
Citation: Wu, K.; Tang, Z.; Zhang, L.

Population Aging, Industrial

Intelligence and Export Technology

Complexity. Sustainability 2022, 14,

13600. https://doi.org/10.3390/

su142013600

Academic Editors: Babek Erdebilli

(B.D Rouyendegh) and Erfan

Babaee Tirkolaee

Received: 2 September 2022

Accepted: 17 October 2022

Published: 20 October 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Population Aging, Industrial Intelligence and Export
Technology Complexity
Kexu Wu 1 , Zhiwei Tang 2 and Longpeng Zhang 2,*

1 School of Management and Economics, University of Electronic Science and Technology of China,
Chengdu 611731, China

2 School of Public Affairs and Administration, University of Electronic Science and Technology of China,
Chengdu 611731, China

* Correspondence: zlp1988@uestc.edu.cn

Abstract: The ageing of the population has become a serious test for all countries and regions,
and industrial intelligence, as a new development model that integrates traditional industries with
modern technology, will contribute to the deep integration of the industrial and innovation chains and
thus to the enhancement of national core competitiveness. Based on the dual influence of population
ageing and industrial intelligence, this paper uses the 2016 version of the World Input-Output
Database (WIOD) data for 16 manufacturing industries in 43 countries from 2000 to 2014 to construct
an econometric regression model to empirically test the relationship between population ageing,
industrial intelligence and technological complexity of exports. The results of the study show, firstly,
that population ageing plays a positive role in the technical complexity of exports. Secondly, the
introduction of industrial intelligence mitigates the adverse effects of an ageing population through a
complementary substitution mechanism on the one hand, and promotes industrial upgrading and
transformation through the infiltration and expansion effects of industrial intelligence on the other,
which in turn has a positive impact on the increase in technological sophistication of exports. In
addition, the paper further divides the level of industry technology, the level of national development
and the age structure of the ageing population, and explores the impact of industry intelligence in
different dimensions. The results show that industrial intelligence can have a positive impact on
export technological sophistication at the industry level, at the national level and in terms of ageing
demographics. The research results provide a new way of thinking, through which countries around
the world can formulate population policies and industrial policies and improve the complexity of
export technology under the background of aging.

Keywords: population aging; artificial intelligence; industrial intelligence; export technology
complexity

1. Introduction

The current issue of population aging is a severe test being faced by countries around
the world [1]. According to the 2019 edition of the United Nations’ World Population
Prospects, the world’s rate of population growth rate gradually slowed down after reaching
its peak in 1965–1970 [2]. Between 2010 and 2020, the population growth rate dropped
below 1.1% for the first time. The United Nations predicts that the slowdown will continue
until the end of this century [2]. At the same time, in 2018, due to the slowdown in the birth
rate, for the first time in human history the number of people over the age of 65 exceeded the
number of children; the age structure of the population has undergone dramatic changes.
In 2019, the proportion of the elderly population to the total population in most countries
in the world had more than tripled (compared with 1990); the global population structure
has gradually changed from a young society to an aging society [3]. This aging population
brings both challenges and new opportunities [4]. In terms of challenges, some studies
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have pointed out that the intensification of population aging has led to a shortage of labor
market supply [5]. Simultaneously, the aging population has greatly increased the pension
burden on families and society [6], and has also put forward higher requirements for
the supply, efficiency and quality of public services [7]. From another perspective, some
researchers believe that the aging population has put forward higher requirements for
the supply of products in the consumer goods market, thereby promoting the progress of
technology, almost in disguise [8]. Through the adjustment of the current retirement policy,
this segment of high-quality labor resources can be fully utilized, and the national export
technology level can be improved [9].

As the global demographic structure changes, the past economic development model,
which focused on labour-intensive industries, is no longer applicable to the current technology-
led green development model [10]. By adjusting the industrial development model, reducing
the dependence of industry on the population has become the main strategy employed by
current governments to promote their own economic development [11]. For this reason,
the intelligent transformation of industry based on the application of smart technology is
gradually receiving a great deal of attention from various countries around the world [12].
Nguyen points out that the development mode of integrating the Internet, big data, artificial
intelligence and real industries has become the mainstream of industrial intelligence develop-
ment [13]. This model will have broader and far-reaching impacts on the world economy [13].
According to statistics from the International Federation of Robotics, the number of newly-
installed industrial robots worldwide increased from 111,000 units in 2006, to 373,000 units
in 2019, an annual growth rate of 10.56% [14]. Meanwhile, from 2006 to 2019, the population
growth rate dropped from 1.24% to 1.07%. At the same time, McKinsey & Company have
predicted that the application of industrial intelligent technology between 2020 and 2030
will contribute 1.2% to the improvement of industrial efficiency [15]. By 2030, intelligent
technology is expected to make a huge contribution to global economic output [15].

Hajkowicz, after conducting a study on the development and application of artificial
intelligence technologies in Australia, points out that the increase in the level of industrial
intelligence can help to solve some of the economic development problems that currently
exist [16]. For example, through the support of massive data flow and algorithms, the
problem of information asymmetry can be effectively reduced, and the accuracy of decision-
making can be improved [17]. Using the characteristics of the Internet can help to promote:
intra-industry and inter-industry connections, inter-industry coordination and coopera-
tion, and the development of the industrial structure to a high level [18]. At the same
time, through industrial intelligence, the fairness and efficiency of social behaviors from
production to distribution to exchange and consumption will be promoted, all of which
will have a positive impact on social development [19]. In addition, the development of
industrial intelligence has also already played an important role in increasing the technical
complexity of exports [20]. Factors such as production equipment and product quality
are essentially realized through the channel of industrial intelligence in the process of
affecting the technical complexity of exports [20]. Also, with the continuous improvement
in the level of information technology, the positive role of industrial intelligence in R&D
innovation has become increasingly obvious [21]. Industrial intelligence has also become
an increasingly important means to promote the construction of an innovative country and
promote economic development [22].

In the context of an increasing ageing population and the transformation of national
industries into intelligent ones, this paper examines whether industrial intelligence can
contribute to an increase in the technological complexity of exports in the context of an
ageing population. Hausmann first proposed the concept of “export technology com-
plexity” [23], which reflects the important economic characteristics of a country’s export
technology content, production efficiency, and export structure. The improvement of export
technology complexity will help industrial upgrading and enhance national comprehensive
competitiveness. To date, most of the research in this field has focused on the factors
that influence export technology complexity. Far less research has been carried out on the
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combination of population aging, industrial intelligence and export technology complexity.
Therefore, this paper will thus objectively evaluate the impact of population ageing on
the technological complexity of exports and, on this basis, discuss the mediating effect of
industrial intelligence in the impact of population ageing and the technological complexity
of exports. In the context of the increasingly serious problem of ageing, the findings of
this study help to improve the academic research on ageing and provide some ideas for
countries to deal with the problem of ageing, adjust the structure of export trade and
the direction of development of the manufacturing industry, so this study has certain
theoretical and practical significance. In addition, this paper uses cross-country data on
manufacturing industry segments to conduct an empirical study, and further classifies the
technological content of the industry and the level of development of the country, allowing
the paper to explore the relationship between population ageing, industrial intelligence and
export technological complexity in more detail, and to draw more relevant and revealing
conclusions that will help to further expand the marginal contribution of this paper.

