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Abstract: Corporate financial resilience and its integration with institutional reforms play a
crucial role in promoting organizational sustainability in the digital economy. Previous re-
search has predominantly focused on internal determinants of corporate financial resilience.
However, it has paid limited attention to the role of external institutional factors. This gap
is particularly evident in the context of data factor marketization (DFM). We addressed
this gap by investigating the impact of DFM on corporate financial resilience, drawing
on resource dependence theory (RDT) to highlight the importance of the external policy
environment and inter-organizational resource exchange. We employed a double machine
learning (DML) framework to assess corporate financial resilience using comprehensive
panel data from Chinese listed firms. This approach overcomes the limitations of traditional
econometric methods by allowing nonlinear interactions and high-dimensional controls.
The results show that DFM significantly enhances corporate financial resilience, with its
impact varying across different institutional contexts. Additionally, firm characteristics
moderate this relationship. Specifically, ownership structure strengthens or weakens the
positive effect of DFM, while industry competition and geographical location have varying
effects on resilience outcomes. We offered novel theoretical insights and practical guidance
for policymakers seeking to leverage institutional reforms to enhance financial resilience
within an increasingly volatile and uncertain business landscape.

Keywords: corporate financial resilience; data factor marketization; double machine learning;
institutional environment; resource dependence

1. Introduction
The contemporary global business landscape faces unprecedented volatility and sys-

temic disruptions. These challenges emerge from rapid technological advancements and
evolving regulatory frameworks. In this environment, corporate financial resilience has
become critical for survival and sustainable growth. This capability often supersedes
profit as the key success determinant [1]. Financial resilience represents a firm’s ability to
maintain stability and performance growth despite external disruptions. In addition to
enabling firms to withstand short-term disruptions, financial resilience forms the backbone
of sustainable business strategies. Robust data governance and digital transformation not
only help companies manage risks but also lay the groundwork for integrating circular
economy practices, enhancing ESG performance, and aligning operations with Sustainable
Development Goals [2]. While resilience encompasses multiple dimensions including eco-
logical, social, and operational aspects [3], the financial dimension serves as a foundation
for broader organizational adaptability. Firms demonstrate financial resilience through
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sustained performance growth and reduced volatility, reflecting their capacity to with-
stand economic shocks while continuing value creation. Research on financial resilience
has gained urgency as firms increasingly encounter nonlinear shocks. Traditional risk
management frameworks often prove inadequate for addressing these challenges [4].

Existing studies have thoroughly explored internal determinants such as dynamic
capabilities and governance structures. However, significant gaps remain in understand-
ing how external institutional factors shape financial resilience outcomes [5]. Moreover,
the role of data as a production factor in enhancing financial stability and performance
growth remains particularly underexplored. Traditional econometric approaches show
limitations in capturing the complex nature of financial resilience. This methodological
challenge requires the integration of advanced machine learning techniques, which offer
superior capabilities in handling high-dimensional data and identifying nonlinear patterns
in organizational responses to external shocks.

As digital technologies become central to enterprise competitiveness, data has transi-
tioned from a peripheral resource to a core production factor in value creation [6]. However,
privacy concerns and confidentiality requirements significantly constrain the flow of data
within markets. Data monopolization and siloed ecosystems create accessibility barriers,
imposing high acquisition costs on enterprises. These challenges reduce the efficiency of
data circulation across organizations. Moreover, improved data flow through DFM sup-
ports sustainable development by enabling businesses to adopt circular economy models,
implement robust ESG practices, and align with the Sustainable Development Goals. Data
factor marketization (DFM) addresses these barriers through institutional reforms. We
defined DFM as the institutional process of establishing market-based mechanisms for data
circulation, pricing, and utilization as a production factor. This approach operates through
standardized trading protocols and compliance frameworks that foster cross-organizational
sharing [7]. China’s data-element marketization initiatives exemplify this approach. The
country’s 2020 national strategy recognizes data as a fifth production factor alongside land,
labor, capital, and technology. These initiatives have established data trading platforms
like the Beijing International Big Data Exchange, along with property rights frameworks
and security controls.

We examined China’s establishment of data trading platforms as a quasi-natural ex-
periment. We used resource dependence theory (RDT) to analyze how these platforms
affect corporate financial resilience among listed companies. RDT suggests firms must
acquire critical resources from external environments, forming interdependent exchange
relationships [8,9]. However, the effectiveness of formalizing these exchanges through
data marketplaces remains unclear. We explored how DFM, as a policy-driven institu-
tional process, enables firms to build financial resilience through external data integration.
While existing studies use traditional inference models that struggle with complex policy
effects, we applied double machine learning (DML) to capture nonlinear interactions. DML
uses advanced algorithms to select optimal control variables, addressing dimensionality
problems and omitting variable bias. These techniques ensure robust estimates even with
limited samples [10]. We used these methods to estimate how data trading platforms
causally impact corporate financial resilience.

We mainly made the following contributions. Firstly, we contributed to the corporate
financial resilience literature by identifying DFM as a critical institutional driver to explain
how external policy architectures shape resilience outcomes. Traditional studies have
focused on internal organizational factors and strategic management in shaping corpo-
rate financial resilience [11,12]. We identified DFM as a critical institutional driver. By
integrating insights from institutional economics and RDT, we provided a more nuanced
theoretical framework. This framework helps understand how external policy architectures
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shape corporate financial resilience in the digital era. Furthermore, our study extends the
discussion to sustainable development by demonstrating that DFM supports the adoption
of sustainable business models. By facilitating improved data governance and digital trans-
formation, firms can integrate ESG initiatives, circular economy practices, and SDG-aligned
strategies into their operations, thereby enhancing long-term corporate sustainability.

The second contribution focuses on the heterogeneous effects of DFM and firm charac-
teristics. We examined how corporate financial resilience, a key factor for adaptation and
survival, varies across different firm-specific characteristics. Previous studies have explored
how ownership structure and industry competition affect responses to external shocks.
However, they often overlook the heterogeneous nature of resource allocation and adapta-
tion [11,13,14]. We emphasized the moderating role of various firm characteristics. These
include ownership structure, firm size, industry competition, and geographical location.
Through this emphasis, we extended the institutional economics literature. While DFM
facilitates resource allocation, firm characteristics determine how effectively organizations
can leverage these reforms. We provided recommendations for policymakers on designing
institutional frameworks that account for firm diversity.

Thirdly, we demonstrated the transformative value of DML in analyzing how external
policy environments shape corporate financial resilience. Much of the existing research
tends to oversimplify complex interactions between institutional reform and organizational
adaptability. These interactions are typically nonlinear and time-varying [15]. We applied
DML with high-dimensional controls and flexible functional forms. This approach has led
to the identification of dynamic moderation mechanisms. These mechanisms pertain to the
differential impact of policy intensity thresholds on firms’ capacities to buffer risk. This
approach successfully circumvents the endogeneity biases that are commonly observed
in traditional difference-in-differences models, particularly in the context of measuring
delayed policy effects across heterogeneous industries.

The rest of the structure is organized as follows: Section 2 reviews the literature and
formulates the hypotheses. Section 3 explains the methodology, Section 4 presents the
empirical analysis, and Section 5 concludes with a discussion of the research.

2. Literature Review and Hypothesis Development
2.1. Literature Review
2.1.1. Policy Background of DFM Implementation in China

In the digital era, data elements have emerged as pivotal production factors driving
global economic growth [16]. These elements are characterized by infinite replicability
and negligible marginal costs [17]. Nevertheless, the inadequate marketization of data has
led to the underutilization of “cold data”, which has not been transformed into actionable
knowledge [18]. To address these challenges, China has systematically advanced its data
governance framework since 2014. Subsequent policy milestones include two key initiatives.
First, the 2015–2016 Action Outline for Promoting Big Data advocated integrated online–
offline trading mechanisms. Second, the 2020 Guidelines on Improving Market-Oriented
Allocation of Production Factors accelerated cross-regional platform expansion. By 2021, the
enactment of the Data Security Law formalized transaction protocols across 13 provincial-
level regions. This legislation encompassed several critical elements: data property rights
definition, pricing mechanisms, and privacy safeguards.

Despite these advances, persistent barriers continue to constrain value realization.
These include ambiguous data ownership [19], platform-induced monopolies [20], and
compliance risks in multi-stakeholder data use. China’s dual-track system aims to reconcile
these tensions. This system comprises two components: government-led platforms for
institutional standardization and enterprise-driven platforms for market innovation. Gov-
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ernment platforms leverage administrative authorities to provide foundational services.
These include property rights arbitration and transaction security. Meanwhile, commercial
platforms facilitate data asset securitization and sector-specific applications [21]. The evo-
lution of China’s data exchange ecosystem offers a unique quasi-experimental setting in
which to explore these mechanisms.

