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1. Introduction

In today's hyper-connected global economy, international trade is no longer merely an
exchange of goods but a strategic arena shaped by systemic volatility. Heightened global
competition and rising protectionism have severely challenged traditional cost-based export
models. Major macroeconomic and geopolitical events have further intensified environmen-
tal uncertainty, exposing firms to systemic supply chain disruptions (Gereffi, 2020). Against
this turbulent backdrop, supply chain digitalization has emerged as a transformative enabler
(Spieske & Birkel, 2021). By deploying intelligent logistics, cross-border e-commerce integra-
tion, and data-driven coordination, multinational and exporting firms are fundamentally shift-
ing digitalization from a competitive advantage to a survival necessity (Veit & Thatcher, 2023).

Yet, despite the widespread consensus on the necessity of digital transformation, the em-
pirical literature leaves several critical gaps. Prior studies predominantly treat digitalization as
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an endogenous managerial choice, complicating causal inference, and tend to focus heavily
on domestic integration or routine efficiency gains (Siems et al., 2023). Crucially, how exoge-
nous digital policy shocks translate into sustained export competitiveness—particularly under
the amplifying pressure of global turbulence—remains insufficiently understood. Further-
more, the structural mechanisms driving this “digital dividend,” particularly the indispensable
role of substantive innovation as a strategic conduit, are often treated as a black box (Usai
et al,, 2021).

This study bridges these gaps by exploiting China’s 2018 Supply Chain Innovation and
Application Pilot Program as a quasi-natural experiment (Tian & Cui, 2025). Using a com-
prehensive panel of A-share listed firms from 2010 to 2023, we employ a generalized Dif-
ference-in-Differences framework—supported by Double Machine Learning estimations,
Propensity Score Matching, and event-study validations—to delineate the pathways from
policy-induced digital upgrading to export competitiveness. We document a substantial and
causal export-promoting effect of supply chain digitalization, demonstrating that policy-driv-
en interventions successfully foster structural trade advantages.

The remainder of this paper is organized as follows: Section 2 reviews the literature and
develops the research hypotheses. Section 3 details the research design, including the data
sample, variables, and the empirical strategy used to evaluate the 2018 policy shock. Section 4
presents the main empirical results and robustness checks. Section 5 explores the underlying
mechanisms and boundary conditions, focusing on substantive innovation and environmental
uncertainty. Finally, Section 6 concludes and offers relevant policy implications.

2. Literature review and hypothesis development

2.1. Export competitiveness and supply chain digitalization

Export competitiveness serves as a critical macroeconomic barometer and a strategic firm-lev-
el benchmark. While classical trade theories emphasize cost efficiency and scale economies,
deepening globalization and fragmented value chains have rendered these foundations frag-
ile. Competing solely on cost is unsustainable amid shifting comparative advantages and
geopolitical shocks. Consequently, scholars and policymakers increasingly seek new engines
of export competitiveness grounded in dynamic, adaptive capabilities rather than static factor
endowments (Verhoef et al., 2021).

In this search, supply chain digitalization has emerged as a transformative force. Digital
technologies such as big data analytics, loT-enabled monitoring, cloud-based platforms, and
Al-driven logistics are rewriting the rules of cross-border commerce. By integrating data
across previously fragmented nodes, these technologies reduce transaction frictions, enable
predictive coordination, and enhance visibility across global networks (Dubey et al., 2021).
Likewise, cross-border e-commerce and digital logistics platforms accelerate disintermedia-
tion, lowering market entry barriers and giving smaller firms direct access to international
buyers. Extensive empirical evidence underscores this potential, indicating that digitalized
supply chains substantially reduce trade costs, translating into measurable improvements in
export intensity and market expansion (Brynjolfsson et al., 2019).

Yet the relationship between digitalization and export competitiveness is far from linear.
Absorptive capacity matters. Kache and Seuring (2017) demonstrate that digital tools yield
diminishing returns in firms lacking the literacy, governance agility, or organizational flexi-
bility to absorb and operationalize them. Similarly, Eller et al. (2020) argue that SMEs often
face financing bottlenecks and technological shortfalls, leaving them unable to capture the
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economies of scale embedded in digital platforms. Even at the industry level, digital dividends
can vary sharply. These findings collectively suggest that digitalization is not a universal recipe
for competitiveness but a contingent process shaped by firm resources, absorptive capacity,
and institutional context.

While current literature extensively documents the efficiency-enhancing effects of dig-
italization, it remains limited in two key respects. First, the reliance on macro-level data
complicates robust causal identification at the firm level. Second, existing studies primarily
focus on “business as usual” environments, offering limited insights into how digitalization
helps firms navigate export bottlenecks amid external turbulence like geopolitical friction or
regulatory shocks (lvanov & Dolgui, 2021; Sodhi & Tang, 2021). Consequently, the question of
when, how, and under what conditions digital dividends materialize remains underexplored.
Addressing this gap, our study links policy-driven supply chain digitalization to firm-level
export performance, moving beyond efficiency narratives to examine digital transformation
as a strategic lever under heightened global uncertainty.

2.2. Supply chain digitalization and substantive innovation

Substantive innovation—genuine, high-quality technological advancements that upgrade
core competencies (Yang et al., 2025)—is crucial for sustained international competitiveness.
Unlike superficial innovations pursued for subsidies or short-term operational tweaks, sub-
stantive innovation enables firms to transcend low-margin rivalry, capture premium segments,
and secure long-term strategic advantages in global markets.

