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Abstract

We study how industrial policies promoting domestic self-reliance affect semiconductor man-
ufacturers’ incentives to build and continue operating production capacity across locations
in the contract manufacturing market for semiconductor logic chips. Combining worldwide
facility-level investment data with global contract manufacturing orders, we estimate a model
of contracting for these chips from 2004 to 2015 that recovers firm-, location-, and buyer-
proximity-specific cost advantages. In a case study of TSMC’s location choice for a large,
advanced facility, we find that initial fixed-cost subsidies comparable, as a share of investment,
to those provided under the CHIPS and Science Act more than offset the additional $1.2 billion
cost of building in the U.S. However, relocating to the U.S. results in $1.6-$1.8 billion lower
profits over our study period than locating a comparable facility in Taiwan, because higher esti-
mated location-specific marginal costs outweigh the benefits of proximity to U.S. buyers. These
losses are concentrated in later years, as entry into maturing technology generations erodes mar-
gins and demand shifts toward Asian buyers. Front-loaded fixed-cost subsidies therefore satisfy
the firm’s initial participation constraint but not its continuation constraints as the technology
matures. Among the policy instruments we study, only tariffs preserve the firm’s incentive to

remain in the U.S., but they impose welfare losses on U.S. buyers that exceed the firm’s gains.
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1 Introduction

High-tech manufacturing in industries such as biotechnology, electric vehicles, and semiconduc-
tors is characterized by rapid technological turnover, substantial fixed-cost investments, and
significant economies of scale. Consider semiconductor manufacturing: building and equipping
a leading-edge facility cost less than $1 billion before the 2000s, around $5 billion in the 2010s,
and over $10 billion in the 2020s (Taiwan Semiconductor Manufacturing Company, 2020). The
fundamental economics of these industries increasingly clash with recent national policies in the
U.S. and China that emphasize domestic self-reliance in key high-tech sectors. These policies
aim to boost domestic production through generous investment subsidies, tax incentives, ex-
port controls, and tariffs (see, e.g., The State Council of the People’s Republic of China, 2015;
U.S. Senate Committee on Commerce, Science, and Transportation, 2022a; York and Durante,
2025), thereby changing manufacturers’ incentives for capacity investment across regions.

We ask how these policies affect firms’ incentives to initially invest in, and to later main-
tain, semiconductor manufacturing capacity in different locations. Policies operate through
two channels. The first is investment costs: the up-front construction and equipment outlays
required to build or upgrade capacity, which become sunk once incurred. The second is flow
profits: the stream of profits a facility earns each period, net of its recurring fixed and variable
costs, which evolves over the facility’s life as its technology matures. Promoting persistent
domestic production requires addressing both channels. We measure the first channel with an
investment cost function learned from worldwide facility-level investment data, and the second
with a structural model of global contract manufacturing that recovers cost advantages specific
to firms, to locations, and to the proximity between manufacturers and their buyers.

Our central finding is that these two channels have opposite time profiles. The additional
investment cost of locating production in the U.S. is front-loaded and relatively modest. For the
large advanced facility constructed between 2000 and 2004 that is the focus of our policy coun-
terfactual, we estimate this additional cost at $1.2 billion—an amount more than covered by a
lump-sum subsidy comparable, as a share of investment, to those provided under the CHIPS
and Science Act. The flow-profit penalty, by contrast, is larger and back-loaded. Locating the
same facility in the U.S. reduces its owner’s profits by $1.6-%$1.8 billion over our 2004-2015

simulation period, when the facility is in production, with the losses concentrated late in the



facility’s life.

Although our empirical analysis focuses on a recent historical period, the economic forces
driving these results—including the predictable evolution of market structure as technologies
mature and the associated shifts in demand—remain central to the industry today. The results
therefore speak directly to current industrial policy. They reflect the diffusion of production ca-
pabilities across manufacturers over a technology’s life cycle. At any point in time, only a small
number of manufacturers can produce at the technology frontier, whereas progressively more
firms become capable of producing older generations. Margins on a given technology therefore
erode predictably as the frontier advances and entry into that generation accumulates. Changes
in the geography of demand reinforce this pattern. Demand for advanced chips comes dispro-
portionately from U.S. buyers, allowing a U.S. facility to benefit from buyer-proximity cost
advantages early in its life. As the technology matures, however, demand shifts increasingly
toward Asian buyers, turning this initial proximity advantage into a disadvantage. The oppor-
tunity cost of locating in the U.S. is therefore smallest when the facility operates at the frontier
and largest after its technology has matured and the initial investment has become sunk. In-
dustrial policy, by contrast, is largely front-loaded. This creates a mismatch between the time
profile of the location penalty and that of the policy instrument. Up-front fixed-investment
subsidies may therefore satisfy a firm’s initial participation constraint but do not address its
incentives to continue operating in the U.S. as the technology matures.

Our empirical setting is the contract manufacturing market in the semiconductor indus-
try, in which manufacturers produce semiconductor logic chips on behalf of other companies,
primarily fabless designers that lack their own fabrication facilities. Their clients range from
leading chip designers like Apple and Nvidia to buyers of legacy chips for defense and medical
applications. The market is highly concentrated, with Taiwan Semiconductor Manufacturing
Company (TSMC) alone accounting for more than half of the revenue earned by the top eight
manufacturers, and it is a central target of recent industrial policies in both countries, from
CHIPS and Science Act subsidies and tax credits to export controls and tariffs (Section @
provides details). The number of concurrent policies makes it difficult to isolate the effects of
individual interventions using reduced-form methods like event studies, motivating a structural

approach that can explore counterfactual policy scenarios.



We combine a comprehensive, worldwide sample of facility-level capacity investments ob-
served quarterly from 1995 to 2015 with a representative sample of global contract manufactur-
ing orders observed quarterly from 2004 to 2015, supplemented by publicly available data on
firm revenues, gross margins, technology and region revenue shares, and capacity utilization.
We use these data to estimate the cost parameters that determine market equilibrium during
the 2004 to 2015 period, and our counterfactual analysis focuses on the same window. This
timeframe precedes the major policy shifts that began in late 2014, so the industry was more
likely to be in the stable equilibrium that our estimation requires.

Our model endogenizes manufacturer profits and how they vary with the number of com-
petitors and with capacity, using a stylized bargaining framework in which buyers solicit bids,
quarter by quarter, from all manufacturers with available capacity for a given technology gen-
eration. Capacity investment across locations and the evolution of demand over time are held
fixed. Negotiation is captured by a second-price procurement auction: the winning manufac-
turer prices just above the second-best competitor’s effective marginal cost, so margins reflect
relative costs and the number of capable bidders. The model is specified to capture the tradeoff
between firm-specific and location-specific cost advantages: each manufacturer’s marginal cost
includes common technology costs, a firm-specific component, regional cost differences, capac-
ity scale effects, and idiosyncratic shocks, and buyers gain extra value from contracting with
a manufacturer in their own region. In our main specification, buyers have perfectly inelastic
demand for chip quantities, reflecting downstream rigidity.E

We estimate these parameters using the method of simulated moments, matching moments
constructed from different data sources. Because our orders data report only the region in
which the fabricating facility is located, not the identities of buyers or sellers, order-level price
variation identifies the common generation- and period-specific costs, while variation in firm
revenues and gross margins from quarterly reports identifies firm- and location-specific costs,
buyer-location parameters, and fixed costs. Crucially, combining the capacity data with firm
revenues is what separates firm cost advantages from location cost advantages: firms operate
fabs in multiple regions, so shifts in a firm’s revenue when its regional capacity mix changes
identify the location component separately from the firm component.

Our parameter estimates confirm key economic intuitions about the global contract semi-

'We test this assumption empirically and suggest a model extension to relax it.



conductor manufacturing market. The estimates indicate that more advanced technologies are
more costly to produce, while production costs decline over time as technologies mature. Firm-
and region-specific cost differences further reveal substantial advantages for major players such
as TSMC. On average, TSMC’s firm-specific efficiency lowers its marginal cost by an amount
equivalent to 13.96% of the common generation- and period-specific cost relative to the aver-
age manufacturer in Taiwan. In addition, locating a fab in Taiwan rather than North America
lowers marginal cost by an amount equivalent to 9.43% of the common generation- and period-
specific cost. The model also identifies a significant cost benefit from geographic proximity:
when buyers contract with manufacturers in the same region, marginal cost is lower by an
amount equivalent to 7.96% of the common generation- and period-specific cost, on average.
On the demand side, the estimates show that North American buyers dominate demand for
cutting-edge technologies, but their share declines over time and as technologies mature, while
mainland Chinese buyers become increasingly prominent.

We then combine the model estimates with our investment cost function in a detailed case
study of TSMC’s payoffs to locating a large manufacturing facility in the U.S. versus its home
region under various industrial policies. The ideal experiment, TSMC’s Arizona investment
announced in 2020, falls outside our data and was developed amid frequent policy changes. We
instead study TSMC Fab 14, a facility within our sample period whose investment profile closely
resembles Arizona’s development timeline, phased strategy, and adoption of cutting-edge tech-
nology with preplanned upgrades (Section @ details the comparison). In our counterfactuals,
we vary only this facility’s location—Taiwan or the U.S.—while holding fixed the capacity and
technology upgrade trajectories of this facility and of all other facilities in the market. The
location comparison can thus be read as a partial derivative of the firm’s investment problem
with respect to the location choice, and the policy scenarios as cross-partial effects that measure
how each policy alters that comparison.

We find that export controls and Chinese tax exemptions substantially reduce TSMC’s
profits but leave the relative attractiveness of the two locations nearly unchanged: the profit
penalty from locating in the U.S. remains between $1.6 billion and $1.8 billion across these policy
scenarios. In the case of export controls, this is because the buyers excluded by the restrictions

would have contracted with TSMC regardless of where the fab was located. Tariffs are the



exception because they operate directly on the same margin that drives the location penalty.
By repricing contracts according to the locations of buyers and manufacturers, tariffs improve
the competitiveness of a U.S. facility precisely where it is weakest: in mature technologies
serving price-sensitive demand. Under our calibration, introducing tariffs reverses the location
comparison, from a $1.6 billion loss to a $5.9 billion gain, making the U.S. location privately
optimal for the firm.

This realignment, however, comes at a substantial cost to U.S. buyers. When the facility
remains in Taiwan, tariffs generate $48.9 billion in welfare losses for U.S. buyers, of which $44.0
billion reflects tariff payments and $4.9 billion reflects increased contracting with less cost-
efficient U.S. manufacturers. When the facility is relocated to the U.S., U.S. buyers source more
frequently from domestic production, reducing tariff payments to $36.0 billion but increasing
the welfare loss from contracting with the less cost-efficient U.S. fabs to $11.8 billion. As a
result, relocation generates an additional $7.0 billion in welfare losses from production cost
inefficiency, exceeding the firm’s $5.9 billion gain from moving production to the U.S. Policies
that strengthen private incentives for domestic semiconductor manufacturing may therefore
impose costs on domestic chip users that exceed the corresponding gains to manufacturers.

Our paper’s primary contribution is to the economics of industrial policy (see Juhész et alJ,
2024, for a review). A large recent empirical literature uses historical and quasi-experimental
variation to estimate the effects of policies that protect or promote targeted industries (e.g.,
Juhdsz, 2018; Criscuolo et al), 2019; Lang, 2025; Choi and Levchenko, 2025). A smaller quan-
titative literature uses model-based approaches to evaluate industrial policies and compare
alternative policy instruments (e.g., Baldwin and Krugman| 1988; Kalouptsidi, 2018; Barwick
et all, 2025).B Our paper belongs to this latter tradition. A model-based approach is partic-
ularly useful in our setting because several policies operate simultaneously, while some of the
policies we study are prospective. The model allows us to evaluate and compare individual pol-
icy instruments and combinations of instruments, including those for which no realized policy
variation is available.

Our results also connect to recent work on the incidence and production effects of U.S.

trade policy. Consistent with evidence that recent U.S. tariffs have been passed through sub-

2Baldwin and Krugman (1988) is an early quantitative analysis of strategic trade policy, while the latter
papers estimate structural models using microdata.



stantially to domestic purchasers (Fajgelbaum et al., 2020) and can induce firms to relocate
production (Flaaen et al|, 2020), we find that tariffs can shift semiconductor manufacturing ge-
ographically while imposing substantial costs on domestic chip buyers. We study these forces
in a concentrated business-to-business market in which production requires large, sunk, and
location-specific capacity investments. This setting highlights a distinct policy issue that has
received less attention: the time profile of an industrial-policy instrument may be misaligned
with that of the location disadvantage it is intended to offset.

We also contribute to the growing literature on industrial policy in semiconductors (see
Bown and Wang, 2024, for an overview). A large policy-oriented literature from government
agencies, industry associations, think tanks, and market-intelligence and consulting firms has
documented the geographic concentration of semiconductor production and evaluated policies
intended to alter it (e.g., Friedberg and Boustany Ju, 2020; Semiconductor Industry Associa-
tion, 2021; Bateman, 2022; U.S. Government Accountability Office, 2022; Kim and VerWey,
2019; Varas and Varadarajan, 2020; U.S. Chamber of Commerce, 2021; Varas et alf, 2020).
These studies range from qualitative institutional assessments to quantitatively detailed ex-
ercises combining industry data, engineering cost benchmarks, and scenario-based forecasts.
For example, Varas et al| (2020) projects that a $50 billion U.S. manufacturing subsidy could
lead to the construction of 19 new fabrication facilities and capture an additional 24% of the
global manufacturing capacity needed between 2020 and 2030. Our analysis complements these
exercises by estimating the behavioral primitives underlying firms’ location and investment re-
sponses. In particular, rather than positing how changes in production costs translate into
capacity relocation, we use observed capacity and transactions to recover manufacturer- and
location-specific production costs and buyer-proximity frictions, and then compare the effects
of alternative policies on firm profits across production locations.

A growing academic literature examines particular semiconductor policies, including export
controls, technological decoupling, and the CHIPS Act (Jacobs et al), 2022; Han et al), 2024;
Erten et al), 2025). The model-based studies closest to ours are Goldberg et al| (2024) and Miao
(2024). Goldberg et al. (2024) documents industrial policy across semiconductor-producing
countries and estimates substantial firm-product learning-by-doing, economies of scope, and

cross-border learning spillovers. Miag (2024) focuses on the technology race among the frontier



manufacturers and estimates a dynamic oligopoly model of technology adoption under trade
disruption risk, while abstracting from capacity investment and technology investment in more
mature technologies. Our contribution relative to these studies is to focus on a central policy
margin in current semiconductor industrial policy: the geographic relocation of manufacturing
capacity. We study manufacturers’ incentives to relocate production across countries, compare
profits under alternative production locations, identify which policy instruments can induce
relocation, and quantify the resulting implications for domestic chip buyers.

Methodologically, our paper contributes to the empirical industrial organization literature
on investment in concentrated, capital-intensive industries (e.g., Goettler and Gordon, 2011;
Ryan|, 2012; Kalouptsidi, 2014; [gami, 2017; [gami and Uetake, 2020; Thurk, 2022). Our key
contribution is to connect the short-run allocation of buyer orders to firms’ long-run, location-
specific capacity decisions. Combining buyer-manufacturer transactions with facility-level ca-
pacity and financial data allows us to separately identify the production-cost penalty associated
with locating a given technology in different regions and the buyer-proximity frictions that shape
contracting outcomes. We then carry these primitives into firms’ capacity-investment decisions.
This separation is particularly important in semiconductors because capacity is long-lived while
the economics of a process technology change substantially as it matures. Unlike a standard
quality-ladder setting in which older technologies are displaced by the frontier, mature semi-
conductor technologies continue to serve distinct downstream applications and buyers. What
changes is the set of firms capable of producing them and the margins that the technologies
command. Our framework therefore identifies how the return to a location-specific capacity
investment evolves over the technology life cycle and makes it possible to evaluate industrial
policies whose duration may be short relative to the life of the capital they induce.

The remainder of the paper proceeds as follows. Section E describes the contract semiconduc-
tor manufacturing market, the maturation of technology generations, the policy environment,
and the case study that anchors our analysis. Section a describes the data. Section @ presents
the model of contracting, Section B the estimation method, and Section a the estimation re-
sults. Section H presents the policy counterfactuals, Section B discusses the limitations of our

approach, and Section @ concludes.



2 Empirical Setting

This section describes the contract manufacturing market, the product and its technology gen-
erations, how entry reshapes competition as technologies mature, and the policy environment.
It concludes by introducing the case study that anchors our analysis: TSMC’s choice of where

to locate a large fabrication facility.

2.1 Contract Manufacturing in Semiconductor Industry Value Chain

The semiconductor industry has a complex value chain characterized by two major production
models and a number of distinct types of firms. The first is the Integrated Device Manufacturer
(IDM) model. IDMs design, manufacture, assemble, and test semiconductor chips in-house and
then sell the finished chips to downstream Original Equipment Manufacturers (OEMs) and
Original Design Manufacturers (ODMs). The second is the fabless-foundry model, in which
fabless firms design chips and outsource their manufacture to contract manufacturers. When
a chip designer orders chips from a contract manufacturer, the contract specifies the quantity,
technical specifications, price, and delivery schedule. “Pure-play” foundries emerged with the
founding of TSMC in 1987 and specialize exclusively in manufacturing chips ordered by their
clients. Figure m provides a simplified illustration of where contract manufacturing is situated

within the semiconductor industry value chain.

Fig. 1. Contract manufacturing in semiconductor industry value chain
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The distinction between the two models is not strict. IDMs may outsource production when



their internal capacity is constrained, and they may manufacture chips for external customers
when they have excess capacity or dedicated foundry operations, as in the case of Samsung. One
important difference between IDM and foundry manufacturing lies in the product mix. IDM
fabs are typically optimized for a relatively limited range of products sold by the IDM itself,
whereas foundries manufacture a much more diverse set of products for multiple customers.
For example, an Intel fab typically produces Intel microprocessors, while a TSMC fab may
manufacture microprocessors, systems-on-chip used in smartphones, and Al chips.

