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This study identifies digitalization as a key determinant of supply chain resilience. Using the

quasi-natural experiment provided by China’s supply chain digitalization pilot policies, we find

a significant and persistent positive effect on the resilience of firms within supply chain

networks. Mechanism analyses indicate that this effect is primarily driven by improvements

in firms’ information processing capacity, recovery ability, and inventory turnover efficiency.

The results are more pronounced for firms with geographically dispersed supply chains, lower

supply chain hierarchies, and higher supply chain transparency. Overall, our findings suggest

that digitalization not only strengthens operational and informational linkages but also

enables firms to transition from passive disruption management to proactive resilience

building in the face of uncertainty.
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Introduction

We aim to understand how digitalization impacts the
resilience of firms within supply chain networks. Over
the past decade, digital technologies—such as IoT

sensors (Abdel-Basset et al. 2018), blockchain (Cui et al. 2023),
cloud computing (Wu et al. 2013), artificial intelligence (Dey et al.
2023), and big data analytics (Boone et al. 2019a)—have become
deeply embedded in every stage of the supply chain, from order
processing and production scheduling to warehousing, inventory
management, logistics, and last-mile delivery. Compared to tra-
ditional approaches, these technologies reduce information
asymmetry and communication costs, improve access to real-time
data and its processing, accelerate decision-making, and enhance
forecasting accuracy and responsiveness (Nasiri et al. 2020; An
et al. 2024; Liu et al. 2024b). In turn, this leads to greater resi-
lience when confronted with market volatility, sudden supply
disruptions, and natural disasters.

The impact of digitalization on the supply chain is reflected in
a dual transformation of content and form: on the one hand, it
changes the way supply chain data are presented and used (from
paper-based or static information to dynamic, real-time, traceable
digital information flows) (Büyüközkan and Göçer 2018); on the
other hand, it reshapes the network structure of the supply chain
and its coordination mechanism (from a single-point, linear
model to a networked, platform-based, collaborative ecosystem)
(Feng et al. 2024). We show that adopting digital supply chain
technologies enhances firms’ resilience within the supply chain
network.

Figure 1 illustrates how digitalization reshapes supply chain
resilience by comparing actual order processing and logistics
scheduling in a manufacturing firm’s network. In 2010, the
company relied primarily on spreadsheets and manual phone
calls to coordinate production and could only respond passively
to local supply disruptions, often incurring delays and addi-
tional costs. By 2019, the company had widely adopted real-
time data platforms, intelligent scheduling algorithms and
visual analytics systems, and could flexibly adjust supply
sources and optimize delivery routes within a working week,
which improved order-fulfillment rates and shortened emer-
gency response times.

Our empirical analysis aims to evaluate the dynamic changes in
node-level resilience—measured by metrics such as weighted
centrality and out-degree—following the introduction of digital
infrastructure and data platforms. Two main empirical challenges
arise in this investigation: (1) the timing of firms’ adoption may
be endogenous to factors such as firm size, financial conditions,
and industry status; and (2) the complexity of supply chain
networks makes it difficult to separate the impact of digitization
from other external factors such as market demand and network
structure. To address these challenges, we employ a difference-in-
differences (DID) regression model, thereby capturing firm-
specific characteristics and time trends. This allows us to focus on
how a firm’s time-varying digitalization status relates to changes
in supply chain resilience.

We exploit a quasi-natural experiment based on China’s Sup-
ply Chain Digital Innovation and Application Pilot to estimate
the causal effect of digitalization on resilience. Using a DID
estimation strategy, we find that the policy significantly enhances
the resilience of firms’ supply chains. This enhancement operates
through three primary mechanisms: (1) improved information
processing capacity, (2) greater shock absorption and adaptive
response, and (3) more efficient inventory turnover.
These channels indicate that digital transformation facilitates
effective information flows, adaptive operations, and coordinated
resource allocation. Furthermore, the effects are more pro-
nounced for firms with geographically dispersed supply chains,
flatter supply chain hierarchies, and higher levels of supply chain
transparency. This highlights the contingent value of digitaliza-
tion under structural heterogeneity.

In summary, this study provides empirical evidence, and a
mechanism-based explanation for how digital transformation can
enhance the resilience of supply chain networks. We argue that
digitization lowers the costs associated with acquiring and pro-
cessing information and enables firms to adopt more agile and
responsive strategies in uncertain conditions. This shift helps
transform supply chains from reactive systems into proactively
managed, resilient networks. While such a transformation
requires the gradual accumulation of technological infrastructure
and data capabilities, our findings suggest that digitalization

Fig. 1 An example of an actual production schedule. The figure compares the actual order processing flow of the same manufacturer in 2010 and 2019
(after the digital release).
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ultimately strengthens decision-making flexibility and coordina-
tion efficiency. Consequently, both firms and end consumers
stand to benefit from more stable, adaptive and sustainable supply
systems.

Focusing on the pilot policy’s impact on firms’ node-level
resilience, our study contributes new evidence to the literature on
digitalization and supply chain management. Unlike prior
research that primarily examines production efficiency (Shi et al.
2023), transaction costs (Zhao et al. 2023), or information
accessibility (Harju et al. 2023), we analyze how digitalization
increases network resilience using firm-level data. Conceptually,
we interpret digitalization as enhancing organizations’
information-processing capabilities, thereby extending Organi-
zational Information Processing Theory (OIPT) to dynamic,
uncertain, and cross-organizational network settings.

The structure of the remainder of the paper is organized as
follows: Section “Related literature and hypothesis development”
reviews literature and develops hypothesis; Section “Methodology
and data” outlines the empirical research design; Section
“Empirical Results” presents the Empirical Results; Section
“Conclusion” provides concluding remarks.

Related literature and hypothesis development
Related literature. This study contributes to the literature by
leveraging large-scale, objective network data to show how digital
technologies enhance firm-level resilience within complex supply-
chain systems. Specifically, we show that digital transformation
(DT) reshapes the structural foundations of supply-chain resi-
lience (SCR), shedding new light on the mechanisms through
which digitalization fosters adaptability and responsiveness in
volatile environments. Our research builds upon several key areas
of SCR literature while extending prevailing theoretical and
methodological assumptions.

A large body of prior research has examined digital
technologies as key enablers of resilience, particularly focusing
on their capacity to improve visibility (Scholten and Schilder
2015), traceability (Razak et al. 2023) and responsiveness
(Kazancoglu et al. 2022). Consistent findings from these studies
indicate that technologies such as the Internet of Things (IoT),
blockchain, big data analytics and artificial intelligence can
significantly enhance a firm’s ability to detect and respond to
supply chain disruptions (Qader et al. 2022; Centobelli et al. 2023;
Zhao et al. 2023). Much of this research is based on surveys of
firms or industries and highlights the importance of information
flow and inter-organizational coordination. In the fast-moving
consumer goods sector, for instance, Rashid et al. (2025)
underscore the institutional role of trust and technological
integration in building resilient supply chains that support
broader sustainability transitions. However, these studies largely
reflect an engineering resilience paradigm, defining resilience as
the ability to quickly return to a prior equilibrium following
disruption.

A second line of research explores the underlying mechanisms
through which DT enhances SCR, focusing particularly on
network-level dynamics. Rather than treating resilience as an
outcome that cannot be explained, these studies seek to under-
stand how specific digital technologies reshape relationships and
configurations between organizations within supply networks
(Liao et al. 2023; Choudhary et al. 2021; Rashid et al. 2024a; Zhao
et al. 2023; Zamani et al. 2023). For instance, Liao et al. (2023)
emphasizes the importance of identifying the pathways through
which DT influences green supply chain performance, pointing to
a persistent empirical gap. Rashid et al. (2024a) address this gap
by providing compelling evidence that externally oriented digital
tools play a more transformative role in fostering cross-firm

collaboration, agility, and responsiveness than internal IT systems
alone. Their findings suggest that digitalization enables funda-
mental reconfigurations of supply chain structures, including
expanded connectivity, greater reach, and enhanced nodal
influence across the network, not just incremental efficiency
gains. Nevertheless, much of this mechanism-focused research
still adopts an engineering-resilience lens, with limited attention
to long-term adaptability and systemic transformation.

