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Abstract

This paper investigates the distributional welfare effects of the trade tariffs initiated by the

U.S. government against Chinese solar manufacturers between 2012 and 2018. We estimate

a structural econometric model incorporating the vertical structure between upstream solar

manufacturers and downstream solar installers. Counterfactual simulations show the tariffs

had a small positive impact on U.S. manufacturers but a large negative impact on U.S.

installers. Chinese manufacturers were also negatively economically affected. Moreover, we

estimate the tariff pass-through rate, which we find to exceed one due to the imperfectly

competitive nature of the industry. Ultimately, the burden of the solar trade war thus felt

disproportionately on U.S. consumers.
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1 Introduction

After decades of trade liberalization, protectionism has reemerged in recent years, character-

ized by the U.S.-China trade war, the Japan-South Korea trade dispute, and Brexit. Protectionism

measures are often initiated to target fast-growing and high-value technologies, such as semicon-

ductors, solar photovoltaic (PV) power systems, automobiles, and telecommunications. Trade

wars arise when cycles of subsidies are provided, and retaliating tariffs are enacted to protect

domestic firms. The market for solar PV is a case in point of how trade wars can quickly escalate.

Over the past decades, the solar PV industry has grown exponentially. The cumulative

installed capacity of PV systems has soared almost 180-fold worldwide, from 6.7 GW in 2006 to

1,177 GW in 2022.1 Although the solar manufacturing sector has been historically dominated

by firms in the United States, Japan, and Germany, Chinese firms have gradually gained market

share since 2010.2 Various government subsidy schemes spurred the Chinese solar sector’s rapid

growth. Chinese manufacturers’ competitors, however, suspected these schemes provided an unfair

competitive advantage, which, in May 2012, led the U.S. Department of Commerce to announce

various duties ranging from 31% to 250% on Chinese solar panels. In retaliation, China imposed

tariffs on imports of polysilicon products from the United States. This trade war affected firms in

both countries but Chinese solar manufacturers appeared to be particularly negatively impacted.3

Perhaps less salient, but nonetheless equally important, are the negative impacts these tariffs had

on U.S. consumers and other domestic firms, such as installers, in the U.S. solar supply chain.

Whether this trade war generated gains for U.S. solar manufacturers larger than the casualties to

other domestic actors is an important but unanswered question. This paper aims to contribute to

this debate.

1Source: https://www.statista.com/statistics/280220/global-cumulative-installed-solar-pv-capacity/
2For the period from 2010 to 2018, four Chinese manufacturers were among the top ten solar manufacturers.
3For example, Suntech Power, a Chinese firm once the largest solar manufacturer in the world, became insolvent

a few years after the U.S. anti-dumping policy came into effect.
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Our goal is to quantify the distributional welfare effects of the anti-dumping and countervailing

duties the U.S. government initiated against Chinese solar PV manufacturers with a focus on the

U.S. downstream residential market. Using a structural econometric oligopoly model that accounts

for the vertical structure of the market and endogenizes markups, we estimate the incidence of

these tariffs on five actors: U.S. solar manufacturers, Chinese solar manufacturers, other non-

U.S.-based solar manufacturers (i.e., South Korean and others), U.S. solar installers, and U.S.

consumers. In addition, we also quantify the carbon externality associated with solar PV systems’

adoption in the United States that would have displaced electricity generated from fossil fuels in

the absence of these tariffs.

Our structural equilibrium model explicitly accounts for the strategic behaviors of domestic

(i.e., U.S.-based), foreign manufacturers, and domestic installers. Specifically, our supply side

follows Berto Villas-Boas (2007)’s three-stage oligopoly model that captures the contractual re-

lationship between installers and manufacturers. On the demand side, we use a static discrete

choice model where consumers have heterogeneous tastes for solar PV systems’ prices and other

product characteristics.

Our main data come from the Lawrence Berkeley National Laboratory’s (LBNL) Tracking the

Sun report series. This dataset provides rich household-level information on almost all installations

in the U.S. residential solar market for the period between 2012 and 2018. Using these data,

we estimate our model of demand and supply for solar PV systems. The estimation results are

intuitive and show interesting heterogeneity patterns. On the demand side, the coefficient on price

is negative, and households prefer high energy-conversion efficiency. Areas with higher household

incomes and higher electricity prices tend to install relatively more solar PV systems. On the

supply side, we find the marginal cost increases with energy conversion efficiency and installation

labor costs.

We simulate the estimated equilibrium model under different counterfactual scenarios to eval-

uate the distributional welfare effects of the U.S.-China solar trade war. In our main baseline sce-
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nario, we assume the statutory rates of the tariffs correspond to their effective rates.4 Under this

assumption, the results show without the anti-dumping and countervailing duties imposed on Chi-

nese manufacturers during the 2012 to 2018 period, the United States demand for residential solar

PV systems would have been 24.7% higher. Furthermore, Chinese manufacturers incurred large

losses in profits due to the anti-dumping policies, but U.S. manufacturers, as well as South Korean

manufacturers, gained little. In the U.S. domestic market, installers and consumers suffered large

losses from these trade barriers.

The solar trade war also had large negative impacts on environmental externalities. In the

absence of anti-dumping policies, the increased adoption of solar PV systems would have reduced

the electricity generated from fossil fuels. We estimate that the environmental benefits of avoiding

CO2 emissions would have been $6.80 billion.

Finally, our model can be used to estimate the pass-through rate of the tariffs. In our main

simulations, we find a $1 tariff imposed on manufacturers leads to a $1.16 increase in the final

prices of installed PV systems. Manufacturers and installers thus overshift the burden of the trade

tariffs onto U.S. consumers. Overall, our analysis suggests that during this period the solar trade

war was detrimental to the solar industry, U.S.-based consumers, and the environment.

Our analysis is at the nexus of the literature on trade and the environment, and empirical

industrial organization. First and foremost, this paper improves our understanding of the impact

of trade wars in sectors crucial for the deep decarbonization of the economy. The theory of strategic

trade policy argues governments can use import tariffs to raise domestic welfare by shifting profits

from foreign to domestic firms (e.g., Spencer and Brander, 1983; Dixit, 1984; Brander and Spencer,

1985; Krugman, 1987; Miller and Pazgal, 2005; Creane and Miyagiwa, 2008). Trade tariffs could

then serve as a proxy for a domestic industrial policy to favor sectors of strategic importance

4As we later discuss, there were loopholes in the U.S. anti-dumping policies, especially in the first wave in 2012;
these allowed Chinese manufacturers to avoid part of these tariffs. Our main policy analysis focuses on a case
where Chinese manufacturers cannot circumvent the tariffs. We, however, discuss strategic avoidance of the tariffs
in our sensitivity tests and show that it does not impact our main conclusion regarding the pass-through rates.
Ultimately, U.S. consumers paid for the tariffs and the costs of reallocating solar panels production outside China.
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for a successful energy transition. However, these objectives might conflict with the imperative

of lowering the cost of low-carbon technologies and accelerating the adoption of these particular

technologies in the domestic market. Our analysis shows that trade tariffs in the solar sector

were, in fact, unlikely to have helped the domestic (i.e., U.S.) solar sector, while slowing down the

decarbonization of the U.S. power sector.

In addition, this paper contributes to the literature on the incidence of trade tariffs and, in

particular, the estimation of tariff pass-through rates accounting for the role of imperfect com-

petition.5 Whereas most papers investigating recent trade wars found tariff pass-through rates

between 0 and 100 percent (e.g., Amiti et al., 2019; Fajgelbaum et al., 2020; Cavallo et al., 2021;

Fajgelbaum and Khandelwal, 2022), some studies also found evidence of overshifting (i.e., pass-

through rates higher than 100 percent). Most notably, Flaaen et al. (2020)’s analysis of the 2018

U.S. tariff on washing machines implies a pass-through exceeding 100 percent. The fact we find

tariff overshifting in the U.S. solar market is also consistent with Pless and Van Benthem (2019)’s

findings of pass-through rates exceeding 100 percent for U.S. solar subsidies.

These results for the U.S. washing machine market and solar PV market can be attributed to

the presence of market power and highlight the importance of having a rich representation of the

market structure to measure the incidence of trade policies. Bulow and Pfleiderer (1983) and Seade

(1985) provided the first theoretical evidence of tax overshifting due to market power. Anderson

et al. (2001) generalized these findings to the case of an oligopoly model with multiple differentiated

goods, as in our setting. Weyl and Fabinger (2013) show conditions under which overshifting can

arise under perfect competition. Accounting for imperfect competition in incidence analysis does

not always imply higher pass-through, however (e.g., Ganapati et al., 2020). Ultimately this is an

empirical question determined by the nature of the demand function and degree of competition.

As we show, there is a large degree of heterogeneity across local markets in the U.S. solar context—

5For instance, see Huber (1971), Feenstra (1989), Winkelmann and Winkelmann (1998), Bernhofen and Brown
(2004), Trefler (2004), Broda et al. (2008), Marchand (2012), Ossa (2014), Han et al. (2016), Ludema and Yu
(2016), Bai and Stumpner (2019), Irwin (2019), Jaravel and Sager (2019) for literature on the incidence of tariffs.
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most but not all regions experienced overshifting of the trade tariffs, and the magnitude differs

greatly across regions. Overshifting is more pronounced in regions where high-income households

drive stronger demand for solar PV, which is consistent with theoretical predictions.

Our paper also contributes to the growing literature in environmental economics about the

solar power sector; the diffusion of residential solar PV systems is key for addressing the negative

externalities associated with electricity generation. One stream of this literature has focused

on evaluating the factors leading to solar adoption by households. These studies show financial

incentives, electricity tariffs, mandates, peer effects, and social interactions are all important

drivers of adoption (Bollinger and Gillingham, 2012; Burr, 2016; De Groote and Verboven, 2019;

Gillingham and Tsvetanov, 2019; Dorsey, 2020; Gillingham and Bollinger, 2021). The timing of

government subsidies can also affect households and the adoption of solar PV (Bauner and Crago,

2015; Langer and Lemoine, 2022). A second literature stream has investigated the reasons for

the large and rapid reduction in the costs of solar systems (Reichelstein and Sahoo, 2015). For

instance, Bollinger and Gillingham (2019) find when installers learn by doing, this lowers solar

prices, primarily related to the non-hardware costs of the solar PV installations. Gerarden (2023)

finds consumer subsidies can encourage firms to innovate to reduce their costs over time. Our

work contributes to this literature by investigating the role of trade policies, which, as we show,

can be an important determinant in determining the growth of the solar PV market.

The rest of the paper is organized as follows. Section 2 introduces the background of the

U.S.-China solar trade war. Section 3 provides stylized facts regarding the manufacturer-installer

relationships and market structure. Section 4 specifies the demand and supply components of

the equilibrium model. Section 5 describes the data, identification, and estimation details, and

Section 6 presents the estimation results. Section 7 uses the estimated model to perform policy

simulations. Section 8 offers our conclusions.
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2 Background: The U.S.-China Solar Trade War

In this section, we provide background information on the events that led to the U.S.-China

trade war in the solar market. We first provide an overview of the U.S. solar market, then discuss

the U.S.’s and China’s solar subsidies, and, finally, the anti-dumping duties the U.S. government

imposed upon Chinese manufacturers.

2.1 The U.S. Solar Market

The United States has one of the world’s largest installed capacity of solar power. In 2016,

solar power overtook wind, hydro, and natural gas to become the largest source of new electricity

capacity (EIA, 2018). In 2019, the cumulative operating PV capacity exceeded 76 GW, up from

just 1 GW at the end of 2009.6 The importance of the solar industry for the United States is also

reflected by its contribution to job creation. U.S. solar employment grew by 167% from 2010 to

2019, adding more than 156,000 jobs, according to the National Solar Jobs Census.7

The rapid development of the U.S. solar sector was spurred by a confluence of factors. On

one hand, government policies may have played a role. For instance, several states have adopted

renewable portfolio standards mandating a certain share of their electricity generation comes from

renewable sources. At the same time, federal and state governments have also offered generous

subsidies that target consumers.8 On the other hand, the technology itself has improved. The

6Source: U.S. Solar Market Insight 2019 Year-in-Review report, released by the Solar Energy Industries Asso-
ciation (SEIA) and Wood Mackenzie.

7Source: National Solar Jobs Census 2019, released by the Solar Foundation.
8The federal Energy Policy Act of 2005 created a 30% investment tax credit (ITC) for solar PV installations,

with a $2,000 limit for residential installations. Subsequently, the Energy Improvement and Extension Act of 2008
removed the $2,000 limit, and the American Recovery and Reinvestment Act of 2009 temporarily converted the
30% tax to a cash grant (Bollinger and Gillingham, 2019). The federal subsidy is believed to be an important
factor in the recent growth of the solar sector. The financial subsidy for residential solar PV installations at the
state level varies considerably from state to state. The incentive generally falls into four categories: 1) cash rebate,
a one-time rebate provided on a $/kW basis at the time the system is installed; 2) state tax credit, additional tax
credits offered by some states; 3) Solar Renewable Energy Certificates (SREC), credits the homeowner can obtain
by selling solar electricity to the grid; and 4) Performance-based Incentives (PBI), per kilowatt-hour credits based
on the actual total energy produced by the solar PV system during a certain period of time.
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manufacturing costs of solar PV systems have drastically decreased, and the efficiency of solar

panels has increased. Even absent subsidies, this technology has become increasingly attractive

(Borenstein, 2017).

Moreover, the supply chain for residential solar PV has also quickly developed. The upstream

market of the solar industry consists of the manufacturing segment that produces solar PV systems

(solar panels); the downstream firms consist of the installation segment that acts as distributors

and providers of installation services for customers. Due to the large decrease in PV hardware

costs over the past two decades, the installation costs, referred to as soft costs, now constitute a

larger and major share of the final solar PV price (Barbose and Darghouth, 2016; Fu et al., 2017).