Furthermore, firms are capitalizing on data marketization to drive business model in-
novation. Many companies are developing new digital platforms that seamlessly integrate
sustainability principles into their operations. For instance, several manufacturing and
renewable energy enterprises have implemented advanced digital supply chain manage-
ment systems that enable resource reuse and waste minimization, effectively transforming
traditional business models into sustainable, digitally enabled frameworks [22]. These
real-world examples demonstrate how digital transformation not only reinforces financial
resilience but also fosters sustainable business model adaptation.

Beyond the Chinese context, it is crucial to recognize that digital transformation for
sustainability manifests differently across regions. While China’s data factor marketization
(DFM) aims to bolster corporate financial resilience through enhanced data integration, the
European Union emphasizes stringent regulatory frameworks, exemplified by the General
Data Protection Regulation (GDPR) and digital market laws, to ensure data protection
and drive sustainable innovation [23]. In contrast, the United States typically adopts
a market-driven approach that promotes free data flow and innovation, as reflected in
policies such as the Federal Data Strategy and the National AI Initiative Act of 2020,
which encourage technological advancement and industry-led standards with relatively
light regulatory oversight [24]. These differing policy paradigms underscore that digital
sustainability strategies are inherently shaped by each region’s socio-economic priorities
and institutional frameworks.

2.1.2. Corporate Financial Resilience

The notion of corporate financial resilience has evolved significantly over time. Initially
conceptualized as a capacity to recover from disruptions, it has developed from engineering-
centric “bounce-back” models to dynamic capability frameworks. Early studies rooted in
ecological frameworks focused on ecosystem resistance and recovery [25]. Later research
expanded these concepts to the organizational level. Vogus and Sutcliffe [26] defined
organizational resilience as maintaining positive adjustments under challenging conditions.
They emphasized that resilient organizations emerge stronger and more resourceful after
facing adversity. Many scholars identify key qualities of organizational resilience, including
adaptability, flexibility, and strategic agility. By integrating these qualities with complex
adaptive systems theory, organizations achieve resource reorganization in volatile environ-
ments. This balance between stability and transformation becomes crucial during crisis
periods. Truly resilient organizations adapt to change and learn from past events [3,12].
Such resilience is increasingly viewed as a catalyst for sustainable business practices, where
the capacity to bounce back also drives investments in long-term environmental and social
value creation. Moreover, financial robustness is critical not only for weathering economic
shocks but also for enabling long-term sustainable innovation [27]. By leveraging efficient
data management and digital transformation, firms can channel resources into ESG ini-
tiatives and circular economy models, thereby embedding sustainability into their core
business strategies.

A seminal body of research on corporate financial resilience has established three core
dimensions through conceptual refinement. The first dimension pertains to the robustness
of the firm itself, with financial soundness serving as the primary indicator. This financial
dimension, characterized by substantial cash reserves and minimal leverage, forms the
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foundation for absorbing external shocks [28]. While our study focuses specifically on
this financial dimension of resilience, research shows other internal factors also contribute
to overall resilience. These include employee satisfaction [29], extensive stakeholder net-
works [30], corporate social responsibility [31], and organizational diversity [4,32]. The
second dimension involves operational agility, including supply chain diversification and
digital transformation. Erol et al. [33] identified vulnerability mitigation as a significant
aspect of business resilience. By enhancing operational adaptability, organizations proac-
tively identify risks and prevent crisis escalation [30]. This agility is also key to adopting
sustainable practices, as digital transformation enables companies to reconfigure their
operations towards more environmentally and socially responsible models. The third
dimension encompasses external enablers, including institutional support and regulatory
adjustments [34,35]. Empirical studies confirm the importance of financial resilience in
organizational survival. Firms with agile governance structures demonstrate 23% faster
recovery during systemic shocks like the global pandemic [28]. Case studies reveal digi-
tized companies maintain 68% higher business continuity during disruptions [33]. These
findings underscore our focus on corporate financial resilience as a critical dimension wor-
thy of detailed investigation. By examining financial resilience specifically, we addressed a
foundational aspect of organizational survivability in uncertain environments.

Our research extends this understanding by investigating how DFM specifically en-
hances corporate financial resilience. We focused on this essential financial dimension as
it underpins broader resilience capabilities and directly impacts long-term viability in in-
creasingly digital and volatile markets. Furthermore, the institutional reforms driving DFM
not only bolster financial strength but also enable firms to transform their business models
towards sustainability. By integrating advanced data management with digital transforma-
tion, companies are empowered to pursue innovative ESG strategies and circular economy
practices, thereby securing a competitive advantage in a sustainable global market.

2.2. Hypothesis Development

The resource dependence theory (RDT) elucidates two key concepts. First, it explains
the fundamental mechanisms of inter-organizational resource allocation. Second, it reveals
the coping strategies that organizations employ when facing resource dependence pres-
sures [36]. In essence, organizations possess the capacity to make strategic adjustments in
accordance with their comprehension of dependencies [37]. Concurrently, the behaviors
and structures exhibited by firms are propelled by the extent of their reliance on pivotal
external resources [38]. This theoretical framework explains how organizations’ financial
resilience is directly influenced by their ability to access and control critical resources,
including data resources in the digital economy. We posited that DFM not only optimizes
resource allocation for immediate financial stability but also provides the informational
infrastructure for firms to adopt sustainable practices. Enhanced data transparency and
access can drive the integration of ESG strategies and circular economy principles into
business models. Under the RDT perspective, enterprises build resilience by strategically
managing their resource dependencies. This involves three key strategies: reducing depen-
dence on single sources, creating redundancies, and developing alternative resource access
channels. To ensure a reliable supply of resources and preserve organizational autonomy,
firms adopt strategies to control, reduce, or substitute these dependencies [39]. The capacity
of an organization to regulate essential resources has been demonstrated to have a direct
impact on its degree of financial resilience to environmental uncertainty [9].
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Enterprises access external data resources through data trading platforms. This pro-
cess can be conceptualized as a reconfiguration of inter-organizational dependencies. The
platform-based access model enables enterprises to disrupt conventional linear resource
chains. It allows them to establish multi-node, networked resource access channels. Addi-
tionally, data elements have decreasing marginal cost characteristics. This enables firms
to build redundant resource reserves at reduced costs [40]. Such resource redundancy is a
fundamental mechanism for developing corporate financial resilience. In the context of
DFM, data trading platforms serve two important functions. First, they provide enterprises
with access to multiple data sources. Second, they promote in-depth integration of data
factors with traditional production factors (labor, capital, and land). This integration occurs
through new-generation information technologies, including big data, cloud computing,
and artificial intelligence. This integration helps reduce resource mismatches caused by
asymmetric information. It also lowers enterprises’ costs in the financing process, specif-
ically reducing searching, matching, and communication costs. Reduced matching and
communication costs enhance capital market efficiency and improve financial supply struc-
tures. These improvements lead to greater capital allocation efficiency [41]. Enhanced
capital allocation efficiency expedites capital circulation among enterprises. Studies have
shown that these improvements enable enterprises to obtain financing more quickly and
efficiently [42–44]. This measure ensures that enterprises maintain their production capacity
prior to the impact, thereby enhancing their stabilization and restoration in the face of risky
impacts [45].

Data trading platforms can incorporate data elements and their derivatives into eco-
nomic operation systems. This incorporation occurs through market-oriented allocation
mechanisms. These platforms help economic entities accurately discern customer prefer-
ences and obtain timely feedback. They also reduce resource mismatches between supply
and demand. Additionally, they decrease uncertainty in research and the development
of new products or services. This transformation creates two key benefits for companies.
First, it reduces reliance on single suppliers by enabling resource substitution. This lowers
dependency risks [46]. Second, it improves cross-border resource integration through better
coordination. This strengthens business models and operational efficiency. These changes
also boost innovation, help turn research into practical solutions, and unlock technology
benefits. By using data platforms to access diverse resources, companies can avoid over-
relying on specific data sources. This flexibility in resource management builds stronger
foundations for long-term financial resilience.

Based on this analysis, we proposed two hypothesis:

Hypothesis 1. Building data trading platforms can enhance corporate financial resilience.

