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As China’s aging population deepens and its pace accelerates, it is particularly crucial to rely on technological innovation to drive industrial differentiation. Is there a connection between population aging, technological innovation, and industrial differentiation? Does technological innovation have a moderating effect? Based on the panel data of 31 provinces in China from 2006 to 2022, this paper constructs the entropy index to measure the overall industrial differentiation and tertiary industrial differentiation in China, and subsequently investigates the relationship among the three using the two-way fixed effect model. The results indicate that population aging has a significant positive impact on the overall industrial differentiation in China, with a regression coefficient of 1.1025. Technological innovation plays a positive moderating role, with an interaction coefficient of 0.3489. The effects of population aging on the differentiation of the three industries differ: the regression coefficient for the primary industry is −0.6437, which is significantly negative; for the secondary industry, the regression coefficient is 0.9252, which is statistically insignificant; and for the tertiary industry, the regression coefficient is 0.1539, which is significantly positive. The government should encourage enterprises to invest in technology research and development through tax cuts and subsidies, and enterprises should absorb high-quality talents, carry out intelligent transformation of traditional industries of enterprises, and improve their competitiveness.
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Introduction

Population aging is a common phenomenon faced by many countries or regions in the world at present, but China’s population aging degree is deeper and the development speed is faster. According to the data of the Population Division of the United Nations, China’s population aging started in 1969 and continued to age from 1969 to 2050, with the proportion of the older adult aged 60 and above in the total population increasing from 6.1% in 1969 to 38.8% in mid-2050. At that time, the aging degree of China’s population will not only be much higher than the average level of developing countries (20.1%), but also higher than the average level of developed countries (34.3%), which is known as the “vanguard of aging” (1).

The deep and rapid aging of China’s population has brought complex and profound challenges to economic development. For the society as a whole, the deepening of population aging will lead to the increasing burden of social pension (2) and social inequality (3), but it will also bring new consumer demand (4), such as increasing the demand for smart home services (5) and long-term care services (6), and stimulate the development of tourism for the older adult, education for the older adult and other industries (7). For enterprises, with the decrease of labor population, the employment cost of enterprises increases (8) and the knowledge level decreases (9), While impacting enterprise production efficiency, it also forces enterprises to undertake technological innovation, which becomes the key for enterprises to adapt to an aging society and enhance competitiveness. Technological innovation not only improves production efficiency and reduces costs but also develops new markets and products to meet the needs of the older adult population, thereby promoting industrial structure transformation and industry development (10).

At present, driven by emerging technologies, various fields have achieved rapid development (11–14), especially in the areas of information technology, biotechnology, and intelligent manufacturing, which have provided new tools and ideas to address the challenges posed by aging. As a populous country with a serious aging population, how to use technological innovation to promote industrial development and achieve high-quality development of China’s economy has become one of the important issues urgently needed to be studied in China. Technological innovation in this process is not only a means to solve problems but also a new engine for driving industrial differentiation and economic growth. It can not only improve enterprise production efficiency and reduce costs but also create new market demands and employment opportunities. Especially in an aging society, technological innovation can not only promote the birth of new industries, such as smart home, telemedicine, and personalized older adult care services, but also facilitate the transformation and upgrading of traditional industries by improving production efficiency and reducing costs. This leads to the diversification and differentiation of industries in an aging society.

However, the current academic discussion on this issue mainly focuses on population aging, technological innovation and industrial structure upgrading or industrial transformation, ignoring the relationship between population aging and industrial differentiation. Although both industrial differentiation and industrial structure transformation contain the meaning of “change,” the direction of change of the two are different: industrial differentiation is a kind of industrial fission or qualitative change, resulting in the emergence of new industries (15–18); The upgrading of industrial structure or industrial transformation reflects the adjustment or improvement of the internal structure of the same industry, the improvement of the industry itself, or the transformation and upgrading from the primary industry to the secondary industry or the tertiary industry (19–21). At present, the phenomenon of industrial differentiation brought by the aging population has begun to emerge, such as the application of artificial intelligence robots in the older adult and disabled people (22), anti-aging (23) and the leading of health consumer products caused by breakthroughs in gene editing (24). However, there is a lack of relevant research in this area.