A third strand of literature examines the relationship between
DT and organizational resilience using the theoretical frameworks
of OIPT and dynamic capability theory (DCT) (Tushman and
Nadler, 1978; Rashid et al. 2024b; Zhu et al. 2018; Zamani et al.
2023; Quayson et al. 2023; Premkumar et al. 2005). These studies
conceptualize DT as a means of enhancing a firm’s ability to
sense, interpret and respond to environmental volatility — core
tenets of both IPT and DCT — rather than merely as a
technological upgrade. For example, Dolgui and Ivanov (2022)
claim that DT enhance operational continuity by facilitating real-
time detection and rapid response, thereby reducing the time lag
between identifying risks and acting. Building on this logic,
Zamani et al. (2023) and Quayson et al. (2023) contend that AI
and big-data tools cultivate dynamic sensing, coordination, and
reconfiguration capabilities, which are especially valuable in
turbulent contexts. Rashid et al. (2024b) further show that
information alignment and supply-chain digitization enable
disruption-oriented capabilities: digital visibility combined with
targeted information processing helps firms identify weak signals,
coordinate responses, and maintain continuity in the face of
“black swan” events. These contributions collectively reinforce the
view that resilience is not an inherent trait but a capability that is
built and exercised through continuous learning, information
integration, and adaptive restructuring. While these studies
provide strong conceptual support, they remain primarily focused
on the firm level and rarely explore resilience as a structural or
emergent property of supply chain networks.

Despite growing evidence that DT promotes resilience, two
gaps persist. First, most studies rely on subjective, perception-
based data and lack large-scale, objective structural analyses.
Second, while network aspects are acknowledged, few studies
systematically examine how DT reshapes supply-chain topologies
or how features such as centrality and redundancy translate into
system-level resilience.

To address these limitations, our study takes a complex
network approach to digital resilience, based on an empirical
analysis of complex supply chain structures. Using transaction-
level data on China’s A-share listed firms, we construct inter-firm
supply networks and measure key structural features, such as
redundancy, out-degree expansion and node centrality. We then
evaluate how DT shifts firms’ embeddedness and strategic
positions within the network, thereby strengthening access to
resources and the capacity to withstand disruptions. Departing
from the conventional emphasis on post-disruption recovery, we
define SCR as the capacity of a supply chain to adapt and
transform as its structure evolves.

By adopting a structural, system-level perspective on SCR, this
study contributes to the literature on digital transformation and
resilience. It illustrates how digital technologies can reshape
supply-chain configurations under uncertainty and offers prac-
tical insights for firms in emerging markets seeking to build more
adaptable networks.

Institutional background. In recent years, the rapid advance of DT
has fundamentally reshaped the structure and operational dynamics
of supply chains, transforming them from traditional frameworks to
modern, digitally integrated systems. In October 2017, to cultivate
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new growth engines within these modernized supply chains and to
support supply-side structural reforms, the General Office of the
State Council of China issued the Guidance on Actively Promoting
Supply Chain Innovation and Application. This Guidance is the
central government’s first policy paper on supply chains. It
emphasizes the pivotal role of digital technologies in ushering in an
era of intelligent supply chains and sets out the goal of building
sophisticated, data-driven infrastructure.

Building on this Guidance, the Ministry of Commerce and
other agencies launched the Supply Chain Innovation and
Application Pilot Program in April 2018. From 1359 applicants,
the program designated 266 firms and 55 cities as official pilots.
The initiative conferred formal policy status, established perfor-
mance benchmarks, and set explicit mandates for integrating
digital technologies such as real-time data platforms, inter-firm
information sharing, and process automation, with the objective
of constructing intelligent, interoperable, and collaborative digital
supply chains. The pilots constitute a plausibly exogenous
treatment determined by a centralized selection process.

This study exploits the 2018 pilot program as a quasi-natural
experiment to identify the causal impact of supply-chain
digitalization on SCR. Treating the pilot as an exogenous shock
to firms’ DT, we estimate its impact within a DID framework.
Our approach aligns with recent policy-evaluation studies (e.g.,
Zhong et al. 2025; Zhu and Zhang 2024) that use government-led
digital initiatives as natural experiments to assess corporate
outcomes. We extend this literature by directly linking policy-
induced digitalization to structural resilience measures derived
from inter-firm supply-chain networks, thereby offering a
mechanism-oriented perspective.

Theoretical framework
Organization information processing theory. Organizational
Information Processing Theory (OIPT) explains how organiza-
tions acquire, transmit, and process information to cope with
uncertainty and complexity (Galbraith 1973). A core premise is
that organizations must align information-processing capacity
with information-processing requirements imposed by the
environment. As environmental complexity rises, traditional
hierarchical channels become bottlenecks; delays and distortions
in information flows hinder decision-making (Tushman and
Nadler 1978).

OIPT identifies two primary approaches to enhance informa-
tion processing capabilities: first, by improving information
processing technology, such as enhancing cross-departmental
collaboration and data integration to boost existing efficiency;
and second, by reducing information demand, such as
optimizing organizational structures or minimizing unneces-
sary information dependencies (Daft and Lengel 1986). In
recent years, advancements in information technology have
expanded the applications of OIPT. Digital technologies now
provide organizations with real-time information flow and
distributed decision-support tools, enabling them to adapt more
efficiently to dynamic environments (Premkumar et al. 2005).
Consequently, OIPT has become a central lens for under-
standing how digitalization bolsters organizational resilience,
enabling faster sensing, interpretation, and response under
volatility (Wamba et al. 2020).

Research hypotheses. In supply-chain networks, firms operate in
environments marked by high uncertainty and tight coupling.
External shocks—such as pandemics, geopolitical conflicts, and
extreme weather—often propagate across nodes, triggering sys-
temic disruptions and cascading effects (Choudhary et al. 2021;
Lavassani et al. 2023). OIPT posits that when the information

load confronting a firm exceeds its existing processing capacity,
slow responses and judgment errors are likely to occur, thereby
eroding the firm’s ability to cope with external disturbances
(Galbraith 1973; Tushman and Nadler 1978; Premkumar et al.
2005).

Within a supply-chain network, the main sources of informa-
tion load include heterogeneous customer-demand changes,
fluctuations in upstream supply, incomplete or delayed node
information, and opaque chain relationships (Zhao et al. 2023).
By contrast, information-processing capacity depends on the
technological and institutional arrangements a firm employs to
acquire, analyses, integrate, and share information—such as real-
time data-collection systems, big-data platforms, and platform-
based collaboration tools (Rashid et al. 2024b; Zhu et al. 2018;
Boone et al. 2019b; Abdel-Basset et al. 2018).

Digital transformation, especially the deployment of block-
chain, cloud platforms, the Internet of Things, and intelligent
analytics under supply-chain digitization initiatives—greatly
expands firms’ information-processing capacity. These technol-
ogies enable efficient alignment of information across nodes,
heightened inter-organizational transparency, and synchronized
upstream-downstream responses within highly complex network
structures (Rashid et al. 2024b; Zamani et al. 2023; Wu et al.
2013). Consequently, they narrow the gap between information
load and processing capability and strengthen firms’ ability to
react swiftly to sudden events (Nasiri et al. 2020; Wamba et al.
2020).

More importantly, digital capabilities are embedded within
network structure. A firm’s structural position in the supply-
chain networks such as its degree of connectivity, centrality, and
structural holes—determines its potential to access information,
coordinate resources, and initiate responses (Borgatti and Li 2009;
Centobelli et al. 2023). Firms with higher centrality and richer
connections possess stronger information-flow and resource-
allocation capabilities and are therefore better able to convert
digital technologies into organizational adaptability—for instance,
by rapidly adjusting inventory policies, redesigning delivery
routes, orchestrating alternative supplies (Lin et al. 2023; Wamba
et al. 2020; Quayson et al. 2023). From this analysis, we propose
hypothesis H1:

H1: The Supply Chain Digitization Pilot improves the resilience
of firms in the supply chain network.