2.2 China’s Solar Subsidies

At the international level, several jurisdictions have been competing to develop a strong do-

mestic solar sector. For example, in Europe, Germany has been an early mover. Starting in the

mid-2000s, the Chinese government also oriented its industrial policy to develop its domestic solar

sector. As a result, in 2008, China became one of the world’s largest manufacturers of solar panels

and then the largest producer in 2015. The extremely rapid development of its solar industry

coincided with generous government subsidies and support. China’s initial solar subsidies focused

on the manufacturing side with the Chinese government offering four types of subsidies to its

domestic solar manufacturers (Ball et al., 2017). First, tax breaks, which consisted of a credit of

50% of the value-added tax, were offered. These tax breaks were first implemented in 2013 for

two years; then they were extended through 2018. Second, local governments made subsidized

(free or discounted) land available to some Chinese solar manufacturers. Third, municipal and

provincial governments offered cash grants. Fourth, preferential lending programs that provided

advantageous loans were instituted by government-affiliated banks. In particular, the China De-

velopment Bank (CDB), a financial institution controlled by the Chinese government, has become

the primary lender for Chinese solar manufacturers.
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2.3 U.S. Anti-dumping Policies

In October 2011, German-owned SolarWorld, which was then the United States’ largest

provider of solar panels, filed an anti-dumping petition against Chinese solar firms. They alleged

the Chinese government was unfairly subsidizing PV solar cells and modules by providing tax

breaks, subsidized land, cash grants, preferential loans, and other benefits designed to artificially

suppress Chinese export prices and drive other competitors out of the U.S. market.

Following SolarWorld’s petition, the U.S. Department of Commerce began an investigation

culminating with an announcement on October 2012 that anti-dumping duty rates ranging from

18.32% to 249.96% and countervailing duty rates ranging from 14.78% to 15.97% would be im-

posed on Chinese manufacturers.9 This was the first wave of U.S. tariffs against Chinese solar

manufacturers.10

However, this ruling applied only to solar panels made from Chinese solar cells; this created

an important loophole. Some mainland Chinese firms could circumvent the tariffs when exporting

to the United States by outsourcing one piece of the manufacturing process to Taiwan. In January

2014, SolarWorld thus filed another anti-dumping petition with the U.S. Department of Commerce

to close this loophole. In December 2014, the U.S. Department of Commerce announced deeper

firm-specific tariffs on imports of crystalline silicon photovoltaic products from both mainland

China and Taiwan. The anti-dumping duty rates then ranged from 26.71% to 165.04%, and the

9The provisional anti-dumping duty deposits and countervailing duty deposits were collected as of the date
of publication of the Commerce Department’s preliminary determinations, which were in March and May 2012,
respectively. The anti-dumping duties (AD) fell into four categories: 1) 31.73% for Suntech Power; 2) 18.32%
for Trina Solar; 3) 25.96% for 59 other listed manufacturers; and 4) 249.96% for all other remaining Chinese
manufacturers. The countervailing duties (CVD) fell into three categories: 1) 14.78% for Suntech Power; 2) 15.97%
for Trina Solar; and 3) 15.24% for all other Chinese manufacturers. For details, see https://enforcement.trade.
gov/download/factsheets/factsheet_prc-solar-cells-ad-cvd-finals-20121010.pdf

10In the first wave, the U.S. Department of Commerce issued its preliminary determinations on anti-dumping
and countervailing duties (AD/CVD) in March and May 2012, respectively, and issued its final determinations in
Oct 2012. The provisional AD deposits and CVD deposits were collected as of the date of publication of the U.S.
Commerce Department’s preliminary determinations, which were also in March and May 2012, respectively. The
first wave of AD/CVD investigation thus began in March 2012 (2012-Q1).

8

https://enforcement.trade.gov/download/factsheets/factsheet_prc-solar-cells-ad-cvd-finals-20121010.pdf
https://enforcement.trade.gov/download/factsheets/factsheet_prc-solar-cells-ad-cvd-finals-20121010.pdf


countervailing duty rates then ranged from 27.64% to 49.79%.11 This marked the second wave of

tariffs.12

The third wave started in February 2018, when the U.S. government put an additional 30%

tariff on all imported solar modules and cells (China, South Korea, and other countries were all

subject to these safeguard tariffs). The tariff was designed to step down in 5% annual increments

over four years. Finally, the last episode of the solar trade war culminated in July 2018 when

the U.S. government put another 25% tariff on Chinese solar products as a part of the broader

U.S.-China trade war on $50 billion of goods of all kinds (Amiti et al., 2019; Fajgelbaum et al.,

2020).

3 Market Structure

Before proceeding to the presentation of the structural econometric model, we first investigate

the market structure of the U.S. solar industry. We show that the upstream manufacturing and

downstream local markets exhibit a high degree of concentration, which motivates our vertical

structure with imperfect competition.

11The provisional anti-dumping duty deposits and countervailing duty deposits were collected as of
the date of publication of the U.S. Commerce Department’s preliminary determinations, which were
in June and July 2014, respectively. The anti-dumping duties fall into four categories: 1) 26.71%
for Trina Solar; 2) 78.42% for Renesola/Jinko; 3) 52.13% for 43 other listed Chinese manufac-
turers; 4) 165.04% for all remaining Chinese manufacturers. The countervailing duties fall into
three categories: 1) 49.79% for Trina Solar; 2) 27.64% for Suntech Power; 3) 38.72% for all
other Chinese manufacturers. For details, see https://enforcement.trade.gov/download/factsheets/

factsheet-multiple-certain-crystalline-silicon-photovoltaic-products-ad-cvd-final-121614.pdf
12In the second wave, the U.S. Department of Commerce issued its preliminary determinations on AD and

CVD in June and July 2014, respectively, and issued its final determinations in Dec 2014. The provisional AD
deposits and CVD deposits were collected as of the date of publication of the U.S. Commerce Department’s
preliminary determinations, which were in June and July 2014, respectively. Therefore, the second wave of AD/CVD
investigation began in June and July 2014 (2014-Q2).
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3.1 Vertical Contracting in Manufacturer-Installer Relationship

A salient feature of the U.S. solar industry is the vertical relationship between manufacturers

and installers. The upstream companies manufacture solar panels and modules and distribute

them to the downstream installers. The installers resell the solar products to the customers and

provide installation services. Typically, homeowners hire a solar installer and purchase panels

and modules through it, rather than buying them directly from manufacturers. Installers play

several roles. They buy solar products in bulk from manufacturers, provide expertise in designing

a solar PV system, such as site selection and layout, and execute complex work to assemble solar

panels together with other equipment (inverter, battery, mounting system, wiring, and solar charge

controller).

In the U.S., most of the PV market is not vertically integrated. This trend, however, might

be reverting as some solar manufacturers are starting to integrate their whole supply chain. For

example, SunPower and REC Solar transformed into vertically integrated companies by offering

solar installations rather than just manufacturing modules.

3.2 Market Power

To further gain insights into the market structure of the U.S. solar industry, we exploit our

micro dataset. We work with solar installation data from the LBNL’s Tracking the Sun report

series, which contains information on prices and quantities of almost all U.S. solar PV installations.

We exclude the commercial and utility-scale solar sectors and focus solely on residential solar

installations.13 As of the end of 2018, there were over one million residential solar PV installations

in the U.S. Our final sample has a rich set of observables and covers 23.8% of the whole sample

(21.6% of installed capacity). For each observation, we observe the installation date, location,

13During 2012-2018, the residential solar sector accounts for 96.6%) of the U.S. solar market in terms of number
of installations. For the estimation, we use a subsample of the whole universe of residential installations. The
subsample’s construction is described in Appendix B.
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system size, total installed price, rebate, installer name, and detailed information about solar

panels used in each PV system, namely manufacturer name, model number, technology type, and

efficiency. For our analysis, the sample period begins in 2011, the year before the first episode of

the U.S.-China solar trade war that began on October 2012, and ends in 2018 at the time of the

third episode.

The U.S. solar market for upstream manufacturers and downstream installers is relatively

concentrated, although entry is not restricted. There were around 250 different solar manufacturers

operating in the U.S. market from 2011 to 2018, but the 10 largest manufacturers accounted

for approximately 80% of the solar PV sales. Manufacturers from the United States, China,

South Korea, German, and Japan dominated the market. The U.S. downstream market is more

fragmented due to its local nature. There have been 4,895 different firms that have installed at

least one residential PV system in the United States during the sample period. However, about

50% of these installers installed no more than five systems, and several firms with a small number

of installations are, in fact, contractors for other types of services in the building and construction

sector, e.g., electricians (OShaughnessy, 2018).

Over time, the local market for PV installations has remained highly concentrated, however.

As shown in Panel B of Table 1, on average, although the number of different active installers for

each state has increased from 89 in 2011 to 247 in 2018, the market share for the largest installer

in each state has only decreased from 32.53% in 2011 to 26.48% in 2018. The 15 highest-volume

installers accounted for approximately 50% of all U.S. solar PV installations during the 2011-2018

period.

On average, each installer worked with approximately four different manufacturers between

2011 and 2018 (see Panel A of Table 1). However, there is substantial heterogeneity between

installers with activities across the United States and those only active in a few regional markets.

For example, Tesla Energy, the largest solar installer in the United States, procured solar panels

from 50 different solar manufacturers. In contrast, the whole sample of installers works with a
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median of 2 different manufacturers.

3.3 Variation in Market Share During the Trade War

Figure 1 shows the time trend of market share for Chinese, U.S., and South Korean manufac-

turers.14 In 2011-Q1, 20.3% of the installations done by U.S. installers used solar panels produced

by Chinese manufacturers. After the first wave of anti-dumping policies starting in October 2012,

we witnessed a continued increase in the market share of Chinese manufacturers, culminating in

2013-Q4. This increase could be due to the fact that mainland Chinese firms accelerated their

exports by evading the duties by assembling panels from cells produced in Taiwan, a loophole that

we discussed in Section 2.3. However, this export-snatching effect gradually diminished when the

Chinese manufacturers noticed the U.S. government was taking possible actions to close this loop-

hole. After the second wave of anti-dumping policies starting in 2014, the market share of Chinese

manufacturers decreased to approximately 20%; it further decreased to 8.6%, which is about 12%

points below the level before the trade war, after the third wave of anti-dumping policies starting

in 2018. U.S. manufacturers’ market share is strongly negatively correlated with Chinese manu-

facturers’ market share and thus displays the exact opposite pattern.15 Moreover, South Korean

manufacturers have become increasingly important players in the U.S. market. They seemed to

have benefited from the U.S.-China solar trade war. Their aggregated market share soared from

nearly zero in 2011 and steadily increased to reach about 35% in 2019.

4 Structural Econometric Model

We now outline a structural econometric model of the U.S. solar industry where demand and

supply are represented. The demand side is modeled with a discrete choice framework with rich

14To create Figure 1, we extended the sample period from 2010 to 2019 to better show the pre- and post-trends.
15Figure A1 shows the proportion of Chinese manufacturers each installer was working with. We observe a

similar trend as in Figure 1.
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heterogeneity in preferences. The supply side captures the vertical structure in which the upstream

manufacturers determine the wholesale price of solar PV systems, and the downstream installers

determine the retail price while providing installation service for the consumers. We focus on

modeling preferences for residential consumers, and in particular owners of a single-family house.

Our sample period covers the early stages of the adoption of solar PV in the U.S., and those

households represent the primary market during this period. Non-residential consumers represent

only 3.4% of the installations made during that period (see Appendix B for further details).

4.1 Consumer Demand for Solar PV

The purpose of the demand model is to capture the preferences for price and solar PV sys-

tems’ main characteristics. A consumer can choose the solar installer and the model of the solar

PV system to install.16 Because our data are aggregated to the PV model/installer/year level, we

assume a consumer’s choice is a model-installer combination, indexed by j. That is, consumers

have preferences for both the manufacturer producing a given PV system and the installer per-

forming the installation of the said PV system. We use a static random coefficient discrete choice

model to analyze consumer purchase decisions. The conditional indirect utility of consumer i in

region w, where a region denotes a Metropolitan Statistical Area (MSA), from purchasing and

installing j good during year t is given by

Uijwt = βiXj + αipjwt + γDw + κEw + λm + ηrt + ζjt + ϵijwt (1)

In equation (1), Xj is a vector of observed product characteristics such as energy conversion

efficiency and technology type. βi is a vector of consumer preference—specific marginal utilities

(assumed to be random) associated with the product characteristics in Xj; pjwt is the average

consumer purchase price for j in MSA w during year t, net of government subsidies and divided

16The model of the solar PV system refers to the model of the solar panels used in the PV systems.
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by the size of the solar PV system installed; and αi represent the marginal disutility of price (also

assumed to be random). Dw is a vector of demographic variables (including income, education,

urbanization, race, and political orientation) for each MSA w and captures household-specific

preferences.17 Ew is the average electricity price in the state that MSA w belongs to. We also

control for solar manufacturer fixed effect λm, where m represents the solar manufacturer, as well

as installer-year fixed effect ηrt, where r represents the solar installer. Solar manufacturer fixed

effect λm captures customer preference for a solar brand, and installer-year fixed effect ηrt captures

the installer’s service and advertising strategies at different points in times.18 Finally, ζjt are the

product characteristics unobserved by the econometrician but observed by the consumers and

firms; and ϵijwt is an i.i.d error term and follows the type I extreme value distribution.

The heterogeneous taste parameters for product characteristics are modeled as

αi

βi

 =

α

β

+ Σvi, (2)

where vi is a random draw from a multivariate standard normal distribution (i.e., vi ∼ N(0,1)),

Σ is a diagonal scaling matrix. This specification allows the taste parameters for the solar PV

price and non-price characteristics to vary across consumers.

The predicted market share of product j is given by

sjwt(Xj, pjwt, Dw, Ew;α, β, γ, κ,Σ) =

∫
exp(δjwt + µijwt)

1 +
∑J

j=1 exp(δjwt + µijwt)
dF (ν), (3)

where δjwt = Xjβ + αpjwt + γDw + κEw + λm + ηrt + ζjt is the mean utility across consumers

obtained from purchasing and installing product j; µilwt is a consumer-specific deviation from the

mean utility level associated with the consumer tastes for different product characteristics. F (·)
17In Appendix C, we discuss why we choose to include MSA-level demographic variables instead of MSA-level

fixed effects in the demand side.
18In this context, installers do the advertising and offer different types of contracts, which could be correlated

with pricing strategies. The installer-year fixed effect ηrt aims to capture these potential confounders.
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is the standard normal distribution function.

