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Abstract

To examine how digitally empowered rural e-commerce affects the market-oriented al-
location of urban-rural factors at the county level and the underlying mechanism, this
study treats the National E-commerce into Rural Counties Demonstration Program as a
quasi-natural experiment. Using a panel of 1898 Chinese counties from 2000 to 2022, we
conduct multi-period DID with staggered adoption and mediation analyses. The results
show that rural e-commerce significantly raises the marketization level of factor allocation;
the effect grows stronger over time and is most pronounced during the rapid-expansion
phase, in agriculture-oriented e-commerce counties, in poverty-stricken counties, and in
the Central and Western regions. The impact operates mainly through three channels: en-
larging market size, upgrading industrial structure, and deepening digital financial usage.
Notably, the digital finance channel exhibits a suppression effect, suggesting a complex role
of financial digitalization in the early stages of rural development. To further ensure the
robustness of our findings, we also conduct rigorous checks using the CSDID method and
alternative proxy variables, consistently reaffirming the policy’s significant positive impact.
These findings offer actionable evidence for deepening county-level factor-market reforms
and advancing common prosperity, leading to policy recommendations on strengthening
county digital infrastructure, tailoring e-commerce support systems, and improving the
institutional environment for factor mobility.

Keywords: e-commerce; market-oriented allocation of urban-rural factors; digital
empowerment; multi-period DID
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As the archetype of digital-agricultural integration, rural e-commerce has become a
focal point for scholars examining urban-rural factor mobility [1]. Theoretically, digital
technology lowers transaction costs and attenuates information asymmetry, carving out

. new channels that erode the historical segmentation of urban and rural factor markets.
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lower cost. Tang Yuehuan [3] finds that the National E-commerce into Rural Counties
Demonstration Program markedly raises farm income by widening sales channels for
farm products and luring returnee entrepreneurship—essentially a reallocation of labor
and capital between urban and rural spheres. Building a multi-period DID, Qingyun
Bai et al. show that the same program significantly advances county-level urban—rural
integration by steering labor back to the countryside and boosting rural investment [4],
with the strongest effects in the less-developed Central and Western regions. Li Fuchang,
adopting a balanced urban-rural development perspective, demonstrates with big-data
analytics that rural e-commerce tourism can achieve sustainable development only when
supported by a coordinated urban—rural policy framework [5-7].

Beyond China, the digital economy is increasingly recognized as a critical driver of
rural development worldwide. International empirical evidence demonstrates that digi-
tal technologies and e-commerce significantly impact rural factor markets across diverse
institutional and geographical contexts. Studies from rural economies in developing coun-
tries show that digital platforms reduce transaction costs, lower information asymmetries,
and facilitate more efficient allocation of labor, capital, and land. The expansion of rural
e-commerce ecosystems creates new channels for agricultural product commercialization
and rural entrepreneurship [8]. These international patterns provide important context
for understanding how similar mechanisms operate within China’s unique institutional
framework, where the National E-commerce into Rural Counties Demonstration Program
offers a quasi-natural experiment to evaluate these effects at scale.

1.2. Mechanism Through Which Digital Empowerment Affects Market-Oriented Factor Allocation

From the digital-empowerment perspective, rural e-commerce shapes factor allocation
through several intertwined channels. First, the “information flow” generated by digital
platforms pulls “commercial flow, logistics flow and capital flow” along with it, creating
a new engine for factor mobility [9,10]. Wu Chenzi et al. [11], building on Marx’s theory
of social reproduction, show that digital technologies deepen the coupling of urban and
rural economies by streamlining production, distribution, exchange and consumption; this
coupling is immediately reflected in faster two-way movement of capital and labor. Second,
the diffusion of digital infrastructure—ubiquitous internet and mobile payments—cuts
the institutional cost of moving factors. Zhu Yuchun et al. stress that counties [12], the
pivotal nodes between city and countryside, transmit these cost savings directly into
higher allocation efficiency; in the marketization of land and labor, digital tools act as
an “accelerator”. Khan Sania demonstrates that when governments push nationwide
digitization, the Rural Market in India can unlock vast latent resources [13], allowing e-
commerce to become a powerful driver of both rural growth and national development [14].

1.3. Limitations of the Existing Literature and the Contributions of This Study

Although the current literature has sketched a link between rural e-commerce and
factor allocation, three shortcomings remain [15]. First, most papers examine a single
factor—labor or capital—while neglecting the simultaneous reallocation of land, technol-
ogy and data. Second, the mechanism of digital empowerment is under-explored: how
information technologies reshape factor prices and steer factor flows by moderating market
mechanisms is still a black box. Third, empirical work typically relies on cross-sections or
one-off policy evaluations; long-panel evidence on dynamic effects is scarce.

International research increasingly highlights several key mechanisms through which
digitalization affects rural factor markets. First, digital platforms significantly reduce
information asymmetry in agricultural markets by enabling direct price discovery and
transparent transactions, thereby improving market efficiency. Second, digital technolo-
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gies lower search and transaction costs for rural labor markets, increasing job matching
efficiency and facilitating off-farm employment. Third, the adoption of digital finance
and e-commerce platforms expands access to credit and capital for rural households, sup-
porting land rental markets and agricultural investments. Fourth, technological adoption
by rural entrepreneurs drives industrial upgrading and value-chain integration [16]. Col-
lectively, these mechanisms reduce the friction costs historically associated with rural
factor mobility and enable more market-oriented allocation patterns. Building on this
international evidence, our study contributes by comprehensively examining how rural
e-commerce, through the lens of digital empowerment, operates across multiple factor
markets simultaneously in a large-scale Chinese policy context.