2. Literature Review and Critique
2.1. Literature Review

Current academic research on population aging, industrial intelligence and export tech-
nology complexity can be summarized into three aspects. First of all, in terms of changes in
population structure and related research on export trade, early literature content mainly
focused on the research between the age structure of the population and the transaction
items that often occur in the balance of payments [24]. The current body of research mainly
focuses on the aging of the population, the impact of the population’s transformation on
export comparative advantage, export quality upgrade, and trade structure [25].

In terms of the impact of aging on the current account, Coale & Hoover believed
that an increase in the social dependency ratio would lead to an excessively low savings
rate and an excessively high consumption rate [26]. In terms of export trade, the study
maintained that a current account deficit would appear, and based on this, the researchers
put forward the “support burden hypothesis” [26]. However, the findings of Fougère and
Mérette are diametrically opposed to this, with their findings suggesting that ageing has
a positive effect on improving the current account balance [27]. The conflict between the
above two viewpoints has led to further research on this issue in academic circles. Using the
population dependency ratio as a measure of population ageing, Chinn & Prasad find that
the ageing of a country’s population has a negative impact on the current account [28]. Kim
& Lee studied the changes in the demographic structure of Southeast Asian countries and
found that, when the population structure is aging, goods, services, income and current
transfers show negative growth [29]. However, Gruber & Kamin studied the changes
of the current account-to-GDP ratio in 61 countries, from 1982 to 2003 [30]. The study
found that the age structure of the population cannot explain the huge surpluses of Asian
countries [30].

In terms of research on the impact of aging on the structure of export trade, Sayan was
the first to study the relationship between population aging and national trade patterns [31].
The study used an OLG model to analyze the aging degree of the population represented
by the decrease in the birth rate of the population. The authors concluded that population
aging increases capital in a country or region, but labor becomes a scarce commodity [31].
As a result, the relative price of capital-intensive commodities in the country is reduced, and
the export comparative advantage of capital-intensive commodities is increased. On the
basis of Sayan’s research, Naito & Zhao concluded that, once free trade reaches a stable level,
countries with a high degree of aging will use capital-intensive commodities as their main
export products [32]. Meanwhile, non-aging countries will make themselves endogenous
and become an economic power that can dominate international prices [32]. Yakita based
his study on the “H-O” model and introduced per capita life expectancy extension and
human capital investment [33]. The study’s results show that there is not necessarily a
relationship between the degree of countries’ population aging and the export of capital-
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intensive products from those countries [33]. Zuo & Yang believed that the number of
China’s labor force will decrease sharply in line with the aging of the population [34].
In addition, the current “demographic dividend” will disappear, which will change the
comparative advantage of exports. Tian et al. demonstrate that the population dependency
ratio has a significant effect on bilateral trade using data from 176 countries for the period
1970–2006 [35]. Graetz & Michel conclude from an assessment of population mobility and
population size projections that inconsistencies in the degree of population ageing across
countries will lead to mutually beneficial trade effects in the context of international capital
flows [36]. By comparing the export trade structure of two large population countries,
China and India, Wang et al. find that a country with a higher degree of population ageing
tends to favour export trade in goods with higher technology content in its export trade
structure, while a large population country with a lower degree of ageing focuses more on
exports of labour-intensive goods [37]. Brockova et al. study export trade in China in the
era of the ‘new normal’ [38]. Their findings suggest that, as China’s population ages, the
country’s export trade has shifted from the traditional primary sector to the secondary and
tertiary sectors, and the structure of export trade has gradually changed from ‘processing’
to ‘innovation’ [38]. A study by Wu et al. found that increasing levels of population ageing
have a more severe impact on developing countries compared to developed countries [39].
The impact of population ageing on the decline in autonomous innovation capacity and
the rise in human capital leads to a shift in the structure of export trade towards lower
technology levels in developing countries with higher levels of population ageing [39].

The second aspect pertains to the research on the economic effects of industrial in-
telligence, which mainly focuses on the impact of industrial intelligence on total factor
productivity.

As the early definition of industrial intelligence in academia mainly focuses on tradi-
tional communication technologies such as industrial information processing, industrial
information services and industrial information equipment, it does not involve modern in-
telligent technologies such as big data, the Internet of Things and Artificial Intelligence [40].
Therefore, the early research on industrial intelligence focused on the relationship between
traditional information technology and total factor productivity. For example, Lichtenberg
conducted an empirical study using the data of American enterprises in the three years
from 1988 to 1991 as a research sample [41]. Shao & Lin also took American companies
as the research object [42]. That study analyzed the relationship between the level of
information technology investment and total factor productivity and found that a posi-
tive correlation exists between the two [41]. Brynjolfsson & Hitt further expanded on the
basis of their original research [43]. The new study found that an improvement in the
degree of informatization not only helps to improve the total factor productivity, but also
helps the country’s economic growth [43]. Jorgenson Ho & Stiroh found that information
technology has a stimulating effect on economic growth, but only in a specific period of
time [44]. In addition to the United States, the link between economic development and
industrial intelligence in developing countries has also been the focus of research. Gholami,
Moshiri & Lee used Iran’s six-year manufacturing industry data, from 1993 to 1999, to
prove that information and communications technology (ICT) can help improve total factor
productivity, thereby promoting economic development [45]. Hawash & Lang used four
years of data from 33 developing countries as a research sample [46]. The study found
that, compared with developed countries, information technology can play a better role in
promoting manufacturing in developing countries, as well as promoting manufacturing
and business upgrades in developing countries [46].

As the level of industrial intelligence has continued to improve, especially with regard
to the application of artificial intelligence technology in industry, the academic community
has begun to shift the focus of research to the relationship between industrial intelligence
and total factor productivity. Some research results have shown that industrial intelligence
can effectively promote an improvement in manufacturing total factor productivity [47].
Graetz & Michaels used industrial robots in 17 countries and regions as samples [48].
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Empirical tests found that the use of robots can improve total factor productivity, but the
increase in labor productivity was limited to only 0.36% [48]. Acemoglu & Restrepo argued
that industrial automation can increase productivity by replacing labor with relatively
cheap capital [49]. Papagiannidis and Marikyan found through their study on the use of
smart offices in production that the total factor productivity of companies was significantly
improved after the application of smart office devices [50]. Wu et al., on the other hand,
found that modern smart technology, represented by internet technology, has become an
important factor in China’s total factor improvement after an empirical study of production
data from 2006–2017 across Chinese provinces [51]. In addition the study found that
smart technologies not only enhance total factor productivity in the region, but also have a
positive impact on the surrounding areas. Li et al., on the other hand, conducted a study
on listed manufacturing firms in China, and their findings suggest that the application of
smart technologies and the implementation of stable economic policies will help improve
the total factor productivity of firms [52]. Jiang et al. found that the total factor productivity
of manufacturing firms applying smart technologies was much higher than the industry
average [53]. The application of smart technologies effectively reduced production costs
and expanded financing channels, which in turn led to an increase in the total factor labour
productivity of the firms [53]. Kromann et al. analyzed the manufacturing data of nine
countries and concluded that the use of industrial robots can effectively improve total factor
productivity [54].

Conversely, some studies have maintained that industrial intelligence will inhibit total
factor productivity. Brynjolfsson et al. found that the rapid development of industrial
intelligence did not bring about an increase in productivity, but caused a significant decline;
there was, in reality, a “productivity paradox” [55]. Acemoglu & Restrepo believed that the
“abuse” of automation leads to a waste of resources and the inability of the labor force to
match the artificial intelligence technology [49]. The study maintained that these are the
key factors inhibiting the improvement of total factor productivity [49]. Gordon conducted
a study on the development of the manufacturing industry in the United States over the
past decade [56]. The results revealed that, although the technological innovation capability
of the United States has been accelerating in the past decade, the productivity performance
has slowed down year-by-year [56]. The reason for this finding may be that the success
of the information technology (IT) revolution failed to affect the manufacturing industry.
Rather, IT benefits consumers more, leading to a significant bias in the estimates of total
factor productivity [56].