Our analysis of contract manufacturing revenue of top contract manufacturers shows that
two patterns stand out. First, pure-play foundries dominate the contract manufacturing mar-
ket. Throughout 2005-2017 where we have data on contract manufacturing revenue for both
top pure-play foundries and IDMs, IDMs have only accounted for 2-11% of the revenue of the
top eight players in this market. Second, the market is oligopolistic and is dominated by a
few big players. One firm, TSMC, accounts for 52-61% of the revenue among the top eight
contract manufacturers over the period 2005-2017. TSMC has been by far the largest and
the most important player in this market. Other major players include United Microelectron-
ics Corporation (UMC) in Taiwan, Semiconductor Manufacturing International Corporation

(SMIC) in China, GlobalFoundries in the U.S., and Samsung in South Korea.

2.2 The Product and Manufacturing Technology

The basic unit of production in semiconductor manufacturing is a silicon wafer, on the surface
of which layers of integrated circuits are fabricated. Chip designers provide manufacturers with
blueprints of their chip designs, and manufacturers use light together with a series of complex
physicochemical processes to transfer these intricate circuit patterns onto the wafer, layer by
layer. Each wafer contains many individual chips, which are subsequently cut from the wafer
and packaged. For a given chip design, different manufacturers can produce chips based on the
same specifications. The resulting products are therefore largely homogeneous from the chip de-
signer’s perspective, and manufacturers compete primarily on production efficiency and cost. In

particular, higher yields of functioning chips, lower defect rates, and lower manufacturing costs

3UMC and SMIC consistently rank among the top eight during 2005-2017, accounting for 9-21% and 5-8%
of top-eight revenue, respectively. The remaining positions fluctuate due to entry, mergers, and other industry
dynamics. GlobalFoundries, formed in 2009 from the divestiture of AMD’s manufacturing operations, accounts
for 7-14% of top-eight revenue between 2009 and 2017. Samsung officially launched its dedicated foundry
business in 2005 and accounts for 5~11% of top-eight revenue between 2010 and 2017.



translate into greater price competitiveness and, ultimately, larger market shares. The most
prevalent manufacturing technology is the complementary metal-oxide-semiconductor (CMOS)
process, which is the focus of our study and accounts for 92% of the orders in our representative
demand data

The evolution of manufacturing technology follows a numerical nanometer scale. For exam-
ple, different generations are referred to as 90nm, 65nm, 40nm, and so on. Smaller technology
nodes represent more advanced manufacturing capabilities than larger ones: a smaller node
produces smaller integrated circuits fitted more tightly into the same surface area on the wafer,
and delivers higher performance, more energy efficiency, and more cost efficiency for the chips.
Through the 28nm generation, which entered commercial production around 2012, node names
measure a specific physical dimension of the chip. For newer generations, node names are nam-
ing conventions that manufacturers use to signal substantive improvements over the previous
generation rather than exact physical measurements. Appendix @ discusses the evolution of

node naming conventions and how we map node names to technology generations.

2.3 Technology Maturation, Entry, and Competition
Semiconductor manufacturing is a prime example of a high-tech industry characterized by sub-
stantial fixed costs and rapid technological turnover. Roughly every two years, consistent with
Moore’s Law, a new generation of manufacturing technology is introduced and the technology
frontier advances. As a result, each existing generation moves progressively farther from the
frontier. As shown in Figure EA], at any point in time only a small number of manufacturers
operate at the technology frontier, while progressively more firms are capable of producing
generations farther behind the frontier. The number of manufacturers using a given generation
also follows a predictable life cycle: entry is concentrated in the first four to six years after
introduction, after which the number of producers gradually declines as firms retire increasingly
mature technologies. The competitive environment surrounding a manufacturing technology
therefore evolves predictably as the technology ages.

Prices also evolve predictably over this maturation process. At a given point in time, more
advanced generations generally command higher prices, while the price of a given generation

tends to decline as it matures, as shown in Figure @ This decline can reflect both learning

4The next most prevalent technology, the BiCMOS process, accounts for less than 4% of the orders in our
demand data.
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by doing, as manufacturers become more efficient at producing a given generation and reduce
production costs, and increasing competition, as the diffusion of production capabilities erodes
the market concentration that initially supports high margins.

Revenue shifts across generations in a similarly systematic way. As new manufacturing
technologies are introduced, they gain revenue share at the expense of older generations, as
shown in Figure @ This pattern reflects both demand and supply forces. On the demand side,
high-value chips such as microprocessors require advanced manufacturing technologies, causing
orders to migrate toward newer generations as they become available. On the supply side, when
a leading manufacturer such as TSMC first introduces a new generation, few competitors are
initially capable of offering the same technology, supporting high prices and margins. Over time,
additional manufacturers enter the generation, intensifying price competition and reducing its

prices, revenues, and margins.
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Fig. 2: Technology turnover and scale economies of semiconductor manufacturing
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At the same time, advancing manufacturing technologies have become increasingly expen-
sive. Manufacturers therefore tend to build fewer but larger fabs for newer technologies in order
to exploit scale economies, as shown in Figure @ The industry thus combines a technology
frontier that advances on a roughly two-year cadence with progressively larger investments
required to remain near that frontier.

Together, these patterns motivate the hypothesis that the profits a fab can earn from a

12



given technology evolve systematically as that technology recedes from the frontier and entry
accumulates. A fab that begins production at the frontier therefore earns its highest margins
early in the technology life cycle, when capable competitors are few, and progressively lower
margins as the technology matures and additional competitors enter—precisely after the initial
construction and equipment expenditures have become sunk. Whether it is optimal for a man-
ufacturer to continue operating, upgrade, or disinvest from a fab in a given location therefore
depends on how far the fab’s technology has receded from the frontier and on how policies alter

its payoffs at different stages of this maturation process.

2.4 Policy Background

Recent policies in the U.S. and China on the semiconductor industry differ from past govern-
ment support, which historically focused on R&D and tax concessions (OECD, 2019), in both
the much larger scale of direct subsidies and their explicit focus on domestic manufacturing.
The four instruments considered in our counterfactuals are the main tools of this new policy
wave. In the U.S., the CHIPS and Science Act of 2022 provides $39 billion in direct subsi-
dies to build, expand, and modernize domestic fabs, as well as a 25% investment tax credit
(U.S. Senate Committee on Commerce, Science, and Transportation, 2022a,b). The U.S. has
also imposed export controls restricting sales of advanced chips and manufacturing equipment
to Chinese entities (Khan, 2020; Industry and Security Bureau, 2022). On China’s side, the
first and second phases of the “Big Fund,” launched in 2014 and 2019, respectively, provided
$50 billion in state equity financing directed primarily toward manufacturing capacity (Semi-
conductor Industry Association, 2020, 2021), complemented by corporate tax exemptions for
manufacturers operating advanced technology nodes (Ministry of Finance of the People’s Re-
public of China et al), 2020). Tariffs on semiconductors have also been under active discussion
in the U.S. since 2025 ([York and Durante, 2025). Appendix @ reviews these policies, as well
as smaller programs in other countries, in greater detail.

While the U.S. semiconductor industry largely supported and welcomed the subsidies (Semi-
conductor Industry Association, 2022), U.S. geographic restrictions on investment in China and
sales of chips to China have been the subject of substantial industry lobbying, as the industry
collectively earns roughly one-third of its revenue from China. Chipmakers have expressed

concerns that overly restrictive measures could disrupt supply chains and hamper their global
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competitiveness (Swanson, 2023; Hayashi and Fitch, 2023). The Semiconductor Industry Asso-
ciation (SIA), which represents more than 95% of the U.S. semiconductor industry by revenue
and nearly two-thirds of non-U.S. chip firms, states that “the semiconductor industry is truly
global, and access to global markets is critical for U.S. firms to sustain high levels of investment
in R&D and capital expenditure” (Semiconductor Industry Association, 2021). Our conversa-
tions with industry experts similarly indicate that economies of scale and access to business
from the global market are crucial to the health and growth of the industry. These potentially
conflicting incentives between national governments and industry motivate our study.

It is important to note that the policy landscape for semiconductor manufacturing has been
highly uncertain and continuously evolving since the early 2020s, and is likely to remain so over
the next three to five years. Recent developments illustrate this volatility. On China’s side, the
third phase of the Big Fund was announced in 2024 (Reuters, 2024), with an additional $48
billion in financing. In the U.S., the 2025 Budget Reconciliation Act increased the investment
tax credit (ITC) for semiconductor investment from 25% to 35% for property placed in service
after 2025 and for which physical construction begins before the end of 2026 (CNBC, 2025).
In addition, discussions of semiconductor tariffs, which have persisted since early 2025, are
likely to continue, with proposed rates reaching 25% or higher (York and Durante, 2025) and
actual rates ranging between 10-14% over 2025-2026 (McClelland and Wong, 2026). This
continued policy flux not only creates a highly uncertain environment for firms, but also makes it
difficult to isolate the effects of individual policies using an event-study framework. It therefore
motivates our model-based structural estimation and counterfactual approach, which allows
us to evaluate policy bundles and firms’ strategic responses under alternative policy scenarios,

including policies implemented outside our sample period.

2.5 TSMC Fab Location Case Study

To anchor our examination of how different policy bundles influence major manufacturers’
location investment choices and flow profits, we study a detailed case of a major semiconductor
firm’s decision between locating a large fabrication facility in its home region or in the U.S.
amid shifting industrial policies.

Ideally, we would directly analyze TSMC’s decision to build fabs in Arizona, initially an-

nounced in 2020 with subsequent additional investments announced in the following years, as
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the Arizona fab cluster represents the key strategic response by the world’s leading contract
manufacturer to rising geopolitical tensions and U.S. policy initiatives aimed at attracting ad-
vanced semiconductor production. However, this case falls outside our sample period of 2004—
2015, and we lack comprehensive data on firms’ investment behavior, capacity, and demand
conditions during this more recent period. Additionally, the Arizona facilities were developed
and brought into production amid frequent policy changes, making it difficult to reliably infer
key cost and competitive parameters, as the market was likely operating outside of a stable
equilibrium.

To address these challenges, we identify comparable investment projects within our sample
period that feature observable market conditions and outcomes under a relatively stable policy
environment. This allows us to more credibly recover the key structural parameters of interest.
We find the development of TSMC Fab 14 particularly relevant, as it closely resembles the
investment profile of TSMC Arizona. Table m compares the Arizona and Fab 14 facilities, re-
vealing TSMC'’s consistent fab investment approach over time while also highlighting important
similarities and differences. Both facilities followed a similar four-year timeline from construc-
tion announcement to production start and launched with TSMC’s cutting-edge technologies
of their respective eras (4nm for Arizona in 2024; 130nm for Fab 14 in 2004). Each project
adopted a phased construction and expansion strategy and demonstrated planned/actual tech-
nology node migrations, though TSMC Arizona begins at a significantly more advanced node.
Fab 14 eventually transitioned to a mature node facility, typical for TSMC fabs after multi-
ple upgrades, while TSMC Arizona’s long-term trajectory remains unclear. The most notable
distinction lies in the Arizona project’s substantial government subsidies, precisely the main
policy variation our counterfactuals examine, and higher total investment, reflecting the grow-
ing complexity and cost of advanced-node manufacturing.

To analyze the likely impact of different industrial policy bundles, including capacity-
building subsidies, tax incentives, export controls, and tariffs, we estimate key competitive
parameters for the years 2004-2015 and simulate counterfactual outcomes for TSMC, compar-
ing scenarios in which Fab 14, originally a cutting-edge facility in Taiwan, either remains in
Taiwan or is hypothetically relocated to the U.S. These counterfactuals provide insight into

how such policies might influence the outcomes of investments like TSMC Arizona.
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Table 1: Comparative Development of TSMC Facilities

TSMC Arizona

TSMC Fab 14 in Taiwan

Timeline:

e 2020: First fab announced, construction
began

e 2022: Second fab annouced

e 2024: First fab production began in Q4
(4nm), third fab announced

e 2028 (planned): Second fab production
(3nm)

« 2030 (planned):
(2nm)

Technology Position:

Third fab production

o Launched with 4nm (one generation be-
hind most advanced technology at time
of production)

o Planned migration to 3nm and 2nm nodes

Development Approach:

o Three-phase expansion strategy
e 4-year timeline from announcement to
production

Investment & Subsidies:

o Total investment: $65B across three
phases
o Government subsidy: $6.6B from U.S.

Department of Commerce (2024)

Timeline:

e 2000: Phase 1 construction began

e 2002: Phase 2 construction began

e 2004: Phase 1 production began in Q2
(130nm)

e 2007: Phase 2 production began in Q2
(55nm)

Technology Position:

o Launched with 130nm (most advanced at
time of production)

o Multiple technology migrations: 130nm
— 90nm — 80nm — 65nm — 55nm —
45nm — 40nm

o Eventually settled as mature node facility
(40nm since 2008)

Development Approach:

o Two-phase expansion strategy
e 4-year timeline from announcement to
production

Investment:
« Total investment: $6.6B b/w 2000-2015

o No significant government subsidies noted

3 Data

Our unique data combine a range of rich industry data sources, including both a representative

sample of worldwide contract manufacturing orders and a comprehensive sample of worldwide

fab-level capacity investment. For more details about sample and variable construction as well

as additional ancillary data, please see Appendix @

3.1 Demand

Information on wafer orders comes from a proprietary database of wafer purchases by chip

designers from contract manufacturers, collected by the Global Semiconductor Alliance (GSA),

an industry organization originally founded to support fabless semiconductor firms worldwide

but that has since expanded its membership to the entire semiconductor ecosystem. The

dataset consists of individual responses to the GSA’s quarterly Wafer Fabrication & Back-End

Pricing Survey, detailing the orders that chip designers purchased during 2003Q4 to 2015Q3.
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Prior research deem the data a representative sample of wafer orders produced by the contract
manufacturing sector worldwide (Byrne et al), 2017; Thurk, 2022; Goldberg et al., 2024). For
each order, the data report the quantity of wafers ordered, the price paid per wafer, the location
of the fab, the manufacturing technology, wafer size, and the number of layers fabricated. This
information allows us to examine order characteristics by manufacturing location. Although
this level of product detail is remarkable, the GSA data have important limitations (Byrne
et all, 2017). We only observe the country or region in which each fab was located but have
no information on the producing firm or the buyer due to anonymization. Table E shows
summary statistics of this dataset. Because wafers differ in diameter and in the number of
layers fabricated, the table reports quantities and prices in three unit conventions: raw wafers,
200mm-equivalent wafers, which is the standard industry convention, and layer-adjusted square

meters, which is the unit in which our model and estimation measure quantities and prices.

3.2 Fab Capacity and Investment

Information on fab capacity and investment comes from a proprietary database collected by
SEMI, the global industry association serving the semiconductor manufacturing supply chain.
The dataset we obtained covers the universe of fabs worldwide on the quarterly basis for 1995—
2015. For each fab-quarter, the data report the installed capacity, manufacturing technology,
wafer size, any ongoing investment (either in construction or equipping the fab), the type of
investment (e.g., constructing a new fab or upgrading an existing fab), and investment amount.
The data also provides a rich set of fab characteristics, including the location, ownership,
and whether the fab manufactured specific types of products (e.g. micropressors) or was a
dedicated foundry for contract manufacturing of a wide range of products. This dataset allow

us to examine the capacity and investment decisions of contract manufacturers.
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Table 2: Summary statistics of wafer orders, 2003Q4-2015Q3

Count Mean Std Min Max

Quantity (# wafers) 11927  2704.59  9977.55 1 53000
Quantity (# 200mm-equivalent wafers) 11927 3530.20 14946.03  1.00  530000.00
Quantity (m?) 11927 3462.05 1674143 0.44  466212.34
Price/wafer 11927 1578.58 1302.25 100.00  10340.00
Price/200mm-equivalent wafer 11927 119293 651.34  152.00  8000.00
Price/m? 11927 1437.13  1626.96 212.21 90541.48
# of layers 11927  27.66 8.47 1 55
Wafer size (mm) 11927  217.10 46.06 100 300
Technology generation 11927 10.83 2.01 6 17
Fab location
China 11927 0.05 0.23 0 1
North America 11927  0.06 0.23 0 1
ROW 11927  0.20 0.40 0 1
Taiwan 11927 0.69 0.46 0 1

Note: Quantity in 200mm-equivalent wafers= #wafersx (surface area of wafer ordered/ surface area of 200mm
wafer). Measuring wafer quantities in 200mm equivalents is standard practice in this industry. Quantity in m? =
#wafersx #of layersxsurface area/wafer. Price/200mm-equivalent wafer=price/wafer+(surface area of wafer
ordered/ surface area of 200mm wafer). Price/m? =price/wafer-(#of layersxsurface area/wafer). Technology
nodes (in nm) are converted into integer values representing technology generations. The conversion process is
detailed in Appendix . All monetary values are in USD and are not inflation-adjusted.

However, it is important to note that while our data on fab investment is detailed, it lacks a
breakdown of the investment amount into manufacturers’ own out-of-pocket spending (through
reinvestment of revenue or financing) and subsidies and other incentives received from local
and national governments. These benefits are not always transparent (OECD|, 2019), and
our data provider has confirmed the difficulty in collecting comprehensive information about
government incentives in fab investments. Table H shows the summary statistics of this dataset,
with capacity and capacity changes reported in the same three unit conventions as the wafer

orders.

