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A B S T R A C T

Against the background of rising geopolitical fragmentation, this paper examines whether
financial markets price changes in U.S. strategic import vulnerability to China across upstream
and downstream industries in the United States and China. We combine monthly Structural
Strategic Import Risk Index (SSIRI) measures for 2004–2025 with publicly available U.S.
and Chinese sectoral equity data. The analysis uses standardized monthly changes, Newey–
West inference, extensive financial and global-risk controls, and false-discovery-rate correc-
tions. A one-standard-deviation increase in exposure-weighted critical-minerals and advanced-
materials SSIRI is associated with a 1.10 percentage-point increase in the one-month U.S.
upstream-minus-downstream return spread observed two months after the signal. A related 1.07
percentage-point three-month response appears in China. Decomposition results indicate an
upstream-led U.S. response and a combination of stronger upstream and weaker downstream
performance in China. Exposure-weighted SSIRI is more precisely related to equity returns
than the equal-family structural measure. U.S. battery-sector results are generally null, while
Chinese battery results are sensitive to portfolio construction. The findings reveal a sector-
specific association between strategic import vulnerability and relative equity returns.

1. Introduction
Strategic supply-chain vulnerability can affect firms differently depending on their position in the production

network. When access to an imported input becomes more vulnerable, upstream producers may benefit from greater
scarcity rents, stronger pricing power, increased demand for alternative supply, or expectations of policy support.
Downstream firms may instead face higher input costs, narrower margins, inventory requirements, and greater
uncertainty about production continuity. Equity prices provide a forward-looking measure of how investors distribute
these risks and potential rents across the supply chain. Yet there is limited evidence on whether changes in observed
import vulnerability are systematically associated with relative valuations across upstream and downstream industries.

This question has become increasingly important as governments and multinational firms reassess their dependence
on geographically concentrated suppliers of critical minerals, battery inputs, and advanced materials. Dependence on
China is especially salient because China is a major supplier and processor of inputs used in energy, transportation,
electronics, and defense. A high Chinese import share does not, however, fully characterize vulnerability. The economic
consequences of a disruption also depend on whether alternative suppliers are numerous and diversified or concentrated
among a small number of countries. Evaluating strategic import exposure therefore requires information about both
dependence on China and the structure of the non-China supplier base.

This paper examines whether changes in this form of strategic import vulnerability are reflected in sectoral
equity returns. It applies the monthly Structural Strategic Import Risk Index (SSIRI) developed and validated in
the companion study by Oka (2026a) to publicly available U.S. and Chinese equity data from 2004 through 2025.
The companion study develops the theoretical foundations, product-level construction, historical behavior, robustness
properties, and policy applications of SSIRI. The present paper takes the index as an empirical input and addresses a
distinct financial question: whether changes in measured vulnerability are associated with relative equity returns along
multinational supply chains.

⋆The author conducted the majority of this research while affiliated with Howard University.
arsene.oka@bison.howard.edu (A. Oka)
https://www.linkedin.com/in/arsene-oka/ (A. Oka)
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At the product-family level, SSIRI combines the current Chinese share of U.S. imports with the squared
concentration of non-China suppliers measured over a predetermined twelve-month window. The index is constructed
for battery and energy-storage materials (BAT) and critical minerals and advanced materials (CMA). This paper
examines two sectoral aggregations. Structural SSIRI gives equal weight to each strategic product family, preserving
the influence of low-value but potentially critical bottlenecks. Exposure-weighted SSIRI uses fixed reference-period
import weights and therefore places greater emphasis on vulnerabilities associated with larger trade flows.1

Because exposure weights emphasize product families associated with larger import flows, they may align more
closely with the aggregate economic exposure represented by broad sectoral portfolios. Structural SSIRI may instead
capture low-value bottlenecks whose economic importance is disproportionate to their trade value. Which measure is
more closely associated with equity returns is therefore an empirical question; the analysis does not impose that one
measure must have a larger coefficient than the other.

The empirical design relates standardized monthly first differences in SSIRI to upstream-minus-downstream equity
return spreads. The U.S. portfolios represent industries positioned at different stages of the CMA and BAT value
chains. The Chinese analysis uses publicly available sectoral indices to construct comparable relative-return measures.
The spread design removes part of the common market and sector-wide return variation and focuses attention on how
valuations differ across positions in the production chain.

For the U.S. portfolios, the central directional expectation is a positive upstream-minus-downstream coefficient.
Greater strategic import vulnerability may increase the relative scarcity value of upstream capacity while raising
expected input and adjustment costs for downstream users. A positive spread does not require downstream returns to
decline; it may arise because upstream firms appreciate more strongly or fall less than downstream firms. The prediction
is less sharp for China. Greater U.S. dependence may increase the perceived market power and strategic importance
of Chinese upstream suppliers, but expectations of export restrictions, foreign diversification, or lower future export
volumes may generate offsetting valuation effects.

The empirical design imposes a two-month signal-to-return gap.2 For a SSIRI change dated 𝑡, the one-month
outcome is the return spread in 𝑡+2; anℎ-month outcome cumulates spread returns from 𝑡+2 through 𝑡+ℎ+1. The return
spread in 𝑡 is included as a control. This timing separates the full-month customs signal from the equity-return window,
removes same-month overlap, and leaves an intervening month during which the underlying trade information may be
processed. Because the index levels are highly persistent and fail standard stationarity tests, the principal specifications
use standardized monthly first differences. The regressions include market, financial, commodity, volatility, policy-
uncertainty, and geopolitical-risk controls. Newey–West standard errors (Newey and West, 1987) address serial
correlation and overlapping return windows, while Benjamini–Hochberg corrections (Benjamini and Hochberg, 1995)
account for multiple testing.

The strongest evidence concerns CMA. A one-standard-deviation increase in the exposure-weighted CMA change
is associated with a 1.10-percentage-point increase in the one-month U.S. upstream-minus-downstream return spread
observed two months later. The estimate remains significant after a conservative false-discovery-rate correction across
the full 32-test baseline family. Portfolio-leg regressions indicate that this short-horizon U.S. result is primarily an
upstream-led revaluation: both portfolio legs rise, but the upstream response is substantially larger.

China provides narrower supporting evidence. A one-standard-deviation increase in the exposure-weighted CMA
change is associated with an approximately 1.07-percentage-point increase in the Chinese materials-minus-downstream
spread over the three-month return window from 𝑡 + 2 through 𝑡 + 4.3

The relationship is not universal across strategic sectors. U.S. BAT coefficients are generally insignificant after
multiple-testing correction. Chinese BAT results are also sensitive to the choice of public equity indices: a thematic
new-energy-minus-new-energy-vehicles spread and an alternative battery-industry-minus-automobile spread produce
weakly correlated outcomes and coefficients with opposite signs.4 Supplementary timing placebos and recursive
forecasting exercises support the informational content of the principal CMA relationship.

1For each BAT and CMA sector, the companion study provides two SSIRI measures: structural SSIRI, which equally weights strategic product
families, and exposure-weighted SSIRI, which uses fixed import-exposure weights.

2The gap is specified ex ante to reflect the customs-data release calendar rather than selected according to the estimated coefficients. A reference-
month SSIRI observation requires trade flows accumulated through the end of month 𝑡, and the corresponding Census trade statistics are generally
released during month 𝑡+ 2. The return in 𝑡+ 2 is therefore the first calendar-month return interval that ordinarily contains the public release of the
reference-month trade information. See https://www.census.gov/foreign-trade/schedule.html.

3The similarity in coefficient magnitudes is suggestive, but the two estimates refer to different portfolios, samples, return horizons, and market
structures. The Chinese result is therefore interpreted as supporting cross-market evidence rather than as a direct replication of the U.S. finding.

4The Chinese BAT evidence is therefore treated as a transparent proxy-sensitivity exercise rather than as confirmatory evidence.
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This paper relates to research on production networks, network asset pricing, and the financial effects of
international trade and political risk. Production-network models show that input-output linkages can propagate and
amplify firm- and sector-level shocks (Acemoglu et al., 2012), while empirical studies document real and financial
effects of disruptions to specialized suppliers (Barrot and Sauvagnat, 2016; Carvalho et al., 2021). Supplier–customer
relationships also transmit information and return variation across connected firms, and network position can affect
expected returns (Cohen and Frazzini, 2008; Gofman et al., 2020). Related research shows that trade-policy and
political risks affect investment, economic activity, and financial valuations (Caldara et al., 2020; Hassan et al., 2019;
Amiti et al., 2021).

The analysis also complements Oka (2026b). Whereas that study examines how economic policy uncertainty
originating in the United States, China, and the euro area propagates across broad U.S. equity sectors, the present
paper studies how product-level trade dependence and alternative-supplier concentration are associated with relative
valuations across sector-specific upstream and downstream portfolios in the United States and China. The two
studies therefore examine different sources of international risk, use different empirical designs, and address distinct
transmission mechanisms.

The paper makes three contributions. First, it documents the financial-market relevance of a product-level,
trade-based measure of strategic import vulnerability.5 Second, it identifies where relative repricing occurs along
the supply chain. The spread and portfolio-leg regressions distinguish upstream-led appreciation from downstream
underperformance and connect strategic import exposure to multinational valuation, sourcing risk, and portfolio
allocation. Third, the paper demonstrates that both index aggregation and equity-proxy construction matter. The
contrast between structural and exposure-weighted SSIRI, together with the BAT sensitivity analysis, documents
which findings are robust and which depend on how trade exposure is mapped into public equity portfolios.

The remainder of the paper proceeds as follows. Section 2 reviews the related literature. Section 3 describes the
data and empirical specifications. Section 4 presents the main results. Section 5 discusses the economic interpretation,
implications for multinational financial management, and limitations. Section 6 concludes.

2. Related Literature and Positioning
This paper relates to three strands of research: the propagation of shocks through production networks, the pricing

of supplier–customer linkages, and the financial effects of trade and political risk. It connects these literatures by
examining whether monthly changes in a trade-based measure of strategic import vulnerability are followed by relative
equity repricing across upstream and downstream industries. The Structural Strategic Import Risk Index (SSIRI)
itself is developed and validated in the companion study by Oka (2026a); the contribution of the present paper is
its application to multinational financial markets.

2.1. Production Networks, Shock Propagation, and Asset Prices
Production networks facilitate specialization and comparative advantage, but they can also transmit disruptions

across firms and sectors. In network models, the aggregate consequences of a microeconomic shock depend on
the position of the affected firm or industry and the structure of its input-output linkages (Acemoglu et al., 2012).
Disruptions involving central or difficult-to-replace suppliers can therefore affect firms well beyond the directly exposed
industry.

