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Abstract

The integration of artificial intelligence and search technology is transforming traditional
online shopping models, particularly cross-border e-commerce (CBEC), which involves
complex customer multi-attribute decision-making with numerous considerations. This
study systematically examines the influence of artificial intelligence on the high-quality
advancement of CBEC and its underlying mechanisms using panel data from 30 Chinese
provinces covering the period 2013-2023. The study found a significant positive correlation
between artificial intelligence and cross-border e-commerce. This conclusion remains valid
after a series of robustness tests (including removing the interference of pandemic-related
data, substituting core explanatory variables, substituting the dependent variable, and
lagging explanatory variables by one period). Mechanism analysis indicates that the
positive impact of Al on the high-quality development of cross-border e-commerce is
realized through improvements in logistics capabilities and the unlocking of consumer
potential, with mediation effects accounting for 40.27% and 17.02%, respectively. Threshold
model results show that the positive impact of Al on the high-quality development of
cross-border e-commerce exhibits a single threshold effect based on the level of human
capital; once human capital exceeds the threshold value, the coefficient further increases.
Heterogeneity analysis reveals that Al has the most significant empowering effect on the
development of cross-border e-commerce in the eastern regions; however, its impact on
the central and western regions is relatively minor. It is worth noting that Al exerts its
empowering effect more effectively in regions with high e-commerce procurement activity,
whereas the relationship is not significant in regions with low activity.

Keywords: artificial intelligence; CBEC; service efficiency; human capital

1. Introduction

Alongside economic restructuring and industrial upgrading, CBEC is emerging as a
novel impetus for China’s economic development, a novel avenue for digital transformation
and enhancement, and a novel pillar of high-quality development. Furthermore, the growth
of new trade models such as digital trade and green trade has accelerated significantly,
while the implementation of the Regional Comprehensive Economic Partnership (RCEP)
has created fresh opportunities for the deepening of regional cooperation and offers broad
prospects for the development of CBEC [1].

However, China’s transnational electronic commerce sector currently faces many
challenges. For instance, previous research shows that the high-quality development of
CBEC is hindered by inadequate implementation of fundamental digital technologies and
the need to enhance the service capabilities of ‘new digital infrastructure’ [2]. It has been
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argued that improper management during the development of ‘overseas warehouses’ can
easily lead to stock overflow issues [3]. Scholarsbelieve that platforms are highly similar,
with regional characteristics not being sufficiently distinct [4]. Such issues highlight the
need for the CBEC industry to adapt to the new era through new drivers, new technologies,
new business models, and, most especially, through the utilization of artificial intelligence.

Amidst the swift advancement of artificial intelligence technologies, human society
is accelerating its transition into the intelligent economy era, and the advancement of
Al has become a crucial factor influencing national economic and social development.
Indeed, digital information technologies, centered on the internet, big data, and cloud
computing, have disrupted the traditional economic development model dominated by
the industrial economy, spawning an entirely new techno-economic paradigm [5,6], and
the “tool revolution” and ‘decision-making revolution” brought about by Al are driving
profound industrial transformation [7]. For the CBEC sector, Al technologies, particularly
generative Al, not only enable faster collection and aggregation of transaction data and
the identification of user needs, thereby facilitating the precise matching of products with
demand, but also help create new product forms, which has important implications for the
high-quality development of China’s CBEC.

The current academic research on the influence of artificial intelligence on economic
development primarily focuses on changes in employment, enhancing corporate innovation
capabilities, accelerating the innovation process, building supply chain resilience, and the
metamorphosis and enhancement of industrial frameworks. Firstly, the most notable
feature of artificial intelligence is its ability to endow machinery with intelligence, enabling
it to replace humans in performing specific tasks [8,9]. In this regard, it is indicatedthat Al
technology can replace part of the workforce with intelligent machines, and thereby reduce
enterprises’ production costs [10]. Secondly, it has been arguedthat Al, through multiple
pathways including the acceleration of knowledge generation and technology spillovers,
the enhancement of learning and absorption skills, and the augmentation of investment
in research, development, and talent, can not only upgrade existing technologies but also
shorten the innovation process [11,12]. Finally, the development of artificial intelligence
has raised productivity levels and accelerated economic growth. Through deep integration
with traditional manufacturing, it is driving the transformation of traditional production
methods towards intelligent systems, thereby increasing effective demand for industrial
development and ultimately improving industrial structure [13,14] whilst elevating the
structural level of the modern service sector.

Regarding the role of artificial intelligence in CBEC, it is foundthat Al can enhance
operational efficiency whilst improving the customer experience [15]. Research also in-
dicates that Al can provide direct design and sales solutions for specific products; for
instance, generative Al can efficiently produce cross-cultural design proposals, facilitating
the international spread of paper-based cultural and artistic items [16].