At present, the aging degree of China’s population continues to deepen, will the aging population bring technological innovation, and then promote the differentiation of industries? The main contributions of this paper are as follows: (1) The influence of population aging on China’s overall industrial differentiation and the third industrial differentiation is discussed. (2) The transmission effect of technological innovation as a moderating variable is analyzed.



Literature review

Population aging has a positive or negative impact on industrial development. Population affects economic activities mainly through production and consumption, and the change of industrial structure is also affected by the two dimensions of supply and demand. When population is a laborer, it has the attribute of production. On the one hand, population aging will lead to the decrease of labor productivity due to the reduction of workers’ physical fitness, which is not conducive to the adjustment of industrial structure (25, 26). On the other hand, it will accelerate the accumulation of human capital of enterprises and “force” enterprises to replace labor with capital and technology to cope with the rising labor cost caused by the reduction of labor force, thus accelerating the adjustment of industrial structure (10, 27). As consumers, the population has consumption attributes, and people of different ages have different consumption demands (28). The aging of the age structure of the population will change its consumption demand, consumption habits and consumption structure (4), such as increasing the demand for smart home services (5) and long-term care services (6). Stimulate the development of industries such as tourism and education for the older adult (7). Additionally, population aging may impact the changes in capital supply. According to the logic of the life cycle hypothesis, the deepening of population aging could lead to a long-term continuous decline in residents’ savings. The reduction in savings rate may restrict the growth of investment, thereby constraining the development of capital-intensive industries.

At present, the academic community has not reached a consensus on the impact of population aging on technological innovation. In terms of the negative impact, population aging has a negative effect on technological innovation by affecting human capital (29), or negatively affects technological innovation by increasing financial burden and reducing effective labor (30). In terms of positive impact, the aging of population leads to the reduction of effective labor supply, and the rise of labor cost “forces” enterprises to replace labor with technology, thus promoting technological innovation (31). Some scholars believe that population aging has a more complex impact on technological innovation, rather than a one-dimensional positive or negative impact. Cai’s research shows that while population aging has a positive impact on technological innovation by improving labor efficiency, it also has a negative impact on technological innovation by reducing the level of human capital investment and crowding out innovation resources (32). Dou et al. found that population aging reduced the number of patent applications, but improved the quality of patent applications, and the positive effect showed an obvious inverted “U” shape (33). Ma et al. ‘s research results reveal that population aging has no significant impact on China’s technological innovation (34).

Many scholars admit that technological innovation is always an important factor in the discussion of many factors affecting industrial differentiation (35–37). The high degree of penetration of scientific and technological progress and knowledge leads to rapid industrial differentiation (28), and the technological innovation brought by the technology diversion of enterprises also plays a decisive role in industrial differentiation (38). Technological innovation creates new products, forms new markets, and then forms new industries (39). The introduction of new technology into the original industry will not only lead to the extension of the industrial value chain, but also differentiate new industries with technological roots (40).

The relationship among population aging, technological innovation and industrial development is complicated. In terms of the production segment, technological innovation can adjust the direction of the impact of population aging on industrial differentiation by compensating for the quantity of labor, enhancing the quality of labor, and increasing the return on capital; in terms of the consumption segment, technological innovation can innovate consumption models to meet the consumption needs of the older adult population, thereby influencing the direction of industrial adjustment. If population aging and technological innovation are regarded as two equally important factors, both of them play a decisive role in the change of industrial structure (41). If the interaction between the two factors is considered, the upgrading of industrial structure will be negatively affected (42). Most scholars study technological innovation as a moderating variable between population aging and industrial structure upgrading, and believe that technological progress has a significant moderating effect (43), and its effect on different regions is heterogeneous (7). In addition, other studies have shown that when population aging is taken as the threshold variable, technological innovation has a positive impact on the transformation of manufacturing industry, which increases first and then decreases (44).

The above research has laid a solid foundation for the writing of this paper. However, the above research still has room for improvement in the following three aspects. First of all, on the research topic of population aging and industrial development, most scholars discuss it from the perspective of industrial structure upgrading, while few scholars study it from the perspective of industrial differentiation and the formation of new industries. Secondly, regarding the research on the relationship between population aging, technological innovation and industrial development, most scholars focus on the discussion of the relationship between the two, and at the same time, the exploration of the relationship between the three is very little. Finally, most current studies study the “industry” of “industrial differentiation” as a whole, and rarely consider the differentiation of the primary, secondary and tertiary industries.

