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Abstract

The National E-Commerce Demonstration City (NEDC) program provides a quasi-natural
experiment for assessing whether e-commerce-oriented place-based policies improve urban
green productivity. Using a balanced panel of 298 Chinese cities from 2007 to 2023, this
study measures green total factor productivity (GTFP) with a global frontier SBM-EFF-ML
index and exploits the program’s staggered rollout in a difference-in-differences framework.
NEDC designation increases GTFP by 0.0293 index units, equivalent to approximately
12.2% of the sample mean. The result is robust to event-study and placebo tests, an alter-
native GTFP measure, controls for concurrent national pilot policies, entropy balancing,
and estimators that accommodate heterogeneous treatment effects. Channel tests provide
evidence consistent with information service agglomeration and improved e-commerce
logistics; the evidence for digital-payment facilitation is positive but weaker. Pooled interac-
tion models further identify significant differences across comprehensive economic regions
and city administrative levels, although the latter result is exploratory. These findings
suggest that e-commerce demonstration policies can support greener urban growth when
accompanied by specialized digital services, efficient circulation systems, and adequate
local administrative capacity.

Keywords: National E-Commerce Demonstration City; green total factor productivity;
difference-in-differences; transmission channels; treatment-effect heterogeneity

1. Introduction

China’s economy has shifted from rapid expansion toward higher-quality devel-
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opment, with ecological sustainability becoming a central policy objective. The 2020
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Digital technologies and artificial intelligence are reshaping production, distribution,
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supply and demand, and reshapes local industrial ecosystems. This development raises a
central question: Can e-commerce expansion promote greener urban development while
sustaining economic activity?

This question is theoretically and practically important, yet comprehensive causal
evidence remains limited. The staggered rollout of the NEDC program provides a use-
ful quasi-natural experiment. Three official batches designated 70 demonstration cities
nationwide, creating variation in treatment timing that can be used to estimate how e-
commerce-oriented policy affects urban GTFP [2].

From a practical standpoint, cities concentrate much of China’s population, indus-
trial activity, energy use, and transportation demand [3]. Improving urban environ-
mental efficiency is therefore central to achieving national climate objectives. NEDC
designation may affect urban environmental outcomes by encouraging digital service
investment, new commercial practices, and the reorganization of local production and
circulation systems [4]. The expected effect is nevertheless ambiguous. E-commerce
can reduce search costs, improve supply-demand matching, and support more precise
production decisions, thereby lowering resource use and undesirable outputs for a given
level of production.

By lowering search costs, electronic marketplaces can improve matching and reduce
transaction frictions [5]. These efficiency gains may reduce resource use and pollutant
emissions for a given level of output. Conversely, expanding logistics and distribution
networks may increase transport emissions, while easier access to online consumption may
stimulate additional demand and create a rebound effect that offsets some environmental
gains from digitalization [6]. Determining the net effect and the conditions and channels
through which it arises therefore requires careful empirical analysis. This study uses the
NEDC program to assess the relationship between e-commerce-oriented development and
urban GTFP and to examine the underlying transmission channels.

Existing research provides mixed evidence on the relationship between the digital
economy and the environment. Some studies find that digital development reduces
pollutant emissions by improving resource allocation and technological efficiency [7],
whereas others emphasize the energy and material demands associated with digital
infrastructure and consumption expansion [8]. Much of this literature treats the digital
economy as an aggregate concept and relies on broad measures such as internet penetra-
tion or digital-finance indices. Less attention has been paid to e-commerce as a specific
policy-supported commercial system or to its productivity effects under joint resource
and environmental constraints.

Building on the literature on the environmental consequences of e-commerce de-
velopment, this study makes three contributions. First, it provides updated and ex-
tended evidence on the environmental-productivity effects of the NEDC policy while
distinguishing its focus from closely related studies. Liu et al. [2] examine the policy’s
air-purification effect and emphasize industrial upgrading and lower energy intensity,
whereas Liu et al. [9] investigate urban green and high-quality development through
industrial upgrading, economic agglomeration, and transaction-cost reduction. Cao
et al. [10] provide more directly related evidence on urban GTFP using 230 cities and a
sample ending in 2017. In comparison, the present study uses 298 Chinese cities from
2007 to 2023, incorporates the later policy cohort, and provides a longer post-treatment
period in which to assess whether the policy effect persists as e-commerce infrastructure
and business ecosystems mature.

Second, the study strengthens the empirical evaluation of the policy by combining an
environmentally adjusted measure of urban productivity with the staggered implemen-
tation of the NEDC program. GTFP is calculated using the non-oriented global-frontier
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SBM-EFF-ML approach, which simultaneously accounts for input slack, desirable output,
and undesirable outputs while maintaining comparability across cities and years. To ad-
dress non-random policy selection, the analysis applies entropy balancing to pre-policy
city characteristics and a doubly robust inverse-probability-weighted DID estimator. It
also implements the heterogeneous-treatment-robust estimators proposed by Callaway
and Sant’Anna [11], Sun and Abraham [12], and de Chaisemartin and D’Haultfoeuille [13],
together with a Goodman-Bacon [14] decomposition. This combined approach evaluates
both selection on observables and bias arising from heterogeneous treatment effects and
forbidden comparisons.

Third, the theoretical contribution of this study lies in conceptualizing the NEDC policy
not merely as another digital-policy shock, but as a bundled place-based intervention that
simultaneously expands the supply of specialized digital services, reorganizes e-commerce
logistics and circulation, and strengthens digital payment and settlement infrastructure.
Whereas earlier research has mainly focused on industrial-structure upgrading, energy-
intensity reduction, economic agglomeration, and transaction-cost reduction, this study
investigates information service agglomeration, e-commerce logistics efficiency, and digital-
payment facilitation as three complementary channels. It further examines whether policy
effects vary across the eight comprehensive economic regions and by city administrative
status. This framework helps explain why the environmental-productivity effects of e-
commerce-oriented policies may differ from those of general digital-infrastructure or
smart-city programs.

The empirical investigation yields three principal conclusions. First, designation
as a National E-commerce Demonstration City increases urban GTFP. The baseline es-
timate is approximately 0.0293. The entropy-balanced DID estimate is 0.0330, and the
Callaway-Sant’Anna doubly robust overall ATT is 0.0327; both are statistically significant.
The Sun-Abraham average post-treatment effect is similar in magnitude and remains sta-
tistically significant, while the de Chaisemartin-D’'Haultfoeuille dynamic estimates are
less precise. The Goodman-Bacon decomposition indicates that already-treated compari-
son groups receive only a small weight. Second, the two-step channel analysis provides
evidence consistent with information service agglomeration, e-commerce logistics and circu-
lation, and digital-payment facilitation. Third, pooled interaction models and formal Wald
tests identify statistically significant coefficient differences across the eight comprehensive
economic regions and by city administrative status.

This study employs panel data covering 298 cities at the prefecture level and above
from 2007 to 2023. The primary explanatory variable is a time-varying indicator for
NEDC designation. Baseline regressions include industrial composition, market demand,
educational attainment, and transportation infrastructure, together with city and year
fixed effects. Robustness analysis combines placebo and alternative-variable tests with
controls for overlapping Broadband China, Smart City, Low-Carbon City, and Big Data
pilot policies, pre-policy entropy balancing, doubly robust inverse-probability weighting,
the Callaway-Sant’Anna, Sun-Abraham, and de Chaisemartin-D’Haultfoeuille estimators,
and a Goodman-Bacon decomposition. The analysis then examines potential transmission
mechanisms and formally tests coefficient differences across city groups.

The remainder of the paper is organized as follows. Section 2 reviews the literature
and develops the theoretical framework and hypotheses. Section 3 describes the variables,
empirical specification, and data. Section 4 reports the baseline and robustness results.
Section 5 examines potential channels and heterogeneous effects. Section 6 presents the
conclusions, policy implications, and limitations.
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2. Literature Review

2.1. Determinants of GTFP
2.1.1. Institutional and Techno-Economic Determinants of GTFP

GTFP extends conventional productivity analysis by incorporating resource use and
undesirable environmental outputs. The literature generally attributes variation in GTFP
to institutional arrangements and techno-economic conditions.

