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Abstract

Essays in Regional and International Economics

Sang Hoon Kong

This dissertation includes three essays in Regional and International Economics.

In Chapter 1, I ask if greater access to domestic higher-income markets lead to quality

upgrading and gains in productivity among local firms? Taking advantage of a major highway

project in India, I find that firms responded differently to large and small increases in access to

higher-income markets. When shocks were large, local firms produced higher-quality output by

using more skilled labor, capital, and expensive materials, leading to productivity gains. For small

shocks, local firms also produced higher-quality output but only by using more quantities of input

and without any signs of productivity gains. Seen through the lens of the model, these results

suggest that firms face substantial adjustment costs that prevent them from adopting more

sophisticated production processes when shocks are small. Since income differences found within

India are relatively narrow, my analysis suggests that developing countries do not need to rely

solely on demand from high-income countries to incentivize quality upgrading and to capture

associated productivity benefits.

In Chapter 2, I examine county-level outcomes of the 2018 U.S. House elections to

investigate whether voters electorally responded to the economic impacts of the trade war tariffs

in 2018. I find causal evidence that votes for the incumbent president’s party (Republican)

increased in counties that benefited from the domestic tariffs while those votes decreased in

counties that were harmed. The median net effect is negative but economically insignificant. In



contrast, I do not find comparable effects on the votes for Democratic candidates, which suggests

the domestic tariffs largely impacted the turnout among Republican supporters but did not lead to

switching of parties. Finally, I do not find any substantive responses to the retaliatory tariffs.

In Chapter 3, with David Weinstein, Mary Amiti, and Matthieu Gomez, we document that

tariff announcements made during the U.S.-China trade war had broad effects on financial

variables. Announcements systematically decreased stock prices and raised nominal and real

bond prices. We use a specific factors model to show that the welfare impact of the tariffs can be

identified from the policy-induced movement in the present value of firm cash flows: a variable

that can be estimated from financial data. Using this framework, we find that the U.S.-China trade

war lowered U.S. welfare by three percent. We show that these cash flow movements can be

further decomposed into market expectations about how tariffs affect current and future prices

and productivity. Seen through the lens of our model, the market reactions to tariff

announcements can be explained by expectations that tariffs lead to large, negative future price

and TFP shocks that play an important role in dynamic, but not static, models.
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Chapter 1: Quality Upgrading and Productivity Gains from Domestic

Market Access Changes in India

1.1 Introduction

Developing countries often seek greater access to high-income countries like the U.S. or mem-

bers of the E.U. as a pathway to local economic development. One rationale is that high-income

consumers in these countries are willing to pay more for product quality. Hence, increasing mar-

ket access to these countries can provide greater incentives for local firms to upgrade quality and

capture associated productivity benefits. For example, Atkin et al. (2017a) document that an in-

tervention matching Egyptian rug makers to buyers from high-income countries—who requested

higher-quality rugs—caused increases in productivity among local workers. However, for the vast

majority of firms in developing countries that do not sell to high-income countries, the demand

from domestic high-income consumers or those in countries at similar stages of development are

likely more relevant. Can narrower income differences such as those found within the borders of a

country still incentivize quality upgrading and lead to productivity gains? Answers to these ques-

tions are important in informing developing countries on whether policies that increase access to

markets outside high-income countries can promote local economic development through quality

upgrading.

In this paper, I take advantage of a major highway project in India to answer these questions

by examining if increased access to domestic higher-income markets caused quality upgrading

and productivity gains among local firms. I report two main findings. First, increased access to

higher-income markets caused quality upgrading among local firms in Indian districts. In 2001,

the 75/25th percentile ratio of per-capita income across Indian districts was 1.6, only a tenth of the

same ratio measured using international per-capita income differences. Therefore, my first finding

1



shows that relatively narrow income differences found within India were sufficient in inducing

firm-level quality upgrading. Second, I find that only large increases in access to higher-income

markets converted these quality upgrading responses into productivity gains. Small increases in

access to higher-income markets induced quality upgrading without signs of productivity gains.

When seen through the lens of the model, these empirical findings suggest that adjustment costs

associated with adopting more sophisticated production processes prevented most Indian firms

from realizing productivity gains despite upgrading quality. In order to also achieve productivity

gains, my analysis suggests that the increase in access to narrowly higher-income markets has to

be achieved through large reductions in trade costs or be accompanied by lowering of adjustment

costs associated with adopting sophisticated production processes.

India initiated its National Highway Development Project (NHDP) in 2000, which upgraded

existing national highways to four-lane roads in order to improve road speeds. For some districts,

these upgraded roads meant that they were now better connected to other high-income districts

in India. By digitizing the Indian road network and the upgraded roads, I am able to estimate

the resulting changes in trade costs between every pair of districts from 2000 to 2009. I use

a model to map these trade cost changes and data on district income into measures of changes

in access to higher-income markets for each district, which I relate to the local manufacturing

plants’ output quality and productivity changes. I address identification concerns regarding the

non-random placement of road upgrades by restricting the estimation sample to districts where

NHDP roads were built. This avoids comparing locations close to the NHDP roads to locations

far away. The identification assumption is then that within this subset of districts, the changes in

access to higher-income markets resulting from the NHDP road upgrades are uncorrelated with

other factors that can affect local firms’ output quality and productivity.

Product quality is not observed in India’s Annual Survey of Industries (ASI) that I use for this

study and changes in output quality have to be inferred. My strategy for detecting variety-level

(unique plant and product pairs) changes in quality is to use both the changes in marginal cost and

product appeal. The marginal cost of a variety is measured as the per-unit cost of materials and
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labor while product appeal is derived from demand residuals recovered using data on prices and

quantities (Khandelwal (2010); Hottman et al. (2016)). Each measure is imperfect. Increases in

marginal cost may reflect decreases in productivity (Garcia-Marin and Voigtländer (2019)) while

increases in product appeal may reflect demand shocks unrelated to quality. However, a concurrent

increase in a variety’s marginal cost and product appeal makes a compelling case that the variety’s

quality was improved since alternative explanations would have to simultaneously account for de-

creases in productivity and increases in product appeal. Firm productivity is measured by revenue

per labor and revenue total factor productivity (TFP).

Using this strategy, I first find that increased access to higher-income markets caused local

plants to spend more on materials and labor to produce each unit of their variety. For example, I

estimate that a standard deviation increase in access to higher-income markets caused 20% higher

increases in the marginal costs of local varieties relative to those produced in unaffected locations.

Moreover, I find that these plants devoted more quantities of inputs into producing each unit of

output, which is consistent with the findings in Atkin et al. (2017a) that more hours of labor were

used to produce higher-quality rugs.1 These outputs were not only more costly but also more

appealing. I interpret these increases in marginal cost and product appeal as increases in quality.

Turning to productivity, I estimate that large and small increases in access to higher-income

markets had differential effects on measured productivity, skill use (ratio of non-production to

production labor), value of capital, and material input prices. Large increases in access to higher-

income markets caused relatively higher increases in all of these variables, suggesting that these

firms undertook reorganization of their production process to produce higher-quality output. I

estimate that plants in districts exposed to the largest shocks, comparable to a 6.5% reduction in

trade costs, experienced 54% higher growth in revenue per labor and 19% higher revenue TFP

growth relative to plants in unaffected locations. In contrast, small increases in access to higher-

1Although it is not the main focus of this study, these results reinforce a point raised by Atkin et al. (2019) and
Verhoogen (2023) that quantity based measures of productivity (e.g., TFPQ) fail to reflect firm efficiencies when there
are quality differences. A few researchers (De Loecker et al. (2016); Roux et al. (2021)) have begun incorporating
output and input qualities into existing methods of production function and productivity estimation, and my findings
indicate that these solutions are relevant for a wide set of products.
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income markets had no effects on any of these variables. In response to small shocks, local firms

upgraded their output quality merely by using more quantities of inputs, without showing visible

changes to their production processes.

These results indicate that relatively narrower income differences found within India were able

to incentivize firm-level quality upgrading. At the same time, these quality upgrading responses

did not translate into productivity gains for most Indian firms. To understand why this was the case,

the model in this paper conceptualizes two ways of quality upgrading. In the first, a firm upgrades

output quality through using more quantities of input per output but without changing the nature

of the production process, which I refer to as increasing “input intensity”. For example, one way

in which the Egyptians produced higher-quality rugs in Atkin et al. (2017a) was by increasing

the thread count. Producing a rug with a higher thread count requires more materials and hours

of labor, but does not change the nature of tasks that workers engage in. As a result, there are

no changes to the firm’s productivity or skill use. In the second, a firm upgrades output quality

through adopting a more sophisticated production process that requires more skilled workers and

higher-quality materials, which I refer to as “sophistication”. For example, another way that the

Egyptians produced higher-quality rugs was by creating “modern designs”, which would require

the firm to hire workers who can design or train existing workers on designing.

If firms face a fixed adjustment cost to change the level of their sophistication but are free to

adjust input intensity, the model predicts that small shocks will only cause firms to adjust their

input intensity to upgrade quality. In comparison, large shocks make it profitable for firms to pay

the adjustment cost and change both their input intensity and sophistication to upgrade quality.

The model also predicts that these firms will display increased skill use and higher revenue pro-

ductivity as a result of increasing sophistication. When seen through the lens of the model, the

empirical findings suggest that adjustment costs associated with adopting more sophisticated pro-

duction processes prevented most Indian firms from realizing productivity gains despite upgrading

quality.

To the extent that productivity gains are the end goal, quality upgrading through increasing
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input intensity is insufficient. In order to encourage firms to upgrade quality through sophistica-

tion and realize productivity gains, the analysis in this paper suggests two possibilities. First, large

increases in access to higher-income markets, achieved either through large reductions in trade

costs with narrowly higher-income markets or through wider income differences. Second, small

increases in access to higher-income markets coupled with lowering of the adjustment costs asso-

ciated with sophistication. On the one hand, these suggestions justify the importance of increasing

demand from high-income countries. On the other hand, they highlight how demand from narrowly

higher-income markets can also be leveraged to promote both quality upgrading and productivity

gains. Specifically, the analysis suggests that increasing access to narrowly higher-income mar-

kets should be achieved through large reductions in trade costs or be accompanied by lowering

of the adjustment costs that firms face. Thus, developing countries do not need to rely solely on

high-income countries to promote local economic development through quality upgrading.

The findings in this paper add to the growing evidence on the effect of access to higher-

income markets on quality upgrading. Previous research have documented that increased access

to higher-income markets lead to productivity gains (Atkin et al. (2017a)), skill upgrading (Ver-

hoogen (2008); Brambilla et al. (2012)), and use of more expensive material inputs (Bastos et al.

(2018); Hansman et al. (2020)) through the quality upgrading mechanism. These studies have re-

lied on exogenous variation in foreign demand (e.g., exchange rate shocks) for identification and so

they were looking at much wider international income differences. This paper complements these

analyses by exploiting exogenous variations in domestic demand for output quality. My findings

confirm that much narrower income differences are still able to incentivize quality upgrading and

that sufficiently large reductions in trade costs can also generate comparable results on produc-

tivity, skill upgrading, and material prices. These studies make important advances to the earlier

literature that found cross-sectional evidence on countries and firms that sell more expensive and

higher-quality outputs to higher-income destinations (Hallak (2006); Bastos and Silva (2010); Hal-

lak and Schott (2011); Manova and Zhang (2012); Kugler and Verhoogen (2012); Dingel (2017)).

This paper joins a large body of research that relates market integration to economic develop-
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ment. In particular, a recent line of work (Faber (2014); Allen and Arkolakis (2014); Donaldson

and Hornbeck (2016); Donaldson (2018)) has focused on major infrastructure projects to study

how changes in market access affect economic development. A number of studies (Datta (2012);

Ghani et al. (2016); Asturias et al. (2019); Abeberese and Chen (2022); Baragwanath Vogel et al.

(2024)) have examined India’s NHDP. In contrast to these studies, the present paper focuses on

how a major infrastructure project affects economic development through the quality upgrading

channel. In doing so, I underscore the fact that transportation infrastructure not only alter the size

of the demand that a location faces but also the demand for quality that it faces.

Finally, the results in this paper emphasize the importance of understanding the impediments to

technology adoption by suggesting that they may have prevented most Indian firms from realizing

productivity gains through quality upgrading. A number of recent studies have taken a closer look

at the impediments to technology adoption such as re-organization costs (Bloom et al. (2013);

Atkin et al. (2017b); Hansman et al. (2020); Juhász et al. (2024b)) and lack of access to knowledge

(Juhász et al. (2024a)). Since adjustment costs that firms face are not directly observed in this study,

it is not possible to link them to any of these potential sources. Making this link appears crucial,

especially since the analysis in this paper suggests that lowering these costs will make increasing

access to narrowly higher-income markets more effective at generating productivity gains through

incentivizing quality upgrading.

1.2 Theoretical Framework

This section develops a theoretical framework that links market access, quality upgrading, and

measured productivity. The model gives a precise definition on a location’s “access to higher-

income markets” and shows how changes in trade costs affect firm decisions on how to upgrade

their output quality. It also formalizes why large and small increases in access to higher-income

markets will generate different responses from the firms.
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1.2.1 Demand

There is a fixed set of locations (districts) indexed by 𝑑 ∈ 𝐷 in the economy. There are iceberg

trade costs between any two districts 𝑜, 𝑑 ∈ 𝐷 so that 𝜏𝑜𝑑 > 1 units of a good need to be shipped

in order for a unit to arrive. Trade is free within each district so that 𝜏𝑑𝑑 = 1 for all 𝑑 ∈ 𝐷.

Each location is inhabited by consumers of heterogeneous types indexed by 𝑖 ∈ 𝐼 = {𝐻, 𝐿}.

A type-𝑖 consumer in location 𝑑 has expenditure 𝐸𝑖𝑑 and their population is denoted by 𝑁𝑖𝑑 . The

consumer’s utility over the consumption of varieties of a differentiated good is characterized by

a non-homothetic CES preference studied by Comin et al. (2021). In Appendix Section A.2.1,

I show that this preference gives rise to the following expenditure function that also appears in

Feenstra and Romalis (2014):

𝐸𝑖𝑑 = 𝑈𝑖𝑑

[∑
𝑣

(
𝑝𝑣𝑑/𝑞𝑈𝑖𝑑𝑣

)1−𝜎
] 1

1−𝜎

, (1.1)

where 𝜎 > 1 is the elasticity of substitution between the varieties, 𝑝𝑣𝑑 is the price of variety 𝑣 in

location 𝑑, 𝑞𝑣 ∈ (0, 1] is the variety’s quality, and𝑈𝑖𝑑 is the utility of type-𝑖 consumers in location

𝑑. Note that while a variety’s quality 𝑞𝑣 is common to all consumers, higher-utility consumers

have a higher valuation of quality.

Suppose in equilibrium, the utility of each type of consumer is equalized across space through

a free mobility condition so that 𝑈𝑖𝑑 = 𝑈𝑖 for all 𝑑 ∈ 𝐷. Then, the aggregate demand from

𝑖-consumers in location 𝑑 for each variety 𝑣 is given by:2

𝐶𝑣𝑖𝑑 = 𝑝−𝜎𝑣𝑑 𝑞
(𝜎−1)𝑈𝑖
𝑣 𝑈1−𝜎

𝑖 𝐸𝜎𝑖𝑑𝑁𝑖𝑑 (1.2)

To see the heterogeneity in consumers’ preference for quality, observe that the (logged) relative

2If consumer preferences for quality are assumed away (i.e., 𝑞𝑣 = 1 for all 𝑣), then the demand function in
equation (1.2) reduces to 𝐶𝑣𝑖𝑑 = 𝑝−𝜎𝑣𝑑 𝑈

1−𝜎
𝑖 𝐸𝜎𝑖𝑑𝑁𝑖𝑑 . Let 𝑃𝑑 = (∑𝑣 𝑝

1−𝜎
𝑣𝑑 )1/(1−𝜎) denote the standard CES price

index in location 𝑑. Then using the fact that 𝑈𝑖 = 𝐸𝑖𝑑/𝑃𝑑 , we get the standard expression for CES demand, 𝐶𝑣𝑖𝑑 =
𝑝−𝜎𝑣𝑑 𝑃

𝜎−1
𝑑 𝐸𝑖𝑑𝑁𝑖𝑑 .
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expenditure shares on varieties 𝑞𝑣′ > 𝑞𝑣 are given by

log
(
𝑝𝑣𝑑𝐶𝑣′𝑖𝑑
𝑝𝑣𝑑𝐶𝑣𝑖𝑑

)
= (1 − 𝜎) log

(
𝑝𝑣′𝑑
𝑝𝑣𝑑

)
+ (𝜎 − 1)𝑈𝑖 log

(
𝑞𝑣′

𝑞𝑣

)
, (1.3)

which is increasing in𝑈𝑖. Thus, higher-utility consumers spend a greater share of their expenditure

on higher-quality varieties. As we will see shortly, this heterogeneity in consumers’ preferences for

quality combined with trade costs will generate differences in firms’ incentives to upgrade quality

across space. For convenience of exposition, I assume 𝑈𝐻 > 𝑈𝐿 and refer to consumers with

higher utility as higher-income consumers going forward.

1.2.2 Technology

I assume that firms are able to upgrade the quality of their output in two different ways: in-

creasing input intensity (𝑥) and increasing sophistication (𝑠). It will be useful to have a guiding

example in mind. For this purpose, consider a rug maker like those studied by Atkin et al. (2017a).

In their study, Egyptian rug makers produced higher-quality rugs for richer buyers abroad while

producing simplistic rugs for the local market. The higher-quality rugs differed from the local

rugs in several aspects. In one dimension, they had higher thread counts. In another, they had

more “modern” designs and had better craftsmanship. I distinguish these dimensions of quality

upgrading by considering whether they simply require more quantities of inputs (increasing input

intensity) or require more skilled workers (increasing sophistication). Increasing thread counts

would fall under increasing input intensity while creating more modern designs or providing better

craftsmanship would fall under increasing sophistication.

To formalize these ideas, I assume that output quality 𝑞𝑣 ∈ (0, 1] is determined by input

intensity (𝑥𝑣) and sophistication (𝑠𝑣) according to a CES technology:

𝑞𝑣 =
(
𝑥𝜃𝑣 + 𝑠𝜃𝑣

)1/𝜃
, (1.4)

where 𝜃 < 0 is the elasticity of substitution between the two ways of upgrading quality that I
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assume are complementary. I also assume that more sophisticated production requires higher-

quality inputs so that 𝑠𝑣 denotes not only the firm’s level of sophistication but the quality of its

material inputs and the skill of its workers. The rising costs of purchasing higher-quality materials

and more skilled labor are modelled as log-linear functions of sophistication with an elasticity

𝜂 > 0:

𝑝𝑀𝑣 = 𝑝𝑀𝑜𝑠
𝜂
𝑣 and 𝑤𝑣 = 𝑤𝑜𝑠

𝜂
𝑣 , (1.5)

where 𝑝𝑀𝑜 and 𝑤𝑜 are local prices of materials and wages that are taken as given.

In turn, to produce physical quantities of output 𝑦𝑣, the firm has to combine materials 𝑀𝑣 and

labor 𝐿𝑣 using a Cobb-Douglas production function:

𝑦𝑣 =
𝑧𝑣
𝑥𝑣
𝑀𝛼
𝑣 𝐿

1−𝛼
𝑣 , (1.6)

where 𝑧𝑣 is the firm’s exogenous efficiency in production and 𝛼 ∈ (0, 1) is the output elasticity on

materials. Unlike in standard production functions, the firm’s choice of input intensity 𝑥𝑣 features

directly in equation (1.6) and has the effect of lowering the quantity of output that the firm produces

with a given quantity of input (i.e., lowers the quantity productivity).

Finally, I assume that firms inherit some initial level of sophistication 𝑠0𝑣 that they take as

exogenous. In order for firms to deviate away from this level of sophistication, they need to pay a

fixed adjustment cost 𝐹 > 0 to reorganize their production process. In contrast, they can always

adjust input intensity freely. Moreover, firms are assumed to be myopic and do not consider the

implications of their choices of sophistication on future profits.

1.2.3 Profit Maximization

Each firm 𝑣 produces a unique variety and competes with other firms under monopolistic com-

petition. Consider a firm 𝑣 in location 𝑜 ∈ 𝐷. It first chooses whether to pay the adjustment cost

or not. If it does (𝑎𝑣 = 1), the firm then chooses both its input intensity (𝑥𝑣) and sophistication
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(𝑠𝑣). Otherwise (𝑎𝑣 = 0), the firm only chooses its input intensity (𝑥𝑣) and is stuck at its initial

level of sophistication (𝑠𝑣 = 𝑠0𝑣) that it takes as given. Subsequently, the firm chooses the prices

({𝑝𝑣𝑑}𝑑∈𝐷) and input usages (𝑀𝑣, 𝐿𝑣). The firm makes these choices to maximize profits given

by:

𝜋𝑣 =
∑
𝑑∈𝐷

∑
𝑖∈𝐼

𝑝𝑣𝑑𝐶𝑣𝑖𝑑 − 𝑝𝑀𝑜𝑠𝜂𝑣𝑀𝑣 − 𝑤𝑜𝑠𝜂𝑣𝐿𝑣 − 𝐹𝑎𝑣 . (1.7)

Minimizing the cost function for a unit output, the marginal cost of production equals

𝑚𝑐𝑣 = 𝜅
𝑥𝑣
𝑧𝑣
𝑝𝛼𝑀𝑜𝑤

1−𝛼
𝑜 , (1.8)

where 𝜅 = 𝜂𝜂/𝜃 (1+𝜂)−(1+𝜂)/𝜃𝛼−𝛼 (1−𝛼)𝛼−1 is a constant of model parameters. Now, let us consider

minimizing this marginal cost of production to produce an output of quality 𝑞. If the firm has paid

the adjustment cost, it is able to adjust both input intensity and sophistication to achieve the target

quality 𝑞. Otherwise, it can only adjust its input intensity. The resulting minimized marginal costs

under adjustment and without are

𝑚𝑐1𝑣 (𝑞) =
𝜅1
𝑧𝑣
𝑞1+𝜂𝑝𝛼𝑀𝑜𝑤

1−𝛼
𝑜 and (1.9)

𝑚𝑐0𝑣 (𝑞) =
𝜅0
𝑧𝑣

(
𝑞 − 𝑠𝜃0𝑣

)1/𝜃
(𝑠0𝑣)𝜂𝑝𝛼𝑀𝑜𝑤1−𝛼

𝑜 , (1.10)

respectively. Note that 𝑚𝑐1𝑣 (𝑞) ≤ 𝑚𝑐0𝑣 (𝑞) for all 𝑞 since the firm has strictly less margins of

adjustment when it does not pay the adjustment cost. In fact, since 𝜃 < 0, this inequality extends

to the elasticity of marginal costs with respect of quality. That is, 𝜕 ln𝑚𝑐1𝑣
𝜕 ln 𝑞 ≤ 𝜕 ln𝑚𝑐0𝑣

𝜕 ln 𝑞 for all 𝑞.

Intuitively, when input intensity and sophistication are complementary (𝜃 < 0), it becomes in-

creasing costly to produce higher-quality output from adjusting input intensity alone, because it is

less efficient at increasing quality at sub-optimal levels of sophistication.

As is standard, the firm optimally chooses to charge a constant markup over marginal cost for

its price. The optimal factory-gate price is 𝑝𝑣 =
(
𝜎
𝜎−1

)
𝑚𝑐𝑣 while the prices that consumers face
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are 𝑝𝑣𝑑 = 𝜏𝑜𝑑 𝑝𝑣 for all 𝑑 ∈ 𝐷. Substituting these optimal prices into the demand equation in (1.2),

the total profit of the firm can be written as

𝜋𝑣 =

(
(𝜎 − 1)𝜎−1

𝜎𝜎

)
𝑚𝑐1−𝜎

𝑣 Φ𝜎−1
𝑣 MA𝑜 − 𝐹𝑎𝑣 . (1.11)

Here, MA𝑜 is the total market access that firms in location 𝑜 face and is given by

MA𝑜 =
∑
𝑖∈𝐼
𝑈1−𝜎
𝑖

∑
𝑑∈𝐷

𝜏1−𝜎
𝑜𝑑 𝐸𝜎𝑖𝑑𝑁𝑖𝑑 . (1.12)

Like in previous studies of market access (e.g., Donaldson and Hornbeck (2016)), the market

access term in equation (1.12) sums across each destination market’s size (i.e., income and popu-

lation) after discounting by trade costs.3 However, it differs in that it distinguishes consumers of

different types 𝑖 ∈ 𝐼.

To highlight the difference, let us define location 𝑜’s market access to type-𝑖 consumers as

MA𝑖𝑜 ≡ 𝑈1−𝜎
𝑖

∑
𝑑∈𝐷

𝜏1−𝜎
𝑜𝑑 𝐸𝜎𝑖𝑑𝑁𝑖𝑑 (1.13)

and note that the total market access is simply the sum of these consumer specific market ac-

cess terms, MA𝑜 =
∑
𝑖∈𝐼 MA𝑖𝑜. The consumer-specific market access terms in equation (1.13)

succinctly summarize firms’ access to consumers with differing preferences for higher-quality va-

rieties. For instance, having lower trade costs with a destination market that is inhabited mostly by

lower-income consumers will not have a large impact on the market access to higher-income con-

sumers. Returning to equation (1.11), the term Φ𝑣 denotes the variety’s (market-access weighted)

3The market access term is typically defined with a price index. For example, Donaldson and Hornbeck (2016)
defines market access as

∑
𝑑∈𝐷 𝜏

1−𝜎
𝑜𝑑 𝑃𝜎−1

𝑑 𝐸𝑑𝑁𝑑 (suppressing consumer type), where 𝑃𝑑 is the standard CES price
index in location 𝑑. Since utility is given by 𝑈 = 𝐸𝑑/𝑃𝑑 in their work, this market access term can be rewritten as
𝑈1−𝜎 ∑

𝑑∈𝐷 𝜏
1−𝜎
𝑜𝑑 𝐸𝜎𝑑 𝑁𝑑 , which gives the market access term as defined in this work.
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average product appeal defined as

Φ𝑣 ≡
(∑
𝑖∈𝐼

MA𝑖𝑜

MA𝑜
𝜑𝜎−1
𝑣𝑖

) 1
𝜎−1

, (1.14)

where 𝜑𝑣𝑖 ≡ 𝑞𝑈𝑖𝑣 is the appeal of a variety with quality 𝑞𝑣 to type-𝑖 consumers.

These expressions make clear the trade-off the firm faces when choosing its output quality to

maximize profits in equation (1.11). On the one hand, increasing output quality allows the firm

to capture more demand and increase revenue by increasing Φ𝑣. In particular, this incentive is

stronger when a larger share of its demand is coming from higher-income consumers as equation

(1.14) shows. On the other hand, producing higher-quality output is more costly, increasing 𝑚𝑐𝑣.

The optimal choice of output-quality balances these two effects and is determined by the following

first order condition:

(𝜎 − 1)
∑
𝑖∈𝐼

𝑞 (𝜎−1)𝑈𝑖
𝑣 MA𝑖𝑜∑

𝑗∈𝐼 𝑞
(𝜎−1)𝑈 𝑗
𝑣 MA 𝑗𝑜

𝑈𝑖 =
𝜕 ln𝑚𝑐𝑣
𝜕 ln 𝑞𝑣

. (1.15)

This expression shows that the firm’s optimal quality depends on its location’s market access to

different types of consumers and the elasticity of marginal cost with respect to quality. For in-

stance, when the location has relatively greater access to higher-income consumers who value

quality more, the firm will choose to produce higher-quality output. This demand-side incentives

is countered by the costs of producing higher-quality output. In fact, since 𝜕 ln𝑚𝑐1𝑣
𝜕 ln 𝑞 ≤ 𝜕 ln𝑚𝑐0𝑣

𝜕 ln 𝑞 for

all 𝑞, it follows that the optimal output quality will be greater under adjustment. That is, 𝑞1𝑣 ≥ 𝑞0𝑣

for any set of market access terms {MA𝑖𝑜}𝑖∈𝐼 .

Finally, the firm chooses whether to pay the adjustment cost or not. It will pay the adjustment

cost if and only if the additional profits arising from a more sophisticated production process covers

the adjustment cost:

(
(𝜎 − 1)𝜎−1

𝜎𝜎

) [(
Φ1𝑣
𝑚𝑐1𝑣

)𝜎−1
−

(
Φ0𝑣
𝑚𝑐0𝑣

)𝜎−1
]

MA𝑜 ≥ 𝐹. (1.16)
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Observe that the left-hand-side of the inequality is strictly increasing in output quality since marginal

cost rises with a greater elasticity when the adjustment cost is not paid. This implies that there is

a cutoff value of quality 𝑞∗ above which the left-hand-side is greater and so the firm decides to

adjust its level of sophistication. Below this cutoff value, the firm achieves higher quality only by

adjusting its input intensity.

The model implies a relationship between labor productivity and sophistication as well. The

Cobb-Douglas production function implies that firms spend a fixed share (1 − 𝛼) of their cost on

labor. Since revenue is proportional to variable costs, 𝑅𝑣 = ( 𝜎
𝜎−1 ) (𝑝𝑀𝑣𝑀𝑣 + 𝑤𝑣𝐿𝑣). Combining

these two results, I can show that revenue per labor is log-linear in sophistication:

𝑅𝑣
𝐿𝑣

=
( 𝜎

𝜎 − 1

) (
1

1 − 𝛼

)
𝑤𝑜𝑠

𝜂
𝑣 . (1.17)

In contrast, when the level of sophistication is fixed, changes in input intensity has no implications

on the firm’s labor productivity.

1.2.4 Effects of Trade Cost Changes on Quality Upgrading and Productivity

I now analyze how changes to bilateral trade costs affect firms’ behavior on quality upgrading

and obtain estimating equations that I can take to the data. The model I take to the data has two

types of consumers: those with high (𝑖 = 𝐻) and low (𝑖 = 𝐿) income. With only two types of

consumers, the optimal output quality chosen by the firm in equation (1.15) is strictly increasing

in the relative market access to higher-income consumers (MA𝐻𝑜/MA𝐿𝑜) provided that𝑈𝐻 > 𝑈𝐿 .

Going forward, I will refer to this relative market access to higher-income consumers as “access to

higher-income markets” (AHIM):

AHIM𝑜 ≡
MA𝐻𝑜

MA𝐿𝑜
=
𝑈1−𝜎
𝐻

∑
𝑑∈𝐷 𝜏

1−𝜎
𝑜𝑑 𝐸𝜎𝐻𝑑𝑁𝐻𝑑

𝑈1−𝜎
𝐿

∑
𝑑∈𝐷 𝜏

1−𝜎
𝑜𝑑 𝐸𝜎𝐿𝑑𝑁𝐿𝑑

. (1.18)

This variable captures the demand-side incentives that firms in location 𝑜 face to produce higher-

quality output.
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Figure 1.1: A Numerical Example of Model Predictions
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Given exogenous variables {𝑤𝑑 , 𝑝𝑀𝑑 , 𝐸𝑖𝑑 , 𝑁𝑖𝑑 , 𝜏𝑜𝑑 , 𝑧𝑣, 𝑠0𝑣}, an equilibrium is defined by firms’

profit maximizing choices of {𝑎𝑣, 𝑥𝑣, 𝑠𝑣, 𝑝𝑣𝑑 , 𝑀𝑣, 𝐿𝑣} as outlined in Section 1.2.3; consumers’

choices of {𝑐𝑣𝑖𝑑} (see Appendix Section A.2.1); equalization of utility holds across space 𝑈𝑖𝑑 =

𝑈𝑖,∀𝑑 ∈ 𝐷, for each consumer type 𝑖 ∈ 𝐼; and markets clear for all varieties.

Introducing time subscript 𝑡, consider an exogenous shift in trade costs from 𝜏𝑜𝑑𝑡 to 𝜏𝑜𝑑𝑡′ . De-

note the resulting access to higher-income markets as AHIM𝑜𝑡′ . The model predicts that increases

in access to higher-income markets will cause local firms to upgrade their output quality. In turn,

this higher output quality translates into higher marginal cost in equations (1.9) and (1.10) and

higher product appeal in equation (1.14). These predictions are illustrated in a numerical example

that is plotted in Figure 1.1. For clarity, this numerical example assumes that all firms were able to

adjust to the optimal level of sophistication in the initial period 𝑡 before the changes in access to

higher-income markets materialized. It also abstracts away from changes in any other exogenous

variables in the model. As the left panel shows, increases in access to higher-income markets lead

to increased marginal cost and product appeal throughout the distribution of shocks. There is a dis-

continuous jump around 0.3, which is where the firms decide to pay the adjustment cost because

the resulting loss in profits from only being able to adjust input intensity become too large. The

marginal cost and product appeal continue to rise beyond the jump.

In contrast, the model predicts that small increases in access to higher-income markets will

not lead to changes in sophistication since the adjustment costs are too high. When sophistication

remains the same, there are no changes in the skill of the workers and labor productivity as equation
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(1.17) shows. These predictions are illustrated in the flat portion of the right panel of Figure 1.1.

Only when the firms decide to pay the adjustment cost around 0.3, we see a large jump in skill

and labor productivity, which continue to increase afterwards. These are the main predictions

of the model that I test in the data. Of course, changes in other exogenous variables that occur

concurrently with the changes in access to higher-income markets mean that the resulting patterns

in the data will be less precise. Nevertheless, I aim to test the broader predictions of the model that

changes in access to higher-income markets lead to increases in marginal cost and product appeal

regardless of the size of the shocks whereas increases in labor productivity and skill only show up

for large shocks.

1.3 Data and Measurement

This section describes the different sources of data used for this study. First, I obtain popu-

lation counts and various demographic information of each district from India’s 2001 Census. In

lieu of reliable district-level measures of income in 2001, I use the expenditure per capita of each

district derived from the Household Consumer Expenditure Survey (HCES). Second, I construct

three panels of data using the Annual Survey of Industries (ASI) data from 2000 to 2009 at the

level of output varieties (unique plant and output pairs), input varieties (unique plant and input

pairs), and plants. Third, I obtain a list of road upgrades that were part of the National Highway

Development Project (NHDP) with information on their completion dates from India’s National

Highways Authority of India (NHAI), the entity in charge of the project. Fourth, I digitize scanned

road maps of India to approximate the road network in 2000 and combine it with the list of up-

graded roads to calculate travel times and trade costs between districts in 2000 and 2009. Finally,

I specify how I use these data to measure the changes in each district’s access to higher-income

markets and each variety’s product appeal. The assembled data allow me to compare variety-level

or plant-level cumulative changes from 2000 to 2009 against the concurrent changes in access to

higher-income markets due to the NHDP road upgrades (i.e., from March 2000 to March 2009).
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1.3.1 District Demographics and Income

In the 2001 Census, India is divided into 35 states (including 7 union territories) that are further

divided into 593 districts. For this study, I combine the nine districts of Delhi and the two districts

of Mumbai to be consistent with other sources of data used in this study. The three island districts of

Lakshadweep, Andamans, and Nicobars are excluded from the analysis. For each district, I obtain

its total population, share of male population, share of urban population, and share of population

with a high school degree or higher.

The 57th round of the National Sample Survey, which includes the HCES, was carried out

from July 1, 2001 to June 30, 2002. Geographically, it covers all of India except (i) Leh and Kargil

districts of Jammu & Kashmir, (ii) interior villages of Nagaland situated beyond 5 km of the bust

route, and (iii) inaccessible villages in Andaman and Nicobar islands. The survey records each

sampled household’s size and expenditure on a number of goods and services for a reference period

of 30 days.4 These variables are first aggregated to calculate the national per-capita expenditure

and then multiplied by 12 to get the annual figure.

Applying the exchange rate from 2001, the national per-capita expenditure was 146 US dollars,

which is about a third of 450 US dollars—the World Bank’s figure on India’s GDP per capita in

2001. All households in the survey are then categorized as either high- or low-income, based on

whether they are above or below this national figure. Within each district, the per-capita expendi-

ture is calculated for these two groups of households to obtain measures of 𝐸𝑖𝑑𝑡 for 𝑖 ∈ {𝐻, 𝐿} and

𝑡 = 2001. On average, the district per-capita expenditure for high-income households are about 1.5

times higher than the average district per-capita expenditure. Next, for each district, I calculate the

share of district population belonging to the two categories of households and then multiply by the

district’s total population from the Census to obtain measures of 𝑁𝑖𝑑𝑡 for 𝑖 ∈ {𝐻, 𝐿} and 𝑡 = 2001.

4Covered items include food, pan, tobacco, intoxicants, fuel, light, clothing, footwear, durable goods, cooked
meals, education, medical, rent, and taxes. Any purchases made towards the household’s productive enterprises are
excluded.
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1.3.2 Plant-level and Variety-level Panels

The ASI surveys activities of registered manufacturing plants in India, those with 10 or more

employees and using power and those with 20 or more employees without using power. Of these

registered plants, the ASI in each year covers all plants with 100 or more employees and a rotating

random sample of plants with 10 to 99 employees (20 to 99 employees for plants that do not use

power).5 Geographically, the ASI covers all states of India except Arunachal Pradesh (13 districts),

Mizoram (8 districts), Sikkim (4 districts), and Lakshadweep (1 district). The location of each plant

is identified down to the district-level.

An important feature of the ASI is that the value and physical quantities of output (input) are

reported for each plant using narrowly defined product categories (ASI Commodity Classification,

ASICC), which can then be used to derive their unit prices. The ASICC assigns five-digit codes to

over 5,000 products and specifies a unit of measurement for each product, allowing for a meaning-

ful comparison of quantities across plants and time.6 There are periodic changes to the ASICC, but

there are no official concordances across time that I am aware of. In order to track products that are

defined consistently over time, I only examine quantities and unit-prices of ASICC codes whose

descriptions did not change during the entire sample period.7 Using data on each (output and in-

put) variety’s (unique plant and 5-digit ASICC product pair) revenue (𝑅𝑣𝑡) and physical quantities

(𝑦𝑣𝑡), I can readily obtain the unit prices of output and input varieties (𝑝𝑣𝑡 and 𝑝𝑀𝑣𝑡 , respectively).

In addition, the ASI records each plant’s total expenditure on material and labor inputs. Unfor-

tunately, one shortcoming of the ASI is that the input usage and costs are not recorded separately

for each output product but only as a whole for the plant. This issue is not unique to the ASI and

5All plants from the six less industrially developed states (Manipur, Meghalaya, Nagaland, Sikkim, Tripura, and
Andaman & Nicobar Islands) are surveyed.

6The number of product codes are comparable to that of the six digit Harmonized Systems (HS) codes widely used
for international trade data. As an example, there are ten categories for milk products. These are “fresh”, “flavored,
not frozen”, “chilled or frozen”, “skimmed or pasteurized, non-flavored”, “condensed”, “powder”, “butter”, “fat”, and
“sweet” milk. There is one residual category “milk products not elsewhere classified (n.e.c)”.

7The ASI surveys for 2000–2008 adopt essentially the same ASICC with less than 20 products being added during
this period. However, the ASICC adopted in ASI 2008–2010 introduces a greater number of changes. For consistency
over time, I only work with product codes that can be tracked across time based on their product description and unit
of quantity.

17



is shared by most existing dataset on plant-level manufacturing activity. As a result, I make the

following assumption to distribute input usage and costs across multiple output varieties within

each plant. I assume that each product’s input usage and costs are proportional to that product’s

share of revenue within the plant. That is,

Material Cost𝑣𝑡 =
Revenue𝑣𝑡∑

𝑣∈𝑉 𝑓 𝑡 Revenue𝑣𝑡
Material Cost 𝑓 𝑡 , (1.19)

where 𝑉 𝑓 𝑡 is the set of products (5-digit ASICC) produced by plant 𝑓 in year 𝑡. I apply the same

method to distribute plant-level labor costs to each product it produces. Then, I obtain the marginal

cost of production as the sum of material and labor costs divided by the total quantity of output:

𝑚𝑐𝑣𝑡 =
Material Cost𝑣𝑡 + Labor Cost𝑣𝑡

𝑦𝑣𝑡
. (1.20)

Technically speaking, what I refer to as marginal cost here is the average cost of production, which

equals the marginal cost only under constant returns-to-scale production functions.

Taking advantage of the fact that I observe prices and quantities of material inputs that firms

use, I construct a single index of material prices for each plant 𝑓 following the approach of Bastos

et al. (2018). I begin with variety-level (plant and input-product pair) input prices (𝑝𝑀𝑣𝑡), which

are available whenever the plant reports both the purchase value and quantities. Then, I estimate

the following regression equation:

ln 𝑝𝑀𝑣𝑡 = 𝜃 𝑓 𝑡 + 𝜃𝑔𝑡 + error𝑣𝑡 , (1.21)

where 𝜃 𝑓 𝑡 are plant-year fixed effects and 𝜃𝑔𝑡 are product-year fixed effects. Then, set plant-level

material prices as ln 𝑝𝑀 𝑓 𝑡 = 𝜃 𝑓 𝑡 . The idea is that the product-year fixed effects 𝜃𝑔𝑡 absorbs the

price differences due to compositional differences in input products that each plant uses and so 𝜃 𝑓 𝑡

captures the plant-specific component from the remaining variation. This allows me to measure

quantities of material use by deflating the material cost by the plant-level material price, 𝑀 𝑓 𝑡 =
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Material Cost 𝑓 𝑡/𝑝𝑀 𝑓 𝑡 . Using the within-plant revenue shares, I measure variety-level material use

as 𝑀𝑣𝑡 =
Revenue𝑣𝑡∑

𝑣∈𝑉𝑓 𝑡 Revenue𝑣𝑡
𝑀 𝑓 𝑡 . Variety-level labor use is measured analogously.

Turning to the measurement of skill use, I use the ratio of non-production to production labor

(measured in man-days) at each plant (𝑠 𝑓 𝑡). Non-production workers refer to persons engaged in

supervisory, managerial, store keeping, sales, or purchasing roles while production workers refer

to all other persons directly involved in the manufacturing process. Although crude, Verhoogen

(2008) and Brambilla et al. (2012) among others have found this measure of skill use (in their data)

to be informative. For example, Brambilla et al. (2012) found that the share of non-production

workers increased when exporters gained better market access to higher-income countries. Other

plant-level variables that I use from the ASI are total revenue (𝑅 𝑓 𝑡), quantities of total labor (𝐿 𝑓 𝑡 , in

man-days), wages (𝑤 𝑓 𝑡 = Labor Cost 𝑓 𝑡/𝐿 𝑓 𝑡), and book value of capital (𝐾 𝑓 𝑡). I measure district-

level wages (𝑤𝑑𝑡) and material prices (𝑝𝑀𝑑) by taking the geometric average of plant-level wages

and material prices in each district.8

I also obtain two measures of productivity. These are revenue per labor (𝑅/𝐿 𝑓 𝑡) and revenue

total-factor-productivity (TFP𝑅𝑓 𝑡), which is defined as

ln TFP𝑅𝑓 𝑡 = ln 𝑅 𝑓 𝑡 − 𝛼𝑀 · ln𝑀 𝑓 𝑡 − 𝛼𝐿 · 𝑑 ln 𝐿 𝑓 𝑡 − 𝛼𝐾 · ln𝐾 𝑓 𝑡 , (1.22)

where the 𝛼-parameters are the output elasticities of a Cobb-Douglas production function. I es-

timate these output elasticities following the methodology of Levinsohn and Petrin (2003) and

Ackerberg et al. (2015).9 These measures of revenue productivity have been criticized (e.g., see

Foster et al. (2008) and Syverson (2011)) for using revenues in place of physical quantities to mea-

sure output. However, Atkin et al. (2019) show that productivity measures using output quantities

(e.g., TFPQ) actually perform worse than revenue productivity measures when product quality

is changing. As quality changes are central in this paper, I opt to examine revenue productivity

measures.
8In practice, I take the average of their logged values.
9After estimating the production function separately for each of the 64 product groups, I find that the means of the

estimated elasticities are 0.41 for 𝛼𝐿 , 0.26 for 𝛼𝐾 , and 0.38 for 𝛼𝑀 . The mean of estimated return-to-scale is 1.04.
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I use these ASI data from year 2000 to 2009 to construct panels of output varieties, input

varieties, and plants.1011 The panel of plants allows me to examine plant-level changes in manu-

facturing outcomes from 2000 to 2009. Then, the panel of output varieties allows me to examine

variety-level outcomes of these plants. Summary statistics for these panels are provided in Ap-

pendix A.1.

1.3.3 National Highway Development Project

The National Highway Development Project (NHDP) is a major highway project in India, the

largest in the country’s history at the time, that aimed at upgrading the national highway network

with four/six-lane roads. Given the time span of the panel on manufacturing activities, this study

focuses on the development of four/six-lane highway routes on the Golden Quadrilateral (GQ) and

the North-South and East-West (NS-EW) networks, which were part of the first two phases of the

project. I obtained a list of road segments that were part of Phases I and II of the NHDP from

NHAI, the entity in charge of the project. The list contains information on the completion dates of

NHDP road upgrades and is current as of May 31, 2017. I manually digitized these road segments,

which are plotted in Figure 1.2 in blue (Phase I) and in red (Phase II). The GQ network, with

a length of 5,846 km, connects four major metropolitan cities of Delhi, Mumbai, Chennai, and

Kolkata (marked with yellow stars in the figure) while the NS-EW network, with a length of 7,142

km, connects the North-South ends (Srinagar to Kanyakumari) and the East-West ends (Silchar to

Porbandar) of India.

Phase I of NHDP was officially approved by the government in December of 2000 and included

the development of 7,498 km of four/six lane highway routes. It included 5,846 km of the GQ in

10The ASI surveys manufacturing activities over the accounting year, which begins on April 1 and ends on March
31 of the following year. For example, the 2001–02 ASI covers activities from April 1, 2001 to March 31, 2002. For
brevity, I refer to each year’s ASI by its starting year since it takes up the majority of the survey period.

11The choice of the sample period is limited by two factors. First, lack of documentation by the data provider on
the product and district codes prior to the survey in 2000 makes it difficult to reliably construct a panel of varieties
using earlier years of data. Second, the ASI adopts a new product classification, the National Product Classification for
Manufacturing Sectors (NPCMS), starting with the survey in 2010. There is an official concordance from the ASICC
to the NPCMS, but the mappings are usually not one-to-one so that it is challenging to construct a panel of varieties
going beyond the survey in 2009.
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Figure 1.2: Digitized Road Network of India in 2000

Source: Author’s calculation based on data from Survey of India and National Highways Authority of India
Notes: Completed NHDP road stretches (in dark blue) are those completed by March 2000 while incomplete stretches
are those completed at a later date. Refer to Appendix Section A.1.6 for details on the digitization of this map.
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its entirety, 981 km of the NS-EW, 356 km of Port Connectivity, and 315 km of other national

highways. I exclude the 356 km of road pertaining to the Port Connectivity as these roads focus on

access to ports, which is irrelevant for district-to-district road transportation. After this exclusion,

the digitized road network in Figure 1.2 contains 6,976 km of Phase-I routes, which account for

97.7% of the remaining 7,142 km of roads. Phase II of NHDP was officially approved in December

of 2003 and covered the development of 6,736 km of highway routes, consisting of the remaining

6,240 km of the NS-EW and 496 km of other national highways. The digitized road network in

Figure 1.2 contains 5,921 km of Phase-II routes, which account for 94.9% of the proposed road

length.

The information on the completion date of the road upgrades allows me to track their progress

over time. The completion progress of NHDP road upgrades from 2000 to 2010 is plotted in Figure

1.3. Given the time span of the available data on manufacturing, the primary focus of this study

will be on changes in trade costs resulting from roads upgraded between March of 2000 and 2009.

Figure 1.3 shows that a total of 6,303 km of roads were upgraded between March of 2000 and

2009. This covers 5,295 km of roads under Phase I and 1,008 km of road under Phase II. Note that

the data source and hence these numbers I report only account for road stretches that have been

fully completed and opened. Other official progress reports typically include partial progress on

incomplete stretches of road upgrades into their statistics for completed road lengths and are higher.

For the purposes of calculating trade costs, it makes sense to discard only partially completed road

upgrades since they would not be open to transportation. Information on these road upgrades have

been included into the digitized road network in 2001 from earlier. For example, Figure 1.2 depicts

in dark blue 1,203 km of Phase-I road upgrades that were already completed by March of 2001,

which is the end date of the first year of the ASI survey I use (i.e., the 2000–01 ASI).

Although subsequent phases of the project were approved during the sample period of this

study, there were little to no progress made on them by March of 2009. Only 157 km of road

stretches under Phase III have been fully completed by March of 2009 while work on later phases

of the project had not begun yet. Given the timeline of their progress, these phases of the NHDP
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Figure 1.3: Completion Progress of NHDP (2000–2010)
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are not considered in this study.

1.3.4 Trade Costs between Districts

For this study, I focus on changes in trade costs resulting from NHDP road upgrades between

March 2000 and 2009. The earliest manufacturing data I have cover activities from April 2000

to March 2001 (ASI 2000-01) and the latest data cover activities from April 2009 to March 2010

(ASI 2009-10). Thus, the road upgrades that occurred between March 2000 and 2009 capture

concurrent changes in trade costs. In order to measure changes in trade costs between these periods,

I first digitized a scanned road map of India published in 2011 by Survey of India, India’s national

mapping agency under the Department of Science and Technology. Although the map is published

in 2011, it depicts India’s road network around 2000, which can be confirmed by comparing the

total length and list of national highways in the map against official sources. Further details on the

digitization and verification of the road map are provided in the Appendix Section A.1.6.

The digitized road network of India in 2000 is plotted in Figure 1.2 and contains five categories

of roads: (1) 959 km of NHDP Phase-I roads completed as of March 2000; (2) 6,017 km of NHDP

23



Phase-I roads yet to be completed as of March 2000; (3) 5,921 km of incomplete NHDP Phase-II

roads; (4) 53,731 km of non-NHDP national highways; and (5) 97,789 km of other roads of major

importance. The 54,934 km of digitized national highways in 2001 (1,203 km of NHDP roads

plus 53,731 km of other national highways) account for 95.1% of the 57,737 km of total length of

national highways as of March 31, 2001 reported by the government (NHAI (2001)).

To calculate minimum travel times between district centroids, I assume road speeds of 55 km/h

for upgraded NHDP roads, 35 km/h for national highways that are not upgraded, 25 km/h for

other major roads, and 10 km/h for out-of-network travel. The choice of 55 km/h is based on an

evaluation report on a section of the GQ network, which was upgraded from 2-lane to 4-lane roads

(Miyazaki (2006)). The report found that average vehicle speed on the section increased from 35

km/h to 55 km/h. These numbers are somewhat lower than to those used by Alder (2016), who

also examined driving speeds on the same Indian roads. Note that almost all NHDP roads were

national highways prior to the upgrades so the NHDP increased road speeds by more than half in

most cases.

Applying these road speeds to the digitized road network in 2000, I calculate the travel times

between every pair of district centroids using an implementation of Dijkstra’s algorithm in QGIS

for finding shortest paths (Raffler (2018)). This is done for each year 𝑡 ∈ [2000, 2009] after setting

the road speeds on NHDP roads that have been upgraded by March of year 𝑡 to 70 km/h. These

travel times are then converted into ad-valorem trade costs between districts 𝑜 and 𝑑 in year 𝑡 using

the following equation:

𝜏𝑜𝑑𝑡 = (𝜁1{travel time between district (hours)}𝑜𝑑𝑡)𝜁0 . (1.23)

Following Redding and Rossi-Hansberg (2017), the exponent 𝜁0 = 0.375 is chosen so that −(𝜎 −

1)𝜁0 = −1.5, which is the elasticity of trade flows with respect to distance in inter-regional data

when 𝜎 = 5.12 I assume a within-district travel time of 30 minutes and set 𝜁1 = 2 so that within-

12See Allen and Arkolakis (2022) and Baragwanath Vogel et al. (2024) for similar applications on converting travel
times into trade costs.
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district trade costs are 𝜏𝑜𝑜 = 1 for all districts.

1.3.5 Measuring Market Access and Product Appeal

First, following equation (1.13), I use data on consumer expenditure (𝐸𝑖𝑑𝑡), populations (𝑁𝑖𝑑𝑡),

and bilateral trade costs (𝜏𝑜𝑑𝑡) with an assumed value of 𝜎 = 5 to measure the market access to

consumer type-𝑖 as:

MA𝐸
𝑖𝑜𝑡 =

∑
𝑑∈𝐷

𝜏1−𝜎
𝑜𝑑𝑡 𝐸

𝜎
𝑖𝑑,2001𝑁𝑖𝑑,2001. (1.24)

Note that I hold consumer expenditures and populations fixed at their 2001 levels to avoid intro-

ducing simultaneity biases when I use the variable in a regression. Ideally, I would have used levels

of these variables from 2000 but data were not available. In my sample, higher-income consumers

are about 1.5 times richer than the national average while lower-income consumers are about 0.6

times poorer than the average. Thus, we can interpret market access to higher-income consumers

(MA𝐸
𝐻𝑜𝑡) as access to a market that is about 1.5 times richer than the average. Similarly, we can

interpret market access to lower-income consumers (MA𝐸
𝐿𝑜𝑡) as access to a market that is about

0.6 times poorer.

Then, using these market access terms and equation (1.18), I measure each district’s total mar-

ket access and access to higher-income markets (AHIM) as

MA𝐸
𝑜𝑡 =

∑
𝑖∈{𝐻,𝐿}

MA𝐸
𝑖𝑜𝑡 (1.25)

AHIM𝐸
𝑜𝑡 = MA𝐸

𝐻𝑜𝑡/MA𝐸
𝐿𝑜𝑡 . (1.26)

Relative to the theoretical expression in equation (1.18), this empirical measure of access to higher-

income markets omits the relative utility term (𝑈𝐻/𝑈𝐿)1−𝜎. However, as this term does not vary

across space in the model, its omission has no implication for regressions that include AHIM𝐸
𝑜𝑡 (or

its changes over time) as a regressor.
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Next, I describe the measurement of product appeal (Φ𝑣𝑡) defined in equation (1.14). First,

note that we can write firm revenue as 𝑅𝑣𝑡 = 𝑝1−𝜎
𝑣𝑡 Φ𝜎−1

𝑣𝑡 MA𝑑𝑡 . Taking logged differences across

time and using the empirical measure of total market access from above, I measure log-changes in

product appeal as

𝑑 lnΦ𝑣𝑡 =

(
1

𝜎 − 1

)
𝑑 ln 𝑅𝑣𝑡 + 𝑑 ln 𝑝𝑣𝑡 −

(
1

𝜎 − 1

)
𝑑 ln MA𝐸

𝑜𝑡 . (1.27)

1.4 Empirical Analysis

1.4.1 Identification Strategy

A goal of this paper is to determine if increased access to domestic higher-income markets

causes local firms to upgrade the quality of their output. As discussed in Section 1.2.4, I make

inferences about firms’ quality upgrading by examining changes in the marginal cost and product

appeal of their outputs. Consider regressing variety-level changes in marginal cost (or product

appeal) on the changes in access to higher-income markets:

𝑑 ln𝑌𝑣,09−00 = 𝛿0 + 𝛿1 · 𝑑 ln AHIM𝑑,09−00 + 𝛿2 · ln AHIM𝑑,2000 + error𝑣,09−00, (1.28)

where 𝑑𝑌𝑡′−𝑡 = 𝑌𝑡′ − 𝑌𝑡 for any variable 𝑌𝑡 and I control for the initial level of logged access to

higher-income markets. Controlling for the initial level ensures that identification of 𝛿1 comes

from variations over time. An unbiased estimate of 𝛿1 then gives the effect of changes in access to

higher-income markets on the variety-level changes in marginal cost over 10 years. Note that the

regression specification in equation (1.28) is difference-in-differences (DID) in nature as it com-

pares the variety-level changes in marginal cost in districts that saw greater access to higher-income

markets to those in districts that saw only small changes. In this context, the changes in access to

higher-income districts (𝑑 ln AHIM𝑑,09−00) from the NHDP road upgrades is the “treatment”. Ac-

cordingly, to obtain an unbiased estimate of 𝛿1, the treatment variable has to be uncorrelated with

any omitted variables that can affect the outcome variable.
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A typical concern over studies that examine the effects of infrastructure projects on regional

outcomes is that locations far away from the infrastructure are not valid controls for locations close

to the infrastructure due to the non-random placement of infrastructures. Planners of highway

projects typically design the roads to pass through specific locations in order to achieve certain

economic or political goals. In such cases, locations close to the infrastructure likely possess

characteristics that differ from those in distant locations. Indeed, in Appendix Section A.3.1, I

show that districts closer to the NHDP network are larger, more educated, and more urbanized. To

the extent that these characteristics also affect the outcome variables of interest, they will bias the

OLS estimate of 𝛿1 in equation (1.28).