Hypothesis 2. Data trading platforms enhance corporate financial resilience through resource
allocation optimization.

The theoretical model and hypotheses are shown in Figure 1 below:
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3. Methodology
3.1. The Use of Double Machine Learning (DML)

We examined the impact of data factor marketization (DFM) on business resilience,
with a focus on data trading platform policies at the prefecture-level city level. Current
studies frequently utilize traditional causal inference models to assess policy effects; how-
ever, these methods exhibit numerous limitations in practice. The double-difference model
imposes more stringent requirements on sample data to verify the parallel trend assump-
tion, which may not be fully satisfied in the complex context of data marketization policies.
This synthetic control method can satisfy this condition by constructing a virtual control
group [47]. However, it is contingent on the absence of “extreme value” characteristics
in the treatment group and is only applicable to “one-to-many” scenarios, limiting their
usefulness for our nationwide policy evaluation. The propensity score matching method
is susceptible to subjective bias in the selection of matching variables by the researcher.
These shortcomings have led to an increased focus among scholars on the role of machine
learning in causal inference in economics.

The concept of DML was formally introduced in 2018 by Chernozhukov et al. [48].
This approach has rapidly emerged as a potent analytical instrument within the domain
of causal inference [47]. DML involves the relaxation of linearity assumptions between
variables, permitting nonlinearity and interaction effects. In comparison to conventional
econometrics and policy assessment methods, DML exhibits enhanced sensitivity to real-
world economic environments and the requirements of policy analysis, particularly for
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emerging and complex policy areas like data marketization. The employment of machine
learning algorithms in DML models leads to a reduction in the influence of covariates on
the estimation of treatment effects, a relaxation of linearity assumptions, and the mitigation
of specification bias. In addition, DML employs the core concepts of two-stage predictive
residual regression, sample split fitting, and “Neyman Orthogonality”. The former two of
these concepts mitigate regularization bias in machine learning estimation, while the latter
ensures consistency in treatment coefficient estimates, addressing endogeneity concerns
that are common in policy evaluation studies.

First, we developed the following partially linear double machine learning (DML) models:

Resilienceit = θ0DFMit + g(Xit) + Uit (1)

E[Uit | DFMit, Xit] = 0 (2)

where i denotes the city; t denotes the year; Resilienceit denotes the explanatory variable
firm resilience; and DFMit is a policy dummy variable indicating the data trading platform
policy, which is 1 after setting up the pilot and 0 for the rest. Its coefficient θ0 reflects
the effect of DFM on corporate financial resilience. Xit is the set of high-dimensional
control variables; Uit is the random error term, which satisfies the conditional mean of 0.
Meanwhile, to speed up the convergence, make the disposal coefficient estimator satisfy
the unbiasedness in small samples, and mitigate the estimation error generated by the
regularity bias as much as possible, we constructed the auxiliary regression:

DFMit = m(Xit) + Vit (3)

E[Vit | Xit] = 0 (4)

Next, an ML algorithm is used to obtain ĝ(Xit). Then, ĝ(Xit) = E[Resilienceit| Xit]

is observed. After substituting ĝ(Xit) into Equation (1), the expression for the treatment
coefficient estimator θ̂0 is obtained as follows:

θ̂0 =
1
S

1
E ΣitDFMit[Resilienceit − ĝ(Xit)]

1
S

1
E ΣitDFM2

it
(5)

In the preceding equation, the S denotes sample size, and E denotes the test inter-
val. Following the core idea of residualization, the high dimensional and nonlinear Xit is
“orthogonalized” to the non-disposable part of the change by ĝ(Xit). When used in high-
dimensional scenarios, the ĝ eliminated the effect of control variables on Resilienceit and
then disposed of the variable DFMit. Performing a linear regression, one obtains a linear
regression on the target coefficients θ0 of the estimator. When used in high-dimensional
scenarios with many variables, our approach eliminates the confounding effects of con-
trol variables on corporate resilience, allowing us to estimate the true impact of data
trading platforms.

Then, the estimation bias is further examined:

√
SE
(
θ̂0 − θ0

)
= p + q (6)

p =

1√
SE

ΣitDFMitUit

1
SE ΣitDFM2

it
∼ N(0, Σ) (7)

q =

1√
SE

ΣitDFMit[ĝ(Xit)− g(Xit)]

1
SE ΣitDFM2

it
∼ N(0, Σ) (8)
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In the DML framework, the θ̂0 can usually be written as the sum of the “Main term
+ Bias term” and analyzed in the case of

√
SE scales. p corresponds to the linear part in

the ideal case, together with the error Uit to determine the stochasticity of the estimator,
which can be viewed as a normalized quantity of mean (0) and variance (Σ) under certain
conditions. q contains the machine learning estimation error (ĝ(Xit)− g(Xit)); if this error
is sufficiently small or occurs only in the second order, then q will converge to 0, thus
ensuring the consistency of the overall estimate with the approximate normality originating
from the central limit theorem.

With the main sources of error, q is combined and then utilized in Equation (3) for
DFMit = m(Xit) + Vit, which can be further translated into Eventit. The high-dimensional
and nonlinear part of the equation is rewritten as m(Xit). Thus, to find out where the error
between the estimated ĝ and actual values g takes effect, the following is used:

q =

(
1
S

1
E ∑

it
DFM2

it

)−1
1

SE ∑
it

m(Xit)[g(Xit)− ĝ(Xit)] + oρ(1) (9)

When the estimation accuracy of m(Xit) and g(Xit) increased, q will then gradually
converge to 0. However, ML models usually use regularization algorithms for high-
dimensional data, which may introduce regularization errors. To ensure robustness, orthog-
onalization on DFMit was performed and achieved V̂it = DFMit − m̂(Xit) to eliminate
the impact of the control variable Xit. As a result, the V̂it can be treated as a relatively
independent instrumented variable.

Once more, the utilization of machine learning is employed to derive insights θ̂0 for
the final identification of disposition effects θ0:

θ̂0 =
1
S

1
E ∑it V̂it[Resilienceit − ĝ(Xit)]

1
S

1
E ∑it V̂itDFMit

(10)

using the orthogonalized version of V̂it in place of Eventit, while the denominator uses the
mean of V̂itEventit to ensure the completeness of the “Orthogonal Regression Structure”
and enabling machine learning for the second time. At the same time, m̂(Xit) and ĝ(Xit)

are all trained by ML algorithms under auxiliary regression (cross-fitting), approximate
m(Xit) and g(Xit). Since the machine learning estimation is inevitably biased in the high-
dimensional case, the bias can be further attenuated by “orthogonalization + instrumental
variables” on the main parameter θ0 of first-order effects to achieve more robust causal
inference. The estimator is then expanded into three parts in

√
SE dimensions: a stochastic

normal principal term p∗, a machine learning error term q∗, and an additional higher-order
residual oρ∗. The following formulas can be derived:

√
SE
(
θ̂0 − θ0

)
= p∗ + q∗ (11)

p∗ =
1√
SE

ΣitVitUit

1
SE ΣitV̂2

it
∼ N(0, Σ) (12)

q∗ =
1√
SE

Σit[m̂(Xit)−m(Xit)][ĝ(Xit)− g(Xit)]

1
SE ΣitV̂2

it
∼ N(0, Σ) (13)

When p∗ and additional higher-order residual oρ∗ convergence to 0, θ̂0 can then
satisfy “Asymptotic Normality”. Thus, the DML model yields consistent estimates of the
treatment coefficients.
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Table 1 presents a pseudo-code of our double machine learning algorithm. This
diagram shows how we performed the following: (1) prepared and divided our data;
(2) used machine learning to estimate relationships between variables; (3) calculated the
residuals (unexplained portions) of our key variables; and (4) used these residuals to
estimate the true effect of data trading platforms on corporate financial resilience. Each step
is annotated with comments (following ‘//’) that explain its purpose in plain language.

Table 1. Pseudo-code diagram of the DML algorithm.

