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Abstract: Industrial Internet Platforms (IIPs) provide critical value for supply chain man-
agement. The motivation for value creation and capture by supplier firms increasingly
depends on acquiring and processing customer-oriented information, with geographical
distance to customers being a key factor in assessing costs and benefits. This study investi-
gates whether firms’ IIP adoption increases or decreases the geographical distance to their
customers, utilizing supply chain data and digital transformation metrics from China’s
A-share listed firms in the new energy vehicle industry. The study finds that an increased
adoption level of IIPs by focal firms leads to a greater average geographical distance to
their customers. This conclusion remains valid after addressing endogeneity concerns and
performing several robustness checks. Moreover, the effect of IIP adoption on expanding
the geographic scope of sales is significant when the focal firm is more specialized in the
supply chain, more socially embedded, located in China’s eastern region, or acts as an
upstream/downstream complement to complete vehicle manufacturers. No significant
difference in the impact of IIP adoption is observed between private and state-owned en-
terprises. This study combines platform innovation and transaction cost theories, offering
new insights and policy implications regarding the spatial impact of digital technology
adoption in advanced manufacturing and related service industries.

Keywords: industrial internet platform; supply chain; geographical distance; customers;
new energy vehicle; China; listed firm

1. Introduction
As globally competitive manufacturing industries increasingly shift towards high-end,

intellectualized, and service-oriented development, Industrial Internet Platforms (IIPs)
have been widely adopted across these industries and their related sectors [1,2]. IIPs refer
to the integrated application of platform-centered digital tools [3,4]. The adoption of IIPs
by enterprises is of critical importance for supply chain management, as these platforms
transform massive data generated across the supply chain into valuable resources [5]. The
concept of the IIP can be deconstructed into two components: the “industrial internet” or
”Internet of Things (IoT)” and the “platform”. First, consistent with the concept of Industry
4.0, the industrial internet enables the creation of cyber-physical systems with connectivity
and intelligent analytics capabilities [6]. This facilitates the collection, systematic record-
ing, and end-to-end transmission of real-time data and analytical results from dispersed
endpoints across various locations [1]. Second, a platform serves as a mechanism that
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leverages network effects to bind participants together [7,8], integrating information and
competencies from various supply chain stakeholders [9]. IIPs establish data-driven supply
chain management models [10], which are expected to alter the intensity, modalities, and
diversity of firms’ interactions with distant customers. While existing studies emphasize
the technical capacities of IIPs, their spatial implications remain underspecified.

Due to increased product complexity and diverse customer demand patterns, suppli-
ers’ ability to capture value has become increasingly dependent on acquiring and leveraging
customer-end information [11,12]. Manufacturing firms focus on accurately forecasting
volatile market demands, developing supply plans, optimizing logistics processes, and
providing tailored services such as predictive maintenance [13]. Both manufacturers and
information technology (IT) service providers must enhance their capabilities to deliver
new, smarter products and services, thereby improving their reputations and expanding
market share [14,15]. Geographical distance to customers is a critical factor for suppli-
ers when evaluating costs and benefits, and it remains a paradoxical factor in supply
chain governance [16]. Traditional frameworks posit that proximity reduces transaction
costs [17,18], yet contemporary evidence reveals the value of distant relationships for
knowledge diversification [19,20]. Given the critical role of geographical distance in shap-
ing supplier–customer relationships, an important yet underexplored question arises:
whether the adoption of IIPs by firms expands the physical space within which customer
relationships are established.

The digital transformation literature reveals a fundamental contradiction regard-
ing the impacts of platform-centered digital technologies on geographical distance to
customers. One school, which values the enabling nature of digital technology across
territories, stresses its capacity to mitigate information asymmetries caused by geographi-
cal distance [21], to establish multi-location supply networks [22–24], and to expand the
geographic scope of business models [25]. In contrast, several studies suggest that intrare-
gional knowledge spillovers and spatially concentrated digital infrastructures reinforce the
geographic path dependence of supply chain distributions [26–30]. It can be inferred that,
on the one hand, by adopting IIPs, firms broaden their information search across supply
chains, enhancing their ability to perceive and monitor downstream market information
and to assess opportunities and risks in distant markets. On the other hand, supply chain
decisions based on IIP logic are also shaped by collective actions and knowledge bases
influenced by historical and institutional contexts, resulting in supply chain structures that
rely more on geographic agglomeration or proximity effects. Although existing studies
have preliminarily revealed the spatial implications of digital transformation, few have
explicitly measured the adoption levels of IIPs. Moreover, empirical analyses have largely
relied on qualitative case studies, often lacking micro-level transaction data across large
spatial scales. Hence, the dichotomy between the increasing and decreasing effects of IIPs
on geographical distance to customers remains undertheorized, particularly within the
context of a territory’s industrial sector as a whole and its innovation practices.

Does the adoption of IIPs increase or decrease the geographical distance to customers?
To address this question, our study focuses on China’s new energy vehicle (NEV) indus-
try as a case study, utilizing econometric modeling and micro-level operational data to
examine the impact of IIP adoption by firms on their geographical proximity to customers.
According to statistics from the Ministry of Industry and Information Technology (MIIT)
of China, by the end of 2023, the number of IIPs in China exceeded 340, with more than
96 million industrial devices connected. IIPs have been deeply integrated into nearly
all categories of manufacturing industries, generating extensive application data across
R&D, production, and sales stages. This provides a reliable empirical setting for our study.
China ranks first globally in NEV production, sales, and export volume. The functionali-
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ties, manufacturing technologies, and business models of NEVs are rapidly evolving. In
NEV production organization, the hierarchical geographic structure based on modular
subcontracting, characteristic of traditional fuel vehicle production, still plays a significant
role [31,32]. This is primarily because a significant proportion of domestic NEV business
is driven by joint ventures involving traditional automotive enterprises. However, with
the widespread adoption of IIPs, the supply chain structure of the NEV industry has be-
come more decentralized and is being reshaped by electronic and electrical companies,
information and communication technology (ICT) firms, and emerging digital technology
and internet enterprises. In addition, a national standard requires NEV manufacturers
to collect electromechanical and navigational data and transmit it to a local server [33].
This “platform”, established to support official policy implementation, also serves as a
foundation for studying how IIPs stimulate innovation and economies of scope within the
NEV industry. In this study, A-share listed firms in the NEV industry were selected as the
focal firms. Transaction data between these firms and their customers were aggregated from
multiple data sources. The level of IIP adoption was measured using business information
disclosed in the annual reports of the focal firms. The results of the econometric analysis
confirm that higher levels of IIP adoption in NEV firms significantly increase the average
geographical distance to their customers.

This study contributes to the existing literature in two key aspects. First, it examines
the impact of IIPs on the geographical distance between firms and their customers, as
well as the heterogeneity of this impact, thereby advancing our understanding of the
factors shaping the spatial configuration of supply chains. Second, it connects platform
innovation with transaction cost theory, suggesting a possible path for IIPs to influence
the geography of production in advanced manufacturing and related service industries.
This contributes to expanding the analytical framework for understanding the economic
implications of digital technology adoption. Additionally, our research provides theoretical
insights for policy-oriented practices. The Chinese government aims to promote the efficient
domestic circulation of production and innovation factors while guiding the spatially
rational distribution of strategic emerging industries. Within the context of integrating
digital and physical dimensions, the NEV industry presents a compelling case for fostering
industrial spaces that combine innovative vitality with resilience and security.

The structure of this paper is as follows. Section 2 introduces the related theories, the
key characteristics of the NEV supply chain utilizing IIPs, and presents the core hypotheses
of this study. Section 3 outlines the data and econometric methodology. Section 4 presents
the analysis of results, including baseline results, robustness checks, and heterogeneity
analysis. Section 5 concludes the paper and provides relevant policy implications.