Environmental governance is among the most widely studied institutional determi-
nants of GTFP. The Porter hypothesis holds that well-designed regulation can induce
innovation that offsets compliance costs and improves both environmental and economic
performance [15]. Empirical evidence is mixed, however. Some studies find that environ-
mental regulation raises GTFP but that the effect depends on threshold conditions and
varies across regions [16]. Other evidence suggests that regulation may reduce productivity
once its stringency exceeds a certain level, producing an inverted U-shaped relationship [17].
Market-oriented reform is another important institutional determinant because more effec-
tive price signals, competition, and factor mobility can improve resource allocation.

Price signals, competitive pressure, and factor mobility can improve resource allocation
and thereby enhance environmental performance [18]. The composition of local public
expenditure and the orientation of industrial policy also influence a city’s path toward
sustainable development. Fiscal policies that prioritize productive infrastructure may raise
output in the short run, but economic expansion may worsen environmental outcomes if
ecological governance and public services are underfunded [19].

From a techno-economic perspective, the relationship between foreign investment and
GTFP has been widely examined. The pollution-halo hypothesis suggests that multina-
tional corporations introduce advanced production techniques, managerial expertise, and
higher environmental standards, thereby improving local firms through demonstration,
competition, and supply-chain linkages [20]. Conversely, the pollution-haven hypothe-
sis holds that firms may relocate pollution-intensive activities to jurisdictions with less
stringent environmental regulation [21].

2.1.2. Environmental Effects of E-Commerce

The rapid diffusion of digital technologies has intensified scholarly interest in their
environmental consequences. This literature offers two broad perspectives: one empha-
sizes potential environmental benefits, while the other highlights the ecological costs of
digital expansion.

The first perspective identifies several channels through which the digital economy
may improve environmental outcomes. Internet technologies and digital platforms reduce
information-search and transaction costs, allowing supply and demand to be matched
more accurately and limiting resource waste and excess inventories caused by information
gaps [22]. Platform-based and sharing-economy models may also increase the utilization of
underused assets and reduce the need for additional production [23]. In industrial settings,
Internet-of-Things monitoring, intelligent management systems, and data analytics enable
firms to track energy use and pollutant emissions more precisely. This information supports
real-time process adjustments that can reduce energy consumption and emissions per unit
of output [24].

Studies emphasizing adverse effects caution that the ecological burdens of digital
economic activity should not be overlooked. First, the construction and operation of data
centers, 5G facilities, and telecommunication networks require substantial electricity and
material inputs, so efficiency gains must be weighed against infrastructure-related consump-
tion. Second, the expansion of online commerce increases parcel delivery and packaging
demand, which can create additional material waste and transport emissions [25].
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Research on e-commerce has expanded from conventional economic outcomes, includ-
ing growth, employment, income distribution, and regional linkages, to environmental
and green-development effects. Several studies use the NEDC program as a quasi-natural
experiment. Cao et al. [10] find that the program improves urban GTFP through greater
attention to environmental governance, industrial upgrading, energy efficiency, and techno-
logical innovation. Liu et al. [9] emphasize industrial upgrading, economic agglomeration,
and lower transaction costs, whereas Liu et al. [2] focus on air-pollution reduction through
industrial upgrading and lower energy intensity. The present study extends this litera-
ture by analyzing 298 cities over 2007-2023, applying modern staggered-DID estimators,
examining three channels directly related to e-commerce operations (information service
agglomeration, parcel and postal logistics, and digital payments), and formally testing
heterogeneity across comprehensive economic regions and administrative levels.

2.2. Theoretical Framework and Hypothesis Development

The NEDC policy is a place-based digital-development initiative that combines in-
vestment in digital infrastructure, institutional support for e-commerce, the cultivation of
platform-based business models, and improvements in the local business environment. Its
influence on urban GTFP can be understood within a unified theoretical framework. On the
one hand, the policy may directly improve the efficiency with which cities transform labor,
capital, and energy inputs into economic output while reducing undesirable environmental
outputs. On the other hand, it may create favorable conditions for green-productivity
growth by attracting specialized information service activities, improving logistics and
circulation efficiency, and reducing payment and settlement frictions. Accordingly, this
section first examines the overall policy effect and then develops hypotheses concerning
these three transmission channels (Figure 1).

National E-Commerce Demonstration City Policy

Digital infrastructure, platform support, and business-environment upgrading

H1

Information-Service
Agglomeration

H2

Specialized digital labor and local
service capacity

Lower technology-adoption and
coordination costs

E-Commerce Logistics
and Circulation

H3

Denser parcel, postal, and
delivery services

Better inventory, routing, and
distribution efficiency

Digital Payment
Facilitation

H4

Lower payment and settlement
frictions

Greater traceability, market
access, and transaction efficiency

Urban Green Total Factor Productivity

€ ----- e e - - - ===

Higher desirable output - More efficient resource allocation - Lower undesirable outputs

Figure 1. Technical roadmap. Notes: Red dotted arrows denote the three transmission channels (infor-
mation service agglomeration, e-commerce logistics and circulation, and digital payment facilitation).

2.2.1. Overall Effect of the NEDC Policy on Urban GTFP

GTFP measures economic productivity under joint resource and environmental con-
straints. An improvement in GTFP can arise from more efficient factor allocation, techno-
logical progress, reductions in resource consumption, or decreases in undesirable outputs
for a given level of desirable output. The NEDC policy may affect each of these dimensions.
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https://doi.org/10.3390/jtaer21090304

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 304 6 of 25

First, e-commerce platforms reduce information asymmetry between producers, sup-
pliers, and consumers. By allowing market participants to obtain demand and price
information more rapidly, the policy facilitates more accurate matching between supply
and demand and reduces the inefficient use of productive resources. Second, the con-
struction of digital infrastructure and logistics service systems improves coordination
across production, circulation, and consumption. Firms can adjust production schedules,
inventories, procurement, and transportation arrangements more efficiently, thereby re-
ducing excessive input use and unnecessary emissions. Third, the institutional support
associated with demonstration-city designation may encourage the adoption of digital
technologies, stimulate new business models, and accelerate the transformation of tra-
ditional industries. These changes can improve production efficiency and facilitate the
diffusion of cleaner technologies. Related firm-level evidence from China further shows
that industrial robot adoption affects innovation performance through changes in labor
and capital misallocation, with nonlinear and heterogeneous effects [26].

The environmental consequences of e-commerce are not necessarily positive. Ex-
panding online consumption, packaging, logistics, and data infrastructure may increase
energy use and emissions. The NEDC program, however, does more than increase online
transaction volumes: it also promotes infrastructure upgrading, institutional coordination,
digital governance, and the integration of digital technologies with traditional industries.
These complementary measures may strengthen the resource-allocation and technological
benefits of digitalization and offset some environmental costs of e-commerce expansion.
Existing evidence indicates that e-commerce city pilots can improve urban green productiv-
ity and environmental performance [2,9,10]. The program’s net effect is therefore expected
to be positive.

H1. The implementation of the NEDC policy significantly improves urban GTFP.

2.2.2. Information Service Agglomeration Channel

The first transmission channel operates through the agglomeration of information
transmission, computer services, and software activities. E-commerce firms depend on
specialized providers of platform operation, data processing, software development, cyber-
security, cloud services, and digital marketing. When these providers and skilled workers
cluster locally, firms can acquire digital solutions more quickly and at lower cost, while
repeated interactions facilitate knowledge spillovers and the adaptation of technologies to
local production conditions.

Digital technologies reduce search, replication, transportation, tracking, and verifi-
cation costs, thereby altering how firms organize transactions and production [27]. A
denser information service sector also lowers the fixed cost of digital adoption for conven-
tional firms and improves access to real-time information on orders, inventories, energy
consumption, and supply-chain conditions. These capabilities support more accurate de-
mand forecasting and resource allocation, reducing idle capacity, excessive inventories, and
unnecessary intermediate inputs [1].

