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Abstract

We develop a model in which heterogeneous firms—state-owned enterprises (SOEs)
and privately owned enterprises (POEs)—choose among U.S. high-tech inputs, U.S.
low-tech inputs, and domestic inputs. High-tech imports enable Al innovation through
learning, but require costly external financing. Geopolitical risk (GPR) raises the
effective cost of U.S.-origin inputs, while financially constrained POEs face tighter col-
lateral constraints, leading them to reallocate more sharply away from Al-embedded
imports than SOEs. Using a continuous difference-in-differences design around the
2018 U.S.—China trade war and LLM-based measures of firm-level geopolitical expo-
sure, we show that higher geopolitical risk reduces high-tech imports, Al innovation,
product diversification, and firm fundamentals, with significantly larger effects among
POEs. Financial markets also price this risk: higher GPR exposure predicts positive
abnormal returns, reduced debt issuance, and negative cumulative returns around tariff
events. The differential financial-friction channel explains why POEs bear dispropor-
tionately larger losses, revealing Al learning through imports as a novel mechanism

linking geopolitical shocks to real outcomes and asset prices.
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1 Introduction

Geopolitical tensions between the United States and China have intensified markedly in
recent, years, as evidenced by escalating export controls, technology decoupling, and invest-
ment restrictions. Since 2022, the U.S. government has progressively expanded its entity
list to include leading Chinese high-tech firms, curbing their access to advanced semicon-
ductors, artificial intelligence (AI) software, and precision manufacturing equipment. China
has responded with export curbs on critical minerals and heightened regulatory scrutiny
over foreign operations. These developments have disrupted cross-border innovation sup-
ply chains and elevated policy uncertainty for globally exposed corporations. Motivated by
these events, this paper investigates whether geopolitical risk (GPR) negatively affects cor-
porate valuation in the stock market. More fundamentally, we ask how geoeconomic pressure
influences corporate decisions and perceptions of financial markets.

This question is puzzling for several reasons. First, standard real options theory (Dixit,
1994)) suggests that uncertainty raises the value of waiting, thereby delaying irreversible in-
vestment. Yet recent work shows that firms respond asymmetrically to uncertainty shocks,
with downward adjustments in employment and capital occurring much more rapidly than
upward adjustments (Bloom| 2009). Whether geopolitical risk operates through similar
real-options channels remains an open question. Second, the distinction between geopo-
litical threats and realized events is crucial. Using a novel text-based measure, |Caldara
and Tacoviello| (2022) document that geopolitical threats, rather than actual conflicts, are
the primary drivers of economic downturns. Third, the macro-finance literature shows that
global political uncertainty leads to equity market declines and capital outflows from ex-
posed countries (Kelly et al., [2016). Yet these studies typically treat geopolitical shocks as
having symmetric effects on instantaneous cash flows (Crosignani et al., [2026; Huang et al.
2023)), potentially missing how the nature of exposure—through technology supply chains as
a real-options channel rather than through trade flows—shapes valuation consequences. A
large international finance and trade literature documents related phenomena at the macro
or welfare level (Buera and Oberfield, |2020a; Bai et al. 2025; Gavazzoni and Santacreul,
2020)), but it does not explicitly identify the effect of technology supply chains through the
real-options channel.

The Chinese setting renders this problem particularly distinct and underexplored. Un-
like prior episodes of geopolitical tension (e.g., the Cold War or the 2014 Russia sanctions),
U.S.—China decoupling directly targets cutting-edge technology sectors in which innovation
depends on global knowledge spillovers (Song et al., [2011; Allen et al., 2024} 2005). China’s

institutional environment also introduces distinctive mechanisms. State-owned enterprises



(SOEs) benefit from implicit government guarantees and preferential credit access, which
potentially insulate them from valuation shocks. By contrast, non-SOEs, which drive much
of China’s technological innovation, lack such protection. How do Chinese firms make im-
port decisions conditional on their state ownership status? How do these import decisions
transmit through technology supply chains to affect real options? These questions remain
challenging and important in this setting.

We develop a two-period model in which heterogeneous firms, including both state-owned
enterprises (SOEs) and privately owned enterprises (POEs), choose among U.S. high-tech
inputs, U.S. low-tech inputs, and domestic inputs to produce differentiated goods. High-tech
inputs, such as advanced semiconductors and Al-embedded capital goods, drive Al innova-
tion through an import-learning channel: firms that absorb these frontier goods develop the
capability to apply Al to their own products and operations. These inputs, however, typically
require costly upfront financing. Geopolitical risk raises the effective costs of all U.S.-origin
inputs, making high-tech imports less attractive. Furthermore, compared to SOEs, POEs
face higher borrowing rates and tighter collateral constraints, leading to reallocation away
from Al-embedded inputs. The model predicts that this differential response widens the
innovation gap between POEs and SOEs and makes geopolitical risk a priced factor, be-
cause high-geopolitical-pressure states are precisely those in which the marginal utility of
consumption is high.

Our model delivers four key predictions. First, when geopolitical risk rises, all firms
reduce their use of U.S. high-tech inputs and increase their use of domestic inputs, but
POEs do so to a significantly larger degree because their higher financing costs magnify
every margin of adjustment. Second, the net effect on total Al innovation is theoretically
ambiguous: geopolitical risk simultaneously weakens import-based learning and stimulates
domestic innovation. When the negative import-based effect dominates, however, innovation
declines, and the decline is strictly larger for POEs, provided that the import-learning curve
is sufficiently concave relative to the domestic-innovation curve. Third, in value terms, the
decline in U.S. high-tech imports exceeds that in U.S. low-tech imports under a condition that
essentially requires high-tech goods to be sufficiently expensive relative to low-tech goods,
which holds for AI hardware and advanced semiconductors. Fourth, because geopolitical
risk reduces aggregate consumption, high-risk states are bad times in which households value
payoffs more. Firms whose dividends are more sensitive to geopolitical risk (that is, those
with greater U.S. input exposure) therefore have returns that covary negatively with the
pricing kernel and command larger risk premia. Thus, POEs face a strictly larger premium
than comparable SOEs when the direct amplification effect from their higher borrowing costs

dominates the indirect offset from their reduced U.S. input base.



Our identification strategy exploits the exogenous variation generated by the 2018 U.S.—-
China tariff war in a difference-in-differences design. We construct firm-level geopolitical risk
exposure from MD&A texts using a large language model (DeepSeek-v4-flash), measuring
exposure to tariffs, sanctions, and export controls. Interacting pre-shock baseline exposure
(2014-2015) with aggregate U.S.—China conflict intensity as an aggregate geopolitical risk
shock from |Clayton et al. (2025) or exact events during 2018, we trace causal effects from
geopolitical shocks to real outcomes and asset prices. We find three results consistent with the
model. First, higher geopolitical risk reduces high-tech and Al-related imports, with POEs
exhibiting significantly larger declines than SOEs. Second, these import reductions translate
into lower Al innovation (a 23% decline in three-year Al patents for POEs), reduced product
diversification (19.8% fewer trademarks for POEs), and weaker fundamentals (8.34% lower
sales growth for POEs). Third, financial markets price this risk: higher exposure predicts
positive abnormal returns in Fama-MacBeth regressions (up to 6% monthly), reduced debt
issuance (8.93% lower probability), and negative cumulative returns around tariff events.
Our framework bridges structural cross-partials to reduced-form estimates and transforms
the measurement of geopolitical risk from a macro-only construct into a firm-level, causally
identified treatment.

A central contribution of this paper is to demonstrate that state ownership fundamen-
tally shapes how geopolitical risk transmits to firm outcomes, a dimension largely overlooked
in existing work on trade policy uncertainty and geoeconomic shocks. While prior litera-
ture conceptually treats firms as homogeneous in their exposure to trade frictions through
technology supply chains and real options (Gavazzoni and Santacreu), 2020; Bai et al., 2025}
Buera and Oberfield, 2020a) even without clear identification, we show that China’s two-
tier ownership structure generates starkly heterogeneous responses. State-owned enterprises
benefit from implicit government guarantees, preferential credit access, and looser collateral
constraints, which insulate them from the full force of geopolitical shocks. By contrast,
privately owned enterprises face higher borrowing rates and tighter financing constraints,
which amplify every margin of adjustment. Our findings reveal novel heterogeneity along
three dimensions. First, POEs reduce high-tech and Al-related imports significantly more
than SOEs when geopolitical risk rises, because their higher financing costs magnify the im-
pact of rising input prices. Second, the innovation gap widens markedly: POEs experience
large and statistically significant declines in Al patents over three-year horizons, while SOEs
show no meaningful change, implying that state backing preserves innovative capacity during
geoeconomic crises. Third, financial markets penalize POEs disproportionately—the geopo-
litical risk premium is roughly twice as large for POEs as for SOEs, and only POEs generate

significant abnormal returns in long-short portfolio strategies. These results establish that



state ownership acts as a buffer against geoeconomic pressure, while private ownership am-
plifies vulnerability—a novel mechanism with direct policy implications for understanding
how institutional frictions mediate the transmission of global shocks.

We make four contributions. We first develop a granular, firm-level measure of geopo-
litical risk exposure for Chinese public firms. Existing work relies on aggregate indices that
cannot capture heterogeneous firm vulnerability. We address this gap by applying a large
language model (DeepSeek-v4-flash) to the MD&A sections of annual reports from 2010 to
2024, identifying discussions of tariffs, financial sanctions, export controls, and integrated
geoeconomic pressure. The prompt is designed to capture only ex ante uncertainty, distin-
guishing geopolitical risk from business cycle fluctuations. The resulting measure exhibits
substantial cross-sectional variation—POEs face higher exposure than SOEs, and tariff pres-
sure dominates the time-series trend. This transforms geopolitical risk from a macro-only
aggregate into a firm-level, causally identifiable treatment, providing the foundation for our
quasi-experimental design.

We next identify the “learning by importing” channel through which firms acquire Al
capabilities from foreign suppliers. Using LLM-based classification of customs product de-
scriptions, we construct firm-level measures of high-tech and Al-related imports, with Al
products (GPUs, chips, deep-learning hardware) classified by the LLM as high-AT relevance
and cross-validated against China’s official patent classification. This allows us to trace how
geopolitical shocks disrupt import learning separately from domestic Al substitution. We
find that geopolitical risk reduces precisely those imports that embed frontier Al capabilities,
and this reduction translates directly into lower Al innovation and product diversification.
By isolating the learning-by-importing mechanism, our framework moves beyond aggregate
import measures to identify the specific technological content that drives real outcomes.

We then show that high-tech import learning drives creative innovation—product-scope
expansion and appeal enhancement—rather than merely process efficiency. In a multi-
product firm framework, we show that U.S. high-tech inputs raise product appeal, while
domestic Al provides only an imperfect substitute. Linking this mechanism to corporate
fundamentals, we find that geopolitical risk reduces trademarks by 20% and product patents
by 13%, indicating lost product diversification. These innovation losses translate into real
underperformance: sales growth falls by 5.11% (8.34% for POEs), the investment ratio drops
by 0.67% (1.14% for POEs), and the probability of debt issuance declines by 5.36% (8.93%
for POEs). Geopolitical shocks thus disrupt import learning, depressing innovation, funda-
mentals, and financing access, with POEs bearing larger losses across every margin.

Finally, we show that geopolitical risk is priced in both debt and equity markets. Firms
with higher exposure face tighter credit access: debt issuance falls by 5.36% overall and by



8.93% for POEs, while SOEs show no significant change. In equity markets, a long-short
portfolio of high- versus low-GPR firms earns 2.5-2.6% annualized abnormal returns. Fama-
MacBeth regressions confirm that a one-standard-deviation increase in exposure predicts
6.0% higher monthly returns—6.3% for POEs versus 3.4% for SOEs. Event studies around
tariff announcements show that high-GPR portfolios underperform by 0.54-1.73% within
short windows. Geopolitical risk thus commands a significant premium, driven almost en-
tirely by POEs, which face both higher equity costs and restricted debt access—a double
penalty in their cost of capital.

This paper relates to several strands of the literature. First, within the international trade
literature, most studies focus on how geopolitical tensions or trade policy uncertainty instan-
taneously affect firm cash flows. Crosignani et al.| (2026) documents how U.S. companies
taking a stance on tech leadership experience market devaluations following U.S. geopolitical
tensions over export controls. [Huang et al. (2023) characterizes the trade-network effect in
propagating trade policy uncertainty and how such uncertainty deteriorates firm value in
financial markets. The work most closely related to ours is Waugh| (2026]), which documents
AT adoption from an international trade perspective. However, that paper focuses on Al
trade primarily in Mexico and estimates its fiscal sustainability implications for the United
States arising from tax exemptions. By contrast, our paper contributes to the emerging
literature on geopolitical risk and examines how it propagates through international trade
as a real-options channel. Rather than focusing solely on real options through trade policy,
we embed our analysis within the framework of the Chinese economy, highlighting cross-
sectional differences across distinct types of state ownership.

Second, our paper contributes to the emerging literature on Al in finance. Most frontier
papers study Al within domestic economies and measure Al exposure using either textual
data or labor-market proxies. Babina et al. (2024) show that Al adoption has a positive effect
on gaining market power through product innovation. |Eisfeldt et al.| (2023) identify firm-level
exposure to generative Al and examine its implications for market valuation, confirming a
labor-technology substitution effect for U.S. corporations. |Acemoglu et al.| (2022) first show
that Al adoption displaces routine labor, with sizable substitutability at the aggregate level.
Babina et al. (2025) documents a new role for Al in stabilizing corporate performance by
reducing profitability volatility. Our paper documents a distinct pattern of Al adoption
through international trade. Using exogenous variation from geopolitical conflicts, we show
how cross-country conflicts drive Al adoption and Al capital accumulation.

Third, our paper contributes to the asset pricing literature, particularly to the asset
pricing framework in the Chinese economy. Relatively few papers investigate the cross-

section of stock returns in Chinese financial markets, and most are empirically motivated.



Geng and Pan| (2024) examine China’s credit market and government debt using a structural
estimation that incorporates credit and liquidity factors. |Allen et al. (2024) summarize
the long-run underperformance of Chinese stocks relative to alternative equity markets and
rationalize it within a behavioral framework. |Liu et al.| (2019)) document the factor structure
in the Chinese stock market and evaluate its efficiency in explaining cross-sectional stock
performance. The framework closest to ours is Belo et al.| (2026), who build a structural
asset pricing model to explain the asymmetric cross-sectional performance of Chinese stock
returns arising from state-ownership exposure to Chinese monetary policy. Our setting
also starts from the underlying assumption of heterogeneous state ownership in financial
accessibility. However, we focus on the intensive margin of state ownership with respect to
financial frictions and explore its implications for geopolitical risk in asset pricing through
the international trade channel.

The remainder of the paper proceeds as follows. Section II develops a two-period model
of input choice under geopolitical risk, highlighting how financial frictions amplify POE
losses relative to SOE losses. Section IIT describes our LLM-based measurement of firm-level
geopolitical exposure and high-tech import classification. Section IV presents the data and
summary statistics. Section V reports the causal effects of geopolitical risk on imports, in-
novation, and product diversification. Section VI documents financial market consequences,

including event studies, fundamentals, and the cost of capital. Section VII concludes.

2 Theoretical Framework

Environment. Consider a two-period economy (¢ = 0,1) populated by a representative
household and a continuum of firms. Firms are of two ownership types j € {SOE, POE}.
There is no labor; production follows an AK technology where productivity depends on the
composition of intermediate inputs. The economy is subject to geopolitical risk, which raises

the effective cost of sourcing U.S.-origin inputs.

Timeline. The sequence of events is as follows:

1. At t = 0: The household observes the distribution of 7 and prices equity claims to
SOE and POE firms. The household chooses consumption Cj.

2. At t = 1. The geopolitical risk shock 7 is realized. Firms observe 7 and choose their
input composition wfc (7). Firms finance input purchases using internal cash and bank

borrowing. Production occurs and dividends DJ(7) are paid. The household consumes

Cy (7).



This timing is important: equity claims are priced ex ante (before 7 is realized), while
firms’ import decisions are made ez post (after 7 is observed). The comparative statics in
Section [b| characterize firms’ optimal responses to realized 7, while the asset pricing results

in Section concern the ex ante risk premium arising from uncertainty over 7.

2.1 Representative Household and Stochastic Discount Factor

The representative household has CRRA preferences over consumption in the two periods:

Ccl=
=1

U =u(Co) + BE[u(Cy)],  u(C)

where 8 € (0,1) is the subjective discount factor and v > 0 is the coefficient of relative
risk aversion. The household’s period-t consumption C; is a real consumption index that
aggregates over all differentiated products and varieties produced by SOE and POE firms. As
detailed in Appendix [A] within each period consumers have nested CES preferences across
products (elasticity v) and across firm varieties within each product (elasticity o > v).
This within-period CES structure determines relative demand for individual varieties and
generates the product-level revenues and price indices that underpin the micro-foundation for
ATl import learning. The CRRA specification over the CES aggregate governs intertemporal
allocation and determines the stochastic discount factor used to price assets.

The household owns all firms in the economy. At ¢t = 0, the household is endowed with
wealth Wy and chooses consumption Cy. At t = 1, aggregate real income equals aggregate
dividends from all firms. Since the CES consumption index is monotonically increasing in
real income (for a given aggregate price index, which is determined by firms’ pricing and
product scope decisions), we can express the household’s period-1 consumption in terms of
aggregate dividends:

C1 =a D% + (1 —a) D{9F

where o € (0, 1) is the share of SOE firms in the economy and D{ denotes the aggregate real
payout from type-j firms. This formulation is without loss of generality for the comparative
statics: any monotone transformation of income preserves the signs of all derivatives with
respect to 7.

The household’s Euler equation determines the risk-free rate r; on financial assets:
u'(Co) = B(L+ry) B[u(Ch)] (1)

The stochastic discount factor (SDF), derived from the household’s first-order condition,
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The SDF prices all assets in the economy. For any asset with gross return R:

E[M - R] =1

which implies:
Cov(R, M)

E[R] = (1 +7f) = TTEDO (3)
Assets whose returns covary negatively with M—i.e., that pay off poorly when consumption
is low—command a positive risk premium.

An important distinction in this economy is that the risk-free rate r; determined by the
Euler equation (1)) is the return on financial assets, not the cost of bank credit that firms face.
As we discuss in Section [2.2.4] the borrowing rates 77 for SOEs and POEs are determined by
the banking system and government policy, and are not tied to ry. This separation—between
the financial market pricing kernel and the administered credit market—is a key feature of
the Chinese economy and ensures that changes in r; do not feed back into firms’ import

decisions.

2.2 Firms

2.2.1 Production Technology and Import Learning

Each firm f of type j enters period 0 with capital K;. Production uses an AK technology
with three intermediate inputs:
Yf = A(WH, WO) Kf

where wy € [0, 1] is the U.S.-origin high-tech input share, wy, € [0,1] is the U.S.-origin low-
tech input share, wp = 1 — wy — wy, > 0 is the domestic input share, and A(wgy,weo) is the
firm’s productivity.
The three input types differ in both cost and productivity contribution. Input prices
satisfy:
P >po >prL >0

U.S.-origin high-tech inputs (py) are the most expensive, reflecting the frontier nature of
Al-embedded capital goods. Domestic inputs (po) are intermediate in cost, reflecting the
quality and reliability premium of indigenous production. U.S.-origin low-tech inputs (pr,)

are the cheapest — they are commodity-like goods (standardized components, raw materials)



available at competitive world prices below domestic alternatives.

The three inputs differ sharply in their productivity contributions:

e U.S. high-tech inputs (wy) generate Al import learning: firms that absorb Al-
embedded intermediate goods develop capabilities to apply Al to their own products
and operations, enabling both innovation and efficiency gains. This is the primary

mechanism connecting geopolitical risk to firm performance.

e Domestic inputs (wp) contribute to domestic Al innovation: indigenous technology
capabilities, state-supported Al programs, and domestically developed Al tools (e.g.,
large language models, chip architectures) provide a separate but imperfect substitute
for frontier Al capabilities. This channel is independent of U.S. sourcing and unaffected

by geopolitical risk.

e U.S. low-tech inputs (wy) contribute neither Al import learning nor domestic Al
innovation. They are pure cost-minimizing inputs used because p; < po—firms prefer

them over domestic goods purely for cost reasons, not productivity.

We model productivity as additively separable in the two productive inputs:
_ 0 4 ¢
Alwg,wo) = A+ 0wy — SWH + pwo — SWos 0,0,1,( >0

The parameters 6 and 6 govern Al import learning productivity and absorptive capacity.
The parameters p and ¢ govern domestic Al innovation productivity and its diminishing

returns.

2.2.2 Al Import Learning and Product Innovation

Following Babina, Fedyk, He and Hodson (2024), who show that Al investment drives firm
growth primarily through product innovation rather than process innovation, we focus on

the AI innovation channel through which high-tech input reliance affects firm performance.
Al innovation: two channels. Total Al innovation combines two independent channels:

Innovationy = ¢g(wr) + ¢o(wo)

where ¢, > 0, ¢, < 0 captures Al import learning from U.S. high-tech inputs, and ¢}, > 0,
¢ < 0 captures domestic Al innovation from indigenous inputs. The two channels are

imperfect substitutes: domestic Al capabilities can partially offset the loss of U.S. import

10



learning, but cannot fully replicate frontier Al technologies (hardware, training infrastruc-
ture, proprietary models) embedded in U.S. high-tech goods.

This two-channel structure reflects an important feature of China’s Al landscape. While
U.S. export controls and entity list restrictions have curtailed access to advanced semiconduc-
tors and Al hardware, Chinese firms and research institutions have responded by accelerating
domestic Al development — large language models (DeepSeek, ERNIE), domestic chip archi-
tectures (Huawei Ascend), and state-sponsored Al research programs. The model captures
both the disruption of the U.S. import learning channel and the countervailing domestic

innovation response.

U.S. low-tech inputs. The share w; contributes neither Al import learning nor domestic
AT innovation. Firms use U.S. low-tech inputs purely for cost reasons: p;, < po makes
them cheaper than domestic alternatives. As geopolitical risk raises kp; toward po, this cost

advantage erodes and firms substitute toward domestic inputs.

Ex-post price ordering. We maintain the condition (7, 7¢) pr < po for all 7 € [0, 7] and
ng € [0, 7], equivalently 7 < (po/pr, — 1)/1. This ensures the price ordering py > po > kpy,
holds ex-post throughout the support, so U.S. low-tech imports are never fully wiped out:

firms always prefer some U.S. low-tech over domestic on cost grounds.

2.2.3 Input Costs and Geopolitical Risk

Sourcing intermediate inputs requires upfront payment. Let ny > 0 denote firm f’s geopolit-
i1cal exposure. Geopolitical risk raises the cost of all U.S.-origin inputs proportionally while

leaving domestic input costs unaffected. The total input cost per unit of capital is:

plww,wr, 7,my) = K(7,75) [pH WH + PrL WL} + Po wo

where x(7,7¢) = 14+n;7 and prices satisfy py > po > pr, > 0. Total input cost is = = p K.
It is convenient to reformulate in terms of (wy,wo) — the two productive inputs — by

substituting wy, =1 — wy — wo:
p = kpr + k(p — pr)wu + (Po — KpL) Wo (4)

The term k(py —pr) is the cost premium of high-tech over low-tech U.S. inputs; (po —kpr) >
0 (maintained by Assumption [1]) is the cost premium of domestic over U.S. low-tech. As
7 rises: the high-tech premium grows (discouraging wy); the domestic premium shrinks

(making domestic relatively cheaper vs. U.S. low-tech, encouraging substitution from wy,

11



toward wp). The problem separates cleanly in (wg,wp), making the comparative statics

tractable.