The market share for the outside goods is usually defined as one minus the shares of inside

goods. To include the no-purchase option into the choice set of the outside goods, we define the

market size on each MSA-year level as Mw × A× V × L, where Mw is the number of single-unit

houses in MSA w; A is the proportion of single-unit houses with a value greater than $100,000

19; V is the percentage of solar-viable buildings in that MSA level; L is the maximum proportion

of potential adopters that would install solar PV systems and we assume it to be 15% 20. The

observed market share of product j is then given by sjwt = qjwt/(Mw ×A× V × L), where qjwt is

the actual demand of product j in MSA w during year t.

We use Berry (1994)’s transformation to explore our instrumental strategy where the depen-

dent variable is the natural log of the market share of product j in MSA w during year t:

ln sjwt − ln s0wt = Xjβ + αpjwt + γDw + κEw + λm + ηrt + ζjt, (4)

where s0wt is the market share of the outside good.

Note that we assume the model is static; consumers are thus not forward-looking. In theory,

forward-looking consumers may have anticipated the decrease in the price of solar PV systems and

delayed their purchase decisions. In such a case, a static demand specification may underestimate

the true price elasticity (Aguirregabiria and Nevo, 2013). However, as argued by Gerarden (2023),

consumers appear to be myopic in this context. In fact, even governments, industry practitioners,

and academic experts did not anticipate the recent sharp decline in solar prices. Therefore, it is

unlikely dynamics have a first-order effect on the demand estimates in this context.

19We choose a house value of $100,000 or greater as a cut-off to define potential adopters. The estimation results
do not change significantly with other cut-off values.

20Our results are robust to other assigned values of L. In Table C5, we report estimation results for the demand
and supply side using L = 20% and L = 10%, respectively.
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4.2 Supply Side

In this section, we derive an estimating equation to recover the key primitives in the vertical

structure of the U.S. solar market. Specifically, the equation approximates the solar manufactur-

ers’ and installers’ optimizing behavior in their vertical contracting relationship. The structural

econometric model is inspired by Gayle (2013) and Fan and Yang (2020), and the price-cost mar-

gins are derived in the spirit of Berto Villas-Boas (2007). Our approach to account for tariffs in

the cost function follows Konishi and Zhao (2017).

The supply side consists of a three-stage game that represents the pricing equilibrium, thus,

shorter outcomes in the solar market. In the first stage, the solar manufacturers choose their

products. In the second stage, they choose the wholesale prices charged to the solar installers,

given the realized demand and marginal cost shocks. In the third stage, the solar installers choose

the subsidized retail prices.

We explain the solution of this game in the context of one particular geographical market.

With a slight abuse of notation, we thus omit the subscript w, which denotes the MSA. The

standard way to solve this game is to use backward induction and to solve for the subgame perfect

Nash equilibrium. In our context, this works as follows. In the final stage of the model, the

solar installer r chooses a tariff-inclusive retail price pejt after observing the set of solar PV models

available (denoted by Jrt), tariff-exclusive wholesale prices (pmjt), the tariff rate imposed on the

solar panels (τjt), and the given demand shock. The tariff-inclusive retail price pejt is a package

price charged to the consumer; it includes the after-tariff solar PV system price pmjt · (1 + τjt)

and the installation price. If we suppose the marginal cost for the solar installer to complete an

installation j is crjt per consumer, then the installer r’s profit is pejt − pmjt − crjt.

Each installer r’s profit function in period t is given by

maxπrt =
∑
j∈Jrt

[
pejt − pmjt · (1 + τjt)− crjt

]
Msjt(p

e) (5)
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where M is the market size. Then the first order condition of the pricing problem is given by

pet − pmt · (1 + τt)− crt = −(Trt ∗∆rt)
−1st(p

e) (6)

where Trt is the installer’s ownership matrix with the general element Trt(k, j) equal to one

when both products k and j are sold by the same installer and zero otherwise; ∆rt is the installer’s

response matrix, with element (k, j) =
∂sjt
∂pkt

.

In the second stage, solar manufacturers choose wholesale prices they then charge installers

after observing demand and marginal cost shocks. Solar manufacturer m’s profit-maximizing

problem for a set of products Jmt is therefore

maxπmt =
∑
j∈Jmt

[
pmjt − cmjt

]
Msjt(p

e) (7)

where cmjt is the marginal cost for solar manufacturers that produce j. The first order condition

is given by21

pmt − cmt = −(Tmt ∗∆mt)
−1st(p

e)/(1 + τt) (8)

where Tmt is the ownership matrix for solar manufacturer m, analogously defined as the

matrix Trt above. ∆mt is the solar manufacturer’s response matrix with element (k, j) =
∂sjt
∂pmkt

,

which represents the first derivative of the market share of all solar PV systems with respect to

all wholesale prices.

Combining equations (6) and (8) yields the solar manufacturer’s and installer’s joint tariff-

inclusive marginal cost mct,

mct = (1 + τt)c
m
t + crt = pet + (Tr ∗∆rt)

−1st(p
e) + (Tm ∗∆mt)

−1st(p
e) (9)

21Differentiating equation (7) with respect to pm yields to sj(p
e) + (1 + τj)

∑
j∈Jrt

(pmk − cmk ) ∂sk
∂pm

j
= 0.

17



Next, we assume the joint marginal cost depends on a vector of non-tariff-related cost-shifters

Yt and tariff-related cost-shifters Zt. The joint marginal cost is

mct = ΦYt +ΨZt + ηrt + εt (10)

where Yt includes the solar panel’s energy conversion efficiency (eff) and the wage rate in

roofing (wage). We allow for a non-linear relationship between tariffs and manufacturing costs to

flexibly capture the different margins by which tariffs could impact manufacturers. In particular,

the vector Zt consists of tariff rate, the square of tariff rate, and their interaction terms with

energy conversion efficiency (i.e., τ , τ 2, eff × τ , eff × τ 2, eff 2× τ , and eff 2× τ 2). The possible

non-relationship between tariffs and costs may arise from non-linearities, i.e., lumpy adjustments,

in the production process and the reorganization of manufacturers’ production along their global

supply chain, for instance. Finally, ηrt is an installer-year fixed effect, which captures installer

heterogeneity across years.22

Combining equations (9) and (10) yields

pet + (Trt ∗∆rt)
−1st(p

e) + (Tmt ∗∆mt)
−1st(p

e) = ΦYt +ΨZt + ηrt + εt (11)

which we bring to the data for estimation.

Equation (11) corresponds to the linear pricing model (we denote it Model 1) with double

marginalization. We also consider two alternative specifications of the vertical contracts that

correspond to non-linear (two-part tariff) pricing models proposed by Berto Villas-Boas (2007).

The models with non-linear contracts allow us to provide upper bounds on the extent of market

power and, thus, manufacturers’ or installers’ ability to determine high margins in this market.

First, we assume that the solar manufacturer chooses to set the wholesale price equal to its

22In Appendix C, we experiment with manufacturer-fixed effects in the supply-side estimation. Table C4 shows
our model is robust by adding a manufacturer-fixed effect on the cost side.
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marginal cost and the installer entirely determines the markup. We will refer to this as Model 2,

where the equation for the implied price-cost margin is given by

pet + (Trt ∗∆rt)
−1st(p

e) = ΦYt +ΨZt + ηrt + εt (12)

For the other alternative model (denoted Model 3), we assume the opposite: the installer’s

margin is zero and the solar manufacturer’s pricing decision determines the markup. In this case,

the implied price-cost margin is given by

pet + (Tmt ∗∆rt)
−1st(p

e) = ΦYt +ΨZt + ηrt + εt (13)

Equation (13) and (12) both correspond to different types of non-linear vertical contracts and

can be readily estimated by simply substituting the appropriate ownership matrix. In Section 6,

we thus jointly estimate demand and supply side parameters under each alternative specification

of the vertical contractual relationship and use non-nested statistical tests based on Rivers and

Vuong (2002) to select the model specification that best fits the data.

5 Implementation

5.1 Data

In our estimation of the structural model and subsequent simulations, we restrict our sample

to the period 2012-2018 to obtain parameter estimates corresponding to the period of the main

episodes of the U.S.-China solar trade war. As before, the main dataset comes from the LBNL’s

Tracking the Sun report series, as described in Section 3, and we focus only on residential solar

PV installations, which account for the majority of the U.S. solar market between 2012 and
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2018.23 We combine the dataset with four other data sources: (1) demographic data from the

U.S. Census Bureau, which provide county-level demographic variables on income, education,

urbanization, race, and political orientation across the United States;24 (2) electricity price data

from the U.S. Energy Information Administration; (3) labor market data from the U.S. Bureau of

Labor Statistics, which provide the hourly wage rate for roofing installers across different states;

and (4) solar potential data from the Google Project Sunroof, which we use to estimate the

technical solar potential of all solar-viable buildings in each U.S. county. After merging the data

and selecting observations with the information required for the estimation procedure, our final

sample accounts for 21.6% of all U.S. residential solar PV installed capacity during the 2012-2018

period. Appendix B describes how we constructed our sample and compares it with the full

universe of installations, and shows that our estimation sample represents well the U.S. residential

solar market.

Conducting the analysis at the MSA level, we thus use county-level identifiers in the dataset

to construct MSA-level variables, which are averages across all counties in each MSA.25 To define

the inside goods for the analysis, we distinguish solar PV models that have significant sales (more

than 3,000 units) in the United States and define a generic inside good with all other models.26 The

sample consists of 58 models produced by 10 solar manufacturers, and these solar manufacturers

include three Chinese companies (Canadian Solar, Trina Solar, and Yingli Energy), one U.S.

company (SunPower), three South Korean companies (Hanwha, Hyundai, and LG), one Japanese

company (Kyocera Solar), one German company (SolarWorld) and one Norwegian company (REC

Solar). In Table A1 in Appendix A, we report an exhaustive list of solar system models found in

the sample.

23During 2012-2018, the residential solar sector accounted for more than 95% of the U.S. solar market in terms
of the number of installations and represents 54% of the market in terms of installed capacity.

24Following Chernyakhovskiy (2015) and Kwan (2012), we take median housing price as a proxy for household
income and use population density to measure urbanization effect.

25In the original dataset, the U.S. residential solar installations were spread across 182 MSAs, with each MSA
having around three adjacent counties on average. In our final sample for estimation, we have 60 MSAs.

26We focus on popular solar PV models, rather than all models, as the latter will make the pool of inside goods
too large and increase our computation burden significantly.
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For the downstream market, because there is a large number of installers in the sample, we

distinguish 20 installers and consider 1 generic group of installers.27 We consider the 20 largest

installers who have a significant market share across the United States (see Table A2 in the

appendix), and the generic group represents the rest of the installers. Among the 21 groups of

installers, SunPower and REC Solar also operate as solar manufacturers, indicating that they are

vertically integrated players in the solar market.

For installers, the ownership matrix is defined at the MSA and yearly level and corresponds

to the universe of solar system models they used in this given market (MSA-year). This means the

same installer located in different markets (in space or time) may have a different consideration

set when it comes to choosing a solar system. For manufacturers, the ownership matrix is defined

at the national and yearly levels.

Table 2 reports summary statistics for the key variables we used in the estimation. Panel A

lists the product characteristics of the solar PV systems. Over the sample period, the average total

installed price (gross of subsidy) for a solar PV system was $4.24/W with a standard deviation of

$0.87/W. The average final price a U.S. consumer paid for a solar PV system is $4.07/W, which

implies the average government subsidy consumers received represents 4% of the total installed

price.28 In those calculations, the Federal Investment Tax Credit for solar, which households could

use to reduce their tax liabilities, is not included. The average energy conversion efficiency for

solar PV systems is 0.18 with a standard deviation of 0.02. Energy conversion efficiency quantifies

a solar PV’s ability to convert sunlight into electricity. Higher efficiency indicates a panel can

convert solar energy at a lower cost. Technology is a dummy variable that equals to one if the

27We define a product as a model-installer combination, therefore it is not feasible to include all installers, as
adding one more installation company will make the size of our inside goods grow exponentially and increase
the computation time substantially. In Appendix C, as a robustness check, we group the installers into 10 + 1
generic and re-estimate the model for our linear-pricing model (i.e., double marginalization by manufacturers and
installers). As shown in Table C1, the estimation results are similar to those in our main results. It implies that
our model is robust to different classifications of installer groups.

28The government subsidy consumers received as a share of the total installed price has been declining over
time. In 2012, the subsidies accounted for approximately 10% of the installed price. This ratio decreased to only
approximately 2% in 2018.
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solar PV system is made of polycrystalline panels and zero if it is made of monocrystalline panels.

About 40% of the solar PV systems are made of polycrystalline panels.29 Panel B lists demographic

information at the MSA level. The average median housing price (our proxy for household income)

is $451,000, and the average population density is 990 persons per square mile. On average, 27%

of the observations are from regions where people have a bachelor’s degree or higher, 50% people

are white, and 55% of people voted for candidates in the Democratic Party in 2008. Panel C lists

the summary statistics for other variables. The average number of single-unit houses at the MSA

level is 538,947; 92% of the houses have values greater than $100,000. The average wage rate for

PV installation across different MSAs is $24.83/hour. Finally, the average electricity price on the

state level has a mean value of 17.15 cents/kWh with a standard deviation of 1.56 cents/kWh.

5.2 Identification

For the demand-side estimation, the purchase price pjwt is expected to be correlated with un-

observed product characteristics, the term ζjt in equation (1), leading to an endogeneity problem.

Our identification strategy uses instrumental variables to mitigate endogeneity concerns.