The environmental contribution of information service agglomeration arises when
specialized digital inputs are embedded in production and environmental management.
Data-based monitoring and software-supported process control can improve energy effi-
ciency, facilitate cleaner production, and reduce corporate carbon emissions [28]. At the city
level, employment density in information transmission, computer services, and software
therefore captures the local supply of specialized digital capabilities more directly than the
number of communication-device users.

The NEDC policy creates concentrated demand for platform development, data ser-
vices, software maintenance, and digital business solutions. Demonstration-city support

https://doi.org/10.3390/jtaer21090304


https://doi.org/10.3390/jtaer21090304

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 304 7 of 25

can attract specialized service firms and workers, improve matching between digital sup-
pliers and local enterprises, and accelerate the diffusion of digital management tools.
These changes provide a plausible route from policy designation to more efficient and
environmentally sustainable urban production. On this basis, the following hypothesis
is proposed:

H2. The NEDC policy improves urban GTFP through the information service agglomeration
channel by expanding the local supply of specialized digital services and lowering technology-
adoption and coordination costs.

2.2.3. E-Commerce Logistics and Circulation Channel

The second transmission channel operates through e-commerce logistics and circu-
lation. Online transactions do not eliminate geographic and delivery costs; distance and
trade frictions continue to influence online market activity [29]. The environmental and
productivity effects of e-commerce therefore depend on whether cities develop sufficiently
dense, coordinated, and technologically capable parcel, postal, warehousing, and last-mile
delivery systems.

A stronger e-commerce logistics system can consolidate shipments, shorten delivery
times, reduce inventory holding, and improve matching between warehouse locations,
delivery routes, and customer demand. Digital tracking and route optimization can reduce
empty running and repeated delivery attempts, while more efficient circulation reduces
spoilage and unnecessary use of storage and packaging. These improvements raise desir-
able output relative to labor, capital, energy, and transportation inputs.

The environmental effect is nevertheless not automatic: fragmented last-mile deliveries
and excessive packaging can increase emissions and material use [25]. The relevant mech-
anism is therefore the improvement of logistics service capacity and coordination rather
than a mechanical expansion of freight activity. Postal business revenue per capita cap-
tures the intensity of parcel and postal circulation associated with e-commerce and remains
conceptually distinct from aggregate freight volume, which is retained as a baseline control.

NEDC designation can encourage investment in logistics hubs, parcel networks, ware-
housing information systems, and last-mile delivery services. When supported by smart
transportation and cleaner distribution technologies, these changes can improve circula-
tion efficiency and reduce the energy and emission intensity of urban distribution [30].
Accordingly, the following hypothesis is proposed:

H3. The NEDC policy improves urban GTFP through the e-commerce logistics and circulation channel
by strengthening parcel service capacity and improving inventory, routing, and distribution efficiency.

2.2.4. Digital Payment Facilitation Channel

The third transmission channel concerns digital payment facilitation. Payment and
settlement frictions can prevent otherwise viable transactions, especially when buyers and
sellers are geographically separated or when small firms lack access to conventional finan-
cial services. Digital payment systems integrate ordering, settlement, transaction records,
and customer verification, thereby reducing the time and monetary costs of completing
e-commerce transactions.

Lower payment costs expand the effective market available to firms and make small-
value, high-frequency transactions more feasible. Digital transaction records can also
improve traceability, reduce information asymmetry, and support access to complemen-
tary financial services. Evidence on digital financial services shows that reducing the
distance and cost of accessing accounts increases financial activity and inclusion [31]. For
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e-commerce firms, these gains can improve cash-flow management, inventory turnover,
and the allocation of working capital.

More efficient payments do not directly guarantee greener production, but they
strengthen the transactional foundation on which digital coordination and platform-based
resource allocation operate. The digital-payment sub-index of the Peking University Digital
Financial Inclusion Index measures the local development of digital payment services
within a multidimensional and widely used city-level framework [32]. It is therefore a more
specific proxy for the transaction-facilitation function of e-commerce than an aggregate
measure of financial openness.

By promoting online platforms, merchant digitalization, interoperable transaction
services, and supporting business infrastructure, the NEDC policy may accelerate the
adoption and use of digital payments. Reduced settlement frictions and improved transac-
tion traceability can facilitate market matching and more responsive production decisions,
thereby supporting improvements in resource-allocation efficiency. Based on this reasoning,
the following hypothesis is proposed:

H4. The NEDC policy improves urban GTFP through the digital-payment facilitation channel by
lowering payment and settlement frictions and improving transaction traceability and market access.

3. Variables and Model
3.1. Variable Selection and Measurement
3.1.1. Dependent Variable: GTFP

We select GTFP as the dependent variable because it captures the quality of eco-
nomic growth while accounting for resource constraints and environmental pressures.
Unlike traditional TFP, which primarily evaluates the efficiency with which inputs are
transformed into desirable outputs, GTFP simultaneously incorporates energy consump-
tion and undesirable environmental outputs. Following Chung et al. [33], Tone [34], and
Oh [35], this study measures urban GTFP using a non-oriented global-frontier slack-based
measure-Malmquist-Luenberger (SBM-EFF-ML) index. This approach has three advan-
tages. First, the SBM framework explicitly accounts for input and output slacks, thereby
relaxing the proportional-adjustment assumption imposed by radial DEA models. Second,
the Malmquist-Luenberger index evaluates productivity changes while simultaneously
considering desirable and undesirable outputs. Third, the use of a global production
frontier provides a common benchmark across cities and years, thereby improving in-
tertemporal comparability and avoiding potentially infeasible solutions and spurious
technological regress associated with sequential frontiers. These properties make the SBM-
EFF-ML index particularly suitable for evaluating the effects of the NEDC policy on urban
green productivity.

The urban production possibility set comprises three inputs, one desirable output, and
three undesirable outputs. Labor input is measured by the year-end number of employees
in urban work units, capital input by the estimated capital stock, and energy input by
total electricity consumption. Real urban GDP is used as the desirable output. Industrial
wastewater discharge, industrial sulfur dioxide emissions, and industrial smoke and dust
emissions are included as undesirable outputs to capture the environmental costs of urban
production. Based on these indicators, annual city-level GTFP is calculated using MaxDEA
software (version 5.2) under a non-oriented SBM-EFF-ML model with variable returns
to scale.
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3.1.2. Explanatory Variable: NEDC

The core explanatory variable is NEDC, which represents a municipal-level pilot
program jointly promoted by central government agencies to explore e-commerce develop-
ment models suited to China’s institutional context. The program was introduced in three
official batches: 23 cities were designated in 2011, 30 in 2014, and 17 in 2017. In total, the
three batches cover 70 demonstration cities across 28 provincial-level regions.

The program’s batch-based rollout creates a staggered difference-in-differences setting.
NEDC is therefore defined as a time-varying indicator equal to one for city i from its
designation year onward, and zero otherwise. For cities that are never designated during
the sample period, NEDC remains zero in every year. The coefficient on this variable
captures the average change in GTFP associated with NEDC designation, conditional on
the controls and fixed effects described below.

3.1.3. Control Variables

To reduce omitted-variable bias, the baseline model includes city-level characteristics
that may be related to both NEDC selection and GTFP. The controls cover four dimensions.

(1) Industrial structure. Industrial composition is an important determinant of urban
GTFP. Compared with manufacturing, services are generally less energy intensive and
more knowledge intensive, so a larger service sector may facilitate information-technology
diffusion, the concentration of innovative factors, and the adoption of cleaner production
methods [36]. We therefore measure industrial structure as the share of tertiary-industry
value added in GDP.

(2) Market demand. The scale and composition of consumer demand affect production
efficiency through market size and demand-structure channels. A larger market can support
specialization and economies of scale, thereby reducing factor inputs per unit of output [37].
Greener consumption patterns may also encourage producers to adopt cleaner methods.
We use total retail sales of consumer goods to measure market demand.

(3) Human capital. A skilled workforce supports technological progress and knowl-
edge diffusion and shapes a city’s capacity to absorb, replicate, and improve new technolo-
gies [38]. Greater human capital accumulation may also strengthen firms” environmental
management and clean technology capabilities. Human capital is measured by the number
of university students per 10,000 residents.

