity boom did not affect all products equally; instead, our key identifying variation
stems from the sharp, differential price changes across products rather than uniform increases
(see Figure A.2).

12The 2003-2011 period captures the main phase of the China-driven commodity boom. While some "China
shock" studies begin from 2000, our 2003 start date aligns with the boom’s onset and captures a substantial
and differential global commodity price surge. Our choice is also consistent with related work such as Bai and
Stumpner (2019), who begin from 2004.
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Instrumental Variable: Chinese Import Prices from Other Countries. A potential
concern with our baseline measure is that product-level price changes may partly reflect
Chilean firms’ supply decisions if they possess market power in specific product categories.
To address this endogeneity concern, we construct an instrumental variable based on Chinese
import prices from countries excluding Chile, following a strategy similar to that in Autor
et al. (2013). Specifically, this instrument is defined as:

Aln BT = In Py — In Pyt 3)

where Plg?tT represents the Chinese import price of product p from countries other than Chile
at time ¢. By using import prices from third countries, this instrument purges the influence
of Chilean supply decisions and isolates the exogenous component of Chinese demand for

commodity products.

4.3 Connection to the Law of One Price and IV Relevance

The Law of One Price (LOP) posits that identical goods should have the same price across
locations, absent trade frictions. In our context, perfect LOP would imply A ln PP¥=AIn POT—
that is, Chilean export prices to China move one-for-one with Chinese import prices from
other countries. If LOP held perfectly, our instrument would simply replicate the endogenous
regressor, offering no independent variation for identification. Conversely, zero correlation
would violate instrument relevance. Therefore, a significant but imperfect correlation, driven
by deviations from perfect LOP, is essential for the validity and relevance of our instrument.
These deviations typically arise from various trade frictions, including tariffs, non-tariff
barriers, transportation costs, distribution markups, and residual product differentiation
within detailed HS codes.

Table 1 presents our empirical investigation of the LOP relationship and tests instrument
relevance. The dependent variable is the change in the log of Chilean export prices to China
(Aln Pgpje) and the independent variable is the change in the log of Chinese import prices
from other countries (Aln POT).

Column (1) shows a statistically significant coefficient of 0.45, substantially less than 1,
confirming that LOP does not hold perfectly while maintaining instrument relevance. Columns
2-3 reveal that tariffs drive this deviation: pass-through is strong (0.70) for zero-tariff products
but insignificant (0.13) for products with positive tariffs, indicating that tariffs effectively

break the price linkage. Results are robust to controlling for initial tariffs (Columns 4-6).
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Table 1: The Law of One Price Investigation

Chilean log export price to China, 2003-11

(1) (2) (3) (4) (5) (6)
Aln POT 0.45* 0.70™* 0.13 0.44"* 0.69"* 0.19
(0.12)  (0.20) (0.13) (0.12) (0.21) (0.13)

initial tariff -0.00 -0.00 0.01
(0.01)  (0.01) (0.01)

2011 tariff = 0 v v

2011 tariff # 0 v v

F-stat 14.5 11.6 1.1 7.7 5.7 1.0

r2 0.1 0.3 0.0 0.1 0.3 0.0

Observations 83 28 55 83 28 59

Notes. Dependent variable is the change in log Chilean export prices to China (2003-2011). Independent
variable is the change in log Chinese import prices from other countries. Columns 2-3 split by 2011 tariff
status; Columns 4-6 add initial (2002) tariff as control. Robust standard errors in parentheses. * p < 0.10, **
p < 0.05, *** p < 0.01.

4.4 Firm-level Commodity Price Shock Construction

We assign the product-level price changes to firms using each firm’s 2003 export shares.
Because the median commodity exporter earns 93% of its export value from a single 6-digit
product, this firm-level shock is essentially the price shock of the firm’s dominant product

(Appendix A.2). The firm-level commodity price shock (shock];é) is:

shock’} = Z wprAln Plf : (4)

peC

Here, Aln P[f“ represents the price change for product p (either baseline k =CL or IV k£ =0T
from Section 4.2), C denotes the set of commodity products, and w,s is firm f’s initial export
share of product p in 2003, calculated as firm f’s exports of product p relative to its total
exports across all products. We control for the initial share of non-commodity products in
firm exports to account for diversification across product lines.

To ensure shock exogeneity, its construction is carefully decoupled from potentially
endogenous firm trade decisions in two ways. First, w, reflects the firm’s product specialization
across all export destinations, not solely exports to China. Second, the shock is assigned to all
firms that exported at least one product China imported in 2003, regardless of whether the
firm itself exported to China. This inclusive definition ensures that the firm’s exposure reflects

the global nature of commodity price movements, rather than its pre-existing, potentially

17



endogenous, bilateral trade relationship with China.

Chilean commodity exporters are, individually, highly specialized: the typical firm earns
almost all of its export revenue from a single 6-digit product (Figure A.3). The firm shock
therefore decomposes into the price shock of the firm’s dominant product, which varies across
firms by which product they specialize in, and a smaller within-firm component from the
firm’s remaining products. The first part accounts for most of the variation—among copper
producers, a firm specializing in refined cathodes faced a sharper price increase than one
specializing in unwrought copper—so identification is driven largely, though not exclusively,
by across-firm differences in specialization rather than within-firm portfolio diversity. A shock
built from each firm’s dominant product alone is almost perfectly correlated with the baseline

and yields similar effects on firm outcomes (Appendix A.2).'?

4.5 Firm-Level Market Power and Shock Exogeneity

A fundamental premise of our identification strategy is that individual Chilean firms cannot
significantly influence Chinese import prices from other countries (A ln PI?T), which form
the price component of our instrument. This implies that their supply decisions for specific
products cannot significantly impact these reference global prices, either because the product
itself has a limited global market share, or the individual firm is small within that product’s
market (or both). This assumption is crucial for ensuring the exogeneity of the firm-level
shock constructed using initial product shares, as it prevents reverse causality where Chilean
firm actions might directly affect the instrument’s price component.

Table 2 provides evidence that Chilean firms have limited market power in global
commodity markets. At the firm level (Panel A), the median firm accounts for essentially
zero percent of global exports in its product category, while even the largest firms average
only 5%. At the country level (Panel B), Chile supplies just 8% of global exports on average,
alleviating concerns that Chile could unilaterally influence world prices. Most critically for our
identification strategy, Panel C shows that individual Chilean firms have negligible influence
on Chinese import prices from third countries—the key component of our instrument. The
median firm accounts for effectively zero percent of China’s imports, while even the largest

firms average just 7%.'* These patterns support the exogeneity of our identification strategy.

3Because commodity exporters are nearly single-product, a firm’s 4-digit industry coincides with its
export product, so clustering at this level groups firms by the shock they load on—the conservative inference
recommended for shift-share designs (Adao et al., 2018; Borusyak et al., 2022). See Appendix A.2.

M Appendix A.3 provides further evidence showing that copper exporters also have limited market share
individually.
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Table 2: Chilean Firm and Product Export Shares

Variable Obs Mean Std. Dev. P10 P50 P90

Panel A: Individual Firm Level
median Chilean firm’s share of global exports 83 0 0 0 0 0
max Chilean firm’s share of global exports 83 .05 .09 0 01 .15

Panel B: Country Level

Chilean share of global exports 83 .08 A1 0 04 24
Chilean share of Chinese imports 83 A1 19 0 03 .34
Panel C: Firm Influence on Chinese Imports

median Chilean firm’s share of Chinese imports 83 0 .02 0 0 0
max Chilean firm’s share of Chinese imports 83 .07 14 0 01 .22

Notes. Statistics summarize 83 commodity products in 2003. Panel A: Chilean firm shares in global exports.
Panel B: Chile’s aggregate shares in global exports and Chinese imports. Panel C: Chilean firm shares in
China’s total imports. Here, “median” and “max” refer to the median and largest Chilean firm by export
value within each product. All shares calculated as firm (or country) exports divided by relevant global or
Chinese import total.

A separate, time-series concern is that more exposed firms might have been on differential
pre-trends before the boom. Two features limit this: the boom’s onset in the early 2000s is
sharp and externally driven by China’s accession, and exposure is uncorrelated with firms’
initial productivity (the correlation of the shock with initial TFPR is —0.027), so exposed

firms are not a pre-selected group.!®

4.6 The Effects on Upstream Firms

The commodity exporters in Chile are largely supplied by other domestic firms.'® Indeed,
commodity exporters account for approximately 30% of the total revenues of these upstream
suppliers. Utilizing unique firm-to-firm transaction-level data, we construct a measure of
these upstream firms’ indirect exposure to the export shock experienced by their commodity-
exporting customers. The key idea is that upstream firms that initially sold more to commodity-
exporting firms experiencing a larger commodity price boom would subsequently face a greater
increase in demand and revenue, assuming that commodity firms increase their demand for

intermediate (material) inputs in response to the positive shock. Formally, we define the

15A fully dynamic event study across the pre-boom period would require firm-level export data before 2003,
which our customs sample does not cover.

16 As discussed in Section 2, these include firms providing equipment, transportation, energy, and business
services to commodity exporters.
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indirect shock for an upstream non-commodity sector firm ¢ as:

indirect shock; = Z wis - shocky, (5)

f€customers of 4

where w;; denotes the share of non-commodity sector firm i’s sales to commodity firm f in
firm 4’s total sales, and shocky is the direct commodity price shock faced by the commodity
firm f. For shocky, our main regressor is the weighted average of Chinese commodity product
import prices from Chile, and the instrumental variable is the weighted average of Chinese

import commodity product prices from countries other than Chile.

5 Results

This section presents our empirical findings on how commodity price shocks affect commodity-
exporting firms and cross-firm resource allocation. We begin by documenting the direct,
reduced-form effects on commodity-exporting firms, demonstrating that while these firms
experience significant scale expansion in exports and variable inputs, this growth is not
accompanied by productivity gains or sustained capital investment (Table 3). We then
investigate mechanisms underlying the observed productivity decline (Figure 1), showing how
the commodity boom leads to a reallocation of labor towards less productive firms within the
commodity sector itself, with low-revenue-productivity firms expanding their workforce, partly
by attracting workers from more productive counterparts (Table 4). Finally, we document a
contrasting pattern of productivity growth in non-commodity sectors, demonstrating that
positive shocks propagate through domestic supply chain linkages to significantly improve the
productivity of upstream firms (Table 5), consistent with the productivity gains observed in

other sectors (Figure A.1).

5.1 Firm-level Outcomes

Table 3 presents our primary empirical findings on how commodity price shocks directly
affect the operational adjustments and performance of commodity-exporting firms. The
table reports results from both Instrumental Variable (IV, our preferred specification) and
OLS across six key outcomes: exports, employment, materials expenditure, capital stock,

productivity, and domestic sales. All measures are directly observable in the data except for
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Table 3: Commodity Price Shocks and Firm-Level Outcomes

(1) (2) 3) (4) () (6) (7)
Exports Employees Materials Capital ~TFPR  Sales/emp.Domestic
Sales

Commodity price shock

1V estimates 0.767***  0.403*  0.575***  _-0.331 -0.024 -0.026 0.062
(0214)  (0.205)  (0.142)  (0.237)  (0.148)  (0.179)  (0.238)

OLS estimates 0.240%  0.077  0.147%*  -0.055*  0.024  -0.046  -0.052
(0.133)  (0.062)  (0.064)  (0.032)  (0.020)  (0.029)  (0.071)

N. of obs. 758 829 828 683 682 829 808
N. of clusters 129 83 83 78 78 83 83
First-stage F-stat. (IV) 42.4 14.8 14.6 13.7 13.3 19.3 14.5

Notes. This table reports the results from Equation (1). The dependent variables are the DHS growth rates
of exports, employees, materials expenditure, capital stock, TFPR, sales per employee (Sales/emp.), and
domestic sales (D. Sales), respectively. All regressions control for 2-digit industry fixed effects, and standard
errors are clustered at the 4-digit industry level. Export is measured in Customs data as export value, and
all other outcome variables are measured using firm-level administrative data. Regressions are weighted by
export values for exports, by total sales for employees, domestic sales and materials expenditures. IV and
OLS estimates use the same sample for each outcome. * p < 0.10, ** p < 0.05, *** p < 0.01.

firm-level productivity, which is constructed as a Solow residual:
log tfpr,;, = logyje — aloglyje — Bjlogmyj — (1 —o; —Bj)logkyj

where subscripts denote firm (f), sector (j), and time (¢), and y, [, m, and k represent output,
labor, material, and capital, respectively.!” In our main specification, the sector-level output
elasticities, a; (for labor) and f; (for materials), are derived from the average ratio of wage
bills to gross output and material expenditures to gross output, respectively, at the sector-year
level, assuming constant returns to scale. Since we do not observe firm-level price data—a
limitation common to most firm-level datasets—we follow standard practice in measuring
productivity (such as Hsieh and Klenow, 2009) and deflate all output and input measures
using sectoral price indices. This yields revenue-based total factor productivity (TFPR)
rather than quantity-based productivity (TFPQ). This measurement is consistent with how

we interpret the productivity in a theoretical framework in Section 6.