The third and final aspect is the study of the relationship between industrial in-
telligence and population structure. Early research focused on the study of industrial
intelligence and labour substitution. For example, Pajarinen & Rouvinen believed that
artificial intelligence technology can replace labor [57]. Frey used the machine learning
method to predict that half of the more than 700 occupations in the United States will be
replaced by artificial intelligence in the short term [58]. This could lead to social problems,
such as unemployment [58]. However, Dauth et al., through a study of German companies,
found that artificial intelligence did not affect employment [59]. Manyika et al. showed that
people have positive attitudes towards the replacement of labour by artificial intelligence,
but the improvement of the social security system for the replaced population should be
fully considered in the formulation of actual industrial policies [15]. Smith and Waldeau
argue that although AI technology has come a long way, it is not a complete replacement
for human labour at this stage, and that the application of AI technology is mainly to
help workers with difficult tasks [60]. Tschang & Almirall study the impact of industrial
intelligence applications on employment and analyse it in the context of artificial intelli-
gence substitution cases, finding that industrial intelligence applications will gradually
replace workers in low-skilled labour, but will also generate new demand for highly skilled
labour [61]. Mutascu, through an analysis of production data for 23 developed countries
from 1998–2016, finds that the application of AI technology will help reduce unemployment
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only at low inflation levels [62]. In other cases, AI did not show a significant correlation
with the unemployment rate [62].

Current research focuses on the link between industrial intelligence and population
aging. Clauberg argues that the application of AI technologies in production is more desir-
able in developed countries with a high level of population ageing compared to developing
countries with a large population [63]. Abeliansky & Prettner believed that, for every 1%
decrease in the population growth rate in countries with a higher concentration of aging
populations, the installed density of robots will increase by nearly 2% [64]. Acemoglu
& Restrepo tested the relationship between aging and artificial intelligence technology
by constructing a theoretical model [65]. The results showed that an aging population
will stimulate the development and application of artificial intelligence technology, and
then promote the economic growth of a country or region [65]. Following the same line
of reasoning, Acemoglu & Restrepo empirical analysis of 722 commuting areas in the
United States also found that areas with a higher degree of aging have a correspondingly
larger number of robot integration companies [49]. This positive association is particularly
pronounced in industries that are highly-dependent on the middle-aged (24–55) labor
force [49]. Ruiz-Real’s research shows that industrial intelligence based on artificial intel-
ligence technology can effectively address the threats to agricultural production arising
from an ageing population. By upgrading agricultural intelligence, it will help to alleviate
labour supply pressure and improve agricultural production efficiency [66]. Abuselidze &
Lela show that the increasing ageing of the population will facilitate the development of
industrial intelligence [67]. In addition, the low-skilled workers displaced by industrial
intelligence will be able to work in service industries such as social security, providing
a wider range of social services for the ageing population [67]. Nazareno & Schiff based
their analysis on comprehensive social survey data for 402 industries from 2002–2008. In
developed countries with a high level of ageing, it is difficult to replace their workforce by
AI technology, as their manufacturing industries tend to produce mainly higher technology
products, and the application of industry intelligence technologies such as AI technology
can lead to a rapid increase in the cost of products [68].

2.2. Literature Summary

The academic literature on population ageing, the economic benefits of industrial
intelligence and the link between industrial intelligence and population ageing provides
an important reference for this study. By reading the existing literature, it can be seen that
there are several shortcomings in the existing studies: firstly, there are more studies on
the impact of population ageing on the development of manufacturing industries and on
export trade, but there are fewer studies on the topic of the impact of population ageing on
the technical complexity of exports, especially manufacturing exports. Secondly, the link
between industrial intelligence and demographics and its impact on economic development
has been studied from different perspectives in the literature, but at this stage there are
relatively few studies that combine population ageing, industrial intelligence and export
technological sophistication.

For these reasons, this paper will explore the intrinsic links between population ageing,
industrial intelligence and export technological sophistication, and attempt to expand on
them in two ways: first, by constructing an empirical model using cross-country-level and
industry-level data, and by theoretically elaborating and empirically testing the associa-
tion between the degree of population ageing and export technological sophistication in
43 countries around the world. Secondly, industrial intelligence is incorporated into the
analytical framework to further investigate the mechanism of the impact of population
ageing and industrial intelligence on the technological complexity of exports.
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3. Theoretical Mechanisms and Research Assumptions
3.1. Theoretical Foundations and Institutional Pathways

Leontief’s new factor theory of international trade argues that, in addition to land,
labour and capital, technology, human capital, research and development, information and
management should all be added to international trade as factors of production and play a
decisive role in a country’s comparative advantage in international trade. Among other
things, the human capital and technology referred to in the theory are relevant to this study.

In terms of human capital, Schults’ human capital theory states that human capital is
a type of capital embodied in workers, expressed as the sum of the quantity and quality of
workers, i.e., the value of their knowledge, skill level, work capacity and health status, and
that the level of a country’s human capital will also determine the level of its comparative
advantage in participating in the international division of labour [69].

In terms of technology, the growth mode proposed by Solow has successfully demon-
strated that technological progress leads to a change in the production function without an
increase in other factors of production inputs, which in turn leads to long-term economic
growth, and therefore technological progress is considered to be one of the main driving
forces of economic growth and the enhancement of a country’s comparative advantage in
international trade [70].

Based on the above theory and in the context of the research, the following mechanism
of action is proposed (Figure 1) and elaborated later in the paper.
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3.2. The Impact of Population Aging on the Technological Complexity of Exports

Based on Schults’ human capital theory [69], this paper argues that there are two
opposing mechanisms of influence in the study of the impact of population ageing on
export technological sophistication: a positive influence, whereby an ageing age structure
contributes to an increase in export technological sophistication, and a negative influ-
ence, whereby an economy’s export technological sophistication is hindered as its age
structure ages.

3.2.1. Positive Impact

(1) Experiential labour supply mechanisms. In 1962, Arrow put forward the concept
of “learning by doing” [71], pointing out that, by trying to solve the problems arising in
labor production, the production efficiency of laborers will also be improved. An increase
in the proportion of the elderly in the overall population will increase the proportion
of skilled labor, thereby contributing to an increase in the technological sophistication
of exports. Crouch believes that labor efficiency is determined by variable intelligence,
fixed intelligence and physical fitness [72]. Among them, fixed intelligence is composed of
work and life experience; therefore, fixed intelligence will gradually increase with age [72].
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Hence, older workers have more advantages in industries with higher technical complexity,
such as high-precision manufacturing, and these workers can have a positive impact on
the technical complexity of exports [72]. Backes-Gellner et al. pointed out that, in the same
production environment, older workers can help younger workers improve their technical
level and personal ability by guiding and teaching [73]. Through this approach, aging can
also promote the export of technical complexity to a certain extent.