(4) Transportation activity. Freight transportation is both a component of economic
activity and an important source of energy use and emissions. Higher freight volumes may
intensify congestion and pollution, but they also reflect the scale of urban production and
circulation [30]. We therefore control for total freight volume.

3.2. Model Specification

The designation of NEDCs provides a quasi-natural experiment for estimating the
green-productivity effect of e-commerce policy, but designation was not random, and the
program was implemented in three cohorts. We therefore treat the staggered two-way
fixed effects DID with city and year fixed effects as the benchmark. Section 4.3.5 controls
for four overlapping national policy families that vary across cities and years. Entropy
balancing of 20072011 city characteristics is used in Section 4.3.6 to address selection
on observables. Section 4.3.7 complements TWFE with the doubly robust group-time
estimator of Callaway and Sant’Anna [11], the interaction-weighted estimator of Sun and
Abraham [12], the dynamic estimator of de Chaisemartin and D"Haultfoeuille [13], and
a Goodman-Bacon decomposition. These procedures address distinct concerns arising
from concurrent policies, non-random designation, treatment-effect heterogeneity, and
comparisons that use already-treated cities as controls.
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The baseline specification includes the control variables described above and city and
year fixed effects. The regression is specified as follows:

GTPPi,t = ag + leNEDCi,t + ﬁCi,t + ui + Ar + &t (1)

In Equation (1), GTFP;; is green total factor productivity in city i and year t, and
NEDC;; indicates whether the city has been designated by year t. C;; is a vector of time-
varying city-level controls. City fixed effects, represented by y;, absorb time-invariant
characteristics such as geographic location, natural-resource endowments, and historical
or cultural attributes. Year fixed effects, A;, absorb shocks common to all cities, including
national business cycles, policy changes, and technological trends. The coefficient «; is
the parameter of interest, j is the vector of control-variable coefficients, and ¢; s is the error
term. Standard errors are clustered at the city level to allow for heteroskedasticity and
serial correlation within cities.

3.3. Data Sources

The initial sample covers Chinese prefecture-level cities and above from 2007 to 2023.
Cities were retained when the information required to construct GTFP and the principal
explanatory and control variables was available. The treatment group was identified
from the official approval documents and designation announcements for the three NEDC
batches. Of the 70 officially designated cities, 68 are included in the final estimation
sample; two are excluded because the data required to construct the complete city panel
are unavailable. The final sample therefore contains 68 treated and 230 never-treated
cities. For each treated city, NEDC equals one from its effective treatment year onward and
zero beforehand.

Data used to calculate GTFP, including employment, electricity consumption, fixed-
asset investment, real gross regional product, industrial smoke and dust emissions, in-
dustrial wastewater discharge, and industrial sulfur dioxide emissions, were primarily
obtained from the China City Statistical Yearbook and the statistical yearbooks of the
relevant provinces and municipalities. Nominal variables were converted into real terms
using the fixed-asset investment price index and GDP deflator obtained from the China
Statistical Yearbook. Occasional gaps in the explanatory and control variables were filled
using linear interpolation, whereas city-year observations with extensive missing informa-
tion, particularly those lacking the data required to calculate GTFP, were excluded rather
than interpolated. The resulting balanced panel contains 298 cities and 5066 city-year
observations over the 2007-2023 period. The descriptive statistics for the final estimation
sample are reported in Table 1.

Table 1. Descriptive statistics.

Variable Obs Mean Std. Devw. Min Max
GTFP 5066 0.241 0.155 0 1.608
NEDC 5066 0.118 0.323 0 1

Ind 5066 41.794 10.385 8.58 84.85
Mar 5066 9,487,052.2 15,174,418 2363 1.852 x 108
Stu 5066 179.559 206.174 1 1294
Fre 5066 15,346.924 21,705.589 32 554,458

4. Empirical Results
4.1. Parallel-Trends Test

To assess the parallel-trends assumption, we estimate a conventional TWFE event-
study model. Event time —1, the year immediately preceding NEDC designation, is the
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omitted reference period. To preserve precision where event-time support is sparse, periods
att < —5and t > 5 are grouped into endpoint bins, while event times —4 to —2 and 0
to 4 are entered separately. The model includes the baseline controls and city and year
fixed effects, with standard errors clustered at the city level. Figure 2 reports the estimated
coefficients and 95% confidence intervals.

002 004 006 0.08

0

-0.02

ub/lb —@— coef

Figure 2. Parallel trends test for the effect of the NEDC policy on urban GTFP. Notes: The solid line
denotes point estimates, and dotted lines denote 95% confidence intervals.

Figure 2 shows the evolution of GTFP around NEDC designation. Before implementa-
tion, the confidence intervals for all reported event-time coefficients include zero. The point
estimate for the t < —5 endpoint bin is positive but small and statistically insignificant
(coefficient = 0.0089, SE = 0.0168, p = 0.596). A joint F-test of the pre-treatment coefficients at
t < -5, —4, —3,and —2 yields F(4, 297) = 1.828 and p = 0.123. We therefore cannot reject the
null that these coefficients are jointly zero, which supports the parallel trends assumption.
After designation, the coefficients become positive and generally increase over event time,
consistent with an effect that develops as digital infrastructure, e-commerce ecosystems,
and demonstration effects mature.

4.2. Baseline Regression

Table 2 presents the core regression results. Column (1) incorporates only city and
year fixed effects. Column (2) further introduces four city-level control variables: in-
dustrial structure (Ind), market demand (Mar), human capital (Stu), and transportation
infrastructure (Fre).

The coefficient on the NEDC variable is positive and statistically significant in both
model specifications. In the preferred specification reported in column (2), the estimated
coefficient is 0.0293, indicating that NEDC designation increases urban GTFP by approxi-
mately 0.0293 index units relative to non-designated cities, holding the other variables and
fixed effects constant. Given that the sample mean of GTFP is 0.241, the estimated effect
is equivalent to approximately 12.2% of the sample mean. This magnitude suggests that
the policy effect is not only statistically significant but also economically meaningful. The
results therefore provide support for H1.

4.3. Robustness Tests
4.3.1. Placebo Test

Although the event-study evidence supports the parallel trends assumption, the base-
line estimate could still reflect chance correlations. We therefore conduct a placebo test. If
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the estimated effect is generated by the actual NEDC program rather than random treat-
ment assignment, placebo treatments should generally produce coefficients centered near
zero. We randomly reassign treatment status 500 times and re-estimate the baseline model
in each iteration. Figure 3 plots the resulting pseudo-treatment coefficients and p-values.

Table 2. Baseline regression results.

GTFP
1) 2)
6.02 x 1072 *=+ 2.93 x 1072 #**
NEDC (5.828) (2.959)
—256 x 1074
Ind (-0.374)
2.61 x 1079
Mar (4.045) )
—322x1075*
Stu (—1.666)
Fre —459 x 108
(—0.401)
Cons 2.65 x 1071 2,62 x 1071 ##=
(191.601) (9.197)
CityFE YES YES
YearFE YES YES
N 5066 5066
Adj_R? 0.648 0.661

Note: Standard errors are clustered at the city level, and the corresponding t-statistics are reported in
parentheses. * and *** denote significance at the 10% and 1% levels, respectively.
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Figure 3. Placebo test for the effect of the NEDC policy on urban GTFP.

The horizontal axis displays the pseudo-treatment coefficient, with the left vertical
axis representing kernel density and the right vertical axis showing the p-value. A solid
vertical line indicates the actual NEDC estimate of 0.0293, and a horizontal dashed line
marks the 10% significance level.

The placebo coefficients are concentrated near zero and are approximately symmetric,
and most corresponding p-values exceed 0.1. The actual DID estimate lies well outside the
center of the placebo distribution. These results reduce concern that the baseline finding is

a product of random treatment assignment, although a placebo exercise cannot rule out all
forms of omitted-variable bias.
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4.3.2. Replacing the Dependent Variable

We first examine whether the results depend on the method used to measure GTFP. The
baseline analysis uses the SBM-EFF-ML index, which incorporates undesirable outputs and
allows for non-radial input-output inefficiency. As an alternative, we construct GTFP_EBM
using a global Malmquist-Luenberger index based on the EBM hybrid distance function.
EBM combines radial and non-radial features: it retains proportional adjustment while
accounting for slack-based inefficiency.