170ur baseline measure of capital uses fixed assets in the tax form F22. Alternatively, we construct capital
using the perpetual inventory method, based on investment data and assuming a depreciation rate of 10%. The
two measures are highly correlated (correlation coefficient of 0.95), and results are robust to this alternative
specification.
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As a robustness check, we estimate firm-level productivity using the control function
approach of Ackerberg et al. (2015). We employ two specifications. First, we estimate a gross
output production function with capital, labor, and materials, using both Cobb-Douglas and
translog functional forms. Second, following De Loecker and Scott (2025), we model gross
output as a Leontief function of value added and materials, where value added is produced
using capital and labor.!® Appendix Table A.4 shows that our results hold across both
gross output and value-added approaches, as well as across different functional forms. This
consistency across specifications suggests that our findings are not driven by functional form
assumptions or returns to scale restrictions.

Consistent with a positive external shock, commodity-exporting firms exhibit a substantial
scale expansion: the IV estimates show a robust and significant increase in their exports,
accompanied by a marked expansion in materials expenditures and employment. These
findings suggest that firms affected by the commodity boom are indeed responsive to the
increased demand, experiencing a boost in their international sales and scaling up their use
of variable inputs. Across these specifications, IV estimates generally exceed OLS estimates,
consistent with classical measurement error and the possibility that negative supply shocks—
which raise commodity prices while reducing firm size—attenuate OLS coefficients toward
zZero.

However, this expansion in scale and variable inputs does not translate into significant
long-term capital accumulation or improved operational efficiency. Our results for capital stock
(column 4) show no evidence of firms investing in capital in response to the commodity boom;
instead, the OLS estimate reveals a marginally significant decrease, while the IV estimate
is statistically insignificant. This pattern suggests that the additional export revenues are
primarily allocated towards short-run inputs directly associated with increased exports, rather
than consistently fostering long-term capital accumulation.

More importantly, the IV estimates for firm-level productivity are statistically insignificant,
indicating that despite increased revenues and expanded operations, these firms experience no
measurable efficiency gains: both TFPR (column 5) and sales per employee (column 6) are
statistically insignificant. While we cannot directly measure TFPQ, given that commodity
price increases likely raise firm-level output prices (e.g., through strategic complementarity in
pricing; see the derivation in Appendix B.2), unchanged TFPR may mechanically imply a
decline in TFPQ.** A decline in TFPQ could reflect the deterioration of ore grade or other

18This specification avoids the identification problem highlighted by Gandhi et al. (2020) and does not
require imposing returns to scale assumptions on the gross output production function ex ante.
19While we cannot directly observe all input price components, several considerations suggest that input
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geological factors, or the degradation of input quality as firms rapidly expand their operations.
But a purely geological account operates within firms and cannot generate the across-firm
reallocation toward lower-TFPR firms documented above; consistently, our results hold when
we exclude core copper mining (Table A.3), where grade concerns are most acute.

In addition, the effects on domestic sales (column 7) are negligible and statistically
insignificant, suggesting that the benefits of the boom are concentrated on export-oriented
activities with limited spillovers into the domestic market. This null effect on domestic sales
is useful as it helps to ensure that our identified “shock” reflects a genuine foreign demand
shock, rather than confounding factors associated with firms’ general production decisions,
which would likely affect both domestic and foreign sales.?

Overall, these findings suggest a pattern of extensive growth without intensive improve-
ment: commodity-exporting firms expand scale but neither enhance within-firm productivity
nor invest consistently in long-term capital. The F-statistics are consistently well above the
conventional threshold of 10, confirming the strength of our instrument across all specifications.
Regressions are weighted by initial values to match aggregate patterns, with results generally

robust to alternative weighting schemes.?!

5.2 Labor Reallocation Toward Low-Productivity Firms

Having established that firms facing the commodity price boom do not increase within-firm
productivity despite revenue gains, we now investigate a complementary mechanism: whether
these firms expand in a way that misallocates resources and depresses aggregate productivity
in the commodity sector. Following standard practice in the misallocation literature, we
posit that the expansion of less productive firms, which may already be operating above their
optimal scale due to existing distortions, can exacerbate aggregate resource misallocation. In
principle, such firms could expand disproportionately for two distinct reasons: selection bias

or differential sensitivity to the shock.

price increases do not fully offset the output price rise. First, wages rose significantly but by a small fraction
of the export price increase. Second, materials prices for traded intermediate inputs would not be expected
to rise in proportion to a demand shock specific to Chilean commodity exporters. Third, the magnitude of
the output price increase (i.e. copper prices tripled over the sample period) is sufficiently large that even a
substantial rise in input costs would imply remaining TFPQ losses of economically significant magnitude.

20Tn standard international macro and trade models, an exogenous foreign demand shock would primarily
affect export activities, whereas a firm-specific supply-side shock (such as a productivity improvement)
would affect both domestic and foreign sales. The null effect on domestic sales is thus consistent with our
identification of a demand-driven shock rather than confounding supply-side factors.

21Table A.3 presents the results after excluding firms in the copper production sector, which remain similar
to the main results.
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Table 4: Commodity Price Shocks and Labor Market Outcomes

Panel A: Wage Growth

New Workers Existing Workers

v OLS I\Y OLS

Commodity price shock 0.255%%%  0.063**  0.394*%%*  (.105%**
(0.059)  (0.024)  (0.077)  (0.032)

N. of obs. 804 804 729 729
N. of clusters 83 83 79 79
First-stage F-stat. 14.9 13.4

Panel B: Worker Mobility
Same Sector Movers Higher TFPR Movers

1A% OLS I\Y OLS

Commodity price shock 0.089*** 0.010 0.157* 0.05*
(0.024)  (0.007)  (0.083)  (0.030)

N. of obs. 751 751 644 644
N. of clusters 80 80 73 73
First-stage F-stat. 13.7 13.5

Panel C: Employee Growth by Firm Productivity Group
TFPR>p50 TFPR<p50

v OLS v OLS

Commodity price shock  -0.163 0.139* 0.620** -0.006
(0.124)  (0.072)  (0.276)  (0.106)

N. of obs. 458 458 368 368
N. of clusters 67 67 54 54
First-stage F-stat. 15.0 9.3

Notes. Specification as in Table 3. Panel A: dependent variables are log wage differences (2005-2013) for
new workers (hired after 2004) and existing workers (hired in 2004), weighted by initial wage bill. Panel B:
dependent variables are shares of movers (2005-2013) among total movers, weighted by initial sales. Same
sector movers changed employers within the same sector; higher TFPR movers came from firms with higher
TFPR in the same sector. Panel C: dependent variable is DHS growth rate of employees; firms split by initial
within-sector median TFPR, weighted by initial sales. * p < 0.10, ** p < 0.05, *** p < 0.01.
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First, it might be possible that less productive firms are systematically exposed to
larger positive commodity price shocks, thereby leading to misallocation through a selection
effect. However, our methodology, detailed in Section 4, is specifically designed to address
such selection concerns through the construction of the main regressor and the instrumental
variable. Moreover, we directly test this possibility by examining the correlation between the
commodity price shock defined in Equation (4) and firms’ initial productivity. The correlation
between the shock and initial TFPR is —0.027 (s.e. 0.028), confirming that shock exposure
is uncorrelated with initial productivity. This rules out selection as the primary driver of
differential firm responses.

Second, the alternative explanation is that firms with inherently lower TFPR exhibit
greater sensitivity to commodity price shocks due to pre-existing distortions that allow them
to persist at suboptimal productivity levels. If such distortions exist—for example, preferential
access to export markets or subsidized financing—then less productive firms might expand
disproportionately in response to positive shocks, potentially drawing resources (e.g., labor)
away from more productive firms.

Table 4 provides strong evidence for this differential sensitivity mechanism by examining
labor market adjustments among commodity-exporting firms. Panel A presents the impact on
average wages. The IV estimates indicate a significant increase in wages for both new workers
(0.255) and, more substantially, for existing workers (0.394), with OLS estimates showing
similar patterns. This suggests that commodity-exporting firms, driven by increased revenues,
are able to offer higher wages to attract and retain labor, particularly their established
workforce.

Panel B investigates worker mobility. Specifically, it calculates the share of employees
who move from the same sector or from higher-TFPR firms among all movers and uses these
shares as dependent variables. The IV estimates show a significant positive effect on the
share of movers to firms within the same sector (0.089) and, notably, a significant increase
in the share of movers from higher TFPR firms to the affected commodity-exporting firms
(0.157). This latter finding is crucial: it suggests that commodity-exporting firms, boosted
by the boom, are actively attracting workers within the sector, even from more productive
firms. This “labor poaching” across firms, especially from higher-productivity ones, is a
direct channel through which resources (labor) could be reallocated towards potentially less
productive commodity-exporting firms, thereby contributing to aggregate misallocation.

The direct evidence for the differential sensitivity of firms based on their initial produc-

tivity is presented in Panel C. This panel disaggregates the effect on employment growth
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by firms’ initial TFPR. Strikingly, the IV estimate for firms in the lower productivity group
(TFPR<p50) is a large and statistically significant coefficient of 0.620, indicating a substantial
increase in employees for these firms. In contrast, the IV estimate for higher productivity
firms (TFPR>p50) is an insignificant -0.163, suggesting no positive expansion, and possibly
a contraction, in their workforce. This strong differential response, where less productive
firms disproportionately expand their employment, strongly supports our hypothesis that the
commodity boom exacerbates resource misallocation by incentivizing the growth of firms that
may already be operating at suboptimal efficiency due to underlying distortions.

One might worry that low-TFPR firms expand because TFPR proxies for export-market
markups rather than for the export-related distortion. We formalize this markup channel as
one microfoundation, but it implies a positive TFPR-size gradient, whereas in our data the
correlation is zero to weakly negative; the cross-sectional moments thus favor the productivity-

orthogonal wedge we adopt (Appendix C.1.3).

5.3 Increasing Non-Commodity Productivity: Upstream Propaga-
tion

While our previous analysis focused on the direct impact of commodity price shocks on
exporting firms, this section investigates how these shocks propagate through domestic
supply chain linkages to enhance productivity in non-commodity sectors, particularly among
upstream firms. Chilean commodity exporters rely heavily on domestic suppliers; indeed,
these exporters collectively account for approximately 30% of the total revenues of their
upstream partners. Given these significant inter-firm connections, we anticipate that positive
commodity price shocks will transmit through the supply chain, affecting the operational
outcomes and productivity of these indirectly exposed upstream firms.

Table 5 presents the empirical results on how the commodity price shock, propagated
through the domestic supply chain, affects the performance of upstream non-commodity
firms. The findings demonstrate a clear positive impact on these indirectly exposed firms,
encompassing both scale expansion and, crucially, productivity improvements.