To overcome this issue, I limit the sample of districts used for estimation to those intersecting

with NHDP roads upgraded by March 2009 while excluding the nodal districts.13 I follow Datta

(2012) and Ghani et al. (2016) in defining the nodal districts as the four targeted districts (Delhi,

Mumbai, Chennai, and Kolkata) and additional eight districts (Gurgaon, Faridabad, Ghaziabad,

Gautam Buddha Nagar [Noida], Thane, Chandigarh, Hyderabad, and Bangalore) that they argue

were likely part of the NHDP by design. This reduces the number of districts in the sample from

570 to 117, which is about a fifth. The identification assumption is then that changes in access

to higher-income markets within this estimation sample are uncorrelated with other factors that

can affect firms’ output quality or productivity. The idea behind this identification strategy is that

the direction of change in a location’s access to higher-income markets depends on the relative

positions of the districts and their incomes not merely on being close to the road. The upgraded

roads in a location may very well connect it to low-income regions of the country. The usefulness

of this strategy is evident in Table 1.1, which shows that the existing correlations between changes

in access to higher-income markets (2000-09) and observable district characteristics from 2001 in

the full sample are gone within the estimation sample.

Note that this identification approach is possible only because I am interested in the effects of

access to higher-income markets in particular and not the overall effects of the road upgrades. For

13To be precise, a district intersects with NHDP roads upgraded by March 2009 if the ellipsoidal distance from the
district’s boundary (or any interior point) to an upgraded stretch is zero.
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Table 1.1: Correlation Between Changes in Access to Higher-Income Markets and District Char-
acteristics

Full Sample Estimation Sample

(1) (2) (3) (4) (5) (6) (7) (8)
Exp Pop HS Urb Exp Pop HS Urb

𝑑 ln AHIM𝐸
𝑑,09−00 -0.75∗∗∗ 2.87∗∗∗ 0.61 1.63∗∗ -0.18 -0.38 0.34 0.30

(0.28) (0.93) (0.40) (0.65) (0.33) (0.85) (0.48) (0.82)

ln AHIM𝐸
𝑑,2000 0.27∗∗∗ 0.14∗ 0.34∗∗∗ 0.57∗∗∗ 0.28∗∗∗ -0.18∗∗ 0.32∗∗∗ 0.44∗∗∗

(0.02) (0.07) (0.03) (0.05) (0.03) (0.09) (0.05) (0.09)

𝑅2 0.33 0.02 0.20 0.21 0.41 0.04 0.27 0.20
N 570 570 570 563 117 117 117 117

Notes: The outcome variables are district-level (𝑑) logged per-capita expenditure (Exp), population (Pop), share of
population with high school degrees (HS), and share of urban population (Urb) in 2001. Estimates of the constant are
omitted. Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

the most part, existing studies of the NHDP have been interested with the general effects of the

upgraded roads. For example, a number of papers look at the distance to the NHDP network as

the measure of treatment (Datta (2012); Ghani et al. (2016); Asturias et al. (2019); Abeberese and

Chen (2022)) while others look at the changes in market access (Alder (2016); Baragwanath Vogel

et al. (2024)). My identification strategy is difficult to implement with these measures of treatment,

because there will be little to no variation left in the distance to the NHDP network or changes in

market access within the subset of districts where roads were upgraded. In comparison, proximity

to the upgraded roads is not by itself informative about the location’s access to higher-income

markets. If the upgraded roads lower trade costs with poorer regions, the location’s access to

higher-income markets will decrease. This is why there remains substantial variation in the changes

in access to higher-income markets even within the subset of districts with upgraded roads. In

Appendix Section A.3.1, I also discuss why I do not rely on hypothetical least-cost paths to obtain

identification (Faber (2014)). In short, I find that the distance to least-cost paths that connect the

four targeted cities are correlated with a number of district characteristics.

Figure 1.4 plots the spatial distribution of changes in access to higher-income markets from

2000 to 2009 for the districts in the estimation sample along with the locations of NHDP roads
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Figure 1.4: Spatial Distribution of Changes in Access to Higher-Income Markets

Notes: This figure plots the spatial distribution of log-changes in access to higher-income markets from March 2000
to 2009 as defined in equation (1.26) for the 117 districts in the estimation sample. The estimation sample consists of
districts that intersect with NHDP roads upgraded by March 2009, which are depicted in yellow (those completed by
March 2000) and blue lines (those completed between March 2000 and 2009), excluding the twelve nodal districts that
are marked with yellow circles (Delhi, Mumbai, Chennai, Kolkata, Gurgaon, Faridabad, Ghaziabad, Gautam Buddha
Nagar [Noida], Thane, Chandigarh, Hyderabad, and Bangalore).
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upgraded by March 2009. In the top quartile, districts saw 10% to 27% increases in their access to

higher-income markets as a result of the road upgrades. In the bottom quartile, districts saw their

access to higher-income markets decline by up to 7%. This is a consequence of seeing relatively

larger reductions in trade costs with lower-income districts. To obtain a better sense of the mag-

nitudes of these shocks, I use equation (1.26) to consider the change in access to higher-income

markets arising from a hypothetical uniform change in trade costs on the higher-income markets:

𝑑 ln AHIM𝑜𝑡 (𝜆) = ln
(
𝜆1−𝜎MA𝐻𝑜𝑡

MA𝐿𝑜𝑡

)
− ln

(
MA𝐻𝑜𝑡

MA𝐻𝑜𝑡

)
= (1 − 𝜎) ln𝜆, (1.29)

where the trade cost with higher-income markets are now 𝜆𝜏𝑜𝑑𝑡 . Rearranging the equation, I can

calculate the equivalent change in trade costs with higher-income markets for any observed change

in access to higher-income markets as 𝜆 = exp
(
𝑑 ln AHIM𝑜𝑡

1−𝜎

)
. For example, this equation translates

the average increase in access to higher-income markets (0.06) in the estimation sample into a

1.5% reduction in trade costs with higher-income markets. The largest shock in Figure 1.4 (0.27)

is equivalent to a 6.5% reduction in trade costs with higher-income markets. So, there are sizable

variations in the treatment variable even within the subset of districts intersecting with upgraded

roads.

1.4.2 Effects on Marginal Cost and Product Appeal

Using this estimation sample, I first look at how variety-level changes in marginal cost and

product appeal vary with the changes in access to higher-income markets. Figure 1.5 presents

the local polynomial smoothed plots on how variety-level changes in marginal cost (blue) and

product appeal (green) relate to the district-level changes in access to higher income markets. The

figure shows positive linear relationships for both marginal cost and product appeal. In particular,

there are no patterns that suggest firms responded differently based on the size of the shocks. I

now proceed to estimating the regression equation in (1.28) through OLS and obtain the effects of

access to higher-income markets on marginal cost (𝑚𝑐𝑣𝑡), materials per output (𝑀/𝑦𝑣𝑡), labor per
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Figure 1.5: Changes in Marginal Cost and Product Appeal Against Changes in Access to Higher-
Income Markets
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Notes: The series are the local polynomial smoothed plots of variety-level log-changes (2000 to 2009) in marginal cost
(blue) and product appeal (green) against the concurrent district-level log-changes in access to higher-income markets
(see equation (1.26)). The shaded regions are the 95% confidence intervals.

output (𝐿/𝑦𝑣𝑡), and product appeal (Φ𝑣𝑡).

Table 1.2 reports the estimates for the baseline specification in equation (1.28). The first col-

umn estimates that a percent increase in access to higher-income markets caused local firms to

spend 2.8% more on materials and labor on each unit of output relative to firms in unaffected lo-

cations. A standard deviation increase in access to higher-income markets (0.07) translates to 20%

higher increases in marginal costs. Recall that a standard deviation increase is equivalent to a 1.7%

reduction in trade costs with higher-income markets. The second and the third columns look at

the effects of access to higher-income markets on per-unit material and labor use, respectively. I

estimate that a percent increase in access to higher-income markets caused local firms to use 2.5%

more materials and 2.4% more labor on each unit of output relative to firms in unaffected locations.

Thus, one way these firms spent more on materials and labor was by using greater quantities of in-

puts on each unit of output, or by increasing the input intensity as in the model. The fourth column

looks at changes in product appeal and finds a relative effect of 2.2% from a percent increase in

access to higher-income markets. All estimates are statistically significant.
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Table 1.2: Effects of Access to Higher-Income Markets on Marginal Cost, Input Quantities, and
Product Appeal

Log-change (2000-09):

(1) (2) (3) (4)
𝑚𝑐𝑣 𝑀/𝑦𝑣 𝐿/𝑦𝑣 Φ𝑣

𝑑 ln AHIM𝐸
𝑑,09−00 2.80∗∗∗ 2.46∗∗∗ 2.36∗∗∗ 2.24∗∗∗

(0.70) (0.72) (0.79) (0.75)

ln AHIM𝐸
𝑑,2000 0.11∗ 0.04 0.16∗ 0.10

(0.07) (0.07) (0.08) (0.07)

N 1104 1104 1104 1104
𝑅2 0.01 0.01 0.01 0.01

Notes: The variables in the table include variety-level (𝑣) log-changes in marginal cost (𝑚𝑐𝑣𝑡 ), material per output
(𝑀/𝑦𝑣𝑡 ), labor per output (𝐿/𝑦𝑣𝑡 ), product appeal (Φ𝑣𝑡 ), and district-level (𝑑) log-changes in access to higher-income
markets (AHIM𝐸

𝑑𝑡 ). Refer to Section 1.3 for more details on these variables. Estimates of the constant are omitted.
Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

The results in Table 1.2 indicate that increased access to higher-income markets caused local

firms to increase their expenditure on the production of each unit of output (column one) and that

these outputs grew more appealing to consumers (column four) relative to the varieties produced

in unaffected locations. These patterns are consistent with the model’s prediction that increased

access to higher-income markets will lead to increases in quality, which in turn will raise marginal

costs and product appeal. Of course, there could be alternative explanations to these patterns.

For example, increases in marginal cost can be rationalized by decreases in productivity (Garcia-

Marin and Voigtländer (2019)) instead. However, if increases in access to higher-income markets

are actually decreasing production efficiency without increasing quality, it would not explain why

product appeal is increasing. The key idea here is that the fact that both changes in marginal cost

and product appeal point to the same conclusion makes a compelling case that quality upgrading

took place.

Columns two and three then indicate that one way in which these firms upgraded output quality

was by using more quantities of materials and labor for each unit of output, or by increasing

input intensity to use the terminology in the model. Atkin et al. (2017a) had similarly found that
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production of higher-quality rugs required longer hours of labor. Although it is not the main focus

of this study, the results here show that this pattern generalizes to many other manufactured output

as well. The fact that production of higher-quality output requires more quantities of input for a

broad set of products provides further support for Atkin et al. (2019) and Verhoogen (2023) in their

argument that quantity based measures of productivity (e.g., TFPQ) are not valid solutions to the

shortcomings of revenue-based productivity measures when there are quality differences. A few

authors (De Loecker et al. (2016); Roux et al. (2021)) have begun working on incorporating output

and input quality into existing methods for estimating production functions and productivity, and

the results here indicate that their solutions are relevant for a wide set of products.

In Appendix Section A.3.2, I test the robustness of the results on marginal cost by using an

alternative measure of marginal cost that is recovered using unit prices and markups as in Garcia-

Marin and Voigtländer (2019). I find that unit prices show a similar pattern to the marginal costs

presented in Table 1.2 while markups show a negative response to increased access to higher-

income markets although at a much smaller magnitude. As a result, the alternative measure of

marginal cost I consider show the same pattern as in Table 1.2. I also test the sensitivity of results

on product appeal to the value of the elasticity of substitution, which I assume to be 5 based on

the previous literature. I consider values ranging from 3 to 7 and find that the results are robust to

these values of the elasticity of substitution.

1.4.3 Effects on Productivity, Skill, Capital, and Material Prices

I now turn my attention to the effects of access to higher-income markets on productivity. The

main measure of productivity that I focus on here is revenue per labor and revenue TFP. In Figure

1.6, I begin by examining the local polynomial smoothed plots on how plant-level changes in labor

productivity (blue, revenue per labor) and skill (green, ratio of non-production to production labor)

relate to the district-level changes in access to higher income markets. Unlike in Figure 1.5, the

relationships do not appear linear. When the shocks are small in magnitude, say below 0.2, the

relationship is mostly flat for both labor productivity and skill use. Only when the shocks are
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Figure 1.6: Changes in Labor Productivity and Skill Against Changes in Access to Higher-Income
Markets
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Notes: The series are the local polynomial smoothed plots of plant-level log-changes (2000 to 2009) in revenue
per labor (blue) and skill (green, ratio of non-production to production labor) against the concurrent district-level
log-changes in access to higher-income markets (see equation (1.26)). The shaded regions are the 95% confidence
intervals.

large, we start to observe relative gains in labor productivity and greater skill use in response to

increased access to higher-income markets. The fact that the same shocks identified precise linear

relationships in Figure 1.5 should dismiss doubts that there is insufficient variations in the shocks

or that these shocks are imprecisely measured.

Motivated by the patterns in Figure 1.6, I estimate the following regression equation to formally

test the differential responses in firm-level outcomes to shocks that are large and small:

𝑑 ln𝑌 𝑓 ,09−00 = 𝛿large
1 · 𝑑 ln AHIM𝑑,09−00 × 1{Large𝑑 = 1}

+ 𝛿small
1 · 𝑑 ln AHIM𝑑,09−00 × 1{Large𝑑 = 0}

+ 𝛿small
0 + 𝛿large

0 · Large𝑑 + 𝛿2 · ln AHIM𝑑,2000 + error 𝑓 ,09−00, (1.30)

where 𝑑 ln𝑌 𝑓 ,09−00 is the plant-level change (2000-2009) in an outcome variable of interest and

Large𝑑 is a dummy variable that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. The
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Table 1.3: Effects of Access to Higher-Income Markets on Plant Productivity

Log-change (2000-09):

(1) (2) (3) (4)
𝑅/𝐿 𝑓 𝑅 𝑓 𝐿 𝑓 TFP𝑅𝑓

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 -0.02 -0.03 -0.01 -0.19

(0.56) (0.87) (0.54) (0.35)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 9.48∗∗∗ -0.71 -10.19∗∗∗ 3.25∗∗∗

(1.56) (1.69) (0.90) (1.03)

ln AHIM𝐸
𝑑,2000 -0.01 0.03 0.04 0.02

(0.04) (0.06) (0.04) (0.03)

Large𝑑 -2.03∗∗∗ 0.08 2.11∗∗∗ -0.69∗∗∗

(0.32) (0.34) (0.19) (0.20)

𝛿
large
1 − 𝛿small

1 9.5∗∗∗ -.68 -10.18∗∗∗ 3.44∗∗∗

(1.52) (1.42) (.72) (1.05)

N 1452 1452 1452 1452
𝑅2 0.01 0.00 0.01 0.00

Notes: The variables in the table include plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue (𝑅 𝑓 𝑡 ), total
labor (𝐿 𝑓 𝑡 ), revenue TFP (TFP𝑅𝑓 𝑡 ), and district-level (𝑑) log-changes in access to higher-income markets (AHIM𝐸

𝑑𝑡 ).
Large𝑑 is a dummy variable that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. Refer to Section 1.3
for more details on these variables. Estimates of the constant are omitted. Standard errors clustered by district in
parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

cutoff for large shocks is determined by minimizing the sum of squared residuals in equation (1.30)

using plant-level changes in revenue per labor as the outcome variable. This cutoff value corre-

sponds to a 4.4% decline in trade costs with higher-income markets. The regression specification

in equation (1.30) aims to estimate separate linear relationships between the outcome variable and

the access to higher-income markets when shocks are small (Large𝑑 = 0) and when shocks are

large (Large𝑑 = 1). The difference in the coefficients (𝛿large
1 − 𝛿small

1 ) then tells us if there was a

differential response to the shocks based on their sizes.

Using the regression specification in equation (1.30), I first look at plant-level changes in rev-

enue per labor (𝑅/𝐿 𝑓 𝑡) and report the results under the first column of Table 1.3. I estimate a zero

effect for small shocks but estimate that each percentage point increase in access to higher-income

markets beyond a 18% increase leads local firms to generate 9.5% higher revenue per labor com-
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pared to unaffected firms. The difference in effects for large and small shocks (𝛿large
1 −𝛿small

1 ) is 9.5,

which is statistically significant. For the largest shock in my data (0.27), these estimates imply 54%

higher growth in revenue per labor. Recall that the largest shock is comparable to a 6.5% reduction

in trade costs with the higher-income markets. In the second and third columns, I decompose these

effects on revenue per labor into effects on revenue and on labor, respectively. For both small and

large shocks, the decomposition reveals effects on local firms’ revenue that are close to zero. The

third column shows that almost all of the effects on labor productivity are coming from the local

firms’ ability to reduce total labor while retaining their revenues. The fourth column estimates a

similar pattern for revenue TFP, but the magnitude of the effects are about third of that on labor

productivity. For instance, the largest shock translates to a 19% higher growth in revenue TFP.

To better ascertain the sources of these productivity gains, I now estimate how large and small

increases in access to higher-income markets affected local firms’ skill use (ratio of non-production

to production labor), value of capital, and material input prices. The first column of Table 1.4

estimates that each percentage point increase in access to higher-income markets beyond a 18%

increase leads local firms to use 7.2% more non-production labor to production labor relative to

firms in unaffected locations. The difference in effects for large and small shocks (𝛿large
1 − 𝛿small

1 )

is 7.45, which is statistically significant. Based on this estimate, the largest shock in my data

implies a 58% relative increase in skill use. These effects on skill upgrading are consistent with

previous findings of Verhoogen (2008) and Brambilla et al. (2012). The estimates in the second

column indicate that the effects on the value of capital were of similar magnitudes. Together with

the observation that the total labor decreased with increased access to higher-income markets in

the third column of Table 1.3, the result on capital implies that production at these firms became

more capital intensive. Finally, the third column estimates that the largest increase in access to

higher-income markets in the data caused local firms to use 20% more expensive materials relative

to unaffected firms. These results on material input prices are consistent with those in Bastos et al.

(2018) and Hansman et al. (2020), providing at least suggestive evidence that these firms used

higher-quality materials. For small shocks, the estimated effects are all close to zero.

36



Table 1.4: Effects of Access to Higher-Income Markets on Skill, Capital, and Material Prices

Log-change (2000-09):

(1) (2) (3)
𝑠 𝑓 𝐾 𝑓 𝑝𝑀 𝑓

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 -0.22 0.02 -0.06

(0.50) (0.56) (0.40)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 7.23∗∗∗ 7.87∗∗ 2.78∗∗∗

(1.65) (3.64) (0.94)

ln AHIM𝐸
𝑑,2000 -0.00 -0.03 0.03

(0.03) (0.03) (0.02)

Large𝑑 -1.43∗∗∗ -1.75∗∗ -0.55∗∗∗

(0.31) (0.70) (0.20)

𝛿
large
1 − 𝛿small

1 7.45∗∗∗ 7.85∗∗ 2.84∗∗∗

(1.66) (3.63) (1.03)

N 1452 1452 1452
𝑅2 0.00 0.01 0.00

Notes: The variables in the table include plant-level ( 𝑓 ) log-changes in skill (𝑠 𝑓 𝑡 , ratio of non-production to production
labor), value of capital (𝐾 𝑓 𝑡 ), material prices (𝑝𝑀 𝑓 𝑡 ), and district-level (𝑑) log-changes in access to higher-income
markets (AHIM𝐸

𝑑𝑡 ). Large𝑑 is a dummy variable that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. Refer
to Section 1.3 for more details on these variables. Estimates of the constant are omitted. Standard errors clustered by
district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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With large increases in access to higher-income markets, the results in Tables 1.3 and 1.4 in-

dicate that local firms experienced relatively higher growth in productivity, which was achieved

through increased uses of skilled labor, capital, and more expensive materials. As for small in-

creases in access to higher-income markets, local firms did not experience any productivity effects

and there are no visible signs that they introduced any changes to their production processes. So,

together with the results in Table 1.2, these results suggest that local firms upgraded their output

quality only through using more quantities of inputs when shocks were small.

These empirical findings are broadly consistent with the predictions of the model in Section 1.2.

When the shocks are small, firms find it too costly to reorganize their production process by paying

the adjustment cost. Instead, they resort to adjusting their input intensity to achieve their desired

output quality. However, increasing input intensity has no implications on labor productivity and

skill use. This explains why we continue to observe increases in marginal cost and product appeal

even for small shocks but do not observe any responses in labor productivity and skill use. In

comparison, when shocks are large, firms find it profitable to pay the adjustment cost so that they

can better optimize their production process. In this case, higher output quality is achieved both

through increasing input intensity and sophistication. As a result, we observe increases in labor

productivity and skill use as well as increases in marginal cost and product appeal in response to

increased access to higher-income markets.

1.4.4 Discussion of Findings and Policy Implications

My first finding is that increases in access to higher-income markets led to relatively higher

increases in marginal cost and product appeal, which I interpret as signs that output quality in-

creased. This finding is consistent with a growing body of evidence (see Verhoogen (2023) for a

more extensive review) that increased access to higher-income markets causes quality upgrading.

At the same time, a key difference in the current setting from those in previous studies is that I

examine much narrower income differences within India. For the most part, previous studies have

focused on how variations in access to higher-income countries affect local quality upgrading. For
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Figure 1.7: Comparison of International and Domestic Regional Income Differences
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Notes: This plot is a bar chart of selected ratios of income. For countries, income is measured by the per-capita GDP
from the World Bank. For Indian Districts, income is measured by the per-capita expenditure from the Household
Consumer Expenditure Survey. For U.S. counties, income is measured with the per-capita personal income from the
Bureau of Economic Analysis. “75/25” denotes the ratio of the 75th and 25th percentiles of income.

example, Verhoogen (2008), Brambilla et al. (2012), and Bastos et al. (2018) all take advantage of

exchange rate shocks while Atkin et al. (2017a) examined sales from Egypt to buyers in developed

countries like Germany. Figure 1.7 plots selected examples of income differences from a number

of these studies as well as the regional income differences within India and the U.S. These ratios

confirm that international income differences are many times larger than income differences found

within the borders of a country. Thus, the fact that local firms upgraded their output quality in

response to increased access to domestic higher-income markets in India suggests that developing

countries do not need to rely solely on countries with income that are many times higher than theirs

to promote local quality upgrading.

My second finding is that local firms responded differently to small and large shocks in access

to higher-income markets. Large shocks induced local firms to use more skilled labor, acquire more

capital, and use more expensive materials, which then showed up as higher labor productivity and

revenue TFP growth. The identified effects for large shocks are consistent with past findings that

increased access to higher-income markets cause skill upgrading (Verhoogen (2008); Brambilla
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et al. (2012)), use of more expensive material inputs (Bastos et al. (2018); Hansman et al. (2020)),

and productivity gains (Atkin et al. (2017a)). Nevertheless, for most Indian firms that faced smaller

shocks, their quality upgrading did not lead to gains in productivity nor increased uses of skilled

labor, capital, and more expensive materials. Instead, these firms responded by increasing their

output quality through using more quantities of input per output.

Seen through the lens of model, adjustment costs associated with adopting more sophisticated

production processes led most Indian firms to upgrade quality through increasing input intensity

as opposed to sophistication. As a result, they did not experience the productivity gains associated

with quality upgrading through increasing sophistication. To the extent that productivity gains are

the end goal of promoting quality upgrading, my empirical findings suggest that small reductions

in trade costs with only narrowly higher-income markets are insufficient. On the one hand, these

results justify the emphasis on access to high-income countries in promoting local economic devel-

opment as the wider income difference can generate sufficiently strong incentives for local firms

to upgrade output quality through increasing sophistication. On the other hand, these results also

present possibilities for developing countries to look outside high-income countries to achieve local

economic development through quality upgrading. Specifically, the analysis in this paper suggests

that there should either be a large reduction in trade costs with narrowly higher-income markets or

a lowering of the costs that firms face in adopting more sophisticated production processes in order

to achieve productivity gains associated with quality upgrading.

1.5 Additional Results and Robustness Tests

In this section, I begin with an analysis of the time dynamics in the estimated effects from the

previous section. To do so, I assess the timing of the effects relative to the first year that local

construction of the NHDP took place and check for signs of pre-existing trends. In the remainder

of the section, I explore a number of plausible sources of bias in the main empirical specification.

Section 1.5.2 confirms that the results in Section 1.4 are driven by changes in access to higher-

income markets as opposed to larger markets. Section 1.5.3 assesses the impact of competition
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on local firms’ quality upgrading and productivity gains. Finally, Section 1.5.4 considers whether

changes in access to higher-income markets are correlated with changes in access to higher-quality

materials and skilled labor by controlling for firm-level changes in wages and material prices as

well as local changes in high-school educated population.

1.5.1 Time Dynamics in Estimated Effects

Here, I examine the time dynamics in the effects of access to higher-income markets on the

main outcome variables analyzed in Section 1.4 using an event-study design. The main goal behind

this exercise is to gain confidence over the identification strategy by checking that the timing of the

estimated effects align with the timing of the NHDP construction.

In an event-study framework, we can view the change in access to higher-income markets

(𝑑 ln AHIM𝐸
𝑑 ≡ 𝑑 ln AHIM𝐸

𝑑,09−00) from the main analysis as a measure of treatment intensity.

Then, the key challenge to using an event-study design in this setting is identifying the timing

of the treatment for each district. A natural candidate is to consider the first moment in which

construction of the NHDP road upgrades took place. However, an “untreated” district can still be

affected by road upgrades happening in nearby locations even if the local road upgrades have not

started yet. This is particularly problematic when analyzing locations that only began construction

in the second half of the sample period. By then, a majority of the Phase-I road upgrades had been

completed.14 To alleviate these concerns, I will focus on districts where construction of the NHDP

began in the first-half of the sample period (i.e., before March, 2005) for the event-study designs

in this section.15 These districts accounts for 97% of the manufacturing plants analyzed in Section

1.4.

I proceed as follows. First, the treatment year for a district is determined as the first year in

which any segment of the upgraded NHDP road network began its construction within 10 km of the

district’s area. Then, I estimate the following event-study specification to assess the time dynamics

14The difficulty in determining the appropriate timing of the treatment is the main reason for opting for a long-
difference specification in the main analysis.

15Indeed, the districts where construction began in the second-half of the sample period display signs of pre-existing
trends prior to their local construction.
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Figure 1.8: Dynamic Effects of Access to Higher-Income Markets on Product Quality
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Notes: This graph plots the estimates of 𝛿ℓ in equation (1.31). The outcome variables are variety-level logged marginal
cost (blue) and product appeal (red). The bars denote the 95% confidence intervals based on standard errors clustered
at the district-level.

in the effects on product quality (i.e., variety-level marginal cost and product appeal) in Section

1.4.2:

ln𝑌𝑣𝑡 =
∑
ℓ∈𝑇

𝛿ℓ · 𝐷ℓ
𝑑𝑡 · 𝑑 ln AHIM𝐸

𝑑 + 𝛼𝑣 + 𝛼𝑡 + 𝜖𝑣𝑡 , (1.31)

where 𝑇 = {−4,−3,−2, 0, 1, 2, ..., 10} and 𝐷ℓ
𝑑𝑡 = 1{𝑡 − 𝑍𝑑 = ℓ} is an indicator variable that equals

one if district 𝑑 is ℓ years away from its treatment year 𝑍𝑑 and zero otherwise. 𝛼𝑣 and 𝛼𝑡 are

variety and year fixed effects. Note that the omitted reference relative period is ℓ = −1. Therefore,

estimates of 𝛿ℓ are measured relative to the estimated effect for this reference period.

Figure 1.8 plots the estimates of 𝛿ℓ for marginal cost (blue) and product appeal (red). These

estimates reveal a noisy but flat response in the outcome variables on average during the periods

leading up to the treatment. This evidence suggests that the treatment variable is not correlated with

pre-existing trends in the outcome variables. Turning to the estimates following the treatment, the

estimated effect rises until four years after the initial exposure and mostly hovers around at the

same level until the end. Some of the estimates on product appeal in the post-treatment periods are
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not statistically significant at the 5% level, but the loss in precision is expected given the increased

number of parameters in the regression.

Next, I turn my attention to the dynamics in the effects of access to higher-income markets

on productivity. Specifically, I estimate the following event-study specifications separately for

districts that saw large and small increases in access to higher-income markets:

ln𝑌 𝑓 𝑡 =
∑
ℓ∈𝑇large

𝛿
large
ℓ · 𝐷ℓ

𝑑𝑡 · 𝑑 ln AHIM𝐸
𝑑 + 𝛼 𝑓 + 𝛼𝑡 + 𝜖 𝑓 𝑡 if 𝑑 ln AHIM𝑑 ≥ 0.18 (1.32)

ln𝑌 𝑓 𝑡 =
∑

ℓ∈𝑇small

𝛿small
ℓ · 𝐷ℓ

𝑑𝑡 · 𝑑 ln AHIM𝐸
𝑑 + 𝛼 𝑓 + 𝛼𝑡 + 𝜖 𝑓 𝑡 otherwise (1.33)

Here, 𝛼 𝑓 are plant fixed effects, 𝑇large = {0, 1, 2, ..., 10}, and 𝑇small = 𝑇 . Another data shortcom-

ing here is that all the districts that saw large increases in access to higher-income markets saw

local constructions of the NHDP begin in either 2000 or 2001. As a result, it is not possible to

analyze periods leading up to the treatment for these districts that saw large increases in access

to higher-income markets. The fact that large increases in access to higher-income markets were

concentrated in districts where construction of the NHDP took place earlier on raises additional

concerns. I defer discussing these issues until the end of this section and focus on the available

time dynamics for now.

I first present the estimates of 𝛿large
ℓ and 𝛿small

ℓ in Figure 1.9 using plant-level logged revenue

per labor (Panel A) and TFPR (Panel B) as outcome variables. First of all, the estimates reveal

that small increases in access to higher-income markets are not associated with any local firm-

level productivity gains both before and after the treatment. Next, the estimates show that local

firms in districts that saw large increases in access to higher-income markets experienced relatively

higher productivity growth in periods following the treatment. Although I am not able to analyze

the periods leading up to the treatment as mentioned, the estimates confirm a pattern in which

the effects increase until four years after being treated and then stabilizes. This time dynamics is

consistent the dynamics we saw earlier in Figure 1.8. If the treatment variable was simply picking

up pre-existing trends, it would have to be that those trends coincidentally tailed off four years
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Figure 1.9: Dynamic Effects of Access to Higher-Income Markets on Productivity
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Notes: This graph plots the estimates of 𝛿large
ℓ in equation (1.32) in red and the estimates of 𝛿small

ℓ in equation (1.33) in
blue. The outcome variables are plant-level logged revenue per labor (Panel A) and revenue TFP (Panel B). The bars
denote the 95% confidence intervals based on standard errors clustered at the district-level.

after the treatment.

In Figure 1.10, I further report the estimates for plant-level skill use, value of capital, and

material input prices. The overall time dynamics in the estimates for small and large increases

in access to higher-income markets are similar to those in Figure 1.9. However, the tailing off of

the effects of large increases in access to higher-income markets four years after treatment is less

visible for skill use (Panel A). Therefore, I am less confident in attributing the time dynamics in the

estimated effects for skill use to the quality upgrading channel that I focus on. Another worrisome

pattern is perhaps the pre-trend in the value of capital for firms exposed to small shocks (Panel B,

blue), which shows a slight upward movement. However, these trends do not appear to continue in

the post-treatment period. Given the absence of pre-trends in other variables as well, I do not think

this is a particularly worrying pattern.

Overall, the time dynamics in the estimated effects for product quality and plant productivity

(for large shocks) largely coincide with one another, rising in the first four years after treatment

and then stabilizing afterwards. The overlapping timing of the estimated effects adds confidence

that the results obtained in this paper are driven by the changes in access to higher-income markets

generated by the construction of the NHDP road network. The absence of pre-existing trends

leading up to the treatment also reassures the validity of the identification strategy.
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Figure 1.10: Dynamic Effects of Access to Higher-Income Markets on Additional Variables
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Notes: This graph plots the estimates of 𝛿large
ℓ in equation (1.32) in red and the estimates of 𝛿small

ℓ in equation (1.33)
in blue. The outcome variables are plant-level logged skill use (ratio of non-production to production labor, Panel
A), value of capital (Panel B), and material input price index (Panel C). The bars denote the 95% confidence intervals
based on standard errors clustered at the district-level.

Nevertheless, readers may worry about the fact that districts that experienced large increases

in access to higher-income markets were all part of the earliest waves of NHDP construction (con-

struction began in 2000 or 2001). One possibility is that the observed effects of large increases

in access to higher-income markets are a result of prolonged exposure to the shocks. If this was

the case, it is plausible that even small increases in access to higher-income markets would have

led to observable effects in the long-run. In Section A.3.4, I analyze the time dynamics in the

estimated effects after restricting the sample to districts where construction began in 2000 or 2001.

The responses to small increases in access to higher-income markets continue to be flat for all

outcome variables. Thus, it does not appear that the early exposure to the treatment is driving the

time dynamics presented in this section.

1.5.2 Controlling for Total Market Access Changes

The NHDP road upgrades caused reductions in trade costs across India and led to changes in

access to higher-income markets. Of course, the NHDP also led to increases in market access

more generally, not just to higher-income markets. A large literature (Allen and Arkolakis (2014);

Donaldson and Hornbeck (2016); Donaldson (2018)) has studied the effects of changes in market
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access on various economic outcomes, often times taking advantage of large infrastructure projects

such as the NHDP.16 The focus of this paper is different from these existing studies. I am primarily

concerned about how changes in access to higher-income markets, not markets in general, affect the

quality upgrading behavior of local firms. The model in Section 1.2 shows that what induces firms

to upgrade quality is greater demand from high-income consumers who have stronger preferences

for quality not larger demand in general.

I now show that changes in access to higher-income market are driving the results in this paper

as opposed to the changes in total market access. To do so, I include the changes in total market

access as measured in equation (1.25) as an additional control to the baseline specifications in

equations (1.28) and (1.30) (interacted with the large indicator variable). The resulting estimates

are reported in Table 1.5. The point estimates on 𝑑 ln AHIM𝐸
𝑑,09−00 in Table 1.5 are similar to those

in Section 1.4. If anything, the inclusion of changes in total market access appears to have reduced

the standard errors in most cases, leading to more precise estimates. These results lend support

to the theoretical prediction that what matters for quality upgrading is access to higher-income

markets.

Interestingly, the estimated coefficients on changes in total market access are statistically in-

distinguishable from zero in all but two cases. They are negative and statistically significant for

changes in revenue per labor (column 3) and capital (column 6) among districts that saw large

increases in access to higher-income markets. One reason that changes in total market access may

be playing such a small quantitative role here is that the estimation sample is restricted to districts

where NHDP roads were built. In other words, all districts in the sample are benefiting from the

general reductions in trade costs with other markets and so there may not be enough variation to

identify the effects of total market access here.17

16A number of them have studied the NHDP in India (Ghani et al. (2016); Baragwanath Vogel et al. (2024)).
17This is in contrast with other papers that study the effects of market access, which typically compare locations

close to the infrastructure to distant locations.
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Table 1.5: Comparison of Effects of Market Access and Access to Higher-Income Markets

Log-change (2000-09):

(1) (2) (3) (4) (5) (6) (7)
𝑚𝑐𝑣 Φ𝑣 𝑅/𝐿 𝑓 TFP𝑅𝑓 𝑠 𝑓 𝐾 𝑓 𝑝𝑀 𝑓

𝑑 ln AHIM𝐸
𝑑,09−00 3.72∗∗∗ 3.49∗∗∗

(1.01) (1.05)

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 0.74 0.06 -0.32 0.37 -0.37

(0.84) (0.60) (1.00) (0.62) (0.76)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 8.00∗∗∗ 2.78∗∗∗ 6.69∗∗∗ 4.96∗∗∗ 1.90∗∗

(0.31) (0.81) (1.33) (0.89) (0.87)

𝑑 ln MA𝐸
𝑑,09−00 -0.75 -1.07

(1.08) (1.11)

Large𝑑=0 × 𝑑 ln MA𝐸
𝑑,09−00 -0.76 -0.29 0.03 -0.33 0.30

(0.58) (0.42) (0.65) (0.44) (0.53)

Large𝑑=1 × 𝑑 ln MA𝐸
𝑑,09−00 -0.74∗∗ -0.24 -0.27 -1.62∗ -0.52

(0.36) (0.57) (0.73) (0.86) (0.51)

ln AHIM𝐸
𝑑,2000 0.12∗ 0.11∗ -0.01 0.02 -0.01 -0.02 0.04

(0.06) (0.06) (0.04) (0.03) (0.03) (0.03) (0.02)

Large𝑑 -1.52∗∗∗ -0.54 -1.22∗∗ -0.59 -0.15
(0.14) (0.34) (0.51) (0.44) (0.34)

𝛿
large
1 − 𝛿small

1 7.26∗∗∗ 2.72∗∗∗ 7.01∗∗∗ 4.58∗∗∗ 2.27∗

(.84) (.99) (1.65) (1.06) (1.16)

N 1102 1102 1451 1451 1451 1451 1451
𝑅2 0.02 0.01 0.01 0.00 0.00 0.01 0.00

Notes: The outcome variables are variety-level (𝑣) log-changes in marginal cost (𝑚𝑐𝑣𝑡 ) and product appeal (Φ𝑣𝑡 );
plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue TFP (TFP𝑅𝑓 𝑡 ), skill (𝑠 𝑓 𝑡 , ratio of non-production to
production labor), value of capital (𝐾 𝑓 𝑡 ), and material prices (𝑝𝑀 𝑓 𝑡 ) from year 2000 to 2009. Other variables include
district-level (𝑑) log-changes in access to higher-income markets (AHIM𝐸

𝑑𝑡 ) and total market access (MA𝐸𝑑𝑡 ), and a
dummy variable (Large𝑑) that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. Refer to Section 1.3 for
more details on these variables. Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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1.5.3 Consideration of Changes in Competition

Since NHDP road upgrades reduce bilateral trade costs, they can affect the degree of compe-

tition that firms face across India. Firms now have to compete with cheaper substitutes to their

outputs that are being shipped from other districts. It is conceivable that changes in access to

higher-income markets are correlated with the lowering of local prices of products that are pro-

duced elsewhere. For example, in Appendix Section A.3.2, I find that increased access to higher-

income markets led to lowering of markups, which may be reflecting increased competition. If the

changes in competition also affect local firms’ quality upgrading behavior or productivity gains,

they will bias the effects of the changes in access to higher-income markets that I estimate. A

number of studies in the literature show that competition can affect quality upgrading. For in-

stance, Amiti and Khandelwal (2013) found that increased import competition discourages quality

upgrading for products away from the world quality frontier. Piveteau and Smagghue (2024) and

Medina (2024) instead show that increased import competition due to China’s rise encouraged

quality upgrading so that local firms could escape from the competition.

To gauge how changes in competition may be affecting the estimates in this paper, I make use

of the production locations of manufactured products reported in the ASI. For each 5-digit product

𝑔, let D𝑔 denote the set of districts where product 𝑔 is produced, determined based on the locations

of plants that produced product 𝑔 in 2009. Then, for firms in district 𝑑 producing product 𝑔, the

average change in bilateral trade costs with other locations that also produce product 𝑔 is given by

𝑑 ln 𝜏𝑑𝑔 ≡
1

|D𝑔 | − 1

∑
𝑜∈D𝑔\{𝑑}

(
ln 𝜏𝑑𝑜,2009 − ln 𝜏𝑑𝑜,2000

)
.

Intuitively, 𝑑 ln 𝜏𝑑𝑔 measures the expected price change for product 𝑔 that are shipped from other

locations that consumers in location 𝑑 face as a result of reductions in trade costs. So, a reduction

in 𝑑 ln 𝜏𝑑𝑔 can be interpreted as an increase in competition that firms in location 𝑑 face if they

produce product 𝑔. To account for multi-product firms, I aggregate 𝑑 ln 𝜏𝑑𝑔 across products using
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their revenue shares within the firm:

𝑑 ln 𝜏 𝑓 ≡
∑
𝑔∈𝐺 𝑓

𝑅 𝑓 𝑔∑
𝑔′∈𝐺 𝑓

𝑅 𝑓 𝑔′
𝑑 ln 𝜏𝑑𝑔, (1.34)

where 𝑅 𝑓 𝑔 is the firm’s revenue from product 𝑔 and 𝐺 𝑓 is the set of 5-digit products sold by the

firm, all in 2009.

Table 1.6 reports the estimates after including 𝑑 ln 𝜏 𝑓 as an additional control to the baseline

specifications in equations (1.28) and (1.30) (interacted with the large indicator variable). Reassur-

ingly, the estimates on changes in access to higher-income markets are qualitatively similar. The

most notable difference is that estimate for changes in capital (column 6) is less precisely esti-

mated, being statistically significant only at the 10% level. The estimated coefficients on changes

in competition also show some interesting patterns. In the first two columns, the point estimates

are positive, which is consistent with the findings of Amiti and Khandelwal (2013), although they

are not statistically significant.18 The last five columns reveal statistically significant relationships

between productivity and competition only in locations that saw large increases in access to higher-

income markets. However, the relationships are not consistent across different outcome variables,

making it difficult to draw conclusions. For example, increased competition is associated with

relatively lower productivity gains (columns 3 and 4) and uses of cheaper material inputs (column

7). In contrast, increased competition is associated with greater uses of skilled labor (column 5)

and capital (column 6), although the association with capital is not statistically significant. Thus,

it appears that changes in competition affect local firms’ quality upgrading behavior, at least when

firms are faced with large increases in access to higher-income markets, but not in a way that is

correlated with the changes in access to higher-income markets.

18Here, I am referring to the finding in Amiti and Khandelwal (2013) that increased import competition discouraged
quality upgrading for products away from the world quality frontier, which is likely the case for production taking
place in India. For products close to the world quality frontier, they find instead that increased import competition
encourages quality upgrading.
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Table 1.6: Comparison of Effects of Competition and Access to Higher-Income Markets

Log-change (2000-09):

(1) (2) (3) (4) (5) (6) (7)
𝑚𝑐𝑣 Φ𝑣 𝑅/𝐿 𝑓 TFP𝑅𝑓 𝑠 𝑓 𝐾 𝑓 𝑝𝑀 𝑓

𝑑 ln AHIM𝐸
𝑑,09−00 3.04∗∗∗ 2.47∗∗∗

(0.76) (0.80)

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 -0.06 -0.29 -0.20 -0.24 -0.23

(0.57) (0.39) (0.59) (0.52) (0.46)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 8.28∗∗∗ 2.36∗∗ 7.93∗∗∗ 9.19∗ 2.73∗∗∗

(0.84) (1.16) (1.78) (4.93) (0.83)

𝑑 ln 𝜏 𝑓 1.92 2.09
(2.61) (2.79)

Large𝑑=0 × 𝑑 ln 𝜏 𝑓 1.34 0.01 0.63 -0.84 -1.62
(1.34) (1.18) (1.52) (1.17) (1.39)

Large𝑑=1 × 𝑑 ln 𝜏 𝑓 7.56∗∗∗ 7.20∗∗ -2.93∗∗ -7.18 3.80∗∗∗

(2.49) (3.11) (1.29) (4.98) (1.35)

ln AHIM𝐸
𝑑,2000 0.12 0.11 -0.00 0.03 -0.01 -0.03 0.04

(0.07) (0.07) (0.04) (0.03) (0.03) (0.03) (0.02)

Large𝑑 -1.32∗∗∗ -0.00 -1.82∗∗∗ -2.52∗∗ -0.21
(0.22) (0.34) (0.30) (1.25) (0.20)

𝛿
large
1 − 𝛿small

1 8.35∗∗∗ 2.65∗∗ 8.13∗∗∗ 9.43∗ 2.96∗∗∗

(.77) (1.18) (1.82) (4.94) (.96)

N 1096 1096 1424 1424 1424 1424 1424
𝑅2 0.02 0.01 0.01 0.01 0.00 0.01 0.01

Notes: The outcome variables are variety-level (𝑣) log-changes in marginal cost (𝑚𝑐𝑣𝑡 ) and product appeal (Φ𝑣𝑡 );
plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue TFP (TFP𝑅𝑓 𝑡 ), skill (𝑠 𝑓 𝑡 , ratio of non-production
to production labor), value of capital (𝐾 𝑓 𝑡 ), and material prices (𝑝𝑀 𝑓 𝑡 ) from year 2000 to 2009. Other variables
include district-level (𝑑) log-changes in access to higher-income markets (AHIM𝐸

𝑑𝑡 ) and a dummy variable (Large𝑑)
that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. 𝑑 ln 𝜏 𝑓 is a measure of the change in competition
that firm 𝑓 faces (see equation (1.34)). Estimates of the constant are omitted. Standard errors clustered by district in
parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

50



1.5.4 Consideration of Changes in Access to Inputs

One remaining concern is that the changes in access to higher-income markets used in this

study may be correlated with changes in access to higher-quality material inputs or skilled labor.

Since road upgrades imply bilateral reductions in trade costs, having lower trade costs with higher-

income markets may not only mean better access to high-income consumers but also higher-quality

material inputs produced there. Indeed, I report in Appendix Section A.3.5 that higher-income

districts produce more expensive varieties within narrowly defined products, which are likely of

higher quality. If higher-quality materials and skilled labor are complementary, then increased ac-

cess to higher-quality materials could provide an alternative explanation to the findings in Section

1.4. The productivity benefits of higher-quality material inputs are also well-documented in the lit-

erature that examined tariff reductions on imported inputs following trade liberalization episodes

(Amiti and Konings (2007b)). Moreover, changes in access to higher-income markets could have

induced migration of skilled labor across regions, affecting the local availability of skilled labor. In

Appendix Section A.3.6, I show using the same identification strategy in Section 1.4 that increased

access to higher-income markets caused the local share of high-school educated population to de-

cline.19

To address these concerns, I include plant-level changes in factor prices (wages and material

prices) as additional controls to the baseline specifications as well as local decadal changes in the

share of high-school educated population. To the extent that changes in access to higher-quality

materials or skilled labor are reflected in the factor prices that plants pay, these variables will allow

me to control for these alternative mechanisms. The estimated results are reported in Table 1.7.

While the inclusion of these additional control variables absorb sizable amount of the variation in

the outcome variables, which is reflected in higher values of 𝑅2, they have limited impact on the

results obtained in Section 1.4. Therefore, while the NHDP road upgrades affected Indian districts’

access to higher-quality materials and skilled labor, the results here suggest that they may not be

correlated with the changes in access to higher-income markets used in this study.

19There were no comparable effects on local total population or share of urban population.
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Table 1.7: Effects of Access to Higher-Income Markets with Factor Price and Local High-School
Population Controls

Log-change (2000-09):

(1) (2) (3) (4) (5) (6)
𝑚𝑐𝑣 Φ𝑣 𝑅/𝐿 𝑓 TFP𝑅𝑓 𝑠 𝑓 𝐾 𝑓

𝑑 ln AHIM𝐸
𝑑,09−00 3.11∗∗∗ 2.56∗∗∗

(0.69) (0.74)

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 -0.32 -0.37 -0.14 -0.02

(0.61) (0.32) (0.50) (0.61)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 8.39∗∗∗ 2.25∗∗∗ 6.95∗∗∗ 6.03∗∗∗

(0.63) (0.53) (1.13) (1.04)

𝑑 ln𝑤 𝑓 ,09−00 0.02 0.06
(0.11) (0.11)

Large𝑑=0 × 𝑑 ln𝑤 𝑓 ,09−00 0.58∗∗∗ 0.23∗∗∗ 0.63∗∗∗ 0.14∗∗

(0.06) (0.04) (0.05) (0.06)

Large𝑑=1 × 𝑑 ln𝑤 𝑓 ,09−00 0.22 0.03 0.64∗∗ 0.61∗∗∗

(0.26) (0.15) (0.24) (0.04)

𝑑 ln 𝑝𝑀 𝑓 ,09−00 0.01 0.00
(0.10) (0.09)

Large𝑑=0 × 𝑑 ln 𝑝𝑀 𝑓 ,09−00 0.01 0.39∗∗∗ 0.03 0.06
(0.03) (0.02) (0.04) (0.04)

Large𝑑=1 × 𝑑 ln 𝑝𝑀 𝑓 ,09−00 0.06 0.35∗∗∗ -0.10 -0.02
(0.06) (0.04) (0.06) (0.17)

𝑑 ln𝐻𝑆𝑑,11−01 0.37 0.31
(0.45) (0.47)

Large𝑑=0 × 𝑑 ln𝐻𝑆𝑑,11−01 -0.30 -0.18 0.21 -0.14
(0.20) (0.13) (0.23) (0.18)

Large𝑑=1 × 𝑑 ln𝐻𝑆𝑑,11−01 0.40 -0.37 0.64 2.58∗∗

(0.43) (0.56) (0.77) (1.04)

ln AHIM𝐸
𝑑,2000 0.14∗∗ 0.13∗ -0.05 -0.01 -0.02 -0.03

(0.07) (0.07) (0.05) (0.03) (0.03) (0.03)

Large𝑑 -1.95∗∗∗ -0.39∗∗ -1.33∗∗∗ -2.11∗∗∗

(0.23) (0.18) (0.25) (0.31)

𝛿
large
1 − 𝛿small

1 8.71∗∗∗ 2.62∗∗∗ 7.09∗∗∗ 6.05∗∗∗

(.65) (.54) (1.16) (1.09)

N 1088 1088 1426 1426 1426 1426
𝑅2 0.02 0.01 0.11 0.25 0.12 0.02

Notes: The variables in the table include variety-level (𝑣) log-changes in marginal cost (𝑚𝑐𝑣𝑡 ) and product appeal
(Φ𝑣𝑡 ); plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue TFP (TFP𝑅𝑓 𝑡 ), skill (𝑠 𝑓 𝑡 , ratio of non-
production to production labor), value of capital (𝐾 𝑓 𝑡 ), wages (𝑤 𝑓 𝑡 ), and material prices (𝑝𝑀 𝑓 𝑡 ) from year 2000 to
2009. Other variables include district-level (𝑑) log-changes in access to higher-income markets (AHIM𝐸

𝑑𝑡 ), population
share with high school education (𝐻𝑆𝑑,11−01), and a dummy variable (Large𝑑) that equals one if 𝑑 ln AHIM𝑑,09−00 ≥
0.18 and zero otherwise. Estimates of the constant are omitted. Standard errors clustered by district in parentheses.
∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

52



Finally, in Appendix Section A.3.7, I also consider the possibility of NHDP road upgrades

affecting firms’ access to international market either through exporting or importing. Specifically,

I re-estimate the baseline specifications in Section 1.4 after dropping plants that engage in mean-

ingful exporting or importing activities in 2009.20 The results are robust to the exclusion of these

plants, suggesting that changes in access to domestic markets are driving the results in this paper.

One exception is the effect on material input prices, which becomes close to zero. A possible

explanation is that increased access to higher-income markets induce local firms to use more ex-

pensive material inputs from abroad, which is no longer applicable when focusing on plants that

do not use imported inputs.

1.6 Conclusion

In this paper, I have presented new evidence that relatively small income differences found

within India are sufficient in incentivizing quality upgrading among local firms. I further showed

that these quality upgrading lead to productivity gains when increases in access to higher-income

markets are large. These results highlight that demand from high-income consumers outside the

high-income countries can play an important role in promoting productivity gains for firms in

developing countries through quality upgrading.

However, there are some key limitations to this study. One is that it takes a partial equilibrium

view and focuses on the responses of individual firms to the changes in access to higher-income

markets. It is conceivable that firm decisions to produce higher-quality outputs could have gener-

ated additional demand for local skilled workers and have led to changes in the migration flows of

skilled workers. Overall, the lack of a general equilibrium analysis makes it difficult to understand

the aggregate implications of these results.

Another important finding in this paper is that the model suggests that firms may be facing

substantial adjustment costs to reorganize their production into more sophisticated ones. The fact

20For this exercise, a plant is considered an exporter if it derived more than 5% of its total sales from exports, and
it is considered an importer if imported inputs took up more than 5% of its total expenditure on material inputs, based
on activities in 2009.
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that firms face such costs is hardly surprising, but this paper finds that they were large enough

to prevent most Indian firms from experiencing productivity gains despite upgrading quality. Of

course, having no direct measure of such adjustment costs, this study has little to say on how these

costs may be lowered. Understanding the elements of these adjustment costs appears to be an

important area of future research.
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Chapter 2: Rational Voter Responses to the 2018 Trade War: Evidence from

the 2018 U.S. House of Representatives Elections

2.1 Introduction

During the months leading up to the 2018 U.S. Congressional elections, Donald J. Trump,

a Republican U.S. president elected in 2016, imposed tariffs on more than $280 billion worth

of imports, and saw the affected foreign countries retaliate by imposing tariffs on more than $100

billion worth of U.S. exports. Several recent works (Amiti et al. (2019a); Fajgelbaum et al. (2020a);

Flaaen et al. (2019); Cavallo et al. (2019); Waugh (2019a)) have analyzed and documented the

economic impacts of these tariffs on consumers and producers in the U.S. Following up on these

earlier works, the aim of this paper is to establish and estimate the causal impact of the 2018 trade

war tariffs on the outcomes of the 2018 House of Representatives elections in the U.S. to answer

the following question: do voters electorally respond to the economic impacts of domestic and

retaliatory foreign tariffs in a trade war?

By studying the electoral responses to the domestic tariffs, I aim to assess the empirical content

of a key aspect in rational voting models (e.g., retrospective voting models; see Healy and Malhotra

(2013) for a review). Namely, that individuals change their voting behaviors by evaluating the wel-

fare consequences of an incumbent’s policy decisions. Despite tariffs being the most prominently

discussed policy instrument in political economy models of trade policy (Magee et al. (1989);

Grossman and Helpman (1995)), there is no empirical evidence that establishes their causal ef-

fects on voting. While studies by Clarke et al. (2017) and Blanchard et al. (2019) make attempts to

address various endogeneity issues, it is always difficult to establish causal effects based on OLS

estimates. This lack of evidence contrasts with a related body of research that documents numer-

ous empirical evidence on the causal effects of import competition (Autor et al. (2016); Che et al.
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(2016); Colantone and Stanig (2018a); Colantone and Stanig (2018b)) and offshoring (Margalit

(2011); Jensen et al. (2017)) on election outcomes.1

On the other hand, there is an independent importance on whether individuals electorally re-

spond to economic shocks resulting from the foreign tariffs. With foreign retaliatory tariffs, ratio-

nal voting models do not provide a clear prediction. Sanctioning models, in which voters punish

or reward incumbents for welfare outcomes, predict that voters will respond to retaliatory tariffs

insofar as they bring about welfare consequences. In contrast, selection models, in which voters

try to select the most competent politician, predict that voters will not respond to retaliatory tariffs

as they do not reveal information about the incumbent’s competence. Therefore, the response of

domestic voters to such foreign tariffs can illuminate us on which mechanism is more relevant in

this setting. I am unaware of any existing empirical work that estimates the causal effect of retal-

iatory tariffs on voting.2 Blanchard et al. (2019) is the only other work that studies the electoral

effects of retaliatory tariffs, but they do not claim causal identification.

To answer the research question, I use a county-level panel spanning 4 election years (2012,

2014, 2016, and 2018) to study the responses of the voters to three types of tariffs: the domestic

tariffs on industry outputs (output tariffs), on industry inputs (input tariffs), and the retaliatory (ex-

port) tariffs. Existing works point out that failing to account for the effects of tariffs on intermediate

goods can lead to omitted variable biases (Amiti and Konings (2007a)) and fall short in providing

a comprehensive understanding of international trade’s effects on the economy (Acemoglu et al.

(2016)). For example, the same import tariff on steel products, which works favorably towards the

domestic steel industry, works unfavorably towards its downstream industries (e.g., auto industry)

that use steel products as inputs. The inclusion of input tariffs in the analysis takes this diverging

effect of the import tariffs into account. While the international trade literature has received this

point well, this paper is first to do so in an electoral context.

The literature’s noticeable gap on the causal effects of tariffs on election outcomes owes much

1Margalit (2019) provides a more general review of the literature on the political responses to economic shocks.
2Fajgelbaum et al. (2020a) and Fetzer and Schwarz (2019) show evidence that the retaliatory tariffs were targeted

toward regions that had high support for President Trump during the 2016 Presidential election but do not evaluate
their causal effects on voter responses.
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to the endogeneity of the trade policy (Magee et al. (1989); Trefler (1993); Topalova and Khan-

delwal (2011a)). Almost always, the policy maker implements a specific set of tariffs in order to

achieve certain economic or political goals. Therefore, the observed cross-sectional variation in

tariffs across industries or regions are likely correlated with many other variables that also influ-

ence election outcomes. To overcome this endogeneity, I instrument the trade war tariffs with their

corresponding non-most favored nation (NMFN) tariffs. This instrumental variables (IV) strategy

relies on the fact that both the trade war and NMFN tariffs were chosen unilaterally, which sets

them apart from the multilaterally chosen MFN rates, for example. Building on past works in the

optimal tariff literature, I empirically verify that the NMFN tariffs of the U.S., China, and the E.U.

have predictive power over their trade war tariffs.3 Then, I defend the validity of the instruments

by taking note of their obsolete status between the U.S. and its trade partners during the past two

decades.