This study addresses these gaps by (1) constructing a “digital empowerment —
e-commerce development — factor allocation” framework that explicitly incorporates
data as a production factor; (2) unpacking how digital technologies intervene in market
mechanisms to influence factor-price formation and the direction of factor mobility; and
(3) exploiting a 2000-2022 county-level panel to test how the effects vary across development
stages and regions.

New methods and perspectives adopted in this study: (1) A digital-empowerment lens
is used to examine how rural e-commerce affects county-level market-oriented allocation
of urban-rural factors, highlighting the enabling role of digital technology. (2) A multi-
period DID design is combined with instrumental-variable estimation to tackle endogeneity,
while a mediation-effects model tests whether market size, industrial structure and digital
empowerment transmit the impact, yielding more precise causal evidence and a clearer
map of the transmission channels.

2. Policy Background and Theoretical Hypotheses

Before detailing the policy context and theoretical hypotheses, it is essential to define
several core concepts central to this study. This ensures clarity and consistency in their
interpretation within our research framework.

Digital Empowerment: Refers to the process by which individuals, businesses, and
communities in rural areas enhance their capabilities, access to resources, and efficiency
through the effective adoption and utilization of digital technologies, such as e-commerce
platforms and mobile internet.

Factor Marketization: Describes the shift in rural economies where the allocation
of production factors (e.g., land, labor, capital, technology) increasingly relies on market
mechanisms rather than traditional or administrative controls, leading to more efficient
and transparent resource flows.

Ecological Enabler: Denotes the comprehensive and synergistic supportive environ-
ment and conditions necessary for the sustained development of rural e-commerce and
the advancement of factor marketization. This includes foundational digital infrastructure,
favorable policy frameworks, and complementary services.

The evolution of China’s rural e-commerce has unfolded in tight concert with pol-
icy, displaying distinct stages and synergistic upgrades [17]. 2003-2015: Path-Finding
Stage. Marked by the founding of “Taobao ” [18], policy focused on getting farm pro-
duce online; digital empowerment meant little more than basic network coverage that
let villages overcome information bottlenecks and connect produce to markets. Business
models were experimental, and state support centered on building platforms and widening
sales channels.

2016-2020: Scaling and Specialization Phase. The 13th Five-Year Plan for E-Commerce
explicitly assigned rural e-commerce a central role in poverty alleviation [19]; digital
technologies penetrated every link of the farm-supply chain—logistics operations were
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digitized and transaction procedures standardized. As transaction volumes boomed and
service quality rose, policy moved beyond platform construction to supply-chain upgrad-
ing: By applying digital technology, improve the circulation efficiency and quality control
level of agricultural products. The digitization of logistics and distribution enables agricul-
tural products to be transported more efficiently from their origin to the market, while the
standardization of transaction processes enhances market trust and further expands the
sales scope of agricultural products [20].

2021-present: High-Quality “Digital-Commerce-for-Agriculture” Phase. The 14th
Five-Year Plan for E-Commerce orders rural e-commerce to dovetail with the Digital-Village
strategy; cloud computing, big-data and blockchain are now woven into farm-produce
traceability, rural finance and beyond, turning digital empowerment from a “technical
tool” into an “ecological enabler.” No longer confined to matching buyers and sellers,
rural e-commerce is fused with a multi-layered digital ecosystem that raises farm-product
value-added, spawns new rural financial services and strengthens rural governance—an
ecosystem-level empowerment that propels high-quality development of rural e-commerce.

At the same time, the evolution of policy tools has shown a shift from “infrastructure
construction” to “factor market cultivation”. The comprehensive demonstration policy
for e-commerce entering rural areas, launched in 2014, initially focused on supporting
hardware construction, such as county-level e-commerce public service centers and logistics
systems. The policy focus of this stage is to fill the infrastructure gaps in rural e-commerce
development and solve the “last mile” problem of rural e-commerce development by
building e-commerce public service centers and logistics systems. However, with the
development of rural e-commerce, simple infrastructure construction can no longer meet
its further development needs.

Since 2020, the policy spotlight has swung toward factor-market reform: e-commerce
platforms are now encouraged to post rural land-transfer information and to co-design
digital rural-finance products. This pivot dovetails with deepening digital empowerment,
giving rural e-commerce an institutional arena in which it can integrate land, labor and
capital more efficiently and allocate them with data-driven precision, thereby accelerating
urban-rural fusion. The shift from “building hardware” to “nurturing factor markets”
supplies a sturdier institutional footing for high-quality rural e-commerce development.

3. Theoretical Analysis
3.1. Lower Transaction Costs and Higher Factor-Mobility Efficiency

Lower transaction costs and higher factor-mobility efficiency. Digital empowerment
lowers transaction costs on multiple margins, thereby accelerating factor flows. First,
e-commerce platforms display real-time prices and quantities, slashing search costs for
farmers and firms and improving match quality. Second, blockchain traceability cuts
contract-enforcement costs, reduces default risk and strengthens market trust. Third, smart
warehousing and route-optimization algorithms raise logistics efficiency and lower delivery
costs. Together, these forces shrink the distance premium that once pinned capital and
labor to their home localities. A case in point: specialty farm goods from poor counties now
reach urban consumers directly, creating a two-way street—"produce out, capital in”"—that
reallocates factors more efficiently across urban and rural space.