According to OIPT, adaptation to environmental uncertainty
depends on how effectively an organization processes informa-
tion. DT increases firms’ capacity to gather, interpret and
disseminate information across the supply chain, thereby
reducing coordination delays and ambiguity (Premkumar et al.
2005). Enhancements in digital cognition and investments in
digital intangible assets are key pathways through which supply-
chain digitalization strengthens resilience (Yoo et al. 2010). Based
on this analysis, we propose the following hypothesis:

H2a: The Supply Chain Digitization Pilot improves the
resilience of firms in the supply chain network by improving their
information processing capacity.

Recovery ability is a core dimension of resilience, reflecting a
firm’s capacity to return to stable operation after disruption
(Sheffi and Rice 2005; DuHadway et al. 2019). From an OIPT
perspective, improved processing capacity enables earlier detec-
tion and faster coordination. Real-time monitoring and predictive
analytics support more efficient disturbance management,
improving post-shock recovery trajectories (Ivanov et al. 2019;
Brandon-Jones et al. 2014). From this analysis, we propose
hypothesis H2b:

H2b: The Supply Chain Digitization Pilot improves the
resilience of firms in the supply chain network by improving their
recovery ability.
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Operational efficiency, especially in inventory management, is
another crucial aspect of supply chain resilience (Tang 2006).
According to OIPT, DT reduce information delays and improve
supply-demand coordination, allowing firms to optimize inven-
tory levels under uncertainty (Srinivasan and Swink 2018). By
digitizing inventory processes (e.g., ERP, IoT sensing, AI
forecasting), firms achieve faster turnover and more adaptive
operations, reinforcing resilience during disruptions (Gölgeci and
Kuivalainen 2020; Dubey et al. 2019).

H2c: The Supply Chain Digitization Pilot improves the resilience
of firms in the supply chain network by improving inventory
turnover efficiency.

Methodology and data
Defining supply chain resilience. SCR captures a firm’s robust-
ness within the supply-chain network and reveals properties of
the network’s underlying structure. While traditional network
analysis frequently relies on centrality measures like Degree,
Betweenness, and Closeness to gauge node importance
(Choudhary et al. 2021; Choudhary et al. 2023; Borgatti and Li
2009), this study highlights the value of Weighted Degree Cen-
trality and Weighted Out-Degree Centrality.

We build a directed, weighted supply-chain network using both
upstream and downstream relationships. “Directed” edges record
the flow of trade from suppliers (upstream) to buyers (down-
stream). Edge weights capture the share of a supplier’s sales going
to a given customer. Within this framework:

1. Weighted Degree Centrality measures how well-connected
a firm is, taking into account both the number and the
strength of its links. It is calculated as: SCRi ¼ ∑j2Ni

wij,
where SCRi is the weighted degree centrality of firm i, Ni
represents all the neighboring nodes connected to firm i,
and wij denotes the weight of the connection between firm i
and firm j. A higher weighted degree suggests that a firm
maintains more substantial trade relationships, reflecting a
higher capacity to absorb shocks.

2. Weighted Out-Degree Centrality focuses specifically on the
strength of outbound connections to downstream custo-
mers. It captures the extent to which a firm supports certain
key customers and is calculated as: Outi ¼ ∑j2NOut

i
wij,

where Outi is the weighted out-degree centrality of firm i,
NOut

i represents all the downstream nodes connected to
firm i, and wij is the weight of the directed edge from firm i
to firm j. A high weighted out-degree indicates that a firm’s
resilience is closely tied to a larger number of key partners,
potentially increasing its resilience by diversifying trade
relationships. The details of data integration, entity
matching, and edge-weight construction are provided in
Supplementary Appendix B.1.

We prioritize these weighted measures because path-based
metrics like betweenness or closeness assume dense connectivity
and shortest-path relevance—conditions often violated in real-
world supply chains. Many firms are not “bridges,” and sparse or
modular structures limit the interpretability of path metrics. By
incorporating direction and weight, weighted degree and
weighted out-degree yield a more nuanced and practical
assessment of firm-level resilience in diverse, partially connected
supply-chain networks.

Research design. We exploit the quasi-exogenous shock created
by China’s Supply Chain Innovation and Application Pilot Pro-
gram to identify the causal effect of digital transformation on
SCR. As outlined in the Guidance on Actively Promoting Supply
Chain Innovation and Application (October 2017), the policy

provided a national-level mandate to accelerate digital integration
within supply chains. The Ministry of Commerce operationalized
this directive in April 2018 by officially designating 55 cities and
266 firms as pilot participants. The selection process was centrally
administered and based on predefined criteria, rendering the
treatment assignment plausibly exogenous to individual firm
outcomes. Accordingly, we implement the following DID model:

SCRi;tðOuti;tÞ ¼ α0 þ β1Treati ´ Postt þ∑
k
αkControls

k
i;t

þ μi þ δt þ εi;t
ð1Þ

In the specification, i and t represent the firm and the year,
respectively. The dependent variable SCRi;t and Outi;t measures
firm-level network resilience using Weighted Degree Centrality
and Weighted Out-Degree Centrality.

Treati equals 1 if the firm is in one of the 55 pilot cities
officially approved by the Ministry of Commerce in 2018, and 0
otherwise. The post-policy indicator Postt takes the value of 1 in
2018 and all subsequent years, and 0 prior to policy launch. Firm
fixed effects μi and year fixed effects δt are included to control for
time-invariant firm characteristics and common macroeconomic
shocks, respectively. The idiosyncratic error term is εi;t .

The control vector Controlski;t include: (1) Return on Assets
(ROA), to control the impact of firm profitability; (2) Leverage
Ratio (Lev), to capture the impact of financial structure on firm
performance; (3) TobinQ, to capture the market’s expectations for
the firm’s future growth; (4) Growth Rate (Growth), to capture
the impact of internal drivers of firm growth; (5) Listing Age
(ListAge), to capture the impact of different stages of firm
development. Additionally, following Lins et al. (2017), we have
included control variables that reflect firm governance capabil-
ities: Board size (Board), a dummy variable for audit by one of the
Big Four accounting firms (Big4), and a dummy variable for
independent directors is assigned a value of 1 to indicate the
presence of independent directors on a board, and a value of 0 to
indicate their absence. (Indep).

Endogeneity issue. As previously discussed, the selection of pilot
cities for supply chain digitalization is non-random, raising
concerns of endogeneity in Eq. (1). To address this, we employ an
instrumental variable (IV) approach. Specifically, we construct an
interaction between a city’s standard deviation of elevation
(capturing terrain variation) and a pilot policy dummy (equal to 1
in the year and subsequent years the policy is implemented).

Intuitively, this instrumental variable is highly correlated with
the supply chain digitalization pilot and is unlikely to directly
affect the dependent variable, thus satisfying the requirements for
instrument validity (i.e. relevance and exogeneity).

Relevance. Terrain variation affects infrastructure complexity and
the marginal cost of digital rollout, features plausibly considered
in central selection, so it should covary with pilot adoption
intensity. Prior work shows that topography is a first-order
constraint on digital infrastructure deployment (Röller and
Waverman 2001; Czernich et al. 2011).

Exogeneity. Elevation variation is a time-invariant geographic
characteristic that is plausibly orthogonal to firm-level unobser-
vable directly driving SCR. Conditional on rich fixed effects and
controls (e.g., economic development, industry mix), its only
channel to SCR should be via the policy exposure. This identifi-
cation logic follows the geography-as-instrument tradition (Dell
et al. 2012).
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Sample selection. Firm-level data are drawn from CSMAR. We
apply the following filters: (1) firms in the financial sector were
excluded; (2) firms with the designations ST, *ST, or PT, indi-
cating abnormal financial conditions during the sample period,
had their data for those years excluded; (3) any samples lacking
the primary variables under investigation were removed; (4)
winsorize all continuous variables at the 1st and 99th percentiles
to limit outlier influence.