Empirical evidence confirms that supplier characteristics shape shock propagation. Barrot and Sauvagnat (2016)
document substantial output and market-value losses among customers following natural disasters affecting specialized
suppliers. Using the 2011 Great East Japan Earthquake, Carvalho et al. (2021) show that disruptions propagate both
upstream and downstream through direct and indirect production linkages. Firms also adjust their networks in response
to perceived exposure. Pankratz and Schiller (2024) find that climate risk at supplier locations affects suppliers and
customers and increases the probability of relationship termination, while Ersahin et al. (2024) show that firms respond
to supply-chain risk by changing supplier composition and, in some cases, vertically integrating. Together, these studies
emphasize that supply-chain exposure depends not only on current input flows but also on the availability and cost of
substitution.

Production-network relationships are also reflected in asset prices. Cohen and Frazzini (2008) document return
predictability across economically linked firms and show that publicly available customer information is not immedi-
ately incorporated into supplier prices. Network position may also affect systematic risk and expected returns. Gofman

5This is a financial application of SSIRI; the development and validation of the index remain the contribution of the companion study.
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et al. (2020) find that firms located farther upstream have higher average returns and greater exposure to aggregate
productivity shocks. Their model emphasizes vertical creative destruction, through which supplier innovations can
reduce the value of downstream firms’ assets in place.

The present paper connects these literatures by examining whether changes in import-network vulnerability are
followed by relative equity returns. Unlike studies organized around realized disasters, discrete disruptions, or directly
observed supplier–customer pairs, the analysis uses SSIRI as a monthly sector-level measure of U.S. dependence on
China and the concentration of alternative non-China suppliers. It therefore combines two dimensions of production-
network risk: an industry’s position within a strategic value chain and time variation in the vulnerability of the
underlying import network.

2.2. Trade Policy, Political Risk, and Equity Valuation
A third strand of research studies the real and financial effects of trade policy and political uncertainty. Caldara

et al. (2020) show that increases in trade policy uncertainty reduce economic activity and investment. At the firm level,
Hassan et al. (2019) construct a text-based measure of political risk and show that exposed firms reduce investment
and hiring, increase political activity, and experience greater stock-return volatility.

Equity-market reactions have also been used to measure the incidence of trade shocks. Amiti et al. (2021) examine
tariff announcements during the U.S.–China trade war and document heterogeneous stock-price responses according
to firms’ import, export, and revenue exposure to China. These market reactions predict subsequent firm outcomes and
provide information about the incidence of trade protection. Using textual measures derived from earnings conference
calls, Ersahin et al. (2024) show that firms respond to greater supply-chain risk by changing supplier composition and,
when financially able to do so, increasing vertical integration.

Related research examines how broader uncertainty measures affect sector-level financial outcomes. Choi (2024)
documents heterogeneous effects of economic policy uncertainty and geopolitical risk on U.S. sectoral equity
volatility. Oka (2026b) uses a Bayesian global vector autoregression to distinguish economic policy uncertainty shocks
originating in the United States, China, and the euro area and traces their effects across nine U.S. equity sectors. That
study shows that the geographic origin of uncertainty matters for both sectoral responses and the channels through
which the shocks propagate.

The present paper is distinct from these studies in its measured source of risk, empirical design, and geographic
scope. Trade-policy, economic-policy, and geopolitical-risk indices measure uncertain news or political discussion.
SSIRI measures an observed structural condition: the extent to which current U.S. dependence on China coincides
with concentration among recorded alternative suppliers. It can vary in the absence of a policy announcement and can
capture gradual changes in trade and sourcing patterns that event-based or text-based measures may miss.

The empirical design also differs from that of Oka (2026b). Rather than identifying macroeconomic uncertainty
shocks and tracing their propagation across broad U.S. sectors, the present paper compares sector-specific upstream
and downstream portfolios in both the United States and China. It uses stationary changes in product-based import
vulnerability to study relative valuation along strategic supply chains. The economic object, data, methodology, and
transmission mechanism are therefore distinct from those of the earlier study, notwithstanding their shared interest in
equity markets and international risk.

3. Data and Empirical Methodology
3.1. Strategic Import-Risk Measures

This paper applies the monthly Structural Strategic Import Risk Index (SSIRI) developed and validated in the
companion study by Oka (2026a). That study provides the theoretical foundations, product-family classifications,
customs-data construction, historical analysis, robustness tests, and policy applications of the index. The present paper
uses SSIRI to examine its financial-market relevance.

The analysis covers battery and energy-storage materials (BAT) and critical minerals and advanced materials
(CMA). The headline sample extends from January 2004 through December 2025 and contains 264 monthly
observations. The underlying trade data begin in January 2003, providing the reference period for the fixed import
weights and the observations needed to initialize the lagged supplier-concentration measure.
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For product family 𝑓 in sector 𝑆, let 𝐷𝑓,𝑡 denote China’s share of U.S. imports during month 𝑡.6 Let 𝐻𝑁𝐶
𝑓,𝑡−1;12

denote the Herfindahl–Hirschman concentration index among non-China suppliers, calculated over the 12 months
ending in 𝑡 − 1. The product-family risk contribution is

𝜌𝑓,𝑡 = 𝐷𝑓,𝑡

(

𝐻𝑁𝐶
𝑓,𝑡−1;12

)2
. (1)

This construction assigns greater risk to products for which the United States is highly dependent on China and
the remaining supplier base is concentrated. Lagging the supplier window ensures that the concentration term is
predetermined relative to month 𝑡. Squaring the HHI places greater emphasis on product families with particularly
limited diversification among alternative suppliers.

The structural measure gives equal weight to the product families in each sector:

SSIRI𝑆𝑡𝑟𝑆,𝑡 =
1
𝑁𝑆

∑

𝑓∈𝑆
𝜌𝑓,𝑡, (2)

where 𝑁𝑆 is the number of product families assigned to sector 𝑆. The exposure-weighted measure instead uses
fixed reference-period import weights:

SSIRI𝐸𝑥𝑝
𝑆,𝑡 =

∑

𝑓∈𝑆
𝜔𝑓,0𝜌𝑓,𝑡,

∑

𝑓∈𝑆
𝜔𝑓,0 = 1, (3)

where 𝜔𝑓,0 is product family 𝑓 ’s share of sectoral imports during the 2003 reference period.7 Structural SSIRI
measures the average vulnerability of the products in a sector, whereas exposure-weighted SSIRI emphasizes
vulnerabilities associated with larger import flows.

Table 1 reports descriptive statistics for the principal independent and dependent variables. The aggregation
schemes produce different sectoral rankings. Average structural SSIRI is higher for CMA than for BAT, whereas
average fixed exposure-weighted SSIRI is higher for BAT. This distinction is consistent with the structural measure
preserving the influence of narrow product-level vulnerabilities while exposure weighting emphasizes larger import
flows. The monthly equity spreads have means close to zero but substantial dispersion, with standard deviations ranging
from approximately 3.1 to 6.1 percentage points.

Before estimation, we assess the time-series properties of the SSIRI measures using augmented Dickey–Fuller
(ADF) tests (Dickey and Fuller, 1979; Said and Dickey, 1984) and Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests
(Kwiatkowski et al., 1992). As reported in Appendix Table 6, the results support using monthly first differences rather
than index levels in the main specifications.

The principal specifications therefore use standardized monthly first differences:

𝑥𝑚𝑆,𝑡 =
ΔSSIRI𝑚𝑆,𝑡 − ΔSSIRI𝑚𝑆

𝑠
(

ΔSSIRI𝑚𝑆
) , 𝑚 ∈ {𝑆𝑡𝑟, 𝐸𝑥𝑝}. (4)

Standardization permits comparison across sectors and aggregation methods: the reported coefficient measures
the return associated with a one-standard-deviation monthly increase in strategic import vulnerability. In the recursive
forecasting exercise, all transformations are estimated using only the corresponding training sample. Figure 1 plots the
standardized monthly first differences used in the empirical analysis.

3.2. Sectoral Equity Returns
All equity data are obtained from publicly available sources. The U.S. analysis uses monthly value-weighted

industry portfolio returns. For the Chinese indices, daily closing prices are sampled on the final available trading
6Mainland China, Hong Kong, and Macao are included in the China total.
7Fixed weights prevent subsequent changes in import composition from mechanically altering the economic meaning of the aggregation.
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Table 1
Descriptive Statistics for SSIRI and Sectoral Equity Return Spreads

Variable N Mean SD Minimum P25 Median P75 Maximum

Panel A: SSIRI levels
CMA structural SSIRI 264 0.0608 0.0344 0.0143 0.0335 0.0545 0.0773 0.1905
CMA fixed exposure-weighted SSIRI 264 0.0205 0.0108 0.0071 0.0119 0.0184 0.0262 0.0570
BAT structural SSIRI 264 0.0349 0.0129 0.0109 0.0259 0.0324 0.0407 0.0774
BAT fixed exposure-weighted SSIRI 264 0.0426 0.0245 0.0088 0.0241 0.0367 0.0525 0.1266

Panel B: Monthly SSIRI changes
CMA structural change 263 0.0004 0.0255 -0.1007 -0.0099 -0.0006 0.0115 0.0960
CMA fixed exposure-weighted change 263 -0.0001 0.0071 -0.0254 -0.0032 -0.0001 0.0030 0.0243
BAT structural change 263 0.0000 0.0126 -0.0367 -0.0066 0.0001 0.0068 0.0455
BAT fixed exposure-weighted change 263 -0.0001 0.0060 -0.0290 -0.0032 -0.0003 0.0026 0.0219

Panel C: Monthly upstream-minus-downstream return spreads
U.S. CMA spread 264 -0.127 4.267 -13.389 -2.637 -0.107 2.738 10.725
China CMA spread 251 0.186 5.114 -15.710 -2.927 0.083 3.051 16.711
U.S. BAT spread 264 -0.069 6.052 -22.650 -3.236 0.247 3.326 17.235
China BAT spread 124 -0.312 3.142 -8.994 -2.329 -0.161 1.564 9.816
Notes: Panel A reports the levels of structural and fixed exposure-weighted SSIRI. Panel B reports unstandardized monthly first
differences in those indices; the empirical regressions use standardized versions of these changes over the corresponding estimation
samples. Panel C reports monthly upstream-minus-downstream equity return spreads in percentage points. U.S. portfolio-leg returns
are measured relative to the U.S. market, and Chinese portfolio-leg returns are measured relative to the CSI 300. The SSIRI and
U.S. samples run from January 2004 through December 2025; the China CMA spread begins in February 2005, and the China BAT
spread begins in September 2015. Multi-month regression outcomes are overlapping cumulative returns constructed from the monthly
spreads in Panel C.

day of each calendar month, and monthly simple returns are calculated from consecutive month-end prices. All return
series are aligned with SSIRI using calendar month-end dates.