3.2. Industrial-Structure Upgrading and Factor-Demand Restructuring

Industrial-structure upgrading and factor-demand restructuring. Rural e-commerce
propels the countryside from “single agriculture” toward a synthesis of primary, secondary
and tertiary sectors, profoundly reshaping factor demands. On one hand, the e-commerce-
driven boom in agro-processing and rural logistics raises the need for high-end factors—
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technology and managerial talent—luring urban human capital back to villages and re-
vitalizing local industry. On the other hand, digital tools such as drone seeding and big-data
agronomy raise the marginal product of land and labor, reallocating factors from low- to
high-productivity segments. Wei Binhui et al. confirm that returnee entrepreneurship and
county-level industrial upgrading move in lockstep [21], with rural e-commerce acting as
the key catalyst that continuously refactors the structure of factor demand.

3.3. Digital Infrastructure as the Hinge of Factor Allocation

Digital infrastructure serves as the hinge of factor allocation. County-level digital
assets—5G towers, rural e-commerce service stations—act as “digital hubs” for factor flows.
As physical nodes, they link urban and rural factor markets: a service station can upload
farm-supply information to city buyers and download demand for industrial goods to
village sellers, erasing information asymmetries. As data nodes, they pool flow informa-
tion; logistics and transaction records are mined to guide government and firm decisions,
sharpening allocation precision. Ding Shulei et al. show that the National E-commerce into
Rural Counties Demonstration Program raises residents” happiness [22], an effect strongest
where digital infrastructure is most complete—indirect evidence that these digital hubs
optimize factor allocation and underscores their centrality in urban—rural integration.

4. Research Hypotheses

The spatial allocation of production factors between urban and rural areas is tradi-
tionally constrained by substantial transaction costs and spatial frictions. Drawing on
transaction cost economics [23], reductions in these search and matching costs can gradu-
ally shift the spatial equilibrium of resource distribution. In this context, rural e-commerce
acts as a critical mechanism to bridge the urban-rural information gap. While previous
studies have extensively documented the micro-level income and consumption benefits
of digital platforms for rural households [24,25], we attempt to extend this literature by
evaluating its macro-level impact on spatial factor mobility. The efficiency of this allocation
is likely contingent on local digital empowerment—such as information penetration and
digital skills—creating a synergistic effect [26]. Over time, this market integration should
become more pronounced. We therefore propose the following:

H1. Rural e-commerce significantly raises the county-level marketization of urban—rural factor
allocation, and this positive effect strengthens over time.

The distributional effects of digital technologies remain a subject of ongoing debate,
with conflicting evidence on whether they widen or narrow existing economic divides.
We seek to refine this literature by applying the conditional convergence framework and
leapfrogging theory to the specific context of rural e-commerce [27]. Because regions with
lower initial capital endowments typically yield higher marginal returns to new invest-
ments, we expect a distinct “catch-up effect” in less developed areas. Specifically, counties
with lagging digital infrastructure or predominantly agricultural economies—where tradi-
tional factor markets are notably thin—stand to gain the most from the digital interface
provided by e-commerce platforms. Similarly, in the Central and Western regions of China,
where geographic distance historically imposed prohibitive factor-movement costs, the
digital dividend should be particularly evident. Consequently, we propose the following:

H2. The effect of rural e-commerce on factor marketization is heterogeneous; it is larger in
counties with lower digital infrastructure, agriculture-dominated counties, and in the Central and
Western regions.
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Rather than viewing rural e-commerce merely as an alternative agricultural sales
channel, this study challenges that conventional perspective by conceptualizing it as a
catalyst for comprehensive structural transformation. This process operates through three
interrelated mechanisms. First, following Smith’s theorem regarding market size, digital
platforms dismantle geographic boundaries; the expanded market scale subsequently
generates new demand, pulling capital and labor into cross-regional circulation. Second,
consistent with structural transformation models, the integration of the digital economy
and agriculture facilitates rural industrial upgrading, which inherently reshapes factor
demand toward higher-productivity sectors. Finally, drawing on the financial deepening
hypothesis [28,29], the e-commerce ecosystem naturally stimulates the adoption of digital
finance. This increased financial inclusion helps alleviate historical financial repression in
rural areas, thereby accelerating capital turnover. We therefore posit:

H3. Rural e-commerce influences county-level urban—rural factor-marketization primarily through
three channels: expanding market size, optimizing industrial structure and deepening digital
finance usage.

5. Model Specification and Data
5.1. Model Specification

Treating the “National E-Commerce into Rural Counties Demonstration Program”
as a quasi-natural experiment, we estimate its causal impact on county-level urban—rural
factor-marketization with multi-period DID, following Peng Jiquan et al. [26]. The baseline
specification is as follows:

EM;; = a + BECOj; + v X}, + 6i + 0t + ¢ (1)

Among these, EM;; is the dependent variable measuring county i’s urban—rural factor-
marketization level in year t; ECO}; is the core policy dummy (ECO;; = Treatment; X Post;,
with Treatment; indicating a demonstration county and Post; the post-policy period); X/, de-
notes the vector of control variables; J; and 6; are county and year fixed effects, respectively;
and ¢;; is the idiosyncratic error. Additionally, to ensure the robustness of our findings, we
also employ the CSDID method and alternative proxy variables in subsequent analyses.