2.2.4 Debt Financing

Firms finance input costs using a combination of internal funds and external borrowing. Let
C']J; denote the internal cash holdings of firm f of type j, and let By denote the amount
borrowed. The financing constraint is =y = C} + By. We define the cash-to-capital ratio
Y = C} /K. Since internal cash C’} is predetermined at ¢ = 0 and non-stochastic, it does
not affect comparative statics with respect to 7; where necessary we compare firms with
POE —

In China, the cost of borrowing is determined by the banking system and government

equal cash-to-capital ratios y°9F = y

policy, not by a frictionless capital market. The People’s Bank of China uses M2 growth as
the intermediate monetary policy target and influences credit volumes through the banking
system, while state-owned banks—which account for more than half of total banking assets—
channel credit preferentially to SOEs (Belo et al., 2026). We therefore specify the borrowing
rate as:

,r.j =74 5]" SSOE < gPOE

where 7 is the base lending rate set by the banking system and &’ is an ownership-specific
financing friction wedge. Importantly, 77 is not tied to the risk-free rate r; in the SDF .
The SDF prices assets in financial markets, while r/ reflects the cost of bank credit, which
in China is shaped by government guarantees, directed lending, and regulatory policy rather
than by market-clearing conditions.

EPOE ~ ¢SOE reflects several well-documented channels:

The financing friction wedge
SOEs benefit from implicit government guarantees that lower perceived default risk; SOEs
have special connections to the government and state-owned banks that facilitate access to
credit; and government monetary and credit policies tend to favor SOEs.

For aggregate resource accounting, we interpret (1 + r7) By as a reduced-form financing-
inclusive resource cost of funding input purchases. The ownership-specific component 77
captures both the direct cost of external finance and the real intermediation and shadow
costs associated with directed credit allocation in China (see, e.g., Song et all 2011; Hsieh
and Klenow,, 2009). We abstract from bank profits being rebated to the representative
household: the financing-cost term should be read as a reduced-form shadow cost of external
finance, not as a pure transfer within the household sector. As a result, the decline in firm
dividends from rising 7 maps into a decline in aggregate household consumption rather than

being offset by recycled bank income.

12



The firm must also satisfy a collateral constraint:
Bf S SOJ Kfa gOSOE > QDPOE
where ¢’ is the collateralizability of capital for type-j firms.

2.2.5 Firm’s Problem

Each firm jointly chooses (wg,wo) — the two productive input shares — to maximize its

dividend, with U.S. low-tech w;, =1 — wy — wo determined residually. The dividend is:
ch = A(wg,wo) Kf — (14 17) [p(wH,wo,T, ny) Ky — C’ﬂ

Using and suppressing the constant xkp; term, the firm’s problem is:

)
2 2
max A+ Owy — —wi + pwo — ~w
wHwo>0, wg+wo<1 | 2 H T Yo 2 o

— (1 +77)(k(pr — pr)wn + (po — kpL)wo) | Ky + (1 + Tj)cj;

subject to the collateral constraint [kpr, + k(py — pr)wnr + (Po — kpr)wo Ky — Cj; < @YKy,
The objective is additively separable in (wy,wp): optimizing over wy depends only on
0, 0, k(py — pr); optimizing over wo depends only on p, ¢, (po — kpr). The two FOCs are

independent in the unconstrained interior.

2.3 Optimal Input Choice

Interior Solution. The first-order conditions with respect to wy and wp yield:

0 —dwy = (1+77)k(7,ns) (P — pr)
p—Cwo = (1+17) (po — K(r,ns) pr)

Solving for the optimal shares:

0= (477 k(r,n5) (Pr — pL)
W = | 5 (5)
ng:lﬁ—(lJFT)(Pg—H(Tﬂ}f)pL) ©)

o XK
and w)’ =1 —wy —wg.

13



The two FOCs are independent in the unconstrained interior. The cost wedge driving wj;
is k(py — pr): high-tech becomes more expensive relative to U.S. low-tech as 7 rises. The
cost wedge driving wf) is (po — kpr): domestic becomes relatively cheaper vs. U.S. low-tech

as T rises (the wedge shrinks), inducing substitution from w;, toward wg.

Binding Collateral Constraint. When the collateral constraint binds, a shadow value

of funds A > 0 augments the effective cost of borrowing. The FOCs become:

0 — dwyy _ p—Cwo
k(pu —pL) Do — KDL

=14+ +X)

subject to [k(py — pr)wr + (po — kpL)wol Ky = (X! + ¢’ — kpr)K;. When the collateral
constraint binds, the shadow value of funds reduces input use relative to the unconstrained
optimum at a given . It unambiguously makes U.S. high-tech inputs less attractive; the net
effect on domestic inputs as & rises depends on the balance between tighter financing and
the relative-price substitution toward domestic inputs.

Away from the unconstrained interior, the optimal shares are determined by the feasible
simplex {wy,wo > 0, wy +wo < 1} and the collateral constraint. Since the main propo-
sitions focus on the slack-collateral interior region (Assumption , we do not use the full
constrained solution below.

We derive comparative statics for the unconstrained interior case. We restrict the geopo-
litical risk shock to a bounded support 7 € [0,7] and maintain the following regularity

conditions on this support:

Assumption 1. Parameters satisfy for all 7 € [0, 7] and 77 € [0,7]: (1) wi,wy € (0,1) and
w;f + ng < 1 for both types on the full support. The individual interiority conditions are
ensured by 0 > (1+rP9E)k(7,7)(pg —p1), 1 > (1+77F)(po —p1), 0 < 6+ (1+759F) (pgy —
pr), and p < C+(1+7°9F) (po — k(7,1)pr); the adding-up constraint wi 4wy < 1 is imposed
separately. (ii) The ex-post price ordering (7, 7) pr, < po holds throughout, ensuring U.S.
low-tech costs never exceed domestic costs and w} > 0 always. (iii) All firms borrow positive
amounts and the unconstrained choices (wg, ng ) satisfy the collateral constraint strictly on

the full support, so the propositions below apply with a slack collateral constraint.

Assumption 2 (Domestic Substitution Dominance). ((py — pr) < d pr, i.e., the domestic
absorptive capacity parameter ¢ is small relative to dpy/(py — pr). This ensures that the
rise in domestic share wy, more than offsets the fall in high-tech share wj in the budget

allocation, so the U.S. low-tech share wj also falls with 7.

Proposition 1 (Geopolitical Risk Reduces U.S. High-Tech Imports and Raises Domestic
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Input Use). For all firms with ny > 0 and 7 > 0:

&uﬁ (1+r)ns (pu — pr)

or 4] <0 (™)
owy 1477

gTo _ ! +7“<)?7pr - -
owy oy owy NV )

or ~ or or UFTIW|TH oL

The U.S. high-tech share always falls and the domestic share always rises. Under Assump-
tion[d, the U.S. low-tech share also falls: the rise in domestic share wp dominates the fall in
high-tech share wy; in the budget allocation, crowding out wy. All results hold with analogous

expressions for 0/0n;s.
Proof. See Appendix [B.1] O

Proposition 1 is the core input-composition result. The mechanism works through relative
cost changes: when geopolitical risk 7 rises, the cost multiplier k = 1 4 747 increases the
effective price of all U.S.-origin inputs, but the reallocation differs across the three margins.
U.S. high-tech inputs become more expensive relative to U.S. low-tech (the cost wedge x(py—
pr) grows), so firms reduce wj;. Meanwhile, domestic inputs become cheaper relative to U.S.
low-tech (the cost wedge po — kpr, shrinks), so firms increase wj;. The U.S. low-tech share
wj—Dbeing determined residually—falls only when the domestic substitution effect is strong
enough to dominate (Assumption [2).

Two features of this result merit emphasis. First, all three comparative statics are linear
in 7 and 7y, which is a direct consequence of the quadratic productivity specification and
the linear cost structure. This linearity makes the model particularly tractable for empir-
ical implementation: the structural derivatives map directly to regression coefficients in a
difference-in-differences design. Second, the results depend on the financing cost r? through

the multiplier (1 + 77), which creates the ownership differential exploited in Proposition 2.

Proposition 2 (Differential Impact Across Ownership Types). For any given ny > 0 and

T > 0, the changes in all three input shares are larger in magnitude for POE firms:

aw;[POE aw;{SOE aw*OPOE awESOE aszOE aszOE
[ — , >
or or or or ‘ or ‘ or
The structural DID cross-partials are:
Pwp _ (L+17)(pn —pi) <0, 0wy :+(1+7’j)pL>0
onsOT 4] onsOT ¢
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both larger in magnitude for POESs, providing the structural counterpart to Exposure; X Shock;

on each margin.

Proof. See Appendix B.2] O

Proposition 2 establishes the central empirical prediction: POE firms are more vulnerable
to geopolitical risk than SOEs on every input margin. The mechanism is purely a financing-
cost amplification—POEs face higher 7/, which scales up every comparative static through
(1 +r7). Economically, this reflects the fact that input purchases must be financed upfront,
and geopolitical risk raises the cost of inputs that are already more expensive to finance
for POEs. The amplification is proportional, not additive: if a POE’s borrowing rate is 15
percentage points above an SOE’s; the POE’s input reallocation in response to any given 7
shock is roughly 15% larger in magnitude.

The structural DID cross-partials 6%w*/dn;07 provide the bridge to the empirical de-
sign. In the data, the interaction Exposure;, x Shock; captures the differential response of
high-exposure firms to aggregate geopolitical shocks. The model predicts this coefficient
is negative for wjy; and positive for wy, with larger magnitudes for POEs. This motivates
splitting the sample by ownership type and testing whether the DID coefficient is amplified
for POEs.

Proposition 3 (High-Tech Import Share Declines More Than Low-Tech in Value Terms).
Suppose Assumption |9 holds (so w; falls). The absolute decline in U.S. high-tech import

value exceeds the absolute decline in U.S. low-tech import value:

*
ow;y

pL.‘(?T

*
ow3y

or

PH -

if and only if
C(ph — 1) > o017

This condition is independent of T, ng, and r7.

Proof. See Appendix [B.3] O

Proposition 3 provides a cross-margin prediction: geopolitical risk reduces U.S. high-tech
import values by more than U.S. low-tech import values. The result requires Assumption
(so that both margins decline) plus the additional condition ((p% — p?) > dp%. This sec-
ond condition has a natural interpretation. The left-hand side increases in the price gap
p% — p2, which reflects the cost premium of Al-embedded high-tech goods; it also increases

in ¢, the domestic absorptive capacity parameter that governs how quickly domestic inputs
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exhibit diminishing returns. The right-hand side increases in § (the import learning absorp-
tive capacity) and p? (the baseline cost of low-tech goods). Intuitively, the condition says
that high-tech inputs must be sufficiently expensive relative to low-tech inputs—which is pre-
cisely the empirical pattern for AI hardware and advanced semiconductors versus commodity
components.

A notable feature is that the condition is independent of T, ns, and r7: it holds either
for all firms and all risk realizations, or for none. This makes it a sharp cross-margin
prediction that can be tested by comparing regression coefficients across the high-tech and
low-tech import equations. Note that the proposition compares base-price import-value
margins pywj; and prwj, which correspond to the input share reallocation weighted by pre-
shock prices. This is the appropriate comparison when the empirical variables are import
proportions or quantity-based shares. Including the geopolitical price multiplier x would
introduce a countervailing price effect—import unit costs rise with 7—that can dominate

the quantity reduction, causing effective dollar import values to increase even as input shares

fall.

Proposition 4 (Total AI Innovation: Import Learning vs. Domestic Substitution). Total

Al innovation Innovations = ¢p(wiy) + ¢o(ws) satisfies:

0 ]nnovatianﬁc

5 = (1+17)n; ¢o(wo)pr  ¢u(wy) (br — pr) (9)

¢ 5

Total AI innovation falls if and only if the import learning destruction exceeds the domestic

substitution gain:

¢y (wi) (pr — pr) - Op(wg) pr
0 ¢

(Import Learning Dominance) (10)

Suppose Import Learning Dominance holds for both ownership types. A sufficient condition
for the total innovation decline to be strictly larger for POE firms is that the concavity of

the tmport learning function dominates the concavity of the domestic innovation function:

_ 2 _
o) "L > g (o= Rroe )

for all &g € [WiFOF Wi O] and &o € [wEOF , wEOF]. This is a directly verifiable sufficient
condition: it requires the curvature inequality to hold uniformly over the relevant intervals,

which guarantees that it holds at the particular intermediate points delivered by the mean
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value theorem in the proof. Under this condition:

OF SOFE

d Innovation®

or

‘ 0 Innovation

or

When condition fails, the domestic substitution channel dominates and total Al inno-

vation rises with 7.

Proof. See Appendix [B.4] O

Proposition 4 addresses the central question of how geopolitical risk affects Al innovation.
The result has two parts with distinct economic content.

The first part shows that the net effect on total Al innovation is ambiguous in general,
because geopolitical risk simultaneously destroys import learning (¢ falls with wj;) and
stimulates domestic innovation (¢o rises with wy). The Import Learning Dominance con-
dition identifies when the first effect dominates. This condition is more likely to hold
in sectors where frontier Al capabilities are hard to replicate domestically—for instance,
advanced semiconductor fabrication, where U.S. and allied-nation firms control critical tech-
nology nodes. It is less likely to hold in Al software and applications, where Chinese firms
have demonstrated substantial domestic capability (e.g., large language models, autonomous
driving systems). This cross-sectoral heterogeneity generates a testable prediction: firms in
hardware-intensive sectors should experience larger net innovation declines from geopolitical
shocks.

The second part establishes that the innovation decline is larger for POEs under a curva-
ture condition that compares the concavity of ¢z and ¢p weighted by cost-sensitivity
parameters. The economic intuition is as follows. POEs have lower wj and wg, than SOEs
(because higher borrowing costs reduce both shares). If import learning is concave (¢, < 0),
POEs are on a steeper part of the learning curve and therefore lose more marginal innovation
per unit of wj; reduction. But if domestic innovation is also concave (¢, < 0), POEs also
gain more marginal domestic innovation per unit of wy, increase. The curvature condition
requires that the first effect dominates the second. It holds trivially when ¢ is linear (so the
domestic offset does not accelerate for POEs), and fails only when the domestic innovation

function is “more concave” than the import learning function in a cost-weighted sense.

Remark 1 (Interpretation of the Curvature Condition). Condition is stated in terms of
exogenous parameters and the curvatures of the innovation functions ¢y, ¢o. It is evaluated
at the relevant (7, 77) through &; if the prediction is intended to hold over the full support, the
condition should be imposed uniformly for all 7 € [0, 7] and n; € [0,7]. The condition holds
trivially when ¢ is linear (¢, = 0), since the right-hand side vanishes. When both functions
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are linear (¢4 = ¢}y = 0), APOF = ASOF and the POE innovation decline is still strictly
larger because (1 + rPOF) > (1 + r9°F). The condition can fail only when ¢¢ is sufficiently
more concave than ¢y—i.e., when the marginal domestic Al innovation gain accelerates
faster for POEs than the marginal import learning loss. Equivalently, condition is the

primitive-parameter counterpart of the endogenous-variable condition APOF > ASOE.

O (Wi OF) (b —p) _ Go(W5 ") pi

¢
S O (Wir ") (pr —pr) oWy ") pr
B ¢

Remark 2 (Domestic Innovation Substitution). Condition is more likely to hold when:
() @Yy is large relative to ¢, (frontier Al capabilities embedded in U.S. high-tech are highly
productive and hard to replicate domestically); (ii) py — py, is large (high-tech cost premium
is large, so a small reduction in wj; has a large impact on learning); and (iii) py, is small (U.S.
low-tech is cheap, so the domestic substitution from wy to wo is modest). The condition
can fail — i.e., domestic innovation substitution dominates — for firms with high initial wg
(already domestic-oriented), in sectors where domestic Al capabilities are strong (software,
applications), or for SOEs that benefit from state-sponsored domestic Al programs. This
generates testable cross-sectional heterogeneity: we predict that firms with larger domestic
Al capability respond to geopolitical shocks with smaller total innovation declines, potentially

offset by domestic Al patent growth.

Remark 3 (Collateral Constraint Amplification). When the collateral constraint binds, the
firm faces a shadow cost of funds A > 0 in addition to 7. The FOCs become 0 — wy =
(1477 +Nk(pg —pr) and g — Cwo = (1477 + X)(po — Kpr), so A further reduces both wi
and wy, below their unconstrained optima.

Suppose x°9F = xPOP = x n; =1, and k(7) = 1+ 7. The unconstrained borrowing per

unit of capital is B;j/Kf = k(pg — pr)wi + (Po — kpL)wy + kpr, — X, with derivative

0B} | Ky _ k(e —p1)®  (Po — k)’

ori 5 c <0

Since POEs face higher 77, they borrow less at any given 7, but their tighter collateral limit
POE - ,SOF

POE constraint binds first (r,9F < 759F) if:

can nonetheless cause the constraint to bind at a lower 7. Specifically, the

SOE I

0 ¢

(o (pPOE) > (TPOE . TSOE) w1t )2 (0 = pr)? | (po — w(d0f’) pr)?

19



i.e., the collateral gap exceeds the borrowing gap implied by differential rates. Once the
constraint binds, the shadow cost of funds further depresses the use of financing-intensive
inputs. It unambiguously amplifies the decline in wy; its effect on woy depends on whether

the financing-cost effect dominates the relative-price substitution toward domestic inputs.

Figure [1] illustrates Propositions 1-3: panel (a) plots U.S. high-tech import shares;
panel (b) plots U.S. low-tech import shares. Both margins decline with 7, and the decline is
steeper for POEs (Proposition 2). Figure [2/shows the total AT innovation comparison across

ownership types. Figure 3| summarizes the full causal chain.

2.4 Aggregate Dividends and Consumption

Aggregate period-1 consumption is:
Ci(1) = a D{P(1) + (1 — a) DFOE(7)

where aggregate dividends for ownership type j integrate over the cross-sectional distribution

F; of firms:
D{(T)Z/[A(Wﬁ,wg)—(1+Tj)p(w??,wgm77f)] deFj(f)+(1+?"j)/C§édﬂ(f)

Because C4 is predetermined and non-stochastic, the term (1 + r?) [ C% dF;(f) affects divi-
dend levels but not the firm’s exposure to 7; all comparative statics with respect to 7 operate
exclusively through w¥/ (7,7;) and w} (7,7;). Furthermore, because (1+17) B is interpreted
as a reduced-form shadow cost of external finance rather than a pure intra-household trans-
fer (as established in Section , debt repayments do not offset the reduction in firm
dividends in the household’s budget constraint; the decline in D{ maps directly to a decline
in aggregate consumption Cf.

Since both w;f and w*oj are chosen optimally, we apply the envelope theorem firm-by-firm.
Using the cost function (@), the direct effect of 7 on firm f’s dividend (holding w}; and wy
fixed) is: ‘

0D; s
or

and the indirect effects through optimal adjustment are zero. Integrating:

=—(1+ Tj)W[(PH —pL)W}? +pr(1 - ngﬂ Ky <0

w*fixed

A == [y (o — poid + o1 — )] Ky dE () <0
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and therefore:

)
or

Aggregate consumption is unambiguously decreasing in geopolitical risk.

<0

2.5 Marginal Utility and the SDF

Since the SDF is M = B(C;/Cy)~" and (] is decreasing in 7, the SDF is increasing in 7:

oM G\ 1oac
7-0(a) T
since 0C /01 < 0. High geopolitical risk states are high marginal utility states—“bad times”
in which the household values payoffs more. Note that this property is derived endogenously
from the household’s CRRA preferences and the firms’ optimal responses, not assumed.
Importantly, the SDF determines the pricing of risk in financial markets through equa-
tion (3)), while borrowing rates r/ = 7 + &/ are determined by the banking sector and gov-
ernment policy as described in Section [2.2.4] These are distinct markets: the risk-free rate
r¢ from the Euler equation is the return on financial assets held by investors, whereas
rJ is the cost of bank credit faced by firms. In China’s financial system, where lending rates
are administered and state-owned banks dominate credit allocation, there is no arbitrage
condition linking 7; to 77. This separation ensures that changes in the SDF and r; do not

feed back into firms’ import decisions, avoiding a general equilibrium loop.

2.6 Geopolitical Risk Premium

Equity claims to individual firms are priced at ¢t = 0 before 7 is realized. For firm f of type
7, the ex ante equity price is:
Foy = E[M - Dy4(7, ny)]

and the gross equity return, realized at t = 1 after 7 is observed, is:

D{f<7-77]f)

Ri(7) = .
!

The expected excess return on each firm’s equity satisfies equation (3)):

COV(R;, M)

E[R}] - (1+7f) = — QM
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The aggregate type-j equity price Pg = E[M - D{ (7)] is the integral of firm-level prices
over F;. Since M is increasing in 7 and firm-level dividends D{ s are decreasing in 7 for
ny > 0, firm returns covary negatively with M. Both types of firms are therefore exposed to

geopolitical risk, but the exposure differs across ownership types.

Proposition 5 (Local Geopolitical Risk Premium). Consider a POE firm f and an SOE
firm f" with the same capital (K; = Ky = K ), the same firm-level exposure (ny = np =
n > 0), and comparable dividend levels at the benchmark T (foOE ~ DfJQE, so that P{OF ~
PyRP at first order). Define k= r(7,n) and let:

q= O —pi) | prC—p) 5= PLlPo—FRpr)  K(pm — pL)’

5 ¢ ¢ 5

If the following parameter condition holds:
A+ (2+r99F 4 4POEYB > 0 (12)

then, to first order around 7, the POE firm’s equity has a larger negative covariance with
the SDF' than the SOFE firm’s equily, and therefore commands a larger local geopolitical risk
premium:

[E[RFOP] = (1 +rp)] = [E[RFPP] = (1 +7rp)] >0

and this return differential is locally increasing in Var(t). If POFEs also have higher average

POE ~SOE

firm-level exposure 1 > 7 across the population, the premium gap is further amplified

beyond the financing channel alone.

Proof. See Appendix [B.5] O

Proposition |5 connects the real-side input composition results to asset pricing. The
logic proceeds in two steps. First, since geopolitical risk reduces aggregate consumption
(through input cost increases and the resulting decline in firm dividends), high-7 states are
high-marginal-utility states. Firms with greater dividend sensitivity to 7—those with larger
U.S. input exposure—therefore have returns that covary more negatively with the SDF,
commanding a larger risk premium.

Second, the ownership comparison is governed by condition , which is expressed
entirely in primitive parameters through A and B. The term A captures the direct am-
plification: higher (1 + 77) mechanically scales up a firm’s dividend sensitivity to 7, favor-
ing a larger POE premium. The term B captures the indirect offset: higher borrowing
costs also reduce the firm’s optimal use of U.S. inputs, which lowers the base exposure that

gets amplified. When B < 0—which occurs when high-tech cost sensitivity dominates the
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domestic cost offset—these two forces partially counteract each other. Condition (12 re-
quires that the direct amplification is strong enough to dominate. Notably, the factorization
SPOE _ G50F — (pPOE _ pSOEN A (24 r5O0F 4 pPOE)B] is ezact, not a local approximation,

so the condition can be verified for any parameter calibration.

Remark 4 (Interpretation of the Dividend-Sensitivity Condition). Condition is stated
entirely in primitive parameters (evaluated at & = k(7,7)). The term A captures the baseline
exposure of the input bundle to geopolitical risk; it is positive when the high-tech exposure
term dominates the domestic adjustment term. The term B captures the net effect of borrow-
ing costs on the input bundle’s geopolitical exposure: higher 7/ reduces both wj}; (lowering
high-tech exposure) and wy (raising low-tech exposure through 1—wg,). Condition holds
when the direct amplification through (1 + 77) is not fully offset by the indirect reduction
in U.S. input use. Equivalently, condition ((12]) is the primitive-parameter counterpart of the

endogenous-variable condition that the POE firm has strictly larger dividend sensitivity:

(1 +r7%) [(par — pr)wii P (F) + p(1 — w7 (7))]
> (L+ %) [(par — pr)wiy P (7) + pr(1 — w52 (7))]

Proposition [5]should be interpreted as a local sufficient-condition result: firms with larger
dividend exposure to geopolitical shocks command larger expected returns. The ownership

POE > TSOE’

comparison requires condition (12)) rather than following mechanically from r
because higher borrowing costs simultaneously reduce the level of U.S. input use, which

partially offsets the amplification through (1 + r7).