Starting with firm-level scale, the results for total sales (column 1) indicate a significant
expansion: a 1% increase in the customer-weighted commodity price shock experienced by
downstream firms is associated with a 0.402% increase in the upstream firms’ total sales
under the IV specification. This result suggests that the increased demand from booming

commodity exporters translates into tangible revenue growth for their domestic suppliers.
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Table 5: Commodity Price Shocks and Upstream Firms’ Outcomes

(1) (2) (3) (4) () (6)
Sales Capital TFPR  Sales/emp. Materials Employees

Commodity price shock

IV estimates 0.402%  0.112%%%  0.042%  0.092%%%  0.573%%  0.178%*
(0.206)  (0.034)  (0.025)  (0.019)  (0.271)  (0.070)

OLS estimates 0.102* 0.012 0.017%%  (0.014%** 0.151* 0.071%**
(0.061)  (0.01)  (0.007)  (0.005)  (0.091)  (0.022)

N. of obs. 26,889 19,957 19,842 26,889 26,864 26,889
N. of clusters 331 325 325 331 331 331
First-stage F-stat. (IV) 65.7 1075.2 1058.7 969.3 65.6 188.3

Notes. Specification as in Table 3. Regressions on sales and materials weighted by initial sales; employees
weighted by wage bills. * p < 0.10, ** p < 0.05, *** p < 0.01.

Unlike commodity exporters, upstream firms also increase capital investment: the IV estimate
for capital stock (column 2) is positive and highly significant (0.112), suggesting that these
firms translate demand increases into long-term capacity expansion.

More importantly, the analysis reveals a significant enhancement in the productivity of
these upstream firms. The IV estimates show that a 1% increase in the propagated shock is
associated with a 0.042% increase in TFPR (column 3) and a 0.092% increase in sales per
employee (column 4). This finding stands in stark contrast to the direct effects observed within
the commodity sector itself (Table 3), where we found no significant productivity improvements.
This differential outcome suggests that the positive spillovers in upstream sectors might arise
from various mechanisms, such as increased scale economies and learning-by-doing effects
from supplying to rapidly expanding commodity firms.

Finally, examining input usage, the last two columns report the effects on materials
expenditure and the number of employees. The IV estimates reveal positive and significant
coefficients for both materials and employees. While the magnitude of the coefficient for
materials expenditure is comparable to what was observed for directly affected commodity
firms, the coefficient for employees is notably smaller. This indicates that upstream firms
expand their variable inputs in response to the increased demand, but the labor response
is relatively more contained compared to materials, a pattern consistent with upstream
firms expanding through capital investment and productivity improvements rather than

labor-intensive growth.
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6 A Stylized Model: Commodity Boom and Misallocation

This section develops a stylized general equilibrium model to interpret the empirical patterns
documented in Section 5, and to formalize the micro-level transmission channels through
which global commodity price shocks affect firm productivity and resource allocation. The
model links firm heterogeneity and pre-existing distortions to sectoral productivity changes
following commodity demand shocks. While not a full-fledged quantitative framework, this
parsimonious structure allows us to assess how much of the observed sectoral productivity
decline it can explain.

Building on the seminal work of Hsieh and Klenow (2009) on resource misallocation, we
introduce two key extensions designed to reflect the empirical mechanisms identified in our
analysis of Chile’s commodity boom.

First, we build a small open economy model based on Choi et al. (2024) and add firm-
specific distortions in the form of export wedges, which capture differences in market access or
policy-induced advantages such as subsidies, inspired by Bai et al. (2024). These wedges are
critical for explaining why firms with lower TFPR can nonetheless achieve significant market
shares and expand disproportionately in response to positive external demand shocks. As a
result, resources shift toward firms that may not be the most productive from a social efficiency
standpoint, exacerbating aggregate misallocation. We provide three microfoundations for this
wedge—policy-induced advantages, heterogeneous intermediary access, and variable export
markups—and, because it is otherwise a modeling assumption, we measure its concrete policy
component directly and verify that it behaves as the model requires (Appendix C).

Second, we microfound the firm-specific labor wedge within an oligopsonistic labor market
structure, following Berger et al. (2022). This extension serves two purposes. It provides a
theoretical rationale for the empirically observed increases in firm-specific wages among firms
benefiting from the commodity shock, and it formalizes the mechanism of "labor poaching,"
wherein expanding firms attract workers from other, often more productive, firms by offering
higher wages.

To remain tractable, the model abstracts from capital accumulation, dynamics, and
entry-exit. While this limits the ability to address investment responses and the extensive
margin of exporting, the framework is designed to capture the key micro-level mechanisms
we identify empirically: the absence of productivity improvements and labor reallocation
toward less productive firms. We also abstract from explicitly modeling input-output linkages,

despite their importance for upstream productivity gains, to have a sharper focus on the novel
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within-sector misallocation mechanisms. The supply chain channel (Acemoglu and Linn, 2004;
Bloom et al., 2016; Huneeus, 2018) and demand-driven productivity upgrading (Ilzetzki, 2024;
Atkin et al., 2017; Aghion et al., 2024) have been extensively studied in other contexts.

6.1 Setup

Households. A representative household maximizes utility with GHH preferences (Green-

wood et al., 1988) by choosing consumption C' and supplying labor L:

3 Ll—i—w
maxlog(0—¢ ) st. PC=WL+RK+P"M+11+T,
{c.L} 1+
where P is the final price index, which is normalized to one, and W is the wage. K and M
denote capital and material endowments, respectively, R is the rental rate of capital, and
PM is the price of material inputs. II = i Y ic 7, Tij is aggregate profits of all firms ¢ across
all sectors j, where F; denotes the set of firms in sector j. 7" represents lump-sum transfers
from the government. v governs the level of disutility from labor supply, while 1) governs the
Frisch labor supply elasticity.

The household supplies differentiated labor to sectors and firms, where labor composite

L aggregates labor through a nested CES (Berger et al., 2022):

0+1 o n+1
LZ(ZLJ’O> L= )
J

where L; is employment in sector j, and [;; is employment in firm 7 in sector j. 7 > 0

represents the elasticity of substitution across firms within a sector, while # > 0 denotes the

_1
elasticity across sectors. The aggregate and sectoral wage indices are W = (Z ; V[/je“) o

1
e (]
and W; = <Ei€fj w?jﬂ) nﬂ, and the aggregate labor supply is L = (%%) :
Sectors. Firms’ outputs are sold either in the domestic or foreign market. Outputs sold in
the domestic market are aggregated into Home sectoral goods YJH at price PjH as

g S
o—1 1—0c
o—1

vi=I3wh | . PI=(> DT .
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where y/T is the quantity of firm i’s output sold in the domestic market, and p] is the price
in the domestic market. The Home sectoral goods and imports from the foreign country YjM

are aggregated into sectoral goods as below:

1

H= (097 07T B (e )

where p is the elasticity of substitution between foreign and domestic goods, P]-M is the price
of foreign good YjM , which is exogenous to the Home country.

Finally, the sectoral goods are aggregated by a Cobb—Douglas aggregator as

C =exp (Zajlan) , P =exp (ZajlnPj).

J J

Here, a;; are Cobb-Douglas expenditure shares across sectors, with Z]‘ a; = 1.

Firms. Each firm i faces monopolistic competition in both domestic and export markets,
and oligopsonistic competition in the labor market. The production technology for firm ¢ uses

labor, capital, and materials in a Cobb-Douglas function as below:
L K M

Here, y;; denotes the firm’s total output, sold to both domestic consumers (yg ) and foreign
consumers (y;;), such that y;; = /T + 4. a;; is firm-level quantity total factor productivity
(TFPQ). A key assumption following Bai et al. (2024) is the presence of a firm-specific export
revenue wedge that captures advantages such as export subsidies, preferential access to export
markets, lower effective export costs. This assumption is empirically relevant for Chile’s
commodity sector and is further discussed in Section 6.4.2 .

The firm’s profit maximization problem is

H H F\ F, F M
max [L;j = pijyi; + (1 — Tij) PijYi; — Wijli; — Rkij — P my;

Lij.kij mis,p pE

15yRi5,Ti55P; 5 5P

where 7'5 is a firm-specific export revenue wedge, w;; is the wage of firm i. When 7'5 <0, 1t
implies that the firm has an advantage in the export market, such as an export subsidy or a
lower effective export cost. Domestic demand is given by solving the consumer’s problem as

H _ pZH 7 H . . . . F F\—0 F
Yij = ( J) Y;”. Likewise, export demand is given by y;; = (pz-j) D;

H 179
Pj J

where Df; is an
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exogenous export demand shifter, which is firm-specific and microfounded in Appendix B.1.
It can also be mapped to the Bartik measure used in the empirical analyses, as shown in
Appendix B.2.

In the labor market, firms engage in Cournot competition, choosing employment while
internalizing their effect on wages. The CES aggregation of differentiated labor implies an

upward-sloping labor supply curve for each firm:

n
Wi 5
5= (52) L (6)
J

This structure allows the model to capture the empirical pattern that expanding firms pay

higher wages.

Product Market Distortions. The firm faces downward-sloping demand curves for its
product in both domestic and export markets. It sets its prices to maximize profits from each
market, considering its marginal cost. We assume that firms can price discriminate between

the domestic and export markets. The optimal domestic price pg is:

pgz( - )MC’U, (7)

o—1
where y1 := -5 is the constant markup that firms charge. Likewise, the optimal export price
pg 18
F
o1 = 7'5 o—1 "

1
F
177'2.].

Comparing (7) and (8), we see that pf; = pg This indicates that the export wedge
7'5 directly influences the relative price between export and domestic markets. If 75 < 0,
representing an export advantage, pf;- < pg , leading to higher export demand and a larger
export share. Conversely, if 0 < 7§ < 1, implying an export disadvantage, p; > p{;, resulting

in lower export demand and a smaller export share.

Labor Market Distortions. Given the upward-sloping labor supply curve (Equation
(6)), hiring an additional worker raises the wage the firm must pay to all workers. The firm

internalizes this cost, leading to the first-order condition:

mrplz’j = NiLj * Wij (9)
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Bl
markdown. The markdown is the labor market analog of a markup: just as firms charge

where mrpl;; = is the marginal revenue product of labor, and ,uiLj > 1 is the labor

prices above marginal cost, they pay wages below marginal revenue product.

The markdown depends on the firm-specific elasticity of labor supply:

L —1
L & t1 I (1 <1 1) L)
Wiz = , € = -4 (=== Sis ,
J eiLj J n 0 n J
”LUZ']'ZZ']'

where sl-Lj = w7~ is firm 4’s wage bill share in sector j. We assume 1 > 0, so workers move
7

more easily across firms within a sector than across sectors. Larger firms dominate their

sector’s labor market, so their workers face the less elastic cross-sector margin, giving these
firms greater monopsony power.

Capital and materials are priced competitively. The firm’s marginal cost is:

MCy = (b /") (R)™ (P )" (10)

ij
6.2 Firm-Level TFPR

To connect the model to our empirical analysis, we define firm-level TFPR as total revenue
divided by a Cobb-Douglas aggregate of inputs, consistent with standard measurement

approaches:
F

_ Pyt Py
ij Mg 1M
Combining the firm’s first-order conditions from Section 6.1 with the production technology

yields measured TFPR (See Appendix Section B.3 for the complete derivation.)

1 v W\ R\ P
tfprij _ — (HiLj)'Y (Sng) T <_J) (—) (’V_M) (12)

L K
Tij Sij - ~ Y Y
labor market power ~~
export wedge common across firms
F pEyE .
where Si; = % is the firm’s export share.
Pij¥;5TP;;Yi5

This expression reveals two sources of TFPR dispersion in our model, which operate
in opposite directions. First, export subsidies lower TFPR. The export wedge term shows
that firms with larger export advantages (more negative 7'5 ) exhibit lower measured TFPR,
because subsidies allow firms to charge lower export price and induce them to produce

above the level implied by their underlying productivity, which reduces revenue per unit
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of input. This distortion is amplified when export shares 35 are larger—and since export
subsidies lower export prices (Equation (8)), heavily subsidized firms tend to have larger
export shares, reinforcing the effect. Export subsidies are the primary source of misallocation
in our calibrated model.