To summarize, I find that voters in the U.S. were electorally responsive to the import tariffs

but not to their retaliatory counterparts during the 2018 House elections. More specifically, I

estimate that the output tariffs increased the votes for the incumbent president’s party by 0.41

percentage points at the median. In contrast, I estimate that the input tariffs decreased those votes

by 0.52 percentage points at the median. Combined together, the domestic tariffs had a median

net effect of a 0.08 percentage points decline in votes for Republican candidates. These effects

account for about 8.5, 10.9, and 1.7 percent, respectively, of the median change in Republican

votes from 2016 to 2018. Interestingly, I do not find comparable effects of domestic tariffs on the

votes for Democratic candidates, which suggests the domestic tariffs mainly affected the turnout

among Republican supporters but did not lead to switching of parties. These findings indicate that

while voters do respond rationally to the economic consequences of domestic tariffs, these rational

responses can be muted by party ideologies. Finally, I do not find any statistically or economically

substantive responses to the retaliatory tariffs.

3For example, Grossman and Helpman (1995) provide a theoretical justification as to why a country’s ability to
affect the world price of its imports (i.e., its terms of trade incentives) matters for the country’s optimal tariff even
in the presence of other political incentives. Broda et al. (2008) follow up by empirically documenting a positive
relationship between the NMFN tariffs of the U.S. and the estimated inverse export supply elasticities the U.S. faces.
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The remainder of the paper is organized as follows. The next section provides a brief back-

ground on the 2018 trade war and the 2018 U.S. Congressional elections. Section 3 describes the

data and the construction of county-level exposures to the trade war tariffs. In Section 4, I discuss

the IV strategy and establish its first-stage results. Then, in Section 5, I report and discuss my main

findings along with additional robustness tests. Finally, I conclude in Section 6.

2.2 Policy Background

2.2.1 The 2018 Trade War

Table 2.1 documents and summarizes all of the tariff exchanges that took place between the

U.S. and its trade partners in 2018. I provide further details here.

On February 7 of 2018, the U.S. placed import tariffs on solar panel and washing machine

products on the basis of protecting its import competing industries. While no immediate retal-

iatory actions were taken by the affected trade partners, it set a precursor to a full-blown trade

war between the U.S. and its key trade partners in 2018. Later, on March 8 of 2018, President

Trump further announced import tariffs on steel and aluminum products, which were scheduled to

go into effect on the 23rd of the same month. Despite initial temporary exemptions on several key

allies, only Argentina, Australia, Brazil, and South Korea were permanently granted exemptions

in 2018.4 This time, retaliatory actions followed.

China retaliated on April 2, 2018 by matching the $3 billion worth of affected Chinese exports

to the U.S. with its own set of import tariffs against U.S. products. On the following day, the U.S.

responded with a threat of additional tariffs on $50 billion worth of Chinese products. China replied

immediately with a counter-threat of equal magnitude. These threats eventually materialized in two

rounds of tariff exchanges, the first round of which covered about $34 billion worth of products

and went into effect on July 6 for both countries. On August 23, the second round of tariffs that

covered the remaining $16 billion worth of imports went into effect, completing both nations’

proposed tariff threats on $50 billion worth of products. With neither country backing down, the

4Brazil and South Korea were granted permanent exemptions for steel products only.
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Table 2.1: Summary of the Exchange of Tariffs between the U.S. and the World in 2018

U.S. Import Tariffs Retaliatory Tariffs

Country Date Import Value Rates Country Date Export Value Rates
($ Billions) (%) ($ Billions) (%)

World∗ 2/7 9.01 20 - 50

World∗∗ 3/23 41.02 10, 25

China 4/2 1.25 15, 25
Mexico 6/5 6.34 5 - 25
Turkey 6/21 1.50 5 - 40
E.U. 6/22 3.49 10, 25
Canada 7/1 16.59 10, 25
Russia 8/6 0.26 25 - 40

China 7/6 31.86 25 China 7/6 28.15 25

Turkey 8/13 0.99 25 Turkey 8/15 1.50 4 - 140

China 8/23 13.82 25 China 8/23 14.98 25

China 9/24 187.72 10 China 9/24 45.31 5, 10

Total 281.88 107.33

Notes: All reported currencies are in 2017 U.S. dollars. All reported trade values are based on the author’s calculation
using annual U.S. Census trade data in 2017. Note that the numbers differ from officially announced numbers due
to adjustments to the product lists that took place after the initial announcement. Also, the calculated export values
may further differ from the importing countries’ announced numbers because the U.S. export records are used here.
Numbers may not add up to the totals due to some products being subject to multiple rounds of tariffs levied by a
country. ∗A number of Generalized System of Preferences (GSP) eligible countries were exempted. ∗∗Argentina and
Australia were exempted from the tariffs on both the steel and aluminum products. Brazil and South Korea were
exempted only from the tariffs on steel products.

U.S. threatened China with yet another round of tariffs on $200 billion worth of products on June

18. China responded with its own tariff threat of another $60 billion of U.S. products. Both of

these threats were eventually implemented on September 24.

Elsewhere, Mexico retaliated on June 5 by imposing import tariffs on $4.2 billion worth of

U.S. products. Both the European Union and Canada retaliated on June 22 and July 1, respectively.

The E.U.’s retaliatory tariffs covered $3.5 billion worth of U.S. products while Canada’s covered

$16.6 billion. On August 6, Russia also retaliated with import tariffs on $0.3 billion worth of U.S.

products. Finally, Turkey’s retaliation on June 21 covered $1.5 billion worth of U.S. products.

With Turkey, the U.S. took further countermeasures by doubling its import tariffs on steel products
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originating from Turkey. In response, Turkey further raised its tariff rates on the earlier list of

products on August 15.

2.2.2 The 2018 U.S. Congressional Elections

The general elections for the 2018 U.S. Congressional elections were held on November 6,

2018. The House of Representatives elections, which occur every two years in every congressional

district, were held across all 3,142 counties (or county equivalents) that make up the 435 congres-

sional districts in the U.S. For the Senate elections, which occur every six years for each seat,

1,874 counties across 33 states were involved.5 Due to major redistricting of the congressional

districts that began to apply with the 2012 Congressional elections, the election data for this study

cover four election years from 2012 to 2018. Because the House elections occur more regularly

and cover the entire geography of the U.S., I focus on the House election outcomes in this study.

The 2018 House election outcomes were heralded as a major victory for the Democrats, who

gained 40 seats and captured the majority of the House. In contrast, thirty Republican incumbents

lost their seats to Democratic challengers while no Democratic incumbent lost in re-election. I

report summary statistics of county-level election outcomes in Table B.2. We can begin to explore

the regional patterns of political support in relation to the trade war with a simple regression of

2-year differences in county-level votes for House candidates in 2018 on the county employment

share in traded sectors.6 The regression coefficients reported in Figure 2.1 estimate that 10 per-

centage points of county employment share in traded sectors are associated with a 0.67 percentage

point increase in votes for Democratic candidates and a 0.75 percentage point decrease in votes for

Republican candidates. A central goal of this study is to go beyond these suggestive patterns to

establish and estimate the causal impact of the 2018 trade war tariffs on the outcomes of the 2018

U.S. House elections.
5Two additional states, Minnesota and Mississippi, were involved through special elections.
6Traded sectors refer to industries whose outputs are internationally traded. Broadly speaking, these industries

belong to one of the following 2-digit NAICS codes: “11: Agriculture, Forestry, Fishing, and Hunting”, “21: Mining”,
and “31-33: Manufacturing”.
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Figure 2.1: County-level Votes for Major Party House Candidates and Employment in Traded
Sectors
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Notes: N=3,104 counties, plotted with 100 bins. Regressions for the fitted lines are weighted by county population in
2018.

2.3 Data

2.3.1 Data Sources

Table 2.2 summarizes all of the sources and the relevant years of data I use for this study. In

this section, I discuss each of these data sources in greater detail.

I obtain the list of all affected products and their applied rates from the trade war as summarized

in Table 2.1 directly from each country’s official policy announcement pages. Except for a handful

of products, all trade war tariffs are announced at the 8-digit product codes, also known as tariff

lines. The non-most favored nation (NMFN) tariffs, which I use as instruments in this study, are

obtained from the TRAINS database (accessed through World Integrated Trade Solution, WITS)
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Table 2.2: Summary of Data Sources

Data Source Years

U.S. Trade Flows U.S. Census (Schott (2008)) 2017
Trade War Tariffs Policy announcement pages + Submissions to WTO 2018
NMFN Tariffs TRAINS 2017
U.S. House Election Dave Leip’s Atlas of U.S. Presidential Elections 2012-2018

CQ Voting and Elections 2012-2018
County Employment County Business Patterns (U.S. Census) 2016

Quarterly Census of Employment and Wages (BLS) 2016
County Demographics U.S. Census 2012-2018
Input-Output Table Bureau of Economic Analysis 2012
Industry Production U.S. Economic Census 2017
MFP Rates U.S. Department of Agriculture -

for the U.S., China and the E.U. at each country’s tariff lines.7 I use the 2017 data for the U.S.

and China to avoid adjustments to the product codes, which occur every 5 years. However, note

that the U.S. NMFN tariffs were set during the Smoot-Hawley Tariff Act of 1930.8 While China

does update its NMFN tariffs every year, there are little changes in reality.9 As for the E.U. NMFN

tariffs, they are no longer in use and 2000 is the most recent year for which I am able to obtain the

data.10

I acquire annual U.S. import and export values in 2017 for all 10-digit product codes and

trade partner from the U.S. Census (Schott (2008)). Then, I match the import values with the

corresponding import tariffs by assigning each tariff information at the 8-digit product code to

all underlying 10-digit product codes. For the export values and export tariffs, the matching is

performed by assigning each averaged tariff at the 6-digit product code to all underlying 10-digit

product codes. This matching occurs at a more aggregate level because the product codes are

internationally comparable only starting at 6-digit product codes. Each of these imported and

7The NMFN tariffs are also referred to as general, column 2, or autonomous tariffs in the data source.
8See Irwin (2011) and Pierce and Schott (2016a) for a detailed background information on the Smoot-Hawley

tariffs.
9For example, of the 6,850 products codes that appear both in the 2007 and the 2017 data, China changed its

NMFN tariffs for only 17 tariff lines.
10Because the E.U. NMFN tariffs are based on an older product classification, I had to drop its NMFN tariffs for 620

6-digit product codes, which could not be mapped cleanly to the 2017 product classification. The reported estimates
are not sensitive to the treatment of E.U. NMFN tariffs as they constitute a small share of the retaliatory tariffs.
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exported products at the 10-digit then map to exactly one of 238 time-consistent industry codes,

which I construct from NAICS and BEA industry codes.11

The information on the input-output linkages of the industries in the U.S. are from the BEA. In

particular, I utilize the BEA’s use table from 2012, which reports the costs of intermediates required

from other industries as well as labor costs for the production activity in each industry. Ideally,

I would have utilized a use table from 2017. Unfortunately, the use table for 2017 is currently

available only for much more aggregated industry definitions. These data are originally recorded

in BEA industry codes, which I convert into time-consistent industry codes. For industry total

production values, I use numbers from the U.S. Economic Census for mining and manufacturing

industries in 2017. As for agricultural industries, I use the gross output values from the BEA use

table in 2012 because the Economic Census does not report similar numbers for these industries.

The county employment data in 2016 are mainly from the County Business Patterns (CBP),

which is maintained by the U.S. Census. Once again, I would have used the 2017 data if not for

their unavailability at this time. A shortcoming of the CBP is that it does not collect employment

data for several agricultural sectors, which are heavily subject to the retaliatory tariffs.12 Therefore,

I augment the CBP data with the 2016 county employment data from the Quarterly Census of

Employment and Wages (QCEW), which is maintained by the Bureau of Labor Statistics (BLS).

The shortcoming of the QCEW data in comparison is that its data are more heavily censored. I

detail how I impute the censored employment counts for each of these data sources in the Data

Appendix. Both sources of data are reported in 6-digit NAICS codes, which I again convert into

time-consistent industry codes.

The county-level voting data for the House (2012, 2014, 2016, and 2018) and Presidential

(2012 and 2016) elections are from David Leip’s Atlas of U.S. Elections. Data for the 29 counties

(18 county-equivalents and 11 statistical areas) in Alaska are not available. I augment the county

11I construct the time-consistent industry codes from a combination of 6-digit NAICS industry codes (2012 and
2017 versions) and the Bureau of Economic Analysis (BEA) industry codes, following the methodology of Pierce and
Schott (2012). Further details on the construction of these time-consistent industry codes are provided in the Data
Appendix.

12These agricultural sectors are those with the first 3-digit NAICS industry codes “111” and “112”.
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voting data with the congressional district voting data from the CQ Voting and Elections database.

The congressional district data are used to determine each county’s participation in elections with

candidates from both major parties.

I also collect data on the agricultural subsidies from the Market Facilitation Program (MFP) that

were issued in response to the trade war. The MFP, which is administered by the U.S. Department

of Agriculture (USDA), provides farmers who were adversely affected from the trade war with

direct payments. For non-specialty crops, per acre payment rates ranging from $15 to $150 dollars

were specified for each county. These agricultural subsidies are an important control variable

as they are necessarily correlated with the regional variation in the retaliatory tariffs and likely

influence the electoral preferences of the recipients. Therefore, the cross-sectional variation in the

MFP payment rates will be used to test the sensitivity of the IV estimates.

Finally, I collect several demographic information on each county from the U.S. Census. I

obtain each county’s total population counts and shares of total population who are male, white,

working age (15-64), and over age 64 for years 2012, 2014, 2016, and 2018. In addition, I collect

each county’s median income and share of total population with a Bachelor’s degree or higher for

years 2012, 2014, 2016, and 2017. I use the 2017 values of these two variables in place of their

2018 values due to data unavailability at this time. The intersection of the county employment,

voting, and demographic data yields a four year panel of 3,107 counties. Detailed summary statis-

tics are provided in Tables B.1 and B.2. There are eight missing observations, resulting in a total

of 12,420 (county-by-year) observations.

2.3.2 Construction of County-level Tariff Shocks

To proceed further, I first need to measure each county’s exposure to the domestic and retal-

iatory tariffs, which were implemented at the product-level. To do so, I begin by aggregating the

product-level tariffs to the industry-level.

Denote the additional import tariff levied by the U.S. on product 𝑔 from country 𝑖 as Δ𝜏𝑚𝑖𝑔 .
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Then, the output tariff shock for industry 𝑗 is defined as

𝑂𝑇𝑗 ≡
𝑚 𝑗

𝑦 𝑗 + 𝑚 𝑗 − 𝑥 𝑗
×

∑
𝑔∈𝐺 𝑗

∑
𝑖

𝑚𝑖𝑔∑
𝑔∈𝐺 𝑗

∑
𝑖 𝑚𝑖𝑔

· Δ𝜏𝑚𝑖𝑔 , (2.1)

where 𝑚𝑖𝑔 is the U.S. import value of product 𝑔 from country 𝑖 and 𝐺 𝑗 is the set of products

in industry 𝑗 . Therefore, the second term in the expression is simply the import value weighted

average of the product-level import tariff changes within each industry. I multiply this term by the

import penetration ratio in the first term, where 𝑦 𝑗 and 𝑥 𝑗 denote the total production and export

values of industry 𝑗 , respectively. Weighting the industry tariffs with the import penetration ratio

recognizes the fact that any level of tariff change on an import is more economically significant

when a larger share of the domestic demand (or absorption) is satisfied by imports.

Import tariffs can impact an industry not only by affecting the prices of products produced

in the industry but also by affecting the prices of products used as inputs. I make use of the

information from the input-output table to define the input tariff shock for industry 𝑗 as

𝐼𝑇𝑗 ≡
∑
𝑘

𝑐 𝑗 𝑘 · 𝑂𝑇𝑘 , (2.2)

where 𝑐 𝑗 𝑘 is the cost share of inputs from industry 𝑘 in industry 𝑗’s total input costs plus wages.

These input tariff shocks capture the average changes in the prices of the inputs in each industry

from the import tariffs.

Next, denote the additional export tariff levied by country 𝑖 on product 𝑔 from the U.S. as Δ𝜏𝑥𝑖𝑔.

Then, the export tariff shock for industry 𝑗 is defined as

𝑋𝑇𝑗 ≡
𝑥 𝑗

𝑦 𝑗
×

∑
𝑔∈𝐺 𝑗

∑
𝑖

𝑥𝑖𝑔∑
𝑔∈𝐺 𝑗

∑
𝑖 𝑥𝑖𝑔

· Δ𝜏𝑥𝑖𝑔, (2.3)

where 𝑥𝑖𝑔 is U.S. export value of product 𝑔 to country 𝑖. The second term in the expression is simply

the export value weighted average of the product-level export tariff changes within each industry.

This time, I multiply this term by the export share to recognize that any level of tariff change on an
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export is more economically significant when a larger share of the domestic production is exported.

Finally, the output tariff shock for each county 𝑐 is then defined as the county employment

share weighted average of the industry tariffs as in

𝑂𝑇𝑐 ≡
∑
𝑗∈𝐽𝑇

𝐿𝑐 𝑗

𝐿𝑐
𝑂𝑇𝑗 , (2.4)

where 𝐽𝑇 is the subset of industries that are traded, 𝐿𝑐 𝑗 is county 𝑐’s employment in industry 𝑗 ,

and 𝐿𝑐 =
∑
𝑗 𝐿𝑐 𝑗 is the total employment in county 𝑐. This variable measures the average exposure

of the workers in each county to the import tariffs on industry outputs. The county-level input and

export tariff shocks (𝐼𝑇𝑐 and 𝑋𝑇𝑐, respectively) are defined similarly. Thus, the county-level input

tariff shock measures the average exposure of the workers to the import tariffs on industry inputs,

and the county-level export tariff shock measures that to the retaliatory tariffs placed on exports.

These types of shift-share variables, which measure the regional exposures to a national shock by

using local industry structures, are common in regional studies of international trade (Topalova

(2010a); Autor et al. (2013); Fajgelbaum et al. (2020a)).

In Figure 2.2, I plot the geographic distributions of the county-level output, input, and export

tariff shocks. I report detailed summary statistics in Table B.1. It is evident from the figure that

there are substantial variations in the regional exposures to the three tariff shocks. At the same

time, the correlation between the output and input tariffs are much higher at 0.72 than the correla-

tion either between the output and export tariffs at 0.39 or between the input and export tariffs at

0.26. The geographical overlap between the two import tariffs likely reflect the co-agglomeration

patterns of the upstream and downstream industries in the U.S. as found by Ellison et al. (2010).

On the other hand, the lower correlations between the import tariffs and the export tariff indicate

that the domestic and retaliatory tariffs impacted different locations in the U.S.
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Figure 2.2: Geographic Distribution of County-level Tariff Shocks

0.13 − 1.86
0.07 − 0.13
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0.03 − 0.04
0.01 − 0.03
0.00 − 0.01
No data

Panel A. Output Tariff Shocks

0.14 − 1.27
0.08 − 0.14
0.05 − 0.08
0.03 − 0.05
0.02 − 0.03
0.00 − 0.02
No data

Panel B. Input Tariff Shocks

0.06 − 0.67
0.03 − 0.06
0.02 − 0.03
0.02 − 0.02
0.01 − 0.02
0.00 − 0.01
No data

Panel C. Export Tariff Shocks

Notes: Each panel consists of 3,107 counties. All tariff shocks are measured in percentage points.
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2.4 Empirical Specification

2.4.1 Ordinary Least Squares (OLS) Specification

Having defined the county-level tariff shocks, I can consider the following OLS specification

to estimate the effects of the tariff shocks on the 2018 House election outcomes,

𝑌𝑐𝑡 = 𝛽𝑂𝑇 · (𝑂𝑇𝑐 × 1{𝑡 = 2018}) + 𝛽𝐼𝑇 · (𝐼𝑇𝑐 × 1{𝑡 = 2018})

+ 𝛽𝑋𝑇 · (𝑋𝑇𝑐 × 1{𝑡 = 2018}) + 𝑋′
𝑐𝑡 · 𝛽 + 𝛼𝑐 + 𝛿𝑡 + 𝜖𝑐𝑡 , (2.5)

where 𝑌𝑐𝑡 is an election outcome of interest in county 𝑐 and year 𝑡 (for example, Rep𝑐𝑡 , the percent-

age of county population who voted for a Republican candidate). The first three terms in equation

(2.5) are the interactions of each of the three types of tariff shocks and a dummy variable for year

2018. Thus, these terms are zero in the pre-treatment periods (2012, 2014, and 2016) and only take

their respective values in the post-treatment period of 2018. 𝑋′
𝑐𝑡 denotes the vector of covariates

that vary by county and year. 𝛼𝑐 and 𝛿𝑡 are the county and year fixed effects, respectively. 𝜖𝑐𝑡 is

the error.

The aim of this study is to have a causal interpretation of the coefficients 𝛽𝑂𝑇 , 𝛽𝐼𝑇 , and 𝛽𝑋𝑇 .

Unfortunately, several threats to identification make it difficult to achieve this goal with an OLS

specification. The most prominent source of endogeneity comes from the fact that the implemented

trade war tariffs were non-randomly assigned, with considerations given to the economic and po-

litical goals of each country. For example, Fajgelbaum et al. (2020a) provide evidence that U.S.

tariffs mostly targeted regions with narrow margins in the 2016 Presidential elections whereas Chi-

nese tariffs mostly targeted those with larger Republican support. Fetzer and Schwarz (2019) also

show support toward the latter pattern. If indeed the governments had politically targeted their

tariffs, the regression equation in (2.5) suffers from reverse causality.

More generally, the researcher has to worry about other policies that were implemented be-

tween the 2016 and 2018 elections, which are correlated with the regional tariff shocks and can
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influence election outcomes. Because many regional policies can sway the voters in one direction

or another, the omission of such policies from the regression will lead to omitted variable biases.

For instance, the Trump administration provided aid packages to the agricultural regions in the

U.S., where businesses were adversely affected from the trade war. As these kinds of aid packages

are likely to earn political support from their recipients, their omission from the regression will

confound the estimates. We can always control for these variables when observed, but the unob-

served sources of endogeneity have to be addressed as well for a causal identification. For these

reasons, I argue that an OLS specification similar to that in equation (2.5) is unlikely to correctly

estimate the causal effects of the tariff shocks. Therefore, I instead opt for an IV strategy.

2.4.2 Instrumental Variable (IV) Specification

To address the endogeneity concerns of the tariff shocks, I rely on an IV strategy, which takes

advantage of the non-cooperative tariff incentives embedded in both the trade war and the NMFN

tariffs. That is, I instrument the three tariff shocks with their corresponding NMFN tariffs con-

structed as

𝑂𝑇NMFN
𝑐 ≡

∑
𝑗∈𝐽𝑇

𝐿𝑐 𝑗

𝐿𝑐
𝑂𝑇NMFN

𝑗 , 𝑂𝑇NMFN
𝑗 =

𝑚 𝑗

𝑦 𝑗 + 𝑚 𝑗 − 𝑥 𝑗
×

∑
𝑔∈𝐺 𝑗

𝑚𝑔∑
𝑔∈𝐺 𝑗

𝑚𝑔
𝜏NMFN

us,𝑔 , (2.6)

𝐼𝑇NMFN
𝑐 ≡

∑
𝑗∈𝐽𝑇

𝐿𝑐 𝑗

𝐿𝑐
𝐼𝑇NMFN

𝑗 , 𝐼𝑇NMFN
𝑗 =

∑
𝑘

𝑐 𝑗 𝑘𝑂𝑇
NMFN
𝑘 , (2.7)

𝑋𝑇NMFN
𝑐 ≡

∑
𝑗∈𝐽𝑇

𝐿𝑐 𝑗

𝐿𝑐
𝑋𝑇NMFN

𝑗 , 𝑋𝑇NMFN
𝑗 =

𝑥 𝑗

𝑦 𝑗
×

∑
𝑔∈𝐺 𝑗

∑
𝑖∈{𝑐𝑛,𝑒𝑢}

𝑥𝑖𝑔∑
𝑔∈𝐺 𝑗

∑
𝑖 𝑥𝑖𝑔

· 𝜏NMFN
𝑖𝑔 , (2.8)

where 𝜏NMFN
𝑖𝑔 denotes the NMFN tariff imposed on good 𝑔 by country 𝑖.13 The instrumental vari-

ables 𝑂𝑇NMFN
𝑐 , 𝐼𝑇NMFN

𝑐 and 𝑋𝑇NMFN
𝑐 capture the average hypothetical exposure of the workers in

each county to the NMFN tariffs on industry outputs, inputs and exports, respectively.

One caveat is that the NMFN tariffs are not available for all countries. I am only able to

collect a sufficiently disaggregate and complete set of NMFN tariffs for the U.S., China, and the

13In the data, the NMFN tariffs are applied in a non-discriminatory fashion by each importing country. Thus, each
importing country’s NMFN rate for a good 𝑔 does not vary across its trading partners.
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E.U. This lack of data is partly due to data unavailability but also because some of the retaliating

countries never had unilaterally imposed NMFN tariffs in the first place. Consequently, I can only

incorporate the export NMFN tariffs for China and the E.U. This is reflected in equation (2.8) in

which the summation is taken only across these two trade partners. Therefore, the resulting IV

estimate of 𝛽𝑋𝑇 should be interpreted as the local average treatment effect (LATE) with respect to

the variation in the Chinese and the E.U. NMFN tariffs. Despite this shortcoming, I note that the

combined trade value of the retaliatory measures from China and the E.U. account for about 77%

of all retaliatory measures listed in Table 2.1.

Two features of the NMFN tariffs make them useful instruments for the trade war tariffs. First,

they are set non-cooperatively, and therefore reflect importer-specific tariff incentives that may

also apply to other tariffs that are set non-cooperatively such as the trade war tariffs. Second,

the NMFN rates have remained irrelevant between the U.S. and its major trade partners for the

past two decades, which rules out their direct effect on the U.S. election outcomes in 2018. For

example, between the U.S. and China, the NMFN rates have not been applicable at least since

China’s ascension to the World Trade Organization (WTO) in 2001. I now discuss each of these

features in relevance to the IV strategy with greater detail.

Each member of the WTO sets MFN tariff rates that apply to other members of the WTO. At the

same time, some of them also set NMFN tariff rates that only apply to non-members of the WTO.

An important difference between these two sets of tariffs is that the MFN rates are decided through

multilateral negotiations within the WTO while the NMFN rates are decided unilaterally by each

country. Therefore, we can expect the NMFN rates to harbor importer-specific unilateral tariff

incentives (e.g. importer market power) that may also apply to the non-cooperatively determined

trade war tariffs. To the extent that this is true, the NMFN rates will have predictive power on the

trade war tariffs.

The existing literature offers some evidence that the NMFN tariff rates indeed contain some

of the unilateral tariff incentives of an importing country. For example, Broda et al. (2008) find

a positive relationship between the importer market power of the U.S. and its NMFN rates in the
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data.14 In contrast, they do not find a similar relationship for the MFN rates. Broda et al. (2008)

additionally report similar relationships for a list of other countries, using their pre-WTO tariff

rates, which were also set in a unilateral fashion.15 As shown by Grossman and Helpman (1995),

these terms of trade incentives behind the non-cooperative tariffs exist even in the presence of other

political economy forces. In another example, Ossa (2014) matches the distribution of the model

implied unilateral optimal tariffs to the empirical distribution of the NMFN tariffs.

The predictive power of the NMFN tariffs on the trade war tariffs can be empirically verified.

In Figure 2.3, I present the binned scatter plots of the county-level tariff shocks against the county-

level exposures to NMFN tariffs for the 3,107 counties in the sample. All variables have been

residualized on each county’s traded employment share so that only the variation within the traded

sector is considered. The linear fits to the scatter plots suggest positive relationships between the

local tariff shocks and the local NMFN tariffs for all three pairs. In Table 2.3, I present the first-

stage regression results to formally test for the weak identification of the regression coefficients.

With three endogenous variables and three instruments, there will be three first-stage regression

equations, which are given by

(𝑧𝑐 × 1{𝑡 = 2018}) = 𝛽𝑂𝑇𝑧 · (𝑂𝑇NMFN
𝑐 × 1{𝑡 = 2018}) + 𝛽𝐼𝑇𝑧 · (𝐼𝑇NMFN

𝑐 × 1{𝑡 = 2018})

+ 𝛽𝑋𝑇𝑧 · (𝑋𝑇NMFN
𝑐 × 1{𝑡 = 2018}) + 𝑋′

𝑐𝑡 · 𝛽𝑧 + 𝛼𝑧𝑐 + 𝛿𝑧𝑡 + 𝜖 𝑧𝑐𝑡 (2.9)

for 𝑧𝑐 = 𝑂𝑇𝑐, 𝐼𝑇𝑐, 𝑋𝑇𝑐. With each panel of results in Table 2.3, I consider four different specifica-

tions that I use for the main results later. As the first-stage results do not vary across specifications,

I postpone my discussion of different specifications until later when I present the main results. For

the same reason, I will only discuss the first-stage results reported under the fourth column, which

14Their measure of importer market power is the inverse export elasticity based on the terms of trade arguments for
an optimal tariff.

15Broda et al. (2008) find a statistically significant positive relationship between importer market power and pre-
WTO tariffs for the following list of countries: China, Russia, Taiwan, Ukraine, Algeria, Belarus, Ecuador, Oman,
Paraguay, Lithuania, Lebanon, Bolivia, and Latvia (Table 9A and 9B).
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Figure 2.3: Binned Scatter Plots of County-level Tariff Shocks and NMFN Tariffs
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Notes: All variables have been residualized on the traded employment share in 2016. Each panel consists of 3,107
counties. There are 100 bins plotted in each panel. The linear fits are plotted in broken grey lines. The underlying
regressions are weighted by the total county population.
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will be the preferred baseline specification.

From Panel A, it is clear that the identifying variation for the output tariffs comes mainly from

the output NMFN tariffs as the relevant coefficient is positive, the largest in magnitude, and the

only statistically significant one. In Panel B, the coefficient on the input NMFN tariffs is positive,

the largest in magnitude, and statically significant. While the coefficient on the export NMFN

tariffs is statistically significant as well, it is negative and much smaller in magnitude. Lastly,

Panel C shows that the coefficient on the export NMFN tariffs is positive, largest in magnitude,

and statistically significant. The coefficients on the two import tariffs are statistically significant

but negative and much smaller in magnitude. Put together, these patterns reveal that the identifying

variation for each county-level tariff shock comes primarily from the corresponding NMFN tariff

instrument.

The overall strength of the instruments is indicated by the Kleibergen and Paap (2006) F-

statistic of 23.15, which is well above the conventional threshold of 10. The combined partial-𝑅2 of

the instruments is 0.36. Although these results speak convincingly toward establishing an intuitive

relationship between the endogenous variables and the instruments, it is important to verify that

similar relationships exist between the trade war and NMFN tariffs before they are aggregated up

to the county-level. In the Empirical Appendix, I document statistically significant and positive

relationships only between the correct pairs of tariffs (e.g., import tariffs and U.S. NMFN tariffs)

but not between mismatched pairs of tariffs at the industry-level. However, the positive relationship

only appears for retaliatory tariffs at the product-level.

I now turn to their identification assumptions. To satisfy the exclusion restriction, the NMFN

tariffs must have affected the electoral outcomes in the 2018 House elections only through the

implemented trade war tariff shocks. A feature of the NMFN tariffs useful for satisfying this

restriction is that they have not been applicable between the U.S. and its trade partners at least

since their memberships to the WTO. For example, this means that China’s NMFN tariffs have been

irrelevant numbers for the U.S. at least since China’s ascension to the WTO in 2001. Therefore,

one can easily rule out the direct causal link from the NMFN rates to the political outcomes in the
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Table 2.3: First-Stage Regression of County-level Tariff Shocks on NMFN Tariffs

Panel A: 𝑂𝑇𝑐 × 1{2018}𝑡
(1) (2) (3) (4)

𝑂𝑇NMFN
𝑐 × 1{2018}𝑡 0.0569∗∗∗ 0.0575∗∗∗ 0.0565∗∗∗ 0.0572∗∗∗

(0.00525) (0.00545) (0.00535) (0.00546)

𝐼𝑇NMFN
𝑐 × 1{2018}𝑡 0.0289 0.0279 0.0292 0.0282

(0.0211) (0.0212) (0.0211) (0.0211)

𝑋𝑇NMFN
𝑐 × 1{2018}𝑡 0.00405 0.00448 0.00354 0.00376

(0.00863) (0.00968) (0.00852) (0.00919)

Panel B: 𝐼𝑇𝑐 × 1{2018}𝑡
(1) (2) (3) (4)

𝑂𝑇NMFN
𝑐 × 1{2018}𝑡 -0.00314 -0.00150 -0.00289 -0.00175

(0.00328) (0.00321) (0.00328) (0.00321)

𝐼𝑇NMFN
𝑐 × 1{2018}𝑡 0.121∗∗∗ 0.119∗∗∗ 0.120∗∗∗ 0.118∗∗∗

(0.0162) (0.0153) (0.0159) (0.0152)

𝑋𝑇NMFN
𝑐 × 1{2018}𝑡 -0.0227∗∗∗ -0.0210∗∗∗ -0.0219∗∗∗ -0.0210∗∗∗

(0.00707) (0.00684) (0.00698) (0.00689)

Panel C: 𝑋𝑇𝑐 × 1{2018}𝑡
(1) (2) (3) (4)

𝑂𝑇NMFN
𝑐 × 1{2018}𝑡 -0.00529∗∗∗ -0.00555∗∗∗ -0.00511∗∗∗ -0.00531∗∗∗

(0.00121) (0.00136) (0.00116) (0.00126)

𝐼𝑇NMFN
𝑐 × 1{2018}𝑡 -0.0291∗∗ -0.0288∗∗∗ -0.0282∗∗ -0.0280∗∗

(0.0116) (0.0111) (0.0114) (0.0109)

𝑋𝑇NMFN
𝑐 × 1{2018}𝑡 0.0937∗∗∗ 0.0929∗∗∗ 0.0940∗∗∗ 0.0933∗∗∗

(0.00608) (0.00591) (0.00603) (0.00590)

Trd Emp Shr𝑐 × 1{2018}𝑡 ✓ ✓ ✓ ✓
Electoral Controls ✓ ✓
County Controls ✓ ✓
KP F-Statstic 25.62 22.49 25.55 23.15
Partial-R2 0.371 0.371 0.363 0.364

Notes: N=12,420 with 3,107 counties and 4 years of observations. Heteroskedasticity robust standard errors clustered
at the state level in parentheses. Refer to the discussion in Section 2.5.1 for the descriptions of the control variables. All
regression specifications include county and year fixed effects, and they are weighted by the total county population.
The first-stage Kleibergen and Paap (2006) F-statistic is reported as KP F-Statistic.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01
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U.S. in 2018. Nevertheless, a threat to identification remains in the possibility of the economic

and political factors which determined the NMFN tariffs having influenced the 2018 U.S. election

outcomes through other channels.

2.5 Empirical Results

2.5.1 Baseline Results

Having established the first-stage results of the instruments, I now report the IV regression re-

sults from estimating equation (2.5) in Panel A of Table 2.4. The main outcome variable of interest

is the percentage of county population who voted for a Republican House candidate, denoted as

Rep𝑐𝑡 , which I view as measuring the political support for the incumbent administration.16 Below

each column, I also report the corresponding OLS estimates for the three tariff shocks in Panel B.

The full OLS regression results are reported in Table B.3. The first four columns show results for

four different specifications, which I discuss in detail shortly. The fifth column instead looks at the

votes for Democratic candidates. The sixth column looks at the difference between the votes for

the Republican and Democratic candidates while the last column looks at the total turnout, which

is the sum of the votes for the two major party candidates.

With all specifications, I control for the county employment share in traded sector (Trd Emp Share𝑐,2016)

interacted with a year dummy for 2018. Hence, the identifying variation comes from the employ-

ment shares within the traded sector. The inclusion of year fixed effects and having four election

years in the sample controls for Presidential election years, which affects voter turnout. All regres-

sions are weighted by the total county population to take into account that population sizes vary

significantly across counties. Finally, the standard errors are clustered at the state-level to allow

the errors to be correlated not only over time but also spatially within state borders.

I begin by discussing the effects of the two import tariffs. The first column estimates that

16The Republican vote share, defined as the share of Republican votes in the total number of votes, is an alternative
measurement of political support for the Republican party. However, this variable is less robust in the sense that
an increase in Democratic votes can reduce the Republican vote share even when the number of Republican votes
remain unchanged. In the Empirical Appendix, I additionally report the estimated effects on Republican vote shares
for interested readers.
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Table 2.4: Effects of County-level Tariff Shocks on Vote Counts

Panel A: IV

(1) (2) (3) (4) (5) (6) (7)
Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Dem𝑐𝑡 Rep-Dem𝑐𝑡 Turnout𝑐𝑡

𝑂𝑇𝑐 × 1{2018}𝑡 8.804 8.493∗ 10.43∗ 9.073∗∗ -2.368 11.44 6.705
(5.655) (4.309) (5.487) (4.153) (4.227) (6.828) (4.858)

𝐼𝑇𝑐 × 1{2018}𝑡 -12.45∗∗ -11.95∗∗∗ -11.01∗∗ -9.925∗∗ 1.761 -11.69∗ -8.164
(4.653) (4.317) (4.619) (3.923) (4.830) (6.886) (5.479)

𝑋𝑇𝑐 × 1{2018}𝑡 -1.724 -1.252 0.968 0.951 -1.948 2.899 -0.996
(3.996) (3.753) (4.523) (4.187) (4.433) (7.790) (3.701)

Trd Emp Share𝑐 × 1{2018}𝑡 4.468 3.119 0.367 0.366 -2.337 2.703 -1.971
(3.168) (2.458) (3.274) (2.704) (3.298) (5.166) (3.113)

Contested Election Share𝑐𝑡 1.412 1.345 6.896∗∗∗ -5.551∗∗∗ 8.241∗∗∗

(1.050) (1.028) (0.895) (1.560) (1.132)

Rep Prs Vote Share𝑐,2012 × 1{2018}𝑡 -7.519∗ -5.341 15.52∗∗∗ -20.86∗∗ 10.18∗∗∗

(3.785) (3.362) (5.271) (8.154) (3.419)

Rep Prs Vote Share𝑐,2016 × 1{2018}𝑡 6.607∗ 4.337 -15.92∗∗∗ 20.26∗∗∗ -11.59∗∗∗

(3.496) (3.066) (4.948) (7.469) (3.462)

MFP ($100/acre)𝑐 × 1{2018}𝑡 -0.455 -0.582 0.981∗ -1.563∗∗ 0.399
(0.494) (0.517) (0.515) (0.771) (0.686)

Pop. Share: Male𝑐𝑡 -42.93∗ -50.57∗∗ 26.75 -77.32 -23.82
(25.23) (24.18) (48.67) (62.16) (45.19)

Pop. Share: White𝑐𝑡 63.55∗∗ 60.08∗∗ -117.4∗∗∗ 177.5∗∗∗ -57.29∗∗

(26.52) (24.93) (26.02) (43.51) (26.54)

Pop. Share: Black𝑐𝑡 19.91 21.24 -126.7∗∗∗ 148.0∗∗∗ -105.5∗∗∗

(33.67) (29.28) (32.87) (50.96) (35.75)

Pop. Share: Hispanic𝑐𝑡 -4.210 -4.350 9.610 -13.96 5.261
(18.47) (18.33) (24.26) (38.21) (19.72)

Pop. Share: Working Age (15-64)𝑐𝑡 -0.229 10.07 57.93∗ -47.86 68.01∗∗

(20.29) (20.56) (30.29) (44.33) (26.73)

Pop. Share: Over Age 64𝑐𝑡 4.326 9.255 96.11∗∗∗ -86.85∗ 105.4∗∗∗

(24.40) (25.15) (27.61) (46.79) (24.51)

ln(Median Household Income𝑐𝑡) 1.995 2.298 1.583 0.715 3.881
(2.361) (2.389) (2.725) (4.376) (2.666)

Pop. Share: Bachelor’s or Higher𝑐𝑡 -30.95∗∗∗ -29.06∗∗∗ 12.74∗ -41.80∗∗∗ -16.32∗

(7.883) (7.070) (7.304) (11.66) (8.408)

KP F-Statistic 25.62 22.49 25.55 23.15 23.15 23.15 23.15
R2 -0.00165 0.0151 0.0153 0.0298 0.259 0.102 0.296

Panel B: OLS

(1) (2) (3) (4) (5) (6) (7)
Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Dem𝑐𝑡 Rep-Dem𝑐𝑡 Turnout𝑐𝑡

𝑂𝑇𝑐 × 1{2018}𝑡 3.013 3.001 4.263 3.829 -2.766 6.595 1.063
(2.640) (2.198) (2.808) (2.372) (2.423) (4.404) (1.899)

𝐼𝑇𝑐 × 1{2018}𝑡 -2.574 -3.032 -3.115 -2.942 3.298 -6.241∗ 0.356
(2.228) (2.135) (2.537) (2.308) (2.393) (3.535) (3.100)

𝑋𝑇𝑐 × 1{2018}𝑡 3.361 3.073 1.715 1.732 2.429 -0.696 4.161
(4.027) (3.483) (4.183) (3.594) (3.211) (4.804) (4.835)

Notes: N=12,420 with 3,107 counties and 4 years of observations. Rep𝑐𝑡 denotes the percentage of the population
who voted for a Republican House candidate in county 𝑐 and election year 𝑡. Dem𝑐𝑡 is similarly defined with respect
to a Democratic House candidate. Rep-Dem𝑐𝑡 = Rep𝑐𝑡 − Dem𝑐𝑡 and Turnout𝑐𝑡 = Rep𝑐𝑡 + Dem𝑐𝑡 . Heteroskedasticity
robust standard errors clustered at the state level in parentheses. All regression specifications include county and year
fixed effects, and they are weighted by the total county population. The first-stage Kleibergen and Paap (2006) F-
statistic is reported as KP F-Statistic.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01 76



a percentage point increase in output tariff shocks lead to a 8.80 percentage point increase in

votes for Republicans while a percentage point increase in the input tariff shocks lead to a 12.45

percentage point decrease in those votes. While these point estimates may appear large, recall

that the tariff shocks are numerically small as they are weighted by the employment shares in the

traded sectors only. I will provide the economic significance of these estimates when I discuss the

baseline specification under the fourth column. Here, only the estimate on the input tariff shocks

is statistically significant at conventional levels.

In the second column, I control for electoral variables to both add precision and test for the

sensitivity of the IV estimates. For each county, these control variables include: the contested

election share (Contested Election Share𝑐𝑡), the Republican vote shares from the 2012 and 2016

Presidential elections (Rep Prs Vote Share𝑐,𝑡=2012,2016) interacted with a year dummy for 2018, and

the MFP payment rates (MFP𝑐) interacted with a year dummy for 2018.17 The main rationale

behind including these control variables is to test for the sensitivity of the IV estimates with respect

to variables that proxy for the political targeting motives of the trade war tariffs. For example,

Fajgelbaum et al. (2020a) show evidence that the retaliatory tariffs were targeted toward regions

with high Republican support during the 2016 Presidential election. If the IV estimates are overly

sensitive towards the inclusion of these political variables, it raises the concern that the IV strategy

is not dealing with the endogeneity of the trade war tariffs properly. Reassuringly, the IV estimates

on all tariff shocks show only small changes while the standard errors are reduced.

In the third column, I instead control for county demographic variables. These variables include

the county population share who are male, White, Black, Hispanic, working age (15-64), over age

64, and with a Bachelor’s degree or higher in each year. The logged median household income is

also included. Again, the rationale behind these controls is twofold. Their inclusion can increase

the precision of the estimates since these variables can independently affect the outcome variable.

In addition, the sensitivity of the IV estimates to these inclusions can inform us about the validity

17A considerable number of counties participate in elections without candidates from either major party. As this
may affect voting patterns, I include the contested (i.e., with candidates from both major parties) election share that
each county participates in as a control in an attempt to address this issue. In a robustness exercise, I drop these
counties instead.
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of the IV strategy. Again, there are only small changes to the point estimates but the standard errors

are also unaffected.

Under the fourth column, I present my preferred baseline specification in which I control for

both sets of covariates in columns (2) and (3). Relative to column (1), the point estimates move

by only a couple of points while the standard errors are much tighter. Here, both estimates are

statistically significant at conventional levels. The estimates imply that the output tariff shocks

increased the votes for Republican candidates by 0.41 percentage points at the median. In contrast,

the input tariff shocks decreased those votes by 0.52 percentage points at the median. The median

net effect was a 0.08 percentage point decline. These values account for 8.5, 10.9, and 1.7 percent

of the median 2-year change in Republican votes from 2016 to 2018, respectively. The diverging

effects of the output and input tariff shocks are consistent with a rational voting framework.18

Import tariffs on one industry result in economic gains for that industry’s stakeholders but result

in economic losses for the stakeholders at the downstream industries. Therefore, the baseline

results confirm that voter responses to the domestic tariffs were in line with the policy’s economic

consequences.

Interestingly, contrary to the import tariffs’ effects on the Republican votes, there are no visible

effects on the votes for Democratic candidates as shown under column (5). This additional result

indicates that the domestic tariffs primarily affected the turnout among Republican voters but did

not lead to switching of parties. One possible explanation to this finding is that while voters

respond rationally to the economic consequences of a tariff policy, this response can be muted by

party ideologies. Under columns (6) and (7), I report the estimated effects on the vote differences

between the two major parties and on turnout. The point estimates reflect the earlier findings by

construction. However, the estimates are not statistically significant here.

Turning to the estimates on export tariff shocks, I do not find any statistically or economically

significant effects on the retaliatory tariffs with any of the specifications. This absence of electoral

responses to the retaliatory tariffs points to three possible explanations. As Fajgelbaum et al.

18See the Theoretical Appendix for a more detailed outlining of a theoretical framework.
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(2020a) find, the nearly complete pass-through of the retaliatory tariffs point to their limited effects

on the U.S. economy. Hence, the voters may not have respond to the retaliatory tariffs because

their economic impacts at this point in time were limited. Another explanation is that the relevant

mechanism for rational voting in this setting is a selection model in which voters try to select

the most competent politician. Because foreign trade policies do not reveal information about

domestic politicians while domestic trade policies do, the voting behaviors could have reflected

this difference. Lastly, as Fajgelbaum et al. (2020a) and Fetzer and Schwarz (2019) show, the

retaliatory tariffs mainly landed on Republican bases, where voters are more likely to be infra-

marginal. Therefore, the economic impacts in these regions may not have been large enough to

translate into changes in voting behaviors. In this paper, I am unable to make a conclusive statement

on which of these explanations is most relevant, and leave this work for future research.

Comparing the IV and the OLS estimates for each column suggests a consistent pattern of OLS

biases. The OLS biases for the import tariffs are toward zero while the OLS bias for the export

tariff is positive. The biases for the import tariffs are consistent with the earlier hypothesis that

they were aimed at electorally competitive regions. On the other hand, the bias for the export tariff

is also consistent with the hypothesis that the retaliatory tariffs were politically targeted at regions

with high Republican support.

2.5.2 Checking for Pre-Trends

A typical concern with differences-in-difference (DID) identification strategies is the existence

of pre-trends in the outcome variable, which get picked up in the estimated treatment effects.

In order to check for the existence of pre-trends, I estimate an alternative specification, which

estimates the effects of the tariff shocks for every election year in the sample. The regression

79



specification with lead effects is specified as follows.

𝑌𝑐𝑡 =
2018∑
𝑦=2012

𝛽𝑂𝑇𝑦 · (𝑂𝑇𝑐 × 1{𝑡 = 𝑦}) +
2018∑
𝑦=2012

𝛽𝐼𝑇𝑦 · (𝐼𝑇𝑐 × 1{𝑡 = 𝑦})

+
2018∑
𝑦=2012

𝛽𝑋𝑇𝑦 · (𝑋𝑇𝑐 × 1{𝑡 = 𝑦}) + 𝑋′
𝑐𝑡 · 𝛽 + 𝛼𝑐 + 𝛿𝑡 + 𝜖𝑐𝑡 , (2.10)

where the summation is over election years. The county traded employment share, the Republican

vote shares for the 2012 and 2016 Presidential elections, and the MFP payment rates are included

as controls after being interacted with dummy variables for each year. In the absence of pre-trends,

all coefficients on the tariff shocks (𝛽𝑂𝑇𝑦 , 𝛽𝐼𝑇𝑦 , and 𝛽𝑋𝑇𝑦 ) should come close to zero in the pre-trade

war periods (2012, 2014, and 2016) and their effects should show up only in the post-trade war

period in 2018. The estimated coefficients from the IV and OLS regressions with full controls are

depicted in Figure 2.4 with year 2012 as the omitted year for reference. The complete regression

results are reported in Table B.4.

One caveat here is that the first stage F-statistics are much lower at 8.04, which is below the

conventional threshold of 10. With this caveat noted, it is evident from both the coefficient plots

and the regression table (column (2)) that there are no statistically significant pre-trends that stand

out for the IV estimates. One worrying estimate may be that on the input tariffs in 2014, but the

estimate is statistically insignificant at the 5% level. Furthermore, the effects of the tariff shocks

all show up primarily in the post-treatment period in 2018. Another convincing evidence towards

the validity of the IV specification arises when we crosscheck the IV estimates against the OLS

estimates. We can see that the IV and OLS estimates differ most visibly in the post-treatment

period than in the pre-treatment periods. This pattern implies the OLS biases are primarily present

after the implementation of the trade policy but not before. Coupled with the absence of pre-trends

in the IV estimates, I argue that this observation reinforces the credibility of the IV strategy in

addressing the endogeneity of the implemented tariffs.
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Figure 2.4: Coefficient Plots of Lead Effects of County-level Tariff Shocks on Vote Counts
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Notes: 95% confidence intervals are plotted. The vertical dotted line separates the pre- and post-treatment periods in
the data. The outcome variable is Rep𝑐𝑡 , which denotes the percentage of the population who voted for a Republican
House candidate in county 𝑐 and election year 𝑡. The plotted IV and OLS coefficient estimates in all panels correspond
to those under columns (2) and (4) in Table B.4, respectively.
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2.5.3 Robustness Tests

In this section, I check the sensitivity of the estimates against various changes to the baseline

specification. The results are reported in Table 2.5, the first column of which reproduces the base-

line results (Table 2.4, column (4)) for convenience. I consider three groups of alternative speci-

fications. The first tests for the sensitivity of the IV estimates when the import and export tariffs

are separately instrumented for. The second tests for the inclusion of region-by-year fixed effects

that absorb time varying heterogeneity at various geographical units. I consider four geographical

units: 4 census regions, 9 census divisions, states, and congressional districts. When including the

congressional district-by-year fixed effects, I drop counties that belong to multiple congressional

districts. The third drops states that had changes to their congressional district boundaries from the

sample or drops counties that had elections without candidates from both major parties.

Under the second and the third column, I report the IV estimates for the import and export

tariffs when they are separately instrumented. They show little changes from the baseline specifi-

cation, which is not surprising given the relatively low correlation between the import and export

tariffs reported earlier. The first stage F-statistic for the import tariffs are about the same as in the

baseline but that for the export tariffs is now much higher. Note that running the output and input

tariffs separately will suffer from omitted variable bias because the correlation between the two

tariffs is very high.

The next four columns of the table explore the sensitivity of the IV estimate to the inclusion

of region-by-year fixed effects. For columns (4), (5), and (6), the qualitative results remain the

same. However, the point estimates on the input tariffs are no longer statistically significant at

conventional levels. It appears that there is too little regional variation left once variations at

the region-by-year level are absorbed, affecting the precision of the estimates. The first stage F-

statistics are also lowered. With the inclusion of Congressional District by year fixed effects in

column (7), the estimate on the input tariffs is the one that retains statistical significance although

we should note that the sample is slightly different here. However, county-level differences in

local industry employment structure are likely too limited within the geographical boundaries of

82



Table 2.5: Robustness Tests

Baseline Separate IVs Region × Year FE Election Issues

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡

𝑂𝑇𝑐 × 1{2018}𝑡 9.073∗∗ 8.923∗∗ 7.718∗∗ 7.225∗∗ 5.883∗∗ 1.842∗ 9.911∗∗ 7.742∗

(4.153) (4.047) (3.449) (3.178) (2.616) (0.992) (3.915) (4.102)

𝐼𝑇𝑐 × 1{2018}𝑡 -9.925∗∗ -9.940∗∗ -6.068∗ -4.343 -5.213 -4.215∗∗∗ -10.16∗∗ -8.950∗∗

(3.923) (3.930) (3.491) (3.362) (3.522) (1.501) (4.015) (4.316)

𝑋𝑇𝑐 × 1{2018}𝑡 0.951 2.398 0.510 0.364 0.0243 -0.560 -1.129 3.970
(4.187) (5.378) (4.005) (3.637) (3.379) (0.866) (4.061) (5.019)

Trd Emp Share𝑐 × 1{2018}𝑡 0.366 0.675 -0.328 -1.599 -2.332 -1.744 1.276 -0.396 0.188
(2.704) (2.027) (2.038) (3.095) (3.012) (2.675) (1.036) (2.436) (2.927)

Contested Election Share𝑐𝑡 1.345 1.346 1.373 1.444 1.363 1.164 0.847
(1.028) (1.030) (1.038) (1.062) (1.065) (1.154) (1.106)

Rep Prs Vote Share𝑐,2012 × 1{2018}𝑡 -5.341 -5.341 -4.823 -7.558∗ -9.570∗∗ -18.26∗∗∗ -16.41∗∗∗ -5.243∗ -5.669
(3.362) (3.360) (3.327) (4.077) (4.253) (2.294) (1.496) (3.047) (4.052)

Rep Prs Vote Share𝑐,2016 × 1{2018}𝑡 4.337 4.321 3.688 6.968∗ 8.758∗∗ 16.66∗∗∗ 16.28∗∗∗ 4.691 4.925
(3.066) (3.070) (3.081) (3.581) (3.738) (2.075) (1.340) (2.893) (3.574)

MFP ($100/acre)𝑐 × 1{2018}𝑡 -0.582 -0.579 -0.662 -0.281 -0.240 -0.397 -0.157 -0.709 -0.275
(0.517) (0.513) (0.548) (0.456) (0.460) (0.362) (0.212) (0.529) (0.491)

Pop. Share: Male𝑐𝑡 -50.57∗∗ -50.49∗∗ -46.67∗ -61.63∗∗∗ -64.97∗∗∗ -27.53 -9.051 -57.14∗∗ -51.70∗

(24.18) (24.26) (24.98) (20.79) (22.52) (23.71) (8.917) (28.22) (29.81)

Pop. Share: White𝑐𝑡 60.08∗∗ 59.96∗∗ 56.75∗∗ 54.74∗∗ 51.68∗∗ 45.99∗∗ 50.88∗∗∗ 52.25∗∗ 63.51∗∗

(24.93) (24.86) (26.26) (26.70) (25.08) (19.14) (14.37) (25.62) (26.18)

Pop. Share: Black𝑐𝑡 21.24 20.97 17.59 15.16 11.91 4.310 1.375 8.706 28.88
(29.28) (29.25) (30.56) (32.31) (32.03) (27.36) (17.06) (30.34) (34.04)

Pop. Share: Hispanic𝑐𝑡 -4.350 -4.219 -3.120 -1.089 0.337 -11.39 -14.93 -7.917 -13.01
(18.33) (18.10) (18.63) (17.50) (17.31) (15.49) (9.294) (23.44) (18.00)

Pop. Share: Working Age (15-64)𝑐𝑡 10.07 10.08 14.28 13.76 18.64 -2.234 -6.163 23.72 14.18
(20.56) (20.55) (21.43) (21.90) (22.31) (18.37) (7.768) (24.47) (23.75)

Pop. Share: Over Age 64𝑐𝑡 9.255 9.376 15.52 12.22 16.01 31.82 22.90∗∗ 1.227 6.552
(25.15) (25.20) (24.59) (23.98) (23.04) (20.16) (9.986) (30.85) (23.53)

ln(Median Household Income𝑐𝑡) 2.298 2.289 2.268 2.427 3.137 0.565 0.486 0.655 0.101
(2.389) (2.393) (2.391) (2.291) (2.427) (1.963) (0.665) (2.597) (2.604)

Pop. Share: Bachelor’s or Higher𝑐𝑡 -29.06∗∗∗ -29.07∗∗∗ -28.28∗∗∗ -27.62∗∗∗ -27.04∗∗∗ -22.97∗∗∗ -4.894∗∗ -24.12∗∗∗ -35.86∗∗∗

(7.070) (7.101) (7.024) (5.873) (6.203) (5.720) (2.381) (8.407) (6.247)

Region C-Region C-Division State CD
KP F-Statistic 23.15 22.40 351.0 18.82 18.90 15.64 9.516 17.41 9.497
N (Counties) 3107 3107 3107 3107 3107 3107 2695 2589 2246
N 12420 12420 12420 12420 12420 12420 10574 10349 8977
R2 0.0298 0.0299 0.0309 0.0341 0.0360 0.0563 0.0926 0.0218 0.0252

Notes: Rep𝑐𝑡 denotes the percentage of the population who voted for a Republican House candidate in county 𝑐 and
election year 𝑡. C-Region, C-Division, and CD refers to Census regions, Census divisions, and Congressional Dis-
tricts, respectively. Heteroskedasticity robust standard errors clustered at the state level in parentheses. All regression
specifications include county and year fixed effects. The first-stage Kleibergen and Paap (2006) F-statistic is reported
as KP F-Statistic.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01
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congressional districts.