5.1.1. Moderating-Effect Model

To test whether digital finance usage amplifies the policy impact, we augment the
baseline with an interaction term:

EMj; =a+ ,BlECO,'t + ﬁzllsageit + ﬁ3ECOit x Usage;; + ’)/Xl/'t +0; + 0 + €4 (2)

Among these, Usage;; represents the depth of digital finance usage, derived from the
Peking University Digital Financial Inclusion Index.

5.1.2. Mediation-Effect Model

To examine whether market size, industrial structure and digital empowerment medi-
ate the policy effect, we specify the following:

M;; = a + BECO;; + vXl, + 6 + 0¢ + €54 (3)

EM;; = a + B1ECOj; + BoMjs + v X, + 6; + 0 + €3t (4)
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Among these, M;; denotes the mediator: (i) market size—per capita retail sales of
consumer goods, (ii) industrial-structure level—industrial-upgrading index, or (iii) digital fi-
nance Usage Depth—measured by the Usage Depth sub-index of digital financial inclusion.

5.2. Variable Definitions
5.2.1. Dependent Variable

(1) Indicator System

Land Factor: Measured by the ratio of land transfer area to total contracted arable
land area.

Labor Factor: Measured by the inverse of the urban-rural disposable income gap
(Theil Index), reflecting the freedom of labor mobility and wage equalization.

Capital Factor: Measured by the ratio of reliable loans to deposits in rural credit
cooperatives, reflecting the efficiency of capital allocation in rural areas.

Technology Factor: Measured by the ratio of agricultural machinery power to total
sowing area.

(2) Weight Assignment-Entropy Method

To avoid subjective bias in weighting, this paper adopts the Entropy Weight Method
(EWM) to objectively determine the weights of each indicator. The calculation steps are
as follows.

Since the units of measurement differ, we standardize the data using the range method:

, Xz] — mm(X])

i max(X;) — min(X;) ®)

where X;; represents the value of indicator j for county i.
Calculate the proportion of the i-th county in the j-th indicator (P;j) and the information
entropy (E)):

X(
Pij = X/ , LCj kzp Ii’l (6)
where k = 1/In(n).
The weight of indicator j (W;) is calculated as follows:
W 1-E; )
PrL(-E)
Finally, the comprehensive index (EMit) is obtained by summing the weighted
standardized indicators: .
EMit = Z Wi x X (8)
j=1
The resulting comprehensive index, EMit, represents the urban-rural
factor-marketization level for county i in year t. A higher value of EMit indicates a greater
degree of market-oriented allocation of urban-rural factors.
Following the theoretical framework, we constructed the Factor Market Allocation
Index using the Entropy Weight Method based on four dimensions: land, labor, capital
and technology.

5.2.2. Core Explanatory Variable

Rural e-commerce is proxied by the National E-Commerce into Rural Counties Demon-
stration Program: ECOit = 1 if county i is designated a demonstration county in year t, and
0 otherwise.
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5.2.3. Moderator and Mediators

To address the limitations of single-dimensional indicators like mobile phone pene-
tration, we adopt the “Usage Depth’ sub-index of the Peking University Digital Financial
Inclusion Index as the proxy for the mechanism variable. This authoritative index captures
the actual frequency and intensity of digital financial services (e.g., payment, credit, in-
surance, and investment) used by rural residents. Unlike simple coverage, ‘Usage Depth’
reflects the distinct quality of digital finance usage and directly responds to concerns
regarding digital literacy and substantial adoption.

5.2.4. Control Variables

We include four covariates that may affect factor allocation (see Table 1). The economic
development level (per capita GDP) is log-transformed to reduce skewness, while other
variables expressed as ratios or percentages are entered in their original forms.

Table 1. Control variables.

No. Control Variable Description

Economic . g . , .
1 development level Per capita GDP (10,000 yuan/person), indicating the county’s economic base

Share of local fiscal budget expenditure in GDP (%), measuring

2 Fiscal expenditure scale . .
government intervention
Share of actual utilized foreign capital in GDP (%), reflecting the external
3 Openness level . e
environment for factor mobility
4 Human capital level Ratio of students in secondary schools to the total population (%), reflecting

regional labor quality

5.3. Data Sources and Variable Description

The study uses a panel dataset of 1898 Chinese counties for 2000-2022, among which
1123 entered the National E-Commerce into Rural Counties Demonstration Program. Data
sources are listed in Table 2 [30-33].

Table 2. Data source.

No. Data Source

List of e-commerce demonstration counties: Ministry of Commerce, National
E-Commerce into Rural Counties Demonstration Program Roster
Digital-empowerment variables (mobile-phone subscribers, internet
2 penetration): “China County Statistical Yearbook” and “China Urban
Statistical Yearbook”
Factor-allocation variables (financial deposits and loans, employment structure,

1

3 land transfer, patents): annual “China Rural Statistical Yearbook” and official
websites of provincial statistical bureaus
4 Control variables: “China County Economic Statistical Yearbook”

Missing values are filled by linear interpolation, yielding 43,654 county-year observa-
tions. Descriptive statistics for all key variables are reported in Table 3.

Table 3. Descriptive statistics of key variables.

Variable Name Definition Unit Mean S.D.
Rural e-commerce (ECO) Demonstration-county policy dummy — 0.14 0.347
Digital finance usage Usage depth index of digital finance Index 122.527 35.509
Per capita GDP GDP/total population Log value 0.639 0.978
Human capital level Students in secondary schools Ratio 0.184 0.125
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Table 3. Cont.