(2) Human capital creation mechanisms. Human capital is also one of the important
factors that affect the technical complexity of exports; the aging of the population helps
to improve the level of human capital, to a certain extent. Disney & Richard pointed out
that aging workers offer a mature labor force and rich work experience, which will save
enterprises labor costs and improve labor efficiency [74]. On the other hand, although the
intensification of the degree of aging has reduced the total labor supply, laborers’ wages
have increased. Higher wages increase people’s confidence in the expected benefits of
education, prompting people to be more willing to invest in education. This is conducive
to the improvement of human capital levels [74]. This same view is also supported by
the findings of Sadahiro & Shimasawa, which showed that, as the proportion of young
people in the population declines, the future benefits of education motivate young people
to devote more time to human capital investment [75]. This, in turn will improve the labor
force’s own skill level while offsetting the adverse impact on the labor force caused by
population decline [75].

(3) Market demands reshape the mechanism. An ageing population will inevitably
lead to a change in the structure of market demand, which in turn will trigger an upgrade
in the industrial structure. With the continuous growth of the social dependency ratio of
the elderly, the demand for high-tech industries such as health, pension, and insurance
also increases. In addition, countries with an aging population have greater demand for
high-tech industries. Gehringer & Prettner pointed out that an aging population means
an increase in life expectancy, and people will increase their savings to maintain their
consumption levels after retirement [76]. The increase in the accumulation of physical
capital will reduce the real interest rate, save on the cost of R&D financing, increase the
level of R&D investment, and promote the investment demand for high-tech services and
manufacturing [76]. In addition, the technical complexity of exports will be increased
through the effect of demand preference [76].

3.2.2. Negative Impact

The cognitive abilities of the elderly gradually decline with age. According to the
analysis of Verhaeghen & Salthouse, after reaching a certain age, the abilities of human
memory and logical reasoning will show a more obvious downward trend [77]. Backes-
Gellner et al. investigated the changing trends of physical fitness and variable intelligence
with age [73]. The study found that physical fitness and variable intelligence show an
inverted U-shaped trend with age [73]. That is, after reaching a certain age, physical fitness
and variable intelligence will decline in line with age. The decline of variable intelligence
and physical fitness is not conducive to the improvement of export technical complexity.

The aging knowledge structure of the elderly population is also not conducive to tech-
nological development. With the rapid iteration of science and technology, the knowledge
stock of individuals will gradually fail to keep up with the development of the times. If
knowledge is not updated and supplemented, people’s knowledge structure will tend to
age, which in turn will hinder technological progress. The aging of society as a whole will
hinder the technological sophistication of exports.

An aging population will lead to a reduction in society’s R&D spending. The weaken-
ing of the demographic dividend and the intensification of the aging population has led to
a rapid increase in the country’s social security spending. In response to this problem, the
government, on the one hand, increases fiscal revenue by increasing corporate tax burdens.
The increased tax burden will lead to a reduction in corporate R&D spending. On the other
hand, the government will reduce some non-essential expenditure, including on R&D. All
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of these measures will adversely affect innovation activities, which in turn will affect the
technological complexity of exports.

Based on the above content, this paper proposes the following hypotheses:

Hypothesis 1a. Population aging has a significant positive impact on the technical complexity of a
country’s (region’s) exports.

Hypothesis 1b. Population aging has a significant negative impact on the technological complexity
of a country’s (region’s) exports.

3.3. The Mediating Effect of Industrial Intelligence

According to the Solow growth mode [70], this paper argues that the increasing
ageing of the population is reducing the supply of labour as a factor of production, and
that an intelligent transformation of the manufacturing industry is inevitable in order to
ensure productivity and the development of the national economy. At the same time, the
intelligent transformation of the industry has contributed to the reshaping of the industrial
structure of the manufacturing industry and the improvement of research and development
capabilities, which in turn has contributed to the increase in the technological complexity
of manufacturing exports.

Based on the above analysis, this paper proposes that in the context of an ageing
population, the following mechanisms exist for the main impact of industrial intelligence
on the technological complexity of exports.

(1) A complementary replacement mechanism for industrial intelligence. The dwin-
dling supply of labour due to ageing is a direct driver of industrial intelligence [13]. A
reduction in the scale of labour supply inevitably leads to higher labour demand, higher
labour market prices and higher labour cost expenditure for enterprises. In order to reduce
the labour cost expenditure of enterprises and increase the profit per unit of labour produc-
tion, industrial intelligence has come into being. The application of artificial intelligence
technology in industrial intelligence will help to reduce the demand for labour in the
production process, thereby mitigating the negative impact of insufficient labour supply on
the production of enterprises.

Compared to traditional mechanical automation, artificial intelligence technology
enables further automation of production processes through big data, intelligence, cloud
computing and other technologies, and generates a more substantial replacement of labour,
thereby reducing the demand for low-skilled labour. However, it is worth noting that AI
acts as a complementary replacement for labour, with experienced labour more able to
take advantage in the age of industrial intelligence. Research by Acemoglu and Restrepo
using US labour market data suggests that the use of a new robot in the US would reduce
employment by 3–5.6 workers [49]. Chui et al. further predicted that if AI systems could
perform at a moderate level of human performance, then 58% of jobs in the US could
be performed using AI systems [78]. The results of the empirical analysis by Autor and
Salomons suggest that productivity gains from industry intelligence reduce the contribution
of labour to industry growth, thereby reducing the dependence of the market on labour [79].

(2) The cumulative capital effect of industrial intelligence. Traditional life-cycle theory
suggests that the higher the proportion of a country’s total population that is in the labour
force, the higher the level of savings and investment in that country. Conversely, countries
with a higher proportion of older people have a lower ratio of savings to investment. At
the same time, the reduction in labour supply due to an ageing population will lead to
diminishing marginal output of capital, which in turn will reduce the rate of return on
investment, and the investment and savings rates will then move downwards. Japan, a
country with a high level of ageing, has seen its investment rate fall from 40.9% in 1970 to
22.96% in 2010–2016, according to WDI statistics [80].

Artificial intelligence, on the other hand, will increase the rate of return on capital, thus
raising the savings and investment rates and weakening the impact of ageing on capital
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accumulation. Chen argues that as the level of artificial intelligence increases, the level of
intelligence and automation in the production process will continue to increase and more
and more production tasks can be performed with capital instead of labour, thus making
capital more important than labour in the production process and increasing the rate of
return on investment as a result [81]. As Aghion et al. show the application of AI will
facilitate the acceleration of the automation process while increasing productivity [82]. This
will lead to a reduction in the use of human labour in the production process, allowing for
an increase in the share of capital returns in the economy.

(3) The infiltration and expansion effect of industrial intelligence. The impact of
industrial intelligence on the technological complexity of exports is achieved in two main
ways: firstly, by reshaping the production and manufacturing chain through the play
of intelligent infiltration effects; secondly, by promoting the improvement of product
development capabilities through border expansion effects.

In terms of promoting the re-engineering and re-upgrading of manufacturing pro-
cesses, artificial intelligence directly affects all aspects of the manufacturing process and
promotes the intelligent upgrading of production processes. The development of the inte-
gration of artificial intelligence and manufacturing will contribute to the intelligence of the
production process and the intelligence of the manufacturing process of the enterprise. The
use of big data and cross-disciplinary intelligence will reduce the cost of innovation and
optimise a company’s responsiveness to market information. In processing and manufactur-
ing, the application of artificial intelligence technology can complete complex collaborative
processes, reduce labour costs and increase the technological added value of intermediate
manufacturing processes. Graetz and Michaels argue that the application of AI in manufac-
turing is actually a process of capital replacing labour, thus bringing about fundamental
changes to the production process and significantly increasing labour productivity [36].
Through the above analysis, the application of industrial intelligence in manufacturing
processes will contribute to an increase in the technological complexity of exports.