For the United States, predetermined upstream and downstream portfolios are constructed from publicly available
value-weighted industry returns. The upstream portfolios contain industries positioned closer to the extraction,
processing, or supply of the relevant strategic inputs. The downstream portfolios contain industries that use those
inputs in manufacturing or final production. The classifications and weights are held fixed throughout the sample. The
exact constituent portfolios and weights are reported in Appendix A.

For China, the CMA upstream portfolio is represented by the CSI 300 Materials Index. The downstream leg is a
predetermined composite of the CSI 300 Industrials and CSI 300 Information Technology indices. The exact weights
used to construct the composite are reported in Appendix A.

The initial China BAT measure compares the CSI New Energy Index with the CSI New Energy Vehicles Index.
These thematic indices do not provide as clean an upstream–downstream classification as the CMA indices. We
therefore conduct an additional proxy-validation exercise using the CNI Battery Industry Index relative to the Shenwan
Automobile Industry Index.8

For country 𝑐, sector 𝑆, and month 𝑡, the principal outcome is the upstream-minus-downstream return spread:

𝑟𝑆𝑝𝑟𝑒𝑎𝑑𝑐,𝑆,𝑡 = 𝑟𝑈𝑝
𝑐,𝑆,𝑡 − 𝑟𝐷𝑜𝑤𝑛

𝑐,𝑆,𝑡 . (5)

Figures 2 and 3 plot the monthly portfolio-legs returns and the resulting upstream-minus-downstream spreads.
The spread removes part of the market-wide and sector-wide return variation shared by the two portfolio legs and

focuses on upstream–downstream return differentials across positions in the production chain.
We examine cumulative arithmetic spread returns over horizons ℎ ∈ {1, 3, 6, 12}, beginning two months after the

signal month:
8Because the two China BAT constructions produce weakly correlated return spreads and materially different coefficient estimates, the China

BAT evidence is reported as exploratory.
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𝑅𝑆𝑝𝑟𝑒𝑎𝑑,(ℎ)
𝑐,𝑆,𝑡+2∶𝑡+ℎ+1 =

ℎ−1
∑

𝑗=0
𝑟𝑆𝑝𝑟𝑒𝑎𝑑𝑐,𝑆,𝑡+2+𝑗 . (6)

Thus, for a SSIRI change dated 𝑡, the one-month outcome is 𝑟𝑆𝑝𝑟𝑒𝑎𝑑𝑐,𝑆,𝑡+2. An ℎ-month outcome runs from 𝑡 + 2
through 𝑡 + ℎ + 1; month 𝑡 + 1 is not part of the return window. This two-month signal-to-return gap creates a clean
temporal separation between the full-month customs observation and the subsequent equity outcome. It also reduces
the possibility that the estimates reflect mechanical same-month comovement.9

3.3. Control Variables
The control set is designed to separate relative sectoral returns from broad financial, commodity, and geopolitical

conditions. U.S. specifications include the market excess return and the size, value, profitability, investment, and mo-
mentum factors. China specifications include the CSI 300 market return. Expanded specifications additionally control
for relevant commodity-market conditions, equity-market volatility, economic policy uncertainty, and geopolitical risk.
Persistent control variables are expressed in changes or other stationary transformations where appropriate.

Each specification includes the current return spread 𝑟𝑆𝑝𝑟𝑒𝑎𝑑𝑐,𝑆,𝑡 to absorb short-run persistence. The remaining
financial, market, commodity, and uncertainty controls are also dated 𝑡. No control is drawn from the intervening
month 𝑡+1 or from the subsequent return window. Because the dependent variable is an upstream-minus-downstream
spread, common market shocks are already partially differenced out. The additional controls address residual exposure
to aggregate financial and macroeconomic conditions.

Table 2: Data Sources and Variable Construction

Variable group Public source Series and construction Coverage used

SSIRI inputs U.S. Census Bureau
international trade data

Monthly U.S. import values by country of
origin and HS6 product. Mainland China,
Hong Kong, and Macao are classified as
China. The 2003 observations determine the
fixed exposure weights and initialize the
lagged supplier-concentration window.

Jan. 2003–Dec.
2025

Structural and
exposure-weighted
SSIRI

Oka (2026a);
calculations from
Census trade data

The current China import share is
multiplied by the squared HHI of non-China
suppliers over the preceding 12 months.
Product-family contributions are aggregated
using equal weights or fixed 2003
import-exposure weights.

Jan. 2004–Dec.
2025

U.S. industry returns Kenneth R. French
Data Library

Monthly value-weighted industry portfolio
returns used to construct the predetermined
U.S. CMA and BAT upstream and
downstream portfolios.

Jan. 2004–Dec.
2025

U.S. financial
factors

Kenneth R. French
Data Library

Market excess return, size, value,
profitability, investment, and momentum
factors. Percentage returns are converted to
decimal units before estimation.

Jan. 2004–Dec.
2025

China broad market China Securities Index
Company; public
Tencent data endpoint

CSI 300 Index (000300). Daily closing
prices are converted to month-end simple
returns.

Feb.
2005–Dec.
2025

Continued on next page

9The gap improves temporal ordering but does not by itself establish causality or real-time availability of the finalized trade data.
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Table 3
Construction of Sectoral Equity Outcomes

Country Sector Upstream leg Downstream leg Status

United
States

CMA Fixed portfolio of
value-weighted
upstream
critical-material
industries

Fixed portfolio of value-weighted downstream industries
using critical-material inputs

Main

China CMA CSI 300 Materials
Index (000909)

Fixed composite of CSI 300 Industrials (000910) and CSI
300 Information Technology (000915)

Main

United
States

BAT Fixed portfolio of
value-weighted
upstream
battery-material
industries

Fixed portfolio of value-weighted downstream battery-using
industries

Main

China BAT CSI New Energy Index
(399808)

CSI New Energy Vehicles Index (399976) Exploratory

China BAT CNI Battery Industry
Index (980032)

Shenwan Automobile Industry Index (801880) Alternative

Notes: The principal dependent variable is the upstream return minus the downstream return. A SSIRI change dated 𝑡 is related to
an ℎ-month arithmetic sum of spread returns from 𝑡 + 2 through 𝑡 + ℎ + 1. Portfolio classifications are fixed over time and are not
selected according to the regression results. Exact U.S. portfolio constituents and weights, together with the weights of the China
CMA downstream composite, are reported in Appendix A. Both China BAT proxy constructions are disclosed to avoid selective
reporting.

Table 2 — Continued from previous page

Variable group Public source Series and construction Coverage used

China CMA indices China Securities Index
Company; public
Tencent data endpoint

CSI 300 Materials (000909), CSI 300
Industrials (000910), and CSI 300
Information Technology (000915). Daily
closing prices are converted to month-end
returns.

Feb.
2005–Dec.
2025

China BAT thematic
indices

China Securities Index
Company; public
Tencent data endpoint

CSI New Energy (399808) and CSI New
Energy Vehicles (399976). Their return
spread is treated as an exploratory China
BAT proxy.

Sep.
2015–Dec.
2025

Alternative China
battery index

CNI Index; public Sina
data through AKShare

CNI Battery Industry Index (980032). Daily
closing prices are converted to month-end
returns.

Feb.
2013–Dec.
2025

Alternative China
automobile index

Shenwan Research;
public data through
AKShare

Shenwan Automobile Industry Index
(801880). Daily closing prices are
converted to month-end returns.

Mar.
2014–Dec.
2025

Financial and
geopolitical controls

Public financial and
policy-risk data
providers

Market volatility, commodity-market
conditions, economic policy uncertainty,
and geopolitical risk. Exact series
identifiers, transformations, and retrieval
sources are reported in Appendix A and the
replication package.

As available
through Dec.
2025

Notes: SSIRI denotes the Structural Strategic Import Risk Index; BAT denotes Battery and Energy Storage Materials; and CMA denotes
Critical Minerals and Advanced Materials. Public APIs and market-data endpoints are retrieval channels rather than the original producers of
the corresponding indices. All daily equity series are sampled on the final available trading day of each calendar month. The estimation sample for
each specification is determined by the common availability of the dependent variable, SSIRI measure, and controls.
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3.4. Baseline Regression
For measure 𝑚 ∈ {𝑆𝑡𝑟, 𝐸𝑥𝑝}, the baseline two-month-ahead relationship is

𝑅𝑆𝑝𝑟𝑒𝑎𝑑,(ℎ)
𝑐,𝑆,𝑡+2∶𝑡+ℎ+1 = 𝛼𝑐,𝑆,ℎ + 𝛽𝑚𝑐,𝑆,ℎ𝑥

𝑚
𝑆,𝑡 + 𝜙𝑐,𝑆,ℎ𝑟

𝑆𝑝𝑟𝑒𝑎𝑑
𝑐,𝑆,𝑡 + 𝜸′𝑐,𝑆,ℎ𝐙𝑐,𝑆,𝑡 + 𝜀(ℎ)𝑐,𝑆,𝑡, (7)

where 𝑥𝑚𝑆,𝑡 is the standardized structural or exposure-weighted SSIRI change, 𝑟𝑆𝑝𝑟𝑒𝑎𝑑𝑐,𝑆,𝑡 is the current spread return,
and 𝐙𝑐,𝑆,𝑡 contains the remaining controls. Coefficients are estimated using returns in decimal units and reported in
percentage points. Thus, 𝛽 = 0.010 corresponds to a one-percentage-point change in the subsequent upstream-minus-
downstream return spread associated with a one-standard-deviation increase in SSIRI.

Inference uses heteroskedasticity- and autocorrelation-consistent standard errors (Newey and West, 1987). Serial-
correlation corrections are especially important for the overlapping multi-month outcomes in Equation (6). The Newey–
West bandwidth is 6 + ℎ monthly lags, where ℎ is the return horizon.

Because the analysis considers multiple markets, sectors, horizons, and SSIRI measures, conventional 𝑝-values may
overstate the strength of the evidence. We therefore report false-discovery-rate-adjusted 𝑞-values using the Benjamini–
Hochberg procedure (Benjamini and Hochberg, 1995). Unless otherwise stated, the reported global 𝑞-values are
calculated across the full family of tests reported in the corresponding analysis.