Based on the United Nations’ definition of an aging population, China had already entered an aging society by the year 2000. However, the National Bureau of Statistics revised the classification boundaries of the three major industries with the “Regulations on the Division of Primary, Secondary, and Tertiary Industries” introduced in 2003, leading to changes in statistical methods, and there was a significant amount of missing data before 2006. To ensure consistency in statistical methods and completeness of data, the starting year for this study is set to 2006. Given the macro nature of industrial differentiation and the need for output values of detailed industries in the calculation of industrial differentiation, it is more reasonable to conduct empirical analysis at the provincial level compared to the enterprise or city level. Therefore, the sample interval for this paper’s empirical analysis is set from 2006 to 2022, covering panel data from 31 provinces in China. This study incorporates population aging, technological innovation, and industrial differentiation into a unified analytical framework to clarify the relationship between population aging, technological innovation, and industrial differentiation, exploring whether population aging affects industrial differentiation, the direction and magnitude of its impact, whether technological innovation plays a moderating role, and whether population aging has different impacts on the differentiation of the three major industries, among other questions.



Variable description and model setting

In this study, the “industrial differentiation” is more abstract, and the “industrial differentiation degree” is generally used to testify. According to the needs of the research, there are two categories of explained variables in this paper: one is the inter-industry differentiation (R) as a whole concept; the other is the differentiation of the first, second and third industries as subcategories, that is, the differentiation within each industry, namely R1, R2, and R3.

However, at present, the academic community has not reached a consensus on how to measure industrial differentiation, such as measuring the change of the proportion of different industries (45), measuring the index of industrial structure upgrading (46), and measuring the entropy index (39). As the research content of this paper includes both inter-industry differentiation and intra-industry differentiation, it refers to the practice of scholars such as Zhao et al. and Luo et al. (39, 47), and expresses the degree of industrial differentiation through the added value of output value: if the added value of an industry continues to increase, it indicates that the greater the adjustment range of the industry, the higher the degree of industrial differentiation. If the output value distribution of each industry is balanced, it means that the adjustment range of the industry is small and the degree of industrial differentiation is smaller, while the entropy value has the meaning of average information. The entropy index is constructed to measure the degree of industrial differentiation, and the formation of emerging industries and the change of industrial structure system in the process of industrial differentiation are represented by the distribution of output value. Let Si be the output value of the i industry, N is the total number of industries, Pi is the proportion of the output value of the i industry in the total industrial output value, namely:
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The entropy index is defined as follows:
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Among them, the larger EI is, the more balanced the distribution of industrial output value is, and the smaller the industrial differentiation degree is.

The calculation formula of industrial differentiation degree R is as follows:
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Among them, the larger R is, the higher the degree of industrial differentiation is; On the contrary, the smaller R is, the smaller the degree of industrial differentiation is. The above calculation method can be used to calculate the differentiation degree R between industries, R1 of the primary industry, R2 of the secondary industry and R3 of the tertiary industry. It should be noted that the differentiation degree of the primary industry (R1) is measured by the total value of agriculture, forestry, animal husbandry and fishery, and the differentiation degree of the secondary industry (R2) is calculated by the added value of industry and construction. The differentiation degree of the tertiary industry (R3) is calculated from the added value of the wholesale and retail industry, the added value of the transportation, storage and postal industry, the added value of the accommodation and catering industry, the added value of the financial industry, the added value of the real estate industry and other industries.


Population aging (old)

Population aging is one of the important factors leading to industrial differentiation and remodeling. On the one hand, the change of consumption demand of the older adult not only promotes the rise of some emerging industries, but also brings challenges to traditional industries, which affects the differentiation of industrial structure from the demand side; On the other hand, population aging affects the differentiation of industrial structure on the supply side through its impact on the labor market. At present, there are two main indicators to measure population aging: one is the proportion of the older adult population in the total population, and the other is the old-age dependency ratio (equal to the number of older adult population divided by the number of working population). According to the classification standard of population aging by the United Nations, if the proportion of the population aged 65 and above in a country or region exceeds 7%, or the proportion of the population aged 60 and above exceeds 10%, then the country or region has entered the population aging society (48, 49). The paper measures the degree of aging by the proportion of people aged 65 and over in the total population. The higher this ratio, the deeper the level of aging. Additionally, during the robustness test phase, the older adult dependency ratio (older) is used to assess the level of population aging.



