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JEL code: As global economic integration accelerates and international trade grows increasingly complex, trade demand

c67 shocks have emerged as a critical factor shaping the resilience of global industrial chains. This study develops a

Keywords: risk identification-resilience evolution—cost recovery framework to analyze the dynamic impact of demand-side

Decision portfolio trade shocks on industrial chain resilience. We model the effects of trade demand shocks on the inoperability of

Dynamic evolution industrial chains using bi-regional input-output tables for China and the United States (US) to assess the resil-

Resilience . I . . . . L.

Risk management ience .ar{d robustne§s of sectors. Tllus 15 achieved by cor}structmg static and dynaml.c decision models and
quantifying economic loss under various investment scenarios. The study analyzes three investment portfolios to
examine how investment strategies impact the resilience of Chinese and US industries. The results provide
targeted guidance for cross-regional industrial chain risk management, revealing that Chinese and US in-
vestments complement one another. China should prioritize manufacturing investment to support short-term
recovery and long-term resilience, and the US should focus on the service sector, which has a crucial influ-
ence on economic fluctuations and overall stability. These findings offer valuable insights for policymakers
seeking to mitigate the impact of external demand shocks while strengthening the international competitiveness
and resilience of industrial chains.

Introduction (US), ranging from US$34 billion to US$200 billion, with tariffs

involving agriculture, machinery, chemicals, steel, aluminum, and other

The contemporary global economy is facing severe challenges,
including slowing economic growth, the rise of protectionism and uni-
lateralism, commodity price fluctuations, increased instability and un-
certainty, and a significant increase in external import risk (Li & Fang.
2024; Hao et al. 2024). Therefore, effective risk management is crucial
for sustaining global value chains (Heckmann et al. 2015). Since the
outbreak of the Sino-US trade war in 2018, a series of tariffs and
nontariff measures have reshaped global supply and industrial chains. In
response, the Chinese government has implemented countermeasures,
including tariff policies, industrial support, and international coopera-
tion. For example, China has tariffs on imports from the United States
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industries generally spanning from 5 % to 25 % (Bown et al., 2021).
Rather than detailing the entire policy chronology, this study focuses on
how such trade tensions function as persistent exogenous shocks, posing
significant risks to industrial chain stability. These external demand
shocks pose significant challenges to the economic stability of China and
the US and the entire global economy. In this context, examining the
industrial chain resilience in China and the US under trade demand
shocks is increasingly crucial. Therefore, risk management and indus-
trial chain resilience have become critical research areas. For example,
Rostamzadeh et al. (2018) proposed multicriteria decision-making
methods to assess and manage sustainable supply chain management
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risks. However, many studies have remained limited by fragmented
approaches that lack integration across risk identification, dynamic
resilience evolution, and cost recovery trajectories, particularly through
the lens of organizational practices and decision-making when con-
fronting uncertainty (Matyas & Pelling, 2015). Additionally, standard-
ized metrics and sector-specific recovery mechanisms under sustained
demand shocks have been insufficiently explored.

Recent studies highlight the role of resilience in mitigating disrup-
tions and fostering sustainable economic development (Abdel-Basset &
Mohamed, 2020; Katsaliaki et al., 2022). Hosseini et al. (2020) and
Pettit et al. (2010) expanded resilience measurement research and
applied it to small and medium-sized enterprises’ management de-
cisions. However, the absence of standardized metrics has led to
inconsistent definitions of industry chain resilience, undermining the
comparability and generalizability of findings. Most studies rely on
static analyses (Hu & Zhang, 2023), failing to address the dynamic
evolution of resilience under extreme external shocks or the mechanisms
of recovery. Furthermore, traditional risk management approaches treat
resilience and risk as separate constructs, overlooking their dynamic
interplay (Liu et al. 2024). Moreover, previous research has not exam-
ined the interaction between risk identification and the evolution of
resilience. Addressing this gap is essential for advancing both the
theoretical and practical understanding of industrial chain resilience.

This study addresses three research questions. (1) How do trade
demand shocks affect static and dynamic resilience indicators? (2) How
does recovery vary between sectors in different countries? (3) How do
different investment portfolios and strategies influence cost-effective
recovery?

To answer these critical questions, we propose an integrated risk
identification-resilience evolution—cost recovery framework for indus-
trial chain risk management that systematically connects static sensi-
tivity, dynamic recovery, and managerial decision-making. The
proposed framework provides a more comprehensive basis for under-
standing and managing industrial chain resilience under complex trade
demand shocks. The main contributions of this paper are threefold. (1)
The study quantitatively assesses the resilience trajectory and economic
loss of Chinese and the US industrial chains under trade demand shocks.
(2) We develop and validate a static-dynamic-decision space risk
management framework that integrates risk identification, resilience
evolution, and cost recovery. (3) The results provide clear policy and
managerial recommendations that align with sector-specific strengths
and promote robust, adaptive recovery strategies for managing
continued global trade risks. By explicitly addressing research gaps, this
study contributes to advancing theoretical understanding and practical
applications for industrial chain resilience, supporting policymakers and
industry leaders navigating an increasingly uncertain global economic
environment.

Literature review and research approach

Amid growing uncertainty regarding the global economy and US—-
China trade tensions, industrial chain resilience has become a critical
research theme. In this section, we review recent advances in industrial
chain resilience research, focusing on three key areas of theoretical
foundation, measurement methods, the impact of exogenous shocks in
relation to this study’s approach.

Theoretical foundation

The concept of industrial chain resilience originates from the inte-
gration of “industry chain” and ‘“resilience.” While it draws on the
analytical approaches to economic resilience, it also incorporates
distinctive implications for industrial chain dynamics. Its theoretical
foundation is firmly rooted in broader theories of industrial organization
and economic linkages. Hirschman’s (1958) linkage effects theory
highlights the upstream and downstream interdependencies among
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sectors, while Gereffi et al. (2005) emphasize the governance of global
value chains, underscoring the role of interfirm linkages and institu-
tional contexts in shaping competitiveness and resilience. Collectively,
these perspectives suggest that an industrial chain is not merely a
collection of independent supply chains but rather a complex, interde-
pendent system through which shocks can propagate across multiple
transmission channels.

Subsequent studies extended this framework to incorporate adaptive
learning and proactive capacity (Bruneau et al., 2003; Rice & Caniato,
2003; Ponomarov & Holcomb, 2009). Martin’s (2012) four-dimensional
framework of regional resilience—resistance, recovery, reorganization,
and renewal—provides an important analytical framework for under-
standing the dynamic processes of industrial chain resilience, illus-
trating how economic systems absorb shocks, adjust to disruptions, and
evolve. Since then, research on industrial chain resilience has shifted
from static analysis to in-depth exploration of evolutionary mechanisms
and path identification, significantly advancing the field (Dormady
et al., 2019; Liu et al., 2024). Contemporary research has increasingly
emphasized the importance of embedding resilience within dynamic
systems that facilitate continuous adaptation and improvement
(Domingos et al., 2024).

Industrial chain resilience is intrinsically connected to input-output
theory. The input-output model highlights sectoral interdependencies
and the transmission of shocks across industries, making it a powerful
tool for analyzing the structural characteristics of industrial systems.
Acemoglu et al. (2012) demonstrated that microlevel shocks can be
amplified into macroeconomic risks through the topology of production
networks, providing a rigorous theoretical foundation for resilience
assessment based on input-output structures. Building on this, studies of
complex adaptive systems (Barabasi, 2009) demonstrate that network
topology, feedback loops, and adaptive interactions determine whether
local disruptions escalate into systemic crises. This perspective situates
industrial chain resilience within the broader literature on complex
systems and systemic risk.

