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Abstract: Artificial intelligence, as a novel form of infrastructure with both generality and knowledge
spillover characteristics, plays a crucial role in facilitating the profound integration of the manu-
facturing and service industries, and achieving economic transformation. This paper empirically
investigates the impacts of artificial intelligence on the process of manufacturing servitization, utiliz-
ing merged data from the OECD-ICIOT (Organization for Economic Co-operation and Development,
Intercountry Input-Output Tables) industry data, the Chinese industrial enterprise database, and the
customs trade database. The empirical findings of this research demonstrate that artificial intelligence
has significant and positive effects on manufacturing servitization. These positive effects primarily
occur through two channels: enhancing total factor productivity and optimizing the labor skill
structure. Furthermore, this study examines the variations in the impact of artificial intelligence on
the transformation of embedded services and blended services. The analysis reveals that artificial
intelligence significantly promotes the transformation of embedded services, while its impact on the
transformation of blended services is comparatively less pronounced.

Keywords: artificial intelligence; manufacturing servitization; labor skill structure; service transformation

1. Introduction

Manufacturing servitization is a crucial strategic initiative aimed at aligning with the
ongoing international industrial transformation, propelling China’s industries towards the
mid-to-high tiers of the global value chain, and facilitating the transition to high-quality
economic development. The emergence of the intelligent era, epitomized by artificial
intelligence, is ushering in a new phase of the industrial revolution, serving as a catalyst
for the transformation towards manufacturing servitization. The 19th National Congress
of the Communist Party of China emphasized the imperative to “accelerate the develop-
ment of advanced manufacturing, promote the deep integration of the internet, big data,
artificial intelligence, and the real economy”. Moreover, “Made in China 2025” refines the
overarching direction by outlining the nation’s commitment to constructing a manufac-
turing powerhouse characterized by high-end sophistication, intelligence, environmental
sustainability, and a service-oriented approach.

Furthermore, an undeniable fact is that in recent years, China’s economic development
has shown a significant weakening of the comparative advantage derived from traditional
low-cost resources and factor inputs. The development model relying on extensive factor
inputs and export-driven growth is considered unsustainable. The impetus for China’s
high-quality economic development now lies in the industrial revolution centered on digiti-
zation, networking, and intelligence. Simultaneously, in the post-pandemic era, developed
countries such as the United States, Europe, and Japan have successively introduced “rein-
dustrialization” strategies anchored in smart manufacturing to reshape their international
leading position in high-end manufacturing through digitization and intelligence. Given
this context, conducting a comprehensive exploration of the impacts and mechanisms of
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artificial intelligence on the level of manufacturing servitization is of great significance
for China’s journey towards becoming a manufacturing powerhouse and achieving the
transformation and upgrading of its manufacturing industry.

In the contemporary business landscape, the widespread adoption of artificial intelli-
gence (AI), big data, and the Internet of Things (IoT) has become a defining characteristic,
leading to significant technological advancements, open innovation, and collaboration [1].
This trend is particularly prominent in the manufacturing industry, often referred to as
Industry 4.0 or the Fourth Industrial Revolution [2–4]. Consequently, research focusing on
the application of AI in manufacturing enterprises offers valuable insights for our study [5].
For example, in a study conducted by Christian Stadlmann, the utilization of AI in web
sales for companies operating in the advanced manufacturing sector was analyzed [6]. Sev-
eral scholars have also examined the relationship between AI and servitization, exploring
it from the perspective of dynamic capabilities [7] and within the context of Servitization
5.0 [8]. These scholars have conducted an analysis of the inverse U-shaped impact of
AI-driven manufacturing intelligence on innovation performance [9], as well as an investi-
gation into how various AI-based solutions support firms in co-creating value within the
B2B (Business to Business) industrial market [10].

Furthermore, other researchers have analyzed how existing enterprises in the man-
ufacturing industry can use artificial intelligence to achieve business model innovation
in the industrial ecosystem [11,12]. These findings provide empirical insights into the
intermediate development steps toward AI-driven business model innovation by leading
manufacturers engaged in digital servitization. They also provide an in-depth characteri-
zation of AI capabilities and key principles for business model innovation as a means to
assimilate AI into business practice [13]. Moreover, studies have also explored how the
application of AI in manufacturing enterprises enhances resource efficiency, underscoring
the importance of integrating sustainability with AI solutions [14].

In addition to these studies, two other literature sources also contribute significant
implications to this research. The first category of literature focuses on the various roles of
AI in the economic and social domains. As a new generation of information technology,
the collaborative nature of AI features enhances input-output efficiency or total factor
productivity, ultimately resulting in GDP growth [15]. Some scholars’ research indicates
that AI can effectively address the challenges of aging populations [16], and AI and natural
resource management contribute to economic growth [17]. The conclusions of another set
of literature confirm the promoting effect of AI on productivity [18], primarily through
reducing labor demand [19,20] and substituting cheaper capital for labor [21]. Some
scholars also point out that AI is essentially a factor-expanding technology, which is
beneficial for improving production efficiency [22].

Research on the impact of AI on employment has not yet reached a consensus. Some
scholars’ research shows that the productivity improvement effect of AI leads to expanded
production by firms, thereby increasing employment opportunities [23]. Furthermore, while
AI displaces employment in certain industries, it also creates new types of jobs through
“creation effects,” thereby causing changes in the overall employment structure [24]. The
negative impact of AI on employment mainly manifests in the polarization of employment
resulting from AI shocks [25,26]. The research of the vast majority of scholars shows
that AI significantly reduces the share of low-skilled workers in employment [27], and
this employment structure leads to an expanding income gap between low-skilled and
high-skilled workers [28].

Another category of literature analyzes the driving mechanisms and economic ef-
fects of manufacturing servitization. Manufacturing servitization creates new value by
integrating products and services [29]. Thus, manufacturing servitization significantly
improves firms’ innovation performance [30] and is an effective approach for reshaping
their competitive advantages and achieving sustainable development [31]. Manufacturing
servitization facilitates the strengthening of cooperation in the global value chain division
of labor and the embeddedness of various clusters within the value chain network [32],
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thereby significantly enhancing firms’ position in the global value chain [33–35]. From
this perspective, the higher the division of labor position of manufacturing in the global
value chain, the greater the productivity effect of servitization [36]. Regarding the export
effects of manufacturing servitization, the research of the vast majority of scholars indicates
that the transformation of manufacturing inputs into services accelerates the process of
firms’ export upgrading from “quantity-oriented” to “quality-oriented” [37], but this effect
exhibits industry heterogeneity [38]. Furthermore, some literature examines the impact
of manufacturing servitization on firm performance, yielding three different viewpoints:
promotion [39,40], inhibition [41], and nonlinear relationships [42,43].