Equation (7) estimates conditional associations rather than causal effects. SSIRI changes and equity returns
may respond jointly to trade-policy announcements, geopolitical developments, commodity-market news, or other
information. The estimates are therefore interpreted as two-month-ahead relative equity returns associated with changes
in measured strategic import vulnerability.

3.5. Comparing the Two SSIRI Measures
To determine whether structural and exposure-weighted changes contain incremental information, we estimate

𝑅𝑆𝑝𝑟𝑒𝑎𝑑,(ℎ)
𝑐,𝑆,𝑡+2∶𝑡+ℎ+1 = 𝛼𝑐,𝑆,ℎ + 𝛽𝑆𝑡𝑟𝑐,𝑆,ℎ𝑥

𝑆𝑡𝑟
𝑆,𝑡 + 𝛽𝐸𝑥𝑝

𝑐,𝑆,ℎ𝑥
𝐸𝑥𝑝
𝑆,𝑡 + 𝜙𝑐,𝑆,ℎ𝑟

𝑆𝑝𝑟𝑒𝑎𝑑
𝑐,𝑆,𝑡 + 𝜸′𝑐,𝑆,ℎ𝐙𝑐,𝑆,𝑡 + 𝜀(ℎ)𝑐,𝑆,𝑡. (8)

We test the individual coefficients, their joint significance, and the restriction

𝐻0 ∶ 𝛽𝑆𝑡𝑟𝑐,𝑆,ℎ = 𝛽𝐸𝑥𝑝
𝑐,𝑆,ℎ. (9)

This specification evaluates whether the structural measure contains information beyond economically weighted
exposure and whether the exposure-weighted measure remains informative after conditioning on the breadth of
product-level vulnerability. Failure to reject Equation (9) does not establish that the two measures are equivalent;
it indicates that their coefficient difference is estimated imprecisely.

3.6. Portfolio-Leg Decomposition
For the principal systems, Equation (7) is re-estimated separately for the upstream return, the downstream return,

and their spread. All three regressions use the same observations, controls, and variable transformations. Consequently,

𝛽𝑆𝑝𝑟𝑒𝑎𝑑𝑐,𝑆,ℎ = 𝛽𝑈𝑝
𝑐,𝑆,ℎ − 𝛽𝐷𝑜𝑤𝑛

𝑐,𝑆,ℎ . (10)

The decomposition identifies whether a positive estimated return differential reflects upstream appreciation,
downstream underperformance, or both. This exercise is descriptive of the portfolio components and is not interpreted
as separately identifying scarcity rents, input-cost effects, or policy expectations.

3.7. Multiple Testing, Timing Placebos, and Proxy Sensitivity
The global baseline family contains four country-sector outcomes, two SSIRI measures, and four return horizons,

for a total of 32 tests. The outcomes are U.S. CMA, China CMA, U.S. BAT, and the original thematic China BAT
spread. We report conventional 𝑝-values and Benjamini–Hochberg false-discovery-rate-adjusted 𝑞-values (Benjamini
and Hochberg, 1995). The correction across all 32 tests provides the principal and most conservative multiplicity
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adjustment. China BAT is interpreted as exploratory because of its proxy instability, but it remains in the global
correction so that the principal results do not benefit from its exclusion. The alternative China BAT construction
is evaluated in a separate proxy-sensitivity family.

Timing placebos replace the current SSIRI change with changes observed six or twelve months in the future while
retaining the current signal as a control. A future realization should not explain the return window from 𝑡 + 2 onward
after conditioning on the correctly dated measure.

China BAT is evaluated separately because its public equity proxies do not provide a stable upstream–downstream
mapping. We compare the new-energy thematic spread with the battery-industry-minus-automobile spread over their
common sample and report their correlation, coefficient signs, and formal coefficient-difference tests. China BAT is
classified as exploratory on measurement grounds, and the complete results from both proxies are disclosed.

3.8. Supplementary Out-of-Sample Exercise
The supplementary forecasting analysis focuses on the U.S. CMA upstream-minus-downstream spread. The

baseline exercise uses an initial training window of 120 months and generates one-month-ahead forecasts from an
expanding sample. Historical-mean and autoregressive return models serve as benchmarks. Competing models add the
structural change, the exposure-weighted change, or both changes. For a target return 𝑟𝑡, the autoregressive benchmark
uses 𝑟𝑡−1, while the SSIRI models add 𝑥𝑆𝑡𝑟𝑡−2, 𝑥𝐸𝑥𝑝

𝑡−2 , or both. This preserves the two-month signal-to-return separation
used in the in-sample regressions.

Forecast accuracy is evaluated using the root-mean-square error, mean absolute error, and out-of-sample 𝑅2:

𝑅2
𝑂𝑂𝑆 = 1 −

∑

𝑡

(

𝑟𝑡 − 𝑟̂𝑀𝑜𝑑𝑒𝑙
𝑡|𝑡−1

)2

∑

𝑡

(

𝑟𝑡 − 𝑟̂𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝑡|𝑡−1

)2
. (11)

Nested forecast comparisons use the one-sided Clark–West adjustment (Clark and West, 2007), with false-
discovery-rate correction across the forecast comparisons. Robustness exercises vary the initial training window and
use moving-block bootstrap confidence intervals to preserve serial dependence in forecast losses.

This exercise evaluates whether SSIRI contains incremental statistical information beyond simple return bench-
marks.

4. Empirical Results
This section reports the two-month-ahead relationships defined in Section 3. Coefficients are expressed in

percentage points for a one-standard-deviation monthly change in SSIRI. Unless otherwise stated, the reported 𝑞-values
use the 32-test baseline family defined in Section 3.7. Detailed stationarity diagnostics are reported in Appendix B.

4.1. CMA relative equity returns
Table 4 presents the principal results. The strongest relationship is between exposure-weighted CMA SSIRI and

the U.S. upstream-minus-downstream return spread. For the one-month return observed two months after the signal, a
one-standard-deviation increase in the exposure-weighted CMA SSIRI change is associated with a 1.100-percentage-
point increase in the spread (𝑛 = 261). The HAC test statistic is 4.40, the unadjusted 𝑝-value is below 0.001, and the
relationship remains significant after correction across all 32 baseline tests (𝑞all = 0.0003).

The structural10 CMA SSIRI change is also positively associated with the two-month-ahead one-month U.S.
spread. A one-standard-deviation structural SSIRI change is associated with a 0.579-percentage-point increase in
the spread (𝑝 = 0.0080; 𝑞all = 0.0490). The larger exposure-weighted estimate is consistent with import-exposure
weights capturing economically important variation that is attenuated under equal product-family weights. The separate
regressions do not, however, establish that the two coefficients differ statistically.

The U.S. relationship remains evident over the three-month cumulative window from 𝑡 + 2 through 𝑡 + 4. The
three-month coefficients are 0.995 percentage points for the exposure-weighted measure (𝑝 = 0.0040; 𝑞all = 0.0358)
and 0.785 percentage points for the structural measure (𝑝 = 0.0092; 𝑞all = 0.0490). The exposure-weighted coefficient

10Structural SSIRI is the equal-weight SSIRI.
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Table 4
SSIRI Changes and Upstream-Minus-Downstream Equity Returns

Market and horizon SSIRI measure Specification Coefficient (pp) HAC SE (pp) Test statistic p-value FDR q-value N Adjusted R2

U.S. CMA: 1 month Structural first difference Baseline 0.6074 0.2014 3.0166 0.0026 0.0205 261 0.0000
U.S. CMA: 1 month Exposure-weighted first difference Baseline 1.0087 0.2398 4.2067 0.0000 0.0008 261 0.0362
U.S. CMA: 1 month Structural first difference Commodity controls 0.6120 0.2042 2.9974 0.0027 0.0218 261 -0.0033
U.S. CMA: 1 month Exposure-weighted first difference Commodity controls 1.0071 0.2394 4.2065 0.0000 0.0008 261 0.0324
U.S. CMA: 1 month Structural first difference Full controls 0.5789 0.2184 2.6506 0.0080 0.0490 261 0.0021
U.S. CMA: 1 month Exposure-weighted first difference Full controls 1.0993 0.2497 4.4030 0.0000 0.0003 261 0.0498
U.S. CMA: 3 months Structural first difference Baseline 0.7913 0.2866 2.7612 0.0058 0.0307 259 -0.0131
U.S. CMA: 3 months Exposure-weighted first difference Baseline 0.9376 0.3370 2.7818 0.0054 0.0307 259 -0.0085
U.S. CMA: 3 months Structural first difference Commodity controls 0.7935 0.2881 2.7539 0.0059 0.0314 259 -0.0171
U.S. CMA: 3 months Exposure-weighted first difference Commodity controls 0.9383 0.3347 2.8033 0.0051 0.0314 259 -0.0125
U.S. CMA: 3 months Structural first difference Full controls 0.7855 0.3016 2.6048 0.0092 0.0490 259 -0.0292
U.S. CMA: 3 months Exposure-weighted first difference Full controls 0.9947 0.3454 2.8794 0.0040 0.0358 259 -0.0227
China CMA: 3 months Structural first difference Baseline 0.7529 0.4057 1.8559 0.0635 0.1354 247 -0.0014
China CMA: 3 months Exposure-weighted first difference Baseline 1.0846 0.3222 3.3657 0.0008 0.0081 247 0.0055
China CMA: 3 months Structural first difference Commodity controls 0.7483 0.4109 1.8214 0.0686 0.1716 247 -0.0049
China CMA: 3 months Exposure-weighted first difference Commodity controls 1.0975 0.3211 3.4174 0.0006 0.0067 247 0.0024
China CMA: 3 months Structural first difference Full controls 0.8341 0.4083 2.0429 0.0411 0.1314 247 -0.0010
China CMA: 3 months Exposure-weighted first difference Full controls 1.0713 0.3769 2.8425 0.0045 0.0358 247 0.0038
China BAT: 3 months Structural first difference Baseline 0.0981 0.3458 0.2837 0.7767 0.8876 120 -0.0131
China BAT: 3 months Exposure-weighted first difference Baseline 3.4277 0.9810 3.4942 0.0005 0.0076 120 0.0719
China BAT: 3 months Structural first difference Commodity controls 0.1065 0.3485 0.3056 0.7599 0.8685 120 -0.0295
China BAT: 3 months Exposure-weighted first difference Commodity controls 3.4352 0.9996 3.4366 0.0006 0.0067 120 0.0570
China BAT: 3 months Structural first difference Full controls 0.0912 0.3522 0.2590 0.7957 0.8804 120 -0.0461
China BAT: 3 months Exposure-weighted first difference Full controls 3.5521 1.0198 3.4832 0.0005 0.0079 120 0.0479