Second, labor market power raises measured TFPR, partially offsetting the export wedge
distortion. Firms with greater monopsony power (higher p,ZL]) restrict employment, and larger
firms (higher sf}) must pay higher wages to attract workers, raising prices. Both effects
increase TFPR, partially offsetting the export wedge distortion. The effect depends on the

structure of distortions: v appears on both terms because labor market power only distorts

L
14+

how greater worker mobility across firms (higher 1) attenuates this channel, as n — oo,

the labor margin, scaled by labor’s cost share, while on the wage-bill-share term captures
workers move freely across firms and this source of TFPR dispersion vanishes.

In a frictionless benchmark with 7,f = 0 and competitive labor markets (1,6 — o),
TFPR equalizes across firms. Away from this benchmark, a uniform positive export demand
shock exacerbates misallocation: firms with lower initial TFPR (those with larger export
subsidies) expand disproportionately, because their larger subsidies make them more export-
oriented to begin with, so the same demand shock translates into a larger overall expansion.
We include oligopsonistic labor markets primarily to match the empirical pattern of rising
wages among expanding firms. A useful byproduct is that this provides a conservative estimate
of misallocation effects, since rising labor market power among expanding firms partially

offsets their falling TFPR. We demonstrate these results quantitatively in Section 6.4.

6.3 Sectoral Real TFP

Sectoral productivity aggregates firm-level outcomes, reflecting the allocation of resources

across heterogeneous firms. Following standard practice, we define:

1

o—1

TFPR; TFPR.\° "
A, J J 13
7= PP 2 (‘” thpr,, ) ’ (13)

1€F;

where TFPR; is sectoral revenue productivity and PPI; is the sectoral price index.?? This
expression shows that sectoral productivity A; depends not only on firms’ physical productivity

(a;;) but critically on the allocation of resources across firms: greater TFPR dispersion (larger

22Gee Appendix Section B.3 for the derivation of sectoral TFPR and its relationship to firm-level outcomes.
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Table 6: Calibration Results

Parameter Description Value Source / Target

Panel A. Externally Calibrated

o Elasticity of substitution within sector 3 Hsieh and Klenow (2009)
7 Elasticity of substitution for labor, within sector 2.76  Yeh et al. (2022)

0 Elasticity of substitution for labor, across sector 0.42  Berger et al. (2022)

p Elasticity of substitution between Home and Foreign 2 Boehm et al. (2023)

) Frisch labor supply elasticity 0.5 Chetty et al. (2013)
Panel B. Directly from Data

~F Wage bill share 0.11 Data

M Material share 0.59  Data

Panel C. Internally Calibrated

o Variance in productivity 1.20  Var(sales)/mean(sales)
qF Variance in export wedge 0.53 Variance of export shares
DF Export demand 1.76 Export shares in 2005

gaps between tfpr;; and TFPR;) reduces aggregate productivity. A commodity boom that
reallocates inputs toward low-TFPR firms—those with export advantages—will lower A; even

if no individual firm’s physical productivity (a,;) declines.

6.4 Quantitative Assessment

We calibrate the model to match key features of the Chilean data and assess whether it can
replicate the empirical patterns documented in Section 5. We then use the calibrated model
to quantify how much of the observed productivity decline in the commodity sector can be

attributed to the misallocation mechanism.

6.4.1 Calibration

We focus on j = 1 representing the commodity sector, with representative firms in all other
sectors. Table 6 summarizes the calibration strategy.

Externally calibrated parameters (Panel A) are drawn from established estimates in the
literature. We set the within-sector demand elasticity ¢ = 3 following Hsieh and Klenow
(2009), labor substitution elasticities n = 2.76 (within-sector) and 6 = 0.42 (across-sector)
from labor market power estimates in Yeh et al. (2022) and Berger et al. (2022), the Armington
elasticity p = 2 from Boehm et al. (2023), and the Frisch elasticity ¥ = 0.5 as in Chetty et al.
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(2013).

Production function parameters (Panel B) come directly from input cost shares in Chilean
administrative data. We compute wage bills, material expenditures, and sales for 2-digit
industries containing commodity exporters, take the average of input shares across industries,
and impose constant returns to scale (7% =1 — % —~4M)_ yielding v* = 0.11, ¥ = 0.59,
and 7% = 0.30.

Internally calibrated parameters (Panel C) govern the distributions of firm productivity
and export wedges. We assume a;; and 1 — 7/ are log-normally distributed with log-mean
zero and log standard deviations ¢ and o', respectively. We simulate 10,000 firms in the
commodity sector and calibrate three parameters to match data moments: DY, the common
export demand shifter, targets the aggregate export share of 71% in 2005, ¢ (productivity
dispersion) matches the variance-to-mean ratio of sales, and o" (export wedge dispersion)

matches the variance of export shares across firms.

6.4.2 The Export Wedge in the Data

The export wedge is the one ingredient of our framework that is not directly observed in
standard data, which raises a natural question—does it reflect a real policy distortion, or
unmodeled heterogeneity?

We measure a concrete component of it. From administrative customs and statutory
data, we construct a firm-level net export wedge for 2003 from four predetermined Chilean
trade programs—export rebates (Reintegro Simplificado and Drawback) on the subsidy side,
and fisheries individual transferable quotas and aquaculture concessions on the restriction
side—aggregated to the firm by its 2003 export shares. Because it captures only explicit,
legislated instruments, this measure is a conservative lower bound on the full wedge.

Comparing firms within the same sector, we find that those facing a more favorable
net wedge expand exports significantly more when the commodity shock arrives, with the
restriction (implicit-tax) margin carrying the predicted negative sign. Since every program
was legislated for domestic reasons predating the boom, the wedge is largely predetermined
with respect to the shock. This is direct evidence that the model’s key distortion is real and
policy-induced rather than reduced-form export-demand heterogeneity, and that it moves
firm behavior in the direction the misallocation mechanism requires. The wedge we measure
corresponds to the policy microfoundation of 7'; we also formalize two further sources
(heterogeneous intermediary access and variable export markups) that generate the same

firm-level behavior. See Appendix C for these microfoundations and the construction details.
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Table 7: Targeted and Non-targeted Moments

Moment Data Model
Panel A. Targeted Moments

Var(sales) /mean(sales) 5.150 5.151
Var(export share) 0.210 0.212

Aggregate Export Share 0.710 0.710

Panel B. Non-targeted Moments: Regression

Exports 0.767*** 0.953
Average wage 0.293*** (0.195
Materials 0.575%%% 0.736
TFPR —0.024 0.041

Employees (Entire sample) 0.403* 0.538
Employees (TFPR>p50) -0.163 0.383
Employees (TFPR<p50) 0.620**  0.633

Notes. This table reports targeted and non-targeted moments from the data and the model. Non-targeted
moments in Panel B are regression coefficients from estimating our baseline specification (Equation (1)) on
simulated data, where we regress DHS growth rates on the commodity price shock (A log ij) ¥ p<0.01,
** p<0.05, * p<0.10.

6.4.3 Model Validation: Matching Untargeted Empirical Patterns

Having calibrated the model to match basic distributional features, we now assess whether it
can reproduce our key empirical findings without directly targeting the regression coefficients
from Section 5. This constitutes a stringent test of whether the two-friction framework (export
wedges plus oligopsonistic labor markets) captures the essential misallocation mechanism.

To replicate our empirical exercise, we simulate the commodity price shock as follows.
We randomly select half of the 10,000 simulated firms to receive a large shock, increasing
their export demand D by 206%, corresponding to the 90-10 percentile difference in our
firm-specific commodity price shock measure from the data. We then scale up export demand
for all firms proportionally to match the observed 83% aggregate export value growth between
2005 and 2013. This two-step procedure captures both the cross-sectional variation in shock
exposure and the aggregate boom. Finally, we compute each firm’s simulated outcomes
(exports, employment, wages, materials, TFPR) and run the identical DHS growth rate
regression used in our empirical analysis.

Panel B of Table 7 reports the results. The model successfully reproduces the empirical

patterns both qualitatively and quantitatively, despite none of these coefficients being directly

36



targeted in calibration:

Exports and Variable Inputs Expand Substantially The model predicts strong
increases in exports, materials, and employment, consistent with firms scaling up production
in response to the positive demand shock. The wage response confirms that expanding
firms must raise wages to attract workers, though the model somewhat underpredicts the

magnitude.

Productivity Shows No Improvement The simulated TFPR coefficient is small and
similar to the statistically insignificant empirical estimate, confirming that export revenue
gains do not translate into efficiency improvements within firms. Equation (12) implies
that the firm level TFPR increases with s/, when 7[ > 0, and decreases with s; when
7'5 < 0. Because 7'5 is log-normally distributed with mean zero, these opposing effects tend
to offset each other, making the regression coefficients close to zero. Labor market power also
contributes: large firms may hire less labor than under perfect competition, which raises their

measured TFPR. This generates a small positive coefficient on TFPR in the model.

Differential Employment Response by Initial TFPR The model reproduces the key
asymmetric pattern documented in Table 4 Panel C: low-TFPR firms expand employment
substantially while high-TFPR firms show muted growth. Simulated low-TFPR firms (those
below the sectoral median) expand employment by 0.633, nearly identical to the empirical
estimate of 0.620. High-TFPR firms in the model show modest expansion of 0.383, compared
to the empirical estimate of —0.163 (though the latter has wide confidence intervals and is not
statistically significant). While the model does not perfectly match the high-TFPR coefficient,
it successfully captures the central empirical finding: the commodity boom disproportionately
expands employment at less productive firms. This asymmetric response validates that our
two-friction framework—combining export wedges with oligopsonistic labor markets—can
account for the observed labor reallocation patterns.

Why does the model generate these patterns? Figure 3 illustrates the cross-sectional rela-
tionships in the calibrated economy. Panel A shows that export shares decline monotonically
with the export wedge 7'5 : subsidized firms (7'5]P < 0) sell predominantly to foreign markets,
with export shares approaching 100% for the most heavily subsidized. Panel B reveals the

corresponding TFPR gradient: these same export-oriented firms exhibit systematically lower

measured productivity, as predicted by Equation (12). When a demand shock increases, firms
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Figure 3: Firm-level Export Share and TFPR across ’7'5

log(tfpr)

A. sk B. log(tfpr;;)

ij
Notes. Panel A plots export share 55 and Panel B plots log firm-level TFPR, both against the export wedge
7'5 on the horizontal axis. Each point represents one of 10,000 simulated firms in the calibrated model. The
strong negative relationship in Panel A shows that subsidized firms (7'5 < 0) are export-oriented, while Panel

B confirms these same firms have systematically lower measured productivity.

with 7'5 < 0 expand disproportionately because their high export orientation makes them
more exposed to foreign demand shifts. This expansion operates through the oligopsonistic
labor market: booming firms raise wages to poach workers from competitors, including from
higher-TFPR firms with less export exposure. While rising labor market power partially
offsets the TFPR decline among expanding firms, the net effect is a reallocation of labor

toward low-TFPR firms, which drives the aggregate productivity decline we quantify next.

6.4.4 Aggregate Productivity Impact

Using the calibrated model, we compute the change in sectoral productivity following the
simulated commodity boom using Equation (13). The results show that sectoral productivity
in the commodity sector falls by 3.94%—roughly half the 8% decline in Chilean mining TFP
observed between 2005 and 2013 (Figure 1).

This quantitative result demonstrates that the misallocation mechanism—the interaction
of pre-existing export distortions with oligopsonistic labor markets—can account for a sub-
stantial share of the observed aggregate productivity decline. Our parsimonious model, which
abstracts from capital dynamics, ore grade deterioration, and other sector-specific factors,
nonetheless explains approximately 50% of the TFP drop solely through compositional shifts

in resource allocation. The remaining gap likely reflects factors outside the model’s scope,
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including within-firm declines in TFPQ driven by the long gestation lags and capacity con-
straints in mining capital investment, ore deterioration or lower stripping ratio as documented
by CNEP (2017), or potential negative spillovers to non-exporting firms we do not explicitly
model.