Algorithm: Double Machine Learning (DML)

1: Input: Data {(Resilienceit, DFMit, Xit)}i
=1N // Response, treatment, and control

variables; m̂(·), ĝ(·)—initial ML estimators //For nuisance parameter estimation;
K—sample split number; E—test interval; α—learning rate // For gradient updates;
2: for k = 1 to K do//Cross-fitting iterations
3: Split sample into I_k and I_(−k) // Create training and testing folds
4: for each i ∈ I_(−k) do // Train on complementary sample

Train first stage models: // Estimate nuisance functions using machine learning
methods

m̂_k ← ML_train ({DFMit, Xit})
ĝ_k←ML_train ({Resilienceit, Xit})

5: end for
6: for each i ∈ I_k do // Compute estimates on test fold
7: if sample size > threshold then Compute residuals: // Calculate orthogonal
residuals

V̂it = DFMit − m̂_k(Xit) // Treatment residual
Û̂it = Resilienceit − ĝ_k(Xit) // Outcome residual

8: end if
9: Set: // Compute influence function

ψi = V̂itÛit / E
[
V̂2

it
]

// Orthogonalized score
10: end for
11: if convergence check then estimate local parameters: // Verify estimation quality.
Calculate local parameter estimates and variance

θ̂ _k = (1/|I_k|)Σi ∈ I_k ψi

σ̂2_k = (1/|I_k|)Σi ∈ I_k
(
ψi − θ̂_k

)2

12: end if
13: for each parameter update do Update ML models: // Improve ML models. //
Gradient descent updates

m̂_k ← m̂_k− α ∗ ∂L_m/∂m̂_k // Update first stage
ĝ_k ← ĝ_k− α ∗ ∂L_g/∂ĝ_k // Update second stage

14: end for
15: if k = K then Aggregate estimates: // Final aggregation. Combine estimates across
folds

θ̂ = (1/K)Σk θ̂_k // Average treatment effect
SE
(
θ̂
)
=
√
((1/K2)Σk σ̂2_k) // Standard error

16: end if
17: end for
18: if asymptotic_normality_check then Verify conditions: // Verify theoretical
properties. Check asymptotic behavior

p∗ =
(

1/
√

N
)

Σit Vit Uit / E
[
V̂2

it
]
→ N(0, Σ) // Main term

q∗ =
(

1/
√

N
)

Σit[m̂(Xit)−m(Xit)][ĝ(Xit)− g(Xit)] → 0 // Remainder
19: end if
20: Return θ̂, SE

(
θ̂
)

// Final estimates with standard errors

Our double machine learning (DML) models were implemented on a worksta-
tion with the following specifications: Intel Core i5-14600KF 14-core processor, 32 GB
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DDR4 3600 MHz memory (dual 16 GB configuration), and NVIDIA GeForce RTX 4060
(8 GB/memory 2125 MHZ) graphics card. The system includes 2 TB of storage across
two drives.

For model training, we employed 5-fold cross-validation with an 80–20% train-test
split ratio. The Random Forest Regressor algorithm from the scikit-learn library was
configured with 100 decision trees (n_estimators = 100) for both the treatment and outcome
prediction stages. Training time was significantly affected by model complexity: With
only basic control variables, each model required approximately 513.6 s (107.30 s/it) for
completion. When quadratic terms were added to the control variables, the training time
increased substantially to 3683.9 s (750.69 s/it). The total running time of the entire model
is approximately 5215.4 s. All analyses were programmed in Python, leveraging the pandas
library for data management, numpy for numerical operations, and sklenar for machine
learning implementation.

The model implementation details are provided not solely as technical specifications,
but rather to ensure transparency and reproducibility of the research. The computa-
tional resources described (processor, memory, and graphics card) directly influence the
model’s ability to process complex relationships in high-dimensional data. Furthermore,
the employment of a cross-validation approach serves to substantiate the robustness of
our findings and to reduce the possibility of their being merely a consequence of chance
patterns in a specific subset of data. These methodological decisions are pivotal in substan-
tiating the reliability of our conclusions regarding the impact of marketization on corporate
financial resilience.

3.2. Variables
3.2.1. Dependent Variable: Corporate Financial Resilience

Drawing on the theoretical framework developed by Ortiz-de-Mandojana and
Bansal [30], we adopted a two-dimensional perspective to conceptualize corporate fi-
nancial resilience comprehensively. Specifically, corporate financial resilience is defined
as the integrated combination of high-performance growth and low financial volatility.
Long-term performance growth is measured by the cumulative three-year increase in sales
revenue, which provides a better indication of a company’s sustained development capabil-
ity compared to annual growth rates. Financial volatility is assessed using the annualized
standard deviation of monthly stock returns. Finally, the entropy weighting method is
applied to create a corporate financial resilience index Resilienceit.

3.2.2. Independent Variable: Data Factor Marketization (DFM)

We operated DFM through the establishment of data exchange platforms in local
markets. These platforms serve as formal institutional arrangements that facilitate data
circulation by defining ownership rights, removing market barriers, and implementing
pricing mechanisms. From an RDT perspective, these platforms fundamentally reshape
the resource dependency landscape by creating new channels for resource acquisition and
exchange, thereby altering the power dynamics between data providers and users.

We measured DFM using a dummy variable (DFMit) that captures the presence of
data exchange platforms in a company’s location. We compiled a comprehensive timeline
of local data exchange platform establishments across China from 2011 to 2022. For each
company in our sample, DFMit equals 1 if a data exchange platform exists in the com-
pany’s city in a given year and all subsequent years. Otherwise, DFMit equals 0. When
multiple platforms exist in a single city, we used the earliest establishment date to mark the
beginning of DFM in that location. This measurement approach captures the institutional
transition to market-based data allocation mechanisms that enable cross-organizational
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data exchange and integration. This operationalization directly addresses the core RDT
tenet that formal institutional arrangements can significantly alter organizations’ resource
dependence patterns and resource acquisition strategies.

3.2.3. Control Variables

We incorporated various control variables related to corporate governance structure,
profitability, and solvency [49]. Our selection of control variables is guided by RDT, which
emphasizes the importance of both internal resource configurations and external resource
dependencies in shaping corporate financial resilience. At the firm level, the control
variables include firm size (Size) and the proportion of fixed asset investment (Fixed), which
reflect an organization’s resource base and its ability to buffer external shocks through
resource reconfiguration. Governance structure variables encompass board size (Board),
the proportion of independent directors (Indep), the duality of the chairman and CEO
roles (Dual), as well as the ownership stake of the top 5 shareholders (Top5). All factors
that influence an organization’s strategic response to resource dependencies according
to RDT. Financial indicators include the leverage ratio (Lev), return on equity (Roe), and
the proportion of cash holdings (Cash f low), which measure a firm’s financial resource
availability and dependency on external capital markets. As shown in Table 2, we also
selected other necessary control variables that represent different aspects of organizational
resource dependencies as theorized in RDT.

Table 2. Variables definition.

Variables Definition

Dependent
Variable Resilience Financial resilience measure combining three-year sales growth

stability and stock return volatility through entropy method

Independent Variable DFM Binary indicator (1 = data exchange platform exists in company’s
city; 0 = otherwise)

Control
Variables

Size Natural logarithms of total assets
Lev Total liabilities divided by total assets (leverage ratio)

Roe Net profit divided by average shareholders’ equity (return on
equity)

Cash f low Operating cash flow divided by total assets (cash flow ratio)
Fixed Net fixed assets divided by total assets (asset tangibility)
Board Natural logarithm of board size
Indep Proportion of independent directors on board
Top5 Percentage of shares held by top five shareholders

FirmAge Natural logarithm of firm age in years
Soe State ownership dummy (1 = state-owned; 0 = otherwise)
Roa Net profit divided by average total assets (return on assets)

TobinQ Market value plus debt divided by book value of assets
Inv Inventory divided by total assets (inventory intensity)

Fixed Fixed assets divided by total assets (capital intensity)
Mshare Percentage of shares held by executives (managerial ownership)

Nst Percentage of shares held by institutional investors
M f ee Administrative expenses divided by operating income

Occupy Other receivables divided by total assets

3.3. Data Source

Our dataset comprises China’s A-share listed companies from 2011 to 2022, providing
a comprehensive panel that captures the implementation timeline of DFM reforms. The
sample selection process followed several steps to ensure data quality and representa-
tiveness. First, we excluded financial sector companies due to their distinct regulatory
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environment and accounting standards. Second, we removed ST-type companies (those un-
der special treatment due to financial distress) to avoid potential distortions from financially
troubled firms. Third, we eliminated observations with missing values for key variables
to ensure completeness of the analysis. Finally, we minorized all continuous variables
at the 1% level to mitigate the influence of extreme outliers while preserving the overall
data characteristics. These procedures yielded a balanced panel dataset of 33,507 firm-year
observations from 3165 unique companies.