Column (1) of Table 3 reports the results obtained using GTFP_EBM, following Tone
and Tsutsui [39], as the alternative dependent variable. The estimated coefficient on NEDC
remains positive and statistically significant at the 1% level, indicating that the main
conclusion is robust to the alternative productivity measure. Because SBM-EFF-ML and
EBM characterize production inefficiency differently, the resulting indices differ in their
scales and variance structures. Their raw coefficients and overall goodness-of-fit statistics
are therefore not directly comparable. In particular, GTFP_EBM exhibits substantially less
within-city variation and a stronger persistent city-specific component. Consequently, the
city fixed effects absorb a larger proportion of its total variation, producing a considerably
higher adjusted R-squared.

Table 3. Robustness tests: alternative dependent variable, alternative control variable, and pre-policy
innovation capacity.

GTFP_EBM GTFP
1) (2) 3) @)
NEDC 1.01 x 1072 **=* 2.89 x 1072 #*+ 2.07 x 1072 * 294 x 1072
(3.481) (2.925) (1.923) (3.081)
Ind —4.90 x 104 #** —3.51 x 1074 —9.83 x 107>
(—2.678) (—0.492) (—0.142)
Sec —4.09 x 1074
(—0.994)
Mar 4.76 x 10710 #x= 2.60 x 1079 *+ 1.72 x 1079 ** 2.57 x 1079
(5.250) (4.037) (2.492) (3.896)
St —3.81 x 10 —3.19 x 1075 * —3.31x107° —323x 1075+
(—0.810) (—1.672) (—1.649) (—1.658)
Fre —1.04 x 108 —346 x 108 —6.41 x 108 —8.36 x 108
(—0.481) (—0.306) (—0.562) (—0.656)
1.08 x 1073 **
Prelnn x Trend (2.559)
3.99 x 1073
L.Inn (0.728)
Cons 7.58 x 1071 ##* 2.69 x 1071+ 2.98 x 1071 #** 2.77 x 1071 #%*
(98.832) (13.567) (11.222) (8.266)
CityFE YES YES YES YES
YearFE YES YES YES YES
N 5066 5066 5066 4768
Adj_R? 0.989 0.661 0.664 0.660

Notes: Column (1) replaces the dependent variable with GTFP_EBM. Column (2) replaces the
tertiary-sector share (Ind) with the secondary-sector share (Sec). Column (3) interacts the 2007-2011
city average of In(1 + invention patents granted) with a linear time trend. Column (4) controls
for the one-year lag of In(1 + invention patents granted). t-statistics based on city-clustered stan-
dard errors are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively.
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4.3.3. Replacing Control Variables

We next examine whether the results are sensitive to the choice of industrial structure
control. In the baseline model, industrial structure is proxied by the tertiary sector share.
A higher share of services typically implies a more knowledge-intensive and less energy-
intensive urban economy, which may support GTFP. As an alternative, we replace this
measure with the secondary sector share, which captures the degree of industrialization
and manufacturing concentration. Since manufacturing is a major source of energy use
and pollution, this alternative variable provides a contrasting representation of industrial
structure and offers a stricter robustness check.

Column (2) of Table 3 shows that replacing the tertiary sector share with the secondary
sector share yields an NEDC coefficient of 0.0289, which remains significant at the 1%
level and is close to the baseline estimate of 0.0293. As expected, the coefficient on the
secondary sector share is negative, consistent with the greater environmental burden of
manufacturing-intensive urban economies. The signs of the remaining controls and the
adjusted R-squared are similar to those in the baseline model. The main result is therefore
not driven by the specific measure of industrial structure.

4.3.4. Controlling for Pre-Policy Innovation Capacity

The contemporaneous number of invention patents granted may respond to the
NEDC policy and would therefore be a post-treatment control. We consequently remove
contemporaneous patent output from this robustness specification. Initial innovation
capacity is instead measured by the city-level average of In(1 + invention patents granted)
over 2007-2011, before policy exposure begins in the estimation period. Because this pre-
policy measure is time-invariant and absorbed by city fixed effects, it is interacted with a
centered linear time trend. This allows cities with different initial innovation capacity to
follow different underlying trajectories without conditioning on innovation outcomes that
may have been affected by the policy.

As a complementary sensitivity check, we replace the contemporaneous patent mea-
sure with the one-year lag of In(1 + invention patents granted). Although a lagged measure
cannot eliminate every concern when policy effects persist over time, it avoids condition-
ing on current-period patent output and provides a direct comparison with the original
specification. All models retain the baseline controls, city fixed effects, year fixed effects,
and city-clustered standard errors.

Column (3) of Table 3 reports the specification based exclusively on pre-policy
innovation information. After allowing the 2007-2011 average innovation capacity to
generate a differential linear trend, the NEDC coefficient remains positive at 0.0207 and
is statistically significant at the 10% level. Its magnitude is smaller than the baseline
estimate of 0.0293, indicating that pre-existing innovation-related trends explain part,
but not all, of the estimated policy effect. Column (4) reports the lagged patent speci-
fication. The NEDC coefficient is 0.0294 and remains statistically significant at the 1%
level. Because lagging reduces the sample to 4768 observations, we also re-estimate
the baseline model on the same sample; the resulting coefficient is 0.0297. The near
equality of these two estimates indicates that neither the lagged innovation control
nor the associated sample change drives the main finding. Taken together, the revised
tests avoid conditioning on contemporaneous patent output and continue to support a
positive effect of the NEDC policy on urban GTFP.

4.3.5. Controlling for Concurrent National Pilot Policies

Several national place-based initiatives overlapped with NEDC designation in both
time and space and may independently affect urban GTFP. We therefore construct four
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additional city-year indicators from official pilot announcements: Broadband China demon-
stration cities (2014, 2015, and 2016 batches), National Smart City pilots (the first two
batches in 2013 and the third formally announced in 2015), Low-Carbon Province and City
pilots (2010, 2012, and 2017 batches), and National Big Data Comprehensive Pilot Zones
(approved in 2016). Each indicator equals one from the city’s first approval year onward.
Province-level pilots are assigned to all sample cities within the relevant province, and
county- or district-level pilots are mapped to their parent prefecture-level city. The official
notices and coding rules are documented in the table notes [40-43].

Adding each concurrent-policy indicator separately leaves the NEDC coefficient be-
tween 0.0266 and 0.0300, and it remains statistically significant at the 5% level in every
specification. More importantly, the joint specification reported in Panel A of Table 4
includes all four policy indicators together with the original covariates and city and year
fixed effects. The NEDC coefficient is 0.0276 (SE = 0.0105, p = 0.009), close to the baseline es-
timate of 0.0293. Thus, the estimated improvement in GTFP is not explained by differential
exposure to these major overlapping national pilot policies.

Table 4. Concurrent policy, selection-adjusted, and heterogeneous-treatment-robust DID estimates
and Goodman-Bacon decomposition.

