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Abstract. This study investigates the impact of artificial intelligence (Al) appli-
cation on the outward foreign direct investment (OFDI) of Chinese A-share listed
firms from 2009 to 2023. Using a large panel dataset and a two-way fixed effects
model, the empirical results demonstrate that Al application significantly reduces
firms’ likelihood of undertaking OFDI. This negative effect remains highly ro-
bust after excluding major event years, removing municipality samples, con-
structing a balanced panel, and replacing the dependent variable with the scale of
outward investment. Further heterogeneity analysis reveals that the suppressing
effect of Al is more pronounced in non-state-owned enterprises, firms with high
financing constraints, large firms, and those in technology-intensive industries.
These findings suggest that Al strengthens firms’ domestic operational effi-
ciency, thereby weakening the incentives for overseas expansion and reshaping
internationalization strategies under digital transformation. The study provides
micro-level evidence on the interaction between intelligent technologies and
global expansion decisions and offers policy insights for balancing Al-driven ef-
ficiency gains with long-term internationalization goals.

Keywords: Artificial intelligence; Outward foreign direct investment; Firm in-
ternationalization; Heterogeneity

1 Introduction

The rapid advancement of digital technologies and the accelerating restructuring of
global value chains have made artificial intelligence (Al) a transformative force reshap-
ing firms’ production modes, governance structures, and strategic decision-making pro-
cesses (Liu et al., 2024[11). Driven by breakthroughs in algorithms, data processing, and
computational power, Al has been increasingly integrated into corporate operations,
enhancing capabilities in information processing, risk assessment, resource allocation,
and intelligent forecasting (Baryannis et al., 20191); Wang et al., 20245!). At the same
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time, China’s outward foreign direct investment (OFDI) has entered a new phase in
which the motives for overseas expansion have evolved from resource seeking and
market penetration to gaining access to advanced technologies, integrating into global
supply chains, and elevating international competitiveness (Ren et al., 2023]; Kong et
al., 202457). However, as digitalization and intelligentization deepen, the traditional
drivers and pathways of corporate internationalization are undergoing fundamental
changes. Whether—and how—ALI shapes firms’ decisions to engage in OFDI has thus
become a critical but underexplored question.

From a theoretical standpoint, Al may influence firms’ internationalization incen-
tives through multiple channels. On one hand, the adoption of Al can reduce internal
management costs and improve operational efficiency, allowing firms to achieve higher
productivity domestically. This “internal substitution effect” may weaken the necessity
for firms to expand abroad through OFDI (Al-Surmi et al., 2022; Mithas et al.,
202201, On the other hand, Al-enhanced analytical, predictive, and decision-making
capabilities may improve firms’ ability to identify overseas opportunities, evaluate in-
stitutional environments, and manage cross-border risks, thereby strengthening their
willingness and capability to operate internationally (Zhang, 2023%); Menzies et al.,
202401, Overall, the impact of Al on OFDI is theoretically ambiguous, and its net ef-
fect must be assessed through rigorous empirical analysis.

Existing studies on corporate internationalization have predominantly focused on
institutional quality, financing constraints, corporate governance, firm size, and tech-
nological capabilities (Zhang et al., 2021191, While recent literature has begun to ex-
amine the relationship between digitalization and globalization, most research has re-
lied on macro-level indicators of digital economy development or industry-level digital
transformation (Ipsmiller et al., 20220'"); Wang et al., 202412]), Direct evidence on how
firm-level Al application affects OFDI decisions remains scarce. Moreover, firms differ
substantially in their Al adoption capabilities, resource endowments, governance struc-
tures, and industry attributes, implying that the effect of Al on OFDI is likely hetero-
geneous across firm types—an area that existing studies have not fully addressed.