Technological innovation (lnpan)

Technological innovation is an important driving force of industrial differentiation. It can not only promote the cross-differentiation between emerging industries and industries in the original industrial system, but also reshape the original industry. Moreover, it can also give rise to new industries, enrich the internal organization and structure of industries, increase the added value of products of emerging industries, and expand the scale of emerging industries. The concept of technological innovation is relatively abstract, and scholars have different indicators to measure technological innovation. Most scholars use the input method and output method to measure technological innovation, among which the input method refers to the measurement of R&D investment funds, and the more R&D investment, the higher the level of technological innovation (50); The output method is measured by the number of patents granted, and the more patents granted, the higher the technological innovation (29, 51). However, some literature also pointed out that due to the characteristics of R&D investment activities, such as high failure rate and strong uncertainty, innovation output can more intuitively reflect the innovation level (52). Therefore, based on the research content and considering the availability of data, this paper chooses the output method, namely the logarithm of the number of patent applications granted, to measure the level of technological innovation.

Drawing on the existing relevant literature and combining with the availability of data, this paper chooses the following four control variables.



Level of economic development (lngdp)

It is measured by the logarithm of regional GDP [53]. The level of economic development helps to optimize the industrial structure, thus affecting the pattern of industrial differentiation.



Level of investment in fixed assets (inv)

It is measured by the proportion of the total social fixed asset investment in the regional GDP (53). Fixed asset investment represents the direction of capital allocation, and capital usually flocking to industries with better development prospects.



Level of financial development (finance)

It is measured by the proportion of the added value of the financial industry in the added value of the tertiary industry (54). The development of the financial industry can promote the formation of capital, improve the efficiency of capital allocation, allocate resources to more efficient sectors, and then affect industrial differentiation.



Population size (lnpopu)

It is measured by the logarithm of the resident population at the end of the year (55). The increase of population size will promote the expansion of market demand and the increase of labor force, promote the development of industrial diversification and the emergence of market segments, and lead to industrial differentiation (Table 1).



TABLE 1 Descriptive statistics of main variables.
[image: Table1]

Combined with theoretical analysis and the above previous research results, in order to study the impact of population aging on industrial differentiation, this paper sets the benchmark model as follows:
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Where, R is the industrial differentiation index; old is the degree of population aging; lngdp is the logarithm of regional GDP; inv is investment in fixed assets; finance is the level of financial development; μ is the random disturbance term, i represents the ith province, and t represents the tth year.

In order to test the moderating effect of technological innovation, this paper constructs the interaction term model including population aging and technological innovation on the basis of Model (4), as follows:

[image: image]

Among them, lnpan is technological innovation; oldlnpan represents the product of the aging rate and technological innovation.

This paper takes the panel data of 31 provinces in China from 2006 to 2022 as the sample for empirical test. The data are from the China Statistical Yearbook of each corresponding year.




Variable description and model setting

As panel data can be estimated by using mixed regression, fixed effect and random effect models, the Hausman test between the three models is needed to determine which model is the best. The test results in Table 2 reveal that the fixed effect model should be selected for regression analysis. All empirical analyses in this paper were conducted using Stata 16.0 software.



TABLE 2 Selection of models.
[image: Table2]

For the regression results of the benchmark model, the results of Model 1 in Table 3 show that at the significance level of 1%, the deepening of population aging has played a role in promoting China’s industrial differentiation. For the control variables such as fixed asset investment level, financial development level and population size, their impacts on industrial differentiation are all significant at the level of 1%. Among them, the level of financial development and population size have a positive impact on industrial differentiation, while the level of fixed asset investment has a negative impact on industrial differentiation. The possible reason is that fixed asset investment is mainly concentrated in industrial industries, which has a greater effect on industry aggregation than differentiation.