Research highlights supply chain digitalization as a key catalyst for substantive innova-
tion (Appio et al., 2021). Digital technologies not only optimize routine processes but also
create the informational and structural conditions necessary for genuine technological break-
throughs (Nambisan et al., 2019). Integrating cross-boundary data through cloud platforms
and loT networks grants firms real-time access to upstream demand signals and downstream
operational feedback. This heightened connectivity fosters novel combinations of complex
knowledge across organizational boundaries, increasing the likelihood of high-value, substan-
tive discoveries. Furthermore, digital technologies enable precision in R&D strategy. Haefner
et al. (2021) demonstrate that advanced analytics and Al-driven algorithms allow firms to map
technological trajectories and identify critical bottlenecks in the global research landscape,
optimizing resource allocation for core technological exploration. Additionally, digital infra-
structures mitigate the extreme risks of high-quality R&D. Through digital twin simulations,
firms can rapidly prototype complex designs and iterate at a lower cost, overcoming resource
constraints that typically deter substantive innovation (Tao et al.,, 2019).

The strategic payoff of substantive innovation for export competitiveness is particularly
pronounced. Firms committing to core technological upgrades escape the trap of compet-
ing solely on cost, leveraging product differentiation and high-tech premiums to command
bargaining power in global value chains. For firms in emerging economies, substantive in-
novation provides a mechanism to break free from low-value, labor-intensive positions and
capture high-margin niches (Kano et al.,, 2020). By integrating digital supply chain platforms
with pioneering technological advancements, these firms successfully transition from passive
participants to proactive competitors, rapidly building global competitiveness and ascending
to higher value-added segments within international markets (Luo, 2021).

Despite these insights, existing literature primarily focuses on digitalization’s routine ef-
ficiency gains, leaving its role in catalyzing substantive innovation underexplored. Empirical
evidence linking supply chain digitalization, substantive innovation, and export performance
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remains limited (Y. Wang et al., 2024). By contextualizing this dynamic within emerging mar-
kets, our framework illuminates how digital empowerment drives fundamental upgrades in
global competitiveness beyond mere cost advantages.

2.3. Policy-induced supply chain digitalization and export performance

Under China’s “dual circulation” strategy, supply chain digitalization serves as a crucial mech-
anism for industrial modernization. Integrating information systems, logistics platforms, and
cross-border data enables firms to overcome information asymmetries and coordinate val-
ue-adding activities across fragmented global networks (Peng et al., 2026). This systemic
digital upgrading provides an ideal empirical context to examine its causal implications for
export performance.

From the perspective of Resource Dependence Theory (Pfeffer & Salancik, 1978), exporters
are particularly vulnerable to external constraints, relying heavily on foreign demand infor-
mation, global logistics, and compliance with international technical standards. Such reliance
exposes firms to significant transaction costs and strategic vulnerabilities. Supply chain digi-
talization mitigates these dependencies by lowering global input costs, improving transaction
transparency, and enhancing structural autonomy in global markets (Daniel et al., 2026).
Concurrently, Dynamic Capability Theory posits that firms must continuously sense, seize,
and reconfigure resources in volatile environments (Teece et al., 1997). These imperatives are
amplified in export markets, where uncertainties surrounding demand fluctuations, regulatory
shifts, and geopolitical tensions are more acute than in domestic contexts. Digital tools—such
as real-time analytics, loT-enabled monitoring, and algorithm-driven coordination—equip
firms with sharper sensing capabilities, greater agility in seizing opportunities, and stronger
flexibility in resource reconfiguration (Dubey et al., 2023; Mohsin et al., 2025). Consequently,
digitalization fortifies the dynamic capabilities critical for sustained international competi-
tiveness. Synthesizing these perspectives, policy-induced digital upgrading simultaneously
reduces external dependence and strengthens dynamic capabilities, thereby enhancing firms’
export competitiveness. Based on this reasoning, we propose the following hypothesis:

H1: Policy-induced supply chain digitalization significantly improves firms’ export perfor-
mance.

2.4. The mediating role of substantive innovation

While efficiency gains provide immediate operational benefits, securing lasting internation-
al competitiveness requires firms to overcome low value-added positioning. This demands
substantive innovation—the development of genuine, high-quality core technologies that
fundamentally upgrade a firm’s technological frontier—rather than incremental process im-
provements or superficial “strategic” patents pursued for short-term incentives (Jiang & Bai,
2022; Zhan et al., 2025). Supply chain digitalization acts as a powerful enabler of this deep
technological transformation (Ai et al., 2025).

Drawing on Resource Dependence Theory, exporters rely heavily on transnational knowl-
edge flows and collaborative research networks to overcome the capability barriers inherent
in substantive innovation. Digital platforms drastically reduce these barriers by linking firms
to global databases, patent pools, and cross-border partners, providing the scarce, high-value
knowledge resources required to catalyze genuine breakthroughs (Luo et al., 2024). Con-
currently, Dynamic Capability Theory emphasizes the ability to sense, seize, and reconfigure
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resources for sustained competitiveness. Within this framework, digitalization becomes critical
for high-quality R&D: big-data analytics sharpen the sensing of technological bottlenecks,
Al-driven simulations help firms seize new design opportunities, and digital twins accelerate
reconfiguration through rapid prototyping, thereby mitigating the prohibitive costs and in-
herent risks traditionally associated with substantive exploration.

Synthesizing these theoretical perspectives, substantive innovation functions as the critical
mechanism through which supply chain digitalization translates into sustainable international
competitiveness. Based on this reasoning, we propose the following hypothesis:

H2: Substantive innovation mediates the relationship between supply chain digitalization
and firms' export performance.

2.5. The moderating role of environmental uncertainty

Environmental uncertainty constitutes a fundamental condition of global competition (Li &
Xiong, 2022), yet its strategic implications are far from uniform. For firms undergoing digital
transformation, the nature of this uncertainty—whether systemic (industry-level) or idiosyn-
cratic (firm-specific)—determines if digital tools function as strategic assets or remain under-
exploited technologies.

At the industry level, systemic uncertainty stems from macroeconomic volatility, requlatory
realignments, or sector-wide demand shocks. High turbulence substantially increases the
value of information processing and structural flexibility (Bloom, 2014). In this context, sup-
ply chain digitalization enhances organizational resilience by improving end-to-end visibility,
enabling real-time coordination, and accelerating response speeds (Zouari et al.,, 2021). By
leveraging digital infrastructures to capture and process market signals, firms can effectively
mitigate collective shocks and convert external volatility into opportunities for competitive
differentiation. Empirical evidence supports this view: firms operating in volatile industries
such as energy or electronics consistently derive disproportionate strategic dividends from
their digital investments (Mithas et al., 2013; Peng & Tao, 2022).