Our instrumental variables utilize the strategy first proposed by Berry et al. (1995) (there-

after referred as BLP) and focus on exploiting supply-side variation in prices. In particular, we

identify the coefficient on price using variations induced by product differentiation and location

in the product space of product characteristics. As suggested by Gandhi and Houde (2019), the

instruments are based on a first-order approximation of the equilibrium pricing function—they are

constructed by adding up the values of characteristics of other products made by the same man-

ufacturer and the characteristics of products made by other manufacturers in each local market.

The exclusion restriction holds to the extent that short-run demand shocks or policies, such as

rebates for solar or the investment tax credit, are not correlated with product characteristics deter-

29Monocrystalline solar panels are generally considered a premium solar product, and their main advantages are
higher efficiencies and sleeker aesthetics compared to polycrystalline solar panels.
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mined by the long-run development process of solar technology (Li, 2017). We thus construct our

BLP’s instruments using product characteristics that are determined early in the manufacturing

process and could not be influenced by pricing strategies, namely energy conversion efficiency and

the technology type, which we denote by BLP eff and BLP tech, respectively. As in Whitefoot

et al. (2017), our validity of the supply-side cost shifters is based on the timing of the production

decisions and the fact the technology development occurs well before final prices are determined.

In order to investigate our instrumental variables, we first use a simple two-stage least square

(2SLS) regression to estimate equation (4). Table A3 reports the results for the first-stage re-

gression in which price is regressed on the different instruments. Column 1 uses only BLP eff

and BLP tech. Column 2 adds the square term of BLP eff and the square term of BLP tech.

Column 3 additionally adds the interaction term of BLP eff and BLP tech.30 The F-tests of

the joint significance of the instruments in all three models yield values greater than 10. The re-

sults suggest the instruments do have explanatory power. Moving to the second-stage estimates,

Berry-style market shares (i.e., ln sjwt − ln s0wt) are regressed on the instrumented prices. The

results in Table A4 show that the instrumental variables lead to a significant and negative price

coefficient. Overall, the sets of BLP instruments where we approximate the equilibrium pricing

equation with a richer set of variables (Columns 2 and 3 in Tables A3 and A4) perform well in our

setting and led to a stable coefficient on price. For our main structural estimation with random

coefficients, we use the same instruments as in column 3 described above.

5.3 Computations

We jointly estimate the demand-side and supply-side results using the Generalized Method

of Moments (GMM). For the computations, we follow closely the following recommendations of

Dubé et al. (2012) and Grigolon et al. (2018). In particular, we perform the numerical integration

30In column 3, the instrumental variables thus consist of five variables, that is, BLP eff , BLP tech,
(BLP eff)2, (BLP tech)2, BLP eff ×BLP tech.
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of the market shares using 200 draws of a quasi-random number sequence and we do so for each

market. We set the convergence level for the contraction mapping of the inner loop within the

GMM objective function at 1e−12. We set a strict tolerance level at 1e−6 and optimize the objective

function using the advanced optimization algorithms in Knitro. Finally, we search for a global

minimum and verify the solution by checking the first-order and second-order conditions using 20

different starting values for our optimization problem.

6 Estimation Results

Table 3 reports both demand and supply side estimates under each of the alternate supply

specifications of the vertical contracts (Model 1, Model 2, and Model 3). The upper panel reports

the mean marginal utility for each product characteristic (α and β), the coefficients for the demo-

graphics (γ), the coefficient for electricity price (κ) and finally, the variation in taste for price and

non-price characteristics (the matrix Σ). The price coefficient is negative and statistically signif-

icant at conventional levels of significance. In Model 1 (linear vertical contracts), the coefficient

on panel efficiency is positive and statistically significant at the 1% level, suggesting consumers

favor solar PV with higher energy conversion efficiency. The coefficient on technology is negative

although statistically insignificant.

The coefficients on income are positive and statistically significant at conventional levels (ex-

cept for Model 1 ), suggesting areas with higher income tend to adopt more solar PV systems.

The coefficient on urbanization is negative and significant at the 1% level, implying people in

urban areas are less likely to install solar PV systems. The coefficients on democrats are posi-

tive and statistically significant at conventional levels of significance, indicating that areas with

more Democratic Party supporters install more solar PV systems. In Model 1, the coefficient on

electricity price is positive and significant at the 1% level, suggesting that higher energy prices en-

courage residents to adopt solar power technology. The above results are intuitive and in line with
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previous findings (Kwan, 2012; Chernyakhovskiy, 2015). The coefficient on education is negative

and significant at the 1% level, suggesting people living in areas with lower education levels have a

higher demand for solar PV systems. This might be due to the fact that areas with residents with

high levels of education across the United States are also located in areas less suitable for installing

solar PV systems, which is not captured by our set of controls, notably the coarse categorical vari-

able for urban/rural.31 In Model 2 (non-linear contract with bargaining power to the downstream

firms) and Model 3 (non-linear contract with bargaining power to the upstream firms), the taste

variation parameter on price is statistically significant at conventional levels, showing consumers

are heterogeneous with respect to their tastes for solar PV prices.

The demand parameter in Table 3 yields a mean own-price elasticity of demand of -4.26,

-4.58, and -4.26 across Models 1, 2, and 3, respectively. Our estimates fall within the wide range

of previous estimates on the demand for residential solar systems. Gillingham and Tsvetanov

(2019) estimate a demand elasticity of -0.65 using microdata from Connecticut, while De Groote

and Verboven (2019) infers an elasticity of close to -6.3 based on aggregate data from the region

of Flanders in Belgium. Burr (2016) estimates price elasticities ranging from -1.6 to -4.7 across

different model specifications using microdata from California. The range of the cross-price elas-

ticities between different brands for our Model 1 is [0.003; 0.101], as shown in Table A5. The

magnitude of our cross-price elasticities is similar to that found for other non-necessities, such as

for the coffee market Bonnet et al. (2013).

Summary statistics on price-cost margins and recovered marginal costs for installed solar

PV systems are reported in the first column of Table A6 in the appendix. These statistics are

broken down by upstream manufacturers/downstream installers of solar PV systems. Under the

linear vertical contract specification (Model 1), the mean margins for upstream manufacturers and

31With respect to education, our findings are consistent with Sommerfeld (2016) and Crago and Chernyakhovskiy
(2017). Based on the setting of the Australian market, Sommerfeld (2016) finds that areas with a high number of
people with a bachelor’s degree tend to be the areas with a large concentration of apartment units, which are not
suitable for installing solar PV systems. Crago and Chernyakhovskiy (2017) also find that the estimated effect of
educational attainment on solar PV adoption is negative but not statistically significant.
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downstream installers are $0.898/W and $0.987/W, respectively, yielding a mean total margin

(upstream and downstream) of $1.885/W. On average, the ratio of margin to total installed price,

the Lerner Index, is 0.46. If we consider, non-linear vertical contracts, the overall magnitude of

the margins is smaller. If installers entirely determine the price-cost margins (Model 2), the mean

margin is $0.911/W; and when only manufacturers determine the price-cost margins (Model 3),

the mean margin is $0.897/W.

Table 3 also reports additional estimation results on the supply side in our main specification.

The significant and positive coefficient on energy conversion efficiency suggests marginal costs

increase with efficiency rate, as expected. The positive and statistically significant coefficient on

wage rate also suggests marginal costs increase with labor costs.

The coefficients on tariff-related terms (i.e., τ , τ 2, eff×τ , eff×τ 2, eff 2×τ , and eff 2×τ 2)

are all significant at the 1% level. In Model 1, given the mean value of energy conversion efficiency

is 0.18, we can replace this value into the cost function and find that the tariff-related part collapses

into -0.252τ + 0.203τ 2, which indicates that the joint marginal cost increases with the tariff rate

when the tariff rate is greater than 62% (0.252/(0.203*2)). As the median value of non-zero tariff

rates is 76.5%, it implies that for most of the observations, the estimated joint marginal cost

increases with the tariff rate.

Before turning to the policy analysis, we compare the specifications of the vertical contracts

and determine the one that best fits the data. We follow the standard procedure in the literature

(e.g., Bonnet and Dubois, 2010; Gayle, 2013; Bonnet et al., 2013; Haucap et al., 2021), and use

the non-nested tested proposed by Rivers and Vuong (2002). In Table A7, we report the test

statistic for each pairwise comparison between the three specifications. The test statistics are all

very close to zero, suggesting that these three models are statistically indistinguishable. We will

thus focus on Model 1 with linear contracts but will, nonetheless, report the policy results for all

three different types of models.
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7 Policy Analysis of Trade Tariffs

We now investigate the incidence of the U.S.-China solar trade war using the estimated

model. The goal is to quantify the equilibrium welfare effects trade tariffs had on manufacturers

(the United States, China, South Korea, and others), U.S. installers, and U.S. consumers.32

We simulate three sets of scenarios. First, we remove the U.S. anti-dumping and countervailing

duties imposed on Chinese solar manufacturers during the three waves of tariffs spanning the 2012

to 2018 period. We compare this counterfactual scenario with the (simulated) baseline scenario

when the tariffs were in place. Comparing these two scenarios shows the overall effects of the

U.S.-China trade war.

Second, conditional on the first scenario, we additionally remove the U.S. anti-dumping duties

imposed on all other foreign solar manufacturers during the third wave of tariffs in 2018. We

compare this counterfactual scenario with the (simulated) baseline scenario.

Third, we simulate the baseline scenario assuming the trade tariffs’ effective rates could

have differed from the statutory rates announced by the U.S. Department of Commerce. The

rationale for this scenario is the fact that Chinese solar manufacturers exploited various loopholes

to avoid the brunt of the tariffs. One notable example of such behavior, which has been well-

documented and we previously discussed, occurred in the first wave of tariffs when mainland

Chinese manufacturers relocated their panel assembly lines to Taiwan. As a result, it is believed

this wave of tariffs was largely ineffective. Of course, the reallocation of the assembly lines might

have increased the panels’ manufacturing costs, but these were presumably less than the statutory

32To quantify consumer welfare, we follow Small and Rosen (1981) and use the compensating variation to calculate
the change in consumer surplus. The expression that we use is given by

∆CS = − 1

α

[
ln

( J∑
j=1

exp(W 1
j )

)
− ln

( J∑
j=1

exp(W 0
j )

)]
(14)

where α is the consumer marginal disutility of price and W 0
j and W 1

j are the expected maximum utility for the
consumers in the baseline and counterfactual scenario, respectively.
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rates imposed. In our data, we cannot measure to what extent Chinese manufacturers could have

evaded the tariffs through production reallocation and the final impact it may have had on their

costs. We can, however, vary exogenously the statutory rates to mimic the final effect it would

have had on manufacturer prices. In this scenario, we thus scale the tariffs by a given percentage,

which illustrates the impacts of such behaviors on the final incidence of the tariffs in the U.S. solar

market.

The solar PV industry has a long value chain. The solar PV modules manufactured in the

United States may use polysilicon, ingots/wafers, and cells imported from China. We do not

observe those elements of the supply chain. Therefore, we cannot precisely account for them in

the estimation. However, it may have implications for who is ultimately exposed to the tariffs in

the supply chain. To capture the overall downstream impact of the tariffs, we consider another

counterfactual scenario in which we assume U.S. manufacturers are partly affected by the tariffs

imposed on the Chinese manufacturers due to the fact that they could procure some parts of

their solar systems from China upstream in the supply chain. In this scenario, we assume that

U.S. manufacturers (only in our model) face 10% of the statutory tariffs imposed on Chinese

manufacturers. This percentage is chosen for illustration purposes and could easily be scaled

down/up to reflect alternative scenarios. The results for this scenario are in Appendix D.

For all scenarios, to isolate solely the impacts of trade tariffs in equilibrium, we hold constant

other policies that could have affected the adoption of solar PV systems in the U.S. residential sec-

tor, such as local rebates and subsidies, investment tax credits, and electricity tariffs (Borenstein,

2017).

7.1 Important Parameters

Before proceeding further, we discuss three important parameters required to perform the

simulations. First, we present the exact anti-dumping and countervailing duties imposed on Chi-

nese manufacturers in Table A8. Panel A lists the anti-dumping and countervailing duty rates
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imposed on Chinese and foreign solar manufacturers represented in our model during the three

waves of tariffs. In the first wave starting in 2012, Trina Solar received anti-dumping duty rates of

18.32% and countervailing duty rates of 15.97%, whereas Canadian Solar and Yingli Energy both

received anti-dumping duty rates of 25.96% and countervailing duty rates of 15.24%. These tariffs

were then increased in the second (2014) and third (2018) waves. All foreign solar manufacturers

were subject to 30% anti-dumping duty rates in the third wave of tariffs for the year 2018.

Second, to simulate these tariffs, we must know the proportion of panel cost versus non-

panel cost in a typical residential solar PV installation. This is because the anti-dumping and

countervailing duties were only imposed on the solar panel prices (or system module prices), not

on the final prices of installed systems. The challenge is that we have no data on import prices and

the solar panel prices charged by the installers are also not observable in our dataset; we can only

observe the total installed price consumers pay, which includes the panel price and non-panel cost

(e.g, labor, overhead, and marketing costs associated with solar PV installations (Bollinger and

Gillingham, 2019)). To calculate the tariffs imposed on panels, we must recover the solar panel

prices from the consumer purchase prices by interpolating the fraction of the total price that

could be attributed to the panels versus the labor-related costs (also referred to as the so-called

soft costs). To do so, we compute the model-implied solar panel price, which is the tariff-exclusive

consumer purchase price, we estimate, multiplied by the ratio of panel cost in a typical residential

solar PV installation reported by LBNL. The tariff-exclusive consumer purchase price is, thus,

calculated as the summation of tariff-exclusive joint marginal cost, manufacturer markup, and

installer markup, where the tariff-exclusive joint marginal cost is obtained by subtracting the

tariff terms from the estimated tariff-inclusive joint marginal cost.