In summary, whilst domestic and international scholars have extensively examined the
impact of Al in the economic sphere, research gaps remain. There has been little research
into the impact of artificial intelligence on the high-quality development of cross-border
e-commerce, nor has there been any empirical analysis of its underlying mechanisms.
Consequently, panel data from 30 Chinese provinces covering the period 2013-2023 are
used to reveal the influence of Al on the high-quality development of CBEC. By constructing
dual-mediation and single-threshold models, we empirically test the promotional role of
Al in this area, the threshold effect of human capital levels, and the heterogeneous impacts
across different regions with varying levels of e-commerce procurement activity.
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2. Theoretical Examination and Research Hypotheses
2.1. The Direct Impact of Artificial Intelligence on the High-Quality Development of CBEC

With the deepening integration of global trade and the rapid development of CBEC,
traditional CBEC logistics enterprises are facing unprecedented challenges such as infor-
mation asymmetry, low operational efficiency, and high costs [17]. Artificial intelligence
may be the solution. Through iterative learning and algorithm optimization, artificial
intelligence can enhance system operational efficiency, drive innovation in cross-border
e-commerce online marketing strategies, accurately identify customer needs, and improve
the operational efficiency of logistics networks, thereby promoting the high-quality de-
velopment of CBEC. In terms of optimizing resource allocation and reducing transaction
costs, Al can leverage its learning capabilities to continuously generate new knowledge
and iterate algorithms based on big data resources, thereby mitigating biases arising from
human judgment [18]. Specifically, generative artificial intelligence lowers research and
development trial-and-error costs through a “cloud-based trial-and-error” mechanism,
replacing repetitive manual labor with automated content generation, refining the identi-
fication of consumer needs, and improving supply chain responsiveness via multimodal
data analysis [19,20].

In 2026, scholars created a theoretical foundation for describing how artificial intelli-
gence (Al) reshapes international business (IB) [21]. They argued that, for multinational
enterprises, Al facilitates centralized control by enabling better integration and the real-
time visibility of global operations while improving operational efficiency by supporting
real-time coordination and reducing decision-making costs. For CBEC specifically, the
development of cross-border e-commerce enterprises requires real-time awareness of global
market conditions and real-time responses to orders, inventories, and customer demand.
Thus, by deploying Al, cross-border e-commerce firms can integrate global operations,
cut decision-making costs, and advance the high-quality development of cross-border e-
commerce. This provides a theoretical basis for the argument that Al promotes cross-border
e-commerce development.

Al also transforms how multinational corporations learn, innovate, develop resources
and capabilities, and make cross-border decisions. It has been suggested that Al exerts
impacts on international business through information processing, content creation, and
autonomous action [21]. Furthermore, the growth of cross-border e-commerce demands
that managers integrate global resources for market positioning, product selection, and
digital influence, and Al adoption accelerates the efficiency of these processes, enabling
personalized marketing strategies tailored to target markets. Moreover, the deployment of
intelligent recommendation and intelligent review systems helps attract more target cus-
tomers, while three-dimensional dynamic marketing technologies create new opportunities
to build customized, immersive, and engaging shopping experiences [22]. Jointly driven
by the above multi-layered mechanisms, artificial intelligence empowers every segment of
CBEC operations and serves as a core driver for its high-quality development. Accordingly,
the following research hypothesis is proposed:

Hypothesis 1. Artificial intelligence can promote the high-quality development of CBEC.

2.2. Examination of the Mechanisms by Which Artificial Intelligence Propels the High-Quality
Development of CBEC

Artificial intelligence fuels the high-quality growth of CBEC via two core channels: lo-
gistics capacity advancement and consumer demand stimulation. In terms of the first chan-
nel, Al has sparked constant technological breakthroughs across industries and spawned
innovative practical applications in numerous scenarios [23,24]. Previous research shows
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that the integration of artificial intelligence and modern logistics greatly elevates the opera-
tional efficiency of conventional logistics systems, broadens service coverage, and creates
favorable conditions for logistics firms to optimize scheduling arrangements [25,26].

When processing massive transport data, artificial intelligence strengthens logistics
enterprises” capacity to collect and analyze information, guaranteeing data authentic-
ity and an instant response. Such robust data infrastructure helps businesses improve
their operational efficiency while tackling prevalent obstacles, including excessive depen-
dence on manual work and barriers to internal information sharing [27-29]. Meanwhile,
upgraded cognitive computing power and Al-enabled service model innovations sup-
port data-supported, flexible decision-making amid complex operations, while immersive
virtual reality (VR) technology is reshaping the logic of traditional e-commerce [30], sub-
stantially increasing supply chain resilience and pushing it into a new transformative
phase [31,32]. Furthermore, by adopting dynamic route planning, intelligent warehouse
allocation, and streamlined cross-border customs clearance, Al can cut delivery lead times,
eliminate major pain points and bottlenecks in cross-border logistics, and accelerate the
intelligent, efficient, and collaborative transformation of CBEC supply chains.