The welfare implications are significant. While export revenues surge by 83% and
employment expands substantially, the economy deviates more from its efficient allocation.
The commodity boom reallocates labor and materials toward firms with artificially enhanced
export access rather than those with superior underlying productivity (a;;), reducing the
sector’s ability to convert inputs into output. Had the same demand shock occurred in an
undistorted economy (with 7'5 = 0 for all firms and competitive labor markets), aggregate
productivity would have remained constant. Instead, the pre-existing distortions turn what
would ordinarily be a positive terms-of-trade shock into a source of inefficiency, illustrating

how gains from trade can be muted or even reversed in second-best environments.

7 Conclusion

This paper investigates how commodity booms affect firm-level productivity and resource
allocation using comprehensive administrative data from Chile. We examine a striking pattern:
while commodity exporters experienced massive revenue increases during the 2000s boom,
aggregate mining sector productivity declined by approximately 8%, even as non-mining
sectors saw productivity gains.

We document three key mechanisms that explain this pattern. First, commodity-exporting
firms exhibit significant scale expansion without productivity gains or sustained investment.
Despite surging exports and variable input usage, these firms show no improvement in
TFPR. Since rising commodity prices likely increased firm-level output prices, the null TFPR
result mechanically implies declining physical productivity (TFPQ). Second, within the
commodity sector, labor reallocates toward less productive firms. Firms with below-median
initial productivity expand employment in response to commodity price shocks, while high-
productivity firms show no expansion. This occurs because expanding firms use their revenue
windfall to offer substantially higher wages, enabling them to poach workers from more
productive competitors. Third, positive shocks propagate through supply chains to enhance
productivity among upstream domestic suppliers, contrasting sharply with the null effects
observed among direct exporters.

We develop a stylized model with firm-specific export wedges and labor market frictions
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to formalize these mechanisms. Despite its parsimony, the model explains approximately
50% of the observed TFP decline through compositional shifts in resource allocation. The
welfare implications are significant: while export revenues surge and employment expands,
pre-existing distortions cause the commodity boom to exacerbate resource misallocation and
reduce aggregate mining productivity. Our study underscores the importance of micro-level

transmission channels in understanding the broader economic impact of commodity cycles.
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Supplementary Material

Appendix A Empirical Appendix
A.1 TFP in Non-mining and Aggregate Sectors

Figure A.1: Chile’s Non-Mining and Aggregate TFP

1.3

1.2
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1.0

T T T T
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=== Non-mining TFP === Aggregate TFP

Notes. TFP is estimated as residual of the equation log VA;; = o log K + (1 — o) log Lj; + €1, where ¢ is
calibrated at the sectoral level. V Aj; represents the real value added, calculated using respective sectoral
chained prices deflators. Kj; denotes the capital stock at constant prices, adjusted for utilization rate, while
L is the total number of working hours, corrected for the quality of human capital.

A.2 The Firm-Level Commodity Shock

Our firm-level commodity shock, shock; = Zp wps AP,, combines product-level price changes
AP, with each firm’s 2003 export shares w,;. This appendix documents what the shock is
made of and how it behaves. Product price changes differ across goods, commodity exporters
are nearly single-product, and as a result, each firm’s shock is close to the price shock of its

single dominant product.



Wine | 1.8

Copper (ores & conc.) | 1.6

Copper (unrefined anodes) | 16
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Figure A.2: Log Price Change for Selected Chilean Commodity Exports in China
(2003-2011)

Notes. Log price changes between 2003 and 2011 for the top 14 Chilean commodity products by 2003 export
value, sorted by price increase. We exclude products with large price drops (e.g., fish meat, HS 030490) for
visualization. Each bar is the total log price change for a 6-digit HS product. Labels and HS codes: Wine
(220421), Copper ores & conc. (260300), Copper unrefined anodes (740200), Copper refined cathodes (740311),
Fish fillets frozen (030420), Grapes fresh (080610), Apples fresh (080810), Wood pulp coniferous (470321),
Copper refined unwrought (740319), Coniferous wood sawn (440710), Salmon Pacific frozen (030319), Trout
frozen (030321), Wood pulp unbleached coniferous (470311), Wood pulp non-coniferous (470329).

A.2.1 Differential price changes across products

The identifying variation in our analysis is the change in commodity prices across granular
products. Rather than an aggregate index, Figure A.2 shows heterogeneity in log price
changes across 6-digit HS products, including within a broader commodity group. Refined
copper cathodes (HS 740311) saw large increases while unwrought copper (HS 740319) gained
considerably less, and outcomes range from a sharp surge in wine (HS 220421) to milder

increases in apples (HS 080810) and wood pulp.
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Figure A.3: Commodity Exporters Are Highly Specialized

Top product share per firm Effective number of products per firm (1/HHI)
All exporters, 2003 (median 0.93) All exporters, 2003 (median 1.15, mean 2.09; x-axis truncated at 15)
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44
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A. Top product share per firm B. Effective number of products per firm

Notes. One observation per Chilean exporting firm in 2003 (administrative Customs data). Panel A: the share
of a firm’s export value in its single largest 6-digit (HS6) product; the distribution piles up near one (median
0.93). Panel B: the effective number of HS6 products per firm, 1/HHI; with HHI; = Zp sfcp and sy, product
p’s share of firm f’s exports; it equals one for a single-product firm and N for N equal products (median 1.15,

mean 2.09; horizontal axis truncated at 15).

A.2.2 Commodity exporters are highly specialized

Most firms concentrate their exports in a single 6-digit product. The median firm holds a
share of 0.93 in its largest product and has an effective number of products of 1.15, close to
a single-product firm. Identifying variation in the firm shock therefore comes mostly from
across-firm differences in which product a firm specializes in, rather than from within-firm

portfolio diversity.

A.2.3 The firm shock and its dominant product’s shock

Because firms are specialized, the firm shock splits into the price shock of the dominant

product plus a within-firm remainder:

ShOCkf = Wanr APd(f) + Z Wpr APp y (14)
p7d(f)

within-firm portfolio

dominant product (across-firm)

where d(f) is firm f’s largest 2003 export product. The first term varies across firms by
which product they specialize in, and the second reflects within-firm composition. The first
term accounts for most of the variation. A shock built from the dominant product alone has

a correlation of 0.96 with the baseline shock and accounts for about 94% of its cross-firm
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variance, as shown in Figure A .4.

Figure A.4: Baseline Shock vs. Dominant-Product Shock

Baseline shift-share shock vs. dominant-product shock

Dominant-product shock (largest-share HS6)

T T

4 6

Baseline shift-share shock (share-weighted)

o Firm-level scatter Linear fit ——-— 45-degree

Notes. Each point is a firm in the commodity sample with both shocks defined (N = 1,400).
Horizontal axis: baseline shock (3, wyrAP,, 2003 export-share weighted); vertical axis: shock
from the firm’s single dominant 2003 HS6 product. Solid line: OLS fit; dashed: 45-degree line.

Table A.1 makes this concrete. Replacing the baseline shock with the dominant-product
shock leaves the estimated effect on firm export growth largely unchanged, and in both the all-
exporter and commodity samples the two shocks deliver similar positive and significant effects.

Identification is thus driven largely, though not exclusively, by across-firm specialization.

Table A.1: Firm Export Growth: Baseline vs. Dominant-Product Shock

All exporters Commodity sample

Baseline Dominant Baseline Dominant

Commodity price shock 0.520%%*  0.480***  0.542***  (.501***
(0.106)  (0.093)  (0.115)  (0.098)

Firms 868 868 571 571

Notes. Firm export growth (DHS mid-point growth, 2003-2011) regressed on the commodity price
shock, weighted by initial (2003) export value, with standard errors clustered at the dominant 4-digit
industry; the sample is firms with both shocks defined. Within each sample the regressor alternates
between the baseline shift-share shock and the dominant-product shock (the firm’s single largest-share
HS6). The two shocks deliver nearly identical, positive and significant effects, confirming that the
result does not depend on within-firm portfolio variation (see Figure A.4). **p < 0.01, **p < 0.05,
*p < 0.10.

The shift-share literature recommends standard errors that allow for correlated exposure
among firms loading on the same shocks (Adao et al., 2018; Borusyak et al., 2022). In our

setting, each firm is effectively assigned a single product, and a commodity exporter’s 4-digit
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Table A.2: Copper: Global Product Share and Firm Shares

HS code Description Global Median Max
product share firm share firm share
740311  Copper (refined, cathodes) 0.39 0.01 0.20
260300  Copper (ores & conc.) 0.37 0.01 0.11
740200  Copper (unrefined anodes) 0.25 0.01 0.09
740319  Copper (refined, unwrought) 0.25 0.00 0.29
740919  Copper (plates and sheets, of) 0.05 0.00 0.00
740110  Copper (copper mattes) 0.02 0.21 0.21
740710  Copper (bars, rods and profiles) 0.00 0.00 0.00

Notes. This table highlights summary statistics for all copper products among 83 products we utilize. “Global
product share" refers to the "Chilean share of global exports" for that product. "Median firm share" and
"max firm share" refer to the "median Chilean firm’s share of Chinese imports" and the "maximum Chilean
firm’s share of Chinese imports" for that product, respectively. These are calculated by interacting the export
share of the Chilean firm with the median (or maximum, for max firm share) export value (to China) by
Chile’s total exports of that product to China, along with Chile’s share of total Chinese imports from all
countries for that product. This interaction effectively captures an individual Chilean firm’s export share of
China’s total imports for a specific product. HS code is a 6-digit code based on 2002.

industry coincides with its export product. Clustering at the 4-digit industry level, therefore,

groups firms by the product they specialize in, the level at which exposure is correlated.

A.3 Market Shares: Copper Exporters

Further reinforcing this limited market power at the firm level, Table A.2 presents data for
key commodity products like copper. While copper is often perceived as Chile-driven and
its importance grew in later periods, our analysis focuses specifically on the year 2003 and
employs highly disaggregated product-level data. These factors combined reveal that even for
these significant products, individual firm influence remains constrained.

For these copper products, while some exhibit high “global product share” (e.g., ‘Copper:
refined, cathodes’ at 0.39; ‘Copper ores and concentrates’ at 0.37), their corresponding “median
firm share” in China’s imports remains remarkably low (e.g., 0.01 for both). While the “max
firm share” for these high global product share categories can be notable (e.g., 0.20 for ‘Copper:
refined, cathodes’ and 0.11 for ‘Copper ores and concentrates’), these figures represent the
absolute largest single firm’s presence and still suggest that even the most dominant firm in a
given product in 2003 did not command an overwhelming share of the total market, especially

when considering the global scope of these products. Conversely, for products where “median

A-5



firm share” or “max firm share” shows a slightly higher value (e.g., ‘Copper: copper mattes’
at 0.21 for both), their "global product share" is very small (0.02). This consistent pattern of
either a relatively low firm share (median or max) for globally significant products, or a high
firm share only in globally minor products, is fundamental to arguing for the plausibility of
our instrument’s exogeneity. This low overall magnitude, particularly the limited extent to
which even the largest individual firms dominate major product markets, suggests that the
instrument’s variation is unlikely to be systematically driven by individual firm outcomes or
unobserved firm-specific factors that could confound our estimates, thereby supporting the

argument that firms were not very large in a given product in 2003.

A.4 Excluding Copper Sectors

Table A.3: Commodity Price Shocks and Firm-Level Outcomes, excluding Copper Sectors

(1) (2) (3)

Employees Materials Domestic Sales

Commodity price shock 0.076 0.392* 0.148** 0.578*** -0.051 0.163
(0.062) (0.204) (0.064) (0.144) (0.071) (0.230)

N. of obs. 814 814 813 813 793 793
N. of clusters 82 82 82 82 82 82
F-stat. 14.5 14.6 14.5

Notes. This table reports the results from Equation (1). The dependent variables are the DHS growth rates of
employees, materials expenditure, and domestic sales, respectively. All regressions control for 2-digit industry
fixed effects, and standard errors are clustered at the 4-digit industry level. Regressions are weighted by total
sales. F-statistics are reported for the first stage of the IV regressions.