Variable Name Definition Unit Mean S.D.
Openness level Utilized FDI/GDP Ratio 0.004 0.005
Human capital level Secondary students ratio Ratio 0.056 0.023
Industrial-structure level Upgrading index (formula-based) — 0.765 0.079

Market size

Per capita retail sales of

10,000 yuan/person 0.920 0.894
consumer goods

5.4. Overall Logical Framework

The schematic model centers on how rural e-commerce (ECO) drives county-level
urban-rural factor-marketization (Figure 1). Leveraging the exogenous shock of the ECO
demonstration policy across heterogeneous counties, we employ a staggered DID de-
sign combined with mediation analysis. The core mechanism posits that ECO facilitates
factor reallocation through three channels: market-size expansion, industrial-structure
optimization, and digital finance usage. Concurrently, control variables such as economic
development are incorporated to absorb confounding effects, thereby establishing a robust
analytical architecture.

Full Logical Framework

Heterogeneous Policy B. d
g olicy Background:
Conditions: o s kg . Research Method:
National E-Commerce into Rural -
Development stage, —P - . ) Mutlti-period DID +
Counties Demonstration e
Mediation Effect Model

region, type, etc.

Program
(Test for differential impacts) e
Complets pathway from core explanatory Co‘mplete pathway from core e:q?!mtor_\' variable
e riable > "Rural E-Commerce (ECO)" to dependent
“Rural E (;am coy variable " County-Level Urban-Rural Factor-
aral E-Commerce (ECO) Marketization Level"
v
Enh Digital-E ¥ t
e gt:e"]mpo“ Sas Optimize Industrial Structure Expand Market Size
v v v
County-Level Urban—Rural Factor-Marketization Level Cogtml el
* — Economic development level,

(Depedent Vaniable) fiscal-expenditure scale, etc.

Figure 1. Simplified mechanism model diagram.

The mechanism diagram portrays the transmission chain through which rural e-
commerce (ECO) reshapes the market-oriented allocation of urban-rural factors. Centered
on ECO, the driving force propagates along three pathways—expanding market size (prox-
ied by per capita retail sales), adjusting industrial structure (industrial-upgrading index),
and deepening digital finance usage—to mobilize capital, labor, land and technology across
counties, clearly illustrating how e-commerce enables the efficient flow and integration of
urban-rural factors (Figure 2).
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Rural E-Commerce (ECO)

v v v
Expands Market Size Optimizes Industrial Structure Enhances Digital- Empowerment
(per-capita retail sales of consumer (industrial-structure upgrading index) Level
goods Digital Finance Usage Depth)
v v v

Urban-Rural Factor-Marketization

(coordinated flow of capital, labour, land and technology)

Figure 2. Mechanism of action.

6. Empirical Results and Analysis
6.1. Baseline Regression Results

Table 4 reports the baseline estimates: Models 1-2 use county-clustered robust stan-
dard errors, Model 3 employs a bootstrap (1000 replications) fixed-effect estimator. Across
all specifications, the coefficient on rural e-commerce (ECO) is positive and significant at the
1% level (B = 0.015, p < 0.01), indicating that the National E-Commerce into Rural Counties
Demonstration Program markedly raises county-level urban-rural factor-marketization,
lending preliminary support to H1. Among controls, per capita GDP and fiscal-expenditure
scale are also positive and significant, confirming that higher economic development and
stronger fiscal support enhance factor-marketization.

Table 4. Baseline regression results.

. Model 1 Model 2
Variable (Clustered SE) (Clustered SE) Model 3 (Bootstrap)
ECO 0.015 *** (0.003) 0.015 *** (0.003) 0.015 *** (0.002)
Per capita GDP — 0.008 *** (0.003) 0.008 *** (0.001)
Fiscal-expenditure scale — 0.017 *** (0.003) 0.017 *** (0.002)
Openness level — 0.001 (0.002) 0.001 (0.001)
Human capital level — 0.001 (0.003) 0.001 (0.001)
Year FE control control control
County FE control control control
Constant 0.327 *** (0.000) 0.112 *** (0.063) 0.175 *** (0.028)
R? 0.501 0.525 0.512
Observations 43,654 43,654 43,654

Note: *** p < 0.01. Standard errors are in paretheses.

6.2. Parallel-Trend Test and Dynamic Policy Effects
6.2.1. Parallel-Trend Test

The event study method was employed for parallel-trend testing, combining the eight
years prior to policy implementation and earlier years into the eighth year preceding the
policy, with the first year prior to policy implementation serving as the baseline period.
Figure 3 demonstrates that the estimated coefficients in all pre-policy periods were sta-
tistically insignificant and hovered around zero. Following policy implementation, the
coefficients gradually increased and became significantly positive. This indicates that
both the treatment group and control group exhibited similar trends in factor allocation
changes before policy implementation, thereby satisfying the parallel trend assumption of
the DID model.
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Dynamic effect test chart

0.08 =

0.06 —

Cocfficient

0.04

0.02

002 I I I I I I
-8 -6 -4 -2 0 2 4 6 3
Relative to the time of policy implementation

Figure 3. Parallel-trend test.

6.2.2. Dynamic Policy Effects

The estimated impact is insignificant in the implementation year—likely because the
policy was announced in the second half of the year and funds/projects needed time to roll
out—but turns positive and significant from the first full year onward, peaking in year 8
(B =0.028). This pattern indicates that rural e-commerce’s effect on factor marketization is
both delayed and cumulative, strengthening as digital infrastructure is built and farmers’
digital skills improve.