By contrast, firm-specific uncertainty reflects idiosyncratic instability, often manifesting
through erratic operational cycles, unpredictable cash flows, or inconsistent strategies. Unlike
systemic turbulence, which imposes shared external constraints, high internal volatility fre-
quently indicates deficits in organizational design or resource orchestration (Irvine & Pontiff,
2009). Digital tools cannot inherently substitute for managerial coherence: without stable
routines and sufficient absorptive capacity, fragmented organizations struggle to effectively
operationalize digital resources into performance gains (Durman et al., 2025; Li et al., 2020).
While some highly volatile firms may accelerate digital adoption as a reactive measure, in-
ternal instability often dilutes the structural benefits of digitalization. Due to these conflicting
mechanisms, the moderating role of idiosyncratic uncertainty on the digitalization-perfor-
mance nexus tends to be empirically inconclusive.

Synthesizing these distinctions, systemic shocks magnify the value of digitalization by re-
warding coordination and agility, whereas idiosyncratic turbulence introduces organizational
noise that makes the absorption of digital tools highly unpredictable. Thus, we propose:

H3a: Industry-level environmental uncertainty strengthens the positive effect of supply chain
digitalization on export performance.

H3b: Firm-specific uncertainty does not exert a systematic moderating effect, as its influence
is contingent and heterogeneous.



638 J. Shao et al. Turning uncertainty into advantage: how policy-induced digitalization fuels export competitiveness

3. Research design

3.1. Sample selection and data sources

This study exploits the 2018 Supply Chain Innovation and Application Pilot Program as a
quasi-natural experiment to examine how policy-driven digitalization shapes firm-level export
performance (J. Ma et al., 2024). We construct a panel dataset of A-share listed firms from
2010 to 2023. To ensure reliability, we exclude "ST" or “*ST" firms, delisted firms, and observa-
tions with missing key values, yielding an unbalanced panel of 28,121 firm-year observations.

Financial and accounting data are obtained from CSMAR and CNRDS. Our primary data
for firm export performance is derived from the “Geographical Segment Reporting” disclosed
in the notes to audited financial statements, sourced from the CNINFO database. Pilot firms
are identified based on official announcements by NDRC and MOFCOM, ensuring the cred-
ibility of treatment assignment.

3.2. Dependent variable

Export performance is defined as the natural logarithm of the total operating revenue from
overseas regions disclosed in the geographical segment reporting. The log transformation
normalizes skewed distributions and allows coefficients to be interpreted in percentage terms,
a standard practice in empirical trade research (S. Wang et al., 2024).

Additionally, to assess the robustness of our findings, we employ Export Resilience and
Export Intensity as alternative dependent variables. Export Intensity is defined as overseas
revenue divided by total operating revenue (H. Ma et al., 2024). Export Resilience uses the
2008 Global Financial Crisis as a benchmark and measures a firm's export performance in
year t relative to its 2008 level. Higher values indicate stronger post-crisis recovery and long-
term export growth, reflecting greater resilience to external uncertainty (Zheng et al., 2023).

3.3. Independent variable

The key explanatory variable is supply chain digitalization, identified via the 2018 pilot pro-
gram. Following the difference-in-differences framework, firms selected into the pilot form
the treatment group (Treat, =1), while others serve as controls (Treat; =0). Post, =1 for
years 2018 onward, 0 otherwise. The interaction term (Treat; x Post, ) captures the exogenous
shock of policy-driven digitalization.

3.4. Mediating variables

Following Kong et al. (2017), we proxy Substantive Innovation (S/) using the annual number
of independently applied invention patents. As invention patents require high R&D intensity
and reflect genuine technological pioneering, independent applications serve as a highly
credible indicator of a firm's autonomous innovation commitment and immediate response
to digital upgrading. To reduce skewness, we apply a log transformation by adding one to
the actual count:

Si=In (lndependent Invention Applications + 1). (M
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3.5. Moderating variables

The moderating variables are Environmental Uncertainty (EU ) and Idiosyncratic Uncertainty
(/U). Following Ghosh and Olsen (2009) and Shen et al. (2012), we first compute abnormal
sales volatility for each firm over the past five years by removing firm-specific growth trends,
and then use this detrended volatility as the base measure of uncertainty. EU captures
common, industry-wide turbulence and is defined as the annual median abnormal sales vol-
atility among all firms within the same industry. /U captures firm-specific instability beyond
common industry shocks and is calculated as the ratio of a firm’s abnormal sales volatility
to the corresponding industry-level EU, thereby normalizing firm volatility by the industry
benchmark. By distinguishing EU from /U, we examine how external turbulence versus in-
ternal instability conditions the effect of digitalization on export competitiveness.

3.6. Control variables

To mitigate omitted variable bias, we control for firm size (Size), profitability (ROA), financial
leverage (Lev), firm age (FirmAge), ownership concentration (Top1), state ownership (SOE),
operating cash flow (CashFlow), and firm value (TobinQ). All continuous variables are win-
sorized at the 1st and 99th percentiles to mitigate the influence of extreme outliers (Jiang
et al, 2010). Detailed definitions of all variables are reported in Table 1.