Notes: The dependent variable is the upstream-minus-downstream equity return spread. A standardized monthly SSIRI first difference
dated 𝑡 is related to an ℎ-month cumulative arithmetic return beginning in 𝑡+ 2; thus, the return window extends from 𝑡+ 2 through
𝑡 + ℎ + 1. All regressors are dated 𝑡, and every specification includes the current return spread.
For the United States, the baseline specification includes the market, size, value, profitability, investment, and momentum factors.
For China, the baseline includes the CSI 300 market return. Commodity specifications add global metals returns and, for BAT, global
energy returns. Full specifications additionally include changes in the VIX, global economic policy uncertainty, and geopolitical risk.
Newey–West HAC standard errors use 6 + ℎ monthly lags.
Coefficients and standard errors are reported in percentage points for a one-standard-deviation increase in the corresponding monthly
SSIRI change. Structural SSIRI equally weights strategic product families, whereas exposure-weighted SSIRI uses fixed 2003
import-exposure weights. Reported 𝑝-values are two-sided. For each control specification, FDR 𝑞-values apply the Benjamini–Hochberg
correction across the complete 32-test family: four country-sector outcomes, two SSIRI measures, and four return horizons. The
table displays the principal short-horizon estimates; the complete family is reported in the replication files. Values reported as 0.0000
are positive values rounded to four decimal places. Negative adjusted 𝑅2 values may arise from the degrees-of-freedom adjustment
and do not indicate negative unadjusted explanatory power. China BAT is exploratory because its estimates are sensitive to the
public equity proxy. CMA denotes Critical Minerals and Advanced Materials; BAT denotes Battery and Energy Storage Materials;
pp denotes percentage points; and 𝑁 is the regression sample size.

remains positive at six months, with a global 𝑞-value of 0.0653, but its twelve-month 𝑞-value rises to 0.1124. The
evidence is therefore strongest over short cumulative windows and does not support an indefinitely persistent return
differential.

The adjusted 𝑅2 of the one-month U.S. exposure-weighted specification is approximately 0.050. Thus, the SSIRI
change explains an economically relevant but still limited portion of monthly spread-return variation. This magnitude
is unsurprising given the volatility of monthly equity returns and the large number of other factors affecting industry
valuations.

China provides supporting evidence for the CMA relationship. A one-standard-deviation increase in the exposure-
weighted CMA change is associated with a 1.071-percentage-point increase in the three-month materials-minus-
downstream spread from 𝑡 + 2 through 𝑡 + 4 (𝑛 = 247, 𝑝 = 0.0045; 𝑞all = 0.0358). The corresponding structural
coefficient is 0.834 percentage points but does not remain significant after the global correction (𝑝 = 0.0411;
𝑞all = 0.1314).

The adjusted 𝑅2 of the Chinese exposure-weighted specification is approximately 0.004. The Chinese result
therefore represents a precisely estimated incremental association rather than a model that explains a large fraction
of overall return variation. Its sign is nevertheless consistent with upstream–downstream return differentials toward
firms positioned closer to the supply of critical materials.

These coefficients describe relative equity-market responses rather than aggregate market returns. A positive
spread coefficient may arise because upstream firms appreciate, downstream firms underperform, or both occur
simultaneously. The portfolio-leg decomposition clarifies these components.
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4.2. Upstream and Downstream Decomposition
Table 5 estimates the upstream and downstream legs separately using common samples and identical regressors.

Under this common specification, the coefficient identity

𝛽 𝑆𝑝𝑟𝑒𝑎𝑑 = 𝛽 𝑈𝑝𝑠𝑡𝑟𝑒𝑎𝑚 − 𝛽 𝐷𝑜𝑤𝑛𝑠𝑡𝑟𝑒𝑎𝑚 (12)

holds up to numerical precision.
For U.S. CMA, the two-month-ahead one-month response reflects positive returns in both portfolio legs, with

a substantially larger upstream response. The exposure-weighted coefficient is 1.898 percentage points for upstream
firms and 0.798 percentage points for downstream firms. Both coefficients are statistically significant after correction
within the component family, and their difference produces the 1.100-percentage-point spread response. The result is
therefore better characterized as an upstream-led rally than as a decline in downstream equities during the subsequent
return month.

Over the three-month window from 𝑡 + 2 through 𝑡 + 4, the U.S. upstream coefficient is 0.833 percentage points,
whereas the downstream coefficient is −0.162 percentage points. Neither portfolio-leg coefficient is individually
precise, but their difference is 0.995 percentage points and remains significant after the global correction applied to
the baseline spread regressions. This pattern indicates that the relative performance of the two supply-chain positions
is estimated more precisely than either leg in isolation.

The Chinese CMA decomposition displays a clearer directional divergence at three months. The upstream materials
coefficient is 0.647 percentage points, whereas the downstream coefficient is−0.424 percentage points. Their difference
produces the 1.071-percentage-point spread coefficient. The upstream estimate is marginally significant at the 10%
level after correction within the component family, while the downstream estimate is imprecise. Taken together, the
U.S. and Chinese decompositions indicate that increases in measured CMA vulnerability are associated with a relative
revaluation toward upstream materials exposure.

The decomposition does not separately identify scarcity rents, changes in expected input costs, anticipated policy
support, or changes in risk premia. It identifies which portfolio leg contributes to the estimated relative-return
relationship.

4.3. Structural versus Exposure-Weighted SSIRI
The horse-race specifications in Appendix Table 7 include structural and exposure-weighted changes jointly. At

the two-month-ahead one-month horizon, the exposure-weighted CMA coefficient remains positive and statistically
significant at 0.908 percentage points (𝑝 = 0.0005; 𝑞 = 0.0054 within the corresponding horse-race family). The
structural coefficient falls to 0.291 percentage points and is not statistically distinguishable from zero (𝑝 = 0.1584;
𝑞 = 0.3802).

The difference between the two coefficients is not statistically significant after multiple-testing correction (𝑝 =
0.1111; 𝑞 = 0.3333). The evidence therefore does not establish that exposure-weighted and structural SSIRI have
different population coefficients. It instead shows that, conditional on both measures, the two-month-ahead one-
month exposure-weighted coefficient retains statistically significant incremental information, whereas the structural
coefficient does not.

This result is consistent with the different purposes of the two measures. Equal product-family weights preserve
the influence of narrow structural bottlenecks irrespective of trade value. Fixed import-exposure weights place greater
emphasis on vulnerabilities associated with larger trade flows and may therefore align more closely with the aggregate
economic exposure represented by broad equity portfolios. Structural SSIRI remains useful for identifying low-value
strategic bottlenecks that may not map closely into publicly traded portfolio weights.

4.4. Sectoral Heterogeneity and the BAT Results
The U.S. BAT results provide an informative null. Neither structural nor exposure-weighted BAT changes generate

a stable upstream-minus-downstream response after the global FDR correction. The smallest unadjusted 𝑝-values are
approximately 0.10, and the corresponding 𝑞all-values exceed 0.18. The U.S. CMA relationship is therefore not a
generic consequence of an increase in any measure of strategic import vulnerability.

Chinese BAT estimates depend materially on the public equity proxy. The original new-energy thematic spread
yields positive coefficients, whereas a battery-industry-minus-automobile spread yields coefficients of the opposite
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Table 5
Exposure-Weighted SSIRI: Upstream, Downstream, and Spread Decomposition

System Leg Horizon N Coefficient (pp) HAC SE (pp) Test statistic p-value Within-system q-value Global FDR q-value Adjusted R2

China BAT Downstream 1 122 -2.0768 1.5638 -1.3280 0.1842 0.2210 0.2210 0.0065
China BAT Spread 1 122 1.4107 0.7850 1.7971 0.0723 0.1085 0.1183 0.0140
China BAT Upstream 1 122 -0.6661 0.9812 -0.6789 0.4972 0.4972 0.5593 0.0014
China BAT Downstream 3 120 -6.9383 2.4037 -2.8865 0.0039 0.0117 0.0134 0.0315
China BAT Spread 3 120 3.5521 1.0198 3.4832 0.0005 0.0030 0.0030 0.0479
China BAT Upstream 3 120 -3.3862 1.7660 -1.9174 0.0552 0.1085 0.1104 -0.0118
China CMA Downstream 1 249 -0.0799 0.2513 -0.3180 0.7505 0.7505 0.7505 -0.0193
China CMA Spread 1 249 0.5490 0.3231 1.6994 0.0893 0.1339 0.1339 -0.0081
China CMA Upstream 1 249 0.4691 0.2520 1.8618 0.0626 0.1253 0.1127 0.0005
China CMA Downstream 3 247 -0.4241 0.2689 -1.5772 0.1147 0.1377 0.1589 -0.0147
China CMA Spread 3 247 1.0713 0.3769 2.8425 0.0045 0.0269 0.0134 0.0038
China CMA Upstream 3 247 0.6472 0.2939 2.2022 0.0277 0.0830 0.0622 0.0118
U.S. CMA Downstream 1 261 0.7983 0.3044 2.6223 0.0087 0.0131 0.0225 0.0675
U.S. CMA Spread 1 261 1.0993 0.2497 4.4030 0.0000 0.0000 0.0001 0.0498
U.S. CMA Upstream 1 261 1.8977 0.4370 4.3429 0.0000 0.0000 0.0001 0.0857
U.S. CMA Downstream 3 259 -0.1618 0.3932 -0.4116 0.6806 0.6806 0.7207 0.0504
U.S. CMA Spread 3 259 0.9947 0.3454 2.8794 0.0040 0.0080 0.0134 -0.0227
U.S. CMA Upstream 3 259 0.8328 0.5504 1.5132 0.1302 0.1563 0.1674 0.0128

Notes: The table decomposes the exposure-weighted upstream-minus-downstream return response into its portfolio components.
A standardized exposure-weighted SSIRI first difference dated 𝑡 is related to one- or three-month cumulative arithmetic returns
beginning in 𝑡+2. Thus, an ℎ-month outcome covers 𝑡+2 through 𝑡+ℎ+1. The upstream, downstream, and spread regressions within
each system use a common sample and identical regressors; consequently, the spread coefficient equals the upstream coefficient minus
the downstream coefficient up to numerical precision. All specifications include the current return spread and the full set of financial,
commodity, volatility, economic-policy-uncertainty, and geopolitical-risk controls described in the text. Newey–West HAC standard
errors use 6+ℎ monthly lags. Coefficients and standard errors are reported in percentage points for a one-standard-deviation increase
in the monthly SSIRI change. Reported 𝑝-values are two-sided. Within-system 𝑞-values apply the Benjamini–Hochberg correction
across the six estimates for each system (three portfolio legs and two horizons); global 𝑞-values apply the correction across all 18
estimates in the table. Values reported as 0.0000 are positive values rounded to four decimal places. The China BAT results are
exploratory because they are sensitive to the choice of public equity proxy. CMA denotes Critical Minerals and Advanced Materials;
BAT denotes Battery and Energy Storage Materials; and pp denotes percentage points.

sign over the common sample. The two spreads are negatively correlated, and their long-horizon coefficient difference
is statistically significant. China BAT is therefore classified as exploratory, and the paper’s principal conclusions
do not depend on either proxy. Appendix D reports the complete proxy comparison and discusses the measurement
implications.