Table 1 reports descriptive statistics for 7514 firm-year
observations. The mean and standard deviation of the primary
explanatory variable SCR (Out) are 0.16 (0.08) and 0.29 (0.21),
respectively. The substantial difference between the maximum
and minimum values indicates significant fluctuations in SCR
(Out) over the sample period.

Empirical results
Regression-based DID. Table 2 presents the results of a DID
estimation model analyzing the impact of supply chain digitali-
zation pilots on the resilience and out-degree of nodes in the
supply chain network. Columns (1) and (2) indicate that the
impact of the supply chain digitalization pilots on the network
nodes’ centrality is statistically significant. Specifically, con-
ditioning on controls, the estimated coefficient implies an
increase of 0.032 in weighted degree for firms in pilot cities
relative to non-pilot cities (column (2)). Given that the average
pre-treatment resilience of the supply chain network in pilot cities
was 0.16 (based on sample means), the estimated coefficient of
0.032 implies an ~20% relative increase in resilience (0.032/0.16),
significant at the 95% confidence level.

Furthermore, results in columns (3) and (4) indicate that this
increase is primarily driven by a rise in out-degree, which accounts
for over 34% of the total centrality change and is statistically
significant at the 99% confidence level. However, due to potential
issues of endogenous, the estimates in Table 2 might be biased. We
therefore turn to an IV approach in Section “IV method”.

IV method. To correct the estimation bias in the DID model, we
adopted the instrumental variable method. The constructed
instrumental variable is the interaction term between the stan-
dard deviation of city altitudes (altitude) and the dummy variable
for cities piloting supply chain digitization. The rationality of this
instrumental variable has been fully justified in the previous text.
Here, its effectiveness is tested. In terms of relevance, columns (1)
and (2) of Table 3 report the first-stage regression results of the
instrumental variable method. The results show that the instru-
mental variable is highly positively correlated with the supply
chain digitization pilot dummy variable, meeting the relevance

Table 1 Descriptive statistics.

Variable N Mean p50 Min Max SD

Degree 7514 0.16 0.08 0 4.07 0.29
Out 7514 0.09 0.03 0 3.68 0.22
In 7514 0.08 0.02 0 2.91 0.17
ROA 7514 0.04 0.04 −9.12 1.2 0.13
Lev 7514 0.51 0.48 0 178.35 2.1
TobinQ 7514 1.93 1.39 0 729.63 8.7
Growth 7514 0.29 0.12 −0.95 150.6 2.79
Board 7514 2.14 2.2 0 2.94 0.36
Big4 7514 0.11 0 0 1 0.31
Indep 7514 0.37 0.33 0 1 0.07
ListAge 7514 2.12 2.4 0 3.43 0.94

Table 1 shows the descriptive statistics for the sample of 2236 firms spanning the years
2010–2021.

Table 2 Baseline regression.

(1) (2) (3) (4) (5) (6)

Variables SCRi;t SCRi;t Outi;t Outi;t Ini;t Ini;t

Treati ´ Postt 0.032** 0.031** 0.031*** 0.031*** 0.001 0.001
(2.010) (1.997) (3.191) (3.191) (0.068) (0.059)

ROA −0.057 −0.028 −0.029
(−1.320) (−0.833) (−1.029)

Lev −0.006** −0.004** −0.003
(−2.321) (−1.995) (−1.378)

TobinQ 0.005* 0.003** 0.002
(1.859) (2.037) (1.130)

Growth −0.000 −0.000 0.000
(−0.459) (−0.855) (0.413)

Board −0.009 −0.005 −0.004
(−0.483) (−0.418) (−0.259)

Big4 0.061** 0.033* 0.028
(2.458) (1.885) (1.329)

Indep −0.096 −0.001 −0.095
(−1.097) (−0.025) (−1.415)

ListAge 0.016 −0.000 0.016*
(1.495) (−0.053) (1.855)

Constant 0.157*** 0.166*** 0.081*** 0.087*** 0.076*** 0.079***
(55.181) (4.394) (46.330) (3.177) (35.789) (2.696)

Controls variables N Y N Y N Y
Year FEs Y Y Y Y Y Y
Firm FEs Y Y Y Y Y Y
Observations 7514 7514 7514 7514 7514 7514
R-squared 0.732 0.733 0.795 0.796 0.598 0.599
F 4.040 2.712 10.18 2.542 0.00463 1.102

This table displays the results of estimating Eq. (1). The variable Treati ´ Postt is a time-varying dummy set to one if a firm is in a Supply Chain Digitization Pilot City. Supplementary Table A.1 shows the
definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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requirement (the Kleibergen–Paap rk Lm statistic values provided
in Table 3 are all above 10, indicating no weak instrumental
variable issue); moreover, the results are consistent with our
expectations—that implementing pilot, cities with flatter terrain
are more likely to be selected as pilot cities.

Regarding exogeneity, as previously pointed out, the prob-
ability that this instrumental variable directly affects the centrality
of supply chain network nodes, other than through influencing
the supply chain digitization pilot dummy variable, is small, thus
satisfying the condition for the exogeneity of the instrumental
variable. To verify this, our study follows the method of
Dinkelman (2011), constructing a placebo test. We took the
period from 2010 to 2017, when supply chain digitization pilots
had not yet been implemented, as the sample period and included
the interaction term between the standard deviation of city
altitudes and the supply chain digitization pilot dummy variable
in regression Eq. (1). If this interaction term satisfies the
condition of exogeneity, i.e. it only affects the dependent variable
by influencing the selection of pilot cities and does not have a
direct impact on the dependent variable, then during the years
from 2010 to 2017, when pilot had not yet been implemented, it
should have no significant effect on the dependent variable.
Columns (7) and (8) of Table 3 show that the coefficient of this
interaction term is small and statistically insignificant, indicating
that the instrumental variable satisfactorily meets the condition of
exogeneity.

After ensuring the validity of the instrumental variable, we
present the estimation results of the instrumental variable
method in Table 3. Consistent with the estimation results of the
DID model, the supply chain digitization pilot has a significant
positive impact on the centrality of supply chain network nodes,
but the absolute value of the impact coefficient is larger. This
suggests that the endogeneity problem tends to cause a
downward bias in the estimation results. Specifically, after
effectively correcting for endogeneity, the supply chain digitiza-
tion pilot led to a 33.4% increase in the pilot of firms in pilot
cities (see column (4) of Table 3) and a 60% increase in out-
degree (see column (6) of Table 3). Therefore, the supply chain
digitization pilot significantly enhanced the SCR of firms in pilot
cities, consistent with the original intent of the pilot. At the same
time, it also increases the influence of these firms in the supply

chain network (see columns (5) and (6) of Table 3). These
findings support H1.

Dynamic analysis. The parallel trend assumption is one of the
fundamental conditions for applying the DID method. In this
study, following the approach of Jacobson et al. (1993), we
employ an event study that spans from three years before to three
years after the event, using the year prior to the event as the base
year. This analysis reinforces the argument that the supply chain
digitalization pilot serves as an external shock for the firm,
making it unlikely that our results are influenced by reverse
causality. We construct the model as follows:

SCRi;t ¼ α0 þ∑3
u≥�3βiTreati ´Ti;u þ∑kαkControls

k
i;t

þμi þ δt þ εi;t
ð2Þ

Where, Treati is a dummy variable used to classify firms into
treatment and control groups; Ti;u represents a series of time
dummy variables. We set the year when the treatment group
cities first launched the policy during the sample period as period
0. For each year that is the u period relative to the treatment
cities’ policy launch, Ti;u takes a value of 1; otherwise, it is 0. The
coefficients of interest are β�3, β�2, and β�1. If there were any
nonparallel trends between the treatment and control groups,
then we would obtain statistically significant estimates of β�3,
β�2, and β�1.

We report the dynamic DID results in Table 4. Consistent with
the parallel trend assumption, the coefficients of β�3, β�2, and
β�1 are not statistically significant in all regressions. This also
implies that the positive effect of participation in supply chain
digitalization pilots on supply chain resilience is unlikely to result
from policymakers selectively including firms based on pre-
existing or expected differences in supply chain resilience between
treated and control firms. Thus, it helps address the reverse
causality concern and further strengthens our previous findings.
Moreover, by examining the coefficients associated with post-
event time dummies, we find that the positive effect of supply
chain digitalization pilots generally begins to materialize in the
second year (column (1)) and persists beyond. This is consistent
with our hypothesis that improvements in supply chain resilience,
driven by digitalization efforts, take time to manifest as firms

Table 3 Endogeneity test.