Moreover, the resilience of industrial chains is increasingly recog-
nized as a fundamental aspect of risk management. From a supply chain
risk management perspective (Christopher & Peck, 2004), resilience
entails the capability to identify, assess, and mitigate risks while
ensuring continuity of operations. This links resilience not only to
postdisruption recovery but also to proactive strategies of vulnerability
mitigation and the enhancement of adaptive capacity. Integrating
resilience theory with risk management frameworks provides a more
comprehensive understanding of how industrial systems respond to
exogenous shocks (Tang, 2006).

Measurement methods

In the existing literature, industry chain resilience is primarily
assessed using three methodological approaches: the core variable
method, the comprehensive evaluation method, and the input-output
method. (1) core variable method. The core variable method is a
commonly employed approach in the study of economic resilience,
which characterizes resilience dynamics by identifying a single repre-
sentative variable and constructing a relative variability index. For
example, Jiang et al. (2023) employ stock returns to capture the level of
firm resilience. Building on this idea, several scholars in industry chain
research have employed the core variable method to evaluate industry
chain resilience. Di Tommaso et al. (2023) conceptualized “industry
resilience” and employed employment data from the US. Department of
Labor Bureau of Labor Statistics to measure resilience levels across in-
dustries. By constructing relative change indicators of employment, they
assessed industry resilience in terms of both resistance and recovery
capacity. (2) the comprehensive evaluation method. The comprehensive
evaluation method refers to the overall assessment of multiple indicators
in complex systems. It relies on multicriteria decision-making (MCDM)
tools to address and evaluate complex decision problems. MCDM
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approaches have been widely applied in resilience research (Briguglio
et al., 2009; Bolson et al., 2022). The comprehensive evaluation method
is primarily suited for describing resilience at a macro, static level.
However, it does not capture the dynamic characteristics of individual
nodes at the micro level, such as their resistance and response capacities.
(3) input-output model. The input-output model enables the tracing of
economic flows using empirical data, facilitating the analysis of in-
terdependencies among sectors and regions. This capability has drawn
substantial attention from scholars in supply chain, value chain, and
production network research, and has increasingly been extended to the
study of industrial chains. These findings provide a theoretical basis for
assessing resilience through input—output structures. A key advantage of
employing the input-output model to study industrial chain resilience is
its ability to capture the interindustry associations and accurately flow
value among different production links, effectively representing the
“chain attributes” of the industrial system.

Impact of exogenous shocks

In response to rising global uncertainty, scholars have increasingly
investigated the impact of exogenous shocks on industrial chain resil-
ience. Existing studies have mainly concentrated on identifying the
types of shocks and their corresponding transmission mechanisms.
Classification frameworks developed by Hernes et al. (2022) established
a theoretical approach for identifying shock types and predictability. To
investigate transmission mechanisms, Ikeda and Iyetomi (2018) pro-
posed a model to examine the structural effects of trade policy changes
on global trade networks, and Garvey et al. (2015) used a Bayesian
network approach to simulate the impact of external shocks. Addition-
ally, research has begun to link risk with resilience by focusing on risk
identification, assessment, and mitigation strategies (Brandon-Jones
et al. 2014; Ali et al. 2024). Logan et al. (2022) proposed an analytical
framework for enhancing resilience in integrated systems. Research on
external shocks continues to evolve, yielding increasingly significant
theoretical and practical implications.

Current research on industrial chain resilience and risk management
remains limited, often offering only superficial definitions that overlook
the nature, structure, and interconnections of industrial chains. This gap
hinders a comprehensive understanding of resilience across industries
and regions when faced with external shocks. Resilience measurement
lacks standardization, with varied concepts and indicators complicating
the quantification of dynamic risk interactions. Most studies are static,
missing the evolution of resilience and mechanisms for resistance and
recovery from demand shocks. Additionally, resilience and risk are often
studied separately, ignoring their interdependencies and cost implica-
tions. In response, we propose a novel risk identification-resilience
evolution—cost recovery framework that explicitly links demand shocks
to resilience trajectories and the associated recovery costs through
input-output modeling. This approach advances the research by
addressing the dynamic interaction between risk and resilience and re-
veals actionable insights for policymakers and managers facing complex
global shocks.

Research design
Theoretical background and research framework

This study combines dynamic and static input-output modeling to
analyze industrial chain resilience under exogenous trade shocks using
an inoperability input-output model (IIM) and a dynamic input—-output
model (DIIM). To strengthen its theoretical anchoring, the framework
draws on organizational contingency theory, which suggests that
managerial strategies should adapt to external uncertainty (Donaldson,
2001). Our decision space design offers a strategic managerial tool for
optimizing resource allocation and recovery actions under different
shock scenarios, which is consistent with previous research on
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decision-making amid uncertainty (March & Shapira, 1987).

The core framework follows a static-dynamic-decision space pro-
gression. First, our static analysis quantitatively assesses the industrial
chain’s initial resilience to external shocks, identifying system sensi-
tivity to investment and providing a foundation for subsequent risk
management decision-making. Second, our dynamic analysis examines
the postshock recovery and resilience process, quantifying key in-
dicators such as recovery speed and cycle time. Finally, our proposed
decision space for resilience risk management integrates static and dy-
namic insights, analyzing the impact of alternative recovery strategies
on short-term stability and long-term performance. The results offer
quantitative support for optimizing resource allocation and enhancing
industrial chains’ shock resistance and recovery capacity.

Overall, our proposed integrated framework bridges quantitative
modeling with organizational behavior theory, providing theoretical
and practical insights for risk management under complex trade
disruptions.

Inoperability input-output model

The IIM extends the traditional input-output model to analyze how
irregularities propagate across interrelated industrial sectors. The basic
equation is expressed as follows:

g=(I-A)¢ m

where q indicates the degree of inoperability, which measures the extent
to which the infrastructure or industry sector does not function as
planned. For n interrelated sectors, X and C denote the planned
aggregate output and final demand at equilibrium, X and C represent the
equilibrium of aggregate output and final demand following the shock.
Therefore, the respective expressions for inoperability (¢) and demand
shock (c*) are ¢ = [diag(X)] "(X — %) and ¢’ = [diag(%)] ' (€ —
©).

We define [diag(X)] ' A[diag(X)] as matrix A", which represents the
degree of economic-technological interdependence between industrial
sectors. The key assumption of our proposed model is that the structure
of economic interdependence, denoted by the matrix A*, remains un-
changed when aggregate demand satisfaction and the resulting output
change.

Dynamic inoperability input-output model

We use the general DIIM proposed by Miller and Blair (2009) as
follows:

x(t) = Ax(t) + c(t) + Bx(t) @)

where B is a matrix of investment coefficients, which measures the
public sector’s willingness to invest capital in different sectors. When the
DIIM reaches equilibrium, i.e. X(t) = 0, a modified traditional dy-
namic input-output model sets B = —1I to use the model as an
adjustment mechanism that determines supply—demand imbalance in
the economy’s output at time t (Haimes et al. 2005).

We introduce the recovery coefficient k to adjust the supply-demand
imbalance and reach a state at which aggregate output and aggregate
demand are in equilibrium at time t. Here, K = diag(ks,...,kn) is the
diagonal matrix of industrial sectors’ recovery coefficients, and the
nonzero diagonal element k; of the ith sector is defined as the industrial
recovery coefficient that indicates the sector’s ability to recover from a
disturbance. The matrix of industrial recovery coefficients determines
industrial sectors’ exponential dynamic evolution, where a larger k;
value indicates faster economic system reaction to the supply—-demand
imbalance.