Against this backdrop, this study utilizes a large panel dataset of Chinese A-share
listed firms from 2009 to 2023 to construct a firm-level measure of Al application and
systematically examine the effect of Al on the likelihood of undertaking OFDI. The
empirical analysis further investigates heterogencous effects across ownership types,
financing constraint levels, firm sizes, and industry technology intensities. The findings
contribute to the literature by providing new micro-level evidence on how emerging
digital technologies reshape firms’ global expansion behavior. They also offer policy
insights for harmonizing China’s digital transformation agenda with firms’ internation-
alization strategies in the era of intelligent technologies.

2 Theoretical Analysis

The rapid diffusion of artificial intelligence (Al) has begun to fundamentally reshape
firms’ production systems, managerial processes, and strategic decision-making.
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Whether a firm chooses to undertake outward foreign direct investment (OFDI) ulti-
mately depends on the relative profitability of domestic versus overseas operations, the
degree of uncertainty associated with cross-border investment, and the firm’s ability to
manage risks and allocate resources efficiently. As Al enhances firms’ analytical and
operational capabilities, it inevitably alters these core determinants. Nevertheless, the
theoretical direction of AI’s influence on OFDI is not predetermined; Al may either
strengthen or weaken the incentives to expand abroad. A formal analytical framework
is therefore needed to clarify the potential pathways through which Al affects firms’
internationalization choices.

To this end, consider a firm that faces two mutually exclusive strategies in each pe-
riod: remaining engaged in domestic production (Domestic Strategy) or entering for-
eign markets through OFDI (Foreign Direct Investment Strategy). The expected profits
associated with these two strategies are specified as follows:

1, = AKFLE — ¢ (1)
My = BKALP — Co — R, )

where A; and B; denote domestic and overseas production efficiency, K; and L;
represent capital and labor inputs, C, and Cp capture fixed operating costs, and R;
reflects the additional uncertainty and risk costs associated with foreign investment.

Introducing Al into this framework affects both the efficiency parameters and the
uncertainty structure. Let Al; denote the firm’s level of Al application. Its impact on
domestic and overseas efficiency is modeled as:

Ap = Ao + P14l )
B; = Bq + ¢, Al 4)

where ¢; and ¢, capture the marginal efficiency gains attributable to Al. Given
that firms generally possess better digital infrastructure, richer data resources, and more
mature application scenarios domestically than abroad, it is plausible that ¢, > ¢,; Al
tends to enhance domestic efficiency more strongly than overseas efficiency.

Al may also reduce the uncertainty associated with operating abroad through im-
proved information processing, risk identification, and environmental prediction:

R; = Ry — ¢34l )

where ¢3; > 0 signifies Al’s potential to mitigate foreign investment risk. The firm
chooses OFDI if and only if:

1z > 10, (6)
Substituting (1)—(5) into (6) yields:
(Bo — Ag) + (@2 — ¢1)Al; > (Cr — Cp) + Ry — ¢34l (7)

which can be rearranged into:



138 Y. Wu et al.

Ali(¢2 — 1+ P3) > (Cr — Cp) + Ro — (By — 4o) ®)

Equation (8) shows that the sign of (¢, — ¢, + ¢3) determines whether Al pro-
motes or suppresses OFDI. When domestic efficiency gains dominate overseas gains
and outweigh AI’s risk-mitigating effect (i.e., ¢, — ¢ + ¢3), the term becomes neg-
ative, implying that Al reduces the incentive for OFDI. Under this condition, Al
strengthens firms’ competitiveness at home, lowers domestic operating costs, and in-
creases the relative attractiveness of remaining domestically rather than expanding
abroad.

Given China’s current digital development landscape—where Al adoption is more
advanced in domestic operations than in overseas subsidiaries or foreign markets—it is
reasonable to expect that ¢, > ¢, + ¢5. This yields a net negative effect of Al on
firms’ willingness to undertake OFDI.

Accordingly, we propose the following hypothesis:

Hypothesis: A higher level of Al application significantly decreases the likelihood
that firms undertake outward foreign direct investment.

This hypothesis aligns with the empirical findings of this study and provides the
theoretical basis for the empirical design.