Industrial intelligence can facilitate the improvement of industrial R&D capabilities.
The application of industrial intelligence can design the best product solutions by saving
time on exploration and experimentation in R&D, and quickly introduce brand new prod-
ucts to the market through production process intensification. Paul et al. found through a
study on the application of artificial intelligence technology in the biopharmaceutical indus-
try that the application of artificial intelligence can provide faster design and optimisation
of drug structures, shortening the time consumption [83]. This shows that intelligence in
product development can accelerate product innovation and increase the complexity of
export technology.

Therefore, based on the above analysis, this paper proposes:

Hypothesis 2. Industrial intelligence plays a mediating effect on the impact of population aging
on the technological complexity of high-tech exports.

4. Research Design
4.1. Data Sources

In order to measure the research variables used here, the data in this paper mainly
come from four sources. First, the 2016 version of the World Input-Output Database (WIOD)
is used to calculate the technical complexity of the exports of 16 manufacturing industries
in 43 countries, from 2000 to 2014 [84]. Second, referring to Acemoglu [49], this paper uses
industrial robot data collected by the International Federation of Robotics (IFR) to measure
the intelligence of the manufacturing sector, using data on industrial robots containing
annual installations and stocks of robots in 16 manufacturing industries in 73 countries
for the period 1993 to 2020.Third, this paper controls the variables that affect the technical
complexity of exports at the industry level in each country. The measurement data of these
variables come from the WIOD’s Socio-Economic Accounts (SEA). The SEA contain the data
of added value, employment population, capital stock and other data of different industries
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in major countries. Fourth, data pertaining to other country-level control variables for
export technological complexity come from the World Bank database. After matching the
data with the industrial robot data, the research samples of 16 manufacturing industries
in 43 countries, from 2000 to 2014, were obtained. After removing some missing value
samples, the actual research sample size was 10,294.

4.2. Variable Description

The research variables in this paper include explained variables (export technical
complexity), core explanatory variables (industrial intelligence and population aging) and
a series of control variables. Next, a brief description of the measurement of these main
research variables is given.

4.2.1. Measurement of Export Technical Complexity

Based on the decomposition framework of export value added by Wang et al. [85],
and with the help of the 2016 version of the WIOD, this paper decomposes the export
value added of each country’s manufacturing sub-sectors from the perspective of backward
correlation. Then, according to Equations (1) and (2), the export technical complexity of
each country’s manufacturing sub-sectors, from 2000 to 2014, is calculated. The technical
complexity of an industry’s exports can reflect a country’s position in the global value
chain, to a certain extent. The higher the technical complexity of a country’s exports is, the
higher the position in the global value chain that country will be.

TSj = ∑j

VXji

∑ jVXji
NPRODYj (1)

NPRODYj = ∑i

VXji/∑ jVXji

∑ i
VXji/∑ jVXji

Yi (2)

In Equations (1) and (2), vxji represents the added value of exports of industry j in
country i; Yi is the per capita GDP of country i after purchasing power parity, and NEXPYj
represents the export technical complexity of the industry. The larger the value is, the
higher is the export technical complexity. In the empirical study, the calculated value of
export technical complexity takes the natural logarithm.

4.2.2. Measure of Industrial Intelligence

Existing literature mainly measures the degree of intelligence of an industry according
to the application of robots in the industry, e.g., the study of Acemoglu and Restrepo [86].
Referring to Acemoglu’s research, this paper uses robot usage density as a proxy variable
for the degree of industrial intelligence, where robot usage density refers to the number
of robots in the industry per thousand employed people. The greater the use density of
robots is, the higher is the level of industrial intelligence. Using the robot data provided by
the International Federation of Robotics, and the employment population data contained
in the WIOD socioeconomic account, this paper calculates the number of robots owned
by each country’s manufacturing sub-sector per thousand employed population by year.
Industrial intelligence is represented by I-AI in the diagram.

4.2.3. Measure of Population Aging

The aging degree of a country’s population can be measured by the proportion of the
elderly population in the total population. This is generally either the proportion of the
population aged 60 and over in the total population, or the proportion of the population
aged 65 and over in the total population. This paper directly uses the proportion of the
population aged 65 and over to the total population, as published by the World Bank
database, to measure the degree of population aging in each country. The ageing of the
population is indicated in the table by Old.
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4.2.4. Measures of Control Variables

Considering that the omission of important explanatory variables may cause biased
estimation results, combined with existing literature research, this paper adds the following
control variables:

(1) Manufacturing capital stock per capita (CSC). The labor capital stock reflects the
investment level of the industry, and affects the industry’s position in the global value chain
by affecting the investment in machinery and equipment, so this paper controls CSC. The
measurement method adopts the proportion of manufacturing employment population to
the total capital stock, and takes the natural logarithm in the empirical study.

(2) Foreign direct investment (FDI). A large amount of FDI provides the necessary
funds for the development of the manufacturing industry, and also brings advanced
technology and management experience. This greatly promotes the economic development
of a country or region, which in turn contributes to the export of technological complexity
improvement. In the measurement of this variable, the traditional calculation method in
the academic circle is adopted; that is, the proportion of the actual utilization of foreign
capital in the current year to the regional GDP is expressed.

(3) Internet development level (Internet). Some studies have shown that Internet
development has promoted the improvement of export technology complexity through both
the information cost saving effect and the human capital improvement effect. Therefore,
this paper controls the Internet development level of each country and uses the proportion
of Internet population to the total population as a measure.

(4) Human capital (HC). Considering that human capital can affect the technical
complexity of exports through two ways, namely flow and stock, this paper controls HC
and uses the change in human capital from 2000 to 2014, as reported in the Penn World
Table, to represent HC.

In addition, referring to Hausmann’s research on the factors that affect the technical
complexity of service exports [23], this paper also controls the size of the manufacturing
employment population and the level of economic development in each country. The
scale of manufacturing employment is measured by the proportion of manufacturing
employment to total employment. The level of economic development is measured by the
natural logarithm of per capita GDP, and the per capita GDP is measured in 2010 constant
US dollars. The above data are sourced from the World Bank database [87].

4.3. Empirical Model Building

This paper first empirically tests the impact of population aging on the technical
complexity of exports by using the cross-country data of manufacturing. An empirical
model is constructed, as shown in Equation (3).

TSjit = α0 + α1Oldjit + βINDjit + γCTRjit + δj + θi +ϕt + εjit (3)

In Formula (3), jit represents the manufacturing sub-sector, country, and year, respec-
tively; TS is the technical complexity of manufacturing exports; ‘Old’ represents the degree
of aging; IND represents the industry-level control variable, including a variable of capital
stock; CTR represents the country-level control variable, including the use of foreign direct
investment, the proportion of the Internet population, the proportion of manufacturing
employment, and the level of economic development. Next, δ, θ, and ϕ represent indus-
try fixed effects, country fixed effects, and year fixed effects, respectively; ε represents a
random error term; α1 is the estimated coefficient upon which this paper focuses. If α1 is
significantly positive, this means that industrial intelligence can significantly promote the
improvement of export technology complexity.