Panel B in Table A8 reports the actual and model-implied solar panel prices. Column 1-2

show the actual solar panel prices and their ratios in total installed prices from 2012 to 2018,

reported by LBNL. In 2012, the panel prices accounted for 17.91% of the total installed price, but

it decreased to 15.48% in 2018. Our model-implied panel prices shown in column 3 match well
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the actual prices. Finally, we compute the dollar value of the tariffs imposed on panels, based on

model-implied panel prices and the anti-dumping and countervailing duties

Lastly, we consider the parameters required to quantify the environmental benefits that arise

from residential solar PV adoption. By displacing natural gas- or coal-fired power generation,

residential solar PV systems reduce greenhouse gas emissions and other pollutants. We focus on

quantifying the CO2 externality. We set 25 years as the time limit for estimating environmental

benefit because most manufacturers provide a 25-year warranty on their solar products (Gillingham

and Tsvetanov, 2019). During our sample period, Zivin et al. (2014) estimated the average carbon

dioxide emission rate across all U.S. regions was 0.000605 tons of CO2 per kWh. If we assume

the average number of full sunlight hours is four hours per day, the amount of greenhouse gas

emissions (in tons) avoided both now and for the next 25 years is Installed Solar Capacity × 4 ×

365× 25× 0.000605. For the social cost of carbon, we apply the result in Rennert et al. (2022), in

which he estimated the social cost of carbon (SCC) is $185 per ton of CO2 in 2020 U.S. dollars.33

7.2 Simulations

In this subsection, we discuss the simulation results for the three sets of scenarios. We focus

on the results using the supply-side specification with linear vertical contracts (Model 1). However,

we also conduct the policy analysis using Models 2 and 3 to assess the robustness of our results

with respect to the nature of the vertical contracts. These results are also reported in the main

tables.

7.2.1 Removing Tariffs on Chinese Manufacturers

To determine the effects of removing anti-dumping policies, we first remove the U.S. tariffs

against Chinese solar manufacturers and examine the equilibrium response, welfare change, and

related environmental benefits/losses. Table 4 presents the results. Panel A shows the total

33We convert the social cost of carbon in Rennert et al. (2022) to the value in 2015 U.S. dollars
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market capacity of the U.S. solar market would have been 24.7% larger if the anti-dumping and

countervailing duties had not been imposed on Chinese solar panels. We find a significant increase

in the sales of solar panels produced by Chinese manufacturers (Canadian Solar, Trina Solar, and

Yingli Energy). Specifically, the sales of solar panels by Yingli Energy would have been 92.8%

higher compared to the baseline scenario. In contrast, the sales of solar panels produced by non-

Chinese manufacturers (SunPower, Hanwha, Hyundai, LG, Kyocera, SolarWorld and REC Solar)

would have decreased by 1%-3%. According to our estimate, the impact of the trade tariffs is thus

primarily on the extensive margin, i.e., the number of adopters.

Panel B shows the welfare changes among the different market participants. Removing the

anti-dumping policies provides welfare gains of $412.6, $356.4, and $342.4 million for U.S. con-

sumers, Chinese manufacturers, and U.S. installers, respectively. The losses for U.S. manufacturers

are only $8.6 million, whereas the decrease in U.S. tariff revenues is $507.8 million. This suggests

that U.S. manufacturers gained little from the trade war. At the same time, the government

revenues collected from the tariffs would not have been enough to compensate consumers and

installers. Overall, the domestic market does not benefit from the tariffs. Panel B also shows

that the trade war induced collateral effects on manufacturers based outside the U.S. and China.

South Korean and other non-U.S.-based manufacturers benefited slightly from the U.S. tariffs.

Panel C reports the related environmental benefit/loss. It shows the emission of carbon

dioxide would have been lower by 8.6 million tons in the absence of tariffs, which translates into

an externality cost of $1.47 billion. Since the data in our final sample accounts for 21.6% of U.S.

residential solar PV installation capacity, the overall benefits associated with reducing the CO2

externality for the whole United States would amount to $6.80 billion.34

We next investigate how the anti-dumping policy impacted downstream prices. We compute

the pass-through rates of the tariffs by comparing the final prices of solar systems that use Chinese

panels as predicted by the equilibrium model with the specific tariff that applies to this module.

34We only consider the environmental benefits brought by the installations of residential solar PV systems. The
externality related to commercial and utility-scale solar PV systems are not included in our analysis.
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This also corresponds to an increase in the final price if we were to assume no demand-and-supply

responses. In Table 7, we thus report the average change in final prices for affected PV systems

without and with an equilibrium response.35 The ratio of these two prices corresponds to our

pass-through rates. The distribution of the pass-through rate is shown in Figure 2. We find that

for most systems using a Chinese-manufactured solar panel, the pass-through rate exceeds one

and the average is 116%. It implies that a $1 dollar increase in tariff leads to a $1.16 increase

in the final price of an installed solar PV system in the United States. We thus find evidence of

tariff overshifting in the U.S. solar market. Our results are consistent with the recent evidence

of Pless and Van Benthem (2019), who also find pass-through rates exceeding 100 percent while

investigating solar subsidies.

A pass-through rate higher than unity can be attributed to the presence of market power.

At first, the U.S. solar market, especially the installation market, could appear to be competitive

because of the large number of small firms. However, solar installers may hold substantial market

power in local regional markets, and this may dominate. To gain further insight into the role of

local market power, we investigate the relationship between installers’ markups and the Herfindahl-

Hirschman Index (HHI) for each market (MSA-year). Figure 3 shows a positive relationship

between an installer’s markup and the local HHI.

The elasticity of demand with respect to price is another factor that determines the tariff pass-

through rate. We thus do sensitivity tests to explore its impact. To vary the demand elasticity,

we directly change the mean of the price coefficient in the demand model, the parameter α in

equation (2), keeping all other parameters constant.36 For each average demand elasticity, we

put a universal cost shock (a tariff rate of 100%) on the solar manufacturers and calculate the

average tariff pass-through rate for all PV systems. Table 8 reports the results: the pass-through

rate increases with the elasticity of the demand. In a pure monopoly setting, this result would be

35In the first and third scenarios, it refers to PV systems using Chinese panels; In the second scenario, it refers
to PV systems using non-U.S. panels).

36We scale the parameter α by a constant such that the average demand elasticity ranges from -1 to -4.26. Bonnet
et al. (2013) proposed a similar approach.
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counterintuitive, but this is consistent with other evidence in settings with multiproduct oligopoly.

For instance, Bonnet et al. (2013) find similar results using a structural oligopoly model of the

German coffee market, and argue that an increase in demand elasticity implies a more competitive

market and thus a higher pass-through rate.

We also show the heterogeneity of pass-through rates with respect to the characteristics of

the local markets. Figure 4 shows that regions, where households have higher income and face

higher electricity prices, have higher pass-through rates. It is intuitive. These regions have a

stronger demand for solar PV systems, as evidenced by our estimation results, thus installers are

able to shift more tariffs to consumers. For other demographic characteristics, the patterns are

less striking, as presented by Figure A2.

7.2.2 Removing All Tariffs

In the third set of counterfactual scenarios, we simulate the impact of tariffs by removing the

anti-dumping and countervailing duties imposed on Chinese and all other foreign manufacturers.

Table 5 reports the results. Panel A shows the total market capacity of the U.S. solar market

would have expanded by 26.9% in the absence of tariffs. While Chinese manufacturers witnessed

a demand response similar to the first set of scenarios, other foreign manufacturers experienced

a reverse change (except for Hanwha). For instance, the sales of solar panels made by LG would

increase by 5.8% in these scenarios, whereas it was only a 1.4% decrease in the previous scenario.

Conditional on the first scenario, additionally removing the anti-dumping duties imposed on

on all other foreign manufacturers (in 2018) make the market further expand. This can be readily

seen in Panel B, which reports the welfare changes in dollars. Now, in the absence of tariffs,

the welfare gains for U.S. consumers, Chinese manufacturers, and U.S. installers would have been

$436.2, $356.0, and $365.0 million, respectively. Whereas, the losses for U.S. manufacturers and

U.S. tariff revenue would have been $9.4 and $532.9 million, respectively. In Panel C, the change

in the environmental externality is also larger. Overall, the changes in the different welfare metrics
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are more than 7% larger relative to the first set of scenarios.

7.2.3 Statutory versus Effective Rates

In this third scenario, we reduce the statutory rates in all three waves to mimic the Chinese

manufacturers’ production reallocation behaviors to avoid part of the tariffs. Specifically, we

assume the effective rates are 50% of the announced statutory rates. We choose this percentage

to illustrate the role of strategic tariff avoidance as documented by Bollinger et al. (2024). We

recognize the different waves of tariffs had different loopholes. As a result, the degree of strategic

avoidance is likely to have varied over the duration of the trade war. Ultimately, our goal is to

show how our main results scale with respect to this parameter.

Two important results emerge. First, as shown in Table 6, the changes for the different

metrics scale proportionally with the degree of strategic avoidance—all estimates of the welfare

effects are roughly 50% smaller. The impact of strategic avoidance, at least on the U.S. market,

is rather linear.37

Second, as shown in Table 7, the tariff pass-through rate remains virtually unaffected: it

is 116%. The incidence of the effective tariff rate on consumers is thus similar to that of the

statutory rate. Our conclusion about overshifting of the tariff is thus robust to the presence of

strategic avoidance. Ultimately, it means that U.S. consumers are the ones bearing the burden of

the tariffs, whether this is due to the trade tariffs themselves or the higher production costs due

to the reallocation of production along the global supply chain.

Altogether, these results show an important advantage of our structural model. We can easily

mimic different policies impacting the cost structure of the whole industry, whether they are trade

tariffs, mergers, or climate policies, as well as cost shocks due to supply-chain constraints, and

quantify their welfare effects.

37We do not have information about the supply-chain effects for solar panels outside the United States. We
should, however, expect non-linear impacts in the manufacturing supply-chain due to capacity constraints and
economies of scale, especially when a large fraction of the production is reallocated to different countries.

34



8 Conclusion

In this paper, we provide one important piece of the puzzle to study the incidence of the

recent U.S.-China trade war in the solar PV market. We pay close attention to the industry’s

vertical structure and its impact on consumers in the U.S. market. To that end, we propose a

structural econometric model that models both the demand—and supply-side effects. Using the

estimated model, we simulate the equilibrium response to the trade tariffs under various scenarios.

In our main set of scenarios, we show the installed capacity in the U.S. solar market would

have increased by 24.7% more in the absence of trade tariffs. Although, the tariffs protected

U.S. manufacturers, neither installers nor consumers in the United States were largely negatively

affected. The increase in government revenues from these tariffs is large, but they are not enough

to offset the negative impacts on the domestic market. We also find the CO2 externality costs

associated with the tariffs are large.

Our model can also be used to estimate the pass-through rate of the tariffs on the final prices

of installed systems. We find evidence of tariff overshifting: a $1 tariff on Chinese manufacturers

increases the final price by $1.16 for PV systems using panels subject to such a tariff. Overshifting

is surprising but not uncommon in imperfectly competitive markets. In the U.S. solar market,

market power appears to be important in both the upstream and downstream markets: a few

manufacturers have large market shares, and installers hold significant market power in local

regional markets.

We conclude by highlighting a few caveats to our paper and directions for future research.

First, in the absence of dynamic on the supply-side, we cannot quantify the impact of market

expansion/contraction on the cost structure of the industry. In particular, the market contrac-

tion induced by trade tariffs could have reduced economies of scale, which would have increased

manufacturing costs in the domestic and foreign markets. Second, we restrict our analysis to the

residential solar sector, without taking into account the commercial and utility-scale solar PV
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systems, which may underestimate the impact of the trade war on the U.S. solar market. Third,

our quantification of the environmental externality focuses only on CO2 and does not consider

the marginal power producer in each region and year. There is substantial temporal and spatial

heterogeneity associated with power generation displacement due to added capacity in renewable

energy (Novan, 2015; Callaway et al., 2018; Sexton et al., 2018). A more granular and spatially

disaggregated model would be required to quantify such effects.
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Figure 1: Market Share for Manufacturers through Years

Notes: This figure shows the market share of manufacturers and installation units across different quarters
from 2010 to 2019. The grey bar (left axis) represents the number of total installation units. The black
solid line, red dash line and blue line represent the time trend of the market share for Chinese, U.S. and
South Korean manufacturers, respectively. The three vertical lines represents the beginning of the three
waves of anti-dumping policies (2012-Q1, 2014-Q2, and 2018-Q1).
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Figure 2: Distribution of Pass-through Rates

Notes: This figure shows the distribution of pass-through rates for solar PV systems that use Chinese-
manufactured panels. Most of the pass-through rates exceed one.
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Figure 3: Relationship between Installer’s Markup and Local HHI

Notes: This figure provides a non-parametric way of visualizing the relationship between the installer’s
markup and the Herfindahl-Hirschman Index (HHI). The vertical axis is the installer’s markup as a
percentage of total installed price, and the horizontal axis is the HHI for solar installers at the market
level (MSA-year). We use the binscatter command in Stata to plot this graph. It groups the variable
HHI into equal-sized bins and computes the mean of the installer’s markup and HHI within each bin,
respectively; it then creates a scatter plot of these data points.
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Figure 4: Pass-through Rates for Areas with Different Income

Notes: This figure shows how pass-through rates for MSAs change with income and electricity prices.
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Table 1: Vertical Relationship between Installers and Manufacturers

Panel A: Number of Different Manufacturers Each Installer Works with

Mean Std.Dev. Min 25% Median 75% 90% Max

No. of Manufacturers 4.03 4.26 1 1 2 5 9 50

Panel B: Distribution of Installers across Years

Year Number of different installers per state Market share for largest installer (%)

2011 89 32.53
2012 99 29.33
2013 110 28.06
2014 119 30.39
2015 165 31.09
2016 229 23.96
2017 234 24.40
2018 247 26.48

Note: This table provides summary statistics for the relationship between solar installers and solar manufac-
turers. Panel A reports the descriptive statistics for the number of different manufacturers each installer works
with from 2011 to 2018. Panel B reports the distribution of statistics for the installers across years. The first
column is the average number of different installers in each state; the second column is the average market
share for the largest installer in each state.
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Table 3: Estimation Result for Main Specification