A.5 Alternative Measures of Productivity

As a robustness check, we estimate firm-level productivity using the control function approach
of Ackerberg et al. (2015). This method addresses the endogeneity of input choices by using
intermediate inputs (materials) as a proxy for unobserved productivity shocks. The approach
employs a two-step GMM estimator. In the first stage, the unobserved productivity process
is nonparametrically estimated using materials as a proxy, recovering expected productivity
conditional on observables. In the second stage, moment conditions are formed based

on timing assumptions about input choices: capital is determined one period in advance
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(and thus uncorrelated with productivity innovations), while labor and materials respond
contemporaneously to productivity shocks. These moment conditions identify the production
function coefficients via GMM.

We implement this approach using four different specifications, which vary along two
dimensions: the output concept (gross output versus value added) and the functional form
(Cobb-Douglas versus translog). First, in the gross output specifications (Columns 1-2), we
estimate production functions with capital, labor, and materials as inputs, using both Cobb-
Douglas and translog functional forms. Second, in the value-added specifications (Columns
3-4), following De Loecker and Scott (2025), we model gross output as a Leontief function
of value added and materials, where value added is produced using capital and labor. This
avoids the identification problem highlighted by Gandhi et al. (2020), whereby the scale of
production and productivity cannot be separately identified in gross output specifications
without additional assumptions. Consequently, this approach does not require imposing
returns to scale assumptions ex ante.

Table A.4 presents the results. Across all four specifications, we find no significant effect
of commodity price shocks on firm-level productivity, consistent with our baseline estimates
in Table 3.

Table A.4: Commodity Price Shocks and Firm-Level Productivity

Gross Output Leontief
(1) (2) (3) (4)
Cobb-Douglas Translog Cobb-Douglas Translog

Commodity price shock —0.018 0.011 —0.013 0.186 —0.027 0.045 —0.014 0.089
(0.021) (0.132) (0.017) (0.273) (0.038) (0.25) (0.586) (0.687)

N. of obs. 574 574 574 574 574 574 574 574
N. of clusters 75 75 75 75 75 75 75 75
F-stat. 9.8 9.8 12.2 12.2

Notes. This table reports the results from Equation (1). The dependent variables are firm-level TFPR
(Ackerberg et al., 2015; De Loecker and Scott, 2025). All regressions control for 2-digit industry fixed effects,
and standard errors are clustered at the 4-digit industry level. F-statistics are reported for the first stage of
the IV regressions.
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Appendix B Theoretical Appendix

B.1 Foreign Household Problem (Global Consumer)

The foreign household (or global aggregate demand sector) aims to maximize its utility from
consuming a composite good C”, the only good imported from the domestic economy.
The preferences for these differentiated varieties exported by individual firms i are CES,

with an elasticity of substitution & > 1%:

_£
1 )
o = (Z of <Cg>%>

The associated price index for this aggregate of commodities is:

1

1-¢

Pt = (Z i(py )1_5)

From the cost minimization problem to achieve a given level of C*, the demand for an
individual firm ¢’s exported variety, ¢, is derived as:

ol = W(] . (15)

We define DI := % as an exogenous export demand shifter.

B.2 Multi-Product Extension and Bartik Microfoundation

The previous section considered C* as a single aggregate of all firm varieties. We now
introduce a multi-product firm structure by defining C* as a nested aggregate where varieties
are grouped by product j, which provides the microfoundation for the firm-specific Bartik

instrument used in our empirical analysis.

Two-Tier Demand Structure and Variety-Level Demand

Outer Nest: Aggregation Across Products. The final aggregate good C* is aggregated

from distinct products j € J using a Cobb-Douglas structure with product-specific expenditure

Z3We assume that the demand elasticity is identical across domestic and foreign consumers to simplify the
measure of misallocation.
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shares o, where >, a; = 1:
cr =™
jeJ
If E¥ denotes the total expenditure and PjF is the price index for product j, then from
expenditure minimization, the demand for product aggregate j is:
. _ GE"

J

Inner Nest: Aggregation Within Products. Each product-level composite good C7
is a CES aggregate of firm ¢’s varieties y;; within that product, with elasticity of substitution

E>1:
'

Cr = (Zwi)%(yz;f?) -

()

From cost minimization, the demand for firm i’s variety of product j is:

z \ —¢&
° DPij @
Yij = bi (P_f?) Cj'

Substituting Equation (16) yields:
vy = 0i(pyy) "oy (P)) BT (17)

Derivation of the Bartik Instrument

Firm 4’s export revenue from product j is RY; = p&ys; = ¢i(pf;)'*a;(P])¢ ' EF. Taking logs

and differencing:

Alog Rj; = Alog ¢; + (1 — §)Alogpj; + Aloga; + (§ — 1)AlongF—|—AlogEF.

— Rio
= 7,
revenue. Since total revenue is RY = > jez B, taking the total differential and dividing by
initial revenue yields the log change in firm i’s total export revenue:

Let wijo denote the initial revenue share of product j in firm ¢’s total export

Alog Rf =Y wijoAlog Ry,

Jj€Ti
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Substituting and using Zjeji wijo = 1L

Alog Ry = (£ = 1) > wijeAlog P +Z;, (18)

VSN

where

= = Alogo; + (1 =€) Z wijoAlog pi; + Z wijoAloga; + Alog EF

JET: Jj€Ti
captures firm-specific productivity changes and pricing decisions, as well as aggregate demand
components. The aggregate components (common across all firms) are absorbed by the
regression intercept, while the firm-specific components are orthogonal to the exogenous
product-level price variation by construction.

The firm-specific Bartik shock is therefore defined as:

Bartik Shock; = Alog P} := ) " wi;oAlog Pf', (19)
J€T:

where A log PJF is measured using Chinese import prices from countries other than Chile (IV
specification) or Chilean export prices to China (OLS specification). This instrument isolates
each firm’s exposure to exogenous commodity price movements through its predetermined
product portfolio, with variation across firms arising from differential price changes across
products weighted by heterogeneous initial product shares.

The theoretical coefficient on the Bartik shock in Equation (18) is (£ — 1), where ¢
represents the elasticity of substitution among firm varieties within a product category. Our
empirical IV estimate of 0.767 is consistent with £ ~ 1.77, indicating that firm varieties
within the same commodity product are substitutable—an economically plausible pattern for

commodity exports.

B.3 Derivation of TFPR Expressions

This appendix provides the complete derivation of firm-level and sectoral TFPR expressions

used in Section 6.2.
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B.3.1 Firm-Level Input Demands

Starting from the first-order condition for labor (Equation (9) in the main text):

Lo H
VP Yij < 1 )
L2009 (14— ) s (20)
Mlij ZL] !

we rearrange to obtain the labor demand function:

_ pg‘yij _ pgyij VL(l_Tgsg)?”ij

lij = = —
I (s5)7T WS (s5) 7

, (21)

ij

A"
where the second equality uses the fact that the labor supply curve [;; = (%) L; implies
J

o\l 1
(w> = sk with sk = Wil denoting the firm’s wage bill share. The third equality uses

W) i 0T WL,
F, F
_ o F F H, H F _ Pij¥%; P i ;
Tij = PijY; T Di;Yi; as total revenue, Sij = 5, as export share, and the pricing equations to
show that: .
H H _  H Py _ o H F rPij F_F
PijYi; = Dij (yij - yij) = PijYij — PijYi; —F = Tij (1 — Tij Sij) )
]
using pf; = 1—1T.F. pg from Equation (8).
ij

Similarly, first-order conditions for capital and materials yield:

Y = TSy

ky = T, 22)
S ’}/M(l — 7-555)7“1-]- (23>
1] T MPM .

B.3.2 Firm-Level TFPR

Substituting the input demand functions (21)-(23) into the TFPR definition (Equation (11)):

7“1']'
pr;; l,\/Lk,YKm,YM
ij Kij My;
_ T'ij
- L
L Bk ! K FgF K M F F M
i (I_Tijsij)rij ('Y (I_Tijsij)Tij> <'7 (I_Tijsij)rij>
_1 R pPM
() P, z z
L (L)1 YK oy
L K_ M L L) n+1 . Y
o (s (s5) ™ w;) - R ()
= T L KM Lo KM L K M
4+~ K 4 _ ~F.F +yE 4 L K M
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Imposing constant returns to scale (v* 4+ % 4+~ = 1), this simplifies to Equation (12):

L

1 v K M
pr, — () TTWE) (RN (P
p”_l—Tgsf; L ~K ~M :

B.3.3 Sectoral Aggregates

To derive sectoral TFPR, we first aggregate inputs across firms. Using the CES labor

aggregator:
_n_
1
n+l
L n
1€F;
L F.F
. Z Y (1_7}']'5@‘)7’@'3'
- 1
: L (L)n+1 .
i€F; \ M (Sij)n W
Si;(1—1sk)
_ L i ij “ij
=1> |~ R; :

1
‘ L L9+t .
i€F; K5 (Sij) W

where S;; = ZZ denotes firm i’s market share and R; = >, > 7y is total sectoral revenue.
J J

For capital and materials (non-CES aggregation):

S;i (1 —7Esk
K= k=34 J ( i U)Rj7
iE.Fj iG.F]' M
S;; (1 — T-ESE)
M; = my; = M2 Y IR
= L= LB
Sectoral TFPR is defined as:
R
Ly K Mj
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Substituting the aggregates and simplifying yields:

w(#)" () (%)
~L ~K M
TFPR; = . . .

n+1

S, 1—7‘E5F. T w K+ M
(zi (28) ) (5.8 (1)

15 “1ij
B.3.4 Sectoral Productivity

Finally, sectoral productivity is defined as TFPR deflated by the sectoral price index:

TFPR;
A, J
7= pPL

where the sectoral price index is:

PPL = | > pi7|
1€F;

vij

Yij
. . . LK

Using the production function y;; = a;lj; kj; m

F
+ pf;yi is the firm’s average price across domestic and export sales.
]

and the definition of TFPR, we have:

-~ _ . H

and p;; = p;;

M
v
j

N Tij tfprij
Dij = — = —.
Yij Qi

Substituting into the productivity definition:

1-o\ 77
A; = TFPR, }:(ﬁ?”>
i€F; Y
=TFPR; | > af " (tfpr;) °
i€F;
1
B TFPR;\"""
- (= (o o ) ,

iefj

which is Equation (13) in the main text. This expression shows that sectoral productivity

depends on the distribution of firms’ physical productivity (a;;) weighted by the inverse
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of their TFPR distortions. Greater dispersion in tfpr;; across firms—holding constant the

distribution of a;;—reduces aggregate A;, representing the efficiency loss from misallocation.

B.4 Firm-Level DRS and Measured TFP

This section formalizes why firm-level decreasing returns to scale (DRS) would appear as

declining measured TFP under our constant returns to scale (CRS) measurement assumption.

B.4.1 Setup

Suppose the true firm-level production function exhibits DRS:
Y, =A;- LY KPP M) (24)

where a + 4+ 7 < 1.
We measure TFP assuming CRS, using factor shares sy, sk, and s); that sum to one

(3L+5K+5M = 1)2
logT/F\Pi =logY; — sy log L; — sk log K; — sy log M (25)

B.4.2 Scaling Up Inputs

Consider a firm that scales up all inputs by factor A > 1:
L, =\L; K/ =M\K; M =M, (26)
Under DRS, true output scales as:

Y] = A; - (ALy)™ - (M\K;)P - (AM;)?
= \ot8+) Ly, (27)

Since a + 4+ v < 1, output grows less than proportionally: Y/ < A -Y;.