Then, the general formula for our proposed DIIM is as follows:
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d(t) = K|A'q(t) + ¢'(t) — q(t)] ®

The DIIM incorporates industrial sectors’ interdependence, the sto-
chastic nature of the dynamic process, and the theoretical foundations of
the IIM model. Equation (3) is the standard form of a first-order differ-
ential equation, and its solution can be obtained as follows when the
initial value of q(0) is obtained:

t
q(t) = e 4q(0) + / Ke M0400¢ ()dz @
0

Equation (4) is solved assuming that the ¢’ (t) perturbation of final
demand is fixed as follows:

q(t) = (1 — A")'c’ + XA q(0) — (1 — A)) ¢ )

If time is discrete, the demand-driven DIIM can also be represented in
the form of the following difference equation:

q(t + 1) — q(t) = K[A'q(t) + ¢'(1) — q(0)] 6)

We next analyze the DIIM dynamics of the recovery process after a
disruption of production in the industrial sector caused by an external
shock. Following an external shock, economic output (x(t)) decreases to
a smaller x(t). When final demand is held constant, the sector’s aggre-
gate demand (AX(t) + C(t)) will exceed the sector’s output X(t), after
which the affected sector gradually recovers its production capacity, and
the demand-supply imbalance (Ax(t) + C(t) — X(t)) progressively
narrows until the sector recovers its ability to supply sufficient output to
meet aggregate demand.

When an external shock occurs, aggregate output in the economic
sector begins to decrease, resulting in the sector’s inability to function
properly (g(0) > 0), assuming that aggregate demand in each industrial
sector remains unchanged following the shock (¢* = 0). Equation (5)
can be simplified as follows:

q(t) = e X4g(0) @

The above equation describes the economic system’s dynamic re-
covery process when output changes while final demand remains con-
stant. As t—oo, q(c0) = 0, indicating that the economic sector can
gradually recover from its functionally constrained initial state to full
normal operation with sufficient recovery time. Therefore, a longer re-
covery time indicates a higher likelihood that the economic system will
stabilize after an external shock, achieving resilient recovery of the
entire system.

In analyzing the rate of recovery of the sector, we assume that in-
dustrial sector i recovers from the initial perturbation ¢;(0) > 0 to a
new state g;(T;) after time T; and brings supply and demand to a new
equilibrium state. At this point, the following relationship can be ob-
tained from equation (7):

_ In[gi(0)/qi(Ty)] 1
K- ()

(8)

As shown in equation (8), the actual recovery rate of industrial sector
i includes two components. One is the sector’s own recovery rate, and
the other is the recovery rate influenced by other sectors. This indicates
that the sector’s recovery depends on its own capacity as well as that of
related sectors.

Recovery rate K has a range of (0, 1), and values within this range
ensure that K(I — A") has positive eigenvalues, which is a necessary
condition to ensure that the solution of equation (4) does not diverge
and can converge to a stable state when performing dynamic modeling
to conduct an effective assessment of the industrial chain’s resilience.

Building on this, the next section introduces the set of dynamic
resilience indicators used to assess the cost of industrial chain adjust-
ment to meet actual demand in response to contingencies and corre-
sponding risk management strategies.
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Industrial Chain resilience assessment indicators

This section establishes an industrial chain resilience indicator
framework covering static and dynamic dimensions to evaluate indi-
vidual planning scenarios while ensuring consistent metrics across
diverse perspectives. In the static resilience decision space, resource
allocation changes for resilience-building at varying investment levels
impact resilience metrics. Conversely, the dynamic resilience decision
space assesses the industrial chain’s resilience and recovery capacity by
fine-tuning parameters of recovery time, cost, and maximum inoper-
ability. This framework facilitates a thorough analysis of the industrial
chain’s adaptability and recovery efficiency across different planning
pathways in response to shocks.

Static resilience decision space

Rose and Krausmann (2013) defined static toughness as a system’s
ability to return to a stable state following a shock, where g; represents
the actual percentage change in system performance following a shock
event, and gmqy denotes the percentage change in system performance
under the worst-case scenario.

We redefine the static toughness indicator (R;) as follows:

Ri — Gmax — qi (9)
Gmax
whereD" = [d;] = [I — A"]', and from equation (1),q = D'c’,
then the degree of sector i’s inoperability can be expressed as q; =
14565 Gimae = D — 1 A€ e SUbstituting g; and gimax into

equation (9) yields the following expression:

P v/ . Y- L (cj_,z.,i ) o)
Zj - ldijcj.max Ej - ldijcj.max

Equation (10) demonstrates that the sectoral static resilience indi-
cator R; is influenced by the difference between expected and maximum
demand perturbations. In practice, efficient resource allocation can
significantly reduce the impact of shocks, enhancing sectoral resilience.
While the ideal scenario would minimize demand shocks in each sector,
planning is often limited by available resources and investment.
Consequently, optimizing investment in each sector is essential for
maximizing resilience. In this context, R; functions as a decision support
tool that offers valuable guidance for investment and resource
allocation.

Let cj = f (/}j)cj"max, where f (/ij) €[0,1] is a monotonically
nonincreasing function on the investment amount f;, which indicates
that sector j adopts certain managerial measures to reduce the maximum

demand perturbation. Then equation (10) can be further transformed as
follows:

Z;: 1dz;cjf.max(l - f(ﬂ)) - d;ijax
Ri = n . =1 - e T — i
Zj - ldijcj‘max j; Zj - 1dijcj.max f(ﬁ])
an
dic;

o ij ~j.max
Let wy =

~r s
E d.c
j = 1% max

, then equation (11) can be further simplified

as follows:

Ri=1- > wfp) (12)
j=1

where WU represents the interconnections between sector j and other
sectors and the impact of demand disturbances on the resilience of sector

i. A higher wl] value indicates a lower expected f </}j> value. Because a

lower wl}f (ﬂj) value represents a higher R; value, sector i has higher
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toughness. Comparing different Wu values for sector j is of great signif-
icance for determining possible f <ﬁj> values. This will guide us

regarding which sectors should receive more investment in the planning
process. Therefore, the interdependence between sectors, expressed
through weights, provides an important reference for developing tar-
geted resource allocation strategies.

Another indicator of the static decision space is the sensitivity of
sectoral static resilience R; to investment f;. We use the partial deriva-
tive of both sides of equation (12) with respect to §; to indicate the

sensitivity of sectoral static toughness to investment, where ‘;—’;f = -
7

«Of (B . i . . . .
W Y a(/;/] ). This sensitivity reflects investments’ effectiveness in promoting
7

resilience. The portfolio (R;, IRy

9%;
static resilience for sector i, assessing the relative value of different
resilience and planning scenarios in strategic decision-making.

) serves as a multidimensional measure of

Dynamic toughness decision space

This section focuses on the decision space of dynamic resilience
metrics, constructing multidimensional functional relationship F =
&(T,q™,7,K) through various metric combinations. This approach will
deepen the understanding of the system’s recovery dynamics in response
to external shocks.

Function F represents the average normal system level over time T,
which is expressed as follows:

F= fo(l%‘l(t))‘“ -1 %/q(t)dt as)

Substituting equation (5) and assuming the system’s dynamic
response results from the initial inoperability with no further demand
perturbations (i.e. no change in final demand after the shock (c'(t) =

0) and q(0) = g™, Vt) yields the following:

1

le—?