3 Study Design

3.1 Samples and Data

This study selects A-share firms listed on the Shanghai Stock Exchange and the Shen-
zhen Stock Exchange from 2009 to 2023 as the research sample. The data are primarily
obtained from the CSMAR database. To ensure the reliability and continuity of the
sample, the following principles are applied during the data screening process: (1) fi-
nancial firms, ST, *ST, and PT companies are excluded; (2) observations with missing
values or abnormal data in key variables are removed to ensure data completeness and
robustness; (3) all continuous variables are winsorized at the 1% level to reduce the
influence of extreme values. After the screening, a total of 20,223 valid firm-year ob-
servations are obtained.

3.2 Definition of Variables

Dependent Variable. The dependent variable in this study (OFDI) reflects whether a
firm engages in outward foreign direct investment and is defined as a binary dummy
variable. It is coded as 1 if the firm conducts outward foreign direct investment in the
current year, and 0 otherwise. The relevant data are obtained from the CSMAR database
of related-party transactions of Chinese listed companies. According to China’s corpo-
rate accounting standards, listed firms are required to disclose all related-party transac-
tions in detail, and the implementation of overseas investment is usually accompanied
by the formation of related-party relationships. Therefore, outward foreign direct in-
vestment activities can be identified based on related-party transaction disclosures. Fol-
lowing the approaches used in existing literature (Zhang and Sun, 20233]; Shao et al.,
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2024041), this study systematically screens and organizes the information on overseas
investment from related-party transaction disclosures of listed firms. The “China Listed
Companies Related-Party Transactions Research” module in the CSMAR database pro-
vides detailed information such as the registered location of related entities, registered
capital (including currency), types of related-party relationships, and the shareholding
ratio of listed firms. Based on the characteristics of the data, this study identifies out-
ward foreign direct investment when the related entity is registered outside mainland
China, the listed firm holds more than 10% of the equity, and the related-party relation-

99 ¢C:

ship is categorized as “subsidiary,” “joint venture,” or “associate.”

Independent Variable. The core independent variable is the level of artificial intelli-
gence application (Al). Following the text-analysis approach adopted in existing stud-
ies, this paper identifies key terms related to artificial intelligence—such as “artificial
intelligence,” “machine learning,” “deep learning,” “intelligent manufacturing,” and
“algorithm optimization”—from the Management Discussion and Analysis (MD&A)
section of listed firms’ annual reports. The frequency of these keywords is counted, and
the natural logarithm of one plus the frequency is taken to construct the Al application
index. This indicator reflects the extent to which firms adopt Al technologies in pro-
duction processes, managerial decision-making, and digital transformation, and it can
more comprehensively capture the penetration of Al into corporate operations.

Control Variables. To mitigate potential omitted-variable bias and improve the robust-
ness of the empirical estimates, this study incorporates a comprehensive set of control
variables spanning four major dimensions: firm attributes, operational performance,
governance structure, and external oversight. With respect to firm attributes, indicators
such as firm size (Size), establishment age (Age), leverage ratio (Lev), tangible asset
proportion (Tang), and capital intensity (CaplInt) are included to account for heteroge-
neity in firm scale, life-cycle stage, and capital structure. For operational performance,
return on assets (Roa), Tobin’s Q (TobinQ), and revenue growth (Growth) are used to
capture differences in profitability, market valuation, and expansion capability. In the
area of corporate governance and supervisory mechanisms, variables including the
ownership concentration of the largest shareholder (Topl), board size (Board), mana-
gerial shareholding (ManHold), and CEO duality (DUAL) help characterize internal
governance arrangements and managerial incentives. Additionally, the presence of a
Big Four auditor (AUDIT) and the proportion of institutional investor holdings (In-
sHold) are employed to reflect external auditing quality and the intensity of institutional
monitoring.