3.3 Industry and Firm Performance

We supplemented our two proprietary data sources by collecting additional information on
industry and firm performance from a variety of publicly available data sources. We gathered
annual contract manufacturing revenue figures for top contract manufacturers from data tables
released by IC Insights, a semiconductor industry intelligence firm. This dataset spans top
pure-play foundries for 2000-2004 and includes both top pure-play foundries and IDMs for
2005-2017.
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Table 3: Summary statistics of fab capacity and investment, 1995Q1-2015Q4

Count  Mean Std Min Max

Fab capacity
Capacity (wafers/month) 35293  23405.79 23540.31 25 245000
Capacity (200mm-equiv wafers/month) 35293  21698.17 38232.27 20 528750
Capacity (m?/month) 35293  20627.40 51879.50 2.52 773459.70
IDM fab 35293 0.79 0.41 0 1
Wafer size (mm) 35293 170.69 54.25 75 300
Technology generation 35293 8.65 3.28 3 19
Fab location

China 35293 0.10 0.30 0 1

North America 35293 0.24 0.43 0 1

ROW 35293 0.56 0.50 0 1

Taiwan 35293 0.10 0.29 0 1
Fab investment projects
Investment amount (millions) 1185  395.28 665.24 1.50 5725
Construction investment amount (millions) 1185 62.47 165.19 0 1540
Equipment investment amount (millions) 1185 332.81 531.00 0 4210
Project duration (quarters) 1185 9.09 7.01 1 98
Construction duration (quarters) 1185 1.44 2.27 0 13
Change in tech generation 1185 2.93 4.60 -3 18
Change in capacity (wafers/month) 1185  12856.94 19814.20  -15000 175000
Change in capacity (200mm-equiv wafers/month) 1185  17658.98 36264.54  -6750 393750
Change in capacity (m?/month) 1185  20320.27 45874.66 -1487.28 575980.63
Investment type

New construction 1185 0.26 0.44 0 1

Tech upgrade 1185 0.10 0.30 0 1

Capacity expansion 1185 0.33 0.47 0 1

Upgrade and expansion 1185 0.18 0.38 0 1

Maintenance 1185 0.13 0.34 0 1

Note: Capacity in m?/month= wafers/monthxpredicted avg layers/waferx surface area/wafer. Avg lay-
ers/wafer predicted by linear regression of observed avg layers/wafer for each tech generation on the tech
generation (R? = 0.984). Observations with extremely old technologies >3300nm dropped due to negative
predicted layers. Construction duration corresponds to the observed quarters of construction spending. Project
duration equals the greater of the observed quarters of construction and equipment spending or the quarters
needed for the fab to reach maximum capacity within a year after the investment ends. Negative capacity
change may occur when tech is upgraded. Negative tech change may occur when capacity is expanded. For new
constructions, initial capacity and technology generation are set to zero, so their changes equal the constructed
facility’s capacity and technology generation. 86 investment projects dropped due to missing capacity informa-
tion. 24 investment projects dropped where both tech change and capacity change in 200mm equivalent were
nonpositive. This happened due to various reasons, such as significant changes in product mix, fabs having
multiple lines that invested in older technology than their most advanced line, etc. While we hope to investigate
this further, the scarcity of these observations and the granularity of data required prevent us from doing so.
Projects starting before 1995Q1 or ending after 2015Q4 are excluded due to incomplete investment data outside
this range, as the raw data only records investment amounts in the quarters they occurred. Appendix D details
the sample construction and excluded facilities. The rest of notes of Table P apply.

Additionally, we collected quarterly firm performance metrics, including contract manufac-
turing revenue, gross margin, R&D spending, and capacity utilization, from quarterly reports
of publicly listed contract manufacturers. One limitation of this dataset is that IDMs do not
separately report their contract manufacturing revenue, so our data exclusively covers pure-play

foundries. Our dataset includes information for TSMC, UMC, SMIC, and four other pure-play
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foundries. For leading contract manufacturers like TSMC, UMC, and SMIC, their quarterly re-
ports provide further insights into the revenue shares of different generations of manufacturing
technologies and across various geographical regions. We also gather this type of information
whenever it is available.

To assess the overall macroeconomic demand for semiconductors, we utilized publicly avail-
able data from the World Semiconductor Trade Statistics (WSTS) on aggregated semiconductor
sales. These figures are based on net billings between semiconductor firms and their end cus-
tomers, authorized distributors, and divisions or subsidiaries that manufacture end products.
WSTS, a non-profit mutual benefit corporation, serves the global semiconductor industry by
collecting monthly revenue data from its members and distributing it in aggregate form back
to them. This data series is extensively used by the semiconductor industry to gauge overall

industry demand.

4 Model

We endogenize manufacturer profits and how they change with the number of competitors
and capacity constraints using a stylized model of bargaining, where each buyer engages in
multilateral bargaining with multiple manufacturers. This model reflects key pricing drivers in
the contract semiconductor manufacturing industry, including production costs and competitive
pressure from rivals (Acquired, 2025). Specifically, we assume buyers solicit bids from all
manufacturers with available capacity for the required technology generation, with capacity
fixed within each period. This structure effectively transforms the negotiation into a second-
price procurement auction, a modeling of negotiation similar to that in Allen et al, (2019)
and Miller et al] (2025). Each manufacturer’s marginal cost decreases as installed capacity
increases. Our model parsimoniously captures how firms achieve higher markups when fewer

competitors produce the same generation of technology and when they have larger capacities.

A Preferences and Cost Function

Let ¢ denote an individual chip designer that demands contract manufacturing capacity for the
generation of manufacturing technology ¢ in period t. Buyer i’s maximum willingness to pay
per unit quantity of generation g in period ¢ is denoted as v;;;. When more than 1 manufacturer

has available capacity and participates in bidding, the buyer maximizes the following utility
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function by choosing which contract manufacturer, denoted as j, to use:
}g\%ﬁ Vigt + Kigr - 1(ge0gigr € {geogét}) - ngr (1)

Jigt denotes the set of contract manufacturers that have available capacity and participate in
bidding for ¢’s contract. This set may include both pure-play foundries and IDMs. k;q > 0
represents the shock to the buyer’s utility associated with contracting with a manufacturer in
the same geographic region. It can, for example, be interpreted as a government subsidy or
tax exemption that benefits the buyer. The indicator function 1(geog;, € geog;t) is equal to 1
if manufacturer j has available capacity in the same region as ¢, and it implies that s, only
affects the buyer’s payoff from contracting with a regional manufacturer. We assume that ;g
is drawn i.i.d. across i,¢,t from a distribution H(-). Thus, a given buyer contracting with
different regional manufacturers receives the same K. pggt denotes the price manufacturer j
charges. A transaction occurs when the j that maximizes Equation @) results in the equation
being greater than or equal to zero.

We assume that the manufacturers have a buyer-specific marginal cost of manufacturing in
generation g and period ¢t. We parametrize this cost as:

ngt = fgt +¢— f(q;tu gtz + Cfi(;? — A~ 1(geogig: € {9609215}) + Wjigt- (2)

%

9

cgt is the common cost of manufacturing generation g technology in period ¢, shared by all
manufacturers. c¢; is a manufacturer-specific component of marginal cost; this term allows for
particular manufacturers to have persistent cost advantages. Qgt captures available capacity
from manufacturer j for generation g in period t. qgt is a vector of all order quantities across

buyers ¢ to be fulfilled by firm j for generation ¢ in period t. f (qgt, Qgt) is a function that

af(qzt {Qét)
2Q7,

captures both the scale effect and the lower opportunity costs faced by manufacturers with

allows marginal costs to vary with firm capacity utilization. We constrain > 0, which

larger capacity when accepting orders from current buyers. The first three terms do not vary
across buyers within the same technology generation and time period for manufacturer 5. To

simplify the notation, we denote these terms by the letter c;t.

geog

7777 is the region-specific manufacturing cost for buyer i’s order. A manufacturer operating

Jyigt

multiple facilities across regions may face different marginal costs in each region. A is the re-
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gional manufacturer cost advantage, which captures marginal cost savings generated by domes-
tic manufacturing, through subsidies, lower transportation costs in the same region, and so on.a
Note that A+ k;g can be interpreted as the total tax breaks, savings on tariffs, or subsidies that
are realized in a given regional buyer-seller relationship. wj gt K r () = cgt - Gumbel(—~o,,, 0,,)

is an idiosyncratic error term that captures the remaining variations in the marginal cost for

manufacturer 5 to manufacture chips for buyer i. v is the Euler-Mascheroni constant.E

B Negotiation Process, Information, and Timing

For a given time period ¢, before all negotiations begin, there is mass I ~ Dg(-) of buyers for
generation g in period ¢, drawn from a demand distribution Dy(-) that evolves over time. These
buyers arrive simultaneously at ¢ and each buyer 7 seeks to contract manufacturing capacity
through the negotiation process with all manufacturers with available capacity. Each buyer ¢
chooses the technology generation g and the quantity of chips ¢4, which is perfectly inelastic
and exogenous to the bargaining p1rocess.B We explore allowing for elastic individual order
quantities that vary with order prices in Appendix @

We assume that each buyer’s willingness to pay, quantity of chips ordered, and each man-
ufacturer’s available capacity and marginal cost function are common knowledge, known by
all manufacturers for all buyers ¢ and generations g in period ¢. Let common knowledge be
represented by the letter s, The only private information in this game is wj 4, which is each
manufacturer’s own private idiosyncratic cost specific to each buyer contract. Each manufac-
turer only knows their own cost and the common distribution F'(-) from which all idiosyncratic
costs are drawn.

We assume the reservation price is equal to vy + Kige - 1(g€0gigr € {geoggt}). Manufacturers

participate in bidding for the buyer’s contract only if they can provide positive utility; that

5If the manufacturer has available capacity in the same region as the buyer, we assume that the order will
be manufactured in that region. If not, we assume that the order will be manufactured in a randomly selected
region where the manufacturer has capacity for generation ¢ in period .

6We adjust by —vyo,, so that the expected mean (i.e., inclusive value) of the distribution of wjige is 0 as in
Allen et al) (2019).

"We estimate individual order demand elasticities in Appendix @B and find that they are statistically
indistinguishable from zero, with tight confidence intervals, consistent with perfectly inelastic demand. It
is also reasonable to assume that the quantity and product characteristics demanded are inelastic because the
quantity and the kind of chips a chip designer needs largely depend on downstream chip demand from electronics
manufacturing. According to [C Insights (2022), the semiconductor content’s value share in electronic systems
was only 21-26% between 2004 and 2015, which corresponds to our sample period. Another justification for
this assumption is the periodic capacity shortages and gluts observed in this industry. If quantities were elastic,
manufacturers could have adjusted prices to smooth out the shortages and gluts.
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is, when vy, + Rigt - 1(geogige € {geogjg}) > C;t + c?’eizf — X 1(geogig € geogét) + wjigr- If noO
manufacturer can offer a positive net utility to the buyer, no transaction takes place, and the
buyer exits. The negotiation process and the resulting equilibrium price of the game proceed
as follows.

One Manufacturer Bidding: If there is only one manufacturer with available capacity partic-

ipating, we assume that bargaining takes the form of one TIOLI offer made by the manufacturer

to the buyer. The transaction takes place and the manufacturer charges:

sz = Vigt + Kigt - 1(ge0gigt € {geoggt}). (3)

Multiple Manufacturers Bidding: If there are multiple manufacturers with available capac-
ity participating, the buyer runs what is strategically equivalent to a second-price procurement
auction, the sealed-bid counterpart of a descending (reverse) English auction. The winning

manufacturer, which we index as j = (1), charges:

1 2 eo 2 1
Dlgl = ¢t + clsrt, — 1geogiqr € {geogsy N+ Figt) + W2y igr + igr - 1(geogiar € {geogyy’}),

(4)
where j = (2) indexes the manufacturer which provides the second-highest utility for the buyer
(which takes into account both marginal cost and regional match benefits k4 ).

C Expected Manufacturer Profit

If there is only one manufacturer with available capacity bidding, that manufacturer makes the

following profit from each unit ordered:

Tj.igt(Sgt) = Vigt + Kigt - 1(geogigr € {9609215}) - (C;t + ot — A - 1(geogig € {96095},:}) + Wjigt)-
(5)
If there are multiple (> 1) manufacturers with available capacity bidding, the expected profit

of the winning firm j = (1) per unit quantity ordered is:

. 1 1 €eo 1
Elrjig(se)|i = (V)] = Elply)(sg)] — (i +cl579, — A+ 1(geogiy € {geogy'}) +wayig), (6)

Because the idiosyncratic cost shocks are i.i.d. extreme value, each manufacturer’s probability of
winning, Pj;.:[7 = (1)|s4], takes a logit form in effective relative costs. The buyer’s willingness

to pay drops out in that expression because it is common across all participating manufacturers.
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The expected winning price is given by the expected second-lowest effective cost among bidders.
Appendix El! reports the corresponding closed-form expressions.

The order-level expected profit for j contracting with 7 is the quantity g;,; multiplied by the
expected profit upon winning, E[7;4(84)|7 = (1)], and the probability of winning (conditional
on j participating in bidding for i’s contract). The total expected profit of manufacturer j in
period t sums the order-level expected profits across buyers where j participates in bidding and
across technology generations and subtracts other fixed cost of goods sold, such as labor costs

and manufacturing overhead, which we represent by C:

Elmju(s)] = —Cje+ Y Z Elmjige(sge)ld = ()] - Pyigeld = (1)[8ge] - dige- (7)

5 Model Estimation

5.1 Parameterization, Identification, and Calibration

This subsection specifies a functional form for each object of the model, states the variation
that identifies each parameter, and notes the quantities we calibrate. We proceed in the order
of the profit function: the marginal cost components of Equation (E), then fixed costs, then
demand, and finally the capacity available for contract manufacturing. Table @ summarizes the
resulting mapping from moments to parameters.

Common marginal costs At any given ¢, as g becomes more cutting-edge, the common cost
of manufacturing ¢, becomes larger. At any given g, as t goes on, ¢, becomes cheaper. Thus,

we parameterize ¢, as a function of generation g and period ¢:
Cqt = gt (8)

The parameters pinning down ¢, are identified by the variation in average prices by generation
and over time. In particular, o, captures how relative to some base cost aq corresponding to
our earliest observed generation and time period, average costs change across generations, and
oy similarly captures how average costs vary across time

Identifying firm versus place-based cost advantages c; is parameterized as a fraction
of cg, that is, ¢; = ¢ - cge. A cost-competitive manufacturer may have a negative ¢;, while a

high-cost manufacturer may have a positive ¢;. The value of ¢; for each j is identified through

8g = 5 and t = 2003Q3 are normalized to a value of zero in this equation.
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variation in the manufacturer’s revenue share. We assume that smaller pure-play contract
manufacturers for which we do not observe revenue (they collectively account for less than 10%
of the contract manufacturing market) share the same value of ¢;, which we normalize to zero.
Additionally, we assume that IDMs share the same, relatively large positive value for ¢;pay,
given that their fabs are not optimized for handling the diverse product mix characteristic of
contract manufaucturing.E The revenue share of IDMs within the total contract manufacturing
market identifies ¢;pas.

CN _NA CROW
)

We parametrize ¢J°7 to take on four possible values: ¢“%, ¢ ,and ¢V, representing

Jrigt
the region-specific manufacturing cost for mainland China, North America, Rest of the World,
and Taiwan respectively. Each of these four terms is parameterized as a fraction of ¢y, that is
c9%%9 = ¢9°%9 - ¢4y, and ¢fOW i normalized to zero.

Separating the location components ¢°* from the firm components ¢; is central to our
counterfactuals because it determines how much of TSMC'’s efficiency can be carried to a new
location: relocating a fab preserves the firm component but replaces the location component
with that of the destination. Two sources of variation separate these components, and a third
pins down the scale on which both are measured.

First, firm identity is observed in the revenue and margin data. Differences in these out-
comes across manufacturers producing in the same region therefore help identify the firm com-
ponents. Second, many manufacturers operated facilities in multiple regions during our sample
period, providing within-firm variation in exposure to different location components. For ex-
ample, during our sample period, TSMC operated fabs in Taiwan, mainland China, and North
America, while UMC operated fabs in Taiwan, mainland China, Singapore, and Japan. As a
manufacturer’s capacity shifts across regions, the cost efficiency of its overall capacity portfolio
changes even though its firm component remains fixed. The resulting changes in its cost com-
petitiveness generate corresponding changes in its revenue relative to that of its competitors.
This helps identify the location components separately from the firm components. Variation in
where each manufacturer produces thus helps distinguish the cost advantage associated with

being TSMC or UMC from the cost advantage associated with producing in Taiwan rather than

elsewhere.

9The only exception is Samsung, which had dedicated foundries for contract manufacturing during our sample
period. We estimate its Csamsung Separately from the rest of the IDMs.
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Third, the price moments, formed by region within each technology generation and period
and used to pin down the common cost ¢4, help fix the scale of ¢; and ¢9°. Because both
the firm and location components are parameterized as fractions of the common cost, the
level of ¢4 determines what a given difference in revenues implies for ¢; and ¢9°9. Prices
are informative about this common cost level rather than providing a direct measure of the
winning manufacturer’s cost, because the transaction price in our model equals the second-
lowest effective cost among bidders rather than the cost of the manufacturer that fulfills the
order. All parameters are estimated jointly, so these sources of variation operate simultaneously
rather than sequentially.

Scale effects and opportunity cost For computational tractability, we assume that f (qgt, ét) =
C- ln(Qgt), where ¢ > 0. This specification allows manufacturers with larger installed capacities

to be more cost efficient, reflecting both economies of scale and the lower opportunity cost of
accepting orders from current buyers. The parameter ( captures the decline in marginal cost as

a manufacturer’s installed capacity for a technology generation increases, and we parameterize

it as a fraction of cy, that is, ( = C~ - cq¢. Variation in utilization across manufacturers and over
time, driven by changes in installed capacity, identifies C.

Under this assumption, the model does not impose a hard capacity constraint. Instead,
marginal cost declines as installed capacity increases, which induces manufacturers with larger
capacity to win more orders and fill that capacity. A limitation of this approach is that a
manufacturer could, in principle, receive orders far exceeding its installed capacity, whereas
in the data, utilization never exceeds 110%. Addressing this fully would require solving for
the equilibrium price at which the equilibrium quantity is consistent with installed capacity.
However, characterizing equilibrium bidding strategies when marginal cost depends on quantity
and utilization, rather than on installed capacity alone, is non-trivial both theoretically and
computationally. We therefore retain this simplification in the baseline model and explore
relaxing it in Appendix @, where we show that our main policy counterfactual results are
robust to imposing a capacity cap corresponding to 110% utilization.