In terms of the second core channel, which relates to consumer demand and behavior,
it has been argued that artificial intelligence lowers consumers’ information search costs,
eases the cognitive load caused by processing abundant product data, raises purchase
willingness, and optimizes matching efficiency between buyers and commodities, as well
as the quality of consumer decisions [33,34]. It is indicated that intelligent data analytics
allow enterprises to deliver customized communications and refine decision-making by
mining consumer information [35,36]. In some cases, firms can even predict latent user
demands ahead of consumers themselves and thus cultivate new consumption trends
through innovative business practices.

Artificial intelligence can also leverage machine learning to replicate human percep-
tion, reasoning, and interactive functions, delivering tailored product recommendations to
individual users, while customized suggestion algorithms can improve consumer satisfac-
tion, stimulate purchasing intentions, and boost conversion and repurchase rates simulta-
neously [37]. For example, mainstream shopping applications recommend matching goods
and promotional activities based on users’ search keywords and browsing trajectories.

Drawing on the above analysis of Al’s two core channels, this study puts forward the
following research hypothesis:

Hypothesis 2. Artificial intelligence promotes the high-quality development of CBEC by enhancing
logistics capabilities and stimulating consumption.

2.3. The Threshold Characteristics of Artificial Intelligence, High-Quality Development of CBEC,
and Human Capital

Artificial intelligence (AI) has become one of the most influential digital technologies
in recent decades. However, as a knowledge-intensive technology, it inherently requires a
highly skilled workforce and thus represents a skills-biased technological advance [38,39];
therefore, human capital is needed to facilitate its integration into the cross-border e-
commerce industry [40]. Indeed, the application of complex equipment and the inten-
sification of research and development activities will significantly increase enterprises’
demand for highly skilled labor and further reduce the employment of low-skilled work-
ers [41,42]. Furthermore, after CBEC enterprises have introduced Al product selection
models, intelligent marketing systems, and automated customer service bots, the products
cannot be put into use immediately; instead, they require multi-skilled personnel with a
data-driven mindset to continuously fine-tune system parameters. This has driven demand
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for technical and research and development personnel whilst simultaneously fostering
human-machine interaction. Employees are encouraged to learn and use cutting-edge
Al technologies, thereby deepening their understanding of Al and related technologies to
better adapt to the changing nature of work in the Al era.

Moreover, even though Al systems can efficiently handle data processing, their ability
to identify unstructured risks is limited, and they find it even more difficult to make
judgements requiring ‘situational intelligence’, such as those involving institutional changes
or cultural sensitivities. Thus, when human capital accumulation is insufficient, enterprises
are constrained by a ‘skill gap” and are unable to fully utilize the benefits brought by
technology; the practical application of artificial intelligence enters a state of ‘having
the equipment but lacking the talent’. Furthermore, it has been argued that integrating
human capital into cross-border e-commerce operations can also stimulate innovation and
accelerate the pace of innovation in new products and business models [43].

Ultimately, there is a trade-off in Al implementation: on the one hand, realizing
the value of collaboration between humans and Al brings ‘invisible’ benefits to CBEC
enterprises and their staff [44,45]; on the other hand, enterprises must recruit multi-skilled
professionals who possess both data-driven thinking and international business capabilities.
Such employees are tasked with operating Al tools, adjusting algorithmic outputs, and
identifying risks present in CBEC transactions.

Thus, the following research hypothesis is posited:

Hypothesis 3. The promotional effect of artificial intelligence on CBEC exhibits a threshold effect
based on the level of human capital.

3. Research Design
3.1. Model Construction

Following a Hausman test that yielded a p-value of less than 0.05, the following two-
way fixed effects model is constructed to examine the impact of artificial intelligence on the
high-quality development of CBEC:

Cbecpt = Bo + B1Alps + Ocontrols + 61 + yp + €pt 1)

where p denotes the province, t represents the year, Al represents the level of Al devel-
opment, Cbec denotes the high-quality development of CBEC in the province, controls
represents all control variables, v, t, €+ denote the firm-level fixed effect, the year-level
fixed effect, and the random disturbance term, respectively, By represents the constant term,
and B4, 8 represent the variable coefficients.

To investigate the probable processes by which artificial intelligence facilitates the
advancement of CBEC, a mediation model based on Equation (1) is constructed, where
log,,, Consumption,,, represent the logistics capacity and consumption level, respectively.

logpt = &g + a1 Al + Ocontrols + 6t + yp + ept (2)

Cbecpr = Po + P1AIpt + Palog,, + Ocontrols + 6 +vp + &pr 3)
Consumption,,, = po + p1Alp + Ocontrols + 6t 4 yp + €pt 4)
Cbecpt = Bo + B1AIpt + p2Consumption,,, + Ocontrols + 6t + vp + €pt 5)

To investigate the threshold effect, the following threshold effect model is constructed:

Cbecyr = Bo + P1ALpe-I(Humpy < A) + BoAlp-I(Humpy > A)Bcontrols + 6 + yp + €pt (6)
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where Hum,; denotes the extent of human capital; I(-) denotes the indicator function; and
A denotes the threshold value.