3.3  Model Setting and Descriptive Statistics

Model Setting. To examine the impact of artificial intelligence on firms’ outward for-
eign direct investment, this study constructs the following two-way fixed effects re-
gression model:
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OFDIL"t =Qa + ﬁAli,t + yXi,t + 61 + gt + Ei,t (9)

where OFDI;, is abinary indicator variable that takes the value 1 if firm i conducts
outward foreign direct investment in year t and 0 otherwise, thus measured in discrete
units representing the presence or absence of OFDI. Al;, denotes the degree of artifi-
cial intelligence application, measured as the natural logarithm of (1 + frequency count)
of Al-related keywords extracted from the MD&A section of the annual report. X;, is
a vector of control variables. §; captures firm fixed effects, and 6, represents year
fixed effects. &, is the random error term. The coefficient f reflects the marginal
effect of a one-unit increase in the Al index (i.e., a one-unit increment in the log-trans-
formed Al keyword frequency measure) on the probability that a firm engages in OFDI,
measured in percentage-point changes of the binary dependent variable. This two-way
fixed-effects specification effectively controls for time-invariant firm heterogeneity
and macro-level fluctuations, thereby mitigating omitted-variable bias.

Descriptive Statistics. Table 1 presents the descriptive statistics of the core variables
used in this study. Regarding the dependent variable, the mean value of OFDI is 0.1937,
indicating that approximately 19.37% of firms conducted outward foreign direct invest-
ment during the sample period. This suggests that although the overall proportion of
firms “going global” is relatively limited, it still represents a considerable scale. For
artificial intelligence application, the mean value of Al is 0.6095, while the median is
0, and the standard deviation is relatively large. This indicates significant differences
among firms in terms of Al application levels, showing a pronounced right-skewed
distribution—namely, a small number of firms invest heavily in Al, whereas most firms
remain at low levels of application.

Table 1. Descriptive statistics

N Mean Sd Min P50 Max

OFDI 20223 0.1937 0.3952 0.0000 0.0000 1.0000
Al 20223 0.6095 0.9757 0.0000 0.0000 4.3944
Size 20223 22.5109 1.2563 19.8980 22.3300 26.5794
Roa 20223 0.0419 0.0517 -0.2152 0.0377 0.2227
Age 20223 2.9625 0.3216 1.3863 2.9957 3.6889
Lev 20223 0.4344 0.1840 0.0518 0.4334 0.8771
Tang 20223 0.9299 0.0774 0.4678 0.9545 1.0000
TobinQ 20223 1.9309 1.1412 0.7635 1.5679 9.5402
Growth 20223 0.1348 0.2993 -0.6479 0.0937 2.2761
Caplnt 20223 2.1947 1.7279 0.3212 1.7290 13.1931
Topl 20223 34.8406 14.9323 8.1100 32.8400 76.4400
Board 20223 2.2235 0.2318 1.6094 2.1972 2.8904
ManHold 20223 0.1075 0.1769 0.0000 0.0027 0.6867
DUAL 20223 0.2448 0.4300 0.0000 0.0000 1.0000
AUDIT 20223 0.0745 0.2626 0.0000 0.0000 1.0000

InsHold 20223 46.3897 24.2934 0.0485 48.7202 93.0852
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Notes: Table 1 provides the descriptive statistics for all variables, including explan-
atory variables, dependent variables, and control variables.

Overall, the distribution of the main variables reflects the non-universality of firms’
outward foreign direct investment behavior, as well as substantial heterogeneity in Al
application at the firm level. This provides the necessary sample variation for the sub-
sequent empirical analysis and helps identify the direction and statistical significance
of the impact of artificial intelligence on firms’ outward foreign direct investment.