4.5. Robustness and Timing Placebos
The principal CMA findings remain under the expanded commodity, volatility, policy-uncertainty, and geopolitical-

risk controls. Moreover, no future-signal coefficient survives the timing-placebo correction. Appendix E reports the
full-horizon joint regressions, timing placebos, and additional specification checks. These exercises strengthen the
timing and specification audit but do not establish causality.

4.6. Supplementary Pseudo-Out-of-Sample Evidence
With a 120-month initial training sample, the exposure-change model achieves an out-of-sample 𝑅2 of 5.27%

relative to the AR(1) benchmark, and the Clark–West comparison remains significant after the forecast-family
correction (𝑞 = 0.0337). Appendix F reports the nested-model comparisons, training-window sensitivity, bootstrap
uncertainty, and cumulative forecast gains. Because the exercise uses finalized trade data, it measures statistical forecast
content rather than implementable trading performance.

5. Discussion
The empirical results document a measurable association between changes in strategic import vulnerability and

the relative performance of upstream and downstream equities. The relationship is strongest for critical minerals and
advanced materials. In the United States, increases in exposure-weighted CMA vulnerability are followed two months
later by higher upstream returns relative to downstream returns. A narrower three-month relationship also appears in
China over the window beginning two months after the signal. These findings provide evidence that changes in SSIRI
have observable financial-market correlates beyond mechanical variation in bilateral import shares.
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5.1. Economic Interpretation
A rise in SSIRI indicates that U.S. dependence on China has increased, the non-China supplier base has become

more concentrated, or both have occurred. Such a change may alter investors’ assessments of how risks and potential
rents are distributed across a supply chain. Firms positioned upstream may benefit from expectations of greater scarcity
rents, stronger pricing power, investment in alternative capacity, or policy support. Downstream firms may instead face
higher expected input costs, narrower margins, additional inventory requirements, or greater uncertainty about access
to specialized materials.

The portfolio-leg decomposition is consistent with these potential mechanisms but does not identify them
separately. In the United States, the two-month-ahead one-month CMA relationship is primarily an upstream-led
revaluation rather than an outright decline in downstream equity values. Both portfolio legs have positive coefficients,
but the upstream response is substantially larger. Over the three-month window beginning at 𝑡 + 2, neither leg is
individually precise, while their difference remains statistically significant. The relevant financial object is therefore
the relative performance of the two supply-chain positions rather than the return of either portfolio in isolation.

In China, the three-month point estimates combine stronger upstream performance with weaker downstream
performance, although the individual leg estimates are less precise than the spread. This pattern is consistent with
a reallocation of relative value toward Chinese materials producers when U.S. dependence on China becomes more
difficult to replace. Other interpretations remain possible. Greater dependence may increase the perceived market power
of Chinese suppliers, but expectations of export controls, foreign diversification, or lower future export volumes could
produce offsetting valuation effects.

These patterns should not be interpreted as evidence that greater vulnerability benefits the economy or improves
aggregate welfare. Higher upstream equity values may reflect anticipated scarcity rents or policy transfers rather than
an expansion of productive capacity. Likewise, an upstream-minus-downstream return spread does not measure the
economy-wide costs of supply disruption, substitution, stockpiling, or investment in resilience. The results describe
the distribution of relative market valuations across supply-chain positions, not the net social consequences of strategic
dependence.

5.2. Structural versus Exposure-Weighted Vulnerability
The more precisely estimated short-run relationship for exposure-weighted SSIRI helps clarify the different roles of

the two index constructions. Structural SSIRI assigns equal importance to each strategic product family and is therefore
suited to identifying narrow bottlenecks that might otherwise receive little attention. Exposure-weighted SSIRI gives
greater weight to product families representing larger import flows and is more closely aligned with the aggregate
economic scale represented in broad equity portfolios.

The joint regressions do not establish that the structural measure is irrelevant. In the two-month-ahead one-month
U.S. CMA specification, the exposure-weighted coefficient remains statistically significant after both measures are
included, whereas the structural coefficient does not. The formal coefficient-difference test is insignificant, however,
and therefore does not establish that the population effects of the two measures differ. The evidence shows that the
exposure-weighted measure contains more precisely estimated incremental information in the short-run specification,
not that structural vulnerability has no financial relevance.

The distinction reflects the different purposes of the measures. Structural SSIRI is designed to identify product-
level vulnerabilities regardless of their current import value. A low-value input may remain strategically important
if it has few substitutes or is essential to a larger production process. Exposure-weighted SSIRI, by contrast,
emphasizes vulnerabilities associated with larger observed trade flows and may therefore map more closely into sector-
level revenues, costs, and valuations. The appropriate measure depends on the application rather than on statistical
significance alone.

5.3. Sectoral and Proxy Heterogeneity
The absence of robust U.S. BAT results is substantively informative. It indicates that the equity relationship is not an

automatic consequence of an increase in strategic import vulnerability. Critical materials map comparatively naturally
into upstream extraction and processing activities and downstream industrial uses. Battery-related equity portfolios are
more heterogeneous and may include mining, processed materials, battery components, cell manufacturing, charging
equipment, and vehicle production.
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Battery-sector valuations may also be dominated by technological expectations, subsidies, electric-vehicle demand,
capacity expansion, and firm-specific innovation. These influences can weaken the correspondence between a trade-
based BAT measure and the returns of broad public equity portfolios. The U.S. BAT null results therefore constrain
the scope of the paper’s conclusions and show that the CMA findings should not be generalized automatically to other
strategic sectors.

The sensitivity of the Chinese BAT results to alternative equity proxies reinforces this interpretation. The CSI new-
energy and new-energy-vehicle indices and the alternative CNI battery-industry and Shenwan automobile indices cover
overlapping but economically distinct activities. The resulting return spreads are negatively correlated and produce
exposure-weighted coefficients with opposite signs. They should therefore not be treated as interchangeable measures
of the same upstream–downstream relationship.

Reporting both constructions is preferable to selecting the proxy that produces the strongest result. It also illustrates
a broader measurement challenge for research connecting product-level trade vulnerability to financial markets: a
coherent strategic-trade classification does not necessarily have a direct counterpart among publicly available equity
indices. Firm-level measures of input dependence, sourcing relationships, and revenue exposure would provide a
cleaner mapping but are not consistently available over the full sample.

5.4. Implications for Multinational Financial Management
The findings have implications for multinational firms, corporate risk managers, and international investors. For

firms that depend on strategic inputs, changes in SSIRI can complement conventional indicators of commodity prices
and policy uncertainty by identifying situations in which dependence on China coincides with limited diversification
among alternative suppliers. Such information may be relevant to supplier diversification, inventory planning, long-
term procurement contracts, capital expenditure, and assessments of production-continuity risk.

The distinction between structural and exposure-weighted vulnerability is also relevant to corporate risk manage-
ment. Exposure-weighted SSIRI may be more useful for evaluating vulnerabilities associated with large current trade
flows and near-term financial exposure. Structural SSIRI may instead draw attention to smaller inputs whose limited
substitutability could create disproportionate operational consequences. Firms may therefore benefit from considering
both the economic scale of an exposure and the strategic importance of individual inputs.

For international investors, upstream-minus-downstream return spreads provide a way to evaluate how changes
in strategic dependence are distributed across supply-chain positions. The results suggest that broad market or sector
indices may conceal offsetting valuation effects between input suppliers and input users. SSIRI may consequently
be useful as an input to scenario analysis, portfolio-exposure assessment, and the evaluation of supply-chain-sensitive
industries. The modest explanatory power of the regressions nevertheless means that it should be considered alongside,
rather than in place of, established financial and macroeconomic risk indicators.

The results also have limited policy relevance. Equity-market responses can provide supplementary information
about whether changes in measured trade vulnerability are economically salient to investors. They are not sufficient
to justify government intervention. Policy assessment requires additional information on inventories, domestic
production, supplier capacity, input quality, technological substitutability, allied-country relationships, adjustment
costs, and the probability and expected duration of a disruption. Moreover, equity prices may reflect expectations
of government support as well as underlying supply-chain conditions. The broader policy-screening framework and
limitations of SSIRI are developed in the companion study by Oka (2026a).

5.5. Limitations
Several limitations qualify the interpretation of the findings. First, the regressions identify conditional associations

rather than causal effects. Trade exposure, supplier concentration, commodity prices, policy expectations, and equity
valuations may respond to common economic information. The main specifications partially alleviate contemporaneous
endogeneity concerns by imposing a two-month signal-to-return gap: SSIRI changes formed in month 𝑡 are related to
returns beginning in month 𝑡 + 2. This temporal separation ensures that the monthly customs data underlying the
signal are complete before the return window begins, eliminates mechanical overlap between signal formation and
return measurement, and reduces concerns about same-month simultaneity and reverse causality. It does not, however,
eliminate endogeneity arising from persistent omitted variables, anticipated policy developments, or common news
that affects both trade patterns and subsequent equity returns. The factor, commodity, volatility, policy-uncertainty,
and geopolitical-risk controls further reduce these concerns but do not provide exogenous variation in SSIRI. Timing
placebos support the temporal coherence of the main relationship without establishing causality.
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Second, the empirical scope is confined to two strategic sectors and two equity markets. The marked heterogeneity
between CMA and BAT underscores that our findings may not extend automatically to semiconductors, medical
supplies, defense inputs, or other critical industries. Accordingly, broadening the sectoral coverage and incorporating
firm-level measures of cross-border input exposure represent natural priorities for future research.

6. Conclusion
This paper examines whether a trade-based measure of strategic import vulnerability is reflected in sectoral equity

returns. Using monthly data from 2004 through 2025, it relates changes in structural and exposure-weighted SSIRI to
upstream-minus-downstream return spreads in the United States and China.