3.2. Selection of Variables

In this study, the level of cross-border e-commerce development (Cbec) is selected as
the dependent variable. Based on a provincial-level analysis, It has been argued that factors
including transportation infrastructure, foreign direct investment, and degree of openness
are closely associated with the operational performance of cross-border e-commerce: circu-
lation infrastructure, such as highways and railways, improves cross-border e-commerce
operational performance by raising trade efficiency and reducing transaction costs, while
foreign direct investment and openness also exert significant positive effects on cross-border
e-commerce operational performance [46].

To reflect the long-term logistics carrying capacity and commodity circulation capacity
in cross-border e-commerce development, this study uses railway mileage, highway mileage,
and per capita express delivery volume, capturing both sustainable development capacity
and efficiency performance. Foreign trade dependence, the number of foreign-invested
enterprises, and outward foreign direct investment are selected to reflect regional openness,
international market linkages, and the capacity for international resource allocation [47],
so as to characterize the openness features and structural optimization of cross-border e-
commerce development. The above indicators describe the foundational conditions for cross-
border e-commerce development from the perspectives of logistics efficiency, openness, and
resource allocation, consistent with the efficiency gains, sustainable development capacity,
and structural optimization emphasized in high-quality development.

Next, an evaluation index system (Table 1) for the level of cross-border e-commerce
development is constructed using core indicators such as foreign trade dependence [4].
First, the min-max normalization method is applied to standardize raw indicators and thus
eliminate the impacts of dimensional differences and magnitude disparities across indica-
tors. Then, objective weighting of each indicator is carried out based on the information
entropy and coefficient of difference calculated for each indicator. Finally, the composite
score is computed as the weighted sum of standardized indicator values multiplied by
their respective weights.

Table 1. Indicator framework for Cbec development assessment.

Primary Indicator

Secondary Indicator Tertiary Indicators Weight

Level of Cbec

Railway length (10,000 km), road length 0.1710

Logistics Infrastructure (10,000 km), per capita express delivery volume 81%?
Foreign trade dependence ratio, 0.1537

Trade Infrastructure number of foreign-invested enterprises, 0.1883
value of outward direct investment 0.1796

The establishment of comprehensive pilot zones for cross-border e-commerce is a
major initiative in China’s efforts to build a new system for an open economy; the creation
of these zones can significantly promote the development of cross-border e-commerce
in cities [48]. As a form of digital infrastructure, broadband serves as a fundamental
enabler for the development of cross-border e-commerce [49]. This paper selects the
number of regional cross-border e-commerce comprehensive pilot zones and broadband
penetration rate as indicators [50]. The validity of the indicator system is tested using the
criterion correlation method, with broadband penetration rate measured as the number of
households with broadband access per 100 households. As shown in Table 2, high-quality
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development of cross-border e-commerce is significantly and positively correlated with
both the number of comprehensive cross-border e-commerce pilot zones and broadband
penetration at the 1% significance level, which is consistent with expectations and indicates
that the constructed indicator system can effectively characterize the level of high-quality
development in cross-border e-commerce.

Table 2. Test for the Correlation Between the Effect and the Criterion.

Variable Cbec Cbec Pilot Zone
Cbec 1
Cbec pilot zone 0.65 *** 1
Cbec Broadband penetration
Cbec 1
Broadband penetration 0.36 *** 1

Note: *** p < 0.01, heteroscedastic-robust standard errors in brackets.

Artificial intelligence (AI) is chosen as the core explanatory variable. Through pre-
cision marketing, improved production efficiency, efficient logistics, and business model
innovation, artificial intelligence comprehensively drives the transformation of CBEC, from
scale expansion to enhancements in quality and economy, serving as the core technological
engine for achieving high-quality development; however, the existing literature has not yet
established a unified measurement framework for measuring artificial intelligence.Scholars
indirectly capture real-world Al adoption by measuring robot installation density [51].
Previous research use the number of Al patent applications as a proxy for artificial in-
telligence [10]. Some scholarsdevelop an approach to identify Al firms using firm-level
data extracted from the Tianyancha database [13]. Thescholars [52] employ the natural
logarithm of the number of regional Al enterprises to measure regional Al development
for robustness checks. Thus, this study follows the approach adopted by previous schol-
ars [13] and uses firm-level microdata from Tianyancha. Firms are identified as artificial
intelligence enterprises if their business scopes contain Al-related keywords such as image
recognition, computer vision, speech recognition, and sensors. The natural logarithm of
the count of identified Al firms is then constructed to proxy the level of regional artificial
intelligence development.