2. Theoretical Foundations and Hypotheses
2.1. Theoretical Perspectives Relevant to IIP Adoption
2.1.1. Resource- and Capacity-Based View

The resource- and capacity-based view of the firm suggests that a company’s compet-
itive advantage is grounded in its heterogeneity—resources and/or capabilities that are
challenging for competitors to replicate [34,35]. This view is widely recognized as a funda-
mental lens through which digital technologies and the process of informatization shape a
firm’s value and dominant logic [36]. In the context of rapidly changing market competition
and the constant risk of supply chain disruptions, effective supply chain decision-making
strongly depends on the ability to receive and process dynamic information [37]. As crucial
organizational resources, digital technologies and data empower manufacturing or produc-
tive service firms to control and coordinate the resources they possess. To build a sustained
competitive advantage, firms boost investments in both hardware and software related to
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information technology infrastructure and continuously improve production planning in
alignment with their digital strategies [38,39].

2.1.2. Open Innovation Theory

Open innovation theory is another key framework for explaining the importance
of IIPs within supply chains. The search for external information, technologies, and
knowledge, and their integration into a firm’s capabilities, has become a primary pathway
for fostering innovation [40]. A firm’s core competitiveness does not lie in digital devices or
data themselves, but in its ability to extract value from vast amounts of data that can assist
in achieving its supply chain business objectives [15]. Therefore, this involves platforms
that integrate the interests of various supply chain stakeholders. The literature on platforms
commonly identifies network effects as the key mechanism for linking participants [41].
In contrast to platform business models that emphasize transactions between consumer
groups and final product sellers, the perspective of platform innovation, which emphasizes
value co-creation, is more applicable to explaining the mechanisms of manufacturing
supply chain platforms [42]. Specifically, the operation of supply chains is based on
complementary components that make up the final product [43]. The network effects
generated by supply chain platforms refer to the way changes in market demand for one
complementary product lead to changes in others [44]. When changes in the production
cost, efficiency, and innovation of one product are reflected in the market, other parties will
rationally adjust their production plans to collaborate with the complementary party and
jointly generate profits [45].

2.2. IIP System in the NEV Industry

In general, a platform is a type of technological architecture consisting of a sustainable
core and flexible, modular components that can coordinate and unite innovative entities,
enabling economies of scale and scope [46,47]. Modular product platforms are a common
production organization method in the automotive industry. For a specific vehicle model,
after determining the overall body structure, the automaker defines the chassis, structure,
powertrain, electrical system, and other components along with their sub-modules, and de-
signs standardized interfaces and assembly methods between the modules. Manufacturers
along the supply chain adjust and develop corresponding products based on the unified
modular rules [48]. This production method allows for mass production of standardized
components, thereby amortizing fixed costs, while also meeting the needs of different
market segments for various vehicle models [49].

In the NEV industry, the modular platform production model persists. However, a
more significant observation is that IIPs have emerged as the central vector of the data-
driven innovation process [50]. The physical architecture of an IIP system in the NEV
industry is illustrated in Figure 1. At the edge layer, digital terminals collect data from man-
ufacturing and distribution processes of automotive products, vehicle driving and usage
scenarios, as well as road and environmental facility data, which are then uploaded to the
cloud platform for information storage. At the platform layer, heterogeneous data from the
entire manufacturing system and product lifecycle are integrated and processed. Industrial
technologies, knowledge, experience, models, and other industrial principles are encap-
sulated within service function modules. At the application layer, participants across the
supply chain access highly reusable data or invoke industrial software via application pro-
gramming interfaces, thereby optimizing and adjusting production organization decisions.
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Figure 1. The physical architecture of an IIP system in the NEV industry, adapted from reports by the
Alliance for Industrial Internet (AII) [50,51].

According to the China–Germany White Paper for Industry 4.0 [52], Figure 2 illustrates
the value creation logic across the NEV supply chain under the IIP framework, including
three segments of the NEV supply chain that optimally represent the trend in automotive
development [53]. The first segment is the electric drive system1. The second segment is
the centralized electric control system. The third segment involves the aftermarket services
related to energy and vehicle networking. From the perspective of the relationship between
the focal firm and its customers, the firm located upstream in the supply chain is connected
to its downstream customers through data or services facilitated by the IIP. Beyond the
trade relationship between suppliers and customers, the operator of the IIP (the platform or-
ganization) charges certain fees to the suppliers or customers. Third-party complementary
ICT firms or emerging digital technology companies may serve as outsourcing providers for
platform services. The industry experience of platform organizations (or digital technology
outsourcing providers), suppliers, and customers is deeply integrated and complementary,
collectively contributing to the creation of customized supply chain solutions. Take the
BYD DiLink Platform (the vehicle networking platform) as an example. Under the dis-
tributed arithmetic architecture facilitated by Huawei Cloud (the IIP operator), the Huawei
HiCar operating system (the supplier) and BYD’s cabin system (the customer) are deeply
integrated, enabling cross-terminal expansion of the cabin ecosystem. Huawei Cloud en-
capsulates core capabilities such as voice interaction from the intelligent cabin and deploys
them as microservices to the DiLink system. This allows BYD to efficiently access Huawei’s
AI resources, thereby reducing its reliance on traditional Tier 1 software providers.
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from the joint report on “Industry 4.0 x Industrial Internet” published by Deutsche Gesellschaft
für Internationale Zusammenarbeit (GIZ) and China Academy of Information and Communication
Technology (CAICT) [52].

2.3. Impact of NEV Firms’ IIP Adoption on the Geographical Distance to Their Customers

This section explores the causal mechanisms underlying the impact of IIP adoption
on changes in geographical distance, considering both increasing and decreasing effects.
In each hypothesis derivation, economies of scale and knowledge sharing are identified
as key factors influencing the geography of trade among NEV firms. Firstly, manufactur-
ing supply chain interactions are more likely to occur when parties are geographically
close [54]. Geographical proximity reduces logistics and communication costs, enhancing
trust and operability in supply chain relationships. To capture sustained economies of scale
around particular products, suppliers and customers in the capital- and asset-intensive
automotive industry develop tight production networks. Additionally, localized coop-
eration facilitates market information circulating and technological collaboration among
firms, increasing the potential to build innovation capabilities within the supply chain. The
NEV innovation process, dominated by technology diffusion, urgently requires proximate
forms of collaboration. IIP adoption influences both the economy of scale and knowledge
sharing factors within NEV supply chains, subsequently affecting the geographical distance
between suppliers and customers.

2.3.1. IIP Adoption Increases Geographical Distance to Customers

The cost of interacting with distant supply chain partners, a key factor of economies
of scale, impedes the increase of geographical distance between trading parties. In the NEV
industry, the need for electric drive functionality and driving experience results in a wide
variety of electronic and electrical products. Accordingly, electrical and electronic control
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systems incorporate a variety of chips, sensors, and actuators [55]. Key components and
integrated manufacturing of entire vehicles involve multiple stages, with parts sourced
from various locations. The challenge for suppliers lies in consolidating information on
sourcing, transportation, inventory, and product functionality. According to transaction
cost theory, a firm’s selection of customers or the maintenance of customer relationships
largely depends on the cost trade-offs associated with tasks such as matching require-
ments, signing contracts, delivering products, and monitoring after-sales [56]. Supply
chain interactions over long geographical distances imply challenges in transportation
and communication [17,57]. Due to information asymmetry, monitoring demand from
distant customers becomes costly. If a firm allocates limited resources to distant markets,
its operational flexibility is constrained, increasing the risk to supply chain resilience [58].

IIPs provide enterprises with enhanced visibility and flexibility in supply chain op-
erations, potentially reducing the costs associated with interacting with distant clients.
First, digital tools effectively reduce internal operational costs, enabling market expan-
sion to distant locations [30]. The Internet of Things (IoT) is widely applied to monitor
manufacturing processes and track logistics and warehouse operations [59], thereby en-
hancing the controllability and efficiency of internal operations. Second, by utilizing IIPs,
focal companies can effectively identify and address opportunities and risks in distant
markets. The platform provides real-time updates on order information, long-distance
transportation conditions, and distribution processes, allowing enterprises to quickly adjust
inventory plans [60]. Furthermore, big data analysis and artificial intelligence technologies
support suppliers in forecasting future demand [61,62], facilitating timely formulation of
new plans [6]. Therefore, IIP adoption by suppliers may increase the geographical distance
to their customers (Figure 3).
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Local stickiness within knowledge sharing factors hinders the increase of geograph-
ical distance between trading parties. In the NEV industry, automakers’ platform-based
vehicle architectures typically adopt a modular approach, such as Volkswagen’s MEB
platform. Modular production theory posits that modular division of labor involves
decomposing complex systems into relatively independent and interchangeable mod-
ules [63]. Modularity reduces firms’ reliance on highly coordinated production, enabling
geographically dispersed suppliers to maintain trade relationships with complex product
integrators [64]. However, the integration requirements for core components in electric
power systems—namely batteries, motors, and electronic controls—are high, which con-
flicts with the low-coupling nature of modularity in the traditional sense [65]. Moreover,
the development of autonomous driving technology necessitates deep interactions and
iterations among sensors, algorithms, and data flows. Consequently, emerging automotive
technology R&D increasingly integrates automakers, component suppliers, and digital
technology firms through more tightly coupled interfaces. These knowledge-intensive
processes continue to require geographical proximity to ensure effective collaborative
innovation [66].