On the other hand, independent innovation is an important driving force for the servi-
tization of the manufacturing industry [44]. This is because the improvement in product
innovation capabilities enables manufacturers to provide customized services to customers
through product design enhancement and the manufacturing of new products, thereby
promoting the transformation towards a service-oriented development [29]. Some literature
also examines the positive impact of internet technologies [45] and digital finance [46] on
the servitization of the manufacturing industry. Scholars have also analyzed the impact
of research and development personnel ratio, input intensity, and the proportion of clean
energy from an ecological perspective on the servitization of the manufacturing indus-
try [47]. Furthermore, some scholars have studied the role of manufacturing servitization
in reducing firms’ emission intensity [48]. From the perspective of international industrial
evolution trends and development patterns, the transformation and upgrading of the
manufacturing industry rely on the support of productive service industries [49].

Overall, existing literature on the economic effects of manufacturing servitization is
relatively abundant, but there is relatively little research on how to achieve manufacturing
servitization. Moreover, existing literature only discusses this issue from the perspective of
the development of productive service industries, with few studies incorporating artificial
intelligence and manufacturing servitization into a unified analytical framework to directly
examine the impact of AI development on manufacturing servitization. Therefore, this
article seeks to empirically study the impact of artificial intelligence on the manufactur-
ing industry, based on matched data from the OECD-ICIOT (Organization for Economic
Co-operation and Development, Intercountry Input-Output Tables) industry data, the
China Industrial Enterprise Database, and the Customs Trade Database. The aim is to
provide valuable insights on how to leverage the positive role of artificial intelligence in the
manufacturing sector. The research findings indicate that artificial intelligence significantly
and robustly enhances the level of servitization in manufacturing enterprises. This effect
is primarily achieved through two channels: improving enterprise total factor productiv-
ity and optimizing the labor skill structure. Furthermore, when distinguishing between
different ways of transforming manufacturing services, this study reveals that artificial
intelligence plays a significant facilitating role in the embedded service transformation,
while its impact on the blended service transformation is not evident.

This paper contributes to three main aspects in comparison to previous research.
Firstly, it accurately measures the level of manufacturing servitization at the enterprise
level by distinguishing between domestic and foreign factor inputs. This enables the
provision of micro-level evidence on how artificial intelligence influences manufacturing
servitization. Secondly, it extends the analysis framework of domestic value-added in ex-
ports proposed by Kee and Tang [50] to the field of manufacturing servitization. The paper
constructs a theoretical framework that incorporates the constraints of artificial intelligence
inputs and labor skill inputs. Using this framework, it explores the theoretical mechanisms
through which artificial intelligence affects manufacturing servitization within a general
equilibrium framework, considering the impact on enterprise total factor productivity and
the optimization of labor skill structure. Thirdly, the paper further distinguishes manufac-
turing servitization into embedded services and hybrid services, providing clarification on
the differentiated effects of different types of service transformations. Fourthly, it enriches
the positive role of artificial intelligence in the manufacturing sector, providing a good
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inspiration for China to better integrate artificial intelligence with the real economy, build
manufacturing power, and promote the development of the intelligent era.

The subsequent structure of this paper is as follows: Section 2 provides a theoretical
analysis and presents the hypotheses of this study. The complete model derivation process
can be found in Appendix A. Section 3 describes the econometric model, data sources,
and relevant indicator explanations. Section 4 presents the empirical results analysis and
discussion. Section 5 further examines the differential effects of artificial intelligence on
the transformation of embedded services and hybrid services. Finally, the main research
conclusions and policy implications are presented.

2. Theoretical Mechanism and Hypothesis

This paper expands upon the framework introduced by Kee and Tang [50] that focuses
on firms exporting domestic value-added, and extends it to the domain of manufacturing
servitization. By integrating this framework with the artificial intelligence technology
model presented by Acemoglu and Restrepo [19], the paper investigates, within a unified
analytical framework, the impact of artificial intelligence on the extent of manufacturing
servitization. The complete and detailed mathematical derivation process can be found in
Appendix A.

Based on the research conducted by Acemoglu and Restrepo [19], it is clear that the
adoption of artificial intelligence significantly enhances the total factor productivity of
enterprises. This conclusion has been supported by other scholars, including Graetz and
Michaels [18] and Aghion et al. [51]. Based on this, the following hypothesis can be derived:

Hypothesis 1: The adoption of artificial intelligence improves the overall factor productivity of
enterprises, leading to an increase in the level of servitization within the manufacturing industry.

To gain a deeper understanding of the labor structure, we explore the implications of
artificial intelligence investment on the framework of the labor market. We assume that a
firm’s labor input (L) consists of both low-skilled labor (Lu) and high-skilled labor (Ls), with
the proportion of low-skilled labor represented by σ. Building upon the research conducted
by Krusell et al. [52] and Lankisch et al. [53], we propose a significant substitutive relationship
between a firm’s AI input and low-skilled labor (Lu), while high-skilled labor (Ls) remains non-
substitutable. From this, the second theoretical mechanism through which artificial intelligence
influences the level of servitization in manufacturing enterprises can be derived.

Hypothesis 2: Artificial intelligence enhances manufacturing servitization by substituting
low-skilled labor.

3. Research Design
3.1. Model Setup

Drawing upon the theoretical analysis process and hypothesis 1, this paper establishes a
baseline model to investigate the influence of artificial intelligence on manufacturing servitization:

Servitization f it = α0 + α1 AIit + α2Control f it + δ f + ηt + ε f it (1)

In this context, the subscripts f, i, and t denote the firm, industry, and year, respectively. The
variable “Servitization” represents the level of manufacturing servitization within a firm, while
“AI” denotes the level of artificial intelligence in the industry. Additionally, “Control” stands for
the control variables. The terms δ f and ηt represent firm-specific fixed effects and year-fixed
effects, respectively. Moreover, the residual term ε f it follows a normal distribution.

3.2. Explanation of Indicators

The level of manufacturing servitization serves as the dependent variable in this
paper. To calculate the industry-level domestic and foreign service input structure, we
utilize input-output data published by the OECD. Following the methodology employed by
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Deng et al. [48], the manufacturing servitization index at the enterprise level is constructed
by employing the enterprise’s domestic and foreign value-added rates as weighting factors.
The larger the index, the higher the level of manufacturing servitization.

The primary explanatory variable in this study is the extent of AI implementation.
The advancement of AI within a specific industry is typically manifested by the continuous
growth of AI enterprises catering to that industry [54,55]. To identify artificial intelligence
enterprises in the Chinese industrial database, we employ techniques such as company
and product name recognition. Subsequently, we calculate the proportion of AI enterprises
within two-digit industries relative to the total number of enterprises, which serves as
a metric for assessing the level of artificial intelligence development in each industry.
Additionally, to ensure robustness, we incorporate industry robot usage data provided by
the International Federation of Robotics (IFR) as an alternative indicator for AI, considering
that the existing literature commonly employs the quantity of industry robot usage as a
measure of AI [18].