In column (8), I drop states that saw changes to the congressional district boundaries as these

changes can affect voting patterns in ways that are difficult to capture with a linear regression. For

the 115th Congressional District (relevant for the election in 2016), these states include: Florida,

Minnesota, North Carolina, and Virginia. For the 116th Congressional District (relevant for the

election in 2018), these states include Colorado and Pennsylvania. There were no changes for the

114th Congressional District. There are no visible changes to the results. In column (9), I drop

counties that held elections without candidates from both major parties during any election year

in the sample instead of controlling for the share of contested elections. The point estimates only

show small changes although the coefficient for the output tariff shock is statistically significant

only at the 10% level. However, I note that the first stage F-statistic is much lower here at 9.50 and

the estimates should be read with caution.

In the Empirical Appendix, I further consider industry-level regressions that are equivalent

to the county-level regression in (2.5) as shown by Borusyak et al. (2018). These alternative

specifications can allow the errors to be correlated within industries, which Adao et al. (2019) point

out can be important for an accurate inference with shift-share instruments. The reason is that the

regression errors can be correlated across regions with similar industry structures regardless of

their spatial proximity such that clustering errors at geographic units do not adequately address the

issue. Moreover, I also test the sensitivity of the IV estimates to the exclusion of top 20 industry-

level tariff shocks. To summarize briefly, the findings largely echo the patterns in the robustness

exercise in columns (4) to (7). The qualitative results remain the same, but the estimates on the

output tariffs tend to be more precisely estimated relative to those on the input tariffs.

2.6 Conclusion

In this article, I find evidence for rational voting behaviors that reward and punish the incum-

bent’s trade policy in accordance with its economic impacts. Counties with greater exposure to the

output tariff shocks increased their political support for the incumbent policy maker’s party while
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counties with greater exposure to the input tariff shocks decreased their support by a slightly larger

magnitude. I document an economically insignificant median net effect. There are no compara-

ble effect on the votes for Democratic candidates, which indicates that the domestic tariffs largely

impacted the turnout among Republican supporters without leading to switching of parties. This

finding suggests that rational voting responses can be muted by party ideologies.

Contrary to the effects of the import tariffs, there were no voter responses to the retaliatory

tariffs. I offer three possible explanations to this finding: the nearly complete pass-through of the

retaliatory tariffs, a rational voting mechanism on selection, and the existence of infra-marginal

voters. In this paper, I am unable to make a conclusion on which one of these explanations is more

relevant in this setting, and leave it for future research.

It is also important to recognize the limitations of the research design. The nature of the iden-

tification presented in this paper is difference-in-differences, which fundamentally asks whether

counties that were more exposed to the tariff shocks displayed differential electoral responses rel-

ative to others. As a consequence, the findings of this paper do not speak to any potential general

equilibrium effects of the trade war, which affect the nation as a whole. Importantly, this means the

results in this paper do not offer inference on the counterfactual election outcomes in the absence

of the trade war. For this reason, I did not pursue this line of exercise here.
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Chapter 3: Trade Protection, Stock-Market Returns, and Welfare

3.1 Introduction

1Trade models differ sharply in their predictions about the gains from trade. Canonical static

models typically generate small effects of trade protection on welfare.2 By contrast, dynamic mod-

els often stress the existence of productivity spillovers across firms that are not internalized, which

implies that protection can have large future effects on productivity and welfare (c.f., Atkeson and

Burstein (2010), Buera and Oberfield (2020), Perla et al. (2021), and Sampson (2016)). Testing

which approach is more realistic is difficult because dynamic effects may take years to materialize,

and it is hard to know whether any observed shift in productivity over a long time period is due to

the change in protection or some other policy change. More generally, trade policies can lead to a

wide range of direct and indirect effects on an economy, making it difficult to capture all relevant

factors in a single model.

To overcome these issues, we develop a method that quantifies the expected impact of a trade

policy on welfare using the reaction of financial markets on policy announcement days. Financial

data is particularly well suited to quantify the impact of a policy change because financial markets

are forward-looking and react quickly to new information. However, trade economists have largely

ignored financial market data when studying the welfare impact of trade policies because of the

lack of a rigorous mapping from asset prices into welfare. Our analysis fills this gap. The use of

financial data enables us to relax many common assumptions used in modeling policy analysis.

Relative to canonical trade models, we make no assumptions about how and when prices and

wages adjust to tariffs or whether tariffs cause productivity or macro variables like exchange rates

1A NBER working paper version of this chapter is available (Amiti et al. 2021).
2In small open-economy models, this happens because free-trade equilibrium is efficient, so trade protections only

have second-order effects on welfare. In large-country economy models, this happens because imports only constitute
a small fraction of GDP, so terms of trade effects hardly matter for national income.
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to change. Instead, we show that knowing a policy’s impact on the present discounted value of

firms’ cash flows—a variable that can be estimated from financial data—encapsulates the first-

order welfare effect of the policy.

We apply this framework to understanding the implications of the U.S.-China trade war on U.S.

welfare. We focus on the first announcements of tariffs that were actually implemented as opposed

to other types of announcements (e.g., tweets) that were not clearly linked to a concrete action.

In order to identify the tariff-announcement dates, we search for the first mention in the media of

each tariff wave implemented by the U.S. or China during the 2018-2019 trade war. We document

three stylized facts about the trade war that we use to motivate our theory and empirical analysis.

First, we find that tariff announcements produced large, broad, and persistent stock-price de-

clines. The cumulative drop in the market on the eleven event dates was 11.5 percent, which

amounts to a 4.1 trillion dollar loss in firm equity value. The data show these drops were broad,

with the full distribution of firm returns shifting downward. Moreover, the drop in market value

happened consistently with each new tariff announcement, which implies that markets were not

just reacting to a sudden realization that U.S. policies were changing at the onset of the trade war.

Indeed, the two biggest drops in the market occurred in 2019—over a year after the trade war

began. Furthermore, we find markets hardly responded to non-tariff executive actions and orders,

which suggests that mere “saber rattling” did not affect equity valuations.

Second, we turn to the cross-section. We show that firms that were directly exposed to China

through sales or imports had relatively worse stock returns. This result is consistent with Huang

et al. (2023) who examine abnormal returns on two of the eleven tariff-announcement days. Ac-

cording to modern financial theory, a policy can only have a large impact on stock returns if it has

a large and persistent effect on firm cash flows or on firm discount rates. We document that both of

these channels were active. We show that firms with worse stock returns on tariff-announcement

days had worse future real outcomes, with significantly lower future profits (i.e., cash flow), em-

ployment, sales, and labor productivity.

Third, we examine the effect of tariff announcements on discount rates. We find these policies
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created a “flight to safety” on announcement days: nominal and real yields dropped while prox-

ies for the equity premium (constructed from the option market) spiked. These novel empirical

findings motivate us to develop a theory that allows tariff announcements to jointly impact firm

discount rates and firm cash flows.

We then develop a model that maps these financial market reactions and the effect of the tariff

announcements into aggregate welfare. We first specify a general-equilibrium production structure

that can be integrated into an asset-pricing model. We show how to adapt Jones (1975)’s industry

specific factors model into a firm-level specific factors model to describe the production side of

the economy. In this setup, payments to firm-specific factors equal firm cash flows (i.e., revenues

less variable costs). A key difference is that the Jones model maps price changes into output,

employment, and factor prices, whereas we invert this logic to show how knowledge of returns

to the specific factor can be used to identify the other variables Jones considers. This difference

is important because it avoids having to model how tariffs affect all prices and firm productivity

in the economy and instead only requires knowledge of how the tariffs affect the returns to the

specific factor. The insight enables us to derive analytical solutions for how movements in expected

firm cash flows map into movements in the expected firm-level effective rate of protection (ERP),

productivity, wages, and employment.

We then integrate the production structure of the specific factors model into a model of the dy-

namic welfare impacts of the policy. We do this by embedding our inverted specific factors model

into an infinite-horizon economy that grows at a constant rate. We refer to this balanced growth

path as the “baseline” equilibrium and treat a policy shock as shifts to input and output prices and

productivity in each future period away from the baseline. Since we can express wages in each

period as a function of firm cash flows, we can also write consumption in each period as a function

of firm cash flows and tariff revenues. We then show that the changes in the present discounted

value (PDV) of consumption, i.e., welfare changes, can be written as the PDV of expected cash

flow and tariff revenue changes.

The final step in identifying the impact of the trade war on welfare is to use stock market data
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to obtain an estimate of the impact of tariffs on the PDV of cash flows for the whole economy.

Following Campbell and Shiller (1988), we show that we can write the present discounted value of

cash flows as the difference between the policy-induced change in firm valuations and the change

in expected discount rates. The change in firm valuations can be estimated from stock-price move-

ments arising from a tariff announcement, and the movement in discount rates can be measured

using the vector-autoregression (VAR) methodology of Campbell and Vuolteenaho (2004). With

our estimates of firm cash flows in hand, we use the structure of the specific factors model to

identify the welfare impact. We estimate that the impact of the tariffs on cash flows drove welfare

down by 3.6 percent. After adjusting for the upper bound of revenues generated by the tariffs, we

estimate a welfare loss of 3.0 percent.

We use the structure of our model to understand why market participants reacted as if they

believed the tariffs would have much larger effects on the economy than conventional static eco-

nomic models suggest. We explain this phenomenon by decomposing the cash-flow effect of tariff

announcements on welfare into the sum of three terms: a static price effect, a dynamic price effect,

and a productivity effect. The static price effect captures what is typically used in static trade mod-

els to estimate the impact of tariffs on welfare, i.e., tariffs lead to a one-time (permanent) change

in prices that will persist in all future periods. The dynamic price effect captures how the tariff

will affect welfare by altering expected growth in future prices either through the propagation of

tariffs through the economy or by inducing future tariff policy changes. Finally, the productivity

effect captures how markets expect tariffs to affect productivity — this effect is typically absent in

conventional trade models but central in dynamic models. In our setup, the price and productivity

effects can arise either because tariffs lead to lower effective rates of protection, lower productivity,

or increased volatility in these variables.

Turning to measurement, the static price effect is estimated by first mapping changes in tar-

iffs into changes in the effective rate of protection using standard procedures, and then using the

specific factors model to map these price changes into welfare changes. We find that this effect is

small and quite similar in magnitude to those found in existing papers, which establishes that our
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particular modeling choices do not qualitatively affect our results. In other words, if one assumes

no dynamic effects of tariffs on prices and productivity, our framework delivers similar results

to those in existing frameworks. This suggests that the large effects we find must arise because

markets believe that tariffs have important effects on the expected future realizations of prices and

productivity. We argue that one can identify a lower bound of the dynamic price effects by as-

suming that markets expect tariffs to jump to a worst-case scenario (60 percent tariffs on China

and 20 percent tariffs on other countries). We find this very negative potential outcome still cannot

fully explain the -3.6 percent cash-flow effect, which implies that markets expected tariffs to lower

U.S. productivity by at least 1.1 percentage points. Hence, our results suggest that a major reason

markets think tariffs matter is that they are expected to affect future firm productivity as dynamic

models assume.

Related Literature Our work is closely linked to the literature on stock-market event studies

related to trade policy announcements (Hartigan et al. (1986), Grossman and Levinsohn (1989),

Breinlich (2014), Fisman et al. (2014), Moser and Rose (2014), Breinlich et al. (2018), Crowley

et al. (2019), Huang et al. (2023), and Greenland et al. (2024)). We differ in the use of a general

equilibrium model to interpret the data.

The specific factors model, which forms the basis of our approach, has also been used exten-

sively in empirical estimation (c.f., Topalova (2010b), Kovak (2013), and Dix-Carneiro and Kovak

(2017)). These papers have shown that many of the large effects of trade policy changes on wages

often take a decade or more to be fully apparent in the data. Our paper provides a complementary

way of thinking about the long-term effects of a policy change in terms of expected wages. In par-

ticular, most papers in this literature only look at the impact of output tariffs, so tariffs are assumed

to always raise the effective rate of protection. However, in our setup, tariffs can affect input prices

as well, so the imposition of tariffs can either raise the effective rate of protection by increasing

firm output prices or lower it by raising the cost of the firm’s imported intermediate inputs.

Our paper is related to the vast empirical trade literature over the last two decades showing that
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trade liberalizations have big effects on per capita income and productivity. These studies have

shown that firm-level TFP is very sensitive to ERP and import competition more generally.3 We

also identify large impacts of trade policy on TFP, but our identification is based on using stock-

price data filtered through a general equilibrium model. Our work is also related to the macro

literature evaluating the impact of trade on income that has found evidence of large impacts of

trade on productivity, income, and growth (c.f., Frankel and Romer (1999), Alcalá and Ciccone

(2004), Feyrer (2019), Wacziarg and Welch (2008), and Waugh (2019b)). Although our work

also finds large impacts of trade on productivity and welfare, an important difference between

our work and the macro literature is that we build these estimates up from firm-level data on

stock prices and use a general equilibrium setup to obtain our estimates. We also contribute to

the burgeoning literature on understanding the importance of protection for the economy through

macro or policy uncertainty channels (Baker et al. (2016); Pierce and Schott (2016b), Handley and

Limão (2017), and Caldara et al. (2019); Greenland et al. (2024)) as increased uncertainty is one

potential explanation for our larger welfare effect, through either the dynamic price effect or the

productivity effect.

We also build off the literature documenting the impact of the trade war on firm prices (c.f.,

Amiti et al. (2020); Fajgelbaum et al. (2020b), Flaaen et al. (2020), and Amiti et al. (2019b); Cav-

allo et al. (2021)). These papers have found that during the U.S.-China trade war, tariff passthrough

into import prices was close to complete, consistent with our finding that higher U.S. tariffs nega-

tively affected importers.

Finally, our paper is related to the financial literature on decomposing asset prices into cash-

flow and discount-rate effects (e.g., Campbell and Shiller (1988), Campbell and Vuolteenaho

(2004), Greenwald et al. (2023), and Atkeson et al. (2024)). Relative to this literature, our method-

ological contribution is twofold. First, we demonstrate how to integrate the high-frequency reaction

of asset prices to announcements with a VAR approach to derive the implied effect of a policy to

3For example, Amiti and Konings (2007c) estimate the elasticity of firm-level TFP with respect to input tariffs to
be -1.2 in Indonesia for firms that import their inputs. There were also gains to non-importers, but these were smaller,
so the average elasticity across all firms was -0.44. Topalova and Khandelwal (2011b) estimate the elasticity to be -0.5
in Indian data, and Brandt et al. (2017) and Brandt et al. (2019) estimate the elasticity to be -2.3 in Chinese data.
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cash flows and discount rates. Second, we use a specific factor model to go from stock-market cash

flows to welfare.

3.2 Stylized Facts

This section documents three stylized facts about the tariff announcements that motivate our

theory and welfare analysis. First, we examine the impact of the announcements on stock prices

to demonstrate that the tariff announcements consistently produced large, broad, and persistent

stock-price declines. Second, we show that firms directly exposed to China through importing,

exporting, or multinational sales had more negative returns on tariff-announcement days and worse

real outcomes going forward. These results establish that firm cash flows were likely affected by

the trade war. Third, we show that tariff announcements affected discount rates by driving down

nominal and real treasury yields while raising proxies for the equity premium obtained from option

prices.

3.2.1 The Tariff Announcements

Over the course of the trade war, the U.S. implemented tariffs in waves. The average rate of

tariffs on all U.S. imports rose by approximately 4 percentage points as tariffs on a wide range of

Chinese imports reached 25 percent by the end of the period. For each of these new tariffs, we

found the earliest announcement date in the media using Factiva and Google search. In addition,

we also used the same method to identify the earliest announcement dates for each time that China

imposed retaliatory tariffs on U.S. exports. Events were chosen based on the announcement of

new waves of tariffs that were implemented, not just threats or revisions to existing waves. Our

approach to choosing event dates has the advantage of being comprehensive and objective in the

sense that we do not use events based on actions or statements that do not correspond to observable

changes in tariffs.
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3.2.2 Stylized Fact 1: Tariff Announcements Produced Large, Broad, and Persistent Stock-Price

Declines

Table 3.1: Stock Market Return on Days with Tariff Announcements

Event Date ln 𝑅𝑀,𝑡 Country Description
(x100)

23jan2018 0.3 US U.S. imposes tariffs on solar panels and washing machines
01mar2018 -1.1 US U.S. imposes steel and aluminum tariffs
22mar2018 -2.4 US U.S. imposes $60B in annual tariffs on China
23mar2018 -1.9 CHN China retaliates and announces tariffs on 128 U.S. exports
15jun2018 -0.2 CHN China announces retaliation against U.S. tariffs on $50B of imports
19jun2018 -0.4 US U.S. announces imposition of tariffs on $200B of Chinese goods
02aug2018 0.5 CHN China unveils retaliatory tariffs on $60B of US Goods
06may2019 -0.4 US U.S. to raise tariffs on $200B of Chinese goods up to 25%
13may2019 -2.5 CHN China to raise tariffs on $60B of U.S. goods starting June 1
01aug2019 -0.9 US U.S. imposes a 10% tariff on another $300B of Chinese goods
23aug2019 -2.5 CHN China retaliates with higher tariffs on soy and autos
Cumulative -11.5

Note: 𝑅𝑀,𝑡 is the return that an investor would receive from holding the market portfolio (i.e., the net return) plus one.
The first and last columns report the date and description of each tariff announcement. The second column reports
the (log) stock-market return on each announcement day. The third column lists the country that imposed the tariffs
associated with each event. The stock-market return is the value-weighted market portfolio return from CRSP.

Table 3.1 presents the eleven tariff-announcement dates, comprising six U.S. tariff and five

Chinese tariff-retaliation events. The first column reports the first day markets could trade on new

tariff information, which may be after the announcement if it was made after markets closed. Our

first event (January 23, 2018) corresponds to the announcement of U.S. tariffs on solar panels and

washing machines that were implemented on February 7, 2018 on China and, in this case, more

broadly on other countries too. The second event date (March 1, 2018) is the announcement of

steel and aluminum tariffs, also more broadly applied, which were imposed on March 23, 2018.

All of the subsequent U.S. tariff events only apply to China. At the start of the trade war, the U.S.

announced new tariffs on China so rapidly that China sometimes did not have time to retaliate

before the next round of tariffs was announced. On March 22, 2018, the U.S. announced tariffs

on $60 billion of Chinese imports (later reduced to $50 billion). The U.S. implemented the steel

and aluminum tariffs on March 23, 2018, prompting China to announce retaliatory tariffs that day.

China then retaliated on June 15, 2018, by hitting $50 billion of U.S. exports to China. After
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these initial announcements, a pattern developed in which the U.S. would announce new tariffs

and China would then retaliate. All eleven events are listed in Table 3.1 in date order, with more

details and links to the announcement of each event provided in Appendix C.3.1.

Stock markets reacted consistently to these tariff announcements. Table 3.1 reports the value-

weighted stock-market return from CRSP on each of the tariff-announcement dates. We see that

the stock market fell on all of the event dates except one U.S. event date and one Chinese event

date, with a total drop of 11.5 percent over all of the events.4 These consistent declines suggest

that markets did not fully anticipate future tariff announcements at the outset.

Figure 3.1 plots the cumulative stock-market return over a-ten-day window around the tariff-

announcements so that we can better understand the dynamics of the stock market surrounding

these announcements. The data reveal that in the four trading days before the events, stock-price

movements were quite small on average—there is little evidence of anything out of the ordinary

happening in the market before the announcements. However, as Table 3.1 showed, there were

large declines of over 10 percent on the announcement days. These falls were persistent, as the

market did not recover in the following five trading days.

One potential concern is that trade war announcements might be systematically correlated to

other announcements happening on the same day. While no monetary policy announcement occurs

on our event days, we also report the cumulative stock-market returns around tariff-announcements

after controlling for the set of macroeconomic release surprises compiled by Lewis (2020). As

shown in Figure 3.1, we find that controlling for these contemporaneous economic releases does

not change our estimates, implying that there is no systematic correlation between surprises from

economic data releases and tariff announcements.
4We chose a one-day window because tariffs are sometimes announced and then their scope and details are ex-

plained later in the day, which makes it difficult to identify the precise time of the announcement. Our choice of
a one-day window to analyze stock-market responses is also consistent with the existing work on high-frequency
identification in the monetary policy literature. For instance, while Nakamura and Steinsson (2018) use the intra-day
response of the yield curve to identify the surprise component of monetary policy shocks, they revert to a one-day
window to measure their effects on stock-market returns (see their Table V) because the stock market may under or
overreact to announcements in the very short term.
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Figure 3.1: The Dynamics of Stock-Market Returns around Tariff Announcements
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Note: This figure plots the cumulative log stock-market return starting the day before the announcement. Formally,
we estimate the following regression on all trading days between 2017 and 2019: ln 𝑅𝑀,𝑡 = 𝛼 + ∑5

𝑠=−4 𝛽𝑠𝐷𝑠,𝑡 + 𝜖𝑡 ,
where 𝐷𝑠,𝑡 = 1 if day 𝑡 is 𝑠 days after an announcement; 𝐷𝑠,𝑡 = 0 otherwise. We then plot the cumulative return of
the stock market from the eve of the announcement as 11

∑−1
𝑘=𝑠+1 𝛽𝑘 if 𝑠 < −1 and 11

∑𝑠
𝑘=0 𝛽𝑘 if 𝑠 > −1. The dashed

line reports the results of the same procedure controlling for economic surprises, i.e. ln R𝑀,𝑡 = 𝛼 + ∑5
𝑠=−4 𝛽𝑠𝐷𝑠,𝑡 +∑𝐷

𝑑=1 𝛾𝑑×𝐸𝑆𝑑,𝑡+𝜖𝑡 where 𝐸𝑆𝑑,𝑡 denotes the difference between the release value for a data series 𝑑 and the Bloomberg
median of economists’ forecast on the previous day between 2017 and 2019 created by Lewis (2020). Shaded areas
correspond to the 95 percent confidence interval computed using robust standard errors. The stock-market return is
the value-weighted market portfolio return from CRSP.
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Tariff Announcements Caused Large Declines in Stock Returns The stock-market move-

ments on tariff-announcement days were not only consistently negative and persistent but also

large in magnitude. We show this by comparing the average stock-price movement on tariff-

announcement days with the distribution of stock-market changes we would obtain if we had just

randomly picked 11 days between 2017 and 2019. In order to estimate this, we compute the dis-

tribution of log returns obtained by aggregating the daily log returns over 11 placebo event days,

repeating this procedure one thousand times. Figure 3.2 plots the actual change in returns on our

tariff-announcement days as a vertical line in red, compared to the density of changes in log return

in blue on placebo days. Out of all our draws, only 0.04 percent of them produced a change in log

returns lower than our estimate. Thus, we can strongly reject the hypothesis that the negative stock

returns on the tariff-announcement dates arose by chance.

Figure 3.2: Cumulative Stock-Market Returns on Days with Tariff Announcements versus Random
Days
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Note: The figure compares the cumulated log stock-market return over our 11 announcement days (in red) with the
density of cumulated log stock-market returns obtained over 11 random days between 2017 and 2019 (in blue), drawn
1,000 times. The stock-market return is the value-weighted market-portfolio return from CRSP.
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Non-Tariff Actions and Orders Against China Did Not Move Markets Much Our approach

to choosing event dates is objective in the sense that we only identify events that resulted in sub-

stantial increases in tariff as opposed to signaling of potentially worsening relations between the

U.S. and China. The difference between levying tariffs on China and mere “saber-rattling” is

clearly visible when we examine stock-price movements on days in 2017-2019 in which the U.S.

announced executive orders and actions targeting China that were unrelated to tariffs.5 We report

the stock returns for each of these dates in Table 3.2. We find that non-tariff actions did not have

much of an impact on stock markets. Instead, the negative stock-market returns we observe on

tariff-announcement days seem to be specifically related to the expected economic impacts of the

tariff announcements. The obvious explanation is that executive orders and actions have little more

than symbolic impacts on the U.S. economy as a whole and markets largely shrugged them off.

Table 3.2: Stock-Market Returns on Announcement Days of Executive Orders and Actions Target-
ing China

Event Date ln 𝑅𝑀,𝑡 Description
(x100)

17jul2017 0.0 Treasury sanctions Chinese companies for proliferation activities in support of
a key designated Iranian defense entity

20dec2017 -0.0 U.S. sanctions human rights abusers and corrupt actors
27apr2018 0.1 Treasury identifies Chinese trafficker as a Significant Foreign Narcotics Traf-

ficker
18sep2018 0.5 Department of Justice orders Xinhua and China Global Television Network to

register as foreign agents
25sep2019 0.6 Treasury sanctions six Chinese entities and five individuals for Iran sanctions

violations
07oct2019 -0.4 Commerce Department adds 28 organizations to its Entity List for human rights

violations in Xinjiang
08oct2019 -1.5 State Department issues visa restrictions on Chinese officials responsible for

human rights abuses in Xinjiang
Cumulative -0.7

Note: The first and last columns report the date and description of each event day. The second column reports the
log stock-market return on each announcement day. ln 𝑅𝑀,𝑡 is the log of one plus the proportional change of the
stock-market return, defined as the value-weighted market portfolio return from CRSP.

Tariff Announcements Caused Broad Declines in Stock Returns Interestingly, we find that

these aggregate stock-market declines were the result of broad-based declines in the market. Figure

5See https://www.uscc.gov/research/timeline-executive-actions-china-2017-2021
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3.3 compares the density of firm-level returns during announcement days with all the other days

during our sample period. We focus on the set of firms in the Compustat-CRSP linked dataset and

incorporated in the U.S. The data reveal that the distribution of stock returns is shifted to the left

on tariff-announcement days and that there is a left tail of firms that were disproportionately hurt

by the announcements.

Figure 3.3: Effect of Tariff Announcements on the Cross-Section of Firm-level Returns
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Note: The figure compares the average density of firm-level returns on announcement days (in red) and non-
announcement days (in blue). We first residualize firm-level returns with respect to a set of day fixed effects (while
still leaving a dummy corresponding to announcement days). We then plot the density of residuals on announcement
days and non-announcement days.

3.2.3 Stylized Fact 2: Tariff Announcements Differentially Affected “Exposed” Firms

We now turn to the cross-sectional effect of tariff announcements. More precisely, we inves-

tigate whether firms with significant direct China exposure experienced more pronounced neg-

ative stock-market returns than firms that were not exposed. We consider three ways in which

firms were exposed to China: importing, exporting, and foreign sales (either through exporting or

subsidiaries). As Table 3.3 shows, it is important to capture indirect imports that are ultimately

purchased by U.S. firms because many firms do not import directly from China but instead obtain
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Chinese inputs through their subsidiaries or the U.S. subsidiaries of foreign firms. These data show

that the supply-chain information is critical in understanding firms’ exposure to international trade.

From Table 3.3, we see that only 10 percent of the firms in our sample import directly from China,

and only 2 percent export directly to China. However, if we take subsidiaries into account, these

numbers rise to 25 and 4 percent, respectively. When we add imports by all firms in the supply

chain, we find that 31 percent of all listed firms in the U.S. import directly or indirectly from China.

In the last row of the table, we construct a variable, “Firm Exposed to China” if any firm in the

firm’s network exported to or imported from China or if the firm had positive revenues from China

(possibly from affiliate sales). Our results show that 52 percent of all firms were exposed to China

through one or more of these channels.

Table 3.3: China Trade Exposure of Listed U.S. Firms

Mean

Firm imports from China 0.10
Firm or subsidiary imports from China 0.25
Firm, subsidiary, or supplier imports from China 0.31
Firm exports to China 0.02
Firm or subsidiary exports to China 0.04
Firm sells in China via exports or affiliates 0.42
Average share of revenue from Chinese exports or affiliate sales 0.03
Firm exposed to China through imports, exports, or affiliate sales 0.52
Number of Firms: 2,437

Note: This table reports the means of indicator variables that are 1 if a firm satisfies the listed criterion, as well as the
mean of the continuous Chinese revenue share variable. See Appendix C.3.3 for the construction of these variables.
This sample of firms excludes the finance sector.

In Figure 3.4, we plot the kernel densities of the cumulative returns of the firms directly exposed

to China “exposed” vs those firms that were not directly exposed “unexposed.” There are three

important takeaways from this figure. First, exposed and unexposed firm returns were on average

negative on event days. Thus, the overall negative shift in the return distribution that we saw in

Figure 3.3 was not just driven by exposed firms having lower returns—the distribution of returns

for unexposed firms also shifted to the left. Second, the distribution of stock-market returns for

exposed firms during the U.S. tariff-announcement events is to the left of the unexposed firms.

Third, both Chinese and U.S. tariff announcements produced lower returns overall and even lower
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returns for exposed firms. This result, which is also present if one does a traditional stock-market

event study (see, for example, Huang et al. (2023)), establishes that tariff announcements not

only drove down the full distribution of firm returns, but they differentially lowered the returns of

exposed firms.

Figure 3.4: Dispersion in Returns (One-Day Windows)
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Note: This figure plots the kernel densities of cumulative abnormal returns of firms exposed to China (light red) and
unexposed (light blue) during one-day windows around tariff announcements. Exposed firms are firms that export to,
import from, or have positive revenues in China.

Firms with Worse Stock-Market Returns Had Worse Future Real Outcomes We follow the

approach of Greenland et al. (2024) to see if firms that experienced worse stock-market returns on

tariff-announcement dates also experienced worse future real outcomes. Greenland et al. (2024)’s

pioneering work on the granting of permanent normal trade relations to China in 2000 demonstrates

an important link between stock-price movements and future movements in cash flow. Using data

for the period 2013 to 2021, we regress firm employment, sales, profits, and labor productivity on

the average of firm returns around tariff-announcement dates, interacted with a post dummy that

takes a value of one for the years 2019, 2020, and 2021.

Table 3.4 reports the results for the U.S.-China trade war. The data reveal that firms that had

particularly poor returns around tariff-announcement days had significantly lower future profits,

employment, sales, and labor productivity. Moreover, the magnitudes are quite substantial. A
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firm whose average return around tariff-announcement days was one standard deviation lower (-

0.56 percent) had average profits, employment, sales, and labor productivity that were 12.9, 3.9,

6.7, and 2.2 percent lower, respectively, between 2019 and 2021 than before the trade war began.

Moreover, the fall in labor productivity in addition to the fall in firm sales and profitability echoes

micro studies that find a strong link between tariffs and within-firm productivity. The empirical

link between stock returns and future movements in economic variables motivates our building of

a mapping between stock return and cash flow, which forms the basis of our identification strategy.

Table 3.4: Relationship between Changes in Returns and Future Observables

(1) (2) (3) (4)
ln(Profit 𝑓 𝑡) ln(L 𝑓 𝑡) ln(Sales 𝑓 𝑡) ln(Sales/L) 𝑓 𝑡

Post × ln R 𝑓 0.23∗∗∗ 0.07∗∗∗ 0.12∗∗∗ 0.04∗∗

(0.04) (0.01) (0.02) (0.02)
Firm FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓
𝑅2 0.915 0.976 0.962 0.873
Observations 11940 17032 16760 16736

Note: Data is at the firm-annual level for the period 2013 to 2021, from Compustat and CRSP. Profit is defined
as operating income after depreciation less interest and related expenses. ln 𝑅 𝑓 is the log of one plus the average
return on 5 days surrounding the tariff-announcement dates across all event dates in 2017-2019. In this table, ln 𝑅 𝑓
is then multiplied by 100. The Post dummy takes a value of one in 2019, 2020, and 2021. All columns include
the following control variables at the start of the sample (i.e. 2013) interacted with the Post dummy as covariates:
Property, Plant, and Equipment (PPE) per worker, market capitalization, cash-flow-to-asset ratio, book leverage, and
Tobin’s Q. Appendix Table C.9 reports the coefficients on the control variables and Appendix C.3.2 provides details
on variable construction. Standard errors are in parenthesis. ∗∗∗𝑝 < 0.01,∗∗ 𝑝 < 0.05,∗ 𝑝 < 0.1.

3.2.4 Stylized Fact 3: Tariff Announcements Moved Interest Rates and Equity Premia

As we discuss later in Section 3.4, separating discount-rate movements from stock returns is

necessary to identify the impact of a policy on expected cash flows. While we will formally model

the determinants of firm-level discount rates in Section 3.4.3, in this section, we document that two

aggregate determinants of firm-level discount rates—risk-free interest rates and equity premia—

moved systematically with tariff announcements.

We first estimate the effect of announcements on the nominal yield curve. We measure the

daily (annualized) yield to maturity on 3-month, 6-month, and 12-month T-bills from the Federal
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Reserve Economic Data (FRED) and the yield to maturity of 1- to 20-year treasuries from Gürkay-

nak et al. (2007). Figure 3.5 shows the cumulative daily changes in these yields across all trade-war

announcements. As in the previous section, all of these specifications control for surprises in con-

temporaneous macroeconomic releases. We find that tariff announcements are associated with

decreased nominal rates at all maturities. The effect is U-shaped with respect to maturity: interest

rates declined by approximately 20 basis points (bps) for 3-month maturities, 60bps for 4-year

maturities, and 40bps for 20-year maturities. The finding that announcements affect yields at very

long maturities is reminiscent of Hanson and Stein (2015), who find that monetary policy shocks

impact the yield-to-maturity of long-term bonds.

Figure 3.5: Cumulative Effect of Tariff Announcements on Discount Rates
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Note: Each figure reports the cumulated daily change of variables over all days with a tariff announcement, after
controlling for surprises in macroeconomic releases. The first subfigure reports the change in the nominal and real yield
curves, using data from FRED (for nominal yields at the 3-month, 6-month, and 12-month maturity) and Gürkaynak
et al. (2007) (for nominal and real yields at longer maturity). The second subfigure reports the change in the equity-
premium bound, constructed using the methodology of Martin (2017) on data from OptionMetrics. Shaded areas
correspond to the 95% confidence interval computed using robust standard errors.

Changes in nominal yields could reflect a change in real yields or a change in expected inflation

(or the inflation-risk premium). To isolate the first component, we also plot in the left panel of

Figure 3.5 (in red) the effect of tariff announcements on the real yield curve, that is, the yield to

maturity of Treasury Inflation-Protected Securities (TIPS), as reported in Gürkaynak et al. (2007).

We find that tariff announcements decreased real rates for all maturities, although less so than
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for nominal rates. The difference suggests that the tariff announcements had a negative effect on

expected inflation (or on the inflation-risk premium).

Finally, we examine the effect of announcements on (proxies for) the equity-risk premium,

which is the extra return investors require in order to hold equities rather than risk-free bonds. We

follow the procedure developed in Martin (2017) to estimate a lower bound for the equity premium

from the one-month horizon to the three-year horizon using data from OptionMetrics. We refer to

it as the Equity-Premium Bound (EPB) in the rest of the paper. Similar to the VIX, this proxy is

constructed from the price of out-of-the money call and put options on the S&P500 index. Martin

(2017) argues that it produces a tight lower bound on the equity premium—i.e., that it closely

tracks the actual equity premium.

Figure 3.5 shows that tariff announcements also had a large and significant positive effect on

the annualized EPB. Interestingly, the effect of announcements on the EPB declines rapidly with

maturity: while announcements increase the EPB at the 1-month horizon by 6 percentage points,

they only increase the EPB at the 3-year horizon by 1 percentage point. Empirically, this reflects

the fact that trade announcements dramatically increase the price of out-of-the-money call or put

options with short maturity, but they have more muted effects on long maturity ones.

We examine the robustness of these findings in the Appendix. Appendix Table C.4 reports

the change in nominal yields, real yields, and in the equity-premium bound event by event. It

shows that our results are not driven by outlier events: almost all announcements tend to decrease

real yields and increase the equity-premium bound. We explore the robustness of Figure 3.5 in

Appendix Figure C.1, which reports the dynamic effect of announcements on these variables over

a ten-day window. The appendix figure shows that the change in these variables is concentrated on

the days of the announcements, which indicates that the market did not under or overreact during

these days.
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3.3 Theory

We present the theory in two steps. First, in Section 3.3.1, we develop a dynamic infinite-

horizon, firm-level, specific factors model of production and derive how a change in the effective

rate of protection maps into firm cash-flow movements and wage movements. We invert this model

to show that movements in firm cash flow (which are identical to the returns to the specific factor

in this setup) are sufficient statistics that pin down the movements in wages, employment, effective

rates of protection, and productivity. Second, in Section 3.3.2, we embed these policy-induced

movements in cash flows into a dynamic model of consumer behavior to express the consumption-

equivalent welfare effect of the policy in terms of the PDV of these cash-flow movements.

3.3.1 Production

The production structure is based on the Jones (1975) specific factors model, extended along

two dimensions. First, we assume that fixed factors are firm-specific instead of industry-specific.

Second, we extend it from a static one-period model into a dynamic infinite-horizon model. In

our model, time is discrete and indexed by 𝑡; and there is a set of firms in the economy indexed

by 𝑓 . At each time 𝑡, firm 𝑓 produces according to a constant-returns-to-scale technology, which

combines three types of inputs: a firm-specific fixed factor 𝑉 𝑓 , a quantity of labor 𝐿 𝑓 𝑡 hired in

a competitive labor market, and a set of 𝑁 differentiated intermediate inputs (𝑚𝑖 𝑓 𝑡), where 𝑖 ∈

{1, ...𝑁}. Firms maximize profits taking the output price, wages, and input prices as given.6 There

are no adjustment costs between periods. Hence, profit maximization over all periods is equivalent

to profit maximization in each period (and the same is true for cost minimization).

As in Jones (1975), it is easiest to solve this model by focusing on the unit-cost function. De-

note firm 𝑓 ’s unit cost of production at time 𝑡 by 𝑐 𝑓
(
𝑤𝑡 , 𝑟 𝑓 𝑡 , 𝑞1𝑡 , ..., 𝑞𝑛𝑡 , 𝐴 𝑓 𝑡

)
, where the arguments

correspond to the wage (𝑤𝑡), the shadow price of the firm’s fixed factor (𝑟 𝑓 𝑡), the prices of a set

6One could motivate this by assuming Bertrand competition in which each domestic firm faces foreign exporters
selling at a price 𝑝∗𝑓 + 𝜏 𝑓 , where 𝑝∗𝑓 is the international price of the good and 𝜏 𝑓 is the output tariff facing firm 𝑓 ’s
foreign competitors.
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of intermediate inputs (𝑞1𝑡 , ..., 𝑞𝑛𝑡), and a Hicks-neutral productivity parameter 𝐴 𝑓 𝑡 .7 Shephard’s

Lemma tells us that the unit-input requirements are given by the derivative of the cost function;

that is, 𝑎𝐿 𝑓 𝑡 =
𝜕𝑐 𝑓
𝜕𝑤𝑡

, 𝑎𝑉 𝑓 𝑡 =
𝜕𝑐 𝑓
𝜕𝑟 𝑓 𝑡

, and 𝑎𝑖 𝑓 𝑡 =
𝜕𝑐 𝑓
𝜕𝑞𝑖𝑡

, where 𝑎𝐿 𝑓 𝑡 , 𝑎𝑉 𝑓 𝑡 , 𝑎𝑖 𝑓 𝑡 denote the unit-input re-

quirements for labor, fixed factor, and intermediate input 𝑖, respectively. In equilibrium, a firm’s

marginal cost is equal to its output price,

𝑎𝐿 𝑓 𝑡𝑤𝑡 + 𝑎𝑉 𝑓 𝑡𝑟 𝑓 𝑡 +
∑
𝑖

𝑎𝑖 𝑓 𝑡𝑞𝑖𝑡 = 𝑝 𝑓 𝑡 . (3.1)

We impose the full-employment conditions on labor and each firm’s specific factor in each period:

∑
𝑓

𝑎𝐿 𝑓 𝑡𝑦 𝑓 𝑡 = 𝐿, and (3.2)

𝑎𝑉 𝑓 𝑡𝑦 𝑓 𝑡 = 𝑉 𝑓 , (3.3)

where 𝐿 denotes the total supply of labor, which is fixed at the aggregate level. Since 𝑎𝐿 𝑓 𝑡𝑦 𝑓 𝑡 =

𝐿 𝑓 𝑡 , the first full-employment condition (3.2) requires that firm-level employment adjusts with

firm-level production. In contrast, the second full-employment condition (3.3) stipulates that the

unit-input requirement of the specific factor (𝑎𝑉 𝑓 𝑡) is inversely proportional to firm output (𝑦 𝑓 𝑡)

because the amount of the firm-specific factor (𝑉 𝑓 ) is fixed. Note that this second full-employment

condition implies that the total compensation received by firm 𝑓 ’s fixed factor equals firm 𝑓 ’s cash

flow (its revenue net of labor and input expenses), i.e., 𝑟 𝑓 𝑡𝑉 𝑓 = (𝑝 𝑓 𝑡 − 𝑎𝐿 𝑓 𝑡𝑤𝑡 −
∑
𝑖 𝑎𝑖 𝑓 𝑡𝑞𝑖𝑡)𝑦 𝑓 𝑡 .

In order to model the impact of a policy change, we start with a “baseline” equilibrium in

which all product prices, input prices, and firm productivity are constant over time. We treat a

policy shock as a policy that shifts prices and productivity away from the baseline equilibrium in

each period. Since, in the baseline equilibrium, aggregate employment (𝐿), each firm’s specific

7The shadow price of the firm’s fixed factor 𝑟 𝑓 𝑡 is given by the price that would exhaust firm rents; that is, it
corresponds to the solution of 𝑝 𝑓 𝑡 = 𝑐 𝑓

(
𝑤𝑡 , 𝑟 𝑓 𝑡 , 𝑞1𝑡 , ..., 𝑞𝑛𝑡 , 𝐴 𝑓 𝑡

)
. This equation has a unique solution as long as the

cost function increases with 𝑟 𝑓 𝑡 , approaches zero as 𝑟 𝑓 𝑡 approaches zero, and approaches infinity as 𝑟 𝑓 𝑡 approaches
infinity. Firm output, 𝑦 𝑓 𝑡 , is determined by the exogenous quantity of fixed factor (see equation 3.3). Firm owners
own the specific factor, so they are paid 𝑟 𝑓 𝑡𝑉 𝑓 in each period.
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factor (𝑉 𝑓 ), prices, and productivity are fixed over time, we know that the wage and firm-level

employment are also fixed over time; that is, 𝑤𝑡 = 𝑤 and 𝐿 𝑓 𝑡 = 𝐿 𝑓 . Accordingly, we simplify

notation going forward by dropping the 𝑡 subscript whenever we are discussing variables that do

not change over time in the baseline equilibrium. While we assume that the baseline equilibrium

does not have growth, we show in Appendix C.2 that we can easily modify the setup to allow for

baseline productivity growth without changing any of our propositions.

We model a tariff change as causing a set of log-change deviations in output prices, input

prices, and, potentially, TFP (𝑝 𝑓 𝑡 , 𝑞𝑖𝑡 , 𝐴̂ 𝑓 𝑡) in the period 𝑡 relative to the baseline values (𝑝 𝑓 𝑡 = 𝑝 𝑓 0,

𝑞𝑖𝑡 = 𝑞𝑖0, and 𝐴 𝑓 𝑡 = 𝐴 𝑓 0). Because the amount of each firm’s specific asset is fixed (𝑉̂ 𝑓 = 0), log

changes in the shadow price of the specific factor equal the log change in firm cash flow (i.e.,

𝑟 𝑓 𝑡 = �𝑟 𝑓 𝑡𝑉 𝑓 ), where hats over variables indicate log changes in these variables from their baseline

values in period 𝑡. Thus, we will henceforth refer to 𝑟 𝑓 𝑡 as the log change in the firm’s cash flow in

period 𝑡 due to the policy change.

Following Jones (1975), we assume that the production function is separable in its factors of

production. Assuming a constant elasticity of substitution between the specific factor and labor

(𝜎) enables us to write the factor intensity of production (𝑎𝑉 𝑓 𝑡/𝑎𝐿 𝑓 𝑡) as:

𝑎̂𝑉 𝑓 𝑡 − 𝑎̂𝐿 𝑓 𝑡 = 𝜎
(
𝑤̂𝑡 − 𝑟 𝑓 𝑡

)
. (3.4)

We are now ready to prove our first proposition linking changes in cash flows to wages.

Proposition 1. If the elasticity of substitution between labor and the specific factor for all firms is

constant, then the log change in wages equals the employment-share weighted average of the log

changes in cash flow, i.e.,

𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 ,

and the log change in employment in each firm equals 𝐿̂ 𝑓 𝑡 = 𝜎
(
𝑟 𝑓 𝑡 −

∑
𝑓 ′
𝐿 𝑓 ′
𝐿 𝑟 𝑓 ′𝑡

)
.
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Proof. See Appendix C.1.1 □

The intuition behind the first equation in Proposition 1 is that the full-employment condition

implies that changes in factor prices cannot increase the aggregate demand for labor. However, the

aggregate demand for labor will only remain constant if the changes in relative wages (𝑤̂𝑡 − 𝑟 𝑓 𝑡)

are zero “on average,” i.e., log changes in wages (𝑤̂𝑡) in period 𝑡 from their baseline value of 𝑤

equal a firm-size weighted average of log changes in cash flow (
∑
𝑓
𝐿 𝑓 𝑡
𝐿 𝑟 𝑓 𝑡). The second equation

follows immediately from this equation and the fact that the amount of the specific factor is fixed,

so the left-hand side of equation (3.4) is just −𝐿̂ 𝑓 𝑡 .8

Proposition 1 is based on the structure of Jones (1975) but differs in several respects. First,

Jones was concerned about a mapping from tariff-induced changes in product prices into factor

prices. Here, we invert the logic in Jones to show that knowing the log changes in cash flow

pins down changes in wages and employment. Second, by assuming that there is one elasticity

of substitution between labor and the specific factor, we simplify the expressions in his canonical

model and are able to construct a sufficient statistic for computing wage and employment changes

using only information on changes in cash flow.9 Wages move one-for-one with the employment-

weighted average of log changes in cash flow.10

We can also use the structure of our model to obtain mappings from cash-flow movements into

many other variables of interest. Our starting point is the firm-level definition of the effective rate

of protection (ERP):

𝑝𝑒𝑓 𝑡 ≡
𝑝 𝑓 𝑡 −

∑
𝑖 𝜔𝑖 𝑓 𝑡𝑞𝑖𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

, (3.5)

where 𝜔𝑖 𝑓 𝑡 denotes the expenditure shares of firm 𝑓 on input 𝑖 as a share of total revenue (similarly,

8We relax the assumption of a vertical labor supply curve in Appendix C.1.1. Allowing aggregate employment to
move with changes in cash flow does not undermine the basic result that we can express equilibrium wage changes as
a linear function of changes in cash flow.

9By contrast, implementing the Jones approach would require us to know the full set of firm-level elasticities.
While the assumption of a single elasticity of substitution is more restrictive, other studies have often adopted even
more restrictive assumptions, e.g., assuming that 𝜎 = 1 (c.f., Kovak (2013)). Knoblach and Stöckl (2020) conduct a
meta-analysis of 49 studies and find that the value of 𝜎 typically falls between 0.4 and 0.7.

10At first, it may seem surprising that wages rise one for one with average log changes in cash flow, however, this
result is present in other models in which firms have positive operating profits. For example, in Melitz (2003), both
per-worker real wages and average firm profits are monotonically rising in average productivity.
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we will denote 𝜔𝐿 𝑓 𝑡 and 𝜔𝑉 𝑓 𝑡 the expenditure shares on labor and the fixed factor). The numerator

in this definition is the change in the firm’s output price less a weighted average of all of the

input prices, while the denominator is the share of value added in sales. A standard approach to

compute the effective rate of protection is to write 𝑝 𝑓 𝑡 and 𝑞𝑖𝑡 as functions of the tariffs (i.e., 𝑝 𝑓 𝑡 =

𝑝 𝑓 𝑡 (τ𝒕) and 𝑞𝑖𝑡 = 𝑞𝑖𝑡 (τ𝒕)), where τ𝒕 denotes the tariff vector.11 We introduce a generalization of

this approach in which we allow tariffs to also affect productivity and relate the effective rate of

protection to factor prices in the following proposition:

Proposition 2. The sum of log changes in the effective rates of protection (𝑝𝑒𝑓 𝑡) and adjusted

productivity
(

𝐴̂ 𝑓 𝑡
1−∑

𝑖 𝜔𝑖 𝑓 𝑡

)
for a firm can be expressed as a linear function of the log changes in cash

flows (𝑟 𝑓 𝑡):

𝑝𝑒𝑓 𝑡 +
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

=

(
𝜔𝑉 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
𝑟 𝑓 𝑡 +

(
𝜔𝐿 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

) ∑
𝑓 ′

𝐿 𝑓 ′𝑡

𝐿
𝑟 𝑓 ′𝑡 . (3.6)

Moreover, the log changes in firm cash flows (𝑟 𝑓 𝑡) and wages (𝑤̂𝑡) can be expressed as linear

functions of the log changes in effective rates of protection (𝑝𝑒𝑓 𝑡) and productivity (𝐴̂ 𝑓 𝑡):

𝑤̂𝑡 =
∑
𝑓

𝜑 𝑓 𝑡

(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
and (3.7)

𝑟 𝑓 𝑡 =

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
−

(
𝜔𝐿 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) ∑
𝑓

𝜑 𝑓 𝑡

(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
, (3.8)

where 𝜑 𝑓 𝑡 = 𝐿 𝑓 𝑡

(
1−∑

𝑖 𝜔𝑖 𝑓 𝑡
𝜔𝑉 𝑓 𝑡

)
/∑ 𝑓 ′ 𝐿 𝑓 ′𝑡

(
1−∑

𝑖 𝜔𝑖 𝑓 ′𝑡
𝜔𝑉 𝑓 ′𝑡

)
.

Proof. See Appendix C.1.2 □

11For example, Corden (1966)’s classic paper assumes perfect passthrough of tariffs, so 𝑝 𝑓 𝑡 = Δ ln
[
1 + 𝜏𝑂𝑓 𝑡

]
and

𝑞𝑖𝑡 = Δ ln [1 + 𝜏𝑖𝑡 ], where 𝜏𝑂𝑓 𝑡 is the tariff on the firm’s output and 𝜏𝑖𝑡 is the tariff on input 𝑖. More recently, Kovak
(2013) uses industry data and sets the industry price 𝑝𝑡 = Δ ln

[
1 + 𝜏𝑂𝑡

]
and 𝑞𝑖𝑡 = 0.
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The proposition clarifies an important difference between our approach and past work on the

specific factors model. The standard approach in the literature is to assume that productivity is un-

affected by tariff policy (𝐴̂ 𝑓 𝑡 = 0). In this case, if one knows how deviations in tariffs pass through

into output and input prices (i.e., one can write 𝑝 𝑓 𝑡 and 𝑞𝑖𝑡 as functions of tariffs), equations (3.5),

(3.7), and (3.8) provide a mapping from effective rates of protection into factor prices. However,

in the more general case in which tariffs affect productivity, this mapping no longer holds.

In comparison, our approach is to estimate the impact of the tariffs on cash flows (𝑟 𝑓 𝑡) using

financial data, which captures the combined movement in effective rates of protection and produc-

tivity according to equation (3.6). In other words, given the structure of our model, estimating a

tariff policy’s impact on firm cash flows bypasses the need to estimate separately its impact on the

effective rates of protection and productivity of firms. If we are further able to obtain estimates for

the impact of the tariffs on prices (i.e., effective rates of protection), then this proposition shows

that we can also identify the impact of the tariffs on productivity as a residual using equation (3.6):

something we will do in the last section of the paper.

3.3.2 Welfare

In order to understand the welfare implications of a policy change, we assume there is a rep-

resentative agent supplying the quantity of labor 𝐿 and owning all firms. The agent’s nominal

income in period 𝑡, 𝐼𝑡 , is the sum of labor income, firm cash flows, and tariff revenues 𝑇𝑅𝑡 :

𝐼𝑡 = 𝑤𝑡𝐿 +
∑
𝑓

𝑟 𝑓 𝑡𝑉 𝑓 + 𝑇𝑅𝑡 .

The agent’s real consumption, 𝐶𝑡 , equals nominal income divided by the consumption price index.

To simplify notation, and without loss of generality, we normalize this price index to equal one.

Hence, the consumption of the representative agent is equal to its aggregate income, i.e., 𝐶𝑡 = 𝐼𝑡 .

The last two equalities imply that the log deviation in consumption can be written as a weighted
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average of the log deviation in wages, cash flows, and tariff revenues:

𝐶̂𝑡 =
𝑤𝐿

𝐶
𝑤̂𝑡 +

∑
𝑓

𝑟 𝑓𝑉 𝑓

𝐶
𝑟 𝑓 𝑡 +

𝑇𝑅

𝐶
ˆ𝑇𝑅𝑡 . (3.9)

The policy change can be thought of as affecting an infinite sequence of changes in wage, cash

flow, and tariff revenue: 𝑤̂𝑡 , 𝑟 𝑓 𝑡 , and ˆ𝑇𝑅𝑡 for 𝑡 ranging between 0 and infinity. Because the policy

affects prices at different time horizons and in different states of the world, (𝐶̂𝑡)∞𝑡=0 is a sequence

of random variables.

We define the “consumption-equivalent welfare effect” of this deviation, denoted C, as the

(fixed and deterministic) deviation in log consumption that would generate the same change in

welfare as the (time-varying and stochastic) deviation in log consumption (𝐶̂𝑡)∞𝑡=0. In other words,

the consumption-equivalent welfare effect is the percentage change in consumption (in every state

and every period) that would compensate the agent for the effect of the policy change.

We now characterize this consumption-equivalent welfare effect for a representative agent with

log utility over consumption—we discuss the more general case of an agent with Epstein-Zin

preferences below.

Proposition 3. For an agent with log utility, the consumption-equivalent welfare effect of the de-

viation path (𝐶̂𝑡)∞𝑡=0 is

C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝐶̂𝑡

]
, (3.10)

where 𝜌 ≡ 1 − 𝐶𝑡/𝑊𝑡 denotes the consumption-to-wealth ratio.

Proof. See Appendix C.1.3 □

This proposition expresses the consumption-equivalent welfare effect C as a weighted average

of the expected log deviation in consumption at all horizons. The parameter 𝜌, which in equilib-

rium equals the agent’s subjective discount factor, governs how future consumption is weighted

relative to today’s consumption. This expression captures two important channels through which

110



tariffs can impact welfare. First, and most obviously, tariffs may decrease or increase the average

level of consumption, which would move welfare proportionally. Second, even if average con-

sumption is fixed, tariffs may increase the variance of consumption, which would decrease welfare

by decreasing the average of log consumption. In the formula, this second channel is captured by

the fact that the summand reflects the average deviation in log consumption at each horizon, rather

than the deviation in the log of average consumption.

In Appendix C.2.3, we derive a more general expression for the consumption-equivalent wel-

fare effect C for an agent with Epstein-Zin preferences, with arbitrary relative risk aversion and

elasticity of intertemporal substitution. Relative to the log utility case, the consumption-equivalent

welfare effect gains an additional term that depends on the product between (i) the impact of tariffs

on the higher-order cumulants of log consumption growth and (ii) the distance between the agent’s

relative risk aversion and one. In particular, if agents are more risk averse than log utility (i.e.,

𝛾 > 1), and if tariffs increase the even cumulants of log consumption (like variance) or decrease

odd cumulants (like skewness), then our baseline welfare effect (the one given in Proposition 3)

will underestimate the full welfare loss.

3.4 Estimating Consumption-Equivalent Welfare

The previous section provided an expression for the aggregate welfare effect in terms of ex-

pected movements in future wages, firm cash flows, and tariff changes. In order to empirically

implement this, we need to express these unobservable infinite sequences in terms of variables that

we can estimate: the reaction of asset prices to policy announcements. We do this in three steps.

Section 3.4.1, shows how to express the impact of tariffs on consumption-equivalent welfare (C)

in terms of the PDV of deviations in firm values and discount rates. Sections 3.4.2 and 3.4.3 then

show how to use asset-price movements to estimate the impact of tariff announcements on firm

values and discount rates, respectively.
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3.4.1 Linking Cash Flows, Firm Values, and Discount Rates

We begin by decomposing the welfare effect into how much is due to each source of household

income. Substituting equation (3.9) into equation (3.10), we obtain an expression for the welfare

effect in terms of the discounted value of policy-induced changes in wages, cash-flows, and tariff

revenues:

C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0


𝑤𝐿

𝐶
𝑤̂𝑡 +

∑
𝑓

𝑟 𝑓𝑉 𝑓

𝐶
𝑟 𝑓 𝑡 +

𝑇𝑅

𝐶
𝑇𝑅𝑡

 .
We now can use Proposition 1 to solve for the change in wages in terms of the change in firm cash

flows. Substituting 𝑤̂𝑡 =
∑
𝑓
𝐿 𝑓
𝐿 𝑟 𝑓 𝑡 into the previous equation and rearranging gives:

C =
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0 [𝑟 𝑓 𝑡]
)

︸                                                ︷︷                                                ︸
Deviation in cash-flow: C𝑟

+ 𝑇𝑅
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[
𝑇𝑅𝑡

] )
︸                                 ︷︷                                 ︸

Deviation in tariff revenue

. (3.11)

This equation expresses the welfare effect as the sum of two terms: the PDV of the deviation in

(expected) firm cash flows and the PDV of the deviation in tariff revenues. Importantly, welfare is

determined by the expected deviation in log (or relative) cash flows. This captures the idea that,

from the perspective of a risk averse representative consumer, a dollar reduction in cash flows has

a greater negative impact on welfare during bad states of the world—when cash flows are already

low—than during good states of the world

The first term in equation (3.11) cannot be computed directly from cash flows because it re-

quires us to know an infinite sequence of their movements, but we can show that it can be computed

from movements in firm values and discount rates. Let Π 𝑓 𝑡 be the total valuation of firm 𝑓 at time

𝑡 (i.e., the market value of its equity plus its debt). The return of owning firm 𝑓 between 𝑡 and 𝑡 + 1

is defined as:
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𝑅 𝑓 ,𝑡+1 ≡
Π 𝑓 ,𝑡+1

Π 𝑓 ,𝑡 − 𝑟 𝑓 ,𝑡𝑉 𝑓
.