IIPs facilitate enterprises’ participation in online modular innovation practices, thereby
fostering knowledge collaboration relationships with remote customers. Digital platforms
establish the foundation for data exchange and sharing. Due to data homogeneity and
reprogrammable functionality [67], the details of R&D tasks, experimental conditions,
and technical parameters for digital products or services can be standardized within a
highly visible data framework. This ensures that innovation-related information across the
supply chain is accurately understood and repeatedly utilized. For instance, digital twin
technology enables the creation of virtual models of products or algorithms and efficient
simulation and optimization based on adjustable parameters, thereby reducing the costs
associated with physical materials and face-to-face communication [68]. By aggregating
diverse data sources and potential partners, IIPs allow suppliers to acquire third-party
services that complement their capabilities. For example, cloud computing and other
digital technologies integrated into industrial software can generate tailored manufacturing
solutions [69]. Moreover, the openness and interoperability of platform data facilitate the
integration of feedback of real-world applications and consumer scenarios into the R&D
process, accelerating the dynamic evolution of NEV products toward sustainability [70].
For example, automakers can optimize power output modes based on users’ energy con-
sumption patterns, while battery recycling firms can develop targeted recovery strategies
by analyzing historical data on battery usage, failures, maintenance, and replacements [51].
On one hand, supplier firms leverage IIPs to directly collaborate with customers in de-
veloping innovative products or services. On the other hand, IIPs provide suppliers with
greater access to innovation resources and third-party customization services, enabling
them to engage more effectively in outsourced collaborations with geographically distant
clients. Therefore, IIP adoption by suppliers may increase the geographical distance to their
customers (Figure 3).

Hypothesis 1. For the NEV industry, an increase in the adoption level of IIPs in the focal firm will
increase the average geographical distance to its customers.

2.3.2. IIP Adoption Reduces Geographical Distance to Customers

The agglomeration effect, as a factor within economies of scale, contributes to the
reduction of geographical distance between trading parties. From the perspective of
industrial clusters, the forward and backward linkages within a region, the shared labor
market, and the technological spillovers that foster innovation are the foundations for
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achieving innovation [71]. Shared physical spaces and infrastructure reduce transportation
and information transmission costs [72]. Through “face-to-face” interactions, both codified
knowledge and tacit knowledge about markets and technologies are effectively transmitted
and absorbed [73]. The value and trust relationships formed between upstream and
downstream products serve as the foundation for production networks across various
manufacturing industries [74]. Additionally, these relationships are closely related to trade
barriers and market segmentation resulting from regional policies [32].

IIPs unlock the potential of geographical proximity within supply chains, thereby
enhancing regional agglomeration effects. First, the cognitive proximity advantage within
the region is leveraged by IIPs. Compared to external supply chain partners, local partners
have a better understanding of the region’s infrastructure, natural geography, user driving
habits, and consumer demographics, thus making it easier to reach business consensus.
The data exchange and management efficiency of the platform allow firms to quickly find
high-quality local supply chain partners [75]. Second, the learning effect based on tacit
knowledge exchange is reinforced by IIPs. Tacit knowledge developed at production sites
and within supply chain operations is transmitted through socialization and experiential
processes [76]. The platform provides external “channels” based on standardized interre-
lated relationships, supporting the dissemination of this knowledge in a more formal and
visualized manner. Lastly, IIPs strengthen localized institutional arrangements based on
interpersonal relationships. In local, small-scale exchanges, short-term training sessions,
trade fairs, and similar events, suppliers root their industry experience and interpersonal
relationships into the processes of order receipt, logistics, and after-sales services [77]. In
regions with high digital accessibility, the prevalence of IIPs across the supply chain will
increase, fostering more immediate and sustained online communication mechanisms [28].
Consequently, IIP adoption by suppliers may decrease the geographical distance to their
customers (Figure 3).

Too much proximity in interactive learning hinders the reduction of geographical dis-
tance between trading parties. The proximity theory suggests that geographical proximity
does not function in isolation. Rather, it is the deepening of other forms of proximity—such
as cognitive, organizational, social, and institutional proximity—that serves as the key
condition for knowledge flow and sharing within localized economies [74,78]. Further-
more, these proximities must remain within a moderate range to ensure the effectiveness
of interactive learning. When proximity is excessively high, mediated relationships and
environments become locked in and distort the firm’s ability to access, absorb, and process
external information [79].

IIPs mitigate the constraints arising from excessive similarity in knowledge bases,
organizational structures, or institutional cultures, thereby helping to alleviate the “lock-
in” of spatial clustering. IIPs establish clear access standards, connection protocols, and
interaction interfaces [75]. By increasing the frequency and precision of supplier–client
interactions, it reduces the inertia associated with long-term contractual relationships in
transaction selection [28,80]. The high traceability of data within IIPs facilitate accountabil-
ity in product quality issues, minimizing opportunistic behaviors such as blame-shifting
and free-riding [81]. Moreover, platform access control, selective encryption, and internal
encoding mechanisms help prevent the leakage of proprietary data, thus reducing the risk
of opportunism [82]. By forming virtual communities that connect platform participants
beyond regional boundaries, IIPs enable the introduction of new intelligent technologies
and business concepts [25], mitigating the risk of path dependency caused by product and
cognitive homogeneity among geographically proximate firms [83]. Hence, IIP adoption
by suppliers may decrease the geographical distance to their customers (Figure 3).
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Hypothesis 2. For the NEV industry, an increase in the adoption level of IIP in the focal firm will
reduce the average geographical distance to its customers.

3. Methods and Data
3.1. Sample

This paper delineates the industrial chain segments and identifies representative
companies based on the upstream and downstream relationships of core components in the
NEV industry. The first step involved constructing a directory of NEV firms. Manufacturers
of electric vehicle components were primarily selected from the industry chain maps
provided by Zhongtou Consulting and Tianfeng Securities. Manufacturers of intelligent
components and interconnected car service companies were mainly sourced from the
Energy-saving and New Energy Vehicle Yearbook 2023 compiled by the MIIT. Complete vehicle
manufacturers were selected from the Recommended Directory of New Energy Vehicles 2022
issued by the MIIT. The specific industry chain segments and companies are listed in Table 1.
The second step involved filtering A-share listed companies from the China Stock Market
& Accounting Research Database (CSMAR). A-share listed companies disclose relatively
complete financial information and governance data. Additionally, their annual reports
contain data suitable for calculating digital transformation, a method that is widely used in
research on corporate performance and behavior [84,85]. The third step was to select 169
A-share listed companies from 2011 to 2022 as the final sample, which we referred to as
“focal enterprises”. Since companies may go public or delist during the studied period, the
sample is a non-balanced panel. The adoption of industrial internet platforms represents
the transformation of traditional production systems through digital technologies, such as
industrial internet technology, and is part of the broader digital transformation. Therefore,
the observation period aligns with the starting point of the digital transformation database
provided by CSMAR.

Table 1. NEV industry chain segments and their corresponding representative enterprises.

Industry Chain Position Industry Chain Segments Representative Enterprises

Upstream of the
upstream

Positive and negative electrode
materials, battery separator,

electrolyte, lithium equipment,
permanent magnet

Gaoxuan Hi-Tech Co., Ltd. (Hefei City),
Zhongwei New Material Co., Ltd. (Tongren City),

Sinoma Technology Co., Ltd. (Nanjing City),
Ningbo Sanshan Co., Ltd. (Ningbo City),

North Huachuang Group Co., Ltd. (Beijing City).