"1 _ e—k(I—A‘)t" ”C(I _ A’*)-‘*lqm (14)

To simplify the analysis, we substitute k(I — A") = « into equation
(14), yielding:

1

F=1- —[1-e™|q" 1
pe R (15)
Then the expression for F; for the industry sector is ; = 1 —
L[l _ e*{lﬂ,‘]ql_li
o T i

For a fixed recovery period T, the F; value can be calculated by
combining parameters a;, 7;, and g}". The previous analyses demonstrate
a relationship between recovery time 7; and recovery rate k; and a
Yo al]> and 7;. We take aj7; =
L;, defining it as a constant. In this way, F; can be expressed as a

combinatorial function with respect to 7; and g" as follows:

1

correlation between o; = kii(l —

L

F, = 1 -
LT

1 - e"]ng)" (16)

8
where F;, 7;, and q" denote the three indicators of dynamic resilience.
Combined, these indicators reflect the industrial sector’s recovery
characteristics when facing shocks. F; denotes the average normal level
per unit of time, which measures the system’s overall stability over re-
covery period T, 7; represents recovery time, which refers to the time
required for the industrial sector to recover from a disturbance to supply
and demand equilibrium. g}" is the maximum degree of disturbance,
indicating the maximum deviation from the industrial sector’s equilib-
rium state in terms of demand or supply and the size of the equilibrium
state.

To better understand L; (the degree of shock recovery), we definer; €
(0,1] as the proportion of the system that recovers from g;" to g when
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the system reaches supply and demand equilibrium using equation (9) as
follows:
nt

ro= 4q; ; q; a7)
4;

where qf denotes the degree of inoperability when the system reaches
supply and demand equilibrium. Then from equation (19), we obtain
(I — r)g" = . The previous analysis indicates that

kii(l — Z]": 1 au> 7; = L; is in the same form as equation (8), which

obtains the following:

_ ql!n . o
L = ln(—1 - riq}“) = —-In(1 - r) (18)

Empirical results

In 2024, amid the dual challenges of heightened global economic
recovery pressure and escalating trade protectionism, the trade ties
between the US and China are once again confronted with considerable
obstacles. Notably, manufacturing and services sectors have experienced
substantial trade demand shocks, resulting in significant resource dis-
tribution shifts, industrial structures, and pricing dynamics in both na-
tions. This section examines the manufacturing and service sectors in
China and the US, employing the enhanced DIIM. Integrating the
concept of inoperability, we simulate and analyze the recovery these
industries’ trajectories in response to demand shocks. The findings offer
valuable insights for policymakers and business leaders, providing a
more comprehensive understanding to address the effects of trade dis-
ruptions on industrial chains, while also refining policies to support
sustainable economic recovery.

Measuring sectoral irregularities in China and the US

Our data sources include the latest Multi-Regional Input-Output
(MRIO) tables for 2023 from the Asian Development Bank (https://kidb.
adb.org/globalization/current). Input-output data for China and the US
are obtained using the original table, based on which, referencing the
corresponding table of MRIO industry classification published by the
Bank of Asia (https://kidb.adb.org/globalization/current), we merged
industries in C3-C16 categories, classified as manufacturing industries,
and industries in C19-C35 category are grouped as service industries.
We then construct input-output tables for the two sectors in China and
the US as the baseline data prior to trade shocks. We obtain import and
export data for China and the US in 2022 and 2023 from the US-China
Business Council (https://www.uschina.org/articles/us-exports-to-ch
ina-2025/)as the baseline data for trade demand shocks to calculate
the initial China-US circumstances. Table 1 presents the dynamic evo-
lution of manufacturing and service industries’ inoperability in the US
and China and associated economic loss using regional input-output
tables and US-China trade data.

Initial demand disturbance

Initial demand perturbation is a prerequisite for assessing industrial
chain resilience, wherein an economy encounters a trade shock at a
specific point in time. This shock arises from a shift in demand that
causes an imbalance between imports and exports on both sides of trade,
which disrupts the assumed equilibrium of normal input-output supply
and demand. The central aspect of simulating demand shocks in this
study is to assess how initial demand fluctuations affect the economic
system’s degree of inoperability, assuming that aggregate output re-
mains constant. Table 2 details the changes in import trade between
China and the US for 2022 and 2023, which we use to simulate the initial
demand shocks for both countries following tariff increases. We calcu-

late these shocks using the following formula:

Industry import value in 2022 — Industry import valuein 2023
Industry import value in 2022

, and each industry’s initial
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Table 1
Bi-regional Input-Output Tables for the US and China (2023, $ billion).
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Region Sector China (r) US (s) Final Demand Total output
Manufacturing (1) Services(2) Manufacturing(1) Services(2)
China(r) Manufacturing(1) 8.548 2.330 0.007 0.009 4.232 15.126
Services(2) 3.051 5.204 0.005 0.001 9.045 17.306
US(s) Manufacturing(1) 0.051 0.012 1.768 1.237 2.740 5.808
Services(2) 0.026 0.033 1.606 10.877 21.423 33.965
Value added 3.450 9.727 2.422 21.841
Total investment 15.126 17.306 5.808 33.965
export markets and complex industrial chains. In contrast, China’s ser-
TaPle 2 . . o vice sector is more localized (e.g., logistics and retail), which is less
China-US bilateral import trade data ($ billion). . . . .
impacted by international trade and recovers more quickly. The US
Bilateral trade Year Manufacturing Services manufacturing sector relies heavily on imports from China and other
China imports from the US 2022 1,170 510 Asian countries, which makes it more vulnerable to supply chain dis-
2023 1,150 500 ruptions and results in a longer adjustment cycle. However, the US
US imports from the China §g§§ 2’:(5)8 igg benefits from stronger technology and capital investments, which

demand  perturbation is calculated as follows: Cyp =

(0.017 0.020 0.061 0.080)".

Inoperability analysis

Inoperability measures the degree to which an infrastructure or in-
dustry sector deviates from its planned functionality following a trade
shock, which is a key indicator of industrial chain resilience. The re-
covery cycle denotes the time required for the chain to adapt to a new
supply and demand structure and return to normal operations after a
trade shock. Baier and Bergstrand (2007) indicated that the economic
adjustment period following a trade policy shock typically spans 6 to 12
months. During the 2018-2019 US—China trade conflict, tariff changes
shifted China’s export commodity strategies, with an average recovery
time of approximately one year before stabilization.

The previous analysis indicates that the degree of industrial inoper-
ability following a trade shock exhibits an exponential decline. There-
fore, we define the industrial chain recovery cycle as one year, with T =
365 days. To observe the evolution of industrial chain inoperability
throughout the recovery process more comprehensively, we divide the
cycle into three phases, covering t = 90, t = 180, and t = 365. Addi-
tionally, industrial chain adjustment is closely linked to the recovery
rate, which depends on factors such as recovery time, recovery state, and
the initial disturbance, as noted earlier.

China’s manufacturing sector is a significant proportion of the global
supply chain; however, its adjustment rate is constrained by reliance on

facilitate a certain degree of recovery. In contrast, the US service sector,
which constitutes a larger proportion of the nation’s GDP, is more
flexible (e.g., financial and IT services), less affected by trade, and ex-
periences a shorter recovery cycle, bolstered by a large domestic con-
sumer market that drives recovery.

To simplify the calculation process and facilitate the comparison of
recovery rates across sectors, we set the recovery rates for the
manufacturing and service industries in China and the USask] = 0.06,
kK, = 0.09, ki = 0.05, and kj = 0.08. These values are used to
simulate the dynamic evolution of various sectors’ inoperability in both
countries.