This paper draws on the causal steps approach proposed by Baron and Kenny [43].
Also, the mediation effect model is used to further test whether there is a channel through
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which population aging affects the technical complexity of exports through industrial
intelligence. The specific model is as follows:

TSjit = α0 + α1Oldjit + α2 INDjit + α3CTRjit + δj + θi + ϕt + ε jit (4)

AIjit = β0 + β1Oldjit + β2 INDjit + β3CTRjit + δj + θi + ϕt + ε jit (5)

TSjit = λ0 + λ1Oldjit + λ2 AIjit + λ3 INDjit + λ4CTRjit + δj + θi + ϕt + ε jit (6)

In the above model, AIjit is an intermediary variable, which refers to industrial intelli-
gence; the definitions of other variables remain unchanged.

This paper adopts the step-by-step test method; the inspection steps are as follows:
first, the coefficient α1 of Model (4) is inspected. If coefficient α1 is significant, then
coefficient β1 of Equation (5) and the λ2 of Equation (6) are inspected in turn. If α1, β1 and
λ2 are all significant, the mediating effect is significant. At this time, if λ1 in Equation (6)
is not significant, that is, if the direct effect is not significant, λ1 is a complete mediation
effect; if λ1 is significant, the direct effect is significant, and the result is a partial mediation.
If at least one of β1 and λ2 is not significant, then continue to use the Sobel test to further
determine whether there is a mediating effect.

5. Empirical Results and Analysis
5.1. Basic Regression Results

In order to accurately examine the impact of population aging and various control
variables on the technical complexity of manufacturing exports, and following the principle
of “from general to special” [88], the explained variables and the core explanatory variables
are first regressed separately. Then, the control variables are added in turn. The specific
regression results are shown in Table 1 below.

Table 1. Basic regression results.

(1) (2) (3) (4) (5) (6) (7)

Old 1.005 3.838 ** 3.760 ** 3.739 ** 3.691 ** 3.561 ** 4.940 ***

CSC
(1.885) (1.766) (1.771) (1.762) (1.764) (1.778) (1.817)

0.359 *** 0.359 *** 0.329 *** 0.328 *** 0.329 *** 0.330 ***
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018)

FDI –0.012 0.022 0.021 0.022 0.019
(0.038) (0.038) (0.038) (0.038) (0.038)

PGDP
1.100 *** 1.101 *** 1.119 *** 0.776 ***
(0.119) (0.120) (0.123) (0.165)

Internet
–0.073 –0.040 0.203
(0.154) (0.159) (0.169)

HC
–0.224 –0.300
(0.215) (0.217)

Labor
0.027 ***
(0.009)

_cons 6.141 *** 4.111 *** 4.122 *** –7.489 *** –7.492 *** –6.935 *** –3.897 **
(0.237) (0.243) (0.243) (1.271) (1.272) (1.329) (1.655)

N 12,678.000 10,024.000 9992.000 9992.000 9941.000 9924.000 9924.000
r2 0.510 0.638 0.639 0.643 0.643 0.644 0.644

ar2
Industry Yes Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes
Country Yes Yes Yes Yes Yes Yes Yes

Notes: Standard errors are in parentheses; ** p < 0.05, and *** p < 0.01.

The regression results show that, after adding control variables step-by-step, the
coefficient of ‘Old’ is significantly positive at the 1% level. The core explanatory variable
parameter estimation results are relatively robust. This finding indicates that the aging
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rate significantly and positively affects the technical complexity of manufacturing exports,
improving the division of labor in the world value chain of a country or region and the
competitiveness of its industries. Thus, Hypothesis 1a is verified.

The per capita capital stock of manufacturing employees was significantly positive
during the sample inspection period, and an increase of per capita capital stock can sig-
nificantly improve the rate of technological progress. Improving the rate of technological
progress will have a positive impact on the technical complexity of exports. The estimated
coefficient of foreign direct investment is not significant. This finding indicates that, with
the continuous development of a country or region’s manufacturing industry, improving
the technical complexity of manufacturing exports cannot rely on international capital
and undertaking international industrial transfers. Relying only on external investment
may restrict developed countries to the low-end link of the global value chain due to
such countries’ weak manufacturing background. This approach is not conducive to the
upgrading of the manufacturing value chain of a country or region. A significantly positive
coefficient of per capita GDP indicates that the more developed the economic level of a
country or region is, the more frequent its R&D activities will be, the faster the development
of high-tech manufacturing will be, and the more positive will be the likelihood that the
country or region can promote the technical complexity of manufacturing exports. The
estimated coefficient of Internet development level is not significant. Some studies have
shown that the development of the Internet can effectively promote the improvement of
export technology complexity. However, due to the large division of labor among Internet
users, and the uneven quality of the users themselves, even though a large number of
people are using the Internet, the Internet itself has not had a significant impact on the
technical complexity of exports. The estimated coefficient of human capital level is not
significant. This finding indicates that, although a country or region has a huge pool of
human resources, the contradiction in human capital structure between high-end R&D
and a shortage of skilled talents has become an important constraint on manufacturing
innovation and export technology complexity. The estimated coefficient of manufacturing
employment is significantly positive. A huge manufacturing population is conducive to
the supply of the manufacturing talent market and provides important labor support for
enterprises to improve export quality.

5.2. Mediating Effect Analysis

Based on the results of the basic regression analysis in the previous section, it can
be seen that population ageing can, to some extent, have a positive impact on export
technological sophistication. On this basis, this study argues that industrial intelligence
plays a mediating effect between population ageing and export technological sophistication,
based on the boosting effect of technological progress on international trade advantage in
the Solow growth mode Therefore, Hypothesis 2 will be further tested empirically in this
paper through a mediating effects model.

Table 2 shows the regression results with industrial intelligence as the mediating
variable. Column (2) shows that the regression coefficient of population ageing on indus-
trial intelligence is significantly positive at the 1% level, and column (3) shows that the
coefficients of Old and I-AI are significantly positive at both the 5% and 1% levels, with the
mediating effect accounting for 16.59% of the total effect, thus verifying that population
ageing can influence export technological sophistication through industrial intelligence.

Combining the previous theories on population ageing, industrial intelligence and
technological complexity of exports, it can be seen that industrial intelligence can cope
with the impact of increasing ageing rates on manufacturing. It has restructured the labour
supply to improve the efficiency of technological innovation and attenuate the adverse
effects of an ageing population on capital. Realising the compensatory substitution effect
of industrial intelligence and an ageing population to achieve total factor upgrading, thus
having a positive impact on the technological sophistication of exports.



Sustainability 2022, 14, 13600 15 of 24

Worth noting is that the proportion of the population using the Internet has signifi-
cantly promoted the increase in the technical complexity of exports. Due to the improve-
ment in the degree of industrial intelligence, the integration and development of Internet
technology and manufacturing have continued to deepen. Therefore, in the process of
promoting the intelligentization of the manufacturing industry, the powerful role of the
Internet’s development has emerged. Internet technology can provide impetus for the
development of the manufacturing industry, which in turn is conducive to improving the
technical complexity of exports.

Table 2. Mediating effect estimates (1).

(2) (3)

Industrial intelligence Export technical complexity

Old 97.879 ** 3.937 **
(45.137) (1.961)

I-AI 0.008 ***
(0.001)

CSC 1.830 *** 0.343 ***
(0.218) (0.020)

FDI –0.125 0.038
(0.327) (0.046)

PGDP –9.875 *** 0.774 ***
(2.369) (0.178)

Internet –8.925 *** 0.312 *
(2.700) (0.180)

HC –1.910 –0.248
(3.486) (0.225)

Labor –0.029 0.034 ***
(0.129) (0.010)

_cons 90.485 *** –4.176 **
(27.716) (1.801)

N 7847.000 7595.000
r2 0.372 0.667
ar2

Industry Yes Yes
Year Yes Yes

Country Yes Yes
Notes: Standard errors are in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.