Upstream

Driving electric motor, thermal
management system, battery,

in-vehicle terminal, electronic control
system, automotive chip, in-vehicle

display, basic software, center console,
intelligent cockpit, automated

driving solution

Ningde Times New Energy Co., Ltd. (Ningde City),
BYD Company Limited (Shenzhen City),

BOE Technology Group Co., Ltd. (Beijing City),
Foxconn Industrial Internet Co., Ltd. (Shenzhen City),

ZTE Corporation (Shenzhen City)

Midstream Complete vehicle manufacturing

Shanghai Automotive Group Co., Ltd. (Shanghai City),
Great Wall Motor Co., Ltd. (Baoding City),

Chongqing Changan Automobile (Chongqing City),
Zoomlion Heavy Industry Co., Ltd. (Changsha City),

FAW Jiefang Group Co., Ltd. (Changchun City).

Downstream

Battery recycling, charging pile,
vehicle networking system

integration, charging station, mobile
communication operation

Zhejiang Huayou Cobalt Industry Co., Ltd. (Jiaxing City),
Jiangxi Ganfeng Lithium Group Co., Ltd. (Xinyu City),

Grimmie Co., Ltd. (Shenzhen City),
Shanghai Baoxin Software Co., Ltd. (Shanghai City),
Shenzhen Kelu Electronic Co., Ltd. (Shenzhen City)

Representative enterprises refer to the top five firms ranked by total assets in 2022 within each category of the
industry chain position.
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3.2. Baseline Regression Model and Variables
3.2.1. Construction of Supply Chain Database

Existing supply chain partner data in research on listed companies are mostly based
on the top five suppliers or customers disclosed in firms’ annual reports [11,86,87]. Directly
transplanting this approach into this study may lead to significant data omissions and distor-
tions. First, some companies do not disclose the specific names of their top five customers,
making it impossible to obtain geographic locations. Second, this method may overlook
clients with lower transaction volumes who nonetheless hold critical positions within the
industry chain. Therefore, in addition to the top five customers, this study obtained sales
information from buyer and seller announcements, bidding notices, prospectuses, and
semi-annual reports of the focal enterprises, sourced through the Qichacha website2.

Additionally, companies do not always disclose all transactions. Transactions with
related parties—entities closely connected to the companies (e.g., parent companies, sub-
sidiaries, those with shared major investors or investment targets, or those with common
management staff)—are often not conducted through public agreements or bidding pro-
cesses. To address this, we supplemented the data with related-party transactions sourced
from the CSMAR database.

The constructed database includes indicators such as focal firms, customer names,
transaction dates, and transaction amounts. We further excluded natural clients, overseas
clients, unidentified clients, and clients with unclear addresses to ensure data accuracy
and consistency. Discrepancies in the timing of disclosures across data sources may lead to
the same “Enterprise–Supplier–Amount” entries being erroneously interpreted as distinct
transaction records due to differences in transaction dates. To address this, we established
the following criterion: if two observations with the same “Enterprise–Supplier–Amount”
are disclosed within a two-year window, they are considered identical transactions, and
only the observation with the earlier disclosure date is retained. Conversely, observations
with disclosure dates more than two years apart are treated as separate transactions. This
pairwise comparison process is repeated iteratively until no duplicate observations remain.
Ultimately, this process resulted in a dataset titled “Enterprise–Supplier–Year–Amount”
comprising a total of 52,454 entries.

3.2.2. Baseline Regression Model

The model for the baseline regression is specified as follows:

Disti,t = α0 + α1IIPi,t + ∑αkControlsi,t + αhYear + µi + εi,t, (1)

Disti,t represents the logarithmic value of the average geographical distance between
the focal firm i and its customers in year t. IIPi,t denotes the adoption level of IIPs by the
focal firm i in year t. Controlsi,t represents the control variables. Year is the year in which the
transaction takes place. µi represents unobservable individual characteristics that remain
constant over time for each firm. εi,t is the error term capturing all other unobserved factors
affecting the dependent variable. All econometric models in this paper were performed by
Stata 16.0.

3.2.3. Explained Variable: Average Geographical Distance to Customers

For focal firms and their customers, the geocoding function from the Baidu Maps Open
Platform Web was used to obtain the longitude and latitude coordinates. The spherical
geographical distance between the focal firm and the customer for each entry was then
calculated, with the logarithm of this distance used as the dependent variable. The distance
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calculation formulas are derived using latitude and longitude coordinates, based on the
spherical law of cosines. The distance calculation formulas are given below:

Disti,t = ln(1 + ∑Disti,c,t) (2)

Disti,c,t = R × cos−1 [cosωi × cosωc × cos(φi − φc) + sinωi × sinωc] (3)

Disti,t represents the logarithmic value of the average geographical distance between
the focal firm i and its customer in year t. Disti,c,t denotes the geographical distance between
the focal firm i and customer c in year t. R represents the Earth’s radius (approximately
6371 km). φi and ωi are the latitude and longitude of the focal firm i, while φc and ωc are
the latitude and longitude of customer c.

3.2.4. Explanatory Variable: Frequency of IIP-Related Terms in Annual Reports

The adoption level of IIPs is reflected in the language used in the annual reports of
publicly listed firms, which encapsulate the company’s business philosophy influenced by
digital technologies, as well as the production processes and development paths guided
by this philosophy. From the perspective of IIPs enabling the supply of NEV products, we
categorized IIP applications in the industry into three levels: “Electrically powered drive
systems”, “Information interconnected ecosystems”, and “Intelligent assisted driving” [88],
and developed an IIP adoption guideline, which outlines key commodities or production
capabilities at each application level.

Subsequently, based on the descriptions of IIP applications in the automotive industry
from relevant reports and literature [51,53,88], we matched the vocabulary from CSMAR’s
digital transformation database for listed firms with the IIP adoption guideline to create an
IIP lexicon. The IIP adoption guideline and lexicon are presented in Table A1 of Appendix A.
Following the approach of Wang et al. [89] for measuring artificial intelligence applications,
the logarithmic frequency of terms from the IIP lexicon appearing in the focal enterprise’s
annual report is used as the measure of the enterprise’s adoption level of IIPs.

3.2.5. Control Variables

The control variables include operational indicators at the firm level, such as the loga-
rithm of the number of employees (Staff), liquidity as a percentage of total funds (Mobility),
revenue growth rate (Growth), return on equity (ROE), and research and development
investment intensity (RD) [24]. The digital infrastructure conditions in the region where the
focal firm is located also influence supply chain distribution decisions [30]. The industrial
data center system supports the application scenarios of IIPs at the foundational level. As
users are closer to the data center hosting the cloud server, network latency decreases,
making it more likely for them to follow the proximity principle to access cost-effective data
services. Following Li et al. [90], we obtained the geographic coordinates of data centers in
mainland China from the 451 Research Datacenter Knowledge Base. We then calculated
the logarithmic average of the geographical distance between each focal enterprise and the
data centers established in the same province or municipality. The reciprocal of this value
is included as a control variable. Considering that the concentration of the supply chain
may bias the calculation of average geographical distance, the logarithms of the supplier
concentration (Concent_Sup) and customer concentration (Concent_Cus), calculated using
the Herfindahl Index, are also added as control variables. Observations with missing
records or anomalous positive/negative values were treated as missing values. These
missing values were then imputed using multidimensional linear interpolation, with the
correlation coefficients between variables serving as weights.
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3.2.6. Variables for Heterogeneity Analysis

This study analyzes the heterogeneous effects of IIP application levels on customer
geographical distance from the perspectives of specialization, social embedding, region,
industry chain role, and ownership structure.

To measure the level of specialization, we established a cross-reference table between
industry classification and NEV industry chain segments. We mapped the “Qichacha”
industry classification to the NEV industry chain segments. Compared to the national
economic industry classification, the “Qichacha” industry classification is more focused on
specific product and service categories, offering a more intuitive display of the company’s
business activities. For example, industries such as “Energy Storage Equipment”, “Power
Generation Equipment”, “Electronic Terminals and Components”, “Special Equipment”,
and “Chemical Products” correspond to the “Battery” segment in the NEV industry chain.
We calculated the proportion of transaction frequencies between each focal firm and its
NEV industry chain customers relative to the total number of sales transactions as a proxy
for the level of specialization (SZ). To measure the degree of social embedding, we adopted
the same concept used for related parties of listed companies, calculating the proportion of
transactions with related customers relative to the total sales transactions of the focal firm
(SE). The transaction data for related parties were sourced from the CSMAR.