Given that the development of CBEC may be influenced to varying degrees by other
factors, the following indicators are designated control variables: @ employee count in
the transportation, warehousing, and postal services industry, obtained via the logarithm
of the employment figure in transportation, warehousing, and postal services; @ fiscal
support level, measured by the ratio of local general public budget expenditure to regional
gross domestic product; and ® government policy support intensity, with a government
document being regarded as a policy document supporting cross-border e-commerce
development if it is found via web crawling and text mining techniques to contain keywords
such as encourage and promote in relation to cross-border e-commerce. The total number
of such documents is used to quantify government policy support intensity.

Logistics capacity and consumer expenditure are chosen as mediating variables. It is
known that AI promotes the high-quality development of CBEC by improving logistics
networks, enhancing logistics capacity, and stimulating consumer expenditure; thus, based
on existing research, in this study, freight turnover (W) and passenger turnover (W) are
combined into a single indicator, which is then logarithmized to measure logistics capacity
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(Logistics), as specified in Equations (7) and (8). Per capita consumption expenditure is
adopted to measure consumption level (Consumption) [53,54].

wy = —0.0009W3 + 2.6581W, — 22.116 7)

Logistics = 1,(Wy 4+ wy) (8)

Human capital level (Hum) is chosen as the threshold variable. In the digital economy
era, human capital is not only a source of technological progress, but also a key ‘adapter’
facilitating the deep integration of general-purpose technologies with the real economy.
The relative size of the high-skilled workforce directly reflects the regional level of human
capital. Following the existing approach [55], this study measures the human capital in each
province by comparing the percentage of students enrolled in higher education institutions
to the overall population.

3.3. Sources of Data and Descriptive Statistics

This research employs a sample comprising data from 30 Chinese provinces (excluding
Tibet, Hong Kong, Macao, and Taiwan) obtained from 2013 to 2023 as the research subject
and constructs a panel data model. The CNRDS database and the China National Statistical
Yearbook, among others, are the sources of the information. Table 3 displays the descriptive
statistics for every variable.

Table 3. Descriptive statistics.

Variable Observations Mean Standard Deviation Min. Max.
Al 330 8.645 1.481 5.081 12.467
Cbec 330 0.182 0.083 0.029 0.555
InEmployment 330 10.078 0.778 7.96 12.026
Fin 330 0.253 0.106 0.105 0.738
Policy 330 15.918 22.180 0 144
Logistics 330 8.562 0.879 6.432 10.446
Consumption 330 9.832 0.359 9.023 10.869

4. Empirical Analysis
4.1. Results of the Baseline Regression

This study includes three rounds of regression, and the results of the baseline regres-
sion are shown in Table 4, with columns (1), (2), and (3) representing the cases without
two-way fixed effects and control variables, with two-way fixed effects, and with both
control variables and two-way fixed effects, respectively. The coefficients of the core ex-
planatory variables in all three regressions are significantly positive, at 0.023, 0.052, and
0.058, respectively. In this way, Hypothesis 1 is validated; specifically, it is found that Al
can steadily and significantly promote the high-quality development of CBEC.

Table 4. Initial regression outcomes.

1) 2) (3)
Al 0.023 ***(0.003)  0.045 *** (0.009) 0.053 *** (0.010)
InEmployment —0.017 (0.012)
Fin 0.206 * (0.102)
Policy 0.0004 (0.000)
Individual fixed effects No Yes Yes
Time fixed effects No Yes Yes
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Table 4. Cont.

) 2 3
N 330 330 330
R? 0.615 0.632 0.696

Note: * p < 0.1, *** p < 0.01, heteroscedastic-robust standard errors in brackets.

4.2. Robustness Tests

To ensure the robustness of our analysis, we control for the impact of the COVID-19
pandemic, the outbreak of which represented a major external shock to both trade glob-
alization and the development of the cross-border e-commerce (CBEC) industry. This
unprecedented health crisis disrupted global supply chains, imposed restrictions on cross-
border logistics, and altered consumer behavior dramatically. Consequently, failing to
account for the pandemic’s influence could bias the estimated coefficients of other explana-
tory variables.

Robustness testing is performed by excluding observations from 2020 to 2022. Column
(1) of Table 5 indicates that, after accounting for the pandemic’s influence, the orientation
and importance of the projected coefficient of the influence of artificial intelligence on the
high-quality advancement of CBEC are largely unchanged, thereby reinforcing the validity
of the previously presented baseline regression results.

Table 5. Results of the robustness test.

(€Y (2 3) @

Excluding Replacing Core Lagging the Variable Replacing the

Df;ﬁ:llf:::es E);;;al;l;;tlzry by One Period Interpreted Variable

Al 0.074 *** (0.011) 0.018 * (0.009) 0.059 *** (0.013) 0.057 *** (0.011)

Constant term —0.267 * (0.151) 0.046 (0.145) —0.187 (0.135) —0.136 (0.121)
Control variables Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
N 240 330 300 330
R? 0.685 0.645 0.697 0.710

Note: * p < 0.1, *** p < 0.01, heteroscedastic-robust standard errors in brackets.