Furthermore, this study incorporates several additional control variables (referred to
as “Control”) that influence the servitization of manufacturing enterprises. These variables
include the following:

1. Firm age (lnage) is measured as the natural logarithm of the duration in years, calculated
by subtracting the year of establishment from the current year and adding one.

2. Firm size (lnsize) is represented by the natural logarithm of the number of employees.
3. Total factor productivity (lntfp) is calculated using the extended Olley and Pakes

(1996) method.
4. Ownership structure (Ownership) is classified into various categories based on the

ratio of actual registered capital. These categories include state-owned enterprises
(State), collective enterprises (Collective), legal entities (Legal), private enterprises
(Private), Hong Kong, Macao, and Taiwan-funded enterprises (HMT), and foreign-
funded enterprises (Foreign). State-owned enterprises are used as the baseline in
specific regressions, with other types of enterprises included in the econometric model.

5. Industry competition level (HHI) is determined using the Herfindahl–Hirschman
Index (HHI) for two-digit industries. The formula used for computation is as fol-
lows: hhi = ∑n

f=1 (sales f i/∑n
f=1 sales f i)

2, where sales denotes the sales revenue of
enterprise f in industry i.

3.3. Source of Data

The study’s sample period spans from 2005 to 2015, and the relevant data primarily
originate from the following databases. Firstly, the ICIOT published by the OECD in
2018 provide input-output data for 66 countries (regions) and 36 standard industry sectors.
This database enables the estimation of domestic and foreign value added at the industry
level. Secondly, the World Input-Output Database (WIOD) is utilized, connected to the
Chinese Industry Classification (CIC) for input-output data. The WIOD facilitates the
calculation of domestic value added absorbed by China and domestically added value
with pure double-counting at the industry level. Thirdly, matching data from the industrial
enterprise database and the customs database are utilized to obtain relevant indicators,
including export value, intermediate inputs, output, as well as the number of employees,
establishment year, and other accounting information of industrial enterprises in measuring
the servitization of the manufacturing industry.

To match the aforementioned data, the study followed these steps. Firstly, two methods
were employed to match the Chinese industrial enterprise database and the customs trade
database. These methods involved using the company name, as well as the last seven digits
of the postal code and phone number. Secondly, a comparison was made between the
broad product types in the WIOD and the OECD industry classification, and the two-digit
industry codes in the CIC. Subsequently, the WIOD and OECD data were matched with
the Chinese industrial enterprise database based on the two-digit CIC industry codes.
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Before conducting the econometric regression analysis, the following procedures were
performed on the matched data, following Brandt et al.’s approach [56]. Firstly, observations
with missing values for key variables, including industrial output, total assets, net value
of fixed assets, and the number of employees, were excluded. Secondly, certain outlier
observations were eliminated, including cases where total assets were smaller than current
assets, total assets were smaller than the net value of fixed assets, accumulated depreciation
was smaller than current depreciation, and observations with fewer than eight employees.
Thirdly, observations from companies with only one year of data were removed. Fourthly,
inspired by the method used by Crinò and Ogliari [57], all continuous variables were
subjected to two-sided truncation at the 1% level. After applying the aforementioned data
screening and processing steps, a final sample of 314,991 observations from 90,478 firms
between 2005 and 2015 was obtained for analysis. Descriptive statistics of the relevant data
are presented in Table 1.

Table 1. Descriptive Statistics of Variables.

Variables Definition Sample Size Mean S.D. Min Max

Servitization Level of Manufacturing Servitization 314,991 0.2358 0.0674 0.1141 0.4371

AI Artificial Intelligence 314,991 0.0023 0.0051 0 0.0442

lnage Firm Age 314,991 2.0562 0.6717 0 4.6052

lnsize Firm Size 314,991 5.1919 1.1505 2.0794 12.2880

lntfp Total Factor Productivity of Enterprises 314,991 1.1803 1.5598 −3.3574 6.7499

State State-owned Enterprises 314,991 0.1416 0.3486 0 1

Collective Collective Enterprises 314,991 0.0458 0.2090 0 1

Legal Legal Person Enterprises 314,991 0.2074 0.4054 0 1

Private Private Enterprises 314,991 0.2298 0.4207 0 1

HMT Enterprises from Hong Kong, Macao, and Taiwan 314,991 0.1902 0.3924 0 1

Foreign Foreign-funded Enterprises 314,991 0.1853 0.3885 0 1

HHI Degree of Industry Competition 314,991 0.0048 0.0144 0.0001 0.2876

4. Discussion
4.1. Baseline Regression Results

The baseline regression results of this study are presented in Table 2. Columns (1)–(2)
include only time-fixed effects, and the estimated coefficient of the key explanatory variable,
AI, shows a significant positive correlation with the level of manufacturing servitization.
Columns (3)–(4) further incorporate firm-time fixed effects into the econometric model. The
regression results confirm that the estimated coefficient of the core explanatory variable,
AI, remains significantly positive at the 5% level, indicating that the development of AI
technology indeed enhances the servitization level of the manufacturing industry. Based
on the estimation results from Column (4), after controlling for other factors influencing the
level of manufacturing servitization, a 1-unit increase in the AI level leads to a 0.5870-unit
increase in the servitization level of firms in the respective industry, which holds significant
economic significance.

The estimation results of the control variables in Table 2 indicate that the estimated co-
efficients for firm age (lnage) are consistently and significantly negative, suggesting that the
upgrading of manufacturing servitization is more likely to occur in relatively “younger” firms.
One possible explanation is that longer-standing firms often face issues such as outdated equip-
ment, technological obsolescence, and lagging market responsiveness [58,59], which hinder
their transformation towards servitization. The estimated coefficients for firm size (lnsize)
and industry competitiveness (HHI) are not statistically significant, indicating that the level
of manufacturing servitization is not significantly related to the scale of employment or the
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level of industry competition. The estimated coefficient for total factor productivity (lntfp) is
significantly positive at the 1% level, suggesting that an improvement in total factor productivity
effectively drives the transformation of firms towards manufacturing servitization. This is
mainly because an increase in total factor productivity accelerates technological reserves within
firms, especially with the application of internet and industrial cloud technologies, providing
new development opportunities and driving the transformation from traditional product-centric
production models to service-oriented approaches [60,61].

Table 2. Benchmark Regression Results.