Assuming the no-bubble condition lim𝑡→∞ 𝑅−1
𝑓 𝑡 Π 𝑓 𝑡 = 0, we can express a firm’s value as the dis-

counted value of its future cash-flows:12

Π 𝑓 0 = E0

[ ∞∑
𝑡=0

𝑟 𝑓 𝑡𝑉 𝑓

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡

]
. (3.12)

We can log-linearize this formula to express the deviation in firm value due to a policy announce-

ment as the sum of two terms: a deviation in the PDV of firm cash-flows and a deviation in the

PDV of firm discount rates:

Proposition 4. Around a baseline path in which the ratio of cash flow to firm value, 𝑟 𝑓 𝑡𝑉 𝑓 /Π 𝑓 𝑡 , is

equal to the constant consumption-to-wealth ratio, 𝐶𝑡/𝑊𝑡 , we have:

Π̂ 𝑓 0 = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝑟 𝑓 𝑡

]
−

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂ 𝑓 𝑡

]
.

Proof. See Appendix C.1.4. □

This proposition, which is an application of the Campbell and Shiller (1988) decomposition to

our economy, says that an increase in the value of a firm can reflect an increase in the expected

future cash flows earned by firm owners or a decrease in the rate at which these future cash flows

are discounted.13 We can solve for the PDV of the deviation in firm cash flows—the first term

on the right—in terms of the deviation in firm value (Π̂ 𝑓 0) plus the PDV of the deviation in firm

discount rates (
∑∞
𝑡=1 𝜌

𝑡E0
[
𝑅̂ 𝑓 𝑡

]
). Combining this result with equation (3.11) allows us to write the

12The definition of returns means Π 𝑓 0 = 𝑟 𝑓 0𝑉 𝑓 +
Π 𝑓 1
𝑅 𝑓 1

= 𝑟 𝑓 0𝑉 𝑓 +
𝑟 𝑓 1𝑉 𝑓

𝑅 𝑓 1
+ Π 𝑓 2
𝑅 𝑓 1𝑅 𝑓 2

. Iterating forward gives the result.
13Since we normalized the price index to be one, both cash flows and discount rates should be understood in real

terms. For example, suppose tariff announcements only affected inflation, it would increase nominal cash flows and
discount rates by the same amount yielding no change in asset prices.
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aggregate welfare effect as a sum of three components:

C =
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

Π̂ 𝑓 0︸                    ︷︷                    ︸
Deviation in firm values

+
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

( ∞∑
𝑡=0

𝜌𝑡E0
[
𝑅̂ 𝑓 𝑡

] )
︸                                       ︷︷                                       ︸

Deviation in firm discount rates

+ 𝑇𝑅
𝐶

(1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0

[
𝑇𝑅𝑡

]
︸                             ︷︷                             ︸

Deviation in tariff revenues

.

(3.13)

The first term is a weighted average of the log change in firm value due to the policy announcement.

The second term is a weighted average of the change in firm discount rates at the time of the

announcement, which accounts for the fact that only deviations in firm values due to deviations in

cash flows (as opposed to deviations in discount rates) matter for welfare. The third term accounts

for deviations in tariff revenues. We now provide details on how we estimate each term.

3.4.2 Measuring the Deviation in Firm Values

The deviation in firm values is a weighted average of the change in each firm’s value (Π̂ 𝑓 0),

where the weights correspond to the value added generated by the firm (𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓 ) divided by

baseline consumption (𝐶). We estimate the change in each firm’s value due to announcement 𝑗

as its log return on the first day the markets could trade the new information (“high-frequency

identification”). There is a bias tradeoff in choosing the length of the window. On the one hand,

a shorter window may lead to biased estimates if there is over- or under-reaction in the short

run, if the tariff announcement leaks before its formal announcement, or if relevant information is

released later. On the other hand, a longer window will lead to noisier estimates, as unrelated news

is released over time.

Formally, we identify the effect of tariff announcement 𝑗 on the market value of equity of a

firm 𝑓 as the coefficient 𝛽 𝑓 , 𝑗 in the following regression:

ln 𝑅 𝑓 ,𝑡 = 𝛼 𝑓 +
𝐽∑
𝑗=1

𝛽 𝑓 , 𝑗𝐷
𝑗
𝑡 +

𝐷∑
𝑑=1

𝛾 𝑓 ,𝑑𝐸𝑆𝑑,𝑡 + 𝜖 𝑓 ,𝑡 . (3.14)

where 𝐷 𝑗
𝑡 is an indicator variable equal to one if day 𝑡 is in the window of announcement 𝑗 , and

𝐸𝑆𝑑,𝑡 corresponds to the surprise in the economic series 𝑑. We estimate this regression using all
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trading days between 2017 and 2019, separately for each firm 𝑓 . We then construct the effect of

announcement 𝑗 on the overall market value of firm 𝑓 as

Π̂ 𝑓 0 ≡
𝐽∑
𝑗=1

𝜅 𝑓 𝛽 𝑓 , 𝑗 (3.15)

where 𝜅 𝑓 denotes the ratio of firm 𝑓 ’s market value of equity to its market value of assets. This

leverage adjustment reflects the fact that the overall market value of a firm is the sum of the value

of its debt and the value of its equity. Under the assumption that firm debt is risk-free and has zero

maturity, its value does not react to the announcement, and so we obtain the formula above.

Aggregation We compute the aggregate deviation in firm values (the first term in equation

(3.13)) by taking a weighted average of the Π̂ 𝑓 0 in which the weights are
(
𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓

)
/𝐶. One

problem in constructing these weights is that our Compustat-CRSP sample is only composed of

public firms, which is not representative of the overall economy. In particular, our sample tends

to underweight small firms and service-sector firms, so we need to weight firms in our sample to

approximate the distribution of employment size and sectors in the U.S. economy.

Unfortunately, we only observe value added as a share of consumption (the weight for the first

two terms in equation (3.13)) at the sector level, so we can only weight returns by employment after

we have aggregated all the firms into industries. We, therefore, weight the data in four steps. First,

we divide the set of firms in Compustat into 18 sectors (that are indexed by 𝑠 and defined by their

2-digit NAICS codes) and four employment bins (indexed by 𝑏 and defined by three employment

thresholds: 500 and below, 501-5,000, 5,001-20,000, and over 20,000). We then form a weighted

average using firm employment as weights to compute the average deviation in firm values (Π̂ 𝑗
𝑓 0)

for all firms in an employment bin-sector-event, i.e., a {𝑏, 𝑠, 𝑗}-tuple. Second, we sum across

events ( 𝑗) to obtain the cumulative effect of tariff announcements within each “cell,” which we

define to be bin-sector, i.e., a {𝑏, 𝑠}-tuple. Third, we construct the weighted average of these

deviations across all employment bins (𝑏) using the share of U.S. employment in each bin-sector

cell as weights to compute aggregate returns at the sector level (𝑠). Fourth, we aggregate across
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sectors using U.S. value added produced by the sector in 2017 (using data from the Census Bureau

and the BEA, respectively) divided by 𝐶, which we define to be total U.S. value added plus tariff

revenue. We describe this methodology in more detail in Appendix C.4.

The left panel in Figure 3.6 compares our constructed weights with the relative employment

share of cells within the CRSP-Compustat sample. Our weighting procedure weights small firms

and services more than the CRSP-Compustat sample. The right panel of Figure 3.6 plots the

average deviation in firm values within these cells. One can see that the drops in asset values tend

to be smaller for smaller and service firms relative to other firms, which is consistent with the fact

that these firms tend to be less exposed to trade. Combining these two figures implies that our

weighting procedure will tend to decrease the magnitude of the aggregate deviation in firm values

relative to the value-weighted CRSP-Compustat return.

Figure 3.6: Weights and changes in firm value by sector and employment bins
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Note: For goods (2-digit NAICS: 11, 21, and 31-33) and services (remaining 2-digit NAICS) sectors in 2017.

We find that tariff announcements caused aggregate firm values to fall 6.7 percent (see Table

3.8). This drop is just over half the decline in the aggregate stock-market return reported in Table

3.1. The difference in the two numbers is due to the combination of two effects: first, as we can

see from equation (3.15), the drop in firm values is smaller than the drop in firm equity prices

(in percentage terms) because firms are levered. Second, smaller and service-sector firms tend to

have lower drops in asset values in magnitude, and so our weighting procedure tends to dampen
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the overall effect of announcements on asset values (Figure 3.6). We explore the robustness of our

results to changes in the event window and in the weighting methodology in Section 3.5.

3.4.3 Measuring the Deviation in Firm Discount Rates

We now turn to the estimation of the deviation in firm discount rates, which corresponds to the

second term in the deviation in aggregate welfare in equation (3.13). The challenge in computing

this term is in obtaining an expression for the change in discount rates induced by the policy(∑∞
𝑡=0 𝜌

𝑡E0
[
𝑅̂ 𝑓 𝑡

] )
. Intuitively, adjusting the change in firm values by the change in their discount

rates will allow us to infer the change in their expected cash flows. By definition, the deviation in

the discount rate of firm 𝑓 in period 𝑡 (𝑅̂ 𝑓 𝑡) corresponds to a weighted average of the deviation of

the interest rate on its debt (𝑅̂𝐷𝑓 𝑡) and the deviation in the expected return of its equity (𝑅̂𝐸𝑓 𝑡):

E0
[
𝑅̂ 𝑓 𝑡

]
= (1 − 𝜅 𝑓 )E0

[
𝑅̂𝐷𝑓 ,𝑡

]
+ 𝜅 𝑓E0

[
𝑅̂𝐸𝑓 ,𝑡

]
, (3.16)

where 𝜅 𝑓 denotes the ratio of the market value of equity to the market value of assets for firm 𝑓

(assumed to be constant over time). To make progress, we make the simplifying assumptions that

(i) the log deviation in the interest rate on a firm’s debt is equal to the log deviation in the risk-free

rate and that (ii) the deviation in the expected return on its equity is equal to the risk-free rate plus

an adjustment for the firm equity exposure to the stock market (beta) multiplied by the deviation

in the expected return of the aggregate stock-market return, following the Capital Asset Pricing

Model (CAPM):

E0

[
𝑅̂𝐷𝑓 ,𝑡

]
= 𝑅̂risk-free,𝑡 , (3.17)

E0

[
𝑅̂𝐸𝑓 ,𝑡

]
= 𝑅̂risk-free,𝑡 + 𝛽 𝑓 ,𝑀

(
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

)
,

where 𝛽 𝑓 ,𝑀 , which is assumed to be constant over time, can be estimated as the slope coefficient

in a regression of excess firm-level returns on the excess stock-market returns. We will relax

117



these assumptions to account for credit spreads and additional equity factors below. Substituting

these two equations into (3.16) and aggregating over time gives the following expression for the

deviation in firm 𝑓 discount rate:

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂ 𝑓 𝑡

]
︸            ︷︷            ︸
Deviation in firm 𝑓

discount rates

=
∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂risk-free,𝑡

]
︸                    ︷︷                    ︸

Deviation in future
risk-free rates

+𝜅 𝑓 𝛽 𝑓 ,𝑀
∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

]
.︸                               ︷︷                               ︸

Deviation in future
excess stock-market returns

(3.18)

This equation expresses the deviation in firm 𝑓 discount rates as the sum of the deviation in future

risk-free rates and the deviation in future excess stock-market returns multiplied by two firm-

specific quantities: its equity-to-asset ratio (𝜅 𝑓 ) and its equity-market beta (𝛽 𝑓 ,𝑀), which jointly

capture the firm’s overall exposure to changes in equity premia. Overall, this equation reduces the

problem of estimating firm-specific deviations in discount rates to the estimation of two aggregate

quantities: the deviation in future risk-free rates and the deviation in future excess stock-market

returns.

We adapt the vector-autoregression (VAR) methodology of Campbell and Vuolteenaho (2004)

and Bernanke and Kuttner (2005) to measure these two quantities. More precisely, we assume that

a vector of asset prices x𝑡 , which includes the log risk-free rate and the log excess stock-market

return as its first two elements, evolves according to a VAR process:

x𝑡+1 = a +Bx𝑡 + u𝑡+1. (3.19)

This VAR structure allows us to express the expected effect of a policy announcement on x𝑡 in

terms of its effect on x0: E0 [𝑑x𝑡] = B𝑡𝑑x0. Hence, the VAR structure implies the following

equation for the deviation in future risk-free rates and excess returns defined in equation (3.18):14

14Indeed, the deviation in future risk-free rates is

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂risk-free,𝑡

]
=

∞∑
𝑡=1

𝜌𝑡
(
e′1E0 [𝑑x𝑡 ]

)
=

∞∑
𝑡=1

𝜌𝑡
(
e′1B

𝑡𝑑x0
)
= e′1

( ∞∑
𝑡=1

(𝜌B)𝑡
)
𝑑x0 = e′1𝜌B(I − 𝜌B)−1𝑑x0.
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∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂risk-free,𝑡

]
︸                    ︷︷                    ︸

Deviation in future risk-free rates

= e′1𝜌B(I − 𝜌B)−1𝑑x0, (3.20)

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

]
︸                              ︷︷                              ︸

Deviation in future excess returns

= e′2𝜌B(I − 𝜌B)−1𝑑x0, (3.21)

where e𝑖 denotes a vector whose 𝑖-th element equals one, and zero otherwise. Hence, the problem

of estimating the deviation in firm discount rates (the left-hand-side in equation (3.18)) is reduced

to the problem of estimating two aggregate quantities: the matrix B, which governs the law of

motion of variables in the VAR, and the vector 𝑑x0, which measures the effect of the announcement

on the variables in the VAR. We now turn to the estimation of these two quantities.

VAR Estimation We now briefly discuss our VAR estimation (see Appendix C.5.2 for more

details). For our baseline results, we consider the VAR system in equation (3.19) at the quarterly

frequency where the vector x𝑡 contains seven variables:

𝑥𝑡 =
(
ln 𝑅risk-free,𝑡 , ln 𝑅𝑀,𝑡 − ln 𝑅risk-free,𝑡 ,TS𝑡 ,EPB𝑡 ,VS𝑡 ,CS𝑡 , ln 𝑃𝐷𝑡

)
.

Our choice of frequency and variables is similar to Campbell and Vuolteenaho (2004). We opt

for a quarterly frequency (even though our data is available at the daily frequency) as we are

interested in measuring the long-term impacts of changes in the vector x0 on future risk-free rates

and excess stock-market returns. The first variable in the VAR is the log real risk-free rate in the

quarter (annualized yield of 3-month T-Bills minus smoothed average of inflation in the previous

twelve months, divided by four). The second variable is the log excess stock-market return in

the quarter (the log value-weighted stock-market return minus the annualized yield of 3-month

T-Bill). The remaining variables are the term spread 𝑇𝑆𝑡 (the difference in the yield-to-maturity of

A similar derivation holds for the deviation in future excess stock-market returns .
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ten-year treasuries and the annualized yield of 3-month T-Bills), the equity-premium bound 𝐸𝑃𝐵𝑡

(discussed in the previous section), the value spread 𝑉𝑆𝑡 (i.e., measured as the difference between

the log book-to-market ratios of small value and small growth stocks), the credit spread CS (the

difference in the yield of BAA and 3-month T-bill), and the log price-dividend ratio ln 𝑃𝐷𝑡 (the

ratio between the value of the stock market and the dividends distributed in the previous year).

One key difference, relative to Campbell and Vuolteenaho (2004), is that we augment the VAR

with the equity-premium bound defined by Martin (2017), which is available starting from 1996.

We will examine the robustness of our results with respect to changing the set of variables in the

VAR below.

We first estimate the VAR matrix B by regressing each variable in the VAR on a constant

term as well as the quarterly lagged variables in the VAR. To get more power, we estimate our

VAR on all trading days instead of only the days at the end of every quarter.15 Table 3.5 reports

the result of this estimation. Consistent with the literature, we find that the log price-dividend

ratio and the equity-premium bound are two important predictors of log excess returns. The 𝑅2 of

this regression is approximately 12 percent (at a quarterly horizon), which is high relative to the

existing literature, suggesting that our VAR captures a large amount of excess return predictability.

We then estimate the unexpected change in the VAR variables due to tariff announcements, 𝑑x0.

Similar to the procedure used to estimate the deviation in firm values, we estimate 𝑑x0 as the sum

of daily changes in the vector x𝑡 over all announcement days after controlling for the release of

macroeconomic surprises; that is, as the sum of β 𝑗 in the regression

Δx𝑡 = α +
𝐽∑
𝑗=1

β 𝒋𝐷
𝑗
𝑡 +

𝐷∑
𝑑=1

γ𝑑𝐸𝑆𝑑,𝑡 + ϵ𝑡 , (3.22)

where 𝐷 𝑗
𝑡 is an indicator variable equal to one if day 𝑡 is in the window of announcement 𝑗 ,

and 𝐸𝑆𝑑,𝑡 corresponds to the surprise in the economic series 𝑑. Table 3.6 reports the results of the

estimation. As discussed in Section 3.2, the stock-market drops around the announcement days, the

15This is similar to what Martin (2017) does to assess the predictability power of the equity-premium bound on
quarterly excess returns.
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Table 3.5: VAR Matrix B

(1) (2) (3) (4) (5) (6) (7)
F.log 𝑅risk-free F.log 𝑅𝐸𝑀 F.TS F.EPB F.VS F.CS F.log 𝑃𝐷

log 𝑅risk-free 0.917∗∗∗ -0.526 0.075 -0.114 -2.517 -0.022 1.773
(0.05) (1.71) (0.10) (0.56) (2.36) (0.03) (1.80)

log 𝑅𝐸𝑀 -0.004 0.176∗∗ 0.007 -0.022 -0.177 -0.001 0.180∗∗

(0.00) (0.08) (0.01) (0.03) (0.13) (0.00) (0.08)
TS 0.038 2.554∗ 0.485∗∗∗ 0.218 0.675 -0.068∗∗ 4.744∗∗∗

(0.05) (1.54) (0.12) (0.34) (2.69) (0.03) (1.55)
EPB 0.003 0.794∗∗∗ 0.012 0.574∗∗∗ 0.095 0.000 1.117∗∗∗

(0.01) (0.30) (0.02) (0.07) (0.41) (0.00) (0.29)
VS -0.001 0.036 -0.003 0.001 0.930∗∗∗ -0.001 0.092∗∗∗

(0.00) (0.03) (0.00) (0.01) (0.05) (0.00) (0.03)
CS -0.194 -12.704∗∗ 1.419∗∗∗ -0.059 -9.455 1.124∗∗∗ -19.043∗∗∗

(0.15) (5.64) (0.44) (1.35) (9.25) (0.11) (5.71)
log 𝑃𝐷 -0.003∗∗ -0.163∗∗∗ 0.005 0.015 0.002 0.001∗ 0.795∗∗∗

(0.00) (0.05) (0.00) (0.01) (0.07) (0.00) (0.05)
𝑅2 0.83 0.12 0.84 0.37 0.89 0.87 0.84
𝑁 6,545 6,545 6,545 6,545 6,482 6,545 6,545

Note: The table reports the result of estimating the regression in equation (3.19), using daily variables to get more
identification. That is, we estimate the VAR specification: x𝑡+63 = a +Bx𝑡 + u𝑡+63 where 𝑡 denotes a day (note that
63 corresponds to the average number of trading days in a quarter). The sample is all trading days between 1996 and
2022. Standard errors are estimated using Newey-West robust standard errors with a bandwidth of 63 to account for
overlapping observations.
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risk-free rate decreases, slightly at the 3-month horizon and more strongly at the 10-year horizon,

while the equity premium increases. Moreover, the value spread also increases; that is, the value of

the equity of growth firms (i.e., firms with low book-to-market ratio) drops more than the value of

equity of value firms (i.e., firms with high book-to-market ratio). This is consistent with the idea

that growth firms tend to have cash flows with a longer maturity than value firms, and, therefore,

are more sensitive to changes in discount rates.

Table 3.6: Cumulative Effect of Tariff Announcements on the VAR Components 𝑑x0

(1) (2) (3) (4) (5) (6) (7)
log 𝑅risk-free log 𝑅𝐸𝑀 TS EPB VS CS log 𝑃𝐷

Event -0.000∗∗ -0.125∗∗∗ -0.005∗∗∗ 0.046∗∗∗ 0.092∗∗∗ -0.001∗∗∗ -0.127∗∗∗

(0.000) (0.040) (0.001) (0.013) (0.030) (0.000) (0.039)
𝑁 753 754 753 753 753 753 753

Note: The table reports the sum of 𝛽 𝑗 in the regression (3.22). The sample includes all trading days from 2017 to
2019. Robust standard errors are in parentheses.

Table 3.7 combines the estimates for B (Table 3.5) and the estimate for 𝑑x0 (Table 3.6) to

compute the deviation in future risk-free rates and future excess stock-market returns following

equations (3.20) and (3.21). We find that the deviation in future risk-free rates due to tariff an-

nouncements is approximately −2.1 percentage points while the deviation in future excess stock

returns is approximately 8.9 percentage points. These estimates imply that the overall drop in the

aggregate stock-market return due to changes in the required return on equity is 6.8 percentage

points (= −2.1 + 8.9).16 Given that the overall drop in the (value-weighted) stock-market return is

approximately −11.5 percentage points, this implies that changes in discount rates account for ap-

proximately half of the decline in the aggregate stock-market value around tariff announcements.

Note that the relative importance of discount-rate shocks on announcement days is consistent with

existing results on their relative importance for the unconditional variance of returns (see, for in-

stance, Campbell (2003)).

We check the plausibility of the estimates coming from the VAR by comparing the VAR’s

estimates for movements in the real risk-free rate and equity premium with the observed changes
16This calculation can be seen as an application of equation (3.18) for a firm with 𝜅 𝑓 = 1 and 𝛽 𝑓 = 1.
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Table 3.7: Estimated Changes in Future Discount Rates

Deviation in Future Risk-free Rates Deviation in Future Excess Returns∑∞
𝑡=1 𝜌

𝑡E0
[
𝑅̂risk-free,𝑡

] ∑∞
𝑡=1 𝜌

𝑡E0
[
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

]
Baseline -0.021 0.089

Note: The table reports the deviation in risk-free rate, e′1𝜌B(𝐼 − 𝜌B)−1𝑑x0, and the deviation in the equity premium,
e′2𝜌B(𝐼 − 𝜌B)−1𝑑x0. Note that the matrix B is reported in Table 3.5 while the vector 𝑑x0 is reported in Table 3.6.
We use 𝜌 = 0.9751/4 which corresponds to an annualized consumption-to-wealth ratio of 1 − 0.975 = 2.5%, to match
the average dividend yield of the overall stock market between 2017 and 2019.

in the term structure of real yields and the equity-premium bounds measured in Section 3.2. The

left panel of Figure 3.7 plots the change in the average (real) risk-free rate and the excess stock-

market return predicted by the VAR as a function of time. The right panel of Figure 3.7 reproduces

the change in the term structure of real Treasury yields and in the equity-premium bound around

announcement days obtained in the last section. These two figures give similar results regarding

the evolution of discount rates following tariff announcements: the real risk-free rate decreases,

especially at longer horizons, while the expected excess stock-market returns sharply increases,

especially at short horizons. Thus, the VAR is consistent with the reduced-form evidence on the

evolution of discount rates.17

Aggregation We then aggregate these firm-level deviations in discount rates using the same

weighting scheme as the one used for the deviation in firm values; that is, we reweight firms

based on their employment level and industry to approximate the composition of firms in the U.S.

economy.

Overall our methodology indicates that changes in firm discount rates account for a 3.1 percent

drop in the overall market value of firms. Note that this number is about half of the 6.8 percent

implied effect of discount rates on the aggregate market value of firm equity (as computed in the

previous paragraph). As in the previous section, this reflects the dampening effect of leverage

17Relatedly, Knox and Vissing-Jorgensen (2022) propose to only use the reduced-form changes in the yields of
Treasuries and in the equity-premium bound to back out discount rates. The downsides of this methodology are that
(i) the equity-premium bound is only a lower bound on the “true” equity premium and that (ii) it is only available up
to a three-year maturity. Our VAR methodology solves these two issues at the cost of assuming more structure on the
evolution of the economy.
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Figure 3.7: Effect of Tariff Announcements on Discount Rates: VAR versus Reduced-Form
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Note: The figure in the left panel plots the effect of tariff announcements on the annualized (real) risk-free rate
and excess stock-market return between 0 and 𝑡; that is, (4/𝑇)∑𝑇

𝑡=1 E0 [𝑅̂risk-free,𝑡 ] = (4/𝑇)∑𝑇
𝑡=1 e

′
1B

𝑡𝑑x0 and
(4/𝑇)∑𝑇

𝑡=1 E0 [𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡 ] = (4/𝑇)∑𝑇
𝑡=1 e

′
2B

𝑡𝑑x0. The right panel plots the effect of tariff announcements
on the yield to maturity of TIPS as well as on the equity-premium bounds across different maturities, as defined by
Martin (2017) (the right panel was reported earlier in Figure 3.5).

(see equation (3.16)): as firms issue a mix of debt and equity, the required return on their assets

(a weighted average of the required returns on their debt and on their equity) rises less than the

required return on their equity.

3.4.4 Measuring the Deviation in Tariff Revenues

The last term for the welfare effect of the policy is the deviation in tariff revenues. In order to

avoid introducing additional estimates into the procedure, we opt to bound the impact of tariff rev-

enues on our estimation. We have yearly U.S. tariff rates for each product ℎ (HS10) and exporting

country 𝑐. Let Ω𝑈𝑆ℎ,2019 be the set of countries that export product ℎ to the U.S. in 2019 and Ω𝑈𝑆2019

the set of products the U.S. imported in 2019. We can construct the upper bound for how much

revenue will be generated by an increase in tariffs by assuming that higher tariffs have no impact

on import values. In this case, we can set future import values equal to their 2017 values. The

upper bound of the percent change in tariff revenue for 2019 relative to the baseline of 2017, 𝑇𝑅,

is the sum of the product of the total import value and the tariff rate:
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𝑇𝑅 = (𝑇𝑅2017)−1
∑

ℎ∈Ω𝑈𝑆2019

∑
𝑐∈Ω𝑈𝑆

ℎ,2019

Tariff Rateℎ,2019,𝑐 × Import Valueℎ,2017,𝑐 − 1.

Similarly, the lower bound for the amount of revenue raised by a tariff is zero if all tariff increases

result in prohibitive tariffs that cause import values to fall to zero, so 𝑇𝑅 = −1. In order to

be conservative and estimate the smallest possible decline in welfare, we focus on the the upper

bound for the increase in tariff revenues but note that because 𝑇𝑅/𝐶 in equation (3.13) is small,

there is little scope for different assumptions about the movement in tariff revenues to affect the

results.

3.5 Results on Aggregate Welfare

We now compute the aggregate welfare effect of the tariff announcements, which is the sum

of the three components in equation (3.13), across all announcement days: the deviation in firm

values, the deviation in firm discount rates, and the deviation in tariff revenues. We report the

impact of the tariff announcements on welfare in Table 3.8. In our baseline specification, we find

that the deviation in firm value is −6.7 percent while the deviation in firm future discount rates

is approximately 3.1 percent; as a result, the implied deviation in firm future cash-flows is −3.6

percent (= −6.7 + 3.1). Combined with the fact that the maximum increase in welfare due to

higher tariff revenues is 0.6 percent, we find that the overall welfare effect of tariff announcements

is −3.0 percent. In the rest of the section, we examine the robustness of our results, we relate

our estimates to conventional measures of welfare in trade, and we compare our estimates to a

difference-in-difference framework.

3.5.1 Robustness

We now assess the robustness of our baseline estimates along several dimensions. The results

of these robustness checks are reported as additional rows in Table 3.8.
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Table 3.8: Welfare Effect

Components Welfare

Firm Value Firm Discount Rate Tariff Revenues C
Baseline -0.067 0.031 0.006 -0.030
Robustness w.r.t. firm sample

Enforcing balanced panel -0.072 0.038 0.006 -0.028
Removing firm specific announcements -0.068 0.031 0.006 -0.031

Robustness w.r.t. firm weights
Finer employment grid -0.061 0.032 0.006 -0.023
No effect on financial firms -0.063 0.030 0.006 -0.026
No effect on firms below 500 employees -0.035 0.016 0.006 -0.013

Robustness w.r.t. tariff revenues
Estimates from Fajgelbaum et al. (2020) -0.067 0.031 0.002 -0.034

Robustness w.r.t. announcement window
3-day window for firm value -0.057 0.031 0.006 -0.021
3-day window for firm discount rate -0.067 0.046 0.006 -0.015

Robustness w.r.t. VAR variables
Without TS -0.067 0.035 0.006 -0.025
Without EPB -0.067 0.035 0.006 -0.025
Without VS -0.067 0.047 0.006 -0.013
Without CS -0.067 0.041 0.006 -0.020
Without log 𝑃𝐷 -0.067 0.004 0.006 -0.056

Robustness w.r.t. discount rate model
3-FFM instead of CAPM -0.067 0.042 0.006 -0.019
Corp yields instead of risk-free rate -0.067 0.032 0.006 -0.028

Note: The table reports the welfare effect of trade announcements, C, as well as its three components defined in
equation (3.13): the aggregate deviation in firm values, the aggregate deviation in firm discount rates, and the effect
on tariff revenues.

Firm Sample We first explore the robustness of our results with respect to the sample of firms.

We first show that our estimates remain the same if we restrict ourselves to a balanced sample by

removing all firms with missing returns between 2017 and 2019, which removes approximately

10 percent of the firms. We also show that our estimates remain the same if we remove firms

with firm-specific announcements during the same window as one of our tariff announcements (as

reported in Capital IQ).

Firm Weights As explained above, to compute the aggregate welfare effect of tariff announce-

ments, it is essential to weight firms in the Compustat-CRSP sample to approximate the distribution

of employment and sectors in the U.S. economy. We now explore the robustness of our results with
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respect to this weighting scheme by using three alternative procedures.

First, we use finer employment bins within each sector (defined by employment thresholds

of 500, 750, 1000, 1500, 2000, 2500, 5000, 10000, and 20000). To deal with the fact that this

leads to sparsely populated cells, we regress deviations in firm values and discount rates on log

employment and log employment squared within each sector and announcement. We then use

the predicted values from these regressions to fill out deviations within each cell. This alternative

methodology tends to find a slightly less negative drop in firm value and, therefore, on welfare. We

describe this alternative methodology in more detail in Appendix C.4.

Second, we estimate the welfare effect assuming that firms in the financial sector are unaffected

by tariffs. This robustness exercise is motivated by two reasons: first, it reflects the fact that our

model more naturally applies to nonfinancial firms, and second, adding the deviation in financial

firms may lead to a double counting, as these firms own claims on non-financial firms. Assuming

tariffs have no impact on financial firms hardly affects the results.

Finally, we compute the welfare effect under the drastic assumption that there is no effect of

tariff announcements on firms below 500 employees (that is, we assume that the deviation in firm

values and discount rates is zero for all firms below this threshold). Despite this assumption, we

still find a sizable welfare effect equal to −1.3 percent.

Tariff Revenues Our baseline choice of the maximum possible tariff revenue associated with the

tariffs tends to understate the welfare losses associated with the tariffs. We correct for this bias by

using Fajgelbaum et al. (2020b)’s estimates of tariff revenues instead of our upper bound. This

more realistic estimate causes the welfare effect to fall from -3.0 percent to -3.4 percent.

Event Window In the baseline results, we estimate the deviation in firm values and discount rates

using the response of financial variables on the day of the tariff announcements. As a robustness

check, we now explore using a longer three-day window. We first estimate the change in firm

value measured using a three-day window. As reported in Table 3.8, we find that the implied

welfare effect of tariff announcements is slightly smaller, reflecting the fact that the stock market
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declines only a little less using a three-day window rather than a one-day window.

Next, we estimate the change in firm discount rates using a three-day window. Appendix Table

C.6 reports the change in the VAR variables obtained over a three-day window around announce-

ment days. Compared to the estimates obtained using a one-day window reported in Table 3.6, the

estimates become much noisier—in particular, all changes in the VAR variables that are unrelated

to stock-market returns lose statistical significance. We use these estimates of 𝑑x0 in equations

(3.20) and (3.21) as inputs into the VAR estimation to obtain an estimate of the discount rate using

the three-day window. Appendix Table C.7 reports that these responses imply a smaller decrease in

future risk-free rate, and, consequently, a larger increase in overall firm discount rates. As a result,

these responses imply a smaller welfare effect (Table 3.8). These results should be interpreted with

caution, however, as the responses of the variables used in the VAR to tariff announcements are

not significant.

VAR Variables To estimate firm-level discount rates, we specify a VAR with a set of variables

that is very similar to the existing literature. Still, it is useful to check that our results are qualita-

tively not dependent on the exact choice of variables in the VAR. Hence, as a robustness check, we

re-estimate the VAR after removing successively each one of the components of the vector x𝑡 . We

report the results for the deviation in future risk-free rates and future excess stock-market returns

in Appendix Table C.7 and the resulting numbers for the welfare effect in Table 3.8. Overall, we

find similar changes in discount rates after successively removing each variable from the VAR.

The only exception occurs when we run a VAR excluding the price-dividend ratio, in which case

the predicted change in discount rates is significantly lower. This reflects the importance of the

price-dividend ratio as a predictor of future discount rates (Cochrane (2008)).

Factor Model In the baseline results, we made the simplifying assumption that the log deviation

in the interest rate paid on firm debt was the same as the log deviation in the risk-free rate and

that the deviation in the required return on firm equity was given by its beta exposure to the stock

market times the deviation in the expected excess return on the market (CAPM). As a robustness
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check, we now sequentially relax these two assumptions.

First, we use the Fama-French 3-factor model instead of the CAPM to estimate the discount rate

on firm equity. This effectively allows the discount rate of a firm equity to depend not only on its

exposure to the stock market (as in the CAPM) but also on its size and book-to-market values. As

reported in Appendix Table C.7, we find that tariff announcements slightly increase the expected

return of the SMB portfolio; that is, tariff announcements have a larger effect on the discount rate

of small firms relative to big firms. This implies that, relative to the CAPM, our Fama-French

3-factor model generates an estimate for firm-level discount rates that is higher for small firms

(firms with 𝛽 𝑓 ,𝑆𝑀𝐵 > 0) and lower for big firms (firms with 𝛽 𝑓 ,𝑆𝑀𝐵 < 0). These changes would

average out if we were doing a value-weighted average of firms in our sample. However, because

we overweight smaller firms, this leads to a lower aggregate deviation in firm discount rates by

1.1 percentage points. As a result, the overall decline in welfare is mechanically reduced by 1.1

percentage points.

Second, we assume that the log deviation in the interest rate paid on firm debt is equal to the

log deviation in the yields of 𝐵𝐴𝐴 bonds rather than the risk-free rate on debt. As reported in

Table 3.8, we find that our measure of welfare hardly changes; that is, our VAR estimates exhibit

relatively little deviation in credit spread following announcement shocks. See Appendix C.5.3 for

more details.

3.5.2 Interpreting the Results Through the Lens of Our Model

We now use our firm-specific factor model to relate our baseline estimates for the welfare effect

of tariffs to the ones implied by static models of trade. Combining equation (3.11) with Proposition

2 allows us to express the welfare effect of asset prices due to changes in firm cash flows into the
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expected ERP and productivity movements (see Appendix C.2.2 for details):

C𝑟 =
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶


𝑝𝑒𝑓 0︸︷︷︸

Static Price Effect

+
∞∑
𝑡=1

𝜌𝑡E0

[
𝑝𝑒𝑓 𝑡 − 𝑝

𝑒
𝑓 𝑡−1

]
︸                       ︷︷                       ︸

Dynamic Price Effect

+
∞∑
𝑡=0

𝜌𝑡E0

[
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

]
︸                       ︷︷                       ︸

TFP Effect


.

(3.23)

This equation decomposes the cash-flow effect of tariff announcements on welfare into three terms:

a static price effect, a dynamic price effect, and a productivity effect. The static price effect of a

tariff tells us how much a given vector of tariff changes would affect welfare if the initial tariffs

caused the same percentage change in the ERP from the baseline level in each future period and

had no impact on productivity. Weighting these ERP movements by the ratio of firm value added to

consumption gives us the first component of the welfare impact. The dynamic price effect captures

welfare losses due to future growth in the ERP deviations. For example, if tariffs affect the growth

of ERP through some dynamic pricing process or through an escalation of the trade war, this

would be captured in the dynamic price effect. Weighting these future ERP changes by firm value

added and the appropriate discount factor provides a mapping from this expected growth in future

prices into welfare. Finally, the TFP effect captures how a tariff announcement affects welfare by

affecting TFP now and in the future.

Equation (3.23) makes clear the difference between measuring welfare using a comparative

static exercise and our approach. In comparative statics exercises, 𝑝𝑒𝑓 0 is measured by estimating

how tariffs change the ERP assuming that these tariffs do not affect expected future TFP and that

all future changes in ERP equal the initial change (𝑝𝑒𝑓 𝑡 = 𝑝𝑒𝑓 0). Our approach, which is based

on estimating the cash-flow effect directly, allows us to relax the assumptions that the TFP and

dynamic price effects are zero and capture the full effect of a tariff increase.

We now use equation (3.23) to decompose our baseline number for the welfare effects of asset

prices through firm cash flows into a static price effect, a dynamic price effect, and a TFP effect.

First, as we explain in detail in Appendix C.2.2, we can estimate the static price effect (𝑝𝑒𝑓 0) by
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applying tariff pass-through estimates during the trade war from Fajgelbaum et al. (2020b) and

Amiti et al. (2019b) to compute the static impact of the tariff on the effective rates of protection

and aggregating these to understand what our estimate would have been if markets had just thought

the applied tariffs would cause a permanent change in ERP and had no impact on TFP. Depending

on how one models the way in which U.S. firms adjust their pricing in response to tariffs, we

estimate that the static effect of the tariffs would have lowered U.S. welfare by 0.17 to 0.3 percent

(see Appendix C.7 for details). These estimates are remarkably similar to those obtained by Amiti

et al. (2019b) and Fajgelbaum et al. (2020b) who estimate welfare losses of 0.20 and 0.27 percent,

respectively.18 The similarity of the results establishes that the specific factors model, which forms

the basis of our setup, delivers standard results if one assumes that the start of a tariff war will not

affect TFP or have any time varying impact on prices.

Turning to the dynamic price effect, its lower bound is likely to be what would happen if

markets expected the U.S. to levy its maximal tariffs with probability 1. In the 2024 presidential

campaign, President Trump discussed levying tariffs of 60 percent on China and 20 percent on all

other countries—a larger average increase than that of the 1930 Smoot-Hawley tariff (c.f. Irwin

(2017))—which we take as the likely maximum expected U.S. threat point. If markets were certain

that these tariffs would be implemented shortly after the start of the trade war, we calculate the

dynamic price effect would lower U.S. welfare by 1.0 to 2.2 percentage points depending on the

assumptions made about tariff passthrough into domestic prices (see Appendix C.2.2 for details).

Subtracting the largest possible losses due to the price effects still leaves a large welfare loss due

to the change in expected TFP: −1.1 (= −3.6 + 0.3 + 2.2). In other words, our baseline estimates

imply that markets anticipated the tariffs would cause a welfare loss that was at least three times

larger than standard estimates imply because of expected falls in TFP. At a minimum, our estimates

imply that standard estimates depend crucially on optimistic assumptions about the probability that

tariffs will beget future tariffs or cause lower productivity, and it is these assumptions that explain

18The estimate of 0.20 comes from multiplying the monthly cost of the tariffs to importers in December of 2018 in
Table 2 of Amiti et al. (2019b) by twelve and dividing by U.S. GDP. Fajgelbaum et al. (2020b) report an equivalent
variation loss of 0.27 percent if tariffs are not passed through into export prices and 0.22 if they are (Table VII).
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the difference between the small impact of tariffs found in static models and the ones we identify.

3.5.3 Treatment Effects

Another way to relate our results to the literature is to contrast the impact of tariff announce-

ments on firms in general vs. the differential impact of tariffs on “exposed” vs. “unexposed” firms

using a standard difference-in-difference approach.

Table 3.9: Impact of Tariff Announcements on Cash Flows

(1) (2)
U.S. China

China Importer -1.97∗∗∗ -0.45∗∗

(0.26) (0.20)
China Exporter -1.17∗∗∗ 0.03

(0.41) (0.30)
China Revenue Share -5.52∗∗∗ -4.95∗∗∗

(1.77) (1.49)

Note: The dependent variable is residualized cash flow (CF 𝑓 𝑡 ) multiplied by 100, which is constructed by summing
Π̂ 𝑓 0 (constructed using equation (3.15)) and the change in the discount rate (which is based on the change in the VAR
variables on announcement days after controlling for economic surprises). This table uses a one-day window around
each event and reports the sum of the coefficients across U.S. and China event days in the first and second columns,
respectively. China Importer is a dummy that equals one if the firm or any of its subsidiaries or suppliers import
from China. China Exporter is a dummy that equals one if the firm or subsidiaries export to China. China Revenue
Share is the share of the firm’s revenue from China. There are 26,807 observations. Standard errors are in parenthesis.
Asterisks correspond to the following levels of significance: ∗∗∗𝑝 < 0.01,∗∗ 𝑝 < 0.05,∗ 𝑝 < 0.1.

To this end, we use an event study, where we project firm-level deviations in cash flow on a

set of our three firm-level characteristics 𝑍𝑖 𝑓 ∈ {Importer, Exporter, China Revenue Share} associ-

ated with China exposure, allowing for different coefficients for each announcement day and each

exposure type.

CF 𝑓 𝑡 ≡
∞∑
𝑡=0

(1 − 𝜌)𝜌𝑡E0
[
𝑟 𝑓 𝑡

]
= 𝛼𝑡 +

∑
𝑗

∑
𝑖

𝛾𝑖 𝑗𝑍𝑖 𝑓𝐷 𝑗 𝑡 + 𝜖 𝑓 𝑡 , (3.24)

where the left-hand side variable is the expected present discounted value of firm cash flow, which

can be measured using Proposition 4, estimated using the method described in Sections 3.4.2

and 3.4.3; 𝛼𝑡 is a day fixed effect; 𝐷 𝑗 𝑡 is a dummy variable that is one if day 𝑡 is the same as
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announcement day 𝑗 ; 𝑍𝑖 𝑓 is a measure of firm 𝑓 ’s exposure to China; 𝛾𝑖 𝑗 is parameter to be

estimated; and 𝜖 𝑓 𝑡 is an i.i.d. error term.

In Table 3.9, we present the cumulative effects of the U.S. tariffs in column (1) and the cu-

mulative effects of the Chinese tariffs in column (2). Tables with individual coefficients for each

day are presented in Appendix C.8. The coefficients should be interpreted as the effect of the

announcement on the expected cash flows of exposed firms relative to unexposed firms. The cu-

mulative impact of the U.S. events indicates that in general U.S. tariff announcements had large,

negative, and significant effects on the expected cash flows of importers, exporters, and firms sell-

ing in China: the expected cash flows of U.S. importers fell 1.97 percentage points more than firms

that did not import from China; the relative fall in expected cash flows of exporters were 1.17

percentage points more than those of non-exporters, and firm’s selling in China saw their expected

cash flows fall by 0.06 percentage points for every percentage point of revenue share they obtained

from China. The coefficient on China Revenue Share implies that a firm with the average sales

exposure to China (three percent of revenue) experienced a fall in expected cash flow of 0.18 per-

centage points lower than a firm with no sales in China across all of the U.S. events. Similarly,

Chinese announcements significantly lowered expected cash flows for firms selling in China (either

by exporting or through multinationals).

To compare the magnitude of treatment effect relative to the aggregate effect, we then estimate

an aggregate welfare effect using only the deviations in firm values and discount rates predicted

by these firm-level characteristics (without taking into account the intercept). We find this welfare

effect is -0.89 percentage points, which is approximately a quarter of our baseline welfare result

(before taking into account tariff revenues). This reflects the fact that it is important to take into

account the overall negative effect of tariffs announcements on all firms, not just the differential

one with respect to Chinese exposure.
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3.6 Conclusion

The main contribution of this paper is to assess the welfare effect of a trade war using the

reaction of financial markets to policy announcements. Using an infinite-horizon specific factors

model, we show that the change in firm cash flows is a sufficient statistic for identifying expected

movements in wages, employment, and welfare.

Our estimates for the welfare effect of the trade war are large compared to conventional mea-

sures based on static models. Seen through the lens of our model, the difference arises because

conventional analyses assume that tariffs have no effect on TFP and will not change the probabil-

ity of future price changes (arising from dynamic price effects or future protection). Our baseline

estimates indicate that the expected TFP effect, in particular, must be large. This result provides

strong support for dynamic models that feature trade-related TFP spillovers as well as models that

embed the political economy of future tariff escalations into the costs of starting a tariff war.

Our paper also opens new paths for future research. First, our research suggests that obtaining

a better understanding of how trade affects TFP could lead to richer explanations of why compara-

tive static models deliver small effects from protection while markets react much more negatively.

Second, although our focus is on the impact of the tariff announcements on welfare, the method-

ology could just as easily be applied to other unanticipated policy announcements. In addition,

our theory develops predictions for how cash flows can be used to understand movements in em-

ployment, productivity, prices, etc. These links may help future researchers better understand the

mechanisms
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Appendix A: Appendix for Chapter 1

A.1 Data Appendix

A.1.1 ASI Commodity Classification (ASICC)

The ASI classifies output and input products according to its 5-digit commodity classification,

ASICC. For each 5-digit code, the ASICC lists an official unit of measurement for quantities. Pro-

vided that reporting plants abide by this official unit of measurement, the data on quantities can be

compared across plants. To track changes in quantities over time, however, I have to further make

sure that any changes in product codes or units of measurement for each product are accounted for

across different years of the data.

For survey years 2000-01 to 2007-08, there are minimal changes to the ASICC over time. Of

5,471 5-digit product codes that appear between these year, 5,458 codes can be consistently tracked

over time (i.e., unit of measurement and product description remains constant). For survey years

2008-09 to 2009-10, there are no changes to the ASICC over time. All 6,176 5-digit product codes

that appear between these year can be consistently tracked over time.

Across these two versions of ASICC, however, a considerable number of changes are intro-

duced. Of the 5,471 product codes that appear in 2000-08, 5,350 codes can be consistently mapped

with ASICC codes for 2008-10. This is done by first matching on the full text description of each

product code. Then, for the unmatched codes, another round of matching is performed based on the

combination of 5-digit code, the unit of measurement, and the first five letters of the text descrip-

tion. The remaining 121 codes from 2000-08 and 833 codes from 2008-10 cannot be consistently

tracked across these two versions of the ASICC.

For this study, I only make use of the quantity information for the 5,350 codes that can be
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consistently tracked across all years of the sample.1 For the remaining product codes that cannot

be tracked consistently over time, I set their unit of measurement to be missing and do not make

use of the quantity information associated with these product codes.

A.1.2 District Concordance

The different sources of data used in this study span across periods of time in which India

has introduced changes to its administrative districts. For instance, the Indian Census reports 466

districts in 1991 but 593 districts in 2001. Furthermore, some data sources aggregate a number of

districts when reporting. For example, the ASI often aggregates all districts of Delhi when report-

ing the location of each plant. For these reasons, there is a need to create a district concordance

that consistently maps districts across data sources and over time. I begin with the 593 districts

in 2001 and introduce the following changes. All nine districts of Delhi are combined. The two

districts Mumbai and Suburban Mumbai are combined. The three island districts of Lakshadweep,

Andamans, and Nicobars are excluded from the analysis. This reduces the number of districts from

593 to 581.

A.1.3 District-level Variables

In Table A.1, I report the summary statistics on the district-level variables used in this study sep-

arately for the estimation and full sample. These include log-changes in access to higher-income

markets (𝑑 ln AHIM𝑑,09−00), local wages (𝑑 ln𝑤𝑑,09−00), and local price of materials (𝑑 ln 𝑃𝑀𝑑,09−00).

The measurements of AHIM, local wages, and local price of materials are described in Section 1.3

of the main text. Note that the logged change in local wages has fewer observations compared to

other variables, because it requires plant-level wages for its construction and some districts are not

covered by the ASI sample. Additional variables include the logged values of access to higher-

income markets (ln AHIM𝑑,2001), total district population (ln Population𝑑,2001), share of district

1For several products, the official unit of measurement is left blank. The quantity data for these products, even
if reported by the plants, cannot be compared across plants. Accordingly, I do not make use of the quantity data for
product codes that do not have an official unit of measurement.
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population with high school degrees (Pop. Share: High School𝑑,2001), and share of district popu-

lation living in urban places (Pop. Share: Urban𝑑,2001) in 2001.

Table A.1: Summary Statistics on District-level Variables

Estimation Full

Obs Mean SD p10 p90 Obs Mean SD p10 p90

𝑑 ln AHIM𝐸
𝑑,09−00 117 0.06 0.07 -0.03 0.15 570 0.03 0.05 -0.02 0.09

ln AHIM𝐸
𝑑,2001 117 4.90 0.66 4.15 5.69 570 4.81 0.66 4.03 5.53

𝐸𝑑,2001 117 174.33 54.28 113.80 253.34 570 171.72 66.82 105.69 254.96
𝐸𝐴𝑑,2001 117 255.34 68.19 194.58 333.31 570 253.18 66.20 189.03 334.98
𝐸𝐵𝑑,2001 117 109.83 15.42 88.13 129.42 570 109.00 18.21 85.77 131.74
ln Population𝑑,2001 117 14.57 0.61 13.83 15.25 570 14.06 0.97 12.84 15.05
Pop Shr: High School𝑑,2001 117 0.16 0.06 0.09 0.25 570 0.14 0.07 0.07 0.24
Pop Shr: Urban𝑑,2001 117 0.28 0.16 0.10 0.53 570 0.23 0.18 0.06 0.46
𝑑 ln𝑤𝑑,09−00 83 0.13 0.19 -0.09 0.36 340 0.11 0.27 -0.17 0.40
𝑑 ln 𝑝𝑀𝑑,09−00 83 -0.28 0.25 -0.55 0.00 337 -0.23 0.36 -0.57 0.18

Notes: “Estimation” refers to the sample of districts that are directly intersecting with an upgraded NHDP road as
of March 2009 while “Full” refers to all districts. Reported statistics are the number of observations (Obs), mean,
standard deviation (SD), 10th percentile (p10), and 90th percentile (p90). See Section A.1.3 for descriptions of these
variables.

I obtain district-level population counts, broken down by educational level and urban/rural cat-

egorization, for 2001 from the Indian Census (Table B-3). This Census table reports each district’s

urban and rural population counts for six educational levels: (1) illiterate; (2) literate but below

matric/secondary; (3) matric/secondary but below graduate; (4) technical diploma or certificate

not equal to degree; (5) graduate and above other than technical degree; and (6) technical degree

or diploma equal to degree or post-graduate degree. In this paper, educational levels (3) and above

are considered to be “high school or higher".

A.1.4 Variety-level Variables

In Table A.2, I report the summary statistics on the output and input variety-level variables used

in this study separately for the estimation and full sample. These are log-changes in marginal cost

(𝑑 ln𝑚𝑐𝑣,09−00), per-unit cost of materials (𝑑 ln 𝑢𝑚𝑐𝑣,09−00), per-unit cost of labor (𝑑 ln 𝑢𝑙𝑐𝑣,09−00),

revenue share (𝑑 ln RevShr𝑣,09−00), output price (𝑑 ln 𝑝𝑣,09−00), output quantity (𝑑 ln 𝑦𝑣,09−00),

average product appeal (𝑑 lnΦ𝑣,09−00), and input price (𝑑 ln 𝑝𝑀𝑣,09−00). The measurement of
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marginal cost, per-unit cost of materials, per-unit cost of labor, and revenue shares are defined

in Section 1.3 of the main text. Output price is obtained by dividing the total revenue of each vari-

ety by its total quantity. Finally, input price is obtained by dividing the value of each input variety

by its total quantity. Note that since these variables measure changes from 2000 to 2009, the same

variety (i.e., unique plant-product pair) needs to be observed in both periods in order to appear in

this sample.

Table A.2: Summary Statistics on Variety-level Variables

Estimation Full

Obs Mean SD p10 p90 Obs Mean SD p10 p90

𝑑 ln𝑚𝑐𝑣,09−00 1113 0.02 1.66 -0.97 1.42 3393 0.02 1.62 -0.97 1.37
𝑑 ln 𝑢𝑚𝑐𝑣,09−00 1113 0.02 1.66 -0.93 1.40 3393 0.01 1.62 -0.97 1.36
𝑑 ln 𝑢𝑙𝑐𝑣,09−00 1113 0.04 1.75 -1.22 1.54 3393 0.02 1.71 -1.32 1.59
𝑑 lnΦ𝑣,09−00 1113 -0.00 1.71 -1.14 1.49 3393 0.00 1.69 -1.18 1.45
𝑑 ln 𝑅𝑣,09−00 1113 0.15 1.57 -1.33 1.76 3393 0.15 1.54 -1.35 1.67
𝑑 ln 𝑝𝑣,09−00 1113 0.00 1.64 -0.89 1.31 3393 -0.01 1.59 -0.96 1.24
𝑑 ln 𝑦𝑣,09−00 1113 0.15 2.18 -1.75 2.12 3393 0.16 2.05 -1.67 2.00
𝑑 ln RevShr𝑣,09−00 1113 0.06 1.39 -1.19 1.42 3393 0.08 1.34 -0.97 1.24

Obs Mean SD p10 p90 Obs Mean SD p10 p90

𝑑 ln 𝑝𝑀𝑣,09−00 928 -0.21 1.50 -1.18 0.62 2784 -0.21 1.43 -1.09 0.60

Notes: “Estimation” refers to the sample of observations locating in districts that are directly intersecting with an
upgraded NHDP road as of March 2009 while “Full” refers to all observations. Reported statistics are the number of
observations, mean, standard deviation, 10th percentile, and 90th percentile.

A.1.5 Plant-level Variables

In Table A.3, I report the summary statistics on the plant-level variables used in this study sep-

arately for the estimation and full sample. These are log-changes in total revenue (𝑑 ln 𝑅 𝑓 ,09−00),

skill intensity (𝑑 ln SI 𝑓 ,09−00), skill premium (𝑑 ln SP 𝑓 ,09−00), wage (𝑑 ln𝑤 𝑓 ,09−00), value of capi-

tal (𝑑 ln𝐾 𝑓 ,09−00), revenue TFP (𝑑 ln TFP𝑅𝑓 ,09−00), value-added TFP (𝑑 ln TFPVA
𝑓 ,09−00), revenue per

labor (𝑑 ln R/L 𝑓 ,09−00), and value-added per labor (𝑑 ln VA/L 𝑓 ,09−00). Skill intensity is measured

as the ratio of non-production to production labor while skill premium is measured as the ratio of

non-production to production wages. Plant wages are computed by dividing the total expenditure
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on labor by the total quantity of labor (reported in man-days). The value of capital is measured

as the reported book value of fixed assets. Value-added is the difference between total revenue

and total expenditure on materials. Sometimes, plants had negative values for value-added, which

explains the lower number of observations for variables that take logarithms of value-added in the

table.

Table A.3: Summary Statistics on Plant-level Variables

Estimation Full

Obs Mean SD p10 p90 Obs Mean SD p10 p90

𝑑 ln R/L 𝑓 ,09−00 1465 0.08 0.80 -0.86 0.99 4291 0.08 0.77 -0.82 0.96
𝑑 ln VA/L 𝑓 ,09−00 1287 0.04 1.12 -1.23 1.30 3783 0.06 1.08 -1.14 1.25
𝑑 ln TFP𝑅𝑓 ,09−00 1465 0.30 0.61 -0.40 1.05 4291 0.31 0.59 -0.37 0.98
𝑑 ln TFPVA

𝑓 ,09−00 1287 0.06 1.10 -1.20 1.28 3783 0.08 1.07 -1.13 1.24
𝑑 ln 𝑠 𝑓 ,09−00 1465 -0.04 0.82 -1.07 1.02 4291 -0.03 0.78 -1.01 0.98
𝑑 ln𝑤 𝑓 ,09−00 1465 0.15 0.40 -0.35 0.67 4291 0.11 0.38 -0.35 0.61
𝑑 ln𝐾 𝑓 ,09−00 1465 -0.01 1.02 -1.20 1.28 4291 -0.02 1.04 -1.25 1.32
𝑑 ln 𝑅 𝑓 ,09−00 1465 0.19 0.97 -0.90 1.34 4291 0.15 0.93 -0.90 1.26
𝑑 ln 𝜇 𝑓 ,09−00 1465 0.00 0.15 -0.12 0.12 4291 0.00 0.15 -0.13 0.13

Notes: “Estimation” refers to the sample of observations locating in districts that are directly intersecting with an
upgraded NHDP road as of March 2009 while “Full” refers to all observations. Reported statistics are the number of
observations, mean, standard deviation, 10th percentile, and 90th percentile. See Section A.1.5 for a description of the
variables.