The firm-level financial and governance data were obtained from the CSMAR (China
Stock Market & Accounting Research) database, supplemented with information from
companies’ annual reports when necessary. For our key independent variable, we cre-
ated a comprehensive inventory of data trading platform establishments by combining
information from multiple sources: the official “Big Data White Paper” published by the
China Information and Communications Technology Institute (CICT), government policy
documents, and public announcements from platform operators. Regional economic indica-
tors were collected from provincial statistical yearbooks. This multi-source data collection
approach enhances the reliability of our empirical analysis by capturing both firm-specific
attributes and their institutional environment. Table 3 presents descriptive statistics for the
major variables, demonstrating appropriate variation across our sample.

Table 3. Descriptive statistics.

Variables N Mean SD Min Median Max

Resilience 33,507 1.49 0.18 0.20 1.49 1.89
DFM 33,507 0.32 0.47 0.00 0.00 1.00
Size 33,507 22.20 1.33 14.94 22.00 28.64
Lev 33,507 0.41 0.21 0.01 0.40 1.96
Roa 33,507 0.04 0.08 −1.32 0.04 1.28
Roe 33,507 0.06 0.22 −14.82 0.08 2.38
Ato 33,507 0.66 0.54 −0.05 0.55 12.37

Cash f low 33,507 0.05 0.07 −0.89 0.05 0.88
Inv 33,507 0.14 0.13 0.00 0.11 0.94

Fixed 33,507 0.21 0.16 0.00 0.17 0.97
Board 33,507 2.12 0.20 1.10 2.20 2.89
Indep 33,507 0.38 0.06 0.00 0.36 0.80
Dual 33,507 0.30 0.46 0.00 0.00 1.00
Top5 33,507 0.54 0.16 0.01 0.54 0.99

Tobinq 33,507 2.09 4.59 0.62 1.59 715.94
Soe 33,507 0.36 0.48 0.00 0.00 1.00

Firmage 33,507 2.92 0.34 0.69 2.94 4.17
Inst 33,507 0.44 0.25 0.00 0.45 1.01

Mshare 33,507 15.01 20.38 0.00 1.66 89.99
Occupy 33,507 0.01 0.03 0.00 0.01 0.80

The Figure 2 illustrates the correlation matrix between all the independent variables.
The correlation coefficients between most of the variables are at a low level, indicating
that multicollinearity is unlikely to have a significant impact on the results of our analysis.
Notably, there is a high correlation (0.91) between ROA and ROE, which is more common
in financial performance indicators. The generally low correlation between our core ex-
planatory variable, DFM, and the control variables further validates the rationality of the
model design. Other relatively high correlations include Size vs. Lev (0.52), INST vs. Top5
(0.47), and Mshare vs. M f ee (−0.66), but these correlations are still within acceptable limits.
We also calculated the variant inflation factor (VIF), and all values were below the common
threshold of 5, further confirming the reliability of the estimates.
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The Figure 3 shows the interrelationships between the key financial indicators in this
study. The upper left panel in particular shows that companies with a data exchange
platform (DFM) tend to exhibit higher financial resilience, which initially supports our
research hypothesis. In addition, other panels show the negative correlation between lever-
age and ROA (upper right), the complex relationship between equity concentration and
board independence (lower left), and the nonlinear relationship between market valuation
and return on equity (lower right). Together, these relationships form the background
framework of our research.

To more rigorously examine the relationship between DFM and financial resilience, the
Figure 4 resents a comparative analysis after controlling firm characteristics. As shown, the
positive relationship between DFM and financial resilience remains significant (t = 19.75,
p < 0.001) after controlling factors such as firm size, leverage, and profitability. Although
visually the difference is subtle (difference in values = 0.0414), from a statistical perspective,
this finding strongly supports the hypothesis that digital financial market participation
can enhance.
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4. Empirical Results
4.1. Main Regression

Table 4 presents the baseline regression results examining the impact of data factor mar-
ketization (DFM) on corporate financial resilience. In Column (1), the coefficient for DFM is
positive and statistically significant (β = 0.0169, p < 0.01), indicating that the establishment
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of data trading platforms enhances corporate financial resilience. This suggests that firms
operating in regions with established data trading platforms demonstrate stronger financial
resilience capabilities.

Table 4. Main regression.

(1)
Resilience

(2)
Resilience

(3)
Resilience

DFM 0.0169 ***
(0.0027)

0.0166 ***
(0.0028)

0.0191 ***
(0.0027)

Control Variables YES YES YES
Squared Control

Variables NO YES YES

Year FE NO NO YES
Firm FE NO NO YES
Adj. R2 0.213 0.248 0.275

AIC 15,824 15,241 14,936
N 33,507 33,507 33,507

Note: Year FE refers to year-fixed effects, and Firm FE refers to firm-fixed effects. Standard errors clustered at the
firm level are reported in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
Adj. R2 represents the adjusted R-squared value, and AIC refers to Akaike Information Criterion, with lower
values indicating better model fit. Results are obtained using Python 3.13.

The results remain robust across different model specifications. In Column (2), after
incorporating squared terms of control variables to account for potential nonlinear effects,
the coefficient remains positive and significant (β = 0.0166, p < 0.01). Furthermore, Column
(3) includes both year-fixed effects to control for macroeconomic factors and firm-fixed
effects to account for time-invariant firm characteristics, and the coefficient maintains its
positive significance (β = 0.0191, p < 0.01).

All models include the complete set of control variables defined in Table 1 (Size,
Lev, Roe, Cash f low, Fixed, Board, Indep, Top5, FirmAge, Soe, Roa, TobinQ, Inv, Mshare,
Nst, M f ee, and Occupy). These findings, derived from a double machine learning (DML)
framework with random forest algorithms and cross-validation (80% training set and 20%
testing set), provide strong empirical evidence supporting Hypothesis 1. The consistent
statistical significance at the 1% level across all specifications demonstrates the robustness
of the relationship between DFM and enhanced corporate financial resilience.

To evaluate model fit and help readers determine which model is most appropriate,
we reported adjusted R2 and AIC values. The results show that, as the complexity of control
variables increases, the adjusted R2 rises from 0.213 in Model 1 to 0.275 in Model 3, while
the AIC decreases from 15,824 to 14,936. This indicates that Model 3 (which includes all
control variables and fixed effects) provides the best fit, and we therefore based our main
interpretations on this model.

In addition to strengthening financial resilience, these findings suggest that DFM may
also lay the groundwork for business model innovation. The positive association between
data trading platform adoption and improved resource allocation implies that firms could
be leveraging enhanced data access to optimize operational processes and support digital
transformation initiatives. This, in turn, might facilitate the integration of sustainability
principles, such as ESG practices or circular economy models, into new or evolving digital
business strategies.

4.2. Robustness Checks
4.2.1. Endogeneity Test by Instrumental Variable Method

We examined the impact of the policy effect of DFM and construction on the enterprise
dimension of corporate financial resilience, and there was no significant reverse causality
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existing at the logical level. However, problems such as omitted variables and dependent
variable construction errors are still unavoidable. To solve the potential endogeneity prob-
lem, we referred to the study of Wang and Shao [50] and selected the number of fixed-line
telephones per 100 people in 1984 (Tel) and the number of postal and telecommunication
offices at the end of 1984 as instrumental variables in each city (Pto). The selection of this
indicator is mainly based on the following considerations: First, the regional fixed-line
telephone penetration and the degree of distribution of post and telegraph offices can
effectively reflect the level of their information infrastructure and data exchange capacity,
and there is a significant correlation between this historically accumulated communication
base and the establishment of data trading platforms, which satisfies the requirement
of correlation between instrumental variables and endogenous variables. Second, as a
historical stock indicator, the communication facility data in 1984 is relatively independent
of the current regional economic development and productivity level, which meets the
exogenous characteristics that instrumental variables should have [50]. The DML partial
linear instrumental variable model is set up using instrumental variables as follows:

Resilienceit = θ0DFMit + g(Xit) + Uit (14)

E[Uit | DFMit, Xit] = 0 (15)

In the “Traditional” two-stage least squares (2SLS) approach, the first-stage regression
is usually written explicitly, with the instrumental variable DFMit being jointly explained
with the control variable. To allow the machine to fit the control terms, we constructed the
following model:

DFMit = ∂0 + ∂1Telit + ∂2Ptoit + m(Xit) + νit (16)

E[Uit | Telit, Ptoit, Xit] = 0 (17)

Telit = r(Xit) + ϕit (18)

Ptoit = f (Xit) + ωit (19)

E(Zit | Xit)= E(Qit | Xit) = 0 (20)

Equations (14)–(16) form a “Partial Linearity IV” structure together. While
Equations (17)–(20) suggests that the “1984 communication metrics” may also be partially
correlated with the current control Xit, which is initially filtered out by machine learning,
and then the remaining variance is used to explain DFMit.