Regional differences were categorized into two groups: the eastern region and non-
eastern regions (i.e., central, western, and northeastern regions). The roles in the in-
dustry chain were categorized into two types: complete vehicle manufacturers and up-
stream/downstream enterprises. Ownership was categorized into state-owned enterprises
(SOEs) and private enterprises. According to the definition of the A-share market, the Main
Board firms are mature and well-financed, whereas those listed on the Growth Enterprises
Market (GEM) or the Science and Technology Innovation Board (STAR) are mostly inno-
vative small- and medium-sized enterprise (SMEs). Two-sample t-tests were conducted
on the sample, revealing that companies on the STAR or GEM boards have smaller mean
values for total assets and number of employees compared to those on the Main Board.
However, they exhibit higher mean values for the level of digital supply (proportion of
sales to digital information technology firms) and R&D investment intensity than Main
Board companies. The distinction between listings on the GEM/STAR boards and the
Main Board corresponds to markedly different innovation dynamics in terms of firm size,
propensity for R&D, and level of digital supply.

Descriptive statistics of variables are presented in Table 2.

Table 2. Descriptive statistics for variables.

Variables Observations Mean Sd Min Max Descriptions of the
Indicator

Dist 1308 6.0161 1.6199 −4.5957 7.8314

Logarithm of the
average

geographical
distance to customers

IIP 1405 −0.1481 2.2292 −2.3026 5.8438

Logarithmic
frequency of

IIP-related terms in
annual reports

Staff 1405 8.1593 1.7944 0.0000 13.2535
Logarithm of the

number of
employees
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Table 2. Cont.

Variables Observations Mean Sd Min Max Descriptions of the
Indicator

Mobility 1405 0.0642 0.0835 −1.6945 1.1067
Liquid assets as a

percentage of
total assets

Growth 1405 124.1752 3722.5150 −84.5942 139,544.7000 Revenue growth rate

ROE 1405 7.0496 22.1670 −331.9110 62.4020 Return on equity

RD 1405 7.2174 6.9011 −0.1300 57.2300
Ratio of R&D
investment to

revenue

Dist_DC 1405 0.8129 14.9255 0.1357 395.9695

Logarithm of the
average distance to
data centers in the

same province

Concent_Sup 1255 −0.8639 0.6724 −2.8704 0.0000
Herfindahl Index of

purchases from
suppliers

Concent_Cus 1278 −0.9124 0.7551 −3.8883 0.0000 Herfindahl Index of
sales to customers

SZ 1308 0.2831 0.2941 0.0000 1.0000

Share of frequency of
transactions with
customers in the

NEV chain

SE 1308 0.1191 0.1910 0.0000 1.0000
Share of volume of
transactions with
related customers

4. Results
We adopt an empirical framework consisting of three stages: baseline regression

results, robustness checks, and heterogeneity analysis, to present the study’s findings. The
first two steps are designed to examine the main effect, while the third step represents
an extended analysis building upon the established main effect. The specific navigation
diagram is presented in Figure 4.

4.1. Analysis of Baseline Results

Based on the results of the two-way fixed effects models presented in Table 3, we can
preliminarily determine the impact of IIP adoption by focal firms on the geographic distri-
bution of their customers. Prior to introducing the explanatory variables, we performed
a regression with only the dependent variable and control variables. Column (2) shows
that for listed firms in the NEV industry, the adoption of the IIP shortens the average of
geographic distances (p = 0.007) between them and their customers, after controlling for
firm-level factors, inherent traits of individual firms, and time effects. Hypothesis 1 of this
paper is basically confirmed. This indicates a likely trend of expanding the geographic
structure of listed companies’ trade with clients as adoption levels of the IIP increase.
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Table 3. Results of baseline regressions.

Variables
(1) (2)

Dist Dist

IIP 0.0841 ***
(0.0309)

Staff 0.0068 0.0056
(0.0231) (0.0239)

Mobility −0.1025 −0.0844
(0.2665) (0.2626)

Growth −1.55 × 10−5 *** −1.40 × 10−5 ***
(2.91 × 10−6) (2.99 × 10−6)

ROE −0.0001 −0.0002
(0.0007) (0.0007)

RD 0.0163 0.0158
(0.0122) (0.0123)

Dist_DC 0.0009 *** 0.0009 ***
(0.0003) (0.0003)

Concent_Sup −0.1201 −0.1063
(0.0830) (0.0832)
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Table 3. Cont.

Variables
(1) (2)

Dist Dist

Concent_Cus −0.1892 *** −0.1909 ***
(0.0597) (0.0593)

Constant 5.5732 *** 5.5970 ***
(0.2370) (0.2440)

Year FE YES YES
Firm FE YES YES

Observations 1157 1157

Adjusted R2 0.5034 0.5071
Clustering robust standard errors are in parentheses; *** p < 0.01.

4.2. Robustness Checks
4.2.1. Addressing Endogeneity Issues

The relationship between a firm’s adoption level of IIPs and its perceived geographic
connection to its customers is somewhat endogenous, which impacts the reliability of
causal inferences. For instance, if a firm’s customers are located far away from it, the firm
may be naturally driven to adopt or increase the use of IIPs to maintain trade links via
the virtual space enabled by communication technologies. Alternatively, there may be
unobserved confounding factors. To address this, we use the instrumental variable method
to avoid bias due to reverse causality and omitted variables.

This study employs two instrumental variables. The first instrumental variable is
the five-year change in the number of data centers in the province where the focal firm is
located, reflecting the growth of digital infrastructure. The second instrumental variable
is the three-year lagged number of international internet users in the city where the firm
is located, which indicates the level of digital service usage by residents. Digital infras-
tructure improves information transparency and online communication convenience. As
a result, digital infrastructure development in a region increases the likelihood of local
firms adopting digital technologies [12,91], meeting the requirement for correlation with the
endogenous variable. Furthermore, we refer to data centers that primarily store and process
data related to online activities such as surfing, social media, entertainment, e-commerce,
and telecommunications, which do not directly influence the supply chain decisions of auto-
motive manufacturing firms. This satisfies the exogeneity requirement for the instrumental
variable, at least in theory. Similarly, the number of residents with internet access serves as
a proxy for the extent of digital service utilization and the intensity of digital expenditure,
which is closely related to the foundation for local firms’ digital transformation, but not
directly tied to the incentives of firms serving downstream customers. First, we collected
data on the inventory of data centers in each province over all years, then calculated the
change in data center inventory compared to five years prior (Incre_DC). Next, we gathered
data on the number of international internet users (IU) in each city for all years from the
China City Statistical Yearbooks. The estimation was performed using the 2SLS method and
the results are shown in Table 4.
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Table 4. Results for the instrumental variables approach.

Variables

(1) (2)
First Stage Second Stage

IIP Dist

Incre_DC 0.0116 ***
(0.0030)

IU 2.64 × 10−8 ***
(6.58 × 10−9)

IIP 0.4287 **
(0.2051)

Staff 0.0104 0.0009875
(0.0408) (0.0313)

Mobility −0.3471 −0.0102
(0.4902) (0.3186)

Growth −1.41 × 10−5 ** −7.88 × 10−6

(6.68 × 10−6) (7.07 × 10−6)

ROE 0.0009 −0.0003
(0.0013) (0.0009)

RD 0.0040 0.0138
(0.0147) (0.0137)

Dist_DC −0.0007 0.0010
(0.0012) (0.0007)

Concent_Sup −0.1684 ** −0.0493
(0.0724) (0.0810)

Concent_Cus 0.0044 −0.1979 ***
(0.0635) (0.0580)

Year FE YES YES
Firm FE YES YES

Kleibergen–Paap rk LM
statistic 15.4051 ***

Kleibergen–Paap rk Wald F
statistic 22.297

Stock–Yogo weak ID test
value (10%) 19.93

Hansen J statistic 0.154
F statistic 22.3019 ***

Observations 1157 1157

Adjusted R2 −0.2857
Clustering robust standard errors are in parentheses; ** p < 0.05, *** p < 0.01.