Proximity benefits We assume that ;g = Kig - cge, Wwhere R, is drawn from an exponential
distribution with rate parameter o, (so that E[f,] = 1/0,), and A = X - ¢y, where \ is a

constant parameter. Together, these two terms capture the benefits of geographic proximity
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between a manufacturer and its buyer, which industry participants attribute to lower shipping
and logistics costs, easier coordination between design and manufacturing teams, and better
protection of intellectual property. The two operate on different sides of the transaction: A
is a cost saving to the manufacturer from serving a same-region buyer and is common across
matches, while k;4 is extra value to the buyer from contracting with a same-region manufacturer
and varies across matches, reflecting heterogeneity in how much individual buyers value co-
location. In equilibrium the two enter bids symmetrically, so a same-region manufacturer
enjoys an effective advantage of A\ + k;4 over otherwise identical rivals in the auction for buyer
’s contract. X is identified by differences in the revenue share from Chinese buyers between
mainland Chinese and Taiwanese manufacturers, while o, is separately identified by variation
in this share across periods and manufacturers: a common cost saving shifts the average share,
whereas dispersion in the share across otherwise similar manufacturers and periods reflects the
distribution of buyer-side match values.
Idiosyncratic buyer-manufacturer-specific cost w;;,; captures variation in prices not ex-
plained by generation-period, manufacturer-specific, or location-specific components. The re-
maining variation in prices identifies o,.
Fixed costs The other fixed cost of goods sold, C}, is parameterized as follows:

Ci= Y C*7-In(Q}), (9)

keKj,

where Q?t is the installed capacity of facility k£ that manufacturer j operates. C'9¢% varies by re-
gion, with three region-specific values: CY (China), CNAEOW (North America and ROW), and
CTW (Taiwan). The €99 terms are identified through occurrences of negative gross margins
among manufacturers with facilities in different regions. Because we do not observe margins
for any manufacturer whose installed capacity is predominantly located in North America, we
combine North America and ROW into a single category. The total fixed cost is the sum of
these facility-specific costs.
Demand To simplify computation, we assume that buyer willingness to pay (v;,) is high
enough that the manufacturer participation constraint never binds, so all manufacturers with

available capacity for a technology generation and period participate in bidding. A consequence
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is that we cannot identify buyer willingness to pay itself.E We discuss the implications of this
assumption in Section B

The demand distribution Dg(-) is parameterized as a deterministic categorical distribu-
tion dg(geog;|-) of contract share by buyer geographical location multiplied by a fixed dis-
tribution of contract share by distance to technology frontier d(g"** — g;), scaled by the
WSTS semiconductor end product sales time series and a demand scaling parameter op:
Dy(-) = op - WSTS1 - d(g™™ — gi) - dgt(geogi|-).EI Because we observe both price and
quantity for a representative set of orders, total revenue in the contract manufacturing market
helps identify the demand scaling parameter op.

We assume that the share of contracts by distance to technology frontier d(g;"** — g;;) does
not change across time and estimate these shares by aggregating orders by distance to frontier
in our entire orders data.

For simplicity, we assume buyer locations fall into three categories: mainland China (CN),
North America (NA), and the rest of the world (ROW), since mainland China and North
America are at the center of the recent policy changes. The share of contracts from each buyer
region, dg(geog;|-), follows a multinomial logit in the order’s distance to the technology frontier
and in time. For example, the share of contracts from Chinese buyers is parameterized as

€$p(l(?N + llcYN@;mx - git) + l2CNt)
L SN cap(igeon 4 1 (g — gi) + 15°01)

geog

dgi(geogi = CN|gi,t) = (10)

The shares of North American and ROW buyers are defined analogously, with ROW serving
as the reference category; Appendix @ reports the full functional forms. These functional
forms are informed by industry knowledge: North American buyers on average demand more
cutting-edge technologies, and the share of Chinese buyers has steadily risen while the share
of North American buyers has fallen since the 2000s. For each region, the logit intercept is

identified by the average revenue share from that region’s buyers across manufacturers, the

10Tn principle, vig¢ could be identified from monopoly situations, where the equilibrium price equals the
buyer’s willingness to pay plus any regional manufacturer benefit (k;q;), or from variation in the set of potential
bidders over time, as in Kong (2022). We observe no monopoly generation-periods in our data, and the second
approach would require solving the model for every possible set of entrants at each candidate parameter vector,
which is computationally very costly in our setting, since the set of potential entrants includes many small firms
beyond the industry leaders we focus on.

HWe use a one-quarter lead of the WSTS series due to a typical lag of one quarter between manufacturing
demand and sales data. Manufacturers often see demand shifts from chip designers a quarter before these are
reflected in chip designers’ sales. Notably, manufacturing orders usually peak in the second quarter and dip in
the third, while semiconductor sales peak in the third quarter and fall in the fourth.
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distance coefficient by comparing these shares across manufacturers with different technology
portfolios (e.g., TSMC vs. UMC, SMIC vs. Hua Hong), and the time trend by tracking the
shares for the same manufacturers over time.

Capacity available for contract manufacturing For a pure-play foundry, all of its capacity
is available for contract manufacturing. For an IDM, we assume that a random proportion mg?t
of each facility’s capacity is available for contract manufacturing in period ¢, drawn each period
from a distribution centered at zero, since IDM capacity is, in expectation, fully utilized by the
IDM’s own products. We calibrate the standard deviation of the underlying draw at o; = 0.05,
as fabs usually need utilization above 95% to justify their fixed cost investment; m is calibrated

rather than estimated because it cannot be separately identified from the IDM-specific marginal

cost ¢rpayr. Appendix @ gives the exact specification.

5.2 Estimation Method and Moments
Let 0 = {ag, oy, ay, {&;}, {399}, C, N, 0, {C909} 0, ISN AN ISV IVAINAINA 51} represent
the parameters to be identified. We estimate these parameters using the method of simulated
moments (McFadden|, 1989), which searches the parameter space to minimize the differences
between simulated and actual data patterns. Specifically, at each iteration of the estimation
algorithm, we use the current combination of 8 parameters to first simulate the number of
buyers, I, ~ Dg(-), based on our parameterization. Next, we simulate a series of multilat-
eral negotiations between buyers and the available manufacturers using our negotiation game.
These negotiation outcomes generate the simulated data moments, which we compare to the
actual data moments. The parameter combination that minimizes these differences provides
the recovered model-implied estimates for 8. The data moments matched by our estimation
routine are shown in Table @

To estimate the optimal model parameters, we minimize the following weighted distance

function between observed and simulated moments:

m—m(e)}’wlm—m(e)]’ 0

m

where L(0) is the objective function to be minimized. m is the vector of empirical moments
calculated from observed data. (@) is the vector of simulated moments generated by the

model using parameters 6.
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Table 4: Moment Conditions

Moment Description Parameters Data Source
Identified
margin;,(0) The gross margin of manufacturer j in period {Cleog} Quarterly reports
t, for the subset of firms with available margin
data.
PMEANGeog (0)  The average price for each technology genera- — ag, o, oy GSA orders

tion, period, and fab region.

PUAT geog gt (0) The variance of prices within each technology Ow GSA orders
generation, period, and fab region.

revenue;,(6) Annual revenue for manufacturer j, available {¢;}, {¢9°®9} IC Insights
for a group of leading contract manufacturers,
including both pure-play foundries and IDMs.

revenue;;(6) Quarterly revenue for manufacturer j, available {¢;}, {¢9°*} Quarterly reports
for a subset of pure-play foundries.

revenue,(0) Annual contract manufacturing market rev- op IC Insights
enue, available for a subset of years.

revsharerpary(0) The revenue share coming from IDMs among all CIDM IC Insights
contract manufacturers, available for a subset of
years.

utilization;; (@)  The average capacity utilization rate for man- ¢ Quarterly reports
ufacturer j, available for a subset of firm-
quarters.

revsharej; cn(0) Revenue share from Chinese buyers for man- o, ;\, IS,

ufacturer j, available for a subset of firm- ¢V [$N

quarters.

Quarterly reports

ZNA lNA
0o "1 >
ZNA
2

revsharej, y4(0) Revenue share from North American buyers for Quarterly reports
manufacturer j, available for a subset of firm-

quarters.

Note: Every simulated moment additionally takes the SEMI fab capacity data as an input, since the set of
manufacturers and their regional capacity composition determine the bidder sets in each simulated market; the
revenue moments therefore embed the within-firm regional variation that separates {¢;} from {¢9¢®9}. The
demand distribution is scaled by the WSTS semiconductor sales series. For information about data availability,
please see Appendix D).

m is a vector of scaling factors used to normalize the moments. The moments in our
data have widely different scales. For instance, gross margins and utilization rates are small
numbers (e.g., 0.3 or 0.98), while revenue figures are in millions of dollars. To make these
moments comparable, we normalize each moment by dividing it by the mean value of that

moment type in the observed data. For example, for manufacturer j in period ¢, the margin

observed margin;; —simulated margin

moment is It This normalization is captured by the m term in the

mean observed margin

objective function.
The weighting matrix W balances the contribution of different moment groups in the ob-
jective function. Since we have unequal numbers of observations across moment types, we use

weights to ensure each group contributes equally to the estimation. The matrix W is diag-

onal, with entries being the inverse of the number of moments in each group. For example,
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manufacturer-year revenue has 139 observations in our sample period, so these moments receive
a weight of 1/139. IDM revenue shares have 8 observations, so these moments receive weight
1/8. This weighting scheme prevents the objective function from being dominated by moment
groups that simply have more observations, ensuring all moment conditions contribute mean-
ingfully to parameter estimation. Consistency of our estimator does not depend on this choice
of weighting matrix: method of simulated moments estimators are consistent for any positive

definite weighting matrix (Hansen, 1982; McFadden, 1989; Pakes and Pollard, 1989).

6 Estimation Results

We present our estimated parameters in Table B The first three parameters capture the evolu-
tion of the common, generation-specific marginal manufacturing cost over time. As expected,
the estimate for o, is greater than 0, indicating that more advanced technology is more expen-
sive to manufacture at any given time, while the estimate for o, is smaller than 0, suggesting
that manufacturing costs decline as the technology matures. The estimates imply that for
g = 5 and t = 2003Q3, which are normalized to zero in Equation E, the common marginal
manufacturing cost is $2811.05 per m?.

Firm-specific and region-specific marginal costs capture deviations from the common marginal
cost. The baseline category omitted in the estimation consists of smaller pure-play foundries
located in the Rest of the World (i.e., outside mainland China, Taiwan, or North America). For
these firms, the evolution of marginal cost is reflected by the common marginal cost estimates.
For other firms, including larger pure-play foundries and IDMs, the firm- and region-specific
estimates capture deviations from this common component.

For example, ¢rsyc = —0.1396, ¢y = —0.0940, and ¢y = 0.0003. This implies that, on
average, the marginal cost of a TSMC fab located in Taiwan is lower than that of a small pure-
play foundry located in North America by [(—0.1396 — 0.0940) — 0.0003] x 100% = —23.39% of
the common marginal cost for that technology generation and quarter, all else equal. Similarly,
the marginal cost of a TSMC fab located in Taiwan is lower than that of a TSMC fab located
in North America by [(—0.0940) — 0.0003] x 100% = —9.43% of the common marginal cost for
that technology generation and quarter, all else equal.

0. and X capture the savings and benefits of contracting with a manufacturer in the same

region as the buyer. The estimates imply that this benefit on average is (1/228528.0892 +
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0.0796) x 100% = 7.96% of the common marginal cost under the relatively stable policy envi-
ronment between 2004 and 2015.

Estimates for region-specific fixed cost of manufacturing captures how much this cost in-
creases as fabs located in the respective regions expand capacity. For a 1% increase of capacity
in a fab located in mainland China, the estimate implies that the fixed cost of manufacturing

would increase by 1% x 155030.0707 = $1550.30 per quarter, all else being equal.

Table 5: Estimation results

Parameter Description Parameter Coeflicient 90% confidence interval
Common marginal cost o 2811.0498 [2725.6116, 2910.9951]
a, 0.4619 [0.4462, 0.4711]
ay —0.3209 [-0.3294, -0.3128]
Firm-specific marginal cost I —0.1396 [-0.1572, -0.1207]
Cume 0.0291 [0.0157, 0.0401]
Cylobal foundries 0.0065 [-0.0630, 0.1594]
Csamsung —0.0036 [-0.0727, 0.0891]
Csmic 0.0126 [-0.0107, 0.0497]
Eehartered —0.1761 0.2269, -0.1274]
Chuahong 0.0666 [0.0402, 0.0988]
Crower 0.0178 [0.0047, 0.0340]
Cpowerchip 0.0537 [0.0399, 0.0701]
Coanguard —0.0239 [-0.0445, -0.0041]
CIpM 0.0408 [0.0290, 0.0544]
Region-specific marginal cost con —0.0129 [-0.0186, -0.0084]
CNA 0.0003 [0.0000, 0.0007]
Crw —0.0940 [-0.1030, -0.0875]
Regional manufacturing savings/benefits o, 228528.0892  [4356.5500, 829780.8450)
A 0.0796 [0.0780, 0.0800]
Region-specific fixed cost Cen 155030.0707  [38168.4502, 256013.4074]
CNarow 876742.8324 [744002.6066, 1003001.0859]
Crw 424 324.7158  [301652.2431, 520122.9124]
Buyer location parameters IS~ 0.3720 [0.1997, 0.6363]
1N —0.2028 [-0.2194, -0.1868]
1SN 0.0683 [0.0382, 0.0869]
A 9.5289 [9.2160, 9.9743]
[NA —1.7416 [-1.7866, -1.6895]
1A —0.1149 [-0.2594, -0.0138]
Effect of scale on marginal cost ¢ 0.0374 [0.0359, 0.0395]
Idiosyncratic variation in marginal cost o, 0.1525 [0.1425, 0.1584]
Demand scaling parameter oD 27.3083 [25.8972, 28.7691]

Note: We simulate and estimate the parameters 50 times, where the number of buyers, wj g, Kigt, and other
variables in the simulated data are randomly drawn for each simulation. The reported coefficients are mean
values across the 50 estimations. The 90% confidence interval is constructed by taking the 5th percentile and
95th percentile of the estimates across the 50 estimations. The confidence interval accounts for simulation errors.
Since we only have one global market for contract manufacturing, we do not draw with replacement from the
observed data; thus, these confidence intervals do not account for sampling errors in the observed data.

The buyer location parameters capture how the share of buyers from mainland China, North

America, and the Rest of the World (including Taiwan) changes with technology generation and
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time. Three key patterns emerge from these estimates: (1) North American buyers represent a
large share of the buyer pool, as indicated by the large positive estimate of )’ and the relatively
small estimate of I§V. (2) More advanced technology generations have a higher proportion of
North American buyers, reflected by the large negative estimate of [¥4 and the relatively small
estimate of I§V. (3) The share of mainland Chinese buyers has been increasing over time at the
expense of North American buyers, as shown by the positive estimate of ISV and the negative
estimate of [)'4. These patterns are consistent with industry knowledge.

The scale effect f is estimated at 0.0374, implying that a 1% increase in a fab’s installed
capacity reduces the marginal manufacturing cost by 1% x 0.0374 = 0.0374% of the common
marginal cost, all else being equal. o, is estimated at 0.1525, indicating a substantive buyer-

manufacturer specific idiosyncratic marginal cost. One standard deviation of this idiosyncratic

cost is \/7m2/6 x 0.15252 x 100% = 19.56% of the common marginal cost.

7 Policy Counterfactuals: TSMC Fab Location Case Study

We study a detailed case of TSMC Fab 14’s location choice amid various potential policy
combinations. In this exercise, we perturb the location of a single facility, holding fixed all
of TSMC’s other investment decisions and the equilibrium industry structure described in
Section @ The location comparison can thus be read as a partial derivative of the firm’s
investment problem with respect to the location choice, and the policy scenarios as cross-
partial effects that measure how each policy alters that comparison. We find that relocating to
the U.S. generates billions in flow static profit losses for TSMC under different combinations of
domestic and foreign policies, with the exception of import tariffs. We also find that fab losses
from locating in the U.S. increase as technologies mature. This suggests that policymakers
would need additional subsidies or other policies to incentivize TSMC to continue its U.S.
operations in the medium to long run after initial investments are sunk.

To calculate our counterfactuals, we simulate TSMC’s profit streams E[m;;(s;;0)] for t =
2004Q)2, ...,2015Q)3 (from the quarter Fab 14 began production through the end of our data
period) under these policy scenarios, comparing outcomes for Taiwan versus U.S. locations. We
also employ a machine learning approach to simulate the additional investment costs of building
and maintaining U.S. capacity if Fab 14 were located in the U.S. These costs include both the

initial construction and equipment expenses, beginning with the start of Fab 14’s construction
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in 2000, as well as the subsequent costs of expanding and upgrading the facility through the
end of our sample period in 2015. Using the fab investment data from Table B, we train
a multi-layer perceptron neural network with fab characteristics (e.g., manufacturer identity,
location, capacity, and technology) as input features and investment amount as the target
variable. This model achieves superior in-sample and out-of-sample performance in predicting
investment costs based on the characteristics of the fab investment project (see Appendix @
for details). Finally, we then compare profit changes against these estimated investment costs
while accounting for potential subsidies to determine the optimal location under each policy

scenario.

A Baseline Scenario

In the baseline simulation, we simulate TSMC'’s profit from 2004 to 2015 using cost and demand
parameters estimated from observed data, 8 = é\, while keeping Fab 14’s location fixed at its
actual site in Taiwan. This approach enables us to evaluate our model’s fit by comparing the

simulated profit totals in this baseline scenario with the actual profit totals.

Table 6: TSMC Fab Investment and Profit: Baseline vs. U.S. Relocation

Actual Simulated U.S. subsidy
Investment  Profit Investment Profit Direct ITC
- (1) (2) (3) (4) (5) (6)
Al Fab 14 —$6.6B  $77.1B —$6.7B $74.0B NA NA
in Taiwan (baseline) [5.8,7.5] [70.3,78.6]
B. Fab 14 NA NA —$7.8B $72.1B $0.8B  $2.0B
relocated to_the U.S. [6.7,8.8] [68.5,76.9]
Difference ([B—/Al) —$1.2B —$1.8B +$0.8B  +$2.0B

[~1.8,—0.6] [~2.5,—1.1]

Notes: Actual and simulated investment are undiscounted sums of investments in Fab 14 from 2000 to 2015.
Actual and simulated profit are undiscounted sums of profits for all of TSMC from 2004Q2 to 2015Q3; we do
not isolate Fab 14’s profitability due to potential substitution effects across production facilities. Simulated
profits are means across the 50 sets of 6 estimates described in the notes of Table , and simulated investments
are mean predictions from 30 independently trained MLP neural network models using different random seeds;
the 90% confidence intervals in square brackets are based on the 5th and 95th percentiles of the respective
simulations. Columns (5) and (6) report the direct subsidy and the Investment Tax Credit (ITC), the primary
manufacturing incentives under the CHIPS and Science Act, both treated as lump sums at face value: the
direct subsidy is set at 10% of total investment, matching TSMC Arizona’s $6.6 billion award on a $65 billion
investment, and the ITC at the 25% statutory rate under which that award was made. Appendix @ details
the statutory basis of the ITC and the tax offsets from which these face values abstract.