To further evaluate the resilience of the baseline regression findings, this study adheres
to the methodology established by replacing the core explanatory variable with the number
of Al patent applications and conducting the regression again [10]. Column (2) of Table 5
shows the regression results following this replacement, revealing that the core estimate
continues to meet the significance criterion at the 10% level and thereby indicating that the
outcomes are relatively reliable.

Next, a regression using the core explanatory variable lagged by one period is con-
ducted to address potential endogeneity issues. Column (3) of Table 5 presents the regres-
sion results using a one-period lag. Owing to missing values for a subset of observations
in 2012, the lagged regression employs data spanning 2014 to 2023. The coefficient on the
lagged variable remains statistically significant at the 1% level and consistent with our
earlier findings, implying a significant positive association between artificial intelligence
and cross-border e-commerce.

Replacing the interpreted variable: Following the existing approach, this paper em-
ploys the equal-weight method—a subjective weighting technique—to reconstruct the
dependent variable and conduct a regression analysis [56]. The results in Table 5 show that,
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although there are some differences in the regression coefficients, their signs and levels of
significance are generally consistent with those of the baseline model. This indicates that
changes in the weights have a minimal impact on the regression results, suggesting that
the findings are robust.

4.3. Testing of the Mediating Mechanism

Building on the above findings, the potential mechanisms underlying the relationship
between the two variables are explored via mediation analysis conducted in accordance
with the three-step mediation test [57]. Columns (1) and (3) of the regression results indicate
that artificial intelligence exerts a considerable, favorable influence on both logistical
capacity and consumption growth. The results in columns (2) and (4) indicate that the
positive impact of artificial intelligence on the high-quality development of CBEC is realized
through the enhancement of logistics capacity and the release of consumption potential. In
this way, Hypothesis 2 is validated.

Table 6 reports the results of the Sobel test, with all estimates in the table exported from
Statal5.0 and some values rounded to four decimal places. The Sobel Z statistic verifies
the existence of partial mediation, and the mediation proportions of logistics capacity and
consumption expenditure are 40.27% and 17.02%, respectively.

Table 6. Results of the Sobel mediation test.

1) 2) 3) 4)
Logistics Cbec Consumption Cbec
AI Rt %o
Logistics 075447 (0.069) o0 o ((8882; 0.0808*** (0.016) 01172 o 883;3
Consumption
Control variables Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
N 330 330 330 330
Direct effect 0.0319 *** (0.009) 0.0442 *** (0.007)
Indirect effect 0.0215 *** (0.005) 0.0091 *** (0.003)
Total effect 0.0533 *** (0.010) 0.0533 *** (0.010)
Sobel Z 4,555 *** 3.376 ***
Adj-R? 0.9498 0.9491
Proport1on of medlatmg 04027 01702
effect

Note: *** p < 0.01, heteroscedastic-robust standard errors in brackets.

4.4. Threshold Effect Test

The impact of artificial intelligence on the high-quality development of CBEC may
show non-linear patterns due to differences in human capital levels. Thus, the panel
threshold regression model introduced by Hansen is employed, with human capital (Hum)
as the threshold variable, to examine the threshold effect of artificial intelligence on the
high-quality development of CBEC. We conduct 300 bootstrap resampling replications, set
the number of grid points to 100, and apply 1% trimming at both tails of the threshold
variable. The appropriate test results are provided in Table 7. The positive effect of artificial
intelligence on the high-quality development of CBEC has a significant single threshold at
a human capital level of 0.0167; the 95% confidence interval is [0.0166, 0.0168], revealing the
role of human capital in this context. Consequently, it is determined that, in its endeavors to
further the high-quality growth of CBEC, artificial intelligence has a non-linear relationship
with human capital levels acting as a threshold.
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Table 7. Outcomes of the threshold effect assessment.

Critical Value
Threshold Variable Threshold Test Threshold Value F-Value p-Value
1% 5% 10%
Single threshold 0.0167 53.08 0.007 *** 50.083 28.123 25.425
Hum Double threshold 0.0167 13.30 0.378 57908 31.765  23.973
Triple threshold 0.0185 8.98 0.560 39.629 24.836 22.306

Note: *** p < 0.01, heteroscedastic-robust standard errors in brackets.

The results in Table 8 show that artificial intelligence drives the high-quality devel-
opment of CBEC, with positive coefficients on both sides of the human capital threshold.
There is, however, a slight difference in the coefficient values: when the degree of human
capital is below the limit (Hum < 0.0167), the coefficient for the impact of Al is 0.050; when
the degree of human capital exceeds the limit (Hum > 0.0167), the coefficient rises to 0.054.

Table 8. Regression results for the threshold effect.