4 Empirical Results

4.1 Benchmark Regression

Table 2 reports the benchmark regression results of the effect of artificial intelligence
application on firms’ outward foreign direct investment. Column (1), which includes
only firm fixed effects and year fixed effects, shows that the coefficient of Al is —0.012
and is significant at the 1% level, indicating that, after controlling for macro-level time
effects and unobservable firm heterogeneity, a higher level of artificial intelligence ap-
plication reduces the likelihood that firms engage in OFDI. In Column (2), after adding
control variables such as firm size, profitability, age, leverage, asset structure, market
valuation, and growth, the coefficient of Al further decreases to —0.014 and remains
significant at the 1% level, suggesting that the negative effect becomes more robust. As
Column (3) and Column (4) further incorporate governance and supervision variables,
including capital intensity, ownership concentration, board characteristics, managerial
ownership, CEO duality, audit quality, and institutional investor ownership, the coeffi-
cient of Al remains —0.015 and consistently significant at the 1% level.

These results indicate that, after comprehensively controlling for firm characteristics,
governance structure, and external monitoring, artificial intelligence application is sig-
nificantly and robustly negatively associated with the likelihood that firms undertake
outward foreign direct investment. In other words, the more firms adopt artificial intel-
ligence tools, the weaker their tendency to invest abroad. This finding is consistent with
the theoretical analysis that “Al enhances domestic efficiency more significantly,
thereby weakening the need for overseas expansion,” and it suggests that artificial in-
telligence is reshaping firms’ internationalization incentives at the micro level.

Table 2. Benchmark regression results

Variables M) @ ® “)

OFDI OFDI OFDI OFDI

Al -0.012%** -0.014%** -0.015%** -0.015%**
(-3.20) (-3.82) (-3.90) (-3.90)

Size 0.024%%* 0.024*%* 0.023***
(3.92) (3.81) (3.46)
Roa 0.047 0.047 0.053
(0.79) (0.77) (0.86)
Age -0.003 -0.019 -0.020

(-0.09) (-0.52) (-0.53)
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Lev 0.035 0.033 0.033
(1.39) (1.28) (1.30)
Tang -0.047 -0.047 -0.051
(-1.00) (-1.01) (-1.09)
TobinQ -0.008%** -0.009%** -0.009%**
(-2.92) (-3.19) (-3.01)
Growth -0.006 -0.008 -0.007
(-0.81) (-1.00) (-0.91)
Caplnt -0.003 -0.003
(-1.24) (-1.17)
Topl -0.000 -0.000
(-0.82) (-0.55)
Board 0.019 0.017
(1.50) (1.39)
ManHold -0.071%* -0.076**
(-2.20) (-2.21)
DUAL -0.021%**
(-2.84)
AUDIT 0.078***
(4.26)
InsHold -0.000
(-0.68)
Constant 0.201*** -0.295 -0.254 -0.212
(67.79) (-1.62) (-1.35) (-1.12)
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 20,223 20,223 20,223 20,223
R-squared 0.57 0.57 0.57 0.57

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively.
t-statistics are reported in parentheses beneath each coefficient.

4.2 Robustness Test

To further validate the credibility of the benchmark estimations, a series of robustness
checks are performed from four perspectives: adjustments to the sample composition,
exclusion of major shock years, alternative panel constructions, and substitution of the
dependent variable. The corresponding outcomes are presented in Table 3.

First, given that extraordinary macro events—such as sharp fluctuations in the capi-
tal market, the escalation of China—U.S. trade tensions, and the outbreak of COVID-
19—may distort firms’ international expansion decisions, the observations for 2015,
2018, and 2020 are removed and the model is re-estimated. The coefficient on Al re-
mains significantly negative, showing that the main conclusion is not driven by these
atypical shocks. Second, to eliminate the unique institutional and economic character-
istics associated with municipalities, observations from Beijing, Shanghai, Tianjin, and
Chongqing are excluded. The Al coefficient continues to be negative and significant at
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the 1% level, implying that regional administrative particularities do not alter the in-
hibitory impact of AI on OFDI. Third, a balanced panel is constructed to address con-
cerns related to unbalanced data structures. Although this reduces the number of firm-
year observations, the estimated effect of Al remains negative and statistically mean-
ingful, reinforcing the stability of the baseline results. Lastly, the dependent variable is
replaced by the scale of OFDI to assess whether Al also influences the magnitude of
investment abroad. The OFDI scale is computed using the registered capital of overseas
affiliates, converted into consistent currency terms and weighted by ownership shares.
The results using this alternative indicator also yield a significantly negative coefficient
on Al indicating that Al reduces not only the likelihood of undertaking OFDI but also
the extent of cross-border capital deployment.