The results of the second-stage regression provide several statistics on the reliability
of the instrumental variables. The Kleibergen–Paap rk LM test rejects the “unidentifiable”
null hypothesis, confirming that all model parameters are determined by the instrumental
variables. The Kleibergen–Paap rk Wald F statistic exceeds the critical value from the
Stock–Yogo weak ID test at the 10% level, confirming that the selected instrumental vari-
ables are not “weak” and are sufficiently correlated with the endogenous explanatory
variable. The Hansen J test’s p-value exceeds 0.100, indicating no over-identification issues,
meaning the instrumental variables are exogenous and uncorrelated with the model’s
residuals. The first-stage regression result shows both the increase in data centers within
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the provinces where firms are located and the number of international internet users in
their cities are correlated with IIP adoption. Column (2) shows that the result, corrected
for endogeneity bias, indicates that increasing the adoption level of IIP by focal firms re-
duces the average physical distance to their customers. The coefficients on the explanatory
variables are significantly larger than those in the main effects shown in Table 3. For each
10% increase in IIP-related terms, the mean distance to customers grows by approximately
4.29% on average. This effect is economically significant, given that the average annual
growth rate of IIP-related terms in the sample firms’ annual reports from 2011 to 2022 is
about 15.43%.

4.2.2. Controlling Regions and Industries

The region and industry to which a focal firm belongs may influence the estimated
causal relationship. During the studied period, some enterprises changed their registration
locations and industries. The baseline regression does not account for potential regional
and industrial effects that could be omitted. Building on the baseline regression model, we
introduce dummy variables to control for the province (or municipality directly under the
central government) of the focal firm’s registered address and its corresponding national
economic industry. Column (1) in Table 5 shows that, after controlling for region and
industry, the effect of IIPs on the expansion of the supply chain’s geographical scope
remains significant.

4.2.3. Replacing the Dependent Variable

To ensure the robustness of the estimates, we modify the interpretation of the depen-
dent variable. In the regression model of Column (2) in Table 5, the dependent variable is
replaced with the logarithm of the proportion of purchases made by distant customers in
the focal firm’s total sales. To calculate this, we first excluded observations with only one
transaction in a given year. We then used the median of the geographical distances between
the focal firm and all its customers that year as the threshold. Customers whose geographi-
cal distance is greater than or equal to this median are classified as “distant customers”.
Next, we calculate the proportion of the total transaction volume from distant customers
relative to the firm’s total sales. Since the concentration of suppliers and customers is also
calculated based on transaction volume, which may cause multicollinearity, we exclude
these variables from the control variables in the alternative model. The regression results
show that IIP adoption significantly increases the importance of distant customers, provid-
ing evidence of the effect of IIPs on expanding the geographical reach of the supply chain,
particularly from the perspective of sales distribution.

4.2.4. Replacing the Sample

We use a balanced panel consisting of NEV firms that remained listed between 2013
and 2022. This sample highlights the stability of firms under the industrial policy and
securities regulatory environment. First, in 2013, the State Council issued the “Several
Opinions on Promoting the Deep Integration of Informationization and Industrialization”,
marking the official launch of the strategic layout of the industrial Internet. In addition,
leading companies such as Huawei, Alibaba, and Haier gradually began to deploy indus-
trial internet and conducted pilot projects and applications starting from 2013. Second, we
exclude the exogenous shocks related to the disclosure of operational data required by the
China Securities Regulatory Commission, which occurred when focal firms were listed or
delisted during the studied period. Column (3) in Table 5 shows that the impact of IIPs on
the geographical distance remains significant.
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Table 5. Results of robustness checks.

Variables

(1) (2) (3)
Controlling Regions

and Industries
Replacing the

Dependent Variable
Replacing the

Sample

Dist Remote Dist

IIP 0.0832 *** 0.1393 * 0.0441 **
(0.0312) (0.0718) (0.0185)

Staff 0.0249 0.1698 ** −0.0087
(0.0285) (0.0834) (0.0252)

Mobility −0.1138 −1.2677 −0.6878
(0.2750) (0.7841) (0.9524)

Growth −1.83 × 10−5 *** −2.66 × 10−5 *** −8.91 × 10−6 ***
(2.70 × 10−6) (8.54 × 10−6) (8.37 × 10−6)

ROE −0.0002 −0.0019 −0.0004
(0.0007) (0.0025) (0.0010)

RD 0.0140 0.01782 0.0157
(0.0134) (0.03658) (0.0282)

Dist_DC 0.0010 * −0.0019 ** −0.0168
(0.0005) (0.0009) (0.1881)

Concent_Sup −0.0810 −0.4805 ***
(0.0840) (0.1812)

Concent_Cus −0.1841 *** −0.2035
(0.0597) (0.2948)

Constant 5.4833 *** −3.7364 *** 6.3705 ***
(0.2747) (0.7746) (0.3868)

Industry FE YES NO NO
Province FE YES NO NO

Year FE YES YES YES
Firm FE YES YES YES

Observations 1139 1103 795

Adjusted R2 0.5013 0.3118 0.4982
Clustering robust standard errors are in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.

4.3. Heterogeneity Analysis

Enterprises at various levels—organizational, industrial, and regional—differ in terms
of access to external knowledge sources, diversity of industrial support, and the maturity
of market development. These factors result in variations in how IIP application affects the
geographical distance to customers. The heterogeneity effects of focal firms’ specialization
and social embedding in downstream supply chains are shown in Table 6. The hetero-
geneity effects of regions and roles in the industry chain are displayed in Table 7. And the
heterogeneity effects of ownerships and innovation dynamics are displayed in Table 8.

4.3.1. Specialization

We group the samples based on the median value of SZ across all samples in the
same year, distinguishing them by degree of specialization. It is assumed that when a
focal company operates in a context of higher specialization, it has fewer cross-industry
connections downstream, making it more reliant on IIPs to provide diverse market informa-
tion and technical knowledge. In Table 6, column (1) shows that for NEV enterprises with
higher specialization, the effect of IIPs on increasing geographical distance is significant.
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In contrast, column (2) shows that when they establish more relationships with clients
outside the NEV industry, IIPs do not contribute to the expansion of their geographical
sales range. This supports the heterogeneity effect of specialization on the extension of
customer geographical distance via IIPs.

4.3.2. Social Embedding

The median value of SE across all samples within the same year is used as the threshold
to define social embedding. We argue that clients with closer equity or managerial ties to the
focal firms share similar cognitive foundations, decision-making habits, and technological
capabilities. Therefore, enterprises whose sales are more dependent on affiliated parties
are more likely to experience the “lock-in” effect of social embeddedness. Such firms
require the openness provided by IIPs to enhance technical knowledge and seize market
opportunities. The results in columns (3) and (4) of Table 6 support our hypothesis. When
firms in the NEV industry are more embedded in socially networked relationships based
on business ties, the effect of IIPs on geographical distance expansion is significant. No
such effect of IIPs on geographical distance is observed when buyers are more distantly
related to the firm.

Table 6. Results of heterogeneity analysis by specialization and social embedding.

Variables

(1) (2) (3) (4)
SZ SE

High Low High Low

Dist Dist Dist Dist

IIP 0.1139 *** 0.0411 0.0700 *** 0.0870
(0.0407) (0.0481) (0.0256) (0.0647)

Staff 0.0756 −0.0066 0.0017 0.1678
(0.0516) (0.0288) (0.0263) (0.1048)

Mobility −0.0562 0.0711 −0.3231 −0.3621
(0.6759) (0.4380) (0.2063) (0.7449)

Growth −0.0004 −3.63 × 10−5 *** −8.30 × 10−6 *** −0.0003
(0.0008) (4.99 × 10−6) (2.83 × 10−6) (0.0012)

ROE 0.0008 0.0006 0.0001 0.0015
(0.0019) (0.0009) (0.0008) (0.0015)

RD 0.0320 * −0.0032 0.0311 * −0.0036
(0.0174) (0.0195) (0.0183) (0.0236)

Dist_DC 0.00233 0.0003 0.0020 *** −0.0006
(0.0638) (0.0006) (0.0005) (0.0006)

Concent_Sup −0.0382 −0.1272 −0.0779 −0.1527
(0.1214) (0.1387) (0.0669) (0.1440)

Concent_Cus −0.3159 *** −0.0906 −0.1405 *** −0.1904 *
(0.0961) (0.0662) (0.0531) (0.1001)

Constant 5.0272 *** 5.7102 *** 5.4723 *** 4.5989 ***
(0.4628) (0.3092) (0.3424) (0.9132)

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

Observations 596 523 627 504

Adjusted R2 0.4638 0.5926 0.6221 0.4728
Clustering robust standard errors are in parentheses; * p < 0.10, *** p < 0.01.
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Table 7. Results of heterogeneity analysis by region and role in the industry chain.