The central result is a positive short-run relationship between changes in exposure-weighted CMA vulnerability and
the relative performance of U.S. upstream firms. A one-standard-deviation monthly increase in the exposure-weighted
index is associated with an approximately 1.1 percentage-point increase in the one-month upstream-minus-downstream
spread observed two months later. A related response appears in China over the three-month window beginning at 𝑡+2.
The U.S. decomposition indicates an upstream-led rally, while the Chinese result reflects a combination of stronger
upstream and weaker downstream performance.

The exposure-weighted index is more precisely related to equity returns than the equal-family structural measure,
particularly when both enter the same specification. In contrast, U.S. BAT results are generally null, and Chinese BAT
estimates vary substantially across equity proxies. These findings demonstrate that the financial-market relationship is
sector-specific and depends on how trade vulnerability maps into publicly traded industries.

The results contribute to the measurement of strategic dependence by showing that changes in SSIRI have
observable financial-market correlates. They do not establish that SSIRI changes cause equity returns or that equity-
market responses measure the welfare costs of dependence. Instead, they show that investors appear to revalue upstream
and downstream exposure when economically important forms of critical materials vulnerability change.

Future research could strengthen identification by combining firm-level input sourcing with product-level trade
exposure, exploiting discrete export-control or supply-disruption events, and constructing real-time vintages of
strategic-risk measures. Extending the analysis to additional countries and strategic sectors would also clarify when
structural import vulnerability is incorporated into financial-market valuations.
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Figure 1: Monthly Changes in Structural and Exposure-Weighted SSIRI

Notes: The figure plots standardized monthly first differences in the structural and fixed exposure-weighted SSIRI measures
for Critical Minerals and Advanced Materials (CMA) and Battery and Energy Storage Materials (BAT) from February 2004
through December 2025.
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B. China Critical Minerals and Advanced Materials (CMA)

Upstream Downstream Spread

Figure 2: Upstream, Downstream, and Spread Returns for CMA

Notes: The figure plots the monthly upstream return, downstream return, and upstream-minus-downstream spread used to
construct the dependent variables for Critical Minerals and Advanced Materials (CMA). U.S. portfolio-leg returns are measured
relative to the U.S. market; Chinese portfolio-leg returns are measured relative to the CSI 300. Returns are in percentage points.
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B. China Battery and Energy Storage Materials (BAT)
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Figure 3: Upstream, Downstream, and Spread Returns for BAT

Notes: The figure plots the monthly upstream return, downstream return, and upstream-minus-downstream spread used to
construct the dependent variables for Battery and Energy Storage Materials (BAT). U.S. portfolio-leg returns are measured
relative to the U.S. market; Chinese portfolio-leg returns are measured relative to the CSI 300. Returns are in percentage
points.
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A. Data Sources and Portfolio Construction
Tables 2 and 3 summarize the data sources, coverage, and economic roles assigned to the portfolios. This appendix

provides the constituent details needed to reproduce those portfolio definitions.
The U.S. portfolios use the value-weighted 49-industry returns from the Kenneth R. French Data Library. Portfolio

membership and weights are fixed before estimation. The BAT upstream portfolio equally weights Mines and
Chemicals; its downstream portfolio equally weights Automobiles and Electrical Equipment. The CMA upstream
portfolio equally weights Mines, Steel, and Chemicals. The CMA downstream portfolio equally weights Machinery,
Electrical Equipment, Automobiles, Aerospace, Defense, Computer Hardware, Semiconductors, and Laboratory
Equipment.

For China, the CMA upstream leg is the CSI 300 Materials Index. The downstream leg is an equal-weighted
composite of CSI 300 Industrials and CSI 300 Information Technology. Each leg is expressed relative to the CSI 300
market return before decomposition; subtracting the two relative returns yields the same upstream-minus-downstream
spread as subtracting the raw leg returns. The original exploratory BAT spread is CSI New Energy minus CSI New
Energy Vehicles. The alternative proxy is the CNI Battery Industry Index minus the Shenwan Automobile Industry
Index.

The frozen monthly analysis file is supplied because third-party endpoints, ticker histories, and revised provider
files can change. The replication notebook reconstructs all first differences, predictor lags, cumulative return outcomes,
and regression samples from the raw columns in that file. All factor and equity returns are stored in decimal units; tables
multiply estimated return coefficients by 100 and report percentage points.

B. Stationarity and Variable Transformations
Appendix Table 6 reports the stationarity tests that motivate the transformation used in the main analysis. The

ADF tests do not reject a unit root at the 5% level for either CMA level, and the KPSS tests reject level stationarity.
By contrast, the standardized first differences strongly reject a unit root and do not reject KPSS stationarity. The same
qualitative pattern holds for the BAT measures: level persistence is substantial, whereas monthly first differences are
suitable for the return regressions.

Alternative autoregressive innovations were also considered. Their ADF tests reject a unit root, but their KPSS
statistics continue to reject stationarity for the two CMA measures. First differences therefore provide the cleaner
common transformation and avoid conditioning the signal on a particular autoregressive model. In-sample regressions
standardize the monthly differences over the corresponding estimation sample. Recursive forecasts use lagged raw
differences; with an intercept, rescaling a predictor does not change the OLS forecast.

C. Additional Regression Results and Control Specifications
Table 4 reports the short-horizon estimates and their control sensitivity. The complete output for all four country-

sector spreads, both SSIRI measures, four horizons, and three control sets is supplied as all_main_regressions
_32_tests_by_specification.csv in the replication package. The file reports every coefficient, HAC standard
error, test statistic, unadjusted 𝑝-value, FDR-adjusted 𝑞-value, sample size, and adjusted 𝑅2. Timing, controls, and
multiple-testing families follow the definitions in Sections 3.3–3.7.

D. BAT Results and Equity-Proxy Sensitivity
Complete U.S. BAT estimates are included in the machine-readable regression output described in Appendix C.

This section focuses on the proxy sensitivity that limits interpretation of the Chinese BAT estimates.
The Chinese BAT evidence is more directly constrained by proxy validity. Over the common proxy sample, the

original CSI new-energy-minus-new-energy-vehicles spread produces exposure-weighted coefficients of 3.034, 3.430,
and 2.960 percentage points at 3, 6, and 12 months. The 6- and 12-month estimates survive correction within the
original-proxy family. In contrast, the CNI battery-industry-minus-Shenwan automobile spread produces coefficients
of −0.529, −3.179, and −6.171 percentage points at the same horizons.

The proxy spreads are negatively correlated, with horizon-specific correlations between approximately −0.18 and
−0.33. At 12 months, the alternative-minus-original coefficient difference is −9.131 percentage points and survives
correction across the proxy-comparison tests (𝑞 = 0.0365). These indices therefore represent different economic
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Table 6
Stationarity Tests for CMA and BAT SSIRI Levels and First Differences

Sector SSIRI measure Transformation Observations ADF statistic ADF p-value KPSS statistic KPSS p-value

CMA Structural Level 264 -2.8109 0.0567 1.0886 0.0100
CMA Structural First difference 263 -16.3881 0.0000 0.1556 0.1000
CMA Exposure weighted Level 264 -2.4670 0.1237 0.9372 0.0100
CMA Exposure weighted First difference 263 -13.3642 0.0000 0.1111 0.1000
BAT Structural Level 264 -2.7229 0.0702 0.6402 0.0190
BAT Structural First difference 263 -11.3683 0.0000 0.3920 0.0806
BAT Exposure weighted Level 264 -1.4300 0.5678 1.2774 0.0100
BAT Exposure weighted First difference 263 -10.7015 0.0000 0.0719 0.1000

Notes: The table reports augmented Dickey–Fuller (ADF) and Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests for the structural
and exposure-weighted SSIRI measures in the CMA and BAT sectors. The level series contain 264 monthly observations from
January 2004 through December 2025; first differencing removes the initial observation. Both tests include an intercept but no
deterministic time trend. The ADF lag length is selected using the Akaike information criterion, and the KPSS bandwidth is selected
automatically.
The ADF null hypothesis is that the series contains a unit root, whereas the KPSS null hypothesis is that the series is stationary around
a constant. For all four SSIRI measures, the level tests fail to reject the ADF unit-root null at the 5% level and reject the KPSS
stationarity null. In contrast, the first-difference tests strongly reject the ADF unit-root null and do not reject KPSS stationarity at the
5% level. The evidence therefore supports the use of monthly first differences rather than index levels in the equity-return regressions.
The first differences are subsequently standardized for estimation; standardization does not alter their stationarity classification.
ADF 𝑝-values reported as 0.0000 are positive values rounded to four decimal places. KPSS 𝑝-values of 0.0100 and 0.1000 represent,
respectively, the lower and upper bounds of the test’s tabulated 𝑝-value approximation and are not exact probabilities. SSIRI denotes
the Structural Strategic Import Risk Index; CMA denotes Critical Minerals and Advanced Materials; and BAT denotes Battery and
Energy Storage Materials. Structural SSIRI uses equal product-family weights, whereas exposure-weighted SSIRI uses fixed 2003
import-exposure weights.

themes rather than interchangeable upstream and downstream portfolios. Both constructions are disclosed, but neither
is treated as confirmatory evidence. The principal conclusions rest on CMA and the U.S. BAT null.

E. Joint-Measure Regressions, Timing Placebos, and Additional Robustness
Appendix Table 7 extends the headline joint U.S. CMA comparison to horizons from 1 through 12 months. It

reports the two coefficients, their individual and joint tests, the direct coefficient-difference test, signal correlations, and
adjusted 𝑅2. Separate Benjamini–Hochberg adjustments are applied to the structural, exposure, coefficient-difference,
and joint-test families.

Timing placebos retain the correctly dated signal and add an otherwise identical SSIRI change observed 6 or
12 months in the future. None of the 16 future-signal coefficients survives correction across the placebo family; the
smallest global placebo 𝑞-value is 0.93. The correctly dated coefficients remain economically larger and more precisely
estimated. The placebos therefore provide no evidence that the result is generated by a generic correlation with distant
future values of the index. They improve the timing audit but do not establish causality.

Additional checks preserve the signal date, the two-month gap, the current spread control, and the 6+ℎNewey–West
bandwidth while varying the financial and global-risk controls. The short-horizon U.S. and Chinese CMA exposure-
weighted results remain statistically and economically similar across these specifications.

F. Supplementary Pseudo-Out-of-Sample Analysis
Appendix Table 8 reports the complete expanding-window forecast comparison for the U.S. CMA spread under

the forecasting design defined in Section 3.8. It presents benchmark and model loss measures, out-of-sample 𝑅2, and
the Clark–West tests for the 120-month baseline training window.