3 Measure of Geopolitical Risk and Import

To identify firm-level exposure to geopolitical risk, we employ an LLM-based measurement
approach with prompt engineering. Our methodology relies on a single-step, zero-shot
prompting strategy, benchmarked against key terms drawn from the academic literature
and Chinese government documents. Because all of the assignments are in Chinese, we
adopt DeepSeek-v4-flash, an LLM trained on Chinese-language data, to identify the relevant

content.

3.1 Geopolitical Risk Exposure

We first measure geopolitical risk exposure across all Chinese publicly listed firms. Our

benchmark follows (Clayton et al.| (2025), who account for a hegemonic economy in the sense
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of Clayton et al. (2026). In contrast to Caldara and lacoviello (2022)), who study global
geopolitical conflict more broadly, we define geopolitical pressure as the intensifying global
conflict between the United States and China. We focus on the enforcement tools through
which the United States exercises its global power over China, namely the trade war (tariffs),
export controls, and financial sanctions.

Specifically, as shown in Appendix [C.I] our geopolitical risk measure follows the spirit of
Baker et al.| (2016]) by capturing the key concepts of tariffs, sanctions, export controls, and
geoeconomic pressure in MD&A texts. To ensure that the content reflects uncertainty or
risk, the prompt is designed to capture the measure conditional on the contextual presence
of risk or uncertainty. The rationale is to ensure that the measure accurately estimates
geopolitical uncertainty across listed firms, rather than other forms of uncertainty, in the
manner of [Baker et al|(2016). Moreover, to ensure that the identified risks are not driven
by alternative forces such as rare disasters or business cycles, we emphasize the ex-ante
nature of the risk concept within each context. We ultimately generate binary indicators
of geopolitical risk along four dimensions: tariffs, financial sanctions, export controls, and
integrated geopolitical pressure.

Figure {4] plots the aggregate trend in tariff pressure over time. Firm-level tariff risk
exposure begins at relatively low levels in 2010. It then intensifies in the form of trade conflict
during the first Trump administration, beginning in early 2018.[] Following the transition
to the Biden administration, trade pressure eases somewhat, before rising again toward the
end of that administration. We also report granular geopolitical risk exposure across topics
and display the integrated measure. Figure [12|in the Appendix presents the aggregate time-
varying trends for the alternative dimensions of geoeconomic pressure. Consistently, Panel B
(sanctions) and Panel C (export controls) show upward trending gradually - However, the
magnitude of the integrated geoeconomic pressure measure in Panel D indicates that tariff
risk accounts for most of the overall variation and magnitude. These results reveal that, over
recent years, tariff pressure has been the dominant force shifting geoeconomic political risk

in China.

3.2 HighTech/AI Import

We construct measures of firm import behavior in response to the geoeconomic pressure
arising from the US trade war. The underlying economic framework follows |Bai et al.| (2025)
and |Buera and Oberfield (2020b)), in which firms learn from sellers through importing and can

attain a long-run endogenous growth path. To identify how firms respond strategically when

1US-China first trade war.
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importing innovative goods, we propose two ways to quantify innovative imported products.
First, we focus on the innovative imports most emphasized by the Chinese government,
including semiconductors, aerospace systems, biomedical equipment, and industrial robots.
Such innovative imports have consistently played a leading role in confronting and alleviating
US geopolitical pressure. Second, given the rising tension of the Al race during the trade-
policy period, we follow Waugh (2026) on geoeconomic conflict and examine Al-related
imports. Al-related imports are particularly important in light of the fact that Al adoption
facilitates product diversification and raises corporate revenues, as documented in [Babina et
al.| (2024)).

As shown in Appendix[C.2] we use prompt commands to identify the import classification.
Our measure is based on the HS code of each product, together with its product description,
and assesses whether the product is related to cutting-edge scientific goods. In particular,
when interpreting the product description, we guard against the possibility that a product
is misclassified as innovative owing to textual complexity. We scale the high-tech intensity
scores between 0 and 1, and classify a product as a high-tech import only if its LLM-assigned
score is at or above 0.85 (the maximum score cluster). Our Al-import classification follows
Waugh| (2026). With reference to the “Key Digital Technology Patent Classification System
(2023)” published by the China National Intellectual Property Administration, we focus on
the key Al-related technologies prioritized by the Chinese government. For example, we
examine imported products such as GPUs, chips, deep-learning hardware, and computer
vision. Our final measure retains those products the LLM classifies as high-Al relevance.
The prompts are detailed in Appendix[C.3] Throughout, the procedure combines information
from the HS code and the product description.

Table [I] provides illustrative examples of identified high-tech imported products. For in-
stance, our high-tech imports include semiconductors under HS code 848610, semiconductors
with electronic materials under HS code 381800, and data storage in the form of solid-state
disks. Table [2 presents examples of our Al-related imports. Following the Chinese govern-
ment’s definitions, our Al-related imports concentrate on sensitive technologies, including
robots (HS code 847950), electronic circuits (HS code 854231), and miscellaneous chemical
products used in disks or chips (HS code 381800).

To assess internal validity, we first design an algorithm that retrieves the rationale for
why each imported product is classified as high-tech or Al-related. We then summarize the
key tokens of its product description, as displayed in the word clouds. Figure [5| reports
the core terms in the HS descriptions of product characteristics after tracing the underlying
technology, and shows how the key terms in high-tech import HS descriptions evolve over

time. These concepts cluster around state disks, hard disks, computer hardware, and X-ray
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equipment. By contrast, the low-tech imported products range from cotton and operating
rings to cable operations, which are predominantly manufacturing-related goods. As for
Al-related imports in Figure [0 these concentrate on the intense competition in circuits,
chips, state disks, and hard disks from 2011 to 2018. These comparisons and stable trends
underscore the validity of our proposed measures in capturing high-tech and Al-related
imports. They further point to a persistent pattern of geoeconomic pressure, operating

through US-China trade tension, in the market for innovative products.

4 Data

4.1 Data Sample

Our full sample integrates multiple data sources. We manually merge data on Chinese
imports (Panjiva), corporate fundamentals (CSMAR), stock returns (CSMAR), and Chinese
patents (CNRDS). The full sample period, including the cost of capital, spans 2010 to 2025.
For the main shock used in our quasi-experimental design, we focus on the 2018 event
surrounding the first Trump tariff increase against China, as shown in Figure [} Trump
initiated a series of tariff measures beginning on May 22, 2018, which were gradually resolved
by the end of 2020. Cross-sectionally, our sample includes approximately 6,400 firms. After
merging with the import data, the matched sample comprises approximately 2,500 firms.
Among these, SOEs (state-owned enterprises) account for about one third of the sample,
while POEs make up about two thirds.

To capture firm-level geopolitical pressure, we follow the strategy of |Clayton et al.[(2025)
in tracking enterprises, but rely on firm-level disclosures to recover their geopolitical infor-
mation. The data come from the mandatory public disclosures required by the Chinese
exchanges, which are structured similarly to US 10-K filings on EDGAR. Specifically, our
analysis focuses on the MD&A sections of listed firms’ annual reports. The MD&A (Man-
agement’s Discussion and Analysis) is a section whose disclosure is mandated by the China
Securities Regulatory Commission. As in [Buehlmaier and Whited (2018), who exploit the
MD&A to capture firm financial constraints, we extract the processed texts from the MD&A
of annual reports from 2010 to 2024 and focus on information relevant to geopolitical risk for
corporate management. Our definition of geopolitical risk centers on the concepts of tariffs,
financial sanctions, and US export controls directed at China.

To highlight the adverse effect of geopolitical risk on cross-border learning (Chang et al.,
2023)), we draw on the international trade literature on global knowledge diffusion through
“learning from sellers” (Bai et al., 2025; |Buera and Oberfield, |2020a)) and identify the learning
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effect using import data from Chinese customs. Specifically, we employ the Panjiva database
from S&P, which provides detailed records of imported products sourced from the Chinese
customs agency. Each imported product is carefully classified by its 6-digit HS code, and
the database also provides a product description documenting its function. Owing to the
limited disclosure of imported-product information by Chinese customs, our sample period
for imports spans 2011 to 2018. For each imported product, we measure its high-tech (low-
tech) intensity and its Al relatedness.

Table [1] presents illustrative examples of imported products of Chinese firms in Panjiva,
classified on the basis of their descriptions. For instance, the product with HS code 848610
is identified as high-tech, as it is an automatic temperature control device and constitutes an
essential component of semiconductors. Table[2] by contrast, presents examples of Al-related
imported products in China. Our examples of Al-related products include, for instance, the
Al-technology product with HS code 847950. The rationale for this classification is its close
connection to industrial robotics and automation. Following the general definition of Al in
Acemoglu et al.| (2022), it is regarded as an essential component of automation.

To emphasize the importance of geopolitics for real options, we examine firm innova-
tion performance using patent data from CNRDS, which primarily originate from the China
National Intellectual Property Administration (CNIPA). The platform also integrates cor-
porate registration records, annual reports of listed firms, national industry classification
standards, and data from the World Intellectual Property Organization (WIPO). Specifi-
cally, we follow the Chinese government’s definitions of Al innovation (high-tech innovative
production) and measure firm real options based on these definitions, focusing on the vari-
ables HighTech_Patent? Y™ HighTech_Patent® Y™ AI_Patent?¥°®, and AI_Patent? Y.
Our emphasis on Al patents follows the Key Digital Technology Patent Classification System
(2023), formulated and issued by the China National Intellectual Property Administration
(CNIPA) on September 18, 2023 (Document No. CNIPA Office Letter Gui Zi [2023] No.
36), in which the CNIPA officially defines Al as comprising 3 Level-1 branches, 14 Level-2
branches, and 27 Level-3 branchesE] Our procedure is consistent with Fang et al. (2026), in
which AI innovation rises gradually and then declines in recent years owing to heightened
geopolitical tension.

We examine the financial market performance of Chinese firms in response to geopolit-
ical risk. Specifically, we carefully match listed firms’ corporate balance sheets and stock
returns with the Panjiva, CNIPA, and MD&A databases. To connect firm-level financial
performance with geopolitics, we exploit corporate balance sheet data and monthly stock

return information. Rather than focusing only on a short window around the first Trump

’https://www.cnipa.gov.cn/art/2023/9/25/art_75_187769.html

27


https://www.cnipa.gov.cn/art/2023/9/25/art_75_187769.html

administration (three years before and three years after), we also examine the long-term
effect on the cost of capital from 2015 to 2024. With respect to corporate fundamentals, we
include standard balance sheet variables in our regressions to control for potential confound-
ing factors. These include market valuation as a proxy for firm size (Size;;), profitability
(ROA;;), financial leverage (Leverage;,), defined as outstanding debt divided by total as-
sets, marginal capitalization (Tobin@;.), liquidity relative to total assets (Cash_Ratio; ),
and inventory holdings (Inventory_Ratio; ).

Finally, to test the real effect of Al adoption on productivity, we draw on a set of
standard external variables to supplement our analysis. We link the trademark database,
Trademarks;; (in logs), in China from CNRDS, which sources the data from the CNIPA.
To strengthen the robustness of our product-diversification evidence, we complement the

analysis with product patents, ProductPatent;; (in logs), also from the CNIPA.

4.2 Summary of Statistics

Our full sample exhibits cross-sectional variation around 2018 that allows us to identify the
impact of geoeconomic pressure on firms’ import decisions, as reported in Table 3} GPR;,
denotes our main measure of firm-level geopolitical risk exposure. As documented in the
previous section, our GPR measure is driven primarily by cross-sectional tariff exposure.
On average, exposure to geopolitical risk in the full sample is 0.124, with higher GPR
for POEs (privately owned enterprises) at 0.125, relative to 0.118 for SOEs (state-owned
enterprises), implying that POEs bear greater geopolitical risk exposure than SOEs. Figure
displays the most tariff-sensitive industries cross-sectionally, including textiles, rubber &
plastics, ferrous metal smelting, automotive, and computer, communication & electronics.
The overall pattern of these top industries coincides with the first and second waves of
Trump-era geoeconomic friction over trade policy.

We also examine firms’ import decisions over high-tech and low-tech products. On aver-
age, the full sample shows about 0.062, with SOEs at 0.057 and POEs at 0.071 in high-tech
imports. For low-tech imports, there is no significant difference between SOEs and POEs
on average. For Al-related imports, POEs consistently exhibit relatively higher Al-related
import growth, at —0.007 on average, whereas SOEs exhibit relatively lower growth. By
contrast, SOEs’ low-Al-related imports are considerably higher, at 0 import growth, than
those of POEs at —0.003 on average, indicating that, with respect to import technology,
POEs in general concentrate more on high innovation than SOEs.

We also document both the time-varying patterns of innovative imports and the cross-

sectional differences in granular import decisions. From the time-series perspective, Figure
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confirms time variation in firm-level averages at the aggregate level, with high-tech imports
declining sharply after 2013. In contrast, low-tech imports increase gradually after 2013.
As for total imports, aggregate total imports rise gradually for both high-tech and low-tech
imports; only in 2018, following the first Trump administration, do total imports for both
high-tech and low-tech products begin to decline. We document similar time-series patterns
for Al-related imports in Figure [9] with both high-AI and low-Al aggregate imports rising
before the first Trump trade war. From the firm-level average perspective, however, Al-
related imports drop sharply after 2013, and the corresponding low-Al imports also decline
after 2013. Overall, our summary statistics confirm the stringency of the first Trump admin-
istration’s trade stance toward China. They further display the relative decline in high-tech
and Al imports for Chinese firms, particularly in recent years.

From the cross-sectional perspective, we also highlight our high-tech and Al import rank-
ings across industries. The goal of this visualization is to disentangle the potential ratio-
nale for our proposed measure of innovative import decisions. Figure documents the
top industries with persistently high-tech import decisions historically. It plots the annual
industry-level proportion of high-tech imports for the top ten industries. Overall, we ob-
serve a downward trend across all of the top 10 industries, although some of these downward
trends are not statistically significant. Among the top industries, software and IT services
exhibit the most striking pattern in recent years. Pharmaceutical manufacturing also occu-
pies a prominent position in the cross-sectional comparison over time. We then compare the
trends in Al-related imports from the US. Even more strikingly, Al-related imports for the
software and IT services industry decline even faster than high-tech products. The next is

pharmaceutical manufacturing, followed by electrical machinery and equipment, as shown
in Figure [T1}

5 Main Findings

Our identification relies on a quasi-experiment that applies a difference-in-differences design
to the first Trump tariff increase beginning in January 2018, under the assumption that
the tariff measures are not driven by economic forces. The first Trump administration
initiated the trade war against China by raising tariffs on solar panels and washing machines.
Subsequently, beginning on April 1, China raised tariff rates on pork products and aluminum
scrap by 25 percent. Beijing also imposed a 15 percent tariff on 120 other US commodities,
ranging from almonds to apples. These repeated trade tensions intensified the geopolitical
pressure between the two countries.

Our first strategy for capturing these US-China trade tensions at the firm level is to
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use China’s tariff measures as a proxy for the global geopolitical risk facing the Chinese
market. More specifically, we focus on the days of China’s tariff announcements during
2018, following its first response to the US trade-war announcements, as the key event
shocks for identifying the effects of the trade war. This strategy applies to a balanced set of
financial fundamentals and innovation patents. Firms with greater exposure are defined as
the treated group, while the control group comprises firms facing less geoeconomic pressure.
A key underlying assumption is that the political shocks are not endogenous to alternative
economic forces.

As one of the most important channels operating through internal import decisions, and
owing to the limited coverage of Panjiva after March 2018, we adopt a continuous difference-
in-differences design to recover the causal effect. To measure geopolitical risk prior to 2018,
we construct a granular firm-level index, combining the text-based approach of |Caldara and
lacoviello (2022) with the definition of geopolitical risk in |Clayton et al. (2025), and aggregate
it cross-sectionally over time as a proxy for market-level shocks to US-China geopolitical
tension. Similar ideas have been adopted by Baker et al. (2016)) in the context of economic

policy uncertainty shocks:
Yi: = BoGPR; x Shocks; + f1GPR;; + Control; ;1 + €;4

where Y;; denotes the outcomes for granular import decisions and Shocks; denotes the
aggregate time series of US geopolitical pressure against China. To rule out general firm-
level confounding factors, we control for firms’ market valuation, firm age, profitability,

financial leverage, Tobin’s Q, corporate liquidity, and inventory for every observation.

5.1 Firm-Level High-Tech/AI Import

In our economy, the theoretical framework establishes that, when facing geopolitical risk in
the form of tariff risk, POEs bear more asymmetric political risk exposure due to asymmetric
financial frictions, as stated in Proposition 2 of our framework. The asymmetric financial
cost operates as a financial friction at the intensive margin, making it more difficult for POEs
to import high-tech facilities at large economic cost. This conceptual framework differs from
Belo et al| (2026), in which POEs continuously face financial constraints at the extensive
margin and are therefore reluctant to earn premiums in the stock market.

Table {4] reports our main results for high-tech imports. Taking 2018 as the onset of US-
China geopolitical risk in the form of the trade war, we find that firms with greater geopoliti-
cal exposure undertake lower high-tech import decisions. The economic magnitude is sizable

for both POEs and SOEs, in columns (1) and (2), respectively. For a one-standard-deviation
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change in geopolitical exposure, POE (SOE) high-tech imports decline by 0.0301 (0.027),
respectively. Both estimates are strongly statistically significant, implying that POEs con-
tract relatively more in their high-tech import decisions when confronting geopolitical risk.
In the face of geopolitical risk, both POEs and SOEs also reduce their low-tech imports cor-
respondingly. The economic magnitudes are both significant and indistinguishable between
SOEs and POEs, at 0.102 and 0.10, respectively.

For Al-related import decisions, as reported in Table [5], greater geopolitical tension im-
plies that POEs reduce their high-Al-related imports significantly more than SOEs. For
a one-standard-deviation change in cross-sectional geopolitical exposure, POEs’ high-Al-
related imports decline significantly more than those of SOEs. The relative economic mag-
nitude for POEs (SOEs) in column (1) ((2)) is approximately 6.34% (2.54%), implying that
POEs contract more in their high-Al-related import decisions. As for low-Al-related im-
ports, SOEs in column (4) reduce them by a statistically significantly larger amount than
POEs in column (3), at 5.6% versus 3.5%.

Overall, our empirical evidence supports the theoretical framework for import decisions
across distinct ownership types. Consistent with Belo et al. (2026]), differences in state
ownership give rise to asymmetric financial frictions at the intensive margin: POEs are
more reluctant than SOEs to import high-Al/tech technologies, even though both sectors
reduce their Al/high-tech import decisions consistently. In contrast to recent work such as
Ayyagari et al.|(2026)), which finds that financially constrained firms are more likely to take
on risk in automation imports that serve as pledgeable collateral for external finance, our
evidence shows that, when facing geopolitical risk through tariffs, POEs are more likely to

be conservative in their innovative imports, owing to monetary tightening on POEs.

5.2 FEconomic Channel: Innovation

Given the asymmetric performance of innovative imports across POEs and SOEs, our next
question concerns the underlying force that drives the heterogeneity in import decisions.
In our hypothesized economy, we consider a setting analogous to the international trade
frameworks of Bai et al.| (2025) and Buera and Oberfield| (2020a)), in which firms accumulate
real options by learning from the seller. As shown in Proposition 4, firms that import more
technical products accumulate relatively better long-run innovative growth than others. In
general, comparing POEs with SOEs, the higher financial frictions on high-tech/ATI imports
lead POEs to attain lower levels of Al/high-tech innovation. This conjectured economy is
important because, in its absence, high-quality goods might never appear in the market, as
in Akerlof (1978).
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Table [6] and Table [7] confirm our conjecture that firms facing greater geopolitical friction
experience harm to their long-run growth options. Given the financial frictions between
POEs and SOEs in China, this indeed contributes to lower innovation adoption for POEs
than for SOEs on average. We first evaluate the real growth option by examining firms’ high-
tech innovation. Table[6]shows that, three years after the geopolitical events, our geopolitical-
risk-exposed treated group reduces high-tech patents by 0.1707 more than the control group
on average. This estimate is approximately 22% of the full-sample historical average of 3-year
high-tech innovation. POEs experience a smaller decline in high-tech innovation than SOEs
over the first three years, but this effect is statistically insignificant. When we consider 5-
year cumulative high-tech results, the aggregate decline remains significant and accounts for a
large proportion of the historical average (19.6% in column (4)). The decline is concentrated
significantly in POEs’ high-tech innovation, at more than 23.6%. By contrast, SOEs show a
decrease of only 20% relative to the historical high-tech adoption average over five years.

Next, in Table [7, we track Chinese-government-labeled Al-related patents cumulatively
from one year to three years. For the full sample of both SOEs and POEs, one-year cumula-
tive Al innovation is significantly reduced by 0.0953 following the geopolitical tariff conflict.
This economic magnitude corresponds to a 23% reduction relative to the historical average
level of Al Patent. Although the estimates for POEs and SOEs are not statistically signif-
icant, both sectors reduce their Al innovation accordingly, and POEs reduce theirs more
than SOEs, by 0.1134, accounting for about 33% of the POE historical average. SOEs, by
contrast, exhibit less pronounced responses. This effect is even larger once we account for Al
adoption over the subsequent three years. The full-sample 3-year-ahead Al patent count falls
by 0.1737, accounting for 20% of the historical average for 3-year cumulative Al adoption.
For POEs, the treated group reduces AI_Patent by 0.237, equivalent to 28.2% of the POE
historical 3-year Al innovation average. For SOEs, in column (6), however, this effect is less
significant and smaller in economic magnitude.

Overall, combining our findings on import decisions above, we conclude that, with fewer
high-tech or Al-related imports due to US geopolitical pressure, firms with higher GPR in-
deed reduce their long-run growth options through innovation. Conceptually, as documented
in Proposition 1, even though firms have the option to improve innovation through domestic
consumption, the overall effect of geopolitical risk on corporate innovation remains nega-
tive. The reduction in high-tech innovation is concentrated mainly in POEs, owing to the
higher asymmetric financial frictions facing POEs relative to SOEs in China. More strikingly,
the contraction in Al-related innovation is both larger in magnitude and more statistically
significant for POEs than for SOEs.
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5.3 Economic Channel: Product Diversification

Taking the evidence from the innovation market together, firms under geopolitical pressure
tend to cut their high-tech innovation, particularly Al-related innovation. The next question
is whether this reduction in Al-related innovation indeed contributes to firm underperfor-
mance, and how it maps into market fundamentals. In our theoretical framework, firms
incorporate knowledge-intensive imports to realize valuable long-run growth through prod-
uct diversification. This argument is consistent with Babina et al.| (2024), who document the
positive role of Al adoption in reshaping firms’ product offerings and enhancing the market
power of exposed firms. In contrast to this product-innovation channel, in which innovative
imports improve firms” market behavior, a competing explanation is that Al-related product
learning may instead improve the automation process and lower operating costs, as argued
by |Ayyagari et al.| (2026). If so, we would expect firms with greater exposure to geopolitical
tension to bear higher operating expenses.

Table 8] confirms our results on product diversification. We collect market information
tracking firm innovation in the Chinese product market, following |Babina et al.| (2024). Our
first regression tests whether geopolitically exposed firms reduce their product innovation
as measured by trademark applications. Columns (1)—(3) of Table 8 show that, for the full
sample, firms exposed to geopolitical risk forgo 0.206 trademarks, economically equivalent
to 12% of the total. Across ownership types, POEs bear a statistically significant loss
relative to SOEs, with 0.338 fewer trademarks, accounting for about 19.8% of the historical
average, whereas SOEs show a positive and statistically insignificant effect. As a robustness
complement, we also examine product patents as a measure of output diversification. The
results are consistent with those for trademarks: firms with greater GPR exposure experience
lower product-patent output. The corresponding economic magnitude in column (4) for the
full sample is 0.136, accounting for about 6.1% of the historical average of patent innovation.
For private enterprises, this decline increases to 0.205 for the treated group following the
shocks, accounting for about 9% of the historical average of product innovation. SOEs
exhibit a consistent pattern, with a mild decrease in new product creation, but this effect
is not statistically significant. In sum, our findings provide consistent evidence that firms
facing geopolitical risk cut their Al-related and innovative imports, which in turn adversely

affects their product performance.
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6 Financial Market Reaction

Firms with greater exposure to GPR experience diminished growth options, owing to reduced
innovative learning through their import decisions. Given this empirical finding, we next
examine whether the financial market reflects these implications. Our framework comprises
two parts, corresponding to the cash-flow channel and the discount-rate channel.