Placebo experiment

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

Variables Treati;t ´Postt Treati;t ´Postt SCRi;t SCRi;t Outi;t Outi;t SCRi;t Outi;t

Treati ´ Postt ´ altitudei 5.465*** 5.457***
(62.885) (62.721)

Treat ´ Post� fitted 0.053** 0.053** 0.054*** 0.054***
(2.076) (2.097) (3.120) (3.124)

SC treat ´ altitude 0.313 0.222
(1.057) (0.850)

Constant 0.004 0.011 0.153*** 0.161*** 0.077*** 0.082*** 0.150*** 0.079***
(0.017) (0.050) (33.322) (4.300) (24.636) (2.981) (14.369) (8.626)

Controls variables N Y N Y N Y N N
Year FEs Y Y Y Y Y Y Y Y
Firm FEs Y Y Y Y Y Y Y Y
Observations 7514 7514 7514 7514 7514 7514 5033 5033
R-squared 0.663 0.663 0.732 0.733 0.795 0.796 0.778 0.811
F 161.9 149.0 4.308 2.684 9.735 2.563 1.118 0.723
Kleibergen-Paap rk LM 428.674 428.298 428.674 428.298

This table displays the endogeneity test of Eq. (1). The variable Treati ´ Postt is a time-varying dummy set to one if a firm is in a Supply Chain Digitization Pilot City. Supplementary Table A.1 shows the
definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-025-06011-3 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |         (2025) 12:1738 | https://doi.org/10.1057/s41599-025-06011-3 7



adapt and integrate digital technologies into their supply chain
operations.

Meanwhile, the dynamic coefficients in Table 4 enable us to
distinguish between short-term adaptive responses and long-term
structural effects. In the first year after the policy was introduced
(T1), the impact already becomes apparent—especially for the
output-based resilience measure (column (2))—indicating that
treated firms initiated preliminary adaptive adjustments. Notably,
the coefficients continue to rise and reach statistical significance in
the second and third years (T2 and T3) for both the SCR and
output measures. This growing effect over time suggests that the
policy’s influence is far from transitory; instead, it reflects a
sustained, structural enhancement of supply-chain resilience, likely
driven by the progressive build-up of digital infrastructure and the
deepening of inter-organizational coordination mechanisms.

We also provide a graphical illustration of the relative changes in
supply chain resilience between the treated and control groups
around the initiation of the supply chain digitalization pilot. We plot
the coefficients of the interaction terms between the treatment
dummy and time dummies estimated from regression Eq. (2).

Figure 2 shows the estimated coefficients and 95% confidence
intervals from the dynamic analysis. The results indicate that
before the implementation of the policy, the estimated coefficients
of the interaction terms remained relatively stable, suggesting no
significant statistical differences in SCR(Out) between the
treatment and control groups. After the implementation of the
policy, however, the SCR (Out) of firms in the treatment group
exhibited a clear upward trend. Overall, our findings demonstrate
that dynamic analysis supports our model.

Heterogeneity analysis. In this subsection, we examine the
potential mechanisms through which supply chain digitization

enhances resilience. Theoretically, if digitization policies foster
greater resilience—by promoting better data integration,
advanced monitoring capabilities, and improved adaptability,
then their impact should be stronger under conditions that favor
the absorption of these benefits. Specifically, we focus on three
potential channels: (1) geographical distribution diversity of the
supply chain, (2) hierarchy of supply chain, and (3) operations
transparency of supply chain. To test these proposed channels, we
use the following regression equation:

SCRi;t ¼ β0 þ β1Treati ´ Post Hi;t þ β2Treati ´ Post Li;t

þ ∑kαkControls
k
i;t þ μi þ δt þ εi;t ð3Þ

Where, SCRi;t , Treati, and Controlski;t are the same as in Eq. (1).
Post Hi;t and Post Li;t are indicator variables equal to 1 if firm i’s
value of the grouping variable is above or below the cross-
sectional average prior to the policy, respectively, and 0 otherwise.
These group indicators are used in Eq. (3) to examine the het-
erogeneous effects across high and low groups. These high and
low groups are based on the three partition variables: geo-
graphical distribution diversity of supply chain, supply chain
hierarchy, and operational transparency. By comparing the dif-
ferences in resilience outcomes between these groups, we aim to
identify which conditions amplify or attenuate the positive effects
of supply chain digitization.

The role of geographic dispersion of supply chain. de Moura et al.
(2021) highlighted that dispersed supply chains rely on the
integration of operational technology (OT) and information
technology (IT). Digitization enhances transparency and
responsiveness through real-time data sharing, converting data
from dispersed facilities into valuable information, optimizing
logistics, production, and inventory management, and thus
mitigating complexity and enhancing supply chain resilience. We
use whether a firm has cross-province subsidiaries to measure the
geographical dispersion of its supply chain. Based on the cross-
province subsidiaries, firms are divided into high and low groups,
defined as Post H and Post L, respectively. We then analyze the
changes in firms’ supply chain resilience using Eq. (3), with the
results presented in Table 5.

The results show that supply chain digitization policies
significantly enhance SCRi;t and Outi;t for firms with higher
geographical dispersion (Post H), with positive and significant
coefficients for Treat ´ Post H (0.034, p < 0.05 in column (1);
0.033, p < 0.01 in column (2)). In contrast, the coefficients for
Treat ´ Post L are small and not significant. The significant
differences between the two groups, as shown by
Treat ´ ðPost H � Post LÞ (0.034, p < 0.1 in column (1); 0.028,
p < 0.1 in column (2)), suggest that digitization policies are
particularly effective for firms with dispersed supply chains.

The role of hierarchy of supply chain. Following the methodology
of Hu et al. (2022), we employ social network analysis techniques
to determine each firm’s hierarchical position within the supply
chain. Specifically, this approach assigns a metric, referred to as
the hierarchical value, to each firm. The hierarchical value reflects
a firm’s position in the supply chain network and its susceptibility
to demand fluctuations.

Theoretically, firms with lower hierarchical values, those closer
to the end consumer, are more likely to directly benefit from the
adoption of supply chain digitization technologies. This is
because digitization enhances information transparency and
real-time responsiveness, enabling downstream firms to manage
inventory, address fulfillment pressures, and adapt to market

Table 4 Dynamic analysis.

(1) (2)

Variables SCRi;t Outi;t

Treati ´ Ti;�3 −0.027 0.001
(−1.599) (0.125)

Treati ´ Ti;�2 −0.035* −0.003
(−1.916) (−0.281)

Treati ´ Ti;�1 −0.006 0.010
(−0.294) (0.778)

Treati ´ Ti;0 −0.004 0.025*
(−0.219) (1.914)

Treati ´ Ti;1 0.021 0.028**
(0.872) (2.165)

Treati ´ Ti;2 0.040** 0.033**
(2.019) (2.577)

Treati ´ Ti;3 0.056** 0.043***
(2.257) (2.627)

Constant 0.228** 0.084
(2.323) (1.448)

Controls variables Y Y
Year FEs Y Y
Firm FEs Y Y
Observations 7514 7514
R-squared 0.736 0.797
F 1.849 1.252

The table presents the dynamic effects of participation in supply chain digitalization pilots on
supply chain resilience. The dependent variables represent resilience metrics, including SCR
(Column (1)) and Out (Column (2)). Treat is a binary indicator variable equal to 1 if the firm
participates in a supply chain digitalization pilot, and 0 otherwise. Ti;u is a binary indicator
variable equal to 1 for periods u years or more before the pilot.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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fluctuations more effectively, thereby significantly enhancing
supply chain resilience.