Variables
Dependent Variable: Servitization

(1) (2) (3) (4)

AI 1.6879 **
(0.7475)

1.5190 **
(0.6682)

0.5928 **
(0.2313)

0.5870 **
(0.2327)

lnage −0.0006
(0.0013)

−0.0023 ***
(0.0007)

lnsize −0.0009
(0.0012)

−0.0003
(0.0004)

lntfp 0.0013 *
(0.0008)

0.0004 ***
(0.0001)

Collective 0.0037 ***
(0.0007)

0.0023 ***
(0.0006)

Legal 0.0069 ***
(0.0024)

0.0033 **
(0.0015)

Private −0.0042 ***
(0.0012)

−0.0025 ***
(0.0005)

HMT 0.0181 ***
(0.0025)

0.0029 ***
(0.0006)

Foreign 0.0231 ***
(0.0015)

0.0035 ***
(0.0006)

HHI 0.0434
(0.0278)

0.0095
(0.0066)

Constant 0.2339 ***
(0.0056)

0.2244 ***
(0.0096)

0.2341 ***
(0.0006)

0.2394 ***
(0.0030)

Firm Fixed Effects No No Yes Yes
Year Fixed Effects Yes Yes Yes Yes

Observations 359,168 359,168 314,991 314,991
R-squared 0.0315 0.0545 0.8104 0.8111

Note: ***, **, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Standard errors clustered
at the industry level are reported in parentheses.

Regarding the regression results for ownership structure variables, the estimation
results in Column (4) show that foreign-owned enterprises have the highest level of manu-
facturing servitization, followed by legal entities, while private enterprises have the lowest
level. Specifically, the servitization level of foreign-owned enterprises (Foreign), legal
entities (Legal), enterprises from Hong Kong, Macau, and Taiwan (HMT), and collective
enterprises (Collective) is respectively 0.0035, 0.0033, 0.0029, and 0.0023 higher than that
of state-owned enterprises (State), while private enterprises (Private) have a servitization
level 0.0025 lower than that of state-owned enterprises. This is mainly due to the fact that
the level of manufacturing servitization is often constrained by financial factors [46,62].
Private enterprises face difficulties in financing and higher costs when extending the in-
dustrial value chain towards research and development and marketing [63,64]. In contrast,
bank credit is more inclined to flow to foreign-owned enterprises, which have a higher
resource allocation efficiency [65]. Sufficient financial support facilitates the transformation
of enterprises towards servitization.
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4.2. Robustness Test

To enhance the robustness and reliability of the test results, this section will conduct
robustness tests related to indicator selection, econometric regression methods, mitigating
other policy impacts, addressing sample selection bias, and addressing the endogeneity
issue in the model.

(1) Alternative Measurement of the Core Variable: The studies by Graetz and Michaels
(2018) serve as a reference, and industry data on robot usage provided by the IFR is
utilized as an alternative indicator for artificial intelligence. The estimation results
in column (1) of Table 3 indicate that the artificial intelligence variable remains sig-
nificant at the 1% level, further confirming the robustness and reliability of the key
conclusion that “artificial intelligence contributes to increasing the level of manu-
facturing servitization”. Additionally, this study also considers the characteristics
of the binary export structure in general trade and processing trade. The level of
manufacturing servitization is recalculated and included as the dependent variable
in the econometric regression model based on the 2016 version of the input-output
data published by OECD-ICIOT. The estimation results in column (2) reveal that
the estimated coefficient for AI is 0.6051, passing the 5% significance level test and
providing further confirmation of the robustness of the relevant conclusions.

(2) Changing the Econometric Regression Method: Considering that the dependent variable
“Servitization” is a continuous variable ranging from 0 to 1, a panel Tobit model is em-
ployed for regression. The estimation results are presented in column (3) of Table 3. After
changing the estimation method, the estimated coefficient of the key explanatory variable
AI remains significant, and the basic regression conclusion holds.

(3) Controlling for Other Policy Effects: Firstly, the global economic landscape was pro-
foundly impacted by the outbreak of the financial crisis, resulting in substantial
changes in corporate production and organizational methods that influenced manu-
facturing servitization. To address this, the paper excludes samples from the period
of 2007–2008 to mitigate the influence of the financial crisis. The estimation results in
column (4) of Table 3 demonstrate that, even after excluding the impact of the financial
crisis, the estimated results for the AI variable remain significantly positive. Moreover,
following its accession to the WTO (World Trade Organization), China experienced
a substantial increase in trade liberalization, actively integrating into the global in-
dustrial division of labor to reshape trade practices and expedite manufacturing
servitization. Citing the findings of Liu et al. [66], the paper incorporates time dummy
variables for WTO entry and cross terms of final goods tariffs and intermediate goods
tariffs into the econometric model to account for the effects of WTO accession. The
estimation results in column (5) of Table 3 reveal that, after accounting for the impact
of trade liberalization, the estimated coefficient of the key explanatory variable AI is
0.5244, significant at the 5% level. Finally, in 2015, the General Office of the Ministry
of Industry and Information Technology issued the “Notice on Carrying Out the
Recommended Demonstration Projects for Intelligent Manufacturing Pilot Projects
in 2015”, significantly fostering the advancement of manufacturing servitization for
enterprises. Therefore, to account for the impact of this policy, the paper incorporates
a virtual variable for intelligent manufacturing pilot demonstration projects and a
time dummy variable into the econometric model. Simultaneously, samples from 2015
are excluded to mitigate the influence of the intelligent manufacturing pilot demon-
stration projects. The estimation results in columns (6)–(7) of Table 3 demonstrate
that, despite controlling for the impact of intelligent manufacturing pilot projects,
AI continues to significantly promote the level of manufacturing servitization through
a persistently positive estimated coefficient.

(4) Sample selection bias issue. There are two types of bias encountered in this study. The
first type arises from the Chinese industrial enterprise database’s limited inclusion of
state-owned enterprises and small and medium-sized non-enterprises above a certain
scale. Prior to 2011, the statistical criteria relied on a minimum main business income
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of 5 million yuan. Subsequently, the criteria increased to a minimum main business
income of 20 million yuan or higher. Consequently, this discrepancy causes data gaps
in the sample, inevitably introducing selection bias. Consequently, this study excludes
state-owned enterprise samples with main business income below 5 million yuan
prior to 2011 and below 20 million yuan thereafter. The estimation results in column
(8) of Table 3 reveal that, even after excluding the statistical data defects, the estimated
coefficient of the artificial intelligence variable remains significantly positive. The
second type of sample problem revolves around investigating the impact of artificial
intelligence on the service transformation of manufacturing enterprises, specifically
by excluding non-trading enterprise samples. This approach may introduce a non-
random sample issue stemming from sample self-selection. To mitigate this concern,
the Heckman two-step method is employed. The estimation results in column (9)
indicate that the inverse Mills ratio (IMR) does not surpass the 10% significance level
test, suggesting the absence of a significant sample selection bias issue in the empirical
regression analysis undertaken in this study.

(5) Endogeneity Issue. Potential endogeneity in this study arises due to a reverse causal
relationship between variables. Specifically, an improvement in the level of manu-
facturing servitization in enterprises may lead to an increase in the level of artificial
intelligence. To ensure reliable regression results concerning the impact of artificial
intelligence on manufacturing servitization, this study employs the annual aggregate
of articles published on artificial intelligence in the United States and the United
Kingdom from 2005 to 2015 as the instrumental variable for AI. Subsequently, the
employment ratio in each two-digit industry in China for each year is employed as a
weighting factor to break down the instrumental variable at the industry level.