Estimator or Comparison Estimate Std. Error p-Value  Weight
Panel A. Robust and selection-adjusted average treatment effects

TWEE policy coefficient 0.0293 *** 0.0102 0.004

TWEE with four concurrent policy controls 0.0276 *** 0.0105 0.009

Entropy-balanced DID 0.0330 ** 0.0158 0.038

Callaway-Sant’Anna DRIPW overall ATT 0.0327 ** 0.0165 0.048

Sun-Abraham mean ATT, event time 0-6 0.0332 *** 0.0078 <0.001

Panel B. de Chaisemartin-D’Haultfoeuille dynamic effects

Event time 0 —0.0003 0.0175 0.986

Event time 1 —0.0049 0.0340 0.886

Event time 2 0.0158 0.0670 0.813

Event time 3 —0.0168 0.1001 0.867

Event time 4 0.0373 0.1197 0.755

Event time 5 0.0691 0.1394 0.620

Event time 6 0.0922 0.1510 0.541

Panel C. Goodman-Bacon detailed decomposition

Earlier treated vs later untreated 0.0496 0.0232
Later treated vs already treated —0.0385 0.0326
Treated vs never treated 0.0639 0.9442

Notes: Panel A uses the common baseline sample of 5066 observations from 298 cities. The concurrent-
policy specification adds four absorbing city-year indicators constructed from official announcements:
Broadband China demonstration cities (2014-2016), National Smart City pilots (2013 and 2015),
Low-Carbon Province and City pilots (2010, 2012, and 2017), and National Big Data Comprehensive
Pilot Zones (2016) [40-43]. Province-level pilots cover all sample cities in the relevant province;
county- and district-level pilots are assigned to their parent prefecture-level city. Sources are the
official notices of NDRC, MOHURD, MIIT, and CAC cited in the text and reference list. The entropy-
balanced DID reweights never-treated cities to match the means of nine pre-policy characteristics
for eventually treated cities; the weighted regression includes city and year fixed effects. Its mean
and maximum absolute standardized differences are 0.408% and 0.676%, respectively. The Callaway-
Sant’Anna estimate uses doubly robust inverse-probability weighting, the baseline covariates, and
never-treated controls. TWFE and Sun-Abraham standard errors are clustered by city; Callaway-
Sant’Anna inference uses its panel influence-function variance. The reported policy-pre-trend tests
cover event times —5 to —2. Panel B reports de Chaisemartin-D’Haultfoeuille dynamic effects with
199 city-level block-bootstrap replications; all five placebo effects are insignificant. Panel C is the
exact detailed unadjusted Bacon decomposition. ** and *** denote significance at the 5% and 1%
levels, respectively.
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4.3.6. Endogenous Selection and Covariate Balancing

NEDC designation was not randomly assigned: cities with stronger pre-existing e-
commerce activity and administrative capacity may have been more likely to be selected.
To address selection on observable characteristics, we implement entropy balancing using
city-level information measured before the first designation cohort [44]. The balancing
set consists of average GTFP and its linear trend over 2007-2011, pre-policy averages of
the four baseline covariates, and three indicators of e-commerce readiness: internet users
per capita, mobile-phone subscribers per capita, and postal business revenue per capita.
Continuous scale variables are transformed before balancing to limit the influence of highly
skewed city-size differences.

The entropy-balancing weights reweight the 230 never-treated cities to reproduce the
pre-policy covariate means of the 68 eventually treated cities while retaining all 298 cities.
After weighting, the mean absolute standardized mean difference across the nine balancing
variables is 0.408%, and the largest standardized difference is 0.676%, both well below the
conventional 10% threshold. The effective number of weighted control cities is approxi-
mately 22, indicating that the identifying comparison is concentrated among a smaller set
of observationally similar controls. We therefore interpret the weighted estimate together
with the doubly robust estimator rather than as a stand-alone result.

Panel A of Table 4 reports an entropy-weighted DID coefficient of 0.0330 (SE = 0.0158,
p = 0.038) with city and year fixed effects. Because the balancing stage uses only pre-policy
information, this specification does not condition on contemporaneous city characteristics
that may themselves respond to designation. As a complementary check that retains the
original time-varying controls, the Callaway-Sant’Anna estimator is implemented with
doubly robust inverse-probability weighting. This estimator combines propensity-score
weighting and outcome regression and remains consistent if either working model is
correctly specified [45]. Its overall ATT is 0.0327 (SE = 0.0165, p = 0.048), and the joint
policy-pre-trend test does not reject zero (p = 0.585). Together, the two estimates reduce
concern about selection on observed pre-policy characteristics, but they cannot rule out
selection on unobserved factors.

4.3.7. Heterogeneous-Treatment-Robust Staggered DID Estimators

The conventional TWFE estimator can be contaminated under staggered adoption when
treatment effects differ across cohorts or event time, because already-treated cities may serve as
controls and the resulting weights need not identify a convex average treatment effect [13,14].
We therefore re-estimate the policy effect using three complementary estimators. Callaway and
Sant’Anna’s [11] group-time estimator uses never-treated cities as controls and is implemented
with the doubly robust inverse-probability-weighted method of Sant’Anna and Zhao [45].
Sun and Abraham’s [12] interaction-weighted event study estimates cohort-specific dynamic
effects and then aggregates them using cohort shares. The Sun-Abraham regression includes
the full event-time support from —10 to 11, omits event time —1, and reports the common
window from —5 to 6. Finally, the de Chaisemartin and D'Haultfoeuille [13] switching group
estimator reports effects from event time 0 to 6 and five pre-treatment placebo effects, with
standard errors based on 199 city-level block-bootstrap replications.

Panel A of Table 4 presents the concurrent-policy and selection-adjusted average
treatment effects. The Callaway-Sant’Anna DRIPW estimate discussed in Section 4.3.6
is close to the benchmark TWEFE coefficient. The Sun-Abraham mean effect over event
times 0-6 is 0.0332 (SE = 0.0078, p < 0.001). Joint tests over event times —5 to —2 do
not reject the policy-pre-trend restrictions for either Callaway-Sant’Anna (p = 0.585)
or Sun-Abraham (p = 0.196). Panel B reports the de Chaisemartin-D’Haultfoeuille
dynamic estimates. The point estimates become positive at longer horizons, but none
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ATT on green total factor productivity

-0.2

is individually significant; all five pre-treatment placebo effects are also insignificant.
These results support the positive direction of the main finding while indicating that
precision varies across estimators.

Panel C reports the detailed Goodman-Bacon decomposition. Comparisons between
treated cohorts and never-treated cities receive 94.42% of the unadjusted decomposition
weight. Valid comparisons in which later-treated cities remain untreated receive 2.32%,
while forbidden comparisons that use already-treated cohorts as controls receive only
3.26%. The forbidden component contributes —0.0013 to the unadjusted TWFE coefficient,
compared with 0.0603 from treated-versus-never-treated comparisons. In the covariate-
adjusted decomposition, treated-versus-never-treated comparisons account for 81.33%
of the weight, timing group comparisons for 8.29%, and the covariate-related within
component for 10.38%. Together with the positive Callaway-Sant’Anna and Sun-Abraham
estimates, these results substantially reduce the concern that the positive TWFE estimate is
driven by forbidden comparisons. They do not, however, prove that every possible form of
treatment-effect heterogeneity is irrelevant (Figure 4).

Heterogeneous-treatment-robust event studies

T T T I T T T T T T T
-4 =3 49 1 0 1 2 3 4 5 6
Event time

——@—— Callaway-SantAnna  ——&—— Sun-Abraham

Figure 4. Heterogeneous-treatment-robust event-study estimates. Notes: Points are event-time
treatment effects, and bars are 95% confidence intervals. Event time —1 is the omitted reference
period. Both estimators use never-treated cities as controls and include the baseline covariates. The
Sun-Abraham estimator is fitted over the full supported event-time range (—10 to 11); the figure
displays the common window from —5 to 6.

5. Extended Analysis
5.1. Mechanism Analysis

The earlier empirical findings show that the NEDC policy significantly enhances
urban GTFP. To investigate how the policy may generate this effect, the empirical analysis
focuses on the three channels developed in Section 2.2: information service agglomeration,
e-commerce logistics and circulation, and digital-payment facilitation. These channels are
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measured using indicators tied directly to the operation of e-commerce rather than broad
proxies for communication access, public cultural resources, or external openness.

The study employs a two-step channel test. The first step verifies that NEDC designa-
tion significantly affects GTFP in the sample used for each channel variable. The second
step estimates the effect of NEDC designation on the proposed channel variable using the
same controls, city fixed effects, year fixed effects, and city-clustered standard errors as
the baseline model. A positive and statistically significant policy coefficient, combined
with the theoretical link between the channel and GTFP, is interpreted as evidence con-
sistent with the proposed pathway. This procedure does not estimate an indirect effect
and should therefore be understood as a channel-consistency test rather than a formal
causal-mediation analysis.