B.4.3 Measured TFP After Expansion

The measured TFP for the scaled-up firm is:
1og7{F\P;:logYZ-'—sLlogL;—sKlong{—leogMi’ (28)
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Substituting the scaled inputs:

log T/ﬁDZ =logV; — sy log(AL;) — sk log(AK;) — spr log(AM;) (29)
Using logarithm properties and s, + sg + sy = 1:

log Y{ﬁ: =logY; —log A — (splog L; + sk log K; + sy log M;) (30)
Substituting Y/ = A(@+5+7) .y

log T/FTD; = log(A# . ¥;) —log A — (splog L; + sx log K; + s log M;)
zlogT/F\Pi—l—[(a—l—ﬁ—l—’y) — 1] log A (31)

Since a + 8 + v < 1 under DRS, we have (oo + 4+ ) — 1 < 0. Therefore, for expanding
firms (A > 1):
log T/FTD; < log TFP; (32)

This demonstrates that under firm-level DRS, expanding firms would exhibit declining

measured TFP when we impose CRS in measurement.

B.4.4 Empirical Implication

This derivation shows that if firm-level DRS exists, expanding firms would exhibit declining
measured TFP under our baseline CRS measurement assumption. Specifically, a firm scaling
up all inputs by factor A > 1 would experience a decline in measured TFP proportional to
(+ B8+~ —1)log A, where a +  + v < 1 under DRS. As discussed in the main text, our
empirical findings are robust across multiple specifications that do not impose CRS ex ante,

suggesting firm-level DRS is not the primary explanation for the patterns we observe.
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Appendix C The Export Wedge

The export wedge 7'5 enters our model in reduced form: it captures the gap between gross
and net export revenue without committing to a single source. This appendix presents three
analyses. First, it presents three microfoundations under which the same firm-level conditions
and aggregate mechanism arise. Second, it measures a concrete, statutory component of the
wedge directly from administrative data (C.2) using product-level subsidies and restrictions.
Lastly, it shows that firms with a more favorable wedge expand exports disproportionately

when the commodity shock arrives, the sign the misallocation mechanism predicts (C.3).

C.1 Microfoundations of the Export Wedge

This section closes the model by giving three microfoundations for 7'5 ,

each specifying both
the source of the wedge and the corresponding flow of resources back to households.

The first two microfoundations are motivated by features of Chile’s commodity sector that
generate firm-specific gaps between gross and net export revenue, with the wedge orthogonal
to underlying productivity. The first microfoundation maps onto policy-induced advantages
that effectively raise the per-unit return on exports for some firms relative to others, including
stable tax treatment for foreign investors under Decree Law 600, long-term mining concessions
held by incumbent firms, and differential access to export financing and promotion services.
The second microfoundation captures heterogeneity in firms’ access to foreign markets through
intermediaries: some firms reach foreign buyers directly while others rely on intermediaries
who absorb part of the export margin, generating cross-firm dispersion in net-of-intermediation
export revenue. Both yield identical firm first-order conditions, and the calibration target—the
variance of export shares across firms—identifies the dispersion of 7'5 .

The third microfoundation derives the export wedge from endogenous markup hetero-
geneity in the export market under oligopolistic competition (Atkeson and Burstein, 2008). It
generates the same firm-level first-order conditions and a qualitatively similar aggregate mis-
allocation mechanism as the first two, but 7‘5 is endogenously increasing in firm productivity
rather than orthogonal to it, with different cross-sectional implications that fit the Chilean
data less well—in particular, it predicts a positive TFPR-size gradient, whereas the empirical
correlation is zero to weakly negative (C.1.3). Our quantitative analysis in Section 6.4 retains
the productivity-orthogonal formulation that better matches the cross-sectional moments in

our setting.
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C.1.1 Policy-Induced Per-Unit Advantages

In this microfoundation, 75 represents an ad valorem policy wedge on export revenues,
with negative values capturing the kinds of advantages already discussed in Section 6.1—
DL600 tariff exemptions, preferential royalty rates under the mining concession system, or
subsidized export financing through ProChile and CORFO. The four programs we measure in
C.2—the Reintegro and Drawback rebates and the ITQ and aquaculture restrictions—are
the explicit, quantifiable instances of this policy wedge; the advantages just listed (DL600
stability, concession rates, promotion financing) are additional but largely implicit instances
that we do not measure, which is why the measured wedge is a lower bound. The firm’s
profit-maximization problem coincides with that of Section 6.1, and pricing rules, input
demands, and firm-level TFPR expressions are unchanged. What this microfoundation adds
is a specification of how the aggregate residual revenue is mapped back to the household
budget. The government balances its budget by rebating net policy revenue lump-sum to

households, so that the transfer in the household budget constraint takes the form

T=2.2 vy (33

Jj ieF;

Under GHH preferences, T does not affect the household’s labor supply decision, and the

aggregate equilibrium coincides with the baseline.

C.1.2 Heterogeneous Intermediary Access

In this microfoundation, 7 arises endogenously from firms’ use of domestic export inter-

]
mediaries, where firms differ in the share of their output for which direct foreign market
access is institutionally available.?* When firms lack such access, they sell to intermediaries
who in turn export the products abroad. The microfoundation accommodates a natural
interpretation of the baseline model in which the “domestic” market includes firms’ sales to
intermediaries alongside direct domestic consumption, with intermediated output recorded as
domestic sales in firm tax records and direct exports recorded as export revenue in the same
records. Cross-firm variation in intermediary reliance arises from a multi-product structure

already implicit in our empirical strategy, with product-specific institutional access aggregated

across each firm’s portfolio rather than firm-wide differences in capability.?®

21\We are grateful to Felipe Saffie for suggesting this microfoundation, which we develop here in detail.
25We frame intermediary reliance as a function of product-specific institutional access rather than firm
size. While casual narratives often associate intermediary use with smaller firms, our empirical strategy
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Setup. Each firm 7 in sector j produces a portfolio of products P;;, with foreign-bound
F
ijp
accessible products (p € Pf}), the firm has the institutional standing to export directly at

output y/; for each product p € P;;.?% Each product is classified by its access type. For

the foreign price pf;p. For intermediated products (p € Pi]j), the firm lacks such access and
channels exports through a domestic intermediary, who purchases the product domestically and

resells it abroad. The partition {73{?, ZI]} is firm-product-specific and reflects accumulated
institutional access. We treat this partition as exogenous and orthogonal to the firm’s

underlying productivity a;;.*”

We define the firm-level direct access fraction as the share of foreign-bound revenue from
accessible products:
B ZpeP{J‘. PipYisp
77@']':2 7 €10,1]

pEP;j DijpYijp

(34)

Cross-firm variation in 7;; arises from differences in product portfolios and from product-
level differences in institutional access. The product-level structure is what makes this
heterogeneity exogenous to firm productivity: whether firm 7 has the institutional standing to
reach foreign buyers for a specific product p is a firm-product-specific historical fact rather
than an attribute of the firm’s productive efficiency. Firms with 7,; close to one have direct
access for most of their foreign-bound output; firms with n;; close to zero rely predominantly
on intermediaries. The shift-share exposure measure used in our empirical strategy inherits
its identifying variation from precisely this product-level heterogeneity, with a firm exposed
to the commodity boom through products in 73;? realizing the price increase as direct export
revenue, while a firm whose exposed products fall in Pi[j sees the same price increase absorbed

largely as intermediary markdown.

identifies the wedge through cross-firm variation in product-specific commodity exposure, not size. The
relevant heterogeneity in our framework is in TFPR rather than size: shock exposure is uncorrelated with
initial productivity (correlation —0.027, see Section 5), so the differential expansion of low-TFPR firms reflects
the wedge structure itself, not selection on size.

26The product-level treatment can be interpreted more broadly as a cell-level structure, where each “product”
represents a product-buyer-destination cell: institutional access can vary not only across products but also
across buyers and destinations, and the firm-level direct access fraction 7;; defined below would aggregate
accordingly.

27Such product-specific access factors include pre-existing buyer relationships established before the sample
period, regulatory licenses tied to particular commodity products, mining concessions specific to particular ore
types, political connections relevant to particular export destinations, and geographic or logistical advantages
tied to specific products. We treat these as exogenous primitives that evolve, if at all, through channels
orthogonal to firm productivity.
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Intermediary Problem. For each intermediated product p € Pi[j, the firm and a domestic
intermediary engage in bilateral bargaining over the surplus from exporting that product. The
intermediary, if successful in obtaining the product, can sell it abroad at the foreign price pf;.p.
The firm cannot directly export this product (by definition of P{j), so the foreign-bound unit
yields zero revenue absent intermediation, and the total surplus per unit available to the firm-
intermediary pair is pf;-p.% We assume Nash bargaining with firm bargaining weight g € (0, 1)

and intermediary weight 1 — 5, both common across firm-intermediary pairs. The bargaining
F
jp
retained share represents the markdown extracted from each unit of intermediated export,

outcome assigns 3 p;; to the firm and (1 — ﬁ)pf;p to the intermediary. The intermediary’s
and we define the common markdown rate as 6 = 1 — 3, so that the firm receives (1 — 5)p5p

for each unit of intermediated foreign-bound output.

Aggregate Firm Revenue and the Export Wedge. At the firm level, foreign-bound
output combines accessible and intermediated products. Let R} = Epepij PiipViy, denote
total foreign-bound output value evaluated at foreign prices. The firm retains the full foreign
price on accessible products and the post-markdown share on intermediated products, so its

total revenue from foreign-bound output is

> phul, + Y (= 0phuk, = ngRE + (1= i) (1 = 6)R];

pEP{? pGPin

= [1— (1 — ;)0 RE. (35)

Mapping to the baseline, where the firm’s revenue from foreign-bound output is (1 — 75 )pfy5;

F

with pijyg = Rf; at the firm aggregate, we obtain

7= (1—n;)6 €[0,6]. (36)
Firms with high direct access (1;; — 1) face 7'5 — 0, while firms heavily reliant on intermedi-
ation (1;; — 0) face 7,7 — 6.* The firm’s profit-maximization problem coincides with that

of Section 6.1 once 7'5 is defined by Equation (36), and pricing rules, input demands, and

28 Allowing a positive domestic outside option would attenuate the markdown but does not change the
qualitative structure of the wedge.

29The intermediary microfoundation generates a non-negative wedge, in contrast to the policy microfoun-
dation of Section C.1.1 which admits both signs. The dispersion of 75 identified by the variance of export
shares is preserved, but the support is one-sided. Recalibrating the model with 7;; distribution to match the
same export share variance preserves the misallocation mechanism.
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firm-level TFPR expressions are identical to the baseline.

Empirical Alignment and Closure. A central feature of this microfoundation is that
intermediated foreign-bound output appears as domestic sales in the firm’s tax records,
since the intermediary acquires the product within Chile before reselling abroad. Cross-firm
dispersion in 7;; therefore generates dispersion in observed export shares—measured as the
ratio of reported exports to total sales in firm tax records—consistent with the calibration
target used in Section 6.4. Because 7;; reflects institutional access factors orthogonal to
underlying productivity, the framework accommodates cases in which less productive but
well-positioned firms expand more strongly in response to a positive demand shock than
highly productive firms whose institutional access is limited—reproducing the differential
sensitivity of low-TFPR firms documented in Section 5. Intermediaries are domestic agents

owned by the representative household, and their aggregate profits

D 9D IETRITES 3 B )

J iEeF; VEASN

are absorbed in the aggregate profit term II in the household’s budget constraint. Under GHH
preferences, the redistribution does not affect labor supply, and the aggregate equilibrium

structure coincides with the baseline.