Table 3. Robustness Test Results.

Variables
Dependent Variable: Servitization

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

AI 1.1953 ***
(0.1806)

0.6051 **
(0.2736)

1.2507 ***
(0.0307)

0.7353 **
(0.3120)

0.5244 **
(0.2054)

0.5870 **
(0.2327)

0.5660 **
(0.2196)

0.5864 **
(0.2332)

0.6250 **
(0.2412)

IV 6.1578 ***
(0.0929)

AI_IV 3.6513 ***
(0.0280)

IMR 0.0099
(0.0116)

Constant 0.2394 ***
(0.0013)

0.2903 ***
(0.0036)

0.2374 ***
(0.0007)

0.2323 ***
(0.0038)

0.2394 ***
(0.0029)

0.2394 ***
(0.0030)

0.2394 ***
(0.0029)

0.2394 ***
(0.0030)

0.2262 ***
(0.0163) —— ——

Enterprise Fixed
Effects Yes Yes No Yes Yes Yes Yes Yes Yes Yes Yes

Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Kleibergen-Paap rk

LM statistic —— —— —— —— —— —— —— —— —— 128.38 ***

Cragg-Donald Wald
F statistic —— —— —— —— —— —— —— —— —— 170.43 ***

Observations 314,991 303,318 359,166 289,456 314,991 312,353 314,991 314,903 314,991 359,169 314,991
R-squared 0.8234 0.8278 —— 0.8241 0.8111 0.8112 0.8111 0.8111 0.8111 0.782 0.816

Note: In column (1), the artificial intelligence variable is measured using industry robot usage data provided by IFR.
In column (2), the dependent variable is based on input-output data published by OECD-ICIOT in the 2016 version,
distinguishing between general trade and processing trade structures, and recalculating the level of manufacturing
servitization. Column (3) reports the regression results of the panel Tobit model. Column (4) reports the empirical
results after excluding the impact of the financial crisis. Column (5) reports the empirical results controlling for
the impact of trade liberalization. Columns (6)–(7) report the empirical results controlling for the impact of the
intelligent manufacturing pilot policy. Column (8) reports the empirical results after excluding the sample of
state-owned enterprises with main business income below 5 million yuan before 2011 and below 20 million yuan
after 2011. Column (9) reports the results considering sample selection bias and estimated using Heckman’s
two-step method. Columns (10)–(11) report the estimation results of two-stage least squares, *** and ** indicate
statistical significance at the 1% and 5% levels, respectively, with robust standard errors clustered at the industry
level in parentheses.

There are two justifications for this selection. First, as the level of artificial intelli-
gence development rises, researchers and institutions in a country become more actively
engaged in research. Furthermore, the progress in artificial intelligence technology equips
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researchers with stronger experiential foundations. Thus, employing research output as
an instrumental variable holds some validity and is not directly linked to the level of
manufacturing servitization. Second, the United States and the United Kingdom, being
leading countries in artificial intelligence, have established a mature technological culture
that gradually influences nations globally.

Based on a research report by the Information Technology and Innovation Foundation
(ITIF), China is progressively reducing the gap in several crucial areas despite the United
States’ ongoing dominance in artificial intelligence capabilities. Notably, the number of
research papers in the field of artificial intelligence in China exceeds that of the United
States. The United Kingdom, recognized as the birthplace of artificial intelligence, stands
as a frontrunner in European artificial intelligence. Moreover, its capital, London, is
widely acknowledged as a global hub for artificial intelligence development, occupying a
prominent position in diverse aspects such as artificial intelligence research and investment.

Consequently, the influence of research outcomes from the United States and the
United Kingdom on Chinese manufacturing enterprises primarily showcases the pro-
gressive nature of artificial intelligence development, satisfies the relevance criteria of
instrumental variables, and remains independent of other local factors that affect the
implementation of artificial intelligence in China. Utilizing these outcomes as instrumen-
tal variables for the industry-level integration of artificial intelligence in China aids in
mitigating the endogeneity problem in the model.

This study acquired data on paper output (in tens of thousands) in the field of artificial
intelligence for the United States and the United Kingdom from 2005 to 2015 by performing
a keyword search for artificial intelligence in article titles on Web of Science. Estimation was
conducted using the two-stage least squares (2SLS) method as the instrumental variable.
The estimation results of the two-stage least squares method, presented in columns (10)
to (11) of Table 3, indicate a consistently positive and statistically significant estimated
coefficient of AI_IV. This finding suggests a clear contribution of artificial intelligence
technology to the enhancement of manufacturing servitization. Furthermore, the LM test
for the instrumental variable (IV) successfully rejects the null hypothesis of “insufficient
instrumental variable identification” at the 1% significance level. Moreover, the Wald
F-test statistic, passing the 1% significance level test, rejects the null hypothesis of a “weak
instrumental variable”. This outcome provides additional confirmation of the instrumental
variable’s validity.

4.3. Theoretical Mechanism Testing

Building upon the analysis of theoretical mechanisms, we additionally identified
Total Factor Productivity (TFP) and the proportion of low-skilled labor employment as
intermediary variables. To investigate the mechanism by which artificial intelligence
impacts manufacturing servitization, we utilized a mediation effect model. The following
econometric model is employed:

lnt f p f it = π0 + π1 AIit + π2Control f it + δ f + ηt + ε f it (2)

Labor f it = γ0 + γ1 AIit + γ1Control f it + δ f + ηt + ε f it (3)

Servitization f it = θ0 + θ1 AIit + θ2lnt f p f it + θ3Labor f it + θ4Control f it + δ f

+ηt + ε f it
(4)

In this context, the variable ‘Labor’ represents the proportion of low-skilled labor
employment. This study utilizes the employment structure data from the enterprise-level
by matching the data from the 2008 China Economic Census Database with the industrial
enterprises-customs integration dataset. Furthermore, the variable ‘Labor’ is measured
by the proportion of employees with college degrees or below to the total number of
individuals employed by the enterprise at the end of the year. Other variables in the model
and parameter explanations are the same as in the previous context.
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The estimation results in the middle column (1) of Table 4 demonstrate that the
application of artificial intelligence significantly enhances a company’s TFP. Furthermore,
the results in column (2) indicate a significant positive correlation between company TFP
and the level of manufacturing servitization, confirming theoretical hypothesis 1 that
artificial intelligence will improve manufacturing servitization by promoting company
TFP. Similarly, the estimation results in columns (3)–(4) of Table 4 show that the regression
coefficient of artificial intelligence on the proportion of low-skilled labor employment is
−7.2206. This implies that an increase of 1 unit in artificial intelligence level leads to a
decrease of 7.2206 units in the proportion of low-skilled labor employment. Simultaneously,
for every 1-unit increase in the proportion of low-skilled labor employment, the level of
manufacturing servitization decreases by 0.0191. This result verifies theoretical hypothesis
2 that artificial intelligence enhances manufacturing servitization by reducing the input of
low-skilled labor. According to the Sobel test, the Z-values for both intermediary variables
are greater than 0.97 at the 5% significance level, indicating a significant intermediary effect.
In other words, artificial intelligence can influence the manufacturing servitization level
of a company through the two channels mentioned above. Examining the proportion of
different intermediary effects, it is evident that the impact of artificial intelligence on TFP
improvement is much smaller than the effect of optimizing the labor structure.