Table 1. Main variables

Type Variable Symbol Definition and Measurement

Depen- | Export In(Export) | In(Total Overseas Operating Revenue + 1)

dent Performance

Export Resilience Deviation of export value in year t relative to the 2008
Robust- | Resilience benchmark
ness

Export Intensity |[Intensity | Overseas Operating Revenue/Total Operating Revenue

Inde- Supply Chain Interaction term: TreatxPost (1 for pilot firms after

pendent | Digitalization DD implementation, 0 otherwise)
Media- i ] .

edia Substan_tlve Sl In(Number of Invention Patent Applications + 1)
tor Innovation

Industry-level volatility: Median of abnormal sales volatility

Mode- | Env. Uncertainty | EU over past 5 years

rator
Idio. Uncertainty | IU Firm-specific risk ratio: Firm’s Abnormal Volatility/Industry EU
Firm Size Size In(Total Assets at Year-end)
Return on ROA Net Income/Average Total Assets
Assets
Leverage Lev Total Liabilities/Total Assets
Firm Age FirmAge | In(Current Year-Establishment Year + 1)
Controls ;
gc\gvnncershlp Top1 Shareholding ratio of the largest shareholder

Dummy: 1 if the ultimate controller is the government or

State Ownership | SOE SOE, 0 otherwise

Cash Flow CashFlow | Net Cash Flow from Operating Activities/Total Assets

Tobin's Q TobinQ (Mkt Value of Equity+Book Value of Debt)/Total Assets
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3.7. Model specification

To empirically examine the causal impact of supply chain digitalization on export perfor-
mance, we exploit the 2018 “Supply Chain Innovation and Application Pilot Program” as a
quasi-natural experiment. Based on a difference-in-differences framework (Angrist & Pischke,
2008), we estimate the following baseline specification:

|n(EXP°rt1,t) = Bg +B,DID; . +yControls,, +p; +38, +&;,, @)

where the dependent variable, In(Exportilt), denotes the natural logarithm of firm i's export
value in year t. The core independent variable, D/D[lt, is the interaction term Treat; x Post,,
which equals 1 if firm i is a pilot enterprise and year t falls in the post-implementation
period (2018-2023), and 0 otherwise.

The coefficient B, is of central interest. We acknowledge that the pilot status is an admin-
istrative designation and may bundle multiple policy components. Accordingly, we interpret
B, as the average treatment effect of exposure to a digitalization-oriented supply chain
policy, rather than mechanically equating pilot selection with digitalization itself. This interpre-
tation is grounded in two facts: First, the central directive of the program (State Council Doc.
No. 84 (General Office of the State Council of the People’s Republic of China, 2017)) places
“enhancing digitalization and intelligence” among the key evaluation criteria, indicating that
digital upgrading is a core policy component. Second, our manual review of pilot firms" dis-
closed projects confirms substantive digital initiatives, aligning with the program'’s intended
orientation (Ministry of Commerce of the People’s Republic of China, 2018).

Furthermore, to alleviate concerns that pilot eligibility may also be associated with re-
source advantages, we include a rich set of firm-level controls—explicitly including financial
resource proxies (e.g., Cash Flow)—and absorb time-invariant heterogeneity via firm fixed
effects p; and common macro shocks via year fixed effects 3, (Gormley & Matsa, 2014).
Standard errors are clustered at the firm level to account for within-firm serial correlation
(Bertrand et al., 2004).

4. Empirical analysis

4.1. Descriptive statistics

Table 2 reports the descriptive statistics. The dependent variable, In(Export), exhibits sub-
stantial variation, indicating significant heterogeneity in export performance across firms.
Crucially, the treatment variable DID has a mean of 0.011. While pilot firms comprise only
1.1% of the sample, the extensive pool of non-pilot firms serves as a rich “donor pool.” This
structure enables us to construct highly comparable counterfactuals via Propensity Score
Matching (PSM), thereby mitigating potential selection bias. Furthermore, control variables
such as Size and CashFlow display sufficient variation. Substantive Innovation also shows
significant dispersion, supporting our subsequent examination of impact channels.

Table 2. Descriptive statistics of the main variables

Variable N Mean SD Min Median Max

In(Export) 28121 19.075 2.336 0 19.291 24.575
Resilience 14,008 4352 8.681 -0.839 0.721 32.558
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Variable N Mean SD Min Median Max
Intensity 10,448 0.238 0.228 0.000 0.163 0.931
DID 28126 0.011 0.105 0.000 0.000 1.000
Sl 28,107 1337 1.368 0.000 1.099 5.485
EU 18,920 0.109 0.017 0.075 0.105 0.198
U 18,920 1.275 1.071 0.144 0.974 6.317
Size 28126 22.139 1.272 19.313 21.928 26.452
ROA 28126 0.037 0.067 -0.578 0.039 0.220
Lev 28126 0.406 0.200 0.028 0.398 0.934
FirmAge 28126 2.899 0.353 1.099 2.944 3.689
Top1 28126 0334 0.144 0.076 0314 0.758
SOE 27482 0.285 0.452 0.000 0.000 1.000
CashFlow 28124 0.049 0.067 -0.226 0.047 0.282
TobinQ 27790 1.992 1.214 0.795 1.612 17.676

4.2. Baseline regression results

Table 3 presents the baseline results estimated using a stepwise regression strategy. The re-
sults indicate that the coefficient of the core explanatory variable, DID, remains consistently
positive and significant at the 1% or 5% level, regardless of the inclusion of control varia-
bles. Moreover, the magnitude of the coefficient is stable, fluctuating within a narrow range
between 0.41 and 0.45. In Column (4), which incorporates the full set of control variables
and two-way fixed effects, the estimated coefficient is 0.425. This suggests that even after
rigorously controlling for potential omitted variable bias, supply chain digitalization exerts a
significant promoting effect on firms' export performance, thereby supporting Hypothesis H1.

It is worth noting that, since log-linear OLS models tend to assign higher weight to ob-
servations with smaller baselines, this estimate might partially capture the “inflated” volatility
associated with micro-enterprises during their initial transformation phase, potentially leading
to an upward bias. Consequently, the coefficient of 0.425 should be interpreted with caution
as an "upper bound” of the policy effect. To mitigate such scale-related noise and obtain a
more precise estimate of the net effect, we employ non-parametric methods, such as Poisson
Pseudo Maximum Likelihood and Double Machine Learning, in subsequent analyses. Addi-
tionally, the explanatory power of the model improves steadily with the inclusion of control
variables, and the signs of the coefficients for all covariates are consistent with theoretical
expectations.