A.1.6 Construction of Road Network

In this section, I describe in greater detail how I digitize India’s road network in 2001 as shown

in Figure 1.2. As a first step, I obtained a scanned road map of India published by Survey of India,

which is India’s national mapping agency under the Department of Science and Technology (Subba

Rao (2011)). The scanned map plots four types of roads: national highways with number, all

weather motorable (differentiated according to importance by two levels of thickness), motorable

in fair weather, and where delay may occur. Of these, I manually digitized all national highways

and major (thicker of the two levels) all weather motorable roads using QGIS. The digitized map

consists of 59,088 km of national highways and 92,718 km of major roads.
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Although this map is published in 2011, comparison of the depicted national highways to

official records reveals that the map depicts India’s road network from around 2001. For example,

India’s official report on the total length of national highways lists 57,737 km as of March 31,

2001 (NHAI (2001)). This number rises to 70,934 km by 2011. Therefore, the total length of the

digitized national highways comes much closer to the official numbers in 2001 than in 2011. I was

able to obtain two lists of national highways from the National Highways Authority of India dated

November 30 of 2001 and March 6 of 2007.2 By comparing the numbered national highways from

the scanned map with these lists further confirm that the map depicts the road network from around

2001 since it is missing many of the national highways that appear in the list from 2007. I make

use of the national highway list from 2001 to determine which of the digitized national highways

existed in 2001. This process results in 54,934 km of digitized national highways in 2001, which

account for 95.1% of 57,737 km of national highways from the official records for 2001. Figure

1.2 plots these digitized roads for 2001.

Next, I obtained detailed status updates on the NHDP road upgrades from NHAI’s website

dated May 31, 2017.3 These status updates list the name, length, associated national highway

number, and date of start/completion for each stretch (203 in Phase I and 166 in Phase II). These

information allow me to identify which stretches of the NHDP roads were completed by each

year, which are plotted in Figure 1.3. To match each of these stretches with the digitized roads

from earlier, I make use of the information on each stretch’s description, its length, and associated

national highway number. Only the roads pertaining to the Port Connectivity projects are omitted

from this process.

2The official website of NHAI underwent major changes and older records no longer ap-
pear there. I made use of Wayback Machine to find these lists from archived web pages. See
https://web.archive.org/web/20020614225057/http://www.nhai.org:80/statewise2.htm for example. I was not
able to obtain a list of national highways from 2009 and resort to the list from 2007 instead.

3Again, I rely on Wayback Machine to retrieve these lists from the archived web pages of NHAI’s old website.
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A.2 Theoretical Appendix

A.2.1 Derivation of Demand

This sections describes an environment that gives rise to the demand function in equation (1.2).

Consider a consumer of type 𝑖 in location 𝑑, who obtains utility over the consumption of varieties

of a differentiated good. Her utility 𝑈𝑖𝑑 takes a non-homothetic CES form studied by Comin et al.

(2021) (the general case in their Appendix A) and is implicitly defined by the constraint

∑
𝑣

(
𝑐𝑣𝑖𝑑

𝑔𝑣 (𝑈𝑖𝑑)

) 𝜎−1
𝜎

= 1, (A.1)

where 𝜎 > 1 is the constant elasticity of substitution between varieties, 𝑐𝑣𝑖𝑑 is the quantity of

consumption of variety 𝑣, and 𝑔𝑣 (·) is a positive valued, continuously differentiable, and monoton-

ically increasing function for each variety. I choose the following functional form:

𝑔𝑣 (𝑈) = 𝑈𝑞−𝑈𝑣 , (A.2)

where 𝑞𝑣 ∈ (0, 1] is the quality of variety 𝑣. Its derivative is given by 𝑞−𝑈𝑣 (1 −𝑈 ln 𝑞𝑣) which

is positive for all 𝑞𝑣 ∈ (0, 1]. Note that when 𝑔𝑣 (𝑈) = 𝑈 for all 𝑣, we obtain the standard CES

preference.

The budget constraint is 𝐸𝑖𝑑 =
∑
𝑣 𝑝𝑣𝑑𝑐𝑣𝑖𝑑 , where 𝐸𝑖𝑑 is her expenditure and 𝑝𝑣𝑑 is the price of

variety 𝑣 that consumers face in location 𝑑. The demand for variety 𝑣 is given by

𝑐𝑣𝑖𝑑 = 𝑝−𝜎𝑣𝑑 𝑞
(𝜎−1)𝑈𝑖𝑑
𝑣 𝑈1−𝜎

𝑖𝑑 𝐸𝜎𝑖𝑑 , (A.3)

where the level of utility𝑈𝑖𝑑 is implicitly defined as a function of expenditure, prices, and qualities
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that satisfy

𝐸𝑖𝑑 = 𝑈𝑖𝑑

[∑
𝑣

(
𝑝𝑣𝑑/𝑞𝑈𝑖𝑑𝑣

)1−𝜎
] 1

1−𝜎

, (A.4)

which coincides with the expenditure function considered by Feenstra and Romalis (2014).

A.3 Empirical Appendix

A.3.1 Discussion on Least-Cost Networks

Following Faber (2014), a popular identification strategy among studies of infrastructure projects

relies on hypothetical least-cost paths that connect the nodes of the actual network. To implement

this strategy here, I would first calculate a hypothetical least-cost network that connects the four

targeted districts of Delhi, Mumbai, Chennai, and Kolkata, which has recently been done by Barag-

wanath Vogel et al. (2024). Then, hypothetical changes in access to higher-income markets would

be calculated based on travel times calculated on this least-cost network, which would then be used

to instrument for the observed changes in access to higher-income markets. The exclusion restrict

in this case will require that the hypothetical changes in access to higher-income markets from the

least-cost network be uncorrelated with any omitted variables that can affect the outcome variables

of interest. As with the NHDP network, another way of looking at is to ask whether locations

distant from the least-cost network are valid controls for districts close to the network. There are

reasons to believe that this is unlikely to be the case with India’s NHDP.

Unlike the Chinese highway project studied by Faber (2014), least-cost paths are much more

constrained in its shape because it has to connect the four targeted districts of Delhi, Mumbai,

Chennai, and Kolkata. In comparison, China’s highway system had the goal of connecting all

provincial capitals and cities with an urban population above 50,000 (Faber (2014)). Given the

locations of these four cities, it is difficult for least-cost paths to deviate much from the actual

network. The least-cost paths constructed by Baragwanath Vogel et al. (2024) (Figure B.1) indeed

show much overlap with the actual network. For example, their network with six and nine nodal
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cities show only small deviations that are unlikely to affect travel times between districts. Their

network with four nodal cities show larger deviations, especially on Delhi-Mumbai and Mumbai-

Chennai routes. In fact, this network appear quite similar to the straight-line network used by

Ghani et al. (2016), a hypothetical network composed of five straight lines that connect the four

targeted districts of Delhi, Mumbai, Chennai, and Kolkata (two lines are used to connect Chennai

and Kolkata so that the network does not cross over the ocean). This straight-line network is

relatively easy to construct, so I can check if proximity to this network correlates with observable

district characteristics.

Table A.4: Regression of District Characteristics on Minimum Distance to the NHDP and Straight-
line Networks

NHDP Straight-line Network

(1) (2) (3) (4) (5) (6) (7) (8)
Exp Pop HS Urb Exp Pop HS Urb

Distance to NHDP 0.02 -0.64∗∗∗ -0.08∗∗∗ -0.13∗∗∗

(0.02) (0.05) (0.02) (0.04)

Distance to SL 0.05∗∗∗ -0.26∗∗∗ 0.02∗∗ -0.02
(0.01) (0.02) (0.01) (0.02)

𝑅2 0.00 0.28 0.02 0.02 0.07 0.28 0.01 0.00
N 570 570 570 563 570 570 570 563

Notes: The dependent variables are districts’ logged per-capita expenditure (Exp), population (Pop), share of popula-
tion with high school degree (HS), and share of population in urban places (Urb) in 2001. All distances are measured
in 100 km. Heteroskedasticity robust standard errors in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

In Table A.4, I report the results from regressing a number of district characteristics (logged

per-capita expenditure, logged population, logged share of population with high school degree,

and logged share of population in urban places) in 2001 on the minimum distance to the NHDP

and the straight-line network. The regression results show with statistical significance that districts

close to the NHDP are larger, more educated, and more urbanized on average. In comparison,

districts close to the straight-line network are poorer, larger, and less educated on average. It is

unsurprising that districts close to the NHDP network are richer given the historical importance of

the four cities, which would have naturally led to economic development along the paths connect-

ing these locations. Although the signs are switched in some cases, distance to the straight-line
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network show significant correlation with observable district characteristics, casting doubt on their

“exogeneity” as instrumental variables. Since Baragwanath Vogel et al. (2024) work with much

finer geographic units (markets defined as sets of contiguous pixels that contain built-up economic

activity), these small deviations may suffice for them. However, as I look at travel times between

districts, these deviations are likely too small to avoid being correlated with district characteristics.

Indeed, the correlation between the least-cost paths and local economic characteristics was a con-

cern in Faber (2014) as well. He addressed it accordingly through the use of various controls. This

concern seems to be particularly strong in the context of India’s NHDP, because the stated goal was

to connect the four historically important cities of India. As their historical importance persist to

the present day, it is difficult for least-cost networks connecting these districts to be “exogenous”.

A.3.2 Alternative Measures of Marginal Cost and Product Appeal

In this section, I test the robustness of the estimated effects on variety-level changes in marginal

cost and product appeal reported in Table 1.2 with respect to alternative measures of these variables.

First, I come up with an alternative measure of marginal cost following the approach of Garcia-

Marin and Voigtländer (2019). A by-product of estimating the production function in equation

(1.22) is a measure of markups. De Loecker and Warzynski (2012) shows that for a flexibly variable

input, which I assume that material inputs are, the first-order condition of the cost-minimization

problem implies that markups should satisfy:

𝜇𝑣𝑡 ≡
𝑝𝑣𝑡
𝑚𝑐𝑣𝑡

= 𝛼𝑀

(
𝑝𝑀𝑣𝑀𝑣𝑡

𝑝𝑣𝑡𝑦𝑣𝑡

)−1
, (A.5)

where 𝑚𝑐𝑣𝑡 is an alternative measure of marginal cost. Given an estimate of the output elasticity

on materials and data on the cost share of materials, I can measure the markup in equation (A.5).

Then, the marginal cost can be obtained as the ratio of output price and markup, 𝑚𝑐𝑣𝑡 = 𝑝𝑣𝑡/𝜇𝑣𝑡 .

The first three columns in Table A.5 report the estimated effects on variety-level changes in

unit price, markups, and the alternative measure of marginal cost, respectively. Output prices in-
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Table A.5: Effects of Access to Higher-Income Markets on Alternative Measures of Marginal Cost
and Product Appeal

Log-change (2000-09):

(1) (2) (3) (4) (5) (6) (7)
𝑝𝑣 𝜇𝑣 𝑚𝑐𝑣 Φ𝜎=3

𝑣 Φ𝜎=4
𝑣 Φ𝜎=6

𝑣 Φ𝜎=7
𝑣

𝑑 ln AHIM𝐸
𝑑,09−00 2.47∗∗∗ -0.15∗∗ 2.62∗∗∗ 2.02∗∗ 2.17∗∗∗ 2.29∗∗∗ 2.32∗∗∗

(0.71) (0.06) (0.71) (0.84) (0.78) (0.74) (0.73)

ln AHIM𝐸
𝑑,2000 0.09 -0.00 0.10 0.10 0.10 0.10 0.10

(0.07) (0.01) (0.06) (0.07) (0.07) (0.07) (0.07)

N 1104 1104 1104 1104 1104 1104 1104
𝑅2 0.01 0.01 0.01 0.01 0.01 0.01 0.01

Notes: The variables in the table include variety-level (𝑣) log-changes in output price (𝑝𝑣𝑡 ), markup (𝜇𝑣𝑡 ), marginal
cost (𝑚𝑐𝑣𝑡 = 𝑝𝑣𝑡/𝜇𝑣𝑡 ), and product appeal (Φ𝜎=𝑥

𝑣𝑡 ) for 𝑥 ∈ {3, 4, 6, 7}. District-level (𝑑) log-changes in access to
higher-income markets (AHIM𝐸

𝑑𝑡 ) are also included. Refer to Section 1.3 for more details on these variables. Estimates
of the constant are omitted. Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

creased as one would expect from the effects on marginal cost identified in Table 1.2. Markups

are decreasing with increased access to higher-income markets, which likely reflects the increased

competition that local firms face from the bilateral reduction in trade costs. However, the magni-

tude is much smaller in comparison to the estimated effect on output prices. As a result, the third

column identifies an effect on the alternative measure of marginal cost that is similar in magnitude

to the estimated effect on output prices as well as that on marginal costs from Table 1.2.

Next, for product appeal, I consider alternative values of the elasticity of substitution 𝜎. In the

baseline specification, the assumed value was 5. Here, I consider

𝑑 lnΦ𝜎=𝑥
𝑣𝑡 =

(
1

𝑥 − 1

)
𝑑 ln 𝑅𝑣𝑡 + 𝑑 ln 𝑝𝑣𝑡 −

(
1

𝑥 − 1

)
𝑑 ln MA𝐸

𝑜𝑡 (A.6)

for values 𝑥 ∈ {3, 4, 6, 7}. The results are shown in the last four columns of Table A.5. Although

the estimated effects shrink with lower values of the elasticity of substitution, they are not very

sensitive and retain their statistical significance for all tested values.
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A.3.3 State Fixed Effects

Table A.6 re-estimated the main results in Section 1.4 after including state fixed effects. Note

that the state fixed effects here absorb state-level trends in the outcome variables. The estimated

effects on marginal cost, product appeal, revenue per labor, revenue TFP, and skill use are slightly

larger than the baseline estimates but remain qualitatively similar. In comparison, the estimate on

value of capital in the sixth column is much smaller in magnitude and is no longer statistically

significant while the estimate on material prices is also less precise. Despite some differences,

the conclusions on quality upgrading and productivity gains in the main analysis of the paper are

robust to the inclusion of state fixed effects.

A.3.4 Time Dynamics in Districts with Construction in 2000-2001

In Section 1.5.1, I discussed the dynamics in the estimated effects of access to higher-income

markets on the various outcome variables analyzed in the main analysis of the paper. One obser-

vation that arose was that the construction of the NHDP road upgrades took place early on (either

2000 or 2001) in districts that eventually saw the largest increases in access to higher-income mar-

kets. This raises the concern that the positive productivity effects observed in these locations are

due to their prolonged exposure to the increased access to higher-income markets. To investigate

this concern further, I repeat the analysis in Section 1.5.1 while restricting the sample to districts

that saw local construction of the NHDP take place in either 2000 or 2001. The results for measures

of productivity are presented in Figure A.1 while those for the additional variables are presented

in Figure A.2.

In these figures, note that the estimated effects for large increases in access to higher-income

markets are exactly the same as in Section 1.5.1. On the other hand, the estimated effects for small

increases in access to higher-income markets are different because now the estimation sample is

restricted to districts that were treated in 2000 or 2001. Despite these changes, the estimates in

all figures continue to suggest null effects of small increases in access to higher-income markets.

Therefore, it is not the case that the differential effects for large increases in access to higher-
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Figure A.1: Dynamic Effects of Access to Higher-Income Markets on Productivity: Districts
Treated in 2000 or 2001

-5

0

5

10

-1 0 1 2 3 4 5 6 7 8 9
Year Relative to NHDP Construction

Small Large

A. Effect on Revenue per Labor

-5

0

5

10

-1 0 1 2 3 4 5 6 7 8 9
Year Relative to NHDP Construction

Small Large

B. Effect on TFPR

Notes: This graph plots the estimates of 𝛿large
ℓ in equation (1.32) in red and the estimates of 𝛿small

ℓ in equation (1.33)
in blue. The outcome variables are plant-level logged revenue per labor (Panel A) and revenue TFP (Panel B). The
estimation sample only includes plants in districts where local construction of the NHDP took place in 2000 or 2001.
The bars denote the 95% confidence intervals based on standard errors clustered at the district-level.

Figure A.2: Dynamic Effects of Access to Higher-Income Markets on Additional Variables: Dis-
tricts Treated in 2000 or 2001
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Notes: This graph plots the estimates of 𝛿large
ℓ in equation (1.32) in red and the estimates of 𝛿small

ℓ in equation (1.33)
in blue. The outcome variables are plant-level logged skill use (ratio of non-production to production labor, Panel
A), value of capital (Panel B), and material input price index (Panel C). The estimation sample only includes plants
in districts where local construction of the NHDP took place in 2000 or 2001. The bars denote the 95% confidence
intervals based on standard errors clustered at the district-level.
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Table A.6: Effects of Access to High-Income Markets with State Fixed Effects

Log-change (2000-09):

(1) (2) (3) (4) (5) (6) (7)
𝑚𝑐𝑣 Φ𝑣 𝑅/𝐿 𝑓 TFP𝑅𝑓 𝑠 𝑓 𝐾 𝑓 𝑝𝑀 𝑓

𝑑 ln AHIM𝐸
𝑑,09−00 4.37∗∗∗ 3.64∗∗

(1.45) (1.44)

ln AHIM𝐸
𝑑,2000 0.19∗ 0.19 -0.04 0.01 -0.04 -0.03 0.02

(0.11) (0.12) (0.05) (0.03) (0.04) (0.06) (0.03)

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 -0.99 -0.49 -0.95 -0.33 0.21

(0.61) (0.35) (0.61) (0.75) (0.43)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 8.76∗∗∗ 3.45∗∗ 7.29∗∗∗ 3.33 2.19∗

(1.34) (1.35) (2.73) (3.04) (1.26)

Large𝑑 -2.00∗∗∗ -0.78∗∗ -1.55∗∗ -0.76 -0.40
(0.36) (0.33) (0.64) (0.78) (0.30)

𝛿
large
1 − 𝛿small

1 9.75∗∗∗ 3.94∗∗∗ 8.24∗∗∗ 3.66 1.98
(1.64) (1.44) (2.89) (3.28) (1.36)

N 1103 1103 1450 1450 1450 1450 1450
𝑅2 0.03 0.03 0.04 0.03 0.01 0.01 0.02

Notes: All columns are estimated with state fixed effects. The outcome variables are variety-level (𝑣) log-changes in
marginal cost (𝑚𝑐𝑣𝑡 ) and product appeal (Φ𝑣𝑡 ); plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue
TFP (TFP𝑅𝑓 𝑡 ), skill (𝑠 𝑓 𝑡 , ratio of non-production to production labor), value of capital (𝐾 𝑓 𝑡 ), and material prices
(𝑝𝑀 𝑓 𝑡 ) from year 2000 to 2009. Other variables include district-level (𝑑) log-changes in access to higher-income
markets (AHIM𝐸

𝑑𝑡 ) and a dummy variable (Large𝑑) that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise.
Refer to Section 1.3 for more details on these variables. Standard errors clustered by district in parentheses. ∗𝑝 < 0.1,
∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

income markets are merely a consequence of prolonged exposure to the shocks.

A.3.5 Cross-sectional Patterns

In this section, I establish a number of cross-sectional patterns relating to product quality docu-

mented in the existing literature using the data used in this study. Being able to replicate previously

documented patterns is critical in assuring that the same economic forces present in the data used

in the past are also present in India. Without this evidence, there will be questions over the external

validity of my findings.
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Table A.7: Cross-sectional Patterns between Access to Higher-Income Markets and Output Prices,
Skill, Wages, and Material Prices

(1) (2) (3) (4)
Log value in 2000: 𝑝𝑣 𝑠 𝑓 𝑤 𝑓 𝑝𝑀 𝑓

ln Per-Capita Expenditure𝑑,2001 0.094∗∗ 0.140∗∗∗ 0.128∗∗∗ 0.052∗∗

(0.037) (0.034) (0.039) (0.021)

N 26458 26458 26458 26310
𝑅2 0.89 0.49 0.63 0.40

Notes: All columns are estimated with product fixed effects. The outcome variables are logged output price, plant skill
(ratio of non-production to production labor), plant wages, and material price. Standard errors clustered by district in
parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

I confirm the cross-sectional relationship between district income and the following four vari-

ables: output price, skill use, plant wages, and material input prices. Specifically, I regress the

logarithm of each of these four variables on the logarithm of district per-capita expenditure from

2001 with product (5-digit ASICC) fixed effects. Table A.7 reports the results, which confirm the

patterns found by previous researchers in their respective data. The results in the table indicate

that higher-income locations produce more expensive varieties, use more skilled workers and pay

higher wages, and use more expensive material inputs. Together, these results suggest that the

same economic forces present in the data used by previous researchers are very much present in

the Indian data.

A.3.6 Effects on Local Population

In Table A.8, I regress the decadal (2001-2011) log-changes in total population (column 1),

share of population with high-school degrees (column 2), and share or urban population (column

3) on the changes in access to higher-income markets for the 113 districts that belong to the main

estimation sample as depicted in Figure 1.4, controlling for the initial level of access to higher-

income markets. The estimated coefficients suggest that increases in access to higher-income

markets had a statistically significant negative effect on the local district’s share of population with

high-school degrees. In contrast, there are no comparable effects on the total population or the
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share of urban population.

Table A.8: Effects of Access to Higher-Income Markets on Local Population

Log-Change (2001–2011)

(1) (2) (3)
Population HS-Share Urban-Share

𝑑 ln AHIM𝐸
𝑑,09−00 -0.05 -0.36∗∗ 0.34

(0.15) (0.16) (0.31)

ln AHIM𝐸
𝑑,2000 0.01 -0.03∗∗ 0.05

(0.02) (0.01) (0.03)

𝑅2 0.02 0.04 0.05
N 113 113 113

Notes: The outcome variables are decadal (2001-2011) log-changes in total population (column 1), share of population
with high-school degrees (column 2), and share or urban population (column 3) of Indian districts depicted in Figure
1.4. Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

A.3.7 Excluding Exporters and Importers

In Table A.9, I re-estimate the baseline specifications in equations (1.28) and (1.30) after ex-

cluding plants that had meaningful engagement in either exporting or importing activities. To be

explicit, a plant is considered an exporter if it derived more than 5% of its total sales from exports,

and it is considered an importer if imported inputs took up more than 5% of its total expenditure

on material inputs, based on activities in 2009. Using these definitions, I exclude exporting and

importing plants as a way to gauge if changes in access to international markets are affecting the

estimates in the main analysis. The resulting point estimates are moderately larger than those in

Tables 1.2 and 1.3. These results suggest that changes in access to domestic markets are driving

the results in this paper and so the effects may be more pronounced when focusing on firms that

primarily engage in domestic trade. One notable departure is the effect on material input prices

(column 7), which is now close to zero. A possible explanation is that large increases in access to

higher-income markets led local firms to use more expensive materials from abroad. Consequently,

this result is absent when focusing on firms that do not use imported materials.
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Table A.9: Effects of Access to Higher-Income Markets: Non-Exporting/Importing Plants

Log-change (2000-09):

(1) (2) (3) (4) (5) (6) (7)
𝑚𝑐𝑣 Φ𝑣 𝑅/𝐿 𝑓 TFP𝑅𝑓 𝑠 𝑓 𝐾 𝑓 𝑝𝑀 𝑓

𝑑 ln AHIM𝐸
𝑑,09−00 3.38∗∗∗ 2.72∗∗∗

(0.87) (0.87)

ln AHIM𝐸
𝑑,2000 0.13 0.12 0.01 0.02 -0.01 -0.03 0.00

(0.11) (0.11) (0.04) (0.03) (0.03) (0.04) (0.03)

Large𝑑=0 × 𝑑 ln AHIM𝐸
𝑑,09−00 -0.87 -0.68 -0.61 -0.34 -0.39

(0.70) (0.47) (0.55) (0.70) (0.52)

Large𝑑=1 × 𝑑 ln AHIM𝐸
𝑑,09−00 13.83∗∗∗ 3.42∗∗ 7.22∗∗∗ 10.47∗∗∗ -0.66

(1.97) (1.61) (1.59) (2.99) (1.78)

Large𝑑 -2.96∗∗∗ -0.77∗∗ -1.40∗∗∗ -2.21∗∗∗ 0.13
(0.41) (0.33) (0.30) (0.57) (0.35)

𝛿
large
1 − 𝛿small

1 14.7∗∗∗ 4.1∗∗ 7.83∗∗∗ 10.81∗∗∗ -.27
(1.88) (1.63) (1.61) (3.02) (1.77)

N 757 757 960 960 960 960 960
𝑅2 0.03 0.02 0.02 0.01 0.00 0.01 0.00

Notes: The outcome variables are variety-level (𝑣) log-changes in marginal cost (𝑚𝑐𝑣𝑡 ) and product appeal (Φ𝑣𝑡 );
plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue TFP (TFP𝑅𝑓 𝑡 ), skill (𝑠 𝑓 𝑡 , ratio of non-production
to production labor), value of capital (𝐾 𝑓 𝑡 ), and material prices (𝑝𝑀 𝑓 𝑡 ) from year 2000 to 2009. Other variables
include district-level (𝑑) log-changes in access to higher-income markets (AHIM𝐸

𝑑𝑡 ) and a dummy variable (Large𝑑)
that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. Refer to Section 1.3 for more details on these variables.
Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

A.3.8 Access to In-state and Out-of-state Higher-Income Markets

Here, I assess whether the effects of access to higher-income markets are coming from locations

within or outside state borders. Van Leemput (2021) documents substantial trade barriers across

Indian state borders. As a result, changes in access to higher-income markets outside state borders

may have less influence on local firms. To do this, I first identify for each district 𝑑 ∈ 𝐷, the set

of districts 𝐷𝑆
𝑑 that are in the same state. Then, I measure each district’s access to higher-income
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markets by leaving out districts in other states:

AHIM𝑆
𝑑𝑡 ≡

∑
𝑜∈𝐷𝑆

𝑑
𝜏1−𝜎
𝑑𝑜𝑡 𝐸

𝜎
𝐻𝑜,2001𝑁𝐻𝑜,2001∑

𝑜∈𝐷𝑆
𝑑
𝜏1−𝜎
𝑑𝑜𝑡 𝐸

𝜎
𝐿𝑜,2001𝑁𝐿𝑜,2001

. (A.7)

Denote the remaining variation in the original changes in access to higher-income markets after

subtracting out the changes in access to higher-income markets in the same state as

𝑑 ln AHIM𝐸−𝑆
𝑑𝑡 ≡ 𝑑 ln AHIM𝐸

𝑑𝑡 − 𝑑 ln AHIM𝑆
𝑑𝑡 . (A.8)

I then replace the original measure of changes in access to higher-income markets with these two

measures to assess where the effects are coming from. Table A.10 reports the estimates.

In general, the estimates on 𝑑 ln AHIM𝑆
𝑑𝑡 are somewhat larger than those on 𝑑 ln AHIM𝐸−𝑆

𝑑𝑡

in accordance with the sizable trade barriers across Indian states. However, it is not the case that

changes in access to higher-income markets out of state have no impact. For marginal cost, revenue

labor, skill use, and capital, changes in access to higher-income markets out of state show compa-

rable magnitudes of effects that are statistically significant. On the other hand, the point estimates

for product appeal, revenue TFP, and material prices are smaller and less precisely estimated.

Overall, the results in Table A.10 indicate that changes in access to both in-state and out-of-state

higher-income markets were important in driving firms’ quality upgrading and productivity gains.
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Table A.10: Effects of Access to In-state and Out-of-state Higher-Income Markets

Log-change (2000-09):

(1) (2) (3) (4) (5) (6) (7)
𝑚𝑐𝑣 Φ𝑣 𝑅/𝐿 𝑓 TFP𝑅𝑓 𝑠 𝑓 𝐾 𝑓 𝑝𝑀 𝑓

𝑑 ln AHIM𝑆
𝑑,09−00 2.94∗∗∗ 2.41∗∗∗

(0.64) (0.65)

𝑑 ln AHIM𝐸−𝑆
𝑑,09−00 2.35∗∗ 1.69

(1.02) (1.12)

ln AHIM𝐸
𝑑,2000 0.11∗ 0.10 -0.01 0.02 -0.01 -0.02 0.04∗

(0.06) (0.06) (0.04) (0.03) (0.03) (0.03) (0.02)

Large𝑑=0 × 𝑑 ln AHIM𝑆
𝑑,09−00 0.30 0.05 -0.39 0.01 0.21

(0.53) (0.36) (0.58) (0.62) (0.45)

Large𝑑=1 × 𝑑 ln AHIM𝑆
𝑑,09−00 9.08∗∗∗ 2.73∗∗ 7.55∗∗∗ 7.78∗∗ 2.20∗∗

(0.80) (1.37) (2.16) (3.66) (1.00)

Large𝑑=0 × 𝑑 ln AHIM𝐸−𝑆
𝑑,09−00 -0.36 -0.42 -0.06 0.04 -0.33

(0.57) (0.36) (0.51) (0.65) (0.38)

Large𝑑=1 × 𝑑 ln AHIM𝐸−𝑆
𝑑,09−00 8.65∗∗∗ 2.16 7.91∗∗∗ 7.68∗ 1.56

(0.70) (1.43) (2.25) (3.90) (1.05)

Large𝑑 -1.91∗∗∗ -0.53∗ -1.53∗∗∗ -1.73∗∗ -0.37∗

(0.16) (0.27) (0.42) (0.72) (0.20)

𝛿
large
1,𝑆 − 𝛿large

1,𝐸−𝑆 .59 .72 .43∗∗ .57∗∗∗ -.36 .1 .64∗∗∗

(.63) (.69) (.17) (.17) (.37) (.4) (.13)

N 1104 1104 1452 1452 1452 1452 1452
𝑅2 0.02 0.01 0.01 0.01 0.00 0.01 0.01

Notes: The outcome variables are variety-level (𝑣) log-changes in marginal cost (𝑚𝑐𝑣𝑡 ) and product appeal (Φ𝑣𝑡 );
plant-level ( 𝑓 ) log-changes in revenue per labor (𝑅/𝐿 𝑓 𝑡 ), revenue TFP (TFP𝑅𝑓 𝑡 ), skill (𝑠 𝑓 𝑡 , ratio of non-production to
production labor), capital (𝐾 𝑓 𝑡 ), and material prices (𝑝𝑀 𝑓 𝑡 ) from year 2000 to 2009. Regressors include district-level
(𝑑) log-changes in access to higher-income markets within the same state (AHIM𝑆

𝑑𝑡 , equation (A.7)) and the remaining
variation in changes in access to higher-income markets (AHIM𝐸−𝑆

𝑑𝑡 , equation (A.8)), each interacted with a dummy
variable Large𝑑 that equals one if 𝑑 ln AHIM𝑑,09−00 ≥ 0.18 and zero otherwise. Estimates of the constant are omitted.
Standard errors clustered by district in parentheses. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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Appendix B: Appendix for Chapter 2

B.1 Theoretical Appendix

In this section, I work with the model of Grossman and Helpman (1995) to provide a theoretical

framework that sketches how tariff policies can elicit electoral responses. The model describes how

an import tariff in one industry leads to gains for that industry’s direct stakeholders, but losses for

its downstream industries’ stakeholders and consumers. The various stakeholders and consumers

who suffer then have incentives to stay electorally responsive to the trade policies in order to make

it costly for the incumbent to adhere to the demands of the special interest groups.

B.1.1 The Model

There are two countries, Home and Foreign, who have opened up to trade with one another.

Home is inhabited by voters whose identical preferences are described by the utility function

𝑢 = 𝑐0 +
𝐽∑
𝑗=1
𝑢 𝑗 (𝑐 𝑗 ), (B.1)

where 𝑐0 is the consumption of a numeraire good produced with exactly one unit of labor, and 𝑐 𝑗

is the consumption of traded goods 𝑗 = 1, ..., 𝐽. Assume 𝑢 𝑗 (·) are differentiable, increasing, and

strictly concave. The numeraire good is freely traded and its price is normalized to one. Denote

the domestic price of each traded good 𝑗 as 𝑝 𝑗 , and its out-of-factory price abroad as 𝑝𝑜𝑗 . The

demand of each worker for good 𝑗 is given by 𝑑 𝑗 (𝑝 𝑗 ), where 𝑑 𝑗 (·) is the inverse of 𝑢′𝑗 (·). Then, a

consumer with total expenditure 𝐸 , obtains a utility level of

𝑣(𝑝, 𝐸) = 𝐸 + 𝑆(𝑝), (B.2)
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Table B.1: Descriptive Summary Statistics of Time Invariant Variables

Panel A: Industry-level Tariffs

count mean sd min p25 p50 p75 max

Δ𝜏𝑚𝑗 238 2.13 2.52 0.00 0.18 1.52 3.09 17.72
𝜏NMFN
𝑢𝑠, 𝑗 238 26.97 16.53 0.00 14.78 30.45 37.23 80.00
Δ𝜏𝑥𝑗 238 1.12 1.71 0.00 0.22 0.54 1.18 13.76
𝜏NMFN
𝑟𝑒𝑡, 𝑗 238 4.77 7.66 0.00 2.14 4.03 5.54 100.59

Panel B: County-level Variables

count mean sd min p25 p50 p75 max

𝑂𝑇𝑐 3107 0.076 0.110 0.000 0.018 0.045 0.094 1.858
𝐼𝑇𝑐 3107 0.080 0.089 0.000 0.026 0.052 0.105 1.270
𝑋𝑇𝑐 3107 0.037 0.049 0.000 0.013 0.024 0.043 0.674
𝑂𝑇NMFN

𝑐 3107 1.020 1.113 0.000 0.289 0.684 1.366 11.596
𝐼𝑇NMFN
𝑐 3107 0.536 0.511 0.002 0.205 0.385 0.698 5.617

𝑋𝑇NMFN
𝑐 3107 0.156 0.245 0.000 0.055 0.104 0.188 6.910

Trd Emp Share𝑐,2016 3107 0.175 0.111 0.003 0.090 0.153 0.234 0.851
MFP ($100/acre)𝑐 3107 0.476 0.308 0.000 0.210 0.470 0.670 1.500
Rep. Prs. Vote Share𝑐,2012 3107 0.597 0.148 0.060 0.505 0.608 0.703 0.959
Rep. Prs. Vote Share𝑐,2012 3107 0.631 0.157 0.083 0.543 0.662 0.748 0.946

Notes: All tariff variables are measured in percentage points.

166



Table B.2: Descriptive Summary Statistics of Time Variant Variables

count mean sd min p25 p50 p75 max

2012
Rep𝑐𝑡 3107 24.96 8.18 0.00 19.97 24.86 29.84 62.37
Dem𝑐𝑡 3107 15.11 8.98 0.00 9.11 14.24 20.77 52.34
Rep Vshr𝑐𝑡 × 100 3107 63.49 19.81 0.00 50.82 63.70 75.26 100.00
Dem Vshr𝑐𝑡 × 100 3107 36.51 19.81 0.00 24.74 36.30 49.18 100.00
Contested Election Share𝑐𝑡 3107 0.89 0.30 0.00 1.00 1.00 1.00 1.00
Pop. Share: Male𝑐𝑡 3107 0.50 0.02 0.43 0.49 0.50 0.50 0.70
Pop. Share: White𝑐𝑡 3107 0.86 0.16 0.04 0.81 0.93 0.96 0.99
Pop. Share: Black𝑐𝑡 3107 0.09 0.15 0.00 0.01 0.02 0.11 0.86
Pop. Share: Hispanic𝑐𝑡 3107 0.09 0.13 0.00 0.02 0.04 0.09 0.96
Pop. Share: Working Age (15-64)𝑐𝑡 3107 0.64 0.03 0.45 0.62 0.64 0.66 0.81
Pop. Share: Over Age 64𝑐𝑡 3107 0.17 0.04 0.04 0.14 0.16 0.19 0.48
ln(Median Household Income𝑐𝑡) 3107 10.70 0.24 9.88 10.54 10.69 10.83 11.72
Pop. Share: Bachelor’s or Higher𝑐𝑡 3107 0.19 0.09 0.04 0.14 0.17 0.23 0.73

2014
Rep𝑐𝑡 3102 18.27 7.23 0.00 13.88 17.76 22.31 50.92
Dem𝑐𝑡 3102 9.79 6.19 0.00 5.40 8.95 13.30 36.68
Δ2Rep𝑐𝑡 3102 -6.69 4.49 -39.70 -9.41 -6.57 -3.54 15.01
Δ2Dem𝑐𝑡 3102 -5.33 5.55 -33.69 -8.38 -5.64 -2.84 26.05
Rep Vshr𝑐𝑡 × 100 3102 65.78 19.95 0.00 54.87 67.94 77.92 100.00
Dem Vshr𝑐𝑡 × 100 3102 34.22 19.95 0.00 22.08 32.06 45.13 100.00
Contested Election Share𝑐𝑡 3102 0.89 0.30 0.00 1.00 1.00 1.00 1.00
Pop. Share: Male𝑐𝑡 3102 0.50 0.02 0.43 0.49 0.50 0.50 0.72
Pop. Share: White𝑐𝑡 3102 0.85 0.16 0.05 0.81 0.92 0.96 0.99
Pop. Share: Black𝑐𝑡 3102 0.09 0.15 0.00 0.01 0.02 0.11 0.86
Pop. Share: Hispanic𝑐𝑡 3102 0.09 0.14 0.00 0.02 0.04 0.09 0.96
Pop. Share: Working Age (15-64)𝑐𝑡 3102 0.64 0.04 0.41 0.62 0.64 0.66 0.80
Pop. Share: Over Age 64𝑐𝑡 3102 0.18 0.04 0.04 0.15 0.17 0.20 0.52
ln(Median Household Income𝑐𝑡) 3102 10.71 0.24 9.86 10.56 10.71 10.85 11.73
Pop. Share: Bachelor’s or Higher𝑐𝑡 3102 0.20 0.09 0.03 0.14 0.18 0.24 0.75

2016
Rep𝑐𝑡 3104 27.59 9.43 0.00 22.36 28.24 33.69 58.72
Dem𝑐𝑡 3104 12.95 9.51 0.00 6.73 11.88 18.61 50.46
Δ2Rep𝑐𝑡 3102 9.31 5.38 -22.18 6.41 9.56 12.78 42.93
Δ2Dem𝑐𝑡 3102 3.17 6.31 -23.69 0.32 3.51 6.65 31.13
Rep Vshr𝑐𝑡 × 100 3104 69.22 22.10 0.00 56.90 71.16 82.43 100.00
Dem Vshr𝑐𝑡 × 100 3104 30.78 22.10 0.00 17.57 28.84 43.10 100.00
Contested Election Share𝑐𝑡 3104 0.80 0.39 0.00 1.00 1.00 1.00 1.00
Pop. Share: Male𝑐𝑡 3104 0.50 0.02 0.43 0.49 0.50 0.51 0.70
Pop. Share: White𝑐𝑡 3104 0.85 0.16 0.05 0.80 0.92 0.96 0.99
Pop. Share: Black𝑐𝑡 3104 0.09 0.15 0.00 0.01 0.02 0.11 0.86
Pop. Share: Hispanic𝑐𝑡 3104 0.09 0.14 0.01 0.02 0.04 0.10 0.96
Pop. Share: Working Age (15-64)𝑐𝑡 3104 0.63 0.04 0.38 0.61 0.63 0.65 0.81
Pop. Share: Over Age 64𝑐𝑡 3104 0.18 0.05 0.05 0.16 0.18 0.21 0.56
ln(Median Household Income𝑐𝑡) 3104 10.74 0.25 9.85 10.59 10.74 10.89 11.74
Pop. Share: Bachelor’s or Higher𝑐𝑡 3104 0.21 0.09 0.03 0.14 0.19 0.25 0.80

2018
Rep𝑐𝑡 3107 22.82 8.10 0.00 18.33 22.99 27.69 51.37
Dem𝑐𝑡 3107 13.51 7.35 0.00 8.00 12.04 18.08 47.51
Δ2Rep𝑐𝑡 3104 -4.77 4.29 -42.93 -7.00 -4.79 -2.86 23.35
Δ2Dem𝑐𝑡 3104 0.56 4.83 -21.83 -1.78 -0.09 2.40 30.16
Rep Vshr𝑐𝑡 × 100 3107 62.85 19.07 0.00 53.09 66.08 76.41 100.00
Dem Vshr𝑐𝑡 × 100 3107 37.15 19.07 0.00 23.59 33.92 46.91 100.00
Contested Election Share𝑐𝑡 3107 0.96 0.18 0.00 1.00 1.00 1.00 1.00
Pop. Share: Male𝑐𝑡 3107 0.50 0.02 0.43 0.49 0.50 0.51 0.73
Pop. Share: White𝑐𝑡 3107 0.85 0.16 0.05 0.80 0.91 0.96 0.99
Pop. Share: Black𝑐𝑡 3107 0.09 0.15 0.00 0.01 0.03 0.11 0.86
Pop. Share: Hispanic𝑐𝑡 3107 0.10 0.14 0.01 0.02 0.04 0.10 0.96
Pop. Share: Working Age (15-64)𝑐𝑡 3107 0.62 0.04 0.36 0.60 0.63 0.65 0.81
Pop. Share: Over Age 64𝑐𝑡 3107 0.19 0.05 0.05 0.16 0.19 0.22 0.58
ln(Median Household Income𝑐𝑡) 3107 10.78 0.25 9.87 10.62 10.78 10.92 11.77
Pop. Share: Bachelor’s or Higher𝑐𝑡 3107 0.21 0.09 0.05 0.15 0.19 0.25 0.78

Notes: Rep𝑐𝑡 denotes the percentage of the population who voted for a Republican House candidate in county 𝑐 and
election year 𝑡. Dem𝑐𝑡 is similarly defined with respect to a Democratic House candidate. Δ2𝑌𝑐𝑡 = 𝑌𝑐𝑡 − 𝑌𝑐𝑡−2.
Rep Vshr𝑐𝑡 denotes the Republican candidate’s share of total votes for major party (Republican or Democratic) can-
didates in county 𝑐 and election year 𝑡. Dem Vshr𝑐𝑡 is similarly defined with respect to a Democratic candidate.
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Table B.3: OLS Estimated Effects of County-level Tariff Shocks on Vote Counts

OLS

(1) (2) (3) (4) (5) (6) (7)
Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Rep𝑐𝑡 Dem𝑐𝑡 Rep-Dem𝑐𝑡 Turnout𝑐𝑡

𝑂𝑇𝑐 × 1{2018}𝑡 3.013 3.001 4.263 3.829 -2.766 6.595 1.063
(2.640) (2.198) (2.808) (2.372) (2.423) (4.404) (1.899)

𝐼𝑇𝑐 × 1{2018}𝑡 -2.574 -3.032 -3.115 -2.942 3.298 -6.241∗ 0.356
(2.228) (2.135) (2.537) (2.308) (2.393) (3.535) (3.100)

𝑋𝑇𝑐 × 1{2018}𝑡 3.361 3.073 1.715 1.732 2.429 -0.696 4.161
(4.027) (3.483) (4.183) (3.594) (3.211) (4.804) (4.835)

Trd Emp Share𝑐 × 1{2018}𝑡 0.893 0.383 -0.889 -0.671 -3.946 3.275 -4.617
(2.138) (2.259) (2.114) (2.113) (2.639) (3.423) (3.338)

Contested Election Share𝑐𝑡 1.426 1.361 6.894∗∗∗ -5.533∗∗∗ 8.255∗∗∗

(1.056) (1.035) (0.900) (1.569) (1.140)

Rep Prs Vote Share𝑐,2012 × 1{2018}𝑡 -6.924∗ -4.963 15.60∗∗∗ -20.56∗∗ 10.64∗∗∗

(3.728) (3.336) (5.333) (8.170) (3.520)

Rep Prs Vote Share𝑐,2016 × 1{2018}𝑡 5.963∗ 3.877 -15.95∗∗∗ 19.83∗∗ -12.07∗∗∗

(3.535) (3.106) (5.017) (7.514) (3.630)

MFP ($100/acre)𝑐 × 1{2018}𝑡 -0.537 -0.633 0.955∗ -1.589∗∗ 0.322
(0.515) (0.530) (0.520) (0.771) (0.714)

Pop. Share: Male𝑐𝑡 -41.31 -48.61∗ 26.81 -75.42 -21.80
(25.83) (24.53) (48.32) (62.63) (44.15)

Pop. Share: White𝑐𝑡 59.78∗∗ 58.03∗∗ -117.3∗∗∗ 175.3∗∗∗ -59.25∗∗

(28.11) (25.73) (26.40) (44.59) (27.02)

Pop. Share: Black𝑐𝑡 15.22 18.77 -126.0∗∗∗ 144.8∗∗∗ -107.2∗∗∗

(36.78) (30.58) (33.51) (52.68) (36.63)

Pop. Share: Hispanic𝑐𝑡 -2.434 -3.097 9.309 -12.41 6.212
(18.23) (18.08) (23.77) (37.38) (19.65)

Pop. Share: Working Age (15-64)𝑐𝑡 3.679 12.21 58.33∗ -46.11 70.54∗∗

(21.21) (20.96) (30.09) (44.36) (26.87)

Pop. Share: Over Age 64𝑐𝑡 9.625 12.99 96.34∗∗∗ -83.35∗ 109.3∗∗∗

(24.39) (25.20) (27.85) (46.81) (25.10)

ln(Median Household Income𝑐𝑡) 2.066 2.290 1.621 0.669 3.911
(2.340) (2.387) (2.748) (4.383) (2.699)

Pop. Share: Bachelor’s or Higher𝑐𝑡 -30.46∗∗∗ -28.72∗∗∗ 12.86∗ -41.58∗∗∗ -15.86∗

(7.891) (7.138) (7.303) (11.67) (8.514)

R2 0.00171 0.0179 0.0183 0.0319 0.259 0.103 0.298

Notes: N=12,420 with 3,107 counties and 4 years of observations. Rep𝑐𝑡 denotes the percentage of the population who
voted for a Republican House candidate in county 𝑐 and election year 𝑡. Dem𝑐𝑡 is similarly defined with respect to a
Democratic House candidate. Heteroskedasticity robust standard errors clustered at the state level in parentheses. All
regression specifications include county and year fixed effects, and they are weighted by the total county population.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01

168



Table B.4: Lead Effects of County-level Tariff Shocks on Vote Counts

𝑌𝑐𝑡 : Rep𝑐𝑡 IV OLS

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

𝑂𝑇𝑐 × 1{2014}𝑡 8.888 1.161 0.723 -0.406
(7.676) (3.294) (2.163) (1.640)

𝑂𝑇𝑐 × 1{2016}𝑡 -3.171 1.919 -5.913 -3.054
(6.526) (5.142) (4.397) (3.961)

𝑂𝑇𝑐 × 1{2018}𝑡 10.71 8.078∗ 1.276 1.580
(7.547) (4.563) (2.509) (1.702)

𝐼𝑇𝑐 × 1{2014}𝑡 -9.070 -6.232∗ -6.642∗∗ -6.132∗∗

(7.477) (3.626) (3.092) (2.779)

𝐼𝑇𝑐 × 1{2016}𝑡 6.716 4.986 7.814∗ 2.806
(7.772) (6.722) (3.957) (4.026)

𝐼𝑇𝑐 × 1{2018}𝑡 -13.22∗∗∗ -9.981∗∗ -2.176 -3.476
(4.860) (4.181) (2.386) (2.606)

𝑋𝑇𝑐 × 1{2014}𝑡 14.00 0.433 6.190 0.0533
(9.524) (5.211) (4.648) (2.711)

𝑋𝑇𝑐 × 1{2016}𝑡 -1.194 5.439 -5.615 -3.412
(6.201) (6.259) (5.825) (5.556)

𝑋𝑇𝑐 × 1{2018}𝑡 2.579 0.335 3.553 1.149
(6.784) (4.882) (2.518) (2.581)

Full Controls ✓ ✓
KP F-Statistic 9.202 8.041
R2 0.0472 0.286 0.0556 0.291

Notes: N=12,420 with 3,107 counties and 4 years of observations. Rep𝑐𝑡 denotes the percentage of the population
who voted for a Republican House candidate in county 𝑐 and election year 𝑡. Year 2012 is omitted and all estimates
are measured relative to that year. The list of full controls include those from the baseline specification (Table 2.4,
column(4)). The Republican vote shares for the 2012 and 2016 Presidential elections and the MFP rates are interacted
with each year dummy as part of the full set of controls. Heteroskedasticity robust standard errors clustered at the state
level in parentheses. All regression specifications control for the traded employment share interacted with year dum-
mies, county and year fixed effects, and they are weighted by the total county population. The first-stage Kleibergen
and Paap (2006) F-statistic is reported as KP F-Statistic.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01
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where 𝑝 = (𝑝1, ..., 𝑝𝐽) is a vector of domestic prices and 𝑆(𝑝) ≡ ∑
𝑗 𝑢 𝑗 [𝑑 𝑗 (𝑝 𝑗 )] −

∑
𝑗 𝑝 𝑗𝑑 𝑗 (𝑝 𝑗 ) is

the consumer surplus.

Every voter owns a unit of labor, which he or she supplies inelastically to any one of the sectors

𝑗 = 0, 1, ..., 𝐽. The existence of an outside good 𝑐0 implies labor wages are equalized to one at any

equilibrium. I assume there is a sufficiently large labor supply to guarantee its production. Some

workers additionally own at most one unit of factor specific to the production in one industry, which

they also supply inelastically. The fraction of the population that owns factors specific to industry 𝑗

is denoted as 𝛼 𝑗 . The production of each good 𝑗 requires labor, sector-specific input, and possibly

any of the other products as intermediate inputs with a constant returns to scale technology. With

labor wages fixed at one, the returns that accrue to the specific factor owners depend only on the

domestic prices of the sector’s output and inputs. I denote the aggregate returns to the specific

factor owners of each industry 𝑗 as 𝜋 𝑗 (𝑝). Note that this return is increasing in the price of its

output and decreasing in the price of its inputs.

The government’s policy instruments are constrained to import tariffs, 𝑡 𝑗 = 1+𝜏𝑗 , which drives

a wedge between the domestic and foreign factory prices as in 𝑝 𝑗 = 𝑡 𝑗 𝑝𝑜𝑗 . Any revenue raised from

the collection of tariffs is then equally redistributed to the domestic voters. The per capita revenue

raised from a vector of tariffs 𝑡 = (𝑡1, ...𝑡𝐽) is given by

𝑅(𝑡, 𝑝𝑜) =
∑
𝑗

(𝑡 𝑗 − 1)𝑝𝑜𝑗
[
𝑑 𝑗 (𝑡 𝑗 𝑝𝑜𝑗 ) +

∑
𝑘≠ 𝑗

𝑞𝑘 𝑗 (𝑡, 𝑝𝑜) −
1
𝑁
𝑦 𝑗 (𝑡, 𝑝𝑜)

]
, (B.3)

where 𝑦 𝑗 (𝑡, 𝑝𝑜) is the total domestic supply of good 𝑗 , 𝑞𝑘 𝑗 (𝑡, 𝑝𝑜) is the input demand for good 𝑗

in industry 𝑘 , and 𝑁 is the total number of voters in the economy. I normalize 𝑁 to one going

forward.

The owners of the specific factors in some sectors are able to politically organize themselves to

form lobby groups. Once formed, a lobby group representing sector 𝑗 is able to submit a contribu-

tion schedule 𝐶 𝑗 (𝑡), which is contingent on the implemented trade policy, to the incumbent policy

maker. The objective of each lobby group is to choose a contribution schedule that maximizes the
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aggregate welfare of its members in industry 𝑗 given by

𝑉 𝑗 ≡ 𝑊 𝑗 (𝑡, 𝑝𝑜) − 𝐶 𝑗 (𝑡), (B.4)

where

𝑊 𝑗 (𝑡, 𝑝𝑜) ≡ 𝛼 𝑗𝐿 𝑗 + 𝜋 𝑗 (𝑡, 𝑝𝑜) + 𝛼 𝑗 [𝑅(𝑡, 𝑝𝑜) + 𝑆(𝑡 𝑝𝑜)] (B.5)

is the gross welfare of the specific factor owners in the industry. 𝐿 𝑗 is the aggregate labor income

in industry 𝑗 . The welfare of the politically organized specific factor owners consists of their labor

income, rent from their specific factors, and consumption surplus. The rent reflects their special

interest as those who hold direct stakes in the industry while their consumption surplus captures

their general interest as consumers. Observe that they desire lower tariffs on the inputs to the

industry both as direct stakeholders and as consumers. In contrast, they desire higher tariffs on

their outputs as stakeholders but favor lower tariffs as consumers.

Having received contribution schedules from the various lobby groups, the incumbent imple-

ments a trade policy so as to maximize his or her political welfare, which consists of two compo-

nents. On the one hand, the incumbent values the contributions from the lobby groups because they

help with campaign finances, which in turn improve electoral outcomes. On the other hand, the

incumbent weighs these benefits against the potential costs to the average voter’s welfare insofar

as the voters electorally respond to the welfare changes of the trade policy. Therefore, I consider

the following objective function for an incumbent,

𝐺 =
∑
𝑗∈𝐽𝐿

𝐶 𝑗 (𝑡) + 𝑎𝑊 (𝑡, 𝑝𝑜), (B.6)

where 𝐽𝐿 denotes the subset of industries with organized lobbies and𝑊 (𝑡, 𝑝𝑜) = ∑
𝑗 𝐿 𝑗+

∑
𝑗 𝜋 𝑗 (𝑡, 𝑝𝑜)+

𝑅(𝑡, 𝑝𝑜)+𝑆(𝑡 𝑝𝑜) is the average social welfare. As in Grossman and Helpman (1995), the parameter

𝑎 ≥ 0 represents the incumbent’s valuation of a dollar of social welfare against his or her valuation
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of a dollar of contribution. I further interpret this parameter as the electoral responsiveness of the

voters to their social welfare. This interpretation is based on the observation that when the voters

are more likely to connect their welfare changes to their voting behavior, the self-interest driven

policy maker’s relative valuation of a dollar of social welfare becomes higher (resulting in a higher

𝑎).

B.1.2 Optimal Non-cooperative Tariffs

In what follows, I consider the trade war equilibrium outcome of Grossman and Helpman

(1995) in which each government unilaterally decides on its trade policy, taking the foreign trade

policies as given. Then, the non-cooperative optimal tariff on good 𝑗 can be derived (see Appendix

Section A.3) as

𝜏
𝑜𝑝𝑡
𝑗 =

𝐼 𝑗 − 𝛼
𝑎 + 𝛼

𝑦 𝑗/𝑚 𝑗

−𝑒 𝑗
+ 1
𝑒∗𝑗

−
∑
𝑘≠ 𝑗

𝐼𝑘 − 𝛼
𝑎 + 𝛼

𝑞𝑘 𝑗/𝑚 𝑗

−𝑒 𝑗
+

∑
𝑘≠ 𝑗

𝜏𝑘
𝑝𝑜𝑘/𝑚 𝑗

−𝑒 𝑗
𝜕𝑞 𝑗 𝑘

𝜕𝑝𝑜𝑗
, (B.7)

where 𝑚 𝑗 = 𝑑 𝑗 +
∑
𝑘≠ 𝑗 𝑞𝑘 𝑗 − 𝑦 𝑗 is the domestic import demand of good 𝑗 , 𝐼 𝑗 is equal to one if

industry 𝑗 is politically organized (zero, otherwise). 𝛼 =
∑
𝑗 𝛼 𝑗 . 𝑒 𝑗 =

𝜕𝑚 𝑗/𝑚 𝑗

𝜕𝑝𝑜𝑗 /𝑝𝑜𝑗
and 𝑒∗𝑗 =

𝜕𝑚∗
𝑗/𝑚∗

𝑗

𝜕𝑝𝑜𝑗 /𝑝𝑜𝑗
are

the elasticities of domestic import demand and foreign export supply, respectively.

The first two terms that appear in the expression are exactly those in Grossman and Helpman

(1995). Namely, the first term reflects the political gains from granting protection to an industry

given its dead-weight costs while the second term captures the well known terms of trade incentives

of a large country who is able to influence the world price of its imports through a tariff. The third

term, new in this setting, reflects the political costs resulting from raising the input costs to the

politically organized downstream industries when granting protection. The final term, also derived

in Gawande and Bandyopadhyay (2000), says the optimal tariff for an industry is increasing in the

tariffs placed on its downstream industries. This term reflects the additional tariff revenue raised

from the increase in input demand resulting from the protection placed on its upstream industry.