The first row of Table B presents TSMC Fab 14’s actual total investment from 2000 to
2015, alongside TSMC’s actual profits from 2004Q2 (when Fab 14 began production) through

2015Q3 (the end of our sample period). The same row also shows the simulated investment and
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profit for these periods, generated using our parameter estimates. The results demonstrate a
strong fit between the model and the data. The simulated investment amount—predicted based
on Fab 14’s project characteristics, such as capacity expansion and technology generation—is
nearly identical to the actual total investment. The simulated total profit for TSMC during
2004Q2 to 2015Q3 is $74.0 billion, with a 90% confidence interval of [70.3,78.6]. The actual
profit of $77.1 billion falls within this interval. Overall, the simulated investment and profit
closely match the actual figures. We use these simulated results as our baseline for comparison

with counterfactual simulations under alternative policies.

B Fab 14 Relocated to the U.S. Under Capacity Subsidies

In this simulation, we relocate Fab 14 to the U.S. in response to capacity subsidies similar to
those offered under the CHIPS and Science Act. These U.S. subsidies fall into two categories: a
direct subsidy and an investment tax credit (ITC). The ITC, established under Section 48D of
the Internal Revenue Code, entitles the firm to a credit equal to 25% of its qualified investment,
which includes the buildings and equipment integral to the fab, and offsets the firm’s tax liability
dollar for dollar. Because the statute’s elective payment provision makes the credit refundable
even when the firm owes little U.S. tax, the ITC functions as a cash payment proportional
to investment, much like the direct subsidy. We therefore treat both as lump-sum payments
received at face value; neither affects the marginal cost of production or the marginal cost and
benefit of operating in a specific geography. To isolate the effect of Fab 14’s location on market
competition, we hold constant all other dimensions of the investment projects and competitive
environment. The only change is Fab 14’s location. Accordingly, as in the baseline simulation,
we simulate TSMC’s profit from 2004 to 2015 using cost and demand parameters estimated
from observed data, 8 = 0. The second row of Table E presents the simulation results. First, we
find that the investment cost of building, expanding, and upgrading Fab 14 in the U.S. exceeds
that of equivalent projects in Taiwan by $1.2 billion. In addition, U.S.-based manufacturing
is less cost-effective, resulting in an estimated profit loss of $1.8 billion over the period, 83%

which is driven by our estimated differences in marginal costs 12

12\We can decompose profit loss into variable profit and fixed cost components. Losses from lower variable
profits in the U.S. location make up for 83% of total losses, and the remaining 17% of losses are due to higher
U.S. fixed costs (COGS).
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C Fab 14 in Taiwan vs. the U.S. Under the Current Policy Regime

Our main policy exercise evaluates Fab 14’s location under the combination of policies in effect
during our writing. To our knowledge, the primary policies altering the competitive landscape
of contract semiconductor manufacturing as of the end of 2024 were U.S. export controls on
sales to Chinese buyers and Chinese tax exemptions for domestic manufacturers; we refer
to their combination as the current policy regime. We acknowledge that the current policy
environment is prone to rapid changes. To interpret the combined effects, we also simulate
each policy separately. Columns (1) and (2) of Table H report these single-policy scenarios, and
column (3) reports the current regime.

We model the export controls after Industry and Security Bureau (2022), which restricted
the export of chips produced using 16/14-nanometer or more advanced technology nodes to
Chinese buyers. TSMC is affected by such controls due to its reliance on U.S.-origin tech-
nologies and equipment in its manufacturing processes. The rule took effect when TSMC’s
most advanced technology in volume production was 3nm, representing a four-generation gap,
so in our simulations we prohibit TSMC from contracting with mainland Chinese buyers for

technology generations within four generations of its frontier technology in each period.

Table 7: Simulated TSMC Profits in Taiwan vs. the U.S. Under Various Policy Regimes

U.S. Import Tariffs
U.S. CN U.S. Export Controls U.S. Export Controls
Export Controls Tax Exemptions CN Tax Exemptions CN Tax Exemptions

(1) (2) (3) (4)

Fab 14 $67.8B $70.6B $65.0B $65.0B
in Taiwan [64.6,72.2] [66.6,75.5] [61.4,69.6] [61.4,69.8]
Fab 14 $66.3B $68.8B $63.4B $70.9B
relocated to the U.S. [63.1,70.8] [64.8,73.5] [59.9,67.9] [67.2,75.8]
Difference —$1.6B —$1.8B —$1.6B +3$5.9B
[~2.3,~0.9] [~2.5,~1.1] [~2.3,-0.9] [5.0,6.7]

Notes: Column (1) simulates the 2022 U.S. export controls (Industry and Security Bureau, 2022) by prohibiting
TSMC from contracting with mainland Chinese buyers for technology generations within four generations of its
most advanced technology in each period. Column (2) simulates Chinese corporate tax exemptions (Ministry
of Finance of the People’s Republic of China et al), 2020) by reducing the region-specific marginal cost in China
(cen) by 5% of the common marginal cost (cg¢). Column (3) combines the two policies. Column (4) adds U.S.
import tariffs (York and Durante, 2025), simulated by reducing U.S. buyers’ willingness to pay (vig:) by 10% of
the common marginal cost for fabs located outside the U.S. Appendix details the calibration of each policy.
The remaining notes from Table i apply.

The Chinese tax exemptions described in Ministry of Finance of the People’s Republic of
China et al, (2020) reduce the standard 25% corporate income tax rate for chipmakers located in

mainland China to between 0% and 12.5%, depending on a firm’s technology portfolio and the
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number of years since the policy announcement. In our model, these exemptions act as marginal
cost subsidies for fabs operating in mainland China, since profit margins are determined by the
gap between the lowest and second-lowest marginal costs. Because it is unclear how much
of the tax savings are passed through to buyers in the form of lower bid prices, we apply a
conservative calibration, reducing the region-specific marginal cost in China (con) by 5% of
the technology-generation- and time-specific common marginal cost (c,). All other cost and
demand parameters are held at their estimated values.

Under the current regime, TSMC earns $65.0 billion when Fab 14 is located in Taiwan and
$63.4 billion when it is relocated to the U.S. Relative to the no-policy baseline, the regime
reduces TSMC’s profit by $9.0 billion when Fab 14 remains in Taiwan, and relocation adds a
further loss of $1.6 billion.

Columns (1) and (2) decompose this decline. Export controls alone reduce TSMC’s profit
in Taiwan by $6.1 billion,@ and Chinese tax exemptions alone reduce it by $3.4 billion. The
combined loss is slightly smaller than the sum of the two: some of the contracts lost under the
combined regime, primarily those of high-end Chinese customers affected by export restrictions
who could alternatively source from subsidized domestic manufacturers, would have been lost
to either policy alone. Across all three scenarios, the additional loss from relocating Fab 14 is
essentially unchanged, between $1.6 and $1.8 billion, indicating that the effects of these policies
and of relocation are largely additive: the buyers TSMC loses to export controls would have
contracted with it from either location, and the contracts lost to subsidized Chinese competition
are similar regardless of Fab 14’s location.

Figure @ suggests a mechanism behind this loss. It plots the annual additional profit loss
from relocating Fab 14 to the U.S. under the current regime. The reduction is uneven over
time, with significantly greater losses in the later years. This pattern reflects the changing
competitive environment and buyer demographics as Fab 14’s technology matures. Between
2005 and 2010, the reduction in profitability was relatively minor. During this period, Fab
14 remained at the cutting edge through successive upgrades—from 130nm in 2004 to 40nm

in 2008. At that stage, few manufacturers could produce similarly advanced chips, and most

13§74.0B in Table g column 4, minus $65.0B in Table H, column 3. 90% confidence interval: [7.8, 10.2].

14¢74.0B in Table f, column 4, minus $67.8B in Table [, column 1; the difference is computed from unrounded
simulation values. 90% confidence interval: [5.5, 6.8].

15§74.0B in Table [}, column 4, minus $70.6B in Table 1, column 2. 90% confidence interval: 2.4, 4.3].
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buyers of advanced nodes were located in the U.S. Although manufacturing in the U.S. entails
higher marginal costs, some of these were offset by cost savings associated with being in the
same region as the buyers. According to our estimates and industry knowledge, U.S.-based
buyers dominated demand for these advanced technology generations. The increased marginal
cost of producing in the U.S. (9.43% of the technology- and time-specific marginal cost cg;)
was nearly offset by cost savings associated with being in the same region as the buyers (7.96%
of ¢4), allowing TSMC to remain competitive and earn similar margins as it would with a
non-U.S. fab, resulting in only a small profit loss.

However, TSMC ceased upgrading Fab 14 after 2008. As the fab’s technology aged and fell
further behind the frontier, competition intensified, with more manufacturers capable of pro-
ducing these mature technologies and a growing share of buyers coming from outside the U.S.
This is precisely the maturation pattern documented in Section @: entry into Fab 14’s gener-
ations accumulated as the frontier advanced past them, and the demand that remained shifted
toward Asian buyers. In this context, a U.S.-based Fab 14 became increasingly uncompetitive,
leading to significant profit losses in the later years of operation.

These findings suggest that shifts in the competitive environment and buyer demographics
can significantly affect the profitability of U.S.-based fabs as their technology matures. If U.S.
policymakers seek to incentivize TSMC to maintain its typical fab strategy—building cutting-
edge facilities, upgrading them several times, and then allowing them to mature—they may
need to consider providing support at later stages of the fab’s lifecycle.

Incorporating the up-front investment subsidies reported in Table E, a 10% direct investment
subsidy (roughly comparable to the support received by TSMC’s Arizona fabs, $6.6 billion out
of $65 billion in total investment, or 10.2%) together with a 25% ITC amounts to $2.7 billion
in total incentives for locating the fab in the U.S. These subsidies more than offset the $1.2
billion increase in investment costs and come close to covering the combined $2.8-$3.0 billion
in additional investment costs and profit losses within our sample window under the policy
regimes in Columns (1)—(3) of Table H Their timing, however, differs sharply from that of the
losses: the subsidies are provided up front, whereas the profit losses are concentrated later in
the facility’s life and continue to accrue beyond the end of our sample period.

Viewed through the initial participation decision alone, up-front subsidies of this magnitude
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can therefore rationalize the decision to build, consistent with TSMC’s decision to construct the
Arizona facilities, announced in 2020 in anticipation of federal support and expanded substan-
tially after the CHIPS and Science Act awards. The sample window, however, understates the
losses from a U.S. location. Fab 14 continues to operate beyond 2015, its technology continues
to mature, and the annual profit losses from a U.S. location are largest in exactly these later
years. Because the subsidies are received up front while the losses accumulate for as long as the
facility operates, continued U.S. operations without additional later-stage incentives could be
a concern: TSMC could face incentives to wind down U.S. operations and to direct utilization
and upgrades toward its capacity in Taiwan instead. Policymakers’ perceived benefit of current
policies may be overly optimistic for this reason, and similar considerations apply to TSMC’s
Arizona fabs if these location-based cost differences persist.

The composition of the subsidy package sharpens this concern. The ITC accounts for
$2.0 billion of the $2.7 billion in total incentives, and it is by statute proportional to up-front
investment: it pays out as qualified property is placed in service, regardless of how long or
how intensively the facility subsequently operates. The largest instrument in the package is
therefore also the one most tightly tied to the participation margin and least able to reach the
continuation margin. The 2025 increase in the credit rate from 25% to 35% raises this share
further, expanding the package in precisely the dimension that our results suggest is not the
binding one.@

D Adding U.S. Import Tariffs to the Current Policy Regime

One additional policy option that has recently attracted significant attention is the use of import
tariffs. The U.S. government has discussed tariff rates of 25% or higher (York and Durante,
2025), while actual tariff rates have ranged from 10% to 14% over 2025-2026 (McClelland and
Wong|, 2026). In this simulation, we examine the potential impact of import tariffs in addition
to the current policy regime. Import tariffs function as a percentage levy on U.S. buyers
purchasing imported goods, effectively reducing their willingness to pay when the manufacturer

is located outside the U.S. Since this reduction applies to the total price—rather than just the

16 Appendix @ shows that placing Fab 14 on a more aggressive upgrade schedule could require an additional
$3.4 billion of investment in the U.S. and would draw roughly $1.2 billion of additional incentives, but would
raise the firm’s simulated profit within our window by only $0.5 billion, so even an instrument that does reward
later investment leaves about half of the incremental spending uncovered. Addressing the continuation margin
may therefore require policies that more directly offset the higher marginal cost of producing in the U.S.
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profit margin—its effect is likely to be stronger than that of an equivalent corporate tax cut.
However, due to uncertainty around the precise magnitude of the effect, we conservatively

model tariffs by reducing U.S. buyers’ willingness to pay (v;g) by 10% of the common marginal

cost for fabs located outside the U.S.E

Fig. 3: Annual Change in TSMC Profit: Fab 14 Relocated to the U.S. vs. Remaining in Taiwan
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B .

| |
w N
o o
o o

|
N
o
[=

Change in Profit (Millions $)

—500+

—600+

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014
Year

(B) Adding U.S. Import Tariffs to Current Regime

1750+

1500+

1250+

1000

750+

Change in Profit (Millions $)

500+
250+

omim o mim

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014
Year

Notes: Each figure plots the change in profit of relocating Fab 14 to the U.S. relative to letting Fab 14 remain in
Taiwan under the respective policy regime. Red bars indicate a decrease in profit, while green bars indicate an
increase. The 90% confidence intervals are shown using error bars—horizontal caps above and below a vertical
line—on each bar.

1TWe assume that under this adjustment, buyer valuations are still high enough such that all firms still submit
bids.
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The results are revealing in several respects. First, tariffs have a limited effect when Fab 14
is located in Taiwan. Compared to the current policy regime, adding tariffs results in no visible
change in TSMC’s profit under our baseline 10% calibration. Even increasing the calibration
to 20% or 25% leads to only a modest decline in profit of about $2 billion. This result is quite
intuitive within our model. During our sample period, only 6% of contract manufacturing
orders were fulfilled by fabs located in North America due to minimal domestic capacity. As
a result, buyers had limited alternatives within the U.S. and, even if they preferred to avoid
tariffs, had little choice but to import. Our model assumes inelastic demand on the buyer side,
which is a reasonable assumption for much of the market between 2004 and 2015.E According
to IC Insights (2022), semiconductor content accounted for only 21-26% of the total value
of electronic systems during that period. This suggests that increases in semiconductor costs
from tariffs would represent a relatively small portion of the total cost of electronics, which is
unlikely to induce a significant reduction in downstream demandd As a result, buyers bear
the full cost of tariffs, and tariffs have minimal impact on manufacturers located outside the
U.S., conditional on the continued lack of U.S. capacity.

When Fab 14 is relocated to the U.S. under a tariff regime, profit increases substantially
relative to the Taiwan location. Specifically, TSMC earns $70.9 billion in profit under the
combined tariffs, export controls, and Chinese tax exemptions scenario when Fab 14 is relocated
to the U.S., $5.9 billion more than the $65.0 billion earned if Fab 14 remains in Taiwan. What
accounts for this gain? Figure @ plots the annual profit difference between Fab 14 in Taiwan
and in the U.S. under the tariff scenario, revealing that the gains occur almost entirely in the
later years, when Fab 14’s technology matures. At that stage, the U.S.-based fab captures
a significant share of domestic demand for mature nodes—demand that it previously had to
compete for globally. In this context, tariffs counterbalance the competitive disadvantages for
U.S. demand typically faced by fabs producing mature technologies in high-cost locations like
the U.S., leading to the opposite patterns observed in Figure compared to Figure @ This

tariff-induced reversal of location incentives is not unique to our setting: Flaaen et al. (2020)

18 Appendix mg provides further evidence that demand is inelastic during this period using an instrumental-
variables approach. The resulting estimates are statistically indistinguishable from perfectly inelastic demand
and have tight confidence intervals.

YHowever, downstream demand could be more elastic for high-end products such as flagship smartphones or
standalone GPUs used in gaming or High-Performance Computing (HPC) clusters, where the semiconductor
share of system value is higher.
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document that U.S. tariffs on washing machines induced foreign manufacturers to relocate
production to the U.S., with the accompanying price increases borne by domestic consumers,

a pattern that parallels both our relocation and our welfare results.

Welfare Analysis While our analysis above focuses on TSMC’s opportunity cost of operating
Fab 14 in the U.S. rather than in Taiwan, our model and estimates are also informative about
the welfare consequences of counterfactual policies and how these consequences interact with
TSMC’s location decision. From a policymaker’s perspective, tariffs are particularly interesting
because they affect the payoffs of both U.S. buyers and manufacturers. Table B summarizes
and decomposes the welfare effects of the tariff policy on U.S. chip buyers.

When Fab 14 is located in Taiwan, adding the import tariffs specified in Section H@ to the
current policy regime reduces U.S. chip buyer surplus by $48.9 billion. Of this amount, $44.0
billion reflects tariff payments, while $4.9 billion reflects losses from buyers reallocating orders
toward less cost-efficient U.S. manufacturers once tariffs raise the effective cost of purchasing
from overseas manufacturers. The loss from the latter channel is relatively limited because
U.S. manufacturing capacity is limited, although the policy generates a substantial transfer of
surplus from U.S. buyers to the U.S. government.

When Fab 14 is relocated to the U.S., adding the same import tariffs reduces U.S. chip buyer
surplus by $47.7 billion, approximately $1.0 billion less than when Fab 14 remains in Taiwan.
The primary reason is that the additional U.S. capacity allows more U.S. buyers to source
domestically and thereby avoid tariffs. As a result, tariff payments fall to $36.0 billion, $8.0
billion less than in the Taiwan scenario. At the same time, however, the additional U.S. capacity
is less cost-efficient than overseas capacity. Tariffs therefore induce greater reallocation of orders
toward less cost-efficient U.S. production, increasing the associated buyer-surplus loss by $7.0
billion relative to the Taiwan scenario. Because tariff payments accrue to the U.S. government
and are therefore transfers within the U.S. economy rather than pure welfare losses, a measure
of net U.S. welfare loss should focus on the efficiency loss from reallocating production toward
less cost-efficient manufacturers. By this measure, relocating Fab 14 to the U.S. increases
the net welfare loss by $7.0 billion, which exceeds the $5.9 billion increase in TSMC’s profit
generated by relocation.

In summary, our analysis indicates that under the tariff scenario, relocating Fab 14 to the
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U.S. becomes profitable for TSMC relative to keeping it in Taiwan. Even at the modest tariff
rate simulated here, the additional U.S. contracts and $5.9 billion increase in profit from a
domestic presence more than offset the additional $1.2 billion investment cost. However, the
same policy induces substantial losses for U.S. chip buyers relative to a no-tariff scenario, and
the associated efficiency loss from reallocating production toward less cost-efficient domestic

capacity exceeds the gains captured by the relocating manufacturer.