Table 3. Baseline regression results

) (M 2 (3) (4)
Variable
In(Export) In(Export) In(Export) In(Export)
bID 0.452%** 0.409** 0.411** 0.425**
(2.642) (2.435) (2.420) (2.524)
i 0.912%** 0.882%** 0.887***
ize
(22.296) (20.806) (21.228)
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End of Table 3

. M (2) (3) 4)
Variable
In(Export) In(Export) In(Export) In(Export)
. 0.678*** 0.625*** 0.644***
FirmAge
(3.295) (3.069) (3.144)
0.042 0.040 0.036
SOE
(0.421) (0.402) (0.362)
0.404*** 0.379***
Lev
(2.738) (2.592)
0.725*** 0.722%**
ROA
(3.804) (3.815)
0.997*** 0.997***
CashFlow
(6.505) (6.468)
0.146
Top1
(0.539)
. -0.005
TobinQ
(-0.477)
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 27,766 27,180 27,178 26,851
Adj.R2 0.823 0.849 0.850 0.851

Notes: t-statistics in parentheses. Standard errors are clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01.

4.3. Parallel trends test

The validity of the Difference-in-Differences model strictly hinges on the Parallel Trends As-
sumption. To verify whether the treatment and control groups shared comparable evolu-
tionary paths prior to the policy intervention, and to further investigate the intertemporal
dynamic characteristics of the policy effect, we employ established event study frameworks
and construct the following model:

4
_ k
|n(EXp°rti,t) =o+ Zk=—s,k¢—1ﬁk XD+ X+ 8, + e 3)

Figure 1 plots the temporal distribution of the estimated coefficients B, along with
their 95% confidence intervals. The empirical results provide robust support for the paral-
lel trends assumption and delineate a dynamic evolution process of the digital dividend,
characterized by a transition from “weak to strong”: First, the pre-treatment trends satisfy
statistical parallelism. Prior to the implementation of supply chain digitalization (k < 0),
the estimated coefficients fluctuate marginally around zero, and their 95% confidence
intervals all contain the null value. This indicates that within the observation window
preceding the policy shock, there were no systematic differences in export performance
between the treatment and control groups. This finding rules out potential selection bias
arising from pre-existing trends, establishing a solid foundation for the causal identifica-
tion of the baseline regression results.
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Figure 1. Parallel trends test

Second, the policy effect initially emerges in the implementation year and subsequently
exhibits a trend of continuous enhancement. From the perspective of the dynamic trajectory,
in the year of policy implementation, i.e, 2018 (k =0), the estimated coefficient begins to
deviate from the zero interval and displays weak statistical significance. Although supply chain
digitalization began to play a role in optimizing resource allocation during its introductory
year, its export-promoting effect had not yet been fully unleashed in the initial stage, man-
ifesting a transitional characteristic of being “effective but limited in intensity.” However,
over time (k > 1), the statistical significance of the estimated coefficients increases rapidly,
and their magnitudes show a steady upward trend. As firms cross the initial technological
adaptation threshold, the deep integration of digital infrastructure with supply chain pro-
cesses generates sustained efficiency dividends, thereby underpinning the long-term growth
of export performance.

4.4. Multidimensional robustness checks

To verify the reliability of the baseline regression results, we conduct a series of robustness
checks across three dimensions: estimation methods, sample sensitivity, and variable meas-
urement. The results are reported in Table 4.

Given that the log-linear OLS model may yield biased estimates due to the neglect of
zero trade flows and heteroscedasticity, we re-estimate the model using the raw values of
exports via Poisson Pseudo Maximum Likelihood (PPML) (Column 1) (Weidner & Zylkin, 2021).
The results show that the coefficient of the core explanatory variable is 0.222, significant
at the 1% level. This discrepancy suggests that the baseline OLS estimate indeed captured



some volatility amplified by the logarithmic transformation, whereas the PPML results filter
out this noise, providing a more conservative lower bound for the policy effect. Even based
on this conservative estimate, the promoting effect of supply chain digitalization on export
performance remains robust.

Secondly, logarithmic models tend to magnify minor increments of micro-enterprises into
substantial volatility (i.e., the "low base effect”). To eliminate such inflated growth noise and
isolate external shocks, we exclude the bottom 5% of the sample (Column 2) and introduce
a pandemic intensity control, measured by the logarithm of the number of infections in the
firm'’s province (Column 3) (Bae et al., 2021; He et al., 2022). Furthermore, Column (4) controls
for “Industry x Year” fixed effects to absorb macroscopic cyclical shocks. The results show
that the DID coefficient remains stable within the range of 0.375 to 0.398, with no change in
significance levels. This indicates that the core conclusion possesses high sample robustness
and is not driven by outliers or specific external environmental factors.

Thirdly, to further investigate the comprehensive impact of supply chain digitalization
on the “quality” and “structure” of export performance, we introduce Export Resilience and
Export Intensity as alternative dependent variables in Columns (5) and (6), respectively. The
regression results show a significantly positive coefficient for export resilience, indicating
that digitalization not only brings about an expansion in export scale but also significantly
fortifies firms' risk-buffering capabilities against external shocks. The coefficient for export
intensity is significant at the 1% level. This implies that supply chain digitalization triggers a
structural leap in the firm’'s market orientation, substantively increasing its dependency on
and penetration into international markets.
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Table 4. Multidimensional robustness checks

M (2) 3) 4 (5) (6)
Variable PPML Excl. Low Control Covid Ind x Year FE Resilience Intensity
Export
bID 0.222™ 0.375™ 0.398"™ 0.383™ 3.103*** 0.059***
(2.890) (2.772) (2.305) (2.195) (2.572) (3.013)
Pandemic 0.034°
(1.872)
Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes NO Yes Yes
Ind x Year NO NO NO YES NO NO
Observations 26,851 24,127 23,605 26,707 13742 9979
Adj.R? 0.871 0.848 0.860 0.734 0.399

Notes: t-statistics in parentheses. ‘Controls’ include firm-level characteristics (Size, Age, SOE, etc.). * p < 0.1, ** p < 0.05,
*kk
p < 0.01.