Table 4. Results of the Mechanism Test.

Part A: Results of the Mediation Effect Test

Variables
lntfp Servitization Labor Servitization Servitization

(1) (2) (3) (4) (5)

AI 2.1393 *
(1.2493)

0.5870 **
(0.2327)

−7.2206 ***
(1.4921)

0.4399 *
(0.2280)

0.4400 *
(0.2277)

lntfp 0.0004 ***
(0.0001)

0.0004 ***
(0.0001)

Labor −0.0191*
(0.0107)

−0.0191 *
(0.0107)

Control Variables Yes Yes Yes Yes Yes

Constant −0.9379 ***
(0.1331)

0.2394 ***
(0.0030)

0.8418 ***
(0.0063)

0.2554 ***
(0.0092)

0.2555 ***
(0.0092)

Enterprise Fixed Effects Yes Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes Yes

Observations 443,658 314,991 443,284 314,618 314,618
R-squared 0.5829 0.8111 0.9135 0.8111 0.8112

Part B: Mediation Effect Test

c a σa b σb z Intermediary effect weight

lntfp 0.4400 2.1393 1.2493 0.0004 0.0001 1.5742 ** 0.1945%
Labor 0.4400 −5.8556 0.8692 −0.0191 0.0107 1.7255 ** 25.4186%

Note: Z = a × b/
√

a2σb
2 + b2σa2, where c represents the regression coefficient of artificial intelligence on the

level of servitization in manufacturing; a represents the regression coefficient of artificial intelligence on the
mediating variable; b represents the regression coefficient of the mediating variable on the level of servitization
in manufacturing; and σa and σb represent the standard deviations of the corresponding estimated coefficients;
Mediation Effect Proportion = a × b/c, ***, **, and * denote statistical significance at 1%, 5%, and 10%, respectively,
with robust standard errors clustered at the industry level in parentheses.

5. Further Discussion: Embedded Service Transformation and Blended
Service Transformation

Embedded service transformation primarily involves integrating resources of both
products and services, thereby moving products from the lower end to the higher end
of the value chain. As a result, the main products involved in embedded transformation
exhibit a strategic matching relationship with the original products throughout the value
chain. Conversely, blended service transformation primarily extends into higher-value
service sectors to explore new sources of profit growth.

To investigate the distinct effects of artificial intelligence on these two transformation
modes, this study employs a fuzzy matching process to combine the Guo-Qian An CS-
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MAR listed company database for the period 2005–2015 with the previously mentioned
industrial-enterprise-customs merged data. The study filters out companies that reported
service revenue in their annual reports for a minimum of two years, yielding a sample of
97 companies comprising 276 observations.

The corresponding econometric model is formulated as follows:

Service f it = β0 + β1 AIit + β2control f it + δ f + ηt + ε f it (5)

In the equation, the variable “Service” represents the degree of manufacturing serviti-
zation, encompassing two distinct types: embedded and blended servitization. The level of
embedded servitization (Embedded) is quantified as the proportion of revenue generated
from embedded services, such as product distribution, product installation, after-sales
maintenance, testing, recycling, remote monitoring, engineering consulting, energy effi-
ciency, logistics consulting, IT solutions, etc., to the total operating revenue. Similarly,
the level of blended servitization (Mixed) is assessed based on the percentage of revenue
derived from blended services, such as futures brokerage, engineering services, property
leasing, property management, department stores, trade, catering, and tourism, etc., out of
the total operating revenue. The explanations for other variables remain consistent with
the previous descriptions.

The regression results presented in Table 5 demonstrate a significant positive impact of
artificial intelligence on embedded service transformation, whereas its influence on blended
service transformation remains inconclusive. This suggests that artificial intelligence
frequently extends the value chain of enterprises by incorporating activities like research
and development, after-sales support, and technical services. As a result, it facilitates the
advancement of their manufacturing servitization level. Similarly, motivated by artificial
intelligence technology, enterprises exhibit a relatively modest inclination to reconfigure
resource elements and expand their business scope. Additionally, this outcome underscores
the significance of achieving coopetition (cooperation and competition) throughout the
value chain, as it enables the mastery of core capabilities and the sharing of global benefits.
Moreover, it further emphasizes the pivotal role played by artificial intelligence in the
ongoing wave of industrial transformation and upgrading.

Table 5. The results of the manufacturing industry’s transformation into a service-oriented mode.

Variables
Embedded Mixed

(1) (2)

AI 7.9885 *
(4.5169)

−2.5489
(1.6471)

Control variable Yes Yes

Constant 2.0194 ***
(0.4129)

0.0304
(0.0299)

Enterprise fixed effects Yes Yes
Year fixed effects Yes Yes

Observations 276 276
R-squared 0.7926 0.5319

Note: *** and * respectively indicate 1% and 10% statistical significance, with industry-level clustering-robust
standard errors in parentheses.

6. Conclusions and Policy Implications

As information technology advances rapidly, manufacturing enterprises are facing
an urgent need to transition from being product suppliers to becoming comprehensive
solution providers. The emergence of artificial intelligence technology further accelerates
this transformation. This paper utilizes the 2018 version of OECD-ICIOT industry data and
micro-matched data from customs and industrial enterprise databases to calculate the level
of manufacturing servitization at the enterprise level from 2005 to 2015. Subsequently, it
investigates the impacts of artificial intelligence on manufacturing servitization in China.
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The research findings indicate that artificial intelligence significantly promotes manufactur-
ing servitization, primarily through mechanisms such as improving enterprise TFP and
optimizing labor structure. Additionally, the study reveals that artificial intelligence has a
significant promoting effect on the transformation of embedded services, while its impact
on blended service transformation is not evident.

The present study holds significant theoretical and practical implications. On the theo-
retical front, this study extends the enterprise domestic value-added analysis framework
proposed by Kee and Tang [50] to the realm of manufacturing servitization. It establishes
a theoretical analytical framework that reflects the constraints of artificial intelligence in-
puts and labor skill inputs. Based on this framework, the study explores the theoretical
mechanisms through which artificial intelligence influences the servitization of the manu-
facturing industry by impacting enterprise total factor productivity and optimizing labor
skill structures within a general equilibrium framework.