(Hum < 0.0167) (Hum > 0.0167)
Al -1 0.050 *** (0.009) 0.054 *** (0.009)
Control variables Yes Yes
Individual fixed effects Yes Yes
Time fixed effects Yes Yes
N 57 273
R? 0.727 0.727

Note: *** p < 0.01, heteroscedastic-robust standard errors in brackets.

These results suggest that elevated amounts of human capital can enhance the func-
tion of Al in driving the high-quality development of CBEC; however, the difference in
coefficients on either side of the threshold is small, amounting to an increase of only 0.004.

Although the positive effect of Al on the high-quality development of CBEC rises once
human capital crosses the threshold, the magnitude of this increase is modest. One possible
reason for this is that artificial intelligence technology has a certain degree of universality; in
regions where human capital levels are relatively low, cross-border e-commerce enterprises
can still rely on basic Al applications—such as machine translation and intelligent customer
service—to improve service efficiency and increase corporate profits. Alternatively, arti-
ficial intelligence relies on human capital to perform key operations such as information
processing and content creation [21]; thus, lags in Al education may be behind this finding.

4.5. Heterogeneity Test

The heterogeneity analysis in this paper covers two aspects: regional heterogeneity and
heterogeneity in e-commerce procurement activity. Following the existing approach [58],
this paper employs the Fisher combined test to further examine differences in coefficients
between groups. Based on the Bootstrap method with 1000 samples, the p-values from
the test of differences in coefficients between groups in Table 9 indicate that the impact of
artificial intelligence on cross-border e-commerce differs significantly between the eastern
and central-western regions, as well as between regions with high and low levels of
e-commerce activity.

There are certain disparities among different regions in China in terms of economic de-
velopment levels, the foundation of the artificial intelligence industry, digital infrastructure
development, and the degree of openness to the outside world. The central and western
regions face issues such as inadequate infrastructure, limited service capacity, and lower
economic levels [59]. Following the existing approach [60], this paper divides the sample
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into the eastern region (with the Northeast region included in the eastern region) and the
central and western regions. The results in Table 9 show that in the eastern region, artificial
intelligence exhibits the most significant positive correlation with the high-quality develop-
ment of cross-border e-commerce; however, the impact on the central and western regions
is relatively minor. One possible explanation for this is that the eastern area has a stronger
ability to use artificial intelligence to empower CBEC as it predominantly comprises coastal
cities, has several national-level foreign trade ports, has convenient external transportation,
has well-developed supporting infrastructure, engages in a high volume of cross-border
trade, and has relatively complete digital infrastructure. The central and western regions
may be limited by factors such as less convenient external connections and less developed
digital infrastructure, which result in low levels of cross-border trade and difficulties in
implementing artificial intelligence technologies across relevant industries.

Table 9. Outcomes of the heterogeneity assessment.

¥h)] (2) 3 @
Central and High Low
East Western e-Commerce e-Commerce
Activity Activity
Al 0.076 *** 0.019 * 0.068 *** 0.019
(0.014) (0.010) (0.021) (0.014)
Control variables Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
N 143 187 165 165
R? 0.687 0.852 0.668 0.813
p-value for differences
in coefficients between 0.036 ** 0.063 *
groups

Note: * p < 0.1, ** p < 0.05, *** p < 0.01, heteroscedastic-robust standard errors in brackets.

To examine heterogeneity in e-commerce purchasing activity, the per capita e-
commerce spending in 30 provinces is used as a measure of heterogeneity in e-commerce
activity. The per capita e-commerce spending data for all 330 province-year combinations
were sorted in ascending order, and the 50th percentile was selected as the grouping
threshold. Specifically, observations with per capita e-commerce spending greater than or
equal to this median were classified as the “high activity” group, while those below the
median were classified as the “low activity” group. Finally, a grouped regression analysis
was conducted. Table 9 shows that in high-interest regions, there is a significant positive
correlation between artificial intelligence and the high-quality development of cross-border
e-commerce, whereas the impact on low-interest regions is not significant. Possible rea-
sons for this include the fact that high-activity regions typically have more mature digital
infrastructure and a wider range of e-commerce applications. Therefore, companies in
these regions are able to more effectively turn AI technologies—such as intelligent product
selection, precision marketing, multilingual customer service, and cross-border logistics
optimization—into real improvements in cross-border transaction efficiency and thereby
gain greater benefits from the technology. In contrast, low-activity regions may be limited
by weaker digital foundations, less complete industry chains, or a more limited ability to
use new technologies, so the benefits of Al have not yet been fully realized.
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5. Conclusions and Discussion
5.1. Theoretical Contribution

In this study, the effects, causes, and variability of artificial intelligence in relation to
the high-quality advancement of CBEC are rigorously analyzed utilizing panel data from
30 Chinese provinces for the period 2013 to 2023. The conclusion is that there is a significant
positive correlation between artificial intelligence and the high-quality development of
cross-border e-commerce, and this finding remains valid even after a series of robustness
tests (including controlling for the impact of the pandemic, substituting key explanatory
variables, applying a one-period lag to the variables and replacing the dependent variable).
Thus, this research verifies the facilitating effect of artificial intelligence on the high-quality
development of cross-border e-commerce, consistent with the previous findings [21], who
argued that artificial intelligence enables better integration and effective global operations
and facilitates centralized corporate control. The results also support the view that Al
helps international firms such as cross-border e-commerce enterprises acquire customer
and market information and conduct in-depth competitor analysis. The conclusion that
artificial intelligence promotes the high-quality development of cross-border e-commerce
aligns with the existing findings [61], who stated that artificial intelligence can deliver
high-value digital services.