Variables

(1) (2) (3) (4)
Regions Roles in the Industry Chain

Eastern Non-Eastern
Complete

Vehicle
Manufacturers

Upstream/Downstream
Enterprises

Dist Dist Dist Dist

IIP 0.1020 ** 0.0462 0.0025 0.1068 ***
(0.0410) (0.0395) (0.0326) (0.0382)

Staff 0.0248 0.0109 −0.0140 0.0206
(0.0298) (0.0325) (0.0410) (0.0277)

Mobility 0.1915 −0.9147 0.0158 0.0891
(0.278) (0.7155) (0.2586) (0.5712)

Growth −0.0003 −1.05 × 10−5 *** −1.63 × 10−5 *** −0.0003
(0.0009) (5.96 × 10−6) (3.61 × 10−6) (0.0007)

ROE −0.0008 0.0011 0.0004 −0.0005
(0.0011) (0.0009) (0.0008) (0.0010)

RD 0.0103 0.0301 0.0281 * 0.0155
(0.0165) (0.0238) (0.0149) (0.0137)

Dist_DC −2.0716 0.0011 ** 0.0008 −2.9298 ***
(1.2563) (0.0005) (0.0005) (0.7057)

Concent_Sup −0.1513 0.0575 0.0945 −0.1210
(0.1042) (0.0728) (0.0957) (0.0950)

Concent_Cus −0.2335 *** −0.133 −0.0499 −0.2435 ***
(0.0752) (0.107) (0.0797) (0.0715)

Constant 5.8744 *** 5.8752 *** 6.1251 *** 6.1255 ***
(0.4198) (0.3404) (0.4350) (0.2983)

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

Observations 839 318 204 953

Adjusted R2 0.5012 0.5192 0.4544 0.5092
Clustering robust standard errors are in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.

4.3.3. Regions

Most NEV industry clusters are concentrated in the eastern region, due to its superior
infrastructure, industrial support, and business environment compared to other regions.
This study suggests that more developed regions are better positioned to leverage the
positive impact of IIPs on geographical distance. On the one hand, the automotive sup-
ply network spans multiple clusters, with trade interactions and cooperative innovation
ties between them being closely interconnected [92]. A reliable institutional foundation
facilitates the establishment of standardized connections between geographically distant
locations via IIPs. On the other hand, NEV enterprises in the eastern region need to explore
larger market potentials to sustain ongoing investment in R&D and new product advance-
ments, particularly in the context of the Chinese government’s commitment to building
a unified national market. The central, western, and northeastern regions offer market
potential for industrial gradient overflow and labor cost advantages, along with unique
endowments in certain digital infrastructure and raw materials [93], such as data centers
and key minerals in the western region. Regional advantages drive firms in the eastern
region to establish long-distance trade links. Columns (1) and (2) in Table 7 display the
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regional differences, revealing that IIPs significantly increase the geographical distance to
customers for enterprises located in the eastern region, while no such effect is observed in
non-eastern regions.

4.3.4. Roles in the Industry Chain

The profitability of the NEV extends to both upstream and downstream segments
of vehicle manufacturing, which means that the iteration speed of product performance,
manufacturing technology, and business models is faster in these segments. Complete
vehicle manufacturers are primarily responsible for integrating different modules to form a
complete vehicle, and they follow relatively fixed technological paths and sales channels.
In contrast, upstream and downstream manufacturers are engaged in the R&D and man-
ufacturing of components for smart products and vehicle networking systems, requiring
them to build strong information and innovation networks to access diverse knowledge.
Columns (3) and (4) in Table 7 highlight the differences between roles in the industry
chain, revealing that for upstream/downstream firms, the effect of IIPs on expanding
the geographical distance to customers is significant, while no such effect is observed for
complete vehicle manufacturers.

4.3.5. Ownership

Private enterprises, compared to SOEs, tend to have flatter internal organizational
structures and employ more flexible approaches to market competition [94,95]. Thus, IIP
adoption is assumed to play a crucial and effective role in helping private enterprises
acquire complementary innovation capabilities. In contrast, the digital transformation
dynamics and effectiveness of SOEs may be more limited [96]. Columns (1) and (2) in
Table 8 show that, for both private enterprises and SOEs, IIPs significantly increase the
geographical distance to customers, with the effect being even more pronounced for SOEs.
Therefore, we cannot conclude that SOEs in the NEV industry lag behind private enterprises
in utilizing IIPs to optimize the geographic distribution of their supply chains.

4.3.6. Innovation Dynamics

Innovative SMEs are vulnerable to digital transformation policies and market demand
fluctuations, necessitating the urgent adoption of digital tools for supply chain integra-
tion [97]. As a result, innovative SMEs may excel in expanding the geographic distribution
of their supply chains via IIPs compared to their larger counterparts. However, as shown
in columns (3) and (4) of Table 8, the impact of IIPs on geographical distance is negligible
for smaller GEM/STAR firms with higher levels of digitized supply, whereas it remains
significant for Main Board firms. A plausible explanation is that, despite the relevance
of their digital product offerings, innovative SMEs lack the dynamic capabilities and or-
ganizational resources necessary for market engagement [98]. These deficiencies hinder
their ability to leverage digital capabilities effectively through IIPs, limiting their perceived
value to geographically distant customers.
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Table 8. Results of heterogeneity analysis by ownership and innovation dynamic.

Variables

(1) (2) (3) (4)
Ownership Innovation Dynamics

Non-SOE SOE GEM or STAR Main Board

Dist Dist Dist Dist

IIP 0.0800 ** 0.1058 ** −0.0337 0.1163 ***
(0.0401) (0.0501) (0.0754) (0.03164)

Staff 0.0314 −0.2000 *** −0.2587 −0.06940
(0.0264) (0.0701) (0.1754) (0.1094)

Mobility −0.0133 −2.1133 −0.1396 −0.2082 ***
(0.2251) (1.5671) (0.1182) (0.07272)

Growth 0.0009 −0.00000313 0.0715 −0.01719
(0.0007) (0.0000122) (0.0666) (0.02826)

ROE −0.0007 0.0004 −0.3566 −0.1091
(0.0011) (0.0009) (0.3351) (0.6031)

RD 0.0086 0.0412 ** 8.86 × 10−4 −1.44 × 10−5 **
(0.0147) (0.0177) (0.0012) (5.658 × 10−6)

Dist_DC −2.3681 0.0013 ** −0.0006 5.42 × 10−6

(2.1041) (0.0005) (0.0023) (0.0007)

Concent_Sup −0.0710 −0.1117 0.0221 0.0093
(0.0865) (0.1357) (0.0318) (0.0127)

Concent_Cus −0.2709 *** −0.0951 9.1929 0.0011 ***
(0.0843) (0.0907) (8.8985) (0.0003)

Constant 5.9347 *** 7.3544 *** 2.8492 5.8410 ***
(0.5476) (0.5750) (2.3113) (0.3044)

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

Observations 716 439 309 848

Adjusted R2 0.5224 0.5470 0.3422 0.5644
Clustering robust standard errors are in parentheses; ** p < 0.05, *** p < 0.01.