The optimal tariff equation in (B.7) informs us that a higher tariff in one industry raises the con-
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tributions received from its special interest group but reduces those from the downstream special

interest groups. Since these contributions affect the campaign finances of the incumbent’s party,

a higher tariff on industry outputs is expected to lead to better electoral performances whereas a

higher tariff on industry inputs is expected to do the opposite.

Outside the special interest groups, general members of the society have direct incentives to

stay electorally responsive to the welfare effects of a trade policy. The optimal tariff equation

reveals that a high value of 𝑎 results in lower optimal tariffs. That is, the voters can dissuade

the incumbent from placing high tariffs if they can induce the incumbent to value social welfare

relatively more than the political contributions he or she seeks. This can be achieved if the voters

remain electorally responsive to the welfare changes resulting from trade policies. At the same

time, the formulation of the optimal tariff in equation (B.7) also makes it clear that domestic

tariffs have differing impacts on different members of the society. For instance, a tariff placed on

industry outputs is likely to increase the incumbent’s political support from the industry’s direct

stakeholders. In contrast, the same tariff will induce adverse effects from the stakeholders of its

downstream industries and consumers.

On the other hand, the roles of retaliatory tariffs appear more limited as both the domestic

government and lobbyists take them as given. In fact, they can only prompt domestic electoral

responses through their effects on social welfare in this model. Therefore, the electoral effects of

retaliatory tariffs crucially depend on their ability to influence the domestic prices. Even when they

are able to do so, it ultimately remains an empirical question if the voters electorally respond to

welfare changes from foreign trade policies the same way they do to domestic ones.

Lastly, it is worthwhile to discuss how these effects can materialize in an empirical study

that compares the electoral responses to tariffs in one region to another. If all regions in Home

were identical in their industry employment structures and thus identically exposed to the tariffs,

regional comparisons would not deliver any differential effects of tariffs on election outcomes.

When regions differ in their industry employment structures and thus are differentially exposed to

the tariffs, the researcher can then empirically test if regions with greater to the tariffs displayed
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differential electoral responses.

B.1.3 Derivation of the Optimal Non-cooperative Tariffs

First, note that Hotelling’s rule implies 𝜕𝜋 𝑗
𝜕𝑝 𝑗

= 𝑦 𝑗 and 𝜕𝜋 𝑗
𝜕𝑝𝑘

= 𝑞 𝑗 𝑘 . The partial derivative of𝑊𝑘 is

given by

𝜕𝑊𝑘

𝜕𝑡𝑙
= 𝛿𝑘𝑙 (𝑝𝑜𝑘 + 𝑡𝑘

𝜕𝑝𝑜𝑘
𝜕𝑡𝑙

)𝑦𝑘 − (1 − 𝛿𝑘𝑙)(𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑞𝑘𝑙

+ 𝛼𝑘
(
(𝑝𝑜𝑙 + (𝑡𝑙 − 1)

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑚𝑙 + (𝑡𝑙 − 1)𝑝𝑜𝑙 (𝑝
𝑜
𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑚𝑙
𝜕𝑡𝑙

+
∑
𝑚≠𝑙

(𝑡𝑚 − 1)𝑝𝑜𝑚 (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑞𝑙𝑚
𝜕𝑡𝑙

)
+ 𝛼𝑘

(
(𝑝𝑜𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑑′𝑙𝑢′𝑙 − (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑑𝑙 − 𝑡𝑙 𝑝𝑜𝑙 (𝑝
𝑜
𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑑′𝑙
)

⇒ 𝜕𝑊𝑘

𝜕𝑡𝑙
= (𝛿𝑘𝑙 − 𝛼𝑘 ) (𝑝𝑜𝑘 + 𝑡𝑘

𝜕𝑝𝑜𝑘
𝜕𝑡𝑙

)𝑦𝑘 − (1 − 𝛿𝑘𝑙) (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑞𝑘𝑙

+ 𝛼𝑘
(
(𝑝𝑜𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)
∑
𝑚≠𝑙

𝑞𝑚𝑙 + (𝑡𝑙 − 1)𝑝𝑜𝑙 (𝑝
𝑜
𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑚𝑙
𝜕𝑡𝑙

+
∑
𝑚≠𝑙

(𝑡𝑚 − 1)𝑝𝑜𝑚 (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑞𝑙𝑚
𝜕𝑡𝑙

−
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

𝑚𝑙

)
where the import demand of good 𝑙 is 𝑚𝑙 = 𝑑𝑙 +

∑
𝑚≠𝑙 𝑞𝑚𝑙 − 𝑦𝑙 and 𝛿𝑘𝑙 is equal to one if 𝑘 = 𝑙 and

zero otherwise. Taking the sum across all industries 𝑘 , it follows that

∑
𝑘

𝜕𝑊𝑘

𝜕𝑡𝑙
= (𝐼𝑙 − 𝛼) (𝑝𝑜𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)𝑦𝑙 − (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

)
∑
𝑘≠𝑙

(𝐼𝑘 − 𝛼)𝑞𝑘𝑙

+ 𝛼
(
(𝑡𝑙 − 1)𝑝𝑜𝑙 (𝑝

𝑜
𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑚𝑙
𝜕𝑡𝑙

+
∑
𝑚≠𝑙

(𝑡𝑚 − 1)𝑝𝑜𝑚 (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑞𝑙𝑚
𝜕𝑡𝑙

−
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

𝑚𝑙

)
,

where 𝐼𝑙 is equal to one if industry 𝑙 is politically organized and zero otherwise. Similarly, I have

𝜕𝑊

𝜕𝑡𝑙
= (𝑡𝑙 − 1)𝑝𝑜𝑙 (𝑝

𝑜
𝑙 + 𝑡𝑙

𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑚𝑙
𝜕𝑡𝑙

+
∑
𝑚≠𝑙

(𝑡𝑚 − 1)𝑝𝑜𝑚 (𝑝𝑜𝑙 + 𝑡𝑙
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

) 𝜕𝑞𝑙𝑚
𝜕𝑡𝑙

−
𝜕𝑝𝑜𝑙
𝜕𝑡𝑙

𝑚𝑙
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Given the equilibrium definition in Grossman and Helpman (1995), the optimal tariffs have to

satisfy the following condition (equation (14) in their work),

∑
𝑗∈𝐽𝐿

∇𝜏𝑊 𝑗 (𝜏) + 𝑎∇𝜏𝑊 (𝜏) = 0

Taking note of the international market clearing condition, 𝑚 𝑗 (𝑡, 𝑝𝑜) + 𝑚∗
𝑗 (𝑡, 𝑝𝑜) = 0 for all 𝑗 =

1, ...𝐽, and the earlier derivatives, it follows that

0 = (𝐼𝑘 − 𝛼) (𝑝𝑜𝑘 + 𝑡𝑘
𝜕𝑝𝑜𝑘
𝜕𝑡𝑘

)𝑦𝑘 − (𝑝𝑜𝑘 + 𝑡𝑘
𝜕𝑝𝑜𝑘
𝜕𝑡𝑘

)
∑
𝑙≠𝑘

(𝐼𝑙 − 𝛼)𝑞𝑙𝑘

+ (𝑎 + 𝛼)
(
(𝑡𝑘 − 1)𝑝𝑜𝑘 (𝑝

𝑜
𝑘 + 𝑡𝑘

𝜕𝑝𝑜𝑘
𝜕𝑡𝑘

) 𝜕𝑚𝑘

𝜕𝑡𝑘
+

∑
𝑙≠𝑘

(𝑡𝑙 − 1)𝑝𝑜𝑙 (𝑝
𝑜
𝑘 + 𝑡𝑘

𝜕𝑝𝑜𝑘
𝜕𝑡𝑘

) 𝜕𝑞𝑘𝑙
𝜕𝑡𝑘

−
𝜕𝑝𝑜𝑘
𝜕𝑡𝑘

𝑚𝑘

)
⇒ (𝑡𝑘 − 1) = − 𝐼𝑘 − 𝛼

𝑎 + 𝛼
𝑦𝑘

𝑝𝑜𝑘𝑚𝑘𝑘
+

∑
𝑙≠𝑘

𝐼𝑙 − 𝛼
𝑎 + 𝛼

𝑞𝑙𝑘
𝑝𝑜𝑘𝑚𝑘𝑘

−
∑
𝑙≠𝑘

(𝑡𝑙 − 1)
𝑝𝑜𝑙

𝑝𝑜𝑘𝑚𝑘𝑘

𝜕𝑞𝑘𝑙
𝜕𝑡𝑘

+
𝜕𝑝𝑜𝑘
𝜕𝑡𝑘
𝑚𝑘

𝑝𝑜𝑘 (𝑝
𝑜
𝑘 + 𝑡𝑘

𝜕𝑝𝑜
𝑘

𝜕𝑡𝑘
)𝑚𝑘𝑘

⇒ 𝜏
𝑜𝑝𝑡
𝑘 = − 𝐼𝑘 − 𝛼

𝑎 + 𝛼
𝑦𝑘/𝑚𝑘

𝑒𝑘
+ 1
𝑒𝑘

+
∑
𝑙≠𝑘

𝐼𝑙 − 𝛼
𝑎 + 𝛼

𝑞𝑙𝑘/𝑚𝑘

𝑒𝑘
−

∑
𝑙≠𝑘

𝜏𝑙
𝑝𝑜𝑙 /𝑚𝑘

𝑒𝑘

𝜕𝑞𝑘𝑙
𝜕𝑝𝑜𝑘

where 𝑚𝑘𝑙 =
𝜕𝑚𝑘
𝜕𝑡𝑙

. 𝑒𝑘 = 𝜕𝑚𝑘/𝑚𝑘
𝜕𝑝𝑜

𝑘
/𝑝𝑜
𝑘

and 𝑒∗𝑘 =
𝜕𝑚∗

𝑘/𝑚
∗
𝑘

𝜕𝑝𝑜
𝑘
/𝑝𝑜
𝑘

are the elasticities of domestic import demand

and foreign export supply, respectively.

B.2 Data Appendix

B.2.1 Time Consistent Industry Classifications

The industry classifications across different data sources used for this study are not synchro-

nized. For example, the official concordance between import and export product codes to the

industry codes in 2017 report in a mix of 2012 and 2017 vintage NAICS codes.1 The county em-

ployment data are reported in 2012 NAICS codes while the input-output tables are reported in BEA

1The concordance between the 10-digit import and export product codes to the industry codes for 2017 is ob-
tained from the U.S. Census (see: https://www.census.gov/foreign-trade/reference/codes/
concordance/index.html). The concordance between the 2012 and 2017 vintages of the NAICS codes are
also obtained from the U.S. Census (see: https://www.census.gov/eos/www/naics/concordances/
concordances.html).
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industry codes. Therefore, there is a need to unify the industry codes into one time-consistent clas-

sification such that the industry codes from the trade, county employment, and input-output data

can be cross-matched in a consistent manner.

Following the approach of Pierce and Schott (2012), I construct time-consistent industry codes

such that any of the industry codes present in the original data maps to exactly one of these newly

constructed classifications. This is done while keeping the number of industry classifications as

disaggregate as possible. The resulting number of time-consistent industry codes for the traded

sectors is 238. In comparison, the number of industry codes in the traded sectors is 457 for 2012

NAICS codes, 458 for the 2017 NAICS codes, and 256 for the BEA codes. Note that the use

of BEA’s input-output table necessarily reduces the number of industry classifications to 256.

Therefore, the conversion to the newly constructed time-consistent industry codes only reduces

the number of industry classifications by 18.

B.2.2 Imputation of Censored Employment Counts in CBP and QCEW Data

Both the CBP and QCEW data censor employment counts for county-by-industry observations

in which reporting of the data may lead to the identification of individual employees. However,

the two data sources differ in their censoring methods. The CBP censors employment counts in

ranges of values such that it may, for example, report 0-19 for a censored value of 14. On the other

hand, the QCEW simply censors employment counts without further information. For this study,

I impute the censored CBP employment counts with the midpoint values of the reported ranges.

As for the QCEW data, I impute its censored employment counts by taking advantage of the fact

that the employment counts typically become uncensored at more aggregate levels of geography.

For each industry, this allows me to calculate the total censored county employment counts within

a state, and to redistribute this number to the counties based on the reported establishment counts,

which are never censored. I provide further details on this method below.

The BLS censors employment counts for some county-by-industry observations, when it feels

the low value puts the identification of individual employee information at risk. For example, out
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of 19,455 county-industry pairs within the agricultural sector (industry codes beginning with “111”

and “112”) in the 2016 data, about 81 percent are censored. However, at a more aggregate state-

industry level, only about 38 percent are censored. All observations are uncensored at the national

level. Therefore, there are cases in which the number of employees for a county-industry pair is

censored but the overlying state-industry pair is not. Because the information on the number of

firms is never censored at any level of aggregation, it is possible to calculate the average number

of censored employees per firm at the state-level and impute the underlying county-level data by

multiplying this number with the reported number of firms if the observation is censored.

I provide an illustrative example in Table B.5. Consider state 𝐴, which consists of three coun-

ties 𝑎, 𝑏, and 𝑐. The employment counts for county 𝑎 are reported, but censored for counties 𝑏 and

𝑐. The objective is to impute the values for these censored counts. I take advantage of the structure

of data, which reports uncensored values at a more aggregate geography and reports firm counts

in all cases. First, I compute the number of employment counts that are censored within state 𝐴

(cnsemp = 1000−900 = 100). Similarly, I can also calculate the total firm count that correspond to

the underlying counties whose employment counts are censored (cnsfirm = 200 − 150 = 50). The

average number of employees per firm within this censored group is 2. At this point, we know that

the two censored employment counts for counties 𝑏 and 𝑐 have to add up to 100, but do not know

how they are distributed. Since the firm counts are always reported, I make a sensible guess for the

censored values by multiplying the reported number of firms in a censored county with the average

number of censored employment per firm at the state level. Note that this approach matches the

state-level data exactly by construction.2

2Actually, there are small discrepancies due to rounding errors that occur when BLS calculates the averages across
quarterly data to compute the annual values, which are used for this study.
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Table B.5: An Example of Imputing Censored County Industry Employment Counts

State-level Data County-level Data

state emp firm cnsemp cnsfirm cnsemp
cnsfirm county emp firm imputed emp

A 1000 200 100 50 2 a 900 150 -
b C 30 60
c C 20 40

Notes: All calculated values are italicized. A value of C indicates that the true value has been censored. emp denotes
the employment count, firm denotes the firm count, cnsemp denotes the total employment count that is censored at the
underlying county-level, cnsfirm denotes the total firm count for the underlying counties whose employment counts
were censored, and imputed emp denotes the imputed employment calculated by multiplying the number of firms with
the average number of censored employment count per firm, cnsemp

cnsfirm .

B.3 Empirical Appendix

B.3.1 Trade War and NMFN Tariffs at Product- and Industry-Levels

In Section 2.4.2, I show how the NMFN tariffs aggregated at the county-level have predictive

power for the county-level trade war tariff shocks. Here, I show that similar positive relationships

between the trade war tariffs and NMFN tariffs indeed exist at the industry-level. First, I compare

the following two pairs of tariffs at the product-level:

Δ𝜏𝑚𝑔 ≡
∑
𝑖

𝑚𝑖𝑔∑
𝑖 𝑚𝑖𝑔

· Δ𝜏𝑚𝑖𝑔 and 𝜏NMFN
us,𝑔 ≡

∑
𝑖

𝑚𝑖𝑔∑
𝑖 𝑚𝑖𝑔

· 𝜏NMFN
us,𝑔 (B.8)

Δ𝜏𝑥𝑔 ≡
∑
𝑖

𝑥𝑖𝑔∑
𝑖 𝑥𝑖𝑔

· Δ𝜏𝑥𝑖𝑔 and 𝜏NMFN
ret,𝑔 ≡

∑
𝑖∈{𝑐𝑛,𝑒𝑢}

𝑥𝑖𝑔∑
𝑖 𝑥𝑖𝑔

· 𝜏NMFN
𝑖𝑔 , (B.9)

Next, I compare the following two pairs of tariffs at the industry-level:

Δ𝜏𝑚𝑗 ≡
∑
𝑔∈𝐺 𝑗

∑
𝑖

𝑚𝑖𝑔∑
𝑔∈𝐺 𝑗

∑
𝑖 𝑚𝑖𝑔

· Δ𝜏𝑚𝑖𝑔 and 𝜏NMFN
us, 𝑗 ≡

∑
𝑔∈𝐺 𝑗

𝑚𝑔∑
𝑔∈𝐺 𝑗

𝑚𝑔
· 𝜏NMFN

us,𝑔 (B.10)

Δ𝜏𝑥𝑗 ≡
∑
𝑔∈𝐺 𝑗

∑
𝑖

𝑥𝑖𝑔∑
𝑔∈𝐺 𝑗

∑
𝑖 𝑥𝑖𝑔

· Δ𝜏𝑥𝑖𝑔 and 𝜏NMFN
ret, 𝑗 ≡

∑
𝑔∈𝐺 𝑗

𝑥𝑔∑
𝑔∈𝐺 𝑗

𝑥𝑔
· 𝜏NMFN

ret,𝑔 (B.11)

As mentioned earlier, note that the summation of the foreign NMFN tariffs are taken over only two

countries, China and the E.U.
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Table B.6: Regression of Product-Level and Industry-Level Tariff Shocks on NMFN Tariffs

Product-Level Industry-Level

(1) (2) (3) (4) (5) (6)
Δ𝜏𝑚𝑔 Δ𝜏𝑥𝑔 Δ𝜏𝑚𝑗 Δ𝜏𝑥𝑗 Δ𝜏𝑚𝑗 Δ𝜏𝑥𝑗

𝜏NMFN
us,𝑔 0.00162

(0.00122)

𝜏NMFN
ret,𝑔 0.0757∗∗∗

(0.0117)

𝜏NMFN
us, 𝑗 0.0433∗∗∗ 0.0432∗∗∗ -0.0186∗∗∗

(0.00961) (0.00962) (0.00522)

𝜏NMFN
ret, 𝑗 0.0572∗∗∗ -0.00326 0.0540∗∗∗

(0.00837) (0.0107) (0.00757)

N 10509 5240 238 238 238 238
R2 0.0000854 0.0347 0.0806 0.0654 0.0806 0.0973
F-Statistic 1.763 41.77 20.32 46.72 10.12 38.10

Notes: Heteroskedasticity robust standard errors in parentheses. For import tariffs, the products are at the 8-digit codes
(tariff lines). For export tariffs, the products are at the (internationally comaparable) 6-digit codes.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01
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I first regress the implemented trade war tariffs on the corresponding NMFN tariffs at the

product- and industry-levels. The results are presented in Table B.6. At the product-level, based

on estimates under columns (1) and (2), we see statistically significant and positive relationships

between the trade war and the NMFN tariffs for the foreign pairs but not for the domestic pairs.

The lack of a relationship on the domestic pair of tariffs is unsurprising given the limited variation

in the trade war tariffs imposed by the U.S. and this is also reflected in the extremely low value of

𝑅2 under column (1). Despite the lack of variation in the U.S. trade war tariffs at the product-level,

they can reveal more interesting variations at the industry-level, which I turn to next.

Under columns (3) and (4), I examine the same relationship at the industry-level. Here, there

are statistically significant and positive relationships between the trade war and the NMFN tariffs

for both pairs. Moreover, the relationship for the import tariffs is comparable in magnitude to the

relationship for the export tariffs than at the product-level. A possible explanation to this difference

is that the relationship between the trade war and NMFN tariffs is relatively stronger for products

that take up greater shares of trade value within each industry. If this is the case, as the product-

level tariffs are weighted by their import values to form the industry-level tariffs, the relationship

can become more pronounced. Had it been the opposite, then weighting the import tariffs by their

import values would have made the relationship even weaker at the industry-level.

At the industry-level, it is possible to compare the import tariffs with the export tariffs because

they share the same industry classification. Therefore, under columns (5) and (6), I regress each

of the trade war import and export tariffs on both the U.S. and foreign NMFN tariffs to explore if

similar positive relationships exist between wrong pairs of tariffs (e.g., import tariffs and foreign

NMFN tariffs). As shown, the inclusion of the mismatched NMFN tariff to the regression leaves

the previous relationship between the trade war tariffs and their corresponding NMFN tariffs un-

changed. In addition, the foreign NMFN tariffs have no predictive power on the U.S. trade war

tariffs. While the U.S. NMFN tariffs have a statistically significant relationship with the retaliatory

trade war tariffs, the estimated coefficient of -0.0186 has the opposite sign and is considerably

smaller than the coefficient of 0.054 on the foreign NMFN tariffs.

180



B.3.2 Effects on Vote Shares

Although it is not a direct interest of this paper, I report the effects of the county-level tariff

shocks on the county-level vote shares for Republican candidates for interested readers. Table

B.7 reports the results using the same specifications as in main results reported in Table 2.4. The

qualitative effects of the tariff shocks appear to be the similar although they are much less precisely

estimated. A useful observation from comparing columns (4) and (8) is that the OLS estimates

understate the effects of the import tariffs and overstates the effect of the retaliatory tariffs relative

to the IV estimates.

B.3.3 Equivalent Industry-level Regression Specifications

Several recent studies have demystified the identifying assumption behind a shift-share vari-

able. Goldsmith-Pinkham et al. (2018) show the identifying assumption typically requires that

the shares used to construct the shift-shares satisfy the orthogonality condition themselves. Alter-

natively, Borusyak et al. (2018) offer an identifying assumption that rests on the industry shocks

being as good as randomly assigned with respect to the industry unobservables. In this case, the

individual shares themselves do not have to be orthogonal. On a different note, Adao et al. (2019)

make the point that location-level regressions using shift-share variables can lead to over-rejection

inference problems because the residuals may be correlated across locations with similar shares

regardless of their spatial proximity.

To further explore some of these issues, I use the framework of Borusyak et al. (2018) to write

the following industry-level regression equation, which is numerically equivalent to the county-

level regression in equation (2.5).

𝑌 𝑗 𝑡 = 𝛽𝑂𝑇 · (𝑂𝑇 𝑗 × 1{𝑡 = 2018}) + 𝛽𝐼𝑇 · (𝐼𝑇 𝑗 × 1{𝑡 = 2018}) + 𝛽𝑋𝑇 · (𝑋𝑇 𝑗 × 1{𝑡 = 2018}) + 𝜖 𝑗 𝑡 ,

(B.12)

where 𝑠 𝑗 = 1
𝐶

∑𝐶
𝑐=1 𝑠𝑐 𝑗 is the average employment share of industry 𝑗 and 𝑍 𝑗 𝑡 =

∑
𝑐 𝑠𝑐 𝑗𝑍

⊥
𝑐𝑡/

∑
𝑐 𝑠𝑐 𝑗
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Table B.7: Effects of County-level Tariff Shocks on Vote Shares

𝑌𝑐𝑡 : Rep Vshr𝑐𝑡 × 100 IV OLS

(1) (2) (3) (4) (5) (6) (7) (8)

𝑂𝑇𝑐 × 1{2018}𝑡 17.08 24.81∗ 24.43∗ 27.12∗∗ 8.532 13.66∗ 13.32∗ 16.20∗∗

(12.24) (13.79) (12.45) (12.48) (7.618) (7.523) (7.647) (7.541)

𝐼𝑇𝑐 × 1{2018}𝑡 -11.30 -23.38∗ -12.96 -21.52∗ 1.570 -7.251 -3.987 -9.339
(12.45) (11.98) (13.80) (12.35) (6.692) (5.604) (7.611) (5.958)

𝑋𝑇𝑐 × 1{2018}𝑡 -7.133 -9.612 0.760 -2.602 -10.29 -11.85 -13.31 -13.20
(12.38) (10.48) (12.44) (11.33) (14.51) (10.99) (13.05) (10.12)

Trd Emp Share𝑐 × 1{2018}𝑡 6.994 7.643 -3.441 1.974 5.007 5.686 0.559 3.901
(11.12) (10.44) (9.906) (10.05) (6.440) (6.722) (6.030) (6.558)

Contested Election Share𝑐𝑡 -11.35∗∗∗ -11.44∗∗∗ -11.31∗∗∗ -11.39∗∗∗

(3.317) (3.309) (3.327) (3.316)

Rep Prs Vote Share𝑐,2012 × 1{2018}𝑡 -44.21∗∗∗ -34.61∗∗ -43.13∗∗∗ -33.94∗∗

(15.40) (13.33) (15.25) (13.29)

Rep Prs Vote Share𝑐,2016 × 1{2018}𝑡 39.96∗∗∗ 30.03∗∗ 38.62∗∗∗ 29.01∗∗

(13.83) (12.14) (13.72) (12.09)

MFP ($100/acre)𝑐 × 1{2018}𝑡 -1.758 -2.275∗ -1.877 -2.323∗

(1.217) (1.223) (1.233) (1.231)

Pop. Share: Male𝑐𝑡 55.88 -8.521 60.27 -4.298
(106.4) (91.73) (107.6) (93.05)

Pop. Share: White𝑐𝑡 228.2∗∗∗ 241.0∗∗∗ 220.7∗∗∗ 235.9∗∗∗

(76.54) (76.63) (79.08) (78.81)

Pop. Share: Black𝑐𝑡 137.2∗ 176.0∗∗ 125.6 168.2∗

(77.66) (83.09) (82.00) (87.10)

Pop. Share: Hispanic𝑐𝑡 -88.41 -80.60 -84.97 -76.67
(77.24) (75.68) (76.10) (74.37)

Pop. Share: Working Age (15-64)𝑐𝑡 -209.9∗∗∗ -67.08 -203.6∗∗∗ -63.39
(72.95) (78.36) (71.83) (77.66)

Pop. Share: Over Age 64𝑐𝑡 -131.2∗ -70.53 -122.2∗ -62.56
(67.18) (73.13) (67.75) (73.05)

ln(Median Household Income𝑐𝑡) 7.228 6.362 7.168 6.239
(7.183) (6.041) (7.176) (6.019)

Pop. Share: Bachelor’s or Higher𝑐𝑡 -22.03 -31.08 -21.41 -30.68
(21.13) (21.88) (21.36) (21.89)

KP F-Statistic 25.62 22.49 25.55 23.15
R2 0.00190 0.122 0.0222 0.135 0.00281 0.124 0.0240 0.137

Notes: N=12,420 with 3,107 counties and 4 years of observations. Rep Vshr𝑐𝑡 denotes the Republican candidate’s
share of total votes for major party (Republican or Democratic) candidates in county 𝑐 and election year 𝑡. Het-
eroskedasticity robust standard errors clustered at the state level in parentheses. All regression specifications include
county and year fixed effects, and they are weighted by the total county population. The first-stage Kleibergen and
Paap (2006) F-statistic is reported as KP F-Statistic.
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01
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Table B.8: Equivalent Industry-level Regressions of County-level Tariff Shocks on Vote Counts

𝑌 𝑗 𝑡 : Rep 𝑗 𝑡 (1) (2) (3) (4) (5)

𝑂𝑇 𝑗 × 1{2018}𝑡 9.073∗∗ 9.073∗∗ 8.688 9.516∗ 9.706∗

(3.758) (3.653) (8.232) (4.881) (5.292)

𝐼𝑇 𝑗 × 1{2018}𝑡 -9.925 -9.925 -9.516 -13.37∗ -13.09
(6.057) (6.140) (7.876) (7.715) (11.45)

𝑋𝑇 𝑗 × 1{2018}𝑡 0.951 0.951 -0.882 -0.830 -13.39
(2.133) (2.141) (2.354) (2.050) (40.53)

Exclude Top 20 𝑂𝑇𝑗 𝐼𝑇𝑗 𝑋𝑇𝑗
Clusters 6-digit 4-digit 4-digit 4-digit 4-digit
N (Industry) 238 238 218 218 218
N 952 952 872 872 872

Notes: For some variable 𝑍𝑐𝑡 , the variable 𝑍 𝑗𝑡 =
∑
𝑐 𝑠𝑐 𝑗𝑍

⊥
𝑐𝑡/

∑
𝑐 𝑠𝑐 𝑗 denotes its county-industry employment share

(𝑠𝑐 𝑗 ) weighted average after it has been residualized on covariates 𝑋 ′
𝑐𝑡 (denoted as 𝑍⊥

𝑐𝑡 ). The covariates 𝑋 ′
𝑐𝑡 include

the full set of controls from the baseline specification of Table 2.4. Rep𝑐𝑡 denotes the percentage of the population
who voted for a Republican House candidate in county 𝑐 and election year 𝑡. All specifications are weighted by the
industry average employment share, 𝑠 𝑗 .
* 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01

denotes the 𝑠𝑐 𝑗 weighted average of some variable 𝑍𝑐𝑡 after it has been residualized on covariates

𝑋′
𝑐𝑡 (denoted as 𝑍⊥

𝑐𝑡). 𝜖 𝑗 𝑡 is the error, and the regression is estimated without a constant. The

county-level IV estimates are then obtained by instrumenting the weighted endogenous variables

with their corresponding industry-level instruments 𝑂𝑇NMFN
𝑗 , 𝐼𝑇NMFN

𝑗 , and 𝑋𝑇NMFN
𝑗 . The authors

also show these industry-level regressions have the added benefit of easily correcting the standard

errors for the concerns raised in Adao et al. (2019). This correction is achieved by clustering the

standard errors at different levels of industry groups.

In the first two columns of Table B.8, I estimate the equivalent industry-level regression in

(B.12) with standard errors clustered at each 6-digit (column (1)) or each 4-digit (column (2))

industry classifications, respectively. Note that the point estimates are identical to the county-level

estimates by construction. The resulting standard errors are indeed larger than the county-level

ones, and only the estimates on the output tariffs retain statistical significance.

With the last three columns, I examine the sensitivity of the estimates to the exclusion of top

20 industry-level output, input, and export tariff shocks, respectively. These correspond to a little
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Table B.9: Top 20 Industry-level Tariff Shocks

Rank Code Description 𝑂𝑇𝑗 𝑂𝑇NMFN
𝑗

1 333242 Semiconductor machinery manufacturing 11.84 93.24
2 331313 Alumina refining and primary aluminum production 7.49 8.49
3 33712N Other household nonupholstered furniture 5.61 29.61
4 331110 Iron and steel mills and ferroalloy manufacturing 5.43 4.97
5 337127 Institutional furniture manufacturing 4.60 34.31
6 335312 Motor and generator manufacturing 4.50 24.83
7 334413 Semiconductor and related device manufacturing 4.04 21.87
8 335999 All other miscellaneous electrical equipment and component manufacturing 3.95 25.21
9 333316 Photographic and photocopying equipment manufacturing 3.79 47.43
10 335920 Communication and energy wire and cable manufacturing 3.49 24.64
11 334418 Printed circuit assembly (electronic assembly) manufacturing 3.44 18.94
12 335911 Storage battery manufacturing 3.31 21.77
13 335120 Lighting fixture manufacturing 3.26 20.93
14 334112 Computer storage device manufacturing 3.22 25.44
15 334512 Automatic environmental control manufacturing 2.98 13.47
16 332999 Other fabricated metal manufacturing 2.72 11.38
17 335210 Small electrical appliance manufacturing 2.71 42.14
18 332991 Ball and roller bearing manufacturing 2.52 30.87
19 337215 Showcase, partition, shelving, and locker manufacturing 2.49 22.43
20 335220 Major Household Appliance Manufacturing 2.41 19.29

Rank Code Description 𝐼𝑇𝑗 𝐼𝑇NMFN
𝑗

1 33131B Aluminum product manufacturing from purchased aluminum 3.40 5.15
2 336370 Motor vehicle metal stamping 2.78 4.33
3 331200 Steel product manufacturing from purchased steel 2.60 4.05
4 332430 Metal can, box, and other metal container (light gauge) manufacturing 2.30 3.73
5 332420 Metal tank (heavy gauge) manufacturing 1.92 3.27
6 332119 Metal crown, closure, and other metal stamping (except automotive) 1.82 2.75
7 333920 Material handling equipment manufacturing 1.77 7.10
8 332310 Plate work and fabricated structural product manufacturing 1.75 3.02
9 333242 Semiconductor machinery manufacturing 1.58 12.83
10 33211A All other forging, stamping, and sintering 1.55 2.50
11 336991 Motorcycle, bicycle, and parts manufacturing 1.48 4.39
12 337215 Showcase, partition, shelving, and locker manufacturing 1.48 3.68
13 335220 Major Household Appliance Manufacturing 1.46 6.08
14 331314 Secondary smelting and alloying of aluminum 1.40 2.61
15 33712N Other household nonupholstered furniture 1.40 4.41
16 333991 Power-driven handtool manufacturing 1.40 7.03
17 332999 Other fabricated metal manufacturing 1.40 3.78
18 332320 Ornamental and architectural metal products manufacturing 1.34 2.77
19 331520 Nonferrous metal foundries 1.33 3.03
20 331313 Alumina refining and primary aluminum production 1.30 3.20

Rank Code Description 𝑋𝑇𝑗 𝑋𝑇NMFN
𝑗

1 114000 Fishing, hunting and trapping 4.08 7.69
2 1111A0 Oilseed farming 3.59 51.72
3 111900 Other crop farming 2.07 5.66
4 331110 Iron and steel mills and ferroalloy manufacturing 2.01 0.15
5 336111 Automobile manufacturing 1.95 21.35
6 336991 Motorcycle, bicycle, and parts manufacturing 1.94 3.06
7 322110 Pulp mills 1.47 2.40
8 333316 Photographic and photocopying equipment manufacturing 1.33 8.09
9 111300 Fruit and tree nut farming 1.14 1.71
10 325320 Pesticide and other agricultural chemical manufacturing 0.93 0.32
11 335210 Small electrical appliance manufacturing 0.93 8.16
12 331410 Nonferrous metal (except aluminum) smelting and refining 0.90 0.52
13 334610 Manufacturing and reproducing magnetic and optical media 0.86 6.96
14 334517 Irradiation apparatus manufacturing 0.85 2.81
15 312140 Distilleries 0.81 0.13
16 334118 Computer terminals and other computer peripheral equipment manufacturing 0.81 5.87
17 336612 Boat building 0.79 0.09
18 33131B Aluminum product manufacturing from purchased aluminum 0.68 0.45
19 333314 Optical instrument and lens manufacturing 0.62 5.41
20 339115 Ophthalmic goods manufacturing 0.61 3.04
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less than the top 10 percentile of tariff shocks. Table B.9 lists the rankings. The point estimates

remain similar for the import tariffs across all columns although they are less precisely estimated.

As for the export tariffs, the point estimate is much more negative when the top 20 export tariffs

are excluded. However, the standard errors are massive (about three times the point estimate),

preventing useful inference on it.
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Appendix C: Appendix for Chapter 3

C.1 Proofs

C.1.1 Proof of Proposition 1

Proposition. 1 If the elasticity of substitution between labor and the specific factor for all firms is

constant, then the log change in wages equals the employment-share weighted average of the log

changes in cash flow, i.e.,

𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 ,

and the log change in employment in each firm equals 𝐿̂ 𝑓 𝑡 = 𝜎
(
𝑟 𝑓 𝑡 −

∑
𝑓 ′
𝐿 𝑓 ′
𝐿 𝑟 𝑓 ′𝑡

)
.

Proof. Totally differentiating equations (3.2) and (3.3) yields:

𝑦̂ 𝑓 𝑡 = −𝑎̂𝑉 𝑓 𝑡 , (C.1)

and ∑
𝑓

𝐿 𝑓

𝐿

(
𝑎̂𝐿 𝑓 𝑡 − 𝑎̂𝑉 𝑓 𝑡

)
= 𝐿̂, (C.2)

where we have used the fact that in the baseline equilibrium 𝐿 𝑓 𝑡 = 𝐿 𝑓 . Substituting equation (3.4)

into the previous equation yields

−
∑
𝑓

𝐿 𝑓

𝐿
𝜎

(
𝑤̂𝑡 − 𝑟 𝑓 𝑡

)
= 𝐿̂, (C.3)

or

𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 −

𝐿̂

𝜎
(C.4)
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If the supply of labor is fixed, we have 𝐿̂ = 0, which establishes that

𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 . (C.5)

Substituting equation (C.1) into equation (3.4) yields

−𝑦̂ 𝑓 𝑡 − 𝑎̂𝐿 𝑓 𝑡 = 𝜎
(
𝑤̂𝑡 − 𝑟 𝑓 𝑡

)
(C.6)

or

𝐿̂ 𝑓 𝑡 = 𝜎
(
𝑟 𝑓 𝑡 − 𝑤̂𝑡

)
= 𝜎 ©­«𝑟 𝑓 𝑡 −

∑
𝑓 ′

𝐿 𝑓 ′

𝐿
𝑟 𝑓 ′𝑡

ª®¬ . (C.7)

□

Extension of Proposition 1 to Model Endogenous Aggregate Employment Rates

Starting with equation (C.4), we now can add an upward-sloping labor-supply curve by defining

the log change in employment relative to some base level 𝐿 as

𝐿̂𝑡 = 𝐿̂𝑠𝑡 = 𝜎̃𝑤̂𝑡 ,

where 𝜎̃ > 0 denotes the slope of the labor-supply curve. Substituting the expression for 𝐿̂𝑠𝑡 into

equation (C.4) gives us

𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 −

𝜎̃𝑤̂𝑡
𝜎

𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 −

𝜎̃

𝜎

∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡

𝑤̂𝑡 =

(
1 − 𝜎̃

𝜎

) ∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡 ,

which proves that wages will rise with changes in cash flow as long as 𝜎̃ < 𝜎, i.e., the labor-supply

response cannot be too large. Substituting this expression into equation (C.7) gives us
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𝐿̂ 𝑓 𝑡 = 𝜎
(
𝑟 𝑓 𝑡 − 𝑤̂𝑡

)
= 𝜎 ©­«𝑟 𝑓 𝑡 −

(
1 − 𝜎̃

𝜎

) ∑
𝑓

𝐿 𝑓

𝐿
𝑟 𝑓 𝑡

ª®¬ .
This expression continues to show that the relative employment of a firm increases when it has

higher returns to its specific factor. Thus, the relationship between log change in firm employment

and returns to its specific factor in Proposition 1 is robust to allowing for an upward sloping labor

supply curve.

C.1.2 Proof of Proposition 2

Proposition. 2 The sum of log changes in the effective rates of protection (𝑝𝑒𝑓 𝑡) and adjusted

productivity
(

𝐴̂ 𝑓 𝑡
1−∑

𝑖 𝜔𝑖 𝑓 𝑡

)
for a firm can be expressed as a linear function of the log changes in cash

flows (𝑟 𝑓 𝑡):

𝑝𝑒𝑓 𝑡 +
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

=

(
𝜔𝑉 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
𝑟 𝑓 𝑡 +

(
𝜔𝐿 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

) ∑
𝑓 ′

𝐿 𝑓 ′𝑡

𝐿
𝑟 𝑓 ′𝑡 .

Moreover, the log changes in firm cash flows (𝑟 𝑓 𝑡) and wages (𝑤̂𝑡) can be expressed as linear

functions of the log changes in effective rates of protection (𝑝𝑒𝑓 𝑡) and productivity (𝐴̂ 𝑓 𝑡):

𝑤̂𝑡 =
∑
𝑓

𝜑 𝑓 𝑡

(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
and

𝑟 𝑓 𝑡 =

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
−

(
𝜔𝐿 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) ∑
𝑓

𝜑 𝑓 𝑡

(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
,

where 𝜑 𝑓 𝑡 = 𝐿 𝑓 𝑡

(
1−∑

𝑖 𝜔𝑖 𝑓 𝑡
𝜔𝑉 𝑓 𝑡

)
/∑ 𝑓 ′ 𝐿 𝑓 ′𝑡

(
1−∑

𝑖 𝜔𝑖 𝑓 ′𝑡
𝜔𝑉 𝑓 ′𝑡

)
.

Proof. We begin by totally differentiation equation (3.1) and dividing both sides by 𝑝 𝑓 𝑡 to obtain

𝜔𝐿 𝑓 𝑡𝑤̂𝑡 + 𝜔𝑉 𝑓 𝑡𝑟 𝑓 𝑡 +
∑
𝑖

𝜔𝑖 𝑓 𝑡𝑞𝑖𝑡 − 𝐴̂ 𝑓 𝑡 = 𝑝 𝑓 𝑡 , (C.8)
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where we have made use of the fact that

𝜔𝐿 𝑓 𝑡 𝑎̂𝐿 𝑓 𝑡 + 𝜔𝑉 𝑓 𝑡 𝑎̂𝑉 𝑓 𝑡 +
∑
𝑖

𝜔𝑖 𝑓 𝑡 𝑎̂𝑖 𝑓 𝑡 = −𝐴̂ 𝑓 𝑡 .

Using the definition of effective rates of protection in equation (3.5) and Proposition (1), we can

rearrange equation (C.8) to arrive at the first equation in the proposition:

𝑝𝑒𝑓 𝑡 +
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

=

(
𝜔𝑉 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
𝑟 𝑓 𝑡 +

(
𝜔𝐿 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

) ∑
𝑓 ′

𝐿 𝑓 ′𝑡

𝐿
𝑟 𝑓 ′𝑡 .

Then, it is straightforward to solve for 𝑤̂𝑡 and 𝑟 𝑓 𝑡 in terms of 𝑝𝑒𝑓 𝑡 and 𝐴̂ 𝑓 𝑡 . Specifically, we have

(
𝜔𝐿 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

)
𝑤̂𝑡 + 𝑟 𝑓 𝑡 =

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)

∑
𝑓

𝐿 𝑓 𝑡

𝐿

(
𝜔𝐿 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

)
+ 1

 𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓 𝑡

𝐿

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)

∑
𝑓

𝐿 𝑓 𝑡

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) 𝑤̂𝑡 =
∑
𝑓

𝐿 𝑓 𝑡

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
𝑤̂𝑡 =

∑
𝑓

𝜑 𝑓 𝑡

(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
,

where Proposition (1) was used to derive the second line. Substituting the solution for 𝑤̂𝑡 back into

the first line, we get

𝑟 𝑓 𝑡 =

(1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
−

(
𝜔𝐿 𝑓 𝑡

𝜔𝑉 𝑓 𝑡

) ∑
𝑓

𝜑 𝑓 𝑡

(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓 𝑡

)
.

□
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C.1.3 Proof of Proposition 3

Proposition. 3 For an agent with log utility, the consumption-equivalent welfare effect of the de-

viation path (𝐶̂𝑡)∞𝑡=0 is

C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝐶̂𝑡

]
,

where 𝜌 ≡ 1 − 𝐶𝑡/𝑊𝑡 denotes the consumption-to-wealth ratio..

Proof. The value function of an agent with log utility is

W0 =
∞∑
𝑡=0

𝛽𝑡E0 [ln𝐶𝑡]

where 𝛽 denotes the agent’s subjective discount factor. The consumption-equivalent welfare effect

C is defined as the percent change in consumption, in every state and every period, that is welfare-

equivalent to the change in the agent’s consumption path. Formally, Cmust solve:

∞∑
𝑡=0

E0

[
𝛽𝑡

𝐶𝑡
× 𝐶𝑡C

]
=

∞∑
𝑡=0

E0

[
𝛽𝑡

𝐶𝑡
× 𝐶𝑡𝐶̂𝑡

]
=⇒

( ∞∑
𝑡=0

𝛽𝑡

)
C =

∞∑
𝑡=0

E0
[
𝛽𝑡𝐶̂𝑡

]
=⇒ C = (1 − 𝛽)

∞∑
𝑡=0

E0
[
𝛽𝑡𝐶̂𝑡

]
.

To conclude the proof, note that, with log-utility, the consumption-to-wealth ratio is equal to 1− 𝛽,

and so have 𝜌 = 𝛽. The reason we use the notation 𝜌 rather than 𝛽 is that 𝜌 is the relevant discount

factor in the more general case of Epstein-Zin utilities (see Section C.2.3). □
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C.1.4 Proof of Proposition 4

Proposition. 4 Around a baseline path in which the ratio of cash flow to firm value, 𝑟 𝑓 𝑡𝑉 𝑓 /Π 𝑓 𝑡 , is

equal to the constant consumption-to-wealth ratio, 𝐶𝑡/𝑊𝑡 , we have:

Π̂ 𝑓 0 = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝑟 𝑓 𝑡

]
−

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂ 𝑓 𝑡

]
Proof. Differentiating the PDV relationship (3.12) gives

Π̂ 𝑓 0 =
1

Π 𝑓 0
E0

[ ∞∑
𝑡=0

𝑟 𝑓 𝑡𝑉 𝑓

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡

(
𝑟 𝑓 𝑡 −

𝑡∑
𝑠=1

𝑅̂ 𝑓 𝑠

)]
=

1
Π 𝑓 0

E0

[ ∞∑
𝑡=0

𝑟 𝑓 𝑡𝑉 𝑓

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡
𝑟 𝑓 𝑡

]
− 1
Π 𝑓 0

∞∑
𝑡=1

E0

[( ∞∑
𝑠=𝑡

𝑟 𝑓 𝑠𝑉 𝑓

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑠

)
𝑅̂ 𝑓 𝑡

]
=

1
Π 𝑓 0

E0

[ ∞∑
𝑡=0

𝑟 𝑓 𝑡𝑉 𝑓

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡
𝑟 𝑓 𝑡

]
− 1
Π 𝑓 0

∞∑
𝑡=1

E0

[
1

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡
E𝑡

[ ∞∑
𝑠=𝑡

𝑟 𝑓 𝑠𝑉 𝑓

𝑅 𝑓 𝑡+1 . . . 𝑅 𝑓 𝑠

]
𝑅̂ 𝑓 𝑡

]
=

∞∑
𝑡=0

E0

[
𝑟 𝑓 𝑡𝑉 𝑓

Π 𝑓 𝑡

Π 𝑓 𝑡/Π 𝑓 0

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡
𝑟 𝑓 𝑡

]
−

∞∑
𝑡=1

E0

[
Π 𝑓 𝑡/Π 𝑓 0

𝑅 𝑓 1 . . . 𝑅 𝑓 𝑡
𝑅̂ 𝑓 𝑡

]

where the second line uses the fact that Π 𝑓 𝑡 = E𝑡
[∑∞

𝑠=𝑡
𝑟 𝑓 𝑠𝑉 𝑓

𝑅 𝑓 𝑡+1...𝑅 𝑓 𝑠

]
, following (3.12). We then use

the assumption that on the baseline path 𝑟 𝑓 𝑡𝑉 𝑓 /Π 𝑓 𝑡 is constant and equal to 𝐶𝑡/𝑊𝑡 (if not, all of

our equalities should be understood as being first-order approximations around this baseline path,

as in Campbell and Shiller (1988)).1 In particular, using the definition of 𝜌 above, we can write

(Π 𝑓 𝑡 − 𝑟 𝑓 𝑡𝑉 𝑓 )/Π 𝑓 𝑡 = 𝜌, which implies:

𝑅 𝑓 𝑡+1 =
Π 𝑓 𝑡+1

Π 𝑓 𝑡 − 𝑟 𝑓 𝑡𝑉 𝑓
=

1
𝜌

Π 𝑓 𝑡+1

Π 𝑓 𝑡

Plugging this into the previous equation gives:

Π̂ 𝑓 0 = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝑟 𝑓 𝑡

]
−

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂ 𝑓 𝑡

]
1The underlying assumption is that, on the baseline path, consumption growth is i.i.d. and the cash flow of each

firm grows at the same rate as aggregate consumption.
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□

C.2 Model Extensions

C.2.1 Adding Growth

The baseline model that we analyze does not allow for growth, but we can easily change it

to a model in which productivity rises by 𝜙 each period. We demonstrate that the only effect of

increasing productivity in this setup is to cause output, wages, and payments to the specific factor

to rise by 𝜙 each period. We do this by showing that if output grows at a rate 𝜙 and prices do not

change, then all factor and product markets will clear, and firms will continue to earn zero profits.

We then show that if output grows at a rate 𝜙, firms have no incentive to change prices, which

means that we have identified an equilibrium. We model growth in our setup by assuming that firm

output in each period is given by

𝑦 𝑓 𝑡 = ℎ
(
𝜙𝑡𝑉 𝑓 , 𝜙

𝑡𝐿 𝑓 𝑡 , 𝑚𝑖 𝑓 𝑡
)
,

where 𝜙 ≥ 1 is a parameter that determines TFP growth. Since labor and the specific factor are

paid the value of their marginal product, we can write the wage and rental rate equations as

𝑤𝑡 = 𝜙
𝑡ℎ𝐿 𝑝 𝑓 𝑡 and 𝑟 𝑓 𝑡 = 𝜙

𝑡ℎ𝑉 𝑝 𝑓 𝑡 .

Thus, if firms do not change their employment levels and prices do not change, we will have

Δ ln𝑤𝑡 = Δ ln 𝑟 𝑓 𝑡 = 𝜙. This result implies that real incomes will rise by 𝜙, which means that

if demand is homothetic and prices do not change, output will rise by 𝜙. We also know from

Proposition 1 that each firm will continue to employ the same number of workers as in period 0 if

wages and rental rates rise by the same amount.
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The new factor market clearing conditions in each time period will be

∑
𝑓

𝑎𝐿 𝑓 0

𝜙𝑡
(
𝜙𝑡𝑦 𝑓 0

)
= 𝐿, and

𝑎𝑉 𝑓 0

𝜙𝑡
(
𝜙𝑡𝑦 𝑓 0

)
= 𝑉 𝑓 .

An important implication of these equations is that if markets clear in period 0, they will also clear

in period 𝑡.

Finally, we show that an equilibrium featuring no changes in prices from those in period 0

will also satisfy the zero-profit condition. In order to do this, we first show that the unit-input

requirement for materials doesn’t change because separability of the production function means

that

𝑎𝑖 𝑓 𝑡 =
𝑚𝑖 𝑓 𝑡

𝑦 𝑓 𝑡
=
𝑎𝑖 𝑓 0𝑦 𝑓 𝑡

𝑦 𝑓 𝑡
= 𝑎𝑖 𝑓 0.

One implication of this result is that intermediate input use grows at the same rate as output growth,

i.e., Δ ln𝑚𝑖 𝑓 𝑡 = Δ ln 𝑦 𝑓 𝑡 = 𝜙. If output in period 𝑡 is given by 𝜙𝑡𝑦 𝑓 𝑡 and prices do not change, then

the zero-profit condition (equation 3.1) can be written as

𝑎𝐿 𝑓 𝑡𝑤𝑡 + 𝑎𝑉 𝑓 𝑡𝑟 𝑓 𝑡 +
∑
𝑖

𝑎𝑖 𝑓 𝑡𝑞𝑖𝑡 = 𝑝 𝑓 𝑡

𝑎𝐿 𝑓 0

𝜙𝑡
(
𝜙𝑡𝑤0

)
+
𝑎𝑉 𝑓 0

𝜙𝑡
(
𝜙𝑡𝑟 𝑓 0

)
+

∑
𝑖

𝑎𝑖 𝑓 0𝑞𝑖𝑡 = 𝑝 𝑓 𝑡

𝑎𝐿 𝑓 0𝑤0 + 𝑎𝑉 𝑓 0𝑟 𝑓 0 +
∑
𝑖

𝑎𝑖 𝑓 0𝑞𝑖𝑡 = 𝑝 𝑓 𝑡 .

Since we know that these equations hold in period 0, we know that if 𝑞𝑖𝑡 = 𝑞𝑖0, then 𝑝 𝑓 𝑡 = 𝑝 𝑓 0.

Intermediate input prices will not change if labor and specific factor productivity growth affects all

firms equally because intermediate input usage, consumer demand, and supply will all grow at a

rate of 𝜙.
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C.2.2 Nesting the Neoclassical Static Welfare Effects in Our Setup

The neoclassical welfare effects are based on three additional assumptions: tariff changes are

permanent (trivially true in a two-period model); they have no productivity effects (i.e., 𝐴̂ 𝑓 𝑡 =

𝐴̂ 𝑓 = 0); and there are only two periods so, 𝑝𝑒𝑓 𝑡 = 𝑝𝑒𝜏𝑓 , and 𝑟 𝑓 𝑡 = 𝑟𝜏𝑓 , where 𝑟𝜏𝑓 and 𝑝𝑒𝜏𝑓 denote the

tariff-induced changes in firm cash flow and ERP under the assumption that tariffs do not affect

productivity. We can see why these assumptions would yield different estimates than those in our

setup by starting with equation (3.11) and noting that the first term in the equation gives us the role

that cash flow plays in determining welfare:

C𝑟 ≡
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0 [𝑟 𝑓 𝑡]
)
.

We can then use Proposition 2 to rewrite this as

C𝑟 =
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[(1 − ∑
𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

)])
−

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

©­«
𝜔𝐿 𝑓

𝜔𝑉 𝑓

∑
𝑓

𝜑 𝑓E0

[(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

)]ª®¬
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We can rewrite this as

C𝑟 =
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[(1 − ∑
𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

) (
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

)])
−

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

©­«
𝜔𝐿 𝑓

𝜔𝑉 𝑓

∑
𝑓

𝜑 𝑓E0

[(
𝑝𝑒𝑓 𝑡 +

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

)]ª®¬
=

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

©­«(1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0


(1 − ∑

𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

)
𝑝𝑒𝑓 𝑡 −

𝜔𝐿 𝑓

𝜔𝑉 𝑓

∑
𝑓

𝜑 𝑓 𝑝
𝑒
𝑓 𝑡

ª®¬
+

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

©­«(1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0


(1 − ∑

𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

)
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

−
𝜔𝐿 𝑓

𝜔𝑉 𝑓

∑
𝑓

𝜑 𝑓
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

ª®¬
=

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

©­«(1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0

©­«
(1 − ∑

𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

)
−
𝜔𝐿 𝑓

𝜔𝑉 𝑓

∑
𝑓

𝜑 𝑓
ª®¬ 𝑝𝑒𝑓 𝑡

ª®¬
+

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

©­«(1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0

©­«
(1 − ∑

𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

)
−
𝜔𝐿 𝑓

𝜔𝑉 𝑓

∑
𝑓

𝜑 𝑓
ª®¬

𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

ª®¬
=

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

((1 − ∑
𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

)
−
𝜔𝐿 𝑓

𝜔𝑉 𝑓

) (
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[
𝑝𝑒𝑓 𝑡

] )
+

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

((1 − ∑
𝑖 𝜔𝑖 𝑓

𝜔𝑉 𝑓

)
−
𝜔𝐿 𝑓

𝜔𝑉 𝑓

) (
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

])
=

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[
𝑝𝑒𝑓 𝑡

] )
+

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

])
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where we use the fact that
∑
𝑓 𝜑 𝑓 = 1 to move from second line to the third line, and 𝜔𝑉 𝑓 =

1 − ∑
𝑖 𝜔𝑖 𝑓 − 𝜔𝐿 𝑓 to move from the third line to the fourth line. We can rewrite this equation as

C𝑟 =
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

𝑝𝑒𝑓 0

+
∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

( ∞∑
𝑡=1

𝜌𝑡E0

[
𝑝𝑒𝑓 𝑡 − 𝑝

𝑒
𝑓 𝑡−1

] )
+

∑
𝑓

𝑤𝐿 𝑓 + 𝑟 𝑓𝑉 𝑓
𝐶

(
(1 − 𝜌)

∞∑
𝑡=0

𝜌𝑡E0

[
𝐴̂ 𝑓 𝑡

1 − ∑
𝑖 𝜔𝑖 𝑓

])
.

which proves (3.23).

C.2.3 Welfare with Epstein-Zin Preferences

In the main text, we derive an expression for the consumption-equivalent welfare effect of a

deviation path for an agent with log utility. We now generalize this expression for a representative

agent with Epstein-Zin preferences. The key takeaway of this section is that, when the agent’s

risk aversion differs from one, the welfare effect depends not only on the effect of the policy on

expected log consumption (as in the log utility case) but also on the effect of the policy on higher-

order cumulants of log consumption.

We first prove the following lemma which expresses the consumption-equivalent welfare effect

in terms of the household’s stochastic discount factor for arbitrary preferences.

Lemma 1. The consumption-equivalent welfare effect of the deviation path (𝐶̂𝑡)∞𝑡=0 is

C =

∑∞
𝑡=0 E0

[
𝑀0→𝑡𝐶𝑡𝐶̂𝑡

]∑∞
𝑡=0 E0 [𝑀0→𝑡𝐶𝑡]

,

where 𝑀0→𝑡 denotes the household’s Stochastic Discount Factor (SDF).

Proof. Denote W0 the welfare of the household at time 𝑡. Totally differentiating with respect to
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the deviation path for consumption (𝐶̂𝑡)∞𝑡=0 gives:

𝑑W0 = E0

[ ∞∑
𝑡=0

𝜕W0
𝜕𝐶𝑡

𝐶𝑡𝐶̂𝑡

]
.

where 𝜕W0/𝜕𝐶𝑡 , a stochastic derivative, corresponds to the effect of increasing consumption in

states realized at time 𝑡 for welfare at time 0.

The consumption-metric welfare effect C is defined as the constant log deviation of consump-

tion that yields the same welfare change; that is

E0

[ ∞∑
𝑡=0

𝜕W0
𝜕𝐶𝑡

𝐶𝑡C
]
= E0

[ ∞∑
𝑡=0

𝜕W0
𝜕𝐶𝑡

𝐶𝑡𝐶̂𝑡

]
.