To determine the hierarchical value, we first identify the
outermost firms in the supply chain network, those without any
suppliers of their own. These firms, which are closest to the end
consumer, are assigned a hierarchical value of 1. These firms are
then removed from the network, and the structure is reevaluated.
The firms that emerge as the new outermost layer after this
removal are assigned a hierarchical value of 2. This iterative
process continues until every firm in the network is assigned a
hierarchical value, reflecting its position relative to the ultimate
consumer.

Based on hierarchical values, we classify firms into two groups:
Post H and Post L. Firms in the Post H group have lower
hierarchical values, meaning they are closer to the end consumer,
while firms in the Post L group have higher hierarchical values,
indicating their position further upstream in the supply chain.
This classification allows us to analyze the differentiated impact of
digitization policies on firms at varying hierarchical levels within

the supply chain. We then analyze the changes in supply chain
resilience using Eq. (3), with the results presented in Table 6.

The results indicate that supply chain digitization policies
significantly enhance SCRi;t and Outi;t for firms closer to the end
consumer (Post H), while having little to no significant impact on
firms further upstream (Post L). The coefficients for
Treat ´ Post H are positive and highly significant (0.060,
p < 0.01 in column (1); 0.046, p < 0.01 in column (2)), suggesting
that firms in the Post H group benefit significantly from
digitization policies. In contrast, the coefficients for
Treat ´ Post L are small and not significant for SCRi;t (0.010,
p > 0.1 in column (1)) and only marginally significant for Outi;t
(0.016, p < 0.1 in column (2)). These findings highlight that
supply chain digitization policies have a more pronounced effect
on firms positioned closer to the end consumer.

The role of operation transparency of supply chain. Corporate
transparency enhances supply chain resilience by facilitating
smooth information flow and collaboration among partners (Liu
et al. 2024a). High transparency helps in the rapid identification
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Fig. 2 Parallel trend. Shows the parallel trend test of the policy in the years before and after 2018 (Duration 0). The left part of the picture shows the test
of the SCR specification, and the right side shows Out specification.

Table 5 Mechanisms analysis of geographic dispersion of
supply chain.

(1) (2)

Variables SCRi;t Outi;t

Treat ´ Post H 0.034** 0.033***
(2.121) (3.369)

Treat ´ Post L −0.001 0.004
(−0.044) (0.266)

treat´ ðPost H� Post LÞ 0.034* 0.028*
Wald statistic 1.89 1.85
P� value 0.0358 0.065
Observations 7514 7514
R-squared 0.733 0.796
Controls Y Y
Firm FEs Y Y
Year FEs Y Y
F 2.589 2.514

This table displays the results of estimating Eq. (3). We use whether a company has subsidiaries
in other provinces as a proxy for the level of geographic dispersion in its supply chain.
Companies are divided into two groups: high and low, based on whether they have subsidiaries
located in other provinces. Post H is a dummy variable for enterprises with subsidiaries in other
provinces before the implementation of the policy. We construct the Wald statistic Z ¼
ðβ1 � β2Þ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

covðβ1 ; β2Þ
p

to test the significance of the difference between the coefficients β1 and
β2 of Treat ´ post high and Treat ´ post low: Supplementary Table A.1 shows the definitions of
variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Table 6 Mechanisms analysis of hierarchy of supply chain.

(1) (2)

Variables SCRi;t Outi;t

Treat ´ Post H 0.060*** 0.046***
(3.200) (4.169)

Treat ´ Post L 0.007 0.017*
(0.442) (1.824)

Treat ´ ðPost H� Post LÞ 0.054*** 0.029***
Wald statistic 3.98 3.88
P� value 0.000 0.000
Observations 7514 7514
R-squared 0.734 0.796
Controls Y Y
Firm FEs Y Y
Year FEs Y Y
F 4.097 3.423

This table displays the results of estimating Eq. (3). We use the company within the supply
chain network hierarchy as a proxy for its supply chain position. Companies are divided into two
groups: high and low, based on their position in the supply chain. Firms at the top of the supply
chain (chain heads) are categorized as high, while others are categorized as low. Post H is a
dummy variable for enterprises classified as chain heads before the implementation of the
policy. We construct the Wald statistic Z ¼ ðβ1 � β2Þ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

covðβ1 ; β2Þ
p

to test the significance of
the difference between the coefficients β1 and β2 of Treat ´ post high and Treat ´ post low:
Supplementary Table A.1 shows the definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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and communication of risks (Wong et al. 2011), reduces uncer-
tainty, and fosters trust through informal collaboration, mini-
mizing reliance on independent risk management practices
(Bubicz et al. 2019). This environment of trust and collaboration
enables the supply chain to respond more effectively to disrup-
tions and improves its recovery capability (Wieteska 2020).

Following Sodhi and Tang (2019) and Hutton et al. (2009), we
measure corporate transparency based on firms’ disclosures
related to supply chains (SCT) and financial reporting (Opaque).
Specifically, SCT represents the proportion of transaction value
with major suppliers and customers whose names are explicitly
disclosed in annual reports, relative to the total transaction value
of the top five suppliers and customers. Opaque, in line with
Hutton et al. (2009), is proxied by the magnitude of earnings
management, measured using discretionary accruals estimated
from a modified Jones model. Greater discretionary accruals
reflect higher financial opacity due to reduced reliability of
reported earnings.

Based on the level in the sample, companies are divided into
high transparency and low transparency groups, defined as
Post H and Post L, respectively. We then analyze the changes in
supply chain resilience using Eq. (3), with the results presented in
Table 7.

Columns (1) and (2) present results based on firms’ supply
chain transparency. We find that supply chain digitization
policies significantly enhance both SCRi;t and Outi;t for firms
with higher supply chain transparency, with effect sizes of 0.072
and 0.054, respectively (both significant at the 1% level). In
contrast, the impact is notably weaker for firms with lower
transparency—0.011 (not significant) for SCRi;t and 0.019
(p < 0:1) for Outi;t The difference between high and low
transparency groups is statistically significant, as indicated by
the interaction term Treat ´ ðPost H � Post L), with effect sizes
of 0.061 (p < 0:01) and 0.034 (p < 0:05), respectively.

Columns (3) and (4) report results based on financial reporting
transparency. Again, the policy effect is more pronounced among
firms with greater transparency in financial disclosures. High-
transparency firms exhibit significant improvements in both

SCRi;t (0.032, p < 0:05) and Outi;t (0.032, p < 0:01), whereas the
effects for low-transparency firms are negative and statistically
insignificant. The interaction term capturing the differential
effect, Treat ´ ðPost H � Post L) shows a significant gap of 0.040
(p < 0:1) for SCRi;t and 0.043 (p < 0:01) for Outi;t

These findings consistently suggest that transparency serves as
an important amplifier of the policy’s effectiveness. Specifically,
after the policy implementation, high-transparency firms
improved their supply chain resilience more significantly than
low-transparency firms, highlighting the amplifying role of
transparency in enhancing the effectiveness of supply chain
digitization policies.

Mechanism analysis. Next, we further investigate the mechanism
through which supply-chain digitalization policies enhance
supply-chain resilience. Section “Theoretical framework” has
already provided a comprehensive theoretical discussion; there-
fore, this section concentrates on examining how the digitaliza-
tion pilot policy affects the key mechanism variables. To that end,
we specify the following regression model:

Mi;t ¼ α0 þ β1Treati ´ Postt þ∑
k
αkControls

k
i;t þ μi þ δt þ εi;t

ð4Þ

where Mi;t represents the mechanism variables of supply-chain
resilience, including dimensions such as recovery capability and
operational efficiency; Treati ´ Postt is a dummy variable that
equals one for firms covered by the digital-transformation pilot
policy. The definitions of the remaining covariates are identical to
those in the baseline regression. This model is designed to test
whether the pilot program indirectly enhances firms’ supply-
chain resilience by improving their information-processing
capacity and recovery capability.

Information processing capacity. Based on the definition provided
in Premkumar et al. (2005), which assesses information proces-
sing capacity as “the level of information technology support for
various activities in the procurement life cycle,” we use digital
information disclosure (Digital dis) and digital intangible assets
(Digital asset) as proxies. Digital information disclosure through
MD&A reflects the cognitive framing and agenda-setting function
of top management regarding digital strategies, while digital
intangible assets more directly indicate a firm’s operational
capacity to manage high volumes of supply chain information
efficiently.