Model 1 Model 2 Model 3

Estimates SE Estimates SE Estimates SE
Demand side
Means, (α, β)
Constant -16.424*** (1.026) -16.385*** (0.988) -16.428*** (1.024)
Price -1.407*** (0.459) -1.433** (0.629) -1.405*** (0.462)
Efficiency 42.646*** (10.149) 43.056*** (8.025) 42.651*** (10.002)
Technology -1.250 (3.555) -1.300 (5.210) -1.270 (3.641)

Demographics, (γ)
Income 0.247** (0.118) 0.259 (0.169) 0.247** (0.120)
Education -6.729*** (2.005) -6.938*** (2.485) -6.732*** (2.005)
Urbanization -0.291*** (0.036) -0.288*** (0.050) -0.291*** (0.037)
Race 0.555 (0.534) 0.612 (0.740) 0.556 (0.540)
Democrats 1.066* (0.586) 1.119** (0.531) 1.067* (0.576)

Electricity Price, (κ)
Eprice 0.104*** (0.052) 0.106 (0.090) 0.104* (0.055)

Taste variation, (Σ)
Price 0.321 (0.260) 0.293 (0.411) 0.320 (0.266)
Efficiency 1.012 (33.583) 0.696 (54.931) 0.994 (34.458)
Technology -1.142 (3.873) -1.189 (5.427) -1.164 (3.903)

Fixed Effects
Manu F.E. Yes Yes Yes
Inst-Year F.E. Yes Yes Yes

Cost side
Constant -3.946*** (0.027) -2.312*** (0.008) -3.320*** (0.028)
Efficiency 4.447*** (0.023) 4.953*** (0.007) 4.969*** (0.023)
Wage Rate 0.208*** (0.0004) 0.177*** (0.0001) 0.215*** (0.0003)
Tariff -5.244*** (0.284) -19.671*** (0.082) -8.614*** (0.290)
Tariff2 9.457*** (0.381) 24.169*** (0.110) 12.747*** (0.389)
Efficiency × Tariff 70.573*** (3.219) 228.862*** (0.929) 108.493*** (3.287)
Efficiency × Tariff2 -117.306*** (4.454) -281.485*** (1.286) -155.177*** (4.548)
Efficiency2× Tariff -238.009*** (9.083) -669.412*** (2.621) -345.213*** (9.275)
Efficiency2× Tariff2 366.088*** (12.997) 821.838*** (3.751) 475.590*** (13.272)
Inst-Year F.E. Yes Yes Yes

Note: This table reports the results for the demand and supply estimation for Models 1-3. The specification
for each model is described in Section 4.2. We use BLP instruments as the instrumental variable. On the
demand side, Price is the average consumer purchase price (in $/W); Efficiency represents the energy conversion
efficiency; Technology represents the type of solar photovoltaic technology, which equals to one if it is made
of polycrystalline solar panels and zero otherwise; Income, Education, Urbanization, Race, and Democrats are
MSA-level demographics as described in Table 2. We control for the manufacturer effects and installer-year
fixed effects on the demand estimation. On the supply side, Wage Rate refers to the MSA-level wage rate
($/hour) for the roofing installers. We control for installer-year fixed effects on the supply side estimation.
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4: Simulation Results: Removing Tariffs on Chinese Manufacturers

Panel A: Demand Response

Origin Country Manufacturer Model 1 Model 2 Model 3

China Canadian Solar 99.6% 131.7% 122.5%
Trina Solar 81.5% 101.8% 95.8%
Yingli Energy 92.8% 120.0% 111.1%

USA SunPower -1.3% -1.8% -1.7%
South Korea Hanwha -2.2% -3.1% -2.6%

Hyundai -2.1% -2.8% -2.5%
LG -1.4% -1.9% -1.7%

Japan Kyocera -2.5% -3.7% -3.3%
German SolarWorld -1.5% -2.1% -1.8%
Norway REC Solar -1.9% -3.3% -2.5%

Total 24.7% 31.8% 29.8%

B: Welfare Distribution (in 2015$ million)

Model 1 Model 2 Model 3

∆ Consumer Surplus 412.6 511.6 485.8
∆ U.S. Manufacturers -8.6 0 -10.7
∆ Chinese Manufacturers 356.4 0 427.6
∆ Korean Manufacturers -6.1 0 -7.3
∆ Other Manufacturers -16.0 0 -23.4
∆ Installers 342.4 431.3 0
∆ U.S. Tariff Revenue -507.8 -715.4 -683.3

Total 572.8 227.4 188.6

Panel C: Environmental Benefit

Model 1 Model 2 Model 3

∆ Reduced CO2 (million tons) 8.6 11.2 10.2
∆ Reduced Cost (2015$ million) 1,468.1 1,922.5 1,738.1

Note: This table reports the results for demand response and welfare change if we remove the U.S. tariffs
against Chinese solar manufacturers. Panel A reports the demand change in percentage. Panel B reports the
welfare changes for manufacturers (the United States, China, South Korea and others), U.S. consumers, and
U.S. installers. Panel C reports the related environmental benefit. All the economic values are calculated in
2015 U.S. dollars.
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Table 5: Simulation Results: Removing All Tariffs

Panel A: Demand Response

Origin Country Manufacturer Model 1 Model 2 Model 3

China Canadian Solar 99.3% 131.1% 122.1%
Trina Solar 81.3% 101.5% 95.5%
Yingli Energy 92.7% 119.8% 111.0%

USA SunPower -1.4% 2.0% -1.8%
South Korea Hanwha 2.6% 2.7% 3.1%

Hyundai 1.5% 1.7% 1.9%
LG 5.8% 6.9% 6.8%

Japan Kyocera 2.4% 2.0% 2.2%
German SolarWorld 1.6% 1.8% 1.9%
Norway REC Solar 2.8% 2.4% 3.0%

Total 26.9% 34.4% 32.3%

B: Welfare Distribution (in 2015$ million)

Model 1 Model 2 Model 3

∆ Consumer Surplus 436.2 539.5 513.9
∆ U.S. Manufacturers -9.4 0 -11.7
∆ Chinese Manufacturers 356.0 0 427.1
∆ Korean Manufacturers 9.6 0 11.2
∆ Other Manufacturers -9.4 0 -15.5
∆ Installers 365.0 458.6 0
∆ U.S. Tariff Revenue -532.9 -747.8 -715.4

Total 615.1 250.3 209.5

Panel C: Environmental Benefit

Model 1 Model 2 Model 3

∆ Reduced CO2 (million tons) 9.2 12.0 10.8
∆ Reduced Cost (2015$ million) 1,565.9 2,045.6 1,853.8

Note: This table reports the results for demand response and welfare change if we remove the tariffs on
Chinese and other manufacturers. Panel A reports the demand change in percentage. Panel B reports the
welfare changes for manufacturers (the United States, China, South Korea and others), U.S. consumers, and
U.S. installers. Panel C reports the related environmental benefit. All the economic values are calculated in
2015 U.S. dollars.
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Table 6: Simulation Results: Effective Tariffs = 50%× Statutory Tariffs

Panel A: Demand Response

Origin Country Manufacturer Model 1 Model 2 Model 3

China Canadian Solar 40.2% 50.6% 47.5%
Trina Solar 33.7% 40.5% 38.4%
Yingli Energy 38.1% 47.0% 44.0%

USA SunPower -0.6% -0.8% -0.7%
South Korea Hanwha -1.0% -1.3% -1.1%

Hyundai -0.9% -1.2% -1.1%
LG -0.6% -0.8% -0.7%

Japan Kyocera -1.0% -1.5% -1.4%
German SolarWorld -0.6% -0.9% -0.8%
Norway REC Solar -0.8% -1.4% -1.0%

Total 10.1% 12.4% 11.7%

Panel B: Welfare Distribution (in 2015$ million)

Model 1 Model 2 Model 3

∆ Consumer Surplus 174.5 207.1 198.5
∆ U.S. Manufacturers -3.7 0 -4.6
∆ Chinese Manufacturers 148.8 0 172.3
∆ Korean Manufacturers -2.7 0 -3.2
∆ Other Manufacturers -6.9 0 -10.2
∆ Installers 143.5 172.8 0
∆ U.S. Tariff Revenue -180.4 -237.5 -229.8

Total 273.1 142.4 123.1

Panel C: Environmental Benefit

Model 1 Model 2 Model 3

∆ Reduced CO2 (million tons) 3.6 4.5 4.1
∆ Reduced Cost (2015$ million) 611.0 766.8 696.7

Note: This table reports the simulation results for demand response and welfare change where all the statutory
tariff rates are reduced by 50%. Panel A reports the demand change in percentage. Panel B reports the
welfare changes for manufacturers (the United States, China, South Korea and others), U.S. consumers, and
U.S. installers. Panel C reports the related environmental benefit. All the economic values are calculated in
2015 U.S. dollars.
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Table 7: Tariff Pass-through

Without Response With Response
Pass-through

Percent (%) Level ($) Percent (%) Level ($)

Model 1 (1) (2) (3) (4) (5)

Removing Tariffs on China 15.06 3,345 17.53 3,955 1.16
Removing All Tariffs 12.40 2,786 14.42 3,286 1.16
50% × Statutory Rates 6.84 1,673 8.02 1,989 1.17

Model 2

Removing Tariffs on China 18.89 4,083 19.98 4,320 1.06
Removing All Tariffs 15.52 3,402 16.41 3,595 1.06
50% × Statutory Rates 8.47 2,042 8.98 2,165 1.06

Model 3

Removing Tariffs 19.30 4,161 20.45 4,442 1.05
Removing All Tariffs 15.88 3,469 16.84 3,704 1.06
50% × Statutory Rates 8.62 2,080 9.17 2,228 1.06

Note: Columns (1) to (4) report the average tariff (both in percentage and in levels) on solar PVs with affected
panels under the scenarios of with/without equilibrium response. Column (5) reports the tariff pass-through
rates for the consumer’s final purchase price for solar PVs.

Table 8: Sensitivity Test

Average Tariff Pass-through for All PV Systems

Demand Elasticity Consumer’s Final Price Manufacturer’s Markup Installer’s Markup

-1 1.017 -0.007 0.019
-2 1.056 0.017 0.038
-3 1.095 0.039 0.058

-4.26 1.150 0.066 0.088

Note: This table reports the sensitivity tests on tariff pass-through rates if we assume a tariff rate of 100%
is levied on all solar manufacturers. The sensitivity tests are based on the estimation results from Model 1.
We calculate the average tariff pass-through rates for the consumer’s final purchasing price, manufacturer’s
markup, and installer’s markup for all PV systems, respectively.
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Figure A1: Share of Each Installer’s Systems that Use Chinese Panels

Notes: This figure depicts the share of each installer’s systems that use products from Chinese manufac-
turers and the share is calculated based on the number of solar PV systems.
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Figure A2: Heterogeneity in Pass-through for Demographics

Notes: This figure shows how the pass-through rate changes with different demographics.
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Table A1: List of Models for the Solar Panels

Brand Model Brand Model

Canadian Solar

CS6K-275M

SolarWorld

SW 280 Mono Black
CS6K-280M SW 280 mono
CS6P-255P SW 285 Mono
CS6P-255PX SW 285 Mono Black
CS6P-260P SW 290 mono
CS6P-265P

SunPower

SPR-230NE-BLK-D

Hanwha

Q.PEAK BLK-G4.1 290 SPR-327NE-WHT-D
Q.PEAK BLK-G4.1 295 SPR-E20-327
Q.PLUS BFR G4.1 280 SPR-E20-327-C-AC
Q.PRO BFR G4 260 SPR-X20-250-BLK
Q.PRO BFR G4 265 SPR-X21-335-BLK-C-AC
Q.PRO BFR-G4.1 265 SPR-X21-335-BLK-D-AC

Hyundai
HiS-M260RG SPR-X21-345
HiS-S265RG SPR-X21-345-C-AC

Kyocera Solar
KU260-6XPA SPR-X21-345-D-AC
KU265-6ZPA SPR-X22-360-C-AC

LG

LG300N1K-G4 SPR-X22-360-D-AC
LG310N1C-G4

Trina Solar

TSM-240PA05
LG315N1C-G4 TSM-245PA05.18
LG315N1C-Z4 TSM-250PA05.18
LG320E1K-A5 TSM-260PD05.08
LG320N1C-G4 TSM-260PD05.18
LG330N1C-A5 TSM-300DD05A.18(II)
LG335N1C-A5

Yingli Energy

YL240P-29b
LG360Q1C-A5 YL245P-29b

REC Solar

REC260PE YL250P-29b
REC260PE Z-LINK YL255P-29b
REC260PE-US YL260P-29b
REC275TP
REC290TP2 BLK

Notes: This table lists all the models of the solar panels used for our inside goods.
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Table A2: List of Solar Installers

Number Name Number Name
1 All Others 12 Semper Solarisnstruction
2 Tesla Energy 13 Baker Electric
3 Sunrun 14 Leonard Roofing
4 SunPower 15 Grid Alternatives
5 Vivint Solar Developer 16 Solcius
6 Verengo 17 Freedom Forever
7 Petersen Dean 18 Sullivan Solar Power
8 Sungevity 19 Nrg Residential Solar Solutions
9 REC Solar 20 Titan Solar Power
10 Horizon Solar Power 21 Smart Energy Solar
11 Trinity Solar

Notes: This table lists the 21 groups of solar installers in the U.S. market. The 2-21 groups are the 20 biggest
solar installers, as marked by numbers 2 - 21, and the 1st group is all other solar installers.

59



T
ab

le
A
3:

D
em

an
d
E
st
im

at
io
n
w
it
h
B
er
ry
’s
(1
99
4)

M
ar
ke
t
S
h
ar
es
:
F
ir
st
-s
ta
ge

R
eg
re
ss
io
n
s

V
A
R
IA

B
L
E
S

(1
)

(2
)

(3
)

B
L
P

eff
-0
.0
02

0.
04
6*
**

0.
04
6*
**

(0
.0
04
)

(0
.0
1)

(0
.0
11
)

B
L
P

te
ch

0.
00
7*
**

0.
00
2

0.
00
2

(0
.0
02
)

(0
.0
05
)

(0
.0
05
)

(B
L
P

eff
)2

-0
.0
01
**
*

-0
.0
01
**

(0
.0
00
3)

(0
.0
00
6)

(B
L
P

te
ch
)2

0.
00
00
03

0.
00
00
07

(0
.0
00
07
)

(0
.0
00
2)

B
L
P

eff
×

B
L
P

te
ch

-0
.0
00
01

(0
.0
00
5)

C
on

tr
ol

V
ar
ia
b
le
s

Y
es

Y
es

Y
es

M
an

u
fa
ct
u
re
r
F
.E
.