Fig. 1 illustrates the variations in inoperability across sectors in
China and the US following a trade demand shock. China’s
manufacturing sector experiences an initial rise in inoperability,
reaching approximately 0.045 at t = 90 days, and stabilizes at 0.05 by t
= 114 days, attaining equilibrium. The sector exhibits a substantial
initial shock and rapid rise in inoperability, after which the growth rate
flattens, reflecting the industry’s instability. In contrast, the service
sector’s inoperability increases more gradually, reaching around 0.04 at
t = 90 days, which is significantly lower than that of the manufacturing
sector. By t = 76 days, the service sector’s inoperability stabilizes at
approximately 0.035, reaching equilibrium. The service sector exhibits
smaller effects, slower inoperability growth, and lower long-term sta-
bility. The shaded region reveals that the service sector’s cumulative
inoperability is much lower than that of the manufacturing sector,
indicating that this sector contributes less to industrial chain fluctua-
tions. To evaluate the robustness of the model under parameter
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Fig. 1. Dynamic evolution of industrial irregularity in China and the US.
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uncertainty, we conduct a sensitivity analysis using Monte Carlo simu-
lations. The results and associated confidence intervals presented in the
Fig. 1 demonstrate that the qualitative behavior of the model and its
equilibrium points remain consistent across simulations. This indicates
that the model is robust to moderate variations in parameter values.
Overall, this analysis confirms that our results remain robust in the
presence of parameter uncertainty, supporting the stability and validity
of the proposed model.

For the US, the inoperability in the manufacturing sector stabilizes at
0.12 by t = 122 days, reaching equilibrium. The manufacturing sector in
the US experiences larger initial shocks but smaller subsequent growth,
indicating greater overall stability. In contrast, the inoperability in the
US service sector rises to 0.12 by t = 90 days, which is significantly
higher than that observed in China during the same period. The inop-
erability in the US service sector stabilizes at 0.12 by t = 92 days,
reaching its equilibrium point. The US service sector exhibits a rapid
initial response, with long-term performance similar to that of the
manufacturing sector’s inoperability, reflecting the US economy’s high
dependence on services.

In conclusion, China’s economic shocks are predominantly concen-
trated in the manufacturing sector, with the highest degree of inoper-
ability at 0.055, which is considerably higher than the 0.04 observed for
the service sector. This indicates that the manufacturing sector is the
primary source of economic fluctuations in China. In contrast, the
inoperability in manufacturing and service sectors in the US is compa-
rable, stabilizing at 0.12. However, the service sector shows slightly
higher sensitivity to demand shocks than the manufacturing sector.
Therefore, China should focus on enhancing its manufacturing sector’s
risk resilience and gradually increase the share of the service sector to
optimize its economic structure. Furthermore, the US should prioritize
strengthening its service sector’s stability to reduce the amplifying
impact on economic fluctuations.

Economic loss analysis
The cumulative economic loss formula for each industry sector i is as
follows:

o) = % [a(d 19)

where X; denotes industry i’s expected output when it is undisturbed,
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and Q;(t) denotes sector i’s cumulative economic loss up to time t.

Fig. 2 illustrates the dynamic trend of economic loss over time,
divided by sector for China and the US. Regarding the scale of economic
loss, China’s manufacturing sector experienced a gradual upward trend,
reaching approximately $82 million. In contrast, China’s service sector
incurred lower economic loss, with growth slowing over time and ulti-
mately stabilizing at around $73 million. Economic loss in the US
manufacturing sector increased at a faster pace, peaking at around $74
million. However, the US service sector experienced the largest eco-
nomic loss, exhibiting a rapid growth phase reaching more than $430
million, followed by stabilization.

In terms of dynamic trends, in the initial period (0-50 days), eco-
nomic loss increased rapidly in all sectors, with the most significant rise
observed in the US service sector, followed by the Chinese
manufacturing sector. In the middle period (50-200 days), the growth of
economic loss across all sectors slowed considerably, and the curves
gradually leveled off, with China’s service sector exhibiting the slowest
growth and consistently remaining at the lowest level. In the later period
(200-365 days), economic loss stabilized in all sectors, with the US
service sector maintaining the highest level, while the Chinese service
sector remained at the lowest level.

Overall, China’s economic loss was primarily driven by the
manufacturing sector, with a smaller impact on the service sector. This is
closely associated with the relatively high share of manufacturing in
China’s GDP and its significant role in international trade. In contrast,
economic loss in the US was primarily concentrated in the service sector,
with loss in this sector far surpassing those in manufacturing. This re-
flects the service-oriented economic structure in the US and the ampli-
fying effect of external shocks. Considering this, China should focus on
enhancing its manufacturing sector’s risk resilience and promoting
service sector growth to diversify economic risks. Furthermore, the US
should work to strengthen its service sector’s stability, improve con-
tingency planning, and reduce the amplifying impact of the sector amid
overall economic shocks.

Decision space for industrial Chain’s static toughness

The industrial chain’s static resilience decision space comprehen-
sively integrates resilience indicators that combine initial perturbation
and inoperability levels with the industrial sector’s investment function.
This framework can effectively guide the development of sectoral

Economic Losses (US$ Billion)

—— China’ s Manufacturing
95% CI (China’ s Manuf.)
=== China's Service Industry
95% CI (China’s Service)
—-= [S’s Manufacturing
95% CI (US’s Manuf.)
------ US’s Service Industry
95% CI (US’s Service)

200 250 300 350

day

Fig. 2. Economic loss by sector in China and the US.
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recovery investment plans in the context of trade shocks. This section
further analyzes industrial chains’ static toughness based on the previ-
ous analysis using the regional input-output data for the two sectors in
China and the US as presented in Table 1. The primary intent of this
section is to explore how to effectively plan for the recovery costs
associated with industrial chain toughness following economic loss
induced by demand shocks to facilitate rapid recovery and industrial
chain stabilization.

We calculated the matrix using the data in Table 1 as follows: D* =

2.5253 0.5563 0.0018 0.0028

vl 0.6369 1.5705 0.0005 0.0009
I1-A"] = . Due to the

0.0359 0.0130 1.4688 0.4601

0.0062 0.0038 0.1022 1.5031

impact of the trade war, which results in a decline in final consumption
in both countries, we assume that the maximum demand perturbation to

0.3
0.3
03 |’

0.3

and that the investment function for each industrial sector is f(5;) =

e, where in keeping with the previous analyses, §; denotes the
amount of investment required to bring the system to equilibrium be-
tween supply and demand. ; and f, represent the respective amount of
investment in China’s manufacturing and service sectors, and f; and /3,
represent the respective amount of investment in the US manufacturing
and service sectors. This can be obtained by using equation (12) as
follows:

the industrial sectors in China and the US is the same, C,,,,, =

R 1-0.8192¢ " —0.1805¢ "2 — 0.0006e > — 0.0009¢ #+
R, 1-0.2880e /1 —0.7114e "2 —0.0002¢ ”s — 0.0004e #+
R |~ |1-0.0182¢" —0.0066e" —0.7435¢ " —0.2327¢ "
R, 1-0.0038¢ ™ —0.0024e”2 — 0.0633¢# — 0.9309¢

Using the above results, we obtain the weights representing the
impact of investment amounts on industrial chain resilience in different
industries in China and the US. We calculate each industry’s investment
sensitivity by applying partial derivatives to the investment coefficients
of the industrial sectors, which yields the following:

[0R; oR; oR: ORY, |
0py 9P, 9Ps 0P,

oR;, OR; AR, OR, 0.8192¢ "1 0.1805¢ " 0.0006e s 0.0009¢
0py 9P, 0P5 0P,
OR}, R}, ORY ORY,
0py 0B, 0P3 0P,
OR, R, OR!, JR,,
0py 0p, B3 0P,

0.2880e "1 0.7114e " 0.0002¢ " 0.0004¢ #+
0.0182¢™"1 0.0066e~"> 0.7435¢ 7 0.2327¢
0.0038¢~#1 0.0024e~"> 0.0633e " 0.9309¢

Specifically, the resilience of Chinese manufacturing is more sensi-
tive to US services investment (0.0009) than US manufacturing invest-
ment (0.0006). The Chinese service sector’s resilience is more sensitive
to US services investment (0.0004) than US manufacturing investment
(0.0002). The resilience of US manufacturing is more sensitive to Chi-
nese manufacturing investment (0.0182) than Chinese service sector
investment (0.0066). Similarly, US services exhibit a higher sensitivity
to Chinese manufacturing investment (0.0038) than Chinese services
investment (0.0024). These results indicate that China’s manufacturing
investment has a greater impact on the US industrial chain’s resilience,
while the US primarily influences China’s industrial chain resilience
through service sector investment.