5.3. Tests of Heterogeneity

The basic regression results examine the impact of population ageing on the techno-
logical complexity of exports from a global perspective, as well as the impact of industrial
intelligence as a mediating variable on the technological complexity of exports. However,
the technical level and industry characteristics of different manufacturing industries are
different; the economic level of each country or region is also uneven. As a result, the
impact of population aging on the technical complexity of exports in different industries
and regions is also different. Therefore, this paper conducts a heterogeneity analysis from
three aspects: industry type, region type and population structure.

5.3.1. Industry

This paper divides the overall sample into two samples: high-tech industry and low-
tech industry. The 15 industries involved were divided with reference to the research of
Zhang & Jiang [89]. High-tech industries include electrical machinery and equipment,
ferrous metal smelting and rolling, chemical fibers, chemical raw materials and chemical
products, computer communications, other electronic equipment, metal products, auto-
mobiles, petroleum processing, coking and nuclear fuel, railways, ships, aviation, other
transportation equipment, general equipment, rubber and plastic products, tobacco prod-
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ucts, medicine, instrumentation, non-ferrous metal smelting and calendering, and special
equipment. The rest of the industry is low-skilled, mainly manual labour.

Table 3 reports the specific effects of population ageing on the technological complex-
ity of exports through industrial intelligence in different technology types of industries.
Compared to the regression with the benchmark, the results of the industry heterogeneity
analysis show the following characteristics. The ageing of the population has had a positive
effect on the technological complexity of exports from high technology industries and
has not had an effect on low technology industries. This finding is consistent with the
experienced labour supply mechanism mentioned earlier, whereby the older population is
better able to exploit the value of their experience in higher-skilled industries and increase
the technological content of their exports. The introduction of industrial intelligence, on
the other hand, has led to an increase in the technological sophistication of exports from
low-tech industries, a finding that is consistent with the complementary substitution mech-
anism proposed in this paper. That is, the intelligent transformation of industry addresses
the shortage of low-skilled labour due to ageing on the one hand, while creating new types
of jobs available to the experienced workforce and, in doing so, increasing the technological
sophistication of exports.

Table 3. Industry Heterogeneity.

HighTECH LowTECH

Old 3.552 ** 4.193
(2.280) (3.329)

I-AI 0.004 *** 0.007 *
(0.001) (0.004)

CSC 0.332 *** 0.167 ***
(0.025) (0.034)

FDI 0.031 0.054
(0.061) (0.079)

PGDP 0.879 *** 0.918 ***
(0.218) (0.296)

Internet 0.171 0.352
(0.203) (0.330)

HC –0.201 –0.347
(0.275) (0.292)

Labor 0.035 *** 0.032 **
(0.013) (0.014)

_cons –5.997 *** –4.947 *

(2.173) (2.949)
N 4855.000 2192.000
r2 0.722 0.672
ar2

Industry
Year

Country

Yes
Yes
Yes

Yes
Yes
Yes

Notes: Standard errors are in parentheses; * p < 0.1, ** p < 0.05, and *** p < 0.01.

5.3.2. Country

This article divides 43 countries and regions according to the median per capita GDP
in 2014, which is used as the dividing line. Countries with per capita GDP above the
median are classified as high-income countries; countries with per capita GDP below the
median are classified as low-income countries. The regression results are shown in Table 4.

Table 4, which distinguishes between the 43 countries, visualises that the estimated
coefficient on population ageing is significant in high-income countries, indicating a positive
push, and insignificant in low-income countries. The reason for this is that high-income
countries are mainly developed Western countries such as the United States, the United
Kingdom and Japan, which tend to be at the upper end of the manufacturing value chain
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and are more dependent on technology, i.e., there is a greater demand for experienced
labour. Low-income countries, on the other hand, are dominated by countries in regions
such as South East Asia and South America. The low-end manufacturing sector is more
valued by low-income countries and is therefore less dependent on technology and more
in need of a manual workforce.

Table 4. Country heterogeneity.

(1) (2)

High Income Low Income

Old 4.733 ** 3.749
(2.042) (6.977)

I-AI 0.007 *** 0.074 **
(0.001) (0.034)

CSC 0.467 *** 0.130 ***
(0.029) (0.028)

FDI 0.016 0.430
(0.044) (0.587)

PGDP 0.050 1.581 ***
(0.254) (0.382)

Internet 0.049 –0.002
(0.203) (0.428)

HC 0.460 –0.783 **
(0.308) (0.361)

Labor 0.053 *** –0.001
(0.012) (0.020)

_cons 0.210 –7.803 **

(2.470) (3.084)
N 5612.000 1983.000
r2 0.539 0.662
ar2

Industry
Year

Country

Yes
Yes
Yes

Yes
Yes
Yes

Notes: Standard errors are in parentheses; ** p < 0.05, and *** p < 0.01.

In addition, the introduction of industrial intelligence has had a positive effect on the
technological sophistication of exports from developed countries, and has also contributed
to the technological sophistication of exports from less developed regions. According to the
human capital creation mechanism proposed in this paper, the advantages of human capital
creation are more pronounced in high-income countries. An increase in human capital
will contribute to an increase in the level of education of the workforce, which in turn
will allow the country to produce more technologically advanced products. At the same
time, the introduction of industrial intelligence has dampened the negative effects of an
ageing population on capital, promoted capital accumulation and raised the technological
complexity of exports. In line with the analysis of low-skilled industries, for low-income
countries the complementary substitution effect of industrial intelligence successfully
complements the manual labour deficit. At the same time, industrial intelligence as a
new development model also helps low-income countries to transform intelligently and
to a certain extent optimise and transform their industries. Thus, industrial intelligence
plays a crucial role in increasing the technological sophistication of the exports of low-
income countries.

5.3.3. Aging Population

On the basis of the benchmark regression results, this paper adopts the method of
age group division used in the United Nations data census. The elderly population data
used in this paper are further distinguished, with the age of 70 set as the boundary. The
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proportion of the elderly population aged 60–70, and the elderly population over the age of
70 in the total elderly population, is used for classification.

The regression results (Table 5) show that the 60–70 age group contributes positively
to the increase in technical complexity of exports, but the older population over 70 has no
effect on the technical complexity of exports. Industrial intelligence, on the other hand,
has an impact on the technological complexity of exports at all ages, and the findings are
consistent with the impact path analysis in this paper.

Table 5. Aging population heterogeneity.

(1) (2)

lncomplex lncomplex

60–70 1.007 *
(0.568)

71–100 0.658
(0.583)

I-AI 0.008 *** 0.008 ***
(0.001) (0.001)

CSC 0.341 *** 0.340 ***
(0.020) (0.020)

FDI 0.039 0.035
(0.046) (0.046)

PGDP 0.831 *** 0.798 ***
(0.175) (0.177)

Internet 0.320 * 0.291
(0.184) (0.180)

HC –0.223 –0.253
(0.226) (0.226)

Labor 0.031 *** 0.030 ***
(0.010) (0.010)

_cons –4.680 ** –4.227 **

(1.844) (1.801)
N 7595.000 7595.000
r2 0.667 0.667
ar2

Industry
Year

Country

Yes
Yes
Yes

Yes
Yes
Yes

Notes: Standard errors are in parentheses; * p < 0.1, ** p < 0.05, and *** p < 0.01.