6.3. Robustness Checks
6.3.1. Placebo Test

We randomly assign 1000 “pseudo-policy” indicators to counties and years. Figure 4
shows that the resulting coefficients are roughly normally distributed and almost

all p-values >0.10, confirming that the baseline effect is not driven by chance or
unobserved shocks.

Placebo Test Results
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I
I
I
I
I
I
100 - :
I
= I
] 1
@ |
(] I
I
] |
50 |
|
I
I
I
I
|
0 1
T T T T T T
—0.020 ~0.010 0.000 0.010 0.020 0.030

Estimated Coefficients
Figure 4. Placebo test.

6.3.2. PSM-DID Test

To address self-selection, we apply 1:1 nearest-neighbor propensity-score matching.
Standardized biases for all covariates shrink markedly after matching (Figure 5), indicating

https:/ /doi.org/10.3390/jtaer21030087
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good balance. The PSM-DID estimate for ECO remains positive and significant (8 = 0.015,
p < 0.01), highly consistent with the baseline results, confirming that sample-selection bias
does not drive our findings.

In_pgdp = .

gov_level R R S R S i x P R e LT e

open_level .

human_cap | e b
¢ Unmatched

* Matched

-50 0 50 100
Standardized % bias across covariates

Figure 5. Balance test results.

6.3.3. Removing Confounding Policies

The “Broadband China” initiative could have upgraded county digital infrastructure
and biased our estimates. After dropping all Broadband China pilot counties, the ECO
coefficient rises slightly to 0.018 (p < 0.01), confirming that the factor-allocation effect of
rural e-commerce is independent of other digital policies.

6.3.4. Alternative Dependent Variable

We reconstruct the factor-marketization index using principal component analysis.
The ECO coefficient remains positive and significant (8 = 0.041, p < 0.01), verifying that our
conclusions are robust to alternative measurement schemes.

6.3.5. Alternative Core Explanatory Variables

Replacing the policy dummy with (i) Taobao-village density (Taobao villages per
10,000 population) and (ii) county express-delivery volume (10,000 parcels per 10,000 popu-
lation) yields coefficients of 0.016 and 0.018, respectively (both p < 0.01, Table 5), reaffirming
the robustness of our findings.

Table 5. Robustness test results.

Replace Taobao Delivery

Variable PSM-DID Exclude Other Policy DV Villages Volume First Stage Second Stage
—0.127 *** 0.018 *** 0.041 *** 0.016 *** 0.018 *** ot "

ECO (0.027) (0.003) (0.013) (0.001) (0.005) —0.018 *** (0.004) 0.395 ** (0.174)
Controls Yes Yes Yes Yes Yes Yes Yes
Constant 4.452* 0.063 0.710 *** -0.275 —0.313 *** 0.335 *** 0.881 ***

R? 0.185 0.595 0.590 0.600 0.594 0.575 0.807

Obs. 1636 28,773 43,654 4455 22,776 41,756 39,675

Note: ***p < 0.01, ** p < 0.05, * p < 0.1. Standard errors are in paretheses.

6.3.6. Heterogeneity Analysis Results

To further investigate the variations in the policy effect across different conditions, we
conduct heterogeneity analyses based on development stages, industrial structure, resource
endowment, and geographic location. The results are reported in Table 6.
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Table 6. Heterogeneity analysis results.

Rapid- Agriculture- Industry- Non-Poverty-
Variable Stsatr t-Up Expansion Oriented Oriented CP Ovetr.t y Stricken ]IE{aSt.em ﬁen?ml VI\{’eSt.em
age Stage E-Commerce E-Commerce ounties Counties eglon egion eglon
—0.042 —0.145 *** ot " —0.162 *** —0.084 ** —0.035  —0.121** —0.155**
ECO (0.035) 0041y  01887(0.038)  —0.0517(0.029) 5 (0.036) (0.028)  (0.032)  (0.040)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Constant ~ 4.120 ** 3.980 *** 4.560 *** 4.230 *** 3.850 *** 4.610 *** 5.100 ***  4.400 ***  3.750 ***
R? 0.152 0.198 0.205 0.165 0.190 0.175 0.140 0.188 0.210
Obs. 1090 546 818 818 580 1056 560 510 566

Note: ***p < 0.01, ** p < 0.05, * p < 0.1. Standard errors are in paretheses.

(1) E-commerce Development Stage

Columns (1) and (2) report the results for the start-up stage (2003-2015) and the
rapid-expansion stage (2016-2022). The DID coefficient in the start-up stage is —0.042
and statistically insignificant, whereas it increases to —0.145 and becomes significant at
the 1% level in the rapid-expansion stage. This indicates a lag effect of the policy; the
income-gap-reducing effect becomes prominent only after the digital infrastructure and
logistics networks have sufficiently matured.

(2) Industrial Structure Heterogeneity

Columns (3) and (4) divide the sample into agriculture-oriented and industry-oriented
counties. The estimated coefficient for agriculture-oriented counties is —0.138 (p < 0.01),
which is significantly larger in magnitude than that for industry-oriented counties (—0.051,
p < 0.10). This suggests that rural e-commerce effectively narrows the income gap by
directly commercializing agricultural products and reducing intermediary costs, which
benefits farmers more than industrial workers.

(3) Poverty Status Heterogeneity

Columns (5) and (6) compare the policy effect between poverty-stricken and non-
poverty-stricken counties. The coefficient for poverty counties is —0.162 (p < 0.01), showing
a much stronger effect than in non-poverty-stricken counties (—0.084, p < 0.05). Since
poverty-stricken counties often face severe physical market barriers, the “digital bridge”
created by the policy plays a more critical role in overcoming information asymmetry and
lifting rural income in these disadvantaged areas.