TABLE 3 Benchmark regression results.
[image: Table3]

It should be noted that there may be endogeneity between population aging and industrial differentiation, and the regression estimation results may be biased. There may be a bidirectional causal relationship between population aging and industrial differentiation. The possible reasons are as follows: on the one hand, with the deepening of population aging, the labor supply and the demand for products will change accordingly, thus affecting industrial differentiation; On the other hand, smart medical care, smart home and other industries brought about by industrial differentiation have improved the quality of life of the older adult and extended the average life span. Referring to the methods of Lan and Cai et al. (56, 57), this paper takes the one-period lagged aging rate as an instrumental variable and uses the two-stage least squares (2SLS) method to solve the possible endogenous problems. The first-stage regression results show that the F-statistic is 337.65 and significant at the level of 1%, indicating that there is no weak instrumental variable; The regression results of the second stage are shown in Model 2 of Table 3, and the regression coefficient of the aging rate on the industrial differentiation is significantly positive at the level of 1%, indicating that after excluding endogeneity, population aging can still significantly promote industrial differentiation.

After adding the moderator variable of technological innovation on the basis of the benchmark regression model in Table 3, the regression results in Table 4 are obtained. The results show that from Model 3 to Model 5, when other variables are controlled, the partial regression coefficients of population aging on industrial differentiation are all positive, and the regression coefficients of the interaction term between population aging and technological innovation in Model 4 and Model 5 are significantly positive, indicating that technological innovation plays a positive role in the process of population aging on industrial differentiation.



TABLE 4 Results of moderating effect.
[image: Table4]

There may be several reasons for this regression result. First, the forcing mechanism of population aging on industrial differentiation (58). Although China is still dominated by labor-intensive industries at present, with the increase of the older adult population, labor has gradually become a scarce resource, and the supply of labor is less than the demand, resulting in the rising price of labor, and enterprises have changed from labor advantages to technological advantages for survival and development. That is, population aging will force labor-intensive industries to transform into technology-intensive industries, which will promote the differentiation of industries in the process of industrial transformation. Second, technological innovation has a significant positive impact on industrial differentiation. Technological innovation is an important driver of industrial differentiation, which can not only promote industrial differentiation itself, but also promote industrial differentiation by influencing demand structure, improving labor productivity, changing employment structure, and fostering new industries. Third, the aging population promotes the development of the aging industry. According to the life cycle hypothesis (59), the older adult population has a certain amount of wealth accumulation and more disposable income, so there are more potential consumers in the corresponding older adult consumption market. In addition, the government’s supporting policies for the older adult service industry will promote the development of the older adult industry dominated by the tertiary industry to a certain extent. And then accelerate the differentiation of the tertiary industry.

The impact mechanism of population aging and technological innovation on industrial differentiation has been discussed above. In order to ensure the robustness of the results, this paper conducts robustness tests by means of variable replacement, adding control variables, and sample sub-interval model estimation.

First, the core explanatory variables are replaced, and the old-age dependency ratio is used to replace the proportion of the older adult population aged 65 and above in the total population for robustness test.

Second, existing studies have shown that educational level is also an important factor causing industrial differentiation. Therefore, educational level (edu) is added to the benchmark model and the moderating effect model for regression, and the average educational year is used to measure the educational level. The specific calculation formula is as follows: Average years of education = (number of illiterate *1+ number of people with primary school education *6+ number of people with junior high school education *9+ number of people with senior high school and technical secondary school education *12+ number of people with junior college degree or above *16)/total population aged 6 or above.

The regression results are shown in Model 7 and Model 10 in Table 5.



TABLE 5 Robustness test results.
[image: Table5]

Third, the regression model of sample sub-intervals is estimated. In order to exclude the impact of COVID-19 on the data, the data from 2020 to 2022 are excluded, and the model estimation of the sample sub-interval is re-conducted. The regression results are shown in Model 8 and Model 11 in Table 5.

The positive and negative sign directions of the coefficients of the robustness test results above are the same as those of the benchmark regression and the moderating effect regression results, indicating that the impact of population aging and technological innovation on industrial differentiation obtained above is robust.

The above regression analysis reveals that population aging has a significant promoting effect on industrial differentiation. However, since the evolution and differentiation of industries in history has roughly experienced a process from the primary industry to the secondary industry, and then to the tertiary industry, in order to further understand whether population aging will bring different impacts on the three industries, this paper calculates the differentiation degrees of the primary industry, the secondary industry, and the tertiary industry respectively, and replaces the overall industrial differentiation degree above for regression analysis.