First, under greater geopolitical pressure on firm operations and with fewer real options
for growth, we expect firms to experience tighter cash flows and weaker fundamentals. Con-
sistent with Babina et al.| (2024), as geopolitical risk impairs the growth options of firms with
less product diversification, it inevitably depresses corporate cash flows and sales. These ef-
fects materialize contemporaneously with the geopolitical conflict between the United States
and China, contributing to lower market valuations for exposed firms. Alternatively, in-
novation may be disconnected from real economic impact, as |[Haddad et al.| (2022) show,
particularly during bubbles. We seek to disentangle the one from the other within this econ-
omy. The underlying framework is clearly reflected in the dividend response to geopolitical
shocks.

Beyond the cash-flow channel through which geopolitical risk affects the real economy,
geoeconomic forces may also operate through the discount-rate channel. As aggregate geopo-
litical risk, in the form of trade-tariff risk, materializes, aggregate consumption falls and the
stochastic discount factor rises, implying a risk compensation for holding risky assets. Con-
sequently, at the aggregate level, the price of risk for portfolios in the POE sector tends to be
negative, with higher marginal utility, and the cost of capital for firms exposed to persistent
geopolitical risk tends to be higher than that of other firms. This implication follows from
our Proposition 5, which predicts a higher cost of capital for firms exposed to geopoliti-
cal risk. From the perspective of debt investors, the perceived risk is also accompanied by

greater financial frictions in debt financing at the extensive margin.

6.1 Event Studies

We first complement our hypothesis on the negative effect of geopolitical risk on cash flows
with event studies centered on geopolitical conflict in the form of tariffs. We select the
shock events initiated by the Chinese government in response to US tariff threats, and
analyze how the market reacts instantaneously to these shocks. Within our framework,
firms with greater exposure to geopolitical risk experience negative cash-flow shocks due to
the loss of real options for import learning. In contrast to [Haddad et al|(2022), in which
innovation is disconnected from fundamentals, product patents and diversification generate

market share and higher fundamental profitability. Investors perceive these signals and
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reduce their holdings of risky assets accordingly.

Table [9] and Table report the financial market results. Table [J] considers China’s
tariff-increase events only and estimates the market reaction within 3-day and 5-day win-
dows. Panel A presents the results at the portfolio level across portfolio combinations. For
the 3-day window, we compute cumulative abnormal returns (CAR) from the market model
and form equally weighted portfolios sorted from high to low GPR exposure. Relative to
the equally weighted low-GPR portfolio, the high-exposure portfolio realizes 0.539% lower
cumulative abnormal returns within the 3-day window for the full sample. Conditional on
POEs (SOEs), high-GPR-exposure portfolios realize 0.838% (0.374%) lower returns than
low-exposure portfolios. For the one-week window, the realized portfolio returns are larger,
at 1.725% on average for the full sample. For POEs (SOEs), the long-short return spread
between high- and low-exposure portfolios is 2.11% (1.13%). The portfolio-level evidence
confirms sizable abnormal market returns to geopolitical risk under these long-short strate-
gies.

To further strengthen the robustness of the GPR premium and rule out confounding
factors, we include controls similar to those in Table 4] and run cross-sectional regressions
of the GPR effect in Panel B of Table [0, Whether or not controls are included, the GPR
premium over the 3-day (one-week) window ranges from 0.16% (0.46%) to 0.18% (0.57%)
per one-standard-deviation change in GPR, as reported in columns (1) and (4). Regarding
differences by state ownership, our security-level cross-sectional regressions confirm that the
GPR premium is concentrated in POEs, ranging from 0.26% to 0.28% (0.636% to 0.7%) over
the 3-day (5-day) window. To further strengthen the robustness of our findings across broad
geopolitical events, we also conduct robustness tests over a series of US-China tariff conflicts
during 2018 and stack all cross-sectional regressions. Table [10| reports consistent results for
firms exposed to GPR and a stable conclusion that POEs bear most of the pressure, reflected
in stock-market devaluation.

This paper investigates whether geopolitical risk (GPR) negatively affects corporate val-
uation in the stock market. In response to the significant market devaluation associated
with GPR, we find consistent evidence that firms with greater exposure to geopolitical risk
lose more real-option opportunities, driven by disruptions in the external import of Al and
high-tech inputs. As a result, the loss of innovative growth potential is closely linked to

fundamental performance and is reflected in investor perceptions.
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6.2 Corporate Fundamental

Given the stock-market response to geopolitical risk in China, the next question is how
corporate fundamentals respond to these negative shocks. Consistent with our framework,
in which product innovation derives from import learning, we examine corporate revenue
through sales growth. Table [L1| presents the response of corporate balance sheets to geopo-
litical risk. Columns (1)—(3) verify the cash-flow effect through the sales-growth channel.
Firms with high geopolitical risk exposure experience a significant reduction in sales growth.
In the full sample of both privately owned enterprises (POEs) and state-owned enterprises
(SOEs), treated firms reduce their sales growth by 5.11% more than the control group. Con-
sistent with our main finding of asymmetric pressure on POEs, POEs suffer a larger economic
loss of 8.34% in sales growth, whereas SOEs exhibit only a 0.94% reduction. Similar results
hold for the corporate investment ratio. When exposed to geopolitical risk, the treated group
shows a 0.67% decrease in the total investment ratio, representing a 15.6% decline relative
to the historical average. For POESs, the decline in the investment ratio is 1.14%, whereas
SOEs show no evidence of a significant reduction.

In this economy, POEs follow Belo et al| (2026) in facing asymmetric financial frictions
more severe than those of SOEs, owing to the lack of monetary-shock protection. We there-
fore examine whether geopolitical risk impairs the cost of financing for firms across ownership
structures. Overall, for firms exposed to geopolitical risk, the probability of debt issuance
decreases by 5.36%, with POEs accounting for a larger share—an 8.93% reduction. SOEs ex-
hibit a 2.05% lower probability of debt issuance, but this effect is not statistically significant.
These estimates reflect the differential feasibility, for firms with heterogeneous geopolitical
risk exposure, of obtaining financing during periods of geopolitical tension.

In summary, geopolitical risk shocks impair corporate fundamentals through both the
sales-growth and investment channels, with POEs bearing disproportionately larger eco-
nomic losses than SOEs. Moreover, the reduced probability of debt issuance—particularly
pronounced and statistically significant for POEs—reveals that financing constraints serve
as a key transmission mechanism. We conclude that geopolitical risk materially weakens
real corporate performance, and that ownership structure critically shapes firms’ resilience
through differential access to credit markets. POEs, lacking the implicit guarantees and
monetary-shock protection available to SOEs, face asymmetric financial frictions that am-

plify the real effects of geopolitical shocks.
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6.3 Equity Finance

Beyond the financial friction arising from the debt market, we document the extensive mar-
gin of financing: greater geopolitical risk makes it more difficult for firms to finance their
activities through debt issuance. We next examine firms’ strategies for external equity fi-
nancing on the intensive margin. Our framework predicts that firms exposed to geopolitical
risk incur losses from fewer real options, confirming the effect through the cash-flow chan-
nel. Moreover, from the aggregate perspective of the discount-rate channel, the stochastic
discount factor rises as a negative consequence of geopolitical risk, reflecting higher required
risk compensation. Given these mechanisms, we hypothesize that firms with greater expo-
sure to geopolitical risk should bear higher expected returns, and that the geopolitical risk
premium is spanned by firms with heterogeneous exposure.

We first present portfolio-level evidence in Table[12] where we compare portfolio expected
returns across levels of geopolitical risk exposure. For the full sample in columns (1) to (3), a
trading strategy that goes long high-GPR-exposure firms and short low-GPR-exposure firms
generates the portfolios. The long-short hedging portfolio realizes a significant annualized
return of 2.57% to 2.62% in the full sample, depending on the benchmark factor model. For
POEs, the long-short strategy generates approximately 2.67% abnormal returns under the
CAPM. For SOEs, the long-short strategy does not generate statistically significant returns,
yielding only 2.05% and 2.14%, although these magnitudes are economically sizable.

To strengthen our conclusion on equity financing and rule out confounding factors, we
estimate Fama-French regressions controlling for well-known factors. Table [13| reports the
results. For a one-standard-deviation change in geopolitical risk, monthly stock returns are
higher by 6.01%, 6.30%, and 3.38% for the full sample, POEs, and SOEs, respectively. The
economic magnitude is sizable and consistently concentrated in the POE sector. Overall,
these results imply that equity financing also becomes more expensive at the intensive mar-
gin, and that POEs disproportionately absorb most of the market’s geopolitical pressure.

Finally, to confirm the SDF response to geopolitical risk, we conduct GMM estimation
with marginal utility linearized around aggregate geopolitical risk. Our goal is to explain
the cross-section of portfolio returns and to estimate whether geopolitical risk is associated

with risk compensation in the stochastic discount factor.

M, =1 —=byrrFurr — beprFerr

Table [14] reports the results for POE-sorted portfolios. The two-factor model that augments
the CAPM with the GPR shock substantially improves the fit of the cross-section: relative
to the CAPM, R? rises and the mean absolute pricing error (MAE) declines. The estimated
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price of risk bgpgr is negative and statistically significant, confirming our conjecture that
that investors demand additional risk compensation for bearing geopolitical risk through the

discount-rate channel.

7 Conclusion

We develop a two-period model in which heterogeneous firms (SOEs versus POEs) choose US
high-tech, US low-tech, and domestic inputs to produce differentiated products. High-tech
inputs drive Al innovation through import learning but require costly financing. Geopolitical
risk raises the effective cost of US-origin inputs, reducing optimal high-tech imports. Finan-
cially constrained POEs face higher borrowing rates and tighter collateral constraints, which
amplify their reallocation away from Al-embedded inputs relative to SOEs. The model pre-
dicts that this differential response widens the POE-SOE innovation gap and makes geopo-
litical risk a priced factor, since high-geopolitical-pressure states are high-marginal-utility
states.

Empirically, using a continuous difference-in-differences design around the 2018 US-China
trade war and LLM-based measures of firm-level geopolitical exposure, we find three results
consistent with the model. First, higher geopolitical risk reduces high-tech and Al-related
imports, with POEs exhibiting significantly larger declines. Second, these import reductions
translate into lower AI innovation, reduced product diversification, and weaker fundamentals
(sales growth and investment) for POEs. Third, financial markets price this risk: greater
exposure predicts positive abnormal returns (Fama-MacBeth), reduced debt issuance, and
negative cumulative returns around tariff events. The differential financial-friction channel
explains why POEs bear disproportionately larger losses across all margins.

Our findings highlight a novel mechanism—AI import learning—through which geopo-
litical shocks propagate to real outcomes and asset prices. The results inform policy debates
on technology decoupling, industrial subsidies, and the role of state ownership in buffering

external shocks.
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8 Figure

Figure 1: Optimal U.S. import shares as functions of geopolitical risk 7 for SOE (solid blue)
and POE (dashed red) firms (ny = 1). Panel (a): The high-tech input share wj; declines for
both types, with the POE decline steeper due to the financing-cost amplification (1 + 77)
(Propositions 1-2). Panel (b): Under Assumption[2] the low-tech input share wj also declines
for both types as rising domestic substitution crowds out U.S. low-tech imports, again with
a steeper POE decline. The shaded regions indicate the SOE-POE gap on each margin.
Parameters: 0 = 2.9, § = 6.5, n = 0.9, ( = 1.0, py = 1.5, po = 1.0, p, = 0.4, r°°F = 0.05,

rPOF = 0.35.
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Total AI Innovation vs. Geopolitical Risk
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Figure 2: Total Al innovation ¢g(wj;) + ¢o(ws) as a function of 7 for SOE (solid blue)
and POE (dashed red) firms. Under Import Learning Dominance (8 = 0.05, Proposition [4]),
total innovation declines with geopolitical risk for both ownership types, but the decline is
larger for POEs (27.0% vs. 15.7% from 7 = 0 to 7 = 0.5). The shaded region indicates
the SOE-POE innovation gap, which widens with 7. Innovation functions: ¢y (w) = w3,
do(w) = 0.05 - w°?. Parameters as in Figure .

43



Financial Friction

|
|
|
|
7

export controls, cost—benefit
Geopohtlcal sanctions U.S. IHPUt tradeoff U.S. Ilnport
Risk T 7 Cost 1 k Share | wi;, w7,
A
geopolitical risk fewer new

is priced products

lower

Marglnal bad times Output & productivity Al
Utility 1 Consumption | Innovation |

Figure 3: Mechanism diagram. Geopolitical risk increases the effective cost of U.S.-origin
inputs (k 1), reducing the optimal U.S. high-tech and low-tech import shares wj; and wj.
The loss of Al import learning reduces innovation, lowers output and consumption, and raises
the household’s marginal utility. The financial friction between SOEs and POEs amplifies
all effects for POEs. Because high-7 states are high-marginal-utility states, geopolitical risk
is a priced risk factor.
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=O= Tariff Risk Exposure
Escalation I: Mar 2018 — Dec 2018
(Trade War Outbreak — G20 Truce)
Escalation II: May 2019 — Oct 2019
(Talks Breakdown — Phase 1 Talks)

25.0% A

n 1 Escalation I
0214

My 6,2019
Talks Break

20.0% A

Jun f5,2018}
USDJOB List :
Ena d g
oni V)

15.0% A

10.0%

Proportion of Firms Exposed to Tariff Risks

5.0% 4 0.042

© a % S}
N N N N

Figure 4: Evolution of Firm-Level Tariff Risk Exposure, 2010-2024.

Notes: The figure plots the annual share of A-share listed firms whose MD&A disclosures
are classified as exposed to tariff risk, identified using a large language model (LLM) applied
to Chinese-language annual report texts. Vertical dotted lines mark six key escalation events
in the US-China trade war: (1) March 22, 2018 —announcement of a tariff memorandum
targeting USD 50 billion of Chinese goods; (2) June 15, 2018—formal enactment of the USD
50 billion tariff list; (3) September 24, 2018—imposition of a 10% tariff on USD 200 billion
of Chinese goods; (4) May 6, 2019—collapse of the eleventh-round negotiations following
China’s withdrawal of prior commitments; (5) May 10, 2019—rate increase to 25% on the
USD 200 billion list; and (6) August 1, 2019—announcement of additional tariffs on the
remaining USD 300 billion of Chinese imports. Two shaded regions demarcate the primary
escalation windows identified from the diplomatic timeline: Escalation I (blue, March 22
— December 1, 2018) spans the outbreak of the trade war to the G20 Buenos Aires truce;
FEscalation II (red, May 6 — October 11, 2019) spans the breakdown of negotiations to the
resumption of high-level talks and the announcement of a Phase 1 framework. The y-axis
reports the share of firms in the sample with tariff risk disclosure in a given year.
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Figure 5: Evolution of U.S. Import Product Descriptions
Notes: The top panel presents the word clouds for High-Tech products across different time
periods (2011, 2015, and 2017-2018). The bottom panel presents the symmetric word clouds
for Low-Tech products. Larger font sizes indicate higher frequency of the terms in the raw

customs product descriptions.
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Figure 6: Evolution of U.S. Al Import Product Descriptions
Notes: The top panel presents the word clouds for High-AI products across different time
periods (2011, 2015, and 2017-2018). The bottom panel presents the symmetric word clouds
for Low-AI products. Larger font sizes indicate higher frequency of the terms in the raw

customs product descriptions.
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Figure 7: Industries with the Highest Share of Tariff-Exposed Firms, 2010-2024
Notes: This figure plots, for each year over 2010-2024, the share of firms within an industry
that are classified as tariff-exposed, for the ten industries with the highest overall exposure
share. To reduce small-sample noise, an industry-year is retained only if it contains at least
10 firms, and an industry is included only if it has at least 50 firm-year observations in total
over the sample period and reports a valid value in every year (balanced panel). The ten
industries are ranked by their pooled mean across all firm-year observations that pass these
filters.
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Figure 8: Extensive and Intensive Margins of High- and Low-Tech Imports
Notes: The left panel illustrates the extensive margin (total record count, represented by
bars) and the intensive margin (mean proportion per firm, represented by lines) for high-
tech imports using the maximum breakpoint of 0.85. The right panel displays the symmetric

margins for low-tech imports using the minimum threshold of 0.05.

49



High Al Margins: Count vs. Proportion Low Al Margins: Count vs. Proportion

1750 Total High Al Records (Count) yTotal Low Al Records (Count)

1500 2000

o
&
e

Mean Proportion per Firm (Lines)

1250

1500

1000

1000

Total Record Count (Bars)
3
g

Total Record Count (Bars)
Mean Proportion per Firm (Lines)

500

0
2011 2012 2013 2014 2015 2016 2017 2018 2011 2012 2013 2014 2015 2016 2017 2018

Figure 9: Extensive and Intensive Margins of High- and Low-AI Imports

Notes: The left panel illustrates the extensive margin (total record count, represented by
bars) and the intensive margins (mean proportion per firm, represented by lines) for high-Al

imports. The right panel displays the symmetric placebo margins for low-Al imports.
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Figure 10: Industries with the Highest Proportion of High-Tech Imports, 2011-2018

Notes: This figure plots the annual industry-level proportion of high-tech imports for the
ten industries with the highest overall high-tech import share over 2011-2018. The plotted
series is the unweighted mean of the firm-level high-tech proportion across firms within each
industry-year. To reduce small-sample noise, an industry-year is retained only if it contains
at least 30 import records, and an industry is included only if it has at least 100 import
records in total over the sample period and reports a valid value in every year (balanced
panel). The ten industries are ranked by their pooled mean across all firm-year observations

that pass these filters.
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Figure 11: Industries with the Highest Proportion of Al-Related Imports, 2011-2018
Notes: This figure plots the annual industry-level proportion of Al-related imports for the
ten industries with the highest overall Al import share over 2011-2018. The plotted series is
the unweighted mean of the firm-level AI proportion across firms within each industry-year.
To reduce small-sample noise, an industry-year is retained only if it contains at least 30
import records, and an industry is included only if it has at least 100 import records in total
over the sample period and reports a valid value in every year (balanced panel). The ten
industries are ranked by their pooled mean across all firm-year observations that pass these
filters.
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9 Table

Table 1: High-tech HS Code Classification and Product Descriptions

Category HS Code HS Description Product Description
Semiconductor 848610 Machines and apparatus of a kind AUTOMATIC
Manufacturing used solely or principally for the TEMPERATURE-CONTROL
Equipment manufacture of semiconductor DIFFUSION FURNACE; HIGH
boules or wafers TEMPERATURE SCATTERING
STOVE; SEMICONDUCTOR
ELEMENT FINE CONTROL
DIFFUSION FURNACE;
Semiconductor 381800 Chemical elements; doped for use ABRASIVE DISK; CHIP; CRYSTAL
Wafers & in electronics, in the form of discs, MATERIAL; ELECTRONIC
Electronic wafers or similar forms; chemical CRYSTAL; FREQUENCY SLICES;
Materials compounds doped for use in GALLIUM ARSENIDE WAFER;
electronics INTEGRATED CIRCUIT GRADE
SILICON POLISHED PIECE;
MONOCRYSTALLINE SILICON
CHIP; MONOCRYSTALLINE
SILICON OPTICAL CHIP;
MONOCRYSTALLINE SILICON
ROUN
Semiconductor 854190 Electrical apparatus; parts for ALUMINIUM MAGNETIC CORE;
Devices & Chip diodes, transistors and similar AUTOMOBILE DIODE CHIP;
Components semiconductor devices and BACKLIGHT SOURCE IRON

photosensitive semiconductor

devices

FRAME; BARE
SEMICONDUCTOR CHIP;
BIDIRECTIONAL TRIGGER
DIODE CMOS CHIPS; BLUE
LIGHT-EMITTING DIODE BASE
SHEET; CAP; CASE; CASE OF
CRYSTAL VIBRATOR; CERAMIC
DISCHARGE TRIODE; CE

53
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Table 1 — continued from previous page

Category HS Code HS Description Product Description
Optoelectronic 854140 Electrical machinery and 0603 RED-LIGHT PICKING LED;
Devices & LEDs equipment and parts thereof; sound 10MM WHITE LIGHT LED;
recorders and reproducers, 160-185W MONO-CRYSTALLINE
television image and sound SOLAR MODULES; 1W
recorders and reproducers, and HIGH-POWER LED; 2MM
parts and accessories of such LUMINOUS DIODE; 3528 PLCC
articles: Diodes, transistors and SMD LED; 36 SHEET SERIES
similar semiconductor devices; SOLAR PANELS; 360 DEGREE
photosensitive semiconductor WHITE LIGHT LED;
devices, including photovoltaic cells  36077ROTATING COUPLER; 3W
whether or not assembled in HIGH-POWER LE
modules or made up into panels;
light-emitting diodes (LED);
mounted piezoelectric crystals;
parts thereof: Photosensitive
semiconductor devices, including
photovoltaic cells whether or not
assembled in modules or made up
into panels; light-emitting diodes
(LED):
Data Storage 847170 Nuclear reactors, boilers, machinery 128G SOLID STATE DISK; 32G

Units

and mechanical appliances; parts
thereof: Automatic data processing
machines and units thereof;
magnetic or optical readers,
machines for transcribing data onto
data media in coded form and
machines for processing such data,
not elsewhere specified or included:

Storage units:

SOLID STATE DISK; 4M/8M-128M
ELECTRONIC HARD DISK; 64G
SOLID STATE DISK; ALUMINIUM
BASE PIECE; COMPUTER HARD
DISK; DESKTOP COMPUTER
HARD DISK; DOM ELECTRONIC
HARD DISC; DRIVER;
ELECTRONIC HARD DISK;
FINGERPRINT HARD DI

o4
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Table 1 — continued from previous page

Category HS Code HS Description Product Description
Data Processing 847150 Nuclear reactors, boilers, machinery COMPUTER HARD DISK;
Units and mechanical appliances; parts COMPUTER MAINFRAME;
thereof: Automatic data processing COMPUTER OUTER
machines and units thereof; EQUIPMENT; COMPUTER
magnetic or optical readers, PERIPHERAL EQUIPMENT;
machines for transcribing data onto HOST COMPUTER; MAINFRAME;
data media in coded form and USB SOUND CARD;
machines for processing such data,
not elsewhere specified or included:
Other units of automatic data
processing machines:
AT: Intelligent 852691 Electrical machinery and AUTO NAVIGATION
Navigation & equipment and parts thereof; sound INSTRUMENT; AUTO
Radar recorders and reproducers, NAVIGATIONAL SYSTEM;
television image and sound AUTOMOBILE AUTONOMOUS
recorders and reproducers, and NAVIGATION SYSTEM;
parts and accessories of such AUTOMOBILE GPS NAVIGATOR;
articles: Radar apparatus, radio AUTOMOBILE GPS
navigational aid apparatus and POSITIONING NAVIGATION
radio remote control apparatus: - SYSTEM; AUTOMOBILE
SATELLITE INTELLIGENT
NAVIGATION SYSTEM;
AUTOMOTIVE GPS NAVIGATION
BOX;
High-End 901813 Optical, photographic, BODY RECEIVING COIL; BONE
Medical cinematographic, measuring, DENSITY INSTRUMENT; BRAIN

Imaging: MRI

checking, precision, medical or
surgical instruments and apparatus;
parts and accessories thereof:
Instruments and appliances used in
medical, surgical, dental or
veterinary sciences, including
scintigraphic apparatus, other
electro-medical apparatus and
sight-testing instruments; parts and

accessories thereof: -

RF COIL; DIGITAL
ELECTROENCEPHALOGRAPH,;
DYNAMIC
ELECTROENCEPHALOGRAM
INSTRUMENT; EEG MACHINE;
MAGNETIC RESONANCE
IMAGING TECHNIQUE FOR
MEDICAL APPLIANCE;
MAGNETIC RESONANCE
MEDICAL EQUIPMENT; MAM