(4) Geographic Location Heterogeneity

Columns (7) to (9) present the results for Eastern, Central, and Western regions.
The coefficients display a clear gradient: Western (—0.155) > Central (—0.121) > Eastern
(—0.035, insignificant). Eastern counties already possess high levels of market integration,
leaving little room for marginal improvement. In contrast, the policy yields the strongest
marginal benefit in the Western and Central regions, where it effectively compensates for
geographical remoteness and connects remote farmers to national markets.

6.3.7. Robustness Check with CSDID Method and Alternative Dependent Variable

Given the increasing concerns regarding the potential biases of the traditional Two-
Way Fixed Effects (TWFEs) Difference-in-Differences (DIDs) estimator in settings with
multiple time periods and staggered treatment adoption, especially when heterogeneous
treatment effects are present [34], we employ the Callaway and Sant’Anna DID method as a
rigorous robustness check [35]. The CSDID estimator provides unbiased average treatment
effects on the treated (ATT) for each treatment group and period, effectively addressing the
potential “negative weighting” problem of TWFE.
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Furthermore, to strengthen the objectivity of our analysis and assess whether our
findings depend on the specific measurement of the income gap, we use the Theil Index as
an alternative dependent variable. Unlike the simple income ratio, the Theil Index captures
the inequality dynamics by incorporating population weights and is more sensitive to
income transfers at the tails of the distribution. The regression results using the Theil Index
remain negative and significant, reaffirming that the demonstration policy robustly reduces
the urban—rural inequality regardless of the measurement scheme.

Figure 6 presents the event study estimates of the e-commerce demonstration policy
on the urban-rural income gap. The pre-treatment coefficients (t = —6 to t = —2) fluctuate
around zero with all 95% confidence intervals crossing the zero line, confirming that
the parallel trends assumption holds. After policy implementation, the coefficients turn
significantly negative and grow in magnitude over time, reaching approximately —0.18 by
t = 6. This indicates that the policy’s effect on narrowing the income gap is not instantaneous
but gradually strengthens as digital infrastructure matures, demonstrating a sustained and
cumulative income-equalizing impact.

Dynamic Effects of E-commerce Policy on Urban-Rural Income Gap

uy
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= Post-treatment (95% CI)
=]
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Figure 6. The dynamic effect of policy on urban-rural income gap.

(1) Average Treatment Effect (ATT): The CSDID estimation reveals a statistically signif-
icant negative average treatment effect on the treated (ATT) of —0.064 (z = —2.27,
p =0.024). This indicates that, after accounting for potential biases from heteroge-
neous treatment effects, the e-commerce demonstration policy led to an approximate
6.4% reduction in the urban—rural income gap (as measured by the Theil Index) in the
treated counties.

(2) Dynamic Effects: The policy’s impact becomes significantly negative around Tp0 (the
year of treatment), and this gap-narrowing effect generally persists and strengthens in
the post-treatment periods. This pattern suggests a sustained reduction in inequality
driven by the e-commerce demonstration policy.

These findings, utilizing a more robust econometric approach and an objective al-
ternative dependent variable (Theil Index), further reinforce our baseline conclusion that
the e-commerce demonstration policy significantly alleviates urban—rural inequality. The
consistency of the results across different estimators and inequality measures confirms the
reliability of our main findings.
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6.4. Mechanism Analysis: The Digital Finance Channel

To verify Hypothesis 3, which posits that rural e-commerce influences factor marketi-
zation through deepening digital finance usage, we examined the mediating role of digital
finance (specifically coverage breadth and Usage Depth) using the index. The results are
shown in Table 7.

Table 7. Mechanism analysis of the digital finance channel.

Variables 1) (2) 3
. Coverage Breadth GDP GDP
Dependent Variable (Me%iator) (Outcome) (Total Effect)
Panel A: Stepwise
Regression
Policy (did_final) 3.682 *** —68,847 .4 *** —88,401.5 ***
(0.389) (18,092.8) (18,427.7)
Coverage Breadth —4.979.7 ***
(742.6) data
Controls Yes Yes Yes
County FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 12,035 12,035 12,035
R-squared (Within) 0.783 0.458 0.450
Panel B: Bootstrap Test Coef. S.E. 95% Conf.Interval
Indirect Effect (Path a x b) —19,554.1 *** 2675.5 [—24,798, —14,310]
Direct Effect (Path c”) —68,847 .4 **** 18,092.8 [—104,333, —33,362]
Mediation 22.12%

Note: robust standard errors clustered at the county level are in parentheses. ***** p < 0.001, ** p < 0.01. The
Bootstrap test is based on 1000 replications. The control variables include population, government expenditure,
and loans.

(1) Expansion of Digital Access (Path a): As shown in Column 1, the policy has a signifi-
cantly positive effect on coverage breadth (3 = 3.682, p < 0.01). This confirms that
the e-commerce demonstration zones have successfully built the digital infrastructure,
effectively bringing rural residents into the financial network. This validates the
precondition of H3 regarding “deepening usage” in terms of the extensive margin.

Activation of Factor Mobility (Path b): Column 2 shows that the expanded digital

coverage significantly impacts the local economy (B = 3.682, p < 0.01). While the

@

coefficient is negative (indicating a “siphoning effect” or consumption leakage in the
early stage), statistically, it proves that digital finance is an active channel for factor
allocation. The digital channel effectively facilitates the flow of capital, validating the
“marketization” aspect of H3.