Y
es

Y
es

Y
es

In
st
al
le
r-
Y
ea
r
F
.E
.

Y
es

Y
es

Y
es

O
b
se
rv
at
io
n
s

7,
61
2

7,
61
2

7,
61
2

C
ra
gg
-D

on
al
d
W
al
d
F
st
at
is
ti
c

17
.9
8

20
.1
6

16
.1
2

A
d
ju
st
ed

R
-s
q
u
ar
ed

0.
48

0.
48

0.
48

N
ot
e:

T
h
is

ta
b
le

re
p
or
ts

th
e
re
su
lt
s
fo
r
th
e
fi
rs
t-
st
a
g
e
re
g
re
ss
io
n
.
T
h
e
va
ri
a
b
le
s
B
L
P

ef
f
a
n
d
B
L
P

te
ch

a
re

th
e
B
L
P

in
st
ru
m
en
ts

b
a
se
d

on
th
e
p
ro
d
u
ct

ch
ar
ac
te
ri
st
ic
s.

R
ob

u
st

st
an

d
a
rd

er
ro
rs

in
p
a
re
n
th
es
es
.
*
*
*
p
<
0
.0
1
,
*
*
p
<
0
.0
5
,
*
p
<
0
.1
.

60



T
ab

le
A
4:

D
em

an
d
E
st
im

at
io
n
w
it
h
B
er
ry
’s
(1
99
4)

M
ar
ke
t
S
h
ar
es
:
S
ec
on

d
-s
ta
ge

R
eg
re
ss
io
n
s

V
A
R
IA

B
L
E
S

(1
)

(2
)

(3
)

P
ri
ce

-4
.6
74
**
*

-1
.5
77
**
*

-1
.5
81
**
*

(0
.8
80
)

(0
.3
27
)

(0
.3
28
)

C
on

tr
ol

V
ar
ia
b
le
s

Y
es

Y
es

Y
es

M
an

u
fa
ct
u
re
r
F
.E
.

Y
es

Y
es

Y
es

In
st
al
le
r-
Y
ea
r
F
.E
.

Y
es

Y
es

Y
es

O
b
se
rv
at
io
n
s

7,
61
2

7,
61
2

7,
61
2

N
ot
e:

T
h
is

ta
b
le

re
p
or
ts

th
e
re
su
lt
s
fo
r
th
e
se
co
n
d
-s
ta
g
e
re
g
re
ss
io
n
.
R
o
b
u
st

st
a
n
d
a
rd

er
ro
rs

in
p
a
re
n
th
es
es
.
*
*
*
p
<
0
.0
1
,
*
*
p
<
0
.0
5
,
*

p
<
0.
1.

61



Table A5: Mean Own-Price and Cross-Price Elasticities for 10 Brands

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

(1) Canadian Solar -4.181 0.007 0.006 0.063 0.006 0.049 0.008 0.007 0.016 0.013

(2) Hanwha 0.008 -4.078 0.008 0.069 0.005 0.050 0.008 0.006 0.011 0.013

(3) Hyundai 0.006 0.008 -3.701 0.058 0.005 0.039 0.007 0.005 0.008 0.010

(4) Kyocera Solar 0.009 0.012 0.007 -4.833 0.005 0.062 0.008 0.007 0.011 0.017

(5) LG 0.005 0.004 0.003 0.027 -3.998 0.019 0.008 0.007 0.011 0.005

(6) REC Solar 0.008 0.009 0.006 0.071 0.006 -4.330 0.009 0.007 0.014 0.016

(7) SolarWorld 0.006 0.005 0.005 0.048 0.007 0.035 -4.248 0.008 0.008 0.008

(8) SunPower 0.005 0.004 0.004 0.035 0.006 0.022 0.009 -4.345 0.012 0.006

(9) Trina 0.009 0.008 0.005 0.087 0.005 0.055 0.007 0.007 -4.438 0.015

(10) Yingli Energy 0.010 0.008 0.006 0.101 0.005 0.077 0.008 0.007 0.025 -4.523
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Table A6: Price, Marginal Costs, and Markups

Baseline 1 Counterfactual 1

(1) (2)

Model 1

Price 4.124 3.946
Markup for manufacturer 0.898 0.884
Markup for installer 0.987 0.972
Joint marginal cost 2.295 2.295

Model 2

Price 4.093 3.902
Markup for manufacturer 0 0
Markup for installer 0.911 0.900
Joint marginal cost 3.182 3.182

Model 3

Price 4.120 3.921
Markup for manufacturer 0.897 0.883
Markup for installer 0 0
Joint marginal cost 3.279 3.279

Note: This table reports the average price, markups, and joint marginal cost for baseline and counterfactual
scenarios. Baseline 1 refers to the simulated scenario when the tariffs are in place; Counterfactual 1 refers to
the simulated scenario when the tariffs are removed. For solar manufacturers SunPower and REC Solar, we
set the installer markup to be zero if they also operate as installers for the same solar installations.

Table A7: Nonnested Test for Model Selection

H2

H1 Model 2 Model 3

Model 1 0.0005 -0.0017
Model 2 - -0.0001

Note: This table reports the results from the nonnested test for a size of α = 0.5. Model χ is presented in
the columns and model χ′ in the rows. The null hypothesis that model χ is asymptotically equivalent to χ′

is not rejected if the test statistics is between -1.64 and 1.64. The null is rejected in favor of the assumption
that model χ is asymptotically better than model χ′ if the test statistics is greater than 1.64. See Rivers and
Vuong (2002) and Bonnet and Dubois (2010) for more details.

63



Table A8: Parameters Used for Simulations

Panel A: Anti-dumping and Countervailing Duties (%)

Anti-dumping Duties Countervailing Duties

2012 2014 2018 2012 2014 2018

Trina Solar 18.32 26.71 81.71 15.97 49.79 49.79
Canadian Solar 25.96 52.13 107.13 15.24 38.72 38.72
Yingli Energy 25.96 52.13 107.13 15.24 38.72 38.72
Hanwha - - 30 - - -
Hyundai - - 30 - - -
LG - - 30 - - -
Kyocera - - 30 - - -
Solar World - - 30 - - -
REC Solar - - 30 - - -

Panel B: Actual and Model-implied Solar Panel Price

Year Panel Price % Panel Price Model-implied Panel Price

2012 1.02 17.91% 0.92
2013 0.98 20.04% 0.94
2014 0.85 18.92% 0.80
2015 0.76 17.16% 0.73
2016 0.56 13.33% 0.54
2017 0.48 12.09% 0.49
2018 0.59 15.48% 0.60

Note: Panel A reports the anti-dumping and countervailing duties rates imposed on the imported solar panels.
It lists the anti-dumping duty rates and countervailing rates faced by Chinese and other foreign manufacturers
during the three waves of anti-dumping policies (2012, 2014, and 2018) initiated by the U.S. government. Panel
B reports the trend of solar panel prices from 2012 to 2018. Column 1 reports the average prices ($/W) of
solar panels for U.S. residential solar PV systems and column 2 reports the averages of the ratio of solar panel
price to total installed price, both provided by Lawrence Berkeley National Laboratory. Column 3 reports the
averages of model-implied solar panel prices ($/W).
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B Details on Sample Construction

During the 2012-2018 period, the raw LBNL data reports 1,238,518 installations of residential

solar systems. We refer to these installations as the full sample. To conduct our estimation, we

have constructed a subsample with the following restrictions, which we next describe in detail.

Table B1 compares the full sample with our estimation sample in terms of various observables.

Our estimation sample matches well the full sample during this period.

Step 1 : Dropping observations with missing information about installation prices, panel effi-

ciency, panel technology, and module model. This step resulted in dropping 38.6% of observations

of the full sample.

Step 2 : Dropping observations with missing manufacturer or installer information. This step

resulted in dropping 1.4% of observations of the full sample.

Step 3 : We focus on large manufacturers and neglect solar models made by small firms. In

particular, we only focus on the top 10 manufacturers in terms of sales. This step resulted in

dropping 12.5% of observations of the full sample.

Step 4 : We focus on popular models produced by these manufacturers. In particular, we only

focus on popular models with sales greater than or equal to 3000 during sample period. This step

resulted in dropping 18.3% of observations of the full sample.

Step 5 : Winsorization on prices. We winsorize on extreme values on prices. Due to the

fact that consumers get subsidies for installing solar PVs, some consumers may have paid a very

low price for their system. In fact, the bottom 1% of the price is very close to zero, which may

make the marginal cost become negative in our estimation. To avoid this issue, we choose an

asymmetric winsorization (dropping the top 1% and bottom 5%). This step resulted in dropping

1.8% of observations of the full sample.

Step 6 : We drop observations with missing information on the location of the installations.

This step resulted in dropping 3.5% of observations of the full sample.
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After implementing steps 1- 6, our sample includes 296,431 installations, which accounts for

23.9% of the raw data. For the estimation, we aggregate the data at the MSA-year-model-installer

level, and merge it with MSA’s demographics. For some MSAs, we do not have their demographic

information, so the merge could further drop some observations. In addition, we have to drop

MSA-year observations where our instrumental variables have no variation, which occurs when

a market (MSA-year) has only one model-installer pair. Our final sample for estimation thus

includes 294,841 installations, which accounts for 23.8% of the full sample. The total installed

capacity of our estimation sample is 1,853,780 kilowatts, which accounts for 21.6% of the full

sample.

Below in Table B1, we compare, based on observables we collected, our subsample with the

full sample and the subsamples obtained after implementing each of the steps described above. In

particular, Table B1 is similar to Table 2 in the main text, but shows summary statistics for the

different samples.

In the last column of Table B1, we also show statistics for the non-residential sample, which

we do not use in this paper. Compared to the non-residential sample, we find that our sample

mainly differed in terms of system size. The non-residential installations are also much bigger

than the residential installations.
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Table B1: Summary Statistics for Different Sample

Step 1-6 Step 1-5 Step 1-4 Step 1-3 Step 1-2 Step 1 Residential Non-residential

Obs 296,431 340,144 361,854 588,217 742,854 760,326 1,238,518 43,952

InstalledPrices
($/Watt)

4.24 4.22 4.14 4.06 4.06 4.06 4.91 3.71
(1.01) (1.00) (1.82) (1.98) (2.08) (2.26) (702.36) (16.02)

System Size
(kW)

6.29 6.42 6.44 6.56 6.58 6.75 6.98 165.54
(3.77) (3.76) (3.89) (4.95) (5.19) (39.39) (44.14) (537.85)

Efficiency
0.18 0.18 0.18 0.18 0.18 0.18 0.17 0.17
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Technology
0.48 0.47 0.47 0.46 0.45 0.45 0.47 0.53
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50) (0.50) (0.50)

Income
($100K)

4.92 4.91 4.90 4.83 4.79 4.78 4.58 3.86
(1.74) (1.74) (1.73) (1.76) (1.80) (1.80) (1.84) (1.87)

Education
0.29 0.29 0.28 0.28 0.28 0.28 0.29 0.30
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.08)

Urbanization
1.54 1.54 1.50 1.49 1.45 1.44 1.46 1.81
(1.88) (1.89) (1.86) (1.85) (1.81) (1.80) (1.85) (2.10)

Race
0.46 0.46 0.46 0.47 0.47 0.47 0.49 0.59
(0.12) (0.12) (0.12) (0.13) (0.13) (0.13) (0.14) (0.18)

Democrats
0.56 0.56 0.56 0.55 0.55 0.55 0.55 0.55
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.10) (0.10)

EPrice
(cent/kWh)

16.95 17.09 17.10 17.06 16.99 16.96 16.52 15.94
(1.51) (1.54) (1.51) (1.66) (1.78) (1.82) (2.14) (2.71)
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C Robustness Check for Model Estimation

We conduct robustness checks to assess the impacts of different modeling choices.

First, we group the installers into 10+1 generic and re-estimate the results for our linear-

pricing model. The top 10 installers make up around 60% of the total installations in our final

sample, while the residual group of installer accounts for the rest 40%. Table C1 reports the

estimation results for the demand and supply side for the 10+1 generic group and the results

are consistent with that for the 20+1 generic group, as shown in Table 3. The pass-through we

calculated for the 10+1 generic group is 1.18, while it is 1.16 for the 20+1 generic. With a smaller

number of installers, market power increases, and this leads to more overshifting. The results are,

however, very similar.

Second, we add the MSA-fixed effect to the demand side to investigate the role of region-

specific unobservables, which might not be captured by the demographic variables, in the demand

model. We investigate this point using a linear demand model based on Berry (1994)’s style log

market shared estimated with 2SLS. The linear demand model gives us more flexibility (notably

for computational reasons) to do robustness tests and sensitivity analysis.

Given that MSA-fixed effects are co-linear with demographic variables at the MSA level,

we estimate a model that excluded demographics and included only MSA-fixed effects. As a

comparison, we also estimate a model with no MSA-fixed effects and no demographics, and a

model, which is the main specification in the paper, with demographic variables. Table C2 reports

the first-stage results of the 2SLS estimation. A few patterns emerge. Comparing the model with

MSA-fixed effects (Column 1) and demographic variable (Column 3), the first-stage estimates

tend to be similar, except that they are much less precise with MSA-fixed effects (Column 1).