%)
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Table 1 — continued from previous page

Category HS Code HS Description Product Description
High-End 901812 Optical, photographic, B FORM DIASONOGRAPH FOR
Medical cinematographic, measuring, KNAPPER POSITIONING; B
Imaging: checking, precision, medical or MODEL MEDICAL ULTRASOUND
Ultrasound surgical instruments and apparatus; SCANNER AND PROBES; B TYPE
parts and accessories thereof: DIASONOGRAPH; B
Instruments and appliances used in  ULTRASONIC DIAGNOSTIC
medical, surgical, dental or UNIT; B-MODE ULTRASONIC
veterinary sciences, including DIAGNOSIS IMAGE
scintigraphic apparatus, other WORKSTATION; B-TYPE
electro-medical apparatus and ULTRASONIC DIAGNOSIS
sight-testing instruments; parts and INSTRUMENT WITH
accessories thereof: - ELECTRONIC LINEA
Scientific 902720 Optical, photographic, CAPILLARY GAS
Analysis cinematographic, measuring, CHROMATOGRAPHY
Instruments: checking, precision, medical or INSTRUMENT; COLOUR
Chromatography surgical instruments and SPECTRUM GAS LOGGING

& Spectroscopy

apparatus; parts and accessories
thereof: Instruments and apparatus
for physical or chemical analysis
(for example, polarimeters,
refractometers, spectrometers, gas
or smoke analysis apparatus);
instruments and apparatus for
measuring or checking viscosity,
porosity, expansion, surface tension
or the like; instruments and
apparatus for measuring or
checking quantities of heat, sound
or light (including exposure
meters); microtomes; parts and
accessories thereof:
Chromatographs and

electrophoresis instruments:

APPARATUS; COURSE GAS
CHROMATOGRAPH; GAS
CHROMATOGRAPH; GASEOUS
PHASE CHROMATOGRAM MASS
SPECTRUM SPECTROMETER;
GASEOUS PHASE COLOUR
SPECTRUM COMBINATORY
INSTRUMENT; GCMS; HIGH STR
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Table 1 — continued from previous page

Category HS Code HS Description Product Description
902730 Optical, photographic, ATOM ABSORB
cinematographic, measuring, SPECTROPHOTOMETER; ATOM
checking, precision, medical or FLUORESCENCE SPECTRUM
surgical instruments and INSTRUMENT; ATOM
apparatus; parts and accessories SPECTROPHOTOMETER;
thereof: Instruments and apparatus ATOMIC ABSORPTION
for physical or chemical analysis SPECTROGRAPH; ATOMIC
(for example, polarimeters, ABSORPTION
refractometers, spectrometers, gas SPECTROPHOTOMETER;
or smoke analysis apparatus); ATOMIC ABSORPTION
instruments and apparatus for SPECTROSCOPY; ATOMIC
measuring or checking viscosity, FLUORESCENCE PHOTOMETER;
porosity, expansion, surface tension ATOMIC FLUORESCENCE S
or the like; instruments and
apparatus for measuring or
checking quantities of heat, sound
or light (including exposure
meters); microtomes; parts and
accessories thereof: Spectrometers,
spectrophotometers and
spectrographs using optical
radiations (ultraviolet, visible,
infrared):
High-Energy 901320 Optical, photographic, ADJUSTABLE LASER; ARGON
Lasers cinematographic, measuring, ION LASER; BEAM EXPANDER
checking, precision, medical or LASER MODULE; BLUE LASER;
surgical instruments and CARD LASER/LASER CARD;
apparatus; parts and accessories CATV FEEDBACK LASER; CROSS
thereof: Liquid crystal devices not LASER MODULE;
constituting articles provided for CROSSCURRENT CO2 LASER;
more specifically in other headings; CROSSWISE ATMOSPHERIC
lasers, other than laser diodes; PRESSURE EXCITATION LASER;
other optical appliances and DOT LASER MODULE;
instruments, not specified or DUAL-IN-LINE TY
included elsewhere in this chapter;
parts and accessories thereof: -
Extreme 854310 Electrical machines and apparatus; HALL TYPE ELECTRONIC

Precision &

particle accelerators

ACCELERATOR;

Particle Physics
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Table 1 — continued from previous page

Category HS Code HS Description Product Description
901210 Microscopes (excluding optical ATOMIC FORCE MICROSCOPE;
microscopes); diffraction apparatus ~CONTINUOUS ZOOM DIGITAL

MICROSCOPE; DIGITAL
METALLOGRAPHIC
MICROSCOPE; DIGITAL
MICROSCOPE; ELECTRON
MICROSCOPE; FLEXO
CONTINUOUS ZOOM DIGITAL
MICROSCOPE; GRADING ZOOM
STEREO MICROSCOPE;
MACHINE TOOL SIZE
MICROSCOPE; MICROS

Aerospace & 901420 Navigational instruments and AVIATION INSTRUMENT;

Advanced appliances; for aeronautical or GLOBAL NAVIGATION

Navigation space navigation (excluding INSTRUMENT; POSITIONING

compasses) NAVIGATOR; SPACEFLIGHT

PRODUCT;

Aerospace 880330 Aircraft, spacecraft, and parts ATRCRAFT BRAKE SYSTEM;

Components thereof: Parts of goods of heading ATRCRAFT BRAKE SYSTEM

8801 or 8802: Other:

ACCESSORIES; AIRPLANE PART
AND ACCESSORY; AIRPLANE
STAINLESS STEEL FITTINGS;
ALUMINIUM ALLOY
HELICOPTER TRANSMISSION
GEAR CASE; AVIATION
FITTINGS; AVIATION
MATERIALS; CRANK SHAFT;
FORGING ALUMINUM ALLOY
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Table 2: Representative “High AT” Import Records and Product Descriptions

Category HS Code HS Description Product Description

Al Key 847950 Industrial robots, not elsewhere DETECTION SPRAYING ROBOT;

Technology specified or included: Machines and FULL AUTOMATIC ROTARY

(Computer mechanical appliances having BRUSH WASHING ROBOT;

Vision & individual functions. INDUSTRIAL ROBOT;

Robotics) MULTIFUNCTIONAL ROBOT;
VOICE INTELLIGENT ROBOT

Al Key 854231 Electronic integrated circuits; CAMERA MODULE; CONTROL

Technology Processors and controllers, whether INTEGRATED CIRCUIT FOR INK

(Sensors & Edge or not combined with memories, BOX; CONTROL PANEL;

Al) converters, logic circuits. ELECTRIC IRON AUTOCONTROL
CHIP; HANGING KILN
INTELLIGENT CONTROL PANEL

Al Hardware 381800 Miscellaneous chemical products: ABRASIVE DISK; CHIP; CRYSTAL

Platform Chemical elements doped for use in  MATERIAL; ELECTRONIC

(Semiconductors) electronics, in the form of discs, CRYSTAL; GALLIUM ARSENIDE

wafers or similar forms. WAFER; INTEGRATED CIRCUIT

GRADE SILICON POLISHED
PIECE; MONOCRYSTALLINE
SILICON CHIP

AT Hardware 853710 Boards, panels, consoles, desks and 10 POINT AC PROGRAMMABLE

Platform other bases; for electric control or CONTROLLER; 20 POINT

(Industrial the distribution of electricity, fora ~ PROGRAMMABLE

Automation) voltage not exceeding 1000 volts. CONTROLLER; 48-DOT
PROGRAMMABLE
CONTROLLER; AC SERVO
CONTROLLER; AUTOMATIC
RECTIFYING SYSTEM

AT Key 901813 Instruments and appliances used in  BODY RECEIVING COIL; BONE

Technology medical or surgical sciences, DENSITY INSTRUMENT; BRAIN

(Medical including scintigraphic apparatus, RF COIL; DIGITAL

Imaging) other electro-medical apparatus. ELECTROENCEPHALOGRAPH,;

DYNAMIC
ELECTROENCEPHALOGRAM
INSTRUMENT; MAGNETIC
RESONANCE MEDICAL
EQUIPMENT
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Table 3: Summary of Statistics for Firm Characteristics

Variable Mean SD Min p25 Median p75 Max N
Panel A: Full Sample

GPR; 0.124 0329 0.000 0.000  0.000  0.000 1000 6436
Import[o"-Tech 0.062 0.204 0.000 0.000  0.000  0.000 1.000 3553
ImportEgw-Tech 0274 0401 0.000 0.000 0004 0577 1000 3553
Almport, "4 -0.008 0.183 -1.000  0.000  0.000  0.000 1.000 2590
AlImportFyw-A1 -0.002  0.187 -1.000  0.000  0.000  0.000 1.000 2590
HighTech_Patent> ¥ (In) ~ 0.752  1.158 0.000  0.000  0.000  1.099 7.231 6417
HighTech_Patent® ¥ (In) ~ 0.987  1.303  0.000  0.000  0.693 1609 7.668 6417
AI_Patent! y**(In) 0.413 0792 0.000 0.000  0.000  0.693 5493 (436
AI_Patent® Y (In) 0.872 1.106 0.000 0.000  0.693 1386 6.400 6436
Sizei, 22,565 1.391 19.951 21577 22372  23.368 26.659 6436
FirmAge; 10627 7115 1.000 5000  9.000  16.000 31.000 6436
ROA; 0.035 0.069 -0.261 0014 0038  0.068 0209 6436
Leverage 0432 0195 0.046 0279 0428 0577 0912 6436
TobinQ; ; 2.095 1318 0.840 1250  1.692 2425 8168 6373
Cash_Ratio; 0.181 0.117 0.017 0098 0153 0233 0.730 6436
Inventory_Ratio; ; 0.119 0.088 0.000 0.056 0104 0162 0455 6415
Aln(Sales); 0.118 0249 -0.761 0.001  0.115 0238 0952 6436
Invest_Ratio; 11 0.043 0040 0.001 0014 0031 0059 0214 6416
D(Debt_Issuance > 0); 11 0.847 0360 0.000 1.000 1000  1.000 1.000 6416
Trademarks(In);, 1710 1546 0.000 0.000 138 2773 7.521 8886
Product_Patents(In); 2.327 1.461 0.000 1.386 2.303 3.219  9.162 11982
Panel B: State-Owned Enterprises (SOE)

GPR; 0.118 0.323 0.000 0.000  0.000  0.000 1.000 2237
Import]'/oh-Tech 0.057 0.188 0.000 0.000  0.000  0.000 1.000 1205
ImportkFgw-Tech 0275 0401 0.000 0.000 0011 0576 1000 1205
Almport]'}9"-41 -0.012  0.181 -1.000  0.000  0.000  0.000 1.000 854
AlImportFgw-A1 0.000 0.199 -1.000 -0.004  0.000  0.000 1.000 854
HighTech_Patent>¥*(In) ~ 0.845 1315 0.000 0.000  0.000 138 7.231 2233
HighTech_Patent®¥°®*(In) ~ 1.120 1469 0.000 0.000  0.693 1792  7.668 2233
AI_Patent! y**(In) 0.456  0.916 0.000 0.000  0.000  0.693 5493 2237
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Table 3 — continued from previous page

Variable Mean SD Min P25 Median p75 Max N

AI _Patent? ¥°2*(In) 0.940 1.258 0.000  0.000 0.693 1.386  6.400 2237
Size; 23.384 1470 19.951 22330 23.264  24.369 26.659 2237
FirmAge; + 15.889 6.938 1.000 10.000  17.000  21.000 31.000 2237
ROA; , 0.033 0.057 -0.261 0.012 0.031 0.056  0.209 2237
Leverage; 0.507 0.194 0.046 0.365 0.522 0.651  0.912 2237
TobinQ; ¢ 1.763 1186 0.840 1.044 1.331 1.995 8168 2212
Cash_Ratio; ¢ 0.172 0.115 0.017  0.090 0.145 0.225 0.701 2237
Inventory_Ratio; 0.121  0.099 0.000 0.044 0.106 0.167  0.455 2236
Aln(Sales); 0.098 0.223 -0.761  0.003 0.094 0.198  0.952 2237
Invest_Ratio; 141 0.038 0.036 0.001  0.013 0.027 0.052  0.214 2233
D(Debt_Issuance > 0); 41 0.860 0.347  0.000  1.000 1.000 1.000  1.000 2233
Trademarks(In); 1.679 1.570 0.000  0.000 1.386 2708  7.521 2348
Product_Patents(In); 2.445 1.618 0.000 1.386 2.303 3.434  9.162 3318

Panel C: Privately-Owned Enterprises (POE)

GPRi, 0.125 0331 0.000 0.000  0.000  0.000 1.000 3791
Import[;/o"-Tech 0.071 0220 0.000 0.000  0.000  0.000 1.000 2073
Importkgw-Tech 0272 0401 0.000 0.000 0001 0575 1000 2073
Almport, o4 -0.007  0.190 -1.000  0.000  0.000  0.000 1.000 1515
AlmportFyw-A1 -0.003  0.184 -1.000 0.000  0.000  0.000 1.000 1515

HighTech_Patent3¥®*(In)  0.702  1.067 0.000  0.000 0.000 1.099  6.105 3778
HighTech_Patent® Y2 (In)  0.916  1.205 0.000  0.000 0.693 1.609  6.501 3778

AT _Patent! ¥e2* (In) 0.389 0.714 0.000  0.000 0.000 0.693  5.283 3791
AT _Patent3 ¥°2* (In) 0.840 1.012 0.000  0.000 0.693 1.386  6.258 3791
Size; 22,123 1.107 19.951 21.368  22.004  22.743 26.659 3791
FirmAge; + 7.765 5.216 1.000  4.000 7.000 10.000 28.000 3791
ROA,; + 0.035 0.075 -0.261 0.016 0.042 0.071  0.209 3791
Leverage; 0.395 0.184 0.046  0.247 0.394 0.529 0912 3791
TobinQ; ¢ 2.258 1336 0.840 1.414 1.854 2599  8.168 3755
Cash_Ratio; 4 0.184 0.117 0.017  0.102 0.155 0.236  0.730 3791
Inventory_-Ratio; 0.118 0.080 0.000  0.062 0.102 0.158  0.455 3771
Aln(Sales); 0.129 0.262 -0.761  0.000 0.134 0.265  0.952 3791
Invest_Ratio; 141 0.045 0.041 0.001 0.016 0.033 0.062  0.214 3778

Continued on next page
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Table 3 — continued from previous page

Variable Mean SD Min P25 Median p75 Max N

D(Debt_Issuance > 0); 41 0.844 0.363  0.000  1.000 1.000 1.000  1.000 3778
Trademarks(In); 1.728 1.543  0.000  0.000 1.386 2.833  7.378 5902
Product_Patents(In); 2.281 1.393 0.000 1.386 2.303 3.178  8.225 7843

Notes: This table reports summary statistics for the main variables used in the empirical anal-
ysis. Panel A presents the full sample, Panel B state-owned enterprises (SOEs), and Panel C
privately owned enterprises (POEs). For each variable, we report the mean, standard deviation,
minimum, 25th percentile, median, 75th percentile, maximum, and number of observations. All

continuous variables are winsorized at the 1st and 99th percentiles. GPR;; equals one for firms
High_Tech
it

and [ mportiLtOw*TeCh are the proportions of firm i’s imports classified as high-tech and low-tech, re-

with above-median exposure to tariff-specific geopolitical risk, and zero otherwise. I'mport

spectively, in year t. Al mportftigh’AI and Al mport{jfw*AI are year-over-year changes in high-Al
and low-Al imports. HighTech_Patent3Y¥ (In) and HighTech_Patent® Y*¥ (In) are the natural
logarithms of one plus high-tech patent applications over the subsequent three- and five-year hori-
zons. AI_Patent! ¥ (In) and AI_Patent® ¥*™(In) are defined analogously over one- and three-
year horizons. Product_Patents(In);; and Trademarks(ln);; are the natural logarithms of one
plus product patents and valid trademark registrations. Size;; is the natural logarithm of total
assets. FirmAge;; is years since establishment. ROA;; is net income divided by lagged total
assets. Leverage;; is total debt divided by total assets. TobinQ;; is the market value of as-
sets divided by their book value. Cash_Ratio;; is cash and equivalents divided by total assets.
Inventory_Ratio;; is inventory divided by total assets. Aln(Sales);; is the year-over-year change
in log net sales. Invest_Ratio; 41 is capital expenditures divided by total assets, measured at ¢t+1.
D(Debt_Issuance > 0); 41 equals one if the firm issues positive new debt in year ¢ 4+ 1, and zero

otherwise.
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Table 4: High-Tech Import Response to Geopolitical Risk

Dependent Variable: Innovative Import

High_Tech Low_Tech
I'mport;, I'mport;;

(1) (2) (3) (4)
POE  SOE POE SOE

Exposure; x Shock; -1.3937** -1.2999* -4.7760*** -4.7784**
(0.7004) (0.6964) (1.5140) (2.0091)

Sizeiyy 0.0096  0.0039  -0.0120  -0.0545"**
(0.0080)  (0.0060) (0.0167)  (0.0146)
FirmAge; -0.0002  -0.0013  -0.0011  0.0008
(0.0014)  (0.0012)  (0.0036)  (0.0030)
ROA;; 4 -0.1064 -0.0139  0.1255  0.4316*
(0.1573)  (0.1119)  (0.2495)  (0.2520)
Leverage; ;1 -0.0559  -0.0004  0.0946  0.1353
(0.0389)  (0.0358)  (0.0893)  (0.1021)
TobinQi s 0.0130*  0.0050  -0.0132  -0.0280""
(0.0069)  (0.0089)  (0.0099)  (0.0130)
Cash_Ratio; 0.0905" -0.0028  -0.0021  -0.0266

(0.0460) (0.0733)  (0.0846) (0.1261)
Inventory_Ratio;;—;  0.1086 0.0151 0.1408 0.1242
(0.0887)  (0.0797)  (0.1905) (0.2450)

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
R? 0.0697 0.1092 0.2885 0.3256
N 2185 1214 2185 1214

Notes: This table reports continuous difference-in-differences estimates of the effect of geopolitical
exposure on firm-level imports of high-tech and low-tech products, separately for privately owned

enterprises (POEs) and state-owned enterprises (SOEs). The dependent variable is I mportiigh’TeCh

in columns (1)—(2) and T mportiL,tow*T“h in columns (3)—(4). The variable of interest is the interaction

Exposure; x Shocky, where Exposure; is the firm’s pre-shock baseline exposure, measured as its

average over 2014-2015 using the tariff-specific GPR index, and Shock; is the yearly prevalence

index of US-China conflict discussions extracted from US corporate earnings calls. All control

variables are lagged one period. Industry and year fixed effects are included in all specifications,

and standard errors (in parentheses) are clustered at the firm level. All continuous controls are
kokok kok

winsorized at the 1st and 99th percentiles. , **, and * denote significance at the 1%, 5%, and
10% levels, respectively.
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Table 5: AI Import Response to Geopolitical Risk

Dependent Variable: Al Import

AV mportﬁig h-AL AT mportﬁfw*AI

(1) (2) (3) (4)
POE  SOE  POE  SOE

Exposure; x Shock, -3.0270* -1.1779 -1.6875 -2.6120**
(1.5897) (1.2097) (1.2209) (1.2760)

Size;—1 -0.0027  -0.0017  0.0030 -0.0076
(0.0054) (0.0044) (0.0059) (0.0062)
FirmAge; ;1 0.0006  -0.0013  0.0015 0.0018
(0.0010) (0.0009) (0.0012) (0.0011)
ROA; 11 -0.0053  -0.0011  -0.1919  0.3022**
(0.1084) (0.1334) (0.1363) (0.1358)
Leverage; ;— 0.0083  -0.0078 -0.0201 0.1217*
(0.0349) (0.0350) (0.0335) (0.0541)
TobinQ; -1 -0.0012  -0.0059  0.0024 0.0076
(0.0056) (0.0041) (0.0045) (0.0071)
Cash_Ratio; ;4 -0.0249  -0.0223  0.0504 -0.0072

(0.0441) (0.0571) (0.0332) (0.0559)
Inventory_Ratio;;—, -0.0114  0.0469  -0.0346  -0.0547
(0.0572) (0.0451) (0.0656) (0.0813)

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
R? 0.0297  0.0476 0.0388 0.0778
N 1514 853 1514 853

Notes: This table reports continuous difference-in-differences estimates of the effect of geopolitical
exposure on firm-level imports of high-AI and low-Al products, separately for privately owned

enterprises (POEs) and state-owned enterprises (SOEs). The dependent variable is A mportftigh’AI
in columns (1)—(2) and AT mport{jfw*AI in columns (3)—(4). The variable of interest is the interaction

Exposure; x Shocky, where Exposure; is the firm’s pre-shock baseline exposure, measured as its

average over 2014-2015 using the tariff-specific GPR index, and Shock; is the yearly prevalence

index of US-China conflict discussions extracted from US corporate earnings calls. All control

variables are lagged one period. Industry and year fixed effects are included in all specifications,

and standard errors (in parentheses) are clustered at the firm level. All continuous controls are
kkk kk

winsorized at the 1st and 99th percentiles. , **, and * denote significance at the 1%, 5%, and
10% levels, respectively.
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Table 6: Economic Mechanism: High-Tech Innovation in Response to Geopolitical Risk

Dependent Variable: High-Tech Innovation

HighTech_Patent? Y (In)

HighTech_Patent® Y (In)

(1) (2) (3) (4) (5) (6)
Full POE SOE Full POE SOE
Treat; x After, -0.1707*  -0.1012 -0.2357  -0.2243* -0.2167*  -0.2323
(0.0833)  (0.0964)  (0.1536)  (0.0875) (0.0966)  (0.1606)
Size;i—1 0.4073**  0.3420"*  0.4913** 0.4675** 0.3707**  0.5727***
(0.0409)  (0.0551)  (0.0663)  (0.0445) (0.0611)  (0.0719)
FirmAge; ;4 -0.0136**  -0.0111  -0.0235*** -0.0150** -0.0122 -0.0271***
(0.0049)  (0.0088)  (0.0073)  (0.0058) (0.0105)  (0.0086)
ROA; 11 1.1238***  1.4042*** 0.9865 1.4782** 1.8781*** 1.3551
(0.3193)  (0.3637)  (0.7678)  (0.3642) (0.4169)  (0.8348)
Leverage; ;1 -0.4000**  -0.2848 -0.6218*  -0.4497*  -0.3253 -0.6905*
(0.1778)  (0.1941)  (0.3525)  (0.2065)  (0.2294)  (0.3975)
Tobin@; -1 0.1467*  0.1573**  0.1434** 0.1653*** 0.1721** 0.1732***
(0.0224)  (0.0285)  (0.0425)  (0.0242) (0.0304)  (0.0471)
Cash_Ratio; ;4 0.4312** 0.2934 0.2326 0.4937** 0.2809 0.3090
(0.2022)  (0.2173)  (0.4289)  (0.2346) (0.2543)  (0.4859)
Inventory_Ratio;;—;  0.6173* 0.5529 0.6746 0.7442* 0.6289 0.7881
(0.3443)  (0.3911)  (0.6504)  (0.4025) (0.4605)  (0.7375)
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R? 0.2471 0.2299 0.3347 0.2562 0.2395 0.3556
N 6417 3778 2233 6417 3778 2233

Notes: This table reports difference-in-differences estimates of the effect of treatment on firm-level
high-tech patent outcomes. The dependent variable is HighTech_Patent Y***(In) in columns (1)—(3),
measuring high-tech patent applications over a three-year horizon, and HighTech_Patent® Y2 (In)
in columns (4)—(6), over a five-year horizon. Regressions are estimated for the full sample and
separately for privately owned enterprises (POEs) and state-owned enterprises (SOEs). The variable
of interest is Treat; x Aftery, where Treat; equals 1 for the treatment group (the firm’s tariff-specific
GPR exposure exceeds 0 in the pre-shock baseline year 2017), and After; equals 1 for the post-
treatment period (the event year 2018 and the subsequent three years). All control variables are
lagged one period. Industry and year fixed effects are included in all specifications, and standard
errors (in parentheses) are clustered at the firm level. All continuous variables are winsorized at
the 1st and 99th percentiles. ***, ** and * denote significance at the 1%, 5%, and 10% levels,
respectively.
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Table 7: Economic Mechanism: AI Innovation in Response to Geopolitical Risk

Dependent Variable: AI Innovation

AT _Patent! Y% (In)

AT _Patent3Y**(In)

(1) (2) (3) (4) (5) (6)
Full POE SOE Full POE SOE
Treat; x After, -0.0953*  -0.1134 -0.0376  -0.1737  -0.2367  -0.0465
(0.0505)  (0.0762)  (0.0765) (0.0782)  (0.1068)  (0.1269)
Size; 0.2276**  0.1849** 0.2972** 0.3246™*  0.2616"* 0.4213***
(0.0289)  (0.0389)  (0.0469) (0.0378)  (0.0518)  (0.0603)
FirmAge; ;4 -0.0058*  -0.0099**  -0.0065 -0.0097** -0.0198***  -0.0081
(0.0032)  (0.0049)  (0.0053)  (0.0048)  (0.0075)  (0.0075)
ROA,; ;1 0.7543*** 0.8162**  0.7160  1.5673"* 1.6256™*  1.6028"*
(0.2195)  (0.2459)  (0.5322)  (0.3160)  (0.3723)  (0.7033)
Leverage; ;1 -0.2601**  -0.2406™  -0.2342  -0.3154* -0.3005 -0.2981
(0.1067)  (0.1154)  (0.2215)  (0.1618)  (0.1908)  (0.3094)
TobinQ; 11 0.0334***  0.0342**  0.0605*  0.0550***  0.0591***  0.0886**
(0.0126)  (0.0141)  (0.0309) (0.0178)  (0.0201)  (0.0422)
Cash_Ratio; ;4 0.3650**  0.2914** 0.3104  0.6590***  0.5668** 0.5889
(0.1589)  (0.1483)  (0.3736) (0.2211)  (0.2246)  (0.4784)
Inventory_Ratio;;—y  0.3727* 0.4042* 0.5440 0.4577 0.5933 0.5902
(0.2205)  (0.2421) (0.4621) (0.3223)  (0.3754)  (0.6554)
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R? 0.1913 0.1432 0.3014 0.2325 0.1887 0.3505
N 6436 3791 2237 6436 3791 2237

Notes: This table reports difference-in-differences estimates of the effect of treatment on firm-
level Al innovation. The dependent variable is AL Patent! Y% (In) in columns (1)—-(3), measuring
Al patent applications over a one-year horizon, and AI Patent® ¥ (In) in columns (4)—(6), over a
three-year horizon. Regressions are estimated for the full sample and separately for privately owned
enterprises (POEs) and state-owned enterprises (SOEs). The variable of interest is Treat; x Aftery,
where Treat; equals 1 for the treatment group (the firm’s tariff-specific GPR exposure exceeds 0
in the pre-shock baseline year 2017), and After; equals 1 for the post-treatment period (the event
year 2018 and the subsequent three years). All control variables are lagged one period. Industry
and year fixed effects are included in all specifications, and standard errors (in parentheses) are
clustered at the firm level. All continuous variables are winsorized at the 1st and 99th percentiles.
ok and * denote significance at the 1%, 5%, and 10% levels, respectively.