Why static heterogeneity rather than search and matching. A natural alternative
microfoundation for differential intermediary access is a search-and-matching model in which
firms and intermediaries match endogenously. We adopt the static heterogeneity formulation
in 7;; rather than such a model because standard search-and-matching frameworks generate
efficiency sorting: more productive firms generate larger match surpluses and therefore secure
better intermediary access in equilibrium, so 7;; becomes positively correlated with underlying
productivity a;;. Under this alternative, low-TFPR firms would no longer be the firms with
favorable export access, and TFPR dispersion would reflect productivity dispersion rather
than wedge dispersion. The misallocation mechanism that drives the aggregate productivity
decline in Section 6.4—in which less productive but export-favored firms expand at the
expense of more productive competitors—would disappear, and the framework would predict
an aggregate productivity increase during the commodity boom rather than the empirical
decline documented in Figure 1. The static formulation in 7;; preserves the productivity-

orthogonal heterogeneity that is essential for matching the empirical pattern, treating 7;; as
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the equilibrium outcome of an underlying access process whose details are not material for

the cross-sectional misallocation we identify.

C.1.3 Variable Markup in the Export Market

F

In this microfoundation, 7;; arises from endogenous markup heterogeneity in the export

market under oligopolistic competition (Atkeson and Burstein, 2008).

Setup. Within each sector j, firms face Cournot competition in the export market, inter-
nalizing their effect on the sector-level foreign price index. The within-sector elasticity o
continues from the baseline, governing substitution across firms within a sector; we introduce
a separate across-sector elasticity ¢ governing substitution across sectors in foreign demand,
with ¢ > ( > 1. The firm-level export demand elasticity depends on the firm’s within-sector

F .
world export share s;; yy:

ef;- =0 — (J—C)sijw, (38)

yielding firm-specific export markups ul] = eF (65 — 1) that are strictly increasing in SZ,W'
Domestic prices remain pij = puMC;; with p=0/(c — 1) as in the baseline, while the export

pricing rule becomes pw Wi EMC;.

Mapping to the Baseline Wedge. The firm-level TFPR derivation in Appendix B.3
carries through with the modified pricing rules. The only object that changes relative to the
baseline expression in Equation (12) is the front markup term: where the baseline carries
p/(1— TU ”) this microfoundation carries the harmonic average of domestic and export

markups weighted by revenue shares,

1—st sE

— _ ] 1)
Hij = +—F
J [ W ,uf;-

-1

7 (39)

which obtains by writing total revenue as ri; = u MCy;y/l + pui; MCi;yl; and substituting
yll = (1= sf)rij/(n MCyy) and yf; = shrij /(uf; MCy;). The resulting firm-level TFPR is

'YL K M
tf r = luZ]( )1/(1+77)W7 ﬁ 7 ﬁ K (40)
p Y /l’l] ’)/L 'YK ’YM )
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where the labor markdown uiLj and the factor cost terms in capital and materials are unchanged
from the baseline. The two formulations map onto each other under the substitution p/(1 —
F_F

Ti;Sij) = Mij, which simplifies to

75 sf; = (1 - iF) 35 (41)

A firm with above-average export markup (,LLZ > p) maps onto a positive effective wedge

(r; > 0), while a firm at the competitive limit (u; — 1) maps onto 7] = 0. The export wedge
F
term 755/ in the baseline TFPR decomposition (Equation (12)) is replaced by (1 — p/pf)st;,

with cross-firm dispersion in TFPR driven by dispersion in export markups weighted by
export shares.

Sectoral productivity follows the Hsieh-Klenow aggregator in Equation (13) with tfpr,;
now given by Equation (40). The microfoundation therefore generates a misallocation
mechanism analogous to the policy and intermediary microfoundations of Sections C.1.1 and
C.1.2, but with a different distortion source. Comparing each firm’s export quantity to the

frictionless benchmark yg-’eﬁ obtained at the common markup u, CES export demand implies

F F\ ¢
Yij Hij
F,iﬂ - - J (42)
Yij p

so that high-productivity firms with ,uf;- > 1 under-produce relative to their productivity

(yzj / yF ot 1), ceding scale to low-productivity firms with uf; ~ u that produce closer to the
frictionless benchmark. A common positive export demand shock amplifies this dispersion
through the heterogeneous demand elasticities in Equation (38): high-productivity firms face
less elastic demand and widen markups further, while low-productivity firms face more elastic
demand and absorb expansion through quantity, drawing resources toward the less productive

segment of the sector and reducing A;.

Closure. The implied export wedge 7'5 =1—pu/ uf;- in this microfoundation generates extra
revenue accruing to the firm relative to the competitive benchmark. These additional revenues

enter aggregate firm profits

Y AR =Y (1) B (13)

j iEF, j iEF,
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which are absorbed in the household budget constraint as part of the aggregate profit term II.
Under GHH preferences, IT™ does not affect the household’s labor supply decision, and the

aggregate equilibrium structure coincides with the baseline.

Empirical Fit and Calibration. The cross-sectional relationship between TFPR and
firm size differs sharply between this microfoundation and the productivity-orthogonal

microfoundations of Sections C.1.1 and C.1.2. Using siLj as a size proxy and applying

F P\ ~ ~FF

with respect to size takes the form

for small wedge dispersion, the cross-sectional gradient of log TFPR

dlog tfpr;; _ 0X;i o dlog s AL (44)
dlog sf: dlog s dlogs;  1+n
—— ~ —~~ v
distortion channel labor markdown channel
where X;; = 7'5- sf; in the policy and intermediary microfoundations and X;; = (1 — p/ ,uf;)sf;

here. The labor markdown channel is identical across microfoundations and strictly positive.

The distortion channel, however, differs sharply across the two cases. In the productivity-

orthogonal microfoundations, 7]

channel admits zero, weakly negative, or weakly positive contributions depending on the joint

is orthogonal to underlying productivity, and the distortion

distribution of wedges and export shares, leaving the gradient ambiguous. In the markup
case, uf; is endogenously increasing in firm size through sf}w, sol—pu/ /Lf; is increasing in
size while sf;- remains non-negative; the distortion channel is therefore positive across firms,
and combined with the positive labor markdown channel, the gradient is positive regardless
of whether size is measured by sales or employment.

The empirical TFPR-size correlation in the Chilean commodity sector is zero or weakly
negative, indicating that the cross-sectional moments in our setting are not well captured by
this microfoundation. Quantifying it would require recalibrating ¢ and the ,ug distribution to
match a different set of empirical moments; we do not pursue this quantification, given the

weaker fit and to retain the baseline calibration in Section 6.4.

C.2 Measurement

The wedge is the net statutory subsidy or tax a firm faces on its exports, as a percent of FOB
value: a subsidy side (programs that pay exporters) minus a restriction side (programs that
cap output and extract rent). We combine our institutional index of program rules with two

administrative customs files: export shipments (Aduanas Salidas, 2003, with the taxpayer
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ID, HS6 product, FOB value, and the operation-type code that distinguishes genuine exports
from re-exports and temporary movements) and import declarations (Aduanas Entradas,
2003, with CIF value and duties actually paid). Chile ran many export-related programs; we
focus on the four that are both large and cleanly expressible as a percent of FOB, two on
each side. We capture explicit instruments only, so the measure is a conservative lower bound
on the dispersion the model allows.

Subsidy side. Reintegro Simplificado (Law 18,480, 1985) is a cash payment of 3% of
FOB to exporters of non-traditional goods. Drawback (Law 18,708, 1988) refunds the import
duties paid on inputs incorporated into the export, with an ad valorem equivalent equal to the
product’s input tariff ¢, (defined below). The two are statutory alternatives—a firm claims
one or the other on a shipment—so the subsidy rate is the larger of the two.

Restriction side. Fisheries individual transferable quotas (ITQ, Law 19,713, 2001) cap
the catch and make the quota a tradable right, working like a tax on the marginal catch
worth roughly 15% of landed value (Kroetz et al., 2017). Aquaculture concessions (Decree
125 of 2003) administratively limit the number and size of maritime sites, which we treat as a
2% restriction.

Product-level wedge. For each HS6 product h,

subsidy;, = max(0.03 - 1[Reintegro,], ¢ - 1[Drawbacky]) - spo™,
restriction, = (0.15 - 1[ITQ,] 4 0.02 - 1[Aquay]) - sp°™,

with net product wedge 75, = subsidy,, — restriction;,. The input tariff ¢, is built from customs
data alone in three steps: a national HS6 tariff ¢}** = 3", duties;/ > .04 CIF;, the effective
duty on inputs of HS6 j (capped at the statutory 11%); a firm input tariff ti;put =2 w}?p e,
where w}r;.‘p is firm f’s CIF share in input j; and a product tariff ¢, = >, w})’ tifnput, the
FOB-weighted average of tifnp " across firms exporting h. The multiplier si°™ is the 2003
FOB share of h shipped under the normal-export operation code; it down-weights products
whose recorded flow is mostly re-export or temporary movement (its median is one, so only
the re-export-heavy tail is affected).

Firm-level wedge. We aggregate to firms by a 2003 export-share shift-share, Tf =
> o Wsn Th, Where wyy, is firm f’s 2003 FOB share in commodity-shock product h. Each
product term is a statutory parameter set independently of the firm’s decisions, and the 2003
portfolio weights are predetermined relative to the 2003-2011 shock, so Tf is predetermined; it

also lives in the same shift-share space as the firm shock. In the commodity-exporter sample,
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7 splits cleanly into net-subsidy firms (Reintegro/Drawback-eligible, 75" > 0), zero-wedge
firms (mining, primary copper, raw agriculture, 7% ~ 0), and net-restriction firms (fisheries
and aquaculture, 7% < 0).

Scope and caveats. The measure is statutory-imputed (rate x eligibility), not realized
refunds or duties, and it captures explicit instruments only. Implicit support—state financing
for the national copper producer, DL 600 tax stability for foreign miners, sectoral promotion
through ProChile and CORFO—is not measured, reinforcing the lower-bound interpretation.
We exclude the copper-export levy (Cobre Reservado, Law 13,196) because by statute it falls

on a single firm whose net position is confounded by unmeasured state support.

C.3 The Wedge Predicts Differential Expansion

If Tf captures a genuine export advantage, firms with a higher net wedge should expand
exports more when the shock hits—the misallocation prediction. On the cross-section of

commodity exporters we estimate
gy = Bshocky + 5Tf +7 (shockf X Tf) + o) + ey,

where gy is 2003-2011 export growth (Davis-Haltiwanger—Schuh mid-point growth) and ayy)
are fixed effects for the firm’s dominant 2-digit sector, with standard errors clustered at that
level; the wedge is centered. The prediction is v > 0. Table A.5 confirms it: comparing
firms within the same broad sector, those with a more favorable net wedge expand exports
significantly more when the shock arrives. The effect is robust to dropping the normal-channel
multiplier s"°™ and to winsorizing the outcome at the 1st and 99th percentiles. Decomposing
the wedge, the net effect is driven by the restriction (implicit-tax) side; the subsidy side has
little cross-firm variation in this sample and is imprecisely estimated. Identification compares
firms within the same broad (2-digit) sector, which is the level at which the wedge varies
across firms: the wedge differs mainly across narrow product lines within a sector, so this is

the appropriate comparison.
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Table A.5: Export Wedge x Commodity Shock and Firm Export Growth

o @ 6

Dependent variable: firm export growth

Shock x net wedge 4.18%F  4.27FF 417
(1.96) (2.04) (1.95)
Drop $yorm multiplier No Yes No
Winsorized outcome (1/99)  No No Yes
Dominant-HS2 FE Yes Yes Yes
Firms 760 760 760

Notes. Dependent variable: firm export growth (DHS mid-point growth, 2003-2011). Cross-section
of commodity exporters. The firm net export wedge (subsidy minus restriction) is built from four
predetermined statutory programs and aggregated to the firm by 2003 export shares (Appendix C.2);
it is centered. Each column regresses export growth on the commodity shock, the net wedge, and
their interaction, with dominant-HS2 fixed effects and standard errors clustered by dominant HS2.
Column (2) drops the normal-channel multiplier $,o;m; column (3) winsorizes the outcome at the
1st and 99th percentiles. A positive interaction is the misallocation prediction: firms with a more
favorable wedge expand more when the shock arrives. ***p < 0.01, **p < 0.05, *p < 0.10.
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