Regarding human capital, it has been argued that cross-border e-commerce exports
impose higher requirements on talent and greater demand for highly educated workers [62],
while previous research shows that artificial intelligence relies on human capital to perform
key operations such as information processing and content creation [21]. This resonates
with this study’s finding that the high-quality development of cross-border e-commerce
features a human capital threshold effect. That is, through the development of a threshold
model, this study found that the positive correlation between artificial intelligence and
CBEC exhibits a single-threshold effect determined by the level of human capital: when
human capital is below 0.0167, the coefficient of Al is 0.054; once human capital exceeds
this value, the coefficient rises to 0.057. Although the difference in coefficients before
and after the threshold is small, it still demonstrates that the accumulation of human
capital can reinforce the technological spillover effects of Al, consistent with the logic of
complementarity between technology and skills.

An analysis of the mechanisms involved further revealed that the positive impact of
artificial intelligence on the high-quality development of cross-border e-commerce can be
achieved through improvements in logistics capabilities and the unlocking of consumer
potential. The results of the mediation analysis indicate that logistics capacity accounts
for 40.27% of the mediation effect, whilst consumer expenditure accounts for 17.02%; both
indicators were found to be significant in the Sobel test.

Consideration of the heterogeneity revealed that the influence of Al on CBEC exhibits
significant regional and application-scenario difference: at the regional level, the impact
of Al is most pronounced in the eastern regions; however, the correlation is weaker in the
Mid-West, reflecting regional disparities in the development of new digital infrastructure
and the level of openness to the outside world. In terms of e-commerce procurement
activity, there is a significant positive correlation between artificial intelligence and the
high-quality development of cross-border e-commerce in high-interest regions, whereas
the impact on low-interest regions is not significant. This demonstrates that a mature
e-commerce ecosystem is better positioned to harness the benefits of artificial intelligence.

5.2. Practical and Policy Implications

This study has the following practical and policy implications: technology companies
should be encouraged to forge close partnerships with CBEC enterprises, thereby promoting
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the practical application of artificial intelligence within the sector; the advancement of
transnational logistics networks should be accelerated by applying artificial intelligence
to key processes such as warehouse scheduling, route planning, and customs clearance
coordination; and generative artificial intelligence should be utilized to create immersive
shopping experiences, effectively stimulating consumer purchasing intent and fostering an
industry development model driven by the dual engines of logistics and consumption.
Furthermore, differentiated policies should be formulated based on regional character-
istics. The eastern regions should continue to play a leading role in promoting cutting-edge
applications of Al technology, while the central and western areas must accelerate the de-
velopment of digital infrastructure, strengthen talent cultivation and recruitment, increase
the degree of receptiveness to external influences, and narrow the digital gap with the
eastern regions. For regions with relatively low e-commerce activity, policy support should
be increased, prioritizing the construction of e-commerce ecosystems suitable for local
development and enhancing enterprises’ ability to absorb and apply new technologies.

5.3. Constraints and Avenues for Future Research

This study possesses certain constraints regarding its measuring markers. Whilst the
quantity of artificial intelligence firms indicates the extent of Al progress and is to some
extent representative, it fails to fully reflect the multidimensional characteristics of the
current state of Al across different regions. Furthermore, this study was able to reveal
regional differences and variations in application scenarios through heterogeneity analysis;
however, due to the limitations of the sample scope, it was not possible to further examine
heterogeneous characteristics in contexts involving different CBEC models, enterprise sizes,
or product categories. The empirical regressions employ heteroskedasticity-robust standard
errors but do not cluster standard errors at the provincial level, so residual correlation
within provinces remains unaddressed.

Future research should further explore the following domains: Firstly, a more com-
prehensive evaluation framework for the development of artificial intelligence should be
established, taking into account multidimensional indicators such as patents, investment
scale, and technological application scenarios, to more precisely characterize the degree of
development and impact of artificial intelligence. Secondly, by integrating micro-level data
from enterprises, research should adopt a more granular perspective to explore in depth the
differentiated impacts of artificial intelligence across various contexts whilst focusing on its
long-term dynamic effects on and potential non-linear characteristics in the high-quality
development of CBEC.
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