9 Y
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Table 8: Economic Mechanism: Product Diversification

Trademarks(In) Product Patents(In)
) ) 3) ) ) (©)
Full POE SOE Full POE SOE
Treat; x After, -0.2058*  -0.3381* 0.0402 -0.1361*  -0.2048"  -0.0388
(0.1098)  (0.1411)  (0.1946)  (0.0808)  (0.1027)  (0.1390)
Stze; 0.3752**  0.4098™*  0.3599***  0.4465***  0.4719***  0.4758"**
(0.0296)  (0.0407)  (0.0491)  (0.0329)  (0.0383)  (0.0553)
FirmAge; ;4 -0.0205** -0.0320"*  -0.0000  -0.0136*** -0.0275***  -0.0050
(0.0039)  (0.0056)  (0.0069)  (0.0041)  (0.0060)  (0.0065)
ROA; 1 0.6178*  0.6315**  0.4268  1.3335** 1.4201"*  0.4804
(0.2399)  (0.2682)  (0.6395)  (0.3047)  (0.3179)  (0.6763)
Leverage; ;4 -0.2681* -0.1883 -0.2441 -0.1372 -0.0494  -0.6618™*
(0.1381)  (0.1634)  (0.2620)  (0.1353)  (0.1549)  (0.2707)
TobinQ; 1 0.0444*= 0.0505**  0.0401*  0.0409***  0.0490***  0.0604**
(0.0103)  (0.0143)  (0.0209)  (0.0133)  (0.0182)  (0.0289)
Cash_Ratio; ;1 1.1701*  1.5194*** 0.5576  0.8032**  0.7507**  0.7183*

(0.2084)  (0.2369)  (0.4109)  (0.1795)  (0.1929)  (0.4216)
Inventory_Ratio;,_,  0.2663 02499  0.3179  0.3681  0.6059"*  0.4987
(0.2411)  (0.2974)  (0.4236)  (0.2461)  (0.2873)  (0.5285)

Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R? 0.1450 0.1612 0.1706 0.2521 0.2406 0.3464
N 8886 5902 2348 11982 7843 3318

Notes: This table reports difference-in-differences estimates of the effect of treatment on firm-level
trademarks and product patents. The dependent variable is Trademarks(ln);; in columns (1)—
(3) and Product_Patents(In);; in columns (4)—(6). Regressions are estimated for the full sample
and separately for privately owned enterprises (POEs) and state-owned enterprises (SOEs). The
variable of interest is Treat; x After;, where Treat; equals 1 for the treatment group (the firm’s
tariff-specific GPR exposure exceeds 0 in the pre-shock baseline year 2017), and After; equals 1
for the post-treatment period (the event year 2018 and the subsequent three years). All control
variables are lagged one period. Industry and year fixed effects are included in all specifications,
and standard errors (in parentheses) are clustered at the firm level. All continuous variables are
winsorized at the 1st and 99th percentiles. ***, ** and * denote significance at the 1%, 5%, and
10% levels, respectively.
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Table 9: Event Study Analysis and Market Valuation over Main Tarriff Events

CARJ-1,+1] CARJ[-1,+3]
FULL POE SOE FULL POE SOE
A. Average CARs per portfolio
Low GPR risk -0.272 -0.869 1.067 2.962 2.950 3.207
High GPR risk -0.811 -1.708 0.693 1.237 0.842 2.077
High-Low -0.539 -0.838 -0.374 -1.725 -2.109 -1.130
t-test [p-value] [0.090]*  [0.038]**  [0.499] [0.000]*** [0.000]*** [0.086]*

B. Regression analysis

-0.5390* -0.8384** -0.3738 -1.7251*%%* -2.1086*** -1.1301*

GPR only (-1.71)  (-2.10)  (-0.68)  (-4.91) (-4.75)  (-1.75)

QPR+ controls 04777 -0.7878%% 0.0460 -1.4056%** -1.9187%** -0.3810
(-1.53)  (-1.99)  (0.09)  (-4.09) (-4.49)  (-0.65)

Number of observations 2739 1662 902 2724 1653 896

Notes: This table reports event study estimates of cumulative abnormal returns (CARs) around
major tariff announcement events (March 22, 2018), separately for the full sample, privately owned
enterprises (POEs), and state-owned enterprises (SOEs). CARs are computed over two windows:
[-1,+1] (three-day window) and [-1,+3] (five-day window), expressed in percentage points. Panel
A presents portfolio-level analysis of abnormal returns. Firms are sorted into portfolios based
on their tariff specific geopolitical risk (GPR) exposure. ”"Low GPR risk” and "High GPR risk”
correspond to the tariff specific GPR dummy variable taking the value of 0 and 1, respectively.
"High-Low” represents the return spread between the high and low GPR portfolios. The t-test
reports the statistical significance of the High-Low spread, with p-values in brackets. Panel B
reports the coefficient estimates from cross-sectional regressions of CARs on GPR risk, with and
without control variables. The dependent variable is CAR[-1,41] in columns (1)—(3) and CARJ-
1,43] in columns (4)—(6). The variable of interest is an indicator for high GPR risk. Control
variables include firm size, firm age, return on assets (ROA), leverage and BM ratio (all lagged
one period). Statistical significance at the 1%, 5%, and 10% levels is denoted by *** ** and *
respectively.
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Table 10: Robustness: Pooled Event Study Analysis and Market Valuation over Large Tariff
Events

CARJ-1,+1] CARJ-1,+3]
FULL POE SOE FULL POE SOE
A. Average CARs per portfolio
Low GPR risk -0.178 -0.382 0.289 -0.247 -0.437 0.179
High GPR risk -0.534 -0.804 0.164 -1.082 -1.410 -0.270
High-Low (diff) -0.356 -0.422 -0.125 -0.836 -0.972 -0.450

t-test [p-value] (Cluster Robust)  [0.002]***  [0.009]***  [0.360]  [0.000]***  [0.000]***  [0.010]**

B. Pooled Regression analysis

-0.3557% KK _0.4221%FF  _0.1252  -0.8358%**  -0.9722%**  (.4497**

GPR only (-3.11) (-2.61) (-0.91) (-5.20) (-4.21) (-2.56)
-0.7265%FF  -0.8262%%%  -0.3613%FF  -0.9935%FF _1.1320%%*  -0.5200%**

GPR + controls + Event FE (-6.44) (-5.15) (-2.65) (-6.22) (-4.90) (-2.94)

Number of observations 32949 20974 10074 32919 20953 10066

Notes: This table reports robustness checks for the event study estimates presented in the previous
table, using a stacked event study design that incorporates a larger set of major tariff announcement
events (include 2018-2019 and 2025 period). The methodology and variable definitions follow the
main analysis. Cumulative abnormal returns (CARs) are computed over two windows: [-1,+1]
(three-day window) and [-1,+3] (five-day window), expressed in percentage points. Results are
presented separately for the full sample, privately owned enterprises (POEs), and state-owned
enterprises (SOEs). Panel A presents portfolio-level analysis of abnormal returns. Firms are sorted
into portfolios based on their tariff specific geopolitical risk (GPR) exposure. ”"Low GPR risk”
and "High GPR risk” correspond to the tariff specific GPR dummy variable taking the value of
0 and 1, respectively. "High-Low (diff)” represents the return spread between the high and low
GPR portfolios. The t-test reports cluster-robust p-values (in brackets) for the High-Low spread,
with standard errors clustered by event date to account for cross-sectional correlation across firms
within the same event. Panel B reports coefficient estimates from pooled cross-sectional regressions
of CARs on an indicator for high GPR risk. Two specifications are presented: (1) ”GPR only”
includes only the high GPR risk indicator, and (2) ”GPR + controls + Event FE” adds firm-level
controls and event fixed effects. Control variables include firm size, firm age, return on assets (ROA),
leverage and BM ratio (all lagged one period). Standard errors (reported in parentheses below
coefficient estimates) are clustered at the firm level. This stacked design, which pools observations
across multiple event dates, serves as a robustness check complementing the main table by increasing
statistical power and reducing event-specific idiosyncrasies. Statistical significance at the 1%, 5%,
and 10% levels is denoted by ***, ** and *, respectively.
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Table 11: Corporate Fundamental and Geopolitical Pressure

Dependent Var: Corporate Fundamentals

Aln(Sales);, Invest_Ratio; ;11 D(Debt_Issuance > 0); 11
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Full POE SOE Full POE SOE Full POE SOE
Treat; X Aftery -0.0511** -0.0834*** -0.0094 -0.0067* -0.0114* -0.0006 -0.0536* -0.0893* -0.0205
(0.0228) (0.0317) (0.0325) (0.0039) (0.0054) (0.0062) (0.0316) (0.0519) (0.0255)
Size;i—1 0.0048 0.0192** 0.0047 0.0021** 0.0036** 0.0011 0.0265*** 0.0387*** 0.0289***
(0.0047) (0.0080) (0.0065) (0.0010) (0.0015) (0.0014) (0.0065) (0.0101) (0.0106)
FirmAge; ;1 -0.0032***-0.0074*** 0.0006 -0.0011***-0.0013*** -0.0003 -0.0032** -0.0031 -0.0008
(0.0008) (0.0014) (0.0011) (0.0002) (0.0003) (0.0002) (0.0012) (0.0021) (0.0020)
ROA; ;1 0.2821** 0.2938** -0.2970 0.0899*** 0.0755™* 0.0943** 0.1290 -0.0414 0.2249
(0.1080) (0.1200) (0.2452) (0.0117) (0.0147) (0.0247) (0.1148) (0.1367) (0.2009)
Leverage; ;1 -0.0386 -0.0571 -0.1041** 0.0122** 0.0207*** -0.0010 0.4371*** 0.4462*** 0.4727***
(0.0339) (0.0499) (0.0491) (0.0057) (0.0073) (0.0096) (0.0499) (0.0692) (0.0838)
TobinQ; -1 0.0182** 0.0126™ 0.0283** 0.0009 0.0020*** -0.0008 -0.0183***-0.0257*** -0.0048
(0.0043) (0.0052) (0.0079) (0.0006) (0.0008) (0.0010) (0.0062) (0.0073) (0.0135)
Cash_Ratio; 11 0.0056  0.0164 0.0373 -0.0268*** -0.0197** -0.0283** -0.5246*** -0.4414*** -0.4333***
(0.0355) (0.0486) (0.0593) (0.0062) (0.0078) (0.0110) (0.0714) (0.0872) (0.1369)
Inventory_Ratio;;—1 0.1694** 0.2479** 0.1280 -0.0483**-0.0468"*-0.0537*** 0.0770  0.1235  0.0246
(0.0543) (0.0741) (0.0863) (0.0099) (0.0137) (0.0148) (0.0855) (0.1047) (0.1590)
Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
R? 0.0501  0.0687 0.0556 0.1740 0.2060 0.2342 0.1782  0.1750  0.2430
N 6436 3791 2237 6416 3778 2233 6416 3778 2233

Notes: This table reports difference-in-differences estimates of the effect of treatment on firm-
level sales, investment, and debt issuance. The dependent variables are Aln(Sales);; in columns
(1)~(3), Invest_Ratio; 41 in columns (4)—(6), and D(Debt_Issuance > 0);;41 in columns (7)-

(9)-

Regressions are estimated for the full sample and separately for privately owned enterprises

(POEs) and state-owned enterprises (SOEs). The variable of interest is Treat; x After;, where
Treat; equals 1 for the treatment group (the firm’s tariff-specific GPR exposure exceeds 0 in the
pre-shock baseline year 2017), and After; equals 1 for the post-treatment period (the event year
2018 and the subsequent three years). All control variables are lagged one period. Industry and
year fixed effects are included in all specifications, and standard errors (in parentheses) are clustered

at the firm level. All continuous variables are winsorized at the 1st and 99th percentiles.

kkk o kk
) )

and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Table 12: Portfolio-Level Evidence on Cost of Capital

Full Sample POE Only SOE Only
Low High  H-L Low  High H-L Low  High H-L

Excess Return -1.11 146  2.57* -1.07 160 2.67* -0.58 147  2.05
(-0.18) (0.24) (1.93) (-0.16) (0.24) (2.25) (-0.10) (0.25) (1.04)

CAPM Alpha 049 311 262 060 327 267 093 307 214
(0.11)  (0.76) (2.01) (0.11) (0.64) (2.25) (0.23) (0.87) (1.11)

Notes: This table reports portfolio-level returns for firms sorted on tariff-specific geopolitical risk
(GPR). “Low” and “High” correspond to the GPR dummy taking values of 0 and 1, respectively;
“H-L” is the return spread between the high and low portfolios. FEzcess Return is the portfolio
return in excess of the risk-free rate; CAPM Alpha is the intercept from regressing portfolio excess
returns on the market excess return. Both are reported in annualized percentage points (x1200). t-
statistics (in parentheses) are based on Newey-West standard errors. Results are reported separately

kkk

for the full sample, privately owned enterprises (POEs), and state-owned enterprises (SOEs). ***
** and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Table 13: Fama-MacBeth Cross-Sectional Regressions

Dependent Variable: Stock_Return;,,
Full Sample POE Only SOE Only

GPR;, 0.1804** 0.1889** 0.1015
(2.33) (2.03) (0.73)
Beta; -0.1538 -0.1012 -0.2549
(-1.08) (-0.67) (-1.51)
MarketValue; -0.1902 -0.2693 -0.1063
(-0.69) (-0.78) (-0.50)
BM;, 0.3115 0.2334 0.1507
(0.70) (0.53) (0.31)
MOM;, 0.1223 0.2270 -0.0672
(0.45) (0.90) (-0.20)
Reversal;, -1.2869* -1.0138 -1.8846**
(-1.67) (-1.43) (-2.21)
Illiquidity 0.0010*** 0.0009** 0.0014**
(3.13) (2.54) (3.28)
R&D/Asset; 11.8967* 12.4638* 14.9661
(1.84) (1.91) (1.59)
FirmAge;, -0.0987 -0.1073 0.0135
(-0.91) (-0.96) (0.19)
Subsidy; ¢ 3.7968** 5.0058* 1.3548
(1.98) (1.93) (0.82)
Tobin@; -0.0698* -0.0789* -0.0626
(-1.93) (-1.81) (-1.44)
Constant 4.5676 6.3929 2.5618
(0.70) (0.80) (0.51)
R? 0.0800 0.0733 0.0942
Observations 295,606 188,258 107,348

Notes: This table reports Fama-MacBeth (1973) cross-sectional regressions of one-month-ahead
stock returns on firm characteristics. The dependent variable is Stock_Return;ii, the stock re-
turn in month ¢ + 1 in percentage points (x100). Coefficients represent the time-series average
of monthly cross-sectional regression coefficients; ¢-statistics (in parentheses) are based on Newey-
West standard errors. The independent variables are tariff-specific geopolitical risk (GPR), mar-
ket beta (Beta), market value (log of market capitalization), book-to-market ratio (BM), mo-
mentum (MOM), short-term reversal (Reversal), Amihud illiquidity (Illiquidity), R&D inten-
sity (R&D/Asset), firm age (FirmAge), government subsidy intensity (Subsidy), and Tobin’s Q
(TobinQ). Regressions are estimated separately for the full sample, privately owned enterprises
(POESs), and state-owned enterprises (SOEs). *** ** and * denote significance at the 1%, 5%, and
10% levels, respectively.
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Table 14: The Price of Risk of GPR Shocks

POE Only
CAPM 2-Factor
bk 0.032 -0.129
(0.02) (-0.08)
barr -1.091*
(-1.85)
R? (%) 0.00 43.71

MAE (%) 3.16 2.27

Notes: This table reports the GMM asset pricing tests of the following two-factor model £ [rit] =
a;+by g Cov(M KTy, rf,t) +bepr Cov(GPRy, Tf,t)v in which M KT is the market factor, and GPR
is the geopolitical risk shock (the CAPM model is the restricted case in which bgpr = 0). by
denotes the price of risk of the market factor, and bgpr denotes the price of risk of the tariff-
specific geopolitical risk shock. The GPR factor is the same aggregate US—China geopolitical risk
shock used in our continuous difference-in-differences analysis of firm imports, here aggregated
at the quarterly (rather than annual) frequency. We use the (demeaned) level of the quarterly
series as the factor. The factor is standardized to zero mean and unit variance, so that bgpgr
is the price of risk per one-standard-deviation shock. The test assets are the GPR-by-size and
GPR-by-book-to-market double-sorted portfolios, 12 portfolios formed by independently double-
sorting privately owned enterprises (POEs) on their GPR exposure (low/high) and the respective
firm characteristic (three groups). Results are reported for privately owned enterprises (POEs).
MAE denotes the mean absolute error of the pricing errors. All portfolio returns are quarterly
excess returns; quarterly returns are obtained by compounding the underlying monthly returns
within each quarter. The MAE is annualized and expressed in percent by multiplying the quarterly
pricing errors by 400. [t] is heteroscedasticity and autocorrelation consistent t-statistics (Newey—
West with 4 lags). R? is the unadjusted regression R-squared. ***, **, and * denote significance at
the 1%, 5%, and 10% levels, respectively.
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A Micro-Foundation for Import Learning

This appendix provides a micro-foundation for the import learning channel: the productivity
function A(wy) and the product innovation function ¢ (wpy) used in Section[2.2.2 We show
that both arise from a single mechanism—AI import learning that raises product appeal—
within a multi-product firm model extending Bernard et al.| (2010) and Melitz and Redding
(2014)), following the approach in |Babina et al.| (2024). The domestic Al innovation channel
¢o(wo) is modeled in reduced form in the main text and is not micro-founded here; it captures
indigenous Al capabilities (e.g., state-sponsored programs, domestic chip architectures) that

operate through a parallel but distinct mechanism.

A.1 Multi-Product Firm Environment

Consider a continuum of products i € [0, 1], with the representative consumer’s preferences
taking the CES form:

1 v/(v—1)
U= |:/ (CLZ‘ CZ'>(V71)/V d2:| , V> 1
0

where C; is consumption of product ¢ and a; captures the relative importance of product <.
For each product 7, there is a set of horizontally differentiated varieties produced by different

firms, with preferences across varieties also taking the CES form:

o/(o—1)
C, = U (Nigeip) o0 df] L o>v>1
fEF;

where )\; s determines the product appeal (demand) for firm f’s variety of product ¢, and F;
is the set of all firms producing varieties of product 7.

Each firm draws product-specific productivity ¢; ; and product appeal A; ;. Under mo-
nopolistic competition, the equilibrium price for each variety is a constant markup over

marginal cost:
o w

o—1g;;

Pif =

Firm profits from product ¢ are:

o—1)7"! wig g P\
Tif(@igs Aif) = ( Ri( £ 2 ) —wM,;

o w

where R; is an index of market demand, P; is the product-level price index, and M; is a fixed

cost per product. A firm produces product ¢ if and only if m; ; > 0, and the set of actively
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produced products is @ = {i : m; f > 0}.

A.2 Al Import Learning and Product Appeal

When a firm increases its U.S.-origin high-tech input share wy, it sources Al-embedded
intermediate goods that generate learning spillovers. Through this Al import learning, a
fraction wy of all products are randomly drawn to receive an upgrade: the firm’s existing

product appeal ); ; is multiplied by x > 1:
Nip = KAy, with probability w;

The multiplier £ captures the learning channel: by using Al-powered inputs in pro-
duction, the firm learns to apply Al capabilities to enhance its own products—improving
quality, enabling customization, or adding Al-powered features. This is the central mecha-
nism through which AT import learning simultaneously drives both productivity and product

innovation.

A.3 Derivation of ¢(ws): Product Innovation

Product innovation is the expected expansion of the firm’s product scope:

P(ws) = E [|9)] — |®y]] = wy - Pr<77i,f(90i,fa KAip) >0 ‘ 7ot (Pigs Ninp) < 0>
This function satisfies the key properties assumed in Section [2.2.2}

e ¢(0) = 0: without AI imports, no products receive the appeal upgrade and no new

products are introduced.

e ¢'(wy) > 0: a higher U.S.-origin high-tech input share means more products are drawn

for the appeal upgrade, increasing the expected number of new product introductions.

In the basic formulation with independent random draws, ¢ is linear in wy (i.e., ¢"” = 0).
The weak concavity ¢” < 0 assumed in the main text can be obtained by enriching the model:
(i) draws without replacement, so that later draws are less likely to reach products near the
profitability threshold; (ii) decreasing returns to managing a larger product portfolio; or
(iii) the appeal multiplier  itself decreasing in wy, reflecting absorptive capacity constraints
in Al adoption. The linear case is a special case that delivers all the comparative statics in

the main text.
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More broadly, ¢(wy) can also include improvements in the appeal of existing products (the
intensive margin), capturing total Al innovation as a function of the U.S.-origin high-tech

input share.

A.4 Derivation of A(ws): Measured Productivity

We now show that the same AI import learning mechanism that generates ¢(wy) also gen-
erates an aggregate productivity function A(wy) that is increasing in wy, as assumed in the
main text.