On the practical level, this study provides accurate measurements of the level of man-
ufacturing servitization at the firm level, taking into account the differentiation between
domestic and foreign sources of factor inputs. Consequently, it offers micro-level evidence
of how artificial intelligence influences manufacturing servitization. Building upon this
evidence, the study further distinguishes between embedded services and mixed services
within the realm of manufacturing servitization, thereby clarifying the differentiated effects
of different types of servitization transformations. This serves as valuable guidance for
manufacturing enterprises to fully leverage artificial intelligence as a cutting-edge technol-
ogy for achieving servitization transformation and making appropriate adjustments based
on specific types of servitization transformations.

The conclusions drawn from this research have important policy implications. Firstly,
it is crucial to provide strong support for the development of the artificial intelligence
industry by strengthening the infrastructure and innovation platform, thereby promoting
the deep integration of artificial intelligence with the manufacturing sector and other real
economy sectors. This integration facilitates the transformation and upgrading of man-
ufacturing enterprises. Secondly, increasing investment in worker education and skills
training is essential to enable low-skilled workers to enhance their capabilities and adapt to
the new landscape of manufacturing servitization, thereby reducing the potential employ-
ment impact resulting from the advancement of artificial intelligence in the manufacturing
sector. Thirdly, actively leveraging artificial intelligence technology to promote intelligent
matching and efficient collaboration between services and production factors can acceler-
ate the pace of manufacturing servitization. Fourthly, expanding the positive impact of
artificial intelligence is necessary to ensure its full potential in relatively underdeveloped
regions, labor-intensive industries, private enterprises, processing trade enterprises, and
hybrid-service-oriented businesses, fostering balanced development.

Finally, the present research in this paper still has some limitations. For example,
since the latest customs data has not been disclosed in recent years, public data is available
only up to 2015. At the same time, the measurement of the level of artificial intelligence
development has been limited to industry-level analysis, failing to capture more granular
results. Therefore, in future research, we will continuously update the data obtained and
attempt to measure the level of artificial intelligence development at the enterprise level,
aiming to conduct more in-depth and timely studies.
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Appendix A

This paper expands upon the framework introduced by Kee and Tang [50] that focuses
on firms exporting domestic value-added, and extends it to the domain of manufacturing
servitization. By integrating this framework with the artificial intelligence technology
model presented by Acemoglu and Restrepo [19], the paper investigates, within a unified
analytical framework, the impact of artificial intelligence on the extent of manufacturing
servitization.

Assuming that the production function of the firm satisfies:

Yf t = A f tKα
f tL

β
f t Mλ

f t (A1)

In the table, the enterprise at time t is represented by f and t, respectively. The total factor
productivity (TFP) of the enterprise is denoted as A. The capital, labor, and intermediate input of
the enterprise are represented by K, L, and M, with their corresponding average prices indicated
as r, ω, and PM, respectively. The output elasticity of capital, labor, and intermediate input is
represented by α, β, and λ, respectively, satisfying the condition α + β + λ = 1.

Based on the research conducted by Acemoglu and Restrepo [19], it is clear that the
adoption of artificial intelligence significantly enhances the total factor productivity of
enterprises. This conclusion has been supported by other scholars, including Graetz and
Michaels [18] and Aghion et al. [51]. Therefore, it can be inferred that:

∂A f t

∂AI f t
> 0 (A2)

Based on the findings of Kee and Tang [50], it has been determined that the intermedi-
ate input (M) in enterprises comprises two components: domestic intermediate input (MD)
and imported intermediate input (MI), each associated with corresponding average prices
(PD and PI , respectively). Therefore, the function representing the intermediate input can
be expressed as:

M f t =

(
MD κ−1

κ
f t + MI κ−1

κ
f t

) κ
κ−1

(A3)

In this context, κ represents the elasticity of substitution between domestic intermedi-
ate goods and imported intermediate goods, with κ > 1. The prices of intermediate goods
can be expressed using a constant elasticity of substitution (CES) function of PD and PI ,
known as:

PM
ft =

((
PD

ft

)1−κ
+
(

PI
ft

)1−κ
) 1

1−κ

(A4)

According to the principle of profit maximization or cost minimization, the firm can
establish the following relationship:

C f t

(
r f t, ω f t, PD

f t , PI
f t, Yf t

)
=

Yf t

A f t

( rt

α

)α
(

ω f t

β

)β
(

PM
f t

λ

)λ

(A5)

PM
f t M f t

C f t
= λ (A6)
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At this point, the marginal cost of the final product produced by the firm is:

c f t =
∂C f i

∂Yf t
=

1
A f t

(
r f t

α
)α(

ω f t

β
)β(

PM
f t

λ
)λ (A7)

Referring to the study by Kee and Tang [50], assume that the share of imported
intermediate goods in the total revenue of the firm is denoted as ϑ:

ϑ =
PI

f t MI
f t

Pf tYf t
=

PI
f t MI

f t

PM
f t M f t

PM
f t M f t

C f t

C f t

Pf tYf t
= λ

1
µ f t

PI
f t MI

f t

PM
f t M f t

(A8)

The parameter µ represents the cost markup of the firm, which satisfies the condition
µ = P/c, where P is the price of the final good. By referring to the constraint function in
Equation (A9), we can derive the proportion of the cost of imported intermediate goods to
the total cost of raw materials, as illustrated in Equation (A11).

min PI
f t MI

f t + PD
f t MD

f t (A9)

s.t. M f t =

(
MD κ−1

κ
f t + MI κ−1

κ
f t

) κ
κ−1

(A10)

PI
f t MI

f t

PM
f t M f t

=
1

1 +
(

PI
f t/PD

f t

)κ−1 (A11)

Therefore, the Domestic Value-Added Rate (DVAR) for the enterprise can be expressed as:

DVAR f t = 1 −
PI

f t MI
f t

Pf tYf t
= 1 − λ

1
µ f t

1

1 +
(

PI
f t/PD

f t

)κ−1 (A12)

Similarly, the Foreign Value-Added Rate (FVAR) for the enterprise can be expressed as:

FVAR f t = 1 − DVAR f t = λ
1

µ f t

1

1 +
(

PI
f t/PD

f t

)κ−1 (A13)

Following Deng et al. [48], the manufacturing servitization function can be expressed as:

Servitization f t = DVAR f tθ1 + FVAR f tθ2 (A14)

In the manufacturing industry, θ1 and θ2 indicate the proportions of domestic and
foreign service value-added, respectively, relative to the overall domestic and foreign
value-added. Specifically for China, the value-added rate of domestic services in the
manufacturing sector surpasses the foreign value-added rate, denoted as θ1 > θ2. Therefore,

Servitization f t = DVAR f t(θ1 − θ2) + θ2 =

1 − λ
1

Pf t A f t

( r f t

α

)α(ω f t

β

)β
(

PM
f t

λ

)λ
1

1 +
(

PI
f t/PD

f t

)κ−1

(θ1 − θ2) + θ2 (A15)

Taking the partial derivative of the total factor productivity A, we obtain:

∂Servitization f t

∂A f t
= (θ1 − θ2)

λ

Pf t

( r f t

α

)α(ω f t

β

)β
(

PM
f t

λ

)λ

A−2
f t (A16)
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Therefore, the impact of artificial intelligence on manufacturing servitization can be
expressed as:

∂Servitizationft
∂AIft

=
∂Servitizationft

∂Aft

∂Aft
∂AIft

(A17)

According to Equations (A2) and (A16), ∂Servitizationft
∂Aft

> 0, ∂Aft
∂AIft

> 0.