Table 8: Changes in U.S. Chip Buyer Surplus from Import Tariffs

U.S. Import Tariffs + Current Policies vs. Current Policies
A U.S. Buyer Due to U.S. Tariff Due to Order Reallocation to

Surplus Payments Less Cost-Efficient Manufacturers
0 @) 3)
Fab 14 in Taiwan —$48.9B —$44.0B —$4.9B
[—53.1, —44.7] [—47.7, —40.3] [—5.8, —4.1]
Fab 14 relocated to the U.S. —$47.7B —$36.0B —$11.8B
[—51.8, —43.6] [—39.3, —32.6] [—13.0, —10.6]
Difference +$1.0B +$8.0B —$7.0B
(0.9, 1.2] [7.6, 8.5] [~7.5, —6.6]

Notes: The table reports changes in surplus for U.S. chip buyers from adding the U.S. import tariffs specified in
Table H to the current policy regime, which includes U.S. export controls and Chinese tax exemptions. Columns
(2) and (3) decompose the total change in buyer surplus into tariff payments and the additional welfare losses
arising from contracting with less cost-efficient manufacturers. The first two rows report the results when
TSMC Fab 14 is located in Taiwan and when it is relocated to the U.S., respectively. The final row reports the
difference between the relocation and Taiwan scenarios. All remaining notes from Table [] apply.

8 Limitations

While our model and estimation results reasonably capture the variations in both variable and
fixed manufacturing costs with plausible estimates and signs, our approach is not without limi-
tations. We highlight several key limitations here. These limitations are unlikely to undermine
the counterfactual comparisons of manufacturer payoffs across locations and policy regimes
reported above, which are the primary focus of this paper. They bear more directly on the
welfare analysis of Table B, and on broader questions we leave to future work, such as the full
societal welfare effects of industrial policies.

First, our model does not account for potential long-term relationships between buyers and
manufacturers, where buyers might need to commit to contracts many quarters in advance to
secure capacity, or even co-invest in the R&D or capacity of manufacturers. If such relationships
were extensive, the contracting process would need to be fully dynamic, rather than the static
process assumed in our model, which treats current capacity across manufacturers in each period

as given. However, it is reasonable to believe that long-term relationships are not widespread.
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For example, an interview with TSMC’s founder Morris Chang (Acquired, 2025) noted that
buyers often backed out of contracts last-minute and did not commit to capacity investments,
making capacity investment a risky business for contract manufacturers. As Morris Chang
stated,“It’s our money, and it’s only their words.”

Second, we have assumed that marginal cost decreases over time exogenously. In reality,
however, an important driver of the decline in marginal cost is the volume of chips a manu-
facturer has produced, meaning that marginal cost should ideally be a function of the number
of previous orders. This also implies that pricing strategies must consider how prices affect
order quantity and future marginal cost B As a result, the equilibrium price would need to
be fully dynamic, accounting for these factors. We do not pursue this approach because it
would make the modeling intractable. As a practical matter, observed prices in the data do
not allow one to distinguish between a pricing schedule under exogenously decreasing marginal
cost versus a pricing schedule resulting from incorporating the effect of volume on marginal
cost and endogenously changing marginal cost due to volume.

Furthermore, our assumption that buyer valuations are such that the manufacturer’s auction
participation constraints never bind also has implications for how we interpret our estimated
marginal cost parameters. In particular, this assumption may generate an upward bias in our
firm-specific costs for firms with higher marginal costs. Under this assumption, we rationalize
firms losing auctions only when they have higher marginal costs than competitors, rather than
choosing not to bid because their costs exceed the buyer’s valuation. The latter would allow for
firms with low marginal costs in absolute terms to not participate because buyers’ valuations are
also low in absolute terms. We do not believe this assumption greatly affects our counterfactual
assumptions in this paper, as we focus on profits of the lowest marginal cost firms (i.e., TSMC).
This assumption also means that we cannot identify the level of buyer valuations. The welfare
analysis of Table g therefore reports changes in buyer surplus rather than levels: because order
quantities are inelastic in our main specification, the change in a buyer’s surplus is the change
in the price it pays times the quantity it orders, which does not require knowing the level of its
valuation. Statements about the level of buyer welfare, or about the total surplus the market

generates, remain outside what our estimates identify.

20The pricing strategy that incorporates this thinking is called learning curve pricing, which involves setting
lower-than-profit-maximizing prices initially for a new technology and committing to a pre-determined declining
price schedule for the technology.
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Lastly, due to the lack of granular data within each fab, we assume that each fab manufac-

tures only one technology generation at a time.

9 Conclusion

Our analysis shows that industrial policies promoting domestic self-reliance operate through
two channels with different time profiles. Subsidies at the scale of the CHIPS and Science
Act are sufficient to cover the up-front investment cost of a U.S. location and can rationalize
a manufacturer’s decision to build. They do not address the flow-profit penalty of operating
in the U.S., which grows as a facility’s technology matures and which no front-loaded, lump
sum payment reaches. Policymaker beliefs about the later-stage returns to subsidizing up-front
investment costs may therefore be overly optimistic. This concern applies with particular force
to the investment tax credit, the largest component of the current incentive package, which is
by design proportional to up-front investment and was expanded further in 2025. Promoting
durable domestic production may require commitment to later-stage instruments, such as sub-
sidies tied to continued operations or upgrades. Among the instruments we study, only tariffs
operate on the per-period margin that matters for retention, but our welfare calculations show
that U.S. chip buyer losses from tariffs exceed the relocated manufacturer’s gains.

We view this paper as a first step toward designing and evaluating industrial policy in
the semiconductor industry, and we limit the scope of our exercise. We hold the observed
configuration of firms, capacities, and technologies fixed, so our counterfactuals do not capture
entry, exit, or investment responses by TSMC’s competitors, nor TSMC’s own re-optimization
of its upgrade path. Our welfare analysis covers buyers and sellers in the contract manufacturing
market but not downstream consumers or broader objectives, such as supply chain resilience,
that motivate these policies. Extending the analysis to endogenous investment responses and
to these broader objectives is a natural direction for future work.
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A Additional Industry and Policy Background

A.1 Policy Details
This appendix provides additional institutional details on the semiconductor policies summa-
rized in the main text, with particular attention to their implementation, eligibility restrictions,

and broader international context.



United States. The CHIPS and Science Act of 2022 encompasses a broader set of programs
than the manufacturing incentives emphasized in our counterfactuals. In total, the legislation
authorized $52.7 billion for semiconductor-related initiatives, including manufacturing incen-
tives, R&D, workforce development, and public—private partnerships (U.S. Senate Committee
on Commerce, Science, and Transportation, 2022a). An important feature of the manufactur-
ing incentives is the accompanying set of geographic guardrails. Recipients of CHIPS financial
assistance face restrictions on materially expanding advanced semiconductor manufacturing ca-
pacity for ten years in countries designated as presenting national security concerns, including
China, Iran, Russia, and North Korea (Swanson, 2023). These provisions therefore tie domestic
manufacturing support to restrictions on firms’ subsequent capacity investments abroad.

U.S. export controls impose a separate set of restrictions on semiconductor-related transac-
tions with China (Khan, 2020; [ndustry and Security Bureau, 2020, 2022, 2023). The controls
operate through several mechanisms. List-based restrictions cover specified advanced chips
and semiconductor manufacturing equipment and require exporters to obtain licenses for cov-
ered transactions. Entity- and end-use-based restrictions impose additional requirements on
transactions involving designated Chinese firms or specified applications. Major Chinese semi-
conductor manufacturers, including SMIC, have been subject to such restrictions. Spanning a
broader set of technologies, these controls generally assume a default position of denying export
licenses. Unlike manufacturing subsidies, which affect the returns to locating capacity in the
U.S., these controls directly constrain firms’ access to particular customers and markets.

The policy emphasis on domestic capacity reflects longstanding concerns about the decline
in the U.S. share of global semiconductor manufacturing. In motivating the CHIPS legisla-
tion, the U.S. Senate Committee on Commerce, Science, and Transportation highlighted the
decline in the domestic share of semiconductor production from approximately 37% in the
1990s to approximately 12%, together with increasing government support for semiconductor
manufacturing abroad. Thus, although the legislation also supports research and workforce
development, its manufacturing provisions explicitly seek to alter the geographic distribution

of production capacity.

China. China’s recent semiconductor policies build on a longer-running effort to develop a

domestic semiconductor industry (VerWey], 2019). These efforts intensified in 2014 with the



release of the Guidelines to Promote the National Integrated Circuit Industry (IC Guidelines),
which established ambitious objectives for expanding China’s semiconductor capabilities (Xin-
hua News Agency, 2014; Semiconductor Industry Association, 2021)). The Made in China 2025
plan, released the following year, further emphasized semiconductor self-sufficiency and articu-
lated an aspirational target of producing 70% of domestic semiconductor demand within China
by 2025 (The State Council of the People’s Republic of China, 2015; Semiconductor Industry
Association, 2021)).

A central institutional mechanism for pursuing these objectives has been the National In-
tegrated Circuit Industry Development Investment Fund, commonly referred to as the “Big
Fund.” Rather than operating primarily as a conventional grant program, the Big Fund pro-
vides state-backed equity financing to semiconductor firms. By mid-2021, approximately 70%
of its cumulative investment had been directed toward semiconductor manufacturing (Semi-
conductor Industry Association, 2021)). Funding has primarily supported Chinese-owned firms
expanding manufacturing capacity within China (Zhao, 2021; Wang, 2022). This structure dif-
fers from broad-based R&D support because financing is directly tied to firms and investments
intended to expand domestic production capabilities.

China also uses several complementary instruments. Corporate tax incentives vary with
manufacturing technology: firms operating at more advanced technology nodes qualify for
longer exemption periods (Ministry of Finance of the People’s Republic of China et all, 2020).
In addition, semiconductor manufacturers may receive financing from state-owned financial in-
stitutions at below-market interest rates. The magnitude and allocation of such credit support
are considerably less transparent than formal fiscal programs, making them difficult to quan-
tify systematically (OECD, 2019). These policies collectively combine equity financing, tax

preferences, and potentially preferential credit to support domestic capacity expansion.

Other countries and regions. Manufacturing incentives are not unique to the U.S. and
China. South Korea, Singapore, Japan, Taiwan, and European countries have all used com-
binations of grants, tax incentives, concessional financing, infrastructure support, and other
measures to encourage semiconductor investment (Semiconductor Industry Association, 2020).
Historically, however, the scale of direct manufacturing support in these economies has gener-

ally been smaller than the major programs introduced in China and, more recently, the U.S. For



example, estimates for 2000-2020 place Taiwan’s manufacturing grants and subsidies below $1
billion and South Korea’s at approximately $7-10 billion (Semiconductor Industry Association,
2020). These programs provide useful international context, but our counterfactual analysis

focuses on the policy instruments most central to the recent U.S.—China policy environment.

A.2 Calibration of Policy Counterfactuals

This appendix records how the policies simulated in Tables B and [ﬂ map into model objects.

U.S. capacity subsidies Column (5) of Table B sets the direct subsidy at 10% of total
investment, matching TSMC Arizona’s $6.6 billion award on a $65 billion investment. Column
(6) applies the ITC at 25% of qualified investment, the rate established under Section 48D
of the Internal Revenue Code in 2022 and the rate under which TSMC Arizona’s award was
made; the rate was increased to 35% for property placed in service after December 31, 2025.
The credit offsets tax liability dollar for dollar and is effectively refundable through the statute’s
elective payment provision, so its value does not depend on the firm’s U.S. tax liability. Both
instruments are treated as lump sums and reported at face value. The face values abstract
from two tax offsets: the credit reduces the depreciable basis of the property, forfeiting future
depreciation deductions worth up to the credit multiplied by the combined federal and state
corporate tax rate of 26% (a 21% federal rate and a 5% state rate; Arizona’s rate is 4.9%), and

the direct subsidy is generally taxable as corporate income.

U.S. export controls The U.S. export control policy issued in 2022 restricted exports of
chips produced with technology nodes at 16/14 nanometers or below (Industry and Security
Bureau, 2022). The rule took effect when TSMC’s most advanced technology in volume pro-
duction was 3nm, which reflects a four-generation gap, with 10/12nm and 5/7nm in between.
Our simulations therefore prohibit TSMC from contracting with mainland Chinese buyers for
technology generations within four generations of its most advanced technology in each period,

anchoring the restriction to the moving frontier rather than to a fixed node.

Chinese tax exemptions The exemptions described in Ministry of Finance of the People’s
Republic of China et al| (2020) reduce the standard 25% corporate income tax rate for chip-

makers located in mainland China to between 0% and 12.5%, depending on a firm’s technology



portfolio and the number of years since the policy announcement. In our model, profit mar-
gins are determined by the gap between the lowest and second-lowest marginal costs, so these
exemptions act as marginal cost subsidies for fabs operating in mainland China. Because it
is unclear how much of the tax savings are passed through to buyers in the form of lower bid
prices, we apply a conservative calibration and reduce the region-specific marginal cost in China
(cen) by 5% of the technology-generation- and time-specific common marginal cost (c4). All

other cost and demand parameters are held at their estimated values.

U.S. import tariffs A tariff rate of 25% or higher has been discussed by the U.S. government
(York and Durante, 2025) and actual rates range between 10-14% over 2025-2026 (McClelland
and Wong|, 2026). Tariffs act as a percentage levy on U.S. buyers purchasing imported goods,
reducing their willingness to pay when the manufacturer is located outside the U.S. Because
this reduction applies to the total price rather than only to the profit margin, its effect should
be stronger than that of an equivalent corporate tax reduction. The exact magnitude is uncer-
tain, so we conservatively reduce U.S. buyers’ willingness to pay (v;s:) by 10% of the common

marginal cost for fabs located outside the U.S.

B Model Details

B.1 Equilibrium Expressions
With i.i.d. extreme-value cost shocks, the equilibrium of the bidding game in Section @ admits
closed-form expressions. Each manufacturer ;7 wins buyer ¢’s contract with probability
exp(—(cét + c?,ei(;? — 1(geogig: € {9609§t})()\ + Kigt))/ (Cgt0w))
D jre iy €0P(—(cqr + ¢y — 1(geogigr € {geogy,}) (A + Kigt))/ (cge00))
(B.1)

Pyigtli = (V)] sgr)] =

v does not appear in the above expression because it is common across all participating man-

ufacturers with available capacity. If manufacturer j is the winner, then its expected price



is

E[pgz (8,0)] = Z ( €IP(—(C§t + ???g% — 1(geogig: € {geog];t})(A.,—i— Kigt))/ (Cgt0w))
ke Tigt\j Zj’ejigt\j exp(—(c;t + C?i?gt — 1(geogig: € {geoggt})()\ + Kigt))/ (Cg0w))

(B.2)
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B.2 Additional Parameterization Details

Buyer location shares We parameterize the share of contracts from buyers in these regions,

dgi(geog;|-).t as follows:

exp(I§™N + 1V (g7 — gi) + I§N)

dgi(geog; = CNlgy, t) = — — — (B.3)

L SSIOMNAY eap(I87 + 1 (g — gar) + 15°)

cap(i§ + B (g™ — ga) + 341

dgt(geogi = NA‘gztat) = {C’N,NA(}) j]eog ! 9€00 | max 2 geog (B4)

1 + deog 6[[']9([0 + ll (gt - glt) + 12 t)

1

dgi(geogi = ROW gy, t) = — — — (B.5)

L SSONNAY eap (13720 + 179 (g — gia) + 1)

These functional forms are informed by industry knowledge: North American buyers on av-
erage demand more cutting edge technologies, and the share of Chinese buyers has steadily
increased while the share of North American buyers has steadily decreased over time since the
2000s. The parameter [§? is identified by the average revenue share from Chinese buyers across
manufacturers. The parameter (¢ is identified by comparing the revenue share from Chinese
buyers across manufacturers located in the same region but with different technology portfolios
(e.g., TSMC vs. UMC, SMIC vs. Hua Hong). The parameter (S is identified by tracking
changes in the share of revenue from Chinese buyers for the same manufacturers over time
(e.g., time series from TSMC, UMC, SMIC). The identification of I54, N4 and {4 follows

the same logic.@

IDM capacity available for contract manufacturing For an IDM, the total capacity

available for contract manufacturing at facility k£ in period t is m?tht, where mft equals
min{maz{0,m}},1} and mf, is drawn i.i.d. from a normal distribution N(0,0yz) with o,; =

0.05.

21t = 2009Q4 is normalized to a value of zero in the above equations.



C Further Extensions/Robustness

C.1 Allowing for Elastic Order Quantities
Instead of assuming exogenous, perfectly inelastic quantities, we now add an additional stage
after the static bargaining game in which buyers choose order quantities as a function of prices

resulting from the auction. The modified timing of the game is:

1. Buyers simultaneously negotiate with all available manufacturers. In this process, sellers
observe their private idiosyncratic cost shocks w; ;,c and then submit bids. As before, the

seller with the lowest bid wins and receives a price equal to the second lowest bid.
2. Order prices are realized.

3. I, chip buyers take the realized negotiated chip price as given, make production decisions,
and choose the quantity of semiconductor chips needed as inputs for their downstream

products (conditional on supplier) according to the following individual demand function:

In qzjgt = Pogt — b1 lnngt + XigtB2 (C.1)

where X is a vector of observable buyer chip characteristics, B, is a vector of pa-
rameters that can vary by generation and time period, and pfgt is the price the winning

supplier receives.

4. Orders are filled and buyers and sellers make profits.

We assume order prices are fixed after the auction is run. This is consistent with either
there being no renogotiation or bargaining being costless to the buyer such that the winning

firm cannot extract more surplus from the buyer post auction.

A Equilibrium Bids
In a model with endogenous individual order quantities, firm j’s expected per-unit payoff from

buyer 7 as a function of its own bid b; is:

F e i 2 2
o = [ (0~ [ ACWIG, ()PP ) (€2)
where pgz is the price received (i.e., the second highest bid or second order statistic), AC (qut)

is firm j’s average cost at order quantity qgt, qu_- t(p(z)) is the distribution function of potential
ig

7



order quantities conditional on price received, and F®(p)) is the distribution function of
potential second highest bids (i.e., distribution of the second order statistic).