The firm’s total profit across all actively produced products (before fixed headquarters

costs) is:

Hf:/ Ti (i, Ai p) di
iecb’f

/z‘eb’

f

—1)7 (e N BT
[(U ) Ri<“0’f ul ) —wMi]dz'

load w

where @', is the product set after Al import learning and A ; is the (potentially upgraded)
product appeal.

AT import learning raises total profit through two channels:

Intensive margin. For products already in ®;, the appeal upgrade from A, s to K\; s
increases the variable profit component by a factor of kK~! > 1. In expectation, a fraction

wy of existing products receive this upgrade.

Extensive margin. New products enter ®', (those for which m; f(¢if, kNiy) > 0 but
mi s (i Aig) < 0), each contributing positive profit. The expected number of new products
is ¢(wy).

Measured productivity in the AK framework is total output per unit of capital, A =
Y;/K . Since total profit is increasing in wy through both margins, and output is monotoni-
cally related to profit in the CES framework (higher product appeal raises both revenue and
profit), measured productivity A(wy) is increasing in wy. The concavity of A in wy arises
from the same absorptive capacity constraints that generate the concavity of ¢p5: diminish-
ing returns to Al adoption, coordination costs of managing a larger product portfolio, and
the exhaustion of easy-to-exploit Al applications.

Thus, both A(wy) and ¢y (wy) are increasing and (weakly) concave in wy, and both arise

from the same micro-level mechanism—AI import learning that raises product appeal A; ¢.
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The micro-foundation motivates the monotonicity and concavity properties of the import
learning component. The main text specifies the full productivity function as A(wy,wp) =

A+ Owy — Sw? + pwo — Sw?: the first two terms correspond to the import learning channel
¢
2
to capture indigenous Al capabilities that operate through a parallel mechanism.

micro-founded here, while the domestic component pwo — $w?, is introduced in reduced form
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B Proofs
B.1 Proof of Proposition 1
Proof. Recall the optimal interior solutions from equations f@:

W 0 — (14 17) k(1,ns) (Pr — pr) o BT (1+77) (po — K(T,15) PL)
H — 5 ) o — C

Since k(7,7;) = 1 4 n;7, we have dx/07 = 1. Differentiating w}? with respect to 7:

Owy] _ (L +r)ns (pr —pr) <0
or )

The numerator is unambiguously negative: all terms are positive. The economic content is
that a rise in 7 increases the geopolitical cost multiplier x, which raises the effective price of
U.S. high-tech inputs relative to the low-tech alternative. Firms respond by reducing wy;.
For the domestic share, note that po — kpy, is decreasing in x (hence decreasing in 7), so
the effective cost of domestic inputs relative to U.S. low-tech falls as 7 rises. Differentiating:

dw 1477) - (= 147
wo (A +r7)-( npr):+( +7“)77f10L>0

or ¢ ¢

The sign reflects that as U.S. low-tech inputs become more expensive (higher kpy), domestic
inputs become relatively cheaper, inducing substitution from w;, toward wg.

The U.S. low-tech share is residual: w; =1 — wj — wp, so

Owp _ Owif _0wg _ . {w _ 22]

or  Or or 0 ¢

This is negative—meaning wj} also falls—if and only if {(py — pr) < 0pr, which is As-
sumption [2| (Domestic Substitution Dominance). The condition requires that the domestic
absorptive capacity parameter ( is small enough that the domestic share rises by more than
the high-tech share falls, crowding out U.S. low-tech inputs. All expressions for 9/0n; are

analogous, with 7 replacing 7 in the role of the shock variable. O]
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B.2 Proof of Proposition 2

Proof. From Proposition 1, each comparative static is proportional to (1 + r7):

owif _ (Lt on—p) 0w _ (L)

or ) ’ or ¢

POE €POE > fSOE7

Since r > r39F by the financing friction specification 7/ = 7 + & with

have 1 4+ 779% > 1 4 759F and therefore:

we

DutFOP S0P DuwEPOF  fursOF
or or |’ or or

The economic mechanism is that POEs face a higher effective cost of financing input pur-
chases. When geopolitical risk raises U.S. input prices, the financing-cost amplification—
through the (1 + r7) multiplier in the first-order condition—is stronger for POEs, causing
them to reallocate more aggressively away from U.S. inputs.

For U.S. low-tech imports: 0w}’ /01 = —0w} /OT—0ws /O7. Both |0w}i /07| and dw /0T
are larger for POEs, and under Assumption [2| the net effect on wj is negative for both types.
Since the positive term (from Owj;/07) and the negative term (from Owf,/07) are both
amplified proportionally by (1+77), the overall magnitude |0w}’ /07| is also larger for POEs.

The structural DID cross-partials follow by differentiating the r-derivatives with respect

to ny:

DPuwil :_(1+Tj)(pH—pL) <0, Pwy :+(1+7"j)p,; -
87}f@7’ ) 877f87 C

These are the structural analogs of the Exposure; x Shock; coefficients in the empirical
difference-in-differences design. Both cross-partials are larger in magnitude for POEs, pre-
dicting that the interaction effect of firm-level geopolitical exposure and aggregate geopolit-

ical shocks is amplified by financial frictions. O]

B.3 Proof of Proposition 3

Proof. The value decline per unit of 7 for each U.S. input margin is obtained by multiplying

the absolute share derivative by the corresponding price. From Proposition 1, dwj; /0T < 0
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and, under Assumption [2 dwj /0T < 0. The absolute values are:

Ows 147 —
High-tech value decline: py - d: A (L +77)ny pr(pr = pr)
or o
ow3 . —
Low-tech value decline: py, - (;JL — (14 p [% _ 1%]
T

The low-tech expression is positive under Assumption , which ensures py /¢ > (py —pr)/0.
Cancelling the common factor (1477)n; > 0, the high-tech value decline exceeds the low-tech

value decline if and only if:

pulpn —pr) [zg _ P —pL] _pi_ pulpm —pL)

5 ¢ 5 ¢ 5

Rearranging: (pw +pr)(pe — pr)/d > p3 /¢, which gives ((p}; — p7) > dp3.

The proposition compares base-price import-value margins pywj; and prwj, correspond-
ing to input share reallocations weighted by pre-shock prices. This is the appropriate object
when the empirical variables are import proportions. Including the geopolitical price multi-
plier k would introduce a countervailing price effect: the effective unit cost kpy rises with 7,
so dollar import values can increase even as input shares fall. This condition has a natural
interpretation. The left-hand side, ((p% — p?), is increasing in ¢ (the domestic absorptive
capacity parameter) and in the price gap p% — p? (reflecting the cost premium of high-tech
inputs). The right-hand side, dp?, is increasing in § (the import learning absorptive capac-
ity) and in py (the baseline cost of low-tech inputs). The condition holds when high-tech
inputs carry a sufficiently large cost premium relative to the parameters governing diminish-
ing returns in both channels. Importantly, the condition is purely a function of structural
parameters—it does not depend on 7, 1y, or 77, so it applies uniformly across all firms and

geopolitical risk realizations. O

B.4 Proof of Proposition 4

Proof. Part 1: Innovation response to 7. Total Al innovation is Innovation; = ¢ (wi;)+
do(ws). By the chain rule:

0
901 _ ()

or

8&);] 8¢0 Y. «
o <0 3y —%olwo)

*
o

or >0

The first term captures the destruction of Al import learning as wj; falls; the second captures

the domestic innovation offset as w{, rises. Substituting the derivatives from Proposition 1
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and factoring (1 + 77)n;:

do(wd)pr  Vu(wy) (pu — p1)
¢ 5

0 Innovationg;

57 = (1+7)ny

Total innovation falls if and only if the import learning destruction exceeds the domestic
substitution gain, which is the Import Learning Dominance condition . This condition
is more likely to hold when frontier Al capabilities embedded in U.S. high-tech are highly
productive (¢’ large), hard to replicate domestically (¢, small), and when the high-tech

cost premium py — py, is large relative to the low-tech cost py.

Part 2: POE innovation decline is larger (sufficient condition). Write the net

innovation decline as (14 r7)n; - A, where

A = Guwi) o —pr) @i
6 ¢

>0

under Import Learning Dominance. The POE decline exceeds the SOE decline if (1
rPOEYAPOE ~ (1 + rSOB)ASOE - Since 1 + rPOF > 1 + r99F 4 sufficient condition is
APOE > ASOE'

To express this in primitives, we use the mean value theorem. Since r’9% > r50F the

optimal shares satisfy wif9F < wiP9F and WP < wEOF. Specifically:
POE _ ,.SOE
r —r k(P —
w}k{SOE WLPOE _ ( 5) (pr —p1) -0
TPOE _ TSOE — K
W*OSOE _ wgPOE _ ( ) (Po pr) <0
G
By the mean value theorem applied to ¢ and ¢,:
* * * * (TPOE - TSOE) K(pH - pL)
Sl i OF) — G2 i) = Shylem) (w3 O — i) = ~By(em) g
* * * * (TPOE B TSOE> (pO B "{pL)
Bolwi ") — Bo(wi™OF) = 6 (60) (Wi OF — wiFOP) = ~6(£o) -

for some &g € (wifOF wiP9F) and &o € (wi'OF, wi’OF). Since ¢y < 0 and ¢, < 0, the first
difference is non-negative (POEs are on a steeper part of the import learning curve) and the

second is also non-negative (POEs are on a steeper part of the domestic innovation curve).
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Assembling the dominance margin difference:

APOE _ ASOE _ [0 (Wi OF) = (Wi pa —pr) (oW ?F) — ¢ (ws?")Ipe
5 ¢
_ (#POF _ 50E) 0% (&) k(P —p1)®  186(80)| (Po — KpL) pr
52 C2

Since rOF > pSOF the sign of APOF — ASOF ig determined by the bracketed expression.
Condition ensures the bracket is non-negative, giving AT9F > ASOF and hence a strictly
larger POE innovation decline.

The economic content of condition (1)) is that the concavity of import learning (|¢%|),
weighted by the squared high-tech cost sensitivity x(pm —pr)?/6?, must dominate the concav-
ity of domestic innovation (|¢}|), weighted by the domestic cost sensitivity (po — kpr)pr/¢%
When this holds, the fact that POEs operate at lower wj, (and hence face a steeper marginal
import learning loss) more than compensates for the fact that they also operate at lower wg)

(and hence gain a steeper marginal domestic innovation offset). ]

B.5 Proof of Proposition 5

Proof. Part 1: Geopolitical risk is priced. From Section 2.3.1, aggregate consumption
C1(7) is strictly decreasing in 7, which implies the SDF M = 3(C,/Cy)~" is strictly increasing
in 7 (high-7 states are high-marginal-utility states). For any firm with n; > 0, firm-level
dividends D} (1) are decreasing in 7. Therefore COV(R;, M) < 0 and the firm’s equity earns
a positive risk premium:

Cov(R%, M)

E[R)] — (14 ry) = Eag 0

Part 2: POE premium is larger (primitive-parameter condition). Linearize firm-

level dividends and the SDF around a benchmark 7:
D{f(T)%D{f—i—Dif(T—?), M(t)~ M+ M, (1t —17)

where D’ ;= oD} +/07 and M, = OM /Ot > 0. By the envelope theorem (holding wi and

wy fixed at their 7-optimal values):

Dif =—(1+7)n[(py —pL)wE(F) +pr(l —wi (7)) K = - n K <0
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where S/ = (14 r9)[(py — pr)wi +pr(l — ng)} is the dividend sensitivity to geopolitical
risk. The POE premium is larger if STOF > §90F,

To express STOF — §99F in primitive parameters, substitute the closed-form solutions ([5])—
(6). The input-bundle exposure for type j can be written as B = (py —pL)w}? +pL(1—ng) =

A+ (1 +1r9)B, where

A O(pr — pr) i prL(C — M)’ B pr(po —EpL)  R(pw — pr)?

0 ¢

¢ )

are functions of primitive parameters only (evaluated at & = k(7,7)). Then S = (1+77)B’ =
(1+7r) A+ (1+17)*B, and:

SPOE . SSOE — (TPOE o TSOE) [.A + (2 + T,SOE + TPOE) B}

POE ~ pSOE the sign is

This factorization is exact (not a local approximation). Since 7
determined by A + (2 + r59F + rPOF) B which is condition (12).
The term A captures the direct effect of higher (1 + /) on dividend sensitivity: all
else equal, a higher financing-cost multiplier amplifies the firm’s exposure to geopolitical
input cost increases. The term B captures the indirect, countervailing effect: higher 77
also reduces wj; and wf, (the firm uses fewer U.S. inputs), which lowers the base exposure.
When B < 0—which occurs when the high-tech cost sensitivity &(pg — pr)?/d dominates
the domestic cost offset pr(po — kpr)/(—higher borrowing costs partially offset the direct
amplification. Condition requires that this offset is not so large as to reverse the ranking.
Under the maintained condition, the local risk premium for type j is proportional to
Si-nK-M, -Var(T)/(ng -E[M]). Under comparable ex-ante equity prices (Pj;°" ~ Pg"),
the POE premium exceeds the SOE premium. The return differential scales with Var(r)

locally because the covariance terms are proportional to Var(r) at first order. O
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C LLM Prompt

C.1 Geopolitical Risk Classification

The following prompt was based on the work of |(Clayton et al.| (2025), used to classify firm-
level geopolitical risk exposure from MD&A texts. The prompt was administered in Chinese,
consistent with the language of the underlying firm disclosure texts. The original Chinese

prompt is presented alongside an English translation for reference.

Original (Chinese):

IR —h BRI B ITR 2K o BN LT ETAR Mpea (BHEEIRS0HT) UORHITEER
JABsEIRGA -
O
1. KBNS (Tariffs). BIBEIRE] [RBL] - [IMMEXREL] - [#EAB - [
%, BRSRIBTHAELZ2SEHHE ARE LT BAZES-
2. HIEXE (Sanctions): PABHIRE [SLifiEH] - [HIER] %, HFEERIIATHEE
BERSERFFE TR - BN R - S1EXIRS .
3. HOEH (Export Controls): FAFRIRE| [HOEH ] « [HOZS] o [HARH]
%, BRRESREIRETIE (WA - BORM) HELNERE S NERITBOT T4 -
4. HZZPFTET] (Geoeconomic Pressure): ZFaHMIKBURIKEN, HnRH - filE - HO
B REEE S SRR AT RN - BEREE [EREL] - SNEEAEEE™ . B
WS ZRHEMHR RTINS -
BTN
- BERERE. WIRATUREERN (MEHERD [RB] - [HE - [HEEH] ) |
WA LU RN (an [REmEEHEE] - [HEHREETS] - [HIEENEREE
Nl %) .
- ERETER: FEAREXATH [REERZE] - [AIeeEme Xl ~ [ AE
M [rIRER ] FETERR - RFISTRTISHISE R XS, 288 T R 4 1
LR BT R AT -
- BB ANERF—BWHK . 5 RR . BRKE - ILRKSES ERBRT RAE RN
NHGEFT T -
Bt DA H U EZRAE <JsoN> A </JSON> BRENRT JSON XF 5, FERGETELLR
R
{

¢‘1lm tariffs_any’’: 0/1,

““1lm sanctions_any’’: 0/1,

¢“1lm export_controls_any’’: 0/1,

¢‘1lm geoeconomic_any’’: 0/1
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¥

Bt A

- llm tariffsany: 1 R R XA FHPFHRE S R T B, o XRREEAE - -
1lm sanctionsany: 1 R /xR XA FHFH HE S R THEZ, o XRREEAH - -
]hw@MLWMmkjw:1%%i$¢%@ﬁ%§ﬁ%7ﬁﬂﬁﬂ,O%%&ﬁo
1lm_geoeconomic_any: 1 F R AFIIS THEMERAMELH L (WEEX) | 0 #R
BA -

Translation (English):

You are a senior financial analysis expert. Please identify policy-related
risks in the following MD&A (Management Discussion and Analysis) text of a
listed company.

Core Dimensions:

A. Tariff Risk (Tariffs): Explicit mentions of ‘‘tariffs,’’ ¢‘additional
tariffs,’’ ‘‘import taxes,’’ ‘‘anti-dumping duties,’’ etc.; or implicit
references to rising export costs or compressed margins due to trade
barriers.

B. Sanctions Risk (Sanctions): Explicit mentions of ¢

‘entity list,’’
‘‘sanctions,’’ etc.; or implicit references to market exits, frozen overseas
assets, or restricted partnerships due to geopolitical reasons.

4

C. Export Controls (Export Controls): Explicit mentions of ‘‘export
controls,’’ ‘‘export bans,’’ ‘technology blockades,’’ etc.; or implicit
references to supply stability of key components (e.g., chips, core software)
being affected by external administrative intervention.

D. Geoeconomic Pressure (Geoeconomic Pressure): Broadly refers to
geopolitical disruptions, including tariffs, sanctions, export controls,
investment screening, subsidies encouraging localized production, supply
chain ‘‘de-Sinicization,’’ tightened foreign investment reviews, or overseas
operations disturbed by non-market factors.

Auditing Criteria:

- Include implicit mentions: Discussion may be direct (e.g., explicitly
mentioning ‘‘tariffs,’’ ‘‘sanctions,’’ ‘‘export controls’’) or indirect

4

(e.g., ‘‘unable to sell to a certain country,’’ ‘‘exiting a market due to

sanctions,’’ ‘‘facing supply chain restructuring pressure’’).
- Substance over form: Focus on sections or expressions such as ‘‘risk
factors,’’ ‘‘potential risks,’’ ‘‘uncertainties,’’ and ‘‘possible impacts.’’
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Identify substantive risks discussed in the text; ignore garbled numbers or
meaningless symbols resulting from table conversion.
- Note: Do not treat general market fluctuations, economic recessions,
natural disasters, exchange rate volatility, or other factors unrelated to
the above policies as geoeconomic pressure.
Output format: Output must consist solely of a JSON object wrapped in <JSON>
and </JSON> tags, strictly following the schema below:
{

¢‘1lm tariffs any’’: 0/1,

¢‘1lm sanctions_any’’: 0/1,

¢‘1lm_export_controls_any’’: 0/1,

¢‘1lm geoeconomic_any’’: 0/1
1
Field descriptions:
- llm tariffs_any: 1 indicates the text explicitly or implicitly discusses
tariffs, O otherwise. - llm sanctions_any: 1 indicates the text explicitly
or implicitly discusses sanctions, O otherwise. - llm_export_controls_any:
1 indicates the text explicitly or implicitly discusses export controls, O
otherwise. - llm_geoeconomic_any: 1 indicates the text discusses any form of

geoeconomic pressure as defined above, O otherwise.

C.2 Hightech Import Classification

To systematically identify the technological intensity of imported goods, we employ a Large
Language Model utilizing a single-step, zero-shot prompting strategy. Unlike the subsequent
Al classification, which requires stringent exclusion criteria to prevent misclassification of
general-purpose electronics, evaluating the general “high-tech” nature of a product relies
on its position within the global value chain. The prompt is designed to output a contin-
uous score from 0.0 to 1.0, reflecting the upstream knowledge intensity and downstream

application sophistication of the declared product.

You are a specialized technology analyst. Your task is to evaluate the ‘‘R&D
Intensity’’ and ‘‘Technical Complexity’’ of the following product.

Evaluation Ontology (Guiding Principles):

1. High-Tech (0.8 -— 1.0): Cutting-edge scientific products. E.g.,
advanced semiconductors, aerospace systems, biotechnological equipment, AI

hardware, precision robotics, and other frontier technologies.
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2. Intermediate Tech (0.4 -- 0.7): Specialized industrial machinery,
advanced polymers, precision tools, or sophisticated electronic
sub-assemblies, and products of comparable technical sophistication.

3. Low-Tech / Traditional (0.0 -- 0.3): Raw materials, agriculture,
textiles, wood, simple plastic items, and other products with minimal
technological content.

Note: a long or complex product description does NOT imply high
technological complexity. Complexity of text description #* complexity of
technology.

Industry Context (HS Chapter):

- The item belongs to the HS chapter corresponding to the declared product’s
trade classification. The chapter heading provides sectoral context for
calibrating the score.

Input Data:

- Declared Product: [product description as declared in customs filing]
Task:

Analyze the product’s position in the global value chain. Consider its
upstream knowledge intensity, downstream application sophistication, and the
degree to which its production requires proprietary processes or specialized
human capital. Output ONLY a JSON object with the ‘‘score’’ key.

{

“¢score’’: [0.00 -- 1.00]

C.3 Al Import Classification

Identifying imports specifically related to Artificial Intelligence (AI) poses a unique chal-
lenge: Al hardware components can easily be conflated with general-purpose electronics
or standard industrial automation equipment. To mitigate this risk, the prompt for Al
import classification adopts a highly specific, three-step sequential reasoning framework.
This framework is grounded in the “Key Digital Technology Patent Classification System
(2023)” published by the China National Intellectual Property Administration, which we
have adapted for physical traded goods. The design of the input and output specifications
follows the LLM-based classification approach developed by |Waugh! (2026). The multi-step
methodology mandates a strict exclusion test before assessing specific Al relevance, ensuring

a rigorous differentiation between core Al technologies and standard IT infrastructure.
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You are an expert in Artificial Intelligence hardware and international
trade. Your task is to classify imported products based on their relevance
to the AI industry, using the °‘Key Digital Technology Patent Classification
System (2023)’’ published by the China National Intellectual Property
Administration as the authoritative reference, adapted for physical traded
goods.

You will be given: - HS Code: [HS code of the imported product] - HS
Description: [official HS chapter/heading description] - Specific Product
Description: [product description as declared in customs filing] - Importing
Firm’s Industry: [industry classification of the importing firm]

Step 1: Mandatory Exclusion Test (Low Relevance)

First, check if the product falls into any of these inherently non-AI
categories. If yes, relevance = ‘‘Low’’, confidence > 95. The importing

firm’s industry does NOT matter for these categories.

Absolutely Low categories: - Chemicals, plastics, raw materials, metal
products (tubes, profiles, bars), textiles, food. - Standard industrial
machinery (machine tools, pumps, valves, conveyors). - Industrial automation

components (PLCs, PID controllers, generic sensors for pressure, temperature,

or flow). - Consumer appliances (washing machines, air conditioners,
refrigerators). - Standard IT equipment (CPUs, hard disks, generic memory,
generic routers, keyboards, mice, monitors). - Vehicles and parts (except

dedicated autonomous driving sensors).

If the product is NOT in the above exclusion list, proceed to Step 2.

Step 2: AI-Specific Identification (High Relevance)

Check if the product’s essential function directly matches one of the three
core AI technology categories defined by the official classification.

A product is High relevance if its primary purpose is AI computation,
AI-specific sensing, or AI-specific interaction as listed below.

1. AI Hardware Platform: GPU, FPGA (for AI acceleration), ASIC (AI), NPU,
TPU, neuromorphic chips, AI-specific DSPs/SoCs, high-bandwidth memory (HBM)
specifically designed for AI processors.

2. AT General Technology: Dedicated machine learning training/inference
servers, deep learning accelerator hardware (e.g., CNN/RNN accelerators),
brain-inspired or quantum computing modules for AI, pattern recognition

dedicated processors.
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3. AI Key Technology Components: - Computer Vision: LiDAR, TOF depth
cameras, stereo vision cameras, machine vision image sensors. - Intelligent
Speech: Voice recognition microphone arrays, speech synthesis modules,
voiceprint recognition chips. - Natural Language Processing: Semantic
analysis dedicated hardware, machine translation modules. - Biometric
Recognition: Fingerprint, face, iris, voice, DNA scanners/detectors. -
AR/VR: Head-mounted displays, smart glasses, augmented/mixed reality devices.
- Human--Computer Interaction: Gesture recognition sensors, brain--machine
interfaces, haptic devices for AI.

If the product matches any of these subcategories, relevance =

‘‘High’’, confidence > 85, primary_category € {AI,Hardware,Platform,

AI _General Technology, AI Key Technology}.

Step 3: Medium Relevance (Bridge Category)

If the product is not excluded in Step 1 but not AI-specific enough for
Step 2, it may be Medium. Medium applies to high-performance electronic,
optical, or connectivity components commonly used in AI systems but with
other high-tech applications. The importing firm’s industry serves as
supportive evidence here.