4.5. Robustness check: PSM-DID

Table 5 and Figure 2 present the covariate balance diagnostics. The results indicate that
PSM effectively eliminates the significant pre-existing differences between the treatment and
control groups. Specifically, the standardized bias for all covariates drops drastically to sin-
gle digits, and all post-match t-tests yield p-values exceeding 0.10. This alignment confirms



Journal of Business Economics and Management, 2026, 27(3), 633-655 m

that the matching procedure successfully constructs a statistically comparable control group,
thereby satisfying the balancing assumption.

Table 5. Balance statistics

Variable Sample Treated Control % Bias t-stat p-value
si Unmatched 24.024 22.09 147.9 40.37 0
ize
Matched 24.024 23.983 3.1 0.53 0.595
. Unmatched 2.975 2.895 22.3 5.8 0
FirmAge
Matched 2.975 2.977 -0.6 -0.11 0914
SOE Unmatched 0.648 0.276 80.2 21.36 0
Matched 0.648 0.671 -5.1 -0.91 0.361
L Unmatched 0.561 0.403 86.2 20.47 0
ev
Matched 0.561 0.567 -3.2 -0.62 0.535
ROA Unmatched 0.045 0.038 13 2.98 0.003
Matched 0.045 0.045 0.6 0.14 0.889
Unmatched 0.058 0.049 13.6 3.65 0
CashFlow
Matched 0.058 0.058 0.4 0.07 0.948
o Unmatched 0.349 0.338 7.7 2 0.045
o
P Matched 0.349 0.347 1.6 0.28 0.782
. Unmatched 1.571 2 -37.1 -9.15 0
TobinQ
Matched 1.571 1.561 0.8 0.17 0.861
SOE .................... | e e e e .. ...............................
CashFIoW |- R @
ROA |- @t
TobinQ |-+ @ Py ® Unmatched
x Matched
50 0 50 100 150

Standardized % bias across covariates

Figure 2. Covariate balance check

Although the baseline regression controls for multi-dimensional fixed effects, the firm's
decision to undergo supply chain digitalization may still be endogenous to its internal re-
source endowments, leading to potential self-selection bias. To overcome the limitations
inherent in any single counterfactual framework, we employ three distinct matching and
weighting techniques: period-by-period Propensity Score Matching (PSM), Inverse Probability
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Weighting (IPW), and Entropy Balancing (EB). Each method offers a unique trade-off: While
period-by-period PSM strictly controls for temporal mismatch, it may suffer from sample
attrition; IPW mitigates this information loss by weighting the full sample, thereby preserving
generalizability (Busso et al., 2014); whereas Entropy Balancing further circumvents reliance
on specific propensity score specifications, achieving the strictest covariate balance by forc-
ing alignment on higher-order moments (Athey & Imbens, 2022; Hainmueller, 2012). Table 6
reports the estimates from these approaches. The empirical results reveal that, despite sub-
stantial variations in sample size across methods, the estimated coefficients of DID exhibit re-
markable stability. They consistently fall within the narrow range of [0.334, 0.389] and remain
statistically significant at the 5% level or better. We thus infer that the baseline findings are
not driven by sample selection bias or specific model specifications, corroborating a robust
causal effect of supply chain digitalization on promoting firm export performance.

Table 6. PSM-DID

. Q)] (2) 3)
Variable
Year-by-Year PSM IPW-DID Entropy Balancing

bID 0.389™ 0.326™ 0.334™
(2.058) (2.084) (2.143)

Controls YES YES YES

Firm FE YES YES YES

Year FE YES YES YES
Observations 942 26,851 26,851
Adj.R? 0.871 0.861 0.867

Notes: t statistics in parentheses. Column (1) uses year-by-year 1:1 nearest neighbor matching. Column (2) uses Inverse
Probability Weighting (IPW). Column (3) uses Entropy Balancing. * p < 0.1, ** p < 0.05, *** p < 0.01.

4.6. Placebo test

To further rule out the interference of unobservable omitted variables, we conduct a placebo
test by randomly assigning pseudo-treatment status and policy timing to firms. This coun-
terfactual simulation is repeated 1,000 times to generate an empirical distribution of placebo
DID estimators (Cai et al.,, 2016; Chetty et al., 2009). Figure 3 visualizes the results. The kernel
density curve of the falsified coefficients exhibits a standard normal distribution centered
around zero, with the majority of associated p-values exceeding the 0.1 significance level.
Strikingly, our true benchmark coefficient of 0.425 (red dashed line) is located in the extreme
right tail, standing as a distinct statistical outlier. This evidence implies that the probability of
our findings being driven by random factors or unobserved confounders is negligible, thereby
confirming the robustness of the causal inference.

4.7. Spillover effects

To address potential violations of the Stable Unit Treatment Value Assumption (SUTVA) caused
by the “strong permeability” of digital technology, we adopt the “leave-one-out” approach
to construct geographic and industrial spillover indices (Spill_Geo and Spill_Ind) (Leary &
Roberts, 2014; Miguel & Kremer, 2004). Table 7 reports the results. First, we find significant
positive externalities. As shown in Columns (1) and (3), the agglomeration of pilot firms within
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Placebo Test Result

P-value

0 2
Estimated Coefficients

Kernel Density  © P-values

Note: The vertical dashed line represents the true benchmark coefficient .425.

Figure 3. Placebo test

the same city or industry significantly drives the export growth of non-pilot firms, with coeffi-
cients of 0.040 and 0.043, respectively. This confirms the existence of regional and industrial
positive spillover effects. Crucially, however, the direct effect remains dominant. When con-
trolling for these spillovers in the full sample (Columns 2 and 4), the coefficients of the core
explanatory variable DID (0.431 and 0.409) remain robustly significant and are an order of
magnitude larger than the spillover effects. This evidence suggests that while companies can
benefit from the “free-riding” of technology diffusion, the direct efficiency gains from a firm's
own digital transformation are the primary driver of export performance.