A supplier’s equilibrium bid b} maximizes its per-unit payoff and is a function of average
(variable) costs, which may take on a different value from marginal costs. Under constant
marginal costs (as in our main specification) that are a function of total installed seller capacity
(f (qgt, Q ) = C-In( ;t), ¢ > 0), marginal cost equals average cost, and sellers bid their marginal
costs in equilibrium. As a result, when order quantity is perfectly inelastic, this extension is

equivalent to our main specification.

B Microfounding Individual Demand:
Equation @ is consistent with a Cobb-Douglas production function for a price-taking chip
buyer:

let = ngt(Mf;theT) exp(e zgt)

where ngt is downstream output, M;’;th” are other inputs to the downstream output, including
other materials, labor, and capital, and exp(e Zgt) is a productivity shock. 0 < «, 8 < 1. The chip
buyer’s downstream profit function for a particular chip order when choosing chip quantities
is:

V) other 3 sother
ngt plthlgt pigtqigt - D Mzgt

where pgt is the price of the downstream good, pggt is its realized chip contract price, and
pother M[’gtthe’" is a price index reflecting the cost of other inputs (aggregated, for example, through
some type of CES function).

Since the firm is price-taking, the first-order condition with respect to qut yields:

1 1 B other 1 1
lnqggt = lnpggt Pt In Mlgtf — ﬁpngt ] Ino
which maps to an estimatable equation (Equation @) via 1 = —ﬁ, and
B other 1 D 1
Bo,gt + XigtB2 = I In Mzgt T L 1pigt T a—1 Ina

C Estimation of Individual Demand Elasticity with Respect to Price

From the microfoundation in Appendix Section @@, our estimation equation is:

In qggt = Bogt — B lnp{gt + X'L’gtBZ + €ijgt (C.3)



where X, are the observed controls for individual demand shifters and €5, includes the
demand shifters unobserved by the econometrician.

We use GSA order-level data for this analysis (summary statistics are reported in Table E)
For each order, the dataset includes the quantity ordered, the unit price, and the manufacturing
location. Our goal is to estimate the demand elasticity of quantity with respect to price. A
key challenge is that observed prices reflect both demand and supply shocks, so OLS estimates
are likely biased. To address this, we adopt an instrumental-variables approach: if we can find
variables that shift local production costs (and hence prices) without directly shifting demand,
we can use them to instrument for price and identify the demand response.

Our instrument choice is motivated by the location-specific resource intensity of semicon-
ductor manufacturing and the potential for weather and natural disasters to disrupt production.
Semiconductor fabrication requires substantial inputs such as water and stable operating con-
ditions. Consistent with this, a 2023 survey of 100 senior decision makers in semiconductor
companies reports that 73% cite natural resources (including water) as among the environmen-
tal factors posing the greatest risk to their business (James, 2024). Acute events such as heat
waves and earthquakes can disrupt production in a particular manufacturing region, thereby
affecting production costs and local supply conditions. At the same time, these shocks are un-
likely to directly affect demand because semiconductor manufacturing is a highly international
market in which chip buyers are often located in geographically diverse regions relative to chip
manufacturers. For example, TSMC is located in Taiwan, but most of its clients—and the
majority of its revenue—are located in other countries, such as the U.S. (around two-thirds of
firm revenue in 2015) and China (around 10% of the firm’s revenue in 2015).

We therefore compile a set of location-by-time measures of weather and natural-disaster
intensity from multiple sources, including drought intensity from the SPEI Global Drought
Monitor (Consejo Superior de Investigaciones Cientificas (CSIC), 2023), disaster counts (e.g.,
droughts, earthquakes, wildfires) from Delforge et al! (2025), temperature and precipitation
measures (World Bank), and earthquake magnitudes (USGS). We evaluate first-stage strength
across a range of specifications. While drought intensity and earthquake counts can be strong
in some cases (meeting the conventional F' > 10 threshold), their strength is not robust to

alternative clustering choices or sets of controls. By contrast, the Warm Spell Duration Index



(WSDI) and earthquake magnitudes are consistently strong and robust across the specifications
we test. We therefore focus on results that use these two instruments.

In our baseline specification, we include manufacturing-location fixed effects and technology-
generation fixed effects. Because manufacturers in different regions compete in the same global
market for geographically diverse buyers, location fixed effects ensure that identification comes
from within-location changes over time in weather/disaster intensity and their impact on costs
and prices, rather than from cross-sectional differences across regions. Technology-generation
fixed effects are important because advanced and mature nodes are effectively distinct mar-
kets with different buyers, applications, and different demand and supply conditions. We do
not include quarter fixed effects, since doing so would absorb much of the time variation in
weather/disaster exposure that provides identifying variation. We also do not add additional
order-level characteristics (e.g., wafer size, number of layers) because the price and quantity
variables used in this analysis have already been adjusted to account for these attributes.

The IV results are reported in Table @ Across specifications, the instruments are strong in
the first stage, but the estimated demand elasticity is small and statistically indistinguishable
from zero. One feature worth noting is that the first-stage relationship suggests that more
intense heat spells and larger earthquakes are associated with lower observed prices, which may
appear counterintuitive if one expects cost increases to raise prices. However, equilibrium prices
are determined in a competitive environment where manufacturers and orders are matched
endogenously. If adverse shocks reduce capacity or raise operational frictions at a location, the
composition of observed transactions may shift toward orders that remain profitable to produce
locally (e.g., those with particularly favorable terms, lower marginal costs, or stronger pre-
existing contractual arrangements). Such selection and competitive adjustment can generate
a negative reduced-form relationship between shock intensity and observed prices, even when
the underlying shock increases production difficulty.

Overall, these estimates indicate that, conditional on manufacturing-location and technology-
generation fixed effects, the elasticity of wafer quantities ordered with respect to price is small
and statistically insignificant. This finding provides additional support for our baseline model
specification, in which quantity demanded is perfectly inelastic in the short run and is driven

primarily by downstream demand from electronics manufacturing rather than by short-run

10



fluctuations in semiconductor prices.

In an alternative specification, we omit technology-generation fixed effects, following Miao
(2024), who estimates an elasticity between —1.488 and —1.686 using raw wafer input prices as
an instrument. When we do not control for generation-specific differences in prices and demand,
we obtain elasticity estimates that are similar in magnitude, as shown in Table @ The
first-stage estimates are very similar to those in Table @, but the reduced-form relationship
between log price and log quantity is much more positive, which mechanically implies a more
negative IV elasticity estimate. This pattern is expected: both price and quantity are positively
correlated with technology generation, so omitting generation fixed effects biases the reduced-

form relationship between log price and log quantity upward.

Table C.1: IV Estimates of Demand Elasticity

(1) (2) (3)

Log quantity Log quantity Log quantity

Log price -0.113 -0.133 -0.120
(0.218) (0.243) (0.158)
Constant 7.556*** 7.694** 7.606**
(1.525) (1.635) (1.104)
Location Fixed Effects Yes Yes Yes
Tech Generation Fixed Effects Yes Yes Yes
Observations 11763 11763 11763
R-squared 0.144 0.146 0.145
First-stage Results
WSDI -0.034*** -0.034**
(0.009) (0.008)
Max Earthquake Magnitude -0.046*** -0.049 ***
(0.008) (0.009)
First-stage F-value 14.71 38.61 22.21

Standard errors are clustered at the quarter level and reported in parentheses. Clustering at the
location level instead yields substantially larger first-stage F-statistics. Prices (in $/m?) and quantities
(in m?) are defined as in Table P and are in logs. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table C.2: IV Estimates of Demand Elasticity (Without Technology-Generation Controls)

(1) (2) (3)

Log quantity Log quantity Log quantity

Log price -1.095*** -1.211% -1.138***
(0.243) (0.233) (0.166)
Constant 14.289*** 15.076%** 14.583**
(1.657) (1.571) (1.132)
Location Fixed Effects Yes Yes Yes
Tech Generation Fixed Effects No No No
Observations 11763 11763 11763
R-squared 0.112 0.114 0.113
First-stage Results
WSDI -0.031%** -0.031**
(0.008) (0.007)
Max Earthquake Magnitude -0.046*** -0.045 ***
(0.008) (0.008)
First-stage F-value 14.72 34.98 22.06

Standard errors are clustered at the quarter level and reported in parentheses. Clustering at the
location level instead yields subsantially larger first-stage F-statistics. Prices (in $/m?) and quantities
(in m?) are defined as in Table P and are in logs. * p < 0.10, ** p < 0.05, *** p < 0.01

C.2 Marginal Cost as a Function of Equilibrium Capacity Utilization

Not including utilization in our firm marginal cost function means that our counterfactual
calculations may overstate policy effects. For example, when simulating how much U.S.-based
manufacturers benefit from tariffs, the model could reallocate more demand to U.S. production
than U.S. capacity can realistically accommodate. In practice, however, U.S. manufacturers
can benefit from tariffs only to the extent that they have sufficient available installed capacity
to serve the relocated demand.

Finding equilibrium bid strategies when marginal cost is a function of utilization and not
just installed capacity is non-trivial theoretically and computationally. Having the marginal
cost be a function of utilization makes a given seller’s strategies across all buyers to which it
submits bids interdependent, creating a much harder problem than a standard procurement
auction. Below we expand on the theoretical and computational challenges in computing the
full equilibrium with capacity constraints and discuss how we test the robustness of our results

to binding capacity constraints.
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A Theoretical Discussion

Firm j’s expected per-unit payoff from buyer ¢ as a function of its own bid for buyer i’s contract

b is:

1

Mijgr = / (pigt — AC (@3 (pig) b)) dF P (0]y)) (C4)

J

(2)

where p;; is the price received (i.e., the second highest bid or second order statistic). qét(bj ) is
firm j’s total order quantity as a function of all of the bids its places b = {b],... b, ... ,b]}gt}.
AC’(qgt(bj )) is firm j’s average cost for a given total quantity. F®)(p®) is the distribution
function of potential second highest bids (i.e., distribution of the second order statistic). For
simplicity and given our individual order elasticity estimates, we assume in this discussion that
order quantities are perfectly inelastic and exogenously set.

It is no longer an equilibrium strategy for firms to bid their marginal cost as in our main
specification because firm j’s bid for buyer i’s contract affects its payoff to bidding for buyer k’s

(k # i) contract. To see this more formally, note that seller j’s total profits are IL;g = > II; 4.

The b/ that maximizes expected profits satisfies the following first-order condition,as dF ) (pl(gz) =

FO®E)dp):

Ol j i (2) 0AC aqgt @) .2y _
o —\—<b§—AC(q§t(bJ)))><f ) Z / B G =0 (©5)

@ ()
This equation also illustrates how the first-order condition pinning down seller j’s optimal bid
for buyer ¢’s contract also depends on the bids it places for all other buyers. Under our main
specification, in which marginal costs are constant, part (B) equals zero, and it is optimal for
each seller to bid their average variable cost, which equals marginal cost. Part (B) reflects how
a seller internalizes the impact of auction 7 on the average costs of all of the other contracts for
which it is bidding.

Solving this system of equations across multiple sellers and multiple buyers is nontrivial. The
first challenge is to numerically approximate the distribution of the second-order price statistic
for each buyer auction, which is complicated by the fact that our sellers face heterogeneous

marginal costs. The second challenge is the dimensionality of the problem. If there are 10

sellers and 100 buyers, we need to solve for an equilibrium in terms of 1000 strategic variables.
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While, a fixed point to the above equation does exist, we do not have a characterization of
uniqueness. As such, we hope to leave solving this interdependent auctions equilibrium to

future work.

B Robustness of Counterfactual Results to a 110% Capacity Utilization Cap

As a robustness check, we re-simulate all of our counterfactual scenarios while imposing a hard
cap on capacity utilization at 110%, the approximate maximum utilization observed in this
industry. Within each technology-generation and quarter market, we simulate buyer auctions
sequentially: once fulfilling an additional order would raise a manufacturer’s total contracted
quantity above 110% of its installed capacity available for contract manufacturing, that manu-
facturer is removed from bidding for the remaining buyers in that market. If no manufacturer
can accommodate an order within the cap, the order goes unfilled. We repeat this procedure
for each of the 50 sets of bootstrap parameter estimates described in the notes of Table B, for
every scenario in Tables B and H

Table @ reports the results. Simulated profit levels are mechanically lower than in our
main counterfactuals—for example, baseline profit falls from $74.0B to $56.9B—because the cap
forces some orders to go unfilled rather than being absorbed by high-capacity manufacturers.
However, the quantities of interest for our analysis, the differences between locating Fab 14
in Taiwan versus the U.S., are essentially unchanged: —$1.7B versus —$1.8B in the baseline,
and +$5.5B versus +$5.9B when tariffs are added to the current regime. Our conclusions are

therefore robust to imposing binding capacity constraints.
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Table C.3: Simulated TSMC Profits with Capacity Utilization Capped at 110%

Fab 14  Fab 14 relocated
Policy scenario in Taiwan to the U.S. Difference
(1) (2) (3)

No policy (baseline) $56.9B $55.2B —3$1.7B
54.6,59.8]  [52.8,58.3]  [-2.3,—1.0]

U.S. export controls $55.5B $54.0B —$1.6B
53.2,584]  [51.6,57.1]  [-2.2,—0.9]

CN tax exemptions $54.9B $53.3B —$1.6B
[52.6,57.9] [51.0,56.3] [—2.3,—0.9]

Export controls + CN tax exemptions  $53.6B $52.1B —$1.5B
51.2,56.6]  [49.8,55.1]  [-2.2,—0.8]

U.S. import tariffs + export controls $55.9B $61.3B +$5.58

+ CN tax exemptions [53.3,59.2] [58.7,64.7] 4.7,6.2]

Notes: Each cell reports the simulated undiscounted sum of TSMC profits from 2004Q2 to
2015Q3, re-simulated under a hard 110% capacity utilization cap. Reported values are means
across the 50 sets of @ estimates described in the notes of Table B; 90% confidence intervals, in
square brackets, are based on the 5th and 95th percentiles of these simulations. Policy scenarios
are calibrated exactly as in Tables § and

C.3 An Upgrades Counterfactual: Fab 14 on a Lag-One Upgrade Schedule

In the observed data, TSMC upgraded Fab 14 generation by generation until it reached 40nm
in 2008 and then stopped, while the industry frontier advanced by a further three to four
generations through the end of our sample period. Our main counterfactuals hold this observed
upgrade path fixed, so the losses from a U.S. location partly reflect a facility that is allowed to
age. This appendix examines a counterfactual in which Fab 14 instead remains one generation
behind TSMC'’s frontier throughout the sample period. The lag-one schedule reproduces Fab
14’s observed upgrades through 2008 and adds three further upgrades, to 28/32nm, 20/22nm,
and 14/16nm, in 2012Q4, 2013Q4, and 2015Q4. We re-run the full bootstrap simulation under
this schedule for both fab locations and all policy scenarios, and we use our investment cost
function, as in Appendix @, to predict the costs of the additional upgrade projects.

Table @ reports TSMC’s simulated profits under the lag-one schedule. Continued up-
grading shrinks the penalty from a U.S. location but does not eliminate it. Without additional
policies, the difference between locating Fab 14 in the U.S. and in Taiwan narrows from $1.8
billion in our main results to $1.3 billion, and the differences under the policy scenarios nar-
row similarly. The tariff scenario again reverses the comparison, with a gain of $5.3 billion

compared with $5.9 billion in our main results; the gain is smaller because a continuously up-
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graded facility depends less on the mature, price-sensitive demand that tariffs redirect toward
U.S. producers. These patterns are consistent with the maturation mechanism documented
in Section @: keeping the facility closer to the frontier reduces its exposure to entry-driven
margin compression, which is the margin on which a U.S. location loses most. Figure @ shows
this timing directly: the annual losses under the two upgrade paths coincide through 2011 and

diverge once the synthetic upgrades begin, with the upgraded facility’s late-year losses largely

eliminated by 2014.

Table C.4: Simulated TSMC Profits with Fab 14 on a Lag-One Upgrade Schedule

Fab 14  Fab 14 relocated

Policy scenario in Taiwan to the U.S. Difference

No policy (baseline) $73.8B $72.6B —$1.3B
70.2,78.4]  [69.0,77.3]  [~1.9,—0.7]

U.S. export controls $67.8B $66.5B —$1.2B
64.6,72.2]  [634,711]  [-1.9,-0.6]

CN tax exemptions $70.5B $69.2B —$1.3B
66.5,75.4]  [65.2,74.0]  [-1.9,-0.7]

Export controls + CN tax exemptions  $64.9B $63.7B —$1.2B
61.4,60.6]  [60.2,68.2]  [~1.8,—0.6]

U.S. import tariffs + export controls $64.9B $70.1B +$5.3B

+ CN tax exemptions [61.3,69.7] [66.7,75.0] [4.6,5.9]

Notes: Each cell reports the simulated undiscounted sum of TSMC profits from 2004Q2 to
2015Q3 when Fab 14 follows the lag-one upgrade schedule described in the text. Reported values
are means across the 50 sets of @ estimates described in the notes of Table
intervals, in square brackets, are based on the 5th_and 95th percentiles of these simulations.

Policy scenarios are calibrated exactly as in Tables [ and [i].
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Fig. C.1: Annual Change in TSMC Profit from U.S. Relocation: Observed vs. Lag-One Upgrade
Path

Figure 4 Annual Change in TSMC Profit: Fab 14 Relocated to the U.S. vs. Remaining in Taiwan
(a) Export Controls + CN Tax: Original vs. Lag-1 Fab 14 Upgrade
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Notes: The figure plots the annual change in TSMC profit from relocating Fab 14 to the U.S. relative to
remaining in Taiwan, under U.S. export controls and Chinese tax exemptions, for the observed upgrade path
and for the lag-one upgrade schedule. Shaded bands are 90% confidence intervals across the 50 bootstrap
estimate sets described in the notes of Table §. The two series coincide until the first synthetic upgrade at the
end of 2012 and diverge thereafter.

Table @ reports the predicted investment costs. The lag-one schedule is expensive: pre-
dicted investment for a U.S. Fab 14 rises from $7.8 billion under the observed upgrade path
to $11.2 billion, an additional $3.4 billion of upgrade investment, and the premium over an
equivalent Taiwanese facility widens from $1.1 billion to $1.4 billion.