5. Conclusions and Discussion
In a product supply system characterized by time compression and spatial extension,

IIP adoption plays a crucial role in supply chain management. This study addresses the
paradox of the impact of IIPs on geographical distance to customers within the context of
digital transformation, exploring the relationship between the adoption level of IIPs by
listed companies in China’s NEV industry and the geographical distance to their customers.
The model results confirm that an increase in the adoption level of IIPs by focal firms
leads to a greater average geographical distance between them and their clients. This
finding remains robust even after addressing endogeneity concerns and performing various
robustness tests. Additionally, the effect of IIP adoption on geographical distance to
customers exhibits heterogeneity. The effect of IIPs in expanding the geographic scope
of sales holds only when the focal firm has a higher degree of specialization or social
embedding within its supply chain. Furthermore, IIP adoption significantly increases the
geographical distance to customers when the focal firm is located in China’s eastern region
or acts as an upstream/downstream firm in the industry chain. Interestingly, no significant
difference was found in the impact of IIP adoption between private enterprises and SOEs.
Regardless of ownership type, IIPs help expand the geographical scale of downstream
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trading relationships. However, the impact of IIPs on increasing geographical distance to
customers does not extend to innovative SMEs.

A study on the supply chain network of a large automotive group reveals that the pro-
duction spatial layout of China’s automotive industry is highly dependent on the modular
production model [32]. Due to reduced transportation costs and increased knowledge shar-
ing, supply chains now favor cross-regional division of labor over local suppliers [32]. The
development of NEV has contributed to a more geographically open industrial landscape,
as suppliers of core components (batteries, motors, electric control systems) gain greater
bargaining power, reducing the imperative to establish branches near downstream vehicle
assembly plants [53]. The findings of this paper support the assertion that the information
transparency and common data infrastructure provided by IIPs will further enhance the
geographical decentralization at both ends of the product stream. Conversely, suppliers
with diverse offerings foster flexibility in digital products and services, enabling them to
reach geographically dispersed clients and maintain knowledge links that are not confined
to specific regions. Consequently, the “beyond-locality” supply chain configuration has not
created pronounced regional agglomeration effects and excessive geographic proximity
that might be influenced by IIP adoption. The decreasing effect of IIPs on geographical
distance was not confirmed.

In the context of China’s strategy to promote national economic circulation and cre-
ate a unified national market, this study offers the following policy implications. First,
there must be a clear understanding of the impact of new digital technologies on inter-
organizational labor division, highlighting the potential spatial reconfiguration resulting
from the integration of “digital” and “physical” elements in manufacturing and the trans-
formation of services within the supply chain. Second, to better harness regional industrial
advantages, it is crucial to build industrial internet infrastructure and establish appropriate
institutional arrangements for IIPs. IIPs can attract external resource flows, complementing
diverse knowledge assets. By fostering a diverse creative environment and establishing
decentralized governance models, geographically proximate clusters can be revitalized.
Third, to enhance the spatial flexibility of the supply chain, enterprises must align their busi-
ness development strategies with digital production factors and leverage IIPs to broaden
market opportunities and partnership options. Fourth, the government should design
and implement heterogeneous IIP application promotion policies tailored to the specific
characteristics of enterprises, including their varying degrees of specialization, levels of
social embeddedness, geographic regions, positions within the industrial chain, and in-
tensity of digital innovation. For entities demonstrating significant IIP effects, priority
should be given to establishing pilot programs. Conversely, for those with less pronounced
effects, a phased promotion strategy combined with differentiated subsidy schemes should
be adopted.

The research limitations of this paper and the corresponding future research avenues
regarding this topic are as follows. Firstly, this study focuses on the context of China’s
NEV industry; thus, the generalizability of the conclusions regarding the effect of IIP
adoption on supply chain geography may be limited. Across different industries, the
relevance and impact of industrial specialization and collaborative innovation on supply
chain geography vary significantly, potentially leading to differences in the geographic
effects of IIPs. Furthermore, across countries, beyond industry-level factors, variations
in economic and socio-institutional contexts may further shape the effect of IIPs through
other elements within national innovation systems. In light of these considerations, we
call for additional complementary evidence or perspectives from cross-industry and cross-
country comparative studies to deepen our understanding of the relationship between
IIPs and geographic proximity to customers. Secondly, it is observed that the applicability
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of IIP effects may not extend to innovative SMEs. Nonetheless, these firms often possess
favorable resources for digital transformation. To broaden the research scope and include
“grassroots” firms—those less driven by capital markets—future research should shift its
focus to non-listed companies. This represents an important and promising avenue for
investigation. Thirdly, while this study validates the main effects of IIP adoption, the
mechanism through which IIP adoption influences the geographical distribution of supply
chains remains unclear. Future research employing large-scale surveys with econometric
methods, complemented by case studies focusing on specific firms or their production
processes, could provide valuable insights into this topic.
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Abbreviations

IIPs Industrial Internet Platforms
NEV new energy vehicle
IoT Internet of Things
MIIT the Ministry of Industry and Information Technology of China
M state-owned enterprise
ICT information and communication technology
CSMAR China Stock Market & Accounting Research Database
SMEs small- and medium-sized enterprise

Appendix A
The IIP adoption guidelines and lexicon are presented in Table A1.

Table A1. IIP adoption guidelines and lexicon in NEV industry.

Layers Guideline Lexicon

Electrically powered drive
systems

Vehicle manufacturability
Production capacity

Joint R&D of battery and powertrain
Intelligent manufacturing

Charging and switching facility
operation

Electricity grid management

Intelligent Data Analytics/Distributed
Computing/Decentralized/Internet of Things/Edge

Computing/Multi-Party Secure Computing/Converged
Architecture/Mobile Computing/Data

Visualization/Heterogeneous Data/Intelligent
Terminals/Intelligent Information Systems/Cloud
Platforms/Cloud Systems/Cloud Devices/Cloud

Facilities/Cloud Terminals/Big Data Platforms/Big
Data Devices/Big Data Information Systems/Industrial

Internet/Digital Technology/5G Technology/Smart
Manufacturing/Smart Power Grid/Smart Energy
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Table A1. Cont.

Layers Guideline Lexicon

Information interconnected
ecosystems

Electrical and electronic architecture
Semiconductors

Smart cockpit
Center console
Smart chassis

Internet infrastructure
Internet-enabled service content

User experiences regarding connected
automobiles

B2B data services

Artificial Intelligence/Intelligent Data
Analytics/Machine Learning/Semantic Search/Face

Recognition/Speech Recognition/Identity
Verification/Intelligent Q&A/Distributed

Computing/Decentralized/Internet of Things/Edge
Computing/Multi-Party Secure Computing/Converged

Architecture/Mobile Computing/Big Data/Data
Mining/Augmented Reality/Mixed Reality/Virtual

Reality/Intelligent Terminals/Intelligent Information
Systems/Cloud Platforms/Cloud Systems/Cloud

Equipment/Cloud Facilities/Cloud Terminal/Big Data
Platform/Big Data Facility/Big Data Equipment/Big

Data Information System/Artificial Intelligence
Platform/Artificial Intelligence Infrastructure/Artificial

Intelligence Equipment/Artificial Intelligence
System/Mobile Internet/Industrial Internet/Digital

Technology/Human–Computer Interaction/Intelligent
Planning/Intelligent Optimization/Intelligent
Environmental Protection/Smart Grid/Smart

Transportation/Internet+

Intelligent assisted driving Complete vehicle manufacturing

Artificial Intelligence/Image
Understanding/Supervised Learning/Deep

Learning/Computer Vision/Unmanned Driving/Data
Mining/Learning Algorithms/Autonomous

Driving/Intelligent Terminal/Intelligent Information
System/Cloud Platform/Cloud System/Cloud

Devices/Cloud Facilities/Cloud Terminal/Big Data
Platform/Big Data Facilities/Big Data Equipment/Big

Data Information System/Artificial Intelligence
Platform/Artificial Intelligence Infrastructure/Artificial

Intelligence Equipment/Artificial Intelligence
System/Mobile Internet/Digital

Technology/Human–Computer Interaction/Intelligent
Planning/Intelligent Optimization/Intelligent

Transportation/Internet+

Notes
1 In this paper, NEV is defined as a vehicle that relies entirely or mainly on new types of sources of energy, including pure electric

vehicles (EV), plug-in hybrid electric vehicles (PHEV), and fuel cell vehicles (FCEV), which is in line with MIIT.
2 Qichacha (https://www.qcc.com/) is a commercial database focused on enterprises, drawing data from the national enterprise

credit information public system and various public databases, including business registration information and other publicly
available records.
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