Table 7. Geographic and industry spillover effects

i M () (©) (4)
Variable
Geo: Control Only | Geo: Full Sample Ind: Control Only Ind: Full Sample
0.431" 0.409"
DID
(2.564) (2.452)
) 0.040™ 0.042"
Spill_Geo
(2.218) (2.334)
) 0.043™ 0.045™"
Spill_Ind
(2.682) (2.881)
Controls Yes Yes Yes Yes
Firm FE YES YES YES YES
Year FE YES YES YES YES
Observations 26,172 26,851 26,172 26,851
Adj.R? 0.847 0.851 0.847 0.851

Notes: t statistics in parentheses. Columns (1) and (3) restrict the sample to control firms. Columns (2) and (4) use the

full sample. “p < 0.1, ™ p < 0.05, ™ p < 0.01.




648 J. Shao et al. Turning uncertainty into advantage: how policy-induced digitalization fuels export competitiveness

4.8. Double machine learning for causal inference

To mitigate potential biases arising from functional form misspecification in traditional lin-
ear models, we employ the Double Machine Learning (DML) framework combined with the
Random Forest algorithm (Breiman, 2001; Chernozhukov et al., 2018). The estimation results
are reported in Table 8. Column (2) presents the estimates based on the Partial Linear Model
(PLM), yielding a coefficient for the core explanatory variable of 0.397, which is significant
at the 1% level. Column (3) reports the results from the Interactive Model, which allows for
treatment effect heterogeneity. The estimated Average Treatment Effect on the Treated (ATET)
is 0.345, also statistically significant at the 1% level.

The coefficients across both specifications are comparable in magnitude and consist-
ently positive. Furthermore, the distribution derived from 10-fold cross-validation resampling
demonstrates high estimation stability. These findings suggest that the promoting effect of
digital transformation on export performance remains robust even after rigorously controlling
for high-dimensional covariates and their non-linear interactions.

Table 8. Double machine learning

‘ 1 2 3
Variable (()L)S DM(L—LLM DMIE—/)S\TET

oD 0.425* 0.397** 0.345%**

(2.524) (3.537) (3.064)

Controls YES YES YES

Firm FE YES YES YES

Year FE YES YES YES

N 27145 27145 27145

Notes: t statistics in parentheses. DML uses Random Forest (10 reps). * p < 0.1, ** p < 0.05, *** p < 0.01.

5. Further analysis

5.1. Mediation effect of substantive innovation

Table 9 investigates the mediating role of substantive innovation. Controlling for Sl in the
baseline model (Column 3) partially absorbs the direct policy effect, reducing the coefficient
from 0.425 to 0.406, which signals a classic partial mediation mechanism. To rigorously val-
idate this, a Bootstrap procedure with 500 replications is employed, yielding an estimated
indirect effect of 0.019. Crucially, the 95% confidence interval of [0.004, 0.048] strictly excludes
zero, thereby confirming the statistical establishment of this mediation channel. Quantitative-
ly, this substantive innovation pathway accounts for approximately 4.47% (0.019/0.425) of the
total export-promoting effect. While this proportion may appear numerically modest at first
glance, it is both theoretically expected and economically profound. The total export dividend
of supply chain digitalization is heavily driven by immediate operational efficiencies—such as
reduced matching frictions, lowered transaction costs, and optimized logistics—which natu-
rally dominate the short-term variance. However, the portion mediated by substantive inno-
vation represents a fundamental outward shift of the firm’'s technological frontier, a process
that inherently requires a longer gestation period. Unlike routine efficiency gains that are
subject to diminishing marginal returns, this structural upgrade equips firms with the dynamic
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capabilities required to secure a sustainable competitive edge in global markets. Therefore,
rather than being a mere spurious statistical artifact, substantive innovation serves as a vital

structural pathway that strategically complements direct operational improvements.

Table 9. Mediation analysis: the role of substantive innovation

. M @) (3)
Variable
Total Effect Mechanism(Sl) Direct Effect
bID 0.425" 0424 0.406™
(2.524) (2.363) (2.431)
0.045™"
Sl
(3.331)
Controls YES YES YES
Firm FE YES YES YES
Year FE YES YES YES
N 26818 26822 26818
Adj.R? 0.851 0.653 0.851
Indirect Effect 0.019
95% Cl [0.004, 0.048]

Notes: t statistics in parentheses. Bootstrap results (500 reps) are reported at the bottom of Column (3). * p < 0.1,
**p < 0.05 ***p < 0.01.

5.2. Moderation effect test: industry vs. firm-level uncertainty

Table 10 presents the moderation results, distinguishing between systemic industry-level
shocks (EU) and idiosyncratic firm-level fluctuations (IU).Column (1) shows that industry-level
uncertainty significantly strengthens the policy effect: the coefficient of DIDxEU is positive
(0.172) and significant at the 5% level. This indicates that digitalization delivers greater export
benefits in volatile industry environments. Systemic turbulence creates information scarcity
and coordination challenges that digital tools are uniquely positioned to address. By embed-
ding data analytics, platform integration, and algorithm-driven logistics, firms can transform
external volatility into agility. Consequently, digitalization functions as an adaptive strategic
buffer against industry-wide shocks rather than a mere routine efficiency enhancer.

Conversely, the results in Column (2) reveal a contrasting pattern. The coefficient of
DIDxIU is negative (-0.408) and statistically insignificant, indicating that firm-specific vola-
tility does not systematically moderate the digitalization—export link. Unlike systemic shocks
that compel collective adaptation, idiosyncratic instability—such as erratic sales, governance
inefficiencies, or strategic inconsistency—generates internal noise. Digital technologies can-
not compensate for managerial distraction or fragmented resource allocation. Thus, while
systemic uncertainty amplifies the strategic value of digitalization, idiosyncratic uncertainty
merely blurs the operational signal without yielding additional returns.