The relevant comparison is between this incremental spending and what the firm receives for
it. Because both instruments are proportional to investment, the larger project also draws larger
incentives: at a 10% direct subsidy and a 25% ITC, the additional $3.4 billion generates about
$1.2 billion of additional support, of which $0.9 billion is ITC, since upgrade projects place
new qualified property in service. At the same time, the new schedule improves the simulated
profitability of U.S. relocation from $1.8 billion below the no-relocation benchmark to $1.3
billion below it, a gain of $0.5 billion. Additional support and additional in-window profit
together cover about half of the incremental spending, leaving roughly $1.7 billion uncovered.

Two things could close that gap. The first is a substantially larger credit. Holding the
direct subsidy at 10% and the in-window profit gain at $0.5 billion, the ITC would have to

supply about $2.6 billion of the additional $3.4 billion, implying a credit rate of nearly 75% on
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the incremental investment. The 2025 increase from 25% to 35% supplies about $1.2 billion
and still leaves $1.4 billion uncovered. The second is time. The lag-one upgrades arrive near
the end of our sample, so most of the returns they generate fall outside the window, and the
shortfall would have to be made up by operating profits earned beyond it. The asymmetry
our main results identify is sharper on this margin: instruments tied to investment scale up
automatically when the firm invests more, while the returns that would justify the additional

investment accrue through continued operation, which those instruments do not reach.

Table C.5: Predicted Investment Costs of Fab 14 Under Alternative Upgrade Paths

Scenario Projects Investment  90% CI
Observed upgrade path, Taiwan 6 $6.7B [5.8, 7.5]
Observed upgrade path, U.S. 6 $7.8B 6.7, 8.8]
Lag-one schedule, Taiwan 9 $9.8B 8.7, 11.2]
Lag-one schedule, U.S. 9 $11.2B 9.7, 12.7]

Notes: Each row reports the predicted undiscounted sum of construction and equipment invest-
ment in Fab 14 from 2000 to 2015 under the indicated location and upgrade path. The lag-one
schedule adds three upgrade projects to the six observed ones. Reported values are mean pre-
dictions across 30 independently trained MLP neural network models using different random
seeds, with 90% confidence intervals based on the 5th and 95th percentiles of these predictions,
as in Table .

This exercise quantifies the sense in which the ITC’s coverage of upgrade investment does not
resolve the timing mismatch. The credit covers one quarter of the upgrade cost by construction,
and the upgrades themselves recover only part of the location penalty. At least within our
simulation window, sustaining a continuously upgraded U.S. facility would therefore require

support beyond the current incentive package even on the upgrade margin.
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D Data Appendices

Table D.1: Data sources and variables

Dataset Key Variables Frequency & Coverage Source
Wafer orders Order-level quantity, price per wafer, Quarterly, 2003Q4-2015Q3; 2015Q2 GSA
fab location, manufacturing technol- data missing; worldwide representative
ogy, number of layers; no information sample of 11,927 orders
about buyer and manufacturer identity
Fab capacity and Fab-quarter-level installed capacity, Quarterly, 1995-2015; universe of fabs SEMI

investment

Contract manufac-
turing revenue

Contract manufac-
turing market rev-
enue

Various firm perfor-
mance metrics

Technology revenue
share

Region revenue

share

Macroeconomic
semiconductor
demand indicator

manufacturing technology, construc-
tion & equipment investment, owner-
ship, and product types; fixed fab char-
acteristics such as location

Firm-year-level contract manufacturing
revenue in USD

Yearly overall revenue from the entire
contract manufacturing market, broken
down by pure-play foundries and IDMs,
in USD billions

Firm-quarter-level contract manufac-
turing revenue, gross margin, and ca-
pacity utilization

Firm-quarter-level revenue shares from
different generations of manufacturing
technology (e.g. “90nm,” “40-45nm”)

Firm-quarter-level revenue shares from
different geographical regions (e.g.
“North America,” “China”)

Aggregated semiconductor sales based
on net billings between semiconductor
firms and their distributors and end
customers

Yearly, 2000-2017; data available for
246 firm-years; covers top pure-play
foundries for 2000-2004 and top pure-
play foundries and IDMs for 2005-2017

Yearly for 20032008 and 2014-2019

Quarterly; data available for 277 firm-
quarters between 2004 and 2015; covers
only publicly listed pure-play foundries,
no data for IDMs; data_coverage varies
by firm (see Appendix @)

Quarterly; data available for 200 firm-
quarters between 2004 and 2015; covers
only TSMC, UMC, SMIC, Vanguard,
and Hua Hong; data _coverage varies by
firm (see Appendix @)

Quarterly; data available for 152 firm-
quarters between 2004 and 2015; cov-
ers only TSMC, UMC, SMIC, and Hua
Hong; data coverage varies by firm (see
Appendix @)

Monthly, 1986-present; one time series
covering worldwide revenue

IC Insights

IC Insights

Company
reports

Company
reports

Company
reports

WSTS

D.1 Wafer Orders

The raw wafer orders data we obtained from the GSA contains 13,679 individual responses to

their quarterly Wafer Fabrication & Back-End Pricing Survey for 2004-2015. We only retained

observations where the wafers were manufactured using the CMOS process and where the wafer

quantity and size were reported, resulting in the 11,927 observations reported in the main text.
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D.2 Fab Capacity and Investment

The raw data we obtained from SEMI contains 2,265 unique manufacturing-related facilities.
However, not all of them were relevant for our study. For example, because SEMI also serves
the manufacturing supply chains for the display and photovoltaic industries, a substantial
number of facilities in their database were used for the manufecturing of LED panels and
other optoelectronic devices. To construct the sample of fabs for our study, we only keep
the facilities that were used for commercial, volume production of semiconductors through the

CMOS process. To accomplish that, we drop the following facilities:

1. Facilities that were not equipped with the CMOS process; most of those facilities manu-

factured optoelectronic devices (1,215 facilities remaining)

2. Facilities that did not perform commercial, volume production; most of those facilties

were R&D or pilot facilities at research institutes or firms (1,005 facilities remaining)

The dataset has several different variables that capture the type of product produced at each
fab, ranging from a coarse categorization (e.g. “Memory,” “Logic”) to the actual products (e.g.
“DRAM,” “MPU”). Whenever a fab was a dedicated foundry for outside orders, its product

Y

type at the coarsest level is labeled as “Foundry” We differentiate foundry capacity from
IDM capacity using this label. We do not differentiate foundries that produce a wide range of
products from specialty foundries that focus on a smaller range of products for two reasons.
First, data quality for the finer product categorization is much poorer than that for the coarsest
categorization and has lots of missing values. Second, our wafer orders data does not contain
information about whether the wafers were manufactured at a specialty foundry or not, which
forbid us from segmenting the foundry market further into different specialties.

For investment types, the raw data records many categories (such as changing wafer size,
adding new lines, etc.). We classify these into five categories: new construction, tech upgrade,
capacity expansion, upgrade and expansion, and maintenance. New construction occurs when
there was no pre-existing facility (capacity equals zero) and a new facility must be constructed
and equipped. A tech upgrade happens when the technology generation increases after the

investment but the capacity is not expanded. Capacity expansion is when the capacity increases

after the investment, but the technology generation is not upgraded. Upgrade and expansion
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result in both increased technology generation and capacity at the facility. Maintenance occurs
when both technology generation and capacity remain unchanged after the investment (i.e.,

there is no depreciation).

D.3 Yearly Contract Manufacturing Revenue

Information on yearly contract manufacturing revenue on the firm level is from publicly available
data tables released by IC Insights, a semiconductor industry intelligence firm. Data from 2000
and 2001 is available from LaPedug (2003). Data from 2002 is available from LaPedus (2003)
and LaPedus (2005). Data from 2003 and 2004 is available from LaPedus (2005). Data from
2005 to 2006 is available from Mutschley (2008). Data from 2007 is available from Mutschler
(2008) and Chakraborty (2010). Data from 2008 and 2009 is available from Chakraborty
(2010) and LaPedud (2011). Data from 2010 is available from LaPedus (2011) and Silicon
Semiconductor (2012). Data from 2011 and 2012 is available from Silicon Semiconductor| (2012)
and Design & Reuse (2014). Data from 2013 is available from Design & Reusd (2014) and Bower;
(2016). Data from 2014 is available from Bower (2016). Data from 2015 is available from Bower
(2016) and Design & Reuse (2018). Data from 2016 and 2017 is available from Design & Reuse
(2018). When multiple data tables present duplicate observations for the same firm-year, the
revenue numbers sometimes do not agree with each other potentially due to corrections and
updates. In those cases, we arbitrarily select one observation per firm-year. The final dataset
contains 246 firm-year observations between 2000 and 2017.

Information on yearly contract manufacturing revenue for the entire contract manufacturing
market, including a breakdown by pure-play foundries and IDMs, is sourced from publicly
available data figures released by IC Insights. Data for 2003-2008 is available from McGrath
(2009), while data for 2014-2019 is available from Design & Reuse (2020b).

D.4 Quarterly Firm Performance Metrics
Data availability

Data on quarterly contract manufacturing revenue, gross margin, R&D spending, and ca-
pacity utilization are only available for publicly listed pure-play foundries that release their
financial reports. Public firms that are IDMs do not separately list metrics from contract
manufacturing only so we do not collect data from their financial reports.

TSMC: Company quarterly reports are available from 1997Q4 to present. Data on quarterly
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revenue, gross margin, and R&D spending are available from 1997Q4 to present. Data on
capacity utilization is available from 1996Q1 to 2005Q4. Reporting of capacity utilization
stopped in 2006Q1, but wafer shipment and installed capacity are reported from 2005Q1 to
2015Q1.

UMC: Company quarterly reports are available from 2000Q1 to present. Data on quarterly
revenue and gross margin are available from 2000Q1 to present. Data on R&D spending is
available from 2000Q3 to present. Data on capacity utilization is available from 2001Q4 to
present.

SMIC: Company quarterly reports are available from 2004Q1 to present. Data on quarterly
revenue, gross margin, and R&D spending are available from 2003Q1 to present. Data on
capacity utilization is available from 2003Q1 to present.

Vanguard International Semiconductor Corporation (Vanguard): Company quarterly re-
ports are available from 2003Q3 to present. Data on quarterly revenue, gross margin, and
R&D spending are available from 2002Q4 to present. Data on capacity utilization is available
from 2002Q1 to 2015Q1.

Powerchip Semiconductor Manufacturing Corporation (Powerchip): Company semi-annual
reports are available from 2000H1 to 2004H2 and from 2014H1 to present. Company quarterly
reports are available from 2005Q1 to 2011Q2. Data on semi-annual revenue, gross margin,
and R&D spending are available from 1999H1 to 2000H2 and 2002H1 to 2004H2. Data on
quarterly revenue, gross margin, and R&D spending are available from 2005Q1 to 2011Q2.
Data on capacity utilization is not available.

Tower Semiconductor Ltd. (Tower): Company quarterly reports are available from 2005Q1
to present. Data on quarterly revenue, gross margin, and R&D spending are available from
2004Q4 to present. Data on capacity utilization is not available.

Hua Hong Semiconductor Limited (Hua Hong): Company quarterly reports are available
from 2014Q3 to present. Data on quarterly revenue and gross margin are available from 2013Q3
to present. Data on R&D spending is available for the years 2013 and semi-annually from
2014H1 to 2018H2. Data on capacity utilization is available for the year 2013 and for quarters
from 2014Q1 to present.

Additional Data Cleaning
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For revenue and R&D spending reported on the semi-annual level, we convert those results
to quarterly level by equally splitting the revenue and R&D spending among the two quarters.
For gross margin and utilization reported on the semi-annual level, we convert those results to
quarterly level by assuming the quarterly results are the same as the semi-annual results.

Quarters where TSMC only reports wafer shipment and installed capacity, we calculate
capacity utilization by dividing wafer shipment with installed capacity. Between 2005Q1 and
2005Q4, capacity utilization reported and capacity utilization based on our calculation are very
similar.

After the additional data cleaning, we have 277 firm-quarter observations of revenue, gross
margin, and R&D spending between 2004 and 2015. We have 196 firm-quarter observations of

capacity utilization between 2004 and 2015.

D.5 Technology Revenue Share

Data on the revenue shares of different manufacturing technologies is available from company

quarterly reports for the following firms and quarters:
o TSMC: 1998Q4 to present
o UMC: 1999Q3 to present
o SMIC: 2003Q1 to present
o Vanguard: 2002Q4 to present
o Hua Hong: 2014Q1 to present

We keep the 1,213 observations between 2004 and 2015 that belong to 200 unique firm-quarters.

D.6 Region Revenue Share

Data on the revenue shares of different geographical regions is available from company quarterly

reports for the following firms and quarters:
o TSMC: 1998Q4 to present
o« UMC: 1999Q3 to present

o SMIC: 2003Q1 to present
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o Hua Hong: 2014Q1 to present

We keep the 634 observations between 2004 and 2015 that belong to 152 unique firm-quarters.
In addition, we also have information about top pure-play foundries’ share of revenue from
China on the yearly leve for the years 2015, 2016, 2018, and 2019 from Design & Reuse (2017,
2020a). In 2015, China represents 8% of TSMC’s revenue, 48% of SMIC’s revenue, 10% of
UMC’s revenue, 5% of GlobalFoundries’ revenue, and 55% of Hua Hong’s revenue. In 2019,
China represents 20% of TSMC’s revenue, 59% of SMIC’s revenue, 18% of UMC’s revenue, 8%

of GlobalFoundries’ revenue, and 59% of Hua Hong’s revenue.

D.7 Other Macroeconomic Data

WSTS’s worldwide semiconductor billings data is publicly available and can be downloaded at
https://www.wsts.org/67/Historical-Billings-Report as of February 5, 2024. The data
contains four additional time series for revenue by end customer location (Americas, Europe,
Japan, and Asia Pacific respectively). Given that our paper focuses on modeling and estimating
chip designers’ preferences for contract manufacturing location and contract manufacturers’
location preferences, we do not make use of the information about end customer location.

We convert dollar amounts from other years into 2015 dollars using the consumer price
index as in U.S. Bureau of Labor Statistics (2024). We convert currency amounts from Chinese
Yuan Renminbi to US Dollars using Board of Governors of the Federal Reserve System (US)
(2024a). Similarly, we convert amounts from Taiwan Dollars to US Dollars using Board of

Governors of the Federal Reserve System (US) (2024h).

D.8 Determination of Technology Generations

Technology nodes in our data sources are reported in nanometers (nm) or micrometers (pum).
We assign integer values (1,2,3,...) to represent technology generations, with higher values
indicating more advanced technology. Each increment represents the next generation. We define
these generations based on Moore’s Law, which asserts that the number of transistors that can
fit onto a microchip of the same size doubles approximately every two years. Consequently,
the size of each transistor halves with each new generation. Historically, the technology node
name indicates the width of specific physical features of a transistor, allowing us to deduce the
generation. Mathematically, each new generation has a node size v/2 (approximately 1.414)

times smaller than the previous one. Alternatively, expressed logarithmically, the log of the
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node size decreases by log(v/2) (approximately 0.347) with each generation advancement.
Node names carried this exact physical meaning until the 28nm generation, which entered
commercial production around 2012. After 28nm, shrinking the integrated circuits became
increasingly challenging, and manufacturers continued to find new ways to improve the man-
ufacturing process to deliver more powerful chips (Semiconductor Engineering, n.d)). Node
names of newer generations still follow the numeric convention, but the numbers have lost their
connection to the physical features on the chip. The best way to understand the meaning of a
new node in recent years is as an umbrella term, which manufacturers use in the hope that the
number can help to capture the set of new manufacturing technologies capable of delivering
substantive improvements in the performance of the chips as compared to the previous genera-
tion (Hruska, 2021). Since around 2017, which falls outside of our sample period, node names
have become even more inconsistent: technical specifications of chips manufactured using nodes
with the same number no longer match from one manufacturer to the next, and node names
are now often considered a marketing term. Because newer node names continue to follow the
numeric convention, the generation assignment below applies throughout our sample period.
Let technology nodes greater than 4.6 um be classified as technology generation 1. Following
this pattern, technology nodes greater than 3.3 pum are considered technology generation 2,
nodes greater than 2.3 pum are tech generation 3, and so on, until nodes greater than 0.0045
pm or 4.5 nm, which are classified as generation 22. Given a technology node of x pum, we can

determine its corresponding tech generation g by solving the following inequality:

10g(0.0045) + (21 — g)log(V/2) < log(z) < log(0.0045) + (22 — ¢)log(V/2).

E Predicting Investment Costs from Characteristics of Capacity In-

vestment Projects

We fit multilayer perceptron neural networks to predict the investment amount for each project

(in millions of dollars). We use the following project characteristics to predict this outcome:

o Manufacturer indicator variables (if a manufacturer accounts for less than 1% of the

investment projects in our data, we replace the manufacturer’s name with “Rare”)

o Manufacturer’s headquarter location indicator variables (China, North America, ROW,
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or Taiwan)
« Fab location indicator variables (China, North America, ROW, or Taiwan)
o Indicator for whether the fab is a foundry
e A continuous variable for the quarter in which the decision was made

o Log-transformed 200mm-equivalent capacity of the fab at the time of decision (with 1

added to the original value to avoid taking the log of zero)

o Log-transformed 200mm-equivalent capacity of the fab at project completion (with 1

added to the original value to avoid taking the log of zero)
o Fab’s technology generation at the time of decision
o Fab’s technology generation at project completion
« Fab’s distance to the technology frontier at the time of decision

e Project construction duration

Project equipment and ramp-up duration

We transform the target variable, the project investment amount, by logging it and use the
logged variable as the y-variable for model fitting. The loss function used is the mean squared
error between the original variable against the inversely transformed out-of-sample prediction
under five-fold cross-validation. The best layer size, learning rate, batch size, epochs, and
activation function are determined through a grid search. The best configuration is: layer sizes
= (2048, 32), learning rate = 0.00005, batch size = 8, epochs = 100, and activation function
= ReLU. Below, we present the scatter plot of actual versus predicted values, a binned scatter
plot of the same, and other in-sample and out-of-sample model fit metrics under the optimal

parameter configuration.
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Fig. E.1: Actual values and in-sample predicted values for investment amount
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Fig. E.2: Actual values and out-of-sample predicted values for investment amount

(A) Scatterplot
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Out-of-sample metrics: Mean Absolute Error (MAE): 179.1811, Mean Squared Error (MSE): 108958.1110, Root
Mean Squared Error (RMSE): 330.0880, R?: 0.7565
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