In the regression results in Table 6, it can be seen from Model 12 that the impact of population aging on the differentiation degree of the primary industry is negative and significant at the level of 1%. This may be due to the shortage of agricultural labor supply caused by the aging population, or the fact that most of the older adult population in rural areas still carry out agricultural production according to the working habits and skills of young people, which limits the innovation and development of agricultural production (60), thus inhibiting the differentiation of the primary industry.



TABLE 6 Regression results of population aging and the three industrial differentiation.
[image: Table6]

Model 13 in Table 6 shows that the impact of population aging on the differentiation degree of the secondary industry is not significant at the level of 10%. Possible reasons are as follows. First, changes in the labor supply side (61). With the deepening of population aging, the young labor force is gradually decreasing, which brings the shortage of labor force to the secondary industry and leads to the rise of wage cost, which increases the operating cost of enterprises and is not conducive to the development of enterprises. However, the old labor force also has rich experience and skills, which can bring competitive advantages to technology-intensive enterprises. Second, changes in the market demand side (62). With the increase of the older adult population, their demand for traditional manufacturing products, such as automobiles, textiles and housing, may decrease, thus causing a certain negative impact on the traditional manufacturing industry, but their demand for daily necessities and specific products still exists. Moreover, considering the significant differences among various sectors within the secondary industry, the varying degrees of technological substitutability are an important consideration. For those industries with higher technological content that can be easily upgraded and transformed through automation or intelligent means, they are better able to adapt to the challenges brought by changes in the labor force structure. In contrast, traditional manufacturing processes that rely on manual operations and are difficult to quickly transform are more vulnerable to impacts. These factors work together to make the differentiation degree of population aging on the secondary industry insignificant.

Through Model 14 in Table 6, it can be seen that the impact of population aging on the differentiation degree of the tertiary industry is positive and significant at the level of 5%. There are four possible reasons. First, with the aggravation of population aging, the older adult’s demand for healthy older adult care services is also gradually increasing, which provides more development opportunities for medical care, rehabilitation services and community older adult care services (27). Second, as the older adult population increases, the demand for tourism and leisure services also increases, which provides more market space for services such as tourism, hotels, and culture and entertainment. Third, some older adult people continue to study and participate in various training to meet their own interests and needs while providing for their retirement, which provides more development possibilities for the education and training service industry. Fourth, the older adult population has an increased demand for emerging products such as medical devices, health care products and smart home (63), which will guide the government and enterprises to increase investment in the service industry and scientific and technological innovation, thus promoting the differentiation of the tertiary industry.



Conclusion and suggestions

Based on the panel data of 31 provinces in China from 2006 to 2022, this paper constructs the entropy number to calculate the industrial differentiation degree, uses the fixed effect model and the moderating effect model to conduct an empirical analysis on the relationship between population aging, technological innovation and industrial differentiation, and conducts endogeneity treatment and robustness test, and obtains two main conclusions.

First, in the benchmark regression analysis, control variables such as economic development level, fixed asset investment, financial development level and population size are added to conduct two-way fixed effect model analysis, and it is found that population aging plays an important role in the whole process of industrial differentiation, with a regression coefficient of 1.1025 and a p-value less than 0.01, indicating that the deepening of population aging is conducive to industrial differentiation. Further research finds that technological innovation plays a positive moderating role in the impact of population aging on industrial differentiation, with a moderating coefficient of 0.3489 and a p-value less than 0.01, indicating that technological innovation will promote the positive impact of population aging on industrial differentiation.

Secondly, although population aging plays a significant role in promoting the overall industrial differentiation, it has different effects on the differentiation among the three industries, with regression coefficients of −0.6437 (p-value <0.01), 0.9252 (p-value >0.1), and 0.1539 (p-value <0.05), respectively. This indicates that population aging plays a significantly negative role in the differentiation of the primary industry, not a significant role in the differentiation of the secondary industry, but a significantly positive role in the tertiary industry.