The results are shown in Table 5. Columns (1) to (3) are the instrumental variables
(Tel) and the control variables’ primary term, secondary term, and regression results, and
columns (4) to (6) are the instrumental variables’ (Pto) regression results, all of which are
significantly positive at the 1% level, proving the robustness of the original hypothesis.

Table 5. Endogeneity test.

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

DFM 0.0330 ***
(0.0001)

0.0323 ***
(0.0001)

0.0430 ***
(0.0002)

0.0417 ***
(0.0140)

0.0413 ***
(0.0137)

0.0427 ***
(0.0198)

Control Variables YES NO YES YES NO YES
Squared Control Variables NO YES YES NO YES YES

Year FE YES YES YES YES YES YES
Firm FE YES YES YES YES YES YES

N 33,507 33,507 33,507 33,507 33,507 33,507

Note: Year FE refers to year-fixed effects, and Firm FE refers to firm-fixed effects. Standard errors clustered
at the firm level are reported in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.
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4.2.2. Resetting the DML Model

In order to mitigate possible model setting bias and increase the robustness of the
results, we conducted an extended robustness test in the following three dimensions within
the framework of DML:

Changing the sample split ratio. In DML estimation, it is usually necessary to split the
total sample into training and validation sets (or multi-fold cross-validation) in a certain
ratio (e.g., 1:4). This ratio was successively adjusted to 1:2 and 1:7 to test whether the
estimation results remain consistent under different sample configurations. If the core
parameter estimates obtained under multiple splitting ratios are more stable, it may indicate
that the results are somewhat robust to the training and validation set partitioning.

Replacing machine learning algorithms. In the auxiliary regression and main regres-
sion, tree models such as random forest were previously used. To eliminate the possibility
of algorithmic bias, we introduced multivariate algorithms such as lasso, gradient boosting
(GBDT), and neural networks to replace the original methods. The insensitivity to the
choice of algorithm is confirmed by comparing the fitted ĝ(·) and m̂(·) and finally the
estimated core coefficients under different machine learning algorithms if the results are
generally consistent.

Optimizing the model setting. The “partially linear” setting is commonly used in
classical DML, but in real situations there may be significant nonlinearities and interaction
effects between the control variables Xit. For this reason, we introduced more nonlinear
or interaction terms (e.g., Xit

2) into the machine learning model or employed models that
can capture high-dimensional interactions simultaneously (e.g., XGBoost and deep neural
networks), so that ĝ(·) and m̂(·) are more expressive. If the resulting estimates remain
robust to the addition of additional interaction settings, then the model settings themselves
have limited impact on the conclusions.

Cross-fitting and orthogonalization. To reduce overfitting and ensure n-consistent
estimation of θ0, K-fold cross-validation is used to fit ĝ(·) and m̂(·) separately and construct
on the “external” validation fold:

˜Resilienceit = Resilienceit + ĝ(Xit), D̃FMit = DFMit + m̂(Xit) (21)

˜Resilienceit = ˜θ0DFMit + ω (22)

The results are shown in Table 6, with columns (1) to (2) showing the proportion of
changing sample splits; columns (3) to (4) showing the regression results of lasso regression,
gradient boosting, and neural network machine learning; and columns (5) to (6) showing
the regression results of the interactive DML model. After these three robustness tests, the
results remain robust to support the main hypothesis.

Table 6. Resetting DML.

(1)
Resilience

(2)
Resilience

(3)
Resilience

(4)
Resilience

(4)
Resilience

(5)
Resilience

DFM 0.0230 ***
(0.0040)

0.0249 ***
(0.0024)

0.0495 ***
(0.0010)

0.0258 ***
(0.0009)

1.3243 **
(0.6258)

1.7153 *
(0.8778)

Control Variables YES YES YES YES YES YES
Squared Control Variables YES YES YES YES YES YES

Year FE YES YES YES YES YES YES
Firm FE YES YES YES YES YES YES

N 33,507 33,507 33,507 33,507 33,507 33,507

Note: Year FE refers to year-fixed effects, and Firm FE refers to firm-fixed effects. Standard errors clustered at the
firm level are reported in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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4.3. Mechanism Effect Test

To further explore the mechanism of resource dependence theory (RDT) and validate
the enterprise’s claim to obtain resources in the data factor market, a mechanism test is con-
structed for the driving effect of DFM on the optimization of enterprise resource allocation.
This test directly examines a core proposition derived from RDT: that institutional arrange-
ments like data trading platforms enhance corporate financial resilience by improving
resource acquisition capabilities and reducing dependency risks. By testing these specific
resource allocation mechanisms, we provided empirical evidence for how DFM alters the
resource dependency patterns that RDT identifies as central to organizational outcomes.

This section use utilizes lasso regression in the context of machine learning to facilitate
the analysis of mediation effects [51]; Specifically, Hit denotes mechanism variables to build
a base fixed effects model:

Resilienceit = α1 + θ1DFMit + β1Xit + ϑi+µt + εit1 (23)

Hit = α2 + θ2DFMit + β2Xit + ϑi+µt + εit2 (24)

Resilienceit = α3 + θ3DFMit + ηHit + β3Xit + ϑi+µt + εit3 (25)

where ϑi denotes individual fixed effects, and µt denotes time fixed effects. Based on the
sequential irrelevance assumption, the mediating effects can be decomposed into average
indirect effect ACME (Equation (26)), average direct effect ADE (Equation (27)), and total
effect (Equation (28)):

R = E[Resilienceit(DFMit, Hit(1))− Resilienceit(DFMit, Hit(0))] (26)

N = E[Resilienceit(1, Hit(DFMit))− Resilienceit(0, Hit(DFMit))] (27)

Z = R−N (28)

Meanwhile, to verify the robustness of the mediating effect, the following conditional
expectation was estimated using machine learning methods:

E[Resilienceit|DFMit, Xit] = g1(DFMit, Xit, ϑi, µt) (29)

E[Hit|DFMit, Xit] = g2(DFMit, Xit, ϑi, µt) (30)

E[Resit|DFMit, Hit, Xit] = g3(DFMit, Hit, Xit, ϑi, µt) (31)

Regarding the assessment of resource allocation efficiency among corporate entities,
we undertook a meticulous examination of capital (Ine f f ) and labor (EL). Capital allocation
efficiency is measured by constructing a modified expected investment model. This model
is characterized by the degree of deviation between the actual scale of investment and
the theoretical optimal level. A larger deviation implies a less efficient capital allocation.
Concurrently, we incorporated finance constraints as a pivotal indicator. By following [52],
we used a quantitative metric FC which assesses the extent to which an enterprise is
constrained in its financing options. It does so by quantifying the discrepancy between
an enterprise’s actual financing scale and its optimal financing needs. The magnitude of
the discrepancy is indicative of the enterprise’s financing constraints, reflecting its limited
relational capital within the market network. This indicator, predicated on the capacity
to access capital, effectively captures the resource expansion effect engendered by the
construction of the data trading platform for enterprises. By examining the relationship
between the degree of marketization of data elements and the financing constraints of
enterprises, it can be verified that the data trading platform enhances the enterprise’s
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ability to access resources. For example, companies might use improved data flows to
enhance supply chain transparency, optimize energy consumption, or design innovative
ESG reporting systems, actions that are critical for modern sustainable business models [53].
As demonstrated in Table 7, the collective impact of all intermediation channels is deemed
to be substantial at the 10% level. This finding suggests that DFM has a considerable impact
on enhancing corporate financial resilience. Consequently, Hypothesis 2 is substantiated.

Table 7. Mechanism effect test.