First, Digital dis captures the salience of digital strategies in top
management narratives by analyzing the MD&A sections of
annual reports issued by publicly listed firms. We identify and
count the frequency of digitalization-related terms—such as
“digital transformation,” “blockchain,” “cloud computing,” “big
data,” “AI,” “platform,” and “smart manufacturing”—and
normalize this count by the total word count of the MD&A to
account for variation in document length. Second, Digital asset
reflects a firm’s internal investment in digital capabilities. We
extract the year-end value of intangible assets from the financial
report footnotes that include keywords such as “software,”
“network,” “client,” “management system,” “intelligent platform,”
or digital-related patents. These components are aggregated and
log-transformed to produce a firm-level digitalization indicator.
All identified items undergo manual verification to ensure
consistency with digital transformation efforts. We then examine
the mechanism through which supply-chain digitalization
policies influence supply chain resilience by estimating Eq. (4),
with the results reported in Table 8.

Table 7 Mechanisms analysis of operation transparency of
supply chain.

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

Variables SCRi;t Outi;t SCRi;t Outi;t

Treat ´ Post H 0.072*** 0.054*** 0.032** 0.032***
(3.767) (3.809) (2.074) (3.149)

Treat ´ Post L 0.011 0.019* −0.009 −0.012
(0.654) (1.912) (−0.760) (−1.576)

Treat ´ ðPost H� Post LÞ 0.061*** 0.034** 0.040* 0.043***
Wald statistic 3.22 2.50 1.87 2.92
P� value 0.001 0.013 0.061 0.003
Observations 7514 7514 7514 7514
R-squared 0.734 0.796 0.733 0.796
Controls Y Y Y Y
Firm FEs Y Y Y Y
Year FEs Y Y Y Y
F 3.556 2.642 2.529 2.250

This table displays the results of estimating Eq. (3). Following Sodhi and Tang (2019) and
Hutton et al. (2009), we measure supply chain transparency and financial opacity based on
firms’ disclosures related to supply chains (SCT) and financial reporting (Opaque). We divide
companies into two groups: high and low, based on whether their level is above average (for
Opaque is under average). posthigh is a dummy variable for enterprises with levels above
average before the implementation of the policy. We construct the Wald statistic Z ¼
ðβ1 � β2Þ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

covðβ1 ; β2Þ
p

to test the significance of the difference between the coefficients β1 and
β2 of Treat ´ post high and Treat ´ post low: Supplementary Table A.1 shows the definitions of
variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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The results reported in Table 8 provide empirical support for
H2a, which suggests that pilot policy enhance firms’ information
processing capacity. Specifically, column (1) shows that the
coefficient on Digital dis is statistically significant.
(coefficient= 9.875, p < 0:01), indicating that managers in pilot
firms placed greater emphasis on digital transformation in their
strategic communications. Column (2) shows that the coefficient
on Digital asset is also statistically significant (coefficient= 3.275,
p < 0.01), suggesting greater investment in internal IT infra-
structure. Together, these results confirm that the policy
intervention bolstered the cognitive and technical dimensions of
firms’ information processing capability, thereby validating H2a.

Recovering capability. Based on the conceptual framework
established by DuHadway et al. (2019) and Sheffi and Rice (2005),
we define recovery ability as a firm’s capacity to return to
expected operational performance following a disruption. Speci-
fically, we measure this construction using the natural logarithm
of the residual from a firm-level performance regression, where
the residual captures deviations from expected outcomes and thus
reflects latent recovery capability. We then examine the
mechanism through which supply-chain digitalization policies
influence supply chain resilience by estimating Eq. (4), with the
results reported in Table 9.

Consistent with H2b, the results in Column (1) of Table 9
confirm that pilot policy significantly enhances firm’s recovery
ability. The estimated coefficient on the treatment indicator is
positive and significant at the 5% level, indicating that pilot firms
are better able to respond to and recover from operational
disruptions after policy. This supports the argument that digital
technologies improve firms’ supply chain resilience by enabling
faster recovery capability.

Inventory turnover efficiency. Following operational literature,
inventory turnover efficiency reflects a firm’s capacity to align
supply with demand and respond swiftly to market fluctuations.
It is calculated as the natural logarithm of the inventory turnover
ratio, where:

Inventory Turnover Ratio ¼ Net Sales
Average Inventory

This metric captures how frequently a firm replenishes its
inventory over a given period. Higher turnover indicates more
efficient inventory utilization, and less capital tied up in stock,
which contributes to enhanced operational agility and supply
chain resilience. We then examine the mechanism through which

supply-chain digitalization policies influence supply chain
resilience by estimating Eq. (4), with the results reported in
Table 9.

The findings in Column (2) support H2c, showing that pilot
policy improves inventory turnover efficiency. The positive
significant coefficient suggests that firms in the pilot program
manage inventory more effectively post-policy. This lends
empirical support to the theoretical expectation that digital
infrastructure improves information flow and forecasting accu-
racy, which in turn facilitates learner and more responsive
inventory management practices.

Robust test
Excluding omitted variable bias. To ensure the credibility of our
baseline conclusions, we conduct a series of robust tests addres-
sing potential sources of bias. First, to mitigate the influence of
unobserved heterogeneity at the regional and sectoral levels, we
incorporate fixed effects for cities and industries. This approach
controls for time-invariant characteristics that may simulta-
neously affect a firm’s supply chain centrality and its likelihood of
being selected for digital transformation pilots, thus helping iso-
late the net effect of the policy intervention.

Second, to reduce potential omitted variable bias at the firm
level, we include a comprehensive set of control variables
informed by prior literature. Specifically, we account for SOE
status, given that state-owned enterprises tend to differ in
resource access and strategic priorities (Musacchio and Lazzarini
2014); high-tech designation, which reflects innovation capacity
and technological adaptability (Kamalahmadi and Parast 2016);
and the volume of digital-related patents, a proxy for internal
digital capability (Ivanov 2021). Additionally, we control firm age
(Tang 2006), CEO gender (Faccio et al. 2016), overseas manage-
rial experience (Nielsen and Nielsen 2013), and academic
background (Zhang and Rajagopalan 2004), all of which may
influence firms’ risk management behavior and responsiveness to
digital initiatives. By accounting for these factors, we strengthen
the credibility of our identification strategy and bolster the
robustness of our empirical findings.

Across columns (1)–(4) of Table 10, coefficients on the pilot
indicator remain positive and statistically significant, and
magnitudes are very similar to the baseline, indicating strong
robustness.

Table 8 Information processing capacity.

(1) (2)

Variables Digital dis Digital asset

Treati ´ Postt 9.875*** 3.275***
(3.113) (3.359)

Constant −10.649 3.339*
(−1.408) (1.781)

Observations 7514 7514
R-squared 0.815 0.831
Controls Y Y
Firm FEs Y Y
Year FEs Y Y
F 10.41 1.961

This table reports the regression results for the effect of supply chain digitalization pilot on two
proxies for information processing capacity: digital information disclosure and digital intangible
assets. All regressions control for year, and firm fixed effects, and standard errors are clustered
at the firm level. Supplementary Table A1 shows the definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Table 9 Recovering capability and inventory turnover
efficiency.