The information service agglomeration variable (ISE) is the natural logarithm of
one plus employment in information transmission, computer services, and software per
10,000 residents. The logistics and circulation variable (LOG) is the natural logarithm of
one plus postal business revenue per capita. Both variables are constructed from the
city panel and are available for 2007-2023. The digital payment variable (PAY) is the
original-value payment sub-index of the Peking University Digital Financial Inclusion
Index. The city-level index covers 20112023, so its regression uses the corresponding
common sample. None of these channel variables duplicates the baseline controls for
industrial structure, retail demand, university students, or freight volume. Table 5 reports
the second-step estimates.

Table 5. Two-step channel tests.

ISE LOG PAY
§)) ) (3)
0.2846 ** 0.2063 ** 45157 *
NEDC (2.291) (2.340) (1.794)
Ind —0.0028 0.0056 —0.2143
(—0.515) (1.540) (—1.534)
Mar 1.91 x 1078 #** 1.71 x 1078 *** 3.94 x 1077 **
(3.695) (3.966) (2.581)
St 8.35 x 10> 5.10 x 107° 0.0032
(0.468) (0.320) (1.079)
Fre —153x107°* 1.41 x 1076 ** 3.65 x 1075 *
(—1.762) (2.070) (1.674)
Cons 0.5443 *** 3.5442 *** 58.7652 ***
(2.802) (27.720) (11.344)
CityFE YES YES YES
YearFE YES YES YES
N 5066 5066 3852
Adj_R2 0.735 0.877 0.972

Notes: ISE denotes In(1 + information service employment per 10,000 residents); LOG denotes
In(1 + postal business revenue per capita); PAY is the original-value digital-payment sub-index of
the Peking University Digital Financial Inclusion Index. The PAY sample covers 2011-2023. All
models include the baseline controls and city and year fixed effects. t-statistics based on city-
clustered standard errors are in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10%
levels, respectively.

Column (1) reports the information service agglomeration result. The NEDC coef-
ficient is 0.2846 and is statistically significant at the 5% level (p = 0.023). Because the
dependent variable is a log-transformed employment-density measure, the result indicates
that designation is associated with a meaningful expansion of local employment in infor-
mation transmission, computer services, and software relative to population. This finding
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is consistent with the view that the policy attracts specialized digital service capacity and
lowers the cost of adopting and applying digital technologies in local production.

Column (2) examines e-commerce logistics and circulation. The coefficient on NEDC
is 0.2063 and is significant at the 5% level (p = 0.020), indicating that designation increases
postal business revenue per capita. Postal business activity is closely linked to parcel
handling and last-mile delivery and is therefore more directly connected to online commerce
than aggregate freight volume. The positive estimate is consistent with NEDC designation
strengthening parcel service capacity and the logistics infrastructure needed for more
efficient inventory, routing, and distribution.

Column (3) presents the digital payment result. In the 2011-2023 common sample,
the NEDC coefficient is 4.5157 and is positive at the 10% significance level (p = 0.074). The
corresponding first-step policy effect on GTFP remains positive and statistically significant
at the 1% level. This evidence suggests that demonstration city designation supports the
development of digital payment services, which can reduce settlement frictions, improve
transaction traceability, and broaden the range of buyers and sellers able to participate in
platform-based commerce. Because the estimate is marginally significant, it is interpreted
as suggestive rather than definitive evidence.

Taken together, the policy coefficients for information service employment density and
postal business revenue per capita are positive and significant at the 5% level, while the
digital payment coefficient is positive at the 10% level. The first-step GTFP effect remains
positive and significant in both the full mechanism sample and the shorter digital-payment
sample. These estimates provide evidence consistent with the three proposed pathways,
but the two-step design does not identify the size of an indirect effect. The digital payment
finding also warrants particular caution because it is weaker statistically and is estimated
over a shorter period.

Overall, the mechanism estimates show that NEDC designation expands specialized
information service employment, strengthens postal and parcel circulation, and is associ-
ated with greater development of digital payment services. When considered together with
the theoretical analysis of how these factors affect production coordination and resource
allocation, the estimates provide channel-consistent evidence for H2-H4. They should not
be interpreted as proving causal mediation.

5.2. Heterogeneity Analysis and Formal Coefficient-Difference Tests

The preceding estimates identify a positive average effect of the NEDC policy, but the
magnitude may vary with regional economic conditions and city administrative capacity.
Statistical significance in one subgroup and insignificance in another do not by themselves
establish a coefficient difference. We therefore estimate pooled interaction models and
conduct formal Wald tests. The models include the NEDC indicator, its interactions with
each classification, the baseline controls, common year fixed effects, city fixed effects,
and city-clustered standard errors. The external classification table matches 297 cities
in the regression sample; Hainan Tibetan Autonomous Prefecture is unmatched and is
excluded from these models. Given the subgroup sizes and the unmatched observation,
the heterogeneity evidence is interpreted as exploratory.

5.2.1. Heterogeneity Across Comprehensive Economic Regions

China’s eight comprehensive economic regions capture differences in industrial foun-
dations, market access, openness, infrastructure, and structural—adjustment pressures more
finely than the conventional East-Central-West-Northeast division. The classification distin-
guishes the Northeast, Northern Coastal, Eastern Coastal, Southern Coastal, Middle Yellow
River, Middle Yangtze, Southwest, and Northwest regions. Such differences may shape
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both the capacity to implement the NEDC program and the scope for digital commerce to
improve resource allocation and green productivity.

We estimate a pooled model using the Northeast as the reference group and interact
NEDC with indicators for the other seven comprehensive economic regions. Group-specific
policy effects are recovered as linear combinations of the NEDC coefficient and the relevant
interaction. A joint Wald test examines equality of all eight policy coefficients, while the
reported interaction tests compare each region with the Northeast. The results are presented
in Panel A of Table 6.

Table 6. Pooled interaction tests of heterogeneous NEDC effects.

Difference from

. . NEDC Effect Wald
Dimension Group (t-Statistic) Reference -Value
(t-Statistic) P
Northeast 0(16052 4) Reference Reference
Northern 0.0450 ** —0.0627 ***
Coastal (2.363) (—2.736) 0.0066
Eastern 0.0006 —0.1077 *** <0.001
Coastal (0.032) (—4.520) )
Southern 0.0391 —0.0685 *
Economic Coastal (1.274) (—1.939) 0.0535
reoion Middle Yellow 0.0457 *** —0.0626 *** <0.001
& River (4.758) (—3.853) :
Middle 0.0220 * —0.0857 *** <0.001
Yangtze (1.764) (—4.698) )
0.0084 —0.0993 ***
Southwest (0.424) (—4.114) <0.001
—0.0358 —0.1435 ***
Northwest (—0.691) (—2.648) 0.0085
Joint Wald F(7, 296) = 5.182 <0.001
Other cities (210?;23) Reference Reference
Administrative  \pypicipalities/  0.0698 #* 0.0489 *** 0.0065
status Sub-provincial (4.866) (2.741) '
Joint Wald F(1,296) = 7.511 0.0065

Notes: Group-specific effects and differences from the reference category are linear combinations
from pooled interaction models with baseline controls, common year fixed effects, city fixed effects,
and city-clustered standard errors. The Northeast and other cities are the respective reference groups.
Both models use 5049 observations from 297 cities; adjusted R-squared values are 0.659 and 0.657. All
nineteen municipalities and sub-provincial cities are eventually treated, so that group is identified
through staggered designation timing. t-statistics are reported in parentheses. *, **, and *** denote
significance at the 10%, 5%, and 1% levels, respectively.

The estimated NEDC effects are 0.1077 in the Northeast, 0.0450 in the Northern Coastal
region, 0.0006 in the Eastern Coastal region, 0.0391 in the Southern Coastal region, 0.0451
in the Middle Yellow River region, 0.0220 in the Middle Yangtze region, 0.0084 in the
Southwest, and —0.0358 in the Northwest. The joint Wald test strongly rejects equality
of the eight coefficients (F(7, 296) = 5.182, p < 0.001). Relative to the Northeast, all seven
interaction coefficients are negative; the differences are statistically significant at the 1%
level except for the Southern Coastal comparison, which is significant at the 10% level.