Table 3. Robustness test

Variable = @ ® “)
OFDI OFDI OFDI OFDI
Al -0.020%** -0.016%** -0.016%* -0.2]15%**
(-4.59) (-3.92) (-1.99) (-3.45)
Constant -0.502%%* -0.345%* -0.611 -4.126
(-2.34) (-1.65) (-1.34) (-1.31)
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 15,857 16,430 4,650 20,223
R-squared 0.57 0.58 0.53 0.58

4.3  Heterogeneity Analysis

To further reveal the heterogeneity of the impact of artificial intelligence on firms’ out-
ward foreign direct investment across different types of firms, this study conducts
grouped regressions based on ownership type, financing constraints, firm size, and in-
dustry technology intensity. The results are presented in Table 4. Overall, the negative
impact of artificial intelligence remains significant in most groups, but the magnitude
of the effect varies across firm characteristics.

First, regarding ownership type, the effect of artificial intelligence is more pro-
nounced in non-state-owned enterprises, where the Al coefficient is —0.018 and signif-
icant at the 1% level. In contrast, the coefficient for state-owned enterprises is —0.009
and not statistically significant. This suggests that compared with state-owned enter-
prises, which possess stronger policy support and greater capabilities for overseas ex-
pansion, non-state-owned enterprises are more likely to reduce their willingness to un-
dertake OFDI when Al improves domestic operational efficiency. Second, from the
perspective of financing constraints, the negative effect of artificial intelligence is
stronger among firms with high financing constraints. For firms with high financing
constraints, the Al coefficient is —0.018 and significant at the 1% level, whereas for
firms with low financing constraints, the coefficient is —0.007 and insignificant. This
indicates that for firms facing tighter external financing conditions, the efficiency gains



144 Y. Wu et al.

brought by artificial intelligence may lead them to retain resources for domestic opera-
tions, thereby reducing the need for outward investment. Third, results based on firm
size show that the suppressing effect of artificial intelligence on OFDI is more signifi-
cant among large firms. For large firms, the Al coefficient is —0.019 and significant at
the 1% level, whereas for small firms, the coefficient is —0.010 with weaker signifi-
cance. This may be related to the fact that large firms possess stronger capabilities for
Al adoption, more mature digital infrastructure, and greater room for efficiency im-
provement, allowing them to achieve scale advantages domestically and thus reducing
the necessity of expanding abroad. Finally, regarding industry technology intensity, ar-
tificial intelligence has a significantly negative effect on OFDI in high-technology in-
dustries, where the Al coefficient is —0.012 and significant at the 5% level. In contrast,
for low-technology industries, the coefficient is —0.008 and not significant. This sug-
gests that in industries relying more heavily on technological capabilities and R&D
input, the efficiency-enhancing effect of artificial intelligence domestically is more ev-
ident, making firms more inclined to expand within the domestic market rather than
pursue overseas investment.