(1) Aggregate Effect (2) Direct Effect (3) Indirect Effect

Ine f f 0.0437 *** 0.0429 *** 0.0018 *
EL 0.0437 *** 0.0441 *** 0.0015 *
FC 0.0437 *** 0.0394 *** 0.0020 *

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

4.4. Heterogeneity Analysis
4.4.1. Firm-Level Heterogeneity

We examined firm heterogeneity in response to data requirements across ownership
structures and organizational scale. And the between-group coefficients were calculated
based on bootstrap’s Fisher’s combined test with 1000 repetitions of sampling to obtain.
The regression results in Table 8, columns (4) to (5), demonstrate that non-state enterprises
exhibit significantly higher regression coefficients compared to state-owned enterprises.
This variation stems from differences in data resource endowments, policy assistance, and
market behavior patterns. Non-state enterprises demonstrate enhanced market orientation
and operational flexibility [54]. They can efficiently capitalize on opportunities presented by
data market reforms to strengthen their digital resilience. These enterprises encounter more
constraints in digital transformation. The emergence of data market reforms provides them
with novel channels to acquire high-quality data resources, resulting in more substantial
marginal effects. Moreover, non-state enterprises exhibit stronger innovation incentives and
are more inclined to obtain essential data resources through market mechanisms, thereby
enhancing their digital resilience. State-owned enterprises typically possess robust policy
support and resource integration capabilities. However, they may experience limitations in
data utilization efficiency and market responsiveness. In comparison, private enterprises
demonstrate greater adaptability and innovation potential, although they may encounter
constraints in data acquisition costs and resource availability. Columns (1) to (3) show
that the impact of data element commercialization on firms of different sizes in the firm
size dimension shows an inverse-increasing difference. The coefficient of small firms is
the lowest, while the coefficient of medium firms is higher than that of large firms. This
reverse increase reflects the sensitivity of the marketization of data elements to the size of
the firm. For small enterprises, the marketization of data elements significantly lowers the
threshold for them to acquire data resources, enabling them to break the scale barrier and
improve their financial resilience through data empowerment. Medium-sized enterprises,
while having a certain resource base, still face challenges in accessing and leveraging data.
The commercialization of data elements provides them with more diverse options for
data services. Large enterprises, on the other hand, have a strong ability to accumulate
data resources, and the marginal effect of data element commercialization is relatively
small. However, they can still optimize the efficiency of data resource allocation through
market mechanisms.
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Table 8. Firm-level heterogeneity.

(1) Big (2) Medium (3) Small (4) State-Owned (5) Private

DFM 0.026 ***
(0.0049)

0.031 ***
(0.0036)

0.041 ***
(0.0026)

0.034 ***
(0.0031)

0.044 ***
(0.0028)

Control Variables YES YES YES YES YES
Year FE YES YES YES YES YES
Firm FE YES YES YES YES YES

N 10,357 10,357 10,357 10,692 20,379
Note: Standard errors clustered at the firm level are reported in parentheses. *, **, and *** indicate significance at
the 10%, 5%, and 1% levels, respectively.

4.4.2. Industry-Level Heterogeneity

At the industry level, the role of factor marketization construction on corporate finan-
cial resilience depends on the degree of industry monopolization and the technological
characteristics of the industry. Based on the degree of market monopoly assessed by the
industry Lerner index, enterprises in industries with a low degree of monopoly show a
stronger policy response, as shown by the contrast between columns (1) and (2) in Table 9.
Industries with a high degree of monopoly usually have a high degree of resource concen-
tration and a limited number of market participants, and large enterprises in the industry
tend to dominate resources, including key elements such as data resources, capital, and
technology. These enterprises have often established a robust data infrastructure, enabling
them to achieve efficiency improvement and business optimization through internal data
integration. As a result, the role of data trading platforms in such industries may be rela-
tively limited. In contrast, in industries with a low degree of monopoly, due to more intense
market competition and a relatively decentralized distribution of resources, enterprises
have a higher degree of dependence on external data. Data trading platforms provide
enterprises with a fair, transparent, and efficient data circulation channel, reducing the cost
of data acquisition and increasing the efficiency of data allocation through market-oriented
mechanisms. For small and medium-sized enterprises in these industries, the construc-
tion of data trading platforms can meaningfully alleviate the problem of inadequate data
resources and help them narrow the capability gap of building financial resilience with
leading enterprises in the industry. At the same time, we differentiated the industries to
which enterprises belong into high-tech and ordinary industries according to the SEC’s
industry categorization guidelines. The analysis results in Table 10, columns (3) and (4),
show that firms in high-tech industries benefit more from the commercialization of data
elements. Table 11 shows the result of between-group coefficient difference test. These firms
have robust data processing capabilities and innovation awareness, enabling them to use
market-based mechanisms to acquire key innovative data resources and transform them
into financial resilience development advantages. In contrast, firms in ordinary industries
have comparatively limited data application capabilities and innovation incentives, which
hinder their efficiency in exploiting the data factor market.

Table 9. Firm-level heterogeneity “between-group coefficient difference test”.

Group Difference in Coefficients T-Value p-Value

Big vs. Medium −0.0054 −0.8881 0.3754
Medium vs. Small −0.0093 −0.2093 0.0362 ***

Small vs. Big −0.0147 −2.6500 0.0081 ***
State-owned vs. Private 0.0105 2.5615 0.0119 ***

Note: The coefficient difference p-values between groups are calculated using Fisher’s combined test with
bootstrap method, based on 1000 resampling iterations. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.
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Table 10. Industry-level heterogeneity.

(1) Low Monopoly (2) High Monopoly (3) High Tech (4) Ordinary

DFM 0.0397 ***
(0.003)

0.0391 ***
(0.002)

0.0409 ***
(0.003)

0.0271 ***
(0.003)

Control Variables YES YES YES YES
Squared Control Variables YES YES YES YES

Year FE YES YES YES YES
Firm FE 17,690 13,381 19,158 11,913

Note: Standard errors clustered at the firm level are reported in parentheses. *, **, and *** indicate significance at
the 10%, 5%, and 1% levels, respectively.

Table 11. Industry-level heterogeneity “between-group coefficient difference test”.

Group Difference in Coefficients T-Value p-Value

Low monopoly vs. High monopoly −0.0137 −2.0451 0.0067 ***
High tech vs. Ordinary 0.0138 3.2527 0.0011 ***

Note: The coefficient difference p-values between groups are calculated using Fisher’s combined test with
bootstrap method, based on 1000 resampling iterations. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

4.4.3. Regional-Level Heterogeneity

We also examined the differential impact of data factor commercialization on firm
resilience in the regional dimension. The regression results in Table 12 show significant
regional heterogeneity, with significant positive effects in the eastern and western regions
and negligible effects in the central region. The robust positive effect observed in the eastern
region is closely related to the region’s advanced digital infrastructure and mature market
environment. Enterprises in the eastern region can take advantage of a well-developed
data trading market system to more effectively transform data elements into resiliency
benefits. The western region also shows positive policy effects, due to the region’s latecomer
advantage in data factor market development and enterprises’ high sensitivity to data
factor commercialization policies. Conversely, the negligible effect observed in the central
region is indicative of the institutional barriers and policy vacuums the region faces in
developing data factor markets, highlighting the need to improve its digital infrastructure
and market environment.

Table 12. Regional-level heterogeneity.

(1) Eastern Region (2) Central Region (3) Western Region

DFM 0.0197 ***
(0.0057)

0.0121 *
(0.0071)

0.0392 ***
(0.0026)

Control Variables YES YES YES
Squared Control Variables YES YES YES

Year FE YES YES YES
Firm FE 4433 4230 22,408

Note: Standard errors clustered at the firm level are reported in parentheses. *, **, and *** indicate significance at
the 10%, 5%, and 1% levels, respectively.

5. Findings and Discussions
5.1. Conclusions

We delved into the impact of data factor marketization (DFM) on corporate financial
resilience and the interactive effect of institutional environment and resource allocation
optimization. Our findings highlight that DFM significantly contributes to corporate
financial resilience through market-based mechanisms, while effectiveness depends on the
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institutional context. To strengthen these results, we applied advanced double machine
learning (DML) methods, ensuring a more robust and precise measurement of policy
effects [48]. These models reveal that corporate financial resilience is not a “one size fits
all” phenomenon but varies depending on both the institutional environment and firm-
specific characteristics. Moreover, the institutional environment restricts firms’ ability to
capitalize on DFM by limiting their resource allocation efficiency, while firm characteristics
play a critical role in amplifying the positive effects of DFM and mitigating potential
negative consequences. Our research offers valuable insights for policymakers aiming to
leverage data marketization while also managing institutional frameworks for sustained
corporate financial resilience in the digital era. These findings indicate that DFM not
only enhances resilience against economic shocks but also facilitates sustainable business
transformation. By reducing informational barriers and enabling better integration of ESG
and circular economy practices, firms can evolve their business models to support long-term
sustainability, ultimately contributing to the achievement of broader societal goals.