Solving for C gives:

C =
E0

[∑∞
𝑡=0

𝜕W0
𝜕𝐶𝑡

𝐶𝑡𝐶̂𝑡

]
E0

[∑∞
𝑡=0

𝜕W0
𝜕𝐶𝑡

𝐶𝑡

] .

To conclude, notice that, for any available asset 𝑖 with return 𝑅𝑖,0→𝑡 between 0 and 𝑡, an opti-

mizing agent must be indifferent between consuming a bit more today and investing a bit more in

asset 𝑖 between 0 and 𝑡, which implies

𝜕W0
𝜕𝐶0

= E𝑡
[
𝜕W0
𝜕𝐶𝑡

𝑅𝑖,0→𝑡

]
.

Hence, 𝜕W0/𝜕𝐶𝑡
𝜕W0/𝜕𝐶0

corresponds to the household’s SDF, 𝑀0→𝑡 , and dividing the numerator and de-

nominator of our expression for C proves the lemma. □

We now consider the case where the representative agent has Epstein-Zin preferences. For-

mally, the value function of the agent is defined recursively as follows:

W𝑡 =

(
(1 − 𝛽)

𝐶
1−1/𝜓
𝑡

1 − 1/𝜓 + 𝛽
(
E𝑡

[
W1−𝛾

𝑡+1

] 1
1−𝛾

)1−1/𝜓) 1
1−1/𝜓

.
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where 𝛽 is the subjective discount factor (SDR); 𝛾 determines the agent’s relative risk aversion

(RRA); and 𝜓 is the elasticity of intertemporal substitution (EIS). The log utility case discussed

in the main text corresponds to 𝜓 = 𝛾 = 1. We also assume that log consumption growth is

i.i.d. on the baseline path, which, as proved below, implies that the consumption-to-wealth ratio is

constant on the baseline path. If this assumption is not satisfied, the proposition below should be

understood as a first-order approximation that is valid as long as the baseline path is close to this

balanced growth path.

Proposition 5. For an agent with arbitrary Epstein-Zin preferences, the consumption-equivalent

welfare effect of the deviation path (𝐶̂𝑡)∞𝑡=0 is

C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0


𝐶

1−𝛾
𝑡

E0

[
𝐶

1−𝛾
𝑡

] 𝐶̂𝑡 ,
where 𝜌 ≡ 1 − 𝐶𝑡/𝑊𝑡 denotes the consumption-to-wealth ratio and 𝛾 denotes the agent’s relative

risk aversion (RRA).

Proof. Denote 𝑀𝑡→𝑡+𝑘 the household SDF between 𝑡 and 𝑡 + 𝑘 and 𝑊𝑡 = E𝑡 [
∑∞
𝑘=0 𝑀𝑡→𝑡+𝑘𝐶𝑡+𝑘 ]

the PDV of consumption (or, equivalently, total wealth). As shown, for instance, in Martin (2013),

a household with Epstein-Zin preferences has an SDF of the form:

𝑀𝑡→𝑡+𝑘 =

(
𝛽𝑘

(
𝐶𝑡+𝑘
𝐶𝑡

)−1/𝜓)𝜃 (
𝑅−1
𝑊,𝑡→𝑡+𝑘

)1−𝜃
, (C.9)

where 𝜃 ≡ (1−𝛾)/(1−1/𝜓) and 𝑅𝑊,𝑡+1 ≡ 𝑊𝑡+1
𝑊𝑡−𝐶𝑡 denotes the return on the wealth portfolio between

𝑡 and 𝑡 + 1 and 𝑅𝑊,𝑡→𝑡+𝑘 = 𝑅𝑊,𝑡+1 . . . 𝑅𝑊,𝑡+𝑘 denotes the cumulative return on the wealth portfolio

between 𝑡 and 𝑡 + 𝑘 . In the special case where 𝜓 = 1/𝛾 (separable preferences), equation (C.9)

gives the familiar expression 𝑀𝑡→𝑡+𝑘 = 𝛽𝑘 (𝐶𝑡+𝑘/𝐶𝑡)−𝛾.

This expression for the SDF can be simplified when log consumption is i.i.d (which is the case

on the baseline path). Indeed, in this case, we can guess (and verify later) that the consumption-
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to-wealth ratio is constant over time, in which case the return on the wealth portfolio simplifies

to:

𝑅𝑊,𝑡+1 =
𝑊𝑡+1
𝑊𝑡 − 𝐶𝑡

=
𝑊𝑡

𝑊𝑡 − 𝐶𝑡
× 𝑊𝑡+1

𝑊𝑡

=
1
𝜌

𝐶𝑡+1
𝐶𝑡

,

where the last line uses the definition of 𝜌 ≡ 1−𝐶𝑡/𝑊𝑡 . Combining with (C.9) allows us to simplify

the expression for the SDF along the baseline path:

𝑀𝑡→𝑡+𝑘 =

(
𝛽𝑘

(
𝐶𝑡+𝑘
𝐶𝑡

)−1/𝜓)𝜃 (
𝜌𝑘

𝐶𝑡
𝐶𝑡+𝑘

)1−𝜃

= 𝛽𝜃𝑘 𝜌(1−𝜃)𝑘
(
𝐶𝑡+𝑘
𝐶𝑡

)−𝛾
, (C.10)

where the second line uses the fact that 𝜃 (1−1/𝜓) = (1−𝛾). We now verify that the consumption-

to-wealth ratio is indeed constant along the baseline path. Using the definition of total wealth, we
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get

𝑊𝑡 = E𝑡

[ ∞∑
𝑘=0

𝑀𝑡→𝑡+𝑘𝐶𝑡+𝑘

]
= 𝐶𝑡

∞∑
𝑘=0

𝛽𝜃𝑘 𝜌(1−𝜃)𝑘E𝑡

[(
𝐶𝑡+𝑘
𝐶𝑡

)1−𝛾]
= 𝐶𝑡

∞∑
𝑘=0

𝛽𝜃𝑘 𝜌(1−𝜃)𝑘E𝑡

[(
𝐶𝑡+𝑘
𝐶𝑡+𝑘−1

)1−𝛾 (
𝐶𝑡+𝑘−1
𝐶𝑡+𝑘−2

)1−𝛾
. . .

(
𝐶𝑡+1
𝐶𝑡

)1−𝛾]
= 𝐶𝑡

∞∑
𝑘=0

𝛽𝜃𝑘 𝜌(1−𝜃)𝑘E𝑡

[(
𝐶𝑡+𝑘
𝐶𝑡+𝑘−1

)1−𝛾]
E𝑡

[(
𝐶𝑡+𝑘−1
𝐶𝑡+𝑘−2

)1−𝛾]
. . . E𝑡

[(
𝐶𝑡+1
𝐶𝑡

)1−𝛾]
= 𝐶𝑡

∞∑
𝑘=0

𝛽𝜃𝑘 𝜌(1−𝜃)𝑘E0

[(
𝐶1
𝐶0

)1−𝛾] 𝑘
= 𝐶𝑡

∞∑
𝑘=0

(
𝛽𝜃𝜌1−𝜃E0

[(
𝐶1
𝐶0

)1−𝛾]) 𝑘
= 𝐶𝑡

1

1 − 𝛽𝜃𝜌1−𝜃E0

[(
𝐶1
𝐶0

)1−𝛾
] ,

where the fourth and fifth lines use the fact that consumption growth is independently and identi-

cally distributed across periods along the baseline path and the last line uses the formula for the

infinite sum of a geometric sequence. Hence, we have proven that the wealth-to-consumption ratio

𝑊𝑡/𝐶𝑡 is constant along the baseline path.

Finally, we can combine this equation with the definition of 𝜌 = 1 − 𝐶𝑡/𝑊𝑡 to solve for 𝜌 in

terms of the household preferences and of the distribution of consumption growth:

𝜌 = 𝛽𝜃𝜌(1−𝜃)E0

[(
𝐶1
𝐶0

)1−𝛾]
=⇒ 𝜌 = 𝛽E0

[(
𝐶1
𝐶0

)1−𝛾] 1
𝜃

.
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Plugging this into (C.10) gives a simplified expression for the SDF along the baseline path:

𝑀0→𝑡 = 𝛽𝑡
(
𝐶𝑡
𝐶0

)−𝛾
E0

[(
𝐶𝑡
𝐶0

)1−𝛾]1/𝜃−1

= 𝜌𝑡

(
𝐶𝑡
𝐶0

)−𝛾
E0

[(
𝐶𝑡
𝐶0

)1−𝛾
] .

Combining this formula for the SDF with the expression for the welfare effect C obtained in

Lemma 1 gives:

C =

∞∑
𝑡=0

E0


𝜌𝑡

(
𝐶𝑡
𝐶0

)1−𝛾

E𝑡
[(
𝐶𝑡
𝐶0

)1−𝛾
] 𝐶̂𝑡


∞∑
𝑡=0

E0


𝜌𝑡

(
𝐶𝑡
𝐶0

)1−𝛾

E0

[(
𝐶𝑡
𝐶0

)1−𝛾
]


= (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0


(
𝐶𝑡
𝐶0

)1−𝛾

E0

[(
𝐶𝑡
𝐶0

)1−𝛾
] 𝐶̂𝑡


,

where the second line obtains after simplifying the denominator in the first line to
∑∞
𝑡=0 𝜌

𝑡 =

1/(1 − 𝜌). □

This proposition generalizes Proposition 3 stated in the main text, which corresponds to the

special case of log utility 𝛾 = 𝜓 = 1. With general Epstein-Zin preferences, the consumption-

equivalent welfare effect C can be expressed as a time-discounted, weighted average of the devia-

tions in log consumption. The first set of weights, (1−𝜌)𝜌𝑡 , adjusts for the agent’s discounting over

time (they sum to one across time) while the weights 𝐶
1−𝛾
𝑡

E0

[
𝐶

1−𝛾
𝑡

] represent the agent’s discounting of

different states of nature (they sum up to one across states of nature in a given period).

To better understand the effect of general Epstein-Zin preferences for welfare, note that we can
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rewrite the consumption-equivalent welfare effect C as the sum of two terms:

C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝐶̂𝑡

]
+ (1 − 𝜌)

∞∑
𝑡=1

𝜌𝑡cov0
©­­«

𝐶
1−𝛾
𝑡

E0

[
𝐶

1−𝛾
𝑡

] , 𝐶̂𝑡ª®®¬ . (C.11)

The first term corresponds to the welfare effect for an agent with log utility (the one discussed in

Proposition 3). The second term corresponds to the normalized covariance of 𝐶1−𝛾
𝑡 and changes in

log consumption. This second term is zero if 𝛾 = 1 (e.g., log utility) or if deviations in log con-

sumption are independent of the realization of consumption along the baseline path. The following

corollary expresses this second term as the sum of deviations in the higher-order cumulants of log

consumption.

Corollary 1. For an agent with arbitrary Epstein-Zin preferences, the consumption-equivalent

welfare effect of the deviation path (𝐶̂𝑡)∞𝑡=0 is

C =(1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝐶̂𝑡

]
+ 1 − 𝛾

2

∞∑
𝑡=1

(1 − 𝜌)𝜌𝑡𝑑 (Var0 ln𝐶𝑡])

+ (1 − 𝛾)2

3!

∞∑
𝑡=1

(1 − 𝜌)𝜌𝑡𝑑
(
Skewness𝑡 [ln𝐶𝑡] · Var0 [ln𝐶𝑡]3/2

)
+ (1 − 𝛾)3

4!

∞∑
𝑡=1

(1 − 𝜌)𝜌𝑡𝑑
(
Excess Kurtosis0 [ln𝐶𝑡] · Var0 [ln𝐶𝑡]2

)
+ . . .

When the representative agent has a risk aversion different from one, the consumption-equivalent

welfare effect depends not only on the change in expected log average consumption, but also on

the change in the higher-order cumulants of log consumption, such as its variance, skewness, and

kurtosis. In particular, if 𝛾 > 1, the representative agent is more risk averse than log utility and

dislikes increases in even cumulants of log consumption (e.g., variance or kurtosis) while enjoying
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increases in odd cumulants (e.g., skewness). The converse is true if 𝛾 < 1. One implication is that,

if agents have greater risk aversion (i.e., 𝛾 > 1), and if tariffs increase the even cumulants of log

consumption (like variance) or decrease odd cumulants (like skewness), then our baseline welfare

effect, which corresponds to the first-term in on the right-hand side, will underestimate the full

welfare loss.

Proof. First, note that one can rewrite the expression for welfare given in Proposition 3 as:

C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡
𝑑 ln E0

[
𝐶

1−𝛾
𝑡

]
1 − 𝛾 .

The cumulant-generating function (CGF) of a random variable 𝑔 is defined as the function 𝜃 →

ln E
[
𝑒𝜃𝑔

]
. It is well known that the CGF can be expanded as a power series in 𝜃:

ln E
[
𝑒𝜃𝑔

]
=

∞∑
𝑙=1

𝜃𝑙

𝑙!
𝜅𝑙 ,

where 𝜅𝑙 corresponds to the the 𝑙-th cumulant of the variable 𝑔. In particular, the first cumulant

corresponds to the mean of 𝑔 and the second cumulant corresponds to its variance. Applying this

definition with 𝑔 = ln𝐶𝑡 and 𝜃 = 1 − 𝛾 gives:

ln E0

[
𝐶

1−𝛾
𝑡

]
=

∞∑
𝑙=1

(1 − 𝛾)𝑙
𝑙!

𝜅𝑙,0→𝑡 ,

where 𝜅𝑙,0→𝑡 denotes the 𝑙-th cumulant of log consumption at time 𝑡 from the point of view of time

0. Combining the last two equations gives:
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C = (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡
1

1 − 𝛾

∞∑
𝑙=1

(1 − 𝛾)𝑙
𝑙!

𝑑𝜅𝑙,0→𝑡

= (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡𝑑𝜅1,0→𝑡 + (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡
1

1 − 𝛾

∞∑
𝑙=2

(1 − 𝛾)𝑙
𝑙!

𝑑𝜅𝑙,0→𝑡

= (1 − 𝜌)
∞∑
𝑡=0

𝜌𝑡E0
[
𝐶̂𝑡

]
+ (1 − 𝜌)

∞∑
𝑡=1

𝜌𝑘
∑
𝑙≥2

(1 − 𝛾)𝑙−1

𝑙!
𝑑𝜅𝑙,0→𝑡 ,

where the last line uses the fact that the deviation of the average log consumption (its first cumulant)

can be written as the average deviation of log consumption. To conclude, simply replace the first

four cumulants using the definition of variance, skewness, and excess kurtosis. □

C.3 Data and Measurement

C.3.1 Event Dates

The following table presents the event dates (i.e., the date of the first news report of each

increase in tariffs), the date that new tariffs were implemented, the country imposing the tariffs,

and the news link of each event. The earliest event date was identified via Factiva and Google

Search.

C.3.2 Summary of Data Sources

C.3.3 Construction of China-Exposure Variables

We consider three ways in which firms were exposed to China: importing, exporting, and

foreign sales (either through exporting or subsidiaries). It is important to capture indirect imports

that are ultimately purchased by U.S. firms because many firms do not import directly from China

but instead obtain Chinese inputs through their subsidiaries or the U.S. subsidiaries of foreign

firms. In order to identify the supply chains, we use DUNS numbers from Dun & Bradstreet to

merge importers from Datamyne with a list of firms and their subsidiaries from Capital IQ. We use
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Table C.1: Details on Event Dates

Event Date Implementation Date Country News Link
23jan2018* 07feb2018 US Washington Post
01mar2018* 23mar2018 US Reuters
22mar2018 06jul2018 US NYT
23mar2018 02apr2018 China CNBC
15jun2018 06jul2018 China NPR
19jun2018 24sep2018 US WSJ
02aug2018 24sep2018 China Reuters

06may2019** 15jun2019 US DW
13may2019 01jun2019 China CNBC
01aug2019 01sep2019 US CNBC
23aug2019 01sep2019 China CNBC

Note: Event dates with the first news release on a weekday after trading hours (4:00 PM EST) are flagged by an
asterisk (*). Event dates with the first news release on a weekend are flagged by two asterisks (**). In these instances,
the trading day for the event is the first trading day after the news release, which is listed as the event date in the table.

Table C.2: Summary of Data Sources

a firm-name match to link firms, subsidiaries, and their suppliers that are reported in Datamyne,

Compustat, Bloomberg, and FactSet and identify which firms are trading with China directly or

indirectly through their network of suppliers. After matching firms with identical names in two

or more datasets, we manually compared firms with similar names to identify whether they are

matches. We define “China Revenue Share” to be the share of a firm’s revenues in 2017 (either

obtained through sales of subsidiaries or exports) that arise from sales in China, as reported in

FactSet.

The Datamyne data used to identify U.S. firms that import from China or export to China

have a number of limitations. First, the product level reported is more aggregated than that in the

Harmonized Tariff System 8-digit level at which U.S. tariffs are set. While some of the Datamyne

data are at the Harmonized System (HS) 6-digit level, much of it is at the far more aggregated

HS2-digit level, making it impossible to know what share of a firm’s trade was affected by tariffs.

We, therefore, use a binary exposure measure. Our “China Import” dummy is one if the firm or

its supply network imported from China in 2017 and zero otherwise. We also construct a “China

Export” dummy analogously for exports. Second, the Datamyne data only cover seaborne trade.
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https://www.reuters.com/article/us-usa-trade/trump-says-u-s-to-impose-tariffs-on-steel-aluminum-imports-idUSKCN1GD3QO
https://www.nytimes.com/2018/03/22/us/politics/trump-will-hit-china-with-trade-measures-as-white-house-exempts-allies-from-tariffs.html
https://www.cnbc.com/2018/03/22/china-responds-to-trump-tariffs-with-proposed-list-of-us-products-to-target.html
https://www.npr.org/2018/06/15/620259820/trump-levies-50-billion-in-tariffs-as-china-says-it-will-retaliate
https://www.wsj.com/articles/donald-trump-readies-new-tariffs-for-china-1529365844
https://www.reuters.com/article/usa-trade-china/china-stands-its-ground-after-trump-amps-up-tariff-threats-idINKBN1KN1H8
https://www.dw.com/en/us-to-raise-tariffs-on-200-billion-of-chinese-goods-up-to-25/a-48610158
https://www.cnbc.com/2019/05/13/china-is-raising-tariffs-on-60-billion-of-us-goods-starting-june-1.html
https://www.cnbc.com/2019/08/01/trump-says-us-will-impose-10percent-tariffs-on-300-billion-of-chinese-goods-starting-september-1.html
https://www.cnbc.com/2019/08/23/china-to-retaliate-with-new-tariffs-on-another-75-billion-worth-of-us-goods.html


Table C.3: Descriptive Statistics

N Mean SD p25 p50 p75

Ratio of Equity to Total Assets 𝜅 3,463 0.65 0.30 0.43 0.71 0.94
China Importer Dummy 2,437 0.31 0.46 0.00 0.00 1.00
China Exporter Dummy 2,437 0.04 0.20 0.00 0.00 0.00
China Revenue Share 2,437 0.03 0.07 0.00 0.00 0.02

Note: The China Importer and China Exporter dummies equal 1 for firms that import or export to China. China
Revenue Share is the share of a firm’s revenues that come from China.

The U.S. Census data reveal that in 2017, 62 percent of all imports from China and 58 percent

of exports to China were conducted by sea. So although we capture over half of the value of

U.S.-China trade, the China import and export dummies are likely to miss some U.S. firms that

trade with China. On the export side, any exporters that are not reflected in the export dummy are

included in the China revenue share variable.

China Revenue Share The China revenue share variable is from FactSet. There are two potential

issues we note. First, firms sometimes report geographic revenue shares for more aggregated

geographies than countries (e.g., Asia/Pacific). In these cases, FactSet imputes the undisclosed

revenue share for a country using that country’s GDP weight within a more aggregate geographic

unit for which the data are disclosed (e.g., China’s GDP share within Asia/Pacific region). FactSet

provides a confidence factor that ranges from 0.5 to 1, with 1 indicating no imputation. Fortunately,

within our sample of firms, the mean confidence factor for the China revenue share is 0.996 with a

range of 0.98 to 1, and our China revenue share variable comes mostly from direct disclosures.

C.4 Details on Reweighting the Compustat-CRSP Sample

We now detail how we reweight the sample of firms in our Compustat-CRSP sample to approx-

imate the distribution of firms in the U.S. across sectors and employment size. We first describe

the method used in our baseline results, which uses a non-parametric approach. We then describe

an alternative method, used as a robustness exercise, that uses a more parametric approach with a

finer employment grid.
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C.4.1 Baseline Method

We start by dividing the set of firms in our sample into 18 industries (defined by their first 2-

digit NAICS code) and four employment bins (0-500, 501-5,000, 5,001-20,000, 20,001+). For the

2-digit NAICS industries 11 (agriculture), 61 (education), 62 (health care), and 81 (other services),

we only use two employment bins, below or above 20000, to ensure that there are enough firms

within each bin.

We compute the average deviation in firm value in sector 𝑠 and employment bin 𝑏 for event 𝑗

as:

Π̂ 𝑗
𝑠𝑏0 ≡

∑
𝑓 ′∈Ω𝑠𝑏 𝑗

𝐿 𝑓∑
𝑓 ′∈Ω𝑠𝑏 𝑗 𝐿 𝑓 ′

Π 𝑗
𝑓 0.

where Ω𝑠𝑏 𝑗 denotes the set of firms in industry sector 𝑠 and employment bin 𝑏 with a non-missing

return on event 𝑗 and Π 𝑗
𝑓 0 denotes the change in firm value over the day in which event 𝑗 happens.

We then compute the overall deviation in firm value in sector 𝑠 and employment bin 𝑏 as the sum

of the average deviation on all tariff-announcement days 𝑗 in our sample

Π̂𝑠𝑏0 ≡
𝐽∑
𝑗=1

Π̂ 𝑗
𝑠𝑏0.

The average deviation in firm value in sector 𝑠 is given by

Π̂𝑠0 ≡
∑
𝑏∈Ω𝐵𝑠

𝐿𝑠𝑏∑
𝑏′∈Ω𝐵𝑠 𝐿𝑠𝑏′

Π̂𝑠𝑏0,

where Ω𝐵
𝑠 is the set of employment bins 𝑏 in sector 𝑠 and 𝐿𝑠𝑏 denotes the overall employment

in bin 𝑏 and sector 𝑠 in the U.S. economy, provided by the Statistics of U.S. Businesses (SUSB,

U.S. Census Bureau). As a final step, we compute the overall deviation in firm value for the whole

economy as
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Π̂0 ≡
∑
𝑠∈Ω𝑆

𝑉𝐴𝑠
𝐶

Π̂𝑠0,

where Ω𝑆 denotes the set of sectors, 𝑉𝐴𝑠 is the value added of sector 𝑠 and 𝐶 is personal consump-

tion expenditures, all obtained from the BEA.

C.4.2 Alternative Method

Under this alternative methodology, we divide the set of firms in our sample into 18 industries

(defined by their first 2-digit NAICS code) and a finer grid of ten employment bins (defined by

nine employment thresholds 500, 750, 1000, 1500, 2000, 2500, 5000, 10000, and 20000). With

this finer employment grid, some {sector 𝑠, employment bin 𝑏, announcement 𝑗} cells have zero or

very few firms. To handle this issue, we first regress, within each event and sector, the deviation in

firm value on log employment and log employment squared. We then use the predicted values from

this regression to construct the average deviation in firm value for each {sector 𝑠, employment bin

𝑏, announcement 𝑗} cell. The final step is similar to the previous method: we obtain the overall

deviation in firm value in the economy by taking an employment-weighted average within each

sector, and then a value-added weighted average across sectors.

C.5 Details on Estimating Changes in Discount Rates

C.5.1 Stylized Facts

In Table 3.1, we reported stock-market returns event-by-event. In the same spirit. Appendix

Table C.4 reports the change in nominal yields, real yields, and in the equity-premium bound

event-by-event. This shows that our results are not driven by some outlier event: almost all an-

nouncements tend to decrease real yields and increase the equity-premium bound.

In Figure 3.1, we reported the dynamic effect of announcements on stock-market returns over a

five-day window. In the same spirit, Appendix Figure C.1 reports the dynamic effect of announce-

ments on the change in nominal yields, real yields, and the equity-premium bound over a five-day
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Table C.4: Change in Discount Rates on Tariff-Announcement Days

Event Date Δ T-Bill (3m) Δ Nominal Yields (10y) Δ Real Yields (10y) Δ EPB (12m)
(x100) (x100) (x100) (x100)

23jan2018 -0.01 -0.03 -0.03 0.02
01mar2018 -0.03 -0.06 -0.04 0.23
22mar2018 -0.02 -0.07 -0.05 0.35
23mar2018 0.02 -0.00 0.00 0.29
15jun2018 0.00 -0.01 -0.02 0.07
19jun2018 0.00 -0.03 -0.03 0.10
02aug2018 -0.01 -0.02 -0.01 -0.04
06may2019 0.01 -0.03 -0.03 0.11
13may2019 -0.02 -0.07 -0.04 0.29
01aug2019 -0.01 -0.13 -0.05 0.12
23aug2019 -0.03 -0.09 -0.08 0.45
Cumulative -0.10 -0.54 -0.36 1.98

Note: The table reports the daily change in each variable on each announcement day. We obtain the daily yield-
to-maturity on 3-month T-Bill from FRED, the daily nominal and real yield-to-maturity on 10-year Treasuries from
Gürkaynak et al. (2007), and the daily equity-premium bound from OptionMetrics, using the methodology of Martin
(2017).

window. This figure shows that the change in these variables is concentrated on the days of the

announcements, which supports the notion that a one-day window is long enough to capture the

overall effect of announcements.
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Figure C.1: The Dynamics of Discount Rates around Tariff Announcements
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Note: This figure plots the cumulative change in each variable from the day before the announcement. Formally, we
estimate the following regression on all trading days between 2017 and 2019: Δ𝑌𝑡 = 𝛼+

∑5
𝑠=−4 𝛽𝑠𝐷𝑠,𝑡+

∑𝐷
𝑑=1 𝛾𝑑×

𝐸𝑆𝑑,𝑡+𝜖𝑡 , where 𝐷𝑠,𝑡 = 1 if day 𝑡 is 𝑠 days after an announcement ; 𝐷𝑠,𝑡 = 0 otherwise and 𝐸𝑆𝑑,𝑡denotes the surprise
in macroeconomic releases. We then plot the cumulative change in 𝑌𝑡 from the eve of the announcement to the horizon
𝑠 as 11

∑−1
𝑘=𝑠+1 𝛽𝑘 if 𝑠 < −1 and 11

∑𝑠
𝑘=0 𝛽𝑘 if 𝑠 > −1. Shaded areas correspond to the 95 percent confidence interval

computed using robust standard errors.

C.5.2 VAR

We now describe more precisely how we construct the set of variables used in the VAR dis-

cussed in (3.19). The log risk-free rate ln 𝑅risk-free,t, corresponds to the annualized yield of 3-month

T-Bills (DTB3 in FRED) minus the growth of the CPI price index (CPIAUCSL in FRED) in the

previous year. The excess market return ln 𝑅𝐸𝑀,𝑡 corresponds to the log return of CRSP value-

weighted stock market minus the risk-free rate implied by the yield of 3-month T-Bills. The term

spread 𝑇𝑆 is the annualized yield-to-maturity of ten-year treasuries (SVENY10 in Gürkaynak et al.
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Table C.5: Effect of Tariff Announcements on VAR variables (One-Day Window)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
log 𝑅risk-free log 𝑅𝐸𝑀 TS EPB VS CS log 𝑃𝐷 SMB HML

Event -0.000∗∗ -0.125∗∗∗ -0.005∗∗∗ 0.046∗∗∗ 0.092∗∗∗ -0.001∗∗∗ -0.127∗∗∗ 0.016 -0.041∗∗

(0.000) (0.040) (0.001) (0.013) (0.030) (0.000) (0.039) (0.015) (0.017)
𝑁 753 754 753 753 753 753 753 754 754

Note: The table reports the sum of 𝛽 𝑗 in the regression (3.22). The sample includes all trading days from 2017 to
2019. Robust standard errors in parentheses.

Table C.6: Effect of Tariff Announcements on VAR variables (Three-Day Window)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
log 𝑅risk-free log 𝑅𝐸𝑀 TS EPB VS CS log 𝑃𝐷 SMB HML

Event -0.000 -0.112∗ -0.003 0.039 0.051 -0.000 -0.130∗∗ 0.027 -0.023
(0.000) (0.066) (0.002) (0.024) (0.048) (0.000) (0.066) (0.031) (0.029)

𝑁 753 754 753 753 753 753 753 754 754

Note: The table reports the sum of 𝛽 𝑗 in the regression (3.22), using three-day windows around announcement. The
sample includes all trading days from 2017 to 2019. Robust standard errors in parentheses.

(2007)) minus the annualized yield of 3-month T-Bills. The equity-premium bound corresponds

to the annualized equity premium for the 3-month horizon constructed using the methodology of

Martin (2017), using data from OptionMetrics. The value spread, 𝑉𝑆, is the log difference in log

book-to-market value between the top 10 percent and the bottom 10 percent of firms ranked by

book to market equity, constructed using data from Fama-French library. The credit spread, 𝐶𝑆,

is the difference between the yield of BAA bonds, from Moody’s Seasoned Baa Corporate Bond

Yield, and the log risk-free rate. The log price-dividend ratio, ln 𝑃𝐷, is the logarithm of a smoothed

average price-dividend ratio, constructed as the dividends distributed by the value-weighted CRSP

portfolio in the past year divided by its current price. In some robustness tests, we also add the re-

turn of the small-minus-big portfolio 𝑆𝑀𝐵 (i.e., a portfolio of long small firms and short big firms)

and the return of the high-minus-low portfolio 𝐻𝑀𝐿 (i.e., a portfolio of long high book-to-market

equity and short low book-to-market equity) from Fama-French data library.

C.5.3 Robustness to Using a Factor Model for Firm Discount Rates

In the baseline results, we made the simplifying assumption that the log deviation in the interest

rate paid on firm debt was the same as the log deviation in the risk-free rate and that the deviation
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Table C.7: Robustness Exercises for Changes in Future Discount Rates

Specification Deviations in Discount Rates 𝜌B(𝐼 − 𝜌B)−1𝑑x0

Risk-free Rate Excess Returns SMB HML∑
𝜌𝑡E0

[
𝑅̂risk-free,𝑡

] ∑
𝜌𝑡E0

[
𝑅̂𝐸𝑀,𝑡

] ∑
𝜌𝑡E0

[
𝑅̂𝑆𝑀𝐵,𝑡

] ∑
𝜌𝑡E0

[
𝑅̂𝐻𝑀𝐿,𝑡

]
Baseline -0.021 0.089
Without TS -0.017 0.090
Without EPB -0.013 0.083
Without VS 0.003 0.076
Without CS -0.008 0.084
Without log 𝑃𝐷 -0.023 0.047
FF 3-Factor Model -0.009 0.074 0.026 0.006
3-Days Window -0.005 0.088

Note: The table reports 𝜌B(𝐼 − 𝜌B)−1𝑑x0, where x0 is reported in Table C.5 (using a one-day window) and Table
C.6 (using a three-day window).

in the required return on firm equity was given by its beta exposure to the stock market times the

deviation in the expected excess return on the market (CAPM). For robustness, we also experiment

with relaxing these two assumptions.

First, we use the Fama-French 3-factor model instead of the CAPM to estimate the discount

rate on firm equity. This effectively allows the discount rate of a firm equity to depend not only on

its exposure to the stock market (as in the CAPM) but also on its size and book-to-market values.

More precisely, we replace the second equation in (3.17) by

E0

[
𝑅̂𝐸𝑓 𝑡

]
= E0

[
𝑅̂risk-free,𝑡

]
+ 𝛽 𝑓 ,𝑀E0

[
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

]
+ 𝛽 𝑓 ,𝑆𝑀𝐵E0

[
𝑅̂𝑆𝑀𝐵,𝑡

]
+ 𝛽 𝑓 ,𝐻𝑀𝐿E0

[
𝑅̂𝐻𝑀𝐿,𝑡

]
,

where 𝑆𝑀𝐵 denotes the portfolio of small minus big firms while 𝐻𝑀𝐿 denotes the portfolio of

high minus low book-to-market values and the set of betas (𝛽 𝑓 ,𝑀 ,𝛽 𝑓 ,𝑆𝑀𝐵,𝛽 𝑓 ,𝐻𝑀𝐿) is obtained as the

slope coefficients in a multivariate regression of firm excess returns on
(
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

)
, 𝑅̂𝑆𝑀𝐵,𝑡 ,

and 𝑅̂𝐻𝑀𝐿,𝑡 . Combining this equation with (3.16) implies the following equation for the deviation
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in firm discount rates:

∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂ 𝑓 𝑡

]
︸            ︷︷            ︸
Deviation in firm 𝑓

discount rates

=
∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂risk-free,𝑡

]
︸                    ︷︷                    ︸

Deviation in future
risk-free rates

+𝜅 𝑓 𝛽 𝑓 ,𝑀
∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂𝑀,𝑡 − 𝑅̂risk-free,𝑡

]
︸                              ︷︷                              ︸

Deviation in future
excess stock market returns

(C.12)

+ 𝜅 𝑓 𝛽 𝑓 ,𝑆𝑀𝐵
∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂𝑆𝑀𝐵,𝑡

]
︸                 ︷︷                 ︸

Deviation in future
SMB returns

+𝜅 𝑓 𝛽 𝑓 ,𝐻𝑀𝐿
∞∑
𝑡=1

𝜌𝑡E0
[
𝑅̂𝐻𝑀𝐿,𝑡

]
.︸                   ︷︷                   ︸

Deviation in future
HML returns

We then use a VAR that includes the return of SMB and HML portfolios, 𝑅𝑆𝑀𝐵,𝑡 and 𝑅𝐻𝑀𝐿,𝑡 , to

jointly estimate the deviation in future risk-free rates, future excess stock-market returns, future

expected SMB returns, and future expected HML returns. As reported in Table C.7, we find that

tariff announcements slightly increase the expected return of the SMB portfolio; that is, tariff

announcements have a larger effect on the discount rate of small firms relative to big firms.

This implies that, relative to the CAPM, our Fama-French 3-factor model returns an estimate

for firm-level discount rates that is higher for small firms (firms with 𝛽 𝑓 ,𝑆𝑀𝐵 > 0) and lower for

big firms (firms with 𝛽 𝑓 ,𝑆𝑀𝐵 < 0). These changes would average out if we were doing a value-

weighted average of firms in our sample. However, because we overweight smaller firms, this

leads to a lower aggregate deviation in firm discount rates by 1.1 percentage points. As a result,

the overall decline in welfare is mechanically reduced by 1.1 percentage points.

Second, we assume that the log deviation in the interest rate paid on firm debt is equal to the

log deviation in the yields of 𝐵𝐴𝐴 bonds rather than the risk-free rate on debt; that is, we replace

the first equation in (3.17) by

E0

[
𝑅̂𝐷𝑓 𝑡

]
= E0

[
𝑅̂risk-free,𝑡

]
+ E0

[
𝐶𝑆𝑡

]
,

where 𝐶𝑆𝑡 denotes the credit spread (the difference between the yield on BAA bonds and the

risk-free rate). In terms of methodology, this means that we need to augment our measure of the

deviation in future risk-free rates by the deviation in future credit spread, as estimated by the VAR.
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Table C.8: Effect of Tariff Announcements on the Components of Cash Flow and Stock Returns

Deviation in ...
Discount-Rate Asset-Value logR Discount-Rate Asset-Value logR

(1) (2) (3) (4) (5) (6)
China Importer 0.38∗∗∗ -2.35∗∗∗ -2.59∗∗∗ 0.26∗∗∗ -0.70∗∗∗ -0.30

(0.10) (0.28) (0.35) (0.07) (0.22) (0.28)
China Exporter -0.47∗∗∗ -0.70 -2.01∗∗∗ -0.31∗∗∗ 0.34 -0.36

(0.17) (0.49) (0.72) (0.11) (0.38) (0.60)
China Revenue Share 6.57∗∗∗ -12.09∗∗∗ -10.22∗∗∗ 4.40∗∗∗ -9.36∗∗∗ -7.43∗∗∗

(1.14) (2.22) (2.23) (0.77) (2.00) (2.01)
N 26,807 26,807 26,807 26,807 26,807 26,807
Events U.S. U.S. U.S. China China China

Note: All dependent variables are multiplied by 100. A firm 𝑓 ’s deviation discount rate on trading day 𝑡 corresponds
to the term

∑∞
𝑡=1 𝜌

𝑡E0 [𝑅̂ 𝑓 𝑡 ] in the theory section. A firm’s asset value on a trading day 𝑡 is market value plus debt.
The deviation in a firm 𝑓 ’s cash flow on the day 𝑡, denoted by 𝑟 𝑓 𝑡 , is the sum of its deviation in the discount rate and
deviation in asset value. This table uses a one-day window around each event, enforces a balanced panel of firms, and
drops firms in the financial sector. China Importer is a dummy that equals one if the firm or any of its subsidiaries or
suppliers import from China. China Exporter is a dummy that equals one if the firm or subsidiaries export to China.
China Revenue Share is the share of the firm’s revenue from China, reported in percentage points. Columns 1-3
presents the sum of the coefficients across each of the U.S. event days; and columns 4-6 are the sum of the coefficients
across each of the China event dates. Standard errors are in parenthesis. Asterisks correspond to the following levels
of significance: ∗∗∗𝑝 < 0.01,∗∗ 𝑝 < 0.05,∗ 𝑝 < 0.1.

As reported in Table 3.8, we find that our measure of welfare hardly changes; that is, our VAR

estimates relatively little deviation in credit spread following announcement shocks.

C.6 Additional Tables

C.7 Measuring the Static and Dynamic Price Effects

In this section, we describe how we compute the effective rate of protection, in order to calcu-

late the first two terms in (3.23).

C.7.1 Construction of Industry-level Tariffs

The first step is to construct the log change in the tariff on outputs in each 6-digit NAICS

industry 𝑗 ∈ 𝐽. We begin with the U.S. statutory tariff rates 𝜏ℎ𝑐𝑡 at the HTS10 ℎ - country 𝑐 level

in year-month 𝑡. We compute the log change in the output tariff for each industry 𝑗 as the import-

value weighted average of log changes in the HTS10-country level tariff rates, using fixed annual
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Table C.9: Relationship between Changes in Returns and Future Observables (with Controls Re-
ported)

(1) (2) (3) (4)
ln(Profit 𝑓 𝑡) ln(L 𝑓 𝑡) ln(Sales 𝑓 𝑡) ln(Sales/L) 𝑓 𝑡

Post × ln R 𝑓 0.23∗∗∗ 0.07∗∗∗ 0.12∗∗∗ 0.04∗∗

(0.04) (0.01) (0.02) (0.02)
Post × PPE per Worker 𝑓 -0.00 -0.00 -0.00 0.00

(0.02) (0.01) (0.01) (0.01)
Post × ln(Mkt. Val. of Equity 𝑓 ) 0.02 -0.01 0.03∗∗∗ 0.03∗∗∗

(0.02) (0.01) (0.01) (0.01)
Post × Cash Flows

Assets 𝑓
-0.39∗∗∗ 0.02∗∗∗ -0.08∗∗∗ -0.09∗∗∗

(0.03) (0.01) (0.01) (0.01)
Post × Book Leverage 𝑓 0.05∗∗∗ -0.03∗∗∗ -0.02∗∗ 0.01

(0.02) (0.01) (0.01) (0.01)
Post × Tobin’s Q 𝑓 0.08∗∗∗ 0.07∗∗∗ 0.08∗∗∗ 0.00

(0.02) (0.01) (0.01) (0.01)
Firm FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓
𝑅2 0.915 0.976 0.962 0.873
Observations 11940 17032 16760 16736

Note: Data is at the firm-annual level for the period 2013 to 2021, from Compustat and CRSP. Profit is defined as
operating income after depreciation less interest and related expenses. We follow Greenland et al. (2024)’s specifica-
tion in defining ln 𝑅 𝑓 as the log of one plus the average return on 5 days surrounding the tariff-announcement dates
across all event dates in 2017-2019; however, instead of using abnormal returns, we just simply use the actual return.
In this table, ln 𝑅 𝑓 is then multiplied by 100. The Post dummy takes a value of one in 2019, 2020, and 2021. All
columns include the following control variables at the start of the sample (i.e., 2013) interacted with the Post dummy
as covariates: Property, Plant, and Equipment (PPE) per worker, market capitalization, cash-flow-to-asset ratio, book
leverage and Tobin’s Q. The controls are winsorized at the 1 percent level and then demeaned and divided by their
standard deviation. See Appendix C.3.2 for details on variable constructions. Standard errors are in parenthesis.
∗∗∗𝑝 < 0.01,∗∗ 𝑝 < 0.05,∗ 𝑝 < 0.1.
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2017 import value weights:

𝜏𝑗 ≡
∑
ℎ∈𝐻 𝑗

∑
𝑐

𝑚𝑣ℎ𝑐,2017∑
ℎ′∈𝐻 𝑗

∑
𝑐′ 𝑚𝑣ℎ′𝑐′,2017

Δ ln(1 + 𝜏ℎ𝑐), (C.13)

where 𝐻 𝑗 is the set of HTS10 codes that map to NAICS 6-digit industry 𝑗 ; 𝑚𝑣ℎ𝑐,2017 is the annual

import value of goods in HTS10 code ℎ imported from country 𝑐 in 2017; and Δ ln(1 + 𝜏ℎ𝑐) =

ln(1+ 𝜏ℎ𝑐,2019𝐷𝑒𝑐) − ln(1+ 𝜏ℎ𝑐,2017𝐷𝑒𝑐) is the log-change in ad-valorem tariff rates from December

2017 to December 2019. Thus, the change in output tariff 𝜏𝑗 captures the average change in tariff

rates applied to imported goods produced in industry 𝑗 .

We compute the tariffs in a counterfactual exercise in which the U.S. applies additional tariff

rates of 60 percentage points on imports from China and 20 percentage points on imports from all

other countries as

𝜏𝑎𝑗 ≡
∑
ℎ∈𝐻 𝑗

∑
𝑐

𝑚𝑣ℎ𝑐,2017∑
ℎ′∈𝐻 𝑗

∑
𝑐′ 𝑚𝑣ℎ′𝑐′,2017

Δ ln(1 + 𝜏𝑎ℎ𝑐), (C.14)

where Δ ln(1+𝜏𝑎ℎ𝑐) = ln(1+𝜏ℎ𝑐,2017𝐷𝑒𝑐+0.6) − ln(1+𝜏ℎ𝑐,2017𝐷𝑒𝑐) if 𝑐 = China, and Δ ln(1+𝜏𝑎ℎ𝑐) =

ln(1 + 𝜏ℎ𝑐,2017𝐷𝑒𝑐 + 0.2) − ln(1 + 𝜏ℎ𝑐,2017𝐷𝑒𝑐) otherwise.

C.7.2 Effective Rates of Protection Calculation

We use equation (3.5) to estimate how U.S. import tariff changes map into firm-level ERP

(𝑝𝑒𝑓 0) in a static model. Since firm-level intermediate-input use data are not available, we use

industry-level data, i.e., we assume that the shift in the ERP for all firms in industry 𝑗 is given by

𝑝𝑒𝑗 =
𝑝𝜏𝑗 −

∑
𝑖∈𝐽 𝜔𝑖 𝑗𝑞

𝜏
𝑖

1 − ∑
𝑖∈𝐽 𝜔𝑖 𝑗

, (C.15)

where 𝑝𝜏𝑗 are estimates of how U.S. import tariff changes affected prices of U.S. outputs in industry

𝑗 , and 𝑞𝜏𝑖 are estimates of how U.S. import tariff changes affected input prices 𝑖. The 𝜔𝑖 𝑗 ’s denote

the cost-share of intermediate input 𝑖 used in the production of output in industry 𝑗 .2 We assign

2Total output is calculated as the sum of total intermediate input cost, compensation of employees, and gross
operating surplus in the BEA’s IO Table from 2017.
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industry-level changes in ERP to each firm based on the industry it produces, i.e., 𝑝𝑒𝑓 0 = 𝑝𝑒𝑗 ∀ 𝑓 ∈

𝑗 .

Calculating ERP is challenging because it requires many assumptions about pass-through from

tariffs into domestic prices in a world with complex input-output linkages. We estimate the ERP

in two ways.

Lower Bound Tariff Effect: First, we obtain a lower bound for the static price effect by assum-

ing that output prices do not change when tariffs are applied, i.e., 𝑝𝜏𝑗 = 0, and the input price, 𝑞𝜏𝑖 ,

is equal to the change in the tariffs on imported inputs. The input price assumption is based on the

findings in Amiti et al. (2019b) and Fajgelbaum et al. (2020b). They estimated passthrough of U.S.

tariffs on U.S import prices and the impact of Chinese tariffs on U.S. export prices. Both studies

find 100 percent passthrough of tariffs into tariff-inclusive import prices. In this scenario, 𝑝𝜏𝑗 is set

equal to zero, and the ERP is calculated as follows:

𝑝𝑒1𝑗 =
−∑

𝑖∈𝐽 𝜔𝑖 𝑗𝜆𝑖𝜏𝑖
1 − ∑

𝑖∈𝐽 𝜔𝑖 𝑗
. (C.16)

We use the 2017 IO table to identify all of the inputs 𝑖 used to produce output 𝑗 . We set 𝑞𝜏𝑖 equal

to 𝜆𝑖𝜏𝑖 in equation C.15, where 𝜆𝑖 is the share of imports of input 𝑖 in total absorption of input

𝑖 (where absorption is calculated as production less exports plus imports). We multiply the cost

share of each intermediate input 𝑖 used to produce output 𝑗 (𝜔𝑖 𝑗 ) by 𝜆𝑖 so that the tariff change

is only applied to imported inputs and not to domestic inputs. The price of the imported input

increases by the full amount of the tariff 𝜏𝑖 (calculated in equation (C.13)). Note that the tariffs on

inputs are at the BEA IO level, which is a little more aggregated than NAICS 6-digit. Using this

calculation of ERP, we assign the same value to each firm within a NAICS 6-digit industry in our

Compustat sample, and reweight the industries to reflect the distribution of firms in the aggregate

economy as we did in our baseline welfare calculations and described in Section C.4.
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Upper Bound Tariff Effect: In our second specification, we assume that higher import prices

also raise U.S. output prices, so that 𝑝𝜏𝑗 > 0. Specifically, we set

𝑝𝑒2𝑗 =
𝛾𝜆 𝑗𝜏𝑗 −

∑
𝑖∈𝐽 𝜔𝑖 𝑗 [𝜆𝑖𝜏𝑖 + (1 − 𝜆𝑖) (𝛾𝜆𝑖𝜏𝑖)]

1 − ∑
𝑖∈𝐽 𝜔𝑖 𝑗

. (C.17)

In this calculation, we allow for prices of domestic input 𝑖 to also increase when there is an increase

in tariffs on input 𝑖. The amount we adjust domestic input prices is based on the estimates in Table

4 of Amiti et al. (2019b), which found that domestic prices increased by 𝛾𝜆𝑖 with 𝛾 = 0.4. i.e.

𝑝𝜏𝑗 = 𝛾𝜆 𝑗𝜏𝑗 . Total input prices, therefore, rise by the sum of the the direct tariff effect on the share

of imported intermediates in the industry 𝜆𝑖𝜏𝑖 plus the share of domestically sourced intermediate

inputs multiplied by the increase in tariffs due to higher domestic prices (1 − 𝜆𝑖) (𝛾𝜆𝑖𝜏𝑖).

Estimating the Static Price Effect: We use tariff changes between 2017 and 2019 to assign

these industry-level changes in ERP to firms in our sample and then use the reweighting scheme in

Section C.4. We use equation (C.16) to obtain an estimate for the welfare impact equal to -0.3 of a

percent for the static price effect in equation (3.23). Our upper bound estimate of the uses equation

(C.17) to compute the ERP and produces an estimate of the welfare impact given in equation (3.23)

of -0.17%.

Estimating the Lower Bound the Dynamic Price Effect: We assume that the worst case sce-

nario for future ERP is a tariff scheme in which the U.S. applies additional tariff rates of 60 per-

centage points against China and 20 percentage points against all other countries. We denote these

tariffs by 𝜏𝑎𝑗 . Using these hypothetical output tariffs to calculate the changes in ERP in equation

(C.16), the resulting static price effect is -2.19%. If we instead use equation (C.17) to calculate the

changes in ERP, the resulting static price effect is -1.01%
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C.8 Treatment Effects

In this section, we provide more details of the estimation of the treatment effects. To estimate

the size of the treatment effect, we use an event study, where we project firm-level deviations in

cash flow on a set of our three firm-level characteristics associated with China exposure (importer

dummy, exporter dummy, as well as Chinese revenue shares), allowing for different coefficients

for each announcement day and each exposure type.

CF 𝑓 𝑡 ≡
∞∑
𝑡=0

(1 − 𝜌)𝜌𝑡E0
[
𝑟 𝑓 𝑡

]
= 𝛼𝑡 +

∑
𝑗

∑
𝑖

𝛾𝑖 𝑗𝑍𝑖 𝑓𝐷 𝑗 𝑡 + 𝜖 𝑓 𝑡 , (C.18)

where the left-hand side variable is the expected present discounted value of firm cash flow, which

can be measured using Proposition 4, estimated using the method described in Sections 3.4.2

and 3.4.3; 𝛼𝑡 is a day fixed effect; 𝐷 𝑗 𝑡 is a dummy variable that is one if day 𝑡 is the same as

announcement day 𝑗 ; 𝑍𝑖 𝑓 ∈ {Importer, Exporter, China Revenue Share} is a measure of firm 𝑓 ’s

exposure to China; 𝛾𝑖 𝑗 is parameter to be estimated; and 𝜖 𝑓 𝑡 is an i.i.d. error term.

Table C.10: Impact of U.S. Tariff Announcements on Cash Flows

(1) (2) (3) (4) (5) (6) (7)
Cumulative 23Jan18 1Mar18 22Mar18 19Jun18 06May19 01Aug19

China Importer -1.97∗∗∗ -0.25∗∗∗ -0.33∗∗∗ -0.27∗∗∗ -0.12 -0.52∗∗∗ -0.47∗∗∗

(0.26) (0.07) (0.11) (0.08) (0.10) (0.07) (0.14)
China Exporter -1.17∗∗∗ -0.19∗∗ 0.15 -0.23∗∗ -0.43∗∗∗ -0.19∗ -0.27

(0.41) (0.08) (0.16) (0.10) (0.11) (0.11) (0.28)
China Revenue Share -5.52∗∗∗ -0.57∗ -2.55∗∗∗ -1.23∗∗∗ -1.62∗∗∗ -2.30∗∗∗ 2.74∗∗

(1.77) (0.34) (0.73) (0.40) (0.42) (0.44) (1.19)

Note: The dependent variable is residualized cash flow (CF 𝑓 𝑡 ) multiplied by 100, which is constructed by summing
Π̂ 𝑓 0 (constructed using equation (3.15)) and the change in the discount rate (which is based on the change in the VAR
variables on announcement days after controlling for economic surprises). This table uses a one-day window around
each event. China Importer is a dummy that equals one if the firm or any of its subsidiaries or suppliers import from
China. China Exporter is a dummy that equals one if the firm or subsidiaries export to China. China Revenue Share is
the share of the firm’s revenue from China. Column 1 reports the sum of the coefficients across each of the U.S. event
days. There are 26,807 observations. Standard errors are in parenthesis. Asterisks correspond to the following levels
of significance: ∗∗∗𝑝 < 0.01,∗∗ 𝑝 < 0.05,∗ 𝑝 < 0.1.

Table C.10 presents the results for each of the six U.S. tariff events, and Table C.11 presents

the estimated coefficients from the same regression for the five Chinese tariff retaliation events.

219



The estimated coefficients under each event date correspond to the 𝛾̂𝑖 𝑗 in equation (C.18). Thus,

all event dates in both tables are estimated jointly in one regression. The coefficients should be

interpreted as the effect of the announcement on the expected cash flows of exposed firms relative

to unexposed firms. For example, the coefficient of -0.33 on the China importer dummy in column

3 of Table C.10 implies that on the March 1, 2018 steel and aluminum announcement day, firms

that imported from China experienced declines in their expected cash flows that were on average

0.33 percentage points lower than other firms. The numbers in column 1 provide our estimate of

the cumulative impact over all U.S. events and all days in the event windows (
∑
𝑗 𝛾̂𝑖 𝑗 ). We can see

from the first column of this table that the cumulative impact of the U.S. announcements was to

lower the expected cash flows of U.S. importers by 1.97 percentage points relative to firms that

did not import from China. Similarly, the relative fall in expected cash flows of exporters were

1.17 percentage points more than those of non-exporters, and firm’s selling in China saw their

expected cash flows fall by 0.06 percentage points for every percentage point of revenue share they

obtained from China. The coefficient on China Revenue Share implies that a firm with the average

sales exposure to China (three percent of revenue) experienced a fall in expected cash flow of 0.18

percentage points lower than a firm with no sales in China across all of the U.S. events.

The cumulative impact of the U.S. events, shown in the first column of Table C.10, indicates

that in general U.S. tariff announcements had large, negative, and significant impacts on the cash

flows of importers, exporters, and firms selling in China. Although the effects are not precisely

measured for every event and measure of exposure, 16 of the 18 event-day coefficients are negative,

which indicates that U.S. tariff announcements typically had negative effects on the expected cash

flows of firms exposed to China relative to unexposed firms. When we sum across all events, the

cumulative effect is negative and significant for each type of exposure.

Interestingly, U.S. tariff announcements caused expected cash flows to decline not only for

importing firms but also for firms exporting or selling in China more generally. These negative co-

efficients on the exporter or sales variables are likely due to three (not mutually exclusive) reasons.

The first is that markets may have anticipated that U.S. tariffs would provoke Chinese retaliatory

220



tariffs, thereby lowering the abnormal return of exporters. Second, market participants may have

anticipated that U.S. tariffs would also provoke Chinese retaliatory non-tariff barriers that could

lower revenues obtained by exporting or multinational sales. Third, it is also possible that U.S.

tariffs weakened the Chinese economy, which could lower expected profits for U.S. firms selling

there.

Table C.11: Impact of Chinese Tariff Announcements on Cash Flows

(1) (2) (3) (4) (5) (6)
Cumulative 23Mar18 15Jun18 02Aug18 13May19 23Aug19

China Importer -0.45∗∗ 0.02 -0.02 0.21∗ -0.28∗∗∗ -0.37∗∗∗

(0.20) (0.08) (0.07) (0.11) (0.09) (0.08)
China Exporter 0.03 0.16 -0.05 -0.49∗∗∗ 0.36∗∗∗ 0.05

(0.30) (0.10) (0.11) (0.15) (0.13) (0.13)
China Revenue Share -4.95∗∗∗ -0.85 -0.23 1.26 -4.06∗∗∗ -1.08∗∗∗

(1.49) (0.60) (0.36) (0.78) (0.75) (0.36)

Note: The dependent variable is residualized cash flow (𝐶𝐹 𝑓 𝑡 ) multiplied by 100, which is constructed by summing
Π̂ 𝑓 0 (constructed using equation (3.15)) and the change in the discount rate (which is based on the change in the VAR
variables on announcement days after controlling for economic surprises). This table uses a one-day window around
each event. China Importer is a dummy that equals one if the firm or any of its subsidiaries or suppliers import from
China. China Exporter is a dummy that equals one if the firm or subsidiaries export to China. China Revenue Share
is the share of the firm’s revenue from China. Column 1 reports the sum of the coefficients across each of the Chinese
event days. There are 26,807 observations. Standard errors are in parenthesis. Asterisks correspond to the following
levels of significance: ∗∗∗𝑝 < 0.01,∗∗ 𝑝 < 0.05,∗ 𝑝 < 0.1.

Turning to the Chinese announcements, column 1 of Table C.11 shows that Chinese retaliation

on average significantly lowered expected cash flows for firms selling in China (either by exporting

or through multinationals). We do not see an effect on exporting per se, but this result may reflect

the fact that export revenues are captured in the China Revenue Share variable so we may have a

multicollinearity problem. Interestingly, we see that tariff announcements also lowered expected

cash flows of firms importing from China, perhaps because of the tit-for-tat retaliation structure of

the trade war in which Chinese retaliation provoked more U.S. tariffs. Overall, Chinese retaliation

announcements led to a significant 0.45 percentage point drop in the expected cash flows of firms

importing from China and another 0.05 percentage point drop for every percentage point increase

in a firm’s sales in China. The results are economically significant as well. Since Bernard et al.

(2007) found that 79 percent of U.S. importers also export, it is worth considering the impact of
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tariff announcements on a firm exposed to China through multiple channels. We estimate that a

firm that imported from and exported to China and obtained 3 percent of its revenue from sales

to China would have had its expected cash flows lowered by 3.9 percent when we sum across all

event days. The large magnitude of this result suggests that the tariff announcement had a sizable

negative impact on the expected cash flows of exposed firms.3

3Appendix Table C.6 reports the cumulative effect for the tariff-announcement effects on firm values, discount
rates, and stock prices.
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