To better illustrate the impact of different investment amounts on
industrial sectors’ static resilience, we plot response curves for each
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industry to clarify the influence of investment strategies on industrial
chain resilience and recovery.

Regarding the investment function, the exponential decay form is
supported by the typical diminishing marginal returns observed in
resilience investments (Sheffi & Rice, 2005). This is consistent with
previous studies demonstrating that the marginal benefit of additional
investment in resilience measures tends to decrease as initial vulnera-
bilities are addressed (Blackhurst et al. 2011). Therefore, the selected
function reflects previous empirical evidence and theoretical expecta-
tions regarding resilience capacity saturation.

The results in Fig. 3 indicate significant cross-country and cross-
sector differences in resilience responses. From the cross-sectional
analysis, For China’s manufacturing sector (R}), the sensitivity to
parameter f, is the highest, revealing that as g, increases, R] rises
rapidly and eventually converges to 1, while the impact of parameters
P2 B3, and p, are negligible. Resilience in China’s service sector (R}) is
most sensitive to f,, with minimal effects from other parameters.

In contrast, the US manufacturing sector (R}) has the strongest
response to f33, and the US service sector (R}) responds most significantly
to f4. These sector-specific response curves confirm that targeted do-
mestic investments can have a dominant effect on improving resilience
compared with other parameter variations.

From a vertical comparative perspective, the results reveal that the
investment parameters #; and f, have the greatest impact on the resil-
ience of China’s manufacturing and service industries, respectively.
Conversely, investment parameters f; and f, are most influential in
enhancing the resilience of US respective manufacturing and service
industries. This demonstrates that targeted investments in each coun-
try’s own industries are more effective in improving industrial chains’
resilience. Although these investments may have spillover effects that
support the resilience of related industrial chains, their impact is less
pronounced compared with the recovery effects of direct investments in
the respective domestic industries.

To further examine these interactions, we fix China’s investment
levels (5, =, = 1) and vary US investment portfolios (3, ;). As shown
in Table 3, this scenario highlights how different US investment com-
binations influence the static resilience Chinese and US industrial
chains. These portfolio analyses provide an empirical basis for identi-
fying cost-effective investment mixes that balance direct domestic re-
covery effects with feasible cross-national spillovers.

Table 3 illustrates the impact of various combinations of US invest-
ment in manufacturing and services on China’s industrial chain, with
fixed investments in China’s manufacturing and service sectors. The
results comparing Plans A and B reveal that when US investment in the
service sector remains constant and investment in US manufacturing
rises, China’s manufacturing sector resilience improves slightly, while
that of China’s service sector remains unchanged. In contrast,
comparing Plans B and C, with US investment in manufacturing held
constant and investment in the US service sector increased, China’s
manufacturing and service sectors show improved resilience. Finally,
comparing Plans A and C, where both US manufacturing and service
investments rise, the resilience of both China’s manufacturing and ser-
vice sectors improves accordingly.

Fig. 4 illustrates the impact of a fixed Chinese investment portfolio
on US industrial chain resilience. When parameters $; and f, are fixed,
increasing parameter f; significantly enhances the US manufacturing
sector’s toughness more than the service sector, while $, remains con-
stant. Conversely, when f is held constant and f, is increased, the US
service sector’s resilience improves more than the manufacturing sector,
although the overall increase remains lower than that observed for
manufacturing. These findings indicate that investments in US
manufacturing are more likely to facilitate overall industrial chain
resilience and recovery. The results of this sensitivity analysis indicate
that different investment portfolio strategies have varying impacts on
industrial chain recovery and resilience.
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Fig. 3. Sensitivity analysis of US and China industrial sectors.
improves, although the increase is smaller than that observed with
Tab'le 3 . . . . higher investment in China’s manufacturing sector. Furthermore, when
Static resilience by industry sector under different US portfolios. . . . . .
China’s manufacturing and service sector investments are increased
Type of plan (B3 Pa) Ry R, Ry Ry (comparing Plans A and C), the resilience of the US manufacturing and
Plan A (1.0, 1.5) 0.6318 0.6322 0.6654 0.7667 service sectors improves minimally. These results indicate that invest-
Plan B (2.5,1.5) 0.6320 0.6322 0.8779 0.7848 ment in China’s manufacturing sector has a more significant impact on
Plan C (2.5, 4.5) 0.6322 0.6323 0.9273 0.9822

We next analyze the impact of China’s investment in different in-
dustries (f;, ;) on each industrial sector by fixing the amount of in-
vestment in US industries, setting 3 = f, = 1, as shown in Table 4.

Table 4 illustrates the impact of different combinations of Chinese
investment in manufacturing and services on the US industrial chain,
with US manufacturing and service sector investments held constant.
The results reveal that US manufacturing and service sector resilience
increase when China’s manufacturing sector investment rises, while
investment in China’s service sector remains unchanged (comparing
Plans A and B). Similarly, when investment in China’s service sector
increases while manufacturing investment remains the same (comparing
Plans B and C), US manufacturing and service sectors’ toughness also

enhancing US industrial chain toughness than investment in China’s
service sector.

Fig. 5 illustrates the impact of fixing the US investment portfolio on
the resilience of China’s industrial chain. Comparing Scenarios A and B
reveals that, with 8, held constant, increasing f; results in significantly
greater improvement in China’s manufacturing sector resilience
compared with its service sector. Conversely, when f, is fixed and p, is
increased, service sector resilience improves more than that of the
manufacturing sector. However, across these three investment sce-
narios, the effect on promoting resilience recovery in US manufacturing
and service sectors is more limited.

To further explore the optimal investment portfolio scenarios for
resilience recovery in China and the US, we next conduct a numerical
simulation analysis. To do so, we set the total investment for each in-
dustry sector at $500 million (; € [0,5]) and use an optimization algo-
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Bs B3
Fig. 4. US Industries’ static toughness response with a fixed China portfolio.
Overall, when faced with the same demand shock, China’s industrial
Ta!’le 4 . . . . . sector requires less investment than the US to achieve the same degree of
Chinese industry sectors’ static resilience under different portfolios. o - . s . .
recovery, indicating stronger resilience in China’s industrial chain.
Type of plan b1, B2) Ry Ry R Ry Therefore, investment in China’s manufacturing and service sectors is
Plan A (1.0, 1.5) 0.6578 0.7351 0.6327 0.6323 more cost-effective than investment in the US, providing a more efficient
Plan B (2.5,1.5) 0.8919 0.8174 0.6379 0.6334 route to improving resilience in both countries. Notably, investment in
Plan C (2.5, 4.5) 0.9302 0.9682 0.6393 0.6339

rithm to determine the optimal investment scenario to maximize each
sector’s static resilience (Table 5).