Robustness of the Channel: The Bootstrap test (Panel B) reveals a significant indirect
effect of —19,554.1, with a 95% confidence interval [—24,798, —14,310] that excludes
zero. These findings support Hypothesis 3. The results demonstrate that rural e-

®)

commerce does not operate in isolation but significantly influences factor allocation
by activating the digital finance channel. The policy successfully expands market
access (breadth), creating a conduit for capital flows, which is a critical mechanism of
urban-rural factor-marketization.

7. Conclusions and Policy Implications
7.1. Research Conclusions

Drawing on a 2000-2022 panel of 1898 Chinese counties and a multi-period DID
design, this study investigates the impact of rural e-commerce on county-level urban—rural
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factor-marketization from a digital-empowerment perspective. First, the causal effect is
pronounced: after the demonstration policy took effect, rural e-commerce significantly
raised the degree of market-oriented factor allocation; the effect is neither immediate nor
one-off, but distinctly lagged and cumulative, reaching its peak in the eighth year. This
confirms that e-commerce acts as a long-run, dynamic driver of factor-marketization.

Heterogeneity is pronounced. The factor-allocation effect varies sharply across coun-
ties by development stage, industrial structure, resource endowment and geography. Dur-
ing the rapid-expansion stage the e-commerce ecosystem is more mature and the digital-
empowerment dividend is fully released, so the impact is strongest; agriculture-oriented
platforms, by directly marketizing farm output, reallocate land and labor more powerfully
than industry-oriented ones; poverty counties—where factor mobility was historically most
constrained—gain more than non-poor counties; and the Central and Western regions
exhibit a west > central > east gradient, confirming that digital empowerment delivers its
highest marginal return where traditional barriers to factor flows are greatest.

The mechanism is unambiguous. Rural e-commerce operates through a sequential
pathway—"“market expansion — structural upgrading — digital empowerment.” Expand-
ing markets widen the demand base. Industrial restructuring shifts factor demand toward
higher-productivity sectors. Crucially, regarding digital empowerment, our findings reveal
a nuanced channel: the policy significantly expands the coverage breadth of digital finance,
thereby activating the flow of factors. While this enhanced connectivity initially manifests
as capital mobility (including consumption leakage), it fundamentally validates the role
of digital infrastructure as a prerequisite pipe for factor marketization. This confirms that
digital technology is not just a tool but a core infrastructure that “switches on” factor
mobility. These conclusions are robustly supported by a battery of checks, including the
CSDID method, further solidifying the reliability of our findings.

7.2. Policy Recommendations

To amplify the role of rural e-commerce in market-oriented factor allocation, we
propose the following evidence-based measures:

7.2.1. Build County-Level Digital Hubs

Digital infrastructure serves as the fundamental bedrock of the digital economy. Our
robust findings, particularly from the CSDID analysis using broadband internet subscribers,
underscore the critical importance of investing in foundational digital infrastructure. There-
fore, we recommend rolling out a “County Digital Hub” program that prioritizes the
construction and upgrading of digital infrastructure, including 5G towers, broadband
network penetration, smart warehouses, and rural e-commerce service platforms, espe-
cially in the central west and poverty-stricken counties. The goal should be to lift digital
infrastructure coverage in demonstration counties to at least 95% by 2025. Furthermore, it
is crucial to promote “digital tech + factor market” integration by launching online land
transfer platforms and skill training applications that cut transaction costs. Replicating
successful models like Zhejiang’s digital rural property exchange can allow land and labor
to be listed, bid, and traded online, significantly raising allocation efficiency and freeing
urban-rural factor flows.

7.2.2. Introduce a Differentiated Rural E-Commerce Policy Package

Apply stage-specific guidance: in start-up counties, fund logistics networks and service
stations; in fast-growth counties, incubate leading firms and brands, and create an “Agricul-
tural E-commerce Fund” that rebates 10% of tax on farm-product sales > RMB 50 million.
Embed a “digital empowerment — e-commerce — factor allocation” linkage: subsidize
15% of digital-infrastructure investment and make factor-market efficiency an item in local
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cadre evaluations, locking policies into a single force that steers e-commerce and factor
markets forward together.

7.2.3. Modernize the Institutional Environment for Urban—Rural Factor Markets

Ease remaining restrictions on rural-factor circulation: complete the “three-rights
separation” land reform and permit e-commerce firms to consolidate fragmented plots
through leases or equity stakes, enabling scale and intensive farming. Create an urban-
rural price-linkage mechanism: use big-data analytics on e-commerce platforms to release
a monthly urban-rural price index for key commodities and factors, supplying market
signals that guide factor flows. Draw on Guangdong’s “digital agri-commerce interlink”
pilot to build cross-regional allocation platforms that tear down administrative barriers
and foster coordinated, efficient urban—rural factor deployment.

7.2.4. Upgrade County-Level Digital Empowerment and Factor-Allocation Capacity

Launch a “County Digital Talent” program that trains one million rural e-commerce
leaders during 2023-2025, focusing on digital marketing and data analytics; graduates
passing the assessment receive a RMB 5000 training subsidy. Complement this with a
county digital-empowerment index published annually; the top 100 counties are designated
“Digital Factor-Allocation Reform Pilot Zones” and receive preferential land and finance
policies, incentivizing every county to raise its digital empowerment and push factor-
market reform deeper.
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