Medium if: - The product is a high-end electronic component (e.g., precision
analog chips, high-speed ADCs, advanced FPGAs without explicit AI mention,
high-density PCBs >20 layers, high-frequency or low-loss materials for
data transmission) AND the importing firm is in a sector clearly related

to AI hardware (semiconductors, AI servers, autonomous driving, smart
manufacturing). - The product is a precision optical element (e.g.,
achromatic lens, optical filters, beamsplitters) imported by a firm in
machine vision, medical imaging, or instrumentation. - The product is a
high-speed connector or cable assembly clearly intended for data centers or
high-performance computing, imported by an AI infrastructure firm.

Note: even if the firm is in electronics, a generic capacitor, generic
resistor, standard PCB, or standard cable remains Low.

If Medium, confidence is typically 60--75, primary_category €

{High Performance Electronics, Optical Components, Data Center_Interconnect}.
Output Format:

Output ONLY a valid JSON object with the following keys:

‘‘relevance’’: omne of [‘‘High’’, ‘‘Medium’’, ¢‘Low’’]
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‘‘confidence’’: integer 0--100

‘‘primary_category’’: one of the categories listed above

‘‘specific_use’’: short description, or ‘‘N/A’’

‘‘reasoning’’: brief explanation showing how the steps were applied
Examples:

Example 1 (Low): HS 845020, industrial washing machine, firm in electrical
machinery. Output: relevance = ‘‘Low’’, confidence = 98, primary _category
= ‘‘Generic_Consumer’’, reasoning: Step 1 Exclusion --- washing machine is a
consumer appliance, not an AI product. Firm industry irrelevant.

Example 2 (High): GPU accelerator card, firm in server manufacturing.
Output: relevance = ‘‘High’’, confidence = 95, primary_category =

¢ ‘ATl _Hardware_Platform’’, specific_use = ‘‘Deep learning training
accelerator’’, reasoning: Step 2 --- GPU matches AI Hardware Platform in
the official classification.

Example 3 (Medium): 24-layer high-density PCB, HS 853400, firm in AI
server manufacturing. Output: relevance = ‘‘Medium’’, confidence = 70,
primary_category = ‘‘High Performance Electronics’’, reasoning: Step 1 not
excluded; Step 2 PCB is not AI-specific; Step 3 high layer count and AI
server firm context supports Medium.

Example 4 (Medium): Precision achromatic lens, HS 900190, firm in machine
vision. Output: relevance = ‘‘Medium’’, confidence = 72, primary_category
= ‘‘Optical_Components’’, reasoning: Step 1 not excluded; Step 2 lens is not
AT-specific; Step 3 machine vision firm context supports Medium.

Example 5 (Low): Standard brass capillary tube, HS 741110, firm in
electrical machinery. Output: relevance = ‘‘Low’’, confidence = 90,
primary_category = °‘Generic Metal’’, reasoning: Step 1 Exclusion --- metal

tube is a generic material, not AI.

C.4 Al Patent Classification

This subsection documents the rule-based classification system used to identify Al-related
patents. Prior to the release of the Key Digital Technology Patent Classification System
(2023), identifying Al-related patents was methodologically constrained. Because standard
IPC codes do not contain dedicated classes for Al technology, early studies resorted to
keyword-based matching against patent abstracts or claims (Yang, 2022)). Provincial-level
studies alternatively approximated AI innovation through patent counts retrieved via IPC
queries in the CNIPA database (Nepal et al., 2025), but without a standardized taxonomy
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to anchor the classification.

Our framework draws upon the Key Digital Technology Patent Classification System
(2023), formulated and issued by the China National Intellectual Property Administration
(CNIPA) on September 18, 2023 (Document No. CNIPA Office Letter Gui Zi [2023] No.
36). This official taxonomy organizes Al patents into three primary branches — hardware
platforms, general technologies, and key application technologies — providing a standardized
reference that is both authoritative and internationally comparable, given its correspondence
with the International Patent Classification (IPC 2022). Following its release, this classifica-
tion has been operationalized in the literature by combining the official IPC taxonomy with
targeted keyword searches (Zhu et al.,|[2026; Zu et al., 2025), allowing researchers to leverage
both the structural coverage of the official taxonomy and the semantic precision of textual
filtering.

We adopt this dual-filtering approach. Specifically, a patent is classified as Al-related
only if its IPC code matches a prefix in Panel A and its title, abstract, or claims contain at
least one keyword from Panel B. Requiring both conditions to hold simultaneously reduces
false positives that may arise when either criterion is applied in isolation — a common
concern when IPC codes are broad or keywords are ambiguous — and ensures that each

identified patent reflects genuine Al content as defined by the official classification.
Panel A: IPC Code Prefix Pool

G -—— Computing, Information, and Control:
GO6N  (Machine learning, neural networks, AI computation)
GO6V  (Image, video, and pattern recognition)
GO6T  (Image data processing and generation)
G10L (Speech and audio processing)
Go6Q (Data processing for administrative and commercial purposes)
G16B  (Bioinformatics)
G16C  (Computational chemistry)
G16H  (Healthcare informatics)
GO5B  (Control systems)
GOS5D (Systems for controlling non-electric variables)
GO1C (Measuring directions or angles; navigation)
GO1S (Radio direction-finding; radar; sonar; lidar)
G08G  (Traffic control systems)
GO6F  (Electric digital data processing)
GO6K (Graphical data reading and recognition)
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G11C13 (Digital storage using resistive elements; memristors)
GO2F2  (Optical computing devices)
GO6E1  (Optical computing)

H --- Electronics, Communications, and Semiconductors:

HO1L21, HO1L23, HO1L25, HO1L27, HO1L29, HO1L33 (Semiconductor devices and
fabrication)

HO3K  (Pulse circuits)

HO5K1, HOBK3 (Printed circuits; PCB manufacturing)

HO4B (Transmission systems)

HO4AL  (Transmission of digital information)

HO4N (Pictorial communication; television)

HO4AW  (Wireless communication networks)

HO2J  (Power supply and distribution)

B --- Manufacturing, Robotics, and Autonomous Systems:
B23P, B23Q (Precision machining)
B25J  (Robots and manipulators)
B60W30, B60W40, B60OW50 (Autonomous and intelligent vehicle control)
B64C, B64D, B64G (Aircraft, drones, and spacecraft)

B82Y10 (Nanotechnology for information processing)

A/C --- Biomedical, Interaction, and Recognition:
A61B5 (Biomedical sensing and brain--computer interfaces)
A63F13  (Video games)
A63B71  (Sports and fitness technology)
GO2B27/01  (AR/VR optical systems)
GO7C9 (Access control and biometric recognition)
GO9B5  (Teaching aids)
GO1N33  (Biochemical analysis)
CO7K  (Peptides)

c12Q (Measuring or testing processes involving nucleic acids)

Panel B: Chinese-Language Keyword Pool
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fEHF4 . BEE A « GPU~ FPGA~ ASIC~ NPU~ EfihH ~ M0 « MEHUA - 123
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Panel B (Translation): English Equivalents of Chinese Keywords

General and Foundational: artificial intelligence, AI, intelligent system,

intelligent algorithm

1. Hardware Platforms: intelligent chip, GPU, FPGA, ASIC, NPU, neuromorphic

chip, neural chip, neuromorphic computing, memristor

2. General Technologies: machine learning, reinforcement learning, deep
learning, neural network, support vector machine, decision tree, ensemble
learning, knowledge graph, brain-inspired intelligence, quantum algorithm,

pattern recognition, ant colony algorithm, particle swarm algorithm

3. Key Technologies:

Natural Language Processing: NLP, semantic understanding, machine
translation

Intelligent Speech: intelligent speech, speech recognition, voiceprint
recognition

Computer Vision: CV, image recognition, image generation, image
enhancement

Biometric Recognition: biometric recognition, face recognition, iris
recognition, motion capture

AR/VR: augmented reality (AR), virtual reality (VR), mixed reality (MR),
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extended reality (ER)
Human--Computer Interaction: human--computer interaction, brain--computer

interface

C.5 Hightech Patent Classification

Unlike Al-related patent identification, which draws on the explicit categorical framework
provided by the CNIPA (2023) classification system, no equivalent official taxonomy ex-
ists for high-tech patents more broadly. We therefore rely on LLM-based scoring for this
classification task. The prompt follows the same evaluative logic as the hightech import clas-
sification, adapted for patent texts: the model is provided with the patent title, abstract
and independent claims, and is instructed to assign a continuous score between 0 and 1
reflecting the patent’s position in the global technology value chain.
Original (Chinese):

IR — AL B IR R VA AT - REVES R TEFW [FRRE] 5 [HAREHR
]l -

WEPRES AR Re (FEREN) -

1. mAHE (High-Tech, 54 0.85--1.0) : By - REMEMRIZEER . Flun: SEHHIE
KB MEMK R - BWEYEN LS - AT ROEESREEEG - SREE T L%
A~ ERUm TR RS B A5, -

2. HFERF (Intermediate Tech, 134 0.4--0.84) : TR TAHLM - HETHI&E S F
MR RBEIURM T LR - ERNETFILSGAES . B WENTGRESHLTE (I
M app- HEFEEMHRG) %

3. KB /fE5 (Low-Tech, 34 0.0--0.39) : FERMFEMBIFF RN T« RALFE . 2524
ah~ RBF - TRTEAMERHE G~ RIARAEM - HE B R AN R BN A A S R S AT
V7= i

WMEES: TAXAEENTESL - 4Kk, MIREREGRH ! FRERAERSTA
TUWARERNETEBEEARE R . TEHITKE [BFIZER] rizs -

>

NG
- BMAR: [(RAIRE] - AWM. (RAWEICR] - MILER: D SZAUR Z R 3L
ZN|

£%: HITZERELBRRE N EEF OV E . 3§ BIGERE—NE S score BEAY JSON %f
% (MEHN 0.0 B 1.0 KEFESED -
{

“‘score’’: [0.00 —— 1.00]
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Translation (English):

You are a professional technology assessment analyst. Your task is to
evaluate the ‘‘R&D Intensity’’ and ‘‘Technical Complexity’’ of the following
patent.

Evaluation Ontology (Guiding Principles):

1. High-Tech (score 0.85--1.0): Frontier and breakthrough scientific
technologies. E.g., advanced-node semiconductors, aerospace systems,
high-end biomedical equipment, core AI algorithms and underlying computing
hardware, high-precision industrial robots, cutting-edge new materials, and
similar frontier fields.

2. Intermediate Tech (score 0.4--0.84): Specialized industrial machinery,
advanced polymer materials, precision machining tools, complex electronic
component assemblies, or standard software systems and business methods
(e.g., conventional mobile applications, ordinary information systems), and
products of comparable sophistication.

3. Low-Tech / Traditional (score 0.0--0.39): Basic raw material extraction
and processing, agriculture, textiles, timber, simple plastic products,
packaging structures, ordinary consumer goods, pure ornamental designs, or
simple mechanical structures, and other products from traditional industries.
Critical Warning: A patent with a long description and elaborate structure
does NOT imply high-tech content. The use of obscure legal or patent
terminology does not equal underlying technological complexity. Do not be
misled by lengthy claims.

Input Patent Data:

- Patent Title: [title of the patent] - Patent Abstract: [abstract text] -
Independent Claims: [independent claim text]

Task: Analyze the patent’s position in the global technology value chain.
Output ONLY a JSON object containing the ‘‘score’’ key, where the value is a
float between 0.0 and 1.0:

{

‘‘score’’: [0.00 —- 1.00]
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D Appendix: Table

Table 15: High-Tech Import Response to General Geopolitical Risk

Dependent Variable: Innovative Import

I mportﬁig h-Tech I'mportgw-Teeh
(1) (2) (3) (4)
POE SOE POE SOE

Exposure; x Shock; -1.2824** -1.8581** -4.4350*** -4.1308**
(0.6032)  (0.7839)  (1.2620) (1.7278)

Sizeiy 1 0.0100  0.0036  -0.0133  -0.0538***
(0.0080)  (0.0059)  (0.0167)  (0.0148)
FirmAge; ;1 -0.0001  -0.0013  -0.0010  0.0007
(0.0014)  (0.0012)  (0.0036)  (0.0030)
ROA; -0.1070  -0.0051  0.1114  0.4321*
(0.1574)  (0.1093)  (0.2484)  (0.2553)
Leverage;; 0.0560  0.0014  0.0952  0.1386
(0.0389)  (0.0359)  (0.0895)  (0.1022)
TobinQ;,—1 0.0130*  0.0050  -0.0133  -0.0282*
(0.0069)  (0.0089)  (0.0099)  (0.0130)
Cash_Ratio;, 0.0905"  -0.0019  -0.0064  -0.0330

(0.0458)  (0.0734)  (0.0849) (0.1266)
Inventory_Ratio; ;1 0.1100 0.0163 0.1323 0.1275
(0.0880)  (0.0798)  (0.1909) (0.2457)

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
R? 0.0701 0.1102 0.2878 0.3254
N 2185 1214 2185 1214

Notes: This table reports continuous difference-in-differences estimates of the effect of geopolitical
exposure on firm-level imports of high-tech and low-tech products, separately for privately owned

enterprises (POEs) and state-owned enterprises (SOEs). The dependent variable is T mportﬁigh’TeCh

in columns (1)—(2) and mportffw*TeCh in columns (3)—(4). The variable of interest is the interaction

Exposure; x Shocky, where Exposure; is the firm’s pre-shock baseline exposure, measured as its
average over 2014-2015 using the general GPR index, and Shock; is the yearly prevalence index of
US-China conflict discussions extracted from US corporate earnings calls. All control variables are
lagged one period. Industry and year fixed effects are included in all specifications, and standard
errors (in parentheses) are clustered at the firm level. All continuous controls are winsorized at
the 1st and 99th percentiles. ***, **/ and * denote significance at the 1%, 5%, and 10% levels,
respectively.
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Table 16: AI Import Response to General Geopolitical Risk

Dependent Variable: Al Import

AV mportftig h-Al Al mportﬁfw*A]

(1) (2) (3) (4)
POE  SOE  POE  SOE

Exposure; x Shock; -2.6654** -1.9388 -1.8449* -2.0196*
(1.2716) (1.3590) (1.0713) (1.0387)

Size;—1 -0.0021  -0.0016  0.0033  -0.0082
(0.0054)  (0.0045) (0.0059) (0.0062)
FirmAge; ;1 0.0006 -0.0013  0.0016 0.0018
(0.0010)  (0.0009) (0.0012) (0.0011)
ROA; 1 -0.0085 0.0041  -0.1921 0.3091**
(0.1082) (0.1338) (0.1365) (0.1375)
Leverage; ;— 0.0076 -0.0048  -0.0205 0.1225*
(0.0349) (0.0348) (0.0335) (0.0543)
TobinQ; -1 -0.0012  -0.0059  0.0023 0.0075
(0.0056)  (0.0041) (0.0045) (0.0071)
Cash_Ratio; ;4 -0.0223  -0.0256  0.0518  -0.0029

(0.0439) (0.0569) (0.0331) (0.0563)
Inventory_Ratio;;—1  -0.0047 0.0471  -0.0312  -0.0508
(0.0569)  (0.0455) (0.0653) (0.0820)

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
R? 0.0296 0.0486  0.0395 0.0779
N 1514 853 1514 853

Notes: This table reports continuous difference-in-differences estimates of the effect of geopolitical
exposure on firm-level imports of high-AI and low-Al products, separately for privately owned

enterprises (POEs) and state-owned enterprises (SOEs). The dependent variable is A mporti9h-A1

it
in columns (1)—(2) and ATmport=?¥-4! in columns (3)(4). The variable of interest is the interaction

7‘7
Exposure; x Shocky, where Exposure; is the firm’s pre-shock baseline exposure, measured as its
average over 2014-2015 using the general GPR index, and Shock; is the yearly prevalence index of
US-China conflict discussions extracted from US corporate earnings calls. All control variables are
lagged one period. Industry and year fixed effects are included in all specifications, and standard
errors (in parentheses) are clustered at the firm level. All continuous controls are winsorized at
the 1st and 99th percentiles. ***, ** and * denote significance at the 1%, 5%, and 10% levels,

respectively.
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Table 17: Economic Mechanism: High-Tech Innovation in Response to General Geopolitical

Risk

Dependent Variable: High-Tech Innovation

HighTech_Patent?® Y™ (In)

HighTech_Patent? Y*(In)

1) (2) (3) (4) (5) (6)
Full POE SOE Full POE SOE
Treat; x After; -0.1136 -0.1507* -0.0976 -0.1388*  -0.2390***  -0.0455
(0.0719)  (0.0856)  (0.1308)  (0.0786)  (0.0903) (0.1428)
Size; 1 0.4057**  0.3415*  0.4904***  0.4653"* 0.3706**  0.5694***
(0.0407)  (0.0544)  (0.0671)  (0.0442)  (0.0604) (0.0722)
FirmAge; ;4 -0.0136**  -0.0112  -0.0234*** -0.0150**  -0.0122  -0.0270***
(0.0049)  (0.0088)  (0.0073)  (0.0058)  (0.0105) (0.0086)
ROA,; 1 1.1326"*  1.4068*** 1.0229 1.4875**  1.88b54*** 1.3706
(0.3194)  (0.3645)  (0.7684)  (0.3643)  (0.4175) (0.8351)
Lev; ;4 -0.4059**  -0.2875 -0.6231*  -0.4543**  -0.3255 -0.6904*
(0.1779)  (0.1947)  (0.3523)  (0.2065)  (0.2299) (0.3968)
Tobin@Q; -1 0.1463**  0.1578"*  0.1407***  0.1650"*  0.1725***  0.1701***
(0.0224)  (0.0285)  (0.0428)  (0.0242)  (0.0304) (0.0472)
Cash_Ratio; ;4 0.4272** 0.2922 0.2271 0.4898** 0.2802 0.3131
(0.2019)  (0.2157)  (0.4277)  (0.2345)  (0.2527) (0.4858)
Inventory_Ratio;;—;  0.6163" 0.5547 0.6651 0.7433* 0.6285 0.7917
(0.3444)  (0.3909)  (0.6524)  (0.4026)  (0.4602) (0.7395)
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R? 0.2471 0.2302 0.3339 0.2564 0.2397 0.3556
N 6417 3778 2233 6417 3778 2233

Notes: This table reports difference-in-differences estimates of the effect of treatment on firm-level
high-tech patent outcomes. The dependent variable is HighTech_Patent Y**(In) in columns (1)—(3),
measuring high-tech patent applications over a three-year horizon, and HighTech_Patent? Y3 (In)
in columns (4)—(6), over a five-year horizon. Regressions are estimated for the full sample and
separately for privately owned enterprises (POEs) and state-owned enterprises (SOEs). The variable
of interest is Treat; x After;, where Treat; equals 1 for the treatment group (the firm’s general GPR
exposure exceeds 0 in the pre-shock baseline year 2017), and After; equals 1 for the post-treatment
period (the event year 2018 and the subsequent three years). All control variables are lagged one
period. Industry and year fixed effects are included in all specifications, and standard errors (in
parentheses) are clustered at the firm level. All continuous variables are winsorized at the 1st and

99th percentiles.

98

and * denote significance at the 1%, 5%, and 10% levels, respectively.



Table 18: Economic Mechanism: Al Innovation in Response to General Geopolitical Risk

Dependent Variable: AI Innovation

AT _Patent! Y% (In) AT _Patent3Y**(In)
no® ® w6 ©
Full POE SOE Full POE SOE
Treat; x After, -0.0811*  -0.1273*  -0.0183  -0.1443" -0.2371*  -0.0283
(0.0487)  (0.0708) (0.0779) (0.0728)  (0.1026)  (0.1155)
Sizejq 0.2266™*  0.1839** 0.2980*** 0.3245**  0.2614™*  0.4233***
(0.0287)  (0.0377) (0.0479) (0.0376)  (0.0508)  (0.0611)
FirmAge; ;4 -0.0058*  -0.0100*  -0.0064  -0.0097** -0.0198"**  -0.0080
(0.0032)  (0.0049) (0.0053) (0.0047)  (0.0075)  (0.0075)
ROA,; ;1 0.7617* 0.8193***  0.7855  1.5769"* 1.6355"** 1.6761*"
(0.2201)  (0.2465) (0.5442) (0.3168)  (0.3727)  (0.7166)
Leverage; ;1 -0.2671 -0.2399**  -0.2442  -0.3199**  -0.2954 -0.3074
(0.1067)  (0.1158) (0.2215) (0.1620)  (0.1912)  (0.3101)
TobinQ; 1 0.0331***  0.0346™  0.0564*  0.0548"* 0.0594**  0.0849**
(0.0126)  (0.0140) (0.0314) (0.0178)  (0.0200)  (0.0426)
Cash_Ratio; ;4 0.3614*  0.2901** 0.2914  0.6560™*  0.5675** 0.5668

(0.1587)  (0.1463)  (0.3723) (0.2208)  (0.2231)  (0.4770)
Inventory_Ratioy,—;  0.3721*  0.4037*  0.5253  0.4546  0.5900  0.5648
(0.2210)  (0.2419)  (0.4653) (0.3226)  (0.3753)  (0.6576)

Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R? 0.1912 0.1436 0.2961 0.2322 0.1889 0.3469
N 6436 3791 2237 6436 3791 2237

Notes: This table reports difference-in-differences estimates of the effect of treatment on firm-
level Al innovation. The dependent variable is AL Patent! Y% (In) in columns (1)—-(3), measuring
AI patent applications over a one-year horizon, and AI Patent®¥¢2(In) in columns (4)—(6), over
a three-year horizon. Regressions are estimated for the full sample and separately for privately
owned enterprises (POEs) and state-owned enterprises (SOEs). The variable of interest is Treat; x
Aftery, where Treat; equals 1 for the treatment group (the firm’s general GPR exposure exceeds 0
in the pre-shock baseline year 2017), and After; equals 1 for the post-treatment period (the event
year 2018 and the subsequent three years). All control variables are lagged one period. Industry
and year fixed effects are included in all specifications, and standard errors (in parentheses) are
clustered at the firm level. All continuous variables are winsorized at the 1st and 99th percentiles.
ok #and * denote significance at the 1%, 5%, and 10% levels, respectively.
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E Appendix: Figures

rtion of Firms Exposed to Tariff Risks
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Figure 12: Evolution of Firm-Level Geoeconomic Risk Exposure, 2010-2024. The
figure plots the annual share of A-share listed firms whose MD& A disclosures are classified
as exposed to each of four geoeconomic risk dimensions, identified using a large language
model (LLM) applied to Chinese-language annual report texts. Panel (a) captures tariff risk,
Panel (b) captures sanctions risk, Panel (c) captures export control risk, Panel (d) reports
aggregate geoeconomic risk, defined as exposure to any of the three preceding dimensions.
Vertical dotted lines mark six key escalation events in the US-China trade war: (1) March 22,
2018—announcement of a tariff memorandum targeting USD 50 billion of Chinese goods; (2)
June 15, 2018—formal enactment of the USD 50 billion tariff list; (3) September 24, 2018—
imposition of a 10% tariff on USD 200 billion of Chinese goods; (4) May 6, 2019—collapse
of the eleventh-round negotiations following China’s withdrawal of prior commitments; (5)
May 10, 2019—rate increase to 25% on the USD 200 billion list; and (6) August 1, 2019—
announcement of additional tariffs on the remaining USD 300 billion of Chinese imports.
Two shaded regions demarcate the primary escalation windows identified from the diplomatic
timeline: FEscalation I (blue, March 22 — December 1, 2018) spans the outbreak of the trade
war to the G20 Buenos Aires truce; Escalation II (red, May 6 — October 11, 2019) spans the
breakdown of negotiations to the resumption of high-level talks and the announcement of a
Phase 1 framework. The y-axis reports the share of firms in the sample with relevant risk
disclosure in a given year.
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Figure 13: Annual Trend of AI Patent Applications. This figure tracks the annual
trend of the AI patent applications over the sample from 2010 to 2025.
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