Together, these findings establish a critical boundary condition: digitalization yields sub-
stantial strategic dividends under systemic turbulence, where external shocks make agility
indispensable, but its efficacy is severely constrained by firm-level noise and strategic mis-
alignment. For policymakers, this suggests that digital transformation initiatives are most
impactful when targeting industries exposed to external volatility, rather than firms merely
struggling with internal instability.



Table 10. DID with triple interactions: industry vs firm-level uncertainty
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. Q) (2)
Variable
In(Export) In(Export)
0.342" 0.374"
DID
(2.099) (1.970)
0.172™
DID x EU
(2.047)
-0.408
DID x U
(-1.598)
Controls Yes Yes
Year FE Yes Yes
Firm FE Yes Yes
N 18188 17916
Adj.R? 0.835 0.854

Notes: t statistics in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

5.3. Heterogeneity analysis

Table 11 explores the heterogeneous impacts of supply chain digitalization on export per-
formance across three critical dimensions: firm size, industry sector, and pre-existing digital
maturity.

Table 11. Heterogeneity of policy effects

) M @ 3) 4 (5 (6)
Variable
Small Large Non-Manu Manu Low-Dig High-Dig
bID -0.175 0437 0.498™ 0.408" 0373 0.442™
(-0.401) (2.344) (2.036) (1.893) (1.470) (2.037)
Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 13273 13578 4672 22139 13438 13413
Adj.R? 0.796 0.812 0.861 0.861 0.823 0.874

Notes: t statistics in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Columns (1) and (2) partition the sample into small and large firms. The export-promoting
effect is exclusively concentrated in large enterprises, while remaining negative and insignif-
icant for small firms. This divergence highlights a binding resource threshold. Large firms,
benefiting from economies of scale, can readily absorb the substantial fixed costs of digital
integration, whereas small firms struggle to translate these tools into immediate export ad-
vantages due to capital and talent constraints.

Columns (3) and (4) reveal a nuanced divergence between non-manufacturing and man-
ufacturing sectors. While positive in both, the effect is more pronounced and robust in the
non-manufacturing sector. For trade and service-oriented firms, digitalization rapidly elimi-
nates information asymmetry and cross-border matching frictions, yielding immediate returns.
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In contrast, the effect for manufacturing firms is only marginally significant. Upgrading manu-
facturing supply chains requires the deep integration of cyber-physical systems. Such "hard”
transformations entail longer cycles and heavier asset investments, causing export dividends
to materialize more gradually.

Turning to firms' digital maturity, we first construct a firm-level digitalization index by
parsing the Management Discussion and Analysis sections of annual reports. Using Py-
thon-based NLP tools, we aggregate the frequencies of digitalization-related keywords and
partition the sample at the median into “Low-Dig” and “High-Dig” cohorts (Loughran &
McDonald, 2011; Wu et al., 2021). Columns (5) and (6) reveal a clear asymmetry: highly
digitalized firms capture significantly larger gains, while their less digitalized counterparts
see muted or insignificant improvements. Digital tools here act as a strategic amplifier: they
magnify the absorptive capacity of firms, enabling them to effectively translate policy signals
into innovation, coordination, and export performance. For firms lagging in digital adoption,
however, the absence of adequate infrastructure and complementary assets means that the
policy support dissipates before materializing into export advantages.

6. Conclusions and policy implications

This paper exploits China’s 2018 Supply Chain Innovation and Application Pilot Program as
a quasi-natural experiment to evaluate the causal impact of policy-driven supply chain dig-
italization on firms' export performance. The empirical evidence demonstrates a substantial
export-promoting effect. While we observe positive spatial and industrial spillovers, the direct
policy benefits remain overwhelmingly dominant. Mechanism tests highlight the pivotal role
of substantive innovation as a key transmission channel, equipping firms with core technolog-
ical breakthroughs beyond mere operational efficiencies. Furthermore, moderation analysis
uncovers a distinct asymmetry in risk mitigation: a digitalized supply chain acts as an adaptive
strategic buffer against systemic, industry-level uncertainty, yet it fails to effectively mitigate
idiosyncratic, firm-specific volatility. Crucially, heterogeneity tests underscore a binding re-
source constraint in the distribution of these policy dividends: the export-enhancing effects
are highly asymmetric, accruing predominantly to large enterprises, non-manufacturing sec-
tors, and firms with high pre-existing digital maturity. Together, these findings lend robust
support to a broader theoretical framework of “policy-driven adaptation, innovation conver-
sion, and environmental response,” reaffirming that supply chain digitalization functions as a
contingent dynamic capability rather than a universally accessible technological fix.

Despite these robust findings, the study has limitations. By focusing exclusively on listed
firms, it may overstate the digital readiness of the broader economy, particularly SMEs. In
addition, the relatively short policy window restricts the ability to capture long-term structural
transformations. Future work should draw on non-listed firms, cross-sector evidence, and
cross-country comparisons to deepen our understanding of how supply chain digitalization
reshapes global trade dynamics over time.

For policymakers, our results offer three critical insights. First, to prevent the exacerba-
tion of the “digital divide,” policies targeting supply chain digitalization must be tiered and
inclusive, lowering entry barriers and providing targeted support for SMEs, while leveraging
leading large firms as demonstrators. Second, robust data governance and interoperability
standards are essential to unlock deep digital supply chain synergies across sectors. Finally,
in an era characterized by rising global volatility, policy designs should move beyond one-
off hardware interventions toward fostering firms’ dynamic capabilities—enabling them not
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only to adopt digital supply chain tools but to systematically transform them into resilience,
adaptability, and long-term competitiveness.

By reframing supply chain digitalization as a dynamic capability rather than a mere tech-
nological upgrade, this study underscores its critical role not only in enhancing firm-level
exports but also in redefining the structural resilience of economies in an increasingly tur-
bulent global order.
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