Table 4. Heterogeneity analysis

() @ ©) “ (€] (6) ()] ®)
Variables OFDI OFDI OFDI OFDI OFDI OFDI OFDI OFDI
SOE Non- High Low Large Small High Low
®  SOEs FC FC Size Size Tech Tech
Al -0.009  0.018**  0.018**  -0.007  0.019**  -0.010** -0.012**  -0.008
* * *

(-1.63)  (:3.63)  (-3.09) (-1.38)  (2.94)  (2.06)  (243)  (-1.12)

Constant  -0.122 -0.376 1.098**  -0.504  0.829** -0.390 0.682%* -0.570

* *
(-045)  (-1.36)  (-3.68) (-074)  (2.09)  (-1.36)  (-2.79)  (-0.83)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Ol:is:;:a' 8,419 11,804 9997 10226 8922 11,301 13,889 6334
R- 0.58 0.58 0.64 0.64 0.60 0.65 0.59 0.72
squared

5 Conclusions and Suggestions

Based on panel data of Chinese A-share listed companies from 2009 to 2023, this study
systematically examines the impact of artificial intelligence application on firms’ out-
ward foreign direct investment. By constructing a two-way fixed effects model and
conducting multiple robustness tests and grouped regressions, a series of statistically
significant and practically relevant conclusions are obtained. Overall, artificial intelli-
gence exhibits a significant suppressing effect on firms’ internationalization strategies,
indicating that the logic of global resource allocation is undergoing profound adjust-
ments under the trend of digitalization and intelligent transformation.
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First, the benchmark regression results show a significantly negative relationship
between artificial intelligence application and the probability that firms undertake out-
ward foreign direct investment after controlling for firm fixed effects, year fixed effects,
and multiple control variables. In other words, the deeper the application of artificial
intelligence, the less inclined firms are to invest abroad. This empirical finding confirms
the theoretical expectation that artificial intelligence generates more substantial effi-
ciency improvements and cost reductions in domestic operational scenarios, enabling
firms to obtain higher returns in the local market and consequently weakening their
motivation to expand abroad for scale or efficiency enhancement.

Second, the robustness tests further confirm the reliability of the above conclusion.
Whether excluding major-event years, removing municipality samples, using a bal-
anced panel, or replacing the measure of OFDI from “whether investing” to “invest-
ment scale,” the estimated coefficients of artificial intelligence consistently remain sig-
nificantly negative. This demonstrates that the suppressing effect of artificial intelli-
gence on firms’ overseas investment is highly stable, and the conclusion is not affected
by sample structure, year-specific shocks, or changes in measurement indicators.

Third, the heterogeneity analysis reveals differentiated effects of artificial intelli-
gence on firms’ internationalization. The results show that the suppressing effect of
artificial intelligence is stronger among non-state-owned firms, firms with high financ-
ing constraints, large firms, and firms in technology-intensive industries. This indicates
that the role of artificial intelligence is not identical across different firm categories.
Firms with limited resources, higher reliance on technology, or stronger digital capa-
bilities are more likely to achieve efficiency gains domestically through artificial intel-
ligence, thereby reducing the necessity of expanding overseas. This finding reveals the
structural differences in how artificial intelligence influences firms’ internationaliza-
tion strategies and offers new perspectives on understanding firms’ strategic adjust-
ments in the digital era.

Based on the above conclusions, the following policy suggestions are proposed:

First, while promoting the application of artificial intelligence, the government
should also consider its impact on firms’ internationalization behavior to prevent overly
rapid improvements in domestic efficiency from reducing firms’ long-term global stra-
tegic vision. Policies such as overseas technology cooperation platforms and cross-bor-
der industrial chain collaboration projects can guide firms to continue expanding inter-
nationally on the basis of intelligent transformation.

Second, for non-state-owned firms and those with high financing constraints, finan-
cial support policies should be strengthened, and a multi-level financing system should
be improved to ensure that firms maintain the capability to pursue overseas investment
while benefiting from Al-driven domestic efficiency enhancements.

Third, large firms and technology-intensive firms should prudently evaluate global
configuration opportunities in the context of artificial intelligence application and main-
tain international competitiveness through overseas R&D centers, international collab-
orative innovation, and overseas supply chain layout.
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Fourth, firms should avoid excessive dependence on domestic markets when pro-
moting artificial intelligence application. They should coordinate technological adop-
tion and internationalization strategies from a global perspective to achieve long-term
and stable development.
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