5.4. Robustness Tests
5.4.1. Replace Explanatory Variables

Replacing the core explanatory variable population ageing degree measure for esti-
mation, this paper uses the share of population aged 65+ in the total population for each
country in the UN Population Outlook 2019 report as a proxy for the degree of ageing to
verify the robustness of the paper’s structure.

5.4.2. Add Omitted Variables

The position of the country in the GVC also plays a role in the technological complexity
of exports, so this paper uses the position of the country in the GVC as a control variable
for robustness testing.

5.4.3. Instrumental Variable

After the Haussmann test, the results show that the null hypothesis H0 is rejected; that
is, “explaining variables are all exogenous variables”. Therefore, there may be endogeneity
problems caused by missing variables and other problems. In this paper, the instrumental
variable (IV) is selected for endogeneity treatment. In this paper, the instrumental variable
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(IV) hair was chosen for endogeneity treatment and the instrumental variable for the
explanatory variable population ageing was identified as the average birth rate in every
five-year period from April 1950 to April 1980, referring to Acemoglu et al. [90]. In
regression using instrumental variables, the Cragg-Donald Wald F-statistic for identifying
weak instrumental variables is greater than the 10% level critical value. At the same time, the
Sargan statistic p-value of the over-identification test is greater than 0.05. This cannot reject
the null hypothesis that all exogenous variables are not related to the random error term in
the equation, indicating the validity and exogenousness of the instrumental variables.

5.4.4. Test Results

As can be seen, whether considering the endogeneity problem or replacing the ex-
planatory variables, the degree of population aging still significantly increases the technical
complexity of manufacturing exports. This result is basically consistent with the benchmark
model, which in turn proves the robustness of the benchmark model results. Drawing on
the research of Wang et al. [86], and using the instrumental variables in the benchmark
model test, the instrumental variable method is used to test the endogeneity of the medi-
ation effect model. The results in Table 6 are basically consistent with the results of the
mediation effect model, which in turn verifies the mediation effect regression robustness
of results.

Table 6. Mediating effect estimates.

(1) (2) (3)
Replace Explanatory

Variables
Add Omitted

Variables
Instrumental

Variable

Old 5.426 *** 4.638 ** 0.199 *
(1.633) (1.830) (0.112)

CSC 0.330 *** 0.323 *** 0.326 ***
(0.018) (0.018) (0.018)

GVC

FDI 0.023

0.708 ***
(0.234)
0.017 0.021

(0.038) (0.038) (0.039)
PGDP 0.810 *** 0.797 *** 0.854 ***

(0.163) (0.165) (0.170)
Internet 0.155 0.203 0.097

(0.169) (0.169) (0.174)
HC –0.195 –0.306 –0.369 *

(0.220) (0.217) (0.217)
Labor 0.027 *** 0.027 *** 0.021 **

(0.009) (0.009) (0.009)
_cons –4.241 ** –4.177 *** –4.604 ***

(1.655) (1.652) (1.673)

N 9924.000 9924.000 9839.000
r2 0.644 0.645 0.643
ar2

Industry Yes Yes Yes
Year Yes Yes Yes

Country Yes Yes Yes
Standard errors in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.

6. Research Conclusions

This paper focuses on the relationship between population ageing and export and
technological sophistication using panel data for 43 international and regional locations
from 2000–2014, and the impact of population ageing on export technological sophistication
through the mediating variable of industrial intelligence. The findings are as follows: Firstly,
the paper proposes mechanisms for the impact of population ageing on the technological
complexity of exports, namely the mechanisms of empirical labour supply, human capital
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creation and market demand reshaping. The empirical analysis concludes that population
ageing contributes to some extent to the technological complexity of exports, which is
in line with the findings of Gellner [73], Gehringer [76] and others. Secondly, this paper
innovatively introduces the concept of industrial intelligence and examines its relationship
with ageing and the technological complexity of exports. It was found that industrial
intelligence, on the one hand, dampened the negative effects of an ageing population on
the technological complexity of exports through a complementary substitution mechanism.
On the other hand, the technological sophistication of exports is also facilitated by the
cumulative effect of capital, intelligent infiltration and industrial reshaping. Finally, the
paper distinguishes and examines these elements, considering that the technological content
of the industry, differences in economic development and the age structure within the
ageing population all have an impact on the technological complexity of the industry’s
exports. The findings suggest that an ageing population in high technology industries or
in high income countries can significantly contribute to an increase in the technological
complexity of exports. The reason for this is that this study argues that in the above
division, the ageing population is able to exploit its experienced labour supply capacity
and has led to an increase in human capital and an increase in the educational level of the
workforce. The combination of experienced labour and highly qualified personnel has led
to a significant increase in the technological content of export products. The introduction of
industrial intelligence on the one hand further increases the technological complexity of
exports from high technology industries or high-income countries. On the other hand, it
increases the technological complexity of exports through the substitution of low-skilled
labour and the reshaping of the industrial structure of low-income countries.

The findings of this paper contribute to a further understanding of the factors influ-
encing export technological sophistication and have important theoretical and practical
implications for how to accelerate the technological sophistication of manufacturing exports.
The main policy implications are as follows.

First, countries and regions should properly understand the positive effects of popula-
tion ageing. At present, population ageing has become a major trend in economic and social
development, and its degree of development has an important impact on the economic
development of a country (region). This paper uses fourteen years of data to verify that
the current stage of population ageing has a catalytic effect on the increase in technological
sophistication of manufacturing exports. And an increase in the technological complexity
of exports will help countries or regions to improve their manufacturing competitiveness,
improve their industrial structure and enhance their economic development. Therefore,
countries and regions should make it a priority to play an active role for the ageing popula-
tion when formulating policies related to ageing, such as promoting the employment or
re-employment of the ageing population in highly skilled industries.

Secondly, the accumulation of human capital and the improvement of the quality of the
workforce should be accelerated. Governments should promote equity in education so as to
improve the overall quality of the workforce in less developed regions. Attract more foreign
direct investment, especially in high-tech enterprises, by continuously strengthening its
own economic strength. While improving infrastructure development, the focus is on
developing the country’s Internet level and forming an inclusive and virtuous development
model with the manufacturing industry. It is also important to increase trade openness and
enhance its own ability to digest and absorb advanced technology so that the technological
sophistication of its manufacturing exports can be maximised.

Finally, countries and regions should vigorously promote the process of industrial
intelligence in the face of ageing, enhance the level of industrial intelligence development,
and consolidate the foundation and guarantee of manufacturing economic development.
On the one hand, the negative effects of an ageing population are countered by increasing
investment in and support for innovative and entrepreneurial activities, and by constantly
improving the innovation and research and development capabilities of the manufacturing
sector. On the other hand, we will promote the intelligent transformation and upgrading of
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industries, actively play the “smart dividend”, guide domestic manufacturing enterprises
to apply smart technology, promote the upgrading of domestic manufacturing industries,
and thus improve the technological complexity of exports.

It should be noted that limited to the researcher’s current level of knowledge, effort
and access to data resources, this study needs to be further developed and refined in
the following areas. One is the constraint, based on practical conditions, that prevented
the researcher from conducting a field and accurate examination of individual countries.
Research can only be based on the latest WIOD, UN and individual country published
statistics, etc. There is no guarantee that the data is exaggerated or misrepresented. In
future studies, further research is still needed to obtain more accurate data and to explore
and refine more relevant indicators. Secondly, as it is not the focus of this paper, this study
does not examine whether the age structure within the ageing population has an impact on
the technological complexity of exporting, which can be further explored in a subsequent
series of studies.
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