(1) (2)

Variables Recover Turnover

Treati ´ Postt 0.099** 0.029*
(2.459) (1.699)

Constant 10.791*** 1.299***
(26.866) (18.254)

Observations 7514 7514
R-squared 0.465 0.879
Controls Y Y
Firm FEs Y Y
Year FEs Y Y
F 88.51 13.13

This table presents regression results examining the impact of the supply chain digitalization
pilot on two resilience-related mechanisms: recovery ability and inventory turnover efficiency.
Recovery ability is proxied by the natural logarithm of the residual from a prior performance
regression, following DuHadway et al. (2019) and Sheffi and Rice (2005). Inventory turnover
efficiency is measured by applying a logarithmic transformation to the inventory turnover ratio.
All regressions include firm and year fixed effects, and standard errors are clustered at the firm
level. Supplementary Table A.1 shows the definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Excluding selection bias. Second, we also try to use other methods
to correct the endogenous selection bias problem to test the
reliability of the baseline conclusions. Specifically, this paper
adopts the PSM-DID method: firstly, based on the mean data of
the matching variables of the sample cities before the pilot
implementation (2010–2017), the propensity score is estimated
using the Probit model; then, the treated group (sample cities that
have implemented the pilot by 2018) and the control group
(sample cities that have not implemented the pilot) are matched
using the 1-to-1 nearest neighbor matching method; then, based
on the panel data of the matched sample counties from 2010 to
2021, the pilot effect is estimated using the DID method.

Supplementary Appendix Table A2 reports pre- vs. post-match t-
tests of covariate balance; Supplementary Appendix Fig. A.1 presents
covariance-balance plots. Post-matching standardized biases lie well
below the 10% threshold and cluster near zero, indicating satisfactory
balance. As shown in columns (1)–(4) of Table 11, the PSM–DID
estimates remain positive and significant, closely tracking the baseline
results and supporting robustness to selection on observables.

Placebo test. To further verify the validity of our baseline esti-
mates, we conduct a placebo test based on the permutation
approach proposed by Abadie et al. (2010). Specifically, we ran-
domly reassign the treatment indicator, Treati ´ Postt , 500 times.
After each reshuffle, we re-estimate the DID model, recording the
coefficient, its standard error, and the degrees of freedom, while
continuing to control for firm characteristics as well as industry,
year, and firm fixed effects.

We then plot the empirical distribution of the 500 placebo
coefficients alongside the null line (β ¼ 0) and the actual DID
estimate (dashed line). In Fig. 3 (SCR as outcome) and Fig. 4 (Out
as outcome), the vast majority of placebo coefficients cluster

tightly around zero, with only a small fraction approaching the
observed estimate (β ¼ 0:031 in Fig. 3; β ¼ 0:032 in Fig. 4). This
pattern indicates that the main results are unlikely to be driven by
random assignments or model artifacts.

Conclusion
In the digital era, the ability to acquire, process, and coordinate
information has become a core determinant of supply-chain
resilience. Using a causal identification strategy, this study shows
that China’s supply-chain digitalization pilot program sig-
nificantly strengthens the resilience of firms embedded in supply-
chain networks, primarily through structural changes such as
greater connectivity and centrality. Anchored in OIPT, we argue
that this effect operates through three interrelated mechanisms:
enhanced information processing capacity enabled by digital asset
investment, improved recovery ability in response to disruptions,
and greater inventory turnover efficiency that facilitate opera-
tional flexibility across the supply chain.

While our findings highlight the positive impact of digitalization
on enhancing supply chain resilience, it is important to acknowledge
the emerging risks associated with digital transformation. As firms
increasingly rely on digital infrastructure, they also become more
vulnerable to cyberattacks, data breaches, and algorithmic failures,
which may compromise operational stability and introduce new
forms of systemic risk (Ivanov and Dolgui 2020). These risks are
particularly salient in highly interconnected supply chain networks,
where disruptions can propagate rapidly through digital channels.
Although we do not explicitly model digital risks, the observed
resilience gains should be interpreted alongside the need for robust
digital governance, cybersecurity protocols, and adaptive risk-
management frameworks. Future research should more system-
atically examine trade-offs between digital integration and digital
vulnerabilities to support evidence-based policymaking.

Several limitations nevertheless merit acknowledgement. First,
the observed policy effects may reflect a certain degree of tem-
poral lag. As supply chain digitalization often requires time for
infrastructure deployment, capability building, and organizational
adaptation, the short-term impact may appear muted while
medium- to long-term effects become more pronounced. Our
data covers a relatively limited post-treatment period; thus, future
research could revisit this question with extended panel data to
better capture the full trajectory of policy impact over time.
Second, we focus on structural indicators of resilience and do not

Table 10 Excluding omitted variable bias.

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

Variables SCRi;t Outi;t SCRi;t Outi;t

Treati ´ Postt 0.030* 0.031*** 0.031** 0.030***
(1.851) (3.054) (2.021) (3.161)

SOE −0.002 0.005
(−0.081) (0.338)

High tech 0.054** 0.029*
(2.461) (1.947)

Digital patent −0.000 0.000
(−0.818) (1.533)

Age 0.000 −0.000
(0.483) (−0.952)

Gender −0.020* 0.003
(−1.700) (0.305)

Aboard 0.011 −0.002
(0.774) (−0.104)

Academy −0.026 −0.049*
(−1.002) (−1.755)

Constant 0.173*** 0.084*** 0.143*** 0.075**
(4.350) (2.975) (3.373) (2.528)

Baseline Controls Y Y Y Y
Year, Industry,
City FEs

Y Y N N

Firm FEs Y Y Y Y
Observations 7514 7514 7514 7514
R-squared 0.744 0.811 0.734 0.797
F 1.987 2.223 2.164 2.051

This table shows the robust test of Eq. 1. The variable Treati ´ Posti is a time-varying dummy set
to one if a firm is in a Supply Chain Digitization Pilot City. Columns (1) and (2) include city and
industry fixed effects in the models. Supplementary Table A.1 shows the definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Table 11 Excluding selection bias.

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

Variables SCRi;t Outi;t SCRi;t Outi;t

Treati ´ Postt 0.044** 0.038*** 0.030* 0.031***
(2.538) (2.972) (1.847) (3.058)

Constant 0.160*** 0.109*** 0.173*** 0.084***
(5.455) (4.273) (4.353) (2.965)

Controls
variables

Y Y Y Y

Year, Industry,
City FEs

Y Y Y Y

Firm FEs N N Y Y
PSM-DID Y Y Y Y
Observations 7514 7514 7514 7514
R-squared 0.266 0.264 0.744 0.811
F 2.633 1.823 1.988 2.228

This table shows the robust test of Eq. (1). The variable Treati ´ Posti is a time-varying dummy
set to one if a firm is in a Supply Chain Digitization Pilot City. Columns (1) and (2) show results
using Propensity Score Matching (PSM) data, and columns (3) and (4) further incorporate fixed
effects based on PSM data. Supplementary Table A.1 shows the definitions of variables.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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directly measure response speed, cost efficiency, or recovery time
—dimensions future research could capture using firm-level
operational data. Third, our sample is restricted to A-share listed
companies in China, which may limit the generalizability of our
findings to small firms, informal suppliers, or regions with dif-
ferent institutional settings. Four, although our analysis is
grounded in OIPT, a deeper exploration of how digital tools
reshape internal routines and decision heuristics remains an

important theoretical avenue. Finally, our study uses an exogen-
ous policy shock to identify the effect of digitalization on supply
chain resilience. We acknowledge that future research focusing on
firm-level digital adoption may face reverse causality concerns,
which more resilient firms might be more likely to invest in
digital technologies. Although policy assignments in our setting
mitigate this risk, future studies should further address this
potential endogeneity.
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Fig. 3 Placebo test of SCR. This figure presents the results of 500 placebo simulations where the treatment indicator is randomly reassigned. The
scatterplot shows simulated p-values against estimated treatment effects, while the kernel density on the right axis illustrates the distribution of β. The
black solid line marks the null hypothesis (β= 0), and the red dashed line indicates the actual estimate from the main regression (β= 0.031). The
concentration of simulated estimates around zero, with the actual estimate lying in the far tail, supports the robustness of the policy effect.
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Fig. 4 Placebo test of out degree. This figure presents the results of 500 placebo simulations where the treatment indicator is randomly reassigned. The
scatterplot shows simulated p-values against estimated treatment effects, while the kernel density on the right axis illustrates the distribution of β. The
black solid line marks the null hypothesis (β= 0), and the red dashed line indicates the actual estimate from the main regression (β= 0.032). The
concentration of simulated estimates around zero, with the actual estimate lying in the far tail, supports the robustness of the policy effect.
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