5.2. Theoretical Contributions

We contributed to the literature in several key areas. Firstly, we enhanced the under-
standing of the institutional drivers of corporate financial resilience. Traditional research
has predominantly focused on internal organizational factors, such as resource redundancy,
governance structures, and strategic management capabilities [11,12]. However, with the
rapid digitalization of the global economy, the significance of external institutional arrange-
ments and data resource allocation in shaping corporate financial resilience has become
increasingly evident. From a theoretical perspective, we integrated resource dependence
theory (RDT) and institutional economics, emphasizing how firms can enhance their fi-
nancial resilience capabilities by acquiring critical data resources through market-based
mechanisms. We drew on the Edelman situational framework, which posits that firms’
adaptive capabilities are shaped by external policy architecture and institutional arrange-
ments [55]. By examining DFM as an institutional driver, we explored its role in fostering
corporate financial resilience, demonstrating how policy-driven reforms in data markets
positively impact firms’ ability to withstand and recover from external shocks. Additionally,
we specifically analyzed the mediating role of resource allocation optimization, providing
insights into how institutional reforms facilitate efficient data resource integration and
enhance organizational adaptability.

Secondly, we integrated the effects of external policy reforms and internal organiza-
tional attributes on corporate financial resilience. The institutional environment suggests
that policy frameworks and market mechanisms significantly influence firms’ ability to
leverage data resources, potentially leading to heterogeneous financial resilience outcomes
across different organizational contexts. The institutional environment acts as a critical
moderator in the relationship between DFM and corporate financial resilience, as firms
operate within distinct regulatory and market conditions that shape their capacity to benefit
from data marketization reforms. We extended the applicability of institutional theory
to digital resource allocation settings, demonstrating that in data markets, institutional
arrangements not only affect resource accessibility but also influence firms’ long-term adap-
tive capabilities, offering a new perspective [4]. Concurrently, firm characteristics are crucial
for organizations to effectively respond to institutional reforms and secure competitive
advantages, encompassing factors such as ownership structure, size, industry competition,
and geographical location. In the context of data marketization, these characteristics help
firms address market uncertainties and operational challenges, accelerating adaptation and
enhancing resilience through effective utilization of market-based mechanisms. Therefore,
we not only expanded the application of RDT in corporate financial resilience but also
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provided theoretical support for how firms can optimize resource allocation and enhance
adaptability under varying institutional conditions.

Third, we used DML methodology to investigate the causal relationship between DFM
and corporate financial resilience. The innovative application of DML techniques not only
addresses the endogeneity challenges inherent in estimating policy effects but also provides
a robust analytical framework for future institutional research. Given that traditional
econometric approaches such as difference-in-differences and instrumental variables may
not fully capture the complex, nonlinear interactions between institutional reforms and
organizational outcomes, the DML method allows for a more comprehensive and precise
evaluation through sophisticated treatment of high-dimensional data and flexible functional
forms [56]. This methodological innovation is particularly valuable in the context of data
marketization reforms, where policy effects often manifest through multiple channels
and vary across different organizational contexts. By incorporating advanced machine
learning algorithms and regularization techniques, our approach automatically selects
optimal control variables and accounts for complex interaction effects, thereby providing
more reliable estimates of policy effects on corporate financial resilience. Future research
on institutional reform could build on this methodological framework and extend the
DML approach to investigate other policy interventions and their heterogeneous effects in
different market environments.

5.3. Practical Contributions

We highlight the following contributions. First, when implementing the marketization
of data factors to enhance corporate financial resilience, organizations should prioritize
the establishment of standardized data-sharing mechanisms, especially in critical busi-
ness areas. Such market-based mechanisms help address information asymmetry and
facilitate resource integration, thereby enhancing organizational adaptability. Effective
data governance and compliance frameworks within marketization initiatives are essential;
formal protocols, such as standardized trading mechanisms, together with robust security
measures between market participants, can more effectively foster cross-organizational
data-sharing and value co-creation. In digital environments, firms should adopt flexible
operating structures that balance data accessibility and security to address new market
challenges while improving the effectiveness of resource allocation.

Second, firm characteristics are critical for exploiting opportunities to commercial-
ize the data factor. Firms should invest in developing comprehensive data management
capabilities through systematic training and operational processes to enhance their techni-
cal infrastructure and human capital. These processes should include knowledge of data
governance, market mechanisms, and regulatory compliance, enabling firms to be well posi-
tioned in the evolving digital economy. Using internal data resources, market-based trading
platforms, and collaborative networks, companies can transform raw data into sustainable
competitive advantage. Rapid response mechanisms and agile organizational processes
are needed to adapt to market changes, and cross-departmental data-sharing frameworks
can break down information silos to develop greater operational efficiency and resource
optimization. Such collaborative frameworks increase corporate financial resilience and
the effectiveness of resource allocation, enabling companies to adapt quickly to changing
environments. For example, Haier Group enhanced its financial resilience by participating
in the Beijing International Big Data Exchange. Through this platform, Haier connected its
industrial internet system COSMO Plat with real-time consumer data, enabling them to
dynamically adjust production planning during the supply chain disruptions of 2022–2023.

Third, it is critical for organizations to recognize the moderating role of the institutional
environment in shaping the effectiveness of data factor commercialization. Organizations
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need to regularly assess their institutional context to avoid being constrained by regulatory
barriers or market inefficiencies. Adopting a systematic assessment process that includes
policy monitoring, market analysis, and stakeholder engagement can be useful in identify-
ing where institutional factors influence resilience outcomes. Such assessments must be
used to continuously monitor the implementation of data marketization initiatives and
their alignment with policy objectives and technological advances. With such insights,
organizations can strategically adjust their data management approaches and operational
strategies to maintain sustainability and competitiveness in dynamic markets.

5.4. Limitations and Future Research Directions

We acknowledge several limitations that highlight potential avenues for future re-
search. We begin with the fact that research has mainly focused on the static effects of
DFM, ignoring the dynamic evolution of policy implementation at different stages of de-
velopment. The effectiveness of marketization initiatives is expected to vary over time,
presenting different challenges and opportunities at different stages of policy implemen-
tation, including its introduction, development, and maturation. For example, the initial
stages may focus on building infrastructure and regulatory frameworks, while later stages
may focus on optimizing and deepening market mechanisms. Consequently, future re-
search could adopt a dynamic perspective, using longitudinal designs to examine the
mechanisms through which the commercialization of data factors influences corporate
financial resilience at different points in time and its long-term effects on organizational
adaptation. This approach would facilitate a more comprehensive understanding of how
institutional reforms shape sustainable corporate financial resilience.

Second, our sample is limited to Chinese firms, which may limit the generalizability
of the findings. Future research should extend this analysis by incorporating cross-country
comparisons to examine how different institutional contexts influence the role of digital
transformation in driving sustainable business practices. For example, investigating the
impact of DFM on ESG performance and circular economic strategies in regions such as
the EU and the US would further validate and enrich our understanding of the global
implications of digital governance. While China is a pioneer of DFM, which provides a
representative institutional setting for studying policy-driven reforms, significant differ-
ences in regulatory frameworks and market development across countries may influence
the effectiveness of data marketization and its impact on corporate financial resilience.
Therefore, future studies should consider expanding the sample to include firms from
different international contexts to validate the applicability and robustness of our findings.
In addition, cross-country comparative studies would be beneficial to uncover the hetero-
geneous effects of DFM on corporate financial resilience across different institutional and
market environments.

Third, while DML offers methodological advantages, its application in policy impact
assessment remains relatively nascent. Beyond the current implementation, more sophisti-
cated machine learning techniques and alternative model specifications could potentially
improve the precision of our estimates. For example, the selection of control variables and
functional forms could be further optimized using advanced feature selection algorithms
and neural network architectures [57]. In addition, the integration of other causal inference
methods with machine learning approaches could provide more robust results. Future
research could explore more advanced methodological frameworks, including ensemble
learning and deep learning models, to better capture the complex interactions between
institutional reforms and organizational outcomes, while addressing potential estimation
challenges in policy evaluation contexts.
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Forth, future research should explicitly integrate sustainable development perspectives
into this research direction. Scholars are encouraged to explore how digital transformation
and data marketization can further enable sustainable business practices, such as circular
economy models, robust ESG strategies, and SDG-driven initiatives. Combining resilience
frameworks with sustainability considerations may reveal additional mechanisms through
which firms not only survive but also thrive in a sustainable global market. Cross-national
comparisons and detailed case studies in this regard could provide deeper insights into
the synergies between digital governance, resource allocation, and long-term sustainable
business model innovation.
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