Table 5 reveals the optimal investment portfolios required by China
and the US to achieve maximum static toughness in manufacturing and
service sectors. To reach 99 % static resilience in each sector, China
requires a total investment of $3.821 billion, which is lower than the US,
which requires $4 billion.

Considering each country, when China’s service sector reaches 99 %
static toughness, the required investment is $1.826 billion, compared
with $399 million and $427 million for the US manufacturing and ser-
vice sectors, respectively. When China’s manufacturing sector reaches
99 % resilience, the required investment rises to $1.995 billion, with
$495 million and $500 million invested in US manufacturing and service
sectors, respectively. This indicates that achieving the same level of
toughness in the service sector is less costly than in the manufacturing
sector with China’s investment unchanged. In contrast, for the US,
regardless of whether it is the manufacturing or service sector reaching
99 % static toughness, the required investment is around $500 million,
totaling $2 billion.

We draw the following conclusions from this comparative analysis.
When both countries achieve the same maximum level of static tough-
ness in their industrial sectors, the US requires significantly more in-
vestment than China. Specifically, China has lower investment needs,
particularly in the service sector, where it demonstrates greater flexi-
bility and resilience. Conversely, the US is more reliant on external in-
vestment to withstand shocks and restore industrial resilience.

10

China’s manufacturing sector has a more significant impact on resilience
than service sector investment.

Industrial Chain dynamic toughness decision space

We build upon the static decision framework by incorporating re-
covery time to construct the dynamic resilience decision space for in-
dustrial chains. This approach constructs a dynamic decision model
comprising resilience indicators such as normality, recovery time, and
initial disturbance to evaluate the effectiveness of these indicators in
addressing trade shock decisions. We designed two scenarios (Table 6)
for comparative analysis based on the input-output data in Table 1. Plan
A requires that each industry recover to 96 % of its initial level (F, =

0.96) when facing the maximum external shock ¢" = 0.4 = 0.4, and
Plan B requires a recovery to 98 % (Fg = 0.98) at the same maximum
external shock g™ = 0.4. Assuming that all sectors recover 90 % of the
maximum external shock at equilibrium (r; = 0.9), the constant is
calculated on the basis of equation (18): L; = 2.30.

Using equation (15), the dynamic toughness decision portfolio of the

industrial chain under the two scenarios, F;, 7;, and g;" can be obtained

as follows:

Fp =1 — i[1 — e >3 raq"
A 23 A
Fp =1 — i[l — e 2% rpq™
B 23 B

Through a quantitative analysis of the distribution characteristics of
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Fig. 5. Chinese Industries’ static toughness response under fixed US portfolios.

Optimal portfolio for maximum static toughness in China and the US.

2! ) ) Pa Total investment ($ billion)
R} = 0.99 5.00 5.00 4.95 5.00 19.95
R, = 0.99 5.00 5.00 3.99 4.27 18.26
R} = 0.99 5.00 5.00 5.00 5.00 20.00
R, = 0.99 5.00 5.00 5.00 5.00 20.00
Table 6
Decision portfolios.
Plan portfolio Dynamic toughness decision portfolio
Plan A Fp = 096,74 = 25.56,qy = 0.4
Plan B Fg = 098,73 = 1278, qf = 04

dynamic toughness (Fig. 6), we compare the dynamic toughness per-
formance of two different recovery objectives (F4 and Fz) under the
same maximum perturbation intensity of ¢ = 0.40. The results indi-
cate that the recovery objective choice significantly influences industrial
toughness, even under the same external shock intensity.

Specifically, when industries are subjected to 40 % of the maximum
external shock, scenarios F4 (25.56, 0.40) and Fp (12.78, 0.40) corre-
spond to recovering 96 % and 98 % of the original level, respectively.
The results reveal that the resilience characteristics under the two sce-
narios are heterogeneous. Under the same perturbation intensity, Plan
B’s recovery period (z;), which recovers to 98 %, is about 50 % of that of
Plan A, which recovers to 96 %. This indicates that higher resource in-
puts can significantly enhance industrial chain resilience to shocks and
improve recovery efficiency, and the time required for an industry to
recover exhibits a trend of marginal incrementality.

Fig. 6 analyzes the dynamic evolution of industrial resilience,
reflecting two notable impacts from different scenarios on industrial

11

resilience. First, by increasing resource inputs under the condition of no
strict resource constraints, Plan B enables the industry to recover to 98 %
of its original level within a relatively short recovery cycle (12.78 days)
when facing a 40 % shock, demonstrating excellent resilience and rapid
recovery characteristics. Second, under obvious resource constraints,
Plan A adopts a more conservative resource allocation strategy, and
although the recovery cycle is relatively long (25.56 days), it is still able
to restore the industry to 96 % of its original level under the same
perturbation, demonstrating high resource use efficiency. This differ-
ential resilience performance provides a basis for decision makers to
choose the optimal solution under different resource constraints.

For policymakers, if cost is not a consideration, Option B should be
chosen to achieve a higher recovery level in a shorter period of time and
enhance the industry’s resilience to shocks and rapid recovery. How-
ever, in the case of limited resources, Plan A is a more reasonable choice,
with a final level of recovery that does not differ considerably from that
of option B, despite the longer recovery time. This comparison provides
a valuable reference for policymakers to optimize industrial investment
strategies under different economic and resource environments, thereby
enhancing overall industrial chain resilience and stability.

To further compare the dynamic resilience of each industrial sector
in China and the US and the effects of different decision-making options,
we conduct an analysis of the dynamic resilience decisions for each
sector. The conditions are that the recovery period of each sector re-
mains the same, T; = To = T3 = T4 = 100 days, and the
maximum disturbance encountered is also the same q}' = ¢} =

gy = g3 = 0.4. Substituting the data in Table 1 into equation (16),
we compute the decision space for the following dynamic resilience
index of each sector, F = g(q™,7,K):
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Fig. 6. Dynamic toughness combinations under different scenarios.
substantial, but the marginal effect diminishes over time, indicating that
F 1 [ 1 028K 11] continuous investment is needed to sustain resilience. In contrast, the
1(m) = 0. 28kr T, ¢ @ recovery rate curve for China’s service sector has a lower but more stable
k value, indicating that although the initial recovery is slower, its
~0.52K; o . - . .
Fy(r2) =1 0. 52k’ T, [1 - e 272]‘1‘2" resilience remains stable over time. This demonstrates a smaller im-
mediate effect but larger long-term cumulative effects, which is relevant
Fi(r3) = 1 o 47k5T [1 — e 047k fs]q‘; for sectors such as digital and financial services that require sustained
8 stability.
F(r) = 1 — [1 e “]q‘“ The US manufacturing sector also demonstrates a high short-term
2 0. 63k5 T4 4 recovery rate, although its recovery rate gradually slows down over

According to the previous analysis, formula k; (1 -0 ay> T =
L; describes the relationship between the recovery rate and the recovery
time in each sector, where a;i} is the diagonal matrix element of A", and

can be substituted into the data in Table 1 to obtain the relationship
between recovery rate k; and recovery time 7; in each sector:

0.28K;7, = 2.30
0.52Ky7, = 2.30
0.47K7s = 2.30
0.63k7s = 2.30

We demonstrate the relationships between the mean normal level
(F), recovery rate (K), and recovery time (z) by constructing contour
plots for each sector. These plots illustrate the dynamic resilience of each
sector under different combinations of parameters for a given shock.