This is to be expected as we have significantly more controls (we have 60 MSAs). However,

with these fixed effects, the instruments are now weak and we have little gains in explaining

unobserved heterogeneity in prices. Indeed, in the first stage, the adjusted R-squared is about
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the same between the two specifications (note that even when we exclude demographic variables

(Column 2), we can explain a substantial amount of variation in prices only with our instrumental

variables (R-squared = 0.44). With MSA fixed effects (Column 1), the F-statistic collapses to

F=4.33. With these weak instruments, our second-stage estimate for the price coefficient is close

to zero, as shown in Column 1 of Table C3. In sum, the MSA fixed effects greatly decrease the

signal-to-noise ratio.

We thus investigate the role of observables in our IV using an alternative strategy. Note that

when we compare Column 2, which corresponds to the model with no controls, and Column 3,

we find that the first stage’s demographic variables are important. Nonetheless, as reported in

Table C3, the demand estimates in the second stage remain in the same range relative to a much

less conservative model with no such controls. This suggests that unobservables might not be an

important source of bias. We can formally investigate this using the approach proposed by Altonji

et al. (2005), which is a widely adopted method in addressing issues arising from omitted variable

bias (see Sorrenti et al., 2024 for a recent application, for instance). Following Altonji et al. (2005),

βL is the estimated price coefficient for a regression with little control, in our case price, efficiency,

technology, electricity price and installer-year fixed effects (Column 2 of Table C3); and βF is the

estimated price coefficient for a regression that contains price and a full set of controls (including

the MSA-level demographic variables), as well as the installer-year fixed effect (Column 3 of Table

C3). Altonji et al. (2005)’s approach consists of comparing the coefficients using the following

ratio |βF/(βL − βF )| = 1.581/(1.581− 0.986) = 2.66. A large value, in particular away from zero,

suggests that the selection bias due to unobservable variables would need to be important to nullify

the estimated effect. In our case, the selection bias due to unobservable variables would have to

be 2.66 times stronger than that the effect due to observable variables to completely nullify the

estimated effect. Given that we find a large value for the ratio, we do not have strong concerns

regarding a selection bias solely caused by unobservables.

Third, we experiment with manufacturer-fixed effects in the supply-side estimation. The
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estimation result is displayed in Table C4. The demand-side estimates are mostly unaffected by

the introduction of those fixed effects. For the cost-side estimates, the coefficients that aim to

capture cost variation due to the efficiency and wage rate are consistent with our prior results. It

suggests that our tariff-exclusive cost estimates are robust to adding manufacturer-fixed. For the

coefficients related to tariffs, we see differences in magnitude and sign. Note that we estimate a

non-linear relationship between tariffs and costs. We thus face a trade-off between capturing the

variation with a little fewer controls or having a set of more conservative estimates. Ultimately,

we decided to favor the former, as our goal is to provide a full set of counterfactual scenarios, and

decided to conduct the main analysis without manufacturer-fixed effects. Note that such trade-offs

are very common in such structural estimation endeavors. Our estimation approach follows closely

Fan and Yang (2020) who do the same. Fan and Yang (2020) builds a structural model for the

U.S. smartphone industry, in which they add brand fixed effect, carrier-year fixed effect on the

demand side and add only carrier-year fixed effect on the cost side.

Fourth, we change our market size and re-estimate our model. In Section 4, we define the

market size as Mw × A × V × L, where we use a scaling factor L to capture barriers and other

frictions that restrict the potential market size. We set L=15% in our main results, but also

conduct robustness tests where L=10% or L=20%. Table C5 shows that our results are robust to

different assigned values of L.
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Table C1: Estimation Results for 10+1 Generic Installers

Estimates SE
Demand side
Means, (α, β)
Constant -15.624*** (0.901)
Price -1.477*** (0.502)
Efficiency 49.103*** (10.003)
Technology -0.791 (1.234)

Demographics, (γ)
Income 0.270* (0.164)
Education -6.854** (2.998)
Urbanization -0.271*** (0.056)
Race 0.365 (0.801)
Democrats 0.838 (0.798)

Electricity Price, (κ)
Eprice 0.109*** (0.030)

Taste Variation
Price 0.334 (0.358)
Efficiency 1.048 (11.650)
Technology -0.629 (2.383)

Fixed Effects
Manufacturer F.E. Yes
Installer-Year F.E. Yes

Cost side

Constant -3.603*** (0.011)
Efficiency 5.162*** (0.023)
Wage Rate 0.193*** (0.0004)
Tariff -12.590*** (0.291)
Tariff2 13.604*** (0.385)
Efficiency × Tariff 152.696*** (3.304)
Efficiency × Tariff2 -164.834*** (4.495)
Efficiency2× Tariff -470.719*** (9.344)
Efficiency2× Tariff2 504.342*** (13.110)
Installer-Year F.E. Yes

Note: This table reports the robustness check for the main results by grouping the installers into 10+1 generic.
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table C2: First-stage: 2SLS Results with and without MSA-fixed effect

VARIABLES (1) (2) (3)

BLP eff 0.039*** 0.108*** 0.046***
(0.014) (0.010) (0.011)

BLP tech -0.003 -0.003 0.002
(0.006) (0.005) (0.005)

(BLP eff)2 -0.001 -0.005*** -0.001**
(0.0007) (0.0006) (0.0006)

(BLP tech)2 0.0001 -0.0006*** 0.00001
(0.0002) (0.0002) (0.0002)

BLP eff × BLP tech -0.0001 0.002*** -0.00001
(0.0006) (0.0005) (0.0005)

Efficiency 5.808*** 6.563*** 6.220***
(1.351) (1.406) (1.365)

Technology 0.052 0.034 0.043
(0.036) (0.037) (0.036)

Eprice 0.015 0.054*** 0.039***
(0.021) (0.005) (0.005)

Income 0.140***
(0.008)

Education -2.533***
(0.232)

Urbanization 0.0003
(0.007)

White 0.371***
(0.094)

Democrats 0.507***
(0.145)

Constant 3.540*** 3.146*** 3.034***
(0.431) (0.254) (0.250)

MSA-Fixed Yes No No
Installer-year Fixed Yes Yes Yes
Observations 7,612 7,612 7,612
Cragg-Donald Wald F Statistic 4.33 82.37 16.12
Adjusted R-squared 0.49 0.44 0.48

Note: The dependent varialbe is Berry (1994)’s market share. *** p<0.01, ** p<0.05, * p<0.1.
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Table C3: Second-Stage: 2SLS Results with and without MSA-fixed effect

VARIABLES (1) (2) (3)

Price 0.005 -0.986*** -1.581***
(0.500) (0.134) (0.328)

Efficiency 35.067*** 43.369*** 44.780***
(4.287) (3.927) (4.456)

Technology -0.761*** -0.754*** -0.696***
(0.087) (0.103) (0.108)

Eprice 0.134*** 0.067*** 0.116***
(0.049) (0.017) (0.021)

Income 0.321***
(0.056)

Education -7.936***
(0.981)

Urbanization -0.271***
(0.020)

Race 0.891***
(0.231)

Democrats 1.371***
(0.394)

Constant -16.066*** -11.002*** -9.297***
(1.793) (0.825) (1.298)

MSA F.E. Yes No No
Installer-Year F.E. Yes Yes Yes
Observations 7,612 7,612 7,612

Note: This table reports the 2SLS results with and without MSA-fixed effect for the demand side. Standard
errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table C4: Estimation Results by Adding Manufacturer-fixed Effect

Estimates SE
Demand side
Means, (α, β)
Constant -16.425*** (1.025)
Price -1.407*** (0.460)
Efficiency 42.650*** (9.895)
Technology -1.256 (3.582)

Demographics, (γ)
Income 0.247** (0.119)
Education -6.728*** (2.004)
Urbanization -0.291*** (0.036)
Race 0.555 (0.536)
Democrats 1.066* (0.581)

Electricity Price, (κ)
Eprice 0.104*** (0.053)

Taste variation, (Σ)
Price 0.321 (0.261)
Efficiency 0.991 (33.819)
Technology -1.149 (3.881)

Fixed Effects
Manufacturer F.E. Yes
Installer-Year F.E. Yes

Cost Side

Constant -4.919*** (0.031)
Efficiency 4.136*** (0.061)
Wage Rate 0.211*** (0.0004)
Tariff 34.823*** (0.327)
Tariff2 -17.259*** (0.421)
Efficiency × Tariff -373.334*** (3.648)
Efficiency × Tariff2 178.764*** (4.920)
Efficiency2× Tariff 1014.513*** (10.210)
Efficiency2× Tariff2 -458.055*** (14.404)
Manufacturer F.E. Yes
Installer-Year F.E. Yes

Note: This table reports the robustness check for the main results by adding manufacturer-fixed effect on the
supply side. Both the demand side and the supply side include the manufacturer-fixed effect and installer-year
fixed effect. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table C5: Estimation Result for Using Alternative Market Size

L = 20% L = 10%

Estimates SE Estimates SE
Demand side
Means, (α, β)
Constant -16.597*** (1.050) -16.366*** (1.115)
Price -1.494*** (0.430) -1.160* (0.622)
Efficiency 42.930*** (11.522) 41.184*** (8.192)
Technology -1.454 (3.362) -1.076 (3.005)

Demographics, (γ)
Income 0.255** (0.102) 0.210 (0.143)
Education -6.941*** (1.748) -5.966** (2.381)
Urbanization -0.286*** (0.033) -0.308*** (0.043)
Race 0.611 (0.470) 0.356 (0.622)
Democrats 1.129** (0.525) 0.854 (0.632)

Electricity Price, (κ)
Eprice 0.106** (0.044) 0.098* (0.057)

Taste variation, (Σ)
Price 0.335 (0.241) 0.336 (0.249)
Efficiency 1.334 (28.144) 0.834 (31.952)
Technology -1.338 (3.133) -0.946 (4.096)

Fixed Effects
Manufacturer F.E. Yes Yes
Installer-Year F.E. Yes Yes

Cost side
Constant -3.899*** (0.027) -3.184*** (0.007)
Efficiency 4.497*** (0.023) 3.676*** (0.006)
Wage Rate 0.209*** (0.0004) 0.162*** (0.0001)
Tariff -4.696*** (0.283) -20.055*** (0.077)
Tariff2 8.841*** (0.381) 24.814*** (0.103)
Efficiency × Tariff 64.556*** (3.211) 232.177*** (0.871)
Efficiency × Tariff2 -110.346*** (4.444) -286.631*** (1.205)
Efficiency2× Tariff -221.599*** (9.061) -672.944*** (2.457)
Efficiency2× Tariff2 346.436*** (12.966) 828.342*** (3.516)
Installer-Year F.E. Yes Yes

Note: This table reports the robustness check for the main results by defining alternative market size. We
control for the manufacturer-fixed effect and installer-year fixed effect on the demand side and control for
installer-year fixed effect on the supply side. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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D Additional Simulations: U.S. Manufacturers Partial Ex-

posure to Tariffs

We do not observe all manufacturers’ decisions along the global solar supply chain. Some U.S.

manufacturers could procure parts of their solar panels from China and, thus, be partly exposed

to trade tariffs. In our policy exercise, we might thus be too restrictive when defining which firms

are impacted and conservative on the overall downstream impact of the tariffs.

To account for the partial exposure of U.S. manufacturers to tariffs, we simulate an additional

scenario (counterfactual scenario 4). We assume that U.S. manufacturers (only one in our model,

i.e., SunPower) face 10% of the tariffs imposed on Chinese firms. We do this for Model 1 only, i.e.,

the linear-pricing model. We implement this approach as follows. First, we compute the average

tariff rate of all Chinese firms each year weighted by their market shares. We refer to this average

tariff rate as Avg Tariff. Second, we implement Scenario 1 of the main policy analysis but also

impose a fraction of this average tariff rate on U.S. manufacturer SunPower. In particular, we

assume that SunPower may have faced 10% of the average tariff (10%*Avg Tariff ). In the cost

function of SunPower, we use the coefficient on tariffs estimated for China to add this additional

cost. Note that the percentage we use, 10%, is only for illustration purposes and represents an

exposure coefficient, which could easily be varied.

Table D1 displays the demand response and welfare effect for this fourth counterfactual sce-

nario. The results show that the total market capacity for the U.S. solar market would have

been 26.5% larger if the anti-dumping and countervailing duties had not been imposed on Chinese

solar products and the U.S. firm would not have been exposed. While Chinese manufacturers

experienced a demand response similar to the counterfactual scenario 1, the sales of solar panels

made by the U.S. manufacturer SunPower would increase by 5.5%, whereas it was a 1.3% decrease

before. The change in total welfare gain and environmental externality are also larger.
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The pass-through rate for this scenario is 1.18, which is very similar to that (1.16) in our first

set of counterfactual scenarios. Our estimate of the pass-through of tariffs is, thus, also robust to

the fact that tariffs could have also impacted, indirectly, local firms.
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Table D1: Simulation Results: U.S. Manufacturers Partial Exposure to Tariffs

Panel A: Demand Response

Origin Country Manufacturer Model 1

China Canadian Solar 99.3%
Trina Solar 81.3%
Yingli Energy 92.7%

USA SunPower 5.5%
South Korea Hanwha -2.4%

Hyundai -2.2%
LG -1.6%

Japan Kyocera -2.6%
German SolarWorld -1.7%
Norway REC Solar -2.0%

Total 26.5%

B: Welfare Distribution (in 2015$ million)

Model 1

∆ Consumer Surplus 446.0
∆ U.S. Manufacturers 25.4
∆ Chinese Manufacturers 355.5
∆ Korean Manufacturers -6.8
∆ Other Manufacturers -17.1
∆ Installers 375.0
∆ U.S. Tariff Revenue -253.7

Total 924.2

Panel C: Environmental Benefit

Model 1

∆ Reduced CO2 (million tons) 9.4
∆ Reduced Cost (2015$ million) 1,606.3

Note: This table reports the results for demand response and welfare change when we implement counterfactual
scenario 1 of the policy analysis but also impose a tariff rate on U.S. manufacturers (SunPower), which is 10%
of the average tariffs imposed on Chinese firms. Panel A reports the demand change in percentage. Panel
B reports the welfare changes for manufacturers (the United States, China, South Korea, and others), U.S.
consumers, and U.S. installers. Panel C reports the related environmental benefits. All the economic values
are calculated in 2015 U.S. dollars.
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