The comparatively large Northeastern estimate is consistent with a catch-up interpre-
tation: cities facing stronger structural adjustment pressures may obtain larger marginal
gains when e-commerce demonstration policies improve market connectivity and facilitate
new forms of business organization. Positive and significant estimates in the Northern

https://doi.org/10.3390/jtaer21090304


https://doi.org/10.3390/jtaer21090304

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 304 21 of 25

Coastal and Middle Yellow River regions also suggest that policy gains are not confined to
a single macro-region. These interpretations concern differential policy associations and do
not establish the specific mechanisms responsible for the regional pattern.

5.2.2. Heterogeneity by City Administrative Status

We next examine whether the NEDC effect differs between China’s four municipalities
and fifteen sub-provincial cities and other sample cities. Higher administrative status is
generally associated with stronger policy-coordination capacity, denser digital and logistics
infrastructure, greater fiscal resources, and a stronger ability to mobilize complementary
public services. These conditions may increase the effectiveness with which a city translates
NEDC designation into green-productivity improvements.

We estimate a pooled interaction model using other cities as the reference group. The
NEDC-by-administrative-status interaction directly measures the coefficient difference for
municipalities and sub-provincial cities. All nineteen cities in the higher-status group are
eventually designated as NEDCs, so their group-specific effect is identified by differences
in designation timing rather than by comparison with never-treated cities within that group.
This limitation warrants a cautious interpretation. The results are presented in Panel B
of Table 6.

The estimated NEDC effect is 0.0209 for other cities and 0.0698 for municipalities and
sub-provincial cities. The interaction coefficient is 0.0489 and is statistically significant at
the 1% level (F(1, 296) = 7.511, p = 0.0065). The formal test therefore rejects equality of the
two policy coefficients.

The larger estimate for municipalities and sub-provincial cities is consistent with
stronger administrative coordination and complementary infrastructure enhancing policy
implementation. Nevertheless, because this group is small and contains no never-treated
city, the finding should be regarded as exploratory evidence of administrative-capacity
heterogeneity rather than a definitive ranking of city types.

6. Conclusions and Policy Implications
6.1. Main Conclusions

Using panel data for 298 cities from 2007 to 2023, this study applies a staggered DID
framework to estimate the effect of the NEDC program on urban GTFP. It also examines
selection into the program, potential transmission channels, and heterogeneity in policy
effects. The main findings are as follows.

(1) The designation of a city as an NEDC exerts a positive and statistically significant
influence on urban GTFP in the baseline TWFE model. The estimated coefficient is 0.0293.
After jointly controlling for Broadband China, Smart City, Low-Carbon City, and Big Data
pilot policies, the coefficient remains 0.0276 (p = 0.009). After balancing pre-policy GTFP,
trends, baseline covariates, and e-commerce readiness, the entropy-weighted estimate is
0.0330. The Callaway-Sant’Anna doubly robust overall ATT is 0.0327, and the Sun-Abraham
mean effect over event times 0-6 is 0.0332; all three estimates are statistically significant.
The Callaway-Sant’Anna and Sun-Abraham policy-pre-trend tests over event times —5
to —2 do not reject zero. The de Chaisemartin-D’Haultfoeuille dynamic point estimates
turn positive at longer horizons but are imprecisely estimated. The Goodman-Bacon
decomposition assigns 94.42% of the detailed unadjusted weight to comparisons with
never-treated cities and 3.26% to comparisons using already-treated cohorts as controls.
Thus, the main finding remains after accounting for major concurrent policies, observable
selection, and heterogeneous treatment effects, although these procedures cannot eliminate
selection on unobserved factors.
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(2) The two-step channel analysis provides evidence consistent with three potential
transmission channels. First, NEDC designation increases employment density in informa-
tion transmission, computer services, and software, indicating an expansion of specialized
digital service capacity. Second, the policy increases postal business revenue per capita,
consistent with stronger parcel, delivery, and circulation services. Third, the policy raises
the city-level digital payment index in the 2011-2023 common sample, although this esti-
mate is significant only at the 10% level. Together, these results support information service
agglomeration, e-commerce logistics and circulation, and digital payment facilitation as
plausible channels, while not constituting formal estimates of causal indirect effects.

(3) Pooled interaction models and formal Wald tests reveal statistically significant
heterogeneity across the eight comprehensive economic regions and by city administrative
status. The joint test rejects equality of the eight regional effects (p < 0.001), with the largest
estimated effect in the Northeast. The estimated effect for municipalities and sub-provincial
cities is 0.0698, compared with 0.0209 for other cities, and the difference is statistically
significant (p = 0.0065). Because every city in the higher-administrative-status group is
eventually treated, this comparison relies on staggered designation timing and should be
interpreted as exploratory.

6.2. Policy Implications

The following policy implications are bounded by the scope of the empirical evidence
presented in this study.

First, environmental performance should be incorporated more explicitly into the
implementation and evaluation of the NEDC program. The baseline results show that
NEDC designation is associated with an increase of 0.0293 in the GTFP index, equivalent
to approximately 12.2% of its sample mean. This finding suggests that the performance
of demonstration cities should not be assessed solely in terms of e-commerce transac-
tions, business formation, or logistics expansion. The evaluation framework could also
consider improvements in resource-use efficiency and reductions in the environmental
costs associated with urban production. Such an approach would better align e-commerce
development with the objective of improving the quality of urban economic growth.

Second, implementation of the NEDC program should be accompanied by comple-
mentary investments in specialized digital services, efficient e-commerce logistics, and
reliable digital-payment infrastructure. Local governments can facilitate the entry and
training of information service firms and workers, support parcel-network coordination
and cleaner last-mile delivery, and improve interoperable payment and settlement services
for small merchants. These measures can help translate e-commerce expansion into better
production coordination, faster inventory turnover, lower transaction costs, and more
efficient resource use. The digital payment result is statistically weaker than the other two
channel estimates, so policy emphasis should remain on building a balanced ecosystem
rather than relying on payment digitalization alone.

Third, policy implementation should account for differences in regional economic
conditions and administrative capacity. The larger estimated effect in the Northeast sug-
gests that e-commerce demonstration policies may generate substantial gains in regions
facing stronger structural transformation needs, while the larger estimate for municipalities
and sub-provincial cities highlights the possible importance of policy coordination, digital
infrastructure, and complementary public services. These findings support strengthening
implementation capacity in ordinary prefecture-level cities rather than mechanically concen-
trating future designations in higher-status cities. Because the administrative-status result
relies on staggered timing within a small, eventually treated group, targeting decisions
should be supported by additional evidence on local implementation conditions.
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6.3. Limitations and Future Research

This study has several limitations that provide directions for future research. First,
entropy balancing and doubly robust weighting adjust for observed pre-policy character-
istics but cannot eliminate selection on unobserved determinants of NEDC designation.
In addition, the national agencies’ public notices describe eligibility rules and publish
approved-city lists but do not provide a complete national list of unsuccessful applicants
for all three cohorts. The study therefore does not label later-approved cities as rejected
applicants. Future research could obtain administrative application records and compare
approved and unsuccessful applicants directly.

Second, information service employment density, postal business revenue per capita,
and the digital-payment index capture specific operational dimensions of e-commerce but
remain proxies for broader processes of service agglomeration, logistics efficiency, and
transaction facilitation. The two-step estimates establish policy effects on these channel
variables but do not identify causal indirect effects. Moreover, the payment index is
available only for 2011-2023, and its policy coefficient is significant at the 10% level. Future
research could combine firm-level service procurement, parcel flow and route data, and
merchant-level payment records with formal causal-mediation designs.

Third, the analysis is conducted at the city level and therefore cannot directly identify
the responses of individual firms or households to the NEDC policy. Future research
could combine city-level policy information with firm-level data to examine changes in
production technology, resource allocation, e-commerce adoption, and environmental
performance. Such evidence would provide a more detailed understanding of the micro-
level foundations of changes in urban GTFP.

Fourth, this study focuses on the effects of the NEDC policy within designated cities.
Potential spatial spillovers to neighboring cities and interactions with other digital policies
are not fully investigated. Future research could employ spatial econometric models or
policy-interaction designs to examine whether the effects extend beyond administrative
boundaries. Moreover, because the evidence is derived from Chinese cities, caution is
required when generalizing the findings to countries with different institutional and digital-
development conditions.
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