Therefore, ∂Servitizationft
∂AIft

> 0.
To gain a deeper understanding of the labor structure, we explore the implications of

artificial intelligence investment on the framework of the labor market. We assume that
a firm’s labor input (L) consists of both low-skilled labor (Lu) and high-skilled labor (Ls),
with the proportion of low-skilled labor represented by σ. Building upon the research
conducted by Krusell et al. [52] and Lankisch et al. [53], we propose a significant substitutive
relationship between a firm’s artificial intelligence input (AI) and low-skilled labor (Lu),
while high-skilled labor (Ls) remains non-substitutable. In this context, the firm’s labor
input L is characterized by the following function:

L f t =
[
(1 − σ)

(
Ls

f t

)γ
+ σ

(
AI f t + Lu

f t

)γ] 1
γ

(A18)

where γ represents the elasticity of substitution between high-skilled labor and low-skilled
labor, satisfying γ ∈ (0,1). In this case, the average price of labor can be expressed as a
constant elasticity of substitution (CES) function of wages for high-skilled ωs and low-
skilled (ωu) labor, along with the cost of artificial intelligence technology investment (PAI):

ω f t =

(
(1 − σ)

(
ωs

f t

) γ
γ−1

+ σ
(

ωu
f t

) γ
γ−1

+ σ
(

PAI
f t

) γ
γ−1
) γ−1

γ

(A19)

In a perfectly competitive market, the rental rate r for physical capital K is its marginal
output, and therefore satisfies:

r f t =
∂Pf tYf t

∂K f t
= Pf t A f tαKα−1

f t Lβ
f t Mλ

f t (A20)

The rental price PAI for artificial intelligence is given by:

PAI
f t =

∂Pf tYf t

∂AI f t
= Pf t A f tK

α
f tβLβ−1

f t
1
γ

L f t

Lr
f t

σγ
(

AI f t + Lu
f t

)γ−1
Mλ

f t (A21)

In a state of factor market equilibrium, there are no arbitrage opportunities that exist
between different forms of capital. However, if such opportunities were present, capital
would flow between traditional physical capital and artificial intelligence capital until
equilibrium is achieved. This equilibrium condition is satisfied when the rate of return on
capital (r) equals the price of artificial intelligence capital (PAI).

By combining Equations (A20) and (A21), we obtain:

α = K f tβL−γ
f t σ

(
AI f t + Lu

f t

)γ−1
(A22)

λ = 1 − K f tβ
[
(1 − σ)

(
Ls

f t

)γ
+ σ

(
AI f t + Lu

f t

)γ]−1
σ
(

AI f t + Lu
f t

)γ−1
− β (A23)

Similarly, in a perfectly competitive market, wages are equal to their marginal product.
Therefore, we can determine:

ωs
f t =

∂Pf tYf t

∂Ls
f t

= Pf t A f tK
α
f t

β

γ

[
(1 − σ)

(
Ls

f t

)γ
+ σ

(
AI f t + Lu

f t

)γ] β−γ
γ
(1 − σ)γ

(
Ls

f t

)γ−1
Mλ

f t (A24)
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ωu
f t =

∂Pf tYf t
∂Lu

f t
= Pf t A f tK

α
f t

β
γ

[
(1 − σ)

(
Ls

f t

)γ

+σ
(

AI f t + Lu
f t

)γ] β−γ
γ σγ

(
AI f t + Lu

f t

)γ−1
Mλ

f t

(A25)

ωs
f t

ωu
f t

=
1 − σ

σ

(
Ls

f t

AI f t + Lu
f t

)γ−1

(A26)

At this point, the relationship among human capital AI, low-skilled labor input Lu, and high-
skilled labor input Ls satisfies:

Ls
f t

AI f t + Lu
f t

=

(
ωs

f t

ωu
f t

σ

1 − σ

) 1
γ−1

(A27)

λ = 1 − K f tβ

(1 − σ)
(

AI f t + Lu
f t

)γ
(

ωs
f t

wu
f t

σ

1 − σ

) γ
γ−1

+ σ
(

AI f t + Lu
f t

)γ

−1

σ
(

AI f t + Lu
f t

)γ−1
− β (A28)

Taking into account the two different labor input structures of low-skilled and high-skilled labor, the
manufacturing servitization function can be further adjusted to:

Servitization f t =

[
1 − λ 1

µ f t
1

1+
(

PI
f t/PD

f t

)κ−1

]
(θ1 − θ2) + θ2

= (θ1 − θ2)− (θ1 − θ2)
1

µ f t
1

1+(PI
t /PD

t )
κ−1

1 − K f tβ

[
(1 − λ)

(
AI f t + Lu

f t

)γ
(

ωs
f t

ωu
f t

λ
1−λ

) γ
γ−1

+ σ
(

AI f t + Lu
f t

)γ
]−1

σ
(

AI f t + Lu
f t

)γ−1
− β

+ θ2

(A29)
Therefore, taking the partial derivative with respect to low-skilled labor, we obtain:

∂Servitization f t
∂Lu

f t
= −(θ1 − θ2)

1
µ f t

1

1+
(

PI
f t/PD

f t

)κ−1

K f t β

(1 − σ)
(

AI f t + Lu
f t

)γ
(

ωs
f t

ωu
f t

σ
1−σ

) γ
γ−1

+ σ
(

AI f t + Lu
f t

)γ


−2(1 − σ)γ

(
ωs

f t
ωu

f t

σ
1−σ

) γ
γ−1 (

AI f t + Lu
f t

)γ−1

+γσ
(

AI f t + Lu
f t

)γ−1
]

σ
(

AI f t + Lu
f t

)γ−1
− K f t β

(1 − σ)
(

AI f t + Lu
f t

)γ
(

ωs
f t

ωu
f t

σ
1−σ

) γ
γ−1

+ σ
(

AI f t + Lu
f t

)γ

−1

σ(γ − 1)
(

AI f t + Lu
f t

)γ−2


(A30)

Therefore, it is evident that
∂Servitization f t

∂Lu
f t

< 0. Building upon the previous assumption, there exists a

significant substitutive relationship between artificial intelligence capital (AI) and low-skilled labor Lu, i.e.,
∂Lu

ft
∂AIft

< 0. As a result, we can conclude that ∂Servitizationft
∂Lu

ft
< 0.
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