Fig. 7 illustrates the changes in industry resilience response under
different investment portfolios, where the k value, which measures the
recovery rate, is closely related to the investment level. Comparing the
performance of the curves of China and the US in manufacturing and
services sectors reveals significant differences in recovery rates and
resilience between China and US industries. Specifically, the analysis
shows that China’s manufacturing sector has a higher recovery rate
(larger k value) in a shorter recovery time (lower 7 value), indicating
more short-term resilient. However, as the recovery time lengthens, the
k value gradually declines, reflecting weakening long-term resilience.
This means that short-term gains for China’s manufacturing are
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time, reflecting moderate long-term stability. This indicates that while
investment can significantly boost US manufacturing recovery in the
early stages, strategic reinvestment is required to maintain resilience. In
contrast, the US service sector has a lower initial recovery rate and
strong long-term resilience, and the k value remains stable. This in-
dicates that even modest increases in investment can yield enduring
resilience benefits, particularly for knowledge-intensive industries.
These sector-specific patterns clarify that the magnitude of k changes
translates into practical differences in recovery speed and stability,
directly informing policymakers how to prioritize investment portfolios.
For example, China’s manufacturing should balance short-term recovery
boosts with long-term sustainability, while the US service sector should
leverage its inherent stability through progressive investment scaling.
This provides a significant reference for designing targeted investments
and cross-border cooperation strategies to build more resilient industrial
chains under external shocks.

Plans A and B in Table 7 provide strong support for specific values of
industry resilience under different portfolios. In Plan A, the lower re-
covery rate (0.322 for Chinese manufacturing) and longer recovery
period (about 25.5 days) indicate that this scenario improves long-term
resilience and is suitable for scenarios that require stable recovery. In
contrast, Plan B enables the industry to achieve short-term recovery
more quickly through higher recovery rates (0.645 for Chinese
manufacturing) and shorter recovery periods (about 12.75 days).
However, this high investment intensity is also accompanied by higher
volatility and risk, while enabling an accelerated recovery.

Combining the results from Fig. 7 and Table 7 indicates that industry
resilience varies across different investment portfolios. Overall, the
services sector demonstrates stronger resilience in China and the US,
particularly in terms of long-term recovery, where it shows higher
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Fig. 7. Resilience response across industry sectors with multiple portfolios.
Table 7 resilience.
Dynamic resilience outcomes across industrial sectors. For China’s manufacturing sector, which has experienced substantial
Plan A K K, K kS economic loss and relatively slow recovery, strengthening resilience
F; = 0.96 0.322 0.173 0.192 0.143 should focus on investments
q" =04 a2t 72 73 74 manufacturing technologies, supply chain diversification, and reducing
25.51 25.57 25.49 25.53 reliance on external markets. Accelerating digital transformation and
Plan B K, K kS kS blishi b isk il furth h h
Fi—0.98 0.645 0.347 0.384 0.286 establis: ing ro ust ris management syste.ms will further enhance the
gt =04 o . 7 4 sector’s ability to navigate demand fluctuations and uncertainty. For the
12.75 12.73 12.74 12.76

stability. In contrast, manufacturing sector resilience is more sensitive to
investment intensity, in which increased investment boosts short-term
recovery and may slightly affect long-term stability.

This analysis indicates a clear trade-off between short- and long-term
resilience in the industrial chains of the US and China, depending on the
chosen investment portfolios. The service sector tends to exhibit greater
stability in terms of long-term resilience enhancement, which is practi-
cally significant for policy design intended to sustain growth during
prolonged external shocks. This means that policymakers should prior-
itize steady investments in the service sector to maintain high resilience
over time. Conversely, manufacturing sector resilience requires suffi-
cient upfront capital and sustained reinvestment to maximize immediate
recovery and longer-term stability. In practice, this implies that short-
term stimulus alone is insufficient, and a phased investment strategy is
crucial for maintaining competitiveness and supply chain security.

Conclusions

This study examines comprehensively examines the industrial chains
of China and the US, quantitatively assessing the economic loss recovery
cycles and resilience dynamics from trade demand shocks. Developing a
risk identification-resilience evolution—cost recovery risk management
framework, this study clarifies how different industrial chain configu-
rations influence their ability to withstand and recover from external
shocks. The findings reveal significant differences in recovery patterns
and the influence of targeted investments on enhancing sectoral
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US service sector, which is highly sensitive to demand shocks, resilience
enhancement should prioritize digital economy, finance, and healthcare
investments, coupled with effective risk management mechanisms.
Promoting innovation and digital transformation in the service sector
will increase the sector’s stability and strengthen its position in the
global supply chain. This study also reveals that cross-border investment
between the two countries has a mutually reinforcing effect on resil-
ience. Investment in China’s manufacturing supports the US industrial
chain’s stability, while US investment in China’s service sector boosts
China’s resilience. Deepening complementary investment cooperation
by expanding advanced manufacturing, green technologies, and digital
infrastructure in China and supporting financial technology, informa-
tion services, and education in China’s service sector can mitigate
external economic shocks and reduce global supply chain uncertainty.

Research contributions

Theoretically, this study extends risk management and resilience
theory by demonstrating how static and dynamic resilience indicators
can be operationalized and embedded within a decision space frame-
work that emphasizes the integrated treatment of risk identification,
resilience evolution, and cost recovery. The results demonstrate how the
proposed model bridges static and dynamic resilience dimensions,
responding directly to the identified research gap in which existing
models often treat risk and resilience independently. Compared with
existing static input-output models (Dormady et al. 2019) that pre-
dominantly assess one-time impact and recovery, our approach captures
the evolution of resilience over multiple recovery cycles, which is
consistent with dynamic modeling perspectives such as those discussed
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by Ivanov and Dolgui (2020). Moreover, unlike conventional resilience
assessments that often treat risk and resilience independently (Hosseini
et al. 2020), this study demonstrates how these two dimensions interact
through investment sensitivity pathways. Furthermore, the use of
sector-specific decision spaces extends the work of Wieland and Wal-
lenburg (2013).

Practically, the proposed framework enables forward-looking dy-
namic risk management by incorporating resilience metrics into in-
vestment decisions. This approach provides managers with a useful
quantitative decision-making tool to guide industrial chains’ recovery,
ensure long-term stability, and foster organizational learning to mitigate
risks in future projects. At the same time, policymakers must consider
the feasibility of achieving carbon emissions improvements while
maintaining cost-effectiveness (Liu & Liu. 2023; Zhu & Zhang. 2023).
Balancing investments in green technologies with immediate economic
priorities may require phased implementation and careful assessment of
resource allocation tradeoffs. This perspective ensures that
resilience-building measures are not only technically sound but also
practically viable in the context of China’s broader industrial and sus-
tainability goals.

Moreover, the model’s potential global applicability extends its
relevance beyond the US-China context. By demonstrating how targeted
investments and cross-border cooperation can mutually reinforce in-
dustrial resilience, the framework offers practical insights for policy-
makers developing economic cooperation or trade policies under high
uncertainty. This global perspective highlights the model’s value in
guiding risk-sharing arrangements and enhancing supply chain security
worldwide.

Overall, by bridging theory and practice, this study provides clear
guidance for building more robust, adaptable, and globally relevant
industrial chains to withstand rising trade and geopolitical risks.

Limitations and future research

This study has some room for future expansion, including the focus
on the US-China context, the simplified treatment of technological
change, and the absence of firm-level behavioral data. Future research
could expand the model’s generalizability to other regions, incorporate
digital resilience indicators, and employ multiagent simulations to
capture intraindustry and firm-level dynamics more comprehensively.
Such extensions would further refine and validate the framework’s
global applicability and value for informing cross-border supply chain
cooperation.
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