China’s aging degree deepening has been a consensus from all walks of life. With the increase of the older adult population, it will stimulate new consumer demand and change the existing labor supply, which will bring about industrial differentiation and then form new industries. Therefore, all sectors of society, including the government and enterprises, should take a positive attitude to deal with population aging, objectively face the irreversible development trend of population aging, and seize the new development opportunities brought by aging. At the enterprise end, it is necessary to seize the consumer demand of the older adult group, invest in the development of many older adult industries such as education for the older adult, medical care for the older adult, nursing services for the older adult and tourism for the older adult, and accelerate the development of the older adult industry. Specifically, companies can increase investment in technological research and development, particularly in technologies that can improve the quality of life for the older adult; establish cooperation with other businesses, research institutions, and government departments to jointly develop new markets and products; and carry out intelligent transformation of traditional industries to improve production efficiency, reduce costs, and enhance competitiveness. For instance, in the primary industry, such as agriculture, enterprises can introduce smart agricultural technologies to increase production efficiency and crop quality, and reduce dependence on labor. On the government side, it is necessary to give certain preferential support policies to the emerging older adult industries, promote the healthy and orderly development of the older adult industries, and pay attention to planning the development of new industries suitable for the older adult group. Specifically, the government can implement the following measures: provide tax relief and financial subsidies, especially for businesses dedicated to developing products and services for the older adult; strengthen cooperation with educational institutions to cultivate and introduce talent specifically for the older adult industry; and optimize market entry processes while enhancing regulation to ensure the quality of products and services. For example, in the tertiary sector, particularly in the service industry, the government can support the development of technologies such as telemedicine, online education, and smart home devices to meet the special needs of the older adult population, while also creating new employment opportunities.

Technological innovation can directly or indirectly promote industrial differentiation, and at the same time, it also plays a moderating role in the impact of population aging on industrial differentiation. At the level of high-tech innovation, population aging has a significant promoting effect on industrial differentiation. Therefore, technological innovation is of great significance to industrial differentiation. In this regard, the government can encourage enterprises to invest in technology research and development through tax cuts and subsidies, and at the same time create a good education environment and pay attention to the cultivation of talents to enhance the independent innovation ability of enterprises. Through talent introduction and other ways, enterprises can absorb high-quality talents to carry out intelligent transformation of traditional industries of enterprises, adapt to the development of the new era, and improve the competitiveness of enterprises.

This study, while delving into the impact of population aging on industrial differentiation and innovatively introducing artificial intelligence as a moderating variable, discusses the distinct effects of population aging on the three industries, thereby providing a new research perspective and methodology. However, the paper still has deficiencies in the following two aspects. First, regarding the time span of the data, the empirical data selected for this paper ranges from 2006 to 2022, which is relatively short. This is primarily because this time period is a key era where data on technological innovation indicators are relatively accessible; to ensure the completeness of the research data, this time range was chosen. Second, in terms of sample selection, due to the need for output value data of detailed industries in the calculation of industrial differentiation, it is challenging to obtain output value data at the prefecture-level city level, and data on technological innovation at the individual and enterprise micro-levels are also difficult to acquire. Consequently, this paper only uses provincial-level macro data for overall analysis, which makes it difficult to discern the micro-mechanisms between population aging, technological innovation, and industrial differentiation.

Based on the aforementioned limitations, this paper proposes corresponding prospects for future research to address these shortcomings. First, subsequent studies could consider expanding the time span, particularly by extending into the coming years to capture the development trends of technological innovation over a broader range. This would not only provide more comprehensive data support but also enable a more accurate assessment of the dynamic relationships between population aging, technological innovation, and industrial development. Second, future research could delve into the data and conditions at the prefecture-level city to explore the relationship between population aging, artificial intelligence, and industrial differentiation across different regions. A more granular regional analysis would be more targeted and in-depth, presenting a more comprehensive picture of the variations in population aging, levels of technological innovation, and industrial differentiation in different areas, leading to conclusions that are more pertinent and persuasive.
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Table presents the distribution of various variables, with a total of 527 observations.
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Table 2 conducts the Hausman test to determine the panel regression model,
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Model 1 presents the regression results using fixed effects while Model 2 represents the 25LS model. The figures in brackets i the table are the corresponding standard errors, and *, * *and *
** indicate the significance level of 10, 5 and 1%, respectively. The following table is the same.
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