Direct nested comparisons clarify the ranking. The combined model does not improve on the exposure-only model:
structural changes do not add beyond exposure changes (one-sided 𝑝 = 0.3324). Exposure changes do add beyond the
structural model (one-sided 𝑝 = 0.0080; 𝑞 = 0.0161). Relative to AR(1), the exposure model produces out-of-sample
𝑅2 values of 4.63%, 5.27%, and 5.38% with initial windows of 84, 120, and 156 months.
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Table 7
Structural and Exposure-Weighted SSIRI in Joint U.S. CMA Regressions
Horizon N Structural beta (pp) Structural p Structural q Exposure beta (pp) Exposure p Exposure q Beta difference (pp) Difference p Difference q Joint p Joint q Signal correlation Adjusted R2

1 261 0.2909 0.1584 0.3802 0.9081 0.0005 0.0054 -0.6172 0.1111 0.3333 0.0000 0.0003 0.3452 0.0365
2 260 0.3387 0.1554 0.3802 0.5323 0.0502 0.1003 -0.1936 0.6381 0.8401 0.0161 0.0484 0.3436 -0.0036
3 259 0.5305 0.0740 0.3802 0.7548 0.0351 0.0843 -0.2243 0.6754 0.8401 0.0034 0.0204 0.3437 -0.0080
4 258 0.0750 0.7993 0.8720 1.0991 0.0067 0.0400 -1.0241 0.0888 0.3333 0.0059 0.0236 0.3487 -0.0058
5 257 -0.1394 0.6913 0.8296 0.9246 0.0205 0.0615 -1.0641 0.0916 0.3333 0.0566 0.0849 0.3527 -0.0169
6 256 0.5205 0.2157 0.4315 0.7766 0.0711 0.1160 -0.2561 0.7186 0.8401 0.0204 0.0491 0.3570 -0.0078
7 255 0.2334 0.5220 0.7573 0.3653 0.4137 0.4137 -0.1319 0.8367 0.8401 0.4961 0.4961 0.3573 -0.0218
8 254 0.0257 0.9421 0.9421 0.9793 0.0113 0.0451 -0.9536 0.0975 0.3333 0.0334 0.0572 0.3590 -0.0167
9 253 0.5980 0.0771 0.3802 0.7479 0.0870 0.1160 -0.1499 0.8025 0.8401 0.0246 0.0492 0.3593 -0.0155

10 252 0.2204 0.5680 0.7573 0.8207 0.0786 0.1160 -0.6003 0.3480 0.8353 0.1565 0.1878 0.3463 -0.0116
11 251 0.4136 0.2807 0.4811 0.5586 0.3050 0.3327 -0.1449 0.8401 0.8401 0.2616 0.2853 0.3507 -0.0088
12 250 0.6606 0.1167 0.3802 0.8412 0.1068 0.1281 -0.1806 0.7819 0.8401 0.0906 0.1208 0.3505 0.0010

Notes: The table reports horizon-specific joint regressions for the U.S. CMA upstream-minus-downstream return spread. Standardized
monthly first differences in structural and exposure-weighted SSIRI, both dated 𝑡, enter each regression simultaneously. For horizon
ℎ, the dependent variable is the cumulative arithmetic spread return from 𝑡+2 through 𝑡+ℎ+1. The specifications therefore maintain
a two-month separation between the signal month and the beginning of the return window.
All regressions include the current U.S. CMA return spread, the market excess return, and the size, value, profitability, investment,
and momentum factors, all dated 𝑡. Newey–West HAC standard errors use 6+ℎ monthly lags. Coefficients are reported in percentage
points for a one-standard-deviation monthly increase in the corresponding SSIRI change. Structural SSIRI equally weights strategic
product families, whereas exposure-weighted SSIRI uses fixed 2003 import-exposure weights.
The beta difference is defined as 𝛽 Structural − 𝛽 Exposure. Its 𝑝-value tests the null that the two population coefficients are equal. The
joint 𝑝-value is from a Wald test of the null that both SSIRI coefficients equal zero. Individual-coefficient and coefficient-difference
𝑝-values are two-sided. Separate Benjamini–Hochberg corrections are applied across the 12 horizons for the structural-coefficient,
exposure-coefficient, coefficient-difference, and joint-test families. Accordingly, the four 𝑞-value columns should not be interpreted as
one combined correction across all 48 reported tests.
Signal correlation is the sample correlation between the standardized structural and exposure-weighted changes for the corresponding
regression sample. Statistical significance of one coefficient but not the other does not, by itself, establish that the two coefficients
differ; that inference is based on the reported difference test. Values reported as 0.0000 are positive values rounded to four decimal
places. Negative adjusted 𝑅2 values can result from the degrees-of-freedom adjustment. CMA denotes Critical Minerals and Advanced
Materials; pp denotes percentage points; and 𝑁 is the regression sample size.

For the 120-month design, the moving-block bootstrap places 95.6% of the AR(1)-relative out-of-sample 𝑅2

distribution above zero, but the two-sided interval [−0.008, 0.110] includes zero. This distinction is important: the one-
sided nested-model test supports forecast improvement, whereas the two-sided bootstrap indicates substantial sampling
uncertainty about its magnitude.

The cumulative gains rise over the evaluation period but include episodes of deterioration, showing that the forecast
advantage is not uniform over time. Moreover, finalized customs data and subsequent revisions are used. The exercise
therefore measures incremental statistical information and is not presented as a real-time trading strategy.
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Table 8
Out-of-Sample Forecast Performance for the U.S. CMA Spread
Benchmark Model OOS months Forecast start Forecast end Benchmark RMSE Model RMSE Model MAE OOS R2 Clark–West stat. Clark–West p Global FDR q

AR(1) Both changes 141 2014-04 2025-12 0.0434 0.0424 0.0333 0.0469 2.9896 0.0014 0.0217
AR(1) Exposure change 141 2014-04 2025-12 0.0434 0.0423 0.0334 0.0527 2.6273 0.0043 0.0337
AR(1) Structural change 141 2014-04 2025-12 0.0434 0.0434 0.0334 0.0029 1.5057 0.0661 0.3171
Historical mean Both changes 141 2014-04 2025-12 0.0433 0.0424 0.0333 0.0420 2.9102 0.0018 0.0217
Historical mean Exposure change 141 2014-04 2025-12 0.0433 0.0423 0.0334 0.0479 2.5359 0.0056 0.0337
Historical mean Structural change 141 2014-04 2025-12 0.0433 0.0434 0.0334 -0.0023 1.3639 0.0863 0.3452

Notes: The table reports expanding-window, one-month-ahead forecasts of the U.S. CMA upstream-minus-downstream return spread.
The initial estimation window contains 120 months, and the out-of-sample evaluation period extends from April 2014 through
December 2025. For target return 𝑟𝑡, the historical-mean benchmark uses the recursively estimated training-sample mean, while the
AR(1) benchmark uses 𝑟𝑡−1. The competing models add the structural SSIRI change dated 𝑡 − 2, the exposure-weighted change
dated 𝑡 − 2, or both changes. Consequently, the forecasting exercise preserves the two-month signal-to-return separation used in the
in-sample analysis. All model parameters and transformations are estimated recursively using information in the corresponding training
sample.
RMSE and MAE are calculated from monthly returns expressed in decimal units. Out-of-sample 𝑅2 is defined relative to the benchmark
shown in each row as

𝑅2
OOS = 1 −

∑

𝑡(𝑟𝑡 − 𝑟̂Model
𝑡 )2

∑

𝑡(𝑟𝑡 − 𝑟̂Benchmark
𝑡 )2

.

A positive value therefore indicates that the SSIRI model has a lower mean squared forecast error than the corresponding benchmark.
Clark–West statistics and 𝑝-values are based on the one-sided test that the larger, nested model does not improve forecast accuracy;
a positive statistic favors the SSIRI model. Global FDR 𝑞-values apply the Benjamini–Hochberg correction across the complete
24-comparison forecast family: four country-sector systems, two benchmarks, and three SSIRI models. The table displays the six
U.S. CMA comparisons.
The exercise uses finalized monthly trade data rather than real-time data vintages and does not explicitly model the historical
publication calendar. It should therefore be interpreted as evidence of incremental statistical forecasting information, not as the
performance of an implementable trading strategy. CMA denotes Critical Minerals and Advanced Materials; OOS denotes out of
sample; RMSE denotes root-mean-square error; MAE denotes mean absolute error; and FDR denotes false discovery rate.
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Figure 4: Cumulative Out-of-Sample Forecast Gains

Notes: The figure plots cumulative differences between the AR(1) benchmark squared forecast error and each SSIRI-model
squared forecast error. A rising line indicates lower cumulative squared loss for the SSIRI model. For target return 𝑟𝑡, the
benchmark uses 𝑟𝑡−1 and the predictors are SSIRI changes dated 𝑡 − 2. The evaluation uses finalized monthly data.
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G. Replication and Computational Details
The replication archive is designed to run without any project-specific Python module. After installing the pinned

requirements, the user opens SSIRI_Equity_Replication.ipynb, restarts the kernel, and runs all cells. The
notebook reads data/analysis_monthly_public_complete.csv, which contains 264 monthly observations from
January 2004 through December 2025, and writes machine-readable and Overleaf-ready outputs to outputs/tables/
and outputs/figures/.

The timing parameter is explicit and must remain SIGNAL_TO_RETURN_GAP = 2 to reproduce the manuscript. A
signal dated 𝑡 is paired with the one-month return in 𝑡 + 2, and an ℎ-month outcome sums returns from 𝑡 + 2 through
𝑡 + ℎ + 1. The spread at 𝑡 and all other controls are dated 𝑡; no variable from 𝑡 + 1 or the dependent return window is
used as a regressor.

The notebook reproduces Tables 6, 4, 5, 7, and 8, together with Figure 4. Frozen expected-results files are
verification targets rather than substitutes for estimation. Automated checks verify the upstream-minus-downstream
portfolio identities, the component-coefficient identity in Equation (10), selected manuscript estimates, and the
recursive forecast path. Exact software versions and the random seed are recorded in the package README,
requirements file, and reproduction manifest.

The executable core reproduces the original thematic China BAT spread from the frozen public data. Because
the alternative AKShare source observations were not retained in the frozen notebook export, their public retrieval
commands are supplied in an optional disabled cell. The appendix proxy comparison is archived as a reported sensitivity
exercise, but it is not included in automatic endpoint-dependent verification.
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